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Abstract
Middle East Respiratory—Syndromerespiratory syndrome coronavirus (MERS-

CoV) is a zoonotic virus originating in camels that has been causing significant mor-
tality and morbidity in humans in the Arabian Peninsula. The epidemiology of the
virus remains poorly understood, with hospital outbreaks, isolated cases with known
exposure to camels and apparent community transmission occurring simultaneously.
Whilst-While traditional and seroepidemiological studies have been employed exten-
sively throughout the epidemic, viral sequence data have not been utilised to their
full potential in understanding transmission patterns within the outbreak. Here we
use existing MERS-CoV sequence data to explore the phylodynamics of the virus in
two of its known major hosts, humans and camels. We employ structured coalescent
models to show that long-term MERS-CoV evolution occurs exclusively in camels,
whereas humans act as a transient, and ultimately terminal host. By analysing the
distribution of human outbreak cluster sizes and zoonotic introduction times we show
that M > s-and-that-human outbreaks
in the Arabian pemnsula fer—bheﬂme%—pﬁr%are driven by seasonally varying zoonotic

transfer of viruses from camels. Without heretofore unseen evolution of host tropism,
MERS-CoV is unlikely to become endemic in humans.
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Introduction

(MERS-CoV), endemic in camels in the Arabian Peninsula, is the causative agent of
zoonotic infections and limited outbreaks in humans. The virus, first discovered in 2012
(Zaki et al., 2012; Boheemen et al., 2012), has caused more than 2000 infections and over
700 deaths, according to the World Health Organization (WHO) (World Health Orga-
nization, 2017). Its epidemiology remains obscure, largely because eutbreaks—infections
are observed among the most severely affected individuals, such as older males with co-
morbidities (Assiri et al., 2013a; The WHO MERS-CoV Research Group, 2013). Whilst
While contact with camels is often reported, patients—may—other patients do not recall
contact with any livestock, suggesting an unobserved community contribution to the out-
break (The WHO MERS-CoV Research Group, 2013). Studies-inte-Previous studies on
MERS-CoV epidemiology in-thepast-often—relied-en-have used serology to identify factors
associated with MERS-CoV exposure in potential risk groups (Reusken et al., 2015, 2013).
Indeed;—such-data—have beenusedtoshew-Such data have shown high seroprevalence in
camels (Miiller et al., 2014; Corman et al., 2014; Chu et al., 2014; Reusken et al., 2013,
2014) and evidence of contact with MERS-CoV in workers with occupational exposure to
camels (Reusken et al., 2015; Miiller et al., 2015). Epidemiological-medeling-Separately,
W%W%approaches have been used to look at traditienal-data—senrees
of-ease-clasters-incidence reports through time, space and across hosts (Cauchemez et al.,
2016).

Although such traditional epidemiological approaches yield important clues about expo-
sure patterns and potential for larger outbreaks, much inevitably remains opaque to such
approaches due to difficulties in linking cases into transmission clusters in the absence of
detailed information. Genomic epidemiology, however, can fill this crltlcal gap and has re-
peatedly shown the utility of viral sequence data in outbreak scenarios :

where data are relatively cheap to produce. These data can stand in for dlagnostlcs and
often yield a highly detailed picture of an epidemic when complete genome sequencing
is performed consistently and appropriate metadata collected (Dudas et al 2017) I

pa%hegeﬂt—aﬂekSe uence data can hel dlscrlmlnate between multiple and smgle source
scenarios (Gire et al., 2014), which are fundamental to quantifying risk (Grubaugh et al.,

2017). Sequencing MERS-CoV has been performed as part of initial attempts to link
human infections with the camel reservoir (Memish et al., 2014), nosocomial outbreak
investigations (Assiri et al., 2013b) and routine surveillance (Park et al., 2015). A large
portion of MERS-CoV sequences come from outbreaks within hospitals, where sequence
data have been used to determine whether infections were isolated introductions or were
part of a larger hospital-associated outbreak (Fagbo et al., 2015). Similar studies on
MERS-CoV have taken place at broader geographic scales, such as cities (Cotten et al.,
2013).

It is widely accepted that recorded human MERS-CoV infections are a result of at least
several introductions of the virus into humans (Cotten et al., 2013) and that contact with
camels is a major risk factor for developing MERS, per WHO guidelines (World Health Or-

s-Middle East respiratory syndrome coronavirus
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ganization, 2016). Previous studies attempting to quantify the actual number of spillover
infections have either relied on traditional epidemiological approaches (Cauchemez et al.,
2016) or employed methods agnostic to signals of population structure within sequence
data (Zhang et al., 2016). Here we use WMMERS CoV seefueﬂeefh%&

enomes to 1nvest1 ate transmission
atterns of the virus between twe-ofitsknownhests-humans and camelsbyusing-.

Here, we use an explicit model of metapopulation structure and migration between discrete
sub-poplationssubpopulations, referred to here as demes (Vaughan et al., 2014)—

derived from the structured coalescent (Notohara, 1990). Unlike approaches that model

the-host species as a discrete phylogenetic trait of the virus usmg continuous-time Markov
processes (or simpler, parsimony based, approaches) {F: : :
population structure models explicitly incorporate t—h(LdIStlnCt samphng patterns, popu-
lation dynamics within demes and the-migration between demes. By estimating indepen-
dent coalescence rates for MERS-CoV in humans and camels, as well as migration patterns
between the two demes, we show that long-term viral evolution of MERS-CoV occurs ex-
clusively in camels. Our results suggest that spillover events into humans are seasonal and
might be associated with the calving season in camels. Once human MERS-CoV infec-
tions are established, however, we find that MERS-CoV is poor at transmitting between
humans. Using Monte Carlo simulations we show that Ry for MERS-CoV circulating in
humans is much lower than the epidemic threshold of 1.0 and that correspondingly the
virus has been introduced into humans hundreds of times.

Results

MERS-CoV is predominantly a camel virus

The structured coalescent approach we employ {Vaughan-et-al—2044)-(see Methods) iden-

tifies camels as a reservoir host where most of MERS-CoV evolution takes place (Figure 1),
whilst-while human MERS outbreaks are transient and terminal with respect to long-term
evolution of the virus (Figure S1). Across 174 MERS-CoV genomes collected from hu-
mans, we deteet-estimate a median of 56 individual-separate camel-to-human cross-species
transmissions (95% highest posterior density (HPD): 48-63). Whilst—we-While we esti-
mate a median of 3 (95% HPD: 0-12) human-to-camel migrations, the 95% HPD interval
includes zero and we find that no such migrations are found in the maximum clade credi-
bility tree (Figure 1). We-conelude-that-mest-This inference derives from the tree structure

wherein human viruses appear as_clusters of highly related sequences nested within the
diversity seen in camel viruses, which themselves show signicantly higher diversity and less
clustering. This manifests as different rates of coalescence with camel viruses showing a
scaled effective population size Ne7 of [XXX (95% HPD: XXX-XXX)| and human viruses
showing a scaled effective population of [XXX (95% HPD: XXX-XXX)]. _

We believe that the small number of inferred human-to-camel migrations are induced by
the migration rate prior, swhilst-while some are derived from phylogenetic proximity of
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human sequences to the apparent “backbone” of the phylogenetic tree. ¥This is most
apparent in thelineages—existinglineages in early-mid 2013 that lead up to sequences
comprising the MERS-CoV clade dominant in 2015, where owing to poor sampling of
MERS-CoV genetic diversity from camels the model cannot completely dismiss humans as
a potential alternative host. The first sequences of MERS-CoV from camels do not appear
in our data until November 2013. Our finding of negligible human-to-camel transmission
is robust to choice of prior (Figure S2).

The repeated and asymmetric introductions of short-lived clusters of MERS-CoV se-
quences from camels into humans leads us to conclude that MERS-CoV epidemiology
in humans is dominated by zoonotic transmission (Figure 1 and S1). We observe dense
terminal clusters of MERS-CoV circulating in humans that are of no subsequent relevance
to the evolution of the virus. These clusters of presumed human-to-human transmission
are then embedded within extensive diversity of MERS-CoV lineages inferred to be cir-
culating in camels, a classic pattern of source-sink dynamics. Our analyses recover these
results despite sequence data heavily skewed towards non-uniformly sampled human cases
and are robust to choice of prior. We-therefore—argie-This suggests that instances of
human infection with MERS-CoV are more common than currently thought, with exceed-
ingly short transmission chains mostly limited to primary cases that might be mild and
ultimately not detected by surveillance or sequencing.

Signals-ef-MERS-CoV seasenalityshows seasonal introductions

We use the posterior distribution of MERS-CoV introduction times—eof-human—elades
observed—in—theMCC—tree—events from camels to humans (Figure 1) reeovered—from
struetured-ecoaleseent-to model seasonal variation in zoonotic transfer of viruses. We iden-
tify four months (April, May, June, July) when the odds of MERS-CoV introductions are
increased (Figure 2) and four when the odds are decreased (August, September, November,
December). Camel calving is reported to occur from October to February (Almutairi et al.,
2010), with rapidly declining maternal antibody levels in calves within the first weeks af-
ter birth (Wernery, 2001). It is possible that MERS-CoV sweeps through each new camel
generation once critical mass of susceptibles is reached (Martinez-Bakker et al., 2014),
leading to a sharp rise in ineidenee-prevalence of the virus in camels and resulting in in-
creased force of infection sparking-human—outbreaksinto the human population. Strong
influx of susceptibles and subsequent sweeping outbreaks in camels may explain evidence
of widespread exposure to MERS-CoV in camels from seroepidemiology (Miiller et al.,
2014; Corman et al., 2014; Chu et al., 2014; Reusken et al., 2013, 2014).

[I think this is the best place to discuss the lack of correlation between date and size of
human cluster. This can be referenced later on in Discussion when talking about pandemic
potential. Also, seems relevant to look at seasonality in size of cluster here, yes? This
would get at whether there are seasonal factors on the human side.]
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Figure 1. Fy €
and-eamels: MWMWW%WW&WMWWWM&WWWMW
human viruses and 100 camel viruses. Maximum clade credibility (MCC) tree showing
inferred ancestral hosts for MERS-CoV recovered with the structured coalescent. Vast-The vast
majority of MERS-CoV evolution is inferred to occur in camels (orange) with human outbreaks
(blue) representing evolutionary dead-ends for the virus. Confidence in host assignment is depicted
as a colour gradient, with increased uncertainty in host assignment (posterior probabilities close to
0.5) shown as grey. Some of the branches leading up to zoonotic transmission of MERS-CoV into
humans are too long to have spent much of their time in humans, given our a priori belief that
MERS-CoV cannot circulate in humans for long periods of time. Thus branches encompassing
cross-species transmissions are depicted as being in camels right up to the common ancestor or tip
of each human outbreak. Whilst-[The previous two sentences (“Some of the...”) seem unnecessary
and confusingly written. I would just drop them.] While large clusters of human cases are apparent
in the tree, significant contributions to human outbreaks are made by singleton sequences, likely
representing recent cross-species transmissions that were caught early.

MERS-CoV is poorly suited for human transmission

Structured coalescent approaches clearly show humans to be a terminal host for MERS-
CoV, implying poor transmissibility. However, we wanted to translate this observation
into an estimate of the basic reproductive number, Ry, which is more familiar to epidemi-
ologlsts and pr0v1des 1n81ght into epldemlc behav1or The parameter Ry —a—l@ﬂg—%’it—h—t—he
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Figure 2. MERS-CoV-seasenality:- Seasonality of MERS-CoV introduction events. A)
Posterior density estimates eelenred-partitioned by month showing the 95% highest posterior den-

sity interval for relative odds ratios of MERS-CoV introductions into human-pepulatienshumans.
Posterior means are indicated with circles. Evidence for increased or decreased risk (95% HPD
excludes 1.0) for introductions are indicated by black or white circles, respectively. Hatched area
spanning October to February indicates the camel calving season. B) Sequence cluster sizes and
inferred dates of introduction events. Fach elade-entering-humans-introduction event is shown
as a vertical line positioned based on the median introduction time, as recovered by structured
coalescent analyses and coloured by time of year with height indicating number of deseendent
descendant sequences recovered from human cases. 95% highest posterior density intervals for
zoonetie-introduetion-introductions of MERS-CoV into human-peptlations-observed-in-the MGG
tree{Figuret)-humans are indicated with coloured lines, coloured by median estimated introduc-
tion time. The black dotted line indicates the joint probability density for introductions. We find
little correlation between date and size of introduction (Spearman p = 0.06, p = 0.68).

used—to-determine-determines expected number of secondary cases in a single infections

as well as the distribution of total cases that result from a single introduction event into
the human population (Equation 1, Methods). We estimate Ry along with other relevant

RUAAAR AR
parameters via Monte Carlo simulation in two steps. First, we simulate case counts across

multlple outbreaks m%&mﬁgtmzooo cases usmg Equatlon 1 Wfﬁh—&—ﬁ*@é—dﬁp&ﬁﬁﬂ

Wm@ from each case cluster to snnulate sequencing of a fraction of cases. Se-
quencing simulations take place at different levels of bias, wherein bias enriches sequencing
of larger case clusters. This is a particularly pressing issue, since a priori we expect large
hospital outbreaks of MERS to be overrepresented in sequence data, whereas sequences
from primary cases will be sampled exceedingly rarely. We record the mean, median and

standard deviation of sequence cluster sizes in each simulation (left-hand panels in Figure
3) and extract the subset of Monte Carlo simulations in which these summary statistics
fall within the 95% highest posterior density observed in the empirical MERS-CoV data
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from structured coalescent analyses. We record Ry values, as well as the number of
case clusters (equivalent to number of zoonotic introductions)fer-simulationsthat-produee

: ~d-eoateseent ses : ure-27, for these empirically matched
&%%@%&iJ&&%&&Hbi&@&M@%&Q%&ﬁK@%&ﬁé@Mﬁﬂ&ﬁ@&%@i&%&&ﬂ%
higher Rq results in_fewer larger transmission clusters, while lower Iy results in many
smaller transmission clusters (Figure 3).

We find that observed phylogenetic patterns of sequence clustering strongly support Ry
below 1.0 (middle panels in Figure 223). For increasing levels of bias mean Ry values
observed in matching simulations are 0.844, 0.730, and 0.683, respectively. Whilst-While
the 95% percentiles for Ry values are close to 1.0 (0.720-0.995) for the unbiased sequencing
simulation (i.e. uniform sequencing efforts, in which every case is equally likely to be se-
quenced), we also note that increasing levels of bias are considerably better-at-generating
more to likely to generate MERS-CoV-like sequence clusters (Figure 3). Under unbiased
sequencing only 0.6% {2282-eut-6f-363-666)-6f-of simulations fit our phylogenetic obser-

vations, while 2.7% and 2.7% {nearly16-060-out-of-363-000-forbeth)-of-of simulations
ﬁt for bias levels of 2.0 and 3 0, respectlvely %ﬁ%ﬂppﬁeﬁeﬁ%ﬁ%he%aghﬁ%e%%he

we estimate 10% support for w@ehm blas level 1. 0 45% support for a model with
bias level 2.0, and 45% support for gvrvnvgcvlelvm bias level 3. O}—%fmu}&t—}eﬁembﬁe

3} Model averagin Would su est lau51ble R values between XXX] &I}QJXXX]

Lower values for Ry in turn suggest relatively large numbers of zoonotic transfers of viruses
into humans (right-hand panels in Figure ??3). The median number of cross-species
introductions observed in simulations matching MERS-empirical data without bias are
339 (95% percentiles 255-431). These numbers jump up to 558 (95% percentiles 424—
720) for bias = 2 and 650 (95% percentiles 481-850) for bias = 3 simulations, which
as mentioned previously match considerably better to MERS phylogenetic data. Model
averaging would suggest_plausible numbers of infroductions between [XXX] and [XXX].
Our results suggest a large number of unobserved MERS primary cases. Given this, we
also performed simulations where the total number of cases is doubled to 4000 to explore
the impact of dramatic underestimation of MERS cases. In these-sets—ef-these analyses
Ry values tend to decrease even further as numbers of introductions go up, although very
few simulations match currently observed MERS-CoV sequence data (Figure S4).

Overall, our analyses indicate that MERS-CoV is poorly suited for human-to-human trans-
mission, with an estimated Ry < 1.0 and sequence sampling likely to be biased towards
large hospital outbreaks. Given these findings, and the fact that large outbreaks of MERS
occurred in hospitals, the combination of frequent spillover of MERS-CoV into humans and
occasional outbreak amplification via poor hygiene practices (Assiri et al., 2013b; Chen
et al., 2017) appear sufficient to explain observed epidemiological patterns of MERS-CoV.
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Figure 3. Results—of Mente-Carlosimulations: Monte Carlo simulations of human
EQW Eaeh row corresponds to a different bias Value used to concentrate the

: i gsubsampling of sequences
from cases, and goes from 1 (no blas) to 2, and 3 (increasing levels of bias which make large case
clusters to be more likely to be sequenced) Leftmost scatter plots show a—+8%subsampleresults
of all-outbreak-and-sequeneing-individual Monte Carlo simulations, coloured by the Ry value used
for the simulation. The dotted rectangle identifies the 95% highest posterior density bounds for
sequence cluster size mean and standard deviation observed for empirical MERS-CoV data. The
distribution of Ry values found within the dotted rectangle is shown in the middle, on the same
y—axis—y-axis across all levels of bias. Bins falling inside the 95% percentiles are coloured by Ry,
as in the leftmost scatter plot. The distribution of total number of introductions associated with
simulations matching MERS-CoV sequence clusters is shown in the plots on the right, on the same
y—axis—y-axis across all levels of bias. Darker shade of grey indicates bins falling within the 95%
percentiles. These Monte Carlo simulations indicate Ry for MERS-CoV is likely to be below 1.0,
with biased sequencing and numbers of zoonotic transmissions numbering in the hundreds.

Recombination shapes MERS-CoV diversity

Recombination has been shown to occur in all genera of coronaviruses, including MERS-
CoV (Lai et al., 1985; Makino et al., 1986; Keck et al., 1988; Kottier et al., 1995; Herrewegh
et al., 1998). In order to explore the role of recombination in shaping MERS-CoV genetic
diversity we used two recombination detection approaches across partitions of taxa cor-
responding to inferred MERS-CoV clades. Both methods rely on sampling parental and
recombinant alleles within the alignment, although each quantifies different signals of re-
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combination. One hallmark of recombination is the ability to carry alleles derived via
mutation from one lineage to another, that—which appear as repeated mutations taking
place in the recipient lineage, somewhere else in the tree. The PHI (pairwise homoplasy
index) test quantifies the appearance of these excessive repeat mutations (homoplasies)
within an alignment (Bruen et al., 2006). Another hallmark of recombination is spatial
clustering of alleles in—along the genome, due to how template switching, the primary
mechanism of recombination in RNA viruses, occurs. 3Seq relies on the spatial structure
of nucleotide similarities between sequence triplets — two potential parent-donors and one
candidate offspring-recipient sequences (Boni et al., 2007).

Both tests can give spurious results in cases of extreme rate heterogeneity and sampling
over time (Dudas and Rambaut, 2016), but both tests have not been reported to fail simul-
taneously. PHI and 3Seq methods consistently identify most of the apparent ‘backbone’
of the MERS-CoV phylogeny as encompassing sequences with evidence of recombination
(Figure S5). Neither method can identify where in the tree recombination occurred, but
each full asterisk in Figure S5 should be interpreted as the minimum partition of data
that still captures both donor and recipient alleles involved in a recombination event.
This suggests a non-negligible contribution of recombination in shaping existing MERS-
CoV diversity. As done previously (Dudas and Rambaut, 2016), we show large numbers
of homoplasies in MERS-CoV data (Figure S6) with some evidence of spatial clustering of
such alleles. S ttiple strains at-a-ti indicati ‘

spend-in—eamels—alone—Although the evolutionary centrality of camel viruses (Figure 1)
may be sufficient to argue that camels are the host where MERS-CoV recombines, inci-
dence of MERS-CoV is known to be much higher in camels (Miiller et al., 2014; Corman
et al., 2014; Chu et al., 2014; Reusken et al., 2014; Ali et al., 2017). This provides ideal
conditions for co-infection with distinct genotypes, which is a pre-requisite for detectable
RNA virus recombination to occur.

Conversely, our results strongly suggest that co-infection of humans with distinct lineages
of MERS-CoV should be exceedingly rare. We find little evidence that recombination
will interfere with the inference of human outbreak clusters {Figure4(Figure ?7A). And
whilst-[Summarize Figure ??7A with something like: “We find that 95% of human viruses
fall within the same introduction event in genomic fragment 1 and in genomic fragment
2.”] And while we observe evidence of distinct phylogenetic trees from different parts of
the MERS-CoV genome (Figure 4?7B), human clades are minimally affected and large
portions of the posterior probability density in both parts of the genome are concen-
trated in shared clades (Figure S7). Observed departures from strictly clonal evolution
suggest that swhilst-while recombination is an issue for inferring MERS-CoV phylogenies,
its effeets-effect on the human side of MERS outbreaks is minimal, as expected. MERS-
CoV evolution on the reservoir side, though complicated by recombination, is nonetheless
still amenable to phylogenetic methods, in part through limited diversity of the virus in
camels (see next section). In humans MERS-CoV evolution should be far easier to track
as the only detectable and problematic recombinants are more likely to arise within the
transmission chain, than through human co-infection with distinct MERS-CoV lineages.



re fips n Fagment 1

Figure 4. Recombinantfeatures-of MERS-CoV-phylogenies—Recombinant features of
MERS-CoV phylogenies. A) Heatmap shews-showing the posterior probability that a—paiz-ef
tips-viruses from trees of different genomic fragments fall-within-belong to the same elade—+tips
frem-introduction event. Genomic fragment 1 are-on—the——axis;+tips—fromrepresents nucleotide
positions 1 to 21000 and genomic fragment 2 represents nucleotide positions 21001 to [XXX]. The
same _set_of viruses are arrayed on the y—axis—¥Fips—z-axis and on the y-axis: the z-axis shows
identity of these viruses along genomic fragment 1 and the y-axis shows identity of these viruses
along genomic fragment 2. Viruses are ordered by their appearance in tree of geneme-genomic

fragment 2 {pesitionsfromnuecleotide-21000-onwards)reduced to just the human tips and coloured
by inferred host (blue for human, orange for camel) on the left. Human clusters are largely well-
supported as monophyletic and consistent across trees of both genomic fragments. B) Phylogenies
derived from MERS-CeV-genome-nueleotidestp-to-position—21000-genomic fragment 1 (left) and
all-nueleotides—past—pesition—214000-genomic fragment 2 (right), reduced to just the human tips.

Same-Identical taxa are connected via coloured lines with colour indicating their-vertical position in
the tree on the right. Branches are coloured by inferred ancestral host state (human in blue, camel
in orange). Whilst-While some of apparent incongruities are caused by having less data in some of
the fragments, inconsistencies between topologies occur across internal branches inferred to be in
camels, adding support to the idea that camels are often co-infected. [I would favor just dropping
the “While some of apparent...” sentence. Confusing and I don’t see what it adds.] Human clusters
in blue change phylogenetic positions between the trees together, with minerineongruenceslittle
incongruence within clusters. This is evidence for recombinant viruses generated in the camel
reservoir entering human populations.
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Demographic trajectory of MERS-CoV in camels

[Slightly strange to have this at the level of full results subsection and not have a main
text figure.] Sinee-Here we attempt to investigate MERS-CoV in—humans—will-have—a
distinet-epidemiology-demographic patterns in the camel reservoir, wesplit-oursecquence

ataset-bas P 5 “ted— ans-er-eamels—We supplement
camel sequence data with a single earliest sequence from each human cluster, treating
viral diversity present in humans as a sentinel sample of MERS-CoV diversity circulating
in camels. This removes conflicting demographic signals sampled during human outbreaks,
where densely sampled closely related sequences from humans could be misconstrued as
evidence of demographic crash in the viral population.

Our attempt at controlling the confounding effects of different sampling regimes between
humans and camels revealed a troubling pattern, however. We find that this camel-like
dataset results in poor MCMC performance, where independent chains reach stationary
distributions which are not necessarily the same. Out of the-fiverunsweset-up-five runs,
two chains converged to one stationary distribution, two to another and the last one to
a third. Demographic trajectories recovered by the two main stationary distributions
are very similar and differences between the two appear to be caused by convergence
onto different tree topologies, with onward effects on evolutionary rate estimates and
distributions of coalescence times. This non-convergence effect may have been masked
previously by the use of all available MERS-CoV sequences from humans which may have
lead MCMC towards one of the multiple stationary distributions. [This entire paragraph
should be moved to Methods. Too much detail for Results. Below just say that “Multiple
MCMC chains showed similar patternso of N7 through time.”]

Despite lack of convergence, neither of the two demographic reconstructions show evidence
of fluctuations in the relative genetic diversity (Ne#N.7) of MERS-CoV over time (Figure
S8). However, we do note that estimates of relative genetic diversity are relatively low
overall, and MERS-CoV phylogeny resembles a ladder often seen in human influenza
A virus phylogenies (Bedford et al., 2011). This raises the possibility that MERS-CoV
populations undergo lineage turnover at a rate not often seen in other livestock viruses
(e.g. swine influenza A viruses (Vijaykrishna et al., 2011)). Part of this could be caused
by MERS-CoV ability to re-infect camels previously exposed to the virus (Ali et al., 2017),
which may result in a process akin to antigenic drift, where the depletion of susceptible
calves leads to ever increasing selective pressure for the virus to evolve antigenically. Whilst
While this could be tested by looking for seasonally varying patterns in selection on MERS-
CoV surface proteins, recombination would remain a key confounding problem. [This
section seems like its reaching pretty far, but if keeping could mention that human seasonal
coronaviruses undergo antigenic drift.]
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Discussion

MERS-CoV epidemiology

Understanding population structure yields important insight into any biological system.
It also often implies the existence of barriers experienced by an organism, be it geographic
(Dudas et al., 2017), ecological (Smith et al., 2009) or evolutionary (Turner et al., 2005;
Dudas et al., 2015). [This seems way overly broad to me. I much preferred the Introduc-
tions take on genomic epi revealing important population structure. Just revise to keep
this focused on pathogen transmission. Identification of reservoirs, source-sink, all very
important.] Understanding what barriers exist and how they affect transmission of viruses
remains one of the key parameters in designing efficient interventions. In this study we
aimed to understand the drivers of MERS coronavirus transmission in humans and what
role the camel reservoir plays in perpetuating the epidemic in the Arabian peninsula.
Whilst-While there are clear indications that human cases of MERS are largely the re-
sult of sporadic spillover from camels, sequence data have not yet been fully utilised in
estimating basic epidemiological parameters, such as Rg—Ry or the number of zoonotic
introductions of MERS-CoV into humans. [This sentence (“While there...”) is overly like
Intro.|

We showed that currently existing models of population structure (Vaughan et al., 2014)
can identify distinct demographic modes in MERS-CoV genomic data, where viruses con-
tinuously circulating in camels repeatedly jump into humans and cause small outbreaks
doomed to extinction (Figures 1, S1). This inference succeeds under different choices of
priors for unknown demographic parameters (Figure S2) and in the presence of strong
biases in sequence sampling schemes (Figure 273). From sequence data we identify at
least 50 zoonotic introductions of MERS-CoV into humans from the reservoir (Figure 1),
from which we extrapolate that hundreds more such introductions must have taken place
(Figure 273). We also looked at potential seasonality in MERS-CoV spillover into hu-
mans—which-is-an-additional-advantag . - Our
analyses indicated a period of three months where the odds of a sequenced spillover event
are increased, with timing consistent with an enzootic amongst camel calves (Figure 2).
As a result of our identification of large and asymmetric flow of viral lineages into humans
we also find that the basic reproduction number for MERS-CoV in humans is well below
the epidemic threshold (Figure 223).

Transmissibility differences between zoonoses and pandemics

Severe AeuteRespiratory—Syndrome-acute respiratory syndrome (SARS) coronavirus, a

Betacoronavirus like MERS-CoV, caused a serious epidemic in humans in 2003, with over
8000 cases and nearly 800 deaths. Since MERS-CoV was also able to cause significant
pathogenicity in the human host it was inevitable that parallels would be drawn between
MERS-CoV and SARS-CoV at the time of MERS discovery in 2012. Although we describe
the epidemiology of MERS-CoV from sequence data, indications that MERS-CoV has
poor capacity to spread human-to-human existed prior to any sequence data. SARS-CoV
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swept through the world in a short period of time, but MERS cases trickled slowly and
were restricted to the Arabian Peninsula or resulted in self-limiting outbreaks outside of
the region, a pattern strongly indicative of repeat zoonotic spillover. Infectious disease
surveillance and control measures remain limited, so much like the SARS epidemic in 2003
or the HIN1 pandemic in 2009, zoonotic pathogens with Ry > 1.0 are probably going to
be discovered after spreading beyond the original location of spillover. [I like the basic
approach, this last segue could be cleaner however.]

MERS-CoV may join the list of pathogens able to jump species barriers but not spread
efficiently in the new host, but every system is distinct. Pathogens such as Bacillus
anthracis, Andes hantavirus (Martinez et al., 2005), monkeypox (Reed et al., 2004), triple
reassortant and H3N2v influenza A viruses (Shinde et al., 2009; Epperson et al., 2013)
belong to this list and yet only triple reassortant viruses eventually contributed to a
pandemic, due to epidemiology and phylodynamics confined to influenza A virus. When
information about a system is lacking either because it is recent or entirely novel or if
the system is inherently unpredictable, sequence data can and should be used jointly with
whatever data sources are available to provide the unique pathogen perspective on an
infectious disease outbreak.

[Perhaps close with discussion of evolution of host tropism? So far outbreaks have been
self-limiting, but continued circulation in camels and continued spill-over into humans
provides continued chances for evolution of a more human transmissible virus.]
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Methods

Sequence data

All MERS-CoV sequences were downloaded from GenBank.Fragments of some strains sub-
mitted to GenBank as separate accessions were assembled into a single sequence. Protein
coding sequences were extracted and concatenated. Sequences were annotated with avail-
able collection dates and hosts, designated as camel or human. The final dataset consisted
of 174 genomes from human infections and 100 genomes from camel infections (Table S1).

Structured coalescent analyses

MultiTypeTree module (Vaughan et al., 2014) was used in BEAUti v2.4.3 (Bouckaert
et al., 2014) to specify a structured coalescent model with two demes - humans and camels
- based on GenBank records. Analyses were run on codon position partitioned data with
two separate HKY+I'y (Hasegawa et al., 1985; Yang, 1994) nucleotide substitution models
specified for codon positions 1+2 and 3. A relaxed molecular clock with branch rates drawn
from a lognormal distribution (Drummond et al., 2006) was used to infer the evolutionary
rate from date calibrated tips. Default priors were used for all parameters except for
migration rates between demes for which an exponential prior with mean 1.0 was used.
All analyses were run across ten independent Markov chains (MCMC runs). To confirm
that demographic inference was derived from the data rather than the prior we set up an
additional ten independent analyses where the mean of the exponential distribution prior
for migration rate was set to 10.0.

We also analysed a dataset where alignments split into two fragments (fragment 1 com-
prised of positions 1-21000, fragment 2 of positions 21000-onwards), with independent
clocks, trees and migration rates, but shared substitution models and deme population
sizes. Fragment positions were chosen based on consistent identification of the region
around nucleotide 21000 as a probable breakpoint by GARD (Pond et al., 2006) by previ-
ous studies into SARS and MERS coronaviruses (Hon et al., 2008; Dudas and Rambaut,
2016). All analyses were set to run for 200 million states, subsampling every 20 000 states.
Due to the increased complexity of multitype tree parameter space 50% of states from
every analysis were discarded as burnin-burn-in for single fragment analyses and 20% for
two-fragment analyses. Chains not converging after 200 million states were discarded. For
single fragment analysis with migration rate prior set to exponential with mean 1.0 there
were three chains out of ten that did not converge and two for the analysis where the
migration rate prior was an exponential with mean 10.0. For the two fragment structured
coalescent analyses three chains out of ten failed to converge.

Demographic inference of MERS-CoV in the reservoir

In order to infer the demographic history of MERS-CoV in camels we used the results
of structured coalescent analyses to identify introductions of the virus into humans. The
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oldest sequence from each cluster introduced into humans was used to represent a ran-
dom draw from the diversity of MERS-CoV circulating in camels. These sequences were
combined with existing sequence data from camels to give us a dataset with minimal de-
mographic signal coming from epidemiological processes in humans. Sequences belonging
to the outgroup clade where most of MERS-CoV sequences from Egypt fall were removed
out of concern that MERS epidemics in the Arabian Peninsula and Egypt are distinct
epidemics with relatively poor sampling in the latter. A flexible skygrid tree prior (Gill
et al., 2013) was used to recover estimates of relative genetic diversity (N.7) at 50 evenly
spaced grid points across six years, ending at the most recent tip in the tree (2015 August)
in BEAST v1.8.4 (Drummond et al., 2012). We set up five independent MCMC chains to
run for 500 million states, sampling every 50 000 states. This analysis suffered from poor
convergence, where two chains converged onto one stationary distribution, two to another
and the last chain onto a third stationary distribution, with high effective sample sizes.

Epidemiological analyses

As of 10 May 2017, the World Health Organization has been notified of 1952 cases of
MERS-CoV. We thus simulate final transmission chain sizes using equation 1 (Lloyd-Smith
et al., 2005; Blumberg and Lloyd-Smith, 2013) until we reach an epidemic comprised of
2000 cases. 10 000 simulations were run for 121 uniformly spaced values of Rg across
the range [0.5-1.1] with dispersion parameter w fixed to 0.1. Each simulation results in
a vector of outbreak sizes C, where C; is the size of the ith transmission cluster and
Zfil C; = 2000, where K is the number of clusters generated. We sample from the case
cluster size vector according to a multivariate hypergeometric distribution to simulate
sequencing (algorithm 1). The resulting sequence cluster size vector S contains K entries,
some of which are zero (i.e. case clusters not sequenced), but Zfi 1S; = 174 which
reflects the number of MERS-CoV sequences used in this study. Since the sampling
scheme operates under equi-probable sequencing we also simulated biased sequencing by
using concentrated hypergeometric distributions where the probability mass function is
squared (bias = 2) or cubed (bias = 3) and then normalized. This makes clusters likely to
be ‘sequenced’ even more likely to be sequenced and wvice versa. We performed a smaller
set of simulations with 2500 replicates and twice the number of cases, i.e. Zfil C; = 4000,
to explore a dramatically underreported epidemic.

Let Rp be the basic reproductive number (0 < Ry < 1), and w > 0 be the a disper-
sion parameter, then the probability of observing a stuttering chain (cluster) r of size j
is (Blumberg and Lloyd-Smith, 2013)

=

Dwj+j—1) (o)t
T(wi)T(j 4+ 1) (1 + fojwi+i-1”

w

Pr(r = j|Ro,w) =

(1)

Although case clusters and their sizes are difficult to infer directly and require detailed
epidemiological follow up, sequence data have fewer limitations.Our structured coalescent
analyses indicate that every MERS outbreak is a contained cross-species transmission of
the virus from camels into humans. The distribution of the number of these cross-species
transmissions and their sizes thus contain information about the underlying distribution
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of case clusters. We employ a Monte Carlo simulation approach to identify simulations
where the recovered distribution of sequence cluster sizes fall within the 95% highest
posterior density intervals for three summary statistics of MERS-CoV sequence cluster
sizes recovered via structured coalescent analyses: mean, median and standard deviation.
These values are 2.90-3.70 for mean sequence cluster size, 4.87-6.07 for standard deviation
of sequence cluster sizes and a median sequence cluster size of 1.

Data: Array of case cluster sizes in outbreak C = [C1,Cq,...,Ck], sequences available
M, total outbreak size Zfi 1 Ci.
Result: Array of sequence cluster sizes sampled: S =[Sy, So, ..., Sk].

Draw S5; from a hypergeometric distribution with C; successes, Zfil C; — C; failures
after M trials;

while i < K do

1 =14 1;

M =M - 5;_1;

Compute the probability mass function (pmf) for all possible values of S;,
p = [p(0)Pias p(1)Pas . p(C)Pes] x (32, pPias) =L, where p(-) is the pmf for a
hypergeometric distribution with C; successes, Zfil C; — C; failures after M trials;

Draw a sequence cluster size S; from array of potential sequence cluster sizes
[0,1,...,C;] according to p;

end

Add remaining sequences to last sequence cluster Cx = M — Sk _1;

Algorithm 1: Multivariate hypergeometric sampling scheme. Pseudocode de-
scribes the multivariate hypergeometric sampling scheme that simulates sequencing. Prob-
ability of sequencing a given number of cases from a case cluster depends on cluster size
and sequences left (i.e. “sequencing capacity”). The bias parameter determines how
probability mass function of the hypergeometric distribution is concentrated.

Introduction seasonality

We extracted the times of camel-to-human introductions from the posterior distribution
of multitype trees. This distribution of introduction times was then discretised as follows:
for state & = 1,2,..., L in the chain, Z;;, was 1 if there as an introduction in month ¢

and year j and 0 otherwise. We model the variable Y;; = Zﬁzl Ziji, with the hierarchical
model:

Yi; ~ Binomial(L, 6;;);
logit(0;;) = a; + Bis
B; ~ Normal

om ~ Cauchy

(
( ;
a; ~ Normal(fiy, oy);
phy ~ Normal(

(

0,1);
oy ~ Cauchy(0, 2

Odds ratios of introductions can then be computed for each month ¢ as OR; = exp(f;).
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Table S1. Strain names, accessions (where available), identified host and reported collection dates

for MERS-CoV genomes used in this study.

strain accession host collection date
1 KSA-378 KJ713296 | camel | 2013-11
2 KSA-363 KJ713298 | camel | 2013-11
3 KSA-503 KJ713297 | camel | 2013-11
4 KSA-376 KJ713299 | camel | 2013-11
5 KSA-505 KJ713295 | camel | 2013-11
6 Jeddah-1 KF917527 | camel | 2013-11-08
7 NRCE-HKU205 KJ477102 | camel | 2013-11-15
8 KFU-HKU1 KJ650297 | camel | 2013-11-30
9 KFU-HKU13 KJ650295 | camel | 2013-12-30
10 | Camel Egypt NRCE-HKU271 camel | 2013-12-30
11 | Camel Egypt NRCE-HKU270 camel | 2013-12-30
12 | KFU-HKU19Dam KJ650296 | camel | 2013-12-30
13 | Qatar_2.2014 KJ650098 | camel | 2014-02-16
14 | UAE/D469-14 KU242424 | camel | 2014-03-04
15 | UAE/D511-14 KU242423 | camel | 2014-03-12
16 | Jeddah/F13A /2014 KT368824 | camel | 2014-05
17 | UAE/D1164.10/2014 KP719928 | camel | 2014-06
18 | UAE/D1339.2/2014 KP719931 | camel | 2014-06
19 | UAE/D1164.11/2014 KP719929 | camel | 2014-06
20 | UAE/D1164.9/2014 KP719927 | camel | 2014-06
21 | UAE/D1209/2014 KP719933 | camel | 2014-06
22 | UAE/D1164.14/2014 KP719930 | camel | 2014-06
23 | UAE/D1243.12/2014 KP719932 | camel | 2014-06
24 | D1164.1/14 KX108937 | camel | 2014-06-02
25 | Riyadh/Ry23N/2014 KT368825 | camel | 2014-07
26 | Riyadh/Ry84N/2014 KT368826 | camel | 2014-07
27 | Jeddah/S93/2014 KT368855 | camel | 2014-09
28 | Jeddah/401/2014 KT368827 | camel | 2014-09
29 | Jeddah/S100/2014 KT368853 | camel | 2014-09
30 | Jeddah/S99/2014 KT368857 | camel | 2014-09
31 | Jeddah/S94/2014 KT368856 | camel | 2014-09
32 | Jeddah/S73/2014 KT368854 | camel | 2014-09
33 | Jeddah/0O47b/2014 KT368852 | camel | 2014-10
34 | Jeddah/023b/2014 KT368849 | camel | 2014-10
35 | Jeddah/024/2014 KT368850 | camel | 2014-10
36 | Jeddah/030/2014 KT368851 | camel | 2014-10
37 | Jeddah/N51/2014 KT368846 | camel | 2014-11
38 | Jeddah/N68b/2014 KT368848 | camel | 2014-11
39 | Jeddah/N62b/2014 KT368847 | camel | 2014-11
40 | Jeddah/D40/2014 KT368834 | camel | 2014-12
41 | Jeddah/D90/2014 KT368844 | camel | 2014-12
Continued on next page
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strain accession host collection date
42 | Jeddah/D88/2014 KT368843 | camel | 2014-12
43 | Jeddah/D36/2014 KT368832 | camel | 2014-12
44 | Jeddah/D35/2014 KT368831 | camel | 2014-12
45 | Jeddah/D92/2014 KT368845 | camel | 2014-12
46 | Jeddah/D49/2014 KT368841 | camel | 2014-12
47 | Jeddah/D34/2014 KT368830 | camel | 2014-12
48 | Jeddah/D33b/2014 KT368829 | camel | 2014-12
49 | Jeddah/D42/2014 KT368835 | camel | 2014-12
50 | Jeddah/D50b/2014 KT368842 | camel | 2014-12
51 | Jeddah/D45/2014 KT368837 | camel | 2014-12
52 | Jeddah/D46b/2014 KT368838 | camel | 2014-12
53 | Jeddah/D43b/2014 KT368836 | camel | 2014-12
54 | Jeddah/D100/2014 KT368828 | camel | 2014-12
55 | Jeddah/D47/2014 KT368839 | camel | 2014-12
56 | Jeddah/D38b/2014 KT368833 | camel | 2014-12
57 | Jeddah/D48/2014 KT368840 | camel | 2014-12
58 | D2597.2/14 KX108938 | camel | 2014-12-13
59 | Egypt NRCE-NC163/2014 KU740200 | camel | 2014-12-17
60 | Jeddah/Jd7/2015 KT368861 | camel | 2015-01
61 | Jeddah/Jd86/2015 KT368863 | camel | 2015-01
62 | Jeddah/Jd90/2015 KT368865 | camel | 2015-01
63 | Jeddah/Jd1b/2015 KT368858 | camel | 2015-01
64 | Jeddah/Jd4/2015 KT368859 | camel | 2015-01
65 | Jeddah/Jd85/2015 KT368862 | camel | 2015-01
66 | Jeddah/Jd6b/2015 KT368860 | camel | 2015-01
67 | Jeddah/Jd87/2015 KT368864 | camel | 2015-01
68 | D252/15 KX108939 | camel | 2015-01-30
69 | Jeddah/Jd199/2015 KT368867 | camel | 2015-02
70 | Jeddah/Jd175/2015 KT368866 | camel | 2015-02
71 | D374/15 KX108940 | camel | 2015-02-12
72 | D383/15 KX108941 | camel | 2015-02-14
73 | D389/15 KX108942 | camel | 2015-02-15
74 | Riyadh/Ry63/2015 KT368876 | camel | 2015-03
75 | Riyadh/Ry136/2015 KT368868 | camel | 2015-03
76 | Riyadh/Ry178/2015 KT368874 | camel | 2015-03
77 | Riyadh/Ry162/2015 KT368871 | camel | 2015-03
78 | Riyadh/Ry86/2015 KT368879 | camel | 2015-03
79 | Taif/T150/2015 KT368889 | camel | 2015-03
80 | Riyadh/Ry137/2015 KT368869 | camel | 2015-03
81 | Riyadh/Ry179/2015 KT368875 | camel | 2015-03
82 | Riyadh/Ry177/2015 KT368873 | camel | 2015-03
83 | Riyadh/Ry79/2015 KT368878 | camel | 2015-03
84 | Riyadh/Ry173/2015 KT368872 | camel | 2015-03
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strain accession host collection date

85 | Taif/T157b/2015 KT368890 | camel | 2015-03

86 | Riyadh/Ry159b/2015 KT368870 | camel | 2015-03

87 | Riyadh/Ry64/2015 KT368877 | camel | 2015-03

88 | Taif/T3/2015 KT368880 | camel | 2015-04

89 | Taif/T16/2015 KT368882 | camel | 2015-04

90 | Taif/T22/2015 KT368883 | camel | 2015-04

91 | Taif/T92/2015 KT368887 | camel | 2015-04

92 | Taif/T7/2015 KT368881 | camel | 2015-04

93 | Taif/T91b/2015 KT368886 | camel | 2015-04

94 | Taif/T68/2015 KT368884 | camel | 2015-04

95 | Taif/T89/2015 KT368885 | camel | 2015-04

96 | Taif/T98/2015 KT368888 | camel | 2015-04

97 | D998/15 KX108943 | camel | 2015-04-23
98 | D1157/15 KX108944 | camel | 2015-05-12
99 | D1189.1/15 KX108946 | camel | 2015-05-18
100 | D1271/15 KX108945 | camel | 2015-05-29
101 | Jordan-N3/2012 KC776174 | human | 2012-04-15
102 | EMC/2012 JX869059 | human | 2012-06-13
103 | England/1/2012 KC164505 | human | 2012-09-11
104 | Riyadh_1_2012 KF600612 | human | 2012-10-23
105 | Riyadh_2_2012 KF600652 | human | 2012-10-30
106 | Riyadh_3_2013 KF600613 | human | 2013-02-05
107 | England/3/2013 KM210278 | human | 2013-02-10
108 | England/2/2013 KMO015348 | human | 2013-02-10
109 | England/4/2013 KM210277 | human | 2013-02-13
110 | Riyadh_ 42013 KJ156952 | human | 2013-03-01
111 | Munich/AbuDhabi/2013 KF192507 | human | 2013-03-22
112 | Al-Hasa_2_2013 KF186566 | human | 2013-04-21
113 | Al-Hasa_3_2013 KF186565 | human | 2013-04-22
114 | UAE-FRA1_.1627-2013_BAL KJ361500 | human | 2013-04-26
115 | Al-Hasa_4_2013 KF186564 | human | 2013-05-01
116 | Al-Hasa_7_2013 KF600623 | human | 2013-05-01
117 | Al-Hasa_8_2013 KF600618 | human | 2013-05-01
118 | Al-Hasa_25_2013 KJ156866 | human | 2013-05-02
119 | Al-Hasa_11_2013 KF600629 | human | 2013-05-03
120 | Al-Hasa_12_2013 KF600627 | human | 2013-05-07
121 | Al-Hasa_14.2013 KF600615 | human | 2013-05-08
122 | Al-Hasa_1_2013 KF186567 | human | 2013-05-09
123 | Al-Hasa_15_2013 KF600645 | human | 2013-05-11
124 | Al-Hasa_16_2013 KF600644 | human | 2013-05-12
125 | Buraidah_1_2013 KF600630 | human | 2013-05-13
126 | Al-Hasa_23_2013 KJ156860 | human | 2013-05-13
127 | Al-Hasa_17_2013 KF600647 | human | 2013-05-15
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128 | Al-Hasa_19_.2013 KF600632 | human | 2013-05-23
129 | Al-Hasa_18_-2013 KF600651 | human | 2013-05-23
130 | Al-Hasa_21_2013 KF600634 | human | 2013-05-30
131 | Hafr-Al-Batin_1_2013 KF600628 | human | 2013-06-04
132 | Wadi-Ad-Dawasir_1_2013 KJ156881 | human | 2013-06-12
133 | Taif 1.2013 KJ156949 | human | 2013-06-12
134 | Taif 22013 KJ156896 | human | 2013-06-12
135 | Taif 32013 KJ156938 | human | 2013-06-13
136 | Al-Hasa_26_2013 KJ156882 | human | 2013-06-18
137 | Al-Hasa_27_2013 KJ156943 | human | 2013-06-19
138 | Al-Hasa_28_2013 KJ156887 | human | 2013-06-22
139 | Riyadh_6_2013 KJ156879 | human | 2013-07-02
140 | Riyadh_5_2013 KJ156944 | human | 2013-07-02
141 | Riyadh_7_2013 KJ156937 | human | 2013-07-15
142 | Riyadh_8_2013 KJ156880 | human | 2013-07-17
143 | Riyadh_9_2013 KJ156869 | human | 2013-07-17
144 | Hafr-Al-Batin_2_2013 KJ156910 | human | 2013-08-05
145 | Asir_2.2013 KJ156863 | human | 2013-08-05
146 | Riyadh_11_2013 KJ156946 | human | 2013-08-06
147 | Riyadh_12_2013 KJ156926 | human | 2013-08-08
148 | Riyadh_13_2013 KJ156888 | human | 2013-08-13
149 | Riyadh_ 142013 KJ156934 | human | 2013-08-15
150 | Hafr-Al-Batin_4_2013 KJ156931 | human | 2013-08-25
151 | Hafr-Al-Batin_5_2013 KJ156951 | human | 2013-08-25
152 | Riyadh_17_2013 KJ156918 | human | 2013-08-26
153 | Hafr-Al-Batin_6_2013 KJ156874 | human | 2013-08-28
154 | Riyadh_10_2013 KJ156891 | human | 2013-09-05
155 | Madinah_3b_2013 KJ156916 | human | 2013-09-11
156 | Qatar3 KF961221 | human | 2013-10-13
157 | Qatar4d KF961222 | human | 2013-10-17
158 | Oman_2285_2013 KT156560 | human | 2013-10-28
159 | Jeddah-1 KF958702 | human | 2013-11-05
160 | AbuDhabi_.UAE_9_2013 KP209312 | human | 2013-11-15
161 | Oman_2874_2013 KT156561 | human | 2013-12-28
162 | AbuDhabi/Gayathi UAE_2 2014 KP209310 | human | 2014-03-07
163 | Jeddah_C7569/KSA KMO027256 | human | 2014-04-03
164 | Jeddah_C7149/KSA KMO027255 | human | 2014-04-05
165 | Jeddah C7770/KSA KMO027257 | human | 2014-04-07
166 | AbuDhabi_.UAE_8_2014 KP209306 | human | 2014-04-07
167 | AbuDhabi_.UAE_16_2014 KP209308 | human | 2014-04-10
168 | AbuDhabi_.UAE_18_2014 KP209307 | human | 2014-04-10
169 | Jeddah_(C8826/KSA KMO027258 | human | 2014-04-12
170 | AbuDhabi_.UAE_26_2014 KP209313 | human | 2014-04-13
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171 | Jeddah_C9055/KSA KMO027259 | human | 2014-04-14
172 | Makkah _C9355/KSA /Makkah KMO027261 | human | 2014-04-15
173 | AbuDhabi_UAE_33_2014 KP209311 | human | 2014-04-17
174 | AbuDhabi_ UAE_30.2014 KP209309 | human | 2014-04-19
175 | Jeddah_C10306/KSA KMO027260 | human | 2014-04-21
176 | Riyadh_2014KSA _683/KSA /2014 KMO027262 | human | 2014-04-22
177 | Riyadh-KKUH-90b human | 2014-04-24
178 | Riyadh-KKUH-105 human | 2014-04-25
179 | Riyadh-KKUH-104 human | 2014-04-25
180 | KFMC-1 KT121580 | human | 2014-04-28
181 | KFMC-8 KT121579 | human | 2014-04-30
182 | Indiana/USA-1_SaudiArabia_2014 | KJ813439 | human | 2014-04-30
183 | KFMC-10 KT121578 | human | 2014-05-01
184 | KFMC-7 KT121581 | human | 2014-05-03
185 | Riyadh-KKUH-291 human | 2014-05-06
186 | KFMC-9 KT121574 | human | 2014-05-07
187 | KFMC-3 KT121573 | human | 2014-05-09
188 | Florida/USA-2_SaudiArabia_2014 KJ829365 | human | 2014-05-10
189 | KFMC-2 KT121577 | human | 2014-05-11
190 | KFMC-4 KT121575 | human | 2014-05-12
191 | KFMC-5 KT121572 | human | 2014-05-12
192 | Riyadh-KKUH-368 human | 2014-05-13
193 | KFMC-6 KT121576 | human | 2014-05-18
194 | Riyadh_2014KSA _158/KSA /2014 KMO027281 | human | 2014-05-20
195 | Jeddah-KFH-285TA human | 2014-06-03
196 | Jeddah-KFH-605TD human | 2014-06-09
197 | Jeddah-KFH-668TD human | 2014-06-09
198 | Jeddah-KFH-899NF human | 2014-06-16
199 | Jeddah-KFH-949NSG1 human | 2014-06-18
200 | Riyadh-KKUH-643 human | 2014-11-02
201 | Taif/KSA-7032/2014 KU710264 | human | 2014-11-04
202 | Riyadh-KKUH-665 human | 2014-11-19
203 | Riyadh-KSA-2049/2015 KR011266 | human | 2015-01-06
204 | Riyadh-KSA-2343/2015 KRO011264 | human | 2015-01-21
205 | Riyadh-KSA-2345/2015 KRO011263 | human | 2015-01-21
206 | Riyadh-KSA-2466/2015 KRO011265 | human | 2015-01-26
207 | Kharj-KSA-2599/2015 KT806052 | human | 2015-02-02
208 | Kharj-KSA-2598/2015 KT806053 | human | 2015-02-02
209 | Riyadh-KSA-2716/2015 KT806051 | human | 2015-02-05
210 | Khobar-KSA-6736/2015 KT806048 | human | 2015-02-07
211 | Jeddah-KSA-C20843/2015 KT806044 | human | 2015-02-09
212 | Jeddah-KSA-C20860/2015 KT806055 | human | 2015-02-10
213 | Riyadh_KSA _2959_2015 KT026453 | human | 2015-02-10
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214 | Riyadh-KSA-3065/2015 KT806050 | human | 2015-02-12
215 | Najran-KSA-C20915/2015 KT806054 | human | 2015-02-13
216 | Riyadh-KSA-3181/2015 KT806049 | human | 2015-02-15
217 | Riyadh . KKUH_0734 human | 2015-02-18
218 | Jeddah-KSA-C21271/2015 KT806045 | human | 2015-02-22
219 | Riyadh KKUH_0755 human | 2015-02-23
220 | Riyadh KKUH_0756 human | 2015-02-23
221 | Riyadh KKUH_0780 human | 2015-02-25
222 | Riyadh KKUH_0801 human | 2015-02-27
223 | Riyadh KKUH_0826 human | 2015-02-28
224 | Riyadh_ KKUH_0818 human | 2015-02-28
225 | Riyadh_KSA 40502015 KT026454 | human | 2015-03-01
226 | Riyadh_ KKUH_0944 human | 2015-03-02
227 | Riyadh KKUH_0939 human | 2015-03-02
228 | Riyadh . KKUH_1080 human | 2015-03-03
229 | Riyadh KKUH_1066 human | 2015-03-03
230 | Riyadh KKUH_1145 human | 2015-03-04
231 | Riyadh KKUH_1217 human | 2015-03-04
232 | Riyadh . KKUH_1461 human | 2015-03-08
233 | Riyadh KKUH_1470 human | 2015-03-08
234 | Riyadh KKUH_1522 human | 2015-03-09
235 | Germany3/UAE-Dubai/Abu-Dhabi human | 2015-03-11
236 | Hufuf-KSA-9158/2015 KT806047 | human | 2015-03-27
237 | Hufuf-KSA-11002/2015 KT806046 | human | 2015-05-10
238 | KOR/KNIH/002_05-2015 KT029139 | human | 2015-05-20
239 | ChinaGDO1 KT036372 | human | 2015-05-28
240 | KOR/Seoul/014-2015 KX034093 | human | 2015-05-30
241 | KOREA /Seoul/014-1-2015 KT374052 | human | 2015-05-31
242 | KOREA /Seoul/035-1-2015 KT374054 | human | 2015-06-03
243 | KOR/Seoul/066-2015 KX034095 | human | 2015-06-04
244 | Korea/Seoul/SNU1-035/2015 KU308549 | human | 2015-06-08
245 | KOR/CNUH_SNU/030-06-2015 KT868868 | human | 2015-06-08
246 | KOR/CNUH_SNU/024_06_2015 KT868867 | human | 2015-06-08
247 | KOR/CNUH_SNU/054_06-2015 KT868871 | human | 2015-06-09
248 | KOR/CNUH_SNU/038.06_2015 KT868870 | human | 2015-06-10
249 | KOR/CNUH_SNU/148_06-2015 KT868876 | human | 2015-06-10
250 | KOR/CNUH_SNU/122.06-2015 KT868875 | human | 2015-06-10
251 | KOR/CNUH_SNU/082_06-2015 KT868872 | human | 2015-06-10
252 | KOR/CNUH_SNU/085.06-2015 KT868873 | human | 2015-06-10
253 | KOR/CNUH_SNU/016_06_2015 KT868865 | human | 2015-06-11
254 | KOR/CNUH_SNU/023.06-2015 KT868866 | human | 2015-06-11
255 | KOR/CNUH_SNU/031.06_2015 KT868869 | human | 2015-06-11
256 | KOR/CNUH_SNU/110-06-2015 KT868874 | human | 2015-06-11
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257 | KOR/Seoul/050-1-2015 KX034094 | human | 2015-06-11
258 | THA/CU/17.062015 KT225476 | human | 2015-06-17
259 | KOR/Seoul/077-2-2015 KX034096 | human | 2015-06-17
260 | KOR/Seoul/080-3-2015 KX034097 | human | 2015-06-17
261 | KOREA /Seoul/163-1-2015 KT374051 | human | 2015-06-19
262 | KOREA /Seoul/168-1-2015 KT374056 | human | 2015-06-21
263 | KOR/Seoul/162-1-2015 KX034098 | human | 2015-06-22
264 | KOR/CNUH_SNU/172_06-2015 KT868877 | human | 2015-06-22
265 | KOR/Seoul/169-2015 KX034099 | human | 2015-06-26
266 | KOR/Seoul/177-3-2015 KX034100 | human | 2015-07-03
267 | Jeddah-KSA-3RS2702/2015 KUS851859 | human | 2015-07-12
268 | Riyadh-KSA-16120/2015 KU851861 | human | 2015-08-24
269 | Riyadh-KSA-16117/2015 KUS851862 | human | 2015-08-24
270 | Riyadh-KSA-16121/2015 KU851860 | human | 2015-08-24
271 | Riyadh-KSA-16098/2015 KU851864 | human | 2015-08-24
272 | Riyadh-KSA-16077/2015 KU851863 | human | 2015-08-27
273 | Jordan_1_2015 KU233363 | human | 2015-09-17
274 | Jordan_10_2015 KU233362 | human | 2015-09-17
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MERS-CoV evolutionary history split by inferred host: camels (top in orange) and humans (bot-
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This visualisation highlights the ephemeral nature of MERS-CoV outbreaks in

humans, compared to continuous circulation of the virus in camels.

Figure S1. Evolutionary history of MERS-CoV partitioned between camels and hu-
Same—This is the same tree as shown in Figure 1,

tom in_blue).

mans.
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Figure S2. Result are robust to prior choice. Negligible flow of MERS-CoV lineages from
humans into camels is recovered regardless of prior choice. Plots show the 95% highest posterior
density for the estimated migration rate from the human deme into the camel deme (blue) and wvice

versa (orange). Dotted lines indicate exponential priors specified for migration rates, with mean
1.0 (bottom) or 10.0 (top).
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Figure S3. Mente-Carle-simulation-method: Monte Carlo simulation schematic. Case
clusters are simulated according to Equation 1 until an outbreak size of 2000 cases is reached. We
sample 174 cases from each simulation to represent sequencing of human MERS cases. ‘Sequencing’
is carrled out by using multlvarlate hypergeometrlc samphng, where at-each-iteration case claster

_1 7
M&Wm&%@wﬁm leftover-seqtencing
m&%ﬁ%—%&ﬂm&r&%ﬁ%&#@eqnencedﬁpﬁeﬁ%&%@& Sequencing
simulations take place at three levels of bias—: 1.0, where every case is equally likely to be sequenced,
and 2.0 and 3.0, where cases from larger clusters are increasingly more likely to be sequenced.
Simulated-The distribution of simulated sequence clusters are-is summarised by their-its mean,
median and standard dev1atlon%e%beﬁwh&dﬁeﬁ%Hwneﬂa%&e#H&&pﬁWHﬂgeﬁsW
into clusters. A simulation is considered to match if its—sequenee—elustersize-the mean, median
and standard deviation fel-of its sequence cluster sizes falls within the 95% highest posterior
density interval of observed MERS-CoV sequence clusters. Ry values that ultimately generate
data matching empirical observations, as well as associated numbers of ‘introductions’ are kept
retained as estimates. These estimates are summarised in Figure 273.
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Figure S4. Results of Monte Carlo simulations with vast underestimation of cases.
The plot is identical to Figure 2%3, but instead of 2000 cases, simulations were run with 4000 cases.
With more unobserved cases the Ry values matching observed MERS-CoV sequence clusters can
only be smaller, with a corresponding increase in numbers of zoonotic transmissions. However, the
numbers of simulations that match MERS-CoV data go down as well.
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Figure S5. Tests of recombination across MERS-CoV clades. Maximum-elade-eredibility
tree—of-Maximum clade credibility tree of MERS-CoV genomes—annotated—with—results—oftwo
memr%mn%mmmm
musé@i&ﬂlv@yw%eq : : :

WLM%WMW@
existing sequence data as containing signals of recombination. Note that markings do not indicate
where recombinations have occurred on the tree, merely the minimum distance in sequence/time
space-between-recombining lineages—time space between recombining lineages.
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Figure S6. MERS-CoV genomes exhibit high numbers of non-clonal loci. Ancestral
state reconstruction (right) identifies a large number of leei-that-sites in which mutations have
occurred more than once in the tree (homoplasies, orange) or are reversions (red) from a state
arising in an ancestor. Mutations that apparently only occur once in the tree (synapomorphies)
are shown in grey. The maximum likelihood phylogeny on the left is coloured by whether sequences
were sampled in humans (blue) or camels (orange).
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Figure S7. Human clade sharing between genomic fragments 1 and 2. Central scatter
plot shows the posterior probability of human clades shared between genomic fragments 1 and 2, in
their respective trees. Left and bottom scatter plots track the posterior probability of human clades
only observed in fragment 2 (left) or fragment 1 (bottom). The cumulative probability of human
clades present in either tree are tracked by plots on the right (fragment 2) and top (fragment 1).
Most of the probability mass is concentrated within human clades that are present in trees of both
genomic fragment 1 and 2 (0.9701 and 0.9474 of all human clades across posteriors, respectively).
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Figure S8. Demographic history of MERS-CoV in Arabian peninsula camels. Demo-
graphic history of MERS-CoV in camels, as inferred via a skygrid coalescent tree prior (Gill et al.,
2013). Two skygrid reconstructions are shown, one for each of the stationary distributions reached
by MCMC. Shaded interval indicates the 95% highest posterior density interval for the product
of generation time and effective population size, N.7. Midline tracks the inferred median of N,7.
Maximum clade credibility (MCC) tree from the skygrid was inferred is shown in the background,
with camel sequences highlighted in orange and human sequences highlighted in blue.
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