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Large-scale screening of genomic data identifies novel mobile colistin resistance genes
and reveals high over-representation in Pseudomonadota

ALICE SCHILLER

Department Mathematical Sciences

Chalmers University of Technology

Abstract

The emergence of antibiotic-resistant bacteria is a health problem of great concern.
Antibiotic resistance development is driven by selection pressure and the environ-
ment is believed to be the origin of most antibiotic resistance genes, from where
they can mobilize into pathogens. In order to be prepared when novel antibiotic
resistance genes reach pathogens and prevent further transmission, early detection
and knowledge about the spread is of high importance. One specific type of an-
tibiotic that is of high interest to characterize is colistin. Colistin is an antibiotic
that targets gram-negative bacteria and is sometimes seen as the last alternative to
treat dangerous infections caused by multi-drug resistance gram-negative bacteria.
The emergence of mobile colistin resistance genes hence threatens the e [ciehcy of
treating these types of infections. The aim of this thesis is to identify potential novel
colistin resistance genes and evaluate them in terms of gene mobility and phylogeny.

In order to achieve this, a gene model optimized for colistin resistance genes has
been created with fARGene. This model was then used to screen large-scale bacte-
rial genomic data for potential novel colistin resistance genes. The predicted genes
were analyzed in terms of mobility and phylogeny. This resulted in 680 257 pre-
dicted genes, over-represented in the class Gammaproteobacteria within the phylum
Pseudomonadota, that could be summarized into 1611 clusters. Out of these clus-
ters, 104 showed signs of mobility, and many were closely related to the already
known mobile colistin resistance genes. Additionally, 13 clusters comprising poten-
tial mobile novel colistin resistance genes that are present, or at risk of ending up,
in pathogenic hosts could be identified.

Keywords: antibiotic resistance, colistin, profile HMM, gene mobilization, horizontal
gene transfer
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HMM Hidden Markov model

ICE integrating conjugative element

IR inverted repeats

IS insertion sequence

LPS lipopolysaccharide

MCR mobile colistin resistance

Mpf mating pair formation
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Introduction

Antibiotic resistance is a growing health problem all over the world, causing bacterial
infections that are di cult, or in the worst case impossible, to treat [1]. According

to the World Health Organization (WHO), even infections that today are easy to
treat can become deadly in the future, thus putting humanity in a similar situation

as before antibiotics were discovered. In 2019, antibiotic resistance was estimated
to be associated with 4.95 million deaths whereas 1.27 million of these were directly
caused by resistant bacterial infections [2].

Some of the most common infections caused by resistant bacteria are lower res-
piratory infections and bloodstream infections such as pneumonia and blood poi-
soning [2]. Up to 80 % of these cases were caused by only 6 di erent bacteEa;
cherichia coli, Staphylococcus aureyKlebsiella pneumoniagStreptococcus pneumo-
niae, Acinetobacter baumannij and Pseudomonas aeruginosaarticularly alarming

is multi-drug resistance gram-negative bacteria, which in the worst case can be re-
sistant to almost all available antibiotics. Multi-drug resistance has been detected in
common pathogenic gram-negative bacteria such &debsiella pneumoniagAcine-
tobacter baumannij and Pseudomonas aeruginosgs],[4].

The last alternative antibiotic to treat some of these dangerous infections is colistin
[3], [4]. Colistin is a polypeptide antibiotic that targets the membrane of gram-
negative bacteria. It was used in clinics during the 1950s-1960s but was later replaced
by other antibiotics due to its severe side e ects. However, from the beginning of
the 21st century, the emergence of multi-drug resistance gram-negative bacteria has
required the use of colistin once again. Resistance to colistin has previously been
restricted to mutations in chromosomal genes that can not be transmitted between
bacteria, but in 2015 the rst mobile colistin resistance (MCR) gene, MCR-1, was
detected [5]. Since then, nine additional MCR genes (MCR-2 up to MCR-10) have
been discovered [6], threatening the e ciency of colistin as an alternative to treat
multi-drug resistant gram-negative bacterial infections.

Mobilization of resistance genes constitutes a major problem since it enables them
to be transmitted between bacteria and eventually end up in pathogens. Due to the
huge genetic reservoir found in the environment, most antibiotic resistance genes
(ARGS) are believed to originate from environmental bacteria where the genes ini-
tially had other functions [7]. The genes are transferred from environmental bacteria
into pathogens, either entirely within the environment or via the microbiota of an-
imals or humans, accelerated by the selection pressure caused by the heavy use of



1. Introduction

antibiotics. The transfer of mobile resistance genes into pathogens is a process of
several steps. First, chromosomal encoded ARGs develop the ability to move within
the genome. This is followed by horizontal gene transfer (HGT), which is the process
of transferring genetic elements between bacteria in a population.

In order to limit this spread and be prepared when novel ARGs reach human
pathogens, it is essential to identify possible future ARGs that risk mobilizing from
the environment [7]. Thanks to the rapid development of next-generation sequenc-
ing methods, large amounts of bacterial genomic data are available for analysis.
This enables e ective computational methods to be used in comparison to classical
laboratory analysis, which is hampered by di culties with cultivating many envi-
ronmental bacteria [8]. One such method is Fragmented Antibiotic Resistance Gene
IdENti Er (fARGene) which uses Hidden Markov models (HMMs) to identify novel
ARGs from bacterial genomic data [8].

1.1 Aim

This project aims to perform a large-scale characterization of colistin resistance
genes. The goal of the characterization is to identify potential novel colistin re-
sistance genes and analyze them in terms of gene mobility and phylogeny. More
speci cally, the mobility analysis aims to investigate the risk of mobilization of novel
colistin resistance genes and the goal of the phylogenetic analysis is to reveal which
type of bacteria carry colistin resistance genes and how both known and predicted
resistance genes are related to each other.

To achieve the aim of this project, probabilistic gene models optimized for colistin
resistance genes will be constructed with fARGene and be used to screen databases
with bacterial genomes for potential novel colistin resistance genes. Mobilization will
be evaluated by searching for mobile genetic elements in the regions surrounding the
resistance genes predicted by the model. A phylogenetic tree of the resistance genes
will be created to investigate both the relationship between the predicted genes and
their relationship to the already-known colistin resistance genes. In order to decide
which type of bacteria harbor these types of genes, and if the predicted genes are
found in pathogens, the bacterial host of the predicted colistin resistance genes will
be determined.
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Theory

The information given in this section will explain the mode of action of colistin and
how the resistance mechanism works. It will also cover the status of the resistance
today and how the current MCR genes are related to each other. The mechanisms
behind mobilization, both within the genome and HGT, will also be explained.
Lastly, the theory behind fARGene will be explained, with emphasis on probabilistic
gene models based on pro le HMMs.

2.1 Colistin resistance

2.1.1 Mode of action

Colistin, or polymyxin E, is a member of the polymyxin antibiotic family [4]. It is

a cationic polypeptide antibiotic that targets the outer membrane of gram-negative
bacteria. Gram-negative bacteria's cell envelope consists both of an inner mem-
brane and an outer membrane, which are separated by a periplasmic space with
peptidoglycan. The outer membrane is asymmetric and consists of an inner layer of
phospholipids and an outer layer of lipopolysaccharide (LPS) [9]. LPS consists of
lipid A, which is anchored to the outer membrane, as well as an oligosaccharide and
an antigen. The structure of the outer membrane and LPS can be seen in Figure
2.1.

Figure 2.1: The cell envelope of gram-negative bacteria and the structure of LPS.

The lipid A part of LPS is the exact target of colistin. Colistin consists of one
hydrophobic and one polar part [10]. The polar part of colistin targets the LPS on
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2. Theory

the outer membrane through electrostatic interaction between the cationic colistin
and the negatively charged phosphate groups on the lipid A domain of LPS. This
interaction makes it possible for the hydrophobic part of colistin to interact with the
fatty acid chains in the outer membrane and increase its permeability. This way,
colistin can reach the inner cell membrane and eventually cause cell lysis and death.

2.1.2 Resistance mechanism

Common mechanisms of gram-negative bacteria used to adapt to the surrounding
environment or protect from antibiotics is to modify the lipid A domain of the LPS
[9]. One such mechanism that gives resistance to colistin is performed by the inner
membrane enzyme lipid A phosphoethanolamine transferase (EptA). EptA modi es
the LPS by adding phosphoethanolamine (PEA) to the phosphate group of lipid A
[11], thus decreasing the negative charge. This way, the bacterium is protected from
colistin since the electrostatic interaction can not occur.

EptA is regulated by two di erent two-component regulatory systems; PmrA/PmrB
and PhoP/PhoQ (Figure 2.2) [11]. A two-component regulatory system consists of
a sensor kinase that reacts to outer stimuli and a response regulator that controls
gene transcription based on signals from the sensor kinase [9]. This way, bacteria
can change their gene expression based on outer stimuli. For example, di erent
ions, changes in pH, and cationic polypeptide antibiotics such as colistin stimulate
PmrA/PmrB and PhoP/PhoQ [11]. Outer stimuli, together with mutations in the
PmrA/PmrB and PhoP/PhoQ systems, upregulates EptA and can cause resistance
to colistin.

Figure 2.2: The PmrA/PmrB and PhoP/PhoQ two-component regulatory systems that
control the expression of the chromosomal colistin resistance gene EptA. Here it can be
seen that PhoP/PhoQ is indirectly controlling EptA via the activation of PmrD.
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2. Theory

2.1.3 Mobile colistin resistance

The resistance mechanism used by EptA is also used by the more recently discovered
MCR genes [12]. Ten di erent mobile colistin resistance genes are identi ed today
(MCR-1 up to MCR-10), which all give resistance by adding PEA to lipid A. It is
believed that all MCR proteins, as well as EptA, are structurally and functionally
uni ed [12] [14]. The enzyme consists of two domains with a catalytic site in the
interface. In the catalytic site, a PEA is cleaved from a phosphatidylethanolamine
(PE) lipid. Then, the PEA can be transferred to the lipid A domain of the LPS
and change the charge of the membrane. Although the structures and functions of
the enzymes are conserved between MCR proteins, the group is still very phyloge-
netically diverse, meaning that not all the sequences in the MCR family share high
similarity to each other. The phylogenetic relationship between the MCR genes can
be seen in Figure 2.3.

Figure 2.3: Phylogentic relationship of the ten MCR genes. Two distinct groups are
marked in blue and green. MCR-5 is marked in yellow since it is very distantly related to
both groups.

MCR-1, MCR-2, and MCR-6 (previously denoted MCR-2.2) form one group of
phylogenetically close genes (marked in blue in Figure 2.3). It is believed that
Moraxella species are a common progenitor for the genes [15], [16]. MCR-1 is the
rst MCR gene that was identi ed and was found in Escherichia coli [5]. Today,
MCR-1 has been observed in many other pathogens suchkdsbsiella pneumoniag
Salmonella entericaand Enterobacter[17], [18]. MCR-2, which also was detected in
Escherichia coli shows 81 % sequence identity to MCR-1 [19]. Additionally, MCR-6
that was found in Moraxella sp.[20] shows above 80 % amino acid identity to both
MCR-1 and MCR-2 [21]. There are also intrinsic colistin resistance genes (ICR)
from Moraxella that are closely related to this group of MCR genes [22].

The other group of resistance genes comprises MCR-3, MCR-4, MCR-7, MCR-8,
MCR-9, and MCR-10 (marked in green in Figure 2.3). Within this group, MCR-3
and MCR-7 are closely related with 70 % amino acid identity and are believed to
originate from Aeromonasspecies [23], [24]. Further, MCR-9 and MCR-10 are phy-
logenetic close to each other with 83 % amino acid identity and are believed to have
Buttiauxella species as progenitors [12]. There are also ICR genes fiBuattiauxella
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2. Theory

that are closely related to MCR-9 and MCR-10 [12]. MCR-4 and MCR-8 are also
placed in this group of MCR genes. However, they are more distantly related. MCR-
4 is most closely related to MCR-3, with 49 % amino acid identity [25]. MCR-4 was
initially found in Escherichia coliand Salmonella entericaand its believed progen-
itor is Shewanellaspecies. MCR-8, rst discovered irKlebsiella pneumoniadg26],

are most closely related to MCR-9 with 44 % amino acid identity and are believed
to originate from Stenotrophomonag[27]. MCR-5 has been suggested also to be
included in this group of resistance genes [14]. However, other studies place MCR-5
in a completely separate clade from all MCR genes [21], and the gene shows only
around 35 % amino acid identity to MCR-1, MCR-2, MCR-3, and MCR-4 [28].

2.2 Gene mobilization

As mentioned in the introduction, bacteria possess the ability to transfer genetic
material within a population [29]. Driven by selection pressure, chromosomal ARGs
often located in environmental bacteria can move into pathogens [7]. This process
can occur both within the environment and via the microbiota of humans and ani-
mals. The development from a chromosomal immobile ARG to a mobile ARG that
can transfer between bacteria can be divided into two main steps. Initially, mobi-
lization within the genome occurs which means that the ARG acquires the ability
to move from one place in the genome to another. This ability is essential for the
second step to occur; reallocation to a mobile element that can move between bac-
teria. When the ARG is located in a mobile element, such as a plasmid, it can be
transferred between bacteria through HGT. The following sections will explain the
two steps of mobilization, as well as HGT in more detail.

2.2.1 Mobilization within the genome

One genetic element that is essential for mobilization and involved in the spread of
antibiotic resistance is transposons [30, p. 288]. A transposon is a DNA segment
with the ability to move between positions in the genome. This process is called
transposition and is used to move genetic elements within the genome [29, p. 321-
325]. The transposon carries two elements that are required for transposition: the
transposase enzyme and the inverted repeats (IR) anking the transposon. The role
of the transposase enzyme is to recognize the sequence of the IRs. IRs are DNA
segments where the 5'-3' sequences of their opposite strands are almost the same.
This makes it possible for one transposase enzyme to bind to each IR and also to
each other, to form an excised transposon. Through this process, the transposon can
"cut and paste" from one part of the genome to another. The process of transposition
can be seen in Figure 2.4.

The smallest transposon is called insertion sequence (IS) element. IS elements con-
sist only of the transposase and IRs and their only function is therefore to move
within the genome [29]. However, a transposon can also carry passenger genes and
therefore carry and move one or several ARGs. One way that ARGs inserts into
the transposon is the formation of a composite transposon. A composite transpo-

6



2. Theory

Figure 2.4. The process of transposition. Here, the IRs of the transposon bind to the
transposase protein to form an excised transposon. This way, the excised transposon can
insert into another part of the DNA and move between locations in the genome.

son consists of two IS elements that ank other genes and is created when two IS
elements of the same type insert close to each other in the genome. The di erence
between an IS element and a composite transposon can be seen in Figure 2.5.

Figure 2.5: An IS element and a composite transposon that consists of an ARG anked
by two IS elements.

Another possibility for ARGs to integrate into a transposon is by the integration

of gene cassettes [29]. A gene cassette is a circular, non-replicating, DNA segment
that has excised from the genome. It consists of one or more ARGs and their
attachment sites. The integration of a gene cassette requires that the transposon
carries an integron. An integron is a DNA segment that consists of an integrase
gene and an attachment site. The integrase recognizes the attachment site of the
gene cassette, and through recombination with the attachment site of the integron,
the gene cassette can be integrated into the transposon.

ARGs located in a transposon, either via the formation of a composite transposon

7



2. Theory

or by integration of gene cassettes, can reallocate to a mobile element through trans-
position. The mobile element can transfer between bacteria and thereby spread the
ARGs within a population. There are two types of mobile elements mainly utilized
in the transfer of ARGs between bacteria: plasmids and integrating conjugative el-
ements (ICEs) [29, p.215-240]. ICEs, in contrast to plasmids, are not free from the
chromosomal DNA but integrated into it. They can excise from the chromosomal
DNA as free circular elements and transfer into other bacteria. The next section
will explain how these elements can be transferred between bacteria through HGT.

2.2.2 Horizontal gene transfer

HGT is the transfer of DNA within a bacterial population and makes it possible
for bacteria to share genetic material by other means than reproduction [29, p.215-
240]. There are three types of HGT: transformation, transduction, and conjugation.
Transformation means that bacteria take up free DNA from the environment such
as genetic material from dead bacteria. Transduction is the process of transferring
DNA through a bacteriophage between bacteria.

Out of these three mechanisms, conjugation is the most prevalent in the transfer of
ARGs. Conjugation is the ability to transfer DNA between two bacteria through

a protein channel [29, p.215-240]. The formation of the protein channel and other
necessary transferring functions requires a conjugation system which can be found
in ICEs and self-transmissible plasmids. A self-transmissible plasmid is a plasmid
that contains all genes necessary to transfer itself to other bacteria. There are also
mobilizable plasmids, that contain parts of the conjugation system and with help
from a self-transmissible plasmid can conjugate to another bacteria.

The essential part of the conjugation system is the transfeitr@) genes that code
for two components required for the conjugation; the DNA transfer and conjugal
replication (Dtr) component and mating pair formation (Mpf) component [29, p.215-
240]. Here, the Mpf component is responsible for the formation of the protein
channel and for holding the donor and recipient cells together during the conjugation.
This component also codes for a coupling protein whose function is to contact the
Dtr component when the bacteria is ready for conjugation. The Dtr component is
responsible for the preparation of the DNA that should be transferred in the donor
cell as well as the ligation in the recipient cell. For this, the Dtr component includes
the relaxase protein that cleaves the plasmid at the origin of transfer (oriT) which
creates the DNA strand to be transferred through the channel [31]. It also contains
one or more nicking proteins that ligate the DNA strand in the recipient cell. A
mobilizable plasmid carries only thetra genes that code for the Dtr component
[29, p.215-240]. Another name that is commonly used for the genes coding for
the Dtr component is mob genes. In the case of a mobilizable plasmid, the self-
transmissible plasmid is responsible for the connection to the recipient bacteria and
the formation of the channel. The coupling protein of the self-transmissible plasmid
then contacts the mobilizable plasmid that can prepare for conjugation through its
own Dtr system.

When the donor and recipient cell are connected through the protein channel, DNA

8



2. Theory

from the plasmid, or ICEs, can be transferred [29, p.215-240]. A single strand is
transferred from the donor to the recipient which then can act as a template during
DNA replication in the recipient cell. If the DNA came from ICEs, the circular
element can be integrated into the chromosome of the recipient cell. This way,
ARGs can both transfer as plasmids from the donor bacteria as well as integrate
into the chromosomal DNA of the recipient bacteria.

2.3 Hidden Markov models

This section is based on the theory about HMMs and pro le HMMs described in
[32]. A Hidden Markov model (HMM) is a probabilistic model. Saying that a
model is probabilistic means that the model produces di erent outputs with certain
probabilities. In this case, the output is protein sequences and the model can be
seen as a probability distribution over all possible sequences which has its peak for
sequences belonging to the protein family of interest.

An HMM consists of states and symbols. In the case of protein sequences, the states
are positions in the sequence and symbols are amino acids at each position. Saying
that the model is hidden, means that only the sequence of symbols can be observed,
not the states visited to produce it. The sequence of states visited in the model is
called a path and is denoted . The probability of moving to state ; from state

i 1 Is called transition probability and is denoted

ag=P(i=1i1=Kk); (2.1)

where the probability only is dependent on the previous state. Moreover, the prob-
ability of observing a certain symbol (amino acid) in a state is called emission
probability and is denoted

& =PXx =08 =Kk (2.2)

, Wheree(b) is the probability of observing the symbol b in state k.

2.3.1 Prole Hidden Markov Model

A Prole HMM is a speci c type of HMM with the purpose to search databases

for sequences that belong to a protein family. The model is built from a Multiple
sequence alignment (MSA) which shows how sequences in a family are related to
each other. In an MSA, each position of the sequence is represented by a column,
where each row corresponds to a single sequence. An example of an MSA can be
seen in gure 2.6.
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Segl A E - C E
Seg2 A E - C -
Seg3 A - - C A
Seg¢ A E D - E
Seg5 A C D A E
* * * *

Figure 2.6: A multiple sequence alignments of ve sequences. The letters are amino
acids and the lines are gaps. Columns marked with a star can be seen as more conserved
between the sequences.

Protein families often have parts of the protein sequences that are more conserved.
It is desirable to capture these parts in order to identify new sequences that belong
to the family. To capture the variations of conservation three di erent states are
needed in the Pro le HMM; match states, insertion states, and deletion states. The
conserved parts are used to build the match states and the number of columns from
the MSA used for this is called the length of the model. In Figure 2.6, the conserved
parts are marked with a star. A rule of thumb is to include columns where less
than 50 % of the rows are gaps. However, this can also be decided by a dynamic
programming algorithm that will not be covered here. Figure 2.7 shows the structure
of the match-part of the pro le HMM.

Figure 2.7: Match states in a pro le HMM of length 4. The boxes correspond to states
and the arrows are transition probabilities a; 1.

The match part consists of match states and transition probabilities between matches.
When only looking at the match-part, all transition probabilities are 1 since there are
no other possible transitions thanM; 1! M;. Using only this part of the model,
the probability of a sequence x is therefore the sum of the emission probabilities and
can be written as

N3
PXx)= ea(x) (2.3)

i=1

, Where L is the length of the model ana (x;) is the probability to observe symbol

X; in position i. However, more interesting is to evaluate the log-odds ratio. The
log-odds ratio is the logarithm of the ratio of the probability of x being produced
by the model to the probability of x being produced by a random model. Taking
the logarithm of the product of the probabilities gives a sum that can be written as

X .
S = loga(xl)

i=1 O,

(2.4)
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2. Theory

whereqy, is the probability of the symbol x; being produced by a random model at
position .

As mentioned, only parts of the protein family are conserved. To handle parts of
the sequence that do not match the match-part of the model, as well as gaps in the
match-part, insertion, and deletion states are added. Insertions are handling gaps
that correspond to part of the MSA that is not included in the match-part while
deletions are handling gaps within the match-part of the model. The log-odds score
for the insertions are

log(anlj)+ log(alej+1)+( k 1)|og(alj|j) (25)

where k is the length of the insertion. The cost corresponds to the transitidd; !

lj, k-1 transitions Ij ! 1j, as well as the transitionlj ! Mj +1. There are
emission probabilities within the insertion states as well, but these are assumed to
be distributed the same way as a random model, thus the log-odds score for this
IS zero {og% = 0 ). The log-odds score for the deletions is the sum of transition

probabilities M ! D, anumberofD! D transitions, and oneD ! M transition.

The deletion states have no emissions and can be seen as silent states between match
states. The structure of a pro le HMM with all states included can be seen in Figure
2.8.

Figure 2.8: Complete prole HMM. The arrows correspond to transition probabilities
between states. Match states are represented by squares, insertion states by diamonds,
and deletion states by circles.

In order to peak the probability distribution of the model for proteins belonging to
the protein family, the transition and emission probabilities need to be estimated.
There are many possible ways to estimate the probabilities, and all of them will not
be covered here. One possible way is simply to count the number of occurrences of
each transition and emission given the protein sequences in the MSA. However, if
the dataset is small, there is a risk that some transmission and emission never occur
and therefore the probabilities will be zero. One approach to solve this is to add
1 pseudo count to each transition and emission. There are other methods to add
pseudo-counts as well, that will not be covered here.

When the model is built, it can be used to decide if a new sequence x belongs
to the protein family or not. As mentioned, the scoring is based on additive log-
odds scoring that evaluates the match of sequence x to the model in comparison

11



2. Theory

to a random sequence model. In the pro le HMM used in this project, the scoring
considers all possible alignments of the sequence x to the model [33]. This gives a
score based on the relative likelihood of each possible alignment of x to the pro le
in comparison to other scoring systems where the score only considers the optimal
alignment.

2.4 Fargene

fARGene (Fragmented Antibiotic Resistance Gene idENLi Er) is a tool that predicts
ARGs from bacterial genomic input data [8]. The genomic input data can be either
metagenomes or longer sequences. In this thesis, fARGene was used to predict
colistin resistance genes from whole genomes, thus the theory will focus on how the
tool can be used for longer sequences.

The overall work ow of fARGene can be seen in Figure 2.9. A probabilistic gene
model is used to classify genes from the input data as potential ARG or non-ARG
[8]. The probabilistic gene model used for the classi cation is a pro le HMM that
captures the patterns of the conserved parts of resistance genes. This means the
gene model needs to be optimized speci cally for each group of antibiotic resistance
genes to capture the conserved sequences. In this thesis, the gene model will be
optimized for colistin resistance genes.

Figure 2.9: The overall function of fARGene. Genes from bacterial genomic data are
classi ed as ARG or non-ARG by an optimized Pro le HMM.

There are two parameters that are important when optimizing the Pro le HMM

for the antibiotic of interest: sensitivity and speci city [8]. Sensitivity is the ability

to correctly detect all functional ARGs. Speci city is de ned as the ability to not
classify evolutionary close genes, without the resistance mechanism, as ARGs. Thus,
a model with high speci city minimizes the false positives.

Optimizing the model means that a log-odds threshold score is chosen based on
estimated sensitivity and speci city [8]. Then, when screening the genomic data for
resistance genes, sequences given a log-odds score above the threshold score will be
classi ed as ARGs, and sequences with a log-odds score under the threshold will be
classi ed as non-ARGs. The sensitivity of the model is estimated using leave-one-
out cross-validation of the known ARGs. This means that one sequence at a time is
removed from the set of known resistance genes and a pro le HMM is created based
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on the remaining sequences, followed by applying the model to the removed sequence.
To estimate the speci city, the model is applied to a negative dataset consisting of
genes evolutionary close to the ARGs but without the resistance mechanism.

The sensitivity and speci city are based on the fraction of correctly classi ed se-
guences [8]. Here, a correctly classi ed sequence is based on a signi cance threshold
score (E-value), which is a prede ned setting in fARGene. An optimal log-odds
threshold score is then chosen so that both sensitivity and speci city are high. This
way, the model can separate ARGs from closely related genes without the resistance
phenotype.
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Methods

3.1 Model creation

In the following section, the process of creating the Pro le HMM will be described.
First, the data used to build and estimate the performance of the model will be
presented followed by the model optimization.

3.1.1 Data

In total, 49 sequences of known resistance genes were used to build the model. 43
out of these were colistin resistance genes retrieved from Comprehensive Antibiotic
Resistance Database (CARD) (accessed January 2023) whereof 41 MCR genes and 2
intrinsic resistance genes fronMoraxella (ICR-M) [34]. The additional 6 sequences
were intrinsic resistance genes fromButtiauxella (ICR-B) that were retrieved from
National Center for Biotechnology Information (NCBI) [35]. All 49 sequences come
from Gammaproteobacteria A full list of the resistance genes used to build the
pro le HMMs can be seen in Appendix A.

The negative dataset used to estimate the speci city consists of sulfatases from the
protein family PEA transferases (accessed from InterPro January 2023) [36]. This
family consists of around 21 000 proteins and to get a smaller negative dataset
the sequences were clustered at 70% amino acid identity. This was done using
USEARCH v.8.0.1445 with the parameters "-cluster_fast -id 0.7" [37]. This resulted
in 1595 sulfatase sequences as the negative dataset.

3.1.2 Model optimization

The model optimization was performed with fARGene v.0.1 using the tool "far-
gene_model_creation" with the parameter "- -only-full-length” [8]. Since the resis-
tance genes are phylogenetically separated into two groups, it was decided that both
separating the resistance genes into two models and combining all sequences into
one model should be tested. The separated Pro le HMMs were based on the two
groups of resistance genes: MCR-1, MCR-2, MCR-6, and ICR-M in one group, and
MCR-3, MCR-4, MCR-7, MCR-8, MCR-9, MCR-10, and ICR-B in the other group.

As mentioned in the theory, the placing of MCR-5 into one of the groups is not
evident. Considering this, two di erent separations were tested; one where MCR-5
was grouped together with MCR-1, MCR-2, MCR-6, and ICR-M, and one where
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MCR-5 was grouped with the other known resistance genes. In the combined Pro-
le HMM all 49 resistance gene sequences were included. For all three models, the
sensitivity was estimated with cross-validation and the speci city with the negative
dataset, as described in the theory about fARGene. The same negative dataset was
used to estimate the speci city of all models. A log-odds threshold score was then
chosen so that both sensitivity and speci city were high.

In order to validate the di erent models further before performing the large-scale
screening for resistance genes, a small subset was used in an initial screening. The
subset consisted of 31 187 genomes from NCBI Reference Sequence Database (Ref-
Seq) (accessed February 2023) [35]. RefSeq is a part of NCBI GenBank, which is
the database used for large-scale screening.

There was no considerable di erence in performance between the separated models
and the combined model in terms of sensitivity and speci city. Additionally, the
sum of the number of predicted genes from the separated models was almost the
same as the total from the combined model, thus only the combined Pro le HMM
was used in the following large-scale screening.

3.2 Screening and phylogenetic analysis

1 018 179 genomes from NCBI GenBank (accessed January 2022) were screened for
novel colistin resistance genes using the combined Pro le HMM built with fARGene

[35]. A cut-o score of 500 was used, which means that sequences given a score over
500 are classi ed as resistance genes, and sequences given a score less than 500 are
classi ed as non-resistance genes. The genes classi ed as colistin resistance genes
were clustered at 70% amino acid identity using USEARCH v.8.0.1445 with the pa-
rameters "-cluster_fast -id 0.7" [37]. The centroids of each cluster were aligned using
MAFFT v.7.515 [38] and a phylogenetic tree was created with FastTree v.2.1.11 [39].
The tree was midpoint rooted and visualized with Interactive Tree of Life (iTOL)

[40].

To understand which type of bacteria carries the predicted colistin resistance genes
the taxonomy was determined. Each sequence predicted by the model has a contig
accession number, representing the contig carrying the gene. The genome assemblies
from NCBI GenBank consist of multiple contigs that have unique contig accession
numbers. In order to map the sequences to their corresponding genome assembly,
the contig accession numbers were mapped to assembly accession numbers. The
taxonomic ID for each sequence was then retrieved from the assembly summary le
at NCBI, where each assembly accession number is mapped to a taxonomic ID [41].
The function "getTaxonomy" of the R-package taxonomizr was then used to get full
lineage taxonomy (kingdom, phylum, class, order, family, genus, and species) from
the taxonomic ID [42], [43]. An example, that shows the ow from contig accession
number to full linage taxonomy, can be seen in gure 3.1.

16



3. Methods

Figure 3.1: The ow from contig accession number to full linage taxonomy. Each
contig accession number is mapped to its assembly accession number. Each assembly
accession number is mapped to a taxonomic ID. The taxonomic ID is used to get full
lineage taxonomy.

The taxonomy of the clusters was summarized based on taxonomic class. The
dominating class of each cluster was used to represent the taxonomy of each cluster.
From this, ve clusters were distinctive since they consisted of sequences from three
or more classes, while the others consisted of sequences from only one or two classes.
However, only a few sequences in these clusters came from a divergent class than
the dominating, thus it was decided to verify the taxonomy of these sequences. The
veri cation was performed with MeTaxa2 which assigns taxonomy based on small
and large rRNA subunits [44]. From the MeTaxa results, it could be concluded
that some of the sequences from divergent classes were miss classied in NCBI
and others were assumed to be contaminated since rRNA subunits from multiple
classes were found within the same genome. Therefore, no clusters were assumed to
include sequences from 3 or more classes and all clusters could be represented by its
dominating class.

From the results of the taxonomy assignment, it seemed like the claGammapro-
teobacteriawas over-represented in bacteria that carry a resistance gene. To con-
trol this, Fischer's exact test was performed to investigate the over- and under-
representation ofAlpha-, Beta-, Gamma- Delta-, and Epsilonproteobacteria The
over- and under-representation of the phyl&?seudomonadotaBacillota, Actino-
mycetotg and Bacteroidota were also controlled. A test was considered signi cant
if the p-value < 0.001.

To understand how the predicted resistance genes are related to the known resistance
genes the clusters with the highest amino acid identity to the known resistance genes
were determined. This was done using the tool "blastp” in Blast v.2.5.0 [45]. The
resistance genes used to build the model as well as the chromosomal gene EptA were
used in the blast database.

3.3 Mobility analysis

In order to analyze the risk of horizontal gene transfer of the predicted resistance
genes, a mobility analysis was carried out. 10 000 base pairs upstream and down-
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stream of the predicted resistance genes were screened for conjugative elements, IS
elements, and integrons. The analysis was done for all clusters. However, if a cluster
contained more than 1000 sequences, only 1000 random sequences were screened to
reduce the time required for the analysis. First, GEnView v0.1.1 was used to retrieve
and screen the genetic regions of 10 000 base pairs upstream and downstream of the
predicted resistance genes [46]. GEnView searches for genes that are associated with
mobile elements and integrons which can be used in further analysis.

To nd conjugative elements, the genes found by GEnView were rst translated in
all six reading frames using EMBOSS Transeq v6.5.7.0 [47]. Then, HMMER v3.1b2
[48] was used to screen for conjugative elements using 124 di erent HMMs from
MacSy nder Conjscan v2.0 [49]. The HMMs representsiob genes, genes from eight
di erent conjugating Mpf systems, and coupling proteins. The eight di erent Mpf
systems are named B, C, F, FA, FATA, G, |, and T. The genes found by GEnView
were also screened for IS elements and integrons. IS elements were searched for
in the reference database ISFinder [50] using BLASTx v2.10.1 [45]. For a genetic
element to be classied as an IS element >50 % coverage and >90 % amino acid
identity to a known IS transposase is required. It also has to be located within 1000
base pairs from the predicted resistance gene. To nd integrons Integron Finder
v.1.5.1 was used [51].

18



A

Results

In this chapter, the results will be presented. They will then be further analyzed
in the Discussion. Initially, Section 4.1 covers the results of the model creation
and optimization. Section 4.2 will present the results from the large-scale screening
and the taxonomy of the predicted genes. Section 4.3 will present the phylogenetic
relationship between the identied genes and the known resistance genes. Last,
Section 4.4 will present the phylogenetic and mobility analysis, rst in general and
then some interesting parts more thoroughly.

4.1 Gene models optimized for colistin resistance

From the 49 sequences of known colistin resistance genes, three di erent approaches
to building the pro le HMM were tested. Two di erent separated models where the

di erence was the placing of MCR-5 and one combined model with 49 sequences
were created. The separated Pro le HMMs were based on the two groups: MCR-1,
MCR-2, MCR-6, and ICR-M in one group, and MCR-3, MCR-4, MCR-7, MCR-8,
MCR-9, MCR-10, and ICR-B in the other group. The sensitivity and speci city as

a function of the domain score for the combined model can be seen in Figure 4.1.
For the separated models, the sensitivity and speci city as a function of the domain
score can be found in Appendix B.

Table 4.1: Number of input sequences for each model together with sensitivity, and
speci city at the optimized threshold. Here, G1 denotes MCR-1, MCR-2, MCR-6 and
ICR-M and G2 denotes MCR-3, MCR-4, MCR-7, MCR-8, MCR-9, MCR-10, and ICR-B.
The total number of genes predicted from the initial screening of RefSeq genomes can be
seen in the right-most column.

Model Input sequences | Sensitivity | Speci city RefSeq
Combined 49 1.000 0.9975 12 382
G1 + MCR-5 21 1.000 1.000
G2 28 1.000 0.9994 12363
Gl 19 1.000 1.000
G2 + MCR5 30 1.000 0.9975 12160

The sensitivity and speci city at the optimized threshold score for each model can be
seen in Table 4.1. All models showed a sensitivity of 1.0 and a speci city very close
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to 1.0 at the optimized threshold score, thus the models can successfully separate
colistin resistance genes from closely related genes without a resistance mechanism.
The speci city was slightly lower for the G2 part of the separated models than the
G1 part, both with and without MCR-5. The combined model also showed a small
decrease in speci city in comparison to the G1 part of the separated models.

Figure 4.1. Sensitivity and 1 - specicity as a function of the domain score for the
combined model with all 49 reference sequences. The sensitivity and speci city are based
on the fraction of correctly classi ed sequences. The used threshold score of 500 is marked
with a dashed line.

The initial smaller screening with 31 187 sequences from RefSeq gave almost the
same sum of predicted genes from the separated models as the total from the com-
bined model, as can be seen in the right-most column in Table 4.1. Additional
results from this screening are not shown since RefSeq is a subset of GenBank used
in the large-scale screening. Considering the small di erence both in performance
and predicted genes, together with the time requirements that come with large-scale
screening with multiple models, only the combined model was used in the following
large-scale screening.

4.2 Screening and taxonomic over-representation

From the screening of 1 018 179 NCBI GenBank genomes, 680 257 genes were
classi ed as colistin resistance genes by the model. Clustering the identi ed genes
at an amino acid identity of 70 % gave 1611 clusters. Interestingly, one of the clusters
consists of 517 332 sequences which correspond to 76 % of all predicted sequences.
The 680 257 predicted genes come from 593 447 unique genomes which means that
a potential resistance gene could be identi ed in nearly 60 % of the NCBI GenBank
genomes.
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The taxonomic analysis showed that the phylumPseudomonadotas signi cantly
over-represented (p-value =2:2 10 %) and 99.67 % of the predicted genes are
carried by bacteria from the phylum. The other phyla that were investigatedBacil-
lota, Actinomycetota, Bacteroidota) were all signi cantly under-represented (p-value
= 22 10 %), Among Pseudomonadotathe classGammaproteobacteriais sig-
ni cantly over-represented (p-value = 2:2 10 %) and the classesBeta-, Alpha-

, Epsilon-, and Deltaproteobacteriaare signi cantly under-represented (p-value =
2:2 10 ). The log-transformed ratios of the over- and under-representation for
the taxonomic classes can be seen in gure 4.2.

Figure 4.2: Over- and under-representation of taxonomic classes in the predicted colistin
resistance genes. All results are signi cant with a p-value =2:2 10 6. A log(ratio)
above zero indicates an over-representation and a ratio below zero indicates an under-
representation.

4.3 Phylogentic relationship to known resistance
genes

To investigate the phylogenetic relationship between the predicted genes and the
known resistance genes, the amino acid identity of the 1611 clusters in relation
to the known colistin resistance genes was determined. The clusters showing the
highest amino acid identity to each of the resistance genes (closest homolog) can
be seen in Table 4.2. The span of amino acid identity corresponds to the lowest
and highest amino acid identity to the known resistance gene within the closest

homolog cluster. The rightmost column shows the number of genes in the cluster
that corresponds to the known resistance gene, assuming that > 90% amino acid
identity is required.
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Looking at the number of genes in each cluster that have an amino acid iden-
tity above 90 % of the known resistance gene, it can be seen that the model nds
all known resistance genes except MCR-6 and MCR-7. It can also be seen that
the model nds MCR-1 and MCR-9 to a greater extent than the other resistance
genes. Additionally, the biggest cluster containing 517 332 (out of 680 257) se-
guences showed the highest amino acid identity to the chromosomal gene EptA and
156 426 sequences in the cluster had an amino acid identity >90 % to the gene.

Table 4.2: Closest homolog cluster to each resistance gene. The table shows the cluster
name, cluster size, the span of amino acid identity to the known resistance genes, and the
number of genes with an amino acid identity > 90%.

K id %;.AAt # genes in
res?s(:\z;vr?ce Closest # genes in ! el(?]!)tzvno clustgr Wi_th
gene homolog cluster resistance %AA identity
gene >90%
MCR-1 cluster_23 4566 97 - 100 % 4563
MCR-2 cluster_23 4566 97 - 100 % 3
MCR-3 cluster_8 882 66 - 100 % 391
MCR-4 cluster_42 159 76 - 100 % 54
MCR-5 cluster_81 114 100 % 114
MCR-6 cluster_1478 1 63 % 0
MCR-7 cluster_9 831 64 - 80 % 0
MCR-8 cluster_157 77 96 - 100 % 77
MCR-9 cluster_7 4025 79 - 100 % 3883
MCR-10 cluster_7 4025 79 - 100 % 117
ICR-Mc cluster_195 200 97 - 100 % 200
ICR-Mo cluster_87 56 95 - 100 % 56
ICR-B cluster_7 4025 79 - 100 % 14

4.4 Phylogentic and mobility analysis

A phylogenetic tree, visualizing the relationships between the predicted genes can be
seen in Figure 4.3. The tree represents the centroid sequences of the 1611 clusters (70
% clustering of the predicted genes) and each leaf is colored based on the dominating
taxonomic class within the cluster. The clusters which showed the highest similarity

to genes used to build the model, as well as EptA, are marked with the name of
the corresponding gene. Additionally, conjugative- and IS elements are annotated
binary, where a black annotation means that an element could be found in the
cluster. Smaller clades in the tree where the known resistance genes are located are
marked with Al - A5. Clusters, where both conjugative elements and pathogens are
found, are marked with black circles. These clusters, as well as clade A1-A5, will be
described more thoroughly later in this section.
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