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Chapter 1 

The emergence of bacterial strains which are resistant to antibiotics is an important threat 
for human health (1). Due to the rise in antimicrobial resistance (AMR), treatment of hospi-
tal acquired have become increasingly challenging (2). The capacity of a subset of bacte-
rial pathogens to escape and evade common antimicrobial therapy in clinical settings has 
led to the term ‘ESKAPE’ pathogens (Enterococcus faecium, Staphylococcus aureus, Kleb-
siella pneumoniae, Acinetobacter baumannii, Pseudomonas aeruginosa, and Enterobacter 
species) which cause the majority of difficult to treat bacterial infections (3).

The surveillance of AMR is essential to guide infection control policies and monitor the 
effectiveness of therapy guidelines and antibiotic stewardships (4). Surveillance of anti-
microbial resistance by whole-genome sequencing (WGS) has recently been adopted by 
public health microbiology laboratories due to the decrease in sequencing costs and the 
possibility of sequencing microbial genomes in a few hours (5). The implementation of 
WGS permits: i) a reliable microbial identification, ii) investigation in the relatedness of 
isolates, supporting the detection of outbreaks and phylogenetic analysis with a higher 
level of resolution than current molecular typing methods (6) and iii) prediction of drug 
susceptibility, especially relevant in slow-growing pathogens for which phenotypic data 
cannot be rapidly obtained (7, 8).
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Whole genome sequencing: assembly and typing-based methods

Short-read sequencing technologies are most frequently used for WGS of bacteria. These 
sequencing technologies include Illumina NextSeq/MiSeq, 454 GS FLX or Ion Torrent, 
among others, that generate reads up to 300 bp and with a high read-quality (phred score 
20-30, read-error rate 0.01-0.001%). Illumina NextSeq/MiSeq can generate up to 7.5–20 
Gb exceedingly covering the small size of bacterial genomes which opens the possibility 
of multiplexing up to 96 bacterial samples in the same Illumina NextSeq sequencing run 
and reducing the cost per sample (9). The de Bruijn graph representing the sequencing 
data (10,  11), is commonly used by fragment assembly algorithms which make use of 
short substrings of the reads termed ‘k-mers’ (10, 11). In de Bruijn graphs, edges represent 
k-mers, with a fixed ‘k’ length, and vertices (nodes) represent (k-1)-mers. Two vertices, e.g. 
{v, w}, are connected if an overlap exists between the prefix of v and the suffix of w, thus 
creating an edge between these two vertices (12, 13). The resulting output of most assem-
blers is a collection of stretches of longer continuous sequences named contigs obtained 
by traversing the assembly graph unambiguously. Recently, assemblers also provide ad-
ditional information inferred from the assembly process in a graphical fragment assembly 
(gfa) format (11).

Short-read WGS data enables single-nucleotide polymorphisms (SNP) analysis in which se-
quencing reads are mapped against a closely related reference-genome (reference-based 
approach) or by performing a core-genome alignment of conserved sequences (de 
novo approach) using popular bioinformatic tools such as Snippy (https://github.com/
tseemann/snippy) or Roary (14), respectively. The core genome of a species is defined 
as the pool of genes common to all the studied genomes of a given species (15). Other 
approaches such as core-genome multilocus sequencing typing (cgMLST) confer a higher 
level of reproducibility and comparability of results between microbiology laboratories 
by comparison of allelic variants against a predefined and curated set of genes (MLST 
scheme) but they have, in general, a lower level of genomic resolution than SNP analysis 
approaches  (15). These WGS typing techniques permit the analysis of core genome relat-
edness and the population structure of bacterial species to an unprecedented level.

The accessory genome and antibiotic resistance

The high flexibility and plasticity of bacteria to evolve and adapt to environmental pres-
sures (e.g. antibiotic treatment) is importantly driven by the acquisition of large insertions 
or deletions (indels), genome recombination and rearrangements, or by the acquisition 
of foreign DNA sequences such as plasmid or phage sequences. These genetic elements 
belong to the ‘accessory’ genome, that fraction of the genome, which is only present in a 
subset of isolates belonging to a bacterial species.
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An important part of the accessory genome linked to antimicrobial resistance is repre-
sented by plasmids. Through plasmids, a large pool of extrachromosomal genes can be 
gained by bacteria, including AMR genes. This pool of accessory genes can be dissemi-
nated horizontally to other isolates of the same species or other bacterial species. Despite 
the importance of plasmid sequences in AMR dissemination and evolution, most of the 
WGS epidemiological analyses are focused on the tracing of clonal strains. However, in a 
scenario where AMR genes are contained on plasmids and where plasmid conjugation 
occurs frequently (16, 17), a sole focus on the dissemination of clones will not paint the full 
epidemiological picture of AMR transmission. To fully understand antimicrobial resistance 
introduction and transmission in hospital environments, plasmid epidemiology must be 
taken into account (18, 19).

Challenges in the reconstruction of plasmids from short-read WGS

When analysing the molecular epidemiology of plasmids on a population level, the 
low-level resolution obtained by PCR-based plasmid-typing techniques and the labori-
ous work associated with plasmid purification and subsequent sequencing are limiting 
factors. Accordingly, WGS has been adopted as the reference standard to analyse plasmid 
sequences (20, 21). However, short-read sequencing technologies cannot span plasmid 
repeat sequences, leading to an accurate but fragmented assembly graph resulting in 
hundreds of contig sequences. Several tools have been proposed to improve de novo plas-
mid assembly, but manual expert pruning is required to obtain correct plasmid boundar-
ies, which limits the high-throughput analysis of WGS data (22).

The introduction of long-read sequencing technologies such as PacBio single-molecule 
real-time (SMRT) sequencing platform and Oxford Nanopore Technologies (ONT) facilitat-
ed the reconstruction of complete microbial genomes, including fully assembled plasmids  
(23, 24). The generation of reads with a median read length around 8-10 kbp (25) allows 
to span most of the repetitive structures present in bacterial genomes, including plas-
mid sequences, and thus obtaining genome assemblies consisting of a single sequence 
per replicon (26). However, these long reads are considered noisy because error rates can 
range from ~10% to ~1% after base-calling and consensus correction, respectively (27) 
which challenges the inference of SNP and cgMLST types based uniquely on long-read 
sequencing data. To bypass this limitation, short- and long-read sequencing can be com-
bined in a process called hybrid assembly. Short-reads with an inherent read-error rate 
around 0.01-0.001% are used to perform a first short-read assembly. This high-quality but 
fragmented assembly is scaffolded in a second stage with long-reads by solving ambigu-
ous paths present in the de Bruijn graph using assemblers such as Unicycler (28). The pos-
sibility of obtaining high-quality completed microbial genomes including fully assembled 
plasmids has led to the development of multiplexing strategies to reduce the long-read 
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sequencing cost per isolate (29). However, the costs associated with long-read WGS and 
the amount of short-read WGS generated and publicly available makes a reliable plasmid 
reconstruction using uniquely short-read WGS desirable.

Enterococcus faecium: an important multi-drug resistant nosocomial patho-
gen

In this thesis, I will focus on the role of plasmids on adaptation and resistance gene trans-
fer in Enterococcus faecium, a nosocomial pathogen frequently associated with hospi-
tal-infections. This bacterium has a dual behaviour acting as a ‘friend’ by harmlessly resid-
ing in the gastrointestinal tract of mammals but also behaving like a ‘foe’ causing urinary 
tract infections and endocarditis (30, 31). The acquisition of multi-drug resistance against 
aminoglycosides, fluoroquinolones and most importantly against glycopeptides (i.e., van-
comycin), motivated the WHO to include E. faecium in its global priority list (32). The rise 
in vancomycin resistance was dramatically high in the United States increasing from 0% 
in the 1980s to more than 80% in late 2000s (33, 34) while in Australia, the current per-
centage of VREfm isolates ranges from 49% to 57% (35, 36). A significant increase from 
10.5% (2012) to 17.3% (2015) in the percentage of vancomycin-resistant E. faecium iso-
lates (VREfm) was also observed in Europe as indicated by the European Antimicrobial 
Resistance Surveillance Network (37). Although, European-wide vancomycin resistance 
percentages seem to be lower than in the USA or Australia, in some European countries, 
such as Cyprus, Romania, Ireland, Hungary, Poland, Latvia, Slovakia and Lithuania, vanco-
mycin-resistance levels seem to be comparable to those found in Australia, with vancomy-
cin-resistance percentages over 30%. In the Netherlands the VRE numbers in the Nether-
lands are still low with 1.1% of E. faecium isolates from blood being vancomycin-resistant.

In E. faecium, vancomycin-resistance is encoded by five different gene clusters of which 
vanA and vanB are responsible for most of the vancomycin resistance observed in clinical 
cases. The gene clusters consist of genes encoding a two-component regulatory system 
and enzymes involved in the metabolic recycle of D-Ala-D-Ala peptidoglycan precursors 
(38). Furthermore, both gene clusters are encoded within transposons (e.g. Tn1546 and 
Tn1549). Tn1546, containing the vanA gene cluster has frequently been associated with 
plasmids (39) and horizontal transmission of large plasmids, bearing vanA, has frequently 
been reported (40). Other resistance traits, such as aminoglycoside resistance (aac(6’)-Ie-
aph(2’) gene present in the transposon Tn5281, linezolid resistance mediated by the cfr(B) 
gene, tetracycline resistance mediated by tet(M), or quinupristin-dalfopristin resistance 
mediated by vat(D) and vat(E) genes, are also frequently present on plasmids. Further-
more, plasmids carrying these antibiotic resistance genes are not only found in humans 
but also in farm animals. This underpins the importance of a One-Health perspective 
when studying the dissemination of antibiotic resistance in E. faecium (41).
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Initial studies on E. faecium population structure based on MLST data analysed with eBurst 
revealed that hospitalized patient isolates formed a distinct group termed clonal complex 
(CC) 17 which was distributed worldwide (42). The introduction of novel algorithms to 
predict the population structure revealed that the assignment into CC derived from MLST 
data can be incorrect due to the recombination occurring to the loci involved in MLST 
designation (43).

To circumvent this, MLST data in combination with an algorithm based on Bayesian anal-
ysis population structure (BAPS) was later conducted on a set of more than 1,700 E. fae-
cium strains (44) which confirmed the existence of separate lineages splitting hospitalized 
patients with BAPS 3-3 significantly associated, and farm animals isolates represented 
by BAPS 2-1 and BAPS 2-4 (44). Admixture analysis showed scarce recombination events 
within hospitalized patient isolates suggesting that once E. faecium isolates adapted to 
the hospital environment, most likely by horizontal-gene transfer (HGT) events, they be-
came isolated and thus imposed a restriction on the gene flow to other subpopulations 
or lineages.

WGS-based phylogenetic studies conducted in the US and Europe split the E. faecium pop-
ulation into two distinct lineages corresponding to i) clade A, a hospital-associated clade; 
and ii) clade  B, a community-associated clade (45). Further studies suggested the subdivi-
sion of clade A into clade A1 and clade A2 with grouping the majority of hospital-associat-
ed and animal isolates in these two distinct clades (46). However, this subdivision in only 
two distinct clades was not supported by recent population structure studies that sug-
gested that isolates specifically from farm animals were genomically more heterogeneous 
and clustered in multiple distinct lineages (38, 47). Genomic analysis also revealed that 
isolates belonging to clade A and B differ in genome size (46) and that genomic variation 
is importantly driven by recombination events (48). This indicates that genome plasticity 
among E. faecium has contributed importantly to adaptation and colonization to new en-
vironments and hosts (38). The recombination observed in E. faecium has also questioned 
the validity of MLST-based types and remarked the importance of WGS studies to moni-
tor VREfm outbreaks (49). The role of plasmid sequences driving E. faecium clade A and B 
population structure and the dissemination of vancomycin resistance mediated by vanA 
and vanB gene clusters was largely unexplored and motivated the studies conducted in 
this thesis.

Outline of this thesis

The aim of the research described in this thesis is to reconstruct plasmid sequences from 
a large collection of E. faecium isolates from different isolation sources, including human 
and non-human samples. Detection and reconstruction of plasmids from WGS sequenc-
ing data are challenged by the presence of repeat units that cannot be spanned by the 
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length offered by short reads and hinder the prediction of plasmid sequences in the stud-
ied E. faecium population. For this purpose, novel bioinformatic tools and approaches 
were developed to improve the prediction of plasmids from short-read WGS data. This 
unravelled the contribution of plasmids to source-specificity and allowed to detect sev-
eral vanA plasmid configurations present in Dutch hospitals in different E. faecium clonal 
groups. In chapter 2, we benchmarked several bioinformatic tools to detect and recon-
struct plasmid sequences from short-read WGS data. We determined PlasmidSPAdes as 
the best plasmid prediction tool to predict the origin of contigs (plasmid- or chromo-
some- derived) in terms of precision and completeness but observed that the plasmid 
boundaries were mostly incorrect. Plasmid-predicted contigs were frequently merged to-
gether and this made the tracking of a single plasmid in a large collection of bacterial iso-
lates unfeasible. In chapter 3, we developed a new tool termed ‘mlplasmids’ for which we 
used a machine-learning based approach to binarily predict the origin of contigs derived 
from short-read WGS data based on pentamer frequencies for three different bacterial 
species: E. faecium, Klebsiella pneumoniae and Escherichia coli. The resulting support-vec-
tor machine classifiers were made available as open-source software (R package) and a 
web-server interface (Shiny app). Mlplasmids was fundamental to confidently predict the 
origin of contigs from E. faecium and to avoid the presence of chromosomal contamina-
tion. In chapter 4, we used a combination of short- and long-read sequencing data of 
62 E. faecium isolates to maximize and increase the number and diversity of complete 
plasmid sequences available for E. faecium. This resulted in 305 plasmids that were indis-
pensable to train and test the mlplasmids tool presented in chapter 3. Furthermore, we 
used mlplasmids to predict the plasmidomes, defined as the set of plasmid sequences 
present in a single sample, in a set of 1,582 E. faecium isolates for which only short-read 
WGS data were available. A k-mer analysis of the pan-plasmidome allowed to discern the 
existence of several plasmidome populations in which hospitalized-patients were clearly 
distinct. We also concluded that the plasmidome rather than the chromosome was most 
informative for source-specificity and thus indicative for restrictions in the flow of plas-
mid genes between isolation sources. In chapter 5, we developed a novel tool termed 
‘gplas’ in which we tackled the main limitation derived from mlplasmids corresponding to 
the lack of plasmid boundaries in the prediction. Gplas bins plasmid-predicted sequenc-
es into different bins using k-mer coverage and composition from the nodes and edges 
present in short-read graphs. The approach generated a plasmidome network, based on 
likely plasmid walks along the graph, that was further queried to observe highly-connect-
ed components that are finally predicted as bins. Gplas was also released as open-source 
software and integrated a Snakemake pipeline to fully automate the analysis. In chapter 
6, we provided a comprehensive picture of the population genomics and molecular epi-
demiology of vanA positive VRE isolated from 32 Dutch hospitals between 2012 to 2015. 
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In this chapter, we used gplas to predict plasmids containing the vanA gene cluster and 
compared the distribution of vancomycin resistance from both clonal (BAPS and PopPUNK 
analysis) and plasmid (gplas and k-mer analysis) perspectives. Using a network approach, 
we observed that vanA resistance was driven by at least four different plasmid types car-
ried by different clonal groups and present at distinct European countries. Finally, the new 
methods and analyses proposed in this thesis, as well as some of the limitations and future 
directions, are further discussed in chapter 7.
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Abstract

To benchmark algorithms for automated plasmid sequence reconstruction from short-
read sequencing data, we selected 42 publicly available complete bacterial genome 
sequences spanning 12 genera, containing 148 plasmids. We predicted plasmids from 
short-read data with four programs (PlasmidSPAdes, Recycler, cBar and PlasmidFinder) 
and compared the outcome to the reference sequences. PlasmidSPAdes reconstructs 
plasmids based on coverage differences in the assembly graph. It reconstructed most 
of the reference plasmids (recall=0.82), but approximately a quarter of the predicted 
plasmid contigs were false positives (precision=0.75). PlasmidSPAdes merged 84 % of the 
predictions from genomes with multiple plasmids into a single bin. Recycler searches 
the assembly graph for sub-graphs corresponding to circular sequences and correctly 
predicted small plasmids, but failed with long plasmids (recall=0.12, precision=0.30). 
cBar, which applies pentamer frequency analysis to detect plasmid-derived contigs, 
showed a recall and precision of 0.76 and 0.62, respectively. However, cBar categorizes 
contigs as plasmid-derived and does not bin the different plasmids. PlasmidFinder, which 
searches for replicons, had the highest precision (1.0), but was restricted by the contents 
of its database and the contig length obtained from de novo assembly (recall=0.36). 
PlasmidSPAdes and Recycler detected putative small plasmids (<10 kbp), which were also 
predicted as plasmids by cBar, but were absent in the original assembly. This study shows 
that it is possible to automatically predict small plasmids. Prediction of large plasmids 
(>50 kbp) containing repeated sequences remains challenging and limits the high-
throughput analysis of plasmids from short-read whole-genome sequencing data.
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Introduction

A bacterial cell can hold zero, one or multiple  plasmids with varying sizes and copy numbers. 
Traditionally, plasmid sequencing involved methods to purify plasmid DNA, followed by 
shot-gun sequencing, which frequently necessitated closing of gaps by primer-walking 
(1). Plasmid DNA purification is exceedingly difficult if it involves plasmids longer than 
50 kbp (1, 2). Alternatively, plasmid sequences can be assembled from whole-genome-
sequencing (WGS) data generated by high-throughput short-read sequencing platforms. 
However, plasmids often contain repeat sequences that are shared between the different 
physical DNA units of the genome, which prohibits complete assembly from short-read 
data. Assembly often results in many fragmented contigs per genome of unclear origin 
(plasmid or chromosome) (3). Currently available plasmid prediction programs either aim 
to determine whether a previously assembled contig is from a plasmid (PlasmidFinder, 
cBar), or try to reconstruct whole plasmid sequences from the sequencing reads or the 
assembly graph (Recycler, PlasmidSPAdes, PLACNET) (Table 1).

PlasmidFinder is a web-based tool that was developed to detect replicon sequences in 
assemblies and is optimized for use in enterobacterial genomes (4). Since two plasmids 
sharing the same replication mechanism cannot coexist in the long term within the 
same cell, replicon sequences are used to classify plasmids into different incompatibility 
groups (4). cBar was specifically designed to predict plasmid-derived sequences based on 
differences in k-mer composition (5). It relies on differences in pentamer frequencies from 
881 complete prokaryotic sequences and gives a binary classification of chromosome- or 
plasmid-derived contig. PLACNET (plasmid constellation network) reconstructs plasmids 
from WGS data by integrating three lines of evidence: (i) scaffold linking and coverage 
information, (ii) presence of replication initiator proteins (Rip) and relaxase proteins (Rel), 
(iii) similarity of the sequences with a custom database containing non-redundant plasmid 
sequences from the National Center for Biotechnology Information (6). Manual pruning 
in Cytoscape is necessary to obtain disjoint components (7, 8). Prediction reproducibility 
rates are thus highly dependent on the expertise of the researcher. As we aimed to test 
only fully automated methods for plasmid prediction, we excluded PLACNET from the 
comparison.

More recently, two algorithms that predict plasmids on the basis of the information 
contained in the de Bruijn graph were published: Recycler (9) and PlasmidSPAdes (10). 
Recycler extracts the information from the de Bruijn graph searching for sub-graphs 
(cycles) corresponding to plasmids. Selection of the cycles is based on the following 
assumptions: (i) nodes forming a plasmid have a uniform coverage, (ii) a minimal path 
must be selected between edges because of repetitive sequences, (iii) contigs belonging 
to the same cycle have concordant paired-end information, and (iv) plasmid cycles exceed 
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a minimum length. PlasmidSPAdes assumes a highly uniform 
contig coverage within the chromosome. It calculates the 
median coverage from the SPAdes assembly graph (11) to 
estimate a chromosome coverage. PlasmidSPAdes then builds 
a second assembly graph (referred to as the plasmid graph) 
only considering contigs with a read contig coverage differing 
from the chromosome coverage. After repeat resolution using 
ExSPAnder (12), connected components in the plasmid graph 
are reported as putative plasmids.

Here, we benchmarked currently available programs starting 
either from the reads or from assembled contigs. The aim of 
this study was to determine whether it was possible to obtain 
complete plasmid sequences in an automated fashion.

Results

Prediction per single plasmids

We defined a minimum recall value of 0.9 to classify a plasmid 
as correctly predicted. Out of 148 reference plasmids included 
in this study, 133 (89.9 %) were correctly predicted by either 
PlasmidFinder, cBar, Recycler or PlasmidSPAdes (Figs 1 and 
2). PlasmidSPAdes correctly predicted 125 plasmids, cBar 84 
plasmids, Recycler 21 plasmids and PlasmidFinder 13 plasmids 
at a recall of 0.9 or more (Figs 1 and 2a, b).

Of all 148 plasmids, 5 plasmids were consistently correctly 
predicted by all of the programs (Fig. 2a). These included two 
large plasmids belonging to two Klebsiella pneumoniae strains 
(CAV1741 and PMK1). These plasmids were fully assembled 
and did not share any similarity within the bacterial genome. 
In contrast, 15 plasmids consistently had a recall value less 
than 0.9 in all predictions. Four of these fifteen plasmids were 
not fully covered by SPAdes contigs, precluding complete 
prediction of the plasmids. The definition of recall per plasmid 
operated here does not take into account whether plasmids 
were accurately predicted in unique and independent bins. 
Programs with a high mean recall (PlasmidSPAdes and cBar, 

Table 1.  Overview of the programs to predict 
plasmids from short-read sequencing data
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0.87 and 0.86, respectively) did not predict, or often incorrectly predicted, plasmid 
binning. cBar performs a binary classification predicting contigs as either ‘plasmid’ or 
‘chromosome’, but did not sort the sequences into different plasmids from the same 
bacterial isolate. PlasmidSPAdes correctly predicted 120 reference plasmids (recall >0.9) 
present in genomes with more than one reference plasmid (n=35). From these 120 correctly 
predicted plasmids, 19 plasmids were accurately predicted in a single unique bin and 101 
plasmids were merged in a bin with other predicted plasmids from the same genome 
(Supplementary Results 2). Therefore, plasmid binning was not correctly predicted in 84 % 
of the cases and plasmid structural information was not readily retrievable.

Figure 1. Performance of the programs on a single plasmid level. Recall values of small (less than 
10 kbp), medium (from 10 to 50 kpb) and large (greater than 50 kbp) plasmids by PlasmidSPAdes, 
cBar, Recycler and PlasmidFinder. Recall was calculated by aligning the reference plasmid sequences 
against the plasmid predictions of each genome and disregarded plasmid binning (if any).
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Figure 2. Comparison of program performance on a single plasmid level. (a) A minimum recall value 
of 0.9 in the program prediction was selected to consider a plasmid as correctly predicted. Venn 
diagram showing the overlap in prediction between PlasmidSPAdes (red), cBar (purple), Plasmid-
Finder (orange) and Recycler (green). The intersection of the ellipses showed five plasmids present 
in all the predictions. (b) Reference plasmids were classified into small (less than 10 kbp), medium 
(from 10 to 50 kbp) and large (greater than 50 kbp) plasmids depending on their size. The number of 
reference plasmids correctly predicted (minimum recall value of 0.9) by the programs is represented 
in the three categories.
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Prediction per genome 

Next, performance was evaluated on the genome level; thus, comparing the entirety of 
all predicted plasmid sequences of each genome against all plasmids of each genome. 
PlasmidSPAdes analysis resulted in a mean plasmid fraction of 0.72 and a mean 
chromosome fraction of 0.22 (Fig. 3a). Furthermore, an overall precision of 0.75 and an 
overall recall of 0.82 were reported. The completeness of the prediction was high even in 
the bacterial isolates with a high number of reference plasmids. However, PlasmidSPAdes 
merged plasmid contigs into a single bin if they shared repeated sequences as shown in 
Fig. S4.

Surprisingly, a mean fraction of 0.06 corresponding to contigs absent from the reference 
genomes was detected (Fig. 3a and Table S3). Most of the contigs present in the fraction 
of novel sequences were detected as isolated components by PlasmidSPAdes, with the 
exception of novel sequences in Escherichia coli strains JJ1886 and JJ1887. Predicted 
plasmid contigs that were absent in the reference genomes of E. coli JJ1886 and JJ1887 
had high similarity with Staphylococcus aureus chromosome and plasmids. This potential 
contamination was not filtered by PlasmidSPAdes, because its coverage differed from the 
host chromosome. Further discussion on the identification of potential novel small cryptic 
plasmids is available in Supplementary Results 3 and 4.

Recycler analysis resulted in a mean plasmid fraction of 0.24, a mean chromosome 
fraction of 0.62 and a mean fraction of novel sequences of 0.14 (Fig. 3a). We reported an 
overall precision of 0.30, indicating that a high number of sequences predicted as plasmid 
originated from the chromosome. Recycler obtained a low overall recall of 0.12 (Fig. 3b). 
This low value can partly be explained by the fact that the algorithm only reports unique 
circular sequences. The recall value obtained by Recycler was 1.0 in samples with small or 
medium size plasmids (e.g. Bacillus subtilis BEST195 or Enterobacter aerogenes CAV1320). 
Furthermore, large plasmids not sharing any repeated sequence with other replicons 
were also correctly predicted by Recycler (Fig. 3b and Table S4). The Recycler chromosome 
fraction was further analysed to observe whether non-plasmid mobile genetic elements 
were predicted. A total of 14 % of the contigs considered as false-positive results and 
mapping to their respective chromosomes were identified as prophage sequences 
(Supplementary Results 3, Fig. S5). Recycler more robustly detected plasmid sequences in 
contaminated samples than PlasmidSPAdes. This feature is reflected in E. coli JJ1886 and 
JJ1887, where the fraction of novel sequences was not higher compared to the rest of the 
genomes (Fig. 3a). Most of the novel contigs predicted by Recycler were also predicted by 
PlasmidSPAdes (Table S3). Common features of these novel contigs are a length less than 
10 kbp and an intermediate copy number (Supplementary Results 4).

cBar predicted every contig as either plasmid derived or chromosome derived. cBar 
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Figure 3. Performance of the programs on a genome level. (a) The prediction of each program was 
mapped against the reference genomes of each bacterial isolate. Contigs mapping to the reference 
plasmids were depicted as plasmid fraction (green bars), to the reference chromosome as chromo-
some fraction (white bars) or to neither as novel sequences fraction (purple bars). On the right-hand-
side y-axis, the total length (in kbp) of plasmid prediction is indicated. cBar was the only program 
predicting contigs as plasmids in the genome that was used as a negative control (Burkholderia 
cenocepacia DDS 22E-1). (b) Precision and recall values are represented with white and grey bars, res-
pectively. A precision of 1 indicates the absence of contigs mapping to the reference chromosome 
in the prediction. Recall of 1 indicates the full sequences of all the reference plasmids were present 
in the prediction. On the right-hand-side y-axis, the total plasmid length (in kbp) of a particular bac-
terial genome is indicated.
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analysis resulted in a mean plasmid fraction of 0.58, a mean chromosome fraction of 0.33 
and a mean fraction of novel sequences of 0.09. We reported an overall precision and 
recall of 0.62 and 0.76, respectively. However, the precision varied largely across genomes, 
as reflected in Providencia stuartii ATCC 33762 (recall=1.0, precision=0.34). This strain has 
a single plasmid of 48.87 kbp (Fig. S1), which was correctly detected by cBar, but also 
19 other contigs (>500 bp) mapping to the chromosome that were wrongly predicted as 
plasmids (Fig. 3). In B. subtilis subsp. natto BEST195 and E. aerogenes CAV1320, which carry 
single plasmids, precision and recall value were 0 (Fig. 3b). Notably, in the negative control 
B. cenocepacia DDS 22E-1, which does not have any plasmids, cBar predicted a total size 
of 1369 kbp wrongly as plasmid-derived contigs (Fig. 3a). All previously unidentified 
putative plasmids (Table S3) were also classified as plasmids by cBar, with the exception of 
two fragments in Aeromonas veronii AVNIH1 and Klebsiella oxytoca KONIH1.

PlasmidFinder analysis resulted in a mean plasmid fraction of 0.99 and a mean fraction of 
novel sequences of 0.01. PlasmidFinder was able to detect at least one plasmid replicon 
sequence in 37 bacterial strains, but failed to detect any replicon sequence in Rhodobacter 
sphaeroides 2-4-1 and in the Gram-positive bacteria Corynebacterium callunae DSM 
20147, Enterococcus faecium ATCC 700221 and P. stuartii ATCC 33672. Surprisingly, in 
B. subtilis BEST195, one of the four Gram-positive strains, a recall of 1.0 was obtained. 
This single plasmid of B. subtilis BEST195 had an identity of 88 % and covered 82 % of a 
replicon sequence (NC_015392) from Salmonella enterica indexed in the PlasmidFinder 
database. The database of PlasmidFinder was designed to detect replicon sequences of 
plasmids from the Enterobacteriaceae. Therefore, we excluded all Gram-positive genomes 
to calculate the overall precision and recall of PlasmidFinder. This resulted in an overall 
precision of 1.0, indicating that no false-positive sequences were predicted as plasmids. 
However, the low overall recall of 0.36 was due to the low connectivity of the assemblies 
that were generated using only short-read sequencing data (Fig. 3b).

Discussion

The large majority of plasmids (89.9 %) could be correctly predicted by one of the tested 
programs. However, in many cases, the predictions were fragmented (all programs), 
contaminated by chromosome sequences (cBar, Recycler, PlasmidSPAdes), the binning 
of the plasmids were unclear (cBar, PlasmidSPAdes) and the plasmids were incomplete 
(all programs). In absence of reference plasmid sequences, disentangling or binning the 
sequences into separate plasmids is a challenging step.

PlasmidSPAdes fully or partially predicted most plasmids (recall=0.82). The major drawback 
of PlasmidSPAdes was the merging of predicted plasmids into a single bin. This limitation 
can partially be overcome by a similar methodology as previously applied in PLACNET 
(6). By visualizing the plasmid graph and connecting contigs with a similar coverage 
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and scaffolding linkage, plasmid sub-graphs can be separated manually, but only if the 
different plasmids sufficiently differ in their copy number (10) (Fig. S3). Repeat sequences, 
such as transposases, that merge different components in the assembly graph, can be 
spotted by their high number of scaffolding links and coverage. However, this process is 
highly dependent on the expertise of the individual analysing the data, may be difficult 
to reproduce independently, and can only be performed if coverage of plasmids differs. 
Consequently, this approach limits the high-throughput analysis of short-read WGS data 
to correctly predict plasmid sequences.

Recycler applies an innovative and general approach to plasmid prediction, and 
successfully extracted complete plasmid sequences if they had circular features present 
in the assembly graph. Most large plasmids, however, tend to be assembled into several 
contigs due to the presence of repeated sequences with high coverage. Recycler failed 
to extract these types of plasmids and in many cases only extracted non-plasmid mobile 
elements. cBar was originally designed to categorize chromosome and plasmids in 
metagenomic sequences. Its accuracy is known to be lower for long plasmids because 
the nucleotide composition of these plasmids is similar to the host chromosome (14). 
However, the overall recall of cBar is high (0.78) and it might be well-suited to confirm if a 
sequence was predicted to be plasmid-derived by another method.

The results of PlasmidFinder indicated a high reliability of the prediction. If applied 
to PlasmidSPAdes predictions, the detection of different incompatibility groups by 
PlasmidFinder could either indicate the presence of two or more plasmids merged 
together into a single component or the presence of a multireplicon plasmid.

To obtain the full sequences of plasmids, long-read sequencing data can be a solution 
(15). However, to our surprise, PlasmidSPAdes and Recycler predicted a substantial 
number of contigs (fraction of novel sequences: 0.06 and 0.14, respectively) that were 
not present in the complete reference genomes sequenced with long reads. These 
sequences could originate from sequences filtered as contaminants, but could also 
represent small replicons (Supplementary Results 2 and 4). As described elsewhere, the 
hierarchical genome assembly process (HGAP) can lead to missing small plasmids in the 
main assembly when using a seed read length cut-off greater than actual plasmid size 
(16, 17). Library preparation withDNA size selection prior to PacBio sequencing can also 
obviate small plasmids when the cut-off selected is higher than actual replicon size (2).

We showed that it is possible to automatically predict the sequences of small and circular 
plasmids. Nonetheless, the correct prediction of large plasmids (>50 kbp) containing 

repeated sequences remains challenging using short-read sequencing data only.
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Material and Methods

At the time the study was conceived (July 2016), we selected all bacterial genomes with 
complete plasmid sequences and Illumina Miseq or Hiseq paired-end data publicly 
available. Complete genome sequences and reads were downloaded from GenBank and 
the National Center for Biotechnology Information Sequence Read Archive, respectively 
(Table S1). All the strains were previously sequenced by Pacific Biosystems PacBio RS II.

The above criteria resulted in a set of 42 genomes that spanned twelve different genera 
(Fig. S1). The test data contained 148 plasmid sequences ranging from 1.55 to 338.85 kbp 
(Fig. S1, Table S1) and 45 chromosomal sequences ranging from 0.93 to 6.26 Mbp. This 
set included five genomes used in PlasmidSPAdes and Recycler publications to ensure 
consistency between present and previously published results (Supplementary Results 
1 and Table S2). We used QUAST 4.1 (13) to map the predicted plasmid contigs against (i) 
each reference plasmid separately or (ii) the reference genome (containing chromosomes 
and plasmids, Fig. S2). Nucmer alignments were used to assign each of the predicted 
plasmid contigs to one of the following three categories: ‘plasmid fraction’ (true positive), 
‘chromosome fraction’ (false positive) and ‘fraction of novel sequences’ (absent from the 
reference genomes). A minimum alignment of 500 bp and 95 % nucleotide identity was 
required to assign a contig to a certain fraction. We considered the whole contig length to 
evaluate the performance of the programs using recall and precision.

• Recall was defined as the percentage of the reference plasmid(s) covered by the 
prediction. On the individual plasmid level, a recall of 1 indicates that the full reference 
plasmid sequence was present among the predicted plasmids. On the whole genome 
level, a recall of 1 indicates all the reference plasmids were fully present among the 
predicted plasmids.

• Precision was defined as the fraction of true positives (plasmid fraction) divided by 
the sum of true and false positive results (plasmid and chromosome fraction).

For each genome (n=42), we calculated precision and recall values. To calculate the overall 
precision and recall of PlasmidSPAdes, Recycler and PlasmidFinder, we excluded the 
negative control Burkholderia cenocepacia strain 22E-1 as no false-positive results were 
obtained. Additionally, the overall precision and recall of PlasmidFinder was calculated 
filtering out genomes corresponding to Gram-positive bacteria. A detailed explanation of 
the metrics reported in the paper is available in Supplementary Methods.
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Supplementary Results 

Detailed description of genomes considered as positive controls (S1)

The following genomes were previously analyzed by the authors of PlasmidSPAdes and 
Recycler to validate their algorithms (9, 10).

Escherichia coli JJ1886

Recycler predicted the sequence of seven possible plasmids from E. coli JJ1886. Four of 
them corresponded to the reference plasmids whereas three sequences did not map 
either the plasmid references nor the chromosome of E. coli JJ1886. These three sequences 
were confirmed as plasmids by nucleotide BLAST although no other evidence of plasmid-
related genes were found in the annotation by Prokka. In addition, we found two 
sequences of 42.6 kbp and 8.2 kbp corresponding to the chromosome of E. coli JJ1886. 
A best blast hit of the sequence with 42.6 kbp mapping to the chromosome suggested a 
phage origin. PlasmidSPAdes was able to recover a fraction of the plasmid pJJ1886 5, but 
plasmids pJJ1886 1 and pJJ1886 3 were not detected. Five components did not map to 
either the chromosome or the reference plasmids which suggested that they were putative 
unidentified plasmids. The components corresponding to S. aureus plasmids were present 
in a copy number of less than 1. Frequently, short-read length plasmids are in high copy 
number to ensure their prevalence in the next generations (11). These findings suggested 
these novel sequences identified in E. coli JJ1886 could constitute contamination during 
the library preparation. PlasmidSPAdes did not remove some parts of the chromosome 
from S. aureus because its coverage differed from E. coli JJ1886. cBar identified several 
plasmid sequences as chromosomal resulting in a low precision (Table S2). However, it 
was the program with the best recall value (0. 83) because it recovered 12 contigs (>500 
bp) belonging to pJJ1886 5. PlasmidFinder detected the presence of two plasmid replicon 
initiator sequences corresponding to the incompatibility group IncF. Both replicons are 
located in the plasmid pJJ1886 5 of the contigs with a size of 8.0 kbp and 12.9 kbp.

Citrobacter freundii CFNIH1

PlasmidSPAdes detected a component with a length of 275.6 kbp, composed by 19 
contigs (>1 kbp) that matched the reference plasmid pKEC-a3c. In addition, a second 
component composed by a single contig of 5.4 kbp and an inferred copy number of 
14.1 was identified. Recycler was not able to recover the plasmid pKEC-a3c (Table S2). 
However, it also extracted the same novel component of 5.4 kbp with a coverage ratio of 
14.1. We performed a dot-plot of the sequence against itself to observe the presence of 
circularization signatures at the ends. The sequence had a best blast hit corresponding to 
“Klebsiella oxytoca strain CAV1335 plasmid pCAV-1335-5410, complete sequence” with 
a length of 5.4 kbp. Annotation made by Prokka identified the presence of mobilization 
protein MbeC and relaxase MbeA. The sequence of 5.4 kbp predicted by PlasmidSPAdes 



-34-

Chapter 2 

and Recycler is the same with a slight difference. Recycler extracted one of the repeat 
sequences present at the end of the contigs obtaining a final plasmid sequence of 5410 bp. 
However, PlasmidSPAdes extracted the plasmid sequences without removing one of the 
repeats. The previous findings suggested the presence of a complete plasmid sequence of 
5.4 kbp which was not previously reported in C. freundii CFNIH1. PlasmidFinder detected 
the presence of two replication initiator proteins present in pKEC-a3c. The replicon 
sequences corresponded to the incompatibility groups IncN and IncA.

Corynebacterium callunae DSM 20147

PlasmidSPAdes detected two components of 10.4 kbp and 4.2 kbp. A low precision value was 
obtained because the component of 10.3 kbp was composed by a single contig mapping 
to the chromosome (Table S2). The component of 4.2 kbp corresponded to the reference 
plasmid pCC1. Recycler detected exclusively the reference plasmid pCC1 whereas no false 
positive results were obtained. cBar obtained a low recall value because only one contig 
corresponding to pCC2 was correctly identified as plasmid (Table S2). PlasmidFinder was 
not able to locate any replication initiator sequence in the two reference plasmids present 
in C. callunae DSM 20147. The database of PlasmidFinder was constructed using replicon 
sequences from the family Enterobacteriaceae. Replicon sequences from Gram positive 
bacteria may differ and may explain the lack of true positive results for this genome.

Rhodobacter sphaeroides 2.4.1

PlasmidSPAdes was able to detect a large component of 458 kbp including the five 
reference plasmids. However, the program was not able to separate the plasmids in 
different components. PlasmidSPAdes merged them in a single component due to the 
presence of repeated sequences frustrating the detection of each plasmid as different sub 
graphs. Visualization of the plasmid graph using Bandage spotted one contig containing a 
transposase shared in the different physical DNA units (Figure S3). Recycler was only able 
to detect small fractions from plasmid Ax and plasmid D whereas lack of false positive 
results were reported (Table S2). PlasmidFinder did not detect any plasmid replicon 
sequences.

Burkholderia cenocepacia DDS 22E-1

This genome does not contain any reference plasmid but it is composed by three 
chromosomes with a size of 1.16 Mbp, 3.20 Mbp and 3.66 Mbp. PlasmidSPAdes and Recycler 
did not detect any plasmid sequence thus the outcomes of both programs corresponded 
to empty files. Additionally, PlasmidFinder did not find any replicon sequence within 
the chromosomes of B. cenocepacia DDS 22E-1. cBar predicted 1481 contigs (>500 bp) 
wrongly as plasmid-derived sequences.
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PlasmidSPAdes structural report (S2)

The major pitfall of PlasmidSPAdes was the erroneous assignment of predicted plasmid 
contigs belonging to different reference plasmids into the same bin. To visualize and 
explain this issue we selected only genome projects with more than one reference plasmid 
(n=35). From these genomes, only plasmids correctly predicted by PlasmidSPAdes (n=120, 
recall >0.9), have been considered. For each reference plasmid we observed whether it 
was merged with another predicted plasmid from the same genomes. This resulted in 
19 plasmids predicted in a single unique bin and 101 plasmids merged together with 
other predicted plasmids. Therefore, 84.2% of the well predicted plasmids were merged 
together with other plasmids from the same genome project. 

Recycler chromosome fraction analysis (S3)

Recycler was designed to extract circular sequences from the assembly graph. Therefore, 
Recycler predictions also contained non-plasmid mobile genetic elements with a potential 
circularization signature. We further elab-orated on this extracting all the contigs (n=94) 
which were part of the chromosome fraction and annotated them using Prokka. First we 
checked the presence of genes annotated with the following keywords to assess if there 
were contigs with potential phage-related genes.

grep -i -E ”—capsid—head—integrase—plate—tail—fiber—coat—phage—transposase—
portal—terminase—protease—lysin” *.tbl

This allowed us to identify 22 contigs with potential phage-related 
genes. Furthermore, we used Phaster (PHAge Search Tool Enhanced 
Release), a program specially focused on the identification and annotation 
of (pro)phage sequences (12). From 22 contigs with potential-phage related genes, only 
13 were identified as prophages. Therefore, 14% (13/94) of the contigs classified as false 
positives and assigned to the chromosme fraction were identified as prophages sequences. 
Furthermore, we observed the same phage sequence was extracted in genomes 
belonging to the same species. For example, we highlight the phage sequence of 41.9 kbp 
predicted by Recycler in E. cloacae strain CAV1311, E. cloacae strain CAV1411, E. cloacae 
strain CAV1668 and E. cloacae strain CAV1669 (Figure S5).

Components not mapping to the reference genomes (S4)

In this section we describe potential novel plasmids detected by PlasmidSPAdes 
and Recycler as plasmid com-ponents in the graph. Only components with 
a single contig and exceeding a minimum length of 1000 bp were analyzed. 
Novel contigs were further analyzed and annotated using Prokka (version 1.12-beta)(13). 
To identify poten-tial novel plasmids we compared these sequences to the non-redundant 
nucleotide database of the NCBI using BLAST. The best blast hit was extracted selecting 
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minimum e-value and highest bit-score as previously de-scribed (10). The completeness 
of the potential novel mobile genetic elements was corroborated by generating a dot-
plot aligning the sequence to itself (14). The presence of the same repeated sequence at 
the ends of the contig suggested a potential circularization signature. We also considered 
the k-mer coverage ratio as a feature to identify potential small plasmids. Each contig 
reported in SPAdes 3.8.2 has an associated k-mer coverage, defined as cκ = c (l − k + 1)/l, 
where cκ = k-mer coverage, c = nucleotide coverage, l = read length and k = k-mer length. 
We considered the median coverage reported by PlasmidSPAdes as an estimation of the 
chromosome coverage. Finally, the reported k-mer coverage ratio corresponds to the 
k-mer coverage of a novel contig divided by its respective median coverage. This analysis 
is summarized in Table S3.

Bacillus subtilis subsp. natto BEST195

PlasmidSPAdes and Recycler identified a single component not mapping to the reference 
assembly with a length of 5386 bp, present in a k-mer coverage ratio of 10 and with 
circularization signatures.

Klebsiella pneumoniae strain Kpn223

PlasmidSPAdes identified two isolated components formed by a single contig with a 
length of 4.29 and 4.14 kbp. Recycler identified the same sequences but excluded one 
of the adjoining regions and detected another component not mapping to the reference 
of 3478 bp. The sequence of 4167 bp had as best blast hit “Klebsiella pneumoniae strain 
0773 plasmid pKpn114, complete sequence” with a length of 4.21 kbp. The sequence of 
4014 bp did not have any significant blast hit even though Prokka detected the presence 
of a Mobilization protein A and circularization signatures were present. In addition, the 
sequence identified by Recycler with a length of 3478 bp had a best blast hit corresponding 
to “Enterobacter sp. FY-07 plasmid pAKI40B, complete sequence”. However, the k-mer 
coverage ratio suggested it is necessary to validate experimentally these novel plasmids 
to confirm them as stable residents in the host.

Escherichia coli JJ1886

PlasmidSPAdes identified two components composed by a single contig not mapping 
to the reference assembly. The component with a length of 11.10 kbp had as best blast 
hit “Staphylococcus aureus subsp. aureus strain LA-MRSA ST398 isolate E154, complete 
genome”. As explained in Supplementary Text 1, PlasmidSPAdes recovered part of the 
chromosome of S. aureus because its coverage differs from the host chromosome. The 
second isolated component identified by PlasmidSPAdes was also present in Recycler 
prediction with a length of 1.6 kbp. This component had as best blast hit “Staphylococcus 
aureus strain C2355 plasmid pUR2355, complete sequence” with a length of 7.6 kbp. 
Additionally, Recycler predicted two other isolated components with a length of 2361 
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and 2216 bp. Both components had best blast hits corresponding to “Staphylococcus 
aureus subsp. aureus strain LA-MRSA ST398 plasmid plinE154, complete sequence and 
“Staphylococcus sp. plasmid pST94 qacG and rep94 genes”. The presence of S. aureus 
chromosome in PlasmidSPAdes prediction and a k-mer coverage ratio below 1.0 suggests 
this sample was contaminated with S. aureus DNA (9).

Aeromonas veronii strain AVNIH1

PlasmidSPAdes identified two components formed by a single contig not mapping to 
the reference assembly of A. veronii strain AVNIH1. In addition, Recycler also identified 
the same components and it extracted one of the repeated sequences present at both 
ends of the contigs. The largest sequence had as best blast hit “Aeromonas salmonicida 
subsp. salmonicida strain JF2507 plasmid pAsal1D, complete sequence” with a length 
of 9.1 kbp. The other sequence corresponded to “Uncultured prokaryote from Rat gut 
metagenome metamobilome, isolate RGRH0694” with a length of 1.8 kbp. The presence of 
circularization signatures, a similar best blast hit length corresponding to previous report 
plasmids and the inferred plasmid copy numbers suggested the presence of two small 
complete plasmids not reported with a length of 7114 bp and 1736 bp.

Klebsiella pneumoniae strain AATZP

PlasmidSPAdes identified an isolated component formed by a single contig of 4.29 kbp. 
Additionally, Recycler did not identify any reference plasmid present in K. pneumoniae 
strain AATZP but it also detected the same putative unidentified plasmid. Best blast hit 
corresponded to: “Klebsiella pneumoniae subsp. pneumoniae Kp13 plasmid pKP13c, 
complete sequence” with a length of 5.06 kbp. A similar blast hit length and the presence 
of circularization signatures at both ends of the sequence suggested the identification of 
a small cryptic plasmid with a length of 4167 bp not present in the reference assembly of 
K. pneumoniae strain AATZP.

Klebsiella pneumoniae strain CAV1392

PlasmidSPAdes identified an isolated component composed by a single contig of 2.57 kbp 
with a k-mer coverage ratio of 0.1. Additionally, Recycler identified the same component 
and reporting the correct size (2495 bp). Best blast hit corresponded to “Enterobacter sp. 
W001 plasmid pR23, complete sequence” with a length of 10.49 kbp. The presence of 
circularization signatures at the end suggested the completeness of the plasmid.

Citrobacter freundii CFNIH1

PlasmidSPAdes and Recycler identified an isolated component with a length of 5.4 kbp 
and with a k-mer coverage ratio of 14.1. Dot-plot of the contig to itself confirmed the 
presence of circularization. Furthermore, best blast hit corresponded to “Klebsiella oxytoca 
strain CAV1335 plasmid pCAV-1335-5410, complete sequence” with a length of 5.4 kbp. 
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Annotation made by Prokka identified the presence of relaxase MbeA. This novel plasmid 
had already been detected in PlasmidSPAdes original publication (10).

Enterococcus faecium strain ATCC 700221

Both programs identified the presence of two components not mapping to the reference 
assembly with a length of 12462 bp and 5386 bp. The largest contig had as best blast hit 
“Enterococcus faecium plasmid p200B” with a length of 12.5 kbp. The sequence of 5386 had 
as best blast hit “Enterobacteria phage phiX174, complete genome” with the same length. 
Additionally, in both cases there was presence of circularization signatures. The presence 
of phage sequences was common in the report given by Recycler and PlasmidSPAdes due 
to the presence of circularity signatures and differences in the coverage with the host 
chromosome. The above findings suggest the identification of a novel plasmid with a 
length of 12462 bp.

Klebsiella pneumoniae strain Kpn555

PlasmidSPAdes and Recycler identified the same components not mapping to the 
reference assembly. The sequence of 4048 bp had as best blast hit “Escherichia coli strain 
EC19 plasmid pEC19-1 hypothetical proteins, MobA, MobB, and MobC genes, complete 
cds” with a length of 4.86 kbp. The sequence with a length of 3478 bp had as best blast 
hit “Klebsiella pneumoniae subsp. pneumoniae MGH 78578 plasmid pKPN7, complete 
sequence” with a length of 3.78 kbp. Finally, two sequences with a length of 2874 bp and 
2798 bp were also reported. In both cases, the best blast hit corresponded to “Uncultured 
bacterium extrachromosomal DNA RGI00802” with a length of 2.80 kbp. Sequence 
annotation and circularization signatures indicated the presence of four small novel 
plasmids but their k-mer coverage ratio suggests experimental validation is required to 
discard these components as possible contamination.

Klebsiella pneumoniae strain PMK1

PlasmidSPades and Recycler identified the same three components not present in the 
reference assembly. Contig annotation spotted the presence of plasmid-genes related 
in the sequence of 5640 bp. Best blast hit corresponded to “Uncultured prokaryote from 
Rat gut metagenome metamobilome, plasmid pRGRH1815” with a length of 7.10 kbp. 
The presence of circularization signatures and a high k-mer coverage ratio suggested the 
characterization of a plasmid with a length of 5640 bp. In addition, the sequence with a 
length of 3770 bp presented circularization signatures and a best blast hit corresponding 
to “Escherichia coli strain NCTC 9034 plasmid pEC34A, complete sequence”. Additionally, 
cir-cularization signatures were present indicating the completeness of the plasmid. The 
previous findings suggested the presence of a plasmid with a length of 3770 bp. Finally 
the sequence with a length of 5386 bp had as best blast hit “Echinostoma caproni genome 
assembly E caproni Egypt, scaffold ECPE contig0001929”. Several blast hit results with 
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a similar bit-score indicated the presence of a phage. This may explain the presence of 
circularization signatures at the ends of the sequence.

Enterobacter cloacae ECR091

PlasmidSPAdes and Recycler identified the same isolated component formed by a single 
contig with a length of 4.6 kbp. Best blast hit corresponded “Salmonella enterica subsp. 
enterica serovar Typhimurium str. U288 plasmid pSTU288-3, complete sequence” with 
the same length. Contig annotation spotted the presence of a mobilization protein 
(MbeC) and circularization signatures confirmed the completeness of the plasmid. A 
k-mer coverage ratio of 11.8 suggests the presence of a novel plasmid with a length of 
4667 bp not present in the reference assembly. Additionally, PlasmidSPAdes identified 
another isolated component with a contig length of 2572 bp. Best blast hit corresponded 
to “Enterobacter agglomerans ColE1-like plasmid RNA one modulator (rom) gene, com-
plete cds” with a length of 2.49 kbp. A k-mer coverage ratio of 22.0 and the presence of 
circularization signatures suggests the identification of a novel plasmid.

Enterobacter cloacae ECNIH3

PlasmidSPAdes and Recycler identified the same component with a contig length of 2.49 
kbp. This component is the same identified by PlasmidSPAdes in the isolate E. cloacae 
ECR091. In this case, the k-mer coverage ratio is even higher 30.9 and Recycler reported 
the correct size of the plasmid (2495 bp).

Klebsiella oxytoca KONIH1

PlasmidSPAdes identified an isolated component with a contig length of 3.71 kbp. Best 
blast hit corresponded to “Enterobacter asburiae strain CAV1043 plasmid pCAV1043-10, 
complete sequence” with a length of 10.40 kbp. The presence of circularization signatures 
and a high k-mer coverage ratio suggests the presence of a novel plasmid not present in 
the reference assembly.

Klebsiella pneumoniae strain KPNIH39

PlasmidSPAdes and Recycler identified the same sequence with a length of 5521 bp. Best 
blast hit corresponded to “Enterobacter cloacae plasmid pNE1280, complete sequence”. 
Presence of circularization signatures and a k-mer coverage ratio of 9.1 indicated the 

presence of a small cryptic plasmid with a length of 5521 bp.

Supplementary Methods

Evaluation metrics

We predicted plasmids from short reads with four different programs: PlasmidFinder, 
cBar, Recycler and PlasmidSPAdes. Reads were downloaded from the SRA database 
using the sra-toolkit and subsequently trimmed using seqtk with the command ’trimfq’. 
This trimmed low-quality bases from both ends using the Phred algorithm, which uses 
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base error probabilities calculated from the phred quality values. We selected an error  
probability cutoff value of 0.05. De novo assembly was performed using SPAdes 3.8.2 on 
a high performance computer running CentOS7. For each sample, the assembly graph 
and resulting contigs corresponding to the maximum k-mer used by SPAdes 3.8.2 were 
selected (1). Contigs with a size less than 500 bp were filtered out.

• PlasmidFinder. To replicate results that would be obtained through the use of the 
PlasmidFinder web interface, we downloaded the PlasmidFinder database containing 
121 replicon sequences (updated on 16 March 2016) from the Center for Genomic 
Epidemiology (https//cge.cbs.dtu.dk//services/data.php). We then performed 
nucleotide BLAST (NCBI-BLAST version 2.2.28+) searches against this database (2). 
Contigs were identified as plasmids if they had a minimum identity of 80% and 
covered at least 60% of the replicon sequence, consistent with the parameters used 
to identify plasmids in bacterial whole-genome data by the authors of PlasmidFinder 
(3). Contigs in which a replicon sequence was identified were considered as 
PlasmidFinder prediction.

• cBar. We downloaded cBar version 1.2 from http://csbl.bmb.uga.edu/ ffzhou/cBar/
cBar.1.2.tar.gz and used it to categorize contigs derived by SPAdes 3.8.2. Contigs 
categorized as plasmid-derived were con-sidered as cBar prediction.

• Recycler. We downloaded Recycler (single version, date: 07-03-2016) from https://
github.com/Shamir-Lab/Recycler. The BAM file required as input by Recycler was 
created by alignment of the trimmed reads against the resulting contigs using 
Bwa 0.7.12 (4) and samtools 1.3.1 (5). Cycles reported in the assembly graph were 
considered as Recycler prediction.

• PlasmidSPAdes. We run PlasmidSPAdes (packaged in SPAdes 3.8.2) with standard 
parameters. The components reported in contigs.fasta were considered as 
PlasmidSPAdes prediction.

Measures for the evaluation

We evaluated the performance of each program regarding accuracy and completeness. 
Quast (version 4.1) (6) was used to assign each of the predicted contigs to one of the 
following three categories: Plasmid, chromosome or novel sequences fraction. Quast was 
run with the following command to map the prediction against the reference genome 
(chromosome and plasmid(s)) for each genome project:

python quast.py contigs.fasta -R all references.fasta -o quast analysis genome –min-alignment 
500 –ambiguity-usage all

Quast takes as default a minimum identity alignment (IDY%) of 95%, all the alignments 
with less than this threshold are thus discarded. A minimum alignment of 500 bp was 
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considered to assign a contig to a specific genome. We defined the argument “all” in the 
flag –ambiguity-usage to report all equally good alignments of a contig (e.g. a transposase 
present in the chromosome and in a reference plasmid). Equally good alignments are  
defined in Quast using the following definition:

’all  alignments are  sorted  by  decreasing    LENxIDY%  value.  All  alignments  with LENxIDY%  less  than 
Sxbest(LENxIDY%) are discarded. S should be between 0.8 and 1.0. The default value is 0.99.’

Accordingly, we encountered different scenarios:

1. Contigs with a single alignment to a reference sequence (most frequent). These contigs 
could be directly assigned to: Plasmid fraction (true positive result) or Chromosome 
fraction (false positive result).

2. Contigs without any significant alignment against the reference genome. These 
contigs were assigned to the fraction of novel sequences. These contigs can be the 
result of contamination during a sequencing project as it is apparent in Escherichia 
coli JJ1886 and JJ1887. But, some contigs corresponded to small plasmids not present 
in the PacBio assemblies as further elaborated in Supplementary Results and Table S3.

3. Contigs mapping to the chromosome and to a reference plasmid(s). This scenario 
could be further divided in two cases:

• Contigs with repeated sequences e.g. transposases which are present in the 
chromosome but also in a reference plasmid. In the Quast output, we observed two 
alignments (same length and score mapping) to two different sequences. In these 
cases, we assigned these contigs only to the Plasmid fraction. We considered these 
contigs only as true positive results because all the base pairs from the contig were 
present in a reference plasmid.

• Contigs containing missamblies. A missassembly corresponds to cases where 
different regions of the same contig are mapping to different locations of a reference 
genome(s). Quast defines different kind of missamblies: local missassemblies, 
relocations and translocations. Local missassemblies and relocations correspond 
to contigs where the left and right flank are mapping to different parts of the same 
reference sequence. Therefore, contigs can be assigned either to Plasmid fraction 
or Chromosome fraction because the missassembly occurs in the same reference 
sequence. For precision calculation purposes, we only decided to filter out contigs 
with a translocation event between the chromosome and a reference plasmid. This 
means, a single contig had two parts (left and rigth flanks; with a minimum alignment 
of 500 bp and passing Quast score) mapping e.g. left flank to the chromosome and 
right flank to a reference plasmid. In these cases, we could not assigne the whole 
contig to either the Plasmid fraction or the Chromosome fraction and we removed 
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these contigs to calculate precision.

Icarus (packaged in Quast 4.1) (7) was used to visualize the alignments 
between the reference genomes and the predicted sequences. 
We defined the previously introduced terms as:

• Plasmid fraction. Fraction of the prediction that matched the reference plasmids (true 
positive predic-tion).

• Chromosome fraction. Fraction of the prediction that matched the reference 
chromosome (false positive prediction). This fraction can include non-plasmid mobile 
genetic elements from the chromosome such as phages or transposable elements.

• Fraction of novel sequences. Fraction of the prediction not mapping to either the 
reference plasmid or the chromosome, thus corresponding to contigs absent from 
the reference assembly.

The programs were further evaluated using the following metrics.

• Recall was defined as the fraction of the reference plasmid(s) covered by the 
prediction. On the individual plasmid level, a recall of 1 indicates that the full sequence 
of the reference plasmid was present among the predicted plasmids. On the whole 
genome level, a recall of 1 indicates all reference plasmids were fully present among 
the predicted plasmids. However, recall does not consider whether predicted plasmid 
contigs were correctly binned.

• Precision. We defined precision as: Plasmid Fraction / (Plasmid Fraction + Chromosome 
Fraction) 

The fraction of novel sequences was ignored when calculating precision. 
Total contig length was considered to estimate recall and precision. 
For each genome project (n=42) we calculated precision and recall values. To calculate 
the overall precision and recall of PlasmidSPAdes, Recycler and PlasmidFinder we 
excluded the negative control B. cenocepacia strain 22E-1. The overall precision 
and recall of cBar was calculated considering B. cenocepacia strain 22E-1 as the 
program detected a high number of contigs corresponding to false positive results 
(Supplementary Text 1). Finally, the overall precision and recall of PlasmidFinder 
was calculated filtering out all the genome projects from gram-positive bacteria. 
Scaffold linkage of specific contigs in the PlasmidSPAdes assembly graph of a selection 
of genomes was visualized with Bandage (version 0.7.1) (8). The workflow (Figure S2) 
was written in bash and python (version 2.7) and subsequent analysis done in R (version 

0.99.982).
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Figure S1: Overview of reference plasmids. The size of the reference plasmids is shown for each bac-
terial isolate. Strains were sorted based on their total plasmid length. K. oxytoca strain CAV1374 was 
the most complex isolate with eleven plasmids ranging from 1.9 to 332.9 kbp.

Supplementary Figures
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Figure S2: Analysis Workow. Diagram representing the analysis reported in the manuscript.
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Figure S3: Bandage representation of the assembly graph generated by PlasmidSPAdes in R. sphae-
roides 2.4.1. Green contig with a length of 1.6 kbp and coverage of 536 was identied as a transposase 
by BLASTx.
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Figure S5: Recycler chromosome fraction analysis. Contigs assigned to the chromosome fraction 
were annotated by Prokka and queried against Phaster to observe phage sequences. Strains were 
sorted alphabetically (x-axis) to group genome projects belonging to the same species.

Figure S4: PlasmidSPAdes structural report. Plasmids correctly predicted by PlasmidSPAdes (recall 
>0.9) were further evaluated to assess if they were merged in a single unique bin with other refe-
rence plasmids. Only genome projects with more than one reference plasmid (n=35) have been 
considered.
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Table S1: Bacterial genomes included in this study.

Table S2: Precision and recall of each program in the genome projects considered as positive con-
trols
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Table S3: Novel sequences not present in the reference genome predicted by PlasmidSPAdes and 
Recycler.
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Abstract

Assembly of bacterial short-read whole-genome sequencing data frequently results in 
hundreds of contigs for which the origin, plasmid or chromosome, is unclear. Complete 
genomes resolved by long-read sequencing can be used to generate and label short-read 
contigs. These were used to train several popular machine learning methods to classify 
the origin of contigs from Enterococcus faecium, Klebsiella pneumoniae and Escherichia 
coli using pentamer frequencies. We selected support-vector machine (SVM) models 
as the best classifier for all three bacterial species (F1-score E. faecium=0.92, F1-score K. 
pneumoniae=0.90, F1-score E. coli=0.76), which outperformed other existing plasmid 
prediction tools using a benchmarking set of isolates. We demonstrated the scalability 
of our models by accurately predicting the plasmidome of a large collection of 1644 E. 
faecium isolates and illustrate its applicability by predicting the location of antibiotic-
resistance genes in all three species. The SVM classifiers are publicly available as an R 
package and graphical-user interface called ‘mlplasmids’. We anticipate that this tool 
may significantly facilitate research on the dissemination of plasmids encoding antibiotic 
resistance and/or contributing to host adaptation.
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Introduction

Plasmids are autonomous extra-chromosomal elements that can act as major drivers of 
variation and adaptation in bacterial populations (1, 2). Plasmids can also facilitate the 
dissemination of antimicrobial resistance via horizontal transfer of resistance genes, such 
as plasmid-derived vancomycin resistance in E. faecium or extended-spectrum β-lactamase 
in Enterobacteriaceae isolates (3–6). This means that understanding plasmid epidemiology 
is pivotal to fully understand the introduction and transmission of antimicrobial resistance 
in bacterial populations (7, 8).

Analysing the plasmid content of large collections of isolates by PCR-based techniques 
is laborious and has low resolution. Illumina sequencing platforms, which provide short 
reads (ranging from 150 to 300 bp) with low error rates, have been massively used to 
assemble bacterial draft genomes (9). However, the frequent presence of insertion-
sequences (IS) and transposable elements in bacterial genomes prohibit their full 
assembly, because these regions cannot be spanned by short-reads (7, 10). This results 
in a fragmented assembly typically consisting of hundreds of chromosomal and plasmid 
contigs that challenge the inference of the origin of these contigs.

Different tools (PlasmidFinder, cBAR, Recycler, PlasmidSPAdes, PlasFlow) have been 
proposed to automate the reconstruction of plasmids using short-read whole-genome 
sequencing (WGS) data (11–15). However, plasmid predictions are usually incomplete and 
chromosome-derived contigs are frequently present among the predicted plasmids (16). 
This may be partially overcome using tools such as PlacnetW, which allows users to define 
and solve plasmid boundaries, but limits the high-throughput analysis of short-read WGS 
data (17, 18).

Long-read WGS has emerged as a solution to obtain complete and error-free plasmid 
sequences (19, 20). Read lengths generated by these platforms allow the complete 
spanning of repeat sequences and obtaining a single contig per replicon (21, 22). Due 
to the increasing number of complete genomes available in RefSeq/National Center 
for Biotechnology Information (NCBI) databases, we explored the possibility of training 
several popular machine learning algorithms using genome signatures from single-
species assemblies. These features have been previously used in cBAR and recently in 
PlasFlow to distinguish plasmid- and chromosome-derived sequences in metagenomic 
samples.

Here, we present mlplasmids, a new tool to predict plasmidand chromosome-derived 
sequences for a selection of Gram-positive and Gram-negative bacterial species (E. 
faecium, K. pneumoniae and E. coli) with species-specific classifiers, and we show that 
mlplasmids outperforms other plasmid prediction tools for these three species. We have 
made the plasmid models available as an R package and a web-server.
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Results

Diversity of complete genome sequences

To ensure that the new classifiers were built using genome sequences from a large and 
diverse set of isolates belonging to each species, we first assessed the diversity present 
in our collections of E. faecium, K. pneumoniae and E. coli. We used Mash to sketch and 
cluster all retrieved isolates from E. faecium, K. pneumoniae and E. coli. For E. faecium, we 
defined three main clusters and observed that our set of E. faecium (n=62) extended the 
diversity present in complete genomes in the Assembly Entrez NCBI database (n=24) 
(Fig. S1). Seven isolates were part of a cluster in which we did not find NCBI complete 
genomes. Strikingly, we observed a single unique NCBI complete genome forming an 
independent cluster (GCF_000737555), corresponding to E. faecium T110, a probiotic 
strain (Fig. S1). For K. pneumoniae, we also observed and defined three main clusters from 
all complete genomes available in the Assembly Entrez NCBI database (n=156). One of 
the three clusters was only composed of three K. pneumoniae isolates (GCA_000714635, 
GCF_000019565 and GCF_002156765) and showed a Mash distance higher than 0.05 
versus isolates present in the other two major clusters (Fig. S2). For E. coli, we observed 
three major clusters of isolates present in the E. coli NCBI collection. All defined E. coli 
clusters presented a high diversity versus each other in terms of Mash distances (Fig. S3).

Pentamer frequencies differentiate between plasmid- and chromosome-derived 
sequences in single species

We investigated the applicability of genomic signatures to distinguish between plasmid- 
and chromosome-derived sequences by calculating the pentamer frequencies from 
complete chromosomal and plasmid sequences of E. faecium, K. pneumoniae and E. 
coli available in the NCBI database. We then transformed pentamer frequencies into a 
distance matrix and clustered complete sequences based on their pentamer profile. 
We observed that pentamer frequencies provided a clear separation between plasmid 
and chromosome sequences (Figs 2 and S4). However, we observed that chromosome 
sequences for each species were clustering independently, which suggested that 
pentamer frequencies differed between bacterial species. Additionally, we observed 
that plasmid sequences from E. coli and K. pneumoniae were clustering together, which 
indicates that plasmids from these two species share a high fraction of k-mers that 
might be a result of potential plasmid transmission between both species (Fig. 2). We 
concluded that pentamer frequencies could be used as classifier features to distinguish 
chromosome and plasmid sequences for single species. In addition, we decided to use 
exclusively pentamer frequencies for several reasons: (i) the optimal ratio between the 
number of objects and features (~10) to avoid overfitting problems of the plasmid models 
due to increase of model complexity, (ii) fast and robust plasmid prediction allowing the 
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possibility of distributing mlplasmids as a graphical-user interface, and (iii) they have 
been used before to distinguish plasmid sequences in metagenomic samples (12, 15). 

Performance of several popular machine-learning classifiers on single species

SVM was the machine-learning algorithm selected as best classifier for predicting 
plasmid-derived contigs in the three bacterial species. SVM performance in E. faecium 
(accuracy=0.94; F1-score=0.92) and in K. pneumoniae (accuracy=0.92; F1-score=0.90) 
was better than the other tested machine-learning models and their F1-score, and AUC 
reflected that prediction of the model was balanced for both classes (Fig. 3). In the case 
of E. coli, SVM performance (accuracy=0.95; F1-score=0.76) reflected that prediction for 
the plasmid-class was less accurate compared to the chromosome class (sensitivity=0.71) 

Figure 2. Ward hierarchical clustering of all chromosome and plasmid sequences from the Assembly 
Entrez NCBI database corresponding to E. coli, K. pneumoniae and E. faecium based on pentamer 
frequencies. Each node on the dendrogram corresponds to a either a plasmid (light blue) or chro-
mosome (pink) sequence from E. coli (dark blue), K. pneumoniae (purple) or E. faecium (green).
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Figure 3. Performance of the optimized machine-learning classifiers. Decision trees, logistic model, 
Bayesian classifier (naive Bayes), RF and SVM using our test sets for E. faecium, E. coli and K. pneu-
moniae. The statistics reported are accuracy (red), F1-score (green), precision (blue) and sensitivity 
(purple), and are indicated using contigs as a performance measure.
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(Fig. 3, Table S8). This can be explained by a lower frequency of the plasmid class (Table 
S4) present in the training set of the machine-learning classifiers compared to the training 
sets of E. faecium and K. pneumoniae or a higher diversity from isolates categorized as 
belonging to this species (Fig. S4). For the three selected SVM models, we observed that 
metrics reported were higher when considering base pairs as the unit (Table S8). This 
indicated that misclassification mostly occurred on short length contigs (<1 kbp) as shown 
for the E. faecium SVM model (Fig. S5).

For the E. faecium training and test sets, we checked the presence of chromosome-labelled 
contigs corresponding to putative integrated plasmids. We observed a low frequency of 
these contigs (n=10 contigs, frequency=0.1). We did not remove them to avoid overfitting 
problems. After predictions, we observed that the E. faecium model predicted two of 
these contigs as plasmid derived. These two contigs had a small contig length (1.47 
and 2.3 kbp). Longer contigs (n=8, mean contig length=11.16 kbp) were predicted as 
chromosome derived. We implemented E. faecium, K. pneumoniae, E. coli SVM models in a 
new R package called mlplasmids.

Benchmarking mlplasmids against existing plasmid prediction tools

We benchmarked mlplasmids against other fully automated plasmid prediction tools using 
the isolates described in Methods in the section ‘Selection of isolates for benchmarking’ 
(E. faecium=7, K. pneumoniae=11, E. coli=3). Performance of mlplasmids in E. faecium 
(F1-score=0.94, precision=0.95) was higher than cBAR (F1-score=0.53, precision=0. 46), 
PlasFlow (F1-score=0.71, precision=0.61) and PlasmidSPAdes (precision=0.61) (Figs 4 
and 5). For E. coli, mlplasmids performance was superior (F1-score=0.84, precision=0.88) 
compared to cBAR (F1-score=0.50, precision=0.4), PlasFlow (F1-score=0.58, precision=0.42) 
and PlasmidSPAdes (precision=0.6). In the case of K. pneumoniae, mlplasmids metrics 
were overall better (F1-score=0.88, precision=0.86) even though performance of PlasFlow 
(F1-score=0.82, precision=0.72) and PlasmidSPAdes (precision=0.79) was also good, 
and in the case of K. pneumoniae strain KPN555 performance was better compared to 
mlplasmids (Fig. 5).

The mean genome fraction values of mlplasmids for E. faecium (81.5 %), K. pneumoniae 
(82.3) and E. coli (83.7 %) indicated that most of the bases from the reference plasmids 
were covered in the prediction by mlplasmids, even though contigs with a contig length 
smaller than 1000 bp were filtered out (Fig. 5b). For K. pneumoniae, the overall genome 
fraction of PlasFlow (83.1) was higher than for mlplasmids, but precision (0.72) indicated 
that a fraction of chromosomal contigs was wrongly predicted as plasmid (Fig. 5a). 
We further compared mlplasmids and PlasFlow predictions showing the potential of 
mlplasmids unravelling the origin of contigs unclassified by PlasFlow (Supplementary 
Results S1, Figs. S6 and S7).
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Figure 4. Benchmarking of cBAR (red), mlplasmids (green) and PlasFlow (blue) using an indepen-
dent set of isolates (n=20). (a) Accuracy was measured in contigs and reported for all isolates in-
cluding samples considered as negative controls (E. coli K. 12, K. pneumoniae KSB1_7J, E. faecium 
E2079,  E. faecium E2364 and E. faecium E9101). (b) The F1-score was measured in contigs and only 
reported for isolates bearing plasmids (n=16).
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Our approach of training the classifiers on datasets from single species was fundamental 
to obtain a good precision. This was also reflected in mlplasmids prediction for isolates 
corresponding to negative controls. For E. coli strain K-12 and K. pneumoniae KSB1_7J, 
only a single contig (>1000 bp) was erroneously predicted as plasmid derived. We also 
observed similar very low numbers of false-positive plasmid assigned contigs for E. faecium 
E2079 (n=6) and E. faecium E9101 (n=1), and for E. faecium E2364 (n=0) all chromosome-
derived contigs were correctly predicted (Fig. 4a).

Predicting plasmids acquired by horizontal gene transfer

To assess the applicability of mlplasmids detecting plasmids acquired from related 
species, we considered all the plasmid-derived contigs described in Methods in the 
section ‘Selection of isolates for benchmarking’. For each dataset of E. coli, K. pneumoniae 
and E. faecium contigs, we predicted the origin of contigs using all three models available 
in mlplasmids. As expected, for each dataset the best model to predict chromosome- and 
plasmid-derived contigs corresponded to the mlplasmids model from the same species 
(Fig. S8). However, we recovered most of the E. coli plasmid contigs (96 %) when using 
the K. pneumoniae model and with an associated high probability of belonging to the 
plasmid class (mean=0.80) (Fig. S8c). We also observed a similar situation when predicting 
K. pneumoniae plasmid contigs with our E. coli model, in which plasmid-derived contigs 
were detected with a high probability of belonging to that class (mean=0.82) but only 57 % 
of plasmid-derived contigs were assigned to this category, which could be explained by a 
lower prevalence of plasmid contigs present during the training of the E. coli model (Fig. 
S8b). This analysis suggested that mlplasmids can correctly predict plasmid sequences 
transferred to E. coli or K. pneumoniae coming from a related bacterial species as a result 
of a horizontal gene transfer event.

However, when using the E. faecium model against the K. pneumoniae and E. coli dataset, 
we obtained a high number of false-negative contigs and plasmid-derived contigs had a 
low probability (K. pneumoniae mean=0.59; E. coli mean=0.62) of belonging to the assigned 
class (Fig. S8a). This highlighted that pentamer frequencies between chromosome- and 
plasmid-derived contigs differ between nonrelated species. Additionally, we refuted the 
possibility that all sequences predicted with a particular model, but coming from another 
bacterial species, would have been exclusively assigned to the plasmid class (Fig. S8).

Applicability for predicting sequences derived from incomplete long-read 
assemblies

To rule out misclassification of complete plasmid sequences as chromosomal due 
to a possible correlation of pentamer frequencies and contig length, we evaluated 
the performance of mlplasmids with chromosomal and plasmid sequences with 
a sequence length higher than the mean contig size used during the training of 
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Figure 5. Comparison of cBAR (red), mlplasmids (green), PlasFlow (blue) and PlasmidSPAdes (pur-
ple) using an independent set of isolates. (a) Precision was measured in contigs and reported only 
for isolates bearing plasmids (n=16). (b) Genome fraction (measured as percentage of base pairs) 
was extracted from Quast analysis for isolates bearing plasmids (n=16).
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mlplasmids classifiers. We predicted complete genome sequences from E. faecium 
(chromosomes=24; plasmids=82), K. pneumoniae (chromosomes=11; plasmids=33) and E. 
coli (chromosomes=3; plasmids=7). The observed mlplasmids performance for E. faecium 
(F1-score=0.99), K. pneumoniae (F1-score=0.98) and E. coli (F1-score=0.92) suggested that 
mlplasmids can also be used to predict these large contigs correctly. This demonstrates 
the flexibility of mlplasmids to predict sequences with different lengths compared to 
the mean contig length used to train the mlplasmids models. Consequently, mlplasmids 
may facilitate the classification of contigs generated from incomplete hybrid or long-read 
assemblies as exemplified for isolate E. faecium E7070 (Supplementary Results S2, Fig. S9).

Applicability for predicting the location of antibiotic-resistance genes

To show the potential of mlplasmids in determining whether a particular gene of interest 
is plasmid or chromosome encoded, we predicted the location of antibiotic-resistance 
genes in E. faecium, K. pneumoniae and E. coli. Firstly, we determined resistance genes in 
NCBI draft assemblies by using Abricate to screen contigs against the ResFinder database. 
Secondly, we used E. faecium, K. pneumoniae and E. coli SVM models in mlplasmids to 
determine whether these resistance genes were located in plasmid- or chromosome-
derived contigs. For each identified resistance gene, we calculated the frequency of 
finding that particular gene on a predicted plasmid- or chromosome-derived contig.

For E. faecium, we assigned a total of 1058 and 1836 genes as chromosome and plasmid 
located, respectively. We observed that most aminoglycoside-resistance genes (e.g. 
ant(6)-Ia_2) were mainly present in a plasmid context (Fig. S10). Erythromycin-resistance 
genes were preferentially present in one genomic context depending on the gene 
variant as exemplified by erm(A)_1 and erm(B)_18 (Fig. S10). As previously described, the 
vanA operons were only present in plasmid-predicted contigs (37). Furthermore, vanB 
operons were present in both plasmid and chromosomal contexts, but the frequency of 
chromosome-derived contigs was higher (0.73) (Fig. S10) (38). Validation of the prediction 
on E. faecium isolates excluded from the model training (n=7) revealed that all resistance 
genes (n=43) predicted by Abricate were correctly predicted either as plasmid or 
chromosome derived (F1- score=1.0).

For K. pneumoniae, we assigned a total of 5107 and 10 432 ResFinder hits as chromosome 
and plasmid located, respectively. Most of the antibiotic-resistance genes showed a clear 
tendency of being present in either a plasmid or chromosomal genomic context (Fig. 6). As 
described before (39), we observed some notable exceptions, such as armA or blaCTX-M-14_1, 
in which these particular resistance genes were also present in predicted chromosome-
derived contigs (Fig. S11a). We performed the same analysis on K. pneumoniae isolates 
belonging to the independent set (n=10) resulting in a total of 41 and 75 genes predicted 
as plasmid and chromosome encoded, respectively. Mlplasmids evaluation revealed that 
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Figure 6. K. pneumoniae resistome. Draft genomes available in NCBI Genomes FTP (n=1346) were 
downloaded and screened using Abricate and ResFinder for the presence of antibiotic-resistance 
genes. Each contig containing a resistance gene was predicted with mlplasmids to have plasmid or 
chromosome origin. For visualization purposes, only antibiotic-resistance genes present more than 
five times are shown.
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all predicted plasmid-encoded genes were correctly assigned (precision=1.0) and only 
five genes were misclassified as chromosome encoded (F1-score=0.96, sensitivity=0.93).

For E. coli, we assigned a total 4517 and 8085 ResFinder hits as chromosome and plasmid 
located, respectively. In contrast to K. pneumoniae, we observed that resistance genes 
were frequently identified in both plasmid and chromosomal contexts (Fig. S12). We also 
observed differences in gene location between resistance gene variants as exemplified for 
qnrS2_1, which was frequently encoded in predicted plasmid-derived contigs in contrast 
to qnrS1_1, which can be found in both genomic contexts (Fig. S11b). Interestingly, 
mcr-1_1 was found in both plasmid and chromosomal contexts in E. coli, whereas for K.  
pneumoniae this resistance gene was only identified in plasmid-derived contigs (Fig. S11). 
Chromosomal locations of mcr-1_1 for E. coli have been described before (40). We predicted 
a total of 15 resistance genes from E. coli isolates that belonged to the independent set 
(n=3). Mlplasmids performance revealed that four genes that were encoded in a single 
contig from E. coli ECO889 were wrongly predicted as chromosome-encoded, whereas 
gene assignment was flawless for Escherichia coli JJ1886 (F1-score=0.88, sensitivity=0.80). 
As observed for E. faecium and K. pneumoniae, all genes predicted as plasmid encoded 
were correctly assigned (precision=1.0).

Applicability for predicting the plasmid content of a single species

Finally, we demonstrate the utility of mlplasmids by predicting the plasmidome content 
of E. faecium. We predicted plasmid-derived sequences from a collection of 1644 Illumina-
sequenced E. faecium isolates (Table S6). Mlplasmids prediction using our R package 

Figure 7. The mlplasmids web-server interface. To facilitate the usability of mlplasmids, we develo-
ped a Shiny app, in which users can easily upload single genome assemblies and retrieve mlplas-
mids prediction. 
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took 1 624 509 s (~27 min) on a Linux laptop (Ubuntu 14.04) using a single core. Classifier 
prediction resulted in 1 94 884 contigs originating from the chromosome and 94 485 
contigs with a predicted plasmid origin in 1640 isolates. Mlplasmids did not predict any 
plasmid-derived contig in four strains, including one of our negative controls (E. faecium 
isolate E2364). The mean posterior probability of the predicted chromosome-derived 
contigs corresponded to 0.95 versus a mean posterior probability of 0.91 for plasmid-
predicted contigs (Fig. S13). This suggested a high likelihood that contigs were correctly 
assigned to each class. We filtered out contigs with a minimum posterior probability of 
0.7 of belonging either to the plasmid or chromosome class to estimate the number of 
plasmid- and chromosome-derived contigs per isolate. This resulted in mean numbers of 
~113 chromosome- and ~52 plasmid-derived contigs per isolate. The mean cumulative 
length of chromosome- and plasmid- predicted contigs was 2 619 359 and 2 40 324 bp, 
respectively, which matched with the expected E. faecium genome size.

To facilitate the usability of mlplasmids, we have developed a graphical-user interface in 
which users can upload and retrieve mlplasmids prediction of genome assemblies online 
(Fig. 7). As mlplasmids models use pentamer frequencies to predict plasmid-derived 
contigs, users can collect genome assemblies from several isolates of a single species 
in a single file, which can facilitate the analysis of a large collection. Assemblies can be 
uploaded to the web-server as tar.gz files. Users must select the species model (E. faecium, 
K. pneumoniae or E. coli) for the plasmid prediction. After uploading a genome assembly, 
results appear as tabular data in which each row corresponds to a sequence present in the 
fasta file. Additionally, results can be filtered using three options: (i) minimum sequence 
length to report prediction; (ii) minimum posterior probability for assignment of plasmid 
class; (iii) minimum posterior probability for assignment of chromosome class. Results can 
be downloaded in csv/xslx format.

Discussion

We present a set of species-specific machine-learning classifiers to classify plasmid-
derived contigs for three clinically relevant species: the Gram-positive bacterium E. 
faecium, and the Gram-negative bacteria K. pneumoniae and E. coli. We used genomic 
structure information from complete genomes to label short-read contigs as plasmid- or 
chromosome-derived, and used them to train and test five different popular machine-
learning algorithms.

Genome signatures were previously used in cBAR and more recently for PlasFlow to 
predict plasmid sequences from primarily metagenomes (12, 15). In contrast to cBAR 
and PlasFlow, we trained and benchmarked our SVM classifiers using contigs with a 
minimum length of 1 kbp. This is important to accurately predict contigs derived from 
small plasmids (length <5 kbp) or from plasmids with a high number of repeat sequences 
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(e.g. transposons), since this leads to a fragmented assembly with a lower mean contig 
length. We showed mlplasmids potential to obtain an accurate and reliable plasmidome 
prediction compared to cBAR and PlasFlow. Furthermore, mlplasmids′ precision when 
predicting contigs from isolates considered as negative controls was remarkable (Fig. 
4a). We have highlighted the potential of mlplasmids to classify the origin of contigs 
unclassified by PlasFlow. Mlplasmids also outperformed PlasmidSPAdes (Fig. 4), which 
relies on differences in coverage between plasmids and chromosome in the prediction 
of plasmid-derived contigs for single genome assemblies. Mlplasmids allows accurate 
prediction of contigs derived from large plasmids or linear plasmids without differences 
in sequencing coverage between replicons.

Mlplasmids can predict whether a particular contig is plasmid or chromosome derived. 
However, it is not possible to cluster plasmid contigs into different bins to observe 
whether predicted plasmid contigs are derived from the same replicon. Nevertheless, 
mlplasmids can be used as a basis for plasmid classification by other tools such as 
PlacnetW (18), facilitating the reconstruction of plasmid sequences in a network graph, 
or by PlasmidSPAdes filtering of chromosome-derived contigs regardless of contig 
coverage. Additionally, PlasmidFinder can be used in combination with mlplasmids to 
find replication genes present in predicted plasmid-derived contigs.

In contrast to cBAR or PlasFlow, mlplasmids is only suitable for genome assemblies from 
single species. However, we anticipate that a similar methodology can be implemented 
to create new models for predicting plasmid- and chromosome-derived contigs for other 
bacterial species with a sufficient number of diverse and complete genomes.

Material and Methods 

Retrieving complete genome sequences from the NCBI database

We downloaded complete genomes for E. faecium (chromosomes=24; plasmids=82), 
K. pneumoniae (chromosomes=156; plasmids=561) and E. coli (chromosomes=168; 
plasmids=415) from the Assembly Entrez NCBI database (https://www.ncbi.nlm.nih.gov/
assembly/) with the following criteria: (i) a status level of ‘complete genome’ and (ii) one 
or more plasmid entries in its respective genome assembly. Retrieved genomes and their 
corresponding accession numbers are available in Table S1.

Extending the number of complete genome sequences for Enterococcus faecium

Of 1644 E. faecium Illumina-sequenced (MiSeq/NextSeq) isolates, 62 isolates were 
selected based on their preliminary plasmid content using PlasmidSPAdes (version 3.8.2) 
and presence of known plasmid replication genes (1) (Supplementary Methods S1). We 
used Oxford Nanopore Technologies (ONT) MinION and hybrid assembly using Unicycler 
(version 0.4.1) in ‘bold’ mode to obtain complete genome sequences (23)
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Estimating strain diversity in our collection of complete genomes

To ensure that our training and test sets contained chromosome- and plasmid-derived 
contigs from a diverse set of isolates belonging to each species, we estimated the diversity 
present in our collection of K. pneumoniae, E. coli and E. faecium genomes with Mash 
(version 1.1) (sketch size=1000; k-mer=21) (24). Mash distances were calculated using the 
total genome content of an isolate (chromosome plus associated plasmids). Computed 
pairwise Mash distances were transformed into a distance matrix and clustered using 
the hclust function (method=‘ward.D2’) available in R package stats (version 3.3.3). 
Hierarchical clustering was visualized using the heatmap.2 function available in R package 
gplots (version 3.0.1) (25).

Simulating Illumina sequence reads

To calculate the number of paired reads required to simulate sequence read files, we used 
wgsim (version 0.3.2, https://github.com/lh3/wgsim) with 50× coverage and no error rate. 
We retrieved the genome size using bioawk (version 20110810, https://github.com/lh3/
bioawk) for each selected complete genome of K. pneumoniae and E. coli.

Assembling Illumina sequence reads

Simulated sequence reads of K. pneumoniae and E. coli were trimmed using seqtk (version 
1.2-r94, https://github.com/lh3/seqtk) with the command ‘–trimfq’. We used SPAdes 
(version 3.6.2) to perform de novo assembly (26). Contigs with a length smaller than 500 bp 
were excluded.

E. faecium Illumina NextSeq reads were trimmed using nesoni clip, part of the nesoni 
toolkit (version 0.132), with the following settings: ‘–adaptor-clip yes –match 10 –max-
errors 1 –clip-ambiguous yes –quality 10 –length 90 –trim-start 0 –trim-end 0 –gzip no 
–out-separate yes pairs’. Trimmed reads were then assembled into contigs using SPAdes 
(version 3.5.0) with default settings. Contigs with a mean coverage lower than 10× and/or 
a length smaller than 500 bp were removed from the assemblies.

Labelling short-read contigs as chromosome or plasmid derived

To label contigs as either plasmid or chromosome derived, SPAdes contigs were mapped 
using bwa-mem (version 0.7.15-r1140) against complete chromosomal and plasmid 
sequences (27). Contig alignments were parsed using samtools (version 1.4). This approach 
allowed to label each SPAdes contig either as plasmid or chromosome derived. SPAdes 
contigs mapping both to complete chromosomal and plasmid sequences or with a length 
shorter than 1000 bp were discarded.

Genomic signatures as features to distinguish plasmid and chromosome sequences

To investigate the role of pentamer frequencies as classifier features to differentiate 
between plasmid and chromosomal sequences, we retrieved the Assembly Entrez NCBI 
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complete genomes available for E. faecium, K. pneumoniae and E. coli (as previously 
described in Methods in the section ‘Retrieving complete genome sequences from the 
NCBI database’). We calculated their pentamer frequencies using the R package biostrings 
(version 2.42.1) (28) and transformed them into a distance matrix (Euclidean distance). 
We clustered the resulting matrix using the hclust function (method=‘ward.D2’) from R 
package stats (version 3.3.3). Hierarchical clustering was visualized using the heatmap.
plus function available in R package heatmap.plus (version 1.3). Additionally, we used 
the t-distributed stochastic neighbour embedding (t-SNE) (theta=0.5, iterations=1000, 
dims=2, is_distance=TRUE) using the implementation provided in the R package Rtsne 
(version 0.13) (29).

Selection of isolates for benchmarking

We excluded a set of isolates from the training set consisting of contigs derived from 
isolates of K. pneumoniae (chromosomes=11; plasmids=33), E. coli (chromosomes=3; 
plasmids=7) and E. faecium (chromosomes=7; plasmids=31) for which original Illumina 
sequencing data and complete genomes were available. Twelve of these isolates were 
also used in a recent benchmarking publication of plasmid prediction tools (16) (Table S2). 
From the benchmarking set of isolates, E. coli strain K-12 substrain MG1655, K. pneumoniae 
KSB1_7 and E. faecium E2079, E2364 and E9101 did not contain any plasmids and were 
considered as negative controls. None of these data was used to train E. faecium, K. 
pneumoniae and E. coli mlplasmids models.

Building a machine-learning model

For each bacterial species, we tuned and compared five different supervised algorithms 
provided in mlr R package (version 2.11): logistic regression, Bayesian classifier, decision 
trees, random forest (RF) and support-vector machine (SVM) (30–32). We defined a 
two-class classification problem using the category ‘plasmid’ as positive-class. To train 
and test the resulting classifiers, we considered pentamer frequencies (n=1024) that 
were calculated using the oligonucleotideFrequency function available in R package 
biostrings (version 2.42.1). The mlr package was used to split SPAdes-labelled contigs into 
training (80 %) and test sets (20 %), preserving the frequencies of each class in both sets 
(Supplementary Methods S2 and Table S6).

For E. faecium training and test sets, we checked the presence of chromosome-labelled 
contigs corresponding to plasmid sequences and integrated into the chromosome 
using blastp (version 2.6.0+) (>60 % coverage, >80 % identity, E-value=1×10−5) against 
a curated database of known enterococcal plasmid replication sequences (33). Decision 
trees, RF and SVMs hyperparameters were optimized using random search in a predefined 
search space (Table S5). We performed 10-fold cross-validation to assess the quality of 
hyperparameters combination, using error rate as a performance measure, except for E. 
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coli models in which the true-positive rate was considered to overcome a lower plasmid 
frequency. For each object, posterior probabilities were generated and the class with a 
highest posterior probability was assigned.

Optimized classifiers were compared for the test set through receiver operating 
characteristic (ROC) curves. For each classifier, area under the curve (AUC) and precision-
recall curves were calculated to compare resulting classifiers based on different true-
positive and false-positive thresholds (from 0 to 1). Metrics were assessed using two 
different units: number of contigs and sequence size in base pairs. The F1-score was 
reported to obtain a harmonic mean between specificity and sensitivity. Definitions of the 
statistics reported in this study are reported below.

An overview of the method followed to build the resulting classifiers is shown in Fig. 1.

For each bacterial species, we selected the best model based on the resulting F1-score to 
predict plasmid- and chromosome-derived sequences. We implemented them in a new 
R package called mlplasmids available at https://gitlab.com/sirarredondo/mlplasmids 
under GNU General Public License v3.0. We also developed a Shiny app, available at https://
sarredondo.shinyapps.io/mlplasmids/ to enable plasmid prediction with a graphical user 
interface (34).

Comparison of mlplasmids against other plasmid prediction tools

We evaluated the performance of mlplasmids against PlasFlow (version 1.0), 
PlasmidSPAdes (version 3.8.2) and cBar (version 1.2). We considered contigs derived from 
the isolates described in Methods in the section ‘Selection of isolates for benchmarking’ for 
which short-read sequencing data and complete genomes were available to validate the 
presented plasmid prediction tools. cBAR was run using default parameters. PlasFlow was 
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run using standard and recommended parameters corresponding to a minimum posterior 
probability of 0.7 and minimum contig length of 1000 bp. Contigs with a lower probability 
were catalogued as ‘unclassified’ by PlasFlow and were excluded from this comparison. 
PlasmidSPAdes (version 3.8.2) generates its own assembly and the resulting contigs were 
labelled as true- or false-positive results following the methodology described in Methods 
in the section ‘Labelling short-read contigs as chromosome or plasmid derived’. For all the 
tools, we filtered out contigs with a length shorter than 1000 bp.

We benchmarked these plasmid prediction tools using: accuracy, F1-score, and precision. 
PlasmidSPAdes does not predict chromosome-derived contigs; thus, we could not directly 
calculate its accuracy and F1-score. To overcome this, we used Quast (version 4.1) to map 
plasmid-predicted contigs against their respective complete plasmid sequences (35). We 
then retrieved the reported ‘genome fraction’ in Quast, which is defined as the percentage 
of aligned bases from the reference genome covered by contigs predicted as plasmid 
derived. This allowed us to obtain an estimation of PlasmidSPAdes’ sensitivity (35).

Validating mlplasmids against complete plasmid sequences

To observe the performance of the resulting classifiers in sequences larger than the mean 
contig length present in our training and test sets, we used K. pneumoniae (n=11) and E. 
coli (n=3) complete genomes described in Methods in the section ‘Selection of isolates for 
benchmarking’ to observe mlplasmids performance predicting complete chromosomal 
and plasmid sequences. In addition, we downloaded complete genomes of E. faecium 
from the Assembly Entrez NCBI database (n=24) that were not included in the training set 
(Table S1).

Predicting the location of antibiotic-resistance genes

All assemblies of E. faecium (n=369), K. pneumoniae (n=1346) and E. coli (n=5234) with 
an assembly level corresponding to ‘contig’ were downloaded from NCBI Genomes FTP 
(ftp.ncbi.nlm.nih.gov/genomes/). For each downloaded draft assembly, we used Abricate 
(version 0.8.2) (https://github.com/tseemann/abricate) to screen contigs against the 
ResFinder database (release from 18th May 2016) (36) to determine the presence of 
antimicrobial-resistance genes. Abricate was run using a minimum DNA identity of 95 % 
and a minimum coverage of 80 %. To assign a particular contig as plasmid- or chromosome-
derived, we used E. faecium, K. pneumoniae and E. coli SVM models in mlplasmids specifying 
a minimum posterior probability of 0.7 and a minimum contig length of 1000 bp (Table 
S3).

To validate mlplasmids’ potential to predict the genomic context of a particular antibiotic-
resistance gene, we used the isolates described in Methods in the section ‘Selection of 
isolates for benchmarking’. We used mlplasmids on a contig level to assign whether a 
particular resistance gene was present on a plasmid or chromosome context. We used 
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Figure 1. Workflow to create the plasmid models for Enterococcus faecium, Klebsiella pneumoniae 
and Escherichia coli. (a) For E. faecium, 62 Illumina-sequenced strains were selected for ONT sequen-
cing and Unicycler was used to extend the number of complete genomes available for this species. 
For E. coli and K. pneumoniae, we downloaded complete genomes with plasmids associated from 
the Assembly Entrez NCBI database. (b) For E. coli and K. pneumoniae, we simulated reads with 50 co-
verage and no error rate using wgsim. (c) Illumina simulated and non-simulated reads were de novo 
assembled using SPAdes. (d) We mapped short-read contigs against complete genome sequences 
to define a reliable dataset of short-read contigs as plasmid or chromosome derived. (e) For each 
bacterial species, five machine-learning classifiers were trained (10-fold cross-validation) and com-
pared using a specific bacterial species training and test set. (f ) SVM models were implemented in 
mlplasmids and used to predict plasmid- and chromosome-derived sequences in isolates with only 
short-read WGS data available. The complete workflow is available from 
https://gitlab.com/sirarredondo/analysis_mlplasmids.

NextSeq
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identical metrics, introduced in Methods in the section ‘Building a machine-learning 
model’, to determine performance metrics but considering genes as units.

Predicting the plasmidome content of Enterococcus faecium

We used the E. faecium optimized model to predict plasmid- and chromosome-derived 
contigs from the collection of 1644 E. faecium Illumina-sequenced (MiSeq/NextSeq) 
isolates (Table S6). We filtered out contigs with a length shorter than 500 bp and a 
minimum posterior probability of 0.7 to assign contigs either as plasmid or chromosome 
derived using the class with a highest posterior probability. SPAdes assembly statistics 
from this collection are shown in Table S7.

Data overview

To facilitate the comprehension and reproducibility of the analysis, we summarized in 
Supplementary Methods S3 the different sequencing and assembly files used in each of 
the sections previously described in Methods.
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Supplementary Results
Comparison of mlplasmids against other plasmid prediction tools (S1)

Only with the purpose of comparing mlplasmids and plasflow prediction, we created an 
artificial and third category for mlplasmids named ‘unclassified’ in which we included all 
contigs first assigned as plasmid- or chromosome-derived but with a posterior probabili-
ty lower than 0.7. We only defined a mlplasmids ‘unclassified’ category for this particular 
analysis, since mlplasmids prediction only consists of two classes: plasmid or chromoso-
me, and users can decide whether filter out predicted contigs based on their associated 
posterior probabilities.

For the three single species datasets, the frequency of this category was lower for mlplas-
mids (E. faecium = 0.03 ; K. pneumoniae = 0.10 ; E. coli = 0.05) compared to PlasFlow (E. 
faecium = 0.16; K. pneumoniae = 0.17 ; E. coli = 0.21) (Fig. S6). These results showed that 
most of predicted contigs had an associated high posterior probability of belonging to 
either plasmid- or chromosome-class with mlplasmids compared to PlasFlow. To show 
the potential of mlplasmids predicting unclassified contigs from PlasFlow, we considered 
unclassified contigs by plasflow and observed the posterior probabilities given by mlplas-
mids. For E. faecium and K. pneumoniae datasets, we observed that unclassified contigs 
from PlasFlow derived from the chromosome-class and plasmid-class were mostly cor-
rectly predicted by mlplasmids (Fig. S7a and S7b). For E. coli, unclassified contigs from the 
plasmid-class showed a non-uniform distribution whereas contigs from the chromoso-
me-class were in general correctly predicted (Fig. S7c).
Applicability for predicting sequences derived from incomplete long-read assem-
blies (S2)

For all bacterial species, mlplasmids did not recover any false positive sequences (Speci-
ficity = 1). For E. coli, only a single plasmid sequence (NC_022662.1) was wrongly predic-
ted as chromosome- derived but with a low posterior probability associated to that class 
(0.53). In the case of K. pneumoniae, mlplasmids misclassified a plasmid sequence with a 
length of 26.45 kbp (NZ_CP015133.1) from K. pneumoniae strain KPN555. For E. faecium 
two sequences were misclassified as chromosomal (NZ_LT598665.1 and NZ_CP019991.1) 
and the last sequence (NZ_CP019991.1) could correspond to a phage since its NCBI anno-
tation showed two phage-related genes. This demonstrates the flexibility of mlplasmids 
to predict sequences with different lengths compared to average contig length used to 
train and test resulting classifiers and discarded misclassifications due to a correlation 
between pentamer frequencies and contig length. This may facilitate the classification 
of contigs generated from incomplete hybrid or long-read assemblies as exemplified for 
isolate E. faecium E7070. This isolate was selected for ONT sequencing and after hybrid 
assembly, 16 contigs were reported. Contigs predicted as plasmid by mlplasmids (n = 6) 
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contained circularization signatures whereas the rest of the contigs (n = 10) were predic-
ted as chromosome-derived (Fig. S9). This facilitated the design of appropriate PCR reacti-
ons to complete the genome sequence for E7070.

Supplementary Methods 

Extending the number of complete genome sequences for E. faecium (S1)

Illumina sequencing

Bacterial isolates were grown overnight (O/N) at 37°C on blood agar plates. Single colo-
nies were picked up and grown O/N at 37°C with Brain Heart Infusion (BHI). Bacterial cell 
pellets were pretreated and incubated 1-4 hours with 180 µL of enzymatic lysis buffer. 
Subsequently, 0.75 mg proteinase K were added and incubated at 56°C until lysis comple-
tion. 20 µL of RNAse A (10mg/mL) were added and incubated for 5’ at room-temperature 
(RT). Total DNA purification was performed using and following the protocol from Nu-
cleoSpin 96 Tissue Core Kit (Machery-Nagel), vacuum processing. DNA concentration was 
measured using Quant-it Picogreen (Thermo Fisher Scientific). Library preparation was 
carried out following Nextera DNA Library Prep Reference Guide. Finally, Nextera libraries 
were sequenced using Illumina NextSeq at USEQ, Utrecht, The Netherlands (http://www.
useq.nl).

WGS short-read assemblies

Illumina reads were trimmed using nesoni clip, part of the nesoni toolkit (version 0.132), 
with the following settings: ‘--adaptor-clip yes --match 10 --max-errors 1 --clip-ambiguous 
yes --quality 10 -- length 90 --trim-start 0 --trim-end 0 --gzip no --out-separate yes pairs:’. 
Trimmed reads were then assembled into scaffolds using SPAdes (version 3.5.0) with de-
fault settings. Scaffolds with an average coverage lower than 10 and/or a length smaller 
than 500bp were removed from the assemblies.

Isolate selection for ONT sequencing

A fraction (n=60) of the total number of isolates (n=1,644) was selected for long-read se-
quencing  with ONT. The plasmid content of the isolates in silico were estimated using  
PlasmidSPAdes (version 3.8.2) (1). Prokka (version 1.12) was used to annotate the putati-
ve plasmid contigs using the Enterococcus database included in Prokka (2). Orthologous 
clustered genes were estimated using Roary (version 3.8), splitting paralogues and defi-
ning a threshold of 95% amino-acid level similarity to cluster protein sequences (3). This 
multi-dimensionality matrix was then reduced and visualized to two dimensions using 
the t-Distributed Stochastic Neighbor Embedding (t-SNE) (theta = 0.5, iterations = 1000, 
dims = 2) using the implementation provided in the R (version 3.3.3) package Rtsne (ver-
sion 0.13) (4, 5). k-means (iter.max = 1000) provided in the R package stats was used to al-
locate 50 centroids into the dimensionality reduced distribution given by tSNE. Euclidean 
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distance of each isolate was calculated to extract the 50 isolates closest to each centroid.

To cover all plasmid replication genes not present in the first selection, 12 additional iso-
lates were selected for ONT sequencing. This second selection was based on a reciprocal 
blast of the predicted plasmid orthologous genes against 76 previously described plas-
mid replication amino-acid sequences from the genus Enterococcus (6). Reciprocal blast 
allowed to identify miss-annotated genes corresponding to plasmid replication sequen-
ces. Isolates bearing plasmid replication genes not present in the first selection were sor-
ted and selected based on highest number of orthologous genes.

ONT sequencing

E. faecium selected isolates were grown O/N at 37°C on blood agar plates, then single co-
lonies were picked up and grown with BHI at 37°C. Genomic DNA was extracted using the 
Wizard Genomic DNA purification kit (Promega) following manufacturer’s instructions. 
Isolated DNA was sheared (4000 rpm, 2x120 seconds) using G-tubes (Covaris). Library pre-
paration was performed using Ligation Sequencing Kit 1D (SQK-LSK108) with the Native 
Barcoding Kit 1D (EXP-NBD103). Genomic libraries were loaded onto R9.4 (FLO-MIN106) 
flowcells using the MinION device (Mk2). Libraries were basecalled using Metrichor work-
flows (Run 1 ,2, 3), Albacore 1.01 (Run 4, 5) and Albacore 1.1.0 (Run 6). ONT Sequencing 
and basecalling were conducted at USEQ, Utrecht, The Netherlands (http://www.useq.nl)

ONT reads and hybrid assembly

Fastq files were obtained from base-called data using Poretools (version 0.6.0) except 
for Run6 in which fastq files were retrieved using Albacore (version 1.1.0). Distribution of 
read length and total number of reads were calculated using Bioawk (version 20110810, 
https://github.com/lh3/bioawk). We used Porechop (version 0.2.1, https://github.com/rr-
wick/Porechop) to trim reads and filter out chimeras from different bins specifying the 
flag “--discard_middle”. Illumina reads were trimmed using seqtk (version 1.2-r94, https://
github.com/lh3/seqtk) with the command “--trimfq” prior to assembly.

Hybrid assembly was performed using Unicycler (version 0.4.1), specifying “bold” mode 
(7). Briefly, Unicycler uses SPAdes (version 3.6.2) to create different assembly graphs based 
on different k-mer size only considering Illumina reads (8). The best assembly graph was 
selected by Unicycler based on number of dead-ends and contiguity. Next, all ONT reads 
were used to scaffold and solve the assembly graph. Additionally, we specified the same 
file as described above (Isolate selection for ONT sequencing) containing 76 known plas-
mid replication sequences to rotate and change the 0- coordinate of replicons resulting 
from hybrid assembly (6). Finally, Unicycler conducted several rounds of Pilon (version 
1.22) to polish genome sequences using Illumina reads (9).
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Categorization of Unicycler contigs

Unicycler contigs were labeled either as chromosome or plasmids based on size and circu-
larity. Contigs were categorized as chromosome if they were larger than 350 kbp, regard-
less of circularity.

However, only contigs were categorized as plasmids if they were circular and smaller than 
350 kbp. Putative plasmids smaller than 350 kbp and lacking circularization signatures 
were not categorized. Draft annotation (Prokka - version 1.12) of plasmid sequences allo-
wed to identify and discard four putative complete phage sequences present as circular 
contigs.

Building a machine-learning model (S2)

For each bacterial species, we tuned and compared five different supervised algorithms 
provided in mlr R package (version 2.11): logistic regression, Bayesian classifier, decision 
trees, random forest (RF) and support-vector machine (SVM) (10). We defined a two-class 
classification problem using the category ‘plasmid’ as positive-class. To train and test the 
resulting classifiers we considered pentamer frequencies (n=1024) which were calcula-
ted using oligonucleotideFrequency function available in R package biostrings (version 
2.42.1). Mlr package was used to split SPAdes labeled contigs into training (80%) and test 
set (20%), preserving the frequencies of each class in both sets (Supplementary Table S4).

Decision trees, random forest and support-vector machines hyperparameters were opti-
mized using random search in a predefined search space (Supplementary Table S5). We 
performed 10-fold cross- validation to assess the quality of hyperparameters combinati-
on, using error rate as performance measure. For each object, posterior probabilities were 
generated and the class with a highest posterior probability was assigned.

Datasets (S3)

In this study, we used Illumina NextSeq/MiSeq data for 1,644 E. faecium isolates that are 
available under the ENA project PRJEB28495. A fraction (n = 62) of these 1,644 E. faecium 
isolates was completed using ONT MinION reads which are publicly available under the 
figshare projects: 10.6084/m9.figshare.7046804 ; 10.6084/m9.figshare.7047686

From these 62 ONT isolates, 5 were not used to label short-read contigs to train and test 
mlplasmids models. These 5 isolates (E2079, E2364, E4457, E7591, E8172 and E9101) were 
used to benchmark E. faecium mlplasmids models against other plasmid tools. A complete 
overview of the different datasets used in this study is available at Supplementary Table 
S6.
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Supplementary Figures 

Figure S1. Ward hierarchical clustering of computed pairwise mash distances (k = 21 ; s = 1,000) from 
E. faecium isolates. Based on dendrogram branch lengths, we defined three clusters (black, blue and 
grey) and visualized mash distances using heatmap based on their genome content similarity. At 
the bottom y-axis, we coloured in red E. faecium isolates (n = 60) that were selected and comple-
ted using ONT sequencing and Illumina sequencing. Rest of the isolates corresponded to publicly 
available NCBI complete genomes from E.faecium (n = 24). 
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Figure S2. Ward hierarchical clustering of computed pairwise mash distances (k = 21 ; s = 1,000) 
from K. pneumoniae isolates retrieved from Assembly Entrez NCBI database (n = 156). Based on den-
drogram branch lengths, we defined three clusters of isolates (blue, grey and black) and visualized 
mash distances using heatmap to group isolates based on their genome content similarity. 



-80-

Chapter 3

Figure S3. Ward hierarchical clustering of computed pairwise mash distances (k = 21 ; s = 1,000) 
from E. coli isolates retrieved from Assembly Entrez NCBI database (n = 168). Based on dendrogram 
branch lengths, we defined three clusters of isolates (grey, black and blue) and visualized mash dis-
tances using heatmap to group isolates based on their genome content similarity. 
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Figure S4. t-sne clustering of all chromosome and plasmid sequences from Assembly Entrez NCBI 
database corresponding to E. coli, K. pneumoniae and E. faecium based on pentamer frequencies. 
Each point in the graph corresponds to a different type replicon: E. coli chromosome (red), E. coli 
plasmid (yellow), K. pneumoniae chromosome (dark blue), K. pneumoniae plasmid (pink), E. faecium 
chromosome (green) and E. faecium plasmid (light blue).

Figure S5. Distribution of correct- and miss- classified short-reads contigs for: Logistic Model, Baye-
sian Classifier (Naive Bayes), Decision trees, Random Forest, and Support-Vector Machine (SVM). Ex-
cept for the Bayesian classifier, misclassification most notably occured in contigs with short length. 
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Figure S6. Categorizing the prediction of mlplasmids and plasflow for E. faecium (a), K. pneumoniae 
(b) and E. coli (c) contigs belonging to our validation sets. We used a minimum posterior probability 
of 0.7 to assign a contig either to the chromosome- or plasmid-class and with a minimum length of 
1,000 bp. Rest of the contigs were included in the category ‘unclassified’.
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Figure S7. Unraveling the origin of contigs unclassified by plasflow using mlplasmids. E. faecium 
contigs (a), K. pneumoniae (b) and E. coli (c) which were predicted as ‘unclassified’ by plasflow were 
interrogated using mlplasmids. Each predicted contig was grouped into chromosome- or and 
plasmid-derived (x-axis), coloured based on prediction evaluation and associated probability plas-
mid-class (y-axis) represented.

0.00

0.25

0.50

0.75

1.00

Chromosome Plasmid

P
ro

ba
bi

lit
y 

P
la

sm
id

 C
la

ss
Evaluation

False_negative
False_positive
True_negative
True_positive

a

0.00

0.25

0.50

0.75

1.00

Chromosome Plasmid

P
ro

ba
bi

lit
y 

P
la

sm
id

 C
la

ss

Evaluation
False_negative
False_positive
True_negative
True_positive

b

0.00

0.25

0.50

0.75

Chromosome Plasmid

P
ro

ba
bi

lit
y 

P
la

sm
id

 C
la

ss

Evaluation
False_negative
False_positive
True_negative
True_positive

c



-84-

Chapter 3

Figure S8. Estimating mlplasmids potential to predict plasmid sequences transferred by HGT events. 
We used all the three species models available in mlplasmids to predict contigs belonging to E. fae-
cium (a), K. pneumoniae (b) and E. coli (c) validation sets. Each plasmid-derived contig was coloured 
as false-negative (orange) or true-positive (green) based on evaluation of mlplasmids prediction.
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Figure S9. mlplasmids applicability to predict contigs derived from incomplete hybrid or long-read 
assemblies. Bandage visualization of the hybrid assembly obtained for the E. faecium isolate E7070. 
For this isolate, hybrid assembly using Unicycler did not result in a complete assembly (chromo-
some and plasmids in single and circular components). Resulting contigs were labeled based on 
mlplasmids prediction.
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Figure S10. Enterococcus faecium resistome. Draft genomes available in NCBI Genomes FTP ( n = 
369) were downloaded and screened using Abricate and ResFinder for the presence of antibiotic re-
sistance genes. Each contig containing a resistance gene was predicted with mlplasmids to predict 
plasmid- or chromosome-origin. For visualization purposes, only antibiotic resistance genes present 
more than five times are shown.
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Figure S11. Highlighted genes for Klebsiella pneumoniae (panel A) and Escherichia coli (panel B).
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Figure S12. Escherichia coli resistome. Draft genomes available in NCBI Genomes FTP (n = 5,234) 
were downloaded and screened using Abricate and ResFinder for the presence of antibiotic resi-
stance genes. Each contig containing a resistance gene was predicted with mlplasmids to predict 
plasmid- or chromosome-origin. For visualization purposes, only antibiotic resistance genes present 
more than five times are shown.
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Figure S13. Predicting the plasmidome content of E. faecium isolates (n = 1,644). Posterior probabi-
lities of short-read contigs (n= 289,369) of belonging to chromosome- or plasmid-class using our 
optimized mlplasmids E. faecium model for our collection of 1,644 Illumina sequenced E. faecium 
isolates.
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Supplementary Tables
Supplementary Tables S1, S2 and S3 are available at 
https://doi.org/10.1099/mgen.0.000224

Supplementary Table S4. Description of the training and test sets used for each bacterial species. 
For each dataset (training or test), the number of objects (SPAdes contigs) and number of features 
(5-mer combinations) are indicated.

Bacterial species Set Number of 
objects

Number of fe-
atures

P r e v a l e n c e 
plasmid-class

P r e v a l e n c e 
chrm-class

E. faecium Training 
set

8336 1024 0.33 0.67

E. faecium Test set 2085 1024 0.34 0.66

K. pneumoniae Training 
set

10051 1024 0.38 0.62

K. pneumoniae Test set 2513 1024 0.37 0.67

E. coli Training 
set

10061 1024 0.12 0.88

E. coli Test set 2651 1024 0.14 0.86

Supplementary Table S5. Hyperparameters optimized for decision trees, random forest, and support 
vector machine. 

Classifier Hyperparameter Search space (min-max value)

Decision trees minsplit 10-50

Decision trees minbucket 5-50

Decision trees cp 0.001-0.2

Random Forest ntree 50-1000

Random Forest mtry 3-10

Random Forest nodesize 10-50

Support-vector machine C (-10)/10

Support-vector machine sigma (-10)/10
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Supplementary Table S6.Sequencing/Assembly data used in this study.

Bacterial spe-
cies

Analysis Dataset Availability

E. faecium Labeling short-read 
contigs as chromoso-
me- or plasmid- deri-
ved

Newly generated E. 
faecium genomes (n 
= 55)

Illumina NextSeq/Miseq reads: 
ENA Project : PRJEB28495

ONT MinION reads: figshare 
projects:
1 0 . 6 0 8 4 / m 9 . f i g s h a -
re.704680410
.6084/m9.figshare.7047686

E. faecium Benchmarking against 
other plasmid tools

Newly generated E. 
faecium genomes (n 
= 7)

Illumina NextSeq/Miseq reads; 
ENA Project : PRJEB28495

ONT MinION reads; figshare 
projects:
10.6084/m9.figshare.7046804 
10.6084/m9.figshare.7047686

E. faecium Prediction of the plas-
midome content

Newly generated 
1,644 E. faecium ge-
nomes

Illumina NextSeq/Miseq reads; 
ENA Project : PRJEB28495

E. faecium Validating mlplasmids 
against complete ge-
nome sequences

Suppl. Table S1 Publicly available NCBI ge-
nomes

E. faecium Predicting the locati-
on of AMR genes

Suppl. Table S3 Publicly available NCBI ge-
nomes

K. pneumo-
niae and E. 
coli

Labeling short-read 
contigs as chromoso-
me- or plasmid- deri-
ved

Suppl. Table S1 Publicly available NCBI ge-
nomes

K. pneumo-
niae and E. 
coli

Benchmarking against 
other plasmid tools

Suppl. Table S2 Publicly available NCBI ge-
nomes

K. pneumo-
niae and E. 
coli

Predicting the locati-
on of AMR genes

Suppl. Table S3 Publicly available NCBI ge-
nomes
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Supplementary Table S7. SPAdes assembly statistics using Illumina MiSeq/NextSeq.

Technology No. of 
isolates

Mean 
coverage

Mean N50 Mean con-
tig length

Median con-
tig length

Avg. no. of 
contigs

Illumina 
MiSeq

63 98X 54616 bp 21531 bp 6898 bp 169.1

Illumina 
NextSeq

1581 113X 52256 bp 17989 bp 5356 bp 176.3
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Abstract

Enterococcus faecium  is a gut commensal of humans and animals but is also listed on 
the WHO global priority list of multidrug-resistant pathogens. Many of its antibiotic resi-
stance traits reside on plasmids and have the potential to be disseminated by horizontal 
gene transfer. Here, we present the first comprehensive population-wide analysis of the 
pan-plasmidome of a clinically important bacterium, by whole-genome sequence ana-
lysis of 1,644 isolates from hospital, commensal, and animal sources of E. faecium. Long-
read sequencing on a selection of isolates resulted in the completion of 305 plasmids that 
exhibited high levels of sequence modularity. We further investigated the entirety of all 
plasmids of each isolate (plasmidome) using a combination of short-read sequencing and 
machine-learning classifiers. Clustering of the plasmid sequences unraveled different E. 
faecium populations with a clear association with hospitalized patient isolates,  sugge-
sting  different optimal configurations of plasmids in the hospital environment. The cha-
racterization of these populations allowed us to identify common mechanisms of plasmid 
stabilization such as toxin-antitoxin systems and genes exclusively present in particular 
plasmidome populations exemplified by copper resistance, phosphotransferase systems,   
or bacteriocin genes potentially involved in niche adaptation. Based on the distribution of 
k-mer distances between isolates, we concluded that  plasmidomes rather  than chromo-
somes are most informative for source specificity of E. faecium.
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Introduction

Enterococcus faecium ranks among the most frequent causative agents of hospital- acqui-
red infections, specifically, central-line associated bloodstream infections (1). The burden 
of disease due to E. faecium is augmented by the fact that E. faecium has acquired resistan-
ce against almost all available antibiotics, most notably, against ampicillin, gentamicin, 
and vancomycin and less frequently against the more recently introduced antibiotics li-
nezolid, daptomycin, and tigecycline (2). Antibiotic resistance, including vancomycin resi-
stance, is not a feature exclusively found among hospitalized patient isolates, as E. faecium 
isolates from farm animals also contain these resistance traits (3).

Previous whole-genome sequencing (WGS)-based studies split the E. faecium population 
into two lineages corresponding to a hospital-associated clade (clade A) and a communi-
ty-associated clade (clade B) (4, 5). Subsequently, clade A was first subdivided into clade 
A1, mainly represented by clinical isolates, and clade A2, with a majority of animal isolates 
(6). Recent reports indicated that animal isolates do not form a monophyletic subclade 
and no longer support the split of clade A isolates into two single subclades (2, 7).

Plasmids can act as vehicles for the transmission of virulence and antimicrobial resistance 
genes (8). Several mechanisms of plasmid-mediated resistance have been described in 
E. faecium (9, 10), including glycopeptide resistance caused by the presence of vanA and 
vanB gene clusters (Tn1546 and Tn1549, respectively), aminoglycoside resistance caused 
by the presence of aac(6=)-Ie-aph(2 ) gene (Tn5281), tetracycline resistance  mediated  by  
tet(M),  linezolid  resistance  due  to  the  presence  of  cfr, cfr(B), optrA,  and  poxtA,  or  qui-
nupristin-dalfopristin  resistance  due  to  plasmids  harboring vat(D) and vat(E).

Enterococcal plasmids have been conventionally grouped in four main family  groups (Re-
pA_N, Inc18, RCR, and Rep_3) based on their sequence homology against known repli-
cation initiator proteins (RIP) (11). The presence of conjugation systems and mobilization 
systems in enterococcal plasmids suggests that horizontal gene transfer (HGT) may act 
as a major source of DNA mobility between E. faecium hosts (11).  Previous attempts to 
investigate the mobilome and HGT in E. faecium have been restricted to microarray-based 
studies using custom-designed probes (12).

In this study, we sequenced the genomes of 1,644 clade A isolates from human (hospitali-
zed patients and nonhospitalized persons) and animal (pet, farm, and wild animals) sour-
ces using short-read sequencing technology. We elucidated complete plasmid sequences 
from a representative subset of 62 isolates by long-read sequencing, resulting in 305 com-
plete plasmids. Furthermore, we used a recently developed machine-learning classifier 
(mlplasmids) to predict the plasmidome of E. faecium isolates with only short-read se-
quencing data (13). Using this novel genomic tool, we accurately predicted and defined 
the plasmidome of all isolates that were sequenced  as part of this study, which allowed 
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the study of the population pan-plasmidome of E. faecium in terms of plasmid k-mers and 
gene diversity in the clade A isolates. Our analysis shows that the plasmidome rather than 
the chromosome of E. faecium is most informative for understanding niche adaptation.

Results

Core gene phylogeny confirms distinct clustering of hospitalized patient isolates

To determine the core genome variability of clade A E. faecium isolates, we constructed 
a core gene alignment for 1,644 isolates of E. faecium clade A. This alignment was filtered 
for recombination, and the remaining variable sites were analyzed to classify the 1,644 
isolates into (85) sequence clusters (SCs) using hierBAPS (postBNGBAPS.2 group) (see 
Data Set S1 in the supplemental material). In total, 955 genes (orthologous groups) were 
used to reconstruct the population phylogeny of our E. faecium collection (Fig. 1A) (htt-
ps://microreact.org/project/BJKGTJPTQ).

In accordance with previous E. faecium population studies, we split the 1,644 E. faecium 
isolates into clade A1 and non-clade A1 isolates (Fig. 1). Hospitalized patient isolates 
(1,142) were mostly designated clade A1 (1,098; 96%), representing the most frequent 
source in this clade (1,098/1,227 [89%]). We also identified clade A1 isolates in nonhospi-
talized persons (18) and pets (102) (Fig. 1B). Furthermore, pet isolates represented the big-
gest nonhospital source (78%) present in clade A1 (Fig. 1B). These pet isolates were mainly 
from dogs from the Netherlands, randomly selected in an unbiased nationwide survey of 
healthy pet owners with no recent antibiotic usage history.  In this survey, cocarriage of 
vancomycin-resistant E. faecium between owners and dogs was not observed (14).

Human community isolates from nonhospitalized patients were widely dispersed over 
the phylogenetic tree outside clade A1 (Fig. 1A). Farm animal isolates, represented in this 
study mostly by isolates from poultry and pigs, clustered in clade A distinct from the hos-
pital clade A1 in polyphyletic groups, confirming that there is no distinct clade A2 repre-
senting isolates from farm animals (2, 7), in contrast to what was reported previously (6). 
Pig and poultry isolates were grouped in a limited number of distinct  SCs, with 88% of 
pig isolates grouping in SCs 29 and 30 and 93% of poultry isolates grouping in SCs 24, 25, 
and 35 (Data Set S1).

Completed plasmid sequences show extensive modularity

To elucidate whether plasmids have shaped the observed E. faecium population structure, 
we first fully resolved the plasmids of E. faecium by performing Oxford Nanopore Techno-
logies sequencing (ONT) and subsequently constructed a hybrid assembly of 62 E. faeci-
um isolates. These isolates were selected to capture the highest plasmidome variability 
present in our 1,644 clade A E. faecium isolates based on PlasmidSPAdes predictions (15) 
and a homology search against a curated database of replication initiator proteins in en-
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terococci (11), as previously described (13) (see Text S1). Hybrid assemblies resulted in 48 
completed (finished) chromosome sequences (and 14 chromosomes distributed among 
two contigs or more), 305 plasmids, and 6 phage sequences present in single circular con-
tigs (Data Set S1). The 48 complete chromosomes ranged in size from 2.42 to 3.01 Mbp. 
Hospitalized patient isolates (n=32) had   the largest chromosomes (mean, 2.82 Mbp), 
whereas poultry isolates (n=2) carried the smallest chromosomes (mean, 2.42 Mbp). Nota-
bly, hospitalized patient isolates had up to 20% larger chromosomes than E. faecium from 
other sources, which highlights the considerable genomic flexibility of this organism.

The set of 305 completed plasmid sequences ranged in length from 1.93 to 293.85 kbp 
(median, 15.15 kbp; mean, 53.48 kbp) (Fig. 2A, S1, and S2). Hospitalized patient isolates 
(n=43) with complete plasmid sequences (n=247)  contained  the  highest number of 
plasmids (mean, 5.70), and their cumulative plasmid length was substantially larger than 
those from other isolation sources (mean, 308.01 kbp).

We characterized these plasmids using a standard classification (11) based on (i) presen-
ce of replication initiator proteins (RIP) (Data Set S1) and (ii) presence of relaxases (MOB) 
(Data Set S1). A considerable proportion of plasmids (48/294 [16%]) were multireplicon 
plasmids, with plasmids encoding up to four different RIP gene families, indicating a high 
degree of plasmid modularity (see Fig. S1). This was most prominent  in Rep_1 and Inc18 
family plasmids, which contained at least one other RIP with a frequency of 1.0 (8/8) and 
0.53 (30/57) (Fig. 2B), respectively. The predominant RIP family  RepA_N  (n=82)  was  main-
ly  encoded  by  large  plasmids  (mean  plasmid length, 155.3 kbp) and was less frequently 
associated with other RIP sequences (n=15, 18%) (Fig. 2B). Plasmids encoding the Rep_3 
family (n=56; mean plasmid length, 12.4 kbp) and Rep_trans (n=24; mean plasmid length, 
25.7 kbp)  were  less  frequently  present in multireplicon plasmids (n=6, 11%) (Fig. 2B). No 
RIP family was characterized for 11 plasmids (mean plasmid length, 9.6 kbp). 

The observed modularity of E. faecium plasmids became even more apparent when re-
laxase gene families were linked to the fully sequenced plasmids. All identified relaxases 
cooccurred in plasmids with different RIP genes and even in multireplicon plasmids (Fig. 
2B).  In  total,  we  observed  46  different  Rep-relaxase  combinations  (Fig. 2B). A more 
extensive characterization of mosaicism of plasmid sequences is available in Text S1. 

Hospitalized patient isolates have the largest predicted plasmidome sizes

To predict the plasmidome content present in the other 1,582 E. faecium isolates that were 
only sequenced with short-read technology, we previously used the information derived 
from the completed plasmid sequences to develop and validate a machine- learning clas-
sifier called mlplasmids (13). The classifier achieved an accuracy of 0.95 and an F1 score 
(harmonic mean between precision and recall) of 0.92 on a test set of E. faecium sequen-
ces generated by short-read sequencing. A more extensive description of the classifier 



-100-

Chapter 4

Figure 1. (A) RAxML tree based on 955 E.  faecium  core genes in 1,644 clade A strains. Isolates se-
lected for long-read sequencing are indicated with  under  long-read selection. Isolates were colo-
red based on their isolation source: hospitalized patients (red), nonhospitalized persons (blue), pet 
(green), pig (pink), poultry (brown), and other sources (black). Arrow in the RAxML tree indicates the 
internal node 1227 used to split the clade A1 and non-clade A1 isolates. (B)    For each isolation sour-
ce (x axis), we specified the count and percentage (y axis) of isolates belonging or not to clade A1.
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Figure 2. Overview of completed plasmid sequences (n=305). (A) Pairwise Mash distances (k=21, s= 
1,000) of the completed plasmid sequences (n=305) were transformed into a distance matrix and 
clustered using hierarchical clustering (ward.D2). Node positions in the dendrogram were used to 
sort and represent in different panels: (i) isolation source, (ii) replication initiator gene (RIP), and (iii) 
plasmid size (kbp) of the completed plasmid sequences. (B) Intersection plot of the combination of 
RIP and relaxases found in the set of completed plasmid sequences with associated RIP sequences 
(n 294).
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validation and its performance compared to that of existing plasmid prediction tools can 
be found in the study by Arredondo-Alonso et al. (13).

mlplasmids was used on the present collection of E. faecium isolates, resulting in an aver-
age number of base pairs predicted as plasmid derived of 240,324 bp (52 contigs), while 
the average number of chromosome-derived base pairs was 2,619,359 bp (113 contigs) 
per isolate. mlplasmids did not predict plasmid-derived contigs in four isolates, inclu-
ding one isolate that was previously described as plasmid-free (64/3, in this study named 
E2364) (16).

We observed significant differences in the number of base pairs predicted as  plasmid 
derived depending on the source of the E. faecium isolates (P<0.05) (Fig. 3A). Predicted 
plasmidome size of isolates from hospitalized patients was considerably larger (mean, 
276.16 kbp; P<0.05) than that from other isolation sources (Fig. 3). This finding is in line 
with previous reports which showed that isolates from clade A1 are enriched for mobile 
genetic elements (6, 17).

Plasmidome populations are strongly associated with isolation source

To structure the pan-plasmidome of E. faecium, we determined pairwise distances of iso-
lates based on the k-mer content of their predicted plasmidome. We computed a neigh-
bor-joining tree (bioNJ) to cluster E. faecium isolates exclusively on the basis of gain and 
loss of plasmid sequences (Fig. 4A). During this analysis, 37 isolates were excluded, as they 
showed no signs of plasmid carriage signatures based on their distribution of pairwise 
distances (see Fig. S3).

To evaluate the core genome clonality of isolates clustering in the same plasmidome 
population, we incorporated information regarding isolation source and SCs into the 
plasmidome tree (Fig. 4A) and core genome phylogeny (Fig. 4B). Isolates with a similar 
plasmidome contents but different SCs were positioned in different parts of the core ge-
nome phylogeny (Fig. 4B), which could be indicative of horizontal transmission of plasmid 
sequences.

To quantify and formalize these observations of horizontal or vertical transfer of plasmid 
sequences, we estimated clusters of isolates with similar plasmidomes. The k-mer distan-
ces of the plasmidomes were clustered using hierarchical clustering (ward.D2), and we 
estimated an optimal number of 26 clusters (average silhouette width, 0.45) (Fig. S4A). 
To enable meaningful statistical inferences, we only considered clusters that contained 
more than 50 isolates and had an average silhouette width, as a measure of goodness of 
fit, higher than 0.3 (Fig. S4B). This resulted in 9 clusters that are referred to as plasmidome 
populations 1 to 9 (Fig. 3B, S4, and S5). We then calculated the SC diversity of all isolates 
of each plasmidome population (Simpson index) and tested for enrichment of particular 
isolation sources (Fig. S4B). However, these plasmidome populations may be driven by 
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the k-mer content of large plasmid sequences and could obscure the potential transfer 
of small plasmid sequences between isolates. An extensive evaluation of the plasmidome 
populations and potential transfer of the complete plasmid sequences obtained in our 
study is described in Text S1.

To evaluate the influence of other factors than source category to explain the plasmidome 
clustering, we modeled the observed plasmid k-mer distances using three linear regressi-
on models with three different covariates: source, isolation time, and geographical distan-
ce between pairs of isolates. We observed that modeling k-mer distances using exclusive-
ly source explained 39% of the variance present in the plasmid k-mer distances, whereas 
using time (difference in years between the isolates) as covariate explained 29% of the 
variance. Geographical distance between isolates explained less than 1% of the varian-
ce. Finally, we incorporated the three predictors into a multiple linear regression model, 
which increased the variance explained up to 43%. This elucidated that isolation source 
was the most important predictor to explain plasmidome clustering, but a difference in 
time between strains must be considered: isolates which are circulating during the same 
period of time are more likely to share plasmid sequences. Geographical distance bet-
ween isolates seems not relevant to explain the observed clustering, which suggests a 
high mobility and spread of E. faecium plasmid sequences.

Restriction modification systems, but not CRISPR-Cas, could act as barriers of hori-
zontal gene transfer

The absence of CRISPR-Cas systems  in  clade  A1  isolates was previously postulated as a 
plausible explanation for a nondiscriminatory accumulation of plasmid sequences in cla-
de A1 isolates (6, 18). However, we only observed a CRISPR-Cas system in a single non-cla-
de A1 isolate and no occurrence of the recently described Jet system in any of the isolates 
(19). The absence of a CRISPR-Cas system is therefore unlikely to result in a higher and 
different plasmidome content of clade A1 isolates from hospitalized patients.

Recently, a novel defense mechanism consisting of a restriction modification (RM) system 
was postulated as contributing to the subspeciation of E. faecium (20). The specificity of the 
RM system resides in the S subunit, which binds to different DNA sequences by two target 
recognition domains. In our collection, we also identified the  S subunit (WP_002287733) 
as present and enriched in clade A1 isolates (P<0.05), whereas the subunits M and R were 
identical in both clade and non-clade A1 isolates and always present together with the 
S subunit. Furthermore, we identified 8 novel S subunit variants in our set of 62 isolates 
with complete genome sequences. Of these, four variants (E1774_00555, E7313_02981, 
E4413_00571, and E4438_00276) were significantly enriched in clade A1, while two other 
variants (E0139_00520 and E4227_ 02943) were enriched in non-clade A1 isolates, which 
reinforces the hypothesis that different RM systems contribute to the differentiation of the 
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Figure 3. Predicted pan-plasmidome of 1,644 E. faecium isolates. (A) Boxplot of the numbers of base 
pairs (kbp) predicted as plasmid derived per isolation source. Horizontal dashed line indicates the 
mean cumulative plasmid length across all the groups. (B) Pairwise Mash distances (k =21, s=1,000) 
of plasmid-predicted contigs in 1,607 isolates were transformed into a distance  matrix and cluste-
red using hierarchical clustering (ward.D2). Based on the quantile function of our defined gamma 
distribution, we grouped isolates in five blocks: black (0 to 0.01), red (0.01 to 0.25), orange (0.25 to 
0.5), yellow (0.5 to 0.75), and white (0.75  to 1.0). Dissimilarity matrix of the isolates was visualized as 
a heat map colored based on the previous blocks. We incorporated the defined plasmid populations 
(n=9) and isolation source information on top and left dendrograms, respectively.
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Figure 4. Comparison of reconstructed E. faecium core genome phylogeny and plasmidome trees. 
The figure includes three different panels: isolation source, sequence cluster (SC), and plasmidome 
population. (A) bioNJ tree based on the dissimilarity matrix of Mash distances (k=21, n=1,000) of 
1,607 isolates    uniquely considering plasmid-predicted contigs. (B) RAxML core genome tree based 
on 955 E. faecium core genes in 1,644 clade A strains.

plasmidome content between isolation sources (Text S1).

Characterization of genes driving the plasmidome populations

To identify which genes were potentially driving the observed plasmidome populations 
(n=9), we determined, for each plasmidome population, which genes were present in 
more than 95% of the isolates and defined those as plasmidome population core genes. 
We  further characterized these genes using eggNOG to retrieve the cluster of ortho-
logous genes (COG) and associated KEGG pathways. These plasmidome population core 
genes were then searched in our set of complete plasmid sequences to identify the type 
of replicon sequences bearing these genes, such as large RepA_N or Inc18 plasmids.

Most of the plasmidome population core genes belonged to COG S (unknown function) 
and COG L (DNA replication, recombination, and repair) (Fig. S6; Data Set S1). Within these 
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two COG groups, we identified functions such as toxin-antitoxin (TA) systems, involved in 
the stabilization of large plasmid sequences (e.g., RelE/AbrB, MazEF, and HicAC systems), 
and a type IV TA “innate immunity” bacterial abortive infection (Abi) system that protects 
bacteria from the spread of a phage infection (AbiEi/AbiEii). This TA system interferes with 
phage RNA synthesis, enables stabilization of mobile genetic elements (21), and was ex-
tensively described in lactococcal plasmids (22).

Interestingly, we identified some plasmidome population core genes only present in par-
ticular populations. For plasmidome population 1 (pig and nonhospitalized isolates), we 
identified a copper resistance operon (tcrYAZB) that provides a mechanism to tolerate 
high concentrations of this heavy metal as plasmidome population core genes. Copper 
was commonly used as a growth-promoting agent for pigs (23). However, high levels of 
copper result in toxicity for the bacterial cells. The tcrYAZB operon provides a plasmid sur-
vival mechanism to tolerate high concentrations of this heavy metal. In addition, we iden-
tified the glycopeptide resistance-encoding vanA gene cluster as a plasmidome populati-
on core in the population. These genes were harbored on a RepA_N conjugative plasmid 
of 140 kbp (LR132068.1 and LR135180.1) and colocalized with genes encoding plasmid 
stabilization systems (RelE/AbrB and AbiEi/AbiEii), which may explain the persistence of 
this large plasmid in the population.

Plasmidome population 2 (poultry associated) also showed plasmidome population core 
genes which were exclusively present as core in this population. This included the bile salt 
hydrolase (BSH) choloylglycine hydrolase and putatively a tetronasin resistance-encoding 
permease gene. BSH is involved in the deconjugation (hydrolysis) of bile acids, which have 
antimicrobial activity, especially against Gram-positive bacteria (24). Therefore, acquisi-
tion of BSH could serve as a selective advantage for E. faecium for gut colonization. In a 
recent review, BSHs have been described as the gatekeepers of bile acid metabolism and 
host-microbe cross talk in the gastrointestinal tract (25). In addition, as mentioned, ho-
mologous searches revealed only hits for E. faecium strains isolated from chicken, but we 
also obtained hits for Enterococcus cecorum (100% similarity in amino acids [AA]), which is 
a species mainly found in birds. In both strains, BSH was located downstream of the same 
site-specific recombinase, which highly suggests HGT between these 2 species. We also 
observed a tetronasin resistance gene as a plasmidome population core gene. The pre-
sence of this gene on a mobile element among E. faecium poultry isolates was previously 
described and may be the result of selective pressure due to the wide use of ionophores, 
e.g., tetronasin for coccidiosis prophylaxis in poultry (26). Interestingly, this gene is often 
colocated on a plasmid with Tn1546 encoding vancomycin resistance and TA systems.

In the case of the hospital-associated plasmidome populations (3, 5, 6, 7, 8, and 9), we 
characterized some genes present in all these populations. Of these, a locus of three ge-



-107-

Plasmids shaped the recent emergence of the major nosocomial pathogen E. faecium
Chapter 4

nes putatively encodes an ABC transport system, while one gene encodes an ATP-binding 
protein and the other two genes encode permeases. These genes were assigned to COG 
V (defense mechanisms) and were similar to the previously described vex locus of Strepto-
coccus pneumoniae. In S. pneumoniae, this gene cluster was initially linked to vancomycin 
tolerance (27), but Moscoso and coauthors disproved these results (27, 28). Protein ana-
lysis of the ATP binding protein Vex2 revealed the presence of domains with similarity to 
lipoprotein/bacteriocin/macrolide export systems, which may suggest that this system is 
involved in antibiotic resistance. We also observed antimicrobial resistance genes such as 
aminoglycoside resistance (aacA-aphD) and erythromycin resistance (erm) present in the 
plasmidome population core of all the hospitalized patient populations.

In line with the hypothesis of different routes of hospital adaptation, we observed some 
plasmidome population core genes that are only present as core in some plasmidome 
populations associated with hospitalized patients. We observed the presence of a bac-
teriocin with homology to BacA in populations 5, 7, and 8 and previously described as 
a plasmid-borne bacteriocin in E. faecalis (29). BacA can act as a more evolved toxin-an-
titoxin system in which not only daughter cells but also cells from the same generation 
not bearing the BacA plasmid are excluded. Furthermore, it was demonstrated that plas-
mid dissemination was more prominent under conditions of fluctuations in the populati-
on of E. faecium, since BacA activity exclusively affects dividing cells (29). We also observed 
a complete phosphotransferase system putatively involved in mannose/fructose/sorbose 
utilization present in the plasmidome cores of populations 6 and 7. This may provide no-
vel pathways for the utilization of complex carbohydrates in these hospital-associated 
populations.

A complete characterization of the plasmidome population core genes and the complete 
plasmid sequences in which these genes are located can be found in Text S1. 

Plasmidome content is the major genomic component driving niche specificity

To assess which of the genomic components (chromosome or plasmidome) contributed 
most to source specificity, we compared the distributions of k-mer pairwise distances 
using three different inputs: (i) whole-genome contigs, (ii) chromosome- derived contigs, 
and (iii) plasmid-derived contigs. We hypothesized, for source-specific components,  that  
k-mer  distances  between  pairs  of  isolates  belonging  to  the same source were lower 
than pairs of isolates from different or random sources. This difference can reflect the as-
sociation strength between niche and genomic component (whole-genome, chromoso-
me-derived, and plasmid-derived contigs). We followed a bootstrap approach to compare 
and average k-mer pairwise distances of (i) pairs of isolates from the same isolation source 
(within-source group), (ii) pairs of isolates belonging to different isolation sources (bet-
ween-source group), and (iii) pairs of isolates randomly selected (random group).
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Whole-genome contigs explained most of the source specificity of all the isolation sour-
ces except for nonhospitalized person isolates, based on the highest k-mer pairwise dis-
tance differences between isolates from the same source (within source) and randomly 
selected isolates (Fig. 5 and S7).

However, with the exception of nonhospitalized person isolates, the plasmidome contri-
bution was higher than the chromosome contribution to explain source specificity. This 
was based on the highest difference in k-mer pairwise distances between isolates from 
the same (within-source group) and different (between-source group) sources when com-
paring the plasmidome versus the  chromosome (Fig. 5 and S7).

Most notably, we observed significant similarities of the whole genome and chromoso-
me of  dog and hospitalized patient  isolates  (positive  difference, 0.20; P <0.05)  but a 
significant dissimilarity between these two sources when considering their plasmidomes 
(negative difference, 0.13; P<0.05) (Fig. 5 and S7). In addition, pig and nonhospitalized 
person isolates had significantly similar plasmidomes as observed by a small difference in 
k-mer distances (positive difference, 0.15; P<0.05), corroborating the postulated exchange 
of plasmid sequences between these two groups (Fig. S7).

Discussion

We used a combination of ONT long-read and Illumina short-read technologies to per-
form a comprehensive analysis of the pan-plasmidome of the nosocomial pathogen

E. faecium which has evolved in different niches. The high number of multireplicon plas-
mids consisting of several combinations of RIP families confirmed the high levels of mo-
saicism previously observed for E. faecium plasmids, which challenges the classification of 
Enterococcal plasmids based on RIP schemes (30).

We observed that the total plasmidome size of isolates from hospitalized patients was 
substantially larger than that from animal isolates and isolates from nonhospitalized per-
sons. Moreover, clustering of k-mer pairwise distances from our set of predicted plasmid 
sequences revealed a high level of diversity in E. faecium plasmidomes. We estimated the 
potential contribution of different genomic components (whole genome, chromosome, 
and plasmid) to source specificity and observed that the plasmidome explains source spe-
cificity in dogs and hospitalized patients, while their corresponding core genomes share 
an evolutionary history. This finding suggests that either the hospital-adapted population 
was founded by a host jump from the canine population or, alternatively, the host jump 
happened in the other direction. In line with previous reports (31, 32), we observed that 
nonhospitalized person isolates in our collection shared their plasmidomes with pig isola-
tes, which indicates an exchange of plasmids or strains between both sources.

Source specificity of plasmid sequences was highest in pigs and poultry isolates and sig-
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Figure 5. Evaluation of the source specificity from each genomic component. Mash distances com-
puted from chromosome-predicted (first column), plasmid- predicted (second column), and who-
le-genome (third column) contigs were scaled and compared between all the isolation sources. 
Each row corresponds to a particular isolation source (e.g., first row refers to dog isolates) and the 
distribution of pairwise distances against other sources (dog in green, hospitalized patient in red, 
nonhospitalized person in blue, pig in pink, poultry in brown, and random isolates in black) for each 
genomic component. These average distances were computed using a bootstrap approach (100 
iterations). The distribution of pairs of isolates from the same source type with respect to the distri-
bution of pairs from random isolates (black group) reflects the specificity of the genome component 
in each source. If pairs from the same source deviate   to the left, it indicates a higher specificity of 
that particular genomic component, whereas a deviation to the right with respect to the pairs of 
random isolates (black group) indicates a lower specificity than expected by chance.

nificantly differed from the other sources, but also, the plasmidomes of clinical isolates 
were highly dissimilar to isolates from other sources. This suggests that the pan-plasmido-
me of E. faecium plays a role in the emergence of this organism as a nosocomial pathogen 
of major importance. There was not, however, a single preferred plasmidome configura-
tion for hospital patient isolates, but rather, these isolates were associated with six diffe-
rent plasmidome populations, indicating different possible routes of plasmid acquisition 
within the hospital environment.
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The existence of distinct host-associated plasmidome populations indicates that the dis-
semination of plasmids within the E. faecium population is restricted. The presence  of 
particular S subunit variants belonging to a type I RM system enriched either in clade A1 
isolates or non-clade A1 isolates in the E. faecium population suggests that they play an 
active role as HGT barriers between isolates from different sources (20). Restriction mo-
dification systems potentially limit the exchange of plasmid sequences and might con-
tribute to source specificity. In a few cases, we observed the presence of single isolates 
from a specific source in plasmidome populations dominated by a different source, as 
exemplified in the case of plasmidome population 4 (dog enriched) and the hospitalized 
patient isolate E8172. In this case, we identified a similar RepA_N conjugative plasmid 
potentially transmitted from or to dogs to or from that particular hospitalized patient’s 
isolate. The presence of identical S subunit variants between hospitalized patient and dog 
isolates (clade A1 enriched) could enable an occasional exchange of plasmid sequences 
between different sources.

Exploration of the core genes of the predicted plasmidome populations revealed that 
most plasmid genes are poorly characterized. We further characterized some of the plas-
mid genes with an unknown function as toxin-antitoxin systems. The widespread occur-
rence of these selfish systems is indicative of their importance in plasmid maintenance 
and stabilization. Previous reports have shown a high prevalence of particular toxin-an-
titoxin systems, such as mazEF, in E. faecium clinical isolates (33). They could contribute to 
the stabilization of plasmid-mediated antibiotic resistance by the maintenance of a single 
plasmid structure and might thus provide an interesting alternative target for antibiotic 
therapy.

We also identified a set of copper resistance genes (tcrYAZB operon) in the core plas-
midome of population 1 (pig and nonhospitalized associated). Copper was used as a 
growth-promoting agent in piglets (34), and high levels of copper are toxic for most bac-
terial species. The acquisition of copper resistance genes may have contributed to the 
adaptation of E. faecium to environmental constraints imposed by pig farming. Recently, 
Gouliouris et al. also described the same copper resistance operon as over- represented in 
pig isolates, thus confirming that this set of plasmid-borne genes has played an important 
role in E. faecium survival in farms (35). Those plasmid genes were identified in our set of 
complete plasmid sequences and were present in a RepA_N conjugative plasmid (140 
kbp) identified in pig and nonhospitalized isolates. Furthermore, we identified a BSH gene 
widely present in the poultry-associated plasmidome population. E. faecium was pre-
viously characterized as one of the microorganisms with the highest level of BSH activity 
in the intestines of chickens (36) and capable of developing new mechanisms to tolerate 
a high concentration of bile salts (37). The BSH gene described here could be functionally 
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responsible for the bile tolerance of poultry isolates.

The presence of several plasmid genes involved in carbohydrate metabolism and utiliza-
tion in plasmidome populations associated with hospitalized patients may indicate the 
acquisition of novel pathways to process complex carbohydrates. This observation is in 
line with previous reports (6, 38) in which phosphotransferase systems enriched in clade 
A1 isolates and encoded by mobile genetic elements were fundamental for E. faecium 
during gastrointestinal (GI) tract colonization. The high frequency of plasmid genes with 
an unknown function or corresponding to hypothetical proteins could mask the presence 
of other plasmid-mediated mechanisms contributing to niche adaptation. This highlights 
the importance of further functional studies to elucidate the roles of these plasmid genes.

The observations that plasmid sequences are highly informative for source specificity and 
that particular genes may have a clear benefit for E. faecium in particular niches suggest 
that the distribution of plasmid genes among E. faecium isolates is regulated by complex 
ecological constraints, and thus contributes to niche adaptation, rather than by opportu-
nities arising from physical interactions between different sources. Of note, this approach 
does not calculate the contribution of a single genomic sequence but of the whole ge-
nomic component (plasmid or chromosome) to the niche specificity. Small chromosomal 
alterations or rearrangements could also be involved and play an important role in niche 
specificity.

Based on our findings, we elucidated that isolation source was the most important pre-
dictor to explain the observed plasmidome clustering and indicated that isolates from the 
same niche can exchange plasmid sequences during the same time frame. Combining 
extensive short- and long-read sequencing of a large collection of isolates from a diverse 
set of sources, as reported here for E. faecium, may serve as a broadly applicable approach 
to study the pan-plasmidome of evolutionary and ecologically diverse populations.

Material and Methods 

Genomic DNA sequencing, assembly, and characterization of plasmids

Detailed description of Illumina and ONT sequencing is available in Text S1 in the sup-
plemental material and in the study by Arredondo-Alonso et al. (13), which includes a 
full description of ONT selection of E.  faecium  isolates (n = 62) and consecutive hybrid 
assembly using Unicycler (39). Characterization of fully assembled  plasmids is also des-
cribed in Text S1.

Population genomic analysis

Pangenomes for the entire genome data set (1,684 strains) and the clade A data set (1,644 
strains) were created using Roary (40) with default settings. A core gene alignment was ge-
nerated using the –mafft option in Roary, resulting in a core gene alignment of 859 genes 
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for the entire data set and of 978 genes for the clade A data set. To estimate recombination 
events and to remove them from the core genome alignment, we used BratNextGen with 
default settings, including 20 hidden Markov model (HMM) iterations, 100 permutations 
run in parallel on a cluster, and 5% significance level, similar to those in earlier publicati-
ons (41, 42). To determine sequence clusters (SCs) in the core genome alignment where 
significant recombinations had been removed, we used 5 estimation runs of the hierBAPS 
method (43) with 3 levels of hierarchy and the prior upper bound for the number of clus-
ters ranging in the interval 50 to 200. All runs converged to the same estimate of the 
posterior mode clustering. We considered the second level of hierarchy (postBNGBAPS.2) 
to determine SCs in our collection. To estimate a phylogenetic tree, we used RAxML (44) 
with the GTR Gamma model on a core gene alignment stripped of recombination. The 
bootstrap option was disabled in RAxML due to an extremely long runtime.

CRISPR-Cas and restriction modification system detection

To detect CRISPR-Cas arrays present in our set of 1,644 E. faecium isolates, we first used 
CRISPRDetect (version 2.2) (45), and detected hits were further validated using CRISPR-
CasFinder (version 1.1.1) (46).

To observe the presence of the restriction modification system described by Huo et al. 
(20), we retrieved the nucleotide sequences of the S subunit (WP_002287733.1), M su-
bunit (WP_002287732.1), and R subunit (WP_002287735.1) from the E. faecium genome 
sequence (NZ_GG688488). We screened  for the presence of these subunits in our entire 
collection of isolates (1,644) using Abricate and defined a 95% minimum identity and 90% 
coverage as thresholds (version 0.8.2). Later, we focused our analysis on the set of com-
plete genome isolates (62) and performed a multiple-sequence alignment on the protein 
level of all the S subunits identified using Clustal Omega (version 1.2.4) (47). Based on the 
multiple-sequence alignment, we defined 8 novel S subunit variants that were tested for 
enrichment in either clade A1 or non-clade A1 isolates using a Fisher exact test with the 
function fisher.test from R stats package (version 3.4.4).

Predicting the plasmidome content of short-read sequenced E. faecium isolates

To determine the plasmidome content of the remaining 1,582 isolates, we used mlplas-
mids (13). mlplasmids (version 1.0.0) was run, specifying “Enterococcus faecium” model and 
a minimum contig length of 1,000 bp. For further analysis, we discarded predicted contigs 
with a posterior probability lower than 0.7 of belonging to the assigned class (chromo-
some/plasmid; https://gitlab.com/sirarredondo/efaecium_population/raw/ master/Files/
mlplasmids_prediction/prediction_svm.tsv). Differences in the numbers of chromosome- 
and plasmid-derived base pairs predicted by mlplasmids between hospitalized patient 
isolates and other isolation sources were assessed using the Kruskal-Wallis test (significan-
ce threshold, 0.05) available in ggpubr package (version 0.1.7) (48).
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We calculated pairwise Mash distances (k=21, s=1,000; version 1.1) between isolates (n   
1,640), only considering plasmid-predicted contigs. We reconstructed a plasmidome tree 
with the bioNJ algorithm implemented in the R ape package (version 5.1) using computed 
Mash distances (49, 50). The resulting phylogenetic tree was midrooted using the mid-
point function in the R phangorn package (version 2.4.0) (51). To improve the resolution 
of the bioNJ tree, we observed the distribution of the computed Mash distances and fit-
ted a gamma distribution using the fitdist function (distr=“gamma” ,and method=“mle”) 
available in the R fitdistrplus package (52). We discarded isolates with an average pairwise 
mash distance superior to 0.12, which was calculated using the qgamma function (P= 0.9,    
shape = 2.344073,  rate = 35.870449,  lower.tail = TRUE)  in  the  R  stats  package  (version  
3.4.4).  All  remaining isolates (n=1,607) were used to reconstruct the plasmidome tree.

We used the function NbClust (method   “ward.D2” and index   “silhouette”) available in 
the R   NbClust package (version 3.0) (53) to evaluate an optimal number of clusters deri-
ved from pairwise Mash distances. We computed hierarchical clustering using the  hcut  
function  (method =“ward.D2”,  isdiss=TRUE, k=26) and cut the resulting dendrogram spe-
cifying 26 clusters. For each resulting cluster, we uniquely defined plasmidome populati-
ons (n=9) based on two criteria: (i) clusters with more than 50 isolates and (ii) an average 
silhouette width greater than 0.3.

Correlation of plasmidome populations and isolation sources was determined using 
a one-sided Fisher exact test (alternative “greater”) from the fisher.test function (R stats 
package version 3.4.4) and naive P values were adjusted using the Benjamini-Hochberg 
(BH) method implemented in p.adjust function (R stats package, version 3.4.4). We consi-
dered an adjusted P value threshold of 0.05 to determine enrichment of isolation sources 
for specific plasmidome populations. We incorporated metadata and plasmid population 
information into plasmid bioNJ and the E. faecium core genome tree using the R ggtree 
package (version 1.13.3). Simpson index based on SC diversity (postBNGBAPS.2 group) 
(Data Set S1) and its associated 95% confidence interval from 1,000 bootstrap replications 
was computed using the R package iNEXT (version 2.0.19) (54).

We evaluated the influence of two other covariate (time and distance) in the clustering 
derived from Mash distances. For each pair of isolates, we determined (i) if they belon-
ged to the same or different isolation source, (ii) time difference (in years) between their 
isolation times, and (iii) geographical distance. To calculate the geographical distance, we 
considered the latitude and longitude of  each  isolate and used the distm function (R 
geosphere package, version 1.5-7). We fitted three linear  regression models (function lm 
in R stats package, version 3.4.4) considering as response the pairwise Mash distances and 
the previous defined covariates. For each model, we retrieved its adjusted R2 to explain 
the percentage of variance explained by each covariate. We combined all three covariates 
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in a multiple linear regression model using the function lm (R stats package, version 3.4.4) 
and further evaluated the observed correlations by performing a permutation test with 
the function lmp from the package lmPerm (version 2.1.0) (55).

Contribution of genomic components to source specificity

To evaluate the contribution of genomic components on source specificity, we consi-
dered three different inputs: (i) Mash pairwise distances from whole-genome contigs, 
(ii) Mash pairwise distances from chromosome-derived contigs, and (iii) Mash pairwise 
distances from plasmid-derived contigs. Pairwise distances were scaled using the scale 
function (scale=TRUE, center=TRUE) from the R stats package (version 3.4.4). For each iso-
lation  source (hospitalized patient, dog, poultry, pig, and nonhospitalized person), we 
used a bootstrap approach (100 iterations) to calculate the average pairwise distances of 
50 random isolates belonging to the following combinations: (i) pairs of isolates belon-
ging to the same niche (within-source group), (ii) pairs of isolates belonging to different 
niches (between-source group), and (iii) pairs of isolates belonging to random isolation 
sources (random group). This random group consisted of an artificial group in which we 
merged 50 random isolates belonging to any of the five isolation sources after sampling 
100 isolates from each of the sources to avoid overrepresentation of hospitalized patient 
isolates. This random group was used to statistically assess whether the distribution of 
pairwise distances belonging to within-source and between-source groups differed from 
that of random pairwise distances. We used a one-way analysis of variance (ANOVA) test 
(aov function, R stats package version 3.4.4) and computed differences in the observed 
means using Tukey’s honestly significant difference (HSD) function available in the R stats 
package (version 3.4.4). Significant (adjusted P<0.05) positive and negative observed dif-
ferences of the means were considered indications of niche adaptation similarity and dis-
similarity, respectively.

Estimating the core plasmidome of the defined populations

We used Roary (version 3.8) (40) to define orthologous groups present in each plasmido-
me population by defining a threshold of 95% amino-acid-level similarity and nonsplit-
ting paralogues. We defined the core plasmidome of each population as the total number 
of core genes (OGs present in more than 99% isolates) and soft-core genes (OGs present in 
more than 95% of the isolates but less than 99% of the isolates). To group these core plas-
midome genes into different COG categories, we used eggNOG (version 1.0.3-5-g6972f60) 
with the translate option and the bacterial database (4.5.1) provided.

Data availability

The complete code used to generate the analysis reported in the manuscript is publicly 
available at the following GitLab repository: 
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https://gitlab.com/sirarredondo/efaecium_population.

Illumina NextSeq 500/MiSeq reads of the 1,644 E. faecium isolates used in this study have 
been deposited in the following European Nucleotide Archive (ENA) public project: PR-
JEB28495. Oxford Nanopore Technologies MinION reads used to complete the 62 E. fae-
cium genomes are available under the following figshare projects: 10.6084/m9.figsha-
re.7046804 and 10.6084/m9.figshare.7047686.

Hybrid assemblies generated by Unicycler (v.0.4.1) are available under the ENA and NCBI 
project PRJEB28495 and also retrievable at the following GitLab repository: https://gitlab.
com/sirarredondo/ efaecium_population/tree/master/Files/Unicycler_assemblies. Anno-
tation of the complete genome se- quences generated in this study are available on NCBI 
under BioProject PRJEB28495.

Pangenomes of the observed plasmidome populations and eggNOG annotation are 
available at https://gitlab.com/sirarredondo/efaecium_population/tree/master/Files/
Plasmid_populations.

Exploratory analysis of our data and metadata set is available at the following microreact 
project: https://microreact.org/project/BJKGTJPTQ.
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Supplementary Results

Characterization of completed plasmid sequences obtained by ONT sequencing

The completely sequenced plasmids were first characterized based on their replication 
initiator proteins (RIP). Most of the completed plasmid sequences contained a RepA_N 
initiator sequence (n = 82) with similarity versus RIP sequences described in pLG1 me-
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gaplasmid (n = 55, accession number ADO66907) and the non-conjugative pRUM plasmid 
(n = 27, accession number NP_863172). RepA_N family was found in large plasmids (mean 
= 155.2 kbp) (Figure 2B), occasionally associated with other RIP sequences (n = 15, freq 
= 0.18) (Figure 2B) and present in hospitalized patients (n = 63), dog (n = 12), pig (n = 3), 
non-hospitalized persons (n = 2) and chicken isolates (n = 2) (Suppl. Figure S1). We also 
identified plasmids containing RepA_N-like (<80% identity) initiators (n = 20) in medium 
plasmids (mean 53.9 kbp). 

Also the Inc18 family was ubiquitous in the collection of plasmid sequences (n = 57) and 
present in plasmids with a medium size (mean = 44.7 kbp) (Figure 2B). Plasmids bearing 
Inc18 family showed higher levels of mosaicism than RepA_N plasmids and were fre-
quently present in multireplicon plasmids (n = 30 ; freq = 0.53). In this study, we mainly 
found Inc18 sequences with similarity to the initiator sequence from pRE25 plasmid (n = 
44, accession number Q9AL28) which was originally identified in E. faecalis from a raw-fer-
mented sausage and associated with multiple antibiotic resistance genes (1). We identi-
fied Inc18 plasmids in isolates from hospitalized patients (n = 49), dog (n = 7), chicken (n = 
2), pig (n = 1) and non-hospitalized persons (n = 1) (Suppl. Figure S1). 

The Rep_3 family was mostly found on small plasmids (n = 56, mean plasmid length = 
10.8 kbp) (Figure 2B) and rarely present in multireplicon plasmids (n = 6, freq = 0.11.) (Fi-
gure 2B). We found Rep_3 sequences with similarity to other small theta-replicating plas-
mids such as Enterococcus durans pGL (n = 22, accession number ADW93773) or E. faecium 
p200B (n = 8, accession number BAF44066). In contrast to RepA_N and Inc18 families, 
we only found Rep_3 sequences in isolates from hospitalized patients (n = 49), dogs (n 
= 5) and chickens (n = 2). We detected a high number of plasmids containing Rep_3-like 
(<80% identity) initiator sequences (n = 54, mean pl. length = 17.1 kbp) and were occasi-
onally associated with other rip families (n = 19, freq = 0.35). 

Rep_trans family (n = 24) was mainly identified in plasmids with a medium size (mean = 
16.36 kbp) (Figure 2B) and occasionally present in multireplicon plasmids (n = 9, freq = 
0.38) (Figure 2B). We mainly found similarity with Rep_trans sequence from pRI1 (n = 16, 
accession number YP_001672021), a small cryptic mobilizable E. faecium plasmid from hu-
man and animal origin (2). Plasmids bearing Rep_trans family were present in hospitalized 
patients (n = 19), dog (n = 3) and chicken (n = 2) isolates (Suppl. Figure S1). We also cha-
racterised Rep_trans-like (<80% identity) sequences (n = 36, mean pl. length = 20.8 kbp) 
with a similar frequency of being associated to other rip sequences (n = 11, freq = 0.31).

Rep_2-like (<80% identity) sequences (n = 10) were present in small-medium plasmids 
(24.0 kbp), frequently present in multireplicon plasmids (n = 6, freq = 0.6), similar to pJB01 
(n = 9, accession number YP_138502) (3) and only present in hospitalized (n = 8) and dog 
isolates (n = 2) (Suppl. Figure S1). 
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Finally, we described another known Enterococcus Rip family corresponding to Rep_1 (n 
= 8, mean = 33.4 kbp). This Rip group was only present in multireplicon plasmids in associ-
ation with RepA_N and Inc18 families (n = 8, freq = 1.0). All Rep_1 sequences had similarity 
to a previously described non-functional Rep of the non-conjugative pAMα1 (accession 
number NP_863351) plasmid from E. faecalis (4). Our findings were in accordance with 
previous reports suggesting Rep_1 family may not be functional and other rip initiators 
are required for plasmid replication (5). Plasmids carrying Rep_1 initiators were found in 
patients (n = 5), dogs (n = 2) and non-hospitalized person isolates (n = 1). We additionally 
found Rep_1-like (<80% identity) sequences (n = 6) present in small plasmids (mean = 4.0 
kbp), not associated with other replication initiator families and with similarity to Rep_1 
sequences from E. faecalis pTEF1 (n = 6, accession number NP_816941) and E. faecium 
pNJAKD (n = 2, accession number YP_004747351). 

MOB_P family was the most predominant relaxase family (n = 124) (Figure 2B) and present 
in plasmids with a single RepA_N (n = 44) or Rep_3 (n = 46) initiator sequence (Figure 2A). 
This relaxase family was also found in RepA_N-like (n = 15), Inc18 (n = 8), and other multi-
replicon plasmids (n = 11). MOB_V family was mainly found in plasmids carrying a single 
Rep_trans-like (n = 11), Rep_1-like (n = 5), Rep_trans (n = 2) families and multireplicon 
plasmids (n = 11) containing different combinations of Inc18, Rep_1, RepA_N and Rep_1 
families (Figure 2A). MOB_T family was identified in multireplicon plasmids containing a 
Rep_trans-like group and several combinations of Inc18, RepA_N an Rep_1 sequences (n 
= 6). MOB_C was only found in RepA_N plasmids (n = 2) including a multireplicon plasmid 
(RepA_N, Rep_trans and Rep_trans-like) (Figure 2A).

Restriction-modification systems, but not CRISPR-cas, could act as barriers of hori-
zontal gene transfer

Recently, a new type I restriction modification (RM) system has been described in E. fae-
cium (6). This RM system is composed of three subunits (M, R, and S). The latter subunit is 
responsible for the recognition and binding to foreign DNA sequences through the pre-
sence of two target recognition domains and was enriched in a set of clade A1 isolates 
(6). A different set of RM systems could act as barrier in the gene exchange of E. faecium 
and contribute to the subspecies separation (6). In our collection, we also identified this 
S-subunit (WP_002287733) as present and enriched in clade A1 isolates (Fisher’s exact 
test, P < 0.05). As previously reported (6), the subunits M and R were present in both clade 
A1 and non-clade A1 isolates, which suggests that the specificity of the system resides in 
the subunit S which binds to different DNA sequences. Based on this, we further explored 
and identified 8 novel S-subunits variants which were present in our set of 62 isolates with 
complete genomes. The multiple sequence alignment of the unique S-subunit variants (8 
novel variants and reference S-subunit variant (accession number WP_002287733)) found 
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in our set of completed genomes is available at: https://gitlab.com/sirarredondo/efaeci-
um_population/tree/master/Files/rmsystems.

Several S-subunits were enriched in clade A1 isolates (E1774_00555, E7313_02981 , 
E4413_00571, E4438_00276) and mainly present in hospitalized patients and dog isolates. 
In contrast, S-subunit variants E0139_00520 and E4227_02943 were enriched in non-cla-
de A1 isolates. These observations may indicate that different sets of RM systems in E. 
faecium population have contributed to the differentiation of the plasmidome content 
depending on the isolation source.

Plasmidome populations are strongly associated with isolation source

In the following section, we unravel and provide a detailed characterization of the genes 
present in each plasmidome population. We first assess whether there is a particular E. 
faecium isolation source significantly overrepresented in the population and whether it 
exists a high SC diversity of the isolates which could indicate horizontal transmission of 
plasmid sequences (Figure 3B, Suppl. Figure 4B and Figure S5). To identify which genes are 
driving these populations, we defined the plasmidome-population core genes (present 
> 95% isolates) and characterized their COG and manually curated and searched some 
of their functions in literature. We finally compared the sequences to our set of complete 
plasmid sequences to match the type of plasmid replicons bearing these plasmidome-po-
pulation core genes. 

Some of the plasmidome-population core genes defined below were present in several 
populations. In this analysis, we tried to define which genes are commonly present in 
the isolates from a particular population. The presence of a plasmidome-population core 
gene for a particular population does not imply the absence of that gene in another popu-
lation, as not a single, but the pool of plasmid genes are the ones defining the population. 
Plasmidome-population core genes shared between populations were mainly involved 
in plasmid replication, recombination, repair, mobilization or stabilization. These mecha-
nisms are used by plasmid sequences and belong to the backbone of plasmids and thus 
can be found in populations with overrepresentation of different hosts (e.g. poultry and 
dog population). 

The pangenome of each population and the COG annotation generated by eggNOG are 
available at: https://gitlab.com/sirarredondo/efaecium_population/tree/master/Files/
Plasmid_populations In the sections below we refer to the plasmidome-population ge-
nes using a locus tag present each pangenome fasta file provided at: https://gitlab.com/
sirarredondo/efaecium_population/tree/master/Files/Plasmid_populations.

The complete annotation of each plasmidome core gene with each associated locus tag is 
also available in Supplementary Dataset S1.



-123-

Plasmids shaped the recent emergence of the major nosocomial pathogen E. faecium
Chapter 4

Population 1 

Plasmidome population 1 was enriched for pig and non-hospitalized person isolates 
(Bonferroni-corrected P < 0.05) suggesting transmission of plasmid sequences between 
these two sources. We confirmed this by inspecting our set of completed plasmid se-
quences and chromosomes. Isolate E0139 (from a non-hospitalized person) and isolate 
E0595 (derived from a pig) shared a near-identical (99.4% identity, 96% coverage) RepA_N 
conjugative plasmid of 140 kbp (accession numbers LR132068.1 and LR135180.1) which 
suggested an exchange of this plasmid between these different source types. However, 
the corresponding chromosome of isolates E0595 and E0139 exhibited different SC’s (30 
and 29), indicating that the presence of this identical plasmid in these two isolates is the 
result of horizontal transfer of plasmids, rather than vertical transfer. In general, plasmido-
me population 1 had a large diversity of SC’s (Simpson index = 0.53, CI = 0.524-0.630) 
suggesting horizontal spread of at least a part of the plasmid sequences defining this 
population. We identified a total of 111 genes present as part of the core-plasmidome 
this population. From these 111 genes, only 68 had an associated COG. The most pre-
dominant COG was the category S (unannotated function) with 18 genes. We manually 
inspected these genes and predicted their potential function which included a i) toxin-an-
titoxin component (TA) system corresponding to the toxin belonging to RelE and AbrB 
transcriptional regulator (IIAENCCH_00121, IIAENCCH_00120, and a toxin component of 
the Fic family (IIAENCCH_00140), ii) Abi system formed by the AbiEi (IIAENCCH_00016) 
and AbiEii (IIAENCCH_00017), iii) a starvation protective gene against oxidative dama-
ge (IIAENCCH_00129) and iv) an ABC transporter permease FetB, exporting iron (IIAE-
NCCH_00146).

These groups include genes involved in mechanisms of plasmid stabilization such as TAs 
that may explain the persistence of large plasmids in the population in the absence of a 
selective pressure. Furthermore, TA systems have been postulated as attractive targets 
to stop the dissemination of vancomycin resistance in E. faecium (7, 8). The AbiEi/AbiEii 
system described corresponds to an innate immune mechanism that provides viral protec-
tion against phage dissemination and its mechanism of action interferes with phage RNA 
synthesis and also enable stabilization of mobile genetic elements (9). Interestingly, this 
system has been extensively described in lactococcal plasmids (10). The following most 
predominant COG groups corresponded to COG L (14 genes) and COG M (10 genes). COG 
L genes belonged mainly to genes involved in plasmid replication, recombination and re-
pair such as ISEfa7 transposase (IIAENCCH_00090), IS1476 transposases (IIAENCCH_00105, 
IIAENCCH_00106) ISEnfa3 transposase (IIAENCCH_00109) or DNA topoisomerase III (IIAE-
NCCH_00019) among other examples (Suppl. Dataset S1). In the COG M group, we detected 
a copper resistance gene operon (tcrYAZB operon) (IIAENCCH_00096, IIAENCCH_00107, 
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IIAENCCH_00137, IIAENCCH_00139, IIAENCCH_00095, IIAENCCH_00136) that mediates 
resistance against this heavy-metal and was previously described in E. faecium as plas-
mid-borne (11). Copper was commonly used as a growth-promoting agent to increase 
pig production (11). However, high-levels of copper result is toxic for the cells. The tcrYA-
ZB operon provides a plasmid-survival mechanism to tolerate high concentrations of this 
heavy-metal. We found that the glycopeptide resistance gene vanA (IIAENCCH_00115) 
was also part of the set of plasmidome-population core genes of this population. Further-
more, we also identified an ATPase from a type IV secretion system (IIAENCCH_00032) and 
the TraG family conjugation protein (IIAENCCH_00037) as a plasmidome-population core 
gene which suggests the presence of an active and widespread system to enhance plas-
mid mobilization. The plasmidome-population core genes described above were present 
in the complete plasmid sequences previously mentioned corresponding to a RepA_N 
conjugative plasmid (accession numbers LR132068.1 and LR135180.1). The introduction 
of this plasmid in the population together with the pool of genes described could be 
explained due to selective pressures such as high concentrations of copper or the usage 
of glycopeptides during pig breeding. The presence of TA systems or Abi systems such as 
AbiEi/AbiEii may play a role in stabilizing the plasmid structure after removing the initial 
selection pressure.

Population 2 

Plasmidome population 2 was significantly overrepresented by poultry isolates (Bonferro-
ni P < 0.05) and exhibited a high homogeneity of SC’s (Simpson index = 0.21, CI = 0.210-
0.359) suggesting that plasmid sequences within this population were mainly vertically 
inherited. 

We identified a total of 93 genes as belonging to the core-plasmidome of population 
2 and 58 genes had an associated COG category. The most predominant COG group 
corresponded to COG L with a total of 14 genes which included plasmid replication, 
recombination and repair genes such as DNA topoisomerases III (GDKHCPLE_00029, 
GDKHCPLE_00091), IS66 Orf2-like proteins (GDKHCPLE_00142), HNH endonuclease (GD-
KHCPLE_00092) among other examples (Suppl. Dataset S1). The second most predomi-
nant group was COG G which included mainly genes associated to carbohydrate utilisa-
tion such as PTS systems involved in: i) trehalose/maltose utilisation (GDKHCPLE_00038, 
GDKHCPLE_00109), ii) PTS system involved in N-acetylglucosamine (GDKHCPLE_00037), 
iii) glycosyl hydrolase (GDKHCPLE_00105) or iv) fructokinases (GDKHCPLE_00104, GDK-
HCPLE_00110) among other examples. This may confer novel pathways for carbohydrate 
usage in this poultry-associated population. We detected a BSH choloylglycine hydrolase 
member (GDKHCPLE_00140, COG M) as being part of the core of this plasmidome popu-
lations. The role of BSH activity in the intestine of poultry is unclear but it has been hypo-
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thesized that can confer tolerance to the bile (12). Again, we find glycopeptide resistance 
mediated by vanA (GDKHCPLE_00050) within the set of core-genes in this population. We 
could also identify an additional resistance gene corresponding to a streptomycin adenyl-
transferase (aadE, GDKHCPLE_00054). Also TA systems mediated by RelE toxin (NGNCB-
CCO_00115) and an ATPase from a type IV secretion system (GDKHCPLE_00017) which 
may enhance the mobilization of plasmid sequences, were part of the core genes in this 
plasmid population. We identified as plasmidome-population core a tetronasin resistance 
gene (GDKHCPLE_00084). The presence of this tetronasin resistance gene on mobile ele-
ment among E. faecium poultry isolates has been previously described and may be related 
to the widely use of ionophores, e.g. tetronasin for coccidiosis prophylaxis in poultry (13).

In our pool of complete plasmid sequences, we observed the presence of two near-iden-
tical plasmids present in the poultry isolates E4227 and E4239 which were sequenced 
to completion: i) a RepA_N conjugative plasmid (175 kbp) corresponding to accession 
numbers LR135171 and LR135783 (100% identity and 100% coverage) and ii) multirepli-
con Inc18 and Rep3 plasmid (46 kbp) corresponding to accession numbers LR135172 and 
LR135784 (100% identity and 99% coverage). 

Population 3 

This population was significantly overrepresented with hospitalized patient isolates. SC 
diversity measured by the Simpson index (0.04, CI = 0.037-0.110) indicated that the isola-
tes belonging to this population shared plasmid sequences which were mainly transmit-
ted due to vertical inheritance. 

In this population, we identified a total of 73 plasmidome-population core genes from 
which 37 had an associated COG. The most predominant COG corresponded to the cate-
gory S (unknown function) with 13 genes. Within this group, i) TA system formed by the 
Txe/YoeB module (GCEJCPEH_00117, GCEJCPEH_00118) and ii) a duplicated Abi system 
formed by AbiEi (GCEJCPEH_00086, OLDHMAJC_00207) and AbiEii (GCEJCPEH_00085, 
OLDHMAJC_00206) were identified. The second most predominant COG corresponded 
to COG L with a total of 7 genes and mainly corresponding to genes involved in plasmid 
replication, recombination and repair such as DNA topoisomerase III (GCEJCPEH_00088), 
helix-destabilizing (GCEJCPEH_00084) or resolvase proteins (OLDHMAJC_00341) among 
other examples (Suppl. Dataset S1). We identified three genes categorized as COG V 
(defense mechanism) corresponding to an ABC transport system formed by an ATP-bin-
ding protein (OLDHMAJC_00277) and two permeases (OLDHMAJC_00276, OLDHMA-
JC_00278). These three genes are similar to the previously described vex locus in Strepto-
coccus pneumoniae (14). As plasmidome-population core genes, we identified an ATPase 
involved in a type IV secretion system (GCEJCPEH_00068) and the TraG family conjugati-
on protein (GCEJCPEH_00063) which may contribute to the mobilization and spread of 
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plasmid sequences in the population, and the erm gene (GCEJCPEH_00113) conferring 
resistance to macrolide, lincosamide and streptogramin B. We inspected our set of com-
plete plasmid sequences derived from long-read isolates (E7196, E7654 and E7663) be-
longing to the population 3. We found three plasmid structures bearing the described 
plasmidome-population core genes: i) a RepA_N plasmid with a length higher than 160 
kbp (LR135271, LR135325, LR135318), ii) a different RepA_N plasmid with a length around 
62 kbp (LR135272, LR135326, LR135319) and iii) a multireplicon plasmid Inc18 & Rep_1 
only present in the isolates E7654 (LR135327) and E7663 (LR135320) with a length around 
38 kbp.

Population 4 

Plasmidome population 4 was enriched among dog isolates (Bonferroni corrected P < 
0.05) with a high SC diversity (Simpson index = 0.73, CI = 0.728-0.781) suggesting horizon-
tal spread of plasmid sequences between isolates from this population. 

We found a total of 27 genes as part of the core-plasmidome of population 4 from 
which 17 genes had an associated COG (Supplementary Dataset S1). The most predo-
minant COG corresponded to the unknown function S with 8 genes; i) TA systems for-
med by the toxin RelE (HBJAKGIG_00118) and a consecutive antitoxin component from 
the AbrB family (HBJAKGIG_00119), plus another the toxin component of the Fic family 
(HBJAKGIG_00176) ii) a starvation protective gene against oxidative damage, DPS pro-
tein (HBJAKGIG_00170), iii) Abi system formed by AbiEi (HBJAKGIG_00149) and AbiEii 
(HBJAKGIG_00148). Two plasmidome-population core genes belonging to the category 
COG G, represented a predicted PTS systems, a sucrose-6-phosphate hydrolase (HBJAK-
GIG_00172) and a subunit of a beta-glucoside transporter (HBJAKGIG_00173). We found 
an ATPase part of a type IV secretion system (HBJAKGIG_00052) which could enhance the 
mobilization of plasmid sequences in the population. The lower number of genes (n = 27) 
present in the core-plasmidome respect to other populations may indicate that isolates 
belonging to this population present a higher heterogeneity of plasmid content. Two hos-
pitalized patient isolates (E8040 and E8172) clustered in this dog plasmidome population. 
E8172 was long-read sequenced and contained a conjugative RepA_N plasmid (156 kbp, 
accession number LR135373.1) with high levels of similarity but some structural rearran-
gements (99.9% identity, 77% coverage) when compared to another conjugative RepA_N 
plasmid (148 kbp, accession number LR135259.1) present in the completely sequenced 
dog isolate E4457 from the same plasmidome population. Similar RepA_N plasmids are 
found in other long-read isolates present in the population such as E4402 (accession num-
ber LR135175, 149 kbp), E4413 (accession number LR135186, 172 kbp), E8481 (accession 
number LR536671, 149 kbp) and E4438 (accession number LR135192, 145 kbp).
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Population 5

This population was significantly overrepresented by hospitalized patient isolates. SC 
diversity measured by the Simpson index (0.72, CI = 0.720-0.777) suggested horizontal 
transmission of plasmid sequences in isolates belonging to this population. 

We found a total of 152 plasmidome-population core genes from which 106 had an as-
sociated COG. There two most predominant COG groups with 25 genes respectively, COG 
S (unknown function) and COG L (replication, recombination, repair). COG S included 
the following TA systems: i) a RelE (AAEHJEFK_00145, AAEHJEFK_00224) and AbrB (AAE-
HJEFK_00144, AAEHJEFK_00223) system, ii) a Txe/YoeB module (AAEHJEFK_00221,AAE-
HJEFK_00222), iii) a HicA/HicB module (AAEHJEFK_00072, AAEHJEFK_00073), iv) toxin 
component of the Fic family (AAEHJEFK_00035) and v) MazE/MazF system (AAEHJEF-
K_00121,AAEHJEFK_00122). MazE had not COG associated but was defined as plasmido-
me-population core gene in the population. From COG L, included a variety of genes such 
as IS1216 transposase (AAEHJEFK_00150), IS256 transposase (AAEHJEFK_00252), ISEf1 
transposase (AAEHJEFK_00199), DNA topoisomerase III (AAEHJEFK_00243), resolvases 
(AAEHJEFK_00079) among other examples (Suppl. Dataset S1). Three genes constituted 
the panBCD (AAEHJEFK_00201, AAEHJEFK_00202, AAEHJEFK_00203) locus, previously 
described in Streptococcus gallolyticus and that encodes for the complete biosynthetic pa-
thways of panthotenate. This locus may provide a selective advantage of E. faecium isola-
tes containing this locus to outcompete and grow in an environment with a variety of car-
bohydrates and poor amino acid source (15). Other plasmidome-population core genes 
putatively encode a peptidoglycan binding domain protein (COG M, AAEHJEFK_00157) 
with two domains implicated in: i) peptidoglycan binding and ii) glycoside hydrolase su-
perfamily (GH25_BacA-like). We searched the protein sequence against BacA homologues 
that were previously described as a plasmid-encoding bacteriocin in E. faecalis (16). BacA 
homologues are splitted into five different clades (16). In our study, we observed a perfect 
match (blastp, e-value = 0.0, identity = 99%) between AAEHJEFK_00157 and EOK45589 
which belongs to clade IV variant. We could not identify other Bac41-like genes in the ad-
jacent areas of BacA, which is in accordance with the findings of BacA clade IV described 
by Kurushima et al 2016. Furthermore the authors argue about the functionality of this 
BacA homologue gene since they showed that the presence of BacL1 (another Bac41-like 
gene) is required for bacteriolysin activity. Kurushima et al. 2016 described that BacA gene 
can act as a more evolved toxin-antitoxin system in which not only daughter cells but also 
cells from the same generation not bearing the plasmid gene are excluded. Furthermore, 
the authors showed that plasmid dissemination was more prominent under conditions 
of E. faecium populations fluctuations since the gene activity exclusively affects dividing 
cells.
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We again find the locus of three genes corresponding to an ABC transport system formed 
by an ATP-binding protein (AAEHJEFK_00219) and two efflux ABC transport systems (AAE-
HJEFK_00218, AAEHJEFK_00220) acting as permeases which was previously described in 
S. pneumoniae as vex locus. We also detected the TraG gene (AAEHJEFK_00015, COG U) 
encoding for a conjugation protein and an ATPase from a type IV secretion system (AAE-
HJEFK_00020), which may indicate that the horizontal transmission of plasmid sequences 
within this population is mediated by this conjugation system. Several antimicrobial re-
sistance genes were part of the core in plasmidome population 5 including: i) aminog-
lycoside resistance (aacA-aphD gene) (AAEHJEFK_00194), ii) macrolide, lincosamide and 
streptogramin B resistance (erm gene) (AAEHJEFK_00107), iii) glycopeptide resistance 
(vanA gene) (AAEHJEFK_00234) and iv) teicoplanin resistance (AAEHJEFK_00142). We 
detected a RepA_N plasmid with a length around 165 kbp shared between the isolates 
E6043 (accession number LR134106), E7040 (accession number LR135220) and E7067 (ac-
cession number LR135236). Secondly, we observed a RepA_N like plasmid present also in 
these E6043 (accession number LR134108), E7040 (accession number LR135222), E7067 
(accession number LR135238) and E7207 with a length around 55 kbp and containing the 
TraG gene described before. And lastly, we identified a multireplicon Inc18 & Rep_3-like 
plasmid shared between the isolate E6043 (accession number LR134110), E7067 (accessi-
on number LR135239) and E7040 (accession number LR135223) with structural rearran-
gements and length ranging from 38 kbp to 52 kbp. The aminoglycoside resistance gene 
(AAEHJEFK_00194) was located in the RepA_N plasmid of 165 kbp whereas the other re-
sistance genes (erm, vanA and teicoplanin resistance gene) were carried by the multire-
plicon Inc18 & Rep_3-like plasmid. The existence of different plasmid replicons present in 
the population underpins the importance of analysing the entire pool of plasmid genes 
rather than focusing on an individual plasmid replicons.

Population 6 

Population 6 was significantly overrepresented by hospitalized patient isolates. Based on 
the heterogeneity of SC’s (Simpson index = 0.30, CI = 0.299-0.422) , we concluded that the 
plasmid sequences present in the population were mainly vertically inherited since most 
of the isolates of the population belonged to a narrow range of SC’s.

In total, we identified 128 plasmidome-population core genes from which 86 had an as-
sociated COG. We observed again that the most predominant COG group corresponded 
to the category S (unknown function) (Suppl. Dataset S1). Core genes in this populati-
on represent i) toxin RelE (LDCOMLJG_00062) and antitoxin system (LDCOMLJG_00063) 
from AbrB family, TA system MazE/MazF (LDCOMLJG_00194, LDCOMLJG_00195) and 
a toxin component from Fic family (LDCOMLJG_00190), ii) Abi system formed by AbiEi 
(LDCOMLJG_00151) and AbiEii (LDCOMLJG_00152). The following most predominant 
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group was COG L which included ISL3 transposase (LDCOMLJG_00028), IS256 transposa-
se (LDCOMLJG_00214), IS200 transposase (LDCOMLJG_00269) or a DNA topoisomerase 
III (LDCOMLJG_00149) among other examples. Eight genes grouped within the category 
COG G were encoding among other functions for a complete PTS system involved in man-
nose/fructose/sorbose utilisation: i) IIA component (LDCOMLJG_00079), ii) IIB (LDCOML-
JG_00080), iii) IIC (LDCOMLJG_00081), and iv) IID (LDCOMLJG_00082). We also found the 
TraG conjugation protein (LDCOMLJG_00222, COG U) present as plasmidome-population 
core gene suggesting the presence of a conjugative plasmid widely spread in this popu-
lation. Also the erm gene (macrolide, lincosamide and streptogramin B resistance) (LD-
COMLJG_00008) belonged to the plasmidome-population core. The locus of three genes 
encoding for an ABC transporter system including two efflux ABC transporters acting as 
permeases (LDCOMLJG_00181, LDCOMLJG_00183) and an ATP-binding protein (LDCOM-
LJG_00182) also belonged to the core in this population. We confirmed the presence of 
the plasmidome-population core genes in our set of complete plasmid sequences deri-
ved from long-read sequenced isolates belonging to population 6 (accession numbers 
for E8202; LR135345, E7429; LR135298, E6055; LR135198, E7356; LR135340 and E8195; 
LR135365). We observed a highly similar RepA_N plasmid but showing structural rearran-
gements depending on the isolates and carrying most of the previously described plas-
midome-population core genes.

Population 7 

This population was also hospital-associated and its SC diversity (Simpson index = 0.56, 
CI = 0.561-0.649) suggested horizontal transmission of the plasmid sequences in the po-
pulation. We identified a total of 138 plasmidome-population core genes from which 86 
had an associated COG. In this case, the most predominant COG group corresponded to 
the category G (carbohydrate transport and metabolism). This group included a com-
plete set of PTS systems involved in mannose/fructose/sorbose-specific utilisation con-
sisting of: i) IIA components (FIBMOKAC_00130, FIBMOKAC_00193), ii) IIB components 
(FIBMOKAC_00129, FIBMOKAC_00194), iii) IC components (FIBMOKAC_00128, FIBMO-
KAC_00195), iv) IID components (FIBMOKAC_00127, FIBMOKAC_00196), and v) glycosyl 
hydrolases (FIBMOKAC_00134), sugar kinases (FIBMOKAC_00257) (Suppl. Dataset S1). 
This highlights that most of the defined plasmidome-population core genes in this po-
pulation are responsible for the utilisation of complex carbohydrates. In this population, 
we also identified several TA systems catalogued as plasmidome-population core genes: 
i) MazE/MazF system (FIBMOKAC_00110, FIBMOKAC_00109), ii) toxin component of the 
Fic family (FIBMOKAC_00062) and iii) toxin RelE (FIBMOKAC_00122). We observed a plas-
midome-population core gene encoding a peptidoglycan binding domain protein (FIB-
MOKAC_00168) and with similarity to BacA belonged to the plasmidome-population core 
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in population 7. Furthermore, we identified the set of three genes forming the vex locus 
previously mentioned, formed by two efflux ABC transporters acting as permeases (EIAG-
HGLI_00196, EIAGHGLI_00200) and an ATP-binding protein (EIAGHGLI_00196). We also 
observed the presence of an ATPase from a type IV secretion system (FIBMOKAC_00012) 
that could be involved in the mobilization of plasmid sequences. We could confirm the 
widespread of these plasmidome-population core genes by inspecting our set of com-
pleted genome isolates from long-read sequenced isolates (n = 4) corresponding to hos-
pitalized patients (E7313, E8014 and E8423) and belonging to plasmidome population 
7. These isolates shared an identical RepA_N plasmid (> 200 kbp) with some structural 
rearrangements between their sequences and bearing the same set of PTS system present 
in two different parts of the plasmid replicon. To highlight this observation, we focused on 
the isolates E8014 and E8423 belonging to the SC groups 13 and 18 respectively. Both iso-
lates carried a similar large RepA_N plasmid sequence (accession numbers LR135352 and 
LR135476, 99.7% identity and 86% coverage, length > 200kbp) despite being non-clonally 
related.

Population 8

This population was also overrepresented among hospitalized patients but its associated 
Simpson index (0.15, CI = 0.151-0.216) indicated that the plasmid sequences present in this 
population were mainly clonally inherited. In total, we found 138 plasmidome-population 
core genes from which 88 had an associated COG. The most predominant COG group 
was the category L (replication, recombination, repair) with a total of 21 genes. Within 
this group, we found DNA topoisomerases III (EIAGHGLI_00076, EIAGHGLI_00227), ISEn-
fa3 transposases (HGPANJKB_00188, HGPANJKB_00238) or an IS256 transposase (EIAG-
HGLI_00195) among other examples (Suppl. Dataset S1). The second most predominant 
group (20 genes) represented category S (unknown function). Here, we could group genes 
in two classes: i) TA systems, including RelE/AbrB (EIAGHGLI_00212,EIAGHGLI_00211), Ma-
zEF (EIAGHGLI_00255, EIAGHGLI_00256) and Xre antitoxin component (EIAGHGLI_00223) 
and ii) Abi system formed by AbiEi and AbiEii (HGPANJKB_00033, HGPANJKB_00034) . We 
also found 12 plasmidome-population core genes belonging to COG category G which 
were mainly predicted to encode PTS systems: i) N-acetylglucosamine-specific IIABC 
component (EIAGHGLI_00204), ii) trehalose/maltose-specific IIBCA component (EIAGH-
GLI_00205) and iii) lactose/cellobiose-specific IIC component (EIAGHGLI_00221), among 
other examples of carbohydrate degradation and transport (Suppl. Dataset S1). We iden-
tified the same two efflux ABC transporters acting as permeases (EIAGHGLI_00196, EIAG-
HGLI_00200) and an ATP-binding protein (EIAGHGLI_00197) as well as the peptidoglycan 
binding domain protein (EIAGHGLI_00233) with highly similarity to BacA as plasmidome 
core genes. Also an ATPase gene from a type IV secretion system (EIAGHGLI_00030, COG 
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U) and the antimicrobial resistance gene, erm gene (EIAGHGLI_00163) conferring macro-
lide, lincosamide and streptogramin B resistance were assigned as plasmidome core ge-
nes. We confirmed the presence of these plasmidome-population core genes in the com-
plete plasmid sequences derived from long-read isolates belonging to population 8. The 
genes were carried into two different complete plasmid structures: i) a RepA_N plasmid 
with a length around 240 kbp present in the long-read isolates E8290 (accession number 
LR135395), E8414 (accession number LR135489), E7933 (accession number LR135385), 
E8328 (accession number LR135415), E8284 (accession number LR135409) and E8377 (ac-
cession number LR135402) and ii) an Inc18 plasmid with a length around 63 kbp present 
in the long-read isolates E8290 (accession number LR135396), E8414 (accession number 
LR135491), E7933 (accession number LR135387), E8284 (accession number LR135410) 
and E8377 (accession number LR135403). Most of the plasmidome-population core

genes resided in the RepA_N plasmid (240 kbp) whereas the erm gene and Xre toxin/
antitoxin system was present in the Inc18 plasmid.

Population 9 

This population was significantly associated to hospitalized patients and its SC diversity 
(Simpson index = 0.04, CI = 0.037-0.110) indicated that the plasmid sequences shared in 
the isolates belonging to the population were mainly vertically inherited. This population 
had the largest number of plasmidome-population core genes with a total of 205 from 
which 134 had an associated COG. There were two predominant COG groups L (replica-
tion, recombination and repair) and S (unknown function) which 34 genes respective-
ly. Within COG S group, we identified a similar set of genes and included the following 
categories: i) TA systems, RelE/AbrB system (OCOMIPFD_00142, OCOMIPFD_00141), Ma-
zEF system (OCOMIPFD_00214, OCOMIPFD_00215), HicAB system (OCOMIPFD_00079, 
OCOMIPFD_00080), toxin component of the Fic family (OCOMIPFD_00039), Txe/YoeB 
module (OCOMIPFD_00114, OCOMIPFD_00113) and ii) Abi system formed by AbiEi 
(OCOMIPFD_00180) and AbiEii (OCOMIPFD_00179). In COG group L, we identified se-
veral transposases such as ISEfa8 (OCOMIPFD_00144), ISEf1 (OCOMIPFD_00151), ISEfa7 
(OCOMIPFD_00197) transposases, DNA topoisomerases III (OCOMIPFD_00168), among 
other examples (Suppl. Dataset S1). We again observed the presence of an ABC trans-
porter system formed by two permeases (OCOMIPFD_00186, OCOMIPFD_00188) and an 
ATP-binding protein (OCOMIPFD_00187) as plasmidome core gene. In this population, 
we also observed a large set of antimicrobial resistance core genes including: i) aminog-
lycoside resistance genes, aacA-aphD (OCOMIPFD_00249), aadE (OCOMIPFD_00201) and 
aphA (OCOMIPFD_00271), ii) chloramphenicol resistance, cat gene (OCOMIPFD_00281), 
iii) macrolide, lincosamide and streptogramin B resistance, erm gene (OCOMIPFD_00086) 
and iv) glycopeptide resistance, vanA gene (OCOMIPFD_00136).
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Plasmidome-population core genes present in hospitalized patient isolates

In the previous section, we described the plasmidome-population core genes present in 
each population. Next, we analyze which plasmidome core genes were found among all 
the hospitalized patient isolates. This revealed only 10 plasmidome-population core ge-
nes present, which had an associated COG annotation. These genes corresponded to: i) an-
titoxin component from the AbrB family (OMLCIILE_00043) , ii) replication-associated pro-
tein (OMLCIILE_00041), iii) replication initiator protein (OMLCIILE_00049), iv) single-strand 
binding protein, ssb (OMLCIILE_00299), v) tyrosine recombinase, XerS (OMLCIILE_00437) 
and vi) putative transposon Tn552 DNA-invertase bin3 (OMLCIILE_00343). These genes are 
mainly involved in plasmid replication, recombination, repair or stabilization and thus are 
present within different plasmid structures. The low number of plasmidome core genes 
among hospitalized patient isolates may be explained by the heterogeneity (differences 
in isolation time, year and countries) of isolates falling under this category and empha-
sizing that different plasmid configurations have evolved within this source group. If we 
lower the threshold to define a gene as plasmidome-population core (from 95% to > 90% 
isolates) we identified 39 plasmidome-population core genes from which 22 had an as-
sociated COG annotation. This set of 39 plasmidome-population core genes (present in 
> 90% of hospitalized patient isolates), included several genes previously highlighted 
for some of the populations, like antimicrobial resistance genes such as aminoglycosi-
de resistance (aacA-aphD, OMLCIILE_00488) and ii) erythromycin resistance (erm, OML-
CIILE_00367) and the RelE toxin (OMLCIILE_00042). RelE is frequently coupled with the 
antitoxin component from the AbrB family described above, which makes this TA system 
an attractive target to combat antimicrobial resistance in hospitalized patients by plasmid 
clearance. Furthermore, we observed the locus of three genes formed by two permeases 
(HKLEHDKC_00083, OMLCIILE_00480) and an ATP-binding protein (OCOMIPFD_00187). 
This locus of three genes was not present in populations not related to hospitalized pa-
tients (population 1, 2 and 4) which suggests that these three genes may have contribu-
ted to the adaptation of E. faecium to the hospital environment. We also identified two ge-
nes described several times in the previous populations related to mobilization of plasmid 
sequences formed by a type IV secretion system (OMLCIILE_00070) and TraG involved in 
conjugation machinery (OMLCIILE_00070).

Supplementary Methods 

Illumina sequencing

Bacterial isolates were grown overnight (O/N) at 37°C on blood agar plates. Single colo-
nies were picked up and grown O/N at 37°C with Brain Heart Infusion (BHI). Bacterial cell 
pellets were pretreated and incubated 1-4 hours with 180 μL of enzymatic lysis buffer. 
Subsequently, 0.75 mg proteinase K were added and incubated at 56°C until lysis comple-
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tion. 20 μL of RNAse A (10mg/mL) were added and incubated for 5’ at room-temperature 
(RT). Total DNA purification was performed using and following the protocol from Nu-
cleoSpin 96 Tissue Core Kit (Machery-Nagel), vacuum processing. DNA concentration was 
measured using Quant-it Picogreen (Thermo Fisher Scientific). Library preparation was 
carried out following Nextera DNA Library Prep Reference Guide. Finally, Nextera libraries 
were sequenced using Illumina NextSeq at USEQ, Utrecht, The Netherlands (http://www.
useq.nl).

WGS short-read assemblies

Illumina reads were trimmed using nesoni clip, part of the nesoni toolkit (version 0.132), 
with the following settings: ‘--adaptor-clip yes --match 10 --max-errors 1 --clip-ambiguous 
yes --quality 10 --length 90 --trim-start 0 --trim-end 0 --gzip no --out-separate yes pairs:’. 
Trimmed reads were then assembled into scaffolds using SPAdes (version 3.5.0) with de-
fault settings. Scaffolds with an average coverage lower than 10 and/or a length smaller 
than 500bp were removed from the assemblies.

Selection of isolates to sequence by ONT

A fraction (n=62) of the total number of isolates was selected for long-read sequencing 
using Nanopore technology. We initially predicted the plasmid content of the isolates in 
silico using PlasmidSPAdes (version 3.8.2) which performs de novo assembly filtering out 
contigs with a coverage similar to the host chromosome coverage (17). Prokka (version 
1.12) was used to annotate the putative remaining plasmid contigs specifying the custom 
Enterococcus database provided (18). Orthologous clustered genes were estimated using 
Roary (version 3.8), splitting paralogues and defining a threshold of 95% amino-acid le-
vel similarity to cluster protein sequences (19). This multi-dimensionality matrix was then 
reduced and visualized to two dimensions using the t-Distributed Stochastic Neighbor 
Embedding (t-SNE) (theta = 0.5, iterations = 1000, dims = 2) using the implementation 
provided in the R package Rtsne (version 0.13) (20, 21). To avoid manual selection of the 
isolates, k-means function (iter.max = 1000) provided in the R package stats (version 3.4.4) 
was used to and allocated 50 centroids into the dimensionality reduced distribution given 
by tSNE. Euclidean distance of each isolate was calculated to extract the 50 isolates closest 
to each centroid. To cover all plasmid replication genes not present in the first selection, 
12 additional isolates were selected for Nanopore sequencing. This second selection was 
based on a reciprocal blast (blastx and tblastn, -evalue 1e-10) of the predicted plasmid 
orthologous genes against 76 previously described plasmid replication amino-acid se-
quences from the genus Enterococcus (22). Isolates bearing plasmid replication genes not 
present in the first selection were sorted and selected based on the highest number of 
orthologous genes.



-134-

Chapter 4

ONT sequencing

E. faecium selected isolates (n = 62) were grown O/N at 37°C on blood agar plates, then 
single colonies were picked up and grown with BHI at 37°C. Genomic DNA was extrac-
ted using the Wizard Genomic DNA purification kit (Promega) following manufacturer’s 
instructions. Isolated DNA was sheared (4000 rpm, 2x120 seconds) using G-tubes (Cova-
ris). Library preparation was performed using Ligation Sequencing Kit 1D (SQK-LSK108) 
with the Native Barcoding Kit 1D (EXP-NBD103). Genomic libraries were loaded onto R9.4 
(FLO-MIN106) flowcells using the MinION device (Mk2). Libraries were basecalled using 
Metrichor workflows (Run 1 ,2, 3), Albacore 1.01 (Run 4, 5) and Albacore 1.1.0 (Run 6). ONT 
Sequencing and basecalling were conducted at USEQ, Utrecht, The Netherlands (http://
www.useq.nl)

Assembly of ONT sequenced isolates

Fastq files were obtained from base-called data using Poretools (version 0.6.0) except 
for Run6 in which fastq files were retrieved using Albacore (version 1.1.0). Distribution of 
read length and total number of reads were calculated using Bioawk (version 20110810, 
https://github.com/lh3/bioawk). We used Porechop (version 0.2.1, https://github.com/rr-
wick/Porechop) to trim reads and filter out chimeras from different bins specifying the 
flag “--discard_middle”. Illumina reads were trimmed using seqtk (version 1.2-r94, https://
github.com/lh3/seqtk) with the command “--trimfq” prior to assembly. Hybrid assembly 
was performed using Unicycler (version 0.4.1), specifying “bold” mode (23). Briefly, Uni-
cycler uses SPAdes (version 3.6.2) to create different assembly graphs based on different 
k-mer size only considering Illumina reads (24). The best assembly graph was selected by 
Unicycler based on number of dead-ends and contiguity. Next, all ONT reads were used 
to scaffold and solve the assembly graph. Additionally, we specified the same file as de-
scribed above (section ‘Selection of isolates to sequence by ONT’) containing 76 known 
plasmid replication sequences to rotate and change the 0-coordinate of circular replicons 
resulting from hybrid assembly (22). Finally, Unicycler conducted several rounds of Pilon 
(version 1.22) to polish genome sequences using Illumina reads (25).

Characterization of fully assembled plasmids

Contigs derived from hybrid assembly were labeled either as chromosome or plasmid ba-
sed on sequence length and circularization signatures. Contigs were categorized as plas-
mid if they presented circularization signatures and a sequence length smaller than 350 
kbp. Putative plasmids smaller than 350 kbp and lacking circularization signatures were 
not considered for further analysis. Rapid annotation by Prokka (version 1.12) (18) allowed 
us to discard four putative circular phage sequences. We used Abricate (version 0.8.2) to 
query (> 80% identity & > 60% coverage) our set of completed plasmid sequences (n = 
305) versus a curated database of known replication initiator and relaxases proteins from 
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Figure S1. Intersection plot of the combination of RIP and relaxases found in the set of complete 
plasmid sequences present in long-read sequenced isolates indicating the isolation source in which 
they were identified. 

Supplementary Figures

Enterococcus (5, 26). Replicon sequences with a lower identity (< 80% ID) were classified 
as Rip-like. Completed plasmid sequences were clustered using Mash (k = 21, s = 1000 ; 
version 1.1) (27) and the resulting distance matrix was clustered using the hclust functi-
on (method = ‘ward.D2’) provided in R package stats (version 3.4.4). Dendrogram visuali-
zation and metadata associated to plasmid isolates was displayed using ggtree (version 
1.13.3) (28).



-136-

Chapter 4

Figure S2. Boxplot of the distribution in length from the plasmids identified in our set of long-read 
sequences isolates (n = 59) with complete plasmid sequences. Each isolate (y axis) was colored ba-
sed on isolation source (brown, poultry; green, pe; red, hospitalized patient; blue, non-hospitalized 
person; pink, pig). Isolates are displayed in ascending order based on the total number of plasmids 
identified.
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Figure S3. Maximizing resolution of the bioNJ plasmid-based tree. (A) bioNJ tree of 1,639 isolates 
considering plasmid-predicted contigs by mlplasmids. (B). Histogram against fitted density func-
tions of pairwise Mash distances obtained by denscomp function (fitdistrplus R package). Vertical 
dashed line indicates the Mash distance (0.1224967) used to filter out isolates (n = 37) with a higher 
average pairwise Mash distance. (C) bioNJ plasmid-based tree of 1,607 isolates after exclusion of 32 
isolates.
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Figure S4. Definition of plasmidome populations. (A). Average silhouette index for plasmid dissimila-
rity matrix of pairwise Mash distances clustered using hierarchical clustering (ward.D2), computed-
for different clustering solutions (2 to 100). We selected 26 as the optimal number of clusters present 
in the data, which corresponded to an average silhouette index of 0.42. (B) Dendrogram with 26 
clusters. From these 26 clusters, we only selected plasmidome populations (n = 9) if a particular clus-
ter had a size larger than 50 isolates and an average silhouette index higher than 0.3. Each plasmid 
population showed overrepresentation of at least one isolation source.
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Figure S5. Clustering quality and diversity of the defined plasmidome populations (n = 9). (A) Aver-
age silhouette index of each plasmidome population. Size of the point indicates the number of 
isolates belonging to that particular population. Horizontal dashed line indicates the average sil-
houette index of the selected clustering solution (k = 26, average silhouette index, 0.42). (B) Simpson 
indexes and their associated confidence intervals (95%, 1,000 bootstrap replications), based on SC 
diversity.
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Figure S6 Number of core plasmidome genes (y axis) grouped into COG categories (x axis) from each 
plasmidome population
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Figure S7 Differences in the observed means of average pairwise distances when comparing 
within-host and between-host groups against our defined random group of isolates. Each line cor-
responds to a different genomic component (whole genome, black solid; chromosome, dotted red; 
plasmid, dashed purple), and test significance is indicated based on shape (triangle, nonsignificant; 
circle, significant).
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Supplementary Tables 

Dataset S1 is available at https://mbio.asm.org/content/11/1/e03284-19. 
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Abstract

Plasmids can horizontally transmit genetic traits, enabling rapid bacterial adaptation to 
new environments and hosts. Short-read whole-genome sequencing data are often ap-
plied to large-scale bacterial comparative genomics projects but the reconstruction of 
plasmids from these data is facing severe limitations, such as the inability to distinguish 
plasmids from each other in a bacterial genome. We developed gplas, a new approach to 
reliably separate plasmid contigs into discrete components using sequence compositi-
on, coverage, assembly graph information and network partitioning based on a pruned 
network of plasmid unitigs. Gplas facilitates the analysis of large numbers of bacterial iso-
lates and allows a detailed analysis of plasmid epidemiology based solely on short-read 
sequence data. 

Gplas is written in R, Bash and uses a Snakemake pipeline as a workflow management 
system. Gplas is available under the GNU General Public License v3.0 at https://gitlab.
com/sirarredondo/gplas.git.
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Introduction 

A single bacterial cell can harbor several distinct plasmids; however, current plasmid pre-
diction tools from short-read WGS often have a binary outcome (plasmid or chromoso-
me). To bin predicted plasmids into discrete entities, we built a new method based on 
the following concepts: (i) contigs of the same plasmid have a uniform sequence cover-
age (1,2), (ii) plasmid paths in the assembly graph can be searched for using a greedy ap-
proach (3) and (iii) removal of repeat units from the plasmid graphs disconnects the graph 
into independent components (4).

Here, we refined these ideas and introduce the concept of unitigs co-occurrence to create 
a pruned plasmidome network. Using an unsupervised approach, the network is queried 
to find highly connected nodes corresponding to sequences belonging to the same dis-
crete plasmid unit, representing a single plasmid. We show that our approach outper-
forms other de novo and reference-based tools and fully automates the reconstruction of 
plasmids from short reads.

Results

Gplas in combination with mlplasmids obtained the highest average precision (0.88) in-
dicating that the predicted components were mostly formed by nodes belonging to the 
same discrete plasmid unit (Table 1 and Supplementary Fig. S1). The reported average 
completeness value (0.79) showed that most of the nodes from a single plasmid were 
recovered as a discrete plasmid bin by gplas (Table 1 and Supplementary Fig. S2). We ob-
served a decline in the performance of gplas in combination with mlplasmids (precisi-
on = 0.82, completeness = 0.72) when considering uniquely bins with a size larger than 
one which indicated merging problems of large plasmids with a similar k-mer coverage 
(Supplementary Fig. S3 and Results S2). However, in all cases, the performance of gplas in 
combination with mlplasmids performed better than other de novo and reference-based 
tools tested here (Table 1). To show the potential of gplas in combination with mlplasmids, 
we showcase the performance of our approach in two distinct bacterial isolates (Supple-
mentary Results S1 and S2).

Mlplasmids only contains a limited range of species models (Supplementary Methods). 
For other bacterial species, we observed that plasflow probabilities in combination with 
gplas performed similar than the other de novo approaches but also introduced bias when 
wrongly predicting chromosome contigs as plasmid nodes (Table 1 and Supplementary 
Fig. S1), thereby creating bins corresponding to chromosome and plasmid chimeras (pre-
cision = 0.62).
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Table 1. Gplas benchmarking

Tool Precision Completeness Bin size

gplas - mlplasmids 0.88/0.82a 0.79/0.72a 6.02/10.9a

gplas - plasflow 0.62/0.45a 0.52/0.32a 7.17/11.1a

hyasp 0.64/0.56a 0.36/0.30a 3.84/5.65a

mob-recon 0.79/0.71a 0.56/0.51a 3.4/7.22a

plasmidSPAdes 0.52/0.27a 0.56/0.38a 6.99/13.7a

aComponents > 1 node

Discussion 

We present a new tool called gplas, which enables the binning and a detailed analysis 
workflow of binary classified plasmid contigs into discrete plasmid units by relying on 
the structure of the assembly graph, k-mer information and partitioning of a pruned plas-
midome network. A limitation of the presented approach is the generation of chimeras 
resulting from plasmids with similar k-mer profiles, k-mer coverage and sharing repeat 
unit(s), such as a transposase or an IS element. These cases cannot be unambiguously 
solved. Here, we integrated and extended upon features to predict plasmid sequences 
and exploit the information present in short-read graphs to automate the reconstruction 
of plasmids.

Material and Methods 

Gplas algorithm

Given a short-read assembly graph (gfa format), segments (nodes) and edges (links) are 
extracted from the graph. Gplas uses mlplasmids (version 1.0.0, prediction threshold 0.5) 
or plasflow (version 1.1, prediction threshold 0.7) to classify segments as plasmid- or chro-
mosome-derived and selects segments with an in- and out- degree of 1 (unitigs) (5,6). The 
k-mer coverage SD of the chromosome-derived unitigs is computed to quantify the fluc-
tuation in the coverage of segments belonging to the same replicon unit. Plasmid-derived 
unitigs are considered to search for plasmid walks with a similar coverage and composi-
tion using a greedy approach (Supplementary Methods S1). Gplas creates a plasmidome 
network (undirected graph) in which nodes correspond to plasmid unitigs and edges are 
created and weighted based on the co-existence of the nodes in the solution space of 
the computed walks. Modularity values computed using a selection of partitioning algo-
rithms (7,8,9) are considered to perform a voting decision regarding the split of the com-
ponents into different bins (subcomponents) in the undirected network (Supplementary 
Methods S1). These bins represent the set of plasmids present in the bacterial isolate and 
are plotted in the plasmidome network using igraph R package (10). The pseudocode and 
formalization of the algorithm are available in Algorithm 1 and Supplementary Methods 
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a voting decision regarding the split of the components into different
bins (subcomponents) in the undirected network (Supplementary
Methods S1). These bins represent the set of plasmids present in the
bacterial isolate and are plotted in the plasmidome network using
igraph R package (Csardi et al., 2006). The pseudocode and formal-
ization of the algorithm are available in Algorithm 1 and
Supplementary Methods S1, respectively.

2.2 Benchmarking dataset
Gplas was benchmarked against current existing tools to bin plas-
mid contigs from short-read WGS: (i) plasmidSPAdes (de novo-
based approach, version 3.12) (Antipov et al., 2016), (ii) mob-recon
(reference-based approach, version 1.4.9.1) (Robertson and Nash,
2018) and (iii) hyasp (hybrid approach, version 1.0.0) (Müller and

Chauve, 2019). To evaluate the binning tools, we selected a set of
28 genomes with short- and long-read WGS available including 106
plasmids from 9 different bacterial species, which were not present
in the databases or training sets of the tools (Supplementary
Methods S3 and Table S1) (Arredondo-Alonso et al., 2020; De
Maio et al., 2019; Decano et al., 2019; Wick et al., 2017).

Let nbin be the total number of nodes present in the predicted bin
and define ref as the reference replicon sequence with a highest num-
ber of nodes in each bin. Let nref be the total number of nodes com-
prised in ref. We then define two metrics commonly used in
metagenomics for binning evaluation: (i) precision and (ii) complete-
ness (Supplementary Methods S4).

precision ¼ nbin 2 nref
nbin

completeness ¼ nbin 2 nref
nref

:

3 Results

Gplas in combination with mlplasmids obtained the highest average
precision (0.88) indicating that the predicted components were
mostly formed by nodes belonging to the same discrete plasmid unit
(Table 1 and Supplementary Fig. S1). The reported average com-
pleteness value (0.79) showed that most of the nodes from a single
plasmid were recovered as a discrete plasmid bin by gplas (Table 1
and Supplementary Fig. S2). We observed a decline in the perform-
ance of gplas in combination with mlplasmids (precision ¼ 0.82,
completeness ¼ 0.72) when considering uniquely bins with a size
larger than one which indicated merging problems of large plasmids
with a similar k-mer coverage (Supplementary Fig. S3 and Results
S2). However, in all cases, the performance of gplas in combination
with mlplasmids performed better than other de-novo and
reference-based tools tested here (Table 1). To show the potential of
gplas in combination with mlplasmids, we showcase the perform-
ance of our approach in two distinct bacterial isolates
(Supplementary Results S1 and S2).

Mlplasmids only contains a limited range of species models
(Supplementary Methods). For other bacterial species, we observed
that plasflow probabilities in combination with gplas performed
similar than the other de-novo approaches but also introduced bias
when wrongly predicting chromosome contigs as plasmid nodes
(Table 1 and Supplementary Fig. S1), thereby creating bins corre-
sponding to chromosome and plasmid chimeras (precision ¼ 0.62).

4 Discussion

We present a new tool called gplas, which enables the binning and a
detailed analysis workflow of binary classified plasmid contigs into
discrete plasmid units by relying on the structure of the assembly
graph, k-mer information and partitioning of a pruned plasmidome
network. A limitation of the presented approach is the generation of
chimeras resulting from plasmids with similar k-mer profiles, k-mer
coverage and sharing repeat unit(s), such as a transposase or an IS
element. These cases cannot be unambiguously solved. Here, we
integrated and extended upon features to predict plasmid sequences

Table 1. Gplas benchmarking

Tool Precision Completeness Bin size

gplas–mlplasmids 0.88/0.82a 0.79/0.72a 6.02/10.9a

gplas–plasflow 0.62/0.45a 0.52/0.32a 7.17/11.1a

hyasp 0.64/0.56a 0.36/0.30a 3.84/5.65a

mob-recon 0.79/0.71a 0.56/0.51a 3.4/7.22a

plasmidSPAdes 0.52/0.27a 0.56/0.38a 6.99/13.7a

aComponents >1 node.

Algorithm 1 Gplas pseudocode
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S1, respectively.

Benchmarking dataset

Gplas was benchmarked against current existing tools to bin plasmid contigs from short-
read WGS: (i) plasmidSPAdes (de novo- based approach, version 3.12) (1), (ii) mob-recon 
(reference-based approach, version 1.4.9.1) (11) and (iii) hyasp (hybrid approach, version 
1.0.0) (3). To evaluate the binning tools, we selected a set of 28 genomes with short- and 
long-read WGS available including 106 plasmids from 9 different bacterial species, which 
were not present in the databases or training sets of the tools (Supplementary Methods 
S3 and Table S1) (12,13,14,15).

Let nbin be the total number of nodes present in the predicted bin and define ref as the 
reference replicon sequence with a highest number of nodes in each bin. Let nref be the 
total number of nodes comprised in ref. We then define two metrics commonly used in 
metagenomics for binning evaluation: (i) precision and (ii) completeness (Supplementary 
Methods S4).

a voting decision regarding the split of the components into different
bins (subcomponents) in the undirected network (Supplementary
Methods S1). These bins represent the set of plasmids present in the
bacterial isolate and are plotted in the plasmidome network using
igraph R package (Csardi et al., 2006). The pseudocode and formal-
ization of the algorithm are available in Algorithm 1 and
Supplementary Methods S1, respectively.

2.2 Benchmarking dataset
Gplas was benchmarked against current existing tools to bin plas-
mid contigs from short-read WGS: (i) plasmidSPAdes (de novo-
based approach, version 3.12) (Antipov et al., 2016), (ii) mob-recon
(reference-based approach, version 1.4.9.1) (Robertson and Nash,
2018) and (iii) hyasp (hybrid approach, version 1.0.0) (Müller and

Chauve, 2019). To evaluate the binning tools, we selected a set of
28 genomes with short- and long-read WGS available including 106
plasmids from 9 different bacterial species, which were not present
in the databases or training sets of the tools (Supplementary
Methods S3 and Table S1) (Arredondo-Alonso et al., 2020; De
Maio et al., 2019; Decano et al., 2019; Wick et al., 2017).

Let nbin be the total number of nodes present in the predicted bin
and define ref as the reference replicon sequence with a highest num-
ber of nodes in each bin. Let nref be the total number of nodes com-
prised in ref. We then define two metrics commonly used in
metagenomics for binning evaluation: (i) precision and (ii) complete-
ness (Supplementary Methods S4).

precision ¼ nbin 2 nref
nbin

completeness ¼ nbin 2 nref
nref

:

3 Results

Gplas in combination with mlplasmids obtained the highest average
precision (0.88) indicating that the predicted components were
mostly formed by nodes belonging to the same discrete plasmid unit
(Table 1 and Supplementary Fig. S1). The reported average com-
pleteness value (0.79) showed that most of the nodes from a single
plasmid were recovered as a discrete plasmid bin by gplas (Table 1
and Supplementary Fig. S2). We observed a decline in the perform-
ance of gplas in combination with mlplasmids (precision ¼ 0.82,
completeness ¼ 0.72) when considering uniquely bins with a size
larger than one which indicated merging problems of large plasmids
with a similar k-mer coverage (Supplementary Fig. S3 and Results
S2). However, in all cases, the performance of gplas in combination
with mlplasmids performed better than other de-novo and
reference-based tools tested here (Table 1). To show the potential of
gplas in combination with mlplasmids, we showcase the perform-
ance of our approach in two distinct bacterial isolates
(Supplementary Results S1 and S2).

Mlplasmids only contains a limited range of species models
(Supplementary Methods). For other bacterial species, we observed
that plasflow probabilities in combination with gplas performed
similar than the other de-novo approaches but also introduced bias
when wrongly predicting chromosome contigs as plasmid nodes
(Table 1 and Supplementary Fig. S1), thereby creating bins corre-
sponding to chromosome and plasmid chimeras (precision ¼ 0.62).

4 Discussion

We present a new tool called gplas, which enables the binning and a
detailed analysis workflow of binary classified plasmid contigs into
discrete plasmid units by relying on the structure of the assembly
graph, k-mer information and partitioning of a pruned plasmidome
network. A limitation of the presented approach is the generation of
chimeras resulting from plasmids with similar k-mer profiles, k-mer
coverage and sharing repeat unit(s), such as a transposase or an IS
element. These cases cannot be unambiguously solved. Here, we
integrated and extended upon features to predict plasmid sequences

Table 1. Gplas benchmarking

Tool Precision Completeness Bin size

gplas–mlplasmids 0.88/0.82a 0.79/0.72a 6.02/10.9a

gplas–plasflow 0.62/0.45a 0.52/0.32a 7.17/11.1a

hyasp 0.64/0.56a 0.36/0.30a 3.84/5.65a

mob-recon 0.79/0.71a 0.56/0.51a 3.4/7.22a

plasmidSPAdes 0.52/0.27a 0.56/0.38a 6.99/13.7a

aComponents >1 node.

Algorithm 1 Gplas pseudocode
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Supplementary Results

Gplas showcase: K. pneumoniae KSB1_7G (S1)

To show the potential of gplas to bin contigs into discrete plasmid units, we showcase 
the isolate Klebsiella pneumoniae KSB1_7G (Supplementary Table S1). This genome has 
several features that allows to showcase the features used by gplas (Table S2): i) presence 
of two discrete components showing a similar k-mer coverage and containing plasmid 
starting nodes, ii) a low number of nodes that reduces the total number of walks, indis-
pensable for visualization purposes and iii) no dead-ends present in the short-read graph.

Component B (Figure S5, left component) and C (Figure S5, right component) correspond 
to two discrete plasmid sequences with an approximated length of 161 kbp and 112 kbp 
respectively (Figure S5). Component C has a unique edge corresponding to a self-loop 
since that plasmid sequence has circularization signatures present in the boundaries of 
the node 15.

Gplas uses mlplasmids (or plasflow, in case a bacterial species not listed in mlplasmids is 
chosen) to predict plasmid- derived and chromosome-derived nodes. Predicted plasmid 
nodes with an in- out-degree equal to 1 (unitigs) are considered as plasmid starting no-
des. Chromosome-derived nodes corresponding to unitigs are used to calculate the k-mer 
coverage standard deviation (0.034) present in nodes belonging to the same replicon. 
Plasmid starting- nodes (15, 18, 20, 24, 25, 26, 27) are considered to search for plasmid-like 
walks. For the purpose of visualization procedures, we create a space search of 5 solutions 
per each plasmid starting node. We use the plasmid starting node 18+ to show the work-
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flow of gplas:

- 18+ is the first node of the walk.

- The coverage of the walk corresponds to 1.35.

- The unique outcoming edge (18+,33-) corresponds to a connection with a repeat unit 
since 33- has two incoming and two outcoming edges (in-degree and out-degree of 2) 
resulting in a coverage of 2.70. This outcoming edge (18+,33-) is assigned with a default 
gplas score of 0.25 corresponding to a default k-mer composition and coverage score of 
0.5 respectively.

- We sample the vector of gplas scores to select for an outcoming edge to elongate the 
walk. In this case, only a single edge can be selected to elongate the walk.

- We include the node (33-) from the outcoming edge (18+,33-). The first elongation re-
sults in the walk: 18+,33-

-We update the k-mer coverage of the walk. In this case, the coverage of the walk remains 
1.35 since the k- mer coverage of 33- is not considered. Only unitig nodes with a length 
larger than 1 kbp are considered in this step.

- There are two outcoming edges from the node 33- : i) 33-, 20- and ii) 33-, 24+.

- We calculate the probcoverage and retrieve the probplasmid of the outcoming edges. In 
this case, the edges connect to nodes showing a similar probcoverage (Figure S6 and S7) 
since both are part of the same replicon. We retrieve the probplasmid corresponding to 
the probabilities of being plasmid-derived: 0.86 (20-) and 0.94 (24+). This results in a gplas 
score of 0.31 (33-, 20-) and 0.48 (33-,24+).

- We sample one of the outcoming two edges and elongate the walk with the selected 
connection.

- In this case, we update the k-mer coverage of the walk using 18- and 20- or 24+, depen-
ding on which outcoming node was selected.

We follow this procedure until reaching the following four scenarios: i) all outcoming ed-
ges have a final gplas score lower than the filtering threshold (default = 0.10), ii) no outco-
ming edges are available to elongate the walk (e.g. dead-end), iii) the last node incorpora-
ted in the walk corresponds to the initial plasmid starting node (circularization signature) 
and iv) the length of the path exceeds 100 nodes. We repeat this procedure 5 times (only 
for visualization purposes) and end up with the solutions illustrated in Figure S8. We find 
the solution: ’18+,33-,20-,31-,25-,31+,18+’ repeated 4 times and the solution: ’18+, 33-, 
24+, 38-, 27-, 38+, 26-, 33-, 20-, 31-, 25-, 21+, 18+’ (third panel in Figure S8).

Interestingly, we find repeated 5 times the solution ’18-,31-,25+,31+,20+,33+,18-’ if the 
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plasmid search is initialized from the opposite direction 18- (Figure S9). We repeat the 
same approach with the other plasmid starting nodes (15, 20, 24, 25, 26 and 27) to obtain 
our space of solutions.

Using this space of solutions, we create a novel set of edges connecting all the plasmid 
unitigs present within the same solution. Furthermore, we weight these edges based on 
the frequency in which they appear in the set of solutions. This is considered to create 
a new plasmidome network corresponding to an undirected graph in which nodes are 
plasmid unitigs and edges correspond to the co-occurrence of these plasmid unitigs in 
the solutions with different weights based on the frequency of the connections.

The bins with a size larger than 1 node and present in the plasmidome network are que-
ried to decide whether to split the component into different bins (subcomponents) or 
predict a single bin and retain the original component. For this purpose, we compare 
three different partitioning algorithms: i) walktrap (cluster_walktrap function in igraph 
R package (4, 11)), based on finding communities in the graph via random walks, ii) lea-
ding eigen (cluster_leading_eigen function in igraph R package (3, 4)), based on the cal-
culation of the leading non-negative eigen vector from the graph modularity matrix, iii) 
Louvain method (cluster_louvain function in igraph R package (4, 10)), based on a greedy 
way implementation that tries to maximize the modularity by reassigning vertices from 
the graph.

The modularity of the graph after partitioning the networks with each algorithm is com-
puted using the formula described in the function modularity from the igraph R pack-
age(4).

We consider a modularity value larger than 0.2 as a support vote to split the component 
into different bins (sub components). We perform a voting decision between the four li-
sted algorithms and in case there is a majority of algorithms supporting the split of the 
component, we consider the algorithm achieving a highest modularity to split the com-
ponent into the proposed number of bins.

For the components present in the plasmidome network with a size equal to 1, we classi-
fied them as singletons which are bins with only one node. These usually correspond to 
small plasmids in which there is a self-edge already present in the original graph given to 
gplas.

We finally incorporate the bin assignment of the nodes (Table S3) into the plasmidome 
network by using different colours. Thus, nodes belonging to the same bin are identically 
coloured in the final plasmidome network (Figure S10).

In this simplified example in which we only requested for the search of 5 plasmid-like 
walks per starting node, two different bins were obtained. Bin 2 contains a single node, 



-154-

Chapter 5

15, with a self-loop indicating the presence of circularization signatures (precision 1.0, 
completeness = 1.0). Interestingly, even though node 15 has a k-mer coverage similar to 
other plasmid starting nodes, the structure of the original assembly graph indicated that 
it corresponded to an independent plasmid sequence and thus no edges can cross the-
se sequences. We encounter this scenario only if the plasmid sequences share no repeat 
sequences. This highlights the importance of searching for walks using the original graph 
rather than simply binning nodes based on similar k-mer coverage or composition. Bin 1 
(precision= 1.0, completeness = 1.0) belongs to plasmid 2 (Table S3).

Gplas showcase on plasmids with a similar k-mer coverage (S2)

To highlight the main limitation of gplas, we show the results obtained for the K. pneu-
moniae isolate SAMN10819819 (Supplementary Table S1). This isolate contained five plas-
mids (Figure S11), and two of them corresponded to large plasmids with a very similar 
k-mer coverage (1.69x and 1.66x) and length (107.577 kbp and 88.581 kbp).

 The short-read graph associated to this isolate was complex with a total of 289 nodes, 398 
edges and 12 dead-ends (Figure S12). Gplas in combination with mlplasmids predicted 
a total of 4 bins in the plasmidome network shown in Figure S13. Two of these four bins 
(light and dark green) had only one node and were formed by the small plasmids, node 84 
and node 81 (Figure S13). For these cases, gplas obtained a precision and completeness 
of 1.0.

The other two bins corresponded to: i) orange bin (reported as bin number 2 in Supple-
mentary Table S2) with a precision and completeness of 1.0, formed by the nodes of the 
175.881 kbp plasmid (Figure S11) and ii) light blue bin (reported as bin number 1 in Sup-
plementary Table S2) with a precision of 0.58 and completeness of 1.0 with a mixture of 
nodes from the 107.577 kbp and 88.581 kbp plasmid (Figure S11).

In the case of light blue bin (Figure S13), gplas in combination with mlplasmids created 
paths corresponding to chimeras between these two plasmids since they share repeat 
units and have a similar k-mer coverage that resulted in the acceptance of connections 
belonging to different plasmid units.
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Supplementary Methods

Gplas formalization (S1)

Supplementary material from gplas: a comprehensive tool for
plasmid analysis using short-read graphs

Sergio Arredondo-Alonso, Martin Bootsma, Yaïr Hein, Malbert R.C. Rogers, Jukka Corander, Rob JL Willems and
Anita C. Schürch

SUPPLEMENTARY METHODS S1
Gplas requires a single input corresponding to a graph in gfa format (version 1.0) (https://github.com/GFA-spec/
GFA-spec). We can define the nodes N present in a graph G by:

N = {N1, N2, ..., Nn},

i.e., the number of nodes in G, |N | equals n. Nodes can also be referred to as segments, contigs or vertices. Fur-
thermore, we can define the set of links L as the set of directed connections between two elements of N :

L = {(i, j) : |1 ≤ i, j ≤ n with a link from Ni to Nj}.

Links can also be referred as edges. We also denote the edge from vertex v to vertex w by e(v, w). We can define
the graph G given by the user as:

G = (N,L).

For each v ∈ N , we define the in-degree di(v) and the out-degree do(v) as the number of edges in L towards and
from vertex v respectively. We define |v| as the length of segment v, i.e., the number of nucleotides of segment v.

Mlplasmids (version 1.0.0) provides for each v ∈ N a probability whether v is plasmid-derived if the given G cor-
responds to a bacterial species included in the tool (Enterococcus faecium, Klebsiella pneumoniae or Escherichia
coli). To generalize the prediction to other bacterial species, the probabilily that the segment is plasmid-derived
can also be derived using plasflow (version 1.1) which provides a metagenomics classifier to retrieve plasmid-derived
sequences. For either method, we define π(v) as the probability that segment v is plasmid-derived.

For a graph G generated by SPAdes, the k-mer count information of node Ni is extracted from the "kc" tag present
in the header line of Ni for each node 1 ≤ i ≤ n . The k-mer count is divided by |Ni| and normalised against the
median k-mer count. If G was generated from Unicycler, the normalised depth of Ni (k-mer coverage) is retrieved
from the tag "dp" which is already present in the header line of Ni. In both cases, this value is further considered
and defined as the coverage of a particular node v ∈ N , and denoted by c(v).

Let t be the threshold for posterior probability of the plasmid class π reported by mlplasmids or plasflow. We then
define P as the set of plasmid-predicted contigs by:

P =
{
v ∈ N : π(v) ≥ t, di(v) = do(v) = 1, |v| ≥ 1 kbp

}
.

And C as the set of chromosome-predicted contigs by:

C =
{
v ∈ N : π(v) < t, di(v) = do(v) = 1, |v| ≥ 1 kbp

}
.
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|P| and |C| are the number of contigs that are plasmid-predicted and chromosome-predicted, respectively. For the
set of chromosome-predicted contigs, we define the average coverage μC and the variance of the coverage s2C by:

μC =
1

|C|
∑
v∈C

c(v)

s2C =
1

|C| − 1

∑
v∈C

(c(v)− μC)2.

For a graph G = (N,L), a walk of length k ∈ N is defined as a finite sequence of alternating vertices and edges
(v0, e(v0, v1), v1, e(v1, v2), . . . , e(vk−1vk), vk) with vi ∈ N for 0 ≤ i ≤ k and edge e(vi−1vi) is the edge in L from
vi−1 to vi for all 1 ≤ i ≤ k. We denote the set of vertices {v0, v1, . . . , vk} of a walk W by V (W ).

Here we consider a special class of walks with the following properties:

1. v0 ∈ P, i.e., the walk starts from a segment which is predicted to be plasmid-derived.

2. k ≤ M = 100, i.e, we only consider of walks of length less or equal to M = 100.

3. vi �= v0 for 1 ≤ i < k i.e., the walks either does not return to the starting vertex or ends when it returns to
the starting vertex.

If we have a walk W = (v0, e(v0, v1), v1, e(v1, v2), . . . , e(vk−1, vk), vk) which can be extended, i.e., k < M and vk �=
v0, we want to quantify whether a node v for which the edge e(vk, v) exists, is a likely extension of the walk or not.
We call such a node v a candidate extension node. Slightly abusing notation, we define the average coverage of
walk W , c(W ), as:

c(W ) =
1

|V (W )
⋂
(C ∪ P)|

∑
v∈(V (W )

⋂
(C∪P))

c(v),

i.e., we base the average coverage of W only on the coverage of the nodes of W which are at least 1 kbp long and
have an in-degree and out-degree equal to one.

Alternatively, we can also determine the average coverage by weighting each contig by its length. We then obtain
an alternative average coverage of walk W , denoted by c̃(W ), defined by:

c̃(W ) =

∑
v∈(V (W )

⋂
(C∪P))

c(v)|v|
∑

v∈(V (W )
⋂
(C∪P))

|v|
.

If the candidate extension node v belongs to either C or P, we want to determine how similar c(v) and c(W ) are.
For simplicity, we assume that the variance in the coverage of a node due to chance events related to the sequenc-
ing process is s2C , i.e., the variance in the coverage of the chromosome-predicted contigs, more precisely, we assume
that the coverage of the next contig of the walk is distributed according to a normal distribution with mean c(W )

and variance s2C if the walk and the candidate extension node belong to the same plasmid. We define the similarity
in coverage between the walk W and the candidate extension node v, S(W, v) as:

S(W, v) := Φ(
c(v)− c(w)

sC
+ 1)− Φ(

c(v)− c(w)

sC
− 1)
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with Φ the cumulative distribution function of the standard normal distribution. This means that the closer c(v) is
to c(W ), the higher S(W, v).

The similarity S(W, v) is based only on the coverage. In order to avoid chimeras between chromosomal and large
plasmid replicons with a similar coverage, we define a score g(W, v) of each candidate extension node by:

g(W, v) =

{
0.25 if v /∈ (P ∪ C)
S(W, v) · π(v) if v ∈ (P ∪ C)

Candidate extension nodes v assigned with a score g of 0.25 may belong to repeat units such as transposases or IS
elements and thus π(v) and S(W, v) cannot be confidently estimated. Additionally, we apply a filtering threshold
ξ (default ξ = 0.10) to avoid the selection of edges potentially leading to the creation of replicon chimeras. This
threshold can be tuned by the user to accept or reject a higher number of connections.

Let E(W ) be the set of candidate extension nodes of walk W . We define the function hW (v) by:

hW (v) =

{
1 if g(W, v) ≥ ξ

0 if g(W, v) < ξ
,

i.e., hW (v) equals one, if the candidate extension node has a score higher or equal to the threshold ξ.

If hW (v) = 0 for all v ∈ E(W ), we have reached a dead-end, otherwise we select the extension v ∈ E(W ) with
probability

g(W, v)hW (v)∑
v′∈E

g(W, v�)hW (v�)

This results in the walk W � which is the walk W extended with the node v, i.e.,

W � = (v0, e(v0, v1), v1, e(v1, v2), . . . , e(vk−1, vk), vk, e(vk, v), v).

Starting from a node which is plasmid-predicted, we repeat this extension procedure of the walk until we reach one
of the following scenarios:

1. There are no outgoing links from the last element of W i.e., we have reached a dead-end.

2. The last node incorporated in W corresponds to the starting node of the walk.

3. The length of the walk |W | exceeds M = 100.

For each v ∈ P, we generate K walks (default K = 20, but tunable by the user).

We use these |P|K walks, denoted by {W1,W2, . . .W|P|K} to generate a new undirected pruned plasmidome graph,
which we denote by GP(P, LP , HP). The nodes of GP are the plasmid-predicted contigs. There is an edge be-
tween two contigs v and w if the contigs co-occur in a walk, and the weight of an edge e(v, w) ∈ LP , denoted by
HP(e(v, w)) is the number of times the two contigs co-occur in a walk.

More formally, to define the edges of GP , denoted by LP , we first define for two nodes v, w ∈ P, a set J(v, w)

which describes the walks in which both v and w are present, i.e.,

J(v, w) := {i ∈ N : 1 ≤ i ≤ |P|K, v ∈ V (Wi) and w ∈ V (Wi)}.
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Let |J(v, w)| be the number of walks in which both v and w are present.

With this definition, we can define the set of edges of the plasmidome graph:

LP = {e(v, w) : v, w ∈ P and |J(v, w)| > 0}.

The function HP : LP → N denotes the weight of each edge, i.e., HP(e(v, w)) = |J(v, w)|.

With this approach we create non-directed links between plasmid unitigs avoiding intermediary links connecting to
nodes not present in P. These intermediary nodes can correspond to either unitgs which are classified as chromo-
somal, or to transposases or repetitive elements that are shared between replicon sequences in G.

Next, the plasmidome network GP is split into its connected subgraphs, i.e., let {N1
P , N

2
P , . . . , N

m
P } be the unique

partition of P with the following properties:

• N i
P �= ∅ ∀1 ≤ i ≤ m.

• For v, w ∈ N i
P with v �= w, there exists a path from v to w in GP , i.e., there is a finite sequence of edges from

LP which connects v to w.

• For v ∈ N i
P and w ∈ N j

P and i �= j, there is no path from v to w.

For each element of the partition the corresponding graph keeps the original edges and weight, i.e., the subgraph
Gi

P(N
i
P , L

i
P , H

i
P) corresponding to the set N i

P of the partition, is the graph with as nodes N i
P , as edges the set

Li
P := {e(v, w) ∈ LP : v, w ∈ N i

P} and as weight the function Hi
P : Li

P → N which is the restriction of HP to Li
P .

The subgraphs Gi
P consisting of more than 1 node are queried against three different partitioning algorithms avail-

able in the igraph R package4: i) walktrap (cluster_walktrap function in igraph R package4, 11), based on finding
communities in the graph via random walks, ii) leading eigen (cluster_leading_eigen function in igraph R pack-
age3, 4), based on the calculation of the leading non-negative eigen vector from the graph modularity matrix, iii)
Louvain method (cluster_louvain function in igraph R package4, 10), based on a greedy way implementation that
tries to maximize the modularity by reassigning vertices from the graph.

To decide whether to split Gi
P into further subcomponents (later referred as bins) or predict a single bin for Gi

P ,
we compute the modularity of Gi

P with the three algorithms listed above. For this purpose, we use the modularity
function implemented in the igraph R package4 in which modularity is explicitly defined as:

Q = 1
2m

∑
i,j

Aij−kikj

2m δ(ci, cj)

here m is the number of edges, Aij is the element of the adjacency matrix A in row i and column j, ki is the de-
gree of i, kj is the degree of j, ci is the type (or component) of i, cj that of j, the sum goes over all i and j pairs
of vertices, and δ(x, y) is 1 if x = y and 0 otherwise.

We consider a modularity value Q larger than 0.2 (tunable by the user) as a support value to split the component
Gi

P into different bins (subcomponents). We perform a voting decision between the four listed algorithms and in
case there is a majority of algorithms supporting the split of the Gi

P , we consider the algorithm achieving a high-
est Q to split Gi

P and classify N i
P into different bins according to the partitioning solution found.

Disconnected subgraphs from GP with |N i
P | = 1 are classified into singletons (bins with a single node).

Gplas finally reports how the elements of P are distributed over the bins according to the above classification. Ele-
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ments of P belonging to the same bin are considered as coming from the same plasmid replicon unit. GP is repre-
sented using the igraph R package4 and the nodes, i.e., P, are coloured according to the bin classification.

SUPPLEMENTARY METHODS S2
Data: Graph G from SPAdes or Unicycler
Result: Plasmidome network GP . Assignment of plasmid nodes NP into different bins
Initialization;
Extract nodes N and links L from G ;
Divide N as collection of plasmid-derived nodes P and chromosome-derived nodes C using mlplasmids or
plasflow;

Discard P and C with an di(v) and do(v) != 1 and length < 1 kbp;
Determine the s2C of C based on the k-mer coverage;
for each v0 ∈ P do

Search through all the possible plasmid-like walks W starting from v0;
for W in number of walks do

while ∃ eligible extension E(W) do
Consider the last v in W
Retrieve all candidate extensions E(W )

Compute gplas scores g(W,v) of E(W )

Filter E(W ) with a g(W,v) < ξ (default = 0.1, tunable by the user)
Sample a E(W ) based on the vector g(W,v)
Extension of W using the selected v

end
Create a new set of links LP connecting NP in W;
Reinitialize W considering again v0 as first element;

end
end

Compute the weights HP of LP based on their frequency in W ;
Create a novel plasmidome network GP(P, LP , HP);
Consider components (subgraphs) Gi

P from GP ;
for each Gi

P with |N i
P | > 1 do

Compute modularity values Q from Gi
P using three partitioning algorithms ;

Consider all Q > 0.2 (tunable by the user) to split Gi
P and perform a voting decision ;

Predict N i
P as a single bin or classify N i

P into bins based on the partitioning algorithm with a highest Q ;
end
Classification of N i

P in Gi
P with |N i

P | = 1 as singletons;
Plot GP with colours according to bin classification;

Algorithm 1: Gplas pseudocode

SUPPLEMENTARY METHODS S3
Benchmarking Dataset

To evaluate the performance of gplas against existing plasmid binning tools, we selected a set of 28 genomes with
short- and long-read WGS available including 106 plasmids from 9 different bacterial species (Supplementary Table
S1)2, 5, 6, 14. These genomes were selected due to their release date (after June 2017) to avoid any bias in favour
of reference-based approaches as a result of including plasmids present in the databases of the tools. Importantly,
these genomes were not part of the training sets of mlplasmids or plasflow.

We trimmed short-reads using trim galore (version 0.6.1) and determined a minimum quality phred score of 208.

Gplas pseudocode (S2) ments of P belonging to the same bin are considered as coming from the same plasmid replicon unit. GP is repre-
sented using the igraph R package4 and the nodes, i.e., P, are coloured according to the bin classification.

SUPPLEMENTARY METHODS S2
Data: Graph G from SPAdes or Unicycler
Result: Plasmidome network GP . Assignment of plasmid nodes NP into different bins
Initialization;
Extract nodes N and links L from G ;
Divide N as collection of plasmid-derived nodes P and chromosome-derived nodes C using mlplasmids or
plasflow;

Discard P and C with an di(v) and do(v) != 1 and length < 1 kbp;
Determine the s2C of C based on the k-mer coverage;
for each v0 ∈ P do

Search through all the possible plasmid-like walks W starting from v0;
for W in number of walks do

while ∃ eligible extension E(W) do
Consider the last v in W
Retrieve all candidate extensions E(W )

Compute gplas scores g(W,v) of E(W )

Filter E(W ) with a g(W,v) < ξ (default = 0.1, tunable by the user)
Sample a E(W ) based on the vector g(W,v)
Extension of W using the selected v

end
Create a new set of links LP connecting NP in W;
Reinitialize W considering again v0 as first element;

end
end

Compute the weights HP of LP based on their frequency in W ;
Create a novel plasmidome network GP(P, LP , HP);
Consider components (subgraphs) Gi

P from GP ;
for each Gi

P with |N i
P | > 1 do

Compute modularity values Q from Gi
P using three partitioning algorithms ;

Consider all Q > 0.2 (tunable by the user) to split Gi
P and perform a voting decision ;

Predict N i
P as a single bin or classify N i

P into bins based on the partitioning algorithm with a highest Q ;
end
Classification of N i

P in Gi
P with |N i

P | = 1 as singletons;
Plot GP with colours according to bin classification;

Algorithm 1: Gplas pseudocode

SUPPLEMENTARY METHODS S3
Benchmarking Dataset

To evaluate the performance of gplas against existing plasmid binning tools, we selected a set of 28 genomes with
short- and long-read WGS available including 106 plasmids from 9 different bacterial species (Supplementary Table
S1)2, 5, 6, 14. These genomes were selected due to their release date (after June 2017) to avoid any bias in favour
of reference-based approaches as a result of including plasmids present in the databases of the tools. Importantly,
these genomes were not part of the training sets of mlplasmids or plasflow.

We trimmed short-reads using trim galore (version 0.6.1) and determined a minimum quality phred score of 208.
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Benchmarking dataset (S3)

To evaluate the performance of gplas against existing plasmid binning tools, we selec-
ted a set of 28 genomes with short- and long-read WGS available including 106 plasmids 
from 9 different bacterial species (Supplementary Table S1) (2,5,6,14).  These genomes 
were selected due to their release date (after June 2017) to avoid any bias in favour of 
reference-based approaches as a result of including plasmids present in the databases of 
the tools. Importantly, these genomes were not part of the training sets of mlplasmids or 
plasflow.

We trimmed short-reads using trim galore (version 0.6.1) and determined a minimum 
quality phred score of 20 (8). Long-reads were filtered out using filtlong (v0.2.0) (https://
github.com/rrwick/Filtlong.git) specifying a minimum length of 1 kbp, removing 10% of 
the worst base reads, filtering out reads with a mean quality weight inferior to 20 using 
short-reads as references and finally keeping a number of kbp corresponding to a ge-
nome coverage of 20x. We subsequently used Unicycler (version v0.4.7) using SPAdes 
(version 3.12.0) to perform a hybrid assembly and obtain complete genomes (15). If the 
assembly resulted in an non-complete genome, we retrieved the uncompleted path using 
Bandage (version 0.8.1) (13) and used filtlong (v0.2.0) indicating the non-completed path 
as external ref- erence and selecting reads from that path until reaching a path coverage 
of 10x. Previous filtered long-reads and reads corresponding to the non-completed path 
were merged and passed to Unicycler to rerun the hybrid assembly and obtain a complete 
genome.

Benchmarking tools (S4)

PlasmidSPAdes (from SPAdes 3.12) was run using default parameters and specifying 
the trimmed short-reads (1). Hyasp (version 1.0.0) was run using the flag “–bin” and spe-
cifying as input the graph created by Unicycler using only short-reads and after removing 
overlaps (002_overlaps_removed.gfa) (9). We created the database proposed by hyasp 
authors to identify plasmid seeds using the file “ncbi_database_genes.fasta” provided in 
the hyasp github repo (https://github.com/cchauve/HyAsP). Mob-recon (version 1.4.9.1) 
was run using default values with the proposed database (https://github.com/phac-nml/
mob-suite) after first-installation of mob-suite (12). Nodes from the short-read graph 
(002_overlaps_removed.gfa) were used as input for mob-recon. Gplas (version 0.6.1) was 
run with the following values: f = 0.1, x = 50, q = 0.2, mlplasmids threshold = 0.5, plasflow 
threshold = 0.7 and indicating the short-read graph derived from Unicycler (15) as input 
’002_overlaps_removed.gfa’ (Supplementary Table S1).

We used Quast (version 4.6.3) to map nodes predicted as belonging to the same bin 
against the complete genomes from the same bacterial isolate (7). To determine the pre-
cision and completeness (see section below) of the predictions, we only considered nodes 
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with a length larger than 1 kbp, mapping unambiguously to a replicon sequence and 
thus excluding transposases and other repetitive sequences mapping totally or partially 
to more than one genome sequence.

Benchmarking metrics (S5)

For each bin predicted by the tools, we determined which reference replicon (either plas-
mid or chromosome) had a larger representation in terms of number of nodes. The purity 
of the predicted bins (precision) was defined as the number of nodes belonging to the 
reference replicon and present in the bin divided by the total size (nodes) of the bin. Com-
pleteness was defined as the number of nodes belonging to the reference replicon in the 
bin divided by the total size (nodes) of the reference replicon.

Bins in which the most predominant reference replicon was the chromosome unit were 
assigned with a precision and completeness of 0. We strongly penalized these bin predic-
tions since they are mostly formed and contaminated by chromosome-derived sequen-
ces.

To evaluate the tools, we filtered out bins with a single node (size = 1) if the associated 
reference replicon had a size larger than 1. In this way, we could still consider bins cor-
responding to small plasmids in which the reference replicon is formed by a single node. 
However, these bins can mask the problems of binning present in medium and large plas-
mids formed by several plasmid unitigs and with a similar k-mer coverage. To elucidate 
the performance of the tools in these cases, we also reported the average precision and 
completeness of the tools in predicted bins with a size (nodes) larger than 1.

Gplas output files (S6)

- results/*results.tab: Tab delimited file containing the full output information retrieved by 
gplas. The file contains the following columns: contig number, probability of being chro-
mosome-derived, probability of being plasmid-derived, class prediction, contig name, 
k-mer coverage, length, bin assigned.

- results/*bins.tab: Tab delimited file containing the bin prediction reported by gplas with 
the following columns: contig number, bin assignment.

- results/*bin*.fasta: Fasta file generated per each bin containing the nodes assigned to 
them.

- results/*plasmidome_network.png: Png file of the plasmidome network generated by 
gplas after creating an undirected graph considering as nodes the plasmid unitigs and as 
edges the co-occurrence of these

nodes in the space of solutions.

- walks/*solutions.csv: Comma-separated file containing the plasmid-like walks generated 
by gplas.
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- walks/*connections.tab: Tab delimited file containing the following information: Varian-
ce factor, number of tries selected by the user, try number, elongation number, plasmid 
starting node, last node of the walk, possible outcoming node, probplasmid, probcover-
age, gplas score, frequency of the score, selection or discardance of the connection. This 
file may facilitate the visualization of the walks generated by gplas as exemplified in Figu-
res S8 and S9.

Supplementary Tables

Supplementary Table S1 is available online at: 

https://doi.org/10.1093/bioinformatics/btaa233

Table S2.  KSB1_7G summary short-read graph stats

KSB1_7G 

short-read graph

Class Nodes Edges Dead-ends

Component A Chromosome 74 100 0

Component B Plasmid 1 9 12 0

Component C Plasmid 2 1 1 0

Table S3. Assignment of the plasmid unitigs into different bins for the isolate K. pneumoniae K

B1_7G. Colour of the bins corre- spond to the assignment given in Figure S10.

Plasmid unitig Bin 

15 2 (orange)

18 1 (light blue)

20 1 (light blue)

24 1 (light blue)

25 1 (light blue)

26 1 (light blue)

27 1 (light blue)
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Supplementary Figures 
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Figure S1. Barplot with the precision (y-axis) achieved by the different tools depending on the bac-
terial species analysed (x-axis).
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Figure S2. Barplot of the completeness (y-axis) achieved by the different tools depending on the 
bacterial species analysed (x-axis).
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Figure S3. Scatterplot of the completeness (x-axis) and precision (y-axis) obtained by each bin pre-
dicted by the tools included in the benchmarking. For each classifier, we fitted a linear regression 
model and indicated the standard error with a shadow area to observethe correlation between pre-
cision and completeness in each of the predictions.
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Figure S4. Visualization of the entire KSB1_7G isolate short-read WGS graph using Bandage.

Figure S5. Zoom-in of the two components corresponding to plasmid sequences from KSB1_7G 
isolate short-read WGS graph .
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Figure S6. Probcoverage (0.36) of the outcoming node 20-. This score corresponds to the area under 
the curve between the lower limit (1.32 - 0.034) and upper limit (1.32 + 0.034) for a normal distribu-
tion with mean 1.35 and sd of 0.034. Dashed vertical red line indicates the coverage of 20-

Figure S7. Probcoverage (0.51) of the outcoming node 24+. This score corresponds to the area under 
the curve between the lower limit (1.32 - 0.034) and upper limit (1.32 + 0.034) for a normal distributi-
on with mean 1.35 and sd of 0.034. Dashed vertical red line indicates the coverage of 24+.
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Figure S8. Space of solutions (n =5) starting from the plasmid starting node 18+. We observe the 
presence of the same solution ’18+,33-,20-,31-,25-,31+,18+’ in 4 panels and the solution ’18+,33-, 
24+,38-,27-,38+,26-,33-,20-,31-,25-,21+,18+’ in the third panel. Nodes in the solutions correspon-
ding to plasmid unitigs are filled with light blue.
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Figure S9. Space of solutions (n =5) starting from the plasmid starting node 18-.  We  observe the 
presence of the same solution in all  the panels: 18-,31-,25+,31+,20+,33+,18-. Nodes in the solutions 
corresponding to plasmid unitigs are filled with light blue.
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Figure S10. Plasmidome network from the isolate K. pneumoniae KSB1_7G. The network corres-
ponds to an undirected graph in which nodes (circles) are plasmid unitigs and edges (lines) with 
associated weights (line width) are drawn based on the co-existence of the nodes in the solutions 
found by gplas. Colour of the nodes (circles) correspond to the bin assignment given by gplas.

Figure S11. Bandage visualization of the complete genome from the isolate K. pneumoniae 
SAMN10819819 with sequence length (bp) and normalised coverage displayed.
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Figure S12. Bandage visualization of the short-read graph from the isolate K. pneumoniae 
SAMN10819819.
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Figure S13. Plasmidome network created by gplas from the isolate K. pneumoniae SAMN10819819. 
Plasmid unitigs are represented by nodes (circles) and edges (lines) with associated weights (line 
width) represent the connections found by gplas. Colour of the nodes (circles) correspond to the 
bin assignment given by gplas.
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Abstract

Enterococcus faecium is a commensal of the gastrointestinal tract of animals and 
humans but also a causative agent of hospital acquired infections. Resistance against 
glycopeptides and especially to vancomycin, a first-line antibiotic treatment to treat 
infections with multidrug resistant Gram positive pathogens, has motivated the inclusion 
of E. faecium in the WHO global priority list. Vancomycin resistance can be conferred by 
the vanA gene cluster on the transposon Tn1546, which is frequently present in plasmids. 
Here, we studied the dissemination of  plasmids carrying the vanA gene cluster in 309 E. 
faecium isolates from 32 Dutch hospitals between 2012 and 2015. Plasmid prediction was 
conducted using gplas, a graph-based approach to predict distinct plasmid sequences 
using short-read WGS graphs. Subsequently, a network analysis based on shared k-mer 
content was undertaken to cluster genetically similar types of plasmids. Based on 
completed vanA plasmid sequences (n = 26), we differentiated six vanA plasmid types 
(A-F) (84% alignment coverage, 99% alignment identity) present in E. faecium isolates 
from different clonal backgrounds, isolation years, hospitals, and also detected in other 
European countries. The integration of these plasmid types into the network of predicted 
Dutch vanA plasmid sequences (n = 309) unravelled the presence of several predicted 
plasmid types (1-8). This allowed to compare clonal background, plasmid type and Tn1546 
variant of isolates within Dutch regions. Overall, clonal dissemination contributed most 
(~45%) to the spread of vancomycin-resistance. However, we also identified potential 
transposon-mediated (e.g. Overijssel 2012-2013) and plasmid-mediated (Zuid-Holland 
2014-2015) dissemination. Here, we provide a comprehensive picture of the interplay 
between nested genomic elements to explain the dynamics of plasmid-mediated vanA 
resistance dissemination occurring in the Netherlands between 2012-2015.
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Introduction

Enterococcus faecium is commonly inhabiting the gut of animals and humans but 
has also emerged as a nosocomial pathogen causing a sizable fraction of health-care 
associated infections, specifically device-associated infections like central line associated 
bloodstream infections and surgical site infections (1, 2). The intrinsic and acquired multi-
drug resistance against fluoroquinolones, aminoglycosides and more importantly against 
glycopeptides motivated the inclusion of E. faecium in the WHO global priority list (3). 
The number of strains resistant against vancomycin, a first-line glycopeptide antibiotic to 
treat infections with multidrug resistant Gram-positive pathogens, dramatically increased 
first in the US in the 1990s, followed by other parts of the world (4). Resistance against 
vancomycin can be acquired through eight different gene clusters (vanA, vanB, vanD, 
vanE, vanG, vanL, vanM, and vanN) (5, 6) of which vanA and vanB, associated to transposon 
sequences Tn1546 and Tn1549 respectively, are the predominant vancomycin-resistance 
gene clusters (7).

Clonal spread of vancomycin-resistant Enterococcus faecium (VRE) has been extensive-

ly described using a plethora of molecular typing schemes. They range from finger-

print-based methods like pulsed-field gel electrophoresis (8), to PCR-based methods such 

as multiple-locus variable number tandem repeat analysis (9), multilocus sequence typing 

(10)and whole genome sequencing (11). However, due to the fact that vancomycin resis-

tance genes are encoded by mobile genetic elements, vancomycin resistance can also 

be transferred horizontally. In fact, mobilization of the vanA gene cluster via insertion in 

different plasmid backbones has already been reported (12, 13). To identify the dissemina-

tion of vanA plasmids within hospital settings, whole-genome sequencing (WGS) based 

on short-read technologies has been recently applied to collections of hundred hospital-

ized patient isolates in Denmark and Australia (14, 15). These studies undertook a refer-

ence-based approach to map short-reads against complete plasmids from a selection of 

isolates. However, this approach can overestimate the presence of a reference plasmid by 

neglecting the mosaicism observed in these types of sequences as previously observed 

for Enterobacteriaceae isolates (16) and Enterococcus populations (17).

In this study, we first analyzed previously completed vanA plasmid sequences (n = 26) (18) 

and observed six distinct plasmid types (A-F) that were present in different clonal com-

plexes and isolates from distinct European countries. Secondly, we predicted vanA plas-

mid sequences in our collection consisting of short-read WGS (n = 309) using a de novo 

approach (19). This reference-free approach predicts plasmid boundaries in E. faecium by 

inspecting plasmid-like walks in the de-Bruijn graph produced by short-read assemblers 

(19). Using a network approach, we observed that plasmids from the included VRE iso-

lates clustered in eight different predicted vanA plasmid types (1-8). Furthermore, these 
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predicted vanA plasmid types (n = 8) were co-occurring in the network with four of the 

plasmid types defined using complete genome sequences. Furthermore, core genome 

(hierBAPS SC, PopPUNK core-genome tree), accessory genome (PopPUNK clustering) and 

vanA transposon relatedness (Tn1546 variant scheme) of vanA-VRE were related to the 

eight predicted vanA plasmid types. This allowed to fully reconstruct the nested genom-

ic elements, consisting of clonal background (hierBAPS SC), vanA plasmid type (de novo 

prediction and network assignment) and Tn1546 variants in which the vanA resistance 

gene cluster is present. We observed and quantified that clonal dissemination, defined by 

vertical inheritance of the same SC, vanA plasmid type and Tn1546 variant, was the most 

frequent scenario of vancomycin-resistance dissemination occurring in the Netherlands 

between 2012-2015. However, we also detected transposon-mediated and plasmid-me-

diated dissemination of the vanA resistance gene cluster.

Results

The population structure of VRE from Dutch hospitals

We used short-read WGS data of 309 VRE carrying the vanA-type cluster from hospi-

talized patients from 32 Dutch hospitals, isolated between March 2012 and November 

2015 (18). The clonality of these VRE samples was determined using hierBAPS (20), after 

filtering for recombination events as previously described (18). HierBAPS defined 18 dif-

ferent sequence clusters (SCs) of which SC13 (n = 102, 33%), SC17 (n = 52, 16.8%) and 

SC18 (n = 42, 13.6%) represented the most predominant clones present in the dataset 

(Figure 1A). The distribution of these SC across time and geographical position showed 

that SC13 was widespread in Dutch hospitals for the entire collection period (2012-2015) 

(Figure 1B) compared to SC17 which was observed in distinct regions (Amsterdam, Lelys-

tad, Zwolle) from August-September 2012 (Figure 1B). SC18 was detected around 2014 in 

several Dutch regions (Figure 1A). To facilitate the visualization of genomic and metadata 

information, we provide the following Microreact project https://microreact.org/project/

mfEYIjcuu.

To obtain a higher genomic resolution, we used PopPUNK to define genomic clusters by 

calculating core and accessory distances (21). In general, we observed a high concordance 

between PopPUNK clusters and hierBAPS-based SC, where most PopPUNK clusters con-

sisted of one predominant SC as exemplified by the linked PopPUNK cluster 2 and hier-

BAPS SC17 (n = 52, 98.1%) or PopPUNK cluster 3 and hierBAPS SC1 (n = 17, 100%) (Suppl. 

Table S1). However, we encountered two cases in which a single PopPUNK cluster was 

composed by several hierBAPS SCs : i) PopPUNK cluster 1 consisting of hierBAPS SC13 (n = 

98, 89.1%) and SC10 (n = 10, 8.2%) and ii) PopPUNK cluster 6 consisting of hierBAPS SC29 

(n = 5, 41.7%), SC30 (n = 4, 33.3%) and SC32 (n = 3, 25%) (Suppl. Table S1). This suggested 

that isolates belonging to these clusters have a similar accessory genome while their core 
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genomes were distinct as they belonged to differentSCs.

Defining a network of complete vanA plasmid sequences

To establish a partitioning scheme similar to hierBAPS SCs or PopPUNK cluster assign-

ments but uniquely based on similarity between plasmids carrying the vanA-type gene 

cluster, we retrieved 26 complete vanA plasmids from which metadata information re-

garding isolation, country and source was known (Table 1). These complete sequences 

were pairwise compared using Mash (k = 21, s = 1,000) and integrated into a network. This 

network consisted of nodes which corresponded to complete vanA plasmid sequences.

Figure 1. A) Distribution of VREfm sequencing clusters (SC) based on their isolation date . B) Ge-
ographical position of the VREFm, longitude (x-axis) and latitude (y-axis) were fixed based on the 
coordinates from the Netherlands.
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To determine a similarity cutoff to draw an edge between two nodes, the k-mer distance 

distribution was analyzed (Suppl. Figure S1). A Mash distance of 0.025 was an optimal 

cutoff to draw an edge in the network and to consider two sequences as similarly related. 

This resulted in a network with 24 nodes (complete plasmid sequences) consisting of 6 

independent components. The components, represented by independent subgraphs in 

the network, signify vanA plasmid types (A-F) with a similar content and structure (Figure 

2). Two vanA plasmid sequences (from isolates E8202, E8172) were not present in this net-

work (Figure 2) because they represented singletons without connections to other plas-

mid sequences.

We inferred that vanA plasmid types (A-F) were shared between isolates from: i) different 

hierBAPS SC types, observed in 83% of the vanA types; ii) different countries, observed in 

50% of the vanA plasmid types and iii) different isolation years, observed in all vanA plas-

mid types (100%). Furthermore, all these three characteristics were found to be true for 

plasmid types B, D and F (Table1).

To better understand the modularity and similarity of these plasmid types, we performed 

pairwise comparisons using pyani (22). This allowed to retrieve the coverage and identity 

values of the aligned regions between two complete plasmid sequences. We observed 

that the average coverage between plasmid alignments belonging to the same complete 

plasmid type was 84% compared to a coverage of 35% when comparing alignments from 

different plasmid types. This indicated that the edges present in the network of plasmid 

types and defined by a minimum k-mer distance of 0.025 represented an average align-

ment coverage of 84%. The coverage between plasmids belonging to different plasmid 

types (35%) indicated the expected shared plasmid fraction between non-related vanA 

plasmids due to the presence of common elements, i.e. Tn1546. The heatmap and sin-

gle-linkage clustering of the alignment coverage reported by hyasp suggested the same 

plasmid types as inferred in our network approach (Figure 3). The coverage values ob-

tained for each plasmid type are reported in Table 1. We did not observe differences in the 

average identity values between the aligned regions within (98.5%) and between (99.7%) 

plasmid types (Suppl. Figure S2).

To illustrate the genome synteny between plasmids of a single plasmid type, we consid-

ered the complete plasmid type B because of the large number of isolates (n = 7) and 

high-diversity of hierBAPS SC types associated. The alignment in Figure 4 showed the 

modules present in all plasmids (core modules) belonging to vanA plasmid type B, and 

thus omitting further regions of homology between pairs of plasmids (non-core modules).

Predicting the vanA plasmid network of VRE

To reconstruct the vanA plasmid sequences present in the vanA-VRE from hospitalized 

patients from 32 Dutch hospitals (n = 309), we predicted and binned plasmid sequenc-
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es with gplas (19), by using a combination of machine-learning and a graph-based ap-

proach, in 303 (98.1%) VRE isolates. The presence of a fragmented graph consisting of 

thousands of contigs prohibited the prediction of plasmid boundaries in 5 VRE isolates 

(1.9%). This approach resulted in plasmids bins with a collection of contigs that belong 

to distinct plasmid sequences. We then focused on bins bearing the vanA gene cluster. 

Apart from the contigs encoding for the vanA gene cluster, these plasmid bins contained 

other contigs which were connected through walks in the assembly graph by gplas (19). 

Secondly, we used Mash (k = 21, s = 1,000) to compare the vanA plasmid bins present in 

Figure 2. Network of vanA complete plasmid sequences, nodes in the graph correspond to isolates 
and edges to connections between similar (Mash distance = 0.025, k =21, s =1,000) plasmid se-
quences. The independent components were designated as plasmid types (n = 6) and nodes were 
coloured according to SC.
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each isolate (n = 303). The k-mer distances between these bins were also integrated into 

a network approach following the same procedure as previously explained for the com-

plete vanA plasmids. 

The distribution of k-mer distances between bins (Suppl. Figure S3) followed the same 

distribution as observed with the vanA complete plasmids (Suppl. Figure S1). This showed 

that the k-mer content of the predicted bins resembled the vanA complete plasmid se-

quences and supported the prediction given by gplas. We then applied the same thresh-

old (Mash distance) of 0.025 to create edges between two nodes. This resulted in a network 

with 270 nodes and 16 components (subgraphs with > 1 node) (Figure 5). Component 

3 (236 nodes) was partitioned into 3 different graph bins based on its modularity value 

(0.42) (Figure 5, central component). In our next analysis, we focused on components/

graph bins with > 10 isolates representing eight different predicted vanA plasmid types 

(1-8) (Table3).

Figure 3. Heatmap and single-linkage clustering of the pyani pairwise alignment coverage obtained 
from our set of vanA complete plasmid sequences (n = 26). The rectangles present on the right side 
indicate the grouping of the complete plasmid sequences into the previously defined plasmid types 
(A-F).
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To discern the association between strain and vanA plasmid relatedness we combined 

the PopPUNK core-genome inferred neighbour-joining (nj) tree in Figure 6 together with: 

i) hierBAPS SC, ii) PopPUNK clusters and iii) predicted vanA plasmid types. Some closely 

related isolates in the core-genome tree had distinct predicted vanA plasmid types as ex-

emplified by SC13 or SC17 containing plasmid types 2, 3, 5 and 4, 5 respectively (Figure 6). 

The observation of divergence in the plasmid content within the same SC indicates that 

particular VRE strains acquired different vanA plasmids (Figure 6).

The predicted vanA plasmid types (n = 8) were further analysed by the characterization 

of Tn1546 variants (Suppl. Figure S4). We considered single-nucleotide polymorphisms 

(SNPs) and large deletion events (e.g. orf1 and orf2) to define 14 Tn1546 variants in our 

collection (Table 2). In the next section, we describe whether isolates from the same pre-

dicted vanA plasmid types harboured identical or similar Tn1546 variants. On average, pre-

dicted vanA plasmid types had the same predominant Tn1546 variant in 86.2% of the cases 

but this differed depending on each predicted vanA plasmid type. The scheme used to 

characterize the Tn1546 variants is described in Material and Methods and full results are 

given in Suppl. Table S2.

Figure 4. Visualization of the multiple genome alignment of complete sequences (n = 7) belonging 
to the plasmid type B.
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Description of the predicted vanA plasmid types

To  facilitate  the  exploration  of  the  data  presented  in  this  section  which  included:  
i) vanA plasmid types, ii) hierBAPS SC, iii) PopPUNK cluster assignments, iv) geographical 
position and iv) isolation time, we combined and integrated all information in the Micro-
react project https://microreact.org/project/mfEYIjcuu. This information is also available 
in Suppl. Table S1.

The predicted plasmid type 1 was formed entirely by samples (n = 11) belonging to SC10 

(Figure 4). The majority of the isolates were from Utrecht and isolated in April-May 2012 (n 

= 9). However, we also found two isolates from May 2013 (E7837) and March 2014 (E8046) 

Figure 5. Network of predicted vanA plasmid sequences. Nodes in the graph correspond to vanA 
plasmid bins predicted by gplas and edges to connections between similar (Mash distance = 0.025, 
k = 21, s = 1,000) bins. The components highlighted with a rectangle were considered as vanA pre-
dicted plasmid types (n = 8). Nodes in the network are coloured according to SC.
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which were present in nearby Dutch cities (Ede and Amersfoort). All isolates (n = 11, 100%) 

shared the Tn1546 variant 46 corresponding to SNP positions T7658C and G8234T (Suppl. 

Figure S4). This predicted plasmid type was vertically transmitted as the same vanA plas-

mid sequence was present in SC10 isolates from 2012 and circulated during at least two 

consecutive years.

The predicted vanA plasmid type 2 was mainly formed by isolates belonging to SC13 (Ta-

ble 3) but geographical widespread in the Netherlands between 2012 and 2015. In this 

predicted plasmid type, the Tn1546 variant MNI dominated (n = 23, 92%) corresponding 

to deletions in orf1, orf2 and intergenic regions (Suppl. Figure S4). The final coordinates 

of the deletion present in orf2 varied between Tn coordinates 1-3417 (n = 10, 43.5%) and 

1-3676 (n = 10, 43.5%) whereas the deletion observed in the intergenic regions mainly 

corresponded to the coordinates 8650-8827 (n = 22, 96%). This highlighted that the exact 

deletion size between the defined Tn1546 variants (n = 14) may differ.

The same Tn1546 MNI variant was also found in the predicted vanA plasmid type 3 (n = 64, 

90.1%) (Suppl. Figure S4). The deletion in orf2 differed in coordinates between 1-3417 (n 

= 34, 53.1%) and 1-3676 (n = 21, 32.8%), which is different from the MNI variant previously 

Figure 6. PopPUNK neighbour-joining tree, based on the core genome, in combination with Pop-
PUNK cluster, hierBAPS Sequencing Cluster (SC) and vanA predicted plasmid type assignments.
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observed in vanA plasmid type 2. Isolates from predicted vanA plasmid type 3 belonged 

to SC13, SC2 and SC1 (Table 3) indicating horizontal transmission of the vanA plasmid be-

tween these hierBAPS SCs. This predicted plasmid type 3 was widely observed in isolates 

in the Netherlands during the entire collection period (2012-2015). 

The isolates carrying vanA plasmid type 4 mainly belonged to three different SCs (10,17,18) 

(Table 3) and were recovered from different Dutch cities (Amsterdam, Lelystad, Zwolle, 

Utrecht, Nieuwegein and Rotterdam) in 2012. The predominant Tn1546 variants were 

46MN (n = 45, 72.6%) and 468MN (n =6, 9.7%) corresponding to deletions in orf1 and orf2 

(1-3343 in 88.2% of the cases), two SNP positions (T7658C and G8234T) and the additional 

SNP (C9692T) present in the 468MN variant (Suppl. Figure S4).

Isolates containing vanA plasmid type 5 belonged to two predominant SCs, SC13 and 

SC17. (Table 3). However, the network topology of this plasmid type indicated that plas-

mids contained in both SCs were not highly interconnected and thus can indicate that 

these belong to two different plasmid subtypes (Figure 5). A close inspection of the 

Tn1546 variants revealed two variants MNI (n = 10, 52.6%) and 46MN (n = 9, 47.4%) (Suppl. 

Figure S4) supporting the split of this vanA plasmid type into two subtypes. The predicted 

plasmid type 5 was mainly represented by isolates from 2012 (80%) and present in distinct 

Dutch provinces (Limburg, Utrecht, Flevoland and Overijssel).

Isolates with the vanA plasmid type 6 belonged to four different SCs, SC20, SC18, SC1, 

and SC22 and were located widespread around the Netherlands, and were retrieved be-

tween 2012-2015. The dominant Tn1546 variant was 5II (n = 14, 82.4%) corresponding 

to the G7747T SNP and two deletions in intergenic regions (5896-5931, 10706-10851). In 

addition, the variants 25II (n= 1, 5.9%), 6M (n = 1, 5.9%) and the original Tn1546 sequence 

(n = 1, 5.9%) were observed in this plasmid type (Suppl. Figure S4).

The vanA plasmid type 7 was found in isolates belonging to three distinct SCs, SC29, SC30, 

and SC32 (Table 3). They all shared the same Tn1546 6M variant corresponding to the SNP 

position G8234T and deletion of orf1 (1-119) (Suppl. Figure S4). Plasmid type 7 was rep-

resented by isolates from 2012 to 2015 but only from a single Dutch province (North Hol-

land). 

The vanA plasmid type 8 provides a clear example of clonal dissemination related to a hos-

pital outbreak (Viecuri MC Venlo, Limburg province). All isolates (n = 10) carrying this vanA 

plasmid type belonged to SC18 and were isolated in Venlo (Limburg province) during 

September-October 2014. In addition, these isolates all shared the same Tn1546 structure 

(n = 10, 100%), original variant (Suppl. Figure S4).
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Elucidating the content of predicted vanA plasmid types by the integration of the 
complete plasmids

The genetic characterization involving gene content and gene synteny analysis of the 

eight predicted vanA plasmid types described above is challenging as these plasmid types 

represent bins of short-read contigs from which the plasmid structure and contig order 

was unknown. To elucidate gene content and synteny, we integrated the six plasmid types 

(A-F) derived from complete plasmid sequences (Table 1, Figure 2) into the network of 

the eight predicted vanA plasmid types (1-8) (Figure 7). We calculated Mash distances (k = 

21, s = 1,000) between the complete vanA plasmid sequences (n = 26) and the predicted 

vanA plasmid bins (n = 303). The presence of edges connecting complete plasmids and 

predicted vanA plasmid bins revealed that the predictions had a similar k-mer content and 

thus further validated the predicted eight vanA plasmid types (Figure 7). Furthermore, this 

approach also allowed to elucidate the content and structure of the plasmids within the 

predicted vanA plasmid types.

The plasmid type B was exclusively embedded in, and only connected to, predicted vanA 

plasmid type 4 (Figure 7). This revealed that the predicted plasmid type 4 could be charac-

terized as a multireplicon RepA_N & Rep_3-like plasmids with a length ranging from 35.7 

kbp to 61.1 kbp (mean = 43.3 kbp, median = 39.4 kbp) (Figure 7). The isolates carrying this 

plasmid type (B-4) were from: i) four different European countries (Greece, Latvia, Slove-

nia, the Netherlands), ii) belonged to eight different hierBAPS SCs (1,2,4,10,17,18,22,23) 

and iii) from four distinct isolation years (2009, 2010, 2012, 2014, 2015).

The plasmid type C was uniquely embedded in the predicted vanA plasmid type 3 (Figure 

7). Type C-3 plasmids are multireplicon Inc18 & Rep_trans plasmids ranging in size from 

42.6 kbp to 49.9 kbp (mean = 45.1 kbp, median = 42.7 kbp). This plasmid type (C-3) was 

carried by  Dutch isolates belonging to nine different SCs (1,2,9,10,13,18,19,22,23) which 

suggested a high-level mobility of this plasmid type between different E. faecium clonal 

complexes. Here, we also spotted a limitation of the predicted vanA plasmid network. The 

predicted plasmid types of the isolates E7313, E8014, E8414, with associated complete 

plasmid sequences, were linked to two differentially predicted vanA plasmid clusters (2 

and 3). However, these complete plasmid sequences belonged to a single plasmid type C. 

Furthermore, both predicted vanA types (2,3) shared the same Tn1546 variant (MNI). These 

observations suggested that the vanA plasmid types 2 and 3 could be merged based on 

plasmid configuration, SC type distribution, and Tn1546 variants. Based on these observa-

tions, in the next section we reassigned plasmid type 2 as plasmid type 3.

The plasmid type D linked to the predicted vanA plasmid type 6 (Figure 7). Type D-6 plas-

mids are Inc18 plasmids with a size ranging from 41.1 kbp to 47.9 kbp (mean = 44.5 kbp, 

median = 44.5 kbp). The isolates carrying this plasmid type belonged to different coun-



-186-

Chapter 6

tries (Portugal, the Netherlands), and six SCs (1,7,8,13,17,22).

Plasmid type A, found in isolates from non-hospitalized persons and pigs from 1996-1999 

(Table 2) were uniquely embedded in the predicted vanA plasmid type 7 which was found 

in Dutch hospitalized patients belonging to SC29 and SC30 (Figure 7). Type A-7 plasmids 

are large RepA_N plasmids with a size ranging from 141.9 kbp to 189.4 kbp (mean = 157.1 

kbp, median= 141.9 kbp). In this case, the presence of a similar vanA plasmid sequence 

(coverage ~ 85%) in the predicted network could be explained by vertical transmission of 

isolates belonging to these SCs.

Finally, we observed that the plasmid type F was weakly connected to predicted plasmid 

type 4 (Figure 7) whereas the type E formed an independent component (subgraph). This 

suggests that these vanA plasmid types were not present in our Dutch VRE collection.

Figure 7. Network of predicted and complete vanA plasmid sequences. Nodes corresponding to 
complete plasmid sequences are highlighted with squared shapes while nodes from predicted 
plasmid sequences are represented with circles. Edges are connections between nodes with similar 
vanA sequences (Mash distance = 0.025, k = 21, s = 1,000). Rectangles indicate the grouping of no-
des based on the previously defined complete (A-F) and predicted plasmid types (1-8).
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In contrast, the predicted vanA plasmid types (1, 2, 5, 8) did not have any connections to 

complete vanA plasmid types. Most likely, this is due to the fact that these vanA plasmid 

types were not represented by the collection of completed plasmids used in this study. 

Alternatively, absence of a link with the completed plasmids could also be the result of 

incorrect vanA plasmid type predictions.

Dynamics of vanA-type resistance dissemination

The characterization of the different vanA plasmid types present in our VRE collection al-

lowed us to include the missing element into the nested genomic complexes (SC, plas-

mid type, Tn1546 variant) involved in the dissemination of the vanA gene cluster. Next, we 

aimed to quantify the importance of SC, vanA plasmid-type and Tn1546 mobilisation, in 

the dissemination of vancomycin-resistance. For this, we first grouped VRE isolates with 

a potential epidemiological link which corresponded to isolates from the same Dutch re-

gion and recovered within a period of 12 months. To estimate the importance of inter-re-

gional spread of vancomycin-resistance, the same approach was taken without taking into 

account the origin of the isolates. We then performed a pairwise “all vs. all ‘’ comparison of 

hierBAPS SC, predicted vanA plasmid type and/or Tn1546 variants of VRE isolates. Based 

on this, we defined three scenarios: i) clonal dissemination, ii) plasmid-mediated dissem-

ination, and iii) transposon-mediated dissemination of vanA-type vancomycin resistance. 

We refer to the Methods section for a complete description of the scenarios explored in 

this section.

We observed that, on average, clonal dissemination was the predominant mode of vanco-

mycin-resistance spread (~45%), followed by Tn1546 mobilisation/transposition into an-

other plasmid type (~12%) and plasmid-mediated dissemination (~6%). However, the dy-

namics of vancomycin-resistance spread were clearly distinct between regions (Figure 8).

Clonal dissemination driven by the hierBAPS SC 17, vanA plasmid type B-4 and Tn1546 

46MN variant, had the strongest contribution vanA-type vancomycin resistance spread in 

Flevoland (2012-2013, frequency avg. = 70%) and North-Holland (2012-2013, frequency 

avg. = 75%) (Figure 8). Interestingly, in North-Holland (2013-2014), clonal-dissemination 

was still the predominant mode of spread (frequency = 70%) but was driven by a different 

clone defined by the hierBAPS SC 13, plasmid type C-3, and Tn1546 MNI variant. In con-

trast, transposition of Tn1546 variants MNI and 46MN variant followed by horizontal gene 

transfer was predominant in Flevoland (2012-2013, freq. avg = 29%), Limburg (2012-2013, 

freq. avg = 21%) and Overijssel (2012-2013, freq = 47%), respectively.

The highest contribution of plasmid mediated vancomycin-resistance was identified in 

South Holland (2014-2015, freq. avg = 42%). There, we found plasmid type C-3 together 

with MNI variant was present in four distinct clonal backgrounds (SCs: 2, 10, 13, 19). This 

plasmid-mediated outbreak mainly occurred in the Albert Schweitzer hospital between 
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2014 and 2015 (Suppl. Figure S5). Finally, we also observed complex scenarios of mixtures 

of genomic units exemplified by Limburg in 2012-2013, in which clonal (freq = 38%), plas-

mid-mediated (freq = 7%) and Tn1546 transposition (freq = 21%) all contributed to the 

spread of vancomycin-resistance.

Finally, we analysed the spread of vancomycin-resistant on a country-wide perspective. 

Pairwise “all vs. all ‘’ comparisons revealed that in most cases VRE strains, plasmid and 

Tn1546 variants were unrelated (~59%), while clonal-dissemination was detected in ~27% 

of the comparisons, while plasmid spread and transposition of Tn1546 accountanted for 

~7% of the comparisons (Suppl. Figure S6). However, during the period between 2014-

2015 plasmid-mediated dissemination increased up to ~29% which could be linked to the 

South Holland plasmid outbreak (2014-2015) described above (Suppl. Figure S6).

Discussion

In this study, we proposed a novel approach for studying the molecular epidemiology 

of vanA-type vancomycin resistance based on whole genome sequence data. In order to 

fully reconstruct the mode of vanA dissemination, we applied a machine learning and 

graph-based prediction combined with a network analysis based on the shared plasmid 

k-mer content which allowed us to distinguish and quantify clonal, plasmid- and trans-

poson-mediated dissemination.

Combining existing short-read WGS with complete vanA plasmids allowed us to define 

and characterize several plasmid types present in the collection. The integration of previ-

ously completed vanA plasmids was essential to elucidate the genetic content of the pre-

dicted vanA plasmid types present in our predicted network. These vanA plasmid types 

were defined by a similarity of ~99% identity and ~84% coverage and were present in 

different clonal backgrounds (SCs), and carried a predominant Tn1546 variant (86.2% on 

average) that accumulated additional SNPs or deletions (e.g 46MN and 468MN). The ge-

nomic relatedness of strains, using hierBAPS and PopPUNK, plasmid types and Tn1546 

variants calling was combined to sketch a comprehensive picture of the molecular epide-

miology of vanA-type vancomycin resistance in Dutch hospitals.

In our set of Dutch VRE collected between 2012 and 2015, clonal dissemination was the 

predominant (~45%) mode of spread of vanA-type of vancomycin resistance, followed by 

transposon-mediated (~12%) and plasmid-mediated (~6%) dissemination. While our data 

set allowed us to define modes of dissemination, it was not possible to analyse transmis-

sion events between patients. Raven et al. (11) showed that transmission routes of VRE can 

potentially span numerous wards and years and happen between hospitals. To achieve 

this level of epidemiological resolution, not only WGS data but also patient admission and 

ward movement data is necessary which was lacking in the Dutch dataset.
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The dissemination of vancomycin resistance was previously investigated using WGS in 

several recent studies (11, 23–26)but seldom with a focus on distinguishing clonal and 

plasmid outbreaks. One exception is the study by Pinholt et al (14) that used a combi-

nation of short-read and long-read sequencing to describe the clonal expansion of VRE 

in the Capital Region of Denmark between 2012 and 2015. Here, the clonal group ST80 

was defined as responsible for the first observed local outbreaks. This clonal group sub-

sequently spread to other hospitals in the same region. The plasmid bearing the vanA 

gene cluster was disseminated to other, non-clonally related vancomycin-susceptible iso-

lates. In our data set covering the same timeframe, ST80 represented by SC18 was also 

a predominant clonal complex (Figure 1A). However, the absence of data on vancomy-

Figure 8. Contribution of nested genomic elements in regional dissemination of vancomycin resi-
stance in the Netherlands. VRE samples isolated from 12 consecutive months and from the same 
Dutch region were considered. Clonal dissemination (green bar) corresponded to pairs of isolates 
sharing the same hierBAPS SC, vanA plasmid type and Tn1546 variant. Plasmid-mediated dissemina-
tion (orange bar) corresponded to pairs of isolates sharing the same vanA plasmid type and Tn1546 
variant but different hierBAPS SC. Transposon-dissemination (blue bar) corresponded to pairs of 
isolates sharing the same Tn1546 variant, different vanA plasmid type and same or different the 
hierBAPS SC. Unrelated (purple bar) isolates corresponded to pairs of isolates with a different Tn 
1546 variant.
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cin-susceptible isolates in our study does not allow us to deduce if the introduction of the 

plasmid-types in the different clonal complexes occurred before or during the collection 

period (2012-2015).

The emergence of vanA-type resistance was also investigated in Australia during 2015 

using a combination of short and long-read sequencing (15). The study showed the pres-

ence of several vanA plasmid types which were dominant in each ST group with distinct 

Tn1546 variants. This unravelled that, in Australia, the emergence of the vanA-type resis-

tance most likely occurred by multiple introductions of different clones which suggested 

that HGT is not solely responsible for the spread of the vanA gene cluster, which is in line 

with our own results.

Both studies (14, 15) however, followed a reference-based approach to deduce the pres-

ence of a particular vanA plasmid type. This could mask the presence of plasmid-types 

which are distinct from the selected reference plasmid(s). In our study, prediction of 

plasmids has been integrated into a network that avoids the arbitrary usage of a refer-

ence-plasmid and takes plasmid modularity into account. Bipartite networks were previ-

ously postulated to explore the pangenome of bacterial species with a particular empha-

sis on the accessory genome (27). A network approach also allows to classify plasmids in 

the absence of a common evolutionary history as it can integrate both horizontal and ver-

tical inheritance, in contrast to phylogenetic trees (28, 29). The classification of plasmids 

based on k-mer similarity networks has also recently been proposed by Acman et al. (30). 

Consequently, our network-based analysis could be expanded to include other vanA plas-

mids from plasmid databases such as Plasmid Atlas or PLSDB (31, 32), and could provide 

a global picture of the dissemination of vancomycin-resistance. Freitas et al., using an ex-

perimental approach showed that vanA resistance was located not only on Inc18-pIP186 

(Europe) but also on pRUM/Axe-Txeplasmids (33) and also concluded that both clonal and 

plasmid dissemination contributed to the vancomycin resistance spread.

To get full resolution of plasmid architecture, completed genomes are a useful resource 

to complement the short-read WGS data. Long-read completed plasmids were also used 

to investigate plasmid-mediated dissemination of carbapenem resistance (34). In a recent 

study, the dissemination of carbapenem resistance in Enterobacterales was observed in 

eight different species involving more than 100 sequence types. The plasmids bearing the 

carbapenem resistance showed a high genome plasticity by frequently exchanging mod-

ules to other non-carbapenamese resistant plasmids (35). Several antibiotic resistance-re-

lated plasmid outbreaks in a clinical context have been described in Enterobacteriaceae 

(36–40) but often it is not straight-forward to elucidate exact routes of transmission be-

cause of the nestedness of genetic elements (16).

A focus on the core-genome can overestimate the number of isolates that are consid-
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ered as non-related and thus missing potential epidemiological links. In line with Harris 

et. al. 2020 (41), we encourage the shift from a traditional core genome view on outbreak 

investigations to a new perspective that also includes the analyses of transposon-medi-

ated and plasmid-mediated mobilisation of AMR genes to effectively confirm potential 

epidemiological links and correctly evaluate the effectiveness of infection control policies. 

We showed that highly similar plasmids can be transferred between different SC which 

challenges the interpretation of AMR outbreak studies that are solely focused on core-ge-

nome analysis. A factor contributing to this clonality perspective is driven by the limita-

tions inherent from short-read WGS from which the assembly of plasmids is difficult and 

error-prone due to the high number of repeated sequences (42).

In summary, we propose a novel approach to infer the dynamics of vanA resistance dis-

semination. This allowed to obtain a comprehensive picture of the interplay between the 

nested genomic elements involved in the spread of the vanA gene cluster occurring in 

the Netherlands (2012-2015). Specifically, it revealed that in most Dutch regions, clon-

al spread, defined as isolates that were indistinguishable with respect to strain, plasmid 

and transposon type, contributed most to the spread of vanA type vancomycin-resistance. 

However, we also detected episodes of transposon-mediated and plasmid-mediated out-

breaks in which the dissemination of the vanA gene cluster did not occur vertically.

Material and Methods

Dutch VREfm collection, short-read WGS and genome assembly

The isolates from this collection represent a subset of isolates belonging to a previous 

study we conducted and that consisted of 1,644 E. faecium isolates including hospital-

ized patients but also samples from other sources (18). VanA-type vancomycin-resistance 

isolates (n=309) from 32 Dutch hospitals recovered between 2012 and 2015 were further 

analyzed. DNA extraction, and whole-genome sequencing using Illumina NextSeq were 

conducted as previously described (43). Short-reads were trimmed using Trim Galore (ver-

sion 0.6.4_dev) using the flag ‘--paired’ and specifying a phred score of 20 with the flag 

‘--quality’ (44). We used Unicycler (version 0.4.7) passing the short paired-end trimmed 

reads from Trim Galore and specifying the normal mode ( --mode) (45). Unicycler was used 

to compute the assembly graph provided in the file ‘assembly.gfa’ which selects for the 

k-mer size that optimises the ratio between number of dead-ends and contig size in the 

graph given by SPAdes (version 3.14.0) (46). In-silico prediction using Abricate (https://

github.com/tseemann/abricate, version 0.8), with the ResFinder database (indexed on 

16th of July 2018) (47)was conducted to search and select for Dutch isolates bearing the 

vanA resistance gene.
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Population structure of VREfm isolates

Recombination events and estimation of sequence clusters using BratNextGen and hi-

erBAPS were performed as previously described (18). PopPUNK (version 2.0.1) was run 

specifying the flag ‘--easy-run’ with a minimum k-mer size of 13 (flag --min-k) and creating 

the files required to generate a microreact project (flag --microreact)(21).

Prediction and characterisation of vanA plasmids

Gplas (version 0.6.1) was used to predict the plasmids present in the assembly graph of 

each VREfm isolate (19). Gplas was run using mlplasmids (43)as classifier to predict plas-

mid sequences (flag ‘-c’), specifying the species model ‘Enterococcus faecium’ (flag -s), a 

modularity threshold of 0.1 to partition the resulting bins (flag -q), and 50 walks per plas-

mid seed (flag -x). TETtyper (unique version) was used (48) to detect SNPs and deletions 

present in the Tn1546 sequences of each vanA bin against the reference (--ref ) correspond-

ing original transposon structure (Accession M97297) described by Arthur et al. (49), and 

passing the trimmed reads to perform the analysis with other default parameters. We 

used the ad-hoc scheme described in Table 2 to term the observed Tn1546 variants.

Analysis of predicted vanA bins and complete plasmids

Mash (version 2.2.2) (50) was used to perform k-mer pairwise comparisons of the vanA 

plasmids bins and complete plasmid sequences specifying a k-mer size (-k) of 21 and 

sketch size (-s) of 1,000. The igraph R package (version 1.2.4) (51) was used to represent in 

a network the vanA plasmid bins or complete plasmid sequences as nodes, and edges as 

connections between sequences with a minimum Mash distance of 0.025. The function 

‘cluster_louvain’ from the igraph R package was used to split components into further 

subgraphs based on the reported modularity value.

The starting coordinate position of complete vanA plasmids was adjusted using the func-

tion fixstart from circlator (version 1.5.5) using a customized database of known plasmid 

replication initiator sequences (52). Pairwise coverage and identity of aligned regions 

between complete plasmid sequences was performed using the script ‘average_nucle-

otide_identity.py’ from pyani (version 0.2.10) using default parameters (22). The function 

‘progressiveMauve’ from mauve (53) with default parameters was used to produce a mul-

tiple genome alignment of vanA complete plasmids belonging to the same configuration. 

The backbone file created by mauve was visualized with the R package genoplotR (ver-

sion 0.8.9) (54).

Contribution of nested genomic elements in the dissemination of vanA-type gene 
cluster

Pairwise comparisons were computed between VRE isolates sampled within 12 consecu-

tive months and isolated at: i) same hospital, ii) same Dutch region and iii) country-wide. 
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We observed which genomic elements were shared between pairs of VRE isolates and 

defined the following scenarios: i) clonal dissemination, characterized by identical SC, 

vanA plasmid type and Tn1546 structure; ii) HGT plasmid dissemination, characterized by 

identical vanA plasmid type and Tn1546 structure but distinct SC type, iii) HGT transposon 

dissemination, characterized by identical Tn1546 structure but distinct SC and vanA plas-

mid types and iv) no linkage, distinct Tn1546 structure.

Visualization of genomic elements

The R  package ggtree (version 1.14.6) (55) was used to integrate the neighbour-joining 
tree based on the core-genome given by PopPUNK together with SC assignment, 
PopPUNK clusters and predicted vanA plasmid types. A Microreact project (version 15.0.0) 
(56) was also  created with metadata regarding geographical position and isolation date.

Data availability

The complete code used to generate the results present in this manuscript is provided in 
a RMarkdown document available through

https://gitlab.com/sirarredondo/vancomycin_dissemination.

Supplementary Tables S1 and S2 are also available in the previous gitlab repository.

The raw paired-end reads of the isolates are available through the European Nucleotide 
Archive project PRJEB28495. The complete vanA plasmid sequences (n = 26) can also be 
retrieved through the NCBI Bioproject PRJEB28495 and the gitlab project

https://gitlab.com/sirarredondo/vancomycin_dissemination
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Table 1. Metadata information of the vanA complete plasmid sequences (n = 26) and average 

pairwise alignment coverage between and within plasmid types.

Isolate Complete 
pl. type

Country Year Source S C 
type

B e t w e e n 
coverage a

Within 
cover-
age b

E0139 A the Nether-
lands

1996 N o n -
hos pi-
tal

29 40% 85%

E0595 A the Nether-
lands

1996 Pig 30

E0656 A the Nether-
lands

1999 N o n -
hos pi-
tal

30

E6975 B Greece 2010 Hospital 13 32% 85%

E7114 B Latvia 2010 Hospital 13

E7160 B Slovenia 2009 Hospital 5

E7240 B Greece 2010 Hospital 10

E7246 B Greece 2009 Hospital 13

E7471 B the Nether-
lands

2012 Hospital 22

E8423 B the Nether-
lands

2015 Hospital 18

E7313 C the Nether-
lands

2012 Hospital 2 38% 80%

E8014 C the Nether-
lands

2014 Hospital 13

E8414 C the Nether-
lands

2014 Hospital 1

E6055 D Portugal 2010 Hospital 22 35% 75%

E8040 D the Nether-
lands

2014 Hospital 1

E4227 E Sweden 2005 Chicken 35 28% 96%

E4239 E Sweden 2007 Chicken 35
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E6020 F Latvia 2010 Hosp. 8 38% 82%

E6988 F Latvia 2010 Hosp. 21

E7025 F Latvia 2010 Hosp. 23

E7040 F Latvia 2010 Hosp. 21

E7067 F Latvia 2010 Hosp. 21

E7070 F Latvia 2010 Hosp. 21

E7207 F Greece 2008 Hosp. 3

a Between coverage refers to the average coverage resulting from pairwise comparisons of com-
plete plasmid sequences belonging to different plasmid types (A-F).
b Within coverage refers to the average coverage resulting from pairwise comparisons of complete 
plasmid sequences belonging to the same plasmid type.
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Table 2. Ad-hoc scheme to name the Tn1546 variants present in the predicted vanA plasmid se-
quences.

Type Position Nomenclature

SNP C806T 1

SNP G3966T 2

SNP G4351T 3

SNP T7658C 4

SNP G7747T 5

SNP G8234T 6

SNP C8833T 7

SNP C9692T 8

Deletion orf1 M

Deletion orf2 N

Deletion vanR R

Deletion vanS S

Deletion vanH H

Deletion vanA A

Deletion vanX X

Deletion vanY Y

Deletion vanZ Z

Deletion Intergenic I
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Table 3. Description of the vanA predicted plasmid types (> 10 isolates). For each predicted plasmid 
type, we indicated the graph component, partitioning of the component (see footnote), number of 
isolates forming the predicted plasmid type, percentage of SCs (relative to the predicted plasmid 
type size) and percentage of PopPUNK clusters (relative to the predicted plasmid type size).

Predicted 
pl. type

Graph 
Compo-

nent

Partitioning 
of Graph 
Compo-

nent a

Size hierBAPS SC PopPUNK cluster

1 1 - 11 SC10 (100%) PUNK7(100%)

2 2 - 31 SC13(93.1%)
SC10(3.4%)
SC1(3.4%)

PUNK1(100.0%)

3 3 2 76 SC13(72.0%)
SC2(12.0%)
SC1(4.0%)

SC10(4.0%)
SC18(2.7%)
SC9(1.3%)

SC19(1.3%)
SC22(1.3%)
SC23(1.3%)

PUNK1(77.3%)     
PUNK9 (10.7%)    
PUNK3 (4.0%)       
PUNK4 (1.3%)    

PUNK14 (1.3%)  
PUNK19 (1.3%)  
PUNK28 (1.3%)  
PUNK30 (1.3%) 
PUNK32 (1.3%)

4 3 3 62 SC17(66.1%)
SC10(17.7%)
SC18(12.9%)
SC22(1.6%)
SC23(1.6%)

PUNK2(67.7%)
PUNK1(8.5%)

PUNK10(6.5%)
PUNK4(3.2%)

PUNK20(3.2%)
PUNK11 (1.6%)
PUNK16 (1.6%)
PUNK17 (1.7%)
PUNK19 (1.7%)
PUNK 33(1.7%

5 6 - 20 SC13 (50.0%)
SC17(40.0%)

SC7(5.0%)
SC8(5.0%)

PUNK1(50.0%)
PUNK2(40.0%)
PUNK13(5.0%)
PUNK25(5.0%)

6 7 - 17 SC20 (47.1%)
SC18 (35.3%)
SC1(11.8%)
SC2(5.9%)

PUNK5(35.3%)
PUNK8(23.5%)
PUNK3(11.8%)

PUNK15(11.8%)
PUNK10(5.9%)
PUNK14(5.9%)
PUNK35(5.9%)

7 8 - 12 SC29(41.7%)
SC30(33.3%)
SC32(25.0%)

PUNK6(100.0%)
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8 13 - 10 SC18(100%) PUNK4(100.0%)

a Partitioning of the graph component refers to the split obtained after applying the Louvain

method, for finding community structure, in component 3.
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Supplementary Figures

Suppl. Figure S1 Distribution of pairwise Mash distances (k = 21, s = 1,000) between vanA
complete plasmid sequences (n = 26).

Suppl. Figure S2. Heatmap and single-linkage clustering of the pyani pairwise alignment identity
in the set of vanA complete plasmid sequences (n = 26).
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Suppl. Figure S3. Distribution of pairwise Mash distances (k = 21, s = 1,000) between predicted
vanA plasmid sequences (n = 303).

Suppl. Figure S4. Frequency of the 14 Tn 1546 variants present in our vanA predicted plasmid
types (n = 8) .
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Suppl. Figure S5. Contribution of nested genetic elements in the dissemination of vancomycin re-
sistance in specific Dutch hospitals. VRE samples isolated in 12 consecutive months and from the 
same hospital were considered. Clonal dissemination (green bar) corresponded to pairs of isolates 
sharing the same hierBAPS SC, vanA plasmid type and Tn1546 variant. Plasmid-mediated dissemina-
tion (orange bar) corresponded to pairs of isolates sharing the same vanA plasmid type and Tn1546 
variant but different hierBAPS SC. Transposon-dissemination (blue bar) corresponded to pairs of 
isolates sharing the same Tn1546 variant, different vanA plasmid type and same or different the hier-
BAPS SC. Unrelated (purple bar) isolates corresponded to pairs of isolates with a different Tn1546 
variant.
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Suppl. Figure S6. C ontribution of nested genetic elements in country-wide dissemination of van-
comycin resistance. VRE samples isolated in 12 consecutive months in the Netherlands were consi-
dered. Clonal dissemination (green bar) corresponded to pairs of isolates sharing the same hierBAPS 
SC, vanA plasmid type and Tn1546 variant. Plasmid-mediated dissemination (orange bar) correspon-
ded to pairs of isolates sharing the same vanA plasmid type and Tn 1546 variant but different hier-
BAPS SC. Transposon-dissemination (blue bar) corresponded to pairs of isolates sharing the same Tn 
1546 variant, different vanA plasmid type and same or different the hierBAPS SC. Unrelated (purple 
bar) isolates corresponded to pairs of isolates with a different Tn1546 variant.
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Plasmids are extrachromosomal elements that can disseminate between strains or even 
between different bacterial species. Plasmids can also acquire novel genetic traits by ac-
quisition of transposons or cointegration with other plasmids thereby providing host bac-
terial strains novel adaptive traits. These inherent characteristics make plasmids optimal 
vectors for disseminating antimicrobial resistance (AMR) (1, 2). Plasmid-mediated AMR 
dissemination often follows a Russian-Doll model in which nested genomic elements 
intervene in resistance propagation by vertical and horizontal transmission (3). Howev-
er, current epidemiological studies on AMR dissemination often solely focus on clonal 
outbreaks (4). Traditional typing methods such as MLST, but also current whole genome 
sequence (WGS)-based epidemiological studies fail to resolve the dynamics of plasmids 
and thus challenge the monitoring of plasmid-mediated AMR (3). A main reason for this 
focus on clonal dissemination is the challenge of reconstructing plasmid sequences from 
short-read WGS as explained in chapter 2. The scope of this thesis was to develop a new 
set of tools in order to overcome this limitation and accurately detect and trace plasmid 
sequences, from short-read WGS data, in the nosocomial pathogen Enterococcus faecium. 
This was especially relevant to investigate the dissemination of antimicrobial resistance 
(AMR), in particular vancomycin resistance, as well as other disseminated genes. Below I 
will review the overall results of chapters 2 to 6 and discuss the limitations and further 
directions of the developed tools presented in chapter 3 (mlplasmids) and chapter 5 
(gplas).
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In chapter 2, we faced the challenge of detecting plasmid sequences from WGS with a 
limited set of bioinformatic tools. At the start of this thesis, the reconstruction of plasmids 
seemed to be apparently solved by the introduction of short-read WGS and tools such as 
PlasmidFinder that permitted the detection of Enterobacteriaceae plasmid replicons, or 
by Placnet that required manual expert analysis of plasmid networks (5, 6). To shed some 
light on whether the reconstruction of plasmids was feasible from short-read WGS, we 
performed a benchmark of different tools to automate the reconstruction of plasmids. In 
this benchmark, we used a selection of 42 bacterial genomes spanning 12 different gen-
era, which corresponded to all complete genomes in the NCBI public databases and with 
short-read data available at that time (July 2016). This selection was clearly affected by the 
content of the NCBI database which is skewed for clinically relevant species belonging to 
the Enterobacteriaceae family (7). Furthermore, we did not consider the complexity of the 
genomes in terms of number of contigs, number of components or dead-ends present in 
the de Bruijn graph that could affect the performance of de-novo assembly tools such as 
Recycler (8) or PlasmidSPAdes (9).

Despite the limitations of the benchmarking set, this comparison was well received by 
the community because it provided one of the first independent studies which reflect-
ed some of the bottlenecks and limitations encountered by other researchers trying to 
predict plasmid sequences from WGS. We determined PlasmidSPAdes as the best tool to 
reconstruct plasmid sequences. This tool uses a de-novo approach that could be applied 
to any bacterial species and assumes that plasmids have a different copy number than 
the chromosome. However, we clearly showed the two limitations of this tool: i) large 
plasmids with a similar copy number as the chromosome were wrongly absent from the 
prediction and ii) 84% of the predictions reported by PlasmidSPAdes merged one or more 
plasmids into the same component. The benchmark presented in chapter 2 motivated 
the development of new plasmid prediction tools such as PlasmidTron, MOB-Suite, Plas-
Flow, PlaScope, metaplasmidSPAdes (10–13) that mentioned our comparison as a rational 
to develop their tools and plasmid databases (14–16). Furthermore, Orlek et al. also cited 
the study presented in chapter 2 to emphasize that the binary origin of contigs (plasmid 
or chromosome) was a more feasible problem than predicting plasmid boundaries (17). 
Today, the emergence of these and other new plasmid prediction tools (11, 12, 15, 18–20) 
and the increase of the availability of complete genomes would require a new indepen-
dent benchmark study in which the current status of plasmid reconstruction using short-
read WGS should be updated.

A novel methodology to predict the repertoire of plasmid sequences within E. faecium 
was developed using a large collection of isolates from different sources including human 
and non-human samples. For this we first performed short-read WGS on 1,644 isolates. 
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Furthermore, we sequenced a subset of 62 isolates with long-read WGS (Oxford Nanopore 
Technologies). These 62 isolates were fundamental to develop a novel machine-learning 
classifier to predict the origin of contigs derived from E. faecium. The selection of these 
isolates had to ensure enough plasmid diversity and variability. According to the results of 
chapter 2, we performed an initial plasmid prediction of the 1,644 isolates using Plasmid-
SPAdes. Orthologous genes (OG) were searched to estimate the presence and absence of 
plasmid genes and t-SNE clustering (unsupervised approach) was considered to reduce 
the dimensionality problem. Finally, the selection of the long-read isolates was achieved 
by fixing the number of centroids, using a supervised approach (k-means), correspond-
ing to the number (62) of long-read isolates. This selection performed in chapter 3 was 
fundamental to achieve a machine-learning classifier that confidently predicted plasmid 
sequences in E. faecium and to avoid underrepresentation of sequences derived from 
non-human sources. The classifier (support-vector machine, SVM) developed for E. fae-
cium achieved an accuracy of 0.94 and F1-score of 0.92 on an independent set of isolates. 
To facilitate the usage of the tool to a wider non-bioinformatics community, we made the 
classifier available as an R package called ‘mlplasmids’ but also as a web-server graphical 
interface and provided two other SVM classifiers to predict the origin of contigs in Klebsi-
ella pneumoniae and Escherichia coli.

The accuracy (0.95) and F1-score (0.76) obtained in the E. coli model highlighted one lim-
itation of training a machine-learning classifier using sequences from NCBI databases. 
The model was trained on only 168 completely assembled genomes available at the time 
(March 2018). We observed that the E. coli model suffered from false-negatives, plasmids 
which were not predicted as belonging to that class, which was related to a lack of plas-
mid variability and problems with the ratio between plasmid and chromosomal contigs 
present in the training set and used in the construction of the model. This confirms the 
importance of training the algorithms with a diverse strain set of completely assembled 
genomes covering the plasmid diversity present in the bacterial species. Today, with more 
than 1000 completely assembled E. coli genomes available in public databases, an update 
and re-training of the E. coli model is necessary to effectively apply mlplasmids and gplas 
to E. coli plasmid population analyses.

In E.faecium, a strain set was selected that captured much of the plasmid diversity of this 
species to achieve a classifier with a good balance between specificity and sensitivity. Fur-
thermore, the models use pentamer frequencies (1,024) to differentiate between plasmids 
and chromosomal sequences, as previously used by cBar in a metagenomics approach 
(21). In our case, we decided to train the models for individual species and thus limited 
the range of usability of these classifiers. However, this decision was fundamental to in-
crease the accuracy of prediction and to avoid the incorrect prediction of chromosomal 
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sequences (false positives) in the models which can contaminate all downstream analyses 
as shown in chapter 5 when combining gplas together with PlasFlow.

The models in mlplasmids have been used in the community not only to predict short-
read contigs but also to predict contigs coming from incomplete long-read assemblies 
(22). There  are two other challenging cases in which the length of the contigs being pre-
dicted plays a fundamental role: i) prediction of contigs bearing AMR genes flanked by IS 
elements or transposon sequences and ii) prediction of plasmids integrated into the chro-
mosome. In the first case, the presence of left or right flanks that surround the transposon 
or IS element around the AMR gene, is fundamental to predict the origin of that contig. 
Otherwise, the model may report a posterior probability around the threshold (0.5) which 
makes assignment to both classes equally likely. If there are no right- or left-flanks with a 
chromosome k-mer signature, the contig would be predicted as plasmid-derived, despite 
being integrated into the chromosome. The assignment of plasmid contigs for these two 
cases can be improved by looking at the neighbouring contigs in the plasmid network as 
shown in chapter 5.

In chapter 4, we used mlplasmids to perform a plasmid prediction of the 1,644 E. faecium 
isolates present in our collection. This prediction allowed us to observe the presence of 
several host-associated plasmidome populations. Most notably, the plasmidome from 
hospitalized patient isolates were clearly distinct and these isolates also had an over-
all larger plasmidome content. These plasmidome populations were compared using a 
k-mer analysis with Mash (23) based on a previous benchmarking study that evaluated 
and provided guidance on different phylogenetic strategies from WGS (24). K-mer analysis 
and comparison is becoming a preferred method to compare plasmids (15, 25) which are 
unsuited to be analysed by traditional phylogenetic methods because of a lack of core 
elements and high ratio of recombination.

We observed that plasmid k-mer distances were the key factor in explaining distinct host 
populations compared to other factors such as geographical distance or time of isolation 
between pairs of isolates. These plasmidome populations are shaped by the flow of plas-
mid sequences but with restrictions imposed by ecological constraints and active HGT 
barriers, e.g. type I RM systems, and less by physical interaction between hosts. Most of the 
plasmid genes enriched in these populations were poorly characterized and their function 
was unknown. This attests to the importance of performing functional genomic-based 
approaches like Tn-seq (26) and Crispr-Cas technology (27) to functionally characterize 
the role of plasmid genes. Finally, a limitation of the approach followed in chapter 3 is that 
the proposed k-mer analysis allows studying the plasmidome but not individual plasmids. 
It is therefore important to realize that the plasmidome populations defined in the study 
may be driven by the k-mer content of large plasmid sequences, which could mask the 
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role of medium or smaller plasmids in e.g. host adaptation or AMR dissemination.

The plasmidome prediction given by mlplasmids only allowed to confidently predict 
the binary origin of contigs (plasmid- or chromosome-derived) and thus lacked plasmid 
boundaries. These plasmid boundaries, however, are required to predict whether AMR 
genes, such as the vanA gene cluster, are found in a single conserved plasmid sequence or 
whether there are different plasmid configurations bearing the vanA gene. This motivated 
the development of a novel bioinformatic tool (‘gplas’, chapter 5) that opened the pos-
sibility of binning plasmid-predicted sequences into different clusters or plasmid-types. 
These clusters correspond to the plasmid sequence from which they originated and thus 
allowed to track and trace individual plasmids in the population.

Gplas built on different concepts of some of the tools benchmarked in chapter 2: i) con-
tigs originating from the same plasmid should have a uniform sequence coverage (8, 9), 
ii) a greedy-approach can be used to find plasmid walks in the assembly graph (19) and 
iii) in the generated plasmidome network, highly-connected components correspond to 
independent plasmid sequences (18). In order to retrieve these features, gplas uses the 
assembly graph (in gfa format) and not merely the collection of contigs reported by the 
assembler. Of note here is that we built on plasmid features from tools such as Recycler (8) 
that, by themselves, showed a poor performance in the benchmark study of chapter 2.

In chapter 5, we describe the combination and adaptation of previously postulated plas-
mid features and the introduction of novel features to interrogate the resulting plasmid 
network. This dramatically increased the prediction of plasmid boundaries. We observed 
that the initial binary prediction was fundamental to achieve a reliable prediction as 
shown with the precision (0.82) and completeness (0.72) obtained when using gplas in 
combination with mlplasmids. The performance of gplas, especially in the combination 
with mlplasmids, outperformed other de-novo or reference-based tools. However, when 
plasmids had a similar k-mer coverage and shared repeat sequences in the underlying 
de Bruijn graph, this resulted in the presence of bins in which two or more plasmids were 
merged. Despite this limitation, the rest of the plasmid network gave us detailed insights 
into the topology and composition of plasmids between two or more isolates. Two iso-
lates from different plasmidome populations sharing a bin while the rest of the plasmid 
network is different can be indicative for the transmission of an individual plasmid be-
tween these isolates. This was fundamental to detect AMR transmission between differ-
ent clonal but also plasmidome backgrounds. Furthermore, the prediction given by gplas 
was able to help to corroborate the initial assignment given by mlplasmids or PlasFlow 
in challenging cases. An example are AMR genes or plasmid sequences integrated in the 
chromosome. In these cases, additional information was obtained by looking into the 
neighbouring contigs surrounding the contig of interest in the plasmidome network. The 
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presence of a contig in a bin with multiple other plasmid-predicted contigs can help to 
confirm the plasmid origin of that sequence. In the case of a plasmid integrated into the 
chromosome, the node is unbinned as the contig is not linked to other plasmid contigs 
in the network.

PlasFlow (12) was developed using a machine-learning approach but trained on a large 
number of different bacterial species and genera. This general approach allowed to pre-
dict plasmid sequences from any bacterial species and was mainly developed to be used 
in metagenomic samples. However, as shown in chapter 5, the usage of such a general 
approach comprises a risk of wrongly predicting chromosome-sequences which can hin-
der downstream analysis such as the binning of plasmid-predicted contigs into individual 
sequences. For this reason, in chapter 3, we focused our efforts on developing several 
machine-learning classifiers for distinct bacterial species, such as pathogens included in 
the ESKAPE list. The combination of gplas with PlasFlow allowed to obtain plasmid bound-
aries for any bacterial species and thus increased the usage and applicability of the tool.

A current limitation of gplas is that it can only be applied to single genome isolates and 
is thus not suitable for metagenomics samples, unlike plasmid prediction tools as meta-
PlasmidSpades (9), Recycler (8), Plasflow (12) and SCAPP (28). However, gplas could be 
repurposed to be used with metagenomics samples. Gplas assumes that there is a single 
chromosomal sequence in the sample and all chromosomal predicted contigs are consid-
ered to estimate the expected variation of the chromosomal k-mer coverage introduced 
during the library or sequencing preparation. This estimation needs to be adapted in the 
case of metagenomic samples in which several genomes are present in the same sample. 
The rest of the assumptions applied in gplas could be implemented in a metagenomics 
approach without further modifications.

In chapter 6, we used gplas in combination with mlplasmids, presented in chapters 5 
and 3, respectively, to predict the plasmids carrying the vanA gene cluster in 309  van-
comycin resistant E. faecium (VRE) isolates from 32 Dutch hospitals and isolated between 
2012 and 2015. For these isolates, short-read WGS was generated in chapter 4. We exclu-
sively focused  on bins predicted by gplas containing the contig encoding for the vanA 
gene cluster. Next, we considered a network approach to integrate all k-mer distances 
between vanA bins. This avoided the usage of an arbitrary reference plasmid to compare 
plasmid bins and integrated the modularity observed in bacterial plasmids (7). Lanza et 
al. (29) already postulated the use of a network approach to investigate the accessory 
genome of bacterial species. In this chapter 6, we considered a network in which nodes 
represented gplas bins bearing the vanA gene cluster, and edges connections between 
bins with a high similarity based on their pairwise k-mer distance. The topology and struc-
ture of the network suggested the presence of 8 distinct clusters that were considered 
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later as predicted plasmid-types. These clusters contained plasmids carried by isolates 
belonging to different sequence clusters (SC) which already suggested the dissemina-
tion of highly similar vanA plasmid-types between distinct VRE clonal complexes. We then 
integrated into the network the complete plasmids bearing the vanA gene cluster which 
were assembled in chapter 4. These complete plasmids elucidated the content of four 
of the predicted plasmid-types and allowed to partially validate the predicted network. 
The predicted plasmid-types lacking a complete vanA plasmid could represent novel vanA 
plasmid sequences not assembled in chapter 4 or could reflect difficulties in the predic-
tion given by gplas. In this case, the integration of all previously completed vanA resistant 
plasmids present in public databases using tools such as Plasmid Atlas or PLSDB (14, 15) 
would elucidate the genomic content of the remaining predicted plasmid-types, and har-
monize the plasmid annotation using previously defined plasmid-type schemes (30).

The reconstruction of the plasmid-types bearing the vanA-type gene cluster facilitated 
the nestedness analysis of clonal complex, plasmid-type and Tn1546 variant. This elucidat-
ed that, overall, clonal dissemination, in which the same clone, plasmid-type and Tn1546 
variant were vertically inherited, contributed most (~45%) to the spread of vanA-type 
of vancomycin resistance in Dutch hospitals between 2012-2015. However, we also ob-
served scenarios of transposon-mediated outbreaks in which Tn1546 transposition and 
mobilisation using distinct plasmid sequences was responsible (> 70%) for most of the 
observed vancomycin resistance dissemination (e.g. Flevoland 2012-2013 or North-Hol-
land 2012-2013). Furthermore, we also observed a potential plasmid-mediated outbreak 
occurring in South Holland in 2014 to 2015 in which a particular vanA plasmid-type con-
tributed most (~42%) to the dissemination of vancomycin resistance in that particular 
Dutch region. Based on this, we suggested that, to confirm potential epidemiological links 
and correctly assess the effectiveness of infection control policies or antimicrobial stew-
ardships in clinical settings, dissemination of all the different layers of the Russian-Doll 
model of nested genomic complexes (3, 17) such as clone, plasmid, transposon and other 
mobile genetic elements, need to be taken into account.

In this thesis, we propose several approaches to improve plasmid prediction and recon-
struction of short-read sequence data. I demonstrated that gplas in combination with 
mlplasmids or PlasFlow can provide detailed insights on shared similar plasmidome net-
works among isolates and shared plasmid bins containing AMR genes. Without doubt the 
decrease in costs of long-read sequencing and increase in the read-accuracy and output 
of long-read sequencing platforms such as the GridION or PromethION is causing a shift in 
the current genomics paradigm by facilitating not only plasmid assembly but also detec-
tion of structural variants among a wide range of applications in bacterial and eukaryotic 
genomes (31–34). However, the enormous amount of short-read WGS data already gen-
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erated and publicly available in databases (35) makes the tools developed in this thesis to 
predict and reconstruct plasmid sequences based on existing short-read sequencing data 
extremely valuable for studying plasmid-based host-adaptation and the epidemiology of 
plasmid-encoded AMR, which is important for the effective implementation of infection 
control policies and antibiotic stewardships.
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Bacteria can hold autonomous replicating elements called plasmids which can act as ma-
jor drivers of genetic variation and adaptation. Plasmids can facilitate the dissemination of 
antimicrobial resistance genes (AMR) within and between bacterial species by horizontal 
gene transfer (HGT). Thus, the reconstruction plasmid sequences is essential to fully un-
derstand how the introduction and dissemination of AMR genes takes place into bacterial 
populations. 

In this thesis, I have focused on the nosocomial pathogen Enterococcus faecium which 
commonly inhabits the intestinal tract of animals and humans. However, E. faecium is also 
an important causative agent of hospital-acquired infections. In the last three decades, E. 
faecium has acquired resistance against multiple antibiotics, most notably ampicillin, gen-
tamicin and vancomycin. The presence of many antibiotic resistance traits contained on 
plasmids, such as vancomycin resistance, has facilitated the rapid dissemination of AMR 
genes into the E. faecium population. 

To study the genetic determinants of antimicrobial resistance in bacterial species and 
its spread, whole-genome sequencing (WGS) of bacteria by short-read technologies be-
came the gold-standard. However, plasmid sequences frequently contain many repetitive 
sequences that cannot be spanned by short-read sequences. The resulting assembly of 
bacterial genomes often consists of hundreds of longer contiguous sequences, termed 
contigs, from which the chromosomal or plasmid origin remains largely unknown. 

At the start of my thesis research, only a limited set of bioinformatics tools was available to 
predict and reconstruct bacterial plasmids from short-read WGS technologies. In chapter 
2, we provided one of the first independent benchmarks that highlighted the limitations 
and challenges behind plasmid reconstruction using short-read WGS data. We concluded 
that none of the programs was able to accurately reconstruct plasmid sequences in an 
automated fashion. These results motivated the development of novel tools to improve 
the prediction and reconstruction of bacterial plasmids. 

In chapter 3, we developed a user-friendly machine-learning tool called mlplasmids. This 
tool used pentamer frequencies to predict the total of plasmid sequences, the plasmi-
dome, of a selection of bacterial species. Mlplasmids could confidently predict the repli-
con origin, plasmid- or chromosome-derived, of a contig sequence. 

In chapter 4, we performed WGS of a large collection of 1,644 E. faecium isolates coming 
from different origins including hospital, commensal and animal sources. In this study, we 
used mlplasmids to predict the E. faecium plasmidome content which unravelled that hos-
pital isolates carried a larger and distinct plasmid content. We showed that not a single but 
several plasmid configurations were present in hospital isolates which suggested several 
routes of plasmid adaptation into the hospital environment. Furthermore, we observed 
that the content of plasmid sequences was stronger linked to source specificity than the 
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chromosome content. 

The main limitation of mlplasmids is that all sequences predicted to be of plasmid origin 
remained unbinned, precluding the reconstruction of individual plasmids. This limits its 
applicability to study the dissemination of individual plasmid sequences into bacterial 
populations. Therefore, we developed in chapter 5, a novel tool termed gplas that sep-
arated contigs with a plasmid origin into different bins corresponding to individual plas-
mid sequences. This tool uses pentamer frequencies, k-mer coverage, and assembly graph 
information to perform its prediction. We showed that the combination of mlplasmids 
together with gplas outperformed other binning tools and allowed the reconstruction of 
single plasmid sequences from short-read WGS data.  

In chapter 6, we used the newly developed tool gplas to study the dissemination of 
vancomycin resistance from a clone, plasmid and transposon perspective in a set of 309 
vancomycin-resistant E. faecium isolates, from patients from 32 Dutch hospitals, carrying 
the vanA gene cluster isolated between 2012-2015. We observed that, on average, clonal 
dissemination was the major driver of vancomycin resistance spread in Dutch hospitals in 
this strain set. However, we also identified some hospital outbreaks where HGT, either me-
diated by plasmid or transposon transfer dominated the spread of the vanA gene cluster. 

In this thesis I describe the development of two novel tools, mlplasmids and gplas, to 
predict and reconstruct bacterial plasmid sequences from short-read WGS data. I applied 
these tools to large collections of mainly E. faecium isolates and showed how they were 
instrumental in disclosing the role of plasmids in adaptation of E. faecium to different eco-
logical habitats and in dissemination of vancomycin resistance. Mlplasmids and gplas are 
not E. faecium specific thus can also be applied to study the role of plasmids in bacterial 
adaptation and resistance dissemination in a wide variety of bacterial species, Gram-pos-
itive as well as Gram-negative.
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Bacteriën kunnen autonome elementen bevatten, plasmiden genaamd, die als belan-
grijke aanjagers van variatie en aanpassing kunnen fungeren. Deze plasmide sequenties 
kunnen de verspreiding van antimicrobiële resistentie genen (AMR) naar andere bacterie-
soorten door horizontale genoverdracht (HGT) vergemakkelijken. De reconstructie-plas-
mide sequenties zijn dus essentieel om volledig te begrijpen hoe de introductie en ver-
spreiding van AMR-genen plaatsvindt in bacteriële populaties.

In dit proefschrift hebben we ons gericht op de nosocomiale pathogeen Enterococcus fae-
cium die gewoonlijk in het darmkanaal van zoogdieren voorkomt. E. faecium is echter ook 
een belangrijke veroorzaker van ziekenhuisinfecties. In de afgelopen drie decennia is E. 
faecium resistent geworden tegen meerdere antibiotica, met name ampicilline, gentami-
cine en vancomycine. De aanwezigheid van vele kenmerken van antibioticaresistentie in 
plasmide sequenties, zoals vancomycine resistente, zou de snelle verspreiding van AMR-
genen in de E. faecium-populatie kunnen vergemakkelijken.

Om plasmide sequenties te bestuderen, werd sequentiebepaling van het hele genoom 
(WGS) van bacteriën door kort gelezen technologieën de gouden standaard. Plasmide-se-
quenties bevatten echter vaak veel repetitieve sequenties die niet kunnen worden 
overbrugd door korte-read-sequenties. De resulterende assemblage bestaat vaak uit 
honderden langere aaneengesloten sequenties, contigs genoemd, waarvan de chromo-
somale of plasmide-oorsprong onbekend blijft.

Aan het begin van dit proefschrift was er slechts een beperkte set van bio-informatica-in-
strumenten beschikbaar om bacteriële plasmiden te voorspellen en te reconstrueren op 
basis van korte-read WGS-technologieën. In hoofdstuk 2 bieden we een van de eerste 
onafhankelijke benchmarks die de beperkingen en uitdagingen benadrukken achter plas-
mide-reconstructie met behulp van short-read WGS-gegevens. We concludeerden dat 
geen van de programma’s in staat was om plasmide-sequenties op een geautomatiseerde 
manier nauwkeurig te reconstrueren. Deze resultaten motiveerden de ontwikkeling van 
nieuwe tools om de voorspelling en reconstructie van bacteriële plasmiden te verbeteren.

In hoofdstuk 3 hebben we een gebruiksvriendelijke machine learning tool ontwikkeld, 
genaamd mlplasmids. Deze tool gebruikte pentameer frequenties om het plasmidoom 
gehalte van een selectie van bacteriesoorten te voorspellen. Mlplasmids kon met vertrou-
wen de oorsprong voorspellen, afkomstig van plasmiden of chromosomen, van een op-
eenvolgende sequentie. De belangrijkste beperking achter mlplasmids bestond er echter 
in dat alle sequenties met een plasmide oorsprong losgemaakt bleven en dus de toe-
pasbaarheid ervan om de verspreiding van individuele plasmide sequenties in bacteriële 
populaties te bestuderen, beperkte.

In hoofdstuk 4 bestudeerden we een grote collectie van 1.644 E. faecium-isolaten van ver-
schillende oorsprong, waaronder ziekenhuis-, commensale en dierlijke bronnen. In deze 
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studie gebruikten we mlplasmids om het E. faecium plasmidoom gehalte te voorspellen, 
wat ontrafelde dat ziekenhuisisolaten een groter en duidelijker plasmidegehalte droegen. 
We toonden aan dat er niet één maar meerdere plasmide-configuraties aanwezig waren 
in ziekenhuisisolaten, wat verschillende routes voor plasmide-aanpassing in de ziekenhu-
isomgeving suggereerde. Verder hebben we waargenomen dat het gehalte aan plasmide 
sequenties sterker was gekoppeld aan de bron specificiteit dan het chromosoom gehalte.

In hoofdstuk 5 hebben we een nieuwe tool ontwikkeld, gplas genaamd, die contigs 
met een plasmide-oorsprong scheidt in verschillende bakken die overeenkomen met 
individuele plasmide-sequenties. Deze tool maakt gebruik van pentameer frequenties, 
k-mer-dekking en informatie over assemblage grafieken om de voorspelling uit te voeren. 
We toonden aan dat de combinatie van mlplasmiden samen met gplas beter presteerde 
dan andere binning-tools en maakte de reconstructie mogelijk van enkele plasmide-se-
quenties op basis van korte WGS-gegevens.

In hoofdstuk 6 hebben we ons gericht op 309 E. faecium-isolaten, afkomstig uit 32 Neder-
landse ziekenhuizen, die het vanA-gencluster dragen dat resistentie tegen vancomycine 
verleent. De vanA-gencluster wordt vaak gedragen door plasmide sequenties en wordt 
gecodeerd binnen een transposon-element. Met gplas konden we de plasmide sequen-
ties reconstrueren die dit resistentie gencluster dragen. Dit maakt het mogelijk om de 
verspreiding van vancomycine resistente te bestuderen vanuit een kloon-, plasmide- en 
transposon perspectief. We constateerden dat klonale verspreiding gemiddeld de be-
langrijkste oorzaak was van de verspreiding van vancomycine resistente in Nederlandse 
ziekenhuizen (2012-2015). We hebben echter enkele uitbraak instellingen geïdentificeerd 
waarvoor HGT, ofwel gemedieerd door plasmide- of transposons overdracht. domineerde 
de verspreiding van het vanA-gencluster.

Dit proefschrift leverde twee nieuwe tools, mlplasmids en gplas, om bacteriële plasmide 
sequenties te voorspellen en te reconstrueren op basis van kort gelezen WGS-gegevens. 
We hebben deze tools toegepast op grote verzamelingen isolaten en laten zien hoe de 
bijdrage van plasmide sequenties aan bacteriële variatie en adaptatie kan worden be-
studeerd.
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