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Sneh Priya
Delhi Technological University, Delhi, India

Email: snehpriva2003@gmail.com

ABSTRACT

Antimicrobial resistance (AMR) is one of the most serious healthcare problems in the twenty-
first century. According to data from the World Health Organization (WHO), AMR directly
caused 1.27 million deaths and indirectly contributed to 4.95 million deaths in 2019. It is
projected that without significant interventions, the number of deaths may rise to approximately
10 million annually by 2050. Pseudomonas aeruginosa, belonging to the ESKAPE group
(Enterococcus faecium, Staphylococcus aureus, Klebsiella pneumoniae, Acinetobacter
baumannii, Pseudomonas aeruginosa, and Enterobacter spp.), has been classified as a critical-
priority pathogen by the WHO and U.S. Centers for Disease Control and Prevention. It is
responsible for 10-16% of hospital-acquired infections and has an inherently complex
resistance architecture due to the acquisition of new resistance determinants through horizontal
gene transfer. While studies have used whole genome sequencing (WGS) for AMR
surveillance, most remain limited to listing the resistance genes alone. It is therefore necessary
to examine how these genes are organized and co-selected. A major factor contributing to the
spread of resistance is the association of the resistance genes with mobile genetic elements
(MGEs), which is yet to be fully understood.

This dissertation focuses on the development and application of a reproducible bioinformatics
framework for the integrated characterization of the resistance genes and MGEs in clinical P.
aeruginosa isolates. Whole genome sequences of ten clinical isolates representing pneumonia,
bloodstream infections, and urinary tract infections from geographically diverse sources were
retrieved from publicly available databases. Raw paired-end reads were processed through a
quality-controlled assembly pipeline using FastQC, MultiQC, fastp, and SPAdes, followed by
AMR gene detection using NCBI AMRFinderPlus. MGEs belonging to four categories,
including insertion sequence (IS) elements, prophage regions, integrons, and plasmid replicons,
were detected using ISEScan, PHASTER, IntegronFinder, and PlasmidFinder, respectively.
All downstream analysis was implemented in Python, enabling transparent and reproducible
execution.

Across the ten isolates, 69 unique resistance determinants including both acquired resistance
genes (85%) and chromosomal point mutations (15%) were identified. Three genes aph(3’)-
11b, catB7, and fosA, were universally conserved. AMR gene burden varied significantly across
isolates, with the highest burden isolate carrying 32 genes across multiple resistance classes.
Co-occurrence network analysis was performed using a binary gene presence-absence matrix,
revealing a structured resistome comprising 20 genes connected by 91 edges. The three core
genes each showed maximum degree centrality. The crpP gene, encoding a ciprofloxacin
resistance enzyme, exhibited disproportionately high connectivity relative to its prevalence,
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indicating strong co-selection pressure. Hierarchical clustering using Jaccard distance
identified high, moderate, and low burden groups, indicating non-random multi-class
acquisition patterns. Shannon entropy indices ranged from 1.79 to 3.47 across isolates, with
higher values in high-burden isolates. These findings suggest that resistance is distributed
broadly across drug classes, and this has direct relevance to the treatment limitations faced in
clinical settings.

Mobilome characterization revealed 297 IS elements, 15 intact prophage regions, integron-
associated attC sites in six isolates, and plasmid replicons confined to the highest burden
isolate. A composite MGE burden score integrating all four element types showed a statistically
significant positive correlation with AMR gene count (Pearson’s r = 0.762, R = 0.580, p =
0.010). The values show a strong association between genomic plasticity and resistance
accumulation within this population.

The findings of this study demonstrate that AMR in P. aeruginosa is not merely a collection
of independent genetic events, but rather a structured, network-organized, and MGE-associated
phenomenon. The framework utilized here generated quantitative outputs for each isolate,
including network centrality scores, Shannon diversity indices, hierarchical cluster
assignments, and MGE burden profiles, which are directly applicable to AMR surveillance.
When applied to large sample sizes, these results may serve as a structured feature set for future
machine learning-based resistance phenotype classification and outbreak risk prediction. This
work contributes to the growing foundation of Al-driven infectious disease surveillance by
bridging WGS-based genomic profiling with the computational framework required for large-
scale clinical application.
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CHAPTER 1
INTRODUCTION

In modern era, one of the most persistent and challenging issues for healthcare is antimicrobial
resistance (AMR). Due to the misuse of antibiotics, the resistance mechanisms in bacteria
evolved and this has now led to a crisis that cannot be ignored. According to World Health
Organization (WHO) data, AMR has caused about 1.27 million deaths, and contributed to
additional 4.95 million deaths indirectly in 2019. It is projected that without significant
intervention, the number of deaths might rise to about 10 million annually by 2050 (Murray et
al., 2022). AMR has become one of the leading causes of mortality worldwide and without
significant solutions to this problem, the future outcomes might become even worse as our
therapeutic options to target resistant bacteria continue to become narrow.

The hospital environments contribute heavily to the AMR burden. Multidrug-resistant (MDR)
pathogens are heavily concentrated in clinical settings, where antibiotic selection pressure is
high. The patients are critically ill and immunocompromised becoming vulnerable to
infections, Hospital-acquired infections (HAIs) caused by MDR pathogens lead to increased
fatality rates, prolonged inpatient stays, and increased healthcare costs due to use of expensive
last-resort therapeutic agents.

Pseudomonas aeruginosa is a member of the ESKAPE group of pathogens (which includes
Enterococcus faecium, Staphylococcus aureus, Klebsiella pneumoniae, Acinetobacter
baumannii, Pseudomonas aeruginosa, and Enterobacter spp). This pathogen is responsible for
10-16% of HAIs, such as surgical site infections, bloodstream infections, urinary tract
infections, and ventilator-associated pneumonia, and has a reported mortality rate ranging from
32-51% in clinical populations (Elfadadny et al., 2024).

Carbapenem-resistant P. aeruginosa has been designated as a critical-priority pathogen by both
WHO and U.S. Centers for Disease Control and Prevention. This pathogen is considered so
challenging due to its intrinsic resistance mechanisms. These include reduced outer membrane
permeability, a network of Mex efflux pumps, and AmpC beta-lactamase production. In
addition, the clinical isolates also acquire exogenous resistance determinants through
horizontal gene transfer (HGT)(Ferndndez-Billon et al., 2023). The most clinically significant
of these are the carbapenemases, particularly the metallo-beta-lactamases blaVIM and blaIMP,
which have been detected in 30-50% of clinical P. aeruginosa isolates in some surveillance
studies. This leads to carbapenems becoming ineffective, which are often a last-resort
antibiotic. The combination of intrinsic and horizontally acquired resistance genes creates a
resistance profile that makes the infections exceptionally challenging to fight (Elfadadny et al.,
2024).

Despite the complexity of P. aeruginosa resistance, most healthcare settings still rely on
phenotypic antimicrobial susceptibility testing (AST) for surveillance. While these methods
provide the essential information needed to guide the treatment, they have several limitations,
especially when MDR pathogens are involved. Phenotypic testing of sample requires 48-72
hours from collection to result. Also, this method can only report the bacterial isolate
characteristics as performed under standard laboratory conditions, and cannot reveal the




underlying genomic architecture that provides more accurate information on resistance
(Dolgusevs et al., 2024). The standard tests also ignore the information about mobile genetic
elements (MGEs), whether the resistance genes are chromosomally encoded or plasmid-borne.
The limitations create a gap between the genomic reality of resistance and the clinical
information used for prescribing drugs to patients (Dolgusevs et al., 2024; Hassall et al., 2024).

Whole genome sequencing (WGS) is a method of AMR surveillance that captures the whole
genetic blueprint of an isolate including resistance genes, chromosomal point mutations,
mobile elements, and phylogenetic markers. For P. aeruginosa specifically, WGS can be used
for outbreak investigation by reconstructing transmission chains and identifying specific
mobile platforms carrying resistance determinants. However, most studies related to P.
aeruginosa resistome remain confined to gene inventories without diving deep into their
dissemination and mobility across clinical populations. The absence of reproducible, integrated
computational frameworks makes it difficult to compare surveillance data across institutions
(Sherry et al., 2025).

To understand the genomic architecture of resistance, the first step is characterizing the
resistome. This explains which genes co-occur consistently and the distribution of resistance
across drug classes. Network-based co-occurrence modelling and Shannon diversity
quantification when applied to resistome provide a clear picture of the resistance complexity
across samples. The mobilome refers to the full complement of mobile genetic elements in a
genome including insertion sequence (IS) elements, prophages, integrons, plasmid elements.
etc. These are responsible for spreading resistance across clinical environments. Most studies
perform limited mobilome characterization, leaving the broader MGE landscape unstudied
(Nodari et al., 2023). Covering this gap provides a direct measure of how genome plasticity
translates into resistance and classifies the relationship between total MGE burden and
resistance gene accumulation.

This study addresses three main objectives that define the scope of the work: first, to
characterize the resistome of the selected clinical P. aeruginosa isolates including both the
conserved resistance core and acquired determinants, and to describe its architecture through
network and diversity analysis; second, to characterize the mobilome across four major MGE
categories and compute a composite burden score per isolate; and third, to quantify the
statistical relationship between MGE complexity and resistance gene burden, and to evaluate
the structured numerical outputs of this framework as a foundation for future machine learning-
based AMR prediction and surveillance applications.




CHAPTER 2
LITERATURE REVIEW

2.1 Antimicrobial Resistance: A Global Health Crisis

Antimicrobial resistance is one of the greatest challenges to global healthcare in the modern
era. The misuse of antibiotics across human medicine, agriculture, and veterinary practice led
to an imposed evolutionary pressure on the microbial populations, which accelerated the
selection and spread of antimicrobial resistant strains worldwide (Aslam et al., 2018). A global
systematic analysis reported that AMR led to 1.27 million deaths directly, and 4.95 million
deaths indirectly in patients in 2019. The numbers might rise to annual 10 million deaths by
2050 if the problem of AMR continues to grow without significant solutions (Murray et al.,
2022).

HAIs caused by MDR organisms represent a particularly severe clinical challenge, as they
result in increased fatality and prolonged hospital stays, causing substantial economic burden
to healthcare systems. A systematic review on clinical and financial burden of ESKAPE
pathogen-associated HAIs confirmed that the infections vary significantly based on regional
setting and type of pathogen (Woh & Zhang, 2025).

2.2 Pseudomonas aeruginosa as a Critical Priority Pathogen

2.2.1 Microbiological Characteristics and Virulence

Pseudomonas aeruginosa 1s a gram-negative, non-fermenting, aerobic bacillus with one of the
largest bacterial genomes (~6.3 Mb), encoding a wide range of virulence factors, regulatory
networks, and metabolic pathways (Elfadadny et al., 2024). The main virulence determinants
involved in tissue and immune invasion include type I1I and type VI secretion systems, biofilm-
forming exopolysaccharides (alginate, Pel, Psl), quorum-sensing circuits (las, rhl, pgqs),
proteases, pyocyanin, and thamnolipids (Krimina et al., 2026; Liao et al., 2022). These features
make P. aeruginosa a challenging opportunistic pathogen causing bloodstream infections,
urinary tract infections, ventilator-associated pneumonia, and surgical site infections, with
reported mortality rates of 32-51% (Elfadadny et al., 2024). Recent WGS based studies of
resistant strains of P. aeruginosa have confirmed co-occurrence of high virulence potential and
MDR resistance profiles, highlighting the need of integrated genomic characterization (Pajaro-
Castro et al., 2025).




2.2.2 Clinical burden of infection

P. aeruginosa is the fifth most frequent cause of HAIs globally, accounting for approximately
7.1% of all HAIs in tertiary care hospitals. The regional prevalence rates depend on local
antibiotic stewardship and infection control, however multi-center metadata highlights that the
prevalence of MDR P. aeruginosa ranges between 15% and 30% in general wards, and
increases up to 48.7% within high-risk ICU environments (Salleh et al., 2025).

2.2.3 Genotypic-Phenotypic Mismatch

A major challenge in the diagnostics of MDR pathogens is the frequent mismatch between the
genotypic predictions and phenotypic AST outcomes. A study documented these genotype-
phenotype inconsistencies in ICU patients and linked them to gene expression, epistatic
interactions, and regulatory mutations (Dolgusevs et al., 2024).

2.3 Mechanisms of AMR in P. aeruginosa
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Fig 2.1: Major Mechanisms of AMR in P. aeruginosa




2.3.1 Intrinsic resistance mechanisms

In P. aeruginosa, the intrinsic resistance works at multiple levels. Reduced outer membrane
permeability through downregulation of porin OprD restricts accumulation of carbapenems
intracellularly. The constitutive expression of efflux systems (MexAB-OprM, MexCD-OptJ,
MexEF-OprN, and MexXY-OprM) pushes antimicrobial compounds including beta-lactams,
fluoroquinolones, aminoglycosides, and tetracyclines out of the cell. The presence of ampC
beta-lactamase provides resistance to aminopenicillins and extended-spectrum cephalosporins
(Pang et al., 2019). Additionally, studies also show that biofilm formation can amplify intrinsic
resistance by creating diffusion barriers and tolerant subpopulations (Liao et al., 2022).

2.3.2 Acquired Resistance Determinants

Beyond intrinsic mechanisms, P. aeruginosa acquires additional resistance genes by
chromosomal mutations and horizontal gene transfer (HGT). Carbapenem resistance is
frequently associated with acquired metallo-beta-lactamases such as blaVIM, blaIMP, and
blaNDM, along with porin mutations and efflux overexpression (Oliver et al., 2024; Pang et
al., 2019). Aminoglycoside-modifying enzymes, including phosphotransferase aph(3')-11b, are
found in many clinical P. aeruginosa strains. The chloramphenicol acetyltransferase catB7 and
fosfomycin resistance gene fosA are also acquired chromosomal determinants across species
(Oliver et al., 2024). Studies report that ciprofloxacin-modifying enzyme CrpP, mediator of
fluoroquinolone resistance has been spreading by highly mobilizable genomic islands in
hospital settings (Hernandez-Garcia et al., 2021).

2.4 WGS for Resistome Profiling

Due to the reduction in cost of sequencing, WGS has become accessible for use in genomics
research and surveillance operations. It allows simultaneous identification of acquired genes,
chromosomal mutations, and MGEs within a single workflow, offering unparalleled resolution
compared to conventional approaches. A review by Sherry et al. discusses how WGS can be
adopted for AMR applications and identified reproducible bioinformatics pipelines (Sherry et
al., 2025). A typical workflow comprises of raw read quality assessment using FastQC (S.
Andrews, 2010) and MultiQC (Ewels et al., 2016), adapter trimming via fastP (Chen et al.,
2018), de novo genome assembly using SPAdes (Bankevich et al., 2012), and target resistance
gene annotation via AMRFinderPlus (Feldgarden et al., 2021). A comprehensive five-year
longitudinal analysis of Spanish Pseudomonas aeruginosa clinical isolates successfully
displayed the capacity of population-scale resistome characterization to monitor the shift in
resistance trends and trace spread of high-risk bacterial clones (Lopez-Causapé et al., 2017).

To use WGS as a tool in active surveillance studies, there is need of development of highly-
curated, standardized reference databases and automated annotation pipelines. Bioinformatics
tools are required to characterize the resistome from de novo genomic assemblies. They can
distinguish between vertically inherited chromosomal mutations and horizontally acquired
mobile resistance genes (Centner et al., 2026). Some public repositories include
Comprehensive Antibiotic Resistance Database (CARD) which uses a specialized ontology-




driven system (Alcock et al., 2023), ResFinder that focuses on acquired determinants from
clinical isolates (Florensa et al., 2022), and AMRFinderPlus (Feldgarden et al., 2021).

AMRFinderPlus is managed under National Center for Biotechnology Information (NCBI)
Pathogen Detection Project, and uses the highly structured Bacterial Antimicrobial Resistance
Reference Gene Database. It employs a hybrid multi-stage detection architecture that makes it
better than the standard alignment-only search tools (like BLASTn alone). For alleles that are
known and well-documented, the tool aligns their sequences against databases containing
manually curated, position-specific BLAST cutoff rules. To detect highly divergent alleles,
novel variants, or hidden orthologs within complex assemblies, it utilizes profile Hidden
Markov Models (HMMs). In this manner, AMRFinderPlus can drastically reduce the rates of
false-negatives when it profiles diverse clinical lineages. The “Plus” functional expansion of
AMRFinderPlus refers to integration of specific curated databases tracking virulence factors,
biocide resistance, and heavy metal tolerance, enabling more comprehensive, multi-
dimensional genomic analysis of the target pathogen (Feldgarden et al., 2021, 2022).

2.5 MGEs: Drivers of Resistance

2.5.1 Integrons

Integrons are type of MGE that have a site-specific recombination system that allows capture,
integration, and rearrangement of gene cassettes. Class I integrons are the most clinically
prevalent and are major drivers of AMR dissemination in P. aeruginosa. IntegronFinder 2.0
(Néron et al., 2022) is a tool for identification of complete integrons that retain a functional
integrase gene (intl) flanked by recombination sites (attl/attC), and chromosomally-fixed
cassette arrays called CALINs (Clusters of Antibiotic Resistance Genes Linked to Integrons)
which lack a functional integrase.

2.5.2 Plasmids

They serve as primary vehicles for inter- and intra-species transfer of AMR genes via
conjugation. In P. aeruginosa, megaplasmids and broad-host-range incompatibility groups are
often present in clinical lineages (Urbanowicz et al., 2021). These vectors serve as genetic
scaffolds, utilizing transposons and integrons for the transfer of AMR determinants.
PlasmidFinder (Carattoli et al., 2014) enables in silico detection and typing of plasmid
replicons from assembled WGS data.

2.5.3 Insertion sequence elements

IS elements are the simplest and most abundant autonomous transposable genetic elements in
prokaryotic genomes that drive genomic plasticity and resistome reorganization in
Pseudomonas aeruginosa. They contain a transposase gene flanked by inverted repeats.
ISEScan is used for automated identification and family classification of IS elements from




prokaryotic genome assemblies. The IS3 family is most prevalent in P. aeruginosa genomes
and has been associated with expression of resistance genes (Xie & Tang, 2017).

2.5.4 Prophages

Prophages are bacterial viruses integrated stably into the host chromosome, and are a major
part of the variable accessory genome in P. aeruginosa. PHAge Search Tool Enhanced Release
(PHASTER) (Arndt et al., 2016) is used for automated classification of prophage regions into
intact, questionable, and incomplete categories for systematic mobilome characterization.

Table 2.1: Overview of MGE categories and their Role in AMR Dissemination

Features Integrons Plasmids Insertion Prophages
sequences
Size 0.5-3 kb (cassette | 1-400 kb 0.7-2.5 kb 10-200 kb
arrays up to 10
kb)
Type of | Site-specific Extrachromosomal | Simplest Bacteriophage
element recombination circular DNA transposable genomes  integrated
system elements in host
Mechanism of | Passive Active Passive Passive
transfer (depend on | (conjugation, (require co- | (transduction)
functional transformation) resident
transposons or conjugative
plasmids for HGT) elements)
Major AMR | Multi-class Inter-species AMR | OprD disruption, | Regulatory gene
contribution resistance acquired | transfer efflux pump | disruption, lysogenic
via cassette capture | (carbapenemases upregulation, conversion, indirect
and ESBL) composite resistance
transposon modulation
formation
Prevalence in | High, especially | Low to moderate High, IS3 family | High

P. aeruginosa

class I integrons

is most prevalent

Key
references

(Ali et al., 2024,
Néron et al., 2022)

(Carattoli et
2014)

al.,

(Fernandez-Billén
etal., 2023; Xie &
Tang, 2017)

(Arndt et al., 2016;
Chang et al., 2025)




2.6 Integrated Resistome-Mobilome Analysis

2.6.1 Hierarchical Clustering and Distance Metrices

Hierarchical clustering of binary gene presence-absence matrices is a basic method to identify
genomic relationships among bacterial isolates. In resistome data, clustering would reveal non-
random resistance gene co-acquisition patterns which cannot be understood from individual
gene counts. The Jaccard distance measures binary vector dissimilarity while ignoring joint
absence, and is preferred for such analyses. It can be implemented within the SciPy scientific
Python library (Virtanen et al., 2020). Visualization through Seaborn-generated clustered
heatmaps (Waskom, 2021) shows isolate relationships and gene clustering patterns that helps
to better understand the resistome architecture.

2.6.2 Diversity Quantification

Shannon entropy can be productively applied to resistome diversity quantification in genomic
epidemiology. In the context of resistome, H' = —).(p; X log,p;), where pi represents the
proportion of AMR genes belonging to each resistance class (Shannon, 1948). Calculating
Shannon entropy provides a normalized, scalar value measuring the absolute breadth, evenness,
and distribution complexity of resistance classes across sequenced genomes, where high
entropy scores would mean that complex, MDR genotypes are being heavily shaped by MGEs
(Robertson et al., 2023).

2.6.3 Network-based Co-occurrence

Recent studies are going beyond simple gene inventories and focusing on characterization of
the structural organization of the resistome using network-based approaches. Co-occurrence
network analysis 1s one such approach where the nodes and edges represent the resistance genes
and their co-presence across isolates, respectively (Choudhury & Andam, 2026). The
NetworkX library (Hagberg et al., 2008) provides comprehensive tools for constructing and
analyzing complex networks in Python.

The recently published Resistome Gene Association Inference Network (ReGAIN) pipeline
combines AMRFinderPlus gene annotations with Bayesian network modelling, and evaluates
conditional dependencies, quantifying the likelihood that a pathogen will acquire a specific
resistance determinant given its existing genetic background. Network analysis show that
resistance genes rarely occur in isolation. Instead, they cluster onto the mobile elements and
drive multi-class resistance against drugs (Bring Horvath et al., 2024).




2.6.4 Resistome-Mobilome Correlation

The relationship between MGE burden and AMR gene count across multiple gram-negative
surveillance studies consistently revealed strong positive correlations. Pearson correlation
analysis can be used to obtain a quantitative measure of the association between genome
plasticity and resistance burden. However, the correlation could have imperfect nature as
highlighted by isolates with high IS element burden but low AMR gene count (Che et al., 2021).
The mismatch means that non-mobilome factors such as chromosomal mutations, intrinsic
resistance, and gene loss events also affect the resistance profiles independent of overall MGE
content (Botelho et al., 2019).

A study by Noman et al. showed that WGS-derived genomic features, including gene presence—
absence profiles can yield high classification accuracy (>96%) in machine learning (ML)
models predicting resistance to 12 antibiotic classes in P. aeruginosa. This highlights the
importance of such structured quantitative genomic outputs from computational surveillance
pipelines in ML applications to improve AMR surveillance (Noman et al., 2023).




CHAPTER 3
METHODOLOGY

3.1. Retrieval of WGS of Clinical Isolates

10

Genomes of ten clinical isolates of P. aeruginosa were obtained from publicly available
databases NCBI Sequence Read Archive (Agarwala et al., 2018) and European Nucleotide
Archive (David et al., 2026). These genomes represent bloodstream infections, pneumonia,
and urinary tract infections from diverse geographic sources.

Table 3.1: Clinical P. aeruginosa isolates retrieved for resistome and MGE analysis

S. no. | Accession ID Geographic origin | Collection Date | BioProject ID

1 ERR12310986 India 2020 PRJEB70413

2 SRR14087464 India 07-2018 PRINA689041
3 SRR33445280 Italy 31-01-2024 PRINA1259250
4 SRR35514394 Brazil 08-01-2018 PRINA785542
5 SRR34755277 USA 25-06-2025 PRINA288601
6 SRR35287142 USA 20-08-2025 PRINAS858823
7 SRR33818201 USA 2025 PRINA288601
8 SRR35664086 USA 2025 PRINA288601
9 SRR34900282 Australia 09-2015 PRINA1220180
10 SRR35023004 Australia 2018 PRINA1220180

3.2. Read Quality Control

The initial quality assessment of the raw paired-end reads was performed using FastQC (S.
Andrews, 2010), producing quality reports for each sample that were then compiled through
MultiQC (Ewels et al., 2016) for comparative analysis among the datasets. Adapter trimming
and quality filtering followed using fastp (Chen et al., 2018) with qualified quality Phred >20,
length >50 bp, sliding window 4:20, and automatic adapter detection. Post-trimming quality
was re-assessed with FastQC and MultiQC to confirm improvement in per-base quality scores
and adapter removal.



https://trace.ncbi.nlm.nih.gov/Traces?run=ERR12310986
https://www.ncbi.nlm.nih.gov/bioproject/PRJEB70413
https://trace.ncbi.nlm.nih.gov/Traces?run=SRR14087464
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA689041
https://trace.ncbi.nlm.nih.gov/Traces?run=SRR33445280
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA1259250
https://trace.ncbi.nlm.nih.gov/Traces?run=SRR35514394
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA785542
https://trace.ncbi.nlm.nih.gov/Traces?run=SRR34755277
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA288601
https://trace.ncbi.nlm.nih.gov/Traces?run=SRR35287142
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA858823
https://trace.ncbi.nlm.nih.gov/Traces?run=SRR33818201
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA288601
https://trace.ncbi.nlm.nih.gov/Traces?run=SRR35664086
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA288601
https://trace.ncbi.nlm.nih.gov/Traces?run=SRR34900282
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA1220180
https://trace.ncbi.nlm.nih.gov/Traces?run=SRR35023004
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA1220180
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3.3. De Novo Genome Assembly

Filtered reads were assembled de novo using SPAdes (Bankevich et al., 2012) in careful mode
with the k-mer sizes 21,33,55,77, and keeping contigs >500 bp in length.

3.4. AMR Gene Identification

The assembled contigs were screened with NCBI AMRFinderPlus (Feldgarden et al., 2021)
keeping identity >90% and coverage >60% to detect acquired resistance genes and
chromosomal point mutations.

3.5. MGE Detection

MGE belonging to four categories were characterized using the obtained SPAdes-assembled
contigs of each Pseudomonas isolate.

3.5.1 IntergronFinder

Integrons were detected using Integronfinder (Néron et al., 2022) that analyzed the genomes
for presence of complete integrons and CALINs. This allowed detection of both actively
mobile integrons and chromosomally fixed resistance arrays.

3.5.2 PlasmidFinder

PlasmidFinder (Carattoli et al., 2014) was utilized in identification of the plasmid replicons
present within the WGS data.

3.5.3 ISEScan

IS elements were searched using ISEScan (Xie & Tang, 2017) which recorded the total IS
element count and number of distinct IS families for each isolate.

3.5.4 PHASTER

PHASTER (Arndt et al., 2016) detected and classified the prophage regions into three
categories (intact, questionable, and complete). This provided an overall prophage landscape
for MGE analysis, and only the intact prophage regions were used for the burden calculations
due to high biological relevance and activity.
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3.6. Computational Analysis of Resistance Genes and MGEs

The computational analysis was done using Python within a Google Colab environment to
make a reproducible and accessible pipeline.

The AMRFinderPlus results were converted into a binary gene presence-absence matrix
development. In the matrix, the rows represented isolates and the columns represented AMR
genes identified. Then matrix multiplication of the transposed binary matrix produced a co-
occurrence matrix. In this, each entry indicated the number of isolates in which two genes were
simultaneously present. A co-occurrence network was made using NetworkX v3.x (Hagberg
et al., 2008). Each node represented an AMR gene and edges were drawn between the genes
that co-occur in multiple isolates. Node size was proportional to degree centrality and reflected
the number of co-occurring relationships per gene. The different node colour displayed
different resistance classes that highlighted their co-selection pattern.

Resistome diversity was quantified using the Shannon entropy index, calculated as follows:

H' = =Y (p; X log,p;)

where p; describes the proportion of each resistance class among all AMR genes detected in
that isolate (Shannon, 1948). This allowed comparison of resistome complexity across isolates.

Hierarchical clustering was performed using SciPy library (Virtanen et al., 2020) on the binary
presence-absence matrix using Jaccard distance as the dissimilarity metric paired with the
average linkage method. Jaccard distance is used because it is perfect for binary data and
ignores joint absence. The dendrogram and clustered heatmap obtained were then viewed using
the Seaborn clustermap function (Waskom, 2021), displaying both samples and genes
simultaneously. This highlighted the co-clustering patterns and shared gene subsets among
isolates.

For the integration of resistome and mobilome, complete MGE burden score per isolate was
computed. This included calculating the arithmetic sum of the count of total IS elements,
prophage regions, attC sites, and plasmid replicons. Pearson correlation coefficient calculation
between MGE burden score and AMR gene count across all 10 isolates was done using the
SciPy stats module, with statistical significance defined at p < 0.05. The resulting data is a
measure of the relationship between resistance and genome plasticity burden in the selected
clinical P. aeruginosa isolates.
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CHAPTER 4
RESULTS AND DISCUSSION

4.1 AMR gene burden

Number of AMR genes
= wm = @ =
¥ I

.

e ~ & A A S

SHE AR oF & N L

R T S A U R\ s A
SR S - U R e R Ci- i L
FFFFTFTFTyy sy

Sample_ID

Fig. 4.1: Number of unique AMR genes detected per isolate

In this study, total 132 AMR genes were identified from WGS analysis of 10 clinical P.
aeruginosa isolates. Out of all the genes, 69 were unique. The resistance determinants
contained both acquired genes (85%) and chromosomal point mutations (15%).

The AMR gene burden was variable across isolates, with maximum 32 genes in ERR12310986
and minimum 6 genes in SRR33818201, SRR35023004, and SRR35514394 each.

TRIMETHOPRIM 2]
TETRACYCLINE 6
SULFONAMIDE [0081]
RIFAMYCIN [
QUINOLONE [ |
PHENICOL 15
MACROLIDE/STREPTOGRAMIN [
MACROLIDE 03]
LINCOSAMIDE/MACROLIDE/STREPTOGRAMIN [
FOSFOMYCIN [ i
FLUOROQUINOLONE [T 8]
COLISTIN 3]

BLEOMYCIN |2

ANTIBIOTIC CLASS

BETA-LACTAM 35 |

AMINOGLYCOSIDE 26 |

0 H 10 15 20 25 30 s 40
NUMBER OF AMR GENES

Fig. 4.2: Distribution of unique AMR genes by antibiotic class across isolates

Among all resistance classes, beta-lactam and aminoglycoside were the most prevalent classes,
reflecting their well-documented dominance in clinical P. aeruginosa populations (Oliver et
al., 2024).
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Fig 4.3: Hierarchical clustering heatmap of AMR gene distribution
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Three genes aph(3')-1Ib, catB7, and fosA were present in all ten samples, forming a conserved

resistance core.

The high burden isolates ERR12310986, SRR14087464, and SRR34900282 shared broad
overlapping resistance gene collection from multiple antibiotic classes. The moderate burden
cluster included SRR33445280, SRR34755277, and SRR35664086, and showed partial gene
sharing with the high burden group. The remaining isolates were low burden cluster and were

mainly comprised of the conserved core genes.
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4.3 Co-occurrence Network and Resistance Connectivity

Co-occurrence Network of AMR Genes in Clinical Pseudomonas aeruginosa
(Edge = co-occurrence in =2 isolates, Node size = degree of co-occurrence)
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Fig 4.4: Co-occurrence network of AMR genes across isolates

Co-occurrence network analysis identified 20 genes and 91 edges. The three core genes
aph(3')-1lb, catB7, and fosA each displayed 19 connections which is the maximum degree
observed. This confirms their role as the structural backbone of the resistome network.

Interestingly, the crpP gene encoding for ciprofloxacin-modifying enzyme, showed 16
connections despite being present in only 7 isolates. This indicates its strong co-selection with
other resistance genes (Chavez-Jacobo et al., 2018).

The presence of cross-class edges between beta-lactam, aminoglycoside, quinolone, and
phenicol nodes shows that resistance is not class-specific. Co-selection of resistance
determinants from multiple classes is a major cause for treatment failure (Choudhury &
Andam, 2026; Schwartz et al., 2024).
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4.4 Resistance Diversity

The Shannon diversity indices ranged from 1.79 in the low burden isolates to 3.47 in
ERR12310986, with a mean of 2.40 across the 10 isolates. The consistency between Shannon
index ranking and AMR burden cluster means that the isolates carrying more resistance genes
had a more evenly distributed repertoire spanning a greater number of resistance classes. This
is clinically relevant because an isolate with high diversity index is resistant across multiple
drug classes simultaneously, and limits the treatment options (Choudhury & Andam, 2026;
Schwartz et al., 2024).

4.5 MGE Landscape
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Fig 4.5: MGE landscape across all ten isolates

A total of 297 IS elements were detected, with a mean of 29.7 per isolate. IS3 was the dominant
family, present in all isolates across varying copy numbers consistent with its known
prevalence in Pseudomonas genomes (Fernandez-Billon et al., 2023). ERR12310986 carried
the highest IS burden at 57 elements across 17 distinct families.

45 prophage regions were identified in total across all categories, of which 15 were intact,
present in eight of ten isolates. SRR33445280 harboured the highest intact prophage count at
4 regions, suggesting a history of repeated bacteriophage integration events.
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Integrons were detected in total six isolates. SRR33445280 was the only isolate carrying a
complete integron. CALIN structures were identified in four of them. Additionally, two isolates
carried Intl fragment remnants alongside their CALINs, indicating partial integron decay.

Plasmid replicons were present in only one isolate (ERR12310986). Three replicons
repl6/Incl18, rep5a/Rep3, and rep10/RepL were identified.

4.2 Correlation of AMR Genes and MGEs
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Fig 4.6: Pearson correlation between total MGE burden score and AMR gene count
across isolates

Pearson correlation between the composite MGE burden score and AMR gene count resulted
inr=0.762, R*=0.580, and p = 0.010. This means statistically significant positive association
between resistance burden and mobilome complexity. Isolates with higher overall MGE scores
also carried more AMR genes. The coefficient of determination value of 0.580 indicates that
MGE burden accounts for approximately 58% of the variance observed in AMR gene count.
The remaining 42% variance could have been caused by other factors such as chromosomal
mutations, intrinsic resistance mechanisms, gene loss events, etc. Deviations from the
regression line were seen in SRR35023004 and SRR35287142, which carried relatively high
IS element counts of 36 each but low AMR gene counts of 6 and 7 respectively. This indicates
that the accumulation of IS elements in these isolates occurred independently of resistance gene
acquisition (Nodari et al., 2023).
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CHAPTER S
CONCLUSION AND FUTURE PERSPECTIVES

Antimicrobial resistance in Pseudomonas aeruginosa is a structured, network-organized, and
mobilome-associated genomic feature. This study aimed at demonstrating this, using an
integrated bioinformatics pipeline to characterize the resistance genes and mobile elements of
clinical P. aeruginosa isolates from geographically diverse sources. The result is a reproducible
framework that goes beyond the single-tool gene inventory approaches and connects the overall
AMR profile together.

The most consistent finding in the analysis was the universal conservation of the genes aph(3’)-
1Ib, catB7, and fosA in every isolate regardless of geographic origin, infection type, or overall
resistance burden. Each of these genes reached the maximum degree centrality of 19
connections in the co-occurrence network which is not coincidental. These genes are
chromosomally fixed, near-intrinsic components of the P. aeruginosa genome, and have stable
presence across diverse clinical populations. For surveillance purposes, they represent a
reliable baseline. The clinical P. aeruginosa isolates carrying this core could be potentially
high-risk isolates.

That accumulation is not random. Hierarchical clustering of the resistance gene matrix revealed
low, moderate, and high burden tiers that represented an additive layer of multi-class resistance
genes built upon the core. The high-burden isolates carried resistance spanning beta-lactam,
aminoglycoside, quinolone, and phenicol classes simultaneously which was reflected in high
value of Shannon diversity indices (H' = 3.47). This type of co-selection of multiple resistance
classes is a consequence of MGEs, where resistance cassettes from different classes are
mobilised together rather than being acquired overtime (Nodari et al., 2023). In the co-
occurrence network results, crpP formed 16 connections despite being present in only 7 of 10
isolates. Such unbalanced connectivity occurs because crpP spreads mostly through integrative
and conjugative elements (ICEs), and routinely co-localises with aminoglycoside resistance
genes, mercury resistance operons, and virulence-associated fimbriae clusters (Lopez et al.,
2022).

The mobilome analysis confirmed that resistance complexity in this cohort scales is
proportional to MGE complexity. The highest-burden isolate, ERR12310986, was the only one
to carry all four MGE types simultaneously. The significant Pearson correlation between
composite MGE burden and AMR gene count (r=0.762, p=0.010, R*=0.580) provides direct
quantitative evidence for this relationship across the cohort. The remaining 42% of unexplained
variance is expected and occurs because of chromosomal mutations, gene loss events, etc. Two
isolates (SRR35023004, SRR35287142) each carried 36 IS elements but only 6-7 resistance
genes which means that IS element accumulation might not always be associated with the
spread of resistance.

Overall, the workflow combined AMRFinderPlus screening, co-occurrence network
modelling, Shannon diversity quantification, hierarchical clustering, and multi-MGE
correlation in a reproducible computational environment. These generated structured numerical
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genomic profiles that are directly useful for clinical AMR monitoring. The framework
addresses a gap that conventional WGS approaches leave open, which is that they identify what
genes are present but do not quantify how those genes are organized, co-selected, or connected
to the mobile elements that disseminate them. It is shown by studies that systematic WGS-
based tracking of high-risk clones can help to identify transmission routes and inform
interventions that reduce nosocomial spread (Sherry et al., 2025; Stribling et al., 2025). The
outputs obtained from our pipeline including the centrality scores, diversity indices, and per-
isolate MGE profiles can be taken as standardised, quantitative features that would make the
surveillance more scalable.

Looking forward, the most impactful next step is validation on a larger, phenotypically
characterized cohort. While 10 isolates are enough to establish statistical significance and
demonstrate a framework, they are not enough for generalization of outcomes for clinical
decision. Incorporating phenotypic minimum inhibitory concentration data would also enable
direct genotype-phenotype validation. Long-read sequencing methods could provide the
complete structural context of resistance genes within different MGE types which is difficult
with short-read assemblies.

The structured outputs of this kind of pipeline can be used as training features for machine
learning-based AMR phenotype prediction. Random Forest models trained on P. aeruginosa
WGS data have already achieved mean classification accuracies of >96% across 12 antibiotic
families (Noman et al., 2023). Beyond the clinical laboratory, this type of analysis can be
extended to environmental and veterinary isolates within a One Health framework that can help
to track resistance across the ecological boundaries between hospital, community, and
environmental reservoirs.

In conclusion, this study shows that characterizing P. aeruginosa resistance genomics requires
looking at both what genes are present and how they are organized and mobilized. The
framework developed here makes that possible in a reproducible and scalable manner, and
could be used in future for clinical AMR prediction and outbreak surveillance.
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