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A B S T R A C T

The tracking of a pathogen’s evolution over different timescales is
essential: for the design of vaccines, to control antibiotic resistance,
for the surveillance of disease, to identify transmission chains and
to understand the mechanisms behind the pathogen’s evolution. Al-
though the first bacterial genome was sequenced in 1995, techniques
and costs have only recently enabled the large scale study of the evo-
lution of pathogens in human populations over short timescales.
This thesis begins by developing methods for the analysis of pathogen
genomes, including the identification of population structure, charac-
terisation of gene content and tracking of transmission. These tech-
niques are then applied to the analysis of two large pathogen sequenc-
ing studies investigating the evolution of Streptococcus pneumoniae and
SARS-CoV-2 within the host and during transmission.
Initially, a fast solution to the problem of clustering pathogen gen-
omes is presented. An approximation to a Dirichlet process mixture
model is shown to produce accurate genome clusterings 10-100 times
faster than existing methods. Next, the problem of identifying the
pangenome (the set of all genes that have been found in a species) is
considered and a method is presented that is able to reduce by over
10 fold the number of errors introduced by misannotation. Methods
for the inference of transmission chains using genomic data are then
described. Existing methods are adapted to improve their efficiency
and make them applicable to the tracking of endemic disease. In ad-
dition, a novel simulation based transmission inference method is
introduced.
Following the description of these techniques, a large dataset of nearly
4000 pneumococcal positive nasopharyngeal swabs is considered, com-
prising samples taken over a period of two years from mothers and
their children in the Maela refugee camp in Thailand. After culturing
S. pneumoniae using selective agar, whole plate sweeps were taken
for sequencing allowing for the investigation of the within-host ge-
netic diversity of S. pneumoniae. Analysis of the resulting genomic
data reveals that the technique has an increased sensitivity to de-
tect instances of multiple pneumococcal carriage of 17.7% over latex
sweeps and that different pneumococcal lineages are associated with
increased and decreased rates of multiple carriage. The impact of an-
tibiotic resistance and treatment within the host is examined with
treatment identified as a risk factor for the transmission of multidrug
resistant lineages. The evolution of pneumococcal lineages within the
host is explored allowing for the consideration of selection and the
identification of a unique mutational spectrum consistent with pre-
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vious laboratory experiments in E. coli. Using minority variant calls
found in each S. pneumoniae sample, routes of transmission are then
determined, including those between mother and child. This indi-
cated that mothers were more likely to transmit pneumococci to their
children during the first year of the child’s life than in the subsequent
year.
Finally, a similar analysis was performed on a large collection of over
1000 SARS-CoV-2 isolates, sequenced in replicate, from the East of
England. In addition to considering the selective and mutational pro-
cesses acting on the virus within the host, a high rate of independent
recurrent within-host mutations is identified which could complicate
efforts to infer transmission chains using within-host minority vari-
ants.
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O U T L I N E

The tracking of a pathogen’s evolution over different timescales is
essential: for the design of vaccines, to control antibiotic resistance,
for the surveillance of disease, to identify transmission chains and to
understand the mechanisms behind the pathogen’s evolution.

This thesis considers the analysis of pathogen evolution over differ-
ent timescales with a particular emphasis on the within-host evolu-
tion of Streptococcus pneumoniae and SARS-CoV-2. It is structured in
three parts. Part I describes the development of statistical and bioin-
formatics methods for the analysis of bacterial genome sequencing
data. Part II presents the analysis of a large genome sequencing study
on the within-host diversity and transmission of S. pneumoniae. Using
similar techniques, Part III discusses the patterns of within-host di-
versity in SARS-CoV-2 and the implications for the inference of trans-
mission.

Part I introduces many of the common problems and techniques
used to analyse bacterial genomes and then describes novel approaches
for solving three major issues. The problem of identifying popula-
tion structure in large pathogen genomic datasets is discussed and
a method presented that substantially improves the speed at which
model based clustering of genetic data can be performed. Next, a
new approach to inferring the pangenome is presented which sub-
stantially reduces the number of errors introduced by automated
gene annotation algorithms. Finally, approaches to inferring trans-
mission chains using genomic data are examined, including a novel
likelihood-free transmission inference approach.

Part II describes the history and biology of S. pneumoniae as well as
the Maela deep sequencing study which aims to shed light on the ge-
netic diversity of S. pneumoniae within the host. Following this, meth-
ods for deconvoluting different lineages of S. pneumoniae are verified
including approaches for identifying virulence and resistance factors.
The improved sensitivity of these approaches is discussed along with
the implications of varying rates of virulence and resistance in mul-
tiple carriage. Finally, within-host minority variants are considered
both in the context of investigating transmission within the Maela
camp as well as examining the mutational and selective forces driv-
ing the evolution of S. pneumoniae within the host.

The outbreak of SARS-CoV-2 in late 2019 led many scientists to
shift their attention to the analysis of SARS-CoV-2 and the corre-
sponding disease COVID19. Part III of this thesis describes an anal-
ysis of the mutational and selective processes driving SARS-CoV-2
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evolution within the host and the implications these results have for
the inference of transmission chains.



Part I

B A C T E R I A L G E N O M E A N A LY S I S

Part I focuses on methods for the analysis of bacterial
genome sequencing data with a particular focus on the
inference of population structure, pangenomes and trans-
mission.





1
I N T R O D U C T I O N

1.1 a brief history of bacterial genomics

The first organism to have its entire genome sequenced was the bac-
terium Haemophilus influenzae [170]. In the following decades, genom-
ics has dramatically increased our understanding of the bacterial evo-
lution, improving our awareness of how they interact with their host,
their environment and each other. Recently, bacterial genomics has
started to replace many traditional "wet-lab" microbiology techniques
for characterising bacterial samples with a notable impact on deter-
mination of antibiotic resistance and other important phenotypes for
bacterial pathogens [314].

The high costs of sequencing meant initial studies used single gen-
omes to represent a toxonomix group. The first study to consider
more than one species from the same genus was conducted in 1996

when multiple species of Mycoplasma were sequenced using chain ter-
mination method developed by Fred Sanger [223, 435]. It would be
another three years before multiple genomes from the same species
were sequenced in a single study looking into Helicobacter pylori [378].
This was followed in 2006 with the first use of bacterial sequencing to
identify within-host evolution of Burkholderia mallei in a patient with
samples from both the liver and blood [425]. First generation ‘Sanger
sequencing’ enabled the realisation that the process of bacterial evolu-
tion varies widely from species to species. Extensive horizontal gene
transfer was identified in Escherichia coli [214]. The characterisation of
horizontal gene transfer in bacterial evolution has subsequently led
to the definition of the bacterial pangenome which encompasses both
the ‘core’ genes, found in every member of a species, along with the
‘accessory’ which are not always present [348]. Reductive evolution
was identified in Rickettsia prowazekii and Mycobacterium leprae, which
can occur when isolated populations adapt to a new restricted niche
[9, 146]. In contrast to the plasticity in gene content observed in some
species, a number of important pathogens were found to have highly
stable pangenomes, evolving primarily through smaller mutations in-
cluding single nucleotide polymorphisms (SNPs), indels and small
deletions. These included Mycobacterium tuberculosis, a bacterium that
currently is responsible for the most bacterial related deaths annually
and was the leading cause of death from a single infectious agent in
2019 [79, 171, 518]. The substantial variation in the observed evolu-
tionary characteristics of bacteria is perhaps not so surprising when
one considers that bacteria have been evolving for at least 2 billion

5



6 introduction

years longer than eukaryotes and represent 35 times the biomass of
all animals on the planet [18, 269].

Early bacterial genomics studies went beyond describing the evo-
lution of the bacteria themselves to provide insights into human mi-
gration, notably in the evolution of H. pylori [159]. Other early appli-
cations of bacterial genome sequencing include the identification of
potential vaccine antigens in the Neisseria meningitidis genome, which
ultimately aided in the development of a new meningococcal vaccine
[401].

With the introduction of 454 and Illumina technologies heralding
the advent of second generation sequencing in the mid 2000’s, bacte-
rial genomics studies were able to increase markedly in size [326].
The first published application of these new technologies for bac-
teria was a study of 19 genomes of Salmonella typhi [227].This was
followed in 2010 by a pioneering genomic epidemiology study of
MRSA, where the authors were able to identify plausible transmis-
sion links between continents and within the hospital hospital wards
using whole genome sequences of 63 isolates [209]. The following
year, genome sequencing was used in a very high profile case that
implicated UN peacekeepers in an outbreak of cholera in Haiti [73].
An even larger dataset allowed for the characterisation of vaccine es-
cape in Streptococcus pneumoniae where pneumococcal serotypes in-
cluding in the vaccine were shown to reduce in frequency and be
replaced with non-vaccine types through both strain replacement as
well as serotype switching via transformation [100]. Subsequently,
dense sequencing of over 3000 pneumococcal isolates from a refugee
camp in Thailand, identified changes to the pathogens population
genomics in response to temporal variation in antibiotic use [71].
This large and well documented dataset led to one of the first bac-
terial genome wide association studies (GWAS), where novel antibi-
otic resistance determinants were identified [72]. Bespoke methods
have since been developed to investigate association studies in bacte-
rial genomics [144, 293]. These resulted most recently in one of the
first joint host-pathogen genome wide association studies looking at
meningitis caused by S. pneumoniae [288]. Other notable uses of sec-
ond generation sequencing include the expansion of the field of bac-
terial genomics to ancient pathogens, starting with an ancient Yersinia
pestis genome from the black death [38]. Modes of transmission have
also been resolved using second generation sequencing with the iden-
tification of the transmission of nontuberculosis mycobacterium be-
tween cystic fibrosis patients as well as the migration of microbiota
from mother to child [46, 166]. Finally, a large-scale second gener-
ation sequencing effort was able to shed light on the evolution of
E. coli over 60,000 generations in a long term evolution experiment,
showing that the targets of selection changed over the course of the
experiment [195]. The introduction of third generation (rapid long
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read) sequencing has led to further discoveries and innovation in bac-
terial genomics and has opened the way for bacterial genomics to
be used in the clinic. This has led some to suggest that we are ap-
proaching a ‘singularity’ whereby many tasks commonly performed
using traditional microbiological techniques will soon be replaced by
bacterial genomics [314]. Early indications of the use of these tech-
nologies in the clinic include the development of a rapid sequencing
approach to identify resistance determinants in Staphylococcus aureus
and M. tuberculosis [40]. The swift rise of the field of synthetic genom-
ics is also starting to include bacteria with the first entirely synthetic
E. coli genome generated in 2019 [178]. While there are many parallels
between the methods developed for human population genetics and
those for bacteria, the distinct biology of bacteria has necessitated the
development of bacteria specific approaches.

1.2 bacterial genomes

The genomes of bacteria typically consist of a small number of DNA
molecules or replicons varying in size from ∼ 1.5× 105 nucleotides
(nt) in the case of Endosymbiont Carsonella to the behemoth Sorangium
cellulosum with a genome size of ∼ 1.3× 107nt [372, 438]. Essential
replicons are known as chromosomes, with the majority of bacterial
species consisting of just a single chromosome. Notable pathogenic
exceptions include Vibrio cholerae and Burkholderia cenocepacia which
consist of two chromosomes [215, 224]. While bacterial cells often
contain multiple copies of their chromosome, the vast majority of
bacterial species are haploid organisms. Rare exceptions include the
bacterial symbiont of the surgeonfish, Epulopiscium spp, a very large
bacterium that has been observed to contain tens of thousands of
copies of its chromosome allowing it to maintain certain unstable
genetic features that would otherwise be fatal [352]. In contrast to
chromosomes, non-essential replicons are known as plasmids. The
presence of plasmids varies by species. Bacteria are able to accom-
modate multiple different plasmids, which can each have different
copy numbers within the cell. As plasmids are non-essential, they
often carry genes that benefit the survival of the bacterium in cer-
tain conditions including under antibiotic pressure. Plasmids can be
broadly classified into those that are conjugative and are able to in-
dependently initiate the process of transfer to new other bacterial
cells (conjugation) and non-conjugative, which describes those plas-
mids that are reliant on other conjugative plasmids to be transferred
between cells [455]. Unlike most eukaryotes which consist of linear
chromosomes, the majority of bacterial chromosomes and plasmids
are circular. However, as with most bacterial genomic characteristics,
there are exceptions. These include Streptomyces coelicolor and the tick
borne bacterium Borrelia afzelii which can cause a variant of Lyme
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disease and [29, 59]. Like eukaryotes, in addition to varying gene
content, bacterial genomes evolve via both point mutations and rear-
rangement. In contrast to sexually reproducing organisms, bacteria
do not recombine at each generation. Instead, some species evolution
is nearly entirely clonal whilst others recombine and exchange genes
via horizontal gene transfer.

1.2.1 Horizontal gene transfer

Initial efforts at reconstructing phylogenetic relationships between or-
ganisms focused on using molecular information in different genes
and proteins [542]. With the coming of the genomic age it was soon re-
alised that using different genes led to the construction of conflicting
phylogenies for the same collection of genomes [221]. Coupled with
the well established knowledge that bacteria as well as other organ-
isms could exchange genetic material the concept of horizontal gene
transfer between organisms emerged in the 1990’s [39, 199]. There are
three main mechanisms of horizontal gene transfer in bacteria; trans-
formation, conjugation and transduction. Gene transfer agents can
also mediate horizontal gene transfer but are rarer and not discussed
here [328].

1.2.1.1 Transformation

Natural transformation refers to a bacterium’s ability to uptake, inte-
grate and express extracellular DNA in its chromosome. In order for
transformation to occur, bacterial cells must first enter a state of com-
petence. This has been found to naturally occur in approximately 1%
of bacterial species and has been found to rely on approximately 20 to
50 proteins [479]. Common human pathogens such as S. pneumoniae,
Neisseria gonorrhoeae and Haemophilus influenzae are known to be nat-
urally transformable [315]. Bacteria often enter a state of competence
in response to stressors such as antimicrobial treatment or starvation.
A prerequisite for transformation is the release of extracellular DNA
by the donor cell. Some bacteria species such as S. pneumoniae have
developed fratricidal mechanisms to aid in the lysing of donor cells
to increase the rate of transformation [502].

1.2.1.2 Conjugation

Conjugation involves the transfer of genetic material through cell to
cell junctions and is commonly associated with the transfer of plas-
mids between cells [479]. Conjugative elements such as plasmids can
facilitate the transfer of other genetic material by picking up passen-
ger genes or by integrating themselves into other elements. Trans-
posable elements or insertion sequence (IS) elements that can change
their location within a genome can aid in such integrations by provid-
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ing regions of high homology between replicons which allows for the
homologous recombination of otherwise unrelated genetic material
[36].

Multiple mechanisms for conjugation exist. One of the most com-
plex, involves large self transmissible plasmids that include genes that
allow for the creation of a pilus, a proteinaceous fibre that mediates
the contact between the donor and recipient cells [58]. While multi-
ple other mechanisms exist, some plasmids are not self transmissi-
ble. Instead these rely on the presence of a separate self-transmissible
plasmid for conjugation [479].

1.2.1.3 Transduction

Transduction involves the integration of foreign DNA into a bacterial
cell via a viral vector or bacteriophage [479]. Transduction can be
both specialised, where the phage can carry only certain parts of the
bacterial genomes or generalised where the phage can be a vector for
any part of the bacterial chromosome.

Bacteriophages can be grouped into two main categories. Virulent
phages are characterised by an infectious cycle that is always lytic,
causing the destruction of the host bacterial cell via lysis. Lytic bac-
teriophages recruit the machinery of the host cell to generate new
virions which are then released after the host cell is lysed. In con-
trast, temperate phages usually exist in a lysogenic cycle in which
the phage can integrate within the bacterial genome as a prophage.
Temperate phages can follow a lysogenic cycle in some circumstances
and can cause lysis when the prophage is activated.

1.3 bacterial genome analysis

While many statistical and bioinformatics methods used in the anal-
ysis of human genomes are applicable to bacterial genomes, their
unique biology has necessitated the development of novel approaches.
In many cases, methods originally developed for use in bacterial
genomics have subsequently been used in human genetics. Notable
examples include the use of pangenome graphs and the use of kmers
in genome wide association studies [143, 293, 348, 414]. In the follow-
ing section we briefly describe some of the common problems in the
analysis of bacterial genomes. The subsequent chapters go into a finer
level of detail on three specific areas and describe new approaches to
solving these problems.

1.3.1 Population structure

Genetic population structure has been a central problem in genetics
since the early efforts by Ronald Fisher and Seawall Weight in the
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early 20th century. A thorough understanding of population struc-
ture is essential for the use of genetics in understanding past migra-
tion events, population splits and population bottlenecks. Population
structure must also be considered and controlled for in order to ac-
curately infer the association between genetics and various pheno-
types of interest in genetic association studies. In general, many of
the methods used for analysing population structure in humans and
other species are also used in bacterial genetics. However, the some-
times highly clonal evolution of certain bacterial species can require
careful consideration.

Initial efforts to investigate genetic structure focused on the use
of various indices such as F-statistics [521]. In the following decades
more detailed statistical clustering models and computer simulations
were developed that described the relatedness of gene pools both
backward and forwards over generations through time [407]. While
these approaches provided a significant advance over the more sim-
ple statistics including being able to identify and describe admixed
populations, many of these approaches were computationally expen-
sive. This has led to the development of methods based on pairwise
distance metrics, which while heavily dependent on the metric and
clustering method chosen provide substantial increases in the speed
and size of datasets that can be analysed. Chapter 2, provides a more
detailed background on the methods used to infer population struc-
ture in bacteria and details recent efforts to improve the performance
of statistical model based methods allowing them to be used on very
large datasets.

1.3.2 Phylogenetic reconstruction

The evolutionary history of a set of bacterial genomes in the absence
of recombination can be represented as a phylogenetic tree. Here,
the topology of the tree indicates the relationships between isolates
based on vertical evolution with the tips of the tree representing the
sampled sequences and the internal nodes indicating historical ances-
tors. The branch lengths indicate the amount of genetic divergence
between isolates, or in the case of a time scaled phylogeny, the time
between isolates. In a rooted phylogeny the earliest node indicates
the most recent common ancestor (MRCA) of the sampled popula-
tion. Phylogenies can be used to date the emergence of important
phenotypes such as antibiotic resistance, to inform transmission in-
ference, to aid in epidemiological studies, and to shed light on past
population dynamics and selection. Initial methods to build phylo-
genetic trees from sequence data relied on pairwise distance based
approaches. Subsequently, maximum parsimony and maximum like-
lihood models and, more recently, fully Bayesian model based ap-
proaches have been developed.
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1.3.2.1 Distance based phylogenetics

One of the earliest and simplest algorithms for generating a hierarchi-
cal relationship between sequences was the unweighted pair group
method with arithmetic mean (UPGMA) method often attributed to
Sokal and Michener [460]. This agglomerative ‘bottom up’ approach
assumes that the underlying phylogeny is ultrametric in that the dis-
tances from the root to every tip are equal. This effectively assumes
a constant molecular clock, that evolves at the same rate in each lin-
eage. The neighbour joining (NJ) method of Saitou and Nei relaxes
the assumption of a constant molecular clock and, provided that the
underlying distance matrix is additive, guarantees that the resulting
phylogeny will be correct [433]. A distance matrix is additive if it
satisfies the following extension to the triangle inequality such that
given genomes i, j, m and n and distance matrix D

D(i, j) +D(m,n) 6 max{D(i,n) +D(j,n),D(j,m) +D(i,n)}

The original NJ algorithm had a complexity of O(N3) where N
was the underlying number of sequences. This made it fast for small
sized datasets but infeasible for large populations. However, heuristic
extensions to the approach have led to dramatic speed improvements
making the method applicable to datasets with tens of thousands of
sequences [452].

1.3.2.2 Maximum parsimony

One of the simplest methods that does not rely on a distance ma-
trix is maximum parsimony. Maximum parsimony attempt to find
the phylogeny that minimised the number of character changes that
would have to occur along each branch [161, 168]. While it is simple
to calculate the number of changes required given a pre-existing phy-
logeny, finding the optimal tree is an NP hard problem, meaning that
an exact algorithm is too computationally expensive for all but very
small numbers of isolates [174]. Similar to the NJ algorithm, heuristic
search methods have been proposed to help resolve this issue [472].

1.3.2.3 Maximum likelihood phylogenetics

Most distance based methods such as neighbour joining do not ex-
plicitly model the mechanisms of evolution. However, maximum like-
lihood methods score a given phylogeny according to an underlying
statistical model and attempt to find the phylogeny that maximises
the corresponding likelihood or score. This is similar to the maximum
parsimony approach, except that the score is based on a specific statis-
tical model of sequence evolution. Like maximum parsimony, heuris-
tic search algorithms are usually used to find a suitable tree. These
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approaches typically take a multiple sequence alignment as input and
model each column in the alignment independently. Depending upon
the underlying evolutionary model, the transition rates between the
character states can either be given as known as is the case in the LG
matrix for amino acids or estimated as part of the fitting process as
with the general time-reversible model of nucleotide evolution [284,
476]. Extensions to these methods include allowing these rates to vary
between sites, which can compensate for differences in selection at
different locations in the genome as well as modelling invariant sites
which are often excluded from multiple sequence alignments leading
to biased inferences [297, 526]. Highly used implementations of this
style of algorithm include Iqtree and RAxML [376, 464].

1.3.2.4 Bayesian phylogenetics

Maximum likelihood models implicitly assume a uniform prior over
each phylogeny. Similar to other areas of applied statistics this as-
sumption can be relaxed to combine a prior probability of a given
phylogeny with the likelihood of the data. This allows for the infer-
ence of a posterior distribution usually inferred via Markov Chain
Monte Carlo (MCMC) sampling. Implementations of this approach
include MrBayes and BEAST [139, 232].

1.3.3 Phylodynamics and dating

As well as providing a picture of the evolutionary history of a set
of bacterial isolates, phylogenies can also inform our understand-
ing of the demographic history of the sampled genomes. The de-
mographic history of a population is often modeled in one of two
ways. Coalescent theory models the evolution of the underlying pop-
ulation backwards in time, merging lineages into a single ancestor
[263] whereas birth-death models evolve forwards in time, where at
each continuous time point either a birth or a death or neither can oc-
cur [259]. Unlike coalescent models, birth-death approaches account
for the proportion of the population being sampled. Both these mod-
els have been extended to account for samples taken over varying
time points which allows for the divergence between sequences to
inform the estimates for the underlying substitution model. This al-
lows for the dating of a phylogeny such that estimates of the dates of
MRCAs can be inferred [140]. Dating can be performed using either
a ‘strict clock’ where the substitution rate is assumed to be constant
across all branches of the phylogeny or a ‘relaxed clock’ which allows
the substitution rate to vary. While most bacterial species are better
modelled by a relaxed clock there are exceptions including Acineto-
bacter baumannii [85]. Initial algorithms for estimating dated phyloge-
nies were originally designed for analysing small numbers of viruses.
The generation of very large data sets of pathogen sequences and the
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large genome sizes found in bacteria has motivated the development
of more efficient dating methods. This includes the least squares ap-
proach of To et al., 2016, which assumes a linear relationship between
time and branch length [481]. Subsequently, a number of other fast al-
ternatives have also been developed including treedater and TreeTime
[431, 496]. The often high rate of horizontal gene transfer in bacteria
has also motivated the development of bacteria specific dating algo-
rithms such as bactdater which explicitly accounts for recombination
events inferred using other algorithms [126].

1.3.4 Recombination

Large segments of sequence inherited via different recombination
mechanisms rather than vertically can substantially influence phy-
logenetic inference algorithms, often to the point of obscuring the
signal provided by point mutations [101]. As a result a number of al-
gorithms have been developed to identify and account for recombina-
tions in pathogen sequence data. The two main strategies employed
by these algorithms consist of either attempting to identify cases of
sequence exchange within the sample or searching for evidence of
divergent imported sequence into a closely related population. The
first approach relies on both the donor and recipient sequences being
present within the sample which presents a challenge for the anal-
ysis of many bacterial datasets where there is often a large amount
of unsampled diversity, which is in some cases extinct in the current
population. Algorithms that make use of this strategy include RDP3,
GARD and the homoplasy test [273, 329, 336]. The second strategy
led to the concept of the clonal frame which describes the common re-
gions of a sample of genomes that have not undergone recombination
since their MRCA [356]. This concept led to the development of the
ClonalFrame algorithm which implements a Bayesian model frame-
work to both detect recombinants and infer a corrected phylogeny
[127]. While this algorithm is able to accurately account for recom-
bination in small datasets of closely related isolates, it struggles to
scale with larger collections of genomes, motivating the development
of more efficient methods including the maximum likelihood version,
ClonalFrameML [131]. Alternative approaches for solving this prob-
lem on large datasets include Gubbins and BratNextGen [104, 334].
In parts of this thesis we make use of Gubbins. Unlike ClonalFrame,
Gubbins is an iterative algorithm that makes use of spatial scanning
statistics to identify regions of the genome that have increased densi-
ties of substitutions. These are suggestive of horizontal gene transfer
and can be excluded prior to running conventional maximum likeli-
hood phylogenetic inference algorithms.
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1.3.5 The bacterial pangenome

Driven by horizontal gene transfer the collection of genes that can be
found across any one species of bacteria is often far greater than the
number of genes in an individual isolate. This has led to the definition
of the pangenome as the set of all genes present across a given species.
Genes that are present in all strains within a species are known as
core genes while those present in only a subset are referred to as ac-
cessory genes. Obtaining an accurate picture of a species pangenome
is often important in understanding clinically significant traits such
as virulence and antibiotic resistance [477]. Recent studies have also
highlighted the importance of considering the pangenome in under-
standing the ecological and evolutionary processes driving the evo-
lution of important pathogens such as S. pneumoniae and E. coli. In
these species, negative frequency dependent selection (NFDS) acting
on the bacterial pangenome has been suggested to be a major driving
force in their evolution including in response to recent vaccine inter-
ventions, or the emergence of new clones in populations [86, 347]. A
significant challenge in the analysis of bacterial pangenomes is the
classification of homologous genes, usually defined by a percentage
shared sequence identity, into either orthologous or paralogous clus-
ters. Initial attempts borrowed methods originally developed for iden-
tifying orthologs between eukaryotic species [302, 419]. The increas-
ing size of bacterial datasets subsequently led to the development
of faster bacteria specific approaches [390]. In Chapter 3, we describe
these approaches in a higher level of detail and describe recent efforts
to correct for gene annotation errors which can significantly impact
pangenome inference efforts.

1.3.6 Transmission

Tracking the transmission of a pathogen through a population is cru-
cial to informing control measures and policies to limit spread. Tra-
ditionally, this has been achieved through epidemiological methods
including contact tracing and case counting. Initial bacterial genomic
typing methods such as MLST lacked the genetic resolution to inform
estimates of transmission. However, with the reduction in WGS costs,
genomics is now starting to be used routinely to infer pathogen trans-
mission. The recent outbreaks of Zika, Ebola and SARS-CoV-2 have
highlighted the utility of using genomics in combination with tradi-
tional epidemiological techniques to aid in the inference of transmis-
sion [160, 162, 189]. Prior to these high profile viral outbreaks, the
use of genomics to track bacterial transmission within hospital wards
and in foodbourne outbreaks was already starting to gain traction
[196, 209].
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Various approaches have been developed to infer transmission us-
ing genetic data. Simple approaches use the number of substitutions
between samples from different hosts to rule out transmission [47].
Phylogenies can be constructed using WGS from multiple samples
and used either as a proxy for transmission or as a component of a
more complex model that also accounts for the transmission process
itself [128, 209]. While a phylogeny built from single pathogen gen-
omes per host can help to inform estimates of transmission, within-
host variation can lead to discrepancies between a phylogeny and
corresponding transmission network [515]. This has motivated the
development of techniques that take advantage of additional genetic
information on within-host diversity to infer transmission [115, 523].
Other methodological challenges limiting who-infected-whom stud-
ies include sparse or biased sampling, genetic recombination and
mixed infections [182]. With the majority of method development in
transmission inference focused on outbreaks, the application of these
approaches to endemic pathogens has received little attention.

In Chapter 4 we review recent efforts to develop phylogenetic meth-
ods to infer transmission networks from whole genome sequencing
data. We go on to describe extensions of these approaches to enable
their application to endemic diseases rather than outbreaks as well
as improvements in their computational efficiency. Finally, Chapter 4

reports a novel method for the inference of transmission using deep
sequencing data, which enables the incorporation of additional infor-
mation on within-host diversity.

1.3.7 Phenotype association studies (GWAS)

Identifying associations between genetic variation and important phe-
notypes such as antibiotic resistance and virulence can be vital in un-
derstanding the mechanisms behind these phenotypes. This in turn,
can allow for the development of new drugs, vaccines and epidemi-
ological intervention strategies to reduce the public health impact
of bacterial pathogens. Genome wide association studies were origi-
nally developed in human genetics where single nucleotide polymor-
phisms (SNPs) are associated with a wide variety of phenotypes in-
cluding heart disease and susceptibility to cancer. Such studies offer
an alternative to performing hundreds of often expensive hypothesis
driven wet-lab experiments. Instead these studies enable such wet-lab
experiments to focus on the most likely candidate genes for a phe-
notype of interest. Direct application of GWAS methods developed
for human genetics is not ideal for the analysis of bacterial datasets.
Strong population structure and the existence of often large acces-
sory genomes present added difficulties that are not addressed by
conventional GWAS techniques. Instead, bacterial specific methods
have been developed to address these issues. In the place of SNPs,
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many bacterial GWAS methods use short sequence words of length k,
known as k-mers [293]. The presence or absence of these k-mers can
be determined without the need of a reference genome and conse-
quently are able to account for variation in gene content. Extensions
to this approach make use of unitigs which are variable length words
that reduce the redundancy that can occur when multiple different k-
mers represent the same genetic feature [245]. While GWAS methods
in human genetics account for population structure, the sometimes
highly clonal nature of bacteria can lead to a loss-of-power in such
methods abilities to identify association in bacterial populations. This
has led to methods that differentiate between ‘lineage-level’ effects
and ‘locus-level’ associations [144]. Thus, when it is not possible to
identify fine scale locus effect, these methods can instead report asso-
ciation between phenotypes and specific lineages. In bacterial species
with high recombination rates such as S. pneumoniae, it is possible to
identify locus level associations. In this case methods have been de-
veloped that account for population structure using a corresponding
phylogeny, a kinship matrix, or most recently pangenome spanning
regressions that consider all genetic features simultaneously [82, 289,
292]. A subset of these methods are described in more detail in Part ii
where they are applied to the analysis of within-host deep sequencing
data of S. pneumoniae.
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2.1 background

Identifying clusters of pathogen genomes that are significantly more
similar than would be expected if they had been randomly picked
from the circulating population is an important part of the analysis
of bacterial genome datasets. Determining sets of similar isolates is
essential to the identification of outbreaks as well as the characteri-
sation of bacterial migration patterns both locally and globally [99].
Accurate estimates of population structure are also required in the
modelling of natural selection [272], recombination [334], bacterial
pangenome evolution [86] and the maintenance of strain structure in
some bacterial species [210].

Controlling for the confounding effects of population structure is
an important step in association studies which attempt to identify
associations between bacterial genetics and important clinically rel-
evant phenotypes such as antibiotic resistance [72], virulence [503],
ability to cause outbreaks [1, 288] and host range [503].

Early approaches to identifying genetic population structure in bac-
terial populations were often based on multilocus sequence typing
(MLST) [322]. MLST classifies isolates according to their respective al-
leles in a number of short fragments in unlinked housekeeping genes.
The MLST approach has since been expanded to consider the entire
core genome (cgMLST) [350] with some additional extensions also
considering accessory genes from the whole genome (wgMLST) [98].
While MLST based approaches have proven to be useful in tracking
structure in bacterial populations, the approach relies on an existing
database of groups which new genomes can be classified against. As
such, it is not as readily applicable to previously unseen population
structure. As a result, alternative methods that identify population
structure de novo, similar to those used in the analysis of human genet-
ics and animal populations, have become increasingly popular [407].

Methods for the de novo clustering of genotype data can generally
be separated into those based on a statistical model of population
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structure, where observations from each underlying cluster are as-
sumed to be drawn from a parametric population genetics model
[407], and distance-based methods that rely on more general cluster-
ing techniques such as k-means [250].

2.1.1 Linkage disequilibrium

An important consideration when investigating population structure
and admixture in bacteria is the impact of linkage disequilibrium
(LD). LD refers to the dependence of alleles at different locations on
the same genome. It is usually the result of genetic recombination
having less of an impact on loci that are in close proximity. The im-
pact of LD on clustering can vary depending on the rate of recom-
bination in the organism and the time-scale over which the samples
have been taken. For very clonal organisms such as Mycobacterium
tuberculosis, nearly all the sites in the genome will be in high LD.
In this case a phylogenetic tree-building approach may be more suit-
able, such as maximum parsimony [54], maximum likelihood [464] or
Bayesian methods [139]. Some bacteria, including S. pneumoniae and
Neisseria gonorrhoeae, have much higher rates of recombination, and
consequently constructing accurate phylogenies can be more difficult.
The impact of LD on these more recombinant organisms is highly
dependent on the time interval over which the samples were taken.
If there are considerable gaps between sample dates there may be
enough recombination for the impact of LD to be safely ignored, in
which case methods such as Structure [407] and BAPS [87] can be
used. For more densely sampled datasets clustering methods that ac-
count for recombination such as Structure version 2 [158, 473] and
fineSTRUCTURE [283] are more suitable. In this chapter we focus on
methods that assume independence between sites in the genome and
thus a high level of LD. An extension to the fast clustering method
proposed which enables conditioning on a pre-existing phylogeny
and thus is suitable for more clonal datasets is also discussed.

2.1.2 Distance-based methods

Pairwise distance-based approaches have gained appeal with the ever-
increasing size of genome sequence data sets. The speed of some mod-
ern distance-based methods has allowed for the clustering of other-
wise unfeasibly large data sets. A notable example was the clustering
of all 54,118 NCBI RefSeq genomes [388]. The lack of assumptions
on the type of population structure can be a further advantage of
distance-based methods. Discriminant analysis of principal compo-
nents (DAPC) [250] takes advantage of the speed of principal compo-
nent analysis to reduce the dimensionality of large sequencing data
sets before using discriminant analysis [280] to choose a clustering.
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While DAPC is considerably faster than model-based approaches, it
still relies on a genotype matrix that can require considerable time to
compute. With large genomes and high sequencing depth the compu-
tation required to produce a consensus sequence alignment or call sin-
gle nucleotide polymorphisms (SNPs) can become prohibitive when
many samples are involved. By adapting the MinHash dimensional-
ity reduction technique [239] the Mash algorithm is able to avoid the
alignment stage and allows for the rapid calculation of a distance ma-
trix [388]. This approach has since been extended in the PopPUNK
algorithm to model both accessory and core genome distance sepa-
rately allowing for a more accurate definition of clusters from bacte-
rial genomes [290]. The algorithm can exploit the network properties
of the resulting distance matrix to refine strain definitions and can
also incorporate additional isolates to an already existing set of clus-
ters.

2.1.3 Model-based methods

Whilst distance-based approaches are generally faster, they are not as
readily interpretable and typically do not provide group membership
probabilities making distinguishing weak separation between clusters
and strong population structure difficult [32]. Model-based methods
typically indicate the probability that an individual belongs to a cer-
tain cluster, allow for different models to be compared, and can pro-
vide estimates of uncertainty for the inferred parameters. Generally,
either Bayesian or maximum-likelihood based approaches are widely
used for inference in population structure models.

A commonly considered model of population structure assumes
that there is a fixed number of uncorrelated underlying populations,
K. An individual is then assumed to originate either from a single
population, the no-admixture model, or to carry alleles from multiple
populations, which corresponds to the admixture model [407]. Solu-
tions to this problem include STRUCTURE [158, 407], BAPS [87, 88,
90], Admixture [4], fastStructure [415], sNMF [180] and the method
of Anderson and Thompson [8]. More recently, methods that combine
model-based techniques with an initial faster distance-based cluster-
ing have been proposed including snapclust [32] and hierBAPS [70].
Admixture, fastStructure and sNMF solve for the admixture model
and are not considered here. A common theme of most clustering
methods is that they require the underlying number of clusters, K, to
be provided. In practice, the methods are usually run over a range
of K and the ‘best fitting’ model is selected [3, 155]. An alternative
Bayesian solution is to put a prior on the number of clusters, usually
using a Dirichlet process mixture model (DPM) in an attempt to in-
fer K as part of the model [234, 393]. Whilst this provides a natural
method for inferring an appropriate K, the approach is very com-
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putationally expensive and does not scale to large numbers of loci
and individuals. The greedy stochastic optimisation approach in hi-
erBAPS [70] places a discrete uniform prior on K up to a supplied
maximum value and is able to scale to larger datasets. However, as
datasets become very large, inferring K using model-based clustering
approaches has so far been infeasible. An example of a dataset that
is too large for current model-based methods is the set of HIV-1 pol
genes, which are routinely generated in clinical settings for the pur-
pose of identifying resistance to antivirals. Despite the relatively short
length of this region (typically 1200-1500 base pairs long), the very
large number of sequences - in excess of 100,000 in public databases
alone - makes choosing an appropriate value for K very challenging.

2.1.4 Dirichlet process mixture model

A Dirichlet Process Mixture model (DPM) assumes a joint prior over
the cluster allocation vector p, which indicates which cluster each
individual is allocated to as well as the overall number of clusters K
[234, 393]. More specifically the prior is assumed to follow a Dirichlet
process where the prior joint probability of the allocation vector p
and the number of clusters K is given by

f(p,K|α,n) = αk
∏K
i=1(ni − 1)∏n
i=1(α+ i− 1)

The concentration parameter α determines the degree to which in-
dividuals group together in clusters. A smaller α value leads to larger
clusters. However, it has previously been shown that the choice of α
has little impact on the results when the number of loci is large [233].
In addition to using a Dirichlet process prior on the allocation vector
and number of clusters K we assume a separate Dirichlet prior distri-
bution on the underlying allele frequencies within each cluster param-
eterised by β. Thus, we draw alleles frequencies from the model by
first sampling the allocation vector and the number of clusters K and
then sampling the allele count data D from a Multinomial-Dirichlet
distribution. The marginal distribution of counts in each cluster com-
ponent is given in Section 2.2.3. Unfortunately, methods that rely on a
fully Bayesian inference approach using MCMC such as structurama
are not feasible for very large datasets [233, 234] with current faster
approximations such as hierBAPS also failing to scale to some real
world datasets (see Section 2.3.3). Other approximate inference meth-
ods for DPM models include variational inference [35], fast search
[238], sequential updating and greedy search (SUGS) [94, 500] and
expectation propagation [359]. Whilst these methods offer substan-
tial speed improvements over a full MCMC based approach none of
them are able to take advantage of the phylogenetic structure present
in bacterial genomic datasets.
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2.1.5 Bayesian hierarchical clustering

The Bayesian hierarchical clustering (BHC) algorithm [217] presents
an alternative approach that approximates a Dirichlet Process Mix-
ture model whilst guaranteeing a solution in polynomial time. The
method performs a version of agglomerative bottom up clustering
using a Dirichlet process to account for uncertainty in the data and
Bayesian model selection to decide which clusters should be merged
at each step. Whilst the approach has been shown to succeed in clus-
tering text documents, microarray data and even electrical demand
profiles [172, 217, 436], it has yet to be successfully applied to the
problem of identifying population structure. A reason for this is that
the hyperparameters, β, of the model defining each component of the
mixture are set to be proportional to the counts of each allele at each
locus in the complete dataset. In practice setting the hyperparameters
to be proportional to the entire dataset leads to an overpartitioning of
population genetic data whereby the algorithm identifies a very high
number of clusters (see Results). A common alternative prior in pop-
ulation structure studies is to use a symmetric Dirichlet prior [407].
However, at the lowest levels of the hierarchy a symmetric prior will
lead to different clustering combinations having the same likelihood.
This greatly reduces the ability of the algorithm to accurately cluster
sequences at the lower levels. In contrast, the hierBAPS algorithm re-
lies on a fast initial clustering using complete-linkage agglomerative
clustering to provide an initial partition of the dataset.

2.1.6 Bayesian analysis of population structure (BAPS) and hierBAPS

Similar to other approaches [407], BAPS assumes that alleles are drawn
independently from a multinomial distribution with a Dirichlet prior.
However, unlike STRUCTURE, which uses Gibbs sampling to esti-
mate the posterior distribution, BAPS attempts to find the partition
of the data S that maximises the posterior probability of an allocation
over all other possible allocations [87, 89, 90]. The hierBAPS, algo-
rithm extends the BAPS algorithm allowing it to be applied recur-
sively to identify population structure at different resolutions [70]. A
partition S is defined as the allocation of each sequence to one of K
possible clusters. The maximum possible value of K is given in the
hierBAPS algorithm. Here S indicates the set of all possible partitions
with up to Kmax clusters. The hierBAPS algorithm attempts to choose
S to maximise

P(S|data) =
P(data|S)P(S)∑
S∈S P(data|S)P(S)

where P(data|S) is the marginal likelihood of having the allele fre-
quency parameters analytically integrated out leading to
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P(data|S) =
K∏
i=1

Nl∏
j=1

 Γ(
∑
l αijl)

Γ(
∑
l αijl +nijl)

NA(j)∏
l=1

Γ(αijl +nijl)

Γ(αijl)


where nijl is the count for allele l at locus j in cluster i and αijl is

the corresponding hyper-parameter for the Dirichlet prior. The BAPS
algorithm attempts to find the partition S that maximises the poste-
rior probability using a greedy stochastic search approach. A discre-
tised uniform distribution of the cluster size K (K = 1, . . . ,Kmax) is
used in hierBAPS to provide the prior probability of each partition
P(S). The Dirichlet hyperparameters are set at 1

NA(j)
where NA(j) is

the number of distinct alleles at locus j.
Previously, hierBAPS was only available as a MATLAB binary but

has since been implemented in R, improving the usability and trans-
parency of the algorithm [484]. The R version also includes the ability
to make use of multiple cpu cores as well as new plotting functions
that both improve the speed of analysis and the interpretability of the
results.

2.2 methods

2.2.1 Fast hierarchical Bayesian analysis of population structure

Though methods such as hierBAPS and snapclust have allowed for
analyses to scale to much larger datasets than previous approaches,
they remain in practice inapplicable to the currently emerging datasets
comprising tens of thousands or even hundreds of thousands of se-
quences, where large numbers of underlying clusters may be present.
Here, through incorporating ideas from both BHC and hierBAPS, we
describe an efficient inference solution to the no-admixture model for
very large datasets when the underlying number of clusters may be in
the tens or hundreds. By taking advantage of a fast initial clustering
approach similar to that used in hierBAPS we are able to place a sym-
metric or BAPS prior on the mixture components, enabling the BHC
algorithm to distinguish between different combinations of clusters.

2.2.2 Initial clustering

Similar to hierBAPS, but unlike the original BHC algorithm, fastbaps
begins by generating a fast initial clustering of the data using a value
for Kmuch larger than expected (Kinit). This has the advantage of both
reducing the complexity of the Bayesian agglomerative stage whilst
allowing for symmetric priors to be used. Starting with a multiple
sequence alignment in FASTA format, we first generate a pairwise
single nucleotide polymorphism (SNP) distance matrix before clus-
tering using Ward’s agglomerative clustering [371]. This hierarchy is
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cut to generate Kinit clusters. The hierarchy is also used to estimate
the hyperparameters β of the individual mixture component priors.
Very large datasets make the calculation of the initial pairwise dis-
tance matrix prohibitive. To counter this limitation, for datasets with
more than 10,000 individuals we produce the initial clustering by
first performing a Principal Component Analysis. Clustering is then
performed using a fast hierarchical algorithm such as genie or the
memory efficient Ward algorithm in the fastcluster package with the
first 50 principal components given as input [183, 370]. This removes
the need to calculate the complete distance matrix. The results were
found to be robust to the number of principal components used with
this approach found to provide near identical results to the distance
matrix approach on the smaller datasets. This is expected in general
as the PCA step is also only used at the lower levels of the cluster-
ing hierarchy and thus its impact is minimal on the final clustering
solution.

2.2.3 Bayesian hierarchical clustering

Given a collection of small clusters and their respective hierarchies
Ti where i ∈ {1..Kinit}, the BHC algorithm of Heller and Ghahra-
mani [217] proceeds in a similar fashion to traditional agglomerative
clustering. In the place of a distance metric, Bayesian hypothesis test-
ing is conducted at each level to decide which clusters to merge. Let
D = x(1), ..., x(n) describe the entire dataset of n samples and Di the
set of points at the leaves of the subtree Ti. We initialise the algo-
rithm with the small subtrees obtained using the fast clustering step
as shown in Figure 1. At each subsequent stage we then consider
merging all pairs of existing trees. If trees Ti and Tj are merged into a
combined tree Tk then the set of points corresponding to the new tree
is Dk = Di ∪Dj. At each merge we compare two hypotheses. The
merged hypothesis, which we denote Hk1 , is that all data in Dk were
generated identically and independently from the same probabilistic
model p(x|θ) with unknown parameters θ. In our case this model is a
multinomial, with parameters θ = (n,φ). We also specify a Dirichlet
prior over the parameters φ with hyperparameters β. Thus, we can
write the probability of the data Dk under Hk1 as

p(Dk|H
k
1) =

∫
p(Dk|θ)p(θ|β)dθ

Assuming a multinomial-Dirichlet distribution, this integral is tract-
able and we can rewrite the above equation as

p(Dk|H
k
1) =

NL∏
j=1

Γ(
∑
l βj)

Γ
(∑

l(βj +njl)
) NA(j)∏
l=1

Γ(βj +njl)

Γ(βj)
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Where NL is the number of loci, NA(j)
is the number of possible

alleles at loci j and njl is the number of copies of allele l at locus j. βj
is the corresponding Dirichlet prior hyperparameter.

The alternative hypothesis to merging two clusters (Hk1 ) is that the
data Dk have two or more clusters. Summing over all the possible
partitions of Dk into two or more groups is in practice intractable.
However, by only considering partitions that are consistent with the
subtrees Ti and Tj, we can use recursion to quickly compute this sum.
Under the restriction of remaining consistent with the subtrees, the
probability of the data under the alternative hypothesis Hk2 , is just the
product over the subtrees p(Dk|Hk2) = p(Di|Ti)p(Dj|Tj) (see Figure 1)
where the probability of the data given the tree is given by

p(Dk|Tk) = πkp(Dk|H
k
1) + (1− πk)p(Di|Ti)p(Dj|Tj)

Here, the first term for each initial cluster is defined recursively
using the fast clustering based hierarchy with initial prior for the
merged hypothesis set to π0 = 1. The prior for the merged hypothesis
πk := p(Hk1), can then be computed bottom-up as described in Heller
and Ghahramani, [217] and is a deterministic function of the concen-
tration parameter of the DPM. In practice, for the size of datasets we
are considering, the actual value of α makes very little difference as
the prior πk is dominated by the factorial on the number of points
within a cluster. Similar to Savage et al., [436], we fix the value of α,
the concentration parameter of the DPM, rather than keeping it as a
user-tunable hyperparameter in the resulting clustering algorithm.

Finally, given the probabilities of each hypothesis described above
we can calculate the posterior probability of the merged hypothesis
rk := p(Hk1 |Dk) using Bayes’ rule

rk =
πkp(Dk|H

k
1)

πkp(Dk|H
k
1) + (1− πk)p(Di|Ti)p(Dj|Tj)

We use this quantity to greedily decide which two subtrees to merge.
After generating a final hierarchy we then use the same quantity to
identify which merges were justified and cut the tree when rk < 0.5.

2.2.4 Hyperparameter selection

As described in Heller and Ghahramani [217], for any given set of hy-
perparameters, the root node of the hierarchy approximates the prob-
ability of the data given that setting of the hyperparameters. By lever-
aging this, we use the marginal likelihood of the root node p(D|T)

to perform model comparisons for different settings of the hyperpa-
rameters. We found that different settings of the hyperparameter α
had a negligible impact on the final clustering due to the dominance
of the factorial component of πk, which provided a strong motiva-
tion to fix the hyperparameter at the value α = 1. Similar to Heller



2.2 methods 25
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Figure 1: A diagram outlining the fastbaps algorithm. An initial clustering
is performed by default using agglomerative clustering with the
Ward linkage method. Subsequently the merge with the highest
posterior probability is chosen. The final clustering is then deter-
mined by only accepting merges with a posterior probability > 0.5

and Ghahramani [217] and Savage et al., [436], we use golden section
search as provided in R’s ‘optimise’ function to select the β param-
eters and thus the variance of the Dirichlet prior. Unlike previous
approaches, we did not set the β parameters to be proportional to
the discrete total counts for the entire dataset. Instead we used ei-
ther a symmetric prior, similar to Pritchard et al., [407] or the non-
informative prior βj ∝ 1

NA(j)

as used in hierBAPS and suggested in

Anderson and Thompson [8]. These priors are referred to as opti-
mised symmetric, and optimised BAPS priors hereafter. These priors
were found to generally outperform the prior used in the original
BHC algorithm. To increase the efficiency in optimising the variance
of the Dirichlet prior, we relied on an initial hierarchy produced us-
ing Ward’s agglomerative clustering. The marginal likelihood of the
root node was then used to select an appropriate scaling for the β
hyperparameters. We subsequently refer to the combination of fast
cluster initialisation, Bayesian hierarchical clustering and prior hyper-
parameter optimisation using a symmetric or BAPS based prior as
‘fastbaps’.

2.2.5 Conditioning on a pre-computed hierarchy

Given a pre-computed hierarchy or phylogeny, we can use the re-
cursion method described previously to decide when merging sub-
clades of the tree is justified according to the DPM model. This pro-
vides a parametric model based alternative to previous tree partition
algorithms such as Cluster Picker [413], also relaxing the computa-
tionally intensive requirement for bootstrap replicates of the tree be-
ing partitioned. It allows us to identify a partition of the tree into
clades that maximises the marginal likelihood of a DPM model given
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a hierarchy. As the hierarchy is pre-calculated, the approach is highly
efficient and has a linear computational complexity in the number of
nodes in the hierarchy. By leveraging the sparse matrix data struc-
tures in fastbaps and coupling them with the efficient implementa-
tion of Ward’s hierarchical clustering in the fastcluster package [370],
we are able to generate clusterings of comparable quality to the full
fastbaps algorithm very quickly (see Figure 3 and Figure 5).

2.2.6 Cluster stability using the Bootstrap

In order to determine the sensitivity of the resulting clusters to the
alignment, we implemented a simple bootstrap procedure. For each
bootstrap replicate, the loci are sampled with replacement and the
fastbaps clustering algorithm is run. A binary similarity matrix is
then produced as described in Strehl and Ghosh [469] where for each
pair of sequences (i,j), the (i,j)th entry in the matrix is 1 if the ith and
jth sequences are clustered together and 0 otherwise. As this matrix
is invariant to label switching [421] and its dimension is invariant to
the underlying number of clusters, the sum of the resulting matri-
ces can be used to provide an indication of the stability of a given
clustering of two isolates. This can be plotted in a heatmap alongside
the dendrogram produced using the full algorithm to illustrate the
robustness of the final clustering.

2.2.7 Implementation

The fastbaps method is implemented using R and C++ and is avail-
able as an R package under the MIT open source licence at https:

//github.com/gtonkinhill/fastbaps. It can be run on Unix, Mac,
or Windows operating systems and takes a multiple sequence align-
ment as input. The results can easily be parsed in R allowing for the
generation of informative plots and further processing. The sparse
matrix data structure generated by the package can also be used in
other analysis types such as Principal Component Analysis (PCA) or
k-means.

2.2.8 Simulation and evaluation

To compare the results of different algorithms, population structure
was simulated using scrm as part of the Coala R package [462, 463].
The number of underlying populations, recombination rate and mi-
gration rate were varied as described in Table 1. Each parameter com-
bination was run for 3 replicates providing 90 test datasets for anal-
ysis. Three clustering algorithms were considered in addition to the
fastbaps approach. Snapclust and hierBAPS are available as R pack-
ages and were compared with fastbaps along with the fully Bayesian

https://github.com/gtonkinhill/fastbaps
https://github.com/gtonkinhill/fastbaps
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Structure algorithm [32, 70, 407, 484]. Snapclust was run in parallel
with the number of underlying clusters, K, varied between 2 and 30.
The best fitting model was then chosen using either the Bayesian In-
formation Criterion (BIC) or the Akaike Information Criterion (AIC).
HierBAPS was run with 50 initial clusters. Finally, Structure was run
with the no admixture model with 100,000 burn in iterations and
500,000 sampled iterations with 3 separate starting conditions. The
run with highest likelihood was kept. The underlying number of clus-
ters was fixed to the simulated K when running Structure to obtain
a result in a reasonable amount of time, which nevertheless gives the
method an unrealistic advantage against the alternatives which are
fast enough to identify K. We implement a number of strategies to
validate our clustering approach and demonstrate its ability to gen-
erate biologically informative clusters. That is clusters that identify
broad population structure that allow us to divide large datasets into
smaller related subsets for further investigation or to use as a covari-
ate in phenotype association studies. We show that similar to pre-
vious programs our clustering approach is able to retrieve the true
clusters from simulated data whilst maintaining a considerable ad-
vantage in terms of speed. We compare our algorithm to alterna-
tive approaches that solve similar problems such as phylogeny re-
construction using Fasttree and dimension reduction using UMAP.
We show that our results are consistent with these algorithms whilst
using a parametric model of population structure which provides ad-
ditional insight over clustering on the outputs of either Fasttree or
UMAP alone. In addition, using the outputs of Fasttree we compare
our algorithm with other competing approaches over a wide range
of real world datasets using a distance function which accounts for
both within-cluster and between-cluster similarity, penalising solu-
tions that achieve a high within-cluster similarity by producing a
large number of very tightly connected clusters. Finally, to investigate
our results on the large HIV dataset we consider the concordance of
our inferred clusters with the geography and sub-type of the HIV pol
genes considered. In summary, our comparisons aimed to provide a
wide range of biologically relevant scenarios where the statistical and
computational choices made in the different methods may result in bi-
ologically relevant variation in the data partitions and thus enable an
assessment of the general applicability and robustness of a particular
method. To compare the simulated populations with those inferred
by the different clustering algorithms, we used the Fowlkes-Mallows
index [176]. This accounts for both false positives and false negatives
in determining the similarity between two clusterings and is defined
as

FM =

√
TP

TP + FP
TP

TP + FN
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Parameter Value(s)

Number of replicates 3

Number of demes (clusters) 5, 10, 15, 20, 25

Deme level population size 100

Sequence length 100,000

Mutation rate 0.01

Recombination rate 10, 100

Migration rate 0.001, 0.01, 0.02

Proportion of population sampled 0.1

Table 1: Parameters used to simulate genetic population structure using
scrm [463]

Here TP is the number of pairs of individuals that appear together
in both clusterings, FP is the number that appear together in the in-
ferred clusters but not the simulated and FN are those pairs that orig-
inated from the same population in the simulated data but are sepa-
rated in the inferred clusters. Thus a clustering that perfectly matches
the simulation with receive a Fowlkes-Mallows index of 1.

To compare with real data, six bacterial and two viral datasets were
considered. The sets were chosen to cover a diverse range of patho-
gen species. The bacterial sets included the enteric bacteria Escherichia
coli, the gram negative respiratory pathogen Haemophilus influenzae,
as well as the firmicutes Streptococcus pneumoniae, Listeria monocyto-
genes and Staphylococcus aureus [1, 71, 270, 275, 291]. The two viral
datasets comprised a subset of sequences from the recent Ebola out-
break as well as a global dataset of over 110,000 HIV partial pol genes
(positions 1-1497) obtained from the Los Alamos HIV Database [141,
316], with associated metadata on subtype and country of sampling.
A summary of the size of each dataset is given in Table 2. As there
is no gold standard truth set for the real datasets we instead chose
to compare the inferred clusters with a phylogeny built using Fast-
tree v2.1.10 [406]. Here, we counted the number of pairs of isolates
within each cluster that were inconsistent with the phylogeny in that
there was an isolate belonging to another cluster within the clade rep-
resenting their most recent common ancestor. These were considered
‘false positives’. This count was then divided by the total number of
possible pairs within each cluster to give an indication of the error
rate of the clustering (assuming the phylogeny to be correct). As the
number of possible pairs increases with cluster size, this approach
appropriately penalises clustering solutions with too many clusters.
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Dataset
Number

of

sequences

Number

of sites
Reference

E. coli 1508 241750 Kallonen et al. 2017

H. influenzae 75 113605 Koelman et al. 2017

L. monocytogenes 128 150759 Kremer et al. 2017

N. meningitidis 882 87730 Lees et al. 2017

S. aureus 284 50104 Aanensen et al. 2016

S. pneumoniae 3156 392524 Chewapreecha et al. 2014

Ebola 1610 2279 Dudas et al. 2017

HIV 118091 1497 http://www.hiv.lanl.gov

Table 2: The datasets used in the comparison of different clustering methods.
The HIV and pneumococcal datasets were only compared with k-
means and fastbaps as they are too large for other model based
methods.

2.3 results

2.3.1 Simulations show that fastbaps cluster accuracy is the same as previ-
ous methods

In order to compare with different methods we made use of simula-
tions where the true clustering solution was known. The Structure,
hierBAPS, snapclust and fastbaps algorithms all achieved similar lev-
els of accuracy on the simulated datasets (Figure 2). As expected, an
increase in the migration rate between the simulated demes led to a
subsequent decrease in the ability of the methods to accurately iden-
tify the underlying population structure. Additionally, a lower recom-
bination rate led to poorer results, which is probably due to the algo-
rithms correctly identifying additional phylogenetic structure within
each cluster. Snapclust using AIC to select K as well as the fastbaps
algorithm with the optimised BAPS prior achieved the best results
over the simulated datasets. hierBAPS achieved a similar level of ac-
curacy to the fastbaps algorithms using both the original (unscaled)
BAPS prior as well as the optimised symmetric prior. Structure and
Snapclust with BIC performed worst over the simulations. This was
despite the MCMC chains of each Structure run showing good con-
vergence characteristics. A closer investigation of the Structure results
indicated that it tended to allocate empty clusters despite being given
the correct K. This suggests that both Snapclust with BIC and Struc-
ture tend to be overly conservative in estimating the number of un-
derlying clusters K.
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Figure 2: Violin plot indicating the Fowlkes-Mallows distance between the
simulated clusters and those inferred by the different algorithms.
Results for two distinct recombination rates are shown (10 and
100) as well as four different migration rates. The underlying num-
ber of clusters varied between 5-25. The plot indicates that as the
migration rate increases the accuracy of the algorithm falls. Addi-
tionally, a lower recombination rate leads to lower accuracy, which
is likely due to the algorithms identifying additional population
structure within each simulated deme.
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2.3.2 Fastbaps is efficient and accurate on a diverse range of viral and
bacterial datasets

To investigate the ability of each algorithm to detect population struc-
ture in real datasets, we made use of six additional bacterial and vi-
ral datasets of varying sizes and complexity (Table 2). Figure 3 in-
dicates the resulting clusters inferred by the most promising algo-
rithms from the simulation analysis on both a Neisseria meningitidis
and Haemophilus influenzae data set. Here, we also provide compar-
isons with the prior from the original BHC algorithm and a partition
of a Fasttree phylogeny using fastbaps. On the H. influenzae dataset,
fastbaps using the optimised BAPS prior provided a clustering that
was the most consistent with the phylogeny. Both the hierBAPS and
snapclust solutions included polyphyletic clusters whilst the Bayesian
Hierarchical Clustering (BHC) population mean based prior gave a
similar result to the optimised BAPS solution. It should be noted
that the initial fast clustering step was the same for both the BHC
and optimised BAPS clusterings. The BHC prior failed to perform
adequately on the large N. meningitidis dataset. Here, the BHC prior
led to a highly partitioned solution with over 80 very small clusters.
Whilst such a high number of clusters may be valid it does not aid
in the biological interpretation of the data set, where we are gener-
ally interested in broad population structure that allows us to divide
large collections into smaller subsets that can be more closely investi-
gated or controlled for in phenotype association studies. Conversely,
the optimised BAPS prior led to a solution of similar quality to both
hierBAPS and snapclust. Uncertainty in the Fasttree phylogenies was
considered by comparing them with a bootstrapped phylogeny built
using IQTREE v1.6.5 with the results found to be very similar. In
both of these datasets the partition of the phylogeny using fastbaps
provided a solution similar to that found using the optimised BAPS
prior indicating it is an appropriate choice if a user’s goal is to simply
partition a pre-calculated phylogeny. In addition, the uncertainty in
the fastbaps clusters could be explored using the bootstrap procedure
described in Section 2.2.6.

Figure 4, summarises the results of running the algorithms on all
these data sets. The figure indicates the number of pairs of isolates
that are clustered together using the population structure algorithms
but that are inconsistent with the phylogeny. Assuming the Fasttree
phylogeny is accurate, this provides a measurement of error for each
of the runs. The fastbaps algorithm with either the optimised sym-
metric or optimised BAPS priors achieves a superior clustering on
five out of six of the datasets. On the N. meningitidis dataset the snap-
clust algorithm using the BIC model selection criteria outperforms
the other methods. The BIC model selection technique more heavily
penalises solutions with a larger number of clusters and was in the
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Tree hierBAPS snapclust AIC BHC prior optimised
BAPs prior

fastbaps
partition

a.

b.

Tree hierBAPS snapclust AIC BHC prior optimised
BAPs prior

fastbaps
partition

Figure 3: The resulting clustering inferred by hierBAPS, snapclust and fast-
baps with both the original BHC prior and the optimised BAPS
prior on both Staphylococcus aureus (a) and Neisseria meningitidis
(b). The clusters are shown in comparison to a phylogeny gener-
ated using Fasttree. The final clustering indicates a partition of the
Fasttree phylogeny using the fastbaps algorithm and thus is con-
strained to be consistent with the phylogeny.
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Figure 4: The proportion of isolate pairs that appear in the same inferred
cluster but have isolates from a separate cluster in the clade repre-
sented by their most recent common ancestor in the Fasttree phy-
logeny. This provides a indication of the error of each algorithm
assuming the phylogeny generated by Fasttree is correct. The fast-
baps algorithm using either the optimised BAPS or symmetric
prior outperforms the other methods on 5 out of 6 datasets.
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Dataset N L
fastbaps

BAPS

prior

fastbaps

optimised

BAPS

prior

fastbaps

optimised

symmetric

prior

rhierbaps snapclust
snapclust

single K

Ebola 1610 2279 9.93 16.52 16.24 11556.36 686.18 45.8

E. coli 1508 241750 282.97 1210.3 1155.3 515913.93 498433.4 15007.32

H. influenzae 75 113605 9.36 30.85 33.4 9018.08 13472.79 277.64

HIV 118091 1497 39718.89 55012.17 55067.16 NA NA NA

L. monocytogenes 128 150759 22.86 78.39 68.36 18787.03 29257.58 392.6

N. meningitidis 882 87730 77.71 278.62 283.58 110312.24 76361.75 1900.13

S. aureus 284 50104 12.18 39.82 41.26 6514.21 35322.14 212.02

S. pneumoniae 3156 392524 794.99 3822.11 3998.63 NA NA NA

Table 3: Total CPU time (seconds) of the different algorithms. Only fastbaps
was able to run in under a week for the Pneumococcal and HIV
datasets.

Dataset N L
fastbaps

BAPS

prior

fastbaps

optimised

BAPS

prior

fastbaps

optimised

symmetric

prior

rhierBAPS snapclust
snapclust

single K

Ebola 1610 2279 411.64 468.64 487.32 1102.51 519.71 498.44

E. coli 1508 241750 4290.98 4559.68 5178.42 15194.38 54714.39 45680.39

H. influenzae 75 113605 394.56 375.84 382.09 852.5 4148.99 2113.79

HIV 118091 1497 3465.45 6511.35 7409.47 NA NA NA

L. monocytogenes 128 150759 791.76 842.88 823.48 1400.69 5814.35 5194.14

N. meningitidis 882 87730 1439.4 1477.06 1382.16 4231.05 13779.11 10822.19

S. aureus 284 50104 384.85 387.04 396.44 742 3152.37 2423.9

S. pneumoniae 3156 392524 3915.3 5790.93 5710.96 NA NA NA

Table 4: Maximum memory usage of the different algorithms (Mb)

simulations shown to frequently result in too few clusters. It is un-
likely that the other methods are over-partitioning these data relative
to snapclust with BIC. Hence, the outlying result for N. meningitidis
could rather be due to inaccuracies in the Fasttree phylogeny, since
N. meningitidis has a high recombination rate.

The computational run times and maximum memory requirements
of each of the algorithms are shown in Tables 3 & 4 respectively. The
tables indicate that fastbaps often performs more than an order of
magnitude faster than snapclust and hierBAPS which themselves sig-
nificantly outperform Structure in computational efficiency [32, 282].
Part of this speed is due to the use of highly optimised sparse matrix
libraries in fastbaps. As snapclust must be run for all values of K that
are to be considered, its computational performance is directly tied
to the maximum K chosen. Here, snapclust was run for a maximum
K = 50 as this corresponded to a sensible upper bound for the E. coli
dataset. Reducing the maximum K to use would improve the timing
of the snapclust algorithm at the expense of failing to explore higher
dimension solutions. However, Table 3 indicates that the fastbaps al-
gorithm achieves a superior runtime compared with snapclust even
for a single value of K, whilst automatically determining an appro-
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Figure 5: A bar chart indicating the time complexity of the different modes
of running fastbaps. The phylogeny conditioned algorithm scales
linearly with number of samples whilst the full mode scales
quadratically. If the initial number of clusters is fixed and a sub-
quadratic initial clustering algorithm is used the method scales
sub-quadratically as indicated by the Genie mode.

priate number of clusters. Depending on the dataset, the prior opti-
misation step in fastbaps can take longer than running the complete
algorithm. Thus if a short run-time is a necessity, running the method
with a fixed prior is available as an option. Finally, if a hierarchy is
already available, either through the use of a traditional phylogeny
reconstruction algorithm such as Fasttree or via agglomerative clus-
tering a partition using the fastbaps algorithm can be achieved with
a complexity linear in the number of sequences. Fastbaps was able
to partition a phylogeny of the full HIV dataset built using Fasttree
[406] including reading in the data in 45.8 seconds. Figure 5 indicates
the running time of the different modes of fastbaps excluding loading
each data set. The phylogeny conditioned mode can be seen to scale
linearly, whilst the full fastbaps mode scales quadratically with the
number of samples. Genie is a sub-quadratic hierarchical clustering
method and by fixing the number of initial clusters Figure 5 indicates
we are able to achieve a sub-quadratic clustering algorithm. However,
as the initial number of sub-clusters is fixed this mode would be most
useful in cases where the user expected a large amount of redundancy
in the data set.

2.3.3 Fastbaps accurately clusters previously intractable viral and bacterial
datasets containing thousands of samples

To investigate the performance of fastbaps on very large datasets, we
analysed a dataset of over 110, 000 HIV partial pol genes downloaded
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from the Los Alamos National Laboratories HIV Sequence Database
(http://www.hiv.lanl.gov). The large number of sequences in this
set presents a significant challenge to most model-based techniques
as determining even the range of values of K is not straightforward.
Additionally, we investigated the success of the algorithm on over
3, 100 pneumococcal genomes from the Maela refugee camp in Thai-
land [71]. Whilst this dataset has fewer genomes, the large number
of variable sites (284,194) makes this dataset very challenging for all
current methods.

Figure 6 illustrates the resulting clusters inferred by fastbaps us-
ing the optimised BAPS prior on both the pneumococcal and HIV
datasets. We made use of the UMAP dimensionality reduction method
as implemented in the umap-learn python package to project the
isolates onto a 2D plane [346]. UMAP is a non-linear dimension-
ality reduction technique that has been shown to perform well on
large biological datasets including visualizing large genetic popula-
tion datasets as well as in the analysis of single cell RNAseq data
[26, 125]. As the other model based-methods considered here were
unable to produce results on either of these datasets in under a week,
we compared the resulting clusters to those inferred using k-means.
We used both the K identified by fastbaps as well as the K found us-
ing the ‘elbow method’ [255] when running the k-means algorithm.
Figure 6a indicates that fastbaps mostly corresponds with the group-
ings formed in the UMAP projection. The visualization also demon-
strates the utility of investigating the variability of the level of clonal-
ity across the clusters, as the layout of some clusters is more scattered
spatially, reflecting the varying influence of recombination on the re-
latedness of pneumococcal strains. Whilst the k-means algorithm us-
ing the fastbaps inferred K (K = 79), provides a similar result, the
K inferred using the elbow method leads to many inferred clusters
being separated across the projection (Figure 8a). This highlights the
advantages of using model-based techniques when investigating ge-
netic datasets.

The fastbaps algorithm provides a cleaner clustering of the HIV
dataset as seen in Figure 6b. The large group of isolates in the centre
of the UMAP projection has been assigned to one cluster. Conversely,
k-means is unable to distinguish this group, and instead partitions
it into many smaller overlapping clusters (Figure 8b). Similar to the
pneumococcal dataset, when the lower value of K identified using the
elbow method is used (K = 21), the resulting clusters are separated
out over the UMAP projection.

As HIV is highly recombinant, comparing the clustering of such
a large global dataset to a phylogeny is unlikely to be informative.
Instead, to further investigate the quality of the fastbaps clustering
we examined the HIV subtype composition (inferred using a variety
of methods, and including circulating recombinant forms as well as

http://www.hiv.lanl.gov
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Figure 6: (a) A UMAP projection of over 3,100 pneumococcal genomes from
Maela Thailand. The points are labeled and coloured by the clus-
ter inferred using fastbaps with the optimised BAPS prior. In gen-
eral the labeling appears to agree with the grouping observed in
the UMAP projection. (b) Over 110,000 HIV-1 pol gene sequences
from the Los Alamos public database. Sequences are coloured by
their fastbaps inferred cluster. The large red cluster in the center
contrasts with the noisy clustering observed using k-means (Fig-
ure 8b).
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Figure 7: (a) Violin plots indicating the proportion of each inferred cluster
that make up its most dominant subtype. Cluster size is repre-
sented by the size of a point and the width of the violin plot is
proportional to the total number of clusters inferred. The fastbaps
algorithm with the optimised BAPS prior provides a clustering
that is most consistent with the underlying HIV subtypes whilst
not overly segmenting the dataset. (b)) Violin plots indicating the
proportion of each inferred cluster that make up its most dominant
country. Interestingly, the fastbaps approach is able to provide clus-
ters that are more consistent with the underlying geography than
alternative approaches such as k-means.
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Figure 8: a) A UMAP plot of Pneumococcal isolates coloured and numbered
by their inferred clustering using k-means with the number of un-
derlying clusters found using the elbow method (k = 48). (b) A
UMAP plot of HIV isolates coloured by their inferred clustering
using k-means with the number of underlying clusters matching
that found using fastbaps (k = 193)
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non-recombinant subtypes) as well as the distribution of the countries
of origin of the isolates found in each cluster. Figure 7 indicates the
proportion of each cluster that was dominated by a single subtype or
any of its recombinant forms. Thus a cluster that is composed entirely
of one subtype will have a proportion of 1. The figure indicates that
despite having the same number of clusters as k-means, the fastbaps
algorithm with both the optimised BAPS and optimised symmetric
prior identifies larger clusters of purely one subtype.

This suggests the algorithm is identifying legitimate clusters within
the dataset without over-partitioning the data. A similar compari-
son was made to investigate the proportion of each cluster that was
dominated by a single country. Figure 7 indicates that fastbaps pro-
vides clusters that are more consistent with the underlying geography
where as the k-means is dominated by many clusters that comprise
isolates from many countries. Fastbaps was also used to partition a
phylogeny. The resulting clustering produced a larger number of clus-
ters due to the restriction of the phylogeny but the resulting clusters
were more consistent by subtype and geography than those inferred
using k-means.

2.4 discussion

Finding clusters of related sequences present in a genetic alignment
is a critical first step for many genetic and ecological analyses, al-
lowing targeted sub-analysis and determination of the structure of
the population when external classifications are not present. Model-
based clustering methods are attractive due to their ability to hier-
archically find highly specific clusters, estimate meaningful cluster-
ing parameters incorporating uncertainties, compare different model
fits and produce probabilities of cluster assignment. Typical cohort
sizes now range between thousands and tens of thousands of sam-
ples, growing even larger if combined with previous cohorts. How-
ever, the ability of methods to fit a clustering model to these align-
ments has not increased in step with these increases in alignment
size [32, 484], with even modestly sized datasets requiring gene-by-
gene or distance based approaches to determine clusters [250, 290,
537]. Model-based approaches have also proved impractical in surveil-
lance settings, where the continuous addition of small numbers of
new sequences would require refitting the entire model. By leverag-
ing ideas from both the Bayesian Hierarchical Clustering [217] and
the hierBAPS [70] algorithms, along with a fast sparse matrix based
implementation, fastbaps enables efficient model-based clustering of
large alignments that were previously infeasible to analyse using ex-
isting methods. Our approach enjoys all of the advantages inherent
in model-based approaches and can produce comparable or higher
quality clusters than previous methods. Additionally, our algorithm
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is able to rapidly partition pre-computed phylogenies. This provides
an attractive alternative approach for clustering genetic data when a
phylogeny is available. The significant acceleration of inference pro-
vided by fastbaps enables the use of bootstrap replicates, allowing for
the sensitivity of the resulting clusters to the alignment to be inves-
tigated in manner that has traditionally not been possible for model-
based clustering methods on large alignments. We verified our new
approach by comparing its performance with other algorithms on
both simulated data and eight real datasets. We show that as well
as a considerable increase in the speed of the algorithm, we are able
to achieve comparable accuracy, often outperforming previous model-
based approaches. The speed of our new approach allowed us to clus-
ter a large HIV sequence dataset containing over 100,000 sequences.
The resulting clusters have higher concordance with HIV subtypes
and geography than an alternative approach using k-means, whilst
providing a principled method for selecting the underlying number
of clusters; a major limitation of k-means. Whilst our method en-
ables the clustering of very large alignments, its complexity is still
tied to the initial hierarchy generation and thus is O(n2) or possi-
bly O(nlog(n)) if single linkage hierarchical clustering is used. After
the initial hierarchy is generated, the remaining Bayesian hierarchical
clustering is of the order O(lm2) where m is the number of clusters
generated in the first stage and l is the number of variable sites. Thus,
in the future, as alignments begin to comprise tens of millions of se-
quences, additional improvements will need to be explored. Possible
options include exploring the randomised extension to the BHC al-
gorithm [256] or other machine learning based approaches such as
those based on matrix decomposition [527]. Fastbaps therefore offers
two new ways to rapidly find high-quality clusters from a genetic
alignment or phylogeny. The significant speed increase our software
provides over previous approaches enables fitting a clustering model
to previously intractable large alignments, and has the potential to
allow continuous model refitting in surveillance settings. Fastbaps is
provided as an open source package with a clearly documented inter-
face.
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3.1 background

Prokaryotic genome evolution is driven by both the transfer of ge-
netic material vertically from parent to offspring as well as by hor-
izontal gene transfer between organisms [204]. Large population se-
quencing studies of bacteria have confirmed that this results in large
scale differences in intraspecies genome content [228]. This has led to
the description of the pangenome, the set of all genes that have been
found in a species as a whole [349]. Within the pangenome, genes
are often then described as being part of the ‘core’ genome, the set
of genes present in all members of a species, or the non-core (‘acces-
sory’) genome. Throughout this chapter we refer to the problem of
correctly identifying all the gene families that are present in a collec-
tion of annotated assemblies interchangeably as both inferring and
determining the pangenome.

A common problem when inferring the pangenome of bacterial
genomic datasets is the classification of homologous genes, usually
defined by a percentage shared sequence identity, into either orthol-
ogous or paralogous clusters. Orthologs trace their most recent com-
mon ancestor to a speciation event whereas paralogs trace their most
recent common ancestor to a gene duplication event. When analysing
bacterial pangenomes we are often interested in identifying paralogs
as genes with near identical sequence that may perform a different
function or be under differential regulation at different locations in
the genome. Many programs for pangenome analysis therefore use
location information to further identify paralogs, as well as xenologs
which occur when gene duplications are acquired through horizontal
gene transfer.

43
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Previous approaches which aid in the inference of the pangenome
of a collection of bacterial isolates include Roary, OrthoMCL, PanOCT,
PIRATE, PanX, PGAP, COGsoft, MultiParanoid, PPanGGoLiN and
MetaPGN [24, 133, 175, 185, 276, 302, 390, 394, 539]. The majority of
methods for determining the pangenome tend to make use of one of
two similar approaches (see Figure 9). Most start by inferring similar-
ity between predefined gene sequences using a homology search tool
such as CD-HIT, BLAST or DIAMOND [6, 49, 304]. Using this output
a pairwise distance matrix is created and genes are then clustered
into orthologous groups using either the popular Markov Clustering
algorithm (MCL) or by looking at triangles of pairwise best hits (BeTs)
[151, 474]. A subset of these methods then use gene adjacency infor-
mation to build a graphical representation of the pangenome. This
graph is then used to further split orthologous clusters into paralogs.
Roary, PIRATE, PPanGGoLiN and MetaPGN also provide this graph-
ical representation as an output file. A final step of some pipelines
is to classify the resulting clusters into core and accessory categories
based upon their prevalence within the data set. This is usually done
using predefined thresholds, however, more recently, model based ex-
tensions to this approach have been suggested [185].

As bacterial genomic population studies have grown larger there
has not been a corresponding increase in genome annotation accu-
racy or genome assembly contiguity. Thus as these databases have
grown, so has the number of erroneous gene annotations. This can
have profound implications for the resulting estimates of the number
of gene families present, whereby a higher number genomes leads
to a higher number of errors [122, 434]. Such errors can cause dif-
ficulties in any downstream modelling of the pangenome, such as
the modelling of negative frequency-dependent selection (NFDS) act-
ing through the loci in the accessory genome [86, 347]. Errors can
be introduced into pangenome analyses by fragmented assemblies,
mis-annotation, contamination and mis-assembly. Denton et al., have
shown that fragmented assemblies were the major cause of inflated
gene numbers in draft eukaryotic genomes [122]. Whilst errors often
lead to inflations in the estimates of the size of the accessory genome
they can also lead to missing genes when the annotation software fails
to identify a gene or where the gene is fragmented by a break in the
assembly, which reduces the estimated size of the core genome. Many
current pangenome inference algorithms have not been subjected to
rigorous verification using simulated data. Consequently, their abil-
ity to deal with the errors occurring in the initial genome annotations
has received limited attention.

In this chapter, we present an alternative approach to inferring the
pangenome, Panaroo, which makes use of a graph based algorithm to
share information between genomes, allowing us to correct for many
of the sources of annotation error. Panaroo leverages the additional
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Figure 9: A comparison of the pipelines used by different pangenome anal-
ysis tools.
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information provided by each genome in a dataset to improve anno-
tation calls, and as a result, the clustering of orthologs and paralogs
within the pangenome. The package also provides a number of pre-
and post-analysis scripts, allowing integrated data quality control,
gene association analysis, and for the comparison of pangenomes
between species. As Panaroo constructs a full graph representation
of the pangenome, we are able to investigate structural variations
within the resulting graph, allowing for associations between struc-
tural variations and phenotypes to be called. We demonstrate the
success of the algorithm through extensive simulation using the In-
finitely Many Genes model [21] and by analysing a diverse array of
large bacterial genomic datasets including the major clades of the
Global Pneumococcal Sequencing (GPS) project [190]. We compare
the output of Panaroo with the previous gold standard methods for
analysing the pangenome and show that Panaroo produces superior
ortholog clusters, often leading to both significant reductions in the
size of the estimated accessory genome and increases in the size of
the core genome.

3.2 methods

3.2.1 Panaroo algorithm

The Panaroo algorithm builds a graphical representation of the pan-
genome where nodes are genes and edges connect nodes if two genes
appear adjacent to one another on at least one contig. The algorithm
then uses this initial graph structure to perform a number of cleaning
steps which correct for many of the problems encountered in genome
annotation. Panaroo accepts annotated assemblies in GFF3 format as
output by the popular annotation pipeline Prokka [443]. Unlike simi-
lar pangenome software, Panaroo attempts to preserve the full global
context of each gene in the graph. This is in contrast to other pro-
grams such as Roary [24, 276, 390] which uses only the local context
surrounding genes to build the graph.

3.2.2 Initial graph creation

To first build the graph, Panaroo runs CD-HIT (v4.8.1) at a high
sequence identity threshold (98%) [304]. The resulting clusters are
then either classified as non-paralogous gene clusters, if they con-
tain at most one instance of each genome, or paralogous clusters if
they contain more than one gene from any single genome. Initially,
non-paralogous gene clusters are represented by a single node in the
graph whilst paralogous clusters are split into a single node for every
occurrence of that cluster in the dataset. For instance, if a paralogous
gene appears twice in two genomes and once in another, the initial
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graph will contain five nodes representing that paralog. The graph
is then built by connecting cluster nodes with edges between them if
the two clusters appear adjacent to one another on any contig. Paral-
ogous nodes are collapsed back into the maximum number of nodes
in which those genes appear in a single genome using the global con-
text of the graph. In the above example, this would result in the final
graph having two instances of the paralog node.

3.2.3 Contig ends

Fragmented assemblies can cause issues for gene annotation soft-
ware, whereby genes are often mis-annotated near contig breaks [122].
These spurious annotations appear as short paths of low support
edges and nodes that end in a node of degree one that splits off from
the main graph. To deal with this, Panaroo recursively removes nodes
of degree one that are below a given support threshold as indicated
in Figure 10.

3.2.4 Contamination

Contigs originating from sample contamination are generally signif-
icantly diverged from the target species pangenome. Thus, contami-
nating contigs tend to appear as disconnected components from the
main graph with low support. To remove these, Panaroo uses the
same approach as described for contig ends to recursively delete
low supported nodes with less than or equal to one degree (see
Figure 10). This approach has the advantage of retaining rare genes
which are present in the main graph whilst removing likely contam-
inants. Whilst this has in general been found to be very successful it
can occasionally lead to rare plasmids being removed. We have found
that the benefits of removing unwanted noise far exceed the small loss
in sensitivity that this approach provides. However, we also provide
three settings for the algorithm with the most sensitive retaining such
rare calls which can be useful when one is interested in rare plasmids.

3.2.5 Mistranslation correction

Many annotation algorithms rely on an initial training phase where
their parameters are adapted to the dataset at hand [118, 119, 237]. Of-
ten this training is performed separately on each genome. This is the
case in the Prokka pipeline, which makes use of Prodigal to perform
the initial gene annotation [237, 443]. This can result in an identical
sequence being annotated differently in different genomes. To correct
for this Panaroo checks genes that are within close proximity in the
pangenome graph to determine if any are likely to be mistranslations,
frame shift mutations, or pseudogenised gene copies by comparing
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their sequence at the nucleotide level. If two gene sequence matches
at a high coverage and identity, typically 95% and 99% respectively a
mistranslation is called and the gene node with the lower support is
collapsed into the node with higher support.

3.2.6 Collapsing gene families

Gene families diversify at different rates due to the influence of posi-
tive and purifying selection. This makes choosing a strict sequence
identity threshold for defining orthologous clusters difficult. Most
pangenome analysis software rely on either a pairwise sequence iden-
tity or BLAST e-value threshold. This reliance can lead to both over
clustering, where separate gene families are incorrectly merged, and
over splitting where a single gene family is incorrectly split into sev-
eral smaller clusters. Many approaches attempt to deal with the for-
mer of these problems by utilising contextual information to split
apart clusters that have different gene neighbourhoods [175, 390].
More recently, alternatives that make use of clustering at lower thresh-
olds followed by more involved splitting techniques have been pro-
posed [24, 133]. As an alternative to these approaches we extend the
idea of using gene context to the over splitting problem. Panaroo
utilises gene contextual information to collapse diverse gene fami-
lies that have been incorrectly split into multiple clusters during the
initial pangenome graph creation. Initial gene clusters that share a
common neighbour in the graph are compared at a lower pairwise se-
quence threshold (default 70%). If they fall within this threshold the
two nodes are collapsed and the resulting node is annotated to indi-
cate it consists of a more diverse family. We have found that utilising
this additional contextual information leads to more robust clusters.

3.2.7 Identifying missing genes

Previous pangenome clustering software tools are unable to identify
missing annotations. Gene annotations can be lost due to variabil-
ity in model training, fragmented assemblies and mis-assemblies. Pa-
naroo remedies this issue by identifying pairs of nodes in the pan-
genome graph where one node is present in a genome and its neigh-
bour is not. The potentially missing node is then searched for in the
sequence surrounding the neighbouring node. If a match of sufficient
coverage and identity is found, the graph is corrected to include an
annotation for this missing gene in that genome. The alignment tool
edlib (v1.3.4) is used to perform these searches which enables mil-
lions of checks in a reasonable time frame [461].
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3.2.8 Thresholds

Panaroo uses a number of predefined thresholds to construct the pan-
genome graph. These can all be adjusted by the user but we provide a
number of modes for common use cases. In the ‘strict’ mode Panaroo
takes a more aggressive approach to contamination and erroneous
annotation removal. This is most useful when investigating genomes
where rare plasmids are not expected or when phylogenetic param-
eters such as gene gain and loss rates are of interest. In these cases
erroneous gene clusters can quickly dominate the estimated parame-
ters. In its ‘sensitive’ mode Panaroo does not remove any gene clus-
ters. This is useful if a researcher is interested in rare plasmids which
may be hard to distinguish from contamination. When running Pana-
roo in sensitive mode it is important to be aware of the possibility of
a higher number of erroneous clusters. In the following analyses we
run Panaroo in both its ‘strict’ and ‘sensitive’ modes with Panaroo
generally outperforming all other tools even without contamination
removal in the ‘sensitive’ mode.

3.2.9 Input and output

Panaroo takes annotated assemblies in GFF3 format as input and gen-
erates a variety of output formats including a fully annotated graph
in GML format for viewing in Cytoscape or other graph visualisation
software [447]. Each gene node and edge is annotated with the gen-
omes to which it belongs as well as the gene annotations given by
Prokka, gene sequence and whether or not the node has been classi-
fied as being a paralog. This graph format provides a valuable tool
for visually inspecting the results of Panaroo. As Panaroo attempts to
build the full pangenome graph rather than only using local context,
this graph is able to provide insights hidden in many of the outputs of
similar tools such as Roary [390]. To allow for simple integration with
existing bioinformatics pipelines Panaroo also outputs many of the
same file formats as Roary. This includes the same gene presence/ab-
sence file format as well as core and accessory genome alignments
created using either MAFFT, Prank or Clustal Omega [257, 318, 451].
Panaroo interfaces easily with many other pangenome analysis pack-
ages including the latest version of pyseer allowing for associations
between phenotypes and gene presence/absence as well as structural
variation in the graph to be investigated [289].

3.2.10 Structural variation

As Panaroo constructs the full pangenome graph, it is possible to go
beyond gene presence/absence and look at the underlying structure
of the graph. To facilitate the analysis of this structure, Panaroo gen-
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erates a gene triplet presence/absence matrix, indicating when three
genes are present in a path along a genome. This is demonstrated in
Figure 16a and the resulting presence/absence matrix can be used
in association studies to investigate differences in rearrangements be-
tween genomes in a species. The context of each triplet can then be
analysed by looking at the full graph in Cytoscape.

3.2.11 Pre- and post-processing

To aid in the quality control of input data as well as in the analysis
of the resulting homologous gene clusters we have created a num-
ber of pre and post processing scripts for analysing pangenomes. We
have included a wrapper for the popular Mash and Mash screen al-
gorithms which generates diagnostic plots for quality control prior to
running the Panaroo pipeline [387, 388]. These plots include a Mul-
tidimensional scaling (MDS) projection of pairwise Mash distances,
interactive bar charts to investigate contamination, as well as gene
and contig counts.

In addition we have included post processing scripts for estimat-
ing gene gain and loss rates using both the infinitely many genes
(IMG) model [22, 531] and the finitely many genes (FMG) model of
[133, 531]. These are preferable to the common practice of plotting
accumulation curves to indicate pangenome size as they account for
the diversity and timescale of the sampled isolates. This allows for a
clearer comparison between the pangenomes of different species or
clades. Panaroo also includes an implementation of the Spydrpick al-
gorithm which allows for the identification of gene presence/absence
patterns that are either highly correlated or anti-correlated whilst ac-
counting for population structure [395]. Such correlations can indicate
that the genes involved have epistatic effects on fitness or that their
presence or absence is a result of similar selective pressures. Finally,
the output of Panaroo seamlessly interfaces with pyseer (v1.3.0), a
bacterial GWAS package [289, 293]. Pyseer includes a wide range of
methods for performing association studies allowing for phenotypic
associations to be found with gene or structural presence/absence
patterns.

3.2.12 Simulation and method comparison

Using the E. coli reference genome ASM584v2 as a starting point, we
simulated variation in the accessory genome by varying the rates of
gene gain and loss using a phylogeny simulated with the Kingman
coalescent in dendropy (v4.4.0) [470]. In addition, we simulated vari-
ous degrees of sequence variation by varying the within gene codon
substitution rate. Three replicate datasets of 100 sampled genomes
were created for each set of model parameters outlined in Table 5. Re-



3.3 results 51

Gain/Loss Ratio Mutation Rate Source of Error

0.1 1.00E-14 NA

1 1.00E-14 NA

10 1.00E-14 NA

10 1.00E-15 NA

10 1.00E-16 NA

10 1.00E-14 Fragmentation

10 1.00E-14 Contamination with S. epidermidis

Table 5: Parameters used to simulate pangenomes using the Infinitely Many
Genes model.

alistic sequence assemblies were generated by first simulating NGS
sequencing reads using either Mason (v2.0.9) or ART (v2.5.8) [229,
231]. These were assembled using SPAdes (v3.13.0) [17]. The result-
ing assemblies were annotated using Prokka (v1.13.3) with a custom
BLAST database containing the correctly assigned proteins from the
simulation prior to assembly. This extensive simulation pipeline pro-
vided more realistic data and included many of the sources of er-
ror encountered in pangenome analyses. To simulate the problems
that fragmentation can bring to the analysis of pangenomes we also
simulated a fragmented assembly by breaking the simulated whole
genomes into fragments prior to simulating the NGS reads. This
resulted in highly fragmented final assemblies. Contamination was
also simulated by randomly adding 10kb segments of the S. epider-
midis reference genome ASM764v1 a common lab contaminant to the
simulated genomes prior to NGS simulation. These segments were
added by sampling from a Poisson distribution with mean 1. The
gene presence/absence matrix was then generated for PanX (v1.5.1),
Roary (v1.007002), PIRATE (v1.0), COGsoft (v201204), PPanGGoLiN
(v1.1.72) and Panaroo (v1.0.0). These were compared with the sim-
ulated matrix and the number of inferred orthologous clusters that
contained an error was counted and is shown in Figure 13.

3.3 results

3.3.1 Analysis of a Mycobacterium tuberculosis outbreak in London

To assess the effectiveness of Panaroo and the impact of annotation
errors on other pangenome inference methods we analysed a large
outbreak of highly clonal, isoniazid resistant Mycobacterium tubercu-
losis in London [57]. M. tuberculosis exhibits a very low mutation
rate and is understood to have a ‘closed’ pangenome. Due to the
short timescale of the outbreak, the maximum pairwise SNP distance
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Figure 10: a.) An overview conceptualizing the problem with current gene
annotation methods and the stages Panaroo uses to correct for
annotation errors. b.) Expanded specific stages in the process. i.)
Contamination appears in the graph as poorly supported com-
ponents. In the default mode, Panaroo removes contamination
by recursively removing poorly supported nodes of degree 1. ii.)
Genes are often mis-annotated near contig breaks [122]. Pana-
roo corrects such mis-annotations by recursively removing poorly
supported nodes of degree 1. iii.) Panaroo corrects cases where
the same DNA sequence has been translated in multiple read-
ing frames into a single gene by clustering concomitant genes at
the DNA level. iv.) Panaroo uses context and a lower clustering
threshold to combine diverse gene families into a single gene. v.)
Annotation algorithms may predict a gene in some but not all
samples, even when the samples share exactly the same DNA se-
quence. Panaroo finds missing genes by searching for the gene
sequence in the surrounding DNA.
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within this dataset was 9. As we would expect to find no pangenome
variation, this dataset provides a useful control to compare the differ-
ent pangenome tools.

We ran each of the pangenome inference methods on all 413 M. tu-
berculosis genome assemblies after first annotating them using Prokka
[443]. Panaroo identified both the highest number of core genes and
the smallest accessory genome (Figure 11), consistent with the es-
tablished biology of M. tuberculosis and a highly clonal dataset [79,
192]. In contrast, PanX, PIRATE, PPanGGoLiN, COGsoft and Roary
all reported inflated accessory genomes ranging in size from 2584 to
3670 genes representing a nearly ten-fold increase to that reported
by Panaroo. In its default mode PPanGGoLiN reported over 10,000

gene clusters giving it the highest error rate. However, this reduced
to 7,131 after enabling the –defrag parameter. We thus ran PPanG-
GoLiN using this parameter in all analyses. The small number of
accessory genes that Panaroo did predict mostly consisted of core
genes where the algorithm was unable to refind the genes in a subset
of the assemblies. The majority of the difference between the meth-
ods was driven by genes being fragmented during assembly ( 59%).
A smaller subset of genes were only called in a small minority of the
isolates despite the underlying sequence being nearly identical ( 10%).
Whilst some of these differences could be due to frame shifts in the
PE/PPE genes, 27.9% of the isolates were indistinguishable with only
one isolate being more than 5 SNPs from this major clone. We found
that the majority of the difference was due to the annotation algo-
rithm optimising for each isolate individually, leading to inconsistent
gene calls. However Panaroo’s consensus approach helps to resolve
these discrepancies. The magnitude of the difference observed in this
dataset suggests that failing to account for annotation errors can have
profound impacts on the resulting estimates of the pangenome.

An alternative to correcting gene annotations is to perform strict
quality control checks on assemblies prior to running pangenome in-
ference tools. For very highly contaminated assemblies or those of
very low quality this can be the best option and Panaroo includes
a quality control pre-processing script for this purpose. However, in
many cases low level contamination and fragmented assemblies are
common and thus filtering out assemblies with minor errors can lead
to large data losses. In large collections even very low annotation
error rates will eventually compound pangenome inference results.
To investigate such a strategy on the M. tuberculosis dataset we ran
CheckM, which is a common assembly quality control pipeline [391].
CheckM produces completeness and contamination scores by using
a reference gene data set to compare with assemblies. The resulting
scores on the M. tuberculosis dataset are given in Figure 12. As we
know this data set should contain highly similar assemblies it is pos-
sible to identify a number of problematic genomes with slightly lower
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Figure 11: Pangenome counts for 413 Mycobacterium tuberculosis genomes
from an outbreak in London [57]. The maximum pairwise SNP
distance between these isolates was 9, suggesting extremely lim-
ited variation. Consequently, we would expect a very limited ac-
cessory genome and a core genome of approximately 4000 genes.
All tools with the exception of Panaroo found in excess of 2500

accessory genes, which can be attributed to annotation errors.

completeness scores. If we were to remove these genomes it would re-
sult in a loss of 12% of the data set which could potentially have a
large impact on downstream analysis. Instead, using Panaroo we are
able to retain these assemblies whilst controlling the error rate.

3.3.2 Performance on simulated populations

To further assess the ability of the different methods to identify the
correct gene presence/absence matrix, we simulated pangenomes us-
ing the E. coli reference genome ASM584v2 (accession number NC000913)
and the Infinitely Many Genes model [21, 83]. To more accurately
simulate the kind of errors that typical annotation pipelines produce,
we simulated short read assemblies from these pangenomes using
Mason, ART and SPADES [17, 229, 231]. We conducted five simple
and two more complicated simulations, each with three replicates (Ta-
ble 5). In the simple simulations, the gene gain/loss rate was varied
with lower rates corresponding to a larger core genome and smaller
accessory genome, whereas higher rates corresponded to a larger ac-
cessory genome. The mutation rate of the accessory genome was also
varied. In addition, we simulated two more complicated datasets, one
of which had an increased level of fragmentation of the assembly by
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Figure 12: Completeness (a.) and contamamination (b.) results after running
the CheckM pipeline on the 413 M. tuberculosis genomes

fragmenting the input genome prior to the NGS simulation. This re-
sulted in a mean N50 of 23,112. The second more complex simulation
included contamination by randomly adding in short fragments of
the S. epidermidis reference genome, which is a common contaminant.
The more complicated simulations represent data sets with unusu-
ally high error rates but help to clarify the large impact that these
sources of error can have on pangenome inference as was previously
demonstrated in the analysis of the highly clonal M. tuberculosis data
set.

Figure 13a indicates the number of gene clusters which contained
errors for each of the scenarios. Such errors included genes that were
missing, incorrectly annotated or had incorrectly clustered together.
Most methods performed fairly well when applied to the output
from the simple simulation. All methods include some errors due to
genes never being annotated except in the original reference. As each
method relied on the same input files this was consistent between
methods.

For the simple simulations, PanX and Panaroo produced the fewest
errors, followed by PIRATE, Roary, PPanGGoLin and COGsoft. Roary
was the most sensitive method to the substitution rate, with higher
rates leading to more errors. This can be attributed to its reliance
on a strict BLAST e-value threshold. COGsoft gave variable results,
performing poorly on pangenomes with larger accessories suggesting
it may over collapse genes. This interpretation was further supported
in our analysis of a diverse K. pneumoniae dataset (see Section 3.3.3).

Whilst most methods were able to perform adequately on relatively
error-free simulated data, the introduction of more realistic signifi-
cant sources of annotation error had a large impact. Figure 13b indi-
cates the resulting error counts after simulating both contamination
and highly fragmented assemblies. Here, the importance of Panaroo’s
multiple annotation error correction approaches becomes apparent.
As expected, when small amounts of contaminating S. epidermidis
DNA were added to the simulated NGS data all methods except Pa-
naroo and COGsoft incorrectly called a larger accessory genome. This
is due to their inability to account for and remove contaminating con-
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tigs. In contrast, Panaroo achieved error rates similar to that found
for the clean assemblies. As expected Panaroo’s sensitive mode did
not correct for the additional contamination as potential contamina-
tion is not removed in this mode. COGsoft had a similar number of
total errors to the other programs but rather than calling a larger ac-
cessory genome tended to incorrectly merge the contamination with
other genes.

The highly fragmented assemblies led to the largest error rates in
each pangenome analysis tool. Fragmentation can lead to gene an-
notation software such as Prokka miscalling genes near the ends of
contigs. It can also impact on the consistency of the training step in
some annotation algorithms. This resulted in a large increase in the
estimated accessory genome size for all methods except Panaroo. Sim-
ilarly, miscalling can lead to genes being left unannotated resulting in
smaller estimates of the core genome. In both cases Panaroo’s error
correction and refinding steps were able to accurately recover the true
pangenome, while PanX, COGsoft, PIRATE, PPanGGoLiN and Roary
all produced nearly an order of magnitude higher error rates. Whilst
Panaroo’s sensitive mode produced far cleaner results than the other
tools the fact that it does not delete clusters prevents it from removing
some spurious annotations. These results mirror that observed in the
analysis of the highly clonal M. tuberculosis outbreak, helping to con-
firm the impact that such errors can have on pangenome estimates.

3.3.3 A diverse Klebsiella pneumoniae collection

We then went on to compare each method on a more complex real
dataset – 328 globally sourced K. pneumoniae genomes from both hu-
man and animal hosts [228]. K. pneumoniae is a highly diverse gram-
negative bacterium that can colonise both plants and animals and has
previously been found to have a large pangenome [228]. The high re-
combination rate and often multiple plasmids per bacterium compli-
cates analysis of the K. pneumoniae pangenome. Nine of the 328 iso-
lates were identified as outliers by the Panaroo quality control script
due to the number of contigs or number of genes they contained (see
Figure 14). These isolates were removed before running each algo-
rithm. Figure 4a indicates the resulting total, core and accessory gene
counts inferred by each method, using the 99% presence threshold
for core genes as used in Roary [390].

As species such as K. pneumoniae are known to have many rare plas-
mids which are difficult to distinguish from contamination, Panaroo’s
sensitive mode is of particular relevance here. Panaroo identified the
highest number of core genes in both its default and sensitive modes,
3372 and 3376 respectively. Hence for these genomes there was only
a minor difference in the estimated core between the two pipeline op-
tions. Roary identified the smallest core genome of 1800 genes. Given
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Figure 13: Error counts for the different algorithms after comparing with
simulated data on different scenarios. Accessory genome infla-
tion refers to the number of erroneous clusters that do not corre-
spond to any simulated gene cluster. Missing genes refer to false
negative gene calls where the annotation is not present in the final
pangenome. Even in simulations of pangenome variation from a
single E. coli reference with only relatively simple sources of error,
a), panaroo outperforms other methods across a variety of gene
gain/loss rates and mutation rates. In more realistic simulations
of sequencing data, b), the only method with reasonable control
of the error rate is panaroo.
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Figure 14: (a) Multi Dimensional Scaling (MDS) plot of pairwise mash dis-
tances between isolates in the global K. penumoniae dataset. (b &
c) Boxplots indicating the number of contigs and genes in each of
the K. pneumoniae assemblies.
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the result of the simulations, this is likely due to gene clusters being
incorrectly split into multiple smaller clusters, as the default Roary
pairwise identity threshold of 95% is too stringent for such a diverse
dataset. PIRATE relaxes the strict threshold required in Roary and
it identified a similar number of core genes to Panaroo (3318) but a
smaller number of accessory genes than both the Panaroo (sensitive)
and PanX methods which agreed more closely with the original esti-
mates in Holt et al. [228].

Whilst there is no gold standard with which to compare these re-
sults, we can look at the gene annotations within clusters to identify
cases where a gene cluster contains multiple different annotations,
which would suggest separate gene clusters have been incorrectly
merged. Figure 15b indicates the number of conflicting annotations
in the clusters of each method. As gene fragments and genes anno-
tated as “hypothetical” are often the result of errors and thus can
have erroneous annotations, we did not consider conflicts that in-
volved these. Panaroo in both its default and sensitive modes had the
lowest number of conflicting annotations. PPanGGoLiN had the sec-
ond lowest number whilst COGsoft recorded the highest number of
conflicts which is consistent with the tendency of its method to over-
cluster genes. The lower number of conflicting annotations found by
PPanGGoLiN is consistent with it favouring splitting gene clusters
over merging them as we found earlier. Overall, Panaroo identified a
larger core genome and fewer conflicting annotations than any other
method showing that its error correction approach is also suitable for
diverse datasets of highly recombinogenic bacteria.

3.3.4 Pangenome association analysis with Pyseer

Panaroo provides a number of outputs as well as post processing
scripts for analysing the cleaned pangenome graph. Panaroo out-
puts both a gene presence/absence matrix as well as structural vari-
ation presence/absence matrix that can be used as input to pyseer
or Scoary for association analyses [48, 289]. We refer the the gene
presence-absence and structural variant association pipelines as pan-
GWAS and sv-pan-GWAS respectively. Panaroo generates structural
variation calls by identifying distinct consecutive triplets of gene fam-
ilies in the graph that describe different paths through a node (see
Figure 16a). As larger insertion and deletion events will only be rep-
resented once in the structural presence/absence matrix rather than
repeatedly for each gene, this approach increases the power of such
association analyses. The approach also identifies associations with
large structural re-arrangements although these are often more diffi-
cult to interpret. Once a significant association between a gene triplet
and a phenotype of interest have been identified, the context of the
structural rearrangement can be investigated manually by interrogat-
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Figure 15: (a) the estimated pangenome, core and accessory sizes from the
different algorithms in the global K. pneumoniae dataset. (b) The
number of conflicting gene annotations in the inferred clusters of
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ing the pangenome graph in Cytoscape [447]. Panaroo is only able
to call large structural rearrangements that result in genes being re-
located within the genome. Finer scale structural variants are better
called using assembly graph based approaches such as Cortex [242].

To verify the pangenome associations pipelines, we investigated the
Euro-GASP collection of 1054 N. gonorrhoeae isolates collected from
20 countries across Europe from September to November 2013 [208].
The minimum inhibitory concentrations (MICs) evalutated for seven
antibiotics in the original study were used along with the outputs of
Panaroo as input to pyseer [289].

The pan-GWAS pipeline identified 67 genes with significant asso-
ciations to elevated MIC values (adjusted p-value 6 0.05 ). These
included an uncharacterised ABC transporter (group_464), for peni-
cillin resistance. ABC transporters are known to function as efflux
pumps providing a resistance mechanism to ribosome-targeting an-
timicrobials [510].

Using the same MIC values the sv-pan-GWAS pipline identified
138 triplets with significant associations with resistance (adjusted p-
value 6 0.05). These included many linked with known mobile ele-
ments included phage-associated, transposase, or pilin genes. The full
list of significant genes and tripets can be found in the supplementary
material of Tonkin-Hill et al., [485].

Four triplets were linked with either the insertion or deletion of
the gene cluster ‘group_1138’, a transmembrane protein. Insertion of
this protein was associated with ceftriaxone resistance. Efflux and
permeability have been suggested as potentially playing a role in the
resistance of N. gonorrhoeae to ceftriaxone although the exact mech-
anism is not well understood [194]. The sv-pan-gwas approach was
also able to identify that a common plasmid present in 430 of the N.
gonorrhoeae genomes actually consisted of a family of several related
plasmids. While these plasmids tend to include very similar sets of
genes, one version (highlighted in red in Figure 16b) is associated
with susceptibility to tetracycline treatment. The alternative versions
include the gene cluster ‘group_1999’, a tetM tetracycline resistance
gene which explains the differences in the resistance profiles and sug-
gests that multiple versions of this plasmid with differing resistance
profile are circulating within Europe. These results demonstrate the
benefits of the sv-pan-GWAS method.

3.3.5 Pangenome evolutionary dynamics

The higher accuracy obtained by Panaroo allows for the comparison
of gene gain and loss rates between lineages and species as well as the
more accurate inference of pangenome size. Whilst it is common prac-
tice to plot gene accumulation curves in the analysis of pangenomes,
these are not robust to errors and fail to account for sampling biases
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Figure 16: a) A diagram indicating how gene triplets are called in the graph.
A single genome can only pass through a node once; thus, vari-
ations in the arrangement of genes in different genomes can be
called using triplets. These triplets are summarised as a binary
presence absence matrix. b) A family of related plasmids present
in the N. gonorrhoeae pangenome gene network. The path high-
lighted in red contained 4 structural variant gene triplets signif-
icantly negatively associated with tetracycline resistance, or as-
sociated with tetracycline susceptibility by a structural variant
pan-GWAS (all adjusted p-value < 0.05 ). The gene highlighted
in yellow, group_1999, was found to be a tetM resistance gene.
c) A subsection of the N. gonorrhoeae pangenome gene network
of the region surrounding gene group_1138. The presence of
gene triplets (group_771-group_1002-group_1138) and (group_-
1131-group_795-group_1138) is positively associated with tetracy-
cline resistance while the triplets (group_1002-group_795-group_-
1131) and (group_771-group_1002-group_795) are negatively as-
sociated with tetracycline resistance (all adjusted p-value < 0.05).
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and population structure. Thus, accumulation curves should not be
used to compare pangenome characteristics of different lineages or
species. Recently, a number of phylogenetically informed methods
for investigating pangenome dynamics have been published, includ-
ing the Infinitely Many Genes (IMG) model and the Finitely Many
Genes (FMG) model [21, 22, 133]. Both of these approaches account
for the diversity of the sample and have been implemented as post-
processing scripts in Panaroo.

To demonstrate the utility of using the corrected pangenome graph
to infer gene gain/loss rates and pangenome size, we used the FMG
model to investigate 51 of the major Global Pneumococcal Sequence
Clusters (GPSCs) for which reliable dated phylogenies could be con-
structed [190]. The major clades of the pneumococcus have distinct
accessory gene profiles [98]. We ran Panaroo on each GPSC separately
and used the resulting gene presence/absence matrix with the corre-
sponding dated phylogeny to infer gene gain and loss rates for each
cluster. We compared the inferred parameters with other variables
of interest calculated by Gladstone et al. [190], including the inferred
recombination rate (r/m), odds ratio of invasive disease and the num-
ber of distinct serotypes for each cluster. We found that the estimated
effective pangenome size correlated positively with the recombina-
tion rate of a cluster (Spearman correlation coefficient 0.53, p<0.001)
and the number of serotypes present in the cluster (Spearman coeffi-
cient 0.51, p=0.001). This is consistent with biological understanding
of the genome diversification and gives confidence to our results, as
a higher recombination rate would allow for a clade to more easily
gain and lose genes, including serotype-defining gene clusters, re-
sulting in a larger pangenome. Interestingly, GPSCs that have lower
gene gain rates were more likely to have a significant odds ratio for
invasive disease (p=0.04)(see Figure 17). The association with gene
loss rate was weaker, although the effect was in the same direction
(p=0.08). Genome reduction has previously been associated with in-
creasingly obligate interactions with the host in multiple unrelated
bacterial pathogens [368].

3.3.6 Computational performance

Panaroo uses a similar level of computational resources to competing
methods. Figure 18 7 indicates the memory and cpu time required for
the analysis of 10, 100 and 1000 N. gonorrhoeae isolates subsampled
from the Euro-GASP collection. PanX and COGsoft used the most
resources with COGsoft not completing the largest dataset in under
a week. Roary, PIRATE and Panaroo all performed similarly.
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Figure 17: The inferred gene gain and loss rates of each of the 51 major
clades of the Global Pneumococcal Sequencing project plotted
above the respective log odds ratio of invasive disease in that
clade. Clades which had significant odds ratios in Gladstone et al.
[190] are represented in dark yellow.

3.4 discussion

Annotation errors, fragmented assemblies and contamination repre-
sent a major challenge for pangenome analysis. We have designed Pa-
naroo to tackle these challenges using a sophisticated framework for
error-correction that leverages information across strains through a
population graph-based pangenome representation. Using both sim-
ulations and well-characterised real world datasets, we demonstrated
that many commonly used methods greatly inflated the size of the ac-
cessory genome while reducing the estimated size of the core genome.
In contrast, Panaroo exhibited far lower error rates and reconstructed
highly accurate core and accessory genomes for simulated datasets
that included contamination and genome fragmentation. Analysis of
both a highly conserved M. tuberculosis dataset and a highly diverse
K. pneumoniae dataset indicated that Panaroo provides superior solu-
tions in challenging real world population genomics applications.

Panaroo also includes a number of pre- and post-processing scripts
for the analysis of bacterial pangenomes that assist in quality control
of the input data and facilitate down-stream processing of the pan-
genome. We used the Panaroo pre-processing QC scripts to identify
nine K. pneumoniae samples that were outliers based on the number
of contigs or genes and excluded these samples from our analysis.
We recommend that such pre-processing QC be carried out on all
datasets to identify potentially erroneous samples.

We used the output from Panaroo as input to pyseer to run pan-
GWAS and sv-pan-GWAS analyses on N. gonorrhoeae. Through this
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approach, we identified a deletion in the genome of N. gonorrhoeae
in a large European collection that confers resistance to tetracycline.
We demonstrated the utility of Panaroo to disentangle highly similar
genetic structures through identification of a plasmid family in N.
gonorrhoeae (Figure 16c). By combining this high resolution picture
with structural variant pan-GWAS we identified that some members
of this plasmid family carry tetracycline resistance and were able to
accurately determine the tetM gene as the cause of resistance.

As part of the Panaroo package, we include implementations of
recently proposed pangenome evolution models, which are more ap-
propriate than the more frequently used gene accumulation curves.
We demonstrated the effectiveness of such methods through the anal-
ysis of the 51 major GPSCs where we observed an association be-
tween recombination rate and pangenome size (Figure 17). We also
identified an association between pneumococcal clade invasiveness
and gene gain rate.

Panaroo is written in python (versions 3.6+) and is available under
the open source MIT licence from https://github.com/gtonkinhill/panaroo.
Taking gene annotation errors into account is vital to recover an accu-
rate pangenome, something previous methods have struggled to do
in a systematic manner. Panaroo uses gene adjacency in a population-
graph to provide a fast method for pangenome analysis, which is
robust to a wide range of error sources. In the future, we plan to fur-
ther improve the computational performance of Panaroo to allow it
to scale to datasets involving hundreds of thousands or millions of
genomes. We will also extend the post-processing tools available to
analyse the resulting pangenome graph.
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Jukka Corander, Simon Frost and Stephen Bentley supervised this
work. The adaptation of the TransPhylo algorithm to endemic dis-
ease was implemented with suggestions from Caroline Colijn. Caro-
line Colijn, Yuanwei Xu and Xavier Didelot have since implemented
a version of the TransPhylo algorithm that allows parameters to be
shared between different phylogenies.

4.1 background

The tracking of infectious disease through a population has histor-
ically been dominated by epidemiological methods such as contact
tracing and case counting. One of the best-known examples of the
tracking of transmission is from the nineteenth century when John
Snow mapped the location of cholera cases to identify the source of
an outbreak as contaminated water from the Broad Street pump in
the Soho district of London. More recently, by leveraging pathogen
genetic sequence data, it is possible to build a more detailed pic-
ture of transmission and to disentangle transmission patterns that
are obscured when only epidemiological data are available [209]. Pre-
viously, transmission networks were inferred from detailed contact
tracing information. While this approach is still highly informative,
person to person contact information is not always readily available.
Additionally, contact information alone cannot always differentiate
between transmission patterns such as those seen in person to per-
son transmission versus zoonotic transmission. Previous genotyping
methods including multilocus sequence typing report genetic varia-
tion at a small number of sites resulting in limited temporal reso-
lution to distiguish transmission chains. As whole-genome sequenc-
ing has become more affordable, near-real-time analysis of pathogen
transmission is starting to become routine [64]. One of the first ex-
amples of the use of whole-genome sequencing in studying bacterial
transmission at a clinically relevant time-scale involved the analysis
of methicillin-resistant Staphylococcus aureus (MRSA) in a neonatal in-
tensive care unit [274]. Here, WGS allowed for the identification of
direct transmission, including one previously unidentified transmis-
sion event. Additionally, the WGS clearly distinguished those cases in-
volved in the outbreak from similar infections occurring through alter-
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native transmission routes. To date, the increased resolution provided
by genomic data has often been more valuable in ruling out potential
transmission scenarios rather than in identifying complete transmis-
sion networks. Although there undoubtedly exist new opportunities
for unravelling past and future transmission networks, there are still
many methodological challenges plaguing who-infected-whom stud-
ies. Biased sequence sampling, population structure, genetic recombi-
nation, within-host evolution and multiple infection can all affect the
accuracy of inferred transmission networks [182].

Unlike the previous chapters, this chapter is split into three sec-
tions that describe three general strategies for transmission inference
using genomic data. In each section we detail novel extensions to
existing methods including a new approach to the analysis of deep
sequencing data. We start by concentrating on pairwise genetic dis-
tance based methods that rely on WGS of single genomes. Next, we
consider methods that attempt to infer the full transmission network
and describe adaptations to an existing algorithm which leads to im-
proved results when applied to transmission in endemic disease. Fi-
nally, we describe the limitations of relying only on a single genome
per host and suggest a novel approach for inferring the direction of
transmission using deep WGS to account for the genetic diversity of
pathogens within the host.

4.2 pairwise transmission inference

One of the simplest and most commonly used methods for identi-
fying transmission links using genomic data is to count the number
of single nucleotide polymorphisms (SNPs) that separate two gen-
omes. Depending on the pathogen species being considered a SNP
distance threshold is often used to either include or exclude the pos-
sibility of a direct transmission between the respective hosts. Due to
the high variability in evolutionary rates and genome sizes of dif-
ferent pathogens, SNP threshold approaches provide vastly different
temporal resolutions depending upon the pathogen [56]. The very
low evolutionary rate in M. tuberculosis often leads to many identi-
cal genomes even when an outbreak spans a number of years [57].
In this case, distinguishing direct from indirect transmission can be
impossible without the aid of additional high quality epidemiolog-
ical information. Instead, in these scenarios, genome sequencing is
used to exclude the possibility of direct transmission. This can help
to identify the number of independent introductions of a pathogen
into a population, which can be highly informative for the public
health response. A recent example of this is the use of genomics to
identify the number of independent introductions of SARS-COV-2
into the United Kingdom, Australia and New Zealand in 2020 [186,
403, 444]. Here, using genomics, public health officials were able to ex-
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clude the possibility of ongoing transmissions within the Australian
and New Zealand populations and instead identified failures in hotel
quarantine as the source of novel outbreaks of COVID-19 [186, 444].
In contrast to the relatively slow evolutionary rate of M. tuberculosis,
some bacterial pathogens evolve at rates that can be more informa-
tive for identifying recent transmissions. A notable example is MRSA.
With an evolutionary rate of approximately 1 core genome SNP every
6 weeks, WGS has been effectively used to track transmission of the
clinical important bacterial pathogen within hospitals [209, 274].

4.2.1 Calculating SNP distance matrices

Multiple sequence alignments (MSA) of genomes from a single patho-
gen species typically consist of many alignment columns which are
highly conserved. This is particularly the case when analysing out-
breaks of highly similar genomes. The low sequence divergence in
many bacterial core genes also leads to conserved columns in core
genome MSAs. The majority of existing tools for calculating pairwise
SNP distance compare each position in each genome of an MSA se-
quentially [41, 442]. Thus, a naive pairwise distance calculation of
100 genomes with an MSA length of 1000 positions would lead to
∼ 9.9× 106 nucleotide comparisons. However, due to the high level
of sequence conservation the vast majority of these comparisons are
often redundant.

The need to perform sparse matrix algebra is a common theme in
scientific computing and has led to the development of efficient al-
gorithms and libraries for the computation of sparse matrix addition,
subtraction and multiplication. By only considering sites in an MSA
that differ from the consensus we can represent an MSA as a sparse
matrix. This allows for the efficient calculation of pairwise SNP dis-
tances.

Let M be a matrix indicating the alleles that differ from the con-
sensus in a MSA. Thus, an MSA with 100 genomes and an alignment
1000 nucleotides in length will lead to a sparse matrix M with 100

rows and 1000 columns. If genome i differs from the consensus at
position j and has the allele a then Mij = a. Let Ik be a binary matrix
such that

Iki,j =

1 if Mij = k

0 otherwise
(1)
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Using this notation, a symmetric matrix indicating the number of
shared non-consensus SNPs between every two genomes can be cal-
culated as

S = IaI
T
a + IcI

T
c + IgI

T
g + ItI

T
t (2)

To account for the total number of non-consensus alleles in each
genome we construct the matrix P

Pij =
∑
∀l

∑
k∈{a,c,g,t}

Iki,l +
∑
∀l

∑
k∈{a,c,g,t}

Ikj,l (3)

To avoid double counting differences in alleles at the same location
in the alignment we construct the matrix Q as

Q =

 ∑
k∈{a,c,g,t}

Ik

 ∑
k∈{a,c,g,t}

Ik

T (4)

The pairwise distance matrix can then be given by

D = P−Q− S (5)

This approach was implemented in the package ‘pairsnp’ in c++,
python and R for the convenience of users and is available at https:
//github.com/gtonkinhill/pairsnp/. A small extension to this ap-
proach allows for the consideration of missing or unknown sites which
we include by default in the implementation. Figure 19 indicates that
the sparse approach implemented in pairsnp substantially improves
the time it takes to find all pairwise SNP distances in a large align-
ment of 3156 pneumococcal genomes [71]. The implementation is able
to take advantage of additional cpu cores further increasing the speed
at which results can be achieved.

4.2.2 Transcluster

While SNP distance methods are simple to use and can provide im-
portant insights when investigating pathogen transmission, the choice
of an appropriate distance threshold is often difficult. By only consid-
ering genetic distance these methods ignore other epidemiological in-
formation including the times at which the samples were taken. Tran-
scluster, a recent extension to the common SNP distance approach
helps to address this issue [468]. Instead of reporting genetic dis-
tance, the algorithm attempts to infer the distribution of the number
of intermediate hosts separating two infections. This is achieved by

https://github.com/gtonkinhill/pairsnp/
https://github.com/gtonkinhill/pairsnp/
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Figure 19: A barchart indicating the time required to calculate all 9.96 mil-
lion pairwise distances of 3156 pneumococcal genomes from
Chewapreecha et al., 2014.

considering the time between samples, the evolutionary rate of the
pathogen and the average time between successive infections (gener-
ation time). We provide a brief description of this approach as well as
a small extension that improves the scalability of method allowing to
be applied to datasets comprising over 100,000 sequences.

Let N be the SNP distance separating two genomes and δ the time
difference between when the samples were taken. We would like to
estimate h + δ, the total time along both lines of descent between
the MRCA and the two sample times. The number of SNPs per unit
time can be modelled as a Poisson process with evolutionary rate λ.
We first decompose N such that N = Nh +Nδ where Nh represents
the number of SNPs that accumulated before sampling the first case
and Nδ accounts for any SNPs that accumulated in the subsequently
sampled case after the initial sample has been taken (see Figure 20).

Without this restriction Nδ would be Poisson distributed with pa-
rameter λδ. After conditioning on the fact that the number of SNPs
Nδ can not be greater than the total number of SNPs observed (0 6
Nδ 6 N) we get the distribution of Nδ as

P(Nδ|δ) =

(
e−λδ(λδ)Nδ

F(Nδ)

)
(6)

where F is the CDF, F(Nδ) =
∑Nδ
i=0 e

−λδ(λδ)i/i!
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?

Sample 1

Sample 2

Time

Figure 20: A diagram describing the parameters used in the Transcluster
algorithm. δ indicates the time between samples while h indi-
cates the total time along both lines of descent from the MRCA to
the time the first sample was taken. Thus, the time between the
MRCA and the first sample is h/2.

We now consider Nh, the number of SNPs accumulated prior to
sampling. This can be modelled as a Poisson process with rate λ and
thus the waiting time until the Nhth SNP as described in Stimson et
al., [468], can be given by

λNhhNh−1e−λh

(Nh − 1)!
(7)

As we know that Nh SNPs have already accumulated we are inter-
ested in the waiting time for the (Nh + 1)th SNP. Thus we can write
the likelihood of h given Nh as

L(h|Nh) =
λNh+1hNhe−λh

Nh!
(8)

To find the likelihood h given N and δ we sum over all possible
values of Nδ as

L(h|N, δ) =
N∑
i=0

L(h|i, δ)P((N− i)|δ) (9)

which can be expanded as

L(h|N, δ) =
e−λ(h+δ)λN+1

F(N)

N∑
i=0

hiδN−i

i!(N− i)!
(10)
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Given h and δ, we now assume that the generation time (the time
between transmission events) is parameterised by β, the rate at which
the pathogen jumps to a new host. We assume β is constant result-
ing in another Poisson process for the number of intermediate hosts
between the two samples. This can be expressed as

P(k|h, δ) =
βk(h+ δ)keβ(h+δ)

k!
(11)

integrating over h gives

P(k|h, δ) =
∫∞
h=0

L(h|N, δ)P(k|h)dh (12)

this expression can be expanded as described in Stimson et al., [468],
to give

P(k|h, δ) =
e−δ(λ+β)λN+1βk

k!F(N)

∫∞
h=0

e−h(λ+β)(h+δ)k
N∑
i=0

hi
(

δN−i

i!(N− i)!

)
dh

(13)

In the original implementation of Transcluster, Equation 13 is solved
via numerical integration. Whilst this is suitable for a small number
of comparisons when dealing with a very large number of genomes
it can become a bottleneck in analysis. Instead, using integration by
parts we can express Equation 13 as

λN+1βk(n+ k)!

eδβn!k!
∑N
i=0

(λδ)i

i!

N+k∑
i=0

δN+k−i

(N+ k− i)!(λ+β)i+1
(14)

As this is a simple sum and as many of the components of this
sum will be identical when comparing multiple genome pairs we
can make use of efficient cacheing (storage) of the intermediate re-
sults. We have implemented this approach using python and cou-
pled it with pairsnp to enable analysis of very large datasets com-
prising over 100 thousand genomes. This implementation is avail-
able at https://github.com/gtonkinhill/fasttranscluster. We de-
scribe the application of this implementation in our analysis of SARS-
CoV-2 data in Part iii.

4.3 transmission network inference

Pairwise transmission inference methods are simple to interpret and
highly scalable allowing them to be applied to many thousands of
samples. However, by only considering pairwise relationships they

https://github.com/gtonkinhill/fasttranscluster
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do not leverage the polytree structure of transmission chains. A poly-
tree is a Directed Acyclic Graph (DAG) whose underlying undirected
graph is a tree in that any two vertices are connected by exactly one
path. This structure places constraints on the possible transmission
scenarios which is not present when we consider each pairwise inter-
action independently. As an example, assuming only single infections
per host, if host A infects host B which goes on to infect host C, then
host C can not have infected host A. In addition to these constraints,
reconstructing a phylogeny from sampled sequences distinguishes
between those mutations that are shared between multiple isolates
and those that are unique to a single branch of the tree. Unique, mu-
tations are more likely to be the result of sequencing errors and thus
a phylogenetic reconstruction can help to weight the importance of
different mutations in transmission inference.

Initial approaches to modelling the full transmission network using
genomic data often started with a model of transmission on top of
which a genetic model was added [528]. These approaches frequently
make significant simplifications, including assuming no within-host
evolution and that the branching times of the underlying phylogeny
coincide with transmission events.

Notable early examples of models that combined genetic and epi-
demiological data include the modelling of viral transmission in live-
stock such as avian influenza (H7N7) between poultry farms in the
Netherlands [528] and Foot-and-Mouth Disease Virus (FMDV) in the
UK [369]. In both these cases only a single sequence was modelled
per host with the former assuming that mutation only occurred at
the start of an infection. Simulation studies have shown that ignoring
within-host diversity can significantly reduce the accuracy of trans-
mission inference estimates [515, 517]. Other limitations of these ap-
proaches include their assumption of a single introduction event and
that all cases within the outbreak were observed.

The Outbreaker transmission inference R package addressed a num-
ber of these limitations including accounting for both missing cases
and multiple independent introductions of a pathogen into a popu-
lation [249]. However, this approach still assumes that evolution only
occurs during transmission and thus ignores the impact of within-
host variation. The Outbreaker2 package which superseded this ap-
proach provides a modular platform allowing users to easily specify
custom models including those that account for within-host evolution
[55].

Methods that explicitly account for within-host diversity include
those that rely on an initial timed phylogeny [128, 380] described in
more detail below, and those that jointly infer both the transmission
and phylogentic tree [115, 129, 206, 265]. While accounting for within-
host diversity, a number of these methods including the Phybreak
method of Klinkenberg et al., 2017 and the approach of Hall et al.,
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2015 again assume that all hosts have been sampled. While this may
be true in very controlled scenarios such as within hospital wards,
it is rarely the case. The fully Bayesian method SCOTTI (Structured
COalescent Transmission Tree Inference) accounts for within-host di-
versity by modelling transmission as the migration of the pathogen
between hosts. Using this framework the authors are able to account
for both missing hosts and multiple infections of the same host [115].
A limitation of the migration assumption is that SCOTTI does not
account for the transmission bottleneck and thus may be more appli-
cable to pathogens that typically have large transmission inocula.

These methods represent important steps forward in using genomic
data to inform transmission. However, a number of unresolved chal-
lenges remain. One limitation that we have yet to mention, is that the
majority of methods tend to focus on outbreaks of acute infections. A
notable exception to this is the extension of the approach of Morelli
et al., 2012 to endemic disease [365]. However, no code was provided
with this publication and similar to the original method it assumes
that each host can be represented by a single sequence.

In ‘outbreak’ scenarios all infections are generally assumed to orig-
inate from a single introduction, sampling is dense, and the number
of new cases over time is highly informative due to the short duration
of infection. By contrast, in endemic disease the pathogen is already
entrenched often with many origins of infection. High prevalence can
also lead to sparse sampling.

In this section we focus on describing the full network inference
algorithm TransPhylo [128]. In particular, we describe an extension of
the original TransPhylo algorithm of Didelot et al., 2017 to endemic
disease. We compare this adapted version to both simulated and real
data of S. pneumoniae from a refugee camp and demonstrate that ac-
counting for the different features of endemic disease can lead to
improvements in transmission inference.

4.3.1 Transphylo

The TransPhylo algorithm of Didelot et al., 2017 attempts to overlay a
transmission network onto a precalculated dated phylogeny. In con-
trast to other methods, the algorithm allows for both missing sam-
ples and crucially in the case of endemic disease, is able to account
for scenarios in which an ‘outbreak’ is ongoing. The complexity and
computational efficiency of the algorithm is improved by separating
the problem of transmission inference into the two stages of inferring
a timed phylogeny and overlaying a transmission network. This al-
lows for the approach to be used on larger datasets that are infeasible
for other ‘one-step’ Bayesian methods that jointly infer both the phy-
logeny and transmission network. However, unlike these ‘one-step’
methods TransPhylo does not incorporate uncertainty in the initial
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phylogeny. Although TransPhylo is able to account for an ongoing
and sparsely sampled outbreak the algorithm assumes that a single
source seeded the outbreak and that sampling occurs evenly over the
outbreak time period. In endemic disease, there is usually consider-
able evolutionary history within the population prior to sampling.
Thus large portions of infections near the root of phylogeny will be
unsampled, breaking the assumptions of TransPhylo (Figure 21). For
many pathogen outbreaks the generation time (the time between pri-
mary and secondary infections) is well understood such as in SARS-
CoV-2 where it is thought to be approximately one week [303]. In con-
trast, many endemic pathogens such as S. pneumoniae and M. tuber-
culosis have poorly defined generation intervals. As these pathogens
are endemic, their prevalence within a population is known more
accurately and thus the probability of sampling an infection can be
estimated. Due to the dependence between the probability of sam-
pling an infected host and the generation time of transmission, the
TransPhylo algorithm is only able to infer one parameter. The ini-
tial implementation provided in Didelot et al., 2017 only allowed for
the inference of the sampling probability. To extend the TransPhylo
algorithm to endemic disease we adapted the algorithm to estimate
the mean generation time as well as allowing for unsampled hosts at
the start of an outbreak. In the original publication of Didelot et al.,
2017 the authors describe results for both a ‘finished’ and ‘ongoing’
outbreak scenario. Here, we outline the main results of the ‘ongoing’
scenario and leave a more detailed description to the original publi-
cation.

Given a timed phylogenetic tree P the TransPhylo algorithm at-
tempts to infer the transmission tree T with underlying transmission
parameters θ and within-host population sizeNe and generation time
g modelled as one parameter Neg. The probability of these parame-
ters and the transmission tree can be separated as

P(T, θ,Neg) ∝ P(P|Neg,T)P(T|θ)P(θ)P(Neg) (15)

The algorithm assumes a stochastic branching process to model
the number of secondary infections α(k) for any infected host. This is
assumed to follow a negative binomial distribution with parameters
(r,p) such that

α(k) =

(
k+ r− 1

k

)
pk(1− p)r (16)

The generation time γ(τ) is assumed to follow a Gamma distribu-
tion with parameters (α,β) such that

γ(τ) =
1

Γ(α)βα
τα−1e−

τ
β (17)
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Similarly, the time between infection and sampling σ(τ) is assumed
to follow a Gamma distribution. A host is said to be ‘included’ if
either they or a host downstream from them in the transmission chain
is sampled otherwise they are said to be ‘excluded’. Given a uniform
sampling probability π we must account for those hosts that became
infected just prior to the cessation of sampling. Thus the probability
of sampling a host at time t given sampling stopped at time T can be
stated as

πt =

∫T−1
0

σ(τ)dτ (18)

The stopping time T also impacts on the probability a host is ex-
cluded. Let w be the probability of a host being excluded. We can
thus write the probability that an infected individual at time t is ex-
cluded as

wt = (1− πt)

∞∑
k=0

α(k)

(∫∞
0

γ(τ)wt+τdτ

)k
(19)

As we have assumed the offspring distribution to be negative bi-
nomial, we can use the generating function of the negative binomial
distribution and let w̄t =

∫∞
0 γ(τ)wt+τdτ to give wt = (1−πt)G(w̄t).

The TransPhylo algorithm approximates w̄t using numerical integra-
tion. The probability that a host has d offspring that are included can
then be written as

P(d included) =
∞∑
k=d

(
k

d

)
α(k)w̄k−dt (1− w̄t)

d (20)

which is approximated in the TransPhylo algorithm by taking the
sum to a large k.

The algorithm assumes a transmission tree T of n nodes repre-
senting infected hosts with si = 1 if host i is sampled and 0 other-
wise. The sampling times, infection times and number of included
offspring of host i are denoted by tsam

i , tinf
i and di respectively. Given

the parameters θ the probability of T can be derived using induc-
tion by considering the root ρ of the tree and the resulting subtrees
{T}j=1..dp to give

P(T|θ) =

n∏
i=1

(1− πtinf
i
)1−si(πtinf

i
σt(t

sam
i − tinf

i ))siαtinf
i
(di)

di∏
j=1

γt(t
inf
j − tinf

i )


(21)

where αt(d) =
∑∞
k=d

(
k
d

)
α(k)w̄k−dt
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To model the probability of the phylogeny P(P|T,Neg), the TransPhylo
algorithm assumes a complete bottleneck at transmission. Consequently,
the probability of the phylogeny P is equal to the product of the prob-
abilities of each subtree which given T and Neg are calculated un-
der the coalescent with constant population size [263]. Using these
definitions, the TransPhylo algorithm performs Bayesian inference
of the transmission tree T given a precalculated phylogeny. To ac-
count for the fact that the number of missing hosts is unknown the
algorithm explores the parameter space using reversible jump Monte-
Carlo Markov Chain (rjMCMC).

4.3.1.1 Adaptations to the TransPhylo algorithm

The original implementation of the Transphylo algorithm treats the
parameters of the Gamma distribution defining the generation time
as known. In many endemic pathogens such as S. pneumoniae the
generation time is poorly defined. However, due the the stable rate of
infection within communities in endemic disease it is possible to esti-
mate the probability of an infected individual is sampled π. It is not
possible to jointly infer both the parameters of the generation time
distribution (α,β) and the sampling probability π. As a result, we
adapted the algorithm to treat π as known and to instead estimate the
parameters of the Gamma distribution. To reduce the complexity of
the problem we fixed the shape parameter α = 1, which results in an
exponential distribution for the generation time. Similar to the treat-
ment of the Neg parameter we used standard Metropolis-Hastings
moves to estimate the scale parameter β with an exponential prior.

As mentioned previously the TransPhylo algorithm assumes that
sampling occurs evenly over the course of an outbreak. This is incon-
sistent with the large evolutionary history prior to sampling that is
usually present in endemic disease (Figure 21). To account for this,
we took advantage of the independence between subtrees in the phy-
logeny made possible by the assumption of a complete bottleneck.
After building a dated phylogeny of a set of samples we cut the
phylogeny at the date sampling started. This produces a number of
subtrees for which the original assumptions of the TransPhylo algo-
rithm hold. By enforcing that the parameters θ are the same across
the subtrees we can improve our statistical power to infer them ac-
curately. Thus, we adapted the TransPhylo algorithm to accept a list
of dated phylogenies as input. The same MCMC moves are used as
in the original version of the algorithm with the exception of the pro-
posal for moving events on the transmission tree T. Here, during each
MCMC move a random subtree is chosen uniformly and the original
proposal is then used to suggest a move on the corresponding sub-
transmission tree.
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4.3.1.2 Simulation

To generate realistic simulated data we created a forward simulation
algorithm by coupling both a simple stochastic susceptible-infectious-
susceptible (SIS) model to simulate a transmission network using the
Gillespie algorithm with the efficient forward genetic evolution pack-
age FFPopSim [533]. FFPopSim is written in c++ and collapses identi-
cal genotypes into clones, improving the speed and scalability of the
method which allowed us to simulate transmission networks involv-
ing hundreds of hosts whilst accounting for within-host diversity.

To simulate the underlying transmission network we assumed an
SIS model with recovery rate λ, infection rate α, total simulation time
tsim and host adjacency matrix A where 0 6 Aij 6 1, is an indication
of the strength of the contact between hosts i and j. Aij = 0 indicates
that there is no contact between the two hosts and direct transmission
can not occur. The status of each host is given by

Si =

1, if host i is infected

0, if host i is susceptible
(22)

The algorithm proceeds as outlined in the following pseudocode
where He, Ie and Te are vectors indicating the host, infector and time
of event e in the transmission chain respectively.

Algorithm 1: Stochastic SIS model
input : A, S, λ, β
output : H, I, T
e← 1

while t < tsim do
r←

∑N
i=0 α1Si=0 +

∑N
i=0 λ1Si=1

sample a single host i, w.p (α1Si=0 + λ1Si=1) /r

He ← i

Te ← t

if Si = 0 then
Si ← 1

Ie ← sample a host j uniformly, where Sj = 1 and j 6= i
else

Si ← 0

Ie ← NA
end
t← t+ τ where τ ∼ Exp(r)
e← e+ 1

end

Given a network generated using the stochastic SIS model, we sim-
ulate the genetic evolution of the underlying pathogen population us-
ing FFPopSim. This is a discrete time forward simulation and thus the
time steps between successive generations of the pathogen is given as
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Sampling
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Adapted TransPhyloTransPhylo
Attempts to infer 
transmission 
network and 
parameters based on 
the entire tree
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Shares parameters between 
subtrees during the MCMC 
run

Figure 21: A diagram indicating the difference between the original
TransPhylo approach and the adapted method. After cutting at
the date sampling started, transmission chains are simultane-
ously inferred on the resulting sub-trees by sharing the inferred
model parameters.

input. Similar to the coalescent simulation the mean bottleneck size,
sample size, evolutionary rate, recombination rate and within-host
population size are also given to the algorithm. Due to the differ-
ences between coalescent and forward simulation the population size
parameters are not directly comparable.

4.3.1.3 The Maela S. pneumoniae dataset

To investigate the algorithm’s ability to infer transmission in real data
we clustered 3, 085 genomes from a major genomic carriage study
of S. pneumoniae in the Maela refugee camp in Thailand [71]. Clus-
tering was performed using the hierBAPS algorithm resulting in 36

major clusters [70]. For each cluster a phylogeny was constructed us-
ing fasttree2 after first removing recombination with Gubbins [104,
406]. The phylogenies were dated using the ‘node.dating’ function in
the R package ‘ape’ which implements a fast maximum likelihood
method similar to the approach described by Felenstein (1981) [165,
251]. These phylogenies were then cut at the date sampling started in
2007. The resulting parameter estimates could be compared to previ-
ous studies of S. pneumoniae carriage and transmission. As household
location data was available for the majority of the sampled genomes
within the refugee camp the inferred transmission links could also be
compared with household geographic distance.

4.3.2 Results

4.3.2.1 Simulations

Initially, we compared the results of TransPhylo, SCOTTI, Outbreaker2

and the adapted TransPhylo algorithm with simulated data. We sim-
ulated a simplified situation similar to the Maela camp based on an
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SIS model, using FFPopSim to model the within-host diversity. The
mean carriage duration was drawn from an exponential distribution
with a mean of eight weeks. A genome size of 1, 000nt was simulated
with each host having a carrying capacity of 1,000 genomes. Recombi-
nation was not simulated and the mutation rate was set separately to
5.3, 20 and 100 mutations per genome per year, with a reproduction
generation time of one hour. A transmission rate of 0.2 transmissions
per week was used. The simulation was run without sampling for the
equivalent of one year in order for the system to reach equilibrium.
Samples were then taken at one week time steps in the simulation
over a six month interval. At each time step an infected host was
sampled with probability 0.05.

To compare the results of running the methods on simulated data
we calculated the transmission distance between each simulated sam-
ple. Transmission distance is the number of intermediate hosts be-
tween two samples. Thus, in a direct transmission between two hosts
the transmission distance will be zero. As indicated in Figure 22, Out-
breaker2 performed worst, which can be attributed to its inability to
model within-host diversity. The adapted TransPhylo algorithm per-
formed the best out of all four methods tested. It should be noted that
SCOTTI performed well without customisation. However, its running
time was an order of magnitude longer than the TransPhylo methods.
Interestingly, SCOTTI struggled with very low mutation rates, which
could be due to issues with convergence of the MCMC.

4.3.2.2 Transmission of S. pneumoniae in a refugee camp

The adapted TransPhylo algorithm was then applied to each major
cluster from the WGS Maela data set of [71], after first clustering us-
ing hierBAPS [70]. Re was set to 1 by specifying appropriate param-
eters for the offspring distribution. The mean time between infection
and sampling was set to 2 weeks as samples were collected monthly.
The mean epidemiological generation was inferred from the data after
fixing the probability of sampling an infected individual to the pro-
portion of children under 5 that were sampled in the camp. Figure 23

indicates the distribution of close transmission (< 5 inferred interme-
diate hosts) with respect to geographic distance between the homes
of the sampled patients. The high concentration of close transmis-
sions at short geographic distances suggests the algorithm is work-
ing. A transmission distance of < 5 was chosen as it corresponded to
a peak in the distribution of transmission distances. This threshold
corresponds with a SNP distance of approximately 10 SNPs which is
similar to previous studies [56]. Finally, the inferred mean epidemi-
ological generation time for each major BAPS cluster is shown in
Figure 24. The majority of clusters have a mean generation time of
approximately 2 months which is consistent with a uniform transmis-
sion rate over previous estimates of carriage duration [287]. Clusters
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Figure 22: The results of running SCOTTI, Outbreaker 2, TransPhylo and the
adapted TransPhylo algorithm on simulated data. The inferred
transmission distance between samples (number of intermediate
infections) is compared to the simulated results. The adapted al-
gorithm performs best. However, SCOTTI performs well without
modification except for lower mutation rates. This could be an is-
sue with convergence of the MCMC. The TransPhylo based meth-
ods were significantly faster than SCOTTI.



4.4 transmission inference with deep sequencing 83

close transmission pairs

all pairs

0 1 2 3

0

25

50

75

0

25

50

75

distance between households (Km)

C
ou

nt

Figure 23: A comparison between the distribution of all pairwise geographic
distances in the Maela data set and those found to be within
a transmission distance of 5 intermediate hosts. The high con-
centration of inferred transmission at short geographic distances
suggests the method is working.

15, 23 and 31 have very high estimates for the mean generation time.
These clusters were found to have poor temporal signal which could
explain the discrepancy. The results suggest the adapted TransPhylo
algorithm was a suitable choice for identifying transmissions. The re-
sulting close transmission links were used to aid in the selection of
samples for the large deep sequencing pneumococcal study described
in Part ii.

4.4 transmission inference with deep sequencing

To this point, we have concentrated on methods that rely on a sin-
gle pathogen genomes per infection for modelling transmission. Fig-
ure 25 indicates the valuable additional resolution that information
on within-host genetic diversity can provide for the inference of trans-
mission. Given a phylogeny built from single genomes from three
infected hosts, there are five possible transmission scenarios that are
concordant with the tree. Given sufficient within-host diversity we
can determine the true transmission chain by obtaining additional
pathogen genomes from each of the hosts. Obtaining multiple gen-
omes per infection can be prohibitively expensive. Instead, many stud-
ies attempt to gain information on within-host diversity by pooling
pathogen genetic data from a sample and using deep sequencing
to obtain a high level of coverage across the genome. This allows
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Figure 24: Boxplots indicating the distribution of the inferred mean epidemi-
ological generation time of each BAPs cluster. Clusters 15, 23, and
31 had poor temporal signal which could have impacted the re-
sults.

for the identification of heterozygous nucleotide base calls at posi-
tions within the genome which provide an indication of the diversity
present within the host. Generally, short read sequencing is used in
these studies which represents an additional challenge as the genetic
linkage between loci in the genome is obscured.

One of the simplest methods for inferring putative transmission
links using deep sequencing data is to consider the number of shared
variants between two samples. By taking the consensus at each site
along the genome, a consensus SNP distance can also be calculated
to supplement the information provided by minority variants [516].
This approach is sometimes referred to as shared variant clustering
(SVC) and has been used to investigate outbreaks of both Ebola and
M. tuberculosis [330, 516]. In the analysis of an M. tuberculosis outbreak
amongst the Canadian inuit population, deep sequencing was able to
identify a novel ‘super-spreader’ thought to have infected 17 others
[286]. While such within-host distance based methods have been ef-
fective they retain many of the limitations of SNP distance based ap-
proaches. The lack of a realistic model of pathogen evolution limits
the resolution of the method and as distance based approaches are
usually symmetric they are unable to identify the direction of trans-
mission.

As an alternative, De Maio and colleagues proposed a Bayesian
model of transmission (BadTrIP) [114]. The approach relies on a poly-
morphism aware phylogenetic model (PoMo) that describes the evo-
lution of the pathogen population within each host and assumes that
sites within the genome are unlinked [112]. The model based ap-
proach incorporates both the signal provided by within-host variants
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a.)

b.)

c.)

Figure 25: (a) The figure indicates a phylogney built from three genomes
sampled from separate hosts. (b) The five possible transmission
scenarios concordant with (a) are indicated by colouring the phy-
logeny by the host in which that stage of the branch occurred in.
(c) Additional genomes from each host indicate the nested rela-
tionship between hosts from different genomes allowing for the
direction of transmission to be determined.
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and allows for multiple samples per host. It is able to incorporate
additional epidemiological data such as exposure and sampling time
information. Consequently, the method is able to estimate both the
direction of transmission as well as the timing of transmission events.
It also provides estimates of the within-host evolutionary rate and
the transmission bottleneck size. A limitation of the approach is its
assumption that all cases within the transmission chain have been
sampled or are at least known. The algorithm is also computationally
expensive as it attempts to infer the full transmission chain which
limits its application to datasets with less than 100 samples [114]. As
such, it is not well suited to the analysis of large sparsely sampled
datasets from an endemic pathogen.

In contrast to the BadTrIP algorithm which assumes alleles are un-
linked, PHYLOSCANNER is an alternative algorithm, which investi-
gates windows within the genomes that can be entirely spanned by se-
quencing reads [523]. By building phylogenies within these windows
the algorithm is able to combine the phylogenetic signal between win-
dows to give an estimate of the underlying transmission network.
PHYLOSCANNER is able to account for multiple infections and con-
tamination in pre-filtering steps. Unlike BadTrIP, PHYLOSCANNER
does not make use of sample times and does not provide an estimate
of the transmission bottleneck size. The window based approach has
proven to be effective in the analysis of HIV transmission chains
where the long carriage duration and high within-host evolution-
ary rate lead to many phylogenetically informative windows, even
within the length of a single read [417]. However, in order to build
a phylogeny within a window multiple variant sites must be present.
When considering large bacterial genomes with lower evolutionary
rates this is unlikely to be the case given short read data [56].

4.4.1 A simulation based alternative

Many of the simplifying assumptions made by the methods described
so far are motivated by the complexity of modelling transmission
using short read deep sequencing data. This makes defining an ac-
curate statistical model and calculating the corresponding likelihood
difficult. In many cases, even when the likelihood function can be
defined its calculation is intractable. In contrast, it is generally much
easy to create realistic simulations of transmission that account for
within-host diversity. As a result we explored the application of re-
cent advances in simulation based liklihood-free inference techniques
to the problem of inferring transmission using deep sequencing data.
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4.4.2 Likelihood-free inference

Problems in a diverse range of fields including astronomy, ecology,
epidemiology and genetics are often best modelled via simulation.
Despite this, the probability density that they implicitly define is fre-
quently intractable. This has led to the development of techniques
that rely on simulation to develop a surrogate for the likelihood func-
tion. The most common strategy for likelihood-free inference is ap-
proximate Bayesian computation (ABC) [475]. While many variations
of ABC exist, they typically rely on comparing simulations to data
via a distance function. The ABC rejection algorithm is one of the
simplest versions. It starts by sampling simulation parameters from a
prior distribution. A simulation is then run and the summary statis-
tics of the resulting simulated data are compared to the real data via a
distance function d. If this distance is less than a predefined threshold
ε > 0 the set of parameters is accepted [475]. While this approach can
alleviate difficulties with intractable likelihoods, it is computationally
expensive. This has motivated the development of more efficient tech-
niques such as those based on regression [25], Markov Chain Monte
Carlo (MCMC) [327] and Sequential Monte Carlo (SMC) [453]. These
methods can lead to large improvements in the efficiency of ABC al-
gorithms. However, they normally rely on the simulation being run
many thousands to millions of times. This can present a challenge
when the simulation itself is computationally expensive and has led
to the development of methods that make use of Bayesian optimisa-
tion to dramatically reduce the number of simulations required [203].

ABC likelihood-free methods usually require both the choice of
a distance function as well a tolerance ε although methods have
been developed to adapt the tolerance as the algorithm progresses
[418]. In parallel to the development of ABC based methods and
to resolve some of these issues, synthetic likelihood methods have
been proposed [514]. These assume that some well chosen summary
statistics are approximately multivariate Gaussian for each value of
the parameters. Using this assumption a Gaussian likelihood is con-
structed using simulation to estimate the mean and covariance matrix
of the summary statistics. Similar to ABC, synthetic likelihood meth-
ods have since been extended to incorporate more advanced Bayesian
techniques such as the Metropolis-Hasting algorithm and Sequential
Monte Carlo (SMC) [405]. Approaches have also been developed to
reduce the number of evaluations of the synthetic likelihood when
the simulation itself is computationally expensive [203, 246].

The loss of genetic linkage information as the result of short read
sequencing presents a significant challenge to obtaining a realistic
model with a tractable likelihood for pathogen transmission. This
has led to approximations such as the PoMo model used in BadTrIP
which assumes no genetic linkage and approximates the transmission



88 transmission inference

bottleneck by additional branches that evolve over zero time, making
interpretation of the resulting parameter difficult [114]. Instead, we
investigate the use of a simulation based strategy to infer pathogen
transmission parameters. This allows for a more realistic and inter-
pretable model of transmission. Furthermore, as we do not rely on a
derived likelihood, extensions and adjustments to the model can be
made easily.

4.4.3 Synthetic likelihood

Unlike ABC methods which use a distance function and a thresh-
old ε to compare summary statistics between real and simulated
datasets, synthetic likelihood approaches assume that the summary
statistics are approximately Gaussian conditional on the set of pa-
rameters θ [514]. Given data y, an intractable likelihood p(y|θ) and
summary statistics S = S(y) the likelihood for the summary statistics
is assumed to follow a multivariate normal distribution with mean
µ(θ) = E(S|θ) and covariance matrix Σ(θ) = Cov(S|θ). As µ(θ) and
Σ(θ) are generally unknown we can estimate them via simulation as

µ̂(θ) =

∑N
i=1 Si
N

(23)

Σ̂(θ) =
1

N− 1

N∑
i=1

(Si − µ̂(θ))(Si − µ̂(θ))
T (24)

Thus, in contrast to ABC methods, calculating the synthetic like-
lihood depends only on the number of replicate simulations of the
model to evaluate the likelihood for each set of parameters θ. We
then approximate the likelihood as

p(y|θ) ≈ φ(s|µ(θ),Σ(θ)) ≈ φ(s|µ̂(θ), Σ̂(θ)) (25)

4.4.4 Bayesian optimisation

Bayesian optimisation attempts to maximise (or minimise) the output
of a blackbox objective function by modelling the inputs and outputs
using a Gaussian Process [362]. The posterior distribution of the Gaus-
sian Process is used to iteratively select new points within the param-
eter space at which to evaluate the objective function. Bayesian opti-
misation is most useful in applications where the blackbox function
is difficult or expensive to evaluate. The method’s efficiency in explor-
ing parameter space has made it an appealing strategy for likelihood-
free inference approaches where the simulations themselves are diffi-
cult to evaluate [203, 246].
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4.4.4.1 Gaussian Processes (GPs)

A Gaussian Process is a collection of a possibly infinite number of ran-
dom variables such that the joint distribution over any finite subset is
multivariate Gaussian defined by a mean µ(x) and positive definite
covariance matrix Σ(x, x ′) [465]. Equivalently, a prior is placed over
the possibly infinite set of finite dimensional functions defined by a
mean and covariance matrix. The ‘smoothness’ of this prior can be
controlled by the choice of covariance function. A common choice is
the ‘squared-exponential’ KSE(x, x ′) = exp

(
−|x−x ′|2

2`2

)
where ` is the

length scale of the process, controlling how close two points need to
be to influence each other. As is done in the laGP R package we add a
‘nugget’ to the kernel such that KSE(x, x ′) = exp

(
−|x−x ′|2

2`2

)
+ η1x=x ′

which has been shown to improve robustness and smooth noisy data
[197, 198].

4.4.4.2 Expected improvement

In Bayesian Optimisation, the acquisition function determines which
point in parameter space will be evaluated next. There is a trade off
between exploitation (sampling near the maximum of the objective
function) and exploration (sampling in regions of high uncertainty).
A number of strategies exist including entropy search, upper confi-
dence bound and probability of improvement [121, 218, 279]. In our
approach we make use of the ‘Expected Improvement’ acquisition
function [363] which attempts to identify the parameters θ to max-
imise the objective function f such that

EI(x) = E [max(f(f) − f(xmax))] (26)

A simple outline of a Bayesian Optimisation strategy using ex-
pected improvement as the acquisition strategy is outlined in algo-
rithm 2. Initial training points xxxt can be chosen by sampling uni-
formly from the set of possible parameters, sampling from the prior
or using grid based strategies such as generating a Latin hypercube.
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These are then evaluated using the objective function to generate pos-
sibly noisy samples y.

Algorithm 2: Bayesian Optimisation
N← total number of iterations
Ninit ← number of initial training points
for t ∈ 1, ...,N do

if t 6 Ninit then
xxxt ← select from latin hypercube

else
xxxt ← argmaxxEI(x|D1:t−1)

end
yt ← f(xt) + εt
D1:t ← D1:t−1, (xxxt,yt)

end

4.4.5 Importance resampling

So far we have discussed methods for approximating the likelihood
function using simulations. As with traditional likelihood functions
we would often like to incorporate information about our prior beliefs
of the likely parameter distributions. The posterior distribution in
terms of the parameters θ, data y, likelihood p(y|θ) and prior p(θ)
can be written as

p(θ|y) =
p(y|θ)p(θ)∫

θ ′∈Θ p(y|θ
′)p(θ ′)dθ ′

(27)

This is often intractable and thus given the approximate likelihood
function we can use traditional Bayesian inference techniques such as
rejection sampling, the Metropolis-Hastings algorithm or Gibbs sam-
pling to provide estimates of the posterior distribution. In our case we
implement importance resampling to account for the prior distribu-
tion of each parameter. We first describe importance sampling before
detailing an extension that allows for sampling from the posterior
distribution.

Suppose we are interested in the expected value of h(θ) but can not
directly sample from p(θ|y) but can instead sample from a distribu-
tion g(θ). Then,

E (h(θ)) =

∫
h(θ)p(θ|y)dθ∫
p(θ|y)dθ

=

∫
h(θ)

p(θ|y)
g(θ) g(θ)dθ∫ p(θ|y)

g(θ) g(θ)dθ
(28)

This can be estimated by drawing N times from g(θ) as

1
N

∑N
i=1 h(θ

i)w(θi)
1
N

∑N
i=1w(θ

i)
(29)
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where

w(θi) =
p(θi|y)

g(θi)
(30)

are the importance weights.
This idea can be extended to approximate drawing from the pos-

terior distribution by drawing N samples from the prior distribution
g(θ). A subset of the N samples are then resampled with probability
proportional to its importance weight which reduces to the likelihood
as

w(θi) =
p(θi|y)

p(θi)
=
p(y|θi)p(θi)

p(θi)
= p(y|θi) (31)

4.4.6 Simulating transmission

To use likelihood free techniques we require a realistic simulation
model of pathogen transmission. The number of possible transmis-
sion networks equals the number of possible trees which given n

nodes is given by Cayley’s formula as nn−2 [61]. This complexity
makes inference of all but the smallest transmission networks in-
tractable to infer using likelihood free techniques. Instead we focus
our attention on pairwise relationships and only simulate a large
transmission network to test the accuracy of our algorithm. Given
samples from two infected hosts, there are three overriding trans-
mission scenarios as shown in Figure 26. Either one host can in-
fect the other possible via a number of intermediate hosts, the in-
verse can occur or alternatively an unsampled host can have infected
both sampled hosts separately, possibly via intermediate hosts. To
simulate the evolution of genetic sequences in each of these scenar-
ios we make use of the approximated coalescent with recombination
(scrm) [463]. This approximation allows us to simulate each scenario
within a reasonable amount of time for use in a likelihood-free infer-
ence framework whilst allowing for recombination between genomes
within each host.

4.4.6.1 Pairwise simulation

The parameters required for the simulation can be split into two
broad categories (Figure 26). Local parameters are specific to each
pairwise combination of hosts while global parameters are common
to all pairs. Given pair j, local parameters include the times when
hosts 1 and 2 are infected (t1j and t2j). The time the pathogen popu-
lation could last be considered to be a single population (tmj) and the
number of unsampled intermediate hosts separating the two samples
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(dj). The number of samples of host 1 and 2 are given as ns1j and ns2j
respectively with the times of sample k in host i given by ski . Global
parameters common to every pairwise relationship include the aver-
age transmission bottleneck size β, the evolutionary rate µ, the recom-
bination rate r, the mean sample size ν, and the effective population
in a host Ne. Given these parameters, a pairwise transmission sce-
nario is simulated using scrm by simulating d bottlenecks of size β
at times chosen uniformly in the interval {t : t < t1, t < t2, t > tm}.
Bottlenecks are also simulated at t1 and t2 to account for the bottle-
neck of the transmission to the sampled host. A population split is
simulated at time tm.

While it is possible to use the same simulation algorithm to per-
form both the inference and assess the accuracy of a likelihood-free
inference approach, in this case the pairwise simulation is an over-
simplification of the underlying transmission problem. To generate
simulated datasets for testing we used the full network simulation
approach described in Section 4.3.2.1.

4.4.7 A synthetic likelihood approach to transmission inference

Although the pairwise coalescent simulation is significantly faster
than simulating a full transmission network using forward simula-
tion, the time taken per simulation is still not trivial. This leads us
to consider approaches similar to the likelihood-free Bayesian optimi-
sation methods of Gutmann and Corander, 2016. The effects of mu-
tation, recombination, transmission and sampling bottlenecks leads
our simulator to produce highly stochastic results even when given
the same set of input parameters. To overcome this difficulty we make
use of a synthetic likelihood based approach using a large number of
simulations for each set of parameters. We then explore this parame-
ter space using Bayesian optimisation. As our approach is based on
simulation and was initially designed for the inference of transmis-
sion in endemic disease contexts we dubbed it ‘endsim’.

Given the global parameters, each pairwise model is treated inde-
pendently. Consequently, to allow much of the inference algorithm
to be run in parallel and to reduce the dimension of the fitted GPs
we separate the problem by iteratively solving for the global and lo-
cal parameters. Given a set of initial values for the local parameters,
the posterior distribution of the global parameters is found using the
Bayesian optimisation synthetic likelihood approach. The posterior
distribution of the local parameters is then inferred using the same
method where the simulations are run using global parameters sam-
pled from the previously inferred global posterior distribution. These
two steps can then be repeated to improve the estimation of the re-
spective global and local posterior distributions. In practice, we have
yet to thoroughly explore the impact of different numbers of itera-
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Figure 26: a.) The three possible transmission scenarios when considering
two hosts. i.) Either one host can infect the other, possibly through
intermediate hosts. ii.) the reverse can occur or iii.) an unsampled
host can infect both sampled hosts possible via additional un-
sampled hosts. b. & c.) Diagrams indicating the local paramters
involved in the simulation of scenarios i and iii. d.) A list of the
global parameters assumed to be the same in each pairwise inter-
action.
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tions yet have found that even one iteration is sufficient to provide
local parameter estimates that improve over previous transmission
inference algorithms.

Let N be the number of transmission pairs and let Tij and Sij be
vectors of sample times and summary statistics for host i in pair j.
Fixed parameters for the algorithm include the number of iterations
to evaluate the synthetic likelihood Is as well as the initial number of
points Ip and number of iterations Ir used in the Bayesian optimisa-
tion stage of the algorithm. To improve the computational efficiency
of the algorithm we restrict the range of the inferred parameters such
that: Tij − tij 6 tmax and 0 6 dj 6 dmax. The global parameters are
also restricted to reasonable ranges and can be fixed if known.

The parameters are initialised by sampling from their respective
prior distributions. An initial grid of Ip points for evaluation is cho-
sen by generating a Latin hypercube from draws from a set of uni-
form distributions over the valid ranges for each parameter using the
‘maximin’ function from the lhs R package [466].

The log likelihood, local and global parameters for the kth eval-
uation of the synthetic log likelihood are given by `k, Gk and Lk
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respectively and the summary statistics of the dataset is denoted D.
The algorithm proceeds as outlined in algorithm 3.

Algorithm 3: Likelihood free transmission inference
L← sample from prior
G1..Ip ← select Ip points from Latin hypercube

for k in 1, ..., Ip do
`k ← SyntheticLLK(Gk,L,D)

end

Build GP with G1..Ip , `1..Ip

for k in Ip + 1, ..., Ip + Ir do
Gk ←MaxExpectedImprovement(`1,...,k−1,G1,...,k−1)

`k ← SyntheticLLK(Gk,L,D)

Update GP with Gk, `k
end

Posterior distribution of G←
ImportanceReSampling(GP, prior on L)

L1,...,Ip ← select Ip points from latin hypercube
G← sample from posterior inferred in Stage 1

for k in 1, ..., Ip do
`k ← SyntheticLLK(G,Lk,D)

end

Build GP with L1..Ip , `1..Ip

for k in Ip + 1, ..., Ip + Ir do
Gk ←MaxExpectedImprovement(`1,...,k−1,L1,...,k−1)

`k ← SyntheticLLK(G,Lk,D)

Update GP with Lk, `k
end

Posterior distribution of L←
ImportanceReSampling(GP, prior on L)

4.4.8 Results

The work on this method is ongoing but initial results indicate that
the approach is able to improve over alternative methods. To investi-
gate the ability of the method to accurately infer transmission parame-
ters we simulated a full endemic transmission scenario using forward
simulation as described in Section 4.3.2.1. The simulation was run
from a single introduction to the equivalent of 10 years of evolution-
ary time with an evolutionary rate equivalent to 1 SNPs/genome/year.
This is a relatively low mutation rate but comparable to many impor-
tant pathogens such as M. tuberculosis (0.04–2.2 SNPs/genome/year)
[351] and S. pneumoniae (2.90-9.62 SNPs/genome/year) [71]. To mimic
sampling in an endemic scenario we only sampled from the simula-
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tion during the final year of the ‘outbreak’. As a result, many of our
samples are separated by tens of intermediate transmissions events.

While such a low mutation rate might preclude the use of tra-
ditional consensus based transmission inference techniques, by ac-
counting for the evolution of the population within the host we are
able to distinguish different routes of transmission. For example, if a
within-host population consisted of 10, 000 bacteria then there would
be 10, 000 times the genetic material from which mutations could oc-
cur. Thus, if we ignored the impact of selection and drift, a population
of this size could generate a number of de novo mutations four orders
of magnitude greater than that seen in a single genome. In reality,
many of these mutations are quickly lost. Under a tight transmission
bottleneck the amount of diversity present within a sample is then an
indicator of the length of time since the transmission. Our simulation
based inference approach allows us to use this to help determine the
likely direction of transmission as described in Figure 26.

Only a limited number of existing tools are suitable for the analysis
of short read deep sequencing pathogen data. As we are simulating
a slowly evolving pathogen population the distance between SNPs
on the genome is nearly always greater than the common length of a
NGS sequencing read (150bp). In fact, in the majority of our simula-
tions, zero SNPs were within this range. Consequently, the approach
adopted by PHYLOSCANNER, which relies on linkage information
between SNPs is not applicable here and the tool simply rejects the
data from our simulations [523]. While BadTrIP and the shared vari-
ant (SVC) method of Worby et al., 2017, assume that all individuals
have been sampled, these methods do accept unlinked variant data
and can be used to infer the direction of transmission. Our simula-
tion based inference approach only considers pairwise interactions.
To compare with the full network inference results of BadTrIP and
SVC we only consider the subset of pairwise relationships whose ge-
netic distance are in the top 5% of all pairwise relationships. As well
as allowing for a direct comparison this reduces the impact of ig-
noring missing samples in the BadTrIP and SVC approaches, as any
discrepancies found in more distant pairs are ignored and thus this
should lead to an improvement in their accuracy. The computational
complexity of the BadTrIP algorithm prevents us from evaluating it
using our full simulated sample sets. As a result we compare the full
simulated sample set only against the SVC approach. To compare
against BadTrIP we randomly sampled 10 transmission pairs from
each simulated sample set in the full comparison (Figure 27b).

Figure 27a indicates the resulting accuracy of the simulation based
inference approach (endsim) and SVC across nine different scenarios
where three independent transmission networks have been simulated
for each scenario. The endsim approach improves over SVC in 5/9
scenarios indicating that more accurately modelling the underlying
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transmission scenario can provide substantial improvements in some
scenarios. The scenarios for which the SVC approach provides more
accurate results are those where the transmission bottleneck is large.
In this case, the transmission event has little impact on the underlying
within-host population. Our method relies on accurately determining
the timing of transmission and thus if the bottleneck signal is weak it
struggles to determine transmission direction. The SVC method sim-
ply compares the number of shared within-host variants and thus by
modelling the full transmission network is able to take advantage of
the large number of shared variants that occur under a loose transmis-
sion bottleneck. A similar result was observed in the comparison of
BadTrIP on the subsampled datasets shown in Figure 27b. Here, end-
sim outperformed BadTrIP and SVC in the tight bottleneck sceanarios
but was outperformed consistently by BadTrIP when the bottleneck
size was large. In reality for many notable pathogens, the transmis-
sion bottleneck is thought to be much tighter than that simulated in
the majority of these scenarios. Only a single bacterium was thought
to transmit in lab experiments of S. pneumoniae transmission [271]
whilst the bottleneck in Influenza A was found to be between 1-13

virions [188]. Consequently, many transmission inference algorithms
developed for use with whole genome data assume a complete bottle-
neck including TransPhylo and Phybreak [128, 265]. Of the scenarios
where endsim outperformed SVC and BadTrIP, it achieved the high-
est accuracy of ∼ 75% when the bottleneck was reduced to a single
particle or when recombination was present.

It is important to consider the robustness of the endsim algorithm
to differences in the global transmission parameters. In these simula-
tions, we have fixed all the global parameters to their simulated val-
ues with the exception of the within-host population size. Figure 28

indicates the resulting histograms of the inferred within-host popula-
tion size under the difference simulation scenarios. As the endsim in-
ference is based on coalescent simulation while the simulated scenar-
ios are generated using a forward simulation strategy the population
size estimates can not be directly compared. Instead, we can compare
the relative estimates between the different scenarios. The bottom-
left panel of Figure 28 indicates that when the underlying scenario
simulated a large within-host population size the endsim algorithm
estimated a shift to larger population sizes when compared to the his-
tograms of the other scenarios. Despite this, there appears to be a bias
towards very low population sizes in the inferred distributions from
endsim. Additional work is needed to properly diagnose this issue
and to determine whether the exponential prior on the population
size could be having an overly restrictive impact on the estimates.
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Figure 27: a.) A dotplot indicating the accuracy of endsim and SVC across
nine different scenarios where three independent transmission
networks have been simulated for each scenario. b.) The accuracy
of the endsim, SVC and BadTrIP algorithms on 10 random pairs,
downsampled from those in a.
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4.4.9 Limitations and further work

While we have shown that the simulation based inference approach
of endsim improves over competing methods in some scenarios it is
important that the method is tested more thoroughly. This includes
exploring how well the approach is able to recover other ‘global’ pa-
rameters such as the transmission bottleneck, recombination rate and
sample size. In addition, the observed bias in the estimation of N0
will need to be more carefully considered. Provided these tests are
successful it is important that the approach be tested on real data for
which high quality epidemiological information is available. This ap-
proach was originally designed to be applied to the deep sequencing
study of pneumococcal transmission in Part ii. We do not make use of
this approach on real data in this thesis. However, this pneumococcal
dataset along with the explosion in sequencing and tracking of SARS-
COV-2 as a result of the recent pandemic present important applica-
tions for which this approach could potentially improve over the lim-
ited set of current methods. The endsim method currently assumes
that every sample is the result of a single infection and that each site
along the genome evolves at the same rate. Our analysis of pneu-
mococcal and SARS-COV-2 infection in parts ii and iii of this thesis
respectively suggests that these assumptions may be overly restrictive
and that further work is needed to account for mixed infection and
hypermutating sites. A further extension to the endsim method in-
cludes adapting it to infer parameters from purely longitudinal data
of repeated samples of the same host. By ignoring transmission it
may be possible to obtain cleaner estimates of within-host evolution-
ary rates and possibly allow for the investigation of selection within
the host.

4.5 discussion

In this chapter, we have outlined three distinct strategies for the anal-
ysis of pathogen transmission using whole genome sequencing data.
When choosing an analysis method the limitations of each approach
must be considered. The phylogenetic and phylodynamic character-
istics of each pathogen and outbreak will impact on the choice of the
appropriate transmission inference approach.

We have shown that phylodynamic factors such as the prevalence
of a pathogen within a population as well as whether a pathogen is
in an endemic or outbreak state can influence the choice of approach,
with endemic pathogens breaking the assumptions of many transmis-
sion inference algorithms. Sparse sampling, mixed infections, biased
sampling, the pathogen’s evolutionary rate and within-host evolution
are all important factors when considering which inference method
to use.
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In addition to ensuring the modelling assumptions of a chosen
algorithm are suitable for the situation at hand, it is important to
consider the feasibility of implementing such an inference approach.
While in an academic setting more complex and accurate methods
may be preferable, the added difficulty of implementing these ap-
proaches can make them impractical to use in a clinical setting.

When the evolutionary rate of a pathogen is low genomics is often
used to exclude potential transmission scenarios rather than to iden-
tify complete transmission networks. In these scenarios, simple and
fast pairwise comparisons are often best used in combination with
traditional epidemiological techniques. In many cases the simplicity
of these approaches makes them attractive for use in clinical and pub-
lic health scenarios.

For faster evolving pathogens, or when the timescales of interest
are larger, methods based on building phylogenetic trees and infer-
ring the complete transmission network can bring valuable insights
into transmission dynamics. While these approaches generally re-
quire more experience to implement, they can provide additional esti-
mates of transmission directionality as well as estimates of the gener-
ation time, mutation rate, bottleneck size and within-host population
size of the pathogen.

Finally, we have shown the limitations of relying solely on single
genome samples and described methods that take advantage of infor-
mation on within-host diversity to infer the direction of transmission.
The added complexity of obtaining and processing deep sequencing
data makes the routine implementation of these approaches in clinical
settings difficult. However, this could change as our understanding of
the evolution of pathogens within the host improves and as methods
become more automated.

The utility of using genome sequencing to help track and respond
to disease outbreaks has been highlighted by the SARS-CoV-2 pan-
demic. In the UK, the establishment of the Coronavirus Disease 2019

(COVID-19) Genomics UK Consortium (COG-UK) has led to the most
rapid sequencing effort of a single pathogen in history with over
100,000 genomes sequenced by the consortium by the 10th of Octo-
ber 2020 [53]. Much of the motivation for this massive effort was to
improve the tracking and surveillance of SARS-CoV-2 transmission
within the UK and early analyses were able to identify Spain, France
and Italy as the source of the majority of SARS-CoV-2 lineages during
the first wave of the pandemic [410].

Despite the advances in both the routine sequencing of pathogens
as well as transmission inference algorithms there remains many chal-
lenges to the effective use of genomics in epidemiology. Many of the
algorithms we have described either make restrictive assumptions,
are overly complicated or can be slow to run. The recent pandemic
has highlighted the need for simple, robust and easily interpretable
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tools with fast turnaround times. While the advanced sequencing and
analytics conducted as part of the COG-UK study is highly valuable,
it is out of reach for many communities and countries which are most
affected by the pandemic. Consequently, future work will need to fo-
cus on improving current techniques whilst attempting to make them
more broadly accessible.



Part II

T H E P N E U M O C O C C U S

Part II describes the analysis of a large sequencing study
investigating the within-host genetic diversity of Strepto-
coccus pneumoniae
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Streptococcus pneumoniae (a.k.a. the pneumococcus) is a human na-
sopharyngeal commensal and a major human pathogen, which was
responsible for approximately 294,000 deaths in children during 2015

[498]. The high burden of disease caused by S. pneumoniae, coupled
with complexities in its recent evolution in response to antibiotics
and vaccines, have led it to be classified as a priority pathogen by the
World Health Organisation (WHO) [519]. The evolution of S. pneu-
moniae at the host population level has received substantial attention,
most recently in the collection and whole genome sequencing of over
13,000 S. pneumoniae genomes collected from across the world [190].
In comparison, as is true for many bacterial species, relatively little
is known about the genomic evolution of S. pneumoniae within its
human host as well as the process of transmission between hosts. To
explore the dynamics of pneumococcal evolution within and between
hosts we considered a set of nasopharyngeal swabs sampled from 999

infants as well as a subset of mothers over 24 months, from the Maela
refugee camp in western Thailand between 2007-2010.

This chapter starts by providing a background of the history and
biology of the pneumococcus. The Maela deep pneumococcal study is
then described in detail along with an explanation of how the samples
were chosen and an outline of the analysis performed in the following
chapters.

5.1 pneumococcal history and biology

Discovered in 1881, S. pneumoniae is a gram-positive bacterium from
the Firmicutes phylum that can asymptomatically colonise the hu-
man upper respiratory tract. Both Louis Pasteur and George Stern-
berg, a US army surgeon are credited with first isolating the pneumo-
coccus after inoculating rodents and rabbits respectively with infected
saliva taken from an infected child or in the case of Sternberg, himself
[392, 467]. The pathogen was first found to cause pneumonia in 1882
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Figure 29: A cartogram of the global mortality rate of S. pneumoniae in 2015.
The high burden in Africa is clear, whilst India appears small de-
spite it’s high number of deaths due to the country’s large popu-
lation size.

by Carl Friedländer and within the decade, had been found to cause
meningitis and otitis media [181, 445, 535].

S. pneumoniae is a major global pathogen with invasive disease be-
ing most common in young children, the elderly and people with un-
derlying health issues. In 2015, pneumonia accounted for the majority
of pneumococcal deaths in HIV-uninfected children (81%), followed
by meningitis (12%) [498]. The burden of disease is heterogeneously
distributed across the globe with the highest mortality rates found on
the African continent (Figure 29) .

5.1.1 The pneumococcal capsule

Studies of the rough and smooth colony variants of pneumococci
were first described by Pasteur in 1881 as ‘le aureole’ (the halo). Subse-
quent, investigations of convalescent-phase sera taken from patients
indicated diverse serologic groups of pneumococci, which were later
confirmed in animal protection experiments [33, 157]. Studies in the
early 20th century confirmed that immunity to S. pneumoniae is pri-
marily serotype specific [135, 309, 375].

The pneumococcus is an encapsulated bacterium with a polysac-
charide capsule that is strongly related to the pathogen’s virulence,
as well as its ability to evade the host immune system and cause sys-
temic infections [14]. With the recent discovery of serotype 10D, there
are now 100 known capsular types [184].

Historically, the serotype of a pneumococcal colony has been deter-
mined through Quellung serotyping. This involves testing a cell sus-
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pension with antisera specific for the capsular polysaccharide. The
resulting reactions are then observed using a microscope. Whilst this
approach is often referred to as the ‘gold standard’, it is labour in-
tensive and is not cost effective for determining the serotypes of hun-
dreds or thousands of potentially mixed samples. To improve the
scalability of these approaches researchers developed a latex aggluti-
nation technique in which cultured colonies from a sample are sus-
pended in saline and serotyped by latex agglutination [222]. Latex ag-
glutination works by coating latex microbeads with serotype specific
antibodies. After mixing these beads with the saline, any agglutina-
tion (clumping) of a serotype specific bead indicates the presence of
that serotype. A follow on study confirmed that this accurately identi-
fied multiple serotypes in mixed carriage but that a microarray based
approach were more sensitive [490].

As whole genome sequencing of S. pneumoniae isolates has become
increasingly common in the surveillance of the pathogen a number
of algorithms have been developed to call serotypes directly from
WGS data. These typically rely on aligning sequence reads against
a database of known capsular genes. Initial approaches focused on
calling serotypes from WGS of single isolates. However, recently ef-
forts have been made to expand this to mixed samples as described
in Section 6.2.2.

5.1.2 Vaccines and immunity

Initial pneumococcal vaccines consisted of dead pneumococci, with
the first recorded mass inoculations of humans conducted in 1911 in
the gold mining industry in South Africa by Almroth Wright [12]. The
identification of serotype specific immunity led to early tests investi-
gating the immune response when the polysaccharide was injected
intradermally [480]. While initial attempts at a capsule-based vaccine
were inconclusive, a tetravalent vaccine targeting capsule type 1, 2, 5

and 7 was shown to reduce pneumonia by 85% amongst US air force
personnel during the second world war [13, 321].

The introduction of penicillin as a treatment of pneumonia led
to waning interest in pneumococcal vaccines over the following two
decades. However, the emergence of antibiotic resistant pneumococci
led to renewed enthusiasm, and a 13 valent vaccine formulation was
tested in the 1970’s again in South African miners [12]. Whilst both a
14 and 23 valent version were later released in the USA, they proved
successful mainly in immunocompetent adults and had little effect
on paediatric disease [95, 323, 448].

Although the pneumococcal capsule polysaccharide was first con-
jugated to a protein in the early 19th century it was not until the late
1990’s that a 7 valent pneumococcal conjugate polysaccharide vaccine
(PCV7) was released in the USA [14, 420]. By conjugating with a pro-
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tein the immune response in children was improved and following
the introduction of PCV7, incidence of invasive pneumococcal dis-
ease decreased in the USA by 60-70% [306]. Despite this, the overall
carriage rates of S. pneumoniae did not decrease due to the replace-
ment of vaccine serotypes with less virulent non-vaccine types [367].
Following the introduction of PCV7; 10 valent and 13 valent forms of
the vaccine have been introduced [84, 268].

5.1.3 Other virulence factors

Aside from the polysaccharide capsule there are a number of other
prominent pneumococcal virulence factors. Whilst a number of en-
zymes and proteins are known to interact with the host, their roles in
colonisation and disease are often less well understood. The toxin
pneumolysin (ply), is well studied and known to be essential for
transmission and colonisation [429, 530]. Immunogenicity has been
demonstrated in several other pneumococcal surface proteins includ-
ing pspA and pspC also known as CbpA which have both been associ-
ated with increased virulence [386]. These proteins have been shown
to elicit cross reactive immune responses despite sequence diversity
in their immunodominant regions and thus have been suggested as
possible alternative vaccine targets [364]. Other virulence factors that
have been associated with immune evasion include proteases zmpA,
zmpB, zmpC and zmpD, which have been shown to aid in the evasion
of human immunoglobulin [27]. The main pneumococcal autolysis
(LytA) was also associated with increased virulence. LytA is a mem-
ber of a group of cell wall degrading enzymes which are involved in
the release of ply. Whilst LytA has not been studied extensively, the
relatively low sequence diversity of the protein has led to increased
interest in its potential as a vaccine target [253, 506].

5.1.4 Antibiotic resistance

Antimicrobial resistance was first observed in S. pneumoniae in the
early 1900’s. Early antibiotics included optochin and sulphanilamide.
Resistance to optochin developed quickly and this coupled with the
drug’s poor effectiveness and significant side effects including blind-
ness prevented it from becoming a common treatment [366].

The development of penicillin by Alexander Fleming in 1929 revo-
lutionised the treatment of many bacterial infections including those
caused by S. pneumoniae. The drug became widely used in the 1940’s
and coupled with the development of cephalosporins, pneumococcal
disease decreased significantly over the following decades [95, 258].
Resistance to penicillin was first reported in Australia in the 1960’s
in strains with serogroups 23 and 6 [264]. Over the following two
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decades resistance was found in North America, Africa and Europe
[167, 243, 333].

Following the discovery and widespread use of penicillin a number
of other antibiotics were developed in the 1940’s and 1950’s. These
included; tetracycline aureomycin, chloramphenicol and macrolide
erythromycin [142, 145, 345]. Following their widespread use resis-
tant pneumococci soon emerged. Tetracycline resistance was found in
1963 in Australia, erythromycin in 1966 in the USA and chlorampheni-
col resistance in 1973 in France [109, 156, 264]. The following decade
saw the combination treatment trimethoprim with sulfamethoxazole
(co-trimoxazole) to treat pneumococcal infections, followed quickly
by the emergence of resistant strains [230, 235].

The discovery of nalidixic acid in 1962 marked the start of decades
of development and use of quinolones with fluoroquinolones com-
ing to prominence in the 1970’s and 1980’s [149]. Although fluoro-
quinolone resistance was observed as early as the 1990’s the drug is
often used to treat respiratory infections and rates of resistance in
pneumococci remain fairly low [65, 262].

The emergence of multidrug resistant strains in the 1970’s moti-
vated the development of the Pneumococcal Molecular Epidemiology
Network (PMEN) to track the development and emergence of mul-
tidrug resistant clones [266]. Vancomycin remains as one of the only
antibiotics that is effective against all pneumococci although tolerance
to the drug has been observed [340, 379]. More recently the devel-
opment of Oxazolidinone and Ketolide antibiotics has expanded the
repertoire of drugs available to treat multidrug resistant S. pneumoniae
clones [262].

5.1.5 Pneumococcal recombination

In 1928, Frederick Griffith, a British medical officer demonstrated that
by injecting mice with both dead pneumococci from a virulent strain
as well as live non-virulent pneumococci, the mice could develop a fa-
tal infection. He identified that the bacteria were able to ‘transform’ to
the virulent, encapsulated type [199]. Following on from these exper-
iments, Avery and colleagues showed that DNA rather than protein
as had previously been believed was the material that had been trans-
ferred between the live and dead cells [15]. Pneumococci have since
been shown to recombine both homologously, which amounts to the
replacement of DNA sequence with a highly similar sequence as well
as illegitimate or non-homologously which involves the integration
of a dissimilar DNA sequence often comprising a bacteriophage or
transposon.
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5.1.5.1 Competence

S. pneumoniae has a competence system dedicated to the uptake of
exogenous DNA. Competence in streptococci is a temporary state
which can last up to 40 minutes [252]. In pneumococci, the state is
regulated by extracellular signalling, generated by the comAB trans-
porter [212, 482]. The extracellular pheromone Competence Stimulat-
ing Peptide (CSP) that it generates is detected by the comDE two com-
ponent system [398]. This leads to the activation of stress response
systems as well as the competence genes that ultimately results in a
physiological state known as the ‘X state’ [76]. Two stages are associ-
ated with the X state. The first involves the comABCDE genes whilst
the later involves activation of genes involved in promoting DNA
processing and genetic recombination including genes for the com-
petence pseudopilus, DNA update pore and ssDNA binding [108].
Genes involved in the later stage also include those related to the ly-
sis of cells to release DNA, including lytA, cbpD and the bacteriocin
cibAB. The genes cibC and comM help to prevent lysis of the host
cell [200, 213]. This enables fratricide whereby pneumococci are able
to kill related cells that exhibit a different response to CSP. This is
one mechanism by which pneumococci in mixed infections of multi-
ple lineages are able to compete.

In carriage, competence is likely to be induced by stress to enhance
the pneumococcal’s ability to adapt to external stressors within the
host. Competency has been shown to be stimulated by antibiotic treat-
ment including aminoglycosides, fluoroquinolones and mitocin [408].

5.1.5.2 Transduction

Distinct from the complement system, recombination can occur in
S. pneumoniae through transduction, where the foreign DNA is intro-
duced via a viral vector. A significant proportion of S. pneumoniae
isolates are lysogenic with genetic elements that resemble prohages
observed in up to 70% of clinical isolates [416]. While prophage in-
fected pneumococci were first described in 1975, the impact of these
prophages on the pneumococcal host is still being understood [116,
343]. The predator-prey interaction between phages and bacteria has
been shown to both promote and impede bacterial fitness: increas-
ing persistence within the host; improving the bacteria’s ability to
adapt to changes in the human host environment such as antibiotic
treatment; promote the bacteria’s ability to colonize new hosts; and
impact the bacteria’s ability to cause disease [45, 68, 116, 492]. Several
pneumophage genomes have been sequenced including the temper-
ate phages ΦMM1 and ΦMM1-1998, the lytic phages ΦCp-1, ΦDp-1
and SV-1 as well as the recently characterised phage like element Sp-
nCI [312, 339, 383, 416, 430].
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5.1.5.3 Conjugation

Conjugation describes the process of genetic transfer of material through
direct contact between bacterial cells. The evolution of S. pneumoniae
involves two types of conjugative elements - plasmids and integra-
tive and conjugative elements (ICEs). While it has been shown that S.
pneumoniae is able to accept and transfer plasmids, they very rarely
occur naturally [19, 31]. Two distinct S. pneumoniae plasmids that have
been identified include pDP1 and pSpnP1. However, their impact on
the pneumococcal host cell is unknown leading them to be labeled as
cryptic [426, 458].

Unlike plasmids, ICE elements are common in S. pneumoniae and
have been strongly associated with antimicrobial resistance [52, 105].
Evidence for tetracycline resistance conferring ICE elements present
as early as the late 1960’s has recently been found in Australia [524].
This placed the emergence of the resistance ICE element within a
decade of the introduction of the antibiotic. Of the common antibiotic
classes a study has linked resistance to macrolides, lincosamides and
aminoglycosides to ICE elements but not penicillin, trimethoprim or
sulphonamides [52].

5.1.5.4 Pneumococcal strains

Similar to many other pathogens, S. pneumoniae genomes cluster into
genetically similar groups or strains despite recombination. Both the
conservation of core and accessory genome content, coupled with the
fact that different typing methods group genomes into similar clus-
ters indicates that pneumococcal strains represent significant biologi-
cal entities [98, 457]. This is highlighted by the development of PMEN
to track the distribution of multidrug resistant strains [266, 344]. The
terms ‘lineage’, ‘strain’ and ‘Global Pneumococcal Sequence Cluster
(GPSC)’ will often be used interchangeably throughout this thesis.

While the existence of distinct S. pneumoniae strains is well accepted,
the underlying evolutionary mechanism for the development and
maintenance of this structure is less well understood [459]. Prior to
the development and widespread use of whole genome sequencing
a number of neutral models were developed to help explain the co-
existence of multiple strains. New models have subsequently been
suggested that better align with the recent large scale sequencing ef-
forts such as the Global Pneumococcal Sequencing Project [86, 190].

Initial mechanisms for maintaining strain structure in bacterial pop-
ulations suggested that they could result from many lineages existing
over very short durations, possibly as the result of micro-epidemics
[177]. However, pneumococcal strains have since been shown to re-
main stable over long periods of time [97, 100]. Isolation by distance is
another mechanism for maintaining distinct strains where each strain
is geographically separated, preventing between strain recombination
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and thus maintaining structure. Again, WGS has shown that this is
unlikely given the global distribution of many S. pneumoniae strains
[190]. A similar but much smaller scale version of this hypothesis is
that strains have adapted to specific ecological niches. However, fre-
quent observations of coinfection of multiple strains within the same
host niche and little private gene content suggests that this is unlikely
[98, 471]. Distinct from this model, immunological niches have been
suggested as an alternative explanation for bacterial strains whereby
negative frequency-dependent selection (NFDS) acts on variable anti-
gens, reducing the fitness of common strains due to increased host
immunity and maintaining intermediate strain frequencies [201, 296].
The lack of discordance of variable antigens between populations im-
plies this model is unlikely [96]. NFDS has also been suggested as
a mechanism for maintaining the coexistence of both antibiotic re-
sistant and susceptible strains via within-host competition enabled
by the ability of multiple strains to co-colonise the same host [77,
111]. Genetic linkage between resistance loci and those involved in
determining the carriage duration of a strain represents an alterna-
tive mechanism for the coexistence of resistant and susceptible strains
[294]. Strains with longer carriage durations would benefit more from
the acquisition of resistance, even if this resistance came with a fitness
cost. In this scenario, recombination events that upset this epistatic
interaction would be selected against, maintaining multiple distinct
strains [373]. However, genome wide epistasis analysis of large pneu-
mococcal WGS datasets has suggested that strong epistatic interac-
tions are relatively rare and focused on a small number of loci [396,
454].

An alternative NFDS model, assumed that accessory loci found at
intermediate frequency were the result of NFDS acting via multiple
phenotypes [86]. In addition to antibiotic resistance, it was suggested
that NFDS may act via competition for different nutrient resources
as well as direct competition between bacteria via differing bacteri-
ocin biosynthesis gene clusters. Similar to Gupta et al. 1996 it was
suggested that NFDS was acting on genes encoding immunogenic
structures. However, this was not suggested as a mechanism of main-
taining overall strain structure [86]. Instead, a recent extension to this
work has suggested that asymmetric recombination whereby deletion
of accessory loci is more likely than insertion can result in distinct
strains and has a better fit to large whole genome pneumococcal
datasets [210].

5.1.6 Transmission

S. pneumoniae is reliant on being able to effectively transmit between
human hosts as it does not persist in the environment. As such the
pneumococcus stimulates inflammation and shedding from mucosal
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surfaces in the nasopharynx which facilitates the transmission of pneu-
mococci between hosts. The subsequent colonisation of a new host
represents a major component of the overall transmission process.
Common laboratory models of pneumococcal transmission include
infant mice and ferrets [427, 449]. Due to the increased difficulty in
studying transmission in natural human carriage, these models have
proved critical in the identification of genes involved in both trans-
mission and colonisation [505].

Transmission involves a number of key steps including: exiting
from the current host; survival in the environment; acquisition by a
new host and finally colonisation. The pneumococcus is able to trans-
mit from the current host via nasal secretion. Pathogen induced in-
flammation can stimulate both the expression of mucus glycoproteins
in addition to the flow of mucus. The virulence factor pneumolysin,
encoded by the ply gene, has been shown to be both necessary and
sufficient in causing the required inflammation in an infant mouse
model [530]. Expression of ply has also been shown to increase the
survivability of pneumococcal in nutrient poor conditions outside the
host, which can be related to the increased inflammation leading to
larger and more nutrient rich secretions [530]. More recently, the dlt
locus has been shown to promote transmission via inflammation in
addition to enhancing resistance to antimicrobial peptides [529].

Acquisition in the new host is inhibited by pre-existing immunity,
mainly in response to the pneumococcal polysaccharide capsule as
described previously. In addition to variation in its capsule sequence,
S. pneumoniae is able evade clearance mediated by immunoglobulin
A1 (IgA1) via expression of the zinc metalloprotease ZmpA which
prevents the agglutinating activity of IgA1 [423].

Finally, successful colonisation of the human nasopharynx involves
several factors including: adherence to the nasopharynx; competition
with resident nasopharyngeal flora; and maintenance within the host
for a period sufficient to allow for onwards transmission [505]. Pneu-
mococci can adhere to the host mucosa [163]. However, by avoiding
entrapment in the mucus, pneumococci can adhere to host epithelial
cells via adhesins including pneumococcal adherence and virulence
protein A and B (PavA/B), enolase (Eno), phosphorylcholine (ChoP),
and choline-binding protein A (CbpA) [30, 106, 226, 505, 536].

5.2 the maela deep sequencing study

5.2.1 Background

For many pathogens including S. pneumoniae, success depends on
their ability to transmit between, and survive within, hosts. The vast
majority of genomic studies into S. pneumoniae have so far consisted
of sequencing single colonies from cultured samples. While this has
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provided many insights into the evolution of the pathogen, relatively
little is known about the genomic diversity of S. pneumoniae within
the host and during transmission. The Maela deep sequencing study
attempts to fill this gap by sequencing a large number of whole plate
sweeps of cultured pneumococcal samples to a high depth. By deep
sequencing the whole plate rather than a single colony we are able to
efficiently investigate the genomic diversity of S. pneumoniae within
each sample.

5.2.1.1 Within-host bacterial evolution

Initial estimates of long-term bacterial evolutionary rates were of the
order of 10−10 to 10−9 substitutions per year, indicating that within-
host bacterial populations would have been monomorphic [130]. As
whole genome sequencing has become more readily available, short-
term evolutionary rates in bacteria are now understood to be consid-
erably higher (10−7 to 10−5). Coupled with the larger genomes of
bacteria, the per genome mutation rate of some bacteria is compara-
ble to or exceeds that of many viruses [130]. A higher mutation rate
has important ramifications for the adaptation of bacteria to antimi-
crobials, as well as host immunity and competition between strains.
Faster mutations also enable the use of whole genome sequencing in
the epidemiological surveillance of bacterial pathogens, as mutations
can be tracked allowing for the inference of transmission chains [209].

Within the host, a pathogen must evade the host’s immune system,
compete with other species or strains and resist the impact of any
medications that have been taken. The spread of antibiotic resistant
strains of many bacteria is a direct result of their ability to adapt to
selection pressures within the host. A notable example of such adap-
tation is the evolution of multidrug resistant M. tuberculosis within
a single patient [148]. Bacteria must also evolve to outcompete other
species or strains, whilst avoiding the host immune system. These of-
ten competing goals can result in complex within-host evolutionary
dynamics.

Competing evolutionary pressures favour strains and species that
are able to adapt to changes in selective pressures quickly [130]. A
higher mutation rate can increase the adaptability of a strain. Hy-
permutating strains can occur when the mismatch repair system be-
comes disrupted, thereby allowing for a strain to cross valleys in fit-
ness; a feat that would be less likely at lower mutation rates [195].
Phase variation, where frequent reversible genetic changes alter spe-
cific gene expression, allows a strain to respond to fast changes within
its environment. By harbouring resistant genotypes with possible dele-
terious mutations at a low frequency, a bacterial population can re-
spond quickly to the introduction of antimicrobials. This is known
as heteroresistance [377]. The presence of low frequency genotypes
that are suited to specific environmental pressures has also been as-
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sociated with virulence. For example, serotype 1 pneumococci are
rarely found in carriage but are often observed in invasive disease
[62]. Whilst these adaptive abilities are important for a pathogen’s
longevity within a host, the survival of the species or strain also relies
on effective transmission between hosts. By deep sequencing a large
collection of whole plate sweeps of pneumococcal from a refugee
camp in Maela, Thailand, we are able to gain a better understand-
ing of the evolutionary dynamics of S. pneumoniae within the host
and during transmission.

5.2.1.2 The Maela collection

Maela is the largest of nine long term refugee camps along the Thai
Myanmar border, established in 1984 to accommodate displaced per-
sons from Myanmar (Figure 30). The camp’s population is mostly
Karen, one of Myanmar’s largest ethnic minorities [478]. Between
2007 and 2010 approximately 40,000 refugees lived within the camp’s
4 square kilometer area. Movement in and out of the camp is severely
restricted. However, some residents risk being fined by Thai author-
ities to take up agricultural work in the surrounding region [164].
Whilst camp residents receive the WHO expanded program on immu-
nization vaccines, the Haemophilus influenzae type B (HiB) and pneu-
mococcal vaccines were not available during the period over which
this study was conducted [491]. The Shoklo Malaria Research Unit
(SMRU) was established within the camp in 1986 to provide medical
care to residents. To help understand the dynamics of S. pneumoniae
carriage in a rural South East Asian population Turner et al., [491],
investigated pneumococcal carriage in mother-infant pairs from birth
for 24 months. Pregnant women attending the SMRU clinic at 28-30

weeks gestation were invited to participate in the study between Oc-
tober 2007 and November 2008 resulting in 999 women being selected
for the study [491]. Following delivery, children and a subset of moth-
ers had nasopharyngeal swabs taken monthly from 1-24 months of
age. These samples have subsequently been used in a large number
of follow-on studies including a large WGS study of a subset of 3,085

randomly selected samples [71]. In this study, swabs were plated onto
selective agar before the selection of single colonies of S. pneumoniae
for sequencing. This resulted in a single pneumococcal genome for
each swab.

With the advent of affordable next-generation sequencing, it is now
possible to perform WGS at a high depth of coverage across a large
population of samples [313]. This provides a greater level of detail
for the study of within-host diversity and transmission. To obtain a
comprehensive overview of the genome dynamics of S. pneumoniae
within the host, during carriage, and transmission we selected a sub-
set of 4,000 nasopharyngeal swabs from the Maela collection. These
swabs were plated onto selective agar and cultured before the whole
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Figure 30: a.) Location of the Maela refugee camp along the Thailand-
Myanmar border. b.) A photo overlooking the Maela refugee
camp.
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plate was scrapped, DNA extracted, and sequenced to a mean cover-
age of 250 fold across the S. pneumoniae genome. By sequencing the
whole plate to a high depth of coverage rather than a single colony
as was done previously, we are able to gain insight into the diversity
of S. pneumoniae within the host.

5.2.2 Sample selection

A subset of 4, 000 out of ∼ 11, 000 swab samples from a study of pneu-
mococcal carriage in Maela, Thailand was chosen for deep sequencing
in this study [491]. In order to choose the most informative samples
for our aims we made use of 3,085 previous single colony WGS sam-
ples from the same data set [71]. To investigate the phylodynamics of
transmission, samples involved in direct or near-direct transmissions
were of particular interest.

The adapted TransPhylo algorithm was applied to each major clus-
ter from the WGS Maela data set of [71], after first clustering using
hierBAPS [70, 484] as described in Chapter 4. Those sample pairs with
an inferred transmission distance of < 5 intermediate hosts were se-
lected for culture and sequencing. This threshold corresponds with a
SNP distance of approximately 10 SNPs which is similar to previous
studies [56]. We also selected any remaining transmission pairs that
were within this 10 SNP threshold.

In addition to selecting samples plausibly linked by transmission
we identified those associated with antimicrobial treatment and resis-
tance to help investigate the impact of treatment on within-host di-
versity. In order to choose samples to best achieve our aims, we chose
samples approximately split into four categories of resistant, suscep-
tible, treated with antimicrobials and untreated. Samples were clas-
sified as treated if the patient had been given antimicrobials within
the previous two months. As the overall number of treated samples
within the data set was low, all treated samples were selected for deep
sequencing. The previous untreated samples for the same patients
were also chosen to allow for the comparison of within-host diver-
sity before and after treatment. Finally, patients with more than three
samples already selected were treated as possible ‘index’ cases. Ad-
ditional samples were chosen from these index cases to a maximum
of twelve samples per patient to gain a longitudinal view of trans-
mission and within-host diversity. The set of index cases includes a
number of mother/child pairs, which are of interest to compare with
more geographically distant transmission events.
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5.2.3 Analysis outline

In the following chapters we discuss the analysis of the resulting deep
sequencing data to investigate pneumococcal evolution within the
host, during carriage, after treatment and in transmission.

Chapter 6 describes the methods used to deconvolve the possibly
mixed pneumococcal samples into lineages. The observed distribu-
tion of within host frequencies of each lineage are discussed before
concentrating on the major virulence factors of the pneumococcus
including its serotype. Finally, association between instances of mul-
tiple carriage and virulence factors are considered.

Antibiotic resistance determinants are focused on in Chapter 7. We
demonstrate that it is possible to accurately identify antibiotic resis-
tance elements from the deep sequencing data and compare the sen-
sitivity of this approach to that of single colony picks. Similar to the
analysis of virulence factors we then examine the association between
multiple carriage and antibiotic resistance determinants. To explore
the impact of treatment on pneumococcal diversity within the host,
samples taken pre- and post-antibiotic treatment are compared. The
impacts of treatment are considered both at the lineage level, using
the lineages assigned in Chapter 6, as well as the locus level through
the use of a custom bacterial genome wide association study (GWAS)
pipeline.

Finally in Chapter 8, we investigate fine scale variation generated at
the sub-lineage level within the host. Using the inferred minority vari-
ants we consider the dynamics of transmission within the camp con-
centrating specifically on the relationship between mother and child.
We go on to explore the transmission bottleneck before using the in-
ferred minority variants to investigate the mutational processes and
selective forces driving the evolution of S. pneumoniae within the host.



6
L I N E A G E S , S E R O T Y P E S A N D O T H E R V I R U L E N C E
FA C T O R S

6.1 background

The accurate identification of S. pneumoniae within the nasopharynx
is vital to understanding which strains and serotypes are circulating
within a population. This is important in determining the effective-
ness of vaccines, the prevalence of drug resistant or virulent lineages
and to gain an understanding of the mechanisms driving pneumococ-
cal population dynamics.

Initial efforts to distinguish between different pneumococcal lin-
eages focused on identifying the pneumococcal capsular serotypes
within carriage samples. This was initially achieved using Quellung
serotyping which was later followed by latex sweeps and DNA mi-
croarrays [490]. Most recently, whole genome sequencing has allowed
the determination of strain structure at a much higher resolution en-
abling the characterisation of the global population structure of S.
pneumoniae in the Global Pneumococcal Sequencing Project [190]. In
addition to in-silico serotyping, WGS data provides information on
sequence variation outside the pneumococcal capsular genes allow-
ing for the development of bespoke lineage identifications techniques
such as PopPunk [290]. A wide range of other tools for the analysis
of WGS data have also been developed including those that identify
virulence and resistance genes.

Unfortunately, similar to Quellung serotyping, typical pneumococ-
cal sequencing studies rely on the WGS of a single pneumococcal
colony. Identifying multiple strains within a sample can thus be both
time consuming and expensive. Deep WGS of whole plate sweeps of-
fers an alternative, allowing for both the increased resolution afforded
by WGS and enabling the identification of multiple strains within a
sample.

6.1.1 Strategies in analysing deep sequencing data

Short read deep sequencing data of whole plate sweeps presents an
analysis challenge as the sequencing reads may be made up of a mix-
ture of multiple strains, can include contaminating species and may
be subject to plate effects induced by the culturing stage of the ex-
periment. Initial quality control steps such as identifying highly con-
taminated samples or those with poor coverage of the S. pneumoniae
genome are important. Following the removal of poor quality sam-
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ples there are two main strategies that can be used to analyse deep
sequencing data. The ‘deconvolution’ based strategy involves first
attempting to separate sequencing reads into the individual strains
that make up the mixed sample. This allows for traditional analysis
pipelines to be run on the deconvoluted data and thus presents an
attractive solution. However, the deconvolution process itself is not
trivial and poorly deconvoluted samples can have a profound impact
on downstream analyses potentially leading to erroneous conclusions.
An alternative strategy is to perform analyses that do not require sin-
gle strains. Many algorithms designed for the identification of strain
types, virulence and resistance elements do not require deconvoluted
samples thus avoiding the potentially difficult deconvolution step. To
generate robust results we make use of both strategies. This allows
us to take advantage of the many algorithms designed to work with
single bacterial genomes whilst ensuring our results are robust.

6.1.2 Multiple carriage

The co-colonisation of a single host with multiple pneumococcal strains
represents a critical component to understanding the evolutionary dy-
namics of S. pneumoniae. Multiple carriage allows for the exchange of
genetic material between strains enabling them to adapt to selective
pressures far faster than would be possible solely via clonal evolu-
tion. The competition between strains within the host has also been
suggested to contribute to the maintenance of strain structure within
the wider pneumococcal population allowing antibiotic resistant and
susceptible strains to stably coexist over long time periods [80, 111,
210, 308]. Models of the maintenance of gene distributions within
the pneumococcal population also rely on the coexistence and com-
petition of pneumococcal strains within the host [86]. Furthermore,
within-host competition has been postulated to lead to a ‘founder
takes all’ model where an occupying pneumococcal strain is able to
outcompete potential intruders leading to the selection for transmis-
sibility under a tight transmission bottleneck [244]. It is only by gain-
ing a strong understanding of the dynamics of multiple carriage in
S. pneumoniae that we will be able to tease apart which of these often
competing models is most likely and whether there are additional
details that have yet to be considered in current modeling efforts.

In this chapter, we summarise the methods used to perform qual-
ity control, call features and deconvolute the deep sequenced whole
plate sweeps from the Maela refugee camp. By comparing our results
with those obtained from previous latex sweeps [490] and WGS of
single colony picks [71] we are able to demonstrate the accuracy and
increased sensitivity of the approach in detecting pneumococcal lin-
eages, serotypes and virulence genes. Using the resulting calls we
go on to consider the implications for pneumococcal surveillance by
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considering the detection sensitivity of disease causing serotypes as
well as other known virulence factors. Finally, we borrow techniques
commonly used in ecology to investigate multiple carriage in S. pneu-
moniae and discuss the implications our results have for models of
pneumococcal strain structure.

6.2 methods

6.2.1 Lineage deconvolution

Whilst there are a large number of tools for identifying the species
composition of mixed samples from sequencing data there are rela-
tively few that go further and deconvolute the sequencing reads into
species specific bins. Of these tools only a minority are able to decon-
volute reads at a high enough resolution to separate strains within a
species.

Two of the most popular composition based tools include Kraken
and Centrifuge [260, 512, 513]. Whilst both classify reads at the species
level, they do not allow for reads to be allocated to multiple species
and instead classify such multi-mapping reads to a higher order such
as the genus. As many bacteria share homology this can complicate
downstream analyses. This problem becomes particularly acute in
the case of highly similar strains. A number of alternative tools have
been created to resolve the deconvolution problem including those
that rely on a reference database [319, 357, 382, 540] and those that
attempt to construct deconvoluted assemblies directly from metage-
nomic data [298, 381]. Whilst de novo assembly based methods have
proven highly useful in metagenome studies they have shown to
perform poorly in generating accurate assemblies at the strain level
[440]. Recently, the mGEMS pipeline has been developed that enables
both quantification and deconvolution at strain resolution [324]. The
mGEMS pipeline builds off recent work on quantification provided
in the mSWEEP program [325].

6.2.1.1 mSWEEP

The mSWEEP algorithm estimates the relative abundance of different
predefined bacterial lineages or groups in a mixed sample [325]. It re-
quires a curated dataset where each genome has been pre-classified
into biologically meaningful groups. In our case we use a manually
curated subset of 20,047 assemblies from the Global Pneumococcal
Sequencing (GPS) project where potentially contaminated samples
have been excluded. For the grouping we use the pre-defined lineages
generated by the PopPunk algorithm which was originally designed
for use on the GPS project. The mSWEEP algorithm relies on the
pseudoalignment of reads to references using Themisto [324]. Pseu-
doalignment makes use of a fast approximate kmer based algorithm
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to assign reads to references allowing each read to be assigned mul-
tiple times. Following alignment, a vector rn = {rn,k} is generated
which indicates the number of alignments for read n in each group
k. Using this, the mSWEEP algorithm estimates the probability that
each read originated from each predefined group. It assumes that if
groups have the same number of reference sequences, a read is more
likely to originate from the group that has a higher number of align-
ments. The mSWEEP algorithm further assumes that the likelihood
of a read originating from a group should not depend on the number
of references in that group.

Given the vector rn the probability that a read belongs to group k
is given by

p(rn|In = k) =


0.01 if rn,k = 0

0.99 rn,k > 0 and Mk = 1

0.99f(rn,k,k)
Z(rn)

when rn,k > 0 and Mk > 1

(32)

where

f(rn,k,k) ∝
(
Mk

rn,k

)
B(αk + rn,k,Mk − rn,k +βk)

B(αk +Mk,βk)
(33)

Z(nk) =

K∏
k=1

Mk∏
j=1

αk + rn,k + (j− 1)

αk +βk + 2Mk + (j− 1)
(34)

Here, Mk is the number of references in group k, B(a,b) is the Beta
function and f(rn,k,k) is the compound distribution after assuming
that the probability of a read originating from a group follows a bi-
nomial distribution with a Beta prior on the probability of success.
Z(nk) is a normalising term that accounts for all f(rn). The mSWEEP
algorithm uses a variational inference strategy to fit these parameters
efficiently.

The mSWEEP algorithm has been shown to work well when the
groups of interest are well represented in the database but has been
found to struggle when an unknown group is present (communica-
tion with the mSWEEP authors). In this case the algorithm generally
assigns reads from the unknown group to multiple different lineages
as there does not exist a strong match. To counter this we make use of
the Mash screen algorithm and take the intersection between the two
approaches to ensure that any mSWEEP calls are likely to be present
in the mixture [387].

6.2.1.2 Mash screen

Mash screen is an extension to the fast kmer based distance method
Mash for measuring the containment of one genome in another [387].
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Unlike Kraken and mSWEEP, Mash screen does not estimate the pro-
portion of a sample assigned to a particular reference sequence. How-
ever, its increased efficiency enables a large database of similar refer-
ences to be searched. For each reference genome, Mash screen identi-
fies the presence of a subset of reference kmers that are also present
in the mixed sample of interest. By ensuring that any groups iden-
tified by mSWEEP also have a high number of shared kmers with
at least one representative reference sequence we are able to exclude
spurious mSWEEP calls driven by strains or species not being ac-
curately represented in the database. While this approach is heavily
dependent upon the reference database used, as we include over 2000

whole genome assemblies obtained via WGS of single colony picks
from the Maela collection, our database should accurately reflect the
vast majority of pneumococcal diversity in the Maela camp.

6.2.1.3 mGEMS

The mGEMs pipeline is an extension of mSWEEP that makes use of
the inferred read assignment probabilities to deconvolute the mixed
sequence data into individual fastq files for each strain [324]. By cou-
pling this pipeline with the assembly tool Shovill (a SPAdes optimis-
ing pipeline), we are able to run many of the conventional analysis
tools designed for single strains [17, 441]. mGEMs assumes that each
group or lineage is only represented once in a mixed sample. While
this may not always hold, disentangling samples below this level of
resolution presents a significant challenge as it can become hard to
distinguish multiple independent carriage events from diversity gen-
erated by within-host evolution. Instead, in this chapter, we restrict
much of our analysis to reporting at the pneumococcal lineage level.
The mGEMs algorithm assigns each read to a lineage if the mSWEEP
assignment probability γn,k is greater than a lineage specific thresh-
old qk. In practice, qk is chosen using the estimated proportion of
the lineage found in the mixture by mSWEEP. Thus, the set of reads
for each group identified by mSWEEP is Gk = {rn : γn,k > qk}. This
allows for reads to be allocated to multiple groups, an important fea-
ture given the high level of similarity between lineages. In practice, to
allow for subsequent assembly of the reads, we restrict our analysis
to those samples inferred to make up at least 1% of the reads in a
sample.

6.2.2 Serotype calling

To identify serotypes from the potentially mixed samples obtained
from the whole plate sweeps, we make use of both a deconvolution
based strategy and recent methods developed to infer serotypes di-
rectly from mixed samples. This involved running SeroBA against
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the deconvoluted strains generated by the mGEMS pipeline as well as
running Serocall directly on the deep sequenced samples [152, 267].

6.2.2.1 SeroBA and Pneumocat

The first algorithm to call serotypes from WGS data was Pneumocat
[254]. This algorithm runs in two stages. In the first stage, sequencing
reads are aligned to a database of S. pneumoniae capsular genes. If the
genes for a particular serotype have a coverage of at least 90% and
uniquely specify that serotype the algorithm returns the serotype call
and terminates. If multiple serotypes have the same gene set then
the algorithm proceeds to the next stage where finer scale features
such as SNPs and frameshifts are considered. If no serotype has at
least 90% coverage over its capsular genes an inconclusive result is
returned.

The SeroBA algorithm uses a fast kmer based approach in replace-
ment of the full alignment used by pneumocat in its initial stage
[152]. This improves the speed of the algorithm making it simpler
to scale analyses to 1000’s of samples. In place of the second stage of
the Pneumocat algorithm, SeroBA uses the Ariba pipeline to identify
finer scale features in order to discriminate between serotypes with
similar capsular sequences.

6.2.2.2 Serocall

Pneumocat and SeroBA are both designed for use with single isolates.
Instead, the Serocall algorithm is able to identify serotypes in mixed
samples and reports the proportion of each serotype found within
a sample [267]. The algorithm initially aligns the sequencing reads
against a database of capsular genes to produce binned counts of
unique and multi-mapped reads aligned to different locations in the
capsular sequences. Each of these bins is associated with one or more
serotypes and compared to the expected number of alignments gener-
ated by randomly simulating reads from each serotype and aligning
them back to the capsular sequences. An optimisation strategy is then
used to identify the most likely combination of serotypes that would
generate the observed bin counts.

6.2.3 Virulence calls

6.2.3.1 Ariba

The Ariba resistance calling pipeline uses a local assembly based ap-
proach to identify genes and mutations in sequencing data from a
database of known features of interest. Although the pipeline was
originally designed for identifying resistance elements it can also be
used to call other genomic features as exemplified in its use in the
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final stage of the SeroBA pipeline. As Ariba reports the proportion
of reads that support a given feature it is suitable for use with mixed
deep sequencing data. However, it can not determine which lineage
the observed feature originated from within a mixture.

The Ariba algorithm proceeds by first clustering the reference dataset
into non-redundant groups using cd-hit-est [304]. Reads are then
aligned to the clustered sequences using minimap and the local clus-
ters of reads assembled using fermi-lite [300]. The resulting assem-
blies are compared to the reference sequences using MUMmer and
nucmer allowing for the identification of resistance causing SNPs as
well as more complex variants such as indels and deletions [120].
Finally Bowtie2 and samtools are used to align the original reads
back to the assembly which enables the identification of cases of both
mixed and susceptible strains [281, 301].

To identify virulence features beyond the capsular genes we ran
Ariba on all the deep sequencing samples using the full Virulence
Factor Database (VFDB) [66]. We restricted our analysis to those fea-
tures found in S. pneumoniae genomes.

6.2.4 Association with multiple infection

The association of lineages with multiple carriage, as well as viru-
lence and resistance determinants, can provide important clues as to
the ability of different features to coexist with other strains. Lineages
and features that are more often found in mixed infections are also
prone to being missed in genomic surveys that focus only on single
colony picks. Thus identifying the relationship between different lin-
eages and instances of multiple carriage is important for both the
surveillance of the pathogen and in understanding the competition
between lineages within the host.

We consider two main strategies for investigating the association
of lineages, and other features of interest, with multiple carriage. In
both cases we make use of a Mixed Model, allowing us to efficiently
control for variation introduced by each host using a random effect.
To account for the potential impact of antimicrobial treatment on mul-
tiple carriage we include a binary covariate with a fixed effect. A sam-
ple is considered to be impacted by treatment if the host was treated
within 4 weeks prior of the sample being taken. This threshold was
chosen after reviewing the decline in the proportion of resistant iso-
lates tested via disk diffusion and Etest testing of all swabs positive
for S. pneumoniae (Figure 31). It is also consistent with that described
in a previous review of the literature [307].

In the simpler regression the proportion estimates from the mGEM-
s/Mash analysis were used as the dependent variable and each lin-
eage or serotype of interest was tested independently using a Lin-
ear Mixed Model (LMM). The Benjamini-Hochberg (BH) method was
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used to control for multiple testing [28]. This approach assumes that
the lineage proportions estimated by the mGEMs pipeline are repre-
sentative of what would be found in the host that the sample orig-
inated from. As these proportions are subject to the effects of both
the swabbing procedure and being cultured on a plate, it is uncertain
whether they provide an accurate representation of the true propor-
tion within the host.

As an alternative we considered whether certain lineages and fea-
tures of interest were more likely to be found in multiple carriage,
treating multiple carriage as a binary dependent variable. We used a
modified link function to account for the expected increase in preva-
lence of a feature that would occur simply because a larger number
of lineages are sampled in multiple infections. As an extreme exam-
ple, if we were to sample a mixed infection with one million lineages
there would be a very high likelihood we would observe resistance
within the mixture. However, this would not necessarily be due to
an association with multiple carriage but rather due to the very large
number of lineages present. This is a similar problem to that seen in
ecology in the study of nest success where the overall age of the nest
must be accounted for [446]. In this case the standard link function
used in logistic regression is augmented to account for the exposure
or in our case the number of lineages.

The standard logistic link function can be written as

g(θ) = log
(

θ

1− θ

)
(35)

We augment this, replacing θ with θ
1
N where N is the number of

lineages present in a mixture to give

g(θ) = log

(
θ
1
N

1− θ
1
N

)
(36)

Here, we are assuming that ‘success’ or a 1 in the regression repre-
sents the absence of the feature of interest. The addition of the power
term accounts for the expected reduction in the probability of absence
when multiple lineages are present. With this link function we used
a Generalised Linear Mixed Model to identify associations between
multiple carriage and specific lineages or serotypes and corrected for
multiple testing with the BH method.

6.3 results

6.3.1 Quality control

Of the original 4000 samples selected for sequencing, 3961 were found
to have sufficient quantities of DNA after culturing to attempt se-
quencing. Although a selective agar designed to target S. pneumoniae
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Figure 31: A barplot indicating the proportion of resistant isolates found in
children following antibiotic treatment.

was used in the culturing of the whole plate sweeps, it does not elim-
inate the possibility of related species contaminating the sequence
data. The low biomass in some samples can also lead to relatively
little bacterial growth in the culture step resulting in samples with
poor sequence coverage over the S. pneumoniae genome. These issues
can hamper efforts to accurately characterise strains and genomic fea-
tures within deep sequencing data. To exclude those samples that
were badly affected by these issues we introduced thresholds on the
minimum fraction of both the average depth of sequencing across the
S. pneumoniae reference as well as the maximum fraction of contami-
nating reads from different bacterial species.

6.3.1.1 Coverage

Given the chosen plex per sequencing lane, previous sequencing ef-
forts in the GPS project indicated that we should expect a mean se-
quencing coverage of approximately 300 fold across the pneumococ-
cal reference genome. A histogram of the mean coverage across the
ATCC-700669 reference genome for all 3961 non-control samples se-
quenced is given in Figure 32a. This indicates that the median cov-
erage was 247 fold, slightly below what was expected. In contrast to
the GPS project, dual indexing was used as it reduces the probability
of ‘index hopping’ [92]. It has been observed that Illumina HiSeqX,
HiSeq4000 and NovaSeq sequencing machines are subject to index
hopping whereby reads from samples that are multiplexed on the
same lane can ‘hop’ between indexes leading to cross-contamination.
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As we are interested in low prevalence strains and with observed
rates of index hopping of between 0.2-6% it was essential that dual
indexes were used to correct for this issue [92]. Whilst dual indexing
helps to prevent cross-contamination it has been found to reduce the
overall yield of the sequencing run (internal communication with the
Sanger sequencing team). In order to concentrate our efforts on those
samples where there was sufficient data to retrieve reliable results we
excluded samples with a mean coverage below 50 fold representing
20% of the median coverage observed across all samples. Whilst it is
hard to choose an optimal coverage threshold, 50x has been shown to
be a reasonable coverage for the assembly of bacterial genomes [123].

6.3.1.2 Contamination

The Wellcome Sanger Institute bacterial sequencing pipelines auto-
matically run the Kraken metagenomic classification algorithm on all
samples [513]. A histogram of the proportion of each sample assigned
by the Kraken algorithm to S. pneumoniae is given in Figure 32b, in-
dicating the vast majority of samples consisted predominantly of S.
pneumoniae. Choosing an exact threshold for excluding contaminated
samples is challenging as a very strict threshold can lead to a loss of
power in downstream analyses whilst a relaxed threshold may intro-
duce errors into the final results. We attempted to choose a practical
threshold of requiring at least 75% of sequencing reads to be assigned
to S. pneumoniae which led to the exclusion of 20% of the sequenced
samples.

To investigate what made up the contamination of the remaining
3188 samples we plotted the estimated proportion as given by Kraken
for all species observed in at least 5 samples above 1% in frequency
(Figure 33). This indicates that the majority of contamination is as-
signed to unknown species which could be the result of some S.
pneumoniae strains not being accurately represented in the Kraken
database. Streptococcus pseudopneumoniae was the second most preva-
lent species with the following top 5 species all being of the Staphy-
lococcus genus. As S. pseudopneumoniae is a close relative of S. pneu-
moniae it is also possible that some of this contamination is driven
by divergent strains of S. pneumoniae being incorrectly assigned to
S. pseudopneumoniae. To ensure downstream results are not driven by
low level contamination of these species we include a number of fur-
ther checks at each stage of the analysis to account for the potential
impacts of contamination. This includes the use of the Mash filter as
described in Section 6.2.1.2 as well as a novel variant filtering strategy
detailed in Chapter 8. In addition, throughout the analysis we scruti-
nize the results to determine whether they could be explained by low
level contamination.
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Figure 32: a.) A histogram indicating the distribution of the mean depth
of coverage across the ATCC-700669 reference genome found in
each of the 3961 sequenced samples. b.) A histogram indicating
the proportion of reads assigned to S. pneumoniae in each sample.
Red lines indicate the quality control thresholds chosen.
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6.3.2 Verification of mGEMS/Mash pipeline

To verify that the mGEMs pipeline is able to accurately determine
the lineages present in mixed samples we ran the pipeline on 44

laboratory generated mixtures of between 1 and 10 lineages [267].
Figure 34a indicates that the default mGEMs pipeline was able to
achieve a precision of 0.92 with a recall rate of 0.93. As mGEMs,
and the mSWEEP algorithm it relies on, are known to suffer when
lineages are present that are not found in the database, we also con-
sidered adding the additional condition that any mGEMs call must
be supported by a Mash screen call with at least 990/1000 hashes.
This threshold was found empirically to exclude lineages that were
not found within a mixture. Figure 34b indicates that including this
additional requirement effectively removed the small number of false
positives without any loss in recall. The remaining false negative calls
were found to occur at low frequencies in more complicated mixtures
of 10 lineages. As we do not see this level of multiplicity of infection
in practice, this is unlikely to have a large impact on our results.

To verify the approach on a larger and more diverse dataset we con-
sidered the 1158 samples which have been sequenced previously us-
ing single colony picks [71]. Whilst it is not possible to determine the
false positive rate using these samples 1149/1183 (97.1%) of serotypes
that were found originally using single colony picks were refound
using the deep sequencing data and the mGEMs/Mash pipeline Fig-
ure 34c. This suggests that the sensitivity observed in the known labo-
ratory mixtures extends to the much larger and more diverse dataset.

6.3.3 Verification of serotype calls

To verify that both the combined SeroBA/mGEMs pipeline and the
Serocall algorithm could accurately identify serotypes within mixed
samples we compared the results using the same test datasets as used
in the verification of the lineage level calls. In addition we were able
to take advantage of previous serotype calls obtained via latex sweep
for all the samples from the Maela collection.

Using the 44 laboratory mixtures generated described in Knight et
al., [267], we ran the seroBA algorithm on the output of the mGEMs
pipeline after removing those that were not supported by Mash calls.
This approach achieved a precision of 1 with a recall of 0.93. This cor-
responds to seroBA correctly identifying the serotype in all lineages
that were correctly deconvoluted by the mGEMS/Mash pipeline indi-
cating that the pipeline is able to achieve a high level of accuracy.

To test both approaches on a much larger collection, we ran the
mGEMs/Mash approach as well as the Serocall algorithm on all 3188

samples that passed the initial quality control filters. Figure 35a in-
dicates that 65.4% of serotype calls were consistent across all three
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Figure 34: a.) A barplot of the comparing the number of errors and correct
lineage calls in the analysis of 44 laboratory mixtures of pneumo-
coccal strains. b.) similar to a. but with the additional requirment
that lineages be called using the Mash algorithm. c.) False Neg-
ative and True Positive calls for 1158 samples from the Maela
dataset which were sequenced using both single colony picks and
whole plates
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methods. The majority of the discrepancy between the approaches
was caused by the increased sensitivity of the deep WGS based ap-
proaches with an additional 12.9% of calls being found by both Sero-
call and the mGEMs/seroBA pipeline.

In contrast to the high concordance between the latex sweep and
deep sequencing based methods in identifying serotypes there was
a higher level of discrepancy when calling non-typable (NT) strains
(Figure 35b). Both the Serocall and SeroBA algorithms use two NT
reference sequences (NT_aliB and Swiss_NT) to identify potential NT
strains. However, these are not universally present in all NT isolates.
The mGEMs pipeline is able to identify potential NT strains when
there is no clear capsular sequence present but this may also be the
result of poor coverage over the capsular genes following the decon-
volution step. Previous comparisons have suggested that microarray
based approaches are more sensitive in identifying NTs than latex
sweeps [490]. As both microarrays and our approach are sequence
based this could potentially explain some of the additional NT calls.
Overall, we find that despite the high level of concordance at the
lineage and serotype level, identifying NTs accurately is challenging.
For this reason, we focus most of our analysis on either serotype or
lineage calls.

As the Serocall algorithm is able to identify serotypes below the
1% abundance threshold required for the mGEMs pipeline we can
improve the sensitivity of the calls by taking the union of the two ap-
proaches. The two algorithms generally agree at the serogroup level.
However, they can provide conflicting calls at the type level. To re-
solve conflicting type calls we chose to take the mGEMs/seroBA call
as this pipeline was found to better agree with the latex sweep re-
sults (Figure 36b). After taking the union we correctly recover 93.6%
of serotypes originally identified by latex sweeps. We identify an ad-
ditional 874 (25.3%) serotypes through the use of the deep sequenc-
ing based approach highlighting the higher sensitivity of the method.
This is consistent with the higher sensitivity observed through the
use of microarrays [490]. Figure 36a compares the estimated abun-
dances of serotypes called using both the mGEMs/seroBA pipeline
and Serocall and suggests that both methods provide broadly consis-
tent estimates. A number of points in Figure 36a are concentrated at
100% in only one of the two algorithms. This is mostly driven by dis-
crepancies in the calling of non-typables as Serocall was not designed
to recover strains without capsular sequences.

6.3.4 Deep sequencing increases sensitivity in detecting multiple carriage

Accurately identifying cases of multiple carriage is important in gain-
ing a thorough understanding of the epidemiology and disease dy-
namics of S. pneumoniae. Multiple carriage allows for the exchange of
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Figure 35: a.) A Venn diagram of the intersection of the serotype calls ob-
tained using latex sweep as well as the in-silico methods Serocall
and the mGEMS/seroBA pipeline. b.) similar to a. but comparing
the non-typable calls of each of the three methods.
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Figure 36: a.) a dotplot indicating the concordance between the estimated
serotype proportions obtained using Serocall and mSWEEP after
identifying the serotype using the mGEMS/seroBA pipeline. b.)
The number of mismatches between the serotypes observed using
latex sweeps and those found using Serocall and the mGEMS/ser-
oBA pipeline.
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Figure 37: The distribution of the number of unique serotypes found in sam-
ples seperated by those found using whole plate sweeps with
deep sequencing and latex sweeps.

genetic material including resistance determinants and virulence fac-
tors including capsular genes. As the most common pneumococcal
vaccines target a subset of the known S. pneumoniae serotypes, switch-
ing of capsular sequences can have a major impact on our ability to
control the pathogen using vaccines [81, 102]. Similarly, the sharing
of resistance elements within cases of multiple carriage allows sus-
ceptible strains that are not targeted by current vaccines to acquire
resistance, thus threatening the effectiveness of vaccination programs
for reducing resistance.

Across the 3188 samples that passed our quality controls filters,
deep sequencing identified an additional 874 lineages, representing
an increase of 17.7% from that found using latex sweeps. The distribu-
tion of the multiplicity of infection is shown in Figure 37 and suggests
that latex sweeps consistently underestimates the rates of multiple in-
fection (p<0.001, 2-sided t-test). Overall the estimated rate of multiple
infection increased from 16.2% using latex sweeps to 35.0% with the
deep sequencing approach. The maximum number of distinct strains
found in a single sample was 6, found in one sample from a child
who had recently been treated with antibiotics.

The substantial increase in the sensitivity of a whole plate sweep,
deep sequencing based approach suggests it could provide substan-
tial benefits in the genomic surveillance of S. pneumoniae.
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6.3.5 Differences in carriage rates between mothers and children

Immunity to different pneumococcal strains tends to increase through
childhood with adults usually developing immunity to a wider range
of pneumococcal serotypes. Historically, this was the result of the ac-
cumulation of exposure through multiple colonisation events. How-
ever, more recently the introduction of pneumococcal conjugate vac-
cines have changed the dynamics with which immunity is acquired.
As the samples considered here were collected in the Maela refugee
camp prior to the introduction of a pneumococcal vaccine we were in-
terested to see whether the prevalence of multiple carriage, serotypes
and lineages differed between mothers and children. The mean num-
ber of serotypes found in each host split into mothers and children
is shown in Figure 38a. It indicates the significant difference between
the prevalence of multiple carriage in mothers and children (p<0.001,
two sided t-test). The majority of carriage events in mothers consisted
of only a single strain which is consistent with the higher rates of im-
munity to S. pneumoniae serotypes in adult populations.

Figure 38b and 38c indicates those serotypes and lineages which
have a significantly different prevalence between mothers and chil-
dren. The most common serotypes 19F and 23F differ most with a
smaller proportion of mothers found to be infected with these strains.
This is consistent with the high prevalence of these strains leading to
a higher level of immunity in older individuals. Similarly, GPSCs 1

and 20 are the most prevalent in this dataset and are also found at
lower rates in mothers.

Mothers tended to be colonised with rarer serotypes and lineages.
Interestingly, serotype 3 and the corresponding GPSC 128 were found
at higher rates in mothers. Serotype 3 pneumococci exhibit less ge-
netic variation than other strains and have also been implicated in
higher rates of invasive disease. In particular, the risk of invasive
serotype 3 disease has been shown to increase with age and as car-
riage is a precursor to disease is consistent with our results [240, 439].
It has been suggested that the association with age may correspond
to the high immunogenicity of the capsule in children [103, 138]. De-
spite its inclusion in the PCV13 vaccine serotype 3 has continued to
be a major cause of invasive disease.

6.3.6 Prevalence in multiple carriage varies by lineage and serotype which
has implications for surveillance and models of pneumococcal strain
structure

The majority of current pneumococcal surveillance strategies rely on
the sequencing of single colony picks. As up to one third of our sam-
ples consist of multiple pneumococcal lineages, surveillance strate-
gies based on the analysis of a single genome per sample could po-
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Figure 38: a.) a boxplot of the distribution in the multiplicity of infection
of mothers versus children. b.) the proportion of hosts found to
carry each serotype found to have significantly different carriage
rates in mothers and children. c.) Similar to b. but summarised at
the lineage (GPSC) level.
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tentially lead to biased estimates of the prevalence of different lin-
eages. Multiple carriage events also have implications for the evolu-
tionary dynamics of the pneumococcus as co-colonisation allows for
the transfer of genetic material between lineages.

To investigate the potential impacts of frequent multiple carriage
on surveillance, we considered both whether certain lineages and
serotypes preferentially occurred in mixed infections as well as whether
lineages were more likely to be found at lower frequencies indicat-
ing they may often be missed by strategies focusing on single colony
picks. To compare our whole plate sweep strategy with the more com-
mon single colony pick approach we examined 1158 samples which
were sequenced both using whole plate sweeps in this study as well
as single colony picks in the previous study of Chewapreecha et al.,
[71].

The estimated proportions of each lineage in each sample are given
in Figure 39. As expected the majority of proportions are found at
100%, consistent with the majority of our samples consisting of a sin-
gle lineage. However, a number of lineages appear to occur frequently
at lower proportions when compared to the overall distribution. This
pattern was reflected in the distribution of serotype proportions as is
expected given the high level of correspondence between serotypes
and lineages (Figure 40). To identify those lineages with unusual
abundance patterns we compared the distribution of each lineage and
serotype with the combined dataset using a one sided Kolmogorov-
Smirnov test. To account for multiple samples from the same host we
only considered the highest proportion found within a single host for
each serotype and lineage. Those lineages and serotypes with signif-
icantly outlying proportions are given in Table 6 and Table 7 respec-
tively.

6.3.6.1 Significant associations between lineage virulence and multiple car-
riage

Strikingly, lineages that were found to occur more often than expected
at lower proportions were mostly composed of those known to be as-
sociated with invasive pneumococcal disease and non-typables. Lin-
eages 2 and 28 have both been associated with high rates of invasive
disease with GPSC2 consisting of serotype 1 isolates [190]. Similarly,
performing the same analysis at the serotype level also identified
serotype 1 as well as serotype 8 which is also often found in inva-
sive disease [190, 311]. In both analyses, non-typables were found to
have significantly different abundance patterns although this is likely
to be impacted by the lower accuracy our approach has to identify
non-typable isolates.

Whilst our use of the Kolmogorov-Smirnov test allows for the iden-
tification of outlying lineages and serotypes in terms of the distribu-
tion of abundance, this does not necessarily correspond with those
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lineages being overrepresented in multiple carriage. The abundance
estimates are also dependent upon an initial culture step and thus
any biases introduced during culture would impact the results. As an
alternative, we fit a logistic mixed model using a modified link func-
tion as described in Section 6.2.4. Instead of relying on abundance
estimates we tested whether some lineages or serotypes occurred in
multiple carriage at higher or lower rates than expected. We included
the host as a random effect and treatment as a fixed effect. The top re-
sults at the lineage and serotype level are given in Table 8 and Table 9

respectively. Overall the regression based approach confirmed the re-
sults based on the KS test. Both lineage 28 and the non-typable lin-
eages were found to be overrepresented in cases of multiple carriage.
Whilst neither serotype 1 or 8 reached significance in this analysis
the estimated effect was in the same direction (more likely in mixed
infection) and thus this is likely to be the result of the relatively fewer
examples of these serotypes leading to insufficient power to detect an
association.

Collectively, these results suggest that the common practice of se-
quencing single colony picks may lead to an underestimate of the
prevalence of virulent pneumococcal strains. This could have impor-
tant implications for both the treatment and the surveillance of S.
pneumoniae as carriage based surveillance studies may systematically
underestimate the prevalence of virulent serotypes 1, 8 and 14.

6.3.6.2 Lineage competition within the host

The logistic mixed model based approach also identified a number
of lineages that were associated with being less likely to occur in
mixed carriage. These included GPSC1 and GPSC10 which are both
known to have high rates of antibiotic resistance [190]. Association be-
tween resistance and reduced rates of multiple carriage could result
from antibiotic resistance conferring a fitness cost, leading to resis-
tant strains being outcompeted within the host and reducing their
frequency in cases of multiple infection. Alternatively, it is possible
that these lineages outcompete other GPSCs resulting in them being
rarely observed in multiple carriage. An increased ability to outcom-
pete other lineages and persist in carriage could then result in an
increased selective pressure to develop resistance determinants due
to the increased likelihood of exposure to antibiotics brought on by
longer carriage duration [294].

The observation that different pneumococcal lineages appear in
multiple infections at different rates has important implications for
models of the maintenance of pneumococcal strain structure. Recent
efforts to model the coexistence of resistant and susceptible pneumo-
coccal strains in populations have relied on within-host competition
of pneumococcal strains to drive negative frequency dependent selec-
tion (NFDS) of resistant strains [111]. This model is consistent with
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GPSC statistic p-value adj p-value serotypes

42 0.413 1.11E-05 5.65E-04 NT

60 0.365 1.06E-04 2.70E-03 NT

28 0.163 1.73E-03 2.93E-02 14

2 0.446 2.67E-03 3.40E-02 1

Table 6: The GPSCs found to be significantly different from the combined
frequency distribution of all GPSCs using the Kolmogorov-Smirnov
test.

serotype statistic p-value adj p-value

NT 0.516 7.70E-28 3.90E-26

1 0.472 1.50E-04 2.80E-03

8 0.853 1.70E-04 2.80E-03

Table 7: The serotypes found to be significantly different from the com-
bined frequency distribution of all serotypes using the Kolmogorov-
Smirnov test.

our data. However, an alternative model suggests that the mainte-
nance of intermediate levels of antibiotic resistance in the population
is driven by genetic linkage between resistance and carriage duration
determinants [294]. As already mentioned, if the phenotypes driving
extended carriage duration also lead to reduced rates of multiple car-
riage then our data could equivalently be explained by this model. Fi-
nally, NFDS models of the distribution of accessory genes in the pneu-
mococcal population do not currently incorporate structured sharing
of accessory loci between different pneumococcal lineages [86, 210].

6.3.7 Little evidence for founder advantage in pneumococcal transmission

Distinct from the previous models of pneumococcal strain structure,
recent experimental and modeling studies have proposed an occupant-
intruder competitive strategy whereby the first variant to colonise a
host is able to prevent later arriving variants from contributing to
infection [244, 449]. To investigate whether there was support for
this model in our dataset we considered all instances of consecu-
tive monthly samples within a single host where a GPSC initially
appeared in isolation and was then found to co-colonise with one ad-
ditional GPSC. We restricted our analysis to those samples unaffected
by antimicrobial treatment. We identified 59 such instances. Of these,
in 33 cases the initial GPSC appeared as the minority at a frequency
below 50% in the subsequent co-colonisation sample. This was not
significantly different (p=0.435, binomial test) from what we might
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GPSC estimate std.error statistic p-value adj p-value serotypes

1 0.718 0.120 5.963 0.00E+00 1.00E-07 19F,19A

28 -0.569 0.153 -3.711 2.06E-04 4.02E-03 14

60 -1.382 0.401 -3.452 5.57E-04 7.24E-03 NT

42 -1.251 0.376 -3.329 8.71E-04 8.49E-03 NT

24 1.174 0.395 2.971 2.97E-03 2.31E-02 23F

66 -1.078 0.379 -2.842 4.49E-03 2.92E-02

10 0.515 0.206 2.504 1.23E-02 6.84E-02 19A,17F,7B

20 0.362 0.149 2.423 1.54E-02 7.50E-02 23F

6 1.290 0.577 2.235 2.54E-02 1.10E-01 9V

47 0.399 0.194 2.056 3.98E-02 1.44E-01 6B,6A

23 0.703 0.349 2.016 4.38E-02 1.44E-01 6B,6A

69 0.531 0.264 2.011 4.43E-02 1.44E-01 15A

149 0.684 0.382 1.792 7.32E-02 2.20E-01 28F,32F

Table 8: The GPSCs found to be present in multiple carriage at either signifi-
cantly higher (estimate<0) or lower (estimate>0) rates than expected
given their prevalence in the population.

serotype estimate std.error statistic p-value adj p-value

unknown -1.607 0.137 -11.691 0.00E+00 0.00E+00

15B/15C 0.621 0.165 3.765 1.66E-04 4.24E-03

6B 0.473 0.141 3.353 7.99E-04 1.36E-02

19F 0.324 0.109 2.970 2.98E-03 3.80E-02

23F 0.297 0.123 2.416 1.57E-02 1.60E-01

1 -1.300 0.558 -2.329 1.98E-02 1.69E-01

22F -2.352 1.129 -2.084 3.72E-02 2.71E-01

15A 0.457 0.262 1.745 8.10E-02 4.97E-01

Table 9: The serotypes’s found to be present in multiple carriage at either
significantly higher (estimate<0) or lower (estimate>0) rates than
expected given their prevalence in the population.
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expect if there was no competitive advantage of colonising first as-
suming a null distribution of there being an even chance either GPSC
appears as the dominant lineage in the co-colonised sample. How-
ever, this result is reliant on the estimated lineage frequencies within
each sample which may be subject to variation introduced by the cul-
turing step prior to sequencing. To further investigate the occupant-
intruder hypothesis we considered the subset of these cases where
additional samples following the co-colonisation were available indi-
cating which lineage prevailed in the longer term. Of the 59 cases
we had additional longitudinal resolution on 15 cases. Similar to the
previous finding 7/15 of the cases consisted of the founding GPSC
maintaining its position and returning to a single lineage infection
following the co-colonisation event. A higher resolution description
of two of the 15 cases is given in Figure 41.

Although this result does not support the occupant-intruder model
of pneumococcal colonisation it does not conclusively demonstrate
that there is no advantage to colonising first. The limited number
of examples coupled with the low temporal resolution of the sam-
ples makes it hard to accurately determine whether such competition
exists. For instance, it is plausible that competitive-exclusion gener-
ally occurs on a much shorter time scale than our monthly sampling
schedule, preventing us from observing the majority of interactions.

To investigate whether colonisation with a serotype reduced the
probability of a subsequent colonisation event consisting of the same
serotype we considered the inferred carriage episodes found in Lees
et al., [287]. Here, the authors made use of a Hidden Markov Model to
accurately characterise distinct carriage episodes in the Maela dataset
from the serotype presence/absence data provided by latex sweeps.
To generate a null model of the expected distribution of carriage in
the absence of immunity we permuted the serotype labels for each
sample. Using 10,000 permutations, we found that the expected num-
ber of repeated carriage episodes of the same serotype was signifi-
cantly less than would be expected in the absence of immunity (p <
1e-3). This is consistent with the long established theory of serotype
specific immunity in S. pneumoniae. Thus, although we do not find ev-
idence of a competitive advantage to the strain which first colonises
a host, this may not be true when considering strains with the same
serotype.

6.3.8 Evidence for preferential co-colonisation

Preferential co-colonisation between different pneumococcal strains
can impact the evolution of the pathogen, surveillance and treatment
decisions. In the absence of an intermediate species, S. pneumoniae
strains must co-colonise in order to exchange genetic material. Thus
gaining an understanding of whether certain strains preferentially
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Figure 41: An example of competing lineages within two independent hosts.
In the top facet, GPSC 69 colonises first and ultimately prevails.
Thus, GPSC 69 would be considered to excluded the intruding
GPSC 60 lineage. In the lower facet GPSC 24 is ultimately over-
taken by the intruding lineage GPSC 47.

co-colonise can help identify how genomic features and their corre-
sponding phenotypes move through the broader S. pneumoniae popu-
lation. Understanding co-colonisation dynamics can also inform treat-
ment decisions. If a more virulent lineage is found more often with
another benign lineage, it may motivate more careful observation of
patients found to have the benign strain.

To date, most studies investigating co-colonisation have lacked the
power to identify significant associations due to the large number
of potential pairwise interactions [43, 44]. Whilst this still remains
a challenge, the large sample size of our dataset coupled with the
increased sensitivity of the deep sequencing based approach enables
us to identify signals of co-colonisation.

To investigate co-colonisation we used a logistic mixed model to
account for host effects. For each pairwise interaction we compared
the presence of one lineage as the dependent variable with the pres-
ence of the other lineage. We performed the same analysis both at
the GPSC and serotype levels. After adjusting for multiple testing
(BH) only two significant associations were observed, both involv-
ing non-typables with serotypes 19F and 6B. Serotypes 19F and 6B
are the 1st and 3rd most prevalent serotypes in our dataset indicat-
ing that even in this relatively large collection we still have limited
power to observe co-colonisation associations between lineages. Al-
though our ability to accurately identify non-typables could have im-
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pacted this result, the preferential co-colonisation of non-typeables
with these two dominant serotypes supports past findings that non-
typables play a significant role in the evolution and genetic exchange
of S. pneumoniae [71].

6.3.9 Virulence factors are negatively associated with multiple carriage

The pneumococcal polysaccharide capsule (CPS) is the major viru-
lence factor of the pathogen which induces type specific antibod-
ies and is the target of most pneumococcal vaccines. Unfortunately,
poor immunogenicity of CPS antigens has been observed in children.
While this has been overcome to some extent by the introduction of
multi-serotype protein conjugate vaccines PCV7, PCV10, PCV13 and
most recently PCV23, the observed replacement of vaccine types with
non-vaccine types has reignited interest in identifying alternative vac-
cine targets that are common to all serotypes [100, 253].

To investigate the association between non-CPS virulence factors
and multiple carriage we downloaded a database of known Strepto-
coccus virulence factors from the Virulence Factor Database (VFDB)
[66]. We used Ariba to identify the presence or absence of each fea-
ture in the deep sequenced samples and employed the same logistic
mixed model as used for the analysis of serotypes to identify asso-
ciations between the determinants and multiple carriage. To account
for lineage effects we performed principal component analysis on the
binary presence absence matrix of lineages per sample. We included
the first 10 principal components as additional covariates in the re-
gression. Whilst this will not adjust for fine scale population structure
it should account for lineage level signals and is a common approach
used in bacterial genome wide association studies [289]. It should be
noted that Ariba groups highly similar gene sequences into clusters
and that variants of the same ortholog can be represented by different
clusters.

Unlike that seen in the analysis of serotypes, the majority of viru-
lence factors included in this database were found to be negatively
associated with multiple carriage (Table 10). These included variants
of the choline binding protein A (CbpA), which is involved in upper-
airway colonisation and enhances the pneumococci’s ability to evade
complement-mediated innate immunity [253]. Other genes negatively
associated with multiple carriage included 3 variants of the hyper-
variable pspA gene, shown to inhibit complement-dependent host
defense mechanisms and variants of zinc metalloproteases IgA and
zmpB found in 3 and 4 distinct variant clusters respectively. Variants
of these genes have been implicated as having a role in adhesion and
inflammation [37, 488]. Variants of both lytA and lytB genes were
also found to be less likely to occur in multiple carriage. These genes
are known to be involved in colonisation with lytA also linked to
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fratricidal lysis [147]. Whilst it is feasible that many of these gene
variants could enhance a lineages’ ability to exclude or outcompete
other strains, particularly in the case of lytA, these variants could also
confer a fitness cost which would reduce their frequency in multiple
carriage.

Interestingly, the most significant genes associated with an increase
in their presence in multiple carriage included those involved with
type 2 pili (PI-2). These included all known genes in the PI-2 region
including pitA, pitB, srtG-1, srtG-2 and sipA. PI-2 has been shown
to mediate adhesion to host cells and is associated with the virulent
serotypes 1 as well as serotype 2 which has also been found to be
the dominant serotype in invasive disease in some instances [16, 432].
Supporting this link, the capsule polysaccharide biosynthesis protein
wzh found in serotype 2 was also associated with being more com-
mon in multiple carriage. Whilst serotype 2 is very rare in our dataset,
having been found in only one mother child pair, this result is consis-
tent with the observed association with PI-2. Other capsular proteins
found at increased rates in multiple carriage included the variants of
the wze gene commonly found in serotype 4. In contrast to zmpB
variants, a ZmpC variant cluster was found to be positively associ-
ated with multiple carriage. ZmpC has been shown to be involved
with migration across the blood-brain barrier [353] as well as mediat-
ing shedding of syndecan-1 in response to inflammation [67].

Intriguingly, their appears to be a distinction between virulence fac-
tors associated with the pneumococcal capsule including serotypes
1, 2 and 8 which appear more often in cases of multiple carriage
and other known virulence associated genes outside the capsular se-
quence which are negatively associated with multiple carriage. Al-
though it is not clear what exactly causes this distinction, it is likely
related to the different mechanisms that drive the associations be-
tween these genetic factors and virulence.

6.4 discussion

The increased sensitivity to detect multiple lineages and serotypes
provided by deep sequencing whole plate sweeps over single colony
picks or latex sweeps presents a strong argument for the routine use
of deep sequencing in the surveillance of S. pneumoniae. By processing
a large number of samples using a number of different technologies,
we have demonstrated that it is possible to robustly identify both
pneumococcal lineages and serotypes from sequenced whole plate
sweeps. Critically, this revealed that well known virulent lineages
and serotypes, including serotype 1, are often present in multiple
carriage events at low frequencies. As tracking the effectiveness of
pneumococcal vaccines often relies on either latex sweeps or WGS
of single colonies, these technologies could potentially be system-
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virulence factor estimate std.error statistic p-value adj p-value

pspC_cbpA_1 1.364 0.082 16.598 7.20E-62 5.90E-60

cbpA 1.174 0.086 13.659 1.80E-42 7.30E-41

zmpB_3 1.882 0.140 13.451 3.00E-41 8.30E-40

pspA_2 1.244 0.097 12.809 1.50E-37 3.00E-36

lytA 2.043 0.162 12.634 1.40E-36 2.30E-35

lytB 1.909 0.154 12.427 1.90E-35 2.60E-34

pspA_1 0.864 0.083 10.408 2.30E-25 2.70E-24

pspA 0.956 0.094 10.160 3.00E-24 3.10E-23

pspA_3 1.108 0.113 9.824 8.90E-23 8.10E-22

iga 0.901 0.110 8.217 2.10E-16 1.70E-15

pspC_cbpA 0.886 0.120 7.387 1.50E-13 1.10E-12

iga_1 0.826 0.112 7.363 1.80E-13 1.20E-12

eno+ 4.355 0.612 7.121 1.10E-12 6.80E-12

zmpB 0.819 0.116 7.053 1.80E-12 1.00E-11

pspC_cbpA_2 0.571 0.085 6.730 1.70E-11 9.30E-11

zmpB_2 0.751 0.127 5.918 3.30E-09 1.70E-08

pitB -1.793 0.318 -5.631 1.80E-08 8.70E-08

srtG1 -1.472 0.293 -5.014 5.30E-07 2.40E-06

lytB_1 0.636 0.136 4.682 2.80E-06 1.20E-05

iga_3 1.723 0.372 4.637 3.50E-06 1.50E-05

srtG2 -1.466 0.319 -4.595 4.30E-06 1.70E-05

wzd_1 -0.562 0.124 -4.533 5.80E-06 2.20E-05

rrgB_1 0.756 0.176 4.296 1.70E-05 6.20E-05

pitA -1.239 0.301 -4.112 3.90E-05 1.30E-04

pclA -0.491 0.125 -3.915 9.00E-05 3.00E-04

zmpC_1 -0.705 0.189 -3.724 2.00E-04 6.20E-04

wchA -0.438 0.125 -3.495 4.70E-04 1.40E-03

cps4D+ -0.392 0.113 -3.475 5.10E-04 1.50E-03

sipA -1.046 0.308 -3.391 7.00E-04 2.00E-03

zmpB_1 0.388 0.118 3.295 9.80E-04 2.70E-03

wzx 0.685 0.213 3.218 1.30E-03 3.30E-03

SPH_0459+ -0.358 0.111 -3.215 1.30E-03 3.30E-03

SPH_0456+ -0.370 0.121 -3.065 2.20E-03 5.40E-03

nanA_1 0.413 0.138 2.988 2.80E-03 6.80E-03

SPH_0455+ -1.348 0.466 -2.895 3.80E-03 8.90E-03

rrgB -0.610 0.213 -2.866 4.20E-03 9.50E-03

cps4C -0.692 0.254 -2.728 6.40E-03 1.40E-02

cps2T -0.596 0.240 -2.485 1.30E-02 2.80E-02

nanB 0.885 0.368 2.404 1.60E-02 3.40E-02

SPH_0458+ -0.259 0.115 -2.251 2.40E-02 5.00E-02

Table 10: Those virulence factors from VFDB that were found to occur signif-
icantly less often (estimate>0) or more often (estimate<0) in multi-
ple carriage.
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atically underestimating the prevalence of virulent lineages in the
community. The reduced sensitivity could also help to explain why
serotype 1 is very rarely found in carriage isolates [62]. Consistent
with previous studies we observed a higher prevalence of pneumo-
coccal carriage in children with a corresponding increase in the rate
of multiple carriage [169]. Interestingly, common lineages were more
likely to be found in children with rarer lineages disproportionately
found in adults. In particular, serotype 3 was found to have a higher
prevalence in mothers consistent with the increased risk of serotype
3 related disease found in adults [240, 439]. In contrast to the associ-
ation observed between virulent lineages and multiple carriage, after
accounting for lineage level effects we found the many known vir-
ulence factors were less likely to appear in multiple carriage events.
These included the well known virulence genes CbpA, pspA, ZmpB,
lytA and lytB. While these genes have been linked to the virulence of
pneumococcal infections many have also been shown to play a role in
the competition between pneumococci within the host [147]. Hence,
lineages with these genes may be better able to outcompete other lin-
eages leading to lower rates of multiple carriage. Genes in the PI-2
regions were found to be more common in multiple carriage. As they
have been associated with virulent serotypes 1 and 2 this could sug-
gest that similar mechanisms are acting to increase their prevalence
in multiple carriage events.

The heterogeneity observed in the association of different lineages
and serotypes within multiple carriage provides new insights into
the competition dynamics between pneumococcal strains. Although
some models of pneumococcal strain structure incorporate differences
in fitness in within-host competition [111], many assume a uniform
probability that any two strains interact or do not incorporate within-
host competition at all [80, 210, 294]. Similarly, recent advances in the
modeling of gene frequencies in pneumococcal populations do not
currently consider heterogeneity in the ability of different strains to
interact and thus exchange genetic material. While current models
of pneumococcal strain structure often account for the coexistence of
antimicrobial resistant and susceptible strains, we do not currently
know of any that also incorporate differences in the carriage rates
and prevalence of virulent strains. As our results indicate that viru-
lent lineages behave differently to resistant lineages this represents
a promising avenue of further research to better characterise pneu-
mococcal population dynamics. While we do not find evidence for
a fitness advantage to resident pneumococci over challengers as de-
scribed in Jacobs and Weiser [244], a plausible model similar in nature
to that posed in Jacobs and Weiser, could be that more virulent pneu-
mococci survive by transmitting quickly, facilitated by the elicitation
of a strong immune response. As such they would not require the
genes necessary for long term carriage including resistance and the
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ability to fend off competing pneumococci. While this model fits with
the observation of the correlation between carriage and resistance in
Lehtinen et al., [294], additional modeling would be needed to deter-
mine whether it provides a better fit to the available data.



7
A N T I B I O T I C R E S I S TA N C E A N D T R E AT M E N T

7.1 background

The high transformability of the pneumococcus has allowed the species
to rapidly adapt to the introduction of antibiotics with the emergence
of multidrug resistance in the 1970’s leading to revived interest in
pneumococcal vaccines as an alternative method for controlling the
pathogen. Although the genetic determinants of antibiotic resistance
in S. pneumoniae have been well studied, the impact of antibiotic re-
sistance and treatment on within-host genetic diversity has received
relatively little attention outside modeling studies. Deep sequencing
of whole plate sweeps offers not only the possibility of increasing our
ability to detect resistance in cases of multiple carriage but allows for
the characterisation of the impacts of antibiotic resistance and treat-
ment within the host.

7.1.1 Mechanisms of resistance

7.1.1.1 Beta-lactams

Resistance to beta-lactams in S. pneumoniae is driven by combinations
of altered penicillin binding proteins (PBPs). These proteins function
to remodel the peptidoglycan component of the cell wall which serves
essential roles in cell expansion, division, surface anchoring, diffu-
sion and in the maintenance of cell integrity. The majority of such
mutations are found in three of the six PBPs found in S. pneumoniae:
PBP2b, PBP2x and PBP1a [20] (Table 11). The remaining three PBP
genes include PBP1b, PBP2a and PBP3 [205]. Whilst mutations in the
PBP genes are required for high level resistance to beta-lactams, alter-
cations to the MurM protein, involved with synthesising cross-links
between peptidoglycan chains also appears to be associated with high
level resistance to beta-lactams [456].

7.1.1.2 Macrolides and Lincosamides

Ribosomal modification by 23S rRNA methylation caused by modifi-
cations to the encoding erm(B) gene is the primary form of macrolide
resistance in S. pneumoniae [504]. erm(B) is often found in the Tn916

family of transposons which frequently carries the tet(M) gene asso-
ciated with tetracycline resistance leading to such strains being mul-
tidrug resistant [494]. Rare modifications to erm(A) which encodes
a methylase has also been shown to confer resistance to macrolides
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and lincosamides [504]. Active drug efflux has been shown to confer
lower level resistance to erythromycin but not lincosamides. These
are mediated by med(A), mef(E) and in rare cases mef(I) genes which
have been found on a number of different but related mobile genetic
elements [78, 262].

7.1.1.3 Fluoroquinolones

Resistance to fluoroquinolones can be driven by modifications in the
quinolone resistance determining region (QRDR) primarily in genes
encoding the DNA gyrase (gyrA) and DNA topoisomerase IV (parC)
subunits. An overexpression of the ABC transporter genes patA and
patB have also been implicated in efflux mechanisms of fluoroquinolone
resistance but are not well understood [23, 262].

7.1.1.4 Other antibiotics

Tetracycline resistance is frequently observed in S. pneumoniae and
occurs via protection of the 30S ribosome subunit against antibiotic
binding via the acquisition of tet genes. In pneumococci the tet(M)
gene is most common with the tet(O) gene occurring in rare instances
[50, 507]. Co-Trimoxazole resistance is often found in combination
with resistance to penicillin and is the result of mutation in the folA
and folP genes encoding dihydrofolate reductase (DHFR) protein and
the dihydropteroate synthase (DHPS) proteins respectively [2, 335].

7.1.2 Maintenance of resistance in S. pneumoniae

Whilst the mechanisms of resistance to many antibiotics are well
known in S. pneumoniae, the evolution and maintenance of resistance
at the population level remains poorly understood. Drug resistance in
the malaria parasite Plasmodium falciparum has steadily accumulated
and swept to fixation in many populations [11]. Similarly, penicillin
resistance in Staphylococcus aureus became nearly universal following
the introduction of the drug [317]. In stark contrast, despite the in-
crease in the use of antibiotics, resistance in S. pneumoniae has re-
mained at intermediate frequencies [154]. Similar patterns have been
observed in the resistance to aminopenicillins and fluoroquinolones
in E. coli and vancomycin resistance in Enterococcus [111, 150, 342].

The proportion of resistant S. pneumoniae strains within a popula-
tion correlates strongly with antibiotic use. This has been observed
both at the country level in Europe and North America as well as
within countries with periods of high antibiotic usage correlating
with high levels of resistance in southern Israel [42, 107, 220]. The
decline of resistance in the absence of selection pressures from antibi-
otic treatment suggests that resistance comes at a fitness cost. This
fitness cost has also been observed experimentally in rats [486].
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Abbreviation Antibiotic Genes

PEN Penicillin pbp1a, pbp2b, pbp2x

AMO Amoxicillin pbp1a, pbp2b, pbp2x

MER Meropenem pbp1a, pbp2b, pbp2x

TAX Cefotaxime pbp1a, pbp2b, pbp2x

CFT Ceftriaxone pbp1a, pbp2b, pbp2x

CFX Cefuroxime pbp1a, pbp2b, pbp2x

ERY Erythromycin mefA and ermB

CLI Clindamycin ermB

COT Cotrimoxazole folA and folP

TET Tetracycline tet(M), tet(O), tet(S/M)

CHL Chloramphenicol cat

RIF Rifampin rpoB

DOX Doxycycline tet(M)

Table 11: Antibiotic abbreviations and the genes linked to resistance in S.
pneumoniae.

As described in Chapter 5, a number of models have been sug-
gested to explain the co-existence of resistant and susceptible strains
over long time periods. These include those that consider within-host
competition, negative frequency dependent selection, carriage dura-
tion and competitive exclusion [77, 80, 86, 111, 210, 244, 295].

7.1.3 Surveillance of resistance

Historically antibiotic resistance surveillance in S. pneumoniae as with
most bacteria have focused on culture based phenotypic susceptibil-
ity methods. This remains the gold standard for clinical laboratories
and forms the basis of many countries’ public health surveillance sys-
tems. Following the identification of resistance elements within the S.
pneumoniae genome, PCR based methods were introduced [191, 207].
This improved the speed with which results could be obtained. With
the identification of multi-drug resistant strains the Pneumococcal
Molecular Epidemiology Network (PMEN) was set up to help track
drug resistant lineages [266]. Most recently, approaches based on
whole genome sequencing have become increasingly common. Large
WGS surveillance studies such as the Global Pneumococcal Sequenc-
ing (GPS) project coupled with detailed laboratory based phenotypic
studies have allowed for detailed investigations and tracking of resis-
tance elements in S. pneumoniae globally [190, 311].
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7.1.4 Impacts of antimicrobial treatment

Much of the S. pneumoniae genomics literature has focused on inves-
tigating genomic signatures of antibiotic resistance. This has both in-
creased our understanding of the mechanisms of resistance as well as
aiding in the surveillance of resistant S. pneumoniae lineages [72, 190,
262]. Despite this, less attention has been paid to the impact antibiotic
treatment itself has on the within-host genetic diversity of S. pneumo-
niae. This is in part due to the difficulty in obtaining relevant samples
as surveillance studies typically consider a single sample per host
and the treatment history of the host is usually unknown. A number
of studies have looked at the impact of antimicrobial treatment on
the prevalence of resistance in treated individuals. One multi-centre
study in French children that considered nasopharyngeal swabs be-
fore and after antimicrobial treatment found that treatment led to a
decrease in pneumococcal carriage rates but did not increase the risk
a child would become colonised with a resistant lineage. However, the
study did observe an increase in the frequency of resistant lineages
post treatment driven by the elimination of susceptible lineages [495].

As antibiotics are often prescribed when an individual is unwell, by
investigating the genomic features of S. pneumoniae associated with
treatment we can potentially identify novel virulence and resistance
elements. The consistent monthly sampling in the Maela dataset cou-
pled with the accurate recording of the prescription of antimicrobials
makes it an ideal dataset for investigating the impacts of treatment
on the within-host genetic diversity of S. pneumoniae.

In this chapter, we describe methods for the identifying resistance
elements from sequenced whole plate sweeps. We verify these ap-
proaches using both the artificial laboratory mixtures of Knight et al.,
[267], as well as the previous single colony pick data from Maela de-
scribed in Chewapreecha et al., [71]. Using the resulting resistance
calls, we consider the increased sensitivity to detected resistance pro-
vided by whole plate sweeps and the association between resistance
and multiple carriage. Finally, we examine the impact of antimicro-
bial treatment on the within-host genetic diversity of S. pneumoniae.

7.2 methods

7.2.1 Antimicrobial resistance typing

A number of bioinformatic pipelines have been developed to iden-
tify resistance elements from WGS data. Initial efforts such as Res-
Finder and ARG-ANNOT focused on calling resistance elements di-
rectly from de novo assemblies of WGS data [202, 534]. These usu-
ally make use of local alignment tools such as BLAST which search a
database of known resistance sequences against each assembly [6]. Al-
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ternative approaches including SRST2 and KmerResistance align se-
quencing reads directly to the database of known elements using pre-
defined coverage and identity thresholds to call resistance elements
[75, 241]. As described previously in Section 6.2.3.1, Ariba takes a hy-
brid approach, using local assemblies of reads at the gene level to
more accurately identify possible resistance elements and mutations
[236]. To determine resistance elements with Ariba we made use of
the comprehensive antibiotic resistance database (CARD) [337]. We
supplemented this database with a custom set of known S. pneumo-
niae resistance elements which have previously been used with Ariba
to call resistance in S. pneumoniae [311]. Species specific databases
and methods have also been developed including the CDC’s resis-
tance typing pipeline developed for S. pneumoniae [355]. The CDC
resistance calling pipeline for S. pneumoniae relies on a database of
PBP genes with known resistance profiles [305]. A random forest is
trained on these profiles using the mutations in the corresponding
PBP genes as features for the model. Given a novel set of PBP genes
the pipeline is able to predict the likely resistance profile of a strain
of S. pneumoniae. However, the pipeline was designed for the anal-
ysis of single genomes and thus relies on lineage deconvolution to
be applicable to whole plate sweep sequencing data. Similar to our
analysis of serotypes in the previous chapter we make use of both
the deconvolution independent Ariba method as well as running the
CDC pipeline on the strains reconstructed using mGEMs.

7.3 the impacts of antimicrobial treatment

7.3.1 Bacterial GWAS

Genome wide association studies (GWAS) have been used extensively
in human genetics. The technique identifies genetic variants that are
associated with a phenotype of interest, for example heart disease,
predisposition to cancer, eye colour or even one’s preference for co-
riander [91, 153, 489, 493]. Unlike in humans, bacterial populations
are often highly related as they reproduce clonally. This can result
in spurious associations or a considerable loss in statistical power if
common human genetics pipelines are used to analyse bacterial phe-
notypes. Many bacterial species also consist of large pangenomes and
thus the common assumption in human genetics that most genes are
shared between individuals is often invalid.

To resolve these issues a number of bacteria specific GWAS meth-
ods have been proposed. The bugwas pipeline distinguishes lineage
level associations from locus-specific associations [144]. When bacte-
rial population structure prevents fine mapping of associations be-
tween phenotypes and specific genetic features such as single nu-
cleotide polymorphisms (SNPs), the method will instead report as-
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sociations at the lineage level. In S. pneumoniae this could refer to GP-
SCs as an example. An alternative solution uses a pre-generated phy-
logeny of the bacterial genomes to create a simulated null distribution
for the features of interest which has been shown to increase speci-
ficity and sensitivity over common dimension-reduction techniques
used in human GWAS [82].

Both the bugwas pipeline, and pyseer, a similar bacterial GWAS
method, make use of Linear Mixed Models (LMMs) to control for
population structure which have been found to be more efficient in
human genetics studies and thus are preferable to methods that rely
solely on fixed effects [144, 289]. In human genetics, it is common
to use SNPs generated by alignment to a reference genome as the
genetic features of interest. This is problematic in bacterial genetics
where many genes are rare and only common to a subset of isolates.
To address this, a number of pipelines have been developed that in-
stead rely on alignment free approaches making use of alternative
features including k-mers and unitigs [245, 293].

7.3.1.1 K-mers and Unitigs

K-mers are short sub-sequences of k nucleotides. Unlike SNPs, the
presence or absence of k-mers can be generated directly from raw se-
quence data without the need for alignment to a reference. Given a
sequence of length L there are up to L− k+ 1 unique k-mers out of a
possible nk where n is usually equal to 4 (the number of nucleotides).
While the use of k-mers allows for better characterisation of the pan-
genome, the large number of k-mers that are identified in bacterial
genomes can lead to a very large number of association tests when
compared to more common SNP based analyses. This can be reme-
died by using burden tests as well as by considering the number of
unique kmer presence/absence patterns rather than the total number
of unique k-mers [289]. An alternative solution is to use a reduced set
of variable length k-mers. Unitigs which are variable length k-mers,
can be found by generating a compressed De Bruijn graph from ei-
ther genome assemblies or raw sequencing data. De Bruijn graphs
connect overlapping k-mers. Paths through this graph that do not re-
sult in forks can then be collapsed into unitigs which can be used as
an alternative to k-mers [245].

To generate frequency counts of each unitig present in our sam-
ples we used the Bifrost algorithm to define the set of unitigs [225].
We then found the count of each unitig in each sample using a cus-
tom python script that iterated through the original sequencing reads.
To avoid testing very rare features, we only considered those unitigs
present in at least 1% of the samples of interest in our presence/ab-
sence based analysis and in at least 2% of our paired analysis dis-
cussed below.
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Figure 42: A diagram describing the two unitig association studies per-
formed. In the paired designed, population structure is accounted
for by requiring that the same lineage is sampled prior to treat-
ment. In this analysis the change in frequency between the first
and second sample in a pair is treated as the dependent variable.
In the standard design, the presence and absence of unitigs taken
from samples within 28 days of antibiotic treatment are compared
to those where no treatment has occured. Here, population struc-
ture is accounted by including a kinship matrix in the LMM.

7.3.2 Treatment association study design

To investigate the impact of antibiotic treatment on S. pneumoniae
carriage we performed two main analyses (Figure 42). The first con-
sisted of a typical case control design and compared samples that
were within a recent antimicrobial treatment event to those where
no treatment had occurred. This allowed us to investigate features
associated with recent antibiotic treatment but does not consider the
changes that occur within an individual that is already colonised with
S. pneumoniae prior to treatment. In order to shed light on this sce-
nario our second analysis investigated the impact of treatment on
pairs of consecutive samples from the same patient where some pa-
tients had taken antibiotics inbetween samples (Figure 42).

7.3.2.1 Treated vs untreated

Samples were classified as treated if they were within 28 days of an
antimicrobial treatment event. This is the same definition as was used
in the analysis of virulence and serotypes and was chosen after re-
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viewing the decline in the proportion of resistant isolates tested via
disk diffusion and Etest testing of all swabs positive for S. pneumoniae
(Figure 31). The python implementation of the seer algorithm was
then used to identify unitigs significantly associated with treatment.
Here, rather than using counts unitigs were called as either present
or absent. To control for population structure pyseer was run using
a Linear Mixed Model with a kinship matrix generated by taking the
cross product of the binary unitig presence/absence matrix.

7.3.2.2 Paired analysis

Our unique sampling allows us to compare samples from the same in-
dividual before and after treatment. We first identified sample pairs
where there were at most 100 days separating pneumococcal posi-
tive nasopharyngeal swabs from the same individual. We restricted
our analysis to infants as treatment information for mothers was not
available. To ensure previous treatments prior to the first sample of
an individual were not confounding our results we excluded pairs
with any treatment event within 28 days of the first swab. This re-
sulted in 615 sets of paired samples. We classified these pairs into
treated and untreated groups based on whether or not the individual
had received antibiotic treatment in the time between swabs.

We only considered paired samples where the infants were positive
for S. pneumoniae in both samples. As a result we are not considering
the impact of antibiotic treatment on overall carriage rates but rather
the differences in S. pneumoniae genomes pre and post antibiotic treat-
ment. Using this paired design we considered the impact of treatment
both at the lineage (GPSC) level as well as the locus level. This dis-
tinction between lineage and locus is similar to that defined in [144].
Unlike many previous bacterial GWAS studies which typically focus
on the presence or absence of a feature we considered the frequency
of both lineages and loci within each sample. This improves our abil-
ity to identify more subtle changes that can be obscured by ignoring
within-host diversity.

7.3.2.3 Lineage model

At the lineage level we considered the estimated frequencies of each
lineage obtained using the mSWEEP algorithm. We used a simple
linear model to test whether treatment impacted the frequency of the
second sample of a pair after controlling for the observed frequency
in the first sample as well as the difference in time between the two
samples.

fBi = β0 +β1f
A
i +β2(t

B
i − tAi ) +β3τi (37)



7.3 the impacts of antimicrobial treatment 159

Where fAi and fBi are the frequencies of the lineage in sample i in
the first and second swab of the pair respectively; ti is the date of the
samples, and τi is a binary variable indicating whether or not pair i
has a treatment event between the samples.

7.3.2.4 Locus model

To investigate locus level effects we considered the frequency of each
unitig in each sample. In order to control for lineage level effects we
concentrated on pairs where the same lineage was present in both
samples. This reduced the analysis to 445 pairs.

Unlike the lineage level analysis where we used estimated frequen-
cies, unitigs are represented by the number of times they were ob-
served in the raw reads from each sample. This is a similar problem
to that found in the analysis of RNAseq datasets where the number of
RNA reads aligned to a gene is used as a proxy for the expression of
that gene. Here, methods have been developed that make use of neg-
ative binomial regression [338, 422]. Unlike the Poisson distribution,
which assumes that variation is equal to the mean, a negative bino-
mial distribution allows for overdispersion of the count data. In the
case of the RNAseq specific methods, information is shared between
gene counts to estimate the dispersion parameters. This increases the
statistical power of these tests. Whilst such methods are applicable to
our analysis they were originally designed for the analysis of tens of
samples and thousands of genes and thus do not scale to our dataset
of over 10 million unitigs and thousands of samples.

This inability to scale was also observed when analysing k-mer
count data [414]. Here, the authors took a similar approach to that
used in seer but used Poisson regression in place of the linear or
logistic regression options available in seer [293]. Whilst Poisson re-
gression resolves some of the scaling issues we found it to be unsuit-
able for the analysis of our unitig data as the strong assumption of the
mean variance relationship led to an unrealistic number of significant
unitigs.

Instead we make use of a quasi-poisson generalised linear model.
Like a negative binomial model the quasi-poisson GLM allows for
overdispersed count data and has the same number of parameters.
The quasi-poisson model does not have a distributional form and as-
sumes that the variance is a linear function of the mean as opposed to
the negative binomial model where this relationship is quadratic. The
negative binomial model is generally preferred in genomics due to its
distributional form allowing for model comparison methods such as
the Akaike information criteria (AIC) to be used. However, we found
that fitting a negative binomial to all unitigs could not be achieved
within a reasonable time frame and thus the quasi-poisson approach
strikes a balance between computational efficiency and accuracy.
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Using the quasi-poisson GLM we tested the counts obtained for
each unitig for an association with treatment. We included an offset
term to control for the total number of unitigs present in each sample
as is done in RNAseq analysis. We also included covariates for each
pair as well as the time between samples in a pair. The final model
including the quasi-poisson link function is can be written as

log(E(Uij)) = β0 +β1pi +β2ti +β3τi + log(
∑
∀j
Uij) (38)

Here, Uj is the count of unitig j in sample i, and pi is a factor
indicating which pair sample i belongs to. Unlike the lineage analysis,
ti refers to the time since the first sample. Thus this is set to zero
for the first sample of each pair. Similar to the lineage analysis τi
indicates whether this pair involved an antimicrobial treatment event.

7.4 results

7.4.1 Verification of the mGEMs/CDC pipeline

To test whether combining the mGEMS lineage deconvolution algo-
rithm with the CDC resistance calling pipeline could successfully
identify resistance in mixed samples we considered the artificial labra-
tory mixtures from Knight et al., [267]. As this is a small dataset we
also compared the calls identified in 1158 samples that were pro-
cessed both in the previous study of single colony picks in Maela
[71] as well as in the current study.

Figure 43a indicates that the combined mGEMs + CDC pipeline
approach achieves a precision and recall of 0.750 and 0.825 respec-
tively in identifying resistant lineages. The majority of these errors
are found in the artificial mixture containing 10 lineages. This would
correspond to an extremely high multiplicity of infection which we
do not observe in our dataset. Figure 43b indicates the precision and
recall of the mGEMs + CDC pipeline method excluding this sample.
In this case we are able to achieve a recall of 100% and a precision
of 83%. If we only consider resistance calls at the sample level rather
than at the lineage level the number of false positives drops to zero
indicating that the remaining errors are the result of the failure of
the mGEMS algorithm to separate some resistance elements into the
correct lineages (Figure 43c). For this reason we focus the majority of
our analysis on sample level resistance calls.

To ensure the mGEMS + CDC resistance pipeline remained effec-
tive across a larger and more representative dataset we compared the
results of the pipeline on 1158 samples for which corresponding as-
semblies existed from single colony picks taken from the same swabs
[71]. As we are comparing single colony picks with the deep sequenc-
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ing data it was not possible to determine the number of false posi-
tives. However, this approach allows us to obtain accurate estimates
of the recall of the combined pipeline. Figure 43d indicates that the
mGEMs + CDC resistance pipeline is able to achieve a recall rate of
96.9%. This indicates that the combined pipeline is able to accurately
identify resistance from deep sequenced plate sweeps.

7.4.2 Whole plate sweeps identify 14.6% more antibiotic resistance calls

Genomic surveillance in S. pneumoniae is predominantly achieved
through the sequencing of single colonies [190, 311]. To investigate
the increase in sensitivity provided by the deep sequencing of whole
culture plates we compared the number of resistance calls across 1158

samples for which we had both single colony picks and whole plate
sweeps. Over the nine resistance classes considered the whole plate
deep sequencing based strategy identified an additional 520 resis-
tance calls corresponding to an a 14.6% increase over the single colony
pick method (Figure 44). This increase varied by antibiotic with the
number of chloramphenicol resistance calls almost doubling from 44

to 82. These results suggest that sequencing whole plate sweeps not
only identifies additional lineages and serotypes but offers profound
improvements to current antimicrobial resistance surveillance strate-
gies. Furthermore, treatment decisions based on resistance calls ob-
tained from sequencing a single genome could systematically under-
estimate the presence of resistance leading to the suboptimal prescrip-
tion of antibiotics.

7.4.3 Resistance elements are less likely to be observed in mixed infections

In Chapter 6, we found that common multidrug resistant pneumo-
coccal lineages were less likely to be observed in multiple carriage.
This has important implications for models of the maintenance of re-
sistance in the broader pneumococcal population [77, 80, 111, 295].
However, as we only considered resistance at the lineage level it is
possible that the association observed was driven by other genetic
features of the lineages unrelated to resistance. To investigate the as-
sociation between genetic markers of resistance and multiple carriage
independent of the background population structure, we performed
a similar analysis as in Section 6.2.4. To control for population struc-
ture we constructed a pairwise distance matrix between every sam-
ple using the Mash algorithm [388]. We performed multidimensional
scaling (MDS) on this matrix and retained 10 dimensions to use as
covariates to control for population structure as is standard in bacte-
rial GWAS studies [293]. To investigate whether resistance elements
appear at different proportions we compared the inferred mSWEEP
strain frequencies of strains that were found to have resistant ele-
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Figure 43: a.) the number of true positive, false positive and false negative re-
sistance calls obtained using the mGEMs + CDC pipeline applied
to the artificial laboratory mixtures of Knight et al., [267]. b.) the
same as a. but excluding samples containing 10 or more lineages.
c.) the same as a. and b. but reporting the resistance calls by sam-
ple rather than lineage. d.) The true positive and false positive
resistance calls obtained by comparing the 1158 whole genomes
from Chewapreecha et al., [71] with the calls obtained using the
mGEMs + CDC pipeline.



7.4 results 163

10

100

500

CFT_Nonmeningitis CHL CLI CFT_Meningitis TAX_Meningitis TET COT
MER TAX_Nonmeningitis ERY CFX DOX PEN_Meningitis AMO

antibiotic category

nu
m

be
r 

of
 s

am
pl

es
 w

ith
 r

es
is

ta
nc

e 
de

te
rm

in
an

ts

type
plate sweep
single colony

Figure 44: The number of samples identified to be resistant split by antibi-
otic for the 1158 samples where both single colony picks and
whole plate sweeps have been processed.

ments according to the CDC pipeline using a linear mixed model with
fixed effects for treatment and population structure as well as a ran-
dom effect for the host a sample originated from. Figure 45 indicates
the distribution of the mSWEEP frequencies separated by antibiotic.
Overall, resistant elements were found at higher frequencies despite
controlling for the background population structure with 8/14 CDC
antibiotic categories found at higher frequencies (Table 12). This sug-
gests that the negative association with multiple carriage is not driven
by the lineage but by the antibiotic resistance features themselves. As
most laboratory studies have demonstrated a fitness cost to resistance
it is likely that these lineages are being outcompeted by susceptible
strains within the host [428, 487].

To ensure that this result was not caused by biases in the estimated
frequencies induced by the culturing step of the experiment or in the
deconvolution of mixed samples, we ran a logistic regression with
the same modified link function as was used in the lineage level anal-
ysis in Section 6.2.4. The use of logistic rather than linear regression
reduced the statistical power of the test. However, consistent with the
frequency based analysis we found that resistant features were less
likely to be observed in multiple carriage with 5/14 resistance cate-
gories found to be significantly more likely to appear in samples com-
prising a single lineage (Table 13). As a final comparison, to conduct
an analysis entirely independent of the mSWEEP/mGEMs pipelines
we performed the same logistic regression based test using the re-
sistance calls obtained by running Ariba with the extended CARD
database. Although the resistance categories are not identical between
the Ariba and CDC pipelines, we identified that all 4 of the resistance
categories identified by Ariba were associated with a decreased pres-
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antibiotic estimate Std. Error t value p-value adj p-value

PEN_Meningitis 20.07 1.94 10.36 3.58E-24 5.01E-23

CFX 18.97 2.52 7.52 1.04E-13 7.30E-13

ERY 9.93 2.05 4.85 1.33E-06 6.21E-06

TAX_Meningitis 19.25 4.52 4.25 2.19E-05 7.68E-05

CFT_Meningitis 20.04 5.13 3.9 9.64E-05 2.70E-04

TET 4.82 1.65 2.91 3.65E-03 7.08E-03

DOX 4.82 1.65 2.91 3.65E-03 7.08E-03

COT 4.36 1.52 2.88 4.04E-03 7.08E-03

CLI 1.71 2.14 0.8 4.25E-01 6.62E-01

AMO 8.72 13.35 0.65 5.14E-01 7.12E-01

MER -6.03 10.34 -0.58 5.60E-01 7.12E-01

TAX_Nonmeningitis -2.48 9.29 -0.27 7.90E-01 9.22E-01

CHL 0.36 2.4 0.15 8.82E-01 9.29E-01

CFT_Nonmeningitis 0.87 9.69 0.09 9.29E-01 9.29E-01

Table 12: The results testing the association between resistance and the in-
ferred mSWEEP frequencies using a linear mixed model to account
for treatment, host and lineage (GPSC) effects.

ence in multiple carriage (Table 14). These results suggest that it is
the genetic features of resistance themselves that are associated with
a reduced prevalence in multiple carriage rather than the association
being driven by other lineage specific genetic features.

7.4.4 Resistance levels differ between mothers and children

A number of models of resistance in S. pneumoniae suggest that struc-
ture within the population could explain the maintenance of inter-
mediate frequencies of resistance [77, 80]. A common motivation for
such structure is that children may experience different transmission
dynamics and rates of antibiotic treatment than the adult population.
This is often referred to as the ‘day care’ model as it is plausible that
transmission dynamics within childcare and schools could be signif-
icantly different to that seen more broadly. Similar arguments can
also be made for population structure induced by care homes in el-
derly individuals [541]. To investigate whether there was evidence for
such dynamics within our dataset we compared the incidence of re-
sistance within samples taken from children to that found in mothers.
Figure 46 indicates the number of mothers and children that were
found to have resistant lineages to each of the antibiotics considered.
Logistic regression was used to identify those antibiotics that had sig-
nificantly different profiles in mothers than children after controlling
for the number of lineages found in each individual (Table 15). Peni-
cillin, cotrimoxazole, erythromycin and cefuroxime were all found
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Figure 45: Boxplots indicating the corresponding lineage frequencies in-
ferred using mSWEEP for those lineages identied as being resis-
tant and susceptible by the mGEMs + CDC pipeline.
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antibiotic estimate std.error statistic p-value adj p-value

PEN_Meningitis 0.5 0.1 5.09 3.59E-07 4.31E-06

COT 0.4 0.1 3.91 9.37E-05 5.62E-04

CLI 0.5 0.15 3.37 7.47E-04 2.99E-03

TET 0.3 0.12 2.72 6.53E-03 1.57E-02

DOX 0.3 0.12 2.72 6.53E-03 1.57E-02

TAX_Meningitis 0.6 0.3 1.93 5.42E-02 1.08E-01

CFX -0.2 0.15 -1.7 8.95E-02 1.46E-01

ERY 0.2 0.13 1.66 9.72E-02 1.46E-01

CHL 0.2 0.16 0.96 3.38E-01 4.51E-01

CFT_Meningitis -0.4 0.57 -0.64 5.20E-01 6.25E-01

TAX_Nonmeningitis -0.5 1.14 -0.43 6.65E-01 7.26E-01

CFT_Nonmeningitis -0.2 1.25 -0.19 8.47E-01 8.47E-01

Table 13: The results of association tests comparing co-occurence of resis-
tance and multiple carriage using a logistic generalised linear
mixed model with a modified link function to account for the
number of lineages present in each sample. Terms are included
to account for treatment, host and lineage effects.

antibiotic estimate std.error statistic p-value adj p-value

COT 3.6 0.53 6.78 1.24E-11 4.96E-11

RIF 1 0.23 4.27 1.99E-05 3.97E-05

TET 0.6 0.16 3.67 2.47E-04 3.29E-04

ERY 0.4 0.13 2.82 4.74E-03 4.74E-03

Table 14: The results of association tests comparing co-occurence of resis-
tance calls obtained using the Ariba pipeline and multiple carriage.
Test were performed using a logistic generalised linear mixed
model with a modified link function to account for the number
of lineages present in each sample. Terms are included to account
for treatment, host and lineage effects.
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antibiotic estimate std.error statistic p-value adj p-value

PEN_Meningitis -1.25 0.27 -4.58 4.74E-06 3.35E-05

COT -1.18 0.26 -4.57 4.79E-06 3.35E-05

CFX -1.13 0.27 -4.21 2.51E-05 1.17E-04

ERY -1.01 0.25 -4.04 5.24E-05 1.83E-04

CLI -0.54 0.28 -1.90 5.71E-02 1.60E-01

CFT_Meningitis -1.59 1.04 -1.53 1.27E-01 2.97E-01

TAX_Meningitis -0.86 0.62 -1.37 1.69E-01 3.39E-01

CHL -0.29 0.31 -0.94 3.49E-01 6.11E-01

DOX -0.09 0.34 -0.28 7.81E-01 9.95E-01

TET -0.09 0.34 -0.28 7.81E-01 9.95E-01

TAX_Nonmeningitis -0.18 1.12 -0.16 8.71E-01 9.95E-01

CFT_Nonmeningitis 0.12 1.14 0.10 9.17E-01 9.95E-01

MER -15.95 1712.32 -0.01 9.93E-01 9.95E-01

AMO -16.68 2824.41 -0.01 9.95E-01 9.95E-01

Table 15: The results of association tests comparing the number of resistant
samples in mothers versus children using logistic regression to ac-
count for the number of lineages found in each individual

more commonly in children than mothers. This is likely a reflection
of the increased levels of antibiotic treatment in young children in the
Maela refugee camp. Whilst there was a significant difference in the
levels of resistance between mothers and children, resistance was still
very much prevalent in both categories. In addition, we did not find
a significant association between the age of a child and resistance in-
dicating there was no additional age driven sub-structure within the
infant population. Models that explain the maintenance of intermedi-
ate levels of resistance using population structure have been shown to
be very sensitive to the level of mixing between the sub-populations.
Consequently, the relatively small but significant difference in resis-
tance rates between mothers and children is unlikely to drive the co-
existence of resistant and susceptible strains at the population level.

7.4.5 Treatment

7.4.5.1 Lineage associations

In order to examine the changes in both serotypes and GPSC frequen-
cies after treatment we compared pairs of samples taken from the
same individual taken within 100 days. Frequencies were estimated
using the mSWEEP algorithm and sample pairs were classified by
whether or not a treatment event had occurred in the time between
samples. After correcting for multiple testing, GPSC 1 was the only
lineage to vary significantly in frequency after antibiotic treatment
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Figure 47: The inferred mSWEEP lineage frequencies for GPSC1 lineages
taken in pairs of samples wiht 100 days from the same host where
at least one sample was found to have a GPSC1 lineage. The left
panel indicates those pairs where no antibiotic treatment occured
while the right includes pairs where a treatment event occured
between the sampling times. The increase in the frequency of
GPSC1 lineages post-treatment was found to be the result of both
the elimination of susceptible strains as well as the transmission
of GPSC1 to an individual following treatment.

(Figure 47). GPSC 1 is the most prevalent lineage in the Maela dataset
and is also common globally [190]. In addition to being highly preva-
lent, GPSC 1 was found to be the most common multi-drug resistant
lineage in the global pneumococcal sequencing project.

In previous studies it was found that an increase in the frequency
of resistant isolates post-treatment was due to the elimination of sus-
ceptible lineages [495]. However, after only considering the binary
presence and absence of each lineage and controlling for presence in
the first sample of a pair the association between GPSC 1 colonisation
and treatment remained. This suggests that not only does treatment
increase the frequency of GPSC 1 by eliminating competing lineages,
it also increases the chance that a child will be colonised with the
resistant lineage following treatment. This could have important ram-
ifications for the prescription of antimicrobials as it may motivate the
prescription of preventative broad spectrum antibiotics in patients
that have higher risks of complications if they were to become colo-
nized with a resistant strain.
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7.4.6 Locus associations

7.4.6.1 Treated versus untreated

To identify sub-lineage genomic features of S. pneumoniae associated
with recent antimicrobial treatment we compared the presence and
absence of unitigs in samples taken within 28 days of treatment to
those that had not been treated. We made use of a linear mixed
model as implemented in pyseer to control for population structure
[289]. This is a conservative approach as we are not considering the
frequency of each unitig. This approach will also ignore resistant fea-
tures that persist beyond the 28 day cut-off. Consequently, we are
likely to only identify unitigs that are associated with the short time
period following treatment. Using this approach we identified 8 unit-
igs significantly associated with antimicrobial treatment (Table 16).
Of these, 6 were the result of low level contamination as their clos-
est BLAST match against the NCBI nt database was to Staphylococcus
haemolyticus [248]. S. haemolyticus is a commensal bacterium of the
human skin and is thought to have the highest level of antimicro-
bial resistance amongst the Coagulase-negative staphylococci [179].
It is thus plausible that contamination from an infant’s skin flora was
more likely to contain S. haemolyticus following antimicrobial treat-
ment.

The remaining two unitigs were consistent with changes in response
to antimicrobial treatment in S. pneumoniae with one matching an ef-
flux ABC transporter, permease protein. Active efflux has been asso-
ciated with resistance to fluoroquinolones although the exact mecha-
nisms are not well understood [23, 262]. Consistent with our analysis,
the development of resistance to fluoroquinolones during treatment
has been observed previously, although this was primarily a finding
from observations in elderly patients with lung disease [110].

The final unitig was found in penicillin-binding protein 2 (PBP2b)
and was negatively associated with treatment. This protein has been
extensively studied and mutations in the penicillin binding proteins
are known to confer resistance to a variety of beta-lactam antibiotics
[262]. Thus this unitig may represent a susceptible form of the PBP2b
which is less likely to be present when treated with beta-lactams such
as ampicillin.

7.4.6.2 Paired analysis

To investigate genomic alterations within single infections in response
to antibiotic treatment we focused on pairs of samples from the same
infant. Unlike in the previous pairwise analysis of GPSC’s we now
only consider sample pairs where the same GPSC was present in both
samples. This controls for lineage effects and allows us to identify
finer scale genomic changes in response to antibiotic treatment.
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seq
BLAST

matches
beta

beta

std-err

lrt

p-value
notes

>tggacatatcattttgaatc

ttaaggggagataaaca

atgactgaatttgatttat...

S. haemolyticus 0.5 0.080 1.98E-10 contamination

>tgaagaaacaaatccat

cagtgattatttcattctat

cctaaatttgct

S. haemolyticus 0.4 0.073 5.55E-09 contamination

>ataaaaccgatacgctc

cagtaagattttagctcc

ttt

S. pseudopneumoniae

S. pneumoniae
0.4 0.066 8.27E-09

efflux ABC

transporter

permease

protein

>tttacatctgcttgtgctac

atttgcacttgaaaatgga

aagattgcagtattaag...

S. haemolyticus

S. hominis
0.4 0.077 7.35E-09 contamination

>aatggtaaaacaacgac

tatttcagggcttgctaact

atgg

S. hominis 0.4 0.074 2.27E-09 contamination

>atcatcagacaatctatt

gtacacatactcgactgc

ttcaaccatttcttct

S. haemolyticus 0.4 0.077 8.60E-09 contamination

>aagtattctgaaggtgt

ctatgcagtcgccc
S. pneumoniae -0.2 0.026 1.02E-08

penicillin

binding

protein 2

>tgtattactttctcaactt

agtcgtggtgtggaaaa

tcgaaataataaacga...

S. haemolyticus 0.5 0.084 1.20E-08 contamination

Table 16: The results of the unitig presence/absence association study com-
paring unitigs observed in samples within 28 days of antibiotic to
those that were not treated. Notes obtained after search the NCBI
BLAST datanase are given in the final column along with associ-
ated species in the second column.
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Unlike in the previous unitig analysis which focused on features
specific to samples after recent antibiotic treatment we are now con-
centrating on changes within the same carriage episode. As such
rather than relying on the presence or absence of a unitig we now
consider the overall frequency of a unitig within each sample. By con-
sidering frequency, we are able to identify changes to the pneumo-
coccal population within the host that would be hidden by looking at
presence/absence data alone. This allows us to identify features that
would otherwise remain hidden such as the existence of heteroresis-
tance. Heteroresistance is the existence of a resistant subpopulation
within a population of susceptible cells. It has been demonstrated in
a number of bacterial species that heteroresistance can be caused by
gene amplification [377]. In such a scenario, the resistant gene would
be present at different frequencies in both samples of a pair. Thus
any associated unitig would also be present in both samples and it is
only by considering the frequency of the unitig that any association
with antibiotic treatment could be determined. In addition to antibi-
otic resistant mechanisms, if a treatment event has occurred then it is
likely that an infant is unwell. Consequently, they are likely to mount
an immune response to either the colonising and possible invasive
pneumococci or other pathogens. As such we may expect to see ge-
nomic features associated with virulence and immune evasion as well
as resistance when looking at the impact of treatment within the host.

Using the pairwise model described in Section 7.3.2.4, we investi-
gated the changes in unitig frequency in response to treatment. Fig-
ure 48 indicates the resulting gene level summaries for those unit-
igs found to be significantly associated with treatment. Each gene is
represented by a point with the y-axis indicating the p-value after ad-
justing for multiple testing and the x-axis indicating the average effect
size for that gene. The unitigs were annotated by aligning them to the
whole genome assemblies from the previous study of S. pneumoniae
genomics in Maela using single colony picks [71]. By only consider-
ing those with strong matches to these assemblies we can exclude
any unitigs that are likely to be the result of contaminating species.
In Figure 48, a positive effect indicates that the unitigs corresponding
to that gene are more prevalent after treatment whilst a negative ef-
fect indicates the unitig(s) are less prevalent after treatment. Table 17

reproduces that data displayed in Figure 48 with additional notes for
each annotation.

The unitigs with the largest average effect size corresponded to
genes associated with both virulence and the cell wall. Four unitigs
corresponding to TrpD2 were found to be negatively associated with
treatment with a higher frequency of these unitigs prior to treatment
with antibiotics (Figure 49). TrpD2 is involved in the synthesis of the
aromatic amino acid tryptophan and has been shown to be essential
for invasion of the lung [211]. The higher frequency prior to treatment
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Figure 48: A dotplot indicating the average effect size and minimum p-value
of the presence or absence of unitigs associated with antibiotic
treament. Points are annotaed by the gene they were found in
and their indicates the number of significant unitigs that were
found within that gene.

is consistent with a more virulent form of S. pneumoniae. The lower fre-
quency after treatment suggests that pneumococci with these unitigs
are susceptible to antibiotic treatment. YhbU has also been associated
with colonization of the lung in Klebsiella pneumoniae and is involved
in peptidase activity [389]. Unlike TrpD2, the unitig corresponding
to YhbU increases in frequency following treatment and decreases in
those pairs without treatment (Figure 49). This could be driven by
selection against this unitig in the absence of antimicrobial pressure.

A number of cell wall associated unitigs were also identified. These
included unitigs corresponding to the giant Hyperosmolarity resis-
tance protein Ebh. Ebh has been associated with cell size in Staphy-
lococcus aureus and variants have been associated with increased sus-
ceptibility to the antibiotic oxacillin as well as complement-mediated
killing [69]. Associations were also identified with known cell wall
surface anchor family proteins, which are commonly associated with
virulence [136]. Unitigs corresponding to the inner membrane protein
tolA were also identified. TolA proteins are involved in the transloca-
tion of group A colicins which can act as toxins against other bacteria.

Finally, a number of phage associated unitigs were identified. Phages
are known to be an important factor driving the evolution of S. pneu-
moniae and can introduce genes through horizontal gene transfer that
encode for toxins or other virulence factors that can help the pneu-
mococcus to persist during infection [117, 492]. The stress induced by
antimicrobial treatment could also lead to an increased susceptibility
to invasion by phages [134].
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Figure 49: Lines indicating the normalised count of unitigs before and af-
ter antibiotic treatment that were found to be significantly asso-
ciated with treatment. The colour indicates whether or not the
pair of samples included an antibiotic treatment event inbetween
sampling times.
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annotated

gene

avg

beta

min

adjusted

p-value

number

of

unitigs

note

SPN_XDR... -1.6 1.07E-07 18 chlorohydrolase (trzA)

trpD2 -85.1 3.11E-07 4 lung invasion

Xen35.. -1.34 3.24E-07 1 chlorohydrolase (trzA)

yhbU_1 60.94 6.93E-06 1 virulence in K. pneumoniae

ebh_4 32.8 8.18E-06 1 Ebh

TCH8431... -1.66 1.55E-05 1 satellite prophage

ligA -62.21 1.64E-05 1 ligase

Xen35... -1.97 5.39E-05 1

cell wall surface anchor

family protein

6983_3#59_02064 -2.07 1.07E-04 3

YSIRK signal domain, cell

wall surface anchor family

protein

ebh_1 32.4 2.42E-04 1

Hyperosmolarity resistance

protein Ebh, cell wall

yclQ -1.25 2.64E-04 1

M26365... 0.64 3.66E-04 1 chlorohydrolase

TCH8431... 100.79 3.67E-04 1 phage

SPNA45_v2_00386 -1.1 4.54E-04 1 phage hyaluronidase

7092_6#23_00488 -1.1 8.66E-04 18 phage

7038_6#11_01761 0.61 1.54E-03 1

metallo-beta-lactamase

superfamily protein 1

SP49... -2.1 3.88E-03 4 TolA

SPN_XDR... -1.1 1.42E-02 1 PblB, phage-related protein

Xen35_... -1.59 1.69E-02 5 TolA

SPN7465... -2.1 1.96E-02 2 TolA

vanYb -2.08 2.54E-02 1 Programed cell death

7054_5#3_01541 -2.57 2.77E-02 3

7054_5#21_01434 -1.56 2.92E-02 1 TolA

INV104... -1.73 3.16E-02 4 TolA

7092_6#11_01414 2.85 3.74E-02 2

A66_GCF... -2.53 4.52E-02 1

transposase and

inactivated derivatives

malR -1.1 4.66E-02 1

transcriptional repressor of

the maltosaccharide utilization

operons malxCD and malMP

Table 17: Those unitigs found to significantly change in frequency following
an antibiotic treatment event using the paired sample design. Only
unitigs that could be annotated to the original collection of ∼3100

genome assemblies from Chewapreecha et al., [71] are included.
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7.5 discussion

Deep sequencing of whole plate sweeps allows for the identification
of resistance elements in samples containing multiple pneumococcal
lineages. The resulting increased sensitivity led to the identification
of 14.6% more resistance calls than using single colony picks. This
increase in sensitivity has important implications for the surveillance
and treatment of pneumococcal disease. It suggests that relying on
resistance calls obtained from a single genome may not be sufficient
to determine whether or not treatment with a particular antibiotic is
likely to be effective. While we found that resistance elements were
less likely to be found in multiple carriage than expected, the large
increase in the number of resistance calls suggests that surveillance
programs such as the Pneumococcal Molecular Epidemiology Net-
work (PMEN) may underestimate the prevalence of drug resistance
clones when relying on single genome data.

In Chapter 6, we found that multidrug resistant lineages are less
likely to be found in instances of multiple carriage. In this chapter, we
have demonstrated that a similar signal can be seen in resistance ele-
ments after accounting for the background population structure. This
suggests that it is the resistance elements themselves that are driving
the reduced presence in multiple carriage. Given many laboratory
studies have demonstrated that resistance often comes at a fitness
cost [428, 487], the reduction in multiple carriage could be explained
by resistant lineages being outcompeted by susceptible strains within
the host. This is consistent with the recent modelling study of Davies
et al., [111], which demonstrated that the coexistence of resistant and
susceptible strains within a population could be driven by the interac-
tion between susceptible lineages and less fit resistant lineages with
the host. However, it is unclear how this reduction in fitness would al-
low for the increased carriage duration observed in many multidrug
resistant lineages [295].

The additional insights provided by deep sequencing whole plate
sweeps enabled us to consider the impact of antibiotic treatment on
the genetic diversity of S. pneumoniae within the host. We identified
that children were more likely to be colonised with the multidrug
resistant lineage GPSC 1 following antimicrobial treatment. This was
in contrast to a previous study which suggested that the increase in
frequency post treatment was due to the eliminaition of susceptible
strains [495]. When treating patients it is thus important to consider
the implications of a resistant lineage taking the place of the current
infection. If this represents a significant risk, it could motivate the
prescription of broader spectrum antibiotics in the initial treatment.

The impact of treatment at the locus level revealed a number of hits
to genes related to both antimicrobial resistance and virulence. These
included hits to both an efflux ABC transporter protein and the well
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known penicillin-binding protein 2. The ability to identify these well
known resistance features without the need to perform laboratory
based experiments such as disk diffusions, demonstrates the added
value high resolution epidemiological data can provide to pathogen
genetic association studies. Furthermore, by comparing pairs of sam-
ples from the same host infected with a single lineage pre- and post-
treatment we identified a number of hits to phages as well as genes
associated with virulence and the pneumococcal cell wall. Many vir-
ulence genes are associated with the pathogen’s ability to persist in
carriage in response to stressors including antimicrobials. Thus, these
hits may be related to the pathogen’s stress response [253]. As phages
are known to facilitate horizontal gene transfer, the identification of
phage unitigs suggests that the pneumococcus may use phages as a
way to quickly adapt to changes in its environment. Equally, the link
to phages could be driven by the increased susceptibility of pneumo-
cocci to invasion by phages when subjected to antimicrobials [134].

Overall, we have shown that sequencing whole plate sweeps in-
creases our ability to detect antibiotic resistance mechanisms in pneu-
mococcal carriage. This coupled with an improved understanding
of the response of pneumococci to antimicrobial treatment could en-
hance future antibiotic surveillance, intervention and treatment strate-
gies.





8
M U TAT I O N , S E L E C T I O N A N D T R A N S M I S S I O N

8.1 background

Historically, relatively little attention has been paid to the genetic di-
versity present within the host at the sub-lineage level in pneumo-
coccal carriage. Similar to much of our analysis in Chapters 6 and 7,
the majority of studies have only considered within-host diversity in
terms of multiple carriage events of distinct pneumococcal lineages.
This was in part due to the expectation that the relatively low evolu-
tionary rate in most bacteria would lead to within-host populations
of a single lineage being nearly entirely monomorphic [130]. Recently,
studies have demonstrated that the within-host evolutionary rates of
S. pneumoniae are up to an order of magnitude larger than estimates
based on diverse datasets representing many years of evolution [63].

In addition to allowing the pneumococcus to adapt to antimicro-
bial treatment as described in the previous chapter, this increased
evolutionary rate has important implications for the pathogen’s abil-
ity to evade the host immune system and compete with other bacteria
including other pneumococci. The increased rate of the de novo gener-
ation of diversity within pneumococcal carriage also has implications
for genomic epidemiology including the identification of transmis-
sion chains and the characterisation of the transmission bottleneck.
As described in Chapter 4, within-host diversity can complicate trans-
mission inference efforts based on the analysis of single genomes. By
concentrating on fine scale variation at the sub-lineage level we are
able to better understand the mutational and selective forces acting
within pneumococcal carriage in addition to improving our under-
standing of the transmission S. pneumoniae.

8.1.1 Transmission

A significant benefit of the additional information on within-host di-
versity provided by whole plate sweeps is the increased resolution it
provides for the inference of transmission. Previous analyses of pneu-
mococcal transmission has for the most part relied solely on epidemi-
ological information or genomic data from single colony picks [169,
380]. Whilst this can provide valuable insights into the dynamics of
transmission, the high rate of co-infection of multiple lineages limits
the resolution of these approaches. In this chapter, we describe an
extension to the Transcluster algorithm discussed in Chapter 4, allow-
ing it to be applied to mixed infections in order to provide an upper
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bound on the distribution of the number of intermediate hosts that
separate two infections.

The increased sensitivity of this approach allows us to further in-
vestigate the transmission dynamics of S. pneumoniae. There is cur-
rently limited information on which age groups are responsible for
seeding the majority of pneumococcal transmission events [532]. A
recent modeling study based on pneumococcal carriage prevalence
data found that infants under the age of one contribute significantly
to the number of secondary infections per capita but that children
between 1-5 years of age play a much larger role in the population
level infection pressure [169]. Supporting this finding, an analysis of
the single colony pick genome data from the Maela refugee camp
identified a strong geographic structure in likely transmission events
and found that people were 4.5 times more likely to be infected by a
member of their household than from the wider community [380]. By
identifying which age groups contribute the most to transmission as
well as the interaction between parents and children more targeted
intervention strategies can be designed. Our previous analysis of the
impact of antibiotic treatment on the likelihood of being colonised
with a resistant strain (Chapter 7) adds to the importance of under-
standing the dynamics of transmission between parents and children.
If a vulnerable member of a family is treated with antibiotics, under-
standing whether they are likely to be susceptible to infection from
a family member carrying a resistance strain could motivate the use
of preventative antimicrobials. Identifying pairs of infections linked
closely by transmission also allows us to examine the transmission
bottleneck in pneumococcal infection. Previous studies focused on
mouse models of pneumococcal transmission observed a tight trans-
mission bottleneck of a single bacterium [271]. Such tight bottlenecks
are possible targets for interventions as the pathogen’s diversity is at
a minimum and thus vulnerable to treatment and competition.

8.1.2 Within-host mutation

The additional information on within-host minority variants provided
by sequencing whole plate sweeps allows us to examine the mu-
tational and selective forces driving the evolution of S. pneumoniae
within the host. An analysis of single genomes obtained from lon-
gitudinal samples of pneumococcal carriage episodes in the Gambia
identified that the within-host evolutionary rate was up to 40 fold
higher than that observed between hosts over longer time scales [63].
By analysing the mutational spectrum that corresponds to this ele-
vated evolutionary rate we can gain insights into the mutational pro-
cesses behind pneumococcal evolution.

It has been suggested that an increased mutation rate can provide
the genetic variation in bacterial cells on which selection can act to
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improve the fitness of populations under stress [278]. Modelling and
laboratory studies have gone on to show that depending upon the
scenario, faster mutating strains can either outcompete or be outcom-
peted by slower mutating strains [93]. The vast majority of mutations
with phenotypic effects are likely to be deleterious and thus in gen-
eral selection will act to reduce the mutational load in the absence of
external stressors. Thus while at short timescales an increased muta-
tional rate may be beneficial to respond to factors such as the immune
response or antimicrobial treatment, selection is likely to reduce the
evolutionary rate over longer timescales. The ability of bacterial pop-
ulations to switch between faster and more slowly mutating states
was demonstrated in the well known E. coli Long-Term Evolution Ex-
periment (LTTE) in which 12 cell populations have been serially prop-
agated for more than 60,000 generations. Here, one population was
observed to revert to a reduced mutational rate after being dominated
by a high rate of mutations for over 10,000 generations [195].

When considering mutational spectra we are often interested not
only in single nucleotide base changes, but also in the broader se-
quence context of such mutations. Biases based on mutational se-
quence context have been observed in a number of settings driven
by both different mutagens and different DNA repair mechanisms.
Analysis of the broader context of mutational spectra has proved use-
ful in a diverse range of organisms including providing remarkable
insights into the origins of different human cancers [173]. While there
have been a number of studies into the mutational spectrum of a se-
lect few bacterial species, most notably E. coli the majority of these
have been in laboratory isolates. Relatively little is known about the
mutational processes behind the evolution of S. pneumoniae within the
host. By comparing the mutational spectrum observed between hosts
to that seen in minority variants identified from whole plate sweeps
we can gain a better understanding about the different mutational
processes driving pneumococcal evolution at different time scales.

8.1.3 Within-host selection

Analysing within-host minority variants also allows us to consider
the role of selection on pneumococcal evolution during carriage. An
excess of nonsynonymous mutations compared to silent synonymous
mutations, usually expressed as the dN/dS ratio can indicate whether
there is evidence of adaptive change occurring within the host. Con-
versely, a lower dN/dS ratio can indicate purifying selection [360, 374].
Although the interpretability of the dN/dS has seen it used widely in
population genetics, the approach has some well-known limitations.
Notably, the dN/dS ratio is expected to vary even in a constant en-
vironment as younger variants with lower exposure to the forces of
selection may have ratios closer to one [341]. When considering pos-
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itive selection, the approach is also most sensitive to diversifying se-
lection, where any amino acid change is favoured over the current
state. Fortunately, the scenarios under which diversifying selection
is likely to occur overlap well with those we might expect to see in
short term within-host selection. Such scenarios include arms races
between competing strains or the host immune system. We might
also expect to see diversifying selection in response to antibiotic pres-
sure due to the different antibiotic exposures from host to host [130].
The utility of using dN/dS ratios to investigate selection acting over
short time scales has motivated the development of bespoke tech-
niques such as dNdScv; a method originally designed to detect can-
cer driver genes from somatic mutation data [331]. The simplicity of
the dN/dS approach has also motivated the development of methods
that can scale to the very large bacterial genomics datasets that are
currently being generated [509].

8.1.4 Characterising minority variants presents additional challenges

Typically in the analysis of sequencing data from single bacterial
colony picks, sequencing reads are aligned to a reference genome
and the consensus allele at each position in the reference is taken as
being representative of the genome for the colony [51]. The consen-
sus method is robust to low levels of contamination and sequencing
errors. However, whole plate sweeps allow us to examine not only
the consensus allele but also minority variants that appear at lower
frequencies. This presents additional challenges as sequencing errors,
contamination and multi-copy gene families impact on our ability to
identify real within-host minority variants. Despite aligning reads to
a pneumococcal reference genome, contamination of the culture plate
with closely related bacterial species represents a challenge as regions
of homology between the respective genomes of the two species can
lead to contamination being incorrectly called as within-host pneu-
mococcal variation. Similarly, multi-copy gene families can lead to
misleading signals. If a reference genome contains a single copy of
a gene when the sampled genome contains multiple copies the addi-
tional versions of the gene can appear as minority variants within the
final alignment. To negotiate these challenges we have implemented a
conservative variant calling pipeline that is able to filter out sequenc-
ing errors as well as masking regions that are likely to be impacted
by low level contamination or multi-copy gene families.

In this chapter, we start by examining within-host variants in the
context of transmission focusing on the relationship between mother
and child where our prior expectation of a plausible transmission link
is strong. Concentrating on samples consisting of a single lineage we
next consider how within-host diversity changes over the course of
a carriage episode. Using the same variant calls we go on to look at
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the mutational spectrum within pneumococcal carriage and compare
it to that found over longer timescales. Finally, using methods origi-
nally designed for investigating somatic mutations in cancer, we ex-
plore the dN/dS ratio at both the lineage level and gene level within
pneumococcal carriage.

8.2 methods

8.2.1 Calling within-host variants

The accurate identification of single-nucleotide polymorphisms (SNPs)
from bacterial sequencing data is important for a wide array of ap-
plications from identifying antibiotic resistance features to tracking
transmission. While the range of methods developed to identify SNPs
from sequencing data of single colony picks is well established, rel-
atively few studies have focused on identifying minority variants
which are critical to the analysis of within-host diversity using whole
plate sweeps [51]. The identification of minority variants is hampered
by a number of confounding factors including low level contamina-
tion from non-target bacterial species, multiple infections of different
strains of the same species and the impacts of multi-copy gene fami-
lies. Although algorithms such as mGEMS allow for deconvolution of
mixed samples of the same species, these approaches are usually de-
signed to separate mixtures with clearly distinct lineages such as GP-
SCs. Their ability to identify sub-lineage variation generated within a
carriage episode is largely unexplored and the added difficulty of this
problem is likely to lead to an elevated error rate. Instead we focus
on samples where only a single GPSC was identified which avoids
the problem of first deconvoluting separate lineages.

Despite this, genomic regions of homology between the target and
a contaminating species can still lead to minority variants being incor-
rectly called. Similarly, the high level of homology between multiple
copies of the same gene within a single genome can give a misleading
signal of within-host variation. Fortunately, in both of these scenarios
it is highly likely that the regions of overlapping homology will lead
to an elevated number of polymorphisms when compared to the over-
all background rate of within-host diversity in a sample. By using a
sliding window approach inspired by the Gubbins algorithm we are
able to identify these potentially confounding regions allowing us to
filter out erroneous within-host variant calls [104]. Coupled with a
conservative variant calling pipeline we can mitigate the impact of
sequencing errors, low level contamination and multi-copy gene fam-
ilies.
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8.2.2 Variant calling pipeline

To identify within-host minority variants we used the LoFreq variant
caller as it has been shown to generate robust minority variant calls
and accounts for base call qualities and alignment uncertainty to re-
duce the impact of sequencing errors [51, 508]. As it has been shown
that the choice of reference genome can dramatically impact the qual-
ity of variant calls, we selected a representative genome assembly for
each GPSC cluster which was used as a reference for those samples
found to contain that GPSC. Pairwise mash distances were calculated
for each GPSC cluster in the reference database described in Chap-
ter 6. The medoid of each cluster of genomes G was then identified
such that

gmedoid = arg min
y∈G

N∑
i=1

d(y, xi) (39)

The pipeline suggested in the LoFreq manual was used to call vari-
ants after first aligning reads for each sample to the respective GPSC
assembly. Reads were aligned to the chosen reference genomes using
BWA v0.7.17-r1188. The Picard tools v2.23.8 ‘CleanSam’ function was
then used to soft clip reads aligned to the end of contigs and to set
the alignment qualities of unaligned reads to zero. Pysamstats v1.1.2
was run to provide allele counts for each location of the aligned refer-
ence for use in the transmission analysis. The LoFreq pipeline v2.1.5
was run initially with stricter filters requiring a coverage of at least 10

reads to identify a variant. The resulting variant calls were used along
with the read alignment as input to the GATK BaseRecalibrator tool
v4.1.9 as suggested in the LoFreq manual to improve the estimated
base quality scores. Finally the LoFreq pipeline was run for a second
time with a reduced coverage requirement of 3 reads. The resulting
variant calls were only considered if there was support for the variant
on at least one read in both the positive and minus strand.

8.2.3 Identifying problematic regions

To identify problematic variants that were likely the result of low
level contamination or multi-copy gene families we implemented a
similar approach to that used to identify recombination in the tool
Gubbins [104]. A scan statistic was used to identify regions of the
alignment with an elevated number of polymorphisms. Assuming
that within host variants are relatively rare and should be distributed
fairly evenly across the genome, regions with a high number of poly-
morphisms are likely to be the result of confounding factors and can
thus be filtered out. We assumed a null hypothesis H0, that the num-
ber of polymorphisms occurring in a window sw follows a binomial
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distribution based upon the number of bases within the window w

and the mean density of polymorphisms across the whole alignment.
We chose w for each sample such that E(sw) = 1. A window cen-
tred at each polymorphism was then considered and a one-tailed Bi-
nomial test was performed to determine if that window contained
an elevated number of polymorphisms. After adjusting for multiple
testing using the Benjamini-Hochberg method those windows with a
p-value < 0.05 were selected and combined if they overlapped with
another window [28]. To more accurately define the edges of each
region, we assumed each combined window conformed to an alter-
native hypothesis H1r where the number of polymorphisms sr also
followed a binomial distribution with a rate based on the length of
the window lr and the number of polymorphisms within the window
sr. Each end of the window is then progressively moved inward to
the location of the next polymorphism until the likelihood of H1r rela-
tive to H0 no longer increases. The resulting final windows were then
called as potential problematic regions if they satisfied the inequality

0.05
g/lf

> 1−

i=sf−1∑
i=0

(
lf
i

)
di0(1− d0)

lf−i (40)

Where lf is the length of the final window, g is the length of the
reference genome and d0 is the expected rate of polymorphisms un-
der the null hypothesis. The left hand side of Equation 40 accounts
for the possible number of similarly-sized non-overlapping windows
in the reference.

An example of the output of this approach is given in Figure 50,
which indicates that the algorithm accurately identifies regions that
are likely to be problematic for the analysis of within-host diversity.

8.2.4 Transmission

A number of algorithms have been developed to infer putative trans-
mission links by taking advantage of information on within-host di-
versity provided by deep sequencing data including BADTRIP and
SVA [114, 516]. These algorithms have been shown to improve on
estimates that rely on single representative genomes from a sample.
However, they make a number of assumptions that make them un-
suitable for the analysis in this chapter. Importantly, both approaches
assume that all infections have been sampled in an outbreak which
is highly unlikely in the analysis of the endemic transmission of S.
pneumoniae in the Maela camp. Whilst our novel simulation based
approach described in Chapter 4 was originally developed with this
study in mind, we have yet to show concretely that it is able to pro-
vide consistent results over a wide range of scenarios. Instead in this
chapter we take a more conservative approach and adapt the Tran-
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Figure 50: An example of the regions inferred to be spurious in a sample
aligned to the 15 contigs of the reference assembly of GPSC 1.
Each refion identified in each contig by the binomial scan statistic
if given a different colour to allow them to be distinguished.
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sCluster algorithm described in Chapter 4 to provide an upper bound
estimate on the distribution of the number of intermediate hosts sep-
arating two samples [468].

In place of the core genome pairwise SNP distance used in the
original TransCluster algorithm, for each pair of samples that share a
GPSC, we calculate the number of sites along the reference genome
that share no matching alleles between each pair of samples. The
allele counts at each site along the reference are taken from the out-
put of pysamstats as described in Section 8.2.2. Regions of low cov-
erage (less than 3 reads) in one sample are not counted towards the
overall distance. If we assume that each sample represents the di-
versity within each host then this approach identifies the minimum
theoretical SNP distance between any two pneumococcal genomes
in each host. As such it provides an upper bound for the probabil-
ity distribution of the number of intermediate hosts. We assume a
mean generation time of 2 months and an evolutionary rate of 5.3
SNPs/genome/year as calculated from the analysis of the pneumo-
coccal genomes from the original single colony pick study into Maela
described in Chapter 5.

8.2.5 Mutational spectrum

In the mutational spectrum analysis of human cancers, normal sam-
ples are usually taken along with samples of the cancer to allow for
somatic mutations to be distinguished from germline mutations. As
we can not be sure which alleles were present at the start of a pneu-
mococcal carriage episode we can not be certain of the direction a
mutation occurred in. For example, it is difficult to distinguish be-
tween a A>C and a C>A mutation. Instead, we consider the differ-
ence between the consensus and minority variants at each site in the
reference genome. If we assume that the colonising variant typically
dominates the diversity within an infection then this approach corre-
sponds with the direction of mutation. To account for the context of
each mutation we considered the consensus nucleotide bases either
side of the mutation. These were then normalised to account for the
overall composition of the reference genome for each GPSC. The nor-
malised mutation rates (r) for each of the 192 possible changes (j) in
a trinucleotide context were calculated as:

rj =
nj

Lj
∑
j
nj
Lj

(41)

Where nj is the total number of mutations observed for a trinu-
cleotide change j, and Lj is the total number of times that the corre-
sponding trinucleotide is present in the reference genome. To avoid
double counting the same mutation, each variant was only counted
once per host.
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To compare with the mutational spectrum observed across a longer
timescale we considered the recombination filtered alignments of 7

major sequence clusters generated in the original publication of the
single colony pick analysis of the Maela dataset [71]. We used Iqtree
v2.1.2 to build a maximum likelihood phylogeny for each alignment
using a General Time Reversible (GTR) model with 4 rate categories
and enabled the ‘ancestral’ option to reconstruct the sequences at
the internal nodes of the resulting phylogeny [358]. Mutations were
called by considering changes in alleles between consecutive nodes
of the phylogeny and the mutational spectrum was normalised using
the trinucleotide frequencies in the reconstructed ancestral sequence
of the root node.

8.2.6 Selection

Traditional dN/dS methods were developed to investigate selection
acting across large timescales with many studies considering datasets
comprising multiple species. These approaches typically rely on Markov-
chain codon substitution models [193]. More recently, the sequencing
of large human cancer datasets has necessitated the development of
methods such as dNdScv which have been designed for more closely
related genomes where observed changes often represent individual
mutation events [331]. Here, mutations are modelled using a Pois-
son framework allowing for more complex and realistic substitution
models to be considered. Using the filtered variant calls, we make
use of the default substitution model in dNdScv which considers 192

rate parameters to model all possible mutations in both strands sepa-
rated by their trinucleotide context. The default model also considers
two additional parameters to estimate the dN/dS ratios for missense
and nonsense mutations separately. We fit this model to each GPSC
separately where there were at least 10 hosts infected with the sin-
gle GPSC. We considered both the global dN/dS estimates as well
as estimating dN/dS parameters at the gene level. In the case of the
gene level estimates, dNdScv incorporates global estimates for the
variation rate across genes as well as accounting for the sequence
composition of the gene.

8.3 results

8.3.1 Transmission links suggest strong geographic structure

To explore the structure of putative pneumococcal transmission links
within the Maela camp we compared the pairwise geographic dis-
tance of the household from which each sample was taken with the
mean probability the two samples were the result of a direct trans-
mission. Figure Figure 51, indicates that samples taken from people
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Figure 51: The mean probability of a direct transmission inferred using
the TransCluster algorithm adapted for within-host variants com-
pared to geographic distance determined as the straight line
distance between homes. The mean has been calculated over a
rolling window of 0.1km. Mother/child pairs have been removed
from the red line indicating that the geographic is not driven
solely by within-household relationships.

living in close proximity within the camp have an increased proba-
bility of being related by a direct transmission event. Although some
of this geographic structure is driven by transmission events between
samples obtained from both mothers and children within the same
household, after removing these pairs the strong geographic struc-
ture remained (Figure 51). This result corresponds well with both our
previous analysis of single colony picks using TransPhylo in Chap-
ter 5 as well as with the approach of Numminen et al., [380]. Given
the small size of the Maela camp and as people are able to freely move
throughout the camp it is somewhat surprising that we observe such
tight geographic structure. This has important implications for local
interventions targeting both pneumococcal disease as well as other
respiratory pathogens that transmit and colonise in a similar fash-
ion. For example, if a virulent strain such as serotype 1 is observed
then neighbouring households may be at elevated risk. Knowing this,
measures could be taken to minimise the risk to vulnerable people in
close proximity to an infected household.
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8.3.2 Asymmetric transmission between mother and child

Arguably the closest contact an infant will have in the early stages of
their life is with their mother. Accordingly, developing a strong un-
derstanding of the transmission dynamics between mothers and their
children could inform both the treatment and prevention of pneumo-
coccal infections. To examine the transmission relationship between
mother and child we considered all pairs where we identified the
same GPSC in both mother child. This resulted in 70 such pairs being
identified. Using the TransCluster approach described in Section 8.2.4,
we identified 48/70 pairs where the probability of less than 5 interme-
diate hosts seperating two samples exceeded 1%. This corresponds to
a maximum pairwise SNP distance of 12 which is a similar threshold
to that used in other studies [56]. We complemented the transmission
information provided by the sequencing data with the extended set of
serotype calls obtained via latex sweeps available for both mother and
child with a representative example example given in Figure 52. We
assigned a putative direction to each of the sequence supported trans-
mission links if the serotype involved was observed in the donor host
prior to the recipient and within 2 months of the recipient becoming
infected with the same serotype. If this condition was not met the link
was designated an ambiguous direction. Within the 48 mother/child
pairs we identified 66 transmission links. Of these 16 were sugges-
tive of mother to child transmission, 22 were ambiguous and 28 were
consistent with transmission from the child to their mother as shown
in Figure 53. The utility of the additional information on within-host
diversity provided by whole plate sweeps is highlighted by the fact
that 23/66 transmission links involved a sample that contained more
than one GPSC. This indicates that in this dataset, up to a third of the
identified transmission links through sequencing could have been ob-
scured if only genomes from single colonies were considered.

These results suggest that children are significantly more likely to
transmit to their mothers than vice-versa (p-value of 0.048 using an
exact binomial test with a null model of an even chance of transmis-
sion in either direction). This is consistent with a recent modeling
study conducted across a wide range of countries investigating pneu-
mococcal transmission dynamics from carriage prevalence data [169].
In this study the authors observed that <1 year-old children, while
still very frequently causing secondary infections, had a lower contri-
bution to the force of infection than children between 1 and 5 years of
age. To investigate this finding in our dataset we repeated the analysis
only considering those links that occurred prior to the child turning
one. This resulted in 16 mother to child events, 16 ambiguous events
and 17 putative child to mother transmission links. Strikingly, this is
consistent with a much higher rate of transmission from mother to
child in the first year of life (16 - 0). In addition to being consistent
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with the previous modelling study, this result could have consider-
able importance for the design of preventative treatment and vaccina-
tion strategies to prevent disease in very young children.

8.3.3 Close transmission pairs are more likely to share minority variants

Transmission bottlenecks are important points in the evolution of
the pneumococcus where the population size and genetic diversity
is usually at its lowest, making the pathogen particularly vulnerable
to intervention strategies. To date, most studies investigating the size
of the bottleneck in pneumococcal transmission have made use of
animal models, usually infecting mice with multiple strains of ge-
netically marked pneumococci to estimate how many bacteria are
transmitted to a new host [271, 310]. These studies have suggested
that pneumococcal transmission involves a very tight bottleneck with
Kono et al, [271] suggesting that transmission consisted of only a sin-
gle cell. While these studies have provided valuable insights into the
dynamics of pneumococcal transmission, the extent that they can be
generalised to the transmission of S. pneumoniae in humans remains
unclear.

To investigate the transmission bottleneck using our data, we counted
the number of shared minority variants between every pair of sam-
ples that contained a single pneumococcal lineage from the same
GPSC. We then plotted the resulting distribution of counts separat-
ing those pairs that had a probability of being within 5 intermedi-
ate hosts of at least 1%, the same threshold used in our analysis of
mother/child transmission pairs as shown in Figure 54. Unlike many
common methods for investigating the transmission bottleneck this
approach does not rely on well identified direct transmission pairs.
However, it is more limited in that it does not provide an estimate
for the actual size of the transmission bottleneck and rather indicates
whether minority variants are likely to be transmitted or not. As trans-
mission is a highly stochastic process, exact estimates of the mean
bottleneck size may be of limited use and thus we focus on the sim-
pler and possibly more important question of whether within-host
diversity can be transmitted.

Figure 54, indicates that the median number of shared within-host
variants is significantly higher amongst those pairs of samples where
the probability of close transmission is high. The distributions were
compared using a Poisson generalised linear model with the number
of shared variants found to be significantly higher in both the close
transmission pairs and the close transmission of mother/child pairs
(p < 0.001). While there are still a substantial number of close trans-
mission pairs that share zero minority variants, the elevated number
of shared variants in this category is consistent with the transmission
bottleneck not being constrained to a single bacterium. This would
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Figure 53: A stacked barplot of the number of transmissions from mother to
child over all pairs split by direction and whether the transmis-
sion occured prior to the child turning one. Those transmission
links where the direction was unclear are represented as ‘ambigu-
ous’.

allow for the maintenance of within-host diversity through multiple
carriage events allowing the pneumococci to more easily adapt to
environmental changes in a new host. It should be noted that the
increased number of shared variants could also be the result of mul-
tiple transmission events between the same two hosts. However, re-
cent experimental studies have suggested that resident strains may
outcompete newcomers which could suggest that this increased di-
versity is transmitted in a single event [449]. While the number of
shared variants in sample pairs that are unlikely to be linked closely
by transmission is significantly lower there are still a sizable number
of sample pairs that share a large number of minority variants. This is
consistent with some mutations being more likely to occur than oth-
ers which could be the result of certain sites having higher mutation
rates or be driven by the effects of selection discussed in more detail
in Section 8.3.6.

8.3.4 Despite significant heterogeneity in the diversity of minority variants
in carriage there is evidence for parallel within-host evolution

Obtaining an accurate picture of the variability of within-host diver-
sity in pneumococcal carriage is important in understanding how rep-
resentative a single sample from an infection is likely to be of the
broader population dynamics. Consistent changes in the diversity of
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Figure 54: Boxplots indicating the distribution of the number of shared mi-
nority variants for: all pairwise relationships; those found to be
within a transmission distance of 6 5 intermediate hosts with
a probability of > 0.1; and the subset of these that consisted of
mother/child relationships. The increase in the number of shared
minority variants at higher transmission probabilities suggests
that the mean transmission bottleneck is greater than one.

variation within pneumococcal carriage could be informative for esti-
mating the time at which a person was infected. Conversely, high vari-
ation between consecutive samples could result from repeated bottle-
necks induced by within-host competition, the immune response of
the host or from the sampling process itself. To explore the diversity
of within-host variation during carriage we considered those samples
where a single GPSC was found in the same host over multiple con-
secutive months and where no antimicrobial treatment had occurred
during this period or within a month of the first sample. We found
a high level of variability in the number of within-host minority vari-
ants found between consecutive samples. To test whether there was
any consistent change in the number of minority variants between
the first time a GPSC was sampled in a host and later samples we
used a Poisson generalised linear mixed model with a random effect
to account for host level differences such as the timing of the first
sample within a carriage episode. No significant trend was identified.
The highly stochastic nature of the number of within-host minority
variants is exemplified in Figure 55, which indicates the number of
minority variants over time for the 6 carriage events where at least 4

timepoints were sampled.
Despite this high level of variability, a number of mutations were

observed as minority variants repeatedly in different hosts. Figure 56,
indicates that while the majority of mutations are only observed in a
single sample, consistent with neutral evolution some mutations ap-
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Figure 55: The number of minority variants found for each sample taken
from a host where the same single lineage was found in at least
4 consecutive samples. Lines for the 6 separate hosts are repre-
sented as different colours. The high variability indicates there is
not a consistent increase or decrease in the diversity of sampled
variants through carriage.

pear in up to 122 hosts. Repeated examples of the same mutation were
found in both genic and intergenic regions. While biases introduced
by the culture, sequencing or bioinformatics processing of these sam-
ples could lead to similar results, the fact that shared minority vari-
ants were found to correlate with the probability of transmission sug-
gests that experimental artefacts are unlikely to be the main source of
this signal. Moreover, similar results have been observed in an inde-
pendent study of pneumococcal carriage in the Gambia where a dif-
ferent experimental setup consisting of the sequencing of consecutive
single colony picks also identified a number of recurring within-host
mutations [63]. These results could be consistent with parallel evolu-
tion within the host as a result of selection which we consider further
in a subsequent section.

8.3.5 The mutational spectrum of S. pneumoniae is heterogeneous across
different timescales

Understanding the rate and profile of spontaneous mutations within
S. pneumoniae is fundamental to accurately characterising the molec-
ular processes driving its evolution. To investigate the within-host
mutational spectrum of the pneumococcus, we made the simplifying
assumption that a minority variant was likely to have mutated from
the consensus variant at that location in the genome. This assumes
that the bottleneck in pneumococcal transmission is tight and that
the founding variants are likely to dominate due to the additional
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Figure 56: Histograms indicating the distribution of the number of times a
minority variant is seen in different hosts, split by whether the
variant was found in a genic or intergenic region. Although most
variants are found only once, a number are found many times
suggestive of parallel evolution.

time in which they have to proliferate. Across all single infections
we counted the number of unique substitution events, allowing a sin-
gle variant to be counted only once per host. Similar to the study of
mutational spectra in cancer genomics we also examined the genomic
context of these mutations by considering the two neighbouring bases
either side of the mutation. Figure 57 indicates the resulting mutation
spectra with and without this contextual information after normalis-
ing for the sequence composition of the reference genome. To com-
pare this spectrum with that observed between hosts over a longer
timescale we considered the number of independent mutations in
each of the major sequence clusters of the genomes obtained from
the single colony picks in the original genomics study of S. pneumo-
niae in the Maela camp [71].

Figure 58 reveals that both the within-host and between host mu-
tational spectrum is dominated by transitions mainly consisting of
C>T mutations. This is similar to that observed in mutational accu-
mulation studies of other bacterial species including E. coli, V. fischeri
and V. cholerae involving the serial passaging of bacteria between cul-
ture plates in a laboratory [132, 219, 285]. The consistency with which
C>T mutations occur as the predominant mutation across a varied ar-
ray of bacterial species has been speculated to be simply the result of
cytosine deamination, which may dominant other mutational sources
such as replication and repair mechanisms [219]. The similarity of our
derived mutational spectrum with previous studies coupled with the
similarity between the mutational profiles of the between and within-
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Figure 57: The mutational spectrum of between-host and within-host mu-
tations split by their trinucleotide sequence context. Frequencies
have been normalised to account for the background distribution
in the reference (within-host) and root ancestral state (between-
host).

host spectra suggests that our results are unlikely to be the result of
experimental biases.

Strikingly, in addition to C>T mutations, the within-host muta-
tional profile consisted of an excess of C>A transversions with weak
sequence context when compared to that observed between hosts.
This is consistent with a recent laboratory experiment into the mu-
tational spectrum of E. coli which utilised a highly accurate sequenc-
ing approach (Maximum-depth sequencing) to detect extremely rare
mutations in populations of bacteria [247]. In this study the authors
identified an excess of short lived C>A mutations consistent with the
differences we observe in the spectrum at the within and between
host timescales. They observed that these mutations were unlikely
to be the result of polymerase or sequencing errors and that increas-
ing the treatment of in vivo DNA with fpg, a protein that excises
purines reduced the rate of C>A substitutions. This is consistent with
other studies investigating the impacts of oxidative stress on the mu-
tation rates of bacteria [424]. Instead, the authors suggest that the
excess of C>A substitutions may be driven by the misincorporation
of As into C sites. These misincorporations are then reversed prior
to genome replication, explaining the excess of C>A mutations at the
short timescales observed within the host.

8.3.6 Evidence for selection acting within the host

The identification of multiple identical within-host minority variants
suggests that signals of selection acting within the host may be evi-
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Figure 58: The mutational spectrum of between-host and within-host muta-
tions. Frequencies have been normalised to account for the back-
ground distribution in the reference (within-host) and root ances-
tral state (between-host).

dent in our dataset. As the lifecycle of S. pneumoniae occurs nearly ex-
clusively within its human host, characterising selection at this resolu-
tion can be informative for understanding the processes driving pneu-
mococcal evolution across longer timescales. To investigate within-
host selection we utilised the Poisson mutation model included in
the dNdScv package originally developed for identifying driver mu-
tations in cancer genetics studies. This approach is able to account for
the fact that within-host mutations often represent individual muta-
tion events [331]. We concentrated our analysis on the 10 most com-
mon GPSCs in our dataset. This provided sufficient statistical power
while allowing us to make use of the more accurate within-host vari-
ant calls obtained by aligning samples to closely related reference
genomes. It also enabled us to consider a wider range of genes over
that found in the limited core set of genes common to all pneumo-
cocci.

Figure 59a, indicates the global dN/dS estimates for each of the
GPSC’s considered with separate estimates for both missense and
nonsense mutations. In both cases the estimated dN/dS ratios were
below 1 for all GPSCs indicating that purifying selection is the pre-
dominant force driving pneumococcal evolution within the host. As
expected, these ratios are higher than those reported from the analy-
sis of diverse pneumococcal datasets representing years of evolution
[96, 288]. This can be explained by the fact that deleterious mutations
are not purged instantaneously, allowing them to be observed in sam-
ples representing the broader population diversity present within the
host [60]. With the exception of GPSC 25, the estimated dN/dS ratio
for nonsense mutations was lower than for missense mutations which
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is consistent with nonsense mutations being more likely to lead to the
loss of essential functions. Despite the lower number of nonsense mu-
tations observed, there was not a significant association between the
variant allele frequencies of nonsense mutations when compared to
missense and synonymous mutations (Figure 59b). Interestingly, the
observed dN/dS ratios for both nonsense and missense mutations
are very similar to that observed in SARS-CoV-2, another pathogen
present in the nasopharynx which we describe in more detail in Chap-
ter 9.

In addition to estimates of the global dN/dS ratio, the large num-
ber of samples in our dataset allows for the investigation of within-
host dN/dS ratios at the gene level. Similar to the global estimates
we made use of dNdScv to estimate ratios for each gene in each of
the top 10 GPSCs and conducted a likelihood ratio test with the corre-
sponding neutral model to identify genes that had a significant signal
of selection. The resulting significant dN/dS ratios for missense mu-
tations after correcting for multiple tests are given in Figure 60. Inter-
estingly this identified a number of genes that have been linked to the
virulence of S. pneumoniae including pcpA and lytA [253]. This is con-
sistent with a previous study of selection in the broader Streptococcus
genus which similarly identified an association between selection and
virulence [10]. LytA is conserved across a diverse range of strains sug-
gesting that similar selective forces may act on this gene across differ-
ent timescales [506]. PspA is known to diversify frequently through
recombination and it has been suggested that this may reflect positive
selection for evading adaptive immune responses which may then be
subject to negative selection if the alteration reduces the functionality
of the protein [96].

We also identified a large number of transposable elements. Short-
term pneumococcal evolution is characterised by the movement of
phage and intragenomic rearrangements [98]. The identification of
these elements is thus consistent with selection acting over a short-
time scale. However, the high mobility of these elements could also re-
sult in recombination events leading to biased estimates of the dN/dS
ratios [60]. Consequently, further confirmatory analyses possibly mak-
ing use of long read data is needed to ensure the identified mutations
were unbiased by recombination.

Finally, we identified significant diversifying selection in the cglC
gene in 4 of the 10 GPSCs. CglC is known to play a role in pneumococ-
cal competence with laboratory experiments demonstrating that the
absence of the cgl locus led to the complete loss of transformability
[399].

Transformation is known to result in a tradeoff between fitness ben-
efits and costs. Benefits include the ability to acquire drug resistance
genes, evade the immune system through allelic replacement and
repair damaged DNA [408]. However, transformation has also been
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Figure 59: a.) The estimate dN/dS ratios found in minority variants using
dNdScv split by missenese an nonssense mutations. The algo-
rithm was run for separately for each GPSC. b.) The inferred vari-
ant allele frequencies of minority variants split by whether they
caused synonymous, missenese or nonsense mutations. Each vari-
ant is plotted as a transparent point with the far fewer number
of nonsense mutations leading to the lighter colour in the final
boxplot.
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The algorithm was run for seperately for each GPSC.

shown to lead to transient growth arrest, the disruption of beneficial
alleles and fratricidal killing of non-competent cells [213]. As a result,
maintaining variable levels of transformation within the population
of pneumococcal cells in an infection may allow the pathogen to bet-
ter adapt to the presence of antimicrobial, antibodies or competing
infections with the fitness costs of this adaptability preventing these
cells from sweeping to fixation [399].

8.4 discussion

The additional information provided by deep sequencing such a large
collection of whole plate sweeps from pneumococcal positive nasopha-
ryngeal swabs has provided one of the clearest pictures of the dynam-
ics of pneumococcal evolution both within the host and in transmis-
sion.

We have demonstrated that the approach can be used to improve
our ability to distinguish different transmission scenarios using ge-
nomic data. This allowed us to confirm the previous finding that close
transmission links have a strong geographic structure. The added res-
olution of the method also allowed for the characterisation of the typ-
ical transmission direction between mothers and their children. Our
finding that mothers are more likely to infect infants in their first
year of life could have important implications for the design of in-
tervention strategies such as when and to whom vaccines should be
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administered to as well as whether antibiotics could be used to pre-
emptively reduce the likelihood of invasive disease. Looking at the
number of shared minority variants between hosts identified as close
transmission links indicates that consistent with previous studies, the
transmission bottleneck is likely to be small. However, it is unlikely
to be restricted to only a single bacterium as has been previously
postulated [271].

By focusing on minority variants within pneumococcal infections
consisting of a single lineage we were able to shed light on the selec-
tion and mutational processes driving pneumococcal evolution within
the host. We found a distinct mutational spectrum of within-host mi-
nority variants when compared to that seen over longer timescales
which was consistent with previous laboratory studies of minority
variants in E. coli populations. This coupled with identification of
diversifying selection acting on genes linked to pneumococcal com-
petence suggests that consistent variation generated by mutational
processes within the host may allow the pneumococcus to maintain
the ability to quickly react to external stressors including the host im-
mune response and antimicrobial treatment. This is supported by our
previous GWAS analysis of the impact of antimicrobial treatment on
within-host variation in Chapter 7.

In this part of the thesis we have shown that the deep sequencing of
whole plate sweeps of cultured pneumococcal samples can improve
our ability to accurately identify cases of multiple carriage as well
as pneumococcal resistance and virulence factors. We have further
demonstrated that accurately characterising within-host variation can
improve transmission inference efforts and can provide insights into
the mutational and selective forces driving the evolution of S. pneu-
moniae within the host. With the ever decreasing cost of sequencing
and as many of the laboratory steps required to culture and sequence
whole plate sweeps of pneumococcal samples are identical to those
required for single colony picks, this part of the thesis presents a
compelling case for the routine use of deep sequencing whole plate
sweeps in the surveillance of S. pneumoniae.



Part III

S A R S - C O V- 2

Part III describes the analysis of the genetic diversity of
SARS-CoV-2 within the host, conducted in response to the
global SARS-CoV-2 pandemic.
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This chapter involved the combined efforts of many people from the
SARS-CoV-2 genomics teams based at the Sanger Insitute and the
University of Cambridge. In particular, Dominic Kwiatkowski super-
vised the analysis of within-host diversity in SARS-CoV-2 infections.
Estée Török and Will Hamilton supervised the analysis of SARS-CoV-
2 transmission in care homes. The analysis of tranmission in care
homes was performed in collaboration with Will Hamilton. Inigo
Martincorena performed the analysis of the mutational spectrum and
selection within SARS-CoV-2 infections which is described briefly in
this chapter for completeness. Andrew Lawson and Roberto Amato
called the within-host minority variants.

9.1 background

The SARS-CoV-2 pandemic has caused global disruption and more
than one million deaths in 2020 [520]. Originating in Wuhan, Hubei
province, China in late 2019, the virus is the seventh coronavirus
known to infect people after having jumped from an animal reservoir
with similar coronaviruses isolated from both bats and pangolins [7].

The majority of SARS-CoV-2 infections are mild, with only a frac-
tion of people developing more severe symptoms including life threat-
ening pneumonia [525]. Severe symptoms of coronavirus disease 19

(COVID-19) are disproportionately seen in the elderly and people
with pre-existing conditions such as cardiovascular disease and dia-
betes [74, 137]. This has led to considerable heterogeneity in the infec-
tion fatality ratio between regions, ranging from 0.24% in Slovenia to
1.88% in New York, depending on the region-specific demographics
of those infected [137].

Similar to other beta-coronaviruses, SARS-CoV-2 is an enveloped
virus with a large positive-sense single-stranded RNA genome, nearly
30kb in length [522]. After entering a host cell, the viral genomic RNA
is translated to produce nonstructural proteins from the two open
reading frames, ORF1a and ORF1b [261]. The viral genome is used as
a template to generate negative-sense RNA intermediates templates
which are used to synthesise positive-sense genomic RNA (gRNA)
and subgenomic RNAs (sgRNAs). While gRNA are packaged to as-
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semble progeny virions, sgRNAs encode conserved proteins includ-
ing: the spike protein (S), envelope protein (E), membrane protein
(M) and nucleocapsid protein (N) as well as a number of accessory
proteins including 3a, 6, 7a, 7b, 8, and 10 [261]. The spike protein (S),
mediates entry into host cells and interacts with host receptors such
as angiotensin-converting enzyme 2 (ACE2). As a result, this protein
has been a major target for many vaccine efforts [402].

Aside from vaccine design, the initial sequencing of the SARS-CoV-
2 genome in early 2020, has yielded important insights into the ori-
gins and spread of the pandemic [522]. Routine sequencing has be-
come part of the public health response in a number of countries in-
cluding Australia, New Zealand and the UK where over 100,000 viral
genomes were sequenced by the 10th October 2020 by the COVID-19

Genomics UK Consortium (COG-UK) [53, 186, 444]. Genome sequenc-
ing has also provided insights into the adaptation of the virus to its
human host with recent studies indicating the D614G mutation which
occurred in the early stages of the pandemic may have increased the
transmissibility of the pathogen [402, 497].

Tracking the transmission and spread of the virus is the major mo-
tivation behind the high level of sequencing being performed by mul-
tiple public health bodies. In this chapter we focus on two distinct
but related questions on the use of genomics to track SARS-CoV-2.
Firstly, can we use genomics to gain a better understanding of trans-
mission into and within high risk groups such as elderly care homes?
Secondly, how does the virus evolve within the human host and can
within-host diversity be used to improve transmission inference ef-
forts?

9.1.1 SARS-CoV-2 transmission in care homes

The disproportionately high mortality seen in the elderly and people
with preexisting conditions means that elderly care homes are partic-
ularly vulnerable to outbreaks of COVID-19. As of the end of June
2020, the United Kingdom (UK) Office for National Statistics (ONS)
estimated that 30.2% (13,417 deaths) of all COVID-19 deaths in Eng-
land occurred in care homes [384]. According to the ONS, there were
an estimated 29,393 excess deaths in care homes between 28th De-
cember 2019 and the 12th June 2020 indicating that the true number
of care home COVID-19 deaths may be significantly higher. This dis-
crepancy is likely driven by COVID-19 testing limitations during the
early stages of the outbreak in the UK [385]. Consequently, obtaining
a strong understanding of the transmission of SARS-CoV-2 into and
around care homes is of particular importance. In particular, identi-
fying whether SARS-CoV-2 typically spreads between care home res-
idents within a home or is the result of multiple introductions can be
crucial in deciding appropriate mitigation strategies. Similarly, under-
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standing the role of healthcare workers in transmission could lead to
improved transmission control procedures.

9.1.2 Within-host diversity of SARS-CoV-2

Genomic epidemiology typically relies on obtaining a single represen-
tative genome per infected individual. Whilst this can provide valu-
able information in the tracking of infectious disease, inconsistencies
between the phylogeny of the sampled genomes and the underly-
ing transmission chain can complicate transmission inference efforts.
By obtaining additional information on the within-host diversity of
a pathogen we can generate improved estimates of transmission. A
more thorough description of the difficulties and benefits of within-
host data is given in Chapter 4. In addition to potentially improving
estimates of transmission chains, analysis of the within-host muta-
tional spectrum of the virus can improve our understanding of the
origins of mutations and the dominant mutational mechanisms driv-
ing the evolution of the virus.

9.1.3 Data

To answer both of these questions we collected two distinct datasets
from across the East of England. We identified 1,167 positive COVID-
19 samples between 26th February and 10th May 2020 from the resi-
dents of 337 care homes of which 700 (60%) had been sent for genome
sequencing and returned a reliable consensus sequence. These data
were coupled with genomes obtained from tests conducted on health
care workers within Cambridge University Hospitals (CUH) to allow
for the investigation of transmission relationships between health care
workers and care home residents.

To investigate the within-host genomic diversity of SARS-CoV-2 we
obtained genomic data from 1,181 SARS-CoV-2 positive samples col-
lected in March and April 2020, comprising 1,123 infected individuals
of whom 49 had multiple samples collected at different timepoints. To
gain insights into within-host diversity and to allow for the investiga-
tion of the reproducibility of within-host variant calls, two libraries
were sequenced for each sample with separate reverse transcription
(RT), PCR amplification and library preparation steps. To develop re-
liable methods for analysing within-host variation in the context of
ongoing genomic epidemiological studies, we used the ARTIC pro-
tocol which is a common method used for SARS-CoV-2 genome se-
quencing by many labs around the world [400].

Using these data, the following sections investigate the major ques-
tions surrounding the transmission of SARS-CoV-2 within care homes
and whether information on within-host diversity can provide addi-
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tional resolution for transmission inference as well as insights into
the mechanisms of SARS-CoV-2 evolution.

9.2 methods

9.2.1 Variant calling

To identify both within-host and consensus variants we made use
of the ShearwaterML algorithm [187]. Originally developed for the
analysis of deep sequencing data in cancer studies, the algorithm uses
a Beta Binomial model to account for sequencing errors. For each site,
a null model of the probability of sequencing errors is learned from
a set of control samples. The calling of variants is then formulated
as a model selection problem through the use of a likelihood ratio
test. In cancer studies, the null model is usually fit to a collection of
alternative non-cancer (normal) samples under the assumption that
each variant is likely to be rare in the population.

As we do not have a similar set of reference samples from which
to learn the null model, we instead fit the null model to a subset
of 50 replicates and set sites with a non-reference allele frequency
of > 1% as uninformative. The resulting ShearwaterML calls were
merged if consecutive calls differed in VAFs 6 0.05 and were filtered
to ensure: a total depth of > 100x; a BH adjusted p-value of 6 0.05
in one sample and an unadjusted p-value 6 0.01 in the replicate sam-
ple. This is a conservative approach which allowed us to be more
confident that the resulting variants were not the result of sequenc-
ing artefacts. However, the ShearwaterML pipeline provided similar
overall results to more standard and less conservative methods such
as bcftools [299]. In the analysis of care home data, the variants were
obtained directly from the COG-UK assemblies [53].

9.2.2 Mutational spectrum and selection

To investigate selection and the mutational spectrum within the host
we made use of similar approaches to that used in the analysis of
within-host diversity in S. pneumoniae in Chapter 8. We adopted the
Wuhan-Hu-1 reference genome as the ancestral state with which to
call mutations. As the occurence of the same mutation across dif-
ferent samples may not be independent we counted mutations only
once when considering the consensus genomes and up to five times
when considering within-host variants. This avoided a small number
of highly-recurrent hotspots from dominating the spectrum. Similar
to our analysis of the pneumococcus we calculated the dN/dS ra-
tios using the dNdScv R package with the default substitution model
comprising 192 rate parameters.
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9.2.3 Consensus phylogeny construction

Consensus genomes for each replicate were generated using the ARC-
TIC SARS-CoV-2 bioinformatics pipeline. A multiple sequence align-
ment was generated using MAFFTv7.464 and any sites that were
discordant between replicates were set to be ambiguous [257]. Sites
that have previously been identified to create difficulties in generat-
ing phylogenies were masked using bedtools v2.29.2 using the VCF
described in De Maio et al, 2020 [113, 412]. Fasttree v2.1.11 was used
to generate a maximum likelihood phylogeny [406].

9.2.4 Transmission model

To investigate transmission, samples were only considered if both
replicates produced high quality consensus genomes. When multiple
samples from the same host were available the earliest sample was
used. Pairwise SNP distances were generated between the consensus
genomes using pairsnp v0.2.0 [483]. The distribution of the underly-
ing number of intermediate transmission events between each pair
of samples was then inferred using an implementation of the Tran-
sCluster algorithm as described in Chapter 4. The serial interval and
evolutionary rate were set to 5 days and 1e-3 substitutions/site/year
[162, 538].

9.2.5 Identification of potential mixed infections

Potential mixed infections were identified using a linear model by
testing whether the allele frequencies in a sample could be better ex-
plained by the inclusion of an additional consensus genome from the
COG-UK dataset of the 29th May 2020. Additional samples mixtures
were considered if the addition of a COG-UK consensus genome
could explain at least 2 iSNVs and have at most 1 variant that was
not found in the alleles of the sample. This identified 54 putative
mixtures which were then screened manually to obtain 36 potentially
mixed samples.

9.3 results

9.3.1 Transmission in care homes

The genomic data considered here represents a subset of a larger col-
lection of samples taken from 1,167 care home residents from 337

care homes. This collection included 193/337 residential homes and
144/337 nursing homes representing approximately half of the care
homes in the East of England that reported confirmed COVID-19 out-
breaks to PHE by the 11th of May 2020 [409].
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Across this collection, there was a median of two COVID-19 cases
per care home (IQR: 1-5, range: 1-22), with the top 10 care homes con-
taining 164/1167 of the cases. This dataset was collected prior to the
implementation of routine asymptomatic testing in care homes. As
a result, the number of positive cases likely represents a significant
underestimate due to the high rate of asymptomatic cases of SARS-
CoV-2 infection [361]. The seriousness of the situation in care homes
is highlighted by the difference in mortality between care home resi-
dents and non-care home residents at the Cambridge University Hos-
pitals. Of the 72/464 care home patients admitted to CUH, 34/72

(47.2%) died within 30 days of a positive COVID-19 test. This com-
pared with 78/392 (19.9%) of non-care home residents. The difference
in mortality between care home and non-care home patients was sig-
nificant even after controlling for age and whether or not patients
were admitted to the intensive care unit. This highlights the gravity
of the situation in many care homes and demonstrates the need for
a thorough understanding of the transmission of the virus into and
within care homes. To investigate the patterns of transmission within
care homes we considered a subset of 700 samples representing 292

care homes, collected from residents between 26th February and 10th
May 2020 for which high quality genomic and epidemiological data
was available. In order to determine cases that could be plausibly
linked by recent transmission events we made use of the implemen-
tation of the TransCluster algorithm described in Chapter 4. This en-
abled us to account for the genetic distance between viral genomes
as well as the time difference between samples. To concentrate on the
most likely transmission links we used a pragmatic cut-off of at least
a 15% probability that any two samples were connected by at most
2 intermediate hosts. This corresponded with a maximum of 4 SNP
differences between any pair of genomes and a maximum of 22 days
separating the sample dates (Figure 61). As we are not considering
any community samples outside of care homes, we did not attempt to
infer possible transmission events between care homes. Without the
strong prior assumption that people living within the same care home
are more likely to transmit to one and other, the low viral diversity
within the UK during this period makes inferring close transmission
links difficult [403].

Within the 292 care homes, we identified 409 distinct transmission
clusters with a median of one cluster per care home and a maximum
of four. This can be compared with the 316 clusters that would occur
if we ignored the genomic data, equivalently treating all the genomes
as identical. The increase in the number of identified clusters high-
lights the value of genomics in distinguishing separate introduction
events. The distribution of genetic and temporal distances between
each pairwise comparison within a cluster is show in Figure 61 in-
dicating 673/775 (86.8%) of pairwise links had zero or 1 pairwise
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SNP differences, and 756/775 (97.5%) were sampled < 14 days apart.
Transmission links for the top ten care homes with the most sampled
genomes are shown in Figure 62, indicating that infections in some
care homes could be explained by a single transmission cluster (e.g.
CARE0314), while others comprised multiple introduction events (e.g.
CARE0061). This highlights the importance of both preventing the in-
troduction of the virus into care homes as well as implementing ef-
fective infection control procedures within care homes to prevent the
onwards transmission of the disease.

9.3.2 Healthcare workers

While it was not possible to consider transmission links between
care homes, detailed epidemiological information on the location and
movement of healthcare workers within CUH allowed us to consider
possible transmission links between care home residents and health-
care staff. Similar to the previous analysis we considered each care
home independently. However, we allowed healthcare workers to be-
long to clusters from multiple care homes to account for the possi-
bility of multiple interactions between a healthcare worker and dif-
ferent care homes. Using the same threshold of at least a 15% proba-
bility of a transmission event within 2 intermediate hosts we iden-
tified 38/54 care home residents with possible links to healthcare
workers (Figure 63). Of these, there was strong epidemiological sup-
porting evidence for 14/38 or 26% of the total care home residents
for which healthcare worker data was available. These involved the
care homes CARE0063 and CARE0114 (Figure 63). The cluster found
in CARE0063 was described in a previous publication and included
a carer at the home, a carer from a different care home as well as
paramedics and a number of family members of the healthcare work-
ers [354]. The cluster at CARE0114 had not been described previously
and included acute medical staff from CUH, including one staff mem-
ber who cared for at least one of the residents of the care home. As
described in Chapter 4, the TransCluster pairwise transmission algo-
rithm does not assign a direction to transmission events and can not
exclude the possibility of both infections being the result of separate
transmissions from a third unsampled host (Figure 26c). As such, the
number of links between healthcare workers and care home residents
may be inflated. However, the strong epidemiological evidence for
a number of interactions suggests that some transmission between
healthcare workers and care homes is likely to have occurred. Inter-
estingly, an additional link was identified between a third care home
(CARE0273) and the same paramedics involved in the CARE0063

cluster. Consecutive pairwise transmission links could be made be-
tween these care homes within zero SNPs and three days. These care
homes are located within 1km of each other suggesting that there



212 transmission and within-host evolution of sars-cov-2

0

50

100

150

200

0 5 10 15 20
date difference

co
un

t

0

100

200

300

400

0 1 2 3 4
SNP distance

co
un

t

a.

b.

Figure 61: The distribution of pairwise SNP (a) and date (b) distances be-
tween those transmission links that were found to have at least a
15% probability of being within two intermediate hosts using the
TransCluster algorithm
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Figure 62: Transmission networks generated using the TransCluster algo-
rithm inlcuding links that were found to have at least a 15% prob-
ability of being within two intermediate hosts. These networks
may not necessarily reflect the true transmission network, and
hospital-acquired infections for some of the clusters is a possibil-
ity alongside multiple introductions into the same care homes.
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could plausibly have been transmission between homes, possibly fa-
cilitated by healthcare staff. While this is speculative, it highlights the
struggle healthcare workers face in preventing transmission and the
difficulties posed by a highly connected healthcare system.

9.3.3 Within-host diversity

Our analysis of care home data has highlighted the value of WGS in
distinguishing different transmission scenarios, notably by enabling
us to identify multiple introductions into care homes in addition to
links between healthcare workers and care home outbreaks. As out-
lined in Chapter 4, although single genomes can be informative for
transmission inference, a phylogeny built from single genome sam-
ples from each host can often be explained by multiple transmission
scenarios (Figure 25). To determine whether additional information
on the within-host diversity of SARS-CoV-2 could improve transmis-
sion inference efforts and to gain a better understanding of the evolu-
tion of SARS-CoV-2 within the host we generated high depth sequenc-
ing data for 1,181 samples from the East of England. These samples
were distinct from those used in the analysis of care home transmis-
sion and involved 1,123 infected individuals of whom 49 had multiple
samples collected.

To identify reliable within-host mutations and to determine the re-
producibility of using amplicon sequencing to investigate within-host
diversity we sequenced all 1,181 samples in duplicate. Two libraries
were sequenced for each sample with separate reverse transcription
(RT), PCR amplification and library preparation steps. To develop re-
liable methods for analysing within-host variation in the context of
ongoing genomic epidemiological studies, we used the ARTIC pro-
tocol which is a common method used for SARS-CoV-2 genome se-
quencing by many labs around the world [400, 411].

Variants were called using the ShearWaterML algorithm using a
site-specific error model learned from a collection of reference sam-
ples as described above. To investigate the concordance between repli-
cates we compared all sites with a variant allele frequency (VAF)
> 0.5% supported by at least 5 reads. While the majority of samples
showed high concordance between replicates others were discordant
(Figure 64). This could be driven by uneven amplification of a small
number of RNA molecules with either rare within-host mutations or
RT/PCR errors. Using a beta-binomial, we compared the diagnostic
Ct values with the discordance between replicates which identified
that samples with Ct > 24 showed high levels of discordance but that
in general samples with lower Ct values had good concordance be-
tween replicates. This suggests that lower viral loads can compound
amplification biases and other sequencing artefacts which should be
thought through when using RT-PCR protocols to study within-host
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Figure 63: Transmission networks including healthcare workers generated
using the TransCluster algorithm inlcuding links that were found
to have at least a 15% probability of being within two intermedi-
ate hosts. Healthcare workers may be present in the networks of
multiple care homes.
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Figure 64: Dot plot indicating the concordance between variant allele fre-
quency estimates across sequencing replicates. Each point is a
single variant called in an individual sample.

diversity. To alleviate many of these issues we only consider variants
found in both replicates for the remaining analyses.

In total, we identified 18,888 putative variants, including 7,190 con-
sensus variants (VAF > 95%, affecting 948 sites) and 11,698 within-
host variants (affecting 5,625 sites). Within-host variants included 7,561

single-nucleotide substitutions, 3,235 small deletions, 548 small inser-
tions and 354 putative multi-nucleotide variants. Minority variants
were detected in the majority of samples (95.2%), with a median of
8 within-host variants per sample at a mean allele frequency of 7.2%
(median 1.9%, minimum 0.05%). This is likely to be an underestimate
as in some cases the absence of within-host variants will be due to
technical issues driven by low sequencing depth in one or both of the
replicates. However, the results were inline with a similar study on
the within-host diversity of SARS-CoV-2 [320].

9.3.4 Mutational spectrum

To gain a better understanding of the dominant mutational mech-
anisms driving SARS-CoV-2 evolution we examined the mutational
spectrum of both within-host mutations and ‘between’ host muta-
tions which included those variants above 95% frequency which dif-
fered from the Wuhan-1 reference genome (Figure 65). The similarity
between within-host mutations and ‘between’ host mutations indi-
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cates the similar processes may be driving the spectrum in both cases
and provides extra confidence to our within-host mutation calls. The
frequencies given in Figure 65 indicate the observed changes after
mapping to the plus strand reference genome. Consequently, the ex-
cess of C>U mutations over G>A indicates an asymmetry in the mu-
tational profile between the plus and minus strands of the virus. In
addition to this asymmetry we see an excess of C>U and G>U muta-
tions (shown as C>A in Figure 65).

We would not expect to see these asymmetries as a result of repli-
cation as each RNA molecule has been through the same number
of replication steps between plus and minus strands using the same
RNA-dependent RNA-polymerase. An alternative explanation is that
RNA editing or damage occurs at a similar rate at all times in molecules
of both strands. The higher molarity of the plus strand would thus
provide more time over which mutations could occur leading to the
asymmetry in the mutational spectrum [437]. Mutational processes
that could explain the dominance of C>U over G>A and G>U over
C>A include spotanouse cytosine deamination and guanine oxida-
tion respectively which have both been observed as common muta-
genic processes human cells [216, 277]. Previous efforts to look at the
mutational mechanisms in SARS-CoV-2 have suggested that two fam-
ilies of RNA-editing enzymes may contribute significantly: APOBEC
cytosine deaminase enzymes (C>U); and ADAR enzymes causing
adenosine-to-inosine changes (A>G) [124]. However, while we see a
high rate of C>U changes we do not see a high frequency of A>G mu-
tations as previously indicated [450]. In human cancers, mutations
driven by APOBEC enzymes are characterised by strong sequence
context leading to changes occurring predominantly at TpC sites,
which we do not observe (Figure 65) [216]. Thus while we can not rule
out a role for these enzymes in the mutational mechanisms behind
SARS-CoV-2 evolution, our data is more consistent with spotanouse
cytosine deamination and guanine oxidation.

9.3.5 Within-host mutational load and selection

As the within-host variant allele frequency provides an estimate of
the number of viral RNA molecules that carry a mutation within a
sample, we can estimate the mean number of within-host mutation
per viral genome. This can be achieved by summing the allele fre-
quencies of all within-host variants within a sample [332]. We esti-
mated a mean mutation load over all samples of 0.72 (median 0.37)
(Figure 65d). This is an approximation as it assumes that each RNA
molecule consists of the entire viral genome which is not always the
case given the presence of RNA fragments including sgRNAs [397,
511]. It also fails to account for mutations that fall below our qual-
ity control thresholds and thus likely represents an underestimate of
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Figure 65: (a) Histogram of the VAFs of all variant calls. (b, e) Mutational
spectra of major (b) and within-host (e) variants, as mapped to the
reference strand indicating mutational strand asymmetries. Error
bars depict Poisson 95% confidence intervals. (d) Histogram of
the lower bound estimates of the mean number of within-host
variants per viral genome per sample. (c, f) Mutational spectra
of major (c) and within-host (f) variants, as in [5]. Mutations are
represented as mapped to the pyrimidine base, depicted above
the horizontal line if the pyrimidine base is in the reference (plus)
strand and below it if the pyrimidine base is in the minus strand.
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Figure 66: (a) Genome-wide dN/dS ratios for missense and nonsense muta-
tions (Methods). Error bars depict 95% confidence intervals from
the Poisson maximum-likelihood model. (b) VAFs of within-host
variants as a function of their predicted coding impact. P-values
were calculated with Wilcoxon tests.

the true value. Given an estimated evolutionary rate in SARS-CoV-2
of ∼ 0.001 mutations/bp/year [162], or ∼ 0.082 mutations/genome/-
day, this would suggest that the estimated mutation load could be
acquired relatively quickly over a few days.

To investigate potential differences in selection acting at the within
and between host level we used dNdScv, a tool designed to estimate
dN/dS ratios for populations that undergo little or no recombination
[331]. The dN/dS ratios for dominant variants (VAF > 95%) and mod-
erate variants (VAF > 10%) were under strong purifying selection,
while within-host variants overall exhibited weaker purifying selec-
tion (Figure 66). This is consistent with the selection observed at the
consensus sequence level being driven by within-host selection rather
than during transmission.

9.3.6 Longitudinal samples of the same host

To investigate the possible accumulation of de novo mutations during
the course of an infection, we studied 43 individuals for whom we
had multiple samples collected at different timepoints (Figure 67a).
Overall the number of within-host variants tended to increase over
time and this trend was significant using a Poisson mixed model to
control for host specific effects (p=0.007; Figure 67b). To put this find-
ing in context, there was considerable variation in the observed num-
ber of within-host variants among samples from the same individual,
even if taken on the same day, possibly as a result of artefactual bot-
tlenecks caused by the different sampling methods which included
sputum, swabs and bronchoalveolar lavage. High variability between
longitudinal samples has also been observed in six out of nine hospi-
talised patients in Austria [404]. Here, the authors found using data
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Figure 67: (a) Frequencies of within-host variants for three selected hosts
where multiple samples were taken over consecutive days. Sam-
ples taken on the same day have been offset by a small distance.
(b) The difference in the number of within-host variants between
pairwise combinations of samples taken from the same host.The
order for samples taken on the same day was randomised

from nine patients with longitudinal samples that the divergence in
variant frequencies between serial samples from the same patient was
on average greater than that between donor recipient transmission
pairs. The authors observed multiple instances of the fixation of a
variant over the course of an infection. In contrast, we observed no
change in the consensus genome sequence in any of the individuals
from whom multiple samples were collected. It is possible that the
accumulation of within-host mutations could in future be used to
estimate time since infection, but validation of this approach would
require analysis of time-series data in a larger number of individuals
with high quality epidemiological data.

9.3.7 Shared within-host variants

If the population bottleneck in SARS-CoV-2 transmission is large,
identifying shared within-host variants between samples could po-
tentially inform transmission inference efforts. This was shown in
Chapter 4, where the SVC algorithm was found to more accurately
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Figure 68: dot plot indicating the number of samples that have a within-
host variant for each site in the SARS-CoV-2 genome. Colours
represent the different open reading frames within the genome.

identify transmission chains under a loose transmission bottleneck.
Recurrent mutations have been identified in both the global consen-
sus phylogeny of SARS-CoV-2 genomes as well as in previous studies
of within-host variation [113, 320]. However, while shared variants
could inform estimates of transmission there are a number of poten-
tially confounding factors including: sequencing errors, contamina-
tion between samples, coinfection of the same sample with multiple
lineages, recombination, mutational hotspots, and positive selection.
It is vital that the source of shared within-host variants are well un-
derstood prior to their use in transmission inference to avoid poten-
tially erroneous conclusions which could potentially impact on public
health decision making.

Across our dataset 196 mutations are observed as within-host vari-
ants in samples from at least 5 hosts (0.45%) (Figure 68). Due to
the use of replicates and the ShearWaterML variant calling algorithm
which models the error profile of each site, these recurrent mutations
are unlikely to be the result of sequencing or PCR errors.

In order to investigate the genetic background of our samples we
generated a maximum likelihood phylogeny of all consensus gen-
omes produced by the COG-UK consortium by the end of May 2020,
including those for the samples on our dataset (Figure 69a). This
showed that our samples represent a broad range of the SARS-CoV-2
genetic diversity found in the UK at that time, and that the diversity
observed among our samples was not primarily driven by geographi-
cal location. To explore the relationship between within-host variants
and the consensus phylogeny, we identified within-host variants that
are shared between samples, as illustrated by links between the tips of
the phylogenetic tree in Figure 69b. This confirmed that within-host
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variants are often shared between samples that are distant on the
consensus phylogeny. Both a high level of recombination and a large
transmission bottleneck would be required for within-host variants to
be maintained across long transmission chains in order to explain the
simultaneous preservation of some within-host variants with the fixa-
tion of others. The sharing of within-host variants between consensus
genomes as divergent as 10 SNPs, indicating multiple months of sep-
aration between the samples suggests that a more likely explanation
is that these shared within-host variants are the result of recurrent
mutation or co-infection.

To investigate the correspondence between shared within-host vari-
ants and transmission, we used the TransCluster algorithm to infer
the probability distribution of the number of intermediate hosts that
separate each pair of samples[468]. This pairwise approach accounts
for the serial interval of the virus as well as its evolutionary rate using
the difference in the number of SNPs between each pair of consensus
genomes. Figure 70a illustrates the relationship between the mean
number of shared within-host variants and the probability that the
respective infections were a result of direct transmission. A weak cor-
relation with transmission probability was found for shared within-
host variants of high allele frequency, but not for those of low allele
frequency.

Similar to our use of the TransCluster algorithm we can investigate
the background genotypes of each within-host variant in more de-
tail. If shared within-host variant were the result of transmission we
would expect them to occur within similar genomic backgrounds. In
the absence of significant recombination a shared within-host variant
is incompatible with the simultaneous fixation of additional variants
as the within-host allele would either be purged or hitchhike and
become fixed. Figure 71, indicates a selection of three notable within-
host variants along with the VAF of all other non-reference calls. Sim-
ilar to our initial transmission analysis, the heatmaps suggest a com-
plex genomic background for these variants that is more consistent
with independent recurrent mutation rather than the transmission of
minority variants.

Recurrent within-host mutations could be driven by both muta-
tional hotspots or convergent positive selection. As we observed that
25% (51/205) of recurrent (n > 5) within-host variants are predicted
to cause synonymous mutations and as our estimate os the dN/dS
ratio for within-host variants indicated that they are subject to pu-
rifying selection these recurrent variants are more likely to be the
result of hypermutable sites. However, this does not exclude the pos-
sibility that some recurrent within-host variants are under positive
selection. The spike glycoprotein mutation D614G, which has been
shown to increase the transmissibility of the virus [402, 497] appears
as a within-host variant in 12 of our samples with a higher VAF than
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Figure 69: (a) Left panel - a maximum likelihood phylogeny of all COG-UK
consensus genomes available on the 29th May 2020. Red dots in-
dicate the location of those samples that were deep sequenced in
replicate. Middle panel - the same phylogeny restricted to those
samples taken for deep sequencing. Right panel - the region each
patient’s home address was located. (b) Left panel - maximum
likelihood phylogeny of samples deep sequenced to investigate
minority variants. Middle panel - links are drawn between tips of
the phylogeny that share within-host minority. Right panel - links
restricted to those variants seen in less than 2% of individuals.
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Figure 70: (a) The median number of shared iSNVs shared by each pair of
samples binned by the probability they were the result of a direct
transmission according to the model of Stimson et al., 2019. Re-
sults, with a minimum minor allele frequency of 0.01, 0.02, 0.05

and 0.1 are shown in each of the facets. (b) The same plot as B
but having removed all samples that were inferred to be mixed
infections.
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Figure 71: Heatmaps of variant allele frequencies in samples containing
three common within-host variants are shown. The diversity of
major variants (black tiles) across samples is better explained
by independent acquisitions of the minority variant rather than
transmission.

other within-host variants (median VAF 0.56 vs 0.036, Wilcoxon test
P=3.98e-4).

9.3.8 Mixed infections

While most within-host variants are more concordant with recurrent
mutation it is important to consider the phylogenetic transmission
signal we observed in within-host variants at higher allele frequen-
cies. It has been proposed that co-infection by different lineages is a
significant source of within-host variation in SARS-CoV-2 (Lythgoe et
al. 2020). Co-infection by multiple lineages would result in the allele
frequencies of divergent bases to appear as within-host variants and
reflect the proportions of either haplotype. To identify possible co-
infected samples we compared the site frequency spectrum for each
of our samples with all of the consensus genomes in the COG-UK
dataset at the end of May 2020. A linear model was used to iden-
tify mixtures of two consensus genomes that could explain the allele
frequencies of variants within a sample better than a single consen-
sus genome. Additional mixtures were considered if two consensus
genomes could explain at least two additional within-host variants
over that of a single consensus genome. In this case the additional
consensus genome was restricted to have at most one variant that
was not found in the sample. Samples identified by the model as
being a possible mixture of consensus genomes were then visually
inspected to determine whether the putative co-infections were con-
vincing. This resulted in 36 putative co-infected samples, with a rep-
resentative example shown in Figure 72. To determine the potential
impact of co-infections on transmission inference we excluded all 36

samples and re-ran the pairwise transmission analysis using the Tran-
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Figure 72: An example of three samples identified as potential mixtures. The
consensus lineage is given first and coloured blue while the po-
tentially co-infecting lineage is given second and coloured red.
Minority variants that do not match the co-infecting lineage are
coloured grey.

sCluster algorithm on the remaining samples. Figure 70b indicates
that the remaining within-host variants no longer correlate as well
with the probability of direct transmission, suggesting that much of
the correlation observed previously was driven by co-infections.

It has been suggested that correlations between co-infections and
the consensus phylogeny could be driven by the co-transmission of
multiple strains [320]. However, as the transmission signal in the mi-
nority variants in the remaining samples has reduced; a more likely
explanation is that co-infection of certain strains is driven by multi-
ple episodes of superinfection (co-infection from two different infec-
tion sources). As these samples and those from the Lythgoe study
were acquired from hospitalised patients, the correspondence with
the consensus phylogeny could then be driven by structured superin-
fection within hospital COVID-19 wards. The prevalence of infection
within hospitals, particularly during the first ‘wave’ of the COVID-
19 pandemic was often considerably higher than in the community
with up to 50% of the consultant A&E workforce at one Welsh hos-
pital testing positive in April, 2020 [34]. This contrasts with the find-
ing that approximately 6% of the UK population had been infected
with SARS-CoV-2 by the end of June, 2020 [501]. Within hospital
transmission was also common in the early stages of the outbreak
in Wuhan with 41% of 138 patients were found to have contracted
SARS-CoV-2 in hospital [499]. While it is not possible to rule out cross-
contamination between samples, this contamination would have to
be structured to explain the correlations between the inferred co-
infections and the consensus phylogeny. Batch effects were carefully
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controlled for by Lythgoe et al., [320], and as we identified a simi-
lar signal using an independent dataset with samples sequenced in
replicate, structured superinfection provides a better explanation. In
cases of higher prevalence, repeated episodes of superinfection rather
than co-transmission could complicate the use of within-host minor-
ity variants in transmission inference.

9.4 discussion

We have demonstrated the utility of using genomics to inform es-
timates of transmission and to gain a better understanding of the
mechanisms of evolution of SARS-CoV-2 within the host.

By incorporating genomic data in the analysis of SARS-CoV-2 trans-
mission in care homes in the East of England, we were able to identify
an additional 93 potential introductions of the virus into care homes
that were indistinguishable using symptom onset time data alone.
Our transmission analysis suggested that infections in a number of
care homes could have been the result of outbreaks with all or most
infections plausibly connected by recent transmission events. These
transmission clusters could also plausibly be driven by multiple intro-
ductions owing to the low viral diversity of SARS-CoV-2 within the
broader community at the time these samples were taken [403]. These
results suggest that preventing new introductions into care homes as
well as limiting the possibility for onwards transmission is vital in
preventing outbreaks within this vulnerable subpopulation.

Our findings of plausible transmission links between care home
residents and healthcare workers including paramedics, care homes
workers and hospital staff demonstrates the difficulties of an intercon-
nected healthcare system. This was highlighted by a plausible trans-
mission link between two care homes that involved healthcare work-
ers. The higher prevalence of SARS-CoV-2 infection within hospitals
during the first wave of the pandemic makes the interaction between
healthcare workers and care home residents particularly problematic.
Consequently, ensuring healthcare workers have access to adequate
personal protection equipment coupled with other infection preven-
tion efforts such as asymptomatic testing screens are critical in reduc-
ing the burden of COVID-19 within care homes.

Limitations to our analysis of SARS-CoV-2 transmission in care
homes includes the limited number of positive samples for which ge-
nomic data was available as well as the low viral diversity within the
broader population making it difficult to definitely describe chains of
transmission. We also did not have data on healthcare worker status
for those samples from tests carried out outside CUH, which limits
our ability to accurately describe the origin of some care home infec-
tions as they could plausibly have been acquired within hospitals or
from carers.
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While the diversity between hosts in the care home dataset was lim-
ited, we identified considerable genetic diversity within individual
SARS-CoV-2 infections in a separate dataset from the East of England
that cannot be explained by technical artefacts. We estimated that
each viral genome within a host, on average deviated from the con-
sensus genome for that host by 0.72 variants. As most samples were
collected within hospitals and thus were likely in the later stages of
infection, this is consistent with the accumulation of most within-host
genetic diversity during infection. This was supported by our obser-
vation in longitudinal samples from the same host that the number
of within-host mutations tends to increase over time.

Our analysis of the mutational spectrum of within-host variants
suggests that they are characterised by purifying selection, similar to
variants found in the consensus phylogeny. This implies that selec-
tion may be primarily occurring within the host rather than at trans-
mission. Unlike previous studies we observed a mutational spectrum
with a clear asymmetry between plus and minus strands dominated
by C>U and G>U mutations indicating the direct demand of cytosine
and guanine bases could be a common mechanism of mutation in
SARS-CoV-2.

Similar to previous studies we identify a large number of within-
host variants that are shared between different hosts [320]. Many of
these variants are shared between hosts that are distant on the corre-
sponding consensus phylogeny including a number of variants that
also appear frequently as homoplasies at the consensus level [113].
This coupled with the observation that in the absence of significant
recombination, the transmission of within-host variants is incompati-
ble with the simultaneous fixation of additional variants suggests that
recurrent mutation rather than transmission is likely to be responsi-
ble for most shared variants although co-infection between lineages
could also be a relevant factor in high transmission settings.

In our dataset, we identified approximately 3-4% of samples which
were plausibly the result of co-infection with multiple SARS-CoV-2
lineages. This is similar to a separate analysis of within-host infec-
tion conducted in England where it was reported that the sharing of
within-host variants correlated with the hospitals the samples were
taken from. Here, Lythgoe and colleagues suggested these variants
could be explained by localised episodes of superinfection (where an
individual acquires infection from multiple sources) and subsequent
co-transmission of multiple lineages [320]. Using the TransCluster al-
gorithm, we find some correlation between shared within-host vari-
ants at higher allele frequencies and the probability of direct transmis-
sion. However, we find this signal is partially driven by co-infection.
The higher prevalence of COVID-19 in many hospital wards increases
the chances of superinfection. Thus, in samples taken from hospitals
treating multiple patients with COVID-19 it may be hard to separate
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shared within-host variants that are driven by superinfection from
those caused by transmission complicating the use of within-host vari-
ants for transmission inference.

Overall we find substantial genetic diversity of SARS-CoV-2 within
the host which appears to be primarily driven by the accumulation
of de novo mutations during the course of an infection often at highly
mutable sites. We identify a small number of plausible instances of co-
infection that could further complicate transmission inference efforts.
We thus recommend caution in the interpretation of minority variants
for transmission inference and suggest that epidemiological data is
essential in accurately determining transmission chains in SARS-CoV-
2.





10
C O N C L U S I O N

This thesis has described methodological advances in three key areas
of bacterial genome analysis. The analysis of two new large sequenc-
ing datasets has provided unique insights into the transmission and
within-host evolution of S. pneumoniae and SARS-CoV-2.

10.1 bacterial genome analysis

Bacteria have been studied in detail since the discovery of the first bac-
terial cells in the 17th century. However, it was only in the 21st cen-
tury that high throughput genomics enabled the study of bacterial
evolution at scale and over different timescales. The increasing size
and complexity of bacterial genomic datasets has required the devel-
opment of new tools and techniques. This thesis has addressed three
significant problems in the analysis of large WGS datasets, namely
the identification of population structure, characterisation of gene
content and tracking of transmission.

By approximating a Dirichlet process mixture (DPM) model, our
genetic clustering method ‘fastbaps’ is able to cluster pathogen ge-
netic datasets 10-100 times larger than previous approaches. We demon-
strated the accuracy and speed of this method by clustering over
110,000 HIV pol genes as well as over 3000 pneumococcal genomes.
We also provided an extension of the algorithm that is able to parti-
tion a predefined phylogeny to maximise the DPM model marginal
likelihood in linear time. This allowed for the full phylogeny of HIV-
1 pol genes to be partitioned in 45.8 seconds using a single cpu.
The speed improvements provided by the ‘fastbaps’ algorithm have
allowed for model based clustering of previously intractably large
datasets. The approach also has considerable potential for use in
surveillance settings where models are refitted regularly as new data
becomes available.

The automated annotation of prokaryotic genomes is imperfect
with errors due to fragmented assemblies, contamination, diverse
gene-families and mis-assemblies leading to substantial problems when
attempting to determine a species’ pangenome. In large genome col-
lections these errors can accumulate. We have demonstrated that fail-
ing to account for errors in gene annotation in an extremely clonal
M. tuberculosis dataset can lead to over 30% of the inferred gene clus-
ters in the resulting pangenome being erroneous. We developed Pa-
naroo, a tool that constructs a full graphical representation of the
pangenome and leverages the resulting contextual information sur-
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rounding erroneous clusters to correct for annotation errors. Panaroo
was able to achieve more than a 10 fold reduction in the number
of erroneous clusters. In addition to developing Panaroo to cluster
genes into orthologous and paralogous groups we produced a set of
downstream analysis tools to aid in the interpretation of the results.
This allowed for the identification of gene gain and loss rates across
51 of the major Global Pneumococcal Sequencing Clusters and iden-
tified an association between a reduced rate of gene gain correlated
with an increased odds ratio for that GPSC to cause invasive disease.
A separate tool allowed for the interrogation of the graphical struc-
ture of the inferred pangenome, which we demonstrated on the Euro-
GASP collection of 1054 Neisseria gonorrhoeae isolates. Using this tool,
we identified associations between antibiotic resistance and structural
rearrangements near phage-associated transposase and pilin genes.

The SARS-CoV-2 pandemic has dramatically highlighted the im-
portance of being able to accurately track the spread of infectious
diseases through a population. We present extensions to existing algo-
rithms including increasing the speed of TransCluster, an algorithm
based upon pairwise SNP distance, by more than an order of mag-
nitude allowing the algorithm to scale to datasets comprising over
100,000 genomes. The differences in tracking the outbreak of a disease
versus transmission of an endemic pathogen were discussed and we
show that adapting the TransPhylo transmission algorithm achieves
improved estimates of transmission in endemic scenarios. A further
adaptation of the TransPhylo algorithm enables a pathogen’s gener-
ation time (time between infections) to be inferred if the sampling
probability is known. This allowed for the inference of the genera-
tion times of the major clades of S. pneumoniae in the Maela refugee
camp in Thailand. Finally, we describe initial efforts to implement a
simulation based transmission inference algorithm. By simulating the
within-host genetic diversity within a host and during transmission
we showed that using recent advances in likelihood-free inference
techniques, accurate transmission inferences could be made. How-
ever, as we only tested this approach on a limited set of simulated
scenarios, additional work is needed to determine how robust the
technique is and to determine how successfully it can be applied to
real pathogen data.

10.2 genetic diversity of the pneumococcus within the

host and in transmission

Deep sequencing whole plate sweeps of cultured pneumococci signif-
icantly increases our ability to detect virulence factors, resistance ele-
ments and instances of multiple carriage. In the Maela pneumococcal
study, deep sequencing identified 17.7% more lineages than found us-
ing single colony picks which is the current standard in the genomic
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surveillance of S. pneumoniae [190]. Crucially, the increased sensitiv-
ity of deep sequencing showed that well known virulent pneumo-
coccal serotypes, including serotype 1, were more likely to be found
at lower frequencies in cases of multiple carriage suggesting current
techniques may systematically underestimate their prevalence within
carriage. The 14.6% increase in the number of resistance calls, charac-
terised using whole plates sequencing over single colony picks, high-
lights how this strategy adds value by informing both the surveillance
of resistance within the pneumococcal population and the treatment
of individual infections. As the cost and complexity of sequencing
whole plate sweeps is comparable to that of single colony picks, this
approach presents an attractive alternative for improving the surveil-
lance of S. pneumoniae.

Deep sequencing whole plate sweeps has provided unique insights
into the dynamics of multiple carriage in S. pneumoniae. Virulent serotypes
were found more often in multiple carriage than would be expected
given their overall prevalence. In contrast, resistance elements and
other well known virulence factors were found at lower than expected
rates in multiple carriage. These findings have important implications
for models of the maintenance of strain structure within the S. pneu-
moniae population. In particular, the reduced rates of resistance ele-
ments in multiple carriage is consistent with these elements confer-
ring a fitness cost leading them to be outcompeted within the host.
This fits with the model of the maintenance of resistance at interme-
diate frequencies based on negative frequency dependent selection
proposed by Davies et al. [111]. Alternatively, this signal could be
driven by the correlation between certain resistance and virulence
factors and the duration of carriage of different pneumococcal strains
[294]. In the latter case, either lineages with longer carriage dura-
tions could outcompete other lineages within the host leading to a
reduced presence in multiple carriage or, the increased carriage dura-
tion could lead to longer periods of single carriage interspersed with
shorter periods of dual carriage driving the association. These results
thus provide important additional data to improve future modelling
studies.

The ability to observe within-host minority variants in pneumococ-
cal carriage samples allowed us to better characterise transmission
within the Maela refugee camp. Strikingly, we identified that moth-
ers were more likely to transmit to their children in the first year of
the child’s life. This, along with the observation that the majority of
transmission occurred from child to mother, is consistent with previ-
ous modelling studies fit to age stratified pneumococcal prevalence
data [169]. Similarly, and consistent with previous studies, we identi-
fied strong spatial structure in transmission even within such a small
geographic area as the Maela refugee camp [380]. These results have
important implications for the design and implementation of inter-
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ventions to try and prevent pneumococcal disease. For example, it
may be beneficial to vaccinate mothers prior to them giving birth in
order to better protect a child from pneumococcal infection during
their first year of life. Using the additional information provided by
within-host minority variants, we also found evidence that the trans-
mission bottleneck in S. pneumoniae can be greater than one. This is
in contrast to laboratory studies, which supported a pneumococcal
bottleneck involving only a single bacterium [271]. This may allow
for the transmission of heteroresistant populations of pneumococci
allowing resistance to persist over longer timescales at low frequen-
cies.

Within-host minority variants observed in samples containing only
a single lineage allowed us to gain one of the most detailed pictures
of the mutational and selective forces driving pneumococcal evolu-
tion over short timescales. We identified a mutational spectrum found
uniquely within the host. This consisted of an elevated C>A muta-
tion rate similar to that seen in previous laboratory studies of low
frequency variants in E. coli which were found to likely be the result
of misincorporation of As into C sites. These mutations are thought to
be reversed prior to genome replication. Similar to other respiratory
pathogens, variation within the host was dominated by purifying se-
lection, with nonsense mutation being far rarer than both missense
and synonymous variants. As well as identifying variants that oc-
curred many times in different hosts we identified a number of genes
under selection including those linked to the virulence of the pneu-
mococcus and its competence system. These could be related to the
competition between pneumococci within the host.

Overall, the deep sequencing of whole plate sweeps of pneumococ-
cal samples has provided a fascinating level of detail into how selec-
tion, mutation and transmission shape the evolution of S. pneumoniae.
This, coupled with the increased sensitivity to detect virulence and
resistance factors and equivalent cost, suggests that routine use of
whole plate sweeps could be preferable to current genomic surveil-
lance strategies.

10.3 within-host diversity and transmission of sars-cov-
2

The characterisation of within-host diversity across 1,181 samples
taken from the East of England and sequenced in replicate provided
a detailed picture of the mutational and selective processes driving
the evolution of SARS-CoV-2 within and between hosts. Critically, we
found that many of the same within-host minority variants occurred
independently in different samples. This suggests that considerable
caution is needed for the interpretation of within-host variants in the
context of transmission and the characterisation of the transmission
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bottleneck. The detection of multiple putative cases of co-infection
with different strains, possibly driven by transmission in COVID19

hospital wards, further complicates the use of minority variants in
the inference of SARS-CoV-2 transmission chains when the preva-
lence of the virus is high. As with S. pneumoniae, within-host variants
appeared to be under strong purifying selection. The mutational spec-
trum was characterised by strong strand asymmetries consistent with
damage or RNA editing of the plus strand rather than replication
errors. These results can help to inform future studies into the evolu-
tion of SARS-CoV-2 and provide vital context for efforts to track the
transmission of the pathogen using within-host genome sequencing
data.

10.4 future work

A number of chapters in this thesis describe methods and analyses
that are ongoing. The development and improvement of the simula-
tion based, likelihood-free transmission inference algorithm requires
further refinement and testing to ensure it can be accurately applied
to real datasets. The impacts of the sampling and culture steps in
the Maela pneumococcal deep sequencing study are also being stud-
ied in more detail. This will involve the analysis of replicates where
the same culture and sequencing steps have been repeated for a sub-
set of samples. As the pneumococcal single colony picks used in
Chewapreecha et al., [71] all undergo a subsequent culture step af-
ter being selected, the analysis of minority variants present in this
data will allow for a better understanding of the variation that can
be introduced by culture. Finally, sequencing a subset of the pneumo-
coccal samples using long read technologies will improve our ability
to verify the results of the mGEMs deconvolution pipeline and allow
for investigation of recombination within the host.
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