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Abstract

Exploring the Population Structure, Recombination Landscape, and Pan-Genome of the
Global Neisseria meningitidis Population
Neil Z. MacAlasdair
Neisseria meningitidis is a gram-negative species of bacteria
which causes meningitis, septicaemia, urethritis, and pneumonia
worldwide. Infections are typically asymptomatic carriage, but
those which cause disease are extremely difficult to treat, leading to a high case-fatality rate. As such, there is considerable
interest in studying N. meningitidis to understand its spread,
what causes development from carriage to invasive disease, and
how its evolution impacts efforts to control the disease. The
latter has been of particular concern in regions where there have
been outbreaks, particularly the ‘meningitis belt’ that spans
from West Africa to East Africa, where there is greater disease
burden and periodic epidemics which can span the region. Due
to difficulties in treatment, the primary method of controlling invasive meningococcal disease is vaccination. Currently, available
vaccines target five of the extant serogroups of N. meningitidis, chosen through study of the serogroups most frequently
found in disease. However, either the replacement of disease
lineages with those of different serogroups or capsular switching
within disease-associated lineages may undermine the success
of mass vaccination efforts and create the need for additional
campaigns. N. meningitidis specifically possesses characteristics
which make vaccine escape likely and unpredictable. The most
important are the adaptions which allow frequent homologous
recombination with other Neisseria. The evolutionary consequences of this sporadic partial chromosomal recombination are

not well understood, but the transfer of alleles between distant lineages – including those associated with virulence – has
been observed. Another gap in our understanding of bacterial
evolution is in the evolutionary effect of population structure.
Obilgately human-parasitic species such as N. meningitids have
a global distribution and opportunities for rapid migration, and
therefore may have a complex population structure. To study
these problems, I have assembled a collection of over 15,000
whole-genome sequenced N. meningitids isolates from 70 distinct
countries with isolation dates spanning over a hundred years.
These data consist of a mixture of publicly published data, and
three collections of newly sequenced isolates. Using these data,
I determine the global population structure of N. meningitids.
Subsequently, I infer phylogenetic trees for and find patterns of
recombination within major lineages in the global population.
Separately, I also infer and analyse the species-wide pan-genome.
The results of these analyses indicate that N. meningitidis has a
deep well of generally unsampled diversity in an extremely complex population structure which is primarily made up of a few
globally distributed lineages. Within these lineages, population
bottlenecks are a frequent occurrence. The 25 major lineages
differ significantly in both their rates of recombination and the
distribution of recombination across their genomes, but evidence
suggest that most recombination occurs within N. meningitidis.
In a local population, recombination generally acts to reduce
the effect of deleterious mutations, although an example also
exists of recombination acting in concert with positive selection. The pan-genome reveals the extent to which recombination
can disrupt tree-like evolution, with most major lineages containing patterns of relatedness in their accessory gene content
inconsistent with their whole-genome phylogenies. Trends in
the pan-genome indicate that most gene gain is from other N.
meningitidis isolates, but is governed primarily by evolutionary forces and not recombination rate. Together, these results
demonstrate the profound complexity present in the population
structure of N. meningitidis, and distinct evolutionary trends in
individual lineages. This work also underscores the importance
of carriage sampling and the value of a global perspective when

studying a globally-distributed species. Further sampling in regions which are under-sampled and ongoing carriage surveillance
will be a crucial part of any long-term efforts to successfully
control the disease through vaccination.
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CHAPTER

1

Introduction
Neisseria meningitidis – the meningicoccus – was first observed by human eyes in the year 1884, in a sample of cerebrospinal fluid from an unknown patient [1], and first isolated
in 1887[2] less than thirty years after the theory of evolution
was first published [3], yet more than ten years before the
widespread acknowledgement of Mendelian genetics [4], and
more than twenty years before the first papers were published
beginning the work of the modern synthesis [5]. All of this, of
course, happened at least half a century before DNA was identified as the molecule of heredity which, in turn, was twenty-five
years before a method of genome sequencing was first developed
in 1977. The first whole-genome sequenced N. meningitids isolates were published in the year 2000 [6, 7]. In the one hundred
and sixteen years between the first observation of N. meningitidis and the reading of its genome sequence, the various fields
of medicine, genetics, evolution, microbiology, and molecular
biology made enormous progress. The diversity of approaches
to biological research in the 20th century, however, has often led
to a fragmented understanding of some fundamental questions,
including the complexity of bacterial evolution [8, 9]. This thesis
is concerned with the genetics of N. meningitids, a gram-negative
obligately human-commensal proteobacteria, which colonises
and inhabits musosal surfaces in Homo sapiens, occasionally
causing severe disease. It is especially interested in using genetic
information to understand the evolution of N. meningitidis, in
examining how knowledge of its evolution may impact the ability
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to control the disease it causes through vaccination, and understanding how its evolutionary history and dynamics sit in the
context of research into bacterial evolution, generally. Details
of the methodology, results, and insights from this research will
form the bulk of this dissertation, Chapters 2-6. In this chapter,
however, I briefly examine the wider motivation for this research
by discussing what is presently known regarding meningococcal
disease, the genetics of N. meningitidis, and bacterial evolution.

1.1

Meningococcal disease

N. meningitidis is so called because on the rare occasions that it
causes an invasive disease, a small fraction of all infections [10],
it most frequently causes disease by moving from asymptomatic
carriage in the nasopharynx to infecting the meninges – the protective membranes covering the brain and spinal cord – though it
can also infrequently cause infections at other sites [11]. Meningitis caused by N. meningitidis is often life-threatening. Since
the 1980s, when modern treatment using antimicrobials began,
cases of the disease have a fatality rate of around 9-12% [12],
though this rises to around 40% in cases where N. meningitidis
also causes sepsis. Among the 80-90% of patients who are successfully treated and survive, up to 20% of cases meningococcal
disease lead to lifelong sequelae including deafness, amputations,
and mental impairment [13–15]. Even in cases without sequelae,
survivors often experience an adverse effect on their healthrelated quality of life [14]. Unsurprisingly, there has therefore
been significant interest in reducing the disease incidence with
vaccination [16]. The first vaccines targeting N. meningitidis
were developed in 1969, targetting two of the dozen serogroups
[17] (serogroup A and serogroup C) of N. meningitidis [18].
Since then vaccines have been developed to target three additional serogroups. A vaccine targeting serogroups W and Y were
developed in 1981 [19], and vaccines targetting serogroup B were
first developed in 2011 [20]. Vaccines have been widely used in
order to prevent disease [21–23], though routine vaccinations
are relatively recent [16].
Despite the effectiveness of recent immunization programs
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[24], the global disease burden of invasive disease caused by
N. menigitidis remains high enough for the World Health Organisation to include it as part of it’s 2020 roadmap Defeating
meningitis by 2030 [25]. This is in part due to the variable
nature of the epidemiology of N. meninigitis around the world.
In general, incidence is low as N. meningitidis is a sporadic,
opportunistic pathogen [10]. However, incidence can range from
1 in 100,000 to 100 in 100,000 in different times and parts of the
world [24, 26], particularly when there are epidemic outbreaks,
a feature that is particularly associated with N. meningitidis
among the meningitis-causing bacteria [10]. This is especially
the case in a region of Africa commonly known as the ‘meningitis belt’ [27], where there is a generally higher incidence, but
also frequent epidemics every two to five years [28]. A mass
serogroup A vaccination campaign, MenAfriVacTM , has taken
place across the meningitis belt [29], and although it resulted
in a substantial decrease in the incidence of N. meningitidis
generally [23, 30, 31], outbreaks of disease due to non serogroup
A have been observed [32, 33], leading to concerns that there
may be a rise in disease caused by N. meningitids not covered
by vaccines [34].
This concern is echoed globally due to the fact that of the
twelve serogroups of N. meningitidis, [17], six of which (A, B, C,
W, X, Y) cause the overwhelming majority of disease [10, 24, 35],
only five (A, B, C, W, Y) are covered by currently available
vaccines. The reported expansion of serogroup X disease [36],
as well as cases of detected N. meningitidis invasive disease
caused by serogroup E [37] and non-groupable/capsule null isolates [38, 39] suggests that a strategy of vaccination against
currently prevalent disease-causing serogroups may be insufficient. Long-term control of the disease and further reduction
in its incidence relies upon not only developing new vaccines –
like the pentavalent vaccine effective against serogroup X currently under development [40] – but also taking into account
the possibility of strain replacement or capsule switching, as
has been observed in other species [41, 42]. In order to do so
successfully, there must be a robust understanding of what the
evolutionary consequences of a vaccine roll-out would look like.
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This in turn depend upon two things. A thorough understanding
of the genetics of N. meningitidis, and a general understanding
of bacterial evolution.

1.2

The genetics and genomics of N.
meningitidis

N. meningitidis has a single, circular chromosome of roughly two
mega-base pairs and two thousand genes [6, 7, 43]. Like all bacteria, N. meningitidis reproduces by duplicating its chromosome
and dividing into two daughter cells, each with a copy of its
chromosome. Despite this theoretically entirely clonal descent,
it was observed through laboratory study that bacteria of N.
meningitis also routinely transport exogenous DNA inside their
cells and incorporate it into their chromosome [44]. While this
is not unknown in bacteria [45], it was soon discovered that not
only does N. meningitidis engage in recombination with exgenous DNA, but its genome also contains specific mechanisms
to promote such activity. A 10 base-pair DNA sequence was
discovered to be particularly effective [46] at causing what is
referred to as ‘transformation’, the genetic alteration of a cell
through the introduction of external DNA. After this initial
discovery, subsequent decades of research have revealed further
mechanisms which have evolved to facilitate homologous recombination within N. meningiditis [47]. These include the genusspecific DNA uptake sequence which promotes the uptake of
DNA fragments containing that sequence into Neisseria bacteria
[48], a variety of membrane proteins which variously identify and
bind exogenous DNA containing the uptake sequence (ComP)
[49], and proceed to transport it across the cell membrane at a
constant rate [50]. After uptake, a series of proteins process the
imported DNA [51], and genes from the Rec pathway appear to
then affect homologous recombination between those fragments
and the bacterial chromosome [52]. Separately, it has also been
shown that N. meningitidis maintains multiple copies of the pilE
locus in the form of silent pilS cassettes, which recombine with
one another to generate antigenic diversity in the type IV pilus
[47], another adaptive mechanism to promote recombination,
20

although within a single chromosome. Other repeat mechanisms,
such as the inverted dRS3 + RS repeat elements that make up
neisserial intergenic mosaic elements, have been hypothesised
to promote recombination at specific loci in the genome [7, 43],
though no laboratory analyses supporting this hypothesis have
been published. All together, these various adaptations to enable and promote recombination in the N. meningitidis genome
have meant that, despite its nominally clonal reproduction, recombination plays an important role in its evolution. Estimates
have often implicated recombination as the primary mechanism
through which diversity is generated in N. meningitidis [53].
As a result of the extent to which N. meningitidis recombines,
efforts to understand the genetic structure of its populations
have occasionally described it as “panmictic” [54] or “freely
recombining” [55, 56], and therefore lacking an identifiable population structure. Research using the Multi-Locus Sequence
Typing (MLST) method for typing bacteria, initially developed
for use in N. meningitidis [57], has demonstrated that bacteria
with the same sequence type – or ST – can be grouped into
lineages of isolates which have recently reproduced clonally [10].
MLST uses patterns of nucleotide variation (alleles) in seven different genes (six originally [58]), of the N. meningitidis genome
to classify isolates into lineages, where ST-1 for instance, has
alleles 1, 3, 1, 1, 1, 1, 3. Different patterns of different alleles at
the seven loci make up the 8000 sequence types which have been
identified as of June, 2021 [59]. Sequence types from MLST
data, like the multilocus enzyme electrophoresis (MLEE) types,
based on proteins which proceeded MLST [60], can be reduced
into clonal complexes, which in N. meninigitidis group together
sequence types which have up to two mismatches in their allele
types [61] – for instance an isolate with allele types 1,1,1,1,1,1,1
would be of the same clonal complex as the previous example.
The ease of identifying the sequence type of an isolate of interest
– only seven genes need to be typed – has meant that even early
in the genomic era, it was possible to quickly and cheaply type
relatively large numbers of isolates [62].
The use of MLST to describe and categorise N. meningitidis prompted substantial research into the structure of the
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N. meningitidis population, and the identification of virulent
lineages which appear to be consistently identified in cases of
disease and outbreaks, yet rarely found in carriage [10]. Of these
lineages, the ST-11 clonal complex has been one of the most well
studied. It was originally identified in outbreaks in the United
States and then Europe [63], before causing a large outbreak
associated with the hajj pilgrimage [64], and spreading first
to the meningitis belt [65], and then eventually to three other
continents [66–68]. This lineage has continued to be closely
studied, and recent research has identified additionally invasive
variants of the lineage which have spread in Europe [69], and
even a variant of this lineage which has become associated with
urogenital infections [70]. Another lineage identified through
MLST which has been very well studied is the ST-5 clonal complex, which, prior to large-scale vaccination against serogroup
A N. meningitidis caused several epidemics of invasive disease
across the meningitis belt in the 2000’s [71]. The comparative
study of MLST lineages of N. meningiditis has led to some
insights regarding its evolution. These include the identification
of novel restriction-modification systems between different clonal
complexes [72], the importance of selection in generating the
clonal lineages of N. meningitidis [73], and the importance of
recombination in the evolution of N. meningitidis [74].

1.3

N. meningiditis and bacterial evolution

The use of multi-locus sequence typing has consequently proven
enormously powerful in studying the genomic epidemiology
of N. meningitidis worldwide, allowing for the identification
and tracking of virulent lineages, and helping to guide public
health intervention. It has even allowed for some comparative
research between species [75, 76]. Despite its successes in these
regards, MLST-based study has been unable to discern any
relationship between different outbreaks of the various clonal
complexes, or explain how the clonal complexes manage to
persist between outbreaks [77]. Using a whole-genome approach
to studying the genetics and evolution of N. meningitidis has
22

several downsides, namely that computation takes much longer,
and results are often far less readily interpretable than typing
methods. However, the increased resolution such whole-genome
methods offer [78] may shed some light on hitherto unresolvable
problems.
In the two decades since the first whole-genome sequenced
N. meningitids isolates were published [6, 7], the number of sequenced N. meningitidis has grown by a factor of approximately
104 . This amount of whole-genome data is “big” in the biological
context, as it currently remains beyond what typical software
for the purposes of the analysis of bacterial data can handle
(Section 2.2.2). This has led to the development of new methods
which are designed to account for datasets of such size[79, 80],
but these typically partition the data into biological subsets for
further analysis instead of directly working on whole-genome
data at scale [79]. The reasons for this are numerous, but it is
partially a result of the fact that despite this enormous increase
in the amount of sequencing data available not only in N. meningitids, but also in many other bacterial species[81, 82], many
fundamental questions in the study of bacterial evolution remain unanswered [9]. In the century since the modern synthesis
was first proposed, the overwhelming majority of evolutionary
research has been focused on understanding evolution in organisms with a ploidy greater than two and which are randomly
mating and sexually reproducing, and are therefore capable of
being at equilibrium. Even research into populations which
violate the assumptions allowing for Hardy-Weirnberg equilibrium for one reason or another – assortative mating, polyploidy,
small population sizes, migration, introgression – often fails to
consider haploid microorganisms, on the basis that their clonal
reproduction makes their population structures and evolutionary
dynamics relatively simple [8]. The significant increase in the
number and diversity of genomes sequenced in many bacterial
species has demonstrated that this is not the case, and has led
to a number of alternatives being proposed [56, 83], one particularly with Neisseria in mind [55]. Despite the recent increase
in studying evolution from the perspective of haploid microorganisms, many of the the questions which have been studied in
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detail in eukaryotes, such as the reasons for the evolution and
maintenance of recombination [84–86], remain poorly studied in
bacteria [87]. Many of these questions are of substantial clinical
relevance, however, in the public health management of diseases
caused by bacteria [42]. This is particularly the case in species
which maintain large populations in asymptomatic infections
[88–90] around the world, and are primarily managed through
vaccination [16]. The use of vaccines on a large scale creates
a strong selective pressure in these species, and understanding
how that shapes the evolution of these pathogens at the global
level, as has been called for in N. meningitidis [91], is crucial
for designing a successful vaccination strategy [92].
This is the context in which the research from this thesis
is nested, with detailed discussion of the data and theoretical
basis of the analysis methodology to follow in Chapter 2. N.
meningitidis is a well-studied bacteria that is recombinant and
possesses specific adaptations to facilitate unique levels of recombination, shared with other members of its genus [93]. It
causes a serious, life-threatening illness which has been effectively managed with vaccination, but the long-term success of
these efforts is not guaranteed as N. meningitidis may evolve
to reduce the effectiveness of current vaccine strategies. To
ensure the success of these efforts in the future, we must develop comprehensive understanding of how bacterial populations
evolve. The population genetics of N. meningitidis have been
well-studied at the regional level using MLST data, but a need
for research into the population at higher resolution [78] and a
global level has been identified [91]. To address this need, I have
assembled a collection of over 15,000 whole-genome sequenced
N. meningitidis, which I use to assess the population structure
at a global scale, the extent of variation in recombination across
the species, and its pan-genome evolution.
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CHAPTER

2

Data and Methodology

2.1

The Global Neisseria meningitidis Dataset

This thesis aims to study the genetic diversity of Neisseria
meningitidis, to understand how the population of organisms
making up this species is structured at a global scale. Also,
it aims to ascertain the extent of gene flow within the species,
and to investigate how genetic variants within the species may
be responsible for observed variation in bacterial phenotypes.
We are able to study these phenomena thanks to significant advances in sequencing and population genomics analysis methods
over the last two decades, allowing for large-scale sequencing
of thousands of samples and their subsequent analysis. This is
particularly true in the case of bacteria that infect human hosts,
which are relatively straightforward to sequence due to their
small genomes, the ability to culture samples for many species,
and ease of sampling their host organism. This has allowed
whole-genome population genetics at a scale unprecedented in
non-prokaryotic species (with the exception of Homo sapiens),
involving sequencing on the order of 104 individual organisms
from the species’ population. As such, there are now efforts
to conduct novel surveys of the global populations of various
prokaryotic species [82]. This remains, however, enormously
expensive due to the costs and logistics involved in collecting
samples around the world. However, for many bacterial species,
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particularly those relevant to human health and disease, the past
decade of genomic research has produced many smaller-scale
population genomic surveys on the orders of 102 or 103 sampled
organisms, all around the world. In order to investigate the
global population of Neisseria meningitidis this study will amalgamate dozens of these datasets, some published, some newly
sequenced, with a newly-sequenced archival collection of Neisseria meningitidis spanning almost 100 years. Gathering this
dataset, as will be detailed in this chapter, produces a collection
of 15,450 (post quality control) Neisseria meningitidis isolates,
which captures enormous temporal and geographic diversity in
its sampling, and allows us to perform in-depth investigations
into the global population of Neisseria meningitidis. Compared
to designing a global sample population, using an amalgamated
dataset has some drawbacks, most notably the imbalanced nature of the sampling overall, and the unrepresentative nature
of many of the smaller datasets. Despite this, however, the
added depth of sampling provide by amalgamating all of the
data is such a significant advantage that being careful with the
interpretation of any results is preferable to down-sampling to
generate a more representative dataset.

2.1.1

Newly sequenced data

Three separate new sequencing projects have been included in
this study, with a combined total of 6,332 newly sequenced
isolates (before quality control). These projects were collected
long before my involvement, which has been limited to cocoordinating their sequencing and the subsequent data analysis.
These three projects are: the MenAfriCar African meningitis
belt carriage collection (1449 samples), the Burkina Faso carriage collection (2839 samples), and an archive of global samples,
stored at the Norwegian Institute of Public Health (2046 samples). These three studies fill important gaps in the extant
sequenced samples currently published and publicly available,
and as such were essential in order to enable this effort to study
the global population of N. meningitidis. As they are newly
collected and sequenced, and, at the time of writing not yet published, we will hereafter describe their collection, preparation,
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and sequencing in some detail.
2.1.1.1

The MenAfriCar dataset

The MenAfriCar isolate collection are the stored isolates from a
large-scale series of carriage surveys in the meningitis belt, between August 2010 and October 2012, inclusive. The MenAfriCar
study was initially established to monitor the prevalence of
serogroup A N. meningitidis carriage in the populations of 7
countries of the meningitis belt – Chad, Ethiopia, Ghana, Mali,
Niger, Nigeria, and Senegal – before and after the administration of a meningitis-belt wide vaccination campaign against
serogroup A meningococcal meningitis (MenAfriVacTM ). Within
each country, oropharyngeal swab samples were collected from
two study sites, an urban site and a rural site, as shown in
Table 2.1. Sampling was organised into two main studies, a
cross-sectional survey of households within the study sites, and
a follow-up longitudinal household cohort study. In the crosssectional survey, randomly selected individuals were swabbed
and samples plated out in the field, and returned to the collaborating centres for further microbiological analysis and storage.
Upon successful identification of N. meningitidis in a sample,
the entire household from the sampled individual were invited
to join the longitudinal follow-up studies, where every member of the household was swabbed every two weeks for two
months, and then monthly for a further four months. In total,
48,490 swab samples were collected as part of the cross-sectional
sampling, from which 1687 laboratory-confirmed isolates of N.
meningitidis were identified. An additional 9809 nasopharyngeal
swab samples were collected as part of the follow-up longitudinal studies, resulting in a further 991 laboratory identified N.
meningitidis isolates. Molecular and epidemiological analysis on
these samples was conducted by the MenAfriCar consortium,
and published in two publications [94, 95]. The boilates (boiled
culture pellets) used for those analyses were not suitable for
whole-genome sequencing, so to enable this project, additional
DNA extractions needed to be performed. The Meningitis Research Foundation (MRF) awarded a grant for this purpose, and
samples were shipped to collaborators at the Meningococcal
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Country Site
Bamako, Djicoroni-para (urban)
Mali
Narena and Siby (rural)
Yantala (urban)
Niger
Say (rural)
Navrongo town (urban)
Ghana
Kassena-Nankana District (rural)
Nigeria Konduga (rural)
Fatick (urban)
Senegal
Niakkar (rural)
N’Djamena Sud (urban)
Chad
Mandelia (rural)

Number of Isolates
61
61
384
416
79
178
1
30
122
23
89

Table 2.1: Table of sampling locations in the MenAfriCar carriage
survey, and the number of isolates successfully sequenced from that
location in the whole-genome dataset.

Reference Unit of Public Health England, where isolates were
cultured and extracted according to their protocol. In brief,
samples were cultured and extracted in the following way:
Frozen sample beads were plated out and cultured overnight
on Columbia agar plus horse blood. Samples were inspected
the next day to detect signs of contaminating bacteria, and
plates with evidence of substantial contamination from other
species were sub-cultured overnight onto a new plate, from at
least five colony picks, in an effort to isolate pure samples of
N. meningitidis. Plates of single cultures were then swabbed
to collect material for DNA extraction, after which cells were
lysed at 80 degrees. DNA extraction was then performed using
c
a Promega Wizard•
Genomic DNA purification kit, and stored
¶
¶
between 2 C and 8 C. Original culture plates were kept overnight
for at least one additional night, and those that developed signs
of contamination had their samples discarded, and were then
sub-cultured and extracted again. Extracted DNA was sent on
dry ice to the Wellcome Sanger Institute (WSI) for sequencing,
where it was sequenced using Illumina Hi Seq X sequencing
technology, with 150 bp paired-end reads.
These DNA extractions led to 1449 successfully sequenced
isolates. Substantial metadata is available for these samples,
including not only the date of isolation, location, and the age
and sex of the carrier, but also information about the household,
such as the presence of risk factors (such as open stove, smoking)
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Figure 2.1: Map of the distribution of isolates which make up the
global archival Neisseria meningitidis collection

or the number of inhabitants and their ages. The number of
samples successfully sequence from each survey site is shown in
table 2.1.
2.1.1.2

The Global Archival collection

The Global Archival collection was provided by Professor Dominique Caugant of the Norwegian Institute of Public Health
(NIPH). It encompasses nearly a hundred years of sampling,
between 1915 and 2008, six continents, and 58 countries, as
shown in Figure 2.1. These samples were collected in various
settings over the course of decades. These samples were stored
at -80¶ C and were reawakened, grown, and extracted at the
NIPH in Norway. Sample DNA was then shipped to the WSI on
dry ice for sequencing, again using Illumina Hi Seq X sequencing
technology, with 150 bp paired-end reads.
The DNA extractions and sequencing from this project led
to 2046 successfully sequenced samples. As these samples form
part of an archival collection, and not a novel sampling project,
the available metadata is relatively limited. Year and country
of isolation is available for every isolate, but a more specific
geographic location is only available for 517 isolates, or 25.2%
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of the isolates. Disease manifestation is known for a greater
proportion of isolates, 1999 out of 2046, or 97.7% of isolates,
but the anatomical sample site is known for a smaller number
of isolates, 266, or 13% of the isolates. Again, due to the
nature of this collection, beyond these limited metadata, there
is no further information about the carriers or their household
environment.
2.1.1.3

The Burkina Faso carriage collection

The Burkina Faso carriage collection is, similar to the MenAfriCar
carriage collection, a large-scale sampling effort conducted in
parallel with a mass serogroup A vaccination campaign. As
Burkina Faso was the first country to implement the campaign,
the sampling occurred earlier than MenAfriCar, over the course
of four years, from 2009-2012, in 10 rounds of sampling. Sampling took place across three sites in Burkina Faso – one urban
the Bogodogo arrondissment of the capital city, Ouagadougou;
and two rural, 10 villages in the Kaya district, 100km north-east
of Ouagadougou, and 10 villages in the Dandé district, 350km
west of Ouagadougou, as shown in Figure 2.2. Oropharyngeal
swabs were taken from healthy volunteers, and associated metadata were collected from the individuals. 50,811 samples were
collected over the course of the sampling period, and a total of
2848 meningococcal isolates were recovered from the 10 rounds
of sampling and confirmed as N. meningitidis at the Norwegian
Institute of Public Health (NIPH), Oslo. The isolates were
stored frozen in Greaves medium at -70¶ C. DNA was extracted
from 2839 of the 2848 of these collected isolates at the NIPH,
and these were sent on dry ice to be sequenced at the WSI,
using Illumina HiSeq 2000 sequencing technology and 125bp
paired-end reads.
DNA extractions from this study led to the successful sequencing of 2838 isolates. As with the MenAfriCar dataset,
there are considerable metadata available for each isolate in the
Burkina Faso carriage collection, including the date of sampling,
the precise location of the sampling, and the age and sex of
the carrier. Some information about the household of swabbed
individuals was also collected, though no specific details about
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Figure 2.2: Map of the distribution of sampling sites from
which isolates were sampled in the Burkina Faso carriage collection. Ougadougou sites are in red, Kaya sites in yellow, and Dandé
sites in blue.
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other individuals in the household were collected.

2.1.2

Publicly available data

Although the projects which make up this research have generated 6,333 new whole-genome sequences of N. meningitidis from
around the world, the quantity and distribution of the isolates
sequenced in those projects is not enough to, on their own,
conduct an analysis of the global population of N. meningitidis
as this project aims to, as the global archival collection is a very
shallow sample from across the world (Figure 2.1). To increase
the depth of coverage in regions other than the meningitis belt
for these analyses, we will rely upon an additional 9,408 publicly available whole-genome sequenced N. meningitidis. These
data have all had their raw Illumina short-read sequencing
data uploaded to the mirrored European Nucleotide Archive
(ENA)/Sequence Read Archive (SRA) and separately had metadata published or manually made available through upload into
the Neisseria pubMLST BIGSdb database [59]. There are three
primary sources for these data: 1) isolates available on Neisseria
pubMLST BIGSdb and linked to raw whole-genome sequence
through an ENA accession number, 2) a series of large-scale
sequencing projects carried out by the United States of America Centres for Disease Control and Prevention (CDC), with
sequencing data made publicly available on the SRA and basic
metadata made available with the publications, and 3) a number
of smaller-scale sequencing projects which had previously been
conducted at the WSI and had already been published.
In addition to the short-read sequencing data, for methodological reasons to be discussed in section 2.2, it is important to
have a collection of finished genomes, that is, sequenced isolates
whose primary chromosome have been assembled into a single
contiguous sequence. A collection of these was also assembled,
and detailed in Section 2.1.2.4
2.1.2.1

Samples submitted to pubMLST

5,886 samples with metadata available on Neisseria pubMLST
and whole-genome sequencing were downloaded and integrated
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into the dataset used for the research conducted in this thesis,
with the final sequences downloaded and added from a version
of Neisseria pubMLST accessed on the 24th of February, 2020.
Neisseria pubMLST contains, as of the 13th of January, 2021,
23,817 assembled genomes of N. meningitidis isolates. However,
for many of these assembled genomes, there is either no link
to raw sequence read in the ENA/SRA, so they could not be
included, or no metadata with regard to the year or country
of isolation, which were intentionally not included here due
to the difficulty in interpreting genomic data with incomplete
metadata.
There is one notable exception to the above principle for
determining whether isolates available on pubMLST should
have been included, and that is the study published under
the title “Whole genome sequencing reveals within-host genetic
changes in paired meningococcal carriage isolates from Ethiopia”
[96]. The isolates from this study are available on pubMLST,
but at the time of accessing the data in February 2020, did
not have associated ENA accession numbers. These isolates
represent the only large-scale sequencing project in Ethiopia,
as for various reasons, the MenAfriCar samples from Ethiopia
were unable to be extracted and sequenced. Ethiopia is the
easternmost part of the meningitis belt, and thus important to
include for geographic representation. As such, metadata for
these samples was separately obtained through correspondence
with the original authors, in addition to the raw sequences being
downloaded from the ENA.
Finally, it should be noted that a significant proportion of
the publicly available whole-genome sequenced N. meningitidis
isolates available on Neisseria pubMLST are due to the funding
and effort of the MRF Meningococcus Genome Library, a project
to sequence all disease isolates in the UK between the years 2009
and 2013, which was then followed by routine sequencing of all
disease cases within the UK in the years since. It was developed
by Public Health England, the Wellcome Sanger Institute, and
the University of Oxford, funded by the MRF.
Metadata for pubMLST isolates included in this study is all
almost complete. In order to be included in the dataset studied
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in this thesis, isolates had to have a defined year and country
of isolation. In most cases, isolates also had a known site of
isolation, disease state, and some basic information about the
host, such as sex and age. For many isolates further information
was also available, principally additional geographical information, the month and day of isolation, and the results of AMR
screening.
2.1.2.2

USA CDC studies

1941 samples were downloaded and incorporated into the dataset
used in this research from three distinct whole-genome sequencing studies carried out by the CDC. These data were uploaded
to the SRA, and then published in the following publications:
1. Expansion of a urethritis-associated Neisseria meningitidis
clade in the United States with concurrent acquisition of
N. gonorrhoeae alleles (297 isolates) [70]
2. Whole genome sequencing for investigations of meningococcal outbreaks in the United States: a retrospective
analysis (201 isolates) [97]
3. Insights on Population Structure and Within-Host Genetic
Changes among Meningococcal Carriage Isolates from U.S.
Universities (1519 isolates) [98].
The complete details of the sampling and related methodology is published in the respective publications of these studies,
but for the convenience of the reader, I will briefly summarise
the aforementioned below. Readers familiar with these studies
may wish to skip to section 2.1.2.3.
In “Expansion of a urethritis-associated Neisseria meningitidis clade in the United States with concurrent acquisition of N.
gonorrhoeae alleles” there were two primary sources of isolates.
The first source of isolates was contemporary sampling made
by state public health bodies after the CDC made a request
for samples from urethritis cases which tested GNID positive
and NAAT negative for N. gonorrhoeae on the 17th of February,
2016 through the Epidemic Information Exchange system. This
led to the collection of 209 isolates between the 1st of January,
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2015, and September 30th , 2016. The remaining 88 isolates were
take from the archives of the CDC as they were judged to be
part of the same clade, containing a mixture of urogenital and
non-urogenitally sourced bacteria. DNA was extracted from
isolates using ArchivePureTM DNA purification kits and sequenced using either Illumina HiSeq or MiSeq technology, with
250bp reads. For this dataset, key metadata is available, including: year of isolation, the state the isolate was collected in, the
clinical site of isolate collection, and disease state.
“Whole genome sequencing for investigations of meningococcal outbreaks in the United States: a retrospective analysis”
consists entirely of isolates collected as part of routine disease
surveillance in the USA. In particular, the CDC requested cases
they classified as “outbreaks” where there occurred 2 or more
cases of IMD, identified as the same serogroup, in an “organization”, in less than three months, or an “increase in disease rates
in a community”, between 2009 and 2015. These ‘outbreak’
cases represent 84 of the isolates published in this study, and
the remaining 117 isolates are ‘sporadic’ disease cases, not identifiable as part of an outbreak, from the national surveillance
network, chosen to be in the same 15 states where the outbreaks
occurred. DNA was extracted using 5 Prime ArchivePure DNA
Purification kits and sequenced using Illumina HiSeq2500 or
MiSeq technology and 250bp reads. Available metadata is relatively limited for this dataset, it consists solely of the year the
isolates were collected.
Finally, in “Insights on Population Structure and WithinHost Genetic Changes among Meningococcal Carriage Isolates
from U.S. Universities”, the authors performed 10 cross-sectional
carriage surveys at three universities in the USA, two in Rhode
Island, and one in Oregon. Four surveys were performed at
the university in Oregon, and one of the universities in Rhode
Island, following mass vaccination campaigns which had begun after disease outbreaks. Two surveys were performed at
the second university in Rhode Island. In total, 8,905 swabs
were collected from 7,001 unique individuals, which resulted in
the collection of 1,514 N. meningitidis carriage isolates. DNA
was again extracted from isolates using 5Prime ArchivePure
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DNA Purification kits, and sequencing performed using Illumina HiSeq2500 or MiSeq short-read sequencing technology,
with 250bp reads. Metadata beyond year and country of isolate
are available for the isolates published in this study by virtue
of our knowledge of the sampling technique (nasopharyngeal
swab), the locations of the universities involved in the study,
and the disease status of all the isolates (carriage).
2.1.2.3

Work previously done at Sanger

There have been a number of sequencing projects involving N.
meningitidis at the WSI, however, for many the metadata is not
stored or available within a central database locally. As such,
we are limited to including samples sequenced at the WSI which
have data stored in the isolate tracking database, or whose authors were able to provide metadata by correspondence. As such,
this is limited to two studies. The first, with ENA project accession ERP004245, titled “Integration of the host and pathogen
genetics in bacterial meningitis” [99], was a multi-species project
with the aim of studying how host genetics and bacterial genetics
contribute to the development of bacterial meningitis. Its N.
meningitidis component consisted of 1086 samples, of which 788
will be used in this study. These samples were collected in the
Netherlands as part of the MeninGene cohort, a study begun
in 2006 using samples from bacterial meningitis surveillance
network of the national reference laboratory, as well as samples
stored in their archive. Metadata available for these samples,
for the purposes of this dataset, are somewhat limited, including
only the year of isolation, the site of isolation, the country, and
the disease state, but all isolates meet this minimum criteria.
The other historical project sequenced at the WSI with
available metadata is titled “Microevolution of Neisseria meningitidis during clonal waves of colonization and disease”, with
ENA project accession ERP002590 [100]. It consists of 185
whole-genome sequenced N. meningitidis, from Burkina Faso
and Ghana, all of which are used in the dataset here. Metadata
is relatively limited, consisting in most cases of only the country
and date of isolation, though in some cases it also includes
information on disease status and site of isolation.
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2.1.2.4

Assembling a collection of finished reference
genomes

With the advent of long-read sequencing, the ability to produce
finished genomes has become considerably cheaper and possible
to do at scale. As a result, there now thousands of finished
genomes available in the RefSeq database. Many of these ‘references’ are in fact closely related isolates from different clades
within an outbreak, and therefore it is not useful to gather all of
these sequences to potentially use as references. Instead, a collection of references from sequencing projects with the explicit aim
of creating reference genomes, long-read references generated
from sequencing projects included in the dataset – in particular
the Burkina Faso carriage collection and the Ethiopia carriage
collection – and a small sample of references created for other
sequencing projects, was created. to enable reference-based
analysis methods. Sequences were collected from the following sources: published, finished genomes ([6, 7, 43, 101–104];
PacBio long read sequenced genomes from the National Culture Type Collecion NCTC 3000 project to sequence complete
genomes from the NCTC; Oxford Nanopore long-read sequenced
isolates from studies which are included in the amalgamated
dataset [96, 105]; and long-read sequenced and manually qualitycontrolled isolates from the FDA-ARGOS database [106]. In
total, 45 of these reference sequences were collected. In some
cases, suitable publicly-available finished genomes could not
be found for use as a reference sequence. In these cases, the
short-read de novo assembly scaffolder MeDuSa [107] was used
with many short-read de novo assemblies to produce a reference
sequence.

2.1.3

The amalgamated global Neisseria meningitidis collection

After assembling all the datasets and removing contaminating
isolates – methodology detailed below – the final dataset consisted of 15,332 isolates, collected between 1915 and 2020, from
70 different countries or territories. In Figure 2.3, the global
distribution of these isolates is plotted country-by-country on a
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Figure 2.3: Map of the distribution of isolates which make up the
final global Neisseria meningitidis collection

global map, which shows how the geographic sampling is uneven.
Europe and North America are relatively well-covered, whereas
Central and South America, and South East Asia are much
less so. The global distribution of isolates also reveals some
strong biases within our dataset – most countries have fewer
than a thousand isolates, and indeed all but 5 have fewer than
500 isolates. However, three countries have more than 2000
isolates – the UK, USA, and Burkina Faso. Particularly in the
UK and Burkina Faso, this represents a significantly greater
sampling density than anywhere else in the world, and when
interpreting the results of any further analyses, particularly
how they pertain to geographical location, it will be important
to consider whether the differential sampling density may be
affecting the results. This is also true of the data we have from
within the meningitis belt, where Burkina Faso has several times
the number of samples compared to any other country in the
region.
The number of samples in the collection per year is plotted in
Figure 2.4, and from that figure we can see that the overwhelming majority of sequenced samples have been collected between
2010 and 2020. This is to be expected due to the widespread
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Figure 2.4: Bar chart of samples per year plotted for the entire
global Neisseria meningitidis collection (red) and samples per year
for isolates from the African meningitis belt (blue)

increase in the availability of whole-genome sequencing techniques allowing for many samples to be cultured, extracted, and
sequenced routinely all around the world. Earlier samples, particularly those from the 20th century, would have had to survive
storage in a freezer for decades in order to have been sequenced.
As such, there are predictably many fewer samples from before
the turn of the millennium. Despite the challenges in producing
these samples, however, there is a consistent sampling all the
way back to 1960, and sporadic sampling before that. As such,
we can be relatively confident that any temporal inferences made
from our analyses should be robust until at least 1960. Isolates
sampled per year solely in the meningitis belt, unfortunately are
only consistent back to 2004, before which there are sporadic
samples back in time to 1961.
Finally, the percentage of isolates based on their carriage/disease
status in every continent, and the global collection, is shown in
Figure 2.5. Though it demonstrates that overall the collection is
very well balanced between carriage and disease, there are significant differences between continents in terms of the carriage and
disease state of the isolates sampled. Should there be evidence
of significant differences in the population structures between
continents, the differential sampling in terms of the disease state
of sampled hosts could confound any potential interpretation
of the results with regard to associations with carriage versus
disease.
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Figure 2.5: Stacked bat chart of the percentage of carriage/disease
metadata available for isolates in the global Neisseria meningitidis
collection, arranged by continent of origin
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2.2

Bacterial Population Genomic Analysis Methods

The process of analysing a dataset of over 15,000 whole-genome
sequenced bacterial isolates presents challenges that require
careful consideration. The central issue of ancestral descent and
variation in gene content become substantially more challenging
as the magnitude of the dataset increases, and even more so in
species, such as those in the genus Neisseria, which are naturally competent and frequently recombine their genomes with
exogenous DNA. In addition to issues caused by the biologically
unique properties of bacteria, analysing a dataset consisting
of over 15,000 isolates also inevitably runs into issues of errors
introduced by the imperfect nature of short-read sequencing and
the subsequent processing of short-read data. It is impossible at
present, however, to avoid creation of these errors, so they must
be taken into account when performing downstream analyses.

2.2.1

Basic genomic methods

2.2.1.1

Basic quality control, assembly, annotation, and
in silico typing

All of the raw reads, whether sequenced at the WSI or downloaded from the ENA, were first run through a preliminary
QC pipeline, to check that sequencing had been successful by
making sure that FASTQ files contained sufficient numbers of
reads with expected lengths and GC content. Isolates which
passed this initial QC were then assembled using the prokaryotic
genome assembly pipeline at the WSI, which primarily relies
upon the short-read genome assembler Velvet [108]. The resulting genome assemblies were annotated using Prokka, the
prokaryotic annotation pipeline [109].
Though sequence typing data exists for a plurality of isolates
in the database, all isolates were also sequence typed in silico
using the short-read sequence typing software SRST2 [110], the
Neisseria pubMLST [59] sequence type database, and the raw
reads for each isolate. Similarly, genogrouping, determining
the presence of specific serogroups’ capsular genes, was also
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(a) Histogram of pairwise distances(b) MDS plot of pairwise distances(c) MDS plot of pairwise distances of
in the collection
after initial filtering
isolates which passed QC

Figure 2.6: Plots of distribution of the entire collection’s set of
pairwise distances at various points in the QC process. (a) before
any isolates were filtered, (b) after isolates were filtered based on
discontinuity in the histogram of (a), and (c), the resulting dataset
after filtering based on a threshold in MDS space, based on (b).

performed for each isolate in silico as lab-based serogroup data
was available for some but not all isolates. The tool SeroBA
[111] was used to perform this analysis, with a sequence database
of published capsular reference sequences [17].
2.2.1.2

Further quality control

Though the sequencing pipelines perform some quality control
for successful sequencing, with a dataset as large as this, some
quality control for heavily contaminated sequencing runs needed
to be performed as well. There are a variety of methods and no
accepted standard for removing contaminated sequencing as it
depends on the nature of the dataset and the aim of the research.
For these studies, we have a substantial interest in understanding
the extent of genetic diversity within N. meningitidis, and as
such, we use a series of QC metrics (available in the panaroo-qc
module [79]) which have no a priori assumptions regarding the
expected genetic information sequenced, and as such avoid using
any type of reference genomes.
We begin by using Mash [112] to calculate a pairwise distance
matrix between all pairs of isolates in our collection, made
feasible due to the fast MinHash algorithm used by Mash to
estimate pairwise distances. From these pairwise distances,
panaroo-qc uses the multidimensional scaling (MDS) function
from the scikit-learn [113] python library to map these isolates
into Cartesian 2D-space. Using these co-ordinates, we can then
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calculate a norm for each isolate, representing its distance from
the theoretical centre of the distribution, where the ‘average’
isolate in our collection lies. A histogram of these distances is
shown in Figure 2.6 (a), and it is easily discernible that there
is a clear break in the distribution around 0.04, where there
is a distribution of isolates where the overwhelming majority
of isolates are very close to the origin, with distances from
the origin less than 0.1 in two small peaks, apart from a very
small number of isolates which have distances close to 1. We
can remove these isolates as they will represent completely
contaminated isolates which are likely from a different genus.
After removing these outlying sequences, we create an MDS plot
to see what the distribution of isolates in terms of their pairwise
distances looks like – shown here in Figure 2.6 (b). The plot
looks fairly tight, but there are still a number of outlier isolates,
and particularly a cluster on the upper left side of the origin.
These likely represent isolates which are contaminated by the
same, common, contaminant. After filtering with an even lower
threshold to remove those isolates, we can see the centre of the
distribution, and it is clear that there is some structure within
the main oval, which should represent the population structure
of N. meningitidis, in 2.6 (c). Finally, I checked the number
of contigs and genes in the annotated assemblies to assess the
effectiveness of the contamination quality control. In both cases,
the MDS-based removal of outliers as a first step seems to have
been a successful way of controlling the quality of the dataset,
though one outlier remained in terms of contig number, which is
also included among the seven outliers in terms of gene number.
These were also removed from the dataset to produce the final
dataset of N. meningitidis carried forward into further analyses.

2.2.2

Methods used in further analyses

The rest of this thesis relies upon a number of methods specifically for the analysis of bacterial whole-genome sequencing data,
which may be unfamiliar to a wider biological audience. As such,
the remainder of this chapter will present in-depth summaries
of the rationale and theory behind the bacteria-specific analysis
methods used in the research conducted in this thesis. Readers
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who are familiar with some or all of these methods may wish
to selectively read the remainder of this chapter. In general,
however, many standard computational methods are used in
the analysis of these data and the preparation of this thesis.
Python [114] is used throughout in the processing of all kinds of
data, including metadata, as well as for performing various mundane tasks relating to data analysis. Specifically, the IPython
[115], NumPy [116], and Pandas [117] libraries were used for
those purposes. Most figures have been made using matplotlib
[118], though phylognies have been drawn using the ggtree [119]
package, and maps in ggplot2 [120] and R [121]. Statistical
tests were mostly performed using the SciPy package [122], and
algorithmic techniques using the scikit-learn [113] package. Select figures were made using circos [123], cytoscape [124], and
microreact [125] as identified in the text. Additional general
methods for the analysis of biological data are occasionally used
throughout the results chapters, and their use is detailed in the
text.
2.2.2.1

Determining the population structure

Bacterial population genetics is very much complicated by the
fact that the extent of homology between genomes can vary
enormously within a species of interest. This introduces a number of practical complications, but it also introduces conceptual
and practical difficulties in identifying the relatedness of any
collection of bacteria. The conceptual difficulty tends to only
arise in cases where the collection being analysed is particularly
diverse, due to the fact that over short evolutionary timescales a
subset of the genome, the ‘core’ genome, evolves in a sufficiently
tree-like manner for standard phylogenetic methods to work.
Using an aligned ‘core’ region of DNA to infer a phylogeny has
been a standard methodology for inferring the relationships between isolates in smaller datasets for some time [126]. It leads to
the practical difficulty, however, of how to choose the sequence
data which is considered to be ‘core’, or consistently present
and tree-like in its descent across the collection of interest from
raw read data. Many methods exist for selecting this region as
this has been an active area of research for at least a quarter of
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a century. The oldest method for selecting a ‘core’ region still in
use is the aforementioned Multi-locus Sequence Type (MLST)
[58] method, developed at the end of the last century before the
widespread availability of whole-genome sequencing, it selects
some number of core genes, typically between five and seven,
and uses the pattern of variation within these genes to identify
the relatedness of some collection of bacteria. Though this technique has many practical benefits, the widespread availability
of whole-genome sequencing data means that it is now possible
to identify a much more expansive core region of the genome,
allowing for much more accuracy and resolution in the identification of the relatedness of isolates within a population [78]. Two
methods are generally accepted for identifying a maximal ‘core’
region, either mapping to a standard reference, or assembling
raw reads into a draft genome assembly and using pan-genome
inference methods to identify a core region of orthology, which
will be discussed in detail in section 2.2.2.4.
In a dataset as large and diverse as the one considered in this
thesis, however, it is clear that even if a ‘core’ region were to
be accurately identified, standard phylogenetic methods would
not be up to the task of accurately identifying the population
structure, in addition to the obvious issues of runtime and interpretability that would arise. As such, research in recent decades
has lead to the development of a variety of methods which allow a large collection of bacterial isolates to be partitioned into
smaller groups [80, 127, 128], which could then in turn be subject
to an in-depth phylogenetic analysis. These clustering methods
have different underlying methodology for both determining the
number of clusters present within the collection, and how to
assign isolates to a specific cluster, but all of these methods rely
upon being given some core variation data in order to partition
the collection.
A recently developed whole-genome clustering method, PopPUNK [80], aims to resolve both of these key issues, as it partitions a population into clusters using both core and accessory
genome content. To do this, it uses the MinHash similarityestimation algorithm in order to estimate the pairwise core and
accessory distances between every single pair of isolates in a
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collection. This is done by generating k-mer sketches of every
isolate in the collection, for variable k between an inferred minimum to avoid false positive matches, and a maximum set at
29bp, to allow for efficient computation. MinHash then allows for
the rapid calculation of the Jacard distance, J , between all samples, pairwise. This distance, when not affected by mismatches
caused by SNPs – practically, when k-mer length is as short
as possible without causing false positive mismatches – is itself
an effective measure of the pairwise accessory distance between
two samples as the Jacard distance, J, between two samples
J(A, B) is defined as |A∩B|
, or in terms of k-mer sketches, the
|A∪B|
fraction of the number of k-mers present within both samples
over the total number of k-mers present.
From this estimate of the pairwise accessory distance between samples at a variety of k-mer lengths, it is then possible
to estimate the core distances between all samples, pairwise, as
well. This is due to the fact that as k increases, the number of
mismatched k-mers will increase with the length of the k-mers
in the following relationship: pcorematch = (1 − π)k , where k
is the length of the k-mers and π is the SNP polymorphism
between two species in the core. This is due to the fact that
as the k-mer length increases, the likelihood of that k-mer not
including a polymorphism is the inverse of the per-base pair rate
of SNP polymorphism – the probability that any given position
is not a polymorphism – multiplied by the number of base pairs,
the length of the k-mer. This relationship, though complicated
by needing to account for the probability of accessory genome
mismatches with the above estimate of accessory mismatches,
allows for the straightforward estimation of a core genome distance using linear regression in log space between the length of
the k-mer and the overall probability of matching, the Jacard
distance J.
The above method allows a rapid pairwise estimation of
both core and accessory distances for each pair of isolates in
the studied collection. Using these distances, it is then possible
to determine a threshold in the two-dimensional space of core
and accessory distances. This is done by using spatial clustering
methods – either a Gaussian mixture model or the density-based
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clustering method HDBSCAN – to find a cluster which extends
to the origin. A linear threshold is then created in the core
and accessory space to encompass the lowest upper bound of
the spatial cluster which extends to the origin. This threshold
is then taken to be the determinant of what is a lineage in
PopPUNK’s estimation, and what is not. A network of these
lineage clusters is then created, where isolates whose pairwise
core and accessory distances fall beneath the two dimensional
threshold are joined into a network. The network properties of
all clusters in this network are then used to refine the accessorycore cluster threshold within the neighbourhood of the initial
boundary, and the optimal result is then output as the final
clustering.
As a clustering method, PopPUNK has many advantages,
both theoretical and practical. Theoretically, it resolves the
key issue of bacterial clustering - how to take into account the
variability in presence and absence of genetic material across a diverse collection, by considering both core and accessory distance
in creating a discernment criteria for the clusters. Practically,
the creation of a simple threshold as opposed to maximising
some type of likelihood estimator means that the clustering is
as extensible to new data like simpler methods such as MLST,
without losing any information compared to other whole-genome
methods. Finally, the use of the MinHash technique makes computation feasible on exceptionally large and diverse datasets,
such as the one studied in this thesis.
2.2.2.2

Detecting recombination

After determining the population structure in species where
that is complicated by non-tree-like patterns of descent, the
next logical course of study is to attempt to determine where
in the population, and in the genome, there are examples of
alternative coalescent histories – in other words, recombination events. Detecting recombination events remains an open
problem without a single methodological solution in all cases.
The problem is complicated by the differing magnitude and
genetic diversity of the various datasets which researchers would
like to detect recombination events within, leading to different
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methods being appropriate in different circumstances. This is
primarily due to the nature of detecting exceptions to tree-like
evolution necessarily requires determining what the ‘correct’ or
tree-like pattern of descent is first. In this thesis, we use Gubbins [129], software which relies upon having a whole-genome
multiple sequence pseudoalignment – created through mapping
reads to a reference, and then instantiating variants and adding
gaps for insertions – as it first generates a phylogeny for the
sequences using RAxML [130], and looks for regions within
the alignment which represent deviations from that phylogeny.
This, and also the method for detecting recombinant regions
explained below, means that Gubbins is only suitable for use
on relatively non-diverse datasets. In our case, partitioning the
dataset into lineages with PopPUNK provides sufficient genetic
conservedness for Gubbins to run accurately.
To detect regions of the genome in a multiple sequence alignment that are potentially recombinant, Gubbins uses a sliding
window statistic across SNPs in the genome to look for regions
where there is a higher density of SNPs than would be expected
by random chance. For each branch in the phylogeny generated
by Gubbins, which is made up of the tip sequences supplied
and inferred ancestral sequences, Gubbins slides a window of
variable size (between 100bp and 10,000bp) along the genome
and tests the density of single nucleotide variants in that window
relative to a random distribution across the genome – modelled
as a binomial distribution based on the size of the window and
the average density of mutations in the entire sequence. Every
set of contiguous windows where the p-value of a Bonferronicorrected binomial test is greater that 0.05 is then considered
a putative recombination. To identify accurate start and end
points of a putative recombinant region, the distribution of SNPs
in the putative recombination is also modelled as a binomial
distribution, based on the length of the region and the overall
density of SNPs within the region – strictly higher estimate
of recombination than the binomial distribution which models
SNPs across the entire genome. The boundaries of the putative
recombination are then refined by reducing the boundaries of
the putative recombination from the left to the next left out-
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ermost SNP, then from the right to the next right outermost
SNP iteratively, until further reduction does not increase the
estimated likelihood of the recombination region under it’s elevated binomial distribution of SNPs, compared with likelihood
estimate under the binomial distribution derived from the wholegenome parameters. Finally, Gubbins tests the likelihood of the
putative recombination with refined boundaries by comparing
its Bonferroni-corrected p-value under the alternate ‘recombination’ binomial distribution of SNPs to the probability that a
window of the refined size would contain as many SNPs as the
putative recombination under the whole-genome distribution
of SNPs, and rejecting the putative recombination unless the
former probability is greater.
The initial recombination region is then masked in the focal branch and all its descendants, and the algorithm is repeated with the remaining SNP data in the focal branch until
no windows significantly deviate from the density implied by
the random whole-genome binomial distribution, or fewer than
3 recombinations remain unmasked in the branch. Finally, after
this algorithm has run through every branch in the phylogeny,
Gubbins masks all recombination regions which have passed the
likelihood threshold, and reconstructs a phylogeny, free from the
recombinant regions previously identified, and repeats the entire
algorithm. This is repeated up to 5 times by default, or until
the weighted Robinson-Foulds distance between the phylogenies
generated from any two iterations is negligible.
Gubbins has a number of limitations, most of which arise
from the fact that it relies upon a whole-genome pseudo-alignment
[129], which can only be generated with the use of a reference
genome. Many bacteria, including N. meningitids, have flexible
genomes which accumulate diversity in the form of structural
rearrangement and large insertions and deletions of genetic content, making reference-based approaches unreliable. As will be
discussed in detail in Section 2.2.2.4, inferring the pan-genome
of a collection of de novo assembled isolates can allow for a
reference-free approach to the comparative study of homologous
sequences. In this thesis, I use the method FastGEAR to detect
evidence of recombination in the aligned gene sequences of a N.
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meningitis pan-genome.
FastGEAR [131] takes individual gene alignments as input,
and as a first step identifies lineages in the alignment using BAPS
[127] and a hidden Markov model (HMM) to infer whether or not
lineages are identical and should be collapsed. If the population
structure is known from some other clustering – such as a
PopPUNK run, this can be supplied, and this first step is skipped.
Two steps of inference using hidden Markov models are then run
to detect recombination events. In the first step, each cluster
in the multiple sequence alignment is analysed separately using
a hidden Markov model on each isolate in the lineage. These
HMMs use the nucleotides at each position in the focal isolate
as the observed states of the HMM, and aim to infer the hidden
states, which are taken to be the origin of the nucleotide in
question at each position – possible origins being its own lineage,
another lineage present in the collection, and an unknown lineage
not present in the collection. The HMM is iterated, updating its
hypperparameters each time, until convergence. Positions whose
hidden states are inferred to be from other lineages or unknown
lineages at convergence are taken to be a recent recombination
from that lineage. The second, simpler, HMM is then run on
all the clusters, where the observed states are the nucleotide
frequencies at each position within clusters, and the hidden
states can take two values, identical and not identical. After the
HMM is iterated to covergence, positions where hidden states
were ‘identical’ are then taken to be ancestral recombinations
between two clusters.
Finally, FastGEAR assess inferred recombinations for significance thorough calculating a bayes factor for each putative
recombination. This is calculated using SNP densities, comparing the SNP density in recombinations compared to the SNP
density in non-recombinant sequences at the same loci.
2.2.2.3

Detecting Selection

Detecting selection in bacteria cannot rely upon many of the
sequence-statistics based methods which are used in eukaryotes,
as they often rely upon assumptions – such as free recombination
– which are not met in bacteria, particularly true for methods
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which aim to detect selection at the level of the whole genome
[9]. This has led to the development of methods for detecting
selection specifically with bacteria in mind [132, 133], and to
scan for evidence of historical selection in the whole genome of
each cluster, I use one of these methods, spydrpick [134], on the
whole-genome pseudo-alignments of each cluster.
To detect selection, spydrpick relies upon the genome-wide
epistasis study, or GWES, approach. GWES scans the genome
for highly epistatically linked single-nucleotide variants whose association is so significant that it cannot be explained by any other
factor, such as linkage disequilibrium or genetic hitch-hiking,
except for direct co-selection of a pair of variants. Spydrpick
begins with an input whole-genome pseudo-alignment, or other
sequence structures which contain information regarding the
relative locations of variants from each other, and initially reduces it to a set of variant sites. It then calculates the primary
statistic it uses to asses the relatedness between two variant
sites in the population, mutual information. Mutual information, precisely formulated in the case of discrete distributions as
q q
(x,y)
I(X; Y ) =
), where x and y are
pXY (x, y) log( pXpXY
(x)pY (y)
y∈Y x∈X

some values from discrete random variables X and Y , pXY is
the joint probability mass function of X and Y , and pX and
pY are the marginal probability mass functions of X and Y .
In effect, mutual information therefore measures the extent to
which information regarding one of the values of (X, Y ) is informative regarding the other. In a sense, it is a metric on the
extent of probabilistic independence or dependence between two
random variables. In the case of detecting selection in a genome,
these variables are sequence positions, and mutual information
measures the extent to which these bases in one variant position
are informative as to the bases in another variant position.
Of course, linkage within a DNA molecule means that many
variant positions will have relatively high mutual information,
so spydrpick uses a technique called sequence reweighting to
take this into account when estimating the joint probability in
the calculation of each variant’s mutual information. Sequence
reweighting is a technique which uses the per-site pairwise single nucleotide distance between a collection of sequences to
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assign weights to each sequence based on the reciprocal of the
number other sequences in that collection fall beneath some
threshold, which spydrpick sets at 0.1 [134]. For instance, if
five sequences had a pairwise per-site nucleotide distance of less
than 0.1 compared to the focal sequence, the focal sequence
would be assigned a weight of 0.2. In this way, it accounts for
combinations which are frequently or highly linked in the entire
collection of sequences because they generally similar and have
descended from a recent common ancestor.
Selection on one or more variants is also known to lead to
a phenomenon referred to as ‘genetic hitch-hiking’ [135] where
variation that is linked to a specific variant under selection also
appears to be under selection due to the effects of selection acting
on a linked variant. To account for these cases, spydrpick uses a
network filter algorithm called ARCANE [136], which filters out
edges in an interaction network, in this case made up of all variants with pairwise mutual information, I ≥ 0, through a simple
inequality. For each triplet of three linked nodes, x, y, x, in the
interaction network, min(I(x, y), I(x, z), I(y, z)) is deleted, and
only the greatest two links, in terms of mutual information, are
reported. When this is iteratively done throughout the network
of interactions, only a linear group of the strongest of a convoluted network of links will be reported, both removing the
weakly-linked variants and simplifying interpretation.
Finally, in order to test the significance of the discovered
mutual information links, spydrpick performs a Tukey outlier
test [137] on the distribution of mutual information values,
and reports positive outliers and extreme outliers, highly linked
variant pairs whose linkage can only be explained by co-selection.
2.2.2.4

Inferring the pan-genome

An alternative reference-free approach to the comparative study
of substantial numbers of bacterial genomes is to infer a pangenome[138] of the collection of interest. This approach typically
reduces the collection of isolates to their coding regions (though
it is also possible to extend this approach to intergenic regions
[139]), which are then manageable in an all-against-all sequence
similarity comparison, in order to find homologous genes, which
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can then be further processed. This approach, first suggested
early this millennium, has been the foundation of all pan-genome
methods which have been developed since, despite nearly two
decades of research [79]. Substantial refinements have been
made in the detection and processing of paralogous genes [140],
for instance, but these advances unfortunately did not account
for the central issue which would arise as a result of increasingly
large datasets: the errors introduced from incomplete assembly
and computational gene annotation [79]. A sequence-similarity
comparison of all genes in every sample, the starting point for
modern pan-genome inference algorithms, requires first identifying the gene regions in each sample. Short read sequencing has
vastly expanded the number of isolates that can be sequenced
but has also generally lead to a decrease in the completeness of
draft genome assemblies, due to technological limitations. Furthermore, the time and effort involved in annotating a genome
manually has meant that for any sequencing study which aims
to study more than a handful of isolates, computational genome
annotation is required in order to identify the locations of genes.
These two processes, particularly when combined, introduce
errors at very low rate, normally no more than a few erroneous
annotations per isolate. However, when combining thousands,
or even tens of thousands of isolates to infer a pan-genome
for those isolates, erroneous annotations quickly add up and
severely affect the accuracy and interpretability of the results
[141]. Despite relying on the same basic principles as most pangenome pipelines, Panaroo accounts for these errors by building
a pan-genome network based on the positions of genes in draft
assemblies across the input collection. It then uses the context of
the entire pan-genome network, therefore including information
from other isolates, in order to correct various types of error
introduced in assembly and annotation, as well as accurately
splitting paralogous genes.
To do this, Panaroo [79] first relies on cd-hit to cluster
the set of genes from all isolates into clusters [142]. These
clusters are then joined to other clusters in a network, with
genes as nodes and edges created between genes where there
is sequence evidence that two genes were on the same draft
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assembly contig in at least one sample. This forms the initial
inferred pan-genome, which is then run through a series of errorcorrection and further processing algorithms in order to produce
an accurate polished pan-genome.
The first stage of post-processing is to handle paralogous
genes – genes where two annotated genes from the same sample
are present in the same cluster. They are initially split into separate clusters for each copy in the genome, and then merged based
on their position in the pan-genome network. Nodes that either
closest or have the most similar context in the graph are iteratively merged until the final number of merged clusters is equal to
the greatest number of times the paralogous gene family appears
in the same genome. With paralogous gene families grouped
into their differing positions in the genome, Panaroo then runs
an algorithm to correct for frame-shift insertion/deletion mutations, or annotation in the wrong frame by clustering all genes
which are neighbours of genes which are connected to more than
2 other genes – sections of the pan-genome graph which are
non-linear – at the DNA level. A similar algorithm is then used
to reduce diverse gene families which occupy the same location
across many genomes, but instead iteratively clusters the sequences in the neighbourhood of a node of high degree, down to
50% identity. After these corrections, the main error-correcting
step of Panaroo is run, the removal of genes which are suspected
to be annotation errors, or contamination. Depending on the
user-specified stringency, Panaroo will iteratively delete genes
whose degree in the graph is 1, and whose existence is therefore poorly supported in the graph, with the level of support
adjustable to a user-specified stringency. In circular bacterial
genomes, it is theoretically impossible to have genes, nodes in
the graph, which are connected on a DNA molecule to less than
2 other genes. Though some regions of the genome and mobile
elements are difficult to assemble, trailing ‘ends’ of the graph
with low support, either from a single isolate or a very small
fraction of isolates, almost definitely represent mis-annotations
at the ends of draft assembly contigs, a known cause of error in
computational annotation methods [143]. Finally, Panaroo goes
on to its final error correction, finding genes which may have
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been missed by computational annotation of genomes. This
is done by extracting the assembled contig sequence for genes
where isolate is present in a neighbouring gene, but not the
focal gene. Regular expression pattern matching is then used
to search the contig for the missing sequence. Found sequences
above the percentage identity threshold are then added to the
pan-genome network. A final round of collapsing gene families
is then performed, and then the final graph is output.
Panaroo’s ability to accurately infer the pan-genome allows
it to be used on large datasets [79]. However, for datasets on the
order of 104 isolates, the initial pan-genome graph can become so
large, due to the number of annotation errors, that the algorithm
becomes prohibitively slow to run. To account for these cases,
Panaroo also includes the Panaroo-merge module, which allows
the merging of the output of several Panaroo runs on partitions
of a larger dataset, or different datasets of the same species.
This is done by clustering a reference sequence from each gene
in each pan-genome, and then merging the gene clusters from
the various pangenome based on this clustering.
2.2.2.5

Bacterial genome-wide association studies

Genome-wide association studies (GWAS) are a common and
well-established method for exploring the links between phenotypic data and their genetic determinants. Bacterial genome
variation complicates the use of GWAS methodologies in much
the same way as they complicate determination of population
structure. Furthermore, their clonal population structure complicates the use of GWAS due to the significantly increased
effect it has on background selection and genetic hitch-hiking.
Various methods have been developed over years of research to
account for these problems, and as with many issues caused
by particular patterns of inheritance in bacteria, there is no
one-size-fits-all solution – the best approach depends on the
nature of the dataset and the aim of the GWAS.
Pyseer [144] is a bacterial GWAS pipeline which implements
many different methodologies so that it may be used as a general
toolkit for bacterial GWAS. In particular, it allows association
studies to be performed as a variety of variant types including
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SNPs, k-mers, unitigs, and presence/absence matrices, with a
variety of methods – fixed effect generalised linear models and
generalised linear mixed models – for performing the association
while controlling for the population structure, and also allowing
for additional covariates to be taken into account. This flexibility
allows for easy computation of a variety of input data and
association methodology on the same data, an important method
of validating any potential significant associations.
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CHAPTER

3

The Population
Structure of Neisseria
meningitidis
Historically, the effects of within-species population structure on our understanding of evolution has been substantially
understudied. This is partially because of the dominance of
diploid, sexually reproducing organisms in studies of evolution,
but also largely a result of the presumed simplicity of population
structure in clonally reproducing organisms. However, population structure is now understood to be an important evolutionary
force in microorganisms, and hence a crucial part of understanding the epidemiology of bacterial disease. This has led to the
widespread use of early genetic techniques (such as MLST) to
categorise bacterial pathogens into ‘strains’ among researchers
and clinicians. The early era of whole-genome sequencing led
first to direct comparisons based on finished genomes [43, 101].
In recent years, as the capacity to create whole-genome bacterial
sequence data has increased beyond the point where phylogenetic inference can meaningfully describe a population, there
has been substantial interest in the development of methods to
identity the population structure of large population datasets.
An overview of the theory behind these methods can be found
in the methods section of the previous chapter. In this chapter,
I will apply those whole-genome clustering methods to identify
the population structure of the global collection of N. meningi-
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tidis. This is an essential first step in order to allow for further
analysis of these data, but is also itself an interesting area of
study. Priority questions include: What is the genetic population structure of N. meningitidis, compared to other species
with similar life histories, and how is that related to their geographical distribution? How does the population structure
change over time? How do the major lineages which make up
this population differ in terms of their epidemiology?

3.1

Whole-genome clustering to determine major lineages

3.1.1

Validating the whole-genome clustering

To determine the population structure of the global collection,
a species-level core/accessory distance threshold for lineage
partitioning in N. meningitidis was determined by running PopPUNK’s sketching and model fitting functions on 13,391 isolates
in the collection without the 1941 CDC isolates from the USA,
as they were latterly added to the collection. Those isolates were
then assigned to the previously determined model, and from
that, the entire collection of 15,332 isolates was grouped into
1262 clusters. Before discussing the clustering results in detail
however, it is important to confirm that the clustering threshold
determined by PopPUNK and then used to partition the collection into cluster lineages is accurate and biologically meaningful.
There are two ways in which we can validate the species-level
clustering of a dataset of this size, the first is to examine the additional outputs of PopPUNK, in particular checking structure
of the network of isolates joined into clusters by their relative
distance and the position of the clustering threshold in the twodimensional space of core and accessory distance. The second
way is to compare the whole-genome clustering of PopPUNK
to other methods of categorising N. meningitidis into lineages
such as MLST or core-genome clustering, though as discussed
in sections 1.2 and 2.2.2.1, these methods use less information
to draw their conclusions [78] and might therefore result in less
accurate lineage determination, either by incorrectly grouping
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Figure 3.1: Reduced network diagram of PopPUNK clustering of
the global N. meningitidis collection, consisting of ‘reference’ isolates
selected by reducing the network to a single isolate per adjacency
cliques in the full network. Clusters are arranged from left to right,
then top to bottom.

isolates together due to a recombination event, or by splitting
single lineages into multiple clusters.
Figure 3.1 shows the reduced network diagram of the 25 major lineages with over 100 isolates, where isolates within lineages
are joined together to form a network where the magnitude of
their pairwise core-accessory distance falls below the clustering
threshold. The whole network was then drawn using a forcedirected drawing algorithm, which lays out the nodes of the
graph, in this case isolates, based on the distances between them,
and due to the number of isolates, the network was reduced to
a smaller representative set before plotting. Generally, it shows
that PopPUNK has successfully found a clustering threshold
for delineating lineages within N. meningitidis – most clusters
are well formed and highly interconnected, some so much so
that they can be represented by a single isolate. This means
that the pairwise distances between most, and in some cases
all of the isolates within a cluster are underneath the lineage
delineation threshold, an important characteristic of clusters
which are biologically accurate. There are some differences in
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Figure 3.2: Plot of pairwise core and accessory distances for each
pair of samples used in the initial model determination step of
PopPUNK (13,391 isolates). Various regions of interest and the
final clustering threshold are as indicated in the plot legend. The
‘Combined decision boundary’ refers to the final clustering threshold.

the shape of the cluster networks, however, with some clusters
(3, 6, 11, 13) being more diffuse than others. This could be
due to either the inherent differences in the diversity of clusters,
or biases in how clusters were sampled, and it is impossible
to determine which factor may be most important from this
dataset alone. In either case, this is an expected outcome and
does not reflect poorly on the accuracy of the clustering.
In Figure 3.2 we see the pairwise core and accessory distances
for each pair of samples in our collection, plotted in the upper
right quadrant of Cartesian space, where the pairwise core
genome distance between samples is plotted on the x axis , and
the accessory genome distance between samples is plotted along
the y (see section 2.2.2.1 for further detail on how these distances
are calculated). On this graph, the initial clustering boundary
before network-property based refinement, the search range
for network-property based refinement, and the final clustering
threshold are also indicated as specified in the figure legend.
There are a few things which this figure tells us about both N.
meningitidis and our efforts to discover its biological population
structure. PopPUNK typically looks for a discrete cluster which
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extends from the origin and is non-continuous with the remainder
of pairwise core-accessory distances. Figure 3.2 clearly shows
that in N. meningitidis, no such straightforward boundary exists
– across the species, the pairwise difference between isolates are
continuous from 0 to their maximum extent. This suggests
that the population structure in N. meningitidis is not fixed
and stringent, but rather exists on a fluid continuum. Given
its natural competence and the knowledge that it is highly
recombinant[55, 56], this is unsurprising, but Figure 3.2 provides
direct evidence that the extent to which genetic information
is shared between different isolates in N. meningitidis makes
resolving the population structure with strict categorisation into
lineages difficult to the extent that it should not be considered
entirely possible. Instead, we might view multiple levels of
classification as accurate, and ought to determine a population
structure which is precise enough to capture relevant features of
interest while remaining biologically accurate, and also allowing
large-scale datasets to be reduced to lineages of sizes which are
more susceptible to current methods of genomic data analysis.
The network-based model refinement step of PopPUNK
does exactly this – by comparing the network properties of
the resulting clusters at different thresholds, it is possible to
assess how different clustering thresholds perform in terms of
the various aforementioned factors. Figure 3.1 demonstrates
that the final threshold succeeds in all of these areas – the
networks are well-formed and highly interconnected, and, as will
be discussed below, confirm the relatedness of common, wellstudied lineages. A final feature of Figure 3.2 which suggests that
the final clustering threshold, or ‘Combined decision boundary’
is accurate is its position away from the extreme minimum of the
search range – generating increasingly smaller sub-clusters will
always result in better network transitivity and connectedness,
while significantly reducing how informative those clusters are in
terms of the biological reality. The fact that the final threshold
for splitting isolates into clusters, or not, is not at the origin
suggests that it did not fall into this endless regression toward
the origin.
Although the output of PopPUNK suggests that the cluster-
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Figure 3.3: Core-genome distance (as calculated by PopPUNK,
section 2.2.2.1) phylogeny inferred by Fasttree, annotated with PopPUNK clusters on the branch tips, and MLST Sequence Type on
the outer ring.

ing threshold is accurate, and therefore the inferred population
structure is biologically meaningful, in order to be confident
that this is the case, the PopPUNK clustering can be compared
to what is presently known about the population structure of N.
meningitidis. As discussed in Chapter 1, the current knowledge
of the global population structure of N. meningitidis is primarily
based on the MLST method of identifying lineages based on allele patterns [10]. We expect whole-genome clustering to broadly
recapitulate the population structure suggested by MLST, with
a significant number of minor exceptions, due to recombination events which overwrite MLST genes and hence distort the
lineages suggested by MLST. Figure 3.3 indicates how MLST
compares to the PopPUNK clustering by mapping PopPUNK
cluster and sequence type onto a pairwise core distance phylogeny – and it can be seen roughly that the expected pattern
holds. The largest clusters on the phylogeny, particularly clusters 1-7, can be seen to predominantly correspond to a single ST.
Most clusters are composed of a single dominant ST (Table 3.1,
Figures 3.7-3.31) which in most cases represents more than 80%
of the isolates within that PopPUNK cluster, though there are
some notable exceptions where the dominant ST represents as
little as 25% of the isolates in a cluster – in the 25 major clusters,
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there are 4 such clusters: clusters 6, 11, 18, and 36. However,
the pattern of a single dominant ST and other STs at very low
frequency holds across the vast majority of the major clusters
where n > 100. Among the four clusters with a lower frequency
primary ST, clusters 6 and 11 are within the top 3 clusters when
ordered by number of STs present within the clusters. This is
expected if some clusters are more recombinant than others and
therefore more rapidly switch STs. Variation in recombination
rate, particularly between major lineages, is explored in chapter
4, but these initial results are enough to demonstrate that the
PopPUNK clustering of this global collection is consistent with
what is currently known about the population structure of N.
meningitidis from MLST. Not only does this further confirm
that the PopPUNK clustering threshold is indeed accurate and
biologically meaningful, it also serves to demonstrate how wholegenome clustering offers enhanced precision and accuracy when
compared to MLST methods, at the expense of a significant
computational cost. 3 of the four clusters with a main ST which
makes up less than 35% of the isolates are well-studied invasive
lineages, which have been characterised primarily as clonal complexes. Categorisation with sequence types relies on similarities
at specific allele sites, and relying on clonal complexes which
groups together isolates despite mismatches in the sequence
type can therefore miss isolates which are highly related overall
but differ at specific sites, as well as erroneously linking isolates
which are distantly related, but have the same alleles at 5 of
the 7 MLST sites used to define clonal complexes. This is exemplified in Clusters 1 and 10, for example, would be grouped
into the same clonal complex, despite falling above the same
threshold of relatedness as any other two clusters, and both
forming well-formed clusters in the distance network, Figure
3.1. Whole genome clustering, as we can see from Figure 3.3
broadly captures the same genuine population structure without
these potential pitfalls, supporting claims which suggest it offers
higher precision and accuracy.
The neighbour-joining core-genome phylogeny (Figure 3.3)
inferred by using the core genome distances calculated by PopPUNK also provides good evidence that the PopPUNK cluster-
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ing is accurate and biologically meaningful. Within the core
genome, and on the long timescale considered in a specieswide phylogeny, the accumulation of single nucleotide mutation
should, on average, accurately delineate the clonal pattern of
evolution of N. meningitidis. As such, we expect the patterns
of relatedness within the species, over long enough timescales,
to be more or less accurately represented with a branching phylogeny, with long branches separating distinct clusters. This is
precisely what is evident in Figure 3.3, where the main clusters
map cleanly onto monophyletic clades of the phylogeny, and are
separated by long branches which go deep into the phylogeny.
Interestingly, there are a number of exceptions to this, where isolates within a monophyletic clade on the core-genome phylogeny
– corresponding to a PopPUNK cluster – are clustered into a
minor cluster, and not the cluster which generally corresponds
to the monophyletic clade in question. These isolates, several
of which are particularly evident in the clade of the phylogeny
corresponding to PopPUNK Cluster 1, likely represent isolates
with substantial accessory genome divergence, causing them to
fall above the PopPUNK clustering threshold while still remaining well within the monophyletic clade corresponding to Cluster
1 in a phylogeny made with core-distances. This is most likely
caused by substantial deletion or importation of novel gene content within these isolates’ genomes, and possibly with missing
intermediary samples which would have allowed them to fall
under the clustering threshold. In any case, these isolates represent at most few interesting cases of significant gene transfer,
while overall the pattern in the core genome phylogeny strongly
supports the PoPUNK clustering as biologically accurate.

3.1.2

PopPUNK clustering results

As the PopPUNK clustering seems to accurately capture the
population structure of our global collection of N. meningitidis,
it is then possible to consider what the clustering actually reveals about the nature of that population structure. Of the 1262
clusters that PopPUNK partitioned this dataset into, 811 were
singleton clusters composed of a single isolate, and only 142 clusters contained more than 5 isolates. 25 clusters contained more
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than 100 isolates and the sizes of these clusters are shown in Figure 3.4, coloured by their continent of origin. This figure is one of
several which suggests that N. meningitidis has a complex population structure at the global level, as many clusters are clearly
primarily associated with a specific continent, despite sampling
being relatively balanced between 3 different continents, as discussed in Chapter 2. This will be discussed in detail later on in
this chapter, but it is worth noting that even this initial result
confirms the existence of a complex global population structure
with distinct patterns in different regions of the globe. Apart
from their distribution, however, the whole-genome clustering
also confirms that N. meningitidis has a complex global population structure, where many lineages within the global species
population co-exist worldwide and are separated by substantial
evolutionary divergence. Research using MLST data – particularly the fact that it is possible to reduce significant numbers of
isolates and sequence types into relatively few clonal complexes
– has also suggested that. Whole-genome data, however, provide some novel evidence for the longer-term trends governing
the evolution of N. meningitidis. In particular, the number of
singleton clusters, as well as the core distances phylogeny of
all the isolates in the collection (Figure 3.3) demonstrates that
there is an enormous well of deep, ancient diversity within the
species, and that current clusters/clonal complexes of interest
represent a substantial population increase in a small subset
of the standing diversity present within the species. Though
it is not yet possible to confirm what forces govern changes to
the composition of the species population over the long-term,
these whole-genome data demonstrate unequivocally that there
remains significant ancient diversity within the species which
has not been driven to extinction by the success of lineages
which are currently of interest due to their effect on human
health.
Despite the evidence of such diversity, Figure 3.3 also shows
how our sample of the global population is dominated by 6
lineages which contain more than 500 isolates, and therefore
make up approximately 44 % of the sample collection, shown
coloured by continent of origin in Figure 3.4. As the collection is
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Figure 3.4: Bar chart of the sample sizes of the 25 major clusters
with more than 100 isolates, coloured by continent of origin

not randomly sampled in cross-section, however, it is impossible
to know how the relative sizes of these lineages, as observed
in our sampling, correspond to their size in the current extant
global population. Cluster 1, for instance, is the well-studied
ST-11 lineage which has been responsible for many outbreaks
of invasive disease during and immediately before the period
from 2009 when most of the samples – 59.8%, Figure 2.4 –
were collected. It has therefore been the subject of substantial
interest, and as such has had the benefit of significant sample
collection and sequencing efforts. Given that it was causing
recorded outbreaks of disease, it is probable that this lineage also
underwent an expansion in its population size during this period
– however, it is, and will be, extremely difficult to differentiate
these two effects. Similar circumstances apply for most of the
major clusters – discussed throughout Section 3.2 – so in general,
and unfortunately, it is not possible for this dataset to reliably
inform us regarding the true frequencies of these various lineages
within the global N. meningitidis population. Given the sharp
decline in the sampled sizes of the minor clusters, however, we
can say with relative confidence that the recent global population
consists of these samples. Furthermore, while the biases in our
sampling do complicate our ability to draw robust conclusions,
PopPUNK clusters do tend to be primarily associated with a
single continent, with the exception of clusters 1 and 10, which
are likely well-sampled across multiple continents due to the
intense public health interest in these lineages. The extremely
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Figure 3.5: Bar chart of the sample sizes of the 25 major clusters
with more than 100 isolates, coloured by the disease, or lack thereof,
caused in the host at the time of isolation

strong association in the remaining lineages with one of the
three main continents sampled in this dataset (Africa, Europe,
and North America) seems to suggest that despite the highly
non-random nature of the sampling, there still remain distinct
population dynamics in different parts of world. That the
continent with the most carriage isolates – Africa – has three
large clusters which are located almost exclusively within it and
barely detected in Europe or North America further supports the
suggestion that geography is extremely important in determining
the population structure and dynamics of N. meningitidis, as it
is generally believed that most of the population does not cause
disease. The accumulated carriage sampling here suggests that
it may also evolve quickly and in ways which are not readily
discernible from sampling disease-causing isolates.
The PopPUNK lineages in this collection do show a substantial tendency to be associated with either causing meningococcal
disease, or being found in carriage (Figure 3.5). However, again
due to the imbalanced sampling of the dataset, isolates collected
in Europe, Asia, Oceania, and South America are predominantly
disease isolates, and isolates collected in Africa and North America are predominantly carriage isolates (Figure 2.4). This makes
it difficult to disentangle the effect of the geographical sampling with propensity for causing invasive disease. Despite this,
apart from clusters 1 and 8, the remaining 25 major clusters
are strongly associated with either carriage or invasive disease.
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Figure 3.6: Bar chart of the sample sizes of the 25 major clusters
with more than 100 isolates, coloured by their in silico genogroup

It is well known that certain lineages of N. meningitidis are
associated with causing invasive disease, and the whole-genome
data here similarly serve to illustrate this.
The samples in this collection date back to 1915, with 24
isolates having been collected before 1950. None of these isolates,
however, are clustered among the 25 major clusters, and the
earliest sampling from among the major clusters dates to 1959.
Of the 748 isolates collected before 1975, fewer than half of the
isolates (360) are clustered together with the major 25 lineages,
and these 360 isolates are found in only 12 of the 25 major
lineages – 1, 2, 5, 7, 8, 10, 12 ,14, 18, 27, 29, and 36. The
earliest year of sample collection in the remaining major clusters
ranges from 1975 to 2012. Though they are not as definitive as
molecular evolution dating methods, phylogenetic estimates of
the date of the most recent common ancestors of these lineages
(Table 3.1) suggest that this is generally not unexpected as most
lineages have recent common ancestors (discussed in depth in
section 3.2). Regardless, the fact that most of the lineages which
have been sampled and sequenced recently are not or barely
represented in the collection prior to 1975, strongly suggest that
changes to the population structure of N. meningitidis occur on
a timescale which is observable within a human lifetime. This is
a somewhat unexpected result, as MLST data for samples from
that time period have suggested that many of the contemporary
disease-causing lineages have existed for as long as we have had
typeable isolates. In our collection, for instance, the ST-11, ST-
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4, ST-32, ST-41/44, ST-1, and ST-4240/6688 clonal complexes
are all represented by multiple isolates in the pre-1950 isolates.
The whole genome data is very clear in this regard, however,
and none of these isolates fall below the core-accessory threshold
for clustering with any of the major clusters, and instead are
grouped into 19 minor clusters, among which the most recent
isolate was sampled in 1966. These facts, combined, do not point
to an obvious causal origin for the shift in population structure
and seeming replacement of lineages which has occurred over
the time frame of our isolate collection, but it provides strong
evidence that such a shift has indeed occurred.
Examining the population structure in the different regions
provides further evidence that the populations are different
in different parts of the globe. In the three main continents
where we have sufficiently thorough sampling, Europe (n =
5862), Africa (n = 5476), and North America (n = 2115),
we see populations which share some common lineages, but
are generally quite distinct. 826 different clusters are found
in Europe, whereas only 215 were found in North America,
and 100 in Africa. Among these clusters, 696 – 84% of the
total number found in Europe – were unique to Europe, 68
– 68% of the total number found in Africa – were unique to
Africa, and 147 – 68% of the total found in North America –
were unique to North America. Of the 25 major lineages, 23
were present in Europe, 20 in North America, and 18 in Africa.
One major lineage, Cluster 11, was only found in Europe and
another, Cluster 9, was only found in Africa. These results
suggest two things: first, that the number of lineages detected
in a given region is primarily driven by the breadth of sampling
temporally. Europe, where the earliest sample in this collection
dates to 1934, and North America, where the earliest sample in
this collection dates to 1915, have a higher number of different
lineages despite there similar or smaller sample size to Africa.
Secondly, these results suggest that the current diversity is
no more isolated or unique in any particular region. It has
long been suspected that the population of N. meningitidis in
the meningitis belt must have different evolutionary dynamics
and consequently, population structure, to the population in
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the rest of the world[10, 71] due to the substantially different
epidemiology of meningococcal disease in the meningitis belt, but
the population structure seen in this global collection does not
support that view. Africa remains under-sampled, particularly
due to the historical samples available in other regions which
likely account for the higher numbers of unique lineages identified
in Europe and North America, but the level of unique diversity
in Africa remains comparable to elsewhere. Furthermore, each
continent has a different set of major lineages, and in this regard
the population sampled in Africa is similarly unexceptional.
One of the largest contiguously sampled datasets, in both
space and time, within this global meta-collection is the newly
sequenced collection of 2838 isolates from Burkina Faso, collected from 2009 to 2012 in three regions of the country. Section
2.1.1.3 fully describes the detail of how the isolates were collected, but briefly, it is a carriage collection of collected from
healthy volunteers over a period of 4 years. We observe such a
deeply divergent population structure over the whole collection
but is this maintained within Burkina Faso as well? In short,
yes. The collection of 2838 isolates is dominated by one large
cluster making up 47.67% of isolates (1353), and generally is
composed of 9 clusters which have more than 10 isolates, 8 of
which are represented in the 25 major global lineages. In order of
their size within the Burkina Faso dataset, these are the clusters
2, 5, 1, 9, 16, 8, 4, 29, and 34. Though no other constituent
dataset is as large, regional subsamples echo the trend of having
a subset of major global lineages in local populations, but at
different frequencies from each other, and the frequencies within
the global sample collection. Much like distribution of lineages
across the different continents, this is further evidence to suggest that the complex population structure of N. meningitidis
is extremely localised. Though different regions may contain
isolates from some shared lineages of the species, their relative
proportions and the presence of some unique lineages means that
the interactions between lineages will not necessarily occur in
the same way, leading to the emergence of differently structured
regional populations.
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Figure 3.7: Whole-genome phylogeny of Cluster 1 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/cwHXXJCX9V8PvVKe9tq2sz

3.2

Population structure within the
major lineages of Neisseria meningitidis

Cluster 1, the largest cluster present in this collection, corresponds to the very well-studied serogroup W ST-11 clonal
complex lineage which iss a major cause of invasive meningococcal disease around the world. It is possible that it is the
largest or one of the largest lineages of N. meningitidis extant
today, but its size without a doubt also reflects a bias in the
samples collected and sequenced for study. It is impossible to
know for certain the size of that effect, but we can speculate
based on the structure of the tree (Figure 3.7) which suggests
that approximately half of the 2161 isolates – 1267 – are part of
a large, closely related outbreak as they are for the most part
connected by very short branches. That said, however, their localisation to Europe and Africa means that these short branches
may be accurately reflecting reflect a growth in their census
population size after introduction into those two regions [65, 68].
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Putting aside question of the relative size of this lineage within
the greater N. meningitidis population, the tree also reflects the
existence of more substantial evolutionary distances between
clades within this lineage. The ‘outbreak’ clade of this phylogeny
is restricted to Europe and Africa, and to sampling between the
years 2000 and 2017. The lineage, however, contains isolates
from 6 continents, and 48 different years between 1960 and 2019.
The sampling is generally fairly well-distributed as well, with
a significant peak around 2011 and 2012, where 660 and 328
isolates respectively were collected and therefore make up just
under half of the cluster, but only two other years had more than
100 isolates collected (2017 and 2018), meaning the remaining
1000 isolates are split across 44 years in counts of less than 100
per year. Isolates collected in Africa also dominate the collection
(1254) but a significant number also originate in Europe (690),
with the remainder spread across North America, Oceania, Asia,
and South America. The single largest country sampled within
this lineage is the UK, but the countries of the meningitis belt
are also generally well-sampled, particularly Burkina Faso, Niger,
Mali, and Senegal. These 5 countries account for approximately
77% of all the isolates within this lineage, with the remaining isolates spread across 33 different countries. Interestingly,
some isolates collected in the same country within 1-2 years
from another are actually part of different and relatively distant
clades on the phylogeny, suggesting the existence of population
structure within this lineage. This is particularly evidence in
recent (> 2015) European and particularly UK isolates, which
can often be found contemporaneously in distant parts of the
tree.
Unlike the distribution of isolates across different countries,
the distribution of genogroups across the phylogeny follows the
expected trend of relatively few switching events. Genogroup W
is, as expected, the dominant genogroup in this lineage accounting for 84.87% of isolates, but there are significant numbers of
genogroup C (12.91%) isolates as well, and notable numbers of
genogroup Y and B isolates – 25 and 24 respectively, corresponding to 1.133% and .9968% of the isolates in the lineage. They
are generally grouped into closely related lineages, however, in
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line with the expectation that capsule switching is a relatively
rare occurrence. The same can generally be said of switches in
sequence type, though they do not always appear to be grouped
as tightly as the switches in genogroup. There exist 46 different
sequence types within this cluster, as well as 70 isolates with an
allele pattern which did not match any of the currently defined
sequence types.
Although Cluster 1 is generally associated with disease and
is frequently referred to as a hyperinvasive lineage [10], it is
actually primarily represented by carriage isolates in the amalgamated global collection, with 53.65% of isolates in this cluster
have been collected from cases of healthy carriage. This likely reflects a sampling bias which saw the collection of many carriage
samples particularly through the three large carriage collections
in the meningitis belt when this lineage was present at a relatively high frequency in the local population of N. meningitidis.
This does naturally lead to the question as to whether or not a
lineages are inherently more likely to cause disease, as is often
suggested [10], or if an observed bias in disease cases toward a
certain lineage may also partially reflect the fluctuations in the
population dynamics of N. meningitidis. Regardless, the shape
of the whole-genome phylogeny clearly demonstrates that the
isolates collected from Cluster 1 form what we might describe
as an ‘outbreak’ cluster, with a population structure which
generally is in line with what we would expect from a clonal
organism. Older isolates tend to form out-groups of the phylogeny, and more inward isolates tend to be more recent isolates
forming monophyletic clades in based on local geography. This
is particularly true of the large monophyletic clade found only
in the meningitis belt in the centre of this cluster, though it is
true of many smaller clades in different regions as well. This is
consistent with the most recent common ancestor of this cluster
being dated to around 1934.47 (CI: 1930.6-1937.4). This is somewhat more recent than is expected based on epidemiological
history and sequence type data, but those data may reflect sister
lineages within this cluster which have now gone extinct, and
the current extant diversity of Cluster 1 dates back to a single
isolate sometime in the first half of the 20th century.
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Figure 3.8: Dated whole-genome phylogeny of Cluster 2 annotated with continent and year of collection, plotted alongside
the Sequence Type and Genogroup of each sample. An interactive and extended version of this figure is available at the following uniform resource locator: https://microreact.org/project/
4gd5k8ndjM5WRnhSwwaRFz

Cluster 2 makes a sharp contrast from Cluster 1, as it is very
much more localised in space, being found almost entirely within
Africa, with only a single isolate being found elsewhere, in the
Czech Republic. Even within Africa, the vast majority of isolates
(1370, or 95.67%) were collected in Burkina Faso. The lack of
diversity in genogroup is therefore unsuprising; every isolate
was found to be genogroup X after in silico genogrouping. The
pattern among STs is also low diversity; there are only 7 different
STs found in the collection, along with 8 isolates with allele
profiles not found in the current database of N. meningitidis
sequence types. Interestingly, and in contrast to the pattern
in Cluster 1, switches in ST are generally distributed across
the phylogeny (Figure 3.8), particularly the switch between
ST-181 and ST-5789, seen many times in Figure 3.8. Given the
collections from which these isolates originate, the overwhelming
majority of isolates within this lineage are carriage isolates,
98.53% of all isolates for which there is disease metadata. The
disease isolates are from Chad, Togo, and the Czech Republic,
and some from Burkina Faso contemporaneous with the carriage
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collection.
The fact that this lineage is so dominated by Burkina Faso
makes interpretation much more straightforward, as there are
relatively few isolates which are not part of that collection.
The next most frequent country of origin in this dataset is
Ethiopia, with 59 isolates (21 of which were high-quality enough
to be in the whole-genome phylogeny) then Chad, Togo, and
the Czech Republic with a single isolate each. Most of the
isolates in Cluster 2 were sampled between 2009 and 2012, as
expected given the dominance of the Burkina Faso dataset
within this lineage. The remaining isolates are sampled in 2014
(the Ethiopian isolates), 2016 (the isolate from Togo) 2013,
(the isolate from Chad), and 1970 (the isolate from the Czech
Republic). Reassuringly, the isolate from the Czech Republic in
1970 is an outgroup to the rest of the lineage, and close to the
root of the phylogeny. The phylogeny then has a major split into
the large clade which contains most of the Burkina Faso isolates
and the isolate from Togo, and a number of smaller clades.
One of the smaller clades consists entirely of the isolates from
Ethiopia, while another is a mixture of 46 isolates from Burkina
Faso and the isolate from Chad. Based on the distribution
of isolates across their countries of origin in this dataset, it
seems very likely that Cluster 2 is relatively rare globally, and
highly over-represented in our dataset due to the scale of the
Burkina Faso collection, which was sampled at a very specific
point in time when there was a significant outbreak of this
lineage in the local population. Still, the existence of long
branches between different clades in this lineage, one of which
is present in only Burkina Faso, another in both Burkina Faso
and Chad, and another only in Ethiopia, combined with the
branch near the root dating to 1970 and found in the Czech
Republic, lends enormous support to the population structure
suggested by the overall clustering of the entire global collection,
that many minor lineages persist at low frequency in different
populations, and occasionally expand significantly. The lack
of any samples in this lineage from beyond 2016 is surprising
given its size in the collection, and suggests that it has once
again declined in relative frequency within the population after
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Figure 3.9: Whole-genome phylogeny of Cluster 3 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/7bBGQ44sqvUVCpxsFyNjwC

the outbreak, in keeping with the current thinking regarding
this lineage of N. meningitidis. Within the cluster itself, the
structure of the phylogeny again supports the suggestion that
this cluster has undergone a large clonal population expansion,
with the outgroup of the entire cluster being geographically
and temporally distant, and recent clades within the phylogeny
showing geographical structure. The estimated date of the most
recent common ancestor supports all of the above as well, with
the time estimated around 1967.91 (CI: 1966.85-1968.81).
In terms of sequence types, Cluster 3 is enormously different
from Cluster 2, having the most sequence types present of any
cluster, 138 different STs. The primary ST, ST-41 makes up
38.48% of isolates, and the next most prevalent ST, ST-485,
makes up only 6.129% of isolates. There is frequent switching
between STs, and it is generally not localised to monophyletic
clades, instead ST switches are frequently spread out over the
entire phylogeny. This echoes what is known about the ST41 clonal complex, which is known to be especially diverse in
terms of ST, but seeing their distribution on a phylogeny underscores the extent to which that diversity is driven by consistent
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switching between alleles at MLST sites. In terms of serogroup
diversity, Cluster 3 is more normal, with one genogroup-level
switch to genogroup C in a UK-sampled lineage from 2018 and
2019, and two separate switches to genogroup Y in distantly
related UK isolates sampled from 2010 and 2012. There are also
two clades which were non-groupable in silico, having apparently lost the genes required to produce capsule. Cluster 3 is
so dominated by isolates sampled from cases of invasive disease
it is difficult to draw any conclusions from their distribution
across the phylogeny, with only 3.941% of isolates having been
collected from healthy carriage infections, primarily from the UK
but also including 1 of the 2 US isolates. This likely primarily
reflects a lack of concurrent carriage sampling in these regions
as opposed to any biological phenomena.
From the perspective of the geographical origin of the isolates
in Cluster 3, it is perhaps unsurprising that so much diversity is
observed within the UK. The vast majority of the isolates in this
lineage were collected in Europe (793 isolates making 96.35% of
the lineage), within which the UK was the single largest source
of isolates (479) followed by the Netherlands (261) and Ireland
(41). In addition to the UK isolates, 23 isolates were collected in
Oceania (22 in New Zealand, 1 in Australia) 2 in North America
(USA), 2 in Asia (Israel), and 1 in Africa (Réunion). There
is some temporal diversity in the non-European isolates, they
range from 1991-2016, but that is dwarfed by the temporal
diversity found the European isolates present in the collection,
which were sampled in 36 years between 1982 and 2019, with
the only year in which no samples from this lineage were collected being 2003. Most of the samples were collected between
2010 and 2012, with 68, 114, and 88 samples having been collected in those years, respectively. That said, the spread of
sampling is generally very good, with substantial numbers being
collected between 1998 and 2001, as well as 2017 and 2019. The
imbalanced sampling between different regions does reveal an
interesting pattern, however, where contemporaneously sampled
isolates from the same country are quite separate in the phylogeny, and nested within clades separated by long branches,
particularly evident in the isolates from New Zealand, at both
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Figure 3.10: Whole-genome phylogeny of Cluster 4 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/4xEvHVpyjYMp5T4gmt6tB8

points of sampling, as well as the couple of isolates from the
Czech Republic and the United States. This is a further illustration of the existence of population structure within the lineages
of an already deeply structured population at the species level.
Perhaps the most interesting aspect of the Cluster 3 phylogeny,
however, is its outgroup, two isolates from the UK, sampled in
1998, which exist isolated on a long branch away from the rest
of the phylogeny. Unlike the distant outgroup in cluster 2, the
outgroup isolates here are contemporaneous and co-localised
with a great deal of other isolates, and were sampled at the start
of a period of relatively intense sampling (1998-2001). Despite
this, the monophyletic lineage containing these two isolates has
apparently gone extinct. The most recent common ancestor of
all the isolates is unreasonably distant in the past, with the
estimate dating to 1783.1, with a confidence interval of over a
hundred years between 1702.93 and 1826.79, additional evidence
that within Cluster 3 there are a number of deeply divergent
lineages, and a complex population structure.
Unlike Cluster 3, Cluster 4 is composed almost entirely
of carriage isolates, at around 99.87% carriage, with only a
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single disease isolate. This primarily reflects the geographical
origin of the isolates, which almost entirely come from the
meningitis belt, apart from two exceptions, one isolate collected
in the United States, and one isolate collected in Malawi. Niger
and Ethiopia are the origin of most of the isolates, 375 and
269, respectively, with smaller numbers from other meningitis
belt countries: 90 from Burkina Faso, 41 from Mali, 15 from
Ghana, 7 from Chad, and 1 from Senegal. As these isolates
were all primarily collected in large-scale carriage surveys of the
meningitis belt, their temporal spread is also relatively minimal,
ranging from 2009-2015, with samples collected in every year
apart from 2013.
Possibly in part due to the relatively narrow sampling window
compared to Clusters 1-3, Cluster 4 is much less diverse in terms
of sequence types and genogroups. The majority of isolates
(97.54%) in Cluster 4 have sequence type ST-192, with a few
isolates with different ST, and 2 isolates with allele profiles not
found in the pubMLST database. All of the Cluster 4 isolates
apart from one were non-serogroupable with SeroBA, apart from
a single serogroup A isolate. The distribution of STs on the
phylogeny is largely as expected, with switches to different STs
from ST-192 being largely restricted to specific areas in the
phylogeny. The shape of the phylogeny in general, however, is
somewhat unexpected given the phylogenies examined so far.
Two large monophyletic clades make up the phylogeny, with one
clade containing the all the isolates from Ethiopia, 40 isolates
from Burkina Faso, an isolate from Niger, and the isolate from
Malawi, whereas the other isolate consists of the remainder of the
isolates from the meningitis belt, and the single disease isolate
from the United States. In the other phylogenies examined
thus far, the phylogeny has not been so clearly divided into two
monophyletic lineages, and despite the evidence of population
strucutre in Cluster 3, Cluster 4 seems to be an even more
profound illustration of the extent to which a single cluster can
have internal population structure. The date of the most recent
common ancestor in Cluster 4 is similarly unresolvable, with
an estimate in the 17th century and again a confidence interval
of over a hundred years. Our understanding of the population
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Figure 3.11: Whole-genome phylogeny of Cluster 5 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/fJMqp8Jxwawhb2NH5iQMBd

structure in Cluster 4 might also be confounded the narrower
sampling window, though apart from a single isolate collected in
1970, Cluster 2 has a very similar temporal spread, suggesting
that this cluster might simply consist of two primary lineages.
Finally, a minor aside, the existence of two geographically distant
isolates on long, single branches of phylogeny as outgroups of
an internal monophyletic clade – in this case isolates located in
Malawi and the US – underscores the importance of sampling
as much as possible from different geographical regions. Though
this cluster seems to be primarily endemic to only the meningitis
belt based on our collection, it is possible that this is driven
entirely by insufficient sampling in other regions.
Compared with Cluster 4, Cluster 5 seems much more globally distributed, though in this collection the majority of its
isolates were still collected in Africa (540). Nonetheless, 102
isolates were collected in Europe, 17 in North America, 11 in
Asia, and 1 in Australia. Most African isolates are from Burkina
Faso (538, two from Ghana), whereas the European isolates
are mostly split between the UK (57) and Sweden (34). The
isolates in this cluster have been sampled from 31 different years
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between 1970 and 2019, though most of the sampling is from
2009 and 2011. The spread of geographical origin and year on
the phylogeny serves to underscore its most notable feature – in
contrast to Cluster 4, the phylogeny of Cluster 5 is made up
of one large monophyletic clade, and several smaller outgroup
clades separate from the monophyletic clade which includes
most isolates (around 85%), and more similar to the shape of
the phylogenies of Clusters 1, 2, and 3. The large monophyletic
clade and its immediate sister clade contain isolates from most
of the sampling locations, apart from five isolates sampled from
the United States in 1970, an isolate collected in 1970 in Canada,
two Japanese isolates from 1982 and 1984, an isolate from Israel
collected in 1992, and 8 isolates collected between 1995 and
2005 in Sweden. These disparate isolates do not form a single
monophyletic cluster, instead they form several monophyletic
clusters generally linked by geography – the Swedish isolates,
for instance, form a single monophyletic cluster – but they, like
minor lineages in the other clusters, point toward a feature not
generally noticeable when observing the entirely global collection as a whole, that there appears to be monophyletic lineages
within the global clusters which have gone extinct. Much like
in Cluster 3, where one of the apparently extinct outgroup lineages overlapped in space and time with the main lineage which
continued to be sampled, in this cluster the sampling in Sweden
continues to 2010, isolates from both the main clade and the
outgroup clade are sampled between 1995 and 2005, after which
no more outgroup clade isolates are detected, in any part of
the global collection. Despite this apparent complex population structure within the lineage, Cluster 5 has an estimaed
most recent common ancestor in 1967, precisely 1967.12 (CI:
1966.75-1967.41), supporting the suggestion that the population
structure observed is likely relatively recently arisen and does
not reflect a divergent and complex population structure within
the lineage.
The ST diversity in Cluster 5 consists of a number of switches
of ST generally in line with expectations. The main lineage
is mostly made up of ST-4375, which makes up 78.43% of the
Cluster as a whole, while its sister lineage and the outgroup
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Figure 3.12: Whole-genome phylogeny of Cluster 6 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/qArNBsKamTLbYiagt2fSZL

lineages are primarily ST-23. There is absolutely no serogroup
diversity with this cluster, with all isolates being identified
as genogroup Y or not possessing sufficient read depth to be
genogrouped in silico. Finally, Cluster 5 is primarily made up of
isolates sampled from healthy carriage, which make up 88.47%
of sampled isolates. There are 71 isolates sampled from disease,
fairly well spread across the phylogeny apart from the portion
of the main clade which is made up of carriage isolates from
Burkina Faso.
Cluster 6 is another extremely diverse cluster in terms of
the sequence types present within, with 76 different sequence
types present and 17 isolates with allele profiles not found
in the database. The most common sequence type is ST-32,
which includes only 31.70% of isolates, and the next two most
common STs, ST-33 and ST-34 make up 17.6% and 11.45%
of the cluster’s isolates, respectively. Their distribution across
the phylogeny does show distinct phylogenetic grouping, that
is to say that there are multiple monophyletic clades of several
isolates of a given sequence type, their distribution is highly nonrandom across the tips of the phylogeny. The same is true of the
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serogroup diversity, though there is generally much less diversity
in the in silico genogroups than in sequence types. 95.83% of
isolates are genogroup B, with only 17 being non-groupable, 12
genogroup C, and 1 genogroup Y. The genogroups are generally
distributed in monophyletic clades, with the non-groupables in
particular forming a single clade of US isolates. Serogroup B
isolates of the major sequence types identified within Cluster 6
have previously been identified as sequence types likely to cause
disease, and perhaps as a result of both the propensity to cause
disease and the increased interest in studying disease cases, a
substantial majority of the isolates – 88.70% – in Cluster 6 have
been collected from cases of invasive disease.
Perhaps related to their serogroup diversity, Cluster 6 isolates
also span six continents, though the isolates were predominantly
collected from Europe – 137 from the Netherlands, 127 from
the UK – and North America, with 113 isolates having been
collected in the United States, four from Canada, and 31 from
Cuba. Notably, Cluster 6 has the largest number of South
American isolates of the 25 main clusters, with 66 isolates
from the continent, 35 from Brazil, 16 from Chile and 15 from
Argentina. Smaller numbers of isolates in this cluster were
collected from Africa, Asia, and Oceania. None of the four
Africa isolates are from the meningitis belt, however, they were
collected in South Africa and Réunion. With so many isolates
being from the Global Archival collection, Cluster 6 also has a
substantial sampling window, with isolates having been collected
every year except 2013 from 1975 to 2019, inclusive. Regardless
of the number of samples obtained from a country or their
temporal spread, isolates from almost every country are well
distributed across the phylogeny, apart from the Maltese isolates,
which form a single monophyletic clade. Again, a striking feature
of the Cluster 6 phylogeny similar to Cluster 4 is a deep split
between two different two sister clades which make up the
entirety of the phylogeny. The two clades in Cluster 6 are not of
roughly equal size, as they are in Cluster 4, but both are spread
over several continents, and both contain contain sequence type
and serogroup diversity. Unlike Cluster 4, however, the date
of the most recent common ancestor is not inestimable from
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Figure 3.13: Whole-genome phylogeny of Cluster 7 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/dZYaayKgh21RzPeALYE1Y7

the phylogeny, though it is on the borderline of what can be
predicted accurately, with a confidence interval of around 45
years, the tMRCA of Cluster 6 is expected to be around 1902.73
(1880.65-1915.71). Though it is difficult to be confident of that
date itself, It does provide good evidence that the population
structure observed with the two sister lineages which make
up this cluster is likely to have arisen in the past century, as
opposed to the more deeply divergent population structure found
in Clusters 3 and 4.
Cluster 7 is much less diverse in terms of sequence types
and genogroups, with only 26 different STs present, and no
genogroup diversity, with 100% of isolates which had enough
sequencing coverage to genogroup being identified as genogroup
Y. 60.11% isolates in Cluster 7 are identified as the sequence
type ST- 1655, with the next most prevalent sequence type being
ST-23, accounting for around 25.81% of isolates in the cluster.
Similar to Cluster 6, Cluster 7 is primarily made up of disease
isolates, with only 9.3% of isolates having been collected from
carriage infections. The geographical and temporal distributions
of the origins of the isolates in Cluster 7 are also similar, with
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isolates in Cluster 7 having been collected primarily in Europe
(91.15%), with 359 of those isolates originating in the UK, 58 in
Sweden, and 13 in Ireland. A smaller but still notable number of
isolates, 22, were collected in the United States, two in Australia,
and one in South Africa. The temporal overlap is similar as well,
with isolates ranging from 1970-2020. This similarity is only
superficial, however, as unlike Cluster 6, there is a substantial
gap in the sampling between 1971 and 1992, which was not
present in Cluster 6. Most of the sampling is again between
2009 and 2012, and 2017 and 2019.
The distribution of isolates from different times and locations
across the phylogeny recapitulates many of the patterns seen
in Clusters 1-6. Isolates from the same geographical region are
often dispersed across the tips of the phylogeny, suggesting the
existence of either a complex population structure, or rapid
migration similar to Cluster 1. There is also the existence of a
sister, outgroup clade made up of 26 isolates, sampled in the
UK and Sweden between 1995 and 2009, further indicating that
there may be some deeply diverged population structure within
this cluster as well. Despite the existence of such an outgroup
clade, however, the date of the most recent common ancestor
of this lineage, 1970 (CI: 1969.26-1970) suggests that what
structure exists is likely to have arisen very recently, indeed
from an most recent common ancestor similar to the isolate
collected in 1970. This gives us some idea of how long it takes
for population structure to develop in N. meningitidis, and it
seems that even under conditions of sympatry, distinct lineages
can emerge within 20-30 years.
Cluster 8 is one of the few clusters which is relatively balanced
in its composition between carriage and disease isolates, with
42.93% isolates having been collected from healthy carriage.
Isolates from carriage and disease are not particularly well
mixed, but this is likely to be due to their different geographic
regions and dates of isolation. Carriage isolates were mostly
collected from the meningitis belt of Africa, in particular from
Burkina Faso (121 isolates), Chad (96), and Ghana (65), with
smaller numbers in Mali (26), Guinea (4), and Niger (1). There
are also sporadic samples from parts of Africa other than the
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Figure 3.14: Whole-genome phylogeny of Cluster 8 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/5EDxMq6KjkUkBiPHeK497f

meningitis belt, with 8 isolates from 3 counties in Southern
Africa, and 4 isolates from 3 countries in central Africa. Other
than the African isolates, Cluster 6 includes 62 isolates collected
in Europe, primarily from Norway (28) and Sweden (22), but
also from Denmark, the Netherlands, France, Russia, and the
UK. Cluster 8 also includes 8 isolates from Asia (China and
the Philippines) and 7 isolates from Brazil. 35 years between
1960 and 2018 are represented in the sampling, and as with the
collection as a whole, the majority of the sampling is around
the late 2000’s and early 2010’s with 2009 and 2011 having the
most isolates per year (83, 67 respectively). The isolates are
generally well spread between 1970 and 2014, with the biggest
gap in sampling between 1990 and 1995.
Cluster 8 predominantly consists of genogroup A isolates
(99.78%) though there is also one non-groupable isolate. Despite
the lack of genogroup diversity, there is some diversity in sequence types, where Cluster 8 is made up of 7 different sequence
types. The most common is ST-2859, making up 37.39% of
Cluster 8, followed by ST-7, making up 19.66%, and ST-5, at
7.69%. The sequence types are generally distributed in line with
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common ancestry in the phylogeny, with different STs making
up generally monophyletic clades of many isolates. Unlike the
distribution of countries across the phylogeny of Cluster 7, in
Cluster 8 countries also tend to be distributed this way, with
the exception of some of the meningitis belt countries, which
are more intermixed with one another, in a pattern which suggests that there is not the same deep diverge between different
lineages within this cluster. Despite this, there is also an outgroup clade in Cluster 8, consisting of 20 isolates sampled in the
Nordic countries between 1970 and 1978, contemporaneous with
other isolates in the main clade, suggesting that even in clusters without strong evidence of an internal globally-distributed
population structure, there seems to be evidence that there are
sub-lineages sampled in historical sampling which have either
gone extinct or are generally undetectable in contemporary sampling. There is an additional isolate, unfortunately without
geographical or temporal data, which is on a long branch very
distant from the rest of the cluster this isolate likely represents
a minor isolate sampled from the otherwise unsampled diversity
of Cluster 8, hinting that the population structure may be more
complex than our current sampling reveals. Unfortunately, it is
also likely this sample on a distant branch renders the accurate
dating of the most recent comon ancestor of the lineage impossible, giving a confidence interval of nearly 100 years, with the
estimate being 1802.3 (CI: 1745.45-1841.55).
Cluster 9 is unique among the 25 clusters in that all 427
of its isolates were collected in meningitis belt, predominantly
in Burkina Faso and Ghana – from which 193 and 188 isolates
were collected, respectively, but also from Niger, Mali and Chad,
where 24, 21, and one isolate were collected. Despite the limited
geographical distribution of the isolates in this cluster, their
temporal distribution is more diverse than expected, ranging
from 1978 to 2012. Though most of the sampling, as with the
entire collection, is between 2008 and 2012, small numbers of
isolates were collected in 2006, 1997, and a single isolate in
1978. Unsurprisingly given the lack of diversity in the isolates’
geography, there is also very little diversity in the sequence
types and genogroups which make up Cluster 9, where 99.77%
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Figure 3.15: Whole-genome phylogeny of Cluster 9 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/n1JzowU9pQ9SCuLQgDV5fe

of the isolates in the cluster are genogroup Y isolates, with
a single non-groupable isolate, and 95.84% of the isolates are
typed as ST-2881, with 3 other sequence types making up the
remaining 4% of isolates, and one isolate in the cluster which
had allele patterns which did not match any of the sequence
types currently in the database. Also given the sampling, it
is unsurprising that the majority of isolates in Cluster 9 are
carriage isolates, 92.81%. Despite this collection’s bias toward
carriage samples in the meningitis belt there are 30 isolates in
this cluster collected from cases of invasive disease.
The distribution of sampling dates and locations across the
phylogeny of Cluster 9 is exactly as one would expect for a clonal
lineage of bacteria with the straightforward population structure
that implies. The oldest isolate, collected from a case of invasive
disease in Burkina Faso in 1978, is the outgroup to the entire
collection, which we would expect if there were no deep divergences or other complex population structure. Not only is the
oldest isolate the outgroup to the entire lineage, the outermost
group of the sister clade to the outgroup contains the three
second-oldest isolates, collected in 1997. Further, while there
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Figure 3.16: Whole-genome phylogeny of Cluster 10 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/umuo5d3uxK3vmJYF5Mu7hn

are some isolates which have inconsistent geography given their
location on the phylogeny, these are likely to simply represent
migration events, as in general isolates from each country form
one or more monophyletic clades. The most recent common
ancestor of the lineage is also estimated with high confidence to
have been in 1975.94, (CI: 1975.04-1976.61), suggesting a recent
population expansion. All of this is consistent with Cluster 9, or
at least the isolates we have sampled of it, having a simple clonal
population structure, and combined with its highly localised
geography, it seems that it potentially represents a lineage which
formerly existed at very low frequency in the meningitis belt,
much like many of the hundreds of minor clusters in the global
collection, before expanding substantially before or around the
time period where much of the sampling in this collection took
place.
Cluster 10 is primarily split between North America and
Europe, with 287 of its isolates having been collected in North
America, and 286 in Europe. Smaller numbers were collected in
Oceania – 51 in Australia and one in New Caledonia, Africa –
one in Niger, Asia – two in Israel, and one isolate in South Amer-
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ica, in Brazil. Within North America, the sampling is almost
entirely from the United States, with three isolates from Mexico
and the remaining 284 from the US. 10 countries are represented
in the samples from Europe, but the sampling is dominated by
the Netherlands, with 121 samples, the Czech Republic, with
76, and the UK, with 73. Alongside their geographical distribution, there is a significant spread in the temporal distribution
of Cluster 10 isolates as well, which have been collected in 42
years between 1959 and 2019, with consistent sampling from
1991 onward, 2015 being the peak of the sampling with 137
isolates collected within that year. Perhaps unsurprisingly given
that the sampling in Cluster 10 is focused on regions where the
amalgamated collection consists mostly of disease samples, relatively few isolates from Cluster 10 were collected from carriage
infections, only 5.911%. Cluster 10 does contain just under half
of the urethritis isolates studied in Expansion of a urethritisassociated Neisseria meningitidis clade in the United States with
concurrent acquisition of N. gonorrhoeae alleles [70], meaning
that 34.19% of the isolates in Cluster 10 were collected from
cases of urethritis.
In keeping with its geographic and temporal diversity, Cluster 10 is also fairly diverse in terms of the sequence types and
genogroups present within. 25 different known sequence types
were detected in Cluster 10, of which the dominant sequence
type was ST-11, making up 72.53% of the lineage. Most of
the switches to other sequence types are sporadic single isolate switches, apart from two slightly larger clades which have
switched to ST-11149. In terms of genogroup, Cluster 10 is
predominantly composed of genogroup C isolates, making up
90.39% of the cluster’s isolates, but also contains many clades
which have switched to genogroup B, making up 8.661% of the
collection, and an additional two non-groupable isolates.
The distribution of sampling dates and locations across the
phylogeny of Cluster 10, similar to the phylogeny of Cluster 9,
does not indicate the existence of deep divergence and complex
structure within Cluster 10, instead, the outgroups primarily
consist of pre-1991 isolates. Monophyletic clades away from the
root of the phylogeny, consisting of samples from 1991 onward,
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Figure 3.17: Whole-genome phylogeny of Cluster 11 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/2hCKFkfdLGdL1X1EyEUu7l

do show some evidence of migration between regions, particularly
between the US and Europe. Combined with a relatively recent
estimate of the date of the most recent common ancestor of the
lineage, 1958.66 (CI: 1958.41; 1958.87), this suggests relatively
straightforward population structure within this cluster, albeit
combined with high rates of movement across what we imagine
are likely geographical boundaries. While this migration has
been evident in the phylogenies of some clusters previously,
the extent of migration between different continent within a
relatively short time frame (2007-2017) in Cluster 10 suggests
that this is definitely an active, ongoing process in Cluster 10,
unlike the relatively or entirely regional dynamics observed in
some other clusters, such as Cluster 9.
Cluster 11 is unique in that it is the only cluster among
the 25 major lineages in the collection to be located entirely
in Europe. In fact, even within Europe, most isolates (300)
were collected in just one country, the UK. Other than isolates
collected in the UK, Cluster 11 includes 17 isolates collected
in Ireland, 11 collected in the Netherlands, and a three single
isolates collected in the Czech Republic, Denmark, and Malta.
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Despite its narrow geographic range, Cluster 11 does have a
relatively wide temporal spread, containing isolates sampled between 1976 and 2019, though the sampling is very shallow, apart
from the years between and including 2009-2013 and 2017-2019,
no more than two samples were collected in any other year. Like
Cluster 10, the fact that this cluster is geographically restricted
to regions where the samples are predominantly collected from
invasive disease unsurprisingly means that the isolates are overwhelmingly collected from cases of invasive disease. Only 2
isolates (0.639%) were collected from cases of healthy carriage
in Cluster 11.
Despite the relatively little geographic and temporal diversity in this cluster, there remains significant diversity in the
sequence types of Cluster 11 isolates. 64 different sequence
types were identified in this cluster, with three sequence types
in particular making up most of the cluster. The largest being
ST-1161, making up 34.43% of isolates, followed by ST-275, at
20.66% of isolates, and finally ST-1163, which includes 14.07%
of the isolates in Cluster 11. Despite the relatively substantial
diversity in sequence types, there is substantially less diversity
in the genogroups of Cluster 11 isolates, 99.40% of isolates are
genogroup B, with the remaining 0.6% of isolates consisting of
two single genogroup Y and genogroup C isolates.
Unlike Clusters 9 and 10, Cluster 11 has more evidence of
some population structure within the cluster, as apart from four
outgroup isolates which were collected in 1976, 1985, 2007, and
2018, there are two main monophyletic clades which make up the
rest of the phylogeny. Both of these lineages span the late 1990’s
to 2019, and have overlapping country distributions, between
the UK, the Netherlands and Ireland. Despite this, the most
recent common ancestor of Cluster 11 is estimated to be very
recent with quite high confidence, in 1976 (CI: 1975.04-1976),
suggesting that the evidence of within-cluster structure in the
phylogeny has arisen very recently.
Cluster 12 is the first of the smaller major clusters made up
of only a few hundred isolates to have more of a truly global
distribution. The continent most represented in terms of isolate
origins is Africa, where 130 of the cluster’s isolates were sampled
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Figure 3.18: Whole-genome phylogeny of Cluster 12 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/jrrcWdcMtfKGHL3fAMWWU7

but it is closely followed by Europe, where 80 isolates in Cluster
12 originate, and then Oceania with 40 isolates, eleven in North
America, and four in Asia. Its temporal spread is similarly wide,
with isolates sampled from 31 years between 1961 and 2008,
with most of the isolates having been collected between 1968
and 1970, though a substantial number of samples were also
collected in 1990. Unlike other clusters predominantly located in
Africa which were primarily sampled in carriage surveys, Cluster
12 mostly consists of isolates collected from cases of invasive
disease, with only one carriage isolate collected in the UK in
1978.
Despite the relatively diverse geographical and temporal
origins of the isolates in Cluster 12, they possess very little
diversity in terms of ST and genogroup. All but one of the
isolates are genogroup A, with a single genogroup C isolate.
In terms of sequence type, only four defined sequence types
are present, predominantly ST-1 (88.03%). The second largest
sequence type present is actually not a sequence type at all,
but instead the absence of an identified sequence type in the
database, which included 13.36% of isolates.
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Cluster 12 does not have much evidence of especially deep
diversity in the shape of and distribution of metadata across
its phylogeny, it general follows the expected pattern of having
older and geographically distant isolates in outgroup branches,
and more recently sampled isolates in larger numbers form the
innermost clades. There are some exceptions to this – the
outermost outgroup is contemporaneous with the bulk of the
sampling despite those isolates forming an internal monophyletic
clade, and it is likely that this outgroup is driving the extreme
inferred age of the most recent common ancestor, which is estimated to be in 1891.87 with some degree of confidence (CI:
1876.92-1904.56). The extent of distance between this outgroup
and the rest of the phylogeny, despite originating in the same
place (France) and within 7 years earlier and one year later
than a total of 52 other isolates within the cluster demonstrates
the extent to which present sampling cannot necessarily capture historical diversity, and the extent to which bottlenecks
have recently affected the evolution of N. meningitidis. This
is echoed in a unique property of Cluster 12 among the major
clusters, that none of its isolates were sampled from this cluster
after 2008, when the most intensive sampling in entire amalgamated collection is in the decade following 2010. Time will
tell if this lineage has truly gone extinct, but given the diversity
which has been sampled in regions where the sampling has been
particularly intense, it does not seem unreasonable that this
lineage may persist in parts of the world which are not very well
represented within this amalgamated global collection. This
is the first major lineage which has not persisted up until the
end of the entire sampling window despite the regions in which
it is prevalent being well-covered after the last sample in this
cluster was collected, and regardless of whether or not it is truly
extinct globally, it does again suggest that significant changes
in the population structure of N. meningitidis can occur within
relatively short periods of time – of around 20 years.
Cluster 13 is made up of predominantly isolates collected in
Europe, 225, combined with an additional 27 isolates collected in
North America, two in Asia, and one in Oceania. Within Europe,
most of the isolates were collected in the UK (192) though a
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Figure 3.19: Whole-genome phylogeny of Cluster 13 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/tV1NkodWeCFcJDRR76u7QL

notable number (> 10) were also collected in Netherlands and
Ireland. The temporal spread of the isolates in Cluster 13 is
similarly limited, being restricted to 20 years between 1997 and
2020. Despite the geography being largely limited to regions with
primarily disease isolates, the cluster contains a relatively high
number of carriage isolates compared to other lineages largely
localised to Europe and Oceania – with 13.37% of isolates in
the cluster having been collected from carriage infections.
Despite how concentrated the sampling distribution of Cluster 13 is around isolates which were collected in the UK between
2010 and 2020, there is substantial diversity present within the
cluster in terms of the sequence types and genogroups present.
Isolates from Cluster 13 were identified as 62 different sequence
types, though ST-213 is by far the most prevalent, with 61.28%
of isolates in Cluster 13 having been typed ST-213. Apart from
ST-213, no other ST is present in any substantial numbers,
reflecting what is known about the ST-213 clonal complex. A
similar pattern exists in terms of the genogroups identified within
Cluster 13. The vast majority of isolates (97.97%) have been
identified in silico as possessing the genes required to produce a
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serogroup B capsule, but much diversity exists in low frequency.
Three other geogroups are identified within Cluster 13 – four
genogroup C isolates, clustered together on the phylogeny, one
genogroup H isolate, and one genogroup W isolate.
The phylogeny of Cluster 13, like those of many other clusters
which have been examined, shows some evidence of a structured
population, even within the cluster. The outgroup clade of the
cluster’s phylogeny consists of four isolates, collected 2012, 2013,
and 2018 from the UK, despite the existence of older isolates
within the cluster. The main clade of phylogeny is then split
into two sister clades of roughly the same size, both overlapping
in time and space, and with the same dominant sequence type.
As with many other clusters with a similarly shaped phylogeny,
this provides good evidence that there are several lineages of
this cluster circulating within the global population, two of
which have been sampled quite heavily in this collection, but
at least three of which exist. Despite this evidence of deep
population structure, the most recent common ancestor of the
entire lineage is estimated to be quite recent, in 1970.78 (CI:
1963.55-1975.73) suggesting, like some other clusters, that this
structure has arisen recently.
Again found primarily in Europe, with 158 of its isolates
having been collected there, is Cluster 14. Despite its similarity
to many other clusters in this regard, it is unusually also found
in relatively substantial numbers in South America, with 22 of
its isolates having been collected there. An additional 19 of its
isolates were also collected in Oceania, 13 in Africa, four in North
America, and one in Asia. Within Europe, the Netherlands is
unusually the primary source of the collected isolates, with a
handful of isolates from Iceland, Denmark, France, the UK, and
Ireland, and single isolates from Malta, Norway, and Sweden.
The South American isolates are predominantly from Argentina
(21) with the remaining one from Chile. The isolates are fairly
well spread temporally, having been collected in 39 different
years between 1961 and 2012, with continuous sampling (at
least one isolate per year) between 1965 and 1988, and missing
only one year (1997) between 1990 and 2002.
For its size, relatively few different sequence types are present
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Figure 3.20: Whole-genome phylogeny of Cluster 14 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/6LQuGB2EHGdac2ZyAcfVxa

within Cluster 14, only 15 unique sequence types found in the
database. Cluster 14 is not, however, dominated by a single
sequence type, the most prevalent is ST-8, which includes 41.70%
of isolates, but other sequence types, particularly ST-153 and
ST-2174, are also present and include more than 10% of isolates
(14.35% and 10.31%, respectively). Similarly, though Cluster
14 does not contain many different genogroups, it contains
several different clades which are partially or mostly made up
of genogroup C isolates, making up 22.22% of all the isolates
successfully genogrouped in sillico, despite the predominant
genogroup in Cluster 14 being genogroup B, consisting of the
remaining 77.78% of isolates.
The phylogeny of Cluster 14 is one which is generally in keeping with a simple population structure of a clonally expanding
organism, though with some exceptions. More ancestral clades,
including the outgroup, tend to also consist of older isolates, but
the oldest isolate is actually located within the three nodes from
the root. The two most derived clades consist of the most recent
isolates, though only one of them extends until the present day,
whereas the other was last sampled in 1998. The most recent

97

Figure 3.21: Whole-genome phylogeny of Cluster 15 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/oam5pGj29nRAUvhRukiAVp

common ancestor is estimated to be around 20 years earlier
than the earliest isolate collected in this cluster, in 1950.92 (CI:
1947.66-1953.15). This pattern fits a population undergoing
waves of clonal expansion from which some isolates persist and
go on to expand into a subsequent daughter lineage, but most
go extinct. Indeed other than the isolates in the most derived
lineage in the phylogeny of Cluster 14 – furthest from the root –
no isolate is sampled more recently than 1998.
Cluster 15 is one of the more geographically restricted clusters, being found almost entirely in Europe (203 isolates), with
only 10 isolates collected outside Europe, eight in North America (7 US, 1 Canada) and two in Asia (Turkey). The isolates
are similarly restricted in their temporal spread, having been
collected in 21 years between 1994 and 2019, with more than
half of all the cluster’s samples having been collected between
2009 and 2013. Though it would be unsurprising, given the
distribution of the entire collection, for a cluster with isolates
collected in these regions to be predominantly composed of
disease isolates, Cluster 15 exceeds this expectation, being the
only cluster among the 25 major clusters to contain no isolates
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collected from healthy carriage infections.
The diversity in sequence types identified within Cluster 15 is
around the mean, with 31 different sequence types present in the
set of isolates making up Cluster 15, with a single predominant
sequence type, ST-269, including 50.44% of isolates. Despite this
being a relatively low proportion for a dominant sequence type,
no other sequence type present in Cluster 15 makes up of more
than 10% of the total number of isolates. Genogroup diversity
is present but not substantial in Cluster 15, with 98.65% of
isolates typed as genogroup B isolates, with the remaining 1.35
% consisting of two genogroup C isolates and one genogroup H
isolate.
One outgroup isolate on an extremely long branch renders
the date of the most recent common ancestor of Cluster 15 far
older than can be inferred with confidence. The date of the
most recent common ancestor is estimated to be in 1320.47,
but with a confidence interval of nearly 500 years between
1096.37 and 1500.72. Apart from this long branch, however,
the phylogeny is made up of very short branches which form a
substantial number of monophyletic clades of relatively small
degree. These small monophyletic clades tend to be made up
of isolates from the same country, with the exception being the
UK and Ireland, which tend to form mixed clades with one
another. From this, Cluster 15 again appears to be a cluster in
which almost all of the isolates collected, apart from the single
outgroup isolate, are from a recent clonal expansion. This is
despite being the outgroup isolate being contemporaneous (2010)
and in the same country (UK) as many other isolates in the
collection, which when combined with the other characteristics
of the phylogeny seem to suggest a recent population expansion
from low frequency but high standing diversity, which favoured
one of the lineages present within this cluster expanded, while
the others have not, based on the isolates collected here.
Cluster 16 is another cluster whose isolates were mostly
collected as part of the large-scale carriage surveys in the meningitis belt, and as such, is predominantly sampled in Africa,
with only 18 of its isolates having been collected elsewhere, 16
in Europe and 2 in Asia. Even within Africa, and within the

99

Figure 3.22: Whole-genome phylogeny of Cluster 16 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/8nop2CjXvBomum8ai2iAop

meningitis belt, most of the samples were collected in Burkina Faso (135) with smaller numbers of isolates collected in
Ethiopia (18), Mali (12), Senegal (7), Niger (7), and Ghana (4).
Outside the meningitis belt, most isolates were collected in the
UK (15) with single isolates collected in Ireland, Turkey, and
India. The sampling window of Cluster 16 is, in keeping with
its relatively narrow geographic range, one of the more narrow
sampling windows, with isolates having been collected from 8
different years between 2001 and 2019, though almost all of the
sampling occurred between 2009 and 2012. Cluster 16, having
been primarily sampled in carriage surveys from the meningitis
belt, is almost entirely compose of carriage isolates, apart from 3
single disease isolates collected in the UK, Ireland, and Turkey.
Perhaps unsurprisingly given its narrow sampling range, in
terms of both geography and time, Cluster 16 has very little
sequence type diversity present, with only four different sequence
types identified within the cluster. The most prevalent is ST767, with 57.35% of isolates in the cluster being typed as this
sequence type. Two of the remaining three sequence types are
present at a similar frequency, ST-2889 at 21.08%, and ST-7375
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at 20.10% of isolates. The final sequence type present within
Cluster 16, ST-7949, consists of only a single isolate. Unlike
the level of sequence type diversity, genogroup diversity within
Cluster 16 is at a similar level with other clusters. It is 99.01%
made up of isolates that are genogroup Y, but does contain a
genogroup B isolate and a non-groupable isolate, likely capsule
null.
The phylogeny of Cluster 16 is unusual and in some ways
unlike any of the other clusters’ examined so far. The two of the
most derived – furthest from the root – clades are the largest
monophyletic clades in the phylogney, and include more than half
the isolates in the Cluster. Isolates in these two clades originate
from Mali and Burkina Faso, and were collected between 2009
and 2012, roughly in the middle of the cluster’s sampling window.
The immediate sister clade to the two most derived clades,
consisting of less than a quarter of the total number in the
cluster, follows a similar pattern, as it is detected between 2009
and 2012 in the western portion of the meningitis belt, but then
is also found in 2014 in Ethiopia, in the east. The more ancestral
lineages making up the rest of the cluster form outgroups to
these these two main lineages – some of which consist of a single
isolate – which include isolates collected before, in the same time
period, and after the isolates in the two main lineages. Despite
this unusual shape of the phylogeny, the date of the most recent
common ancestor is estimated to be shortly before the earliest
isolates in this cluster were collected, 1994.05, with relatively
high confidence (CI: 1992.19-1995.31). Combined, these facts
seem to suggest that what we see in the population structure of
Cluster 16 is a lineage of bacteria which existed at low frequency
in the meningitis belt around the time the first isolates from this
cluster were collected, then underwent a population expansion,
possibly due to the population perturbation caused by the mass
vaccination campaign in the meningitis belt around that time.
This was detected in the large number of samples collected in
the middle of the total time period this cluster was sampled,
but then not in the same region toward the end of the sampling,
where instead an outgroup isolate, presumably from the extant
global diversity within this cluster, was detected in Ireland, a
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Figure 3.23: Whole-genome phylogeny of Cluster 17 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/qdj3w5JXLiCABVEGwvDpvb

surprising example of the extent global spread of lineages of this
cluster which have only barely been sampled into this collection.
Unlike the previous four clusters of a similar size, Cluster
17 is much more globally distributed. Most of the isolates were
collected in North America, (64) and given the national origins
of North American isolates within the global collection, it is
unsurprising that the US – being the largest source of isolates
within North America – is the single country from which the
most isolates were sampled, with 60 isolates in the cluster having
been collected there. Outside of North America, substantial
numbers of samples were also collected in Africa (47), mostly
from Ethiopia (44), Europe (34) mostly from the UK (10) and
the Czech Republic (10), and Asia, where 10 isolates in this
cluster were collected in India. The temporal spread of the
isolates is also relatively substantial with isolates having been
collected in 17 different years between 1989 and 2018. There is
a significant gap in the temporal continuity of isolates in this
cluster, however, with only a single isolate having been collected
between 1993 and 2006, in 2001. Despite its global spread in
regions which are predominantly composed of disease isolates,
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Cluster 17 is predominantly made up of carriage isolates, with
only 7 disease cases spread between the US, UK, Cuba, and
South Africa.
Cluster 17 does not have a particularly notable amount of either sequence type diversity or genogroup diversity. 18 sequence
types are present in the cluster, though a single sequence type,
ST-53, dominates, with 85.43% of the cluster’s isolates being
identified as this type. The overwhelming majority of isolates
in the cluster are non-genogroupable, strongly suggesting that
they are capsule null, though there are four isolates identified
as genogroup Y and a single isolate identified as genogroup W
spread out across the phylogeny.
Its phylogeny, however, is a familiar shape, like the phylogeny
of Cluster 4, it bisects into two main lineages. Both of these
lineages contain isolates which span the sampling interval and
contain some geographical diversity, although the larger is spread
much more evenly between 1989 and 2018, whereas the smaller
lineage is restricted to the meningitis belt and North America,
and contains only isolates from 1989 and 2010-2016. Unlike
Cluster 4, despite the bisecting phylogeny, the date of the most
recent common ancestor of Cluster 17 is still estimated with
a relatively high degree of confidence as being in 1941.01 (CI:
1922.83-1949.99) suggesting that this divergence is relatively
recently evolved.
Cluster 18 is another cluster which is almost entirely restricted to Europe, with only seven of its isolates having been
collected elsewhere, four in the US, and single isolates in South
Africa, Turkey, and Australia. Within Europe, most of its
isolates – 68 –were collected in the UK, though a substantial
number of isolates were also sampled in the Netherlands (11) and
the Czech Republic (4), and a handful across Ireland, France,
and Malta. Despite their relative lack of geographic spread,
the isolates were collected across 22 years between 1970 and
2018, though the relatively few isolates in this cluster does mean
that the sampling, which is concentrated in time between 2010
and 2013, is spread quite thinly across the rest of the sampling
interval. Like other clusters which are predominantly sampled
from Europe, Cluster 18 consists mostly of isolates sampled
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Figure 3.24: Whole-genome phylogeny of Cluster 18 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/af169PMU9gf5fnBVCZedGJ

from disease, but still contains a decent proportion of carriage
isolates: 10.53% of the isolates in the cluster were collected from
healthy carriage infections.
Like a few other clusters, Cluster 18 is another cluster which
does not have a single dominant sequence type. ST-184 is
the most prevalent sequence type, at 27.86% of the cluster’s
isolates, and ST-22 is the next most prevalent, at 19.67% of
the cluster’s isolates. No other ST comprises more than 10%
of the total number of isolates in Cluster 18. Interestingly,
neither of these two sequence types form a large monophyletic
clade, and are instead interspersed among isolates of different
sequence type across both major clades. As for genogroups,
Cluster 18 is overwhelmingly typed as genogroup W (97.17%),
with 3 exceptions spread out through the phylogeny, all of which
are genogroup B.
The phylogeny of Cluster 18 has, as an outgroup, two isolates
collected in 1970 from the US. The remaining isolates in the
phylogeny then form two sister clades, one around four times
the size of the other, though both display some temporal and
geographical diversity, overlapping with one another in Europe.
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Figure 3.25: Whole-genome phylogeny of Cluster 19 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/iwyfcw9zzMatahAANU3SAe

The date of the most recent common ancestor of the entire cluster, 1966.43 (CI: 1964.84-1967.53) confirms that the significant
split between the two lineages is somewhat recently developed
possibly due to independent founder events from the diversity
present around 1970.
Cluster 19 is the first cluster to have been predominantly
collected in North America, predominantly in the United States.
182 of its isolates were collected there, with an additional 50
collected in Europe. Most of the European isolates were collected
in the UK (39), with the remaining eleven split between Ireland,
the Netherlands, the Czech Republic, and Malta. The temporal
spread is fairly narrow, from 2009 to 2019, but with consistent
sampling, with samples having been collected during every one
of those eleven years. Despite this narrow temporal spread, more
than half of the samples were collected in 2015, with 2016 being
the only other year to have had more than 10 samples collected.
The samples were predominantly collected from healthy carriage
infections, which made up 88.58% of the total number of isolates
in the cluster for which disease metadata was available, and there
were an additional 25 isolates collected from cases of invasive
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disease, in the US, Malta, and the UK.
The diversity in sequence types in Cluster 19 is relatively
minimal compared to its size, with 24 different known sequence
types present. The cluster is dominated by isolates identified
as ST-1157, however, which make up 86.29% of the cluster’s
isolates. Other than this main sequence type, no other sequence
type accounts for more than 10% of the isolates in the cluster.
The genogroup diversity in this cluster, however, is exceptional
in terms of the number of genogroups present within. Like most
clusters, Cluster 19 is mostly made up of a single dominant
genogroup, in this case genogroup E, but it also contains five
other genogroups, as well as non-groupable isolates, which are
presumably cluster null. The second most prevalent genogroup
in Cluster 19 is genogroup B, with 35 of the cluster’s isolates
being typed as genogroup B in silico. This is followed by seven
non-groupable isolates, six genogroup X isolates, five genogroup
Y isolates, one genogroup Z isolate, and one genogroup W isolate.
This genogroup diversity is found throughout the phylogeny of
Cluster 19, but is particularly prevalent in one clade of isolates found in the US and Europe which includes many of the
serogroup B and serogroup Y isolates.
The shape of the Cluster 19 phylogeny, with a long branch
separating 6 isolates from the rest of the phylogeny serves to
emphasise the extent to which it is possible for low-level diversity
from a former cluster expansion to survive to the present day
and lead to a complex within-cluster population structure. The
date of the most recent common ancestor of the entire phylogeny
confirms this, with the unreliable estimate being 1818.82, with
a confidence interval of over a hundred years (1756.07-1889.79).
Even excluding this outgroup lineage, however, the remainder of
the phylogeny contains evidence of a deep population structure.
Several sister lineages containing between 50 and 150 isolates
overlap in their spatial and temporal distribution, despite being
separated by deep branches in the phylogeny.
The isolates of Cluster 20 were primarily collected in Europe,
though there are three isolates interspersed throughout the
phylogeny collected in North America, in the US. Within Europe,
the collection is similarly dominated by isolates collected in
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Figure 3.26: Whole-genome phylogeny of Cluster 20 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/tQyJzaBxKMMqEub8zcSeRE

the UK, with only 9 isolates having been collected outside
the UK, six in the Netherlands, two in Ireland, and one in
Sweden. Isolates are still fairly restricted temporally, having
been collected between 2000 and 2019, but given the relatively
small size of this cluster, they are spread very thinly across even
a relatively narrow sampling window, particularly because the
distribution of year of collection is biased heavily toward the
years 2009 and 2012, the only two years to have had more than
10 isolates collected. Across the cluster, samples were primarily
collected from infections causing invasive disease, making up
82.14% of isolates for which there is disease metadata, though
there are 6 carriage isolates, spread between the US and the
UK.
Cluster 20 is one of the less diverse clusters in terms of sequence type, with only seven sequence types present, and despite
the relatively few sequence types present, a single sequence type,
ST-1466, still accounts for 91.89% of isolates, with no other
sequence type accounting for more than 10% of isolates, indeed,
no other sequence type has more than a single isolate within
Cluster 20 being identified as being of that type. Genogroup di-
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Figure 3.27: Whole-genome phylogeny of Cluster 22 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/iH7RmJ2QXRw5dT81QLEFvj

versity remains low as well, but in line with other clusters. Most
of the isolates –96.36%– in Cluster 20 were typed as genogroup
Y, but there are also two genogroup C isolates and a single
genogroup B isolate.
The phylogeny of Cluster 20 is much more consistent with a
simple clonal outbreak, with older isolates forming outgroups,
and isolates tending to be more recent as they move further away
from the root. The date of the most recent common ancestor,
one of the more recent of the 25 major lineages, at 1990.42
(CI: 1987.14-1993.18), supports the view that what has been
collected of this cluster within the collection of isolates studied
here, if not the cluster as a whole, is recently expanded and
therefore is consistent with a relative lack of complexity in the
population structure.
Chronologically, the second cluster to consist primarily of
isolates collected in North America, and in particular the United
States, is Cluster 22. Although over 90% of its isolates were
collected in the US, there are 28 isolates belonging to this cluster
which were collected in Europe, 15 in the UK, nine in Ireland,
and one each in Austria and Malta. The time period in which
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Cluster 22’s isolates were collected is the narrowest of any of
the 25 major clusters, though they consequently are well spread
and cover all eight years of the sampling window between 2012
and 2019, with most isolates having been collected as part of
the large US carriage survey, in 2015 and 2016. Consequently,
Cluster 22 is composed almost entirely of isolates collected from
healthy carriage, with only 4 disease isolates – 2 in the UK, and
two single isolates in Austria and the US.
The pattern of sequence types across the phylogeny in Cluster
22 matches many other clusters, in that single sequence type is
most prevalent, and many other sequence types are present but
in very low numbers. In Cluster 22’s case, the dominant ST is ST823, which describes 80.10% of the cluster’s isolates. The pattern
in genogroups is similar, with almost all isolates (99.51%) being
non-groupable, and therefore likely capsule null. The exception
to the non-groupables in this cluster are two isolates, separate
on the phylogeny, and genogrouped as genogroup E in silico.
Based on the shape of its phylogeny, Cluster 22 appears
to have a deeply divergent and complex population structure.
The estimated date of the most recent common ancestor also
suggests this, as it is estimated to be beyond what can be
accurately estimated using current methods, at 1564.32, with a
wide confidence interval of nearly 400 years (CI:1282.97-1663.86).
This is likely principally driven by the outgroup of seven isolates
collected in the US in 2015, separated from the rest of the
cluster on a long branch. Even excluding this outgroup cluster,
however, the rest of the phylogeny also shows signs of population
structure with deeply separate clades overlapping in space and
time. This has all been observed in previous clusters, but the
most interesting thing about Cluster 22 in particular is how
the seven isolates collected in the US in 2015 are part of a
large carriage survey, and detected at such low frequency. This
underscores the importance of intensive carriage sampling in
allowing a full understanding of the population of N. meningitis
which may be present at any given point in time.
Although Cluster 25 is again primarily composed of isolates
which were collected in the United States (65), it has a more
global distribution than Cluster 22, with 30 isolates that are part
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Figure 3.28: Whole-genome phylogeny of Cluster 25 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/fjdaGXQYUiQp3NpHuxB8eh

of the cluster having been collected in Europe, seven in Africa,
five in Asia, and five in South America. The European isolates
are primarily from the UK (22), with smaller numbers of isolates
collected in Ireland, the Czech Republic, the Netherlands, and
Greece. The African isolates are split between Mali and Ethiopia,
the South American isolates between Argentina and Chile, and
the Asian isolates were all collected in Turkey. The time period
from which the isolates were sampled is longer than Cluster
22, with the isolates having been collected between 1993 and
2019, inclusive, though like Cluster 22, the sampling is remains
dominated by the isolates collected in 2015 as part of the carriage
survey in the US. Primarily as a result of those isolates, Cluster
25 is mostly made up of carriage isolates, though generally fairly
evenly split, with 62.96% of isolates having been collected from
asymptomatic carriage infections.
21 different known sequence types are found in Cluster 25, in
a pattern similar to other other clusters where a single sequence
type predominates and others are found at low frequency. In
Cluster 25, ST-35 is the most prevalent ST, though it only
accounts for 59.25% of isolates. No other sequence type makes
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Figure 3.29: Whole-genome phylogeny of Cluster 27 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/gWr4kQVg4mzequT7dAT49B

up for more than 10% of isolates, however, though there is
some association between specific clades and certain sequence
types. Cluster 25 does contain an unusual amount of diversity
in terms of the genogroups present within the cluster, however,
both in terms of the number of genogroups present and their
proportions within the cluster. Most clusters are dominated by
a single genogroup, and while that it true in the case of Cluster
25, where genogroup B predominates at 58.20% of isolates, the
minor genogroups in Cluster 25 are at much high frequencies
than is usual, with 33.61% of its isolates having been typed as
genogroup W isolates, 7.377% of its isolates having been typed
as genogroup C, and a single genogroup E isolate.
The relatively small number of isolates in the phylogeny of
Cluster 25 and the multiple branch shape of the Cluster 25
phylogeny make it difficult to infer anything from the shape or
distribution of attributes across the tips. The date of the most
recent common ancestor, however, 1988.95 (CI:1987.74-1989.93)
suggests that this is a recent, clonally expanded lineage without
a complex population structure, which is not inconsistent with
the general shape of the phylogeny.
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Cluster 27 is another cluster which contains predominantly
isolates collected in the United States (84), though like Cluster 26
it contains some isolates from elsewhere – 34 from Europe, again
mostly from the UK (27), one from South Africa, and two from
Turkey. Unlike some of the other smaller clusters which mostly
contain isolates collected in the US, Cluster 27 contains four
isolates dating back to 1970, making the sampling window range
from 1970-2019, though with a significant gap between 1978
and 2002. Most isolates, like other clusters primarily containing
isolates collected in the US, were collected in 2015 and 2016, and
as a result Cluster 27 is similarly primarily made up of isolates
collected from healthy carriage infections (78.36%) though there
are 25 isolates collected from invasive disease, mostly collected
in Europe, though some were also collected in the US.
The diversity of sequence types found in cluster 27 roughly
matches what has typically been found in other clusters. 19
different sequences types are present, of which ST-60 is the
most common, with 67.37% of the isolates in Cluster 27 being
identified as ST-60 isolates, and the remaining 18 sequence
types being present at low frequency. The genogroup diversity
is more substantial, but similar to many of the other clusters
which are on the more diverse side, there is again a single
predominant genogroup, in this case genogroup E, which in
this case accounts for 85.21% of the cluster’s isolates. Other
than this main genogroup, 13.88% of Cluster 27’s isolates are
genogroup B, and it also contains a single genogroup C isolate
and a single non-groupable isolate.
The phylogeny of Cluster 27 again does not lend itself to
clear-cut interpretation. Four isolates from 1970 and one from
1978 form a series of outgroup clades to the rest of the cluster,
which is made up of one main clade consisting of two sister
clades, and then a series of three smaller clades. The date
of the most recent common ancestor of the entire cluster is
estimated to be in 1967.23 (CI: 1966.55-1967.95) suggesting
that the outgroups close to the root of the phylogeny represent
historic diversity which has now likely gone extinct, as has
been the case with other clusters. Perhaps the phylogeny of
Cluster 27 reflects decades of relatively consistent demographics,
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Figure 3.30: Whole-genome phylogeny of Cluster 29 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/9Kvyc65PooZdKXdwQhU16Z

without any major clonal expansions or bottlenecks since the
node separating the outgroups from the rest of the phylogeny.
Given its relatively small sample size – even within the individual
datasets before they were amalgamated – lends some credence
to this suggestion.
Although Cluster 29 is similar to Clusters 22, 25, and 27 in
that it is primarily made up of isolates from North America, and
specifically the US (66 isolates), Cluster 29 is unlike them in
that it also contains a substantial number of isolates which were
collected in Africa (26 isolates), and relatively fewer isolates
from Europe (5), as well as four isolates collected in Asia, and
one collected in Oceania, in New Caledonia. The African isolates
originate primarily from Burkina Faso, where 22 isolates belonging to this cluster were collected, though four isolates belonging
to this cluster were also collected in Ethiopia. The five isolates
collected in Europe are split between the UK and Norway, and
the four Asian isolates were collected in Japan (2), China, and
Singapore. Cluster 29 is also unique in terms of the range of
its isolates’ year of isolation, which fall (inclusively) between
1960 and 2017. The relatively smaller size of the cluster means
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that the sampling within that interval is relatively sporadic,
though it is relatively continuous from 2009 to 2017. Like the
other clusters primarily collected in North America, Cluster 29
is predominantly composed of carriage isolates, though there are
four isolates collected from cases of invasive disease belonging
to the cluster, two collected in Norway, one in China, and one
in New Caledonia.
Cluster 29 is one of the less diverse clusters both in terms
of sequence type and serogroup diversity. Only six different
sequence types have been identified among Cluster 29’s isolates,
and almost ninety percent (89.72%) are a single sequence type,
ST-198, with the remaining sequence five types being present at
low frequency. This is a surprising result given what is known
about the ST-198 clonal complex, which in publicly available
MLST data has ST-823 as its most common sequence type,
which within this collection is all found in Cluster 22. 100%
of the isolates in this cluster were non-groupable, very strong
evidence that the entire cluster is capsule null. Cluster 29 is
interestingly the only capsule null cluster to not include a single
isolates with a capsule identified in silico, though this may
simply reflect its relatively smaller sampled size compared to
the other 3 non-groupable clusters.
The date of the most recent common ancestor of Cluster
29 is estimated to be 1958.21 (CI: 1957.02 -1959.12). The
immediate outgroup of its phylogeny dates to 1960, Norway,
which when combined with the date of the most recent common
ancestor suggests that what we have sampled from the cluster
may be a simple example of a clonal expansion. The clades
between one and three nodes from the root, however, paint a
very different picture. These clades are separated relatively
deeply, and are overlapping in their temporal and geographical
distributions, confirming that these lineages were present in the
same place at the same time, some still to the present day. The
most parsimonious interpretation is perhaps that this lineage
diversified in the course of its global spread, without ever having
a significant increase in its population size. This has led to a
population which consists of several lineages, none of which are
deeply divergent, but are nonetheless in sister clades to other
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Figure 3.31: Whole-genome phylogeny of Cluster 36 annotated with
continent and year of collection, plotted alongside the Sequence Type
and Genogroup of each sample. An interactive and extended version
of this figure is available at the following uniform resource locator:
https://microreact.org/project/w8SpTS7YpBZSvMvkyAm7cT

isolates from this cluster which may be in the same place at the
same time.
Like Clusters 22-29, Cluster 36 is one of the clusters whose
isolates were predominantly collected in North America. 96 isolates belonging to Cluster 36 were collected from North America,
95 from the US, and one from Canada. Only ten isolates belonging to Cluster 36 were collected from outside of North America,
seven in Asia, collected in Japan, and three in Europe, two in
the UK and one in Germany. Despite this relatively focused
sampling in terms of geography, the isolates from Cluster 36
have a fair spread in their year of collection, ranging from 1970
to 2016. As with all the clusters whose isolates were predominantly collected in the United States, most of the isolates were
collected in 2015 and 2016, the years with the most sampling
in North America. Apart from those two years, there is no
other continuous group of years over which isolates belonging
to Cluster 36 were collected. Finally, and similarly to Cluster
22-29, the isolates from Cluster 36 are again mostly collected
from healthy carriage infections, though like them, Cluster 36
does also contain a number of isolates collected from cases of
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invasive disease, eight in total, six collected in Japan, one in
Germany, and one in the US.
The distribution of sequence types identified in Cluster 36 is
unusual as it does not have a single sequence type which includes
most of the isolates present in the cluster and several other
sequence types at low frequency. Instead, the most prevalent
sequence type, ST-178, accounts for just under half, 49.17%,
of isolates, and another sequence type, ST-11733 accounts for
most of the remainder, 33.04% of the total. There are also an
additional eight sequence types present, though these are at very
low frequency. Genogroup diversity is non-existent, Cluster 36
is one of six clusters with a single genogroup identified among
its isolates, which have all been typed genogroup E.
The phylogeny of Cluster 36 is made up of an outgroup
lineage of three isolates collected in the United States in 1970,
and then it bisects into two main lineages, unequal in size, but
both spanning a significant time interval. The larger, which
itself bisects, is found in the US and Japan, and contains isolates
from 1970-2016, while the smaller, found in the US and Europe,
contains isolates from between 1973 and 2016. The most recent
common ancestor of the entire lineage is estimated to be in
1956.01 (CI: 1951.18-1959.06), fairly shortly before the oldest
isolates in the cluster. It seems that in Cluster 36, two different
lineages from around the time of the most recent common
ancestor have persisted, while the third has gone extinct, and
uniquely, there are samples dating back to relatively close to the
common ancestor in both of the lineages which have persisted.

3.3

Concluding remarks

From this in-depth analysis of the internal population structure
of the 25 major lineages – summarised in Table 3.1, and Figures
3.32 and 3.33, a few clear trends emerge regarding the patterns
of descent in N. meningitidis generally. First, with regard to
changes in genogroup, and hence capsule switching, we see that
this is generally a very rare event. Most (19 of 25) clusters contain some evidence of a change in genogroup occurring at least
once somewhere in the phylogeny, but its occurrence in the 10-50
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Cluster
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
22
25
27
29
36

Dominant Genogroup
W
X
B
NG
Y
B
Y
A
Y
C
B
A
B
B
B
Y
NG
W
E
Y
NG
B
E
NG
E

Dominant ST
ST-11
ST-181
ST-41
ST-192
ST-4375
ST-32, 33, 34
ST-1655
ST-2859
ST-2881
ST-11
ST-1161, ST-275, ST-1163

ST-1
ST-213
ST-8, ST-153, ST-2174

ST-269
ST-767
ST-53
ST-184
ST-1157
ST-1466
ST-823
ST-35
ST-60
ST-198
ST-178

Primary Continent
Multiple
Africa
Europe
Africa
Africa
Europe
Europe
Africa
Africa
North America, Europe

Europe
Africa
Europe
Europe
Europe
Africa
North America
Europe
North America
Europe
North America
North America
North America
North America
North America

Disease
Mixed
Carriage
Disease
Carriage
Carriage
Disease
Disease
Mixed
Carriage
Disease
Disease
Disease
Disease
Disease
Disease
Carriage
Carriage
Disease
Carriage
Disease
Carriage
Carriage
Carriage
Carriage
Carriage

Est. Date of MRCA
1934.47 (1930.6–1937.4)
1967.91 (1966.85–1968.81)
1783.1 (1702.93–1826.79)
1666.84 (1592.69–1708.85)
1967.12 (1966.75–1967.41)
1902.63 (1880.65–1915.71)
1970 (1969.26–1970)
1802.33 (1745.45–1841.55)
1975.94 (1975.04–1976.61)
1958.66 (1958.41–1958.87)
1976 (1975.04–1976)
1891.87 (1876.92–1904.56)
1970.78 (1963.56–1975.73)
1950.92 (1947.66–1953.15)
1320.47 (1096.37–1500.72)
1994.05 (1992.19–1995.31)
1941.01 (1922.83–1949.99)
1966.43 (1964.84–1967.53)
1818.82 (1756.07–1889.79)
1990.42 (1987.14–1993.18)
1564.32 (1282.97–1663.86)
1988.95 (1987.74–1989.93)
1967.23 (1966.55–1967.95)
1958.21 (1957.02–1959.12)
1956.01 (1951.18–1959.06)

Table 3.1: Summary of characteristics of the 25 major lineages
present in this collection. Dominant Genogroup and ST were chosen
based on the largest genogroup and ST present, and multiple STs
are reported for lineages with several STs at high frequency (> 10%).
Primary continent refers to the most frequent continent present in
that collection, whereas Disease is reported as “Carriage” or “Disease”
if the proportion of isolates collected from one or the other disease
state exceeded 60% of all the isolates in that lineage.

Figure 3.32: Dates of the most recent common ancestors for all 25
major lineages. Date estimates are indicated in red, with black bars
indicating the 95% confidence interval of that estimate.
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Figure 3.33: Dates of the most recent common ancestors for the
lineages among the 25 major lineages with a most recent common
ancestor within the 20th century. Date estimates are indicated in
red, with black bars indicating the 95% confidence interval of that
estimate

year sampling span of most clusters did not exceed the second
(101 ) order of magnitude, and typically only occurs a handful
of times per cluster, with clusters containing relatively high
proportions of different serogroups being primarily driven by the
successful growth of a lineage after a single capsule-switching
event. In contrast, sequence type switching is extremely common
within lineages, with a common set of switches in sequence type
occurring in both directions up to dozens of times. For sequence
types, the frequency of switches and the amount of diversity
within a given cluster also differ radically between clusters, with
Cluster 3, for instance, having over a hundred different sequence
types while Cluster 5 has only 18. This is often resolved by
collapsing sequence types into clonal complexes, but that approach is fraught with further complications, as it can potential
over-collapse isolates which are relatively divergent, as seen with
Clusters 22 and 29, among others. These results clearly show
that while sequence typing remains an unparalleled technique in
terms of its speed and simplicity in understanding the local or
regional population of N. meningitidis, like in the Burkina Faso
dataset where there are often only a small number of deeply
divergent lineages present and are therefore well-resolved with
sequence types and clonal complexes, on a global scale using
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sequence type to identify and classify lineages of N. meningitidis is likely to lead to the under-clustering of fairly divergent
lineages (like Cluster 1 and Cluster 10) while also potentially
causing over-clustering of relatively closely related isolates on
different continents. In particular, understanding the biological
properties and evolutionary history of N. meningitidis would be
impossible using only clustering based on sequence types. This
is a particularly salient point as the within-cluster population
structures also strongly point toward distinct populations in
different regions of the globe, where although the same cluster
is present in many different regions, its prevalence and propensity for causing disease in different regions may differ strongly.
The very existence of major serogroup E lineages within this
collection (Clusters 19, 27, and 36) comes as a surprise, but this
may be primarily be due to the extent to which the study of
N. meningitidis has been focused on regions of the globe where
prominent lineages of serogroup E N. meningitidis occur only at
very low frequency. Clusters which are not even considered here
due to their size may be dominant in regions not yet sampled. In
the South American and Asian isolates from this collection, for
instance, the five most frequent cluster are 6, 14, 41, 40 and 1,
and 1, 69, 5, 54 and 17. The sample sizes from South American
and Asia are much too small to conclusively determine if these
lineages truly are the most prevalent in those regions, but given
the differences between Europe, Africa, and North America, in
terms of dominant lineages, it would not be surprising to find
lineages which are present at a very low frequency elsewhere in
the world could be present at much higher frequency in those
areas of the world in which there is currently very little sampling
of whole-genome sequenced isolates available.
Perhaps the most surprising and consistent pattern from
the examination of the ‘within-cluster’ population structure
through their phylogenies is the strong evidence of the existence
of complex population structures within these major lineages,
despite most models of bacterial population structure [55, 56]
and the term ‘clonal complexes’ suggesting that they should all
be clonal. Though not every cluster showed evidence of deeply
divergent population structure in the shape of its phylogeny,
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deeply branching sister lineages spanning multiple decades and
different continents appeared in the majority of the clusters’
phylogenies. While this is in some ways perhaps unsurprising
given the pattern of major lineages coupled with variation at
low frequency at the whole collection level, this parallelism
does suggest that the properties which govern the emergence of
new lineages are in general the same as those which govern the
population structure that develops within lineages, which does
not seem to be necessarily true a priori. The deep divergences
within some of these clusters goes as far as to suggest how new
lineages might indeed be formed; this is particularly true in the
case of Cluster 4. It is more or less perfectly split into two halves
of roughly equal size, both of which span the sampling interval
and have at least a somewhat diffuse geographical distribution.
The most recent ancestor is estimated to be in distant past,
far beyond what we could reasonably expect to infer with any
confidence, and indeed the enormous 95% confidence interval
reflects this. By all appearances, this seems to be a cluster
where the extant lineages within the cluster can only get more
divergent, eventually presumably surpassing the threshold of
divergence in both their core and accessory genomes used to
distinguish and separate clusters, if neither lineage goes extinct.
Extinction, of course, is the other surprising result from the
within-cluster phylogenies. It can actually be seen as surprising,
in some sense, that 18 of the 25 major clusters have a most
recent common ancestor in the 20th century. If it is possible
for some lineages to persist for at least over a hundred years,
if not much longer, why are most of the 25 major clusters
showing signs of a relatively recent common ancestor? The
phylogenies of many of these lineages with a recent common
ancestor provides some clue, in the form of short branches near
the root which are outgroups to the entire collection. These
branches must reflect a sample from the former diversity present
in the population which has since gone extinct. Based on the
date of the most recent common ancestor of the major lineages
in our collection of N. meningitidis, these population bottlenecks
have been enormously important in the evolution of the current
global population of N. meningitidis. This does not preclude
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long-term stability in the global population of N. meningitidis,
as the 20th century is in many ways a unique in the extent of
global movement, but if stability in the global population does
exist, it seem that it must exist at the level of major clusters
and be principally based on whether or not clusters are able to
survive severe population bottlenecks, which seems likely to be
primarily driven by conditions in the various regions to which a
Cluster has dispersed. The evolutionary effects of population
bottlenecks in bacteria – and in particular how they might affect
a structured population – are still very much being explored,
but at the very least, their prevalence in this collection of N.
meningitidis suggests a much more important role for both
competition leading to selection between lineages and genetic
drift in the evolution of the species than is currently generally
presumed [55, 73].
That there should be significant population structure in a
clonally reproducing organism in particularity N. meningitidis, is
not a novel or groundbreaking observation. That said, however,
such a profoundly deeply separated population structure is
not necessarily our expectation in the case of N. meningitidis
due to its relative propensity for homologous recombination
between different isolates of not only its own species, but also
other Neisseria. How is the population structure related to
recombination in N. meningitidis?
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CHAPTER

4

Recombination and
Selection in Neisseria
meningitidis
This chapter aims to explore the following questions regarding
the global population of N. meningitidis as represented in the
collection studied in this thesis:
1. Which loci are recombining and under selection in the
main lineages of N. meningitidis?
2. How do these compare between different lineages, in terms
of specific loci as well as general trends across all loci?
3. Are there any associations between recombination, selection, and genetics which provide further insight into how
these two forces shape the evolution of the species?
To answer these questions I primarily use two well-established
methods (outlined in sections 2.2.2.2 and 2.2.2.3) for detecting
single nucleotide variants which show evidence of having recently
been under selection or recombinant.
The population structure of N. meningitidis at a global
scale sketches a portrait of a bacterial species which, even over
long timescales, does have a core component which is primarily
tree-like in its evolution. It is possible to distinguish different
monophyletic lineages of the bacteria, though there is good
evidence for major changes in the relative frequencies of these
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lineages within the global species’ population. However, our
knowledge from laboratory studies [47] and smaller scale genomic
surveys [74, 145] informs us as to the numerous adaptations in
N. meningitidis which allow it to be naturally competent is the
laboratory and routinely recombine in the wild. Though this
recombination is not frequent enough or significant enough in
scale to cause large-scale disruption to the overall population
structure, given how frequently it occurs and the existence of
genetic mechanisms to facilitate it, recombination must play a
significant role in the evolution of N. meningitidis. This collection of whole-genome sequenced N. meningitidis will allow us
to explore how recombination proceeds across the entire species
in unprecedented depth, allowing us to develop our understanding of the importance of recombination to the evolution of the
species.

4.1

Differences in recombination between the main lineages

The first stage of studying recombination in our collection of
Ë N. meningitidis is to determine the locations of recombinant
loci in each lineage. Gubbins was used to perform this analysis; the initial output provides the locations of each stretch
of recombinant DNA within each lineage’s whole-genome pseudoalignment and the set of nodes in its phylogeny where that
recombination is found. Gubbins then processes these results,
along with the initial input alignment, to provide various summary statistics for each node in the phylogeny. One of these
summary statistics is ρ/θ, or the relative rate of recombination
scaled to the mutation rate, θ. Though this is simple to estimate for each node – by dividing the number of recombination
events, ρ, on the branch leading to the node by the number of
mutation events on that branch, θ – it provides a good estimate
of the recombination rate due to the fact that it is scaled to
the mutation rate. Although mutation rate very likely does not
remain constant across the diversity of N. meningitidis, the true
intrinsic rate of mutation across the species should be invariant
enough, on average and relative to recombination rate, to pro124

Figure 4.1: Log-scaled histograph of the recombination rates of all
samples in the 25 major lineages, as well as ancestral nodes within
those lineages.

vide an accurate enough scale for estimating the recombination
rate.
When we collate the results for all the clusters, we find that
there is an enormous diversity of relative recombination rates
within the species. Their distribution is shown in Figure 4.1, a
log-scaled histogram of the distribution of recombination rates
for all nodes in the phylogenies of all 25 main lineages. This
clearly shows that in general, recombination rates follow an
exponential distribution, where the vast majority of branches
across all the phylogenies have little to no recombination relative
to mutation. However, there are a small number of extremely
recombinant branches, with recombination rates that are several
times that of the mutation rate. This is consistent with the
view that in general, the principal determinant of recombination
rate in N. meningitidis is stochastic opportunity, as we would
expect to see more structure in the distribution if this were
not the case. This is perhaps unsurprising given its life history
means that chance of any given N. meningitidis bacterium
encountering another bacterium with a similar enough genome to
allow for homologous recombination – but sufficiently divergent
to make that recombination events detectable in our analysis –
is generally quite low. Our a priori view may therefore be that
this more or less restricts potential donor bacterium to those
in other major lineages of N. meningitidis, and possibly from
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Figure 4.2: Boxplots of the distribution of the recombination rates
in the 25 major clusters. The boxplot boxes indicate indicate the
first quartlie, median, and third quartile of the set of recombination
rates in each cluster. The mean recombination rates for each lineages
are indicated with the purple triangles. The whiskers of the boxplots
indicate 1.5× the inter-quartile range above and below the third and
first quartiles, respectively. Outlier points beyond those whiskers are
plotted with circles.

other Neisseria species, though laboratory evidence suggests
mechanisms exists which limit the gene flow between different
species of Neisseria [146]. The population structure observed
in Chapter 3, where very few lineages dominate the population
and minor lineages exist at low frequency, is also consistent with
spasticity being the primary determinant of recombination rate.
Though the primary determinant of recombination in N.
meningitidis seems to be stochastic opportunity, there are many
reasons to still think that genetic factors may play a significant
role in determining the likelihood of homologous recombination
events occurring for any specific bacterium. This is in particular
due to the known mechanisms of DNA uptake and recombination in N. meningitidis, where several molecular structures are
involved in the detection, uptake, and integration of exogenous
DNA into N. meningitidis chromosomes from their extracellular
environment [47]. If genetic factors do affect differences in the
rate of recombination between lineages of N. meningitidis, we
would expect to be able to detect differences in different lineages
of the bacteria. Figure 4.2 shows the distributions of ρ/θ recom-
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bination rates for the 25 major lineages in the collection. It is
not immediately obvious if the lineages are significantly different
from one another due to the fact that, like the distribution of ρ/θ
for all of the lineages combined, the distributions within each
cluster are exponentially decreasing away from the origin – again
consistent with the view that recombination in N. meningitidis
in general is primarily determined by stochastic opportunity,
and that this is true across lineages as they all have the same
primary distribution, but making Figure 4.2 uninformative on its
own with regard to the existence of differences in the parameters
of the distribution between lineages.
Applying some statistical testing, in particular the nonparametric Kruskal–Wallis H test[147], allows us to determine
the likelihood of whether the estimated recombination rates
within each cluster are drawn from populations of the same
distribution or not, in short, whether or not the clusters are
inherently different in terms of their recombination rates. Computing the test statistic for the recombination rates of the 25
main lineages using the stats module of SciPy[122] returned a
value of 4129.647. The p value associated with this test statistic
is 0.0, which due to hardware limitations functionally means
that p < 2.2 × 10−16 . In short, the probability that the recombination rates for the 25 main lineages are drawn from the same
distribution is extremely close to 0, we can conclude that at least
one of the main lineages has a recombination rate distribution
which is significantly different from the others.
Determining which lineages have significantly different recombination rates from one another is not an altogether straightforward process, complicated by the fact that pairwise statistical
differences are not necessarily transitive, and sample x may be
significantly different from sample y, which is significantly different from sample z, even though samples x and z cannot be
shown to be arising from different distributions at high (> 0.95)
probability. Nonetheless, performing these comparisons – in
this case Dunn’s post hoc pairwise comparisons[148] with HolmBonferroni correction – can still be informative as to the general
patters of differences between the groups being compared. This
is shown plotted in Figure 4.3, and to aid with its interpretation,
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Figure 4.3: Heatmap of the significance results, with p values as
indicated in the legend, of post hoc Dunn’s pairwise comparisons
tests for between-groups between the recombination rates of the 25
major lineages present in this collection.

the mean ρ/θ for each isolate is presented in Figure 4.4.
The figures show that generally, recombination rates are
significantly different between lineages. Particularly for clusters 1-15, almost all lineages are significantly different from
one another. Clusters beyond 15 tend to have smaller sample
sizes, and therefore may be falling below the multiple-testing
corrected threshold for rejecting the null hypothesis due to a
lack of statistical power. The average ρ/θ values of Figure 4.4 do
give some credence to this notion, as there are some clusters, for
instance 27 and 29, and 29 and 36, which are as substantially
different from one another as many of the clusters which are
significantly different, but do not meet the lowest threshold for
statistical significance (p < 0.05) after correcting for multiple
testing. Fewer than half – eleven – of the clusters are below the
average ρ/θ for the entire collection, which is a ρ/θ value of 0.117,
or approximately 8.55 mutation events for every recombination
event. This is likely due to some of the clusters with the lowest
recombination rates, specifically Clusters 4, 5, 8, and 9 being
some of the larger clusters and Clusters 4 and 5 having very
low recombination rates. The average rate itself is a somewhat
surprising estimate, given that the only published estimates of
recombination rate relative to mutation rate in N. meningitidis
estimated that it was on average around 0.8, with lineages ranging between 0.6357 and 0.9371, much higher than the estimates
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Figure 4.4: Bar chart of the average ρ/θ recombination rates for
the 25 major lineages in this collection. The mean for the overall
collection is represented by the blue line

here [74]. Those relative rates were estimated without the use of
whole-genome data, however, and was therefore restricted to considering several small fragments of the N. meningitidis genome.
Given the stochastic nature of the physical events which must
take place for two N. meningitidis bacteria to exchange DNA,
an estimate of average recombination rate around 1/10th of the
mutation rate seems more on the order of magnitude at which
recombination is likely to occur.
As further interpretation of the pairwise significance difference matrix (Figure 4.3) by eye is largely impossible, it is useful
to use algorithmic methods to see if representing that matrix in
a different way might allow for further insight. In Figure 4.5,
the difference matrix used to generate the heatmap in Figure 4.5
is projected onto 2-dimensional space using multidimensional
scaling, where clusters that are found to have a p value of less
than 0.05 are classed as having a distance of 1 from another,
and clusters where the null hypothesis could not be rejected
had a distance value of 0, as they are coloured in Figure 4.3.
This allows us to see what the spread of the relative pairwise
distances is, and it confirms the relative sense from looking at a
heatmap of the matrix that the clusters are in general quite well
spread out. The 25 clusters are split into 18 distinct groups in
the MDS plot, and therefore the overall patterns of statistically
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significant differences between samples represent a fairly differentiated set of samples. Though there are 8 isolates which were
overlapping and therefore statistically indistinguishable from at
least one other cluster, this does suggest that many different
phenotypes of recombination rate are possible, and indeed, it
is likely not a discrete phenotype. Figure 4.4 suggests this as
well, as though some clusters have similar average rates, there
are not an obvious set of levels which the genetic factors which
control the rate of recombination can switch between. This is
despite the differences in the inherent recombination rates of
the clusters, which are difficult to explain outside of genetic
factors. On a local scale the relative population size of a lineage
may play a substantial role in the likelihood of recombination
events occurring, but we see no effect of lineage size relative to
the global population. Therefore, it seems that the variation
in the inherent rate of recombination is itself continuous. This
is perhaps unsurprising given the number of mechanisms in N.
meningitidis which are believed to play a role in recombination,
but it suggests that elasticity in the recombination rate might be
even greater than we might believe. Two questions remain, however: What genetic factors control the recombination rate and
cause there to be differences between lineages? And more generally, what evolutionary pressures drive shifts in recombination
rate?
These two questions are not straightforward to fully answer,
and will rely on more data and analysis than has currently been
gathered and performed. However, much like with the population structure, the question of how applicable all of the above is
in more localised geographic contexts: Are the significant differences in inherent recombination rate observed between lineages
at a global level, also present within localised populations? This
can be seen to be the case if we simply restrict our analysis to
the Burkina Faso dataset. As discussed in Chapters 2 and 3,
sections 2.1.1.3 and 3.1, the Burkina Faso carriage collection is
one of the large constituent datasets which makes up this collection. It represents a period of extremely intense sampling over
a relatively short timeframe, 2839 isolates in 3 locations within
Burkina Faso from 2009-2012. The collection is dominated by 9
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Figure 4.5: Multidimensional scaling plot of the significant differences detected in post-hoc Dunn’s pairwise comparisons tests – where
a distance of 1 represents significantly different, and 0 represents no
significant difference – between the recombination rates of the 25
major lineages N. meningitidis present in this collection

of the global lineages: Clusters 2, 5, 1, 9, 16, 4, 8, 29, and 34,
in order from largest to smallest. Figure 4.6 shows the boxplot
of the distribution of recombination rates for only isolates from
these lineages within Burkina Faso carriage collection, similar
to Figure 4.2 for the entire Global Collection.
With fewer clusters, it is much easier to see that the distributions of recombination rate in the major lineages in 4.7 are
substantially different. Statistical testing with a Kruskal–Wallis
H test as per the entire global collection confirms that this is
significant (H = 440.977,p = 3.17 × 10−90 ). Even with much a
restricted sampling temporally and geographically, we are able
to detect significant differences in the inherent recombination
rate between lineages – further evidence that these differences
in recombination rate are genuine and related to genetic factors. Working on a small localised dataset also allows us to
explore a further unanswered question regarding recombination
in N. meningitidis, namely, between what which isolates does
the recombination occur? The entire global collections makes
this analysis difficult to perform, as its substantial geographical
and temporal spread mean that while it might be possible technically to infer recombinations between isolates, those results
could not possibly be the result of a recent direct transfer of
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Figure 4.6: Violin plot of the distribution of per-isolate ρ/θ, recombination events per mutation event. The average ρ/θ per cluster
is indicated by the purple triangles. The top and bottom of the
white boxes indicate the third and first quartiles respectively, and
the whiskers of the plot represent the maximum and minimum values.
The orange background shading represents the distribution of inferred recombination rates within each cluster. Significant differences
between clusters, as determined by a Kruskal-Wallis non-parametric
analysis of variance on all the per-branch rates for each cluster followed by post hoc statistical testing for differences between groups
using Dunnâ ès test and the conservative Holm-Bonferroni correction for multiple testing, are indicated by cluster numbers above
each clustersâ è violin plot.
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DNA and would be extremely difficult to interpret. Within
the Burkina Faso collection, however, this is not a problem.
Therefore, we can conduct an additional analysis on only the
isolates from the Burkina Faso carriage collection to attempt
to ascertain the sources of DNA in recombination events in N.
meningitidis. By leveraging pan-genomic methods as described
in Section 2.2.2.5, it is possible to align the coding regions of
the core and accessory genomes for the entire N. meningitidis
sample from the Burkina Faso collection. This allows us to then
use the fastGEAR [131] (Section 2.2.2.3) method for detecting recombinations within short alignments of coding regions,
which as part of its detection of recombinant regions, explicitly
infers a source for the recombinant DNA, which could be any
other lineage in the collection, or potentially an unknown source.
The results from this analysis are shown in Figure 4.7, and the
network of the recombination events clearly shows that most
recombination events have donor DNA from another isolate of N.
meningitidis, and our bias for detecting only sufficiently diverged
homologous DNA means that, from what we can detect, this
DNA particularly originates from isolates within other major
lineages. Some recombinant DNA also appears to originate from
unknown sources, potentially from other Neisseria which were
not sampled in the collection.
The chord diagram of the network of recombination events inferred from the Burkina Faso collection also further demonstrates
how stochastic encounters between lineages plays a significant
role in recombination in N. meningitidis, as discussed in relation
to Figures 4.1 and 4.2. The lineages present in the Burkina
Faso collection with the greatest population size at the time
of sampling, Clusters 2, 5, and 1, are involved in the greatest
number of recombination events. Figure 4.7 also suggests that
the recombination rate of clusters may have a significant effect,
however, with Cluster 34 having one of the highest recombination rates in the Burkina Faso collection and being involved
in 10 times the number of recombination events as Cluster 29,
despite both having a similarly small number of isolates present
in the population.
Finally, the metadata present for this collection, although
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Figure 4.7: Chord diagram of the count of recombinant regions
identified by fastGEAR between the clusters in the Burkina Faso N.
meningitidis carriage collection. Clusters are positioned on the main
circle of the diagram, with the arc length of the cluster indicating the
number of recombination events. Linkages between clusters represent
the number of recombination events occurring between those clusters
with their width representing the number of events and the colour
indicating the donating lineage. The three stacked bars outside the
main diagram indicate, from outermost to innermost, the proportion
of the total number of recombinant regions in each cluster coloured
by the other cluster involved, those same proportions only for the
count of recombinant regions received, and finally those proportions
for regions donated, in the focal cluster.
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Figure 4.8: Boxplot of ρ/θ recombination rate for all isolates in the
25 major lineages of the global collection, grouped by whether or not
they were isolated in carriage or cases of invasive disease

not particularly rich, do allow us to use these results to assess
the association between different recombination phenotypes and
the likelihood of causing disease. The first question is, is there
a significant difference in the measured per-isolate ρ/θ between
carriage and disease isolates? Figure 4.8 shows a boxplot of the
distributions of recombination rates for carriage isolates versus
isolates which were sampled from cases of invasive disease. There
is quite clearly a difference in the distributions between the two
groups, though interestingly, their ranges are very similar. A
Mann–Whitney U test [149] for differences in the distributions
of two populations confirms that they are significantly different,
(U = 8494146.5, p = 5.675 × 10−136 ). This is not altogether
expected, as it is not obvious why disease-causing isolates should
have significantly elevated recombination rate. Despite the
association of some lineages with being sampled primarily in
cases of invasive disease, it is generally believed that most
infections do not cause invasive disease, and an isolate which
causes an infection resulting in invasive disease is most likely to
have been transmitted from a carriage infection. One possible
explanation for the significant difference between carriage and
disease isolates is that it might be the case that by chance, some
clusters with a higher proportion of disease causing isolates also
have higher ρ/θ, and therefore are skewing the distribution of
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Figure 4.9: Scatter plot of the mean ρ/θ against the proportion of
invasive disease isolates within the 25 major lineages of the global
collection

disease causing isolates to have distribution of recombination
rates which is significantly higher than carriage isolates.
If this were the case, we would expect there to be a very
loose correlation between average recombination rate and the
proportion of invasive disease isolates within a cluster, and as
shown in Figure 4.9, this is to some extent true. The isolates
are loosely correlated, (Spearman’s [150] r = 0.562 , p = 0.003),
though significantly, and as most lineages are heavily biased
toward either disease isolates or carriage isolates (with > 80%
of one or the other) it is difficult to accurately ascertain how
strongly being sampled from a disease causing infection is actually associated with higher levels of recombination. The ranges
of recombination rates for lineages with over 80% recombinant
isolates and under 20% recombinant isolates are not completely
overlapping, however, suggesting that there may be some association which is not caused by lineage biases. An informative
test of this would be to see whether the significant difference in
ρ/θ persists within clusters as well as overall. Unfortunately, as
most lineages are heavily biased towards either invasive disease
isolates or carriage isolates, the relative sample sizes of the two
classes of isolates within the lineages would severely hamper the
power of any statistical tests to reject the null hypothesis of being sampled from distributions with similar distributions. Four
lineages, however, Clusters 1, 8, 25, and 27 have a more inter-

136

mediate number of carriage and disease isolates, and might have
enough statistical power to discern if there is a true difference between carriage and disease isolates. Performing Mann–Whitney
U tests on the recombination rates of the carriage and disease
isolates within these lineages returns test statistic, U values of
340752.5, 16328.5, 1018.0, and 490.0 respectively, corresponding
to p values of 2.318 × 10−36 , 0.00138, 0.0212, and 1.757 × 10−6 .
Using the Holm-Bonferroni multiple testing correction [151], we
find that all these p values are sufficiently small to reject the null
hypotheses that the distributions of recombination rate from
which the carriage and disease isolates are drawn are the same.
If disease isolates therefore truly have higher recombination
rates, measured as ρ/θ and independent from the cluster of
origin, what could be causing this? There are a number of
possibilities. First, it could be that an important precursor to
causing disease that the recombination rate be elevated. Though
it is not entirely clear why this would need to be the case, it is
conceivable that an elevated recombination rate could assist the
invasive strain in avoiding the immune system during the course
of an infection. Another possibility is that disease isolates do not
actually have an inherently elevated rate of recombination, but
instead are much more likely to contain detected recombination
events. It is again not entirely clear why this would be the
case, but for a number of reasons, it might be the case that N.
meningitidis bacteria are more likely to be invasive following
a mixed infection, where they encounter other N. meningitidis
bacteria and give rise to the possibility of recombination that
is sufficiently diverse in order to be detected. It is unclear why
or how this diversity would result in infections causing invasive
disease, but there are a number of possible causes. The uptake
and integration of sufficiently diverse DNA itself could lead
to an increase in the likelihood of an invasive disease-causing
infection, possibly due to content of the newly recombined DNA
itself, or some other internal cellular process which is triggered
by such a diverse recombination. The final possibility is that it
isn’t the recombination itself is not what leads to an increased
likelihood of causing invasive disease, but the presence two
lineages in a mixed infection may lead to competition between
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Figure 4.10: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 1. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

the bacteria, or other interaction which then causes an increase
in the likelihood of invasive disease in the descendants of those
lineages. Unfortunately, these data are not able to test these
hypotheses, and indeed genomic data alone is unlikely to be
capable of doing so. However, we can conclude that there is
an association between isolates sampled from cases of invasive
disease and higher recombination rate – an evolutionary genetic
characteristic of N. meningitidis bacteria, and further research
aimed at understanding why this is the case may lead to cracking
open our understanding of what causes some N. meningitidis
infections to result in invasive disease.

4.2

Differences in recombination within
the main lineages

Thus far, this chapter has been examining recombination primarily in terms of difference in its rate between different lineages.
However, recombination rate does not capture the extent of
the diversity in how recombination proceeds as it also differs
significantly in frequency between different loci in the genome.
Hereafter we will examine how recombination is distributed
across the genome in the 25 major lineages in this collection,
and also compare how this distribution differs between the
genomes of the 25 major lineages.
Cluster 1 (Manhattan plot of recombination events across
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the genome shown in Figure 4.10) has, in general, a fairly high
level of background recombination across the genome relative
to other lineages, despite its relatively low recombination rate.
This is likely due to its general diversity, meaning that relative to
the mutation rate, the rate of recombination remains lower than
the average. Despite its low rate, recombinations are distributed
across every portion of the genome, with almost no regions
having no recombination – only 93 1000 base-pair windows, or
4.24% of the genome, contain no recombination events. Despite
how widespread recombination is across the genome in this
lineage, there are still well-formed, identifiable ’peak’ regions
where recombination is significantly higher than the background.
This is likely at least partially caused by the the size of the cluster
(2218 isolates) as a proportion of the dataset, which will mean
that more events will be picked up by virtue of the greater sample
size. Within windows of the genome above the 99th percentile of
recombinations per window, indicated in Figure 4.10 in orange,
there were the following named genes: dnaB, the DNA helicase
responsible for opening the replication fork during chromosomal
replication, yccS, a transmembrane protein believed to be an
efflux pump, ftsY, a signal receptor protein which is believed
to be a homolgue of pilA in N. gonorrhoeae, msrAB, a surfaceexposed methionine sulfoxide reductase, pncC, a nicotinamidenucleotide amidohydrolase involved in pyiridine synthesis, mscS,
a mechanosensitive cell membrane channel, thiB, a periplasmic
thiamine-binding protein, gph, a phosphoglycolate phosphatase
involved in glycolate biosynthesis and therefore DNA repair
in response to oxidative stress, mnmE, a tRNA-modification
GTPase, and hap, a secreted adhesion and penetration protein.
There were also 7 additional hypothetical proteins with no known
annotation or function.
Cluster 2 (Manhattan plot of recombination events across
the genome shown in Figure 4.11) has a lower level of background recombination – there are long stretches of the genome
which seldom recombine between peaks where significantly more
recombination takes place. 37.1% of the 1000 base-pair windows
across the reference genome did not contain any recombination
events. Peaks are still easily distinguished from the background
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Figure 4.11: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 2. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

level, however, and those windows above the 99th percentile,
shown in Figure 4.11, contained the following genes: yccS, a
transmembrane protein believed to be an efflux pump, amiC, a
N-acetylmuramyl-l-alanine amidase involved in cell separation
and peptidoglycan release, tsaE, a tRNA threonylcarbamoyladenosine biosynthesis protein, racE, a cell wall biosynthesis
protein, tbpB, the outer-membrane exposed transferrin-binding
protein involved in iron uptake, folP, a cytoplasmic protein
involved in tetrahydrofolate biosynthesis, glmM, a cytoplasmic phosphoglucosamine mutase, dxs, a cytoplasmic 1-deoxy-Dxylulose-5-phosphate synthase, xerC, a site-specific recombinase,
cbbA, a fructose-1,6-bisphosphate aldolase, rimI, a ribosomal
protein, pyrE, a phosphoribosyltransferase involved in pyrimidine synthesis, argA, an arginine biosynthesis protein, hemR
a surface-exposed hemin receptor involved in iron uptake, and
yclQ, an outer membrane transporter believed to be responsible
for iron uptake. There were also an additional 5 hypothetical
proteins without any known annotation present in ‘hotspot’
regions above the 99th percentile of recombinations per window.
Cluster 3 (Manhattan plot of recombination events across
the genome shown in Figure 4.12) has one of the higher average
recombination rates in this collection (Figure 4.4), behind only
clusters 11 and 15, and it shows in the distribution of recombination events across its genome. The background level of
recombination, though it does occasionally reach 0 recombination events per 1000 base-pair window, tends to hover around
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Figure 4.12: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 3. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

50 recombination events per 1000 base-pair window. It also
has the most recombinations detected in any 1000 base-pair
window across all 25 lineages, at 740 recombinations detected
within a 1000 base-pair window. As possibly expected given
the extent of recombination across the genome, there are only 7
windows across the entire reference genome without any overlapping recombination events, or 0.031% of all the windows. In
the most recombinant windows in this cluster, there are the
genes apbC, an iron-cluster carrier protein, the outer membrane
transferrin-binding protein tbpB, racE, a protein involved in
cell wall biosynthesis, tsaE, a tRNA threonylcarbamoyladenosine biosynthesis protein, amiC, a N-acetylmuramyl-l-alanine
amidase involved which plays a role in cell separation and peptidoglycan release, rlmL, a ribosomal RNA large subunit methyltransferase, acpS, an acyl-carrier protein involved in fatty acid
synthesis, mscS, a mechanosensitive cell membrane channel,
thiB, a thiamine-binding periplasmic protein, alx, a membranebound redox modulator believed to be a transporter, murA, a
UDP-N-acetylglucosamine 1-carboxyvinyltransferase involved
in peptidogylcan synthesis and hence cell wall biogenesis, pgk,
a phosphoglycerate kinase involved in glycolysis, ibaG, an ironsulfate metabolism protein, and ftsX, a transmembrane protein
involved in cell division. There were also an additional 7 hypothetical proteins with no known annotation.
Cluster 4 (Figure 4.13), along with Cluster 5, have the lowest
two recombination rates of all the clusters. This is particularly
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Figure 4.13: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 4. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

Figure 4.14: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 5. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

evident in the Manhattan plot of recombination events across
the genome of Cluster 4, with most of the genome having no
recombination or very low levels recombination, apart from a
few specific regions with higher levels of recombination. 1506
of all 2043 of the windows across the genome, or 73.7% of all
windows have 0 recombination events. Within the peak ‘hotspot’
regions above the 99th percentile of recombination, there are
11 genes, including folP, glmM, ansA, lex1, pilE, lpxC, anmK,
tbpB, tbp1, spuE, rpsT, lbpA, and groL. There were 3 additional
hypothetical genes of unknown function.
Like Cluster 4, Cluster 5 (Figure 4.14) has a very low recombination rate, in fact the lowest of the 25 major lineages.
Despite this, however, the Manhattan plot of recombinations
looks quite different, due to recombination events occurring
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Figure 4.15: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 6. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

consistently across the genome. Unlike cluster 4, where 73.7%
of the genome did not have any recombination events, only
653 windows of 2209, or 30% of windows had 0 recombination
events. Despite the more consistent spread of recombination
events across the genome, there are still two identifiable peaks
above the 99th percentile of the number of recombination events
per recombination window. These two peaks contain 16 genes,
including pilE, the major pilin protein, ftsY, a signal recognition
peptide involved in targeting membrane proteins to the cell
membrane, yccS, a membrane protein believed to be an efflux
pump, pilT, a pillus-associated protein believed to be involved
in motility, yggS, a protein involved in pyridoxal 5’-phosphate
homeostasis, proC, a pyrroline-5-carboxylate reductase believed
to be involved in amino acid synthesis, tbp1, a transferrin-biding
protein, tbpB, another transferrin-binding protein both of which
are involved in iron uptake, racE, a protein involved in peptidoglycan and thus cell wall biosynthesis, tsaE, a tRNA synthesis
protein, and amiC, a protein responsible for cell wall hydrolyse
and is therefore involved in cell division. There were also an
additional 4 hypothetical proteins of unknown function.
Cluster 6 (Figure 4.15) is a substantially more recombinant
cluster than either cluster 4 or 5, with a higher rate of recombination than the all-cluster average (Figure 4.4), though it
is not one of the most recombinant clusters in the collection.
This is reflected in the distribution of recombinations across its
genome, which contains only 57 our of 2183 windows that have
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Figure 4.16: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 7. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

no recombination events (2.61%) and many minor peaks where
windows have between 50 and 100 recombination events. In the
major peaks above the 99th percentile there were 14 genes, which
include apbC, an iron-cluster carrier protein, carA, a protien involved in carbamoyl-phosphate synthase and therefore arginine
synthesis, amiC, a N-acetylmuramyl-l-alanine amidase involved
which plays a role cell separation and peptidoglycan release,
tsaE, a tRNA threonylcarbamoyladenosine biosynthesis protein,
tbpB, a transferrin-binding protein tbp1, another transferrinbinding protein both of which are involved in iron uptake, and
finally lbpA, a lactoferrin-binding protein, which is also involved
in iron uptake. In addition, there were 4 hypothetical genes
with unknown function.
Cluster 7 (Figure 4.16) is close to the average level of recombination and also has recombination events fairly well distributed
across the genome, with 9.1% of windows, or 192 out of 2109
containing no recombination events. There are relatively few
recombination peaks of significant scale, though the maximum
value for a recombination window is 347. The 6 peaks which
surpass the 99th percentile of recombinations per window contained the following genes: yccS, an inner membrane protein,
pilT, a protein assosciated with pilin motility, yggS, a protein
involved in pyridoxal phosphate homeostasis, proC, an protein
involved in L-proline biosynthesis, amiC, a surface-exposed cell
wall cleavage protein, tsaE, involved in tRNA synthesis, racE,
responsible for a key step of the peptidoglycan synthesis path-
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Figure 4.17: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 8. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

way, lst, part of the lipooligosaccharide biosynthesis pathway,
lbpA, a lactoferrin-binding protein involved in iron update, pilE,
the principal component of the type IV pillus, lpxC, an enzyme involved in lipid biosynthesis, and tbp1 and tpbB, two
transferrin-binding proteins involved in iron uptake.
Cluster 8 (Figure 4.17) has a recombination rate well below
the average recombination rate for all the clusters. Unsurprisingly, it also has a higher proportion of the genome which has
no recombination, at 39.4% of all the 1000 base-pair windows
across the genome, or 864 out of 2192. Despite the relatively
smaller amount of recombination distributed across the genome,
there were still several specific loci where recombinations are
significantly elevated, and those regions above the 99th percentile
included: dnaB, a DNA helicase believed to be involved in chromosomal replication, btuB, a active vitamin B12 transporter,
pigA, a protein involved in iron stress response, pqiA, a membrane protein, tbp1, a transferrin-binding protein involved in
iron uptake, tpbB, another transferrin binding protein, racE, a
protein involved in cell wall synthesis, tsaE, a protein which is responsible for a certain step in tRNA synthesis, yggS, a pyridoxal
phosphate homeostasis pilT, a protein believed to be involved in
pilin motility, hemR, the heme receptor involved in iron update,
glyS, a tRNA synthase, lex1, a lipooligosaccharide biosynthesis
protein believed to be involved in membrane synthesis, arnB,
another protein believed to be involved in lipooligosaccharide
biosynthesis, and dapH, a protein believed to be involved in
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Figure 4.18: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 9. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

lysine biosynthesis.
Cluster 9 (Figure 4.18) is another cluster which has a recombination rate that falls below the average for all clusters. Like
Cluster 8, a more substantial proportion of the reference genome
for this cluster does not have any overlapping recombinations,
at 42.3% or 906 out of 2141 1000 base pair windows. There are
5 well-defined peaks in the Manhattan plot which fall above the
99th percentile, however, and the following genes are contained
within the windows which make up these hotspots: tbp1, a transferrin binding protein tbpB, another transferrin binding protein
which is involved in iron uptake, thiC, involved in thiamine
synthesis, dksA, an RNA polymerase-binding transcription factor, proC, an L-proline biosynthesis protein, pilT, a protein
involved in pilin motility,yccS, a transmembrane transporter,
lbpA, a lactoferrin-binding iron-uptake protein, groL, a chaperone protein, tsaB, a tRNA synthase, and rimI, an ribosomal
acetyltransferase.
Cluster 10 (Figure 4.19) is close to the average for recombination rate, but has recombination events well-distributed
across the genome. Despite this, 10.9% of the genome, or 246
out of 2252 windows, does and do not have any recombination
events contained within. There are several peaks in the Manhattan plot which pass the 99th percentile of recombinations
per 1000 base pair window, and these ‘hotspot’ regions contained yhgF, an mRNA binding protein, kpsT, a polysialic acid
transporter, kpsM, a polysialic acid permease, siaA, a UDP-N-
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Figure 4.19: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 10. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

Figure 4.20: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 11. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

acetylglucosamine 2-epimerase, rfbC, dTDP-4-dehydrorhamnose
3,5-epimerase. Both epimerases are part of carbohydrate biosynthesis. Other genes include gltS, a sodium-dependant glutamate
transporter, ydjA, an NADH nitroreductase, piiC, an outer
membrane porin, cbbA, an aldolase involved in carbohydrate
metabolism, rimI, ribosomal protein acetyltransferase, pyrE,
a gene involved in UMP synthesis, argA, an acetyltransferase
involved in argenine synthesis, yclQ, an iron transporter, and
yclN a putative ABC transporter with unknown solute.
Cluster 11 (Figure 4.20) has the highest ρ/θ recombination
rate out of all 25 major lineages, and the Manhattan plot of
recombinations per 1000 base-pair window clearly reflects this,
with a sustained high background level of recombination. This
is also evident in the number of windows that did not overlap
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Figure 4.21: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 12. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

with any recombination events, only 0.327% of windows, or 7
out of 2139. The peaks are still well-defined despite the overall
high level of recombination in this cluster, and the regions with
recombinations above the 99th percentile included the following
genes: ftsY, a membrane targeting protein, msrAB, an oxidation
repair protein, pilE, the type IV pilus, lpxC, a protein involved
in lipid biosynthesis, tbp1, a transferring binding protein, tbpB,
another transferrin-binding protein both of which are involved in
iron uptake, and dnaB, a DNA helicase believed to be involved
in chromosome replication.
Unlike Cluster 11, the recombination rate of Cluster 12
(Figure 4.21) is close to but slightly below average. As we might
have expected given that, there are substantially more regions
which do not overlap any recombination events, with 712 of
2183 windows, or 32.6% of the windows did not contain any
recombination events. This makes peaks in the Manhattan plot
easier to distinguish, and 5 of the these peaks were above the 99th
percentile. Within these peaks were the following genes: tbp1, a
transferrin-binding protein, tbpB, another transferrin-binding
protein responsible for iron update, glmS, an enzyme responsible
for catalysing the first step of hexsoamine metabolism, metG,
a tRNA ligase required for translation, yccS, a putative efflux
pump, pilT, a pilin protein believed to be responsible for motility,
yggS, a protein responsible for pyridoxal phosphate homeostasis,
proC, a part of the pathway for proline biosynthesis, glmM, a
phosphoglucosamine mutase, folP, involved in tetrahydrofolate
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Figure 4.22: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 13. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

biosynthesis, and aroF, a protein involved in chorismate and
thus amino acid synthesis.
Cluster 13 (Figure 4.22) has one of the higher recombination rates in the collection, which is very much reflected in the
Manhattan plot of the recombinations per 1000 base-pair window, where it is clear that recombinations are well-distributed
across the entire genome. The percetage of windows which
do not overlap any recombination events is similarly very low,
at only 0.64% of the the 2202 windows, or 14 windows in total. Despite the overall high level of recombinations across the
whole genome, there are still several well defined peaks, 4 of
which have windows above the 99th percentile. These peaks
included the following genes: lbpA, a lactoferrin-binding protein,
tbpB, a transferrin-binding protein, tbp1, another transferirnbinding protein, all three of which are responsible for iron uptake, spuE, a spermidine uptake protein, carA, the small chain
of a carbamoyl-phosphate synthase, carB, the large chain of a
carbamoyl-phosphate synthase involved in argenine synthesis,
msrAB, a protein involved in repairing oxidative damage to other
proteins, pncC, an enzyme involved in the pyridine cycle, mscS,
a small mechanically sensitive transmembrane protein, thiB,
a thiamine uptake protein, gph, a DNA repair protein, glmU,
involved in UDP-N-acetylglucosamine synthesis, efeB, an iron
uptake protein, and alx, a putative transmembrane transporter.
Cluster 14 (Figure 4.23) also has a recombination rate which
is substantially above the average across all 25 major lineages,
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Figure 4.23: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 14. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

however the distribution of recombinations across the genome
is a little unusual. Though no particular region has a very number number of recombinations per 1000 base-pair window, the
background recombinations per window seems to hover around
10. Only 7% (144/2065) of the windows had zero overlaps with
any recombination events. Several peaks had windows which
surpassed the 99th percentile of recombinations per base pair
window. The following genes were present within these ‘hotspot’
peaks: dapH, part of the lysine biosynthesis pathway, mshA,
a protein from the Glycosyltransferase family, ribD, a protein
involved in riboflavin biosynthesis, dnaB, a DNA helicase believed to be involved in chromosomal replication, porA, the outer
membrane porin, piiC, another outer membrane porin, ydjA, a
putative NAD(P)H nitroreductase, folP, a synthase involved in
in the tetrahydrofolate biosynthesis pathway, aroF, a protein
involved in chorismate biosynthesis, tbp1, a transferrin-binding
protein, tbpB, another transferrin-binding protein, pglA, a protein involved in carbohydrate synthesis, rpoN, a transcription
factor, yccS, a putative efflux pump, yclO, an iron transporter,
and yclN, part of the same iron transporter complex.
The recombination rate in Cluster 15 (Figure 4.24) is the
second-highest out of all 25 major lineages, and as such we see
both a high level of recombinations across the genome and high
peaks of recombinations per window in the Manhattan plot.
Only 73 of 2225 1000 base pair windows in the genome – or
3.3% of windows – did not overlap with a single recombina-

150

Figure 4.24: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 15. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

Figure 4.25: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 16. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

tion event. Due to the height of the peaks, 5 were still clearly
distinguishable from the background levels and had windows
greater than the 99th percentile of recombinations per base pair
window. These peaks contained the following genes: glyQ, one
subunit of a glycine-tRNA ligase, glyS, another subunit of the
same glycine-tRNA ligase, gspA, a membrane-bound protein
believed to be involved in secretion, lex1, a protein involved in
lipooligosaccharide biosynthesis and therefore cell membrane
biogenesis, lbpA, a lactoferrin-binding protein involved in iron
uptake, dnaB, a DNA helicase believed to be involved in chromosome replication, tbp1, a transferrin-binding protein, and tbpB,
the other transferrin-binding protein.
Cluster 16 (Figure 4.25) has a ρ/θ recombination rate which
is close to but below average, though the Manhattan plot of
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Figure 4.26: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 17. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

recombinations across the genome, and the fact that 37.4% of
the 2140 1000 base-pair windows which cover the genome do
not overlap with any recombinations shows that high levels of
recombination tend to be localised to specific regions. Four
regions have windows which fall above the 99th percentile of
recombinations per window, and these regions contain: pigA,
a protein involved in responding to iron starvation, pqiA, a
transmembrane protein believed to be a transporter, lbpA, the
lactoferrin-binding protein, two copies of the type IV pillus pilE,
and the transferrin-binding proteins tbpB and tbp1.
The recombination rate in Cluster 17 (Figure 4.26) is close
to the average recombination rate across all 25 major lineages,
and the Manhattan plot reflects this. 268 of the 2096 windows
covering the genome, or 12.8% of windows, have no recombination events, and the rest reflect a relatively low but consistent
background rate of recombination. Peaks of recombinations
in the Manhattan plot are fairly evenly distributed across the
genome, and 6 peaks have windows which fall above the 99th
percentile. Windows which make up these peaks contain the
following genes: hemR, a heme receptor involved in iron uptake,
two copies of the lipooligosaccharide biosynthesis protein lex1,
glyS, a subunit of a glycine–tRNA ligase, tbpB, a transferrinbinding protein, tbp1, another transferrin-binding protein, the
type IV pillus pilE, ydfG, a 3-hydroxy acid dehydrogenase, lst,
a protein in the lipooligosaccharide biosynthesis pipeline, icd, a
protein putatively involved in carbohydrate metabolism, and
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Figure 4.27: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 18. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

Figure 4.28: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 19. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

the lactoferrin-binding protein lbpA.
Cluster 18 (Figure 4.27) has a recombination rate which is
similar to that of Cluster 16, slightly below the average across
all clusters. It also has a similar Manhattan plot, though fewer
windows are completely without recombination, at only 358 out
of 2221, or 16.1% of all windows. Peaks are not quite as distinct,
but there are a few definite regions which are highlighted by
selecting points which fall above the 99th percentile. These
‘hotspot’ regions contain the following genes: hxuC, an outermembrane protein involved in iron uptake, apbC, an iron-sulphur
cluster carrier protein, lbpA, a lactoferrin-binding protein, two
copies of the transferrin-binding protein tbpB, and tbp1 another
transferrin-binding protein.
Unlike the previous three clusters, Cluster 19 (Figure 4.28)
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Figure 4.29: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 20. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

has a recombination rate which is within the top 5 recombination rates among the 25 major lineages. This is reflected in the
Manhattan plot of recombinations across its genome, which has
much clearer peaks, and fewer regions with no recombination,
only 4.3% of windows – 92 out of 2132 – had no overlapping
recombinations. In the four clearly defined peaks picked out by
filtering for windows above the 99th percentile of recombination
the following genes were present: tbp1, a transferrin-binding protein, tbpB, another transferrin-binding protein, racE, part of the
peptidoglycan synthesis pathway, tsaE, involved in tRNA synthesis, amiC, a protein involved in cell wall cleavage, two copies
of the type IV pillus pilE, lpxC, a part of the lipid (IV) biosynthesis pathway, apbC, an iron-sulphur carrier protein, dsbE, a
putative oxioreductase, and farR, a transcriptional regulator.
In sharp contrast to Cluster 19, Cluster 20 (Figure 4.29)has
a recombination rate that is well below average, and this is
abundantly clear in the Manhattan plot of recombinations across
its genome. The maximum number of recombinations in a
window in this cluster is only 27 recombinations. This lower
maximum value also allows the distinguishing of the differences
between the counts of recombination in each window, giving
a staggered view of the counts of recombination across the
genome. There is also a substantial proportion of the genome –
51.6% of 2143 windows – which has no detected recombination
events. Within the peak regions in the Manhattan plot above
the 99th percentile of recombinations per window, the following
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Figure 4.30: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 22. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

genes were present: tbp1, a transferrin-binding protein, tbpB,
another transferrin-binding protein, piiC, an outer membrane
porin, apbC, an iron-sulphur complex carrier, dsbE, a putative
oxioreductase, farR, a transcriptional regulator, dnaB, a DNA
helicase believed to be involved in chromosome duplication,
cysW, part of an active sulfate transporter complex, porA, an
outer membrane porin, siaA, a hydrolase of unknown general
function, neuA, a synthase of unknown general function, rpoN,
an RNA polymerase sigma-54 factor, and pglA, a protein involved
in carbohydrate synthesis.
Cluster 22 (Figure 4.30) has a recombination rate that is
slightly above average, and the Manhattan plot looks similar
to other clusters with similar recombination rates. 13.3% of
windows – 277 out of 2122 – did not overlap with any recombination events, but windows above the 99th percentile picked
out 5 peaks in the Manhattan plot. Within these peaks, there
were the following genes: lex1, a lipooligosaccharide biosynthesis
protein, 5 copies of the type IV pillus, pilE, tbpB, a transferrinbinding protein, tbp1, another transferrin-binding protein, pqiB,
a transmembrane protein, pqiA, another transmembrane protein,
which like pqiB is believed to be a transporter, pigA, an oxygen
starvation protein, and lbpA, a lactoferrin-binding protein.
The ρ/θ recombination rate in Cluster 25 (Figure 4.31) is also
slightly above average, similar to Cluster 22. The maximum
number of recombinations in a window is only around half of
what it is in Cluster 22, however, with the maximum recombi-
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Figure 4.31: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 25. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

Figure 4.32: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 27. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

nations per window being 125. Recombinations are more evenly
distributed across the genome, however, with only 140 of 2206
windows, or 6.34% of windows not having any recombination
events within. Peaks seem to be primarily in the latter half
of the genome, and three of these peaks fall above the 99th
percentile for recombinations per window. The following genes
were contained within these peak regions: apbC, an iron carrier
protein, yccS, an putative efflux pump, 4 copies of pilE, the type
IV pillus, and tbp1 and tbpB, transferrin-binding proteins.
Cluster 27 (Figure 4.32) has a recombination rate that is
comparable to the recombination rates in Clusters 22 and 25,
slightly above average. Its Manhattan plot is similar to both
of the other clusters’ as well, though recombinations are even
more well-distributed across the genome, with only 125 of 2152
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Figure 4.33: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 29. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

windows, or 5.8% having no recombination within them. Peaks
in recombinations per window are dispersed across the genome,
and 6 of these had windows which fell above the 99th percentile of
recombinations per window. These peaks included the following
genes: menF, an isochorismate synthase of unknown general
function, lpxC, part of the lipid biosynthesis pathway, pilE, the
type IV pillus, tbpB, a transferrin-binding protein, tbp1, another
transferrin-binding protein, piiC, an outer membrane porin, and
kpsT and kpsM, two components of a transmembrane transport
protein.
The recombination rate in Cluster 29 (Figure 4.33) is a significant departure from the previous three clusters, being the
third lowest recombination rate our of all 25 major lineages.
The low recombination rate is reflected in the very few recombination events present in its genome, with 1672 out of 2104
windows – 79.5% – not overlapping with any recombination
events, by far the highest proportion of any of the 25 major
lineages. The are still 3 distinct peaks in recombination events,
however, and all 3 are picked up above the 99th percentile of
recombinations per window. These three peaks contained: tbpB,
a transferrin binding protein, tbp1, an additional transferrin
binding protein, lpxC, a protein involved in lipid biosynthesis, 8
copies of pilE, the type IV pilus, two copies of lex1, a protein
involved in lipooligosaccharide biosynthesis, and glyS and glyQ,
two components of a glycine-tRNA ligase.
Cluster 36 (Figure 4.34) is more in keeping with what has
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Figure 4.34: Manhattan plot of the number of recombination events
overlapping discrete 1000 base-pair windows across the reference
genome of Cluster 36. Windows greater than the 99th percentile of
recombinations per window are plotted in orange.

been observed across the major clusters, having a recombination
rate much more similar to Clusters 22, 25, and 27, slightly above
average. The maximum number of recombinations per window
is actually slightly lower than cluster 29, but the recombinations
are much more well-distributed across the genome, 20.5% of
windows, 432 out of 2110, do not have any recombination events
within. The first half of the genome seems to generally have
more recombinations than the second half, and selecting windows
above the 99th percentile of recombinations per window identifies
three ‘hotspot’ peaks in the recombination rate. The following
genes were present in these regions: piiC, a porin, 4 copies of pilE,
the type IV pilus, lpxC, involved in lipid biosynthesis, 2 copies
of lex1, which is involved in cell membrane synthesis, rsmE, a
methylase which acts on the the small subunit of the ribosome,
cysQ, a nucleotidase of unclear general function, ydfG, a 3hydroxy acid dehydrogenase of unclear general function, lst, part
of the lipooligosaccharide biosynthesis pathway, icd, isocitrate
dehydrogenase, tbpB, a transferrin-binding protein, tbp1, another
transferrin-binding protein, racE, a protein involved in cell wall
synthesis, tsaE, responsible for a tRNA synthesis reaction, and
amiC, a protein which is involved peptidoglycan catabolism and
therefore cell wall cleavage.
This exhaustive examination of the hotspots of recombination in the 25 major lineages of the global collection reveals two
major trends. The first is the extent to which the existence of
regions of high recombination and the genes present in those
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Figure 4.35: Upset plot of the overlap in genes present within
‘hotspot’ regions of recombination above the 99th percentile of recombinations per 1000 base-pair window in each cluster. The number
of genes present within the hotspots of each cluster is indicated on
the horizontal bar chart on the left, and the number of these genes
which are either unique to a single cluster (one dot in the interaction
matrix) or common between multiple clusters (2-7 dots connected by
a line in the interaction matrix) is indicated in the central vertical
bar chart.
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regions are consistent across the diversity of N. meningitidis.
Each cluster has clear regions where recombination far exceeds
the background level (Figures 4.10-4.34), and though the intensity and distribution of these peaks is varied across the 25
major lineages, the gene content of the highest peaks of recombination remains relatively consistent across all lineages. 91
genes appeared in all lineages recombination ‘hotspots’ – windows which fell above the 99th percentile of recombinations per
window in each lineage – yet only 38 of these genes (42%) were
unique to any given lineage. The transferrin-binding proteins
tbp1 and tbpB were present in 22 and 23 of the major lineages,
respectively, and pilE, the gene which encodes for the major
type IV pilin subunit, was present in a recombination hotspot
of 12 of the major lineages. 9 additional genes were present
in 6 or more of the 25 lineages. The concurrence of unique
genes in recombinant regions between clusters is fully shown in
Figure 4.35, in an Upset plot of the overlap between the sets of
genes present in the 25 major lineages. The main body of the
plot shows the the number of genes which are shared between
different groupings of the major lineages, ranging from unique
genes on the left to those which are shared between almost all
the clusters on the right. This is likely to be an underestimate of
the true extent of concurrence due to the conservative method
used to identify hotspots – a percentile cut-off of all windows
means that tall peaks can dominate and obscure shorter peaks
which are still significantly higher than the background level.
Despite its probable underestimate, the extent of shared genetic
content in these regions of high recombination is still surprising.
What is driving these specific genes to have such high levels
of diversity which is not believed to be the result of mutation?
In at least one case, it may be the result of within-organism
homologous recombination, or antigenic variation, particularly
in the case of pilE, which is known to exist in several silent
cassettes within the N. meningitidis genome which are then
swapped with the actively transcribed copy [47]. This is not
currently known to occur with any other genes in Neisseria,
however, so it is unclear if this mechanism could explain the
consistent appearance of other genes in recombination hotspots.
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Figure 4.36: Multidimensional scaling plot of the pairwise Jacard
distances J(A, B) between the presence-absence matrices of genes in
recombination hotspots among the 25 major lineages of N. meningitidis present in this collection

Phase variation with short sequence repeats (SSRs) is another
mechanism of within-genome recombination in Neisseria [43],
however, and several of the genes which are present across many
of the 25 major lineages have been identified as genes which
undergo phase variation, particularly the iron uptake genes, tbp1
and tbpB. Phase variation with SSRs would lead to detected
recombination events with a length on the 101 order of magnitude, however, and across all of the major clusters, the average
recombination length overlapping one of the transferrin-binding
genes is 4904.65 base-pairs long, with within-cluster average
ranging from 1903.56 base pairs to 6975.82 base pairs. In general, these genes are known to be very diverse across species,
and it is commonly believed that this is due to strong selective
pressure from the immune system which causes the increased
diversity [152]. It is indeed the case that most of the genes identified in recombination ‘hotspot’ peaks (Figures 4.10-4.34) are
surface exposed and therefore likely to be subject to diversifying
selection, increasing the diversity within that region and leading
to many more detected recombinations, even though the true
recombination rate is roughly similar across the genome. It is
difficult to directly investigate whether or not this is the case,
as we are obviously unable to detect recombinations which fall
above some percentage of identity with the recipient genome.
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Figure 4.37: Boxplot of the distribution of inferred recombination
lengths for each of the 25 major lineages in this collection.

An alternative to these patterns being driven by increased
diversity in certain regions, however, would be if these regions
themselves had some genetic property which caused them to be
more recombinant than other regions. If this were the case, we
might expect to see some structure in the differences between
the genes present in the hotspots of various lineages. Figure
4.35 offers some suggestion that this may be the case as certain
intersections of 2 or 3 lineages appear several times in conjunction with 3th and 4th lineages. This is not a reliable measure,
however, and a more formal approach is to calculate pairwise
Jacard distances (see section 2.2.2.1) between each pair of lineages based on the presence-absence matrix of hotspot genes.
These distances can then be projected into two-dimensional
space to create a MDS plot as per Figure 4.5. This is shown
in Figure 4.36, where it is quite clear that there is no easily
discernable pattern – some clusters are a little closer together
than others, but in general they are well spaced and spread
out. If there is a genetic factor driving increased recombinations
in certain regions, it is likely not directly a results of the gene
content in those regions.
The second more subtle trend evident when examining the
Manhattan plots of recombination events across the genome
in the 25 major lineages is the effect of recombination length
on the locations of recombinations across the genome. This is
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easiest to see in lineages where the maximum number of recombinations is relatively low and the average recombination length
is relatively long, particularly in Cluster 20 (Figure 4.29) where
shorter recombinations that overlap with longer recombinations
creates a pattern of staggered “bands” of recombination across
the genome. The extent to which this occurs in the lineages’
Manhattan plots appears to vary – is this substantially different
between clusters? Figure 4.37 shows the boxplots of the lengths
of the recombinations detected in the 25 major lineages. In
general, they range from a few base pairs to a maximum of
around 80,000 base pairs long. The differences in recombination length are also significant between clusters (Kruskal-Wallis
H = 1963.01, p < 10−16 ), though the differences between clusters are not as widespread as those found in recombination rate
(Figure 4.38 for results of Dunn’s post hoc tests). The lengths of
recombinant DNA fragments are generally believed governed entirely by stochastic processes, as a key determinant of their size is
how fragmented DNA becomes in the extracellular environment
before it is taken up and integrated into the chromosome of the
recipient cell. That the distributions of lengths are significantly
different between some clusters is surprising, and suggests that
non-stochastic factors may affect the the lengths of recombinant
DNA. There are a number of non-random variables which could
theoretically affect the length of recombinant DNA, including
the extent of synteny and homology between the DNA donor
and recipient, and how likely it is that the recipient bacterium
will encounter more syntentic or less syntentic DNA, all of which
could play a role in causing these significant differences.

4.3

Recombination and selection

Recombination in the N. meningitidis genome is therefore diverse in both its frequency and location, and both of these occur
in highly non-random ways – lineages are significantly different
in their recombination rates, and certain regions of the genome
are much more recombinant than others. The recombination
rates between isolates sampled from disease and those sampled
from carriage are also significantly different. Although recombi-
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Figure 4.38: Heatmap of the significance results, with p values as
indicated in the legend, of post-hoc Dunn’s pairwise comparisons
tests for between-groups between the recombination lengths of the
25 major lineages present in this collection.

nations might be expected to be randomly distributed across the
genome, in all lineages there are regions which have significantly
more recombinations detected than others. Selection is often
invoked as the explanation for this phenomenon, as the genes
which are often found present in regions of high recombination
are known to be diverse and surface-exposed, and hence very
likely to be subject to significant selective pressure from the
human immune system [152]. This suggests that,as discussed in
the previous section, selection may lead to increased diversity,
and increased diversity would in turn lead to detection bias
being responsible for the appearance of increased recombination in recombination ‘hotspot’ regions. However, studies in
eukaryotic organisms have highlighted the interaction between
recombination and selection, for instance by acting to increase
the efficacy of directional selection, though this interaction has
not been fully explored in bacteria. This is, in part, due to
difficulty associated with identifying regions under selection in
bacteria, when most theory and method development is focused
on freely-recombining diploid organisms [9]. Could this type
of interaction between recombination and selection, as opposed
to simply the generation of increased diversity, be involved in
creating recombination ‘hotspot’ regions?
As discussed in section 2.2.2.3, there are no current analysis
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Cluster
3
11

15

19

22

SNP 1 Position
1630215
1069160
1675790
1824421
2118239
1032521
2145198
1037481
2154536
1202467
587039
201173
202846
202846
202852
202846
202852
203088
202992
202846
202852
202995
202995
202992
202846
1427796
202852
203254
202992
202846
202852
203088
1081793
1082011
208518
203586
1674066
1091790
203756
202995
203010
203532
202992
1429382
1034692

SNP 1 Gene
fabI
lolB
Hypothetical
metK
tufA
Hypothetical
zraR
Hypothetical
pyrB
Hypothetical
btuB
Hypothetical
Hypothetical
Hypothetical
Hypothetical
Hypothetical
Hypothetical
kpsM
kpsM
Hypothetical
Hypothetical
kpsM
kpsM
kpsM
Hypothetical
Non-coding
Hypothetical
kpsM
kpsM
Hypothetical
Hypothetical
kpsM
yccS
yccS
Hypothetical
kpsM
Hypothetical
thiB
kpsT
kpsM
kpsM
kpsM
kpsM
fhs
Hypothetical

SNP 2 Position
1630217
1069167
1675792
1824422
2118240
1032522
2145200
1037487
2154537
1202474
587040
201475
202852
203088
203088
203292
203292
203292
202995
202995
202995
203088
203292
203088
202992
1427798
20299
203292
203292
203254
203254
203254
1081807
1082014
208533
203592
1674069
1091793
203765
203254
203016
203538
203254
1429385
1034694

SNP 2 Gene
fabI
lolB
Hypothetical
metK
tufA
Hypothetical
zraR
Hypothetical
pyrB
Hypothetical
btuB
Hypothetical
Hypothetical
kpsM
kpsM
kpsM
kpsM
kpsM
kpsM
kpsM
kpsM
kpsM
kpsM
kpsM
kpsM
Non-coding
kpsM
kpsM
kpsM
kpsM
kpsM
kpsM
yccS
yccS
Hypothetical
kpsM
Hypothetical
thiB
kpsT
kpsM
kpsM
kpsM
kpsM
fhs
Hypothetical

Table 4.1: Table detailing the loci of the 45 extreme GWES outliers
from a cluster-by-cluster GWES analysis for SNPs under selection
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methods which are capable of detecting loci under selection
across the entire collection. However, with some constraints,
there are methods that will allow us to detect selection in subsets
of the collection. The first of these, spydrpick [134] detects pairs
of variants which are much more tightly epistatically linked than
population structure or linkage disequilibrium would suggest.
Table 4.1 contains all the “extreme outliers” present in the
spydrpick results from each cluster – those pairs of SNPs which
are much more tightly linked than background levels of linkage
and population structure suggest, making it highly likely that
they are under selection. Five of the 25 main lineages had pairs of
variants which fell above the variable “extreme outlier” threshold,
clusters 3, 11, 15, 19, and 22, across which there were 45 pairs of
SNPs. These 45 pairs were found in 12 genes of known function
and 9 hypothetical genes across 5 clusters. That significant
signals of nucleotide variants under directional selection are
found in only in 5 of the major clusters is surprising when all 25
major clusters span a substantial period of time, but this likely
predominantly driven by the limited sensitivity of considering
only extreme outliers when using GWES to detect selection. The
GWES results do confirm that there are at least some cases of
significant positive selection, though it is impossible to interpret
these signals of selection when the variants concerned are found
in hypothetical, predicted genes with no known annotation.
Among the annotated genes, several point to interesting patterns
of selection, particularly in the kpsM and kpsT genes of Cluster
19. Genes with these names have not been well-studied in any
Neisseria species, but the have been studied extensively in E.
coli where it is known that they encode for a transmembrane
ABC transporter responsible for transporting polysialic acid
across the cellular membrane. A blastx search of the uniprot
protein sequence database suggests that these two genes have
been mis-annotated in the automatic annotation, and instead are
the genes crtD (‘kpsT ’) and crtC, (‘kpsM ’). crtC and crtD are
well-studied in N. meningitidis, and are known to be responsible
for capsule transport[153]. Given the importance of capsule in
infections, and particularly in causing disease, it is unsurprising
that there would be such a strong signal of selection in these
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genes. Evidence of evolution in the capsule genes of Cluster
19 is interesting as it is made up predominantly of Serogroup
E isolates, which are generally not viewed as a disease-causing
serogroup – though there have been sporadic reports of cases
recently [37] – but also especially interesting due to the fact
that Cluster 19 has by far the most genogroup diversity of any
cluster, with 6 genogroups and capsule null isolates represented
(Figure 3.25). The other genes of note which have a strong
signal for being under selection in Cluster 19 are thiB and fhs.
thiB has not been characterised in N. meningitidis, but research
in other species has shown it and other genes in its pathway
to be involved in thiamine biosynthesis[154, 155]. Interestingly,
it is present in recombination hotspots in Clusters 1, 3, and
13. fhs is another synthase, responsible for the synthesis of
10-formyltetrahydrofolate [156]. Given that there is no evident
reason to believe that these variants in particular are under
selection, it is also very much a possibility that these pairs of
variants could result from hitchiking on the ctrC -ctrD sweep,
though spydrpick is deigned to avoid trying to detect such
occurrences. In Cluster 3, variants in the genes fabI and lolB are
tightly epistatically linked and therefore likely co-selected. fabI
is a gene that is part of the fatty acid synthesis pathway[157, 158]
and lolB, though not studied in N. meningitidis has been shown
to be involved in lipoprotein localisation[159]. The related
function of these genes is further evidence of genuine co-evolution
between them. In Cluster 11, two single-nucleotide variants in
metK are highly epistatically linked, suggesting that one of those
two variants of the gene has, or both have recently been under
strong positive selection. metK is the gene responsible for the
synthesis of S-adenosyl-L-methionine, and has been shown to be
essential for growth in some bacterial species[160]. Finally, in
Cluster 15, four different non-hypothetical genes contain pairs
of single nucleotide variants which seem to be under selection,
tufA, zraR, pyrB, and btuB. tufA encondes for a translational
elongation factor[161], and has been molecularly shown to exist
in other Neisseria species[162]. zraR has not been studied
in N. meningitidis but research in other species has shown it
to encode for one component of the ZraPSR envelope stress
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Figure 4.39: Scatter plot of number of recombination events versus dN/dS for genes in the pan-genome of the entire Burkina Faso
collection of carriage isolates. Genes with abnormally high estimates
of dN/dS were excluded from the plot as described.

response protein, which has been implicated in antimicrobial
tolerance[163]. Given the importance of envelope stress response
in responding to a range of external stressors, it is unsurprising
that it should be found to be under selection. Given that all
Cluster 15 isolates were collected from cases of invasive disease,
however, it also possible that this is reflects an adaptation in
response to host immune response. pyrB has been shown to
code for aspartate transcarbamylase in N. gonorrhoeae[164],
and described as essential in other species [165], but there is no
obvious reason why it would have recently been under strong
positive selection in Cluster 15. It is interesting to note, however,
that another gene in the pathway, pyrE [166] was found in
recombination hotspots in Cluster 2 and Cluster 10. Finally,
btuB has been shown to encode for a vitamin B12 transporter
in E. coli [167], and it is present in a recombination hotspot in
Cluster 8.
None of these variants under selection, as detected by spydrpick, directly overlap at all with recombination ‘hotspot’ regions.
Some genes with strong evidence of selection based on the results
of the spydrpick output are found in recombination hotspots
in other clusters, but this is insufficient evidence to suggest a
direct interaction between recombination and selection. This is
perhaps unsurprising as recombination would severely reduce
the selective signal GWES analyses look for, but it may still be
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possible to detect such an interaction by focusing our analysis
on a subset of the dataset which is restricted in space and time
to a local population, as previously done (Figures 4.6-4.7) to
examine the extent of recombination between major lineages
in a localised population. Recombinations in this case were inferred on a gene-by-gene basis on the pan-genome of the Burkina
Faso dataset, which allows the use of more generalised methods
of detecting genetic evidence of directional selection within a
gene. Figure 4.39 is a scatterplot of the dN/dS values for each
gene in the pan-genome where it was possible to make such a
calculation (where neither dN nor dS were zero) using the NeiGobojiri [168] algorithm for estimating dN/dS as implemented in
Snpgenie [169]. Figure 4.39 suggests the existence of a clear negative correlation between dN/dS and recombinations, where the
more recombinations a gene has, the lower its dN/dS . A simple
non-parametric Spearman’s rank correlation [150] demonstrates
that this correlation is highly statistically significant returning
a negative correlation coefficient rs of -0.122, with an associated
p = 2.21 × 10−6 . This suggests that one evolutionary consequence of recombination in N. meningitidis is to reduce the
accumulation of deleterious mutations – which would lead to
a higher dN and therefore dN/dS – by increasing the efficacy of
negative selection, removing deleterious alleles from the population. This has long been accepted as one of the reasons for the
maintenance of recombination in eukaryotic organisms [84], and
though it is perhaps unsurprising that recombination would play
a similar role in prokaryotes, the significant negative correlation
between the dN/dS and the number of recombinations in a gene is
a rare example of clear evidence of recombination playing such
a role.
Figure 4.39 does, however, show the existence of a single
outlying gene with a dN/dS of over 10, despite having many
more recombinations (42) than most genes with a similar dN/dS ,
unusual given the overall trend to which this gene, the DNA
methylation modification enzyme dpnA, is the only exception.
Analysis of the multiple sequence alignment of this gene with the
BUSTED [170], FUBAR [171], and aBSREL [172] algorithms in
the HYPHY [173] software package which implements molecular
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Figure 4.40: Histogram of the effect sizes (β) of the 6375 unitigs
which were significantly associated with ρ/θ recombination rate, at a
significance threshold of 5x10−8 .

evolution methods for detecting signatures of selection accepts
the alternative hypothesis that the entire gene is under positive selection (BUSTED, p = 0.00015), finds good evidence
that there is a single amino acid site under selection (FUBAR,
posterior probability=0.9039), and of the 42 branches of the
gene phylogeny which contained the recombination event in this
gene, at least one branch could reject the null hypothesis of
not being under directional selection (aBSREL, p = 0.00059).
Another known effect of recombination in eukaryotes is speeding
the effect of positive selection [85], and the combined evidence
of dpnA being under positive selection with its relatively high
number of recombinations suggests that recombination may be
playing a similar role in this case. DNA methylation is known
to have significant consequences for a number of processes in
Neisseria, including recombination itself [146], and it is possible
that dpnA was therefore under selection in the Burkina Faso
population after the turbulence introduced into the population
through the mass vaccination campaign started shortly after
the fist data of collection of the Burkina Faso isolates.

4.4

Genetic factors underlying recombination rates

As discussed in the methods section of Chapter 2, specifically
Section 2.2.2.5, advances in bacterial GWAS methodology have
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Unitig
1: GGCAATCAATCCTGCCGCTTCGCGCCGCATCACCTCTTG
2: ATGCGGCGCGAAGCGGCAGGATTGATTGCCGCCG
3: CTTCGGCGGCAATCAATCCTGCCGCTTCGCGCC
4: TTTACACCTACGCGCAAGAGGTGATGCGGCGCGAAGCGGCAG
5: TCCTGCCGCTTCGCGCCGCATCACCTCTTGCG
6: GGAATAGGCATATCCGACAACAATGCCGTCCGAAGATTCAGACGGCAT
7: AAAAAACAAAAAGCCGAACCCAAAGCCACCGTCGG
8: GGCACCAAAAAACAAAAAGCCGAACCCAAAGCCACC

Unitig Frequency
0.0755
0.0755
0.0755
0.0755
0.0755
0.1340
0.0755
0.0755

LRT-adjusted p-value
4.840000 × 10−88
4.840000 × 10−88
4.840000 × 10−88
4.840000 × 10−88
4.840000 × 10−88
1.340000 × 10−85
9.570000 × 10−89
9.570000 × 10−89

Table 4.2: Table of the unitigs which are significantly associated
with ρ/θ recombination rate in a GWAS, and have high effect size
β ≥ 4. LRT-adjusted p-values are p values adjusted with a likelihood
ratio test to account for the nested effect of population structure. β
reflects the effect size of the variant on the phenotype.

allowed for increasingly sensitive association studies between
phenotypes of interest and different types of genomic variation.
The ρ/θ recombination rate is calculated for each isolate in the
25 major lineages, and is therefore also isolate phenotype for all
isolates in the 25 major lineages, and we can therefore directly
asses the extent to which genetic variation affects the recombination rate. I do so here using unitigs [174] as the genetic variants,
as they are an extension of k-mer based associations using the
nodes compacted De Bruijn graphs to reduce redundancy and
therefore make the computation associated with a dataset of
this size much more feasible. In total, 4693555 unique unitgs
were discovered in the population, and I therefore filter the
results with a significance threshold of 5 × 10−8 , the threshold
typically used for associations studies where millions of variants
are tested[175].
6375 unitigs were significantly associated with recombination
rate, but as Figure 4.40 shows, the effect sizes of most of these
variants are extremely small. The variants with the largest
positive effect sizes (β ≥ 4) are reported in Table 4.2. Unitigs
1-5, 7, and 8 are found in all Cluster 4 isolates, and also at low
frequency in Cluster 2 (Unitigs 1-5) and Cluster 22 (Unitigs 7
and 8). Unitg 6 is found at high frequency in Cluster 2, and at
low frequency in Cluster 6. Remarkably, unitigs 1,2, and 5 are
not found through a blastn search of the NCBI non-redundant
nucleotide database, unitigs 3 and 4 primarily are found in N.
gonorrhoeae isolates, and unitigs 7 and 8 in other Neisseria
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β
5.87
5.87
5.87
5.87
5.87
5.87
5.90
5.90

species, primarily N. mucosa, N. sicca, and N. bacilliformis.
Unitig 6 is found primarily in N. meningitidis, where it matches
the 5’ end of a prophage-associated protein in the FAM18[43]
reference genome.
The fact that most unitigs, apart from 7, seem to be primarily found in other Neisseria species or not found at all in
the nr database would typically suggest that these sequences
likely represent some form of contamination, but the fact that
these unitigs are present in all isolates in at least one of the
major clusters (Clusters 2 and 4), indicates that some other
phenomenon is at work. The clusters these unitigs are present
in at high frequency is additionally confusing, as they both
of have below-average recombination rates (Figure 4.4). The
only explanation which is consistent with these associations,
for unitigs which appear to have been an import from other
species, is that unitigs 1-5, 7, and 8 were gained ancestrally in
Cluster 4, but their recent gain in Clusters 2 and 22 has lead
to an enormous increase in recombination rate, which has lead
to their strong association with recombination rate. A similar
event has likely occurred involving unitig 6, which maps to a
prophage-associated gene which is present at high frequency in
Cluster 2 and at low frequency in Cluster 6. Looking at the
isolates with these unitigs at low frequency in Clusters 2, 22,
and 6 confirms that this is definitely the case – ρ/θ in these
isolates is the maximum value found across all the isolates for
which these values were calculated, with ρ/θ = 6 in all cases.
Although these variants with high effect sizes ultimately
appear to be driven by a small number of very recombinant
isolates, the general fact that 6375 unitigs are significantly
associated with recombination rate confirms that there is a
substantial genetic component affecting the observed rates of
recombination in N. meningitidis. These unitigs range from 31
base pairs long to 182 base pairs long, and surprisingly, the
mean effect size is actually slightly negative (-0.01006), but
very close to 0. In general, that the unitigs are so balanced in
their effect sizes raises an important issue: although these uitigs
are strongly associated with recombination rate, that does not
necessarily mean that the association is causative, as illustrated
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by the unitigs found in Table 4.2. Can we confirm that at
least some of these unitigs are associated with recombination
rate and show some evidence of causality? A simple way of
doing this is to see if any of the unitigs contain sequences which
are known to be associated with recombination rate. The 10
base-pair DNA uptake sequence has been shown to be directly
related to DNA uptake in Neisseria[47, 176] and specifically
N. meningitidis[177]. 200 unitigs significantly associated with
recombination contained the 10 base-pair Neisesria DNA uptake
sequence, and the mean effect size of these unitigs is low, but
positive at 0.0354145. A Mann-Whitney U test[149] confirms
that this is significantly different from the mean among unitigs
without the DNA uptake sequence.

4.5

Concluding remarks

Since long before the advent of whole-genome sequencing, it has
been well-known that recombination is a common occurance in
N. meningitidis [46]. Here, we demonstrate that its frequency
is not consistent between lineages or across the genome of any
given isolate – significant differences exist between lineages, and
the rates of recombination across the genome are highly unequal.
Even the positions of ‘hotspot’ regions, which have elevated
recombination rates, differ between different lineages, although
certain genes which have long been shown to be highly recombinant are commonly found in hotspots across multiple lineages.
Even when focusing our analysis on a highly localised subset of
the global dataset, these significant differences persist between
lineages, confirming that recombination is a frequent, ongoing
process. These significant differences also suggest that the rates
of recombination in N. meningitidis are not simply governed by
stochastic factors, but must have a genetic component. This is
confirmed by the GWAS of unitigs versus recombination rates,
where 6375 unitigs were very highly significantly associated with
recombination rate. Although not all these significant associations are directly causal, as shown by the unitigs with the highest
effect size, but at least some, which contain a clear mechanism
for affecting recombination rate in the form of a DNA uptake
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sequence, appear to be. Interestingly, these DUS-containing
unitigs have very small effect sizes, suggesting that the genetic
component controlling recombination is perhaps not large, but
definitely affected by a significant number of loci.
Recombination within the Burkina Faso collection also demonstrates the extent to which recombination occurs primarily
within the species. Although there is much evidence of sporadic
recombination between N. meningitidis and other Neisseria
species[70, 178, 179], and indeed further evidence found here, in
Table 4.2, Figure 4.7 demonstrates that, at least in one regional
population, this represents a very small fraction of recombination events, most of which occur between distantly related
lineages of N. meningitidis. The study of recombination in the
Burkina Faso population also provides some evidence for the
evolutionary consequences of recombination in that population,
which seems to be be primarily preventing the accumulation of
deleterious mutations[105], a well-known evolutionary function
of recombination[84]. Evidence of selection within major clusters
of the global population also exists, with evidence of a major
selective sweep in the capsule transport genes of Cluster 19, the
most diverse cluster in terms of genogroups. Though predominantly composed of genogroup E isolates, 11.67% of its isolates
are typed as genogroup B, and smaller numbers are identified
as genogroups W, X, Y, and Z, and also some non-groupable,
likely capsule null. Although the ctrD and ctrC genes are not
directly responsible for the shifts in genogroup, their loci are
proximate to proximate to the biosynthesis genes[153], and a
large capsule-switching recombination event could be responsible for the change in genogroup and the introduction of these
variants into the cluster and spydrpick has detected the subsequent strong selection on the entire capsule locus which has led
to its expansion, potentially of the genogroup B isolates which
make up just under 12% of sampled isolates from Cluster 19.
Although this single event is not enough to make any general
conclusions about the interaction between recombination and
selection within the global population, the existence of identical
or similar in genes detected by spydrpick and in gene recombination hotspots – though in different clusters – combined with
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the strong example of selection in the capsule transport genes
suggests that there may be some general entanglement of the
two evolutionary forces during the course of adaptation in N.
meningitidis. The existence of repeated recombination hotspots
across different lineages has previously been used as indirect
evidence of this phenomenon [152], but in the Burkina Faso
collection I find direct evidence of this phenomenon in the form
of a gene with a high number of recombination events and a
high dN/dS , and exception to the overall trend.
Although the combination of recombination and selection
inference performed in this chapter has suggested that there
are occasional episodes of selection which interact with recombination within lineages, no current methods or data are able
to determine how selection acts on lineages or between lineages
as a whole. Chapter 3 suggests that the expansion and bottlenecking of different lineages is a frequent occurrence, and these
demographic changes may well be linked to selection at certain
loci, and recombination may disrupt the demographic shift in
such cases by allow loci under selection to jump from their initial
lineage into other lineages present in the background diversity
in the region. No methods can test that hypothesis, because
they are unable to account for the extent of genome flexibility
between lineages, and no data provides a representative enough
sample from the population to allow for the disentangling of
demographic shifts caused by selection and drift. In this chapter,
I used an analysis of the pan-genome of a regional population to
partially account for the former challenge by reducing the whole
genome sequences of the Burkina Faso dataset to their coding
regions and a network describing their syntenic relationships
in each isolate combined across the population. This approach
allowed me to assess how recombination and selection were interacting in the entire population, but much is still unknown about
how pan-genomes themselves evolve [79], with investigation on
the limited number of datasets on the scale of 104 isolates providing surprising and novel insight into the distribution of genes in
their species’ pan-genomes[81]. What can this global collection
of N. meningitidis reveal about the whole species’ pan-genome?
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CHAPTER

5

The Neisseria meningitidis
Pan-genome
The Pan-Genome – the union of the sets of all genes present
within the individuals of a species – is a concept which serves
two main purposes in the context of this thesis. The first is to
enable the comparative study and categorisation of species with
extremely flexible genomes that do not have anywhere close to
100% synteny between individuals. The second is to identify
homologous regions across individual members of diverse species
to enable downstream analyses without the use of a reference
genome when the diversity in a species exceeded what could
be captured in a linear reference. When the concept was first
introduced, most research involving pan-genomics focused on
trying to address the first issue – trying to understand and
classify the genomic flexibility of strains and species using pangenomic methods. The staggering extent of diversity, however,
quickly made researchers rethink the utility of such study – could
any extent of sampling accurately capture a diversity which was
so vast and, in the case of some species, changing so quickly?
Attention then turned to primarily using the pan-genome and
pan-genomic methods primarily as a tool to study other topics
of interest.
Recent methodological advancements in the speed, and particularly the accuracy, of pan-genome inference have led to a
resurgence of interest in understanding pan-genomes themselves.
In this chapter, we will primarily focus on developing this un-
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Figure 5.1: Stacked bar graph indicating the distribution of genes
within each clusters’ individual pan-genome, for the 25 major clusters.
Core genes are those which are present in 95% of the isolates in a
cluster, shell genes between 95% and 15% of isolates, and cloud genes
are those genes which are present in less than 15% of the cluster’s
isolates.

derstanding in Neisseria meningitidis. N. meningitidis is one of
a number of species which are particularly interesting from the
perspective of pan-genome analysis, for a number of reasons. As
we have seen from the analysis of the population structure in
Chapter 3, N. meningitidis is a species with a deeply divergent
and complex population structure, with substantial diversity
present at low frequency globally, and also in local populations.
Yet, as we have seen in Chapter 4, it is also very recombinogenic, though to varying degrees between different lineages in the
population. These characteristics of its evolutionary genetics,
combined with its host-obligate niche, should combine to create
a pan-genome structure quite different from species where some
isolates are capable of independent survival, or are similarly
host-restricted, but less recombinogenic.

5.1

Structure of the pan-genome

The pan-genome in this collection of N. meningitidis consists of
10626 genes in total, unsurprisingly significantly greater than
previous estimates using two orders of magnitude fewer isolates
[180, 181]. Of these genes, a relatively small proportion are ‘core’
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genes, with only 1533 of 10626, or 14.43% of these genes being
present in more than 95% of isolates in the collection. This is
smaller than early estimates of the size of the N. meningitidis
core genome by around 200 core genes [180] but consistent
with more recent estimates of the pangenome size [181]. Most
genes, 8396 of 10626 – 79.01% – are cloud genes present in less
than 15% of the isolates in collection, with the remaining 697
accessory genes present in between 15 and 95% of the isolates
in the collection. Figure 5.1 shows the size and structure of the
pan-genome of each lineage, where the above criteria are applied
within each lineage. Though some variation in the total size
of the pan-genome exists in each cluster, it is mostly driven by
variation in the number of cloud genes, with the core genomes
of all lineages in particular maintaining a relatively consistent
size. Differences in the number of shell and cloud genes are
also likely to be subject to sampling bias, making it difficult
to draw any firm conclusions about the sizes of the different
clusters’ pan-genomes. As for the core genes, apart from their
relatively consistent size across clusters, it is notable that their
absolute sizes are surprisingly high. These range from 1791
genes to 1936 genes, compared to an overall species core of 1533,
making the core of each cluster 250-400 genes larger, suggesting
the existence of cluster-specific genes which are core genes in
that cluster, either unique to each cluster or shared between
subsets of the 25 major clusters. The total sizes of each cluster’s
pan-genome, range from 2129 genes to 3537 – much smaller
than the species-level pan-genome of the entire collection. This
reflects a relatively high number of unique genes within the
cloud portion of each cluster’s pan-genome. Figure 5.2 shows
the number of unique genes per cluster, and indeed most have
> 100 unique genes, with the average being 270.92 unique genes
per cluster, with the number of unique genes ranging from 60
to 880 among the clusters.
The general trend in the numbers of unique genes is for
larger clusters (ie Clusters 1-4) to have more unique genes,
while smaller clusters, such as 20-36, tend to have fewer unique
genes. This loose trend is consistent with the number of unique
genes being governed primarily by non-adaptive processes, here
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Figure 5.2: Bar graph showing the number of unique genes per
cluster. The average number of unique genes per cluster is 270.92.

determined either by the number of isolates sampled or possibly
the relative population sizes of each cluster. The significant
exceptions to that trend, however, in for example Cluster 3,
Cluster 8, Cluster 17, and Cluster 19 which have fewer, in the
case of Cluster 3, or greater numbers of genes than this simple
trend would suggest. It may be the case that the numbers of
unique genes present within a cluster is governed instead by
recombination rate, and a simple way to test this is to assess the
correlation between the average ρ/θ recombination rate of each
cluster, calculated as described in Chapter 4, and the number
of unique genes per cluster. This correlation (Scatter plot in
Figure 5.3) is surprisingly slightly negative rs = −0.03616 but
is highly non-significant, with p = 0.8637. Based on these 25
clusters, it seems that recombination rate has little to no effect
on the number of unique genes per cluster. This is somewhat
surprising given that the acquisition of unique genes requires the
uptake and integration of external DNA, both of which should be
tightly correlated with the overall recombination rate, but this
lack of correlation primarily the fact that gene gain is likely to be
considerably rarer than recombination. Within the time frame
of the phylogenies of the 25 major clusters, we have observed
many thousands of recombination events, but the number of
gene gain events, judging by the number of unique genes, is at
least an order of magnitude lower, and unique gene acquisition
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Figure 5.3: Scatter plot of the recombination rates of the 25 major
clusters vs the number of unique genes in that cluster. No significant
correlation: Spearman correlation coefficient: rs = −0.03616, p =
0.8637

is not restricted to the time span of the phylogeny in the same
was as recombination inference, therefore making factors other
than the genetic (and therefore physiological) properties of the
bacteria in each lineage much more important in determining
whether or not a unique gene acquisition takes place. The lack
of correlation may also reflect the existence of other stochastic
and non-stochastic factors governing not only the acquisition of
novel genes, but also their persistence after the initial acquisition.
Both selection and genetic drift are known to play important
roles in determining whether or not a novel mutation goes extinct,
and particularly given the likely pronounced effect of drift in the
evolution of N. meningitidis noted in Chapter 3, it seems likely
that these effects on the persistence of a novel gene acquisition
will be far more influential in determining the number of unique
genes in a cluster. The spurious minor negative correlation
observed between recombination rate and the number of unique
genes seems likely to be driven by Cluster 8 in particular, which
has the fourth lowest average recombination rate, but by far the
greatest number of unique genes.
Although the relative differences in the distribution of unique
genes between clusters is interesting, it offers no insight into
what function these genes might be serving, and whether or
not that differs significantly between clusters. However, even
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in clusters with relatively few unique genes, it is impossible
to meaningfully interpret a list of gene names without any
additional context. Fortunately, Gene Ontology (GO) [182, 183]
enrichment analyses provide a basic but scaleable method of
comparing large sets of genes with some background population.
Here, we use the hmmer2go software package to annotate the
entire pan-genome with GO terms by searching the pan-genome
reference sequences against Pfam with Hmmer, followed by a
Parent-Child-Union enrichment analysis [184] of each cluster’s
unique genes against the background of the entire pan-genome,
using the Ontologizer GO enrichment software package [185].
All clusters had GO terms which were significantly enriched
in their set of unique genes after initial tests, but after multiple
testing correction only four clusters contained unique genes
with a statistically higher representation of certain GO terms at
the α = 0.05 significance threshold, with an additional cluster,
Cluster 8, having a significantly enriched GO term at the α =
0.1 significance threshold. These results are summarised in
Table 5.1, but the most notable feature of the results is that
every single GO term that was enriched among the unique
genes of the various clusters is related to binding either DNA
or RNA, with three clusters having the same enriched GO
term, GO:0032196, ‘Transposition’, any process involved in
mediating the movement of discrete segments of DNA between
non-homologous sites. Although all these terms are still very
general and do not point to a direct similarity in the various
clusters’ unique genes, the slightly unexpected nature of the
terms, having to do with DNA binding as opposed to directly
affecting some cellular process, combined with the fact that
there is such a consistent signal across five different clusters does
suggest that there may be some common overall function in the
unique genes present within each cluster, as it is not necessarily
expected for there to be any overlap in GO terms between
any of the clusters. In particular, DNA and RNA binding
GO term enrichment is consistent with previous research on N.
meningitidis population, though at a much smaller scale, which
identified unique restriction-modification systems within major
lineages [103], possibly leading to reproductive isolation.
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Cluster
4
8
16
16
29
36

GO Term
GO:0034061
GO:0003723
GO:0032196
GO:0140097
GO:0032196
GO:0032196

Holm-Bonferroni p
0.000657
0.074373
0.000053
0.007361
0.016678
0.016678

GO Category
Molecular Function
Molecular Function
Biological Process
Molecular Function
Biological Process
Biological Process

Name
DNA polymerase activity
RNA polymerase
Transposition
Catalytic activity, acting on DNA
Transposition
Transposition

Table 5.1: Table of significantly enriched Gene Ontology terms in
clusters with significantly enriched gene ontology terms. Cluster 8 is
presented in italics as it does not meet the α = 0.05

Figure 5.4: Histogram depicting the numbers of non-unique genes
which span 2-25 clusters.
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Cluster-unique genes, the most substantial part of the lineagespecific pan-genome in N. meningitidis, represent around 63.74%
of the pan-genome. In total there are only 6773 genes which are
unique to single clusters, and even when combined with the core
genes, this only represents 8306 of 10626 genes. The remaining
2320 genes in the species-wide pan-genome are those genes
distributed at low frequency across multiple clusters. What
form does the distribution of these genes take? Figure 5.4
shows the distribution of non-core, non-unique genes across all
clusters, and from it we can see that the distribution seems to
be primarily as we would expect if the association were mostly
driven by chance – genes which are present in multiple clusters
are either present in all clusters, most of which are core genes,
or they are present in relatively few clusters, with fewer and
fewer genes being present the greater the number of clusters they
are expected to span. This is largely as we would expect, but
these genes are also crucial in providing additional information
regarding how isolates are related in terms of their pan-genome.
While PopPUNK determines relatedness between two isolates
by calculating the Jacard distance (section 2.2.2.1) between
the sets of their k-mers, it is also possible to perform a similar
pairwise distance calculation between isolates based instead on
the sets of present and absent genes within each isolate. Then,
by using the t-distributed stochastic neighbour embedding (tSNE) dimension reduction method to project these series of
high-dimension distances into two dimensions, we can visually
assess how isolates are cluster based on the patterns of gene
presence and absence in their genomes.
Figure 5.5 shows the resulting plot of isolates in two dimensional space from applying a t-SNE to the pairwise distance
matrix of Jacard distances based on gene sets, coloured by PopPUNK cluster. Some of the 25 major clusters, it can be seen,
do form relatively tight, discrete groupings of isolates in this
projected pan-genome space, in particular, Clusters 9, 12, 13, 18,
20, and 25 show evidence of relatively straightforward structure
in their pan-genomes. Most clusters, however, show at least
some evidence of either major structural splits, or smaller clusters of isolates which are very distant in the pan-genome space
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Figure 5.5: Plot of the t-SNE-reduced pan-genome pairwise Jacard distance matrix between all isolates in the global N. meningitidis collection, coloured by PopPUNK cluster as indicated in
the legend. An interactive version of this figure with additional
metadata is available at the following uniform resource locator:
https://microreact.org/project/oqkHTv7N2CgJbNkUW3NoqP

from the rest of the isolates. The lineage splits of small numbers
of isolates are relatively straightforward to interpret; they most
likely represent a recent gene gain from outside the cluster of
origin. In many cases, these single or handful of outlier isolates
are overlapping isolates from other clusters, suggesting that the
exchange of genes within the pan-genome is largely between
different lineages of N. meningitidis, consistent with finding from
the network of recombination events between clusters between
clusters in the Burkina Faso population 2009-2012 (Figure 4.7).
The splits between large groupings within clusters are more
difficult to interpret, as like with any dimensional reduction,
we do not know precisely which factors lead to the grouping
together, or not, of isolates. Nonetheless, at a basic level it is
simply evidence for the existence of structure within the pangenome of each cluster. In some clusters, such as Cluster 4, this
seems to broadly follow the phylogenetic structure within the
lineage – the two major groupings of Cluster 4 isolates roughly
correspond to the two branches of the phylogeny, but further
investigation reveals that this correspondence is not absolute,
and isolates from the opposite lineage occasionally are grouped
with very distant isolates within the cluster based on patterns
in their pan-genomes. The same is true for many other clusters,
indicating that Cluster 4 is not an exception, and the evolution
of pan-genomes is in many cases not wholly determined by the
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whole-genome phylogeny, even if there is some correlation.

5.2

Pan-genome dynamics in different lineages

Taking a step back from examining the structure of the pangenome itself, we might seek to understand how the pan-genome
changes over time, and how that relates to our understanding,
developed over the last two and half chapters, of the evolution of
N. meningitidis. Historically, studies of pan-genome dynamics
relied primarily on inferring trends based on statistics regarding
the pan-genome simply based on its inference. This approach,
similar to the analysis performed in the first section of this
chapter, suffered due to its reliance on over-extrapolation from
statistics such as the size of an inferred pan-genome, which
were prone to error and could be strongly biased by sampling.
Panaroo implements a number of more modern approaches to
understanding pan-genome dynamics, which rely on inferring
parameters based on an explicit model of pan-genome change
over time. We will use one of these inference implementations
[79], based on the ‘Finitely many genes’ (FMG) model of pangenome evolution, to infer gene gain and gene loss rates from
the dated phylogenies produced for each cluster in Chapter 3
and each cluster’s gene presence-absence matrix created in the
process of pan-genome inference [186].
The finitely many genes model of pan-genome change over
time models the gain and loss of individual genes over time with
four key parameters: the gene gain rate a, the rate of change
from absent to present on a branch of the phylogeny; the gene
loss rate v, the rate of change of the reverse; M the size of
the pool of genes from which the phylogeny can gain or lose
genes; and finally G, the number of genes present in the average
genome in the phylogeny. The finitely many genes model offers
a key advantage compared to the infinitely many genes model
of pan-genome evolution[187, 188], as the FMG model allows
for the same gene to be gained multiple times, which is not
accounted for in other models. With the exception of collections
of closely-related outbreak isolates, repeated gain and loss is
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Figure 5.6: Bar chart of the inferred gene gain rate (in red) and
gene loss rate(in blue) for the 25 major clusters. Error bars indicate the 95% confidence interval of the estimates, obtained through
bootstrapping the estimate.

essential for the accurate modelling of pan-genome change in
diverse phylogenies spanning several decades of sampling.
Figure 5.6 shows the initial results from the gain and loss
rate parameter inference. Reassuringly, the values are extremely
small, with gene gain rates ranging from being on the order of
10−3 to the order of 10−2 , with gene loss rates being roughly an
order of magnitude less. The differences between some clusters
are extremely pronounced, though in general there seems to
be around three different levels of clusters with overlapping
confidence intervals. Finally, although the largest two clusters
have the greatest rates of a, gene gain, and some of the greatest
rates of v, gene loss, in general cluster size does not seem to
correlate well with either rate. As it is difficult to interpret the
net magnitude of pan-genome change over time based on these
two rates, Figure 5.7 displays the relative gene gain rate versus
loss rate. Here, the trend becomes very clear. Though gene gain
rate ranges from 2-fold to 30-fold more frequent than gene loss,
most clusters have a relative rate of gene gain around the average
– 7.85, gene gain generally being between 5 and 15 fold more
often than gene loss. A handful of clusters have substantially
lower gene gain rates (Clusters 1, 3, 4, 5, 8), and a couple of
clusters much higher gene gain rates, particularly Clusters 18
and 20. Similar to the pattern of unique genes across clusters,
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Figure 5.7: Bar chart of the relative gene gain versus loss rate,
a/v for the 25 major clusters. Error bars indicate the combined
95% confidence interval of the estimates, originally obtained through
independent bootstrapping of both estimate.

the general invariance of the relative gene gain rate between
clusters suggests that gene gain and loss in the pan-genome is
primarily shaped by factors other than recombination rate, such
as selection or frequency of mixed-lineage infection.
If this were to be the case, we would expect to see no correlation between the clusters’ a/v relative gene gain rates and
the average ρ/θ recombination rates, as the two variables are
governed by different phenomena and should therefore be independent. Figure 5.8 is the scatter plot of recombination rate
versus relative gene gain rate, and we indeed do see that there
is no obvious correlation between the two, as we see in Figure
5.8. A Spearman’s [150] rank correlation confirms this, with
rs = −0.2892 and p = 0.1608. The absence of significant correlation is not unexpected given the observations regarding the
general structure of pan-genome in the first section of this chapter. It confirms that the rate of gene gain the pan-genome is
primarily determined by factors other than recombination, likely
directional selection and genetic drift, though stochastic factors
such as the frequency of lineage-lineage interaction doubtlessly
also play a role.
Surprisingly, counter to the intuitive notion that a higher
relative gene rain rate should lead to more unique genes, there
is a significant negative correlation between the a/v relative gene
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Figure 5.8: Scatter plot of each cluster’s average ρ/θ recombination
rate versus its relative gene gain versus loss rate, a/v for the 25 major
clusters. No significant correlation, rs = −0.2892 and p = 0.1608.

Figure 5.9: Scatter plot of the relative gene gain versus loss rate,
a/v of, versus the number of unique genes present in the 25 major clusters. Spearman’s rank correlation indicates that they are negatively
correlated rs = −0.6544 and p = 0.0003874.
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gain rate and the number of unique genes (Figure 5.9). This is a
surprising and somewhat counter-intuitive result given that our
expectation is that lineages with higher rates of gene gain should
more quickly accumulate unique genes. While that supposition
would make sense if the pattern in gene gain rates behaved
like recombination rate, governed by a combination of genetic
factors and stochasticity, we have seen evidence which suggests
that is not the case. If both the relative gene gain loss rate and
the number of unique genes are governed by selection, but also
crucially, the opportunity to acquire genes through stochastic
interaction with other clusters, it is possible that clusters which
are, for whatever reason, interacting more with other clusters
(in our sampling) are much more likely to gain genes, but as that
interaction is necessarily both ways, much less likely to maintain
their genes uniquely. Cluster 20 therefore, which has the highest
relative gene gain rate, seems to be interacting much more with
other clusters – at least in our sampling – and therefore has the
fewest unique genes. Cluster 8, on the other hand, which has by
far the most unique genes, is interacting least with other clusters
and therefore has the lowest gene gain rate. Unexpectedly,
this interpretation is also consistent with the minor (and nonsignificant) negative correlation observed between the number
of unique genes and average ρ/θ recombination rate, as the
lack of opportunity to gain genes would imply also a lack of
opportunity to recombine. This trend has two clear implications
– first, that most gene gain does actually occur from other
lineages of N. meningitidis. This is unsurprising, though not
guaranteed by any means, and difficult to examine directly
with this dataset, making this indirect signal in the data very
valuable. Secondly, this suggests that some of the stochastic
factors governing interaction between lineages may not, in fact,
be truly random. Cluster 8 and Cluster 20 are the exact opposite
lineages one would naively expect to have the gene gain rates
and the number of unique genes that they do, with Cluster 8
containing isolates with more geographical diversity, a wider
sampling window, and evidence of some degree of complex
population structure. Cluster 20 contains only isolates from
Europe and North America, and has one of the most narrow
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Figure 5.10: Scatter plot of the relative gene gain versus loss
rate, a/v of, versus the disease isolates in the 25 major clusters. No
correlation, rs = −0.1473 and p = 0.4822.

sampling windows and appears to have a simple clonal outbreak
population structure, yet more evidence of recent interaction
with other lineages of N. meningitidis. How different lineages
disperse, migrate, and subsequently then interact in a structured
bacterial population remains very much unknown, but this is
one indication that different lineages do seem to differ in at
least part of that process. This is further consistent with the
evidence [103], discussed earlier in this chapter, that there are
mechanisms for reproductive isolation between different lineages
of N. meningitidis.
Finally, though we are not necessarily expecting there to be
a significant correlation, it is worth assessing whether or not
the relative gene gain rate is associated with disease. Figure
5.10 shows a scatter plot of each cluster’s gene gain rate plotted
against the proportion of disease isolates in that cluster, and
it is very clear from both the scatter plot and a Spearman’s
rank correlation (rs = −0.1473, p = 0.4822) that no correlation
exists.
Inference using the finitely many genes model estimates one
other parameter of interest, M , the size of the pool of genes from
which the isolates in the phylogeny gain and lose genes. In a
sense, this is an inference of the true or effective size of the pangenome, accounting for the imbalances and biases in sampling
which restricted our ability to draw conclusions from the number
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Figure 5.11: Bar chart of the inferred pangenome size, M , under
the FMG model of pangenome change, for the 25 major clusters.
Error bars indicate the 95% confidence interval of the estimates,
originally obtained through bootstrapping.

of genes present in each cluster after in our inferred pan-genome
(Figure 5.1). M , as inferred, (Figure 5.11) generally does reflect
the trends in the raw counts of the number of genes (Figure 5.1),
but the extent of the variance between clusters is somewhat
decreased from the raw counts, likely as a result of accounting
for the differences in the extent of diversity sampled between
different clusters. Combined with the overall consistency of
pan-genome size across clusters (Figure 5.1), the decrease in
variance suggests that the size of a cluster’s pan-genome is likely
under considerable evolutionary constraint, and therefore does
not diverge, even between deeply divergent lineages of the global
N. meningitids population.
A Spearman’s rank correlation [150] between each cluster’s
average ρ/θ recombination rate and M , the inferred pan-genome
size (Figure 5.12), surprisingly found a significant, though not
particularly strong correlation (rs = 0.4077, p = 0.04308). Recombination rate has previously been found to be not significantly correlated with neither the number of unique genes nor
a/v , the net gene gain rate, so its significant correlation with
the estimated size of the pan-genome is rather unexpected. Our
understanding of how recombination rate is independent from
gene gain and the number of unique genes, which are negatively
correlated, can also explain this, however. Relative gene gain
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Figure 5.12: Scatter plot of each cluster’s average ρ/θ recombination
rate versus their inferred pan-genome size, M . A Spearman’s rank
correlation finds a moderate, but significant correlation between the
two. rs = 0.4077, p = 0.04308

rates seem to be primarily determined by selection or genetic
drift and the frequency of interaction between lineages, and
negatively correlated with the number of unique genes because
of the inverse relationship between the number of unique genes
in a cluster and the frequency of its interaction with other lineages. Overall pan-genome size, however, is not driven entirely
by unique genes, but also non-unique accessory genes shared
between clusters. Given the aforementioned evidence in this
chapter that a substantial portion, if not most of the genes
gained in N. meningitidis are – as we might expect a priori
– from other lineages of N. meningitidis, the total number of
genes must therefore depend upon the frequency of interaction
between lineages to maintain or increase these numbers of genes,
though it is unlikely to be the predominant component in determining the pan-genome size. Similarly, recombination rate is
somewhat, though not primarily, determined by the frequency
of interaction between bacteria of different lineages, and the
co-variation between recombination rate and pan-genome size is
likely what is driving their weak yet significant correlation here.
The observation of this correlation was also found in a similar
study in Streptococcus pneumoniae [79], and though the two
bacteria are very distantly related evolutionarily, their similar
life histories may explain this observation in both species.
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Figure 5.13: Scatter plot of the inferred size of each cluster’s pangenome, M , versus the proportion of disease isolates in each Cluster.
No significant correlation exists.

Previous results in S. pneumoniae also found a significant
correlation between M and the proportion of isolates which were
isolated from cases of invasive disease [79]. We find no such
correlation in N. meningitidis however, with a Spearman’s rank
correlation: rs = 0.3131, p = 0.1275. Figure 5.13 suggests a
likely cause for this, however, in the form of eleven clusters with
a very high proportion of disease isolates, greater than 80%, and
in some cases consisting entirely of disease isolates. It is, to our
knowledge, impossible for any cluster to be composed entirely
of disease isolates, and the high proportions of disease isolates
in these clusters likely reflects a strong sampling bias for cases
of invasive disease, a known issue in the sampling of much of
this collection (Chapter 2). Unfortunately, this means that we
are unable to say with certainty if there exists or does not exist
a correlation between pan-genome size and disease.
Though recombination rate proved to not be correlated with
the number of unique genes yet significantly correlated to the
pan-genome size M , it would seem very unusual for pan-genome
size not to be correlated with the number of unique genes. Figure
5.14 shows a scatter plot of these two variables, and consistent
with the appearance of some degree of correlation, the results
of a Spearman’s rank correlation indicate that the two are
significantly correlated, with rs = 0.5347 and p = 0.0058890.
Finally, we might wonder what the relationship is between
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Figure 5.14: Scatter plot of the inferred size of each cluster’s pangenome, M , versus the number of unique genes present within each
cluster. Spearman’s rank correlation finds a significant correlation, rs = 0.5347, p = 0.0058890.

Figure 5.15: Scatter plot of the inferred size of each cluster’s
pan-genome, M , versus the relative gene gain rate, a/v. Spearman’s
rank correlation finds a strong, significant negative correlation, rs =
−0.9362, p = 6.331 × 10−12 .
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the relative rate of gene gain and the total size of the pan-genome.
Though the intuitive answer would be to suggest that the two
ought to be directly proportional, Figure 5.15 shows that the
exact opposite is the case. The two are very clearly negatively
correlated, and a Spearman’s rank correlation confirms that the
two are highly correlated and significantly so, with rs = −0.9362
and p = 6.331 × 10−12 . This counter-intuitive result again
demonstrates the complex and highly variable nature of pangenome evolution, and indeed how little is truly understood
about the long-term evolutionary dynamics at the pan-genome
level. This significant negative correlation can only be explained
if the overwhelming majority of gene gain in each of the 25
major lineages’ pan-genomes are from within N. meningitidis,
and not elsewhere, as this would lead to those major lineages
of N. meningitidis which maintained a larger pan-genome not
detectably gaining genes due to fact that the genes which could
be gained – from other lineages of N meningitidis – would
already be present. If gene gain in N. meningitidis were not
primarily from distant lineages within the species, but instead
equally or primarily from other species, major lineages of N.
meningitidis with large pan-genomes should just as readily be
able to gain genes from other species as major lineages of N.
meningitidis with smaller pan-genomes. This would suggest that
there should be no correlation between the two variables, unlike
what is shown in Figure 5.15, which therefore counter-factually
suggests, consistent with other patterns of pan-genome evolution
observed in this chapter, that the majority of gene gains within
lineages of N. meningitidis originate from other N. meningitidis
lineages.

5.3

Pan-genome association studies

Pan-genome inference reduces a set of diverse bacterial genomes
to a set of genes and their presence and absence across the
various genomes input into the inference. In this chapter thus
far, I have used those data to explore the structure and evolution
of the N. meningitidis pan-genome, but these data can also be
used for another purpose. Like associating the presence or ab-
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Gene
mafB17
pilX/fimA
group 2782

Frequency
0.133
0.0579
0.0154

LRT-adjusted p-value
1.810000 × 10−13
9.910000 × 10−9
1.710000 × 10−07

β
-0.981
-0.463
0.418

Table 5.2: Table of the genes in the pan-genome which are significantly associated with ρ/θ recombination rate in a pan-GWAS.
LRT-adjusted p-values are p values adjusted with a likelihood ratio
test to account for the nested effect of population structure. β reflects
the effect size of the variant on the phenotype. Isolates with multiple
annotations have both displayed, separated by a forward slash.

sence of nucleotide variants, k-mers, or unitigs with phenotypes
present in each isolate (as in section 4.4), it is also possible to
perform an association study between the gene presence and
absence patterns and isolate phenotypes. This approach, coined
pan-GWAS[189], has also been extended to associate structural
changes in the pan-genome graph (Section 2.2.2.4) where genes
are inserted, deleted, or swapped, with phenotypic outcomes[79].
As such, it is possible to associate the ρ/θ recombination rate
phenotypes for each isolate determined in Chapter 4 with both
changes in the accessory genomes of isolates as well as with
changes in the structure of the pan-genome in isolates. As
these results are testing substantially fewer variants than nucleotide polymorphism, k-mer, or unitig-based approaches – only
10626 genes and 48878 structural variants – I use a higher, less
stringent, α threshold of 5 × 10−5 to filter out non-significant
results.
This significance threshold resulted in 52 genes whose presence or absence was significantly associated with recombination
rate, and 81 significant pan-genome structural variants. The
effect size of most of these variants is very small, however, with
almost all most absolute values of β being below 0.3, and the majority being below 0.1. Filtering significant associations for only
those with the absolute value of their effect size coefficient, β
greater than 0.3 returns three genes and nine structural variants
which are significantly associated with ρ/θ, reported in Table 5.2
and Table 5.3, respectively.
As with any result of an association study, our ability to
draw conclusions heavily depends on how well-annotated the
variants which were input into the association are. In the case
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Structural Variant
fabF2/dxs/rpmA–fabF2–fabF2
group 1007–mafB17 –group 1836
group 2386–group 2385–ubiH/ubiF
pilJ/pilW–pilK–pilX/fimA
group 1837–group 1879–group 2405
cycA–group 1880–group 1904
group 267–fabF2 /dxs/rpmA–fabF2
groES–frpD5 –group 2330
group 1533–frpD5 –group 2330

Variant Frequency
0.1330
0.1330
0.0778
0.0575
0.1310
0.0192
0.1330
0.0101
0.0100

LRT-adjusted p-value
2.060000 × 10− 19
1.640000 × 10−7
8.050000 × 10−9
6.60000008
6.520000 × 10−8
1.080000 × 10−8
1.190000 × 10−25
1.010000 × 10−05
2.840000 × 10−05

Table 5.3: Table of the structural variants in the pan-genome graph
which are significantly associated with ρ/θ recombination rate in a
sv-pan-GWAS. LRT-adjusted p-values are p values adjusted with a
likelihood ratio test to account for the nested effect of population
structure. β reflects the effect size of the variant on the phenotype.
Isolates with multiple annotations have both displayed, separated
by a forward slash.

of gene presence-absence, these results are relatively straightforward to interpret as genes are typically well-annotated and their
presence/absence is a straightforward binary phenotype. The
gene annotated as mafB17 is the most significant association,
with a p-value of 1.810000 × 10−13 , and also the highest absolute
value of β among the three significantly associated genes with
substantial β, with β = −0.981, suggesting that the presence
of mafB17 is strongly associated with decreased or lower recombination rates. This is unsurprising as mafB17 is a gene
from the Maf family of genes which are often found in multiple
copies in the pathogenic Neisseria and have been characterised
as a toxin-antitoxin system for inhibiting the growth of proximal
bacteria which lack the antitoxin[190, 191]. This neatly explains
why the presence of the gene is so strongly associated with a
lower recombination rate, the growth-inhibitory effect on bacteria without mafB17 must prevent bacteria which carry the gene
from picking up donor DNA from bacteria which do not have a
copy of mafB17. Interestingly, mafB17 is unique to Cluster 2,
a cluster with a recombination rate slightly below the average,
where it is present in over 99% of isolates, and only absent in
five isolates randomly distributed across the phylogeny.
The second gene significantly negatively associated with
recombination rate, a variant copy of pilX with a p-value of
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β
-1.020
-0.452
-1.720
-0.437
-0.333
-0.868
-1.050
-0.339
-0.336

9.910000 × 10−9 and an effect size of -0.463, is less straightforward to interpret. pilX is a type IV pilus gene in N. meningitidis, which was previously implicated in cell adhesion and
aggregation[192], though it has recently been shown to be
periplasmic and hence affect the type IV pilus in a regulatory manner, possibly by affecting its biogenesis and therefore
the number of pili expressed on the surface of the cell [193].
The variant of pilX strongly associated with a decrease in recombination rate here is found as a core gene in Cluster 6,
and at low frequency in Cluster 9. In the remaining clusters,
a different copy of pilX is present as a core gene. The copy
which is predominant in the collection is 204 nucleotides longer
than the version negatively associated with recombination rate,
and a pairwise alignment confirms that although they share
substantial homology in the central region of both proteins, the
version negatively associated with recombination rate is truncated and has some nucleotide substitutions at the 5’ end of
the gene. Given the importance of components of the type IV
pilus in the recognition of exogenous Neisseria DNA[49] and its
uptake[50], the negative association between the truncation of
an important type IV pilus regulatory gene and recombination
rate is unsurprising.
The final gene significantly associated with recombination
rate, and the only one with a positive effect size is also unfortunately the most difficult to interpret. Group 2782, as identified
by panaroo, is computationally annotated as a phage-associated
protein, and manual annotation does not reveal anything further,
other than that it is found in multiple Neisseria species. In
this collection, it is a core gene in Cluster 17, and present at
low frequency in Clusters 1, 3, 6, 11, and 27. The fact that it
is present in multiple clusters does suggest that this is not a
spurious association caused by the insertion of a phage protein,
but without knowing the function of group 2782, it is impossible
to comment further on why it is associated with recombination
rate.
Unlike genes, and particularly their presence or absence,
structural variants are not well-annotated or easy to interpret.
They can often represent one of several paths in the pan-genome
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graph, which in particular makes their interpretation much less
straightforward. In general, it is interesting to note that not
a single structural variant, represented by triplet gene patters
at forks in the pan-genome graph, is positively associated with
recombination rate. Combined with the fact that two of the
genes whose presence was significantly associated with recombination also show in structural variants (mafB17 and pilX ), it is
not clear that in any case it is specifically the variation in the
genome structure which is leading to these associations. Manual
inspection of the pan-genome graph at the positions of these
various structural variants brings no additional clarity, and the
graph in all these locations is convoluted and does not present
a binary option between two structural variants. As such, the
extent of what can be concluded regarding these variants is quite
limited. Given the pilX variant previously discussed, and the
fact that these structural variants are all negatively associated
with recombination rate, it seems very likely that these variants
reflect a disruption in the pathways responsible for DNA sensing,
uptake, or integration.

5.4

Concluding remarks

The pan-genome in N. meningitidis, as represented in this collection, consists of 10626 genes. In one sense, this is a surprisingly
small number given the extent of the temporal and geographical
diversity present in this collection. Collections on the same
order of magnitude in other species have found pan-genomes
around five times the size of the one here[81], but the number
of studies of this scale remain few in number, and of species
with very different life-histories, so it is impossible to say how
the pan-genome of N. meningitidis relates to a mean or median
across species. Also notable is the limited number of core genes
present in this collection. A decade of research on N. meningitidis genomics has found that, in general, isolates possess around
two thousand genes[6, 7, 43, 194]. That only 1533 are present
in over 95% of isolates in this collection suggests that the true
‘core’ genome of N. meningitidis, is lower than analysis of a
single lineage would suggest [195] though the proportion of core
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genes in a typical N. meningitidis genome remains high compared to other species[81]. This is particularly interesting due
to the fact that the accessory genome shared between lineages
is relatively small, at 2320 genes, and most of the accessory
genome is primarily composed of genes which are unique to
clusters – the remaining 6773 genes. Cluster-unique genes make
up 74.49% of the accessory genome, and appear to have some
overlap in their functionality based on a Gene Ontology enrichment analysis. Given that all these major clusters must have a
common ancestor, of which some claim must be relatively recent
due to the disease having been first describe medically within
recent centuries [196], it is surprising that they have diverged
so substantially in terms of their accessory genome content, and
this may reflect a more ancient origin for the species, which
some evidence has pointed toward [197].
The various relationships between the inferred gene gain
rate, loss rate, pangenome size, the number of unique genes, and
recombination rate suggests that this has been primarily driven
by selective forces, rather than the accumulation of differences
over time. This is demonstrated in the significant correlation
between recombination rate and pan-genome size, the significant
negative correlation between gene gain rate and the number of
unique genes, and the lack of any significant correlation between
gene gain rate and recombination rate. This pattern suggests
that while recombination, pan-genome size, and the number of
unique genes are related, as we would expect, what actually
governs the rate of change over time cannot covary with those
traits. This is consistent with, and explains, the high degree of
cluster-specific uniqueness within the accessory genome.
What remains unexplained is how despite this divergence,
clusters remain very much distinct within a dimensionallyreduced space of pan-genome content, as shown in Figure 5.5.
It is possible that the extent of evolutionary constraint after a
major shift in the pan-genome of a lineage is such that there
is a relative stability, and major shifts in the pan-genome are
rare. Elements of Figure 5.5, are consistent with this view, as
many clusters are split into a few tight groupings within the
pan-genome space. Another notable feature in Figure 5.5 is
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the existence of small numbers of isolates which cluster not
with their own cluster (based on PopPUNK core and accessory
distances) but rather within the pan-genome space of another
cluster. It has recently been suggested that it is possible to use
pan-genome patterns to infer evolutionary history in species,
such as bacteria, where the genome is so small that multiple-hits
and other biases render direct molecular methods unusable[198].
Lineages which are split in their pan-genome space in Figure 5.5
may reflect an early stage in a speciation process into multiple
lineages, where a rapidly or abruptly evolving pan-genome diverges into distinct groups, whereas the more gradually changing
molecular signal in the core genome shows no sign of such divergence. The lack of congruence in many clusters between their
grouping in pan-genome space and isolates which form monophyletic clades on their whole-genome phylogenies in Chapter 3
gives reason to doubt this hypothesis. Alternately, continued
gene flow between phylogenetically distinct groups, such as the
two main clades which make up Cluster 4, may be what is
preventing the two clades from diverging beyond the PopPUNK
threshold for delineating lineages. Regardless, as the isolates
sampled in each lineage increase, however, and methods which
leverage pan-genome data to study relatedness advance, this line
of questions could form the next stage of research into bacterial
evolution – understanding not only the structure of bacterial
populations, but also how that structure has come into being.
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CHAPTER

6

Conclusion
This thesis aimed to use a large collection of over fifteen
thousand whole-genome sequenced N. meningitidis isolates to
explore some fundamental questions regarding the evolution of
the species. How is its population structured, globally? How
is the evolution of the species shaped by recombination and
natural selection? How is the genic content of the species structured across the population? These questions are central to a
number of important problems regarding the management of
the disease, including the design and administration of vaccinations and mass vaccination campaigns, but also the role of
disease surveillance in monitoring and responding to potential
outbreaks of disease (and how outbreak response should inform
vaccine design), strategies for vaccination, and optimal methods
of sampling for surveillance. To investigate these questions, I
have sequentially undertaken three strands of analysis on these
data: First, using PopPUNK to determine a threshold at which
to delineate lineages of N. meningitidis and build recombinationfree whole-genome phylogenies of those lineages to analyse the
finer details of the population structure within each lineage.
This was done with particular regard for how that structure
compares with other data about the lineage, especially each
isolates’ nation and date of isolation. I then used whole-genome
analysis methods to detect recombinations and evidence of selective sweeps within each lineage, comparing lineages both in
terms of the rates of recombination on branches of their phylogenies and how that recombination is distributed across the
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genome in each lineage, and whether or not that overlaps with
evidence of recent directional selection. I separately repeated
and extended this analysis in a very densely sampled region
to demonstrate that trends in recombination rate, though observed globally, persist even at the local level. Finally, I inferred
the pan-genome of the entire global collection, and compared
the distribution and patterns of evolution in N. meningitidis’s
genic content to the population structure determined from their
whole-genome sequences.

6.1

Insights into the global population structure

The existence of a determinable population structure in N.
meningitidis, given its extensive recombination rate, is not guaranteed. Indeed, some have suggested that any signal of structure
may not reflect identity by descent but instead reflects differences in recombination rate[199]. Figure 3.2 indicates that in a
N. meningitidis dataset of this scale and diversity, there is no
clear threshold of distance where the distribution of distances
is disjoint and therefore can be used to delineate major lineages. This is in contrast to previous work performed on smaller
datasets of N. meningitidis [80, 105], where using PopPUNK
to determine the population structure has always found a clear
threshold at which to group isolates into lineages. The problems encountered in such a determination in this dataset are a
result of the increased sampling, filling in the gaps which are
left when sampling isolates only from a particular region or at
a particular time. Despite the non-disjoint distances in Figure
3.2, PopPUNK was still able to determine a threshold which
recapitulates many of the main lineages determined using other
typing methods [10], and is predominantly congruent with the
core genome distance phylogeny, in Figure 3.3. This is due to
the network-property based refinement step of PopPUNK (Section 2.2.2.1), which, despite the completely continuous distances
present, finds a threshold where across the entire population,
the network graph is most well-formed. The existence of such a
threshold is consistent with the thresholds identified in previ204

ous work where there was an exclusive disjunction between the
distributions of within-lineage distances and between-lineage
distances [80, 105]. Though seemingly innocuous, this result
demonstrates that despite the extensive recombination in a
relatively small genome, there is a detectable and biologically
meaningful population structure within the species at the global
level, and population structures determined on a local level also
reflect the true, global population structure.
The structure of the global collection, as identified by PopPUNK, also reveals something which can only be seen by taking
a global perspective on the N. meningitidis population structure,
namely that it is dominated by a small number of lineages. 25
major clusters, out of a total of 1262 clusters, or strains, make
up 78.54% of the population, a considerably lower number of
clusters making up a higher proportion of the global population
than currently discovered in any of the other species for which
a global dataset on the scale of 104 isolates has been analysed
[81, 82]. Although this may be partially driven by relatively
shallow sampling in Asia and South America – excluding the
three major US datasets, for example, causes 20 lineages to
make up a similar proportion of the population – the difference
between N. meningitidis and S. pneumoniae, where 35 major
lineages make up only 62% of the population suggests that even
though the two organisms have very similar life-histories, their
population structures are not necessarily analogous. The dominance of a small number of lineages and the low frequency of a
large number of lineages echoes the results of studies on regional
populations of N. meningitidis [34, 98, 105], which have repeatedly found that a handful of lineages make up the majority of
the population, and a large number of lineages exist at much
lower frequency. A global perspective further demonstrates that
many of the lineages which exist at low frequency at one time
in one region are actually part of a lineage which in a different
region or time is dominant. This is not an observation that
could be made without the large-scale aggregation of multiple
datasets, as presented in this thesis. It also highlights the extent to which migration is consistent and frequent. Only two
of the 25 major clusters were restricted to a single continent,
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and in many cases, clusters’ phylogenies contained many clades
that had a mosiac of geographical origins, even among closely
related isolates sampled within a few years of one another. This
suggests not only that presently, migration over great distances
is commonplace in N. meningitids, but also that it happens
over short timescales, as we might expect given the speed and
convenience of modern travel.
The low-frequency isolates found in various parts of the world
that are part of dominant lineages elsewhere also indicates the
nature of N. meningitidis population dynamics, which appears to
consist of many lineages evolving at low frequency, some of which
expand in a specific region, before population collapse though
a bottleneck, whereupon the lineage becomes undetectable or
once again exists at a low frequency. This view of N. meningitidis population dynamics, with recurrent clonal expansions
and population bottlenecks, has long been the accepted view of
population dynamics in N. meningitidis [200, 201], however even
in more rigorous formulations of this model [55] the primary
subject of study remains the clonal expansion followed by a
population bottleneck[10], rather than how the lineage evolves
before the expansion and after the bottleneck. The number
of minor lineages, along with the existence of many distant
outgroups and minor clades within the phylogenies of most of
the 25 major clusters suggests that the persistence of lineages
between large-scale clonal expansion and subsequent bottleneck
plays an equal role in generating the population structure of
N. meningitidis as the cycles of expansion and bottlenecks. Estimates of the carriage rate of N. meningitidis in the general
population range from around 2% to 20% in certain age groups
[88–90], which, if consistently true around the globe, suggests
that the number of active infections at any any given time is on
the order of 109 . Even if 80% of the population is dominated
by a small number of lineages – around 2% of all lineages in
this dataset, though it is possible that the true percentage may
be slightly higher due to the lack of sampling in some regions
(Figure 2.3) – the remaining lineages still constitute an enormous
population in absolute terms. Minor lineages may expand and
become major lineages, and major lineages may be displaced, as
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we often see regionally [201]. The persistence of minor lineages
in the population is a necessary precursor for their expansion,
and which evolutionary forces govern the maintenance of such
diversity at low frequency – if it is indeed maintained over long
time periods – is an important open question. Addressing this
question of what causes lineages of N. meningitids to persist
at low frequency without expanding will be essential to establishing a complete understanding of the population dynamics
and structure in not only N. meningitidis, but all bacteria with
similar life-histories and population structure, and may give
insight into optimal strategies for managing the diseases they
cause.

6.2

Recombination, Selection, and Evolution in N. meningitidis

Neisseria, including N. meningitidis have long been known to
be extremely recombinant relative to many other bacteria[47],
so much so that it has been suggested in the past that they are
“freely recombining” [55, 56] or “panmictic” [54]. The existence
of a detectable clonal population structure has generally put
such views to rest in the case of N. meningitidis[10], and I find
good evidence to suggest that is accurate, as discussed in the
previous section. Despite that evidence of a clonal population
structure, assessing the level of recombination in the major lineages of this collection also confirms the fact that recombination
is in general very frequent, occasionally occurring more than
six times as frequently as mutation in the phylogenetic branch
leading to a single isolate (Figure 4.2). Most notable in this
global population, however, is the extent to which recombination
– as a phenotype in its own right – is diverse. This diversity takes
two forms – the rate of recombination is significantly different
between lineages, (Figure 4.3, Figure 4.5), and also the distribution of recombination hotspots across the genome is different
in each major lineage (Section 4.2, Figure 4.35, Figure 4.36).
These differences are caused, in part, by many different genetic
factors, including genes and repeat sequences, which affect the
recombination rate of N. meningitidis (This is described fully in
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Section 4.4 and Section 5.3). Most of these loci have very small
effect sizes, however, and, taken together, these results suggest
that recombination rate, as a phenotype changes in response
to evolutionary forces, but not in a simple stepwise fashion like
other traits of interest such as antimicrobial resistance. The fact
that most genetic variants associated with recombination rate
are negatively associated with it (Section 4.4, Table 5.2, Table
5.3) and in one well-annotated case represent the truncation
and potential loss of function in a gene (pilX, section 5.3) there
may be a strong selective pressure for N. meningitidis to maintain a high level of recombination, and most genetic variation
which affects recombination rate reflects deleterious mutation.
Recently, considerable interest has developed in studying the
evolutionary effects of variation in recombination rate [202, 203],
although in many contexts this is complicated by the difficulty
associated with estimating differences in recombination rate
[202]. N. meningitidis provides a clear example of a species in
which such genetically-caused differences exist, including toxin
antitoxin systems and pilin genes (Section 5.3), and lead to
significant differences between different lineages in the species
(Figure 4.2. As the amount of N. meningitidis genomic data
continues to increase, and the major lineages are studied in
more detail, it will offer an opportunity to further explore the
consequences of variation in recombination rate. Finally, the
existence of such significant differences between different lineages of N. meningitidis in terms of their recombination rate
provides another data point for assessing the relative risk of a
lineage to cause potential outbreak – with more recombinant
lineages seemingly more likely to escape intervention though
a vaccination campaign, as has happened in other species [41],
and possibly go on to cause an outbreak of disease.
The fact that recombination in Neisseria is variable, and yet
generally persists at such a high level that it occurs approximately 1/10th as frequently as mutation, (Figure 4.4) and has
been shown to contribute more diversity in terms of nucleotide
variants than mutation [75] is unexpected given that the maintenance of the various adaptations to maintain it is costly [47].
This problem, the evolution and persistence of recombination
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was a significant historical conundrum in evolutionary theory.
It has been largely been resolved via a number of different theoretical mechanisms, including: avoiding the accumulation of
deleterious mutations [84], facilitating the efficacy of directional
selection [85], and the generation of additional diversity upon
which selection can act [86], among others. Studies in bacteria
have traditionally favoured the generation of diversity at key
loci as the primary reason for the evolutionary maintenance
of recombination [87], though evidence also exists for the prevention of the accumulation deleterious mutations [204, 205].
The in-depth analysis of recombination between lineages in the
Burkina Faso isolates finds good evidence to suggest that, in
general, recombination in N. meningitidis acts to prevent the
accumulation of deleterious mutations (Figure 4.39), though
in the same analysis I also find an example of recombination
facilitating the action of positive selection. Despite not being
conclusive evidence, the overlap in genes between those found
in recombination hotspots and those containing nucleotide variants which have recently undergone a selective sweep (Table
4.1) suggests that this phenomenon may be more widespread.
Finally, the analysis of recombination within the Burkina Faso
population also confirms that substantial recombination occurs
between the distantly-related lineages which make up the local
population (Figure 4.7) and that the primary determinant of
the likelihood of being involved in a recombination event, particularly as the DNA donor, is the relative population size of
the lineage within the local population at that time. Lineages
which are undergoing a population expansion, as per the model
of population dynamics suggested by the structures observed
in Chapter 3, are therefore likely to accumulate diversity from
distant lineages at minor frequency in the population while their
relative population size remains large. Carriage surveillance at a
high enough depth of sampling to be able to identify the makeup
of a local N. meningitidis population could prove instrumental
in predicting what lineages are more likely to receive diverse
recombinations from distantly related lineages existing in the
population at minor frequency, and therefore be more likely to
go on to cause disease (Figure 4.9).
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6.3

The pan-genome perspective on
N. meningitidis population structure and evolution

Inferring the pan-genome of the entire global N. meningitidis
collection allows for a different perspective on the interaction
between species, by directly comparing patterns of gene presence/absence in lineages across the collection, instead of analysing
each lineage independently against different reference genomes.
This approach highlights the importance of stochastic factors,
along with selection and drift in determining the realised extent
of gene transfer between lineages. The fact that the inferred
relative gene gain rates for each cluster are not at all correlated with the relative recombination rates determined for each
cluster in Chapter 4 (Figure 5.8) in particular demonstrates
how the likelihood of taking up and integrating a gene – the
process of which we assume must be governed primarily by a
bacterium’s effective ‘recombination rate’ – does not actually influence whether or not the lineage as a whole will gain a gene in
its pan-genome. This suggests that observed large-scale changes
in the gene content of a lineage, such as the acquisition of alleles
from N. gonorrhoeae observed in Cluster 10 [70], the acquisition of capsule and virulent genes in non-groupable/capsule null
isolates [206], or the substantial capsule switching observed in
Cluster 19 of this collection (Figure 3.25) are likely to be the
result of directional selection. In the latter case, this is further
evidenced by the presence of several nucleotide variants within
the capsular transport genes in the highly significant results of
the spydrpick method for discovering co-evolving genes (Table
4.1). Some previous research has given selection a privileged role
in the evolution of N. meningitidis, with selective pressures from
the immune system and inter-lineage competition, implicated
in the maintenance of population structure in N. meningitidis
[73]. Although more recent work emphasises the contribution of
other factors [55], this lack of correlation between gene gain rate
and recombination rate suggests that in general, the existence of
recombination events large enough to affect the pan-genome that
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are detectable in our data are driven primarily by selection and
potentially drift, and are not routine, stochastic recombination
events.
The pan-genome of the entire global N. meningitidis collection also offers a different perspective on the relationships
between isolates within lineages – many of which form clusterings that do not match the relationships set out in their
whole-genome phylogenies (Figure 5.5). In some lineages which
contain deep phylogenetic divergences, such as Cluster 4 (Figure
3.10), the phylogenetic tree and the clustering in pan-genome
space are correlated, but contain a signififcant number of exceptions. A reduction in gene flow and horizontal gene transfer in
bacteria has been repeatedly identified as a prerequisite to speciation [83, 207, 208], and the disparate pan-genome clustering
of isolates, which fall under the PopPUNK lineage definition
but into separate monophyletic clades in their cluster phylogenies, may reflect the early stages of the of a single cluster of
N. meningitidis speciating into two. Models also predict that
in addition to reduced or restricted gene flow, the process of
speciation must also be driven by directional selection – positive
or negative – acting on the diverged isolates [83, 208]. Of the
five clusters we observe with recent evidence of a major selective sweep (Table 4.1) four have most recent common ancestors
dated unreliably in the distant past (Figure 3.32), and contain
deep divergences in the date of the tree. How new lineages arise
from old lineages in N. meningitidis remains an open problem,
and the suggestion has been made that it is largely driven by
genetic drift [209]. The results of this work do not rule out
that possibility as there exist clusters which have deep divergences yet no evidence of a recent selective sweep (Cluster 4,
Figure 3.10). Cluster 4’s phylogeny is one of the most deeply
split between two sister clades and its estimated most recent
common ancestor is beyond the threshold of reliable estimation.
However, the overlap between clusters with strong evidence of
recent selection (Table 4.1, Clusters 3, 11, 15, 19, 22) and those
clusters with deep divergences between isolates rendering the
estimated dates of their most recent common ancestor in the
distant past (Figure 3.32, Clusters 3, 4, 8, 15, 19, 22), together
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with the fact that these clusters all show some divergence in the
projection of their pan-genome distances into two-dimensional
space (Figure 5.5) suggests that a reduction in gene flow and
episodes of directional selection may be sufficient, though not
necessary, for the creation of new lineages in N. meningitidis,
and possibly in the genus Neissiera as a whole. The number
of unique genes in the pan-genome of each cluster is consistent
with this view, with each of the 25 main clusters’ pan-genome
containing an average of 270.92 unique genes, suggesting that
barriers to gene flow are present. The further fact that these
unique genes are enriched for DNA-binding genes in four major clusters (Table 5.1), and previous research has shown that
lineages often contain unique restriction-modification systems
[103], reinforces the view that major lineages of N. meningitidis
can diverge through reductions in gene flow – possibly due to
active mechanisms to reduce it [103] – and selection.

6.4

Consequences for the management
of meningicoccal disease

Although N. meningitidis is an interesting organism for study
in its own right, a significant driver of the research interest in
the species, particularly the widespread use of whole-genome
sequencing, is its ability to inform important decisions regarding
the public health management and medical treatment of invasive
meningococcal disease [10]. Understanding the evolution of a
pathogen is of fundamental importance to designing an effective
vaccination strategy in the long-term, particularly in species
where mass vaccination is not likely to lead to rapid extinction
[92]. N. meningitidis, which is primarily controlled worldwide
through vaccination [210], neatly fits these criteria. Currently
available vaccinations cover five of the capsular groups defined
in N. meningitidis [17, 153] and there is growing concern that
mass vaccination campaigns which target a subset of all capsules
may result in an increase in disease caused by serogroups which
are not targeted by the vaccine [211], a phenomenon which has
been clearly observed in another meningitis-causing bacteria, S.
pnuemoniae [41, 92]. The results of this thesis – particularly
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the insights into the population dynamics of N. meningitidis
and the findings regarding recombination rate and gene flow between lineages – further our understanding of how the global N,
meningitidis population is likely to respond to continued mass
vaccination campaigns using vaccines which target a subset of
the capsule diversity. The existence of an enormous well of diversity which is not routinely sampled, combined with frequent
migration and the rapid regional expansion and bottlenecking
of lineages highlights the substantial risk that mass vaccination
campaigns will cause a shift in the lineages which cause disease
if a strong negative selection pressure – such as a vaccine – is
applied against a subset of lineages. This has already been
observed in parts of the meningitis belt, where vaccination with
a vaccine targeting serogroup A N. meningitidis was co-incident
with an expansion in the disease caused by N. meningitidis
isolates from other serogroups [212–215], and also in the recent
detection of cases of invasive disease caused by non-groupable
[38, 39] and serogroup E isolates [37] elsewhere in the world.
In contrast to lineage replacement, the results of this thesis
also suggest that the switching of a capsule within a lineage is
rare. Across the 25 major clusters, all of which span at least
a decade of sampling, no more than a half dozen genogroupswitching events were observed in any given lineage (Figures
3.7-3.31). However, an important caveat is that, as discussed
above, capsule switching events appear to be strongly driven by
selection. Mass vaccination campaigns which cover only a subset
of capsule locus types will produce a strong selection pressure
against specific variants. This pressure may lead to a higher rate
of capsule switching in the future compared with what has been
observed in this collection, in a similar vein to what has been
observed in S. pneumoniae [42]. Though we cannot be certain of
the cause of the capsule variation in Cluster 19, it demonstrates
that more frequent capsule switching is possible. Finally, an
important theme across all three results chapters in this thesis
has been how the existence of minor, low-frequency lineages and
their interaction with major lineages is an important determinant in N. meningitidis evolution. The study of the Burkina
Faso population confirms that as lineages increase in size, their
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interactions with minor lineages increases (Figure 4.7), lending
further support to a vaccine strategy which rapidly responds to
the growth of the population size of a lineage, or an outbreak,
with a vaccination campaign in the affected area [216–218]. This
will not only directly reduce the spread of the lineage and cases
of invasive disease, but also reduce the chances of encountering
N. meningitidis from distantly related lineages. This will also
reduce the ability of any potential outbreak lineage to recombine
and gain genes, ultimately reducing the speed at which a lineage
can adapt to different selection pressures. Indeed, if routine
carriage surveillance were to become the norm, assuming there
were no significant advances in vaccine technology, a sensible
strategy would be to design vaccination campaigns to target
lineages undergoing rapid increases in population size, regardless
of whether or not that lineage had been previously implicated
in causing disease. All of these considerations are particularly
true of the protein-based serogroup B vaccines, as the available
vaccines are protein-based, and do not target the capsule directly
[219], but instead variants of surface-exposed proteins common
in serogroup B lineages. Adaptation in proteins targeted by the
serogroup B vaccines could potentially lead to vaccine evasion
even without a large-scale gene gain event changing the capsule type. Being able to reformulate and vaccinate against any
potential escape lineages with a serogroup B capsule may be
necessary for long-term control of serogroup B invasive disease.
Although N. meningitidis is an interesting organism for study
in its own right, a significant driver of the research interest in
the species, particularly the widespread use of whole-genome
sequencing, is its ability to inform important decisions regarding
the public health management and medical treatment of invasive
meningococcal disease [10]. Understanding the evolution of a
pathogen is of fundamental importance to designing an effective
vaccination strategy in the long-term, particularly in species
where mass vaccination is not likely to lead to rapid extinction
[92]. N. meningitidis, which is primarily controlled worldwide
through vaccination [210], neatly fits these criteria. Currently
available vaccinations cover five of the capsular groups defined
in N. meningitidis [17, 153] and there is growing concern that
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mass vaccination campaigns which target a subset of all capsules
may result in an increase in disease caused by serogroups which
are not targeted by the vaccine [211], a phenomenon which has
been clearly observed in another meningitis-causing bacteria, S.
pnuemoniae [41, 92]. The results of this thesis – particularly
the insights into the population dynamics of N. meningitidis
and the findings regarding recombination rate and gene flow between lineages – further our understanding of how the global N,
meningitidis population is likely to respond to continued mass
vaccination campaigns using vaccines which target a subset of
the capsule diversity. The existence of an enormous well of diversity which is not routinely sampled, combined with frequent
migration and the rapid regional expansion and bottlenecking
of lineages highlights the substantial risk that mass vaccination
campaigns will cause a shift in the lineages which cause disease
if a strong negative selection pressure – such as a vaccine – is
applied against a subset of lineages. This has already been
observed in parts of the meningitis belt, where vaccination with
a vaccine targeting serogroup A N. meningitidis was co-incident
with an expansion in the disease caused by N. meningitidis
isolates from other serogroups [212–215], and also in the recent
detection of cases of invasive disease caused by non-groupable
[38, 39] and serogroup E isolates [37] elsewhere in the world.
In contrast to lineage replacement, the results of this thesis
also suggest that the switching of a capsule within a lineage is
rare. Across the 25 major clusters, all of which span at least
a decade of sampling, no more than a half dozen genogroupswitching events were observed in any given lineage (Figures
3.7-3.31). However, an important caveat is that, as discussed
above, capsule switching events appear to be strongly driven
by selection. Mass vaccination campaigns which cover only a
subset of capsule types will produce a strong selection pressure
against specific variants. This pressure may lead to a higher rate
of capsule switching in the future compared with what has been
observed in this collection, in a similar vein to what has been
observed in S. pneumoniae [42]. Though we cannot be certain of
the cause of the capsule variation in Cluster 19, it demonstrates
that more frequent capsule switching is possible. Finally, an
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important theme across all three results chapters in this thesis
has been how the existence of minor, low-frequency lineages and
their interaction with major lineages is an important determinant in N. meningitidis evolution. The study of the Burkina
Faso population confirms that as lineages increase in size, their
interactions with minor lineages increases (Figure 4.7), lending
further support to a vaccine strategy which rapidly responds to
the growth of the population size of a lineage, or an outbreak,
with a vaccination campaign in the affected area [216–218]. This
will not only directly reduce the spread of the lineage and cases
of invasive disease, but also reduce the chances of encountering
N. meningitidis from distantly related lineages. This will also
reduce the ability of any potential outbreak lineage to recombine
and gain genes, ultimately reducing the speed at which a lineage
can adapt to different selection pressures. Indeed, if routine
carriage surveillance were to become the norm, assuming there
were no significant advances in vaccine technology, a sensible
strategy would be design vaccination campaigns to target lineages undergoing rapid increases in population size, regardless
of whether or not that lineage had been previously implicated in
causing disease. All of these considerations are particularly true
of the protein-based serogroup B vaccines, which do not target
the capsule directly, but instead variants of surface-exposed proteins common in serogroup B lineages. Adaptation in proteins
targeted by the serogroup B vaccines could potentially lead to
vaccine evasion even without a large-scale gene gain event.
The field of biology has been enormously enriched by the
availability of whole genome sequencing and genomic methods
to researchers, leading some pundits to make claims that the 21st
century would be the “century of biology” [220]. Just over 20
years after the first draft of the human genome was announced,
there is good reason to believe that, eighty years from now, this
optimistic projection will indeed be realised. In terms of research
into N. meningitidis, particularly its genomics, the past 20 years
have seen the number of whole-genome sequenced bacteria rise
by a factor of roughly 10,000. Studying the genomics of bacteria
at this scale – on the order of magnitude of 104 – is increasingly
common [81, 82], but method development has not yet taken
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maximum advantage of this new scale of data. Most methods,
including those used in this thesis, rely upon partitioning largescale datasets into smaller, monophyletic chunks which are then
analysed using methods capable of handling that smaller scale of
data. Analytical methods which are capable of utilising datasets
of this scale to their full potential could lead to the direct study
of problems which currently remain just out of reach, such as the
relationships between the major lineages of a global population
of bacteria. The continued and increasing availability of affordable whole-genome sequencing should allow these large-scale
datasets to continue to grow, and hopefully, become more representative of the global population. Over time, the accumulation
of sequencing projects will create a significantly longer time period of relatively deep sampling, which has only become possible
in the past ten years (Figure 2.4). This will allow for the direct
study of the global population dynamics of bacterial species like
N. meningitidis, which is currently generally infeasible yet has
extremely important consequences for the control of the diseases
they cause. Datasets of this scale will also allow for additional
testing of theories regarding important characteristics of their
evolution, particularly concerning the mechanisms of speciation
[198, 208], and the nature of selection within and between lineages. In N. meningitidis specifically, future large-scale genomic
research should aim to take into account the entire genus. It
is well-known that bacteria of the genus Neisseria frequently
exchange DNA [70, 178, 179, 221], yet they are studied largely
from the perspective of individual species. Methods which are
able to scale to 104 isolates [79, 80] should be applied at a genuslevel perspective to study the relationships between species, as
well as to investigate their evolutionary history. In a similar
vein, research which takes into account the entire microbiome
of the nasopharynx has the potential to significantly increase
our understanding of N. meningitidis transmission and disease,
although novel methods would need to be developed for these
analyses. The importance of continued study into the evolution
of N. meningitidis and global surveillance of cases cannot be
understated. Surveillance on a regional level has already been
crucial in guiding the response to epidemic outbreaks of dis-
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ease [32], and its utility in this regard will continue to grow.
Although it is possible that vaccine technology may one day prevent any and all infection of humans with N. meningitidis, the
massive diversity present within N. meningitidis renders this a
remote possibility. Developing continuously effective vaccination
strategies relies upon understanding what is out there and how
it is changing. Finally, all of this research will not be possible,
and this thesis would not have been possible, without the aggressive public data-sharing of those involved in whole-genome
sequencing N. meningitidis worldwide. Efforts are underway to
co-ordinate such efforts in the future [222], and the extent to
which the systems which emerge are able to efficiently handle
such data at scale will enormously affect what is possible in the
future.
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[31] Fabien VK Diomandé, Mamoudou H Djingarey,
Doumagoum M Daugla, Ryan T Novak, Paul A Kristiansen, Jean-Marc Collard, Kadidja Gamougam, Denis
Kandolo, Nehemie Mbakuliyemo, Leonard Mayer, et al.
Public health impact after the introduction of PsA-TT: the
first 4 years. Clinical Infectious Diseases, 61(suppl 5):S467–
S472, 2015.
[32] N. Topaz, D. A. Caugant, M. K. Taha, O. B. Brynildsrud,
N. Debech, E. Hong, A. E. Deghmane, R. OuÃ draogo,
S. Ousmane, K. Gamougame, B. M. Njanpop-Lafourcade,
S. Diarra, L. M. Fox, and X. Wang. Phylogenetic relationships and regional spread of meningococcal strains in the
meningitis belt, 2011-2016. EBioMedicine, 41:488–496,
Mar 2019.
[33] R. Borrow, D. A. Caugant, M. Ceyhan, H. Christensen,
E. C. Dinleyici, J. Findlow, L. Glennie, A. Von Gottberg,
A. Kechrid, J. VÃπzquez Moreno, A. Razki, V. Smith,
M. K. Taha, H. Tali-Maamar, and K. Zerouali. Meningococcal disease in the Middle East and Africa: Findings
and updates from the Global Meningococcal Initiative. J
Infect, 75(1):1–11, 07 2017.
[34] Ola Brønstad Brynildsrud, Vegard Eldholm, Adelina
Rakhimova, Paul A Kristiansen, and Dominique A Caugant. Gauging the epidemic potential of a widely circulating non-invasive meningococcal strain in africa. Microbial
genomics, 5(8), 2019.

223

[35] B. Wang, R. Santoreneos, L. Giles, H. Haji Ali Afzali, and
H. Marshall. Case fatality rates of invasive meningococcal
disease by serogroup and age: A systematic review and
meta-analysis. Vaccine, 37(21):2768–2782, 05 2019.
[36] O. Xie, A. J. Pollard, J. E. Mueller, and G. Norheim.
Emergence of serogroup X meningococcal disease in Africa:
need for a vaccine. Vaccine, 31(27):2852–2861, Jun 2013.
[37] D. Thangarajah, C. J. D. Guglielmino, S. B. Lambert,
G. Khandaker, B. R. Vasant, J. A. Malo, H. V. Smith, and
A. V. Jennison. Genomic Characterization of Recent and
Historic Meningococcal Serogroup E Invasive Disease in
Australia: A Case Series. Clin Infect Dis, 70(8):1761–1763,
04 2020.
[38] L. Willerton, J. Lucidarme, H. Campbell, D. A. Caugant, H. Claus, S. Jacobsson, S. N. Ladhani, P. MÃ lling,
A. Neri, P. Stefanelli, M. K. Taha, U. Vogel, and R. Borrow.
Geographically widespread invasive meningococcal disease
caused by a ciprofloxacin resistant non-groupable strain
of the ST-175 clonal complex. J Infect, 81(4):575–584, 10
2020.
[39] L. A. McNamara, C. C. Potts, A. Blain, N. Topaz,
M. Apostol, N. B. Alden, S. Petit, M. M. Farley, L. H. Harrison, L. Triden, A. Muse, T. Poissant, X. Wang, and J. R.
MacNeil. Invasive Meningococcal Disease due to Nongroupable Neisseria meningitidis-Active Bacterial Core
Surveillance Sites, 2011-2016. Open Forum Infect Dis,
6(5):ofz190, May 2019.
[40] W. H. Chen, K. M. Neuzil, C. R. Boyce, M. F. Pasetti,
M. K. Reymann, L. Martellet, N. Hosken, F. M. LaForce,
R. M. Dhere, S. S. Pisal, A. Chaudhari, P. S. Kulkarni,
R. Borrow, H. Findlow, V. Brown, M. L. McDonough,
L. Dally, and M. R. Alderson. Safety and immunogenicity
of a pentavalent meningococcal conjugate vaccine containing serogroups A, C, Y, W, and X in healthy adults:
a phase 1, single-centre, double-blind, randomised, con-

224

trolled study. Lancet Infect Dis, 18(10):1088–1096, 10
2018.
[41] A. B. Brueggemann, R. Pai, D. W. Crook, and B. Beall.
Vaccine escape recombinants emerge after pneumococcal
vaccination in the United States. PLoS Pathog, 3(11):e168,
Nov 2007.
[42] N. J. Croucher, J. A. Finkelstein, S. I. Pelton, P. K.
Mitchell, G. M. Lee, J. Parkhill, S. D. Bentley, W. P.
Hanage, and M. Lipsitch. Population genomics of postvaccine changes in pneumococcal epidemiology. Nat Genet,
45(6):656–663, Jun 2013.
[43] S. D. Bentley, G. S. Vernikos, L. A. Snyder, C. Churcher,
C. Arrowsmith, T. Chillingworth, A. Cronin, P. H. Davis,
N. E. Holroyd, K. Jagels, M. Maddison, S. Moule, E. Rabbinowitsch, S. Sharp, L. Unwin, S. Whitehead, M. A.
Quail, M. Achtman, B. Barrell, N. J. Saunders, and
J. Parkhill. Meningococcal genetic variation mechanisms
viewed through comparative analysis of serogroup C strain
FAM18. PLoS Genet, 3(2):e23, Feb 2007.
[44] K. Jyssum and S. Jyssum. Variation in density and transformation potential in deoxyribonucleic acid from Neisseria
meningitidis. J Bacteriol, 90(6):1513–1519, Dec 1965.
[45] C. Johnston, B. Martin, G. Fichant, P. Polard, and J. P.
Claverys. Bacterial transformation: distribution, shared
mechanisms and divergent control. Nat Rev Microbiol,
12(3):181–196, Mar 2014.
[46] S. Jyssum and K. Jyssum. Specific uptake of homologous
DNA accompanying transformation in Neisseria meningitidis. Acta Pathol Microbiol Scand B Microbiol Immunol,
78(2):140–148, 1970.
[47] Kyle P Obergfell and H Steven Seifert. Mobile DNA in the
pathogenic neisseria. Microbiology spectrum, 3(3), 2015.
[48] H. O. Smith, M. L. Gwinn, and S. L. Salzberg. DNA uptake signal sequences in naturally transformable bacteria.
Res Microbiol, 150(9-10):603–616, 1999.
225

[49] A. Cehovin, P. J. Simpson, M. A. McDowell, D. R. Brown,
R. Noschese, M. Pallett, J. Brady, G. S. Baldwin, S. M.
Lea, S. J. Matthews, and V. Pelicic. Specific DNA recognition mediated by a type IV pilin. Proc Natl Acad Sci U
S A, 110(8):3065–3070, Feb 2013.
[50] C. Hepp and B. Maier. Kinetics of DNA uptake during
transformation provide evidence for a translocation ratchet
mechanism. Proc Natl Acad Sci U S A, 113(44):12467–
12472, 11 2016.
[51] Y. Zhang, N. Heidrich, B. J. Ampattu, C. W. Gunderson,
H. S. Seifert, C. Schoen, J. Vogel, and E. J. Sontheimer.
Mol CellProcessing-independent CRISPR RNAs limit natural transformation in Neisseria meningitidis. Mol Cell,
50(4):488–503, May 2013.
[52] E. A. Stohl and H. S. Seifert. The recX gene potentiates
homologous recombination in Neisseria gonorrhoeae. Mol
Microbiol, 40(6):1301–1310, Jun 2001.
[53] E. J. Feil, M. C. Maiden, M. Achtman, and B. G. Spratt.
The relative contributions of recombination and mutation
to the divergence of clones of Neisseria meningitidis. Mol
Biol Evol, 16(11):1496–1502, Nov 1999.
[54] R. C. Read. Neisseria meningitidis and meningococcal
disease: recent discoveries and innovations. Curr Opin
Infect Dis, 32(6):601–608, 12 2019.
[55] M. Tibayrenc and F. J. Ayala. How clonal are Neisseria
species? The epidemic clonality model revisited. Proc
Natl Acad Sci U S A, 112(29):8909–8913, Jul 2015.
[56] J. M. Smith, N. H. Smith, M. O’Rourke, and B. G. Spratt.
How clonal are bacteria? Proc Natl Acad Sci U S A,
90(10):4384–4388, May 1993.
[57] M. C. Maiden, J. A. Bygraves, E. Feil, G. Morelli, J. E.
Russell, R. Urwin, Q. Zhang, J. Zhou, K. Zurth, D. A.
Caugant, I. M. Feavers, M. Achtman, and B. G. Spratt.
Multilocus sequence typing: a portable approach to the

226

identification of clones within populations of pathogenic
microorganisms. Proc Natl Acad Sci U S A, 95(6):3140–
3145, Mar 1998.
[58] Martin CJ Maiden, Jane A Bygraves, Edward Feil, Giovanna Morelli, Joanne E Russell, Rachel Urwin, Qing
Zhang, Jiaji Zhou, Kerstin Zurth, Dominique A Caugant, et al. Multilocus sequence typing: a portable approach to the identification of clones within populations of
pathogenic microorganisms. Proceedings of the National
Academy of Sciences, 95(6):3140–3145, 1998.
[59] K. A. Jolley, J. E. Bray, and M. C. J. Maiden. Openaccess bacterial population genomics: BIGSdb software,
the PubMLST.org website and their applications. Wellcome Open Res, 3:124, 2018.
[60] D. A. Caugant, K. BÃÿvre, P. Gaustad, K. Bryn,
E. Holten, E. A. HÃÿiby, and L. O. FrÃÿholm. Multilocus genotypes determined by enzyme electrophoresis
of Neisseria meningitidis isolated from patients with systemic disease and from healthy carriers. J Gen Microbiol,
132(3):641–652, Mar 1986.
[61] M. C. Maiden. Multilocus sequence typing of bacteria.
Annu Rev Microbiol, 60:561–588, 2006.
[62] M. C. Maiden. High-throughput sequencing in the population analysis of bacterial pathogens of humans. Int J
Med Microbiol, 290(2):183–190, May 2000.
[63] J. Jelfs, R. Munro, F. E. Ashto, and D. A. Caugant. Genetic characterization of a new variant within the ET-37
complex of Neisseria meningitidis associated with outbreaks in various parts of the world. Epidemiol Infect,
125(2):285–298, Oct 2000.
[64] L. W. Mayer, M. W. Reeves, N. Al-Hamdan, C. T. Sacchi,
M. K. Taha, G. W. Ajello, S. E. Schmink, C. A. Noble,
M. L. Tondella, A. M. Whitney, Y. Al-Mazrou, M. AlJefri, A. Mishkhis, S. Sabban, D. A. Caugant, J. Lingappa,
N. E. Rosenstein, and T. Popovic. Outbreak of W135
227

meningococcal disease in 2000: not emergence of a new
W135 strain but clonal expansion within the electophoretic
type-37 complex. J Infect Dis, 185(11):1596–1605, Jun
2002.
[65] A. C. Retchless, F. Hu, A. S. OuÃ draogo, S. Diarra, K. Knipe, M. Sheth, L. A. Rowe, L. SangarÃ ,
A. Ky Ba, S. Ouangraoua, D. Batra, R. T. Novak,
R. OuÃ draogo TraorÃ , and X. Wang. The Establishment
and Diversification of Epidemic-Associated Serogroup W
Meningococcus in the African Meningitis Belt, 1994 to
2012. mSphere, 1(6), 2016.
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