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Abstract

Background In microbial diagnostics, whole-genome sequencing (WGS) is used to address key questions such as
species identification, presence of antimicrobial resistance genes (ARGs), virulence genes, and outbreak detection.
The choice of sequencing technology is crucial to ensure high-quality data, cost-effectiveness, and efficient reporting
times. We aimed to compare lllumina (short-read) and ONT (long-read) sequencing methods for WGS on different
bacterial species for base accuracy and reliable taxonomic and ARG identification.

Materials and methods We used clinical isolates of ESKAPE pathogens (n=12) and ATCC strains (n=28) of varying
%G+ C. lllumina sequencing was performed on MiSeq (PE150) and ONT sequencing using GridION with R9.4.1 and
R10.4.1 flowcells. Base-calling was performed using Guppy, Dorado, and Rerio software. We performed de novo
assembly with Unicycler for lllumina and Flye for ONT, and two types of hybrid assemblies, Unicycler and Polypolish.
We annotated genomes with Bakta and assessed the quality (QUAST, GTDB-Tk). We identified ARGs (AMRFinderPlus)
and plasmids (MOB-suite). We mapped reads and called SNPs using Minimap2, Pilon, vcftools, and Snippy (Illumina).
Core genome MLST analysis was conducted with Ridom Segsphere+.

Results We observed that lllumina sequencing provided consistently high-quality reads (median Q-score 35),
whereas for ONT R10.4.1, SUP model showed higher median quality (median Q-score 15.3) compared to R9.4.1
(median Q-score 13.9, SUP model). We observed that Illumina-based assemblies generated fewer genes annotated as
disrupted; for ONT assemblies, the base-caller affects assembly annotation accuracy, with High accuracy (HAC) and
Super accuracy (SUP) base-calling models perform better than FAST model. ONT assemblies resolved rRNA operons
better than lllumina assemblies. Sequencing errors were determined by SNP calling, and varied widely by species,
with ONT often generating more sequencing errors compared to lllumina. Hybrid assemblies combine accuracy and
completeness effectively. Taxonomic identification and ARG detection were reliable across all methods.
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Conclusion Combining lllumina and ONT technologies yielded optimal bacterial genome sequencing results,
leveraging the high accuracy of short reads and improved contiguity of ONT long reads. The HAC and SUP ONT
models with Dorado notably enhance genome assembly annotation and resolution of complex regions, although
species-specific issues, likely due to repeat regions and base modifications, remain challenging even in SUP model
with Dorado. Hybrid approaches currently offer the most comprehensive and accurate genome assemblies for clinical
microbiology. For reliable cgMLST even using the most recent ONT methods, resolution must be assessed on a

species-by-species basis.

Keywords \Whole genome sequencing, Oxford Nanopore Technologies, lllumina

Introduction

Bacterial typing and antimicrobial susceptibility testing
(AST) are important services offered by clinical micro-
biology laboratories for infection control and preven-
tion, and to inform treatment strategies. Whole genome
sequencing (WGS) offers detailed pathogen profiling
and can be used for genome-based species identification,
high-resolution typing, including cluster identification,
as well as prediction of antimicrobial resistance genes
(ARG) and virulence genes [1-3]. WGS data can thus be
used for diagnostics and, importantly, also for surveil-
lance programs [4, 5]. To facilitate the accreditation of
clinical laboratories and ensure consistent data interpre-
tation and sharing, standardization of WGS workflows
is critical [6, 7]. A clear understanding of the advantages
and limitations of different sequencing technologies is
essential for their reliable integration into clinical and
public health microbiology [8, 9].

Short-read, Illumina platform-generated data has been
used extensively for WGS of bacterial isolates in settings
spanning from high- to limited-resource [10, 11]. Illu-
mina platforms offer workflows with turnaround times
(TAT) of 2-5 days (12,13), high throughput, base call
accuracy of 99.99% [12, 13], and read lengths of 75-300
bp [14]. However, Illumina data has lower resolution for
repetitive regions, structural variant identification, and
thus limitations in generating complete, circularized bac-
terial genome and plasmid assemblies [15-18].

The advent of long-read sequencing technologies over
the last decade is redefining the microbial genomics
landscape and promising to shed light on the uncharted
regions of bacterial genomes [19]. Long-read sequenc-
ing technologies generate read lengths in kilobases, often
enabling complete genome assembly [13]. Of particular
interest in clinical microbiology labs is Oxford Nanopore
Technologies (ONT). ONT offers rapid TAT for library
preparation and sequencing (range here as for Illumina),
real-time analysis, lower instrument costs, ease of imple-
mentation in resource-limited settings (e.g., handheld
MinION sequencer), and the ability to generate circu-
larized bacterial chromosome and plasmid assemblies
[20-24]. However, ONT data has a lower base quality of
the sequenced reads due to a high error rate compared to
Ilumina [14, 25].

Over the years, ONT has been dynamically modify-
ing pore chemistries and developing better base-calling
algorithms to generate high-quality reads and increase
read accuracy. The speed of these developments and the
subsequent rapid depreciation of previous hardware pose
an issue for clinical microbiology laboratories. Frequent
validation is thus required for the bioinformatic software,
base-callers, and base-calling models, to ensure repro-
ducibility and standardization. Although several studies
[25-30] have evaluated long- and short-read sequencing
platforms for bacterial WGS-based typing, these inves-
tigations have focused on specific Gram-negative or
Gram-positive species, and comparisons across different
ONT base callers and models remain limited.

Our benchmarking study aimed to analyze a range of
genomically diverse bacteria, including clinically relevant
pathogens of the ESKAPE group (Enterococcus faecium,
Staphylococcus aureus, Klebsiella pneumoniae, Acineto-
bacter baumannii, Pseudomonas aeruginosa, and Entero-
bacter spp.). We compared sequencing data from routine
[llumina workflows, ONT chemistries using the R9.4.1
and R10.4.1 flowcells, and ONT base-callers, namely
Guppy, Dorado, and Rerio, with different base-calling
models: FAST, High accuracy (HAC), and Super accu-
racy (SUP). We assessed read quality, assembly quality,
taxonomic identification, cluster identification, and ARG
prediction. Along with the Illumina-only and ONT-only
de novo assemblies, we also compared hybrid assemblies
using the data. With this benchmarking study, we aim
to address whether the improved ONT data can gener-
ate stand-alone assemblies on a par with those from Illu-
mina data for pathogen profiling, and to investigate the
potential paradigm shift in the use of short-to-long-read
sequencing platforms.

Methods
Sample selection
We selected American Type Culture Collection (ATCC)
bacterial isolates (r=8) with %G + C content from 30% to
66%, and clinical ESKAPE (1 =12) isolates. Table 1 lists
the bacterial isolates used.

Two A. baumannii routine clinical isolates with the
same resistance pattern were used to demonstrate the
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Table 1 Bacterial isolates used for the study. Clinical isolates were labeled as“s"for sensitive and “r"for resistant. For example, acibau_r
or acibau_nr refers to A. baumannii with a specific resistance pattern. The resistant and sensitive ESKAPE isolates were identified with
phenotypic antimicrobial sensitivity testing, carried out with routine culture-based diagnostics

Bacterial isolates Isolate information Gram status %G+C Short name
Acinetobacter baumannii Carbapenem resistant, bldgy,_»; Negative 39.0 acibau_nr
Acinetobacter baumannii Carbapenem resistant, blany,_,; Negative 3838 acibau_r
Acinetobacter pittii Carbapenem resistant, Negative 38.7 acipit
blaoy-so
Burkholderia stabilis ATCCBAA-67 Negative 66.4 bursta
Campylobacter jejuni ATCC700819 Negative 306 camjej
Enterococcus faecalis ATCC29212 Positive 375 entfael
Enterococcus faecium Vancomycin sensitive Positive 377 entfae_s
Enterococcus faecium Vancomycin resistant, vanA Positive 37.7 entfae_r
Escherichia coli ATCC25922 Negative 504 esccol
Escherichia coli Non-Extended spectrum beta lactamase (ESBL) producing, sensitive Negative 50.6 esccol_s
Escherichia coli ESBL Negative 50.8 esccol_r
producing, bldcry_y_1s
Klebsiella pneumoniae Carbapenem sensitive Negative 573 klepne_s
Klebsiella quasipneumoniae ATCC700603 Negative 57.7 klequa
Pseudomonas aeruginosa ATCC27853 Negative 66.1 pseaer
Pseudomonas aeruginosa Carbapenem sensitive Negative 66.4 pseaer_s
Pseudomonas aeruginosa Carbapenem resistant, blay,,_, Negative 66 pseaer_r
Staphylococcus aureus Oxacillin sensitive Positive 328 staaur_s
Staphylococcus aureus Oxacillin resistant, mecA Positive 329 staaur_r
Staphylococcus aureus ATCC25923 Positive 329 staaur
Streptococcus pyogenes ATCC19615 Positive 385 strpyo

reliability of calling the blagy,_,; allele across different
genomes.

DNA preparation

We cultured the ATCC isolates on Columbia agar with
5% sheep blood and the ESKAPE isolates on LB agar
plates. We extracted DNA from bacterial cultures using
the QIAamp DNA Mini kit (Qiagen) with the Gram-
positive protocol using 20 mg/mL lysozyme, according to
the manufacturer’s protocol. We used DNA from a single
extraction in all experiments for each isolate, with the
exception of the ATCC isolates on Illumina (see below).
We used the Qubit 4™ Fluorometer with 1x dsDNA HS
Assay Kit™ (Thermo Fisher Scientific) to quantify the
DNA concentration.

Genome sequencing

We sequenced all ESKAPE isolates on the Illumina
MiSeq platform with PE150, following QIAseq FX (Qia-
gen) library preparation according to diagnostic routine
protocols (ISO norm 15189/17025). Illumina data for the
ATCC isolate libraries prepared with QIAseq FX were
obtained from a previous study [31] under ENA number
PRJEB31421. For ONT sequencing, the rapid barcod-
ing kit (RBK004 and RBK114.24) was used for library
preparation and sequenced with both R9.4.1 and R10.4.1
flowcells in a GridION sequencer, multiplexing twelve
samples per flowcell. We used the same DNA for library

preparation for both flowcell chemistries. We sequenced
with the 400-bps speed and 4 kHz model for the default
72 h runtime, on flowcells each with > 1000 available
pores. The demultiplexing was done using the inbuilt
MinKNOW software (v22.10.7). We further sequenced
the eight ATCC isolates using the inbuilt 5 kHz Dorado-
SUP model provided within the MinKNOW software
(v24.06.15).

Base-calling for ONT

We generated the base-calling for the Fast5 files from
R9.4.1 and R10.4.1 in parallel using the three differ-
ent command line base-callers Guppy (v6.4.6), Dorado
(v0.3.4), and Rerio (sup@4.0.1). For Guppy and Dorado,
three base-calling models (FAST, HAC - High accuracy,
and SUP - Super accuracy) were used; for Rerio, only
the SUP model is available. An overview of these differ-
ent base-calling options and programs is shown in Fig. 1.
We converted the Fast5 files into Pod5 files for Dorado
base-calling using pod5 tools (v0.1.5) [32]. We set the
minimum base quality score cutoff to nine for all base-
calling models. The sequencing was done using the 4 kHz
model. We also compared the 5 kHz Dorado-SUP model
for ATCC isolates. We used the fastq files obtained after
the base-calling for downstream data analysis. Base call-
ing was performed on the high-performance computing
(HPC) cluster provided by ScienceCluster, University of
Zurich. The cluster is equipped with NVIDIA A100 and



Purushothaman et al. BMC Medical Genomics (2026) 19:34 Page 4 of 14
—— > Guppy(v6.4.6) --~._ .
'(TEQKEC;‘; —— Fast5 (R9.4.1) —L— Pod5 —— Dorado(v0.3.4) ...}~ Base-calling models
| e FAST
Squiggle data — —— Guppy(v6.4.6) -~ 4 HAC
t /, SUP
RBK114.24 L Fast5 (R10.4.1) —— Pod5 —— Dorado(v0.3.4) - l
(R10.4.1)
-+ Rerio (sup@4.0.1) -~ 4 i ONT-Fastq

———— Dorado (SUP-5kHz) -~

Fig. 1 Overview of different base-calling options and programs for ONT sequencing. All base callers were used in command-line model, except Dorado

(SUP-5 kHz); FAST, HAC (High accuracy), and SUP (Super accurate)

V100 GPUs, supporting multi-GPU execution through
CUDA (v12.0.0). A total of five GPUs were utilized for
this analysis.

lllumina read QC and assembly

We performed sequencing read quality control for the
[lumina data using the FastQC program (v0.11.9) [33].
The raw reads were subjected to adapter removal using
Trimmomatic (v0.39) [34]. After the adapter removal,
we assembled the reads using Unicycler (v0.5.0) [35]. We
calculated mean genome read depth using the formula as
follows: C = L*N/G; where C - Genome read depth; L -
Read length; N - Total number of reads, and G - Genome
size, and achieved over 30x mean read depth (our clini-
cally validated minimum) for all samples.

ONT read QC and assembly

We filtered reads with Filtlong (v0.2.0) [36], using a
minimum read length of 200 bp (--min_length 200) and
retaining the top 90% of bases by quality (keep_percent
90). The sequencing read quality for the ONT data was
calculated using NanoPlot (v1.40) [37]. Over 30x mean
read depth was obtained for all samples, except a few
assemblies generated with FAST model. We converted
the fastq files to fasta using Seqtk (1.3-r106) [38] for
Medaka polishing. We de novo assembled the filtered
reads using Flye (v2.9.1-b1780) [39] and obtained the
assembly summary from the Flye log. The assembled
FASTA obtained from Flye was polished with Medaka
(v1.7.2) [40] using reads generated with the respective
base-calling models. Medaka polishing was not per-
formed for the genomes obtained using Rerio base-call-
ing, as no medaka polishing model is available for this
respective base-caller. We utilized the Medaka (v2.0.0)
[40] polishing model for bacterial methylation for the
data generated using R10.4.1 flowcell chemistry for both
the 4 and 5 kHz models.

Hybrid assemblies

We generated hybrid assemblies based on Illumina-first
assemblies using Unicycler (v0.5.0) [35] with Illumina-
only assemblies polished with long-reads generated from
all possible base-callers and models, hereafter referred to
as long read polished (Irp). Next, we generated ONT-first
hybrid assemblies using Polypolish(v0.5.0) [41], using
medaka polished ONT-only assemblies, polished using
Ilumina reads, hereafter referred to as short read pol-
ished (srp). For the 5 kHz sequencing, we have not per-
formed the hybrid assemblies, as the aim is to compare
whether ONT alone reads base called with the bacterial
base modification genome-aware base calling model, out-
performs the hybrid assemblies.

Annotation

We annotated the assembled genomes using Bakta
(v1.10.3) with database version (v5.1) [42] and obtained
the total number of rRNA, coding sequence (CDS), and
pseudogenes from the Bakta report. Bakta relies on the
Rfam database (v14.10) and Infernal models for detec-
tion and annotation of rRNA genes. Bakta identifies and
annotates all three major rRNA genes, 16 S, 23 S, and 5
S. Bakta also identifies pseudogenes as frameshift muta-
tions (insertions and deletions not including triplets)
along with premature stop codons and loss of original
start codons. We calculated the mean CDS length using
SeqKit (v2.4.0) [43].

Reference genomes

Table 2 lists the reference genomes for the ATCC iso-
lates. We used the Irp assemblies generated with the
Rerio-SUP model as reference genomes for the ESKAPE
isolates, as the Rerio-SUP model accounted for bacterial
methylation.
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ATCC isolates ATCCID Refseq Accession number
Burkholderia stabilis ATCCBAA-67 NZ_CP016442.1,
NZ_CP016443.1,
NZ_CP016444.1
Campylobacter jejuni ATCC700819 NC_002163.1
Enterococcus faecalis ATCC29212 NZ_CP008816.1,
NZ_CP008815.1,
NZ_CP008814.1
Escherichia coli ATCC25922 CP009072.1
Klebsiella quasipneumoniae ATCC700603 NZ_CP014696.2,
NZ_CP014697.2,
NZ_CP014698.2
Pseudomonas aeruginosa ATCC27853 CPO15117.1
Staphylococcus aureus ATCC25923 NZ_CP009361.1,
NZ_CP009362.1
Streptococcus pyogenes ATCC19615 NZ_CP008926.1
Assembly quality Results

We assessed the assembly quality using QUAST (v5.0.2)
[44]. The assembly graphs were visualized using Bandage
(v0.8.1) [45]. The taxonomy identification was carried out
on the assembled genome using the Genome Taxonomy
Database Tool kit (GTDB-Tk) (v2.2.6) with database
release (v214) [46]. We performed ARG prediction using
NCBI AMRFinderPlus (v3.12) [47] on the assembled
genomes, using gene length coverage and sequence iden-
tity of 95% as cutoff scores. We used MOB-suite (v3.1.9)
[48] to classify assembled contigs with the identified ARG
as either of chromosome or plasmid origin.

Mapping and SNP error calling

We aligned the read length filtered ONT reads, and
adapter-trimmed Illumina reads to the respective refer-
ence genomes according to ESKAPE or ATCC bacterial
isolates using Minimap2 (v2.24) [49] in ont-mode for
ONT reads and sr-mode for Illumina reads. The BAM
files were subjected to sorting, duplication removal, and
indexing using Samtools (v1.15.1) [50]. We performed
SNP calling from the BAM files using Pilon (v1.24) [51],
and vcftools (v0.1.16) [52] to process the vcf files with
retaining sites with a minimum of two alleles (--min-
alleles 2) and a minimum quality threshold of 1(--minQ
1). We extracted the SNPs annotated in the vcf files using
vcftools (v0.1.16). Variant calling on short reads was also
tested using Snippy (v4.6.0) [53] for comparison. We cal-
culated the read depth of the called SNPs at each position
using Samtools (v1.15.1) [50].

Core genome MLST (cgMLST) analysis

We analyzed all the assemblies in Ridom Seqsphere+
(v10.0.3) [54] and used cgMLST analysis with defined
schemes (cgmlst.org). Statistical tests were not feasible,
as each comparison involved a single species, and spe-
cies-specific effects would have influenced the results.

Read and base quality

The selection of diverse ATCC type strains and clinical
isolates yielded a median base quality of 35.9 (IQR 33.2—
36.3) with Illumina sequencing. In contrast, sequencing
using ONT with R10.4.1 flowcells and base-calling in
SUP model with Dorado and Guppy resulted in a median
read quality score (mean Q-score) of 15.3 (IQR 14.7-
15.9) and 15.4 (IQR 14.9-16.1). This was higher than
the data from R9.4.1 flowcells, which were base-called in
SUP model with Dorado and Guppy, producing a median
Q-score of 13.9 (IQR 13.6—14.1) and 14.2 (IQR 14-14.6)
(Fig. 2a). The number of bases generated with R9.4.1
flowcells was greater than that of R10.4.1 flowcells, but
the R10.4.1 flowcells produced longer reads, with a higher
N50 (Fig. 2b and c). The quality metrics for each sample
are provided in Supplementary Table S1. ATCC isolates
resequenced with Dorado 5 kHz SUP model yielded the
highest median base quality of 19.5 (IQR 19.0-19.7) com-
pared to the R10.4.1 (4 kHz) and R9.4.1 base called reads
(Supplementary Table S1). We also obtained duplex reads
from the R10.4.1 flowcells. While the read quality was
improved with duplex reads, the number of these reads
was insufficient for downstream genome assembly [29].
Therefore, these data are not included in the results.

Computational time needed for base calling

Dorado was computationally less expensive than Guppy
across different flow chemistries and base calling modes.
Among the different base calling models, FAST model
consistently required the least time, followed by HAC,
while SUP incurred the highest computational time. On
the other hand, Rerio SUP model also required lower
computational time compared to Dorado-SUP. Table 3
lists the base calling time across the different base callers
and the total bases generated before filtering.
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Fig. 2 ONT read quality metrics from NanoPlot for 20 sequenced isolates. a: mean quality score (gscore; red line represents the lllumina median quality
score of 35); b:read length N50 in kilobase pairs, lllumina reads paired end 150 base pairs; ¢: total number of passed bases. The x-axis shows the base-caller
models, and the y-axis shows the respective quality metrics. Each grid represents different ONT base-callers. The boxes represent the interquartile range,
and the lines inside the boxes represent the median. The lines extending from the box (whiskers) represent the furthest data points that are not consid-
ered outliers. Gold (R9.4.1) and blue (R10.4.1) fill colors represent the different ONT flowcell chemistries. FAST; HAC (High accuracy); SUP (Super accuracy)

Table 3 The total time for base calling using different base callers with their respective models and flowcell chemistries

Base calling model R9.4.1 (n=20) R10.4.1 (n=20)
Guppy Dorado Guppy Dorado Rerio
FAST Time—-25h Time—-1.1h Time—1.2h Time —0.60 h -
Bases —21.7 Gbp Bases —184 Gbp Bases —11.5 Gbp 9.4 Gbp
HAC Time—=3h Time—12h Time—=15h Time —=0.75 h -
Bases —22.3 Gbp Bases —21.2 Gbp Bases —13 Gbp Bases —13.3 Gbp
SUP Time—-3.3h Time—-33h Time—-22h Time—-33h Time—1.1h

Bases —22.4 Gbp Bases —21.5 Gbp

Bases —13.3 Gbp Bases —13.8 Gbp Bases —12.3 Gbp

Assembly quality and species identification

We noted that bacterial genome assemblies generated
using R10.4.1 Dorado SUP (4 and 5 kHz) and Rerio SUP
base callers generally achieved higher assembly N50 val-
ues compared to those from R9.4.1 and Illumina plat-
forms. The N50s are strongly species dependent, with the
N50 of ONT and hybrid assemblies frequently reflect-
ing longer assembly N50 lengths, with exceptions in a
few isolates sequenced from R9.4.1 flow chemistries.
entfae_s and acipit had shorter assembly length N50,
whereas assemblies based solely on Illumina data gen-
erate shorter assembly N50 lengths (Fig. 3a). There was
no difference in the observed %G+ C content between
the assemblies from the two sequencing platforms. The
mean depth for the ONT and Illumina is also provided
in Supplementary Table S2. The GTDB-Tk correctly
assigned bacterial taxonomy in all de novo assembled
genomes, regardless of the sequencing technology or the
flowcell chemistry (Supplementary Table S3), except that
bursta was not classified for assemblies generated with
R10.4.1 Dorado and Guppy in FAST model, similarly in
srp hybrid assemblies from R10.4.1 Dorado and Guppy in
the FAST model. Additionally, the assembly from R9.4.1,

HAC model data was unable to classify pseaer_s as it was
incomplete.

Assemblies generated with R10.4.1 yielded more cir-
cular contigs than those from R9.4.1 or Illumina. Table 4
reports per-isolate counts of circular (C) and linear (L)
contigs from Unicycler and Flye for Illumina and ONT-
only assemblies. Corresponding Bandage visualization of
the assembly graphs is shown in Supplementary file F1.

Annotation quality
Annotated assemblies, across all species, generated
with Illumina data, exhibited relatively consistent mean
CDS lengths, suggesting accurate representation of the
genome content and minimal frame-shift errors (Fig. 3b).
Notably, annotated assemblies from R10.4.1 Dorado
SUP (4 and 5 kHz) and Rerio SUP produced mean CDS
lengths that were closer to those observed in Illumina
assemblies, followed by the R10.4.1 Dorado HAC model
(Fig. 3b). The FAST model with Guppy and Dorado per-
formed the worst, with a lower mean CDS length.
Pseudogenes, being annotated as disrupted genes, were
used as a proxy for incorrect base calls or indels leading
to mis-annotation. Illumina-based assemblies exhibited



Purushothaman et al. BMC Medical Genomics (2026) 19:34 Page 7 of 14

)

Guppy Dorado Rerio Dorado-5kHZ lllumina Reference
R9 R10 R9 R10 R10 R10 lllumina Reference
a 5 = e B .Y B = = g + + *
§ 61 a o o||as » e B aadan [ |
= 3 ib ") B [ 1 | u S
8 A A
Z 4Aqmnan N8 en R §F 7
> [ N ) l (' | Ol Ol O ) : ! ! ! p'\ [} » [ ] [ ] [ ] =+ -+ *
'g PY e "NILERE R L I Y [ |
Q || ===a Al Rom|| = = &m T *
7] n ° T B
2 AR R Alliaiana - guan - - B Model
04 = » [
e FAST
b Guppy Dorado Rerio Dorado-5kHZ lllumina Reference 4 :AC
= SUP
1000 R9 R10 R9 R10 R10 R10 lllumina Reference + SUP5kHz
- padmtjjagetSlgamfliaanan i n 8 8| + + [ * ® llumina
o i ;b N b RN R i W 3
ks )] R . = w - * Reference
e 75013 gi¢ 3 3 ACA
- - § © o
a A 0 g ) | 4 A s 1
4 500{c¢ 1 s ° . ¢ Species
O ° . o .
c acibau_nr
8 2501 acibau_r
= 0 ® acipit
® bursta
C Guppy Dorado Rerio Dorado-5kHZ lllumina Reference ¢ camje]
- ® entfae_r
R9 R10 R9 R10 R10 R10 lllumina Reference entfae_s
@ 1500+ * . . entfael
% ® esccol
[ ]
2 o esccol_r
'g 1000 4 e g . : esccol_s
§ o N 3 °2 2 ® g klepne_s
= 5004 = ® : ! E I H : ° klequa
S 3 282 R s Egte ® pseaer
z 04 % Prart o [P le’ﬁf; ol (Drpvre (| & S wm N e (] 3 pseaer_r
® pseaer_s
d Guppy Dorado Rerio Dorado-5kHZ lllumina Reference staaur
R9 R10 R9 R10 R10 R10 Illumina Reference staaur_r
. o o o staaur_s
304 e 0o 0 0 strpyo
< e ww . LA A . = =
E 204 (2 P mm T O :F :‘: *
— ? 4 Yy ¥y ry vy w ', w ¢ - x % LS * 2
_I n °
S Arm Aw Aw Aw | |[dwAwAwsmsw| | A uw ww Aw | swswuwsmiw [ m O m 0w + + *
R 101n o s a|lsssss|lssss|sssss|n o = + 4+ *
54
0 A A L
\\*@b\(\ ENEN @%\/\&9 ESNN @\‘@5\{\ QR K g@%\f\&g PN\ @\@ L K @\@ 8‘/0 @ 0(\0?)
6\@ &Q (QG ((\Q; K{\@ 6\@ ((\QJ \\\\) é@k
Q~

Fig. 3 a-d Assembly and annotation quality - Each dot represents a bacterial genome assembly, with colors referring to isolates. Each panel represents
the base callers, and the nested panel represents the flowcell chemistry. a Assembly N50 length (QUAST) in millions of base pairs. b Mean CDS length
(Bakta and SeqKit) in base pairs. ¢ Number of annotated pseudogenes (Bakta). d Number of rRNAs annotated (Bakta). The x-axis represents the assemblies
generated from the ONT (Flye, Medaka polished (v1.7.2 and v2.0.0)), srp, Irp, lllumina, and ATCC-reference genomes. The y-axis represents the respective
assembly and annotation quality metrics. The reference panel represents the ATCC reference genomes

a lower number of pseudogenes compared to ONT-only  those from other ONT flowcells and base calling mod-
assemblies. Similarly, assemblies from R10.4.1 Dorado els (Fig. 3c). Assemblies generated using the FAST base-
SUP (4 and 5 kHz), Rerio SUP, and R10.4.1 Dorado calling models from both Dorado and Guppy, using data
HAC models also had fewer pseudogenes compared to  from either R9.4.1 or R10.4.1 chemistries, consistently
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Table 4. Summary of circular contigs across lllumina, R9.4.1, and R10.4.1. For each species, cells show the number of circularized
contigs (C) and linear contigs (L) as C/L for ONT-only assemblies generated with R9.4.1 and R10.4.1 flow cells using Guppy or Dorado
basecalling models (FAST, HAC, SUP), R10.4.1 rerio SUP, and Dorado-5 kHz SUP, and for illumina assemblies. Cell shading denotes
concordance with the reference: dark green=C and L match the reference column, pale green=C matches only. The Irp assemblies
generated with R10 rerio SUP model are considered as the reference assemblies for the ESKAPE isolates, and the respective ATCC
refseq genomes are considered as the reference for the ATCC isolates. NA indicates values that are not available

R9.4.1 R10.4.1
Guppy Dorado Guppy Dorado Rerio Dorado-5kHz
FAST HAC SuUP FAST HAC SuP FAST HAC SuUP FAST HAC SuP SuUP SuUP llumina__ [Reference

Species CIL CiL CiL CiL CIL CIL CIL CIL CIL CIL CIL CIL CIL CIL CIL CIL
acibau-nr 212 2/16 3116 311 3/13 212 4/3 4/2 4/2 4/2 4/2 4/2 4/2 NA 1174 4/0
acibau-r 2/19 2/14 212 219 121 2110 2110 312 312 o7 211 3/0 12 NA 0/181 30
acipit 22 21 12 5/0 4n 4/0 4n 51 6/0 413 5/2 5/3 5/2 NA 197 5/6

entfae-r 3/25 2/33 3/26 3125 4/25 3124 3/10 419 5/15 517 3114 318 2/15 NA 2/320 11/23
entfae-s 4/24 5/25 3127 517 4/32 2/26 4/8 312 4/5 5/5 39 219 2113 NA 4/239 70
esccol-r 27 2/13 2/15 115 2/10 4/8 3/4 4/0 312 4n 4/0 313 3/5 NA 4/153 52
esccol-s 1/20 0/16 0/18 113 0/15 119 12 1/0 1/0 1/6 11 1/0 1/0 NA 1125 2/0
klepne-s 13 2/3 2/3 13 2/3 2/3 12 12 1/3 22 1/2 07 0/8 NA 0/94 12
pseaer-r 31 21 0/9 21 1/5 0/5 1M 0/5 11 11 11 0/5 11 NA 0/243 1/0
pseaer-s 0/8 0/7 07 07 0/7 0/9 0/15 0/14 0/13 0/14 0/11 0/13 0/11 NA 0/220 1/0
staaur-r 11 11 11 11 171 171 2/0 2/0 2/0 2/0 2/0 2/0 2/0 NA 1/35 2/0
staaur-s 2/0 2/0 2/0 2/0 2/0 2/0 200 2/0 10 2/0 10 1/0 2/0 NA 0/44 2/0
bursta 512 6/0 5/0 6/0 6/0 5/0 7/33 6/43 7/35 8/28 7/35 6/37 7131 6/13 0/149 30
camjej 2/0 2/0 2/0 2/0 2/0 2/0 2/0 2/0 2/0 2/0 2/0 2/0 2/0 2/0 0/42 1/0
entfael 0/6 0/5 0/5 21 21 21 21 21 21 21 21 2/0 21 2/0 0/67 3/0
esccol 217 3/15 319 3/12 3/15 412 41 21 4/2 31 312 4/0 2/0 114 3/193 10
klequa 211 171 1716 2/5 1/8 19 30 30 3/0 3/0 3/0 30 21 2/6 0/118 30
pseaer 1/3 1/4 1/3 0/6 0/4 0/4 0/4 2/3 2/3 2/2 2/3 2/5 0/4 1/0 0/185 1/0
staaur 17 1/6 1/6 1/4 1/6 1/6 200 2/0 2/0 2/0 2/0 2/0 2/0 2/0 0/53 2/0
strpyo 1/0 2/0 10 2/0 1/0 2/0 1/0 1/0 2/0 1/0 1/0 2/0 1/0 0/2 0/43 1/0

exhibited higher pseudogene counts than those gener-
ated with the SUP models from Rerio and Dorado. In
hybrid assemblies, annotation of Irp-based assemblies
resulted in fewer pseudogenes than the srp-based assem-
blies, specifically those generated with R9.4.1 chemistry.

Ribosomal RNA (rRNA) genes are often found in
multiple copies within genomes [55]. ONT-only assem-
blies achieved the same total numbers of annotated
rRNA genes as seen in the reference genomes, whereas
they often collapse into single copies in Illumina assem-
blies (Fig. 3d). Hybrid assemblies, integrating both long-
and short-read data, showed no differences in terms of
assembly length, N50, number of annotated rRNAs, and
%G + C content.

ARG detection

All ARGs presented in Table 1 were successfully iden-
tified in assemblies of ESKAPE isolates, regardless of
the sequencing platforms used. However, assemblies
generated using the FAST model from ONT showed
incomplete annotation of the vanA operon in entfae_r
or entirely missed ARGs for certain bacterial species,
notably esccol_r. Additionally, when using ONT R9.4.1
chemistry with Dorado and Guppy base calling in High
accuracy (HAC) and Super accuracy (SUP) models, the
vanA operon in entfae_r was detected with only 81%
gene length coverage.

To investigate the chromosomal or plasmidic location
of the ARGs, MOB-suite analysis of assembled genomes
was correlated. The identified ARGs are located on the
chromosomes, except for the vanA gene, which was clas-
sified as plasmid-encoded. Of note, the majority of the
ARGs from lrp assemblies were not on contigs assigned

specifically to chromosome or plasmid categories. The
ARG results are shared in Supplementary Table S4.

Sequencing error calling

The number of sequencing errors was assessed using
variant calling/SNP analysis, using ATCC (n =8) isolates,
which have high-quality reference genomes available
in the RefSeq database. Overall, Illumina reads mapped
to the reference sequences generated fewer sequencing
errors than ONT reads, with more errors seen in R10.4.1
than R9.4.1 reads (Fig. 4).

We observed that in ONT data (Dorado-SUP,
R10.4.1), more sequencing errors were observed in cam-
jej(~10,000), followed by pseaer (~466), esccol (~140),
and entfael (~73), compared to Illumina. Pilon identified
sequencing errors with at least 30x read depth. A species-
specific effect is observed between the variant calling for
different base-callers and models, which could be attrib-
uted to the varying %G + C content, presence of modified
bases (miscalled methylated sites), or highly repetitive
regions in the genome.

For ATCC staaur, fewer sequencing errors were
detected in ONT reads from Dorado-SUP and Rerio-SUP
(R10.4.1 and R9.4.1 flowcells), with one error in ONT
reads compared to two in Illumina. For klequa, no errors
were detected in ONT data from R10.4.1, Rerio (4 kHz),
and Dorado SUP 4 kHz (n=0 or n=1). S. pyogenes had
seven sequencing errors in ONT data (R10.4.1 Dorado
4 kHz and Rerio SUP) and six errors in Illumina data.
For bursta, Illumina reads had more errors than ONT
data. No difference was observed in sequencing errors
between the 4 kHz and 5 kHz models of Dorado SUP
in R10.4.1. The complete number of sequencing errors
detected and the alignment percentage to the respective
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Fig. 4 Sequencing errors detected on the read level - The x-axis represents the different models (FAST, HAC, and SUP) used for the base-callers (Dorado,
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cells (Gold - R9.4.1; Blue - R10.4.1; Red - Illumina). bursta - B. stabilis; entfael - E. faecalis; esccol - E. coli; klequa - K. quasipneumoniae; pseaer - P. aeruginosa;

staaur - S. aureus; strpyo - S. pyogenes. The circle indicates zero SNPs called

reference genomes are provided in Supplementary Table
S5 for ATCC and ESKAPE isolates.

Similarly, the number of indels was higher in the ONT
data compared to Illumina, with the exception of klequa
and staaur. The Snippy comparison is also provided in
Supplementary Table S5.

Core genome analysis of assemblies

Multilocus sequence typing (MLST) is commonly used
as a low-discrimination typing scheme, and sequence
types (STs) were assigned where schemes were avail-
able. Across isolates with established MLST schemes
(A. baumannii, C. jejuni, E. faecium, E. faecalis, E. coli,
K. pneumoniae, K. quasipneumoniae, P. aeruginosa, and
S. aureus), we observed that not all the assemblies have
an assigned ST. This includes assemblies from R10.4.1
FAST-model data, but also R9.4.1 HAC and SUP. The
absence of assigned ST was even seen in some cases
among HAC/SUP assemblies with good target percent-
age (>90%), with data from both R9.4.1 and R10.4.1.

For the entfae_s isolate, discrepancies were noted:
assemblies from R9.4.1 basecalled with Guppy FAST and
SUP, and srp assemblies generated from R9.4.1 and base
called with Guppy and Dorado, were assigned ST1478,
whereas the remaining assemblies were classified as
ST117. In camjej, the expected ST43 (ATCC reference)
was recovered from the Illumina, Irp, and srp assemblies,
whereas R10.4.1 assemblies basecalled with Dorado SUP
(4 kHz and 5 kHz) were classified as ST50, consistent
with the elevated allelic divergence observed for camjej
(Supplementary S2).

An important readout in transmission and out-
break analysis is cgMLST. This approach allows for

high-resolution comparison of bacterial isolates by ana-
lyzing the allelic differences across a defined set of core
genes shared within a species. This is often a genome
assembly-based comparison. Where schemes were avail-
able, we compared our assemblies using cgMLST. Assem-
blies from Illumina and hybrid approaches (Irp and srp)
exhibit lower allelic distances from their respective ref-
erence genomes, indicating higher similarity to the ref-
erence genomes at the core genome level compared to
ONT data (Fig. 5). ONT-only assemblies generated with
R10.4.1 Dorado SUP and Rerio SUP for staaur, klequa
and klepne_s also met the defined cluster thresholds.
However, for other species, although some of the ONT-
only assemblies from Dorado, Guppy, and Rerio (HAC
and SUP models) achieved good target percentages above
90% (a quality control cut off), their allelic distances
exceeded the cgMLST cutoff, meaning that the isolates
would not be identified in the same cluster in an outbreak
context (Supplementary file S2). In contrast, ONT-only
assemblies using the FAST model for Dorado and Guppy
displayed lower than 90% good target percentages and
higher allelic distances from the reference. The ATCC
isolates sequenced with the Dorado SUP-5 kHz model
showed lower allelic distances from their respective
ATCC references and were on par with Illumina assem-
blies, except for camjej, which still displayed 348 allele
differences from the reference genome.

Discussion

In this study, we evaluated the short-read Illumina and
long-read ONT technologies, as well as basecalling
software versions, for bacterial whole-genome sequenc-
ing using eight ATCC strains and twelve ESKAPE
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cluster with the reference

clinical isolates. We performed relevant analyses for
clinical microbiology, including genome assembly qual-
ity, antimicrobial resistance identification, and taxonomic
identification.

Ilumina data consistently achieved much higher
median quality scores compared to both ONT flow cell
versions. The ONT results were also below the expected
Q20, potentially influenced by library preparation meth-
ods [56]. The higher total base yields produced by the
R9.4.1 chemistry was likely due to shorter read lengths
being preferentially sequenced, compared to the longer
reads of R10.4.1. (Fig. 2b). Longer reads typically require
more time to translocate through nanopores than shorter
reads. Consequently, ONT platforms preferentially
sequence shorter reads, resulting in an overall higher
data yield for the R9.4.1 chemistry [57, 58].

The observed differences in computational time (Table 3)
across FAST, HAC, and SUP models mirror the guidance
from Oxford Nanopore [59], that increased model com-
plexity trades speed for accuracy. Consistently, Dorado out-
performed Guppy in time-to-result across chemistries and
models, indicating more efficient GPU utilization. How-
ever, SUP remained the most computationally demand-
ing for both callers. Given that our runs used five GPUs,
this configuration may be impractical in resource-limited
settings, where the added hardware requirements and
infrastructure costs are prohibitive. In such contexts, prior-
itizing the FAST or HAC model might offer a more feasible
balance between turnaround time and hardware burden.

We observed that genome assemblies generated
using ONT R10.4.1 chemistry and the SUP base-
calling models from Rerio and Dorado (4 and 5 kHz)
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produced notably higher N50 values compared to
R9.4.1 and Illumina assemblies. This increase in N50
indicates greater genome contiguity, which is par-
ticularly beneficial for resolving complex genomic
structures, repetitive elements, and large structural
variants. Similar findings have been reported by pre-
vious studies using long-read technologies, highlight-
ing the advantage of ONT sequencing for improved
assembly continuity and completeness [60—62]. These
findings highlight the advantage of ONT-only assem-
blies in generating more contiguous genomes relative
to Illumina-only assemblies. This is also reflected in a
higher number of circular assemblies generated with
R10.4.1 compared to R9.4.1 and Illumina (Table 4).

Pseudogene counts and CDS mean length varied by
sequencing technology and base-calling model. Illumina
assemblies consistently had the fewest pseudogenes,
reflecting fewer sequencing errors and more accurate
coding sequence annotations. Conversely, assemblies
from FAST base-calling showed increased pseudogene
counts due to lower raw read accuracy (63), causing
frameshift mutations, indels, and misplaced stop codons.
Thus, selecting high-accuracy base-calling models (SUP
or HAC) is crucial for precise genome annotation and
comparative genomic studies, such as pan-genome analy-
sis and Genome-wide association studies, which rely on
core gene annotations.

ONT-alone assemblies and hybrid assemblies were
able to resolve individual rRNA operons compared
to Illumina-alone assemblies, in which they collapsed
and assembled. This highlights the importance of
long-read sequences provided by ONT in resolv-
ing repetitive genomic regions compared to short-
read Illumina. These results suggest that ONT-alone
assemblies R10.4.1 chemistry, specifically base-called
on Dorado (5 kHz) in the SUP model, can yield accu-
rate annotations.

Taxonomic identification of all assembled bacterial
genomes was accurate, regardless of the sequencing tech-
nology used. GTDB-Tk assigned all bacterial genomes to
the correct species. This robustness could be attributed
to the reliance on a conserved set of single-copy marker
genes detected via amino-acid Hidden Markov Mod-
els (HMMs), which tolerate indels and %G + C-extreme
underrepresentation, and from Average Nucleotide
Identity (ANI) comparisons focused on those conserved
regions. By enforcing minimal marker-gene complete-
ness thresholds, GTDB-Tk ensures sufficient phyloge-
netic signals for accurate taxonomic assignment [63—65].

The consistent detection of ARGs across the sequenc-
ing platforms highlights their reliability and effective-
ness in identifying resistance determinants among
ESKAPE pathogens. However, the limitations observed
with ONT’s FAST model assemblies emphasize the
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importance of selecting appropriate sequencing and
base calling strategies to accurately identify ARG alleles.
Sequencing errors, particularly in ONT data, can lead
to miscalling ARG alleles, which, particularly in the
cases of some beta-lactamase genes, could have clinical
implications.

SNP calling is a critical process in bacterial WGS
and comparison that relies on high-accuracy reads
at a good read depth and is confounded by sequenc-
ing errors. Single-nucleotide changes can provide key
insights during epidemiological investigations and
outbreak analyses. We used SNP calling as a proxy
for sequencing error analysis. A pronounced species-
specific effect was evident in bursta, entfael, esccol,
camjej, and pseaer, which displayed greater divergence
between platforms, with ONT detecting up to four
orders of magnitude more sequencing errors depend-
ing on the base-caller model. By contrast, staaur,
strpyo, and klequa remained almost invariant, reflect-
ing their relatively homogeneous genomes and lower
repeat content. These results underscore that genomic
features such as the presence of methylated motifs, %G
+ C skew, and repeat density might lead to mapping
artifacts [66, 67].

An important test of the generated assemblies was to
evaluate the allelic distances from reference genomes
using cgMLST. Our results demonstrate that Illumina
and hybrid assemblies consistently yielded lower allelic
distances from their reference genomes and clustered
closely, within the accepted cgMLST thresholds. Interest-
ingly, ONT-only assemblies produced using base caller
models R10.4.1 Dorado SUP 4 kHz and Rerio SUP 4 kHz
also showed comparable performance to Illumina for
specific organisms, notably staaur, klequa, and klepne_s.
However, our analysis revealed limitations for other spe-
cies (camjej, entfael, esccol, and pseaer) when employ-
ing ONT-only assemblies with Dorado, Guppy, and
Rerio using High accuracy (HAC) and Super accuracy
(SUP) models. Despite some of these assemblies having
good target percentages of alleles identified above 90%,
their allelic distances frequently surpassed the cgMLST
cutoffs. Especially poor was the performance with cam-
jej. This observation suggests species-specific variabil-
ity in the assembly quality, potentially linked to genome
complexity and issues in sequencing native modified
bases. Furthermore, ONT-only assemblies employing
FAST models for Dorado and Guppy performed notably
worse, demonstrating both suboptimal target percent-
ages (<90%) and increased allelic distances from refer-
ences. This underscores the limited suitability of FAST
models for applications requiring high precision, such
as cgMLST-based epidemiological investigations. As
a consequence, ONT sequencing should only be used
with great caution in outbreak investigations, and with
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model- and species-specific validation. The missed ST
assignments in some assemblies typed with Ridom Seq-
Sphere +likely reflect misassemblies at one or more
MLST target loci, yielding sequences that fail exact allele-
matching criteria.

Using the Dorado SUP-5 kHz model provided within
the MinKNOW software (v24.06.15), the sequenced
ATCC isolates displayed lower allelic distances, compa-
rable to Illumina assemblies, across most species, except
for camjej. Based on these results, ONT-only assemblies
generated using the Dorado (5 kHz) model can be con-
sidered on par with Illumina in terms of ¢cgMLST clus-
ter detection. However, care should be taken for species
like camjej, which consistently showed inaccurate MLST
assignments and higher allelic distances using ONT data.
This may be due to its low %G + C content and the pres-
ence of complex methylation motifs that are known to
reduce ONT sequencing accuracy, as discussed in the
benchmarking efforts [68].

Interestingly, several studies have also reported strain-
specific erroneous clustering with the Dorado SUP 5 kHz
model in several species, like Listeria monocytogenes and
Burkholderia pseudomallei (69, 70]. A multicenter study
led by Dabernig-Heinz et al. [71] also demonstrated simi-
lar strain-specific erroneous clustering in E. faecium, K.
pneumoniae, S. aureus, and L. monocytogenes species.
The authors also discussed PCR preamplification of input
DNA for ONT sequencing as an error mitigation strat-
egy to overcome the faulty cgMLST clustering arising
from methylated sites in the bacterial genomes. Similarly,
PCR-based library preparation for ONT sequencing and
masking of problematic genomic regions in Corynebac-
terium diphtheriae strains and Vancomycin-resistant
Enterococci strains has been proven to match Illumina
results in cgMLST clustering [72]. Another ONT error
mitigation is to mask the modified bases in the bacterial
genomes through the polishing of the assemblies using
the cgMLST polisher tool provided within the Ridom
SeqSphere + software suite. The strategy is to identify
and mask ambiguous base calls at methylation-related
error hotspots using alleleKaware masking derived from
rawsignal patterns to refine allele assignments and
eliminate systematic miscalls. Studies in diverse multi-
drug-resistant nosocomial important Gram-negative and
Gram-positive bacterial isolates and %G + C-rich B. pseu-
domallei isolates [70, 73] highlight that targeted masking
or polishing of ONT errors via the ONT-cgMLST-Pol-
isher is critical to reach Illumina-comparable resolution
in cgMLST clustering.

A limitation of the study is the limited number of bac-
terial isolates that were used to validate the Dorado SUP
5 kHz performance across species, and the study did not
compare the latest cgMLST ONT polisher made avail-
able within Ridom Seqsphere+. Nonetheless, the study

Page 12 of 14

underscores the importance of leveraging the synergy
between long- and short-read sequencing platforms
and highlights the development of ONT across different
stages from R9.4.1, 4 kHz R10.4.1 Dorado, followed by
Rerio to 5 kHz Dorado SUP, and emphasizes the need to
further improve and validate ONT’s bacterial base-call-
ing models to account for modified bases across different
bacterial species.

Conclusion

We systematically and comprehensively evaluated bac-
terial WGS across two platforms, Illumina and ONT,
comparing multiple flowcell chemistries, base callers,
and hybrid assembly approaches. ONT data, particu-
larly those generated with R10.4.1 flowcells and the SUP
models in Dorado and Rerio, yielded highly contiguous
genome assemblies and resolved repetitive regions more
effectively. In contrast, Illumina consistently provided
more accurate base calls, albeit with more fragmented
assemblies. Hybrid assemblies leverage the strengths of
both technologies, producing comprehensive assemblies
alongside high-level accuracy. Nevertheless, challenges
persist in addressing base modifications in certain bac-
terial strains, and although ONT chemistries and base-
calling algorithms continue to improve, there are still
species-specific sequencing errors that affect especially
for outbreak investigations. The complementary use of
long and short reads remains the most reliable strategy
for achieving both complete and highly accurate bacterial
genome assemblies.
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ANI Average Nucleotide Identity

ARG Antimicrobial resistance gene

ATCC American Type Culture Collection

CDS Coding DNA sequence

cgMLST Core genome Multilocus Sequence Typing

ENA European Nucleotide Archive

ESBL Extended-spectrum beta-lactamase
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