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Department of Mathematical Sciences

Chalmers University of Technology

Abstract

Antibiotic resistance is an increasing concern worldwide, as it compromises the treat-
ments of infectious diseases and their use in many medical procedures. This project
aims to identify antibiotic resistance genes (ARGs) that are spreading among bac-
terial populations but have not yet been detected in known pathogens.

To achieve this, ARG sequences were aligned against a large bacterial database
of genomes. The resulting matches were filtered for relevance and analysed us-
ing correlation-based methods. Several strategies for handling zero counts in the
data were tested and different correlation metrics were evaluated. Ultimately, a
zero-inflated negative binomial model combined with Pearson’s weighted correla-
tion metrics was selected as it was the most effective approach.

The method found matches between genes and bacterial hosts, that were then com-
pared to already known hosts found in the literature. A small group of genes was
selected based on the weak taxonomic relation of their identified hosts to the known
hosts. Detailed analysis of these genes showed that the method had been successful
in identifying several potentially mobile ARGs that appear to be in the early stages
of spreading into non-pathogenic bacterial hosts.

Keywords: Antibiotic Resistance Genes, Pearson Correlation, Zero-Inflated Models,
Metagenomics, Horizontal Gene Transfer, Pathogens, Taxonomy.
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1

Introduction

1.1 Background

Infectious diseases remain one of the leading causes of death globally, and the grow-
ing resistance to treatments against these microbes is becoming a threat to public
health [1]. As antimicrobial resistance (AMR) increases, the effectiveness of current
treatments and therapies is decreasing [1, 2]. This is making treatable diseases such
as pneumonia and gonorrhoea a global health challenge again [3], and AMR has
become one of the global health crises of the 21st century [4].

The implications of AMR extend far beyond treatments of infectious diseases. Rou-
tine medical procedures, such as surgeries, organ transplants, and chemotherapy,
rely heavily on effective antibiotics to prevent and treat infections. Without reliable
antimicrobial agents, the safety of these methods is severely compromised [2].

A bacterium that is resistant to antibiotics has a antibiotic resistant gene (ARG)
that can for instance alter the target site of, or even destroy, the antibiotic [5]. The
gene can occur naturally in a host, or it can be acquired through either mutation or
through gene transfer from other bacteria [5]. Genes that can spread between hosts
like this are called mobile genes [6].

1.2 Aim

The aim of the project is to examine the possibility of identifying mobile ARGs that
have not yet spread to pathogenic bacteria. To achieve this, the goal is to develop a
method that utilizes gene and organism abundances to detect ARGs that may have
recently transferred to new, non-pathogenic hosts. The analysis will be based on the
assumption that there is a weak relationship between the abundance of mobilized
genes and their original hosts.

The project is limited to only study bacteria from samples of waste water and the
human gut. Additionally, the project will not include any deeper interpretation of
the raw data related to sampling location or donor identity.
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Theory

2.1 BLAST

Basic Local Alignment Search Tool (BLAST) is a tool that can be used to find local
similarities between nucleotide or protein sequences by comparing input sequences to
a database [7]. Matching sequences can give an understanding of functionalities and
evolutionary relationships between organisms [7]. BLAST has built-in databases,
but it is also possible to produce a personalized database from FASTA files using
makeblastdb, which is a program in the BLAST+ package [8, 9]. The FASTA file
format contains a header for each sequence in the dataset [10], and is a common
format used in bioinformatics. Then BLASTn [8] can be used to compare the query
against the database [9].

2.2 Taxonomy —
Kingdom

Taxonomy is the science of how living organisms are ot
ylum

named and classified [11]. It organises organisms into
categories that start of broad and become increasingly
specific. Taxonomy is a standardised way of naming or- Order
ganisms, making data easier to manage and share. It is

Class

Famil
also important when comparing organisms, studying how !
they are related and at what level [11]. Figure 2.1 shows |
the levels of biological taxonomic classification. Species

Figure 2.1: Taxonomic

. classification levels.
2.3 Metagenomics

Metagenomics is a study that is used to analyse metagenomes, which refers to the
collection of all present genomes in an environmental sample [12]. This sample could
for instance be collected from soil or a lake and the sample would then consist of a
selection of microbes and their biological sequences [12]. This information can be
analysed to find patterns, similarities and relationships between genes and organisms
[12].
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2.4 Antibiotic Resistance

One of the major global health crises of the 21st century is the spread of antibiotic
resistance among pathogens. This section will introduce how this spreading happens
and how resistance works.

2.4.1 Antibiotic Resistance Genes

An antibiotic can either inhibit the growth of bacteria or kill bacteria [13]. How
this is done depends on the antibiotic itself, but usually they inhibit some pathway
in the bacteria, making the cell not function as it should [13]. Some examples of
this are inhibition of cell wall synthesis, protein synthesis and DNA synthesis. For
a bacterium to become resistant, its genes have been modified to withstand the
antibiotics characteristic [13]. This could for instance mean that the bacterium
develops a way to modify the target where the antibiotic binds to the cell or change
the eflux pumps expressions to get rid of antibiotics that invade the cell. These
mechanisms are often results of ARGs [14].

Common places for ARGs to be found in bacteria is in, for instance, waste waters
and the human gut [15]. Most of the antibiotics that are given to humans are used
at home and thus end up in the sewage [16]. The sewage handled by the waste water
treatment plants contain bacteria from many different sources, making it possible for
them to interact and exchange genes. In addition to that, this kind of environment
is filled with biocides, pharmaceuticals and heavy metals which causes stress to the
bacteria living there [16]. This can promote horizontal gene transfer between the
bacteria, and thus hasten the antibiotic resistance growth.

2.4.2 Gene Transfer in Bacteria

Bacteria are able to use both vertical gene transfer (VGT) and horizontal gene
transfer (HGT) in order to spread their genetic material [17]. HGT is regarded as
the major pathway in the spread of antibiotic resistance but there is also significant
involvement of VGT [17].

VGT refers to the passing on of genetic material from mother cell to daughter cells
during cell division [18]. HGT is a term that refers to the exchanging of genetic
material between cells and it plays a significant role in the evolution of bacteria [19].
Mechanisms behind gene transfer continue to be discovered and specified, however,
HGT generally occurs through three main mechanisms: transformation, conjugation
and transduction [20]. Through transformation, the bacteria take up extracellular
material from their surroundings and conjugation refers to the transferring of DNA
through direct contact [20]. Transduction is a process where DNA is transferred
from one bacterial cell to another using a bacteriophage [21]. The DNA is packaged
into the bacteriophage which is sent out of the donor cell [21]. The bacteriophage
is then adsorbed to the surface of the host cell and the DNA is ejected into its
cytoplasm.

4



2. Theory

2.5 Data handling

This section describes the theory of data preprocessing methods such as transforma-
tion and normalisation. It also explains the principles behind correlation calculations
and the strategies for handling zero-inflated data.

2.5.1 Transformation

Metagenomic data is in many cases skewed, meaning that the distribution is uneven
[22]. This makes applying statistical analysis difficult since many methods assume
normally distributed data. A common approach to dealing with skewed data is
applying transformations, such as logarithmic or square root transformations, which
help normalise the data and make it more suitable for analysis [23].

2.5.2 Normalisation

In order to be able to make a fair comparison of datasets, they must be on a common
scale. If that is not the case, a normalisation can be applied to adjust the different
scales to match each other [24]. One way of doing this is to divide the raw individual
counts in a dataset by their scaling factor, which for instance could be the total
amount of reads [25].

2.6 Correlation

To examine biological relationships between, for instance, two organisms, one can use
correlation. Correlation is measured through a correlation coefficient. Normalised
to be a number between -1 and 1, the coefficient describes the extent to which a set
of points supports a relation between two variables [26]. A value close to 1 indicates
a strong direct relationship, while a value approaching -1 indicates a strong inverse
relationship [27]. Values near zero indicate little, if any, relationship between the
variables.

There are several methods that can be used, all with their benefits and disadvan-
tages. Some methods that are commonly used in bioinformatics are Pearson’s cor-
relation and Spearman’s rank correlation. Both these methods measure similarity
of expression between the two variables [28], for example gene expression or the
occurrence of two organisms in an ecosystem. The difference in the methods lies in
how they measure this similarity, and thus they will each perform better for different
types of data [28].

Pearson’s correlation method can only find linear relationships and is also very sen-
sitive to outliers [28]. The Spearman correlation method is a more robust alternative
to the Pearson method. It is better suited for data that has a non-normal distribu-
tion, and it finds non-linear relationships [28]. It is also not as sensitive to outliers as
Pearson’s correlation method [28]. However, Spearman’s method converts the data

5



2. Theory

into rank data, which comes with some loss of information. For continuous data, it
therefore has lower statistical accuracy [28].

2.6.1 Weighted Correlation

A correlation coefficient can also be calculated with the use of weights that are
assigned to the two correlating variables z and 3. The equation for the weighted
and normalised Pearson coefficient, r, is [29]:

I (2.1)

J/UaT - var,’

where the weighted covariance, cov, is calculated as

cov = sz i — ZTw)(Yi — Yu), (2.2)

where w; is the weight for entry ¢ and x,,, 4, are weighted means. The weighted
variances for the two variables, var, and var,, are calculated as

var, = sz(xl — Zw))?, (2.3)

vary = Z ’LUl Y w . (24>

That the function is normalised means that the sum of the weights are one [29], and
thus the weighted means, z,, and y,,, are calculated:

= Zwixi, (2.5)

= Zwlyl (2.6)

For the purpose of this project, a non-normalised version needed to be used. The
variables z and y can also have different weights, w,; and w,;, and thus the weighted
means were instead calculated [30]:

_ 2 Waly

w T ) 27
_ 22 Wyl

= =i Wil 2.8
Y > Wyi (28)
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The formula for weighted covariance was then modified to

cov = Z Wa i Wyi (T — ZTap) (Vi — Yu), (2.9)

1

and the weighted variances to

vary =Y (wyi(z; — Ty))?, (2.10)

7

vary = 3w,y — ) (2.11)

i

Weighted correlation is done when, rather than treating all counts equally, one wants
to give more importance to certain data based on, for example, their reliability.
This can help minimise the risk of the analysis being skewed or in other ways not
accurately represent the reality.

2.7 Zero Handling

It is not uncommon when working with sequencing data that the data will be high
in sparsity, meaning it has a large number of zeros [31]. This can be an issue
when modelling the data since operations such as logarithms or division will not be
possible. Another issue with zeros is the fact that they can arise for several reasons,
and therefore also have different meanings [31].

The zeros can either be biological or non-biological zeros [31]. A biological zero
means that there is nothing to detect. For instance, an organism was not found
because it was absent, which would make it a true zero. A non-biological zero can
have different causes, for example low abundances where it is interpreted as zero
because the count is too low to be detected. Another cause could be data handling,
where zeros emerge from, for example, preparation of a sample or data processing.
It is therefore of as much importance to analyse the zero counts as the non-zero
counts.

There are several ways to approach the issue of zero counts [31]. If the goal is to
simply remove zeros in order to be able to perform certain operations, one could use
a pseudo-count in the form of a small number [32].

A way to distinguish between different types of zeros is to use zero-inflated models
[31]. Two examples of such models are the Zero-Inflated Poisson (ZIP) model and
the Zero-Inflated Negative Binomial (ZINB) model. They are both built on the
assumption that a zero-inflated dataset can be separated into two parts, one for the
actual counts and one for the excess zeros [33, 34]. The most defining difference
between them is that the ZIP model works better for data that has the same mean
and variance, while the ZINB model is better suited for overdispersed data, where
the variance is greater than the mean [34].
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Methods

3.1 Files and Datasets

This chapter will describe the methods used to produce the results of the project.
A link to the GitHub page with the code can be found in Appendix C along with
descriptions of the files and pipelines.

Eight files were given for the project:

1.

2.

ARG sequences: A FASTA file with ARGs.

Genome: A text file with paths to roughly 1.6 million genomes of bacteria
that are possible hosts to ARGs.

. ARG counts: A file containing a count matrix, describing the abundances of

ARGs in about 6000 metagenomic samples from waste water and the human
gut. See table 3.1 for the structure of the file.

Taxonomy: A text file with the taxonomy for all relevant bacterial genomes.

Organism counts: Three files each containing a count matrix describing the
abundances of organisms in about 6000 metagenomic samples in total. Two
are from waste water and one from the human gut. See table 3.1 for the
structure of the file.

Conversion table: A text file with a conversion table for two kinds of iden-
tification names for genomes, Assembly ID and Contig ID.

Gene status: A text file with all given genes and if they are established or
latent, meaning previously known in the context or not.

. Normalisation counts: A text file with all organisms given in the project,

and their summed counts over all samples.
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Table 3.1: Structure for count matrices

‘ Samples —

Genes/Organisms | Count  --- Count

!

Count -« Count

3.2 Preparation of Data

This section describes the preprocessing steps applied to the data in order to make
it fit the goals of the analysis.

3.2.1 Matching of ARGs in Organism Genomes

The dataset ARG sequences was made into a database using makeblastdb. Alignment
of the dataset Genome was then done against the database using blastn. When
BLAST had been run, the results could be filtered to only keep the ARGs that
had an alignment where at least 70% of the ARG sequence was covered, and had a
minimum of 90% sequence similarity.

3.2.2 Refining Count Matrices

In Organism counts, the organisms were identifiable by taxonomic identification
number (tax-ID). The taxonomic IDs were linked to taxonomic names through the
provided file Conversion table and the file Tazonomy was used to filter for organisms
that had been classified at a specific taxonomic level. This process was performed
separately for both species and genus levels, resulting in two versions of the organism
count matrix.

When preparing the data for the correlation of ARGs to hosts, only organisms and
genes that had been matched in the BLAST results were of interest. The count
matrices were therefore filtered using the BLAST results table. After this filtering,
the result was a list of the organisms’ proper names (genus or species) and their
corresponding taxonomic IDs. The provided file Tazonomy was then again used
to filter out irrelevant organisms that had been found in the metagenome, such as
viruses, and finally a new count matrix was formed of only the counts of relevant
organisms. The matrices were also filtered based on their samples, only samples
that existed in both matrices were kept.

Lastly, the count matrices were normalised. This was done using the Normalisation
counts file for the organism counts. To normalise the gene counts, a file was created
with the sum of all counts for each gene across all samples, before refining the matrix.
The file could then be used to normalise the gene counts as well.

10
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3.3 Histograms

To choose a method suitable for finding correlations, the distribution of the data
was examined using histograms. These were created for the full genes and organism
datasets, as well as for the three sets of organisms separately. They were also made
for the genes and organisms that had the highest and lowest count, organised in three
different ways. Firstly, the most extreme individual count was found and whichever
gene or organism this belonged to was saved. Secondly, all counts for each gene or
organism were added together, and the one with the most extreme value of all sums
was saved. Lastly, the average count was calculated for each gene or organism, and
the one with the most extreme value was saved. These histograms were also created
with transformed data, testing if logarithmic or square root transformation would
give the best distribution to continue with. Some of these histograms can be seen
in the results chapter, in section 4.1.1.

3.4 Zero Handling

Both the count matrix for the genes and the ones for the organisms included counts
in which the gene or organism was not present in any samples, or present but to
a very low degree, i.e. both biological and technical zeros. In order to carry out a
well-rounded statistical analysis, all zeros should not be handled in the same way. In
this project, the genes and organisms that had more than 90% zeros were removed
and then five approaches were used to manage the zero abundance before calculation
of correlation.

3.4.1 Simple Approaches

The first approach was to not apply any additional restrictions and to calculate
Pearson’s correlation coefficient directly from the filtered matrices.

If the correlating gene and organism have zero counts in the same sample, this
was classified as a double zero and the counts were not included in the correlation
calculation. This way of filtering ensured that if a sample had one zero count this
would still be compared to non-zero counts, but if both counts were zero they would
not be compared since it is not clear if they are both biological or non-biological.
The second approach was to remove these double zeros in addition to filtering the
data.

3.4.2 Zero-Inflation Modelling Approaches

The last three approaches were based on using zero-inflation models to separate
biological zeros from non-biological zeros. To decide which model to use, a scatter
plot of randomly sampled counts was created to check the relation between the mean

and variance of the data. Since the data was shown to be overdispersed, see figure
4.3 in chapter 4, the ZINB model could be chosen.

11
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All zeros in the filtered data were given a probability of being zero-inflated using the
ZINB model. These values were inserted into a probability matrix with the same
layout and dimensions as the count matrices. For entries that had non-zero values
in the count matrix, the probabilities were set to zero. If a row contained all zeros,
each of their probabilities were set to one. A zero that had a low probability of
being zero-inflated meant that the organism or gene most likely was not entirely
absent, but that it was discarded during screening because the abundance was very
low. These zeros were thus still relevant in the analysis.

The third approach to zero handling was to set a threshold for the highest probability
that would still indicate a zero-inflated zero. In this project, the threshold was set
to 0.6, which was the lowest without removing too much data from the analysis.
For each double zero, their probability of being false zeros were compared to the
threshold. If at least one of them was classified as a false zero, they were kept for
the correlation calculation.

In the fourth approach, when a double zero was encountered, a random number
between zero and one was generated for each zero. The probabilities of those zeros
not being zero-inflated are compared to their respective random numbers, and the
pair is kept if at least one of them is below their respective threshold.

For the fifth approach, the probabilities were used to calculate the weighted cor-
relation between the rows. A weight matrix was created based on the probability
matrix, where the weights were calculated using the function,

w=(1-p)-0.01, (3.1)

where w is the weight and p is the probability. The weighted correlation coefficient
was then calculated for each pair of rows using the formula described in section
2.6.1.

3.5 Correlation

After analysing the histograms and the distribution of the data, Pearson’s correlation
was decided to be the best alternative for finding correlations. Correlation using all
five methods was done for gene-to-gene correlation, and for organism-to-organism
correlation. The resulting coefficients were stored in a list with all matches. A
heatmap was then created for each correlation to visualise the result. The built-in
function for clustering the genes and organisms in the heatmap was used to give
a better structure of the results. After analysing the heatmaps, one method was
chosen to continue with when moving on to gene-to-organism correlation, which
was the weighted correlation. This correlation was then done on gene-to-organism
relationships on both the species level and the genus level of the organism taxonomy.
Since there were no significant differences between the genus and species results, it
was decided to only continue with species. A final heatmap for this correlation was

12
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then made.

A column to describe if the gene was well known and established, or if it was a
latent gene, was added to the correlation list. Another addition to the list was how
many times the gene and the host in the match were present in the entire results,
respectively. These facts were also added to the heatmap for easier interpretation.

3.6 Analysis of the Results

Once the final correlation list and heatmap were completed, they were analysed for
matches showing unexpected patterns - specifically, cases where both the gene and
host appeared only once in the results. These genes were submitted to BLAST on
the NCBI website to identify known hosts, which were then compared to the ones
found in this study. The hosts that only shared taxonomy from the kingdom level
or up of the organism’s taxonomy, were considered different enough to be kept in
the analysis. These hosts were then researched together with the newly found hosts
and the genes they have in common.

13
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4

Results

4.1 Characteristics of the Data

This section presents the characteristics of the data, which informed decisions made
when selecting appropriate analysis methods.

4.1.1 Histograms

Some of the histograms that were created to examine the distributions of the data
can be seen in figure 4.1, where the data studied is genes. As can be observed in the
figures, the data follows an exponential distribution for both the full dataset and for
individuals. This trend could be observed for both genes and organisms.

Some histograms in this section will have a limit to the y-axis to better visualise the
distribution. This is because the number of zeros was occasionally so high that the
y-axis increased to an extreme extent, making it difficult to interpret the figure.

500 300~

400+

> 200

Number of counts
Number of counts

100~

100~

0- 0-

0 5000 10000 0 500 1000 1500
Count Value Count Value

(a) All genes. (b) The gene with highest mean
count across all samples.

Figure 4.1: Histograms of gene counts with the count value on the x-axis and the
y-axis shows the frequency of each value.
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4. Results

Two data transformations were evaluated to improve the normality of the distribu-
tion: logarithmic and square-root transformations. Histograms where the transfor-
mations have been applied can be seen in figure 4.2. When examining the images for
all genes (subfigures 4.2a and 4.2c), it is clear that the logarithmic transformation
resulted in a distribution with a much shorter tail than the square root transfor-
mation. The histograms in the subfigures 4.2b and 4.2d show even more clearly
that the logarithmic transformation gives a more normal distribution. The square
root transformed data also showed some improvement in distribution of the counts.
However, there is still a pronounced peak at the lowest values and the tail is longer.
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Figure 4.2: Histograms of transformed gene counts. Subfigures 4.2a and 4.2b show
log-transformed values, while 4.2c and 4.2d show square root-transformed values.
The left figures includes counts from all genes, while the right figures have counts
from the gene with the highest mean count across all samples. The count values are
on the x-axis, and the y-axis shows the frequency of each value.
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4.1.2 Dispersion

The scatter plots that were used to decide which zero-inflation model to use can be
studied in figure 4.3. It is clear that the data is overdispersed in both datasets as
the data points generally have higher variance than mean.
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Figure 4.3: Scatter plots over the mean and variance of randomly sampled counts

from the gene data.
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4.2 ARG to Host Correlations

Table 4.1 shows twelve hand-selected gene-host matches that were found to be of
particular interest. For each match, both gene and host were only found to have a
correlation with one counterpart in the dataset. All genes were classified as latent,
except Gene2 and Gene4, which are a well-known and established ARGs. The "Gene
Type" column in the table was derived from the final portion of each gene name.
The full original names of the genes can be found in table A.1 in Appendix A.

Table 4.1: Correlation results

Gene | Gene Type Organism Correlation coefficient
Genel class A Croceicoccus marinus -0.0096838
Gene2 tet.37. Vibrio campbellii -0.0091839
Gene3 class C Sinorhizobium americanum -0.0067380
Gene4 GES.23 Francisella tularensis -0.0065228
Geneb class A Mycolicibacterium hassiacum -0.0029663
Gene6 | aac6p_ class2 Sphingopyxis alaskensis -0.0021758
Gene7 class A Paraburkholderia sprentiae -0.0021110
Gene8 tet_ rpg Paenibacillus pabuli -0.0016013
Gene9 | aacb6p class2 | Novosphingobium resinovorum -0.0005616
Genel0 tet_ rpg Vagococcus carniphilus -0.0005580
Genell | erm_ typeF Planktothrix agardhii -0.0000192
Genel2 class A Ornithobacterium rhinotracheale 0.0008685
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None of the matches above were present in the NCBI database. The taxonomic
similarity between these hosts and those found in NCBI ranged from the family
level to the kingdom level, indicating that some findings were more distantly related
than others. The relevant matches that were retrieved from the NCBI database for
comparison can be seen in table 4.2.

Table 4.2: Matches from NCBI database

Gene Organism

Genel Riemerella anatipestifer
Gene2 Prevotella histicola
Gene3 Acinetobacter johnsonii
Gene4d Pseudomonas aeruginosa

Acidovorax carolinensis
Acidovorax delafieldii
Acidovorax facilis
Acidovorax radicis
Pseudomonas aeruginosa
Pseudomonas guariconensis
Agathobacter rectalis
Geneb Lachnospiraceae bacterium
Roseburia intestinalis
GeneT7 Coprobacter fastidiosus
Clostridium beijerinckii
Clostridium sp.
Cetobacterium somerae
Clostridium saccharoperbutylacetonicum
Clostridium acetobutylicum
Clostridium estertheticum
Gene9 Ruthenibacterium lactatiformans
Genel0 Lachnospiraceae bacterium
uncultured Candidatus Saccharibacteria bacterium
Genell No match found
Bacteroides difficilis
Bacteroides faecis
Bacteroides faecium
Bacteroides finegoldii
Bacteroides ovatus
Bacteroides zhangwenhongii

Geneb

Gene8

Genel2
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The match with the highest correlation was between the gene
GCA_000203195.1_ASM20319v1_FR824044.1 seql...tet_rpg and the host Faecal-
ibacillus intestinalis. This match had the correlation coefficient 0.1811726, which
is about one hundred times larger than the largest one listed in table 4.1, Genel?2.
The gene appeared in a total of 40 matches and the host appeared in three. Fig-
ure 4.4 illustrates the correlation structure for this match alongside that of Genel
and Croceicoccus marinus. These scatter plots visualise the difference of a strong
and a weak correlation between matches. A stronger correlation has more evenly
distributed points across the plot area, while a weak correlation shows clustering
along the axes. There is a restriction on the axis lengths in the plots to remove
outliers and make the image easier to interpret. Because of this, the axis ranges
differ between plots, which is important to consider when analysing the plots.
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Figure 4.4: Scatter plots that visualises the correlation between one gene on
the x-axis and one organism on the y-axis. The axis-lengths differ depending
on the data. (a) shows an example of strong correlation between the gene
GCA_000203195.1_ASM20319v1_FR824044.1 seql...tet_rpg and the host Fuae-
calibacillus intestinalis, and (b) shows an example of weak correlation between the
gene Genel and the host Croceicoccus marinus.
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A segment of the final heatmap of the correlations can be seen in figure 4.5. Some
genes of interest and some other genes with distinct patterns or multiple host asso-
ciations are included to reflect the overall structure of the full heatmap.
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Figure 4.5: A heatmap showing selected gene—host correlation matches. Red
indicates a positive correlation, and blue indicates a negative correlation. An asterisk
(*) next to a gene name denotes a latent gene. The numbers in each box represent
the total number of times the gene and host appear in the map, presented as "gene
count, host count'. Values are only shown for pairs where there has been a match
between a gene and a host.
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Discussion

5.1 Choice of Methods

All methods used in the study were chosen based on their benefits over other meth-
ods. NCBI is the most used organisation both for alignments and research, due to
it being up to date and having a substantial amount of information compared to
other sites.

The next decision was to choose which kind of correlation to use. After research-
ing different correlation methods, it was found that the most common ones in the
field of bioinformatics were Pearson’s correlation and Spearman’s rank correlation.
Pearson’s correlation was chosen since it has higher accuracy and assumes linear-
ity, which aligns with this study. Pearson is, however, more sensitive to outliers
and non-normal distributed data. These disadvantages were handled since outliers
belonged mostly to organisms that were not kept in the study, and the data was
transformed to have more of a normal distribution.

Zero handling was also a big part of the study due to the data being high in sparsity.
The decision to remove genes and organisms that had more than 90% zeros in their
count matrices was made because such a low level of non-zero values will likely result
in unreliable correlations. This will be an issue even after the initial filtration, which
is why research was done to find additional approaches to handle high sparsity, where
zero-inflation models were found to be the most suitable and standard choice for this
purpose. The probability of being zero-inflated gave the specific zeros a measure of
their relevance in the study, which is why this information could be used to decide
if the zero was worth keeping or not in the correlation calculation. The counts
that were non-zero values were given a probability of zero in the probability matrix,
because the probability describes the likelihood of the count being zero-inflated and
thus it only applies to zero-counts. On the other hand, genes or organisms with
only zeros were assigned a probability of one as all their counts can be presumed
to be zero-inflated. Such all-zero genes or organisms were possible since the zero-
inflation probability matrices were generated from the unfiltered matrices to retain
as much information as possible for the calculations. In the end, the zeros that
were kept after the analysis were likely to not be true zeros. Such zeros indicate
the presence of low-abundance signals rather than a true absence of signal, and two
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5. Discussion

of them should theoretically have the same connection as two low, non-zero counts.
In contrast, two zeros that are interpreted as true absences cannot be considered
related since co-absence does not always imply a connection, both may simply be
missing independently.

The results of the five correlation approaches were used to decide which one should
be used in the final analysis. The approach to use only the 90% filtered data, with
no other zero handling, gave high correlations since all zeros could contribute as
much as every other count. Thus, low-abundance genes and organisms were given a
higher correlation coefficient than they should have. The removing of double zeros
eliminated of some of these high values, but it did not affect the strong negative
correlations that appeared from when zeros were compared to other count values,
which also gives an unreliable result. Based on this, it was then decided to use one
of the zero-inflation models. The threshold and the probability model were very
similar and allowed more zeros than was wanted in the correlation calculation. The
weighted correlation could be more strict on the use of zeros while still using the
information from the zero-inflation probabilities. This approach, therefore gave the
most reliable results.

5.2 Interpretation of Single Matches of Genes and
Hosts

The overall low correlation coefficients, with the highest at 0.1811726, is expected
as the large datasets result in that genes usually exist in several hosts, meaning they
cannot correlate strongly with only one host. The gene with the highest observed
correlation was found in 40 matches in total, indicating its presence in at least 40
different species. Its counts will therefore be affected by all these hosts, meaning the
strength of its correlation with any one of them will be diluted. However, for a single-
appearance match between a gene and a host, a strong correlation is expected. This
is because both the gene and the host appear only once in the results and therefore
rely solely on each other. Unexpectedly, this was not the case when examining the
matches that only had single appearances.

To further narrow down the number of matches selected for detailed analysis, only
single-appearance matches involving genes with fewer than thirty known associations
in the NCBI database were considered. These matches can all be seen in table B.1
in Appendix B and some of the genes can be seen in the heatmap in figure 4.5. In
each case, the identified host differed taxonomically from the known hosts found in
the NCBI database at least at the family level, meaning that the relation is weak
and thus the match found in this project is unexpected. Despite the expectation of
a strong correlation for these single matches, they all had a correlation coefficient
very close to zero. This suggests that the selected genes do not correlate with their
hosts, indicating that the gene is likely to be mobile and thus present in other hosts
as well, but at levels that are too low to detect. It is therefore reasonable to say
that these genes have only recently started to spread among new hosts.
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5.2.1 Detailed Analysis of Single Gene—Host Matches

A detailed analysis was done on some of the matches in order to verify that the
hosts found in the study had not been seen before for their respective genes.

Genel, Gene3, Geneb and Gene7 are all latent genes. They all belong to subgroups
of genes that code for beta-lactamases, a type of enzymes [35-37]. Genel, Genes
and Gene?7 are Class A genes [35, 36] while Gene3 belongs to the subgroup Class C
[35, 37]. There is a lot of diversity within the groups of beta-lactamases, but they all
confer resistance through inactivation of the antibiotic by hydrolysing peptide bonds
[38]. They are known to hydrolyse penicillins [35, 36]. The fact that the genes are
latent makes them extra interesting to this study, since they have not been reported
on in the literature in connection to antibiotic resistance in pathogens.

This study matched Genel to Croceicoccus marinus. This is an aerobe and gram-
negative bacterium that has been found in marine sediment [39, 40]. The NCBI
database did not find the same results but rather matched the gene to Riemerella
anatipestifer. This bacterium has the same kingdom as Croceicoccus marinus but is
not related any more closely. Riemerella anatipestifer is also gram-negative but has
only been found to affect ducklings, gosling, turkeys, and other fowl [41].

Geneb was matched to Mycolicibacterium hassiacum, an aerobe, rod-shaped bac-
terium that was isolated from urine [39, 42]. It is tolerant towards high temperatures
and grows very quickly, it has occasionally been associated with infections and dis-
ease in humans [43]. The NCBI database found six matches in total, all except
two with the genus Acidovorax. Acidovorax is found predominantly in activated
sludge environments [44, 45]. Some strains are capable of growing in anaerobic en-
vironments through the use of nitrate as a terminal electron acceptor, for example
Acidovorax delafieldii. The other two matches found in the NCBI database instead
had the genus Pseudomonas. Pseudomonas aeruginosa are known to be multiresis-
tant and can colonize airways, wounds, and catheters in patients with a weakened
immune system [46]. The resistance of Pseudomonas aeruginosa can be because of
several mechanisms, including modified targets, active eflux, reduced permeability
and degrading enzymes [47]. Acidovorax and Pseudomonas have the same phylum
but they both only share domain with Mycolicibacterium hassiacum and are thus
very distantly related to the host found through this study.

Gene2 and Gene/ are both established genes. Gene2 is of the type tet(37), which
is an oxidoreductase that makes bacteria resistant to tetracycline [35, 48]. This
type of resistance gene is the most widespread and dominant ARG in humans [49].
Gene/ is another type of beta-lactamase, just as Genel, Gene5 and Gene7 |35,
50]. The same type of gene has been found in multi-resistant isolates in hospitals
[51]. However, since the aim of this study is to identify new hosts for genes that are
undocumented in pathogens, these established genes are not of as much interest as
the latent ones.

Gene6 and Gene9 are latent genes and are a part of the gene family AAC(67).
They are aminoglycoside N6’-acetyltransferase enzymes which inactivate aminogly-

25



5. Discussion

coside antibiotics through acetylation of the 6-amino group of the antibiotic [35, 52].
Aminoglycoside antibiotics are a group of broad-spectrum antibiotics used to treat
infections caused by a large variety of gram-negative bacteria, and are commonly pre-
scribed to children [53]. Together, all types of aminoglycoside N-acetyltransferases
(AACs) comprise the largest group of genes causing this type of resistance and have
been found in about 70% of gram-negative bacterial strains isolated from infected
patients [54].

The match found for Gene6 was Sphingopyzis alaskensis. This is an aerobe, gram-
negative bacterium found in sea water [39, 55]. It has been isolated in large quantities
from waters around Alaska as well as from the North Sea and the North Pacific over
a long period of time. Thus, it seems to be one of the most common bacteria in
these environments [56, 57]. In the NCBI database several matches were found,
all sharing the same family: Lachnispiradeae. These are anaerobic, spore forming
bacteria that ferment plant polysaccharides into short fatty acids and alcohols [58].
They are among the most abundant taxa in the human gut microbiota [59].

Gene8 and Genel( are both genes that are resistant to the antibiotic tetracyline,
similarly to Gene2. They produce tetracycline-resistant ribosomal protection pro-
tein which binds to the 30S ribosomal subunit and prevents the antibiotic from
interacting with the organism [35, 60].

The common denominator among all these findings is that none of the genes were
found to have a host that was also documented in the literature, which is also stated
in table B.1 in appendix B. In each example above, the hosts identified in this study
differed from the known hosts in the NCBI database at least at kingdom level,
meaning that there was no clear relation. However, the hosts that were found for a
gene in the literature were all taxonomically similar, shared functions or had been
found in similar environments. Out of all ARGs listed in the results table, table 4.1,
there were only two that were matched with already established pathogens. This
suggests that this project has successfully identified mobile ARGs that have not yet
spread to pathogenic hosts.

The final gene, Genell, is latent and codes for Erm enzymes. These are part
of the RNA methyltransferase family and have the ability to methylate part of
the ribosomal RNA, resulting in resistance to several antibiotics called the MLSb
phenotype [35, 61]. Erm enzymes function by preventing MLSB antibiotics from
binding to their active site on the 50S ribosomal subunit [62].

Genell was matched to the host Planktothrixz agardhii which is a bloom-forming
cyanobacteria that is often found in lakes and can produce metabolites that are
toxic to humans [63]. When looking up the gene in the NCBI database, there were
no matches found for potential hosts. This means that the bacteria Planktothriz
agardhii also could be a new host for this ARG since it was not a previously known
match.
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5.3 Conclusions

The results of this study have shown that the use of weighted correlations with
zero-inflation probabilities is a successful method for identifying potentially mobile
ARGs in new, non-pathogenetic hosts.

The genes that appear once in the results correlated only weakly with organisms that
were also found only once in the results. This suggests that these genes have probably
spread from their original host, but only recently, and have not yet been strongly
established in bacteria. The hosts identified for these genes did not coincide with
the matches found for the same genes in the literature. The known host and the host
found through this study were only very distantly related, while the different known
hosts had strong connections to each other. This further supports the conclusion
that the method developed in this study has the potential to detect emerging mobile
ARGs that have not yet spread to pathogens.

For future research, it would be interesting to analyse the metadata of the samples,
for instance where they are retrieved, and if there are any trends of types of ARGs
between countries. To simplify the analysis, it would be beneficial to automate the
comparison between the hosts found in the study and the ones found in the NCBI
database. In this way, even more genes could be investigated and the study could
be expanded to find even more mobile genes.
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A

Appendix 1: Translation table

Below is the translation table, table A.1, for gene names that are used in the report.

Table A.1: Gene name translations

Report name Original name
Genel GCA_001670625.2 ASM167062v2_CP121209.1 seql...class A
Gene2 tet.37.
Gene3 GCA_001707755.1_ASM170775v1_MBDL01000008.1_seql...class C
Gene4 GES.23
Geneb GCA_000302535.1 _ASM30253vl_CP003872.1 seql...class A
Geneb6 GCA_000020605.1__ASM2060v1__CP001107.1_seql...aac6p_ class2
Gene7 GCA_000473955.1_oprFasNSB1_KI440787.1 seql...class A
Gene8 GCA_002940805.1__ASM294080v1__LRDHO01000095.1_seql...tet_ rpg
Gene9 GCA_000949455.1__ ASM94945v1_ JXXK01000004.1_seql...aac6p_ class2
Genel0 GCA_001717125.1_ASM171712v1_MCGI01000004.1_seql...tet_rpg
Genell GCA_024460255.1__ASM2446025v1__ JANFYA010000023.1_seql...erm_ typeF
Genel2 GCA_000269545.1__PB_ Bact_ thet_ CL09T03C10_V1_AKBZ01000002.1_seql...class A
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B

Appendix 2: Gene to Host
Matches

Table B.1 contains the gene to host matches that were found to be interesting in
this study, along with information on the hosts that were found for the gene in the
NCBI database. A red coloured gene indicates that it is latent. Only matches where
less than thirty hosts were found in NCBI are listed. Only hosts that had at least
50% query coverage are considered relevant findings.

Table B.1: Gene to host matches

Gene Host Data about hosts found in the NCBI Database
. . One other host found with similarity to the host found in the
Genel Croceicoccus marinus .
study at kingdom level.
Gene? Vibrio campbellii One other host found with su'mlarlty to the host found in the
study at kingdom level.
Sinorhizobium One other host found with similarity to the host found in the
Gene3 .
americanum study at phylum level.
. . One other host found with similarity to the host found in the
Gened Francisella tularensis
study at class level.
Mveolicibacterium Six other hosts found, all with similarity to the host found in
Geneb U hassiacum the study at domain level. The hosts are similar to each
other but divided between two genera.
Sphineopyis Three other hosts found, all with similarity to the host found
Geneb P ,g Py in the study at domain level. All these hosts have the same
alaskensis .
family.
Paraburkholderia One other host found with similarity to the host found in the
Gene7 . .
sprentiae study at kingdom level.
Six other hosts found, all with a similarity to the host found
a . in the study at phylum level. Five of them are similar down
Ceme) Paenibacillus pabuli to genus level, and one who differs from the other at domain
level.
Novosphingobium One other host found with similarity to the host found in the
Gene9 . .
resinovorum study at domain level.
Vacococels Two other hosts found with the closest similarity to the host
GenelO cargni hilus found in the study at phylum level. One is uncultured but
P they both have the same domain.
Genell Planktothrix agardhii No other match found.
Ornithobacterium Six other matches found, all with a similarity to the host
Genel2 . found in the study at phylum level. They all have the same
rhinotracheale senus

ITT



B. Appendix 2: Gene to Host Matches

IV



C

Appendix 3: Code pipelines

This chapter will describe the execution order of the scripts that were developed for
the project, using flowcharts and lists. The code is available on the project’s GitHub
page at this link.

In the flowcharts, nodes that have the same colour indicate that the scripts can be
run parallelly. Some scripts can be used for several input files. An example is the
script used for filtering count matrices, which can be used for both the gene count
matrix and the organism count matrix. The first flowchart illustrates the pipelines
for handling the count matrices of organisms, the handling of BLAST output, and
generating zero-inflation matrices.


https://github.com/iddiiizzzz/Exjobb

C. Appendix 3: Code pipelines

taxiditoiname.py‘ ‘ shorter_id.py ‘
remove__duplicates.py ‘ ‘ blast_all genomes.py ‘

| |

‘ virus_ removal.py ‘

| |

correct_ blast_ results.py ‘

species_ filtered_bacteria.py ‘ ‘ filter_ blast.py ‘

! !
remove__unreliable_ translations.py ‘ ‘ blast_ with_ true_ gene names.py ‘
| |
tax_ counts_ filtered.py ‘ ‘ blast_ with_species_names.py ‘

! !
rewrite_tax_ files.py ‘ ‘ blast_ with_genus_names.py ‘

filter count matrices.r
(for the gene count matrix)

/

matching samples.py ‘

organism__total.py
(to merge the waste water files)

filter count matrices.r
(for the organism count matrix)

/

organism__total.py
(to merge the waste water
file and the human gut file)

summed__sample_counts.py

~.

normalize__counts.py
(for both genes and organisms)

— o~

zero__inflation_ genes.r

zero__inflation_ genes.r

VI
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The second scheme is a continuation of the first scheme and describes the steps
required to perform correlation analysis and generate heatmaps. The dotted lines
indicate that the previous files are only necessary for some of the scripts. For
example, the script zero_inflation_genes.py will not be needed when performing
correlations on only organisms, or when a correlation analysis does not take zero-
inflations into account.

blast_ with_org names.py normalize__counts.py

zero__inflation_ genes.r zero__inflation_ organisms.r

o

correlation codes

|

remove_ duplicates.py

|

heatmap codes

The scripts for the different correlation methods and heatmaps are:
» For genes:
— correlation_ genes_filter.r
— correlation_ genes double  zeros.r
— correlation genes zinb_probabilities.r
— correlation_ genes zinb_ threshold.r

— correlation__genes zinb weighted.r

heatmap genes.r
o For organisms:
— correlation_organisms_ filter separate.r

— correlation_orgs double zeros.r

VII
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— correlation_orgs zinb probabilities.r
— correlation_orgs zinb_threshold.r
— correlation_org zinb_ weighted.r
— heatmap_ orgsanisms.r
o For both genes and organisms together:
— correlation both filter.r

— correlation__both_ zinb_weighted.r

heatmap_ both.r
— heatmap_ latent.py
— heatmap_ numbers.py
o To sort the files according to the value of the correlation coefficients:

— sort_ correlations.r

Additional scripts were developed to study the nature of the data and evaluate the
methods. These are not necessarily run in a specific order relative to the other
scripts and can be run independently of the main pipeline. They are:

« overdispersion.r

e highest_lowest_individual.py

e highest lowest mean.py

e highest_lowest_sum.py

o histogram_ multiple_files.r

o histogram_ one_file.r

e outliers_ counts.py

« outliers_ orgs.py

e histogram_ outlier proportions.r

o scatterplot_gene vs_ org.r
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Appendix 4: Contributions

For the most part, we have worked together to gather information and write the
report. We both have corrected and rewritten text in all sections. The table below
shows the main author for each part of the report.
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D. Appendix 4: Contributions

Contributions
§ Title Author
1 Introduction
1.1 Background Ida
1.2 Aim Ellen
2 Theory
2.1 BLAST Ida
2.2 Taxonomy Ellen
2.3 Metagenomics Ida
2.4 Antibiotic Resistance
2.4.2 Antibiotic Resistance Genes Ida
2.4.1 Gene Transfer in Bacteria Ellen
2.5 Data Handling
2.5.2  Transformation Ellen
2.5.3 Normalisation Ellen
2.6 Correlation Ellen
2.6.1 Weighted Correlation Ellen
2.7 Zero Handling Ida
3 Methods
3.1 Files and Datasets Ida
3.2 Preparation of Data
3.2.1 Matching of ARGs in Organism Genomes Ida
3.2.2 Refining Count Matrices Ellen
3.3  Histograms Ida
3.4 Zero Handling Ellen
3.4.1 Filtering Ellen
3.4.2  Zero-Inflation Models Ellen
3.5 Correlation Ida
4 Results
4.1 Characteristics of the Data
4.1.1 Histograms Ida
4.1.2 Dispersion Ida
4.2 ARG to Host Correlations Ida
) Discussion
5.1 Choice of Methods Ida
5.2 Interpretation of Single Matches of Genes and Hosts Ida
5.2.1 Detailed Analysis of Single Gene-Host Matches Ellen
5.3 Conclusions Ellen
A Appendix 1: Translation table Ida
B Appendix 2: Gene to Host Matches Ida
C Appendix 3: Code pipelines Ida
D Appendix 4: Contributions Ida




D. Appendix 4: Contributions

The creation of code has been done together by discussing approaches and learning
the language better together. The scripts have also been rewritten several times
by both authors. It is therefore not possible to assign a specific author to different
scripts.
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