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Abstract

Background Managing and investigating all available genetic resources are challenging. As an alternative, breeders
and researchers use core collection—a representative subset of the entire collection. A good core is characterized
by high genetic diversity and low repetitiveness. Among the several available software, GenoCore uses a coverage
criterion that does not require computationally expensive distance-based metrics.

Results ShinyCore is a new method to select a core collection through two phases. The first phase uses the coverage
criterion to quickly attain a fixed coverage, and the second phase uses a newly devised score (referred to as the rarity
score) to further enhance diversity. It can attain a fixed coverage faster than a currently available algorithm devised for
the coverage criterion, so it will benefit users who have big data. ShinyCore attains the minimum coverage specified
by a user faster than GenoCore, and it then seeks to add entries with the rarest allele for each marker. Therefore,
measures of genetic diversity and distance can be improved.

Conclusion Although GenoCore is a fast algorithm, its implementation is difficult for those unfamiliar with R,
ShinyCore can be easily implemented in Shiny with RStudio and an interactive web applet is available for those who
are not familiar with programming languages.

Keywords Germplasm, Core collection, R/Shiny, Evaluation metrics, Single nucleotide polymorphism

Background

Germplasms are genetic materials accumulated through
evolution and extinction on the Earth. Genetic diversity
is essential to breed new cultivars that are agriculturally
useful for humans [1, 2]. Genetic resources have been
recognized as national properties rather than the shared
heritage of humans since the Convention on Biological
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A core collection is defined as a subset of accessions (a
sample added to the core collection) that represents the
genetic diversity of the entire collection by minimizing
repetition and maximizing genetic variation [4-7]. A
core collection should have a few redundant entries (an
entry is an accession that is selected from the core collec-
tion, and an accession is a component of the entire col-
lection), and it should be small enough for convenient use
and diverse enough for representing the entire collection
[4]. From this broad definition, several operational defi-
nitions and criteria have been derived based on different
views and specific objectives of the core collection [6, 8,
9]. According to Galwey [10], the purpose of selecting a
core collection is to (1) maximize the representativeness
of variation trends in the entire collection and (2) maxi-
mize the representativeness of the full range of genetic
variation in the entire collection. Meanwhile, according
to Marita et al. [11], the purpose of selecting a core col-
lection is to (1) maximize the total genetic diversity of the
core collection and (2) maximize the representativeness
of the genetic diversity of the entire collection.

The quality of a core collection (or simply a core)
depends on perspectives and purposes. For instance,
Odong et al. [6] classified a core collection into three
types, namely CC-D, CC-X, and CC-I. The CC-D type,
a concept proposed by Galwey [10] for the first time,
selects a core with a similar distribution to the entire
collection; therefore, it is likely to include a large num-
ber of accessions with common alleles while excluding
the rare ones. The CC-D type is preferred by research-
ers or breeders aiming to select reference sets for various
breeding purposes. The CC-X type, a concept put forth
by Marita et al. [11], includes accessions in a core with
extreme values in both directions of the distribution of
the entire collection. Unlike a CC-D core, a CC-X core
is likely to select entries with rare alleles; however, it has
the disadvantage of adding redundant accessions. Fur-
thermore, accessions located in the middle of the distri-
bution of the entire collection are unlikely to be selected.
The CC-X type can be useful for screening resistant or
susceptible accessions in a disease-resistance breed-
ing program. Finally, the CC-I type, the second concept
proposed by Galwey [10] and Marita et al. [11], includes
accessions that represent themselves and similar acces-
sions in the entire collection. Both rare and common
alleles are included in a CC-I core, with minimum repeti-
tion of similar accessions. To this end, CC-I may be the
best approach to construct a core collection for breeders
and researchers.

Because the three types of core collections have differ-
ent perspectives and purposes, each should be evaluated
according to different criteria. Odong et al. [6] suggested
various distance-based criteria for each of the three
types and discussed their properties. First, a CC-X core
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can be evaluated based on two criteria: the average dis-
tance between each entry and the nearest neighboring
entry (E-NE) and the average genetic distances between
the entries (E-E). A core selected based on E-NE maxi-
mizes the average distance between each entry and the
nearest contiguous entry to avoid the selection of simi-
lar accessions. Meanwhile, the E-E criterion maximizes
the average genetic distance between the entries of the
core collection, although it may induce high redundancy
within the distribution. Thus, the E-NE criterion is more
widely used than the E-E criterion for CC-X cores. Next,
the evaluation criteria for CC-D were devised to compare
the probability distributions of the entire and core collec-
tions. In addition to descriptive statistics for the center,
spread, and shape, the quantile—quantile plot [12] and
Kullback-Leibler distance [13] have been widely used.
For categorical data, the chi-square goodness-of-fit can
be used as an alternative to measure the discrepancy
between the distribution of the core and entire collec-
tions. Finally, the average distance between each acces-
sion and the nearest entry (A-NE) is used to evaluate the
CC-I core. The A-NE criterion selects an optimal core
collection by minimizing the average distance between
each accession and its nearest entry. The entries tend to
be located at the center of clusters rather than at their
outer region.

For categorical data, Shannon’s diversity index (SH)
[14] and coverage (CV) [15] are commonly used crite-
ria for CC-I [6]. CV measures the proportion of marker
alleles in the entire collection that are retained in the
core collection [16]. SH measures whether the distribu-
tion of marker alleles is well balanced (i.e., equal pro-
portions). Both CV and SH have been devised for CC-I
[6], although their aims are different. SH is maximized
in the core collection when all possible alleles have the
same proportion, although this is not a necessary con-
dition to maximize CV. In the presence of thousands of
markers in the core selection, CV serves as an efficient
criterion to attain genomic diversity with a few entries;
however, researchers and breeders sometimes desire
multiple entries of the rarest alleles. Thus, SH is a more
suitable criterion. Through examples in the present arti-
cle, we showed that both CV and SH increase rapidly at
the beginning of core selection, but SH stops increasing
(or even decreases) mid-way. Furthermore, an increase
in the last 1% of CV requires a substantially large num-
ber of entries. In this context, considering a two-phase
core selection may be reasonable. In the first phase, we
focused on CV until the minimum (specified by the user)
was attained. In the second phase, we focused on entries
with rare alleles. The proposed two-phase core selec-
tion is available in R/Shiny, an interactive web applet,
for those who are not familiar with the R programming
language and is referred to as ShinyCore. In the present
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study, we compared ShinyCore and GenoCore using two
wheat datasets generated with a single nucleotide poly-
morphism (SNP) array.

Materials and methods

GenoCore

For a given core, we defined CV=m"" Y, /e, where m
is the number of markers, c; is the number of genotype
classes (allele types) for the i™ marker in the core col-
lection, and ¢; is the number of genotype classes for the
i™ marker in the entire collection [5]. This is the average
proportion of genotype classes covered by the core across
all markers, and this criterion has been devised for the
CC-I type [6].

Some samples (accessions from the entire collection)
may have missing genotypes. GenoCore determines the
first entry with the minimum number of missing geno-
types. Once the first entry is determined, GenoCore
sequentially maximizes CV until a fixed value is attained
(specified by the user). Unlike distance-based measures
and SH, CV does not decrease core size (the number
of accessions in the core). In other words, an additional
entry into the core collection does not lower CV. Com-
pared with other core collection algorithms, which
require random processes, GenoCore sequentially maxi-
mizes CV, allowing faster computation while selecting
the same core (no variations from run to run).

GenoCore attempts to reduce the computation time
by calculating the coverage score (which is different
from CV) for each accession. The average genotype fre-
quency across all non-missing genotype markers is cal-
culated, and the sample with the highest coverage score,
which increases CV at each iteration, is selected [5]. This
method rapidly increases CV, because a sample with a
high coverage score tends to have more common alleles.
When two or more samples have the same coverage
score, another statistical measure, the diversity score, can
be used [5], and the one with the lowest diversity score is
removed.

ShinyCore.

The proposed method, ShinyCore, uses a brute-force
method instead coverage and diversity scores to maxi-
mize CV. ShinyCore comprises two phases. The first
phase, called the covering phase, focuses on maximizing
CV. The second phase, called the thickening phase, seeks
to include accessions with rare alleles in the final core
collection.

ShinyCore does not use coverage score for the follow-
ing reasons. We argue that two or more accessions with
the same coverage score do not imply the same genotype
class for all markers. In a high-dimensional dataset (with
thousands of markers), the impact of selecting a sam-
ple based on coverage and diversity scores is unknown.
Therefore, we considered a brute-force approach that
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maximizes CV at each iteration without eliminating
any samples according to coverage and diversity scores.
CV calculation in the proposed brute-force approach
is expected to be accurate, although this can result in
slightly different cores between ShinyCore and GenoCore
at the same fixed CV.

During the covering phase of ShinyCore, computation
is accelerated after each iteration using the following two
operations. First, an NA value is assigned to the marker
of an accession if the genotype class of this marker is
already covered by the current core. Second, markers are
removed such that all genotype classes are fully covered
by the current core. The first operation is useful because
calculating the number of non-NA genotype classes for
each accession is computationally simpler than calculat-
ing CV with all possible entries. The second operation
reduces the dimension of the working dataset after each
iteration, which further shortens computation time, par-
ticularly after several iterations.

Researchers and breeders prefer to include more
accessions containing the rarest alleles of a marker. For
instance, suppose that the entire collection of 100 sam-
ples has genotype classes A, B, and C of a marker with
frequencies of 5, 45, and 50, respectively. If the core of
size 10 includes 1, 1, and 8 of the three genotype classes,
this marker is fully covered; however, breeders and
researchers may prefer to include more As. Here, SH is
the criterion for this purpose (i.e., a uniform distribution
of genotype classes). Unlike CV, SH decreases with core
size. Thus, the simultaneous maximization of CV and SH
can be challenging and computationally expensive.

To address this challenge, we quantified each acces-
sion as follows. Suppose that an accession is randomly
selected from the entire collection. Then, the probability
of selecting the /™ allele of the i marker can be defined
as 17;=p;; /(1-p;), where p;; is the proportion (relative fre-
quency) of the /™ allele of the i marker in the entire col-
lection. Next, we quantified the plausibility of selecting a
rare allele as (1717)_1 =(1- pl-j)/pij, and defined the total rar-
ity score of an accession as RS =Y, (17,7*)_1, where 7. indi-
cates the probability of selecting the j*! allele observed in
the i marker for that accession. During the thickening
phase, entries with a high RS value are added to increase
the likelihood of including rare alleles across all markers.

Core size (the number of accessions in a core) tends to
increase exponentially to attain an additional percent-
age of CV. In other words, substantially more accessions
in the core are required to increase CV from 98 to 99%
than from 97 to 98%. For some researchers and breeders,
given that CV is sufficiently high, including rare alleles in
the core collection may be more valuable than increas-
ing the last 1% of CV. Following the covering phase (i.e.,
after attaining the minimum CV specified by the user),
the thickening phase is performed as follows. Let 1,
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Table 1 Datasets used in the present study

Name SNP chip Number of Num- Reference
markers ber of
samples

Wheat  Affymetrix 14,099 556 Wilkinson et al.
1 Axiom 35 K SNP (2012)

array Jeong etal. (2017)
Wheat 15K &90K 12,896 890 Wang et al. (2014)
2 Infinium array Soleimani et al.

(2020)

denote the core size required to attain a CV of p%. A Shi-
nyCore user may specify the minimum and maximum
percent CV as desired. For instance, if a user specifies the
minimum CV of 98% and the maximum CV of 99%, Shi-
nyCore works as follows: (1) Covering phase: Find a core
of size ngy, that attains 99% CV and remembers the core
size ngg when it attains 98% CV. (2) Thickening phase:
Start from the core of size ny, which attained 98% CV,
and then add nge—#n4g entries of the highest values of RS
from the entire collection that were not selected in the
core. The final core size is 714, and the CV is between 98%
and 99%.

The interface web application is available at https://ste-
venkimcsumb.shinyapps.io/ShinyCore. This applet does
not require users to understand the R programming lan-
guage and the R script is available at zenodo repository
(https://doi.org/10.5281/zenodo.8137684).

Results

The performance of GenoCore was evaluated based on
the CV, SH, and modified Roger’s distance (MR) crite-
ria. The performance of GenoCore has been shown to be
superior or comparable to that of the other core selection
programs [5]. In this section, ShinyCore is compared to
GenoCore using two datasets. The first dataset (hereaf-
ter, wheat 1) was derived from the wheat 35 K SNP array
dataset developed by Wilkinson et al. [17] (Table 1). The
second dataset (hereafter, wheat 2) is part of the wheat
15 and 90 K Infinium array used to analyze quantitative

Wheat 1

ShinyCore (99% CV ShinvCore (98% CV4T)

1 21

11 1

GenoCore (99% CV)
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trait loci and perform marker-assisted breeding (MAS)
for disease resistance [18] (Table 1).

The core of size 1y, at the end of the covering phase
(before the thickening phase) is referred to as ShinyCore
99% CV. A core of the same size after the thickening pro-
cess is referred to as ShinyCore 98% CV +T. The core that
attained 99% CV using GenoCore is referred to as Geno-
Core 99% CV; the code is available at https://github.com/
lovemun/Genocore [5].

For the wheat 1 dataset, the core sizes of ShinyCore
99% CV, ShinyCore 98% CV+T, and GenoCore 99% CV
were 89, 89, and 73, respectively. The core selected by
GenoCore 99% CV attained a CV of 99.0% according to
the calculation by GenoCore but attained a CV of 98.6%
according to calculation by ShinyCore. For the wheat 2
dataset, the respective core sizes were 32, 32, and 28, and
GenoCore 99% CV attained a CV of 98.7% according to
calculation by ShinyCore.

Venn diagrams of the three core collections are pre-
sented in Fig. 1. The three cores shared a large number of
entries. Despite the different approaches for reducing the
computation time between GenoCore and ShinyCore, 72
of the 73 entries in GenoCore 99% CV overlapped with
those in ShinyCore 99% CV for the wheat 1 dataset. Shi-
nyCore attained a CV of 98% with nyg=55 entries, and
none of the additional entries of ShinyCore 98% CV+T
overlapped with those of ShinyCore 99% CV. Therefore,
the covering and thickening phases were markedly differ-
ent. A similar trend was observed for the wheat 2 dataset.

Table 2 summarizes the cores of GenoCore 99% CV,
ShinyCore 99% CV, and 98% CV+T for the wheat 1 and
2 datasets. We observed similar trends for both datas-
ets as follows. ShinyCore formed a larger core size than
GenoCore at the same fixed CV. The core selected by
GenoCore 99% CV showed a slightly lower CV than
0.99 according to calculation by ShinyCore. ShinyCore
attained a CV of 99% faster than GenoCore. For the
thickening phase, ShinyCore 98% CV+T required an
additional computation time of 0.19 and 0.16 min for
the wheat 1 and 2 datasets, respectively. Finally, the

Wheat 2

ShinyCore (99% CV ShinvCore (98% CV+T)

GenoCore (99% CV)

Fig. 1 Venn diagrams of accessions selected by ShinyCore (99% CV and 98% CV+T) and GenoCore (99% CV). The diagrams indicate wheat 1 (left) and 2

(right) datasets, respectively
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Table 2 Comparison of evaluation metrics between ShinyCore and GenoCore

Dataset Software Core size cve SHP MR Time (min)©

Wheat 1 GenoCore (99% CV) 73 0.986 0.632 0.604 345
ShinyCore (99% CV) 89 0.990 0.626 0.601 0.59
ShinyCore (98% CV+T) 89 0.987 0.644 0.608 0.78

Wheat 2 GenoCore (99% CV) 28 0.987 0.768 0.711 1.66
ShinyCore (99% CV) 32 0.990 0.770 0.711 0.53
ShinyCore (98% CV+T) 32 0.987 0.777 0.714 0.69

2CV was calculated using ShinyCore and was slightly lower than the value reported by GenoCore.

bSH was calculated using the logarithm of base ¢, where ¢ is the number of genotype classes of each marker, and this base gives SH values between 0 and 1, with 1

implying equal proportions

“‘Computation time was calculated using the same computer (16.0 GB; 10th generation of Core i5)
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Fig. 2 Coverage (CV), Shannon'’s diversity index (SH), and modified Roger’s distance (MR) with respect to core size of wheat 1 (left) and 2 (right) datasets.

This figure is drawn based on the core selected by ShinyCore 99% CV

thickening phase of ShinyCore 98% CV+T enhanced
genetic diversity (as measured by SH) and genetic dis-
tance (as measured by MR) at the cost of a slight decrease
in CV.

Regarding the shortened computation time, using the
same computer (16.0 GB; 10th generation of Core i5),
ShinyCore 99% CV was approximately 5.8 and 3.1 times
faster than GenoCore 99% CV for the wheat 1 and 2 data-
sets, respectively. We anticipate a substantially reduced
computation time when a larger dataset is analyzed.

Figure 2 shows CV, SH, and MR with respect to core
size using ShinyCore 99% CV. SH was calculated using
the logarithm of base ¢, where ¢ is the number of geno-
type classes for each marker. This helped visualize CV,
SH, and MR simultaneously on a single graph, as the val-
ues of all three measures range between 0 and 1, with 1
indicating the most plausible value for each criterion. CV
uniformly increased with respect to core size, but the SH
and MR did not. SH increased up to a certain core size
and then plateaued or decreased. MR did not change sig-
nificantly with respect to core size. Therefore, even if we
increase the core size using GenoCore, the values of SH
and MR are unlikely to be greater than those obtained

using ShinyCore. When ShinyCore 98% CV +T was com-
pared to GenoCore 99% CV, the calculated CV was the
same for both wheat datasets, but ShinyCore 98% CV+T
selected a larger core that was genetically more diverse
and distant than GenoCore 99% CV (Table 2). Since Shi-
nyCore seeks to include accessions with rare alleles in
the thickening phase, it may include more diverse entries
than GenoCore, which is advantageous in genome-wide
association studies.

Figure 3 presents the results of principal compo-
nent analysis (PCA) applied to compare the three cores
selected by GenoCore 99% CV, ShinyCore 99% CV, and
98% CV +T. In the two-dimensional space of PC1 (x-axis)
and PC2 (y-axis), the entries are well spread and the loca-
tions of the three cores are similar. For the wheat 1 data-
set (the top three panels of Fig. 3), ShinyCore 98% CV+T
included more extreme entries in the bottom-right clus-
ters (high values of PC1 and low values of PC2), which
were excluded from the other two cores. From a distance-
based perspective, these extreme entries may be consid-
ered redundant. In contrast, ShinyCore 99% CV included
an extreme entry with the maximum value of PC2 (the
top middle panel of Fig. 3), which was excluded from
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Wheat 1: GenoCore (99% CV)

Wheat 1: ShinyCore {99% CV)
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Wheat 1: ShinyCore (98% CV+T)
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Fig. 3 Principal component analysis (PCA) biplots showing entries included in the core subset (red square) and accessions of the entire collection (white
circle). The top and bottom three panels represent the wheat 1 and 2 datasets, respectively

the other two cores. For the wheat 2 dataset (the bottom
three panels of Fig. 3), GenoCore 99% CV included an
entry with the maximum value of PC2 (the top left panel
of Fig. 3), which was excluded from the two cores selected
by ShinyCore. Overall, GenoCore 99% CV selected the
most diverse core among based on the results of two-
dimensional PCA, although its SH and MR values were
lower than those of ShinyCore 98% CV+T (Table 2). The
PCA plot provides an overall graphical assessment and
comparison; however, it is limited in its ability to evaluate
genomic diversity and distance, because a large amount
of information is lost when thousands of markers are
summarized into a two-dimensional space.

As an alternative, we visually evaluated the effects of
the thickening phase of ShinyCore, as shown in Figs. 4
and 5. We calculated the SH value of each marker for the
entire collection and each core. In Fig. 4, the x-axis repre-
sents the SH value of each marker in the entire collection,
and the y-axis represents the SH value of each marker in
the core. The black solid curve represents the SH value
of ShinyCore 98% CV +T with respect to the SH value of
the entire collection, and it is mostly above the red and
blue dotted curves (GenoCore 99% CV and ShinyCore

99% CV, respectively) for both datasets. For the wheat 1
dataset, ShinyCore 98% CV+T, ShinyCore 99% CV, and
GenoCore 99% CV showed the maximum SH values of
45.9%, 18.9%, and 35.2% for 14,099 markers, respectively.
For the wheat 2 dataset, the respective SH values were
42.4%, 30.4%, and 27.2% for 12,896 markers. Therefore,
the thickening phase is indeed helpful, particularly in bal-
ancing the distribution of severely unbalanced alleles.

Each marker showed the rarest allele, and the pro-
portion of the rarest alleles could be calculated for each
marker in the entire and core collections. In Fig. 5, the x-
and y-axes represent the proportion of the rarest alleles
of each marker in the entire and core collection, respec-
tively. From the perspective of CC-I type, which is the
primary objective of GenoCore and ShinyCore, a high
proportion of the rarest allele in the core is plausible, par-
ticularly when their proportion is low in the entire col-
lection. Here, all three cores demonstrated a plausible
property, and ShinyCore 98% CV+T appeared to be the
most suitable in this regard.
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Fig. 5 Comparison of the proportion of the rarest allele of each marker in wheat 1 (left) and 2 (right) datasets (x- and y-axes presents the proportions

observed in the entire and core collection, respectively)

Table 3 The core metrics (CV, SH, and MR) and the logarithmic rarity score, log(RS), with respect to the minimum coverage (%) at the

maximum coverage of 99% specified by user

Specified Parameters Core Metrics (CV+T)
Dataset Maximum CV (%)  Minimum CV (%)  CV (%) SH MR log(RS)
Wheat 1 99 98 98.7 0644 0608 6.710
99 97 98.6 0643 0607 6712
99 95 98.6 0641 0606 6714
99 90 98.5 0643 0607 6.715
Wheat 2 99 98 98.7 0777 0714 6795
99 97 98.6 0777 0714 6816
99 95 984 0777 0714 6834
99 90 97.9 0778 0714 6851
Discussion fixed value of the maximum CV), the resulting core will

Indeed, the thickening phase helps increase SH and MR,
with a slight loss of CV. The required core size increases
exponentially with CV, which allows the users to spec-
ify the minimum and maximum value. The two control
parameters can be used to temper the inclusion of rarer
alleles. If the minimum CV is set at a lower value (at a

include more rare alleles (according to the rarity score) at
the cost of a slight loss of CV value (Table 3). ShinyCore
has been designed such that (1) its final core size is the
same as the core size at the maximum CV, (2) its final
CV is guaranteed to be between the minimum and maxi-
mum, and (3) it seeks more genetic diversity and distance
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after attaining the minimum CV. ShinyCore achieves the
same goal as GenoCore within a shorter time. In addi-
tion, ShinyCore forms two cores—one after the covering
phase (before the thickening phase) and the other after
the thickening phase; therefore, users can select any of
the two. As a future direction, we may consider more
parameters to temper the inclusion of more rare alleles
(e.g., different kinds of rarity score) and make the various
options available as an R package. For users who are not
familiar with programming, the menu-driven ShinyCore
applet is available which is simple and easy to use (see
supplemental data and materials).

The choice of a criterion in core selection depends on
the breeders’ and researchers’ perspectives and objec-
tives [6], and they tend to value multiple criteria instead
of a single one. In the present study, we focused on cover-
age (as measured using CV) as well as genetic diversity
and distance (as measured using SH and MR). However,
maximizing all three criteria simultaneously is challeng-
ing, and a trade-off is inevitable. Alternatively, a weighted
criterion can be considered after normalizing multiple
criteria [19, 20]. In future studies, the advantages and
disadvantages of weighted criteria (simultaneous optimi-
zation) versus a sequential approach (multi-phase opti-
mizations or one criterion per phase) should be explored.
Finally, many core selection programs are available, each
devised with specific objectives, criteria, and computa-
tional methods and each with certain advantages and dis-
advantages. Therefore, a fair comparison among multiple
core selection programs is often difficult. In the present
study, we compared ShinyCore and GenoCore, as their
objectives and criteria were very close. Users should
make practical decisions.

Conclusion

The size of the entire collection has been increasing in
genetic diversity analyses; therefore, computation time
has become a critical component of a core selection pro-
gram. In the present study, we focused on the CC-I type
of core selection, whose quality can be evaluated based
on both coverage and diversity. We accelerated the cov-
ering phase and developed and implemented the rarity
score of individual accessions to accelerate the thickening
phase. Similar to GenoCore, ShinyCore uses sequential
optimization, which not only renders the algorithm fast
but also attains a consistent core across runs.

Acknowledgements
Hana Moyle thanks the Undergraduate Research Opportunity Center at the
California State University, Monterey Bay, for their support.

Author contributions

SK: methodology, software and writing. DSK: writing and editing. HM:
software. SH: conceptualization and writing. All authors contributed to the
article and approved the submitted version.

Page 8 of 9

Funding

This work was supported by a research grant (RS-2023-00259086) from
RDA, Korea. Hana Moyle (undergraduate student researcher, Undergraduate
Research Opportunity Center, California State University, Monterey Bay)
received support from the US Department of Education Hispanic-Serving
Institution (grant #P031C160221).

Data Availability

ShinyCore is available in two versions. The simple version is available at https://
stevenkimcsumb.shinyapps.io/ShinyCore1, and the other version is available
at https://stevenkimcsumb.shinyapps.io/ShinyCore2. Comparing to the

simple version, the other version has additional graphics, and it takes longer
computation time than the simple version. In case when the dataset is too
large to be analyzed in the server, users can download either version which
are available at GitHub (https://github.com/heoseong/ShinyCore) and Zenodo
repository (https://doi.org/10.5281/zenod0.8137684).

Declarations

Competing interests
The authors declare no competing interests.

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Received: 19 July 2023 / Accepted: 28 September 2023
Published online: 11 October 2023

References

1. Soleimani B, Lehnert H, Keilwagen J, Plieske J, Ordon F, Naseri Rad S, Ganal M,
Beier S, Perovic D. Comparison between core set selection methods using
different illumina marker platforms: a case study of assessment of diversity in
wheat. Front Plant Sci. 2020;11:1040. https://doi.org/10.3389/fpls.2020.01040.

2. Wang X, Bao K, Reddy UK, Bai Y, Hammar SA, Jiao C, Wehner TC, Ramirez-
Madera AO, Weng Y, Grumet R, Fei Z. The USDA cucumber (Cucumis sativus L.)
collection: genetic diversity, population structure, genome-wide association
studies, and core collection development. Hortic Res. 2018;1(5):64. https.//
doi.org/10.1038 541438-018-0080-8.

3. Frankel O. Genetic perspectives of germplasm conservation. Genetic
manipulation: impact on Man and Society. Cambridge: Cambridge University
Press; 1984.161-70.

4. Brown AHD. Core collection: a practical approach to genetic resources man-
agement. Genome. 1989;31(2):818-24. https://doi.org/10.1139/989-144.

5. Jeong S, Kim JY, Jeong SC, Kang ST, Moon JK, Kim N. GenoCore: a simple and
fast algorithm for core subset selection from large genotype datasets. PLoS
ONE. 2017;12(7):¢0181420. https://doi.org/10.1371/journal.pone.0181420.

6. OdongTL, Jansen J, van Eeuwijk FA, van Hintum TJL. Quality of core collec-
tions for effective utilisation of genetic resources review, discussion and inter-
pretation. Theor Appl Genet. 2013;126(2):289-305. https://doi.org/10.1007/
$00122-012-1971-y.

7. Van Heerwaarden J, Odong TL, van Eeuwijk FA. Maximizing genetic dif-
ferentiation in core collection by PCA-based clustering of molecular marker
data. Theor Appl Genet. 2013;126(3):763-72. https://doi.org/10.1007/
s00122-012-2016-2.

8. Brown AHD. The core collection at the crossroads. New Haven: John Wiley &
Sons; 1995. pp. 3-19.

9. Van Hintum TJL, Brown AHD, Spillane C, Hodgkin T. Core collections of plant
genetic resources. In: 2000 IPGRI Technical Bulletin No. 3., IPGRI, Rome, Italy;
2000. pp. 48.

10.  Galwey NW. Verifying and validating the representativeness of a core collec-
tion. Core collections of plant genetic resources. New Haven: John Wiley and
Sons; 1995. 187-98.

11, Marita JM, Rodriguez JM, Nienhuis J. Development of an algorithm
identifying maximally diverse core collections. Genet Resour Crop Evol.
2000;47(5):515-26. https://doi.org/10.1023/A:1008784610962.


https://stevenkimcsumb.shinyapps.io/ShinyCore1
https://stevenkimcsumb.shinyapps.io/ShinyCore1
https://stevenkimcsumb.shinyapps.io/ShinyCore2
https://github.com/heoseong/ShinyCore
https://doi.org/10.5281/zenodo.8137684
https://doi.org/10.3389/fpls.2020.01040
https://doi.org/10.1139/g89-144
https://doi.org/10.1371/journal.pone.0181420
https://doi.org/10.1007/s00122-012-1971-y
https://doi.org/10.1007/s00122-012-1971-y
https://doi.org/10.1007/s00122-012-2016-2
https://doi.org/10.1007/s00122-012-2016-2
https://doi.org/10.1023/A:1008784610962

Kim et al. Plant Methods

(2023) 19:106

Gnanadesikan R, Wilk MB. Probability plotting methods for the analysis of
data. Biometrika. 1968;55(1):1-17. https://doi.org/10.2307/2334448.
Kullback S, Leibler RA. On information and sufficiency. Ann Math Statist.
1951;22(1):79-86. https://doi.org/10.1214/aoms/1177729694.

Shannon CE. A mathematical theory of communication. Bell Syst Tech J.
1948;27(3):379-423. https://doi.org/10.1002/}.1538-7305.1948.tb01338 x.
Thachuk C, Crossa J, Franco J, Dreisigacker S, Warburton M, Davenport

GF. Core Hunter: an algorithm for sampling genetic resources based on
multiple genetic measures. BMC Bioinform. 2009;10(1):243. https://doi.
0rg/10.1186/1471-2105-10-243.

Kim KW, Chung HK, Cho GT, Ma KH, Chandrabalan D, Gwag JG, Kim TS, Cho
EG, Park YJ. PowerCore: a program applying the advanced M strategy with a
heuristic search for establishing core sets. Bioinformatics. 2007;23(16):2155-
62. https://doi.org/10.1093/bioinformatics/btm313.

Wilkinson PA, Winfield MO, Barker GL, Allen AM, Burridge A, Coghill

JA, Edwards KJ. CerealsDB 2.0: an integrated resource for plant

breeders and scientists. BMC Bioinform. 2012;3(13):219. https://doi.
0rg/10.1186/1471-2105-13-219.

Wang S, Wong D, Forrest K, Allen A, Chao S, Huang BE, Maccaferri M, Salvi S,
Milner SG, Cattivelli L, Mastrangelo AM, Whan A, Stephen S, Barker G, Wieseke

20.

Page 9 of 9

R, Plieske J, International Wheat Genome Sequencing Consortium, Lillemo
M, Mather D, Appels R, Dolferus R, Brown-Guedira G, Korol A, Akhunova AR,
Feuillet C, Salse J, Morgante M, Pozniak C, Luo MC, Dvorak J, Morell M, Dub-
covsky J, Ganal M, Tuberosa R, Lawley C, Mikoulitch I, Cavanagh C, Edwards
KJ, Hayden M, Akhunov E. Characterization of polyploid wheat genomic
diversity using a high-density 90,000 single nucleotide polymorphism array.
Plant Biotechnol J. 2014;12(6):787-96. https://doi.org/10.1111/pbi.12183.
Marler RT, Arora JS. Function-transformation methods for multi-

objective optimization. Eng Optim. 2005;37(6):551-70. https://doi.
0rg/10.1080/03052150500114289.

De Beukelaer H, Davenport GF, Fack V. Core Hunter 3: flexible core subset
selection. BMC Bioinform. 2018;19(1):203. https://doi.org/10.1186/
$12859-018-2209-z.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.


https://doi.org/10.2307/2334448
https://doi.org/10.1214/aoms/1177729694
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1186/1471-2105-10-243
https://doi.org/10.1186/1471-2105-10-243
https://doi.org/10.1093/bioinformatics/btm313
https://doi.org/10.1186/1471-2105-13-219
https://doi.org/10.1186/1471-2105-13-219
https://doi.org/10.1111/pbi.12183
https://doi.org/10.1080/03052150500114289
https://doi.org/10.1080/03052150500114289
https://doi.org/10.1186/s12859-018-2209-z
https://doi.org/10.1186/s12859-018-2209-z

	﻿ShinyCore: An R/Shiny program for establishing core collection based on single nucleotide polymorphism data
	﻿Abstract
	﻿Background
	﻿Materials and methods
	﻿GenoCore

	﻿Results
	﻿Discussion
	﻿Conclusion
	﻿References


