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Abstract

Background: Bacterial whole-genome sequencing based on short-read technologies often results in a draft assembly
formed by contiguous sequences. The introduction of long-read sequencing technologies permits those contiguous
sequences to be unambiguously bridged into complete genomes. However, the elevated costs associated with long-read
sequencing frequently limit the number of bacterial isolates that can be long-read sequenced. Here we evaluated the
recently released 96 barcoding kit from Oxford Nanopore Technologies (ONT) to generate complete genomes on a
high-throughput basis. In addition, we propose an isolate selection strategy that optimizes a representative selection of
isolates for long-read sequencing considering as input large-scale bacterial collections. Results: Despite an uneven
distribution of long reads per barcode, near-complete chromosomal sequences (assembly contiguity = 0.89) were generated
for 96 Escherichia coli isolates with associated short-read sequencing data. The assembly contiguity of the plasmid replicons
was even higher (0.98), which indicated the suitability of the multiplexing strategy for studies focused on resolving plasmid
sequences. We benchmarked hybrid and ONT-only assemblies and showed that the combination of ONT sequencing data
with short-read sequencing data is still highly desirable (i) to perform an unbiased selection of isolates for long-read
sequencing, (ii) to achieve an optimal genome accuracy and completeness, and (iii) to include small plasmids
underrepresented in the ONT library. Conclusions: The proposed long-read isolate selection ensures the completion of
bacterial genomes that span the genome diversity inherent in large collections of bacterial isolates. We show the potential
of using this multiplexing approach to close bacterial genomes on a high-throughput basis.

Introduction

Whole-genome sequencing (WGS) of bacterial isolates has dra-
matically increased its routine presence in clinical genomics and

epidemiological investigations [1]. The possibility of using short-
read technologies, affordable and generally accurate in terms of
their sequencing reads, has permitted tracking the presence of
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2 Strategy to complete bacterial genomes

particular sequencing types, assessing the presence of single-
point mutations, or identifying antimicrobial resistance (AMR)
genes in collections of thousands of bacterial isolates [2–4].
These applications are fundamental during outbreak detections
and investigations, for which WGS has overcome some limita-
tions associated with classical epidemiological techniques [2, 5,
6]. However, the read length associated with these short-read
technologies (from 150 to 300 bp) cannot unambiguously span
the presence of repeat elements such as insertion sequences
(ISs). This results in a fragmented assembly, typically formed by
contiguous sequences (contigs) of unknown order. In particular,
determining the genome context (chromosome, plasmid, phage)
of genes typically surrounded by IS elements (e.g., AMR genes)
is challenging in draft assemblies [7, 8].

Long-read sequencing technologies such as Oxford Nanopore
Technologies (ONT) can generate genomic libraries with a mean
read length of 10–30 kb [9], but with a lower associated raw
read accuracy of ∼97% (phred score ∼15) depending on the pore
chemistry [10]. These long reads can typically span repeat el-
ements in a bacterial genome, producing a contiguous assem-
bly consisting of single and circular contigs per replicon (chro-
mosome and/or plasmids) [11, 12]. However, the sequence ac-
curacy of these complete genomes can be hindered by incorrect
base-calling of short homopolymer sequences, resulting in early
termination of open reading frames (ORFs) in protein-coding
genes [13]. This limitation can be mitigated by creating an im-
proved consensus sequence and variant calls, reusing the ONT
sequencing data with tools such as Nanopolish [11] or Medaka
[14].

An attractive alternative is to combine short- and long-read
technologies to generate complete and accurate genomes in a
process called hybrid assembly [15]. A frequent scenario encoun-
tered by researchers is that large collections of bacterial isolates
have been massively short-read sequenced and only a subset
of these isolates can be further selected for long-read sequenc-
ing. Therefore, selecting isolates for long-read sequencing is a
non-trivial and crucial step that can affect subsequent analyses
based on the resulting complete genomes.

There are different strategies to decrease the price of com-
pleting a genome with ONT sequencing [16, 17]. Recently, Lip-
worth et al. [18] showed that use of wash-kits coupled with
shorter sequencing times can be optimized to obtain 36 com-
plete genomes per single flow cell, achieving a reduction in long-
read sequencing costs of 27%. During the hybrid assembly pro-
cess, only a fraction of the total number of long reads generated
are required to bridge and span the initial short-read assembly
graph and thus a low ONT coverage is sufficient to complete a
genome [19, 20].

The possibility of increasing the number of multiplexed iso-
lates per flow cell is an alternative to the use of wash-kits that re-
duces hands-on time and avoids contamination issues between
libraries. Recently, ONT has released a new barcoding kit allow-
ing 96 isolates to be multiplexed in the same sequencing library.

Here, we evaluated the degree of completeness and accu-
racy in bacterial genomes generated using the new ONT bar-
coding kit for 96 bacterial isolates. In addition, we provide a
step-by-step computational workflow to perform an unbiased
selection of isolates for long-read sequencing based on the pres-
ence/absence of genes, as previously applied in 2 large bacterial
collections of isolates [21, 22].

The approach described in this study generated near-
complete genomes for the majority of 96 Escherichia coli isolates.
The computational workflow proposed can be used to maximize

and complete a representative selection of isolates from large-
scale bacterial collections.

Methods
Isolate selection based on existing short-read
assemblies

From a large collection of short-read isolates, frequently only a
subset of isolates can be completed with long-read sequencing.
We propose the following approach to select a representative
subset of isolates for a population sample:

1. Define M as the presence/absence matrix of orthologous
genes created by pangenome tools such as Roary (Roary, RR
ID:SCR 018172) [23] or Panaroo (Panaroo, RRID:SCR 021090)
[24]. M is a binary matrix with s × g dimensions, in which s is
the total number of isolates (samples) present in the collec-
tion and g corresponds to the total number of orthologous
genes predicted.

Ms,g =

⎛
⎜⎜⎜⎜⎝

m1,1 m1,2 · · · m1,g

m2,1 m2,2 · · · m2,g

...
...

. . .
...

ms,1 ms,2 · · · ms,g

⎞
⎟⎟⎟⎟⎠

2. We transform M into a Jaccard distance matrix D with s × s
dimensions using the R function parDist (method = “fJaccard
”) provided in the R package parallelDist (version 0.2.4) [25,
26].

Ds,s =

⎛
⎜⎜⎜⎜⎝

d1,1 d1,2 · · · d1,s

d2,1 d2,2 · · · d2,s

...
...

. . .
...

ds,1 ds,2 · · · ds,s

⎞
⎟⎟⎟⎟⎠

For instance, the element d1,2 can be defined as the similar-
ity distance between the genes predicted for the first isolate
and second isolate:

M1∗ = {m1,1, m1,2, ..., m1,g}

M2∗ = {m2,1, m2,2, ..., m2,g}

d1,2 = |M1∗ ∩ M2∗|
|M1∗ ∪ M2∗|

3. Next, the distance matrix D can be dimensionally reduced
using the t-distributed stochastic neighbour embedding al-
gorithm (t-sne) [27], which results in a new matrix T with
only 2 dimensions. In this step, we use the R package Rtsne
(version 0.15) [28] considering as default a perplexity value
of 30.

4. Next, we use the k-means algorithm [29] with T as input data
and define a number of centroids L such that it corresponds
to the desired number of isolates to be long-read sequenced,
whereby k-means assigns each point ti in the t-sne map cor-
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responding to an isolate i to its closest centroid. For each
cluster Ck, the algorithm iteratively updates the position of
the centroid by computing the average Euclidean distance of
each point ti assigned to Ck to the mean value μk of all points
assigned to the same cluster. The within-square variation V
for a particular cluster Ck can be defined as:

V(Ck) =
∑

ti ∈ Ck
(ti − μk)2.

After a random initialization of the centroid positions, the al-
gorithm iterates between updating centroid positions and clus-
ter memberships for all points until convergence is reached, and
thus the positions of the centroids in T no longer vary or the
maximum number of iterations is reached (default = 1,000 iter-
ations).

To run the algorithm, we use the function “kmeans” pro-
vided in the R package stats (version 3.6.3). For a fixed number
of centroids L, we run the k-means algorithm using 10,000 dis-
tinct initializations and select the outcome with the highest ra-
tio between-cluster sum of squares to the total sum of squares
(between ss/tot ss).

tot.within ss =
∑L

L=1
V(Ck)

tot ss = 1
N

∑
i,i ′ε{1,2,...N}(ti − ti ′ )2

between ss = tot ss − tot.within ss

N corresponds to the total number of points ti present in T.
The ratio (between ss/tot ss) is considered as the percent of

total variance from T explained by the chosen number of cen-
troids (clusters). The relationship between the percent of total
variance explained and the number of centroids can be consid-
ered to visually determine the ideal numbers of clusters required
to capture the diversity present in the collection (elbow method).

5. For each cluster Ck, we select for long-read sequencing the iso-
late i with the lowest Euclidean distance with respect to its
associated centroid ck.

long read i = min
ti ∈Ck

ti − ck

6. The t-sne matrix T together with the final coordinates of the cen-
troids c and of the isolates i selected for long-read sequencing
are plotted using the R package ggplot2 (version 3.3.3).

The proposed workflow aims at capturing a comprehensive
representation of the gene content variation across the lineages
in the target population and is available at [30] as a Snakemake
pipeline [31] that only requires (i) a presence/absence matrix in
the same format as created by Roary/Panaroo and (ii) the desired
number of long-read isolates.

Collection of Illumina short-read assemblies

To showcase the proposed long-read selection, we considered
the Norwegian Escherichia coli collection of 3,254 isolates caus-

ing bloodstream infections recently described by Gladstone et al.
[32]. The DNA extraction of this collection was performed using
the DNeasy 96 Blood and Tissue kit (Qiagen, Hilden, Germany),
the isolates were short-read sequenced with the Illumina HiSeq
platform, and short-read contigs were created using VelvetOp-
timiser (version 2.2.5) [33] and Velvet (version 1.2.10) [34]. Fur-
thermore, an assembly improvement step was applied to the as-
sembly with the best N50 and contigs were scaffolded using SS-
PACE version 2.0 (SSPACE, RRID:SCR 005056) [35] and sequence
gaps filled using GapFiller (version 1.11) [36]. These short-read
contigs will be later considered to compare the accuracy of the
hybrid and ONT-only assemblies (section Genome accuracy and
completeness).

The presence/absence of orthologous genes defined by Pana-
roo (version 1.0.2) [24] and PopPUNK lineages (version 2.0.2) [37]
associated with the isolates were also extracted from Gladstone
et al. [32] and considered as input for the long-read selection
process. As an example, we fixed the number of centroids to 96
and considered the between ss/tot ss ratio to estimate whether
the maximum number of isolates that can be multiplexed in an
ONT sequencer would suffice to capture the genomic diversity
of this particular collection.

We used the selection procedure described above on the E.
coli collection of 3,254 isolates for the following 2 purposes: (i)
to showcase the percent of variance (ratio between ss/tot ss)
recovered by the pipeline with an arbitrary number of iso-
lates (n = 96) and (ii) to select a large number of iso-
lates (1,085) that are planned to be sequenced with ONT in
future.

Of these 1,085 selected isolates, we explored the recently
released ONT SQK-NBD110-96 barcoding kit to sequence 96 of
these bacterial isolates. This run was crucial to define whether
the rest of the isolates (n = 989) could be completed using this
multiplexing kit or whether a different strategy would be prefer-
able.

DNA isolation for ONT libraries

In total, 96 E. coli isolates, originally from clinical samples of hu-
man bloodstream infections, were grown on MacConkey agar
No. 3 (Oxoid Ltd., Thermo Fisher Scientific Inc., Waltham, MA,
USA) at 37◦C, and individual colonies were picked for overnight
growth in LB (Miller) broth (BD, Franklin Lakes, NJ, USA) at 37◦C in
700 rpm shaking. High-molecular-weight (HMW) genomic DNA
from cell pellets of 1.6 mL overnight cultures was extracted using
MagAttract R© HMW DNA Kit (Qiagen, Hilden, Germany) accord-
ing to the manufacturer’s instructions and using a final elution
volume of 100 μL. DNA concentration and integrity were veri-
fied using NanoDrop One spectrophotometer (Thermo Scientific)
and the Qubit dsDNA HS assay kit (Thermo Fisher Scientific) on
a CLARIOstar microplate reader (BMG Labtech, Ortenberg, Ger-
many).

ONT library preparation

Prior to library preparation, the samples were adjusted to 400 ng.
The ONT library was prepared using SQK-NBD110-96 barcoding
kit, and 40 fmol was loaded onto flow cells. Sequencing was
run for 72 hours on GridION using FLO-MIN106 flow cells and
MinKNOW v.20.10.6 software. Base-calling was conducted with
the high-accuracy base-calling model and demultiplexing was
formed by Guppy (version 4.2.3).

https://scicrunch.org/resolver/RRID:SCR_005056


4 Strategy to complete bacterial genomes

Hybrid assemblies

Porechop (version 0.2.4) [38] was used to trim and remove ONT
adapters with default parameters. Filtlong (version 0.2.0) [39]
was used to filter the ONT reads considering a minimum length
of 1 kb (–min length 1000), a weight given to the mean quality
score of 20 (–mean q weight 20), retaining 90% of the total num-
ber of ONT reads (–keep percent 90) from a maximum 40× cov-
erage (–target bases). Unicycler (version 0.4.7) [19] was run using
the normal mode to perform a hybrid assembly with the Illu-
mina trimmed reads and ONT reads retained after Filtlong.

We extracted the number of segments (contigs), links (edges),
N50, and size of the components present at the resulting hybrid
assembly graph. For each component, we defined its contiguity
as follows:

Contiguity = N50 Component
Component Size

Mlplasmids (version 1.0.0) [40] was used with the E. coli model
to confirm the origin (plasmid- or chromosome-derived) from
the longest segment of each component.

lllumina and ONT depth per replicon

Illumina reads were mapped against the genome assembled by
Unicycler, using Bowtie2 (version 2.4.2) [41] with the argument
–very-sensitive-local, with a minimum and maximum fragment
length of 0 (-I 0) and 2,000, respectively (-X 2000). The ONT reads
were mapped against Unicycler assemblies using bwa mem (ver-
sion 0.7.17) [42] and indicating the read type (-x) as ont2d. Sam-
tools (version 1.12) [43] was used with the commands sort, index,
and depth to process the alignments and retrieve the number of
reads covering an individual nucleotide.

For each component present in the graph file given by Unicy-
cler, we considered its longest contig and computed the mean
number of reads. To normalize the contig depth with respect
to its chromosome, we divided the mean depth of the contig
against the mean depth of the longest contig assembled by Uni-
cycler (longest chromosome segment).

ONT-only assemblies and long-read polishing

Flye (version 2.8.3-b1695) [44] was run with all the QC-passed
ONT reads (phred score >7) available per barcode (–nano-raw),
specifying the option to recover plasmids (–plasmids), indicating
an expected genome size of 5 Mb (–genome-size 5m) and con-
sidering 3 polishing rounds (–iterations 3). For each component
present in the assembly graph, we extracted the number of seg-
ments (contigs), links (edges), N50, and component size and de-
fined its component contiguity. Mlplasmids (version 1.0.0) [40]
was used with the E. coli model to confirm the origin (plasmid or
chromosome derived) from the longest segment of each compo-
nent.

Following the recommendations to further polish Flye as-
semblies [45], we used Medaka (version 1.2.5) [46] with the model
“r941 min high g360” and considered as input all the passed
ONT reads available per barcode. In addition, we performed
a consecutive round of Medaka to observe whether additional
rounds of polishing could improve the resulting genomes.

Genome accuracy and completeness

Quast (version 5.0.2) [47] was used to compute alignments with a
minimum size of 5 kb (–min-alignment 5000) considering as ref-

erence short-read contigs assembled with Velvet (section Col-
lection of Illumina short-read assemblies) from the same iso-
late against Unicycler, Flye, and Medaka-polished contigs. For
each reference contig, we kept the best alignment (–ambiguity-
usage one). The mean numbers of single-nucleotide polymor-
phisms (SNPs) and insertions and deletions (indels) per 100 kb
were considered as a reference-based metric of the genome ac-
curacy shown by the hybrid and ONT-only assemblies.

For Unicycler assemblies, we also extracted the contigs
present in the file “001 best spades graph.gfa” corresponding to
an optimal SPAdes assembly graph. Unicycler uses a range of
k-mer sizes and computes a score between the resulting num-
ber of contigs and dead ends to choose the SPAdes graph ideal
for the long-read bridge process. These SPAdes contigs were also
compared using Quast against the reference contigs assembled
by Velvet. This was relevant to determine the SNPs and indels
per 100 kb present at the SPAdes contigs. In this manner, we
could assess whether the accuracy (SNPs, indels) estimated for
the hybrid assemblies was influenced by (i) differences between
the short-read assemblers and/or (ii) regions of the genome from
which its sequence is determined by the ONT reads, such as re-
gions connecting dead ends in the SPAdes graph.

The ideel test [48] was used to obtain the number of early
terminated ORFs in the assemblies [13]. Diamond (version 2.0.8)
[49] was run with the blastp algorithm [50], specifying only a sin-
gle target sequence per alignment (–max-target-seqs 1), a block
size of 12 (-b12), and index chunk of 1 (-c1) against an index of
the UniProt TREMBL database (retrieved in April 2021). For each
hit, the ratio between query length and its own length was con-
sidered to assess the presence of interrupted ORFs (ratio <0.9).
This assesses whether the length of the predicted proteins is
shorter than their closest hit, most likely caused by the intro-
duction of a stop codon. Importantly, the total number of inter-
rupted ORFs may include true pseudogenes; however, most of
these hits are considered as non-true errors introduced owing to
a low sequencing accuracy. This ideel test provided a reference-
free approach to assess the number of indels present in the final
assemblies.

BUSCO version 5.1.2 (BUSCO, RRID:SCR 015008) [51] with the
genome mode (-m genome) and the lineage dataset (-l) “en-
terobacterales odb10” was used to assess the presence of 440
single-copy orthologous genes. BUSCO uses the following nota-
tion to annotate the genes as complete (length within 2 stan-
dard deviations of the group mean length), fragmented (partially
recovered), and missing (totally absent). The number of BUSCO
complete genes was considered as a metric to assess the com-
pleteness of each assembly.

Results
An isolate selection spanning the genome diversity
inherent in a short-read collection

In large bacterial collections for which possibly thousands of iso-
lates are short-read sequenced, the selection of a subset of iso-
lates for long-read sequencing is crucial to obtain a represen-
tative set of complete genomes spanning the genomic diversity
present in the collection.

We propose the following approach summarized in the fol-
lowing steps (see Methods for a formal description): (i) consider
the presence/absence matrix of orthologous genes computed by
established pangenome tools such as Roary or Panaroo; (ii) com-
pute a distance matrix based on Jaccard distances; isolates are
compared on the basis of their shared number of orthologous

https://scicrunch.org/resolver/RRID:SCR_015008
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genes; (iii) reduce the dimensionality of the distance matrix us-
ing t-sne by preserving local structure; (iv) cluster the t-sne di-
mensionally reduced matrix with the k-means algorithm, indi-
cating as the number of centroids the desired number of long-
read isolates; and (v) select the isolate with the closest Euclidean
distance to its centroid. The proposed approach is fully available
as a Snakemake pipeline at [30].

We showcase the approach on a set of 3,254 short-read se-
quenced isolates from a Norwegian longitudinal population ge-
nomic study of E. coli causing bacteraemia [32]. The number of
isolates selected for long-read sequencing can be specified by
fixing the number of centroids in the pipeline. For example, in
this collection (Fig. 1), we estimated that selecting 96 long-read
isolates would capture ∼99.9% of the total variance present in
the t-sne matrix computed from Jaccard distances. The selection
of the 96 isolates indicated in Fig. 1 would capture all ortholo-
gous genes with a frequency >0.05 (Supplementary Fig. S1). As
expected, a substantial proportion of genes with a frequency of
∼0.01 are not present in these 96 isolates (Supplementary Fig.
S1) because those genes are rarely shared by other isolates from
the same k-means cluster.

From the same collection of 3,254 isolates, we performed an
independent selection of 1,085 E. coli isolates for long-read se-
quencing using the proposed selection strategy. These isolates
also belong to the Norwegian collection described above [23] for
which short-read sequencing data are publicly available.

We explored the possibility of completing these 1,085
genomes by using the recently released ONT native barcode ex-
pansion kit. This kit allowed multiplexing in the same MinION
flowcell up to 96 isolates and potentially recovering complete
genomes in a high-throughput manner.

In the following sections, we evaluated the complete
genomes obtained by multiplexing 96 of these 1,085 isolates, in
the same MinION flowcell. These 96 isolates differ from those
shown in Fig. 1 because they were selected considering a dis-
tinct number of centroids.

Uneven distribution of ONT reads in the 96
multiplexing approach

We used the recently released barcoding kit from ONT (SQK-
NBD110-96) to multiplex 96 E. coli isolates (96 of 1,085 isolates) in
the same MinION flow cell. The ONT sequencing run generated a
total of 10.71 Gb QC-passed base-called reads (mean phred score
>7) that could be confidently assigned to a barcode, with a mean
N50 read length of 20.98 kb (Fig. 2). Considering a genome size
of 5 Mb, the expected coverage was ∼22× per isolate. From the
passed reads, the mean ONT phred score corresponded to 12.48,
equivalent to a read accuracy of 94.35%. As previously reported
for other multiplexing kits [16], we observed an uneven distri-
bution of reads available per barcode, which resulted in a large
variation in the number of bases available per barcode (mean
= 111.53 Mb, median = 103.45 Mb). This difference ranged from
3.37 Mb (coverage ∼0.67×) for barcode 68 to 244.00 Mb (coverage
∼48×) in barcode 73. Prior to the hybrid assemblies, ONT reads
were filtered using Filtlong on the basis of quality and length (see
Methods), slightly reducing the number of reads available (mean
= 94.36 Mb, median = 85.39 Mb). A complete description of ONT
statistics per barcode is given in Supplementary Table S1.

Evaluation of the hybrid assemblies

First, we focused on the chromosome sequence by analysing the
largest component present in the hybrid assembly graph. In the

96 samples, the chromosome was present in a component with
a mean size of 5.0 Mb (median = 5.03) and 11.39 contigs (median
= 2.0), respectively (Fig. 3). Despite the mean number of con-
tigs forming the chromosome, the contiguity (N50/component
size) of the chromosome replicon was 0.89 (median = 1.0), which
indicated that the chromosome component was assembled, for
most samples, in a large contig (Fig. 3). Furthermore, in 48 sam-
ples (50%) the chromosome resulted in a single circular contig
(contiguity = 1.0) (Supplementary Table S2).

We observed a positive correlation (Pearson correlation =
0.41) between the chromosome contiguity and the number of
ONT reads available during the hybrid assembly (Fig. 3). We as-
sessed that an approximate ONT depth of ∼5× was minimally
required to achieve a perfect chromosome assembly (contiguity
= 1.0). The lowest contiguity values corresponded to 2 isolates
with a poor ONT coverage (<1×) (barcodes 65 and 68). Overall,
the isolates with an inferior contiguity value (threshold <0.9) (18
barcodes, ∼19%) had an associated low number of ONT reads
available during the hybrid assembly (mean = 42.64 Mb, cover-
age ∼8.53×).

Next, we assessed the rest of the components present in the
hybrid assembly graphs. The largest segment of each compo-
nent was predicted with mlplasmids to confirm its plasmid ori-
gin. For medium and large plasmid components (size >10 kb) (n
= 132), we obtained a mean contiguity of 0.98 (median 1.0) and
single circular contigs were retrieved for 118 components (89.4%)
(Suppl. Table S2). On average, the 132 plasmid components were
formed by 1.79 contigs (median = 1.0). For the isolates with a
low chromosome contiguity (<0.9), the mean plasmid contigu-
ity was still 0.97 (median = 1.0), which indicated the suitability
of the pipeline for plasmid reconstruction purposes. The corre-
lation between plasmid contiguity and ONT reads available was
weaker (Pearson correlation = 0.16) than for the chromosomal
component. Even for isolates with a poor ONT coverage, the con-
tiguity values were close to 1.0, indicating that only a few long
reads are sufficient to resolve plasmid components. The small
plasmids (size <10 kb, n = 78) had a mean contiguity of 0.99 (me-
dian = 1.0), and single circular contigs were retrieved for 74 plas-
mids (94.9%). The absence of repeat sequences in small plasmids
makes it possible to already obtain circular replicons by only us-
ing short-read sequencing assemblies and thus ONT reads are
not required.

Underrepresentation of small and medium plasmids in
the ONT library

For each component present in the Unicycler assemblies, we de-
termined its Illumina-read and ONT-read relative depth consid-
ering the mean chromosomal depth as the basis for the nor-
malization, as previously performed [16]. This analysis was fun-
damental to confirm whether small plasmids were underrepre-
sented in the ONT library preparation, as recently reported for
ONT ligation kits [52].

As shown in Fig. 4, small plasmids (size <10 kb) were strongly
underrepresented in the ONT read output (log2 −0.63) in contrast
to the Illumina read output (log2 4.79). For 7 small plasmids, we
did not observe any ONT reads covering these replicons. These
plasmids are usually present in high copy numbers in the cell
as a survival and inheritance mechanism [53]. Therefore, we ex-
pected that these replicons would be overrepresented in the se-
quencing output, resembling the plasmid read output given by
Illumina (Fig. 4). For medium plasmids (from 10 to 50 kb), we
also observed the same trend even though the underrepresen-
tation in the ONT library was less pronounced (log2 −0.40). No-
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Figure 1. T-sne plot of the isolate selection, based on Jaccard distances computed from the presence/absence of genes defined by Panaroo in 3,254 E. coli isolates. The
5 most predominant PopPUNK lineages are indicated with distinct colours; the rest of the lineages were merged into the category “Other” (in yellow). To showcase
the pipeline, we fixed the number of centroids to 96, which corresponded to the maximum number of isolates that can be multiplexed in the same MinION flow cell.
The final coordinates of the centroids (n = 96) used in k-means are indicated as black diamond points. For each centroid (n = 96), the isolate closest to its respective

centroid has been marked as “Selected.” In total, we indicate 96 E. coli isolates spanning the genomic diversity inherent in the collection that could be selected for
further long-read sequencing.

tably, we observed the opposite trend for large plasmids (>50 kb)
for which there was an underrepresentation in the Illumina li-
brary (log2 −0.60) compared to the ONT library (log2 0.18).

ONT-only assemblies

To evaluate whether Illumina reads are still required to obtain
accurate genomes, we used Flye and Medaka to perform and
polish assemblies based only on ONT reads. The largest com-
ponent in the assembly graph had a mean size of 4.45 Mb (me-
dian = 4.98 Mb) and 1.16 contigs (median = 1.0) (Supplemen-
tary Table S3). Flye failed to produce an assembly for 2 iso-
lates (barcodes 65 and 68) for which the number of ONT reads
generated was <5 Mb (Supplementary Table S1). In 71 sam-
ples (76%), the chromosome was represented by a single cir-
cular contig. The mean chromosomal contiguity was 0.98 (me-
dian = 1.0), which indicated a higher contiguity with respect to
the hybrid assemblies. However, the average size of the largest

component (mean = 4.45 Mb, median = 4.98 Mb) was shorter
than for Unicycler assemblies (mean = 5.0 Mb, median = 5.03
Mb). This indicated that for some isolates the size of the largest
component did not match with the expected replicon size
(∼5 Mb).

The analysis of the rest of the components present in Flye
assemblies (n = 346) revealed a high number of replicons with
a chromosome origin (n = 193), indicating fragmentation of the
chromosome into several components. For the components with
a plasmid origin (n = 153), we obtained single circular contigs for
120 plasmids (78.4%). We observed a clear difference between
the hybrid and ONT-only assemblies with respect to small plas-
mids (size <10 kb). Only 12 small circular plasmids were recov-
ered in the Flye assemblies, in comparison to the 78 small plas-
mids present in the hybrid assembly. The absence of these plas-
mids in the Flye assemblies could be explained by their under-
representation or complete absence in the total ONT read out-
put, as shown in the section above.
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Figure 2. Oxford Nanopore Technologies (ONT) statistics per barcode (n = 96). Left: boxplot of the number of bases (Mb) generated in the sequencing run. Middle: boxplot
of the N50 ONT read length (kb). Right: boxplot of the phred score (log10 scale) associated with the ONT reads.

Genome accuracy and completeness of hybrid and
ONT-only assemblies

To compare the accuracy of the resulting genomes, the hybrid
assemblies and Flye assemblies were compared in terms of SNPs
and indels considering both reference-based and reference-free
methodologies (see Methods). Despite the fact that Flye incorpo-
rates a consensus-error module to correct the resulting genome
sequences, we polished the Flye assemblies using Medaka and
compared the genome accuracy against hybrid (Unicycler) and
stand-alone Flye assemblies. In addition, we evaluated whether
a second round of polishing with Medaka could improve the ac-
curacy of the genomes.

The hybrid assemblies showed the best accuracy stats, with a
mean of 6.93 SNPs/100 kb (median = 5.24) and 0.31 indels/100 kb
(median = 0.21), considering as ground truth non-repetitive
alignments (>5 kb) against short-read contigs generated with
Velvet. The SPAdes assemblies created by Unicycler with only
short reads showed a mean of 0.85 SNPs/100 kb (median = 0.28)
and 0.06 indels/100 kb (median = 0.04). This indicated that the
accuracy of the hybrid assemblies was affected by the incorpo-
ration of error-prone ONT reads into the final genome sequence.
The existence of dead ends in the initial SPAdes graph indicated
that parts of the genome were not sequenced with short reads;
thus their sequence had to be completed with long reads and
could not be polished with Illumina reads. As shown in Supple-
mentary Fig. S2, 2 barcodes (69 and 72) had an elevated num-
ber of dead ends (38 and 43), which resulted in a high num-
ber of SNPs/100 kb (barcode 69: 23.89; barcode 72: 33.36) and in-
dels/100 kb (barcode 69: 1.25; barcode 72: 1.32).

Flye assemblies exhibited a higher number of errors, with
a mean of 130.17 SNPs/100 kb (median = 14.68) and 140.82 in-
dels/100 kb (median = 41.52). We observed a negative correla-
tion between the number of ONT bases generated and the re-
sulting number of SNPs (Pearson correlation = −0.27) and indels
(Pearson correlation = −0.61) (Fig. 5A and B). The correction per-
formed by Medaka on Flye assemblies showed a reduction in the
number of indels (mean = 126.35, median = 22.84), but the num-
ber of mismatches remained similar (mean = 130.29, median =
12.57). A second round of polishing with Medaka did not signifi-
cantly improve the number of indels (mean = 124.16, median =
22.37) or mismatches (mean = 130.66, median = 12.57). Again,
we observed a negative correlation between the ONT depth and
the resulting number of SNPs (Pearson correlation = −0.27) and
indels (Pearson correlation = −0.61) (Fig. 5A and B). For instance,
for barcode 73 with the highest ONT read depth, the ONT-only
assemblies had a number of SNPs (Flye = 6.52 SNPs/100 kb,
Medaka = 6.25 SNPs/100 kb) comparable to Unicycler results
(5.58 SNPs/100 kb), which indicated that an increase in the ONT
read depth can be highly beneficial to correct SNP errors. How-
ever, in the case of indels, we still observed 26.47 indels/100 kb
and 6.46 indels/100kb for Flye and Medaka assemblies, respec-
tively, which is far from Unicycler results (0.04 indels/100 kb).

Following on this, we considered a reference-free approach
to evaluate the effect of non-corrected indels on the interrup-
tion of ORFs using the ideel test [13]. In the hybrid assemblies,
the number of promptly terminated ORFs corresponded to 25.07
(median = 21.0), which may include true pseudogenes. For Flye
assemblies, the mean number of interrupted ORFs was 1,380.64
(median = 772.5), and the correction with Medaka improved
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Figure 3. Unicycler statistics for the 96 isolates included in the ONT sequencing. Boxplots showing the component size (left) and contiguity values (middle) together
with an evaluation of the correlation between the number of ONT bases generated and the contiguity values achieved (right). (A) Statistics for the chromosome
component (largest component); the largest contig was confirmed as chromosome-derived with mlplasmids. (B) Statistics for medium and large plasmid components

(size >10 kb); the largest contig was confirmed as plasmid-derived with mlplasmids.

the genome accuracy by reducing the number to 1,127.99 inter-
rupted ORFs (median = 470.0). An additional round of polishing
with Medaka resulted in a similar number of interrupted ORFs
(mean = 1,103.88, median = 454.5). We observed a negative cor-
relation between the number of ONT bases available and the
number of interrupted ORFs present in Flye assemblies (Pear-
son correlation = −0.76) and Medaka polished assemblies (Pear-
son correlation = −0.78) (Fig. 4C). We observed a plateau, around
∼500 and ∼150 ORFs for Flye and Medaka polished assemblies,
for which an increase in ONT depth did not translate into a lower
number of early terminated ORFs. Even for the isolate with the
highest ONT depth (barcode 73, ONT bases 244 Mb), the num-
ber of interrupted ORFs was still 146 for the Medaka polished
assembly in comparison to 23 early terminated ORFs for the hy-
brid assembly.

Last, we evaluated the completeness of the genomes, search-
ing for complete orthologous genes against a curated set of 440
Enterobacterales single-copy conserved genes (BUSCO genes).
For the hybrid assemblies, we recovered all BUSCO genes (100%),
in contrast to only 76.6% for Flye assemblies. Furthermore, the
percentage of missing genes was 10.3%, which indicated that the
E. coli genomes assembled by Flye were not complete. Medaka
correction increased the number of recovered BUSCO genes

(mean = 80.5%) and slightly decreased the number of missing
genes (mean = 9.3%). A second round of polishing with Medaka
did not significantly recover more BUSCO genes (mean = 80.81)
or decrease the number of absent genes (mean = 9.15%). For Flye
and Medaka assemblies, a strong positive correlation of 0.78 was
observed for both strategies between the ONT depth and the
number of BUSCO complete genes (Fig. 4D). The completeness
of the ONT assemblies also stabilized despite an increase in the
ONT read depth, around ∼92% and ∼98% for Flye and Medaka
assemblies.

Discussion

In this study, we have shown that near-complete genomes can
be retrieved by multiplexing 96 bacterial isolates in the same
long-read sequencing run. Despite an uneven distribution of
ONT reads per barcode, we observed a mean chromosomal con-
tiguity of 0.89, which indicated that for most samples the chro-
mosome was mostly represented by a single long contig. Fur-
thermore, 92% of the plasmid sequences were circularized even
for isolates with a low ONT read depth, which makes this high-
throughput multiplexing strategy an attractive choice for plas-
mid studies.
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Figure 4. Illumina and ONT depth relative coverage of the plasmid components present in the Unicycler assemblies. The mean depth of the plasmid replicons was
normalized against the mean depth of the chromosome to obtain a relative depth (log2 scale). Each plasmid is represented by 2 connected points depending on the
sequencing technology.

The availability of short-read sequencing data from the same
bacterial isolates is still strongly desirable for 3 main reasons:
(i) to perform an unbiased selection of isolates for long-read se-
quencing, (ii) to rely on the sequence accuracy achieved by short-
read technologies (phred score >30), and (iii) to include small
plasmids underrepresented in the ONT library.

We proposed that given a short-read collection of isolates,
the pangenome of these isolates can be computed and the pres-
ence/absence matrix of orthologous genes considered as the ba-
sis for the isolate selection. This collection should preferably in-
clude isolates with a low number of dead ends (<5) because this
would ensure that the gene content can be confidently retrieved.
Furthermore, a low number of dead ends is crucial to obtain an
optimal genome contiguity even if the obtained ONT coverage is
low.

This selection ensures that complete genomes are generated
from distinct clusters that are defined by the gene content of
the isolates present in the collection. Furthermore, the gener-
ated complete genomes can be used to conduct reference-based
approaches relying on the short-read data of the non–long-read
sequenced isolates belonging to a particular genomic cluster. A
limitation of this approach is that the selected isolate may not
possess other accessory genes present in clonally related iso-
lates. This is particularly relevant for medium/small plasmids or

phage elements consisting of only a few genes and thus having
a small relative weight in the distance matrix used as a basis to
assign the clusters. Alternatively, choosing the isolates from the
cluster with the highest distance to its centroid could select for
isolates with a more distant gene content and potentially maxi-
mize the genome diversity. This issue would decrease if a higher
number of centroids were selected because isolates with a more
divergent gene content profile would be split into further sub-
clusters during the k-means assignment.

The experimental set-up used in this study (96 barcodes) and
the uneven distribution of ONT reads per isolate make it chal-
lenging to obtain full and high-quality genome sequences with
only long reads. Thus, the reported performance of Flye and
Medaka is only informative considering the study constraints.
We observed that an increase in the ONT read depth is critical
to improving the accuracy of ONT-only assemblies, in particular
for SNP calling. However, in the case of indels, the systematic
and non-random ONT read errors reported in homopolymer se-
quences resulted in a high number of early terminated ORFs,
even for the isolates with the highest ONT read depth (∼150
ORFs). Given the uneven distribution of ONT reads observed in
the multiplexing approach, the accuracy and completeness of
ONT-only assemblies for the isolates with a low read depth can
result in a high number of SNPs and indels in their complete
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Figure 5. Correlation between the number of ONT bases generated per isolate and genome accuracy statistics for Flye assemblies (green), Medaka-polished assemblies
(red), and Unicycler assemblies (blue). (A) Number of SNPs per 100 kb (log10 scale) computed considering as reference short-read contigs generated by an independent

assembler. (B) Number of indels per 100 kb (log10 scale) computed considering as reference short-read contigs generated by an independent assembler. (C) Number of
early terminated ORFs based on the ideel test. (D) Completeness of the assemblies as a percentage of complete single-copy conserved BUSCO genes (n = 440).

genome sequences. This drawback still allows the genomic con-
text to be identified from a gene-of-interest (e.g., AMR genes)
but can limit studies based on SNP signatures such as outbreak
investigations. Of note, the use of the newer Nanopore R10.3
chemistry with FLO-MIN111 flow cells would likely increase the
base-pair accuracy of the ONT-only assemblies.

In the hybrid assemblies, the accuracy of the complete
genomes is unaffected by the ONT read depth because, in gen-
eral, the long reads are only used as bridges to unequivocally
connect short-read contigs. With fewer long reads, we could
still obtain a complete genome and its accuracy would be deter-
mined by the error read associated with the short-read technol-
ogy. However, the accuracy of the hybrid assemblies can be af-
fected by the quality of the initial short-read graph. If there is an
elevated number of dead ends in the short-read assembly graph,

the sequence of ONT reads would be considered to complete the
resulting genome and polishing that particular genomic region
with Illumina reads would not be possible.

Recently, Dilthey et al. postulated a new method that allows
the multiplexing step to be skipped by pooling together multi-
ple non-barcoded samples in the same ONT flow cell [17]. This
method relies on the availability of Illumina data and inter-
sample genetic differences to in silico assign ONT reads to par-
ticular isolates. This strategy could reduce even further the se-
quencing costs per isolate and labour time associated with the
molecular barcoding preparation. However, a current limitation
of the tool is imposed by the high computational requirements
required to perform the in silico assignment, which can limit
its applicability when a large number of samples (e.g., 96) are
pooled in the same flow cell.
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As previously reported [52], we also observed an underrepre-
sentation of small plasmids in the ONT library, which resulted
in their absence in ONT-only assemblies. These plasmids can
carry AMR or virulence genes, and overlooking their presence in
ONT-only assemblies when using ligation kits can affect subse-
quent analyses [52]. Small plasmids, however, are present in the
initial short-read graph, usually as single circular contigs, and
thus the absence of ONT reads covering these replicons does not
affect the true representation of the genome. Ideally, the same
genomic DNA would be used for both short- and long-read se-
quencing to avoid any potential bias and losing any plasmids
due to the growth and extraction procedures used. In this study,
a short-read dataset previously created by Gladstone et al. [32]
was used and a renewed growth and DNA extraction step was
thereby needed for the ONT sequencing. This limitation could
affect the stability of plasmids and may partly contribute to
the underrepresentation of some extrachromosomal elements
in the ONT library. However, owing to the similarity of the growth
conditions used, we expect the potential bias to be minimal in
our study.

In conclusion, we have shown the potential of using the re-
cently released ONT nanopore barcoding kit for 96 bacterial iso-
lates to recover near-complete genomes in combination with
prior short-read sequencing data. We propose a long-read iso-
late selection based on the gene content to ensure that the re-
sulting complete genomes span the diversity present in the col-
lection. Finally, the possibility of generating complete genomes
on a high-throughput basis will likely continue to significantly
advance the field of microbial genomics.

Data Availability

ONT and Illumina sequencing data are available through the
ENA Bioprojects PRJEB45354 and PRJEB32059, respectively. For
each ONT barcode, individual ONT and Illumina accessions are
indicated in Supplementary Table S1. ONT reads and assem-
blies are available through the following permanent Figshare
datasets: ONT reads [54], Unicycler assemblies [55], Flye assem-
blies [56], and Medaka polished assemblies [57]. The isolate se-
lection pipeline is available at [30]. An Rmarkdown document
with the code and files required to reproduce the results pre-
sented in this article is available at [58]. Snapshots of the code
are available in the GigaScience GigaDB repository [26].

Additional Files

Supplementary Figure S1. Histogram with the proportion of
orthologous genes captured by the selected 96 E. coli isolates.
In white, the total number of orthologous genes (n = 33,508)
present at the 3,254 E. coli isolates were split into 100 bins based
on their frequency. In green, the orthologous genes (n = 16,308)
present at the 96 selected isolates were split into the same 100
bins. For each white bin, we can observe the proportion of genes
(in green) that would be recovered by sequencing the 96 E. coli
isolates selected in Fig. 1.
Supplementary Figure S2. Genome accuracy comparison be-
tween SPAdes assemblies and Unicycler (hybrid) assemblies
considering as reference short-read contigs assembled with Vel-
vet. (A) Number of SNP differences per 100 kb observed in the
SPAdes assemblies (black circles) and Unicycler assemblies (yel-
low circles). For each barcode, the difference in SNPs/100 kb is
represented by a line connecting the results of the 2 assem-
blies. (B) Number of indel differences per 100 kb observed in the

SPAdes assemblies (black circles) and Unicycler assemblies (yel-
low circles). For each barcode, the difference in indels/100 kb is
represented by a line connecting the results of the 2 assemblies.
Supplementary Figure S3. Overview of the hybrid assembly ac-
curacy based on the quality of the initial SPAdes assembly graph
in terms of dead ends (x-axis). (A) Number of SNP differences
per 100 kb in comparison to the number of dead ends present in
the SPAdes assembly graph. Each dot represents a barcode, and
its size and colour differ depending on the number of contigs
(SR contigs) present at the SPAdes assembly graph. (B) Number
of indel differences per 100 kb in comparison to the number of
dead ends present in the SPAdes assembly graph. Each dot rep-
resents a barcode, and its size and colour differ depending on the
number of contigs (SR contigs) present at the SPAdes assembly
graph.
Supplementary Table S1. Summary of the ONT read statistics
and ENA read accessions.
Supplementary Table S2. Assembly statistics and mlplasmids
prediction of the components present in the Unicycler assembly
graph.
Supplementary Table S3. Assembly statistics and mlplasmids
prediction of the components present in the Flye assembly
graph.
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