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Abstract

The European Union (EU) enforces strict regulations on the traceability and labeling of genetically modified organisms (GMOs), including
genome-edited (GE) lines produced through new genomic techniques (NGTSs). Identifying GE organisms created by single nucleotide
variations (SNVs) is however challenging, as a single SNV alone cannot unambiguously define a GE line.

Recently, we introduced the concept of generating a genetic fingerprint to distinguish a specific GE rice line. This proof-of-concept approach
integrated whole-genome sequencing (WGS)-based characterization with the Illumina technology, the public 3 K Rice Genomes (3KRG)
database, and statistical feature-selection tools, to select and combine key genetic elements, including GE on-target site(s) and cultivar-
specific 2-SNV barcodes, into a unique genetic fingerprint.

In the present study, we expand this concept into a generalized data-driven framework allowing identification of multiple rice lines.
Supported by newly developed bioinformatics and statistical feature-selection-based pipelines, this optimized strategy enables the
generation of genetic fingerprints irrespective of a rice cultivar’'s inclusion in publicly available databases like 3KRG. In addition, this
refined strategy can leverage WGS data generated from both Illumina and Oxford Nanopore Technologies (ONT) platforms for fingerprint
generation and GE line identification. Using two distinct in-house GE rice lines from different cultivars, along with various publicly available
WGS datasets, we demonstrated the robustness, scalability, and specificity of this approach for reliable GE rice line identification. Our
findings provide a methodological foundation for data-driven traceability of GE rice lines, reinforcing regulatory compliance, supporting
intellectual property (IP) protection, and contributing to the responsible implementation of EU GMO/NGT legislation.
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Introduction

The European Union (EU) enforces strict legislation on genetically
modified organisms (GMOs) [1], including genetically modified (GM)
food and feed products [2], as well as their import and market dis-
tribution. These regulations aim to protect the safety of food, feed,
and the environment while ensuring consumer freedom of choice. In
July 2018, the European Court of Justice (EC]) ruled in Case C-528/16
that organisms produced via directed mutagenesis techniques, such as
clustered regularly interspaced short palindromic repeats (CRISPR) [3,
4] and base editing (BE) [5], a CRISPR-derived approach that enables
precise single-nucleotide changes without double-strand breaks or
homology-directed repair, fall under the definition of GMOs according
to Directive 2001/18 EC [6]. This decision clarified that new genomic
techniques (NGTs) are subject to the same risk assessments, traceabil-
ity, and labeling obligations as conventional GMOs, in which foreign
genetic elements are introduced into the genome of the target vari-
ety [7]. Therefore, robust detection methods for genome-edited (GE)
lines are needed to ensure compliance with traceability and labeling
requirements [8, 9]. Beyond regulatory compliance, accurate identifi-
cation of GE lines also provides critical support to biotechnology devel-
opers by protecting intellectual property (IP) associated with novel GE
varieties and enabling responsible monitoring of proprietary lines.
While NGTs enable precise genome editing, identifying the result-
ing GE lines can be especially difficult when the modifications are
minimal, and not unambiguously distinguishable from natural vari-
ations or from modifications introduced by techniques not regulated
under EU GMO legislation [10], such as EMS (ethyl methanesulfonate)
modifications. The nature of the genetic edits introduced by NGTs
can vary considerably among GE lines; some carry multiple modifica-
tions, such as several single nucleotide polymorphisms (SNPs) and/or
combinations of insertions and deletions (indels), while others may
contain only a single, precise edit [11]. When multiple SNPs/indels
are present, detecting the presence of a GE line can be done with
relatively high confidence, as the likelihood of the same combination
of edits occurring naturally at the exact same genomic positions is
extremely low. Even so, such cases still remain technically demand-
ing, requiring dedicated method development, as the nature of these
edits differs fundamentally from those in conventional GMOs that
involve the insertion of foreign genetic elements [12]. For GE lines
where the genetic modification involves only a single SNP or a small
indel, confidently distinguishing the GE line from natural variations
becomes more difficult because such subtle changes could potentially
arise spontaneously in non-GE lines or already exist in different
cultivars, making it challenging to determine whether the mutation
was introduced naturally or through targeted editing [13-15].
Polymerase chain reaction (PCR)-based methods are the gold stan-
dard for the detection and unambiguous identification of conven-
tional GMOs [11]. Recently it was shown that such PCR strategies
can be used to detect a single nucleotide variant (SNV) of a GE line
according to EU standards [11] and therefore can serve as a useful
preliminary screening tool for detecting GE lines, particularly when
prior knowledge of the target sequence exists. However, PCR-based
approaches alone are not always optimal for unambiguously identi-
fying GE lines. Detecting only the on-target site introduced by genome
editing is not sufficient to confirm that a given variant was produced
by an NGT rather than occurring naturally or through other non-
NGT methods. Consequently, targeting additional genomic regions
is required to accurately identify and confirm the target line, for
which (q)PCR might not be the most well-suited technique. Therefore,
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while (q)PCR can support sample prioritization and quantification
of GM events, sequencing-based approaches, such as whole-genome
or targeted deep sequencing, are of added value to obtain sufficient
sequence context for the accurate identification of GE lines carrying
single or multiple modifications [13, 15].

To address previous limitations in GE line identification, we recently
developed a novel strategy integrating whole-genome sequencing
(WGS) data, public databases, and statistical feature-selection [10]. In a
proof-of-concept study, this approach enabled the creation of a unique
genetic fingerprint for a CRISPR-Cas9-edited Nipponbare rice line car-
rying a single indel. The fingerprint combined the on-target modifica-
tion with cultivar-specific 2-SNV barcodes, comprising 145 combina-
tions of 99 unique SNVs. While this initial study demonstrated the fea-
sibility of identifying a GE line with high confidence, it was restricted
to a single cultivar represented in public databases and relied exclu-
sively on short-read sequencing and PCR-based detection [4, 12].

Building on this initial proof of concept [10], the present study
generalizes the concept into a universal, data-driven framework for
GE rice line identification. Here, we explored WGS as a single, inte-
grative strategy compatible with both short- and long-read platforms,
[lumina and Oxford Nanopore Technologies (ONT). Three key genetic
elements were considered: (i) the on-target modification introduced
by NGTs [16-18], (ii) potential off-target modifications [19, 20], and
(iii) cultivar-specific 2-SNV barcodes. The most stringent scenario,
detection of a single-SNV edit, was used to evaluate the method’s
robustness. This methodology is generally applicable to GE and wild-
type (WT) rice cultivars, including those absent from public databases.
By integrating short- and long-read sequencing technologies with
statistical feature-selection-based fingerprint construction, we estab-
lished a robust two-stage pipeline for generating the cultivar specific
2-SNV barcodes of a given GE rice line and for detecting these unique
2-SNV barcodes. Although additional work is needed to define the
minimal 2-SNV barcode set for regulatory applications, our findings
provide a methodological framework for accurate and traceable GE
rice line identification, thereby strengthening traceability, regulatory
compliance, intellectual property (IP) protection, and establishes a
solid foundation for responsible innovation of GE lines together with
the freedom of choice of EU consumers.

Results

In the present study, we developed an optimized workflow for the
generation and detection of genetic fingerprints from Illumina and
ONT WGS data (Fig. 1). This workflow includes quality control of WGS
data, alignment to the reference genome and germline variant calling
using two filtering strategies: a stringent filter applied to generate
high-confidence 2-SNV barcodes for fingerprinting and a more lenient
variant filter to evaluate barcode specificity, ensuring that the finger-
prints were unique to the cultivar of interest and absent from other
cultivars.

To challenge the workflow’s fingerprint generation and detection
capabilities, we evaluated it using two case studies. The first involved
a CRISPR-Cas9-edited Oryza sativa Japonica Nipponbare carrying an
indel, on chromosome 8 at position 685,053, an insertion of an adenine
(A), absent from the known O. sativa gene pool [10]. Based on our
analysis, the difference between the reference Nipponbare genome
used in the 3KRG dataset and our in-house WGS Nipponbare data is
~0.05% in the 160 K high quality SNP positions. The second case study
examined a BEnCas9-edited O. sativa Japonica Kitaake line (KitGE)
containing a single SNP (C/G to T/A), on chromosome 10 at position
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Figure 1 Workflow used in this study for generation and detection of genetic fingerprints from WGS data. Steps involved in fingerprint generation,
fingerprint detection, and those shared between both processes are shown in blue, yellow, and black, respectively.

22,451,559, that is naturally found in O. sativa Indica but absent from O.
sativa japonica gene pool. The Kitaake cultivar is also not represented
in the 3KRG database.

High-quality variant profiles could be generated from
both Illumina and ONT-based whole-genome
sequencing data

For both fingerprint generation and detection, germline variant call-
ing was performed for all Kitaake and Nipponbare samples (Table 1).

The total number of variants was substantially lower in Nipponbare
samples compared to Kitaake samples, which was expected since
the Nipponbare reference genome, the most complete rice refer-
ence genome available, was used for the read alignment of all sam-
ples. Additionally, across both cultivars, the total number of variants
detected using the ONT platform was higher than in the Illumina
datasets. A region-specific analysis of the variants uniquely identified
by ONT and Illumina was conducted (data not shown), revealing
that ONT outperformed in detecting variants located near indels and
within complex genomic regions, such as repetitive sites.
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Table 1 Quality metrics for Kitaake and Nipponbare samples from both genome-edited and wild-type lines, sequenced on Illumina and ONT
platforms with the total numbers of variants, as well as the counts of SNPs and indels. For the ONT data, only the merged results are shown
(number of flow cells is included in brackets), as these merged data was used for the analysis. DOC: Depth of coverage, BOC: Breadth of coverage (at a
minimum depth cut-off set to 20x), and Fold80: The fold-change in sequencing depth required for 80% of target bases to reach the mean DOC (lower
values indicate more uniform coverage). The total number of variants does not exactly match the sum of SNPs and indels because multiallelic sites
and other variant types may also be present. Abbreviations: KitWT = Kitaake wild-type; KitGE = Kitaake genome-edited; NipWT = Nipponbare wild-type;

NipGE = Nipponbare genome-edited.

Line Platform Replicate Median DOC % BOC
KitWT Illumina 1 295 97.80
2 317 97.83
ONT Merged (5) 54 96.79
KitGE Illumina 1 322 97.89
2 401 97.97
ONT Merged (4) 36 89.39
NipWT Illumina 1 362 99.53
2 373 99.55
3 244 99.43
4 351 99.51
ONT Merged (4) 30 94.99
NipGE Illumina 1 322 99.52
2 343 99.48
3 260 99.49
4 229 99.44
ONT Merged (5) 31 94.54

A comparison of variants across WT and GE lines to identify
shared and unique variations was performed (Supplementary Data,
Fig. S1). First, for each Kitaake and Nipponbare cultivar, variants
shared among all WT and GE lines were extracted to determine the
common variants within each cultivar resulting from the shared
genetic background of the used line. Next, for each of the two cultivars,
variants present in the GE line but absent in the WT line were
extracted to define those unique to the GE lines of each cultivar
(Supplementary Data, Fig. S1). For 2-SNV barcode generation in
the Kitaake rice lines, only SNVs consistently observed across all
Kitaake wild-type (KitWT) replicates were retained to ensure cultivar
specificity. Overall, GE lines generally exhibited more variants than
their WT counterparts for both Kitaake and Nipponbare. An exception
was observed in the KitGE ONT dataset, which showed fewer variants
than KitWT, likely due to lower breadth of coverage in this sample
(Table 1).

Optimization and extension of the genetic fingerprint
generation framework to cultivars not represented in
the 3KRG database

Based on the recently developed genetic fingerprint for a CRISPR-
Cas9 GE O. sativa L. japonica Nipponbare line (NipGE), where the
available Nipponbare WT (NipWT) genotype was used from the 3KRG
database [10], we aimed to test whether a similar strategy, enhanced
with novel WGS data, could be used to generate a fingerprint for the
Kitaake cultivar. Since Kitaake is not included in the 3KRG database,
this approach allowed to assess if a fingerprint could be generated
without existing reference data. The resulting fingerprint was based
on investigation of the main genetic elements described by Fraiture
etal (2025) [10], namely the on-target site, possible off-target sites, and
cultivar-specific 2-SNV barcodes. To generate 2-SNV barcodes, geno-
type reconstruction was first performed to obtain high-confidence
variant profiles from the sequencing data. This was followed by a

Fold80 # SNPs # Indels Total number of variants
1.43 263797 54 459 318 188
1.43 263720 54 388 318 042
1.40 323035 64 440 387 154
1.27 264 586 54 980 319503
1.27 263 899 54 474 318 308
1.48 308 648 63474 371 811
1.27 7692 2093 9781
1.26 7727 2069 9793
1.31 7567 2016 9578
1.28 7721 2036 9752
1.39 11 827 5214 16 966
1.30 7950 2620 10 562
1.33 7885 2556 10438
1.31 7925 2545 10 463
1.32 7850 2539 10 386
1.49 12,305 5241 17 456

feature selection step to identify informative SNVs suitable for dis-
tinguishing between cultivars. Finally, an exhaustive screening of all
possible 2-SNV combinations was conducted to identify robust and
unique 2-SNV barcodes.

Off-target modifications could not be detected

The presence of off-target CRISPR-Cas9 effects was assessed as one
of the potential components of the genetic fingerprint for the iden-
tification of a GE line. Potential off-target sites were identified based
on the PAM and protospacer sequences used for the BEnCas9 edit. In
total, 24,704 potential off-target sites were computationally predicted
for KitGE using sequence similarity to the BEnCas9 guide RNA. These
regions were then screened using the set of KitGE-specific variants
to identify mutations matching the specific nucleotide change intro-
duced at the on-target site. Four such SNVs were detected in the ONT
data, but none were observed in the Illumina datasets (Supplementary
Data, Table S1). Further examination showed that all four ONT-specific
SNVs were located within repetitive regions. However, since these
candidate off-target SNVs were not confirmed in the Illumina WGS
data, we opted to exclude them from the fingerprint.

Cultivar-specific 2-SNV barcodes generated based on an
in-house WGS-based genotype

As Kitaake is not included in 3KRG, its variant profile was initially
unknown. Therefore, a novel pipeline was implemented to generate
cultivar-specific barcodes based on variant profiles derived from WGS
data. The pipeline first established the Kitaake genotype at the 160 K
SNP positions present in 3KRG, using Illumina and/or ONT WGS data,
and then generated cultivar-specific 2-SNV barcodes following the
strategy described in Fraiture et al. (2025) [10].

To assess the robustness and cross-platform applicability of the 2-
SNV barcode generation approach, Kitaake-specific 2-SNV barcodes
were generated using three different strategies: (i) variants called from
the Illumina dataset, (ii) variants called from the ONT dataset, and (iii)
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Table 2 Summary of the final number of 2-SNV barcodes and unique SNVs generated for Kitaake-specific barcodes using data from Illumina,
ONT, or both platforms combined. The table illustrates the total number of 2-SNV barcodes, and the unique SNVs included in the 2-SNV barcodes,
with a breakdown of alternative and reference alleles. The final column indicates the number of chromosome arms (out of 24) covered by the generated
2-SNV barcodes: One arm of chromosome 9 was missed in the 2-SNV barcodes generated from Illumina and consequently from shared Illumina-ONT
variants, whereas all 24 chromosome arms were covered in the ONT-derived 2-SNV barcodes.

Platform # 2-SNV Barcodes # Unique SNVs

allele
Illumina 1453 280 220
ONT 2018 361 278
Combined 902 214 161

variants shared between the Illumina and ONT platforms (Table 2).
For generating the Kitaake-specific 2-SNV barcodes from the Illumina
platform, two KitWT replicates were used (Table 1). Stringent filtering
was applied to the shared variants in the two KitWT samples to reduce
false positives as well as false negatives when identifying the Kitaake
genotype across 160 K SNP positions in the 3KRG dataset.

Using the high-confidence SNP positions from the Ilumina
platform, Kitaake-specific 2-SNV barcodes were generated from
280 unique SNVs, producing 1453 barcodes, each consisting of a
pair of SNVs that could uniquely distinguish Kitaake from other
rice accessions (Table 2; Supplementary Data, Table S11). The same
approach was applied to KitWT data from the ONT platform, resulting
in 2018 2-SNV barcodes generated from 361 unique SNVs (Table 2;
Supplementary Data, Table S12). Despite using the same filtering
approach for variant quality and sufficient read depth, the ONT data
yielded 340 more variants within the 160 K SNP positions used for 2-
SNV barcode generation to the Illumina based dataset. Consequently,
the ONT dataset based 2-SNV barcode set contains a substantially
higher number of 2-SNV barcodes than the Illumina based dataset.

Subsequently, the same 2-SNV barcode generation approach was
applied using only high-quality variants shared between both Illu-
mina and ONT datasets to ensure robust detection across platforms.
Although this strategy reduced the total number of generated 2-SNV
barcodes, it increased the stringency of variant selection, thereby
helping to minimize the risk of false-positive 2-SNV barcodes. This
method generated 902 2-SNV barcodes containing 214 unique SNVs
(Table 2; Supplementary Data, Table S13).

Each set of 2-SNV barcodes generated using these three approaches
could cover at least 23 out of the 24 rice chromosome arms (Fig. 2), i.e.
23 arms when using I[llumina data and the shared variants between
both platforms, and all 24 arms when using only the ONT data, demon-
strating the comprehensive representation of the genetic background
achieved by these 2-SNV barcodes.

A comparison of the barcodes generated from each approach high-
lighted that a total of 730 2-SNV barcodes were common across all
three approaches (Supplementary Data, Fig. S2). In addition, 123 2-
SNV barcodes were found to be unique to the approach based on
shared variants. This uniqueness can be explained by the feature
selection process in the fingerprint generation pipeline, where the top
500 highest-ranked SNPs were selected. Although the SNVs forming
these 123 2-SNV barcodes were present in both Illumina and ONT
datasets, they did not rank among the top 500 SNPs when each
platform was analyzed independently. Instead, platform-specific SNPs
with higher rankings were selected in the Illumina- and ONT-based
approaches, excluding these 123 shared 2-SNV barcodes.

# SNVs with alternative

# SNVs with reference # Chromosome arms

allele covered
60 23
83 24
53 23

Genetic fingerprints allow robust and specific
detection of rice lines from both in-house and public
WGS data

In this study, genetic fingerprints for the KitGE and KitWT lines were
successfully generated using WGS data from multiple sequencing
platforms, while an Illumina-based genetic fingerprint was previously
designed for the NipGE and NipWT lines by Fraiture et al. (2025) [10].
These fingerprints can be used as unique identifiers to unambigu-
ously identify the intended GE line. To assess the performance of this
detection strategy, we evaluated whether the previously generated
fingerprints for NipGE and NipWT and the fingerprints for KitGE and
KitWT generated in the present study, could be reliably detected in
WGS data from pure rice lines. This included in-house samples of
Kitaake and Nipponbare sequenced using both Ilumina and ONT
technologies, as well as publicly available GE (distinct from the in-
house GE line) and WT samples from both cultivars.

Prior to presenting the results, it is crucial to highlight the distinction
between the fingerprint generation described in section 2.2 and the
fingerprint detection addressed in this section (Fig. 1). In the previ-
ous section, three sets of fingerprints were generated through strict
filtering of variants from Illumina, ONT, and variants shared between
these two datasets. In contrast, this section focuses on detection of
these fingerprints across various in-house and publicly available WGS
datasets generated using both Illumina and ONT platforms, including
both WT and GE lines, for which more lenient variant filtering criteria
were applied.

Fingerprints were successfully detected in in-house samples

To evaluate the detection performance and technical reproducibility
of the generated fingerprints, we tested in-house samples derived
from the same lines used earlier for fingerprint generation (see section
2.2.2). High detection rates were expected in these samples, as they
originated from the same lines employed to develop the fingerprints.

First, the ability of the Illumina and ONT variant-calling pipelines to
detect the on-target modification was assessed in all KitGE and NipGE
samples. The on-target modifications were successfully detected in all
cases, and were confirmed to be present only in their respective GE
lines and absent from their WT counterparts.

Subsequently, all GE and WT samples (Table 1) were evaluated to
assess whether the generated cultivar-specific 2-SNV barcodes could
be reliably detected across different sequencing platforms. Overall,
our results demonstrated that all three sets of Kitaake-specific 2-
SNV barcodes were detected at high rates across all samples and
sequencing technologies (Fig. 3; Supplementary Data, Tables S2-S4).
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Figure 2 Distribution of key genetic elements across the 24 chromosome arms for KitGE using different sequencing platforms. Each colored track
within the plot represents a unique 2-SNV barcode specific to the Kitaake cultivar, and the arrow on chromosome 10 highlights the location of the on-
target modification. (A) KitGE fingerprint generated from the Illumina platform (green); (B) KitGE fingerprint generated from the ONT platform (blue);
(C) KitGE fingerprint generated from variants shared between the Illumina and ONT platforms (red).

For all in-house samples sequenced using either the Illumina or ONT
platform, the vast majority (>96%) of barcodes were successfully
detected, demonstrating the cross-compatibility of fingerprints gener-
ated by both sequencing technologies. Overall, the average detection
rates for barcodes generated using Illumina, ONT, and both platforms
combined, were 99.59%, 99.36%, and 99.37%, respectively. The results
suggest that barcodes generated using the Illumina platform exhibited
a slightly higher detection rate compared to ONT, although the differ-
ence was minimal and primarily attributable to the lower read quality
of ONT at those positions. However, no substantial improvement in
detection rate was observed for 2-SNV barcodes generated from vari-
ants shared between both platforms. In all cases where a small pro-
portion of 2-SNV barcodes remained undetected, this was attributed
to variant filtering thresholds applied during fingerprint detection,
such as minimum variant quality or read depth cutoffs. Specifically,
the SNVs constituting these barcodes met the required quality and
depth criteria in the replicates used for barcode generation, but in

some of the other replicates used for detection of 2-SNV barcodes, a
small proportion of SNVs failed to meet these thresholds.

As our previous study [10] employed only targeted Illumina
sequencing for fingerprint detection, the Nipponbare-specific bar-
codes were assessed for detectability using WGS Illumina and ONT
data. This analysis demonstrated that 100% of the Nipponbare
cultivar-specific 2-SNV barcodes could be detected in all NipWT and
NipGE samples (Supplementary Data, Table S5). Finally, none of the
Kitaake 2-SNV barcodes were found in Nipponbare samples and none
of the Nipponbare 2-SNV barcodes were detected in Kitaake samples,
confirming the specificity of this approach.

Fingerprints were successfully detected in publicly available
samples

To further assess the robustness and the general applicability of the

fingerprinting approach including the generated cultivar-specific 2-

SNV barcodes, multiple Kitaake and Nipponbare WGS datasets were
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Figure 3 Detection of Kitaake 2-SNV barcodes across different sequencing platforms using in-house samples. The top and bottom plots illustrate the
percentages of detected 2-SNV barcodes and SNVs constituting the barcodes. These 2-SNV barcodes were derived from Illumina and ONT sequencing
data separately, as well as the set of shared variants between the two platforms (Ilumina+ONT). The rows in both plots correspond to the 2-SNV
barcodes generated using each sequencing technology, and the bars represent individual samples.

downloaded from NCBI for an independent performance validation.
Some NCBI projects included multiple replicates of the same line;
the corresponding SRA IDs are provided in the Supplementary Data,
Tables S6-S9. These samples were selected from different projects
on NCBI to ensure broad representation of the Kitaake and Nippon-
bare backgrounds, encompassing multiple lines. Both GE and WT
samples were included for each cultivar, with WGS data generated
using Illumina and ONT platforms. Several GE lines were analyzed,
which differed from the in-house NipGE and KitGE lines (Fig. 4). These
GE lines were therefore characterized using cultivar-specific 2-SNV
barcodes identified in this study, combined with their corresponding
introduced on-target modification.

First, the on-target GE sites were successfully detected in the Nip-
ponbare and Kitaake mutant samples for which GE site information
was publicly available. In the Nipponbare line, the on-target edit
was located on chromosome 3 at position 29 303 125 (GC to G). In
the Kitaake line, on-target edits were detected on chromosome 4 at
positions 23 362 019 (A to G) and 23 362 021 (A to G) of the same line.
Consistent with previous studies [21, 22], no off-target effects were
identified in those Kitaake and Nipponbare samples.

Second, across all Kitaake datasets, the vast majority of the gener-
ated 2-SNV barcodes could be detected (Fig. 4). Overall, an average of
99.95%, 99.15%, and 99.99% of 2-SNV barcodes generated from Illu-
mina, ONT, and shared variants between both platforms, respectively,
were detected in Kitaake WGS public data. Similar to the in-house
datasets, 2-SNV barcodes generated on the Illumina platform could be
identified in Kitaake lines sequenced with ONT, and conversely, 2-SNV
barcodes from ONT sequencing were detectable in Illumina data.

For Nipponbare samples, the detection rate ranged from 47% to
100%. The lower detection rates observed in some samples were due
to low depth and breadth of coverage of the WGS datasets, as detailed
in the supplementary data (Table S9). Consequently, the majority of
missing 2-SNV barcodes in the public data resulted from low variant
quality scores (below 20 and 10 for Illumina and ONT data, respec-
tively) and inadequate sequencing depth (below 5x). Additionally, a
small proportion of 2-SNV barcodes was missing because the specific
SNVs were absent. In some cases, the reference allele was present at
the expected variant position instead of the alternative allele. These
positions were manually inspected using IGV to ensure the missing
SNVs were not due to limitations in our variant calling pipeline,
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Figure 4 Detection of Kitaake and Nipponbare 2-SNV barcodes across different sequencing platforms using public data from NCBI. The top heatmap
plot displays the percentage of 2-SNV barcodes detected in Kitaake samples, where the rows correspond to the 2-SNV barcodes generated using
each sequencing technology, and the bars represent individual samples. The bottom plot illustrates the same metrics in Nipponbare samples. The
Kitaake 2-SNV barcode sets were derived from Illumina and ONT sequencing data, as well as the set of shared variants between the two platforms
(Illumina+ONT), while the Nipponbare 2-SNV barcode set was derived from Illumina data [10].

confirming that the reference alleles were indeed present instead of
the alternative alleles.

To further assess the specificity of the approach, nine negative
control samples from Basmati, Aus, Indica, and Japonica cultivars
were included from different NCBI projects. These downloaded WGS
datasets were originally generated using [llumina or ONT technology
(Supplementary Table S10). As expected, the analysis revealed that
no Kitaake nor Nipponbare 2-SNV barcodes were detected in any of
these samples. Furthermore, since the on-target BEnCas9-edited SNV
of the KitGE line was known to naturally occur in Indica cultivars
[23], we verified the presence of this SNV in the Indica samples. All
Indica samples from both Ilumina and ONT platforms were found
to carry a natural mutation identical to the on-target BEnCas9-edited
site of the KitGE line, highlighting the need for a cultivar-specific
marker in addition to GE-site detection to identify a GE line with high
confidence.

Sequencing quality thresholds for confident line
identification

Based on the data presented in Supplementary Table S14 available
online at http://bib.oxfordjournals.org/, we evaluated fingerprint
detection performance across different sequencing depths for
cultivars sequenced in-house using both [llumina and ONT platforms.
Across platforms, these results indicate that an average sequencing
depth of >11x, combined with >98% breadth of coverage and a Fold-
80 base penalty <2, is sufficient for reliable detection of both SNP-
and indel-based GE events. At this recommended depth, the pipeline
consistently identified the on-target edit in over 95% of replicates
(corresponding to the LOD95 threshold) and detected more than 79%
of the 2-SNV barcodes.

To further validate that an average sequencing depth of 11x is suf-
ficient for reliable fingerprint detection, we generated 2-SNV barcodes
for 10 additional accessions from the 3KRG database and downloaded
their corresponding WGS datasets from NCBI. These datasets were
then down-sampled to 11x (Supplementary Table S15). Across all
independent accessions, between 66% to 95% of cultivar-specific 2-
SNV barcodes were successfully recovered, confirming that the recom-
mended depth is adequate for robust fingerprint detection in diverse
samples. Furthermore, we calculated the false-positive rate for these
cultivars. With the exception of two cases, no false-positive 2-SNV
barcodes were detected. The first case had a very low false-positive
rate, corresponding to 0.46% Bhadoia 2-SNV barcodes detected in
Pankhari. The second case had an even lower rate, where 0.06% Poe-
noet Hitam barcode was incorrectly identified in PANKHARI. Overall,
these values are extremely low, and the vast majority of barcodes
correctly identified their corresponding cultivars.

Discussion

The EU enforces strict regulations on the traceability and labeling of
GMOs, including GE plants generated through NGTs. Consequently,
robust analytical frameworks capable of distinguishing GE lines from
conventionally bred or WT varieties, are essential to ensure regulatory
compliance, market transparency, and consumer protection. How-
ever, the suitability and effectiveness of identification strategies vary
substantially depending on the type and complexity of the underlying
genetic modifications.

Large-scale insertions or deletions facilitate GE line identification
because the likelihood of such precise events arising naturally is
extremely low. In contrast, one of the most challenging scenarios arises
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when GE lines differ from their WT counterparts by only a single SNP
or a small indel. In such cases, detecting the on-target edit alone is
insufficient to confirm the GE nature of the line, as the same SNV
may naturally occur in other rice accessions. This underscores the
need to integrate additional key genetic elements to achieve confident
identification.

The genetic fingerprinting concept combines two critical com-
ponents: the GE-specific elements such as the on-target [5] and
potential off-target modifications, and cultivar-specific 2-SNV bar-
codes. Together, these elements form a robust genetic fingerprint
capable of distinguishing even single-SNV GE rice lines. However,
developing accurate cultivar-specific 2-SNV barcodes requires access
to a comprehensive genotype database that enables the identification
of unique SNVs distinguishing the target cultivar [10]. While the
3KRG database provides extensive genomic data for 3024 accessions
[24] spanning five major rice varietal groups, indica, aus/boro,
basmati/sadri, tropical japonica, and temperate japonica, not all rice
accessions are represented [25].

In this study, we expanded the concept of genetic fingerprinting
into a generalized, data-driven framework for the identification of
GE rice lines. Importantly, the framework was designed to generate
de novo fingerprints directly from raw WGS data, without reliance
on pre-existing genotype information from public resources such
as 3KRG. This capability represents a key advance over previous
approaches and substantially broadens applicability to uncharacter-
ized or proprietary cultivars lacking reference genotypes. Beyond
this, we have extended our framework to support cross-platform
interoperability, allowing fingerprints generated from Illumina data
to be reliably detected using ONT data and vice versa. This cross-
technology compatibility is critical for real-world deployment, where
sequencing platforms may vary between laboratories. Furthermore,
through down-sampling and LOD95 analyses, we have established
a practical threshold for minimum sequencing depth required for
robust detection (~11x) and demonstrated scalability though eval-
uation of 10 additional cultivars. This was provided as an openly
available command-line tool (RiSpy) that allows other researchers to
perform fingerprint detection.

As a case study, a O. sativa L. japonica Kitaake line carrying a
BEnCas9-introduced SNV was used to demonstrate the feasibility
of reconstructing a rice genotype that is not represented in the
3KRG database, which can subsequently be used to generate
cultivar-specific 2-SNV barcodes. Importantly, this edited line (KitGE)
harbors a mutation that occurs naturally in the Indica gene pool,
illustrating the strength of a cultivar-based 2-SNV barcode approach
for distinguishing engineered variants from naturally occurring
polymorphisms. Therefore, even when the edited SNV is shared
across multiple varietal groups, the pipeline can still unambiguously
identify the correct cultivar through its associated barcode profile. This
illustrates the framework’s ability to distinguish engineered variants
from naturally occurring polymorphisms. Additionally, the workflow
supports the use of WGS data from different platforms, i.e., lllumina
and ONT, for the fingerprint generation and detection, illustrating a
flexible and scalable approach to GE rice traceability.

To evaluate the performance and robustness of this framework,
we first generated and analyzed high-quality variant profiles from
both Illumina- and ONT-based WGS data, which form the foundation
for fingerprint construction. Due to ONT’s ability to span repetitive
regions and structural variants that shorter Illumina reads may miss,

the ONT dataset yielded a larger pool of variants, an observation con-
sistent with the findings of Hall et al [26]. Subsequently, the obtained
variant profiles were employed to generate the genetic fingerprint
by examining the three key genetic components described by Frai-
ture et al. (2025) [10]: the modified on-target site, potential off-target
effects, and the cultivar-specific 2-SNV barcodes. Regarding the poten-
tial off-target effects, although modern CRISPR-Cas9-based systems are
designed to minimize unintended edits [27], off-target alterations were
anticipated in the KitGE line due to the use of an older version of the
CRISPR-Cas9-based system [28]. Indeed, four candidate off-target SNVs
were exclusively identified with ONT WGS. Their absence in the Illu-
mina dataset potentially reflects the ONT’s superior ability to resolve
complex genomic regions [26]. This observation was consistent with
previous studies demonstrating that long-read sequencing technolo-
gies improve the detection of Cas9 off-target effects, particularly in
repetitive or structurally challenging regions [29]. However, exper-
imental validation of these candidate sites was not feasible, due to
the highly repetitive nature of their genomic context. Consequently, in
the absence of supporting evidence, these potential off-target variants
were excluded from the genetic fingerprints of Kitaake.

Next, the variant profiles were employed to generate the second
component of the genetic fingerprint, i.e. the cultivar-specific 2-SNV
barcodes that were combined with the on-target edit to generate the
genetic fingerprint [10, 30, 31]. As ONT sequencing yielded a higher
number of variants, it produced more 2-SNV barcodes than Illumina,
and these 2-SNV barcodes spanned all chromosomal arms.

As a second major analytical step, the performance of the generated
genetic fingerprints was assessed for their capacity to accurately
identify the target rice lines. The fingerprint detection pipeline was
applied to Kitaake and Nipponbare WGS datasets generated using both
Mlumina and ONT sequencing platforms. The on-target modifications
in in-house NipGE and KitGE lines as well as in public datasets down-
loaded from NCBI, were successfully detected by the identification
pipeline using either Illumina or ONT WGS data, underscoring the
robustness of this approach even for single-nucleotide edits. With
respect to the detection of the cultivar-specific 2-SNV barcodes, the
vast majority of 2-SNV barcodes generated using Illumina and/or ONT
datasets were successfully detected in in-house samples. This was
anticipated, as the same line was used for 2-SNV barcode genera-
tion, confirming the reliability of the approach for cultivar-specific
variant detection. Consequently, different replicates from the same
line were expected to exhibit high concordance. To further evalu-
ate performance, multiple public datasets from different Bioprojects
(Supplementary Data, Tables S6-S9) were analyzed to assess detec-
tion rates in other Kitaake and Nipponbare lines. Together, these
results support broader applicability of the framework across diverse
datasets. However, full validation, particularly in routine wet-lab set-
tings, will require testing on independently generated samples across
the entire experimental and bioinformatics workflow. Overall, detec-
tion rates were consistently high across all lines. For Kitaake, the 2-
SNV barcodes generated from variants shared between Illumina and
ONT data exhibited slightly higher detection rates in public datasets,
although detection for Illumina-only and ONT-only fingerprints also
exceeded 99% on average, demonstrating the robustness of this sta-
tistical feature-selection-based approach across both sequencing plat-
forms. It was initially hypothesized that the integrated 2-SNV barcode
set derived from variants common to short- and long-read data, would
enhance the reliability due to the stricter selection criterion. However,
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all three 2-SNV barcode sets showed high detection rates, indicating
that platform-specific barcodes were already highly reliable.

Cross-platform analysis confirmed that 2-SNV barcodes generated
on one platform were reliably detected on the other, showing the
method accurately identifies the intended line regardless of sequenc-
ing technology.

Also for the public datasets of Nipponbare, the vast majority of the
2-SNV barcodes were detected, except for two lines showing lower
detection rates of ~47% and 60%. These missed 2-SNV barcodes
were attributable to low sequencing depth (median depths of cover-
age of 3 and 5), (Supplementary Data, Table S9). This confirms that
sequencing quality and depths of coverage play important roles in
fingerprint detection, while it also indicates that line identification
remains feasible even at relatively low sequencing depths of coverage.
Low sequencing breadth of coverage can also reduce 2-SNV barcode
detection. Nevertheless, partial 2-SNV barcode recovery based on
enough barcodes can enable discrimination, and our analysis further
establishes that reliable detection of the on-target site, which is essen-
tial for NGT line identification, requires an average sequencing depth
of ~11x with >98% breadth of coverage and a Fold-80 base penalty
<2. Atthis coverage level, we are also able to detect the vast majority of
the 2-SNV barcodes, ensuring robust fingerprint identification. These
analyses provide practical guidance for future implementation and
constitute an important step toward method standardization.

Although individual 2-SNV barcodes are theoretically unique,
reliance on a single marker is insufficient for robust cultivar-specific
identification. Indeed, one 2-SNV barcode may be shared by varieties
not represented in the 3KRG database, and genetic variation can exist
between lines of the same cultivar. For example, some public datasets
labeled as Kitaake showed missing SNVs compared with the in-house
Kitaake used for fingerprint generation. Therefore, the use of multiple
independent barcodes introduces redundancy, significantly reducing
the risk of false positives and enhancing the reliability of cultivar
identification.

No Kitaake 2-SNV barcodes were detected in Nipponbare samples
and vice versa, underscoring the specificity of the generated 2-SNV
barcodes. In addition, negative control samples from diverse rice
varieties, including Basmati, Aus, Indica, and Japonica, were incorpo-
rated into the analysis using public data from various Bioprojects and
both short- and long-read sequencing platforms. The results showed
that 2-SNV barcodes generated for Kitaake and Nipponbare were
detected exclusively in their respective cultivars, with 0% detection
in non-Kitaake and non-Nipponbare samples. In the broader false-
positive analysis including 10 additional cultivars, the false-positive
rate remained very low (<0.5%), demonstrating the high specificity of
our approach (Supplementary Data, Table S10). Indica cultivars nat-
urally carry the same mutation introduced by CRISPR-Cas9 in KitGE;
however, none of the Kitaake-specific 2-SNV barcodes were detected
in these samples, confirming that they are not KitGE. This highlights
the importance of combining cultivar-specific barcodes with GE site
information for accurate line identification. Overall, the workflow
provides a flexible approach for the generation as well as robust,
sensitive, and highly specific detection of rice genetic fingerprints,
provided that the type and position of the on-target edit as well as the
genetic background of the rice line are known.

Despite the potential of the proposed approach, some challenges
remain. Specifically, implementation and interpretation of these
approaches require basic familiarity with command-line tools which
may limit its adoption by regulatory enforcement laboratories and
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other non-specialist stakeholders. Moreover, the current pipeline is
currently optimized for pure, single-cultivar rice samples, and its
application to mixed or contaminated samples is not yet supported.
Additionally, extending the framework to polyploid genomes repre-
sents an important future direction, which will involve incorporating
ploidy-aware adaptations in variant calling and barcode detection.
We further acknowledge that the feature-selection step is influenced
by the inherent class imbalance in the training data; however,
independent public-dataset analyses demonstrated that the resulting
2-SNV barcodes are robust and support accurate identification.
Moreover, the formal definition of the minimal number of 2-SNV
barcode required for regulatory standardization remains unresolved,
and addressing this limitation will require systematic benchmarking
across substantially larger and more diverse germplasm collections.
Additionally, rice, a diploid and highly inbred species, was employed
as the case study, and the current pipeline is optimized for diploid,
homozygous species with well-characterized public databases to
support statistical feature-selection-based 2-SNV barcode generation.
Although the workflow is currently optimized for rice, its application
to other crops is expected to become increasingly feasible, as many
species are now the focus of ongoing efforts to generate comprehen-
sive reference databases. However, many important crop species are
polyploid and/or cross-pollinating, and adapting the approach to these
species will require considerable modifications to the pipeline. Hence,
the broader significance of this study lies in establishing a general
framework for sequence-based fingerprinting of GE plants. We con-
sider this work an important step toward the development of future
traceability and enforcement methodologies for NGT products, an
area where validated detection and identification tools remain scarce.

Fingerprint generation is essential for developers submitting NGT-
derived plants, as EU GMO legislation (Regulation (EC) 1829/2003 and
1830/2003) mandates that any genetically modified plant be accom-
panied by a method allowing its specific identification. Establishing a
genetic fingerprint enables traceability, and provides a reliable record
of the intended modifications. To ensure that detection remains pos-
sible, developers should provide WGS data and information on NGT
modifications, which should be made accessible to competent author-
ities and enforcement laboratories. Sensitive detection of these finger-
prints is equally critical for enforcement laboratories, as it enables
affective monitoring for regulatory compliance, distinguish GE lines
from conventional varieties, and maintain transparency across agri-
cultural sectors, including the organic sector where the absence of
genetically modified materials remains a fundamental principle.

At the time of writing, the European Council reached a provisional
agreement on a new legal framework for NGT plants, introducing a
distinction between different categories of NGT-derived organisms.
Under this framework, NGT-edited lines carrying a limited number
of genomic changes and/or modifications considered equivalent to
those that could occur naturally or through conventional breeding
are classified as Category 1. Certain exceptions, such as traits related
to herbicide tolerance or the production of insecticidal substances,
are proposed to be regulated and subject to authorisation, traceability
and monitoring [32]. Nevertheless, even for Category 1 NGT plants,
traceability obligations may persist for specific purposes, including
labeling of seeds and other plant reproductive material, post-market
monitoring, and coexistence measures. In this context, the availability
of molecular fingerprints remains highly relevant, particularly for
ensuring transparency and choice for operators along the value chain
and for safeguarding the integrity of organic production systems,
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which may continue to require reliable analytical tools to verify com-
pliance with organic standards irrespective of the regulatory status of
Category 1 NGT plants.

By integrating cultivar-specific 2-SNV barcodes with information on
the on-target NGT edits, even subtle modifications can be accurately
identified, supporting both regulatory submissions and enforcement.
Our study demonstrated that this approach can reliably detect NGT-
derived lines, even the most challenging rice lines characterized
by the presence of only one or a few SNVs, thus establishing a
scalable, regulatory-relevant strategy for tracing, detecting, and
identifying NGT derived plants in diverse agricultural and food
systems.

Materials and methods
Plant materials

For the O. sativa L. japonica Kitaake line, both WT (KitWT) and GE
lines using BEnCas9 (KitGE) were analyzed [23, 28, 33]. The KitGE line,
which is not commercially available and was generated by our project
partner CIRAD, carries a homozygous C-to-T single nucleotide variant
(SNV) in the OsNRT1.1b gene. This line was edited using CRISPR-Cas9
with the protospacer sequence 5'-CGGCGACGGCGAGCAAGTGG-3" and
the PAM motif 5-NGG-3'. This edit enhances nitrogen use efficiency in
the GE line relative to its WT counterpart.

For the O. sativa L. japonica Nipponbare cultivar, as described by
Fraiture et al. (2025) [10], a CRISPR-Cas9 GE line (NipGE, generated by
our project partner CIRAD) and its parental line (NipWT) were used.
The Nipponbare GE line, also not commercially available, contains a
homozygous single adenosine insertion in the OsSMADS26 gene. This
edit was introduced using CRISPR-Cas9 with a protospacer sequence
of 5'-GAACCGGGTTCTCGATGCGA-3" and a PAM sequence of 5-NGG-
3. Genomic DNA from all rice seeds was extracted and assessed as
previously described [10].

Whole-genome sequencing

WGS was performed using Illumina and ONT platforms. For short-
read sequencing, two technical replicates of KitWT and two KitGE
were sequenced using the Illumina NovaSeq 6000 S4 system in 150 bp
paired-end mode, according to the manufacturer’s instructions at
NXTGNT (Belgium). For NipGE and NipWT, Illumina data was already
available from our previous study (BioProject accession: PRJEB84921
and PRJNA1370649) [10].

For long-read sequencing, DNA libraries were prepared using the
ligation sequencing kit V14 (SQK-LSK114; Oxford Nanopore Tech-
nologies) according to the manufacturer’s instructions. Each DNA
library was loaded on an individual R10.4.1 flow cell to be sequenced
for 72 h using the GridION platform at Sciensano. Four flow cells
for KitGE, five flow cells for KitWT, four flow cells of NipWT and
five flow cells of NipGE were run. Generated sequencing data were
then basecalled using Dorado (v0.8.1) with the duplex sup model
(v5.0.0).

Sequencing reads from each flow cell were aligned to the Nippon-
bare reference genome and subsequently merged into single high-
coverage BAM files for both KitGE and KitWT. The quality metrics are
presented in Table 1. Following alignment, reads from the NipWT flow
cells were merged into a single high-coverage sample, as were reads
from the NipGE flow cells (Table 1).

Germline variant calling pipeline

Two bioinformatics pipelines were developed to process Illumina and
ONT sequencing data, respectively. Each pipeline performs quality
control, read alignment, calculation of depth and breadth of coverage,
Fold80 calculation, variant calling, and variant filtering.

Quality control

For quality control of Illumina data, FastQC (v0.11.7) [34] was
employed, while NanoPlot (v1.41.6) [35] was used for ONT samples.
Following the initial quality assessment, low-quality reads were
trimmed based on the quality control results. For Illumina data,
Trimmomatic (v0.39) [36] was used to remove adapter sequences,
overrepresented sequences, and low-quality bases using the following
parameters: LEADING:10, TRAILING:10, SLIDINGWINDOW:4:20, and
MINLEN:40. For ONT data, Chopper (v0.8.0) [35] was applied with a
quality cutoff of 10 and a minimum read length of 150 bp. The 150 bp
length threshold for ONT reads was chosen to match the read length
of Illumina data, ensuring comparable minimum read lengths across
platforms. After trimming, the quality of the reads was reassessed
using FastQC and NanoPlot for Illumina and ONT data, respectively,
to confirm effective trimming and minimal loss of reads.

Alignment to Nipponbare reference genome

The rice reference genome (O. sativa cv. Nipponbare, RefSeq Accession
GCF_034140825.1) [37] was used for alignment. For [llumina data, the
reference genome was indexed using BWA (v0.7.17) [38] and SAMtools
(v1.21) [39], while for ONT data, Minimap2 (v2.28) [40] and SAMtools
were used. Illumina reads were aligned to the reference genome
using bwa mem with the parameters -K 100000000 -M. For ONT data,
alignment was performed with Minimap2 using the parameters -a -x
‘map-ont’. Subsequently, the SAM files were converted to BAM format
and indexed using SAMtools for downstream analysis.

To assess the quality of read alignments and calculate coverage
metrics, Qualimap (v2.2.2) [41] was used with the bamgc module
and the parameter —java-mem-size =100G for both Illumina and
ONT datasets. To evaluate genome-wide coverage, SAMtools (v1.21)
[39] depth was executed with the -H -a options, where the -a flag
ensured that genomic positions with zero coverage were included.
The generated depth output was then used to calculate the mean and
median coverage values for each sample in Python. To determine the
breadth of coverage, a custom Python script was used to analyze the
SAMtools depth output, applying a depth threshold of 20x to calculate
the proportion of the genome covered at or above this level. Addi-
tionally, SAMtools view with parameters -c -F 260 was used to count
only the primary alignments in each BAM file, excluding secondary
and supplementary alignments. As a final step in BAM file quality
assessment, another in-house Python script was used to calculate the
Fold-80 base penalty, providing insight into the uniformity of sequenc-
ing coverage. This calculation utilized the coverage_histogram.txt file
generated by Qualimap. All quality metrics for these datasets are
provided in Table 1.

Germline variant calling

BAM files from multiple ONT sequencing runs were merged to
improve coverage, whereas [llumina runs were kept separate. Follow-
ing this assessment, variant calling was performed using DeepVariant
(v1.8.0) [42], which applies a deep-learning model to identify SNPs and
indels with high accuracy, with the —model _type = WGS parameter
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applied for llumina data and —model_type = ONT_R104 for ONT data.
Post-calling, BCFtools (v1.21) [43] was used to filter out low-quality
variants. For Illumina data, variants with a quality score below 20
and a depth below 5 were excluded. For ONT data, a more lenient
quality cutoff of 10 was applied, while maintaining the same depth
threshold of 5.

Detection of off-target effects

To investigate potential off-target effects of CRISPR-Cas9 editing in the
KitGE lines, we conducted a genome-wide prediction and screening
analysis, following the strategy described by Fraiture et al. (2025) [10].

Cas-OFFinder (v3.0.0) [44] was used on a GPU-enabled server to
predict potential off-target sites. The analysis was performed using
both DNA and RNA bulge sizes set to 2, a maximum of 3 mismatches,
and the PAM sequence defined as 5-NRG-3' (where N represents
any nucleotide and R represents A or G). The guide RNA protospacer
sequence used as input was 5'-CGGCGACGGCGAGCAAGTGG-3'.

Following the prediction of off-target sites, an in-house Python
script was used to screen the WGS variant data for the presence of
the same SNV as the on-target CRISPR-Cas9 edit at these loci.

Generation of cultivar specific 2-SNV barcodes

The generation of a cultivar specific 2-SNV barcodes for the Kitaake
line was performed following a similar statistical feature-selection
approach described by Fraiture et al. (2025) [10], enhanced by the
use of WGS data. Genotypic information for O. sativa was obtained
from the 3KRG project [25]. The complete dataset, consisting of 32
million SNPs, was downloaded from the SNP-Seek database (Accessed
in Dec 2022), along with a curated subset of ~160 000 high-quality
SNPs [45]. Consistent with the observations by Wang et al. [31], one
accession (IRIS_313-8921) was excluded from the analysis due to a
high proportion of missing genotype data. Then the cultivar specific
2-SNV barcodes for the Kitaake line were generated based on three
different variant profiles; variants from the Illumina platform, vari-
ants from the ONT platform, and variants shared among Illumina and
ONT platforms.

Generation of cultivar specific 2-SNV barcodes from the
Illumina platform

The variant profiles of two WT O. sativa Kitaake replicates, obtained
through the lllumina variant-calling pipeline, were used to generate a
unique set of cultivar specific 2-SNV barcodes capable of distinguish-
ing the Kitaake cultivar from other rice accessions in the 3KRG dataset.
As the Kitaake line was not represented in the 3KRG database, its
genotype at the 160 K high-quality SNP positions had to be inferred.
To ensure the reliability of the inferred genotype, a stringent variant
filtering strategy was applied independently to both replicates. To
achieve this, different combinations of variant quality and depth cut-
offs were tested in order to match the proportion of variants observed
at the 160 K SNP positions in other Japonica accessions within the
database. On average, Japonica cultivars in the 3KRG database carried
alternative alleles at ~2.5% of these positions. Therefore, an appro-
priate set of filtering thresholds was selected for the Kitaake sample,
also a Japonica cultivar, to achieve a similar proportion of variants,
ensuring consistency with the broader Japonica group. Thus, only
high-confidence SNVs that met the following criteria were retained:
FILTER =‘PASS’, TYPE = ‘snp’, QUAL >30, DP > 50, and VAF > 0.99. Fil-
tering was performed using BCFtools filter (v1.21) [43]. Subsequently,

Briefings in Bioinformatics, 2026, Vol. 27, Issue 4 | 13

BCFtools isec was used to extract the set of high-quality variants
shared between both replicates, resulting in a final VCF file containing
only the most robust SNVs for use in downstream 2-SNV barcode
generation steps. Due to the stringent filtering criteria used to ensure
high-confidence variant calls, false positive variants were minimized,;
however, this also increased the likelihood of false negatives.

To address this, an additional filtering step was implemented. Each
SNV showing a reference genotype in the 160 K high-quality SNP
positions was cross-checked against the variant profiles generated
prior to filtering. If the SNV was found to have an alternative allele in
either KitWT replicates before filtering, it was considered unreliable
and excluded from the analysis. Following this filtering procedure,
2073,2097, and 2916 positions were excluded from Illumina, ONT, and
shared variants across both datasets, respectively.

Thus, a pipeline was developed to generate a set of cultivar specific
2-SNV barcodes for the Kitaake cultivar, beginning with the creation
of a BED file representing the 160 K high-quality SNP positions. Since
the 3KRG dataset was aligned to an earlier version of the Nippon-
bare reference genome (O. sativa cv. Nipponbare, RefSeq Accession
GCF_001433935.1, downloaded from RefSeq), while our WGS data
were aligned to the most recent and complete Nipponbare assembly
(O. sativa cv. Nipponbare, accession GCF_034140825.1), a coordinate
conversion (liftover) was performed using liftOver tool from UCSC to
map the 160 K SNP positions to the newer reference genome version.
Regarding the unmapped positions after liftover, any SNVs whose new
coordinates could not be resolved were excluded from subsequent
analyses.

Next, the strictly filtered variant calls from the KitWT replicates
were cross-referenced with these curated SNP positions to identify
high-confidence SNVslocated within the 160 K set. Using this informa-
tion, the genotype of Kitaake across the curated set of 160 K positions,
after removing low-quality sites, was reconstructed, comprising both
reference and alternative alleles.

Following this, feature selection was conducted as described by
Fraiture et al. (2025) [10] to identify the 500 SNVs with the highest
discriminatory power to identify the Kitaake cultivar ranked by chi-
squared (x2) scores. After evaluating several feature-set sizes, we
selected the top 500 features because this threshold was computa-
tionally efficient and consistently produced enough informative 2-
SNV barcodes for downstream analyses. A comparative analysis was
then performed to determine how many rice accessions in the 3KRG
dataset shared genotypes with Kitaake across these top 500 features.
As no single SNV was found to uniquely differentiate Kitaake from
all other accessions, the strategy shifted toward generating 2-SNV
combinations (i.e., barcodes) to achieve specific discrimination.

An exhaustive screening of all pairwise combinations among the
top-ranked SNVs was carried out, producing a list of candidate 2-SNV
barcodes, with the condition that no 2-SNV barcode should contain
two SNVs located on the same chromosome. Through this approach,
a robust set of high-quality 2-SNV barcodes was generated, from
the Ilumina platform, capable of distinguishing the Kitaake cultivar
from all other accessions in the 3KRG dataset (Supplementary Data,
Table S11).

Generation of cultivar specific 2-SNV barcodes from the ONT
platform

The same strategy used for generating the 2-SNV barcodes from Illu-

mina data was applied to a single KitWT sample sequenced using

ONT, using the combined data from all five KitWT flow cells. While
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the overall pipeline remained consistent, adjustments were made to
account for differences in variant quality between sequencing plat-
forms. Specifically, applying the same fixed variant filtering thresholds
used for Illumina data would not be appropriate for ONT data due
to inherent differences in their error profiles. Consequently, since the
average depth of coverage in lllumina data is substantially higher than
in ONT data (Table 1), a variant with the same depth and sequencing
quality on both platforms would not yield the same variant quality
score when processed by DeepVariant. Therefore, applying identical
cut-offs for depth and variant quality to both platforms was not
appropriate. Instead, we adopted an approach that selects the same
proportion of high-quality variants from ONT data as observed in the
Mlumina dataset. This ensures that, for both platforms, the highest
percentage of top-quality variants is consistently retained.

To address this, a statistically comparable filtering approach was
adopted. First, for Illumina, the variant quality cutoff of 30 was deter-
mined to correspond to the 32nd percentile of the variant quality
distribution. This quantile was then used to determine an equivalent
threshold for ONT data, resulting in a variant quality cutoff of 38.8.
Similarly, for sequencing depth, the Illumina cutoff of 50 corresponded
to the 12th percentile, which translated to a depth cutoff of 13 for the
ONT dataset.

Using these adjusted thresholds, a strict filtering step was applied
to the ONT variant profile with these parameters: FILTER = ‘PASS’,
TYPE =‘snp’, QUAL >38.8, DP > 13, and VAF > 0.99. The downstream
steps for 2-SNV barcode generation, including BED file preparation,
liftover to the current Nipponbare reference genome, identification of
high-confidence SNVs at the 160 K positions, genotype reconstruction,
feature selection, and exhaustive screening of 2-SNV combinations,
were carried out exactly as described for the Illumina-based pipeline
(Supplementary Data, Table S12).

Generation of cultivar specific 2-SNV barcodes from the
variants shared by the Illumina and ONT platforms

For the third set of barcodes, only high-quality variants shared among
the two Illumina replicates and the WT ONT sample were used. Then
the same strict filtering procedures described previously for both
Ilumina and ONT data were applied to each dataset independently.
Following this, variants that passed the filtering criteria in all three
samples were identified as shared high-confidence variants.

These shared variants formed the basis for the last 2-SNV barcode
generation. The same in-house pipeline used in earlier steps was
employed to produce the final set of Kitaake-specific 2-SNV barcodes
based on this intersection of high-confidence variants from both
sequencing platforms (Supplementary Data, Table S13).

Fingerprint detection

A pipeline was developed and tested for detection of the generated
fingerprints for both Kitaake and Nipponbare using WGS data gener-
ated in-house (Table 1), as well as selected publicly available datasets
(Supplementary Data). As described in 4.3, a pipeline was developed
to generate high-quality variant profiles using less stringent filtering
criteria compared to the fingerprint generation pipeline. The resulting
variant profiles for each line, including the number and types of
variants detected, are summarized in Table 1.

For each Kitaake set of 2-SNV barcodes (generated based on differ-
ent sequencing platforms), two BED files were created; one for SNVs

where the genotype was an alternative allele and one for SNVs with
a reference allele. For the Nipponbare fingerprint, all 2-SNV barcodes
consisted of reference alleles, thus only one BED file with reference
alleles, was created. Next, filtered VCF files obtained with the variant
calling pipeline described in 4.3 were compared to the BED files for
the relevant set of 2-SNV barcodes, to confirm the presence of the SNV
with the genotype predicted in the 2-SNV barcode. The list of detected
SNVs was then used to derive the list of detected 2-SNV barcodes.

For the Nipponbare fingerprint, we excluded one of the 145 pre-
dicted 2-SNV barcodes, i.e. barcode number 134 [10], comprising SNV
with rank ID 44. In the older Nipponbare reference genome used in
our previous study [10], the base at the position of the SNV with rank
ID 44 was a C, but in the new reference genome, the base at that
position was updated to T. Due to this inconsistency and potential
ambiguity, we decided to exclude 2-SNV barcode 134 from further
analysis.

Determining the minimum sequencing quality metrics

The limit of detection (LOD95) was defined as the minimum sequenc-
ing depth, breadth of coverage and fold80 at which the fingerprint-
detection pipeline identified the GE line in at least 95% of replicates.
To estimate this threshold, multiple in silico pure replicates were
generated from in-house WGS data (Supplementary Data, Table S14).
LOD95 was evaluated for two GE rice lines: (i) a Kitaake line containing
an on-target SNP, sequenced using both Illumina and ONT, and (ii) a
Nipponbare line containing an on-target indel, also sequenced using
HNlumina and ONT.

This analysis established platform- and variant-specific depth
requirements for confident detection of SNP- and indel-based GE
lines. In addition, for each minimum-depth condition, we quantified
the number of detected 2-SNV barcodes to assess whether barcode
recovery at the LOD95 depth was sufficient to support reliable line
identification.

Following the approach described in Shin et al. [46], Probit regres-
sion was applied to the replicate-detection data to estimate the LOD95
for each sequencing platform and variant type.

Key Points

® Bioinformatics framework can generate and detect rice genetic
fingerprints from WGS data.

® This framework allows fingerprint generation for cultivars absent
from public databases.

® Fingerprint detection was highly specific on both in-house and
public data sets.

® Robust performance across Illumina and ONT sequencing plat-
forms.

® Fingerprint detection pipeline is publicly available as a tool named
RiSpy.
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