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Chalmers University of Technology

Abstract
Antibiotic resistance is a growing global health concern, driven by bacteria exchang-
ing antibiotic resistance genes (ARGs) through horizontal gene transfer. The factors
influencing the spread of ARGs across bacteria are not entirely understood, though
genetic compatibility has been proposed as a contributing factor. This project aimed
to explore genetic compatibility between ARGs and bacterial genomes by creating
two metrics. The first metric, the 5mer score, was created by looking at nucleotide
composition, specifically comparing 5-mer distributions using Euclidean distance.
The second metric, the tRNA score, was created by comparing codon usage in the
genes with the tRNA availability in the bacterial hosts. The results showed that
both scores capture certain aspects of genetic compatibility and that higher com-
patibility correlates with increased likelihood of horizontal gene transfer. Although
some transfers have occurred with poor scores, this suggests that transfers can still
take place despite lower genetic compatibility, for example under evolutionary pres-
sure. Gene length was identified as an important factor to take into account when
working with 5-mers. Further studies include implementing the 5mer score in ma-
chine learning to determine the spread of ARGs, and refining the tRNA score due
to its limitations, including how the scores were determined.

Keywords: genetic compatibility, antibiotic resistance genes, codon usage, nucleotide
composition, tRNA availability, horizontal gene transfer
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1
Introduction

Antibiotics are essential in modern medicine for treating bacterial infections. The
use of antibiotics has given rise to antibiotic resistance, which have led to pathogenic
bacteria surviving antibiotic treatment. As a result, antibiotic resistance has become
a global health concern. The rise of antibiotic resistance is largely driven by bacte-
ria’s ability to exchange genetic material. Mobile antibiotic resistance genes (ARGs)
can therefore be transferred from harmless bacteria into pathogens, accelerating the
dissemination of antibiotic resistance.

The factors that influence a bacterium’s ability to successfully acquire and maintain
a specific gene are still not fully understood. Some studies suggest that genetic
compatibility between genes and bacterial hosts may play a significant role in this
process [1][2]. Elements contributing to this compatibility could include the gene’s
DNA sequence, its encoded resistance mechanism, and transcriptional regulation in
the cell. For instance, the resistance mechanism must function effectively within the
host to confer selective advantage, while the sequence composition and transcrip-
tional regulation may impact expression levels and associated fitness cost. Although,
exactly what influences the genetic compatibility and its significance for the spread
of mobile genes remains unclear.

1.1 Aims
The aim of this project is to explore genetic compatibility between ARGs and their
bacterial hosts. This will be achieved by developing two metrics: one based on
nucleotide composition, and another that assesses the gene’s codon usage in relation
to the host cell’s transfer RNA (tRNA) availability. These metrics will be used to
evaluate if genetic compatibility is of importance for the dissemination of ARGs. In
addition, this project will examine differences in compatibility across bacterial phyla
and between mobile and non-mobile ARGs. The two metrics will also be compared
to each other, with a focus on identifying the underlying factors they capture.

This is a computational project, with data sourced from the Comprehensive Antibi-
otic Resistance Database (CARD) and National Center for Biotechnology Informa-
tion (NCBI).
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2
Theory

This chapter provides an overview on how antibiotic resistance genes (ARGs) are
transferred between bacteria, through horizontal gene transfer. It presents infor-
mation about genetic compatibility between ARGs and bacterial genomes, and it
addresses the role of transfer RNA (tRNA) in translation and its availability in
bacteria.

2.1 Antibiotic resistance
Antibiotics are important in treatment of many fatal diseases, and resistance to
these antibiotics arises when bacteria evolve to survive the effects of them [3]. As a
result, infections can become difficult or impossible to treat [4]. Antibiotic resistance
genes use different mechanisms to survive the use of antibiotics [5]. The resistance
mechanisms can be divided into four main groups: drug inactivation, limitation of
drug uptake, active drug efflux, and modification of drug target [5].

These ways of resisting antibiotics help explain how resistance can spread, and the
use of antibiotics further increases this resistance [6], posing a significant risk to
global public health. Antibiotic resistance can arise in different ways. One way is
through changes in genetic material caused by mutations, but it can also occur when
bacteria transfer resistance genes between each other [3].

2.2 Horizontal gene transfer
The evolution and diversity of bacteria are largely driven by their ability to trans-
fer genes between them, a process called horizontal gene transfer [7]. This process
can occur through three main mechanisms: transformation, transduction, and con-
jugation [8]. Transformation involves a bacterium taking up free DNA from its
environment. Transduction occurs when a virus transfers DNA from one bacterium
to another, and conjugation involves the direct transfer of plasmid DNA through
physical contact between bacteria.

Horizontal gene transfer is important for the dissemination of antibiotic resistance,
as mobile ARGs are exchanged between bacteria. The most common method for
ARGs being transferred between bacteria is conjugation [9]. Before these ARGs
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2. Theory

reach pathogens, they are likely transferred between diverse bacteria. In a study
examining ARG transfers between evolutionary distant bacteria, specifically across
different phyla, a substantial number of inter-phyla transfers were identified [10].
The highest number of transfers was observed for aminoglycoside resistance gene
AAC(3), while transfer frequency was generally lower for beta-lactamases. The
study also found that conjugative systems, direct cell to cell contact, are rarely
shared between bacterial phyla. Instead, the dissemination of ARGs between distant
bacteria is most likely due to other mechanisms [10].

2.3 Genetic compatibility
Genetic compatibility between genes and bacterial genomes influence how likely it is
that a gene will be successfully taken up by a bacterial host. One way to measure this
compatibility is by analysing codon usage. This was investigated in a study where
researchers found that codon usage compatibility increases the probability that a
gene is taken up by a bacterial host through horizontal gene transfer [1]. Codon
usage (CU) was categorized into three groups; poor, typical and rich CU, depending
on how many of the host’s abundant codons were present in the gene. The results
showed that most genes involved in horizontal gene transfer have typical CU, some
have rich CU, and very few have poor CU. This suggests that having sufficient CU
compatibility is enough for a gene to be taken up, while poor CU makes successful
uptake unlikely.

While codon usage provides one aspect of genetic compatibility, another approach
involves analysing sequences of k nucleotides in length, known as k-mers. A re-
cent study investigated this by comparing differences in 5-mer distributions of gene-
genome and genome-genome pairs, using random forest models to predict the spread
of ARGs [2]. The results showed that genetic incompatibility affected the perfor-
mance of the models. For ARGs encoding tetracycline efflux pumps, incompatibility
had a large influence on the performance, whereas class B beta-lactamases showed
a lower influence. The study also found that environmental co-occurrence also plays
a role in the spread of ARGs, it facilitates horizontal transfer of ARGs, while high
genetic incompatibility reduces the likelihood of a successful transfer [2].

Beyond codon usage and nucleotide composition, other aspects of genetic compat-
ibility have been studied. One study found that codon adaptability index (CAI),
GC-content and mRNA-folding energy in E.coli are factors that are less important to
the compatibility [11]. Instead, they concluded that the fitness and functionality of
resistance genes are more affected by the resistance mechanism and the phylogenetic
origin of the gene.

2.4 Translation and tRNA availability
In protein synthesis, translation is the process where proteins are produced from
the template of messenger RNA (mRNA). During translation, tRNAs recognise the
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2. Theory

codons on the mRNA molecule and bind via an anticodon on one end, while carrying
the corresponding amino acid on the other [12]. This process occurs on the ribosome,
which has space for three tRNA molecules. When a third tRNA enters, the first
one, which is now uncharged, is released and can be recharged for later use in the
process [13].

There are many different tRNA molecules in a cell, though not necessarily one for
each codon. The number of tRNA types differs between species, in bacteria the
minimum number of tRNA molecules required to translate all amino acids is 31
[12]. This is due to wobble base pairing, where the third position of the mRNA
codon, known as the wobble position, can mismatch with the anticodon base on the
tRNA [12]. In Table 2.1, the possible base pairings at the wobble position and their
corresponding anticodon bases are shown.

Table 2.1: The nucleotide bases adenine (A), cytosine (C), guanine (G), and uracil (U) with their
possible pairings at the wobble position in translation. The anticodon can also carry the nucleoside
inosine (I) due to deamination of the nucleoside adenosine [12].

Wobble position base Possible anticodon base
A U or I
C G or I
G C or U
U A, G, or I

Understanding wobble base pairing helps explain how a limited set of tRNAs can
decode multiple codons. The actual abundance of tRNA molecules in a cell differs
between bacteria [12], and the factors influencing this availability has been investi-
gated in various studies. In E. coli, the abundance of tRNA generally corresponds to
the codon usage in the bacterial genome, although this correlation is less significant
for phage and transposon genes [14]. One study estimated the tRNA abundance in
certain bacteria by determining translationally optimal codons from RNA sequenc-
ing data [15]. This approach gave a more accurate result than methods that estimate
the tRNA abundance by gene copy number.
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3
Methods

In this project, the genetic compatibility has been investigated between antibiotic
resistance genes (ARGs) and bacteria, using different methods. Firstly, the structure
of the genes and bacterial genomes were looked at, to get a metric of how similar
they are. This was done by using the distribution of 5-mers, as well as looking at the
GC-content. Secondly, the tRNA availability in the bacteria was compared to the
codons in the genes, to identify the compatibility in terms of translational efficiency.
Reference genes have also been looked at to find reference values for both metrics.

The bacterial genomes considered in this project were downloaded from National
Center for Biotechnology Information (NCBI) [16], as well as their taxonomy. Only
genomes that were considered not to be contaminated were kept, which was approx-
imately 1.6 million genomes. The ARGs studied were collected from CARD [17],
which contained approximately 6 000 genes.

All code for this project was written in Python and can be found in the following
GitHub repository. Some analysis and tables were created using Excel.

3.1 Data processing
A filtering was applied to the bacterial data, where a maximum of 10 bacterial
genomes were kept from each species. This was done to reduce bias caused by
overrepresented species, and resulted in approximately 77 000 genomes remaining.
An additional filtering was performed to keep only the bacteria from the six largest
phyla, for easier analysis later in the project. This resulted in approximately 73 000
genomes.

A BLAST [18] database was created using the nucleotide sequences of the 73 000
bacterial genomes. A BLASTn search was then performed to find where the genes
are present in the genomes. The following parameters were used: -perc_identity 95, -
max_target_seqs 100000, -evalue 1e-5, -qcov_hsp_perc 90 and -best_hit_score_edge
0.1.

After the BLASTn search, the results were filtered to avoid retaining multiple gene
matches at the same location in one genome. For overlapping hits, the match with
the highest bit score was kept. Overlaps of up to 20% were allowed, but any match
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3. Methods

overlapping more than that was considered to target the same region in the genome.

3.2 Genetic compatibility by 5-mers
The initial approach to measure genetic compatibility was by comparing k-mer dis-
tributions, specifically 5-mers. A 5-mer is a sequence of five nucleotides from a
gene or genome. 5-mers were used since they not only capture codons, but also
how the codons are arranged in the genome. The 5-mers were counted using the
program KMC [19] with parameters -ci1, and -cs500000 for genomes and -cs10000
for genes. Some genes and genomes contained other letters than A, C, G and T
which KMC handles by excluding the 5-mers containing these letters [20]. The 5-
mers were counted canonically, meaning that a 5-mer and its reverse complement
were treated as the same. The 5-mer counts were then normalised to obtain each
gene and genomes’ respective distribution. These distributions were compared by
calculating the Euclidean distance between each gene and genome. This metric will
be referred to as the 5mer score.

3.2.1 Adjusting for gene length
After calculating the 5mer score between each gene and genome, a correlation be-
tween the gene length and the 5mer score was observed. To determine whether this
correlation depended on a biological or technical factor, it was further investigated
by the following method. Only genes that were at least 500 nucleotides long were
included. For the genes longer than 500 nucleotides, a random start and end position
500 nucleotides apart was selected, keeping a segment of 500 nucleotides from each
gene. The 5-mers were then counted for these segments, the counts were normalised
and the Euclidean distance was calculated between each gene segment and genome.
This metric will be referred to as the length-adjusted 5mer score.

3.2.2 Comparing GC-content
The GC-content, percentage of the nucleotides G and C, was calculated for each
ARG and bacterial genome. Then, the GC-content ratio and difference were com-
puted for each gene-genome pair. The ratio was determined by dividing the GC-
content of the ARG by the GC-content of the genome, while the difference was
obtained by subtracting the GC-content of the genome from the GC-content of the
ARG.

3.2.3 Defining a worst case score
To further compare the 5-mer distributions, the maximum absolute difference be-
tween distributions was calculated, which represents the value for the 5-mer with
the largest difference between the gene and the genome. The relative difference was
also taken into account, which was calculated by dividing the maximum difference
with the average between the values causing the maximum difference. Both metrics
were calculated for each gene-genome pair.

8



3. Methods

These values, the maximum difference and relative difference, were then scaled to
the range [0, 1]. For a value x, the scaled value xscaled was calculated by

xscaled = x − xmin

xmax − xmin

. (3.1)

Then, for each gene-genome pair, the values were combined by multiplying them
with 0.5 and adding them together. This score will be referred to as 5mer worst
case.

3.3 Genetic compatibility by tRNA availability
Another way to measure compatibility was considered by comparing the tRNA avail-
ability in the host cell to the codon usage of the gene.

To quantify the tRNA availability, the program tRNAscan-SE [21] was run on the
filtered set of approximately 77 000 genomes. This provided a list of tRNAs found
in the genome, along with the specific anticodons used in translation. For some
genomes only a few, or none, tRNAs were returned by the program. The results
were therefore filtered by removing genomes with fewer than 35 rows, corresponding
to a minimum of 31 tRNAs. After filtering, approximately 71 000 genomes remained.
Anticodons containing letters other than A, C, G, and T were excluded.

The output from tRNAscan-SE was then compared to the codon usage of each
gene in the dataset by comparing their distributions and calculating a one-sided
score. The reversed complement of the anticodons were compared to the codons
of the genes. The method searched for available translations and assigned them a
weight based on the effectiveness of the match. An exact match received a weight
of 1, codons with wobble position T and G, see Table 2.1, received a weight of 2,
codons with a possible I at wobble position received 4, and codons with no available
translation received a weight of 5.

Each codon received a score by multiplying the assigned weight with the squared
difference between codon frequencies of the gene and genome. The difference was
only considered if the value for the gene was higher than the genome. The total
tRNA score for each gene-genome pair was obtained by summing the scores of all
individual codons.

3.4 Reference genes
Some genes were selected as reference genes to represent high and low compatibility.
The genes chosen as highly compatible references were chromosomal genes in their
respective host cells. These included hp1181 in Helicobacter pylori [22], vatF in
Yersinia enterocolitica [23], APH(9)-Ia in Legionella pneumophila [24], among oth-
ers. The total number of compatible reference genes was 94, and 518 data points

9



3. Methods

were included.

The incompatible reference genes included class B beta-lactamases in gram-positive
bacteria and vancomycin resistance genes in gram-negative bacteria. The antibiotic
vancomycin affects the cell wall of gram-positive bacteria, however, gram-negative
bacteria have an outer membrane that blocks the antibiotic [25], making vancomycin
resistance genes unnecessary in gram-negative bacteria. Similarly, beta-lactamases
are less prevalent in gram-positive bacteria due to its absence of periplasmic space,
which is where these enzymes typically function [26]. The exact genes considered
were NDM, IMP, and VIM, which were compared to bacteria of the phylum Bacil-
lota, and van genes in bacteria of the phylum Pseudomonadota. The total number
of incompatible reference genes was 98, and 500 data points were included.

10



4
Results and Discussion

This chapter presents the key results from the analysis of genetic compatibility be-
tween antibiotic resistance genes (ARGs) and bacterial genomes. The analysis is
divided into two metrics; 5mer score, which is a comparison between 5-mer distri-
butions, and tRNA score, which compares codon usage in the genes with tRNA
availability in host cells. In relation to these scores, gene length, GC-content, and
worst case are considered, as well as specific reference genes. In addition to present-
ing the results, this chapter also provides discussions around the results and their
biological interpretation.

In the following analysis, we will distinguish between gene-genome pairs where the
gene is found in the genome during a BLAST search, and gene-genome pairs where
the gene is not found in the genome. These are called ’matches’ and ’non-matches’
respectively.

4.1 5mer score analysis
The 5mer score was first analysed by creating histograms for each gene. An example
is presented in Figure 4.1, which displays the histograms for the ARG tet(Q).

11



4. Results and Discussion

Figure 4.1: For the gene tet(Q), a histogram from each of the six largest phyla in our dataset
is shown. The number of bacterial genomes is plotted against the 5mer score, where a low score
indicates a more genetically similar pair of tet(Q) and genome. Orange indicates the matches, and
blue indicates the non-matches. In each phylum, n represents the total number of genomes in the
histogram and m the number of matches.

Notably, most matches of tet(Q) are found in Bacteroidota with a low 5mer score
(< 0.04). This observation aligns with the presumed evolutionary origin of tet(Q) in
Bacteroidota [27]. Even though tet(Q) has not been detected in Cyanobacteriota or
Campylobacterota, the figure indicates low values of the 5mer score for these phyla.
This suggests that the ARG could potentially spread to them as well. In contrast,
the higher values observed for Actinomycetota may indicate a lower likelihood of
transfer to that phylum. Interestingly however, the gene TEM-116 has matches in
Actinomycetota despite 5mer scores reaching values as high as 0.065, as presented
in Figure A.1. The gene tet(W) also has matches in Actinomycetota although with
lower 5mer scores, as seen in Figure A.2. These observations suggest that, based
on the 5mer score, there is no apparent barrier to horizontal gene transfer between
phyla.

When looking at histograms for different genes, it was observed that the matches
generally get low scores. This was verified with a Wilcoxon signed rank test that
showed significance, p = 0.0 (p < 10−308), when testing whether, for each gene, the
mean 5mer score for matches is lower than the gene’s overall mean 5mer score.

To further illustrate this trend, Table 4.1 presents the five genes with the lowest
mean 5mer scores, representing the overall most compatible genes. Their mean
5mer scores for the matches are shown in Table 4.2.

12



4. Results and Discussion

Table 4.1: Genes with the lowest overall mean 5mer score, including their respective minimum
and maximum scores and gene length.

Gene name Mean Min Max Gene length
AcrF 0.0389 0.0182 0.0790 3106
acrD 0.0390 0.0186 0.0825 3115
mdsB 0.0398 0.0198 0.0861 3169
mdtF 0.0398 0.0202 0.0812 3115
mdtB 0.0399 0.0189 0.0873 3124

It can be noted that all of the most compatible genes have a gene length over 3000
nucleotides. They also have a low minimum 5mer score around 0.02.

Table 4.2: Information of the matches for the genes listed in Table 4.1, including the mean 5mer
score for the matches, minimum and maximum scores, number of phyla they are found in and
number of matches.

Gene name Mean match Min match Max match Phyla Matches
AcrF 0.0185 0.0182 0.0189 1 158
acrD 0.0200 0.0190 0.0207 1 251
mdsB 0.0215 0.0211 0.0225 1 432
mdtF 0.0208 0.0203 0.0212 1 256
mdtB 0.0240 0.0226 0.0257 1 321

Table 4.2 shows that the genes have lower mean 5mer score for the matches than
their respective overall mean 5mer scores shown in Table 4.1. This aligns with the
result of the Wilcoxon signed rank test. The lower mean scores for the matches may
indicate that the genes are chromosomal in the genomes where a match has been
found. Indeed, all genes presented in the table have been found on chromosomes of
the bacteria that we have found them in [28]–[32].

In comparison to the most compatible genes, Table 4.3, show the least compatible
mobile genes. These are defined as the genes which have spread to at least 3 phyla
and have the highest mean 5mer score.

Table 4.3: Genes with the highest overall mean 5mer score that have spread to at least 3 phyla,
including their respective minimum and maximum scores and gene length.

Gene name Mean Min Max Gene length
qacG 0.0884 0.0551 0.127 325

APH(2”)-If 0.0819 0.0381 0.125 895
ErmT 0.0766 0.0367 0.120 736
lnuA 0.0763 0.0458 0.119 487
ErmC 0.0759 0.0362 0.120 736

It can be noted that all the least compatible mobile genes have a gene length under
900 nucleotides. The match information for these genes are presented in Table 4.4.

13



4. Results and Discussion

Table 4.4: Information of the matches for the genes listed in Table 4.3, including the mean 5mer
score for the matches, minimum and maximum scores, number of phyla they are found in and
number of matches.

Gene name Mean match Min match Max match Matches Phyla
qacG 0.0674 0.0610 0.106 28 3

APH(2”)-If 0.0613 0.0453 0.0951 18 4
ErmT 0.0555 0.0395 0.0937 52 3
lnuA 0.0518 0.0473 0.0841 69 4
ErmC 0.0649 0.0409 0.106 169 3

All genes in Table 4.4 have a quite high 5mer score for max match, which indicates
that bacteria can take up genes even if they are not highly compatible according to
the 5mer score. This can be due to evolutionary pressure, where the gene is beneficial
or even essential for survival, despite not being optimal for growth efficiency.

Notably, the gene lengths for the top 5 most compatible genes are greater than
3000 nucleotides compared to the least compatible where all genes are less than 900
nucleotides. This suggests that the length of the gene has an effect on the 5mer
score.

4.1.1 Gene length correlation
Previous results showed an indication that the gene length might influence the 5mer
score. Figure 4.2 presents the relationship between the mean 5mer score and the
gene length for all genes.

14



4. Results and Discussion

Figure 4.2: The relationship between mean 5mer score and gene length plotted for each gene. A
Spearman correlation coefficient of -0.286 (p = 1.70 · 10−114) and a Pearson correlation coefficient
-0.304 (p = 3.09 · 10−129) indicate a weak or moderate negative correlation with high significance.

The Spearman and Pearson correlation tests from Figure 4.2, indicate a significant,
but weak or moderate negative effect. This means that genes with larger gene length
are associated with slightly lower mean 5mer scores. The figure shows that short
genes cannot attain low mean 5mer scores. Although, it is unclear whether this
effect is technical or biological.

To investigate this further, only 500 nucleotides of each gene were analysed, see
Section 3.2.1 for a more detailed explanation. Figure 4.3 presents the relationship
between the mean length-adjusted 5mer score and the original gene lengths, for all
genes.

15



4. Results and Discussion

Figure 4.3: The relationship between the original gene length and the mean length-adjusted 5mer
score. A Spearman correlation coefficient of 0.237 (p = 2.93 · 10−76) and a Pearson correlation
coefficient 0.145 (p = 5.28 · 10−29) indicate a weak positive correlation.

In Figure 4.3, the Spearman correlation shows a weak positive correlation, compared
to the negative correlation for the original data in Figure 4.2. This implies that the
effect seen on the original data is technical since the same correlation is not seen
after adjusting the score for the gene length. This technical bias arises because the
score is based on counting 5-mers in each gene. In shorter genes, each additional
5-mer has a proportionally greater impact compared to longer genes. As a result,
shorter genes cannot achieve scores as low as those of longer genes.

To further explore how length adjustment affects the results, a histogram for the gene
tet(Q) using the length-adjusted 5mer score is shown in Figure A.3, corresponding
to the original 5mer score histogram in Figure 4.1. While the overall distribution
shapes are similar, the values of the scores differ, and there is a sligt shift in the
location of the matches. However, the matches are still low compared to the non-
matches.

To assess whether the matches have a lower mean than the overall mean, for the
length-adjusted 5mer score, a Wilcoxon signed rank test was also performed. The
result was significant, p = 0.0 (p < 10−308).

4.1.2 GC-content comparison
In Figure 4.4, the GC-ratio between ARGs and bacterial genomes is plotted against
either the 5mer score or the length-adjusted 5mer score, for each gene-genome pair
in which the ARG is present.
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4. Results and Discussion

(a) 5mer score. (b) Length-adjusted 5mer score.

Figure 4.4: Comparison of GC-ratio and the two metrics (a) 5mer score and (b) length-adjusted
5mer score, for matches. The GC-ratio was calculated by dividing the GC-content of the ARG by
the GC-content of the corresponding bacterial genome.

Figure 4.4 indicates that gene-genome pairs with large differences in GC-content
cannot attain low values of the scores. This seems reasonable since a large differ-
ence in GC-content will correlate with the compositions of the 5-mers. The figure
furthermore suggests that the two scores captures not only the nucleotide compo-
sition, but also the sequential order of the nucleotides. When comparing the two
scores, it becomes evident that the length-adjusted 5mer score does not reach values
as low as the 5mer score, as it accounts for gene length.

The two scores were also compared with the GC-difference in Figure A.4, where
the GC-content for the bacterial genome is subtracted from the GC-content of the
corresponding ARG. The figure shows no additional pattern beyond those previously
observed with the GC-ratio.

4.1.3 Worst case comparison
The 5mer worst case metric was compared to the 5mer score for the gene tet(Q) in
Figure 4.5.
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Figure 4.5: For the gene tet(Q), the 5mer score is plotted against the metric 5mer worst case.
Orange indicates genomes where the gene is present, and the blue indicates genomes where the
gene is not present.

Figure 4.5 shows that the relationship between the two metrics 5mer score and 5mer
worst case is linear. It can also be seen that the matches get low values in both
measurements. It seems reasonable that these measurements correlates since they
are both built from 5-mers.

4.1.4 Reference genes
The reference genes chosen in Section 3.4 are visualised in Figure 4.6. The x-axis
represents either the 5mer score, or the length-adjusted 5mer score, while the y-axis
indicates the number of gene-genome pairs. The compatible reference genes are
chromosomal genes in bacterial hosts that they are present in, and the incompatible
reference genes are class B beta-lactamases in gram-positive bacteria, as well as
vancomycin resistance genes in gram-negative bacteria.
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(a) 5mer score. (b) Length-adjusted 5mer score.

Figure 4.6: The 5mer score and the length-adjusted 5mer score are plotted for the compatible and
incompatible reference genes. Both show significance when comparing if the compatible references
have a lower distribution than the incompatible references using a Wilcoxon rank sum test ((a)
p = 1.48 · 10−94, (b) p = 5.56 · 10−108).

The significant p-values support the validity of the approach used to select reference
genes, since it aligns with our scores of genetic compatibility. Notably, the values
of the 5mer score for the incompatible reference genes show a greater variability
compared to the compatible genes. This may reflect the difficulty in defining what
a suitable incompatible reference gene would be. The compatible reference reveals
a lower variation for the length-adjusted 5mer score than the 5mer score. This
reduction in variation could be due to a wide range in gene length for the compatible
reference genes.

4.2 tRNA score analysis
To analyse the tRNA score, histograms were created for all genes. In Figure 4.7 an
example is presented for the gene tet(Q).
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Figure 4.7: Histograms for tet(Q) representing the six largest phyla in our dataset, where the
y-axis is the number of bacteria, and the x-axis is the tRNA score. Orange indicates the matches,
and blue indicates the non-matches. In each phylum, n represents the total number of bacteria in
the histogram and m the number of matches.

Figure 4.7 shows a wide range for the tRNA score, indicating a high variation in
compatibility. This could be due to how the tRNA score is calculated, where large
differences in distributions can disproportionally influence the overall score. As
shown in Figure 4.7, most bacteria across all phyla get low tRNA scores, indicating
better compatibility. However, it is observed that the distributions vary between
phyla, especially for the two phyla Actinomycetota and Bacillota. To analyse this
further, their tRNA anticodon distributions are presented in Figure 4.8.
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(a) Actinomycetota.

(b) Bacillota.

Figure 4.8: The distributions of anticodons for the two phyla (a) Actinomycetota and (b) Bacil-
lota. For each anticodon, the mean number of tRNA molecules across the bacteria within each
phylum is plotted, together with the standard deviations.

The tRNA anticodon distributions differ notably between the two phyla shown in
Figure 4.8, which may help explain the variation in their histograms in Figure 4.7.
It can also be noted that the phylum Actinomycetota contains 21 % of the genus
Streptomyces in our dataset, making the data skewed and potentially influencing the
results. For tRNA anticodon distributions of the remaining phyla, see Figure A.5.

After examining histograms for several genes, it was observed that the matches
tend to have low tRNA scores, just like the trend seen with the 5mer scores. To
further support this observation, a Wilcoxons signed rank test was performed, which
confirmed that the mean tRNA score for matches is significantly lower than the
overall mean tRNA score (p = 3.23 · 10−76).

4.2.1 GC-content comparison
Presented in Figure 4.9 is the GC-ratio between ARGs and bacterial genomes where
the ARGs are present, plotted against the tRNA score.
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Figure 4.9: Comparison of GC-ratio and tRNA score, for matches. The GC-ratio was calculated
by dividing the GC-content of the ARG by the GC-content of the corresponding bacterial genome.

Both Figures 4.9 and A.6, which shows the GC-difference, suggests that low values
of the tRNA score are not affected by the GC-content. The reason for this could be
that the tRNA anticodons does not reflect the GC-content in the bacterial genome,
although one could also argue that they should reflect the GC-content since the
tRNA anticodons should be altered to translate the genome effectively. However,
the GC-content is calculated on the whole genome, not just the coding regions,
which could affect this.

For high values of the tRNA score, both figures show that the GC-content is similar
between the genes and genomes. However, this might be due to more gene-genome
pairs within the GC-ratio range of 0.75-1.2. To further investigate this possibility,
an additional plot was created in Figure A.7, which showed that the correlation
between GC-ratio and high tRNA score values remained. The bacteria or genes
associated with higher tRNA scores may be closely related bacteria, or many of the
same genes. To confirm these observations, additional analyses are required.

4.2.2 Reference genes
The same reference genes that were used in Section 4.1.4 for the 5mer scores, were
also used for the tRNA score. These reference genes are shown in Figure 4.10,
where the number of gene-genome pairs is plotted against the tRNA score. The
figure consists of two plots; in both, the compatible genes are the same, while the
incompatible genes are divided between class B beta-lactamases in one plot and
vancomycin resistance genes in the other.
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(a) Class B beta-lactamases. (b) Vancomycin resistance genes.

Figure 4.10: The tRNA scores are plotted for compatible (green) and incompatible (pink) refer-
ence genes. A Wilcoxon rank sum test was found to be significant for the class B beta-lactamases
((a) p = 1.04 · 10−12), but not for the vancomycin resistance genes ((b) p = 0.937)), when compar-
ing if the compatible reference has a lower distribution than the incompatible reference.

Compared to the strong significance observed for the reference genes with the 5mer
score in Figure 4.6 (p = 1.48 · 10−94 and p = 5.56 · 10−108), the tRNA score for
the same reference genes only imply significance for the class B beta-lactamases in
Bacillota (p = 1.04·10−12). This suggests that the tRNA score could be gene-specific
and therefore depend on the particular gene being analysed.

4.3 Comparing 5mer score and tRNA score
A comparison between the metrics length-adjusted 5mer score and tRNA score will
be performed. The length-adjusted 5mer score is chosen for this analysis since it
accounts for gene length, making it suitable for direct comparison between genes.

In Figure 4.11, the mean length-adjusted 5mer score is plotted against the mean
tRNA score, for each gene.
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Figure 4.11: For each gene, the mean length-adjusted 5mer score is plotted against the mean
tRNA score. A Spearman correlation coefficient of 0.779 (p = 0.0) indicate a strong positive
correlation.

The Spearman correlation test from Figure 4.11 indicate a significant positive effect.
This means that there is a correlation between the two metrics length-adjusted 5mer
score and tRNA score. The genes in the bottom left corner can be considered the
overall most compatible genes. Excluding genes with no matches, five genes were
identified as being among the 300 lowest-scoring genes in both metrics. These five
genes are shown in Table 4.5.

Table 4.5: Most compatible ARGs with respect to their mean length-adjusted 5mer score and
mean tRNA score, including the number of matches, number of phyla they are found in and their
gene length.

Gene name Mean length- Mean tRNA Matches Phyla Gene
adjusted 5mer score score length

OXA-9 0.0563 0.00731 47 1 826
CARB-23 0.0563 0.00904 4 1 940
OXA-919 0.0562 0.00808 14 1 829
erm(56) 0.0548 0.00942 8 1 802

AcrF 0.0560 0.00961 157 1 3106

The genes listed in Table 4.5 are the most compatible ones based on both metrics,
suggesting a high potential for horizontal transfer across multiple phyla. However,
each gene is only found in a single phylum. This could be due to ecological separation
or because there has been no evolutionary pressure for other bacteria to acquire
them.
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In contrast, the least compatible genes that are found in at least three phyla are
shown in Table 4.6. These genes were among the six highest-scoring genes in both
the length-adjusted 5mer score and the tRNA score, considering the genes that had
spread to at least three phyla.

Table 4.6: Least compatible ARGs that have spread to at least 3 phyla with respect to their
mean length-adjusted 5mer score and tRNA score, including their number of matches, number of
phyla they are found in, and their gene length.

Gene name Mean length- Mean tRNA Matches Phyla Gene
adjusted 5mer score score length

AAC6_Ie_APH2_Ia 0.0878 0.0431 309 4 1441
APH(2”)-If 0.0831 0.0545 18 4 895

tet(K) 0.0810 0.0416 91 3 1381
ErmC 0.0793 0.0406 164 3 736

While these genes may appear as outliers in terms of compatibility, their persistence
and spread across phyla suggest some evolutionary advantage in certain conditions.
It is also interesting to note that these four genes were found among the six genes
that scored the highest values in both metrics, considering the ones that had spread
to at least three phyla. This overlap indicates that both scores captures similar
aspects of gene compatibility, particularly at the extreme end representing the least
compatible genes.

Overall, we have explored genetic compatibility using two metrics. The 5mer score
compares similarities in nucleotide composition by capturing both the distribution
of codons and how they are arranged within the sequences. This metric of genetic
compatibility revealed that matched gene-genome pairs exhibited a lower mean 5mer
score compared to the overall mean. This suggests that for an ARG to be success-
fully acquired by a bacterium, the gene and host must exhibit similarities in their
nucleotide sequences. This is consistent with the results reported in two previous
studies, where it was shown that high genetic incompatibility reduces the proba-
bility of a transfer [2] and that compatibility of codon usage between genes and
bacterial genomes increases the probability that a gene gets taken up by a bacterial
host [1]. The 5mer score is sensitive to large differences in GC-content, as discussed
in Section 4.1.2, and showed a moderate correlation with the gene length. Given
that this metric is based on methods established in earlier research, it is likely to be
both robust and reliable.

In contrast, the tRNA score represents a more explorative approach, focusing on
translational efficiency by comparing codon usage in the genes and the tRNA avail-
ability in the bacteria. Unlike the 5mer score, the tRNA score did not exhibit a
clear correlation with either GC-content or gene length, see Figure A.8. One might
expect the two metrics to show similar results, given that tRNA availability in cells
has been shown to correlate with the codon usage in genomes [14]. However, the
5mer score accounts for the entire genome, including non-coding regions, which may
not be of importance. The distribution of tRNA availability could therefore be more
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closely correlated to the specific coding regions of the bacterial genome. Addition-
ally, biological factors such as growth rate may influence the interpretation of the
tRNA score, since slow-growing bacteria can have only a single copy of many of their
tRNA genes, in contrast to fast-growing bacteria which have a larger variability in
tRNA gene copy number [15]. This could result in a higher score for slow-growing
bacteria despite effective translation. Nevertheless, there are instances in which
both metrics yield consistent results. As shown in Table 4.5, both scores identified
the same genes as the least compatible mobile genes, indicating alignment at the
extremes of the scores.
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Conclusion

In conclusion, both metrics, the 5mer score and the tRNA score, capture certain
aspects of genetic compatibility. This interpretation is supported by the significance
of the reference genes, see Section 4.1.4. Although tRNA score did not show signif-
icance for the vancomycin resistance genes, it still gave a significant result for the
beta-lactamases which is statistically meaningful, see Section 4.2.2. The results also
show that overall, the matching gene-genome pairs tend to have a lower score com-
pared to the average for the gene, suggesting that a certain degree of compatibility
is required for horizontal gene transfer.

Nevertheless, the relationship between compatibility and successful gene transfer is
not absolute. Some matches exhibit relatively high scores, indicating that transfers
can still occur between genetically less compatible genes and genomes. This could
reflect evolutionary pressures, where bacteria acquire genes that offer a selective ad-
vantage, even at the cost of reduced growth efficiency. The results of the 5mer worst
case indicate that a high worst case value reduces the likelihood of gene transfer.
This aligns with previous studies, which have concluded that while high similar-
ity is not essential for successful transfer, high dissimilarity significantly lowers the
probability. Additionally, low compatibility scores were observed for gene-genome
pairs with no detected matches. ARGs tend to spread in environments that are
favourable, thus, certain bacteria may not have acquired specific ARGs simply be-
cause they have not been exposed to such environments. This underlines a limitation
of the database where not all genes have disseminated to their full potential range.

The 5mer score was found to depend on gene length, and further analysis indicated
that it was a technical bias. Therefore, gene length is an important factor to take
into account when working with nucleotide composition. To further analyse this
metric, it would be interesting to implement it in a machine learning algorithm to
see if it can predict the spread of ARGs based on genetic compatibility.

While the 5mer score shows potential for predictive modelling, the tRNA score has
several limitations that need to be further studied to improve its reliability. The
limitations include how the tRNA availability was quantified, how the weighted
scores were chosen, and that large differences in distributions heavily impacted the
score. Analysis of tRNA availability as a metric of genetic compatibility remains
relevant, given that it is important for the translational efficiency in bacteria.
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Appendix 1

Figure A.1: Histogram for TEM-116 using the metric 5mer score. The figure depicts the six
largest phyla, where orange represents the genomes where the gene has been found and blue where
it has not been found.
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Figure A.2: Histogram for tet(W) using the metric 5mer score. The figure depicts the six largest
phyla, where orange represents the genomes where the gene has been found and blue where it has
not been found.

Figure A.3: Histogram for tet(Q) using the metric length-adjusted 5mer score. The figure depicts
the 6 largest phyla, where orange represents the genomes where the gene has been found and blue
where it has not been found.
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(a) 5mer score. (b) Length-adjusted 5mer score.

Figure A.4: Comparison of GC-difference and the two metrics (a) 5mer score and (b) length-
adjusted 5mer score, for matches. The GC-difference was calculated by subtracting the GC-content
for the bacterial genome from the GC-content of the corresponding ARG.

(a) Pseudomonadota

(b) Bacteroidota
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(c) Campylobacterota

(d) Cyanobacteriota

Figure A.5: The distributions of anticodons for the 6 largest phyla. The mean number of tRNA
molecules for each anticodon is plotted together with the standard deviations.
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Figure A.6: Comparison of ARGs and the bacterial genomes where they are present based on GC-
content and tRNA score, using the method GC-difference, where the GC-content for the bacterial
genome is subtracted from the GC-content of the corresponding ARG.

Figure A.7: A downsampled version of Figure 4.9 where the downsampling was performed in
the following way. The data points were divided into GC-ratio bins (< 0.5, 0.5-0.75, 0.75-1.00,
1.00-1.25, 1.25-1.50, > 1.50). All data points were kept from the < 0.5 and > 1.5 bins. For the
remaining bins, a number of data points equal to the size of the smallest bin among them was
randomly selected and kept.
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Figure A.8: The relationship between the mean tRNA score and gene length plotted for each
gene. A Spearman correlation coefficient of 0.128 (p = 1.32 · 10−23) and a Pearson correlation
coefficient of 0.0479 (p = 1.94 · 10−4).
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