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Abstract

In recent years, the use of phylogenetic analysis to trace infectious diseases has expanded with
the increasing accessibility of genetic sequencing globally. Traditional phylogenetic methods
tend to consider evolutionary timescales and can be ill-suited to the rapid evolution and move-
ment of human viruses. This thesis presents and tests methods to overcome issues with, and
expand upon, existing phylogenetic techniques as well as analysis pipelines and examples of
these methods applied to real-world data. The primary focus of the thesis is the application of
quick and simple discrete trait Markov models to wild poliovirus transmission and the intro-
duction of a novel method designed to overcome challenges with sampling rate differences by
location with this technique. Additionally, extensions to a widely used Bayesian phylodynamic
model of SARS-CoV-2 are presented, allowing for more flexible analysis and the inclusion of
additional covariate data. These techniques allow us to discern movement patterns between
polio-endemic regions over the past decade and changes in SARS-CoV-2 dynamics over the
initial outbreak wave with changing non-pharmaceutical interventions in Saudi Arabia. We
present these analyses with a mix of novel and existing visualisation techniques designed to aid
their interpretation by key stakeholders and policymakers. The new discrete trait technique
presented has the potential to become widely adopted due to the simplicity of the proposed
correction and ease of implementation in several existing platforms and the extension of a
phylodynamic model of SARS-CoV-2 shows promise for better modelling of future pandemic

diseases.
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Selected Abbreviations

AFP Acute Flaccid Paralysis

ARD All Rates Different

BSSVS  Bayesian Stochastic Search Variable Selection
CTMC Continuous Time Markov Chain

DTA Discrete Trait Analysis

ES Environmental Surveillance

GPEI Global Polio Eradication Initiative

GPLN Global Polio Laboratory Network

GTR Generalised time Reversible model of DNA evolution
HRMP  High Risk Mobile Population

IPV Inactivated Poliovirus Vaccine

LMIC Low or Middle Income Country

LTL Local Transmission Lineage

MBD Mutitype Birth Death model of population dynamics
MJ-DTA Markov Jump Discrete Trait Analysis

Mk K-state Markov transition model

MSLE Mean Square Log Error

Ne Effective population size

NPAFP Non-Polio Acute Flaccid Paralysis

NPI Non-Pharmaceutical Intervention

oprVv Oral Poliovirus Vaccine. Can be further classified into t; trivalent (serotype 1,2

and 3) b; bivalent (serotype 1 and 3) and m; monovalent (individual serotypes)
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PHEIC  Public Health Emergency of International Concern
POLIS Polio Information System

PONS Polio Nucleotide Sequence database

R Reproduction number (R;: at time t, Reg: effective)
UTR Untranslated Region
VDPV Vaccine-Derived Poliovirus. Can be further classified into c; circulating, a; ambigu-

ous, i; immunodeficiency-related
VP1 Capsid-encoding region of the poliovirus genome
WHO World Health Organization

WPV Wild Poliovirus
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the classifications based on length of persistence in time, number of AFP tips
and onwards transmission to other regions. . . . . . .. .. ... o000

Time-resolved phylogenetic tree of sequences from AFP cases for Pakistan and
Afghanistan, coloured according to the regions in the map in figure 2. Internal
node locations are inferred using Bayesian Markov jump discrete trait analysis
and time in years is given on the x-axis. The bar plot below the tree shows
monthly counts of reported polio AFP cases, coloured by the collection location
and the orange vertical line the date of the first sampled sequence included in
the genetic dataset. . . . . . . . . ..

A) Circus plot of supported migration events between the regions considered in
the analysis. The movements are coloured according to the starting location and
the width represents the number of transitions inferred, with counts provided
around the circumference of the plot. B) The same transitions visualised on a
map of the discrete regions. . . . . . . . ...

Number of simulations retained after removing those where a maximum like-
lihood value or standard error for the relative migration rate could not be es-
timated with both the corrected and uncorrected method. Panel A shows the
numbers retained for the low transmission rate scenario and panel B the trans-
mission difference scenario. . . . . .. .. Lo

Number of simulations retained after removing those where a maximum like-
lihood value or standard error for the relative migration rate could not be es-
timated with both the corrected and uncorrected method. Panel A shows the
numbers retained for the medium rate scenario and panel B the high transmission
rate SCeNario. . . . . . . .. ..o e e

[lustrative example of a phylogeny sampled under the high sampling rate sce-
nario. Here we see the tips are sampled close in time and the root is more recent
than in the low sampling rate example shown in figure 3.1. . . . . . . . ... ..

Effective reproduction number estimates (black line) and 95% credible interval
(grey shaded area) over time from the PhyDyn model for 4 cities of interest.
The red horizontal line represents an Reff of 1, the number required for virus
replacement. These estimates have three step changes set to align with changes
in NPIs . . .. o

Estimates of the cumulative proportion of the population infected (black line),
95% credible interval (light grey shaded area) and interquartile range (dark grey
shaded area) in the model over time for each city. . . . . . . ... ... ... ..
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Aims

This thesis aims to address some critical challenges and barriers to the implementation of phylo-
genetic techniques downstream of considerable recent advances in genetic sequencing technology
and sequencing capacity. Currently, widely used phylogenetic techniques are often inaccessible
to regional sequencing partners due to the computational resources or training required to im-
plement them. This has improved over time with graphic user interface access to tree-building
software but advances in simple techniques are required to ensure results returned are repre-
sentative of true underlying dynamics. Here we attempt to address a key assumption of the
simple discrete trait Markov models which are often used as default analyses in these acces-
sible platforms, the assumption that sampling is dependent on prevalence, rather than, as is
often the case, occurring under a separate framework influenced by accessibility and capacity.
Additionally we present some extensions to the SARS-CoV-2 phylodynamic model of Volz et
al., allowing additional covariates to be incorporated in the included outbreak model. Data
analysis pipelines are also provided, allowing these analyses to be recreated and updated with
ease as new data becomes available or to allow visualisation techniques to be applied to different

regions or diseases.

The key aims of this thesis are :

1. Improving the accuracy of rapid phylogenetic inference of viral transmission by incorpo-

rating additional surveillance data:
e Accounting for sampling biases in discrete trait analysis of poliovirus surveillance
data.
e Allowing for change-points and seroprevalence data fitting in phylodynamic models
of SARS-CoV-2 transmission.

2. Reproducible R pipelines for Bayesian phylogenetic analysis:

e A Series of functions, scripts and templates are made available on github to stream-
line the production of complex BEAST xml files for phylogeographic and pylody-

namic analyses.
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3. Genetic data visualisations with relevant information for policymakers:

e Novel visualisations of local transmission chains. With large datasets previous visu-
alisations become too cumbersome. Here we suggest a set of discrete categories and

present a timeline of detections.

e Consistent colouring rather than labelling is a widely used technique which is not
often incorporated in internal phylogenetic analyses in the polio programme. Provid-
ing consistent and distinct colours for different regions and consistently presenting

these can provide an intuitive summary and direct ability to relate different plots.
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Chapter 1

The role of genetic sequencing and analysis in the polio

eradication programme

1.1 Abstract

Genetic sequencing of polioviruses detected through clinical and environmental surveillance is
used to confirm detection, identify their likely origin, track geographic patterns of spread and
determine the appropriate vaccination response. The critical importance of genetic sequencing
and analysis to the Global Polio Eradication Initiative has grown with the increasing incidence
of vaccine-derived poliovirus infections in Africa specifically (470 reported cases in 2019), and
globally, alongside persistent transmission of serotype 1 wild-type poliovirus in Pakistan and
Afghanistan (197 reported cases in 2019). Adapting what has been learned about the virus
genetics and evolution to address these threats has been a major focus of recent work. Here
we review how phylogenetic and phylogeographic methods have been used to trace the spread
of wild-type polioviruses and identify the likely origins of vaccine-derived polioviruses. We
highlight the analysis methods and sequencing technology currently used and the potential for
new technologies to speed up poliovirus detection and the interpretation of genetic data. At a
pivotal point in the eradication campaign with the threat of anti-vaccine sentiment and donor
and public fatigue, innovation is critical to maintain drive and overcome the last remaining

circulating virus.

1.2 Introduction

Poliovirus is a species C Enterovirus, with three serotypes (one, two and three). The virus
has only one natural host, humans, and is primarily spread between individuals by faecal-oral
transmission. In rare cases poliovirus can enter the central nervous system, leading to paralytic

poliomyelitis (acute flaccid paralysis). Although genomics was in its infancy when work on
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preventing poliomyelitis began, poliovirus was one of the earliest genomes to be sequenced in
full, with two groups publishing serotype one sequences in 1981 [6, 7]. Following the certifica-
tion of smallpox eradication in 1980, and with rapid advancements towards disease control and
elimination using efficacious vaccines, poliovirus was selected as a World Health Organization
(WHO) eradication target with a global campaign starting in 1988 led by the Global Polio

Eradication Initiative (GPEI).

The pre-GPEI history of efforts to understand poliovirus biology have been described in detail
previously [8]. Following early failed attempts at vaccine development, successful non-neuronal
culture of serotype two poliovirus was achieved in 1949, a major step towards the production of
the current vaccines [9]. In the same year, the three serotypes were identified and subsequently
codified by the Committee on Typing of the National Foundation of Infantile Paralysis (USA)
in 1951 [10, 11]. With in-vitro poliovirus growth a possibility, and knowledge of the three
serotypes, successful development of inactivated poliovirus vaccine (IPV) and live-attenuated

oral poliovirus vaccine (OPV) followed in 1953 and 1956 respectively [12, 13].

With a cheap, effective and orally administered vaccine available and a virus with no known
animal reservoir, eradication seemed like an imminent possibility when the GPEI was launched
[14, 15]. At that time, approximately 1,000 people a day were paralysed by wild poliovirus
(WPYV) [16]. This has since been reduced by over 99.9%, with WPV serotypes two and three
eradicated in 2000 and 2012 respectively, and endemic circulation of wild serotype one (WPV1)
limited to Pakistan and Afghanistan. Despite this progress, prolonged inaccessibility of chil-
dren to immunisation programmes, political turmoil and anti-vaccine sentiment over the last
few years saw WPV1 cases climb from 28 in 2016 to 163 in 2019, the last major wild poliovirus
outbreak. In 2022, 35 cases were recorded, including 8 in Mozambique in Southern Africa
which were exported from southern Pakistan [17]. Transmission in southern Africa was short-
lived and has not re-established endemic transmission following intense vaccination campaigns.
The persistence of WPV1 in politically unstable and inaccessible regions is a WHO Public

Health Emergency of International Concern (PHEIC) due to the threat of international spread
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[18]. The progress made towards poliovirus eradication since 1988 is summarised in figure 1.1,
showing the geographic changes in endemic wild poliovirus transmission since the start of the

campaign.

Another major hurdle to eradication is the emergence and spread of vaccine-derived polioviruses
(VDPVs), which are OPV strains (often also called Sabin strains, in reference to the researcher
who led the development of OPV) that have regained transmissibility and pathogenicity and
can cause outbreaks of paralysis similar to their wild counterparts [20]. Although the overall
net benefit from the use of attenuated virus vaccines has been huge over the course of the polio
eradication campaign, the occurrence of VDPV outbreaks in recent years has highlighted the
need to phase out OPV. This transition started with the withdrawal of serotype 2 OPV during
a globally coordinated ‘switch’ from trivalent to bivalent OPV in over 150 countries in April
2016. To mitigate risks associated with this withdrawal of vaccine, WHO recommended that
at least one dose of IPV be given to infants during routine immunisation [21]. However, a
single dose of IPV results in seroconversion in just 50-80% of children (depending on the age
at administration [22, 23]) and its delayed introduction as a result of supply shortages and
limited coverage has resulted in a growing cohort of children unimmunised against serotype
two poliovirus. These children are exposed to an increasing incidence of serotype two VDPV
(VDPV2), which has emerged both from trivalent OPV (tOPV) used before the switch and
more recently as a result of monovalent serotype two OPV (mOPV2) used to control VDPV
outbreaks [24]. In 2019, there were 270 confirmed VDPV2 paralysis cases across Africa, the

Middle East and south Pacific, with 15 countries affected [25].

This review describes how collection and analysis of increasing amounts of genetic data is
transforming the long-standing poliovirus eradication programme, highlighting both current
activities and future promise. It emphasises how our understanding of poliovirus genetics and
evolution will be critical to success in tackling the major challenges facing the GPEI, allowing

us to better describe transmission of virus and develop more efficient and stable vaccines.
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Figure 1.1: Changes in the spatial and temporal distribution of wild poliovirus endemic coun-
tries, 1988-2022. * Cases seen in Mozambique in 2021 and 2022 and Malawi in 2021 were
imported from the endemic Pakistan-Afghanistan region and spread locally. This was not de-
termined to be a re-establishment of endemic circulation in southern Africa and the WHO
AFRO region remains certified wild polio-free. These maps are adapted and updated from
Molodecky 2018 with data from the WHO and GPEI [19]
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1.3 Poliovirus surveillance and investigation of samples

Identification of poliovirus in the laboratory has had a role in the eradication programme since
its inception, with detection of viruses present in stool and environmental samples acting as

the major surveillance tool.

1.3.1 Acute flaccid paralysis surveillance

Poliovirus surveillance has traditionally relied on detection and sequencing of poliovirus from
stool samples taken from patients with acute flaccid paralysis (AFP). Preceding the global
eradication drive, the Pan-American Health Organization recommended reporting all AFP
cases in children under 15 years of age and in adults where poliovirus was the suspected cause
of paralysis to ensure the detection of paralytic cases [26]. This was incorporated into the
global standards of polio reporting adopted by the GPEI. As AFP has several potential viral
and non-viral causes, the overall AFP reporting rate is used as an indicator of the sensitivity
of the surveillance network to detect poliomyelitis. Gaps in surveillance are a major issue for
certification of eradication as poliovirus can circulate undetected for a long time in areas with

weak surveillance systems.

As only one in 200 to 1,000 individuals infected with poliovirus is paralysed, the majority of
infections are asymptomatic or result in mild illness and are not detected by AFP surveillance.
Analysis of the genetic relatedness of polioviruses isolated from AFP cases gives an indication
of the sensitivity of AFP surveillance, with viruses found to be distantly genetically related to
others referred to as ‘orphan’ viruses, which are indicative of virus circulation without detection.
In Nigeria, a country removed from the endemic list in September 2015, cases of wild poliovirus
were detected in 2016 that were directly linked to isolates from virus circulating in the same
region in 2011 [27, 28]. This suggests that poliovirus was able to circulate undetected for over
4 years whilst conflict in the north-east of the country prevented adequate AFP surveillance.

Highly divergent viruses have also been detected in other settings. For example, in a study
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in Pakistan, 7.7% of AFP isolates collected between 2011 and 2013 were orphan viruses with
<1.5% divergence from previously collected sequences, suggesting substantial gaps in surveil-

lance [29].

1.3.2 Environmental surveillance

As the incidence of paralytic polio has fallen globally, sampling of sewage networks to look for
the virus has expanded; especially in countries with continuing WPV1 transmission or long-
term transmission of VDPVs. The majority (>99%) of poliovirus infections are asymptomatic
and do not result in paralysis, and so are not detected by acute flaccid paralysis surveillance, but
poliovirus shed in stool by infected individuals can still be detected in environmental (sewage)
samples. Environmental surveillance (ES) has been shown to be more sensitive than AFP
surveillance in areas with convergent sewage networks [30, 31]. For example, inclusion of ES
samples in Pakistan reduced the proportion of AFP isolates found to be orphans from 7.7% to
4.9% [29]. Work is ongoing to target these environmental sampling locations to areas where

they are likely to have the most impact by investigating catchment areas and sewage conditions.

Sewage sampling is efficient as it allows fewer resources to be used to survey a larger popula-
tion of possibly affected individuals than direct door to door or local stool surveys. A study in
1991 in Cartagena, Colombia was able to directly sample stool from 196 children in three days
in a neighbourhood with approximately 5,300 children. 70% of households in this neighbour-
hood were served by the sewage network and in the same time period 42 sewage samples were
taken. These samples represent repeat samples of the same 70% of the population but much
more complete sampling than the 3.6% coverage with stool surveys. When comparing rates of

poliovirus detection, 21% of sewage samples were positive compared to 8% of stool samples [32].

Despite the utility of poliovirus ES, it is not without challenges. Poliovirus survival in the

environment is highly variable, with a 90% infectivity loss observed in 26 days in sewage at 23

30



°C [33]. This affects virus detection in cell culture but not necessarily when direct molecular
sequencing methods are used. In tropical regions, where poliovirus surveillance is often carried
out, the high ambient temperature and bacterial content of the wastewater can further decrease

the infective half-life of environmental poliovirus [34].

1.3.3 Laboratory testing

The WHO recommended protocol for detection of poliovirus in stool or ES samples is to isolate
the virus using two cell lines, one murine cell line (L20B) that is genetically modified to ex-
press the human poliovirus receptor (CD155) and selectively grows poliovirus, and one human
rhabdomyosarcoma (RD) cell line which is susceptible to a broad range of enteroviruses [30,
35]. Viruses which grow on the RD cells but not when cross-passaged on L20B cells are classed
non-polio enteroviruses and typically not investigated further. Serotype and intratype (vaccine
vs other strains) for any polioviruses isolated on L20B cells is determined by quantitative PCR
followed by genetic sequencing [36]. Currently, the time from sample arrival at the labora-
tory and generation of a genetic sequence required to confirm detection is 2-3 weeks, although
several activities are aiming to reduce this time by using direct molecular detection meth-
ods. For example, the development of sensitive PCR protocols and next generation sequencing
(NGS) methods could allow both rapid detection and highly specific typing. Viral RNA can
be directly extracted from both stool and ES samples, with PCR amplification and sequencing
library preparation performed in as little as two days [37, 38]. PCR primers targeting conserved
genomic regions provide detection width, whilst variable regions between the primers allow high
resolution typing [39]. Furthermore, multiple polioviruses can be detected simultaneously, with

NGS reads corresponding to the mixture of viruses contained in the sample.
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1.4 Investigation of transmission

1.4.1 Poliovirus evolution: molecular clock and recombination

The 906-nucleotide VP1 region of the poliovirus genome encoding a portion of the viral capsid
is used for typing and is the only section of the genome routinely sequenced (Fig. 1.2). VP1
contributes to the major neutralization sites and amino acid residues on the poliovirus surface,
making it highly representative of the interaction of poliovirus with the external environment
and host cells [40-44]. Using only this region of the genome it is possible to identify poliovirus
amongst other enteroviruses and differentiate between the three serotypes [42]. Poliovirus has
a consistently high number of mutations due to its highly error-prone RNA polymerase, which
results in a substitution rate on the magnitude of 10~2 nucleotide changes per site per year in
the VP1 region [45]. Mutations that are fixed in VP1 are usually synonymous as a result of se-
lective constraints on non-synonymous mutations that change the capsid structure. Therefore,
they accrue according to a molecular clock, allowing robust phylogenetic trees to be constructed
and dates of emergence of new lineages to be estimated [45, 46]. VP1 sequences can therefore
be used to investigate poliovirus transmission. Current determination of clusters of transmis-
sion follows the US Centers for Disease Control and Prevention guidance with differentiation
between circulating viruses based on sequence identity. New clusters are added whenever a
detected VP1 sequence is 5% divergent from previously collected samples [47]. Having an indi-
cation of the relatedness of viral sequences is a good marker of the progress towards eradication.
A reduction in the number of genetic clusters can be indicative of the impact of vaccination

campaigns.

In addition to having a high mutation rate, circulating polioviruses frequently recombine with
other species C enteroviruses [50]. Much of this recombination occurs in the non-structural
regions of the genome during coinfections, meaning recombination does not affect the makeup
of the poliovirus surface antigens or the inference of transmission routes from the VP1 sequence.

Several projects have been carried out using full genome sequence data to map recombination
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Figure 1.2: Simplified structure of the poliovirus genome adapted from Semler et al.[48]. This
diagram highlights the position of the VP1 region of the genome, routinely sequenced for typing
purposes, and shows the relative positions of the other major regions mentioned in the text.
Red bars show major recombinant regions determined by Stern et al. and arrows the positions
of the three gatekeeper mutations for reversion to virulence in serotype two vaccine-derived
polioviruses [49].

sites in the genome [49, 51-53]. These primarily occur on the boundary between the 5> UTR and
the P1 capsid encoding region and in the P2/P3 non-structural regions (Fig. 1.2). Although
this occurs in both wild and vaccine-derived poliovirus in circulation, it is of greater concern
in vaccine and vaccine-derived strains due to the loss, through recombination, of attenuating

mutations and reversion to a more transmissible pathogenic form.

1.4.2 Using virus sequences to reconstruct virus spread

A number of different phylogeographic methods are available to reconstruct virus spread, in-
corporating techniques from phylogenetics, coalescent theory and population genomics. Some
of the most complex techniques are based on the coalescent theory of Kingman et al. which
has been extended to incorporate structured populations and therefore can be used for dis-
crete phylogeographic inference [55-58]. As this technique is computationally costly for large
numbers of discrete regions, a number of approximations and extensions have been developed
to speed model convergence and include additional parameters [59-64]. Alternate phylogeo-
graphic modelling under the birth-death model has also recently become increasingly popular,
incorporating parametric rates of infection sampling and recovery in a more familiar frame-
work for infectious disease epidemiologists [65, 66]. Similarly to coalescent methods, structured

birth-death methods have been developed, allowing migration between discrete regions [67]. A
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Figure 1.3: Movement of poliovirus in the west of Tajikistan during the 2010 WPV1 outbreak
inferred from a discrete trait analysis of 113 publicly available sequences [54]. A) Inferred
phylogenetic tree for the poliovirus sequenced in the three regions in 2010. The x-axis is given
in decimal years inferred from the clock rate and sampling date of the sequences at the tips of
the phylogeny. The inset map shows the location of the four regions in western Tajikistan. B)
Inferred movement events and number of sequenced poliovirus stool samples per region. The
breadth of the arrows indicates the number of inferred movement events. The end points of
the arrows represent the centroid of each region and not the exact location of reported events.
The inset map shows the location of the study area in the wider context of Central and South
Asia. C) Sampling density of sequences over time in the regions shown in A. Sughd has only
one sequence collected on 2010-05-10 so does not feature in this density plot.

discussion of phylodynamic methods based on these two models is presented at the beginning
of chapter 5. Migration between discrete regions is most commonly considered with the dis-
crete trait analysis technique, a simple model which treats migration akin to mutation, and
can efficiently incorporate large numbers of discrete regions and sequences, this technique and
the limitations of treating migration in this way are introduced in more detail in chapter 3.
Beyond discrete regions, where detailed location information is available, migration can also be
modelled with continuous phylogeographic approaches, avoiding the need to spatially aggregate

available sequences into discrete geographic regions and the inability to infer ancestors outside
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of the included regions, key issues with the simple discrete trait approach. The continuous
phylogeographic approach is outlined in Dellicour et al. 2021 and can also be extended to use a
generalised coalescent allowing more than two lineages to merge at the same coalescent event,

a limitation of the Kingman coalescent [68-70].

Investigation of the genetic relatedness of isolates through VP1 sequencing has been critical in
distinguishing areas with persistent transmission from those suffering repeated introductions of
poliovirus. Application of methods from phylogeography has allowed complex virus movement
dynamics to be unravelled, and sources and sinks of infection to be identified. To date Discrete
Trait Analysis (DTA), a discrete phylogeographic approach based on models of DNA evolution
and Felsenstein’s pruning algorithm, has been applied to polio; this provides information on the
geographic history of viral movement and associated rates of movement between discrete regions
[71]. Starting from geolocated virus sequences, this approach allows inference of the location of
internal nodes in phylogenetic trees. DTA has previously been applied to inform viral diffusion
for several infectious diseases including rabies, influenza and Ebola [72-74]. An illustrative
example with a small dataset is presented here using data from the 2010 WPV1 Tajikistan out-
break, available on GenBank (KC880365-KC880521)(Fig. 1.3)[54]. Case reporting from this
outbreak shows a large number of cases in both the region of Republican Subordination (RS)
and Khatlon, as well as a number of temporally clustered cases in the capital city Dushanbe
(separated from RS for this analysis). When a phylogeographic model that incorporates sam-
pling location and time is implemented, it becomes clear that transmission within Tajikistan
likely originates in RS, which also supports the majority of virus transmission. All sequenced
cases in Dushanbe are inferred to be imported with no onwards transmission within the city
or to other regions. Earlier phylogenetic analysis also points to a single importation of WPV1
into Tajikistan from India and onwards transmission, which cannot be inferred from case data

alone [54].

The DTA approach has recently been applied to WPV1 sequence data from Pakistan and

Afghanistan, where WPV 1 persists with complex circulation dynamics and geographical spread
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due to mobile and hard to reach populations. These preliminary analyses have identified cycles
of transmission between the south-west of each country (Kandahar/Quetta and Karachi). They
also highlight repeated introductions of virus from the tribal regions (between Islamabad and
Kabul) into the Punjab province of Pakistan and show uninterrupted virus circulation within
these tribal regions. Analysis of the distribution of clusters of transmission without formal DTA
analysis also highlights these three, key, high-burden regions but does not construct probable

ancestral locations or virus movements [75].

Phylogenetic visualisations that split trees into clusters of transmission based on those pre-
sented by Dudas et al. for the 2014 Ebola outbreak and interactive phylogenetic trees using the
Nextstrain platform have also been developed, and are provided in internal WHO reports, but
are not yet publicly available [73, 76]. Regular updates of the polio surveillance sequence data
using these new visualisation tools may provide insights into changes in the polio epidemiology,
which can in turn guide the implementation of more strategic supplementary immunisation
activities. These analyses may be particularly relevant to halt the remaining circulation of wild

poliovirus.

Given the declaration of polio as a PHEIC and the value of poliovirus genetic sequence data to
interpreting its epidemiology, there is an urgency to share poliovirus sequences and phylogenetic
trees more rapidly and more widely to allow broad scrutiny by scientists and policy makers.
This is being pursued with the creation of a restricted access global polio nucleotide sequence

database (PONS) by the US CDC.

1.5 Vaccine-derived polioviruses

Live-attenuated OPV strains replicate in the gut to induce both local mucosal and systemic
immunity, the former being important to prevent transmission of wild viruses. This is a ma-

jor benefit over injected IPV, which provides systemic immunity against paralysis but limited
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intestinal mucosal immunity. Replication of OPV strains is, however, associated with virus
shedding and transmission to contacts. Selection for loss of the attenuating mutations which
reduce OPV virulence occurs during virus replication through mutation and recombination. In
rare cases this can lead the vaccine virus to regain pathogenicity and transmissibility similar
to that seen in wild-type polioviruses. Vaccine strains are classified according to their source
and their relatedness to the Sabin strain and other polioviruses. Current reporting standards
define serotype two VDPVs as those viruses with at least six nucleotides difference from the
Sabin strain in the VP1 region (at least 10 nucleotides for serotypes one and three). Vaccine-
related viruses not reaching this threshold are classified as ‘Sabin-like’. Although it is possible
for Sabin-like viruses to cause poliomyelitis, this occurs much less frequently than with viruses

which have crossed the threshold to be classified as VDPVs [77, 78§].

Replication and shedding of the vaccine virus in the intestine and throat can occur long term
in individuals with a primary B cell immunodeficiency who have been vaccinated with OPV as
they are not able to clear vaccine virus infection. These immunodeficient VDPVs (iVDPV) may
pose a risk to the wider population and have required the introduction of a primary immunode-
ficiency surveillance programme by the GPEI [79]. Long-term shedding of iVDPV can result in
highly divergent viruses. For example, one individual being monitored in the UK was shedding
a virus with 17.7% VP1 sequence divergence from the Sabin strain in 2015, approximately 28

years after vaccination [80].

VDPVs are classed as ambiguous (aVDPVs) when they are not linked to ongoing chains of
transmission or to any known immunodeficient individuals. When linked cases are subsequently
identified, many aVDPVs are re-classed as circulating VDPVs (cVDPVs). ¢VDPVs may cause
large outbreaks of poliomyelitis and are a major threat to the eradication of poliovirus. They

are likely to emerge where population immunity is low, and sanitation is poor [81].

A number of studies have highlighted key ‘gatekeeper’ mutations required for Sabin poliovirus
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to regain wild-type fitness in the human intestine. Recent studies of serotype two poliovirus
agree on three specific codon positions for these reversions, two in the 5 UTR and the third in
the protein coding VP1 region (Fig. 1.2) [49, 82|, two of which were first published in 1991 [83,
84]. Alongside specific point mutations, studies have found that the majority of cVDPVs are
recombinant with other species C enteroviruses [85, 86]. This often provides revertant viruses
with more efficient viral protease and RNA-dependent RNA polymerase. Burns et al. found
that 95% of cVDPV2 isolates from northern Nigeria between 2005 and 2011 had lost the major
attenuating mutations in the 5" UTR by recombination rather than by point mutation and all

isolates had lost the major attenuating mutation in VP1 by recombination [86].

1.5.1 Extent of cVDPYV transmission

Since the 2016 switch from trivalent to bivalent OPV, the incidence of VDPV2 outbreaks has
increased with 29 VDPV2 outbreaks in 15 countries reported between January 2018 and June
2019 compared to nine in six countries in the same period in 2017-18 [87]. This increase in
incidence is largely the result of the replacement of trivalent with bivalent OPV in routine
and supplementary vaccination activities and the risk of cVDPV2 transmission associated with
falling population immunity to serotype two poliovirus [88, 89]. Analysis of recent cVDPV2
outbreaks has shown that they mostly emerged from mOPV2 given in response to previous
outbreaks [24]. This raises the serious concern that mOPV2 is not a suitable tool for cVDPV2
outbreak response in the context of a growing global cohort of children who have not been

immunised with OPV2.

cVDPV cases have been reported in 15 countries between January 2017 and January 2020
(Fig. 1.4) [90-92]. Using genetic data, it is possible to infer which of these cases are due to
local transmission and which are more likely to be linked to chains of cVDPV transmission
in other countries. The polio eradication programme has been able to link cVDPV2 cases in
Benin, Cameroon, Ghana and Niger to ongoing circulation in Northern Nigeria, whereas cases

in Angola and Democratic Republic of the Congo were found to be the result of unlinked local
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emergences [87]. Understanding which cases are due to under-vaccinated local populations and
which are due to international spread is important to determine the correct vaccine response and
to investigate the cause of the outbreak. In addition, genetic divergence from the originating
Sabin strain is used to determine how long a virus has been circulating at the time of detection
which influences the scale of the response mounted. Some studies have highlighted a faster
mutation rate of sites under strong positive selection pressure early in VDPV emergence. This
leads to a slight acceleration in the molecular clock corresponding to a shortening of inferred

dates of divergence by about 30 days [49, 82].

Cases of cVDPV 01-01-2017 to 01-01-2020

Serotype ‘ 1 . 2 . 3 Numberof cases @ 25 . 50 . 75 . 100

Figure 1.4: Countries reporting circulating vaccine-derived poliovirus (¢cVDPV) between
01/01/2017 and 01/01/2020. The size of the points is proportional to the number of paralysis
cases reported over this time period. The red, blue and green represent serotype one, two and
three VDPVs respectively. Data from the polio information system of the global polio eradica-
tion initiative [90]. * Somalia has reported both serotype 2 cVDPV (eight cases) and serotype
three (six cases) in the time period covered by this plot.

1.5.2 New strategies to control cVDPYV outbreaks

When the live-attenuated Sabin oral poliovirus vaccine was in development almost 70 years

ago, potential vaccine strains were selected empirically based on their immunogenicity and
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neuropathogenicity in animals prior to testing in clinical trials. Current projects to update
vaccines can now be informed by our knowledge of the structure and function of the genome.
More genetically stable oral poliovirus vaccines are in development with genomes edited to
reduce the risk of reversion to neurovirulence [93]. Human phase one trials of novel OPV2
candidate vaccines were carried out in 2018 with improvements to the stability of the major
attenuating mutation in the 5 UTR [94]. Each candidate also had further mutations to inhibit
recombination and reduce replicative fitness respectively. Small quantities of novel OPV2 vac-
cines are expected to enter the vaccination programme for emergency use in mid-2020 [87, 94].
These may become a key tool for the programme to stop the current VDPV2 outbreaks while
avoiding seeding new ones. At this critical point post-switch, the reintroduction of routine
tOPV vaccination is also being debated as a possible solution to control the increasing number
of serotype 2 vaccine-derived cases reported. Re-introduction of tOPV would represent a major
step back in the polio eradication campaign, away from the phase out of current live vaccines,
but would also reintroduce type two immunity in children, helping to control future VDPV?2

outbreaks.

1.6 Availability of poliovirus sequence data

Despite ongoing work within the Global Polio Eradication Programme to centrally store se-
quence data and link this data to associated AFP cases, access to this sequence data is limited.
Recent work by Candido DS et al. (in prep.) extracted 7227 publicly accessible poliovirus
sequences from Genbank, the majority of which were missing serotype (61.9%), subnational
location (92.4%) and sample type (68.2%) information from the attached metadata. In some
instances this information could be partially reconstructed from the sequence name, source
publication or phylogenetic reconstruction but the publicly available sequences still represent

a small subset of the sequence data produced routinely by the eradication programme.

Of the available sequences, 5057 (70%) covered the whole VP1 region routinely used in phylo-
genetic reconstruction for enteroviruses, with over 50% of these sequences collected from just

three countries, Nigeria, Egypt and the Democratic Republic of the Congo. The year of col-
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Figure 1.5: Number of publicly available poliovirus sequences per year of collection globally.
Bars are coloured by the serotype and intratype of available sequences. This figure was produced
by Candido DS et al. (in prep.) and is reproduced here to illustrate sequence availability and
recent reduction in available sequences. Data presented contains all VP1 sequences with length
> 800 nt which were not reference (vaccine sequences), duplicated, missing country and/or date
information, or from animal/drug studies.

lection and sample type of publicly available sequences is shown in figure 1.5, highlighting the
reduction in available sequences following the switch from trivalent to bivalent OPV in 2016,
and the lack of any recent publicly available WPV1 sequences. The restricted public availabil-
ity of sequence data limits the contribution of the wider phylogenetic community to poliovirus
eradication and differences in the public availability of sequence data by country can influence

the inferences made from poliovirus sequence data.

1.7 Conclusion

With an upsurge in the number of wild poliovirus cases in 2019, and nine countries affected
by ongoing VDPV outbreaks at the beginning of 2020, the GPEI is at a critical stage. Recent
improvements in genetic sequencing and analysis techniques are helping support efforts to
achieve a polio-free world. The main current lines of research include the development of direct
detection and sequencing protocols that allow rapid detection and typing of poliovirus from

stool and environmental samples (thus reducing the time from sample collection to reporting);
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the implementation of intuitive pipelines for bioinformatics and genetic analysis that speed and
standardise the production of genetic data; the implementation of phylogeographic analysis and
development of visualisations tools that allow analysis and interpretation of the genetic data by
planners and policymakers; and the production of new oral vaccines based on newly engineered

strains that have a lower risk to revert and regain virulence.

1.8 Data availability

No new data is presented in this chapter. An illustrative example is presented using publicly

accessible data from GenBank (KC880365-KC880521)
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Chapter 2

Reconstructing the spatio-temporal spread of serotype 1
wild poliovirus in Pakistan and Afghanistan between 2012

and 2022

Phylogeographic analysis points to a shift from persistent poliovirus transmission within local
regions to frequent elimination and re-introduction driven by population movement between
regions. This shift was associated with the extinction and replacement of a major circulating

viral cluster.

2.1 Abstract

Despite concerted vaccination efforts, wild poliovirus remains endemic in Pakistan and Afghanistan
(22 reported poliomyelitis cases and 59 environmental detections in 2022). Mass population
movements and inaccessible reservoirs pose a challenge to polio eradication, with understand-
ing the geographic distribution and movement of poliovirus key to interrupting transmission
long-term. Here we investigate poliovirus genetic sequence data (n=3702 sequences), from the
past decade (January 2012 to July 2022) which are routinely collected for virus typing and
genetic clustering, to reveal long term transmission patterns and recent changes in dynamics
using Bayesian discrete trait phylogeographic methods. This analysis highlights the impor-
tance of the city of Karachi in the south of Pakistan and the border regions between Pakistan
and Afghanistan to wild poliovirus persistence over the past decade, with these regions histor-
ically supporting large and persistent transmission clusters and regularly seeding transmission
in other regions. We also find a change in dynamics following a 2019 peak in transmission, from
long-term, geographically distinct, persistent transmission in four key transmission regions to
shorter, often interrupted, local transmission lineages with frequent movements between regions.
This process coincides with the die out of one of two major genetic clusters of transmission in

the endemic region. More recently, in 2022, very few movements between regions have been
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observed with all reported cases limited to the south of Khyber Pakhtunkhwa province. Our
analysis provides additional granularity to viral movement and detection data, useful epidemio-
logical information to guide immunisation activities and surveillance in the drive towards polio

eradication.

2.2 Introduction

Since the introduction of effective vaccines in the 1950s and 60s and the launch of the Global
Polio Eradication Initiative (GPEI) in 1988, all three serotypes of wild poliovirus have been
in decline globally, with serotypes 2 and 3 declared eradicated in 2015 and 2019 respectively
[12-14, 95]. The remaining serotype 1 wild poliovirus only circulates endemically in Pakistan
and Afghanistan with this circulation considered a Public Health Emergency of International

Concern by the World Health Organization due to the risk of international spread [18, 96].

The most recent major outbreak of wild poliovirus in these endemic countries occurred between
2019 and 2021, with current transmission limited in scope. In 2022, WPV1 primarily persisted
in the border region between the two endemic countries, with large mobile and hard-to-reach
populations, political instability and economic migration between and within the two countries
contributing to persistence [97]. In 2022, paralytic poliomyelitis cases were primarily limited to
the North Waziristan district of Pakistan, with an additional case in North East Afghanistan.
WPV1 was also detected in wastewater collected across parts of Northern and Eastern Pakistan
and North-Eastern Afghanistan as well as from a sample collected in Karachi in Southern Pak-
istan [96]. The reduced geographical range of detections since the beginning of 2021 compared
to the outbreak period suggests that interventions have been effective in most of the endemic
region and there may currently be a good opportunity to push towards eradication by inter-

rupting transmissions.

Recently we have seen a return of wild poliovirus to Africa, with an outbreak in Malawi and
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Mozambique in 2022. This has been linked back to transmission in the south of Pakistan in
2019, underscoring the importance of achieving wild type poliovirus eradication in endemic

regions to protect children globally from poliomyelitis [17].

In this study, we use Bayesian discrete trait phylogeographic methods to reconstruct the circu-
lation of wild serotype 1 poliovirus over the last 10 years (2012-2022) in the remaining endemic
countries. We use genetic sequences of the VP1 region, encoding a portion of the viral capsid,
which is routinely sequenced for poliovirus typing by labs in the Global Polio Laboratory Net-
work [42]. This region mutates according to a consistent molecular clock on the order of 1072
nucleotide changes per site per year due to the error prone RNA polymerase encoded in the po-
liovirus genome, allowing robust phylogenetic inferences to be made with simple methods [45].
On top of reconstructing long term patterns of movement, inferring the locations of unobserved
ancestral virus from the known locations of sampled tips allows us to link poliovirus sequences
to each-other via their inferred ancestors and determine individual lineages of related sequences
at a regional level [98]. As a result, we can distinguish between different transmission dynam-
ics, including long term persistent virus circulation, dead ends for viral transmission (where
imported virus is detected but with few associated cases and without onwards exportation) and
regions that regularly seed virus transmission elsewhere. In this analysis, acute flaccid paralysis
(AFP) data are supplemented with additional WPV1 isolates from environmental surveillance
(ES) of wastewater systems. ES is an important supplemental surveillance system for detecting
poliovirus transmission and provides additional detail on transmission routes and geographic

spread of the virus [99)].

2.3 Methods

In this analysis we infer a phylogeny of wild serotype 1 poliovirus with genetic sequence data
and use discrete trait analysis (DTA) to estimate the likely locations of internal nodes in the
phylogeny [98]. With this information, we then estimate movement events between regions in

Pakistan and Afghanistan and the duration of transmission within those regions. To this aim,
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we first reconstruct a set of empirical trees with BEAST 1.10.5 before implementing the Markov
Jump method of Minin and Suchard to estimate ancestral locations and transitions between
regions [98, 100]. The R pipeline created for this analysis recreates aspects of the baltic python
pipeline (https://github.com/evogytis/baltic) with R code to generate animated and fixed
migration maps, phylogenetic trees with overlaid case data, and local transmission lineages from
a nexus consensus phylogeny produced in BEAST. The code is built on a number of R packages,
primarily the phylogenetic package ape and the ggplot2 and ggtree plotting packages and is
available on github (https://github.com/JorgensenD/PhD_thesis). A visualisation of the
complete pipeline used from initial metadata matching to final analysis and visualisation is

shown in figure 2.1.
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1> "
tree generation
R } BEAST 1 R

Figure 2.1: Pipeline of data analysis from the initial sequences and metadata to the final
visualisation. Much of this analysis is carried out in R (pink) or in software produced and
packaged alongside BEAST 1 (blue). The maximum likelihood tree generation (yellow square)
is carried out in IQ-TREE, interfaced via command line calls within R, meaning the user does
not need to leave the R environment.

2.3.1 Data

We analysed VP1 gene sequences of serotype 1 wild poliovirus detected across Pakistan and
Afghanistan through AFP and ES surveillance. These sequences were generated by the Re-
gional Reference Laboratory for Poliomyelitis at the National Institutes of Health, Islamabad,
Pakistan as part of routine poliovirus surveillance. This laboratory performs virus culture and
sequencing for both Pakistan and Afghanistan. The culture and sequencing of these viruses
followed the WHO gold-standard protocol outlined in chapter 1, section 1.3.3, with isolation on

both RD cells sensitive to enteroviruses (the genus to which polioviruses belong), and adapted
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L20B cells which express the human poliovirus receptor to identify polioviruses. Viruses which
have a cytopathic effect on L20B cells are amplified with quantitative PCR and poliovirus de-

tections are referred for VP1 sequencing [36].

The sequences are 906 bases long with mostly synonymous amino acid changes which occur
according to a molecular clock at a high rate compared with most viral pathogens [8, 40, 101].
The dataset used in this analysis includes 3702 sequences which could be matched to location
and date metadata which cover just over 10 years, from 1st January 2012 to 20th July 2022
(Table 2.1).

Table 2.1: Number of sequences by country and sample type (AFP or ES) included in the
analysis.

Country ES AFP | Total
Pakistan 2272 836 | 3108
Afghanistan | 331 263 | 594

Total 2603 1099 | 3702

The two data sources, AFP and ES, have different collection methodologies, with AFP sampling
generally distributed according to transmission and ES sampling restricted to specific sampling
sites [31, 102]. ES samples can also often return a large number of closely related or identical
sequences due to the extraction and sequencing protocols used, meaning there are a large
number of duplicate sequences in the numbers included in Table 2.1, here we retain duplicate
sequences as they do not affect inferred transitions although they could be removed to reduce
computational cost. The number of ES sampling sites has expanded over the course of the
data from 23 in 2012 (All in Pakistan) to 233 in 2022 (201 in Pakistan and 32 in Afghanistan).
These sites are targeted to known reservoirs of WPV1 transmission, transportation hubs and
areas with large mobile populations [31]. To assess the potential impact on the results of using
sequences from ES, we performed phylogeographic analysis on two datasets, a full dataset
including all sequences (AFP and ES) presented in the main text and an AFP only dataset, a

priori considered as less biased, included in the supplementary material.
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2.3.2 Outlying sequences

Prior to attempting to reconstruct ancestral locations with discrete trait analysis, the sequence
data were aligned with MUSCLE in AliView and checked for outliers [103, 104]. A maximum
likelihood phylogeny was generated with IQ-Tree (version 1.6.12) and re-rooted with the R
package ape (version 5.3) to give a phylogeny most compatible with a strict molecular clock

[105, 106]. Root-to-tip divergence was calculated in R with EpiGenR (version 1.1.0) [107].

2.3.3 International sequences

As the last remaining endemic countries for poliovirus transmission (Figure 1.1), no reservoirs
of wild poliovirus exist outside of the Pakistan-Afghanistan region. In this analysis we do not
include historic sequence data from other regions, making the explicit assumption that the
common ancestor of all wild poliovirus detections in the endemic region over the past decade
was also in the endemic region, with no importations from other regions. A phylogeny is
presented in supplementary appendix A with the included sequences in the context of historic
publicly available sequence data, showing that the included sequences cluster together with
older sequences from the same region, distinct from the majority of WPV1 seen circulating
elsewhere. A cluster of detections from Israel and Egypt in 2013 published by Shulman et al.
and a single detection from China in 2011 (GenBank accession: MH750912) cluster together
with the Pakistan-Afghanistan sequences, although these have previously been inferred to have
been seeded by transmission in the Pakistan-Afghnaistan region, as were WPV1 detections in

Mozambique and Malawi more recently which are not publicly available [17, 108].

2.3.4 Discrete locations

For the analysis in this paper, we divided Pakistan and Afghanistan into ten regions based on
the identification of discrete areas of linked poliovirus circulation (‘epidemiological blocks’) by

the GPEIL. These included three corridor regions along the border between the two countries:
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the South Corridor, centred around the major border crossing between Quetta and Kandahar;
the North Corridor, centred around a major border crossing between Peshawar and Jalalabad
linking the capitals of the two countries; and the Central Corridor, incorporating a more porous
border with various smaller crossing points. In addition to these corridors, the city of Karachi
on the coast of Pakistan in the South, was included as a discrete region alone due to its
importance as a hub for poliovirus transmission. Beyond these previously identified regions, the
two countries were divided into a further three discrete locations each based on their population
density and incorporating major transportation routes between the key regions outlined (Figure

2.2).
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Figure 2.2: Map showing the borders of the discrete locations (‘regions’) used in this analysis.
The borders of the countries of interest are shown in black with the discrete regions coloured
and with borders shown in white. The Grey lines within the countries of interest show the
admin 2 level subdivisions. The inset map shows the countries included in the dataset in a
global context.
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2.3.5 Bayesian phylogeny generation

Prior to Bayesian tree generation, a single maximum likelihood tree was inferred from the
available sequence data with IQ-TREE [105]. From this initial tree, branches were collapsed
and polytomies resolved randomly to give eight unique starting trees for Bayesian phylogeny
generation. These starting trees were dated using the R package treedater with the molecular
clock rate estimated using initial bounds of 0.005 and 0.015 substitutions per site per year and

a starting value of 0.01, informed by previous analyses of the VP1 region [45, 109].

Eight Markov chains, initiated with each of the unique starting trees, were run in parallel for
15 million iterations with a phylogeny sampled every 1000 iterations. A strict clock with a
strongly informative normal prior centred on a clock rate of 0.01 with a standard deviation of
0.001 was used, based on the calculated root-to-tip divergence (see results section). Multiple
chains were used to speed up the analysis and also to allow convergence to be assessed by
ensuring effective sample sizes for each parameter were over 200 and 95% credible intervals
were not significantly different across chains. After the iteration limit was reached, the initial
30% of each chain was removed as burn-in and the tree files combined with logcombiner [110].
For the complete dataset of ES and AFP data, two of the eight chains failed to converge and
were dropped from further analysis. For the AFP dataset alone, all chains were retained. The
trees produced were down-sampled to give a set of 1000 trees to be used as an empirical tree

set for DTA.

2.3.6 Markov Jump Discrete Trait Analysis (MJ-DTA)

Discrete trait transitions over the phylogeny were estimated using the Markov jumps and re-
wards method of Minin and Suchard, included in BEAST 1.10.5 [98, 100]. This method was
chosen over the traditional DTA as it can be used to estimate numbers of transitions between
locations directly in the BEAST model. Despite the large number of parameters to estimate,

the method can be sped up significantly by supplying a pre-estimated empirical tree set to
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estimate over as we did in this analysis. As the numbers of transitions are sampled directly
as parameters in BEAST, statistical support and bounds for numbers of transitions can be
trivially calculated in post-analysis of the Markov Chain Monte Carlo (MCMC) trace files.
The code used to produce the BEAST XML files used in this analysis is available on github.
The Markov jump DTA was run for 10 million iterations with one of the 1000 empirical trees
randomly sampled at each iteration. A 10% burn-in was removed after the iteration limit was
reached. Spread3 v0.9.7 was used to assign Bayes Factor support to the inferred number of
transitions between pairs of discrete locations [111]. Transitions with Bayes Factor support

above 10 are presented in the results section.

2.3.7 Consensus tree generation

To allow for the visualisation of geographic clusters of transmission, the set of phylogenetic
trees output from BEAST were combined to produce a representative consensus tree. A maxi-
mum clade credibility tree with common ancestor heights was generated with TreeAnnotator,
including location assignments at each internal node from the Markov jump DTA [110]. Com-
mon ancestor heights were used to ensure only positive branch lengths were reconstructed in
the final maximum clade credibility phylogeny. This consensus tree was used to produce the

phylogenies and transmission chain information presented in the results section.

2.3.8 Local transmission lineages

When inferring local transmission lineages (LTLs) we use a phylogeny illustrated with the
most probable internal node locations for each internal node and the known locations of the
sequenced tips. We divided the consensus phylogeny into LTLs by splitting the phylogeny
wherever a movement between regions was inferred by discrete trait analysis (two connected
nodes of the phylogeny are inferred to be in different regions). Here we use the midpoint of
the branch between connected nodes with different inferred locations as the estimated time of

this movement. This technique was based on visualisations presented by Dudas et al. for the
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2013-2016 West African Ebola outbreak [73]. LTLs are summarised in this analysis by classify-
ing them into three distinct types. The first, ‘dead-end’ lineages, are defined as circulating for
less than one year with fewer than 5 associated AFP sequences and without onwards transmis-
sion to other regions. The second, ‘persistent’ lineages are detected for greater than one year
with greater than 10 associated AFP cases. The third are ‘export’ lineages which include any
remaining lineages not included in the previous two groups which seed onwards transmission
in another region. Classification of LTLs into these summary groups uses AFP case data as a
measure of lineage size as this is less influenced by sampling intensity by region than ES data.
All sequences are considered when assessing movement between regions and time to detection

or die-out.

We calculate a mean time to detection and 95% CI for each region using the inferred LTLs.
Time to detection is calculated as the time from the midpoint of the branch connecting an
LTL to a node in a different region to the first detection in the LTL by either ES or AFP
surveillance. This is calculated as a daily rolling mean where any LTL which is extant at time
t is included in the mean and 95% CI presented for that time. This includes any LTLs which
were detected before time ¢ which are still extant or any LTLs which were yet to be detected at
time t but were later detected. When assessing time to detection we start from the beginning of
2014 due to the inflated time to detection for earlier sequences which sit close to the root. This
inflation is due to the lack of samples in the dataset prior to these early detections, meaning
that this part of the tree has fewer internal nodes and less information available to reconstruct
the importation date of a lineage. There will also be edge effects due to censoring of the data
at the end of the period covered, with any extant lineages which are yet to be detected at the
endpoint not included. Code to extract transmission lineages and recreate the plots presented

from a BEAST consensus tree is provided on github (github.com/JorgensenD/PhD_thesis/).
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2.4 Results

A linear regression of divergence on time (Figure 2.3) showed that the data was consistent with
a clock rate of 0.011 substitutions per site per year, with no major outliers from the linear
relationship (R? =0.96) [107]. This is consistent with previously published data on WPV1 and
allowed a fixed molecular clock with narrow bounds to be used for the remainder of the analysis

[45].

Two large outbreaks of WPV1 occurred in Pakistan and Afghanistan over the period covered
by the sequence data, with the first peaking in the fall of 2014 and the second peaking in the fall
of 2019 (Figure 4). In both cases, the Central Corridor contributed significantly to early circu-
lation and recorded a high proportion of AFP cases. Both outbreaks then spread primarily to
the South corridor, with the 2014 outbreak also leading to a large number of cases in the North
Corridor. The North Corridor supported the long-term persistence of a WPV1 lineage between
the outbreaks which went on to seed the majority of circulation in the later outbreak. This
lineage is the direct ancestor of all currently circulating WPV1. A large outbreak dominated
by cases in the South corridor preceded the sequences included in this analysis (2010-2011)
(Figure 2.4).

We infer the root of all included sequences to be in early 2006 (2006-04-17; 95% HPD: 2005-05-08
to 2007-06-04), although this includes a group of outlying sequences collected in Afghanistan
in 2012 with no recent ancestors. Investigation of these sequences shows some shared non-
synonymous mutations which are not present in the rest of the dataset (Investigated further in
the supplementary information). When this group is excluded, the root of all other sequences
is found to be in late 2010 (2010-10-30; 95% HPD: 2010-06-17 to 2011-03-25). We estimate
that there were 640 (95% Crl 619 to 659) movement events between regions over the 10 years

covered.

We see strong positive correlation between the number of sequences included in the dataset
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and the number of cases of acute flaccid paralysis due to WPV1 across regions (R = 0.75, p =
0.007) and across years (R = 0.82, p = 0.002) with the Pearson test. This suggests we have a

representative sample of cases in the study area across the time period.

The phylogeny with inferred internal node locations presented in figure 2.4 reveals repeated
movements between the city of Karachi and the South Corridor region (Karachi to South
Corridor n = 53, 95% Crl 42 to 61; South Corridor to Karachi n = 20, 95% Crl 14 to 26), as
well as from these regions to Centre Pakistan (Karachi to Centre Pakistan n = 106, 95% Crl 91
to 119; South Corridor to Centre Pakistan n = 35, 95% CrI 27 to 42). Outside of this southern
transmission loop, there are also repeated movements from the North Corridor to the Central
Corridor (n = 19, 95% Crl 14 to 23), and to a lesser extent the reverse (n = 11, 95% CrI 8
to 14). Exports from the Central Corridor region are low considering the large burden of AFP
cases in this region shown in figure 2.4, reporting primarily long term persistent transmission
lineages and dead end groups of linked isolates without onwards transmission (Figure 2.6).
Light blue branches, representing transmission in East Pakistan (primarily covering the highly
populous Punjab province) are interspersed in both transmission loops, suggesting consistent

spill-over from the primary reservoirs to this region throughout the decade. The analysis of
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Figure 2.4: Time-resolved phylogenetic tree for Pakistan and Afghanistan coloured according to
the regions shown in figure 2. Internal node locations are inferred using Bayesian Markov jump
discrete trait analysis. The x-axis represents time in years. Square tips represent sequences
isolated from the environment and round tips from AFP cases. The bar chart below the tree
shows monthly counts of reported polio AFP cases, coloured by the collection region with the
orange vertical line indicating the date of the first sampled sequence included in the genetic
dataset. Two key transmission clusters discussed are labelled on the right-hand side of the tree.
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AFP data alone presented in the supplementary shows very little exportation linked to East
Pakistan compared to what we see here with both ES and AFP data. East Pakistan has a large
number of ES sampling sites with large catchments which influences the inferred contribution of
the region to virus transmission elsewhere. The exportations from each region, shown in figure
2.5, highlight Karachi as a major exporter of virus to other regions which is supported when
ES data are not included in supplementary figure A.7. A full table of movement events with

Bayes Factor support above 10 between pairs of regions is provided in supplementary table A.1
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Figure 2.5: Transitions between regions inferred by Discrete Trait Markov Jump analysis. Both
plots represent counts of transition events between a pair of locations with Bayes Factor support
above 10. A shows the numbers of transitions between regions visualised on a circus plot. The
width of the arcs represents the number of inferred movement events, and the arcs are coloured
according to the exporting location. Total counts of importations and exportations in each
region are given around the circumference of the plot. The map in B represents the same
movements, again coloured by the exporting region with a width relative to the number of
transitions represented. This plot shows the eight regions with supported transitions in the
context of Pakistan and Afghanistan. The centroid of each region is used as the connection
point and is not influenced by the location of isolations within the region.

Since the 2014 outbreak, all reported sequences have belonged to two main WPV1 lineages
that coexisted for over eight years, with a common ancestor in September 2012 (Figure 2.4).
However, all sequences collected in 2022 have been related to one of these lineages, known
under the US Centers for Disease Control and Prevention naming scheme as R4B5C5B2 or

Y, suggesting that the other lineage (R4B5C4 or ‘X’) died out in early 2021 (lineages labelled
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on Figure 2.4). The extinct X lineage circulated mostly in the South corridor, Karachi and
East Pakistan. The Y lineage mostly circulated in the North Corridor until the 2019 outbreak,
where it spread to the southern regions (Karachi, Centre Pakistan and the South Corridor),
co-circulating with the X lineage throughout 2019 and 2020. The Y lineage was seen to replace
the X lineage towards the end of 2020. When investigating numbers of transmissions between
locations we see a large amount of Y cluster circulation supported by chains of transmission
between the southern regions, despite it originating in the North Corridor and currently only
circulating in the Central and North corridors. This suggests that the widespread expansion of

this cluster to the southern regions in 2020 has recently reversed.

Analysis including only sequences from AFP cases shows similar results in terms of the general
observation of a clear transmission loop in the south and lesser, but still important, movement
between the North and Central Corridors (Supplementary Information). However, the contri-
bution of East Pakistan and Karachi in particular in the full analysis is boosted by the inclusion

of ES data due to the large number of ES sites in these regions.

2.4.1 Local transmission lineages

Local transmission lineages provide useful information on time before detection and type of
clusters circulating in each region, full plots showing all the LTLs by region are presented in
supplementary figure A.4. These show the location a cluster was imported from, the sampling

method for each sequenced tip and the location of any onwards transmission.

Figure 2.6 highlights changes over time in the circulation patterns, with transmission shifting
from persistent transmission lineages within regions before 2019 to smaller dead-end trans-
mission lineages in most locations and repeated reintroduction. In the Central Corridor, the
current focus for WPV1 transmission, there are continued persistent lineages with long term

uninterrupted transmission. This figure also highlights the increase in the number of extant
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Figure 2.6: Breakdown of the number of local transmission lineages classified into the three

categories: dead end, with less than 5 AFP sequences, circulating in a region for less than a year
and no onwards transmission to other regions; persistent, with more than 10 AFP sequences
and circulating in a region for over a year; and export, including any chains not in the previous
two categories with any onwards transmissions to other regions. Chains which did not fall into
any of these categories are shown as other. Illustrative examples of local transmission lineages
from each category are provided in the supplementary information (supplementary Fig. A.5).
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Figure 2.7: Mean and 95% CI of the time to detection for local transmission lineages extant on
each day from 01-01-2014 to the end of the reported sequence data by region. The horizontal
black line on each plot represents a 547-day time to detection, the time required to reach the
1.5% threshold for difference to previously circulating virus used by the GPEI to classify orphan
sequences assuming a clock rate of 0.01 substitutions site™! year—!
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lineages associated with the 2019 outbreak. More inter-regional transmission during the out-
break period, with a greater number of importations and exportations, led to more inferred
LTLs. The high number of dead-end lineages during this period indicates that these lineages
are generally shorter with fewer associated cases (Figure 2.6). All of the persistent LTLs shown

in figure 2.6 have resulted in onward transmission to other regions.

Time to detection of LTLs over time in each region is presented in figure 2.7, with the expected
time to reach the threshold of 1.5% sequence difference from previous isolates (used by pol-
icymakers to determine orphan detections) overlaid. We see general improvement in time to
sampling in all regions with large samples of LTLs over the course of the included data and
all are, on average, below the orphan detection threshold over the whole period from 2014 to
2022. Time to sampling in 2022 varies across regions; In particular, we estimate a time to
sampling of a transmission lineage over the year to July 2022 of 193 days (95% CI 163-222) in
the Central and North Corridor regions compared to 89 days (95% CI 37-142) in the remainder

of the endemic region.

2.5 Discussion

By reconstructing the spread of wild serotype 1 poliovirus across Afghanistan and Pakistan us-
ing sequence data we are able to identify key regions which support the persistence of endemic
WPV1 transmission. We identified the corridor regions between the two countries to be key to
continued persistence of transmission, all supporting recent persistent lineages and with a long
term persistent lineage still circulating in the central corridor at the end of the included data;
This supports the findings of previous research [112, 113]. Other key exporting regions, Karachi
and Centre Pakistan, have also been linked to transmission of wild poliovirus in two further
outbreak countries in Southern Africa, highlighting the importance of interrupting endemic
transmission to transmission globally [17]. Despite the expansion of poliovirus surveillance in
the endemic region, continued circulation means the risk of spread to regions with less intense
surveillance persists. Weaker surveillance in non-endemic regions means that any imported wild

virus could circulate for longer without detection than in the endemic regions, requiring larger
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vaccination responses which bring an increased risk of seeding vaccine derived transmissions.
Surveillance gaps also still exist in the endemic region, highlighted by the time to sampling
presented in figure 2.7 and are likely amplified by political instability in Afghanistan and the

border regions of Pakistan [97, 112].

We see continued importance of the Karachi, Central Pakistan and South Corridor regions to
spread of the virus into other regions in recent years. Despite only a single ES detection in
these three regions since July 2021, it is important to continue targeting vaccination to these
south-western regions to prevent reintroduction and long-term circulation between and from
these regions, a key driver of poliovirus transmission in the past decade. The Central Corridor
region supports the only remaining persistent transmission lineage as defined in this study, with
changes in transmission dynamics in other regions towards more rapid detection and smaller
chains of transmission. Continued circulation is often linked to long-term under vaccinated
and hard to reach sub-populations, which can be masked when coverage data are aggregated.
This is highlighted by recent inference of 98% population immunity from vaccination campaign
coverage data despite the persistent transmission seen in this study [114]. The North Corri-
dor, particularly on the Afghanistan side, has also acted as a key poliovirus reservoir over the
time period covered here and continued to support two LTLs in June 2022, one of which was
exported and detected in the adjacent East Pakistan region. The long time to detection in the
Central and North Corridor and links to other regions suggest they remain key target regions

for increased surveillance and vaccination.

The highlighted corridor regions and Karachi have also been previously linked to high-risk
mobile populations (HRMPs), presenting additional challenges for vaccination targeting [97].
Together with interruptions to vaccination campaigns associated with the COVID-19 response
and violence against vaccination staff in recent years, a number of barriers to maintaining pop-
ulation immunity and eventual poliovirus eradication remain [115, 116]. Recrudescence of polio
in hard to reach communities was a major factor in the delay of certification of WPV1 eradi-

cation in Nigeria and considering these communities is key when pushing towards eradication
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[27, 28]. The ancestral linkage information and break-out of the phylogenetic tree into chains of
transmission in this study can help to identify otherwise invisible movements and shed light on
lineages which circulated for a long time prior to detection, such as those currently circulating
in the Central and North Corridors. Here we calculate a simple time to sampling metric with
the inferred LTLs, the time to detection and response will be longer than this due to the time
taken for transportation, culture and sequencing of samples as well as reporting and response

delays [117].

Our analysis also highlights the additional information provided by performing routine surveil-
lance of wastewater systems over relying on symptom-based AFP surveillance alone. As AFP
is a rare outcome, some regions can support transmission of poliovirus whilst not reporting
symptomatic cases [30, 31]. The analysis including ES data presented here highlights the im-
portance of regions reporting few AFP cases, such as East Pakistan and Karachi, to supporting
chains of transmission and exporting virus to other regions. Despite the utility of ES where
few symptomatic cases are seen, the fixed nature of the surveillance points and the lack of
standardisation of the site sensitivity in terms of population density, catchment area, water
flow rates, and other factors, mean that care needs to be taken when interpreting ES data.
Comparison of the analysis of the complete data and AFP only data suggests that the ES data
is not introducing a large amount of additional bias in the model, a risk with the DTA model
which assumes the number of samples in a region is directly proportional to the number of
cases. It would still be an interesting and important area of future work to incorporate ES and
AFP data as separate data sources to account for sampling differences in both, whilst retaining
the quick and simple DTA framework used here. ES can give an early warning of expanded
transmission where circulation is not occurring at a high enough rate to be detected via AFP
surveillance and it will become an increasingly key resource as we reach the end point of the

poliovirus eradication campaign in the coming years.

A number of simplifying steps were made in this analysis to speed up the pipeline. The speed

of analysis is important to allow real-time feedback to regional stakeholders in the eradication
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programme and maintaining speed with increasing numbers of sequences can be challenging.
The consistent molecular clock of poliovirus lends itself well to quick and simple phylogenetic
analysis [45]. The Markov Jump DTA method used here, when compared to the standard
DTA, allows us to reconstruct numbers of transitions between locations and the support for
these transitions in the model. Producing an empirical tree distribution over which to apply
the Markov Jump method provides a considerable speed increase over a standard Bayesian
DTA model where the phylogeny is inferred and adjusted at each step in the Markov chain,
bringing the computational time down by around 45% to 2 hours per million steps. The chains
are also quicker to converge, with little burn-in required, meaning a smaller number of steps
can be used. This empirical tree distribution is an appropriate simplifying assumption with the
DTA as the movement events inferred have no effect on the phylogenetic tree structure. This
framework can also be used to estimate a complete history of jumps between regions, although
coming with considerable additional computational cost, allowing time and likelihood distribu-
tions to be estimated for each individual transition between regions. This may be of interest
in the future when investigating important transitions such as the movement from Southern
Pakistan to the non-endemic Malawi-Mozambique border region. Using discrete locations is
an additional simplifying assumption, with rate reconstruction directly dependent on the bor-
ders of the regions included. Here we attempt to describe epidemiologically distinct regions of
interest but arbitrary borders between regions based on administrative boundaries will always
introduce additional sources of possible bias depending on the segregation or combination of
linked populations [118, 119]. The treatment of these discrete populations in this analysis is
also at odds with widely used population movement models such as the gravity and radiation
models which consider distance between locations and population density when reconstructing
movement probabilities. It would be useful to quantify these biases with continuous phylogeog-

raphy or by incorporating a more complex transition model between the discrete blocks.

Through investigation of the poliovirus sequence data with simple and fast to implement phy-
logeographic methods, and by producing effective visualisations and summaries of these data,

we can provide additional epidemiological information over what can be gained from current
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routinely implemented methods, linking clusters of viruses on genetic similarity alone. The
speed of analysis and interpretability of the information provided was a particular focus in this
analysis as we aim to produce a routinely implemented analysis pipeline which can provide
succinct information of use to stakeholders and decision makers planning future vaccination

and surveillance responses.

2.6 Conclusion

This analysis corroborates previous analysis of WPV 1 transmission in Pakistan and Afghanistan
with both epidemiological and sequence data, supporting the importance of corridor regions
between the countries as key WPV1 reservoirs. It also highlights the die out of a major cluster
of poliovirus transmission in the region, which was last seen in early 2021, improving time to
detection and smaller geographic lineages of related virus, all indicators of progress towards

eradication of wild poliovirus.

64



Chapter 3

A simple correction to adjust for sampling biases in phy-

logeographic discrete trait analysis

3.1 Abstract

Discrete trait analysis (DTA) methods are widely used to infer patterns of movement between
discrete geographic locations from genetic sequence data as they are simple and fast to im-
plement. With the increasing interest in phylogeography for pathogen genomic epidemiology,
accounting for and understanding the limitations of the methods used is becoming increasingly
important. Applying DTA to location makes several strong simplifying assumptions, including
the assumption of equal sampling probability across locations. This may lead to biased esti-
mates of migration rates and ancestral locations where sampling rates vary. Here we investigate
these biases using simulated migration and transmission data. We propose a simple correction
to DTA for unequal sampling probability across locations when sampling rates are known or can
be estimated. This correction to the migration rate matrix can be applied only to phylogenetic
branches leading to sampled tips or to the whole phylogeny. We assess the performance of this
correction using simulated data for a range of endemic transmission scenarios with varied sam-
pling and migration rates. In a simple, two-location, case the correction performs significantly
better than a standard DTA method in three of the four sampling rate distributions investi-
gated. Applying the correction across only the tips of the phylogeny and over the full depth of
the tree gives similar results, with the correction only at the tips performing marginally better
in this simple two-location simulation. As migration is a key driver of infectious disease spread,
improving estimates of migration with simple phylogenetic methods is a valuable development

in infectious disease phylogeography.
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3.2 Introduction

With the increasing availability of high quality and geographically diverse genetic sequence
data from emerging and endemic diseases, phylogeographic analysis is becoming increasingly
popular to estimate likely sources and routes of viral transmission. Recent studies have applied
phylogeographic methods to study Influenza, Rabies, HIV, Ebola, Zika and the SARS-CoV-2
pandemic, amongst other viral infections [73, 74, 76, 120-125]. Observed viral sequences are
often annotated with location information and phylogeographic research aims to combine this
information with the inheritance information provided by the genetic sequences themselves to
infer the likely location of unobserved ancestral virus and the rate of movement of virus be-
tween locations. A number of methods have been developed to reconstruct ancestral states
on a fixed phylogeny [71, 126]. Traditionally, this mapping was carried out using parsimony
methods, minimising the number of state transitions required to explain the observed traits at
the tips of the phylogeny [126]. This can be misleading where rates of migration are high or
state exchange probabilities are unequal, both important considerations in infectious disease

phylogeography [127, 128].

A simple and widely used alternative is discrete trait analysis (DTA) (also often referred to as
‘mugration’ as the migration process is modelled using similar methods to those used to model
mutation, with each location modelled as a state of the discrete trait) [128]. Using a probabilis-
tic method allows a model of location or ‘state’ change to be explicitly specified and transition
rate parameters to be estimated. DTA does not directly use the location data during inference
of the phylogeny, but infers migration along the branch lengths and estimates the geographic
location of internal nodes. This allows the evolution of the discrete trait to be informed by
both a model of dispersion patterns over time and the structure of the phylogeny previously
inferred from the genetic sequence data [128]. DTA methods typically employ continuous-time
Markov chain models from the ‘Mk’ family of Markov models of discrete character evolution
[129]. Pagel (1994) was the first to propose the use of an Mk model for discrete trait data with

a probability distribution of character states inferred at each internal node on the phylogeny,
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the basic structure used for contemporary maximum likelihood discrete trait analysis [130].

Most discrete trait models consider ‘reversible’ transition rates, where the forward and backward
rate of movement between a pair of discrete states are equal, as these are more commonplace in
the substitution models already widely implemented in phylogenetic software. The TreeTime
mugration method of Sagulenko et al., for example, implements the generalised time reversible
model of Tavaré to estimate migration and forms the basis of the internal node location es-
timates in the popular, open-source, Nextstrain pipeline [76, 131, 132]. In this chapter we
consider a non-reversible or ‘all-rates-different’” (ARD) Mk model applied to a single discrete
trait, location. The aim of employing a non-reversible model is to better capture asymmetric
migration patterns. This has an associated cost of doubling the number of transition rate pa-

rameters which need to be inferred over a reversible model.

When modelling human movement in epidemiology it is common to consider either the radia-
tion or gravity models, where movement of individuals is incorporated as a directional process
[133]. These models were developed to account for short-term movement of individuals such
as commuting and retail, key drivers of the spread of infectious diseases between populations.
This directionality is also an intuitive property of medium-term human migration with certain
regions gaining and losing population over time within a country [134]. This differs from tra-
ditional molecular ecology where we are considering the development of traits over ‘ecological
time’, measured in generations, and drivers of individual movement are of less importance to
trait reconstruction [135]. As the spread of human viruses between populations is driven pri-
marily by the movement of individuals between locations, it follows that movement of virus
between populations will be similarly directional. Directional discrete trait models are imple-
mented in the ace function from the R phylogenetics package ape and are supported for discrete

trait reconstruction in the Bayesian phylogenetic software BEAST [106, 110, 136].

Although DTA is computationally efficient and easy to implement with a simple maximum like-
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lihood implementation of Felsenstein’s pruning algorithm, the method was designed to model
the substitution of alleles at a genetic locus. Here we instead aim to discern the movement
of individuals between discrete locations [71]. The primary difference between the two is that
phenotypes used in traditional discrete trait models are directly linked to the underlying ge-
netic data informing the phylogeny whereas genetic data has no direct causative effect on the

location of a sample.

Assuming that migration is analogous to mutation inherits assumptions from mutation models
at odds with traditional models of migration, outlined succinctly by De Maio et al. [61]. Briefly,
DTA assumes i) the shape of the phylogeny is independent of migration, ii) sampling intensity
in each state is proportional to the infected population in that state at the time of sampling,
iii) prevalence of states can drift with states able to become fixed or extinct over time, iv) any
states not sampled at the tips are not able to be inferred as ancestral locations. These factors
can lead, amongst other issues, to biased estimates of migration rates and the location inferred

at internal nodes where there is unequal sampling between states [137].

Alternative phylogeographic methods which are better suited to structured populations (such
as the spatial and temporal subdivisions present in epidemiological models) are also becoming
more widespread. Omne such model is the structured coalescent, introduced by Hudson and
Notahara in 1990 and based on the earlier coalescent method of Kingman, 1982 which is im-
plemented in a range of phylogenetic software [55, 57, 138, 139]. The structured coalescent is
more appropriate than discrete trait analysis for structured populations as it incorporates fixed
effective population sizes, allowing sampling rates to differ across populations, and allows the
population structure to affect the shape of the inferred phylogeny. The structured coalescent
can still result in improper posterior densities for migration rate and population size param-
eters where sensible bounds are not given or uninformative priors are used for demographic
parameters [58, 140]. Full structured coalescent models can also be slow to, or fail to, converge
where more than three or four discrete states are used, which can also be an issue when incor-

porating complex population structure [58, 63]. For this reason, and to incorporate predictor

68



variables, a number of approximations and extensions to the structured coalescent have been
proposed in recent years. These include the approximations proposed by Volz, De Maio et al.
and Muller et al. which avoid the sampling of migration histories in the structured coalescent
by integrating over possible migration histories [59, 61, 63]. Differences between these approx-
imations are described in Muller et al. 2017 [60]. Despite these simplifying assumptions, there
are still limitations to the numbers of sequences and locations which can be considered with
these methods, in the hundreds of sequences and fewer than 10 discrete location states. This
precludes their application to large datasets and complex populations. Both the DTA and the
marginal approximation of the structured coalescent proposed by Muller et al. have also been
extended to allow additional migration predictor information to be provided with a generalised
linear model [63, 72]. This can improve inference estimates where demographic or distance

parameters, for example, affect the movement probability between locations.

Other methods such as the birth-death process and the generalised coalescent can be used
to combine epidemiological models of infection and recovery with genetic data and analyse
phylogenies constructed with data from structured populations [59, 141]. These both allow
more complex models of birth, death, migration and sampling to be specified, although these
models may also be biased and can be slow and difficult to implement. Alternatively, location
data can be treated as continuous rather than discrete information, which has the benefit of not
requiring homogeneous discrete regions to be defined [68, 142, 143]. Defining these regions is a
key step in any discrete phylogenetic approach, with results strongly dependent on the regional
boundaries and extent of the study area considered [118, 119]. As DTA continues to be used
widely due to the speed and scalability of the method to large numbers of states, context-specific
amendments are important to produce reliable results. Here we propose a simple change to
the transition matrices central to the likelihood calculations used in discrete trait analysis to

correct for unequal sampling rates between locations.
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3.3 Methods

Simple maximum likelihood discrete trait analysis uses k-state Markov models (Mk models)
of migration between locations [129]. Using a Markov transition matrix and Felsenstein’s tree
pruning algorithm it is possible to estimate the likely locations of internal nodes in a phylogeny.
This process treats migration akin to mutation of a discrete trait, hence the name ‘mugration’
is often used to describe discrete trait analysis applied to migration [61, 71, 144]. These Mk
models are traditionally used in molecular ecology as genetic substitution models, with the
simplest equal rates and equal frequency model introduced by Jukes and Cantor in 1969 [145].
Here we consider the ARD Mk model where the migration rate from location i to j can differ
from the reverse rate from j to i. Models of this type are not typically used as substitution
models, although they were introduced for this use by Barry and Hartigan in 1987 [146, 147].
Statistical identifiability issues for tree generation with the non-reversible general Markov model
were described by Zou et al. in 2011 [148]. In the case of DTA, as we are considering changes
in a discrete trait independently of the process of tree generation, the non-reversible model can

be used and is offered as a method in popular phylogenetic software [106].

3.3.1 General methodology

In an Mk model, the instantaneous rate of change between state ¢ and j is denoted by g;;.
General Markov models of discrete character evolution with &k states can be represented with a

transition rate matrix, Q [129, 149] (Eq. 3.1):

qi1 qi12 - qik
21 Q22 - G2k

Q=|. . . . (3.1)
dk1 qk2 - Qkk

Where each element on the main diagonal is equal to the negative of the sum of all other
elements on the same matrix row (g = —)_; 2k qri)- The transition rate matrix can be

used to compute the transition probability matrix P(¢) for a time interval t by taking the
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matrix exponential [150](Eq. 3.2). The resulting matrix (P(¢)) is a right stochastic Markovian
transition matrix.

P(t) = (3.2)

The likelihood for an ancestral node is given by the product of this transition matrix (P(¢)) and
a vector (vgese) corresponding to the location probability of each descendent node. In the case
of a tip, where the sampling location is known, this probability is 1 for the sampled location and
0 for all other locations. As each ancestor has two descendants, we need to calculate P(t) - vgese
for each descendent branch. The product across these two branches gives the overall likelihood
at the ancestral node. Once the ancestral node likelihood is assigned the descendent branches
from that node can then be ‘pruned’ and the likelihood calculated recursively up the tree using
Felsenstein’s pruning algorithm [71]. The overall tree likelihood is calculated by taking the

product of these values across all internal nodes.

3.3.2 Proposed corrections

We propose and test the performance of four corrections to attempt to account for sampling
rate differences between locations in DTA. When testing the corrections, we consider sampling
rate as the proportion of all currently infected individuals sampled per unit time at endemic
equilibrium. The four corrections use a similar method to the equilibrium base frequency vector
supplied in the generalised time reversible DNA evolution model of Tavaré [131]. These four
proposed corrections are made up of two related corrections applied only at branches leading
to the tips of the phylogeny (Fig. 3.1) or over the full depth of the phylogeny, as in the GTR

model of Tavaré.

The first correction applies the sampling rate directly, with a diagonal matrix of sampling rates

multiplied to the ) matrix via matrix multiplication (Eq. 3.3).
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Qn Q2 Quk o0 00 0

Q?l q‘22 . q?k 0 9% 0 O (33)
0 0 .0

k1 Qe2 " Qik 0 0 0

where each of the k rates of moving into a location i (gx;) are multiplied by the corresponding
sampling rate in that location (¢;). We then set the diagonal elements to the negative of the

sum of all other elements on the same matrix row (Eq. 3.4).

g1 %2qi2 - OkQuk
01g21 Q2 -+ OnQok
Q= | . o ) (3.4)
51%1 52%2 o Gk

where : qu, = — Z 0iQri
itk
The second correction takes the additional step of normalising the sampling rates. We normalise
the sampling rates to sum to one, akin to the treatment of equilibrium base frequencies in the
GTR model. As the magnitude of the sampling rates is already reflected in the tree structure;
with branch lengths and internal node positions in time influenced by the number of samples
taken per day, this normalisation is designed to reduce the order of magnitude differences in
sampling rates between scenarios to a set of relative rates on the same scale across scenarios.
As all sampling rates are positive, the normalisation is carried out by dividing the rate in each

location by the sum of rates across the k locations (Eq. 3.5) to give normalised sampling rates

P1° " Pk-

qi1 G2 qik pr 0 0 O
q21 q?z Q?k 0 p2 0 O (3.5)
: 0 0 0
qr1 qk2 Qkk 0 0 0 pp
0i
where : p; =



The diagonal elements of the Q matrix are given by the negative of the sum of all other elements

on the same matrix row (Eq. 3.6), as in the previous proposed correction.

gt P2q12 " PrQik
P1q21 G2 - PrG2k
Q= . S . (3.6)
P19k1  P29k2 ' Qkk

where : qu, = — Z Piqki
ik
These two correction methods are applied either at branches leading to tips, as illustrated in
Fig. 3.1, or over the full depth of the tree, giving the four proposed corrections. We propose
these two alternative implementations as, where migration and mutation occur at a higher rate
than sampling, it holds that the phylogeny produced will have a more diverse sample at the tips
than where sampling rates are higher than migration and mutation rates. We posit that where
a more diverse sample is collected, and thus the root of the tree is deeper and internal branches
are longer, sampling rate differences at the tips will have a greater effect on the inferred location
of the nodes directly ancestral to the tips than the deeper tree. Vice-versa where the sample
is less diverse, and the root of the tree is less deep in time we suggest that sampling may have
a greater effect on the structure of the full phylogeny. Where the correction is applied only
at branches leading to tips the general methodology is followed for internal branches, with the
Q matrix applied as given in equatxion 3.1. Work by Faria et al. applied a similar branch
partitioning approach to account for differences between successful host-shifts and dead-end

cross-species transmissions in a model of zoonotic infection[151].
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Figure 3.1: Example of a 100-tip
phylogenetic tree with the termi-
nal branches coloured red to show
the branches over which the sam-
pling rate correction is applied in
the ‘tip-only’ corrections. Inter-
nal branches where the Q matrix
is left unaltered are coloured blue.
The x-axis shows the number of
days from the time of the com-
mon ancestor (at zero) of the simu-
lated samples (the root of the phy-
logeny). r =

0 250 500 750

Applying the adjustments prior to calculating the diagonal elements of the Q matrix preserves

the properties of the transition rate matrix as outlined in Norris 1997 [152] (Eq. 3.7), namely:

0< —gi <00
0 <gqyfori#k (3.7)

Z%’k =0 for all ¢
k

Giving rows which sum to zero and no negative off-diagonal or positive diagonal elements.

The proposed corrections are not perfect as sampling events also influence the tree structure
and the timing of internal nodes. In the DTA, phylogenies are estimated via a separate process
and the topology of the phylogeny is not updated to account for the inferred migration model.
This means that the influence of migration on tree topology cannot be accounted for, and this

would require a more complex phylogeographic model.

3.3.3 Tree simulation

To test the proposed model corrections, we consider a range of simulated phylogenies with dif-

ferent migration and sampling rates. The simulated phylogenies are produced under a multitype
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birth-death (MBD) model using the BEAST2 package MASTER [153, 154].

Is

Population i

—_—» § > | — R
uN BSI 4
H H H

Figure 3.2: Structure of the simple SIR model implemented in MASTER in one of two popula-
tions. Additional populations are added as identical modules with additional migration rates to
allow movement between all populations. The compartments represent Susceptible (S), Infected
(I) and Recovered (R) individuals with the additional Is compartment representing sampling
with removal.

A simple epidemic model is simulated with a single infection seeded in one of the locations at
time zero. For simplicity we assume that migration occurs at a constant rate over time and
that there is no substructure within the states, with all individuals within each state having
the same fitness and same probability of being sampled. The model is allowed to progress for
10000 time-steps (days) without sampling to ensure an endemic equilibrium is reached prior
to sampling. A sampling compartment is used with no outflows to ensure sampled individuals
are an endpoint for transmission. This is a simplification of real sampling dynamics for math-
ematical convenience, preventing a sampled lineage from being directly ancestral to another
sample which would result in a zero length branch. When reconstructing the tree, the time of
movement into the sampling compartment is taken as the time of the sampled tip. Recovered

individuals are considered immune and no longer contribute to the transmission as infectors or
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susceptible individuals. Each sampled phylogeny is taken from an independent simulation and
contains 100 sampled tips across the two sampled populations, regardless of sampling rates.
We do not simulate genetic sequences for these phylogenies, instead we use only the simulated
labelled trees and branch lengths. In other words, we do not account for phylogenetic uncer-

tainty relating to the quality, length, and characteristics of any sequence.

Figure 3.2 shows a flowchart representation of one of the populations included in the MBD
model. Rates shown in Figure 3.2 but not in table 3.1 are varied to test the effectiveness of the

model corrections under different scenarios outlined below.

Table 3.1: Input parameter values fixed across models. Beta and gamma are set to give an
RO of 6 and infectious period of 10 days and the birth/death rate is set in days to give a life
expectancy of 68 years.

Parameter | Meaning Value (per day)
o birth/death rate 0.00004
6] transmission rate (per susceptible individual | 0.6
per infectious individual)
0% recovery rate 0.1

3.3.4 Modelled scenarios

For ease of computation and understanding, we test two-state implementations of the correc-
tion methods. Further tests with more states will be required to further validate the correction
methods for use with greater numbers of states, the primary use case for DTA. For each of the
two-state MBD models we consider a range of relative migration and sampling rates between
the two modelled locations. We test relative rates up to 4 times higher in each location over
the other by randomly selecting migration rates between 0.005 and 0.05 per person per day to

satisfy the relative rates we are aiming to reconstruct.

To test the methods under different sampling scenarios we vary the sampling and transmission
rates. These scenarios are the “high sampling rate” scenario, where the sampling rates are

an order of magnitude higher than migration rates; the “medium sampling rate”, where the
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migration and sampling rates are on the same order of magnitude; the “low sampling rate”,
where the sampling rates are an order of magnitude lower than the migration rates; and the
“transmission difference” scenario where sampling rates are the same as in the low sampling
rate scenario but transmission in population 2 is twice as fast as in population 1, leading to a
larger number of infected individuals at equilibrium in this population (Table 3.2). This covers

a realistic range of relative migration and sampling rates between populations.

Table 3.2: Migration and sampling rate ranges for each of the modelled

scenarios.
Model scenario Migration rate range | Sampling rate range
High sampling rate 0.005 to 0.05 0.05 to 0.5
Medium sampling rate 0.005 to 0.05 0.005 to 0.05
Low sampling rate 0.005 to 0.05 0.0005 to 0.005
Transmission difference * | 0.005 to 0.05 0.0005 to 0.005

* The transmission difference scenario has identical migration and sampling
rates to the low sampling rate scenario but different transmission rates between
locations (Transmission difference: $; = 0.6 and f2 = 1.2; Low sampling rate:

pr=P2=06)

3.3.5 Fitting the model

We test the adjusted model by adapting the ‘ace’ function from the R phylogenetics package
‘ape’ [106]. This method uses maximum likelihood optimisation which, although simple and
fast to implement, can often have issues with the Mk model. Previous work has reported a
flat or ridged likelihood surface for a two-state model, making it impossible to reconstruct
exact values for the ¢ parameters [61, 149]. As we find similar issues with the reconstruction
of directional migration rates, we reparameterise the migration model to estimate a relative
migration rate between a pair of locations rather than attempting to estimate each migration
rate. In order to estimate a relative rate directly from the likelihood maximisation, we amend
the Q matrix (Eq. 3.8):
0 ga-x

Q- 3.9
g1 0
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Giving a base rate of migration from location 2 to location 1 (g1 in eq. 3.8) and a rate relative

— a2

Z3). This minimises convergence

to this base rate for the reverse migration (z in eq. 3.8
issues resulting from collinearity between forwards and backwards rates as the relative rate
remains consistent for a range of base rates along a ridge, meaning a constant relative rate
should be returned as long as likelihood maximisation results in a point on the ridge. Although
this change does not lead to a convex likelihood surface, the ideal scenario, it does allow for

comparison between model fits (Fig. 3.3). This change is carried out prior to applying correc-

tions and setting the diagonal elements, as outlined in equations 3.3 to 3.6.

As relative rates have a lower bound of zero and, where both rates are equal, have a value of
1, the natural logarithm of the relative rate will approximately follow a normal distribution.
We perform likelihood maximisation on the log-relative-rate, allowing standard errors to be
estimated on the normal distribution, resulting in correctly distributed approximate confidence
intervals when transformed back to a linear scale. This transformation has the added benefit
of a +00 scale, meaning a wider range of likelihood maximisation techniques can be used. We
can reconstruct the approximate standard error for this log-relative-rate from the hessian of
the maximum likelihood region of the likelihood surface. Here we use the Hessian method
implemented in the ‘optim’ function from the ‘stats’ R package. Unfortunately, the eigenvalue-
based solution used assumes a convex likelihood surface around the maximum likelihood point
estimate and can fail to reconstruct a standard error where the likelihood surface is flat in one
or more directions, as is the case with the models tested. Where confidence intervals could not
be reconstructed with either the corrected or uncorrected methods, or both, the phylogeny was

dropped for mean squared log error (MSLE) and confidence interval comparisons.

We assess the ability of the corrections to reconstruct relative migration rates by comparing the
MSLE between the true and estimated relative migration rates across all simulations. Signifi-
cance is assessed with a p-value threshold of 0.001 due to the very large sample size of 10,000

trees used.
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3.4 Results

3.4.1 Correction selection

For the corrections using the exact rather than the normalised sampling rate, the overall MSLE
was (.26 applied across all nodes and 0.19 applied only at the branches leading to tips. Where
the sampling rates were normalised to sum to one, the overall MSLE was 0.18 applied across
all nodes and 0.14 applied only at branches leading to tips. As the correction with normalised
sampling rates applied to branches leading to tips performed best across all sampling scenarios,
the results from this method are presented in the main text below. The normalised correc-
tion applied to the full depth of the tree performed better than either of the non-normalised

corrections and is applied to example polio data alongside the tip-only correction in chapter 4.

3.4.2 Likelihood surfaces

The likelihood surface for the migration rate from 2 to 1 and the relative rate of return (g9
and z in eq. 3.8 respectively) showed a repeated trend of heavy ridges, where the maximum
likelihood relative migration rate is constant across a large range of base migration rates. This
ridged maximum likelihood region is brought more into line with the true relative migration
rate with the proposed normalised tip-only correction. An example of the performance of the
correction for a single phylogeny presented in figure 3.3. In both the corrected and uncorrected
cases shown in figure 3.3 the maximum likelihood ridge is consistent for high values of the log-
transformed base migration rate, becoming distorted at lower values. This trend is seen over
the range of sampling and migration rates investigated, although the effect is more pronounced

with more heavily biased rates.
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Figure 3.3: Likelihood surfaces for the base and relative migration rate. These are plotted on
a log scale as the maximum likelihood estimation is performed on log-transformed parameters.
This plot highlights the ridged likelihood surface and the improvement in maximum likelihood
estimation with the proposed correction. This surface is for a single tree with simulation migra-
tion rates of 0.01 (pop 1 to 2) and 0.04 (pop 2 to 1) and sampling rates of 0.0039 (pop 1) and
0.000975 (pop 2). The surfaces are split into bins, with bounds shown in the figure legend. The
lightest colour represents the maximum likelihood (minimum negative log likelihood) region.
The horizontal line on each plot represents the true relative migration rate we are attempting
to reconstruct (0.01/0.04 = 0.25,10g(0.25) = —1.39) and the red dot shows the location of the
maximum likelihood estimate from the surface.

3.4.3 Relative migration rate estimates

Low sampling rate and transmission difference scenarios

As the low sampling rate and transmission difference scenarios both use sampling rates an order
of magnitude lower than the migration rates, we present the results together. The scenarios
differ as the transmission difference scenario incorporates a 2-fold higher transmission rate in
one population than the other (5; = 0.6, 52 = 1.2) to assess the ability of the method to correct
for sampling rate differences where transmission is unequal across regions (Table 3.2). Fig. 3.4
shows the proportion of model runs where the true relative migration rate was within the 95%
confidence interval of the estimated relative migration rate under the corrected and uncorrected
models. The number of trees from the 100 simulations retained for each parameter set is shown

in supplementary figure B.1.
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Figure 3.4: Proportion of model runs under the low sampling rate scenarios where the 95%
confidence interval of the estimated relative migration rate includes the true relative migration
rate from the simulation. We investigate different relative rates of migration and sampling to
illustrate the performance of the proposed correction over a range of scenarios. These plots show
the prediction under the corrected model (left; plots A and C) and the uncorrected all-rates
different Mk model (Right; plots B and D). The top row (plots A and B) shows the performance
of the correction and standard model in the simple case, where the transmission rate is equal
across the two populations, and the bottom row (plots C and D) the biased transmission case,
where transmission is two times higher in population 2 than population 1. Where a confidence
interval could not be estimated due to the likelihood surface being flat in at least one direction
the tree was dropped from the calculation. The number of trees where confidence intervals
could be estimated in each scenario is shown in supplementary figure B.1.
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Figure 3.4 shows that there is significant improvement in the confidence interval prediction
with the correction. Where transmission rates are equal in the 2 populations, the true relative
migration rate is included in the 95% CI of the predicted relative migration rate in the major-
ity of simulations for every scenario with the correction. The minimum proportion of 95% CI
predictions including the true value for any migration and sampling scenario is 0.68 compared
to 0.00 with the uncorrected model. In the unequal transmission scenario, where transmission
is 2 times higher in population 2 than in population 1, the correction continues to perform well
with a minimum proportion of 0.73 of the reconstructed 95% confidence intervals including the

true relative migration rate. Without the correction, this minimum value is again 0.00.

Under the transmission difference scenario, we see examples where very few tips are sampled
from one of the two locations, as illustrated in Fig. 3.5. As migration rate reconstruction with
DTA relies on the known location of sampled tips, it is much more difficult to infer a migra-
tion rate where one location is heavily under-represented in the phylogeny, but the correction
appears to perform well at reconstructing the relative migration rate even in this scenario. In
this scenario, however, a greater number of phylogenies are dropped due to inability to recon-
struct 95% confidence intervals with both the corrected and uncorrected methods, outlined in

supplementary B.

Figure 3.6 shows the MSLE for each modelled sampling and migration rate scenario. As with
the confidence intervals, we see an overall improvement in prediction with the corrected method
when sampling rates differ between locations. Under the equal transmission rate scenario, we
see a highest MSLE of 0.33 with the correction and 2.56 without the correction (Fig. 3.6 A
and B). In the transmission difference scenario, the correction performs similarly well, with
a maximum MSLE of 0.32 with the correction and 2.43 without. We can also calculate the
MSLE across the full range of true and predicted values in order to compare the corrected and
uncorrected models. The MSLEs are the same for the transmission difference and low sampling

rate scenarios with an overall MSLE of 0.07 with the correction and 0.86 without.
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Figure 3.5: Example phylogeny for the sce-
nario where migration from population 1 to 2
is 4 times lower than the reverse rate and sam-

location pling is 2.94 times lower (x= 0.34, y =0.25 on
— population 1 Fig. 3.4C) Branches are coloured according
— population 2 to their simulated location. This phylogeny

is presented to highlight the lack of samples
from population 2, making migration rate re-
construction difficult. The x-axis shows time
in days from the root.

0 250 500 750

With the uncorrected method we see a clear horizontal band on the plots of both the proportion
of 95% confidence intervals including the true value and MSLE for the predicted relative mi-
gration rates (Fig. 3.4 and 3.6). This suggests that the standard uncorrected method performs
well at predicting the relative migration rate and the bounds on relative migration rate where
the relative sampling rates are close to one. Further from the equal sampling case, where the
differences in sampling rate are influencing the tip distribution of the phylogeny, the uncor-

rected method has much worse performance whereas the correction continues to perform well.

It is also evident that we see the worst performance with both the corrected and uncorrected
methods where the phylogenies have very few tips from one location. This tends to occur most
often where the rate of leaving a location is high and the rate of sampling in the same location
is low or in the opposite case where the rate of leaving a location is low and the rate of sampling

in that location is high (bottom right and top left of the plots in fig. 3.4 and 3.6).
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Figure 3.6: Difference between the true and estimated relative migration rates under the low
sampling rate scenarios investigated. These plots show the mean squared logarithmic error
(MSLE), a measure of the relative difference between the actual and predicted values. The
left-hand panels (A and C) show the ability to reconstruct the true relative migration rate with
the proposed correction and the right-hand panels (B and D) without. The top panels (A and
B) show the performance where transmission rates are equal across the 2 populations and the
bottom panels (C and D) where the transmission rate in population 2 is 2 times higher than
in population 1. Values of the MSLE above 2 are shown in black on the above plot to allow
better focus on the differences between lower values of the MSLE.
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Medium sampling rate scenario

Under the medium sampling rate scenario, where sampling rates are on the same order of
magnitude as migration rates, the correction performs similarly well (Fig 3.7) to in the low
sampling scenarios above (Fig 3.6) with an overall MSLE of 0.08. We see an improvement
with the uncorrected DTA in this scenario with an overall MSLE of 0.72. The corrected model
performs significantly better than the uncorrected model when comparing overall MSLE (p <
0.001). 95% confidence intervals including the true relative migration rate and MSLEs under

this scenario are shown in figure 3.7.

High sampling rate scenario

With a high sampling rate, the sampled tips in the phylogeny are very close together in time
and phylogenies tend to be rooted more recently than with lower sampling rates. An example
phylogeny is presented in supplementary figure B.3. In this case, the uncorrected DTA method
is better able to reconstruct the relative migration rate than in the other sampling scenarios
presented previously. The corrected (overall MSLE = 0.31) and uncorrected (overall MSLE =
0.29) methods perform equivalently (p=0.047). We posit that this is due to the much shal-
lower phylogenies including fewer transmission events and less chance for alternative inference
of migration events. In figure 3.8, with both the corrected and uncorrected methods, inference
appears better close to the centre of the y-axis, where sampling rates are close to equal and
sampling differences have less influence on the migration events. This suggests that sampling
rate is still influencing the phylogenies produced. As both methods infer discrete location inde-
pendently of tree topology, they are not able to correct for any topology differences introduced

by biased sampling with high sampling rates.
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True relative migration rate within confidence intervals
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Figure 3.7: Predictive ability of the DTA model under the “medium sampling rate” scenario.
A and B) Proportion of true relative migration rates within the 95% confidence intervals of the
inferred relative migration rates under the corrected (A) and uncorrected (B) methods. C and
D) Mean squared logarithmic error (MSLE), a measure of the relative difference between the
actual and predicted values with the corrected (C) and uncorrected (D) methods. Values of
the MSLE above 2 are shown in black on the above plot to allow better focus on the differences
between lower values of the MSLE.
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Figure 3.8: Predictive ability of the DTA model under the “high sampling rate” scenario. A
and B) Proportion of true relative migration rates within the 95% confidence intervals of the
inferred relative migration rates under the corrected (A) and uncorrected (B) methods. C and
D) Mean squared logarithmic error (MSLE), a measure of the relative difference between the
actual and predicted values with the corrected (C) and uncorrected (D) methods. Values of
the MSLE above 2 are shown in black on the above plot to allow better focus on the differences
between lower values of the MSLE.
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3.5 Discussion

We have developed a correction for discrete trait phylogeographic analysis that improves es-
timates of migration rates between locations when sampling differs between them, thereby
allowing more accurate inference of disease transmission across geographies. This correction
can be simply implemented in standard phylogenetic software with minimal increase in com-
putational time (mean of 0.19 seconds to reconstruct maximum likelihood migration rates and
ancestral locations on a 100-tip, two-location phylogeny in the ace function from the R package
ape compared to 0.12 seconds without the correction). The results presented in this chapter
show that the proposed correction can improve the inference of relative migration rates on
phylogenies drawn from a simulation of an endemic disease where sampling rates are known,
and vary by location. This is an important step as a major issue with the use of discrete trait
analysis or mugration models is the assumption that sampling in a state is directly propor-
tional to the underlying number of individuals in that state. In a two state scenario we show
that the uncorrected Mk model, the base for standard discrete trait analysis, is only capable
of reconstructing relative migration rates where sampling is approximately equal in each state
as others have inferred previously [61, 149]. In the most biased low sampling rate scenario,
the non-reversible DTA implemented fails to reconstruct a relative migration rate with a 95%
confidence interval overlapping the true value in 100% of the 100 simulated phylogenies, we can
reduce this to 42% with the proposed correction. This improves when larger sample sizes or

larger numbers of phylogenies are considered.

As DTA continues to be widely used in phylogeography, it is important to consider and account
for the limitations of the method, in the same way as approximations to the structured coales-
cent have been provided previously to account for the issues with speed of reconstruction and
limitations on the number of states which can be feasibly considered [60]. The proposed cor-
rection is a first step, focusing on decoupling the sampling rate from the underlying population
sizes. Several additional assumptions still exist with DTA which are at odds with traditional

models of migration and can affect the tree structure and inferred parameters [61].
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The proposed correction builds upon existing substitution models which account for the equi-
librium frequency of bases with a similar method. The most widely used of these is the GTR
model and using the weights in the GTR model to account for sampling rate differences when
reconstructing geographic discrete traits has previously been suggested as a possibility [155].
The proposed amendment differs from the use of the GTR to model migration and sampling
in two key ways: 1) The proposed amendment is based on a non-reversible transition rate
matrix and 2) The amendment can be applied only at branches leading to sampled tips of the
phylogeny. These differences are designed to better capture migration between discrete states

on a short time scale, as is required when modelling geographic spread of viruses.

The correction can be easily implemented with code based on the ‘ace’ function from the ‘ape’
R package, including an eigen decomposition method which provides a significant fitting speed
increase over performing matrix exponentiation on each fitting run. A Bayesian implementa-
tion of the proposed correction is presented in chapter 4 where both the tip-only and whole
tree implementations are incorporated in a Markov Jump discrete trait analysis method. In fu-
ture maximum likelihood use cases, selection of a 95% confidence interval estimation technique
which is more robust to ridged likelihood surfaces or a transformation to produce a non-ridged

surface would be preferable.

It is important to consider the limitations of the correction and of DTA and phylogeography
more widely when selecting a method for different disease transmission scenarios. The method
shown here is applied in an endemic scenario, where migration rate parameters are more simple
to estimate as other parameters are steady over time. In an outbreak scenario, sampling and
transmission rates can change dramatically over a short time period and previous studies have
shown it can be hard to reconstruct migration history under these conditions [59]. This has
been shown to also be the case with more complex structured coalescent models which have as-

sumptions that can be inappropriate with complex population structures and emerging viruses
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and have been shown to perform more poorly than uncorrected DTA even without sampling
rate differences [59, 156, 157]. The Mk model implemented here is applied on an empirical
fixed set of simulated phylogenies. This highlights another issue with DTA, namely that the
location data does not directly influence tree reconstruction and is, instead, inferred over a
separately estimated phylogeny. As we consider sampling to have a significant effect on the
migration rates estimated between locations, this bias is likely to also influence the depth and
number of internal nodes estimated in the phylogeny itself. As a phylogeny only represents
the relationships between the samples presented at the tips, any internal branching leading
to unsampled lineages, for example, will not be included and unsampled locations will not be
inferred at any ancestral nodes with DTA. Likewise, internal nodes along a branch are not
included if both descendent lineages are not sampled. This can only be accounted for with
a more complex, integrated method such as the structured coalescent or birth-death process.
Sampling can also be geographically or phenotypically limited within each discrete region and
not representative of the wider population, for example where environmental samples are only
collected in a central city or from the outflows of a single hospital. This information can be lost
when aggregating up to larger discrete regions and requires careful assessment of the discrete

regions used or the treatment of location as a continuous rather than a discrete trait.

Continuous phylogeography offers the ability to infer an ancestral node outside of the sampled
regions, an integrated inference of the tree and location, and produces dispersal velocities rather
than migration rates between discrete regions which can be of interest when investigating the
differential movement of virus clusters or the emergence of new viruses or serotypes [69]. Recent
studies have indicated that continuous phylogeography can also be affected by differential sam-
pling in space, although amendments to incorporate less certain spatial location data have been
recently introduced [143, 158]. Current widely used continuous phylogeographic methods may
be inappropriate for the use case of polio transmission, where distinct seasonal human migra-
tion patterns between rural and urban regions, distinct travel routes, religious movement events
and nomadic populations within certain regions in the endemic Pakistan-Afghanistan region

are at odds with the random Brownian motion viral movement assumption made. Different
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phylogeographic diffusion models developed by Barton, Etheridge and colleagues and outlined
by Guindon et al. previously, have been implemented in recent continuous phylogeographic
approaches [68, 158, 159]. These models are based on a generalised Wright-Fisher diffusion
process known as the lambda-Fleming-Viot process, a model of extinction and recolonisation
on a spatial continuum. The reverse of this model is the segregated lambda coalescent, al-
lowing multiple lineages to coalesce at one time, rather than only two under the Kingman

coalescent.[70, 160, 161].

Sub-sampling is a widely used alternative method to account for sampling biases in phyloge-
netic analysis. Here only a portion of the available data is included in analysis to produce a
more representative dataset. Sub-sampling can be informed by a variety of demographic and
epidemiological parameters such as the population size or number of reported cases in a region
and recent work testing sampling schemes has been carried out on a set of Bayesian skyline
methods [162]. Testing the same sub-sampling schemes on simulated structured population
data and comparing the inferences under these sub-sampling schemes to the inferences with
the proposed corrections would be of interest in the future, with improvement over sub-sampling

vital to widespread adoption of the proposed correction.

Estimating the rate of genetic sampling for human viruses can often be challenging, especially
where symptoms are not readily detected or are hard to differentiate from other infections. In
reality, it is often not possible to know exact sampling rates and inferring them from collected
data can be complex and introduce biases of its own. Where incidence and prevalence esti-
mates can be made, via seroprevalence surveys or epidemiological modelling for example, the
proportion of cases sequenced can be estimated and adjusted for by region. These processes
introduce additional uncertainty not present under the modelled scenarios presented in this
chapter, further limiting the application of the proposed correction to real-world surveillance

data.
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The proposed correction provides a significant boost to the reliability of mugration model re-
sults where the sampling rate is known, particularly on a large number of phylogenies or where
a large number of samples have been collected. As the sampling rates used are explicitly stated
in the model, and there is little computational cost over standard maximum likelihood DTA, it
would make sense to use the correction alongside the standard method to show the influence of
potential sampling biases of different magnitudes on inferred migration rates. This comparison
across a range of magnitudes of sampling bias between regions has been carried out in work to

map the dispersal of HIV using a similar correction previously [163].

An example of a possible use case for the proposed correction is presented in chapter 4, with
the phylogeographic analysis of polio sequences from acute flaccid paralysis data. As non-polio
acute flaccid paralysis is monitored and reported globally, we expect the global distribution of
cases to be approximately even according to population [164]. Differences from the expected
non-polio paralysis rate by population size can be indicative of sampling differences and can
be incorporated in the proposed correction when considering data sampled from polio paralysis

cases.

As the results of DTA applied to migration are widely reported in literature, improving these
methods without introducing a large amount of additional inference time or computational cost
is important for phylogeography more widely and further research to address other flaws of the
DTA method for migration is needed. Recent events also show a strong interest globally in
phylogeography for outbreaks and epidemic disease and testing and modifying the proposed
correction on simulated epidemic data would be a useful next step in development of more
robust DTA models. Going forward it would also be useful to compare the inference under
more complex structured coalescent and multitype birth-death methods to the proposed DTA
correction, in addition to the comparison to standard DTA model presented here. A recent
analysis by Seidel et al., and other previous studies, conclude that the birth-death and struc-
tured coalescent models perform similarly well in an endemic scenario with balanced sampling

[165]. Comparison of these methods and the proposed correction under an endemic biased sam-
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pling scenario would be a useful comparison to make, as well as future extensions to incorporate

more complex epidemic dynamics.

The proposed correction, although not able to address all of the issues with the use of DTA
for migration rate inference, provides a significant boost to the precision of inferred migration
rates in our simulated scenarios. As infectious disease genetic data collection expands, it is
increasingly important to outline the limitations of specific methods and to provide updates

and corrections to improve their inference ability.

3.5.1 Correction performance

As stated in the results section, the corrections with normalised sampling rates both performed
better than the non-normalised sampling rate corrections when tested on simulated endemic
data. This is likely due to the gradient descent (negative log likelihood minimisation) method
used in this example. As normalising the sampling rates brings the base migration rates es-
timated (g1 in equation 3.8) onto a more similar scale to the relative migration rates for the
reverse movements (z in equation 3.8), gradient descent updates are likely less dominated by
the base migration rate. It would be interesting in the future to also rigorously test a true
relative sampling rate with a reference population although this would require adaptations to
existing model implementations rather than borrowing from the widely implemented equilib-
rium distribution of a DNA evolution model as we do here. The tip-only corrections perform
better in these examples although further simulations with more clustered samples would be
of interest to test the corrections on more heavily structured populations. We apply both the
tip-only and full tree normalised corrections in the next chapter to assess changes in the rates

and numbers of movements between locations on real-world endemic transmission data.
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Chapter 4

Application of the proposed DTA correction to real-world

polio AFP data

4.1 Abstract

The discrete trait analysis (DTA) method applied in chapter 2 makes several strong simplifying
assumptions about migration between discrete locations. In this chapter we apply the DTA
correction outlined in chapter 3 to real-world polio acute flaccid paralysis (AFP) data, using
non-polio AFP rates as a measure of the sampling rate in each discrete location. The maximum
likelihood correction presented previously is translated to a Bayesian Markov jump implemen-
tation in BEAST, allowing the correction to be applied over the same set of phylogenies used
in the AFP analysis in supplementary appendix A. The model is also extended to allow for
variable selection, meaning a zero rate of transition can be inferred between an unlinked pair
of locations. We find that both the tip-only and full-tree implementations of the correction
change the number of movements inferred between locations, with a much greater effect when
applied over the whole tree. In this example, both corrections provide estimates of the number

of transitions between locations within the credible intervals of an uncorrected DTA model.

4.2 Introduction

Assessing and accounting for the impact of sampling biases on the simple DTA phylogeographic
method is a key step for its continued use in fast and simple analysis of genetic sequence data.
This is particularly important for use in early epidemic response planning or in the late stage
of eradication, such as in the endemic polio example presented previously. In these scenarios
speed of response is of utmost importance to contain transmission and determining sources
and sinks of transmission quickly can help to target this response effectively. To investigate

the potential application of the movement rate correction presented in chapter 2 to real-world
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data, we test it on a subset of the serotype 1 poliovirus VP1 data analysed in chapter 3. Our
correction method uses data on relative sampling intensity to correct the inference of movement
rates. As estimating sampling sensitivity for poliovirus environmental surveillance would re-
quire detailed information on catchment populations, sewage flow dynamics and water quality,
here we consider only AFP data [31, 166]. AFP affects the spinal cord, indicated by weakness
and flaccidity in one or more limbs and data is considered a priori less biased than ES due to

this noticeable associated symptomatology [167].

Despite nationwide AFP surveillance being considered the gold standard for poliomyelitis detec-
tion, detection rates can differ between regions due to a number of factors including accessibility
and resource requirements [102, 168, 169]. As AFP can have a number of causes other than
poliovirus infection, rates of paralysis associated with non-poliovirus causes are used in the
Global Polio Eradication Initiative (GPEI) as a measure of the ability of the surveillance sys-
tem to detect polio paralysis were it present [170]. Here we use this non-polio AFP (NPAFP)
rate as a proxy for the sampling rate of polio AFP for each of the ten regions of Pakistan and
Afghanistan presented in chapter 2. This sampling rate is applied with a Bayesian Markov

Jump implementation of the proposed corrections from chapter 3.

4.3 Methods

The DTA correction proposed in chapter 2 is here applied to AFP data from the polio-endemic
Pakistan-Afghanistan block from 2012 to 2022. As the sequence data from polio AFP cases
used in this chapter have already been described in detail in chapter 2, we refer the reader to
that chapter for more details. Reporting of AFP cases is mandatory, and samples are tested
for poliovirus at accredited laboratories that are part of the global polio laboratory network.
Data from these labs, including the reporting date and location of NPAFP cases is available via
the global database of polio data (polio information system; POLIS) [90]. Here we aggregate
NPAFP case data from Pakistan and Afghanistan up to the 10 regions used for the discrete

trait analysis of polio data in chapter 3 and produce an annual count.
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Estimates of population by age group and gender from worldpop.org for 2020 are aggregated
to give a denominator of all children under the age of 15 in each region [171, 172]. Annual
NPAFP cases in each region were divided through by the number of children under the age of
15 measured in 100,000s to calculate the NPAFP rate. As a simple proof of concept, NPAFP
rates are aggregated across the whole time-period for each region and normalised for use as a

proxy for the sampling rate of polio AFP cases in the proposed model corrections.

To test the corrections in the most likely use case, they have been translated from the maximum
likelihood model in R, presented previously, to a Bayesian model in BEAST. To allow for a
non-reversible model with a diagonal multiplier at branches leading to tips, a pair of generalised
substitution models were coded for the “internal” (non-tip) and “external” (tip) branches. The
non-reversible transition model of Edwards et al. has previously been implemented in BEAST
1 and forms the basis of the implementation used here [136]. We make use of the “frequencies”
parameter of the “generalSubstitutionModel” to incorporate sampling rates as a diagonal mul-

tiplier on the transition matrix in the “external” model as follows in box 4.1.

Box 4.1: BEAST xml code for a corrected all-rates-different substitution model using the
generalSubstitutionModel format. k is the number of discrete regions included and rhol. . .rhok
the normalised sampling rates (rho) from equation 2.5 in chapter 2.

<generalSubstitutionModel id="state.external.model" randomizelIndicator="false">
<generalDataType idref="state.dataType"/>
<frequencies>
<frequencyModel id="state.freqs" mnormalize="false" >
<generalDataType idref="state.dataType"/>

<frequencies>
<parameter id="state.frequencies" dimension="k" value="rhol,rho2,...,rhok"/>
</frequencies>
</frequencyModel>
</frequencies>
<rates>
<parameter id="state.rates" dimension="k(k-1)" value="1.0" lower="0.0"/>
</rates>
<ratelIndicator>
<parameter id="state.indicators" dimension="k(k-1)" value="1.0"/>
</rateIndicator>

</generalSubstitutionModel>
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A similar Bayesian discrete trait phylogeographic correction in BEAST 1 was proposed in Faria
et al. 2012, where the same non-reversible approach from Edwards et al. 2011 was imple-
mented with prior gamma distributions on the transition rates out of under-sampled locations
set to give movements 10, 100 and 1000 times less likely than the reverse movements into
under-sampled locations [136, 163]. Numbers of transitions inferred under these three scenarios
were incorporated into reported estimates of the number of transitions between locations in the

study [163].

To apply the uncorrected model at internal nodes an additional substitution model is imple-
mented with the “normalize” parameter of the frequency model (highlighted in Box 4.1) set to
true, giving k evenly distributed state frequencies as in the uncorrected DTA method. The in-
ternal model uses the same “rates” and “ratelndicators” as the external model in box 4.1. The
external and internal models are combined using the “externallnternalBranchModel” evolution

model in Beast 1.10.5pre (Box 4.2) [110, 151].

Box 4.2: BEAST xml “externallnternalBranchModel” chunk which allows a different substitu-
tion model to be applied to external (leading to tips) and internal (leading to internal nodes)
branches.

<externalInternalBranchModel id="branchSiteModel">
<treeModel idref="treeModel"/>
<generalSubstitutionModel idref="state.internal.model"/>
<externalBranches>
<generalSubstitutionModel idref="state.external.model"/>
</externalBranches>
</externalInternalBranchModel>

Where the correction is applied over the whole tree, only the “external” substitution model
needs to be specified, without the additional “externallnternalBranchModel” code. XML files

for the analysis are available on github (github.com/JorgensenD/PhD_thesis/).

The corrections are applied to the same empirical tree distribution used in the MJ-DTA anal-
ysis of AFP data (Supplementary appendix A with forward and backward rates of movement

between each pair of locations estimated (non-reversible rates)). As we use ten discrete lo-
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cations, 90 movement rates were included in the model. Bayesian stochastic search variable
selection (BSSVS) is used to limit the number of rates inferred to only those where evidence of

movement between the locations was present in the data [110].

To allow the model to converge efficiently, a gamma prior was placed on each of the transition
rates with post-analysis of BSSVS indicator variables used to determine which rates and move-
ments have significant support from the data [111]. To test the sensitivity of the results to the
gamma rate prior, the analysis was performed three times, with a gamma(1,1), gamma(1,5)

and gamma(2,1) prior distribution on the transition rates.

BEAST models were run for ten million iterations on the set of 1000 phylogenies inferred under
the model described in chapter 2. Following the estimation of transition rates and numbers
of transitions in BEAST, a ten percent burn-in was discarded for each model run. Median
transition rates and the median and 95% credible interval for the number of movements between
locations were determined using tracer v1.7.1 and Bayes factor supports for these values were
extracted with SpreaD3 v0.9.7 [111]. Transition rates and numbers of transitions with Bayes

factor support above ten are presented in the results section.

4.4 Results

4.4.1 NPAFP rates by region

NPAFP rates per 100,000 inhabitants under 15 years of age were calculated for each year from
2012 to 2022 (Figure 4.1A) and aggregated to give an overall mean rate across the period (Fig-
ure 4.1B). Of the 157,944 NPAFP cases recorded, 787 were dropped from the dataset due to
ambiguous location (missing admin 2 information for Pakistan or admin 1 for Afghanistan),
as they could not be assigned to one of the 10 regions. We can see from the rates presented

in figure 4.1 that there is variation between the regions, highlighting the importance of cor-
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recting for sampling even in the case of AFP rates, which are generally considered to be the
least biased polio surveillance method. The lowest rates were in the sparsely populated West
Pakistan region and the major port city of Karachi in South-West Pakistan. These mean rates

were normalised to sum to 1 when applied in the corrected DTA model.

A NPAFP rate per 100,000 (annual) Region B NPAFP rate per 100,000 (Mean)
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Figure 4.1: A) Annual and B) mean non-polio acute flaccid paralysis (NPAFP) rate between
2012 and 2022 across regions of the polio endemic Pakistan-Afghanistan block, shown in situ
in the legend. The NPAFP rate is calculated as the number of cases per year per 100,000
inhabitants under the age of 15.

4.4.2 Sensitivity to gamma rate prior

Although the inferred transition rates differ under different prior distributions, we found a
strong linear relationship between the estimated rates from the full tree model under each of the
three transition rate prior distributions tested (A gamma(1,1), B gamma(1,5), C gamma(2,1))
(R2 [A,B] = 0.995, [B,C] = 0.979, [A,C] = 0.976). The median number of inferred transitions
between states (A: 189 (95% HPD: 177-202), B: 189 (177-202), C: 187 (176-201)) and median
number of non-zero transition rates (A: 35 (95% HPD: 30-41),B: 35 (30-41),C: 33 (27-38)) were

not significantly different between the three analyses.

The tip-only correction also returned a strong linear relationship between rates estimated un-
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der each of the prior distributions (R? [A,B] = 0.996, [B,C] = 0.980, [A,C] = 0.979). Applying
the correction only at the tips resulted in a lower number of transitions A: 181 (95% HPD:
169-192), B: 180 (169-192), C: 179 (169-190) and greater number of non-zero transition rates
A: 38 (95% HPD: 32-44), B: 38 (32-44), C: 36 (30-41) than applying over the full tree but no

significant difference between the three gamma rate priors.

When compared to uncorrected models run under the same prior conditions, the relative move-
ment rates, indicating the change attributable to the correction, were similar under all prior
conditions tested. For the remainder of this analysis, rate estimates under the widely used

gamma(1,1) rate prior are presented.

4.4.3 Performance of corrections

The uncorrected, tip-only correction, and whole-tree correction were all applied to the same
distribution of empirical trees to assess the effect of the corrections on the inferred numbers

and rates of transition between locations.

The median inferred rates across the nine million post burn-in iterations are shown in figure 4.2
for each model. 29 transition rates had Bayes factor support above ten without the correction,
reducing to 28 with both the correction applied only to branches leading to tips and over the
whole tree. The supported rates differed between models and are highlighted in green on figure
4.2. The unsupported rates and their associated movements are considered to be zero and are

not included in the remainder of the analysis.

Inferred movement rates under the two proposed corrections relative to the uncorrected model
are presented in figure 4.3. This highlights the small rate changes with the correction applied
only at branches leading to sampled tips, and larger changes where the correction is applied

to the full depth of the phylogenies. All median rates fall within the credible interval of the
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Figure 4.2: Transition rate matrices for movements between
the uncorrected (top) and tip-only (bottom left) and full-tree (bottom right) corrections. Cells
are coloured in a scale to show the difference from zero, with darker colour representing higher
rates. Rates with Bayes factor support are highlighted with green cell outlines. The remaining
cells represent unsupported transition rates and are not considered in the discussion of the

results.
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Figure 4.3: Transition rate matrices for the tip-only (left) and full-tree (right) corrections
relative to the inferred transition rates under the uncorrected model (Figure 4.2) Blue cells
represent a lower relative rate and red cells a higher relative rate with white cells representing
parity with the uncorrected model. Darker colours represent a greater difference from parity.

Changes in the number of estimated transitions between locations from the baseline uncorrected
model to the corrected models are shown in figure 4.4. There are changes in the number of
transitions under both proposed corrections, with one fewer movement from Centre Pakistan
to the South Corridor inferred with the correction applied to branches leading to tips of the
phylogeny. As expected, a larger number of differences are inferred with the correction applied
over the full depth of the tree, with the most noticeable of these being an increase in all of the
predicted transitions out of the under-sampled Karachi region (Figure 4.4)(highlighted in dark
green). Although the median values for these transitions have changed, all transition estimates

fall within the 95% credible intervals of the uncorrected model estimates.
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Figure 4.4: Bayes factor supported numbers of movements between regions highlighting changes
from the baseline uncorrected model with A) the proposed correction applied at the tips only
and B) applied over the full phylogeny. Dark red lines represent a reduction in the number of
predicted movements and dark green lines an increase.

4.5 Discussion

This work shows that sampling rate differences between locations likely do have a noticeable,
albeit small, effect on the inference of movements between locations under discrete trait analy-
sis. In this example, where the reported sampling rates are small, on the order of 1 in 10,000,
and similar (8.1-28.1 per 100,000, a 3.5-fold difference from highest to lowest) the DTA correc-
tions that we propose do not significantly alter the outcome and interpretation of the analysis.
The median numbers of movements between locations, even under the correction applied to the
full depth of the phylogeny, fall within the 95% credible intervals of the movement estimates
from the uncorrected model. This supports the use of the currently widely used classical DTA
approach unless a large difference in sampling rates is suspected, although assessing sampling
differences between locations is an important step when applying the method and interpreting

the results.

The small difference inferred between the tip-only correction and the uncorrected model is

likely partly driven by the modelling process used. Phylogenies in discrete trait analysis are
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inferred solely from the genetic relatedness of the samples and do not incorporate additional
information provided by the location data. Location inference is an entirely separate procedure,
as highlighted by the ability to infer phylogenies and locations in two separate steps in this
work. This means that changes to sampling rates in the proposed corrections do not have any
influence on the underlying structure of the phylogenies, including the position of internal nodes
in time and in relation to pairs of sampled tips, changes which are possible with more complex
phylodynamic structured coalescent and birth death models. The real-world data also tended
to be more closely clustered by location than the simulations presented in Chapter 2. This
means that sampled tips tend to be directly related to other samples from the same location,
negating any effect of applying a sampling rate correction only at branches leading to sampled
tips. This is another limiting factor of the DTA model used, as only locations sampled at the
tips can be inferred at the direct ancestor node. This clustering has less of an effect where the
sampling rates-based corrections are applied over the full depth of the phylogeny in the second
proposed correction as deeper nodes are less likely to be localised to descendants from a specific

region.

Although here we treat the difference seen in NPAFP rates as a proxy for the sampling rate
in each location, the difference may not be entirely explained by sampling rate differences.
Non-polio causes of AFP include other transmissible infectious diseases which can be unevenly
distributed in space, contributing to differences in detection by region. The annual NPAFP
data also shows a time trend, with detection rates broadly improving over time in all locations,
as well as increasing disparity between high and low detection rates over time. In order to
capture these temporal dynamics, it would be interesting to extend the proposed corrections to
a more complex epoch model in the future, where sampling rates are able to differ over discrete

blocks of time [173].

These proposed corrections show promise as simple quick estimates of underlying dynamics,
taking around five hours to run 10 million iterations of the discrete trait estimation process

on the 1099 included 906-base sequences, with pre-inferred empirical phylogenies. Further
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investigation of tip clustering and epoch models on more complex simulated data would be of

interest prior to future application of the methods to real-world data.
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Chapter 5

Bayesian phylodynamic analysis of the 2020 SARS-CoV-2

outbreak in Saudi Arabia

5.1 Background

The term “phylodynamics” was coined in 2004 to describe the blend of immunology, epidemiol-
ogy and evolutionary biology required to integrate genetic data with epidemiological modelling
[174]. Genetic data complements routinely collected and analysed epidemiological data and
is able to provide information on pathogen diversity and linkage between sampled pathogens
not available from other sources. Genetic diversity of collected sequences can also be used as

a proxy for prevalence of infections, as we expect more mutation in a larger infected population.

In the previous chapters we have focused on incorporating time and discrete location data into
a simple phylogeographic framework. Adaptations can improve the utility of these methods to
study short-term viral transmission but, as we and others have highlighted previously, simple
phylogenetic methods make a range of assumptions which can limit the utility of the results re-
turned [61]. Phylodynamic methods generally incorporate the viral diversity over time provided
by Bayesian phylogenetic reconstructions as an indicator of the size of the infected population
at the same time point with various link functions used depending on the method. As with the
application of DTA to discrete geographic information, several challenges remain with complex
phylodynamic methods and a range of developments have been made to overcome these. Some

of the main challenges were outlined by Frost et al. in 2015 [175].

One key challenge, to which a large amount of development has been devoted since the 2015
paper referenced, is accounting for sampling rate differences over time when attempting to re-

construct the effective population size (Ne). The majority of skyline methods are designed to
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deal with a single population, meaning they do not need to account for sampling rates which
differ between populations, but extensions are required to account for changes in sampling rate
over time where population size is not constant. The classic skyline of Pybus et al. (2000),
and later revisions which smooth Ne estimates over longer periods, infer Ne over time using the
coalescent event times of phylogenies reconstructed from sampled sequences [176, 177]. The
Kingman coalescent process underlying the coalescent skyline is asymptotically unbiased for a
Wright-Fisher process (with constant population size N) irrespective of sampling rate but, if
the effective population size varies over time, sampling intensity can bias the estimates [138,

178).

A variety of parametric and non-parametric models have been developed to extend the skyline
to account for sampling over time, outlined by Volz and Frost in 2014 [178]. More recently, the
2016 method of Karcher et al. addresses linkage between Ne and sampling (e.g. when sam-
pling is increased in response to circulation), by modelling sampling times as an inhomogeneous
Poisson process with a rate dependent on the effective population size. Gill et al. address the
same issue with the incorporation of independent epidemic size covariates in an extension of
the Skygrid method [62, 64, 179]. Skyline methods based around a birth-death model rather
than a coalescent model have also been implemented, incorporating sampling over time with an
explicit parametric sampling rate [65]. Birth-death and coalescent skyline models incorporat-
ing a parametric sampling rate (Including Karcher et al. and related methods and birth-death
models) can be biased if this sampling rate is misspecified but can improve performance where

a correct sampling rate model is specified.

In this chapter we use the Skygrowth method, which allows additional sampling covariates to
be incorporated in the same way as the Skygrid method but differs from other smoothed skyline
methods due to the first order stochastic process used to smooth the estimates. In Skygrowth
this stochastic process is defined in terms of the growth rate of the effective population size Ne
rather than Ne itself [180]. The growth rate of Ne is here assumed to have a simple relationship

with the growth rate of the epidemic from which the samples are collected (the reproduction
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number; R(t))(eq. 5.2) [180]. Since the publication of Skygrowth in 2018, further methods have
also been developed relaxing the assumptions made in Karcher et al. to allow for sampling rates

to vary across epochs (Parag et al. 2020) and a smoothed adaptive sampling method built on

this (Cappello and Palacios 2022)[181, 182].

More complex phylodynamic models have also been developed (using birth-death and coales-
cent phylogenetic reconstruction methods) incorporating mechanistic infectious disease models.
Information on the effective population size can be used to calibrate traditional compartmen-
tal epidemiological models, and vice-versa, allowing the model parameters to influence the
phylogenetic reconstruction. Integrated phylodynamic models incorporating compartmental
models allow information on interventions, timing of events and birth, death, infection and
recovery dynamics to be explicitly included and estimated, difficult parameters to implement
in GLM-based phylodynamic analyses. A number of these methods implemented in BEAST?2
are outlined and referenced in Volz and Siveroni (2018) where the PhyDyn framework, used in
this chapter alongside skygrowth, is introduced [183]. PhyDyn extends other implementations,
allowing for a structured coalescent model approximation with complex population structure

[183).

In this chapter we apply the PhyDyn and Skygrowth methods to the early outbreak of SARS-
CoV-2 in Saudi Arabia, reconstructing the effective population size and reproduction number

over time with both methods.

5.2 Introduction

Saudi Arabia has a first-wave SARS-CoV-2 transmission profile similar to that seen in much
of the world in early 2020, with importations inferred to have begun in late February, leading
into a peak in cases in June following national and regional non-pharmaceutical interventions

[2]. The first case of coronavirus in Saudi Arabia (KSA) was confirmed on 2°¢ March 2020,
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in a traveller returning from Iran, with the first confirmed transmission within the country
reported on March 10" [184]. Following the initial reporting of cases, interventions were put in
place quickly, with the closure of Mosques and public places occurring on March 5. Further
movement and business restrictions were introduced throughout March. A number of early
virus introductions were centred around the religious cities of Makkah (Mecca) and Madinah
(Medina) which attract global visitors year-round. These were the first cities to enter partial
lockdowns on April 2 due to the seeding of onwards transmission locally [185]. Curfews were
imposed in all cities by April 15%, tightening around the Eid holiday in late May, and were

lifted in all cities by June 215,

Saudi Arabia has an approximately 84% urban population, making effective restrictions in cities
particularly important to reduce the effective reproduction number and slow viral spread [186].
Here we attempt to reconstruct the effective reproduction number in Saudi Arabia using ge-
netic sequence data from viral samples collected over time, to assess how transmission changed
with changing non-pharmaceutical interventions. Viral genetic data can give an indication of
diversity of circulating virus and, with a random sample, this diversity data gives an indication
of the size of the viral population at a given time. This data can be used to reconstruct virus

transmission in the same way as incidence data is used in traditional epidemiological modelling.

As case data is often under-reported and can be biased by local testing strategies, estimates of
epidemic trajectories from alternate data sources are of interest for outbreak analysis. Here we
use viral sequence data but the number of reported deaths was another widely used alternate
data source for case comparison between locations as death reporting is more complete than
direct case counts in most healthcare settings [187, 188]. Genetic data, although less widely
available than death or case counts, was pivotal in the reconstruction of the Australian SARS-
CoV-2 outbreak, inferring transmission clusters and effective reproduction numbers before and
after the introduction of quarantine measures, and has been a key tool in tracing new coron-

avirus variants globally [189].
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Genetic data on circulating viruses from asymptomatic and hospitalised individuals were col-
lected throughout the first wave of SARS-CoV-2 in Saudi Arabia and deposited on GISAID
(gisaid.org) by the national CDC (cdc.gov.sa) and the pathogen genomics laboratory at King
Abdullah University (pgl.kaust.edu.sa). This data was primarily collected from four cities in
Saudi Arabia (Madinah, Makkah, Jeddah and Riyadh), the focus of this analysis. These data
are used here to estimate effective population size and effective reproduction number using

Bayesian coalescent approximations.

Rapid analysis with the Skygrowth model implemented in R shows utility in reconstructing
general trends throughout the outbreak [180]. A more complex model implemented in PhyDyn
incorporating a traditional ordinary differential equation based epidemiological model together
with coalescent phylogenetic reconstruction is fitted on smaller scale data from Major cities in
Saudi Arabia [183]. The addition of the extra complexity in the form of an epidemiological
model allows the introduction of time-bounded transmission rate parameters to investigate
changes over time in viral transmission rates. The method presented here is an extension of
the model presented previously in a report by Volz et al. from 2020, adapted here to allow R.g
estimates to be split at discrete time points as well as fit to seroprevalence data [3, 4, 190, 191].
This model includes a set of international background sequences which seed new transmission
chains in the country to give a better representation of the real-world dynamics of SARS-CoV-2

in an internationally connected centre such as Saudi Arabia.

5.3 Methods

A set of full genome genetic sequences of SARS-CoV-2 deposited on GISAID prior to December
31%% 2020 are used throughout this analysis. A total of 892 sequences were collected by the
Pathogen Genomics Laboratory at the King Abdullah University of Science and Technology
(KAUST) from 5 different areas of Saudi Arabia, the cities of Riyadh (n = 69), Jeddah (n
= 260), Madinah (n = 307) and Makkah (n = 227) and the eastern coastal region (n =
29) [192]. All SARS-CoV-2 sequences used in this analysis are publicly available on GISAID
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(10.5587/gis8.230619.tc)[192]. A supplemental table describing the data used is provided

in supplementary appendix C.

5.3.1 Skygrowth

The model

To give an indication of the progression of the first wave of the SARS-CoV-2 epidemic in Saudi
Arabia as a whole, we employ the Skygrowth non-parametric method of Volz 2018 [183]. As
mentioned in the background section, this method calculates effective viral population through
time based on the relatedness of sampled viruses, from which the growth rate of this effective
population size can be estimated. The method assumes a direct link between the growth rate
of the effective population size Ne and the growth rate of the epidemic, often referred to as r.
In a simple SIR model we can calculate the effective reproduction number with the epidemic

growth rate (r) and the generation time (¢) as follows in equation 5.1.

R(t) = 1+ ¢r(t) (5.1)

The skygrowth model uses this same calculation, replacing the epidemic growth rate with the

growth rate of Ne (equation 5.2).

Ne(t)
Rit)~1+4¢Yv—= 5.2

Where Ne(t) is the derivative of Ne(;) with respect to time and %Z—EZ is the growth rate of Ne. The
model used in this analysis included 35 timesteps and an exponential prior on the smoothing
parameter (precision) corresponding to a 1% change in growth per week. The growth rate
output was converted to an estimate of R over time using an assumed generation time (¢) of
9.5 days [193]. The model is fitted from March 5™ to ensure exponential growth is established

in the population prior to model fitting as we cannot estimate the growth rate or effective

reproduction number when virus circulation is driven purely by importation events.
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Phylogenies used

The skygrowth model relies on pre-inferred phylogenies to estimate Ne(,). Here we generated a
set of contemporary phylogenies based on the same data to allow smoothed average estimates
to be made in the skygrowth model. As the skygrowth model does not allow for population
structure, the model could not include additional background sequence data or importations
from outside of the region of interest, a strong assumption for SARS-CoV-2 where much of the

early transmission was driven by repeat introductions.

Phylogenies for the Saudi Arabian SARS-CoV-2 sequences were generated with [QTree, using an
HKY substitution model and the ultrafast bootstrap method to produce 1000 pseudo-replicate
trees [105, 194, 195]. For each of these 1000 trees an additional tree was produced by collapsing
short branches (less than 1 x 107° changes per site) and randomly resolving the resulting
polytomies with the ‘ape’ R package [106]. The resulting 2000 phylogenies were dated with
the R package ‘treedater’ with a strict molecular clock constrained between 0.0009 and 0.0015
substitutions per site per year [109, 196]. The reproduction number estimates and bounds

presented in the results section are averaged across this set of 2000 inferred trees.

5.3.2 Timing of importations

To assess the suitability of the skygrowth model for SARS-CoV-2 in Saudi Arabia, which doesnt
allow for multiple importation events to be inferred, we estimated the importation dates of the

different SARS-CoV-2 clades found in Saudi Arabia in the included data.

Subsets of the Saudi Arabia sequence data were generated based on their nextstrain clades
which are assigned using the nextstrain pipeline and provided in the GISAID metadata when
sequences are downloaded [76, 192]. These sequences were combined with a global background

set of 500 sequences per clade, extracted from GISAID. The background sequence set used to
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select these exogenous sequences consists of over 19,000 sequences collected between 24" De-
cember 2019 and 14" September 2020 in 117 countries, available at 10.5587/gis8.230619.tc.
The Saudi Araia sequences used in this analysis can also be found in the same GISAID dataset.
To select a subset of 500 sequences for each clade, pairwise genetic distances were calculated
for all sequences using the TN93 software; implementing the distance method of Tamura and
Nei (github.com/veg/tn93)[197]. The 2000 most closely related sequences were selected by
genetic distance and stratified by time, with the 500 sequences used in the analysis evenly

sampled in time across the 2000 selected sequences.

For each clade, [QTree was used to generate maximum likelihood phylogenies with short
branches collapsed and polytomies resolved randomly in the same way as was used in the
skygrowth analysis. In this analysis, due to the greater number of sequences used, IQtree was
run only once with polytomies resolved 10 times. Treedater was then run 10 times on each
of the 10 randomly resolved phylogenies to produce 100 phylogenies for each clade. The state
of each internal node in the phylogeny was reconstructed by maximum parsimony with the
R package ‘phangorn’ [198]. As this method cannot directly infer the timing of an importa-
tion event, importations were estimated to have occurred at the midpoint of a branch along
which a state change was inferred to have happened between the background population and
the internal samples. These timings were used to produce the smoothed probability density of

importation events over time into Saudi Arabia presented in figure 5.3B.

5.3.3 PhyDyn

As we inferred that multiple importation events were likely to have occurred for each clade and
at different times between clades, we implemented a more complex phylodynamic model which
allows for a structured population with importations from a global reservoir. Here we consider
each of the four cities included in the dataset individually to assess differences in the epidemic
trajectory between them. PhyDyn was not run on the eastern region due to the small number

of sequences available and the much more limited time over which samples were collected than
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the city regions.

The model

This analysis uses a compartmental structured coalescent model in the BEAST2 package Phy-
Dyn to estimate epidemiological parameters from sequence data [153, 183]. Here we are pri-
marily interested in estimates of the effective reproduction number (R.g), complete model pa-
rameters are outlined in table 5.1. The model used is an SEIR model with two I compartments
to account for overdispersion of transmission rates (superspreading individuals) described in
early studies of SARS-CoV-2 transmission and previous description of the SARS epidemic [107,
199]. Exponential growth is assumed in the external population with the internal susceptible
population set to the population of the city of interest. This basic model structure has previ-
ously been applied during the SARS-CoV-2 epidemic on a number of locations worldwide by
the Imperial College COVID-19 response team but is adapted here to include step changes in
Res [3, 4, 190, 191]. Step changes in Reg were implemented by estimating an independent /3
variable for each month modelled, with a simple time-based if-else statement used to switch

between [ parameters in the model.

dl
d}ffX =  PBexlex — vexlex
dS IhT+Il
= - _38
dt p N
dFE I I
2 pe I p
dt N

(5.3)
% = E — vyl
dt = "oPhn Yiln
dly,
— = 1— E — vl
7 Yo(1 — pn) M1
dR
— = I 1
= Y1(In + 1)

N=S+E+1I,+1I +R

Bex = Yex + Wex

The equations in 5.3 represent the temporal dynamics for each of the boxes in figure 5.1. Flow to
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and from the external population with rate € is dependent on the size of the internal populations
only and not the external population, allowing for importation events without affecting the
underlying number of infections in the internal population. As these movements do not change
the numbers of infections they are not included in equations 5.3. The birth rate in the external
population (Bgx) is set to allow replacement of those leaving the I compartment (ygx) and
additional growth (wgx) to give an exponential increase in the external /gy compartment over

time.

External population
—_— lex |—
Pex YEX
A
€| |€
Internal population \J
Infected
’*}
Y0Ph Y1
[E (Iy7+1;) 3 ’_>[E]
W T
ﬁ IN ]
Yo(1 = pn) 71
*E_I

Figure 5.1: Flow diagram representing the modelled populations and the movements between
them. The model includes a modified SEIR model in the internal population, accounting
for superspreading with an additional I compartment with a higher transmission rate. The
model also includes an exponentially growing international reservoir of SARS-CoV-2 infected
individuals allowing diversity to be introduced into the local population.
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Table 5.1: Parameter table for the model shown in figure 5.1 and the equations in 5.3

to the high transmission
compartment (1)

Parameter | Meaning Starting value Bounds Prior
€ Import / export rate (move- 7 0-10 ~ exp(10)
ment from and to the exter-
nal population)
YEX Recovery rate for Igy 44 - fized
WEX Growth rate for Iy 36.5 0tooo  ~ lognormal(3.6,0.25)
Bo Initial transmission rate (In 22 20 to oo~ lognormal(2.7,0.5)
the first month of the out-
break)
Bio Transmission rates for the 15 5tooo  ~ lognormal(2.7,0.5)
other one month blocks
T Infectiousness of those in 74 0tooo  ~ lognormal(4.3,0.1)
the high transmission (1)
compartment relative to
those in the low transmis-
sion (I;) compartment
Yo Progression rate from ex- 73 - fized
posed to infectious
0G| Recovery rate of infectious 121.667 - fized
individuals (internal)
Dh proportion of progressions 0.2 0to1l ~ beta(50,200)

Note: rates are expressed per year

Model parameterisation

The start time for growth in the external population was set to 2019.7 to precede the most

recent common ancestor of SARS-CoV-2 based on phylogenies fit to data available on GISAID.

Progression to the infectious compartments in the internal population (I, and I;) was set to

zero before 30 days prior to the 10*" reported case in the region of interest, a rule of thumb

introduced early in the outbreak [200]. A lower bound of 5 on the transmission rate parameters

(Biz0) was used to prevent stochastic die-out of the virus and to aid convergence, with a lower

bound of 20 on 3 to speed convergence. This value was influenced by initial runs of the model

where [ was varied at fewer time points, presented in supplementary figure C.1, and by previous

modelling work from Alshammari et al. estimating an Ry of 2.7 for SARS-CoV-2 transmission

in Saudi Arabia [201].
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Fixed progression and recovery/death rates were used in the model to give an average dura-
tion of infection of 8 days in the external population and an incubation period of 5 days and
infectious period of 3 days in the internal population [202, 203]. These estimates are based on
early reports of SARS-CoV-2 disease progression [204, 205]. The starting value of the external
growth rate was set to give a doubling time of 10 days. The starting value of 7 (the increased
transmissibility of the I; compartment compared to ;) was set to give a negative binomial
offspring distribution with k& = 0.22 at Ry = 2. The starting value of ph corresponds to 20% of
infected individuals in the internal population progressing to the superspreading I, compart-

ment.

The tree fitting process uses a strict clock with a uniform prior bounded by 5 x 10~* and 0.005,
based on maximum likelihood estimates of the clock rate and an HKY substitution model. A

‘free tree’ model is implemented in PhyDyn with tree topology and node heights estimated.

Starting trees and international reservoir sequences

Starting trees for PhyDyn were produced with 1QTree, as in the previous sections, with the
addition of 80-100 reservoir sequences per region selected by TN93 distance as above. In this
analysis, only sequences with 2 or fewer substitutions difference from the regional sequences
were included. For Riyadh only 80 matched sequences were available, but for the other regions
a time stratified set of 100 sequences was selected from the closely related sequences to act
as the international reservoir. As with the work on the timing of importations, only a single
maximum likelihood tree was inferred with IQtree; with the set of 20 starting trees used in
PhyDyn generated by collapsing short branches and randomly resolving polytomies 10 times

and dating each resolved phylogeny twice with treedater.
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Running the analysis

The Beast2 package CoupledMCMC version 1.0.2 was used to run MCMC chains in parallel,
with one hot and 3 cold chains on each of the 20 starting phylogenies for each location. Sub-
chain swapping was used to minimise chain sticking at local optima [206]. These chains were run
to a length of 4 million iterations with 50% of each removed as burn in. Where the individual
runs had not converged sufficiently with 4 million iterations, they were extended for a further
4 million iterations, repeating until convergence. Chains were logged every 10,000 steps, with

sub-chain swaps allowed every 1000 steps.

Reconstructing R from the epidemic trajectory

A reproduction number for each time bounded beta (5;) was calculated for each location using
equation 5.4 at each time step.
Bi Bi

Ri = (1—pp)= + mpp= 5.4
( ph)71 P (5.4)

Where py, is the proportion of infectious individuals in the superspreading I compartment (I3,), 7
is the relative infectiousness of these individuals compared to those in the lower I compartment
(I;) and ~; is the rate of leaving these compartments. This is used to calculate an effective R
value (Reg) over time by incorporating the susceptible population size at each time point (Eq.
5.5).

Reff(it) = RupS; (5-5)

Where pS; is the proportion of the total population in compartment S at time ¢t and R;; is the

R; value at time t.

Serosurvey data

To test the performance of the PhyDyn models for each region, we compare the estimated

cumulative proportion of the population infected from the model to serosurvey data from the
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same 4 cities. Serosurvey data from Saudi Arabia are presented in table 5.2. As we are inves-
tigating four locations, local level data is limited and the data which is available is sampled
from multiple risk groups. When comparing the modelled proportion infected to serosurveys,
survey data from healthcare workers were dropped and only data from blood donors were used,
highlighted in grey in table 5.2. Although blood donors are likely to be more representative
than healthcare workers of general population-level risk, they are skewed heavily to the young
male population in Saudi Arabia and migrant workers were also slightly under-represented in
the major survey published by Banjar et al [207]. Migrant workers often reside in dormitories
or larger households where contacts are likely to have been less limited by the restrictions im-
plemented than in other populations. Banjar et al. reported seroprevalence for migrant workers
and native Saudis separately at a national level showing a seroprevalence of 4.3% in migrants
and 0.3% in citizens respectively in May 2020. The bounds for each serosurvey were adjusted

to account for sampling biases by using a beta binomial rather than binomial distribution.

To estimate bounds for each serosurvey, we assume a binomial distribution for the number of
positive samples from a serosurvey with variance o?bin = N7(1 — 7) where N is the number
of individuals tested and 7 the probability of success. We can approximate the variance of a
beta binomial as a?bin - (1 + p(N — 1)) where we draw the probability of success 7 from a beta

distribution with overdispersion parameter p equal to where a and b are the parameters

1
atbtl
of the beta distribution. As sample sizes in serosurveys were small, and repeat samples were not
carried out, it was not possible to estimate overdispersion from the data. The overdispersion
parameter applied in the beta binomial was fixed at 0.005 to allow for variance in the probability

of finding a positive serosample in each survey. The bounds estimated from this assumption

are shown in table 5.2.
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Table 5.2: Reported seroprevalence estimates for the cities included in this analysis. Lines highlighted in grey are used for fitting.

Seroprevalence (%) Estimated SD | Location Population Date Reference
24.5 3.56 Makkah city Blood donors 11/2020 Alharbi et al. [208]
12.9 2.80 Jeddah city Blood donors 11/2020 Alharbi et al. [208]
2.4 1.15 Riyadh region ~ Blood donors 06/2020 Alharbi et al. [208]
6.3 - Riyadh region ~ Non-COVID patients 06/2020 Alharbi et al. [208]
19.3 2.15 Madinah region Blood donors (male) 15/04/2020 - 15/07/2020 Mahallawi & Al-Zalabani [209]
0 0.38 Jeddah city Blood donors 01/01/2020 - 30/04/2020 Alandijany et al. [210]
4.1 2.70 Madinah region Blood donors 20/05/2020 - 25/05/2020 Banjar et al. [207]
8.1 3.50 Makkah city Blood donors 20/05/2020 - 25/05/2020 Banjar et al. [207]
2.3 0.79 Jeddah city Blood donors 20/05/2020 - 25/05/2020 Banjar et al. [207]
0 0.54 Riyadh region = Blood donors 20/05/2020 - 25/05/2020 Banjar et al. [207]
6.4 - Makkah city Healthcare workers  06/2020 - 07/2020 Ahmed et al. [211]
1.1 - Riyadh region  Healthcare workers ~ 20/05/2020 - 30/05/2020 Alserehi et al. [212]
4.6 - Madinah region Healthcare workers 20/05/2020 - 30/05/2020 Alserehi et al. [212]
6.3 - Makkah region  Healthcare workers ~ 20/05/2020 - 30/05/2020 Alserehi et al. [212]




Fitting to serosurvey data

The PhyDyn model was also updated to accept an additional gaussian likelihood to integrate
serosurvey data as a fitting parameter. The ability to estimate an epidemic size directly in
the PhyDyn model with population size variables from the compartmental model allows a pro-
portion infected to be estimated and fit to serosurvey data which would not be possible with
many other population genetic phylodynamic models. Due to limitations with distributions
implemented in the PhyDyn package, the mean and variance of the beta-binomial model were
approximated with a gaussian distribution in the model. These were assumed to be equivalent
for model fitting. The Gaussian likelihood implementation used is included in PhyDyn version
1.7.3 patch 3, fitting the estimated number of infections from the model to a surveyed propor-

tion infected by dividing by a user-supplied fixed population estimate.

As serosurveys are carried out over a period of time and not at a single time point an additional
assumption needed to be made to fit the model at a particular time. For this investigation the
representative time point selected was the end of the survey period as seroprevalence was
likely to have increased over the course of early surveys, meaning a standard assumption that
reported seroprevalence was representative of the midpoint of the survey would likely be an

overestimation.

5.4 Results

5.4.1 Sampling intensity

Figure 5.2 shows sampling over time by location in comparison to the cases recorded in the same
one week periods. Although early May is underrepresented in all datasets, Madinah shows the
most consistent viral sampling over time, with sequenced genomes produced during all months
of the first wave of SARS-CoV-2. Jeddah has consistent sampling up to the lifting of restrictions

at the end of June but data does not extend beyond this point and Makkah has strong early
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sampling with few additional sequences later in the outbreak. For Riyadh, the largest city in
the analysis, few sequenced genomes are available on GISAID and all are sampled in June, July,
and August despite the first reported cases occurring in March, in line with the other cities.
Nucleotide diversity was not found to be significantly correlated with the number of included
sequences each week using a simple Pearson correlation estimate. Madinah: r(12)=-.11, p=.71,
Makkah: r(6)=-.45, p=.27, Riyadh: r(4)=-.13, p=.80, Jeddah: r(10)=-.06, p=.84 where the

number in brackets is the degrees of freedom on the Pearson correlation coefficient (r).

5.4.2 Skygrowth model

The Skygrowth model shown in figure 5.2 shows a downward trend in the effective reproduction
number over time with the introduction and maintenance of non-pharmaceutical interventions.
Following the lifting of restrictions towards the end of June the model estimates that R remained
below or at 1 to the end of the period covered by the genetic data presented in this paper. The
effective population size represents the relative diversity of the sequences collected in Saudi
Arabia over the course of the outbreak, suggesting that diversity peaked at the start of June,
ahead of the peak in cases in the country. This is likely driven by the earlier peak in the cities
contributing the most genetic sequences to the sample used (Madinah, Makkah, Riyadh and
Jeddah).

5.4.3 Timing of importations

The estimates of importation date with phangorn suggest the global connectivity of Saudi
Arabia led to early importation of all of the clades detected in the dataset. Clade 19 A and
B are estimated to have been imported with highest probability in late February 2020 and
the other reported clades were most likely imported in March (Fig. 5.3B). The tree in Figure
5.3A shows that clade 20A was imported on multiple separate occasions in February, with
importation date estimates (Fig. 5.3B) suggesting the importations which resulted in onwards

transmission in the country occurred in late March.
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Figure 5.2: Sample overview and
population genetics. A) Locations
of the sampling cities within Saudi
Arabia. B) Stacked bars showing the
numbers of samples retrieved from the
4 cities and the Eastern region dur-
ing the first six months of the pan-
demic. Cities are colored as in panel A.
Months are shown at the bottom of the
figure, and each month is divided into
b-day intervals. Major restrictions im-
posed by the Ministry of Health and
by Royal decrees are indicated above
plots. C) Stacked bars showing the
average numbers of new daily cases in
sampling cities. D) Estimate of effec-
tive reproduction number (Res) over
time in Saudi Arabia (top) and esti-
mate of effective population size (N.),
the relative population size required to
produce the diversity seen in the sam-
ple (bottom). Central black lines show
median estimates, and gray confidence
areas denote the 95% credible inter-
vals. The red horizontal red line rep-
resents an R of 1, the level required to
sustain epidemic growth.
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Figure 5.3: A) Global Time-scaled phylogeny of 952 Saudi Arabia samples colored by Nextstrain
clades. Samples are shown as circles and colored according to their genotype at genome positions
28,88128,883. Intensive Care Unit (ICU) status and sampling region are indicated on the right
of the tree. B) Distributions of importation dates for the five Nextstrain (nextstrain.org) clades

Importation date

found in Saudi Arabia colored by clade.
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5.4.4 PhyDyn model

Assuming that the underlying model structure is well specified, the more complex PhyDyn
model should provide better precision on the smaller regional datasets than a more general
Skygrowth model. Here we investigate effective reproduction number and proportion infected

over the course of the epidemic in four cities individually.

Genetic data fitting

Fitting the model to genetic data alone provided estimates of effective reproduction number
for each of the one month periods covered by the data. For all locations estimates decrease
following the introduction of restrictions in early March (fig 5.4). In the § interval including
the introduction of these initial restrictions the 95% credible interval of the R.s for Makkah
(R1 =1 (Crl: 0.7-1.4)) and Jeddah (R1 = 1.2 (0.9-2.0)) includes one, suggesting no significant
prediction of expanding transmission. In Riyadh and Madinah this drop in R.s occurs more
gradually, with the credible interval not including one until the succeeding interval representing
April 2020 (Fig 5.4)(March: Madinah R1 = 1.5 (1.0-2.0) and Riyadh R1 = 1.9 (1.3-2.8), April:
Madinah R2 = 1.1 (0.8-1.4) and Riyadh R2 = 1.5 (1.0-2.0)). Following the initial decline,
only Makkah has a one-month period where the credible interval of the R.g estimate does not
include one for the remainder of the fitted period (R3 = 1.9 (1.2-2.7)). This occurs in May (Fig
5.4) and coincides with the peak in reported cases in Makkah but also during a period where
no genetic sequences were collected in the city (Fig 5.2). The median R estimate is higher in
July, directly following the lifting of restrictions at the end of June, than in the previous month
in all locations; although, with 95% credible intervals including 1 in all locations at this time,

this should not be overinterpreted.

The mean rate of movement to and from the external reservoir estimated for each of the four
cities was variable, with high rates of 7 per year for Riyadh and 6.27 for Jeddah and low rates

of 1.69 for Madinah and 1.60 for Makkah. This suggests that the larger, more internationally
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connected cities of Riyadh and Jeddah had more interaction with the outside world whereas
local transmission was more central to persistence in the holy cities of Madinah and Makkah
which were without visitors and under stricter lockdowns for much of the first wave of the

pandemic.
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Figure 5.4: Effective reproduction number estimates (black line) and 95% credible interval
(grey shaded area) over time from the PhyDyn model without seroprevalence for four cities
of interest. The red horizontal line represents an R.g of 1, the number required for virus
replacement. These estimates have step changes at monthly intervals.

Comparison to serosurvey data

Estimates of the cumulative proportion of the population infected were compared to serosurvey
estimates of the proportion of the population found to be seropositive at the same point in
time (Fig 5.5). Comparison of fitted estimates to serosurvey data shows that serosurveys
estimate a higher infection rate than models based on available genetic data in mid-July for
Madinah. In the other locations the median modelled estimate falls within the bounds of the
serosurveys. This suggests that the model is performing well at predicting viral transmission in

Riyadh, Makkah and Jeddah using genetic data alone, although the serosurvey data used for

126



comparison are limited and the estimates from the model have wide credible intervals towards

the end of the modelled period.
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Figure 5.5: Estimates of the cumulative proportion of the population infected (black line), 95%
credible interval (light grey shaded area) and interquartile range (dark grey shaded area) in
the model over time for each city. The red error bars and points represent the seroprevalence
predicted by the serosurveys and the bounds of the beta binomial distribution applied to these
likelihoods. The position of these points on the x-axis represents the end point of the serosurvey
from which they were collected.

Incorporating serosurvey data

As some discrepancy is seen between the serosurvey data and the model estimated cumulative
proportion of the population infected, serosurvey data were considered as an additional co-
variate for model fitting. Using the serosurvey data as additional parameters when fitting the
phylodynamic model significantly increases the estimated proportion infected in Makkah and
Madinah at the end of the first wave of coronavirus transmission (Fig. 5.5 & 5.6). For Makkah
the new estimate falls within the 95% credible interval estimated without the additional sero-

survey data but for Madinah the second serosurvey estimated a significantly higher proportion
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of the population had been infected by mid-July than was estimated by the model fitted solely
to genetic data. Supplementary figure C.2 shows that a model fit with fewer beta changes leads

to an estimate which better fits this serosurvey datapoint.

The model fitted to serosurvey data estimates a spike in effective reproduction number in July
in Madinah, although the 95% credible interval of this estimate still includes 1 (Fig. 5.7).
This estimate is bimodal with beta estimates of 9.8 and 43.5 being the most common. The
20 chains run were not able to converge to one of these values after 24 million iterations each.
The estimated importation and exportation rates are consistent with the rates reported for the

model fitted to genetic data alone presented above. Overall estimates of R.g with serosurvey
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Figure 5.6: Estimates of the cumulative proportion of the population infected (black line), 95%
credible interval (light grey shaded area) and interquartile range (dark grey shaded area) in
the model over time for each city. The red error bars and points represent the seroprevalence
predicted by the serosurveys and the bounds of the beta binomial distribution applied to these
likelihoods. The position of these points on the x-axis represents the end point of the serosurvey
from which they were collected.

data included were in line with those without, with slight increases in the lower bound of the

95% credible interval for some time periods. There were no time periods where 95% intervals
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including one when fitted to genetic data alone, did not include one with the addition of

serosurvey data.
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Figure 5.7: Effective reproduction number estimates (black line) and 95% credible interval (grey
shaded area) over time from the PhyDyn model with seroprevalence included as an additional
covariate for 4 cities of interest. The red horizontal line represents an R.g of 1, the number
required for virus replacement. These estimates have step changes at monthly intervals

5.5 Discussion

This study highlights the utility of genetic data collected during the SARS-CoV-2 pandemic
beyond the common use case of tracking and investigating viral variants and individual level
transmission events. By leveraging the flexibility of the coalescent we are able to use genetic
data providing much more information on the interconnectedness of the viral population as a
proxy for case data in a traditional epidemiological model. This is a useful avenue of investi-
gation and becomes increasingly topical with the move towards ubiquity of rapid, full genome

sequencing techniques in viral genomics.
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The Skygrowth model presented gives a good overall picture of the progress of the early
SARSCoV2 epidemic in Saudi Arabia with changes in R.g appearing to follow the implemen-
tation of non-pharmaceutical interventions. Although the coalescent and the assumptions of
skygrowth are relatively robust to heterogenous sampling through time, the method can still
be biased by significant changes in effective population size or unequal sampling in space or
across risk groups. Computation of reproduction numbers is premised on equivalence of the
growth rate of the epidemic and the growth rate of the effective population size which does
not hold when the transmission rate is highly variable. Work by Inward et al. suggests that,
as with the birth-death skyline, the Skygrowth model performs best when sampling is propor-
tional to the incidence in each time period [162]. For this sampling scheme we would expect to
see positive association between nucleotide diversity and sample size; The lack of correlation
between nucleotide diversity and number of samples in this analysis and the lack of alignment
between the samples in figure 5.2B and cases in figure 5.2C suggest that sampling was more
opportunistic in this dataset, the worst performing strategy for reconstructing R.g with the
skygrowth method in Inward et al. 2022. [162]. Additionally, Skygrowth makes an implicit
assumption that the included data is representative of the full picture of transmission, which
is not the case for SARS-CoV-2 where we know that virus circulation was global with multiple
repeat introductions of different clades into various regions. The repeat introductions and dif-
ferent introduction timings across clades shown in the timing of importation analysis presented
in this chapter highlight that this was also the case for Saudi Arabia and using the Skygrowth
model for this scenario is likely to overestimate the transmission rate in the region required to

generate the diversity seen.

PhyDyn R.g estimates for all locations show a general decline from the initial outbreak to after
the introduction of interventions. In Makkah and Jeddah R.g was estimated to fall lower in
the first phase of epidemic response than in the later curfew phases although the 95% credible
interval includes 1 for all of the time following the first introduction of restrictions in both
cities. As these cities are close geographically, and share a common regional government, it is

expected that they follow similar patterns. Alrasheed et al. applied a network-based epidemic
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simulation model to early SARS-CoV-2 case data from Saudi Arabia, structured based on age,
gender, nationality and location [213]. In this analysis they assess concordance between mod-
elled and observed data to assume much higher compliance with early blanket measures such
as school closures and domestic flight shutdowns, which occurred for 14 days during this early
period, compared to later individual-level restrictions such as curfews [213]. This aligns with
the observed strong decline in March and April in all locations. The changes in R.g during
the curfew period (April to mid-June) may represent changes in curfew over time but are also
influenced by sampling differences in each time period, hence the wide credible intervals. Cur-
few measures varied by time and location from 11 hour overnight curfews or neighbourhood

lockdowns preventing movement within cities to full 24 hour national lockdowns [214].

In Madinah, where the initial R.g estimate prior to the introduction of restrictions was higher
than in the other regions, the PhyDyn model does not predict a fall below one prior to the
curfew but the more strict curfew measures compared to the other cities appear to push Reg
lower throughout the curfew period (Fig. 5.7). Four districts in Madinah had 24 hour curfews
imposed on April 10*" which ended slightly before the nationwide Eid curfew from the 23rd
to 27th May meaning the majority of the curfew period from early April to June 21 was
spent at the highest restriction level [215]. The large peak in R shown in figure 5.7 following
the lifting of restrictions is not reflected with a peak in reported cases (Fig. 5.2). Figure C.2
shows that with fewer beta periods we are able to reconstruct a case trajectory which fits these
seroprevalence estimates without this transmission spike in July. Uncertainty in this large peak
in transmission rate is supported by the bimodal nature of the beta prediction for this time
period in Madinah. Limited genetic data from July in Madinah may also play a role in this

prediction.

Most published modelling studies from Saudi Arabia did not attempt to estimate starting R, or
effective R over time estimates [213, 216]. Alshammari estimates an R of 2.7 using a determin-
istic compartmental model fitted on early case data [201]. The starting values and bounds used

in this study were based on these findings together with the median Ry estimates of 2.86 in Jed-
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dah, 2.92 in Madinah and 2.81 in Makkah with fewer beta periods presented in supplementary
figure C.1. To improve convergence in this model with a large number of 8 compartments, the
lower bound for 5y was set to 20 provide a lower bound for Ry of 2.3. Ideally these additional
constraints would not be required but here we attempt to balance computational efficiency and

number of parameters predicted.

Although the current PhyDyn model assumes continued transmission from the global reservoir
to the internal population to account for migration, it is currently at a fixed rate throughout
the epidemic. Introducing a step change in this value in a similar way to that introduced for
beta would give a better representation of the dynamics in a country such as Saudi Arabia
where strong controls on international travel were implemented. This could result in fewer
estimated importation events in some locations, requiring higher internal transmission rates to

reconstruct the observed internal viral diversity.

There is also varied evidence from viral culture experiments to suggest that infectiousness may
precede the detection of symptoms and that mean duration of infectiousness may be longer
than the estimates used in this analysis [217]. As the movements between compartments are
defined as rates, there is flexibility in the time for progression through the compartments be-
tween individuals. Additionally, the flexible PhyDyn modelling language would allow a more
complex compartmental model incorporating symptomatic and asymptomatic infectiousness to
be developed. The model also depends strongly on the fixed progression and recovery rates (7o
and ;) which determine the generation time, and changing these rates can dramatically alter

the final size of the epidemic returned.

The addition of multiple § values over the course of the epidemic provides an advantage over
the initial SARS-CoV-2 PhyDyn model introduced in Volz et al. and applied more widely in
Geidelberg et al., Ragonnet-Cronin et al. and Miller et al. [3, 4, 190, 191]. This initial model

was used to predict changes in viral dynamics in the initial exponential phase of an outbreak,
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only allowing R.ss to decrease over the fitted period as susceptible individuals are depleted.
By maximising a set of individual § parameters in this work, the effective reproduction num-
ber estimated is able to increase or decrease at change points throughout the modelled period.
This change introduces additional parameters which need to be estimated but provides a model

which is more adaptable to changeable transmission dynamics over the course of an epidemic.

Fitting the PhyDyn model additionally to seroprevalence results in little difference in R pre-
diction in this example as there are few serosurveys over the course of the outbreak. The ability
to include additional likelihood data in this way could provide additional clarity in locations
with more complete serosurvey data or more complex outbreak dynamics over time. As the
example of Madinah highlights, fitting to additional data in this way can dramatically alter
the estimated proportion infected, suggesting transmission dynamic estimates from incomplete

genetic data should be interpreted with caution.

Serosurvey data also have their own limitations. In Saudi Arabia, where these data are primar-
ily sampled from young male blood donors (age range 24-55, over 90% male) and healthcare
workers, the sampled individuals are unlikely to be representative of the infection risk profile
of the population as a whole [218, 219]. A random sample of the population would provide a
better subset for comparison although this would require a targeted study rather than analysis

of coincidentally collected blood samples.

For many SARS-CoV-2 datasets collected globally, genetic sampling was also targeted at certain
time periods or demographics, or only small numbers of samples were sequenced as sequencing
is not required for diagnosis. Saudi Arabia implemented a strong quarantine and isolation pro-
cedure for positive tests and hospitalised cases with a large number of genetic samples collected
from these populations. This provides a more robust sample to fit this model on than would be
seen in other regions where sampling was more heavily targeted to travellers or contact tracing,

both of which could affect the diversity found in the sample, making it less representative of
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the population. The sampling here was still not ideal due to the opportunistic nature of the

samples collected as outlined previously.

We see concordance between the two coalescent based estimates of R.¢ presented in this work
from Skygrowth and PhyDyn, showing a general decrease over time and a non-significant in-
crease following the lifting of restrictions at the end of June. As genetic data without the
introduction of non-pharmaceutical interventions is not available for comparison, the degree to
which the observed declines are due to interventions alone cannot be ascertained but the fitting
provides evidence that the stronger curfew procedures in Madinah are associated with lower
effective reproduction number estimates over the course of the curfew period and R.g estimates
during the curfew period were significantly lower than before the introduction of interventions
in all locations. A published modelling study predicts 104% higher case numbers without school
closures, 113% higher without mosque closures, 83% higher without flight shutdowns and 23%

higher without curfews in the country [213].

With the increasing global capacity for sequencing and the wealth of sequence data gener-
ated throughout the SARS-CoV-2 pandemic it is clear that phylodynamic methods will play
an increasingly important role in future epidemics. Estimating epidemiological parameters
with a combined model incorporating sequence data alongside traditional methods can provide
more robust insights into transmission dynamics and well-sampled genetic datasets should be
comparable across countries with less dependence on the attribution of cases and deaths by
country which can affect traditional estimates of R.g. The incorporation of a compartmental
transmission model in the PhyDyn framework makes this method a good candidate for fur-
ther integration with existing epidemiological techniques and the updates outlined in this work

expand the utility of the method in this role.
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Chapter 6

Discussion

With the advent of fast, accurate and inexpensive molecular techniques, phylogenetics is be-
coming an increasingly important discipline for the tracing and control of infectious diseases
[220]. Genetic data provide additional information on the evolution and spread of viruses which
can be hard to ascertain from traditional epidemiological data [221]. This data can be linked
with other covariates, especially the location and date of sampling, providing unique and valu-
able inferences. The wealth of variant and phylogeographic inference provided by collaborative
analysis of the high volume and publicly accessible SARS-CoV-2 sequence data is evidence of

this utility [222].

Rapid analyses of emerging viruses, and new detections of eradication targets such as polio,
are crucial to implement timely intervention response [223]. These two scenarios, elimination
of a previously widely endemic disease and response to a newly emerging pathogen have sev-
eral parallels, especially the importance of geographic spread to response, and the influence of
sampling rates on conclusions drawn from analyses. This thesis aims to retain rapid phyloge-
netic analysis techniques, often implemented in early outbreak response or the analysis of new
detections of eradication targets, improving the reliability of conclusions drawn by addressing
sources of error in estimates made. A technique for incorporating sampling data in discrete
trait analysis is proposed and tested, based around existing k-state Markov transition models,
and providing a significant reliability boost to transition rates reconstructed on simulated data.
The thesis also introduces visualisation techniques and pipelines which will allow for rapid and
interpretable analysis of new poliovirus detections in the future, key goals of the initial proposal.
Additionally, novel phylodynamic analysis of early-outbreak SARS-CoV-2 in Saudi Arabia is

presented, incorporating additional data and parameters not included in published work.
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6.1 Polio phylogeography

Following a long-term global eradication effort, wild-type poliovirus is now endemic to only Pak-
istan and Afghanistan, with only one of the three serotypes (type 1) remaining in circulation
[18]. The current WHO eradication target is 2026, following several delays to the initial target
of the turn of the millennium, and many difficulties; especially with providing vaccinations in
hard-to-reach populations and falling public and government interest as the eradication cam-
paign has led to dwindling paralysis cases [224]. Reintroduction of WPV1 to Africa, with eight
cases reported in Mozambique and Malawi in 2022, has dampened expectations of eradication
further, alongside declining vaccination rates (80% globally in 2021), and vaccine-derived polio
detections in 2022 in a number of western countries [17, 224, 225]. Recent analysis has also
shown that the current speed and scope of response to vaccine-derived outbreaks in Africa is
not sufficient to interrupt transmission without seeding further outbreaks [226]. In this context,
new techniques and better integration of existing data sources become increasingly important

to help drive the eradication campaign forwards.

Surveillance for poliovirus is difficult as the majority of infections (around 70%) are asymp-
tomatic, with paralysis only occurring in 1 in 200 to 1 in 1000 infections. Combined with
the complex movement dynamics in Pakistan and Afghanistan driven by nomadic populations,
seasonal migrant workers, cross-border movement and political instability, this low case-to-
infection ratio means pockets of transmission can be missed entirely with AFP surveillance
[75, 97]. Over the course of the last decade, environmental surveillance of wastewater systems
has expanded in the block, particularly in Pakistan, which provides invaluable additional in-
formation on infections [30]. Wastewater surveillance allows a large population to be covered
by sampling a small number of confluence points, providing detail on otherwise undetected

asymptomatic infections, as outlined in the introduction.

As both ES and AFP detections require sequencing for virus typing, a large number of virus
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sequences are produced annually in the endemic countries. Currently neighbour-joining phylo-
genies are routinely produced from these sequences to assign ‘transmission clusters’ based on
genetic similarity. Here we aim to extend on this regularly produced analysis with phylogeog-
raphy, enabling us to better understand the spatial spread of the virus with routinely collected

sequence data.

Discrete trait analysis was selected for this work following its application to several high-profile
epidemic and endemic diseases in recent years, including flu, Zika and Ebola [66, 73, 123]. As
with previous analyses, the primary motivation for selecting DTA was the speed and ease of
implementing the method on large numbers of sequences and discrete regions. With an eradica-
tion campaign timing is everything, new data are sparse due to the small number of detections
but quick response to new detections is of utmost importance to prevent further spread [226].
DTA can provide information on geographic spread in a matter of hours to days where robust
pipelines for data analysis, subsetting and cleaning are implemented and, due to the simple
technique, can incorporate greater numbers of discrete locations than other, more complex,

phylogeographic methods such as structured coalescent or birth-death models.

Despite the migration assumptions made with DTA, treating migration akin to evolution of
a phenotypic discrete trait, recent work has shown that the method performs equivalently to
more complex methods, under both endemic and epidemic conditions [61, 157, 165]. A major
assumption made in DTA is that sampling intensity in a region is proportional to the in-
fected population, one which is often violated in real-world surveillance [61]. Here we propose
a simple correction to account for sampling rate by location, based on a non-reversible Mk
model and incorporating sampling rate as a multiplier of the transition rate matrix in the same
way as equilibrium base frequencies are incorporated in the GTR model of Tavaré [129, 131].
This means that the correction can be easily implemented in a range of existing phylogenetic
software, with implementations in the popular R package ‘ape’ and the BEAST1 Bayesian phy-
logenetics software presented here. The treetime method implemented in Nextstrain, which has

recently been applied to wild poliovirus data, could also be easily adapted to allow migration to
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be modelled with the proposed correction with the addition of a non-reversible transition model.

A large amount of recent effort in phylogeography and phylodynamics has been aimed at
accounting for changes in sampling rates over time, an issue which affects birth-death and
mugration models if not considered in the model. Approximate coalescent models based on de-
terministic demographic processes can also be biased where this is a bad approximation of the
true stochastic process in the population [178]. The method suggested in this thesis does not
account for this, although future work to generate an epoch version of the model, incorporat-
ing changing sampling rates over time, could allow for better integration of changing sampling
rates. This would also need to be tested and compared with other proposed corrections, specif-
ically approximations of the birth-death and coalescent processes. Recent work by Layan et al.
has suggested that a Bayesian implementation of DTA, even without correction for sampling
bias, performed equivalently to a pair of structured coalescent approximations in an epidemic
scenario [157]. Further testing with time-structured implementations would be required as an
epoch DTA model is developed, with a birth-death simulator for time-varied sampling intro-
duced by Volz and Frost in 2014 available to allow these models to be tested against a known
sampling process [178]. With the benefits of DTA in terms of computational power required and
number of discrete locations considered, future work to assess the performance of my proposed
correction to the DTA over changes in dynamics during an epidemic would be of particular in-
terest to test on simulated data in the future; An extention to the endemic disease simulations

included in this thesis.

Further testing of the correction method proposed is also required on a larger number of lo-
cations to ensure that the correction continues to perform well in more complex structured
populations. The BEAST implementation presented in chapter 4 with the addition of BSSVS
rate selection should make this process simpler, allowing for zero rates of transition between
some pairs of locations which is not possible with the simple relative rate maximum likelihood
method as implemented in chapter 3. There is also a case for continued development of the

maximum likelihood implementation due to the strong influence of the priors used on the move-
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ment rates reconstructed under the Bayesian model, requiring the use of Bayes Factor support
to select significant rates. A penalised maximum likelihood rate selection procedure penalising
non-zero rates could be implemented without specifying priors, although convergence would
likely be an issue without prior rate information. This is worth investigating further as the
speed and lower computational cost of simple maximum likelihood optimisation implemented
in R over a Bayesian MCMC implementation may mean it is more widely used in computational-

resource-limited or time-limited scenarios such as outbreak response and eradication campaigns.

Applying the proposed correction to polio data in this case resulted in corrected rates and
numbers of transitions within the 95% credible intervals of the estimates made with the simple
DTA method. This shows that DTA is likely appropriate for the analysis of polio data going
forward. More work is needed to ensure that ES data is incorporated correctly into future
models due to differences in sampling intensity over time and location. For example, Punjab
province in the East Pakistan region is overrepresented in the ES data, inflating the impor-
tance of this region to transmission in the analysis presented in chapter 3. This importance is
strongly diminished when only considering AFP data in Appendix B and chapter 4, suggesting
that treating both data sources as equivalent leads to overemphasis of certain well-sampled re-
gions. This also re-emphasises the difficulty of surveillance for polio where, were environmental
surveillance complete, we would see a much greater extent of movement and transmission of

the virus which cannot be detected by AFP surveillance alone.

Here we introduce and investigate a discrete method, where sequences collected are grouped into
subpopulations based on geographic location. This assumption helps to produce interpretable
results such as rates and numbers of movements between regions, but efforts need to be made
to produce representative subpopulations. In this analysis a large amount of input was sought
from collaborators familiar with the demographic and epidemiological situation in the region,
requiring regions to be constructed incorporating parts of different administrative provinces.
Increasing the number of regions is always of interest, especially to policymakers who need to

work at smaller scales than those represented in this thesis, but this disaggregation introduces
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additional variability in sampling between regions, leading to a smaller amount of information
available for each region and inferences which are more likely to be biased by sampling rate
differences. Introducing artificial boundaries between discrete regions, or boundaries to other
linked regions not included in the analysis, can additionally lead to missing data problems or
the spatial amalgamation or segregation of linked populations depending on where boundaries
are drawn (the “boundary” and “modifiable unit” problems of spatial analysis) [118, 119]. In
the future it may make sense to integrate continuous space in the analysis of polio sequence
data, as is often used with other epidemiological data. Including additional covariate data on
population dynamics, such as population movement models, travel, and mobile phone data
can also provide additional information on movements, increasing statistical power over a basic

genetic-based DTA model as implemented here.

The visualisations presented in this work provide an update to existing routine poliovirus
visualisations. Here consistent regional colours are retained throughout the analyses, providing
uniformity across a range of visualisations. This is an improvement over current visualisations
which often report the complete name of a sequence, including basic metadata, which can more
elegantly be presented with shapes and colours, improving interpretability. These visualisations
are based on previous work (primarily the visualisations presented by Dudas et al. for the
2013-2016 Ebola outbreak and available in the baltic python library [73]) with adaptions made
to better suit the larger poliovirus database included and the two different sampling sources
represented in the data. I coded the included plotting techniques in R, around the ggplot
and ggtree packages, rather than building on the python framework used in the baltic pipeline
to provide a visualisation framework which can be easily integrated with existing R-based
phylogenetic techniques [227, 228]. R is the statistical tool of choice for many epidemiologists
and provides implementations of many phylogenetic techniques as well as integrations with the

BEAST software suite.

140



6.2 SARS-CoV-2 phylodynamics

Phylodynamics has played a large role in the epidemiological analysis of SARS-CoV-2, not
seen before in outbreak response. Phylodynamic analyses were produced early in the epidemic,
primarily used to assess transmissibility and estimate reproduction numbers [190, 229]. This
role expanded throughout the pandemic with phylogenetic and phylodynamic analyses applied
to discovery and characterisation of new variants, variant tracking, and assessing the impact
of interventions [4, 230-232]. The SARS-CoV-2 pandemic was the first major outbreak in
the new era of pathogen genomics, with faster and cheaper sequencing methods proliferating
around the world, including the expansion of sequencing capacity in low and middle income
countries (LMICs) (despite this expansion, huge disparities in the proportion of SARS-CoV-2
cases sequenced between high income countries and LMICs were still seen [233]). The amount
of open-access sequence data produced in the first year of the pandemic, reaching one million
sequences on the GISAID platform in March 2021, emphasised the need for fast, accurate and
simple to implement phylodynamic analyses [234]. By January 2022 the capability for sequenc-
ing had expanded further, with 68% of WHO member states having the capability to sequence
SARS-CoV-2 in country, an increase of 14% on a year earlier and a good basis for enduring

genomic surveillance for other pathogens [235].

The basis for the model presented in this thesis was developed early in the pandemic by the
Imperial College COVID-19 response team and released in a report in late February 2020 [190].
This original technique, although widely used throughout the pandemic, was designed to model
the initial outbreak phase of an epidemic in a location, allowing for the estimation of an initial
reproduction number followed by a decrease as susceptible individuals were depleted. In order
to apply the model across a longer time range, here I split the model into discrete 1-month
time periods, allowing the reproduction number to change more flexibly over the course of the
epidemic and allowing the value to increase and decrease over time. This allows us to, for exam-
ple, detect an increase in the reproduction number following the lifting of non-pharmaceutical

interventions in Saudi Arabia in late June of 2020, matching more closely what we see with the
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Bayesian skyline model [2].

Fitting the model to serosurvey data, a gold standard measure of acquired immunity, gave a
measure of the proportion of the population that had been infected (prior to the introduction of
COVID-19 vaccines) with which to calibrate our models. Although serosurvey data were gen-
erally published later in the outbreak, meaning they were not available for fitting during the
epidemic phase itself, this could be an area where greater collaboration between immunological
investigators and genomic epidemiologists should be sought in future outbreaks, allowing this

fitting to be done closer to real time.

Here the model is applied to data from Saudi Arabia due to the availability of routinely sam-
pled sequence data for the country. Many countries globally relied on sequencing primarily as
a detection tool for new introductions, targeting travellers specifically, and thus their sequence
data did not provide a complete picture of the virus variants circulating in the population. The
Saudi sequences used in this study were instead collected from quarantine hotels which were
used to house positive detections in the community (a resource intensive and not widely used
quarantine procedure) and hospitalised patients. This makes the data collection and fitting
presented a best-case scenario of detections, especially early in the pandemic before the pro-
liferation of community sequencing in places such as the UK. The lack of changes in diversity
in line with the distribution of cases in the dataset suggests sampling was incomplete even in
this scenario and may introduce additional bias in the R.s estimates presented [162]. More
complete analysis of a range of different intervention techniques with the original method from

Volz et al. is presented in Ragonnet-Cronin et al. [4, 190].

The simple improvements to a widely used SARS-CoV-2 model presented here may be of interest
in the future if similar phylodynamic models are applied to different outbreak situations. The
PhyDyn platform used provides a simple and flexible framework to incorporate traditional

epidemiological and phylogenetic analysis, a tool which becomes increasingly important with
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the proliferation of genetic sequencing data, and these improvements present a further boost

in its utility.

6.3 Conclusions

Pathogen genomics is an ever-expanding field with faster, cheaper and simpler sequencing meth-
ods introduced in recent years [236]. Of particular note is the availability and affordability of
these techniques in LMICs and even the ability to sequence in field conditions rather than pur-
pose built laboratories [237, 238]. The GPEI and funders are increasingly interested in rolling
out next generation sequencing techniques for polio, including direct detection of polioviruses
from stool and sewage samples without the need to first culture the virus [239]. This technique
greatly improves the delay from collection of a sample to identification of a poliovirus serotype
and production of a VP1 sequence and trial use is currently underway [5]. We have also seen
next generation sequencing techniques used widely in outbreak responses since the SARS-CoV-
2 pandemic, with Minlon sequencing data published for the recent Ebola outbreaks in Guinea
and Uganda as well as Minlon and Illumina sequencing being widely used in response to the
ongoing mpox outbreak [240-242]. Additionally, the WHO has published new guidance on the
use of genomics for outbreaks and potential pandemic pathogens, pushing for further training

and use in LMICs as well as increased sharing of sequence data produced [235].

Improving the simplicity and speed of phylogenetic and phylodynamic methods downstream of
these huge sequencing advancements, as well as producing interpretable and intuitive results
and visualisations, are key steps for the future of phylogenetic analysis in epidemiology. It
is important that limitations and downfalls of methods are investigated, accounted for, and
spelled out plainly in phylogenetic literature, particularly where methods are introduced, mak-

ing the methods accessible to genetic researchers carrying out sequencing and data collection.

Phylodynamics and phylogeography as fields have two conflicting aims, the implementation
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of increasingly complex dynamic models and the ability to analyse increasingly large and de-
tailed datasets, including much of the new data now available as a result of more widespread
pathogen sequencing. These aims are hard to unify as both increase computation times and
introduce barriers to their use in real-time epidemiology. There are valid methods to attempt
to overcome these issues, through sample selection and downsampling to improve the represen-
tativeness of the analysis dataset and reduce its size, and using increasingly large amounts of
computing resources to run more complex models. These of course have their costs, in terms
of the use of resource to produce unused sequence data and the energy cost of computational
effort. These costs, and the appetite for simple visualisation pipelines such as that provided
by the Nextstrain platform, suggest that simplifying assumptions are increasingly important
to consider, and work to validate and improve simple phylogeographic methods will have a

widespread influence on the analysis of pathogen genomic data going forward.
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Appendix A

Supplementary information for chapter 2

A.1 Investigation of outlying sequences

Location
SOUTH-CORRIDOR [l NORTH-CORRIDOR
EAST-PAK WEST-AFG
CENTRE-PAK [0 wesT-PAK
KARACHI [ NORTH-AFG

O

CENTRAL-CORRIDOR EAST-AFG

Figure A.1: Neighbour joining tree of the sequence data included in this analysis with tips
coloured by region. The outlying sequences of interest are highlighted with a red circle. The
x-axis shows genetic distance calculated under a simple JC69 model with the phangorn R
package.

Creating a simple neighbour joining tree of the sequence data available results in a long branch
to a small cluster of related sequences (supplementary figure A.1). This may suggest misclas-
sification or sequencing error. The selected sequences share non-synonymous differences to the
remaining sequences; an ACA to GCC at position 58-60, a GCC to AGC at position 64-66

a TCC to GCC at position 94-96 and a GTC to ATC at position 412-414. These sequences

were all collected in Afghanistan in 2012 and are associated with paralysis cases with the seven
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sequences linked to six individuals.

Sabin_1_VP1
KJ170521
JJ400261 fFos2615
KD~ o °
Location
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I KARACHI [ NORTH-AFG
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0.00 0.05 0.10 0.15 0.20 025

Figure A.2: Neighbour joining tree of the sequences included in the dataset (as in supplemen-
tary figure A.1) with additional background sequences from Genbank highlighted in grey and
labelled. These background sequences are KJ460261, a wild poliovirus 1 sequence from the
South Corridor region in 2011, a year before the included data, KF992615, a wild poliovirus 1
sequence circulating in Nigeria at the same time, a vaccine virus, Sabin 1 (accession V01159)
and KJ170521 a vaccine derived virus circulating in Nigeria in 2011.

A number of possible reasons for these outlying sequences were investigated. The first was the
possibility that these could be circulating vaccine derived poliovirus misclassified as wild type.
As the Sabin oral polio vaccine is inactivated it can regain virulence and begin to spread in the
population after administration [243]. Adding the VP1 region from the Sabin vaccine strain
for type 1 poliovirus (Sabin 1) (aligned and trimmed from a full genome sequence, Genbank
accession no. V01150) results in the common ancestor of Sabin 1 and the wild type sequences
included here being within this cluster but with a long branch to Sabin, suggesting that these

are unlikely to be vaccine derived unless they had been circulating for a long period prior to
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the data included here [244]. Including wild and circulating vaccine derived poliovirus VP1
sequences from Nigeria, collected in 2011 (Genbank accession nos. KF992615 and KJ170521
respectively) gives a similar result, suggesting these are not likely to be imported [82, 245].
We also investigated the possibility that this cluster could have been previously circulating
more widely in Afghanistan and was replaced by the more closely related sequences seen in
the remainder of the phylogeny. An additional 2011 WPV1 VP1 sequence from Kandahar,
Afghanistan (Genbank accession no. KJ460261) clusters with these sequences, suggesting these
represent the end of a previously circulating cluster of transmission in the region [246]. These
additional background sequences are shown in grey and labelled in supplementary figure A.3.
Ultimately, in a maximum likelihood tree with a deep root to the remaining sequences, in 2006,
these sequences are consistent with a clock rate on the order of 102 substitutions per site per

year, as expected for poliovirus, and as such were retained for the full analysis [45].

A.2 International sequences

As the Pakistan-Afghanistan region is currently the only endemic region, importation from
other reservoir regions, as we see for other infectious diseases, is not possible. Towards the
beginning of the included data, transmission of WPV1 was seen in other countries. Here we
align the included sequences with publicly available international sequences from GenBank
extracted by Candido DS et al. (in prep) and produce a maximum likelihood phylogeny with
IQTree which is dated with the R package treedater [105, 109]. This phylogeny shows that the
majority of international transmission clusters distinctly from the included sequences, with a
small number of international sequences from Shulman et al. 2014, collected in Israel and Egypt,
which cluster together with the Pakistan-Afghanistan sequences [108]. The virus transmission
in this region has previously been inferred to most likely have originated in Pakistan and to
have spread via Egypt to Israel, distinct from other ongoing WPV1 outbreaks in Africa at the
time [108].
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Region
© International
© Pakistan Afghanistan

© Pakistan Afghanistan (not included)

1960 1980 2000 2020
Figure A.3: Maximum likelihood tree showing the included sequences in the context of historic
global transmission of WPV 1 which can be reconstructed from publicly available sequence data.
This work uses a background set of sequences available on GenBank (ncbi.nlm.nih.gov/

genbank/). The accession numbers are reproduced on github (github.com/JorgensenD/PhD_

thesis/blob/main/background_accession_WPV1)
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A.3 Supporting information for inferred transitions

In the main text, transitions are included on figure 2.5 where there is Bayes factor support of
10 or more for a transition rate greater than zero. The Bayes factors, probabilities of transition
rates greater than zero and median inferred number of transitions are included in table A.1.
The highest posterior density interval is calculated from the posterior distribution of inferred

transitions between locations across the set of 100 pre-estimated phylogenies.
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Table A.1: Supporting information for the inferred transitions with Bayes factor support above
10 with the complete dataset of WPV1 detections by ES and AFP surveillance.

From
CENTRAL-CORRIDOR
CENTRAL-CORRIDOR
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NORTH-AFG
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Bayes Factor Support Posterior Probability Median Transitions (95% HPD)

57165.88
1579.89
57165.88
23.25
53.73
57165.88
571685.88
571685.88
57165.88
57165.88
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A.4 Local transmission lineages

Complete local transmission lineages across the period of the data are presented for each of
the 10 regions defined in the methods section (Supplementary Fig. A.4). These plots highlight
the individual local transmission lineages observed in each region, including he location they
were imported from and any exportations from the cluster to other regions. Here we clearly see
the changes in transmission dynamics from longer term circulation to shorter lineages of fewer
isolates in the majority of regions, as outlined in figure 2.6 in the main text. We also see, in the
Central Corridor, continued long term persistence and large lineages of linked isolates through

to 2022.
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Figure A.4: Time-resolved phylogenetic tree of the full dataset split by regions. A new lineage
is plotted after each inferred virus movement between regions. The tips represent sequenced
viruses, with round tips representing virus isolates from AFP cases and square tips isolations
from ES. The root of each lineage is annotated with a diamond coloured according to the inferred
ancestral location. As the time of the virus movement from one region to the other cannot be
precisely inferred, the ancestral location is plotted at the mid timepoint of the ancestral branch.
Where a lineage leads to onwards transmissions in another region, this is shown with a branch
leading to an arrow coloured by the region exported to.
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A.5 Classifying local transmission lineages

To produce a summary figure of local transmission lineages in the main text they were classi-
fied into three groups. These are determined by length of circulation, onwards transmission to
other regions and number of sequenced tips as outlined in chapter 2 An example set of classifi-
cations for local transmission lineages as presented in supplementary figure A.4 is presented in

supplementary figure A.5.

Examples of transmission clusters from each category

Persistent

Dead end

Export

Node shapes

<& Importation

o ES sequence

O AFP sequence

)> Onwards transmission

>
>

Time

Figure A.5: Examples of local transmission clusters which would be categorised into each of
the classifications based on length of persistence in time, number of AFP tips and onwards
transmission to other regions.

A.6 Investigation of AFP sequences alone

A.6.1 Sequencing intensity

As highlighted in the full analysis with the epidemic curve presented under the phylogeny in

figure 2.4, the epidemiology of poliovirus has changed over the course of data collection repre-
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sented in this analysis with high and low transmission periods. AFP case data are extracted
from the Polio Information System (POLIS), a global database of polio data maintained by the
World Health Organization [90]. Preliminary analysis of cases and sequences over time showed
that the sequence dataset is representative of reported AFP cases. 53 cases were dropped from
the comparison as incomplete metadata prevented a region from being assigned. If we assume
that AFP case reporting is approximately complete in all regions due to the severity of the
outcome and that AFP occurs as a symptom of polio at the same rate regardless of region, this
sample should represent sampling proportional to the number of infected cases, as required for

DTA analysis.

A.6.2 Location estimates

A phylogeny with inferred ancestral locations estimated using sequences from AFP cases alone
is shown in Figure A.6. Without the large number of ES sequences the patterns reconstructed
differ, but overall we see similar trends. The first of these is the three southern regions of
Karachi, Centre Pakistan and the Southern Corridor supporting cyclical chains of transmis-
sion. Without ES, the role of Eastern Pakistan in sustaining transmission is diminished as
very few paralysis cases are reported in this region. Looking at AFP data alone, this region
acts as a sink of virus transmission, primarily from the Central Pakistan region. This is sup-

ported by the short transmission chains with few isolates seen in the analysis of the full dataset.

The AFP data alone supports the observation of the replacement of distinct lineages in the north
and south with a single lineage rooted in the Northern Corridor. This lineage was exported
to the South during the expansion of poliovirus transmission during the 2019 outbreak. All
recent detections of AFP are linked to this cluster of transmission. Without ES data we miss
recent spill over events from the current reservoir population in the Central Corridor which have
resulted in ES detections but not paralysis cases in surrounding regions. This again highlights
the importance of ES as an early detection system, particularly in regions with close geographic

or cultural ties to regions with higher levels of virus circulation.
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Figure A.6: Time-resolved phylogenetic tree of sequences from AFP cases for Pakistan and
Afghanistan, coloured according to the regions in the map in figure 2. Internal node locations
are inferred using Bayesian Markov jump discrete trait analysis and time in years is given on
the x-axis. The bar plot below the tree shows monthly counts of reported polio AFP cases,
coloured by the collection location and the orange vertical line the date of the first sampled
sequence included in the genetic dataset.
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Figure A.7: A) Circus plot of supported migration events between the regions considered in
the analysis. The movements are coloured according to the starting location and the width
represents the number of transitions inferred, with counts provided around the circumference
of the plot. B) The same transitions visualised on a map of the discrete regions.

A.6.3 Movement estimates

Using AFP data alone we estimate numbers of movements between locations with the same
method outlined for the complete dataset. Here we again present movements with Bayes
factor support above 10. We see similar patterns to those seen with the complete dataset,
with Karachi contributing the largest number of exportations to other regions, and a clear
cycle of transmission in the South, from Karachi to Centre Pakistan and the South Corridor
and back in the reverse order (supplementary Fig. A.7). The Central Corridor, which has
supported most transmission since the 2019 outbreak (figure 2.6), is shown by the AFP data
alone to have imported virus primarily from the North Corridor over the time course of the
included data but the recently circulating cluster is linked back to transmission in the southern
regions. The reduced dominance of Karachi on supplementary figure A.7, when compared
with the complete dataset presented in figure 2.5, again highlights the effect of high levels of

environmental sampling in Karachi on inferences made from polio surveillance data.
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Appendix B
Supplementary information for chapter 3

B.1 Number of phylogenies retained

For several simulated phylogenies, standard errors or maximum likelihood estimates could not
be estimated due to the non-convex (ridged) nature of the likelihood surface. In these cases, the
estimated relative migration rates from these phylogenies were dropped from model comparison.
Figure B.1 shows the number of phylogenies retained from the initial 100 simulations under
the “low sampling rate” and “transmission difference” scenarios when calculating the results.
Where a value could be estimated with only one of the methods, the phylogeny was dropped
from calculations for both methods. Figure B.1 presents the number retained where two-
location, 100 tip phylogenies were simulated, under both equal transmission rates (A) and

unequal transmission rates (B).

We see a clear divide on figure B.1 between the upper left and bottom right corners of the plot.
Under the unequal transmission scenario represented in this plot where transmission is faster
in population 2 we see a greater number of phylogenies dropped where sampling in 1 is high
and the rate of leaving 1 is low (top left of the plot). In these phylogenies population 2 is over-
represented compared to the same sampling scenario without a transmission rate difference.
The likelihood surfaces for the relative and base migration rates on these dropped phylogenies
have a wide, flat maximum likelihood region, making 95% confidence interval estimation not
possible with the hessian method used here. Phylogenies retained under the medium (Fig.

B.2A) and high (Fig. B.2B) sampling rate scenarios are shown in figure B.2.
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Figure B.1: Number of simu-
lations retained after removing
those where a maximum like-
lihood value or standard error
for the relative migration rate
could not be estimated with both
the corrected and uncorrected
method. Panel A shows the
numbers retained for the low
transmission rate scenario and
panel B the transmission differ-
ence scenario.

Figure B.2: Number of simu-
lations retained after removing
those where a maximum like-
lihood value or standard error
for the relative migration rate
could not be estimated with
both the corrected and uncor-
rected method. Panel A shows
the numbers retained for the
medium rate scenario and panel
B the high transmission rate sce-
nario.
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B.2 High sampling rate phylogeny

100

200

location
—— population 1

— population 2

Figure B.3: Illustrative example of a phy-
logeny sampled under the high sampling
rate scenario. Here we see the tips are
sampled close in time and the root is more
recent than in the low sampling rate ex-
ample shown in figure 3.1.

Under the high sampling rate scenario presented in the main text, the corrected and uncorrected

methods performed equivalently, with the correction no longer providing improved results (Fig.

3.8) An example phylogeny under the high sampling rate scenario is shown in supplementary

figure B.3.
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Appendix C

Supplementary information for chapter 5

Initial analysis was carried out with fewer beta break points to assess the viability of the method.
Breaks were set such that (; represented transmission from the estimated introduction date
(30 days before the tenth reported case) to the introduction of the first restrictions [200]. (s
covered the time from the introduction of the first restrictions to the first long term curfew
in each city. f3 represents the curfew period, ending where all curfew restrictions were lifted
nationally and (3, represents the time period after the lifting of restrictions to the end of the

prediction period at the start of September.

Restrictions implemented vary widely during each of the time periods due to the introduction
and removal of certain restrictions at different times by location and there is potential for lag
between the introduction of restrictions and the effect of these restrictions leading to meaningful
changesin transmission rates. Due to this the main analysis incorporates arbitrary break points
in 8 representing calendar months rather than attempting to link break points and NPI events.
The results of this initial analysis are presented here as findings differ slightly from the final

analysis and estimates of R0 from these runs were used to set starting values in the final runs.
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Figure C.1: Effective reproduction number estimates (black line) and 95% credible interval (grey
shaded area) over time from the PhyDyn model for 4 cities of interest. The red horizontal line
represents an Reff of 1, the number required for virus replacement. These estimates have three
step changes set to align with changes in NPIs
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Figure C.2: Estimates of the cumulative proportion of the population infected (black line), 95%
credible interval (light grey shaded area) and interquartile range (dark grey shaded area) in the
model over time for each city.
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SUPPLEMENTAL TABLE

Data Availability

GISAID Identifier: EPI_SET_230619tc
doi: 10.55876/qis8.230619tc

All genome sequences and associated metadata in this dataset are published in GISAID’s EpiCoV database. To
view the contributors of each individual sequence with details such as accession number, Virus name, Collection
date, Originating Lab and Submitting Lab and the list of Authors, visit 10.55876/9is8.230619tc

Data Snapshot

EPI_SET 230619tc is composed of 96,699 individual genome sequences.

The collection dates range from 2019-12-24 to 2020-09-14;

Data were collected in 117 countries and territories;

All sequences in this dataset are compared relative to hCoV-19/Wuhan/WIV04/2019 (WIV04), the official
reference sequence employed by GISAID (EPI_ISL_402124). Learn more at https://gisaid.org/WIV04.
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