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Abstract

Campylobacter is a major cause of diarrhea, and its spread is monitored all over
the world, resulting in a great number of sequenced genomes. One method to
analyze large data sets of bacterial genomes is pan-genome analysis, which is
the method of clustering all genes in the entire data set against each other to
find families of homologous genes by sequence identity, which are then sorted by
their prevalence in the data set. A pan-genome can be plotted in the pan-genome
curve, where the cumulative number of gene families in the pan-genome is plotted
against the number of genomes. A noticeable feature of the curve is the upticks
that appear for some genomes when they are added, which are caused by these
specific genomes adding an unusually high number of novel gene families to the
pan-genome.
Four different subsets have been extracted from a large data set of C. jejuni
genomes, two large ones which contain closely related genomes, and two smaller
ones with phylogenetically distant genomes. Pan-genomes were assembled for all
data sets, and the genes families which contribute many new gene families to the
pan-genome were extracted. Those gene families were mapped onto their source
assemblies to find their locus of origin, to see if they were evenly distributed across
the genome (which would indicate general phylogenetic distance) or concentrated
on a few contigs (which could indicate a concentrated evolutionary event). Many
of the jumps were found to indicate plasmids.
All gene families that contribute to jumps where then functionally annotated us-
ing the virulence factor data base (VDFB) which groups annotations into different
functional categories. The individual evolutionary events have very different com-
positions of these categories, but when they are summed up over each data set,
they are very similar. The present categories agree mostly with the ”major vir-
ulence factors in Campylobacter” as categorized by the VFDB, except for two
exceptions: the Nutritional/Metabolic factor category, which appears frequently
in the data set, but is not a major virulence factor in Campylobacter according
to the VFDB, and Invasion, which is in the VFDB list, but does not appear in
any of the jumps.
This method is a starting point upon which further analyses can be built. For
example, plasmids and other events can be determined with more certainty when
reshuffled pan-genomes of each data set are analyzed, and the gene families that
make up potential plasmids can be tracked through the entire data set and cor-
related with other available metadata.





Popular science summary
Milena Regina Trabert

Outbreaks of food- and water-borne diseases, accompanied by recalls of meat products, boil water ad-
visories, and hospitalizations occur regularly in communities all over the world. One of the most common
causes for this is Campylobacter, a bacterial genus which causes diarrhea. During an outbreak, it is important
to know what type of Cambylobacter you are exactly dealing with, because there are more or less dangerous
variants. This can be done through genome sequencing, where you can get a detailed look at the genome of
the bacteria.

Since there are a lot of outbreaks all over the world and the technology for genome sequencing has been
around for many years, there are a lot of sequenced genomes available from outbreaks. It is the job of
monitoring institutions, like the Swedish Veterinary Institute (SVA), to collect and analyze this data and
recognize overall trends and changes in Campylobacter. This is useful to see if, for example, it is getting
more dangerous.

Such a huge amount of data has to be structured, which can be done by many different methods, one
of them being pan-genome analysis, where individual genes are sorted according to their frequency in a
population. To explain this, I will use a simplified model of dog genetics as an analogy for bacteria. You can
imagine individual Campylobacter bacteria like individual dogs of any breed all around the world. They are
all dogs, and share some common characteristics, but two individuals, like a dachshund and a husky, can still
be wildly different. While all dogs have the genes that give them two eyes and ears, four limbs etc., there are
also many genes that differ between them, like fur color and length, body size, face shape and many more.
If you wanted to construct a pan-genome from a population of dogs, you would take one dog after the other,
and add every new gene you find together into one pool.

You can then separate the pan-genome into core and accessory genome, where genes that occur in almost
all individuals, like the genes that give dogs four legs, and two eyes etc., are sorted into the core genome.
They are most likely quite essential for the dog to function. Accessory genes would be genes like black fur,
long legs, big ears, or others, which don’t appear in every dog. (It is important to keep in mind that in real
dogs, these traits are not controlled by single genes, but by a large number of genes all working together,
but thinking about it in this simplified way is helpful to understand the pan-genome)

The core genome is likely essential to keep an individual alive, while the accessory genome can have genes
that cause it to be more or less harmful to humans. This gives the data set very useful structure, since you
can do all sorts of analyses with the accessory genome. I based my analysis on the fact that, when you build
a pan-genome, some bacteria add more accessory genes than others. Imagine you build a pan-genome of a
bunch of large working dogs like huskys and shepherds, and then suddenly you add a toy poodle. The poodle
would cause a sudden increase in the pan-genome size, because it adds so many new genes for its curly hair,
and small size etc.

These situations where the pan-genome size suddenly jumps up are what I focused on, since they separate
subgroups of bacteria from one another. They can show differences between bacterial subgroups and thus
give information about the evolution of the population.

I tried two different types of data sets. The first consists of very different types of bacteria that are
grouped together, the second uses only bacteria that are already more closely related to one another. For
example, if you make a dataset of all dogs in europe, and a different one with only Labradors. Both data
sets form very different pan-genomes, both in size and core/accessory genome division. The jumps are very
varied as well. Many differences between bacteria can cause a jump in the pan-genome size, like genes that
make them more or less susceptible to antibiotics, or increase their danger to humans. From the starting
point of this method, these jumps can be investigated in more detail, and tracked through different genomes
to see how they spread in a population.
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1 Introduction

Campylobacter is a bacterial genus containing very common foodborne pathogens that cause campylobac-
teriosis, a disease with symptoms like stomach or headaches and diarrhea, which can be deadly for young
children, elderly people or people who are otherwise immuno-compromised [32]. A common source of out-
breaks are poultry farms, since Campylobacter is very commin in birds like chickens [6], and can spread
through colonies grown in animal fecies that contaminate water or meat, which introduces them to human
communities [33]. After campylobacter enters the human body, it starts to colonize in the gastrointestional
tract, and while symptoms are usually mild, it can be dangerous for immunocompromised individuals, and
sometimes develops into more severe illnesses [2]. Common virulence factors for camplyobacter include
adhesion (ability to attach to host cells), multidrug and bile resistance, stress resistance, and others [2].

Due to its prevalence, it can have a great socio-economic impact especially in developing countries,
and monitoring its spread is very important. This includes medical supervision and treatment of infected
individuals, and direct field research, but also computational genomic analyses to understand its evolution
and behavior in an outbreak [14]. Over time, the analysis of many outbreaks all over the world accumulates a
large amount of genomic data for Campylobacter. One method to analyze large amounts of bacterial genomes
computationally is to assemble a pan-genome.

The concept of the pan-genome was introduced in 2005 by Tettelin et al. [21] and it is commonly used
for research on pathogenic bacteria [18]. It was a consequence of the increasing availability of sequencing
technologies, when it was becoming affordable to sequence multiple individuals of the same species, and
it became increasingly clear that there is great variety in the genome composition of bacteria [28]. The
pan-genome can be constructed from multiple annotated genomes.

Pangenome software has, in principle, two simple steps (visualization in Fig. S2). First, all annotated
genes from all genomes are clustered via all-against-all sequence alignment, where closely related genes are
clustered into gene families. It is possible to set a custom sequence identity threshold for the clustering
here, which sets the minimum sequence identity required for two gene sequences to be sorted into the same
cluster. The actual implementation of the clustering step is usually more complicated in order to optimize
the runtime and hardware requirements [10, 4]. Each cluster of similar similar gene sequences, so-called gene
families, is assumed to be a collection of homologues of the same gene.

The gene families in a pan-genome can be sorted into different categories according to their prevalence
in the data set. A gene family that appears in every genome would be considered part of the core genome,
while a gene family that only appears in a portion of all genomes is in the accessory genome. This simplistic
division quickly falls apart for larger data sets, where more nuance is needed, and especially the requirement
for core genes to be present in all genomes has to be dropped. This leads to many possibilities for sub-
dividing the pan-genome, which can also depend on the underlying phylogenetic structure of the data set,
since more distantly-related genomes would yield a larger pan-genome with a smaller core-genome [11].

A popular way to visualize the pan-genome is a pan-genome curve, where the cumulative amount of
gene families in the pan-genome is plotted for every new genome added. This results in a curve where the
incline is very steep in the beginning, when the pan-genome is small, and each new strain adds many new
gene-families, and becomes flatter later, when the pan-genome is bigger and novel gene-families become rare.

When plotting the pan-genome in this way, sometimes genomes that add a higher number of novel gene
families than average occur, which cause upticks in the curve at some x-coordinates. Since these gene families
are novel to the pan-genome at this point, it means they are likely the result of some larger-scale evolutionary
event that has not occurred in any of the previous genomes.

By definition, these events are all part of the accessory genome, and due to their noticeable structural
differences, they may have an effect on the phenotype of the populations that possess them. They could be
caused by multiple things, like the first occurrence of a more distantly related individual in the pan-genome,
or a plasmid, which can move through populations via horizontal gene transfer (HGT) and have an effect on
the phenotype. They can be relevant for pathogenicity and antibiotic resistance [27], where they can both
increase or decrease pathogenicity depending on which genes they contain [1].

As explained before, monitoring outbreaks of Campylobacter is an important part of control and pre-
vention of campylobacteriosis, but this task becomes more and more challenging with the increasing size
of datasetsthat need to be processed. Pan-genome analysis can be an effective way to detect evolutionary
events in the accessory genome, and these events can then be tracked in great detail through the rest of the
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pan-genome, and even be annotated and compared across multiple pan-genomes, enabling analysis across
multiple data sets. In this study, I developed a method that can extract evolutionary events that influence
a large number of genes in a genome from a pan-genome through the pan-genome curve, and perform a
pathogenicity annotation on the events that I found.

2 Materials and Methods

2.1 Constructing the data sets

The data set in this study is made up of all available Campylobacter jejuni genomes in the genomic GenBank
database (autumn 2021, approx. 47,000 genomes in total). All scripts were written in Python 3.7.6 or R
4.2.0.

2.1.1 Contig coverage

It is likely that many genomes in the data set contain contaminations, even though there are minimum
quality requirements for submitting to public databases that lot of my data was sourced from. They can
have a great effect on results of many computational analyses [23] and therefore have to be considered before
any further processing.

The raw reads are available for most assemblies, which makes it possible to map them back onto the
assembly to calculate the coverage of individual contigs. The aligner used was BWA-MEM [19] (available
at [20]) for paired-end reads, and the results were directly piped into samtools view, using the -bo option to
convert the output to the more compressed bam file format with a specific file name, and the files were then
sorted with samtools sort. Samtools coverage was used to calculate the coverage of individual contigs, which
returns a table containing the contig length and mean depth of coverage among other things for all contigs
in a genome.

The information about individual contig coverage can be used for finding short contigs with significantly
lower coverage than average, which could be contaminations. When filtering out contigs with a length under
5,000 bp, about one third of contigs was discarded, for 10,000 bp, it was about 40%. The contig coverage
plotted against the contig size for each of the filter levels can be seen in Fig. S1. The greatest effect can
be seen in the bottom left corner in each of the plots, where most of the small contigs are, but especially
for a min. contig size of 10,000 bp, many contigs with a normal coverage also were filtered out. To preserve
as many functional contigs as possible, while also removing contaminations and other potential sources of
error, a filtering threshold of 5,000 bp was set for all analyses.

A combined size-coverage threshold would be more efficient at filtering out contamination while keeping
more short contigs that are part of the genome, but working with the raw reads for every genome is very
impractical, which is why the above analysis was performed on 15 randomly selected genomes only. A
threshold that only requires a minimum contig size does not involve the raw reads and is therefore much
quicker.

2.1.2 Multi-locus sequence typing

Multi-locus sequence typing (MLST) is a technique to get a low-resolution phylogeny of a data set [9], a
pre-existing tool [30], which utilized the PubMLST database [17], was used. Fig. 1 shows the general
principle. Highly conserved genes are selected and an indexed database of many known alleles for all of them
is assembled. Each genome is then annotated according to which alleles of the genes are present by sequence
alignment, which results in an allele type (AT). Each unique allele type is then assigned a sequence type
(ST). Some ATs are known and directly assigned, but there are also new allele types present, which were
manually assigned a new ST.

Each AT is then compared to the ATs of all other genomes via a distance matrix, where the number of
identical vs different allele numbers between two ATs is considered. The comparison is between identical vs.
non-identical allele types, not more nuanced differences like an alignment score of the allele sequences.
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Figure 1: Multi-locus sequence typing. A set of seven highly conserved core genes and a database of the
documented allele variations of these genes are brought together, where each genome is annotated according
to which allele types it contains. Each possible combination of allele types is represented by one sequence
type, and a distance matrix can be created according to the amount of different allele types.

MLST generally looks at a set of five to eight conserved genes which can differ between species. The
established seven genes for C. jejuni are [8]:

� aspA (aspartase A)

� glnA (glutamine synthetase)

� gltA (citrate synthase)

� glyA (serine hydroxymethyltransferase)

� pgm (phosphoglucomutase)

� tkt (transketolase)

� uncA (ATP synthase α subunit)

Since the data set is so large, it is likely to find gene variants that can not be directly assigned to one
allele type in the database, potentially because they are wrongly annotated, or they are not completely
present in the assembly, etc. The genomes where this is the case were filtered out of the data set, since their
evolutionary lineage cannot be reliably traced. The data set shrinks to about 85% of its original size during
this process, resulting in 41,276 genomes.
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2.1.3 Creation of phylogenetic trees

The MLST returns a list of allele types and assigns each unique allele type a sequence type (ST). The
GrapeTree software [34] (downloaded Feb. 2022) with standard parameters was used to make a newick tree
from this file (over the distance matrix), which can then be plotted with the ETE toolkit (version 3.1.2) [15],
see Fig. S3.

There are sequence types that appear many times in the data set (like ST 50, which is detected in 2,273
different genomes. Since they would all be in the same spot in the tree, it would be redundant to plot all of
them, which means they can be filtered out, and Fig. S3 shows each sequence type only once.

The data set is too large to make a pan-genome from it in its entirety, so the ETE3 toolkit [15] can
be used to extract phylogenetically interesting subsets. Two different categories were chosen: data sets of
closely related genomes, and distantly related genomes. For a summary see Table 1.

Table 1: Summary of the properties of each data set.

data set # STs # genomes

Group 1 152 228

Group 2 203 600

ST 48 1 1945 (subsampled to 1000)

ST 50 1 2273 (subsampled to 1000)

2.1.4 Datasets with closely related genomes

Since Campylobacter is a pathogenic bacteria, a lot of isolates are sequenced when there is an outbreak, and
this could cause fairly big clusters of closely related genomes. In the tree, a large part of an outbreak could
thus be represented by a single sequence type. The two sequence types that represent the most genomes
are ST 50, which consists of 2273 genomes and ST 48, which consists of 1954 genomes. Both of these are
still too large to be processed at once, so they will be randomly subsampled to data sets of 1,000 genomes,
referred to as ST 50 and ST 48 respectively from now on. Since each data set is only made up of a single
ST, they are only a single leaf in the phylogenetic tree.

2.1.5 Datasets with distantly related genomes

Two notable features in the tree are the long sections, which are pointing to the bottom left and center top,
see the highlight in Fig. 2 (tree without highlight in Fig. S3). The nodes from which these parts originate
were selected manually. The top section contains 152 unique STs and 228 genomes (referred to as Group 1),
and the bottom section contains 203 STs and 600 genomes (referred to as Group 2).

2.2 Pan-genome construction

Since the pan-genome is made up of individual genes, all input genomes have to be annotated. To ensure
uniformity and better reproducibility, all genomes were annotated from fasta files using prokka [25] with
default settings.

For Pangenome assembly, roary [10, 26] was used, since it was set up to work well with prokka annotations.
It is a well-established tool commonly used for pan-genome analysis [29]. It was run on an Ubuntu desktop
environment on a PC with 156 gigabytes RAM.

As mentioned before, the general principle of pan-genome construction can be seen in Fig. S2. The
specific inner algorithms roary uses tosave computing resources (like pre-clustering) can be seen in more
detail in roary’s publication paper [10] and are not relevant here. The focus will instead be on how different
input parameters that roary offers can influence the resulting pan-genome and why specific parameters were
chosen. These parameters were determined using a randomly selected datset, not one of the previously
described ones, to avoid bias towards one dataset over the others.
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Figure 2: MLST tree of Campylobacter jejuni genomes. created with the ETE3 toolkit. The high-
lighted sections are noticeable parts in the tree that extend farther away from the center of the circle than
any other part of the tree. The darker colored section (top) contains 152 unique STs and 228 genomes, and
the lighter colored section (bottom) contains 203 STs and 600 genomes.
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Since roary takes annotated genomes as input, some of the gene families it creates are also annotated with
the gene that they presumeably contain homologues of. The remaining families are named group following
numbers in increasing order.

After the gene families are finalized, each genome is annotated by which gene families it contains and
which it does not, in the form of a binary matrix with a gene family in each row and a genome in each
column, with 1’s or 0’s indicating presence or absence respectively. This matrix can be used to sort the gene
families into core and accessory genome, or any other way the user wants to divide them. Roary uses four
separate categories, see Table. 2

Table 2: Summary pan-genome divisions roary uses. The percentages show in which percentages of
all genomes the gene families need to appear to be in each category.

name frequency

core >99%

soft core 95-99%

shell 15-95%

cloud <15%

Roary also includes a script to create a pan-genome curve, see Fig. 3 for an exemplary curve of a pan-
genome made up of 1,000 individual genomes. The curve shows the cumulative size of the pan-genome
(number of gene families) for each new genome added.

Figure 3: Pan-genome curve of 1,000 randomly selected campylobacter jejuni genomes. The
y-axis shows the number of gene families , and the x-axis is the number of genes in the pan-genome. The
sequence identity threshold for clustering here was 90%.

2.2.1 Determining pan-genome clustering parameters

As previously mentioned, roary can set a custom threshold for the BLASTP clustering, with the default
being 95%. A high threshold means that the sequence identity between two genes needs to be very high for
them to still be interpreted as homologous genes and sorted into the same gene family. Homologues with
a lower sequence identity are more likely to be separated, and a high number of gene families are created
in total. A low sequence identity threshold groups more dissimilar (lower sequence identity) genes together,
which results in a lower amount of gene families, and a higher risk of non-homologues within the same gene
family.

This begs the question which sequence identity threshold is best suited for my application. The goal is
to form gene families where as many homologues as possible are grouped together, while avoiding as many
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non-homologous genes as possible. Estimating the homology with just the sequence identity is not a reliable
option [22], which is why the influence of the sequence identity threshold on the pan-genome was considered.
If the pan-genome size stagnates for multiple thresholds, it would mean that the gene families are relatively
set in place, and are not greatly influenced by a difference in the sequence identity threshold any more.

A pan-genome assembly was run over the same data set multiple times, using identical conditions except
for a variation in the sequence identity threshold for the clustering.

Roary also offers an option that lets the user split paralogous genes, which are homologues caused by
gene duplications. I chose to keep paralogs together as well, since I am interested in the pan-genome from a
phylogenetic perspective, where the common origin of those genes is more of interest than the fact that they
have split through duplication.

2.2.2 Tracking individual genomes contribution to the pan-genome curve

As mentioned before, roary returns multiple output files. The binary matrix has the gene families in the rows
and the genomes in the columns, and ones or zeroes in the cells, representing if a gene family is represented
in a genome or not, and a file containing the cumulative pan-genome size (y-coordinates of the pan-genome
curve) without the genome names.

The pan-genome curve seen in Fig. 3 is generated using the second file, with no direct connection to
the genome names in the binary matrix that would make identification of each x-coordinate possible. This
problem was investigated by looking at the number of gene families that are added for each genome according
to the pan-genome curve by plotting the differences between each point, to get a better idea of the character
of the jumps in the curve. I tested this for a BLASTP threshold of 90% (Fig. 4) and 50% (Fig. 5).

Figure 4: BLASTP threshold 90%, roary-generated Pan-genome curve and differences plot for a
pan-genome of 1,000 randomly selected campylobacter jejuni genomes. A is a normal pan-genome,
the same as Fig. 3 with the grey dashed lines indicating the jumps. B shows the number of gene families
added for each genome, directly derived from the pan-genome curve of A. The unusually high jumps are
highlited in red, and it is notable that they seemingly separate into two distinct levels.

16



Figure 5: BLASTP threshold 50%, roary-generated Pan-genome curve and differences plot for a
pan-genome of 1,000 randomly selected campylobacter jejuni genomes. A is a normal pan-genome,
the same as Fig. 3 with the grey dashed lines indicating the jumps. B shows the number of gene families
added for each genome, directly derived from the pan-genome curve of A and the unusually high jumps are
highlited in red. The curve is smoother and the jumps are lower than those of the pan-genome with a 90%
threshold, but there are still two distinct levels around 50 gene families visible.

The jumps in the curve were investigated by trying to reproduce them from the above mentioned binary
matrix, by checking how many gene families appear the first time for each genome, which is then summed
up to the pan-genome size for each additional genome. This can be used to create the pan-genome curve
and differences plot directly from the matrix. A python script was written to calculate the pan-genome
curve directly from the binary matrix in this way. These pan-genome curves for both 90% and 50% sequence
identity threshold can be seen in Fig. 6, which looks very different from the curves in Fig. 4 and 5.

From this difference, it becomes clear that the post-processing done by roary is not directly derived from
the binary matrix and thus not useful for this project. To truly be able to investigate potential jumps in the
pan-genome curve it has to be generated directly from the binary matrix, so that the association between
the genome names and the x-axis coordinates is certain.

Figure 6: Pan-genome curves generated directly from the binary matrix. The dataset is the same
randomly selected 1,000 Campylobacter jejuni dataset from Fig. 5 and 4. A noticeable feature are the two
large jumps at around 200 genomes that have not appeared in Fig. 4 or Fig. 5.
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A very notable feature in Fig 6 are the two jumps in both curves at a pan-genome size of approx. 200
genomes. They were investigated in detail by performing a blast search [12] for both genomes against the
NCBI Non-redundant (NR) nucleotide database , and it revealed that both of these genomes were wrongly
annotated. The first one matched to Campylobacter coli, and the second one to Campylobacter upsaliensis,
which correlates to the jump size, since C. coli is more closely related to C. jejuni than C. upsaliensis.

This was not detected by the pan-genome curve generated by the roary post-processing script, which
calls the usability of this curve for my application into question.

2.2.3 Random permutations of pan-genome curves

As explained in the previous section, the jumps in the pan-genome curve depend on the composition of the
pan-genome up to that point. This means creating random permutations of pan-genome curves can give
more insight into the evolutionary events that occured in the pan-genome, when they are detected under
different circumstances (at a different point in the curve) and potentially in different genomes.

A reshuffled pan-genome curve can be created from a reshuffled binary matrix, where the order of the
genomes (columns) is randomly permutated. From this new matrix, a new pan-genome curve was then
created using the same custom python script from the previous section.

2.3 Creating the pan-genome evaluation pipeline

As was shown in Fig. 6, a jump in the pan-genome curve can be caused by a genome that is evolutionarily
distant from the pan-genome up to that point, which means it adds many new gene families at once. There
are other evolutionary events that can have the same effect on the pan-genome, like the uptake of plasmids. It
should be possible for plasmids to add many novel gene families at once and cause a jump in the pan-genome
curve in the same way evolutionary events in the chromosome can.

2.3.1 Identification of contigs of origin for the genes that caused jumps in the pan-genome
curve

To investigate the reason that jumps occur, it can be helpful to see how the gene families in each jump are
distributed over the genome that causes the jump. This goal can be achieved in two steps. The first was to
extract the relevant protein sequences of the genes of interest, the second was to map these sequences onto
the multifasta assembly files to find the contig of origin.

Roary provides a function called query pan genome, which can extract the protein sequence of a gene
family from an annotated assembly. The sequences representing the gene families were extracted from the
genome which was identified to cause a jump in the pan-genome curve.

These sequences can then be mapped back on the genomes, where they should have exact matches. For
this, I used blast (version 2.9.0) with the tblastn mode, to map the aminoacid sequence of the protein to
the nucleotide sequence of the genome. Since the genome is a multifasta file of different contigs, the blast
output returned the contig that matches the query sequence, and it was possible to automatically extract
the ID of the top match from the blast output for each gene family and genome.

For all assemblies, the number of hits per contig were then counted and sorted using a custom python
script, which resulted in one table per genome with the contigs and how many gene sequences mapped to
them. This table was then plotted using the python library matplotlib [16], where the number of hits per
contig was normalized to the contig size, to avoid a bias toward larger contigs. From these plots it is then
easiest to read if all gene-families that cause jumps are from the same (few) contigs, or distributed all over
the genome.

Afterwards, all contigs were compared to a database of all 96 known Campylobacter jejuni plasmids from
NCBI via local blast. The plasmid sequences were downloaded individually from the NCBI list of known
plasmids of C. jejuni [13] and merged into a multifasta file script, which was then used as the reference
database for blast. Each contig that contained genes contributing to a jump was mapped in its entirety, no
matter how much of its size was accounted for by genes from the jump.
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2.3.2 Detection of virulence associated factors in the genes that caused the jumps in the
pan-genome curve

Since the pathogenicity of Campylobacter is of particular interest, the annotation of the gene families in
the jumps will focus on virulence factors by using the virulence factor database (VFDB) [5]. The VFDB
is specifically focused on medically relevant bacteria, which includes Campylobacter. The following method
is based on the core data set of nucleotide sequences, downloaded Apr. 14th 2022, against which all gene
sequences in all jumps were blasted. A hit was counted with an e-value smaller than 10−5.

The VFDB separates all pathogenic genes it contains into different functional categories, which are
applied to the genes previously detected. All categories that appear in the data set are listed below.

� Adherence: The ability to attach themselves to host tissues.

� Biofilm: Multicellular behaviour.

� Effector Delivery system: The ability to deliver proteins or other effectors into host tissues.

� Exotoxin: The ability to secret toxins into the intercellular matrix that enter host tissues on their own.

� Immune modulation: The ability to modify the host immune response.

� Motility: The ability to move actively

� Nutritional/Metabolic factor: The ability to modify its own metabolism.

� Stress survival: The ability to be more resilient to stress situations.

� Exoenzyme: The ability to secret enzymes into the intercellular matrix.

On the VFDB website, there is a list of the prevalent categories that appear in Campylobacter, and the
above list includes all of these except Invasion, and in addition to that also Biofilm, Nutritional/Metabolic
factor, and Stress survival, which do not appear in the VFDB list for Campylobacter. The generated cate-
gorization data is then plotted sorted by contig, similarly to the origin of genes in the previous section.

However, since the genen families on contigs with few gene family hits are unlikely to be a part of another
large evolutionary event (because these gene families are likely spatially isolated from the rest of the gene
families in the jump), only gene families in contigs that contain more than 10% of the total detected gene
families in each jump will be annotated.

3 Results

While there was a data set of about 47,000 C. jejuni genomes available, current pan-genome assemblers like
roary [10] and BPGA [4] only manage 1,000-2,000 genomes per run, which required the selection of smaller
data sets.

Multi-locus sequence typing (MLST) was performed, from which a phylogenetic tree could be constructed,
see Fig. S3. Each of the 3743 leaves in the tree represents one ST, and the tree is very varied in its
structure. This process also reduced the size of the data set to about 41,000 genomes, since genomes that
could not get annotated with a complete allele type (AT) from the MLST reference database were filtered
out. Phylogenetically interesting subsets were then extracted from the tree, which were separated into two
categories. The first is two smaller sections that contain distantly related genomes, see Fig 2, the second is
closely-related subsets, where all genomes share a single sequence type (which would be a single leaf in the
MLST tree).

These data sets were compared by the structure of their pan-genomes and the detected plasmids.
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3.1 Selection of the sequence identity threshold

Roary can be run with different sequence identity threshold percentages, which influence the clustering of
the gene families. The expectation here is that a higher threshold causes smaller gene families, which leads
to more gene families in total, and thus a larger pan-genome. To quantify the effect, the same randomly
selected data set was assembled into a pan-genome under identical conditions with varying sequence identity
thresholds. The resulting pan-genome sizes can be seen in Fig. 7. For sequence identity thresholds above 60%,
it shows the expected relationship of the pan-genome size reducing with lower sequence identity thresholds,
but this effect grows weaker, until the pan-genome size seems to completely stagnate at about 60%. For this
reason, I have selected to choose a sequence identity threshold of 50% for my analyses.

Figure 7: The number of gene families generated in the same randomly selected data set for
different sequence identity thresholds. for higher thresholds, the pan-genome size is also increasing,
which was expected, but from ca. 60% and lower, it seems to loose its effect on pan-genome size, which stays
relatively constant at about 13,000 gene families.

Roary also returns a summary statistics file with each run, where it gives the number of core genes
(appear in at least 99% of genomes), and accessory genes split in three different categories: Soft core genes
(appear in 95% to 99% of genomes), shell genes (appear in 15% to 95%), and cloud genes (appear in 0% to
15%). See Table 3 for the values of the highest and lowest sequence identity threshold, and Fig. 8 for the
proportional amount each gene family category takes up in the pan-genome.

The overall effect of different sequence identity thresholds on the pan-genome composition is not great,
and follows expectations as well. When a sequence identity threshold groups more dissimilar gene sequences
together, this also leads to a gene family being represented in more genomes, and thus causes a larger core
and smaller accessory genome. This effect is not very strong, as can be seen in Fig. 8, where the cloud
genome slightly gains in proportion, while only the shell and core genome slightly loose. The soft core
genome stays relatively constant across all pan-genomes, at a little less than 2% (minimum ≈ 1.70% and
maximum ≈ 1.91%)

Fig. 8 also shows the same observation as Fig. 7, where different thresholds have an effect until about
60%, after which the pan-genome seems generally unaffected. This supports the previous assumption that
a sequence identity threshold below 60% is likely a good choice since it does not greatly influence the
composition of the pan-genome. To be certain that there is no effect, I chose to pick an even lower threshold
of 50%.
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Table 3: Differences in gene content between a high and a low sequence identity threshold for
each gene category. The gene family categories are core genes (appear in at least 99% of genomes), Soft
core genes (appear in 95% to 99% of genomes), shell genes (appear in 15% to 95%), and cloud genes (appear
in 0% to 15%). The table cells contain both the absolute amount of gene families in each category, and their
fraction of the pan-genome

Gene family category 45% seq. identity threshold 95% seq. identity threshold

core 844 ≈ 4.1% 738 ≈ 6.7%

soft core 219 ≈ 1.8% 327 ≈ 1.9%

shell 1101 ≈ 6.1% 1087 ≈ 8.0%

cloud 10629 ≈ 87.9% 15661 ≈ 83.4%

total 12793 100% 17813 100%

Figure 8: Proportion of the different categories of genes within the pan-genome. The gene family
categories are core genes (appear in at least 99% of genomes), Soft core genes (appear in 95% to 99% of
genomes), shell genes (appear in 15% to 95%), and cloud genes (appear in 0% to 15%). The proportion is
consistent from 45% to about 60%, for higher thresholds the core and shell genes loose proportion, while the
soft core stays about the same, and the cloud genes gain in proportion.

3.2 Pan-genome composition

The basic composition of the pan-genomes of the four data sets can be seen in Table 4. As the table shows,
the number of gene families in the pan-genome (also referred to as the pan-genome size) can be influenced
by the number of individual genomes used, as can be seen from the pan-genome size of group 1 and group 2,
where group 2 consists of more genomes and also has a slightly larger pan-genome. However, the phylogenetic
structure of the underlying data set is much more important, as can be seen from the smaller pan-genome
size of the single-ST data sets compared to group 1 or 2, even though the latter contain less genomes.
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Table 4: Pan-genome composition of four Campylobacter jejuni datasets. All values taken directly
from roary output. Core gene families appear in 99% to 100% of all genomes entered into the pan-genome,
soft-core gene families appear in 95% to 99%, shell gene families appear in 15% to 95%, and cloud gene
families appear in 0% to 15%.

data set core soft core shell cloud total # genomes

Group 1 890 9.5% 310 3.3% 900 9.6% 7260 77.6% 9360 229

Group 2 687 6.4% 380 3.5% 932 9.6% 8831 81.5% 10830 600

ST 48 767 13.1% 489 8.4% 580 9.9% 4007 68.5% 5483 1000

ST 50 777 12.4% 440 7.0% 758 9.2% 4314 68.6% 6289 1000

The phylogeny seems to have an impact on the structure of the pan-genome as well. The pan-genomes
of the single-ST data sets have a higher proportion of core or soft core gene families, and a lower proportion
of cloud genes in comparison to the phylogenetically distant data sets, while the proportion of shell genes
was not influenced by the underlying phylogeny of the data set.

Another interesting fact is that group 1 has a larger core genome than the much less diverse single ST
datasets. Generally, it is expected for the core genome to be smaller for very diverse datasets, since the
genomes have less in common, which would mean gene families that could be in the core genome for less
diverse datasets are moved into the accessory genome instead. Notably, unlike group 1, group 2 conforms to
these expectations and has a smaller core genome than the single ST datasets.

3.3 Pan-genome curve

The pan-genome curves of all data sets can be seen in Fig 9, where 10 randomly permutated curves are
shown for each data set, with the respective mean in a darker color. It seems that group 1 is structurally
very similar to a randomly selected data set, while the pan-genome of group 2 grows faster, and is overall
only slightly smaller than group 1, even though it consists of less individual genomes.

The single-ST data sets have almost identical pan-genome curves, with ST 50 having a slightly larger
pan-genome. This follows expectations, since the genomes in these data sets are much more closely related,
which means they have less genetic diversity, which leads to smaller pan-genomes. There were 2,273 genomes
available for ST 50, and 1,945 for ST 48 (from both, 1,000 were randomly selected for analysis) which can
contribute to the pan-genome of ST 50 being slightly larger than that of ST 48, since the original ST 50
data set was slightly larger and had more genetic diversity at its disposal, which would also influence the
subsampled data sets. However, it is also possible that the two datasets have different accessory genome
dynamics that cause slightly differently sized pan-genomes.

The variation of the reshuffled curves in the single-ST data sets is smaller than in the sets with more
phylogenetic variability. Each reshuffled curve has upticks in it, where one genome adds a large number of
new gene families to the pan-genome, from here on referred to as jumps. They can be seen more clearly
when the pan-genome is plotted not as the absolute number of gene-families it contains against its size, but
instead the number of gene-families that are added for each new genome. These plots (for one iteration
without reshuffling) can be seen in Fig. S4 for the phylogenetically diverse data sets and Fig. S5 for the
single-ST data sets.

3.4 Origin of jumps in the pan-genome

The jumps observed in all pan-genomes can be caused by two different reasons, the first is that the new
genome which is added is phylogenetically distant to all previous genomes in the pan-genome. The second
is that a genome is added, which contains a new evolutionary event like a plasmid, that has not previously
appeared in the pan-genome. This means, plasmids and other events in the dataset should be able to be
detected through further analyzing the gene families in the jumps. When the loci of origin of the gene
families are roughly evenly distributed, it is an indication of a phylogenetically distant genome, but when
the loci of origin are all in the same contig, this may be an indicator that they are part of a singular event.
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Figure 9: Pan-genome curves of 4 Campylobacter jejuni datasets with different phylogenetic
diversities., 10 reshuffled curves in lighter colors, with means in darker colors. Group 1 and 2 are datasets
with more distantly related genomes, see Fig. 2, ST 48 and ST 50 are a single sequence type (closely related
datasets) and the grey line is generated from a dataset randomly selected from the entire tree.

To further analyze these jumps, the genomes and gene families that cause these jumps are extracted from
the pan-genome curve. As seen in Fig. 9, it is possible to make random permutations of the pan-genome
curve, but for this, the original iteration of the curve is chosen (which is directly returned by roary, no
reshuffling is applied). A plot showing the number of novel gene families for each genome is created, see Fig.
S4 and S5. These figures are used to determine which genomes cause jumps. Genomes that add more gene
families than 97.5% of all genomes are counted as jumps, which results in jumps of about 100 gene families
for the phylogenetically diverse datasets (Fig. S4), and around 50 gene familes for the single-ST data sets
(Fig. S5, due to the small size of group 1, its threshold was adjusted to 95%).

The gene families that cause the jumps are mapped back onto the genomes. Selected barplots from all
datasets can be seen in Fig. 10. The complete figures are in the Appendix, phylogenetically distant data
sets can be seen in Fig. S6 for group 1, and Fig. S7 for group 2, the single ST data sets are in Fig. S8 for
ST 48 and Fig. S9 for ST 50.

In all figures, there are several genomes, where the located genes are mostly concentrated into a single
contig, which can be an indicator for a plasmid or another single evolutionary event concentrated on a section
of the genome. In contrast, there are also genomes where the genes are found in many contigs, indicating
that the jump is not caused by a plasmid, but by a genome that is evolutionarily distant from the previous
genomes in the pan-genome. There is also a middle group where the plots don’t fall clearly into either
category.

3.4.1 Compare hypothesized plasmids to known plasmid sequences

There are 96 already known C. jejuni plasmids with sequences available for download on NCBI [13]. If a
contig that was detected in Fig. 10 is a known plasmid, it should have a close match in the NCBI dataset.
For this reason, it is important to use the entire contig, not just a sequence of the genes that make up the
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bars in Fig. 10, for the alignment, since otherwise contigs with few genes may have high scoring matches
even though they are not plasmids.

For this reason, contigs that contribute only very little genes to a jump (less than 10% of the total amount
of gene families in the jump) are filtered out as well. The full results for each contig in every dataset can
be seen in the supplementary tables Table S1 for group 1, S2 for group 2, S4 for ST 48 and S3 for ST 50.
A summary can be seen in Table 5. The alignment is represented only by the score, and other aspects like
contig length compared to plasmid length are not incorporated here.

Table 5: Summary of the blast search of all datasets against a dataset of NCBI plasmids. Each
contig that was detected to be part of a jump previously was blasted against a dataset of known C. jejuni
plasmids from NCBI [13].

data set
# contigs
in jump

# contigs with
no match found percentage

Group 1 77 2 2.6%

Group 2 135 4 3.0%

ST 48 147 23 15.6%

ST 50 431 213 49.5%

3.5 Functional annotation

I chose to focus the functional annotation on pathogenic genes, using the virulence factor database (VFDB)
[5]. A summary can be seen in Fig. 11, the complete results of the annotation can be seen in Fig. S10 for
group 1, and Fig. S11 for group 2, and Fig. S12 for ST 48 and Fig. S13 and S14 for ST 50.

The number of jump-associated genes in each contig is not adjusted by contig size any more like in the
previous plots. A bar plot showing the proportion of each functional category for all the jumps in each data
set can be seen in Fig. 12.

The functional composition of the annotated contigs varies greatly between the genomes, and no common
denominator could be determined. On the contrary, the overall distribution of the functional categories
between the four data sets, as seen in Fig. 12, is very similar, especially between ST 48 and ST 50. The
most noticeable difference is in group 1 to the rest, note here especially the only 20.6% pathogenic annotation
compared to the ≈25-26% for the remaining datasets. Here, it is important to keep in mind that group 1
consists only of 228 genomes, compared to 600 or 1,000 for group 2 and ST 48/50 respectively.

As mentioned above, the functional categories of Biofilm, Nutritional/Metabolic factor, Exoenzyme and
Stress survival are not in the VFDB list of common categories in the genus Campylobacter. Biofilm, Exoen-
zyme, and Stress survival only appear in very small proportions in all four datasets, but Nutritional/Metabolic
factor is a common functional category in all four datasets.
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Figure 11: select pathogenicity annotations of jumps in all four datasets. All represented genomes
were annotated with a comparatively high proportion of pathogenic annotations to show the variety. For a
complete picture of all annotation see Figures S6, S7, S8, and S9 in the Appendix.
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Figure 12: bar plots of the proportion of functional categories in all evaluated genes of the four
data sets. The not-annotated genes are excluded here. The plots show the overall presence of functional
categories over all jumps in the pan-genome curves of the respective data sets. For a complete picture of all
annotation see Figures S6, S7, S8, and S9 in the Appendix.

4 Discussion

The pan-genome analysis has shown that the underlying phylogenetic structure of a data set can have great
influence on the pan-genome size. This also has to be viewed with the contig filtering step in mind, which
filters out contigs that are smaller than 5,000 bp, since it likely filters out real genes on short contigs in
addition to contaminations, which likely results in a smaller pan-genome. The pan-genome composition
is also dependent on the phylogenetic structure, with the evolutionarily distant datasets having a greater
propotion of cloud and less core and soft-core genes, reflecting their overall greater phylogenetic diversity
compared to the single-ST datasets.

When looking at the absolute size of the different parts of the pan-genome (see Table 4), it shows the
importance of comparing pan-genomes with a similar amount of input genomes. Group 1 has a higher
absolute number of core genes than both single ST data sets. This is likely because of the small size of
group 1. Group 2, which is also much more diverse than the single ST datasets, conforms to expectations
with its smaller number of core genes. This leads to the conclusion that, while the expectation that more
closely related data sets have more core genes is correct, this assumption only holds when the compared
pan-genomes are of approximately similar size.

Another interesting observation is that ST 50 has a slightly larger pan-genome than ST 48, which may be
an indicator of different accessory genome dynamics between them. Here, the limitations of MLST become
clear. MLST is a very low-resolution method, since it only takes seven highly conserved core-genes into
account. It will not recognize evolutionary dynamics in the accessory genome, or plasmids. Even genomes
that are assigned to the same sequence type can be evolutionarily distant from one another in any other
part of their genome. This does not make this method inherently flawed, but the limitations have to be kept
in mind when the results are used. Because of it’s simplicity, it is well-suited to be a starting point for the
organization of this large data set.

However, a more detailed phylogenetic analysis, such as cgMLST (core genome MLST) or even wgMLST
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(whole genome MLST), may pick up on more detailed differences between the genomes that get lost in the
basic MLST.

A part of the dynamics in the accessory genome are made up of large evolutionary events, which can
show up as jumps in the pan-genome curve. When determining the loci of origin in the respective genomes,
it can be seen that some genomes are distributed evenly across the genome, indicating a larger evolutionary
distance to the previous pan-genome. Especially in the phylogenetically distant datasets this can be the
appearance of a new subgroup, or a new and more distant sequence type. Sometimes it can also be a
wrongly annotated genome of a different species, which supports the hypothesis that this characteristic
indicates general evolutionary distance.

The opposite is also possible, in some cases the gene families are strongly concentrated in one contig.
This is an indicator for an evolutionary event where many new genes were added all at once, like a plasmid.
Normal computational methods of plasmid detection have strict criteria [3] [24], like homology to known
plasmids and plasmid-identifying genes like replicons [7], which means that, while these jumps could be
plasmids, it is by no means a difinitive conclusion.

Another aspect to the jumps is that they depend on the pan-genome composition up to that point. A
jump is more likely to occur and more pronounced early in the curve when it only has a small pan-genome
to stand out against. This means genomes that would cause high jumps if they were entered into the pan-
genome early could only cause low or even no jumps when they are entered late, which gives an incomplete
view of the evolutionary events that occured in the dataset.

A possibility to get a more complete picture is to create randomly permutated pan-genome curves, that
enter the genomes in a different order, causing jumps to appear in new positions, and which can even cause
the same evolutionary event to be represented by different genomes. Since the gene families in jumps are
known, the same evolutionary event can be matched over multiple permutations through large overlap in
gene families. When Information from jumps over multiple curves is brought together, it may remove the
bias caused by the position of the jump in the curve.

The last important aspect is the pathogenicity annotation of the jumps. The functional categorization
shows clearly that there are many different kinds of jumps with different proportions of pathogenic genes
in them, which is expected as plasmids and other evolutionary events are highly variable. This stands in
contrast to Fig. 12, which shows the proportion of all functional categories for all four data sets, where the
frequency of the categories is very similar between data sets, with the only noticeable difference being group
1, which has an overall smaller proportion of pathogenic genes.

The category of Nutritional/Metabolic factor is not in the VFDB list of major virulence factors in
Campylobacter, but still has a prominent presence in all four datasets. In contrast to that, the category of
Invasion is in the VFDB list of major virulence factors in Campylobacter, but does not appear in any of the
jumps. This shows that the jumps are not neccessarily indicative of general properties of Campylobacter,
since they do not show very common virulence factors like invasion, which is likely too common to show
up in the jumps. In the same way, Nutritional/Metabolic factor may not be common in Campylobacter as
a general species, but there are some subgroups that have genes in this category, making it appear in the
jumps.

5 Conclusion and outlook

In conclusion, it can be said that the jumps in the pan-genome curve have varied and interesting properties
in all datasets. This work has only scratched the surface on what information can be extracted from the
pan-genome in that way, since the binary matrix is a very powerful tool. The gene families in the jumps can
be traced through the entire pan-genome with the binary matrix, which can show the spread of evolutionary
events through the phylogenetic tree. There are also tools like coinfinder [31], which can identify gene families
that associate/dissociate in the pan-genome, giving more insight into evolutionary processes.

Another aspect that can be included in future analysis is metadata, like when or where a genome was
sequenced. When the phylogenetic tree and the pan-genome curve jumps are viewed in this context, the
influence of external factors may also become clear. This could be especially interesting when also taking
the functional categories into consideration, since, for example, Nutritional/Metabolic factor may not appear
commonly in Campylobacter, but may be influenced by specific properties of the metadata.
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An important aspect of bacterial genomics is HGT and plasmids, and it has been shown that some of
the jumps are caused by plasmids, which means plasmids could be detected just based on the pan-genome,
without homology or annotation-based methods. The method could be more refined, for example by finding
criteria for the contig-distribution of the gene families in the jumps that indicate a plasmid as opposed to
general evolutionary distance in the chromosome. One possible criteria could for example be that a certain
percentage of all gene families need to be concentrated in the same chromosome.

This work can thus serve as a jumping-off point for analyzing large evolutionary events in bacterial
datasets through pan-genome analysis.
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8 Appendix

8.1 Tables

Table S1: Group 1 plasmids mapped against NCBI annotated plasmids. All previously detected
genes in each contig were blasted against a database of NCBI plasmids.

Genome accession number ncbi plasmid strain score e-value

GCA 008234085 contig 83 X 1353 0.0

GCA 003961945 contig 1 RM3194 204 1e-52

GCA 010910815 contig 72 CFSAN054107 120 2e-27

GCA 010903595 contig 50 CFSAN054107 115 2e-25

GCA 003961945 contig 14 81-176-UMCW7 1536 0.0

GCA 007869425 contig 83 00-2544 1347 0.0

GCA 003961175 contig 14 T1-21 142 3e-33

GCA 007947945 contig 13 100 33.9 0.36

GCA 003961175 contig 5 CJ097CC21 122 4e-27

GCA 010910815 contig 71 15363C 1352 0.0

GCA 010910815 contig 70 RM3194 29.3 7.5

GCA 008236465 contig 91 X 1348 0.0

GCA 008234085 contig 82 D42a 556 2e-158

GCA 010903595 contig 51 100 370 7e-103

GCA 007869425 contig 84 100 280 3e-75

GCA 003961945 contig 2 SCJK2 177 2e-44
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Table S2: Group 2 plasmids mapped against ncbi annotated plasmids. All previously detected
genes in each contig were blasted against a database of NCBI plasmids.

Genome accession number ncbi plasmid strain score e-value

GCA 005316845 contig 9 CFSAN054107 1030 0.0

GCA 007942945 contig 50 CFSAN054107 384 7e-106

GCA 008142005 contig 55 M129 1350 0.0

GCA 004939565 contig 15 81-176-DRH212 30.4 4.0

GCA 008238485 contig 77 100 168 4e-41

GCA 005009035 contig 2 VA1 86.3 6e-17

GCA 013767725 contig 36 14980A 65.1 5e-10

GCA 008284785 contig 45 00-2544 1356 0.0

GCA 005193495 contig 6 14980A 30.0 4.7

GCA 005316845 contig 1 T1-21 679 0.0

GCA 005193495 contig 4 WP2202 48.9 6e-06

GCA 005316845 contig 10 100 50.8 4e-06

GCA 008341385 contig 60 R19.1007 83.2 7e-16

GCA 005316845 contig 11 CFSAN054107 836 0.0

GCA 004939565 contig 35 CFSAN054107 35.0 0.27

GCA 008584855 contig 66 100 351 3e-96

GCA 008584855 contig 11 100 50.4 1e-06

GCA 007942945 contig 1 00-2544 541 1e-153

GCA 005193495 contig 2 CC19PF065 32.0 1.4

GCA 018872225 contig 39 81-176-UMCW7 133 2e-30

GCA 005155685 contig 23 100 615 2e-176

GCA 008341385 contig 61 ZS006 540 2e-153
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Table S3: ST 50 plasmids mapped against ncbi annotated
plasmids. All previously detected genes in each contig were
blasted against a database of NCBI plasmids.

Genome accession number ncbi plasmid strain score e-value

GCA 001226245 contig 5 100 13675 0.0

GCA 004881485 contig 70 100 4067 0.0

GCA 001229645 contig 2 100 13670 0.0

GCA 003744165 contig 19 T1-21 985 0.0

GCA 004988885 contig 2 15516C 749 0.0

GCA 001236165 contig 7 no match 0 x

GCA 001407315 contig 35 no match 0 x

GCA 005352235 contig 5 no match 0 x

GCA 001230545 contig 6 IF1100 183 2e-44

GCA 001764655 contig 21 no match 0 x

GCA 001229645 contig 6 no match 0 x

GCA 001407315 contig 29 no match 0 x

GCA 003913995 contig 51 no match 0 x

GCA 007941585 contig 12 CFSAN032806 3502 0.0

GCA 001764655 contig 27 no match 0 x

GCA 001223925 contig 6 no match 0 x

GCA 003744305 contig 40 100 2455 0.0

GCA 001407315 contig 2 no match 0 x

GCA 002110765 contig 20 T1-21 363 4e-99

GCA 001236165 contig 14 T1-21 121 2e-26

GCA 003744305 contig 45 no match 0 x

GCA 015212025 contig 7 R19.1007 638 0.0

GCA 003746525 contig 39 T1-21 339 3e-92

GCA 003746525 contig 12 CJ504CC21 952 0.0

GCA 001229645 contig 1 VA25 6351 0.0

GCA 001419105 contig 22 no match 0 x

GCA 003913995 contig 23 no match 0 x

GCA 004818735 contig 135 no match 0 x

GCA 003744165 contig 34 M129 3546 0.0

GCA 001419105 contig 6 no match 0 x

GCA 002110815 contig 9 ZS006 12152 0.0

GCA 004881485 contig 44 CC19PF065 8534 0.0

GCA 001223925 contig 5 ZS006 12152 0.0

GCA 007952625 contig 62 no match 0 x

GCA 001419105 contig 12 no match 0 x

GCA 001407315 contig 12 no match 0 x

GCA 004829885 contig 41 RM3194 7173 0.0

GCA 000752375 contig 36 no match 0 x
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GCA 003744165 contig 11 no match 0 x

GCA 003744165 contig 20 T1-21 2058 0.0

GCA 000752375 contig 54 no match 0 x

GCA 004818735 contig 26 no match 0 x

GCA 001419105 contig 10 no match 0 x

GCA 003746525 contig 46 T1-21 3609 0.0

GCA 007906505 contig 70 no match 0 x

GCA 002110815 contig 2 100 13675 0.0

GCA 004829885 contig 33 no match 0 x

GCA 005352235 contig 16 WP2202 3541 0.0

GCA 003746525 contig 38 R19.1007 638 0.0

GCA 002110765 contig 860 CJ501CC21 9976 0.0

GCA 008232945 contig 76 15363C 3546 0.0

GCA 004881485 contig 67 CC19PF065 4220 0.0

GCA 004829885 contig 9 no match 0 x

GCA 007906505 contig 40 no match 0 x

GCA 004252005 contig 56 no match 0 x

GCA 001419105 contig 9 no match 0 x

GCA 001407315 contig 41 no match 0 x

GCA 001226245 contig 7 no match 0 x

GCA 001223925 contig 12 no match 0 x

GCA 002110815 contig 7 T1-21 1639 0.0

GCA 001407315 contig 28 no match 0 x

GCA 004988885 contig 28 15363C 3546 0.0

GCA 004829885 contig 31 T1-21 3282 0.0

GCA 004818735 contig 77 no match 0 x

GCA 001226245 contig 11 no match 0 x

GCA 001408235 contig 10 no match 0 x

GCA 003913995 contig 39 no match 0 x

GCA 001226245 contig 6 R19.1007 638 0.0

GCA 004881485 contig 59 CC19PF065 7816 0.0

GCA 003913995 contig 20 100 3707 0.0

GCA 010314055 contig 10 15363C 3546 0.0

GCA 003716305 contig 7 no match 0 x

GCA 003744165 contig 18 no match 0 x

GCA 001408235 contig 5 no match 0 x

GCA 002110765 contig 35 T1-21 5295 0.0

GCA 002110815 contig 14 15516C 891 0.0

GCA 003913995 contig 9 VA1 3227 0.0

GCA 005352235 contig 53 WP2202 3541 0.0

GCA 004829885 contig 37 no match 0 x
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GCA 001419105 contig 17 T1-21 10565 0.0

GCA 007947545 contig 23 no match 0 x

GCA 005095645 contig 20 ***** No hits found *****

GCA 002110765 contig 21 T1-21 409 5e-113

GCA 004252005 contig 27 CFSAN054107 10715 0.0

GCA 001407315 contig 11 VA25 1408 0.0

GCA 011722735 contig 12 no match 0 x

GCA 003913995 contig 19 no match 0 x

GCA 010314055 contig 99 15363C 3546 0.0

GCA 001408235 contig 7 no match 0 x

GCA 001230545 contig 1 T1-21 2106 0.0

GCA 003744165 contig 37 no match 0 x

GCA 004930415 contig 49 no match 0 x

GCA 003716305 contig 12 no match 0 x

GCA 017283455 contig 14 huA17 1232 0.0

GCA 003744165 contig 59 14991B 1478 0.0

GCA 002110765 contig 17 no match 0 x

GCA 011722735 contig 22 CC19PF065 10427 0.0

GCA 004988885 contig 1 VA1 5941 0.0

GCA 001230545 contig 11 no match 0 x

GCA 002110815 contig 23 T1-21 710 0.0

GCA 002110765 contig 16 R16.2162 11184 0.0

GCA 001407315 contig 10 VA1 5941 0.0

GCA 003913995 contig 76 no match 0 x

GCA 004252005 contig 53 no match 0 x

GCA 001229645 contig 5 R19.1007 638 0.0

GCA 015622965 contig 15 VA25 455 2e-127

GCA 001419105 contig 21 CFSAN032806 3518 0.0

GCA 002110765 contig 25 VA25 6052 0.0

GCA 004881485 contig 33 no match 0 x

GCA 002110765 contig 3 no match 0 x

GCA 004252005 contig 37 no match 0 x

GCA 007952625 contig 37 no match 0 x

GCA 004881485 contig 68 no match 0 x

GCA 005004715 contig 30 IA3902 5326 0.0

GCA 002110815 contig 22 T1-21 651 0.0

GCA 007984685 contig 60 15363C 3546 0.0

GCA 000752375 contig 57 VA25 603 2e-171

GCA 003744165 contig 6 no match 0 x

GCA 003913995 contig 70 no match 0 x

GCA 001230545 contig 8 no match 0 x
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GCA 000752375 contig 20 no match 0 x

GCA 004252005 contig 51 no match 0 x

GCA 003716305 contig 3 IF1100 183 2e-44

GCA 003746525 contig 48 no match 0 x

GCA 001419105 contig 20 no match 0 x

GCA 005095645 contig 7 no match 0 x

GCA 001408235 contig 36 no match 0 x

GCA 001764655 contig 29 VA25 466 2e-129

GCA 001408235 contig 33 no match 0 x

GCA 007906505 contig 26 no match 0 x

GCA 004930415 contig 3 no match 0 x

GCA 003716305 contig 6 100 13675 0.0

GCA 005174085 contig 67 no match 0 x

GCA 004252005 contig 77 M129 3546 0.0

GCA 004252005 contig 39 no match 0 x

GCA 001764655 contig 2 no match 0 x

GCA 001408235 contig 26 no match 0 x

GCA 007906505 contig 49 no match 0 x

GCA 007906505 contig 15 T1-21 2045 0.0

GCA 003746525 contig 5 no match 0 x

GCA 005004715 contig 26 81-176-UMCW7 17187 0.0

GCA 003716305 contig 11 no match 0 x

GCA 001230545 contig 2 R19.1007 654 0.0

GCA 004818735 contig 74 no match 0 x

GCA 001408235 contig 53 100 13730 0.0

GCA 001419105 contig 27 no match 0 x

GCA 001407315 contig 34 R19.1007 638 0.0

GCA 010336125 contig 18 ZS006 12157 0.0

GCA 007941585 contig 30 no match 0 x

GCA 003913995 contig 38 no match 0 x

GCA 003744305 contig 2 T1-21 2074 0.0

GCA 015622965 contig 22 no match 0 x

GCA 001223925 contig 1 VA1 5936 0.0

GCA 007906505 contig 9 no match 0 x

GCA 002110765 contig 13 huA17 292 8e-78

GCA 000752375 contig 41 no match 0 x

GCA 008236505 contig 70 15363C 3546 0.0

GCA 011722735 contig 25 CJ504CC21 1020 0.0

GCA 001223925 contig 9 no match 0 x

GCA 003746525 contig 1 no match 0 x

GCA 011722735 contig 16 no match 0 x
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GCA 001407315 contig 49 no match 0 x

GCA 001407315 contig 27 T1-21 2001 0.0

GCA 001230585 contig 2 no match 0 x

GCA 011722735 contig 31 CC19PF065 1696 0.0

GCA 000752375 contig 45 100 13675 0.0

GCA 003744305 contig 39 no match 0 x

GCA 003744305 contig 66 no match 0 x

GCA 002110815 contig 1 100 5323 0.0

GCA 001764655 contig 16 100 13531 0.0

GCA 001407315 contig 9 no match 0 x

GCA 001223925 contig 8 VA25 5337 0.0

GCA 000752375 contig 43 no match 0 x

GCA 004930415 contig 27 no match 0 x

GCA 017283455 contig 11 WP2202 3541 0.0

GCA 010336125 contig 35 no match 0 x

GCA 003744305 contig 7 no match 0 x

GCA 008236505 contig 69 no match 0 x

GCA 003744165 contig 7 no match 0 x

GCA 004930415 contig 25 ZP3204 549 1e-155

GCA 004829885 contig 21 100 4645 0.0

GCA 011722735 contig 23 no match 0 x

GCA 000752375 contig 25 no match 0 x

GCA 001223925 contig 11 FORC 046 18332 0.0

GCA 001419105 contig 15 no match 0 x

GCA 007947545 contig 28 no match 0 x

GCA 003744165 contig 21 100 5313 0.0

GCA 001407315 contig 25 ZS006 12152 0.0

GCA 001408235 contig 19 no match 0 x

GCA 001408235 contig 14 no match 0 x

GCA 002110815 contig 18 VA25 841 0.0

GCA 001408235 contig 8 no match 0 x

GCA 001230545 contig 7 ZS006 12152 0.0

GCA 002110815 contig 859 CJ076CC21 11588 0.0

GCA 003744165 contig 35 T1-21 2106 0.0

GCA 005352235 contig 2 huA17 2619 0.0

GCA 003913995 contig 67 no match 0 x

GCA 004881485 contig 56 RM3194 7173 0.0

GCA 007941585 contig 52 CFSAN032806 3502 0.0

GCA 003716305 contig 10 no match 0 x

GCA 001408235 contig 9 no match 0 x

GCA 004829885 contig 32 CC19PF065 8534 0.0
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GCA 003716305 contig 8 no match 0 x

GCA 003744305 contig 6 no match 0 x

GCA 007947545 contig 20 FORC 046 19610 0.0

GCA 004881485 contig 40 T1-21 7356 0.0

GCA 004818735 contig 37 SCJK2 640 0.0

GCA 001408235 contig 48 no match 0 x

GCA 001407315 contig 15 100 13730 0.0

GCA 003744165 contig 14 100 13675 0.0

GCA 003746525 contig 99 no match 0 x

GCA 000752375 contig 23 no match 0 x

GCA 014512725 contig 37 D42a 3541 0.0

GCA 001236165 contig 9 ZS006 12152 0.0

GCA 001408235 contig 3 IF1100 183 1e-44

GCA 001419105 contig 31 T1-21 2017 0.0

GCA 003746525 contig 9 no match 0 x

GCA 007952625 contig 25 no match 0 x

GCA 001764655 contig 7 R19.1007 654 0.0

GCA 017283455 contig 53 WP2202 3541 0.0

GCA 007941585 contig 34 no match 0 x

GCA 001230585 contig 3 no match 0 x

GCA 001226245 contig 9 no match 0 x

GCA 003913995 contig 41 no match 0 x

GCA 003780605 contig 40 no match 0 x

GCA 001229645 contig 4 no match 0 x

GCA 004946065 contig 2 CFSAN032806 3518 0.0

GCA 007906505 contig 22 ZS006 12157 0.0

GCA 000752375 contig 56 no match 0 x

GCA 002110765 contig 28 R19.1007 638 0.0

GCA 001226245 contig 8 no match 0 x

GCA 001408235 contig 13 no match 0 x

GCA 004829885 contig 24 no match 0 x

GCA 001764655 contig 25 IF1100 183 2e-44

GCA 003913995 contig 61 no match 0 x

GCA 001236165 contig 10 no match 0 x

GCA 001226245 contig 1 VA25 6351 0.0

GCA 017283455 contig 54 no match 0 x

GCA 004988885 contig 12 no match 0 x

GCA 017283455 contig 10 T1-21 867 0.0

GCA 001408235 contig 22 no match 0 x

GCA 001229645 contig 3 ZS006 12152 0.0

GCA 004946065 contig 47 CFSAN032806 3518 0.0
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GCA 004818735 contig 27 no match 0 x

GCA 005352235 contig 20 huA17 1633 0.0

GCA 015212025 contig 8 D42a 3546 0.0

GCA 000752375 contig 50 R19.1007 654 0.0

GCA 003716305 contig 2 no match 0 x

GCA 001230585 contig 11 no match 0 x

GCA 014512725 contig 24 SCJK2 71.3 2e-11

GCA 001226245 contig 3 no match 0 x

GCA 004252005 contig 23 no match 0 x

GCA 004252005 contig 36 YH002 16716 0.0

GCA 004930415 contig 22 no match 0 x

GCA 007952625 contig 2 15363C 3524 0.0

GCA 007984685 contig 59 no match 0 x

GCA 001236165 contig 13 T1-21 2045 0.0

GCA 001408235 contig 15 no match 0 x

GCA 003744305 contig 26 no match 0 x

GCA 004818735 contig 15 CC19PF065 4652 0.0

GCA 003744165 contig 8 no match 0 x

GCA 015212025 contig 30 D42a 3546 0.0

GCA 001407315 contig 7 no match 0 x

GCA 001408235 contig 47 no match 0 x

GCA 002110765 contig 2 100 13675 0.0

GCA 003744305 contig 43 D42a 3546 0.0

GCA 003744305 contig 36 100 4874 0.0

GCA 001408235 contig 6 no match 0 x

GCA 003744305 contig 14 no match 0 x

GCA 004930415 contig 13 ZS006 12146 0.0

GCA 010225815 contig 45 15363C 3546 0.0

GCA 004829885 contig 3 ZS006 12152 0.0

GCA 005219525 contig 36 WP2202 3541 0.0

GCA 001407315 contig 23 no match 0 x

GCA 004818735 contig 32 no match 0 x

GCA 001226245 contig 2 IF1100 183 4e-44

GCA 001230585 contig 5 100 13675 0.0

GCA 005352235 contig 17 CJ501CC21 9516 0.0

GCA 005095645 contig 19 no match 0 x

GCA 000752375 contig 33 no match 0 x

GCA 003744165 contig 58 M129 3546 0.0

GCA 003780605 contig 10 R19.1007 638 0.0

GCA 000752375 contig 22 VA1 5941 0.0

GCA 001223925 contig 3 no match 0 x
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GCA 001408235 contig 2 no match 0 x

GCA 001407315 contig 17 no match 0 x

GCA 004829885 contig 34 RM3194 4835 0.0

GCA 007947545 contig 45 FORC 046 16524 0.0

GCA 001223925 contig 7 R19.1007 638 0.0

GCA 007952625 contig 61 15363C 3524 0.0

GCA 004881485 contig 120 M129 3546 0.0

GCA 004818735 contig 61 no match 0 x

GCA 003744165 contig 29 CFSAN054107 10715 0.0

GCA 004252005 contig 76 no match 0 x

GCA 005174085 contig 66 ZS006 12152 0.0

GCA 001408235 contig 11 no match 0 x

GCA 001230585 contig 1 VA25 6346 0.0

GCA 003744165 contig 22 T1-21 3576 0.0

GCA 004818735 contig 56 no match 0 x

GCA 003746525 contig 8 T1-21 494 3e-138

GCA 002110815 contig 12 huA17 1519 0.0

GCA 001764655 contig 15 ZS006 12146 0.0

GCA 002110765 contig 15 huA17 1448 0.0

GCA 007947545 contig 8 no match 0 x

GCA 004930415 contig 19 CC19PF065 2907 0.0

GCA 001419105 contig 28 FORC 046 17453 0.0

GCA 001230585 contig 10 GB19 18007 0.0

GCA 005352235 contig 14 CC19PF065 1701 0.0

GCA 000752375 contig 44 no match 0 x

GCA 003913995 contig 66 no match 0 x

GCA 001229645 contig 9 no match 0 x

GCA 001226245 contig 12 VA1 5936 0.0

GCA 003744165 contig 39 no match 0 x

GCA 007947545 contig 6 ZS006 12146 0.0

GCA 007941585 contig 3 T1-21 2158 0.0

GCA 001419105 contig 25 no match 0 x

GCA 011722735 contig 39 CC19PF065 8479 0.0

GCA 003913995 contig 74 no match 0 x

GCA 005174085 contig 26 no match 0 x

GCA 003746525 contig 54 no match 0 x

GCA 008236505 contig 45 no match 0 x

GCA 014512725 contig 32 no match 0 x

GCA 001419105 contig 38 VA25 1175 0.0

GCA 001236165 contig 6 100 13670 0.0

GCA 003746525 contig 40 T1-21 889 0.0
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GCA 001230545 contig 4 VA25 568 5e-160

GCA 001223925 contig 2 100 13675 0.0

GCA 000752375 contig 55 no match 0 x

GCA 004252005 contig 47 no match 0 x

GCA 010225815 contig 46 no match 0 x

GCA 004252005 contig 19 no match 0 x

GCA 003913995 contig 15 no match 0 x

GCA 004881485 contig 27 FORC 046 19091 0.0

GCA 001407315 contig 6 no match 0 x

GCA 001407315 contig 1 no match 0 x

GCA 004930415 contig 21 100 4612 0.0

GCA 003716305 contig 1 huA17 1236 0.0

GCA 001230545 contig 5 100 13675 0.0

GCA 001226245 contig 10 FORC 046 15669 0.0

GCA 001223925 contig 4 IF1100 183 2e-44

GCA 001407315 contig 3 no match 0 x

GCA 007906505 contig 71 ZS006 12157 0.0

GCA 003744305 contig 41 no match 0 x

GCA 002110815 contig 10 huA17 292 8e-78

GCA 001408235 contig 24 no match 0 x

GCA 007941585 contig 53 no match 0 x

GCA 000752375 contig 51 huA17 665 0.0

GCA 001230585 contig 4 ZS006 12152 0.0

GCA 010336125 contig 36 ZS006 12157 0.0

GCA 007947545 contig 44 no match 0 x

GCA 001223925 contig 10 no match 0 x

GCA 004930415 contig 17 no match 0 x

GCA 003746525 contig 14 T1-21 900 0.0

GCA 001230545 contig 10 100 5203 0.0

GCA 002110765 contig 22 15516C 918 0.0

GCA 003913995 contig 246 WP2202 3541 0.0

GCA 002110765 contig 27 no match 0 x

GCA 001764655 contig 4 no match 0 x

GCA 003744165 contig 25 no match 0 x

GCA 001408235 contig 32 ZS006 12152 0.0

GCA 003780605 contig 6 WP2202 3541 0.0

GCA 003716305 contig 9 no match 0 x

GCA 011722735 contig 7 CC19PF065 2662 0.0

GCA 007947545 contig 12 no match 0 x

GCA 000752375 contig 46 IF1100 183 2e-44

GCA 003744165 contig 1 VA25 725 0.0

43



GCA 003744165 contig 15 no match 0 x

GCA 003744305 contig 67 D42a 3546 0.0

GCA 007947545 contig 24 no match 0 x

GCA 015622965 contig 23 WP2202 3541 0.0

GCA 003780605 contig 39 WP2202 3541 0.0

GCA 003746525 contig 36 no match 0 x

GCA 004881485 contig 46 T1-21 3581 0.0

GCA 004818735 contig 51 CJ504CC21 508 2e-143

GCA 001419105 contig 1 no match 0 x

GCA 001230545 contig 3 no match 0 x

GCA 001407315 contig 26 no match 0 x

GCA 001419105 contig 26 no match 0 x

GCA 002110815 contig 4 T1-21 1980 0.0

GCA 004881485 contig 51 T1-21 10715 0.0

GCA 002110815 contig 3 T1-21 1288 0.0

GCA 001407315 contig 24 100 5223 0.0

GCA 000752375 contig 39 no match 0 x

GCA 002110765 contig 1 100 5323 0.0

GCA 004930415 contig 8 no match 0 x

GCA 011722735 contig 55 CC19PF065 1860 0.0

GCA 003716305 contig 5 ZS006 12152 0.0

GCA 001408235 contig 61 VA1 5941 0.0

GCA 002110765 contig 12 ZS006 12152 0.0

GCA 000752375 contig 40 ZS006 12152 0.0

GCA 001419105 contig 16 no match 0 x

GCA 008236505 contig 12 15363C 3546 0.0

GCA 004930415 contig 7 no match 0 x

GCA 002110815 contig 6 T1-21 765 0.0

GCA 000752375 contig 24 no match 0 x

GCA 007984685 contig 11 no match 0 x

GCA 017283455 contig 29 T1-21 3587 0.0

GCA 003744305 contig 28 no match 0 x

GCA 004930415 contig 10 no match 0 x

GCA 002110815 contig 13 R16.2162 11184 0.0

GCA 003744165 contig 13 no match 0 x

GCA 001236165 contig 11 FORC 046 19185 0.0

GCA 003744165 contig 57 no match 0 x

GCA 007947545 contig 29 no match 0 x

GCA 001407315 contig 22 no match 0 x

GCA 000752375 contig 49 VA1 1604 0.0

GCA 004881485 contig 62 huA17 5088 0.0
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GCA 000752375 contig 47 no match 0 x

GCA 007941585 contig 26 no match 0 x

GCA 004946065 contig 1 VA25 473 1e-131

GCA 001236165 contig 4 T1-21 7367 0.0

GCA 003716305 contig 13 VA1 5934 0.0

GCA 003744305 contig 16 no match 0 x

GCA 003744305 contig 4 no match 0 x

GCA 001419105 contig 41 huA17 1269 0.0

GCA 003746525 contig 43 no match 0 x

GCA 004946065 contig 49 no match 0 x

GCA 003913995 contig 17 no match 0 x

GCA 001407315 contig 37 IF1100 183 2e-45

GCA 007952625 contig 39 100 5313 0.0

GCA 002110765 contig 36 T1-21 3576 0.0

GCA 002110815 contig 5 T1-21 3711 0.0

GCA 003716305 contig 4 T1-21 2100 0.0

GCA 001407315 contig 56 no match 0 x

GCA 001226245 contig 4 ZS006 12152 0.0

GCA 001419105 contig 3 no match 0 x

GCA 007941585 contig 4 no match 0 x

GCA 003744165 contig 33 T1-21 7361 0.0

GCA 003744305 contig 37 T1-21 10709 0.0

GCA 015622965 contig 8 WP2202 3541 0.0
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Table S4: ST 48 plasmids mapped against ncbi annotated
plasmids. All previously detected genes in each contig were
blasted against a database of NCBI plasmids.

Genome accession number ncbi plasmid strain score e-value

GCA 004884045 contig 13 WP2202 3541 0.0

GCA 008232785 contig 17 no match 0 x

GCA 010346545 contig 32 ICDCCJ07001 3535 0.0

GCA 017037515 contig 37 no match 0 x

GCA 007930705 contig 10 R19.1007 660 0.0

GCA 005100505 contig 44 FORC 046 16196 0.0

GCA 005100505 contig 18 CC19PF065 4602 0.0

GCA 006346525 contig 1 FORC 046 19446 0.0

GCA 004893935 contig 19 T1-21 1216 0.0

GCA 017037515 contig 4 R19.1007 660 0.0

GCA 007982965 contig 63 ICDCCJ07001 3535 0.0

GCA 005009475 contig 6 no match 0 x

GCA 005100505 contig 32 100 5012 0.0

GCA 007982965 contig 13 no match 0 x

GCA 004959045 contig 79 D42a 3535 0.0

GCA 008308675 contig 42 no match 0 x

GCA 008292355 contig 14 100 4601 0.0

GCA 008308675 contig 41 ICDCCJ07001 3535 0.0

GCA 005100505 contig 15 FORC 046 19230 0.0

GCA 007982965 contig 64 no match 0 x

GCA 008345345 contig 52 ICDCCJ07001 3535 0.0

GCA 008345345 contig 21 no match 0 x

GCA 007930705 contig 2 no match 0 x

GCA 008232785 contig 81 ICDCCJ07001 3535 0.0

GCA 017177545 contig 4 T1-21 1825 0.0

GCA 007936745 contig 57 ICDCCJ07001 3535 0.0

GCA 007936745 contig 58 no match 0 x

GCA 005009475 contig 8 100 13686 0.0

GCA 010346545 contig 33 no match 0 x

GCA 008142085 contig 20 15516C 1098 0.0

GCA 004880865 contig 20 R19.1007 571 7e-162

GCA 004884045 contig 47 no match 0 x

GCA 004884045 contig 127 WP2202 3541 0.0

GCA 004884045 contig 40 IA3902 3694 0.0

GCA 007930705 contig 4 ICDCCJ07001 3535 0.0

GCA 006347745 contig 1 100 10541 0.0

GCA 007930705 contig 42 no match 0 x

GCA 005009475 contig 13 VA25 5422 0.0
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GCA 007930705 contig 6 no match 0 x

GCA 004880865 contig 28 BP18682 2588 0.0

GCA 017037515 contig 25 100 5011 0.0

GCA 007936745 contig 1 no match 0 x

GCA 008292355 contig 13 CJP19-D445 9383 0.0

GCA 007982965 contig 17 T1-21 2089 0.0

GCA 008142085 contig 36 ICDCCJ07001 3535 0.0

GCA 017037515 contig 9 FORC 046 19235 0.0

GCA 007982965 contig 3 ICDCCJ07001 3535 0.0

GCA 005100505 contig 7 100 13686 0.0

GCA 007930705 contig 41 ICDCCJ07001 3535 0.0

GCA 008292355 contig 30 no match 0 x

GCA 008142085 contig 13 no match 0 x

GCA 008232785 contig 12 no match 0 x

GCA 008345345 contig 53 no match 0 x

GCA 004984345 contig 13 D42a 3535 0.0

GCA 004884045 contig 52 no match 0 x

GCA 008292355 contig 31 15363C 1688 0.0

GCA 004884045 contig 32 R19.1007 16085 0.0

GCA 005100505 contig 2 CC19PF065 1707 0.0

GCA 005100505 contig 22 15597A 11882 0.0

GCA 007982965 contig 46 no match 0 x

GCA 007936745 contig 12 no match 0 x

GCA 004893935 contig 1 no match 0 x

GCA 004959045 contig 20 D42a 3535 0.0

GCA 007936745 contig 5 ICDCCJ07001 3535 0.0

GCA 010346545 contig 11 no match 0 x

GCA 004984345 contig 25 D42a 3535 0.0

GCA 005009475 contig 2 CJ504CC21 894 0.0

GCA 008232785 contig 8 ICDCCJ07001 3535 0.0

GCA 017037515 contig 36 FORC 046 16275 0.0

GCA 004893935 contig 13 100 5302 0.0

GCA 006348505 contig 1 100 13304 0.0

GCA 017177545 contig 23 T1-21 1825 0.0

GCA 006347145 contig 1 100 11627 0.0
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8.2 Figures
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Figure 10: Barplot of gene families that are detected in the jumps, split into contigs by their
locus of origin. A selection from all four datasets. Some plots, like the left-most in group 1 and the left-
and right-most in group 2, show that the added genes are not concentrated closely together, which indicates
that this jump is likely caused by general evolutionary distance, not a new plasmid. Other plots like the
second in group 1 and the last in ST 48 show a clear concentration in a single contig which can be an
indicator for a plasmid. Other plots like the last in group 1, or the third in group 2 could go either way.
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Figure S1: Coverage of each contig plotted against the size. A: all contigs, no minimum size filter for the
contigs. B: all contigs smaller than 5,000 bp are filtered out, C: all contigs smaller than 10,000 bp are filtered out.
The x-axis limit is manually set to 400. the (0,0) point in each plot is a computational artefact and not a missed
contig.
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Figure S2: Flowchart on the principle of pan-genome construction. The input is annotated genomes,
all protein sequences will then be clustered in an all-against-all blast. The genes are then sorted int cross-
genome gene families of presumed homologs, or presumably the same gene represented by different alleles in
different individuals. Which genes are still counted as homologs depends on the minimum sequence identity
threshold, a lower threshold will result in bigger gene families. The resulting gene families will then be sorted
into core and accessory genome. This depends on a minimum required frequency threshold for a gene family
to be counted to the core genome.
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Figure S3: MLST tree of Campylobacter jejuni genomes. created with the ETE toolkit.
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Figure S4: Number of genes added to the pan-genome with each genome added for the phylogenetically
diverse datasets (for pan-genome curves see 9). The red points are noticeably above the baseline number of
gene families added with each genome, which correspond to jumps in the pan-genome curve and the quantiles
are chosen manually.
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Figure S5: Number of genes added to the pan-genome with each genome added for the single-ST-data sets
(for pan-genome curves see 9). The red points are noticeably above the baseline number of gene families
added with each genome, which correspond to jumps in the pan-genome curve and the quantiles are chosen
manually.
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Figure S6: Group 1. Genes added per contig for genomes that cause jumps, overall number of contigs in
the genome listed in the subplot title after the accession number. Genes added per 1,000 bp contig length
are shown. Some subplots like the third or fourth plot in the first row, show most genes are concentrated
in one contig, which could be an indicator of a plasmid. The top left subplot shows many added genes
distributed over many contigs, which shows a greater spatial distribution over the genome, which indicates
greater evolutionary distance to previous genomes is the cause of the jump, not an individual plasmid.
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Figure S7: Group 2. Genes added per contig for genomes that cause jumps, overall number of contigs in
the genome listed in the subplot title after the accession number. Genes added per 1000 bp contig length
are shown.Some subplots like the first or third plot in the first row, show most genes are concentrated in
one contig, which could be an indicator of a plasmid. Other subplots like the last in the second row or the
second in the third row show many added genes distributed over many contigs, which shows a greater spatial
distribution over the genome, which indicates greater evolutionary distance to previous genomes is the cause
of the jump, not an individual plasmid.
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Figure S8: ST 40. Genes added per contig for genomes that cause jumps, overall number of contigs in
the genome listed in the subplot title after the accession number. Genes added per 1,000 bp contig length
are shown. Some subplots show most genes are concentrated in one contig, which could be an indicator
of a plasmid, some show many added genes distributed over many contigs, which shows a greater spatial
distribution over the genome, which indicates greater evolutionary distance to previous genomes is the cause
of the jump, not an individual plasmid. Sometimes, genomes consist of only one contig that encompasses
the entire chromosome and any potential plasmids, which means this method can not be used to determine
the spatial distribution of gene loci over the genome.
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Figure S9: ST 50. Genes added per contig for genomes that cause jumps, overall number of contigs in
the genome listed in the subplot title after the accession number. Genes added per 1,000 bp contig length
are shown. Some subplots show most genes are concentrated in one contig, which could be an indicator
of a plasmid, some show many added genes distributed over many contigs, which shows a greater spatial
distribution over the genome, which indicates greater evolutionary distance to previous genomes is the cause
of the jump, not an individual plasmid.
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Figure S10: VFDB functional annotation of the group 1 data set.
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Figure S11: VFDB functional annotation of the group 2 data set.
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Figure S12: VFDB functional annotation of the ST 48 data set.
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Figure S13: VFDB functional annotation of the ST 50 data set.
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Figure S14: VFDB functional annotation of the ST 50 data set.
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