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Abstract

Haemophilus influenzae is a human-adapted pathogen that causes both respiratory and
invasive diseases. Following the introduction of the H. influenzae type b (Hib) conjugate
vaccine, non-typeable H. influenzae (NTHi) has emerged as the predominant cause of invasive
disease, with reported cases continuing to rise. However, understanding of the species
population structure remains limited due to its genetic diversity and the lack of high-
resolution analytical tools and representative isolates from low- and middle-income countries
(LMICs) such as Indonesia. This DPhil thesis addresses these gaps by developing a genomic
framework for high-resolution typing, identifying genetic factors linked to invasiveness in

NTHi, and characterising circulating strains in an underrepresented region.

A core genome multilocus sequence typing (cgMLST) scheme was developed using 2,297
high-quality genomes, resulting in a stable set of 1,037 core genes. These genes were
functionally annotated and used to construct a cgMLST framework that accurately reflects
phylogenetic relationships. The scheme was implemented in the PubMLST database to

support accessible and standardised population analysis.

Building on this framework, a genomic clustering system based on the Life Identification
Number (LIN) code was applied to define consistent, hierarchical groupings within the
species. Demonstrated using published data, the cgLIN scheme enables scalable classification
of H. influenzae lineages and supports public health applications including antimicrobial

resistance (AMR) surveillance and outbreak detection.

A genome-wide association study (GWAS) was conducted to investigate the genetic

basis of invasiveness in NTHi. By comparing invasive and non-invasive isolates from global



sources, the analysis identified variants in porin genes, TonB-dependent receptors, and
regulatory elements, many of which correspond to known virulence factors. However, no
single genetic determinant fully explained the phenotypic outcome of invasive disease in
NTHi, suggesting that this trait is polygenic and shaped by extensive recombination, as
previously observed in vitro and further supported by large-scale in silico genomic analyses

in this study

The final part of the thesis assessed the population structure of H. influenzae in
Indonesia. A total of 113 isolates from both carriage and invasive disease were characterised
using cgMLST and cgLIN. The Indonesian isolates were genetically diverse and largely
composed of NTHi lineages similar to those found globally. Ampicillin resistance was
common, mediated by mobile genetic elements and mutations in the ftsI gene. These findings
demonstrate the importance of integrating genomic data with local epidemiological context

to inform regional AMR surveillance.

Overall, this thesis provides a publicly available framework for the genomic
characterisation of H. influenzae and applies it to key questions in population structure,
virulence, and resistance. The results support improved surveillance, inform vaccine
development, and enhance public health response efforts, particularly in regions with limited

genomic infrastructure.
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Chapter 1

Haemophilus influenzae: epidemiology, molecular typing, and genomic insights

Haemophilus influenzae is a commensal bacterium which resides in the upper
respiratory tract and has the potential to become an opportunistic pathogen in humans, its
only known natural host. Clinical infection of this Gram-negative coccobacillus can manifest
as either invasive or non-invasive infection (Table 1.1). Its major virulence factor (VF) of the
bacterium is the polysaccharide capsule. Based on the presence or absence of this capsule, H.
influenzae is classified into encapsulated/typeable and unencapsulated/non-typeable (NTHi)
[1, 2]. The encapsulated strains are further divided into six serotypes (a—f) based on distinct
capsular polysaccharide structures. Historically, serotype b (Hib) accounted for most invasive
H. influenzae disease, including meningitis and septicaemia, whereas NTHi predominates in
carriage and non-invasive infections [3, 4]. However, since introduction of the Hib vaccine,
NTHi has emerged as the leading cause of invasive H. influenzae disease [5, 6]. These shifts in
serotype prevalence and disease presentation therefore underscore the need to synthesise

current knowledge and identify remaining gaps.

Table 1.1. Infections caused by H. influenzae [1, 7, 8].

Anatomical site Disease

Upper respiratory tract Sinusitis, laryngitis, tonsilitis

Eye and ear Conjunctivitis, acute otitis media, mastoiditis

Lower respiratory tract Bronchitis, pneumoniae, acute exacerbations of
COPD, chronic infection in CF

Central nervous system Meningitis

Other internal organs Epiglottitis, pleural effusion, endocarditis, arthritis,
osteomyelitis.

Systemic infection Bacteraemia, septicaemia, purpura fulminans

(including the Brazilian purpuric fever)

COPD: chronic obstructive pulmonary disease, CF: cystic fibrosis
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Accordingly, this chapter reviews the literature on H. influenzae with a focus on three
core themes relevant to this DPhil project: (1) mechanisms of pathogenesis and associated VFs
(addressed in a single subchapter), (2) the public-health significance of this pathogen, which
spans three subchapters because of its breadth, and (3) the genomic features that shape its
biology and explain epidemiological findings (also addressed in a single subchapter). For each

theme, critical challenges and gaps in understanding are highlighted.

1.1. Pathogenesis of H. influenzae

1.1.1. Capsule operon encoding H. influenzae primary virulence factor, the capsule

polysaccharide

The H. influenzae capsule is encoded by the cap locus, which contains functionally
unique regions: regions I, II, and IIl. Genes in region I (bexABCDE) encode proteins involved
in the capsule export machinery which require ATP and genes in region III (hcsAB) encode
proteins responsible for capsule post-polymerisation step. Region II genes of the cap locus are
unique for different serotypes [3, 4]. Although their open reading frames (ORF) are defined
and the sequence variations extensively studied, only a few genes in the Region II have known

products and have been fully characterised [9].

Potts et al evaluated the genetic diversity of each gene in each region of the H. influenzae
cap locus. Genes from capsule region I or IIl (bexA, bexB, bexC, bexD, hcsA, hcsB), showed
nucleotide percentage identities ranging from approximately 81% to near 100%. Notably, hcsA
and hcsB exhibited greater allelic diversity and slightly lower overall identity (~81% to 96%),

indicating higher variability compared to bex genes. In contrast, region II genes (acs, bcs, ccs,
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dcs, ecs, and fcs), demonstrated relatively high sequence identity among alleles belonging to
specific serotypes (>97%). Genes such as acs1, acs2, acs3, and ecs1 shared nucleotide identities
ranging roughly from 97.5% to nearly 100%, with acs and bcs genes showing the greatest
variability within a serotype. Meanwhile, ccs, dcs, and fcs genes had a nucleotide similarity

between 99%-100%, suggesting these genes are more conserved across isolates [3].

Serotype determination for H. influenzae was primarily performed using classical
serological methods, such as slide agglutination with type-specific antisera. Although rapid
and cost-effective, serology had limitations, including subjective interpretation, cross-
reactivity, and the inability to serotype strains that express low levels of capsule.
Consequently, molecular techniques have gained preference for precise identification and
classification. Molecular methods, particularly polymerase chain reaction (PCR)-based assays
targeting genes within the cap locus (e.g. bes2 to detect Hib), offer increased sensitivity,
specificity, and reproducibility compared to serological approaches. PCR-based techniques
have thus become a standard practice, especially for epidemiological studies and surveillance
programs aimed at monitoring the distribution and prevalence of specific H. influenzae

serotypes following vaccine implementation [10].

1.1.2. Other virulence factors contributing to the pathogenesis of H. influenzae disease

Since H. influenzae exclusively inhabits the human nasopharynx, it must possess the
necessary genetic determinants to survive and persist in this niche, ensuring sustained
colonisation. As an opportunistic pathogen, it is also equipped with various factors that can
promote tissue damage, trigger inflammatory responses, and, in some cases, facilitate invasion

through the mucosal barrier into the bloodstream. Collectively, components that enable H.



influenzae to establish infection and cause disease are referred to as virulence factors (VFs)
[11, 12]. Key VFs involved in each stage of H. influenzae molecular pathogenesis, ranging from

colonisation to invasion and immune evasion, are summarised.

H. influenzae initiates infection by adhering to epithelial cells in the human respiratory
tract. This is primarily mediated by various adhesins such as pili, Hap, Hia, and
HMW1/HMW?2 proteins, which facilitate attachment to host mucosal surfaces [11, 12]. The
host proteins targeted by these adhesins are mainly extracellular matrix (ECM) proteins like
laminin and vitronectin, which become exposed due to inflammation or viral infections [13-
15]. Protein E and Protein F are other examples of proteins expressed by H. influenzae which
mediate binding to ECM [14]. Multiple mechanisms contribute to bacterial evasion of
mucociliary clearance, including both direct and indirect effects. Directly, H. influenzae
lipopolysaccharides (LOS) can reduce ciliary movement by activating host protein kinase C
epsilon [16]. Indirectly, the formation of biofilms enhances bacterial persistence through

disruptions of mucociliary transport [12, 13, 17].

After successful colonisation, H. influenzae adapts to the nutrient-limited environment
of the nasopharynx through metabolic flexibility and scavenging systems, including the
ability to acquire iron and heme from the host [17]. Additionally, the bacterium LOS triggers
inflammation while resists host antimicrobial peptides by modifying its LOS composition
through incorporation of host-derived sialic acid, which helps camouflage the bacterium and
reduce immune recognition [17]. H. influenzae also produces IgAl proteases cleave host
immunoglobulins, weakening mucosal immunity and facilitating sustained bacterial presence

[12].



Once established, H. influenzae can penetrate deeper tissues by disrupting tight
junctions between epithelial cells and invading host cells. This is facilitated by Hap and HMW
proteins, which promote bacterial aggregation and internalisation [14, 15]. Furthermore, H.
influenzae, specifically NTHi, have an active approach to promote internalisation to
macrophage through expression of macrophage survival factor proteins, encoded by genes
msfA1-A4 [15, 18]. Through this route, while still directly avoiding immune detection and

killing, H. influenzae can cross the endothelial layer and enter the bloodstream.

Persistence in the bloodstream relies on two factors: first, the capacity to continuously
evade immune detection and killing, and second, the capability to proliferate in an iron-
limited environment. For encapsulated H. influenzae, the polysaccharide capsule resists
phagocytosis [17], while the NTHi mostly relies on modulating expression of its surface-
exposed antigens, primarily through phase-variation [13, 17]. Another important mechanism
of immune evasion is through factor H binding, a complement regulatory protein. H.
influenzae possess multiple, highly efficient iron and heme acquisition systems, such as
HgpABC and HhuA for haemoglobin and haemoglobin-haptoglobin utilisation; HxuABC for
heme-hemopexin utilisation; TbpAB for transferrin and lactoferrin binding; HitABC for

ferric-iron transport system [12].

1.2. The changing epidemiology of H. influenzae in carriage and disease
1.2.1. The impact of Hib vaccination: Successes and challenges in reducing Hib-related disease.

In the pre-Hib vaccine era, epidemiologic studies reported that incidence rates of Hib
meningitis in children aged 0-4 years ranged from approximately 19 to 69 per 100,000 in the

United States. This translates to approximately 1 in 200 children developed an invasive Hib
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infection before the age of 5, amounting to around 12,000 cases of Hib meningitis annually
[19, 20]. The rates were even higher, between 150 and 450 per 100,000, in indigenous
populations in regions such as Alaska, Northern Canada, and parts of Australia [20]. Case
fatality rate also varied significantly by region, from 3-6% in developed nations in the U.S. and

Europe, to as high as 28% in Africa [19, 20].

Following the introduction of Hib polysaccharide-conjugate vaccines in the late 1980s,
the epidemiology of Hib infections shifted dramatically. In high-income countries, routine
vaccination led to reductions of over 90-95% in the incidence of invasive Hib disease. For
example, surveillance data from the United States showed a decline in Hib meningitis
incidence in children under 5 by more than 95% by the mid-1990s. In England and Wales, the
incidence in this age group dropped from 35.5 per 100,000 before immunization to just 0.06
per 100,000 post-vaccine introduction, and even lower to 0.014 per 100,000 during the COVID-
19 pandemic [20, 21]. Out of 5852 serotyped H. influenzae isolates collected from 2012/13 to
2022/23, only 118 (2%) were Hib and 84% of these cases occurred in adults (median age 51
years old). Additionally, the most common clinical diagnosis in Hib cases was bacteraemic
pneumonia (56%) [21]. Reports from Ontario, Canada from 2014 to 2018 revealed that out of
1,273 serotyped H. influenzae from invasive cases, only 2.3% were due to Hib, with the
incidence rate of 0.04 per 100,000 [22]. In Denmark, out of 638 H. influenzae isolates from
invasive disease cases, 62 were Hib [23]. Hib invasive diseases are now more common in adults

over 65 years old and infants less than 1 year-old [21, 22].

Similar dramatic declines have been documented in resource-limited countries; in The
Gambia, the annual incidence of Hib meningitis fell from 60 per 100,000 to virtually 0 after

vaccine introduction [19]. However, in Argentina, 41.1% of all H. influenzae isolates



originating from invasive disease, were found to be Hib. This number is much higher
compared to findings in other countries and was attributed to factors such as irregular vaccine
coverage rates, delayed vaccination schedules, and non-compliance with booster doses
(national average coverage: 79.1%) generating insufficient herd immunity [24]. Even though
not as high, Hib was responsible for 21.5% of invasive H. influenzae cases in Brazil between
2009 and 2021. This finding was thought to be caused by declining Hib vaccination coverage
in Brazil, which dropped to 71.5% in 2021 from the ideal >95% [25]. National health data from
Thailand between 2015 and 2019 found an overall incidence of H. influenzae disease of 1.5-1.9

per 100,000. However, serotype data were not available [26].

Despite widespread implementation of Hib vaccination programs, Hib infections remain
a concern due to waning long-term immunity and the persistence of disease in partially
vaccinated or unvaccinated populations. Hefele et al. investigated Hib seroprevalence in Lao
People’s Democratic Republic between unvaccinated adolescents and vaccinated children (3
doses at 6, 10, and 14 weeks of age). In both groups, nearly all had anti-Hib antibody titre for
short-term protection while long-term protection was only detected in 45.6% of unvaccinated
and 58.9% vaccinated group [27]. Hong et al. supported this finding: in France, seroprevalence
failure only occurred in children immunised according to the 2+1 schedule, not the 3+1
schedule [28]. In Portugal, among 41 Hib cases in a twelve-year period, 26 were classified as
vaccine failures, which were defined as Hib invasive disease occurring >2 weeks after 1 Hib
dose given after the first birthday, or =1 week after =2 doses given before 1 year of age. Two
children died from epiglottitis and one child developed sensorineural hearing loss [29]. Even
though inclusion of Hib vaccine in the national immunisation program has been evaluated to

be highly cost-effective, China has yet to implement this [30].



1.2.2. Emergence of invasive NTHi and non-type b capsulated H. influenzae

Because current vaccination strategies target only Hib, public health authorities have
reported that the majority of invasive diseases caused by H. influenzae are now attributed to
NTHi. In addition, other serotypes have become increasingly prevalent. For instance, in
England, invasive infections were predominantly caused by NTHi (83%), followed by serotype
f (Hif, 10%), serotype e (Hie, 3%), and serotype a (Hia, 1%) [21]. Similarly, most studies confirm
that NTHi has emerged as the leading cause of invasive H. influenzae disease [20-22]; however,
there are regional variations, such as in Argentina and Brazil, where NTHi accounted for only

44.5% and 51.4% of cases, respectively [24, 25].

Weinberg et al. reported the first invasive NTHi outbreak in a Detroit elementary school
in 2023 involving four cases among children aged 5-6 years. Outbreak investigation was
triggered after the death of a child due to invasive H. influenzae disease followed by three
additional cases within 7 days in the same school and grade. The three children were
hospitalised. All patients were non-Hispanic Black or African American boys with symptoms

including fever, myalgia, lethargy, and headache [31].

McTaggart et al. observed a slight increase in trend of overall invasive H. influenzae
disease between the year 2014 and 2018 in Ontario, Canada, from 1.67 to 2.06 cases per 100,000
population, representing a 5.6% annual percent change. NTHi accounted for 74.2% of
infections. Nevertheless, in contrast to findings from England, infections caused by Hia
represented a higher proportion in their study, constituting 8.9% of all cases [22]. Although
Hia infections have historically been rare in England, recent years have shown a steady

increase in Hia cases across all age groups. In the latest period (2021/22), 19 Hia cases were



reported, compared to an average of 8 Hia cases/year in the five epidemiological years prior

[32].

Brown et al. reported that invasive H. influenzae disease disproportionately affects
specific populations, highlighting that the incidence among American Indian and Alaska
Native (AI/AN) patients was significantly higher (3.0 cases per 100,000 population) compared
to the overall national rate of 1.8 per 100,000. This disparity becomes even more evident when
analysing serotype distribution: 37.8% of cases among AI/AN patients were attributed to
serotype a (Hia), compared to only 5.8% in the general population [33]. Although NTHi is
commonly implicated in invasive disease, a multicenter study conducted across ten Canadian
hospitals found meningitis was still notably associated with typeable strains, especially Hia,
which accounted for 39% of paediatric meningitis cases. In contrast to other reports, NTHi
represented only 36% of 118 cases, while Hia accounted for the majority (54%), followed by

Hif at 26% [34].

Another encapsulated serotype of H. influenzae currently gaining prominence is Hif. A
systematic review by Reilly et al. evaluated the epidemiological trends of invasive Hif
infection and found clear evidence of an increasing incidence, particularly following
widespread implementation of Hib vaccination programs. The review reported a pooled
incidence of invasive Hif infections 0.15 (0.05-0.40) per 100,000 population per year. Many
studies included in the review compared this incidence rate before and after Hib vaccine

implementation and the median increase in Hif incidence reached over 260% [35].

There are still limited data on the prevalence of H. influenzae from lower- and even
upper-middle income countries (LMIC), specifically in the WHO South-East Asia Region

(SEARO). This region consists of countries that face multiple health challenges with high



disease burden and low government spending on healthcare, compared to the global average
[36]. The last data on H. influenzae invasive disease from Bangladesh was from the year 1999-
2003, 6 years before the implementation of Hib vaccine into the country’s national
immunisation programme. As expected, 98% of H. influenzae isolates were type b [37].
Similarly, only one report from Thailand on the burden of H. influenzae disease among
children which required hospitalisation prior to the implementation of Hib vaccine. However,

serotype data were not unavailable [26].

Until 2024, no data on H. influenzae invasive disease from Indonesia were available
although several studies concerning carriage rates had been undertaken with studies
examining H. influenzae as the aetiology of non-invasive disease. Overall H. influenzae
carriage prevalence among healthy children aged 12-24 months old was 27.5% [38] and 69.7%
of acute otitis media among school children were caused by this organism, 95.3% of which
non-typeable [39] Non type-b H. influenzae was also the most common causative pathogen
for hospitalised community-acquired cases in children aged 2-5 (n = 73/188, 38.%). This study
was conducted just after the inclusion of Hib vaccine in the national immunisation program

[40].

1.3. Typing strategies and the molecular epidemiology of H. influenzae

1.3.1. Genomic typing methods: MLST, cgMLST, and other genomic classification tools and

schemes.

Molecular typing of bacterial pathogens has become an indispensable tool in
epidemiology, infection control, and microbial research. Conventional typing methods rely

on phenotypic characteristics such as serotyping, usually based on serological reactions
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between antisera and capsular antigens, or “biotyping”, which are mostly based on enzymatic
reactions. The “biotyping” scheme for H. influenzae classified isolates based on the expression
of three metabolic enzymes: ornithine decarboxylase (ODC), urease, and tryptophanase.
While there was a strong correlation between genotype and phenotype in this biotyping
method, it did not provide insights into genetic relatedness or clinical disease outcomes,

limiting its practical utility [23, 41].

In addition, phenotypic typing methods often lack the resolution required to
differentiate between closely related variants. In contrast, molecular typing techniques, which
target the genetic material of bacteria, offer a higher degree of precision and reproducibility.
Methods like pulsed-field gel electrophoresis (PFGE), multilocus sequence typing (MLST), and
variable-number tandem repeat (VNTR) analysis have been widely adopted for their ability to
trace outbreaks, monitor pathogen evolution, and inform public health interventions. PFGE,
which had been the standard for outbreak investigations in the past, relies on the separation
of large DNA fragments to generate distinct banding patterns for comparative analysis. MLST
provides a sequence-based approach by indexing the allelic variation in multiple
housekeeping genes, making it a robust tool for long-term and global epidemiological studies
[42, 43]. Each sequence type (ST) is composed of a unique allelic variation and similar STs can
be clustered into a clonal complex (CC), typically using the globally-optimised BURST method

[44].

Over the past decade, an increasing number of bacterial typing methods have emerged,
largely driven by the growing accessibility of whole-genome sequencing (WGS). However,
the European Society of Clinical Microbiology and Infectious Diseases (ESCMID) Study Group

for Epidemiological Markers indicated in 2013 that WGS-based analyses were still not rapid
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enough for efficient data extraction, synthesis, and interpretation, primarily due to the need
for extensive bioinformatics support [45]. This concern remained relevant six years later, with
experts continuing to highlight the challenges posed by a lack of bioinformatics expertise and

the complexity of sequencing data interpretation [46].

In outbreak investigations and epidemiological tracking, the primary objective is to
determine whether bacterial isolates are genetically identical or distinct. To achieve this, an
approach with the highest discriminatory power is usually preferred when high-resolution
genomic data are available. With the availability of genomic data, often obtained through
WGS, a reference-free gene-by-gene analysis, as exemplified by MLST, can be expanded to
include tens or even hundreds of full-length genes within a given species. When a broader set
of highly conserved core genes, defined as those present in nearly all isolates of a bacterial
species, is incorporated into this gene-by-gene approach, it is referred to as core genome
multilocus sequence typing (cgMLST). Like MLST, which characterises bacterial isolates based
on the allelic variation of a limited number of housekeeping genes, cgMLST employs a similar
process of allele designation. Each unique sequence variant of a core gene is assigned a distinct
allele number, and the combination of allele numbers across the core gene set is used to define
a unique core gene sequence type (cgST) [47, 48]. The PubMLST database was developed to
store allelic variants and ST definitions for gene-by-gene typing schemes of important
bacterial pathogens. It allows users to upload their own genomic data and annotate it with
relevant typing information. In addition to being regularly updated and publicly available, the
database features a web-based, user-friendly interface. It is also equipped with comparative
genomics plugins, enabling users to perform analyses in a seamless, plug-and-play manner

[49, 50].
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In 2003, Meats et al. first published the MLST scheme for H. influenzae which was
implemented to 131 H. influenzae isolates to characterise the bacterial population structure
[51]. The seven housekeeping genes included in the scheme were chosen based on their
function and location in the H. influenzae Rd genome sequence, the first H. influenzae whole-
genome sequence [51, 52]. The selection criteria for these genes were as follows: (1) involved
in general metabolic processes, (2) located in genomic regions predominantly containing
genes with conserved functions, and (3) not subject to diversifying selective pressure [51].

The final loci included in the H. influenzae MLST scheme are summarised in Table 1.2.

Table 1.2. The seven locus MLST scheme of H. influenzae.

Locus Gene product Length of sequenced
fragment for MLST (bp)
adk Adenylate kinase 477
atpG ATP synthase F1 subunit gamma 447
frdB Fumarate reductase iron-sulfur protein 489
fucK Fuculokinase 345*
Mdh Malate dehydrogenase 405
Pgi Glucose-6-phosphate isomerase 468
recA RecA protein 426

*Fragment length for fucK can vary between 344-346 as stated and recorded on the PubMLST H.
influenzae typing database

https://pubmlst.org/bigsdb?db=pubmlst hinfluenzae seqdef&l=1&page=downloadAlleles&tree=1
(accessed 21 January 2025)

Previous studies on the H. influenzae genome have defined both its pan-genome and
core-genome sizes. They have also demonstrated that a ¢gMLST scheme can deliver high-
resolution characterisation of the species population structure. However, most of these studies
analysed fewer than 500 draft genomes, which is considered the minimum threshold for
reliable detection of paralogous loci, an essential step in core genome analyses [53-55].
Paralogs, which are duplicated genes originating from a single ancestral gene, can complicate

genetic comparisons and obscure true evolutionary relationships among genomes [56, 57].
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While some studies have applied cgMLST for H. influenzae, the schemes used were defined by
proprietary software, with typing definitions not publicly accessible [58, 59]. Consequently,
none of the existing cgMLST schemes have been validated or implemented on publicly

available platforms.

Beyond MLST-based typing, one attempt was made to establish alternative typing
schemes for H. influenzae, known as the pathotype concept, which was specifically developed
for the NTHi population. This method classified strains based on phylogenetic relationships
inferred from core genome single nucleotide polymorphism (SNPs). Six distinct clades (Clade
I-VI) were identified, with classification determined by the presence or absence of 17
accessory genes [54, 60, 61]. While this approach provided some genomic insight into strain
diversity, its clinical relevance remains limited, and it is not applicable to encapsulated H.

influenzae strains.

The most widely used typing method in H. influenzae molecular epidemiology studies
has been the 7-locus MLST, which defines STs and CCs. However, when higher-resolution
population structure analyses were performed using WGS, studies often reconstructed
phylogenies without a standardised typing scheme or clustering framework, leading to
arbitrary naming and numbering of genomically similar isolates into “clades” or “clusters”
based on subjective interpretation or predefined clustering thresholds. For example, in 2019,
Potts et al. conducted a genomic characterization of 688 H. influenzae isolates collected in the
United States between 1999 and 2017 and, based on maximum-likelihood phylogenetic
analysis, categorized them into three clades: Clade I, II, and III [3]. A prospective study in
Germany analysed 215 H. influenzae isolates collected between October 2019 and March 2020

and identified six genetic clusters using an arbitrary distance threshold in a minimum-
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spanning tree [58]. The inconsistency in clustering methodologies between these studies
makes direct comparisons difficult, as the three clades from the U.S. study and the six genetic
clusters from the German study cannot be reliably correlated. As a result, determining the
genetic similarity or divergence between isolates across different studies remains challenging
due to the lack of a standardised framework for WGS-based classification. This finding
indicates the need for reproducibility and stability in genomic characterisation of H.

influenzae.

1.3.2. Molecular epidemiology of circulating H. influenzae: Dominant clonal complexes in

capsulated strains and their absence in NTHi.

The molecular epidemiology pattern between encapsulated H. influenzae and NTHi is
very different to each other. Capsulated H. influenzae serotypes (Hia, Hib, Hic, Hid, Hie, and
Hif) are primarily associated with one or a few dominant STs. NTHi STs did not cluster into
tight clonal complexes, reflecting the high level of genetic recombination and diversity within
this group. When placed in a phylogenetic context, this genetic distinction suggests an
evolutionary split between encapsulated and NTHi lineages, emphasising the greater genomic

stability of encapsulated lineages compared to the highly heterogeneous NTHi population [3].

Genomic analysis revealed that 88% of the sequenced Hib isolates from England
(2012/13-2022/23) belonged to the “CC6 lineage” (defined as ST 6 and its single-locus variants)
[21]. Although the term “lineage” is used variably depending on phylogenetic context [62], an
ST is strictly the unique allelic profile of an isolate across all MLST loci [63]. A similar pattern
was observed in H. influenzae isolates collected through the U.S. national surveillance

program over an 18-year period, where ST 6 was the predominant ST associated with Hib.
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Additionally, a smaller ST, ST 222, was also identified as being linked to the capsule type [3].
Zanella et al reported that most (68.4%) of Hib isolates from Brazil belonged to ST 6 [25]. A
report from Denmark found that all Hib isolates belonged to the ST-6 complex, which
comprised of ST 6, ST 59, ST 190, ST 206, ST 709, and ST 1448 [23]. In cases of Hib associated
with vaccine failure, all analyzed isolates were also part of the ST-6 complex, with the majority

(92%) classified as ST 6 [29].

The vast majority of Hia strains from a prospective national study in England belonged
to a few closely related STs (ST 1511, ST 23, ST 56, ST 576), all part of the ST-23 complex,
collectively accounting for approximately 78% of the total isolates [32]. Similarly, 79% of USA
Hia isolates characterised by Potts et al belonged to this clonal complex and 55.5% of Hia
isolates from Brazil belonged to ST 23 [25]. A comparative genomic study of multinational
invasive Hia isolates consistently found most of these isolates to be part of this CC, while the
rest belonged to a distinct ST, the ST 62. This ST was not associated with any clonal complex

[64].

For other capsule types, Hic, Hid, and Hif are mainly associated with ST 9, ST 10, and
ST 124, respectively, while Hie isolates cluster into five closely related STs (ST 18, ST 66, ST
121, ST 127, ST 386) [3]. Multiple studies also showed that that ST-124 and ST124 complex
were associated with Hif [3, 23, 35]. These data, along with a more in depth comparative
pangenome analysis of Hif, confirm the low genetic variability of this capsule group,
suggesting that the increasing Hif incidence is not driven by capsule switching or major
genetic diversification [35, 65]. In fact, this pattern was also observed in other capsule types,

indicating that genetic adaptations, other than capsule switching, enhancing virulence and
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immune evasion was the underlying mechanism of increasing incidence of non-Hib

capsulated H. influenzae [3, 66].

A total of 293 NTHi isolates from the USA belonged to 125 different STs [3] with 479
isolates from Denmark associated with 131 different STs, including 40 novel STs which had
not been identified elsewhere [23, 67]. This high diversity was also apparent across different
geographical regions, including Norway [68], Germany [58], Japan [69], and China [15]. ST
103 is the most common among NTHi in Norway and Denmark [23]. Frank et al reported that
most NTHi from non-invasive cases across Germany belonged to ST 57, followed by ST 103
[58]. However, ST 12 is the dominant NTHi ST based on studies conducted in Japan and China
[15, 69]. The only reports indicating specific high-risk NTHi ST/CC were ST 164 and ST 1714
which were associated with NTHi invasive disease among adults with HIV in Atlanta, Georgia
[70]. In addition, a recent NTHi outbreak case in Michigan, identified the isolates as part of
the ST 714, which showed close genetic relationships with a previously reported cluster in

Georgia [31].

There are few to no published reports on the molecular epidemiology of H. influenzae
from countries within the WHO Southeast Asia Region (SEARO). This lack of data limits our
understanding of the genetic diversity and population structure of H. influenzae in this region,
which is critical for effective disease surveillance and vaccine policy decisions. Expanding
genomic surveillance efforts in SEARO countries would provide valuable insights into
regional strain distribution and emerging resistance trends, ultimately aiding in the

development of targeted public health strategies.
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1.4. The rise of resistant H. influenzae strains
1.4.1. Antimicrobial resistance (AMR) epidemiology in H. influenzae

H. influenzae is among the twelve WHO Global Antimicrobial Resistance Surveillance
System (GLASS) target bacterial pathogens [71]. Ampicillin-resistant H. influenzae is
designated “medium priority” on the WHO Bacterial Priority Pathogen List because it causes
serious infections and ampicillin remains a cornerstone of empirical therapy for community-
acquired disease. The emergence of ampicillin resistance in H. influenzae therefore represents
a significant public-health threat, highlighting an urgent need to address this problem in
clinical and public health settings [72]. As this bacterium naturally resides in the human
nasopharynyx, it is constantly under the selective pressure of excessive exposure to first-line
antibiotics, such as ampicillin, [73] due to antibiotic self-administration practice or

unnecessary prescription [74].

McTaggart et al reported susceptibility of H. influenzae isolates in Ontario, Canada
within the period 2014-2018. Resistance to ampicillin varied by serotype, ranging from 0.8%
in Hif (N = 128) to 27.2% in NTHi (N = 940). The number of antibiotics for which each serotype
shows nonsusceptibility (NS > 0%) was also largest in NTHi, with resistance to 8 antibiotics
found (ampicillin, ampicillin-sulbactam, cefaclor, cefuroxime, chloramphenicol,
clarithromycin, sparfloxacin, trimethoprim-sulfamethoxazole). In contrast, resistance to 5
antibiotics was detected in Hia and Hie, 4 in Hif, and 3 in Hib. Additionally, prevalence of
resistance to some was higher in a specific serotype compared to others, such as 54.2%
clarithromycin non-susceptibility in Hie and 43.3% cotrimoxazole non-susceptibility in Hib.
Cefaclor non-susceptibility was highest among NTHi (4.9%) while resistance to cefepime, a

fourth-generation cephalosporin, was only apparent in Hif (1.6%) [22]. Complementary to this
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study was a systematic review by Reilly et al. which focused only on Hif. Here, it was observed
that 11.5% Hif were resistant to ampicillin (n = 22), 11.5% to cotrimoxazole (n = 22), and 1% to

clarithromyecin (n = 2) [35].

Similarly, the rate of ampicillin resistance among H. influenzae isolated from invasive
cases in Brazil was 17.1% (N = 235). 60% of ampicillin-resistant isolates were NTHi, amounting
to 20% of ampicillin resistance prevalence within NTHi (N = 709). Almost all (233/235)
ampicillin-resistant isolates were beta-lactamase producers. No resistance was observed for
ceftriaxone or rifampicin. This study also reported an azithromycin resistance rate of 0.1% and
ciprofloxacin resistance of 0.2%. In contrast to McTaggart’s report which found almost no
cases of chloramphenicol resistance, here it was observed in 17.1% of H. influenzae isolates

[25].

Until January 2025, only a few systematic reviews evaluating the existing evidence of
AMR in H. influenzae have been published [74-76]. Abavisani et al. conducted a systematic
review and meta-analysis on multidrug resistant (MDR) H. influenzae. Sixteen studies from 9
countries were included in the synthesis, all of them tested antibiotic susceptibility in
accordance with the Clinical and Laboratory Standards Institute (CLSI). Among a total of
19,787 H. influenzae isolates across the included studies, five antibiotics with the highest
pooled prevalence were sulfamethoxazole (45.6%), ampicillin (36%), tetracycline (19.9%),
cefuroxime (19.1%), and azithromycin (15.3%). This study also calculated the pooled
prevalence of MDR H. influenzae, amounting to 23.1%, with slightly higher rate among isolates
originating from Asian countries (24.6%) compared to the rest (15.7%) [74]. However, there
was no uniform definition on what constituted as MDR across different studies. For example,

Su et al. defined MDR H. influenzae as those non-susceptible to at least one agent in three to
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four antibiotic groups, regardless of the group [77]. Zhou et al., on the other hand, did not
formally define this but categorised MDR H. influenzae in the same way as Su et al., except
that every single MDR isolate had to be resistant to a beta-lactam group [78]. Lastly, a report
from Japan by Yamada et al. only identified one MDR isolate, which was defined as resistant
to penicillin, penicillin/beta-lactamase inhibitor, macrolides, tetracyclines, and quinolones

[79].

These data are primarily derived from studies between 2020-2024; however, overall,
there has been little change in H. influenzae resistance rates across multiple antibiotic classes.
An older systematic review examined AMR in H. influenzae across 15 Latin American
countries over a decade (1990-2000). Findings indicated that ampicillin resistance was
observed in 17.2% of non-invasive isolates and 21.9% of invasive isolates. Resistance to co-
trimoxazole was notably higher, affecting 41.9% of non-invasive strains and 26.9% of invasive
strains [75]. These findings suggest that, while resistance patterns have remained relatively
stable over time, persistent AMR challenges necessitate continuous surveillance and

interventions such as effective antibiotic stewardship programs.

1.4.2. Genetic determinants of AMR in H. influenzae

H. influenzae has emerged as a significant public health challenge due to its evolving
resistance to multiple classes of antibiotics. In particular, beta-lactam resistance is commonly
driven by the production of B-lactamases (e.g., blaTEM-1) and alterations in penicillin-binding
proteins, particularly the PBP3, which diminish the efficacy of first-line treatments like
amoxicillin. Due to the growing prevalence of ampicillin-resistant H. influenzae in various

countries, current treatment guidelines now favour using fB-lactam/p-lactamase inhibitor
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combinations or third-generation cephalosporins. When these options are not suitable
because of confirmed resistance or patient intolerance, alternative therapies such as co-
trimoxazole, macrolides, or fluoroquinolones may be considered [76]. The increasing
resistance to macrolides further complicates treatment, especially among paediatric patients
as this antibiotic group has a favourable safety profile for this population [80].
Fluoroquinolone resistance poses an additional threat by limiting alternative therapeutic
options [81]. Moreover, the increasing use of co-trimoxazole for multiple clinical indications,
especially in developing countries, has been paralleled by the emergence of resistance

mechanisms that compromise its utility [82, 83].
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Table 1.3 summarises AMR determinants associated with resistance to beta-lactams,
macrolides, fluoroquinolones, and co-trimoxazole that had previously been reported in the

literature.



Table 1.3. Genetic determinants of AMR in H. influenzae

Antibiotic Gene Mutation/Resistance mechanism Notes References
group
Beta-lactam ftsP Critical mutations: Amino acid substitutions  Associated with BLNAR (8- [84, 85] (Critical
in PBP3 at the entrance of the active site lactamase-nonproducing and additional
pocket (i.e. conserved motifs STVK, SSN, KTG): resistance); accumulation of mutations)
G490E, A502V, R517H, and N526K substitutions increases resistance [58, 86] (other
levels. identified
Additional mutations: near the active site, mutations)
usually present in combination with critical When combination of [87] (ftsI grouping)
mutations: S357N, M3771, S385T, and L389F substitutions involved R517H + [88] (ceftriaxone
S385T + L389F: associated with resistance
Other identified mutations: V3291, D350N,  highest median ceftriaxone MIC ~ combination)
A368T, A388V, P393L, A437S, 1449V, 1491V,
R501L, A502S, A502T, A502V, V511A, I519L,
A530S, and T532S, V5471, N569S, E603N
blaTEM-1 Acquisition of the TEM-type-B-lactamase gene  Found on plasmids or ICE; linked  [84, 85, 89]
(class A broad spectrum beta-lactamase). to BLPAR.
Variants of blaTEM-1: TEM-1B (most [67]
common), TEM-234, TEM-104, TEM-1C
blaROB-1 Acquisition of the ROB-1 beta-lactamase - [84]
IpoA Amino acid substitution: M151I Encodes lipoprotein A, a cofactor ~ [58]
for PBP1a
Macrolide acrR Nonsense or frameshift mutations disrupting Leads to overexpression of the (85]
the negative regulator of the AcrAB efflux AcrAB pump and clarithromycin
pump resistance.
acrB Amino acid substitution: R327S Mutation acquired in a stepwise (85, 90]
manner contributing to increased
resistance.
acrR Premature stop codon A regulatory gene for acrAB [91]
Amino acid substitution: R327
mefA/E An exogenous macrolide resistance gene Often results in high-level (85, 89, 91]

resistance; may be horizontally
transferred.



Fluoroquinolo
ne

Co-
trimoxazole

msrD

ermB

Ribosomal
protein L4
gene
Ribosomal
protein 122
gene

23s rRNA

gyrA

parC
parE
folA
folP

sul2

An exogenous macrolide resistance gene
Works together with mefE as a part of a
macrolide efflux system.

Acquisition of the ermB gene encoding a 23S
rRNA methylase that modifies the macrolide
target site

Amino acid substitution: T64K/T64R,
T66R/T66K, T121S

Amino acid substitution: G91D
Insertion/deletion in amino acid location 86-96

Point mutation: A2058G, A2059C, A2611G, and
C2610T

Amino acid substitution®:; S84L, D88G

Amino acid substitution®; S841I

Amino acid substitution: D420N
Amino acid substitution: I95L, F154S/V

Amino acid substitution and insertion:
P64Ins(SFLYN), N65D and G189C

Acquisition of the sul2 gene which encodes for
a dihydropteroate synthase

Less common than mutational
mechanisms.
Less common than mutational
mechanisms.

Cherkaoui et al: All
fluoroquinolone-resistant isolates
possess ermB gene

Mutations in 23S rRNA correlate
with high azithromycin MICs;
increased number of altered
copies yields higher resistance
levels.

Initiates reduced susceptibility; a
primary event in the development
of resistance.

Multiple substitutions can exist at
one position.

When combined with gyrA
mutations, leads to higher MIC
values and enhanced resistance.

Encodes dihydropteroate
reductase
Encodes dihydropteroate synthase

[58, 81, 85]

[58, 81, 85]



dfrA1 Acquisition of the dfrA1 gene which encodes - [92]
for dihydropteroate reductase that is less
susceptible to trimethoprim

% Based on the variations/polymorphisms in the resistance-related region (i.e. active site pocket) in PBP3 protein, fisI gene is categorised
into four groups. Group I is considered as wild-type sequence, although there may be some polymorphism outside resistance-related region.
Isolates with fisI variant belonging in this group remain susceptible to beta-lactam group antibiotics. Group II variants possess
polymorphisms within the resistance-related region, but without critical mutation. Phenotypically, isolates are still susceptible to beta-
lactams. Group III had critical mutations in the active site and group IV had additional mutations near the active site, as detailed in the
Error! Reference source not found.. Isolates with group III mutations are typically resistant to amoxicillin and amoxicillin/clavulanic
acid but susceptible to third-generation cephalosporins [84, 87]. This classification was developed based on the construction of ftsl
phylogenetic tree.

b) Typically in the quinolone resistance-determining region (QRDR)

PBP: penicillin-binding protein, ICE: integrative conjugative element, BLPAR: §-lactamase-producing resistance, MIC: minimum inhibitory
concentration



1.5. Genomic insights: The H. influenzae pangenome and the role of recombination

in shaping H. influenzae's genetic diversity

In 2007, Hogg et al reported the first characterisation of H. influenzae pangenome,
specifically for the nontypeable strains. After conducting gene clustering and pairwise
comparison, it was concluded that there were around 1,450 core gene clusters shared among
13 NTHi genomes. However, there was a total of 2,786 gene clusters and each strain had a set
of unique genes not discovered in other strains [93]. In an attempt to develop a pangenome
array for H. influenzae, Eutsey et al conducted a similar evaluation for 24 NTHi strains, which
covered the 13 strains originally assessed by Hogg et al. Applying the same approach, more
gene clusters were identified reaching a total of 4,547 [94]. The two studies proved that H.
influenzae displayed an extensive diversity based on the number of shared (i.e. core) genes.
Subsequently, Power et al further investigated species diversity at SNP level, utilising 18 Hib
strains and identified regions of high SNP density, which was proven to represent
recombination events [95], possibly promoted by the bacterium’s natural competence to

undergo transformation [96].

This natural competence in H. influenzae can impact genome-wide sequence similarity,
far more than the point mutations passed down through clonal inheritance, which refers to
the propagation of genetic material by vertical transmission from a parent cell to its
progeny via binary fission [97]. This could be problematic in phylogenetic reconstruction
because most methods, including Maximum Parsimony (MP), Maximum Likelihood (ML), and
Bayesian Inference (BI), assume that all sites in a sequence evolve under a common ancestry

without lateral genetic exchange [98]. Therefore, accounting for the effects of recombination



and removing recombinant regions during phylogenetic reconstruction is crucial for

accurately depicting the genetic relatedness and population structure of H. influenzae.

In general, there are two approaches used to remove recombination effects. The first
approach relies on finding sequence exchange based on the evidence of unexpected similarity
between genetically distinct isolates. When this evidence is present, it reflects either: 1)
movement of sequence from donor to recipient, or 2) the unrelated isolates acquired the
sequence independently from a common donor. Through the comparison of sequence
alignments of different regions in the genome, recombination breakpoints can be identified.
For example, within a sequence alignment, two regions are evaluated. Putative recombination
events can be defined when one region aligns well with one evolutionary lineage but the other
aligns better with a different lineage and the location between the two regions is the
recombination breakpoint. Algorithms such as RDP3, cBrother, and GARD use this principle

[99].

The second approach searches for evidence of variable sequences among closely related
isolates. Therefore, putative recombinant regions are defined as regions containing a high
density of polymorphisms, relative to the background level, in a concept known as ‘clonal
frame’. This approach is most useful to study recombination within a subset of bacterial
species (i.e. isolates belonging to the same ST or lineage in the species), especially if sequence
imports originate from other lineages [99, 100]. The ClonalFrame model used is implemented
by Bayesian inference. Although typically recombination between isolates within the same
lineage (i.e. internal import) is best modelled by a different model, the coalescent with gene
conversion, ClonalFrame model still has a role in this scenario. However, detecting

recombination in this case is more difficult because the source of recombination originates



from within the population and hence less substitutions are introduced. As a result, the
relative recombination rate (R/theta) is consistently underestimated and more pronounced

when the recombination events involve only a short tract of sequence [100].

Several studies investigating recombination events in H. influenzae examined specific
genes or regions in the genome, with an emphasis on AMR determinants. For example, Michel
et al evaluated three MDR H. influenzae isolates from Belgium and found evidence of
interspecies murF, murE, and ftsl recombinant in all three. In each of these genes, there were
regions with high base substitution density with a high percentage of similarity of genes
found in other Haemophilus species, including H. haemolyticus and H. parainfluenzae [101].
An in vitro study confirmed that mutated gyrA and parC from a quinolone-resistant strain
was transformed to recipient strains and followed by an increase MIC [102]. However, there
were two previous reports evaluating recombination rate across different bacterial species,
including H. influenzae. First, Vos and Didelot implemented the ClonalFrame model to predict
relative recombination rate (r/m) of the species based on the 7 MLST -loci. The dataset used
in this experiment was comprised of 104 and 27 capsulated and non-capsulated H. influenzae,
respectively. The predicted r/m for H. influenzae was 3.7 with CI 95% 2.6-5.4. As comparison,
another commensal/opportunistic human pathogen Staphylococcus aureus was predicted to
have r/m of 0.1 (CI 95% 0-0.6) while the highly recombining species Helicobacter pylori had an
r/m of 13.6 (CI 95% 12.2-15.5) [103]. The second report by Torrance et al evaluated the same
recombination parameter by employing approximate Bayesian computation (ABC) method
using a core genome of bacterial species through mapping to a specific reference strain. This
method integrates multiple recombination signals, including homoplasies, linkage
disequilibrium, and polymorphism pattern and the predicted r/m for H. influenzae was 19.26

(CI 95% 11.9-20.86). When compared to prediction results from other species, there is a



potential inaccuracy for H. influenzae, necessitating a more representative sampling of

bacterial genomes [104].

Both in vitro biological evidence and computational simulations strongly indicate that
H. influenzae is a highly recombining microorganism. This extensive recombination likely
enables H. influenzae to acquire genetic variations in both its core and accessory genomes,

facilitating the emergence of traits such as increased virulence and antibiotic resistance.

1.6. Thesis aims

Several critical knowledge gaps remain in understanding the molecular epidemiology of
H. influenzae. One major limitation is the lack of a standardised, publicly accessible, and
universally adopted typing scheme for high-resolution genomic surveillance. While MLST has
long been the standard for population structure analysis, it lacks the discriminatory power
required to resolve fine-scale evolutionary relationships. WGS-based approaches, such as
cgMLST, have been proposed as a solution, yet most existing schemes are either proprietary
or lack validation on public platforms. Additionally, clustering methods for genomic
classification remain inconsistent across studies, with different thresholds and frameworks
leading to the arbitrary naming of clades and genetic clusters. This lack of standardisation
hampers direct comparisons between studies and complicates efforts to track the emergence
and spread of virulent and antimicrobial-resistant H. influenzae strains. Establishing a widely
accepted cgMLST scheme, coupled with a standardised and stable clustering approach, is
essential for improving surveillance, guiding vaccine strategies, and identifying high-risk

lineages.



Another key area of uncertainty is the genetic basis underlying the increasing incidence
of invasive NTHi. While epidemiological studies have documented a rise in invasive NTHi
cases, there has been no comprehensive evaluation of the genetic determinants responsible
for this phenotype. In addition, genomic data on H. influenzae carriage and invasive disease,
particularly from WHO SEARO, remains scarce. Since asymptomatic carriage serves as a
major reservoir for transmission and potential virulence evolution, understanding the genetic
diversity and population structure of H. influenzae in diverse settings is crucial. Expanding
genomic surveillance could provide valuable insights into strain dynamics, antimicrobial
resistance evolution, and factors influencing invasiveness. Addressing these gaps would not
only enhance our understanding of H. influenzae epidemiology but also inform future vaccine
development and public health interventions by identifying novel targets for immunisation

and tracking the emergence of strains with increased pathogenic potential.

1.6.1. Aims and objectives

Based on these conclusions, this DPhil thesis aims to address critical gaps in the
molecular epidemiology and genomic diversity of H. influenzae by developing a publicly
accessible high-resolution typing framework, investigating the genetic determinants
underlying the increasing incidence of invasive NTHi, and characterising circulating H.
influenzae in the underrepresented region, WHO SEARO, particularly Indonesia. This
research will provide valuable insights into population structure, strain evolution, and factors
influencing virulence in H. influenzae, ultimately contributing to improved public health

strategies and vaccine development.

The following are the objectives of this DPhil thesis:



1.  Develop and validate a cgMLST scheme for H. influenzae.
2. Identify genetic discontinuity thresholds for hierarchal clustering using core genome
life identification number code (cgLIN) as an extension of the cgMLST scheme to define

a stable, high-resolution method for characterising the population structure of H.

influenzae.

3. Identify the genetic variants associated with the phenotypic outcome of invasive disease
in the NTHi.

4.  Investigate the population structure of circulating H. influenzae in Indonesia from

carriage and disease by implementing the cgMLST scheme and cgLIN code.

1.6.2. Overview of chapters

Chapter 1: Introduction to Haemophilus influenzae: Epidemiology, molecular typing, and

genomic insights.

This chapter provides a comprehensive overview of H. influenzae, covering its microbiology,
epidemiology, molecular typing methods, genomic diversity, and AMR. It highlights the
impact of Hib vaccination, which has reduced invasive Hib disease but led to a rise in NTHi
and other serotypes, with limited epidemiological data from LMICs. A major challenge
identified is the lack of a standardised, publicly accessible cgMLST scheme, hindering high-
resolution comparative genomic studies. In addition, while H. influenzae is highly
recombinogenic, the genetic determinants driving NTHi invasiveness remain unexplored.

This chapter also outlines known VFs and AMR mechanisms in the species.

Chapter 2: Development and implementation of a core genome multilocus sequence typing

scheme for Haemophilus influenzae.
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In Chapter 2, the development and validation of the cgMLST scheme for H. influenzae is
described. The dataset, consisting of publicly available complete reference genomes and high-
quality draft genomes, was divided into development and validation sets to ensure the
robustness of the scheme. Various pangenome analysis tools were employed to identify a
comprehensive set of core genes, which were then functionally classified. Phylogenetic
analyses confirmed that the cgMLST scheme reliably represents genetic relatedness among

isolates

Chapter 3: Resolving Haemophilus influenzae molecular epidemiology using life identification

number (LIN) coding.

Chapter 3 presents the implementation of the LIN method for H. influenzae to establish a
stable genomic nomenclature for public health and research. This approach, based on core
genome profiles, was integrated into the PubMLST H. influenzae database to facilitate
standardised clustering within the species. Thirteen LIN code thresholds were defined,
ranging from broad evolutionary groupings (‘megalineage’) to fine-scale partitions suitable
for outbreak investigations. The LIN method provides each H. influenzae genome with a

unique barcode, offering insights into genetic relationships.

Chapter 4: Variants in surface-exposed proteins are associated with invasive non-typeable

Haemophilus influenzae infection: A genome-wide association study

Chapter 4 explores the genetic factors associated with the invasive potential of NTHi, which
has become the predominant cause of invasive H. influenzae infections in the post-Hib vaccine
era. Using a genome-wide association (GWAS) approach, the study analysed publicly available
genomes to identify genetic variants linked to invasiveness. A k-mer-based method was

applied, allowing the detection of both core and accessory gene variations without the need
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for a reference genome. Furthermore, a subsequent validation GWAS using an independent
dataset confirmed findings, followed by the development of a logistic regression model to

predict the invasive outcome of NTHi infection.

Chapter 5: The population genetics of Haemophilus influenzae isolates from Indonesia in

carriage and disease

In Chapter 5, H. influenzae isolates from Indonesia were characterised, focusing on serotype
distribution, genomic diversity, and AMR. WGS were used to define the population structure
of these isolates, utilising cgMLST scheme and LIN code defined in Chapters 2 and 3.
Assessment of serotype classification was conducted using qPCR method and consolidated by
analysing capsule operons. For isolates with available antibiotic susceptibility results,
genotypic AMR determinants was evaluated. Presence of VFs for NTHi from invasive cases
was determined, as well as the presence of genetic variants identified in Chapter 4. Finally, all

H. influenzae isolates were compared to the curated global isolates from PubMLST.
Chapter 6: General discussion and conclusion.

Lastly, Chapter 6 presents a summary of key findings and an overall discussion of the
preceding chapters (Chapters 2 to 5). This chapter concludes my DPhil thesis, outlining the
main takeaways and their implications, followed by proposed future research directions to
address existing knowledge gaps and tackle clinical and public health challenges related to H.

influenzae disease.
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Chapter 2

Development and Implementation of a Core Genome Multilocus Sequence

Typing (cgMLST) scheme for Haemophilus influenzae

Abstract

Haemophilus influenzae, a frequent nasopharyngeal commensal and occasional invasive
pathogen, exhibits extensive genomic diversity that demands high-resolution typing methods.
Here, we report the development of a core-genome multilocus sequence-typing (cgMLST)
scheme for H. influenzae, constructed via pangenome analysis of 14 complete reference
genomes and 2,297 high-quality draft assemblies. The draft genome was divided into a
development cohort (n = 921), used to identify candidate core loci, and a validation cohort
(n =1 376), used to refine the final list of loci to ensure the reliability of the proposed cgMLST
scheme. Functional annotation classified the resulting core genes, and congruence between
allelic-profile and nucleotide-alignment phylogenies was confirmed by Spearman correlation
and ordinary least-squares (OLS) regression (R? = 0.945). Initial screening yielded 1,067 core
genes, which were finalised at 1,037 after validation; over 70% encode proteins involved in
metabolism or genetic information processing. This cgMLST scheme provides a robust,
high-resolution framework for elucidating the population structure of this clinically

important species.
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2.1. Introduction

Haemophilus influenzae is a fastidious Gram-negative commensal coccobacillus that can
act as an opportunistic human pathogen. Classification is determined by capsular
polysaccharide expression, producing six serotypes (a-f) and unencapsulated nontypeable
strains (NTHi) lacking a capsule. This species is confined to humans, predominantly
colonising the upper respiratory tract as part of the normal microbiota, yet it can cause both
non-invasive and invasive infections [1, 2]. Before introduction of the Hib
polysaccharide-conjugate vaccine, serotype b accounted for most invasive H. influenzae
disease worldwide; at the time of writing (February 2024), over 70 percent of cases are
attributed to NTHi [5, 6], and incidence has risen across all age groups in recent years [5, 22,
105]. Invasive NTHi isolates have been reported to demonstrate increasing resistance to
B-lactams (ampicillin and cephalosporins), fluoroquinolones and macrolides [79, 106, 107]. On
the other hand, no vaccines targeting non-Hib strains have been developed in the past five
years [108-111]. Although surveillance programmes incorporating whole-genome sequencing
(WGS) exist in many high-income countries [112], standardised high-resolution typing

schemes and nomenclature for key lineages remain lacking.

The molecular classification of human pathogens is an integral component of
microbiological diagnostics and surveillance. A prevalent approach is multilocus sequence
typing (MLST), which examines variation in six to eight housekeeping gene fragments to
assign isolates to sequence types (STs). STs can be grouped into clonal complexes (CCs)
according to their allelic profiles [47, 48]. Core genome MLST (cgMLST) expands this scheme
to include hundreds of core genes conserved across a species, enabling finer-scale resolution

of genomic variation [113, 114]. As with standard MLST, cgMLST considers each allelic
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difference as a single event to reduce recombination-driven branch length inflation [63].
While MLST remains widely applied in the absence of WGS data, cgMLST offers enhanced
lineage delineation and mitigates recombination effects [115]. Consequently, it has been
recommended for highly recombinogenic bacteria, including H. influenzae [116, 117]. Indeed,
NTHi demonstrates extensive genomic diversity largely driven by horizontal gene transfer

(HGT) and recombination [95].

Earlier analyses of H. influenzae’s core genome has informed the creation of cgMLST
schemes, yet these efforts have typically relied on fewer than 500 draft genomes, a sample size
necessary for robust detection of paralogous loci and accurate core-genome analysis [53-55].
Paralogues, which derive from gene duplication, can obscure true genetic relationships among
isolates [56, 57]. Furthermore, none of the existing cgMLST schemes has been both rigorously
validated and made publicly accessible. Previous work has identified profile completeness as
the most critical in silico parameter influencing cgMLST accuracy [118]. The BIGSdb software
that hosts the PubMLST website routinely scans for new alleles within defined schemes
(including cgMLST), deposits them in the sequence-definition (seqdef) database with assigned
allele numbers, and thus defines complete cgMLST profiles [50]. To date, PubMLST hosts
cgMLST schemes for numerous pathogens of public-health importance including Neisseria
meningitidis [119], Neisseria gonorrhoeae [120], Campylobacter sp [121], Streptococcus
agalactiae, S. pneumoniae [122], S. uberis [123], Vibrio cholera [124], V. parahaemolyticus
[125], Bacillus anthracis [126], Bacillus cereus [127], Burkholderia mallei [128], Acinetobacter
baumannii [129], and Clostridium perfringens [130]. This underscored the value of high-

resolution schemes in microbial surveillance.
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A cgMLST scheme for H. influenzae was developed and validated in this chapter and has
since been implemented in the PubMLST database. This publicly accessible system can be
utilised by public-health authorities worldwide to characterise H. influenzae genomes in a
standardised, high-resolution manner. By reducing the bias introduced by frequent
recombination events, it enhances understanding of the species population biology,
particularly for NTHi. In turn, it may support vaccine development and contextualise the

spread of antimicrobial resistance.

2.2. Method
2.2.1. Choosing pangenome analysis tools and dataset compilation

Reference genomes were used to develop a computational pipeline combining several pangenome

analysis software packages

Several open-source pangenome analysis software packages were available at the time
of analyses (May 2023), including Roary [131], PIRATE [132], PanX [133], PGAP [134],
PPanGGOLIN [135], MetaPGN [136], PEPPAN [137], chewBBACA [55], and Panaroo [138].
Software not updated within the last five years was excluded from this analysis. Roary and
PPanGGOLIN were omitted because a recent report found that over-splitting of paralogues in
these programmes inflated accessory genome estimates and underestimated the number of
core genes [138]. Therefore, four packages, PIRATE, PEPPAN, chewBBACA, and Panaroo
were employed. A ‘two-step’ strategy was implemented to identify the optimal pipeline for H.
influenzae core-gene detection. First, the methods and unique features of each tool were
evaluated (Table 2.4); second, pangenome analyses were conducted on a reference genome set

using each package, and the outputs were compared. The complete workflow and decision-
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making that followed for each step are published in

dx.doi.org/10.17504/protocols.io.4r312206411y/v1.
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Table 2.4. Methods and features of four different pangenome and core genome reconstruction tools.

Tools Description Input files Paralogs detection P(sieudogene References
etection
Sequence clustering with CD-HIT and
ety orshologous gene fumtics Annotation fles of draft (L ML e penme
PIRATE ASSIyIg & gene famm genomes  (.gff) from . & d per geno None [132]
with varied sequence similarity Prokka will go through paralogs classification
threshold. step, which differentiate fission vs
duplicated genes.
Plpfehne for pangenome congtrgctlpn Fasta and annotation files C.omblr'ung tree.-l?ased (single BLAST
which is based on similarity hit, neighbour-joining, or maximum-
PEPPAN - . (.gff, from any source) of ... . Yes? [137]
prediction, phylogenetic tree, and likelihood algorithm) and synteny-
draft genomes
synteny. based approach to detect paralogs.
A pipeline with multiple functions to During BSR-based allele calling, each
support wg/cgMLST creation and  ° Fasta files of loci is given paralog count (PC)
chewBBACA  validation which relies on the BSR-  draft genomes. number, which equals to how many None [55]
based allele calling for validating allele ¢ Prodigal training  times a matching CDS to that loci also
variation. file for bacterial species.  matches with other loci.
Sequence clustering at high threshold
A graph-based clustering tool which (98%) with CD_I._HT' Clusters with - !
corrects annotation error by taking Annotation files of draft occurrence  will be temporarily
Panaroo classified as putative paralogs. The None [138]

into account information provided by
each genome.

genomes (.gff)

graphical representation of each
paralog cluster are assessed using the
global context of the graph.

aPseudogene is defined as a CDS in genome with a significantly shorter length than other orthologous genes (default setting 0.8, equal or more to this threshold the

gene is considered intact).

bPseudogene identification can be done by conducting a manual curation.

Abbreviation: wgMLST: whole-genome multilocus sequence typing; cgMLST: core genome multilocus sequence typing; MCL: Markov Cluster Algorithm; CDS: coding

sequence; BSR: BLAST score ratio
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Development and validation datasets of high-quality draft genomes

Draft genomes were retrieved from the PubMLST database on 24 September 2022 to

assemble the study dataset. All publicly available H. influenzae entries were subjected to

quality assessment using criteria outlined in Table 2.5 [139]. Genomes failing to meet these

standards were individually reviewed for potential inclusion. Following this evaluation, 2,397

isolates were selected and their provenance data recorded.

Table 2.5. Parameters for assessing quality of H. influenzae draft genome assemblies.

Parameters Threshold Rationale for threshold Reference(s)
rMLST score > 85% A low score for rMLST means [140]
uncertainty in species detection.
MLST and rMLST One allele perloci MLST and rMLST loci with multiple [140]

allele designation

Genome length

GC content

Number of contigs

1.4 Mb - 2.4 Mb
37 — 41mol%
< 500

alleles suggest impure sequenced
isolates and/or poor-quality data.

Range of Hinf genome length. A value
outside this range may indicate
contamination or incorrect species.

Whole-genome GC content is constant
for the same species hence deviation
from this range denotes possible
contamination.

Lower number of contigs reflect a
good-quality sequencing process and
genome assembly.

[95, 141, 142]

[143]

[144]

Genomes were divided into a development dataset (N = 986) and a validation dataset

(N = 1,411). The development dataset comprised isolates with well-documented provenance

(capsule genotype, source, disease and region; Figure 2.1), ensuring reliable automated

annotation in PubMLST, while the validation set included records with less complete metadata

for workflow testing. In Step 1, genomes were classified by source and disease into seven

groups (blood/bacteraemia,

CSF/meningitis, blood/other invasive,
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any/carriage, any/non-invasive, missing), and half of each group (excluding those with
missing data) were randomly selected (n = 536). Step 2 addressed the type b and NTHi bias by
proportionally adding non-b, non-NTHi capsulated genomes not already chosen, raising the
total to 733 and revealing a European geographical skew. In Step 3, further genomes from
non-European regions were added to approximate the overall dataset’s continental

distribution. The process yielded 986 genomes in the final development dataset.

All screened Hinf genomes (N = 2,397)

Y

Evaluation of distribution of all important
provenance data*

Simple random sampling#
Step 1 { Step 2 Y Step 3 }

1st group of variables: Source/specimen

2ndjvanable: ?g%sule type (N = 3rd variable: Continent (N = 253)

type and disease (N = 536)

Y Y Y

Evaluation of capsule type distribution

Evaluation of geographic region (i.e.
continent) distribution

Evaluation of "source and disease"
and capsule type distribution*

Eligible genomes - development

Y Y

dataset = 2,397 - 986

Skewed data for non-typeable*; Skewed data from Europe*; Y Y

To add more typeable Hinf To add more from other regions Dataset for cgMLST

development (N = 986)

Dataset for cgMLST
validation (N = 1,411)

Figure 2.1. Allocation of high-quality H. influenzae draft genome assemblies into development
and validation dataset. Note: *Importance provenance data are source/specimen type, disease, serotype
based on genotype (i.e. capsule type), and geographic location (i.e. continent). #Steps for selection were
done consecutively. For each step, samples were selected through a simple random sampling method
from the pool of 2,397 Hinf genomes while considering that any selected sample from the previous
step would not be included.

2.2.2. Core gene identification and curation

Draft genome assemblies in both datasets were annotated for protein-coding genes
using Prokka [145]. For the scheme generation, core genes were defined as those present in
at least 95% of isolates, to accommodate the draft status of the genomes and the occasional

absence of genes in the original isolates [113, 115, 119]. PIRATE was used to identify core
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genes by running BLASTP at amino-acid identity thresholds of 50, 60, 70, 80, 90, 95 and 98%.

It groups genes into families and retains those present in a single copy in at least 95% of

isolates, thereby excluding paralogues. Subsequently, the following steps were employed: (1)

a confirmation that these provisional core genes were also classified as core by Panaroo, which

includes steps to correct annotation errors, and (2) evaluation whether PEPPAN or Panaroo

flagged any of them as paralogues, to ensure their removal from the final cgMLST scheme

(Figure 2.2). This stringent exclusion of paralogues supports fully automated annotation of H.

influenzae core genomes in PubMLST. The outputs of all three tools were combined using an

in-house Python script available at https://github.com/artmisk13/cgmlst hinf.

Curate "new" core genes not
defined in PubMLST
sequence definition database

High-quality H. influenzae draft genomes in
5 development dataset
K T
£ v
5 P
- Fanaroo
step a - PIRATE - PEPPAN
S I i
o
5 Yy
8 Comparison and consolidation of paralogs and | _ _ _>: Exclusion of paralogous |
core genes detected by each platform : core genes !
¢ 1 Exclusion of non-valid alleles, i.e. v
| chewBBACA | --------- P! exclusion of loci with variable alleles !
2 i length (e.g. due to fission event) |
© ! |
5 ¢ """"""""""""
© S Re-check presence of core genes with Annotation
step b S § valid alleles in the development |- - - - - (i.e. sequence
g§ dataset: BIGSdb Genome Comparator tagging)
© ® T
; v =
5 ' As the scheme will be implemented in
2] CgMLST scheme (draft) , PubMLST.org: ensure complete
+ : curation in PubMLST H. influenzae
 sequence definition database
c Detection of the identified core !
2 genes in an independent dataset: [------------ !
3 BIGSdb Genome Comparator
©
>
step ¢ 2 ¢
§ | chewBBACA |
S
& v
| cgMLST scheme v.1 |

Figure 2.2. The workflow of cgMLST scheme development and validation.
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Each core gene from stepa (Figure 2.2) was screened for invalid alleles with
chewBBACA using default settings (Figure 2.2, step b). An allele was deemed invalid if it
contained ambiguous characters; had a length not divisible by three; included in-frame stop
codons; or lacked start or stop codons [55]. Genes confirmed as valid were then compared
against the PubMLST database to identify any loci not yet defined, allowing their curation. To
detect novel alleles automatically, BIGSdb’s sequence-tagging function was applied (minimum
90% identity, 70% coverage, BLASTN word size 20) [49]. In PubMLST, each H. influenzae locus
receives a unique ‘HAEM’ prefix plus a numeric identifier. For example, the capsule-transport

gene bexA is catalogued as HAEM1156.

2.2.3. Validation analyses

The preliminary cgMLST scheme was tested against the validation dataset to verify that
the core genes remained core across an independent data set. This verification was carried out
using the BIGSdb Genome Comparator tool in PubMLST with default settings. Genes that
continued to meet the core definition following this process formed the final H. influenzae
cgMLST scheme. Subsequent analyses on these loci included assessment of allelic variation,

functional categorisation and intragenic recombination.

Allelic variability of the core genes was assessed by calculating the total allele count and
allele lengths using an in-house Python script (https://github.com/artmisk13/cgmlst_hinf).
Functional annotation was performed with eggnog-mapper v2.1.11, using Diamond in blastx
mode and HMMER under default settings [146]. Each gene received a Cluster of Orthologous
Genes (COG) designation [147], which was subsequently grouped according to the KEGG

BRITE functional hierarchy[148]. Intragenic recombination was evaluated by the pairwise
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homoplasy index (PHI) method implemented in PhiPack. PHI measures recombination via
incompatibility between each alignment site and its downstream sites, and the significance is
determined by comparing the observed PHI statistic to a normal distribution expected mean

and variance to generate a p-value [149, 150].

2.2.4. Phylogenetic analysis

A maximum-likelihood (ML) tree was generated based on the core genome nucleotide
alignment of 1376 genomes in the validation dataset using RAxXML (version 8) and
ClonalFrameML, which accounts for recombination events [100, 151]. The tree was then
annotated with the set of metadata detailed below, along with the method(s) employed for

their retrieval:

1.  Core genome cluster (CGC) at 500, 200 and 50 allelic mismatches. Each genome
was assigned a core genome sequence type (cgST) based on its allelic profile across the
1 037 core genes. To accommodate draft genomes, up to 25 missing loci were permitted
for cgST assignment. Genomes with defined cgSTs were then organised into core
genome clusters (CGCs) using single-linkage clustering at thresholds of 500, 200 and 50
allelic mismatches, ensuring that each isolate in a cluster differs by no more than the
specified number of alleles from at least one other member.

2. Capsule type based on genome sequences (i.e. capsule genotype) as assigned by the
Hicap suite software [152].

3. CCs were defined using the globally optimized eBURST (goeBURST) algorithm

implemented in PHYLOViZ 2.0.
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4.  Pathotype clade classification system for NTHi. Earlier analyses of NTHi
population structure delineated six clades (I-VI) based on the presence or absence of 17
accessory loci (Supplementary Table 2.1), a grouping that mirrored core-genome single
nucleotide polymorphisms (SNPs) phylogeny [54, 60, 61]. These loci were identified by
BLASTN searches against the genome dataset, using thresholds of >90% identity, >70%
alignment and a word size of 20.

5.  Biotype based on the presence or absence of genes (Supplementary Table 2.2) encoding
three metabolic enzymes: ornithine decarboxylase (ODC), urease, and tryptophanase

[23, 41].

Additionally, a minimum-spanning tree (MST) based on the core genome allelic profile

was constructed, utilizing the GrapeTree plugin on the PubMLST isolate database [49, 153].

2.2.5. Relationships between the cgMLST scheme pairwise allelic mismatch and ML tree

branch length

Genetic relatedness among H. influenzae isolates was assessed using two core-genome
metrics: pairwise allelic mismatches from the cgMLST scheme and branch-length distances
from a maximum-likelihood tree. Distance matrices were generated with the PubMLST
Genome Comparator plug-in and a custom Python script

(https://github.com/artmisk13/cgmlst hinf), then converted into frequency tables for plotting.

Scatter plots were created to visualise the relationship, and where distributions departed from
normality, Pearson’s correlation test was applied to calculate a P-value. Ordinary

least-squares regression was then used to derive a best-fit line and its coefficient of
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determination (R?). All statistical analyses were conducted in R and with Python’s statistics

libraries; scripts are available at https://github.com/artmisk13/cgmlst hinf.

2.3. Results

2.3.1. H. influenzae genomes from PubMLST database used for cgMLST scheme development

and validation.

The reference genome dataset comprised fourteen complete H. influenzae genomes,
eleven of which were retrieved from the KEGG Organisms: Complete Genomes database
(accessed 26 September 2022). Three further clinically important complete genomes were
identified through an National Center for Biotechnology Information (NCBI) PubMed
search [154, 155]. All associated provenance metadata and genome sequences are accessible

via PubMLST (Supplementary Table 2.3).

Of the 986 draft genomes in the development dataset that met the quality-check criteria,
65 were excluded after an initial pangenome analysis with PIRATE, reducing the total to 921.
High duplication events were observed in the excluded genomes, which corresponded to
outliers in genome length (Appendix 2.1) and were likely to reflect sequencing errors or lower
assembly quality. The pangenome analysis was therefore rerun on the remaining 921
genomes, resulting in the identification of 1,063 core genes for the preliminary cgMLST
scheme. Next, the 1,411 genomes in the validation dataset were annotated for these core loci,
and 35 genomes with fewer than 95% of core genes called were excluded, yielding a final
validation set of 1 376 genomes. No significant changes were noted in the distribution of other

variables between the initial and final datasets (Supplementary Table 2.4).
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Isolates were recovered from across the globe, with the majority originating in North
America (356/921 and 548/1376) and Europe (431/921 and 547/1376). Both datasets showed
comparable temporal distributions, with most samples collected after 2016. The development
dataset contained a higher proportion of clinical invasive isolates (bacteraemia, meningitis
and other invasive presentations), reflected by similar counts of non-typeable (542/921) and
typeable (379/986) strains, thereby ensuring the scheme’s applicability to both NTHi and
encapsulated variants (Figure 2.3 (i)-(iv)). Moreover, the validation set introduced 242 (61%)
STs and seven (11%) CCs not observed in the development cohort (Supplementary Table 2.4),
underscoring its greater genetic diversity. Assembly quality was high in both datasets, with
most genomes (893/921 and 1346/1376) featuring fewer than 150 contigs and an N50 above

23,000.
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Figure 2.3. Characteristics of the datasets and genomes employed for developing the Haemophilus
influenzae cgMLST scheme: (a) development (N = 921) and (b) validation (N = 1,376). Reproduced from
[156].

2.3.2. One thousand and thirty seven core genes in the validated cgMLST scheme are

implicated in important cellular pathways.

The combined pangenome analysis using PIRATE, Panaroo and PEPPAN (Figure 2.2,

step a), initially identified 1,392 core genes, of which 144 paralogues were removed. Of the
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remaining 1,248 loci, 18 were absent from the PubMLST H. influenzae seq-def database and
were subsequently added. After filtering out invalid alleles (Figure 2.2, step b), 185 genes failed
to meet the core criterion, leaving 1,063 genes in the draft cgMLST scheme (Supplementary
Tables 2.5.1-2.5.5). Validation against the independent dataset (Figure 2.2, step c), further
refined the core set to 1,037 genes by excluding 26 loci, 25 of which were present in 90-95%
of genomes (Supplementary Tables 2.5.6-2.5.7). All draft genomes were successfully

annotated for these core genes using PubMLST’s automated annotation process.
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Figure 2.4. Functional classification, recombination, and allele variability analysis of Haemophilus
influenzae core genes in the cgMLST scheme. (a) Functional classification was achieved with eggnog-
mapper, assigning the COG category for each core gene. (b) Intragenic recombination analysis of each
core gene based on PHI permutation P-value. Core genes were grouped based on this P-value: NS,
non-significant; *0 .01 < p-value < 0.05; ** 0.001 < p-value < 0.01; *** p-value < 0.001. The proportion
of each COG category within each p-value group was calculated and shown as the coloured stacks in
the bar graph. (c) The number of alleles and their length variation were counted for each core gene.
The median locus length and the allele count were plotted and coloured based on the COG category.
The upper panel showed the distribution of median locus length and on the right panel, the distribution
of allele counts; both were coloured in accordance with the COG category. Reproduced from [156].
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In total, 1,024 core genes were mapped to NCBI COG categories, with 37 assigned to
more than one category [147]. Of those linked to a single COG, 149 (14%) were initially
classified as ‘function unknown’ (COG S). Upon re-evaluation, 95 of these were reassigned to
at least one specific non-S COG based on orthologue hits at higher taxonomic levels. The
remaining genes were manually curated using the KEGG orthology hierarchy and/or
protein-product searches in the Protein Families Database v95.0 (Supplementary Tables 2.6.1
and 2.6.2). The 13 genes with no initial COG assignment were re-analysed via HMMER
without change and were therefore retained in the ‘function unknown’ (S) category (Figure

2.4a).

Approximately 90% (909/1 037) of loci in the cgMLST scheme exhibited intragenic
recombination (PHI p-value < 0.05). When stratified by COG category, most genes in the
genetic information processing group (73/128) did not show significant PHI statistics, whereas
almost all metabolic genes (405/461) did (Figure 2.4b). Additionally, loci with non-significant
PHI statistics were generally shorter and had fewer alleles compared with those showing

evidence of recombination (Appendix 2.2).

Allele counts and median locus lengths were positively correlated, though the slope was
modest (Figure 2.4). 65% (675/1 037) of core genes had median lengths under 1,000 nucleotides,
and 95% (986/1 037) were under 2,000 nucleotides; these sets exhibited median allele counts of
151 and 175, respectively. Notably, some shorter loci displayed exceptional diversity, for
instance, HAEMO0191 (hypothetical protein) and HAEM1295 (outer membrane protein P5) had

1,332 and 787 alleles, respectively, outstripping other genes of similar length.
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2.3.3. Clustering groups of H. influenzae genomes based on pairwise allelic mismatches of the

core genes reflected their phylogenetic relationship.

Within the validation dataset, 1,320 (95.9%) were allocated cgSTs and subsequently
classified into CGCs at the established similarity thresholds (Supplementary Table 2.4.1). The
remaining genomes, while lacking cgST assignments, nonetheless carried allelic profiles for

989 to 1,011 out of the 1,037 core loci (95.4-97.5%).
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Figure 2.5. Population structure of 1,376 H. influenzae genomes from the validation dataset. Main
panel: a ML phylogenetic tree generated from a concatenated core gene nucleotide sequence
alignment. Tree nodes were coloured by capsule type. Each capsule type clustered together, except for
H. influenzae type a (Hia) and type b (Hib). The innermost metadata block was a CC assignment, which
corresponded well with the middle metadata block, representative of the CGC group at the 500 allelic
mismatches threshold (CGC500). This correlation was evident for capsulated/typeable H. influenzae, but
not for NTHi. The outermost metadata block was the CGC group at the 50 allelic mismatches threshold
(CGC50), which allowed a more granular distinction of H. influenzae clusters. The hierarchal clustering
at multiple thresholds was able to reflect the structure of the phylogeny. Subpanel (i): A subset of the
ML tree in yellow highlight, consisting of 29 Hia isolates CGC50 group 15. Isolates in this group were
predominantly from North America, with 20 from Canada clustering closely, a pattern reported
previously by Topaz et al [64]. Subpanel (ii): The hierarchical structure of the ML tree was also
represented using CGC based on multiple thresholds for NTHi. For example, a subset of the ML tree
highlighted in grey comprises 97 NTHi within the CGC500 23. Tree edges and nodes were coloured
based on the CGC200 groups, which are congruent with the tree topology. The metadata block shows
CGC50 groups within each CGC200 group. The CGC50 groups with greyscale colour were singletons
within the corresponding CGC200 group. Reproduced from [156].

31



The population structure of H. influenzae can be systematically explored through
hierarchical core-genome clustering at multiple thresholds. This classification, derived from
core-genome allelic profiles, mirrors the phylogenetic relationships displayed on the ML tree
(Figure 2.5). The same clustering pattern is also reproduced on the minimum-spanning tree

constructed solely from core-genome allelic differences (Figure 2.6).

Isolates of encapsulated H. influenzae sharing identical capsular genotypes were
observed to cluster phylogenetically, reflecting their genetic proximity. Core genome
clustering groups (CGCs) at multiple allelic-difference thresholds corresponded to individual
serotypes (Figure 2.5). For type a (Hia), four principal lineages were resolved, each represented
by a distinct CGC500 (numbers 48, 46, 79 and 81), which matched their MLST clonal complex
assignments (Figure 2.6 and Supplementary Table 2.7). The most populous Hia lineage,
CGC500 48 (ST-23 complex), contained a prominent Canadian subgroup that further coalesced
at the 50-allele threshold (Figure 2.5 yellow highlight and subpanel i). A similar structure was
evident in serotype b (Hib), where three lineages appeared in both the maximum-likelihood
and minimum-spanning trees; two of these aligned with CGC500 clusters and their
corresponding CCs (Supplementary Table 2.7). The rarest Hib lineage comprised a single
ST-464 isolate (ID 5105) lacking any CC or CGC assignment (Figure 2.5 and Figure 2.6, black
arrow). As of October 2023, only one additional ST-464 genome (ID 15982) was present in
PubMLST; this isolate did not group with other Hib but was more closely related to Hia based

on its allelic profile.
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Figure 2.6. MST of the validation dataset (N = 1376 genomes) constructed from the core genome allelic
profile. Tree nodes were coloured by capsule type and CGC group at the 500 allelic mismatches
threshold (CGC500), using the same colour scheme as Figure 2.5. The pattern observed in the
phylogeny was replicated in this MST. Isolates belonging to the same capsule type and CGC500
clustered together, e.g. four main lineages for Hia (purple) and three for Hib (green), with one lineage
consisting of a single isolate (black arrow). The scattered distribution of NTHi ST-3 complex isolates
were also replicated (grey with a red outline). Additionally, 5 NTHi isolates found within the
encapsulated clusters were shown in greater detail here (black arrow heads). Reproduced from [156].

NTHi isolates exhibited far greater heterogeneity, forming 110 CGC500 clusters, of
which only eight contained at least 30 genomes (Appendix 2.3). Nevertheless, core genome
clustering corresponded closely to phylogenetic relationships within NTHi. For example, 97

isolates assigned to CGC500 23 were highlighted on the ML tree (Figure 2.5 grey highlight
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and subpanel (ii) and Figure 2.6) , and these partitioned into seven CGC200 subclusters that
mirrored the tree topology. In contrast to encapsulated lineages, NTHi clonal complexes did
not consistently map onto the phylogeny; the ST-3 complex, for instance, is scattered
throughout the tree (Figure 2.5 and Figure 2.6, grey nodes with red outline). This pattern, seen
in 19 of 57 CCs in the validation set (Supplementary Table 2.7), demonstrates that CGC

groupings provide a more accurate representation of NTHi population structure (Figure 2.6).

Although each serotype typically corresponds to specific MLST CCs, exceptions were
noted: the ST-124, ST-210 and ST-422 complexes each contained both NTHi and type fisolates.
In contrast, their CGC500 assignments matched their serotype and phylogenetic placement,
underscoring cgMLST’s advantage over seven-locus MLST. Notably, five NTHi isolates fell
within encapsulated CGC500 clusters (Figure 2.5 arrow heads and Supplementary Table 2.7),

indicative of rare capsule-loss events in previously encapsulated strains.
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Figure 2.7. Comparison of pairwise allelic mismatch of cgMLST core genes with the log10 branch
length values from the ML tree, implemented in the validation dataset (N = 1,376). The more closely
related genomes in a pair, the lower the allelic mismatch and log10 branch length value found. The
log10 branch length as a function of pairwise allelic mismatch was calculated using the OLS method
and the adjusted R?, a coefficient of determination of the defined function, was also measured. The R?
value is close to 1, which indicates a strong correlation between allelic mismatches and the branch
length. Reproduced from [156].

The concordance between core-genome allelic distances and phylogenetic branch
lengths was quantified (Figure 2.7). For each genome pair in the validation dataset, the
number of allelic mismatches was plotted against the corresponding branch-length value from
the recombination-corrected ML tree. An R? of 0.945 was obtained, indicating that 94.5% of
the variance in branch lengths can be explained by allelic mismatches across the 1,037 core

genes. Spearman’s rank correlation also yielded a significant p-value (< 0.001). Greater scatter
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of points near the origin reveals that very closely related genomes (differing by only a few

nucleotides) may not be fully distinguished by allelic mismatch counts.

Finally, two previously employed classification schemes were evaluated for their
concordance with both the cgMLST framework and the reconstructed phylogeny. The first,
the NTHi-specific pathotype-clade system, was applied to the ML tree of the 1,008 NTHi
genomes in the validation dataset (Appendix 2.3). Of these, 160 isolates could not be assigned

to any of the six defined clades.

Although the clade classification partially mirrored the phylogenetic topology,
intraclade genetic divergence remained substantial. For example, clade VI exhibited a median
pairwise allelic mismatch of 991 (range 0-1 028), whereas clade II showed a median of 640
(range 0-766) (Appendix 2.4). We also assessed the biotype system, which is defined by the
presence of three enzyme-encoding genes; none of the eight biotypes aligned consistently
with CGC groups at any threshold, the phylogenetic structure, or any clinical or demographic

variables (Appendix 2.5).

2.4. Discussion

At the time of writing (February 2024), the NCBI Genome Library holds over 560 000
prokaryotic assemblies (https://www.ncbi.nlm.nih.gov/genome/microbes/). The widespread
use and decreasing cost of high-throughput sequencing have yielded an unprecedented
volume of bacterial genome data [157]. cgMLST employs a gene-by-gene strategy on WGS
data to characterise variation within a species or genus. Its advantages include independence
from a reference genome, focus on protein-coding loci, and the treatment of each allelic

change as a single event, particularly beneficial for highly recombinogenic taxa like H.
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influenzae. By defining 1,037 core genes, the cgMLST scheme generates a high-resolution

population structure that is minimally influenced by recombination.

Based on the published literature, estimates of the H. influenzae core genome varied.
Hogg et al. and Eutsey et al. identified 1,450-1,485 ‘hard core’ genes present in 100% of
genomes [93, 94]. Pinto et al. reported 1,400 genes shared by at least 95% of over 200 NTHi
genomes [54], while Rajendra KC et al. found only 853 core loci among 12,249 pan-genes in
568 NTHi genomes [158]. Gonzalez-Diaz and colleagues observed 1470-1 627 core genes
within each capsular group (10-234 genomes), yet when all 800 capsulated genomes were
combined, only 1,037 genes were universally present [65]. Variations in pangenome analysis
arise as core size typically declines before plateauing with increasing genome numbers [93],
clustering parameters and thresholds influence orthologous group (OG) definitions,
sequencing and assembly quality exert further effects [137, 138], and paralogues are not
automatically excluded [55-57]. To mitigate these factors, the developed cgMLST scheme in
this study incorporated strict genome-quality filters and multiple pangenome tools to enhance

paralogue detection, yielding a robust typing scheme that reflects H. influenzae phylogeny.

Clustering by cgST aligned closely with the phylogeny inferred via maximum-likelihood
analysis of core-genome nucleotide alignments. At 500 allelic mismatches, four H. influenzae
type a lineages were recovered, matching those described by Topaz et al. [64], and their
predominantly North American sublineage was likewise reproduced at the 50-allele threshold
[64]. US. surveillance identified two main Hib lineages corresponding to distinct CGC500
groups [3], but a third cluster was indicated by a single ST 464 isolate (PubMLST ID 5105)
outside these groups. Two principal Hif lineages also emerged at 500 mismatches, whereas

Gonzalez-Diaz et al. reported only one and described three informal clades not seen here [65].
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Such differences may arise from variation in population-structure frameworks (species-wide
versus Hif-specific core genomes) and phylogenetic methods (core-genome alignment versus
reference-based SNPs) [65]. Overall, CGC500 clusters largely corresponded to MLST clonal
complexes, though some divergence was anticipated given the approximately 150-fold greater
gene count in cgMLST compared to seven-locus MLST. Nevertheless, the observed
concordance supports maintaining seven-gene MLST CC thresholds for broader relatedness

assessments when WGS is unavailable.

Five NTHi isolates embedded within encapsulated clusters on the ML tree (i.e. sharing
the same CGC500 assignments as encapsulated strains) likely represent rare capsule-loss
events. The first invasive Hib isolate lacking capsule expression was documented in 2019
[159], and Potts et al. reported similar findings that year in a population-genetic survey of US
surveillance isolates [3]. By employing cgMLST and cgST-based clustering, such events can

now be detected directly without reconstructing phylogenies.

Lastly, the cgMLST scheme was evaluated against two established classification
methods for H. influenzae. The first, biotyping, predates molecular techniques and is based on
differential production of tryptophanase (indole), urease and ornithine decarboxylase [160].
Slotved et al. demonstrated that enzyme production can be inferred from detection of the
corresponding genes, although enzyme profiles did not align with phylogenetic relationships,
an observation confirmed here [23]. The second system, specific to NTHi, defines clades using
core-genome SNPs, that is, the portions of the reference sequence (isolate 86-026NP,
PubMLST ID 5068, NCBI RefSeq GCF_000012185.1) that could be aligned to all other genomes’
[61, 158]. Previous studies assigned each NTHi isolate to one clade, with clades I, IV and V

forming a monophyletic group [60, 61]; this pattern was not observed in the present work.
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These findings indicate that biotyping and NTHi clade typing offer limited discrimination and
precision in reflecting H. influenzae phylogeny [41]. In contrast, cgMLST employs a larger
gene set in a gene-by-gene approach, yielding a high-resolution population structure free

from reference bias.

2.5. Conclusion

In conclusion, the cgMLST scheme introduced here delivers a fine-scale view of H.
influenzae population structure and offers a practical tool for microbiology reference
laboratories and public health authorities to assess phylogenetic relationships. The assigned
cgSTs provide a consistent genome-level nomenclature, representing an advance in typing
methods, especially for NTHi, the primary cause of invasive disease. However, clustering
genomes solely by single-linkage of core-genome allelic profiles fails to yield stable groupings.
Integrating cgMLST with a robust clustering system, such as the Life Identification Number
(LIN) code, can support both precise isolate identifiers and stable, reliable multi-order
groupings [161]. Nevertheless, the comprehensive characterisation of the bacterial core
genome afforded by this scheme serves as a valuable resource for enhancing molecular

diagnostics and directing vaccine development.
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Chapter 3

The chapter originally presented here cannot currently be made freely available via ORA. The

content will be published as an original research article.
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Chapter 4

Variants in surface-exposed proteins are associated with invasive non-typeable

Haemophilus influenzae infection: A genome-wide association study

Abstract

Non-typeable Haemophilus influenzae (NTHi) has emerged as a primary cause of
invasive H. influenzae infections in the post-Hib vaccine era, causing significant morbidity
and mortality globally. This study utilised publicly available genomes divided into two
independent datasets for initial (n = 1975 genomes) and validation GWAS (n = 1165 genomes).
A reference-free k-mer-based approach was applied, suitable for detecting variants in both
core and accessory genes, including highly variable regions. Initial GWAS identified 622
significant k-mers, predominantly in non-coding regions or accessory genes, associated with
the invasive phenotype. Of these, 256 k-mers were confirmed in the validation dataset, with
146 showing significant associations in further statistical analyses. The logistic regression
model, built using 19 independent k-mers, achieved an accuracy of 66.1% and an AUC of
74.54%, highlighting the predictive value of these variants. Notably, genetic variants were
mapped to genes encoding porin and TonB-dependent receptors (TBDRs), as well as tRNA
and rRNA genes, suggesting their potential roles in immune evasion, iron acquisition, and
protein synthesis under host-imposed stress. Recombination analyses revealed two hotspots
coinciding with these genes, indicating that horizontal gene transfer might contribute to the
dissemination of invasive traits. These findings enhance the understanding of NTHIi
pathogenicity and can inform vaccine development strategies targeting these genetic

determinants.
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4.1. Introduction

Haemophilus influenzae is a fastidious, pleomorphic Gram-negative coccobacillus that
exclusively inhabits the human host, primarily residing in the upper respiratory tract as a
commensal member of the microbiota, yet it can also act as an accidental pathogen. It is
classified based on the expression of capsular polysaccharides into six serotypes (a to f) with
an additional unencapsulated, or nontypeable (NTHi), group [200]. Clinically, H. influenzae is
associated with a broad spectrum of presentations ranging from non-invasive infections, such
as otitis media and sinusitis [1, 2], to invasive diseases like meningitis, epiglottitis, orbital
cellulitis, and septicaemia. This spectrum of manifestations highlights its significance in
clinical settings, with bacterial biological factors playing a crucial role in determining the

outcome of infection [201].

Following the worldwide implementation of the H. influenzae type b (Hib)
polysaccharide-conjugate vaccine, Hib was rapidly controlled as the predominant cause of
invasive H. influenzae infections, notably causing a sharp decline in Hib meningitis in children
[202, 203]. In the postvaccination era, however, NTHi has emerged in carriage anda leading
cause of invasive disease [204, 205]. Epidemiological data consistently demonstrate that the
majority of invasive cases are now attributable to NTHi, which was responsible for 64% and
78% of all invasive H. influenzae disease in Europe [206, 207] and South Africa [208],
respectively, with global case fatality rates for invasive NTHi infection exceeding those of Hib

[20].

Unlike the encapsulated H. influenzae from which almost all circulating strains are

recovered from invasive disease, NTHi can be associated with carriage or recovered from
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respiratory tract infection or invasive disease. In the past 2 decades, studies of NTHi have
focused on specific high-risk populations such as those with chronic obstructive pulmonary
disease (COPD) [158, 209-211] and cystic fibrosis (CF) [212, 213]. These studies are typically
interested in investigating virulence factors (VFs) associated with acute respiratory tract
symptoms such as pneumoniae and bronchitis, or persistent airway infections [158, 209, 210,
212, 213]. VFs were defined as “gene products that enable a microorganism to: 1) colonise a
host niche, 2) proliferate, and 3) cause tissue damage or systemic inflammation” [11, 12]. The
latter includes factors that facilitate invasion through epithelial and endothelial barriers, such
as the LnlA surface protein in Listeria monocytogenes, which interacts with human
intercellular E-cadherin [214]. Previously defined VFs (and their encoding genes) which were
identified in COPD-associated NTHi strains include glycosyl transferase (lic2B) [213],
hemoglobin-haptoglobin binding-like protein (hgps) [213], high-molecular-weight proteins
(hmw) [210, 213, 215], and IgA protease (igB) [209, 213]. Nevertheless, no study has
investigated, on a genomewide- scale, the factors encoded in the NTHi genome that are
associated with invasive disease. With the increasing accessibility of whole-genome
sequencing (WGS) technology and its integration into public health surveillance programs
[112], a growing number of H. influenzae genome sequences are now available in public
databases. This can be leveraged to conduct large-scale comparative genomic analyses using
available NTHi genomes, both from invasive and non-invasive cases to reveal genetic

determinants differentiating the two groups.

H. influenzae is naturally competent for DNA uptake from the environment and
integrate it into its genome, through horizontal gene transfer (HGT) [216]. HGT accounts for
much of the genetic diversity observed in H. influenzae [54, 95], especially NTHi. Up to 40%

of the Hib genome has been found to exhibit significant sequence variation [95]. The first
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pan-genome analysis of the species revealed that NTHi genetic diversity of was at least ten
times greater than that of Hib [54]. As H. influenzae inhabits the human nasopharynx—an
environment populated by many other bacterial species [217] and protected by multiple layers
of immune defences [218]—its natural competence enables it to acquire beneficial genetic
material, enhancing its fitness and competitive advantage. The continuous exchange of
genetic material, coupled with intrinsic mutations driven by positive selection, may contribute
to the emergence of invasive NTHi strains capable of breaching the mucosal barrier and
evading immune responses. However, the specific genetic variants associated with invasive

NTHi infection remain incompletely understood.

Identifying variants associated with NTHi invasive disease would, not only enhance our
understanding of the biology of NTHi, but also provide valuable insights for vaccine
development. Proteins encoded by variable genes that promote bloodstream invasion are
typically immunologically accessible, making them promising vaccine candidates [219, 220].
If conserved regions within these accessible proteins can be identified—or if a mosaic design
combining both variable and conserved regions is employed [219, 221]—it may be possible to
develop a vaccine effective against all NTHi strains, and potentially all H. influenzae. The most
recent attempt to develop a recombinant-protein NTHi vaccine was discontinued due to
limited efficacy in reducing the frequency of acute exacerbations in COPD patients [222]. This
vaccine formulation included three surface-exposed proteins: Protein D, Protein E, and Pilin
A [223]. While this presents a significant challenge, it also highlights an opportunity to
explore alternative strategies, including novel vaccine components that target biological

mechanisms underlying NTHi invasive disease.
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This study aimed to identify the genetic determinants underlying the phenotypic
outcome of invasive disease in the NTHi population through genome-wide association study
(GWAS) experiments. Originally developed for human genome research, GWAS has since
been adapted for bacterial populations [224]. In our experiments, we employed a k-mer-based
approach, which is particularly well-suited for highly diverse bacterial species like H.
influenzae [225]. This method is reference-free and capable of detecting allele variants in both
core and accessory genes, including those that are highly variable, such as phase-variable

genes [215].

4.2. Methods
4.2.1. Phenotype definition and dataset curation of publicly available genomes

The phenotypes of interest were the phenotypic outcome of NTHi invasive disease.
NTHi isolates were considered to have this phenotype if they were clinical isolates from
normally sterile body sites, which encompass blood, cerebrospinal fluid (CSF), pleural cavity,
joint, peritoneal cavity, and internal organ, such as brain and lymph nodes [226]. NTHi from
all other isolation sources including nasopharyngeal swab in asymptomatic subjects or eye
and middle ear exudate, sputum, and bronchoalveolar lavage (BAL) [227] in symptomatic

patients were grouped as “non-invasive” phenotype.

This study utilised publicly available H. influenzae genomes divided into two different
datasets. No genome was shared between the two datasets. The first dataset, referred to as
“dataset 17, was utilised for the initial GWAS (see Part 4.2.4. Bacterial GWAS pipeline) and
curated from PubMLST H. influenzae isolate database (accessed June 2024) and the NCBI

Sequence Read Archive (SRA) (accessed July 2024). The NCBI SRA search was designed to
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balance the number of isolates between phenotype groups. When more sequence reads were
available than needed for a given phenotype, a pseudo-random number generator was used

to select  the required subset (https://docs.python.org/3/library/random.html)

(https://github.com/artmisk13/DPhil thesis Hinf). Sequence reads from NCBI were screened

for species definition and phenotype data availability. Only reads with conclusive species
assignment as H. influenzae and professed phenotype data were assembled using SPAdes

v4.0.0 (https://github.com/ablab/spades) [228]. The resulting genome assemblies went

through initial quality control step utilising Quast v5.2.0 (https://github.com/ablab/quast)
[229] and subsequently uploaded to PubMLST for MLST, ribosomal MLST (rMLST), and core
genome MLST (cgMLST) loci detection and allele designation. rMLST was utilised for species
identification and potential contamination detection [140]. The cgMLST profile was used to
define the population structure by providing the core genome alignment for phylogeny
reconstruction as well as defining lineage through life identification number (LIN) coding

approach, as described in Chapter 3 [174].
The pool of all public genomes was quality-controlled using the following criteria [156]:

1. Genome length 1.4 Mb - 2.45 Mb.

2. rMLST support score of = 85%.

3. Complete MLST and rMLST designation.

4. ‘Good’ annotation status of the cgMLST scheme, indicating that at least 1012/1037
core genes had an allele designation. This was the minimum number of core genes
that had to be successfully designated an allele number for a genome to get a cgST
assignment [119]. The threshold was established to accommodate incomplete

assemblies inherent to short-read sequencing, while remaining stringent enough to
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exclude poorly sequenced or assembled genomes. As a result, only genomes with

an assigned cgST were eligible to receive a LINcode for lineage definition.

The second dataset (“dataset 2”) was employed for the validation GWAS (see Part 4.2.4.
Bacterial GWAS pipeline) and curated through NCBI SRA search (accessed October 2024). The
same principal and workflow in dataset 1 curation was also implemented, with two additional
steps: First, only sequence reads deposited with an associated published research article were
included; and, second, after quality control processes as described above, all assembled
genomes were subjected to a deduplication step. Isolate or strain name and sequence read
accession number, combined with location and isolation date data, were used to identify

potential duplicates.

H. influenzae genomes in all datasets which fulfilled the criteria described above were
processed for in silico capsule type genotyping and capsulated genomes were excluded from

downstream analyses.

4.2.2. Capsule type genotyping, genome annotation, and lineage definition.

Capsule type was defined by a H. influenzae capsule prediction tool, hicap [152], and
NTHi genomes were defined as genomes without any evidence of genes in and insertion
sequences associated with the capsule operon. All NTHi draft genome assemblies were
annotated using Prokka v1.14.6 [145] with default settings while reference genomes were
annotated by the NCBI Prokaryotic Genome Annotation Pipeline, as downloaded from

https://www.ncbi.nlm.nih.gov/datasets/genome/ (accessed October 2024).

H. influenzae lineages were defined using core genome LIN codes (Chapter 3). The

GWAS pipeline recommends using pyseer (section 4.2.4), and the PopPunk cluster system.
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However, as shown in section 3.3.3 and Appendix 3.2, PopPunk [191] for H. influenzae was
consistent with cgLIN clonal subgroups, which would result in a greater number of clusters,
each with a smaller sample size. Accordingly, NTHi lineages were defined by clustering at
the cgLIN superlineage level, where genomes within a cluster differed by no more than 800
core-gene allelic mismatches, in order to provide a broad overview of the population structure.
To avoid confusion, cgLIN superlineage clusters will be referred to as “lineages” throughout

this chapter.

4.2.3. Phylogenetic, recombination, and pangenome analyses

Maximum-Likelihood phylogeny of NTHi genomes was reconstructed from the
alignment of core genes included in the H. influenzae cgMLST scheme [156], with
GTRGAMMA model using RaXML v8.2.12 [151]. To account for recombination effects and
produce recombination analyses the resulting phylogenetic tree was processed through
ClonalFrameML v1.12 [100]. Two recombination statistics were produced, the R/theta, a ratio
of rates of recombination and mutation, and r/m, a ratio of effects of recombination and
mutation. These statistics were then compared between the two different phenotypic groups.
Concurrently, reference-based alignment (reference genome:

https://www.ncbi.nlm.nih.gov/datasets/genome/GCF 000931575.1/) was constructed in order

to visualise the recombination blocks. The alignment tool used was SKA aligner v2 [230]
embedded in Gubbins recombination tool [99], followed by phylogeny reconstruction using

RaXML GTRCAT model and correction for recombination.

To assess the content and annotation of NTHi pangenome, PIRATE v1.0.5 a pangenome

reconstruction tool was used [132]. Default settings were chosen for percentage identity
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thresholds for pangenome reconstruction. PIRATE clustered coding sequences (CDSs) across
NTHi genome using this set of thresholds into a unit known as “gene families”. A gene family
refers to a group of homologous coding sequences that share a specific function, as determined
by the functional annotation tool eggnog-mapper [146]. In this study, for the sake of clarity,
the term “gene” is used in place of “gene family” throughout the chapter. The pangenome size

between different phenotype groups were also assessed.

4.2.4. Bacterial GWAS pipeline

GWAS experiments were conducted using pyseer v1.3.11 [225] with a k-mer-based
approach and implementing random effects models. Firstly, unitigs were generated and
counted using unitig-counter [231]. Subsequently, a “capsule region masking” step was
implemented before running the GWAS experiments

(https://github.com/artmisk13/DPhil thesis Hinf). This step involved excluding the k-mers

associated with the capsule biosynthesis region from the GWAS analysis to prevent them
from disproportionately driving associations due to their strong link with invasiveness [232].
By masking this region and the flanking sequence that: 1) might contain the insertion element
IS1016 which has been described to be associated with invasive phenotype even in the absence
of capsule genes [233, 234], or 2) in linkage disequilibrium [235], we aimed to identify other
genetic factors that contribute to invasiveness independently of the capsule operon, thereby

providing a clearer picture of additional pathogenic mechanisms.

The step-by-step workflow is depicted in Figure 4.12 There are two major GWAS
experiments: initial and validation GWAS. In the initial GWAS, there were 200 parallel GWAS

runs and within each run there were 100 H. influenzae genomes for each phenotype category
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(Figure 4.12 step B.1 and B.2). These genomes belonged to dataset 1 and were chosen and

assigned to each GWAS run randomly using Numpy Python package (https://numpy.org/)

(https://github.com/artmisk13/DPhil thesis Hinf). This step was essential to prevent p-value

inflation of rare genetic variants that might otherwise appear significant due to their presence
in only a few isolates with the phenotype of interest [224]. To correct for the population
structure, a kinship matrix was derived from the core genome phylogeny and included in each
experiment. Lineage effects were calculated with Q-Q plots visualised (Appendix 4.1), and the
lineage was defined using the superlineage partition level of the H. influenzae cgLIN. For each
run, a significance threshold was measured using a Bonferroni correction and only k-mers
below this threshold were annotated back to H. influenzae genomes. NTHi strain 477 from
NCBI Reference Sequence database (NCBI Assembly accession GCF_000931575.1) was utilised
as the reference for annotating k-mers; however, all draft genomes in dataset 1 were also
included to account for genetic variants which were not present in the reference. Identified k-
mers in this step are summarised as a box plot. A Manhattan plot was constructed on the

reference genome to visualise their location in the genome [225].
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Figure 4.12 The bacterial GWAS pipeline for identifying genetic variants associated with phenotypic
outcome of invasive disease in the non-typeable H. influenzae population. (A) Preparation of input file
before GWAS: A.1. Pre-processing stage before the initial GWAS: Results of pangenome and
phylogenetic with recombination reconstruction for analyses were fed as input files for the GWAS
step for kmer hits annotation and population structure correction, respectively. A.2. Pre-processing
stage before the validation GWAS: Because the validation GWAS used an independent dataset, dataset
2, phylogeny reconstruction was conducted for this dataset. (B) The step-by-step kmer-based GWAS
approach. Both initial (B.1) and validation (B.2) GWAS involved multiple experiments; however, in
the initial GWAS these were done for different, randomly assigned subset of the dataset while in the
validation GWAS experiments were done for each specific lineage. (C) Valid kmer hits were defined
by comparing the two GWAS results. (D) Developing a logistic regression model to predict invasive
outcome of NTHi infection based on presence/absence of valid kmers.

Although the main steps in the validation GWAS analysis were similar to the initial
GWAS, there was one significant modification. To confirm that the significant k-mers

identified in the initial GWAS were specifically associated with a phenotype rather than
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lineage, the GWAS experiment was conducted within each H. influenzae lineage [236].
Consequently, an additional filtering step was introduced. H. influenzae draft genomes in
dataset 2 were clustered according to their lineage groups. Only genomes belonging to large
lineages (N > 50) were included in the GWAS experiment. An independent GWAS analysis

was conducted for each of these lineages.

Valid k-mers (Figure 4.12 step C) were defined as those that: 1) were identified in both
initial GWAS and validation GWAS experiments; and, 2) showed a positive association with
invasive disease. The presence and absence of all valid kmers were determined for all genomes
in dataset 1 and 2 using the Genome Comparator plug in on PubMLST [49], with 100% identity
and 100% length criteria. The resulting presence/absence matrix was processed for further

statistical testing and modelling.

4.2.5. Statistical testing and phenotype prediction using logistic regression

Here, a prediction model based on the presence/absence of k-mers associated with NTHi
invasive disease was constructed. The statistical significance of all valid k-mers in both
datasets 1 and 2 was retested with chi-square test using Scipy statistics package in Python
(https://scipy.org/). K-mers with p value < 0.1 passed the threshold to be included as features
in the logistic regression model. To improve model accuracy, there were two additional
selection steps: 1) correlation matrix to check for multicollinearity; and, 2) feature importance

calculation using random forest method [237].

The correlation matrix was constructed using the corr function from Pandas Python
package, implementing the Pearson test to compute correlation coefficient

(https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.corr.html). The result was
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grouped based in the gene/region the kmers annotated to and transformed into distance
matrix. Average linkage hierarchical clustering was conducted to identify clusters of highly
correlated kmers with distance threshold of 0.3 (equals to correlation coefficient threshold of
0.7). The first kmer in a cluster will be kept as ‘representative’ and the rest were excluded

from downstream process.

The second features selection step was done using permutated feature importance
metrics from Random Forest method. We utilised a RandomForestClassifier package from
scikit-learn and rfpimp package [238]. This process was run twice, with and without an
additional column of random numbers, to introduce additional variability into the dataset and
therefore, indicates the stability/consistency of the features. Only features with positive
importance score in both iterations were included in the logistic regression model (Equation

4.1).

logit(P) = By + By - Xy + By - Xy + -+ By - Xp

Equation 4.1. Logistic regression equation. Logit(P) is the log odds ratio of probability of an outcome
(invasive phenotype) compared to probability of non-outcome (non-invasive phenotype). By is the
coefficient on the constant term, 3;_,, are the coefficients on the independent variables (i.e. each valid
kmer), and x;_, are the independent variables, 1 if present, 0 if absent.

The logistic regression model was built using the “statsmodels” package
(https://www.statsmodels.org/stable/index.html). The dataset (combination of dataset 1 and
2) was split into training (80%) and testing (20%) dataset, to fit and test the model. Metrics to
evaluate the model included McFadden’s Pseudo R?, Akaike information criterion (AIC), area
under the curve (AUC) score, and p-values of each feature in the model. After the initial model
was generated, features with p-value of < 0.1 were excluded and backward elimination
approach was implemented to find the best combination of features. This approach involved

iterative removal of one feature at a time until the AIC score or accuracy of the model
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increased or decreased, respectively [239]. In this process, a significance threshold of 0.05 was
chosen as a basis of choosing the feature to remove. A confusion matrix and the receiver
operating curve (ROC) were generated for the final logistic regression model

(https://github.com/artmisk13/DPhil thesis Hinf).

4.2.6. Mapping kmers with predictive value

All k-mers included in the logistic regression model were considered predictive of the
invasive disease phenotype. These kmers were mapped to the full-length gene from a NTHi
reference genome using Geneious Prime software. In addition, corresponding protein regions
that might be affected by nucleotide variations carried by the kmers were also visualised using
AlphaFold 3-dimensional protein structure prediction [240]. Biological function of these
regions was evaluated based on the information from InterPro database. Finally, all k-mers in
non-CDSs and intergenic regions with predictive value were mapped to one of the NTHi

reference genome used in this study.

4.3. Results

4.3.1. Each GWAS dataset consisted of more than 1000 high quality, globally distributed non-

typeable H. influenzae draft genomes

Dataset 1 consisted of 1975 NTHi genomes and originated from five different continents
and 52 different countries (Figure 4.13a-ii, Supplementary Table 4.1); however, most of NTHi
in dataset 1 were isolated in Europe (n = 1606, 81%) and only 5 isolates were from Africa. An

equal percentage of genomes belonged to either the invasive (49.9%) or non-invasive (50.1%)
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phenotype group. Within the non-invasive group, there was a similar number of NTHi
isolated from disease and carriage (Figure 4.13a-i). According to 7-locus MLST, there were
441 unique STs in dataset 1, with 239 of them assigned to a single NTHi genome (Figure
4.13a-iii, Supplementary Table 4.1). This reflected the known diversity among NTHi

population captured by the MLST scheme.

1165 NTHi genomes were curated in dataset 2. These genomes originated from four
studies on H. influenzae population genomics in carriage and disease [67, 142, 241]. Each of
these studies took place in four different countries, Denmark (n=477), Thailand (n=410), USA
(n=214), and Canada (n=64) (Figure 4.13b-ii). The distribution of different phenotype group
was similar in dataset 2; however, there were more genomes within the non-invasive (59.1%)
phenotype group (Figure 4.13b-i). As many as 205 unique STs were assigned to NTHi
genomes in dataset 2. The three largest STs in dataset 1 were in the top ten largest STs in

dataset 2 (Figure 4.13b-iii, Supplementary Table 4.2).
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Dataset 1 for initial GWAS experiments
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Figure 4.13. Frequency of phenotype and STs, geographical distribution, and year of isolation of two
NTHi datasets for GWAS experiment and model evaluation. (A) Dataset 1 (B) Dataset 2.
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Several parameters were used to evaluate the genome assembly quality, including the
number of contigs, genome length, N50, L50, and the percentage of GC content. NTHi
genomes from the three different datasets were of high quality, with similar range and median

of all the quality check parameters (Table 4.6).

Table 4.6. Summary of genome assembly quality parameters of the two NTHi datasets.

Quality Dataset 1 Dataset 2
parameters Median (min-max) Median (min-max)
Number of contigs 44 (1-1176) 111 (1-473)
Genome lensth 1,849,251 1,863,391
8 (1,634,229-2,433,349) (1,758,333-2,168,449)
N50 134,476 117,352
(11,265-2,085,715) (15,620-1,901,558)
L50 5 (1-49) 5 (1-40)
% GC 38 (37.68-42.19) 38.03 (37.73-38.59)

4.3.2. H. influenzae genomes from invasive and non-invasive group had a similar pangenome

size.

The pangenome reconstruction tool identified a total of 7032 genes in the pangenome
of NTHi in dataset 1. There was a small difference in the size of pangenome between NTHi
genomes isolated from invasive, compared to non-invasive cases (Figure 4.14a). Core genes
were defined as those present in more than 95% of the isolates, while cloud genes were
identified as those present in less than 15%. Shell genes were classified as those present in 15%
to 95% of the isolates [132]. While the difference in the number of core and shell genes was
fewer than 25, NTHi from non-invasive group had 480 more genes in the cloud genome.
Nevertheless, when the non-invasive group was divided further into “carriage” and “non-

invasive disease” isolates, the total size of the pangenome was reduced, indicating that isolates
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within the same phenotype group were more similar in the composition of their pangenome

(Error! Reference source not found.b).
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Figure 4.14. The pangenome size of NTHi in dataset 1 based on their phenotypic group. (A) Non-
invasive disease and carriage phenotypes were combined into a single group (“all non-invasive”). (B)
All non-invasive group was separated into non-invasive disease and carriage group. (C) Venn diagram
of shared and non-shared accessory genes between invasive and “all non-invasive” NTHi. Core gene:
genes present in > 95% of the NTHi isolates in dataset 1, shell gene: genes present in > 15% but < 95%
of the NTHi isolates in dataset 1, cloud gene: genes present in < 15% of the NTHi isolates in dataset 1.

A total of 1378/1398 core genes (98.6%) in NTHi from invasive group were also detected

as core in the non-invasive group (Supplementary Table 4.3). The remaining 20 genes were
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still present in the non-invasive group, but as part of the accessory genome. Similarly, six
genes that were core in the non-invasive group were classified as accessory genes in the
invasive group. These findings highlight the known stability of H. influenzae core genes in
terms of presence and absence, but do not rule out the possibility that different alleles of core
genes may be associated with invasive potential. Among the 26 differentially present core
genes between the two phenotype groups, more than half (n = 15) were genes involved in
various bacterial metabolic pathways, including inorganic ion, carbohydrate, and coenzyme

metabolism, as well as energy production.

Collectively, 3984 genes were in the accessory genome of the invasive NTHi isolates
and, unlike the core genes, only 2820 of them (70.8%) were also accessory in the non-invasive
isolates (Figure 4.14c). As many as 1158 (29.1%) of invasive-associated accessory genes were
not present, while 6 were present as core genes, in the non-invasive NTHi. Likewise, out of
4490 accessory genes among the non-invasive NTHi isolates, 1650 (36.8%) were not present
and 20 were present as core genes in the invasive isolates. As many as 1511 (37.9%) and 1402
(31.2%) genes in the accessory genome of invasive and non-invasive isolates, respectively, did

not have any functional annotation.

4.3.3. Recombination events were detected in most parts of NTHi genomes across different

lineages, with comparable effects of recombination between two phenotypic groups.

Using H. influenzae cgLIN superlineage partition level, there were 80 lineages among
1975 NTHi in dataset 1. Genomes belonging to the same lineage had at least 22.85% similarity

in their core genome. 1702 (86.2%) genomes belonged to one of the ten largest lineages, as
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annotated in the ML phylogeny (Figure 4.15a). However, as many as 62 lineages had less than

10 genomes as their member.

Isolates from both invasive and non-invasive phenotype groups are distributed
throughout the phylogeny without clear clustering in specific lineages (Figure 4.15a). In the
five largest lineages (each with over 50 genomes), invasive isolates comprise 40-56%,
indicating both phenotypes are similarly represented. Some smaller lineages consist
exclusively of either invasive or non-invasive isolates; however, the limited number of isolates
in these lineages (n < 5) prevents any definitive conclusions about their association with

invasiveness.
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Figure 4.15. (A) The Maximum-Likelihood phylogeny of NTHi in dataset 1 using the core genome
alignment. Tree nodes were coloured based on phenotype group and the circular color strip indicates
different lineages as defined by cgLIN nomenclature. The lineage legend was sorted based on the
number of genomes in descending order. (B) Recombination blocks in the NTHi. The reconstructed
phylogeny was based on the whole-genome alignment to the NTHi reference genome. Predicted
recombination events shared among isolates on an internal branch were coloured as red blocks and
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those who are unique to specific isolate were colored as blue blocks. Arrowhead: distinct
recombination pattern in lineage 1_0, Arrows: fewer recombination events in some subsets of the
NTHi isolates, Red squares: Location in the NTHi genome with the most frequent recombination
events.

Figure 4.15b illustrates the recombination blocks in NTHi genomes from dataset 1, based
on whole-genome alignment to the NTHi reference genome. Recombination events are
widespread across NTHi genomes; however, two distinct “hotspots” showed notably higher
frequencies of recombination (Figure 4.15b, red squares). These hotspots were located within
genes encoding a TonB-dependent receptor (TBDR) and a porin, with the surrounding regions

also affected by recombination.

Overall, recombination in NTHi occurred without a consistent pattern linked to specific
lineages. However, there were some exceptions. For instance, isolates within lineage 1_0
exhibited a distinct recombination pattern compared to the rest of the dataset (Figure 4.15b,
arrowhead). Additionally, subsets of isolates in lineage 0_0 displayed fewer recombination
events (Figure 4.15b, black arrows). A similar trend was observed for isolates belonging to
smaller lineages (Figure 4.15b, blue arrow). In contrast, lineages other than 0_0 showed more
frequent recombination in the terminal branches. These observations confirm that NTHi
undergoes extensive recombination, which likely facilitates the horizontal transfer of genetic

variants associated with traits such as invasiveness.

Two parameters of recombination, R/theta and r/m, were available for 1494 (75.6%)
isolates. No single substitution was found for the rest of isolates. The two recombination
parameters were compared between invasive and non invasive group. Due to non-normal
distribution of the data (Appendix 4.2) with Kolmogrov-Smirnov pvalue < 0.001, the

comparison was done using Mann Whitney U test. There was only a small difference (p value
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< 0.001) in R/theta between the two phenotype groups, with the non-invasive slightly higher
than the invasive group with the median (minimum - maximum) value of 0.468 (0.26-5.67)
and 0.428 (0.18-2.19), respectively. However, there was a more pronounced difference (p value
< 0.001) in r/m between those groups, 5.64 (1.74-55.28) for non-invasive and 4.56 (1.75-57.2)
for invasive group. This finding indicated that even though the rate of
recombination/mutation in both groups were similar, recombination had relatively higher

effect compared to mutation in non-invasive group.

4.3.4. Genetic variants associated with invasive phenotype group in the initial GWAS were

mostly detected in the accessory genome of NTHi

All kmers identified for each of the 200 parallel GWAS runs were filtered and only those
with adjusted p-value of less than the Bonferroni corrected threshold for that run were
processed further. Collectively, there was a total of 622 unique significant kmers and all of
them were annotated to either the reference genome or draft genomes in the dataset 1. 191
kmers (30.7%) were annotated to 47 protein-coding sequence (CDS) and 33 of these CDS were
in the accessory genome. The rest of significant kmers (n = 431, 69.3%) were in non-protein

coding, such as tRNA or rRNA genes, or intergenic regions (Figure 4.16a).
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Figure 4.16. Annotation of significant kmers associated with NTHi invasiveness to a reference and
high-quality draft genomes. (A) Manhattan plot of kmers annotated to the NTHi reference genome
(NCBI Assembly: GCF_000931575.1). (B) Protein-coding sequence (CDS) in NTHi genomes with
detected genetic variants associated with invasiveness.
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Kmers annotated to CDS are summarised in Figure 4.16b. Each circle represents one

CDS and its size is proportional to the number of kmer hits found in that CDS. There were 9

CDS with the most significant kmers (p-value < 3.17e~?) and the gene names, their products

and functions were detailed in Table 4.7. The finA gene exhibited the lowest average effect

size of 0.59, indicating that the presence of k-mer variants in this gene increased the

probability of an NTHi genome being invasive by 59%. The complete list of regions in the

NTHi genomes to which significant kmers annotated to are available from the Supplementary

Table 4.4.

Table 4.7 Protein-coding genes with the most significant kmers associated with NTHi invasive

phenotype.

Gene name /

Protein accession /

3 (Y
Preferred Gene family ID* Product Function COG
name
ma{ Y/patB WP_011272389.1 MalY./PatB family catalyz'e the conversion of . E
family protein cystathionine to homocysteine
to cleave the remnant signal
signal peptide peptides left behind after protein
sppA sppA peptidase secretion and cleavage by signal oU
peptidases
ftnA ftnA non-heme ferritin iron-storage protein P
IptA WP_042594392.1 phosphoethanolamine = modification of l1p1.d A with g
transferase phosphoethanolamine cellulose
) 2463 01794 ) a famlly. of proteins thst are )
present in crAss phage
epsG family 2463_00147 EpsG family protein involved in biofilm formation S
. catalyze the transfer of amino
Aminotransferase . ;
patB patB groups between amino acids and E
class T and II .
keto acids
protein with .
o a key component for bacterial
fha 329201713 hagmagglutlngtlon adhesion to host cells uw
activity domain
e trangortrombome
g:lflei?dent 4400 01531 ft;;l;IB (325 :nt(i int (hemoglobin, transferrin, and P
Y y P lactoferrin) across the bacterial cell
receptor wall

) Gene ID: PIRATE pangenome tool assigns gene ID for each genome.
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b) Functional annotation using eggnog-mapper did not yield any positive result. Function was determined through
sequence search in Pfam database.

9 COG: cluster of orthologous group. E: Amino acid transport and metabolis; O: Posttranslational modification, protein
turnover, chaperones; U: Intracellular trafficking, secretion, and vesicular transport; P: Inorganic ion transport and
metabolism; S: Unknown function; W: Extracellular structure.

4.3.5 Validation GWAS confirmed 16 genetic regions associated with invasive NTHi.

Through the validation GWAS, collectively there were 4294 kmers from 6 GWAS runs
in 6 lineages. The NTHi lineage with most kmers (n = 3477) detected was lineage 0_4, while
within lineage 3_0 there was 0 identified kmer associated with invasive NTHi. These kmers
were annotated to the same set of reference and high-quality draft genomes in initial GWAS
to allow for compatible comparison between the two GWAS stages. A total of 5 protein-coding
and 11 non-CDS regions in NTHi genomes were consistently associated with the invasive
phenotype in both the initial and validation GWAS. Across these regions, 256 unique k-mers
were identified, representing genetic variants linked to NTHi invasive disease. To determine
valid k-mers, the presence of these kmers was systematically evaluated in NTHi genomes in
both dataset 1 and 2, resulting in 159 kmers which had positive association with invasive
disease. Eventually, 146 of them had statistically significant p-values in the chi-square test

and were advanced for further evaluation in logistic regression analysis.
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Best Model Summary:
Generalized Linear Model Regression Results

Dep. Variable: y No. Observations:
Model: GLM  Df Residuals:
Model Family: Binomial Df Model:
Link Function: Logit Scale: 1.0000
Method: IRLS Log-Likelihood: -1471.8
Date: Tue, 04 Feb 2025 Deviance: 2943.6
Time: 23:53:26  Pearson chi2: 4.42e+03
No. Iterations: 6 Pseudo R-squ. (CS): 0.1889
Covariance Type: nonrobust

coef std err z P>|z| [0.025 0.975]
const -3.1688 0.213 -14.885 0.000 -3.586 =2.752
cds-WP_044331820.1_1;init 1.7188 0.189 9.086 0.000 1.348 2.090
cds-WP_005656589.1_1;val;0_1 0.5306 0.101 5.271 0.000 0.333 0.728
sixA_19;val;0_1 -0.2330 0.100 -2.332 0.020 -0.429 -0.037
11dD_148; init 0.3036 0.105 2.894 0.004 0.098 0.509
sixA_6;init 2.7060 0.452 5.990 0.000 1.821 3.592
g00001_1;3289_01621_7;init 0.3521 0.119 2.956 0.003 0.119 0.586
ftnA_20;val;o_1 0.4298 0.100 4.296 0.000 0.234 0.626
11dD_197; init 0.6947 0.151 4.603 0.000 0.399 0.990
11dD_338; init 0.3113 0.116 2.675 0.007 0.083 0.539
rimP_314;init 1.6334 0.449 3.638 0.000 0.753 2.513
cds-WP_044332714.1_3;init 0.5739 0.178 3.232 0.001 0.226 0.922
cds-WP_044332714.1_43;val;0_1 0.3725 0.103 3.609 0.000 0.170 0.575
cds-WP_044332714.1_26;val;0_1 0.5381 0.141 3.803 0.000 0.261 0.815
rimP_370;init 1.1353 0.494 2.298 0.022 0.167 2.104
g00001_1;hgpA_2_2;val;0_4 0.2979 0.175 1.705 0.088 -0.044 0.640
tdeA_372;init 1.6745 0.516 3.244 0.001 0.663 2.686
cds-WP_044331820.1_260; init -0.3400 0.127 -2.667 0.008 -0.590 -0.090
g00001_1;4400_01531_8;init 0.6356 0.304 2.094 0.036 0.041 1.231
cds-WP_044333040.1_2; init 0.7737 0.351 2.205 0.027 0.086 1.462
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Figure 4.17. (A) Summary of the best logistic regression model using backward elimination. (B)
Receiver operating characteristic (ROC) curve of the best logistic regression model across multiple
thresholds. (C) Confusion matrix of phenotype prediction made by the model in the test dataset, using
probability threshold of > 0.5.

Kmers were grouped based on the genetic regions they were annotated to and checked

for multicollinearity by constructing a correlation matrix for each group. After clustering

based on the correlation coefficient, only 29 kmers were retained (Supplementary Table 4.5).

Subsequently, according to feature importance score measures using permutation approach

(Supplementary Table 4.5), 25 were included in the construction of the logistic regression

model. The final model was constructed using an iterative backward elimination approach to

identify the optimal model with the lowest AIC or highest accuracy. The best model, with an

AIC of 2983.5, predicted whether genomes in the test dataset originated from invasive
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infection cases with 66.1% accuracy (Figure 4.17c). The test dataset comprised a randomly
selected 20% of the combined datasets 1 and 2. The prediction results were mapped onto the
phylogenetic trees of datasets 1 and 2, revealing both correct and incorrect predictions
throughout the phylogeny (Appendix 4.4). he final logistic regression model included a total
of 19 predictive k-mers, which were annotated to 3 CDSs, 2 tRNA genes, 2 rRNA genes, and 6

intergenic regions (
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Table 4.8).
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Table 4.8 Valid kmers in the final logistic regression model and their location in the NTHi genome.

Gene/Preferred I.’rotem kmer namesP Product COG*
name accession/Gene ID?

Protein-coding genes

cds-WP_044332714.1_26;val;0_1
porin WP_044332714.1 cds-WP_044332714.1_3;init porin I

cds-WP_044332714.1_43;val;0_1

00001_1;3289_01621_7;init h lobin (Hb) or
3289_01621 & Ini e hemoglo
hgpA 1400 01531 g00001_1;4400_01531_8;init Hb/haptoglobin
- g00001_1;hgpA_2_2;val;0_4 receptor p
ton-B dependent (i, 4333040 4 cds-WP_044333040.1_2;init * ton-B dependent
family receptor family receptor
sixA WP_005652786.1 SixA_6init phosphohistidine T
- phosphatase

Non-protein-coding genes

tRNA-Met

tRNA-Glu

23s rRNA

16s rRNA

NTHI477_RS01680

NTHI477_RS05660
NTHI477_RS06230
NTHI477_RS08480

NTHI477_RS06225
NTHI477_RS00005
NTHI477_RS04860
NTHI477_RS05025
NTHI477_RS08485

NTHI477_RS08475

rimP_314;init
rimP_370;init

cds-WP_044331820.1_1;init

lIdD_148;init
lIdD_197;init

11dD_338;init

tRNA-Methionine

tRNA-Glutamate

23s ribosomal RNA

16s ribosomal RNA

Intergenic region

Between WP_005656589.1 and

WP_224056840.1

Between NTHI477_RS08480 and

NTHI477_RS08485

Between WP_005650594.1 and

WP_074031221.1

Between WP_044331820.1 and

WP_044331826.1

Between NTHI477_RS06235 and

WP_042593485.1

Between WP_005652786.1 and

WP_038441256.1

cds-WP_005656589.1_1;val:0_1
tdeA_372;init

cds-WP_044331820.1_260:init
ftnA_20;val;0 1

11dD_338;init

11dD_338;init

sixA_19;val;0_1

a) Gene ID: PIRATE pangenome tool assigns gene ID for each genome.
b) Kmer names were arbitrary, as a reference to compare with the logistic regression model summary from Figure 4.17. Some

kmers were annotated in multiple non-protein-coding genes and/or intergenic region.

c¢) COG: cluster of orthologous group. I: Lipid transport and metabolism; P: Inorganic ion transport and metabolism; T: Signal
transduction mechanisms.
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The 19 kmers included in the final logistic regression model were independent of each
other and demonstrated significant associations (p-value < 0.1) with invasive NTHi
phenotype. The McFadden pseudo-R? was 0.19, close to 0.2, a threshold which represented an
excellent model fit while a value close to 0 indicated that the model did not have predictive
value [242]. Eight kmers annotated to a protein coding region was mapped to the complete
CDS and visualised in the 3D protein structure using AlphaFold (Figure 4.18). On the other
hand, the 11 kmers in non-protein coding sequences or intergenic regions were aligned to the
complete H. influenzae reference genome and visualised as the circular genome (Appendix

43).

Two out of three products of the CDSs were located in the H. influenzae cell outer
membrane. One belonged to a porin superfamily which functions as channels that share a
beta-barrel structure to outer membrane protein commonly found in Gram-negative bacteria
but different in strand and shear number [243]. The three kmers associated with NTHi
invasive disease were located in the beta-barrel chain. The other protein was a receptor for
hemoglobin (Hb) and Hb-haptoglobin complex from the human host, which is crucial for H.
influenzae for heme uptake across the bacteria cell wall. This protein belongs to a large and
highly diverse family of TonB-dependent receptors (TBDRs) characterized by two distinctive
motifs—the TonB box and the TonB C-terminal box—as well as two structural domains: the
TBDR plug and the beta-barrel [243]. As depicted in Figure 4.18c, the variable region of this
receptor is primarily located within the TBDR domain, where two k-mers associated with
NTHi invasive disease were identified. Nevertheless, one kmer was mapped to the TBDR plug
and the other in the signal peptide, which tags the mature protein to the correct cellular

location [243].
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Figure 4.18. Regions in the coded proteins affected by nucleotide sequence variants associated with
NTHi invasive phenotype identified through the GWAS pipeline. All 3-Dimensional protein model
was predicted by AlphaFold. (A) Gram-negative porin superfamily (Uniprot accession: AOA2S9S1T1).
(B) Phosphohistidine phosphatase (Uniprot accession: P44164). (C) Ton-B dependent receptor, with
different allelic variants and protein conformation, each with nucleotide similarity percentage of 45-
49% to one another: (i) Uniprot accession: Q9ZA21, (ii) Uniprot accession: AOA7H5FVA, (iii) Uniprot

accession: Q9KIV1.
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4.4. Discussion

The rising number of invasive disease cases due to NTHi necessitates a deeper
understanding of the factors that enable NTHi to invade the bloodstream. A key step toward
this goal is identifying genetic variants associated with the invasive phenotype. In our study,
we addressed this question by performing comprehensive comparative genomic analyses
using a k-mer-based GWAS, supported by detailed population structure characterisation and

enriched with recombination analyses.

Proteins facilitating immune evasion and mucosal penetration are key to invasive
disease. In this study, accessory genome of invasive NTHi was only 3.5-13.2% larger than those
isolated from non-invasive disease or carriage. However, previous studies in other bacterial
species have not conclusively established a link between pathogenicity and genome size. This
suggests that evaluating the specific content and function of accessory genomes may be more

informative than merely assessing their size [244, 245].

Our findings suggest that the larger accessory genome size in invasive NTHi may be
due to the presence of additional virulence-related genes. However, the identification of
accessory genes unique to each group implies that these genes have specific functions that
facilitate bacterial adaptation to distinct niches. The current GWAS was conducted using a
reference-free, k-mer-based approach, which allows for the identification of diverse genetic
determinants associated with specific phenotypes. This includes the presence or absence of
genes, allelic variations caused by single nucleotide polymorphisms (SNPs), and insertion-
deletion events [224]. Furthermore, this method can also detect sequence variations in non-

coding regions [225].
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Previous studies have suggested that H. influenzae has an open pangenome [54, 61, 93],
primarily due to its natural competence for taking up naked DNA from the environment, as
well as other forms of horizontal gene transfer [96, 244]. This capability significantly
contributes to the high genetic diversity observed within the H. influenzae population,
particularly among NTHi strains, as demonstrated by the recombination analyses in this
study. Recombination events were detected across nearly all regions of the NTHi genome,
with two distinct recombination hotspots identified. These findings will be explored in greater

detail alongside the results of the GWAS experiments.

Smaller groups within an NTHi lineage in our study exhibited distinct recombination
patterns. Recombination dynamics often vary among lineages of the same bacterial species
[246], as observed in other human pathogens such as Listeria monocytogenes [247] and
Neisseria meningitidis [248]. This variability can be partly explained by sampling biases in the
natural population, as well as the degree of ecological specialisation of specific lineages.
Adaptation to new ecological niches can either increase or decrease the rate of recombination
[249]. For instance, recombination is virtually absent in the highly specialised human
pathogen Mycobacterium tuberculosis, whereas pathogenic lineages of Escherichia coli with
enhanced virulence exhibit higher recombination rates [249]. Our findings suggest a slightly
lower rate and impact of recombination in invasive NTHi. It is possible that recombination
enables NTHi to exchange genetic variants that enhance invasiveness; however, once strains
adapt to an invasive lifestyle, the opportunity for recombination may diminish, leading to a

reduced recombination rate due to limited interactions with other lineages.

Just over 600 unique k-mers in NTHi were significantly associated with the invasive

phenotype in the initial GWAS, each showing an average effect size greater than 0.35. This
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total is considerably lower than the typical number of significant k-mers detected in GWAS
studies of other human pathogens [250, 251], with the most significant hits and largest effect
sizes mapping to genes encoding proteins that are plausibly linked to invasiveness. One key
factor contributing to this outcome is the accurate lineage definition provided by cgLIN [179]
which effectively corrected for population structure—a major challenge in microbial GWAS,
where population structure can lead to false-positive associations between genetic variants
and phenotypes [224, 225]. Another reason for the observed results is the use of a sub-
sampling approach in the initial GWAS, where a randomly selected subset of 200 genomes
was analysed. This strategy enhances the reliability of the findings by focusing on associations
that are consistently detected across multiple subsamples, making them more likely to be true
positives [252, 253]. Additionally, a report by Coll et al. on the highly recombinogenic human
pathogen Enterococcus faecium suggested that a sample size of 200 is sufficient to detect
variants with moderate effect sizes (OR = 0.5) that are present in at least 10% of the population
[254]. NTHi exhibits a recombination level so high that it reduces overall population diversity
[255] and increases the likelihood that alleles carrying specific traits will be commonly

present.

Another common cause of false-positive associations in microbial GWAS is the issue of
multiple testing. To mitigate this, the significance threshold for associations was determined
using Bonferroni correction, and validation GWAS was performed in an independent cohort
[224, 236]. All unique k-mers that were positively associated with invasive disease in both the
initial and validation GWAS were assessed for their predictive value in a logistic regression
model aimed at predicting NTHi invasiveness. The model achieved an AUC of 74.54% and an
accuracy of 66%, based on the presence or absence of 19 independent k-mers, excluding those

with evidence of co-correlation. Notably, all excluded highly correlating k-mers were
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overlapping within the same intra- or intergenic regions, indicating an absence of linkage
disequilibrium suggestive of epistatic interactions [256]. The false-positive and false-negative
predictions made by the model can be partly attributed to the inherent limitations of the cross-
sectional design of this GWAS study, where most NTHi genomes were sequenced only once
per subject, providing a snapshot in time. An NTHi strain with the potential for invasiveness
might have been sequenced at a point when it was causing only a non-invasive infection.
Additionally, host susceptibility plays a crucial role: an NTHi strain with invasive potential
may fail to invade the bloodstream if the host’s immune system is particularly robust,
resulting in false-positive predictions Conversely, a strain considered “benign” might still
invade the bloodstream if a predisposing condition, such as COPD, compromises the
respiratory tract mucosal barrier [257], leading to a false-negative prediction. Nevertheless,
previous bacterial GWAS studies on human pathogens that constructed prediction models for
complex phenotypes based on GWAS results reported AUCs ranging from 58% to 84%,
demonstrating that the AUC achieved in this study is within the expected range for

predictions based solely on bacterial factors [250, 258, 259].

The 19 k-mers with predictive value in the logistic regression model for predicting
invasive phenotype were mapped to 3 CDSs, 2 tRNA genes, 2 rRNA genes, and 6 intergenic
regions. All 3 CDSs were part of the core genome of NTHi. Three of these k-mers were
annotated to a gene encoding a porin superfamily protein, and when translated into the
corresponding amino acid sequences, they were non-overlapping and located in three distinct
regions of the beta-barrel structure. This protein functions as an aqueous channel that
facilitates the diffusion of small hydrophilic molecules across the outer membrane of Gram-
negative bacteria. Loop 3 of the beta-barrel forms a constriction point, allowing the passage

of molecules with a molecular mass typically below 600 Da, including sugars, amino acids,
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and certain antibiotics such as beta-lactams, tetracyclines, chloramphenicol, and
fluoroquinolones [243, 260]. A specific type of porin previously identified in NTHi, OmpP1,
has been predicted to bind to arachidonic acid (AA), an inflammatory modulator with
bactericidal effects. Loss-of-function mutations in the AA docking site of OmpP1 have been
associated with resistance to this effect [261]. Although none of the three variants detected in
our GWAS were located directly within the AA docking sites, one was in close proximity,
while the other two were situated in the beta-barrel segment, potentially facilitating
hydrophobic interactions essential for trimerisation [243, 262]. The trimeric assembly has
been shown to be crucial for function in the well-studied porin OmpF from E. coli [263].
Therefore, it is plausible that allelic variations in the gene encoding the porin superfamily,
which are associated with NTHi invasiveness, may lead to loss of function or reduced stability

of the protein, thereby enhancing resistance to immune responses or even antibiotic action.

Four genetic variants associated with NTHi invasive phenotype were mapped to three
genes encoding proteins with the same function, a Hb and Hb-haptoglobin TBDR. Proteins
with this function are involved in diverse heme acquisition systems and do not necessarily
share high sequence identity. H. influenzae possesses three major iron/heme acquisition
systems: the Hb-haptoglobin binding proteins (hgp) [221], the heme-haemopexin (hxu) system
[264], and the transferrin-bound iron protein (tbp) system [265]. All three were part of the
core iron/heme modulon for the species, which was preferentially expressed when iron/heme
source is scarce [265]. Consequently, it is common for H. influenzae isolates to carry multiple
genes encoding TBDRs. For instance, the complete NTHi genome used as the reference in this
study (NCBI accession GCF_000931575.1) contains seven genes encoding TBDRs, with amino
acid sequences ranging from 714 to 998 residues. The three genes associated with the kmer

variants were, however, all encoded TBDR within the hgp acquisition system. A previous
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report characterised the diversity of hgp gene family, dividing it into seven groups with
approximately 50% pairwise sequence identity [221]. Consistently, the three genes shared 45-

49% amino acid sequence identity among them.

Two hgp genes, hgpB and hgpC, are known to be phase-variable, as indicated by the
presence of a simple DNA sequence repeat tract, CCAw), in the 5 region [221]. This
mechanism allows H. influenzae to regulate the expression of these two TBDRs in a biphasic
manner, enabling adaptive responses to environmental changes [221, 266]. Previous fragment
length analyses showed that nearly 60% of invasive NTHi isolates had either hgpB or hgpA in
a phase-varied ON state [221]. This DNA repeat translates into an XPTX tetrapeptide repeat
of unknown functional significance, although structurally, it is located in the signal peptide
region of the TBDR [243]. Among the three hgp genes identified in our GWAS experiments,
two contained the in-frame repeat tract, albeit of different lengths (Figure 4.18c(ii)-(iii)).
Notably, one k-mer variant was located within the CCA) tract (Figure 4.18c(ii)), reinforcing
its potential role in the pathogenesis of invasive NTHi. The other two variants were mapped
to repeat-containing hgp genes but in different regions: one in the TBDR beta-barrel within
the periplasmic space and another in the TBDR plug domain. In its resting state, the plug
domain blocks the barrel and specifically binds iron chelates, such as siderophores, on the
extracellular side. Upon binding, the plug undergoes a conformational change that permits
the passage of the chelate through the barrel [267]. The last variant was mapped to a TBDR
lacking the tetrapeptide repeat, located in the extracellular-facing region of the beta-barrel.
The amino acid sequences of surface-exposed regions of TBDRs encoded by hgp genes
displayed high variability, which likely results from accumulated point mutations driven by

strong selective pressure [221].
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Seven out of eight intragenic variants in associated with invasive NTHi infection were
located within two genes encoding highly immunogenic surface-exposed proteins (i.e. porin
and TBDR). The accessibility of these proteins to the immune system imposes constant
selective pressure on NTHi, leading to highly variable regions within these genes. Mutations
that enable bacteria to evade host immune responses are positively selected, increasing the
likelihood of survival and contributing to the invasive NTHi phenotype. Moreover, mutation
is not the sole driver of genetic variation in these genes. Recombination analyses of the NTHi
population revealed two recombination hotspots, both encompassing the porin and TBDR
genes. The exchange of genetic material through recombination may allow variants associated
with invasiveness to spread to other strains, which helps explain the lack of a clear association
between the invasive phenotype and the bacterial phylogeny. Despite their variable
expression and high diversity in certain regions, both porin and hgp are part of the core
genome and encode highly immunogenic proteins, making them strong vaccine candidates if
carefully designed. Targeting immune-accessible yet conserved regions of these proteins
could enhance vaccine efficacy [221, 268]. As an example, the N. meningitidis serogroup B
vaccine includes the phase-variable protein NadA and highly diverse porins as components

of its outer membrane vesicle formulation [269]

The last kmer variants associated with invasive NTHi infection was mapped to the sixA
gene which encodes for a phosphohistidine phosphatase. This enzyme is part of the nitrogen
phosphotransferase system (PTS) which transfers a phosphate moiety from
phosphoenolpyruvate to a histidine protein homologue, NPr. This system works in parallel
with the sugar PTS counterpart, but exerts downstream regulatory functions through
phosphate transfer [270, 271]. At the time of the writing, cellular process which is under the

control of nitrogen PTS in H. influenzae has not been reported; however, in E. coli, it regulates
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potassium transport [270] and the absence of sixA gene resulted in growth defect [271]. As
this gene is part of the core genome of NTHI, the regulatory functions of this phosphatase are
likely crucial for the bacterium's survival, with certain variants potentially providing a fitness

advantage, such as enhancing survival in hostile environments.

Five k-mers identified in this study were mapped to two tRNA genes and two rRNA
genes. tRNA genes encode tRNA molecules that carry specific amino acids and possess
anticodons complementary to corresponding codons in mRNA. In rapidly dividing bacterial
species, multiple copies of tRNA genes are often present to accelerate translation and,
consequently, cell division [272]. The two NTHi tRNA genes associated with invasive
phenotypes, tRNA-Met and tRNA-Glu, are each present in triplicate in the H. influenzae
reference genomes. However, our GWAS findings revealed a difference between them. Two
k-mer variants were mapped exclusively to one of the tRNA-Met genes (GenBank ID:
NTHI477_RS01680 or LK401_RS08200), with one variant at the 5' end and the other at the 3'
end of the sequence, the latter being the amino acid attachment site. The k-mers did not map
to the other two tRNA-Met genes because of their high sequence variability relative to each
other, except for the anticodon sequence, which remains conserved since methionine is
encoded by only one codon. A previous study on Pseudomonas fluorescens demonstrated that
in hostile environments, compensatory duplication of a tRNA gene can occur without point
mutations in any of the copies [273, 274]. One possible explanation for the observed patterns
in the NTHi population is that the additional tRNA-Met copies arose through horizontal gene
transfer (HGT) rather than duplication, with one copy providing a translational efficiency
advantage that facilitates bacterial survival and invasiveness in the human bloodstream.

Alternatively, the duplication of the tRNA-Met gene followed by mutations could explain

106



these findings, as has been observed in the human pathogen Burkholderia thailandensis as a

mechanism for infection persistence [275].

In contrast, one k-mer variant was mapped to all three tRNA-Glu genes, which are
identical to each other in the NTHi reference genome (Appendix 4.5). This finding raises the
question of whether the absence of the k-mer indicates the actual absence of known tRNA-
Glu genes. To investigate this, a BLAST search of the complete tRNA-Glu gene sequence was
performed against all datasets in this study, revealing that isolates lacking the k-mer variant
did not have any detectable tRNA-Glu genes. This could be due to the high stringency of tRNA
gene detection methods, which may fail to identify unrecovered tRNA-Glu genes that exist in
nature. However, if we exclude this possibility, the absence of tRNA-Glu in some NTHi
isolates might be explained by functional replacement through alternative mechanisms, such
as modified wobble bases, which enable other non-glutamate tRNAs to recognize multiple

codons [276].

16s and 23s rRNA were the two rRNA genes with identified variants associated with
invasive NTHi and they are an essential part of protein synthesis ribosomal machinery [277].
No previous report has evaluated variants in these rRNA genes in association with the
invasive potential of a bacterial species. Nevertheless, mutations in the 16s and 23s rRNA had
been known to be the underlying mechanism of tetracycline and macrolides resistance,
respectively, in many bacterial pathogens such as E. coli [277, 278], N. gonorrhoeae [279],
Mycoplasma genitalium [280], and M. bovis [281]. While higher risk of invasive infection has
been associated with antimicrobial resistance, in general, these two traits evolved

independently [282].
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4.5. Conclusion and future directions

In conclusion, our kmer-based, reference-free GWAS approach has identified a range of
genetic determinants associated with invasive disease among NTHi isolates. Our findings
suggest that invasive NTHi strains tend to possess a slightly larger accessory genome,
potentially harbouring extra virulence-related genes that facilitate bloodstream invasion and
immune evasion. Notably, our analyses identified significant associations between unique k-
mers and genes encoding porin superfamily proteins, TBDRs (particularly within the hgp
system), as well as variants in tRNA and rRNA genes. These genetic elements may contribute
to the invasive phenotype by facilitating immune evasion, enhancing iron scavenging
systems, and supporting efficient protein synthesis under host-imposed stresses. Additionally,
our recombination analyses revealed two recombination hotspots which coincided with genes
associated with the invasive phenotype, potentially explaining the spread of invasive traits
across different lineages. However, our study is limited by its cross-sectional design, which
provides only a snapshot of the bacterial population at a single time point, and by potential
host-related factors that were not captured in our genomic analyses. Future longitudinal and
multi-faceted investigations are warranted to fully elucidate the dynamic interplay between
genetic determinants, recombination processes, and host susceptibility in the pathogenesis of

invasive NTHi infections.
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Chapter 5

The chapter originally presented here cannot currently be made freely available via ORA. Part of
the chapter has been published as an original research article accessible from
https://doi.org/10.1186/s12879-024-09826-8 and the rest of the content will be published

separately.
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Chapter 6

General Discussion and Conclusion

This chapter provides a comprehensive overview of key findings from the thesis and
explains how these results have been interpreted. It details inferences drawn and discusses
implications for advancing our understanding of H. influenzae molecular epidemiology, genome
biology, and AMR. The overview was organised according to the thesis objectives, followed by
a discussion on the implications for public health policy and future H. influenzae research.
Finally, this chapter outlines the limitations of the project and suggests potential directions for

future research.

6.1. Key findings

The primary objective of this thesis was to address critical knowledge gaps in the
molecular epidemiology and genomic diversity of H. influenzae. To achieve this, three key
aspects were focussed on: (1) establishing a stable nomenclature system for high-resolution
strain characterization and population structure delineation in H. influenzae, (2) identifying
genetic variants associated with the invasive-disease phenotype in NTHi , and (3) investigating
the population genomics of H. influenzae circulating in Indonesia, where genomic surveillance

data are scarce.
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6.1.1. Establishing core genome LIN code nomenclature as the standard in H. influenzae

population genetics.

A cgMLST scheme extends the existing MLST framework by characterizing bacterial
strains and capturing their population diversity [47, 48], typically within a specific species [174].
In Chapter 2, this scheme was developed and validated for H. influenzae, encompassing 1,037
core genes. Adopting a cgMLST scheme for H. influenzae offers two fundamental advantages.
First, as a gene-by-gene approach, it does not require a reference genome, an important benefit
for highly recombining species [103, 117]. Second, it treats each allelic change as a single event,

a feature that is also useful for organisms with extensive recombination [63].

Another major benefit of this approach is that the scheme was implemented in a PubMLST
database powered by BIGSdb, which supports the automatic annotation of user-submitted
genomes [49]. In developing the H. influenzae scheme, particular attention was paid to ensuring
that the 1,037 core genes could be consistently annotated by this automated process, a goal

achieved through a dedicated validation step.

Due to its inclusion of a large number of loci, the cgMLST scheme provides high granular
characterisation of bacterial isolates. In a genetically diverse species such as H. influenzae, this
granularity results in each genome receiving a distinct cgST. As of 15 April 2025, the PubMLST
H. influenzae database contained 16,913 defined core genome profiles. In public health and
research applications, key objectives- often include quantifying genomic similarity among
collections of H. influenzae isolates and identifying those associated with previously
characterised high-risk clusters. Consequently, the development of a clustering strategy for such

a highly granular scheme is as essential as the scheme itself [173]. To address this requirement,
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a LIN code nomenclature system [175] based on core genome profiles (cgLIN) was proposed for

H. influenzae [174].

Initially implemented in K. pneumoniae, the cgLIN approach offers four advantages for
cluster delineation within bacterial species [174]. First, and most importantly, compared to the
single-linkage clustering approach that assigns isolates to CGCs, as described in Chapter 2, the
cgLIN approach prevents the merging of distinct CGCs when new genomes are added [172, 173].
This is possible because the barcode generated by cgLIN embeds stable clustering information at
multiple thresholds [174, 175]. Thus, new genomes are assigned barcodes consistent with
previously established clusters across these thresholds. However, it is crucial to begin cgLIN
implementation with a representative collection of genomes [174]. Although selection bias
cannot be entirely eliminated (e.g., isolates from invasive infections are often overrepresented in
existing literature), in Chapters 2 and 3, the dataset curation process and its outcomes were
presented, highlighting the efforts made to ensure the dataset was as representative and
genetically diverse as possible. The dataset characterisation and visualisation provided clear

evidence that these goals were achieved.

Second, the cgLIN approach is hierarchical, allowing users to select appropriate clustering
levels for their specific research interests. In Chapter 3, this flexibility was demonstrated using
published datasets, employing higher-level clustering to identify groups of clinically significant
H. influenzae strains and lower-level clustering to confirm or exclude potential outbreak
scenarios. Furthermore, in Chapter 5, cgLIN clustering facilitated the straightforward and
consistent characterisation of a novel set of H. influenzae genomes from Indonesia, aligning
closely with the reconstructed phylogeny. This approach significantly enhanced the reliability,

reproducibility, and interpretability of associations between isolate characteristics (e.g., source
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of isolation or phenotypic traits such as resistance) and population structure, and simplified

comparisons with global datasets.

Third, the cgLIN approach is integrated into the PubMLST database, ensuring that each H.
influenzae genome uploaded to the database automatically receives both cgLIN and cgMLST
assignments. This integration guarantees the reproducibility, accuracy, and continuity of the
scheme and its associated nomenclature. These attributes were lacking in the original LIN code

concept, which was developed using the ANI metric [174].

Finally, because the LIN code is derived from a cgMLST scheme encompassing a large
number of loci, the impact of recombination on cluster assignments is minimised [120]. As
demonstrated in Chapters 3 and 5, isolates sharing identical STs or CCs formed polyphyletic
groups in reconstructed phylogenies [174]. cgLIN uberlineage and superlineage assignments
accurately captured these phylogenetic distances despite extensive recombination. These proved
that by incorporating a large number of genes, cgST and cgLIN clusters integrate signals from

recombined and non-recombined loci, yielding robust lineage delineation.

Given its clear advantages and successful implementation in other major human
pathogens, including S. pneumoniae [341] and N. gonorrhoeae [342], the cgLIN approach is
recommended be adopted as the standard for defining lineages in H. influenzae and other

clinically important bacterial species.

6.1.2. Complex genetic architecture of invasive NTHi: Variants in core virulence genes and

noncoding regions.

In the post-Hib vaccine era, NTHi has become the leading cause of invasive H. influenzae

disease worldwide, yet the genetic basis for its invasiveness remains unclear. In Chapter 4, the
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application of the cgLIN framework, corroborated by phylogenetic analysis, demonstrated that
no specific NTHi lineages were preferentially associated with invasive disease [343], in contrast
to pathogens such as N. meningitidis. GWAS was then conducted to identify genetic
determinants linked to invasive NTHi infection. In this analysis, cgLIN-based lineage definitions
were used to control for lineage effects, underscoring the utility of the cgLIN approach in

microbial genomics research.

Chapter 4 employed a k-mer-based GWAS capable of detecting all genetic variants, both
gene presence/absence and nucleotide-level allelic changes, associated with invasive phenotype
[225]. Of the four protein-coding loci identified, three encoded established H. influenzae
virulence factors: a porin, a hemoglobin/haptoglobin receptor, and a TonB-dependent receptor.
These surface-exposed proteins are subject to constant immune selection and therefore
exhibit- high allelic diversity. Phase variation [221] and recombination [96, 244] are the primary
drivers of diversity, consistent with the presence of recombination hotspots at these loci. As a
result, simple presence or absence of virulence factor genes cannot reliably distinguish invasive

from non-invasive variants or predict the invasive potential of individual NTHi isolates.

Most k-mers associated with invasive NTHi mapped to non—protein coding or intergenic
regions. This aspect of H. influenzae genome biology remains largely uncharacterised. However,
studies in other organisms suggest that such noncoding sequences may serve regulatory
functions. Furthermore, additional factors, such as epistatic interactions and host determinants,

were not considered in this analysis.

Overall, Chapter 4 reaffirmed that no novel virulence determinants linked to invasive
NTHi infection were identified, nor is there a single factor that fully explains this complex

phenotype. However, these results help to focus future vaccine development efforts, particularly
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since Chapters 4 and 5 demonstrated that all variant-associated coding sequences were core
genes. Moving forward, the critical task is to map regions of these antigens that are both

conserved and strongly immunogenic.

6.1.3. High prevalence of NTHi carriage and beta-lactam resistance in Indonesia: Genomic

insights via cgLIN scheme

In Chapter 5, a high NP carriage rate of H. influenzae in Indonesia was reported [38].
Because the majority of isolates were NTHI, this elevated rate is unlikely to reflect low Hib
vaccine coverage or vaccine failure. Unexamined factors, such as household and day care
overcrowding, may contribute to increased transmission [320]. Comparative genomic analysis,
using cgLIN assignment against a curated global dataset, revealed no evidence of clonal
expansion underlying the higher carriage rate. Moreover, the previously observed lack of
phylogeographic signal in H. influenzae persists, despite the overrepresentation of
superlineages 0_1 and 0_3 in the Indonesian cohort. Definitive assessment of these associations
will require a large-scale, prospective carriage surveillance study with WGS to control for

selection bias.

Beta-lactam resistance was common among the H. influenzae isolates tested. Although the
observed resistance rate was similar to the cumulative estimate from a recent meta-analysis, it
is concerning that most resistant strains carried beta-lactamase genes on MGEs. This pattern
likely reflects strong selection pressure from inappropriate antibiotic prescribing and use, which
has allowed MGE bearing strains to proliferate. In conjunction with the high carriage rate, these

MGEs may therefore spread readily between H. influenzae isolates and from one host to another.
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Once again, application of the cgLIN scheme enabled rapid assignment of each resistant
H. influenzae isolate to a defined lineage. However, inherent limitations of this study (see
Limitations) precluded determining whether resistance emergence was linked to specific

lineages or clonal groups.

6.2. Limitations

In Chapters 2, 3, and 4, a large collection of publicly available H. influenzae genomes were
drawn from diverse regions. Although this dataset exceeded typical sample sizes for population-
genomic analyses [254], it remains vulnerable to sampling bias: isolates of clinical interest,
particularly those from invasive cases or exhibiting antibiotic resistance, are preferentially
sequenced, potentially underrepresenting the full breadth of population diversity. Furthermore,
the cgLIN nomenclature depends on a thoroughly validated, species-specific cgMLST scheme
and on clustering thresholds calibrated to the underlying population structure. While
H. influenzae exhibits clear genetic discontinuities that guided threshold selection, other species

may present more ambiguous patterns, and cgLIN cannot be applied universally across genera.

Second, the GWAS in Chapter 4 was constrained by the limitations of a cross-sectional
design, offering only a single timepoint snapshot and omitting host factor covariates that could
modulate invasive potential. Longitudinal sampling, coupled with functional validation, will be
necessary to dissect the interplay between genetic variation, recombination dynamics, and host

susceptibility.

Lastly, in Chapter 5, the investigation of NP carriage and beta-lactam resistance in
Indonesia faced several constraints. Archived isolates were drawn from multiple projects with

variable collection protocols, and although NP swab selection was randomised, the cohort may
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still not fully represent the broader population. Furthermore, the small number of invasive
isolates made formal statistical testing unfeasible, thereby limiting direct comparisons between
carriage and invasive groups. Finally, antibiotic susceptibility testing, performed by disk
diffusion on only a subset of strains, precluded determination of MIC and prevented

comprehensive antimicrobial resistance profiling across the entire dataset.

6.3. Implications for public health and research and future directions

The cgMLST scheme and accompanying cgLIN code developed in this thesis establish a
robust, hierarchical nomenclature for defining H. influenzae lineages, thereby enhancing our
understanding of species population dynamics. Integrated into the PubMLST database, these
tools allow users, whether in public health, clinical, or research settings, to assign newly
sequenced genomes to well-characterised clusters. In an era of rapidly advancing sequencing
technology, accurate lineage delineation is indispensable for outbreak detection, antimicrobial-

resistance monitoring, and rational vaccine design.

Building on this stable genomic framework, the GWAS presented here reaffirmed the
central role of known VFs in invasive H. influenzae disease. These core proteins arguably emerge
as prime candidates for a universal vaccine that extends protection beyond serotype b. To move
from discovery to deployment, in vitro assays must validate the immunogenicity of conserved
antigenic regions, followed by clinical trials to assess safety and efficacy across diverse

H. influenzae lineages.

Translating these advances into public health impact requires sustained diagnostic
capacity and genomic surveillance. In Indonesia, where H. influenzae data have been confined to

discrete research projects, limited laboratory resources have constrained both culture-based
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isolation and whole genome sequencing. Our findings, some of which diverge from the
established molecular epidemiology of the species, underscore the urgency of investing in
routine, nationwide surveillance programs. Such infrastructure will be essential to track lineage

emergence, monitor resistance trends, and guide vaccine implementation on a global scale.

6.4. Conclusion

In summary, this thesis establishes a robust genomic framework for H. influenzae by
developing a 1,037-locus cgMLST scheme and hierarchical cgLIN nomenclature within
PubMLST, enabling stable, reproducible, high resolution lineage assignments essential for
outbreak investigation, AMR monitoring, and global comparisons. Applying this framework in
a k-mer-based GWAS confirmed that core virulence factors remain central to invasive NTHi
and identified conserved antigenic regions as promising universal vaccine targets. Extension of
these methods to H. influenzae isolates in Indonesia revealed high colonisation rates and
widespread beta lactam resistance driven by MGEs and point mutations, underscoring critical
gaps in diagnostic capacity and the urgency of routine, nationwide genomic surveillance.
Together, these findings not only deepen our understanding of H. influenzae population
dynamics but also provide the tools and direction needed for rational vaccine design,
longitudinal studies of host-pathogen interactions, and strengthened laboratory infrastructure

to meet future public health-challenges.
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Appendices

Appendix 2

Appendix 2.2. Scatter plot of the number of alleles and length variation for each core gene in

the cgMLST scheme, coloured by PHI permutation statistics.

The median locus length and the allele count were plotted, as shown on Figure 2.4 panel c;

however, the plot was coloured based on the PHI permutation statistics p-value.
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Appendix 2.3.1. The maximum-likelihood tree from core genome alignment of 1,376 H. influenzae genomes in the validation dataset.

Tree nodes with black colour were encapsulated isolates. For NTHi, tree nodes were coloured with the CGC500 group, if the group

consisted of at least 30 isolates; otherwise, the nodes were coloured as grey. Metadata block shows different NTHi pathotype clades.
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Appendix 2.3.2. A minimum-spanning tree based on core genome profile, showing different

CGC500, CGC200, and CGC50 groups clustered together.
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Although direct comparison based on the core genome allelic profile or its cgST is useful in the context
of a possible outbreak for epidemiological tracking, almost all H. influenzae genomes in the PubMLST
database (as accessed May 2023) has its own cgST. Therefore, to allow for a more straightforward
comparison between the cgMLST scheme and pre-existing classification systems, we clustered cgSTs into
core genome cluster (CGC) groups based on the number of core genome allelic mismatches among
different cgSTs. The CGC thresholds were chosen arbitrarily, as reported by other highly recombining
human pathogens such as Klebsiella pneumoniae species complex (Kpsc) [174], Streptococcus pneumoniae
[122], and Neisseria gonorrhoeae [120]. Initially, as implemented on the PubMLST H. influenzae database,
there were 7 allelic mismatch thresholds for cgST clustering: 500, 400, 300, 200, 100, 50, and 25. We
mapped the CGC groups for each threshold to the phylogeny and compared the clustering results with
each other. We found that between 500 and 400 allelic mismatch thresholds, the resulting CGC groups
were very similar; as well as between 300 and 200, and 100 and 50. Therefore we chose only 500, 200, and
50 allelic mismatches thresholds for the purpose of comparing the core genome clustering to pre-existing
classification system. The mapping of CGC group clustering at multiple thresholds to the phylogeny can
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be accessed from: https://microreact.org/project/aBH3zddMifvweC2KJNEnN4-
phylogenycgccgmlstproject.
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Appendix 2.4. Variation of genetic relatedness among NTHi isolates within the same pathotype clade.

Genetic relatedness was reflected by the number of allelic mismatches for each possible combination of paired isolates (i.e. pairwise allelic

mismatch).
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Appendix 2.5. The maximum-likelihood tree from core genome alignment of 1,376 H. influenzae genomes in the validation dataset.

Tree nodes were coloured based on the capsule type. The innermost metadata block showed biotype assignments, based on the presence/absence
of genes encoding ornithine decarboxylase (ODC), urease, and tryptophanase. The middle and outermost metadata block showed disease
associated with the isolates and the continent where the isolates originating, respectively.
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Appendix 3

The materials originally presented here cannot currently be made freely available via ORA. The content is part of the chapter that will be

published as an original research article.
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Appendix 4

Appendix 4.1. Q-Q plot of randomly chosen GWAS experiments.
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Appendix 4.2. Recombination parameters distribution between invasive and non invasive

group among NTHi population as histogram (A) and violin plot (B)
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Appendix 4.3. The phylogenetic tree of NTHi genomes in (A) dataset 1 and (B) dataset 2,

annotated by the logistic regression model result.

Only genomes which were randomly assigned to the test dataset (20%) in the model construction

had the prediction results.
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Appendix 4.4. Variants associated with invasive NTHi infection in non-protein coding and

intergenic regions as aligned to H. influenzae reference genome (GCF_000931575.1)
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Appendix 4.5. Multiple sequence alignments of (a) tRNA-Methionine (tRNA-Met) and (b) tRNA-Glutamate (tRNA-Glu) genes present

in the NTHi reference genome (GCF_000931575.1).

(a) one k-mer variant associated with the NTHi invasive phenotype only mapped to the first tRNA-Met (‘tRNA-Met_hit”). Nucleotides

with yellow highlight were the anticodon position. (b) Identical tRNA-Glu genes were present in triplicate in the NTHi reference

genome.

Species/Abbrv
1. tRNA-Met_hit
2. tRNA-Met_2
3. tRNA-Met_3

Species/Abbrv
1. NTHI477 RS05660

3. NTHI477 RS08480;
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Appendix 5

The materials originally presented here cannot currently be made freely available via ORA. Part of the contents has been published as an

original research article accessible from https://doi.org/10.1186/s12879-024-09826-8 and the rest will be published separately.
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