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Abstract

Plant variety/genotype identification has many applications in establishing the identity
of plants, including the protection of intellectual property rights and the management of
ex situ conservation of genetic resources. The variety may be important for operational
reasons based on field performance or post-harvest processing. Blueberry (Vaccinium corym-
bosum L.), an economically important crop, is propagated by cuttings and commercially
important accessions require an accurate variety traceability regime for the maintenance of
purity, protection and policing ownership. Genome sequencing methods have improved
and are feasible for use, making examination of the whole genome for all possible infor-
mation on the genotype the ultimate way to distinguish plant varieties. We identified
5.3–5.5 million high-confidence homozygous SNPs with over 99% accuracy, enabling the
distinction of 41 blueberry varieties. We developed a novel data-noise identification and
filtering framework, which correctly determined the identity of ten unknown samples to be
the Masena variety with 100% accuracy. The approach of using a data-noise filtration step
minimized the impact of sequencing errors and coincident sequencing of only one allele
of any heterozygous base. This SNP-based protocol with the establishment of sequence
databases for all varieties of important plant species can potentially be adopted in providing
reliable variety identification in critical industrial or legal applications.

Keywords: intellectual-property-protection; variety-identification; policing; data-noise-filtering;
high-confidence-SNPs

1. Introduction
Plant variety identification is central to the protection/preservation of plant varieties

and the policing of the intellectual property rights of plant breeders [1]. Plant variety identifi-
cation may also be important in the marketing of agricultural and food products, the testing
of the purity of foods [2–17] and in managing ex situ plant conservation [18,19]. Biosecurity
and food safety issues may also require the determination of the varietal identity of plants.
The identity of clonally propagated material is key to commercialization, conservation and
preservation [20–22]. Blueberry is a high-value clonally propagated species and requires
an identification and traceability regime for accurate variety identification in germplasm
maintenance and in the establishment and policing of plant breeders’ intellectual property
rights [9,23,24].

Plant genotyping has been conducted using a range of molecular tools that mea-
sure specific genetic loci [25–30]. Plant species have been widely distinguished by the
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analysis of ribosomal genes [31–34]. Early genotype/variety-specific makers were based
upon arbitrary primer PCR methods, microsatellite or short sequence repeat (SSR) anal-
ysis [35–40]. All these methods had issues with reproducibility, technical complexity or
labor-intensive procedures, and shared a common limitation—they failed to capture all
possible polymorphic positions in the genome, leading to low resolution/discrimination of
samples [41].

More recently, single nucleotide polymorphism (SNP) markers, requiring sequence
information for their discovery, have been widely used. SNP represents a nucleotide change
at a specific position in the genome sequence [42,43]. Advances in DNA sequencing methods
have resulted in the widespread use of SNP analysis in plant identification [44,45]. Many
techniques for SNP discovery have been used and these can be divided into three broad classes,
Polymerase Chain Reaction (PCR)-based; microarray-based; and next generation sequencing
(NGS)-based, also referred to as genotyping by sequencing (GBS) [25,27,46–50]. These types
of genotyping methods are suitable for interrogating a small number of target SNPs over a
large number of samples.

NGS-based methods are better than PCR-based or microarray-based methods, as they
are high throughput, allowing for a more comprehensive interrogation of the genome
without the need for prior knowledge of the sequence, and providing much better res-
olution in identifying rare variants [51]. Early NGS-based methods involved the use of
restriction enzymes DNA libraries designed as a reduced representation method to reduce
genome complexity and capture a fracture of the genome to be sequenced. Restriction-site
DNA sequencing (RAD-seq) marker genotyping [52] was later adapted for multiplex-
ing [53]. Subsequently, a less complicated but highly multiplexed reduced representation
method, genotyping by sequencing (GBS), was proposed for SNP discovery and SNP-
based genotyping [25,54,55]. Missing data in GBS can be imputed using whole-genome
resequencing data [56]. All the above NGS SNP-based methods have been employed in
genotyping samples by interrogating a fraction of the SNPs present in a genome. A number
of software algorithms [55,57,58] have been developed to address missing data from low
coverage sequence data which can lead to wrong interpretations [59]. In the resolution of IP
disputes, methods require highly discriminating and reliable analysis of the whole genome
to definitely conclude if two samples are the same genotype. This would necessitate se-
quencing at a high depth to increase confidence in the SNPs generated and reduce missing
data [55,60,61].

The goal should be to capture/identify all the SNPs in the entire genome and in as many
genotypes as possible in a cost-effective and high-throughput manner. Identifying all the
SNPs in the genome, instead of a subset, provides the best chance of capturing the unique
identifying SNPs to distinguish the reference samples and identify any unknown varieties
compared to the reference samples. Improvements in DNA sequencing technology have
resulted in a convergence of DNA sequencing and genotyping approaches [17,49,55]. SNP
analysis of the entire plant genome sequence enables the distinction of genotypes that vary
by as little as a single nucleotide. In principle, a single homozygous SNP identified at high
coverage and unique in candidate-A compared to other candidates of the reference set can
be used for variety identification. It is better to have as many unique-candidate SNPs for a
sample as possible, especially should the need arise to increase the set of reference samples
when a new variety is introduced. Next generation sequencing allows for the detection
of point mutations in plants that may be associated with useful phenotypes. Continuing
advances in DNA sequencing have made the sequencing of the whole genome increasingly
more cost-effective [27,30,49,62].

Several points require consideration to obtain the required resolution and confidence
in applying NGS for variety identification using SNP markers. These include high-quality
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NGS data at sufficient depth, a good-quality assembled genome, preferably of the same
species, a read mapping software with options for the optimization of mapping, and a
variant calling software capable of using a probabilistic approach (error model estima-
tion and Bayesian model with a Maximum Likelihood approach, e.g., CLC Genomics).
The variant caller should also have relevant settings to reduce/eliminate erroneous calls.
However, at a polymorphic allelic position, the variant caller nonetheless makes the calls
based on the proportion of mapped sequence read. Low read depth can lead to incorrect
interpretation, where a true heterozygous SNP is erroneously called a homozygous SNP.
The probability of sequence reads with both alleles, at a heterozygous position, increases
with mapped read depth, with near 100% accurate homozygous calls at mapped coverage
of above 20 [55,60]. A mapped sequence depth of 20 is likely to be cost-effective for variety
identification, which involves tens of samples. Nonetheless, the variant caller makes the
SNP variant call based on the alleles present in the mapped reads. Hence, reduced read
depth can influence the accuracy of the call, or lead to no call being made, leading to miss-
ing data. When using SNP data for variety identification, careful filtering of polymorphic
SNP calls is essential to analyze for missing data and to reject the data arising from factors
such as reduced read depth.

Here, using short read sequence data from 41 Vaccinium corymbosum L. (blueberry) vari-
eties, we present a protocol for routine high-confidence SNP variant-based blueberry variety
identification which can be adopted for use in the distinction of plant varieties. This method
applies filtering steps to eliminate data-noise leading to accurate plant variety identification.

2. Materials and Methods
2.1. Leaf Sample Collection

A total of fifty-seven sample collections, S01 to S57, (Table 1) of leaf tissue, each
consisting of 20 to 25 leaves, were made from field-grown plants of 41 blueberry varieties
(S01 to S40 and S45) at Mountain Blue Orchards, Tabulam NSW 2469, Australia. The
41 blueberry varieties included are commercially important varieties, with S40 and S45
representing the varieties Masena and Eureka, respectively. Leaf samples, collections S01
to S39, S45 and S50, were used as reference samples for variety identification analysis.
Additionally, to determine variation in “variant analysis” and factors affecting it, leaf
sample collections S40 to S57, from the two varieties Masena and Eureka, were used
in replicate analysis comprising technical and biological replicates. Technical replicate
analysis was based upon one technical replicate library (Tec-rep) preparation from each of
five replicate leaf collections from the same plant (P1L1 to P1L5) and labeled “/P1/L1 to
P1/L5”, both for the Masena variety with library #s B40 to B44 and for the variety Eureka
with library #s B45 to B49. Biological replicate analysis was conducted for three biological
replicate library (Bio1, Bio2 and Bio3) preparations, where each of the library preparations
was prepared from replicate leaf collections, one each from five plants (P1L1 to P5L1), and
labeled as “/P1/L1/” to “/P5/L1/”, both for the Masena variety with the Bio1 library
consisting of B40, B50 to B53, Bio2 consisting of B58 to B62 and Bio3 consisting of B68 to
B72 and for Eureka with the Bio1 library consisting of B45, B54 to B57, Bio2 consisting of
B63 to B67 and Bio3 consisting of B73 to B77 (Table 1).

Additional details are provided in the Supplementary Materials.
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Table 1. Details of blueberry varieties/cultivars.

Variety/
Cultivar Genotype # Sample

Collection #
Sequencing File

ID #

Blueberry
Library Number

#
Plant and Leaf #

Sample Role/Replicate #
(Unknown/Reference: Variety

Identification)
(Replicate Technical, Replicate

Biological Library 1/Library
2/Library 3: Variability in SNP

Variant Analysis)

Overall Sample Code

G46 G46 S01 Blueberry-01 B01 P1/L1 Reference/Ref-rep #1 G46/S01/B01/P1/L1/Ref-rep
#1

G08 G08 S02 Blueberry-02 B02 P1/L1 Reference/Ref-rep #1 G08/S02/B02/P1/L1/Ref-rep
#1

G29 G29 S03 Blueberry-03 B03 P1/L1 Reference/Ref-rep #1 G29/S03/B03/P1/L1/Ref-rep
#1

G14 G14 S04 Blueberry-04 B04 P1/L1 Reference/Ref-rep #1 G14/S04/B04/P1/L1/Ref-rep
#1

G45 G45 S05 Blueberry-05 B05 P1/L1 Reference/Ref-rep #1 G45/S05/B05/P1/L1/Ref-rep
#1

G32 G32 S06 Blueberry-06 B06 P1/L1 Reference/Ref-rep #1 G32/S06/B06/P1/L1/Ref-rep
#1

G19 G19 S07 Blueberry-07 B07 P1/L1 Reference/Ref-rep #1 G19/S07/B07/P1/L1/Ref-rep
#1

G18 G18 S08 Blueberry-08 B08 P1/L1 Reference/Ref-rep #1 G18/S08/B08/P1/L1/Ref-rep
#1

G06 G06 S09 Blueberry-09 B09 P1/L1 Reference/Ref-rep #1 G06/S09/B09/P1/L1/Ref-rep
#1

G03 G03 S10 Blueberry-10 B10 P1/L1 Reference/Ref-rep #1 G03/S10/B10/P1/L1/Ref-rep
#1

G04 G04 S11 Blueberry-11 B11 P1/L1 Reference/Ref-rep #1 G04/S11/B11/P1/L1/Ref-rep
#1

G09 G09 S12 Blueberry-12 B12 P1/L1 Reference/Ref-rep #1 G09/S12/B12/P1/L1/Ref-rep
#1

G39 G39 S13 Blueberry-13 B13 P1/L1 Reference/Ref-rep #1 G39/S13/B13/P1/L1/Ref-rep
#1
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Table 1. Cont.

Variety/
Cultivar Genotype # Sample

Collection #
Sequencing File

ID #

Blueberry
Library Number

#
Plant and Leaf #

Sample Role/Replicate #
(Unknown/Reference: Variety

Identification)
(Replicate Technical, Replicate

Biological Library 1/Library
2/Library 3: Variability in SNP

Variant Analysis)

Overall Sample Code

G31 G31 S14 Blueberry-14 B14 P1/L1 Reference/Ref-rep #1 G31/S14/B14/P1/L1/Ref-rep
#1

G37 G37 S15 Blueberry-15 B15 P1/L1 Reference/Ref-rep #1 G37/S15/B15/P1/L1/Ref-rep
#1

G48 G48 S16 Blueberry-16 B16 P1/L1 Reference/Ref-rep #1 G48/S16/B16/P1/L1/Ref-rep
#1

G36 G36 S17 Blueberry-17 B17 P1/L1 Reference/Ref-rep #1 G36/S17/B17/P1/L1/Ref-rep
#1

G33 G33 S18 Blueberry-18 B18 P1/L1 Reference/Ref-rep #1 G33/S18/B18/P1/L1/Ref-rep
#1

G26 G26 S19 Blueberry-19 B19 P1/L1 Reference/Ref-rep #1 G26/S19/B19/P1/L1/Ref-rep
#1

G43 G43 S20 Blueberry-20 B20 P1/L1 Reference/Ref-rep #1 G43/S20/B20/P1/L1/Ref-rep
#1

G34 G34 S21 Blueberry-21 B21 P1/L1 Reference/Ref-rep #1 G34/S21/B21/P1/L1/Ref-rep
#1

G40 G40 S22 Blueberry-22 B22 P1/L1 Reference/Ref-rep #1 G40/S22/B22/P1/L1/Ref-rep
#1

G12 G12 S23 Blueberry-23 B23 P1/L1 Reference/Ref-rep #1 G12/S23/B23/P1/L1/Ref-rep
#1

G17 G17 S24 Blueberry-24 B24 P1/L1 Reference/Ref-rep #1 G17/S24/B24/P1/L1/Ref-rep
#1

G28 G28 S25 Blueberry-25 B25 P1/L1 Reference/Ref-rep #1 G28/S25/B25/P1/L1/Ref-rep
#1

G42 G42 S26 Blueberry-26 B26 P1/L1 Reference/Ref-rep #1 G42/S26/B26/P1/L1/Ref-rep
#1
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Table 1. Cont.

Variety/
Cultivar Genotype # Sample

Collection #
Sequencing File

ID #

Blueberry
Library Number

#
Plant and Leaf #

Sample Role/Replicate #
(Unknown/Reference: Variety

Identification)
(Replicate Technical, Replicate

Biological Library 1/Library
2/Library 3: Variability in SNP

Variant Analysis)

Overall Sample Code

G44 G44 S27 Blueberry-27 B27 P1/L1 Reference/Ref-rep #1 G44/S27/B27/P1/L1/Ref-rep
#1

G05 G05 S28 Blueberry-28 B28 P1/L1 Reference/Ref-rep #1 G05/S28/B28/P1/L1/Ref-rep
#1

G16 G16 S29 Blueberry-29 B29 P1/L1 Reference/Ref-rep #1 G16/S29/B29/P1/L1/Ref-rep
#1

G27 G27 S30 Blueberry-30 B30 P1/L1 Reference/Ref-rep #1 G27/S30/B30/P1/L1/Ref-rep
#1

G38 G38 S31 Blueberry-31 B31 P1/L1 Reference/Ref-rep #1 G38/S31/B31/P1/L1/Ref-rep
#1

G21 G21 S32 Blueberry-32 B32 P1/L1 Reference/Ref-rep #1 G21/S32/B32/P1/L1/Ref-rep
#1

G35 G35 S33 Blueberry-33 B33 P1/L1 Reference/Ref-rep #1 G35/S33/B33/P1/L1/Ref-rep
#1

G30 G30 S34 Blueberry-34 B34 P1/L1 Reference/Ref-rep #1 G30/S34/B34/P1/L1/Ref-rep
#1

G02 G02 S35 Blueberry-35 B35 P1/L1 Reference/Ref-rep #1 G02/S35/B35/P1/L1/Ref-rep
#1

G41 G41 S36 Blueberry-36 B36 P1/L1 Reference/Ref-rep #1 G41/S36/B36/P1/L1/Ref-rep
#1

G49 G49 S37 Blueberry-37 B37 P1/L1 Reference/Ref-rep #1 G49/S37/B37/P1/L1/Ref-rep
#1

G11 G11 S38 Blueberry-38 B38 P1/L1 Reference/Ref-rep #1 G11/S38/B38/P1/L1/Ref-rep
#1

G47 G47 S39 Blueberry-39 B39 P1/L1 Reference/Ref-rep #1 G47/S39/B39/P1/L1/Ref-rep
#1
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Table 1. Cont.

Variety/
Cultivar Genotype # Sample

Collection #
Sequencing File

ID #

Blueberry
Library Number

#
Plant and Leaf #

Sample Role/Replicate #
(Unknown/Reference: Variety

Identification)
(Replicate Technical, Replicate

Biological Library 1/Library
2/Library 3: Variability in SNP

Variant Analysis)

Overall Sample Code

Masena G10 S40 Blueberry-40 B40 P1/L1

Unknown
Replicate Technical/Tec-rep #1

Replicate Biological
Library1/BioL1-rep #1

G10/S40/B40/P1/L1/Unk/Tec-
rep #1/Bio1-rep #1

Masena G10 S41 Blueberry-41 B41 P1/L2 Replicate Technical/Tec-rep #2 G10/S41/B41/P1/L2/Tec-rep
#2

Masena G10 S42 Blueberry-42 B42 P1/L3 Replicate Technical/Tec-rep #3 G10/S42/B42/P1/L3/Tec-rep
#3

Masena G10 S43 Blueberry-43 B43 P1/L4 Replicate Technical/Tec-rep #4 G10/S43/B43/P1/L4/Tec-rep
#4

Masena G10 S44 Blueberry-44 B44 P1/L5 Replicate Technical/Tec-rep #5 G10/S44/B44/P1/L5/Tec-rep
#5

Eureka G15 S45 Blueberry-45 B45 P1/L1

Reference/Ref-rep #1
Replicate Technical/Tec-rep #1

Replicate Biological
Library1/BioL1-rep #1

G15/S45/B45/P1/L1/Ref-rep
#1/Tec-rep #1/Bio1-rep #1

Eureka G15 S46 Blueberry-46 B46 P1/L2 Replicate Technical/Tec-rep #2 G15/S46/B46/P1/L2/Tec-rep
#2

Eureka G15 S47 Blueberry-47 B47 P1/L3 Replicate Technical/Tec-rep #3 G15/S47/B47/P1/L3/Tec-rep
#3

Eureka G15 S48 Blueberry-48 B48 P1/L4 Replicate Technical/Tec-rep #4 G15/S48/B48/P1/L4/Tec-rep
#4

Eureka G15 S49 Blueberry-49 B49 P1/L5 Replicate Technical/Tec-rep #5 G15/S49/B49/P1/L5/Tec-rep
#5

Masena G10 S50 Blueberry-50 B50 P2/L1
Reference

Replicate Biological
Library1/Bio1-rep #2

G10/S50/B50/P2/L1/Ref/Bio1-
rep #2
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Table 1. Cont.

Variety/
Cultivar Genotype # Sample

Collection #
Sequencing File

ID #

Blueberry
Library Number

#
Plant and Leaf #

Sample Role/Replicate #
(Unknown/Reference: Variety

Identification)
(Replicate Technical, Replicate

Biological Library 1/Library
2/Library 3: Variability in SNP

Variant Analysis)

Overall Sample Code

Masena G10 S51 Blueberry-51 B51 P3/L1 Unknown/Replicate Biological
Library1/Bio1-rep #3

G10/S51/B51/P3/L1/Unk/Bio1-
rep #3

Masena G10 S52 Blueberry-52 B52 P4/L1 Unknown/Replicate Biological
Library1/Bio1-rep #4

G10/S52/B52/P4/L1/Bio1-rep
#4

Masena G10 S53 Blueberry-53 B53 P5/L1 Unknown/Replicate Biological
Library1/Bio1-rep #5

G10/S53/B53/P5/L1/Bio1-rep
#5

Eureka G15 S54 Blueberry-54 B54 P2/L1 Replicate Biological
Library1/Bio1-rep #6

G15/S54/B54/P2/L1/Bio1-rep
#2

Eureka G15 S55 Blueberry-55 B55 P3/L1 Replicate Biological
Library1/Bio1-rep #7

G15/S55/B55/P3/L1/Bio1-rep
#3

Eureka G15 S56 Blueberry-56 B56 P4/L1 Replicate Biological
Library1/Bio1-rep #8

G15/S56/B56/P4/L1/Bio1-rep
#4

Eureka G15 S57 Blueberry-57 B57 P5/L1 Replicate Biological
Library1/Bio1-rep#9

G15/S57/B57/P5/L1/Bio1-rep
#5

Masena G10 S40 Blueberry-58 B58 P1/L1 Unknown/Replicate Biological
Library2/Bio2-rep #1

G10/S40/B58/P1/L1/Unk/Bio2-
rep #1

Masena G10 S50 Blueberry-59 B59 P2/L1 Unknown/Replicate Biological
Library2/Bio2-rep #2

G10/S50/B59/P2/L1/Unk/Bio2-
rep #2

Masena G10 S51 Blueberry-60 B60 P3/L1 Unknown/Replicate Biological
Library2/Bio2-rep #3

G10/S51/B60/P3/L1/Unk/Bio2-
rep #3

Masena G10 S52 Blueberry-61 B61 P4/L1 Unknown/Replicate Biological
Library2/Bio2-rep #4

G10/S52/B61/P4/L1/Unk/Bio2-
rep #4

Masena G10 S53 Blueberry-62 B62 P5/L1 Unknown/Replicate Biological
Library2/Bio2-rep #5

G10/S53/B62/P5/L1/Unk/Bio2-
rep #5

Eureka G15 S45 Blueberry-63 B63 P1/L1 Replicate Biological
Library2/Bio2-rep #6

G15/S45/B63/P1/L1/Bio2-rep
#1
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Table 1. Cont.

Variety/
Cultivar Genotype # Sample

Collection #
Sequencing File

ID #

Blueberry
Library Number

#
Plant and Leaf #

Sample Role/Replicate #
(Unknown/Reference: Variety

Identification)
(Replicate Technical, Replicate

Biological Library 1/Library
2/Library 3: Variability in SNP

Variant Analysis)

Overall Sample Code

Eureka G15 S54 Blueberry-64 B64 P2/L1 Replicate Biological
Library2/Bio2-rep #7

G15/S54/B64/P2/L1/Bio2-rep
#2

Eureka G15 S55 Blueberry-65 B65 P3/L1 Replicate Biological
Library2/Bio2-rep #8

G15/S55/B65/P3/L1/Bio2-rep
#3

Eureka G15 S56 Blueberry-66 B66 P4/L1 Replicate Biological
Library2/Bio2-rep#9

G15/S56/B66/P4/L1/Bio2-rep
#4

Eureka G15 S57 Blueberry-67 B67 P5/L1 Replicate Biological
Library2/Bio2-rep #10

G15/S57/B67/P5/L1/Bio2-rep
#5

Masena G10 S40 BBDNA-01 B68 P1/L1 Unknown/Replicate Biological
Library3/Bio3-rep #1

G10/S40/B68/P1/L1/Unk/Bio3-
rep #1

Masena G10 S50 BBDNA-02 B69 P2/L1 Replicate Biological
Library3/Bio3-rep #2

G10/S50/B69/P2/L1/Bio3-rep
#2

Masena G10 S51 BBDNA-03 B70 P3/L1 Replicate Biological
Library3/Bio3-rep #3

G10/S51/B70/P3/L1/Bio3-rep
#3

Masena G10 S52 BBDNA-04 B71 P4/L1 Replicate Biological
Library3/Bio3-rep #4

G10/S52/B71/P4/L1/Bio3-rep
#4

Masena G10 S53 BBDNA-05 B72 P5/L1 Replicate Biological
Library3/Bio3-rep #5

G10/S53/B72/P5/L1/Bio3-rep
#5

Eureka G15 S45 BBDNA-06 B73 P1/L1 Replicate Biological
Library3/Bio3-rep #6

G15/S45/B73/P1/L1/Bio3-rep
#1

Eureka G15 S54 BBDNA-07 B74 P2/L1 Replicate Biological
Library3/Bio3-rep #7

G15/S54/B74/P2/L1/Bio3-rep
#2
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Table 1. Cont.

Variety/
Cultivar Genotype # Sample

Collection #
Sequencing File

ID #

Blueberry
Library Number

#
Plant and Leaf #

Sample Role/Replicate #
(Unknown/Reference: Variety

Identification)
(Replicate Technical, Replicate

Biological Library 1/Library
2/Library 3: Variability in SNP

Variant Analysis)

Overall Sample Code

Eureka G15 S55 BBDNA-08 B75 P3/L1 Replicate Biological
Library3/Bio3-rep #8

G15/S55/B75/P3/L1/Bio3-rep
#3

Eureka G15 S56 BBDNA-09 B76 P4/L1 Replicate Biological
Library3/Bio3-rep#9

G15/S56/B76/P4/L1/Bio3-rep
#4

Eureka G15 S57 BBDNA-10 B77 P5/L1 Replicate Biological
Library3/Bio3-rep #10

G15/S57/B77/P5/L1/Bio3-rep
#5

#, number. Unknown: Masena S40 was used as the unknown sample for variety identification; Replicate Technical: replicate analysis using technical replicate samples from the same
plant; Replicate Biological1 or Biological2 or Biological3, replicate analysis using biological replicate samples from different plants and DNA processed to generate sequencing Library1
or Library2 or Library3. All sample libraries, excluding Library3 samples, were sequenced (150 bp PE reads) across six lanes of a 10B flow cell of a NovaSeq (Illumina, San Diego, CA,
USA). Library3 samples were sequenced in a separate lane of a10B flow cell.
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2.2. Structuring of Samples for Varietal, Technical and Biological Library Preparation

For the adequate traceability of sample collection, each sample collection was labeled
with extensive information as nested codes (Table 1). These nested codes included a
range of sample codes, involving leaf collections (S#s) and corresponding identification
#s for genotype (G), blueberry library (B), plant (P) and leaf (L) (Table 1). For ease of
understanding, sample collection codes (S#s) or blueberry library codes (B#s) were used
throughout the manuscript.

Additional details are provided in the Supplementary Materials.

2.3. DNA Extraction

The finely ground leaf samples were subjected to DNA extraction using an established
method [63]. Essentially, between 2 and 3 g of leaf samples, ground under cryogenic condi-
tions, was added to a warm (65 ◦C) mixture of 8 ml of 2% CTAB and 2 mL of 5% Sarkosyl
contained in a 50 mL tube and mixed by gently inverting the tube 20 times. After incubating
at 65 ◦C for 30 min, the mixture was subjected to two rounds of chloroform washes and
the aqueous phase collected for DNA precipitation by iso-propanol. Isolated DNA was
dissolved in 100 µL of 10 mM Tris-HCL buffer pH 8.0. DNA quality was assessed by
measuring the absorbance ratios (A260/A280 optimal is 1.9 to 2.0 and A260/A230 optimal
is over 2.0) and absorbance profile using the Nanodrop Spectrophotometer (ThermoFisher
Scientific, Waltham, MA, USA). The isolated DNA was resolved on a gel to assess the level
of DNA breakage (shearing), with the DNA concentration and total amount assessed by
comparing the brightness intensity of the resolved DNA to that of a known amount of
resolved lambda DNA.

2.4. DNA Sequencing and Sequence Data Output

The extracted genomic DNA of all samples, used for variety analysis and variability
in SNP variant analysis, were subjected to the “Illumina DNA PCR-free Prep” indexed
library preparation and then subjected to short read Illumina sequencing at 150 bp paired
end (PE) reads on the Illumina NovaSeq X sequencing machine (AGRF Ltd., Melbourne,
Australia). Sixty-seven libraries, B01 to B67, corresponding to reference, reference/technical
replicate/biological replicate set-1, technical replicate, biological replicate set-1 and bio-
logical replicate set-2 samples were sequenced across six 10B lanes. Ten libraries, B68 to
B77, corresponding to biological replicate set-3 samples, were sequenced in one 10B lane.
With a sequence data (150 bp PE reads) output range of 375 Gb/10 B lane, the expected
raw sequence data yield per sample of above 33 Gb is equivalent to a coverage of above
55 times (×) of the blueberry monoploid genome size of 600 Mb.

2.5. Data Analysis

All genomic sequence data analysis was undertaken using the CLC Genomics Work-
bench software v. 24.0.1 (Qiagen, Germantown, MD, USA).

2.6. Raw Sequence Data Processing and Data Output

Raw sequence data (150 bp PE reads) was trimmed for quality scores at a quality
limit of 0.01, resulting in over 99% of the trimmed data having an average PHRED score
of over 34. Other parameters for trimming were as follows: trim ambiguous nucleotides
is “Yes”; read-through adaptor trimming is “Yes”; discard reads with length is “<50 and
>1000 bases”.

2.7. Stage-M1: Optimization of Read Mapping Parameters

In Stage-M1, the optimal combination of read length fraction (LF) and read similarity
fraction (SF), both basic mapping parameters, was identified. The tool “Map Reads to
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Reference” was used to map PE trimmed Illumina reads to the diploid blueberry genome
sequence (Vaccinium darrowii, NCBI 2021, GCA_020921065.1_USDA Vadar 1.0, Primary
assembly 582,668,408 bases) as a reference sequence.

Additional details are provided in the Supplementary Materials.

2.8. Stage-M2: Use of Optimized Read Mapping Parameters and Correction of Mapped Reads

Stage-M2 involved using the optimized mapping length fraction and similarity fraction
parameters (identified from Stage-M1) and mapping the PE trimmed reads of each of the
blueberry samples to the reference genome sequence, followed by four sequential steps
(Step-1 to Step-4), using as many analysis tools to correct and improve the mapping as used
for the reads mapped at Stage-M1.

Additional details are provided in the Supplementary Materials.

2.9. Stage-V1: Optimization of Variant Detection Parameters

In Stage-V1, the optimal combination of variant (allele) detection parameters, “Mini-
mum Frequency” (MF) and “Minimum Count” (MC) of the variant allele was identified.

Additional details are provided in the Supplementary Materials.

2.10. Stage-V2: Use of Optimized Variant Detection Parameters on All Samples

Stage-V2 involved applying the optimized FPV detection MF and MC parameters to
all the blueberry samples’ trimmed sequence files to identify Hom-SNPs and Het-SNPs.
Variant allele detection parameters that were not changed were the same as those used
in Stage-V1. The variants identified were filtered to identify Hom-SNPs at a minimum
read coverage of 20 and an allele frequency of 100%, as outlined in Stage-V1. The variants
identified were also filtered to identify Het-SNPs.

2.11. Stage-V3: Paired Variant Comparison Analysis with the Unknown and a Reference Sample

The blueberry sequence data file and the Hom-SNPs file of Masena B40, corre-
sponding to leaf sample collection S40, sample library B40 and overall sample code of
Masena/G10/S40/B40/P1/L1/Ref-rep#1/Tec-rep#1/Bio1-rep#1 (Table 1), was treated as
the unknown (Unk) for the Paired Variant Comparison (PVC) analysis. The Hom-SNPs
files of all other blueberry samples, corresponding to library #s B01 to B39 and B45 were
treated as reference samples. The blueberry variety Masena used as a reference sample
corresponded to leaf sample collection S-50, sample library B50 and overall sample code
Masena/G10/S50/B50/P2/L1/Bio1-rep#2 (Table 1).

At this Stage, the Paired Variant Comparison analysis was undertaken pairwise using
pairs of Hom-SNPs files: the Hom-SNPs file of the unknown blueberry (Masena B40) and
the Hom-SNPs file of each of the blueberry reference samples.

Additional details are provided in the Supplementary Materials.

2.12. Stage-V4: Subclassification of Not-Common (Putative Unique) Hom-SNPs Post
PVC-Analysis

Actual mapping scenarios can be envisaged, leading to the possibility that the Not-
common Hom-SNPs are not all unique (putative Unique), as they can contain both True-
Unique and Data-noise Hom-SNPs (putative Unique = True-Unique&Data-noise Hom-
SNPs). Two of the mapping scenarios lead to the identification of the True-Unique Hom-
SNPs, while three of the mapping scenarios lead to the identification of the Data-noise
Hom-SNPs. Hence, the Not-common Hom-SNPs in the putative Unique = True-Unique
+ Data-noise-Hom-SNPs-(Unk&Ref-B# PVC)-File and in the (Ref-B)-putative-Unique =
True-Unique + Data-noise-Hom-SNPs-(Unk&Ref-B# PVC)-File were interrogated for the
five possible mapping scenarios to explain why the Not-common Hom-SNPs are called in
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one sample and absent in the other, and how many of these are True-Unique Hom-SNPs
and Data-noise Hom-SNPs.

Additional details are provided in the Supplementary Materials.

2.13. Stage-V5: Combining PVC Hom-SNPs Files of All Unknown and Reference Pairs and
Filtering to Remove Data-Noise

At this Stage, a combined-PVC Hom-SNPs file is generated without or after filtering
out the data-noise.

Additional details are provided in the Supplementary Materials.

2.14. Stage-V6: Variety Identification Using the Combined-PVC Hom-SNPs with/Without
Data-Noise

The variety identification process was applied to all three combined Hom-SNPs-
Combined-PVC files generated in Stage-V5, “File-A (Combined Hom-SNPs)”, File-A (Com-
bined Hom-SNPs)-minus-File-B(Data-noise:*C, S1&S2) and File-A (Combined Hom-SNPs)-
minus-File-B(Data-noise:*C, S1&S2)-minus- File-C (Combined Hom-SNPs Persisting-Data-
noise:F1&F2) (Figure 4). The Variety identification protocol, “Protocol 1”, outlines the
method development for variety identification, including the concept around identifying
the Data-noise and the Persisting-data-noise leading to variety identification. Variety iden-
tification “Alternate Protocol 2” and “Alternate Protocol 3”, may also be implemented to
confirm the same outcome as obtained from variety identification “Protocol 1” towards
variety identification (Figures 4 and S13).

The analysis relies on identifying Hom-SNPs uniquely shared between the unknown
sample Masena B40 and any other reference sample. For example, uniquely shared Hom-
SNPs between the unknown sample (Masena B40) and the Masena reference sample (B50)
can be obtained by using the following filters: Sample count is “2”, Origin Tracks contains
“−40” and Origin Tracks contains “−50”.

2.15. Calculations of Call Quality Metrics Pairwise Between B50 and an Unknown Sample

Application of the variety identification protocol correctly identified ten unknown
samples to be the Masena variety and closest only to the B50 Masena reference and not any
of the other 40 reference samples. We calculated “Sensitivity”, “Positive Predictive Value”
and “F-score” as quality metrics [55,58,64] to qualify the Hom-SNPs of the ten unknown
samples compared to the B50 treated as the Masena reference sample. Samples B40, B51-B53,
B58–62 and B68 were the unknown samples. All analysis was undertaken using tools in
CLC Genomics. Total positives (TPs), Hom-SNPs correctly detected in the unknown sample
compared to the reference sample B50, were identified by filtering out Hom-SNP calls
shared between the unknown and the reference sample. False negatives (FNs), Hom-SNPs
present in the reference B50 sample but not called in the unknown sample, were identified
by filtering Hom-SNPs in the reference B50 sample with no exact match in the unknown
sample. False positive (FPs), Hom-SNPs present in the unknown but not in the reference
sample, were identified from the Mutation test (Protocol 1 or Alternate 2), and represent
the U2 (persisting Data-noise) SNPs in B50 from the comparison between B50 and the
unknown sample. Sensitivity or Recall was calculated using the formula = TP/(TP + FN).
Precision or Positive Predictive Value (PPV) was calculated using the formula = TP/(TP
+ FP). F-score, the harmonic mean of precision and recall, providing a balanced measure
of accuracy, was calculated using the formula = 2 × (Precision × Sensitivity)/(Precision +
Sensitivity). Accuracy was calculated = (TP + TN)/(TP + FP + TN + FN). TN was deduced
as either a) the total number of heterozygous SNPs in the reference sample B50 or b) the
reference genome assembly length in bp minus the total number of SNPs detected in the
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reference sample B50. Reference genome assembly used (Vaccinium darrowii, NCBI 2021,
GCA_020921065.1_USDA Vadar 1.0, Primary assembly 582,668,408 bases).

3. Results
3.1. DNA Quality

The purity of the DNA, assessed by examining the absorbance ratios at A260/230 and
A260/230 (Table S1), was found to be within the acceptable range for all but a few samples.
DNA fragmentation assessed by resolving the DNA on an agarose gel indicated the DNA
to be mainly of high molecular weight (Figure S1). These quality metrics were acceptable
for all the DNA samples, as they were successfully sequenced on the Illumina sequencing
platform to generate 150 bp paired end reads.

3.2. Consideration of Genome Coverage for Detecting High-Confidence Homozygous SNPs

A heterozygous SNP (Het-SNP) position represented by two different nucleotides at a
position can be identified by a variant caller at a read depth as low as two and where both
nucleotides are represented (assuming no errors in sequencing). However, the sequencing
of DNA/library fragments with these alleles is random, and where a small number of
DNA/library fragments are available to be sequenced, the same allele can by chance be
sampled for sequencing each time, leading to a false assessment of homozygosity (Table 2).
This means that a Het-SNP position can be erroneously called a homozygous SNP (Hom-
SNP), where one of the two nucleotides is represented in all reads (assuming no errors in
sequencing). A higher read depth results in a lower probability of repeatedly sequencing
the same allele and leads to higher confidence variant calls. A high read mapping depth
was used to increase the probability of correctly identifying a Het-SNP and consequently
not erroneously identifying it to be a Hom-SNP.

Table 2. Numbers of false calls of homozygous differences due to chance sequencing of the same
allele at a heterozygous position in a diploid.

Genome Size Heterozygosity
Sequence Coverage

10- 20- 25-

Small genome (500 Mbp)
1% 4883 5 0

3% 14,648 15 0

Large genome (2 Gbp)
1% 19,531 19 1

3% 58,593 57 2
For a given genome size (Mb) and % heterozygosity, the number of false homozygous SNP calls, a function of
mapped read depth (sequence coverage), can be computed as follows. At a sequence coverage of 10, 20 or 25,
there are 1024, 1,048,576 or 33,554,432 read mapping scenarios, respectively, per heterozygous SNP site, which
equates to one erroneous SNP call out of 1024, 1048.576 or 33,554,432 heterozygous SNPs, respectively. If the
genome size in Mbp (g) and % heterozygosity (h) is known, then at a given sequence depth of, for example, 10,
the probable number of false homozygous calls can be calculated: (g) × (h)/number of erroneous homozygous
calls at a sequence depth of 10.

Identification of high-confidence Hom-SNP calls relies on increasing the read map-
ping depth. At a read mapping depth of one, there is a 100% probability of erroneously
identifying a Het-SNP as a Hom-SNP or a no-variant call made if the nucleotide allele
is the same as in the reference genome sequence, which progressively reduces with in-
creasing read mapping depth (Table S2). At a read mapping depth of two or three reads,
the probability of erroneously identifying a Het-SNP as a Hom-SNP reduces to 33.33%
and 14.29%, respectively (Table S2). Increasing the mapping read depth to 15 ensures
a near-100% probability of correctly identifying a Het-SNP, with 31 Het-SNP incorrectly
identified as Hom-SNPs/million Het-SNP sites (Table S3). Increasing the mapping read
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depth to 21 ensures an effective 100% probability of correctly identifying a Het-SNP, with
less than one Het-SNP incorrectly identified as Hom-SNPs/million Het-SNP sites (Table S3).
Conversely, a read mapping depth of 21 also ensures a 100% probability of correctly iden-
tifying a Hom-SNP (Figure 1). Based on this data, we sequenced the blueberry samples
at a minimum expected raw data depth of 55× of the monoploid genome size of 600 Mb,
equating to 33 Gb, to achieve a minimum read mapping depth of 20.

Figure 1. Probability (%) of heterozygous SNPs correctly called or erroneously identified as homozy-
gous SNPs as a function of read mapping depth. At a read mapping depth of 21 and 1,048,576 read
mapping scenarios, 100% of heterozygous SNPs are correct and 0% are erroneously called homozy-
gous SNPs. At read mapping depth of 20, for every 1 million heterozygous SNPs, 1 is erroneously
called a homozygous SNP.

3.3. Raw Sequence Data Quality and Size as Times Genome Size of 600 Mb

The quality of the raw sequence data was high, with over 90% of the sequence reads
having an average PHRED quality score of above 30 (Table S4). The sequence data size
of all samples, based on a genome size of 600 Mb (1×), obtained at a minimum of 32.4×
(19.5 Gb) and a maximum of 83.84× (50.3 Gb) at an average of 52.7× (31.6 Gb), was above
the expected data size of 33 Gb (55×) for most samples. Post trimming, more than 80%
of the sequence data was recovered at an average PHRED score of above 37, and was at
a minimum of 26.8× (16.1 Gb) and a maximum of 70.8× (42.5 Gb), which was above the
expected data size of 33 Gb (55×) for most samples. Box plots of distribution of PHRED
scores and read length of trimmed data, for all samples and sample groups indicated
PHRED scores above 37, and 85% of the reads were above 120 bp (Table S4). The data size
of the paired end component of the trimmed data, important for variant calling, was at
a minimum of 25.4× (15.2 Gb), a maximum of 67.62× (40.6 Gb) and an average of 42.1×
(25.3 Gb), which is above the minimum requirement of 20× (12 Gb) (Figure S2 and Table S4).

3.4. Optimal Read Mapping and Variant Calling Parameters

Titration of read mapping parameters, involving length and similarity fractions (LF
and SF), including the implementation of additional mapping filters, indicated both the LF
and SF at 0.9 to be the optimal settings (Figure S3A–E and Table S5).



Appl. Biosci. 2025, 4, 51 16 of 34

Additional details are provided in the Supplementary Materials.

3.5. Mapping Coverage at Optimal Read Mapping Settings

Utilizing the optimal mapping setting of 0.9 each for LF and SF, the average read
mapping coverage, excluding the regions with no mapped reads, was found to be above the
desired 20- for all the blueberry samples except three of the reference samples (B24, B34 and
B37) and two samples (B59 and B69) used for replication analysis (Figure 2). The fraction of
the reference genome sequence with mapped reads was above 0.86 for all samples tested
(Figure S4), indicating high coverage of the reference genome sequence with mapped
PE reads.

Figure 2. Mapped paired end (PE) trimmed read data size as times genome size of 600 Mb and
as coverage depth of blueberry samples. The trimmed paired end (PE) reads were mapped to
the genome sequence of Vaccinium darrowii (NCBI, GCA_020921065.1) with optimized mapping
settings and pipeline to address the mis-mapping of PE reads. The data size of the input PE reads
for mapping shown as times (×) genome size of 600 Mb was lower than 20× for some samples
used as reference samples and used as technical and biological replicates. However, the average
read mapping coverage, excluding the regions with zero coverage, was above 20 for all samples
except three of the reference samples and the two samples Masena/G10/S50/B59/P2/L1/Bio2-rep#2
and Masena/G10/S50/B69/P2/L1/Bio3-rep#2 used for replicate analysis. Two samples within the
technical replicate set, represented as yellow bars, were used for variety analysis, technical replicate
analysis and biological replication analysis. Average read-mapped coverage from 20 is marked with
a horizontal broken black line.

3.6. Identification of Variants

Het-SNPs were identified at a minimum read mapping coverage of 10, minor and
major allele frequency range of 20% to 80%, respectively, and at a minimum variant allele
read count of 3. The number of Het-SNPs ranged between 4.8 and 6.9 million (Figure S5A)
and was strongly correlated with the sequence data size used for the variant analysis
(Figure S5B). Hom-SNPs were filtered at a minimum read coverage of 20, at 100% allele
frequency and at a minimum-variant read count of 5. The number of Hom-SNPs ranged
between 0.7 M and 2.1 M (Figure S5A) and strongly correlated with the sequence data size
used for the variant analysis (Figure S5C). Results also indicate that increasing the sequence
data size above 45× leads to diminishing returns in terms of sequencing cost versus aiming
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to capture as many as possible or all of the Het-SNPs or Hom-SNPs present in the blueberry
genome of a specific sample (Figure S5B,C).

3.7. Variability in Hom-SNPs Identified Within Technical and Biological Replicate Samples

Two blueberry samples, Masena and Eureka, were selected for technical and biological
replication analysis. Technical replicates, P1L1 to P1L5, were represented as DNA extracted
from five leaf samples from a single plant (Table 1). Biological replicates, P1L1 to P5L1,
corresponded to DNA extracted from five leaf samples where each leaf sample was from a
different plant (Table 1). The same DNA sample was subjected to three biological libraries,
where library 1 and library 2 were sequenced in the same lane, while library 3 was sequenced
in a separate lane. To assess variation in Hom-SNPs between samples of common library
preparations, for each of the two samples for replication analysis, pairwise variant comparison
(PVC)-analysis for Hom-SNPs was undertaken between 10 pairs of the five technical library
samples and likewise between the five samples within each of the three biological libraries.
Similarly, to assess variation in Hom-SNPs between samples of different library preparations,
for each of the two samples for replication analysis, PVC-analysis for Hom-SNPs was under-
taken between five pairs of the five samples between each of the three biological libraries.

The PVC-analysis between all the Masena samples and between all the Eureka sam-
ples identified both Common Hom-SNPs and Not-common Hom-SNPs (Table 3). The
Common Hom-SNPs for Masena and Eureka technical library replicates samples were as
high as 78.6% and 75.6%, respectively (Table 3, Figures S6A and S7A), with an average
of 73.6 ± SD 4.9 and 70.2 ± SD 4.1, respectively, indicating low variation between each
of the ten paired comparisons for both the samples (Tables S5 and S7). In addition, the
PVA analysis between the Masena technical replicate sample, Blueberry B41, and all other
Masena technical replicate samples resulted in a consistently lower number of Common
Hom-SNPs (Figure S6A) resulting possibly from mapped PE trimmed data size of under
20× (1× is 600 Mb) and a read mapping coverage of under 25 (Figure 2).

The Common Hom-SNPs for Masena and Eureka Biological Library 1 replicate samples
were as high as 79.2% and 82.6%, respectively (Table 3, Figures S6B and S7B), with an average
of 70.3 ± SD 4.1 and 65.6 ± SD 10.6, respectively, indicating low variation between each of
the ten comparisons for the Masena but not the Eureka samples (Tables S6 and S7). The PVC-
analysis between the Masena Biological library 1 sample Blueberry B52 and all other Masena
library 1 replicate samples consistently resulted in low numbers of Common Hom-SNPs
(Figure S6B), while for the Eureka sample it was Blueberry B57 (Figure S7B). Both the samples,
Blueberry B52 and Blueberry B57, had a mapped PE trimmed data size of under 20× (1× is
600 Mb) and a read mapping coverage of under and just above 20, respectively (Figure 2).

The Common Hom-SNPs for Masena and Eureka Biological library 2 replicates samples
were as high as 72.1% and 76.5%, respectively (Table 3, Figures S6C and S7C), with an average
of 62.4 ± SD 5.8 and 67.5 ± SD 5.0, respectively, indicating low variation between each of the
ten comparisons for the Masena and the Eureka samples (Tables S6 and S7). The PVC-analysis
between the Masena Biological library 2 sample, Blueberry B59, and all other Masena library
2 replicate samples consistently resulted in low numbers of Common Hom-SNPs (Figure
S6C), while for the Eureka sample set it was Blueberry B63 (Figure S7C). Both the samples,
Blueberry B59 and Blueberry B63, had a mapped PE trimmed data size of under 20× (1× is
600 Mb) and a read mapping coverage under 20 and 25, respectively (Figure 2).
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Table 3. Percentage of Common and Not-common Hom-SNPs from PVC-analysis of the two blueberry control samples.

Sample
Library

Used

Details of PVC-Analysis

Control Sample #
Number of

Pairwise
Comparisons

Masena vs. Masena Controls Eureka vs. Eureka Controls

Samples Within A
Library

Samples Between
Libraries

Hom-SNPs Hom-SNPs

Highest
Value Average ±SD ±SE Highest

Value Average ±SD ±SE

Technical Library yes no 1 to 5 10
78.55 73.59 4.85 1.54 75.61 70.15 4.14 1.31

32.79 26.41 4.85 1.54 38.99 29.84 4.14 1.31

Biological Library 1 yes no 1 to 5 10
79.24 70.28 4.05 1.28 82.57 65.63 10.60 3.35

35.42 29.72 4.05 1.28 51.67 34.35 10.61 3.36

Biological Library 2 yes no 1 to 5 10
72.08 62.40 5.83 1.84 76.51 67.54 5.02 1.59

44.72 37.60 5.83 1.84 38.37 32.46 5.02 1.59

Biological Library 3 yes no 1 to 5 10
81.73 61.04 18.86 5.96 79.42 72.47 4.56 1.44

64.60 38.96 18.86 5.96 35.45 27.53 4.56 1.44

Biological Library 1
and 2

no yes 1 to 5 5
73.20 64.98 7.42 3.32 75.48 63.91 6.89 3.08

42.91 35.02 7.42 3.32 41.67 36.09 6.89 3.08

Biological Library 1
and 3

no yes 1 to 5 5
78.97 65.38 12.44 5.56 82.25 71.93 8.12 3.63

52.45 34.62 12.44 5.56 37.92 28.07 8.12 3.63

Biological Library 2
and 3

no yes 1 to 5 5
71.23 62.27 9.13 4.08 76.61 67.21 9.59 4.29

51.10 37.73 9.13 4.08 43.23 32.79 9.59 4.29

Biological Library
1 and 2, 1 and 3, 2

and 3

no yes 1 3
78.97 73.05 5.13 2.96 73.93 64.72 8.60 4.96

30.10 26.95 5.13 2.96 43.08 35.28 8.60 4.96

no yes 2 3
57.09 51.18 5.16 2.98 76.61 75.98 0.58 0.33

52.45 48.82 5.16 2.98 24.52 24.02 0.58 0.33

no yes 3 3
73.16 64.51 8.01 4.62 72.77 67.24 4.91 2.84

42.65 35.49 8.01 4.62 36.61 32.76 4.91 2.84

no yes 4 3
66.98 61.29 4.93 2.85 82.25 65.78 14.28 8.25

41.72 38.71 4.93 2.85 43.23 34.22 14.28 8.25

no yes 5 3
73.20 71.02 2.29 1.32 72.99 64.70 7.34 4.24

31.38 28.98 2.29 1.32 40.98 35.30 7.34 4.24

#, number; PVC, Paiwise Variant Comparison analysis; Hom-SNPs, Homozygous SNPs. Common Hom-SNPs are in blue text and Not-common Hom-SNPs are in black text. Hom-SNPs
with large standard deviation (SD) values are underlined.
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The Common Hom-SNPs for Masena and Eureka Biological library 3 replicates sam-
ples were as high as 81.73% and 79.42%, respectively (Table 3, Figures S6D and S7D),
with an average of 61.04 ± SD 18.86 and 72.47 ± SD 4.56, respectively, indicating high
variation between each of the ten PVC-analyses for the Masena samples but low for the
Eureka samples (Tables S6 and S7). The PVC-analysis between the Masena Biological
library 3 sample, Blueberry B69, and all other Masena Biological library 3 replicate samples
consistently resulted in low numbers of Common Hom-SNPs (Figure S6D), and this sample
had a mapped PE trimmed data size of under 20× (1× is 600 Mb) and a read mapping
coverage below 20 (Figure 2).

These results indicate that a mapped read data size below 20× (1× is 600 Mb) and
especially a read mapping depth below 20 can have an impact on maximizing the capture
of SNP variants using NGS data. In a few of the samples used for replication analysis,
the Hom-SNPs, at best ranging from 20% to 40%, and at worst at 60%, are captured as
Not-common in the pairwise analysis of the same variety, indicating that not all of the
Hom-SNPs are captured consistently between the replicates (Table 3).

3.8. Variability in PVC-Analysis Generated Hom-SNPs Between Biological Replicates

Within each of the three biological libraries, each of the five Masena samples were
compared pairwise for Common Hom-SNPs, and this was likewise undertaken for the
biological libraries of the Eureka samples (Figures S6E–G and S7E–G). For the Masena and
Eureka samples, the Common Hom-SNPs from the PVC-analysis showed more variation
for the samples within the biological replicate library 3 and biological replicate library 1,
respectively, than from samples within the other two biological replicate libraries or from
the technical replicate library (Tables S6 and S7). Comparison of samples 1 to 5 for Common
Hom-SNPs between biological libraries (Library 1, 2 and 3) for the Masena and Eureka sample
set showed more variation for Masena sample 3 and Eureka sample 4 (Tables S6 and S7).

3.9. Common and Not-Common Hom-SNPs Between Masena and Eureka Samples

PVC-analysis between two of the same blueberry variety, Masena samples B40 and B50
(biological replicates), identified 70.5% as Common Hom-SNPs and 29.5% as Not-common
Hom-SNPs (Figure 3A). Similar results were obtained from the analysis between all the
Masena samples (all 55 combinations of Masena sample B40 within technical replicates,
within the biological replicates and between biological replicates) where 66.1% (average)
were Common Hom-SNPs and 36.5% (average) were Not-common Hom-SNPs (Figure S8).
Likewise, similar results were also obtained from PVC-analysis between all the Eureka
samples, (all 55 combinations of Eureka sample B45 within technical replicates, within
the biological replicates and between biological replicates), where 68.6% were Common
Hom-SNPs and 32.1% were Not-common Hom-SNPs (Figure S8).

PVC-analysis between two different blueberry varieties, Masena sample B40 and
Eureka sample B45, identified 38.5% as Common Hom-SNPs and 61.5% as Not-common
Hom-SNPs (Figure 3A), and similar results were obtained between all the Masena and
Eureka samples (all 100 combinations within technical replicates and within the biological
replicates) where 35.9% (average) were Common Hom-SNPs and 64.1% (average) Not-
common Hom-SNPs (Figure S8). Similar results were obtained from PVC-analysis between
Masena B40 and each of the 39 different blueberry varieties, where 39.5% (average) were
Common Hom-SNPs and 60.5% (average) Not-common Hom-SNPs (Figure S9).
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Figure 3. PVC-analysis between blueberry samples to identify Common, Not-common or putative
Unique (Unique?) and sub-classes of Not-common Hom-SNPs. PVC, pairwise variant comparison
analysis between a pair of samples; H-SNPs/Hom-SNPs, homozygous single nucleotide polymor-
phism; Common Hom-SNPs, Hom-SNPs present in both samples; M, Masena sample; E, Eureka
variety; Not-common or putative Unique (Unique?); Hom-SNPs present in one of the sample with
no variant call in the other although implied to be unique, with the possibility that some but not all
are unique (U?); Data-noise (*C), probably Common Hom-SNP as mapped at read depth ≥ 20 but
failure of other variant quality filters; Data-noise (S1), spurious type 1 due to failure of mapped reads
depth or mapped read depth and other variant quality filters; True-Unique(U1), True unique type 1
as variant is homozygous same as reference allele; True-Unique(U2), True unique type 2 as variant is
heterozygous SNP; Data-noise(S2) indicating spurious type 2 (S2) due to the SNP call linked with
indels or no reads mapped. As the Not-common or putative Unique Hom-SNPs are not all unique
and divided into two groups of five subclasses. The True-Unique group comprises two subclasses,
the True-Unique(U1) and True-Unique(U2). The Data-noise group comprises three subclasses, the
Data-noise(*C), Data-noise(S1) and Data-noise(S1). Hom-SNPs numbers indicated are a percentage
of the total combined Hom-SNPs between a pair of samples taken for the PVC-analysis. (A) PVC-
analysis between the unknown sample (Masena B-40) and the Masena reference sample (B-50) and
the Eureka reference sample (B45), showing the Common Hom-SNPS to be higher between the B-40
and B-50 PVC and the Not-common or putative Unique Hom-SNPS to be higher between the B-40
and B-45. (B) The major subclasses of putative Unique Hom-SNPs are Data-noise (*C) and Data-noise
(S1) for the unknown (Masena) B-40 and Masena B-50 PVC and are Data-noise (*C) and Data-noise
(S1) and True-Unique (U2) for the unknown (Masena) B-40 and Eureka B-45 PVC. (C) Similar results
as in B were obtained from fifty-five PVC analyses between Masena and Masena (technical and
biological replicates) and from one-hundred PVC analyses between Masena and Eureka, including
the subclasses of the Not-common or putative Unique Hom-SNPs.
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The PVC-analysis results indicate that the number of Common Hom-SNPs were more
when the pair of samples were the same variety (Masena vs. Masena), while the Not-
common Hom-SNPs were more when the pair of samples were different varieties (Masena
vs. Eureka). In addition, the PVC-analysis successfully identified the Not-common or
Unique Hom-SNPs between two different blueberry varieties, which can be informative
SNPs for variety identification. However, the identification of Not-common or Unique
Hom-SNPs between two samples that are the same variety indicates that these Hom-
SNPs must all be erroneous, as they cannot be Unique but should all be Not-Unique
between samples of the same variety. Hence, it is possible that the Not-common Hom-SNPs
identified between two samples that are different blueberry varieties may not all be Unique
(putative Unique) and may contain both “True-Unique” and “Not-Unique” Hom-SNPs”,
the latter representing Data-noise. Identifying the two components of the Not-common
or putative Unique Hom-SNPs, the “True-Unique” and “Data-noise” (Not-Unique), and
using only the True-Unique Hom-SNPs of the Not-common Hom-SNPs would be crucial
in increasing the accuracy of variety identification.

3.10. Sub-Classification of Not-Common Hom-SNPs Between the Same and Dissimilar Varieties

Identifying the “True-Unique” and “Data-noise” Hom-SNPs, the two components of
the Not-common Hom-SNPs of the same variety, was undertaken by visual inspection of
reads mapping at locations corresponding to the Not-common or putative Unique Hom-
Figure SNPs. This process led to the identification of read mapping scenarios in one sample,
which led the variant caller to identify the Hom-SNPs as Not-common in the other. Five
read mapping scenarios were identified, leading to five subclasses of the Not-common or
putative Unique Hom-SNPs (Table 4), where three are grouped as “True-Unique” and two
as “Data-noise” Hom-SNPs.

Table 4. Read mapping scenarios in one sample leading to five subclasses of Not-common SNPs
identification in the other sample.

Sub-Classes of
Putative Unique =
True-Unique and

Data-Noise

Call Made by the
Variant Caller

Sample 1 Sequence Reads Mapped and the Variant Is as Follows:
No Reads

Mapped in
Sample 1 at
Locations of
H-SNPs in
Sample 2

The Same H-SNP as in
Sample 2 Not the Same H-SNP in Sample 2

Satisfies
Required

Read Depth

Satisfies
Variant
Quality
Filters

H-SNP
Same as the
Reference

Allele

Het-SNPs MNV or
InDels

Data-noise (*C) no yes no

Data-noise (S1) no no yes

no no no

True-Unique (U1) no yes

True-Unique (U2) yes yes

Data-noise (S2)
yes yes

no yes

H-SNPs, homozygous SNPs; Het-SNPs, heterozygous SNPs; MNV, multi nucleotide variants; putative Unique,
Not-Common H-SNPs which in principle should all be Unique (U), but not all are Unique, comprising True-
Unique and Data-noise H-SNPs. Data-noise (*C), probably common H-SNP, as mapped read depth ≥ 20 but
failure of other variant quality filters; Data-noise (S1), spurious type 1, due to failure of mapped reads depth
or mapped read depth and other variant quality filters; True-Unique (U1), True unique type 1, as variant is
homozygous and same as the reference allele; True-Unique (U2), True unique type 2, as variant is heterozygous
SNP; Data-noise (S2) indicating spurious type 2, due to the H-SNP call linked with indels or no call is made as no
reads are mapped.

The True-Unique group, within the Not-common Hom-SNPs, comprises two sub-
classes, True-Unique (U1) and True-Unique (U2). The read mapping scenario for subclass
True-Unique (U1) is defined as reads that are mapped and satisfy the defined read depth
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and variant filter settings, but where the identified variant is a Hom-SNP and is the same
nucleotide allele as in the reference genome sequence, so the variant calling software does
not record it as a variant. The read mapping scenario for the subclass True-Unique (U2) is
defined as reads that are mapped and satisfy the read depth and variant filter settings, but
the identified variant called is heterozygous, and although recorded by the variant caller,
is filtered away when selecting only the Hom-SNPs. The Data-noise group, within the
Not-common Hom-SNPs, comprises three subclasses, Data-noise (*C), Data-noise (S1) and
Data-noise (S2). The read mapping scenario for subclass Data-noise (*C), is defined as, the
mapped reads have the same Hom-SNP as in the other sample, and satisfies the read depth
but not the variant filters settings resulting in the variant caller not recording the Hom-SNP
variant. The read mapping scenario for subclass Data-noise (S1) is defined as the Hom-SNP
being the same as in the other sample, where reads are mapped but these either do not pass
the variant filters or both the read depth and variant filters, resulting in no variant called by
the variant caller. The mapping scenario for the subclass Data-noise (S2) can be defined as
either no reads are mapped at the corresponding location of the Hom-SNP, resulting in the
variant caller not recording a variant, or reads are mapped, with the variant caller recording
a multi nucleotide variant (which may not be reliable) or a heterozygous call involving a
deletion (unreliable due to mis-mapped reads at a homopolymer region), and although
recorded by the variant caller, the variant filtered away when selecting only Hom-SNPs.

The Not-common or putative Unique Hom-SNPs (29.51%) identified from the PVC-
analysis between Masena vs. Masena (Figure 3A), where the two varieties are the same,
were classified into the five subclasses as outlined above (Figure 3B). All three subclasses
of the Data-noise (*C, S1 and S2) Not-common Hom-SNPs are present, with Data-noise
(S1) (24.36%) and Data-noise (*C) (4.62%) as the first two major components. Of the True-
Unique (U1 and U2) Not-common Hom-SNPs, no Hom-SNPs corresponded to subclass
True-Unique (U1) but Hom-SNPs at 0.23% corresponded to the subclass True-Unique (U2),
equating to 2300 True-Unique (U2) Hom-SNPs/million Hom-SNPs. Similar results were
also obtained when the Not-common or putative Unique Hom-SNPs (average 36.52%)
identified from PVC-analysis of all the 55 combinations of Masena vs. Masena (technical
and biological libraries) were subclassified into its two components (Figure 3C). All three
subclasses of the Data-noise (*C, S1 and S2) Not-common Hom-SNPs are present, with
Data-noise (S1) (average 28.65%) and Data-noise (*C) (average 4.7%) as the first two major
components. Of the two subclasses comprising the True-Unique (U1 and U2) Not-common
Hom-SNPs, both subclasses True-Unique (U1) (average 0.003%) and True-Unique (U2)
(average 0.29%) were present, equating to 30 True-Unique (U1) Hom-SNPs and 2900 True-
Unique (U2) Hom-SNPs, respectively, per million Hom-SNPS (Figure 3C).

The Not-common or putative Unique Hom-SNPs (61.49%) identified from the PVC-
analysis between Masena and Eureka (Figure 3A), where the two varieties are different,
were classified into the five subclasses as outlined above (Figure 3B). All three subclasses
of Data-noise (*C, S1 and S2) Not-common Hom-SNPs are present, with Data-noise (S1)
(16.55%) and Data-noise (*C) (4.14%) as the first two major components. Of the two sub-
classes comprising the True-Unique (U1 and U2) Not-common Hom-SNPs, both subclasses
True-Unique (U1) (0.81%) and True-Unique (U2) (37.97%) were present, with the latter
the major component. Similar results were also obtained when the Not-common or puta-
tive Unique Hom-SNPs (average 64.08%) identified from PVC-analysis from all the 100
combinations of Masena vs. Eureka (technical and biological libraries) were subclassified
into its two components (Figure 3C). All three subclasses of the Data-noise (*C, S1 and S2)
Not-common Hom-SNPs are present, with Data-noise (S1) (average 19.77%) and Data-noise
(*C) (average 4.09%) Hom-SNPs the first two major components. Of the two subclasses
comprising the True-Unique (U1 and U2) Not-common Hom-SNPs, both subclasses True-
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Unique (U1) (average 0.75%) and True-Unique (U2) (average 39.95%) Hom-SNPs were
present (Figure 3C).

As with the subclasses obtained for the Not-common or putative Unique Hom-SNPs
for Masena vs. Eureka comparison, where the two varieties were different (Figure 3B,C),
similar results were obtained when the Masena sample was compared pairwise to all the
other thirty-nine blueberry varieties (Figure S10). All three subclasses of the Data-noise (*C,
S1 and S2) Not-common Hom-SNPs are present, with Data-noise (S1) and Data-noise (*C)
the first two major components. Of the two subclasses comprising the True-Unique (U1
and U2) Not-common Hom-SNPs, both subclasses of True-Unique (U1) (average 0.75%)
and True-Unique (U2) (average 39.95%) Hom-SNPs were present, with the latter the major
component (Figure 3C).

The Data-noise Not-common Hom-SNPs, comprising the subclasses Data-noise (*C), Data-
noise (S1) and Data-noise (S2), are the non-informative Hom-SNPs and were filtered out from
the Not-common or putative Unique Hom-SNPs before using them for varietal identification.

3.11. Variety Identification After Removal of Data-Noise Hom-SNPs

Identification of an unknown variety compared to a specific cohort of selected refer-
ence samples is based on identifying the Hom-SNPs that are uniquely shared pairwise
between an unknown sample and a specific reference sample and not with any of the other
reference samples within the cohort of reference samples used. The detailed process of
variety identification, as explained below, involves several steps collectively referred to as
Variety Identification: Protocol 1 (Figure 4), with alternate protocols referred to as Variety
Identification: Alternate Protocol 2 (Figure 4) and Variety Identification: Alternate Protocol
3 (Figure S13) that can be implemented to confirm results.

We used a suite of forty-one blueberry reference samples including a Masena reference
sample B50. PVC-analysis-generated Hom-SNPs files, between the unknown sample and
each of the forty-one reference samples, were combined to obtain the “File-A (Combined
Hom-SNPs)”. The Hom-SNPs corresponding to the Data-noise (*C, S1 and S2) present
within the Not-common or putative Unique Hom-SNPs between the unknown sample and
each of the forty-one reference samples, were also combined to obtain “File-B (Combined
Hom-SNPs Data-noise)”. Filtering out the Hom-SNPs in File-B (Combined Hom-SNPs
Data-noise from File-A (Combined Hom-SNPs) generated File-A (Combined Hom-SNPs)-
minus-File-B(Data-noise: *C, S1 and S2).

Using File-A (Combined Hom-SNPs) for identifying the unknown sample variety, the
Hom-SNPs shared uniquely between the unknown (Masena B40) and each of the forty-
one reference samples indicated the highest number (18,673) to be between the unknown
(Masena B40) and the Masena reference B50 (Figure S11). The next highest number of
uniquely shared Hom-SNPs is 2593, between the unknown sample and the blueberry
sample B18 (not Masena), and for most of the other reference samples, the uniquely shared
Hom-SNPs are under 500. Although this result clearly identifies the unknown sample to
be the Masena variety, the presence of uniquely shared Hom-SNPs between the unknown
(Masena B40) and the reference samples other than the Masena reference B50 is expected to
be due to data-noise, as identified between the unknown and all the forty one reference
samples used (Figures 3 and S10) and represented in File-B (Combined Hom-SNPs Data-
noise), which was not filtered out.
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Figure 4. Schematic of Variety Identification Protocol 1 and Alternate Protocol 2. Hom-SNPs,
Homozygous SNPs; X genome size, time genome size of 600 Mb; LR mapping, outcome of optimized
read mapping to a reference genome sequence; PVC-analysis, Paired Variant Analysis between a pair
of samples. Schematics for two protocols schemas are presented. Combining Hom-SNPs between
the unknown and a reference sample generates Hom-SNPs common to both samples and unique
Hom-SNPs present in one sample but not the other. Combing the unique Hom-SNPs from all sample
pairs (File-A) can be processed to identify shared Hom-SNPs between the unknown sample and each
of the reference samples. If the unknown sample variety matches one of the reference varieties, then
this unknown–reference sample pair should be the only pair to share a set of Hom-SNPs unique
to this pair of unknown–reference samples. However, using File-A, shared variants between the
unknown and each of the reference samples are not unique, as some are also found to be shared
Hom-SNPs between the unknown sample and another reference sample. This indicates an anomaly
due to data-noise, which we have identified as Data-noise and Persisting-data-noise. When the
Data-noise is identified (File-B) and deducted from File-A, data-noise is removed for most of the
unknown/reference sample pair comparisons. When the Persisting-data-noise is identified and
removed, the data-noise is completely removed, leaving one unknown/reference pair with uniquely
shared Hom-SNPs, implying the reference in question to be the same as/close to the unknown sample.
An “Alternate Protocol 2” with its steps labeled as P2 in green highlight ( P2 ) is also presented here,
leading to the same outcome. An “Alternate Protocol 3”, with some steps indicated here as P3 in pink
highlight ( P3 ) with the same outcome can be used but is not explained here (see Figure S13).

When File-A (Combined Hom-SNPs) is first subjected to removal of the Data-noise
represented in File-B (Combined Hom-SNPs Data-noise), and then used for identifying the
unknown sample variety, the Hom-SNPs shared uniquely between the unknown (Masena
B40) and each of the forty-one reference samples indicated the highest number (5806)
to be between the Unknown (Masena B40) and the Masena reference B50 (Figure 5A).
This result also clearly identified the unknown sample to be the Masena variety. All but
five of the other forty reference samples had no uniquely shared Hom-SNPs with the
unknown (Masena B40) sample; B08, B24, B33 and B34 samples had one and B27 sample
had two uniquely shared Hom-SNPs. However, the presence of uniquely shared variants,
although only as high as two Hom-SNPS, indicates the presence of Persisting-data-noise
other than Data-noise Hom-SNPs captured in File-B (Combined Hom-SNPs Data-noise),
which were filtered out. The Persisting-data-noise was also observed when the analysis
was undertaken with only six reference samples including the Masena reference B50 and
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the Eureka reference B45, although the unknown was clearly identified to be the Masena
variety, with 77,281 uniquely shared Hom-SNPs (Figure 5 insert).

Figure 5. Identification of an unknown blueberry sample using uniquely shared Hom-SNPs after
filtering Data-noise and Persisting-data-noise of subclass False-Unique (F1 and F2). H-SNPs/Hom-
SNPs, homozygous SNPs; Bio1, Biological replicate library 1. Hom-SNPs of the unknown sample
(Masena/G10/S40/B40/P1/L1/Unk/Tec-rep#1/Bio1-rep#1) was compared pairwise, using Paired
Variant Comparison (PVC) analysis, with the Hom-SNPs from each of the forty-one blueberry
reference samples (B01 to B39, B50 and B45) used to obtain a Hom-SNPs-(Unk&Ref-B# PVC)-file,
one for each of the forty-one unknown and reference sample pairs. A shared Hom-SNPs file was
generated by combining the Hom-SNPs-(Unk&Ref-B# PVC)-files of all the forty-one unknown and
reference pairs. Shared Hom-SNPs identified between the unknown and each of the reference
forty-one samples were then subjected to variety identification analysis, where (A) post-removal of
Data-noise (*C, S1 and S2), 5806 was the highest number of uniquely shared Hom-SNPs between the
unknown sample (Masena, Bio1, plant1, B40) and the Masena reference sample (Plant2, Bio1, B50). In
addition, between one and two Hom-SNPs were uniquely shared with five other reference samples.
The presence of the uniquely shared Hom-SNPs between the unknown sample and with five other
reference samples indicates the presence of another class of data-noise we refer to as Persisting-data-
noise. (B) The Persisting-data-noise referred to as subclasses False-Unique (F1) and False-Unique (F2)
was originally identified as True-Unique (U1 and U2) from the unknown and Masena reference (B-50)
PVA comparison. Post-removal of Data-noise (*C, S1 and S2) and the False-Unique (F1 and F2), the
number of uniquely shared Hom-SNPs was found to be 5806 between the unknown sample (Masena,
Bio1, plant1, B40) and the Masena reference sample (Plant2, Bio1, B50). Similar results were obtained
when the analysis was undertaken with six reference blueberry varieties (figure-insert).
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Identifying the nature of the Persisting-data-noise was important to its removal for
variety identification with no data-noise. On examining the read mapping and variant
track files corresponding to the reference samples B08, B24, B27, B33 and B34 with the
Persisting-data-noise (Figure 5A), we identified the cause of the Persisting-data-noise to
be due to the presence of SNPs erroneously called Hom-SNPs of the classes True-Unique
(U1) and True-Unique (U2) in the unknown (Masena B40) but correctly called Het-SNPs in
the Masena reference B50 (Figure S12). The PVC-analysis between the unknown (Masena
B40) and the Masena reference B50 (Figure 3B) sample would have erroneously identified
a number of SNPs to be Hom-SNPs in the unknown sample, leading to their inclusion
as the Not-Common or putative Unique Hom-SNPs of the sub-classes True-Unique (U1)
and True-Unique (U2), thus leading to the Persisting-data-noise. As expected, further
filtering of the Persisting-data-noise Hom-SNPs captured in File-C (Combined Hom-SNPs
Persisting-data-noise was undertaken from the file obtained by deducting the Data-noise
captured in File-B (Combined Hom-SNPs Data-noise from File-A (Combined Hom-SNPs).
Post-filtering of the Persisting-data-noise indicated the highest number of uniquely shared
Hom-SNPs (5806) to be between the unknown (Masena B40) and the Masena reference
sample B50 (Figure 5B), with zero uniquely shared Hom-SNPs between the unknown and
any of the other reference samples. Similar results were obtained using the limited set of
six reference samples including the Masena reference B50 and the Eureka reference B45
(Figure 5B insert).

3.12. Quality Metrics of Homozygous SNP Calls in Unknown Samples and Impact on
Variety Identification

The variety identification protocol correctly identified the Unknown sample B40 as
the Masena variety (Figure 5), in addition to nine other biological replicate samples of the
Masena variety (B51-B53, B58-B62 and B68) when treated as unknown samples (Table S8).
Read mapping coverage of the unknown samples was variable (Table S9), with samples
B52, B59, B60 and B61 having an overall read mapping coverage under 20, while sample
B59 had an average read mapping coverage excluding zero coverage of just under 20. The
quality of the homozygous calls in the unknown samples compared to the B50 reference
sample was determined using Quality metrics. The Sensitivity score was above 0.7 for
all samples except 0.61 for B59, and with a low number of false positives in all samples;
the PPV, F-score was high and the % accuracy was nearly 100% (Table S9). These results
indicate the quality and depth of the sequence data, and the mapping and variant caller
software programs lead to high-confidence homozygous SNPs calls being identified.

4. Discussion
Variety identification is important in plant breeding, as it provides plant breeders

with a method to protect the variety generated, thus providing benefits to growers and
producers/funders of the breeding programs. Variety identification in Blueberry, mainly
propagated by cuttings, is vital for the protection, maintenance and policing of elite lines,
important for plant breeders’ rights and the protection of commercial rights. A number
of technologies based on variation present in DNA have been used in plant identifica-
tion [65] making use of single nucleotide polymorphisms (SNPs) [43,49,66]. Here, we
present a protocol for accurate plant variety identification (Figure 4 and Figure S13), using
SNPs identified from whole genome sequence data and applied on commercial blueberry
(Vaccinium, spp.) samples.

The accurate identification of a plant sample using SNPs from NGS data involves best
practice procedures, starting from sample collection to sequence data analysis [67]. Ensuring
the identity of the varieties selected as reference samples and good quality DNA may require
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testing several procedures [68–81]. This is critical for good quality NGS data. Sequence
data at a mapping depth of over 20 (Figure 1), and a suitable variant caller, ensured the
identification of high-confidence homozygous SNPs. The application of Data-noise filtering
steps applied to the homozygous SNPs of an unknown sample and a set of reference
samples ensured high accuracy of variety identification. Reliability of SNP calls at a data
depth of at least 20 was demonstrated in other studies [55,60] ensuring that a Het-SNP is
not erroneously called a Hom-SNP, or conversely, a Hom-SNP when called is a correct call,
which can be due to the disproportionate or non-coincident representation of the Hom-SNP
bases in the mapped sequence reads. Post read mapping, a variant titration (Figure S2) was
used to define the minimum allele frequency required for Het-Variant calling, increasing the
probability of equal representation of both the nucleotides of a Het-SNP location. Although
high data depth ensured Hom-SNP calls with high accuracy (Table S9), the presence of data-
noise indicating unique SNP markers between the unknown and a number of reference
samples but not the matching reference sample (Figure S11) may be interpreted with
doubt and may not provide the certainty required of variety identity in a legal sense for
variety protection [12,24]. Data-noise is embedded within the putative Unique SNPs of
dissimilar varieties (C*, S1 and S2) and between similar varieties (U1 and U2). Data-noise
identified between samples of the same variety, as in Masena samples at an average of
36.5% (Figure 3C), is mainly due to areas of coverage under 20, which can be reduced by
using sequence data with mapping coverage over 20 in these regions. Missing data at 25%
was reported for genotyping by a sequencing (GBS) approach in maize [82], which could
be reduced to half or even lower using imputations approaches [82,83] but at the expense
of an increased genotyping error rate, which was found to be 0.7% [84]. We identified
missing data (U2) of 0.29% as False-True-Unique Hom-SNPs identified from the PVC-
analysis between 55 Masena sample combinations (Figure 3C). Kmer-based heterozygosity
has been reported to be 1.27% [85]. Based on the heterozygosity between 0.85% and 1%,
equating to 5.1 to 6.0 M Het-SNP sites in the blueberry genome (600 Mb), we estimate
17,400 of the Het-SNPs to be erroneously called Hom-SNPs, corresponding to a 0.29% error
rate (Data-noise U2). The application of the developed data-noise filtering framework
(Figure 4), which was tested across nine other unknown samples (Table S8), eliminated any
ambiguity in variety identity. The “Variety identification Protocol 1” (Figure 4), outlines
the method development process for variety identification including the concept around
identification and the removal of the Data-noise and the Persisting-data-noise. Application
of the Data-noise framework eliminates all data-noise, resulting in Unique Hom-SNPs only
between two samples, the unknown and a reference sample, but not with any of the other
reference samples (Figure 4).

Prior to NGS, prevailing molecular marker technologies had limited use in under-
standing the genetic diversity in the blueberry group [86–88]. Microsatellite markers were
used in a limited manner for genetic analysis of the various groups of blueberry [89]. The
use of GBS aided in identifying SNPs for genetic diversity and population structure anal-
ysis and phenological traits [90]. Microsatellite markers have also been used for genetic
diversity analysis varietal identification, although they require cumbersome non NGS ap-
proaches [91,92]. However, unlike NGS, these methods, in general, had limitations (Table 5).
The protocol developed here (Figures 4 and S13), is economical, as the generated sequence
data of the reference samples can be reused and is also forward compatible, as sequence
data of additional reference samples can be added to expand the sequence data of the
reference sample cohort. The cost of SNP genotyping per data point using NGS has been
reduced [45,93], and thus this approach is suited to variety identification. High-throughput
approaches using NGS and reduced representation approaches such as GBS [50,52,54] or
SNP array-based approaches such as Axiom, Infinium and MassARRAY iPLEX [30] are ap-
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propriate for screening large samples for genetic diversity and other genetic studies. Other
methods for variety identification are not suitable as they lack reliability and reproducibility
and require the re-analysis of all samples when new varieties are introduced.

Table 5. Comparison of methods for DNA-based plant variety distinction.

Method Sensitivity to Distinguish a Closely
Related Variety Need for Prior Information

SSR very low 1 Requires prior identification of SSR loci

Specific SNP very low 1 Requires prior selection of distinguishing loci

Whole genome sequence High 2 No prior analysis required
same for all species

1 Marker set may not distinguish unknown variety. Match does not establish identity and failure to match would
suggest not a variety in reference set. 2 Can distinguish any difference in genome regardless of presence in
reference set. Match confirms identity and failure to match confirms not in reference set.

Accurately identifying a plant sample may also impact plant identification for other
applications, such as the ex situ maintenance of plant collections, essential for the conservation
of important species including elite crop plant lines [18,19]. Well-established methods, such as
seed banking, tissue culture, cryopreservation and living plant collections [21,22,94–97], could
also benefit. Longterm genetic testing may be required of ex situ, founder accessions and
native individuals for maintenance and reintroduction for biodiversity or commercial ap-
plications [18,98]. The importance of accurate plant variety identification for maintenance,
orchard management and multiplication and the commercialization/sale of elite lines cannot
be underestimated in horticultural crops. The inadvertent sale of erroneous lines of clonally
propagated fruit trees can adversely impact commercialization, especially if the life cycle
continues for several years before the error is realized. The data-noise reduction method can
have applications in SNPs for phenotypic trait association using individual or bulk samples
association analysis, using whole genome sequence data studies [79,99] or using expression
sequence data sets [100].

In addition, genetic testing for distinctiveness can be part of the DUS test (distinctness,
uniformity and stability) and a means of establishing plant breeders’ rights [15]. Use
of this method could support applications for plant variety protection and be used to
police intellectual property rights. These analyses provide data to establish the identity
of protected varieties in disputes over ownership. Other approaches not involving WGS
may not provide definitive evidence. Claims of identity of varieties based upon incomplete
genome analysis may be open to challenges in IP disputes.

5. Conclusions
The SNPs data for the 41 blueberry samples should allow any blueberry variety within

this cohort of blueberry samples to be identified. All varieties were easily associated
with one of the genotypes in this group of varieties. Additional varieties can be added
to expand the reference sample cohort for the application of the technique to unknown
samples that need to be considered. Using this protocol to identify varieties in specific
regions would need to include all known varieties from that region. The SNP data can
also be used to identify variety-specific SNPs which are not present in any of the other
blueberry varieties within this cohort of forty-one reference samples. The variety-specific
SNPs could be used to develop a cost-competitive assay test to identify blueberry varieties
within a given cohort. This would be useful in the screening of larger numbers of samples
in applications, such as when policing the sale of protected varieties on sale in a retail
environment. The concept of identifying and the removal of data-noise is not restricted
to the use of the CLC Genomics Workbench and can be developed and applied using any
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software programs, including command-line approaches. This approach can potentially
be applied in other plant species for which variety identification is required, providing a
robust genetic approach to variety identification in support of the protection of biosecurity,
food safety and intellectual property. Given the trend of the reduced cost of sequencing, it
is possible to aim for over 20× sequencing for species with higher genome size. Alternately,
it is possible to apply this method using a lower sequence data size, provided that enough
unique candidate SNPs at a mapping depth of 20 and above are identified and informative
in discriminating the required varieties. The method may also be applicable to validate
varieties from closely related species.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/applbiosci4040051/s1, Figure S1: QC data of the extracted blueberry
DNA; Figure S2. Short read paired end trimmed sequence read data of 77 Blueberry DNA samples;
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