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ABSTRACT

Bacterial contamination of food and feed is an important public health issue that poses potential risks to con-
sumers. Contamination can occur during industrial fermentation and production processes, where genetically
modified micro-organisms (GMMs) and toxin-producing bacteria may be present. The Bacillus genus is partic-
ularly relevant in this context, as the Bacillus subtilis group is commonly used as GMM, while Bacillus cereus is
often associated with foodborne outbreaks. Whole-genome sequencing (WGS) is a widely used method to detect
and characterize foodborne pathogens, but comparatively little research has focused on its application to GMMs.
Here, we present a WGS-based bioinformatics workflow for the characterization of B. subtilis group and B. cereus
group isolates, which includes a novel approach for the detection of known GMMs based on detecting known
transgenic elements and host strains. The workflow supports both short-read (Illumina) and long-read (Oxford
Nanopore Technologies) sequencing data and performs common genomic assays such as quality checks or
taxonomic identification. Additionally, isolates are screened for genes associated with antimicrobial resistance,
virulence genes and mobile genetic elements. The workflow largely follows the recent EFSA guidelines for WGS-
based characterization of micro-organisms in the food chain. We demonstrate that the workflow correctly
identifies known genetically modified B. subtilis strains, while not mislabeling wild-type strains as GMM. Finally,
using publicly available datasets, we show that the workflow accurately characterizes and identifies subspecies
for B. cereus. This automated solution for detecting known GMMs and foodborne pathogens within the Bacillus
genus can support regulatory compliance and contribute to ensure food safety.

1. Introduction

(gPCR). In recent years, whole-genome sequencing (WGS) has become
the method of choice for characterizing bacterial isolates, providing

Bacterial contamination of food and feed products is a persistent
potential threat to human and animal health. Enforcement agencies
frequently report the presence of bacterial contaminants in fermentation
products, including genetically modified (GM) Bacillus subtilis sensu lato
(s.D. used as production strains (Deckers et al., 2020), and potentially
pathogenic foodborne species such as Bacillus cereus s.L. (Ehling-Schulz
et al., 2019). Historically, the identification of bacterial contamination
in food and feed products has relied on targeted approaches, using either
molecular or sequencing methods, which are mostly used on cultured
isolates. In particular, one of the standard methods for enforcement
laboratories to identify bacterial contamination is quantitative PCR
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strain-level taxonomic identification and insights into antimicrobial
resistance (AMR) or virulence factors encoding genes (Bogaerts, Nouws,
et al., 2021; Kohl et al., 2018; Ortega-Sanz et al., 2023; Sherry et al.,
2023). WGS has also been widely used to trace outbreaks and determine
relatedness between samples (Bogaerts et al., 2023; Wang et al., 2023).
In addition, the advent of third-generation long-read sequencing, such as
Oxford Nanopore Technologies (ONT) sequencing, offers the possibility
of reconstructing (nearly) closed genomes and complete plasmids with
high accuracy, especially when combined with short-read data
(Sanderson et al., 2024). The integration of WGS into the activities of
many laboratories has led to guidelines for quality control and
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validation of WGS-based analyses (Bogaerts et al., 2019; Kozyreva et al.,
2017). However, guidelines for long-read sequencing remain scarce,
given the rapid evolution of the technology.

In the European Union (EU) market, the use of genetically modified
organisms (GMO), including genetically modified micro-organisms
(GMM), in the food and feed chain is regulated under regulations (EC)
No. 1829/2003 and 1830,/2003, and is subject to prior authorization
and risk assessment by the European Food Safety Agency (EFSA). In
contrast, for fermentation products such as vitamins or food enzymes
manufactured using GMMs as producer organisms, the presence of
viable GMMs in the final product is currently not authorized on the EU
market. However, the detection of these contaminations is inherently
challenging for enforcement laboratories, as the genetic structure of the
GMM constructs is often unknown (Fraiture, Bogaerts, et al., 2020). So
far, two contaminant GMMs were isolated and fully described in the
literature. The first one is a Bacillus velezensis strain modified to over-
produce a protease, isolated from commercial food enzymes (Fraiture,
Bogaerts, et al., 2020). This transgenic strain harbors a 6.7 kb episomal
plasmid, derived from a pUB110 backbone, containing the aadD and
bleO AMR genes associated with resistance to kanamycin and bleomycin,
respectively, and a 2.3 kb protease-encoding gene. The second described
GMM is a B. subtilis sensu stricto (s.s.) strain, modified to overproduce
vitamin By (also called riboflavin). The genetic modifications in this
strain include: (1) deletion of the ribDEA genes from the chromosomal
ribDEAHT operon; (2) disruption of the recA gene in the chromosome by
insertion of the cat chloramphenicol resistance gene as a selection
marker; (3) chromosomal integration of two GM plasmids, namely
pGMsub01 and pGMsub02 (Berbers et al., 2020), which contain the
AMR genes aadD (associated with aminoglycoside resistance) and bla-
TEM-116 (associated with beta-lactam resistance) (Fraiture, Deforce,
et al., 2020); and (4) a large 38.6 kb episomal plasmid that has been
genetically engineered to overproduce vitamin By This plasmid contains
the complete ribDEAHT operon, as well as the AMR genes blaTEM-116
and erm(B) (associated with erythromycin resistance) and tet(L) (asso-
ciated with tetracycline resistance). It is worth noting that, a third Ba-
cillus GMM was recently identified in the metagenomic sequencing data
of commercial food enzymes (D’aes et al., 2022). This GMM was engi-
neered to overproduce the amylase enzyme via a construct based on the
pUB110 plasmid backbone. However, no isolate carrying the modified
plasmid could be retrieved as it was found to be unculturable. Conse-
quently, the host strain could not be fully characterized.

Furthermore, microbial fermentation processes can also introduce
pathogenic species into products, as the fermentation conditions allow
certain pathogens to thrive. Previous studies have identified viable
B. cereus strains in fermentation products (Bogaerts et al., 2023).
Consuming these products can lead to food poisoning, which can have
severe symptoms. Therefore, monitoring the food chain is essential for
detecting contamination and tracing the source of foodborne outbreaks
(Bennett et al., 2013), thereby limiting the impact on public health. In
particular, for B. cereus s.L, several bioinformatics tools are available for
species identification, typing, detection of antimicrobial resistance and
virulence gene characterization based on WGS data (Carroll, Cheng, &
Kovac, 2020; Diaz-Valerio et al., 2021; Liu et al., 2021; Shikov et al.,
2020). One of the most commonly used tools is BTyper3, which performs
taxonomic identification and complete isolate characterization of
B. cereus strains (Carroll, Cheng, et al. 2020). However, because it was
developed as a stand-alone tool, it does not perform other assays that are
part of end-to-end automated workflows, such as pre-processing of the
input data, quality control, plasmid detection, AMR gene detection,
core-genome multi-locus sequence typing (cgMLST) and ribosomal
MLST (rMLST) (Bogaerts et al., 2019; Jolley et al., 2012).

Compared to pathogen characterization and outbreak investigation,
integration of WGS for routine GMM surveillance remains limited,
despite its successful application in research settings (Barbau-Piednoir
et al., 2015; Berbers et al., 2020; D’aes et al., 2021; Paracchini et al.,
2017). Existing quality control and validation guidelines are primarily
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designed for pathogens and are not fully suited to detect GMMs or un-
authorized bacterial contaminants in the food and feed chain. A key
challenge in identifying transgenic strains, i.e., strains that have un-
dergone intentional genetic modification, is that detecting the trans-
genic construct alone is insufficient (D’aes et al., 2021). Natural
processes in bacteria, such as horizontal gene transfer (HGT) and
recombination, can alter bacterial genomes organization, complicating
identification (Arnold et al., 2022). Therefore, transgenic construct
detection must be coupled with strain identification to reliably link a
GMM to its host background. In 2024, EFSA published guidelines to help
conducting risk assessment studies on the safety of products and enforce
legislation on the EU market by harmonizing the WGS analysis across
laboratories. According to this document, the main requirements for
WGS-based GMM analysis are: (1) exact strain identification; (2) char-
acterization of genetic modifications (if any) and; (3) characterization of
genes of concern, such as genes encoding virulence factors or genes
associated with AMR (European Food Safety Authority (EFSA), 2024).

In this study, we present a WGS-based bioinformatics workflow for
the identification and characterization of GM B. subtilis s.L. and B. cereus
s.l. strains commonly isolated as contaminant from food and feed
products, supporting both short-read (Illumina) and long-read (ONT)
sequencing. This workflow can perform the identification of known GM
B. subtilis s.l. using a novel approach that combines the detection of
transgenic constructs with strain identification. In addition, the work-
flow is able to identify and fully characterize B. cereus s.L to assess their
pathogenic potential. By extensively validating the performance of the
workflow, we demonstrate that it is suitable for use within quality sys-
tems under which many enforcement laboratories operate. Our work
promotes the standardized use of WGS as a tool for public health sur-
veillance, thereby improving the safety of the food chain.

2. Materials and methods
2.1. Bioinformatics workflow

The bioinformatics workflow starts from raw FASTQ input data,
which can be generated using either Illumina or ONT sequencing. When
both Illumina and ONT data are provided, the workflow uses a hybrid
assembly approach. The targeted species (i.e., Bacillus subtilis s.l. or
Bacillus cereus s.L) must be specified. The workflow starts with a set of
common pre-processing and quality control (QC) steps, followed by de
novo assembly and a set of species-specific assays (Fig. 1). Finally, the
workflow generates an HTML output report containing the most rele-
vant information. An additional tabular summary file is generated that
contains the same information as the HTML report, in a format that can
easily be processed by command line tools or spreadsheet software.

2.1.1. Implementation and availability

The bioinformatics workflow was implemented in Python v3.10 and
uses Snakemake v7.32.4 for parallelization (Molder et al., 2021). The
workflow was developed on Ubuntu v22.04. It is available for academic
and non-profit use through the Galaxy instance of our institute at
https://galaxy.sciensano.be (registration required) (Bogaerts et al.,
2025).

2.1.2. Data preprocessing, quality filtering and de novo assembly

The workflow starts with an optional human read removal step using
the NCBI human read removal tool v2.2.1 with default options for both
Mlumina and ONT data (NCBI, 2023). This step is recommended to
ensure that the results of subsequent analyses are not affected by reads
of human origin, which may be present due to contamination or the
source of the sample. Although the latter is unlikely for isolates obtained
from food or feed. For hybrid input data, both long and short reads are
processed separately. This optional step is recommended to ensure that
the results of subsequent analyses are not affected by reads of human
origin, which may be present due to contamination or the source of the
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Fig. 1. Overview of the bioinformatics workflow. Input reads are first optionally (represented by a dotted line) scrubbed of human reads, then trimmed and
assembled. Illumina and ONT reads are assembled using SPAdes and Flye, respectively. If both are provided, a hybrid is approach is used, where the Flye assembly is
first polished with the long reads using Medaka, followed by short read polishing with Polypolish and POLCA. The quality of the input dataset is assessed by a set of
quality checks (Table S1). The additional assays, some of which are species-specific, are either run on the resulting assembly or directly on the reads (marked with a
1). The input for the assay marked by { is retrieved from the (cg)MLST assay. The PubMLST cgMLST scheme is used for B. cereus, while the conventional MLST scheme
is used for B. subtilis, since a cgMLST scheme is not available for this species. Finally, the workflow exports a final HTML report summarizing the main results, as well
as a tabular output file that can easily be further processed. A simplified workflow summarizing the main steps is provided in Fig. S4. Abbreviations: genetically

modified micro-organism (GMM), quality control (QC).
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sample.

2.1.2.1. Illumina data. The paired-end Illumina reads are trimmed
using fastp v0.23.4 (Chen, 2023) with the following options: ‘~detec-
t_adapter_for_pe’, ‘—cut_front’, ‘~cut_front window_size’ set to 1, ‘—cut_-
front_mean_quality’ set to 10, ‘—cut_tail’, ‘~cut_tail window size’ setto 1,
‘~cut_tail mean_quality’ set to 10, ‘—cut_right’, ‘~cut_right window_size’
set to 4, ‘—cut_right mean_quality” set to 20, and ‘~length_required’ set to
40. The quality of the reads is then evaluated using FastQC v0.11.7
(Simon, 2010). Additionally, ConFindr v0.8.2 is used to screen for intra-
species and cross-species contamination based on the rMLST database
(‘~rmlst’) and other options left at default values (Low et al., 2019).
Finally, the processed reads are assembled de novo using SPAdes v3.15.5
with the ‘~isolate’ option enabled and ‘~cov-cutoff” set to 10 (Prjibelski
et al.,, 2020). Contigs smaller than 1 kb are removed using the ‘seq’
function from seqtk v1.4 (available at https://github.com/Ih3/seqtk).

2.1.2.2. ONT data. The ONT input reads are trimmed using SeqKit
v2.3.1 with the ‘~min-len’ option set to 1000 and the ‘~min-qual’ set to
10 (Shen et al., 2016; Shen et al., 2024). The quality of the reads is then
evaluated using NanoPlot v1.41.6 (De Coster & Rademakers, 2023) and
SeqKit v2.3.1 (Shen et al., 2016; Shen et al., 2024). Then, ConFindr
v0.8.2 is executed with options ‘-data-type’ set to ‘Nanopore’ and
‘~quality_cutoff’ set to 12 (Low et al., 2019). Finally, the processed reads
are de novo assembled using Flye v2.9.4, providing the reads using
‘-nano-corr’ option and other options left at default values (Kolmogorov
et al., 2019).

2.1.2.3. Hybrid data. For hybrid data (i.e., Illumina and ONT data
processed together), a long read-first assembly approach is used (Wick
et al., 2023). The assembly steps for the ONT data are first performed as
described above. Then, Medaka v1.11.3 (Nanoporetech, 2024) is used to
polish the resulting assembly with the trimmed ONT reads using default
parameters. Finally, Polypolish v0.6.0 (Wick & Holt, 2022) and POLCA
v4.1.0 (Zimin & Salzberg, 2020) are used sequentially, both with default
parameters, to polish the resulting assembly using the trimmed Illumina
reads.

2.1.2.4. Quality checks. In addition to the QC checks on the reads, the
workflow screens for contaminants at the genus level (i.e., reads not
assigned to the Bacillus genus) using Kraken2 v2.1.1 on the trimmed
reads (Wood et al., 2019). The Kraken2 database contains all NCBI
RefSeq (O’Leary et al, 2016) ‘Genome’ entries (database accessed
February 24th, 2024) annotated as ‘complete genome’ with accession
prefixes NC, NW, AC, NG, NT, NS and NZ of the following taxonomic
groups: archaea, bacteria, fungi, protozoa and viruses. The database also
contains the human genome (accession: GCF_000001405.40). Further-
more, the quality and completeness of the assembly is assessed by: (1)
QUAST v5.2.0 (Mikheenko et al., 2018); (2) the fraction of typing loci
recovered (core-genome multi-locus sequence typing ((cg)MLST) for
B. cereus, MLST for B. subtilis) and; (3) estimating the completeness of the
genome by screening for near-universal single-copy orthologs using
BUSCO v5.5.0 (Manni et al., 2021). For QC checks that fail, message(s)
are included in the HTML and summary outputs to inform the users. The
workflow continues even if a QC check fails, but the user should be
cautious in interpreting the results. An overview of the quality checks
and their warning and failure thresholds is provided in Table S1.

2.1.3. Common assays

Several assays are executed for both species (i.e., B. cereus s.L. and
B. subtilis s.L). First, AMRFinder+ v3.11.26 (Feldgarden et al., 2021) is
used to screen for genes associated with AMR using the assembly as
input. In addition, the assemblies are screened for virulence genes and
plasmid replicons using the Virulence Factor core database (VFDB) (Liu
et al., 2022) and the PlasmidFinder Gram-positive database (Carattoli
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et al., 2014), respectively. The detection is performed using a BLAST+-
based approach (v2.14.0) described previously (Bogaerts, Nouws, et al.,
2021; Camacho et al., 2009). Then, MOB-suite v3.1.8 (Robertson et al.,
2020; Robertson & Nash, 2018) is used with default parameters to
screen for putative mobile genetic elements (MGEs). MOB-suite groups
contigs that are assigned to the same putative MGE, which is used to the
predict the genomic context of the detected AMR and virulence genes by
cross-checking the corresponding contigs (i.e., whether they are located
on the chromosome or on a MGE as determined by MOB-suite). Finally,
sequence types and subspecies are determined using a sequence typing
approach described previously (Bogaerts, Nouws, et al., 2021), using the
MLST and rMLST profiles obtained from PubMLST (Jolley et al., 2012).
The AMRFinder+, PlasmidFinder and typing databases are updated on a
weekly basis to ensure up-to-date results. The workflow reports include
the dates of the last database update.

2.1.4. Species-specific assays (B. cereus)

For B. cereus s.L, the workflow includes characterization by BTyper3
v3.4.0, which performs MLST, phylogenetic group assignment using the
pantoate-B-alanine ligase (panC) gene sequence typing, (sub)-species
identification by average nucleotide identity (ANI) and screening for
genes encoding virulence factors using an accompanying database
(Carroll, Cheng, & Kovac, 2020; Carroll, Wiedmann, & Kovac, 2020).
The PubMLST cgMLST scheme for B. cereus is used for additional
sequence typing (Jolley et al., 2018; Tourasse et al., 2023).

2.1.5. Species-specific assays (B. subtilis)

2.1.5.1. (Sub-)species identification and typing. For B. subtilis, the work-
flow performs (sub)species identification by ANI using FastANI v1.33
with default parameters on the assembled contigs (Jain et al., 2018). A
custom ANI database was built from 1624 Bacillus genomes from the
RefSeq database (O’Leary et al., 2016) (taxid: 55087, assembly level of
at least chromosome, accessed on May 9th, 2024). The ten best matching
genomes from the reference genome database are reported in the HTML
report and summary output, along with the associated taxonomic met-
adata. Since no cgMLST scheme is currently available for B. subtilis, this
assay is not included for this species, but the rMLST and MLST schemes
are used.

2.1.5.2. GMM characterization. The workflow performs the identifica-
tion of known fully characterized GM strains using a two-step approach.
First, the reads are screened against a databases of known GM transgenic
elements, such as selection markers, transgenic junctions and complete
GMM constructs. An overview of the entries in the database is provided
in Table 1, with more detailed descriptions in Table S2. Second, strain
identification is performed by comparison of the reads with a database
of reference strains. If the combination of the detected GM transgenic
element(s) and the strain matches a known transgenic strain in the
database, the workflow will report a match to the identified GMM. Note
that this is a targeted approach and transgenic strains that are not in the
database (e.g., another strain with the same transgenic construct) will
hence not be flagged as known GMMs. Nevertheless, the workflow will
report the hit(s) on the transgenic construct or the match with the
transgenic strain, even if the combination does not match a database
entry. Currently, the database contains the pUB110-protease (carrying
the AMR-associated genes aadD and bleoR) and the pGM-rib (carrying
the AMR-associated gene cmR1) constructs, the only GM constructs that
are fully characterized at the genomic level so far, but the database will
be expanded as data for other transgenic strains becomes available. The
GMM engineered to overproduce amylase is not included in the database
as the host strain could not be fully characterized in the previous study
(D’aes et al., 2022). The workflow includes an additional screening for
~500 bp sequences corresponding to unnatural junctions from fully
characterized GMMs (i.e., between the wild-type (wt) strain genome and
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Table 1
Summary of the GMM transgenic elements database entries.
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Entry ID Description

pUB110 Shuttle vector used in the protease GMM
construct
PHY300PLK Shuttle vector used in GMM
kanR1-aadD Kanamycin resistance gene
kanR2-Kanamycin Kanamycin phosphotransferase resistance
phosphotransferase gene

cmR1-Chloramphenicol
cmR2-Chloramphenicol
bleoR-Bleomycin
eryR1-ErythromycinB
eryR2-ErythromycinC
tetR1-TetracyclineL
tetR2-TetracyclineC

Chloramphenicol resistance gene
Chloramphenicol resistance gene
Bleomycin resistance gene
Erythromycin B resistance gene
Erythromycin C resistance gene
Tetracycline L resistance gene
Tetracycline C resistance gene

ampR1-Betalactamase Beta-lactamase resistance gene

ampR2-Betalactamase Beta-lactamase resistance gene 2

GenBank Accession (if Length
available) (bp) GMM
M19465.1 4548 pUB110-protease
n/a 4870 n/a
n/a 762 pUB110-protease
n/a 813 pGM-rib, pUB110-protease, pUB110-amylase
n/a 651 pGM-rib
n/a 660 pUB110-amylase
n/a 399 pUB110-protease, pUB110-amylase
n/a 764 pGM-rib
n/a 735 pGM-rib
n/a 1377 pGM-rib
n/a 1191 pGM-rib
Used in GM bacteria (Fraiture, Deckers, et al.,
n/a 861 2020)
Used in GM bacteria (Fraiture, Deckers, et al.,
n/a 861 2020)

The first column lists the identifiers. The second column provides the corresponding descriptions, the third column provides the GenBank accession number (if
available), the fourth column displays the length of the entry in base pairs (bp) and the fifth column displays the GMM associated with each element. If an element has
been observed in a contaminated sample but is not associated with a particular GMM construct, this is indicated. Abbreviations: not available (n/a).

the GM construct) (Table 2), as well as junctions from the incompletely
characterized GMM for which no isolate data is available (D’aes et al.,
2022). These hits are reported in the output report, but are not consid-
ered for the GM identification assay, which is based solely on the
identification of the complete GM plasmidic construct and the identifi-
cation of the host strain.

For the fully characterized pUB110-protease and pGM-rib constructs,
the Repl and Incl8 replicons were identified using the PlasmidFinder
database, respectively. The pUB110-protease construct was assigned to
primary cluster group AC670 by MOB-suite. In contrast, the pGM-rib
contig was not classified as plasmidic by MOB-suite, despite the detec-
tion of the Inc18 replicon.

2.1.5.3. Detection of GM transgenic elements. The detection of the
transgenic elements is performed using KMA v1.4.12a on the trimmed
reads, as described previously (Bogaerts, Nouws, et al., 2021; Clausen
et al., 2018). Transgenic elements are considered present if they are
covered for over 80 % of the sequence with over 80 % nucleotide
identity. For ONT reads, the additional parameter ‘-bcNano’ is enabled
and the parameter ‘-bc’ is set to 0.7. For hybrid datasets, KMA is used on
the Illumina and ONT reads separately, and a sequence is considered
present if it is detected in both sets of reads.

2.1.5.4. Strain identification. StrainGST v1.3.9, with default options, is
used for strain identification. StrainGST uses a k-mer-based approach to
compare the input dataset to a genome database (van Dijk et al., 2022).
Although the tool was originally developed for Illumina data and does
not explicitly support ONT data, it was able to analyze the ONT datasets
and obtain identical results to those obtained with Illumina data (see
section 2.2). The output of StrainGST includes: (1) the breadth of
coverage (i.e., the k-mer fraction of the sample present in the reference);
(2) the evenness of coverage along the reference genome (ranging from
0 to 1, where 1 corresponds to the reference genome being evenly
covered); (3) the estimated relative abundance of the strain and (4) the
score, ranging from O to 1, which represents a rank of the references in
the database. A high score indicates a high confidence in the inferred
strain. Note that for isolate data, the expected relative abundance is 100
%.

The database was constructed by collecting 1624 Bacilli genomes
from RefSeq with assembly levels ‘chromosome’ or ‘genome’, using the
StrainGST ‘ncbi-genome-download’ and ‘prepare_strainge_db’ modules
(executed on March 9th, 2024 following the authors guidelines). Note
that this selection of genomes is identical to the database used for species

identification by ANI (Section 2.1.4). The genomes were then clustered
based on similarity measures. In short, genomes with more than 99 % of
k-mers present in another genome were discarded, and the remaining
genomes were clustered together if their Jaccard similarity index was
greater than 0.9. The genome with the smallest average distance to the
other cluster members was used as the representative genome for each
cluster. Finally, the cluster representatives were k-merized using the
StrainGST ‘kmerize’ module (with default parameters). The genome of
the transgenic B. velezensis strain containing the pUB110-protease
transgenic construct and the genome of the B. subtilis containing the
pGM-rib transgenic construct were additionally included in the data-
base. The representative genome of the pUB110-protease cluster is
denoted as “Baci_velezensis_10075”, and the representative genome of
the pGM-rib cluster is denoted as “Baci_subtilis LBUM979”.

In hybrid mode, the assay is run on both the Illumina and ONT reads,
and a warning is issued if there is a discordance between both.
Furthermore, if the assay detects a known GMM strain in at least one of
the read sets, it will report a match to that strain.

2.1.6. Concordance with EFSA regulations for data analysis

The workflow has been developed largely in accordance with the
EFSA guidelines for reporting whole genome sequence analysis of mi-
croorganisms intentionally used in the food chain (European Food
Safety Authority (EFSA), 2024). First, the BUSCO completeness and total
assembly length deviation checks included in the EFSA guidelines are
enforced in our workflow (Table S1). Furthermore, the workflow in-
cludes several additional quality metrics and QC checks that are not
listed in the EFSA guidelines (Table S1). Second, in accordance with the
EFSA guidelines, strain identification by ANI is included as an assay in
the workflow. Third, the EFSA recommends that, in order to report genes
and genetic elements of concern, these should be covered for at least 70
% of their length with at least 80 % nucleotide identity. Here, we applied
slightly more stringent thresholds, which are commonly used, e.g., for
AMR gene detection (Bogaerts et al., 2019; Bogaerts, Nouws, et al.,
2021). We also chose not to follow the recommendation to use at least
two separate AMR databases, in order to reduce redundancy in the
output and simplify interpretation. Finally, the detection of genetic
modification differs from the EFSA guidelines in that it is target-based (i.
e., linked to a predefined database), whereas the guidelines recommend
reporting all genetic modifications from the wt strain, which would be
very difficult to fully automate.
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Table 2
Overview of the transgenic junctions in the database.

Entry ID Description Length GMM
(bp)
Complete plasmid sequence of pUB110-
UB110-prot 6756
P protease the pUB110-protease construct protease
Complete plasmid sequence of pUB110-
B110- 1 1
pUBL10-amylase the GMM-amylase construct 6814 amylase
. Complete plasmid sequence of .
pGMrib the pGM-rib construct 38,647 pGM-rib
Lt o U0
GMMproteasel L P . P P g 500 protease (D’aes
spanning 250 bp downstream e
. i et al., 2021)
and upstream of the junction.
e
GMMproteasel R P . P P ’ 500 protease (D’aes
spanning 250 bp downstream
. . et al., 2021)
and upstream of the junction.
. . . GMM protease
GMMprotease2_L Lef;]unctlon of pUB110 with 461 2 (Fraiture
P etal., 2021)
GMM protease
GMMprotease2 R junction of nprE with pUB110 454 2 (Fraiture
et al., 2021)

Left junction of pUB110 with
amylase on pUB110-amylase,
spanning 250 bp downstream
and upstream of the junction.
Right junction of amylase with
pUB110 on pUB110-amylase,
spanning 250 bp downstream
and upstream of the junction.
Junction of catA with amyS on

GMM amylase
500 1 (D’aes et al.,
2022)

GMMamylasel L

GMM amylase
500 1 (D’aes et al.,
2022)

GMMamylasel R

GMM amylase

GMMamylase2 L chromosome B. licheniformis 500 2 (Fraiture
host et al., 2024)
Junction of amyS with catA on GMM amylase
GMMamylase2 R chromosome B. licheniformis 500 2 (Fraiture
host et al., 2024)
. . pGM-rib (
GMMvitb2 558 ;“';Z;‘;l?s‘;focs‘;‘m withreedon 5, Paracchini
: et al., 2017)
A pGM-rib (
GMMvitb2_690 iﬁn;tlfur;;;pfoi:lo to pUCL9 500 Paracchini
: et al.,, 2017)
Junction of B. amyloliquefaciens pGM-rib (
GMMvitb2_691 rib operon to pUC19 on 500 Paracchini
B. subtilis host et al., 2017)
Junction of deleted pGM-rib (
GMMvitb2_804 B. amyloliquefaciens rib-operon 500 Paracchini
on B. subtilis host et al., 2017)
. . pGM-rib (
GMMyitb2 693 J?Jncclt;) n of zo'rﬂ.’éragmem 500 Paracchini
P on pGM-ri et al., 2017)
. . pGM-rib (
GMMvitb2 694 fsgcstﬁzﬁg‘;ggb;’g;%’;gﬁmem 500 Paracchini
et al., 2017)

The transgenic junctions displayed in this table are used to identify a specific
GMM. The first column lists the identifiers, the second column provides the
corresponding descriptions (referenced in the associated papers), the third col-
umn displays the length of the entry in base pairs (bp) and the fourth column
displays the GMM associated with the junction. Abbreviations: not available (n/

a).
2.2. Performance evaluation

The workflow performance was evaluated using datasets sequenced
in the context of this study, complemented with public data (Table S12).
The complete dataset is described in the following section. For B. subtilis,
the GMM detection assay was evaluated based on: (1) identification of
the complete GMM pUB110-protease construct in GMM isolates and no
detection of GMM constructs in wt strains; (2) identification of the cor-
rect GMM strain cluster of (i.e., the cluster represented by the genome
denoted as “Baci_velezensis_10075” by StrainGST). In addition, the
detection of the AMR-associated genes bleO and aadD, both part of the
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GMM pUB110-protease construct, was evaluated. For the wt B. velezensis
samples, the absence of GMM and the associated AMR genes was
evaluated.

As an independent test case, the WGS data for the pGM-rib GMM
B. subtilis strain was analyzed, which contains a large 38.6 kb plasmid
genetically modified to overproduce riboflavin (i.e., the pGM-rib GMM).
We evaluated whether the GMM detection assay correctly reported the
full pGM-rib construct, as well as the strain cluster represented by the
“Baci_subtilis LBUM979” genome.

For B. cereus, the assays that were evaluated were typing, sub-species
identification, and the detection of toxin-encoding genes, more specif-
ically Bt toxin-encoding genes (referred to as “Bt genes™), as described in
section 2.2.1.2.

2.2.1. Datasets

2.2.1.1. B. subtilis s.L.. The performance was evaluated using WGS data
from independent strains (i.e., separate cultures) of the previously
described GMM pUB110-protease, i.e., a genetically modified
B. velezensis strain, containing a GM insert for overexpression of a pro-
tease. The isolates were obtained from four different products, in which
the same GM strain was identified, as described previously (D’aes et al.,
2021). In total, ten WGS datasets were used (three isolates with two
biological replicates, one isolate with four biological replicates). The
strain was assigned to ST140 using the B. subtilis MLST scheme from
PubMLST. These GMM constructs were originally characterized using a
combination of targeted qPCR and hybrid sequencing (D’aes et al.,
2021). As negative controls, six different wt B. velezensis strains were
analyzed with the workflow to verify that they were not identified as
GMMs. Genomic DNA of the wt B. velezensis strains were obtained from
the Belgian Coordinated Collection of Microorganisms (https://bcem.
belspo.be/) and were sequenced using the Illumina MiSeq (see below).
One isolate of the previously described GMM pGM-rib, i.e., a B. subtilis s.
L strain containing a GM insert for the overexpression of vitamin B2, was
used as an independent test case. The sequencing data for this strain is
publicly available (Table S12).

2.2.1.2. Bacillus cereus s.L. The performance for the B. cereus assays was
evaluated using a collection of 57 B. cereus sensu stricto (s.s.) biovar
Thuringiensis samples, for which hybrid sequencing data is available
(Chung et al., 2024). These samples were originally part of the authors’
lab culture collection and were collected mostly from environmental and
food matrices (Table S3). The samples were phenotypically tested for
toxin production and then screened for the presence of Bt genes using
several bioinformatics methods. Note that this study only reported the
presence or absence of Bt genes, without specifying particular genes. We
evaluated the performance of the workflow on (1) the concordance
between the species assignment of the original study and our workflow
and (2) the accurate detection of Bt genes in the B. cereus s.s. samples
compared to the original study. The performance was evaluated sepa-
rately for the ONT, Illumina, and hybrid data. This dataset was sup-
plemented with nine in-house B. cereus s.L samples obtained from
alcoholic beverage processing to evaluate the performance of the (sub)
species identification. The isolates were selected after overnight plating
of the enzymatic solution, after which the selected isolates were grown
overnight and DNA was extracted. The isolates were then sequenced
using the Illumina MiSeq (see below).

Since the nine in-house validation datasets lacked species labels, an
independent method using a clustering approach was used to generate
the truth set to validate the performance of the species identification
assay of the workflow. All available genomes from BTyperDB were
downloaded (accessed on August 2nd, 2024), totaling 5976 genomes
(Ramnath et al., 2023). Genomes lacking valid taxonomic labels were
excluded, resulting in 34 removed genomes, labeled as ‘Species un-
known’ (n = 21), ‘B. UnknownSpeciesl3> (n = 10), ‘B.
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UnknownSpeciesl5’ (n = 2), and ‘B. UnknownSpecies18’ (n = 1). Note
that these labels are placeholders used by BTyperDB. The remaining
5942 genomes, along with the samples included in this study, were
subjected to a pairwise ANI calculation with FastANI v1.33 using default
settings (Jain et al., 2018). These ANI values were used to hierarchically
cluster the BtyperDB genomes and the new B. cereus assemblies. Clus-
tering was performed in Python 3.10 using the ‘clustermap’ function
from Seaborn v0.13 with default settings (Waskom, 2021). Species
clusters, excluding the ‘unknown’ genomes, were demarcated by mini-
mizing the distance between clusters, while ensuring that each species
was confined to a single cluster. In other words, the dendrogram was
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divided into the maximum number of clusters possible, ensuring that no
species spanned more than one cluster. Species labels for the analyzed
samples were then assigned based on the exact location in this
clustering.

2.2.2. DNA sequencing

The GMM B. velezensis isolates and the GMM B. subtilis isolate were
previously sequenced using Illumina and ONT (R9 technology)
sequencing, and the publicly available data was used for this study
(Berbers et al., 2020; D’aes et al., 2021). The accession numbers for
these datasets are provided in Table S12. For the wt B. velezensis samples

Table 3
WGS workflow results for the genomes used in the B. subtilis performance evaluation.
Isolate Type Sequencing AMR genes StrainGST GMM Hybrid
technol
ecnnology Strain Score Construct Id. Cov. 1d. Cov.
(%) (%) (%) (%)
. . . pUB110-
cob91 GMM Ilumina aadD1, bleO, satA* Baci_velezensis_10075 0.924 99.99 99.99
protease
UB110- 100 100
cob91l GMM ONT aadD1, bleO, satA* Baci_velezensis_10075 0.905 p 100 100
protease
- . . pUB110-
cob92 GMM Ilumina aadD1, bleO, satA* Baci_velezensis_10075 0.920 99.99 99.99
protease
UB110- 100 100
cob92 GMM ONT aadD1, bleO, satA* Baci_velezensis_10075 0.904 P 100 100
protease
. . . . pUB110-
purel GMM Mlumina aadD1, bleO, satA* Baci_velezensis_10075 0.921 99.99 99.99
protease
UB110- 100 100
purel GMM ONT aadD1, bleO, satA* Baci_velezensis_10075 0.905 P 100 100
protease
. . . . pUB110-
pure2 GMM Ilumina aadD1, bleO, satA* Baci_velezensis_10075 0.924 100 100
protease
UB110- 100 100
pure2 GMM ONT aadD1, bleO, satA* Baci_velezensis_10075 0.898 P 100 100
protease
. . . . pUB110-
crystall GMM  Illumina aadD1, bleO, satA* Baci_velezensis_10075 0.923 rotease 100 100
pUB . 100 100
crystall GMM  ONT aadD1, bleO, satA* Baci_velezensis_10075 0.903 grotease 100 100
. . . pUB110-
crystal2 GMM Illumina aadD1, bleO, satA* Baci_velezensis_10075 0.924 100 100
protease
UB110- 100 100
crystal2 GMM  ONT aadD1, bleO, satA* Baci_velezensis_10075 0.909 grotease 100 100
. . . . . pUB110-
pilsnerl1 GMM Ilumina aadD1, bleO, satA* Baci_velezensis_10075 0.925 100 100
protease
UB110- 100 100
pilsner11 GMM  ONT aadD1, bleO, satA* Baci_velezensis_10075 0.901 Erotease 100 100
) . R . ) pUB110-
pilsner12 GMM Mlumina aadD1, bleO, satA* Baci_velezensis_10075 0.925 100 100
protease
UB110- 100 100
pilsner12 GMM ONT aadD1, bleO, satA* Baci_velezensis_10075 0.897 P 100 100
protease
. . . . pUB110-
pilsner21 GMM  Illumina aadD1, bleO, satA* Baci_velezensis_10075 0.912 99.99 99.99
protease 100 100
pilsner21 GMM ONT aadD1, bleO, satA* Baci_velezensis_10075 0.906 gi]ii;soe- 100 100
. . . . pUB110-
pilsner22 GMM  Illumina aadD1, bleO, satA* Baci_velezensis_10075 0.921 rotease 100 100
pUB 1. 100 100
pilsner22 GMM ONT aadD1, bleO, satA* Baci_velezensis_10075 0.907 grotease 100 100
aadD1, tet(L), blaTEM-116, erm
pGM-rib GMM Ilumina (B), catA, aadK, vmlIR, mphkK, Baci_subtilis LBUM979 0.959 pGM-rib 91.9 91.9 99.88
bleO*
aadD1 aadK*, mphK*, catA* 99.96
pGM-rib GMM ONT blaTEM?*, erm(B)*, tet(L)*, Baci_subtilis LBUM979 0.912 pGM-rib 99.99 99.99
blaTEM*
LMG12384  wt Mlumina satA*, clbA* Baci_amyloliquefaciens PM415  0.668 n/a n/a n/a n/a n/a
LMG17599 wt Ilumina SsatA* Baci_velezensis_HC-8 0.788 n/a n/a n/a n/a n/a
LMG22478 wt Ilumina satA* Baci_velezensis SRCM123815 0.721 n/a n/a n/a n/a n/a
LMG23203  wt Mlumina satA* Baci_velezensis_CACC_316 0.917 n/a n/a n/a n/a n/a
LMG26770 wt Ilumina clbA Baci_amyloliquefaciens_GL18 0.994 n/a n/a n/a n/a n/a
LMG27586 wt Ilumina satA*, clbA* Baci_velezensis_AP3 0.993 n/a n/a n/a n/a n/a

For each isolate (first column), the columns show in order: the type of sample (either GMM or wt), the sequencing technology, the AMR genes detected by AMRFinder+
(imperfect hits are marked with a star), the closest strain identified by StrainGST (the naming follows the StrainGST nomenclature), the StrainGST score, the GMM
construct detected, the sequence identity to the known GMM construct and the percent of the known GMM construct that is covered. The last two columns show the
sequence identity to the known GMM construct and the percent of the known GMM construct that is covered in the hybrid assemblies. Abbreviations: GMM (genetically

modified microorganism), wt (wild-type), n/a (not applicable).
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and the B. cereus s.l. datasets (excluding the B. cereus s.s. samples ob-
tained from another study), DNA from bacterial isolates was extracted
using Quick-DNA™ HMW MagBead Kit (Zymo Research, Irvine, CA,
USA) according to the manufacturer’s instructions and then sequenced
on the Illumina platform, following previously described protocol (D aes
et al., 2021). Short-read DNA libraries were prepared using the Nextera
XT DNA library preparation kit (Illumina, San Diego, CA, USA) ac-
cording to manufacturer’s instructions. Sequencing was carried out on
an Illumina MiSeq system with the V3 chemistry, obtaining 250 bp
paired-end reads, and aiming for a theoretical coverage of 60x per
sample, based on an average Bacillus genome size of 4.2 Mbp. The
[llumina and ONT (R9) data for the Bacillus cereus s.s. samples from the
study by Chung et al. were retrieved from SRA (Chung et al., 2024).

3. Results
3.1. Performance evaluation — B. subtilis
3.1.1. GMM B. velezensis strains

3.1.1.1. QC checks. All GMM datasets passed the QC checks included in
the bioinformatics workflow. Of note, the number of contigs for the ONT
and hybrid datasets ranged from 9 to 15, and from 27 to 39 contigs for
the Illumina datasets. In each sample, the chromosome was fragmented
into multiple contigs, indicating that complete circular chromosome
sequences could not be obtained for any of the datasets (Table S4).

3.1.1.2. GMM construct and elements detection. For all GMM hybrid and
ONT samples, the complete pUB110-protease construct was recovered
with 100 % coverage and 100 % nucleotide identity. The complete
pUB110-protease was recovered in six out of ten Illumina datasets (60
%). In the remaining four datasets, the construct was recovered with
99.99 % coverage and 99.99 % identity. Furthermore, all GMM junc-
tions associated with the pUB110-protease GMM were detected with
100 % identity and coverage in all datasets (Illumina, ONT and hybrid).

In addition, AMRFinder+ identified bleO and aadD1 in all GMM
samples with 100 % identity and coverage. Both genes are part of the
GMM construct and their presence further supports the presence of the
GMM construct in the isolates. In contrast, the satA gene was detected as
an imperfect hit (i.e., perfect coverage, but with <100 % identity)
(Table 3). This gene is associated with resistance to streptothricin and
frequently occurs in wt Bacillus strains, as shown in the CARD ontology
(Alcock et al., 2023). Therefore, the presence of this gene is not infor-
mative and does not indicate transgenic modification. Hence, this gene
is not included in the GMM marker database (Table 1). Overall, the
performance of the AMR and GMM detection assays was perfect, which
correctly identified the construct and the associated AMR markers
(Table 1) in the GMM strains (Table 3) as well as the AMR genes natu-
rally present in the wt strains.

3.1.1.3. GMM strain detection. For all GMM samples and all sequencing
technologies, the workflow identified the correct strain cluster (repre-
sentative: “Baci_velezensis_10075”) associated with the known GMM. As
both the GMM construct and the correct strain cluster were identified in
all GMM samples, the workflow correctly reported a match to the
pUB110-protease GMM from the database for all ten datasets and for all
sequencing technologies.

3.1.1.4. Other assays. The workflow did not detect any genes from the
VFDB in any of the datasets. The Rep1 replicon from the PlasmidFinder
database was detected in all assemblies, as expected. In addition, for the
ONT and hybrid samples, MOB-Suite identified a complete 6.7 kb
plasmid, closely matching the length of the pUB110-protease construct
in five samples (samples cob92, crystall, pilsnerl2, pilsner22 and
purel). In the remaining five ONT-only and hybrid assemblies, only
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parts of the plasmid could be reconstructed by MOB-suite. Nevertheless,
MOB-suite inferred for the plasmidic contigs the same plasmid primary
cluster identifier as the pUB110-protease construct (i.e., AC670).
Interestingly, the genomic context predicted that both AMR-conferring
genes bleO and aadD1 were located on this MGE for all GMM samples,
further supporting the identification of this MGE as the expected
pUB110-protease construct. In contrast, the Illumina short-read only
assemblies did not contain (near) full-length plasmid contigs, and MOB-
suite was unable to assign a plasmid primary cluster to these contigs. In
addition, the rMLST assay identified all samples as Bacillus sp. for all
sequencing technologies, and the MLST typing assays classified all
samples as ST140. Finally, the closest genomes identified by the FastANI
assay for all assemblies were B. velezensis strains, consistent with the
species assignment of the StrainGST assay (see reports hosted on Zen-
odo: https://doi.org/10.5281/zenodo.12819283).

3.1.2. wt B. velezensis strains

3.1.2.1. QC checks. All wt samples passed the QC checks, except for
sample LMG22478 (B. velezensis) which failed the percentage of MLST
loci detected check (i.e., minimum 90 % of alleles detected). This was
due to a novel allele sequence that was not present yet in the PubMLST
database. The novel allele was submitted to the PubMLST database and
the dataset was retained for further analysis.

3.1.2.2. GMM construct and GMM strain detection. No GMM-associated
elements were detected in any of the six wt strains, i.e., no markers,
constructs or junctions from the GMM databases were detected, nor the
strain associated with a known GMM (“Baci_velezensis_10075”).
Regarding the presence of AMR-associated genes, all wild-type strains
except LMG26770 carried the satA gene, and three strains also carried
the clbA gene, which is associated with resistance to lincosamides,
macrolides, and streptogramins. These two genes are commonly
observed in the Bacillus genus, as shown in the CARD ontology pages for
those genes (Alcock et al., 2023). Results for the other assays are
available in the HTML reports hosted on Zenodo (https://doi.org/10.5
281/zenodo.12819283).

3.1.3. Application of the workflow to the pGM-rib GMM

As an independent test case, we used the workflow to analyze a single
replicate of a strain carrying the pGM-rib GMM construct (i.e., a 38.6 kb
plasmid modified to overproduce riboflavin). Both Illumina and ONT
data were available for this strain. The full results can be found in the
Supplementary Material (Section S1). In summary, the data quality was
deemed sufficient for subsequent analysis, as all samples passed the
quality checks. Table S5 shows the results of the alignment of the
assembled contigs against the Blast+ nt database. This alignment
showed that some reads, which were labeled as Escherichia contamina-
tion, were mapped to the Escherichia phage Lambda sequence, indicating
that the failed QC check was unlikely due to true contamination.
Table S6 shows the results of aligning the assembled contigs against the
pGM-rib sequence, indicating that the complete construct is present,
albeit with an inversion at the start of the construct, likely due to an
assembly error. Additionally, the correct strain were identified in the
Illumina-only, ONT-only, and hybrid datasets, indicating that the
workflow could correctly characterize these datasets. Furthermore,
additional assays such as the detection of AMR genes, detection of
transgenic junctions, and the detected of plasmid replicons yielded the
expected results.

3.2. Performance evaluation — Bacillus cereus

Secondly, we evaluated the workflow for the characterization of
B. cereus. As B. cereus contamination is often associated with cases of
food poisoning, it is particularly important to detect the presence of
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genes associated with virulence or AMR. To evaluate this, we applied the
workflow to 66 B. cereus s.L. samples, consisting of nine in-house isolates
collected from enzymatic solutions (Illumina only) and 57 publicly
available B. cereus s.s. biovar Thurigiensis isolates, for which both Illu-
mina and ONT sequencing data were available. We validated the species
assignment for all 66 samples using an independent clustering-based
species identification approach (Fig. S2-S3, Table S11). Note that AMR
and virulence gene detection was performed on these strains, but per-
formance evaluation was not possible due to the lack of reference data
for these assays.

3.2.1. QC checks

In total, 65 (98.5 %) Illumina-only (Table S7), 51 (89.4 %) ONT-only
(Table S8) and 41 (71.9 %) hybrid samples (Table S9) passed the QC
checks. The Illumina sample that failed the QC checks was flagged as
contaminated by ConFindr (sample PS00434). Of the six ONT-only
datasets that failed the QC checks, two were flagged by Kraken2 as
contaminated. However, in both cases, the contaminant species were
Bacilli phages (Camtrevirus and Betatectivirus) and we therefore retained
these samples. For three of the remaining ONT samples that failed QC
checks, the percentage of complete BUSCO genes in the assembly (72.6
%, 69.4 % and 72.6 %) was below the threshold. However, the addition
of short reads in the hybrid assembly improved the overall assembly
quality, increasing the number of BUSCO genes identified above the
threshold (Table S1). Therefore, we decided to also retain these three
samples (both Illumina and ONT sequencing). Finally, the remaining
sample that failed the QC checks did not have sufficient coverage to
generate a complete assembly and was therefore not retained (sample
PS00122).

As both ONT and Illumina sequencing data were available for the 57
publicly available samples, the hybrid approach could also be evaluated
(Wick et al., 2023). Of the hybrid datasets, 16 failed the QC checks, the
majority of which (12/16, 75 %) did not pass due to the mapping rate of
the Illumina reads to the assembled contigs, which was below the failure
threshold (Table S1). Nevertheless, these datasets were retained, as all
the other QC metrics indicated that the assembly was of high quality.
Two out of the remaining four samples that failed the QC checks were
retained (both Illumina and ONT), as they consisted of the two Bacilli
phage contaminations identified by Kraken2 (identical contamination as
those mentioned above for ONT-only samples). The third sample did not
have sufficient coverage (PS00122, identical sample to the ONT one
mentioned above) and the fourth sample was flagged as contaminated
by ConFindr (PS00434, identical sample to the Illumina one mentioned
above).

In summary, 64 of the 66 samples were retained for the performance
evaluation with Illumina and ONT sequencing (when available). The
removed samples are sample PS00122 (low coverage in the ONT data)
and sample PS00434 (suspected inter-species contamination in the
[llumina data). Note that all data for these two samples were discarded,
even if the quality was sufficient for one of the sequencing technologies.

3.2.2. Species identification

Sub-species identification is automated in the BTyper3 tool included
in our bioinformatics workflow, and is performed by ANI with an
updated nomenclature (Carroll, Wiedmann, & Kovac, 2020). Notably, in
the BTyper3 database, B. mosaicus consists of a larger group, which in-
cludes the previously named B. paranthracis species, among others. This
updated nomenclature has not yet been universally adopted, and RefSeq
still uses the conventional taxonomic labels (O’Leary et al., 2016). To
validate the subspecies identification of our bioinformatics workflow, a
set of nine in-house B. cereus s.I. samples were collected from enzymatic
solutions and species labels were determined by an independent bioin-
formatics approach (see section 2.2.1.2 and Fig. S2-S3). The subspecies
prediction of our bioinformatics workflow, using BTyper3, yielded
perfectly matching results with these nine Illumina sequencing data
(Table 4). Of note, some samples had unresolved species assignment in
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Table 4
Comparison between the predicted and expected species for B. cereus s.L data.

Isolate Predicted species (BTyper3) Expected species (clustering approach)
S28 B. mosaicus B. mosaicus, B. luti

S29 B. cereus s.s. B. cereus s.s.

S30 B. cereus s.s. B. cereus s.s.

S37 B. mosaicus B. mosaicus, B. luti

S31 B. cereus s.s. B. cereus s.s.

S32 B. mosaicus B. mosaicus, B. luti

S33 B. mosaicus B. mosaicus, B. luti

S34 B. toyonensis B. toyonensis

S35 B. toyonensis B. toyonensis

This table shows for each isolate (first column) the species detected by our
workflow (using BTyper3) in the second column and the expected species as
determined by the independent clustering approach in the third column.
Accession numbers are available in Table S12.

the clustering approach between B. luti and B. mosaicus. This result can
be attributed to the phylogenetic relationships between those two
genomospecies since it was recently observed that the B. luti clade is
branching as a separate lineage within the B. mosaicus clade (Carroll,
Cheng, et al. 2020). Furthermore, we also predicted species assignment
for all B. cereus s.s. biovar Thurigiensis, which resulted in a perfectly
concordant species assignment by the clustering approach and by our
workflow for all samples included (Table S10).

An additional species typing performed by BTyper3 is the panC
sequence typing. For the B. cereus s.s. biovar Thurigiensis samples, the
predicted panC group assignments by BTyper3 were reported in the
original study, and could hence be compared to our workflow. Here, the
workflow identified few discordant BTyper3 panC species assignments
compared to the original study. Four Illumina-only samples (7.2 %),
nine ONT-only samples (16.4 %), and four hybrid sequencing datasets
(7.2 %) had a different phylogenetic group assigned compared to the
original study (Table S10). However, the clustering-based species
assignment validated the BTyper3 species assignment, supporting the
results provided by our workflow.

3.2.3. AMR and virulence genes detection

The AMRFinder+ assay detected four different perfect matches to
AMR-associated genes (Table S10). The fosB gene and the fosBx1 gene,
both associated with fosfomycin resistance, were detected in three and
five samples respectively. Additionally, the gacH gene, which encodes a
subunit of the QAC multidrug efflux pump, was detected in five samples.
Finally, The bla2 gene was detected in two samples. Three of those genes
are frequently found in Bacillus cereus s.L (fosB, fosBx1, bla2) and qacH is
frequently found in Staphylococcus saprophyticus, as shown in the CARD
ontology pages for those genes (Alcock et al., 2023). Further investiga-
tion showed that this gene was detected on plasmidic contigs, which
were not inferred as plasmidic by the MOB-suite assay, as this plasmid
sequence is not present in the MOB-suite database. These results were
generally consistent across sequencing technologies when both datasets
were available, where the genes were detected in at least two different
assemblies (4/9 in the three assemblies, 3/9 in Illumina and hybrid
assemblies, and 2/9 in ONT and hybrid assemblies).

Among imperfect hits, 14 different AMR-associated genes were
identified. Multiple genomes had imperfect matches to AMR-associated
genes frequently found in Bacilli, such as fosB, qacH, bla2, but also satA,
mphM and mphLl (associated with macrolide resistance). The
AMRFinder+ assay also revealed the presence of genes infrequently or
rarely found in Bacilli genomes, such as tet(45) (associated with resis-
tance to tetracycline), vanS-Pt (associated with resistance to vancomy-
cin) and vanR-A (associated with resistance to glycopeptide).
Interestingly, a recent study reported the presence of these three genes
in B. cereus s.s. strains isolated from Galantamine, a dietary supplement
available in the US (Cohen et al., 2024).

Various virulence genes were also identified by the workflow using
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BTyper3 (Table S10). Of note, the three genes encoding the three sub-
units of the non-haemolytic enterotoxin (nheA, nheB, nheC), involved
in diarrhea were identified in all but two samples (ONT-only assemblies
of PS00536 and PS00547) where only two sub-units were identified.
Furthermore, the VirulenceFinder assay provides additional metrics to
the BTyper3 assay, such as identity and coverage to reference genes, that
are not reported by BTyper3. For example, the VirulenceFinder assay
found that in seven B. cereus s.l. samples the coverage of all three genes
was 100 % and the identity was over 90 %. In the remaining two
B. cereus s.l. samples (S34 and S35), the nheC gene was covered for 99.1
% with a nucleotide an identity of 90.65 %.

3.2.4. Bt genes detection

In the original paper, the authors detected Bt genes in 18/55 B. cereus
s.s. llumina-only assemblies (32.7 %) and in 17/55 hybrid assemblies
(30.9 %) using BTyper3 (Chung et al., 2024). Overall, our results are
consistent with the previously reported results (Table S10). The work-
flow correctly detected the presence of Bt genes in 18/18 Illumina-only
assemblies (100 %) and in 14/17 hybrid assemblies (82.3 %).

For the remaining 37 B. cereus s.s. Illumina assemblies where the
authors did not detect Bt genes with BTyper3, the current workflow
detected Bt genes in a single assembly, for which phenotypic production
of Bt genes had been observed (PS00446, 2.7 %), and none in any of the
other datasets. Finally, for the remaining 38 hybrid assemblies, five
samples were detected as carrying Bt genes (5/38, 13.1 %).

4. Discussion & conclusion

In the context of the food and feed chain, WGS has gained promi-
nence as a sensitive, powerful and accurate method for detecting and
characterizing bacterial pathogen isolates (Carroll et al., 2019). In this
study, we have applied WGS for the characterization of viable GM
B. subtilis s.L strains. Identification and characterization of viable GM
strains in the food chain is crucial for enforcement laboratories, as the
use of GMM is heavily regulated and the presence of viable bacteria in
the final product is strictly unauthorized on the EU market. Secondly,
the workflow can perform the identification and characterization of
potentially pathogenic B. cereus s.L strains in food and feed products,
given that B. cereus contamination poses a significant public health risk.
To address these challenges, our bioinformatics methodology is imple-
mented as an automated, end-to-end, bioinformatics workflow that is
compatible with Illumina, ONT and hybrid sequencing data, and is
specifically designed for easy adoption by enforcement laboratories.

For Bacillus subtilis, the GMM detection is performed using a two-step
approach: (1) screening for known GMM constructs and (2) strain
identification at single nucleotide polymorphism (SNP) resolution. In
contrast to plants, where detecting the construct alone is sufficient to
identify a GMO, GMM detection requires not only construct identifica-
tion but also precise strain-level characterization (D’aes et al., 2021).
The workflow will only report an exact match if both the construct and
the strain match a known GMM in the database. Notably, the bio-
informatic approach differs from the wet lab approach, which relies on a
sequential search for signatures of GMM elements and transgenic junc-
tions. First, qPCR assays detect suspected GM elements, such as AMR-
associated genes and plasmid vectors. If positive matches are identi-
fied, the junctions are then targeted to circumvent the exact GM
construct that was used. Although our approach relies on the detection
of complete constructs, we have included the detection of these junc-
tions as part of the workflow (Table 2).

The performance of this approach was validated using ten positive (i.
e., GM B. velezensis) and six negative control (i.e., wt B. velezensis)
datasets, all of which were correctly classified by the workflow as either
GM or wt, regardless of the sequencing technology used (i.e., lllumina,
ONT or hybrid). Interestingly, the strain assignments obtained using
ONT data matched those obtained using Illumina data perfectly, even
though StrainGST does not explicitly support ONT input. This suggests
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that the k-mer-based approach used by StrainGST is not significantly
affected by the generally lower quality of ONT reads compared to Illu-
mina reads. However, further testing is needed to confirm whether this
remains true for other strains and datasets. Moreover, we demonstrated
the applicability of the workflow to another GM construct (i.e., the pGM-
rib construct), which was matched to the correct combination of GM
construct and host strain.

The main limitation of the GMM detection is the fact that it relies on
a database of known GMM strains and their corresponding constructs.
Currently, this database only contains two entries, since only two
genomically characterized GMM strains have been identified and
documented in the literature so far (Berbers et al., 2020; D’aes et al.,
2021; Fraiture, Bogaerts, et al., 2020). This hinders real-world appli-
cation and generalizability, as it cannot identify unknown or novel GM
strains. However, our aim is to expand this database progressively as
more GMMs are isolated and characterized, which will require sub-
stantial effort from enforcement laboratories since the structure of GM
constructs is often unknown (Fraiture, Bogaerts, et al., 2020). To
effectively support surveillance efforts such as the workflow described in
this study, the availability of a comprehensive public database con-
taining known GMM events for the food and feed chain and their com-
plete genomic information would be highly beneficial. Nevertheless, for
GM strains not included in the database, the assays in the workflow still
provide valuable information, enabling end users to make informed
assessments of the GM status of a strain. In particular, the provided
GMM databases contain genomic elements that are often associated with
GM Bacilli, including AMR-associated genes used as selection markers
and plasmids used as a backbone for genetic modifications. These ele-
ments are always reported if present, even if the combination of GM
markers and identified strain does not correspond to a GMM in the
database. Furthermore, variants of these markers are also be reported if
they meet the filtering criteria. This enables the end user to determine
the necessary experimental validation strategy to confirm a potential
novel GMM. Currently, this still requires specialized domain knowledge,
for example, to differentiate between AMR genes that are intrinsic or
naturally acquired and those introduced through genetic modification
(Fraiture, Deckers, et al., 2020).

Accurate identification of plasmids is essential for detecting plasmid-
encoded GMMs and assessing the potential risks posed by pathogenic
B. cereus. This makes plasmid reconstruction and characterization crit-
ical steps in the workflow. Although MOB-suite can theoretically group
contigs from the same plasmid, this process can be error-prone, partic-
ularly for fragmented assemblies from short-read sequencing data (Beh
et al., 2025; Robertson et al., 2020). Due to the longer read lengths,
assembly fragmentation is expected to be lower for long-read or hybrid
datasets. However, we were unable to obtain complete circular chro-
mosome sequences for any of the validation datasets (Table S4), due to
the relatively short ONT reads. This was limitation was also noted in the
original publication (D’aes et al., 2021), and various benchmarking
studies have shown that complete, unfragmented assemblies are often
not obtained, even with hybrid sequencing data (Chen et al., 2020; De
Maio et al., 2019). To minimize the effect of the assembly step on the
detection of GMM constructs, the workflow uses a read-mapping-based
approach (i.e., KMA), which is more sensitive, especially for low
coverage targets, such as those on low copy number plasmids. In the
performance evaluation, we have demonstrated that the this approach
enabled the complete detection of the constructs. The thresholds for
identifying constructs were adapted from the EFSA guidelines for
reporting elements of concern (European Food Safety Authority (EFSA),
2024).

The workflow has been developed largely in accordance with the
EFSA requirements for WGS analysis of micro-organisms intentionally
used in the food chain (EFSA 2024), with some adaptations to enable
automated accurate detection of known GMMs. While EFSA recom-
mends genome-wide comparisons with wt references to identify any
genomic variation, whether natural or unnatural, this approach is
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difficult to automate and may lead to ambiguous results due to natural
genomic variability, such as HGT. Therefore, we have opted for a tar-
geted approach that differs from the strategy proposed in the EFSA
guidelines. This approach provides clear and interpretable results (i.e., a
strain is or is not a GMM) and is optimized for practical use by
enforcement laboratories. Secondly, the workflow uses only a single
database for the detection of AMR-related genes, instead of using (at
least) two different ones as stated in the guidelines (European Food
Safety Authority (EFSA), 2024). This strategy was followed to reduce
redundancy in the output and to facilitate interpretation. Lastly, we
included several additional QC checks, adapted from extensively vali-
dated workflows for other bacterial species (Bogaerts et al., 2019;
Bogaerts, Delcourt, et al., 2021; Bogaerts, Nouws, et al., 2021).

For B. cereus s.L, the workflow focuses on subspecies identification
and on assessing the pathogenic potential of strains by characterizing
the genes encoding virulence factors and AMR-associated genes. The
workflow also includes typing methods, such as rMLST and cgMLST,
which can be used for constructing phylogenies to study the relation-
ships between isolates (Tourasse et al., 2023). This can be crucial, for
example, in tracing the origin of foodborne outbreaks (Bogaerts et al.,
2023). The performance of the workflow was assessed by re-analyzing a
previously published dataset of B. cereus s.s. biovar Thurigiensis and
evaluating the concordance of (1) species identification and (2) identi-
fication of Bt genes. The species identification part was also validated by
independently sequencing nine additional B. cereus s.L and applying an
independent clustering approach to assign subspecies labels (see Section
2.2.1.2 and Figs. S2-S3). While our results were mostly in line with the
published results, we observed some differences regarding the detection
of Bt genes and species identification. The previous study reported only
binary information on the presence or absence of Bt genes, without
detailed gene-level information, limiting direct comparison (Chung
et al., 2024). Discrepancies in genomic detection between the original
study and our workflow may be related to database content, as Bt genes
include numerous and diverse gene categories, some of which may not
have been fully characterized yet (Panneerselvam et al., 2022). Never-
theless, our workflow improved the Bt genes detection for at least one
sample where the hybrid assembly approach allowed the detection of a
Bt gene that was not detected in the ONT-only assembly. This result
highlights the added value of using hybrid assembly procedures to
improve assembly quality and gene detection accuracy (Wick et al.,
2023). In addition, species assignments were largely consistent with the
original study. The observed differences in our workflow compared to
the original study were supported by the independent clustering
approach. These results suggest that our workflow is suited for the
identification and characterization of B. cereus. s.L isolates. A limitation
of our performance evaluation is that the presence of AMR-associated
genes and of the other toxin-producing genes could not be validated,
as reference information for these assays was not available in the vali-
dation dataset. Moreover, the presence of a gene does not necessarily
translate into the corresponding phenotype. However, the approach it-
self has been extensively validated in several species, generally showing
high concordance between predicted and observed phenotypes (;
Bogaerts et al., 2019; Feldgarden et al., 2019). In the context of risk
assessment, this workflow can therefore serve as an extensive initial
screening tool, although it may require additional follow-up experi-
ments. For example, predicted AMR or toxigenicity phenotypes may
require confirmation through in vivo testing, or verification of trans-
genic construct or junctions with qPCR. Alternatively, laboratories could
conduct comprehensive validation of the workflow using datasets that
include molecular testing results and are representative of the intended
application.

Our workflow complements and extends other existing software for
the detection of (potentially) pathogenic B. cereus strains and GM
B. subtilis. To the best of our knowledge, there are two workflows for the
detection of GM bacteria based on WGS data: DUGMO (Hurel et al.,
2020) and Synsor (Tay et al., 2024). DUGMO starts by assembling
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[llumina reads, followed by inferring coding sequences (CDS) from the
resulting assembly, which are then compared to the pan-genome of the
target species. A machine learning approach is then used to discriminate
between host genome CDSs and GM CDSs, for which a database is pre-
emptively built. However, unlike our workflow, DUGMO does not pro-
vide a full characterization of the GM strain (i.e., neither the GM
construct nor the GM strain), and requires a high-quality pan-genome
and a specifically trained model to accurately infer exogenous DNA
material. However, in theory, DUGMO is generally applicable, regard-
less of the target species, whereas our workflow focuses on GM Bacilli.
Interestingly, the authors of the DUGMO paper applied the tool to the
pGM-rib construct and retrieved the principal genes of interest (i.e., the
riboflavin, cat and recA genes). Synsor is another recently released tool
for identifying engineered DNA sequences using an alignment-free
approach (Tay et al., 2024). We applied the tool to the GMM datasets
used in this study, but it did not classify any of them as GM (results not
shown). Therefore, Synsor may not be a suitable alternative to our
workflow. For plasmids, alternative strategies based on k-mer signatures
have been proposed to detect artificial vector sequences used in genetic
engineering (Allen et al., 2008).

Although the presented workflow is tailored towards Bacilli, many of
the steps are species-agnostic and have been adapted from workflows
previously described for other organisms (Bogaerts et al., 2019;
Bogaerts, Nouws, et al., 2021). Pre-processing steps and assays such as
read trimming, de novo assembly, and sequence typing have been
described previously, and are being used in extensively validated
workflows. Similar workflows have been developed and validated by
other laboratories, including (Hung et al., 2025; Kohl et al., 2018;
Ortega-Sanz et al., 2023; Petit & Read, 2018; Smedile et al., 2025).
However, these workflows have only been validated for Illumina input
data. To our knowledge, no end-to-end workflows have been validated
for bacterial isolate characterization on ONT data, which hinders its
integration into routine practice.

For B. cereus, BTyper3 is a widely used workflow for the character-
ization of B. cereus s.L. (Carroll, Cheng, et al. 2020). Some alternative
tools have been developed specifically for the characterization of
B. cereus s.s. biovar Thurigiensis strains, such as IDOPS (Diaz-Valerio
etal., 2021), BtToxin_Digger (Liu et al., 2021) and cry_processor (Shikov
etal., 2020), all three focusing on the accurate detection of Bt genes. Our
workflow uses BTyper3 to characterize B. cereus sequencing data, as this
tool is widely used and has extensive functionality (Carroll, Cheng, &
Kovac, 2020). In addition to the BTyper3 characterization, our workflow
integrates several additional assays such as pre-processing (including
multiple assembly approaches), validated quality checks, cgMLST
profiling and detection of AMR genes and mobile genetic elements.

While our workflow is currently designed for isolate analysis, it could
theoretically also be applied to meta-genomes obtained from meta-
genomics datasets (i.e., by sequencing the input matrix directly). This
may increase the number of use cases for the workflow, as metagenomic
sequencing does not require isolation or cultivation (Handelsman et al.,
1998; Kellenberger, 2001; Ko et al., 2022; Quince et al., 2017). Still,
additional assays would be required to validate this approach, given that
the current version of the workflow was developed for high quality data
from bacterial isolates. A potential strategy would be to first assemble
the metagenomic data and then perform binning in order to assign
species labels to each bin. The metagenome-assembled genomes could
then be fed into the current workflow.

In conclusion, we have developed and validated a novel WGS-based
workflow for the comprehensive characterization of B. cereus s.l. and
B. subtilis s.L isolates. We have demonstrated its performance for accu-
rate detection of GM B. subtilis strains, as well as the identification of
toxin-encoding genes and correct subspecies identification for B. cereus
isolates. This workflow can be a valuable complement or alternative to
existing molecular biology-based methods, such as qPCR. This can be
particularly relevant for enforcement laboratories, competent author-
ities and industry, as it is a reliable and reproducible method for
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detecting unauthorized or potentially hazardous bacterial contamina-
tions (Barbau-Piednoir et al., 2015; Paracchini et al., 2017). The results
are presented in an easy-to-interpret format, enabling users, including
non-bioinformatics experts, to easily evaluate the risk associated with
potential contaminants in food and feed products. To the best of our
knowledge, this study provides the first proof of concept for the iden-
tification and complete reconstruction of known GMMs, supporting
short and/or long read WGS data.
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