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ABSTRACT

The underreporting of cases of infectious diseases is a substantial impediment
to the control and management of infectious diseases in bo#pidemic and endemic
contexts. Information about infectious disease dynamics can be recovered from
sequence data using timevarying coalescent approaches, and phylodynamic models
have been developed in order to reconstruct demographic changes of the numbefs
infected hosts through tme.In this study | have demonstrated the general concordance
between empirically observed epidemiological incidence data and viral demography
inferred through analysis of footand-mouth disease virus VP1 coding sequences
belonging to the CATHAY topotypeer large temporal and spatial scales. However a
more precise and robust relationship between the effective population siz&) ) of a
OEOOO PI POl AGETT AT A OEA 1 O AAW hds govénl A 7
elusive. The detailed epidemiological data from the exhaustivelgampled UK 2001
foot-and-mouth (FMD) epidemic combined with extensive amounts of whole genome
sequence data from viral isolates from infected premises presents an excellent
opportunity to study this relationship in more detail. Using a combination of real and
simulated data from the outbreak | explored the relationship betwee , as estimated
through a Bayesian skyline analysis, and the empirical number of infected cases. |
investigated the nature of this scaling defining prevalence according to different
possible timings of FMD disease progression, and attempting to account for complex
variability in the population structure. | demonstrated that the variability in the
number of secondary cases peprimary infection Y and the population structure
greatly impact on effective scaling ob . | further explored how the demographic signal
carried by sequence data becomes imprecise and weaker when reducing the number
of samples are described, incluagig how the extent of the size and structure of the
sampled dataset impact on the accuracy of a reconstructed viral demography at any
level of the transmission process. Methods drawn from phylodynamic inference
combine powerful epidemiological and populatimm genetic tools which can provide
valuable insights into the dynamics of viral disease. However, the strict and sensitive
dependency of the majority of these models on their assumptions makes estimates

very fragile when these assumptions are violated. Isitherefore essential that for these




Abstract

methods to be applied as reliable tools supporting control programs, more focused
theoretical research is undertaken to model the epidemiological dynamics of infected

populations using sequence data.
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CHAPTER 1
Foot-and-mouth disease and phylodynamics of

Infectious diseases

1.1 Foot-and-mouth disease

Foot-and-mouth disease FMD) is an economically devastatingiral disease of
cloven-hoofed domestic and wildartiodactyls, causing an acute and highly coagious
vesicular diseasewhich canprogressinto a persistent infection (Alexandersen et al.,
2003). Vesicular lesions are mainly found in the epithelia of tongue, lips and feet but in
some cases lesions also occur in snout, muzzle, teats, skin and rumen. The disease is
characterised by a very short incubation period and high level of virus excretion,
particularly in pigs. Animals exposed to the FMDvirus (FMDV) usually develop a
viraemia within 3 to 5 days of exposurewith clinical signs and lesions that usually last
for 1 to 2 weeks postinfection (Kitching, 2002, Kitching and Alexandersen, 2002,
Kitching and Hughes, 2002)However, hosts differ in susceptibility to infection and
disease according to animal breed and productivity, farming system and environment,
and the infecting virus strain (Rweyemamu et al., 2008) Although FMD does not
usually cause high mortality in susceptible animals (high mortality may be seen in
young animal due to acute fatal myocarditis) it decreases productivity, which in turn
Ei PAAOO 11 EAOI AOOS | eofshiuteEdn impdkténs soBcE ofA A
livelihood and tradable commodity in the agricultural based economies and social
structure of many countries, FMD has a serious impact on food security, rural income
generation, and the national economy by impairing livestock tradéForman et al.,
2009). The livestock sector has increased rapidly over the padiecades, particularly in
developing countries, where the growing demand has been driven by economic and
population growth, rising per capita incomes and urbanisation(FAO, 2011) In
addition, a wide range of traditional livestock management systems hae evolved to
optimise the use of resources, transformed by the implementation of more intensive
farming units overlaid on the top of the traditional smallscale systens (i.e.pastoralist

and/or smallholder production systems) (Di Nardo et al.,, 2011) However, the
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Chapter 1z FMD and Phylodynamics onfectious Diseases

increasing demand for livestock products and modernisation of management systems
implies challenges in termsof efficient management of animahealth risks that have
not always been considered as a priority in most developing countrie§herefore, n
FMD endemic countries the lack of resources for an effective strategy to control disease
through the restriction of animal movements makes FMD a continuous threat for its
potential risk to spread atboth the regional and global levelNevertheless the lack of
baseline FMD information from several endemic countriesvith limited reporting of
disease outbreaksprovides less opportunity for the development of targeted policies
and programs aimed at improving animal health and preventiorof the disease.In
recognising these constraints in endemic settingsn 2008 the Food and Agriculture
Organization of the Unitel Nations FAO launched a pathway for the progressive
control of FMD which has been subsequently endorsed by tiWgorld Organisation for
Animal Health (OIE) and it is nowadays one of the tools for the implementation ofra
integrated strategy for the global FMD control coordinated by the two Organisations
(Sumption et al., 2012) Therefore, in specific regions of the world the implementation
of regional roadmapsbased on the circulating FMDV poolshas greatly assisted in
identifying hotspots which may be considered potential sources dineagesthat pose a
threat to neighbouring countries. Nevertheless in the challenge of controllingFMD
which, eventually, would work towards its eradication new tools are warranted to
enable a bettercharacterisation on both molecular and epidemiologicakcales of the
signal that drives the evolutionary higory of FMDV and which underpin its
transmission dynamics Ultimately, a better understanding of the evolutionary
dynamics of FMDV has the potential to inform intervention strategies and control

policies to be risktargeted.

1.1.1 Foot-and-mouth disease virus

FMDV is the prototypical member of the Aphthovirus genus, family
Picornaviridae, which also compriseghree other speciesBovinerhinitis Avirus, Bovine
rhinitis B virus, and Equine rhinitis Avirus (Knowles et al., 2011) The norenveloped
virion is characterised by a singlestranded positive-sense ribonucleic acid (RNA)
(~8.4 kb in size), which is organised in a 5' untranslated region (UTR of ~1300 nt

[which contains a number of structures, such as theflBagment, a poly(C) tracta series
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of pseudoknots,a cre elementand theinternal ribosome entry site (IRES]; the single
open-reading frame (ORF of ~7000 nt; a 3 UTR of ~90 nt [which contains the poly(A)
tract] (Figure 1-1) (Mason et al., 2003) In an intact virion, the FMDV genomeis
surrounded by an icosahedral capsi@f ~30nm in diameter composedof 60 copies of
each of the four structural proteins LA or VP4, 1Bor VP2 1Cor VP2 and 1Dor VPY),
which possessdeterminants for infection and immunity (Jackson et al., 2003)Only
VP13 proteins are exposed on the capsid surface, takinthe form of similarly
structured anti-B A O A tbarils. VRs are encoded by the P1 region, whereas the P2
and P3 regions encodaine non-structural proteins (NSP$ [2A, 2B and 2C from the P2
region; 3A, 3BP9 (three copies, in tandem),3C© and 3D from the P3 region]
responsible for genome processing(i.e.structural protein folding and assembly)and
replication (Mason et al., 2003) Structural proteins accounts for appoximately one-
third of the polyp OT OAET AT A AOA AT AT AAA O xA®d O
region encoding theNSPs comprises about twahirds of the ORF.The P1 capsid is
preceded by a Leader (&°) polypeptide which cleaves itself from the polyprotein.

FMDYV replicates via a negative sense RNA intermedigt&rubman and Baxt, 2004)

VP4 2A 3B(s)

)
N <) A T T \ f)
PIRISZANSA " I ‘| \ " i \ S
po“;’(c) il 5'U:I'R|\ ‘ “l .‘ J | ]| .‘l 3'L|JITR I poly(A)
\/ | / / / v

LPro VP2 VP3 VP1 2B 2C 3A 3cpo  3pro

P1 P2 P3

Figure 1-1. Schematic representation of the FMDV genome structure organisati on showing the individual
genomic regions described in text .

The high genetic variability of FMDV is reflected by the existence of seven
immunologically distinct serotypes named O, A, Gouthern African Territories (SAT)
1, SAT 2, SAT &nd Asia 1which are further subdivided into topotypes based orthe
criterion of ~15-20% nt sequencedifference in the VP1coding region (Knowles and
Samuel, 2003) Serotype Cwas last detected inKenyaand in Brazil during 2004; since
then itappears to havebecomeextinct (Roeder and Knowles, 2008)Within topotypes,
lineages and even suliineages are definedKnowles et al., 2010a) As a consequence
of the highmutation and substitution rates of FMDVgenomes lineages quickly diverge
as they replicate and spread into new area3.herefore & a geographic level, FMDV is
characterised by three continental epidemiological clusters in Africa, Asia and South

America, which are further subdivided into seven distinct virus pols (Paton et al.,
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2009) (Figure 1-2). Within each pool, multiple serotypes circulate and distinct patterns
of viral evolution occur, with some countries sharing lineages belonging to different
pools. To date, $x out of the seven serotypes have been recorded Africa (O, A, C, SAT
1, SAT 2and SAT 3), while in the Middle East and Asia only four (O, A,aDd Asia 1)
are normally present, although there have been sporadic incursions of exotic FMDV
lineages flom Africa into the Middle Eastsuch as thereported SAT 1 outbreaks during
1962-65 and 196970, and the more recent introductiors of SAT 2 in2000, 2012 and
2015 (Bastos et al., 2003, ValdazGonzalez et a).2012a, Knowles and Samuel, 2003,
Knowles et al., 2015) Type Asia 1 lineages are generally confinei the Middle East
and Asia, although historical outbreaks have been reported in Greece durit§84 and
2000. In the global picture of FMD distribution FMDV populations might further
acquire and mix genetic information by movements and/or immigrations of lineages
from surrounding regions and, therefore, g@netic variants accumulate rapidly in the
field and co-circulate (Martinez et al., 1992, Pattnaik et al., 1998, Samuel et al., 1997)
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Figure 1-2. Conjectured FMD status in 201 6 with seven regional FMDV pools and predominant serotype
distribution at the global level.
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Despte their worldwide distribution, FMDV serotypes show different
properties, which contribute to their transmission competence For example, eme
lineages belonging to serotype Osuchasthose of the CATHAY topotypere restricted
to specific hosts(Cheng et al., 2006, Knowles et al., 2001ayhile others appear tdack
species adaptation (.e.the PanAsialineage) (Knowles et al., 2005) Serotype A is the
most antigenially variable serotype with differences in the VP1 coding region between
continental topotypes reported to be of up to ~24% (Mohapatra et al., 2011) a

characteristic that underpins the absence of crosgrotection between somelineages
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(Klein et al., 2006, Knowles et al., 2009, il et al., 2011c) In addition, the SAT

serotypes have been reported tdhave higher intraserotype nucleotide variation in

comparison to serotype Bastos et al., 20Q, Bastos et al., 2003Differently, the type
Asia 1 is consideredo bethe least diverse serotype both genetically and antigenically
when compared to the other FMDV serotype(Ansell et al., 1994) although reports
highlight that field isolates belongirg to the recently evolved SindF08 lineagecausing
outbreaks in livestock vaccinated with the established Asia-1/Shamir and Asia
1/Ind/8/79 vaccine strains (Jamal et al., 2011h)Therefore, FMD/ populations canbe
seen as showing extensive genetic and antigenic heterogeneity aith molecular and
geographic leves, driven by cacirculation of multiple lineages, heterogenic mixed host

populations, extensive animal movements and trade pattern®i Nardo et al., 2011)

1.1.1.1FMDV evolutionary patterns

Similarly to other single-stranded RNA viruses, the genetic evolution of FMDV
is mainly driven by the interplay of two mechanisms: 1) spotaneous mutation; 2)
recombination. Due to the error-prone RNAdependent RNA polymeras€3D in Figure
1-1), ssRNA viruses are characterised by high mutation ratei (@ range of10-5to 10-3
nt misincorporations/site/replication cycle) (Drake, 1993, Duffy et al., 2008)which
leads to evolution mainly through genetic drif(Domingo et al., 2005)At these rates @
mutation, replicated FMDV genomes would diffeon averagefrom their parent genome
by 0.1 to 10 base positionsA recent study reported that ssSRNA are amonthose
viruses showing the highestaveragegenome mutdion rates of the order of 0.66+0.42
substitution s/ nt site/cell infection (Sanjuan, 2012) In a study d viruses belonging to
the Picornaviridaefamily based onpartial 3Dro! genesequences, type A, O and C FMDV
lineages were reported as evolving significantly more slowly than enterovirusesyith
mean ratein the order of 1.45x103 nt substitution s/site/yea r estimated for type A and
O lineagegqHicks and Duffy, 2011) Although constrained by the sequences available in
Genbank areview of evolutionary history based on VP1 coding sequences collected
between 1932 and 2001identified similar rates of nt substitution for all of the seven
FMDV serotypes, with an averagestimate of 2.48<10-3 nt substitution s/site/year
(which resultedin a range ofL.07x103 nt substitution s/site/year for SAT 2to 6.50x103
nt substitution s/site/year for SAT 1)(Tully and Fares, 2008) However, the mutation
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rate of FMDV is seen to vary according to the genome resolution and tihh@ansmission
levelat whichit is expressed. An experimetal study conducted bothin vivoandin vitro
and examiningthe whole-genome sequence WGS has shown thatnt substitutions
occur randomly across the FMDV genome, as might be expectedha finest scale in
the absence of selectionwithin 20 serial passages only 4t substitutions out of 48
were recorded inthe VP1coding region recovered from infectedpigs, and 4 out of 22
from cell cultures (Carrillo et al., 2007) Genomewide mutation rate estimatedfrom a
within -host study system and employingext-generation sequencing NGS fixed the
upper bound limit to 7.8x104 nt change/transcription event (Wright et al., 2011). In
an endemic system, FMDV reveatsrate of nt changeper yearin a range of 4.5x16 to
4x102 based on VPIcoding sequences(Haydon etal., 2001, Bastos et al., 2003)n
addition, estimatesderived from a SAT 2 phylogenetic study of VPdoding sequences
historically circulating in Africa and, more recently, inthe Middle East reported an
average molecular clock of 2.4810-3 substitution/site/year (Hall et al., 2013)
Enhancing the resolutionof these analysesWGSf field samplescollected during the
2001 United Kingdom (UK) epidemic estimated an average oft changes per farm
transfer at 4.3+2.1, with the substitution rate set at B7x10° nt/site/day [re-
estimated from (Cottam et al., 2008a), whilst the fully-resolved 2007 UK epidemic
reported estimates ranging between 2.5%10-5 and 3.09x10-° nt/site/day (Orton et al.,
2013), with an average distance of 4.6 nt at soure®-recipient link levels (Valdazo
Gonzalez et al., 2015)In addition, WGS extracted from clinical samples collected
during the 2011 Bulgaria epidemic revealed an evolutionary clock of 2.48.05
nt/site/day (Valdazo-Gonzélez et al., 2012b)Table 1 presents asummary of the
most recent publications reporting estimates of the FMDV molecular clock from
sequence data based on either the WGStbe VP1 coding region and extracted from
either an epidemic or endemic settingRemarkably, verysimilar estimates d the FMDV
evolutionary clock determined using WGSare reported, whilst a wider variability
(although with the largest difference in the oreer of 4x10-3 nt/site/year) is found
between estimates usingVP1 data with some resultsactually matching those of the
WGS. Thidinding would thus contribute to the hypothesisthat FMDV evolutiorary
dynamicsare driven by a strict, stabk and constantmolecular clock.

Recombinationis animportant mechanismthat contribute sto the evolutionary
patterns of RNA viruses. Although the extent to which recombination might play a role

in the evolutionary dynamics of FMDV is not entirely understoodanalysis ofsequence
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data indicates that theseevents do indeed occur (Heath et al., 2006, Jackson et al.,
2007). Although rarely observedin the capsid proteins and more frequently in NSP
coding regions, ntertypic recombinationhas beerreported in sites belonging toeither
the coding regions for NSP¢Domingo et al., 2003, Carrillo et al., 2005, Klein et al.,
2007) or structural proteins (Tosh et al.,, 2002, Haydon et al.,, 2004where NSP
changes might lead to modification of the virulencé€Klein et al., 2007) Itis important

to note that recombination events occur more frequently between FMDV lineages in
regions where caocirculation of multiple serotypes and/or topotypes is present,
therefore suggestingthat co-infection drives the exchange of genetic materiglLi et al.,
2007, Lee et al., 2009, Wu et al., 2009, Balinda et al., 2010b, Jamal et al., 2011b, Chitray
et al., 2014, Klein et al., 2007)

Table 1-1. Comparison of substitution rates between transmission chains estimated from FMDV sequence
using a strict molecular evolutionary clock mode |. Genetic data were retrieved from either experimental,
endemic orepidemic scenariosdValues havebeen re-estimated from the original data.

Dataset Scenario Sequence Type Substitution Rate Reference
(nt/site/day) (nt/site/year)

Cow-to-cow (chain A) Experimental WGS 2.27x105 8.29x103 (Juleff et al., 2013)
Cow-to-cow (chain B) Experimental WGS 2.86x105 1.04x102 (Juleff et al., 2013)
Herd-to-herd (1967) Epidemic WGS 2.39x10% 8.74x10™ (Wright et al., 2013)

Herd-to-herd (2001) Epidemic WGS 2.37x10-5d 8.66x10-3d (Cottam et al., 2008a)
Herd-to-herd (2007) Epidemic WGS 2.51x10% 9.17x103 (Cottam et al., 2008b)
Herd-to-herd Epidemic WGS 2.48x105 9.05x10™ (Valdazo-Gonzélez et al2012b)

Mixed (2007) Epidemic WGS 2.80x10-5d 1.02x10-2d (Valdazo-Gonzélez et al., 2015)
Isolate-to-isolate Endemic WGS 1.35x105 4.94x10™ (Valdazo-Gonzélez et al., 2013)
Isolate-to-isolate Endemic VP1 1.57x105 5.74x10M (Zhang et al., 2015)
Isolate-to-isolate Endemic VP1 7.56x105 2.76x10M (Balinda et al., 2010a)
Isolate-to-isolate Endemic VP1 6.79x106 2.48x103 (Tully and Fares, 2008)
Isolate-to-isolate Endemic VP1 6.71x10-6 2.45x103 (Hall et al., 2013)
Isolate-to-isolate Endemic VP1 4.87x106 1.78x103 (Mahapatra et al., 2015)
Isolate-to-isolate Endemic VP1 3.99x106 1.46x103 (Yoon et al., 2011b)
Isolate-to-isolate Endemic VP1 3.56x10-6 1.30x103 (Sangula et al., 2010)
Isolate-to-isolate Endemic VP1 3.01x10°% 1.10x102 (de Carvalho et al., 2013)
Isolate-to-isolate Endemic VP1 2.90x10% 1.06x102 (Upadhyaya et al., 2014)
Isolate-to-isolate Endemic VP1 2.90x10-5 1.06x102 (Di Nardo et al., 2014)

1.1.2 FMDV genetic tracing

The increase in bothVP1 and WGSdata in the public domain reflects the
increased application of genetic sequence data in FMDV research formolecular
epidemiology andtransmission tracing (Figure 1-3). Genome sequences of the VP1
coding region (@pproximately 639 nt in length) have been systematically and
extensively used for reconstructing past FMD transmission events at both endemic and
epidemic levek (Knowles and Samuel, 2003, Rweyemamu et al., 2008, Di Nardo et al.,
2011, ValdazeGonzalez et al., 2011, Cottam et al., 2006, Cottam et al., 2008hght et

al., 2013) Therefore, phylogeneticreconstruction of VP1coding sequences generated
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from FMDV isolatesis a methodology routinely employed by the World Reference
Laboratory for FMD WRLFMD to trace movementsof FMDV lineagesnd identify the
emergence ofnew lineages worldwide (Knowles et al., 2005, Knowles et al., 2009,
Valarcher et al., 2009) Therefore, the use of VP1 coding sequences has been
instrumental in the definition of transboundary movement of the different FMDV
lineages and, thusto greatly support FMD control policies at either country, regional
or global level(Konig et al., 2007, AbduHamid et al., 2011, Loth et al., 2011, Knowles
et al.,2012, EFShehawy et al., 2014)In addition, more complex studies involvinga
larger database of VP1 coding sequences have been able to reconstruct historical
changes in FMDV population dynamics and retrospectively tracegeographic
movements of FMDV lineagesacross countries and regiongYoon et al., 2011a, Di
Nardo et al., 2014, Hall et al., 2013)Although containing important antigenic
determinants and exhibiting frequent mutations,the VP1coding sequence represents
only ~8% of the FMDV genome and, therefore, the resolution provided sometimes
not adequate to fully capture the evolutionary dynamics of FMDV and/or to resolve
transmission pathways of disease incursions. For example, the analysis of the 1982
FMDepidemicin Denmark using VPIcoding sequencesalone did not provide enough
variation to infer transmission between farms (Christensen et al., 2005) This
observation was also truefor the initial attemptsto study the UK 2001 FMD outbreak
and the FMDV type SAT 2 emergence in North African countries atite Middle East
during 2012, which madeonly use of VP1 coding sequencegKknowles et al., 2001b,
Ahmed et al., 2012)
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Figure 1-3. Number of FMDV sequences submitted to GenBank at NCBI since prior 1994. VP1 sequence
includes all the sequences <700 nt belonging to the VP1 coding region; WGS includes all the sequences >7000 nt
ALL includes VP1, WGS and partial cds sequences.

More recently, efforts have been focussed on the use of FMDWGS for
undertaking forensic genetic tracing athe epidemic level thus providing a far better
resolution of the virus transmission chain {.e.the reconstruction of @ho-infectedwhod
transmission tree) (Cottam et al., 2006, Konig et al., 2009, Valdagionzéalez et al.,
2012a, Wright et al., 2013, Cottam et al., 2008da)he use of WGS to fullyresolvethe UK
2007 FMD epidemic hagpioneered the application of forensic epidemiology and has
provided aresource for the development of new moleculaepidemiological methods
based on model inferencegMorelli, 2012 #855;Ypma, 2013 #939} In fact, real-time
analyses of thesamples collected during this series of outbreaks enabled the
identification of undisclosed IPs prior to their detection by serosurveillanc€Cottam et
al., 2008b) The sameapproachwas applied during the Bulgaria 2011 FMD outbreak,
when 8 FMDV WGS werasedto recogniseundetected FMDV infection and, assodied
with other contemporary circulating virusesisolated from neighbouring countries to
understand the potential way that FMDV was introduced into Bulgaria (Valdazo
Gonzalez et al.2012b). These studieshave highlighted the impact and feasibility of
using WGS in reatime field outbreak investigation which, coupled with fully-resolved
epidemiological information, providesan important tool for FMD control. Thus, arly
characterisation of the epidemiologyand evolution of epidemics is essential for
accurately reconstructing the transmission tree of viral dispersal andetermining the

most appropriate intervention strategies to be applied
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1.2 Phylodynamics of viral infectious diseases

Sincethe evolutionary rate of RNAviruses at nt level andtheir generation times
are fast enough to be measured in a short timescakbey offer an excellent system for
studying evolutionary processes that occur during transmission eventf®©rummond et
al., 2003, Duffy et al., 2008)Accordingly, geneticmutations carried by RNA viral
sequences enable the characterisation and reconstruction of egping evolution
(Felsenstein, 2004) Therefore, nolecular epidemiology andphylogenetics providethe
tools to understand the origin, evolutionary history, and transmission routes within
epidemics. Genealogies, moreover, contain information about historical demography
and processes that have acted to shape the digtty of populations. Given the same
time-frame, ecological dynamics can be integrated within the phylogenetic inference
to capture selective, ecological and demographic forces driving the evolution of
pathogens (Grenfell et al., 2004) This analytical framework described as
phylodynamics, has the potential to bring together an estimation of genealogical
relationships and inferences on population sizes, structures and migration patterns,
thus enabling the reconstruction of detailed epidemiological dynamics and

transmission routes of viral system.

1.2.1 Reconstructing the dynamics of viral epidemics

1.2.1.1 Coalescent theory

Satistical methods in molecular epidemiology have significantly contributed to
the understanding of viral dynamics given the problem bdata availability. One of the
most important advances in population genetics which provides the foundation of
phylodynamic inference is the formulation of the coalescemrocessfirst described by
Kingman (Kingman, 1982b, Kingman, 1982a) The coalescent model is, essentially, a
diffusion model of lines of descent which assumes a panaic population governed by
the Wright-Fisher neutral model of genetic variation(Fisher, 1930, Wright, 1931)
Briefly, the Wright-Fisher model governs the evolution, at discrete time steps, of
population (here assumed to be haploid, as is the case for many pathogengjh

constant finite size allowing each individual to randomly choose one parent from a
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previous generation and, thus, to adopt its typeGiven this specification, the
assumptions constrained by the WrightFisher model are that the population is finite
and constant, the generatios are not overlapping, the reproduction is a random
process, and no selectioor recombination processes are allowedWith the coalescent
model, the ancestral lineages are traced back in tim® the most recent common
ancestor (MRCA). The history of a sanfgof size¢ comprises¢  p coalescentevents,
with each of those decreasing the number of ancestral lineages by one. At each
coalescent event two of the lineages fuse into one commamcestral lineage, with the
lineage remaining at the final coalescentvent being the MRCA of the entire sample.

The topology resulted from the coalescent process is a bifurcating tree (Figure4).
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Figure 1-4. Schematic representation of the coalescent process. The genealogical relationships in a
8-generationrealization of the Wright-Fisher model with population sizel are shown on the left. The genealogy of
a sample¢ is described in terms of its topology andoranch lengths, whichprovide the waiting times between
coalescence eventgright) .

The Kingman calescentassumeshat the population size0 is large enough and
the sample size£ is much smaller, with a variance in the number of offspring not too
large (Sjodin et al., 2005) To date, the most commonly used coalescent model is the
Kingman derived vatiable population size model(Griffiths and Tavare, 1994a) which
describes deterministic changes in the gnealogical process according to relative size

functions (such as exponential or logistic growth). This method has been further
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extended to incorporate heterochronous sequencefRodrigo and Felsenstein, 1999)
to deal with stochastically fluctuating population sizeg(Kaj and Krone, 2003)and even
to apply the coalescent tospatially extended populations (Barton et al., 2002) In
addition, amore exact coalescent frnework than the Kingman approximation of the
Wright-Fisher model has been recently developedvhich enables the characterisation
of exhaustive sampling(i.e.of matching the sizeof the Wright-Fisher population) and

thus dealing with multiple coalescence at the same time(Fu, 2006).

1.2.12 Effective population size

Coales@nce allowssampled sequences to braced back in timewithin defined
ancestral lineages thateventually converge on a single MRCA. Under the coalescent
process, the shape and distribution of the phylogeny is reconstructed in terms of a
demographic parameter called the effective population sizé which corresponds to
the ideal Wright-Fisher population size (Charlesworth, 2009). The coalescent rate is,
nevertheless affected by several demographic parameters, such as the population
structure and size, as well as genetic factors.€.reproductive forces)(Rosenberg and
Nordborg, 2002). For example, the larger the number of lineages the faster is the rate;
the larger the number of ancestos the slower is the rate. Moreover, the larger the
population size, the more genetic variability can be seen in the population and, thus,
the longer it takes for two lineages to coalescelherefore in its population genetic
formulation, 0 provides an understanding of the observed extent and pattern of
retrospective genetic variability of a population, and is a keparameter to explain the
evolutionary mechanisms that drive the shape of variation in populationgWang,
2005). From the initial theory of Wright (1931), the principle of0 has been extended
and applied toalmost any evolutionary scenarig with several attemptsto investigate
the nature of 0 as an epidemiological measuren the field (Frost and Volz, 2010,
Magiorkinis et al.,2013, Volz et al., 2009, Drummond et al., 2005, Volz, 201Zp date,
studies haveconsidered( as equivalent to the number of infected individual§Kouyos
et al., 2006) However, thedirect relationship that exists between( and the actual
number of infected individuals is not entirely clear, although this value isassumed to
be invariably less than the true number of infected individuals and often this is

attributed to heterogeneity in population structure (Luikart et al., 2010). In a recent
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study, Volz et al. (2009)demonstrated the direct relationship ofthe coalescent rate
with the transmission rate (i.e.incidence) but not with the measure of thenumber of
infected individuals (i.e.prevalence),and showedhow the prevalence might influence
the shape of the phylogeny only through sampling effects. The authors reported the
coalescent rate to be proportional to the epidemic incidence and inversely
proportional to the square of the prevdence and, thereforeassuming thatthe rate is
high when the prevalence is low and the incidence ielatively high (i.e.during the
expansion phaseof an epidemiq. Frost and Volz (2010)further demonstrated that the
pattern of coalescence for an infectious disease is dominated by the transmission rate,
while the number of infected individuals is of secondary importanceTherefore,
defining the coalescent rate as a measure of incidence, incidence and prevalence are
expected to be out of phase, where peaks of incidence preesithose of prevalence
(Frost and Volz, 2010) This evolutionary feature has been observed in tsidying the
phylodynamics ofdenguevirus serotype 4 in Puerto Ricowhere fluctuating values of
both 0 and case count over time were seen, although changediinpreceded changes
in case count by monthgBennett et al., 2010) Since the timescale of the coalescent is
defined as a function of both) and the generation timet [here expressedwith the
definition of serial case interval t (Frost and Volz, 2010}, correlations between
increases in prevalence and corresponding increasesin T might be seenin aneutral
population showing absence of selectioriBedford et al., 2011) This has also been
shown in a study of hepatitis C virus, where a clear correlation in relative size of
with the estimated number of infectedindividuals was reported (Magiorkinis et al.,
2013). It should be noted that although the WrightFisher model assumes that every
progeny is chosen at random from the parentaccording to a Poisson distribution in
nature and often in viral dynamics few cases produce the majority of infectiaThis
variance in the number of progeny pe parent can therefore increasethe stochastic
effect andthus affects thel0 estimate (Kouyos et al., 2006) The correlation between

0 and the variance in the number of progeny per parer(iw ) has been investigated for
several formulations of the coalescent process, thus defining differeni quantities
such as the inbreeding effective numben ) and the variance effective number§ ),
which account for uneven progeny structuregKimura and Crow, 1963). This leads to
the assumption that0 is connected with the census population sizé and the variance
(» ) in the reproductive succesgKingman, 1982b, Tavare et al., 1997r, in a more

epidemiological definition, the variance in the number of secondarynfections per
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primary infection [0 1Y ] (Koelle and Rasmussen, 2012)In addition, the ratio
between the number of infeced individuals, U, and the effective population size(
(0 70 ) is formally described as being equal to thé 1Y when the genetic variability
within virus strains has no effecton their infectious potential (Kingman, 1982b,
Magiorkinis et al., 2013, Tavare et al., 1997)

Although the coalescentmodel is appropriate for making inferencesabout
population dynamics,in the context of viral transmissionit is mainly used for its simple
mathematical formulation rather than its accuracy in defining the transmission
process. For example, the coalescemhodel can provide estimations ofchange in
population size but shows imitations as an estimatorof epidemiological parameters.
Furthermore, it does not make use of informatioron sampling time. Stadler et al.
(2012) introduced the birth -death model BDM) as an alternative to the coalescence
for the tree-generating process.The birth-death process generates, forward in time
and according to stochastic rates of birth andleath, a tree with extinct and extant
lineages (e.OEA OAIT I b1 AOGA OOAA 8 gamplddHideagBscale Eherd O
deleted producing the reconstructed tree of only sampled extant lineagesAs
demonstrated, the BDMhas the advantageof reflecting more accurately the process
underlying the transmission dynamic and, moreover, to estimate the total number of
infections caused by an individual over the course of thiadividuals infectious time (i.e.
the basic reproductive rumber 'Y ). From their initi al formulation, both the coalescent
and BOMs have been extended to account for heterogeneous structured populations
(Stadler and Bonhoeffer, 2013, Volz, 2012)n addition, several attempts hae been
recently made towards the implementation of stochastic demographic processinto

a coalescent frameworkRasmussen et al., 2011, Rasmussen et al., 2014b)

1.2.13 Modelling the demography of viral populatic

Aspresented in the previoussection, the coalescent model defined by Kingman
describesthe relationship between coalescent times and the population size under the
Wright-Fisher population model given a sampled genealogiventhat pf0 is the
probability, under the coalescent assmptions, that two lineages descend from a
common ancestorat each generation and applying th derived probability distribution

to a phylogenetic tree, it is possible to estimate the change M: throughout the history
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of the population up to the MRCA. Thiteature of the coalescent enables quanidation

of the rate at which the population loses or enhanceits genetic diversity and,
therefore, the computation of historical patterns of viral population size provided by
genomic data(de Silva et al., 2012) In the last decadeseveral methods have been
developed for estimating the demography of populations from sequence data or an
estimated genealogy. However, most of thesagpproachesconstrain the populaion
history into continuous or piecewise parametric models, such as constant size,
exponential growth, logistic growth, and expansion growth, and therefordo not fully
capture the complex patterns of demographic change@Kingman, 1982b,Slatkin and
Hudson, 1991, Tavare et al., 1997, Wilson and Balding, 1998, Griffiths and Tavare,
1994a). In addition, an a priori assumption of a population size history is usually not
possible and, therefore, simple population growth functions might not best describe
the population history of interest.

Building up from this problem, Neeet al. (1995) introduced the lineage-
through-time (LTT) plot that provides a graphical depiction of the accumulation of
lineages in a time scale derived from a timstamped phylogeny.However, the initial
theoretical input of Pybuset al. (2000) with the introduction of the classic skyline plot
provided the basis to derive more precise amputation of demographic history
reconstruction, thusgiving rise to a family of secalled skyline plot methods {Table 1-
2). Skyline reconstructionassumes thatunder the coalescenthe mean population size
for each coalescent interval can be estimated ke product of the interval size [ )
and "JQ ¢ 7¢, where Qs the number of lineages in the interval Figure 1-5) and,
therefore, gives a nomparametric estimate of 0 based on a piecewise method. The
limit ation of the classical skyline plot is that it produces a noisy and stochastic
reconstruction resulting from the lack of coalescent error assessment provided by the
method, which is particularly evident when the genealogy contains a large mber of
short internal branches and, therefore, the phyogenetic error is substantial. To
overcome this problem, the generalised skyline plowas developed(Strimmer and
Pybus, 2001) The main difference between the classical and generalised skyline plots
is that the latter overcomes the problem of the noisy estimates by grouping correlated
coalescent events andthus, sampling events into time intervals of a certain tegth -.
However, the genealogy is still assumetb be estimatedwithout error and doesnot
account for stochasticity in the coalescent process. Major improvements were

implemented estimating O within a Bayesian Markov chain Monte Carlo MCMQ
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computation. Drummondet al. (2005) introduced the Bayesian skylineplot (BSP that
was implemented in a more comprehensive Bayesian framework, where genealogy,
demography and substitution parameters areco-estimated within a single analysis

(Drummond et al., 2002)
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Figure 1-5. Inferring demographic history of virus population from a reconstructed phylogeny . Schematic
representation of the skyline plot approach [sourced and adapteddm (Ho and Shapiro, 2011).

The BSPmethod employs a piecewiseconstant model, grouping multiple correlated
coalescent events into time steps. However, ti@SPneeds ana priori definition of the
number of groups, which can lead to an increase in the estimation errowhen less
informative data are analysed Solutions are provided by averaging the demographic
model using a reversible jump MCMC and assuming autocorrelationgidpulation sizes
over time z employed by the BayesiarMultiple Change Point MCB (OpgenRhein et
al., 2005) z or deriving the demographic function directly from the data through a
Bayesian stochastic search variable selectioBESV$method (Heled and Drummond,
2008). The later model z the Extended Bayesian Skyling further implements the
analysis of multiple loci to increase the accuracy and resolution of the demographic
reconstruction. Another alternative to the BSPis offered by the BayesianSkyride
(Minin et al., 2008). This method avoids theidentification of an a priori humber of
coalescent groups using a prior based on @aussian Markov random field GMRF
smoothing parameterthat is directly informed by the data. Therefore, the difference in
0 between autocorrelated coalescent intervalss time-aware, penalised according to
the lengths of the intervals and, therefore, assuesthat the 0 changes gradually over

time. A further development on the basis of the Skyride model but allowing the use of
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multi ple unlinked geneticloci, as featured in the Extended Bayesian Skylinas the
Bayesian Skygrid, which parametfrises( as a piecewise constant function smoothing
the trajectory by GMRFand allowing change to the estimated trajectory at pre
specified fixed points in real time (i.e.grid points) (Gill et al., 2013) A method for
calculating thed based onanapproximate Bayesian computation ABQ algorithm has
also been proposed (Palacios and Minin, 2012) This method integrates Gaussian
processbased Bayesian nonparametric approaches intmtegrated nested Laplace
approximation (INLA) (Rue et al., 2009)without the need for complex MCMC

computation and, therebre, speeding upthe calculation and improving the efficiency.

Table 1-2. Model-based tools for reconstructing demographic history from both DNA and RNA virus
sequence data (listed in chronological order of development).

Method Estimate Model Type Reference

LTT (Nee et al., 1995)
Classic Skyline Nonparametric Piecewiseconstant (Pybus et al., 2000)
Generalized Skyline Nonparametric Piecewiseconstant (Strimmer and Pybus, 2001)
Bayesian MCP Nonparametric First-order spline  rjMCMC (OpgenRhein et al., 2005)
Bayesian Skyline Piecewiseconstant (Drummond et al., 2005

Bayesian Skyride GMRF (Minin et al., 2008)
Extended Bayesian Skyline Nonparametric Piecewiselinear BSSVS (Heled andDrummond, 2008)
Nested Laplace Approx. Nonparametric ABC (Palacios and Minin, 2012)
Bayesian Skygrid Nonparametric Piecewiseconstant GMRF (Gill et al., 2013)

The emergence of demographic and skyline genealogmased methods and their
implementation into user-friendly software [i.e.the Bayesian Evolutionary Analysis
Sampling Trees BEAST) has fostered the increase of phylodynamicstudies in
molecular ecology, biology and epidemiology, and the assessment of their validity and
resolution power. Based on mitochondrial genome data, several studies have
attempted to infer patterns of demographic variation in humas (Gignoux et al., 2011,
O'Fallon and FehrerSchmitz, 2011, Atkinson et al., 2009and animal populations
(Lippold et al., 2011, Finlay et al., 2007, Qu et al., 2011Additionally, skyline
reconstructions were employed to understand ecological and climatic factors affecting
historical demographic dynamics ofanimal species(Koblmuller et al., 2012, de Bruyn
et al., 2009, Hollatz et al., 2011, Amaral et al., 2012, Lorenzen et al., 2044)l the
human population (Guillot et al., 2013) In the context of infectious disease, skyline
analyseshave been applied inboth epidemic and endemic systems to understand the
origin, expansion and/or decline of viral dynamicgZehender et al., 2009, Pomeroy et
al., 2008, Vijaykrishna et al., 2008, Carringtonteal., 2005, Comas et al., 2013 a
recent study of human influenza Avirus, BSP analysis revealedharacteristic disease

seasonality linked with temperate populations(Rambaut et al., 2008)In addition, a
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three-stage process of host shift forabiesvirus in bats was described for allifferent
virus lineages(Streicker et al., 2012) The use of BSP to asseimpact of control policies
on viral diversity has been also applied in the context dfepatitis A virus with the
introduction of vaccination in France related tothe time of declineobservedin the
reconstructed skyline plot (Moratorio et al., 2007), whereas an exponential growth in
the 0 of hepatitis Cvirus in Egypt was attributed to the introduction of parental
antischistosomal treatments(Pybus et al., 2003) In a review ofskyline plot methods,
Ho and Shapiro(2011) tested five skyline models against two datasets generated via
simulation. Beside the classic and generalised skyline, tH@SPlargely matched the
trajectories of the simulated data although not full recovering the demography.
Simulating epidemic and evolutionary dynamics of lannual measles outbreaks by a
Time-Series SIR model, Staek al. (2010) reported the failure of theBSPto reconstruct
the full biennial dynamics of measles epidemics over different longerm sampling sets.
This is relevant when populations undergo bottlenecks and the number of lineages is
substantially reducedfrom one epidemic season to the next. In another study carried
out with the aim of testing theBSPfor reconstructing epidemic dynamics, data related
to the early exponential phase o&ninfluenza A virusH1N1 epidemic were simulated
using a branching proess model(de Silva et al., 2012) Results revealed biases in the
skyline estimates, incorrectly inferring a decrease in thel in the last part of the
epidemic phase when the population was still growing. This problem was related to
the lack of genealogical information at later times, corresponding to the last coalescent
event and the flattening of the LTT plot; therefore, the ahors suggested truncating
the BSPreconstruction behind the last coalescent eventln addition, some studies
highlighted the limitations of the BSP for reconstructing viral demography due to its
formulation being based on the coalescent, which approximasethe population

dynamics assuming a small sample of the entire populatigistadler et al., 2013)

1.2.14 Sampling genetic data

Making an inference on evolution and population structures for a given
pathogen relies on adequate sampling whichdeally should be based on knowledge of
pattern and extent of genetic diversityat a givenspatio-temporal scale. Therefore, two

important questions might be raised in the context of sampling genetic data: 1) how
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doesthe temporal distribution of the samples affed the estimation of the population
size? and2) can asampling strategy be designed to optimise the reconstruction of
population histories?For coalescentbased methodgo work optimally , samplesshould
be drawn from a well-defined scheme (Rosenberg and Nordborg, 2002)with
individuals randomly sampled from a panmctic population. When heterochronous
data ae used, the random sampling is extendedcross geographical and temporal
ranges; sampled sequences are assumed to be orthologous, frenombining and
neutrally evolving. It should be noted that, under the coalescemhodel, increasing the
sample size doesot extend the accuracy of the estimates, because of the existence of
a single underlying genealogyRoserberg and Nordborg, 2002) However, sampling
biases atthe genetic level could resulin strongly unbalanced trees, even in the case of
a panmictic population (Mooers and Heard, 199). Different opinions are expresseds
to whether demographic history is best reconstructed froma local or a pooled
sampling scheme when populations are geographically and genetically structuré¢8t
Onge et al., 2012)The effect of population subdivisionand structure has been reported
to impact onthe reconstruction of population size changegPeter et al., 2010, Chikhi et
al., 2010) Sudler et al. (2009) suggested that ascattered samplingmight result in a
frequency polymorphism spectrum more similar b that expected in a neutrakevolving
population. However, St Onget al. (2012) concluded that the effect of sampling on the
site frequency spectrum is limited in many casesuch aspopulations that experience
large demographic changes or when migration isunlimited. In the context of
epidemics, using discretetime simulations Stacket al. (2010) found that the bias in
prevalence reconstrudion using BSP depended largely on how samples were
distributed over the course of the epidemic:the most reliable estimates could be
obtained by sampling sequences towards the end of an epidemiclTherefore, a
systematic approach based on serial samplingbemes should provide a broad view of
the epidemic dynamic(Stad et al., 2010) For example, sampling a higher fraction of
the infected population in a given time might result in treeswith shorter terminal
branches(Volz et al., 2009) In a phylodynamics study of norovirus Gll.4, although the
disease seasonality derived from the surveillance system was reconstructed using the
BSP, reperforming the analysis using a subset of # polymerase dataset drastically
reduced the resolution provided by the BSPdemonstrating that a high sampling
density is required to analyse population dynamics of viruses characterised by

seasonal variation interleaved by population bottleneck¢Siebenga et al., 2010}From
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a different prospective, an extension of the BDM hsabeen developed to account for
incomplete sampling of the population (Stadler, 2010). The use of BDM has the
advantagethat it can be applied to different sampling scenariosi(e. sparse or dense
sampling schemes)sincethe samplingprocess is specified withinthe model (Stadler
et al., 2012) In addition within this process, the sampling rates can be relaxed to vary
through time by means of a step functiorfStadler et al., 2013)However, one problem
of the BDM is thatit requires a specification of the sampling process and, therefore, if
the testing system deviates from the theoretical formulation of the BDM the results
obtained might be highly biased (Volz and Frost, 2014) This has been seen with the
study of the recentEbola virus epidemic in Sierra LeongStadler et al., 2014) where
the assumption of a constant sampling rate of the BD expos@tfected model used for
the analysis is violated by the sampling variability reported between collection periods
(Volz and Pond, 2014)

1.2.2 Integrating epidemiology with phylogenetics

One of the most challenging task#o fully understand the dynamics of pathogen
dispersal is the integration of data based on epidemiological observations with
phylogenetic inferences. In fact, although the transmission pathways can be
reconstructed using either epidemiological (.e.by the means of time, space or space
time data) or genetic data alone, inferenes based on teseapproaches are generally
biased and unreliable Great robustness can be achieved by integrating #se data types
together. With the increasingaffordability and speedwith which genomic datacan be
generated research on this topic haexpanded in the last 5 years leading to a range of
different methodological approactes totry to resolve the complexstructure defined by
the phylodynamic processGrenfell et al., 2004) However, despite the increase in the
application of codescentbased methods in molecular epidemiology, difficulties arise
when validating the obtained results through independent dataBiek et al. (2007)
demonstrated the detailed information which can be extracted when integrating
different types of data sources intahe phylogenetic inference.n the context of viral
dynamics, phylogertic reconstruction has been usedo understand thecomplex virus
diversity within the inter-farm transmission dynamics of the H7N7 highly pathogenic

avian influenza virus outbreak recarded in The Netherlands in 2003(Bataille et al.,
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2011). In addition, attempts to reconstruct the underlying transmission pathways of
viral dynamics include the integration of spatial and temporal data within the
phylogenetic reconstruction. Lemeyet al. (2009a) provided the basis for an integrated
Bayesian phylogeography frameworkbuilt on a BSSVS model using discrete location
states which helped in reconstructing tle patterns of global spread of the H5N1
influenza A virus. This methodology was further tested analysing the process
underlying the geographical migration of the initial spread of the HIN1 human
influenza Avirus pandemic (Lemey et al., 2009b) Further extensions enabled the use
of continuous data, such as geographical coordinagethrough the implementation of
random walk diffusion models based on branctspecific variation in the dispersal rates
(Lemey et al., 2010) In the FMD context, phylogeography has been used for
characterisingmovement of lineageswithin acountry (de Carvalho et al., 2013)within
acontinent and across different speciegHall et al., 2013) andfrom awhole topotype
perspective (Di Nardo et al., 2014)

Differently, a set of studies were based on a previously developed parameter
free method for estimating the history of transmission events irthe course of an
epidemic, which reconstructsthe temporal chain of transmission everd (Haydon et al.,
2003). However, accurate and unbiased reconstructionof the so-called transmission
treesis likely to require a very good sampling of cases during an epidemitherefore,
studies have been focused on the potential integration of genetic information with
epidemiological data to enhance the resolutionwhich could be categorised ito two
distinct computational ADDOT AAEAOd OEA OOOAT OI EOOET T (
tree is firstly reconstructed and then an evolutionary model is atiched to the
transmission modet and OEA OPEUI 1 CAT AOEA AEO0OO008 xEAQ
directly infer the transmission tree by augmenting some evolutionary model with
epidemiological information. Cottamet al. (2008a) studied a cluster from the UK 2001
FMD epidemic anddeveloped a transmissiortree analysis based orestimating likely
periods of infectiousness constructing all plausible treesand using genetic data to
identify and exclude unlikely transmission trees. Bllowing this approach, in a study of
the H7N7 avian influenza A epidemic in The Netherlands in 200¥ pma et al, 2012),
genetic, geographical and temporal data were integrated in one single likelihood
function for estimating the infection events and thenfectiousness of farms according
to their size and type. Furthermore, this methodologwppropriately handled missing

data (i.e.cases for which no genetic datavere available). A comprehensive analytical
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framework is also proposed by Rasmusseat al. (2011), who integrated genealogies
and time series data in &tate-Space Model $SM parameter and population dynamics
using aparticle filtering MCMC method.A detailed spatial epidemological model of
transmission coupled with a simple evolutionary model has been proposed byorelli

et al. (2012), an approach thatattempts simultaneous inferences to be made on
epidemiological processes, the transmission chain and theeohanisns that shape the
evolutionary process. The Bayesian framework proposed pioneerd the further
development of likelihood functions that integrated genetic distance and
epidemiological models for analysing disease outbreaks and thus estimating
transmission trees

Moving from more classical phylogenetic approaches, Jombaet al. (2011)
developed a method based on graph theorglieberman et al., 2005)that derives
ancestries directly from the sampled isolates. Thiapproach becomes relevant when
the phylogeny includes both the ancestor and descendtm as in the case of an
outbreak. Clearly, the structure of the contact network underlying epidemics impacts
on the spread of apathogen(Keeling, 2005), leaving detectable genetic signatures and
providing evident correlations between genetic and epidemiological dat@WVelch et al.,
2011). In a sty of a nosocomial outbreak of Bpatitis C (Spada et al.,, 2004) a
Minimum Spanning Tree approach was used to reconstruct the transmission tree of
the epidemic combined with information on thecontact patterns of the hosts. Gordo
and Campos(2007) studied the level and pattern of genetic diversity in viral
populations developing a population genetic model incorporating epidemiological
parameters based on SIS simulations on two different structuseof the host contact
network. The utility of integrating genetic data with epidemiology has been
demonstrated by Lewis et a. (2008) who developed a Bayesian approach for
reconstructing transmission network of HIV patients. The effect of contact network on
phylogeny has been quantified in a recent studyl eventhal et al., 2012) where the
authors reported significant vanation of the Sackin index ((e.a measure of the tree
shape) according to different classes of contact structures tested.

A common assumption orwhich the relationship between transmission tree
and phylogeny is founded is that transmission events and time of ancestry are
equivalent and, therefore, transmission and phylogenetic trees are topologically
equivalent (Pybus and Rambaut, 2009)However, this might not be correct whena

substantial within-host (or even within-farm) evolutionary process potentially allows
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several individual lineages to be transmittedrom the same sourcgKao et al., 2014)
An initial attempt to include within-host genetic diversity linked a structured
transmission tree with a within-host evolutionary process to resolve the full
transmission history of epidemics(Ypma et al., 2013)However, problems arise since
estimates based on either fixed phylogenetic or transmission tree topology are not able
to fully capture the extent of thevariability in the tree space(Vrancken et al., 2014)
Didelot et al. (2014) explored this issue introducing a model based ora coalescent
within -host evolutionary process which accouned for uncertainty in the inferred
phylogeny,in order to reconstruct disease transmission historyin a densely sampled
scenario and when multiple lineages might be passed to subsequent generations.
Further developments on this approach hae beenrecently put into amore theoretical
framework (Hall and Rambaut, 2014) However, one limitation of all the above
methods is that they require that all infected cases have be@ftservedand, therefore,
the trees should contain a tip from every caseinvolved in the transmission chain.
Although epidemiological data extracted from fullyresolved epidemics canbe
inform ative about unsampled genetic datg this would not always be the case in
endemic settingswhere surveillance is unlikely to be exhaustiver when infections are
characterised by a subclinical form Sudies have startedto investigate spacetime-
genetic SEIRapproaches (Mollentze et al., 2014, Soubeyrand, 2014dr a simpler
discrete-time stochastic model (Jombart et al.,, 2014)that would enable the
characterisation of missed or unsampled cases and the existence of polyphyletic
systems On a multiscale perspective whetherinvestigating small scale epidemics,
disease spread at continental level or viral population structurg(Figure 1-6), this
highlights the important source of information that epidemiological data provides to

the reliable reconstruction of transmission chains based on phylogenetic methods
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Outbreak Epidemiology Global Phylogeography Population Dynamics

Figure 1-6. Schematic representation of multiple scale of virus ev  olution aimed at reconstructing pathways
of pathogens transmission and their population dynamics

1.3 Project rationale and scientific objectives

As previously described in81.2.1, sequence data are commonly employed
within well -established phylodynamic models for reconstructing demographic
changesof infected populationsthrough time (Drummond et al., 2005, Frost and Volz,
2010). However,some degrees of uncertainty still exisbn howthese methodsperform
for reproducing the real scale and size afiseaseoutbreak trendsas estimated through
empirical epidemiological data.During the course of the UK 2001 FMD epidemic,
epidemiological information on every conceivable element of the epidemic were
collected through field investigations, thus enablingretrospective capture of the
dynamics in space and timeof the entire disease even{DEFRA, 2002) In addition,
nearly one clinical sample fom every reported infected premises (Ps) has been
collected, from whichFMDV isolateshave been started to be sguenced(Cottam et al.,
2006, Cottam et al., 2008a, Konig et al., 20Q@nd thus accurately documenting the
extent of genetic variability within the whole epidemic In this respect, the UK 2001
FMD epidemic where prevalence, incidence and WGS data are fully knowrpvides
an exceptionally suitable testing system for investigating the relationsp between
viral population dynamics reconstructed using both genetic and epidemiological data.
The PhD projecthere presentedmade use othe epidemiological data collected during

the UK 2001 FMD epidemian order to investigate the correlation betweenthe real
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count of infected casegderived from either prevalence or incidence datapnd theviral
demographic history inferred by sequence variability that is recorded from time
stamped WGS extracted from the field isolates. At the time of starting this PhD
research, the Epi-SEQ EMIDAERA NET funded project

(www.episeqg.eu/index_files/Pagel077.htn) was focused on the genetic

characterisation ofthe entire UK 2001 FMDcollection of clinical samplesstored at the
WRLFMD,The Pirbright Institute - UK, which theoretically would have beensequenced
within the timeframe of this PhD project. Unfortunately, delays have meant that some
of the results obtainedfrom this PhDproject canonly be validated someime after its
completion, when the full dataset of UK 2001 FMDV WGSs will be availalileerefore,
the observations and research findings grounded on the results here presented were
generated through an evolutionary simulation framework of thewhole UK 20QL FMD
epidemic, which has beennformed by the spacetime dynamics of the transmission
events as reconstructed using the fully resolved epidemiologal data. Hence, he
overall aim of this PhD project was to test the hypothesis that inferences on the true
number of infected cases can be drawn from patterns of mutation accumulating in
sequence data recoveed from observed casesas estimated bytransformations of the
effective population size 0 . Accordingly, the work here presented attempts to
disentangle some key questions in the field of phylodynamics of viral infectious
disease hamely:.

V Can theeffective population size(0 derived from the BSPoe scaled to

some epidemiological relevant measure of prevalence?
V How does the sampling design affect thestimation of virus evolution and
population demography?

V Can sequence data be used to infer unobserved disease evénts
Results from this project may have particular relevance inFMD endemic settings
where comprehensive sampling is not usually possible and official reporting of
outbreaks limited. In this context, a clear understanding of the disease burden is
therefore needed, which might be derived from the estimation of the viral pagation
size as a proxy of disease prevalence. In additiomfeérences about evolutionary
changes on timescales enable the dating of epidemiologically important events and,
therefore, independently validating against surveillance data to understand the inget
of control measures imposed.Thus, reconstructing and predicting epidemiological

dynamics and transmission routes duringepidemic evens or in an endemic setting

53


http://www.episeq.eu/index_files/Page1077.htm

Chapter 1z FMD and Phylodynamics onfectious Diseases

have the potential to inform intervention strategies and control policies In addition,
the outcomesderived from this project have many potential and valuable applications

not only for FMD butmay alsobe generalised to othelRNAviral diseases.

1.3.1 Thesis outline

The work produced in this thesisis structured into seven chapters, which are
sequentially presented in a logicalconsecutio Following this introductory chapter
which reviews the studies published in the literature on the topics of FMD and
phylodynamics of infectious diseasesChapter 2 describesa practical example of the
use of phylogenetic methods currently employed for reconstructing evolutionary
history, demographic signal andhe dispersal process of virusesThis study, based on
the generation of new sequence data andnalyses of 322 VP1 coding sequences
produced a comprehensive phylodynamics picture of the serotype O CATHAY FMDV
topotype and its evolutionary adaptation into the Southeast Asia ecosystenin
addition, a detailed historical reconstruction of theFMDV epidemic events reported in
the Philippines during 1994 and 2005 has been performed analysing the genetic signal
carried by 112 VP1 coding sequencefesults generated from Chapter have been
already published in the peer-reviewed journal Veterinary Research(Di Nardo et al.,
2014).

Chapter 3 presents the modelramework that has been developed wh the am
of reconstructing the transmission tree of theUK 2001 FMD epidemic and simulating
the entire FMDValignment of the epidemic, thus generating one Wd8r each of the
IPs reported to be infected during the outbreak. The metrics of the reconstructed
epidemic are presented along with the estimation of its demographic size, as either
prevalence or incidenceestimation. In addition and as a preliminary attempt to
validate the WGS simulation, the metrics of the simulatedegetic data with the 39
already characterised WGS isolatg€Cottam et al., 2006, Cottam et al., 2008a, Konig et
al., 2009)have been compared.

Chapte 4 has beenfully devotedto the relationship between the realnumber
of infectedcases(as estimated by prevalence or incidence dat@nd 0 .Using theWGS
data derived from the simulation modelpresentedin the previous chapterthe concept

of the infection prevalence 0 has been explored to investigate a likely scaling
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approach which could potentially link 0 with the real infected population size and,
therefore, empowering the conceptualization of genetic data as a proxfjor a
prevalence measure For this purpose, empirical prevalence and incidence data
extracted from the UK 2001 FND epidemic have been correlated with the demographic
signal carried by thel andextracted from the BSP analysis of the WGS simulated data.
In addition, further FMDV stationary demographic scenarios, simulated at different
degree of populationstructure, have beentested in order to assess the impact of the
variance in the population structure[i.e.0 & 1Y ] on the accuracy of the BSHerived

0 estimates

Chapter 5examinesthe effect of sampling size on the reconstruction of viral
demogaphy further usingthe UK 2001 FMDWVGS simulated da and the 0 scaling
formulations derived from Chapter 4 For this purpose, different sampling schemes
have been tested from the simple realisation of a random process to more
epidemiologically structured schemes based on the probability proportional to size
sampling theory. In addition, estimates extracted fran the incomplete samplingBDM
have been compared vih their coalescent derivation.

Chapter 6presentsa preliminary characterisation of the whole UK 2001 FMD
epidemic using an initial set of theWGS(n=154) that have beengenerated fromthe
archive of clinical samples collected at the time of the outbreaknE1404). Thesereal
data allow us to test the hypothesesderived from the results obtained from the
analyses of the simulated data presented in Chapt®B to 5and, therefore, to initially
validate their assumptions with a relatively small subset of the real WGS data (~11%).
In addition, the results here presentedattempt to draw the first sensu scricto
phylodynamic inference fromthe fully-resolved epidemiological and genetidata of
the UK 2001 FMD epidemic

The final discussionand concluding remarks arethen presented in Chapter 7.
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2.1 Abstract

Reconstructing the evolutionary history, demographic signal and dispersal
processes from viral genome sequences contributes to our understanding of the
epidemiological dynamics underlying epizootic events. In this study, a Bayesian
phylogenetic framework was used to explore the phylodynamics and spati@mporal
dispersion of the O CATHAY topotype of fo@nd-mouth disease virus (FMDV) that
caused epidemics in the Philippies between 1994 and 2005. Sequences of the FMDV
genome encoding the VP1 showed that the O CATHAY FMD epizootic in the Philippines
resulted from a single introduction and was characterised by three main transmission
hubs in Rizal, Bulacan and Manila Provoes. From a wider regional perspective,
phylogenetic reconstruction of all available O CATHAY VP1 nucleotide sequences
identified three distinct sub-lineages associated with countrybased clusters
originating in Hong Kong Special Administrative Region (SARthe Philippines and
Taiwan. The root of this phylogenetic tree was located in Hong Kong SAR, representing
the most likely source for the introduction of this lineage into the Philippines and
Taiwan. The reconstructed O CATHAY phylodynamics revealed tlerehronologically
distinct evolutionary phases, culminating in a reduction in viral diversity over the final
10 years. The analysis suggests that viruses from the O CATHAY topotype have been
continually maintained within swine industries close to Hong KongAR, following the
extinction of virus lineages from the Philippines and the reduced number of FMD cases

in Taiwan.
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2.2 Introduction

Foot-and-mouth disease is an economically devastating transboundary disease
of cloven-hoofed domestic and wild ruminantscausing an acute and highly contagious
vesicular disease which can develop into a persistent infection. The aetiological agent
is FMDV, a singlestranded RNA virus belonging to theAphthovirus genus, family
Picornaviridae FMDV is characterised by high genetic variability and exists as seven
different serotypes named as O, A, C, Asia 1, SAT 1, SAT 2, and SKmadsvles and
Samuel, 2003) As a consequence of their high mutation rate, FMDV lineages quickly
diverge as they repicate and spread into new areas. Therefore, transmission of the
virus through space and time directly defines the evolutionary patterns observed
between related FMDV straingKnowles et al., 2010b) In addition to the accumulation
of nucleotide substitutions through errors, large block of sequence changes can be
mediated via recombination between different FMDV genomes, further expanding its
evolutionary repertoire. In this context, FMDV populations often exhibit extensive
genetic and antigenic heterogeneity at both the molecular and geographical level,
driven by co-circulation of multiple lineages, heterogenic mixed host populations,
extensive animal movements andtrade patterns (Di Nardo et al.,, 2011) FMDV
serotypes have evolved independently in different geographicakgions to give rise to
distinct genetic lineages, designated topotypes. Eleven topotypes have been defined for
serotype O, based on phylogenetic relationships between available sequence data and
a value of ~15% ofnt sequence difference in the VP1 codingegion (Knowles et al.,
2010a, Samuel and Knowles, 2001)

2.2.1 The O CATHAY FMDV topotype

The first FMDV strain belonging to the O CATHAY topotype was isolated from
Hong Kong SAR from pig samples collected during 1970 (HKN/21/70, GenBank
accession no. AJ294911) and was characterised by a 932 nt deletion within the 3A
coding region that is associated with the atypical porcinophilic phenotype of this FMDV
lineage(Knowles et al., 2001a) Subsequently, O CATHAY isolates have been confirmed
in several Southeast and East Asian countries (including Malaysia, the Philippines,

Taiwan, Thailand and Vietnam), although since 1970, the majority of field casdue to

58



Chapter 2z Phylodynamic Reconstruction of O CATHAY Topotype FMDV Epidemics in the Philippines

this topotype have been reported in Hong Kong SAR and Chif&leeson, 2002,
Knowles et al., 2005, Cao et al., 2014Jhe O CATHAY FMD outbreak in Taiwan which
began during 1997 resulted in the stampingout of more than 4 million pigs and
generated economic losses of over 6 billion US dollaf§'ang et al., 1999) Outside of
Asia, viruses béonging to the O CATHAY topotype have been responsible for isolated
FMD outbreaks that occurred in Europe in 1981 (Thalheim, Austria), 1982 (Wuppertal,
Germany) and 1995 (Moscow, Russia). In the last ten years, O CATHAY FMDV strains
causing epizootics havéeen collected in Hong Kong SAR on a yearly basis, where the
last reported outbreak occurred during March 2014. However, FMD viruses belonging
to the type O CATHAY topotype are sampled on a more sporadic basis from countries
in Southeast Asia, and it isurrently unclear where this topotype is maintained and/or

how it is dispersed.

2.2.2 FMDV in the Philippines

The introduction of FMD into the Philippines can be dated back to 1902 as a
result of the importation of infected cattle from Hong Kong SAR to Mdai Following
large epidemics reported in Sorsogon and Bukidnon Provinces in 1920, FMD became
widespread in the entire Philippines. FMDV lineages belonging to serotypes A, O and C
were identified in samples collected from outbreaks occurring in the Philippmes
during the period between 1954 and 2005. Major epidemics were caused by type O
(from 1972 to 1991), type A (from 1975 to 1983) and type C (from 1976 to 1995)
strains (Randolph et al., 2002) The O CATHAY topotypeas first detected in August
1994 in a backyard piggery located in Rizal Province. More recently, this FMDV
topotype has been the sole lineage responsible for epidemics in the Philippines until
December 2005, when the last detected case was confirmed imé&zon Province. The
majority of the cases due to O CATHAY were located on Luzon Island, from where FMD
spread to 27 provinces. It has been estimated that wholesale market prices of both pork
and even chicken in Central Luzon dropped significantly followinghe start of the
epidemic in 1995, highlighting the economic impact of FMD across the entire supply
chain (Abao et al., 2014) Since June 2011, the Pippines have been officially declared

as FMDfree (without vaccination).
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This study explored the phylodynamics of these O CATHAY outbreaks
reconstructed through molecular epidemiological analyses of VP1 coding sequences
(¢ = 112) collected between 1994 ad 2005. In addition, a wider picture of the O
CATHAY topotype phylogenetics was determined from a larger database of currently
available VP1 coding sequences¢(= 322) to enable the characterisation of
geographical movements of this FMDV lineage acrossstuorically affected countries of

Southeast and East Asia.

2.3 Materials and methods

2.3.1 Sample database

This study accessed archived vesicular fluid and/or epithelium samples
(n=112) from the FAO WRLFMD at The Pirbright InstitutdJK, which had beerstored
A O ™CgnrD.04 M phosphate buffer (M25; disodium hydrogen phosphate, potassium
dihydrogen phosphate, pH 7.5) and 50% (vol/vol) glycerol. This dataset represented
clinical samples collected in the Philippines from 22 provinces in the period betwee
1994 and 2005(Appendix 1). In addition, a further 210 VP1 coding region sequences
and representing isolates collected from Austria, China, Germany, Hong Kong SAR,
Malaysia, Russia, Taiwan, Thailand and VietnagAbdul-Hamid et al., 2011, Beard and
Mason, 2000, Carrillo et al., 2005, Hui and Leung, 2012, Knowles et al., 2001b, Knowles
et al., 2005, Tsai et al., 200Qyere retrieved from both GenBank at NCBBenson et al.,
2013) and the WRLFMD sequence archive and, then, integrated with the Philippines
collection to comprise a total dataset of 322 VP1 coding sequenddsppendix 2) These
VP1 coding region sequences have been submitted to GenBankl have been assigned
the following accession numbers: KM24303(KM243172.

2.3.2 Viral RNA detection and sequencing

Clinical samples were processed in order to obtain the FMDV VP1 coding
sequences (639 niength, ~8% of the full genome length). Viral RNA for each sample

was extracted from virus suspensions using the RNea®wlini Kit (QIAGEN Ltd., UK),
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AAAT OAET ¢ O1 OEA 1 Al-{defERelds® D&nsripton Polyinadased T 1
Chain Reaction(RT-P(R) to amplify the VP1 region of FMDV was carried out as
previously described(Knowles et al., 2009) Primers used for the RTIPCR step were ©
1C244F and GLC272F for the forward, and EURB52R for the reverse orentations
(Table21q8 0#2 DHOT AOGAOO xAOA Al AAT AA Ob OOEI
Band Purification Kit (GE Healthcare Ltd., UK), and were then cy&equenced using

the BigDye® Terminator v3.1 Cycle Sequencing Kit (Applied Biosystems, UK). A sét
forward and reverse primers was employed to ensure the complete coverage of the

VP1 coding region Table 21). Sequencing reactions were analysed using the ABI 3730
DNA Analyzer (Applied Biosystems, USA). Raw data files were assembled into a contig
AT A AAEOAA OOED ONASPAR-INE.), thén @ligrfed using Clustal Omega
1.2.0(Sievers et al., 2011)

Table 2-1. Oligonucleotide primers used for either RT -PCR or gcle sequencing of the VP1 coding region

from the FMDV isolates. Start and end locations have been mapped against the Kaufbeuren/FRG/66 type O FMDV
isolate (GenBank accession no. X0087{yorss et al., 1984)

Primer Designation 00EI AO 3ANOAI Start - End
Reverse Primers
NK72 GAAGGGCCCAGGGTTGGA 355873578
EUR2B52R GACATGTCCTCCTGCATCTGGTT!( 3624 7 3649
O-1D487gR TAATGGCACCRAAGTTG! 337273390
O-1D628R GTTGGGTTGGTGGTGTT! 318173199
Forward Primers
O-1C244F GCAGCAAAACACATGTCAAACAC! 2469 7 2494
O-1C272F TBGCRGGNCTYGCCCAGTAC 2497 7 2519
O-1C283F GCCCAGTACTACACACAGTAC 2508 7 2530
O-1D296F ACAACACCACCAACCCA 318173199
O-1C499F TACGCGTACACCGCG 272472740
O-1C605hF TGGCCAGTGCCGGTAAGGACTTT 283072855
O-1C605nF TGGCTAGTGCTGGCAAAGACTTT( 28307 2855

2.3.3 Phylogenetic analysis

Before performing the phylogenetic reconstruction, jModelTest 2.6.analysis
(Darriba et al., 2012, Guindon and Gascuel, 2008)as undertaken to determine the
best fitting nucleotide substitution model using theBayesian Information Criterion
(BIO (Posada and Buckley, 2004)Statistical pasimony (Templeton et al., 1992)was
used for reconstructing the genealogical networks as implemented in the TCS 1.21
program (Clement et al., 2000) The network generated was then edited and plotted in
yEd Graph Editor 3.B.
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A Bayesian analysis framework was eployed for phylogenetic and demographic
inferences using a MCMC method implemented in the BEAST 1.8.0 package
(Drummond et al., 2012) The analysis was performed using the Hasegavikiashino-
Yano substitution model plus gammaA EOOOEAOOAA OAOAO j (+9 yu
uncorrelated lognormal molecular clock model(Drummond et al., 2006, Hasegawa et
al., 1985) Demographic reconstruction was employed using thBSP(Drummond et al.,
2005). Spatial patterns of FMDV dispersal were estimated through a probabilistic
discrete asymmetric diffusion model using a continuougime Markov chain process,
adopting a BSSVS procedure to select among all possible ratgpn pathways (Lemey

et al., 2009a) Nonzero rates of virus movement between countries were judged to be
supported when the associted Bayes Factor BF) exceeded 3. The MCMCs were run
for 150 million iterations, sub-sampling every 15000 states. Convergence of the chain
was assessed using Tracer 1.5 removing the initial 10% of the chain as buim The
Maximum Clade Credibility MCQ tree was summarised using TreeAnnotator 1.8.0 and
constructed using FigTree 1.4.. Phylogeographic maps were constructed using ArcGIS

10.22 (Environmental Systems Research Institute, Inc.).

2.3.4 Statistical analysis

The epidemic curve was constructed using the Handistatus Il data for the
Philippines retrieved from the OIE website(OIE, 2014) Statistical computations were
performed in R3.1.1 (R Core Team, 2015and graphs were plotted using the ggplot2
package for RWickham, 2009), whereas complex vector images were rendered using
Inkscape 0.485. To determine the potential extent of recombination in the genetic
structuring of the virus population, ratios of persite recombination rate to the persite
mutation rate (r) were estimated using LAMARC 2.1.&uhner, 2006).
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2.4 Results

2.4.1 O CATHAY FMDV country based phylodynamics: the
Philippines

A FASTA searckiMcWilliam et al., 2013)of all publically available VP1 coding
sequences was completed to identify a candidate for the most likely common ancestor
for the Philippines lineage: the closest match was identified as a sequence from Hong
Kong SAR with 99.2% nt identity (HKN/12/91, GenBank accession no. AJ29492The
observed evolutionary distances and total nt changes calculated from the root
(HKN/12/91) increased linearly with time (Y =0.932;"0; =1528,1<0.001) (Figure
2-1).
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Figure 2-1 Accumulation of nucleotide differences calculated from the putative root (HKN/12/91 isolate )
for the Philippines database with time expressed in years. Size of the points increases with increased number
of nt substitutions. Shaded area represents 95% confidence intervals for the fitted line.

The number of nt substitutions in the VP1 coding sequences between the first O
CATHAY isolate collected in the Pliypines in 1994 and the last reported outbreak in
2005 was estimated to be 58, although the maximum number of nt substitutions was
reported for the PHI/17/2003 isolate as 69 (maximum genetic distance 0.12 base
substitution per site). No indels were found vithin the entire alignment. In addition,

variability in the number of nt changes in samples collected within the same time
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window (year) was observed. Average genetic divergences among year groups were
estimated to be higher for 2000, 2001 and 2003, whicHeviate from the average value
of 0.02340.008 base substitutions per site per yearTable 2-2). Geographic distance
was found to be significantly correlated with genetic distance'Q, =15.92,1<0.001).

A recombination rate () of 8.76x108 per site per generation (site/generation) was
estimated for the Philippines indicative of an exceedingly low rate of recombination

relative to mutation.

Table 2-2. Genetic, time and geographical pairwise distances (with corresponding standard deviation

values) calculated for the within -year Philippines O CATHAY FMDV isolates groups and for each of the

country based data from the earliest samples collected within the specific group. Genetic distances were
estimated by the Hasegawishino-Yano substitutionmodel plus gammaA E OOOEAOOAA OAOAO | (+9
geographic distance were calculated using the Haversine formu(&innott, 1984). Genetic distance is expgssed in

base substitution per site, time distance is defined in years, whilst geographical distance is measured in kilometres.

Data No of Samples Genetic Distance Time Distance Geo Distance
Philippines
1994 7 0.010+0.002 0.23+0.05 -
1995 8 0.013+0.006 0.63+0.77 124.72+95.81
1996 9 0.020+0.004 0.10+0.03 235.66+252.21
1997 14 0.016+0.013 0.38+0.38 119.65+117.12
1998 23 0.011+0.009 - 51.62+42.08
1999 5 0.011+0.002 - 146.83+222.79
2000 16 0.054+0.021 0.16+0.13 296.55+130.74
2001 7 0.057+0.008 - 14.22+4.28
2003 8 0.051+0.013 0.19+0.08 344.45+26.98
2004 12 0.010+0.004 0.41+0.23 322.32+38.83
2005 3 0.005+0.005 0.03+0.01 12.48+17.65
Global
China 6 0.148+0.081 31.93+19.15 -
Hong Kong 138 0.157+0.022 32.95+7.24 -
Philippines 112 0.047+0.022 4.59+3.50 -
Taiwan 46 0.015+0.025 1.38+3.01 -
Vietnam 13 0.104+0.016 7.84+1.65 -

As estimated by the statistical parsimony network analysis, thRCAof the
Philippines O CATHAY taxon was identified as an unsampled virus 3different from
HKN/12/91 and 1-3 nt different from the earliest Philippines isolates collected
between late 1994 and the start of 1995Kigure 2-2). The diameter of the parsimony
network between the MRCA and the most divergent FMDV isolate collected in(®D
(PHI/5/2004) was estimated to be 86 nt substitutions, of which 83 (96.51%) were
synonymous and 3 (3.49%) nomsynonymous. The average of number of nt
substitutions incurred per year (nt/yr) of any isolate from its closest sampled acestor
was estimated b be 9.9#.8, comprising an average of 8.8+4.2 synonymous and
1.0+£0.9 nonsynonymous changes, indicative of an average rate of change for VP1

sequences in the Philippines of approximately 1.5% per year. The average number of

64



Chapter 2z Phylodynamic Reconstruction of O CATHAY Topotype FMDV Epidemics in the Philippines

changes for each isolate was @+2.3 nt/yr, of which 3.4+2.1 and 0.68.5 were

synonymous and nonasynonymous substitutions, respectively.
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Figure 2-2 Network extracted from the statistical parsimony analysis performed in TCS for the Philippines
isolates (= = 112). VP1 sequences ardesignated with their WRLFMD number and coloured by year of collection,
where the outlier (HKN/12/91) is defined with a red box. The MRCA for the Philippines O CATHAY FMDV taxon is
highlighted in a red ellipse. Black dots specify nesynonymous substitutions, whereas white dots represent
synonymous substitutions. The year codes in the virus isolate labels have been abbreviated to the last two digits.
Most sequences clustered according to time across the network, although FMDV
isolates collected in 2000 wereassigned within three separate genetic lineages,
resulting in three evolutionary pathways one of which was a deaénd. In addition, for
some links more recently collected viruses were assigned earlier in time on the
network. The case of PHI/12/94 which was found to be a descendant of PHI/1/95 can
in part be explained by the short time distance which separates these two isolates (32
days) and it might be that both strains (or their ancestors) were cairculating at time
of sampling. The reconstructed phylogny further defined these two viruses as being
closely related (genetic distance of 0.002 base substitutions per site). Conversely,
samples collected in March (PHI/9/2000) and June 2000 (PHI/26/2000) were
determined to be the source of a virus collected 11999 (PHI/10/99), although the

2000 isolates were direct descendants of a virus detected in January 1999 (PHI/1/99).
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Looking in detail at this case, the phylogeny found descent of PHI/10/99, PHI/9/2000

and PHI/26/2000 from the same common ancestor. Thesesamples were collected
from the same region (Central Luzon) within an area of ~4&m of radius, potentially
explaining the inconsistent result provided by the TCS analysis to have arisen from
sampling bias. The discrete states analysis resolved the relatiship of the PHI/10/99,
PHI/9/2000 and PHI/26/2000 isolates rooting those from a common ancestor that
descends in turn from an unsampled virus source both seeded from Bulacan Province,
which includes the PHI/1/99 sample (Figure 2-3).

Log Effective Population Size (Net)

Number of Reported Outbrs

1*lo
1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005

Figure 2-3 Phylodyn amic reconstruction of the O CATHAY FMDV epidemics in the Philippines. Maximum
clade credibility tree branches are coloured according to the most likely transmission source as reconstructed from
the discrete states model. Nodes with a posterior probabilityalue | 0.7 are shown. FMDV demography is expressed
by log Effective Population Size { ) as estimated from the BSP along with the monthly epidemic curve
reconstructed from the data retrieved from the OIE Handistatus Il databag®IE, 2014)

The molecular clock for the O CATHAY Philippineméage was estimated to be
1.25x10-2 nt/site/yr (95%HPD 9.47x 103 to 1.57x10-2) with a standard deviation of
0.70 (95%HPD 0.49 to 0.2). No evidence of autocorrelation of rates in the
reconstructed phylogeny was providedby the covariance value of 2.65%03. The
introduction date, the TMRCA, of the type O CATHAY topotype FMDV lineage into the
Philippines was calculated to be the 30 of March 1994 (95%HPD 07/08/1993 to
08/08/1994, a time interval which included the date of the first officially reported

case).
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The reconstructed FMDV population dynamics from the skyline plotHigure 2-

3) describes a demographic history characterised by tee phases. In the first phase,
after an initial exponential increase from mid1994 until late 1997 at a rate that
decreased from late 1996, a sudden and short period of decline was observed, resulting
in a population bottleneck. Since genetic bottlenecksorrespond to significant
reductions in population size, these changes in the O CATHAY population dynamics in
the Philippines probably link to the launch of an extensive control plan in 1996 that
was successful in limiting the further spread of FMD and tleby reducing the number

of outbreaks (Randolph et al., 2002) However, during 1999 a new FMD outbreak
occurred within an already declared FMEfree zone, the Panay region. Therefore in the
second phase, the skyline trajectory recorded a second rapidly increasing viral
population size starting in mid-1998 and lasting up to the first months of 1999, which
resulted in a diversification of viral lineages. In the third phase, the viral population
size reached a plateau until late 2002, when further control policies resulted in a steady
decline in FMD prevalence until eradication.

The epidemic curve drawn from the field epidemiological data from the OIE for
the period 1995-2005 (OIE, 2014)described an oscillabry trend in the number of FMD
outbreaks reported in the Philippines, with times of high epidemic peaks interleaved
by low-level FMD circulation. The frequency of these oscillations was higher between
1997 and the beginning of 2000 (a monthly average of 39 FMD outbreaks), after
which the number of FMD outbreaks started to decline following periods of low
reporting (with a monthly average of 19.8 FMD outbreaks). However, the reported
epidemic trend did not overlap with the skyline plot trajectory, althoughthe epidemic
window from mid -2000 to 2005 characterised by a reduced number of outbreaks could
be evinced by the plateauing and subsequent decrease in the genetic diversity of the
skyline plot. It should be noted that although more than 300 outbreaks werefficially
reported through OIE during 2002, no clinical samples (and thus genetic information)
were collected within that time window.

According to the results obtained by the discrete states phylogeography
analysis, the root of the Philippines taxon wadound to be from Rizal Province,
consistent with the location of the first officially reported cases of O CATHAY topotype
in the Philippines during August 1994 Figure 2-3). Three main epidemic hubs could
be identified from the analysis: the first from the beginning of the epizootic up to mid

1996, where outbreaks were found to be seeded from Rizal Province; the second
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lasting until 2001, where Bulacan Province was estimated to be the main source of FMD
spread; and lastly, Manila Province as the last epidec hub. The movement transitions
between the three main epidemic hubs were supported by Bayes factor values of >24
[ = 1.0] for movements from Rizal to Bulacan and from Bulacan to Manila,

respectively.

2.4.2 Global and regional phylodynamics of O CATHAY
topotype FMDV

The molecular clock rate for all the O CATHAY topotype YHata was estimated
to be 1.06X1.0-2 nt/site/yr (95%HPD 8.99x 10-3to 1.23x10-2), with a standard deviation
of 0.81 (95%HPD 0.67 to 0.94). This value was comparable with the moleculeock
rate reported for the Philippine isolates only. The MRCA for the O CATHAY topotype
was estimated to have been present between 1955 and 1960. Theecombination
parameter returned a value of 8.3409 site/generation indicating a very low influence
of recombination relative to mutation.

Three distinct sublineages were identified by the wider phylogenetic
reconstruction that included the full database of O CATHAY VP1 coding sequences,

which were clustered on a country level basisKigure 2-4).
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Figure 2-4 Maximum clade credibility tree

for all the O CATHAY FMDV isolates sequenced (= = 322). Nodes
with a posterior probability value 1 0.7 are shown. Branches are coloured according to the most probable country
of the node from which they descendeds estimated from the discrete state phylogeographic Bayesian model.
Geographical links between countries identified by the BSSVS analysis are coloured by the corresponding BF value.

The year codes in virus isolate labels have been abbreviated to the l&asb digits. The geographical locations are
defined with the country centroid.
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The FMDV strains circulating in the Philippines were found to have descended
from a common ancestor that was shared with the Taiwanese isolates, in line with what
was proposed to be the source of introduction of the O CATHAY virus into the
Philippines in 1994 (Knowles et al., 2005) In turn, the Taiwanese cluster descended
from an unsampled virus closely related to a FMDV isolate collected from China in
2000. The Hong Kong SAR isolates were defined in a separate phylogenetic cluster
along with FMDV samples collected from countriesni mainland Southeast Asia
(Malaysia, Thailand and Vietham). This finding is in contrast to that previously
reported (Hui and Leung, 2012) which designated the Taiwanese lineages descending
from a common ancestor with the Hong Kong SAR isolates, and identified the
Philippines lineages as a distinct phylogenetic clusteHui and Leung (2012)inferred
the phylogenetic relationship employing a Neighbotoining method; nevertheless,
estimating the phylogeny using a maximurdikelihood method (Guindon et al., 2010)
did not alter the shapeof the reconstructed phylogeny [data not shown] The three
phylogenetic clusters shared a common ancestoelated to a FMDV strain collected in
Hong Kong SAR in 1991 (HKN/12/91), which was in turn a descendent from other
Hong Kong SAR isolates related to more recent samples obtained from Russia (1995),
Hong Kong SAR (1996) and China (2003). FMDV isolates eotkd from countries of
mainland Southeast Asia were phylogenetically grouped into two distinct clusters: the
first (MRCA dated 1997) including the first O CATHAY virus isolate from Vietnam in
1997 from which viruses were collected in 200506 and 2008, andhe only isolate from
Malaysia (2005) was sourced; the second (MRCA dated 1998) associated with a later
introduction of an O CATHAY strain in Vietnam in 2002, from which viruses isolated in
2004-05, and FMDV sequences from Thailand (2005) were related. #RMDV ancestor
of the first mainland Southeast Asia sublineage was dated circa mi®93, directly
descending from the oldest MRCA of the Hong Kong SAR cluster, whereas the second
sublineage was circulating in late 1998 and closely related to a virus cotleed in Hong
Kong SAR in 2002. This phylogenetic picture supports two potential introductions of
the O CATHAY FMDV lineage into Vietnam from Hong Kong SAR.

The MRCA shared between the Philippines and Taiwanese phylogenetic clusters
was estimated to have ben circulating in 1993 (95%HPD 1992 to 1994), whereas the
origin of the MRCA for the more recent O CATHAY FMD epidemics in the Southeast and
East Asia regions was dated 1991 (95%HPD 1990 to 1992). No other virus introduction
or escape was ascribed to thet#lippines O CATHAY FMD epidemic history, suggesting
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the Philippines sublineage to be monophyletic. In contrastHui and Leung (2012)
described two different FMDV introductions into the Philippines, assigning the
PHI/5/95 isolates within the phylogenetic cluster which includes the Taiwanese
isolates. However, the tree node that governethis inclusion had a bootstrap value of
<70, suggesting uncertainty in the assignment of these descendants.

As estimated by the discrete phylogeography model, the root of the entire
phylogenetic tree was reported to be in Hong Kong SAR and, therefore, repenting a
likely source for the introduction of the O CATHAY lineage into the Philippines and
Taiwan. This is confirmed by the estimated BSSVS parameters, for which China and
Hong Kong SAR were assessed as the main hubs of FMDV spread between countries
(Figure 2-4): China was found to be the source for Hong Kong SAR %6, '@ 0.60),
Taiwan (BF=5.07,11 '@ 0.58) and Russia (BE 4.33,11 '@ 0.54), whilst Hong Kong SAR
was identified as the source of FMD transmission to Vietnam (BF6.75,1 '@ 0.65) and
the Philippines (BF = 3.16, | "& 0.46). The link found between China and Russia
reinforces the hypothesis that Chinese pork shipments were responsible for the
introduction of the O CATHAY lineage into Moscow, Russia during 1995 [6]. Vietnam
was estimated as a recipient of viruses moving from Malaysia (Bf23.25,11 '@ 0.86),
Thailand (BF=12.55,11 '@ 0.77) and Hong Kong SAR (BF6.75,11 '@ 0.65). The most
likely routes of chronologicalintroduction of the FMDV O CATHAY lineage into Europe
were identified to be from Hong Kong SAR to Austria (BF3.14,11 '@ 0.27). The virus
movement within Europe has been identified from Austria to Germany (BF = 5.1%,Q
= 0.58). Thus supported by theBayesian phylogenetic and BSSVS analyses, the
historical movement of the FMDV typeO CATHAY lineage across Asia might be
temporally and spatially reconstructed as represented ifrigure 2-6.

The historical phylodynamics of the FMDV O CATHAY lineage, asorestructed
by the skyline model using the full currently available VP1 coding sequences database
(Figure 2-5), underwent three distinct and chronologicallyconsequent evolutionary

stages.
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Figure 2-5 BSPof log effective population size ( 4 &Y against time in years estimated from the full O CATHAY
FMDV database. Light red ribbon defines the 95%HPDinterval area.

In the initial stage, the genetic diversity was roughly constant until 1997, after
which there were two increasing phases within a period of 3 years from 1997 to 2000,
with the highest peak in 1999. The last stage is characterised by four sequential
declining phases, with a rapid sharp drop between 2004 and 2006. This triphasic
phylodynamic feature might be associated with an oscillatory tendency of FMDV
genetic diversity driven by a first expansion phase due to the introduction of the virus
into Taiwan and Vietnam and the trigger of the Philippines epidemic, and a later
contraction phase following steps taken to eradicate the disease from the Philippines
and the decrease in the number of outbreaks reported from Taiwan, characterised by
the period between 21 and 2009 when few cases were reported. This assumes that
the FMDV type O CATHAY topotype has been maintained constantly within the Hong
Kong SAR livestock system.
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Figure 2-6 Chronological evolutionary trend and transmission ancestry of the O CATHAY FMDV topotype in
Southeast Asia.

2.5 Discussion

The evolutionary dynamics of the O CATHAY topotype of FMDV have been
analysed allowing the transmission dynamics to be reconstructed across courgs in
Southeast Asia that have been impacted by this lineage. The O CATHAY FMDV strains
isolated from outbreaks reported in Hong Kong, Taiwan and Philippines were defined
as belonging to three different sublineages, which were related by a shared common
ancestry to an unsampled FMDV strain sourced from Hong Kong SAR. The O CATHAY
FMD epizootic in the Philippines resulted from a single introduction and was
characterised by three main transmission hubs in Rizal, Bulacan and Manila. Although
the evolutionary dynamics of the O CATHAY FMDV lineage were described by three
phases from the skyline reconstruction, this was not entirely consistent with the
monthly epidemic curve (Figure 2-3). This could be either due to a spatibemporal bias
in the genetic information analysed or in the incompleteness of the outbreak reporting
database used, or both.

The phylodynamics of FMDV reconstructed from the FMDV type O CATHAY VP1
coding sequences indicates a marked reduction in viral diversity in the last 10 years,
corresponding to the eradication of FMD in the Philippines and the more limited
disease events experienced in Taiwan. Furthermore, the introduction of the FMDV type
O SEA topotype My#®8 lineage into Hong Kong SAR during 2010 could have reduced
the genetic diversity within O CATHAY lineages through direct competition with
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available hosts, as well as the presence of crepsotective antibodies in convalescent
animals. These findings indicate that the O CATHAY topotype is maintained in the Hong
Kong SAR ecosystem andporadically spread from there to other Southeast Asian
countries, as would be the case for the Philippines in 1994 and Vietnam in 1997.
However, few O CATHAY FMDV strains have been reported from mainland China,
which has the largest swine production indugy in the world (representing over 51%

I £ OEA x1 Ol A0 PEC PI bOI AOET T g8 4EAOCA AEA
and 2003, therefore sampling bias or underreporting of epidemic events occurring in
China would likely have an impact on assessintpe geograghical movements of the
FMDV type O CATHAY topotype. It is, nevertheless, clear from the analysis that a
transmission link exists between China and Hong Kong SAR, thus indicating a
historically southward movement of the O CATHAY FMDV lineage.

The molecular clock estimated here for the O CATHAY topotype is at the high
end of evolutionary rate estimates for FMDV. Previously estimates reported an average
evolutionary rate across all FMDV serotype of 2.480-3 nt/site/yr (Tully and Fares,
2008), while rates of3.14x10-3, 1.3X10-3 and 4.8x10-3 nt/site/yr were reported for
serotype O(Tully and Fares, 2008, Yoon et al.(021a, Jenkins et al., 2002)n addtion,
lineage-based FMDV molecular clock rates of 2.8k0-3, 6.65x10-3, 7.81x103 and
2.7x10-3 nt/site/yr were previously estimated for the O-PanAsia lineage in India, ©
PanAsia2 sublineage in Pakistan and Afghanistan, and type O in East Africa,
respectively (Balinda et al., 2010a, Hemadri et al., 2002, Jamal et al., 201 T&)e higher
rate of FMDV evolution reported for the Alran-05 FMDV lineagen Afghanistan and
Pakistan (1.2X1L0-2 nt/site/yr) (Jamal et al., 2011cjvas similar to the molecular clock
for the O CATHAY topotype estimated by this study. Thereforeemptypically and
regionally variable evolutionary rates may in fact reflect real differences in the
epidemiological dynamics and hosinteraction of FMDV.

Although using a large database of FMDV isolates and generating a
comprehensive picture of the O CATHAY topotype evolutionary history, this study has
some limitations largely derived from the nature of the genetic data used for the
analysis. The VP1 codingegion, although defining only ~8% (639nt of length) of the
complete FMDV genome, is the most variable section of the FMDV genome and is
historically used for tracing the movement and spread of FMD globallKnowles and
Samuel, 2003, Samuel and Knowles, 200and, furthermore, provides the basis for

FMDYV genotype definition(Knowles et al., 2010a) Analysing a larger part of the FMDV
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genome, such as the whole capsid region or the fdingth genome, would produce
results with a higher resolution (Cottam et al., 2006, Cottam et al., 2008bjlowever, it
should be noted that recombination events seem to be more widespread in other part
of the genome(Carrillo et al., 2005, Jackson et al., 2007, Wright et al., 2013)us
representing a limitation in interpreting results based on fulllength genome analysis
of large scdée FMDV evolutionary studies. The ratio of pesite recombination to
mutation rate here estimated from the full currently available FMDV type O CATHAY
topotype VP1 coding sequences database is very low indicating that these results are

not influenced by the process of recombination.
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CHAPTER 3
A model framework for simulating space -time

epidemiological and genetic data

3.1 Rationale

As reviewed in Chapter 1an extensive literature has been devotetb the topic

of phylodynamicsfor linking the population genetic concept oeffective population size

0 with the evolutionary dynamics ofvirus transmission in space and timeHowever,
studies published on this topichad rather limited focus on trying to disentangle the
relationship of 0 with the actual number of infected casedn addition, no studies have
endeavoured to compareviral population dynamics derived from genetic sequences
with empirical data observed froma completelysampled large epidemiavhere either
prevalence or incidence are accurately observed through timeOne exceptional
example of a fullyresolved real disease epidemic is the UK 2001 FM&vent, which is
currently the largest and most completely sampledvirus disease epidemicTo study
the relationship betweenthe dynamics as reconstructed fronviral sequencesand the
actual count of infected casesver time, a thorough investigation of the fullyresolved
UK 2001 FMD epidemic making use of the epidemiolagil data extractedat the time
from the field outbreak investigation was undertaken As discussed irg1.3, the genetic
component of the epidemic was fully simulatedfor the entire epidemic using an
evolutionary model parameterised fromthe 39 already characterised sequence data
(Cottam et al., 2006, Cottam et al., 2008a, Konig et al., 2008) order to generate a
complete epidemiological and genetidataset in which prevalence, incidence and WGS
are linked to the fully-resolved transmission tree, amodel framework has been built

for:

V Reconstrucing the transmission tree underlying the UK 2001 FMD epidemic
using the epidemiologcal data and, therefore, providinga who-infectedwho

transmission network ;
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V Usingthe transmission treeas a backbone fosimulating an FMDV WGS for
each IP generatedrom a Markovian evolutionary model informed with data
extracted from prior FMDV genetic analyses

V Estimating the virus demographic history from the simulated WGSusing the
BSP and compang this with the empirical prevalenceand incidence data

extracted from the UK 2001 FMD epidemiological data

The model framework here described constitutes the mainstay algorithm for
generatingthe WGSdata that will be used in subsequent chapters for investigatinm
detail the influence of sampling and population structure in the relationship between
reconstructed demographic history from sequence dataand the actual count of

infected casesand its scaling brmulations.

3.2 Model Framework

3.2.1 Data

The FMD epidemic a#ctingthe UK in 2001,was caused byavirus belonging to
the FMDV type O PanAsialineage (Knowles et al., 2001b) and 2026 farms were
confirmed at the time of theepidemic eventas IPs. The introduction of FMDV into UK
has been attributed to the illegal imporation of infected or contaminated meat or meat
products which were consumed as swill feetb pigs reared at Burnsde Farm, Heddor
on-the-Wall (IP04) (DEFRA, 2002) The movement of the pigérom IP04 to the Essex
abattoir (IPO1) was the trigger and spread of the firsphase of theepidemic in Essex
and Kent, which startedon the 19 of February (Gibbens et al., 2001)A secondhase
of the epidemic that wascountry wide was attributed to the airborne spread of FMDV
from IP04 to sheep aPrestwick Hall Farm,Callerton(IP06), from where infected sheep
were moved and sold in markets located in Hexham (Northumberland) and Longtown
(Cumbria) thus resulting in the dissemination of the disease in multiple clusters
throughout England and WaleqGloster et al., 2005Konig et al., 2009) In order to
control the outbreak, a national ban on animal movemestalongwith the culling of all
susceptible animals on confirmed IPs anBirect Contacts DC9 was introducedon the
231 of February; thereafter, the controlj O OO A I b Hnkadureb Wededirdensified
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from the 31stof March and the so called 24/48 hour IP/CP culling polic{i.e.the culling
of animals present inany contiguous premises to an infected IP within 48 hoursyas

adopted (Kao, 2002) The last case was reported the 300of September in Cumbria.

3.21.1Epidemiologcal data

Epidemiological data were retrieved from the original DEFRA databasé& dble
3-1), which consised of information collected from each IP through paper forms
during the veterinary field inspections(Taylor, 2012). The database was inspected for

missing and/or illogical values and completed and/or corrected whenever possible

Table 3-1. Description of observed epidemiological variables with associated symbols entered in the model.
Symbol Details

‘00 Index number of IP

0 Set of IPs

® Longitude Y z decimal degree(& o do pm)

® Latitude Xz decimal degree(é o do pBh)

Y Time of oldest lesion (first observation of FMD) in IP{"= Y "Y dQ pf8 )
Y Time of report of IP ('Y Y dQ pB )

Y Time of sample collection from IP (Y Y dQ pBh)

Y Time of removal of IP (Y Y o dQ pB )

0 Age of oldest lesiory time from infectiousness to reportzin IP (=H=| = ) dOo pBH)
0O Total population of animalsin IP (0 0 do ph)

Y Viral sequence sampled in IP at tim&y (Y Y dQ pB R )

3.21.2Genetic data

Genetic data were retrieved from the database of FMDV isolates collected
during the UK 2001 FMDepidemic and previously sequenced by the WRLFMD he
Pirbright Institute - UK (Cottam et al., 2006, Cottam et al., 2008a, Konig et al., 2009)
which consists 0f39 FMDVWGSqAppendix 3).

3.2.2 Transmission tree re construction

A transmission tree is a direced acyclic graph which describes the@ho-
infectedwho0 network topology (Figure 3-1). The model here developed for

reconstructing the transmission tree between-premises was an individual-based
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model of disease transmission, which provide a representation of e FMD infection
dynamics thattakes into account thetiming and location of casegFigure 3-1), andwas
constructed on a farm level {.e.farms are considered as sing epidemiological units),
therefore omitting the potential impact of within-farm epidemic dynamics. Henceor
the purposes of these modeldt was assumed that FMD spread within a farm is
instantaneous with all the animals that contribute to the transmissin network
becoming infected and subsequently infectioudgogether. In addition, this model
considereda singlehomogeneousvirus population that was introducedon to eachnew
farm and, following possible mutation, a single homogenous virus population
transmitted onward. All but one premises started as susceptible, where the first
infected premises is assumed tohave been infected from an external source FMD has
astaged progression in time and, therefore, can be represented in a series of successive
disease stages. These stages can be described as infected, infectious, reported and
removed. Consider a set o) infected premises and letb be a function defining the
transmission tree, a premise Qat location & o is infected at time "Y by a
source QFollowinga latency period’Y ,Qbecomes infectious at timé€Y (the time at
which the oldest lesion would have first become apparent)is reported at time”Y
and is removed from the susceptible population at timéY . During the reporting of
IPQ theinterval between becominginfectious and reporting is assessed in the field by
experts based on the ageing of the oldest clinical lesiah  obseved on the premise.
The clinical sample is collected at timéyY , thus, also defining the time a viral

sequence’Y is obtained.
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Figure 3-1. FMDV transmission between a parent IP iand a daughter IP @ Grey rectangles indicate observed
variables.

The transmission treebwas estimated using the observed data recorded during
the UK 2001 FMDepidemic (Table 3-1). The unobserved latency periodY for each
IP was randomly sampled from a gamma distributiort Il h— with shape and scale
parameters setto bell =22.12 and—=0.22, respectively, which defines minterval with
a mean of4.87 andvariance 1.07 (Figure 3-2) (Charleston et al., 2011, Mardones et al.,
2010). The timeto infection, "Y , was assumed to be’Y Y 'Y .Time zero

wasassumed to beé’Y andIP4to have been infectedby an external source

0.4-

0.3
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2o2
-]
a

0.1+
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Figure 3-2. Gamma probability density function » @fP for the latency time variable. Solid line: median; dash

dotted lines: 0.025 and 0.975 quantiles.
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3.22.1Spatial transmission

FMD transmission between IPs was modelled using a kernbhsed approach,
similar to that used previously for avian influenza(Truscott et al., 2007) FMD (Chis
Ster and Feguson, 2007, Chis Ster et al., 200ahd bluetongue(de Koeijer et al., 2011)
Accordingly, the force of infection_experienced bya susceptible IPQfrom an infected
IP "Cat time Owas assumed to be
YO Q 00

where! was the transmission rate parameter (set as 5.8x1¥) (Haydon et al., 1997)

Y {0 (i=15.2) and”Y a0 (0=4.3x107) identify, respectively, the per-capita
susceptibility and the per-capita transmissibility parameters for the total animal
population 6 on any given IP(Keeling et al., 2003) The distance kernetb Q was
implemented as a densityindependent formulation andwas given by:

aQ
B aQ

where the geographical distane Qbetween the IP locations was calculated using the

®wQ

Haversine formula (Sinnott, 1984). The spatial dispersion kernel @ Q  was
implemented as a poweflaw function (Chis Ster and Ferguson, 2007@iven by:
aQ p ?—

The kernel offset [ ) and power () parameters were retrieved from the
literature (Chis Ster and Ferguson, 2007, Chis Ster et al., 2009he transmission
probability from an infected IP"Qo a susceptible IPQat time 0Ois then given by:

n p Q

The algorithm used to infer themost likely transmission tree (Figure 3-3)
implemented a maximumtlikelihood approach with a discrete time step (i.e.one day)
for evaluating time dependencies between any source and recipient IP pairs given the
transmission probability of link. The parentdaughter links were stochastically

assigned using a multivariate trial based on their estimated likelihoods.

3.2.2.2 Prevalence and incidence estimation

Prevalence and incidence curves were based on three estimates, which

corresponded to the tme of three disease stages set for each IP and as described in
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§3.2.2. TheDd prevalence assumes infectionto be defined over the interval from
exposed to culledThed  assumes infectionto be defined over the interval fromthe
appearance ofésions to culled Thed  assumes infection is defined over the interval
from reporting to culled, and in each case prevalence at any point is the number of
farms infected when infection is defined by these different waysfhe ‘O incidence
estimates the number of newexposedIPs at each timeglexpressed in days)over the
entire duration of the epidemic; the’O incidence estimates the number of new IPs
showing lesionsat eachday; 'O incidence estimates the number of new IPsbeing
reported each dayover the entire course of the epidemic. These measures could be
arbitrarily classified as exposure prevalence/incidence (e.g. 0 prevalence),
infectious  prevalencef/incidence (e.g. 0 prevalence) and reporting

prevalence/incidence(e.g.0  prevalence).

3.2.2.3 Computing the generation time

Several definitions of generation timeare present in the literature. The
epidemiological generation time is the time interval between sequential cases, which
is assumed to be equal to the duration of infectiousneg&ine, 2003, Svensson, 2007,
Pomeroy et al., 2008, van Ballegooijen et al., 200 owever,Kenah et al. (2008yefer
to the above epidemiological quantity as the generation interval, where the generation
time is recognised to be the average duration of infection, which is longer than the
generation interval during the exponentialphase of an epidemic and shorter in the
decline phase(Koelle and Rasmussen, 2012)Others studies describe the generation
time as the prevalenceto-incidence ratio (Frost and Volz, 2013, Whe et al., 2006)or
the expected time before an infected individual transmits the infectiofFrost and Volz,
2010). Although in population biology aplethora of gereration time definitions exist
(Steiner et al., 2@4), the common definition of intergeneration interval or time
between two consecutive generations within a population i(e.the parent-daughter
interval) (Bienvenu and Legendre, 2015)would essentially overlap with the first
epidemiological definition of generation time given above. In coalesceitased
approaches, however, the generation time might be also described as the time between
transmission events (Kuhnert et al., 2011) For the purpose of this study, three

formulations of the generation time have been investigated
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Generation timet

The first formulation defines the generation time with its common
epidemiological definition of time interval between sequential casegFine, 2003,
Svensson, 2007, Pomeroy et al., 2008, van Ballegooijen et al., 20@#)ich has been
computed from the reconstructed UK 2001 transmission tree ag Y Yo,
where Qs the parent IP andQis the daughter. This formulation will be referred in this

text as the epidemiological generation time.

Generation timet
The second formulation defins the generation time asthe time interval
between epidemiologicaly unrelated cases, or the serial cases interva{Frost and Volz,

2010). This parameterisation has been computed from the UK 2001 epidemiological
data ast B —, where 6 is the actual count of infected cases at timed. This

definition of generation time will be referred in text as the serial case intervat .

Generation timet

The last formulation of the generation timeis defined asthe average time
between infections at a given time at the population levelThis has been computed
using the inverse of theincidenceto-prevalenceratio (White et al., 2006, Frost and

Volz, 2013) Thus itcan be derived from the empirical epidemiological dataat each
time 0 of the UK 2001 FMD epidemias—. This definition will be referred to in the

text as the prevalenceto-incidence ratiot .
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T-rem (X Y) g For:infectStep in infectTime (min=lesT[i], max=remT[i])
4 9. For:kin 1:IP
10. If: infectStepl=expT[k]

. 3

]

1

1

1

v

]
1
~,
Yo Y " next
) 12 Else
Lage “‘ 13. set recipient IP as IP[K]
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I : 18. Else
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21, Endifelse
res 22. Endlfelse
23. EndFor
24. EndFor
25.  Endifelse
26. EndFor
27.EndFor
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30. store index of IPs potentially susceptible of infection from IP[i] which(remTlil<expT<lesTli])
TP | ———| §"eP 31. For:kin 14P

32, If:IP[K] has maximum transmission probability|list of likely IPs

33. set transmission link between IP(i] and IP[k]=1
34.  Else
35. set transmission link between IP(i] and IP[k]=0

. . Endifel
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e < 38. EndFor
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Figure 3-3. Transmission tree model scheme and algorithm . Direct acyclic graph illustrating dependencies in
the model [bold symbols represent set of variablesig.”Y Y OBRY )]

3.2.3 Geneticsimulation

FMDV genetic sequences were simulated implementing thEamura and Nei
(1993) model of DNA sequence evolution, which defines the follamg nucleotide

substitution rate matrix:

||“ T |l“T T e

. ‘ o Te T

oo Te P B |
P T | I

where nucleotides are ordered T, C, A and G. The parameters used for the TN93 model
are specified inTable 3-2. The TN93 model was selected for genetic simulations after
performing jModelTest 2.17 analysis(Guindon and Gascuel, 2003, Darriba et al., 2012)
using the 39 fullgenome UK 2001 FMDYV field isolates, which reported the TN93 as the

best-fit model of nucleotide substitution.

Table 3-2. Description of parameters defined for the Tamura and Nei model of nucleotide substitution
(Tamura and Nei, 1993) .

Symbol Details

“ KR R Frequencies of nucleotide T, C, A, and G

“ R Frequencies of pyrimidines and purines

| h Rates of transitional changes between purines and between pirimidines
I Rate of transversional changes
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A previously sequenced FMDV isolate collected from the outbreak source IP
(IP4) during the UK 2001 FMDepidemic (Appendix 3) was used for setting the initial
virus genome from which the sequences of HPwere generated according to the
previously reconstructed transmission tree network. FMDV was defined to evolve at a
molecular clock rate * equal to 2.37x10° nt/site/day (Orton et al., 2013) as
parameterised using BEAST &.0 (Drummond and Rambaut, 2007, Drummond et al.,
2012). For each transmission link, the number of nucleotidesy which a virus genome
sampled on farm™Qdiffered from that on the farm from which it was infected (farm'®
was randomly sampled from a Poisson distributiond ¢ "Qi setting the meanto be _
‘¥, where was the length of the FMDV complete genoniéor the UK 2001 FMD
epidemic 0 is equal to 8196 nucleotides as estimated from the field isolate¢Cottam
et al., 2006) and Yo is the evolutionary duration (the sum of the time intervals
computed along the transmission treez refer to 3.2.3.1). The algorithm used to
simulate FMDV sequences implemest a discretetime Markov chain model of first
order (Rios Insua et al., 2012}o derive nucleotide changes in the recipient genome
which depended on the nucleotide state of the source genomé-igure 3-5). In this
inference scheme, the Markov transition probability matrixd o n Q over
time O estimated from the source genome using the TN93 model providethe
probability of selecting any of the four nucleotides to be changedt the randomly
selected sitein the recipient genome determined chosenfrom a discrete uniform
distribution Y ph) .The] h R parameters used to derive) 6 were estimated from
the available UK 2001 FMDV fuljenome sequencesAppendix 3), resulting in values
of 11.325, 23.281 and 3, respectively.

I Pr(S,=A |$,=G)
— TR

. For:seqStep in seqTime (min=repT, max=remT)
. For:iin 1IP
If: seqStep!=repTTi] or genomeli] is not present
next
Else
set source as genome(i]
For: kin 14P
If: k in not linked with i (transTree=0) or genomelk] is present

. next
10. Else
1. set recipient as genome(k]
return At and randomly return ntSubs from poisson distribution f(x,uMAt)
13 randomly allocate change sites from uniform distribution f(kM)|ntSubs
14. return nucleotide frequencies of genomel(i]
15. return substitution rate matrix of genome[7][TN93 model
return transition probability matrix of genome[i][TN93 model
17 generate genome[k] through Markov-chain process
For: site in changeSites
19. return the state site nucleotide from genomel[i]
20. return transition probabilities of recipient nuclectide|nucleotide[genomelil site]
21. randomly sample nucleotide to change|transition probabilities
EndFor
23 copy conserved nucleotides from genome(f] to genome[k]
24. Endifelse
25, EndFor
. Endlfelse
. EndFor
28.EndFor
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Figure 3-4. Genetic simulation model scheme and algorithm. Nucleotide substitution probabilities set under the
discrete-time Markov chain model of first order.
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3.2.3.1Simulation of geneticmutations along the transmission tree

The evolutionary duration Y0 has been derived from the reconstructed
transmission tree taking into account the dependency structure of sampled isolates.
Briefly, avirus is introduced in an epidemiological system at coalescent timé and
evolves along aransmission tree structured as in Figue 3-5. Thus, the time length of
the evolutionary duration of a sampled isolate"Ywhich evolved from a coalescent
ancestor¢ is equal to:

Yo Y Y Y Y

As a result of the underlying tree structure, how time fixed mutations are passed
to subsequent generations varies according to the numbers of lines of descent derived
from a single coalescent ancestor. Virus lineages can evolve directly from a single
coalescent ancestoand, therefore, they nherit the mutations of the genome sequences
at the ancestor point(as being the case fofY and Y which are directly descending
from 0 and0 ).For example, he sampled virus isolate'Y, directly descended fronmthe
index virus 0 , shares common mutationswith the intermediate lineage recovered at
the coalescent timed which are accumulated within the”Y  “Y time interval, and
has unique mutations accumulated during théY  “Y time. Alternatively, multiple
coalescent events are branched from the evolving virus lineage of a single coalescent
ancestor: this lineage acquires genetic mutations forwardn time which are then
inherited and recovered at each subsequent coalescent point and, therefore, passed to
descent sampled isolatesAs an example othe latter case the sampledvirus isolate Y
is descended from theevolving lineage derived from the coalescent ancestod but is
directly originated from an intermediate lineage recovered at coalescent time .
Therefore, "Y shares mutations which are chronologically accumulated by
intermediate lineages recovered at coalescent time§ (within the "Y "Y time
interval), 6 (within the Y Y time interval) and 0 (within the "Y "Y time
interval), andis characterised byunique mutations accumulated during the’Y Y
time.

The above evolutionary structure defined for inheriting mutations between
infector and infected farmsenables the preservation othe dependenciesof sampled
lineages alongthe transmission tree which are recovered from the simulated

sequenceslin addition, in order to account for high within-farm genetic diversity in
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systems where multiple animals are infected within a farm (as being the case for the
UK 2001 FMD outbreak), the coalescent event for multiple evolving lineages wasto
be early in infection, backward intime of the first related coalescent ancesto(i.e.the

infection time of the infector farm rather than the infection time of the infected farm)
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Figure 3-5. Evolutionary structure of the dependency between sampled lineages along a reconstructed
transmission tree. Red nodes represent coalescent ancestors; orange nodes represent coalescent events of single
lineages, whilst green tips represent sampledirus isolates.

3.2.32 Evolutionary analysis of the UK 2001 FMDV WGS simulated

alignment

Evolutionary analyses wereperformed usingBEAST 18.0 package(Drummond
et al., 2012, Drummond and Rambaut, 2007)he analysis was executed with the TN93
substitution model and the strict clock evolutionary mode] setting the molecular clock
used for the simulation (2.30x105) as the substitution rate defined by a gamma
distribution & Il h— prior of 1=0.0084 and —=1000.0. A piecewise constant Bayesian
skyline model with 10 groups was used as tree prio(Drummond et al., 2005) Other
priors were set with the defaults parameters Additional comparisons using only VP1

coding sequences \&re alsoundertaken.
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3.2.4 Model implementation

The modelwas coded in the R programming languagéR Core Team, 2015)
Running the transmission tree reconstruction for the full UK 2001 FMD outbreak (2026
IPs) and simulating the corresponding genetic compeent took about 15 minutes using
R 32.10n an Intel i7 Quad Core processor with clock speed 3.40 GHz and 16 Gb of RAM

memory.

3.3 Results

Three different epidemic datasetswere constructed from the overall UK 2001
FMD database the first, usedthe entire set of IPs described by DEFRA at the time of
the epidemic £ =2026); the second excludd IPs that were at a later stage r@ssessed
as negative premises based on the laboratory analysis of collected saegland those
with missing results §€=1428); the third includ ed only the confirmed IPs and those
with missing results €=1616) (Ferris et al., 2006, Taylor, 2012)For each of these
datasets a transmission tree was estimated and corresponding WGSs simulatédl.

parameters arereported together with their standard deviations.

3.3.1 UK 2001 FMD transmission tree reconstruction

From the reconstructed transmission tree, epidemiological parameters were
estimated according totwo points in time of the UK 2001 FMD epidemic. These
corresponded to the introduction of the national movement ban NMB) (5t day from
the start of the epidemic)and the subsequent 24/48 hour IP/CP culling policy41stday

from the start of the epidemic) The average number of secondary case¥ () generated
from a single IP across the entire outbreals constrained to be equal te— (Figure 3-

5). The 'Y mean estimates were shown to increase for the period before the
introduction of the NMB (55) and to decrease following the implementation of the
24/48 hour IP/CP culling policy (0.8).
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The average value of theepidemiologicalgeneration time T was estimatedto be
7.2+2.7 days for the entire outbreak(Figure 3-6, Table 33). T wasfound to beshorter
for the period precedingthe NMB (2.2:2.3), conversely estimatedor the periods after
the implementation of the two different control policies (NMB andthe 24/48 hour
IP/CP culling policy) were not significantly different from the averagevalue obtained
for the entire epidemic. The average srial case intervalt was estimatedto be8.7 days,
and was 2.5+0.9 days before the NMB was implemented. The introduction of the NMB
and the24/48 hour IP/CP culling policiesimpacted ont which lengthenedto 13.7+5.9
and 14.3t4.4, respectively.The prevalenceto-incidence ratio t was found to be on
average 12.28.4, and lower for the period before the NMB wasimposed (average
value of 4.12.2), indicating an increasing generatiortime for new IPsfollowing NMB.
With the implementation of the NMB and the further24/48 hour IP/CP culling policy
t increased to 9.2+3.2 and 13.5:8.9, respectively

The culling time, defined by the time interval between exposuréY and the
stamping-out of the animals present in the IP"Y ), was estimated on average as
9.1+2.8 days. This interval was not found to bstatistically different for the epidemic
period preceding the NMB, proceeding the NMB and following the implementation of
the 24/48 hour IP/CP culling policy (Appendix 4) (1>0.05).

The average geographical distance of paremtaughter transmission links was
estimated to be 27.6£60.2 km. Before the implementation of the NMB control policy
longer transmission links were reported (average value of 273%245.9 km), whilst
more locally definedinfection routes were estimated after the introduction of both the
NMB and the24/48 hour IP/CP culling policies (average value of 22.8344.7 km and
30.5+62.5 km, respectively).

Similar results were obtained assessing the other UK 2001 FMD epidemic

datasets (Appendix 4), vith no statistical significant difference to report {>0.05).
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Figure 3-6. Number of secondary cases per primary infection ( 4  A) and epidemiological generation time
(WB), serial case interval (W C) and prevalence-to-incidence ratio ( W, D) estimated for th e UK 2001 FMD
epidemic using the full IP sdataset (» =2026). Blue lines: kernel density estimates; alid lines: mean; dotted lines:
0.025 and 0.975 quantiles.

The reconstructed epidemic tree for the UK 2001 FMBpidemic is shown in
Figure 3-7, along with the probabilities of transmission estimated for the established
parent-daughter links. Visually inspecting the tree, the epidemic could be regarded as
subdivided in 3 phasesa first exponentially growing phase lasting until -50th day from
the start of the epidemic, the initial decline phase lasting up to the ~8@ day of the
epidemic, andaprolonged O O-ph&skEuntil the end of the epidemicThese phases were
found to overlap with the shape of the epidemic curve drawn from thencidence cases
over time data, defining an upward slopavith a peak at the 4% day (time frame 1stto
45t day), a downward slopeuntil the 80t day (time frame 46t to 80t day) and the
final tail-phase(time frame 81stto 232ndday). No substantial variations were observed
in the tree topologies running the model using the three differentepidemic datasets.
The epidemic size ie.incidence cases over time) estimated from theeconstructed
epidemic curve resulted in an average value &9+11.5 IPs/day with a total number
of 52 new IPs (O ) reported at the epidemic peak(Table 3-3). The datapreceding,
proceedingthe NMB and following the 24/48 hour IP/CP culling policy were estimated
as4.1+2.8,29.8+12.2and5.1+£5.81Ps/day, respectively (Appendix 5) At the time when
the 24/48 hour IP/CP culling policy came into force, 57% (1149/2026) of IPs was
reported to be already infected.No statistical differences (>0.05) were reported
between the incidences estimated using the different formulations defined i83.2.2.2

Average disease prevalence for the entire epidemic was estimated as 88133.88 IPs
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using thed  formulation, with the prevalence size at epidaic peak of 442 IPgTable
3-3). Average values of 18815.4, 272.A#129.7and 56.%71.9 IPswere estimated from
the data preceding, proceedingthe NMB and following the 24/48 hour IP/CP culling
policy (Appendix 5). Statistical differences weredescribed between the three
formulations of prevalence(d ,0 and0 , defined in§3.2.2.9 (<0.001),with an
average multiplicative factor of ~2 between prevalences estimated at sequential
disease stages

The probability of transmission for the parent-daughter links (as estimated
through the  equation in §3.2.2.1)were generally indicative of one most likely link
£l O Al OE OEA ETEOEAI AT A OEA AT AET ¢ DPEAC
uncertainty was observed for evaluating the middle phase (time window between ~35
and ~50 days from the beginning of the epidemic)No significant differences were

reported between the three different epidemic datasetsr(>0.05).

Table 3-3. Empirical prevalence |}, incidence & epidemiological generation time Wserial case interval
prevalence -to-incidence ratio V\/.and number of secondary cases per primary infection 4 (with its variance

o % &  estimated from the reconstructed transmission tree  according to each phase of the UK 2001 FMD
epidemic .

Epidemic Phase

Overall Exponential Peak Decline Tail End
Epidemiological W 7.18+2.70 7.42+2.87 - 6.56+2.21 7.42+2.60
Serial case interval W 8.73 9.33+6.06 21.30 22.06+1.15 12.67+2.90
Prevalence-to-incidence ratio W\ 12.25+8.40 7.57+3.19 12.82 15.37+5.84 12.99+9.52
Number of secondary cases 5 0.99+1.99 1.33£2.52 0.58+0.89 0.74+1.39 0.93+1.87
o+, 3.95 6.37 0.79 1.94 3.51
0 88.29+113.88 195.42+153.66 442.00 202.88+115.54 30.57+14.13
Prevalence 0 46.18+60.81 96.40+81.70 230.00 144.00+64.42 15.89+7.45
] 20.36+30.71 48.38+44.15 127.00 50.06+20.90 5.33+3.47
‘O 8.88+11.50 22.33+15.44 52.00 15.43+10.72 3.12+2.22
Incidence K©) 8.73t11.42 18.11+15.36 47.00 20.48+12.32 3.15+£2.23
‘0 9.04+11.50 19.27+13.99 46.00 23.31+12.79 3.27+2.34
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Figure 3-7. Transmission tree (top graph) and probability of parent -daughter established links (bottom
graph) reconstructed using the full IPs dataset (= =2026). Colours for the transmission tree define theé'Y
(black),”Y (red) and”Y (blue) diseasestages durations, respectivelyEpidemic curveswere estimated from the
0 (orange), 0 (green) and O (blue) prevalence data. Values of the estimated probabilityry of the
established transmission links are defined in the legend

3.3.2 UK 2001 FMDV genetic simulation

The nucleotide composition for the simulated FMDV genome sequences was
represented by anaverage proportion of 0.215 (95PI 0.214to 0.216), 0.279 (95PI
0.278t0 0.280), 0.247 (95P1 0.2460 0.248) and 0.258 (95P1 0.2560 0.259) T, C, A and
G nucleotides, respectively. No differences were found (>0.05 comparing the
nucleotide composition d the simulated data with the WGSgenerated from the UK

2001 FMDV field isolates € =39), the latter returning an average proportion of 0.215,

93



Chapter 3z A Model Framework for Simulating Spacelime Epidemiological andGenetic Data

0.279, 0.248 and 0.258 for T, C, A and G nucleosgeespectively.The average number
of nt substitutions per transmission link (Appendix 5) estimated from the full
simulated data was 4.5£6.3. An average of 6.2+4.4, 6.1+8.3 and 3.3%4.26 nt
substitution s/transmission link were estimated for the period preceding, proceeding
the NMB and following the 24/48 hour IP/CP culling policy, respectivelyNo significant
differences (1>0.05) in the estimated nt substitution/transmission link were reported

for the 1616IPs and 1428 IPs datasets (Appendix 5. The observed evolutionary
distance and total nt changes calculated from the index IP (IP4) were found to increase
linearly with time ('Y =093;°G;, =27291) (Figure 3-8). The linearity in the nt change

over time was also recovered from the 16161Ps anti428 IPs.
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Figure 3-8. Accumulation of nucleotide differences Imeesiirsr?:'ratst)ed from the index IP (IP4) for the full IPs UK 2001
FMDV WGS simulated alignment (n=2026) with time expressed in days. Size of the points increases with
increased number of ntsubstitutions. Shaded area represents 95% confidence intervals for the fitted line.

The phylogenetic trees reconstructed from the simulated data are shown in
Figure 3-9. Although characterised by a highcomplexity due to the number of
sequences the phylogenydrawn from the simulated data definel five phylogenetic
clusters, which were recognised in both the neighbo#oining tree and the time-
stamped one generated from the BEAST analysedNo substantial variations were
apparent from the topology of the phylogenetic trees reconstructed from the three
different epidemicscenariosinvestigated. ThisO 1 A A AAs@oldgy of the trees might
be due to strong continual selective pressure with a rapid turnover of lineages over

time and strong temporalclustering (Gray et al., 2011, Grenfell et al., 2004)
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X

Figure 3-9. Tree phylogenies reconstructed using the FMDV WGS simul ated from the full IP s dataset
(= =2026). The phylogenetic trees were computed using the neighbgpining method in MEGA6.06 (A), and time-
stamped fom the BEAST analyss (B). All the trees were rooted from the outbreak source (IP4).

3.32.1UK 2001FMDV evolutionary analysisusing WGS data

The average evolutionary duration ¥0) was estimated asl4.8+3.7 days for the
full outbreak time window, with the periods preceding, proceedingthe NMB and the
24/48 hour IP/CP culling policy were comparable with theaveragevalue estimated for
the entire epidemic. No significant variation (7>0.5) in the Yoestimateswere obtained
running the simulation model for the three differentepidemic datasets and for each of
the time-period assessed Appendix 5).

The molecular clock reconstructed from BEAST resulted in a value of @5x10>
nt/site/day (95%HPD1.97x105to 2.14x105), with no statistical difference observed
for the other epidemic datasets j>0.05). These results were comparable with those
estimated from the 39 previously sequenced UK 2001 FMDV field isolates [2.26x3.0
nt/site/day, using a relaxed-exponential clock model (Cottam et al., 2006) 2.08x10>
nt/site/day, using a relaxed-constant clock model (Cottam et al., 2008a) 2.33%x105
nt/site/day here re-estimated using the same strict clock model assumed for
simulating the WGSk

3.3.2.2UK 2001FMDV evolutionary analysisusing VP1 coding sequences
A molecular clock reconstructed from EEASTusing the VP1 coding sequences

extracted from the simulated datafor the full epidemic dataset(¢ =2026) resulted in a
value of 2.3x105 (95%HPD 194x10° to 2.54x10%), which was comparablewith
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those obtained from the WGS simulation and previously published dafaee 3.3.2.1]
The average number oft substitutions per transmission link estimatedfrom the full
simulated data of VP1 coding sequencesvas 0.44+1.13. An average 0f0.80+0.84,
0.60£1.59 and 0.31+0.63 nt substitution s/transmission link were estimated for the
period preceding, proceeding the NMB and following the 24/48 hour IP/CP culling
policy, respectively.No sgnificant differences (1>0.05) were reported when analysing

the nt substitutions per transmission link usingthe 1616 IPs and1428 IPsdatasets

3.3.3 Validating simulation with field isolates

To assess the validity of thesimulation process a subset of thdully simulated
WGSdatabase was extracted, which corresporet to the £€=39 UK 2001 FMDV field
isolates previously sequenced Appendix 3). Phylogenetic reconstrucion was
conducted in both MEGA 86 (Tamura et al., 2013)using the neighborjoining method
and in BEASTusingthe same parametersasusedfor the full analysis (TN93, strict clock
and BSPmodels). The averagepairwise number of nt substitution was estimatedto be
26.2+17.2 (95%PI 5 to 63, max=91) for the real data,and 44.8+27.4 (95%PI 6.5 to 96,
min=0, max=109) for the simulated datg with an absolute difference between the real
and simulated data of18.6 nt. In addition, the total number of nt substitutions
estimated between the source (IP4) and the leestreported IP with sequence(IP2027)
(i.e.root-to-tip distance) was 50 and 85.5+7.0 for the field isolates and the simulated
data, respectively(absolute difference 0f24.5nt). The molecular clock estimated from
the UK 2001 FMDYV field isolates returned a value of33x105 (95%HPD 1.94x105 to
2.71x10) nt/site/day, whereas a value 0f3.47x10°5 (95%HPD2.94x10> to 4.00x10-
5) nt/site/day was obtained from the simulated data. Again, these values were in line
with those estimated from thefull-simulated epidemic, the VP1 only analysisnd with

those retrieved from previously published studies pee 3.22.1].

96



Chapter 3z A Model Framework for Simulating Spaceime Epidemiological andGenetic Data

Figure 3-10. Phylogenetic reconstruction of the = =39 UK 2001 FMDV WGSgenerated from the field isolates
(lower row) and simulated by the model ( upper row). The left hand side trees were computed using the
neighbor-joining method in MEGA 6.06whilst the right hand side trees werereconstructed using BEAST. A the
trees were rooted from the outbreak source (IP4).

The phylogenies obtained from both the UK 2001 FMDV isolates and the
simulated data are shown irFigure 3-10. According to the structure of the tree, isolates
were branching subsequently along the &e. In addition, phylogenetic links were in
some cases established between different lineagesis observed for the field and

simulated data

3.4 Discussion

This chapter ha beendevotedto presenting the computational algorithm and
methodological assumptions underlying thedevelopment of the transmission tree
reconstruction and genetic simulation modelsapplied to the UK 2001 FMD epidemic
in order to produce the first dataset of WGS data from a fullyesolved transmission
tree obtained from a real epidemic¢c from where the demography of the infected
population (either expressed as prevalence or incidence) is fully knowrhis model
framework is akey tool for testing the core hypothesis of this PhD prect, that genetic
sequences cary a demographic signal that can beeventually related in an
epidemiological context with the prevalence of infected cas&his will be the leading

challenge addressed inChapter 4, wherethe relationship between the effective
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population size 0 derived from the BSP analysis and the actual number of infected
cases estimated from either the empirical prevalence or incidence data will be
investigated.

Although the transmission tree model lere presented was a simplistic
representation of the process underlying the transmission dynamgof FMD, itwas not
intended to be informative of the precise mechanisms of transmissiorut to capture
the main features of transmissionin time and space.Therefore, the objective of the
algorithm developed for reconstructing the transmission treewas to provide a
plausible transmission tree that captures the majority of the epidemic,defines the
mainstay for the simulation process and provides a reatic framework for the
simulation. Additionally, the model assumes that individualpremises are not subject
to multiple infections and, hence, thalgorithm generates a singlesource-recipient link
for each IR However, gven the relative rapidity with which culling policies were
applied during the UK 2001 FMD epidemic, it could be assumed that multiple infections
were unlikely to have played a major role in the epidemic.

The results generated from the reconstruction of the UK 2001 FMD
transmission tree have characterised many of the primary features of tte epidemic,
and generatedargely comparable data withthose previously published (Chis Ster and
Ferguson, 2007, Haydon et al., 2003, Gibbens et al.,, 2001, Cottam et al., 2008a)
Examining the results generated usingthe parent-daughter transmission links
established by the reconstructed transmission treethe full epidemic curve of the
entire UK 2001 FMD epidemic was characterised by phases of exponential growth,
decline andtail end. Theseepidemic phases corresponddto different epidemiological
features of the epidemic process with shorterserial case intervals longer distance
transmission links and large variance in thenumber of secondary cases per primary
infection observed during the exponential phase, contrary tthose for the decline and
tail end phases. These findings match with the control policies imposat the time of
the outbreak, with no significant differences reported between thestart of the NMB
and thetime whenthe 24/48 hour IP/CP culling policy came into force This might lead
to the suggestion of a relatively low impact of th&4/48 hour IP/CP culling policy on
the further reduction of the transmission process subsequent to thenplementation of
the NMB and moreover,when the epidemic wasalready starting to decline. In fact, the
estimated prevalenceto-incidence ratio returned very similar vaues for the decline

and tail end phasessuggestingthat after the epidemic peak (which was earlier than
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the beginning of the 24/48 hour IP/CP culling policy) new IPsare generated in direct
proportion to the existing prevalence {.e.Y is constant and slightly less than 1).

The molecular clock recovered frm the fully-simulated FMDV WGS data vga
found to be similar to the one estimated from the 39 WG$enerated from thefield
isolates, which provides confidence around the robustness aml validity of the
simulation process The differences observed in comparing the UK 2001 FMDV field
isolates and the corresponding simulated lineageare likely to be mostly explained by
the spacetime process for generating the transmission tree which, aslready
discussed might not be entirely accurate in establishing the actual transmission links
observed during the UK 2001 FMD epidemitiowever,this would likely have a limited
influence on the simulation of the evolutionary process and the reconstrucion of the
underlying phylogenetic trees. Similar results were obtained performing the analyses
with only the VP1 coding region sequences, although with an expected greater degree
of uncertainty given by the wider confidence intervals of the estimategharameters
relative to those obtained using the WGS. This can be easily linked to the lowe
resolution provided by the VP1 coding region sequences, which represents only 8% of
the complete FMDV genome.

The average number of nt substitutios per transmission links estimated from
the WGS simulated alignmentwas very similar in comparison to that previously
reported (Cottam et al., 2008a) even matching the difference reported between the
mean number of substitutions per transmission link when partitioned into
transmission events preceding andproceeding the NMB However, mmparing the
extracted 39 simulated sequences with thecorresponding field isolates, a relative
difference wasapparent between observed and simulated sequencdsr the average
nt substitutions recovered over the root-to-tip distances which were higher for the
simulated WGSIt should be noted that the former estimate was established using only
20 WGSs generated from the Darlington cluster, which potentially mighnot be
generalised to the evolutionary process underlying the full epidemic eventn a real
epidemic, genetic change might acquire from withiffarm evolutionary processesfor
which multiple cycles of infection might be present oneach IP. The process lere
developed for simulating the virus evolution does consideralthough in a very crude
form, the within-farm process which contribute to the genetic diversity observed
between the sequences recovered from each IFFor example, coalescent models

assumethat the transmission eventis coincident with the coalescent event, which
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might be not the case when significant variation is seen at the withifarm evolutionary
scale.However, the impact of the withinfarm evolutionary dynamics on the short
timescale considered for an epidemic eventould be regarded as limitedand unlikely

to add significantvariation over and above thatobserved at consensusevel (King et

al., unpublished data).
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CHAPTER 4
Reconstructing virus population s dynamics

over time

4.1 Rationale

In population genetics factors that cause differencedetween( and the census
population size 0 have been well studied As already reviewed in Chapter 10 is
AA EET Adsizd @ anGd@ased population experiencing the same rate of random
genetic change ovetime as the real population under consideratid @Nright, 1931,
Wright, 1938), assuming that thesetwo populations have the same propertiesunder
neutral selection (i.e.for the Wright-Fisher modelb e 0). However, violations of the

assumptions underlying the WrightFisher model leads to a reduction i) relative to
0, and the ratio — assesgsthe departure from the assumption of the idealised model

(Felsenstein, 1971, Kimura and Crow, 1963)) can be assumed to scale to the getic
diversity of the population as measured by the population genetic parametexand by
making various assumptions it is possible to identify additional scaling factors that
relate O to the census population siza) (Magiorkinis et al., 2013). The challenge in
this chapter is to identify and empirically test the performance of different scaling
factors that can be used to relaté to the census population size in an epidemiological
context.

In epidemiology, the census population size relates to the actualumbers of
infected cases measured as an estimate of prevalena®, possibly incidence. he
correlation between 0 and the actual numbers of infected caseshas been studied
under the assumption of a timevarying coalescent model(Griffiths and Tavare,
1994a), and sugges$ that no simple relationship or clear transformation exists
between thesetwo quantities (Frost and Volz, 2010, Volz et al., 2009The lack of a
clear relationship between the effective and actual population sizeas been attributed
to the variable nature of theserial case intervalt . The serial case intervawill vary
over the course ofan epidemic (e.g.shortening during the exponential phase when the

full population is susceptible and expanthg when the susceptible populationbecomes
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depleted z i.e. during the decline and/or tail end phases) causing variation in the
relationship between transmission rate and thenumber of infected individuals.
Bedford et al. (2011)found t to beinversely proportional to the contact rate during
the expansion phase of an epidemic, whilstt was estimated to be inversely
proportional to the rate of recovery when at equilibrium. However, during the
exponential phase of an epidemic or within a steady endemic statehere T is roughly
constant, a direct transformation mightbe found (Koelle and Rasmussen, 2012hence
0 estimates would be proportional to the prevalence of infectionFrost and Volz,
2010). It should be noted that atsteady state prevalence isalso proportional to
incidence. The fact that thet varies over the course of an epidemic implies that it

might not be straightforward to estimate 0 at a given time(de Silva et al., 2012)

4.2 Methodological process for scaling 4 o0 the actual

infected population size

This chapter reports studies of the viral population demography estimated from
the genetic data simulated using the model described in Chapter 3. The aim is to
investigate the relationship between) andthe actualnumbersof infected cases (cases
here ae defined asnumbers of IPs) derived from the 0 prevalence data, and
estimated from a fully-resolved epidemic, the UK 2001 FMD epidemic. In order to
investigate the correlation betweenestimates of0 derived from the BSPand thereal
numbers of infected cases,three scaling formulations were examined, which also
accounted for the variability in the generation time within the time frame of an
epidemic.Accounthas also been taken ahe definition of generation time provided in
83.2.2.3.The resulting prediction estimatefrom the 0 scalingshould be consideredas
A POT @gu 1T &£ DPOAOGAI AT AA T AAOOOAR OEAOAAE C
b O A O A 1h AThé\fika derivation of the different scaling equations for estimating) *

is summarised in Table 41.
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4.2.1 Reconstructing 4 _ changes through time from a

|
Bayesian Skyline analysis

As detailed in81.2.1 and84.1, the parameter—can be equated to the product
0 T(Drummond et al., 2002) Rearrangingfor U , the latter equationresults in0 -,

that is the skyline-derived effective population size( . This value is easily computed
using the BSPRderived —and the generation timeestimated from the UK 2001 FMD
data, for which both thetand T definitions have been usedsee§83.2.2.3) The above

used for assessing thepotential of using 0 estimates for predicting the actual

demography of aninfected population.

4.2.2 Deriving infection prevalence 4*

4.2.2.1 Reconstructingd * assuming variance in the number of secondary

cases per primary infectiory

The ratio between the effective and actual population size- has beenrelated
to the variance in the reproduction success (Kingman, 1982b, Tavare et al., 19971h
the following way: 0 —. The variance in the reproduction success, in an
epidemiological context isthe variance in the number of secondary infections per

primary infections [i.e.0 @1Y ] or by the alternative form —— p, whichaccounts

for the fraction of the host population that is susceptible to infection(Koelle and

Rasmussen, 2012) These two formulations lead to the following expressions for the

derived infection prevalence 0° and 0° . This scaling

formulation has been termedthe ® d@iY OAAT ET C /referdring oA &d dt &
al. (1997) or Koelle and Rasmussen (2012pr differentiating between the two 0 @ iY
derivation forms. Both T and t definitions of generation time have been usedvithin

the context of the abovescaling formulations (see 83.2.2.3)
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4.2.2.2Reconstructingd © assumingthe number of lineages as a function of

time

Athird formulation for deriving the infection prevalence( * from 0 estimates
has been investigated assuming that the populatioinom which the observed data have
been extracted ishomogeneouslymixing (Keeling and Rohani, 2008, Law et al., 2008)
Assumingthat the coalescent ratas equalto that of a haploid WrightFisher modeland
expressing the phylogenetic structure by the number of lineages as a function of time

(NLFT), Frost and Volz (2013)derived adirect scaling formulation for the0 estimate
from the BSP analysiqconsidering for this case0 — as— —, where "Ohere

denotes the number of infected individuals(originally termed in the study asthe
OAEAEAAOCEOA 1 O).Wki®) scalingormvfafodtieigénédiion timehas
been strictly definedwith the prevalenceto-incidence ratiot definition (see83.2.2.3)

Thusrearranging for ‘Gand assuming0 *  "Qthe final scaling equation results in *

—. This scaling formulation has been termedhe ®IFLTscaling formulationd 8

Table 4-1. Comparison of scaling equations of the effective population size J_derived fr om time -varying

coalescent based models for recovering the infection prevalence 2*. Parameters are defined as followt =
epidemiological generation time, T = serial case interval,T = prevalenceto-incidence ratio,,, = variance in the
reproductive successD 1Y =variance in the number of secondary infections per primary infectionsQ 'Y =
mean of the number of secondary infections per primary infections—= genetic diversity.

Generation Time 4 JJ Scalin?BIZS.alljcz)tgrr] Igcjlating P

Final Derivation Reference

(Kingman, 1982b)
. . e (Tavare et al., 897)
L 6 -n, 0ol b v &Y (Drummond et al., 2002)
T T (Fine, 2003)
(Svensson, 2007)
. (Kingman, 1982b)
o . — e —U &Y (Tavare et al., 1997)
T (Drummond et al., 2002)
(Frost and Volz, 2010)
(Kingman, 1982b)
(Tavare et al., 1997)
e —L Yy 0 (Drummond et al., 2002)
P T OY (Fine, 2003)
(Svensson, 2007)
(Koelle and Rasmussen, 2012)
(Kingman, 1982b)
o (Tavare et al., 1997)
6 . — b GOIY ., —L®Y 0V (Drummond et al., 2002)
- oy P Y ToY (Fine, 2003)
(Svensson, 2007)
(Koelle and Rasmussen, 2012)
c— (Drummond et al., 2002)
t o = V- 0 T (White et al., 2006)
(Frost and Volz, 2013)

T 0

c

|
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__<.

—+1
=

104



Chapter 4z Reconstructing viral populations dynamics over time

4.2.2.3Computation of infection prevalenc® “ using the UK 2001 FMD
simulated WGS

Twelve realisations of the UK 2001 FMD transmission tree reconstruan and
genetic simulation generaéd full WGSdatasets €=2026 IPs) as detailed in 83.3. For
each simulated alignmentBEAST 18.0 package(Drummond et al., 2012, Drummond
and Rambaut, 2007)was employed to reconstruct the demomphy of the FMDV
population from the simulated data using theBSPmodel (Drummond et al., 2005) The
analysis was undertaken with the TN93 substitution model and the strict clock
evolutionary model, the average rate of thdixed clock model as the one used for the
simulation (2.33x105 nt/site/day) and defining a gamma distribution & lh— of
1=0.0084 and —=1000.0 for the substitution rate prior. Other priors were set with the
default values. Furthermore, epidemiological parameters used for formulating the
scaling equations presented in Table4 (i.e.t,T,T ,0 @iY ,O'Y ) have been either
estimated by averaging over the time course of the epidemic or estimated as changing
through time, leading to two different scaling approaches, namely average and time
varying. Thus, te time-varying scaling approach takes into accounthe variability in
time of the UK 2001 FMD epidemic and, therefore, of each epidemiological parameter
used to derive the infection prevalence) “. Natural splines(Harrell, 2001) were fitted
to time-varying data and used to smooth andhterpolate the required data for each
time point. Fitting procedures have been performed in R 3.2.1 using theplines
package(R Core Team, 2015)Thet generation time has not been smoothed since it
can be easily estimated in continuous time from the UK 2001 FMD empirical data.

The root-meansquared deviation (RMSD)was used for estimating the
numerical departure of the recovered( “ from the empirical count of infected cases,
expressed as prevalence. T# statistical parameter is a scaledependent accuracy
measure based on the absolute squared errowhich provides an indication of the
difference between values predicted by g@iven model and the actual datgd Hyndman

and Koehler, 2006) For the scaling study, this can be estimated a¥0 "YO*

O 0° 0 ,where0 can denoteprevalenceor incidenceestimated at timeo. The
RMSDreturn s a value of zero if the correlated tine-series are perfectlymatching( * e

0 T
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4.2.3 Investigating the impact of changing o $ # ( on the

recovery of the infection prevalence 4 °

To investigate the effect ofb @Y in estimating the infection prevalence0 *
from a BSPscaled( , a full simulation of a FMD stationary systemvas undertaken
The model structure wasbased onthe scheme presented in Chapter 3, from which a
monophyletic FMDV transmission scenario was generated using an individubhsed
non-spatial simulation of the transmission tree. This full simulation has been
introduced to avoid potential secondary effects which might results by forcing high
0 @iY atthe transmission level structure of the UK 2001 FMD outbreak datkor the
stationary system, the stages andherefore, the timing of the FMD progression for an

IP “Quere defined beginning with theinfection time Y , at which a lateng period O
commences Following the incubation period, the IP beames infectious at time”Y

maintaining its infectivity for a period O until the IP is removed from the system at
time Y . The clinical sample is collected at timéY , which alsodefinesthe time a
viral sequence”Y is obtained (Figure 4-1). The duration of the latency period O
was randomly drawn from a gamma distributionc | h—, whichwas defined by a shape
and scale parameters ofl =22.12 and —=0.22, respectively (F4.87 and, =1.07)
(Charleston et al., 2011, Mardones et al., 2010)he duration of infectious periodO
was randomly sampled from a lognormal distribution 0 1 & h, defined on a log
scale by a mean and standard deviation parameters 0¥1.15 and, =0.38, respectively
[modified from Charleston et al. (2011).

Dfm Diinf
_— _ -
Jk)=i o
kar kaf
T, e Ikanf ITkmm
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k

Figure 4-1. Dynamical model of FMDV transmission for a FMD stationary system between a parent IP  #and
a daughter IP
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The negative binomial distribution has beenpreviously used to model the
variation in the number of progenies per individual parent Low values of the
dispersion parameter Qdescribes the situation when only a smallproportion of IPs go
on to transmit the infection, whilst large values of the dispesion parameter indicates
that the infected population contributes more uniformly to the future transmission
(Lloyd-Smith, 2007, LIoydSmith et al., 2005, Garske and Rhodes, 200&pllowing the
methods provided by the above studies,hte number of caughter IPsto be infected by
each parent IP were randomly generated through a negative binomial distribution
0 6 defined by a meart which was made dependent on the ratio ofhe required
OOAOCAOS OmleAddrait dylilibriim and the current simulatedprevalence
0 (=070 ).The dispersion parameterQwas setat different values(i.e.0.01, 0.1,
0.5, 1, 10, 50and 100) thus investigating the influence ofvarying b @1Y on0°.The
computational approach implemented allowed maintaining théY parameter constant
throughout the simulation at an averagevalue ~1 while varying its variance. The
simulation of the genetic sequences sampled at time&¥  was processed under the
Markovian evolutionary model presented in Chapter 3, where thé&/® evolutionary
duration was estimated along the simulated transmission treeaccording to the
methodology described in§3.2.3.1.

The molecular clock for simulating FMDV WGS data was set at 2205
nt/site/day , matching the ore used for the UK 2001 FMD simulationThe simulation
was run until 10000 IPshad been generatedbut only a random sample of 1000 IPs and
corresponding FMDV WGSs were extracted from the full dataset. This random sample
was obtained only when the simulationreached its stationary prevalence equilibrium

(i.e.at the predefined0 value).

4.2.3.1 Computation of infection prevalencde” from the simulated FMD

stationary system

BEAST 1.8.0 analysiswere performed for reconstructing the BSP plot
(Drummond et al., 2005, Drummond et al., 2012)ising the same settings previously
described for the UK 2001 FMD epidemic: TN93 substitution model, strict clock
evolutionary model and using the molecular clock inputted for the simlation as the

substitution rate prior. Infected population size curves extracted from the prevalence
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data of the entire simulated databaseg(=10000) (for the prevalence computation refer
to 83.2.2.2) were compared with both the effective population size0 and the
recovered infection prevalence 0 * derived from the BSP estimates using the average
scaling approach as previously described in §4.23. The results obtained with this
approach were analysed with the same methodology described above for the UK 2001

FMD epidemic reconstruction and using the scaling equations presented in Tablel4

4.3 Results

4.3.1 Average scaling approach

From the infection prevalence( * estimates derived from each of the scaling
equations provided in Table 41, sevenpairwise correlation analyses were undertaken
for assessing the similarity between the 0° curves with the real epidemic curves
obtained from the 0 prevalence measure (as detailed in §3.2.2.2) The results
produced for the 7 comparisonsare presented in Table 42 and ranked indescending
order from the best fit to the poorest one according to the RMSD parameters estimated.

All parameters are reportedtogether with their standard deviations.

108



Table 4-2. Statistical parameters estimated from the pairwise correlation between infection prevalence 2 and the empirical prevalence data extracted from the UK 2001 FMD
epidemic using each of the three scaling equations. Data were ranked in descending order from the best fit. Prevalence data wesstimated using the formulation defined in §3.2.2.2 Average
scaling approach.

Rank Scaling Equation Generation Time Prevalence Empirical Peak 4% peak RMSD N 4

1 o - Epidemiological t 0 439.8+£3.2 351.0+37.4 30.4+5.0 1.06+0.05 0.93+0.02
2 o — Prevalenceto-incidence ratio t 0 439.8+3.2 419.6+47.6 35.3+7.1 0.88+0.05 0.93+0.02
3 6 - Serial case intervalf 0 439.8+3.2 291.2+28.7 41.9+4.4 1.27+0.05 0.93+0.02
4 6 — Serial case intervalf 0 439.8+3.2 1132.9+120.8 291.1+20.5 0.33+0.01 0.93+0.02
5 6" —— Serial case intervalf 0 439.8+3.2 1135.1+121.0 292.0+20.5 0.33+0.01 0.93+0.02
6 6F — Epidemiological t 0 439.8+3.2 1365.7+157.1 379.1+31.2 0.27+0.02 0.93+0.02
7 6" —— Epidemiological t 0 439.8+3.2 1368.8+157.5 380.3£31.2 0.27+0.02 0.93+0.02

Table 4-3. Statistical parameters estimated from the correlation between infection prevalence 4% and the empirical prevalence data extracted from the UK 2001 FMD epidemic using
each of the three scaling equations. Data were ranked in descending order fronthe best fit. Prevalence data werestimated using the formulation defined in83.2.2.2.Time-varying scaling
approach.

Rank Scaling Equation Generation Time Prevalence Empirical Peak 47 peak RMSD n q

1 6 - Epidemiological t 0 439.8£3.2 310.0+29.8 37.9+4.3 1.20+0.05 0.93+0.01
2 0 — Prevalenceto-incidence ratio t 0 439.8+3.2 543.4+44.0 86.7+10.8 0.66+0.04 0.83+0.05
3 VI Serial case intervalt 0 439.8+3.2 377.7£56.5 108.0+4.3 1.07+0.13 0.24+0.05
4 0° Epidemiological T 0 439.8+3.2 2502.5+427.9 746.8+134.1 0.14+0.03 0.59+0.08
5 6F — Epidemiological T 0 439.8+3.2 2596.8+489.8 777.8+151.2 0.14+0.03 0.58+0.08
6 6 — Serial case intervalt 0 439.8£3.2 7399.5+1999.1 1250.4+270.7 0.04+0.01 0.03+0.01
7 6F — Serial case intervalt 0 439.8+3.2 7709.0+2269.6 1299.8+310.7 0.04+0.01 0.03+0.01
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The best fit was obtainedby the simple derivation of 0 from the BSP scaled
using theepidemiological generation timet (RMSD=30.4+5.0). Thescaling formulation
ranked second wasOE ALFDOA AT ET C /A(RMSEDEBE.20DH,whidh also
produced the closest match with the empirical epidemic peak (average difference of
20.2 IPs) The third ranked 0 ° was obtained scaling the BSRusing the serial case
interval T (RMSD=1.9+4.4). The resuls produced usingthe first two ranked scaling
formulatons AT A OEA T 1T A ARDE @RATAEDIC MK & AOCET |
Koelle and Rasmussen (2012) derivation ob 1Y and the serial case intervalt ]
have been further analysed within this chapter, whilst) “ curves and analyses gathered
from the remaining 4 pairwise comparisonsare presented in Appendix 6Incidence
was found to be invariably lower than the infection prevalencé * recovered from each
of the 7 scaling correlation matrices showing high deviance values and low similarity
(RMSD>150). Therefore, this relationship has not been investigated further in the

study.

4.3.1.1Skylinescaledeffective population sizé

Assuming the generation timewith its epidemiological definition (83.2.2.3), the
0 curves derived using the skyline scaling formulation are shown in Figure-2. A high
level of consistency was produced across the2lrealisations of the UK 2001 FMDV
simulated WGS, with the shape and the structure of the trajectory largely preserved.
Visually inspecting the0 curve generated from the¢ =2026 IPs dataset, the epidemic
phases characterising the shape of the epidemic curve could be identified from the
skyline trajectories, albeit some variabilities observed between runsDissecting the
epidemic curve intothe three subsequent phasegas define in83.3.1) the correlation
of the actualnumber of infected casedrom 0 and scaled) values are presented in
Table 44. The correlation between) and0  was described to be higly linearly
correlated (average'Y value of 0.8B+0.02), thus resulting in very low deviance
(RMSD=30.4+5.0) estimate (Table 44). The average) estimated for the full epidemic
dataset €=2026) was found to be 77.7+3.5 cases/day, whilst the averagedata
estimated for the exponential, peak, decline and tail end phases wel&5.9+10.4,
351.0£37.4, 149.6+6.0 and 24.2+1.3 cases/day. To define the numerical size gap

between 0 and prevalence, the count lag of the two quantities has been assessed
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through a regression through the origin RTO), reasonably assuming priori that at
time t=0 of the epidemic when no infection is generated both and prevalencevalues
are equal to 0 and, thus, no constant term would be defined for a linear model (in
addition, the coalescent theory proposes thab is directly proportional to 0 ). Lag
estimates based on the slope of the regressor returned from the RTOe(0 [ 0 )
found § values to be on averagd.06+0.05 times lower than thed  (<0.001). The
actual difference in the peak size between the empirical  prevalence and the scaled
0 was estimated to be on averagef 88.8+37.4 cases whilst the absolute difference of
cases across the entire UK 2001 FMD epidemic returned an average value of 8.3
IPs.
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Figure 4-2. Saled J_ estimated from 1 2 realisation s of the UK 2001 FMDV simulated WGS data and
reconstructed using the full IPs ( = =2026) epidemic dataset. Epidemic curvewasestimated fromthe 0 (blue)
prevalencedataas defined in§3.2.2.2 Generation time is defined with theepidemiological f formulation (§3.2.2.3)

Table 4-4. Overall and time specific number of infected cases estimated under 1 2 realisations of the UK 2001
FMD full IPs (= =2026) epidemic dataset from the empirical epidemiological data and the scaled 4 -
recovered from the BSP analysis. Generation time is defined withthe epidemiological T formulation.

Epidemic Phase

Overall Exponential Peak Decline Plateau
Generation Time t 7.16x0.07 7.59+0.12 - 6.48+0.09 7.18+0.09
Prevalence 0 88.42+0.32 195.01+2.15 439.83+3.19 203.17+0.83 30.62+0.04
Effective Population Size 0 77.69£3.50 145.17#9.34 351.03+37.41 182.77+9.40 24.75+1.34
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4.3.1.2 Infection prevalence 0 “estimated using the 0 1Y scaling

formulation

Computing the serial case intervalt and scaling the0 estimates using the
formulation of Koelle and Rasmussen (2012)hich account for0 @iY in the infected
population structure (84.1.2.2), the recovered infection prevalencel® curve is
presented in Figure 43. Although the correlation between empirical and predicted
prevalence was described as being highly linear (averagé value of 0.8+0.02), 0
estimates werereported to be higher than those extracted from thectual number of
IPs recovered from thed , on averageof the order of 3.1+0.01 (1<0.001) (Table 4
2). In fact, the absolute difference in term of the size of the epidemic peak was
estimated to beon average 63.0+120.8 IPs (Table 44), whilst across the entire UK
2001 FMD epidemic the average absolute difference was estimatexbe 162.2+9.4IPs.
Deviance reported between the’Y and the reconstructed infection prevalencel *
was, on average?291.1+20.5(Table 4-5).
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Figure 4-3. Infection prevalence 4 estimated from 1 2 realisation s of the UK 2001 FMDV simulated WGS
data and reconstructed using the full IPs ( = =2026) epidemic dataset. The variance in the secondary cases per
primary infection Y was assumed theKoelle and Rasmussen (2012jormulation (84.2.2.1) Generation time is
defined with the serial case intervalt formulation (§3.2.2.3) Epidemic curvewasestimated from the 0 (blue)
prevalencedata as defined in§3.2.2.2
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Table 4-5. Overall and time specific number of infected cases estimated under 12 realisations for the UK
2001 FMD full IPs (==2026) epidemic dataset from the empirical epidemiological data and the scaled
infection preva lence 4* estimated under the assumption of variance in =| < Koelle and Rasmussen (2012)
parameterisation (84.2.2.1)]. Generation time is defined with the serial case interval formulation (83.2.2.3).

Epidemic Phase

Overall Exponential Peak Decline Plateau
Serial Case Interval T 8.69+0.01 9.95+0.29 22.16+0.46 22.09+0.01 12.68£0.01
Prevalence 0 88.42+0.32 195.01+2.15 439.83+3.19 203.17+0.83  30.62+0.04
Infection Prevalence 6° 251.18+9.44  469.08+22.00 1135.15+121.01 590.85+24.23  80.04+4.50

4.3.1.3Infection prevalence “estimatedusing theNLFTscaling formulation

Expressing the phylogenetic structure by NLFTthe generation time used for
estimating the infection prevalencel * has been defined as the prevalene®-incidence
ratio t (Frost and Volz, 2013) Visually evaluating the( * trajectories resulting from
the 12 realisations of the UK 2001 FMDsimulation model (Figure 4-4), a substantial
overlap with the epidemic curve estimated from thed  prevalencewas observed
with the prevalence found to be 1.1+0.05 times lower than the predicted infection
prevalencel ° values The average absolute difference over the entire epidemic was
found to beof only 4.4+5.1 IPs, with the difference at the epidemic peak ¢20.2+47.6
IPs (Table 45). The closefit between actual and predicted datavas further described
by the lowest deviation (RMSD=35.3+7.1). In addition, the infection prevalence0? “ and

the actual number of infectedshoweda strong linear correlation (Y =0.93+£0.02).
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Figure 4-4. Infection prevalence 4 estimated from 1 2 realisation s of the UK 2001 FMDV simulated WGS
data and reconstructed using the full IPs ( = =2026) epidemic dataset. Genegation time is parameterised as the
prevalenceto-incidence ratiot (Frost and Volz, 2013)(8§3.2.2.3,84.2.2.2) Epidemic curvewasestimated from the
0  (blue) prevalencedataas defined in§3.2.2.2
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Table 4-6. Overall and time specific number of infected cases estimated under 12 realisations for the UK
2001 FMD full IPs (==2026) epidemic dataset from the empirical epidemiological data and the scaled
infection prevalence 4° estimated by expressing the phylogenetic str ucture by NLFT. Generation time is
defined with the prevalenceto-incidence ratiot formulation (83.2.2.3,84.2.2.2).

Epidemic Phase

Overall Exponential Peak Decline Plateau
Prevalence-to-Incidence Ratio T 12.15+0.40 7.81+1.15 11.85+2.71 15.33+0.97 12.82+0.52
Prevalence 0 88.42+0.32 195.01+2.15 439.83+3.19 203.1740.83  30.62+0.04
Infection Prevalence 0’ 92.87+5.14  173.53+12.55 419.61+47.58 218.50+13.66 29.58+1.93

4.3.2 Time-varying scaling approach

As detailed in the materialand methods section §4.2.2.3), with the time-
varying approach the parameters used within each of the scaling formulation were
estimated as discretetime valuesusing interpolated spline curveson the empirical UK
2001 FMD epidemiological data. Fgure 4-6 shows the splines fitfor each ofthe
epidemiologicalgeneration time T, theprevalenceto-incidence ratiot , the'Y average
valueand thevariance in'Y , whilst in Table 47 the estimatesgenerated for each of the
above parameters and the serial case intervalr , are reported. Differently from the
decline and plateau phases, a substantial departure from the overall average estimates
were reported for the exponential phase of the UK 2001 FMD epidemic, where a large
O @WiY and alowt were recorded (Table 47), with 0 @iY producing very high
values within the first 10 days from the beginning of the epidemicAs perthe serial
case intervalt , estimates werefound to increase with time, where lower values were

reported for the exponential phase a opposed to the later epidemic phases.
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Figure 4-5. Natural splines interpolation for time  -varying epidemiological parameter s estimated from the
empirical UK 2001 FMD epidemic data. Generation timet (A), prevalenceto-incidence ratio t (B), average
number of secondary cases per primanynfection 'Y (C), variance in the number of secondary cases per primary
infection 0 MY .

Table 4-7. Epidemiological parameters estimated following natural spline interpolations of the 1 2
realisation s of the reconstructed UK 2001 FMD transmission tree.

Epidemic Phase

Overall Exponential Peak Decline Plateau
Epidemiological Generation Time (VW  5.91+0.10 7.57+0.11 5.91+0.10 6.93+0.07  5.35+0.67
Serial Caselnterval (W) 8.73 9.42+0.38 21.40+0.68 22.06+0.05 12.68+0.01
Prevalence-to-Incidence Ratio (W) 11.63+0.21 8.07+0.21 11.64+0.21 11.71+0.4 12.70+0.26
{ (Variance 4.28+0.45 12.18+2.25 4.28+0.45 2.75+0.52  2.23+0.19
4 Mean 0.99+0.04  2.04+0.26  1.16+0.07 1.09+0.05 0.98+0.04

Similarly to that reported for the average scaling approactspline fitted values
were then used to investigate the effect of the timearying scaling approach for
deriving the 0 estimates and, thus, the infection prevalencé “ curve. Therefore,
twenty one pairwise correlation analyseswere also undertaken between the 0 °
estimates derived by using the timevarying parameter estimates foreach of the
scaling equations provided in Table 4 and thed  prevalenceestimate (as detailed
in 83.2.2.2) The results produced are presented in Table-d and ranked indescending
order from the best fit to the poorest according to the RMS3 estimates. The full details
of the results generated from each of the scaling formulation are presented in Appdir
7.

As observed with the average scaling approachhe best fit wasstill obtained
with the scaling formulation consisting of the simple derivation ofd from the BSP
scaled using the serial case intervat, although returning relatively higher deviance
estimates (RMSD=37.9+4.3) (Table 4-3). With the time-varying scaling approach, the
absolute difference in size of the entire epidemic between predicted and actual data
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was estimated a€9).5+2.7 IPs,although with a larger distance between epidemic peaks
(129.8+£29.8 IPs) from what estimated usingthe average scaling approacliFigure 4-
6). Overall, thescaled0 was found to be 12+0.05 times lower than the actual number
of infected IPs derived from thed  prevalence. Predicted and empirical data were
described as highly linear correlated {Y =0.93+£0.01) (Table 4-3).

The infection prevalenceb> AAOE OA A RNIGED ICAIGHAC OBvadi Ol
ranked second similar to the average scaling approagclpbut here reporting lower
similarity with the shape and trajectory of the empirical data(RMSD=86.7+10.9)
(Table 4-3). On visual inspection, the0 * curve was found toreach the peak of the
epidemic earlier in time than the oneobtained from the average scaling approach
(=34t day), thus shifting the 0 * curve to the left. The distance estimated between the
epidemic peaks recovered from predicted and actual dataas higher(103.6£44.0IPs)
(Figure 4-6). In addition, the difference betweend and{ * at the exponential phase
was very large, with an average of 199424.1 mare predicted casesThe ratio between
empirical and predicted data was estimated a®.66+0.04. The linear correlation was
found to be lower than that obtained using the average scaling approach
('Y =0.83+0.05) (Table 4-3).

The correlation between 6° AAOEOAA EOWI OOKIAETE A&l Oi
[assuming theKoelle and Rasmussen (201 2)erivation of 0 1Y and the serial case
interval T]and0 , produced incorrect results by implementing the time-varying
scaling approach with very low similarity observed between the empirical and
predicted prevalence curve§RMSD=4250.4+270.7) (Table 4-3). Visually the infection
prevalencel ° curves wereconspicuouslynoisy with the epidemic peak shifted earlier
in time (~10% day) (Figure 4-6). The difference in size between predicted and
empirical data was reported to be on averagé18.4+90.3IPs, with a peak difference of
6959.7+1999.1 casesOverall, the infectionprevalence 0 “ was found to be25 times
higher than the empirical 0 prevalence returning a very low linear correlation
('Y =0.03+0.01) (Table 4-3).
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Figure 4-6. Infection prevalence 4* estimated from 1 2 realisation s of the UK 2001 FMDV simulated WGS
data and reconstructed using the full IPs ( ==2026) epidemic dataset using the time -varying scaling
approach . () * derived with the: NLFTformulation (A), 0 formulation (B) and 0 & 1iY formulation assumed as the
Koelle and Rasmussen (2012jorm (C) (84.2.1 and§4.2.2). Epidemic curvewas estimated from the 0 (blue)
prevalencedata as defined in§3.2.2.2
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4.3.3 Viral demography reconstruction through simulation s

of a FMDstationary system

A full simulation of an FMD stationary system was undertaken to investigate the
effect of varyingb @ 1Y on the prediction of the actual number of infected case from
an infection prevalence( * estimate. For this purpose, different infected population
structures using different values of 0 @iY (generated through changing the
dispersion parameter Q) were tested using the three highest ranked scaling
formulation resulting from 84.3.1and usingthe average scaling approachrable 4-8
reports the epidemiological parameters estimated from each of the simulati@using
a range ofdispersion parameters for generating the number of IP daughters for each
parent IP.The epidemiological generation time T was maintained constant across each
of the simulations while varying ‘Qwith valuescorresponding to that estimated from
the UK 2001 FMD epidemiclt was interesting to find that the serial case intervalt
was not substantially affected by varyingv @1iY , returning a very similar value
(average value of 39.125.3) for all the 8 different Qparameterisations (although with
relatively higher standard deviation estimated for’(s 1 8 fh€r@&imber of secondary
case per primary infection'Y was also very similar while varying 0 1Y , but
reporting higher standard deviation estimates whersmall dispersion parameter'Qvas
inputted in the simulation (i.e.mainly at 0.01 and 0.1values), which thusresulted in a
high 0 @iY as expected As shown in Figure 47 to 4-9, the prevalence curves
estimated from the simulatedFMD stationarysystems dearly fluctuated lessthrough
time when Qwas large thus generating a more stable systerand resulting in low
0 1Y estimates The epidemiological parametersderived with 1<'<0.5 werethose
that corresponded tothose estimated from the UK 2001 FMD epidemic, although the
serial case interval was muchhigher. Clock rates estimated from BEAST were closely
matched with the one used for simulating the FMDV WGS, althougjiigher rates were
obtained with dispersion parameters set at 0.01x0.1. The95%HPD intervals were

found to bewider for the scenarios characterised bynigh 0 wiY [data not shown].
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Table 4-8. Epidemiological parameters estimated from the stationary FMD simulation and using different
dispersio n parameters for generating the number of IP daughters for each parent IP.
T 8= Dispersion Parameter

0.01 0.1 0.5 1 10 50 100 1000
Generation Time (Y 7.21£152 7.09+1.74 7.13+1.66 7.03+1.63 7.07+1.65 7.09+1.66 7.08+1.64 7.07+1.62
Serial Caselnterval (W) 46.15+9.50 39.15+19.46 37.45+26.87 42.14+23.18 27.70+21.04 41.09+22.73 40.40+22.69 38.85+20.88
4 variance 109.93 11.55 391 259 1.26 121 1.18 1.13
4 Mean 1.00+10.48 1.04£3.40 1.07+1.99 1.06+1.61 1.06+1.12 1.06+1.10 1.07+1.09 1.06+1.11
Prev-to-Inc Ratio (W) 23.79+44.38 11.61+13.40 10.73+9.15 10.33+6.56 1041+7.07 10.33+6.42 10.14+5.58 10.51+8.08
Clock Rate (nt/site/day) 5.24x105 2.96x105 2.17x105 2.07x105 1.91x105 1.95x105 1.94x105 1.94x105

4.3.3.1Skyline scale@ffective population sizé

The effective population size) scaledfrom the BSPRestimatesof the FMDV WGS
simulated under the stationary system and derived using the epidemiological
formulation of the generation time 1, are plotted in Figure 47 along with the
reconstructed epidemic curve drawn from thed  prevalencedata. It is clear from a
visual inspection that the decrease in théQdispersion parameter used for simulating
the population dynamics [thus increasing the U @iY ], was correlated with the
increase in thel predicted infected population size. Starting from a value of 10 used
for the dispersion parameter'Q(0 was found to bereachingthe size of the empirical
prevalence estimated from thed  data. The differerce in size was describeavith the
prevalence databeing 12 times higher than the( values(RMSD=228.5)Table 4-9).
No significant variation between simulations ran usingvalues in the 50 to 1000 range
were observed(>0.05). At values of the dispesion parameter 10<'(x1 (a scenario that
is close tothe UK 2001 FMD epidemic), thé “ curve was found tobe lower than the
actual 0 prevalence, althoughclosely reconstructing the empirical prevalence
trajectory. For this case, the)  estimates were1.8 and 1.2 times higher than the

predicted infection prevalencel * for ‘&1 and ‘=10, respectively.
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Figure 4-7. Saled J.estimated using the BSP from the WGS generated by the stationary FMD simulation

O 6" dispersion parameter set as 0.0XA), 0.1 (B), 0.5 (C), 1 (D), 10 (E), 50 (F) 100 (G), and 1000 (Bpidemic
curve was estimated from the 0 (blue) prevalencedata. Generation time & defined with the epidemiological t
formulation. Average scaling implementton.

Table 4-9. Statistical parameters estimated from the correlation between scaled 4 aValues based on the BSP
and the empirical prevalence data extracted from the simulated FMD stationary system under different
parameterisations of the dispersion par ameter B Generation time is defined with epidemiological t
formulation. Average scaling implementation.

4 || #hem Dispersion Parameter
0.01 0.1 0.5 1 10 50 100 1000
RMSD 471.7 492.0 475.5 345.5 228.5 247.9 248.7 255.1
5 28.19 7.01 2.77 1.85 1.23 1.22 1.27 1.14
=| 0.85 0.92 0.91 0.87 0.88 0.87 0.88 0.82

120



Chapter 4z Reconstructing viral populations dynamics over time

4.33.2 Infection prevalence 0 “estimated using the0 1Y scaling

formulation

Including the 0 @ 1Y of the Koelle and Rasmussen (2012Jorm and the serial
case intervalt as scaling parametes for recovering the infection prevalence( *“ using
the estimates obtained from the BSP analysis, thig" curves reconstructed for each of
the simulation scenarics of theFMD stationary system argresented in Figure 48. The
recovered( * estimates were found to be directly proportional with thedecreasein the
0 @WIY produced by larger dispersion parameter Qused for sampling from the
negative binomial distribution. At ‘G0.01 [0 ®iY =109.9], the 0  prevalence was
estimated on average 1.6 times higher tham *, with a relatively higher deviance
(RMSD=254.8)(Tables 4-10). In addition, the oscillatory structure of the empirical
prevalence was not fully repoduced by the predicted( * trajectory. With a decrease
step in ‘Q[value of 0.1,0 &iY =13.9], the infection prevalencel * was found to be
further decreasing its correlation with the 0 prevalence (RMSD=402.4) thus
indicating a drop in the number of infected cases recovered hy* with the decrease in
the 0 @IY of the system.A further increase of the dispersion parameter’Qfor
simulating a decrease in tha) 1Y of the system produced a furtherdrop in the 6 *
estimates. On averagaith Q p,the 0 prevalence was found to be 460.90 times
higher than 0 * , with predicted and empirical data being reported as highly linearly
related (average'Y value of 086+0.03) (Table 4-10). For the scenario corresponding
to the UK 2001 FMD 10<'Gx1), G * was found largely lower than thed  prevalence,

with the latter being 3.5+0.4 times higher than the( * estimates,
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Figure 4-8. Infection prevalence 4* estimated from the WGSgenerated by the stationary FMD simulation.
The variance in the secondary cases per primary infectiod for the scaling equation has been assumed as tKeelle
and Rasmussen (2012jormulation. Generation time is defined with the serial case intervat formulation. § & "G
dispersion parameter set as 0.01A), 0.1 (B), 0.5 (C), 1 (D), 10 (E), 50 (F) 100 (G), and 1000 (Hpidemic curve
wasestimated from the 0 (blue) prevalencedata.

Table 4-10. Statistical parameters estimated for the relationship between infection prevalence 4z
estimated under the assumption of variance in =| 4JKoelle and Rasmussen (2012) parameterisation] and the
empirical prevalence data extracted f rom the simulated stationary system under different
parameterisations of the dispersion parameter F Generation time is defined with the serial case intervat
formulation. Averagescaling implementation.

4 || #hem Dispersion Parameter
0.01 0.1 0.5 1 10 50 100 1000
RMSD 254.8 402.4 506.9 479.7 435.1 521.2 524.4 479.5
7 1.62 3.12 3.23 3.84 3.39 5.18 5.38 4.53
4 0.85 0.92 0.91 0.87 0.88 0.87 0.88 0.82
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4.3.3.3Infection prevalence “estimated using thé&NLFTscaling formulation

Expressing the phylogenetic structure by NLFT andsing the prevalenceto-
incidence ratiot for recoveringthe infection prevalences °, the effect of the different
values ofthe dispersion parameter’Q[and thus thed & 1Y ] used for simulating the
FMDstationary systemis presented in Figure 49. As observedrom the reconstructed
0 curves,the decreasein the dispersion parameter’Qused forthe negative binomial
distribution and, therefore, theincrease ofin the b @1Y valuewas correlated with a
decrease in 0°, although constantly providing a fair degree of precision in
reconstructing the shapeand trajectory of the prevalence curve At higher 0 @ iY
(109.9 and 11.5, derived using ‘&0.01 and 0.1, respectively)no clear correlation
between therecovered( * and prevalence was reportedwith very low deviances from
0 estimated (RMSD477.4 for k=0.01, and RMSD475.8 for k=0.1) (Table 4-11).
Increasing the dispersion parameterQat values of 0.5 and 1 ®iY equal to 39 and
2.6, respectively], 0 “ predicted estimates started to increase, although producing high
deviances fromthe prevalencedata extracted from the 0 time (RMS=405.7 for
0.5, and RMSD269.4for ‘1) (Table 411). Empirical 0 prevalence was found to
be of the order of 2.1 &0.5) and 1.4 {Gx1) times higher than the nfection prevalence
0 “, respectively. With a further increase in the dispersion parametefQ(between 10
and 100) and thusa decrease irthe 0 1Y (estimated on average as 1£0.04),a more
evident correlation between the recovered() “ andthe 0 prevalencewas observed.
On averageRMSDdeviance estimates wageported to be 222.9+12.7 (Table 4-11),
with 0 “ values to be 1.8+0.01 times lower than thed . This difference wasnot found
to be statistically significant (1>0.05). For values of Qcorresponding to the UK 2001
FMD epidemic (0<Gx1), b * was again observed to béighly correlated with the 0
prevalence, although being on average 0.3 higher than the empirical datawith the

shape of the() * trajectory closely matching the enpirical 0 curve.
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Figure 4-9. Infection prevalence 4 estimated from the WGS generated by the stationary FMD simulation.
Generation time is parameterised as the prevalenem-incidence ratiot (Frost and Volz, 2013)83.2.2.3,84.2.2.2)
0 6 dispersion parameter set as 0.01A), 0.1 (B), 0.5 (C), 1 (D), 10 (E), 50 (F) 100 (G), and 1000 (Hpidemic
curve was estimated from the 0 (blue) prevalencedata.

Table 4-11. Statistical parameters estimated for the relationship between infection prevalence 4z
estimated by expressing the phylogenetic structure by NLFT and the empirical prevalence data extracted
from the simulated stationary system under different p  arameterisations of the dispersion parameter 2
Generation time is defined with theprevalenceto-incidence ratiot formulation (§3.2.2.384.2.2.2) Average scaling
implementation.

4 || Bhem Dispersion Parameter
0.01 0.1 0.5 1 10 50 100 1000
RMSD 477.4 475.8 405.7 269.4 210.3 235.8 222.8 264.0
Iy 46.02 5.73 2.08 1.36 0.91 0.89 0.91 0.85
=| 0.85 0.92 0.91 0.87 0.88 0.87 0.88 0.82
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4.4 Discussion

In this chapter, a thorough investigation of e relationship that existsbetween
the effective population size0 extracted from the BSPand the actualnumber of
infected caseshas been pesented The aim was toattempt to identify a valid

formulation which can be used tcscalel to a proxy measure ofempirical prevalence
data, heretermed the infection prevalence( °. Three formulations derived from —

equations (asin Table 4-1) were tested with two different scaling approackes, namely
average and timevarying, describng the potential epidemiological and/or
evolutionary factors associated with the relationship of these two quantities, from a
simple linear scalingof generation timeto the account of complex variabilities in the
population structure under study. The uniqueness of this study reliesn the data which,
albeit simulated for its genetic component, have been obtained from a single
exhausive and fully-resolved epidemic {.e.the UK 2001 FMD epidemic)where the
demography of the infected population is fully knownthus enabling measurement of

a direct correlation in time between the real epidemic size and the recoveradfection
prevalence0 *.

Although the shape and trajectory of the scaled)” curve followed with
precision the epidemic curve generated from therevalence data and a strong linear
relationship has been established’Y value of up t00.93), the exact matchvaried
considerablyaccording to the scaling formulation usedThus,defining prevalence data
according to the timing of theFMD diseaseprogression (as previously described in
§3.2.2.9, different correlations exist between the infection prevalence 6° and the
prevalence data extracted from each of the timeelated FMD stages. It isevident that,
using 0 estimated directly from the BSP and scaling this quantity usingthe
epidemiological definition of generation timet, a clearcorrelation with the prevalence
extracted from the0  is observed Expressing the phylogenetic structure by NLFT
and using the prevalenceo-incidence ratio T for deriving the infection prevalence0 *,
this quantity effectively resolves the shape and trajectory of the prevalence computed
fromthe 0  data.On the other hand, acounting for the variability in the number of
progeny per single IP generated across the different phases dhe epidemic and using
the Koelle and Rasmussen (2012prm of 0 w 1Y along with the serial case intervalt

for recovering 0°, estimates were observed to not correlate with the infected

125



Chapter 4z Reconstructing viral populations dynamics over time

population size derivedfrom the 0  prevalence data where the predicted() © was
found to be considerably higher than the empirical prevalencelhis finding indicates
that, for correctly scaling an estnate of 0 to the actual number of infected cases
(expressed as prevalence) the generation time should be measuredy as the

prevalence to incidence ratiot ,and scaling shouldexpress the phylogenetic structure

by the number of lineages as &nction of time.

Investigating the effect of theb @iY on the estimation of the infected
population demography and &amining the results obtained from the analysis of the
stationary FMD simulation, it isevident that the variability in the number of secondary
cases per primary infection’Y greatly impacts on the BSP reconstruction of the actual
number of infected cases and, although accurately desciig the shape of the
demographic curve and its trajectory, tle increase in the stochast reproduction of the
infected population [i.e. @ 1Y ] significantly reduces the BSRiccuracy.This outcome
has beenconsistently observed for every formulation used to scale the BSP estimates
to either the effective population size) or the infection prevalencel °, even those that
include the variance in the number of secondary cases per primary infecticexplicitly
in the formulation of the scaling equation On the other handwhen 0 @1iY is reduced
by increasingthe dispersion parameterQthe infection prevalencet * matchesthe 0
prevalence,although the predse relationship varies according tothe formulation used
for scaling the BSP datand, therefore, the model assumptionsFor example, the fit
from the scaling equation that considerghe phylogenetic structure by NLFTsuggess
that in a morehomogeneousFMDsystem [i.e. with'Q 10 and0 ®iY Hp ¥ prédicied
infection prevalence (° is a good approximationto the empirical IP count (0
derived). This meanghat every IP in the system has the same chance of transmitting
infection to subsequent generations and, therefore, the average time between
infectionsis the only possible scaling factor and igonstant

Assuming a more stochastic disease systenm which the presence of
Guperspreadersis not solely driving the transmission process[i.e. 0.5<&10 and
¢ M @iy M3], estimates of infection prevalence 0° provided by the scaling
transformation of 0 which account for 0 @1iY , closely match with the empirical
infected population size (0  derived), maintaining or even increasingits accuracy
when the system is structured as being more homogeneous [i.e. wiff 10 and
0 OiY Hp Wisen 10<'x1, the FMD stationary system returnsery similar estimates

of epidemiological parameters(i.e.t ,0 @iy ,0Y , 1) to those obtained from the
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UK 2001 FMDempirical data, with a further similarity on the correlation between the
infection prevalence()* recovered using theNLFT scaling formulation and thed
prevalence data. Thé parameters extracted from the two analyses were also very
close (0.88 and 0.91 for the UK 2001 FMD epidemic and the FMD ationary system,
respectively). However, the effect of theserial case interval t within the FMD
stationary systemon recovering the empirical prevalence using the) * estimator needs
to befurther clarified.

Magiorkinis et al. (2013)describe how the0 70 ratio (i.e.the prevalence tothe
effective number of infections ratio) is equal to0 1Y when the genetic variability
between strains hasa negligibleeffect on their infection potential, with the 0 @ 1Y T
being termedthe phylodynamic transmission parameter(PTP). Theoretically, the PTP
is assessed through hiearly correlating 0 with O and obtaining the estimates from the
slopef of the regressor ((e.0 T 0). The results provided by the UK 2001 FMD
epidemic (using theepidemiological generation timet correspondingto the definition
the authors described in their study)do not support this hypothesis, since thg is
calculated tobe 1.1+0.05 whilst the 0 1Y extracted from the epidemiological data is
estimated to be3.9+0.1.This relationship does notconvergeevenwhen recovering the
0 using theserial case intervalt (f =1.3+0.05). Looking at the results generated from
the FMD stationary systemthe recovery of theb @iy fromf estimates seems to be
possible with large values used forthe dispersion parameter of the negative binomial
distribution ( for ‘@10), which thus defines systems with lower variability in the
population structure (i.e.where all the IPsare contributing on average equallyto the
OOAT OT EOQOEIT DOl AAOGO AT Be défined)TAiBdn® IO A A A
indicate that the recovery of the infection prevalence G° from a simple linear
relationship between the real infected population sizeb and the effective population
sizeU in a really complex systemwould be in some waydifficult . Neverthelessijt has
been demonstratedhere that in a more homogeneous epidemiological system, such as
the UK 2001 FMD epidemic, the empirical prevalende  and the infection prevalence
0 ° are very closely related inrelative size.

It is interesting to notethat although the number of infected cases estimated by
the UK 2001 FMD epidemic or the simulate&EMD stationary systems are dying out in
the tail end phase, and thus leading to the end of the infection, the BSRIstontinue to
record infections. For example, at day 232 from the start of the UK 2001 FMD epidemic

(i.e.the last day of the epidemicthe O estimated by the BSP still recordd an average
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of 17 active cases, whilst the prevalence is equal to 1 and the incidencezexo. The BSP
issuein the estimation of the last phase o& datumsystem has been already reported
as due to a lack of genealogical information at later time@e Silva et al., 2012)
Although this would not be an issue whileretrospectively analysing viral disease
demographythough generally biasing the results it might lead toincorrect forecastsif

using the BSP to monitor the infection trendn real time during an epidemic.
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CHAPTER 5
Optimal structure of incompletely sampled

datasets

5.1 Rationale

In Chapter 4, it was demonstrated thatthe infection prevalence( * scaledfrom
0 estimated from genetic datacollected from a fully resolved epidemic systenmight
be equated to the actual number of infected casesalthough thee was inherited
complexity and variability in matching a single prevalence estimatelt was also
observed that when expressing the phylogenetic structure by NLF&nd scaling 0
using the prevalenceto-incidence ratio T , the correlation betweenthe predicted 0 *
and the empirical infected population size is clos¢o 0 . This finding was been also
reproduced at a simulated steady state, when theariance in the reproductive number
of the IPs is setqual to that of the UK 2001 FMD epidemic. It should be noted that the
0 demographic signal recovered from the UK 2001 FMD epidemic resett from a
large and fully observed and sequenced outbreak(albeit simulated), whilst the
simulated steady state was derived from anore poorly sampled butrelatively large
population. However, in more commonepidemic or endemic scenaris, it would often
be the casethat representative field samples would not be collected from all of the
reported IPs. Therefore, theactual sampling ratewould vary and this coulddirectly
impact onthe accuracyof reconstructed population dynamics.

The coalescenmodel, from which the BSP is derived, assumes that the sample
are randomly collectedfrom a homogeneous populatior(Griffiths and Tavae, 1994b),
a criterion which in a real scenario would not be always satisfiedVlost importantly,
increasing the sample sizé does not improve the accuracy of estimates ia manner
that is typically observed in conventional statistical analysis. For example, in the
standard coalescentmodel the variance of estimators of the scaled mutation rate—
10 ddecreases at a ratefl Ti Crather than pfi (Rosenberg and Nordborg, 2002)
Sampling bias represents an important issue for coalescefiiased demographic

reconstruction methods.In recent years, there has beea substantialexpansionin the
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volume of genetic data within surveillance programs andarger multi-gene and WGS
are now becoming routine for disease monitoringDespte this, very few studies have
attempted to understand the effect of reducedampling rates, bias orstructure of the
sampling protocol on the reconstructed populationdynamics given by analsis of the
BSP Although focussing on investigating the accuracy of BSP estimates complex
acute RNA virus dynamicsStack et al. (2010)provided an indication of howbias in the
structure of sequenced samplesrenders BSP estimates less reliablén addition, it has
been considered that samples taken at a single time point would not provide enough
resolution for reconstructing past population dynamics(Rambaut et al., 2008, Stack et
al., 2010) However, no studies have made use of fulsesolved epidemic data to
capture the impact of sampling bias in thestimation of viral population history.

In this chapter by sub-sampling from a full (simulated) UK 2001 FMDV WGS
dataset, the effect of the sampling rateon the efficiency of the BSRderived 0 to
reconstruct the epidemic demographyhas beenexplored. Different sampling protocols
have been employedfrom a simple random assumption of samplingequencedata to
a more structuredand stratified protocols. Asalready reported, the scaling formulation
which expressed the phylogenetic structure by NLFmaking use of the prevalencédo-
incidence ratio for scaling the effective population size) , provided the best fit for
recovering empirical prevalence from the predicted infection prevalence 0 °.
Therefore, this scaling formulation has beeifurther used for performing the analyses
of this chapter.The methodology used for estimating the effective population sizé

from a BSP analysisvas that used in chapter 4 §4.2.2.3).

5.2 Simple random sampling of genetic data

Twelve simulation runs of the UK 2001 FMD epidemic were used to assess the
variability of the reconstructed FMDVpopulation dynamicsfrom data drawn using a
simple random sampling SR$ protocol. FMDV WGSwvere sampledat a decreasing
sampling proportion i at 0.25 intervals from the database of the full epidemidataset
(¢€=2026 IPs) using the common definition of SRS without replacement and
disregarding the order of the samplgLohr, 2010, Tille, 2006) The molecular clockrate
(estimated from BEAST yecovered from these sampled datasets are shown in Figure

5-1. When sampling represented 50% or more of the total WGS, the molecular clock
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rate was more accurately estimated (average value of 2Zx10-5 nt/site/day) with
narrow 95%Cls and low deviance between model runs (CV=08), whilst when using
less than 50% of the full WGS datasehigher clock values (average value of and

3.28x105 nt/site/day ) and wider 95%Cls were reported.
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Figure 5-1. Molecular clock rate (nt/sit e/day) estimate d using BEAST 1.8.0 under the assumption of a strict
clock evolutionary model from 12 realisation s of the full UK 2001 FMDV WGS simulated database (= =2026)
and from each of the resampled datasets at a decreasing sampling proportion rate  vof 0.25. The red line
definesthe molecular clockrate estimated from empirical sequence data&=39 WGS) collected from the UK 2001
field samples(with estimated clock 0f2.33x10-5), whilst the red dashed lines define its 95%CI region (95x10-5 to
2.4x10%). Sampled dataets drawn under the SRS scheme.

Relating the effective population size) to the infection prevalencel * using the
NLFT scaling formulation, a direct correlation was observed between a decreasel
sampling rate andan increase in thenoise derived from the reduced genetic signal,
although this was observedmost strongly for sampled datasets comprising less than
50% of the total samples (Figure 5-2). On visual inspection, the epidemic curves
recovered from the infection prevalence 0° were largely matching the prevalence
recovered from the 0 data when i >50%. For example ati=0.75, the absolute
difference between sampled and full WGS data was on averag6.4+14.9 IPs.On the
other hand, the accuracy in matching thé  prevalence wasreducedwhen sampling
at lower rate, recordingan average absolute difference af32.9+15.0 IPsfrom the full
WGS dataat i =0.25. The sameregression through the origin RTO procedure used in
Chapter 4 has been performedhere in order to correlate the infection prevalencet *

estimated from sampled data and that recovered from the full WGS dataséts shown
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in Table 5-1, theT parameter was found to be close to 1 with very low variability
between model runswhen sampling 75% of the total number ofWGS datgdCV=0.07),
whilst sampling less than25% of the data produced less accurate and noisier results
(average’ value of 2.38+057; CV=0.5+0.03). At i=0.25 the predicted O° was
reported to be close to thehalf of the empirical prevalenced (I =1.98+0.26). The
accuracywas foundto reduce linearly with decreasing sampling rate {Y =0.89). The
observed decay in the accuracy derived from reducing the sampling rate was reflected
in the difference in theinfection prevalence( “ betweenthe sampled andthe full data.
Considering the G * estimates extracted from each of the epidemic phasesn a
absolutedifference of277.6 IPs (CV=009) between the sampling database comprising
5% of the total data and the full WG8atasetwas reported for theepidemic peak whilst
a difference 0f142.11Ps(CV=012) was estimated for thedecline phase.Conversely a
lower size difference was observed for the exponential and plateau phases, although
decreasing the amount of data used for generating the® curve increased the extent of
the variability between estimates produced usig different model runs (average CV
value fori S 280of 0.30+£0.19).
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Figure 5-2. Infection prevalence 4 estimated from 1 2 realisation s of the full UK 2001 FMDV WGS simulated
database (= =2026) and resampled datasets at a decreasing sampling proportion rate  vof 0.25. Epidemic
curve was estimated fromthe 0 (blue) prevalencedata as defined in§3.2.2.2 Datasetswere sampledunder the
SRS scheme.

Table 5-1. Time specific number of infected cases recovered from the infection prevalence 4!* estimated
from 1 2 realisation s of the UK 2001 FMD full IPs (= =2026) epidemic scenario and resampled datasets at a
decreasing sampling proportion  vof 0.25.1 parameter designates the slope of the regressor of the RTO analysis.
Datasets were sampled under th&RS scheme.

Epidemic Phase

Sample proportion 1 Exponential Peak Decline Plateau
0 195.01+2.15 439.83+3.19 203.17+0.83 30.62+0.04
1 (£=2026) Ref. 173.53+£12.55 419.61+47.58 218.50+13.66 29.58+1.93
0.75 €=1519) 1.16+0.08 162.19+19.28 364.81+43.26 156.70+13.82 26.94+3.54
0.5 (¢=1013) 1.42+0.09 137.06£16.12 281.72+33.55 134.48+14.53 26.42+4.39
0.25 §=506) 1.98+0.26 98.05+14.02 207.80+40.21 109.09+19.55 19.51+4.00
0.05 £=101) 2.78+0.48 71.86+10.52 141.95+£26.60 76.34+17.64 19.61+5.36

5.3 ®robability proportional

genetic data

to sized sampling of

To account for the structure of the genetic signal carried by WGS data within a

partially sampled scenario, © D OT AAAET EQOU b (PPPdaroping schefne

Oi

(Lohr, 2010) was applied to sample from the simulated UK 2001 FMDV WG&lll
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dataset £=2026 IPs). First, it is necessary to establish strata of the datahere termed

elements,0 . The probability of sampling from the’h element, 1, is proportional to

the relative size of thed , thusn =

S—ss(where "Yis the union of allindices). For
continuous variables (such as genetic distance, evolutionary duratiorepidemiological
generation time t , and spatial transmission distance)the empirical probability
density function for the variable was estimated from the reconstructed UK 2001
transmission treeusing a kernel density approactand partitioned in to 3 elements: the
lower 2.5 percentile, the (fSD and the upper 3.5t percentile regions (Figure 53).
For discrete variables (such asspatial region, month and week ofeporting), each @
element denoted each of the discretevalues.The general PPS algorithm for sampling
within each of the above defined) elements was then usedCochran, 1977. For the
PPS trial, datasetshat were sampledat a decreasing raté of 0.25 from the full WGS
database were constructedfor each of the epidemiological and genetic variables

assessedwhere the genetic sequence from the index IP (IP4) was alwaysluded.
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Figure 5-3. Empirical probability density functions of epidemiological and genetic parameters estimated

from the UK 2001 FMD epidemic using a kernel density approach for sampling WGS data by a PPS scheme.
(A) genetic distance estimated using tb TN93 substitution model (Tamura and Nei, 1993) (B) evolutionary
duration Yo, (C) generation timewith the epidemiological definition of , (D) spatial transmission distance estimated
between parent-daughter transmission link. Blue areas define the lower 2t percentile and 97.8 percentile
regions, whilst the red area denotes thefSD region.
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5.3.1 Sampling within genetic strata

5.3.1.1 Evolutionary duratiorYo

The 0 elements of the probability density function estimated from the
evolutionary duration Yodata extracted from the reconstructed UK 2001 transmission
tree returned were defined as follows: <2.5h percentile, 4 to 5 days; ¢cfSD,10.1+3.5
days; >97.% percentile, 19 to 29 days(Figure 5-3). As shown in Figure5-4, the
reconstructed 0 * curve tended to largely deviate from the estimates derived from the
full WGS dataat a sampling ratei <0.5(epidemic peak difference ofl53.7IPs), although
at i =0.75the absolute difference was found to be 50:14.8 IPs.Using only 5% of the
full WGS data, the epidemic peak was estimated at only less than half of the empirical
size (absolute difference of 288.824.3 IPs).In addition, large deviance valueswere
estimated from different sampled datasets (average CV value oR@+0.22), even with
sampling rates of more than 50% of the total WGS data (CV=88+0.25), indicating
lower precision in the estimate of theinfection prevalencet * by the PPS scheme than
using a simple SRS (Table-8). In addition, thef parameter increasel linearly with the
reduction in the sampling rate (Y =0.90), with] values estimated ati S0.5higher than
that obtained using the SRS schem@.14+0.71vs 2.06+0.69).
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Figure 5-4. Infection prevalence 4° estimated from 12 realisation s of the full UK 2001 FMDV WGS simulated
database (= =2026) and resampled datasets at a decreasing sampling proportion rate  vof 0.25. Epidemic
curve was estimated fromthe 0 (blue) prevalencedata as defined in§3.2.2.2 Datasets were sampled under the
PPS schemesing the evolutionary duration Yogenetic variable

Table 5-2. Time specific number of infected cases recovered from the infection prevalence dI* estimated
from 12 realisation s of the UK 2001 FMD full IPs (= =2026) epidemic scenario and resampled datasets at a
decreasing sampling proportion  vof 0.25.1 parameter designates the slope of the regressor of the RTO analysis.
Datasets were sampled under th®PS schemeising the evoluionary duration Yogenetic variable.

Epidemic Phase

Sample proportion 1 Exponential Peak Decline Plateau
0 195.01+2.15 439.83+3.19 203.17+0.83 30.62+0.04
1 (£=2026) Ref. 173.53+£12.55 419.61+47.58 218.50+13.66 29.58+1.93
0.75 €=1519) 1.25+0.05 151.62+18.20 314.10+33.73 150.03+10.28 28.95+2.88
0.5 (¢=1013) 1.51+0.10 124.03+15.68 265.93+27.50 128.97+12.26 23.96+£2.81
0.25 ¢=506) 2.03t0.27 96.30+12.28 202.11+34.51 98.59+8.87 19.15+3.62
0.05 £=101) 2.91+047 66.83+12.50 131.60+24.32 74.15+9.33 20.41+5.27

5.3.1.2Epidemiological gneration timet

The 0 elements of the probability density function estimated from the
epidemiological generation time t, were demarcatedas follows: <2.8" percentile, O to
3 days;afSD, 7.22.7 days;>97.5" percentile, 14 to 20 dayqFigure 5-3). As shown in
Figure 5-5, as thesampling rate decreases, a correspondinglecreasein the accuracy of

reproducing the infection prevalence 0° curve derived from the full WGS dataset
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('Y =0.88) is observedAt i Q0.5 the sizeand shapeof the empirical epidemic curve was
largely recovered, estimating an werage absolute differere of 53.1+16.7 IPs, with a
difference in the epidemic peak size of 81230.0 IPs ati=0.75. In addition, the
precision between different sampled datasetswas found to be similar to that of a
simple SRS scheme, estimating an average CV value df3€0.10 for the PPS in
comparison with the 0.45+0.06 returned for the SRSThe absolute difference between
the 25% sample and the full WS data was estimated as 103+16.6 IPs whilst using
less data (5% of the total WGS) did natignificantly reduce the infection prevalence) *
estimates (absolute difference of 134.%18.8 IPs) (Table 5-3). However, ati=0.05

estimates werelessprecise that that obtained using a simple SRS (CV of D\& 0.17).
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Figure 5-5. Infection prevalence 4!° estimated from 12 realisations of the full UK 2001 FMDV WGS simulated
database (= =2026) and resampled datasets at a decreasing sampling proportion rate  vof 0.25. Epidemic
curve was estimated fromthe 0 (blue) prevalencedata as defined in§3.2.2.2 Datasets were sampled under the

PPS schemeasing the epidemiologicalgeneration time T variable.
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Table 5-3. Time specific number of infected cases recovered from the infection prevalence 4/* estimated
from 12 realisation s of the UK 2001 FMD full IPs (= =2026) epidemic scenario and resampled datasets at a
decreasing sampling proportion  vof 0.25.1 parameter designates the slope of the regressor of the RTO analysis.
Datasets were sampled under th®PS schemesing the epidemiological generation timéAvariable.

Epidemic Phase

Sample proportion 1 Exponential Peak Decline Plateau
0 195.01+2.15 439.83+3.19 203.17+0.83 30.62+0.04
1 (£=2026) Ref. 173.53+12.55 419.61+47.58 218.50+13.66 29.58+1.93
0.75 (£=1519) 1.1740.05 159.29+18.92 342.58+37.30 157.28+14.78 32.20+£2.99
0.5 (¢=1013) 1.40+0.12 138.66+16.24 283.02+32.45 134.10+10.76 27.01+354
0.25 ¢=506) 1.96+0.18 101.41+14.02 201.17+37.33 102.63+12.19 21.1742.95
0.05 £=101) 2.81+0.75 71.98+19.89 134.90+33.95 75.17+17.67 23.05+4.71

5.3.1.3TN93 geneticdistance

The 0 elementsof the probability density function estimated from the TN93
genetic distancedata extracted from the UK 200FMDV WGSimulated under the full
epidemic scenario were defined as follows: <2.8" percentile, 0 to 0.0008 base
substitutions/site ; «fSD, 0.0030.001 base substitutions/site; >97.8" percentile,
0.007 to 0.01 base substitutions/site (Figure 5-3). Although the decrease in the
accuracy produced by reducing the sampling rate according to thé’8 scheme defined
using the TN93 genetic distance values was found to be highly linebr related
('Y =0.95), the absolute difference in terns of infection prevalence0 * between the full
WGSsdata and each of the sampled datasets was not substantial (average value of
54.6+19.9 IPs /£l O (3095 Srable 5-4). This was reflectedin the shape of the
reconstructed U * curves, which were reduced in size according to the reducedimber
of samples present in the datasetwith the structure of each epidemic phaséargely
preserved (Figure 5-6). Absolute differences for the exponertial, peak, decline and
plateauphaseswere 27.1+14.9,106.9+49.3,76.5t13.0and 7.8+2.8IPs, respectively.In
addition, the relative variability between sampled datasets was found to be equahen
sampling at different rates i (average CV value of @3+0.17 and 014+0.17 for
1 8 iS& 75 andi =0.25, respectively).Thef parameters estimated at lower sampling
rate(iSmt8¢uq xAOA 1T xAO OEAT OEA AT OOAODI 1T AE
scheme(2.16+£0.36 vs 238+0.57). However, the epidemic peak size predicted with a
sampling rate ofi =0.05 was largely biased and poorly matching the empirical sizavith
an absolute difference of 255.#45.4 IPs anda relatively low accuracy between
datasds (CV=0.46).
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Figure 5-6. Infection prevalence 4/ estimated from 12 realisation s of the full UK 2001 FMDV WGS simulated
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Table 5-4. Time specific number of infected cases recovered from the infection prevalence d/* estimated
from 12 realisation s of the UK 2001 FMD full IPs (= =2026) epidemic scenario and resampled datasets at a
decreasing sampling proportion  vof 0.25.1 parameter designates the slope of the regressor of the RTO analysis.
Datasets were sampled undethe PPS schemesing the TN93 genetic distanceariable.

Epidemic Phase

Sample proportion 1 Exponential Peak Decline Plateau
0 195.01+2.15 439.83+3.19 203.17+0.83 30.62+0.04
1 (¢=2026) Ref. 173.53+£12.55 419.61+47.58 218.50+13.66 29.58+1.93
0.75 £=1519) 1.21+0.07 158.91+12.70 348.12+38.22 151.18+9.00 23.79+287
0.5 (£=1013) 147+0.08 135.88+12.85 277.78+25.95 132.82+7.59 19.83+£2.18
0.25 ¢=506) 1.91+0.21 104.37+12.43 212.28+30.34 106.66+12.15 19.61+2.66
0.05 ¢=101) 2.42+0.60 74.34+16.45 163.87+45.43 86.48+24.12 28.76+16.88

5.3.2 Sampling within spatial strata

5.3.2.1 Regional division

A regional stratum wasdefined asa single UK Gunty which reported FMD cases

during the 2001 FMD epidemic and, from which, akRMDVisolate was collectedThus,
the full WGS data §=2026) was subdivided into 0 elements to which the PPS
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sampling scheme has been appliedl'his spatial allocation was based on the spatial
connectionsbetween the geographical coordinates of each reportd@®s and the spatial
UK county layer, which defines the county bordergaccording to 2009 boundaries)
(Figure 5-7).
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Figure 5-7. Spatial proportion of IPs according to the affected UK counties as reported during the UK 2001
FMD epidemic. The spatial layer defines the UK couries based on the2009 boundaries.

L

Results for the estimatednfection prevalencel * curves are shown in Figures-
8. Although the relative variability between sampled datasets wagported to produce
no substantial difference at highe and lower rates ofi (average CV value of 21+0.01
and 018+0.06 for 11 8 G 75and 1t 8 Ti GOR5, respectively), reducing the sample size
greatly impacted on the accuracyf matching the estimatesobtained with the full WGS
data. Using only 5% of the total data, an absolute difference 192.6+18.6,272.1+42.4
and 139.0+14.3 IPs was estimated for the exponential, peak and decline phases,
respectively, whilst averages o0f24.8+12.2, 95.8+t34.0 and 74.6+16.7 IPs were
calculated with datasets sampled at a rate oft 8 iViE75 (Table 5-5). However, the
reduced accuracy of the PPS atsampling rate i =0.05 was similar to the estimates
obtained using a simple SRS scheme (absolute difference value® & 5.6 and 3.1 IPs

for the exponential, peak and decline phases, respectivelyihel parameter estimated
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for the spatial region PPSvas found to linearly decrease with the reduced sampling
rate i (Y =0.89), with no statistical difference with the SRS schem&$0.05).
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Figure 5-8 Infection prevalence 4* estimated from 12 realisation s of the full UK 2001 FMDV WGS simulated
database (= =2026) and resampled datasets at a decreasing sampling proportion rate  vof 0.25. Epidemic
curve was estimated fromthe 0 (blue) prevalencedata as defined in§3.2.2.2 Datasets were sampled under the

PPS schemaesing the spatial region discretevariable.
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Table 5-5. Time specific number of infected cases recovered from the infection prevalence 4* estimated
from 12 realisation s of the UK 2001 FMD full IPs (= =2026) epidemic scenario and resampled datasets at a
decreasing sampling proportion  vof 0.25.1 parameter designates the slope of the regressor of the RTO analysis.
Datasets were sampled under th®PS schemesing the spatid region discretevariable.

Epidemic Phase

Sample proportion 1 Exponential Peak Decline Plateau
0 195.01+2.15 439.83+3.19 203.17+0.83 30.62+0.04
1 (6=2026) Ref. 173.53+12.55 419.61+47.58 218.50+13.66 29.58+1.93
0.75 ¢=1519) 1.17+0.07 165.31+16.85 355.17+48.65 155.72+10.06 27.41+6.07
0.5 (¢=1013) 1.41+0.13 140.10+12.98 299.72+43.30 132.04+12.94 25.58+4.05
0.25 €=506) 1.90+0.22 104.56+16.69 215.37+41.75 109.81+11.23 18.96+3.01
0.05 £=101) 2.64+0.51 70.90+18.57 147.54+42.46 79.45+14.29 23.82+7.88

5.3.2.2 Spatiatransmissiondistance

The 0 areas of the probability density function estimated from thespatial

distance of parent-daughter transmission links that were extracted from the
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reconstructed UK 2001 FMD transmission tree were defined as follove: <2.3h
percentile, 0 to 0.6 km;afSD, 27.€6.2 km; >97.5" percentile, 218.3 to 543.2 km
(Figure 5-3). Looking at the results provided by theinfection prevalencet * (Figure 5-
9), the decrease in accuracy driven by the reduced sampling ratevas again found to
be linearly described (Y =0.89), returning an average parameter of 131+0.20 for
sampled datasets drawn with 1 8 iME75. Accordingly, the absolute difference
between the size of the infected population derived from the full WGS data and the
sampled datasets was smakt i =0.75 andi =0.5, with average estimates 080.9+15.6
66.9+16.5 IPs, respectively (Table5-6). Estimates of thel parameter ati=0.75 was
found to be lower than the one obtained using a simple SRS schemel@t0.09 vs
1.16+0.08). However, whenonly 25% of the total WGS dataas sampled the accuracy
in the estimate of the epidemic peak was reduced (absolute difference ©98.8+33.5
IPs) and was characterised by a substantial relative variability between different
sampled datasets (CV=01). Ati =0.05, the predicted size at epidemic peak was further
reduced, with an absolute difference value of 279#81.7. The overall relative
variability between datasets determined by the PPS samplingpproachwas found to
be similar to that of a simple SRS scheme (average CV of@t0.07 and 0.11+0.05 for
PPS and SRSespectively).
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Figure 5-9. Infection prevalence 4° estimated from 12 realisation sof the full UK 2001 FMDV WGS simulated
database (= =2026) and resampled datasets at a decreasing sampling proportion rate  vof 0.25. Epidemic
curve was estimated fromthe 0 (blue) prevalencedata as defined in§3.2.2.2 Datasets were sampled under the
PPSschemeusing the spatial transmission distance epidemiologicalariable.

Table 5-6. Time specific number of infected cases recovered from the infection prevalence dI* estimated
from 12 realisation s of the UK 2001 FMD full IPs (= =2026) epidemic scenario and resampled datasets at a
decreasing sampling proportion  vof 0.25.1 parameter designates the slope of the regressor of the RTO analysis.
Datasets were sampled under th®PS schemesing the spatial transmission distance epidemiologicalariable.

Epidemic Phase

Sample proportion 1 Exponential Peak Decline Plateau
0 195.01+2.15 439.83+3.19 203.17+0.83 30.62+0.04
1 (¢=2026) Ref. 173.53+£12.55 419.61+47.58 218.50+13.66 29.58+1.93

0.75 €=1519) 1.13+0.06 161.66+14.02 370.81+39.62 163.75+15.18 30.37+£2.62
0.5 ¢=1013) 1.45+0.08 134.21+12.48 280.22+39.54 135.295+12.32 23.90+1.74
0.25 §=506) 1.93+0.17 98.57+13.97 220.77+33.50 107.07+12.60 20.22+2.99
0.05 (£=101) 2.77+0.60 71.92+12.66 139.69+31.67 81.75+26.69 22.31+8.32

5.3.3 Sampling within temporal strata

5.3.3.1 Month timing

The strata for the PPS sampling scheme using the monthIBfreporting were

estimated from the UK 2001 FMD epidemic records, which returned a total of B
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