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Abstract

Antimicrobial resistances (AMR) are an emerging threat to humans and has a great impact in var-
ious fields like health, agriculture, animal farming, and the environment. Pathogens like Staphylo-
coccus aureus often exhibit multi-drug resistance and are responsible for many hospital-acquired
infections worldwide. Advances in artificial intelligence and increasingly available genomic data
have motivated researchers to employ machine learning in the prediction of antimicrobial resis-
tance. This thesis aims to establish the novel pipeline ALPAR (Automated Learning Pipeline
for Antimicrobial Resistance) for the high priority pathogen S. aureus. Publicly available whole
genome sequence data is utilized to train machine learning models, which are then evaluated
for their performance. Antimicrobial susceptibility testing by Minimum Inhibitory Concentra-
tion (MIC) assays is conducted for a S. aureus isolate collection to experimentally validate the
predictions made by the pipeline. Finally, the predicted resistance phenotypes are compared to
the predictions of the benchmark tool ABRicate. In the analysis of the most important fea-
tures in the prediction process, known resistance genes as well as promising new candidate AMR
determinants were identified. Although all models demonstrated high Matthews Correlation
Coefficient (MCC) values in validation, their generalization varied significantly. This work em-
phasizes the importance of experimentally verifying the performance of machine learning models

and demonstrates the transferability of ALPAR to other bacterial species.






Kurzfassung

Steigende Antibiotikaresistenzen werden zunehmend mehr zur Gefahr fiir den Menschen. Von
den Auswirkungen sind mehrere Bereichen wie das Gesundheitswesen, die Landwirtschaft, die
Viehzucht und die Umwelt betroffen. Krankheitserreger wie Staphylococcus aureus sind weltweit
fir viele Krankenhausinfektionen verantwortlich und weisen zunehmend Multiresistenzen auf,
was den Behandlungserfolg schwierig gestaltet. Der technische Fortschritt im Bereich kiin-
stliche Intelligenz und die Verfiigbarkeit von groferen Datenmengen haben dazu gefiihrt, dass
WissenschaftlerInnen maschinelles Lernen im Kampf gegen Antibiotikaresistenz einsetzen. Ziel
dieser Arbeit ist es, die neu publizierte Pipeline ALPAR (Automated Learning Pipeline for An-
timicrobial Resistance) fiir S. aureus zu etablieren. Fiir das Trainieren der Modelle, werden
offentlich verfiighare Genomsequenzdaten herangezogen. Anschliefend wird deren Leistung an-
hand verschiedener Bewertungsmafie evaluiert und experimentell validiert. Hierfiir werden Min-
imale Hemmkonzentration (MHK) Tests an einer Kollektion externer S. aureus Isolate durchge-
fiihrt. Die experimentellen Ergebnisse werden schlieflich mit den Vorhersagungen der ALPAR
Pipeline und dem Referenztool ABRicate verglichen. Eine Analyse der wichtigsten Merkmale im
Vorhersage-Prozess konnte viele bereits bekannte Resistenzgene nachweisen und potentiell un-
bekannte Kandidaten identifizieren. In der Validierung schnitten alle Modelle mit hoher Leistung
ab, allerdings konnten starke Unterschiede in der Generalisierbarkeit festgestellt werden. Diese
Arbeit betont die Bedeutung der experimentellen Validierung im maschinellen Lernen und zeigt
die Ubertragbarkeit der ALPAR Pipeline auf andere Bakterienspezies.
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| Introduction

1.1 Public Health Relevance

1.1.1 Antibiotic Resistance (AMR) as a Global Threat

Antibiotic resistance is a critical and growing global health concern that undermines the effec-
tiveness of treatments for many infectious diseases. The emergence and spread of antibiotic
resistance results from a variety of clinical, environmental and societal factors, emphasizing the
urgent need for further research and coordinated countermeasures.

According to the review on antimicrobial resistance by O’Neill, in 2050 the world will face
10 million deaths per year related to antimicrobial resistance. This goes hand in hand with
a reduction in the GDP and costs of 100 trillion USD. Antimicrobial resistance will obstruct
the treatment of infections caused by microbes. In addition, it will have a negative impact
on common infectious diseases such as urinary tract infections, on transplantation procedures
and chemotherapy, and even on standard operations like dental surgeries or cesarean sections
[1, 2]. It is a silent pandemic with a multisectoral impact that affects not only humans, but also
animals and the environment. In order to combat antimicrobial resistance, coordination among
stakeholders is essential, and collaborations must be established across national borders. Surveil-
lance must be strengthened at national and global levels through the monitoring of pathogens and
the reporting of new emerging resistances. Collective policies for antibiotic treatment procedures
must be implemented, and antibiotic stewardship should be improved. A ban on over-the-counter
administration and prevention of antibiotic misuse is very important and public education must
be encouraged. The paucity in the development of novel antibiotic drugs needs to be addressed.
Pharmaceutical companies increasingly stop their research and development of new antibiotics
and shift their focus to drug discovery for chronic diseases. Innovative antibiotic drugs rarely
reach the market and new derivatives of existing antibiotics quickly develop resistance [2].

Various factors drive the rapid dissemination of antibiotic resistance, including environmental
aspects, drug handling, patient behavior, and irrational prescription. A correlation was observed
between overuse and misuse of antibiotics and the accelerating development of drug resistance.
They are used to treat viral infections, are overprescribed, are applied in incorrect doses and
duration times, or have been massively misused in farming and livestock feeding to prevent
animals from disease and to boost growth and feed conversion rates [2].

When exposed, bacteria develop resistance to antibiotics in response to selection pressure.
Resistance can arise from genetic mutations in antibiotic target genes, transporters, or regulatory
genes. Alternatively, resistance determinants from commensals and environmental microbiota
can be taken up through horizontal gene transfer (HGT). Bacteria can be intrinsically resistant to

certain antibiotics, acquire resistance through mutations or HGT, and adapt transiently to lower
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concentrations of antibiotics. The dissemination of resistance occurs primarily through human
contact, but also via animal and environmental sources. Other transmission routes comprise the
consumption of animals that were previously fed antibiotics or contact with fecal-contaminated

water from sewage treatment plants or natural fertilizers [2].

1.1.2 The Clinical Importance of the ESKAPE Pathogen

Multiresistant superbugs emerged as healthcare-associated infections, rendering standard an-
tibiotics ineffective. Among those are the ESKAPE pathogens, comprising of the six pathogens
Escherichia coli, Staphylococcus aureus, Klebsiella pneumoniae, Actinetobacter baumannii, Pseu-
domonas aeruginosa and Streptococcus pneumoniae. These are often resistant to multiple an-
tibiotics due to a prolonged treatment history and include prevalent superbugs such as MRSA.
They are associated with the highest number of deaths related to resistance. According to the
highly cited Lancet report on the global burden of antimicrobial resistance published in 2022,
the ESKAPE pathogens were accountable for 3.57 million deaths associated with resistance and
929000 deaths attributable to resistance in 2019 |2, 3].

1.2 Mechanisms of Antibiotic Actions and Resistances

Antibiotics are one of the most important medical discoveries of the 20" century. They increase
the average human lifespan by serving as treatments for infectious diseases and are administered
prophylactically in medical procedures to reduce the risk of infection. The first antibiotic used
was salvarsan, an arsenic-based drug that was synthesized by Paul Ehrlich to treat syphilis. It
was already known that bacteria could kill other microbes through secretable compounds. This
led Selman Waksman to a systemic study of Actinomycetes, soil microbes that produce a range
of secondary metabolites active against other microbes. Among those is streptomycin, the first
antibiotic used to treat tuberculosis. The golden age of antibiotic discovery began during which
most of the antibiotic classes still used today were first identified. After that, the discovery of
new antibiotic classes and novel drugs gradually declined, while antimicrobial resistance increased
2, 4].

Antibiotics are assigned to different classes depending on their mode of action and their chem-
ical structure. In general, there are four mechanisms of action: arrest of cell wall biosynthesis,
protein biosynthesis, DNA replication, or interference with folic acid metabolism. As already
mentioned in the previous section, bacteria develop resistances against antibiotics either through
mutations in genes associated with the target of the compound or by acquisition of foreign ge-
netic material through horizontal gene transfer. Mutations can lead to decreased uptake of the
drug, increased eflux, changes in metabolism, or modification of the antibiotic target. They are
often maintained only during exposure, because they place a significant burden on cellular home-
ostasis. Environmental antimicrobial compounds are the origin of many antibiotics used today.
Microbes coexisting with these substances have developed an intrinsic resistance. It is believed to
be the foundation of many resistances in clinical pathogens that were spread via HGT. Bacteria
can receive foreign DNA via HGT through transformation (DNA fragments), transduction (by
bacteriophages) and conjugation (physical contact between cells) [5]. In the dissemination of
resistance genes, the exchange of mobile genetic elements (MGE) plays an important role. These

include plasmids shared between bacteria and moving DNA elements like transposons, insertion
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sequences, and gene cassettes [6].

A core set of resistance mechanisms is commonly observed in bacteria. These strategies reoc-
cur across different types of antibiotics and include the regulation of drug uptake through porins
or efflux pumps, modification of the antibiotic, target protection or bypass, and inactivation of
the antibiotic [7].

The cell envelope is a natural barrier for antibiotics, as they need to enter the cell to cause
action. Gram-negative bacteria have an additional outer membrane that provides them with
increased protection against antibiotic attack. It contains porins, which are channels in the outer
membrane that allow the influx of small hydrophilic molecules into the cell. Many antibiotics
are capable of passing through these channels. In response, bacteria can develop resistance to
antibiotics by changing the permeability of the cell envelope. This is mediated by alterations in
the composition of the cytoplasmatic membrane or by mutations in genes that encode porins. For
instance, a mutation can affect the electric charge of amino acids in the channel, thus reducing
the permeability of the drug [5, 7].

Another widely used strategy is eflux-mediated antibiotic export to reduce intracellular con-
centrations. This is an active transport process that requires energy. Efflux pumps serve a mul-
tifaceted purpose in bacteria, contributing not only to the export of toxic substances but also to
quorum sensing, adaption to environmental stress, and regulation of virulence. Currently, there
exist five to seven different families of efflux pumps. Among the most important ones are the
resistance-nodulation-division family (RND), the ATP-binding cassette family (ABC), the major
facilitator superfamily (MFS), the multidrug and toxic compound extrusion family (MATE) and
the small multidrug resistance family (SMR). In S. aureus, the MFS efflux pump NorA represents

the most well-characterized transporter [5, 7, §].

1.2.1 [-lactams

Bacteria possess a cell wall for protection and shape, consisting of the peptidoglycan. This poly-
mer is composed of alternating units of N-acetyl muramic acid (NAM) and N-acetyl glucosamine
(NAG) that are cross-linked by amino acids. The main enzymes involved in the cross-linking of
the peptidoglycan are transpeptidase and carboxypeptidase |7, 9]. These enzymes are targeted
by classical S-lactams such as penicillin and cephalosporin, which exhibit a chemical structure
similar to that of the enzyme substrate. ([-lactam antibiotics then form a covalent bond with
the enzyme, rendering it ineffective. Therefore, these enzymes are also called penicillin-binding
proteins [10]. Shortly after Alexander Fleming discovered penicillin, bacteria acquired resistance
by expression of S-lactamases that hydrolyze the §-lactam ring of penicillin. The inactivation of
the antibiotic by degradation or enzymatic drug modification is a favorable mechanism in terms
of fitness cost [2, 4, 7|. In order to target bacteria producing -lactamase, the antibiotic methi-
cillin was introduced. But again, methicillin-resistant S. aureus (MRSA) was reported, making
it one of the most dominant multi-resistant pathogens [11]|. It acquired resistance by the mecA
gene that encodes a penicillin-binding protein (PBP) with weak association to penicillins. This
strategy is a prominent example of target bypass through evolving new molecules with similar
functions but with a lower affinity to the antibiotic |5, 7]. The glycopeptide vancomycin was ini-
tially introduced to treat MRSA, but in 2002 the first vancomycin-resistant S. aureus (VRSA)
was detected. Glycopeptides like vancomycin also target cell wall synthesis, but through a differ-

ent mechanism of action. They inhibit cross-linking of NAM units in the peptidoglycan precursor
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by binding to the D-alanyl-D-alanine motif in the peptide chain. Destruction of components of

the cell wall eventually leads to cell lysis |7, 9].

1.2.2 Aminoglycosides

Antibiotics can arrest protein biosynthesis by stalling the ribosome. In translation, the 50S
and 30S ribosomal subunits comprise the ribosome and continue to synthesize mRNA until it
reaches a stop signal. Aminoglycosides such as gentamicin or streptomycin, primarily target
the 16S rRNA of the 30S subunit of the bacterial ribosome. Bacteria can develop resistance
against aminoglycosides through aminoglycoside-modifying enzymes that render the antibiotic
ineffective. But also other strategies such as eflux-mediated export, decreased uptake and target

site modification of the ribosome are employed [5, 7, 12]

1.2.3 Tetracyclines

Tetracyclines also bind to the 16S rRNA, which prevents tRNA from binding to the aminoacyl-
tRNA recognition site (A site) of the ribosome. Thereby, protein synthesis is stopped, leaving
cells unable to further grow and maintain cellular homeostasis [13|. Resistance is conferred by
efflux pumps, decreased permeability, ribosomal mutations or protection proteins and target

destruction by tetracycline inactivating enzymes |7, 13].

1.2.4 Macrolides and Lincosamides

The 23S rRNA in the 50S subunit of the ribosome can also be targeted by antibiotics. This
is done by macrolides, lincosamides and streptogramins, that arrest protein synthesis through
blocking the exit tunnel in the ribosome, leading to truncated polypeptides and malfunctioning
cells [7, 14]. In addition to efflux-mediated resistance, ribosomal protection proteins, and mu-
tations in the ribosome, bacteria can acquire resistance to macrolides and lincosamides through
enzymatic modification. This is typically achieved by enzymatic addition of moieties, placed on
the target through phosphotransferases or on the 23S rRNA by methyltransferases that catalyze
the methylation of ribosomal rRNA [7].

1.2.5 Fusidic Acid

Another antibiotic that targets protein synthesis is fusidic acid, which is often used to treat
staphylococcal infections. It binds to the elongation factor G (EF-G) in the ribosome and
inhibits the translocation process, thereby stalling translation. The mechanism of resistance to
fusidic acid demonstrates a classic example of target protection, which allows the protein to
function either by mediating dissociation of the antibiotic, blocking the binding site, or in the
presence of the antibiotic. The resistant determinant FusB, typically acquired by S. aureus,

induces dissociation of the drug and rescues protein synthesis [5, 7, 15].

1.2.6 Fluoroquinolones

Quinolones and fluoroquinolones terminate replication by binding to DNA gyrase and topoiso-

merase [V, thereby inhibiting nucleic acid synthesis. These enzymes are involved in the structural
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conversion of DNA| essential for DNA synthesis and transcription [16]. The resistance mecha-
nism to fluoroquinolones typically involves target alteration, which is conferred through point
mutations in the DNA gyrase and topoisomerase IV genes. Modification or protection of the

target itself reduces drug efficacy and enables bacteria to escape the action of antibiotics [5, 7].

1.2.7 Sulfonamides and Trimethoprim

Sulfonamides and trimethoprim affect the folic acid pathway that is essential for the biosynthesis
of key compounds like purines and thymidylate in DNA replication. They are often adminstered
in combination, but inhibit different parts of this pathway. Sulfonamides target dihydropteroate
synthetase, while trimethoprim inhibits the subsequent enzyme dihydrofolate reductase [7, 9, 17].

1.3 Biomedical Applications of Artificial Intelligence (AI) and

Foundations of Machine Learning

1.3.1 AI in Clinical Diagnostics, AMR Surveillance and Drug Discovery

Artificial intelligence is a powerful tool with considerable potential in combating the emerging
antibiotic resistance crisis. Increasing computational power and growing data sets have inspired
scientists to incorporate these tools in clinical diagnostics, AMR surveillance, and antibiotic
discovery [18].

Bacterial infections are typically diagnosed by antimicrobial susceptibility testing (AST),
polymerase chain reaction (PCR), or mass spectrometry. Bacterial cultures take a considerable
amount of time, which is a major limitation to rapid diagnostics. PCR is restricted to primers
that target known resistance determinants, and mass spectrometry relies on databases that often
insufficiently represent some bacterial species. Early detection is often crucial for serious bacterial
infections such as sepsis, meningitis, and toxic shock syndrome. Al can help improve the diagnosis
of sepsis by distinguishing it from mimicking diseases, accelerate the detection and identification
of species through interpretation of spectral fingerprints and improve patient treatment outcomes
through AMR prediction. This complies with antibiotic stewardship, which advocates that
infections should be treated with appropriate antibiotics while ensuring sustainable use of last
resort antibiotics [18]. Electronic health records (EHR) were introduced to take advantage of
clinical and laboratory data that was previously overlooked in healthcare systems. However,
using EHR for AT applications remains challenging, as data is often unstructured and inconsistent
[18, 19].

Monitoring AMR, determinants in healthcare, agriculture, and environmental settings is an-
other important factor in the global fight against AMR. This is part of the One Health approach,
because resistance emergence is complex and is not limited to healthcare only. AMR surveil-
lance can help identify new emerging AMR determinants and expose transmission networks. The
establishment of early warning systems can contribute to effective resource management and in-
tentional reactions. Efforts in global AMR surveillance have led to increasingly available whole
genome sequencing (WGS) data with assigned AST phenotypes [18-20]. Classic AMR prediction
based on genomic data comprises rule-based approaches, such as the ABRicate tool, where the
phenotype is classified by the presence or absence of known resistance determinants referenced

from curated databases [21, 22]. AI enhances AMR surveillance primarily by identifying novel
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AMR determinants through the analysis of important features on which the model bases its
decisions [20].

Although antibiotic resistance in pathogens continues to increase, the pace of antibiotic dis-
covery remains slow. The use of Al to support antimicrobial drug discovery has great potential.
It is applied in Al-based virtual screenings to predict antimicrobial function from molecular struc-
ture or in generative models that explore the chemical space for new compounds with targeted
characteristics. Natural products such as secondary metabolites are still a valuable reservoir
that can be investigated using artificial intelligence. Metagenomic and genomic data are also
used to predict antimicrobial peptides that may be helpful for drug discovery. Furthermore, the
combination and repurposing of existing drugs offer opportunities for new therapeutic options
[18, 19].

1.3.2 Overview on Machine Learning

Machine learning can be defined as the use of models for the prediction of an outcome variable
that learned on data. In general, supervised learning, where data has labels, is distinguished
from unsupervised learning, where data points come without labels. Supervised models rely
on a certain ground truth that is associated with the labels, while unsupervised models aim to
find patterns in the data without prior information. Classification refers to problems where the
output variable belongs to discrete categories, while in regression a continuous set of variables
is predicted. Clustering typically involves finding patterns and groups in the data. In order to
capture the underlying relationship, a model type is selected and then subsequently parameter-
ized in the learning process. The data is split into a data set for training and a validation data
set for performance evaluation. Ideally, the final model is judged by an independent test set.
Choosing a suitable model can be difficult and lead to common pitfalls such as underfitting or
overfitting of the model. To avoid these extremes, it is important to manage the bias-variance
trade-off. The bias describes the assumptions a model relies on to explain a particular problem,
while the variance explains the variation between models trained on different randomly sampled
training data sets. A model that does not fit the training data well and performs poorly is called
underfitting. This corresponds to high bias and low variance. Overfitting is more dangerous as
it simulates good performance in the training process but generalizes poorly to new unseen data.
An overfit model had learned to identify structures in the data that are not predictive of the
intended outcome variable. The model exhibits high variance and low bias |23, 24].

Features are the input that is fed to the model in training. The amount of features also
has an impact on underfitting or overfitting. Too little features will result in underfitting, while
too many features can lead to overfitting. Depending on the application, they require manual
creation or can be extracted from data. Experience and expertise are needed to choose and
reduce the features to a reasonable amount [23].

The selection of the machine learning framework depends on the application. In principle,
traditional machine learning methods are distinguished from deep learning techniques. The ar-
chitecture of deep learning is based on neural networks that pass data through multiple connected
nodes and layers [18]. Although powerful, deep learning requires large amounts of data with clear
relationships and many features. Furthermore, training is often longer and computationally more
expensive for deep learning models. It is also not trivial to identify key features, which is crucial

for clinical usage. Therefore, traditional machine learning methods like support vector machines
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(SVM), gradient boosting or random forests are often preferred over deep learning [24]. SVMs
require labeled input data and can be applied to classification or regression problems. They are a
good choice when the underlying relationship of the data is nonlinear, while still being applicable
for linear problems as well. They function by finding a hyperplane in high-dimensional space,
that separates the data. In order to select the best classifying hyperplane, the margin separating
the hyperplane from the nearest data point is maximized. Outliers are usually treated by defin-
ing a soft margin, that allows some data points to violate the hyperplane. A kernel function is
a mathematical technique used to transform data from a low-dimensional into high-dimensional
space, making separation of the data easier |24, 25|. Other methods frequently used are k near-
est neighbors and ensemble-based decision trees like gradient boost and random forest [24]. In
principle, decision trees are composed of a tree-like hierachy, with nodes containing questions
about features and child nodes with respective answers. A data point is classified by following
the path from the root node to the leaf node, depending on the answers that apply. Ensembles
of decision trees combine multiple single decision trees, providing increased accuracy. Random
forest techniques reduce chances of misclassifications by a collection of trees, that were built
randomly by replacement sampling out of the training set. The classification results are based
on the most frequently predicted class. [26] In gradient boosting, multiple weak decision trees

are combined into a strong classifier by repeatedly updating weights to minimize the error [27].

1.4 Architecture and Functionality of the Automated Learning
Pipeline for Antimicrobial Resistance (ALPAR)

In recent years, machine learning approaches have become popular for resistance prediction, as
they do not require prior knowledge of AMR genes and can help to find new resistance de-
terminants. Most machine learning frameworks predict resistance by extracting features from
whole genome sequencing data such as genes, single nucleotide polymorphisms (SNPs), nucleotide
k-mers, amino acid k-mers and combinations of genes and SNPs [22, 28|. Yurtseven et al. demon-
strated the importance of controlling for population effects in the machine learning process. The
authors published a novel pipeline called ALPAR for Mycobacterium tuberculosis, that predicts
antibiotic resistance by including a phylogenetic ranking of features. They were able to show an
increase in the performance of AMR prediction and also discovered a set of promising resistance-
associated mutations [29]. Although there are already reports on successful AMR prediction in
S. aureus published, the ALPAR pipeline has promising aspects in feature selection and perfor-
mance [30]. It can use a combination of gene content and SNPs as input features and accounts

for population structure via a phylogeny-related parallelism score (PRPS) score [29].

Figure 1.1 shows an overview of the structure of ALPAR, adapted to the workflow of this
thesis. The input of the pipeline requires genomic FASTA files arranged in a hierarchical folder
path [31]. From these files, binary tables are created. A phylogenetic binary table is constructed
that captures the resistance phenotypes for all input genomes. Prokka is used to annotate
genomic sequence data, followed by a gene presence and absence analysis using the clustering
tools CD-Hit or panaroo [32-34]. A custom protein database can be specified optionally. SNPs
are extracted with snippy from each genome by comparison with a reference genome [35]. Genes
and SNPs are then combined in a genotype binary table, and a threshold is applied to eliminate

features that are only present in a few genomes. Phylogenetic trees are created using MashTree
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or PanACoTA (36, 37|. For the calculation of the PRPS score, a matrix is created with the
pairwise distances of the nodes in the phylogenetic tree. In the following step, the clades are
collapsed whenever a feature is present in all the leaves. For every variant, the sum of pairwise
distances between all branch points with this feature is calculated, and its logarithm is taken.
This procedure is repeated for all features. In the machine learning training process, only the
top-ranked variants with the highest PRPS score are chosen as input for the model. Although
this percentage can be adjusted by the user, Yurtseven et al. determined that a threshold of 30 %
is optimal. The framework includes three different machine learning algorithms: SVM, random
forest and gradient boosting. Gini importance can be conducted for random forest and gradient
boosting models, while permutation importance can be used for SVMs. The final outcome of
the ALPAR pipeline includes trained models that can be used for prediction and a genome wide
association study (GWAS) analysis conducted with pyseer to detect important AMR genes and
mutations in the data [29, 31, 38].

genomic fasta files

with AST phenotype

e '

annotation with prokka

" J
variant calling | alignment with
with snippy 3 . Mash Tree

gene presence / absence
CD-Hit
\ J

[ phenotype binary table] [ genotype binary table ] [ phylogenetic tree ]
e N

Machine Learning 4—[ PRPS } GWAS
\_ J

( )

random forest / SVM /
gradient boost
S J

Feature Importance

trained model :
Analysis

Figure 1.1: Overview on the ALPAR pipeline adapted to the workflow of this work. The figure
was inspired by the flow chart on the github page of ALPAR |31].
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| Aim of this thesis

This thesis aims to establish the newly published tool ALPAR (Automated Learning Pipeline
for Antimicrobial Resistance) to predict antimicrobial resistance (AMR) for the high priority
pathogen Staphylococcus aureus. The purpose is to demonstrate the transferability of this ma-
chine learning framework to another species. Although there are already reports on successful
AMR prediction in S. aureus published, the ALPAR pipeline has promising aspects in feature
selection and performance [30]. It can use a combination of gene content and SNPs as input
features and accounts for population structure via a phylogeny-related parallelism score (PRPS)
score [29]. This work will involve the selection of appropriate data despite limited availability, the
training of machine learning models, and the evaluation of their performance. S. aureus isolates
from atopic dermitits patients will serve as a testing dataset for experimental validation. Key
variants will be detected through a feature importance analysis to make reliable and generaliz-
able predictions. Finally, an evaluation is conducted to determine whether ALPAR outperforms

the benchmark tool ABRicate, along with contextualizing the intended use of the pipeline.
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| Materials and Methods

This chapter presents a detailed explanation of the materials and methods used throughout this

work.

3.1 Data Collection

Input data sets for the training and testing of machine learning models were obtained from the
Biological and Viral Bioinformatics Resource Center (BV-BRC) [39]. The database was filtered
for unique genomes of good quality (genome quality analysis from BV-BRC database [40]),
whole-genome sequences or complete genomes and laboratory-based evidence on their respective
antimicrobial resistance phenotype. Antibiotics were selected based on the availability of at least
100 genomic sequences available after filtering. FASTA files were downloaded on November 16,
2024. Corrupted genomes in the database were excluded from the data set and can be found in
the table 6.1 in the supplementary section.

The reference genome ASM1342v1 (GCA 000013425.1) for Staphylococcus aureus (strain
Staphylococcus aureus subsp. aureus NCTC 8325) was obtained from the National Center for
Biotechnology Information (NCBI) on November 18, 2024 [41]. As a reference proteome, Staphy-
lococcus aureus (strain NCTC 8325 / PS 47) was chosen and accessed on November 18, 2024
42, 43].

3.2 Automated Learning Pipeline for Antimicrobial Resistance
(ALPAR)

The pipeline featured in this work is the Automated Learning Pipeline for Antimicrobial Resis-
tance (ALPAR) published by Yurtseven et al. in 2023 [29]. Version 0.7.2 was installed following
the instructions on GitHub [31].

3.3 Training and Testing of the Models

The automatic pipeline was run with a provided reference file and a custom protein database
(see section Data Collection). The options --no_datasail and mashtree --fast were used [36].

ALPAR annotates genomic sequences with prokka and compares them with the reference
genome in variant calling using snippy [32, 35]. Genes, single nucleotide polymorphisms (SNPs),
DNA insertions and deletions (INDELS) that were not identified in the reference genome were
collected as features in a genotype binary table. Features that were present in less than 0.2% of
all genomes were filtered out. To further reduce the number of features and to select for features
that are not linked to the population structure, a phylogeny-related parallelism score (PRPS)
is calculated as described in Yurtseven et al. Then 30% of the features with the highest PRPS
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score are selected for training.

For each antibiotic, models were trained using three different algorithms: Support Vector
Machine (SVM), Random Forest (RF) and Gradient Boosting (GB). The default values of all

parameters that were kept are listed in table 3.1.

parameter

value

prps_percentage
test_train_split

ml_algorithm

random_state (for train test split)
n_estimators (RF)
min_samples_split (RF)

max_depth (RF, GB)
min_samples_leaf (RF, GB)
resampling_strategy

cv (number of splits for cross-validation)
scoring (for cross-validation)

feature_importance_analysis_strategy

svm_kernel

C parameter

30%

0.20 (80% training, 20% testing)
Random Forest (RF),

Support Vector Machine (SVM),
Gradient Boosting (GB)

42

100

2

10

1

holdout (RF, GB), cross-validation (SVM)
4

Matthews Correlation Coefficient (MCC)
gini (RF, GB),

permutation importance (SVM)

linear

optimized (for [1, 2|) using GridSearchCV from
sklearn [44]

Table 3.1: Parameters used for training the models.

The pipeline lists a range of different validation metrics to assess the performance of the

models. The following metrics were chosen for the evaluation:

e Matthews Correlation Coefficient (MCC)

e Precision
e ROC curve and ROC AUC Score
e Sensitivity (recall)

e Specificity

The specificity was calculated from the confusion matrix using the following equation.

True Negatives

Specificity =

True Negatives + True Positives
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Learning curves were made with sklearn for all antibiotic models with random forest, gradient
boosting and support vector machine [44]. The parameters from table 3.1 were used. The
parameter C of support vector machine models was optimized using gridSearchCV from sklearn
[44]. For the generation of the learning curves, a 4-fold cross validation with Matthews correlation
coefficient scoring was used. Training size was split into 10 parts.

A gini importance analysis was conducted for the random forest models. Nine additional
models with different randomization seeds (0, 1, 9, 18, 42, 100, 222, 2000, 3497, 12345) were
trained using random forest with a holdout resampling strategy. Then, it was counted how often
a feature was among the top ten of the most important features. A mean importance score was
calculated from the results of the ten models.

The ALPAR pipeline includes a genome wide association study (GWAS) using pyseer, that
takes population structure into account [38]. Multiple testing was controlled by a Bonferroni
correction. Significant variants were identified by applying a p-value threshold of 0.05 that was
divided by the total number of SNPs.

All resulting features of the feature importance analysis and the GWAS study were blasted
against the Comprehensive Antibiotic Resistance Database (CARD) to identify already known
resistance determinants and hypothetical proteins were characterized using BLAST [45, 46].

Phylogenetic trees of the training data were created using iTOL [47]. Annotations include

genome IDs and a color expressing the genome’s phenotype (resistant = red, susceptible = blue).

3.4 Antimicrobial Resistance Prediction for an Isolate Collection

The models were tested on independent data from a Staphylococcus aureus isolate collection con-
sisting of 87 isolates. S. aureus was isolated from skin swap samples, collected from seven different
patients suffering from atopic dermatitis of the Medical University of Vienna and sequenced by
the Joint Microbiome Facility (JMF) using Nano Pore sequencing.

The original pipeline bases its predictions solely on single nucleotide polymorphisms and
omits presence or absence of genes. In order to include this, equalization of binary mutation
tables was done manually. In the first step, SNPs in the binary mutation tables of the model and
the isolates were filtered to extract the names of the genes. Basic Local Alignment Search Tool
(BLAST) was used to build a library of genes in the binary mutation table of the model [45].
Genes from the binary mutation table of the isolates are blasted against the model’s database
to assign the respective names. In the last step, column names in the binary mutation table of
the isolates are renamed after the highest hit of the BLAST output.

The prediction performance of the models for erythromycin and penicillin was evaluated in
comparison to the benchmarked tool ABRicate. The isolates chosen for each phenotype subgroup
were selected from different patients if possible. Five isolates per subgroup were tested, when
there were enough isolates with respective phenotypes. An overview of the isolates can be
obtained from table 6.2.

21



isolate ID  patient ID antibiotic tested

is001.06 p022 ERY
is001.09 p022 ERY, PEN
iso01.23 p022 ERY
is002.09 p022 ERY
is005.05 p023 ERY, PEN
is005.20 p023 PEN
is006.07 p009 ERY, PEN
is006.11 p009 PEN
iso(07.02 p009 PEN
iso07.07 p009 ERY, PEN
isol11.12 p025 PEN
is012.08 p026 ERY, PEN
is017.02 p021 PEN
isol7.14 p021 ERY
iso18.01 p021 ERY, PEN
is019.13 p029 ERY, PEN
is020.08 p029 ERY

Table 3.2: Overview on isolates experimentally tested. (ERY = erythromycin, PEN = penicillin,
R = resistant, S = susceptible)

3.5 Antibiotic Susceptibility Testing

Antibiotic susceptibility testing was performed by a Minimum Inhibitory Concentration (MIC)
assay. The clinical breakpoints of 11 mg- L~ for erythromycin and 0.1251mg- L~ for penicillin
were based on the official reference breakpoints of the European Society of Clinical Microbiology
and Infectious Diseases (EUCAST) (version 15.0) [48]. Two biological replicas were performed
with triplicates in each assay.

Overnight cultures were prepared in Mueller Hinton broth (Sigma-Aldrich) and incubated
overnight at 37°C with agitation. Penicillin (penicillin G sodium salt, Sigma-Aldrich) was dis-
solved in water and erythromycin (erythromycin, Sigma-Aldrich) in ethanol (Ethyl alcohol, pure,
2 99.8% (GC), for molecular biology, Merck) resulting in a final concentration of 1% v/v ethanol.

The sterile antibiotic stock solutions listed in table 3.3 were prepared.
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concentration /mg - L1

erythromycin  penicillin

88.0 1.0008
44.0 0.5004
22.0 0.2502
11.0 0.1251
5.50 0.0625
2.75 0.0313

Table 3.3: Concentrations of antibiotic stock solutions.

The optical density (OD) of the overnight cultures was measured at 600 nm and the inoculum
was adjusted to an OD of 0.002. The antibiotic stock solutions were diluted 1:1 with inoculum
in 96 well plates (Greiner 96 Flat Bottom Transparent Polystyrene). For each isolate, a growth
control was prepared in a 1:1 dilution of inoculum and medium. A vehicle control of a 1:1 dilution
of 1% v/v ethanol in water and inoculum was used to test solvent effects. For the sterile control
a 1:1 dilution of the highest antibiotic stock solution and medium was made. The 96 well plates
were then covered and incubated at 37 °C for 22 hours. A plate reader (infinite 200Pro) was used

to measure the optical density at 600 nm with 25 flashes and no shaking.

3.6 Comparison of the Prediction Performance for ALPAR and
ABRicate

The prediction performance of all 12 models trained by ALPAR was compared to the bench-
marked AMR prediction tool ABRicate (version 1.0.1) using the database AMRFinderPlus from
NCBI (5386 sequences, January 14, 2025) [21, 49]. Predictions were made for all 87 isolates of
the collection and then compared to ALPAR’s predictions by grouping together the results of all
isolates per patient. Due to the fact that all isolates were predicted resistant to tetracycline, the

reference genome was also used as an input for ABRicate with a similar outcome.
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| Results and Discussion

4.1 Collection of Training Data for the Machine Learning Models

The amount of data and its quality are an important factor when it comes to building a training
and a testing data set for machine learning. Polluted, faulty or incomplete input data can
result in poor model performance and unreliable predictions [28, 50|. The ALPAR pipeline
requires genomic sequence data labeled with a binary antimicrobial resistance phenotype of
"resistant" or "susceptible". It is challenging to find large amounts of publicly available whole
genome sequences that come with an antimicrobial resistance phenotype derived from laboratory
antimicrobial susceptibility testing (AST) [51, 52|. To address this data availability problem, the
BV-BRC database features a curated collection of genomes paired with AST data from several
different sources, such as NCBI or the United States National Institute of Allergy and Infectious
Diseases (NIAID) [52]. This database was used to construct and obtain the data used in this
project (see table 4.1) [39].

Antibiotic Pharmalogical class Number of genomes Genomes resistant
cefoxitin beta lactam 1149 895 (78%)
ciprofloxacin quinolone 2439 1111 (45%)
clindamycin lincosamide 1080 408 (38%)
erythromycin macrolide 2491 886 (36%)
fusidic acid fusidane 2167 331 (15%)
gentamicin aminoglycoside 2517 299 (12%)
methicillin beta lactam 1925 1158 (60%)
oxacillin beta lactam 562 93 (16%)
penicillin beta lactam 1474 1288 (87%)
tetracycline tetracycline 2203 364 (16%)
co-trimoxazole antifolate 687 192 (30%)
vancomycin glycopeptide 1357 45 (3%)

Table 4.1: Overview of the final input data set used for training and testing of the machine

learning models in this work.

The size of the samples in the data set depends on different aspects, such as the purpose
of prediction and the genomic diversity of the organism [20]. Highly clonal microbiota like My-

cobacterium tuberculosis will require fewer genomes to identify key predictors than Staphylococcus
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aureus, which generally shows greater genomic diversity and also relies on HGT to confer resis-
tance against antibiotics [53]. The amount of data and the choice of antibiotics to examine was
based solely on the access of the data, which is a common problem researchers face in predicting
AMR [20].

Only complete whole-genome sequences of good quality were used for further analysis. This
refers to the output of the genome quality analysis performed by the BV-BRC database. Quality
is measured by completeness, contamination, coarse consistency and fine consistency [40]. High
contamination or poor genome assembly quality can affect the process of finding the key features
that contribute to a certain phenotype [20]. The data set was constructed using all genomes
after filters were applied, including different hosts (primarily human) from different geographic
backgrounds and time frames. Due to limitations in the data availability, this could potentially
result in a sampling bias leading to confounding effects in the model. It would be interesting
to evaluate how many different clinical sources are represented. However, there are no filterable
metadata on whether it is a clinical sample. It often also lacks information about kind of disease
it was isolated from. The ALPAR pipeline provides a way to control population structure in the
data by calculating a phylogeny-related parallelism score (PRPS score), which is recommended

when using genomic data from various backgrounds [20].

Another important aspect to consider is class imbalance, where the two different phenotype
groups are represented by different amounts of samples. A model trained on an imbalanced data
set will direct its predictions towards the majority class, meaning it predominantly predicts the
more abundant class, resulting in a skewed prediction performance. This is reflected in the ratio of
sensitivity and specificity [52]. Whole-genome sequencing data combined with an antimicrobial
resistance phenotype is not only limited to data availability, but also often exhibits a strong
class imbalance [20]. This is potentially due to a sampling bias introduced by deep, nonrandom
sampling during disease outbreaks or sequencing after antimicrobial treatment failure. Data
also reflect a geographical sampling bias due to differences in available funding and surveillance
between nations [51, 52|. Strategies to overcome class imbalance include adjusting weights in
training samples, under-sampling the majority class or over-sampling the minority class [20, 28|.
For almost all antibiotic data sets in 4.1, class imbalance can be observed to a different extent.
The percentage of resistant genomes varies between a very small amount of resistant samples
for vancomycin (3%) and a very strong resistant class represented for penicillin (87%), as can
be seen in table 4.1. The pipeline handles an imbalanced data set by applying weights to the

classifiers, increasing the contribution of the minor class relative to the majority class.

4.2 Phylogenetic Relationships within Training Data

In order to calculate a PRPS score for each feature, a phylogenetic tree needs to be generated in
advance [29]. As described in the paper by Yurtseven et al., the ALPAR pipeline constructed a
maximum-likelihood phylogenetic tree for each data set which can be seen as an overview in figure
4.1 (for a details see figures 6.1 to 6.12 in the supplementary section). All pyhlogenetic trees
display mostly short branch lengths, consistent for closely related bacterial strains of the same
species. Except from vancomycin, all data sets show resistant genomes clustering in multiple
different branches throughout the tree. The vancomycin dataset only comprises 45 resistant

genomes (see table 4.1), which all came from the same publication on a MRSA outbreak in a
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special care baby unit in the United Kingdom [54]. The close phylogenetic relationship among
these isolates confirmed a local transmission event within this single care unit.
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Figure 4.1: Overview of the phylogenetic trees of the training sets of the different antibiotics.
Resistant genomes are colored red, susceptible ones are colored blue.
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4.3 Selection of informative Features via Phylogenetic Scoring

The ALPAR pipeline creates binary feature tables, including binary information (0 = absent, 1
= present) on annotated gene presence and absence, as well as single nucleotide polymorphisms.
In variant calling, mutations and genes relative to a reference genome are retained. In a first
feature filtering step, variants that are present in less than 0.2% of all genomes are dropped. In
a second step, a PRPS score is calculated for each feature to account for linkage disequilibrium
and population structure. This is done by computing the pairwise distances between all nodes of
collapsed clades with a specific SNP. The assigned score reflects how monophyletic or polyphyletic
a SNP is. A high PRPS score indicates an independent acquisition of the SNP by different
lineages of the tree, which is associated with resistance [29]. 30% of the features with the highest
scores are selected. The exact number of features reduced by each filtering step can be obtained
from table 4.2.

number of features

antibiotic
after variant calling after 0.2% after 30% PRPS

cefoxitin 290598 173946 52184
ciprofloxacin 401434 189636 56891
clindamycin 299492 192281 57685
erythromycin 423134 197082 59125
fusidicacid 407101 195614 58685
gentamicin 423387 189703 56911
methicillin 374852 161027 48309
oxacillin 266509 193097 57930
penicillin 373056 208127 62439
co-trimoxazole 238735 183656 95097
tetracycline 394885 189478 56844
vancomycin 357114 199255 9777

Table 4.2: Feature reduction by filtering and PRPS scoring.
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4.4 Model Training Procedure and Performance Validation

The ALPAR pipeline comes with a set of three different algorithms: random forest, gradient
boosting, and support vector machine. In general, it is recommended to evaluate multiple differ-
ent machine learning algorithms for their antimicrobial resistance prediction performance, before

making an informed choice [20, 51].

While random forest and gradient boosting are decision tree classifiers, SVMs approach clas-
sification differently. They find a separating hyperplane by using a kernel function that projects
the data from a lower dimension into a high-dimensional space to partition it |20, 25]. The inter-
pretability of machine learning models through a transparent prediction process is an important
factor in clinical healthcare applications where the outcome can impact human lives [20, 55].
Support vector machines are typical black-box-based models, meaning they are mathematically
hard to explain and their prediction flow is not traceable [56]. Unless a linear kernel is used, it
is also not possible to evaluate important features in the prediction process [20]. But black-box
models are not necessarily a bad choice. There are practical applications such as the use of deep
learning in mammography, where the model is difficult to understand, but its output is explain-
able by experts [57]. The reason why the results are often not explainable is mostly due to a
transformation of the model’s output data into something very different [56]. In this project, the
output of the SVM is clearly understandable in the form of a classification between resistance
and susceptibility. However, the potential use of such a model in the clinical decision-making
process would require a fully interpretable model. When ALPAR is used for research purposes,

SVMs are still a valuable choice as an algorithm, and were therefore trained and evaluated.

The most simple and widely used white-box algorithm are decision trees that feature not
only accurate predictions but are also understandable in terms of their traceability and explain-
ability. Decision trees are constructed in a hierarchical tree structure, with a top root node
branching into internal child nodes and finally resulting in leaf nodes. Every node poses a ques-
tion about a certain feature, sorting the data into two groups with different answers (yes / no),
which again make up nodes. The final associated class is decided by the leaf node which the
path reaches [26, 56|. Ensemble decision trees, which are collections of multiple decision trees,
are among the best performing machine learning algorithms [58]. Random forest and gradient
boosting are such approaches, where a set of different trees is built [26]. Due to their explanatory
and understandable fashion, they are great options for the prediction of clinical antimicrobial

resistance.

For each antibiotic, the three algorithms were used for training. The input data set was split
into training and validation sets using different strategies in order to assess the performance of
the model after training. For the support vector machine models, a four-fold cross-validation
technique was used. For models trained with random forest and gradient boosting algorithms,
a holdout validation set was randomly constructed using a test-train split of 0.2%. For the
assessment of model performance, different metrics were evaluated. Accuracy is a widely known
evaluation metric for classifier performance. It measures how many correct predictions are made
by the model. But it can be misleading, when the data set is imbalanced, as it could overestimate

the performance of a model that predicts the majority class over and over [59, 60].

The Area under the ROC curve (AUROC) is a metric that can be used to compare the

performance of models between each other. The ROC curve shows the true positive rate (TPR)
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as a function of the false positive rate (FPR). A classifier making random decisions for predictions
will have an AUROC of 0.5, while a perfect model will have an AUROC of 1.0 [60]. Generally, the
AUROC scores of all models are very high (see table 4.3), with values between 0.842 for penicillin
with a support vector machine and 1.0 for vancomycin regardless of the algorithm used. The
AUROC can be a misleading metric, when looking at classifiers trained on imbalanced datasets.
The model may be doing a good job in predicting susceptible bacteria resulting in a high false
positive rate, but struggles to predict whether a bacterium is resistant resulting in a low true
positive rate [60]. This could be the case for vancomycin, as it has the highest class imbalance

with only 3 % resistant genomes and the best model performance when comparing the AUROC.

ROC AUC (area under the curve)

Antibiotic Support Vector Machine Random Forest Gradient Boosting

cefoxitin 0.955 0.967 0.944
ciprofloxacin 0.964 0.989 0.989
clindamycin 0.948 0.973 0.977

erythromycin 0.939 0.976 0.973
fusidic acid 0.905 0.970 0.969
gentamicin 0.934 0.985 0.978
methicillin 0.987 0.990 0.990

oxacillin 0.873 0.965 0.921

penicillin 0.842 0.857 0.861
tetracycline 0.954 0.997 0.980

co-trimoxazol 0.910 0.939 0.866
vancomycin 1.0 1.0 1.0

Table 4.3: ROC AUC (area under the curve) Score for different machine learning algorithms for

all trained models.

For binary classifications with imbalanced data sets, it is recommended to look at the confu-
sion matrix, as it displays the performance of the different classes individually by counting the
prediction outcomes [60]. It visualizes the relationship between the actual class labels and the
predicted outcomes [59]. From the confusion matrix, the ALPAR pipeline directly calculates a

range of evaluation metrics for each model.

The precision scores (see table 4.4) are defined as the number of true resistant predictions
divided by the total number of resistant predictions. The recall or sensitivity (see table 4.5) of
the model quantifies the number of true resistant predictions out of all actual resistant genomes.
The specificity values reflect the proportion of correctly predicted susceptible genomes out of all
actually susceptible genomes (see table 4.6) [59, 60]. These are especially meaningful to evaluate
when the data set is imbalanced [20].

30



Precision

Antibiotic Support Vector Machine Random Forest Gradient Boosting

cefoxitin 0.979 0.984 0.973
ciprofloxacin 0.982 1.0 1.0
clindamycin 0.933 0.988 0.966

erythromycin 0.913 0.972 0.972
fusidic acid 0.932 1.0 0.984
gentamicin 1.0 1.0 1.0
methicillin 0.987 0.991 0.991

oxacillin 0.909 0.812 0.774

penicillin 0.967 0.970 0.970
tetracycline 0.974 0.976 0.987
cotrimoxazol 0.905 0.891 0.854
vancomycin 1.0 1.0 1.0

Table 4.4: Precision for different machine learning algorithms for all trained models.

Sensitivity (recall, true positive rate)

Antibiotic Support Vector Machine Random Forest Gradient Boosting

cefoxitin 1.0 1.0 1.0
ciprofloxacin 0.942 0.978 0.978
clindamycin 0.943 0.954 0.977

erythromycin 0.929 0.967 0.961
fusidic acid 0.821 0.940 0.940
gentamicin 0.868 0.971 0.956
methicillin 0.991 0.991 0.991

oxacillin 0.769 1.0 0.923

penicillin 0.985 0.981 0.989
tetracycline 0.915 1.0 0.963

co-trimoxazol 0.864 0.932 0.795
vancomycin 1.0 1.0 1.0

Table 4.5: Sensitivity (recall score, true positive rate) for different machine learning algorithms

for all trained models.
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Specificity (true negative rate)

Antibiotic Support Vector Machine Random Forest Gradient Boosting

cefoxitin 0.911 0.933 0.889
ciprofloxacin 0.985 1.0 1.0
clindamycin 0.953 0.992 0.977
erythromycin 0.949 0.984 0.984
fusidic acid 0.989 1.0 0.997

gentamicin 1.0 1.0 1.0
methicillin 0.983 0.988 0.988

oxacillin 0.977 0.931 0.919

penicillin 0.700 0.733 0.733
tetracycline 0.994 0.994 0.997

co-trimoxazol 0.957 0.947 0.936
vancomycin 1.0 1.0 1.0

Table 4.6: Specificity (true negative rate) for different machine learning algorithms for all trained

models.

The Matthews Correlation Coefficient (MCC) is considered a robust evaluation metric in
cases of classification with an imbalanced data set. It takes into account all four cases of the

confusion matrix and is calculated as follows:

TP - TN — FP - FN
V(TP + FP) - (TN + FP) - (TN + FN)

Calculation of the Matthews Correlation Coefficient. (TP = True Positives, TN = True
Negatives, FP = False Positives, FN = False Negatives

If a classifier makes random decisions, the MCC is 0, for a perfect model, it approaches +1,
and for a model that predicts completely incorrectly, it approaches -1. Due to the imbalanced
data sets in this project, the Matthews Correlation Coefficient was the most suitable metric
and was therefore selected for model evaluation. Performance was generally very high, with
values between 0.743 and 1.0, indicating well-predicting models (see table 4.7). The resulting
vancomycin model with an MCC of 1.0 should be treated carefully, as this data set has the
highest imbalance of only 3% resistant genomes. It also could be the case that the data on the
resistant genomes is not very genetically diverse and only reflects a specific resistance mechanism

that can be clearly distinguished from susceptible genomes.
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Matthews Correlation Coefficient

Antibiotic Support Vector Machine Random Forest Gradient Boosting

cefoxitin 0.944 0.958 0.930
ciprofloxacin 0.930 0.980 0.980
clindamycin 0.895 0.952 0.952

erythromycin 0.875 0.952 0.948
fusidic acid 0.854 0.964 0.955
gentamicin 0.922 0.983 0.974
methicillin 0.975 0.980 0.980

oxacillin 0.793 0.870 0.795

penicillin 0.743 0.749 0.784
tetracycline 0.932 0.985 0.970

co-trimoxazol 0.832 0.869 0.746
vancomycin 1.0 1.0 1.0

Table 4.7: Matthews Correlation Coefficient for different machine learning algorithms for all

trained models.

Following the evaluation results of the final model, learning curves show the generalization
performance of classifiers with respect to the number of training examples. This is done through
plotting the training and validation error against the size of the training set. They give insight
into sample size determination, meaning they help researchers decide whether sample sizes should
be increased for a specific performance or whether they can be decreased to save computational
resources. Learning curves usually exhibit power-law or exponential behavior with smooth,
monotone curves. Shapes of ill-behaved learning curves that display different behaviors like
peaking or dipping can indicate model instability or misspecification of the classification problem.
Phase transitions are characterized by abrupt, nearly discontinuous changes in the learning curve
[61]. As the number of training examples increases, the training and testing errors are expected
to decrease, gradually approaching each other and reducing the difference between the two error
rates [62]. Additionally, one can estimate overfitting or underfitting of the models to the data
by qualitatively looking at the learning curves. A model with high variance and low bias is too
complex, fitting the training data too well. This is called overfitting, where the model learns to
adapt to the noise in the data set and does not represent the true relationship of the underlying
data set. It is not able to generalize to new, unseen data because it has learned patterns that
are not representative of the whole population. The opposite behavior is underfitting, where
the model is not complex enough to fit the training data well enough. It oversimplifies the data
pattern with high bias and low variance. Furthermore, it generalizes poorly to new population
data [63, 64]. Except for vancomycin, all curves for gradient boosting and SVM (figures 4.2
and 4.3) show a decreasing validation error with increasing training set size, indicating that the
models generalize better with a larger data set. When looking at the learning curves from the
gradient boosting algorithm, the antibiotics ciprofloxacin, clindamycin, oxacillin, tetracycline
and co-trimoxazole show a small increase of the validation error with higher sample size. This

indicates overfitting, because the model starts to adapt to noise in the data. Here, it could
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help to stop training earlier with a smaller training set size or reduce complexity [24]. For some
antibiotics, the learning curves failed for smaller training subsets. Since a 4-fold cross-validation
was used and data is very imbalanced for some antibiotics, it could be the case that the folds
are just too small for the smaller training subsets. Only some of the learning curves show a
power-law or exponential behavior. The training error is very low for all models in figure 4.2
and 4.3, while the validation error is still very high, indicating that the models are overfit and

do not generalize well.
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Figure 4.2: Learning curves for all antibiotic models with gradient boosting.
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Figure 4.3: Learning curves for all antibiotic models with support vector machine.

The learning curves for the random forest models in figure 4.4 indicate an overall better

performance than for SVM or gradient boosting. The training error is very high at the beginning,

showing an underfit model that does not describe the underlying pattern well. With larger data

subsets, it drops drastically, almost like in a phase-transition. For some models, the training

error then gets higher again, but with a steadily decreasing validation error. The models learn

patterns better and decrease overfitting at the cost of the training error, which in turn benefits

generalization to new data. For most of the models, the difference between training and validation

error is not very high in the end, indicating a well-performing model. Therefore, further analysis

was constricted to random forest models.
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Figure 4.4: Learning curves for all antibiotic models with random forest.

4.5 Assessment of Feature Importance in Random Forest Models

A feature importance analysis was performed to study which features (SNPs, genes) have the
greatest impact on the prediction process of the random forest models. It includes how often a
certain feature occurred among the top 10 features in the importance analysis. In the feature
importance ranking, the Gini coefficient is a number that scores how much a feature contributes
to the classification tree [65]. A mean Gini importance coefficient was calculated from all Gini
coefficients of the trained models where the feature was among the top 10 features. Examining
the most relevant features for the model is an important part in verifying how generalizable and
reliable a model really is. Highly ranked features can also give insight into new potential antibiotic
resistance determinants or evolving resistance mechanisms |66]. Therefore, a feature importance
analysis of machine learning models that predict AMR has great potential for antibiotic resistance

research.
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4.5.1 Penicillin

In the subsequent section, the results of the feature importance analysis for penicillin are dis-
cussed (see table 4.8). Penicillin resistance is typically conferred by a (-lactamase, which was
found as the most important feature in the model. It is an inducible extracellular enzyme that
cleaves the f-lactam ring of penicillin, thus inactivating the antibiotic [67|. The highest-ranked
variant for the penicillin model is the class A [-lactamase PC1-1 (100% identity). The Beta-
Lactamase Database (BLDB) was used to determine the exact type of 8-lactamase, as there are
many different classes and structures [68|. The second highest-ranked hit in the feature impor-
tance analysis is the gene encoding the penicillinase repressor. The penicillinase of S. aureus is
an inducible enzyme that needs the repressor protein Blal to express f-lactamase [69]. Penicillin
resistance is often transmitted via (-lactamase plasmids that can also carry resistance genes
against heavy metals such as cadmium [67]. Two proteins associated with cadmium resistance
were found among the top hits. These variants were probably co-localized on the same plasmid,
which justifies their presence among the results. The Hin DNA invertase is a site-specific recom-
binase that mediates DNA inversion through recognition of inverted repeat sequences. This type
of regulated phase variation between an ON and OFF state can be found in host-associated bac-
terial species and near antibiotic resistance genes |70]. According to Rowland and Dyke and Lyon
and Skurray, plasmids containing the bla operon contain flanking inverted repeat sequences that
are associated with the Hin DNA invertase, which explains its importance in the model. Another
promising feature is the ABC transporter ATP-binding protein, which resembles the VRA-F pro-
tein by 38.342 % [46]. According to Cao et al., this is an ABC transporter ATP-binding protein
that confers resistance to vancomycin in S. aureus. This transporter is likely to function as an
export system for the antibiotic itself or to contribute to virulence [74]. A BLAST search iden-
tified a hypothetical protein that was 4 times among the top 10 most important features in the
penicillin model as the bacteriocin lactococcin 972. This points to horizontally acquired virulence
genes against lactococci, as there is no known connection between the possession of lactococcin
972 genes and penicillin resistance [75|. Feature analysis of the most important features holds
great potential for finding new antibiotic resistance determinants or mechanisms. For instance,
the YxeA family protein is part of the yxdLMyzeA operon, which might be involved in the re-
sistance against an unknown group of antibiotics |76]. The YolD-like family protein is assumed
to be a type V DNA polymerase that repairs damaged DNA as part of the SOS stress response.
Infection of the host, as well as exposure to antibiotics can trigger this pathway, indirectly linking
it to antibiotic resistance [77|. For the last feature, the ISNCY family transposase, there was no

literature found in connection to antibiotic resistance in S. aureus.
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variant variant type occurence (out of 10) mean gini coefficient

Beta lactamase annotated gene 8 0.02592
Penicillinase repressor annotated gene 8 0.10011
DNA invertase hin annotated gene 8 0.00919
ABC transporter ATP annotated gene 7 0.00589
binding protein putative

Cadmium resistance annotated gene 6 0.00733
transcriptional regula-

tory protein CadC

Cadmium resistance annotated gene 5 0.0054
protein [Staphylococcus

aureus|*

YxeA family protein annotated gene 4 0.00728
[Staphylococcus au-

reus|*

lactococcin 972 family annotated gene 4 0.00924

bacteriocin  [Staphylo-

coccus aureus|*

YolD-like family pro- annotated gene 4 0.01409
tein [Staphylococcus au-

reus|*

ISNCY family trans- annotated gene 4 0.0085
posase [SBIli29

Table 4.8: Top 10 results of the feature importance analysis of the 10 random forest models
of the antibiotic penicillin. Mutation in genes and hypothetical proteins were identified using
BLAST and are indicated by a star [45].

4.5.2 Other fp-lactams (methicillin, cefoxitin, oxacillin)

The following section will discuss the results of the feature importance analysis for the [-
lactamase-resistant (-lactams methicillin, oxacillin and the cephalosporin cefoxitin [78]. Re-
sistance against these (-lactams is conferred through the expression of PBP2a, a low-affinity
penicillin binding protein (PBP) that S-lactams cannot bind. It is encoded by the mecA gene,
which is part of the mec operon together with the regulatory genes mec/ and mecR1. This
operon is typically part of the staphylococcal cassette chromosome mec (SCCmec) complex. An-
other element of the SCCmec are the chromosome cassette recombinases (ccr), that integrate the
complex into the genome at a specific site. Depending on the exact composition of the SCCmec,
multiple different types have been reported [67, 69].

For all three antibiotic models, the characteristic mecA gene was found among the most
important variants (tables 4.9, 4.10 and 4.11). Other prominent parts of the SCCmec like the
mecR1 gene and recombinases such as the CcrA recombinase were also identified. Sabat et al.
describe a new SCCmec subtype that includes a glycerophosphoryl diester phosphodiesterase
and a MaoC family dehydratase, both among the highest ranked features in the methicillin
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and oxacillin model. In the cefoxitin model, only the MaoC family dehydratase was found in the
results. A paper published in 1991, already reported a gene product in the SCCmec similar to the
sn-glycerophosphoryl diester phosphodiesterase in Escherichia coli [80]. Another variant deemed
important across all models is the HMG CoA synthase. This enzyme plays an essential role in
the mevalonate pathway of the peptiodglycan synthesis in S. aureus and is vital for growth, but
little is known about a connection between this synthase and the SCCmec [81]. Zong explored
the genomic region around the mecA gene of a clinical Staphylococcus haemolyticus isolate that
did not contain ccr genes. In their work, HMG CoA synthase is found near the mecA gene. Due
to the fact that this enzyme is one of the most important features in all three antibiotic models
and is found near the SCCmec locus, this suggests that the SCCmec probably also contains
metabolic genes too. It may not have a direct impact on antibiotic resistance, but it would be
interesting to further explore this connection. Insertion sequences like IS431, which was identified
in the feature analysis of the methicillin model, can lead to constitutive expression of mecA [67].
This variant was therefore correctly associated with resistance against -lactams. Liu et al. also
identified IS6 transposase as an important feature for their methicillin machine learning model.

Many SCCmec related features were found across all three §-lactam models, but the fol-
lowing paragraphs will focus on variants unique to each specific antibiotic model. Restriction-
modification systems regulate the acquisition of foreign DNA and are ubiquitous in all S. aureus
strains. Type 1 restriction-modification system endonucleases, a variant found in the results
for methicillin, are said to block horizontal gene transfer in and between different lineages of S.
aureus. Especially for MRSA and vancomycin resistant S. aureus (VRSA) this is typical [83].
While this system is important for the dissemination of mobile genetic elements, it is not directly
linked to B-lactam resistance. A BLAST search for the hypothetical protein in the methicillin
model as well as the oxacillin model resulted in a sequence alignment with the MrcB family-
domain containing protein, that encodes for PBP1B in Escherichia coli [45, 84]. This protein
is associated with resistance to the (g-lactam mecillinam, but is misleading in the context of
resistance prediction for methicillin and oxacillin [84].

Virulence genes such as the serine protease SplA or the missense mutation in the signal
transduction protein TRAP are also among the most important features of the cefoxitin model
|85, 86]. Acquisition and regulation of antibiotic resistance are often intertwined with increased
virulence, which explains why virulence genes are often considered important [87]. Intergenic
SNPs or other noncoding regulatory sequences can also play a potential role in resistance ac-
quisition [88|. There is no known connection between the RES domain-containing protein and
resistance to cefoxitin, making this a spurious feature.

For the oxacillin model, the DUF1643 domain-containing protein and the hypothetical pro-
tein that aligns with a protein from Staphylococcus epidermidis are uncharacterized proteins.
Here, more experimental research is needed to investigate a potential relationship with antibi-
otic resistance. The synonymous mutation in the gene encoding fructose-bisphosphate aldolase,

which is involved in virulence, is again a spurious feature [89].
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variant variant type occurence (out of 10) mean gini coefficient

MaoC family dehy- annotated gene 10 0.02455
dratase [Staphylococcus

aureus|*

HMG CoA synthase pu- annotated gene 9 0.02058
tative

PBP2a family beta lac- annotated gene 9 0.02493

tam resistant peptido-

glycan transpeptidase

MecA

glycerophosphoryl  di- annotated gene 9 0.0224
ester phosphodiesterase

[Staphylococcus au-

reus|*

recombinase family pro- annotated gene 8 0.01104

tein [Staphylococcus au-
reus|*
beta lactam sensor sig- annotated gene 7 0.01346

nal transducer MecR1

IS6 family transposase annotated gene 7 0.01468
IS431mec

MrcB family domain- annotated gene 6 0.00634
containing protein

[Staphylococcus au-

reus|*

type I restriction annotated gene 6 0.01108
enzyme endonucle-

ase domain-containing

protein, partial [Staphy-

lococcus aureus|*

recombinase family pro- annotated gene 6 0.01
tein [Staphylococcus au-

reus|*

Table 4.9: Top 10 results of the feature importance analysis of the 10 random forest models
of the antibiotic methicillin. Mutation in genes and hypothetical proteins were identified using
BLAST and are indicated by a star [45].
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variant variant type occurence (out of 10) mean gini coefficient

PBP2a family beta lac- annotated gene 6 0.00686
tam resistant peptido-

glycan transpeptidase

MecA

MaoC family dehy- annotated gene ) 0.00513
dratase [Staphylococcus

aureus|*

HMG CoA synthase pu- annotated gene 4 0.00564
tative

serine protease SplA snp: missense 4 0.0034
intergenic snp: intergenic 4 0.00409
intergenic snp: intergenic 4 0.00207
intergenic snp: intergenic 4 0.00583
signal transduction pro- snp: missense 4 0.00215
tein TRAP [Staphylo-

coccus aureus|*

intergenic snp: intergenic 3 0.00338
RES family NAD-+  snp: missense 3 0.00257

phosphorylase [Staphy-

lococcus aureus|*

Table 4.10: Top 10 results of the feature importance analysis of the 10 random forest models
of the antibiotic cefoxitin. Mutation in genes and hypothetical proteins were identified using
BLAST and are indicated by a star [45].
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variant variant type occurence (out of 10) mean gini coefficient

PBP2a family beta lac-  annotated gene 9 0.02723
tam resistant peptido-

glycan transpeptidase

MecA

MaoC family dehy- annotated gene 6 0.03524
dratase [Staphylococcus

aureus|*

MrcB family domain-  annotated gene 6 0.02735
containing protein

[Staphylococcus au-

reus|*

glycerophosphoryl  di-  annotated gene 6 0.03213
ester phosphodiesterase

[Staphylococcus au-

reus|*

HMG CoA synthase pu-  annotated gene 5 0.02756
tative

intergenic snp: intergenic 4 0.00275
cassette ~ chromosome  annotated gene 4 0.00299
recombinase CcrA

[Staphylococcus au-

reus|*

DUF1643 domain-  annotated gene 4 0.00986
containing protein

[Staphylococcus au-

reus|*

class  IIb  fructose- snp: synonymous 3 0.00306

bisphosphate aldolase

FdaB [Staphylococcus

aureus|*

conserved hypothetical — annotated gene 2 0.02089
protein [Staphylococcus

epidermidis ATCC

12228]*

Table 4.11: Top 10 results of the feature importance analysis of the 10 random forest models
of the antibiotic oxacillin. Mutation in genes and hypothetical proteins were identified using
BLAST and are indicated by a star [45].

4.5.3 Tetracycline

Table 4.12 shows the most important features of the tetracycline model. This antibiotic arrests
protein synthesis by binding to the 30S subunit of the bacterial ribosome. Known AMR, determi-
nants for tetracycline include tetA(K) and tetA(M) [67]. As expected, genes encoding the efflux

42



pump tetA(K) and the ribosomal protection protein tetA(M) were found among the important
features. The hypothetical protein CGP98 00055 appears to be an interesting candidate involved
in antibiotic resistance, as it is considered important in all ten tetracycline models. Although the
mean gini coefficient is higher for tetA(K), this hypothetical protein occurred more frequently
in the top ten features of the models. Interestingly, Liu et al. also found a hypothetical pro-
tein (SAOUHSC 02693) with 33 amino acids among the feature importance results for their
tetracycline model. While both have the exact same length, their sequence differs. Among the
results are also features that are not resistance determinants, but related to the dissemination of
resistance in general. Relaxases of the MobV family are metal-dependent nucleases that break
and join DNA in horizontal gene transfer, which is directly linked to the spread of antibiotic
resistance [90]. Replication initiation proteins are vital for plasmid progression and are therefore
also linked to evolving resistances through mobile genetic elements. A BLAST search identified
both replication initiation proteins as the rep gene on pCW?7 [45]. This plasmid is part of the
pT181 family, antibiotic resistance plasmids typically associated with resistance to tetracycline
[67, 91, 92]. One way bacteria are able to react to environmental stresses such as antibiotic ex-
posure is by extracytoplasmic sigma factors (ECF), that activate specific target genes [93]. The
RNA polymerase sigma factor found in the results was characterized as an ECF using BLAST
[45]. In response to stress, bacteria can change their transcriptome. Chu et al. reported multiple
proteins containing helix-turn-helix domains (HTH) that are involved in the transcriptome mod-
ulation of S. aureus and states that their impact on gene expression is underestimated. More
knowledge of HTH-domain-containing proteins could provide insight into alternative ways in
which bacteria can survive under stress, such as exposure to antibiotics. This could then explain
their importance in the model. Another feature found among the results is a signal peptidases
of type 1 (spsA and spsB), which is an attractive antibiotic target for novel antibiotic drugs,
because SpsB is vital for the processing of peptides in S. aureus [95]. SpsA is a catalytically
inactive signal peptidase upstream of SpsB. With the continuous development of drugs against
SpsB, it could be possible that gain-of-function mutations in SpsA could lead to its activation

and potentially be linked to resistance [96].
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variant variant type occurence (out of 10) mean gini coefficient

hypothetical protein  annotated gene 10 0.03161
CGP98 00055 [Staphy-

lococcus aureus|*

tetracycline eflux MFS  annotated gene 8 0.0666
transporter Tet K

MobV family relaxase annotated gene 7 0.03554
[Staphylococcus au-

reus|*

Replication initiation  annotated gene 7 0.03395
protein

RNA polymerase sigma  annotated gene 6 0.01557
factor [Staphylococcus

aureus|*

tetracycline resistance  annotated gene 5 0.04528

ribosomal protection
protein Tet(M) [Staphy-

lococcus aureus|*

Signal peptidase [A, pu- snp: synonymous 4 0.00318
tative

Replication  initiation  annotated gene 4 0.01555
protein

helix-turn-helix annotated gene 4 0.01835

domain-containing

protein [Staphylococcus

aureus|*

hypothetical protein snp: other 3 0.00272
[Staphylococcus au-

reus|*

Table 4.12: Top 10 results of the feature importance analysis of the 10 random forest models
of the antibiotic tetracycline. Mutation in genes and hypothetical proteins were identified using
BLAST and are indicated by a star [45].

4.5.4 Gentamicin

Resistance to gentamicin is mediated by different strategies. The most common mechanism
is modification of the antibiotic itself through enzymes such as aminoglycoside acetyltransferase
(AAC), aminoglycoside adenyltransferase (AAD) and aminoglycoside phosphotransferase (APH).
Bacteria can also alter their membrane that interferes with antibiotic uptake or modify the riboso-
mal structure through mutations [67]. Among the most important features listed is a bifunctional
enzyme consisting of two enzymatic activities, as well as the aminoglycoside acetyltransferase
of the GNAT family [97]. Using the CARD database, the subunits of the bifunctional enzyme
were aligned to the AAC(6’)-Ie and to APH(2”)-Ia [46]. The hypothetical proteins could also be

a potential aminoglycoside-modifying enzyme and should be further studied. In staphylococci,
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the insertion sequence IS256 is also associated with resistance to gentamicin and therefore a
plausible variant found by the pipeline [6]. It is interesting that the HTH-domain-containing
protein is considered important not only in the tetracycline model but also in the gentamicin
model. Since both antibiotics target the same subunit of the ribosome, this could indeed be
a promising candidate for a new resistance mechanism. The co-occurrence of heavy metal re-
sistance with antibiotic resistance determinants is well-established. Resistance to mercury is
encoded by the mer operon which is often found on multi-resistance plasmids such as pI258.
However, these are typically associated with the dissemination of S-lactamase genes [6]. There is
no known connection between the found variant dihydrolipoamide dehydrogenase and antibiotic
resistance. However, this enzyme was associated with membrane-bound ribosomes involved in

protein synthesis, which has a modest connection to the resistance mechanism of gentamicin.

variant variant type  occurence (out of 10) mean gini coefficient
GNAT family N- annotated gene 8 0.07139
acetyltransferase

[Staphylococcus au-

reus|*

IS256  family trans- annotated gene 7 0.0409
posase [S256

Bifunctional AAC-APH annotated gene 6 0.08629
Uncharacterised  pro- annotated gene ) 0.02758
tein  [Staphylococcus

aureus|*

helix-turn-helix annotated gene ) 0.03188

domain-containing

protein [Staphylococcus

aureus|*

mercuric transport pro- annotated gene 4 0.01873
tein MerT [Staphylo-

coccus aureus|*

Alkylmercury lyase annotated gene 4 0.02523
dihydrolipoamide dehy- annotated gene 4 0.01997
drogenase

hypothetical protein annotated gene 3 0.03044
[Staphylococcus au-

reus|*

Mercuric resistance annotated gene 3 0.02298

operon regulatory pro-

tein

Table 4.13: Top 10 results of the feature importance analysis of the 10 random forest models
of the antibiotic gentamicin. Mutation in genes and hypothetical proteins were identified using
BLAST and are indicated by a star [45].
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4.5.5 Ciprofloxacin

Ciprofloxacin is a fluoroquinolone antibiotic that interferes with DNA replication through inhibi-
tion of DNA gyrase and topoisomerase [V. Common mechanisms of resistance against ciprofloxacin
include mutations in the genes gyrA and gyrB encoding the DNA gyrase and grliA and grlB en-
coding the topoisomerase IV in S. aureus |98]. Three mutations in those genes are among the
highest-ranked features (see table 4.14). The missense mutation (C:T) in DNA gyrase gene
gyrA is resulting in a substitution of serine-84 to leucine. This is an already known mutation
in ciprofloxacin-resistant S. aureus [99]. The two missense mutations in the topoisomerase IV
gene griA codon 80 are serine-to-phenylalanine (second highest-ranked mutation) and serine-to-
tyrosine (fifth highest-ranked mutation) exchanges that have previously been reported [100]. The
intergenic mutation found in the results, lies in the mepRAB operon, which is an eflux pump
associated with resistance to ciprofloxacin [101]. This highlights again that it is important to
further explore mechanisms of resistance conferred through non coding regions. Another feature
that was termed important in 7 out of 10 models is the ImmA /IrrE family metallo-endopeptidase.
According to Karimaei et al. it is only indirectly related to resistance, as it is part of the stress
response under antibiotic exposure. Many of the genomes used to train the ciprofloxacin model
were presumably also resistant to methicillin or other S-lactams, as some of the most important
features are PBP2a, MaoC family dehydratase and glycerophosphoryl diester phosphodiesterase.
These variants are nonspecific to the prediction of resistance to ciprofloxacin and introduce con-
founding effects. For the uncharacterized DUF6119 family protein and the YwqG family protein

no known connection to resistance was found.
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variant variant type occurence (out of 10) mean gini ceofficient

DNA gyrase, A subunit snp: missense 8 0.06185
DNA topoisomerase IV, snp: missense 8 0.03814
A subunit

ImmA /TrrE family  annotated gene 7 0.00475
metallo-endopeptidase

[Staphylococcus au-

reus|*

PBP2a family beta lac-  annotated gene 5 0.0163

tam resistant peptido-

glycan transpeptidase

MecA

DNA topoisomerase IV, snp: missense 5 0.01165
A subunit

MaoC family dehy- annotated gene 4 0.01181
dratase [Staphylococcus

aureus|*

DUF6119 family pro- snp: other 3 0.00496
tein [Staphylococcus au-

reus|*

glycerophosphoryl di-  annotated gene 3 0.02584
ester phosphodiesterase

[Staphylococcus au-

reus|*

intergenic snp: intergenic 3 0.00663
YwqG family protein snp: synonymous 3 0.00772
[Staphylococcus au-

reus|*

Table 4.14: Top 10 results of the feature importance analysis of the 10 random forest models of

the antibiotic ciprofloxacin. Mutation in genes and hypothetical proteins were identified using
BLAST and are indicated by a star [45].

4.5.6 Erythromycin and clindamycin

Erythromycin and clindamycin both target the 50S ribosomal subunit, thereby arresting protein
synthesis. Resistance is conferred by reducing the binding affinity of the antibiotic through
methylation of the 23S rRNA, export, or modification of the antibiotic itself. Genes that are
associated with macrolide or lincosamide resistance include erm(C), erm(A) and erm(B) |67].
As expected, known resistance determinants were considered important for both models. Using
the CARD database, the top dimethyladenosine transferase was identified as ermC (99.590 %)
[46]. The rRNA (adenine-N-6)-methyltransferase in table 4.16 (erythromycin) is encoded by
the ermA gene. Another class I SAM-dependent methyltransferase was found. However, it
was not possible to match any existing AMR determinant of the CARD database with a high

percentage of identity against it [46]. For both antibiotics, many genes were found that are related
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to other antibiotic resistances. Both show variants associated with resistance to methicillin
(PBP2a, glycerophosphoryl diester phosphodiesterase, MecR1, MaoC family dehydratase), with
resistance to ciprofloxacin (mutations in DNA gyrase and topoisomerase IV) and with resistance
to gentamicin (aminoglycoside nucleotidyltransferase ANT(9)) [103]. Liu et al. also report that
they find the glycerophosphoryl diester phosphodiester in the results for their feature importance
analysis. The presence of mobile genetic elements like recombinases is highly correlated with the
acquisition of antibiotic resistance in S. aureus as they enable resistance genes to spread between
bacteria. They leave traces of their existence in the genome, like the conserved Repl: domain,

which is part of the Rep protein in RC-replicating plasmids |[6].

variant variant type  occurence (out of 10) mean gini coefficient
glycerophosphoryl  di- annotated gene 10 0.02888

ester phosphodiesterase

[Staphylococcus au-

reus|*

DNA gyrase, A subunit  snp: missense 9 0.01776
PBP2a family beta lac- annotated gene 8 0.02083

tam resistant peptido-

glycan transpeptidase

MecA

dimethyladenosine annotated gene 8 0.02832
transferase

RepL  [Staphylococcus annotated gene 7 0.02052
aureus|*

class I SAM-dependent annotated gene 7 0.01463
methyltransferase

[Staphylococcus au-

reus|*

DNA topoisomerase IV,  snp: missense 7 0.02525
A subunit

site specific recombinase annotated gene ) 0.00947
putative

beta lactam sensor sig- annotated gene 5 0.01352
nal transducer MecR1

aminoglycoside nu- annotated gene ) 0.01768
cleotidyltransferase

ANT(9) [Staphylococ-

cus aureus|*

Table 4.15: Top 10 results of the feature importance analysis of the 10 random forest models of
the antibiotic clindamycin. Mutation in genes and hypothetical proteins were identified using
BLAST and are indicated by a star [45].
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variant variant type occurence (out of 10) mean gini coefficient

RepL  [Staphylococcus annotated gene 10 0.03239
aureus|*

dimethyladenosine annotated gene 10 0.03829
transferase

class I SAM-dependent annotated gene 10 0.00885
methyltransferase

[Staphylococcus au-

reus|*

rRNA  (adenine-N-6)- annotated gene 10 0.01086
methyltransferase

PBP2a family beta lac- annotated gene 10 0.00968

tam resistant peptido-

glycan transpeptidase

MecA

glycerophosphoryl  di- annotated gene 9 0.01038
ester phosphodiesterase

[Staphylococcus au-

reus|*

MaoC  family dehy- annotated gene 9 0.00925
dratase [Staphylococcus

aureus|*

site specific recombinase annotated gene 8 0.00962
putative

aminoglycoside nu- annotated gene 8 0.00987
cleotidyltransferase

ANT(9) [Staphylococ-
cus aureus|*

DNA gyrase, A subunit  snp: missense 5 0.0062

Table 4.16: Top 10 results of the feature importance analysis of the 10 random forest models of
the antibiotic erythromycin. Mutation in genes and hypothetical proteins were identified using
BLAST and are indicated by a star [45].

4.5.7 Co-trimoxazole

Co-trimoxazole is a combination drug of trimethoprim and sulfamethoxazole. They both target
different enzymes in the synthesis of tetrahydrofolic acid. Sulfamethoxazole is a sulfonamide
that inhibits the dihydropteroate synthase, while trimethoprim binds to dihydrofolate reductase
(DHFR). Resistance can be conferred through mutations in the dfrB gene encoding dihydro-
folate reductase, which was identified as dfrG using the CARD database (see table 4.17) [46].
This gene was originally acquired from Enterococcus faecium [104]. It is very interesting that a
hypothetical protein and an insertion element are considered the most important features for the
co-trimoxazole model. They were found together in at least one strain directly next to each other

and next to the dihydrofolate reductase. Further exploration of these genes could yield valuable
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insights into new AMR determinants. The variant in the lipase gene and the ABC transporter
VraE are both spurious features that do not contribute to the prediction of resistance to co-
trimoxazole [105, 106]. Apparently, there is a connection between tRNA modification enzymes
and an increased sensitivity to antibiotics targeting the bacterial cell wall, but other than that
the mutation in the tRNA methyltransferase TrmB gene does not have a direct effect in the pre-
diction of resistance against this antibiotic [107]. The nucleotidyltransferase that was considered
important could be involved in resistance to aminoglycosides, but no match was reported when
using the CARD database |46, 103]. The DNA translocase FtsK coordinates segregation in cell
division and has no connection to antibiotic resistance [108]. Controlling the balance of metal
ions in the cell is essential for the virulence of Staphylococcus aureus. The MntH Nramp family
divalent metal transporter plays a role in the import of manganese ions, but is not relevant for
resistance to co-trimoxazole [109]. Missense mutations in the fabH gene (beta-ketoacyl-ACP syn-
thase III), are associated with resistance against antbiotics targeting the elongation condensing

enzyme (fabF') but are nonspecific for this prediction purpose [110].
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variant variant type occurence (out of 10) mean gini coefficient

hypothetical protein  annotated gene 9 0.05616
[Staphylococcus au-

reus|*

insertion element pro- annotated gene 8 0.07329

tein [Staphylococcus au-

reus|*
dihydrofolate reductase annotated gene 7 0.08795
YSIRK domain- snp: other 7 0.01725

containing triacylglyc-
erol lipase Lip2/Geh

[Staphylococcus au-
reus|*
peptide resistance ABC snp: missense 5 0.02227

transporter  permease

subunit Vrak

MULTISPECIES: snp: missense 5 0.01652
tRNA  (guanosine(46)-

N7)-methyltransferase

TrmB [Staphylococ-

cus|*

nucleotidyltransferase snp: missense 4 0.01409
[Staphylococcus au-

reus|*

DNA translocase FtsK snp: missense 3 0.02479
[Staphylococcus au-

reus|*

Nramp family diva- snp: synonymous 3 0.01966
lent metal transporter

[Staphylococcus au-

reus|*

beta-ketoacyl-ACP syn- snp: missense 3 0.01796

thase III [Staphylococ-

cus aureus|*

Table 4.17: Top 10 results of the feature importance analysis of the 10 random forest models of
the antibiotic co-trimoxazole. Mutation in genes and hypothetical proteins were identified using
BLAST and are indicated by a star [45].

4.5.8 Fusidic acid

Resistance against fusidic acid is mediated by acquisition of fusB, a zinc finger domain containing
protein that rescues the antibiotic-target-complex. Another known mechanism to inhibit fusidic
acid binding is through mutations in the fusA gene, which encodes the elongation factor G |7, 67].

The gene fusB was not found in the analysis, but a missense mutation (TT:AA) in the fusA gene
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resulting in the substitution of leucine-461 to lysin was considered important. Possession of
the fusC gene is also a known resistance mechanism for fusidic acid and therefore a plausible

important feature [15]. The first five ranked variants as well as the 7"

importance feature
were found next to each other in at least one strain and contain multiple unknown hypothetical
proteins and a functionally uncharacterized FRG domain containing protein. Askarian et al.
report that the gene tirS is located on the mobile genetic element SCCy7¢ next to a fusidic
acid resistance gene and multiple hypothetical proteins. This organization was found here in
the data as well. The single-stranded DNA binding protein is also part of SCC elements and
responsible for their stable maintenance and dissemination [112]. As discussed for the AMR
models of tetracycline and gentamicin, HT'H-containing proteins are involved in modulating the
transcriptome in response to stress conditions [94]. It may seem strange that the VOC family
protein, which has no connection to antibiotic resistance occurs more often than the missense
mutation in the fusA gene encoding the translation factor G. Various mutations in this gene
contribute to resistance and they do not cluster into a single, easily detectable mutation [113].
The genomic region around the intergenic mutation was analyzed and revealed that it is located

upstream of the rrna operon.

52



variant variant type occurence (out of 10) mean gini coefficient

FusC family fusidic annotated gene 10 0.01549
acid resistance EF-

G-binding protein

[Staphylococcus au-

reus|*

hypothetical protein annotated gene 10 0.01749
[Staphylococcus au-

reus|*

FRG domain-containing annotated gene 10 0.0109
protein [Staphylococcus

aureus|*

hypothetical protein annotated gene 9 0.00992
[Staphylococcus au-

reus|*

NAD(+) hydrolase annotated gene 9 0.00853
TirS  [Staphylococcus

aureus|*

MULTISPECIES: VOC annotated gene 8 0.00501
family protein [Staphy-

lococcus|*

MULTISPECIES: annotated gene 7 0.00519
cassette chromosome

ssDNA-binding protein

[Staphylococcus|*

helix-turn-helix ~ tran- annotated gene 7 0.00412
scriptional regulator

[Staphylococcus au-

reus|*

translation elongation  snp: missense 6 0.00748
factor G

intergenic snp: intergenic 4 0.00217

Table 4.18: Top 10 results of the feature importance analysis of the 10 random forest models
of the antibiotic fusidic acid. Mutation in genes and hypothetical proteins were identified using
BLAST and are indicated by a star [45].

4.5.9 Vancomycin

The glycopeptide vancomycin inhibits the synthesis of the bacterial cell wall through a differ-
ent mechanism than ($-lactams do and is therefore an alternative choice for MRSA. One must
distinguish between intermediate resistance to vancomycin, which is linked to the vraSR operon
or the graS gene and vancomycin-resistant Staphylococcus aureus (VRSA) that acquired the
vanRS and vanHAXYZ genes [67]. None of the genes mentioned above appeared in the feature
importance analysis. The top result is an ABC transporter that showed a 28.452 % similarity
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to the VRA-F ABC transporter [46]. It is an ATP-binding cassette antibiotic eflux pump that
confers resistance to glycopeptides [73]. The MarR family transcription factor regulates multi-
resistant efflux pumps that recognize various different antibiotics [114]. The other features are

either uncharacterized proteins or are not associated with resistance to vancomycin or any other

antibiotic. The intergenic mutation is also near an functionally unknown protein.

Table 4.19: Top 10 results of the feature importance analysis of the 10 random forest models

of the antibiotic vancomycin. Mutation in genes and hypothetical proteins were identified using

variant variant type occurence (out of 10) mean gini coefficient
ABC transporter  annotated gene 4 0.00535
ATP-binding  protein

[Staphylococcus au-

reus|*

DUF3113 family pro- annotated gene 3 0.00506
tein [Staphylococcus au-

reus|*

Fic  family  protein snp: synonymous 3 0.00428
[Staphylococcus au-

reus|*

HAD family hydrolase snp: synonymous 2 0.00417
[Staphylococcus au-

reus|*

DUF1108 family pro- snp: missense 2 0.00495
tein [Staphylococcus au-

reus|*

tandem-type lipopro- snp: synonymous 2 0.00387
tein Lpll0 [Staphylo-

coccus aureus|*

MarR  family tran-  snp: intergenic 2 0.00558
scriptional regulator

[Staphylococcus au-

reus|*

intergenic annotated gene 2 0.00306
hypothetical protein  annotated gene 2 0.00635
[Staphylococcus au-

reus|*

phage tail spike pro- snp: synonymous 2 0.00604

tein [Staphylococcus au-

reus|*

BLAST and are indicated by a star [45].
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4.6 Genome Wide Association Study (GWAS) based ldentifica-

tion of Resistance-Associated Variants

Genome-wide association studies (GWAS) provide an alternative method to identify potential
new AMR determinants from genomic input data. This is done by statistical associations be-
tween genomic features and the resistance phenotype. In a single-locus approach, each variant
is individually tested for its effect on the phenotype and assigned a P value. Machine learn-
ing methods are increasingly being incorporated into GWAS because phenotypes are usually
the product of multiple epistatically linked variants. Microbial GWAS also face difficulties with
linkage disequilibrium, population stratification or heterogeneity due to horizontally transferred
AMR genes and population structure [20, 115]. The ALPAR pipeline features a GWAS as a
classical way to detect mutations and genes relevant to the resistance phenotype. In this work,
the most significant variants were compared to the features that were considered important in
the machine learning models. Similar to the feature importance analysis, features associated
with the SCCmec were found in the GWAS for the four S-lactams cefoxitin (A), methicillin
(B), oxacillin (C) and penicillin (D) (see figure 4.5). Among those are the mecA and mecR1
genes, the glycerophosphoryl diester phosphodiesterase, the MaoC dehydratase, the HMG CoA
synthase and the cassette chromosome recombinase CcrA. In contrast to machine learning, the
GWAS results for oxacillin also identified the cassette chromosome recombinase CcrB among the
variants with the highest negative logarithm of the P value. Other features like the type 1 restric-
tion enzyme, the recombinase family proteins and the MrcB family domain-containing protein
were again identified by both methods. The associative methods differed in finding features that
included the SAUGI family uracil-DNA glycosylase inhibitor, identified in the results for me-
thicillin and oxacillin, the IS1182 family transposase and multiple uncharacterized proteins. In
staphylococci the IS1182 family transposase is associated with resistance against streptomycin,
kanamycin or streptothricin and therefore not relevant for resistance against g8-lactams. Accord-
ing to Muselmani et al., SAUGI is also often localized on SCCmec cassettes, which explains why
it was statistically associated with the resistant phenotype. The GWAS results for penicillin are

similar to those of the feature importance analysis.
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Figure 4.5: Annotated GWAS plots of the different beta lactams A) cefoxitin B) methicillin C)

oxacillin D) penicillin.

The results of the GWAS for the antibiotics erythromycin (A) and clindamycin (B) show

features that are also among the most important variants for the machine learning model (see

figure 4.6). However, in comparison, the GWAS results are far more specific for both antibiotics,

as the most significant features do not include resistance determinants associated with other

antibiotics. The resistance determinant ermA appears among the GWAS results for clindamycin,

whereas for the model-based analysis it was related to erythromycin.

56



o Repl : dimethyladenosine transferase ermC
1201 "~ RepL
300 4
e dimethyladenosine transferase ermC 100
250 A
80 A
@ 2004 I
13) log10(p) g log10(p)
© e 0 [
2 2 e 0
o ® 60 £ 604
S 1504 120 S class I SAM-dependent methyltransferase e 25
g 180 g aminoglycoside nucleotidyltransferase ANT(9) 3(5)
100 2 ;gg 40 l:l site-specific recombinase putative e 100
dimethyladenosine transferase ermA
50 4
L “
| B o 822 e g BB oa® s FeRsomac A
04 @@UEU( S (CIE@ (@ €@ (I (@O (@@ (U (( (@
0.0 0.5 1.0 15 2.0 2.5 0.0 0.5 1.0 15 2.0 2.5
Position le6 Position le6
erythromycin clindamycin

Figure 4.6: Annotated GWAS plots of A) erythromycin and B) clindamycin.

For gentamicin (A) and tetracycline (B), the GWAS results show a known AMR determinant
as the most significant variant (see figure 4.7). Resistance against gentamicin can arise through
different mechanisms, one of which involves the bifunctional AAC-APH in S. aureus [103]. For
tetracycline, the tetK gene is known to confer resistance [67]. The MobV family relaxase and
the hypothetical protein are also among the results of the feature importance analysis and their
impact was discussed in chapter 4.5. Unlike in the machine learning models, a compelling pat-
tern of SNPs was observed for both antibiotics around two regions. Except of one synonymous
mutation, all of them are intergenic and localized upstream of the rRNA operon. A common
resistance mechanism for aminoglycosides are mutations in the 16S rRNA, but not upstream of
the operon [12]. No relevant publications on this topic were found, but mutations in regulatory
regions have been reported to have an impact in antibiotic resistance [88, 117]. Because amino-
glycosides target the 165 rRNA in the 30S subunit of the ribosome, mutations upstream of the
rRNA operon can lead to upregulation of the 16S rRNA gene expression [12].
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Figure 4.7: Annotated GWAS plots of A) gentamicin and B) tetracycline.
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The GWAS results for ciprofloxacin contain mostly mutations (see figure 4.8 A). The highly
significant missense mutation at position 7255 in the gyrA gene is a common resistance conferring
mutation in S. aureus, resulting in a serine-84 to leucine substitution [99]|. The frameshift variant
that leads to a premature stop codon in the DUF6119 family protein was also listed among
the most important features of the ciprofloxacin machine learning model. The GWAS for co-
trimoxazol showed similar results to the feature importance analysis of the respective model, with
an insertion element, an unknown hypothetical protein and a dihydrofolate reductase encoded

by dfrG among the most significant variants (see figure 4.8 B).
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Figure 4.8: Annotated GWAS plots of A) ciprofloxacin and B) co-trimoxazol

The GWAS for vancomycin did not produce robust findings as no significant variants were
detected (see figure 4.9 B). Although significant mutations were found in the GWAS for fusidic
acid, no known resistant determinants of resistance against fusidic acid could be identified (see
figure 4.9 A). Three significant mutations are among the top results. The relevance of the loss of
the start codon in the unknown hypothetical protein for antibiotic resistance should be further
studied. Duncan et al. report that Fscherichia coli mutants deficient in uracil-DNA glycosylase
accelerate acquisition of antibiotic resistance due to a higher mutation rate. The third mutation
is in the glycyltransferase FmhC, which is involved in peptidoglycan synthesis and is reported
to confer resistance to lysostaphin [119]. These are all spurious variants that are not specific to

resistance to fusidic acid.
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Figure 4.9: Annotated GWAS plots of A) fusidic acid and B) vancomycin.

4.7 Antimicrobial Resistance Predictions for a Staphylococcus au-

reus Isolate Collection

A S. aureus isolate of 87 isolates collected of patients suffering from atopic dermatitis was used
to test the performance of the ALPAR pipeline on unseen data. The predictions were compared
to ABRicate, a benchmarked AMR prediction tool [21]. ABRicate screens genomic data for
acquired resistance genes using publicly available databases [21]. The predictions for all isolates
from one patient are grouped together (see figure 4.10). For ciprofloxacin, methicillin, oxacillin,
fusidic acid and vancomycin all isolates were predicted to be susceptible. This is surprising,
given the widespread topical use of fusidic acid in atopic dermatitis, which would lead to the
development of resistances in some cases [120]. Macrolides like erythromycin and lincosamides
such as clindamycin are both part of the MLS antibiotics that share similar mechanisms of
resistance. ABRicate does not distinguish between resistance to erythromycin and clindamycin,
while ALPAR was trained with two different training data sets specifically for each antibiotic.
The prediction results for tetracycline were questionable, because ABRicate predicted resistance
for all isolates, while ALPAR predicted that all isolates were susceptible. ABRicate detected the
resistance determinant tet38 in all isolates, which is an eflux pump that confers resistance to
tetracycline [46]. The S. aureus reference genome was screened by ABRicate too, revealing that
it also exhibited the tet38 gene. During variant calling, the ALPAR pipeline selects genes that
are present in the training data genomes but are missing in the reference genome. This efflux
pump is highly conserved in S. aureus strains and apparently also in the reference genome of
strain NCTC 8325 [121].
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Figure 4.10: Antimicrobial Resistance Predictions by the ALPAR pipeline and ABRicate for the
Staphylococcus aureus isolate collection. Predictions for all isolates from a patient are clustered

together and percentage of isolates predicted resistant are shown in a color gradient.

Prediction outcome matrices were generated for every antibiotic (see figure 4.11). Here, all
predictions for the 87 isolates by the two pipelines were sorted into four categories: both classified
as resistant, both predicted as susceptible, and two groups where classification outcomes differ
between tools. These plots were used to decide which antibiotics should be tested experimentally
and further evaluated. For the majority of the antibiotics, both pipelines shared the same results
for the classifications. Erythromycin and penicillin showed the highest difference in predictions
between ALPAR and ABRicate and were therefore chosen for experimental validation. For
further details on the predictions for all isolates that were tested experimentally, please see the

supplementary section.
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Figure 4.11: Prediction patterns of ALPAR for the isolate collection for all antibiotics.

4.8 Experimental validation of Antibiotic Resistance Predictions

for Erythromycin and Penicillin

A minimum inhibitory concentration (MIC) assay was used to determine antibiotic susceptibility
for erythromycin and penicillin. This assay is a gold standard in clinical settings that determines
the lowest concentration of antibiotic exposure that inhibits visible growth of bacteria [122]. For
each antibiotic, twelve isolates were chosen for antibiotic susceptibility testing.

For all isolates included in the experiment growth was visible (blue bars in figure 4.12). The
error bars indicate the fluctuation between the six replicate values of the biological replicas (see

supplementary section figure 6.13). While penicillin was dissolved in water, ethanol was used as
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a solvent for erythromycin. The green bars are vehicle controls that were designed to test the
effects of ethanol on bacteria. Although all isolates exhibited growth, isolate 6.07 showed the

least growth. The use of ethanol did not demonstrate a negative impact on growth.

0.8
I Growth Control

074 [ Vehicle Control

Absorbance

Isolate

Figure 4.12: Growth controls (blue bars) and vehicle controls (green bars) of all tested isolates

for both biological replicates. Vehicle controls were conducted for ethanol as a solvent of ery-

thromycin.

In order to control for sterility, a negative control with medium alone and a sterile control
for each antibiotic with medium and antibiotic stock solution were tested. With an absorbance

of around 0.05 the controls exhibit no growth and confirm to be sterile.
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Figure 4.13: Negative and sterile controls of the two tested antibiotics penicillin and erythromycin

for both biological replicates.

In each figure (see figures 6.14 to 6.20 in the supplementary section), all isolates of a category
in the prediction outcome matrix are displayed together. The absorbance after incubation is
shown as a function of the different antibiotic concentrations. Clinical breakpoints are indicated
via a red line, which is used to determine whether an isolate is counted as resistant or susceptible.
In the following plots, the results from the MIC assay are compared to the predictions by both
pipelines ALPAR and ABRicate. The first section will discuss the findings for the antibiotic

erythromyecin (see figure 4.14) and the second one will focus on penicillin (see figure 4.16).

Isolates 1.09 and 2.09 are each predicted to be resistant by both pipelines. The experiment
reveals that one of the two isolates is susceptible to erythromycin and one is resistant, indicating
that both pipelines failed to correctly predict the antibiotic resistance phenotype for isolate 2.09.
ABRicate detected in both isolates the resistance determinant ermT, a 23S rRNA methyltrans-
ferase that confers resistance to macrolides, lincosamides and streptogramins [123]. It is not
clear why isolate 2.09 is susceptible to erythromycin. As ermT is a gene that can be inducible
expressed, it could be the case that there is a mutation in its regulation sequence [123]. For the
next category discussed, the classifications of the pipelines differ. ALPAR predicts resistance
to erythromycin, whereas ABRicate suggests susceptibility. This category includes isolates 1.06
and 1.23. As before, both isolates show different resistance phenotypes. Isolate 1.06 shows re-
sistance to erythromycin, even though the gold standard tool predicted otherwise. The three
isolates 18.01, 17.14 and 7.07 were predicted to be susceptible to erythromycin by ALPAR, while
ABRicate identifies the isolates as resistant. Two isolates, 18.01 and 17.14, showed resistance,
while isolate 7.07 was susceptible. The resistance prediction by ABRicate for isolate 07.07 is
supported by the detection of ermC. For the last category, both pipelines classified the isolates
6.07, 5.05, 19.13, 20.08 and 12.08 as susceptible to erythromycin. Only three of the five isolates
exhibited susceptibility. Isolates 19.13 and 6.07 demonstrated a resistant phenotype.
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MIC_assay

ALPAR

ABRicate
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Figure 4.14: Antibiotic resistance predicted by ALPAR and ABRicate for erythromycin, com-
pared to the observed phenotypes in the MIC assay (1 = resistant, 0 = susceptible).

Figure 4.15 shows the presence and absence of the top ten variants from the feature impor-
tance analysis for erythromycin in the tested isolates. On the one hand, many resistant isolates
do not exhibit typical resistance determinants such as ermC (dimethyladenosine transferase),
on the other hand susceptible isolates like 7.07 show presence of resistance determinants in their
genome. Focusing only on the presence of genes ignores the possibility that genes might not be
expressed [20]. Since only the top ten features are displayed, it is possible that some relevant

resistant determinants were not highlighted, as their importance might have been obscured by
the presence of spurious features.

Feature Presence for erythromycin:

FRepL

dimethyladenosine transferase

class | SAM-dependent methyltransferase

FrRNA

PBP2a

Feature

glycerophosphoryl diester phosphodiesterase

FMaoC family dehydratase

site specific recombinase

aminoglycoside nucleotidyltransferase ANT

F'7255','C:T",'snp' in DNA gyrase

is001.06
is001.09
is001.23
is002.09
is005.05
is006.07
is007.07
is012.08
is0l7.14
is018.01
is019.13
is020.08

Isolate

Figure 4.15: Presence (dark blue) and absence (light blue) of the top 10 features from the random

forest feature importance analysis of erythromycin for the tested isolates. Isolates tested resistant
are colored red.

For all isolates that were classified as resistant to penicillin by ALPAR and ABRicate, the

predictions of both pipelines align with the observed phenotype in the experiments (see figure
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4.16). The two tools disagree on the predicted phenotype of isolates 5.05 and 11.12, with ALPAR
predicting resistance and ABRicate predicting susceptibility. Isolate 11.12 was indeed suscepti-
ble as predicted by ABRicate and isolate 5.05 was correctly classified as resistant to penicillin

by ALPAR. All isolates tested that were predicted susceptible by both pipelines exhibited a
susceptible phenotype except isolate 6.07.

penicillin
MIC_assay 0 0 0 0
ALPAR 0 0 0 0 0
ABRicate 0 ‘ 0 0 0 0

Isolate

Figure 4.16: Antibiotic resistance predicted by ALPAR and ABRicate for penicillin, compared
to the observed phenotypes in the MIC assay (1 = resistant, 0 = susceptible).

In contrast to erythromycin, a greater number of model-relevant variants are found in the
isolates (see figure 4.17). Isolates 05.05 and 06.07 were phenotypically resistant to penicillin,
yet no known resistance determinants appear among the model’s top ten ranked features. One

feature, the YolD-like family protein, is present in all isolates, indicating that this variant cannot
be associated with resistance.

Feature Presence for penicillin:

Beta lactamase

Penicillinase repressor

rDNA invertase hin

ABC transporter ATP binding protein

Cadmium resistance transcriptional regulatory protein CadC

Feature

Cadmium resistance protein

YxeA family protein

Flactococcin 972 family bacteriocin

YolD-like family protein

ISNCY family transposase ISBIi29

is001.09
is005.05
is005.20
is006.07
is006.11
is007.02
is007.07
is011.12
is012.08
is017.02
is018.01
is019.13

Isolate

Figure 4.17: Presence (dark blue) and absence (light blue) of the top 10 features from the random

forest feature importance analysis of penicillin for the tested isolates. Isolates tested resistant
are colored red.
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To evaluate the performance of the antibiotic resistance predictions of both tools, ALPAR
and ABRicate are compared to the experimentally observed phenotypes from the MIC assays.
Based on the overlap of predictions and experimental test results, the predictions for penicillin
align overall better than those for erythromycin. Evaluation of the performance of the tools on
the experimentally tested isolates can be obtained from tables 4.20 and 4.21. The error rates
of 0.58 (ALPAR) and 0.50 (ABRicate) are quite high for the erythromycin model. Surprisingly,
the benchmarked tool also fails to achieve high prediction accuracy. The negative MCC of the
erythromycin model indicates that something is systematically wrong with the ALPAR model
as it is making a lot of misclassifications. The MCC for ABRicate (0.03) is not good either and
is comparable to a model making random decisions. Although ABRicate performed better at
predicting resistance for this test data set, both pipelines generally did not work well for this
antibiotic. Notably, the pipelines achieved better results when applied to penicillin. Both tools
show the same error rate of 0.17 and overall exhibit similar performance. They outperform each
other in different metrics. While the MCC of 0.66 is lower for ALPAR, compared to ABRicate
with 0.71, the F1 score of 0.86 is higher for ALPAR than for ABRicate (0.83). Although both
pipelines failed to make accurate predictions for erythromycin, they performed well in the case of
penicillin. These findings highlight the importance of a diverse and high-quality data set as well

as the impact that varying complexities of resistance mechanisms have on prediction outcomes.

ALPAR ABRicate

error rate 0.58 0.50
accuracy 0.42 0.50
precision 0.50 0.60
recall 0.29 0.43
specificity 0.60 0.60
F1 0.36 0.50
MCC -0.12 0.03

Table 4.20: Evaluation of the prediction performance of ALPAR and ABRicate on the experi-

mentally tested isolates for resistance to erythromycin.

ALPAR ABRicate

error rate 0.17 0.17
accuracy 0.83 0.83
precision 0.86 1.00
recall 0.86 0.71
specificity 0.80 1.00
F1 0.86 0.83
MCC 0.66 0.71

Table 4.21: Evaluation of the prediction performance of ALPAR and ABRicate on the experi-

mentally tested isolates for resistance to penicillin.
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| Conclusion and outlook

This thesis aimed to establish the antimicrobial resistance (AMR) prediction tool ALPAR for
the high priority pathogen Staphylococcus aureus, compare AMR prediction to the established
tool ABRicate, and evaluate its performance through experimental validation using MIC assays.
The ALPAR pipeline takes phylogenetic relationships into account, making it an interesting new
tool for predicting resistance using machine learning methods. This work sought to contextualize
ALPAR with respect to clinical implementation, public AMR surveillance, or whether its use is
limited to research purposes. A comparison with the widely used gold standard tool ABRicate
should determine its reliability and effectiveness. The results showed that both pipelines perform
comparably in the prediction of a test dataset composed of a S. aureus isolate collection. The
random forest models demonstrated high performance during validation with an MCC between
0.749 to 0.985, but generalization to unseen data varied between the antibiotic models evaluated.
Depending on the antibiotic, the error rates ranged from 0.58 to 0.17. A genome-wide association
study as well as a feature importance analysis of the machine learning models were conducted
to study the basis of the decisions, with several known resistance determinants detected among
the key features. Multiple uncharacterized hypothetical proteins and mutations were identified
as promising candidates that ought be investigated further. Data availability is currently one
of the top limiting factors in AMR prediction using machine learning [51]. The training set in
this work comprised all publicly available data on the BV-BRC database including all antibi-
otics associated with S. aureus, but it remained insufficient for some antibiotics like daptomycin
and exhibited considerable imbalance for others such as vancomycin with only 3% resistant
genomes. However, with the ongoing emergence of antimicrobial resistance and the accelerating
improvement of next-generation sequencing techniques, more genomic data linked to an antibi-
otic resistance phenotype will be available in the future. For tools like ALPAR to be applicable in
clinical settings, they must demonstrate improved reliability and provide experimental evidence
to support the confidence of their results. Nevertheless, ALPAR remains a valuable research tool
for identifying novel antimicrobial resistance determinants and investigating emerging resistance

mechanisms.
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Statement of Assistive Technologies

In this thesis, the OpenAl tool ChatGPT was used to explore ideas, in development of code
and to improve the author’s writing style [124]. All computations and data were generated on
the Life Science Compute Cluster (LISC) [125]. For code development and correction, GitHub
Copilot was used [126]. This work was written in Overleaf, graphics were made using Python
(version 3.13.3) and Inkscape [127, 128|.
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Table 6.1: Faulty genomes excluded from this work.



Figure 6.1: Phylogenetic tree of the training set for cefoxitin. Resistant genomes are colored red,
susceptible ones are colored blue.

Figure 6.2: Phylogenetic tree of the training set for ciprofloxacin. Resistant genomes are colored
red, susceptible ones are colored blue.
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Figure 6.3: Phylogenetic tree of the training set for clindamycin. Resistant genomes are colored
red, susceptible ones are colored blue.

Figure 6.4: Phylogenetic tree of the training set for erythromycin. Resistant genomes are colored
red, susceptible ones are colored blue.
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Figure 6.5: Phylogenetic tree of the training set for gentamicin. Resistant genomes are colored
red, susceptible ones are colored blue.
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Figure 6.6: Phylogenetic tree of the training set for fusidic acid. Resistant genomes are colored
red, susceptible ones are colored blue.
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Figure 6.7: Phylogenetic tree of the training set for methicillin. Resistant genomes are colored
red, susceptible ones are colored blue.
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Figure 6.8: Phylogenetic tree of the training set for oxacillin. Resistant genomes are colored red,
susceptible ones are colored blue.
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Figure 6.9: Phylogenetic tree of the training set for penicillin. Resistant genomes are colored
red, susceptible ones are colored blue.
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Figure 6.10: Phylogenetic tree of the training set for tetracycline. Resistant genomes are colored
red, susceptible ones are colored blue.
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Figure 6.11: Phylogenetic tree of the training set for co-trimoxazole. Resistant genomes are
colored red, susceptible ones are colored blue.

Figure 6.12: Phylogenetic tree of the training set for vancomycin. Resistant genomes are colored
red, susceptible ones are colored blue.
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Table 6.2: Predictions from ALPAR and ABRicate for isolates that were experimentally tested.
(ERY = erythromycin, PEN = penicillin, R = resistant, S = susceptible)
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Figure 6.13: Comparison of the two biological replicas for every isolate and both antibiotics. The

growth control is shown as a dotted line.
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Figure 6.14: Growth inhibition curve of prediction patterns (ALPAR: resistant, ABRicate: re-

sistant) for erythromycin for both biological replicates.
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Figure 6.15: Growth inhibition curve of prediction patterns (ALPAR: resistant, ABRicate: sus-
ceptible) for erythromycin for both biological replicates.
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Figure 6.16: Growth inhibition curve of prediction patterns (ALPAR: susceptible, ABRicate:

resistant) for erythromycin for both biological replicates.
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Figure 6.17: Growth inhibition curve of prediction patterns (ALPAR: susceptible, ABRicate:

susceptible) for erythromycin for both biological replicates.
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Figure 6.18: Growth inhibition curve of prediction patterns (ALPAR: resistant, ABRicate: re-

sistant) for penicillin for both biological replicates.
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Figure 6.19: Growth inhibition curve of prediction patterns (ALPAR: resistant, ABRicate: sus-

ceptible) for penicillin for both biological replicates.
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Figure 6.20: Growth inhibition curve of prediction patterns (ALPAR: susceptible, ABRicate:

susceptible) for penicillin for both biological replicates.
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