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ABSTRACT

For a given bacterial strain, antimicrobial resistance (AMR) genes are those that have

been identified to confer antibiotic resistance. Usually, the bacterial whole genome

sequence or AMR genes are used to predict antibiotic resistance. Interestingly, it has

recently been shown that machine learning methods can predict antibiotic resistance

also using sets of core genes chosen at random.

This study investigates a possible reason for this phenomenon. We hypothesized that

core genes closely related to AMR genes in terms of physical interactions could contain

information about antibiotic resistance. To test our hypothesis, we quantified the relation

between core genes and AMR genes in terms of distances on the interactome that were

measured using kernel methods on protein-protein interaction networks. This allowed

us to select sets of core genes that were evaluated in terms of their ability to predict

antibiotic resistance using a machine learning model based on decision trees.

Our experiments could not conclusively establish the existence of a relation between

the distance of core genes from AMR genes and antibiotic resistance. While our results

can possibly be justified by the poor quality of the currently available data, our work also

suggests the existence of compensatory alterations in bacterial genomes that could be

used in the future for antibiotic resistance prediction.

Key-words: Prediction of Antimicrobial Resistance. Machine Learning. Bacterial

Genomes.
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1
INTRODUCTION

The discovery of penicillin in 1928 by the Scottish scientist Alexander Fleming started

a new era in medicine, saving millions of lives and making possible to treat several

infectious diseases through antibiotics [2]. However, these drugs have their efficiency

jeopardized by the development of resistant bacteria. When he won the Nobel Prize in

Medicine for his discovery, the scientist himself warned in his speech about the possibility

of the emergence of resistant bacteria [3].

According to World Health Organization (WHO), antibiotic resistance is one of the

biggest threats to global health. It leads to higher medical costs, prolonged hospital stays,

and increased mortality. Any person with any age can be affected. It is estimated that, in

2019, about 4.95 million people died as a direct or indirect result of antibiotic resistance

[4].

Clinically, antimicrobial resistance (AMR) in pathogenic bacteria is the ability of

this microorganism to resist the effect of a medication previously effective to treat the

infection. This phenomenon is caused by genetic mutations or horizontal transfer of AMR

genes between bacteria, both stimulated by selective pressure due the use of antibiotics

[5].

Although resistance to antibiotics occurs spontaneously as a result of natural selec-

tion, this process is accelerated due to the indiscriminate and excessive use of antibiotics

1



CHAPTER 1. INTRODUCTION

in the population, hospitals and in the animal sector. In addition to factors that influence

infectious diseases, like the lack of clean water and sanitation and inadequate infection

prevention, there is a contribution to the development and spread of resistant bacteria

due to antibiotics [6, 7]. Furthermore, there is a severe shortage in the discovery of new

antibiotics. The reasons for this range from financial and regulatory obstacles to the

scientific difficulty in developing a drug of this class [8, 9]. Once there is no straightfor-

ward solution for the issue of antimicrobial resistance, it is necessary to understand it

by studying underlying mechanisms in order to develop tools like diagnostic methods,

treatment protocols, or alternative therapies, that can support healthcare professionals

in making more effective choices in the management of infections.

The most effective way to identify the organism causing an infection and its antibiotic

resistance profile is through the Antimicrobial Susceptibility Test (AST). Through this

method, patient samples are cultured in vitro in the presence of the antibiotics of interest

in order to identify the susceptibility or resistance of the microorganism by the formation

of bacterial colonies. However, the availability of test results may take a few days.

This time is required to have sufficient microorganisms to determine the minimum

antibiotic concentration necessary to inhibit the growth of colonies, besides identify the

microorganism. In urgent cases, it is not always possible to wait for these results to

start treatment. Furthermore, the process of cultivating microorganisms in vitro is not

always simple or feasible. Thus, the choice of medications used often depends on the

doctor’s judgment. An inadequate choice, both of the drug and the dose, can lead to the

development of resistant strains of bacteria.

Strategies to identify the antimicrobial resistance profile without the need for bac-

terial culture can help to obtain a faster diagnosis. With the current technology associ-

ated to DNA sequencing, computational methods can be developed to analyze bacterial

genomes, generating conclusions that can support the choice of antibiotics used in a

given clinical case.

To sequence bacterial genomes without the need to culture bacteria using a sample

from a patient, it is necessary to resort to Molecular Biology protocols that are unlikely to

provide the complete sequence of the microorganism, especially when the etiological agent

is not abundant in the sample used in the sequencing, since it contains a great diversity of

genetic material, either from the patient himself or from other microorganisms different

from the infectious agent. Furthermore, the nature of resistance genes can also make

their identification difficult in this type of protocol, once they are common associated to

plasmids and are not core. Core genes are more trivial to identify through phylogenetic

2



analysis [10].

Although there are numerous computational studies aiming to develop algorithms

that recognize patterns in bacterial DNA sequences determining aspects that character-

ize the resistance phenotype, most of these studies are based on the complete sequence of

the microorganism [11–17]. The existence of impasses related to the complete coverage of

the bacterial genome sequence when the sequencing protocol does not require additional

experiments motivates the investigation of the predictive potential of partial sequences

of bacterial DNA.

Recently, it was shown that core DNA sequences can provide a prediction regarding

the susceptible or resistant phenotype of bacteria to a given antibiotic [18]. However, to

perform the prediction the core genes are randomly selected and no information related

to the genes is used other than its preserved sequence.

The present study proposes to investigate whether certain groups of core genes can

have a better performance of predicting the resistance phenotype rather than a random

selection. Assuming that AMR genes characterize resistant bacteria, we believe that the

predictive power of core genes is related with them.

We will use information about the interaction of core genes with AMR genes to develop

methods to select core genes. The central idea is based on the hypothesis that proteins

that participate in complexes with other proteins from genes that suffered mutation and

conferred antimicrobial resistance to bacteria are more likely to get mutations related to

antimicrobial resistance.

In Chapter 2, we will see how a previous study used core bacterial genome sequences

to make predictions of the resistance phenotype. In Chapter 3 we present two ideas

relying on Network Medicine in order to select core genes to repeat the experiments

described in Chapter 2. The first idea is based on the shortest path between core genes

and AMR genes in the protein interaction network. The second idea diffuses antimicrobial

resistance genes in the protein interaction network in order to map relevant core genes

with respect to diffusion. The results will be presented in Chapter 4 and discussed in

Chapter 5. The conclusion of the study is made in Chapter 6.

3





2
PREDICTION OF ANTIMICROBIAL RESISTANCE

USING CORE GENES

The current DNA sequencing technology allows computational methods to analyze bac-

terial genomes. Additionally, strategies for identifying antimicrobial resistance profiles

without bacterial culture can enable faster diagnoses. However, sequencing without cul-

turing bacteria may not provide complete microbial sequences. The nature of resistance

genes, often associated with plasmids and not core sequences, can also make identifica-

tion difficult. Despite many computational studies developing algorithms to recognize

patterns in bacterial DNA sequences, most rely on complete microbial sequences. The

challenges related to obtaining complete bacterial genome sequences without additional

experiments motivates research into the predictive potential of partial bacterial DNA

sequences.

Recently, Nguyen et al. built a machine learning model using the complete sequence

of Klebsiella pneumoniae strains to predict the minimum inhibitory concentration of

20 antibiotics in antimicrobial susceptibility tests [19]. In order to approach the case

as a regression or multi-class classification problem, several popular machine learning

algorithms were tested using their default parameters and oligonucleotide k-mers as

features. Based on the best accuracy obtained and computational resources required,
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CHAPTER 2. PREDICTION OF ANTIMICROBIAL RESISTANCE USING CORE GENES

the authors decided to use XGBoost, a scalable machine learning system based on the

Gradient Boosting Decision Tree structure.

In that study, Nguyen et al. noted that the accuracy of the predictions remained

practically identical when the genes known to be related to antibacterial resistance were

removed from the analyzed sequence. Thus, the study suggested that partial bacterial

genome sequences with no established association with bacterial resistance also had

high predictive power.

Motivated by this discovery, the group developed a study of antimicrobial resistance

prediction using common core genes among members of the same species and unrelated

to the antibacterial resistance phenotype [18]. The model was constructed in order to

classify the phenotype of a specific bacterium as susceptible or resistant given its core

genes sequence. The same methodology of the previous study was used to build the model.

The next section briefly explains concepts involved behind the developed model.

2.1 Model Background

2.1.1 Decision Tree for Classification

A decision tree for classification is a sequential model that combines a series of simple

tests in a logical manner. Each test compares an attribute to a threshold value from a

set of possible values, which helps determine the appropriate path through the tree. [1].

The decision tree works by repeatedly splitting the dataset into subsets based on the

value of a chosen feature. Each split results in a new node in the tree, and the process

continues until a stopping criterion is met. Each leaf node of the tree represents a class,

and the path from the root node to a leaf node represents the decision rules used to

classify an input [20].

In order to minimize data classification error, a training set is utilized to determine

how the prediction space is divided. This is achieved by selecting the best split, which

corresponds to the threshold value that yield the lowest classification error. For instance,

consider a scenario where datapoints have features X1 and X2 and the threshold values

t1, t2, t3, and t4 are defined. These threshold values divide the prediction space into

five regions, as shown in figure 2.1 [1] and they are chosen in order to have the lowest

number of misclassified datapoints from the training set.

To address some limitations of decision trees, they are often combined with techniques

that can enhance their performance, such as ensemble methods like gradient boosting.
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2.1. MODEL BACKGROUND

Figure 2.1: The output of recursive binary splitting on a two-dimensional example and a
tree corresponding to this partition, respectively [1].

2.1.2 Gradient Boosting

Decision trees can suffer from high variance, which means that minor changes in the

data used to train decision trees can lead to very different model performance. Boosting

is a general approach that can be applied to many statistical learning methods to reduce

this variance. It is an ensemble technique, which means it combines multiple learning

algorithms - called weak learners - to obtain a better predictive performance, referred

to as a strong learner. In this context, the idea is to combine a large number of decision

trees where each tree is dependent on prior trees.

Given the current model, a decision tree is constructed using the residuals, which are

the differences between the observed values and the predicted values from the model.

By focusing on the residuals, each tree attempts to minimize the errors made by the

previous tree. Every time a tree is added to the ensemble, they are weighted in order

to give higher importance to misclassified input data. Thus, future weak learners focus

more on the examples that previous weak learners misclassified.

This method is called gradient boosting when the algorithm uses a gradient descent

optimization process to update the weights of the models in the ensemble, in order to

minimize the overall prediction error. At each iteration, the algorithm calculates the

negative gradient of the loss function with respect to the predicted values. The loss

function, which measures the difference between the actual and predicted values, varies

depending on the problem being solved (e.g., mean squared error for regression problems,

cross-entropy loss for classification problems). The algorithm then trains a new model
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CHAPTER 2. PREDICTION OF ANTIMICROBIAL RESISTANCE USING CORE GENES

to predict the residuals. These residuals are added to the previous predictions, and this

process is repeated until convergence or a predefined stopping criterion is met.

By iteratively combining weak learners and focusing on minimizing the errors from

previous iterations, gradient boosting can effectively reduce the high variance of indi-

vidual decision trees and improve the overall predictive performance of the ensemble

model.

2.1.3 XGBoost

XGBoost (eXtreme Gradient Boosting) is an open-source software library that provides

an efficient and effective implementation of the gradient boosting framework. It is

specifically designed to optimize large-scale, performance-critical machine learning

problems. It can be used for a variety of tasks such as classification, regression, and

ranking, and it is particularly effective when dealing with large datasets.

XGBoost is built on top of the gradient boosting algorithm and is an extension of

the traditional gradient boosting method. The key features of XGBoost that make it

stand out from other gradient boosting libraries include: a regularization term to prevent

overfitting; a parallel construction of trees using all of the cores; capability of handling

missing values; handling categorical variables as input without one-hot encoding; and a

technique to handle large dataset and large number of trees called Weighted Quantile

sketch [21].

2.2 PATRIC Database

Genome and laboratory-derived antimicrobial susceptibility test from Nguyen et al. [18]

were downloaded from PATRIC (PathoSystems Resource Integration Center) database.

PATRIC is a publicly available resource that provides integrated information on bacterial

pathogens, including genome sequences, functional annotation, and comparative analysis

tools. The database is designed to support the research community in the study of

pathogenic bacteria, and can be used for a wide range of applications, including the

identification of drug targets, the development of diagnostic tests, and the understanding

of bacterial evolution and pathogenesis. The database is funded by the National Institute

of Allergy and Infectious Diseases (NIAID) and is freely accessible to the public [22].

On December, 2022, after the data collection present in this work, PATRIC database

was combined with the Virus Pathogen Resource Database (ViPR) and the Influenza

8



2.2. PATRIC DATABASE

Research Database (IRD), creating the unified database named Bacterial and Viral

Bioinformatics Resource Center (BV-BRC) [23].

2.2.1 Protein families (PLFam)

The analyses of Nguyen et al. [18] were based on the protein-encoding genes that are

shared among members of the same species. Different subspecies of a bacteria (also

referred here as "strains") share an essentially analogous genome with respect to the

proteome. PATRIC database relates each protein to a family of proteins, called PATRIC

Local Family (PLFam), which are similar regarding their functions in the same taxonomic

genus [24]. In order to reference analogous proteins from different subspecies with the

same label and create the dataset, the authors reannotated all subspecies genes so that

they had the same set of protein family calls. Also, all families with a PATRIC annotation

associated with AMR were removed from their study.

Two criteria were used by the authors to define core gene sets. First, for each family,

the average nucleotide length was computed for the corresponding genes. Any family

member that had a total nucleotide length that was less than half of the average length,

or that was 50% longer than the average length, was excluded. This helped to eliminate

duplicate genes, partial genes, and mixtures of genes encoding single and multi-subunit

proteins. Next, any family whose members represented less than 99% of the genomes of

the set was excluded.

2.2.2 Antimicrobial resistance phenotype

Each strain is associated to an antimicrobial resistance phenotype. This data is avail-

able on PATRIC collection as laboratory derived values such as a minimum inhibitory

concentration, or being susceptible, intermediate, or resistant determinations. Based on

break-point values of minimum inhibitory concentration from the Clinical and Laboratory

Standards Institute (CLSI) and the European Committee on Antimicrobial Susceptibility

Testing (EUCAST), AMR phenotypes published as minimum inhibitory concentrations

were converted to susceptible/resistant determinations. Classification was not performed

on intermediate phenotypes because they are underrepresented.
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2.3 Model Design

The model designed by Nguyen et al. was constructed in order to classify the phenotype

of a specific strain as susceptible or resistant given a set of core genes. Given some

species of bacteria, which has several strains, the authors choose at random a group

of core genes in terms of protein families. Then, for each strain, these core genes are

selected to construct the model dataset. Figure 2.2 shows how a species of bacteria has

several strains (all vertical lines) associated to a susceptible or resistant phenotype (S or

R) with relation to an antibiotic. Each strain has a set of core genes (all horizontal lines),

where selected core genes are represented by orange horizontal lines.

Figure 2.2: Framework of the data used by Nguyen et al. The vertical lines are different
strains (or subspecies) of a bacteria associated to a susceptible or resistant phenotype (S
or R) with relation to an antibiotic. All core genes are represented by horizontal lines,
where the orange lines correspond to the set of protein families chosen at random.

Having the sequences associated to a strain, it is necessary to codificate this in-

formation in order to have it as a model input. This is made counting oligonucleotide

k-mers.

2.3.1 Oligonucleotide k-mers

Oligonucleotide k-mers of DNA sequences are sub-sequences containing k nucleotides.

For example, taking a step size equals to one nucleotide, the sequence ATGC has the

10
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3-mers ATG and TGC. This structure is used to describe a specific bacterial strain as a

vector of features containing a count of different k-mers given a specific set of genes.

Figure 2.3: 15-mer oligonucleotide framework.

The big advantage of k-mer-based methods compared to alignment-based methods

is the better scaling of computation times with sequence length and dataset size, as

k-mer-based methods do not require pairwise sequence comparisons. This makes them

particularly suitable for large-scale genomic analyses and comparisons [25].

2.3.2 Model Dataset

The authors described a strain as a vector counting, in lexicographic order, all 15-mers

with relation to the selected genes, i.e., 15-mer frequencies are features of the model.

Once each strain has a class associated (susceptible or resistant), this data structure is

used as model input, as it is illustrated by figure 2.4.

The authors made several experiments using sets with 25, 50 100, 250 and 500 core

genes to run the model. Four species of bacteria were chosen: Klebsiella pneumoniae,
Mycobacterium tuberculosis, Salmonela enterica and Staphylococcus aureus. For all four

species, models built from 25 genes range in their average F1 scores from 0.75 [0.73–0.77,

95% confidence interval] for S. enterica to 0.80 [0.78–0.81, 95% confidence interval] for K.
pneumoniae (Fig 1). The F1 scores increase as the set size increases, with the models

built from 500 genes having F1 scores ranging from 0.84 [0.81–0.86, 95% confidence

interval] for M. tuberculosis to 0.89 [0.86–0.90, 95% confidence interval] for S. aureus.

Besides to conclude that AMR phenotypes can be predicted from sets of core genes,

the authors also made additional experiments to emphasize that high accuracies do not

appear to be the result of overfitting, memorization, strain-specific SNPs, or imbalances

in sampling or phylogeny.

11



CHAPTER 2. PREDICTION OF ANTIMICROBIAL RESISTANCE USING CORE GENES

Figure 2.4: Structure of data used as features by the model, where a strain is represented
by a vector containing the frequency counts of all occurring 15-mers in the group of
selected core genes, organized by lexicographic order. This vector is associated to a
resistant or susceptible phenotype (S/R).

However, there are no criteria to create the sets of core genes used to run the

experiments - they are constructed at random from the complete set of core genes. This

fact motivates us to explore the possibility to select these genes using some criterion

based on the interaction between core genes and AMR genes and verify whether we can

improve the prediction using specific sets of core genes.
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3
SELECTING CORE GENES BASED ON

INFORMATION FROM PROTEIN

INTERACTION NETWORK

Given the fact that core genes are chosen at random as it was explained on the previous

chapter, we would like to find if there is way to choose these genes in order to improve

the prediction compared to a random selection.

Remembering that, from a clinical perspective, we are interested in providing in-

formation on the resistance phenotype as quickly as possible and using the available

information - bacterial genome sequence - in the best way. Detection of the resistance

phenotype can be accelerated when using laboratory strategies that do not require bac-

terial cell culture. However, this makes it difficult to obtain complete coverage of the

bacterial genome in its sequencing. Since sequences of core genes are more likely to be

obtained, the objective is to verify if we can improve the performance of the prediction

of the bacterial resistance phenotype when we use specific sets of core genes, instead of

selecting them randomly.

In this sense, two methods will be proposed in this chapter based on ideas from

network medicine.

13
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3.1 Network Medicine

Network medicine is an emerging interdisciplinary field that aims to understand and an-

alyze the complexity of diseases. It involves integrating multiple sources of biological and

clinical data to build comprehensive models to identify novel therapeutics by analyzing

complex networks of interactions between different biological components, like proteins,

genes, metabolites, RNA molecules or even diseases and phenotypes. [26]. Graphs, one of

the most general representations of discrete metric spaces, are natural data structures

to model such components, where nodes are objects and the relation between them are

edges [27].

Network medicine relies in the idea that a disease is rarely a consequence of an

abnormality on a single gene, but reflects the perturbations of the complex interactome

network, which is the whole set of molecular physical interactions between biological

entities in cells and organisms [26].

3.2 The Project

Since the previous study was based on protein-encoding genes, a protein interaction

network will be used to analyze distance between core genes and AMR genes as a graph,

where proteins are nodes and an edge is a physical or functional interaction between two

proteins.

This study proposes ways to select core genes using information from bacterial protein

interaction network. The objective is to verify whether incorporating this information in

the choice of core genes can provide a better selection than a random choice. This is the

first approach using Network Medicine ideas for this particular problem.

The approach is based on the hypothesis that core genes closer to genes previously

associated with antimicrobial resistance may suffer mutations resulting from the incor-

porated resistance mechanism and, therefore, provide features capable of characterizing

the susceptibility phenotype more precisely. For example, the highlighted core genes

represented in figure 3.1 could have a better predictive power than choose core genes at

random, based on their proximity from AMR genes. We can use measures in the graph to

find these genes and use them to predict the resistance phenotype.

The methods in this study were tested using data from Salmonella enterica.
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Figure 3.1: Illustrative example of a bacterial protein interaction network where core
genes (blue) closer to AMR genes (red) are highlighted.

3.3 Kernel Methods on Graphs

Kernel-based methods are a set of techniques for analyzing complex data sets, includ-

ing those arising in network science and computational biology. They offer a natural

framework to study similarity between two nodes in a graph. In order to interpret these

methods to understand what they are and how they can be used in our problem, some

definitions are necessary.

The definitions below are based on [28], [29] and [30].

A kernel function k :X ×X 7→R is a measure of similarity between objects. In particular,

they can be used to analyze and model the relationships between different components of

biological networks - in this case, proteins. It implicitly constructs a mapping ϕ :X 7→Hk

to a Hilbert space Hk in which the kernel appears as the inner product

k(x, x′)= 〈
ϕ(x), ϕ(x′)

〉
.

The function k must satisfy two mathematical requirements: it must be symmetric,

that is, k(x, x′)= k(x′, x), and positive semi-definite. For finite graphs, the kernel can

equivalently be specified by an n×n matrix K, with Kxi, xj = k(xi, xj)
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The function of the kernel is to provide a global similarity metric, whereas graphs

incorporate information on local similarity. It must be able to express the degree of

similarity between any two examples x, x′ ∈X . Therefore, the challenge is to define a

kernel that captures the semantics inherent in the graph structure but at the same time

is reasonably efficient to evaluate.

3.3.1 Laplace Operators

We know that biological structures can be represented as a graph. Now, we need to have

a way to write it in order to construct a kernel function satisfying its definitions. In this

sense, the Laplacian of a graph (defined below) is used.

An undirected unweighted graph G consists of a set of vertices V numbered 1 to

n, and a set of edges E (i.e., pairs (i,j) where i,j ∈ V and (i,j) ∈E ⇐⇒ (j,i) ∈E). The

adjacency matrix of G is an n×n real matrix W , with Wij = 1 if i and j are neighbors

(which is denoted as i ∼ j), and 0 otherwise (by construction, W is symmetric and its

diagonal entries are zero).

The adjacency matrix is not the only matrix associated with undirected unweighted

graphs. Let D be an n×n diagonal matrix with Dii = ∑
jWij . The Laplacian of G is

defined as L :=D−W and Normalized Laplacian is

L̃ := D− 1
2LD− 1

2 = I −D− 1
2WD− 1

2 .

It is known from spectral graph theory that L̃ is symmetric and positive semi-definite.

L and L̃ can be regarded as linear operators on functions fff : V 7→ R, or, equivalently,

on vectors fff = (f1, f2, · · · , fn)⊤. L could be also defined as〈
fff, Lfff

〉 = fff⊤Lfff = 1

2

∑
i∼j

(fi−fj)
2 for all fff ∈Rn.

3.3.2 Regularization via the Graph Laplacian

The fact that L induces a semi-norm on fff which penalizes the changes between adjacent

vertices indicates that it may serve as a tool to design regularization operators.

A class of regularization is defined as〈
fff, Pfff

〉
:= 〈

fff, r(L̃)fff
〉

where r(L̃) is understood as applying the scalar valued function r(λ) to the eigenval-

ues of L̃, that is,

r(L̃) :=
n∑
i=1

r(λi)vvvivvv
⊤
i ,
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where (λi, vvvi) constitute the eigensystem of L̃.

We can think of the regularization operator as implicitly defining a kernel function

on the nodes of the graph. Specifically, the Graph Laplacian regularization encourages

the model to assign similar function values to nodes that are close in the graph, which

can be interpreted as a kind of similarity measure.

In other words, nodes that are close to each other in the graph (i.e., they are connected

by a path of small length) are considered to be similar, and hence they are encouraged to

have similar function values. This aligns with our intuitive understanding of biological

components: if two genes or proteins interact directly or are part of the same pathway,

they are likely to be involved in similar biological processes, and hence they should be

treated similarly by our model.

3.3.3 Kernels

Giving a regularization matrix P = r(L̃), the corresponding kernel is given by

K = r−1(L̃),

where the pseudo-inverse is taken wherever necessary. More specifically, if (λi, vvvi)

constitute the eigensystem of L̃, we have

K =
n∑
i=1

r−1(λi)vvvivvv⊤i where we define 0−1 ≡ 0.

Different choices to r(λ) define different kernel functions, which depends on the

specific context. In our case, we would like to look at core genes closer to AMR genes,

therefore, a diffusion kernel considering AMR genes as source nodes may be suitable.

3.3.4 p-Step Random Walk

The p-step random walk kernel can be interpreted as a measure of the connectivity or the

interaction intensity between two nodes in the graph. It counts the number of paths of

length p between two nodes, where a path is a sequence of edges that connects the nodes.

This means that two nodes are considered similar if there are many paths of length p

connecting them.

The p-step random walk kernel is obtained with the following choice of r(λ) to the

kernel function,

r(λ)= (aI −λ)−p with a≥ 2,
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which provides the kernel

K = (aI − L̃)p with a≥ 2,

where a acts as a regularization term.

This matrix is similar to the diffusion kernel. However, the fact that K involves only

a finite number of products of matrices makes it much more attractive for practical

purposes. In particular, entries in Kij can be computed cheaply using the fact that L̃ is a

sparse matrix.

The value of Kij is proportional of the probability of arrive i j from i in a random walk

after p steps. The parameter p allows you to control the complexity of the interactions

you are considering. For small values of p, the kernel will only consider short paths

between nodes, while for larger values of p, the kernel will consider longer paths.

3.4 Proposed Methods

The following proposed approaches are based on information from a protein interaction

network associated to a bacteria species, which is, in this case, a binary matrix of

adjacency. All datasets and codes to construct gene sets can be found in https://github.

com/brunafistarol/MasterProject.

3.4.1 Naive selection of core genes

A very simple way to separate core genes in different groups is based on the shortest

path to any AMR gene. The goal is to verify whether core genes with a smaller shortest

path to any AMR gene can provide a better prediction score than core genes far from

AMR genes.

As an example, if a core gene has a direct interaction with an AMR gene X (a path of

length 1) and the shortest path to an AMR Y in the graph is 2, this core gene will be part

of a group with label 1.

3.4.2 Selecting core genes based on kernel scores from p-Step
Random Walk

The idea of this approach is to measure the additive effect of AMR genes through the

diffusion of these genes in the interaction network between proteins.
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3.4. PROPOSED METHODS

Algorithm 1: Naive selection of core genes
Data: core_nodes, AMR_ nodes
Result: sets of core genes according to the shortest path to an AMR gene
for i in core_nodes do

distance = inf ;
for j in AMR_nodes do

if has a path between i and j then
distance = min(shortest_path(i, j), distance)

end
end
put i in a group corresponding to the variable distance

end

Applying the definition of normalized Laplacian,

L̃ := D− 1
2LD− 1

2 = I −D− 1
2WD− 1

2 ,

on the kernel given by p-step random walk,

K = (aI − L̃)p with a≥ 2,

we have

K = ((a−1)I +D− 1
2WD− 1

2 )p,

where we set a= 2.

The matrix K provides a diffusion score from any to any node in the network. To

obtain a vector with scores of each core gene, this matrix is multiplied by a binary vector

where 1 indicates whether a gene is AMR related, which means AMR genes are the

"source" of diffusion.

core genes are sorted by score in decreasing order and a number of genes at the top

of the list is selected to run the model.

We considered the values of p= 2 and p= 1. When we consider p= 1, we obtain a score

proportional to the number of AMR genes that interact with core genes.
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3.5 Dataset

3.5.1 Salmonella enterica

Antibiotic resistance in Salmonella enterica is a growing concern in the field of public

health. Salmonella enterica is a gram-negative bacteria that can cause food poisoning

and other infections in humans and animals. It is commonly found in raw or undercooked

meats, eggs, and unpasteurized dairy products [31].

Although the previous model has been evaluated for four different species of bacteria,

we choose to do this study with Salmonella enterica because its group of 500 core genes

has 11 genes annotated as AMR genes, which were found after the publication of Nguyen

et al. [18]. The number of strains for each antibiotic and susceptibility profile is given by

3.1.

In order to have the same labels for proteins in all databases, we chose to look a

reference sequence of Salmonella enterica, the subspecies Salmonella enterica subsp.
enterica serovar Typhimurium str. LT2. We assume that we can do this given that we are

working with core genes.

Antibiotic Abbreviation Susceptible Resistant

Amoxicillin/Clavulanate AUG 1009 310
Ampicillin AMP 874 521
Cefoxitin FOX 1087 267
Ceftiofur TIO 1091 302

Ceftriaxone AXO 1090 305
Chloramphenicol CHL 1302 61

Gentamicin GEN 1143 230
Kanamycin KAN 201 33

Streptomycin STR 256 543
Sulfisoxazole FIS 712 594
Tetracycline TET 581 810

Table 3.1: Counts of susceptible and resistant genomes used for Salmonella enterica to
train/test/validate the model.

3.5.2 Core genes

The group of core genes used to repeat the experiments is a group of 500 genes given by

the previous study [18]. At the moment that this data was collected (December 1, 2018),
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core genes were chosen in a way where none of this genes was annotated as AMR related.

3.5.3 Antimicrobial Resistance Genes

The information about relation of a specific gene with a AMR phenotype was given by

the PATRIC database, searching for the specific subspecies of Salmonella enterica and

accessing the specialty genes table, which contains antimicrobial resistance genes. This

is necessary to localize AMR genes on the PPI.

3.5.4 Protein Interaction Networks

We are assuming that, although the core genes vary to the point of providing a high-

performance prediction for the antimicrobial resistance phenotype, these changes are

subtle enough to assume that different strains share the same protein-protein interaction

(PPI) network. That is, proteins associated with the same family are represented by the

same node in the interaction network.

3.5.4.1 Direct Physical Interactions Between Proteins

To construct a physical protein interaction network, we used the prediction method

described in [32], since Salmonella enterica is not well-studied in terms of protein

physical interactions. The method works transferring useful experimental information

from well-studied organisms though gene ontology. The dataset used to predict the PPI

was obtained from National Center for Biotechnology Information (NCBI) database,

searching for protein sequences of the specific subspecies of Salmonella enterica.

3.5.4.2 Co-occurrence of Proteins in Physical Complexes

The organization of protein provides particularly strong evidence for their biological

relationship. In this sense, STRING database assigns scores to pairs of proteins protein

if the proteins show evidence of co-occurring in a complex, which means they can be

directly or indirectly interacting [33]. These scores are calculated for selected evidence

channels (text-mining) and aggregated into a combined physical interaction score and

can be interpreted as the probability of two proteins being together in a gold standard

complex.
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The PPI can be found searching for Salmonella enterica specific subspecies at STRING

database web page. On the download page, the PPI is referred as protein network data

with physical links (physical subnetwork, scored links between proteins).
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RESULTS

4.1 Prediction based on distance

In this chapter, we will present the results obtained from the resistance phenotype

prediction using the sets of core genes constructed as it was described on the previous

chapter.

We began running the experiments from Nguyen et al. [18] using sets of core genes

according to the shortest path from a core gene to any AMR gene (as it is described on

algorithm 1). To construct these groups, we used a set of 500 core genes from Salmonella
enterica given by Nguyen et al. [18], and the PPI network with direct physical interactions

between protein (described on section 3.5.4.1). The number of genes in each group

according to the shortest path to any AMR gene is in the table 4.1

There are 9 core genes with distance zero from an AMR gene, which means these

genes were annotated as AMR genes after the data collection from Nguyen et al. [18],

because all core genes annotated as AMR genes were removed from the study. We will

not consider these 9 genes to run experiments for core genes close to AMR genes. Instead,

we will use these 9 genes as a separated batch to run the model in order to verify whether

the best prediction score comes from this group of genes.
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Length of shortest path to AMR Count of core genes

0 9
1 83
2 219
3 38

Table 4.1: Counts of core genes based on the shortest path to any AMR gene in the PPI
network

The bar charts on figure 4.1 show the model performances in terms of F1 score (y

axis), a metric which take into account not only the number of prediction errors that the

model makes, but that also look at the type of errors that are made. This metric is scaled

from 0 to 1, where 1 is the best score. In short, this metric indicates how good a set of

genes can predict if a bacterial strain is resistant or not to some antibiotic.

An experiment is made running the prediction model described for Nguyen et al.

[18] using a set of genes constructed here. The red columns indicates the F1 score

obtained from 9 core genes annotated as AMR. The blue columns are the mean of several

experiments using 9 genes: basically, there are 83 genes with the length of the shortest

path to any AMR gene equals to 1 (as indicates the table 4.1), which makes possible to

do 9 non overlapping groups of 9 genes. Hence, the blue bars labeled as "Length 1" are

the mean F1 score of 9 experiments. Bars labeled as "Length 2" and "Length 3" are the

mean F1 score of 24 and 4 experiments, respectively.

According to the assumption made in our study, we expected a decreasing score as

the core genes move away from AMR genes. However, this pattern is not observed in my

experiments.
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Figure 4.1: F1 scores obtained selecting genes based on distance from an AMR gene to a
core gene.

We can look at the figure 4.2 to think about a possible reason for these results. The

core genes A, B and C have length 1 from the AMR genes in red. However, while genes

B and C interacts with one AMR gene, gene A is interacting with more than one AMR

gene. This suggests that gene A could be a better choice for the prediction batch if the
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Figure 4.2: Interactions between protein showing a possible reason to not have a good
result with a naive selection.

assumption is correct. This motivates the next approach, which makes a diffusion along

the PPI using AMR genes as source nodes, trying to summarize the effect of multiple

AMR genes.
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4.2 Prediction based on scores from kernel method

Kernel methods provide a way to summarize the contribution of all AMR genes. The idea

is to measure the additive effect of AMR genes through the diffusion of these genes in the

interaction network between proteins. Using the method described in section 3.4.2 it is

possible to get scores for each core gene in the PPI network in terms of a diffusion along

the graph. The idea is to check if a group core genes with the highest score in terms of

kernel measure. (i. e., more connected with AMR genes) can have a significant improve

on its prediction performance when compared to a normal distribution of scored obtained

running several experiments with core genes randomly selected.

In order to compare this result with a distribution given by a set of randomized

experiments, we used several sets of randomized source nodes instead of AMR genes

(which can include any node in the PPI network) having the same number of genes

as there are AMR genes in the PPI network. The same methodology was used to run

the experiments with randomized source nodes and obtained F1 scores were used to

approximate normal distributions. All histograms in this section have 10 bins from the

lowest to the highest F1 score (x axis). Additionally, the first plot on all figures (titled

as "ALL") is a mean result of all antibiotics. The density of the normal distributions is

plotted with three standard deviation for each side around its mean.

4.2.1 Prediction using 2-step Random Walk in a network with
direct physical protein interactions

The objective is summarize the effect of AMR genes along the physical interaction

network making a diffusion from AMR genes to core genes up to two edges from AMR

genes, since genes on the same pathway tend to be close on the interactome. The 20

core genes with the highest score were used to run the prediction and get the F1 score

from this prediction, which is compared to a distribution of F1 scores from randomized

experiments.

Figure 4.3 shows histograms obtained from 30 randomized experiments using 20 core

genes. From these values, normal distributions were approximated and plotted on figure

4.4. The vertical green line on figure 4.4 is the F1 score obtained using AMR genes as

sources to calculate scores from 2-step kernel method.
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Figure 4.3: Histograms for F1 scores from 30 experiments using sets with 20 genes and
a randomized group of genes as sources.

There was no statistically significant difference in the performance of the models for

any of the antibiotics. Since the interaction network between bacterial proteins is highly

connected, we could be capturing unrelated genes when using p= 2. Therefore, we also

tried to reproduce the experiment using this same interaction network with p= 1.
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Figure 4.4: F1 scores (vertical blue line) obtained selecting a set of 20 genes with the best
scores. The density of the normal distributions from randomized experiments is plotted
with three standard deviation for each side around its mean.
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4.2.2 Prediction using 1-step Random Walk in a network with
direct physical protein interactions

Analogously to the previous experiment and using p= 1, figure 4.5 shows histograms

obtained from 30 randomized experiments using 20 core genes. From these values,

normal distributions were approximated and plotted on figure 4.6. The vertical blue line

on figure 4.6 is the F1 score obtained using AMR genes as sources to calculate scores

from 1-step kernel method.

Likewise, there was no statistically significant increasing in the performance of the

models for any of the antibiotics. So, we tried to use an interaction network in which

the edges express the probability of finding two proteins working in the same physical

complex in the cell, with p= 1.
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Figure 4.5: Histograms for F1 scores from 30 experiments using sets with 20 genes and
a randomized group of of genes as sources.
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Figure 4.6: F1 scores (vertical blue line) obtained selecting a set of 20 genes with the best
scores. The density of the normal distributions from randomized experiments is plotted
with three standard deviation for each side around its mean.
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4.2.3 Prediction using 1-step Random Walk in a network with
co-occurrence of proteins in physical complexes

The objective is summarize the effect of AMR genes along the co-complex network making

a diffusion from AMR genes to core genes up to one edge from AMR genes. In other

words, we are selecting core genes with the highest probability to be found in a physical

complex with AMR genes. The 20 core genes with the highest score were used to run the

prediction and get the F1 score from this prediction, which is compared to a distribution

of F1 scores from randomized experiments.

Figure 4.7 shows histograms obtained from 30 randomized experiments using 20 core

genes. From these values, normal distributions were approximated and plotted on figure

4.8. The vertical blue line on figure 4.8 is the F1 score obtained using AMR genes as

sources to calculate scores from 1-step kernel method.
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Figure 4.7: Histograms for F1 scores from 30 experiments using sets with 20 genes and
a randomized group of of genes as sources.

Again, no statistically significant increasing in the performance of experiment pre-

diction was observed compared to the distribution of randomized experiments. Possible

reasons for the observed results will be discussed in the next chapter.
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Figure 4.8: F1 scores (vertical blue line) obtained selecting a set of 20 genes with the best
scores. The density of the normal distributions from randomized experiments is plotted
with three standard deviation for each side around its mean.
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5
DISCUSSION

In this chapter we will discuss the implications of our findings and explore potential

reasons for the observed results in the context of our hypothesis and the overall project.

We will also consider the limitations of our study and provide suggestions for future

research.

The primary objective of our study was to investigate whether core genes that are

closely related to AMR genes in terms of physical interactions or protein complexes

would yield better prediction of antibiotic resistance compared to a random selection

of core genes. The results obtained did not have a significant increase in F1 scores,

since the found p-values are greater than 0.1 when we compare the F1 score from the

experiment using selected core genes to the normal distribution of F1 scores obtained

from a randomized group of genes.

There are some possible explanations for the lack of improvement in predictive

performance observed in our study:

1. Unknown AMR genes: It is possible that we are using, within the core gene sets,

genes that are responsible for antibiotic resistance mechanisms, but have not yet

been associated with them. We are assuming that AMR genes have better features

to predict the AMR phenotype, therefore, this could increase the mean of F1 scores
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distribution. We found 9 AMR genes in the set of 500 used core genes, which

were not annotated as AMR when the data was collected (2018, December). New

genes are discovered and associated with the resistance phenotype as resistance

mechanisms are studied over time.

2. Quality of protein-protein interaction data: The quality and completeness

of the protein-protein interaction data used in our study could have affected the

accuracy of our network-based approach. The PPI containing direct physical in-

teractions is constructed based on laboratory derived experiments, while the PPI

of physical complexes contains inferred interactions. Incomplete or inaccurate

interaction data would result in an incomplete representation of the relationships

between core genes and AMR genes.

3. Number of core genes: Our study used a set of core genes provided by Nguyen et

al., which contains a predetermined number of core genes. A more complete set of

core genes could potentially yield better prediction results.

However, the unexpected results obtained in this study could also suggest the ex-

istence of compensatory changes in bacterial genomes. Compensatory mutations or

changes are genetic alterations that mitigate the fitness costs associated with resistance

to antibiotics. The development of antibiotic resistance in bacteria often comes at a

fitness cost, meaning that the resistant bacteria may grow and reproduce more slowly

than their non-resistant counterparts in the absence of the antibiotic. Over time, the

bacterium or its descendants may acquire additional mutations that help to restore

fitness. These compensatory mutations could, for instance, further modify the altered

target so it functions better, adjust metabolic pathways to compensate for the wasted

resources, or re-balance cellular processes affected by the increased efflux activity [34].

Compensatory changes may occur in various parts of the genome. This would suggest

that any part of the bacterial genome could be used to predict antibiotic resistance.

Therefore, further research should investigate the effect of these compensatory changes

on the selection of core genes for predicting antibiotic resistance.
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CONCLUSION

In this thesis, we have investigated the potential of selecting core genes based on their

relationship to known AMR genes in protein-protein interaction networks to predict

antibiotic resistance. Our work involved the application of kernel methods on bacterial

protein interaction networks, the selection of gene sets using these methods, and the

assessment of these gene sets’ predictive capabilities using a machine learning model

based on decision trees. Our results did not support our original hypothesis that core

genes related to AMR genes in terms of physical interactions or protein complexes

would achieve higher scores in predicting susceptible/resistant phenotype compared to a

random choice of core genes.

Upon further analysis, we propose that the unexpected results could be due to the

possibility of compensatory changes occurring throughout the bacterial genome rather

than being specifically related to AMR genes. This finding suggests that any part of the

bacterial genome could potentially be used to predict antibiotic resistance.

However, it is important to note that there are limitations to our study, including the

small sample size for some antibiotics, potential limitations in the quality of the PPI

network used, and the use of a set of core genes that may not be complete.

We suggest increasing the sample size for each antibiotic, improving the quality of

the PPI network, and using a more comprehensive set of core genes. Additionally, we
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suggest further investigation into the possibility of compensatory changes occurring

throughout the bacterial genome.

In conclusion, our study provides valuable insights into the potential limitations

of using core genes to predict antibiotic resistance and highlights the need for further

research in this area.
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