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Pandemics pose a persistent and substantial threat to human health, with consequences

that include widespread mortality and suffering. The 21st century has thus far been most

dramatically affected by the coronavirus disease 2019 (COVID-19) pandemic, and understanding

its origins is critical in preventing future epidemics and pandemics. This dissertation investigates

the emergence of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), the causative

agent of COVID-19. First, I present a novel approach coupling phylogenetics and epidemic

modeling to infer when the primary case of the COVID-19 pandemic was infected. I then

expand on this approach, incorporating additional epidemiological data and interrogating likely

phylogenetic structures, to determine that the COVID-19 pandemic is likely the result of at least
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two separate cross-species transmission events of SARS-CoV-2 into humans. Finally, I examine

sarbecoviruses closely related to SARS-CoV and SARS-CoV-2 to reconstruct the temporal and

geographic history of these viruses. Taken together, this dissertation outlines the events both

preceding and at the start of the COVID-19 pandemic, identifying SARS-CoV-2 as a zoonotic

pathogen, and implicating the wild and farmed animal trade in the emergence of SARS-CoV and

SARS-CoV-2.
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Introduction

In late December 2019, cases of coronavirus disease 2019 (COVID-19), the disease caused

by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), started being documented in

the city of Wuhan, China. This marked the beginning of a global pandemic that has resulted in

over six million deaths as of 20231;2. In the years since the first identified case of COVID-19,

countless efforts have gone toward understanding this disease and the virus that causes it. A

great deal has since been learned about the nature of this pandemic, including its incipience.

Understanding the origins of a pandemic is crucial for preventing future epidemics and

pandemics. Modern human history has been marked by multiple zoonotic viral pandemics,

including those caused by influenza A virus3–5, human immunodeficiency virus (HIV)6–9, and

SARS-CoV (henceforth referred to as SARS-CoV-1)10–13. The exact events surrounding the

start of these pandemics have historically been unknown, especially in the first months and

years after they started11;14;15, despite an increased consensus in recent years that a cross-species

transmission of the virus from a non-human animal to a human was involved. The origins of

these pandemics are often repeatedly analyzed as more data and improved methods become

available, leading to a more complete understanding of their emergence.

The advent of sequencing technologies and bioinformatic methods has significantly

improved our ability to understand the emergence and persistence of pathogens, with clinicians

and researchers also becoming able to more rapidly identify pathogens responsible for outbreaks.

Subsequent analyses of data collected at the onset of an outbreak and information related to the

identified responsible pathogen allow for precise inferences regarding the evolutionary history

of the pathogen. Although this has continued to prove challenging for most virus pandemics,

there has been substantially more data produced regarding the COVID-19 pandemic, allowing

for more detailed analyses of SARS-CoV-2 than any pathogen prior.
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Phylogenetics has been instrumental in unraveling the evolutionary history of human

viruses, including shedding light on their origins. However, phylogenetics is inherently unable to

account for unsampled genomic diversity16;17. As virus genomes are less likely to be sampled and

sequenced at the start of a pandemic, phylogenetics is limited in its ability to determine when

exactly a virus might have spilled over into a human population. Rather, phylogenetics provides

the ability to infer when the most recent common ancestor (MRCA) of sequenced virus genomes

existed18. Meanwhile, epidemiological investigations of a virus can deduce its fundamental

transmission dynamics without relying on any genomic data19. Such information can also serve

as an additional data source in reconstructing the events at the start of the pandemic: number of

cases, when the cases started to rapidly increase, etc. A basic understanding of the transmission

dynamics of a virus can then be used for modeling its spread20.

In Chapter 1, I discuss a novel approach integrating phylogenetics and epidemic modeling

to infer when the first infection of SARS-CoV-2 occurred. I use Bayesian phylogenetics to first

determine the time of the most recent common ancestor (tMRCA) of SARS-CoV-2 and then

epidemic simulations to reconstruct the transmission history of SARS-CoV-2 immediately after

its emergence. By subsequently linking the tMRCA with the epidemic simulations, I show that,

despite the tMRCA of SARS-CoV-2 being in late November-to-early December, the primary case1

of SARS-CoV-2 was likely infected in November. I then examine the effects of transmissibility

and virulence on the spread of SARS-CoV-2 and demonstrate that a substantial selective event

or fitness increase was not necessary for SARS-CoV-2 to persist in the human population after it

began spreading.

As more data is collected and retrospective surveys are completed, additional data streams

can be used to inform our understanding of the emergence of a novel pathogen. Retrospective

investigations, such as those performed by individual research labs20;23–25 as well as the World

Health Organization26, have helped curate case counts and virus sequencing data related to

SARS-CoV-2 more accurately. In particular, early SARS-CoV-2 genomes were found to have

1In Chapter 1, I refer to this individual as the index case, as that is how we referred to it when we published
the paper. The index case, however, is the first case identified by health authorities, whereas the primary case
is the infected individual that brings the disease to a larger group, leading to subsequent transmissione21. In
Chapter 2, I correctly refer to this individual as the primary case. Occasionally, the index case is the primary
case, but the primary case will often not be found. The index case of SARS-CoV-2 is likely an individual from the
Huanan Seafood Market whose symptoms started on 8 December, 201922.
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erroneous mutations, potentially affecting the inference of the tMRCA and, therefore, the timing

of the primary case26.

In Chapter 2, I discuss my examination of the early genomic SARS-CoV-2 data and

how the genomes intermediate to lineages A and B of SARS-CoV-2 are likely identified as such

due to erroneous base calls as well. This finding led me to investigate whether there were, in

fact, multiple introductions of SARS-CoV-2 into the human population. I again couple Bayesian

phylogenetics and epidemic simulations to reconstruct the early dynamics of the COVID-19

pandemic, extending our prior approach to more fully account for hospitalization and phylogenetic

patterns. By comparing simulated phylogenies resulting from the epidemic modeling with the

observed phylogeny of SARS-CoV-2, I demonstrate that the observed phylogeny is likely the

product of at least two introductions of SARS-CoV-2 into humans. My results additionally

indicate there was minimal cryptic transmission of SARS-CoV-2 before the earliest identification

of COVID-19 cases, with the primary cases of the two introductions likely occurring in November

2019.

Importantly, surveillance systems for infectious disease tracking must extend beyond

human pathogens. Investigating the evolutionary history of a zoonotic pathogen requires sampling

closely related pathogens found in animals, a process that can easily take years, if not decades,

especially if either the ultimate reservoir or likely intermediate hosts are unknown. Fortunately,

recent years have seen an increase in research dedicated to discovering such pathogens in non-

human animals. For example, coronaviruses27;28, orthopoxviruses29, and retroviruses30;31 closely

related to those found in humans have been identified, contributing significantly to our ability to

reconstruct their history and evolutionary patterns.

Horseshoe bats are the ultimate reservoir of sarbecoviruses32 and, likely via zoonotic

transmission through a transient intermediate species, were the source of SARS-CoV-1 and

SARS-CoV-233–35 (jointly referred to as the SARS-CoVs). Since the emergence of SARS-CoV-1

in Guangdong Province and SARS-CoV-2 in Hubei Province, there has also been increased

sampling of sarbecoviruses closely related to the SARS-CoVs, allowing for more fine-grained

analyses of the geographic and temporal history of these viruses. In Chapter 3, I examine the

SARS-CoVs and sarbecoviruses closely related to them to reconstruct their deeper evolutionary
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history. Employing recombination-aware Bayesian phylogenetics, I reconstruct when the MRCA

of each SARS-CoV and its most closely related bat virus, or set of viruses, circulated. We refer

to this MRCA as the ’closest-inferred’ ancestor and this inference sheds light on how recently

an ancestor of each SARS-CoV circulated in bats prior its emergence, based on the available

data. I then perform phylogeographic analyses to understand the historical circulation of these

viruses and show that the ancestors of SARS-CoV-1-like viruses and SARS-CoV-2-like viruses

are tens-to-hundreds of thousands of years old. Lastly, by examining where the closest-inferred

ancestors of SARS-CoV-1 and SARS-CoV-2 circulated, along with how quickly they would have

had to have traveled to reach the provinces of emergence for SARS-CoV-1 and SARS-CoV-2,

respectively, I demonstrate that these virus lineages likely could not have reached the provinces

of emergence via bat movement alone. These findings, coupled with the results from Chapter 2,

implicate the wild and farmed animal trade in the emergence of SARS-CoV-2, aligning with the

established understanding of SARS-CoV-1.

The integration of diverse data streams, including case counts, hospitalization rates,

serology surveys, and genomics, enables a comprehensive analysis of pandemic origins. Because

of the vast amount of data produced, both in real-time and retrospectively, our understanding

of the evolutionary history of SARS-CoV-2 is arguably greater than that of any other virus.

Using a combination of genomics and epidemiology, I first show how we can identify when

SARS-CoV-2 likely infected the primary case of the pandemic. By then folding in hospitalization

rates, refined case counts, and interrogating whether the observed phylogeny of SARS-CoV-2 can

be recapitulated by simulated phylogenies resulting from a single introduction of SARS-CoV-2,

I demonstrate that the COVID-19 pandemic was likely the result of at least two, if not more,

zoonotic transmissions of SARS-CoV-2 and that there was minimal cryptic circulation before the

identification of the first COVID-19 cases. And lastly, by analyzing SARS-CoV-1, SARS-CoV-2,

and sarbecoviruses closely related to them, I reconstruct the geographic and temporal history

of sarbecoviruses more broadly and that the emergence of the human SARS-CoVs was likely

linked to the wild and farmed animal trade. These findings have elucidated, in particular, the

emergence and evolutionary history of SARS-CoV-2 and contributed to our understandings of

pandemic emergence more broadly.
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Chapter 1

Timing the SARS-CoV-2 Index Case in
Hubei Province

Understanding when SARS-CoV-2 emerged is critical to evaluating our current approach

to monitoring novel zoonotic pathogens and understanding the failure of early containment and

mitigation efforts for COVID-19. We employed a coalescent framework to combine retrospective

molecular clock inference with forward epidemiological simulations to determine how long SARS-

CoV-2 could have circulated prior to the time of the most recent common ancestor. Our results

define the period between mid-October and mid-November 2019 as the plausible interval when

the first case of SARS-CoV-2 emerged in Hubei province. By characterizing the likely dynamics

of the virus before it was discovered, we show that over two-thirds of SARS-CoV-2-like zoonotic

events would be self-limited, dying out without igniting a pandemic. Our findings highlight the

shortcomings of zoonosis surveillance approaches for detecting highly contagious pathogens with

moderate mortality rates.

1.1 Introduction

In late-December of 2019, the first cases of COVID-19, the disease caused by SARS-CoV-2,

were described in the city of Wuhan in Hubei province, China1;2. The virus quickly spread

within China36. The cordon sanitaire that was put in place in Wuhan on 23 January 2020 and

mitigation efforts across China eventually brought about an end to sustained local transmission.

In March and April 2020, restrictions across China were relaxed37. By then, however, COVID-19

was a pandemic38.
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A concerted effort has been made to determine when the virus first began transmitting

among humans by retrospectively diagnosing the earliest cases of COVID-19. Both epidemiological

and phylogenetic approaches suggest an emergence of the pandemic in Hubei province at some

point in late-20192;39;40. The first described cluster of COVID-19 was associated with the Huanan

Seafood Wholesale Market in late-December 2019, and the earliest sequenced SARS-CoV-2

genomes came from this cluster41;42. However, this market cluster is unlikely to have marked the

beginning of the pandemic, as COVID-19 cases from early December lacked connections to the

market40. The earliest such case in the scientific literature is from an individual retrospectively

diagnosed on 01 December 201939. Notably, however, newspaper reports document retrospective

COVID-19 diagnoses recorded by the Chinese government going back to 17 November 2019 in

Hubei province43. In fact, these reports detail daily retrospective COVID-19 diagnoses through

the end of November, suggesting that SARS-CoV-2 was actively circulating for at least a month

before it was discovered.

Molecular clock phylogenetic analyses have inferred the time of most recent common

ancestor (tMRCA) of all sequenced SARS-CoV-2 genomes to be in late November or early

December 2019, with uncertainty estimates typically ranging back to October 201940;44;45.

Crucially, though, this tMRCA is not necessarily equivalent to the date of zoonosis or index

case infection16;17, because coalescent processes can prune basal viral lineages before they have

the opportunity to be sampled, potentially pushing SARS-CoV-2 tMRCA estimates forward

in time from the index case by days, weeks, or months. For a point of comparison, consider

the zoonotic origins of the HIV-1 pandemic, whose tMRCA in the early 20th century coincides

with the urbanization of Kinshasa, in the Congo6;7, but whose cross-species transmission from a

chimpanzee reservoir occurred in southeast Cameroon, likely predating the tMRCA of sampled

HIV-1 genomes by many years46. Despite this important distinction, the tMRCA has been

frequently conflated with the date of the index case infection in the SARS-CoV-2 literature40;47;48.

Here, we combine retrospective molecular clock analysis in a coalescent framework with

a forward compartmental epidemiological model to estimate the timing of the SARS-CoV-2

index case in Hubei province. The inferred dynamics during these unobserved early days of

SARS-CoV-2 highlight challenges in detecting and preventing nascent pandemics.
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1.2 Results

We first explored the evolutionary dynamics of the first wave of SARS-CoV-2 infections

in China. We used Bayesian phylodynamics49 to reconstruct the underlying coalescent processes

using a Bayesian Skyline approach for 583 SARS-CoV-2 complete genomes, sampled in China

between when the virus was first discovered at the end of December 2019 and the last of the

non-reintroduced circulating virus in April 2020. Applying a strict molecular clock, we inferred

an evolutionary rate of 7.90x10-4 substitutions/site/year (95% highest posterior density [HPD]:

6.64x10-4–9.27x10-4). The tMRCA of these circulating strains was inferred to fall within a 34-day

window with a mean of 09 December 2019 (95% HPD: 17 November–20 December) (Fig. 1.1).

This estimate accounts for the many disparate inferred rooting orientations [see Supplementary

Material and described previously50]. Notably, 78.7% of the posterior density post-dates the

earliest published case on 01 December, and 95.1% post-dates the earliest reported case on 17

November. Relaxing the molecular clock provides a similar tMRCA estimate, as does applying

a Skygrid coalescent approach (Fig. A.1). The recency of this tMRCA estimate in relation to

the earliest documented COVID-19 cases obliges us to consider the possibility that this tMRCA

does not capture the index case and that SARS-CoV-2 was circulating in Hubei province prior

to the inferred tMRCA.

If the tMRCA post-dates the earliest documented cases, then the earliest diverged SARS-

CoV-2 lineages must have gone extinct (Fig. 1.2). As these early basal lineages disappeared, the

tMRCA of the remaining lineages would move forward in time (Fig. A.2). Thus, we interrogated

the posterior trees sampled from the phylodynamic analysis to determine if this time of coalescence

had stabilized prior to the sequencing of the first SARS-CoV-2 genomes on 24 December 2019 or

if this process of basal lineage loss was ongoing in late-December/early-January. Importantly,

these basal lineages need not be associated with specific mutations, as the phylodynamic inference

reconstructs the coalescent history, not the mutational history49.

We find only weak evidence for basal lineage loss between 24 December 2019 and 13

January 2020 (Fig. A.3A). The root tMRCA is within 1 day of the tMRCA of virus sampled on

or after 01 January 2020 in 78.5% of posterior samples (Fig. A.3B). The tMRCA of genomes
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Figure 1.1. Posterior distribution for the time of the most recent common ancestor
(tMRCA) of 583 sampled SARS-CoV-2 genomes circulating in China between
December 2019 and April 2020. Inference was performed using a strict molecular clock
and a Bayesian Skyline coalescent prior. Shaded area denotes 95% HPD. Long-dashed line is 17
November 2019, and short-dashed line is 01 December 2019.

sampled on or after 01 January 2020 is 3 days younger than the tMRCA of all sampled genomes.

In contrast, the mean tMRCA does not change when considering genomes sampled on or after 01

January 2020 versus on or after 13 January 2020. This consistency indicates a stabilization of

coalescent processes at the start of 2020 when there had been an estimated 1000 total people

infected with SARS-CoV-2 in Wuhan20. Nonetheless, to account for the weak signal of a delay

in reaching a stable coalescence (i.e., the point in time at which basal lineages cease to be lost),

we identified the tMRCA for all viruses sampled on or after 01 January 2020 (i.e., at the time of

stable coalescence) for each tree in the posterior sample.

Phylogenetic analysis alone cannot tell us how long SARS-CoV-2 could have circulated

in Hubei province before the tMRCA. To answer this question, we performed forward epidemic

simulations51. These simulations were initiated by a single index case using a compartmental
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Figure 1.2. Hypothetical coalescent scenarios depicting how the time between index
case infection and time of stable coalescence can vary based on stochastic extinction
events of basal viral lineages. Coalescence can occur within or contemporaneously with the
index case (upper left) or in cases infected later in the course of the epidemic with one (upper
right) or more (lower left) basal lineages going extinct. In extreme cases, the epidemic can persist
at low levels for a long time before stable coalescence (lower right).

epidemiological model across scale-free contact networks (mean number of contacts=16). This

compartmental model was previously developed to describe SARS-CoV-2 transmission dynamics

in Wuhan20. This model, termed SAPHIRE, includes compartments for susceptible (S), exposed

(E), presymptomatic (P), unascertained (A), ascertained (I), hospitalized (H), and removed

(R) individuals. Our simulations used parameters from the time period prior to COVID-19

mitigation efforts, from 01 January through 22 January 2020 (Table A.1), based on Hao et al.20.

We analyzed 1000 epidemic simulations that resulted in ≥1000 total infected people. These

simulated epidemics had a median doubling time of 4.1 days (95% range across simulations:

2.7-6.7), matching pre-mitigation incidence trends in Wuhan (Table A.2).
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We simulated coalescent processes across the transmission network to determine the

tMRCA of the virus at the end of the simulation. This approach allowed us to determine

the distribution of the expected number of days between index case infection and the stable

coalescence (i.e., tMRCA) (Fig. 1.2). The median number of days between index case infection

and this tMRCA was 8.0 days (95% range: 0.0 and 41.5 days) (Fig. 1.3A). The median

time between index case infection and the first person exiting the presymptomatic phase (i.e.,

ascertained or unascertained infection) was 5.7 days (95% range: 0.9 to 15.7 days).

As a robustness check, we also simulated epidemics with more densely and more sparsely

connected contact networks (mean 26 and 10 contacts, respectively), rescaling the per-contact

transmission rate to maintain empirical epidemic growth dynamics. We also explored the effects

of faster (mean: 3.1 days; 95% range: 2.0 to 5.1 days) and slower (mean: 5.3 days; 95% range:

3.6 to 7.5 days) epidemic doubling times (Table A.2). Slower transmission rates led to more

days between the index case and the stable coalescence, but modifying the density of the contact

network had minimal effect on this time interval (Fig. A.4).

To estimate the date of infection for the index case in Hubei province, we combined the

retrospective molecular clock analysis with the forward epidemic simulations (Fig. A.5). We

identified the stable tMRCA in the posterior trees as an anchor to the real-world calendar dates

and then extended this date back in time according to the number of days between the index

case infection and the time of stable coalescence from the compartmental epidemic simulations.

However, a random sample of tMRCAs and days from index case infection to coalescence will

not produce epidemiologically meaningful results, because many of these combinations do not

precede the earliest dates of reported COVID-19 cases. Therefore, we implemented a rejection

sampling-based approach to generate a posterior distribution of dates of infection for the Hubei

index case, conditioning on at least one individual who has progressed past the pre-symptomatic

stage in the simulated epidemic before the date of the first reported COVID-19 case (see Methods;

Fig. A.6).

In our primary analysis, we assume that 17 November represents the first documented

case of COVID-19 (ascertained or unascertained in the SAPHIRE model). Under this assumption,

the median number of days between index case infection and stable coalescence after rejection
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Figure 1.3. Forward simulations estimating the timing of the index case in Hubei
province. (A) Days between index case infection and stable coalescence in forward compartmen-
tal epidemic simulations (n=1000). (B) Days between index case infection and stable coalescence
after rejection sampling and (C) posterior distribution for date of index case infection, conditioned
on an ascertained case by 17 November 2019 denoted by long-dashed line. (D-E) Epidemic
simulation, conditioned on an ascertained case by 01 December 2019 denoted by short-dashed
line. Two-phase epidemic (F) days between index case carrying less fit variant and adaptation
(n=2000), (G) days between adaptation and stable coalescence (n=1000), and (H) posterior
distribution for date of index case infection, conditioned on an ascertained case by 17 November
2019. (I-K) Two-phase epidemic conditioned on an ascertained case by 01 December 2019. Grey
dashed lines indicate median estimates.

sampling is 37 days (95% HPD: 12 to 55 days) (Fig. 1.3B). Consequently, the index case in

Hubei likely contracted SARS-CoV-2 on or around 04 November 2019 (95% upper HPD on 15

October; 99% upper HPD on 07 October) (Fig. 1.3C).

This timeframe for the Hubei index case is robust (Fig. A.7). Epidemic simulations
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with faster or slower transmission rates and more or less densely connected contact networks

produce similar date estimates. Further, using the root tMRCA from the sampled posterior trees,

rather than adjusting for the shifting coalescence between 24 December 2019 and 01 January

2020, produces a median date of 03 November (95% upper HPD 14 October; 99% upper HPD 04

October). Incorporating a relaxed molecular clock or adjusting the coalescent prior assumption

(Skyline vs. Skygrid) also had minimal effect.

If we enforce that there be at least one ascertained case in our simulations prior to 17

November 2019, the median date of the Hubei index case is pushed back about a week to 28

October (95% upper HPD 11 October; 99% upper HPD 05 October) (Fig. A.7). However, the

distinction between ascertained and unascertained in the original SAPHIRE model was meant to

reflect the probability of missed diagnoses in January 2020 of the Wuhan epidemic and does not

account for the investigations that resulted in retrospective diagnoses in November and December

2019.

If we discount the reported evidence of retrospective COVID-19 diagnoses throughout

the end of November and instead take 01 December as representing the first confirmed case

of COVID-19, then the median time between index case infection and stable coalescence after

rejection sampling is 23 days (95% range: 1 to 47 days) (Fig. 1.3D). Under this scenario, the

index case in Hubei would have contracted SARS-CoV-2 on or around 17 November 2019 (95%

upper HPD 24 October; 99% upper HPD 13 October) (Fig. 1.3E). Similar dates are inferred

with a relaxed molecular clock and conditioning on an ascertained infection by 01 December (Fig.

A.7).

It is reasonable to postulate that the variant of SARS-CoV-2 that first emerged was less

fit than the variant that spread through China and that evolutionary adaptation was critical to

its establishment in humans45. Therefore, we simulated two-phase epidemics wherein the index

case was infected with a less fit variant (i.e., half as transmissible) that went extinct but not

before giving rise to a mutant strain matching the transmission dynamics estimated in Wuhan

(Fig. A.8, A.9; Supplementary Material). If we condition on an ascertained or unascertained

COVID-19 case (due to either the original or adapted variant) by 17 November, the original

variant transmits for a median of 5 days (95% HPD: 0-36 days) before the adapted strain emerges
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(Fig. 1.3F); this adapted strain then circulates for a median of 28 days (95% HPD: 0-52 days)

before reaching a stable coalescence (Fig. 1.3G). In this scenario, the index case in Hubei would

have likely contracted an unobserved variant of SARS-CoV-2 on 05 November 2019 (95% upper

HPD on 11 October; 99% upper HPD on 25 September) (Fig. 1.3H). If we again discount the

reported evidence COVID-19 in November and take 01 December as the first confirmed case,

then the virus would spend less time in humans across both phases of the early epidemic (Fig.

1.3I to J) and the index case in Hubei would have acquired SARS-CoV-2 on 18 November 2019

(95% upper HPD on 20 October; 99% upper HPD on 05 October) (Fig. 1.3K). As in the primary

analysis, the inferred date of the index case in the two-phase epidemic was robust to varying

model assumptions (Fig. A.10), including the amount by which viral fitness differed between the

two phases (Fig. A.18; Supplementary Material).

These one-phase and two-phase epidemic simulations both suggest that the tMRCA is

not representative of the emergence of SARS-CoV-2. In the primary analysis, the index case

remains infected at the tMRCA (as in Fig. 1.2, upper right panel) in less than 1.1% of simulated

epidemics (Table A.3). In the two-phase epidemics, the index case is still infected at the tMRCA

in 2.2% of simulations, likely due to an increased variance in the time between index case and

tMRCA. The initial, less fit variant persisted until the tMRCA in 17% of simulated epidemics

and until 01 January 2020 in 3.7% of simulated epidemics. However, when this less fit variant

persisted, it was represented by only a single infected individual at the tMRCA; this low frequency

suggests that even if this less fit variant did exist, it could have easily been missed in early

genome sequencing efforts. In the two-phase epidemic, the first ascertained (or unascertained)

case was due to the less fit variant in around two-thirds of simulated epidemics.

By anchoring our epidemic simulations to specific tMRCA estimates, we can reconstruct a

plausible range for the number of SARS-CoV-2 infections prior to the discovery of the virus (Fig.

1.4A). The median number of individuals infected with SARS-CoV-2 in our primary analysis

is below 1 until 04 November. On 17 November, the median number infected is 4 individuals

(95% HPD: 1-13) and reaches 9 (95% HPD: 2-26) on 01 December. These values are generally

robust to model specifications, molecular clock method, and date of first COVID-19 case (Table

A.4; Fig. A.11). The two-phase epidemics tend to exhibit similar growth patterns (Fig. 1.4B;
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Fig. A.12; Table A.5). Notably, we do not see any evidence for an increase in hospitalizations

until mid-to-late December, even when we increase the virulence of the less-fit variant in the

two-phase epidemics or increase the probability of hospitalization prior to the stable coalescence

(Supplementary Material; Fig. A.13, A.14).

Figure 1.4. Epidemic growth in compartmental simulations. (A) Total estimated people
infected in late-2019. Dark purple shading is central 50% HPD, intermediate purple shading is
central 95% HPD, and light purple is central 99% HPD. (B) Total estimated people infected in
late-2019 for a two-phase epidemic. (C) The number of people infected over time in a sample
of epidemic simulations that established (purple; n=30) and went extinct (grey; n=70). The
y-axis transitions to log-scale once ≥10 people are infected at any given time. The lower panel
shows the proportion of simulations that still have ≥1 infected individual over time (persisting
epidemics in purple; extinct epidemics in grey). (D) A sample (n=10) of two-phase epidemic
simulations transitioning from less-fit Phase 1 (blue) to more-fit Phase 2 (purple). Each line
represents a single simulation and its transition over time. The lower panel shows the average
proportion of Phase 1 to Phase 2 infected individuals over time.

Empirical observation throughout the SARS-CoV-2 pandemic has shown the outsized role

of superspreading events in the propagation of SARS-CoV-252–55, wherein the average infected

person does not transmit the virus. Our results suggest the same dynamics likely influenced the
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initial establishment of SARS-CoV-2 in humans, as only 29.7% of simulated epidemics from the

primary analysis went on to establish self-sustaining epidemics. The remaining 70.3% of epidemics

went extinct (Fig. 1.4C). Epidemics that went extinct typically produced only 1 infection (95%

range: 1-9) and never more than 44 infections total or 14 infections at any given time (Table

A.2). The median failed epidemic went extinct by day 8. As the contact network became more

or less densely connected, the number of epidemics that went extinct was similar: 68.3% and

69.4%, respectively (Table A.2). However, the percentage of extinct epidemics increased as the

transmission rate decreased (80.5%) and decreased as the transmission rate increased (53.6%).

In the two-phase epidemic, this original less fit variant went extinct by day 9 (95% HPD: 2-52)

and produced a median of 1 infection (95% HPD: 1-13) (Fig. 1.4D; Table A.6).

The overdispersed nature of SARS-CoV-2 transmission patterns favors its persistence, as

epidemics simulated over random contact networks55 that are not characterized by superspreading

events tended to go extinct more frequently: 83.7% of the time. Furthermore, the large and

highly connected contact networks characterizing urban areas seem critical to the establishment

of SARS-CoV-2. When we simulated epidemics where the number of connections was reduced

by 50% or 75% (without rescaling per-contact transmissibility), to reflect emergence in a rural

community, the epidemics went extinct 94.5% or 99.6% of the time, respectively.

1.3 Discussion

Our results highlight the unpredictable dynamics that characterized the earliest days of

the COVID-19 pandemic. The successful establishment of SARS-CoV-2 post-zoonosis was far

from certain, as more than two-thirds of simulated epidemics quickly went extinct. It is highly

probable that SARS-CoV-2 was circulating in Hubei province at low levels in early-November

2019 and possibly as early as October 2019, but not earlier. Nonetheless, the inferred prevalence

of this virus was too low to permit its discovery and characterization for weeks or months. By the

time COVID-19 was first identified, the virus had firmly established itself in Wuhan. This delay

highlights the difficulty in surveillance for novel zoonotic pathogens with high transmissibility

and moderate mortality rates.

The high extinction rates we inferred suggest that spillover of SARS-CoV-2-like viruses

15



may be frequent, even if pandemics are rare56. Further, the same dynamics that characterized

the establishment of SARS-CoV-2 in Hubei province may have played out all over the world

as the virus was repeatedly introduced, but only occasionally took hold57;58. The reports of

cases in December 2019 and January 2020 in France and California that did not establish

sustained transmission fit this pattern59–61. However, our results suggest that PCR evidence

of SARS-CoV-2 in wastewater outside of China before November 2019 is unlikely to be valid62

and the suggestion of international spread in mid-November or early-December 2019 should

be viewed with skepticism63–65, given that our results suggests fewer than 20 people infected

with SARS-CoV-2 at this time (Table A.4; Fig. A.11). Our results also refute claims66 of

large numbers of patients requiring hospitalization due to COVID-19 in Hubei province prior

to December 2019 (Fig. A.13, A.14). Nevertheless, SARS-CoV-2 may be detectable should

archived wastewater samples or other biomaterials from Hubei province exist from early-to-mid

November 2019, and incorporating these types of data in our model could further refine our

timing estimates. Moreover, wastewater detection may present the best chance of early detection

of future pandemics during the early phase of spread where we estimate very low numbers of

infections67.

Even though all of the earliest documented cases of COVID-19 were found in Hubei

province, we cannot discount the possibility that the index case initially acquired the virus

elsewhere. Nonetheless, our dating inference is insensitive to geography. Further, our results

suggest that if the virus first emerged in a rural community, it would have needed to migrate to

an urban setting to avoid extinction. The lack of reports of COVID-19 elsewhere in China in

November and early-December suggest Hubei province is the location where human-to-human

transmission chains were first established.

The circumstances surrounding the emergence of SARS-CoV-2 in Hubei province remain

shrouded. Although SARS-CoV-2 is repeatedly adapting to spread among humans68;69, our

findings do not reveal whether the virus that first emerged was less fit than the virus that spread

throughout China. Nevertheless, the inferred timing of the index case is generally similar in

both of these scenarios, because less-fit viruses in our simulations that went extinct tended to

do so very quickly. Importantly, it is yet unknown whether the virus emerged directly from its
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animal reservoir, presumably horseshoe bats70;71, or first circulated in and possibly adapted to

an intermediate host. Our estimates for the timing of the Hubei index case further distance this

individual from the outbreak at the Huanan Seafood Wholesale Market. Finding the animal

reservoir, or hypothetical intermediate host, will help to further narrow down the date, location,

and circumstances of the original SARS-CoV-2 infection in humans. However, even in the absence

of that information, coalescent-based approaches permit us to look back beyond the tMRCA and

towards the earliest days of the COVID-19 pandemic. Although there was a pre-tMRCA fuse to

the COVID-19 pandemic, it was almost certainly very short. This brief period of time suggests

that future pandemics with similar characteristics to the COVID-19 pandemic permit only a

narrow window for preemptive intervention.

1.4 Acknowledgments

We gratefully acknowledge the authors from the originating laboratories and the submit-

ting laboratories, who generated and shared via GISAID the viral genomic sequence data on

which this research is based. A complete list acknowledging the authors who submitted data

analyzed in this study can be found in Data S1, which is available at https://www.science.org/

doi/10.1126/science.abf8003. We thank Jennifer Havens, Mike Sanderson, and Betsy Wertheim

for fruitful conversations and insight.

Chapter 1, in full, is a reformatted reprint of the material as it appears in “Timing the

SARS-CoV-2 Index Case in Hubei Province”; Jonathan E. Pekar, Michael Worobey, Niema

Moshiri, Konrad Scheffler, and Joel O. Wertheim. Science, 2021. The dissertation author was

the primary investigator and first author of this paper.

1.4.1 Author contributions

Conceptualization: J.O.W. Methodology: J.E.P., N.M., M.W., K.S., and J.O.W. Software:

J.E.P., N.M., and J.O.W. Validation: J.E.P. and J.O.W. Formal analysis: J.E.P. and J.O.W.

Investigation: J.E.P. and J.O.W. Resources: J.O.W. Data Curation: J.O.W. Writing - original

draft preparation: J.E.P. and J.O.W. Writing - review and editing: J.E.P., N.M., M.W., K.S., and

J.O.W. Visualization: J.E.P. and J.O.W. Supervision: J.O.W. Project administration: J.O.W.

17

https://www.science.org/doi/10.1126/science.abf8003
https://www.science.org/doi/10.1126/science.abf8003


Funding acquisition: J.O.W., M.W.

1.4.2 Declaration of interests

JOW has received funding from Gilead Sciences, LLC (completed) and the CDC (ongoing)

via grants and contracts to his institution unrelated to this research.

1.4.3 Data and materials availability

All data used in this analysis are free to access via GISAID. BEAST XML input,

FAVITES JSON, and results files are available at DataDryad.org (https://doi.org/10.5061/dryad.

4f4qrfjbm)72. This work is licensed under a Creative Commons Attribution 4.0 International

(CC BY 4.0) license, which permits unrestricted use, distribution, and reproduction in any

medium, provided the original work is properly cited. To view a copy of this license, visit https:

//creativecommons.org/licenses/by/4.0. This license does not apply to figures/photos/artwork

or other content included in the article that is credited to a third party; obtain authorization

from the rights holder before using such material.

18

https://doi.org/10.5061/dryad.4f4qrfjbm
https://doi.org/10.5061/dryad.4f4qrfjbm
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0


Chapter 2

The molecular epidemiology of multiple
zoonotic origins of SARS-CoV-2

Understanding the circumstances that lead to pandemics is important for their prevention.

We analyzed the genomic diversity of severe acute respiratory syndrome coronavirus 2 (SARS-

CoV-2) early in the coronavirus disease 2019 (COVID-19) pandemic. We show that SARS-CoV-2

genomic diversity before February 2020 likely comprised only two distinct viral lineages, denoted

“A” and “B.” Phylodynamic rooting methods, coupled with epidemic simulations, reveal that

these lineages were most probably the result of at least two separate cross-species transmission

events into humans. The first zoonotic transmission likely involved lineage B viruses around 18

November 2019 (23 October to 8 December), and the separate introduction of lineage A likely

occurred within weeks of this event. These findings indicate that it is unlikely that SARS-CoV-2

circulated widely in humans before November 2019 and define the narrow window between when

SARS-CoV-2 first jumped into humans and when the first cases of COVID-19 were reported. As

with other coronaviruses, SARS-CoV-2 emergence likely resulted from multiple zoonotic events.

2.1 Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is responsible for the

coronavirus disease 2019 (COVID-19) pandemic that caused more than 5 million confirmed deaths

in the 2 years after its detection at the Huanan Seafood Wholesale Market (hereafter the “Huanan

market”) in December 2019 in Wuhan, China73–75. As the original outbreak spread to other

countries, the diversity of SARS-CoV-2 quickly increased and led to the emergence of multiple
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variants of concern, but the beginning of the pandemic was marked by two major lineages denoted

“A” and “B”76. Lineage B has been the most common throughout the pandemic and includes all

11 sequenced genomes from humans directly associated with the Huanan market, including the

earliest sampled genome, Wuhan/IPBCAMS-WH-01/2019, and the reference genome, Wuhan/Hu-

1/2019 (hereafter “Hu-1”)77, sampled on 24 and 26 December 2019, respectively. The earliest

lineage A viruses, Wuhan/IME-WH01/2019 and Wuhan/WH04/2020, were sampled on 30

December 2019 and 5 January 2020, respectively78. Lineage A differs from lineage B by two

nucleotide substitutions, C8782T and T28144C, which are also found in related coronaviruses from

Rhinolophus bats76, the presumed host reservoir79. Lineage B viruses have a “C/T” pattern at

these key sites (C8782 and T28144), whereas lineage A viruses have a “T/C” pattern (C8782T and

T28144C). The earliest lineage A genomes from humans lack a direct epidemiological connection

to the Huanan market but were sampled from individuals who lived or had recently stayed

close to the market22. It has been hypothesized that lineages A and B emerged separately80,

but “C/C” and “T/T” genomes intermediate to lineages A and B present a challenge to that

hypothesis because their existence suggests within-human evolution of one lineage toward the

other by way of a transitional form. Questions about these lineages remain: If lineage B viruses

are more distantly related to sarbecoviruses from Rhinolophus bats, then (i) why were lineage

B viruses detected earlier than lineage A viruses, and (ii) why did lineage B predominate early

in the pandemic? Answering these questions requires determining the ancestral haplotype, the

genomic sequence characteristics of the most recent common ancestor (MRCA) at the root of

the SARS-CoV-2 phylogeny. In this study, we combined genomic and epidemiological data from

early in the COVID-19 pandemic with phylodynamic models and epidemic simulations. We

eliminated many of the haplotypes previously suggested as the MRCA of SARS-CoV-2 and show

that the pandemic most likely began with at least two separate zoonotic transmissions starting

in November 2019.
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2.2 Results

2.2.1 Erroneous assignment of haplotypes intermediate to lineages A and B

There are 787 near-full-length genomes available from lineages A and B sampled by 14

February 2020 (data S1 and S2). However, there are also 20 genomes of intermediate haplotypes

from this period that contain either T28144C or C8782T but not both mutations: C/C or T/T,

respectively. We identified numerous instances of C/C and T/T genomes sharing rare mutations

with lineage A or lineage B viruses, often sequenced in the same laboratory, indicating that these

intermediate genomes are likely artifacts of contamination or bioinformatics81, similar to findings

from our analysis of the emergence of SARS-CoV-2 in North America (fig. B.1 and supplementary

text)82. We confirmed that a C/C genome from South Korea sharing three such mutations had

low sequencing depth at position 28144 (≤10×), a T/T genome sampled in Singapore had low

coverage at both 8782 and 28144 (≤10×), and three T/T genomes sampled in Wuhan had low

sequencing depth and indeterminate nucleotide assignment at position 8782 (table B.1). Further,

the authors of 11 C/C genomes sampled in Wuhan and Sichuan confirmed that low sequencing

depth at position 8782 led to the erroneous assignment of intermediate haplotypes. C/C and T/T

genomes continue to be observed throughout the pandemic as a result of convergent evolution,

including T/T in the Diamond Princess cruise ship outbreak and subsequent COVID-19 waves in

New York City and San Diego (figs. B.2-B.5 and supplementary text). Instances of convergent

evolution are identifiable because SARS-CoV-2 phylogenies exist in “near-perfect” tree space, in

which topology can be inferred with high accuracy83. These findings cast doubt on the claim that

transitional C/C or T/T haplotypes between lineages A and B circulated in humans, reopening

the door to the hypothesis that lineages A and B represent separate introductions.

2.2.2 Progenitor genome reconstruction

To better understand SARS-CoV-2 mutational patterns, we reconstructed the genome of a

hypothetical progenitor of SARS-CoV-2. Using maximum likelihood ancestral state reconstruction

across 15 nonrecombinant regions of SARS-CoV-2 and closely related sarbecovirus genomes

sampled from bats and pangolins84, we inferred the genome of this recombinant common ancestor

(recCA) (figs. B.6, B.7 and supplementary text). The recCA differed from Hu-1 by just
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381 substitutions, including C8782T and T28144C. It is more informative than an outgroup

sarbecovirus because it accounts for the closest relative across all recombinant segments (figs. B.8

to B.14 and supplementary text)85 and, as an internal node on the phylogeny, is more genetically

similar to SARS-CoV-2 than any extant sarbecovirus.

2.2.3 Reversions across the early pandemic phylogeny

The ubiquity of SARS-CoV-2 reversions (mutations from Hu-1 toward the recCA) indicates

that genetic similarity to related viruses is a poor proxy for the ancestral haplotype. We observe

23 distinct reversions and 631 distinct substitutions (excluding reversions) across the SARS-CoV-2

phylogeny from the COVID-19 pandemic up to 14 February 2020 (Fig. 2.1). Substitutions were

overrepresented at the 381 sites separating the recCA from Hu-1 (23 of 381, 6.04%), compared

with substitutions at all other sites (631 of 29,134, 2.17%).

Most reversions were C-to-T mutations (19 of 23, 82.6%), matching the mutational bias

of SARS-CoV-286–88. Genomes with C-to-T reversions can be found within lineage A, including

C18060T (lineage A.1; for example, WA1) and C29095T (for example, 20SF012), as well as

C24023T, C25000T, C4276T, and C22747T in mid-late January and February 2020. Hence, triple

revertant genomes, such as WA1 and 20SF012, are neither unique nor rare. We also identified a

lineage A genome (Malaysia/MKAK-CL-2020-6430/2020), sampled on 4 February 2020 from a

Malaysian citizen traveling from Wuhan whose only four mutations from Hu-1 are all reversions

(lineage A.1+T6025C) (Fig. 2.1). Therefore, no highly revertant haplotype can automatically

be assumed to represent the MRCA of SARS-CoV-2, especially when these reversions are most

often the result of C-to-T mutations. We continue to observe these reversion patterns throughout

the pandemic, including in the emergence of World Health Organization (WHO)–named variants

(figs. B.15 and B.16.

2.2.4 Inferring the MRCA of SARS-CoV-2

To infer the ancestral SARS-CoV-2 haplotype, we developed a nonreversible, random-

effects substitution process model in a Bayesian phylodynamic framework that simultaneously

reconstructs the underlying coalescent processes and the sequence of the MRCA of the SARS-

CoV-2 phylogeny. The random-effects substitution model captures the C-to-T transition and
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Figure 2.1. Maximum likelihood phylogeny of the early SARS-CoV-2 pandemic,
showing nucleotide reversions and putative candidates for the ancestral haplotype at
the most common recent ancestor (MRCA). Putative ancestral haplotypes are identified
with colored shapes. Reversions from the Hu-1 reference genotype to the recCA are colored.
Blue represents C-to-T reversions and black indicates all other reversions. The tree is rooted on
Hu-1 to show reversion dynamics to the recCA.

G-to-T transversion biases (fig. B.17 and supplementary text). Using this model, referred

to as the unconstrained rooting (fig. B.18A), we inferred the ancestral haplotype of the 787

lineage A and B genomes sampled by 14 February 2020. Our unconstrained rooting strongly

favors a lineage B or C/C ancestral haplotype and shows that a lineage A ancestral haplotype is

inconsistent with the molecular clock [Bayes factor (BF) = 48.1] (table 2.1). Lineage B exhibits

more divergence from the root of the tree than would be expected if lineage A were the ancestral

virus in humans (figs. B.19 and B.20). The T/T ancestral haplotype was also disfavored (BF

>10), likely because of the C-to-T transition bias (fig. B.17). We acknowledge that the timing of

23



the earliest sampled lineage B genomes associated with the Huanan market could bias rooting

inference toward lineage B haplotypes; however, lineage A was still disfavored after excluding all

market-associated genomes (BF = 11.0).

Even though sequence similarity to closely related sarbecoviruses alone is insufficient

to determine the SARS-CoV-2 ancestral haplotype, this similarity can inform phylodynamic

inference. Rather than rely on outgroup rooting (fig. B.18B)89, we developed a rooting method

that assigns the recCA as the progenitor of the inferred SARS-CoV-2 MRCA (fig. B.18C). As

opposed to the unconstrained rooting, the recCA root favored a lineage A haplotype over lineage

B (BF = 9.4), although support for C/C was unchanged (table 2.1). Our results were insensitive

to the method of breakpoint identification in the recCA (supplementary text).

Table 2.1. Posterior probabilities of inferred ancestral haplotype at the MRCA of
SARS-CoV-2. Positions 8782 and 28144 are indicated in parentheses. Representative genome
is genome with sequence matching the haplotype. “No market” excludes 15 market-associated
genomes (13 lineage B genomes associated with the Huanan market plus one lineage A and one
lineage B genome not associated with the Huanan market). *BF >3.2; **BF >10; ***BF >100.
BFs are in favor of hypothesis rejection. †Haplotype with greatest posterior probability; reference
for BF.

Haplotype
Mutations from
Hu-1 reference

Representative
genome

Phylodynamic analysis
Unconstrained

(%)
No market

(%)
recCA
(%)

B (C/T) N/A Hu-1 80.85† 62.96† 8.18*

A (T/C) C8782T + T28144C WH04 1.68** 5.73** 77.28†

C/C T28144C N/A 10.32* 23.02 10.49*

T/T C8782T N/A 0.92** 1.68** 3.71**

A+C29025T (T/C) C8782T + T28144C + C29095T 20SF012 <0.01*** <0.01*** 0.20**

A.1 (T/C) C8782T + T28144C + C18060T WA1 <0.01*** <0.01*** 0.04***

The A.1 and A+C29095T proposed ancestral haplotypes were strongly rejected by all

the phylodynamic analyses, even when rooting with recCA or bat sarbecovirus outgroups, which

include both C18060T and C29095T (table 2.1 and data S3). Hence, WA1-like and 20SF012-like

haplotypes cannot plausibly represent the MRCA of SARS-CoV-2 as previously suggested90–92;

the similarity of these genomes to the recCA is due to C-to-T reversions. Haplotypes not reported

in table 2.1 were similarly rejected (data S3). We inferred the time of MRCA (tMRCA) for

SARS-CoV-2 to be 11 December 2019 [95% highest posterior density (HPD) interval, 25 November

to 12 December] by using unconstrained rooting. It has been suggested that a phylogenetic

root in lineage A would produce an older tMRCA than would a lineage B rooting92. Therefore,
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we developed an approach to assign a haplotype as the SARS-CoV-2 MRCA (A, B, C/C, A.1,

or A+C29095T) and inferred the tMRCA (fig. B.18D). The tMRCA was consistent with the

recCA-rooted and fixed ancestral haplotype analyses (table B.2 and supplementary text). We

infer only three plausible ancestral haplotypes: lineage A, lineage B, and C/C. However, the

inability to reconcile the molecular clock at the outset of the COVID-19 pandemic with a lineage

A ancestor without information from related sarbecoviruses (such as the recCA) requires us to

question the assumption that both lineages A and B resulted from a single introduction.

2.2.5 Separate introductions of lineages A and B

We next sought to determine whether a single introduction from one of the plausible

ancestral haplotypes (lineage A, lineage B, or C/C) is consistent with the SARS-CoV-2 phylogeny.

We simulated SARS-CoV-2–like epidemics93;94 with a doubling time of 3.47 days [95% highest

density interval (HDI) across simulations, 1.35 to 5.44]95–97 to account for the rapid spread

of SARS-CoV-2 before it was identified as the etiological agent of COVID-19 (figs. B.21 and

B.22, tables B.3 and B.4, and supplementary text). We then simulated coalescent processes

and viral genome evolution across these epidemics to determine how frequently we recapitulated

the observed SARS-CoV-2 phylogeny. Lineages A and B comprise 35.2 and 64.8% of the early

SARS-CoV-2 genomes, respectively, and each lineage is characterized by a large polytomy (many

sampled lineages descending from a single node on the phylogenetic tree), with the base of

lineages A and B being the two largest polytomies observed in the early pandemic (Fig. 2.1).

Furthermore, large polytomies are characteristic of SARS-CoV-2 introductions into geographical

regions at the start of the pandemic (for example, fig. B.23)82;98–100 and would similarly be

expected to occur after a successful introduction of SARS-CoV-2 into humans. Congruently,

the most common topology in our simulations is a large basal polytomy (with ≥100 descendent

lineages), which is present in 47.5% of simulated epidemics (Fig. 2.2A).

By contrast, a topology corresponding to a single introduction of an ancestral C/C

haplotype—characterized by two clades, each comprising ≥30% of the taxa, possessing a large

polytomy at the base, and separated from the MRCA by one mutation (Fig. 2.2B)—was only

observed in 0.0% of our simulations. Further, a topology corresponding to a single introduction of
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Figure 2.2. Probability of phylogenetic structures arising from a single introduction
of SARS-CoV-2 in epidemic simulations. (A) A large polytomy of at least 100 descendent
lineages, consistent with the base of both lineages A and B. (B) Topology matching a C/C
ancestral haplotype: two clades each one mutation from the ancestor, both with polytomies
of at least 100 descendent lineages. (C) Topology matching either a lineage A or lineage B
ancestral haplotype: a basal polytomy with at least 100 descendent lineages including a large
clade separated by two mutations, also possessing a polytomy of at least 100 descendent lineages.
Basal taxa have short branch lengths for clarity. The probability of each phylogenetic structure
after a single introduction is reported in the respective boxes.

an ancestral lineage A or lineage B haplotype—characterized by a large basal polytomy and a large

clade, comprising between 30 and 70% of taxa, two mutations from the root with no intermediate

genomes—was observed in only 3.1% of our simulations (Fig. 2.2C and supplementary text).

Our epidemic simulations do not support a single introduction of SARS-CoV-2 giving rise to the

observed phylogeny. We therefore quantified the relative support for two introductions resulting

in the empirical topology. By synthesizing posterior probabilities of inferred ancestral haplotypes,

frequencies of topologies in epidemic simulations, and the expected relationships between these

haplotypes and topologies, we inferred substantial support favoring separate introductions of

lineages A and B (BF = 4.3 and BF = 4.2 by using the recCA and unconstrained rooting,

respectively) [supplementary materials (SM), materials and methods]. This support is robust

across shorter and longer doubling times, varying ascertainment rates, and minimum polytomy

size (tables B.4 and B.5). If lineages A and B arose from separate introductions, then the
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MRCA of SARS-CoV-2 was not in humans, and it is the tMRCAs of lineages A and B that

are germane to the origins of SARS-CoV-2 (not the timing of their shared ancestor). Rooting

with the recCA, we inferred the median tMRCA of lineage B to be 15 December (95% HPD, 5

December to 23 December) and the median tMRCA of lineage A to be 20 December (95% HPD,

5 December to 29 December) (Fig. 2.3A). The tMRCA of lineage B consistently predates the

tMRCA of lineage A (Fig. 2.3B). These results are robust to using unconstrained rooting, fixing

the ancestral haplotype, and excluding market-associated genomes (Fig. 2.3, A and B; table B.2;

and supplementary text).

Figure 2.3. Comparison of the tMRCA and primary case dates for lineage A and
lineage B across rooting strategies. Each row represents a different rooting constraint in
phylodynamic analysis, with the bottom three representing a fixed ancestral haplotype. (A) The
tMRCA for lineages A and B. (B) The number of weeks the tMRCA of lineage A occurs after
the tMRCA of lineage B. (C) The timing of the primary case for lineages A and B. (D) The
number of weeks the time of the primary case of lineage A occurs after the time of the primary
case of lineage B. Long dashed lines indicate the median and shading represents the 95% HPD
for each distribution. Short dashed lines indicate 0 weeks difference between lineages A and B.
Posterior probability that lineage A originated after lineage B is reported in the grey box.
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2.2.6 Timing the introductions of lineages A and B

The primary case, the first human infected with a virus in an outbreak, could precede

the tMRCA if basal lineages went extinct during cryptic transmission21;94;101. The index case,

the first identified case, is rarely also the primary case102;103. We next used an extension of our

previously published framework that combines epidemic simulations and phylodynamic tMRCA

inference (SM materials and methods)21;94;101 to infer the timing of the lineage B and lineage A

primary cases, accounting for both the index case symptom onset date and earliest documented

COVID-19 hospitalization date. The earliest unambiguous case of COVID-19, with symptom

onset on 10 December and hospitalization on 16 December, was a seafood vendor at the Huanan

market. Unfortunately, no published genome is available for this case22. Nonetheless, we can

reasonably assume that this individual had a lineage B virus (supplementary text) because an

environmental sample (EPI ISL 408512) from the stall this vendor operated was lineage B. The

earliest lineage A genome (IME-WH01) is from a familial cluster for which the earliest symptom

onset is 15 December and earliest hospitalization is 25 December26. Accounting for these dates

and using the recCA rooting, we inferred the infection date of the lineage B primary case to be

18 November (95% HPD, 23 October to 8 December) and the infection date of the primary case

of lineage A to be 25 November (95% HPD, 29 October to 14 December). The lineage B primary

case predated that of lineage A in 64.6% of the posterior sample, by a median of 7 days (Fig.

2.3D and table B.6). Our lineage A and B primary case inference is robust to rooting strategy and

fixing the plausible ancestral haplotype to lineage A, lineage B, or C/C, as well as different index

case dates, accounting for only hospitalization dates and varying growth rates and ascertainment

rates (tables B.7 to B.10 and supplementary text). Therefore, our results indicate that lineage B

was introduced into humans no earlier than late October and likely in mid-November 2019, and

the introduction of lineage A occurred within days to weeks of this event. We then inferred the

number of ascertained infections and hospitalizations arising from these separate introductions.

We found that an earlier introduction of lineage B led to a faster rise in lineage B–associated

infections, dominating the simulated epidemics (Fig. 2.4) and recapitulating the predominance

of lineage B observed in China in early 2020104. Similarly, simulated lineage B hospitalizations

are more common than those from lineage A through January 2020 (Fig. B.24). We observed
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these patterns regardless of rooting strategy (unconstrained or recCA), ancestral haplotype (B,

A, or C/C) (Fig. 2.4 and tables B.11 and B.12), and doubling time (Figs. B.25-B.28).

Figure 2.4. Dynamics of simulated SARS-CoV-2 epidemics resulting from separate
introductions of lineages A and B. Each row represents a different rooting constraint in
phylodynamic analysis, with the bottom three representing a fixed ancestral haplotype. (A)
Estimated number of infections. The header of each column indicates whether the number of
infections are caused by lineage A, lineage B, or the two lineages combined. Darker and lighter
shading represent the 50% and 95% HPD, respectively. (B) The log ratio of lineage B to lineage
A infections on 15 December 2019. Posterior probability of having more lineage B infections
than lineage A reported in the grey box.

2.2.7 Minimal cryptic circulation of SARS-CoV-2

We do not see evidence for substantial cryptic circulation before December 2019 (Fig.

2.4), even if we assume a single introduction (fig. B.29 and supplementary text). Our simulated

epidemics have a median of three (95% HPD, 1 to 18) cumulative infections at the tMRCA, with

99% of simulated epidemics resulting in at most 33 infections (table B.13 and supplementary text).

Further, it is unlikely that there were any COVID-19–related hospitalizations before December105

because the simulated epidemics show a median of zero (95% HPD, 0 to 2) hospitalizations by 1

December 2019. These results are in accordance with the lack of a single SARS-CoV-2–positive
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sample among tens of thousands of serology samples from healthy blood donors from September

to December 2019106 and thousands of specimens obtained from influenza-like illness patients at

Wuhan hospitals from October to December 201926. Therefore, there was likely extremely low

prevalence of SARS-CoV-2 in Wuhan before December 2019. Even when we simulated epidemics

with a longer doubling time, resulting in an earlier timing of the primary cases (tables B.8 and

B.10), there were still few infections before December 2019 (table B.13).

2.2.8 Additional introductions

The extinction rate of our simulated epidemics (simulations that did not produce self-

sustaining transmission chains) indicate that there were likely multiple failed introductions of

SARS-CoV-2. Similar to our previous findings94, 77.8% of simulated epidemics went extinct.

These failed introductions produced a mean of 2.06 infections and 0.10 hospitalizations; hence,

failed introductions could easily go unnoticed. If we treat each SARS-CoV-2 introduction,

failed or successful, as a Bernoulli trial and simulate introductions until we see two successful

introductions, we estimate that eight (95% HPD, 2 to 23) introductions led to the establishment

of both lineage A and B in humans.

2.2.9 Limitations

Our analysis of the putative intermediate haplotypes suggests that there remain lineage

assignment errors between lineages A and B, particularly of genomes sampled in January and

February of 2020, which could influence the precision of the phylogenetic topology and tMRCA

inference. We lack direct evidence of a virus closely related to SARS-CoV-2 in nonhuman

mammals at the Huanan market or its supply chain. The genome sequence of a virus directly

ancestral to SARS-CoV-2 would provide more precision regarding the timing of the introductions

of SARS-CoV-2 into humans and the epidemiological dynamics before its discovery. Although we

simulated epidemics across a range of plausible epidemiological dynamics, our models represent a

time frame before the ascertainment of COVID-19 cases and sequencing of SARS-CoV-2 genomes

and thus before when these models could be empirically validated.
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2.3 Discussion

The genomic diversity of SARS-CoV-2 during the early pandemic presents a paradox.

Lineage A viruses are at least two mutations closer to bat coronaviruses, indicating that the

ancestor of SARS-CoV-2 arose from this lineage. However, lineage B viruses predominated early

in the pandemic, particularly at the Huanan market, indicating that this lineage began spreading

earlier in humans. Further complicating this matter is the molecular clock of SARS-CoV-2 in

humans, which rejects a single-introduction origin of the pandemic from a lineage A virus. We

resolved this paradox by showing that early SARS-CoV-2 genomic diversity and epidemiology

are best explained by at least two separate zoonotic transmissions, in which lineage A and B

progenitor viruses were both circulating in nonhuman mammals before their introduction into

humans (figs. B.30 and B.31). The most probable explanation for the introduction of SARS-CoV-

2 into humans involves zoonotic jumps from as-yet-undetermined, intermediate host animals at

the Huanan market26;107;108. Through late 2019, the Huanan market sold animals that are known

to be susceptible to SARS-CoV-2 infection and capable of intraspecies transmission109–111. The

presence of potential animal reservoirs, coupled with the timing of the lineage B primary case and

the geographic clustering of early cases around the Huanan market108, support the hypothesis

that SARS-CoV-2 lineage B jumped into humans at the Huanan market in mid-November 2019.

In a related study108, we show that the two earliest lineage A cases are more closely positioned

geographically to the Huanan market than expected compared with other COVID-19 cases in

Wuhan in early 2020, despite having no known association with the market. This geographic

proximity is consistent with a separate and subsequent origin of lineage A at the Huanan market

in late November 2019. The presence of lineage A virus at the Huanan market was confirmed

by Gao et al.112 from a sample taken from discarded gloves. The high extinction rate of SARS-

CoV-2 transmission chains, observed in both our simulations and real-world data113, indicates

that the two zoonotic events that established lineages A and B may have been accompanied by

additional, cryptic introductions. However, such introductions could easily be missed, particularly

if their subsequent transmission chains quickly went extinct or the introduced viruses had a

lineage A or B haplotype. Failed introductions of intermediate haplotypes are also possible.
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Critically, we have no evidence of subsequent zoonotic introductions in late December leading up

to the closure of the Huanan market on 1 January 2020. By then, the susceptible host animals

that had been documented at the market during the previous months were no longer found

in the Huanan market26. Other coronavirus epidemics and outbreaks in humans—including

SARS-CoV-1, Middle East respiratory syndrome coronavirus (MERS-CoV), and most recently,

porcine deltacoronavirus in Haiti—have been the result of repeated introductions from animal

hosts114–116. These repeated introductions were easily identifiable because human viruses in

these outbreaks were more closely related to viruses sampled in the animal reservoirs than

to other human viruses. However, the genomic diversity within the putative SARS-CoV-2

animal reservoir at the Huanan market was likely shallower than that seen in SARS-CoV-1

and MERS-CoV reservoirs114;115;117. Hence, even though lineages A and B had nearly identical

haplotypes, their MRCA likely existed in an animal reservoir. The ability to disentangle repeated

introductions of SARS-CoV-2 from a shallow genetic reservoir has previously been shown in

the early SARS-CoV-2 epidemic in Washington state, where two viruses, separated by two

mutations, were independently introduced from, and shared an MRCA in, China (figs. B.23

and B.30 and supplementary text)82. Successful transmission of both lineage A and B viruses

after independent zoonotic events indicates that evolutionary adaptation within humans was not

needed for SARS-CoV-2 to spread118. We now know that SARS-CoV-2 can readily spread after

reverse-zoonosis to Syrian hamsters (Mesocricetus auratus), American mink (Neovison vison),

and white-tailed deer (Odocoileus virginianus), indicating its host generalist capacity119–124.

Furthermore, once an animal virus acquires the capacity for human infection and transmission,

the only remaining barrier to spillover is contact between humans and the pathogen. Thereafter,

a single zoonotic transmission event indicates that the conditions necessary for spillovers have

been met, which portends additional jumps. For example, there were at least two zoonotic jumps

of SARS-CoV-2 into humans from pet hamsters in Hong Kong124 and dozens from minks to

humans on Dutch fur farms121;122. We show that it is highly unlikely that SARS-CoV-2 circulated

widely in humans earlier than November 2019 and that there was limited cryptic spread, with

at most dozens of SARS-CoV-2 infections in the weeks leading up to the inferred tMRCA, but

likely far fewer. By late December, when SARS-CoV-2 was identified as the etiological agent
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of COVID-1922, the virus had likely been introduced into humans multiple times as a result of

persistent contact with a viral reservoir.

2.4 Materials and Methods Summary

Materials and methods described in full detail can be found in the supplementary

materials.

2.4.1 Sequence data

We queried the GISAID database125, GenBank, and National Genomics Data Center of

the China National Center for Bioinformatics (CNCB) for complete high-coverage SARS-CoV-2

genomes collected by 14 February 2020, resulting in a dataset of 787 taxa belonging to lineages

A and B and 20 taxa with C/C or T/T haplotypes. Genomes were aligned by using MAFFT

v7.453126 to the SARS-CoV-2 reference genome (Wuhan/Hu-1/2019), and 388 sites were masked

at the 5’ and 3’ ends and at sites based on De Maio et al.127. All genome accessions are available

in data S1 and S2.

2.4.2 Progenitor genome reconstruction and reversion analysis

We reconstructed the progenitor of SARS-CoV-2, the the recCA. We (i) inferred a

maximum likelihood tree of 31 sarbecovirus genomes (SARS-CoV-2 and 30 closely related

sarbecoviruses sampled from bats and pangolins) across 15 predefined nonrecombinant regions84

with IQ-TREE v2.0.7128, (ii) inferred the sequence of the ancestor of SARS-CoV-2 in each tree

with TreeTime v0.8.1129, and (iii) concatenated the resulting sequences. We next inferred a

maximum likelihood tree of the 787 SARS-CoV-2 taxa with IQ-TREE and performed ancestral

state reconstruction with TreeTime to identify substitutions that were reversions from Wuhan-

Hu-1 to the recCA across the SARS-CoV-2 phylogeny.

2.4.3 Phylodynamic inference and epidemic simulations

We performed phylodynamic inference using BEAST v1.10.5130 with the 787-taxon

dataset to infer the ancestral haplotype and the tMRCA of SARS-CoV-2 (and the tMRCAs

of lineages A and B), using a nonreversible random-effects substitution model and exploring
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unconstrained rooting, recCA-rooting, fixing the ancestral haplotype as a root, and outgroup

rooting. SARS-CoV-2–like epidemics were simulated with FAVITES-COVID-Lite v0.0.193;131

using a scale-free network of 5 million individuals and a customized extension of the SAPHIRE

model132, producing coalescent trees on which we simulated mutations. We calculated the BF

comparing the support of two introductions of SARS-CoV-2 with one introduction by considering

the posterior probabilities of the four most likely ancestral haplotypes from the phylodynamic

inference (lineage A, lineage B, C/C, and T/T), the frequencies of the phylogenetic structures

associated with introductions of these haplotypes in the epidemic simulations, and equal prior

probabilities for each ancestral haplotype and the number of introductions. We connected

the phylodynamic inference and epidemic simulations by means of a rejection sampling–based

approach94, accounting for the tMRCAs of lineages A and B and the earliest documented COVID-

19 illness onset and hospitalization dates. We then inferred the timing of the introductions of

lineages A and B and the infections and hospitalizations for each lineage. The proportion of

epidemic simulations that went extinct (no onward transmission by the end of the simulation)

was used to approximate the number of SARS-CoV-2 introductions needed to result in two

introductions with sustained onward transmission.
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Chapter 3

The recency and geographical origins of
the bat viruses ancestral to SARS-CoV and
SARS-CoV-2

The emergence of SARS-CoV in 2002 and SARS-CoV-2 in 2019 has led to increased

sampling of related sarbecoviruses circulating primarily in horseshoe bats. These viruses undergo

frequent recombination and exhibit spatial structuring across Asia. Employing recombination-

aware phylogenetic inference on bat sarbecoviruses, we find that the closest-inferred bat virus

ancestors of SARS-CoV and SARS-CoV-2 existed just 1–3 years prior to their emergence in

humans. Phylogeographic analyses examining the movement of related sarbecoviruses demonstrate

that they traveled at similar rates to their horseshoe bat hosts and have been circulating for

thousands of years in Asia. The closest-inferred bat virus ancestor of SARS-CoV likely circulated

in western China, and that of SARS-CoV-2 likely circulated in a region comprising southwest

China and northern Laos, both a substantial distance from where they emerged. This distance

and recency indicate that the direct ancestors of SARS-CoV and SARS-CoV-2 could not have

reached their respective sites of emergence via the bat reservoir alone. Our recombination-aware

dating and phylogeographic analyses reveal a more accurate inference of evolutionary history than

performing only whole-genome or single gene analyses. These results can guide future sampling

efforts and demonstrate that viral genomic fragments extremely closely related to SARS-CoV

and SARS-CoV-2 were circulating in horseshoe bats, confirming their importance as the reservoir

species for SARS viruses.
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3.1 Introduction

Horseshoe bats (Rhinolophus spp.) are the main hosts of the Sarbecovirus subgenus32

(genus Betacoronavirus, family Coronaviridae) and, likely via virus transmission through a

transient intermediate species, were the source of SARS-CoV (referred to hereafter as SARS-

CoV-1, now extinct) and SARS-CoV-233–35. Since the emergence of SARS-CoV-1 in Guangdong

Province in 2002 and SARS-CoV-2 (jointly referred to as the SARS-CoVs) in Hubei Province in

2019, there has been increased sampling of sarbecoviruses in horseshoe bats, which has contributed

to our understanding of sarbecovirus diversity and their geographical spread.

Genome-wide sequence identity is typically used to compare bat sarbecoviruses to the

SARS-CoVs, but because coronaviruses frequently recombine135;136, whole genome identity of

these bat viruses and the SARS-CoVs does not adequately reflect their complex evolutionary

histories. For example, the most recent common ancestor (MRCA) of SARS-CoV-2 and a

closely-related bat virus genome sequence might be estimated at 20 years before 2019. However,

when analyzing subgenomic, non-recombinant regions (NRRs) we will inevitably find some

NRRs with older and some with younger MRCAs than this whole-genome estimate, which is

effectively a weighted average of NRR tMRCAs. Because recombination is so rampant among bat

sarbecoviruses, we likely would have had to have sampled the sarbecovirus from the individual

bat involved in each cross-species transmission event leading to the SARS-CoVs (which we refer

to as the “direct ancestor”; Fig. C.1), to have sampled a bat virus that had no recombination in

its genome relative to these SARS-CoVs. What we have, instead, is a relatively small number

of bat sarbecovirus genome sequences, gathered across different times and places. Hence, it is

necessary to identify the NRRs of sarbecoviruses—genomic regions within which there is little

to no detectable signal of recombination among the analyzed genomes and representing, to the

extent possible, a single evolutionary history. These regions provide the clearest insights into

the evolutionary history of SARS-CoV-1 and SARS-CoV-2 and the origins of their respective

outbreaks.

Sarbecoviruses exhibit substantial geographic structuring linked to the ranges of their

host horseshoe bat species33–35;135;136, but where and when their ancestors circulated is poorly
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understood. The sarbecoviruses have an ancient origin137–139, whose timing is difficult to infer

due to substitution saturation, the repeated occurrence of substitutions at the same site resulting

in biased estimation of older divergence in viral phylogenies140;141. This feature of viruses

complicates dating estimates of deep nodes in the sarbecovirus phylogenies and could falsely

suggest that their ancestors circulated more recently than they actually did142.

Here, we separately analyze the recombination patterns and respective evolutionary

histories of SARS-CoV-1 and its closely related viruses (referred to as SARS-CoV-1-like viruses)

and SARS-CoV-2 and its closely related viruses (referred to as SARS-CoV-2-like viruses). We

estimate the separate sets of NRRs for the SARS-CoV-1-like and SARS-CoV-2-like viruses. For

each NRR we utilize a molecular clock rate specific for that portion of the genome and determine

the MRCA of the SARS-CoV and the most closely related bat virus, or set of viruses, among

currently sampled sarbecoviruses for the NRR. We refer to this MRCA as the “closest-inferred

ancestor” for that NRR because it is the parent node of the SARS-CoV in the phylogeny (Fig.

C.1) and is limited by the current sample set of bat sarbecoviruses.

We show that the available sequence data provide evidence of the closest-inferred bat virus

ancestors of both SARS-CoV-1 and SARS-CoV-2 circulating in bats in the years immediately

preceding the emergence of each SARS-CoV. By performing a phylogeographic analysis of

these sarbecoviruses and accounting for substitution saturation137;138, we demonstrate that the

sarbecoviruses spread at a rate similar to their bat hosts and that, based on current sampling,

both SARS-CoV-1 and SARS-CoV-2 likely emerged far from their direct bat virus ancestors.

3.2 Inference of non-recombinant regions

To identify the recombination patterns of the sarbecoviruses, we aligned the available

167 full-genome sarbecovirus sequences (Supplementary Data File 1), including SARS-CoV-1

and SARS-CoV-2. We used GARD143 to independently identify recombination breakpoints on

genomes closely related to SARS-CoV-1 and SARS-CoV-2 (Fig. C.2). These breakpoints identify

31 putative NRRs for the SARS-CoV-1-like viruses, with a median length of 866 nucleotides (nt)

and a range of 309 to 2195 nt, and 27 putative NRRs for the SARS-CoV-2-like viruses, with

a median length of 970 nt and a range of 252 to 2836 nt (Fig. 3.1a). To examine whether the
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inferred positions of recombination breakpoints of the SARS-CoV-1-like and SARS-CoV-2-like

NRR analyses were closer to each other than expected, we simulated randomly distributed

recombination breakpoint sets along the alignment for the SARS-CoV-1-like and SARS-CoV-

2-like viruses (30 and 26 breakpoints, respectively) and compared the distribution of distances

between the two breakpoint sets. The empirical breakpoint sets had a mean genomic distance of

307 nt (90% CIs: 204-463 nt) separating the SARS-CoV-1 and SARS-CoV-2 breakpoints, whereas

the simulated distances had a mean of 540 nt (90% CIs: 334-872 nt) (Fig. C.3). Additionally,

there were six breakpoint pairs between the two virus sets that were in the smallest 10% of

the observed distance distribution (15 to 78 nt apart; Fig. 3.1a), indicating that hotspots

of recombination are likely shared between the two sarbecovirus clades (e.g., 5’ end of nsp3,

upstream of Spike, and other accessory genes).

3.3 Sarbecovirus genomes provide evidence for a very recent
bat ancestor of SARS-CoV-1 and SARS-CoV-2

The evolutionary history of sarbecoviruses can only be accurately inferred when focusing

on NRRs rather than entire genomes or specific genes because these viruses, as well as their

ancestors, have undergone extensive recombination35;136;144. Here, we examine when the closest-

inferred bat viruses ancestral to SARS-CoV-1 and SARS-CoV-2 circulated. These ancestors are

represented by the MRCA of each SARS-CoV and its most closely related bat virus (or viruses),

which is akin to the parent node of each SARS-CoV in its respective phylogeny.

There is insufficient temporal signal when calibrating a molecular clock using tip dating

with sarbecoviruses sampled from bats and pangolins (Manis javanica)136, likely as a consequence

of limited sampling across space and time. Therefore, we used SARS-CoV-1 genomes to identify

a suitable rate prior for the molecular clock in our time-scaled phylogenetic analyses (Fig. C.1;

see Methods). The inferred substitution rates served as NRR-specific rate priors for subsequent

Bayesian phylogenetic inference of SARS-CoV-1 and the 139 SARS-CoV-1-like viruses (Fig. C.4,

table C.1). The median time of the closest-inferred bat virus ancestor of SARS-CoV-1 within each

NRR varied by several decades (Fig. 3.1b), and the median of these medians is 1996. However,

the most recent time of the closest-inferred ancestor across all NRRs of SARS-CoV-1 was 2001
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Figure 3.1. Recombination patterns and dating of the closest-inferred bat virus
ancestor of SARS-CoV-1 and SARS-CoV-2 for each NRR. a, Distribution of SARS-CoV-
1-like and SARS-CoV-2-like breakpoints across the sarbecovirus genome alignment. Schematic of
major open-reading frames is displayed in the middle of the figure. Gene domains of interest are
also shown within the schematic. Breakpoint pairs with significantly short distances (¡10% point
of distribution) are highlighted in yellow. Numbers indicate NRRs resulting from breakpoints.
The alignment is 31,243 nt long. b, Time of the closest-inferred bat virus ancestor of SARS-CoV-1
across the 31 NRRs of the SARS-CoV-1-like viruses. The 20 years before the emergence of SARS-
CoV-1 is shown in gray in the upper panel and zoomed-in upon in the lower panel. c, Time of the
closest-inferred bat virus ancestor of SARS-CoV-2 across the 27 NRRs of the SARS-CoV-2-like
viruses The 20 years before the emergence of SARS-CoV-2 is shown in gray in the upper panel
and zoomed-in upon in the lower panel. The dashed line in each panel is the date of the earliest
sampled human case of each SARS-CoV (16 November 2002 for SARS-CoV-1; 24 December
2019 for SARS-CoV-2). The violin plots correspond to the 95% highest posterior density (HPD)
intervals and the dot within each violin plot indicates the median. NRRs corresponding to the
Spike gene are indicated in the top panels of b-c.
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(95% highest posterior density [HPD]: 1998–2002; NRR 14 [Orf1b]; 1065 nt), only one year before

the emergence of SARS-CoV-1 in 2002. The viruses most similar to SARS-CoV-1 within this

NRR were YNLF 31C and YNLF 34C, sampled in Yunnan, China in 2013. Molecular clock

inference informed by narrower rate priors resulted in times of the closest-inferred ancestors for

several NRRs closer to the emergence of SARS-CoV-1 (Fig. C.5a, table C.3). Our findings were

consistent when we included a more divergent human SARS-CoV-1 genome along with a masked

palm civet (Paguma larvata) SARS-CoV-1 genome (Fig. C.5a, table C.3).

We similarly used the evolutionary rate of SARS-CoV-2 across the inferred NRRs of

the SARS-CoV-2-like viruses (Fig. C.4, table C.2) as priors for the phylogenetic analysis of the

NRRs of the SARS-CoV-2-like viruses, comprising SARS-CoV-2 and the 26 SARS-CoV-2-like

genomes. The time of the closest-inferred bat virus ancestor of SARS-CoV-2 ranged from several

years to several decades preceding late 2019 — when SARS-CoV-2 was introduced into humans

— across the 27 NRRs (Fig. 3.1c). Although the median time of the closest-inferred ancestor

of SARS-CoV-2 was in 2009, the most recent time of the closest-inferred ancestor across all

NRRs was in 2017 (95% HPD: 2014–2019; NRR 3 [Orf1a]; 259 nt), only two years prior to its

introduction into humans145. The genome most similar to SARS-CoV-2 within this NRR is

RmYN02, sampled in Yunnan, China in 2019. We note that although NRR 3 is only 259 nt, NRR

6 is 573 nt and has a similar time of the closest-inferred ancestor of 2015 (95% HPD: 2009–2019).

Within NRR 6, the genome most related to SARS-CoV-2 is BANAL-20-103, sampled in Laos in

2020. A narrower clock rate prior results in similar inferred dates (Fig. C.5b, table C.4).

The times of closest-inferred ancestor of SARS-CoV-1 across the NRRs are nearer to the

date of human emergence than those for SARS-CoV-2 (Fig. 3.1b,c): 14 NRRs of the SARS-CoV-

1-like viruses have a median time of the closest-inferred ancestor of SARS-CoV-1 within 5 years

of the emergence of SARS-CoV-1, whereas only 3 NRRs of the SARS-CoV-2-like viruses have a

closest-inferred ancestor of SARS-CoV-2 within 5 years of the emergence of SARS-CoV-2. Both

sets of viruses consistently have more divergent fragments across the Spike gene (Fig. 3.1b). The

oldest time of the closest-inferred bat virus ancestor within a single NRR of SARS-CoV-1 and

SARS-CoV-2 was, respectively, 1963 (95% HPD: 1934–1985; NRR 19 [Orf1b]) and 1982 (95%

HPD: 1946–2007; NRR 22 [Spike]), with each approximately 40 years prior to the emergence of
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their corresponding SARS-CoV. Notably, only NRR 19 among the SARS-CoV-1-like viruses has

a median time of the closest-inferred ancestor more than 50 years earlier than the most recently

sampled SARS-CoV-1-like virus.

Accurate estimation of the ages of deeper nodes in the SARS-CoV phylogenies require

complex models accommodating high levels of substitution saturation137;141. We restricted our

analyses to the most recent nodes of the tree. Our inferred ages for the closest-inferred ancestors

of each of the SARS-CoVs across the NRRs indicate that several of the published sarbecovirus

genomes include non-recombinant fragments that are descendant from viruses that circulated

likely only a few years before the emergence of SARS-CoV-1 and SARS-CoV-2.

3.4 The recombinant common ancestors became more sim-
ilar to SARS-CoV-1 and SARS-CoV-2 with increased
sampling

We quantified the extent to which the publication of more viruses closely related to

SARS-CoV-1 and SARS-CoV-2 has contributed toward our understanding of the ancestor of each

of these human viruses. The respective recombinant common ancestor (“recCA”) of SARS-CoV-1

and SARS-CoV-2 can be understood as the aggregate of the closest-inferred ancestors of each of

the SARS-CoVs across each of its NRRs145, with each closest-inferred ancestor existing at different

points in time and with potentially different viruses most closely related to the SARS-CoV. The

recCA therefore accounts for the closest relative(s) across all non-recombinant segments. We

inferred the genome of the recCA of each SARS-CoV over time, progressively adding published

genomes to the reconstruction based on their publication date. Then, we calculated the similarity

of each recCA to its respective SARS-CoV as a function of the publication date to examine how

additional closely related genomes can affect ancestral reconstruction and reflect our increasing

understanding of sarbecoviruses over time (Fig. 3.2a).

We observe that, as more genomes were published, the SARS-CoV-1 recCA and SARS-

CoV-2 recCA became more similar to SARS-CoV-1 and SARS-CoV-2, respectively (Fig. 3.2).

The full bat virus genomes most similar to SARS-CoV-1 and SARS-CoV-2 are, respectively,

YN2020E (96.2% genetic identity to SARS-CoV-1) and BANAL-20-52 (96.8% genetic identity
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Figure 3.2. The recCA (recombinant common ancestor) and the most closely related
sarbecovirus over time. a, The similarity of the recCA of SARS-CoV-1 and the most closely
related sarbecovirus in the SARS-CoV-1 viruses to SARS-CoV-1 as a function of time. b,
The similarity of the recCA of SARS-CoV-2 and the most closely related sarbecovirus in the
SARS-CoV-2 viruses to SARS-CoV-2 as a function of time. The right panels for a and b are
zoomed-in panels of the dashed box in the left panels. The dashed vertical line in b is the
sampling date of the earliest sampled genome of SARS-CoV-2.

to SARS-CoV-2), both published in 2021. The genetic identity of the recCA of SARS-CoV-1

with SARS-CoV-1 exceeded the genetic identity of YN2020E with SARS-CoV-1 by 2013. The

genetic identity of the recCA of SARS-CoV-2 with SARS-CoV-2 exceeded the genetic identity of

BANAL-20-52 with SARS-CoV-1 in 2020, coinciding with the publication of the full genome

of RaTG13 (96.2% genetic identity to SARS-CoV-2) in January 2020. The recCA of each

SARS-CoV therefore exceeded the genetic similarity of the most closely related full genome

before it was actually sampled.

Furthermore, the recCAs continued to become more similar to their corresponding SARS-

CoV in the subsequent years. For example, the recCA of SARS-CoV-2 continued to increase in

similarity after RaTG13 and before BANAL-20-52 were published, despite the interim published

genomes sharing less overall genetic identity with SARS-CoV-2 than RaTG13 (Fig. 3.2b).

This increase in similarity is the result of these genomes containing fragments that descend

from a more closely related ancestor despite the rest of the genome being more divergent from
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SARS-CoV-2 than RaTG13. These results can therefore be observed at the level of individual

NRRs: sequentially published genomes increase the genetic identity of some of the NRRs of the

recCA to the matching regions of SARS-CoV-2 (Fig. C.6). However, not all NRRs of the recCA

exhibit increases in genetic identity to SARS-CoV-2 with additionally published genomes, and

occasionally there is no increase of genetic identity to SARS-CoV-2 across any of the NRRs of the

recCA when a new genome is published. Regardless, our results show that, by the end of 2022,

the inferred recCA of each SARS-CoV is very similar to these human viruses, with the recCA of

SARS-CoV-2 sharing 98.8% genetic identity with SARS-CoV-2 and the recCA of SARS-CoV-1

sharing 98.6% genetic identity with SARS-CoV-1.

3.5 Phylogeography of bat sarbecoviruses related to SARS-
CoV-1 and SARS-CoV-2

The phylogenies of the sarbecoviruses have an appreciable degree of geographic structuring

linked to their hosts’ ranges (Fig. 3.3)136. To infer the spatiotemporal spread of the SARS-CoV-

1-like and SARS-CoV-2-like viruses, we simultaneously fitted a spatially-explicit phylogeographic

model to each NRR. As the sampling locations of SARS-CoV-1, SARS-CoV-2, and the pangolin

sarbecoviruses likely do not represent where their direct bat virus ancestors circulated146–149,

we excluded their locations from the primary phylogeographic analyses to avoid the impact of

dispersal in non-bat hosts (Fig. C.2).

Due to substitution saturation, the deeper evolutionary history of rapidly evolving viruses,

including sarbecoviruses, are underestimated using standard molecular clock approaches138;141;150;151.

To account for the effects of substitution saturation on the SARS-CoV-1-like and SARS-CoV-2-

like phylogenies when trying to understand the long-term dispersal patterns of sarbecoviruses,

we applied the Prisoner of War (PoW) model138—a mechanistic molecular clock model that esti-

mates divergence times while accounting for time-dependent evolutionary rates—to the posterior

phylogenies with phylogeographic estimates scaled in units of genetic distance (Fig. C.1; see

Methods). We find that substitution saturation primarily affected the inferred time of divergence

events at least 50 years before the most recently sampled virus in our dataset, with younger

internal nodes having relatively unchanged ages and indicating that our inferences of the time of
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the closest-inferred ancestors are unbiased (Fig. C.7). The PoW-transformed phylogenies had

tMRCAs that were at least several hundred to tens of thousands of years older (Fig. C.8).

To investigate the dispersal dynamics and history of the two sets of viruses, we computed

their associated lineage diffusion coefficients152 (Fig. 3.3e,f and Fig. C.2) and separately

represented the PoW-transformed phylogeny of each NRR across Asia (Fig. 3.3g,h, Fig. C.9-

C.12). Both sets of viruses appear to have a few long lineage dispersal events, but the number of

these dispersals is likely an underestimate due to undersampling of sarbecoviruses from various

regions in Asia. The inferred dispersal history of viral lineages looks consistent among NRRs

(Fig. 3.3g,h, Fig. C.9-C.12): we observe a similar spatial distribution of the sets of viruses

and their connections on the different NRR maps. Moreover, the phylogeographic patterns

appear to be spatially structured, with phylogenetically similar viruses being generally sampled in

geographically similar regions and almost no back and forth travel of viral lineages across relatively

large regions of the study area. Our analyses reveal a moderate to strong correlation between

the patristic distance—the sum of the branch lengths connecting two nodes on a tree—and

great-circle geographic distance computed for each pair of bat virus samples: a Spearman

correlation coefficient of 0.45 for SARS-CoV-1-like viruses (95% HPD: 0.36-0.59) and of 0.66

for SARS-CoV-2-like viruses (95% HPD: 0.12-0.83) (see table C.5 for a comparison with other

viruses).

Either the root (Fig. 3.3d) or a deep ancestral node (see Data and Code Availability) of

the SARS-CoV-2-like phylogenies consistently corresponds to the split between Rc-o319, sampled

in Japan in 2013, and virus relatives from China and Southeast Asia for most NRRs. Our

PoW-calibrated analysis gives a mean date of 8259 BCE across all NRR tMRCA median heights

for this node (range: 23,777 BCE–1381 CE), providing further support for the ancient origins of

the SARS-CoV-2-like viruses and therefore sarbecoviruses as a whole137;138. Conversely, although

most NRRs of each set of viruses had a tMRCA of at least several thousands of years old, NRRs

20 (Orf1b) and 31 (N, Orf10) of the SARS-CoV-1-like viruses had tMRCAs of 1429 CE (95%

HPD: 970 CE–1642 CE) and 1730 CE (95% HPD: 1625 CE–1828 CE), respectively, suggesting

that these NRRs experienced selective sweeps, reducing genomic diversity in these genomic

regions in the relatively recent past.
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3.6 Location of the closest-inferred ancestors of SARS-CoV-1
and SARS-CoV-2

The PoW transformation shows that the timing of divergence events in the last 50 years

inferred from standard molecular clock models are unbiased (Fig. C.7). However, as the PoW

model enforces contemporaneous tips, it can produce unreliable results for the most recent

inferred ages. Therefore, we performed a separate tip-dated phylogeographic analysis to infer

where the closest-inferred ancestors of each SARS-CoV circulated in the past 50 years (Fig. C.2).

We find that the closest-inferred ancestors of SARS-CoV-1 likely circulated in western China (i.e.,

Yunnan, Sichuan, or Guizhou). The closest-inferred ancestors of SARS-CoV-2 likely circulated in

Yunnan, China or northern Laos, overlapping with a set of contiguous cave structures extending

through these regions153;154. Our results indicate that both SARS-CoV-1 and SARS-CoV-2

emerged in humans over a thousand kilometers from where their closest-inferred bat virus

ancestors likely circulated. The inferred geographic location of the closest-inferred ancestors of

each SARS-CoV additionally overlapped with regions with moderate Rhinolophid (horseshoe bat)

species richness (Fig. 3.3b and Fig. C.13–C.15), including in regions known to harbor R. affinis

and R. ferrumequinum (Fig. C.13), and the closest-inferred ancestor of SARS-CoV-2 additionally

overlapped with known locations of R. malayanus circulation (Fig. C.14). Including the location

of the human and pangolin SARS-CoVs as a robustness analysis resulted in the inferred regions

where the closest-inferred ancestors of both SARS-CoV-1 and SARS-CoV-2 circulated to include

where these viruses also emerged (Fig. C.16, C.17); however, these inferences are likely biased

by the non-bat travel (e.g. intermediate hosts associated with wild and farmed animal supply

chains) of the ancestors of SARS-CoV-1 and SARS-CoV-2 and trafficking148 of the pangolin

hosts.

3.7 Sarbecoviruses spread at rates similar to their bat hosts

To investigate how fast the SARS-CoV-1-like and SARS-CoV-2-like viruses recently

spread across Asia, we inferred the weighted diffusion coefficient, a measure of the diffusivity of

viral transmission, for the 50 years before the most recently sampled genome in each dataset

using our tip-dated phylogenies (Fig. C.2). We found that the SARS-CoV-1-like viruses spread
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Figure 3.3. Estimated evolutionary history of SARS-CoV-1-like (SC1, on the left) and SARS-
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regions with an increasing red color darkness.
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with a weighted diffusion coefficient of 2884 km2/yr (95% HPD: 1654–4358; Fig. 3.3e), and the

SARS-CoV-2-like viruses circulated with a weighted diffusion coefficient of 2050 km2/yr (95%

HPD: 233–5470; Fig. 3.3f). The SARS-CoV-1-like viruses were likely inferred to spread, on

average, slightly more quickly than the SARS-CoV-2-like viruses because of the recent dispersal

events to South Korea. These results were robust to the inclusion of the locations of the human

and pangolin SARS-CoVs and were similar to the diffusion coefficients calculated for the 75

years preceding the most recently sampled genomes (table C.5). Horseshoe bats, the primary

hosts of sarbecoviruses, tend to forage within around 2-3 km of their roost155–158 and have a

reported diffusion coefficient159 of 1999 km2/yr. Therefore, both the SARS-CoV-1-like and

SARS-CoV-2-like viruses (in the context of host infections) traveled at a similar rate as their

hosts, suggesting that these viruses are able to efficiently explore new niches, likely due to the

density of Rhinolophid roosts.

3.8 Direct ancestors of the SARS-CoVs likely could not have
reached sites of emergence via the bat reservoir alone

To understand whether the bat virus ancestors of each SARS-CoV could have spread to

where the SARS-CoVs emerged in humans via dispersal of SARS-related coronaviruses across bat

populations, we determined the minimum distance from the location of the closest-inferred bat

virus ancestor to the province of emergence (Fig. 3.3i,j), and given the time between emergence

and this ancestor (Fig. 3.1b,c), we calculated the dispersal velocity this implies. We compare this

rate to the dispersal velocity of bat virus lineages to obtain a posterior rank distribution (Fig.

C.18). For the closest-inferred bat virus ancestor of SARS-CoV-1 to have reached Guangdong

Province, it would have needed a dispersal velocity greater than 95% of the dispersal velocities

of bat virus lineages across 8 NRRs, including NRR 14 (Fig. C.18a). Similarly, for the direct

bat virus ancestor of SARS-CoV-2 to have reached Hubei Province, it would have needed a

dispersal velocity greater than 95% of the dispersal velocities of bat virus lineages across 7 NRRs,

including NRRs 3 and 6 (Fig. C.18b) and NRRs with a time of the closest-inferred ancestor

as early as 2009 (Fig. 3.1c). Considering the large distance separating the closest-inferred bat

virus ancestors from where SARS-CoV-1 and SARS-CoV-2 each emerged (Fig. 3.3i,j) and the
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high dispersal velocities necessary to traverse the aforementioned distance (Fig. C.18), it is very

unlikely that the lineages descending from the closest-inferred bat virus ancestors of SARS-CoV-1

and SARS-CoV-2 reached, respectively, Guangdong Province and Hubei Province solely via

dispersal of these viruses through their bat reservoirs.

3.9 Discussion

Our study reveals viral genomic sequence fragments closely related to the very recent

ancestors of SARS-CoV-1 and SARS-CoV-2 are present in published genomes sampled from

Rhinolophid (horseshoe) bats. By reconstructing the evolutionary history of the non-recombinant

fragments of sarbecoviruses, we show that the ancestors of SARS-CoV-1 and SARS-CoV-2

circulated in bat populations hundreds to thousands of kilometers away from the sites of, and as

recently as 1–3 years prior to, the emergence of these viruses in humans.

Sarbecoviruses undergo extensive recombination and tend to share breakpoints at specific

genome regions, so-called recombination hotspots35;160. Although whole-genome comparisons

previously suggested there may have been decades of separation between the closest-inferred bat

virus ancestor and each of the SARS-CoVs161, the recency of the closest-inferred ancestor in

multiple subgenomic regions indicate that whole-genome comparisons are an unreliable measure of

evolutionary divergence. It is, therefore, the non-recombinant fragments that must be analyzed to

properly understand the emergence of the human SARS-CoVs135;136. We additionally show that

adding new genomes to the recombination-aware ancestor reconstruction brought the sequence

identity of the recombinant common ancestor of each SARS-CoV to its respective human virus,

closer to 100%. This was true even though the new genomes did not always share a higher

whole-genome identity to the SARS-CoVs than previously published sarbecovirus genomes.

The phylogeographic approach implemented here provides detailed insights into the

sarbecoviruses’ extensive historical movement across China and Southeast Asia. We find that

the viral lineages diffuse at a similar rate to their primary hosts: small horseshoe bats. These

bats typically have small home ranges (2-3 km2 per night), are rarely migratory157;162, and have

a limited dispersal capacity with scant evidence of longer migrations (and limited to species in

temperate rather than tropical regions)163;164. After accounting for recombination, the closest-
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inferred bat virus ancestors of SARS-CoV-1 and SARS-CoV-2 are inferred to have circulated in

regions spanning from Northern Laos to Western China.

Considering that the closest-inferred bat virus ancestors circulated in these regions almost

immediately preceding the emergence of SARS-CoV-1 and SARS-CoV-2, our results suggest that

there would not have been enough time for the direct bat virus ancestor to reach the location of

emergence of the human SARS-CoVs via normal dispersal through bat populations alone. SARS-

CoV-1 is thought to have been moved from bats in Yunnan province to Guangdong province

via intermediate mammalian hosts146. The movement of palm civets and raccoon dogs as part

of the wild and farmed animal trade has been implicated in the emergence of SARS-CoV-1165,

suggesting that human-mediated transport of these animals can allow for viral lineages to move

faster than their bat hosts (Fig. C.18). Given (i) the presumed emergence of SARS-CoV-1

through the animal trade, (ii) the recency and location of the closest-inferred ancestor relative to

SARS-CoV-2, and (iii) the clear evidence that the epicenter of the SARS-CoV-2 pandemic at one

of only four markets in Wuhan that sold live wildlife from plausible intermediate host mammal

species166;167, the direct ancestor of SARS-CoV-2 likely moved from an area in or around Yunnan

province, to Hubei province, via the wild and farmed animal trade.

The similar rates of diffusion among viral lineages and horseshoe bats suggest these

viruses are able to rapidly and efficiently explore their environmental niches. The sarbecoviruses

are therefore being transmitted among dense bat populations of the same and different species,

as is also evidenced by the high levels of recombination in bat sarbecoviruses. For example,

viral movement is likely to take place through horseshoe bats regularly moving among roosts,

especially as roost switching tends to happen during breeding season or if bats travel or migrate

to hibernacula158;168. Furthermore, in hibernacula horseshoe bats will roost in very dense

aggregations with different species169, providing the potential for spillover between bat species

whilst bodily functions are downregulated and body temperatures can reach very low levels169;170.

Heterothermy during hibernation (and in some species even sleep) and variable temperatures

among species may also impact arousal patterns and vulnerability to pathogens171;172.

Despite limited evidence for long-distance travel of horseshoe bats, there are several

relatively long-distance viral lineage dispersals between nodes in the phylogenies. These geo-
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graphically distant nodes therefore likely represent a lack of sarbecovirus sampling from areas

between the distant locations rather than long-range bat movements, though it could also indicate

dispersal from more migratory conspecific bat species, such as Chaerephon which can share

roosts. For example, internal branches of the SARS-CoV-2-like tree represent movement from the

east of China (Zhejiang) to the west (Yunnan), to Thailand and Cambodia (Fig. 3.3h). There

are likely many more, still-undiscovered SARS-CoV-2-like virus populations that would bridge

the geographic gap between these regions (e.g., in northern Vietnam, Guizhou, and Guangxi) as

diversity of bats remains high across these regions (Figure 3i).

By accommodating time-dependent rate variation in our phylogeography analysis, we are

able to infer the deeper evolutionary history of sarbecoviruses more accurately than previous

efforts. For example, one ancestral node connecting distant regions is that between the Chinese and

Southeast Asian SARS-CoV-2-like viruses and the Japanese sarbecoviruses (Rc-o319 represented

in our dataset, but more viruses similar to SARS-CoV-2 have been recently sampled in Japan173),

and we infer an average estimate of 8,259 BCE for this node (the oldest median estimate—NRR

21—being earlier than 20,000 years BCE). Rhinolophid bats will not fly over the open sea

deliberately174–177, but can be blown over narrow ocean channels or travel on ships178. However,

during the Last Glacial Maximum (LGM), until approximately 8,000 BCE, Japan was likely

connected to the mainland through land bridges both in the north (connecting Hokkaido to

Siberia) and south (connecting Kyushu to China)179. This most recent time when Japan

was connected to the mainland aligns well with our dating estimates of when the Japanese bat

sarbecovirus clade separated from the mainland clade. Additionally, there is evidence of mammals

moving through the land bridges during the LGM180. The bat species endemic to Japan known

to harbour sarbecoviruses, R. cornutus, and its phylogenetically closest mainland species infected

by SARS-CoV-2-like viruses, R. pusillus, are estimated to have shared a common ancestor 13.3

million years ago181. This much more ancient separation between the host species indicates

that the viruses did not co-evolve with the bats. Instead, mainland bats likely transmitted the

ancestral SARS-CoV-2-like viruses to the Japanese bat populations through movement via land

bridges during the LGM.

Whilst horseshoe bat ranges extend across most of China, diversity decreases at increasing

52



latitudes, and virus sampling in bats has largely been limited to higher diversity areas, including

Yunnan province in China and Laos. Additionally, other large areas with high diversity, such as

Northern Vietnam, remain unsampled and host a similar community of bat species. In the absence

of bat viruses sampled closer to where SARS-CoV-1 and SARS-CoV-2 emerged, the inference

of the location of the closest-inferred bat virus ancestors is biased toward where published,

closely related viruses were sampled. The SARS-CoV-1-like bat viruses are better represented

(n=134) and therefore have more phylogeographic resolution than the SARS-CoV-2-like bat

viruses (n=20). Although there are viruses closely related to the SARS-CoVs across most of the

NRRs, the viruses are relatively more divergent across the NRRs that overlap with the Spike

gene (Fig. 3.1, Fig. C.6). This relatively greater divergence suggests that Spike genes that can

bind non-bat entry receptors circulate in lower frequencies in wild horseshoe bat populations

and, therefore, are less likely to be sampled. Further sampling of closely related sarbecoviruses,

methodological improvements in disentangling complex recombination patterns, and improved

molecular clock calibration can allow for the inference of more detailed spatiotemporal trends

and recombination patterns, as well as more complete evolutionary histories of each NRR.

Since the emergence of SARS-CoV-1 and SARS-CoV-2 in humans, the descendants of

the bat viruses that gave rise to them have experienced years of evolution and almost certainly

recombined with yet-unsampled lineages of the sarbecovirus tree. Hence, we should not expect

to find the direct ancestor of SARS-CoV-1 or SARS-CoV-2 circulating in wild bats in future

sampling. The search for, and analyses of, sarbecoviruses related to SARS-CoV-1 and SARS-

CoV-2 have often focused on partial genomes, typically the RdRp protein182–187, but future

sequencing efforts should aim for whole genome sequences to detect and characterize all genomic

fragments that descend from closely related ancestors. The non-recombinant segments of these

mosaic genomes are pieces of a complex puzzle that hold the key to understanding the intricate

mechanisms behind the emergence of past and future SARS-CoVs into the human population.

3.10 Data and code availability

Supplementary Data Files 1 and 2 are available at https://www.biorxiv.org/content/

10.1101/2023.07.12.548617v1. The XML files, code, and newick trees are available at https:
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Epilogue

Les fléaux, en effet, sont une chose commune, mais on croit difficilement aux fléaux lorsqu’ils
vous tombent sur la tête. Il y a eu dans le monde autant de pestes que de guerres. Et pourtant,

pestes et guerres trouvent les gens toujours aussi dépourvus.
(Everybody knows that pestilences have a way of recurring in the world, yet somehow we find it
hard to believe in ones that crash down on our heads from a blue sky. There have been as many

plagues as wars in history, yet always plagues and wars take people equally by surprise.)

- Albert Camus, La Peste (1947)

The aim of this dissertation was to understand the origins of the COVID-19 pandemic and

the events leading up to it. Starting with developing a novel approach combining phylogenetics

and epidemic simulations, I identified when the primary case of the COVID-19 pandemic was

likely infected. I next extended this approach and rigorously examined the early SARS-CoV-2

genomic data to determine that the COVID-19 pandemic was likely the result of repeated

introductions of SARS-CoV-2 into the human population. Lastly, I analyzed bat viruses closely

related to SARS-CoV-1 and SARS-CoV-2 to determine when and where their recent ancestors

circulated and demonstrated that bat movement alone could not have led to the emergence of

SARS-CoV-1 and SARS-CoV-2 in their respective provinces. In additional work not expanded

upon here, I contributed toward identifying the Huanan market as the epicenter of COVID-19

pandemic167 and tracing the genomic diversity of potential intermediate hosts, including raccoon

dogs (Nyctereutes procyonoides) and masked palm civets (Paguma larvata) (both susceptible to

SARS-CoV-1, with the latter also implicated in its emergence10), of SARS-CoV-2 at the Huanan

market188. Altogether, this body of work points toward a zoonotic origin of SARS-CoV-2 and

implicates the wild and farmed animal trade in its emergence.

Although this dissertation has primarily focused on the emergence of SARS-CoV-2, the

ideas present here extend to epidemics and pandemics more broadly. For example, the epidemic
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modeling described here identified that a densely populated network is required for the sustained

transmission of a pathogen with transmission dynamics similar to those of SARS-CoV-2. This

is concordant with SARS-CoV-1 and SARS-CoV-2 first emerging in, respectively, Foshan and

Wuhan, two densely populated cities in China, rather than in a remote or rural area. The

finding that there were repeated introductions of SARS-CoV-2 into the human population at

the start of the pandemic matches the observation of repeated zoonosis of other coronavirus

epidemics and outbreaks in humans, including SARS-CoV-1, Middle East respiratory syndrome

coronavirus (MERS-CoV), and porcine deltacoronavirus in Haiti114–116. In fact, SARS-CoV-2 has

also repeatedly spilled over into humans after reverse-zoonosis to Syrian hamsters (Mesocricetus

auratus)124, American mink (Neovison vison)121;122, and likely white-tailed deer (Odocoileus

virginianus)123;189. Once a virus is able to infect and transmit among humans, sustained contact

with the reservoir of the virus is likely to result in repeated zoonotic transmissions. In essence,

the details relevant to one viral pandemic often apply to other viral zoonoses, epidemics, and

pandemics.

People living in the vicinity of horseshoe bat species (Rhinolophus spp.) are more likely

to show serological evidence of infection by SARS-related CoVs56;102;190. This observation

underscores the continued threat of emergence of novel viruses from animal reservoirs, with

wildlife markets posing a particularly high risk10;191–193. Although zoonoses leading to sustained

epidemics will inevitably be discovered, those with little to no onward transmission are likely

to occur without leaving any epidemiological trace194, particularly with viruses associated with

asymptomatic infections or mild disease, like SARS-CoV-2. This dissertation highlights the

imperative of establishing intensive virus surveillance architectures. Such architectures will

involve early detection of unexplained disease in humans, but must be complemented by a focus

on wild, farmed, and traded animals, as well as additional sites of the human-animal interface,

where the risk of transmission to humans is greatest. The ability to more rapidly identify

spillovers and novel pathogens will improve our capacity to contain pathogens with pandemic

potential.
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Appendix A

Supplemental Material for Chapter 1

A.1 Materials and Methods

A.1.1 Sequence data

We queried the GISAID database195 for SARS-CoV-2 viral genome alignment for se-

quences from mainland China that were not annotated as travel associated, as of 16 July 2020.

We restricted our dataset to genomes that (i) were complete ≥29,000 nt, (ii) had high coverage

with ≤0.5% unique amino acid mutations, (iii) had fewer than 1% ’N’s, (iv) were not identified

as potentially problematic via NextStrain, and (v) had a day-month-year sampling date reported.

The first 200 and last 299 nucleotides were removed due to poor evidence of homology. The final

alignment comprised 583 taxa. List of GISAID IDs are available in Data S1.

A.1.2 Phylogenetic inference

The phylogenetic history of SARS-COV-2 in China was first inferred in a maximum

likelihood framework in IQ-TREE 2196 using a GTR+F+I model, selected by model testing.

Molecular clock analysis was conducted using a Bayesian Markov chain Monte Carlo (MCMC)

approach in BEAST v1.10.449. For the primary analysis, we employed a GTR+F+I substitution

model, a strict molecular clock, a Bayesian skyline coalescent prior. To facilitate convergence, (i)

a hard lower bound of 1x10-5 substitutions/site/year was placed on the clock rate and (ii) we

initiated the MCMC using the maximum likelihood phylogeny that had been transformed into a

chronogram via TempEst v1.5.3197. Four independent chains of 500 million generations were

run, sampling every 25 thousand, and the first 15% were discarded as burnin. Convergence and

mixing was assessed in Tracer v1.7.1198 and chains were combined in LogCombiner, such that all
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ESS values were >2070. The resulting posterior distribution comprised over 70,000 sampled trees

to facilitate fuller exploration in the rejection sampling (see below). Evidence for shifting root

tMRCAs after excluding the earliest sampled SARS-CoV-2 genomes was explored using TreeStat,

a part of the BEAST package. Robustness analysis was conducted using a relaxed clock with

an uncorrelated lognormal distribution (ULD) and a Bayesian Skygrid coalescent prior199, in

which 4 and 2 independent chains of 500 million generations were run, respectively. We did not

explore the effect of highly structured coalescent priors (e.g., constant size, exponential growth),

because the Skyline dynamics from China depict a complicated history with stable, exponential,

and decreasing effective population sizes (Fig. A.15).

A.1.3 Epidemic Simulation

To explore the evolutionary dynamics at play during the beginning of the COVID-19

pandemic, we performed a series of epidemic simulations using FAVITES v1.2.651. First, we

generated static contact networks in FAVITES under a preferential-attachment model using the

Barabási–Albert algorithm200. We used this network algorithm, because its scale-free properties

recapitulate infectious disease spread. We chose to simulate a static contact network, because

our focus is on the number of people infected at the beginning of the epidemic. For the primary

simulations, we selected an intermediate value of 16 contacts per day (mean degree), based on

Mossong et al.201, within a contact network comprising 100,000 individuals (nodes).

Across this contact network, we performed a forward simulation SAPHIRE (Susceptible-

Ascertained-Presymptomatic-Hospitalized-Not Ascertained (I)-Removed-Exposed) model20 to

generate a viral transmission network using GEMF202. We did not include the travel component

of the original SAPHIRE model (i.e., individuals flying into and out of Wuhan), because our focus

was on the early dynamics of the pandemic before its spread. Simulated epidemics started with

a single seed infection among our 100,000 susceptible individuals. The epidemic was propagated

using the parameters determined by Hao et al.20(see Table A.1 for values) for 100 days. Our

epidemics had a median doubling time of 4.1 days (95% range: 2.7–6.7 days), corresponding to

epidemic growth in Wuhan between 01 January 2020 and 23 January 202020.

For the primary analysis, we ran 5000 epidemic simulations. Of these simulations, 29.7%
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successfully established epidemics, defined as those simulations in which ≥1000 people had become

infected and ≥1 person was still infectious at the end of the simulation. Failed epidemics were

simulations that did not become established (i.e., 0 infectious people at the end of the simulation)

or had fewer than 1000 people infected over the entire simulation; 70.3% of simulations failed

to reach this epidemic threshold after 100 days. For the successfully established simulations,

we constructed the coalescent history using the VirusTreeSimulator203package in FAVITES.

For each infected individual in these simulations, a single viral lineage was randomly sampled

uniformly across the duration of infection to represent viral genotype sampling. If a simulation

failed to converge, it was rerun until it successfully achieved coalescence. The final output

generated by FAVITES is the viral time-based phylogeny (part 2b in Fig. A.5). 1000 successfully

established simulations were then randomly selected for further analysis. All inputs for the

FAVITES primary analysis can be found in Table A.7 and the JSON input files are available at

https://github.com/pekarj/SC2 Index Case.

Each FAVITES simulation with the SAPHIRE model produced an output documenting

when individuals transitioned from one compartment to another throughout the entire simulation.

We used these to determine the amount of individuals in a given compartment (e.g., total

infections, ascertained infections, unascertained infections, and hospitalized individuals) across

each day in the simulation.

A.1.4 Determining Stable Coalescence

Once we had the time-based phylogenies, we labeled the internal nodes using the FAVITES

helper script label internal nodes.py. We then extracted the tMRCA of infected individuals every

day across each simulation using TreeSwift 1.1.14204. This tMRCA was calculated for each day

of the 100 days or until 10,000 individuals had been infected, whichever came first. We chose not

to explore dynamics after 10,000 infections due to a slowing in exponential growth arising from

the saturation of the contact network.

We defined the stable coalescence as the coalescence that does not shift forward in time by

more than one day, even as new individuals become infected and previously infected individuals

recover. Therefore, the stable coalescence is reached the first day that the coalescence for the
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currently infected individuals is within one day of the time of coalescence after the 100 day

simulation or once 10,000 total individuals have been infected.

A.1.5 Sensitivity Analysis—Faster rate of infection

The same methods for epidemic simulations were performed to evaluate the dynamics of

a more rapidly spreading virus. We used the aforementioned parameters, except the edge-based

rates of transmission were increased (Table A.2). We produced 5000 simulations to generate

at least 1000 established replicates with at least 1000 infected individuals each. Increasing the

infectiousness coefficient to 0.55 per day produced a median epidemic doubling time of 3.1 days

(95% range: 1.6-5.1).

A.1.6 Sensitivity Analysis—Slower rate of infection

The same methods for epidemic simulations were performed to evaluate the dynamics of

a more slowly spreading virus. We used the aforementioned parameters, except the edge-based

rates of transmission were increased (Table A.2). We produced 7000 simulations to generate at

least 1000 established replicates with at least 1000 infected individuals each. Decreasing the

infectiousness coefficient to 0.3 per day produced a median epidemic doubling time of 5.3 days

(95% range: 3.6-7.5)(Table A.2).

A.1.7 Sensitivity Analysis—Higher average degree

The same methods for epidemic simulations were performed to evaluate the dynamics of

a more densely connected network. We used the aforementioned parameters, except the average

degree of the contact network was 26, and we rescaled the per-contact transmissibility in the

SAPHIRE parameters by the mean degree such that the overall doubling time was maintained

(Table A.2). We produced 5000 simulations to generate at least 1000 established replicates with

at least 1000 infected individuals each.

A.1.8 Sensitivity Analysis—Lower average degree

The same methods for epidemic simulations were performed to evaluate the dynamics of

a less densely connected network. We used the aforementioned parameters, except the average
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degree of the contact network was 10, and we rescaled the per-contact transmissibility in the

SAPHIRE parameters by the mean degree such that the overall doubling time was maintained

(Table A.2). We produced 5000 simulations to generate at least 1000 established replicates with

at least 1000 infected individuals each.

A.1.9 Sensitivity Analysis—Higher probability of hospitalization

The same methods for epidemic simulations were performed to evaluate dynamics involving

higher probabilities of hospitalization. We used the aforementioned parameters, except with

either 2-times or 10-times the probability of hospitalization (D−1
h in the SAPHIRE model) in the

main analysis. We produced 5000 simulations to generate at least 1000 established replicates

with at least 1000 infected individuals each.

A.1.10 Sensitivity Analysis—Small village

The same methods for epidemic simulations in FAVITES were performed to evaluate the

dynamics of a less densely connected network, except without rescaling the transmission rate

with the average degree. We performed two sets of 5000 simulations, decreasing the mean degree

to 8 (50% reduction) and 4 (75% reduction). We kept constant all other parameters from the

primary analysis.

A.1.11 Sensitivity Analysis—Random contact network

The same methods for primary epidemic simulations in FAVITES were performed to

evaluate the extinction dynamics across a random network. We used the aforementioned

parameters from the primary analysis, except transmission was propagated across an Erdős-Rényi

network (mean degree = 16), to produce 5000 simulations.

A.1.12 Sensitivity Analysis—Impact of subsampling on stable coalescence

For each of the FAVITES epidemic simulations from the primary analysis, we randomly

subsampled 50% of the lineages circulating at the time of stable coalescence and calculated the

new time of coalescence. This process was repeated 100 times for each epidemic simulation, and

we used the median time of coalescence. This approach was also applied using 5% and 25% of
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the circulating lineages at the stable coalescence.

A.1.13 Two-Phase Epidemics in FAVITES

We also used FAVITES to explore the evolutionary dynamics of a two-phase epidemic, in

which the index case was infected with a less fit (i.e., less transmissible) variant that eventually

went extinct (termed Phase 1 of the epidemic); however, before this less-fit variant went extinct,

it gave rise to an adapted variant that became dominant in Wuhan and spread through China

(termed Phase 2 of the epidemic). To simulate the first phase of this epidemic, we applied the

same methods for epidemics simulations and parameters as in the primary analysis, except with

a 50% lower transmission rate (b in Table A.1). We generated 5000 simulations in FAVITES and

randomly selected 2000 epidemics that do not establish (i.e., went extinct) for further analysis.

These simulations (Phase 1) were combined via rejection sampling (see below) with the primary

established simulations (Phase 2), which would persist until reaching a stable coalescence.

A.1.14 Sensitivity Analysis—Varied transmission rates for Phase 1

The same methods for the two-phase simulations were performed to evaluate dynamics

involving higher and lower rates of transmission for Phase 1. We used the aforementioned

parameters, except with transmission rates of 1/6, 2/6, 4/6, and 5/6 the rate of transmission

during Phase 2. We produced 5000 Phase 1 simulations, each of these lower transmission rates.

A.1.15 Sensitivity Analysis—Higher ascertainment rate for Phase 1

The same methods for the epidemic simulations were performed to evaluate dynamics

involving higher rates of ascertainment (Table A.1; Table A.6). Increased ascertained is a proxy

for increased virulence, as ascertained individuals are more likely to transmit the virus and

become hospitalized. We used the aforementioned parameters, except with 2-times, 4-times, or

6-times the rate of ascertainment for Phase 1, relative to Phase 2, to produce 5000 simulations.

A.1.16 Sensitivity Analysis—Higher two-phase probabilities of hospitaliza-
tion

The same methods for the epidemic simulations were performed to evaluate dynamics

involving higher probabilities of hospitalization for either just the Phase 1 epidemic, or the
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combined Phase 1 and Phase 2 epidemic. We used the aforementioned parameters, except with

either 2-times or 10-times the probability of hospitalization for Phase 1 and Phase 2 simulations

and 4-times the rate of ascertainment as the primary Phase 1 simulations.

A.1.17 Combining FAVITES and BEAST via Rejection Sampling

Our aim is to obtain a posterior distribution for the date of the index case in Hubei

province, conditioned on X both the available sequencing data Ds and the date of the first

reported COVID-19 case Dc. We do this in a Bayesian framework by marginalizing over the date

Y of the first ascertained or unascertained COVID-19 case (see below) and the date Z of the

tMRCA as follows:

P (X|DS , DC) =

∫
Z
P (X|Z,Ds, Ds)P (Z|Ds, Ds) dZ (A.1)

We assume that the sequencing data are informative only for the tMRCA, i.e. given

Z, X does not depend on DS : P (X|Z,DS , DC) = P (X|Z,DC). We also assume that the first

reported COVID-19 case data are not informative for the tMRCA: P (Z|DS , DC) = P (Z|DS).

This gives:

P (X|DS , DC) =

∫
Z
P (X|Z,DC)P (Z|DS) dZ (A.2)

We further note that P (X|Z,Dc) =
∫
P (X,Y |Z,Dc)dY , where we model P (X,Y |Z,Dc)

as proportional to C(Y )P (X,Y |Z), where C(Y ) is a “consistency function” with a value of 1

when Y is consistent with Dc and 0 otherwise. This approach allows us to sample from the

posterior distribution of Equation 2. The BEAST analysis provides values of Z sampled from

the distribution P (Z|Ds). For each sampled value of Z, we sample corresponding values of X

and Y from the distribution P (X,Y |Z,Dc) using the FAVITES simulation, providing samples

from the distribution P (X,Y |Z) in conjunction with a simple rejection sampling-based strategy:

sample values from P (X,Y |Z) until a sample is obtained for which C(Y ) = 1. The resulting set

of sample values for X then follow the posterior distribution P (X|Ds, Dc).

We assign Y as the first instance of an ascertained (SAPHIRE stage: I) or unascertained
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(SAPHIRE stage: A) (I/A: Fig. A.6) case and Dc as 17 November 2019, where C(Y ) = 1 when

Y precedes Dc. However, we note that the first ascertained/unascertained case will often be the

index case themselves, unless a secondary or tertiary case progresses faster through the course of

infection. Importantly, the rate at which cases were ascertained in the SAPHIRE model is based

on real-time patterns in COVID-19 diagnosis from 01 through 22 January 2020 and may not

reflect the actions that led to the retrospective diagnosis of earliest cases of COVID-19. Further,

coalescence can happen any time after the index case is first infected, and there is no requirement

for coalescence to occur after the first ascertained and unascertained individuals.

A.1.18 Rejection Sampling — two-phase epidemics

Rejection sampling for the two-phase epidemics involved randomly sampling (i) a Phase

1 and (ii) a Phase 2 epidemic simulations and combining them at (iii) a time point during Phase

1, representing the moment at which a more fit variant arose. This time when the adaptive

variant evolved was chosen uniformly across the Phase 1 epidemic, weighted by the number of

circulating lineages (Fig. A.9-2B). The first ascertained or unascertained case can come from

either Phase 1 or Phase 2—whichever occurs first—and is used for the consistency function. The

C(Y ) remainder of the rejection sampling method remains the same for the two-phase epidemic.

A.1.19 Sensitivity Analysis—ascertained and unascertained cases

The primary rejection sampling analysis was conditioned on an individual having an

ascertained (SAPHIRE stage: I) or unascertained (SAPHIRE stage: A) infection prior to the

date of the first reported case of COVID-19 on 17 November 2019. However, we also performed

sensitivity analyses whereby the minimum date for the earliest case must be an ascertained case

(Fig. A.6). We performed rejection sampling using the first ascertained or unascertained case

(I/A; Fig. A.6) or solely the first ascertained case (I-only; Fig. A.6).

A.1.20 Sensitivity Analysis—date of first COVID-19 case

Sensitivity Analysis—date of first COVID-19 case. We also explored the sensitivity of

the rejection sampling approach to the date before which an ascertained or unascertained case

must have existed. We performed rejection sampling using 17 November 2019 or 01 December
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2019 as the minimum date for the earliest case.

A.1.21 Sensitivity Analysis—relaxed clock and coalescent priors

We explored the sensitivity of the rejection sampling approach to different molecular clocks

in the BEAST inference. We performed separate rejection sampling analyses using tMRCAs

inferred under a relaxed ULD clock and a Skygrid coalescent prior.

A.1.22 Sensitivity Analysis—shifting the tMRCA

We explored the sensitivity of the rejection sampling approach to the stability of the

timing of coalescence in the BEAST analysis (Fig. A.3A). The primary analysis used the inferred

tMRCA of all viruses sampled on or after 01 January 2020, at which point the tMRCA had

stabilized. Sensitivity analysis was conducted using the tMRCA of all sampled viruses (i.e., the

root tMRCA). This tMRCA is within 1 calendar day in 78.5% of sampled trees (Fig. A.3B) and

represented by the same node in 74.6% of sampled trees (Fig. A.3C).
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A.2 Supplementary text

A.2.1 Relaxed molecular clock

Relaxed molecular clock. Strict molecular clocks can produce overly-precise tMRCA

estimates when evolution occurred under a relaxed clock. Relaxing the molecular clock for SARS-

CoV-2 in China using an uncorrelated lognormal distribution of rates (ULD) did produce a slightly

wider tMRCA estimate, with a mean of December 6th (95% HPD: November 9th–December 22nd)

(Fig. A.1A) with a comparable rate of 8.45x10-4 (95% HPD: 7.05x10-4–9.89x10-4). However,

the standard deviation of the ULD was 0.0009 (95% HPD: 0.00005–0.00013), suggesting strong

(strict) clock-like evolution across the SARS-CoV-2 phylogeny in China. Furthermore, 91.7% of

the posterior tMRCA estimate post-dated the earliest reported case on 17 November 2019.

A.2.2 Phylogenetic rooting

The position of the root in the Bayesian phylodynamic inference under a strict molecular

clock was ambiguous. In 63.5% of the posterior trees, the root fell within the basal poly-

tomy of 79 identical genomes, exemplified by the Wuhan-Hu-1 reference genome (GenBank

Accession MN908947). This position aligns with the assumption of the NextStrain algorithm

(https://nextstrain.org/ncov/global). In 21.8% of posterior trees, the root fell on a branch

which led to a single virus: the earliest sampled genome IPBCAMS-WH-01 (GenBank Accession

MT019529) in 15.0% of trees and another early genome WH01 (GenBank Accession MT291826)

in 2.4% of trees. This hypothetical root orientation corresponds with the plurality of estimates

from Pipes et al.50, though their approach did not make use of the molecular clock. Notably, we

find very little support for a root position on branches corresponding to the T28114C (3.9%) or

C8782T (1.4%) mutations, as previously suggested by Zhang et al.40.

Rooting configurations were similar when using a relaxed ULD clock. The root fell among

viruses with the Wuhan-Hu-1 reference genome sequence in 61.7% of the posterior sample, on the

branch leading to IPBCAMS-WH-01 in 18.1% of samples, and on the branch leading to WH01

in 3.7% of samples. Again, there was little support for a root position on branches corresponding

to the T28114C (2.5%) or C8782T (0.4%) mutations.

Rooting configurations were also similar when using a Skygrid coalescent prior. The root
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fell among viruses with the Wuhan-Hu-1 reference genome sequence in 68.2% of the posterior

sample, on the branch leading to IPBCAMS-WH-01 in 9.7% of samples, and on the branch

leading to WH01 in 1.9% of samples. Again, there was little support for a root position on

branches corresponding to the T28114C (3.3%) or C8782T (0.7%) mutations.

A.2.3 Time to stable coalescence in simulations

Across the simulated epidemics, a stable coalescence (i.e., non-shifting tMRCA from that

point in time until the end of the simulated epidemic) was established after a median of 16 days

after the index case was first infected; 95% of simulations reached a stable coalescence by day 53

post-index case infection (Fig. A.16A), indicating that the 100-day simulations were sufficient

to determine time to stable coalescence. Importantly, the time at which stable coalescence was

achieved represents when the tMRCA of the currently circulating lineages is within one day of

the tMRCA of the lineages remaining at the end of the simulation. This point in time is when

basal lineages ceased to be lost in the coalescent tree, not the tMRCA of the remaining viral

lineages (Fig. A.16B). At the time a stable coalescence was reached, a median of 16 people had

been infected; 95% of simulations reached this stable coalescence after 1194 people had become

infected. Recall that the empirical phylogenetic analysis from the Chinese epidemic appears to

have reached a stable coalescence by 01 January 2020, when around 1000 people are believed to

have been infected20.

A.2.4 Epidemic extinction

Most epidemics that go extinct, that is they do not establish themselves in the population,

do so after a single infection by day 9, the average duration of a single infection in the SAPHIRE

model (Fig. 1.4C, Table A.2). As the probability of epidemic establishment decreases, the

maximum number of total infections during the simulated epidemic tends to increase. This

pattern holds in networks with variable transmission rates and network connectivity (Table A.2).

As the probability of viral transmission decreases, more infections can occur before an epidemic

goes extinct.
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A.2.5 Subsampling lineages at the stable coalescent

To match the real-world scenario of unseen lineages when calculating a tMRCA, we

subsampled the circulating lineages in the FAVITES simulations at the stable coalescent to

determine any potential effects on the timing of the index case for a one-phase epidemic. The

subsampling was done at 5%, 25%, and 50%. The subsampled lineages were used to determine a

new time of stable coalescence for the FAVITES simulations, and then rejection sampling was

performed as in the primary analysis. The point of coalescence shifted slightly forward in time

as sampling completeness decreased (Fig. A.17A), but the timing of the index case was robust

and closely matched the primary analysis without subsampling (Fig. A.17B).

A.2.6 Varying the rate of transmission for Phase 1 of a two-phase epidemic

Although a less-fit variant would have been less transmissible than the variant that

spread through China in late-2019, it is unclear how much less transmissible it would have been.

Our two-phase analysis (Fig. 1.3F to K) assumed a relative fitness of one-half. To explore the

robustness of inferred date of the index case to this assumption, we explored additional two-phase

simulations varying the relative fitness of this Phase 1 variant by sixths: from 1/6 through 5/6

the transmission rate of the Phase 2 variant (Table A.1). The extinction probability varied

substantially across these fitness variants (Table A.6). When the relative fitness in Phase 1 was

5/6 of that in Phase 2, 77.3% of simulated epidemics ended in extinction; however, when the

relative fitness was 1/6 of that in Phase 2, 4999 out of 5000 simulated epidemics went extinct.

Remarkably, the inferred timing of the index case was robust across all these relative fitness

values (Fig. A.18). This consistency likely arises because our index case inference relied on only

Phase 1 epidemics that went extinct, and the time from index case to extinction was similar

across relative fitness values (Table A.6).

A.2.7 Varying the ascertainment rates for Phase 1 of the epidemic

It is possible that the less-fit variant during Phase 1 of a two-phase epidemic was also

more virulent. Therefore, we explored this scenario by increasing the ascertainment rate of the

Phase 1 variant to 2- and 4-times that of the ascertainment rate of the Phase 2 variant (Table
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A.1). The results of the index case timing were similar across all these ascertainment rates

(Table A.6; Fig. A.18). The proportion of simulations that went extinct decreased slightly as the

ascertainment rate increased, because ascertained cases have a higher transmission rate than

unascertained cases.

A.2.8 Number of hospitalized individuals through time

There has also been speculation that hospitals in Hubei province were inundated with

COVID-19 patients in October and November 201966. However, our primary simulation analysis

conditioning on the first case being identified by 17 November 2019 suggests that an increase in

hospitalizations due to COVID-19 would not have been notable until mid- to late-December 2019.

In fact, we do not observe enough total infected people, let alone ascertained of hospitalized

people, in October and November 2019 to overwhelm hospitals. We note that our estimate

of 0 to 36 hospitalizations as of 01 January 2020 in the primary analysis is less than the 42

hospitalizations that had been previously reported39; however, this value is contained within

the 95% HPD of many robustness analyses (Fig. A.13). To explore if increased probability

of hospitalization early in the epidemic (due to different clinical practices or a more virulent

virus), we explored increasing by two- and ten-fold the probability of hospitalization. The

simulations also produced the 42 hospitalizations on 01 January 2020 in the 95% HPD (Fig.

A.13). However, even these extreme deviations from observed parameters failed to produce high

rates of hospitalization prior to December 2019, even in the 99% HPD (Fig. A.13). Similar results

were seen in two-phase epidemic simulations, including a scenario in which the Phase 1 variant

had both higher rates of ascertainment and hospitalization. To test the most extreme case, we

simulated a Phase 1 epidemic with 4-times the ascertainment rate as Phase 2 and a ten-fold

higher probability of hospitalization for Phases 1 and 2, but there are consistently fewer than 10

hospitalized individuals prior to 01 December 2019 (Fig. A.14). It is important to acknowledge

that our SAPHIRE model is based on parameters from Hao et al. during the period between 01

January and 22 January 2020, which occurred after SARS-CoV-2 was discovered and while there

was still limited understanding of COVID-19 dynamics20. Therefore, even though we tested a

two-phase epidemic, higher rates of ascertainment, and higher probabilities of hospitalization,
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we have little confidence in the precision of our estimates regarding the number of hospitalized

patients in late-2019. Nonetheless, even across the various robustness analyses we explored, we

never observed a substantial number of hospitalized patients in November 2019, even in the 99%

extreme of our estimates (Fig. A.13, S14).
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A.3 Supplementary Tables

Table A.1. Simulation parameters, with all parameters except for b based on Hao et al20. The
b value listed is for the primary analysis.

Parameter Meaning Value

b Transmission rate of ascertained cases 0.385

r Ascertainment rate 0.15

α Ratio of transmission for unascertained 0.55

De Latent period (days) 2.9

Dp Presymptomatic infectious period (days) 2.3

Di Symptomatic infectious period (days) 2.9

Dq Duration from illness onset to isolation (hospitalization) (days) 21

Dh Isolation (hospitalization) period (days) 30

Table A.2. Parameterization and success/failure of one-phase compartmental epidemic simula-
tions in primary analysis and robustness analyses

Parameter Primary analysis
Robustness analyses

Less infectious More infectious Densely connected Sparsely connected
Small

village 1
Small

village 2
Erdos-Renyi

Mean No. of
edges per

node (degree)
16 16 16 10 26 8 4 16

Infectiousness (b) 0.385 0.3 0.55 0.385 0.385 0.385 0.385 0.385

Doubling time
of established
simulationsa

4.1
(2.7-6.7)

5.3
(3.6-7.5)

3.1
(1.6-5.1)

4.2
(2.7-7.0)

4.2
(2.7-7.1)

8.5
(7.8-16.4)

11.4
(6.5-32.3)

13.8
(10.7-18.5)

Percentage
failed

70.3 80.5 53.6 69.4 68.3 94.5 99.6 83.7

Days to
extinction of

failed
simulationsa

7.9
(1.5-40.4)

8.3
(1.6-45.7)

7.2
(1.4-34.2)

8.0
(1.5-42.7)

7.6
(1.4-40.1)

8.6
(1.7-51.3)

7.9
(1.8-39.9)

10.4
(1.7-75.0)

No. of
infections
of failed

simulationsa

1
(1-9)

1
(1-11)

1
(1-7)

1
(1-9)

1
(1-9)

1
(1-15)

1
(1-7)

2
(1-33)

Maximum No.
of infections
in failed

simulations

44 69 20 29 33 110 565 101

aMedian and 95% range in parentheses

Table A.3. Estimates for existence of lineages in one- and two-phase epidemics.

Type of Epidemic One-phase Two-phase Two-phase Two-phase Two-phase

Analysis Framework Index case
infected at
tMRCA (%)

Index case
infected at
tMRCA (%)

First adapted
case infected

at tMRCA (%)

Phase 1
infections
exist at

tMRCA (%)

Earliest case
due is Phase 1
infection (%)

Earliest
Case

Clock Ascertained Modification

Nov 17 Strict I/A None 1.1 2.2 12 17 61

Nov 17 Strict I-only None 1 4 20 33 70

Dec 01 Strict I/A None 7.9 8 25 22 63

Dec 01 Strict I-only None 6.9 9.1 30 39 74
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Table A.4. Number infected estimates for one-phase primary (first row) and robustness analyses,
with the number infected reported on 17 November, 01 December, and 15 December 2019.

Analysis framework
Median # infected

(95% HPD)

Earliest Case Clock Ascertained Modification 17 Nov 2019 01 Dec 2019 15 Dec 2019

Nov 17 Strict I/A None
4

(1-13)
9

(2-26)
21

(3-281)

Nov 17 Strict I-only None
7

(1-15)
13

(4-31)
24

(8-271)

Nov 17 Strict I/A No coalescent shift
4

(1-15)
10

(2-53)
23

(3-1052)

Nov 17 Strict I/A Faster transmission
3

(1-12)
7

(2-24)
17

(3-909)

Nov 17 Strict I/A Slower transmission
4

(1-17)
11

(2-38)
26

(4-241)

Nov 17 Strict I/A Densely connected
4

(1-15)
9

(2-29)
21

(4-268)

Nov 17 Strict I/A Sparsely connected
3

(1-16)
9

(2-32)
21

(4-345)

Nov 17 Strict I/A 2x Hospitalization Probability
6

(1-18)
10

(3-26)
23

(6-250)

Nov 17 Strict I/A 10x Hospitalization Probability
7

(2-23)
13

(4-40)
27

(8-390)

Nov 17 UCL I/A None
4

(1-13)
9

(2-29)
18

(3-402)

Nov 17 UCL I-only None
7

(1-15)
12

(4-33)
21

(8-401)

Dec 01 Strict I/A None
0

(0-9)
4

(1-20)
14

(2-276)

Dec 01 Strict I-only None
1

(0-12)
8

(1-25)
18

(2-325)

Dec 01 Strict I/A 2x Hospitalization
1

(0-14)
6

(1-24)
18

(3-328)

Dec 01 Strict I/A 10x Hospitalization
1

(0-14)
8

(1-31)
21

(3-322)

Dec 01 UCL I/A None
0

(0-9)
4

(1-24)
13

(2-392)

Dec 01 UCL I-only None
1

(0-12)
8

(1-28)
17

(2-451)
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Table A.5. Number infected estimates for two-phase primary (first row) and robustness analyses,
with the number infected reported on 17 November, 01 December, and 15 December 2019.

Earliest Case Clock Ascertained
Phase 1 Hospitalization Median # infected

ascertainment probability (1/Dh) (95% HPD)
rate Phase 1 Phase 2 17 Nov 2019 01 Dec 2019 15 Dec 2019

Nov 17 Strict I/A 1 1 1
3

(1-15)
7

(1-30)
17

(1-254)

Nov 17 Strict I-only 1 1 1
5

(1-26)
10

(1-46)
20

(1-252)

Nov 17 Strict I/A 4 1 1
3

(1-14)
7

(1-27)
17

(1-254)

Nov 17 Strict I/A 4 2 1
3

(1-14)
8

(1-28)
17

(1-253)

Nov 17 Strict I/A 4 2 2
3

(1-15)
8

(1-28)
18

(1-270)

Nov 17 Strict I/A 4 10 1
3

(1-14)
8

(1-27)
18

(1-262)

Nov 17 Strict I/A 4 10 10
3

(1-16)
8

(1-30)
19

(1-254)

Dec 01 Strict I/A 1 1 1
0

(0-9)
3

(1-22)
12

(1-246)

Dec 01 Strict I-only 1 1 1
1

(0-16)
5

(1-33)
14

(1-234)

Dec 01 Strict I/A 4 1 1
0

(0-9)
3

(1-21)
12

(1-231)

Dec 01 Strict I/A 4 2 1
0

(0-9)
3

(1-20)
12

(1-238)

Dec 01 Strict I/A 4 2 2
0

(0-8)
3

(1-22)
12

(1-251)

Dec 01 Strict I/A 4 10 1
0

(0-9)
3

(1-21)
12

(1-236)

Dec 01 Strict I/A 4 10 10
0

(0-9)
3

(1-24)
13

(1-244)

Table A.6. Parameterization and success/failure of two-phase compartmental epidemic simula-
tions in primary analysis and robustness analyses.

Parameter Infectiousness robustness analysis Ascertainment rate robustness analysis

Infectiousness 1/6 2/6 3/6 4/6 5/6 3/6 3/6 3/6

Ascertainment rate 1 1 1 1 1 2 4 6

Percentage failed >99.9 98.6 93.9 85.5 77.3 91.8 89.7 87.2

Days to extinction of failed simulationsa
7.8

(1.7-30.8)
8.2

(1.7-46.9)
8.6

(1.8-51.1)
8.4

(1.5-48.8)
8.1

(1.6-41.6)
8.7

(1.7-56.3)
8.5

(1.7-62.3)
9.0

(1.5-71.7)

Number of infections of failed simulationsa
1

(1-4)
1

(1-12)
1

(1-13)
1

(1-13)
1

(1-10)
1

(1-13)
1

(1-11)
1

(1-11)
aMedian and 95% range in parentheses
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Table A.7. FAVITES parameter values for the primary analysis. Rate values and end time are
adjusted for years and density of contact network as needed.

Parametera Interpretation Value

num cn nodes Total number of nodes in network 100,000

num seeds Number of seeds (individuals in compartments E,P,I,A) at time 0 1

saphire freq s Frequency of S individuals at time 0 99,999

saphire freq e Frequency of E individuals at time 0 1

saphire freq p Frequency of P individuals at time 0 0

saphire freq i Frequency of I individuals at time 0 0

saphire freq a Frequency of A individuals at time 0 0

saphire freq h Frequency of H individuals at time 0 0

saphire freq r Frequency of R individuals at time 0 0

saphire s to e seed
Target infection rate (S→E) from outside the contact network (i.e., seed

infection)
0

saphire e to p Target rate of becoming presymptomatic (E→P) 365/2.9

saphire p to i Target rate of becoming ascertained (P→I) 0.15*365/2.3

saphire p to a Target rate of becoming unascertained (P→A) (1-0.15)*365/2.3

saphire i to h Target rate of becoming hospitalized (I→H) 365/21

saphire i to r Target rate of becoming removed/recovered (I→R) 365/2.9

saphire a to r Target rate of becoming removed/recovered (A→R) 365/2.9

saphire h to r Target rate of becoming removed/recovered (H→R) 365/30

saphire s to e by p Target infection rate (S→E) by P 0.55*0.385*365/16

saphire s to e by i Target infection rate (S→E) by I 0.385*365/16

saphire s to e by a Target infection rate (S→E) by A 0.55*0.385*365/16

end time Time at which to end the transmission simulation 100/365

vts model Intrahost viral population growth model to use constant

vts growthRate
Target effective population size growth rate (used in exponential and

logistic models)
0

vts max attempts
Maximum number of attempts to coalesce a single tree (e.g. 100) before

FAVITES kills VirusTreeSimulator
1000

vts n0 Target effective population size at time zero (used in all models) 1

vts t50
Time point, relative to the time of infection in backwards time, at which
the population is equal to half its final asymptotic value, in the logistic

model
-99999

aFAVITES module choices and parameter values for robustness analyses can be found in the
json files at https://github.com/pekarj/SC2 Index Case.
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A.4 Supplementary Figures

Figure A.1. Posterior distribution for the tMRCA of 583 sampled SARS-CoV-2 genomes
circulating in China between December 2019 and April 2020 using (A) a relaxed molecular clock
(ULD) and Skyline coalescent prior and (B) a strict clock model and Skygrid coalescent prior.
Shaded area denotes 95% HPD. Long-dashed line is 17 November 2019, and short-dashed line is
01 December 2019.
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Figure A.2. Example of how coalescence of all sampled genomes can shift forward when
analyzing viral genomes sampled in late-December 2019 and January 2020 as basal lineages are
lost and cease to propagate. In this example, viruses sampled after 01 January 2020 have a stable
tMRCA, indicated by the large circle.
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Figure A.3. Shifting of tMRCA in empirical molecular clock analyses. (A) Violin plots of
tMRCA estimates upon excluding the earliest sampled genomes between 24 December 2019
and 13 January 2020 (darker colors exclude progressively more early sampled genomes). Mean
tMRCAs are depicted with white dots. The dashed grey line represents the mean estimate when
including only genotypes sampled on 13 January 2020 or later. (B) The number of days between
the tMRCA of all genomes (i.e., root) and the tMRCA of genomes sampled on or after 01 January
2020. Inset excludes BEAST samples with <1 day shift. (C) Number of nodes between the
tMRCA of all genomes (i.e., root) and the tMRCA of genomes sampled on or after 01 January
2020. Percentage denotes the number of BEAST samples represented in column.
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Figure A.4. FAVITES robustness analyses. Number of days between the index case the
coalescence when simulated transmission rate is slower and faster and when the contact network
has fewer (mean=10) and more (mean=26) contacts.
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Figure A.5. Combined simulation and phylogenetic workflows to estimate the timing of the
Hubei index case in a one-phase epidemic. (1a) Using sequence and epidemiological data, (1b)
BEAST performs a phylodynamic molecular clock analysis to (1c) determine the tMRCA. (2a)
FAVITES simulates the epidemic in Hubei using a SAPHIRE compartmental model (22) and
(2b) estimates a prior distribution for the time from index case to the stable coalescence. The
results of (1) and (2) are combined via rejection sampling (3; Fig. A.6) to (4) determine the
timing of the index case and its posterior distribution.
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Figure A.6. Illustration of the interplay rejection sampling scheme and the SAPHIRE com-
partmental model. The top two examples would be accepted by both I/A and I-only rejection
sampling, because the first ascertained (I) case came before the minimum date for the earliest
case In contrast, the middle example would only be accepted by I/A sampling, because the
first unascertained (A) case came before the minimum date for the earliest case, but the first
ascertained (I) case did not. The bottom two examples would be always be rejected, because
both the first ascertained and unascertained cases came after the minimum date for the earliest
case Note that coalescence can happen any time after the index case is first infected, and there is
no requirement for coalescence to occur after the first ascertained and unascertained individuals.
The index case begins in the exposed (E) compartment and can be the individual that first
transitions into the A or I compartments; though other subsequently infected individuals can
progress to the A or I compartments before index case. This methodology applies to both
one-phase and two-phase epidemic simulations, where ascertained and unascertained cases can
come from either Phase 1 or Phase 2 in the latter.
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Figure A.7. Robustness analysis for timing of SARS-CoV-2 index case in Hubei province.
The 95HPD is shown in dark red, and the 99% HPD is shown in light red. Primary analysis is
shown on top. Dates indicates the minimum bound for rejection sampling (Nov 17 or Dec 01).
Clock indicates whether the tMRCA was inferred using a strict or relaxed (ULD) clock. Disease
denotes which stage of infection in the SAPHIRE model (IA, Ascertained or Unascertained; or
I, Ascertained only) must have been reached by the given date for rejection sampling. ’Mod’
denotes if any robustness modifications were explored.
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Figure A.8. Example phylogeny of the two-phase epidemic simulations. The index
case occurs during Phase 1, characterized by a less-fit viral variant (shown in blue). At some
point before Phase 1 goes extinct, an adapted variant arises (arrow), giving rise to Phase 2,
characterized by the variant observed in Hubei province (shown in light purple). The stable
coalescence (circle) occurs during Phase 2.
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Figure A.9. Combined simulation and phylogenetic workflows to estimate the timing of the
Hubei index case in a two-phase epidemic. (1a) Using sequence and epidemiological data,
(1b) BEAST performs a phylodynamic molecular clock analysis to (1c) determine the tMRCA.
(2a) FAVITES simulates the epidemic in Hubei using a SAPHIRE compartmental model, (2b)
estimates a prior distribution for the length of Phase 1 of the epidemic, and (2c) estimates a prior
distribution for the time from adaptation to the stable coalescence for Phase 2 of the epidemic.
The timing of adaptation (2b) is calculated based on the number of circulating lineages at a given
time in Phase 1 (see Methods). The results of (1) and (2) are combined via rejection sampling
(3; Fig. A.6) to (4) determine the timing of the index case and its posterior distribution.
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Figure A.10. Robustness analysis for timing of SARS-CoV-2 index case in Hubei province in the
two-phase epidemic simulations. Primary two-phase analysis (from Fig. 1.3H) is shown on top.
Dates indicates the minimum bound for rejection sampling (Nov 17 or Dec 01). Clock indicates
whether the tMRCA was inferred using a strict or relaxed (ULD) clock. Disease denotes which
stage of infection in the SAPHIRE model (IA, Ascertained or Unascertained; or I, Ascertained
only) must have been reached by the given date for rejection sampling. ’Mod’ denotes if any
robustness modifications were explored. The 95% HPD is shown in dark red, and the 99% HPD
is shown in light red.
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Figure A.11. Robustness analysis for the number of people infected SARS-CoV-2 based on the
SAPHIRE model in late 2019. Innermost shading is 50% HPD, middle shading is 95% HPD, and
outer shading is 99% HPD. Dates indicates the minimum bound for rejection sampling (Nov 17
or Dec 01). Clock indicates whether the tMRCA was inferred using a strict or relaxed (ULD)
clock. Disease denotes which stage of infection in the SAPHIRE model (IA, Ascertained or
Unascertained; or I, Ascertained only) must have been reached by the given date for rejection
sampling.
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Figure A.12. Robustness analysis for the number of people infected SARS-CoV-2 based on
the SAPHIRE model in late 2019 using two-phase simulations. Innermost shading is 50% HPD,
middle shading is 95% HPD, and outer shading is 99% HPD. Dates indicates the minimum
bound for rejection sampling (Nov 17 or Dec 01). Clock indicates whether the tMRCA was
inferred using a strict or relaxed (ULD) clock. Disease denotes which stage of infection in the
SAPHIRE model (IA, Ascertained or Unascertained; or I, Ascertained only) must have been
reached by the given date for rejection sampling. Dh is the average time to hospitalization and r
is the ascertainment rate, with the same values as in the primary analysis (Table A.1).
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Figure A.13. Number of people hospitalized with SARS-CoV-2 based on the SAPHIRE model
in late 2019. Innermost shading is 50% HPD, middle shading is 95% HPD, and outer shading
is 99% HPD. Dates indicates the minimum bound for rejection sampling (Nov 17 or Dec 01).
Clock indicates whether the tMRCA was inferred using a strict or relaxed (ULD) clock. Disease
denotes which stage of infection in the SAPHIRE model (IA, Ascertained or Unascertained; or I,
Ascertained only) must have been reached by the given date for rejection sampling.
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Figure A.14. Number of people hospitalized with SARS-CoV-2 based on the SAPHIRE model
in late 2019 using two-phase simulations. Innermost shading is 50% HPD, middle shading is
95% HPD, and outer shading is 99% HPD. Dates indicates the minimum bound for rejection
sampling (Nov 17 or Dec 01). Clock indicates whether the tMRCA was inferred using a strict
or relaxed (ULD) clock. Disease denotes which stage of infection in the SAPHIRE model (IA,
Ascertained or Unascertained; or I, Ascertained only) must have been reached by the given date
for rejection sampling. Dh is the average time to hospitalization and r is the ascertainment rate,
with the same values as in the primary analysis (Table A.1).
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Figure A.15. Bayesian skyline plot reconstruction. (A) Strict molecular clock analysis and (B)
ULD relaxed molecular clock. Solid line is the median estimate. Shaded area is the 95% HPD.
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Figure A.16. Stable coalescence in forward compartmental simulations. (A) Days between index
case infection and time stable coalescence is achieved in primary simulations. (B) Distinction
between the date of index case infection (at t0), the tMRCA of surviving lineages (at t1), and
the time at which stable coalescence is achieved when the last basal lineage goes extinct (at t2).
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Figure A.17. Impact of subsampling taxa from FAVITES epidemic simulations. (A) Days
between index case and stable coalescent with varying amounts of subsampling. (B) Timing
of the index case in Hubei province upon subsampling.The primary analysis (from Fig. 1.3C)
is shown on top. Inference is conditioned on an ascertained or unascertained case (I or A in
SAPHIRE model) by 17 November using a strict clock. The 95% HPD is shown in dark red, and
the 99% HPD is shown in light red.

92



Figure A.18. Impact of relative fitness and virulence of Phase 1 variant on the timing of the
index case in Hubei province during two-phase epidemic simulations. The primary two-phase
analysis described in the main text (Fig. 1.3F-H) used a relative fitness of 3/6 (or 0.5). Virulence
is modulated by the ascertainment rate (r in the SAPHIRE model). Inference is conditioned on
an ascertained or unascertained case (I or A in SAPHIRE model) by 17 November using a strict
clock. The 95% HPD is shown in dark red, and the 99% HPD is shown in light red.
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Appendix B

Supplemental Material for Chapter 2

B.1 Materials and Methods

B.1.1 Sequence data

We queried the GISAID database SARS-CoV-2 viral genome alignment for sequences

collected by 14 February 2020125. We selected this date to have a data set whose size is appropriate

for Bayesian phylodynamic analyses (i.e., under 1000 genomes). We restricted our data set to

sequences that (i) were ≥29,000 nucleotides, (ii) had high coverage with ≤0.5% unique amino acid

mutations, (iii) had fewer than 1% ‘N’s, (iv) were not identified as potentially problematic via

NextStrain205, and (v) had a year-month-day sampling date reported. We additionally queried

for the National Genomics Data Center, part of the China National Center for Bioinformatics

(CNCB), for additional genomes collected by 14 February 2020 not represented on GISAID.

Genomes described in the WHO report26to have erroneous mutations were updated, and if the

virus was sequenced multiple times, the corrections belonging to the genome with the highest

coverage were used. The first 88 and last 195 nucleotides of each genome were masked due to poor

evidence of homology, and an additional 105 sites were masked based on the work by De Maio et

al.127, leading to a total of 388 masked sites. Genomes with an ambiguous nucleotide (e.g., Y or

N) at site 8782 or 28144 were excluded. We excluded an additional 20 genomes from the primary

phylodynamic analyses, because these sequences contained either C8782T or T28144C, but not

both, for reasons described in the main text and De Maio et al. (2020)81. The final dataset from

the early COVID-19 pandemic comprised 787 taxa. A list of GISAID accessions are available in

Data S1, and a list of CNCB and GenBank accessions are available in S2. All GISAID accessions
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are also available through GISAID when using the identifier EPI SET 20220305ud.

B.1.2 Examining shared mutations between early C/C and T/T genomes
and lineages A and B

The 787 SARS-CoV-2 genome dataset and the 20 genomes with either C8782T or T28144C

were aligned with MAFFT v7.453126(options –auto –keeplength –addfragments) to reference

genome Hu-1 (GenBank accession MN908947.3; GISAID accession EPI ISL 402125). We then

identified pairs of genomes comprising an intermediate genome (C/C or T/T) and a major lineage

(lineage A or B) that shared derived mutations.

We additionally examined 83 genomes from the Diamond Princess outbreak, aligned to

reference genome Hu-1 with MAFFT. We inferred a maximum likelihood tree using IQ-TREE 2

v2.0.7128under a GTR+F+I substitution model, which was visualized using FigTree206.

B.1.3 Sequencing quality of early C/C and T/T genomes

We aligned reads FASTQ files belonging to EPI ISL 413017, a C/C genome from South

Korean, and EPI ISL 462306, a T/T genome from Singapore, using Minimap2207, sorted the

subsequent SAM files using samtools208, and called variants using iVar209. The variant calls

were then manually inspected for depth and indeterminacy at specific sites, including 8782

and 28144. The raw data for EPI ISL 413017 and EPI ISL 462306 are available at https:

//www.ncbi.nlm.nih.gov/sra, with project IDs PRJNA806767 and PRJNA802993, respectively.

B.1.4 C/C and T/T genomes in San Diego

The SEARCH consortium has sequenced over 35,000 genomes from San Diego during the

course of the pandemic, by 3 February 2022. We generated a multiple sequence alignment of

these genomes using Minimap2 and gofasta210. We queried this alignment for consensus genomes

with both C8782T and T28144, or both C8782 and T28144C, and validated these mutations by

checking the read depth and allele frequency in the original alignment files.

The consensus genomes and associated BAM files are publicly available at https://github.

com/andersen-lab/HCoV-19-Genomics, and the genome accessions are listed in Data S2. The

tree figures were rendered using baltic211.
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B.1.5 T/T genomes in NYC

Molecular surveillance conducted by the New York City Public Health Laboratory, part

of the Department of Health and Mental Hygiene, has sequenced >5000 SARS-CoV-2 genomes

through the end of 2021. We queried these data for genomes with both C8782T and T28144 in

the consensus sequence and validated the consensus sequence by checking the read depth and

allele frequency from the primer removed BAM files. The genome accessions are listed in Data

S1. The tree figure was rendered using baltic.

B.1.6 Constructing the recombinant common ancestor

We used the aligned sarbecovirus genomes (5’ non-coding and poly-A tail excluded;

includes the entirety of the SARS-CoV-2 genome; genome accession IDs available in Data S1

and S2) and 14 breakpoints inferred from GARD212 and provided by Sarah Temmam and Marc

Eloit84 to infer the phylogenetic history of 15 non-recombinant regions. We inferred a maximum

likelihood tree of the animal viruses in the alignment and Hu-1 for each non-recombinant region

using IQ-TREE 2 under a GTR+F+G+I substitution model. We midpoint-rooted each maximum

likelihood tree and used TreeTime v0.8.1129 to perform ancestral sequence reconstruction for

each fragment. The genome belonging to the parent node of Hu-1 for each non-recombinant

region was inferred, and these inferred regions were concatenated to construct the recombinant

common ancestor (recCA) of SARS-CoV-2 in the sarbecovirus clade. The mid-point root of each

tree is always separated from the parent node of SARS-CoV-2 by at least several internal nodes,

indicating that the recCA inference would not be sensitive to rooting.

There are 382 substitutions between Hu-1 and the recCA, and one of these sites is masked

in the phylodynamic analyses. Ignoring the 387 masked sites of the remaining 29,521 sites, there

are 29,134 sites identical between Hu-1 and the recCA. When we used a different SARS-CoV-2

genome (e.g., WH04, WA1) to construct the recCA, the recCA sequence was consistent, indicating

the recCA can reliably be used as an ancestor of SARS-CoV-2.

We created a simplot of the sarbecovirus genomes and the recCA against Hu-1 using

RDP4213, and our phylogenies were visualized using FigTree. The genome accessions are listed

in Data S1 for genomes from GISAD and Data S2 for genomes from GenBank.
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B.1.7 recCA robustness analysis

To examine how sensitive the recCA and downstream analyses were to the recombination

inference method, we constructed a second recCA. Using the alignment provided by Sarah

Temmam and Marc Eloit, we re-inferred breakpoints with 3SEQ214 with an approach based

on Boni et al.215. Briefly, after running 3SEQ on the 31-genome alignment, we (1) collected

all inferred breakpoints into a single set, (2) complemented this set to generate the set of non-

breakpoints, (3) grouped non-breakpoints into continuous breakpoint free regions, (4) reran 3SEQ

on the all BFRs >3,000 nucleotides to examine them for mosaicism, (5) pooled the breakpoints

from the first and second 3SEQ runs, and (6) collapsed all breakpoints within 100 nucleotides

of each other into the most upstream (5’) breakpoint. This resulted in 21 breakpoints and 22

BFRs. We next constructed a recCA using the same methods as above.

B.1.8 Reversions early in the pandemic

Here, we define mutations away from the Hu-1 reference genome toward the recCA, such

as C8782T and T28144C, as reversions. The 787 genomes sampled by 14 February 2020 were

aligned with MAFFT to Hu-1 (GISAID accession EPI ISL 402125). The phylogenetic history

of SARS-COV-2 in China was first inferred in a maximum likelihood framework in IQ-TREE

2 using a GTR+F+I model. We used TreeTime to perform ancestral state reconstruction on

the maximum likelihood tree of 787 genomes, rooted on Hu-1. We determined which branches

had reversions. Each unique reversion and non-reversion substitution was only counted once to

account for phylogenetic uncertainty. The tree figure was rendered using baltic.

B.1.9 Reversions throughout the pandemic

We extended the reversion analysis from above to the following variants: Alpha (PANGO

lineage B.1.1.7), Beta (B.1.351), Gamma (P.1), Delta (B.1.617.2), Epsilon 1 (B.1.427), Epsilon 2

(B.1.429), Zeta (P.2), Iota (B.1.526), and Kappa (B.1.617.1). To match the 52-day window for

sequence collection from the early pandemic, we found the earliest 52-day window in GISAID

for each variant that contained at least 750 sequences. The genomes for each lineage were then

aligned using MAFFT to reference genome Hu-1. We next used IQ-TREE 2 and TreeTime as
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above to generate a phylogeny and perform ancestral state reconstruction. We followed the same

protocol as above with the recCA to determine which branches had reversions. The tree figures

were rendered using baltic.

To examine reversions across a subsample of the entire pandemic, we extracted the global

tree and associated public genomes from Nextstrain205 on 14 January 2022 and constrained it

to sequences before November 2021. We aligned the genomes using MAFFT as above, used

TreeTime with the NextStrain tree and alignment to perform ancestral state reconstruction, and

determined reversions with the recCA. The genomes used for the clade and global pandemic

reversion analysis can be found in Data S1 and S2, respectively.

B.1.10 Phylogenetic inference

Molecular clock phylodynamic inference was conducted using a Bayesian approach in

BEAST v1.10.5130. For the primary analysis, we developed and employed a non-reversible,

random-effects substitution model (described below), a strict molecular clock, a non-parametric

skygrid prior with 20 grid points and a cut off of 0.37, which translates to 5 October 2019. To

facilitate Markov chain Monte Carlo (MCMC) chain convergence, (i) we used our previous results

of 7.9x10-4 and 6.8x10-5 substitutions/site/year as the mean and standard deviation, respectively,

of a normal prior for the clock rate, and (ii) we initiated the MCMC sampling using the maximum

likelihood phylogeny that had been transformed into a chronogram via TempEst v1.5.3216. We

ran four independent chains of 400 million generations, sub-sampling every 25 thousand iterations

to continuous parameter log files, 100 thousand iterations for the tree file, and 100 thousand

iterations for the ancestral state reconstruction of the most recent common ancestor (MRCA);

the first 15% of the chains were discarded as burnin. Convergence and mixing was assessed in

Tracer v1.7.1217and all 4 chains were combined in LogCombiner, such that all relevant effective

sample size (ESS) values were >200. The accession IDs can be found in Data S1 and S2, and the

XML files can be found at133. The outputs can be found at doi:10.6076/D1Q59K134.

B.1.11 Random-effects substitution model

To accommodate the mutational bias in SARS-CoV-2 for C-to-T transitions86–88, we

developed a random-effects substitution model. This model employs a standard phylogenetic
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substitution model as a base model, incorporated as fixed effects, while the random effects allow

each individual mutation rate (e.g., C-to-T, separate from T-to-C) to be elevated (or decreased)

relative to that model. Note that this makes the model non-reversible. We use HKY as the base

model, which is defined by the parameters κ (governing the relative rate of transitions versus

transversions) and π (governing the root and stationary frequencies). Working on the log-scale

and denoting the random effect ϵij , our HKY+RE model gives the log of the substitution rate

matrix entries as,

log(qij) = log(πj) + log(κ) + ϵij + log(ξ) if i > j is a transition

or,

log(qij) = log(πj) + ϵij + log(ξ) if i > j is a transversion,

where ξ is a normalizing constant.

To accommodate among-site rate variation, we employ a proportion of invariable sites in

the model, with a Uniform(0,1) prior. We place independent and identical Normal(mean=0,SD=σϵ)

priors on ϵij , an improper infinite uniform prior on σϵ, and a Normal(mean=0,SD=1.25) prior on

log(κ). We fix π to the frequencies observed in the alignment.

B.1.12 Quantifying the support for ancestral haplotypes

We assume equally likely prior probabilities for each sequence in the ancestral state

reconstruction posterior. Therefore, the Bayes factor (BF) in favor of sequence S1 against another

sequence S0, given the data D, can be expressed as follows:

B10 =
P (S1|D)

P (S0|D)

where P (S|D) is the posterior probability of a sequence. Note that all BFs were calcu-

lated with the sequence comprising the highest posterior probability as S1, and BFs for each

phylodynamic model were calculated separately.
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B.1.13 Phylogenetic inference with constrained roots and recCA

In a standard phylogenetic model, the sequences at all internal nodes (and the root)

are integrated out. A prior distribution is required for the root sequence in order to compute

the likelihood or sample ancestral states at nodes. Typically, the prior distribution for the root

sequence assumes every site is drawn identically and independently from some multinomial

distribution defining the prior probability of an A, C, G, or T nucleotide at any (and every) site.

Here, we consider two novel approaches.

The first approach constrains the character state of the MRCA of all human SARS-CoV-2

sequences to be identical to a specific hypothesized ancestral haplotype (Fig B.18D). We consider

6 ancestral haplotypes that match the sequences belonging to Wuhan Hu-1, the C/C haplotype

(Hu-1 with T28144C), the T/T haplotype (Hu-1 with C8782T), WH04 (lineage A, or Hu-1 with

C8782T and T28144C), 20SF2012 (WH04 with C29095T), and WA1 (lineage A.1, or WH04

with C18060T). Note that in this model, the root of the tree is the MRCA of all 787 human

SARS-CoV-2 sequences, and all 787 genomes, including the genomes that are identical to the

ancestral haplotype, remain taxa—the tree is not rooted on them.

The second approach places a per-site prior distribution on the ancestral haplotype.

Specifically, we add a branch ancestral to the MRCA and fix the sequence at the root to be the

sequence of the recCA (Fig B.18C). This approach places a prior distribution on the ancestral

haplotype, as the root and MRCA are distinct in this model. At each site, this prior is determined

by the nucleotide present in the recCA, the length of the branch leading to the MRCA, and the

substitution model parameters. Our primary analysis uses this approach with the recCA based

on the 14 breakpoints from GARD. We performed a robustness analysis by using this approach

with the recCA based on the 21 breakpoints from 3SEQ.

B.1.14 BEAST sensitivity analyses

We performed a series of sensitivity analyses for the Bayesian phylogenetic inference:

(i) unconstrained rooting with a GTR+F+I model; (ii) unconstrained rooting with unmasked

sequences; (iii) unconstrained rooting excluding 15 market-associated genomes; (iv) unconstrained

rooting excluding all genomes sampled from Wuhan; (v) unconstrained rooting including the
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20 “intermediate” genomes sampled before 14 February 2020; (vi) unconstrained rooting but

including the 16 C/C genomes sampled before 14 February 2020; (vii) unconstrained rooting but

including the 4 T/T genomes sampled before 14 February 2020; (viii) recCA rooting using the

recCA based on the 14 breakpoints from GARD and with a GTR+F+I model; (ix) outgroup

rooting with RaTG13 as an outgroup; and (x) outgroup rooting with BANAL-20-52 as an

outgroup.

The 7 July 2020 sampling date of BANAL-20-52, which post-dates the last included

SARS-CoV-2 genome in the dataset by several months, creating a problematic months-long

lineage for the coalescent skygrid prior. To accomodate this issue for sensitivity analysis rooted on

BANAL-20-52, we truncate the branch leading to BANAL-20-52 at 14 February 2020. Compared

to the overall duration of this branch (roughly 17 years), the effect of the truncation is negligible

to the likelihood.

B.1.15 Inferring empirical doubling times

To determine the appropriate doubling time for the epidemic simulations, we inferred the

doubling time of the early pandemic. We extracted the daily number of cases from the WHO

report26through the end of December 2019 and coupled it with the data from Li et al.23. Because

the case data included early cases that were later found to not associated with SARS-CoV-2

infection, we (i) removed the case from 2 December 2019 [as per the WHO report26] and (ii)

shifted the case from 8 December to 16 December [as per Worobey22]. Additionally, we (iii)

added a case to 10 December [as per Worobey22]. We used EpiNow2 and its default parameters

with the daily case count to infer the doubling time of SARS-CoV-2 through 15 January 2020218.

B.1.16 Epidemic simulation

To explore the evolutionary dynamics during the beginning of the COVID-19 pandemic,

we developed FAVITES-COVID-Lite131, a simplified individual-based simulation pipeline based

on FAVITES93, and performed a series of epidemic simulations. First, we generated static

contact networks comprising 5 million individuals (nodes) using NiemaGraphGen219under a

preferential-attachment model using the Barabási-Albert algorithm220. We used this algorithm

to generate the contact networks, because its scale-free properties recapitulate infectious disease
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spread220, including the superspreading dynamics of SARS-CoV-282;94. We chose to simulate a

static contact network because our focus is on the number of people infected at the beginning of

the epidemic, and we used an intermediate value of 16 contacts per day (mean degree), based on

Mossong et al.221.

We extended the SAPHIRE [Susceptible (S)-Ascertained (I)-Presymptomatic (P)-Hospitalized

(H)-Not Ascertained (A)-Removed (R)-Exposed (E)] model developed by Hao et al.132, and

implemented in our previous study on the timing of the primary case94, to have two ascertained

compartments. Individuals from the first ascertained compartment can either enter the recovered

compartment or an “ascertained-pre-hospitalization” (IH) compartment, where they eventually

transition to the hospitalized compartment. We extended the model with the IH compartment

to decouple the proportion of people hospitalized with the amount of time until hospitalization.

We did not include the travel component of the original SAPHIRE model (i.e., individuals flying

into and out of Wuhan), because our focus was on the early dynamics of the pandemic before its

spread outside of Wuhan. The dynamics of these compartments across time (t) are described by

the following set of ordinary differential equations:

dS

dt
= −bS(αP + αA+ I + Ih)

N

dE

dt
=

bS(αP + αA+ I + Ih)

N
− E

De

dP

dt
=

E

De
− P

Dp

dA

dt
=

(1− r)P

Dp
− A

Di

dI

dt
=

rP

Dp
− I

Di
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dIh
dt

=
hI

Di
− Ih

Dq −Di

dH

dt
=

Ih
Dq −Di

− H

Dh

dR

dt
=

A+ (1− h)I

Di
+

H

Dh

We note that we rescale the transmission rate (b) reported in B.3 and used for each

analysis to the average degree centrality in the network87.

We performed forward simulations using this extended model to generate a viral trans-

mission network using GEMF222. Simulated epidemics started with a single seed infection among

our 5 million susceptible individuals, and infected nodes infect other nodes via Poisson processes.

The parameters were primarily determined by Hao et al.132( B.3), except we required half the

ascertained population to become hospitalized with an average of 11 days between symptom onset

and hospitalization, matching reports of hospitalization of the early pandemic in Wuhan24;223;224.

Each simulation was run for 100 days and produced an output documenting when individuals

transitioned from one compartment to another throughout the entire simulation. We used these

outputs to determine the number of individuals in a given compartment (e.g., total infections,

ascertained infections, unascertained infections, and hospitalized individuals) across each day in

the simulation.

Once the forward simulations were complete, we subsampled the first 50,000 infected

individuals. If there were fewer than 50,000 infections, we used each infected individual for

subsequent analyses. Then, we sample a sequencing time for each ascertained individual from a

uniform distribution that starts when they enter the first ascertained compartment and ends when

they were recovered. To match real-world data from December 2019, we include only individuals

with genome sampling times that occur after the first hospitalization of the simulated epidemic.

Additionally, the primary case (i.e., first infected individual in the simulation) is sampled

regardless of ascertainment status. We sample the primary case regardless of ascertainment or
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hospitalization status to properly determine stable coalescence (described below). Unascertained

individuals are not sampled.

Lastly, we provide the genome sampling times and transmission network to CoaTran219,

which uses a coalescent process to generate time trees. We then use a constant substitution rate

of 9.2x10-4 substitutions/site/year (inferred from our primary BEAST results) to convert the

branch lengths from years to substitutions per site to generate mutation trees.

For the primary analysis, we ran successive epidemic simulations until we reached 1100

successful simulations, defined as those simulations in which ≥400 people had become infected

and ≥1 person was still infectious at the end of the simulation. Failed epidemics were those

simulations that did not become established (i.e., 0 infectious people at the end of the simulation)

or had fewer than 400 people infected over the entire simulation; 3857 (77.8%) simulations failed

to reach this epidemic threshold after 100 days. Our epidemics had a median doubling time of

3.47 days (95% range: 1.35-5.44), slightly shorter than the doubling times from Hao et al.222to

match empirical estimates of the growth rate from before 1 January 2020 in Wuhan95;96. Twelve

of the 4957 simulations (0.2%) did not reach 400 infections but were still persisting at the end of

the 100-day simulation. Given the rarity of these 12 simulations, it is highly improbable that

SARS-CoV-2 was characterized by their growth dynamics.

All input parameters for the primary and sensitivity analyses can be found in133, the

output files and post-processed results can be found at doi134.

B.1.17 Doubling time inference

To characterize the growth dynamics of our epidemic simulations and compare them to

empirical growth dynamics, we estimated the doubling time of the primary epidemic simulations.

For our primary simulations, we calculated both the cumulative doubling time and 14-day

doubling time at each day in the simulation (prior to day 14, the 14-day doubling time is

identical to the cumulative doubling time). However, because of the stochasticity inherent in

these epidemic simulations, the simulations can be more easily compared to one another when

the same number of individuals are infected. Therefore, we also estimated the cumulative and

14-day doubling times at certain numbers of infections (e.g., 100 infections).
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Based on the doubling time results (Fig. B.22), we reason that at 1,000 infections, there is

sustained transmission, the variability in doubling times across simulations has slightly decreased,

and the 5 million node network has not yet started to saturate. Therefore, unless otherwise

specified, the doubling times we report for each set of epidemic simulations is the 14-day doubling

time when 1,000 individuals are infected.

B.1.18 Sensitivity analysis–faster rate of infection

We simulated epidemics for a more rapidly spreading virus using the same parameters

from the primary analysis, except the transmission rate was increased from 0.28 to 0.38 per day

(1.36x) and the simulation time was decreased from 100 to 70 days (0.70x). We produced 1100

successful simulations with at least 400 infected individuals and a median epidemic doubling time

of 2.65 days (95% range: 1.50-4.10), and 2204 (66.7%) simulations failed to reach the epidemic

threshold.

B.1.19 Sensitivity analysis–slower rate of infection

We simulated epidemics for a more slowly spreading virus using the same parameters

from the primary analysis, except the transmission rate was decreased from 0.28 to 0.22 per day

(0.79x) and the simulation time was increased from 100 to 150 days (1.50x). We produced 1100

successful simulations with at least 400 infected individuals and a median epidemic doubling time

of 4.45 days (95% range: 1.50-7.44), and 7202 (92.8%) simulations failed to reach the epidemic

threshold.

B.1.20 Sensitivity analysis–higher ascertainment rate

We simulated epidemics with a higher ascertainment rate using the same parameters

from the primary analysis, except the ascertainment rate was increased from 0.15 to 0.25 (1.67x)

and the simulation time was increased from 100 to 120 days (1.20x). Additionally, we decreased

the transmission rate from 0.28 to 0.255 (0.91x) to keep the doubling time consistent with the

primary analysis. We produced 1100 successful simulations with at least 400 infected individuals

and a median epidemic doubling time of 3.52 days (95% range: 1.38-5.64), and 3698 (77.1%)

simulations failed to reach the epidemic threshold.
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B.1.21 Sensitivity analysis–lower ascertainment rate

We simulated epidemics with a lower ascertainment rate using the same parameters from

the primary analysis, except the ascertainment rate was decreased from 0.15 to 0.05 (0.33x)

and the simulation time was increased from 100 to 120 days (1.20x). Additionally, we increased

the transmission rate from 0.28 to 0.295 (1.05x) to keep the doubling time consistent with the

primary analysis. We produced 1100 successful simulations with at least 400 infected individuals

and a median epidemic doubling time of 3.50 days (95% range: 1.51-5.65), and 4632 (80.8%)

simulations failed to reach the epidemic threshold.

B.1.22 Determining stable coalescence

As in our previous study94, we define the stable coalescence as the tMRCA that does

not shift forward in time by more than one day, even as new individuals become infected

and previously infected individuals recover (i.e., the time to the most recent common ancestor

[tMRCA]). The stable coalescence is reached the first day that the coalescence for the currently

infected individuals is within one day of the time of MRCA after the simulation is complete or

once 50,000 total individuals have been infected. Therefore, the stable coalescence ignores the

preceding basal lineages that have gone extinct.

We extracted the tMRCA of infected and sampled individuals every day across each

simulation using TreeSwift 1.1.14225. This tMRCA was calculated for each day of the 100 days

or until 50,000 individuals had been infected, whichever came first. We chose not to explore

dynamics after 50,000 infections due to a slowing in exponential growth arising from the saturation

of the contact network.

B.1.23 Determining the topological patterns of simulated phylogenies

We examined the topology of the phylogenetic trees resulting from the epidemic simula-

tions. For each tree, after determining the point of stable coalescence, we extracted the subtree

rooted at the internal node at stable coalescence (i.e., the MRCA of the sampled genomes).

We then simulated mutations down the branches of the subtree using a substitution rate of

9x2x10-4 substitutions/site/year (the inferred substitution rate from the unconstrained Bayesian
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phylogenetic analysis). We then counted (i) the number of descendent lineages (i.e., the size

of the basal polytomy, including basal taxa, tips with unique mutations, and clades) from the

subtree root, (ii) the clade size of each descendant lineage that was one or two mutations from the

root, and (iii) the number of lineages descending from each one- or two-mutation derived clade

from (ii) (i.e., the size of the polytomy of the large derived clades). Note that (i) is represented

in Fig. 2.2A (and the basal polytomy in Fig. 2.2C), and (ii) and (iii) describe the large clades in

Fig. 2.2B and 2C. For clarity, we display the subtree rooted at stable coalescence (ignoring the

preceding lineages that have gone extinct) in Fig. 2.2.

We use the results of i–iii above to quantify the frequencies of different topologies in the

simulated epidemics (τ).

If there were at least n descendant lineages from the subtree root, the simulated phylogeny

had a polytomy. We refer to this topology as τP .

When there were only two clades, each one mutation from the subtree root, the simulation

matched the observed topology if there were a single introduction of the C/C or T/T ancestral

haplotype. We refer to this topology as τ2C . We first further constrained τ2C to require each

clade to be ≥30% and ≤70% of the simulated taxa, approximating lineage A and lineage B

comprising 35.2% and 64.8% of all taxa, respectively. We constrained τ2C once more to require

at least n lineages descending from the root of the clade, to match the polytomies at the bases of

the lineage A and lineage B clades.

When there was a polytomy at the base of the simulated phylogeny and a large clade

two mutations from the root with a large portion of the taxa, the topology matches the observed

topology had there been a single introduction of the lineage A or B ancestral haplotype. We

refer to this topology as τ1C . As with τ2C , we constrain τ1C to require the two-mutation clade

to comprise ≥30% of the taxa. We constrained τ1C once more to require at least n lineages

descending from the large two-mutation clade (i.e., a polytomy, as with lineage B if lineage A

were the single introduction and vice-versa).

The empirical phylogeny has 787 taxa and two large polytomies: the 108-descendant

lineage A polytomy and the 231-descendant lineage B polytomy. Our primary results therefore

require the polytomy size n to be 100 lineages, reflecting the empirical data. Importantly, this
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is a conservative requirement because 98.4% of the simulated phylogenies had more than 1,000

taxa.

However, since 1.5% of the simulated phylogenies had fewer than 787 taxa, we also

performed sensitivity analyses requiring n to be either 20 or 50 lineages. Additionally, since

96.7% of the simulated phylogenies had more than 5,000 taxa, we also performed sensitivity

analyses requiring n to be 200 or 500 lineages.

B.1.24 Quantifying the support for two introductions against a single
introduction of SARS-CoV-2

Here we synthesize the posterior probabilities of inferred ancestral haplotypes, frequencies

of topologies in the forward epidemic simulations, and the expected relationships between these

haplotypes and topologies to quantify the support for a two-introduction scenario over a single-

introduction scenario. Our goal is to obtain P (In|Y), the probability of n introductions (In) given

our sequence data Y , so that we can compare the probabilities of single- and multiple-introduction

hypotheses.

We consider three phylogenetic topologies, or root-shapes: τP for a large polytomy at the

root (stable coalescence), τ1C for one well-defined clade two mutations from the root, and τ2C for

two well-defined clades each one mutation from the root, with no other lineages descending from

the root. We define SMRCA as the ancestral haplotype of all sampled SARS-CoV-2 genomes,

and we specifically consider the four most likely ancestral haplotypes (Table 2.1): SA for lineage

A, SB for lineage B, ST/T for the intermediate T/T haplotype, and SC/C for the intermediate

C/C haplotype.

If there are n introductions, there are n distinct trees with n distinct root-shapes. We

will use the vector τ to track these. In the case that there was one introduction, this is a single

root-shape; two introductions have two root-shapes; and we do not consider more than two

introductions here.

We can rewrite the ratio of posterior probabilities as a ratio of joint probabilities,

P (I2|Y )

P (I1|Y )
=

P (I2,Y )

P (I1,Y )
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Marginalizing over SMRCA and assuming that In only affects Y through SMRCA,

P (In,Y ) =
∑

SMRCA

P (In,Y , SMRCA)

=
∑

SMRCA

P (Y |In, SMRCA)P (In, SMRCA)

=
∑

SMRCA

P (Y |SMRCA)P (In, SMRCA)

Therefore we get,

P (I2,Y )

P (I1,Y )
=

∑
SMRCA

P (Y |SMRCA)P (I2, SMRCA)∑
SMRCA

P (Y |SMRCA)P (I1, SMRCA)

=

∑
SMRCA

P (SMRCA|Y )P (Y )
P (SMRCA) P (I2, SMRCA)∑

SMRCA

P (SMRCA|Y )P (Y )
P (SMRCA) P (I1, SMRCA)

=

∑
SMRCA

P (SMRCA|Y )
P (SMRCA) P (I2, SMRCA)∑

SMRCA

P (SMRCA|Y )
P (SMRCA) P (I1, SMRCA)

As we did when computing the Bayes Factors above, we assume that all ancestral

haplotypes are a priori equally probable, leading to

P (I2,Y )

P (I1,Y )
=

∑
SMRCA

P (SMRCA|Y )P (I2, SMRCA)∑
SMRCA

P (SMRCA|Y )P (I1, SMRCA)
(B.1)

The Bayesian phylogenetic inference provides P (SMRCA|Y), the probability of the ances-

tral haplotype of all human sequences given the sequence data.

We can then marginalize the joint probability P (SMRCA, In) over the root-shape vector

and apply conditional probability:
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P (SMRCA, In) =
∑
τ

P (τ , SMRCA, In)

=
∑
τ

P (SMRCA|τ , In)P (τ , In)

Since the length of τ depends on the number of introductions, In does not provide any

additional information regarding the conditional probability of SMRCA. Therefore,

P (SMRCA, In) =
∑
τ

P (SMRCA|τ )P (τ , In)

=
∑
τ

P (SMRCA|τ )P (τ |In)P (In)

The maximum likelihood tree (Fig. 2.1), likely ancestral haplotypes (Table 2.1), and

forward epidemic simulations (Fig. 2.2) allow for the following compatibility statements:

• τ = τ2C is compatible with SMRCA ∈ {SC/C , ST/T }

• τ = τ1C is compatible with SMRCA ∈ {SA, SB}

• τ = (τP , τP ) is compatible with SMRCA ∈ {SA, SB, SC/C , ST/T }

• τ = (τP , τ1C) is compatible with SMRCA ∈ {SA, SB, SC/C , ST/T }

• τ = (τ1C , τP ) is compatible with SMRCA ∈ {SA, SB, SC/C , ST/T }

• τ = (τ1C , τ1C) is compatible with SMRCA ∈ {SA, SB, SC/C , ST/T }

We can then define P (SMRCA|τ ) to be proportional to the vector of compatibilities:

P (SMRCA|τ ) ∝


1 if τ and SMRCA are compatible

0 otherwise

In the case where multiple root-shapes are compatible with an ancestral haplotype,

we must renormalize the compatibility vector such that it sums to 1 to describe probabilities.

110



However, note that some root-shapes are not compatible with any ancestral haplotypes. In this

case, P (SMRCA|τ ) equals 0 for each ancestral haplotype.

The simulations provide P (τ |I1), the probability of the root-shape(s) given one intro-

duction. We assume each introduction is independent, allowing us to generalize this probability

to P (τ |In). For example, P (τ = τ1C |In = I1) = 0.051, and P (τ = (τ1C , τ1C)|In = I2) = P (τ =

τ1C |In = I1)
2 = 0.0025.

Lastly, we assume equal prior probabilities for one and two introductions of SARS-

CoV-2, allowing us to cancel out P (I1) and P (I2) when calculating equation (1). We can

then use P (SMRCA|Y ), P (SMRCA|τ ), and P (τ |I1) to calculate the posterior odds of equation

(1). Although we solved for the posterior odds in support of two introductions, the prior

odds comparing two introductions to a single introduction is 1. Therefore, the posterior odds

are equivalent to a Bayes factor in support of two introductions. The code used to calculate

the Bayes factor comparing two introductions to a single introduction is available at https:

//github.com/sars-cov-2-origins/multi-introduction133.

B.1.25 Combining epidemic simulations and BEAST via rejection sampling

We estimated the timing of the lineage B and lineage A primary cases. Our previous

analysis94inferring the timing of the SARS-CoV-2 primary case incorporated the date of index case

ascertainment; however, uncertainty regarding the true index case persists22;26;226(supplementary

text). To overcome this uncertainty, we extend our previously published approach, which

combines the epidemic simulations and phylodynamics tMRCA inference (described in the above

two sections), to condition the timing of the primary case on both the index case symptom onset

date and earliest documented COVID-19 hospitalization date. We included hospitalization dates

because they are less susceptible to recall bias than date of symptom onset.

Our aim is to obtain a posterior distribution for the date X of the primary case (the

first case resulting from a SARS-CoV-2 cross-species transmission) in Wuhan, conditioned on

the available sequencing data DS , the date of the first reported COVID-19 case DC , and the

date of the first hospitalization DH due to COVID-19. We do this in a Bayesian framework by

marginalizing over the date T of the tMRCA as follows:
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P (X|DS , DC , DH) =

∫
T
P (X|T,DS , DC , DH)P (T |DS , DC , DH) dT (B.2)

We assume that the sequencing data are informative only for the tMRCA; i.e., given

T , X does not depend on DS : P (X|T,DS , DC , DH) = P (X|T,DC , DH). We also assume that

the first reported COVID-19 case and hospitalization data are not informative for the tMRCA:

P (T |DS , DC , DH) = P (T |DS). This gives:

P (X|DS , DC , DH) =

∫
T
P (X|T,DC , DH)P (T |DS) dT (B.3)

We further note that

P (X|T,DC , DH) =

∫
YH

∫
YC

P (X,YC , YH |T,DC , DH) dYCdYH

where YC and YH are the first simulated COVID-19 ascertained case and hospitaliza-

tion, respectively. We model P (X,YC , YH |T,DC , DH) as proportional to I(YC ≤ DC , YH ≤

DH)P (X,YC , YH |T ), where I(YC ≤ DC , YH ≤ DH) is an indicator function with a value of 1

when YC and YH are consistent with DC and DH , respectively, and 0 otherwise. This approach

allows us to sample from the posterior distribution of equation (3). The BEAST analysis provides

values of T sampled from the distribution P (T |DS), which we can use in conjunction with

FAVITES-COVID-Lite to sample corresponding values of X, YC , and YH from the distribu-

tion P (X,YC , YH |T ). We use a simple rejection sampling approach to continue sampling from

P (X,YC , YH |T ) until a sample is obtained for which I(YC ≤ DC , YH ≤ DH) = 1. The resulting

set of sample values for X then follow the posterior distribution P (X|DS , DC , DH).

We require the first simulated case to be ascertained (SAPHIRE stage: I) and assign

DC as 10 December 2019. However, we note that this first ascertained case can be the primary

case, unless a secondary or tertiary case progresses faster through the course of infection. We

assign DH as 16 December 2019. Importantly, the rate at which cases were ascertained in

the SAPHIRE model is based on real-time patterns in COVID-19 diagnosis from 1 through

22 January 2020 and may not reflect the actions that led to the retrospective diagnosis of the

112



earliest cases of COVID-19. Further, stable coalescence (i.e., the MRCA) can happen any time

after the primary case is infected, and there is no requirement for stable coalescence to occur

after the first ascertained and unascertained individuals. Justifications for dates used here and

in the sensitivity analyses are discussed in the supplementary text.

B.1.26 Sensitivity analysis—earliest case date of 8 December

We also condition single-introduction analyses on an 8 December case date, which was

previously discounted by the WHO and 16 December hospitalization date (see supplementary

text for full discussion).

B.1.27 Sensitivity analysis—rejection sampling with hospitalization only

We remove the requirement for the first simulated case to be ascertained by a given date,

and then condition analyses only on the tMRCA and date of the first hospitalization.

B.1.28 Sensitivity analysis—recCA and constrained roots

We explored the sensitivity of the timing of the primary case to the phylodynamic model

choice. We applied rejection sampling to the inferred phylogenies constrained by the recCA

and SARS-CoV-2 ancestral haplotypes (e.g., lineage A.1) and the primary forward epidemic

simulations, conditioning on the same dates as above.

B.1.29 Rejection sampling for lineages A and B

We apply the above method to the tMRCA, first ascertained case date, and first hospital-

ized case date for each lineage to infer the timing of the primary case for each lineage. For lineage

B, the earliest case and hospitalization dates are 13 December and 16 December, respectively.

For lineage A, the earliest case date is 15 December, and the earliest hospitalization date is 25

December (see supplementary text for full discussion). After performing rejection sampling for

both lineages, we combine the number of individuals in each compartment for each day in the

dated simulations.
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B.1.30 Sensitivity analysis—earlier lineage B COVID-19 index case dates

We performed rejection sampling for lineage B using a case date and hospitalization

date of 10 December and 16 December, matching the SARS-CoV-2 index case, which does not

have an associated genome. We also performed rejection sampling for lineage B using a case

date and hospitalization date of 8 December and 18 December, respectively, under the alternate

assumption that the earliest lineage B case occurred on 8 December (see supplementary text for

full discussion).

B.1.31 Simulating cross-species transmissions to achieve two successful
introductions

Our epidemic simulations had a success rate of approximately 22.2% (1100 successful

introductions; 3857 failed introductions). To simulate the number of cross-species transmissions

needed to achieve two successful introductions, we treated successful introductions as Bernoulli

trials, with a success rate of 22.2%, and simulated trials until there were two successful trials.
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B.2 Supplementary text

B.2.1 Reduced genomic diversity in the early pandemic

Although the root of the SARS-CoV-2 phylogeny has often been inferred with Bayesian

and maximum likelihood methods to fall on the branch leading to IPBCAMS-WH-01 (Lineage

B) or other early genomes89;94;104;227;228, reanalysis of sequence data from the earliest sampled

viruses found that three previously reported mutations in IPBCAMS-WH-01 were spurious, and

the genome was, in fact, identical to the Hu-1 reference genome26. Upon reexamination by

WHO investigators, other early genomes were also found to have spurious mutations26, thereby

decreasing the overall genetic diversity of early SARS-CoV-2 sequence data. This decreased

diversity suggests that prior studies, including our own94, may have incorrectly rooted the

SARS-CoV-2 phylogeny.

B.2.2 C/C and T/T genomes through 14 February 2020

Of the 16 C/C genomes in our data set, we found four that share nucleotide substi-

tutions—other than T28144C—found in some lineage A genomes (Fig. B.1A). If the C/C

intermediates actually existed, 11 of the 19 additional unique mutations in the C/C genomes

would need to be homoplasies: identical mutations arising separately in the C/C and lin-

eage A genomes. For example, a C/C genome from Anhui province (EPI ISL 1069206) shares

A11430G with 6 lineage A genomes sampled across China, and a genome from Sichuan province

(EPI ISL 451325) shares C1342T and C18060T with three lineage A genomes. The authors of

the latter example confirmed that low sequencing depth at position 8782 led to the erroneous

calling of the reference genome nucleotide at this position in this genome (L. Chen Personal

Communication). Furthermore, these authors confirmed that incorrect base calls, often due to

low sequencing depth, led to erroneous assignment of 11 additional C/C genomes sampled in

Wuhan and Sichuan province (four of which share substitutions with lineage B genomes, see

below).

A similar pattern was observed in the five C/C genomes sharing substitutions found

within lineage B (Fig. B.1B), including a South Korean genome (EPI ISL 413017) sharing

G26640T, G26144T, and T26677C with another lineage B genome from South Korea. In this

115



instance, we confirmed that low sequencing depth at position 28144 (<10x) resulted in this

erroneous assignment. Critically, therefore, we are able to explain all C/C genomes as artifactual,

with the exception of two genomes sampled in Beijing in late January and early February, whose

additional mutations were not observed in early lineage A or B genomes and whose underlying

data was not available.

Unlike the C/C genomes, none of the four T/T genomes shared additional mutations

with lineage A or B genomes that would clarify their veracity. However, we confirmed that the

T/T genome sampled in Singapore on 14 February 2020 (EPI ISL 462306) had low coverage at

both 8782 and 28144 (≤10x). Moreover, the 3 T/T genomes sampled in Wuhan on 26 January

(EPI ISL 493179, EPI ISL 493182, EPI ISL 493180) had low sequencing depth and indeterminate

C/T nucleotide assignment at position 8782 ( B.1). These findings suggest all T/T genomes

sampled by 14 February 2020 are similarly artifactual.

B.2.3 T/T genomes aboard the Diamond Princess

Two high coverage T/T genomes sampled after 14 February 2020 were from the Diamond

Princess cruise ship outbreak. These two T/T genomes possessed T11083G, a mutation defining

the Diamond Princess outbreak, as well as G11410T, and were therefore identifiably descendants

of the lineage B virus that initiated this outbreak229;230(Fig. B.2).

B.2.4 T/T genomes in New York City

We found 3 SARS-CoV-2 genomes with both C8782T and T28144 (T/T) in the NYC

Public Health Laboratory surveillance data set. We placed these genomes on a global tree of 3

million genomes (v2022-01-21) using UShER231, and all 3 appear to be descendants of lineage

B. Two of these genomes (EPI ISL 8953704 and EPI ISL 8953705) belong to the B.1.526 Iota

lineage and have identical sequences, suggesting that a T/T genome may have been transmitted

locally (Fig. B.3). We note that although these genomes were sampled from different individuals

in different parts of the city, their genomes were sequenced on the same sequencing plate. The

third NYC T/T genome (EPI ISL 1447116) belongs to the B.1.2 lineage and falls on a different

part of the phylogeny, indicating an independent C8782T mutation. This third genome was

sequenced on a separate run than the other two NYC T/T genomes. All three genomes at site
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8782 and 28144 have read depth >4,000x, with coverage in both directions and 100% of the

sequencing reads support the T allele.

B.2.5 T/T and C/C genomes in San Diego

We found 24 T/T genomes in the San Diego SEARCH data set, with collection dates

between December 2020 and December 2021 and 1 C/C genome that was collected on 15 January

2021. We placed these genomes on a global tree of 3 million genomes using UShER. Eight of the

T/T genomes were classified as Delta sublineages: AY.26, AY.40, and AY.44; the remaining T/T

genomes were classified as B.1 and its other descendant lineages (Fig. B.4). The C/C genome

was classified as B.1.1.432 (Fig. B.5). Therefore, these and other T/T and C/C haplotypes are

the result of convergent evolution at 8782 and 28144.

The common occurrence of C/C and T/T genomes arising due to convergence provides

further evidence that early intermediate genomes could have also been due to convergent evolution

and do not represent transitional genomes.

B.2.6 The recombinant common ancestor (recCA)

The recCA differed from Hu-1 by just 381 reversions, including C8782T and T28144C.

In this manner, lineage A (exemplified by Wuhan/WH04/2020) has two reversions, and hence

has two fewer substitutions separating it from the recCA than lineage B. (Note that although

these mutations are nominally ‘reversions’, if the true MRCA of SARS-CoV-2 were a lineage

A virus, those lineage B to lineage A reversions would not actually have occurred). Additional

reversions, C18060T and C29095T, have been separately identified in USA/WA1/2020 and

Guangdong/20SF012/2020, respectively, and it has been argued that these haplotypes are the

ancestral form of SARS-CoV-290;92. We find that repeated substitutions at sites 8782, 18060,

and 28144, are common among closely related sarbecoviruses (Fig. B.11-SB.13). In contrast,

29095 is strongly conserved among these sarbecoviruses but highly polymorphic in humans (Fig.

B.14). Absent from the recCA are two mutations, C2416T and C23929T, previously suggested

to have been present in the immediate ancestor of SARS-CoV-292; these mutations occur on the

branch to the related bat sarbecovirus RaTG13 (Fig. B.8, B.10)232.

To ensure our downstream analyses are robust to the breakpoint inference and subsequent
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construction of the recCA, we reconstructed a second recCA using 3SEQ, a recombination

detection algorithm which examines triplets (two parents and one offspring sequence)214. We

then constructed this second recCA with the 21 new breakpoints, and this recCA differed from

Hu-1 at 371 sites. The two recCAs were identical at sites previously suggested to have mutations

present in the immediate ancestor (i.e., 2416, 8782, 18060, 19524, 23929, 28144, and 29095).

B.2.7 Justification for a non-reversible substitution model

We developed a random-effects non-reversible substitution model for our phylogenetic

inference because of the substantial C-to-T transition bias86–88and frequent C-to-T reversions

(described in Main Text). To compare the ancestral haplotype inference between the random-

effects model and a standard reversible substitution model, we performed Bayesian phylodynamic

inference with a GTR substitution model with both the unconstrained and recCA-rooted analyses.

We find that C/C and T/T ancestral haplotypes were less common under the GTR model than

the random-effects model (Data S3). Notably, the difference in posterior support for C/C and

T/T ancestral haplotypes was negligible under the unconstrained GTR model, indicating the

increased level of biological realism reflected in the random-effects substitution model inference.

Importantly, ancestral haplotypes such as A.1 (BF>150) and A+C29095T (BF>50) were poorly

supported under the GTR model, just as in the unconstrained and the recCA random-effects

model.

B.2.8 Sensitivity analyses of ancestral haplotype inference with uncon-
strained rooting

We extended the analysis that excluded the 15 market-associated genomes to account for

any potential ascertainment bias of early sampling, particularly of lineage B, by excluding all 96

genomes from Wuhan (59 lineage B, 37 lineage A). Upon excluding these genomes from Wuhan,

the posterior support for a lineage B ancestral haplotype decreased, while the support for C/C

and lineage A ancestral haplotypes increased, with all other lineages still unsupported (Data S3).

Therefore, lineage A is only a plausible ancestral haplotype (BF<10) of SARS-CoV-2 under the

unconstrained model if we do not include all the early genomes from Wuhan, which represent a

substantial portion of the early genomic diversity.
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To understand the impact of excluding the C/C and T/T “intermediate” genomes, we

performed Bayesian phylogenetic inference of SARS-CoV-2 with the original 787 genomes (see

Methods) and the 20 excluded intermediate genomes, with unconstrained rooting. When including

all 20 “intermediate” genomes—16 C/C and 4 T/T genomes—the results were similar to the

main unconstrained analysis (Data S3). These results were also consistent when we included

only the C/C or the T/T genomes separately, indicating the posterior support for a C/C or

T/T ancestral haplotype does not increase when including intermediates, even if only including

genomes with just one of the two intermediate ancestral haplotypes (Data S3).

When we included the previously masked 388 genomic sites for ancestral haplotype

inference of the 787 genomes, our results were consistent with our primary masked unconstrained

rooting approach (Data S3).

B.2.9 Ancestral haplotype inference with outgroup rooting

We used outgroup rooting with individual bat sarbecoviruses as a comparison for the

recCA rooting inferences. We performed the Bayesian inference with either RaTG13 or BANAL-

20-52 as an outgroup. Relative to the recCA rooting results, posterior support for a lineage B and

C/C ancestral haplotypes increased, whereas the support for the lineage A ancestral haplotype

decreased (Data S3). All other previously suggested or inferred haplotypes, including lineage

A.1, were rejected, consistent with the other rooting approaches (Data S3).

These results indicate that decreasing the branch length from the MRCA of SARS-CoV-2

and its ancestor (i.e., the MRCA of SARS-CoV-2 and the outgroup, or the recCA) increases

support for lineage A as the ancestral haplotype (when the recCA and the outgroup are identical

at key sites—here, 8782 and 28144). These findings indicate rooting with the recCA as opposed

to an outgroup can help account for the effects of rate variation along the long branch leading to

SARS-CoV-2.

B.2.10 The tMCRA of SARS-CoV-2 is consistent across explored ancestral
haplotypes

It has been suggested that a phylogenetic root in lineage A would produce older tMRCA

estimates than a lineage B rooting92. However, we find that SARS-CoV-2 tMRCA inference is
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generally robust to the rooting model and ancestral haplotype.

The unconstrained rooting (Fig. B.29A), which favored a lineage B ancestral haplotype (

B.2), and produced a median tMRCA of 11 December 2019 [95% highest posterior density (HPD):

25 November to 20 December] and a mean substitution rate of 9.2x10-4 substitutions/site/year

(95% HPD: 8.1x10-4 to 1.0x10-3). These tMRCA estimates are similar to our previous inference94,

although the substitution is slightly faster. This elevated rate is expected, given that shorter

sampling windows are associated with the inference of a more rapid substitution rate in SARS-

CoV-294;233;234. The recCA-constrained rooting (Fig. B.18C), which favored a lineage A ancestral

haplotype (Table 2.1), produced a median tMRCA of 6 December 2019 (95% HPD: 15 November

to 19 December) and a mean substitution rate of 9.2x10-4 substitutions/site/year (95% HPD:

8.0x10-4 to 1.0x10-3).

To explicitly explore the effect of ancestral haplotype on the SARS-CoV-2 tMRCA, we

employed our novel phylodynamic framework that fixes the MRCA of the SARS-CoV-2 phylogeny

to ancestral haplotypes (Fig. B.18D, see methods), rather than using sampled taxon (e.g., Hu-1),

an outgroup (e.g., RaTG13), or their inferred ancestor (e.g., recCA). We explored the plausible

ancestral haplotypes (lineage A, lineage B, and C/C), as well A.1 (WA1) and A.1 + C29095T

(20SF012)(see methods). The resulting tMRCAs were consistent across the ancestral haplotypes

( B.2), indicating the ancestral haplotype has minimal impact on tMRCA inference.

The tMRCA of lineage B predates the tMRCA of lineage A when excluding market-

associated genomes. We considered the possibility that the predominance of lineage B viruses

in the beginning of the pandemic, particularly at the Huanan market, was biasing the earlier

inference of the lineage B tMRCA. However, when we excluded all market-associated genomes,

the median tMRCA of lineage B was 17 December (95% HPD: 29 November to 26 December),

still earlier than the median tMRCA of lineage A: 25 December (95% HPD: 15 December to

4 January). Therefore, the predominance of lineage B at the Huanan market is not biasing its

tMRCA to predate the tMRCA of lineage A ( B.2).
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B.2.11 Doubling time of the early pandemic

To properly parameterize the epidemic simulations, we characterized the epidemic growth

dynamics of the early pandemic. We first extracted the daily case counts from the WHO report

for December 201926and then adjusted the case counts reported in Li et al.23to properly reflect

the earliest cases identified (Fig. B.21A; see Methods). We used EpiNow2218to calculate the daily

doubling time of SARS-CoV-2 through mid-January 2020, which resulted in a median doubling

time of SARS-CoV-2 and 50% HPD consistently below 5 days through the end of December

2019 (Fig. B.21B). On 15 December 2019, five days after the earliest known COVID-19 case, the

median doubling time was 3.74 days (50% HPD: 3.37–4.24; 95% HPD: 2.80–5.43). However, we

are interested in the epidemic dynamics prior to the discovery of the earliest COVID-19 cases

and the identification of SARS-CoV-2 as the etiological agent of what was then a pneumonia of

unknown etiology, when viral spread was least inhibited by human behavior.

The inferred doubling time is stochastic and dependent on which day it is estimated

(Fig. B.21B); it is therefore imprecise to report a single doubling time when describing general

epidemic dynamics. In our simulations, we measure doubling time in four ways (Fig. B.22): (i)

cumulative doubling time since the start of the simulation, (ii) 14-day doubling time from day 14

until the end of the simulation, with cumulative doubling time reported prior to day 14, (iii)

cumulative doubling time once a certain number of individuals are infected (e.g., the cumulative

doubling time at the 100th infection), and (iv) 14-day doubling time once a certain number of

individuals are infected, with cumulative doubling time reported if that number of infections

occurred before day 14 in the simulation. The 50% and 95% highest density intervals (HDIs) of

the doubling time across simulations at cumulative infection counts [(iii) and (iv) above] narrows

as more individuals are infected in the simulations (Fig. B.22, bottom panels), although HDIs of

the doubling time reported daily [(i) and (ii) above] in the simulation (Fig. B.22, top panels)

remain wide.

These results suggest doubling time based on the number of individuals infected [(iii) and

(iv) above] is a better metric for understanding simulation growth dynamics than daily doubling

times [(i) and (ii) above], because the simulations will typically reach this number of infections

and therefore be at a similar “point” in the epidemic. For example, the 14-day doubling time
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at the thousandth case in each simulation has a narrower HDI than the 14-day doubling time

reported on the same day across each simulation, regardless of the day. We therefore focus on

the doubling time once a specific number of infections has been reached, and as doubling time is

proportional to the epidemic speed235at a specific time point, we report the 14-day doubling time.

Specifically, we report the 14-day doubling time once there have been one thousand infections, as

the epidemic network has not yet been saturated, but the doubling time has a narrower HDI

than earlier in the simulations.

We note that although the doubling time of SARS-CoV-2 was initially reported to be

longer than 5 days25;235, the case counts of the early pandemic have become more thorough23,

particularly with the release of the WHO report26. A subsequent analysis of the doubling time in

Wuhan used high resolution travel data and early case reports outside of Hubei province to avoid

potential biases in reporting and case confirmation in Wuhan; their inferred doubling time was

below 3.5 days97. Additionally, doubling times reported for well-characterized early outbreaks

outside of China, before widespread non-pharmaceutical interventions were implemented, were

often below four days98;236;237.

Following from the empirical doubling times, we parameterize our primary simulations to

have a median doubling time of 3.47 days (50% HDI: 2.71–4.15; 95% HDI: 1.35–5.44), slightly

shorter than the inferred doubling time on 15 December 2019. We additionally perform sensitivity

analyses with simulation parameterization resulting in a median doubling time of 2.65 days (50%

HDI: 2.04–2.96; 95% HDI: 1.50–4.10) and 4.45 days (50% HDI: 3.30–5.35; 95% HDI: 1.50–7.44).

Importantly, the doubling times of the simulated data indicate that it is possible to infer

a doubling time of greater than 5 days, even when the underlying parameters typically produce

a shorter doubling time (Fig. B.22). Similarly, our empirical doubling time estimates (Fig. B.21)

and the results from the literature suggest that it is possible to infer a doubling time of greater

than 5 days235;238even when the underlying biology would typically produce a shorter doubling

time97(Fig. B.22), especially if cases are particularly undersampled. Coupled with our results

indicating the doubling time was likely below four days in the early pandemic in Wuhan, these

analyses of epidemic doubling times both in and outside of Wuhan suggest our simulations likely

capture the doubling time of SARS-CoV-2 before its identification as the etiological agent of
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COVID-19.

B.2.12 Ascertainment rate of the early pandemic and parameterizing the
simulations

Our epidemic simulations use an ascertainment rate of 15% (every 15/100 infections are

ascertained) based on Hao et al.222. Their ascertainment rate was informed by confirmed cases

exported from Wuhan to Singapore. This ascertainment rate falls in the interquartile range

(12.7–35.8%) reported in Chinazzi et al.239and is close to the 14% reported in Li et al.240.

However, some of the earliest inferred ascertainment rates were lower: Wu et al.235calculate

an ascertainment rate of 1.8% (0.9–3.3%). This value was likely reflective of the data available

at the time: Wu et al. only reported 44 confirmed cases by 3 January 2020. However, more

complete data from Li et al.23reports 392 confirmed infections by 3 January 2020. With 392

confirmed infections, a crude calculation leads to an ascertainment rate approximately 10-fold

higher: 392/(44/0.018)= 16.0%. Therefore, some of the earliest estimations of ascertainment

rates were likely too low for our simulation parameterization because we base our simulations on

inferences of more recent and complete data23;26.

Nonetheless, as there are lower and higher ascertainment rates reported in the literature

describing the early pandemic, we performed sensitivity analyses of our epidemic simulations

using ascertainment rates of 5% and 25%. When doing so, we slightly adjusted the transmission

factor for the simulations to keep the doubling time centered on 3.5 days. Specifically, we

performed one set of simulations with an ascertainment rate of 5% and median doubling time of

3.57 days (50% HDI: 2.96–3.55; 95% HDI: 1.38–5.64), and another set of simulations with an

ascertainment rate of 25% and median doubling time of 3.50 days (50% HDI: 2.78–4.16; 95%

HDI: 1.51–5.65).

B.2.13 Synthesizing evidence for multiple introductions of SARS-CoV-2

Both lineages A and B are characterized by large polytomies: many sampled lineages

descending from a single node on the phylogenetic tree. There are 108 and 231 lineages (including

basal taxa) descendent from the base of lineages A and B, respectively (Fig. 2.1). To match the

empirical data, we first examined the simulations for polytomies with at least 100 descendant
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lineages, and these were present in 47.5% of the simulated epidemics when the doubling time is

3.47 days (95% HDI: 1.35–5.44). (Fig. 2.2A). However, this is, in fact, a conservative estimate of

the polytomy size in our simulated phylogenies, because 98.4% of these simulated phylogenies

had more than 1,000 taxa.

If C/C is the ancestral haplotype, then SARS-CoV-2 is characterized by two clades:

lineages A and B, each one mutation from the root with no transitional genomes (Fig. 2.2B).

This topology, where there are only two clades of any size, each one mutation from the root, was

present in 10.5% of phylogenies from our simulated epidemics. However, both lineages A and B

are large clades, comprising 35.2% and 64.8% of the early SARS-CoV-2 genomes, respectively,

and the smaller clade in these simulations was rarely this large. If we require our simulated

clades to more realistically comprise at least 1% of the taxa, only 6.7% of the simulations match

the C/C topology. If we require both clades to comprise ≥30% of the taxa—better reflecting

empirical genomic diversity—only 1.5% of the simulations match the C/C topology. Finally,

both lineages A and B comprise large polyomties. When we require each of these clades to have

a basal polytomy of at least 100 descendant lineages—a conservative reflection of the 108- and

231-lineage polytomies characterizing lineages A and B, respectively—none of the simulations

still match the C/C topology. These results indicate that a single introduction of C/C virus

would not be expected to give rise to lineages A and B with no surviving ancestral C/C lineages.

If lineage A or B is the ancestral haplotype, then SARS-CoV-2 is characterized by a

large basal polytomy with the largest clade in the tree separated by two mutations from the root

(lineage B is the descendant clade if lineage A is the root, and vice-versa)(Fig. 2.2C). Importantly,

our simulations permit these two mutations to occur either within a single individual or during

successive infected hosts241, reflective of multiple mutations of SARS-CoV-2 occuring within the

serial interval between transmission partners242. We see a large clade comprising a substantial

fraction of the sampled taxa (i.e., between 30% and 70%, reflecting either lineage A or B

prevalence) in 10.8% of the epidemic simulations. When we require the large clade separated by

at least two mutations from the basal polytomy of at least 100 descendant lineages, we observe

this topology in 4.1% of epidemic simulations. However, if we also require the large clade to have

at least a 100-lineage polytomy at its base, only 0.5% of the simulations match the topology
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if there were a single introduction of lineage A or B without any surviving transitional C/C

lineages.

We then quantified the support for two introductions versus a single introduction resulting

in the observed phylogeny: two large polytomies separated by two mutations. There was

substantial support for two introductions with our primary analysis (BF=4.3 and BF=4.2 with

the recCA and unconstrained rooting, respectively; see Methods), as well as with sensitivity

analyses with varying transmission and ascertainment rates ( B.5). We observe that sensitivity

analyses with shorter doubling times increase the support for multiple introductions (B.5)

Importantly, since 96.7% of the simulated phylogenies had more than 5,000 taxa, our

primary analysis requiring polytomies to have at least 100 descendant lineages is quite conservative.

We therefore performed sensitivity analyses requiring the polytomies to have either 200 or 500

descendant lineages. These increased polytomy sizes are more realistic when considering the

lineage A polytomy and the empirical phylogeny. However, both polytomy sizes are still

proportionally less than the 108 descendant lineages of lineage A from our empirical 787-taxa

phylogeny and are therefore still conservative. Regardless, the support for two introductions

increased with both of these analyses ( B.5), again indicating the rarity of two polytomies

occurring in rapid succession.

Additionally, since 1.5% of the simulated phylogenies had fewer than 787 taxa, we also

performed sensitivity analyses requiring the polytomies to have either 20 or 50 descendant

lineages. Regardless of the polytomy size we conditioned on, there was still support for two

introductions ( B.5).

In sum, there is consistent support for two introductions of SARS-CoV-2 across multiple

rooting constraints, longer and shorter doubling times, higher and lower ascertainment rates,

and increased and decreased minimum polytomy sizes. Therefore, two introductions, rather than

a single introduction, of SARS-CoV-2 are more likely to have produced the two polytomies near

the base of the SARS-CoV-2 phylogeny.
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B.2.14 Index case dates of SARS-CoV-2

The date of the index case informs our understanding of when the pandemic began,

and we use this date when inferring the time of the primary case. An early report suggested

an index case (i.e., first identified case) dating to 17 November 2019, with at least one case

being reported each day thereafter243. A different report suggested an index case date of 1

December 201925. However, the World Health Organization (WHO)-China report did not find

evidence to support the veracity of these cases and identified the earliest case as having an illness

onset of 8 December (case S01 from Table 6 in the WHO report)26. A subsequent review of

the earliest COVID-19 cases suggested that the ‘8 December’ patient actually became ill on 16

December and concluded that the index case was a vendor from the Huanan Seafood Market

who became ill on 10 December and was hospitalized on 16 December22. This shift in index

case dates necessitates reexamining the timing of the primary case (i.e., first case resulting

from a cross-species transmission) of SARS-CoV-2, as case data is crucial to timing the first

SARS-CoV-2 infection94.

When we perform rejection sampling to infer the date of the primary cases of lineages A

and B separately, we use case and hospitalization dates associated with each lineage. The SARS-

CoV-2 index case from 10 December does not have an associated published genome. However,

every genome associated with the Huanan market and collected before 30 December was lineage

B. Additionally, an environmental sample from the stall this vendor operated (EPI ISL 408512)

was also lineage B. We therefore assume this individual likely had a lineage B virus, and we used

their illness onset and hospitalization dates to time the primary case of lineage B.

The earliest case and hospitalization dates for lineage A belong to ‘Cluster 1’ from the

WHO report (Annex E2)26. The lineage A genome belongs to the individual in the cluster with

illness onset on 26 December (case S13 from Table 6 in the WHO report; IME-WH01; GISAID

accession EPI ISL 529213). However, the spouse of this individual was infected as well, becoming

symptomatic on 15 December and hospitalized on 25 December. We can therefore reasonably

assume the spouse was also infected with a lineage A virus and subsequently infected the earliest

confirmed lineage A case. We thus use the dates belonging to the spouse when timing the primary

case of lineage A.
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B.2.15 Robustness of lineage B primary case inference to date of index
case

The earliest lineage B case with a published genome (IPBCAMS-WH-01; GISAID

accession EPI ISL 402123; case S02 from Table 6 in the WHO report) became symptomatic and

was hospitalized on 13 and 18 December, respectively74. Although this individual was initially

reported to have an illness onset date of 15 December, the WHO report subsequently determined

he had an earlier onset of 13 December26. The timing of the lineage B primary case is robust to

these later symptom onset and hospitalization dates, occurring on 21 November (95% HPD: 25

October–11 December) when rooting with recCA.

Because the ‘8 December’ patient was lineage B26, we examined the effect of conditioning

on 8 December as an index case date. The timing of the lineage B primary case was robust to

this earlier index case date (Table B.7), occurring on 17 November (95% HPD: 22 October to 6

December) when rooting with recCA. Therefore, even if the 8 December case were the index

case, the first lineage B SARS-CoV-2 virus still likely jumped into humans at a time similar to

our inference with the 10 December index case date.

B.2.16 Epidemiological dynamics of a single SARS-CoV-2 introduction
scenario

As a counterfactual scenario, we examined the timing of the primary case if SARS-CoV-2

were the result of only a single introduction. Here, we condition on the tMRCA of all SARS-

CoV-2 (Table B.2) and the ascertainment (10 December) and hospitalization (16 December)

dates belonging to the SARS-CoV-2 index case (the seafood vendor). The timing of the primary

case in a single introduction scenario is similar to that of lineage B (Table B.7, B.14), even when

using lineage A.1 or lineage A + C29095T as the ancestral haplotype, and is also robust to higher

and lower ascertainment rates (Table B.15). The number of infections and hospitalizations at

specific dates resulting from a single introduction are similar to the combined infections and

hospitalizations from lineages A and B (Fig. 2.4A, B.24A, B.29; B.11, B.12), even when using

the ancestral haplotypes producing the oldest tMRCA estimates (lineage A.1 and lineage A +

C29095T). These results indicate that there was likely not substantial cryptic spread even if

lineage A.1 or A + C29095T were the sole introduction of SARS-CoV-2, and that standard
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epidemic modeling that does not account for phylogenetics will not be able to distinguish the

number of introductions based on case-counts or hospitalizations alone.

B.2.17 Consistent timing of the primary case when conditioning only on
hospitalization

Due to the controversy that remains about the true SARS-CoV-2 index case22, we

performed sensitivity analyses on our primary case timing by conditioning just on the tMRCA

and the date of the earliest hospitalization. The timing of the primary case was robust to

the exclusion of the index case date in our rejection sampling approach for both single- and

multi-introduction scenarios, indicating that index case dates did not bias our results toward

earlier dates (Table B.7, B.9, B.14). Had there been extensive cryptic spread of SARS-CoV-2

in Wuhan, it would be reflected in earlier hospitalization dates. The consistency of our results

when conditioning on (i) both the index case ascertainment and earliest hospitalization, versus

(ii) only the earliest hospitalization, suggests there was a very limited period of cryptic spread

before people began to be hospitalized for COVID-19 in late-2019.

B.2.18 Minimal cryptic circulation before December 2019

Although we do not see any evidence for substantial cryptic circulation before December

2019 with the epidemic simulations (Fig. 2.4), we can quantify the expected number of infections

before the tMRCA. We calculate the cumulative number of infections in the epidemic simulations

once they reach stable coalescence, the point in time at which basal lineages cease to be lost.

Importantly, the time to stable coalescence is the equivalent to the tMRCA for the epidemic

simulations. We observed, at most, 63 cumulative infections by the time of stable coalescence in

the primary simulated epidemics, and 99% of simulated epidemics reached stable coalescence by

19 cumulative infections. With the tMRCA of lineage B, likely the first lineage of SARS-CoV-2

introduced into humans, estimated to 13 December (95% HPD: 29 November to 23 December),

we would not expect more than a few dozen infections before 10 December, the date of the

SARS-CoV-2 index case.
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B.2.19 Similarities to WA1 and WA outbreak clades

To understand the phylogenetic signal of a hypothetical singular introduction of SARS-

CoV-2 into humans, it is helpful to seek an analogy with the earliest introductions of SARS-CoV-2

into a new location, such as Washington State, Louisiana, or Lombardy, each of which had

a polytomy82;99;100. Here, we consider the earliest introductions of SARS-CoV-2 into North

America. The first confirmed case of SARS-CoV-2 in the U.S. was associated with a virus strain

(‘WA1’) isolated in Washington State from a traveler who returned from Wuhan, China, on

15 January 2020. There was subsequently an outbreak (henceforth, ‘WA outbreak clade’) in

Washington State, with cases confirmed starting in February 202098. As we have previously shown,

although the MRCA of the WA outbreak clade differed from WA1 by only two substitutions,

the WA1 WA outbreak clades were, in fact, separate introductions into Washington State82.

The WA outbreak clade showcases a basal polytomy, and although the WA1 introduction was

contained, onward transmission would have likely led to a basal polytomy as well, as shown by

the hypothetical polytomy in Fig. B.23. Therefore, this pattern is remarkably similar to that

seen with lineages A and B, with the exception of a successful prevention of onward transmission

from the WA1 case: the MRCA of WA1 and the WA outbreak clades was in China, and as we

have shown here, the MRCA of lineages A and B was likely in the intermediate host reservoir

(Fig. B.30). Both scenarios show introductions of SARS-CoV-2 from a prior location: China in

the case of WA1 and the WA outbreak clades, and the intermediate host reservoir in the case

of lineages A and B. Similarly, both scenarios lead to (or would lead to, in the case of WA1)

basal polytomies from the onward transmission. Therefore, lineages A and B look like separate

introductions because introductions with sustained onward transmission result in large basal

polytomies.

B.2.20 MRCA of multiple introductions and the possibility of intermediate
genomes

Although the unconstrained and recCA-rooted phylogenetic inferences most strongly

support a lineage B and lineage A ancestral haplotype, respectively, the moderate support for a

C/C ancestral haplotype from both inferences, the repeated observation of C8782T convergent
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evolution, and the C-to-T mutational bias suggest a C/C ancestral haplotype is also plausible.

However, we acknowledge that if the MRCA were in an animal where we have no evidence of a

C-to-T mutational bias, the T/T ancestral haplotype would also be possible.

If one of the “intermediate” genomes that shares additional mutations with lineage A or

B (i.e., at sites besides 8782 and 28144) is resequenced and validated as an intermediate C/C

or T/T genome, shared synapomorphies should allow us to identify whether this intermediate

haplotype is the result of convergent evolution. Phylogenetic placement can confirm whether

the intermediate genome potentially represents the transition from lineage A to B (or B to A).

Additionally, finding a true transitional intermediate genome would not resolve the conundrum

with the molecular clock: (i) the unconstrained rooting model disfavors a lineage A root, whereas

the recCA- and outgroup-rooted models favor a lineage A root, and (ii) lineage A exhibits less

divergence from the root than would be expected if it were the sole ancestral virus in humans.

B.2.21 Lineages of SARS-CoV-2 introductions

The lineages introduced into humans are dependent on the viral diversity in the interme-

diate host, and the inferred ancestral haplotypes do not necessarily need to match the genomes

of the introduced viruses. For example, lineages A and B are observed in humans, but the

introduced viruses could have been of lineage A and C/C, with C/C quickly mutating into lineage

B before leaving behind any descendant lineages. However, the simplest explanation would be

lineage A and B progenitors circulating in animals and then these two lineages are separately

introduced into humans, but other combinations of lineage introductions are plausible.

Importantly, these scenarios do not preclude an intermediate C/C or T/T haplotype

from being introduced. If lineages A and B were present in the animal reservoir, a C/C or T/T

haplotype could have circulated among the animals and then been introduced into humans as

well. Considering the genomic data and high frequency of failed introductions in the epidemic

simulations, the intermediate haplotype could have spread briefly among humans and then gone

extinct. Therefore, it is not unreasonable to assume that an intermediate genome could appear

in an environmental sample or an additional cross-species transmission.

Lastly, if a virus identical to or descendant from lineage B (or A) jumped into humans
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after the initial jump of B (or A), we would likely not have the phylogenetic resolution to detect

this event as a separate introduction. Therefore, although the data are consistent with two

introductions, it is possible that even more introductions into humans occurred at the Huanan

market.
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B.3 Supplementary Tables

Table B.1. Nucleotide variant calls at positions 8782 and 28144 for three SARS-CoV-2 genomes
with intermediate T/T haplotypes1.

GISAID accession
8782 28144

Depth Count Proportion Depth Count Proportion
A C G T A C G T A C G T A C G T

EPI ISL 493179 64 0 39 1 24 0.000 0.609 0.016 0.375 61361 121 3784 195 57261 0.002 0.062 0.003 0.933

EPI ISL 493180 40 0 24 1 15 0.000 0.600 0.025 0.375 95374 226 5709 293 89146 0.002 0.060 0.003 0.935

EPI ISL 493182 29 0 10 0 19 0.000 0.345 0.000 0.655 69369 153 4051 232 64933 0.002 0.058 0.003 0.936

1Variant calls and depths provided by Di Liu and Yi Yan.

Table B.2. Inferred tMRCAs for SARS-CoV-2, lineage B, and lineage A under different rooting
strategies.

Phylodynamic analysis SARS-CoV-21 Lineage B1 Lineage A1

Unconstrained 12-11 (11-25 to 12-20) 12-13 (11-29 to 12-23) 12-25 (12-17 to 12-30)

recCA 12-06 (11-15 to 12-19) 12-15 (12-05 to 12-23) 12-20 (12-05 to 12-29)

Lineage B 12-12 (11-27 to 12-19) 12-13 (11-29 to 12-21) 12-25 (12-18 to 12-29)

C/C 12-08 (11-19 to 12-19) 12-16 (12-06 to 12-23) 12-21 (12-12 to 12-29)

T/T 12-08 (11-19 to 12-19) 12-15 (12-06 to 12-23) 12-21 (12-12 to 12-29)

Lineage A 12-07 (11-18 to 12-19) 12-16 (12-08 to 12-23) 12-18 (12-04 to 12-28)

Lineage A + C29095T 12-05 (11-17 to 12-19) 12-17 (12-10 to 12-23) 12-05 (11-17 to 12-19)

Lineage A.1 12-04 (11-16 to 12-18) 12-16 (12-10 to 12-23) 12-04 (11-16 to 12-19)

No markets 12-13 (11-25 to 12-26) 12-17 (11-29 to 12-26) 12-25 (12-15 to 01-04)
1Median and 95% HPD in parentheses.

Table B.3. Simulation parameters, with all parameters except b and h based on Hao et al.132.
The b value listed is for the main analysis. The h parameter is not included in the Hao et al.
model.

Parameter Definition Value

b Transmission rate of ascertained cases 0.38

r Ascertainment rate 0.15

α Ratio of transmission for unascertained 0.55

h Hospitalization rate 0.5

De Latent period (days) 2.9

Dp Presymptomatic infectious period (days) 2.3

Di Symptomatic infectious period (days) 2.9

Dq Duration from illness onset to isolation (hospitalization) (days) 11

Dh Isolation (hospitalization) period (days) 30
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Table B.4. The inferred doubling time for each transmission rate (b) and ascertainment rate (r)
combination used in the simulations.

b r Doubling time2

0.22 0.15 4.45 (1.50-7.44)

0.281 0.15 3.47 (1.35-5.44)

0.38 0.15 2.65 (1.50-4.10)

0.295 0.05 3.50 (1.51-5.65)

0.255 0.25 3.52 (1.38-5.64)
1Primary analysis.
2Median and 95% HDI in parentheses

Table B.5. Frequencies of observed topologies in epidemic simulations and corresponding Bayes
factor in favor of multiple introductions versus a single introduction across varying doubling
times, varying ascertainment rate, minimum polytomy size, and phylogenetic rooting method.

Analysis Topology Bayes factor

DT Asc
Min.

polytomy size
C/C A/B Polytomy Unconstrained recCA

2.65 0.15 100 0.0 3.4 58.6 5.8 6.0

3.471 0.15 100 0.0 3.1 47.5 4.2 4.3

4.45 0.15 100 0.1 3.5 43.1 3.0 3.0

3.50 0.05 100 0.0 3.4 45.7 3.5 3.6

3.52 0.25 100 0.2 3.5 47.3 3.6 3.7

3.47 0.15 20 0.1 5.1 60.7 4.1 4.2

3.47 0.15 50 0.1 3.9 53.6 4.2 4.3

3.47 0.15 200 0.0 2.1 40.7 4.5 4.6

3.47 0.15 500 0.0 1.1 31.7 5.2 5.4
DT, Median doubling time
Asc, Ascertainment rate
Min., Minimum
1Primary analysis
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Table B.6. Number of days the timing of the primary case of lineage A occurs after the timing
of the primary case of lineage B.

Phylodynamic
analysis

Primary analysis1,2 Robustness analysis1

DT: 3.47
Asc: 15%

DT: 2.65
Asc: 15%

DT: 4.45
Asc: 15%

DT: 3.50
Asc: 5%

DT: 3.52
Asc: 25%

Unconstrained 6.7 (-28.9 to 44.4) 7.2 (-45.3 to 59.0) 7.0 (-20.5 to 35.1) 6.5 (-53.1 to 61.3) 7.0 (-36.4 to 48.1)

recCA 6.6 (-30.4 to 43.5) 6.6 (-44.9 to 58.9) 5.9 (-22.8 to 33.7) 6.2 (-48.7 to 63.4) 6.6 (-34.5 to 48.8)

Lineage B 6.6 (-28.4 to 44.4) 7.2 (-43.6 to 60.3) 7.2 (-20.3 to 34.9) 6.6 (-52.9 to 61.5) 6.9 (-35.9 to 48.9)

C/C 6.9 (-30.3 to 43.0) 7.2 (-45.5 to 59.4) 6.3 (-21.6 to 34.3) 6.5 (-47.5 to 65.8) 7.2 (-33.4 to 50.6)

Lineage A 6.9 (-30.2 to 43.5) 7.1 (-44.2 to 59.3) 5.7 (-22.7 to 33.8) 6.1 (-50.6 to 62.3) 6.9 (-35.7 to 49.2)

DT, Median doubling time
Asc, Ascertainment rate
1Median and 95% HPD in parentheses.
2See Fig. 2.3D for graphical representation of the full distribution.

Table B.7. Time of the lineage B primary case under different robustness analyses for different
lineage B index case and hospitalization dates and conditioning only on hospitalization dates.

Phylodynamic
analysis

Primary analysis1 Robustness analysis1

Case: Dec 10
Hosp: Dec 16

Case: Dec 8
Hosp: Dec 16

Case: Dec 13
Hosp: Dec 18

Hosp: Dec 16

Unconstrained
11-18

(10-22 to 12-09)
11-18

(10-22 to 12-06)
11-21

(10-24 to 12-11)
11-20

(10-22 to 12-11)

recCA
11-18

(10-23 to 12-08)
11-17

(10-22 to 12-06)
11-21

(10-25 to 12-11)
11-20

(10-22 to 12-10)

Lineage B
11-19

(10-22 to 12-08)
11-17

(10-21 to 12-06)
11-21

(10-24 to 12-11)
11-20

(10-22 to 12-11)

C/C
11-18

(10-22 to 12-07)
11-17

(10-22 to 12-06)
11-21

(10-25 to 12-11)
11-20

(10-23 to 12-11)

Lineage A
11-18

(10-23 to 12-08)
11-17

(10-23 to 12-06)
11-21

(10-24 to 12-11)
11-20

(10-23 to 12-10)
Hosp, Hospitalization
1Median and 95% HPD in parentheses.
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Table B.8. Time of the lineage B primary case under different robustness analyses for different
doubling times and ascertainment rates.

Phylodynamic
analysis

Primary analysis1 Robustness analysis1

DT: 3.47
Asc: 15%

DT: 2.65
Asc: 15%

DT: 4.45
Asc: 15%

DT: 3.5
Asc: 5%

DT: 3.52
Asc: 25%

Unconstrained
11-18

(10-22 to 12-09)
11-25

(11-04 to 12-08)
11-14

(10-06 to 12-08)
11-17

(10-07 to 12-07)
11-21

(10-21 to 12-09)

recCA
11-18

(10-23 to 12-08)
11-26

(11-05 to 12-08)
11-14

(10-05 to 12-07)
11-17

(10-06 to 12-08)
11-21

(10-21 to 12-09)

Lineage B
11-19

(10-22 to 12-08)
11-25

(11-04 to 12-08)
11-14

(10-06 to 12-08)
11-17

(10-08 to 12-08)
11-21

(10-21 to 12-09)

C/C
11-18

(10-22 to 12-07)
11-26

(11-05 to 12-08)
11-14

(10-05 to 12-07)
11-17

(10-06 to 12-08)
11-21

(10-21 to 12-09)

Lineage A
11-18

(10-23 to 12-08)
11-26

(11-05 to 12-08)
11-14

(10-06 to 12-07)
11-17

(10-06 to 12-09)
11-21

(10-21 to 12-09)

DT, Median doubling time
Asc, Ascertainment rate
1Median and 95% HPD in parentheses.

Table B.9. Time of the lineage A primary case results when conditioning with either both the
index and hospitalization dates or just the hospitalization date.

Phylodynamic
analysis

Primary analysis1 Robustness analysis1

Case: Dec 15
Hosp: Dec 25

Hosp: Dec 25

Unconstrained
11-25

(10-31 to 12-13)
11-28

(10-31 to 12-19)

recCA
11-25

(10-29 to 12-14)
11-29

(10-30 to 12-19)

Lineage B
11-25

(11-01 to 12-13)
11-28

(11-01 to 12-19)

C/C
11-25

(10-30 to 12-13)
11-29

(10-31 to 12-20)

Lineage A
11-25

(10-29 to 12-14)
11-29

(10-30 to 12-19)
Hosp, Hospitalization
1Median and 95% HPD in parentheses.
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Table B.10. Time of the lineage A primary case under different doubling times and ascertainment
rates.

Phylodynamic
analysis

Primary analysis1 Robustness analysis1

DT: 3.47
Asc: 15%

DT: 2.65
Asc: 15%

DT: 4.45
Asc: 15%

DT: 3.5
Asc: 5%

DT: 3.52
Asc: 25%

Unconstrained
11-25

(10-31 to 12-13)
12-02

(11-12 to 12-13)
11-21

(10-13 to 12-13)
11-24

(10-12 to 12-14)
11-28

(10-29 to 12-14)

recCA
11-25

(10-29 to 12-14)
12-02

(11-10 to 12-14)
11-21

(10-12 to 12-13)
11-23

(10-13 to 12-13)
11-28

(10-29 to 12-14)

Lineage B
11-25

(11-01 to 12-13)
12-02

(11-13 to 12-14)
11-21

(10-14 to 12-13)
11-24

(10-11 to 12-14)
11-28

(10-29 to 12-14)

C/C
11-25

(10-30 to 12-13)
12-02

(11-11 to 12-14)
11-21

(10-13 to 12-13)
11-24

(10-13 to 12-12)
11-28

(10-29 to 12-14)

Lineage A
11-25

(10-29 to 12-14)
12-01

(11-09 to 12-14)
11-21

(10-13 to 12-13)
11-23

(10-14 to 12-12)
11-28

(10-29 to 12-14)

DT, Median doubling time
Asc, Ascertainment rate
1Median and 95% HPD in parentheses.

Table B.11. Number of estimated infections on 1 December 2019 for lineage A, lineage B,
lineages A and B combined, and single introduction simulations.

Phylodynamic
analysis

Introductions1

Lineage A Lineage B
Lineages A and
B combined

Single
introduction

Unconstrained 2 (0, 23) 4 (0, 27) 8 (0, 38) 5 (0, 31)

recCA 2 (0, 24) 4 (0, 25) 8 (0, 36) 6 (0, 85)

Lineage B 2 (0, 23) 4 (0, 27) 8 (0, 38) 5 (0, 29)

C/C 2 (0, 23) 4 (0, 25) 8 (0, 35) 5 (0, 51)

Lineage A 2 (0, 23) 4 (0, 25) 8 (0, 35) 6 (0, 58)
1Median and 95% HPD in parentheses.

Table B.12. Number of estimated infections on 15 December 2019 for lineage A, lineage B,
lineages A and B combined, and single introduction simulations.

Phylodynamic
analysis

Introductions1

Lineage A Lineage B
Lineages A and
B combined

Single
introduction

Unconstrained 8 (1, 33) 16 (2, 251) 28 (3, 273) 17 (2, 517)

recCA 9 (1, 57) 14 (2, 63) 26 (3, 153) 31 (2, 3094)

Lineage B 8 (1, 33) 16 (2, 246) 28 (3, 259) 16 (2, 303)

C/C 8 (1, 35) 14 (2, 62) 25 (3, 81) 24 (2, 1640)

Lineage A 9 (1, 59) 13 (2, 52) 26 (3, 117) 26 (2, 2095)
1Median and 95% HPD in parentheses.
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Table B.13. Number of infections at the tMRCA and hospitalizations on 1 December 2019.

Time
Primary
analysis1

Robustness analysis1

DT: 3.47
Asc: 15%

DT: 2.65
Asc: 15%

DT: 4.45
Asc: 15%

DT: 3.50
Asc: 5%

DT: 3.52
Asc: 25%

Infections tMRCA 3 (1-18) 3 (1-12) 5 (1-39) 5 (1-29) 3 (1-18)

Hospitalizations 1 Dec 2019 0 (0–2) 0 (0–1) 1 (0–3) 0 (0–2) 0 (0–3)

DT, Median doubling time
Asc, Ascertainment rate
1Median and 95% HPD in parentheses.

Table B.14. Time of the primary case of a hypothetical single-introduction scenario under
different robustness analyses for different index case dates and conditioning on only hospitalization
dates.

Phylodynamic
analysis

Primary analysis1 Robustness analysis1

Case: Dec 10
Hosp: Dec 16

Case: Dec 8
Hosp: Dec 16

Hosp: Dec 16

Unconstrained
11-18

(10-22 to 12-08)
11-18

(10-21 to 12-06)
11-20

(10-21 to 12-11)

recCA
11-18

(10-20 to 12-08)
11-17

(10-19 to 12-06)
11-19

(10-19 to 12-11)

Hu-1
11-19

(10-23 to 12-09)
11-18

(10-22 to 12-06)
11-20

(10-22 to 12-11)

C/C
11-18

(10-20 to 12-08)
11-17

(10-20 to 12-06)
11-20

(10-20 to 12-11)

T/T
11-18

(10-20 to 12-08)
11-17

(10-20 to 12-07)
11-20

(10-20 to 12-11)

Lineage A
11-18

(10-20 to 12-08)
11-17

(10-19 to 12-06)
11-19

(10-20 to 12-11)

Lineage A + C29095T
11-18

(10-19 to 12-08)
11-17

(10-19 to 12-07)
11-19

(10-19 to 12-10)

Lineage A.1
11-18

(10-19 to 12-08)
11-17

(10-19 to 12-07)
11-19

(10-18 to 12-09)
Hosp, Hospitalization
1Median and 95% HPD in parentheses.
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Table B.15. Time of the primary case of a hypothetical single-introduction scenario under
different doubling times and ascertainment rates.

Phylodynamic
analysis

Primary analysis1 Robustness analysis1

DT: 3.47
Asc: 15%

DT: 2.65
Asc: 15%

DT: 4.45
Asc: 15%

DT: 3.5
Asc: 5%

DT: 3.52
Asc: 25%

Unconstrained
11-18

(10-22 to 12-08)
11-25

(11-03 to 12-08)
11-14

(10-05 to 12-08)
11-17

(10-08 to 12-07)
11-21

(10-21 to 12-09)

recCA
11-18

(10-20 to 12-08)
11-23

(10-30 to 12-08)
11-13

(10-03 to 12-06)
11-15

(10-09 to 12-07)
11-19

(10-20 to 12-08)

Lineage B
11-19

(10-23 to 12-09)
11-25

(11-03 to 12-08)
11-14

(10-05 to 12-08)
11-17

(10-08 to 12-08)
11-21

(10-21 to 12-09)

C/C
11-18

(10-20 to 12-08)
11-24

(11-01 to 12-08)
11-13

(10-04 to 12-07)
11-16

(10-09 to 12-07)
11-20

(10-20 to 12-09)

T/T
11-18

(10-20 to 12-08)
11-24

(11-01 to 12-08)
11-13

(10-03 to 12-07)
11-16

(10-10 to 12-07)
11-20

(10-20 to 12-09)

Lineage A
11-18

(10-20 to 12-08)
11-24

(10-31 to 12-08)
11-13

(10-04 to 12-07)
11-16

(10-11 to 12-07)
11-20

(10-20 to 12-08)

Lineage A + C29095T
11-18

(10-19 to 12-08)
11-23

(10-31 to 12-08)
11-13

(10-03 to 12-06)
11-16

(10-10 to 12-07)
11-19

(10-20 to 12-08)

Lineage A.1
11-18

(10-19 to 12-08)
11-23

(10-30 to 12-08)
11-13

(10-04 to 12-07)
11-16

(10-10 to 12-07)
11-19

(10-20 to 12-08)

DT, Median doubling time
Asc, Ascertainment rate
1Median and 95% HPD in parentheses.
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B.4 Supplementary Figures

Figure B.1. Mutation map of SARS-CoV-2 intermediate C/C genomes and their
shared mutations within lineages A and B. (A) Shared mutations across lineage A and
C/C. (B) Shared mutations across lineage B and C/C. Mutations relative to the Hu-1 reference
genome are shown above each branch. Lineage-defining mutations (8782 and 28144) are colored
in red. Derived mutations not shared by both lineages are excluded. The taxon names are
GISAID accession numbers, and the total number of additional matching homoplastic sequences
are indicated. Sequences that share derived mutations are connected by the lines on the right,
and brackets indicate that a group of sequences share the derived mutations that cannot be
individually resolved.
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Figure B.2. Maximum likelihood phylogeny of SARS-CoV-2 genomes from the
Diamond Princess outbreak. The tree is rooted on Hu-1. Substitutions found in T/T
genomes relative to Hu-1 annotated on branches. The G11410T clade is colored blue, with the
branch leading to the T/T genomes colored red.
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Figure B.3. Subtree showing the placement of T/T genomes in the NYC Public
Health Laboratories dataset. 3 T/T genomes were placed on a global tree of 3 million
genomes (v2022-01-21) using UShER. The node branches are colored by the assigned PANGO
lineage. The T/T genomes are highlighted using circles.
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Figure B.4. Subtree showing the placement of T/T genomes in the San Diego
SEARCH dataset. 24 T/T genomes were placed on a global tree of 3 million genomes (v2022-
01-21) using UShER. The node branches are colored by the assigned PANGO lineage. The T/T
genomes are highlighted using circles.
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Figure B.5. Subtree showing the placement of C/C genome in the San Diego
SEARCH dataset. 1 C/C genome was placed on a global tree of 3 million genomes (v2022-01-
21) using UShER. The node branches are colored by the assigned PANGO lineage. The C/C
genome is highlighted using a circle.
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Figure B.6. Reconstructing the recombinant common ancestor (recCA) of SARS-
CoV-2 infecting a non-human animal. The figure identifies 15 non-recombinant regions
of SARS-CoV-2-like sarbecovirus genomes. Subtrees from sarbecovirus maximum likelihood
phylogenies of example regions 5, 9, and 11 show the genomes most closely related to SARS-CoV-2.
Ancestral state reconstruction at the MRCA (purple square) of SARS-CoV-2 (Wuhan-Hu-1) and
the most closely related sarbecovirus for each of the 15 fragments is concatenated to construct
the recCA.
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Figure B.7. Simplot of closely related sarbecoviruses and recCA with Hu-1 as the
reference.
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Figure B.8. Maximum likelihood tree of non-recombinant region 2 with branches
colored based on the nucleotide at position 2416. Some substitution labels shifted for
clarity.
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Figure B.9. Maximum likelihood tree of non-recombinant region 8 with branches
colored based on the nucleotide at position 19524. Some substitution labels shifted for
clarity.
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Figure B.10. Maximum likelihood tree of non-recombinant region 11 with branches
colored based on the nucleotide at position 23929. Some substitution labels shifted for
clarity.
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Figure B.11. Maximum likelihood tree of non-recombinant region 5 with branches
colored based on the nucleotide at position 8782. Some substitution labels shifted for
clarity.
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Figure B.12. Maximum likelihood tree of non-recombinant region 8 with branches
colored based on the nucleotide at position 18060.
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Figure B.13. Maximum likelihood tree of non-recombinant region 14 with branches
colored based on the nucleotide at position 28144. Some substitution labels shifted for
clarity.
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Figure B.14. Maximum likelihood tree of non-recombinant region 15 with branches
colored based on the nucleotide at position 29095.
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Figure B.15. Maximum likelihood phylogenies of variants of concern (VOC) and
variants of interest (VOI) with branches containing reversions colored.
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Figure B.16. Subsampled global phylogeny showing reversions. Subsampled SARS-CoV-
2 time-resolved phylogeny from Nextstrain, with reversions colored blue if a C-to-T reversion
and black otherwise.
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Figure B.17. Substitution process random-effects for the unconstrained rooting
model. The random effects for transitions were rescaled with κ, and then all random effects were
made relative to T-to-G (fixed to 0). The posterior probabilities that eC−to−T > eT−to−C and
eG−to−T > eT−to−G is 1.00 for both, indicating the C-to-T transition and G-to-T transversion
biases were present in every sample in the posterior.
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Figure B.18. Schematic depicting the rooting strategies used in different phylody-
namic models. (A) An unconstrained rooting model with only SARS-CoV-2 where the root is
inferred from the molecular clock calibrated using SARS-CoV-2 sampling dates. (B) An uncon-
strained rooting with SARS-CoV-2 and a sarbecovirus outgroup. (C) A constrained model where
the ancestor of SARS-CoV-2 is constrained to be the recombinant common ancestor (recCA).
(D) A constrained model with only SARS-CoV-2, but the MRCA forced to be a pre-specified
haplotype.
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Figure B.19. SARS-CoV-2 maximum likelihood tree rooted on lineage A (n=787
taxa, through 14 February 2020).
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Figure B.20. Substitution counts of SARS-CoV-2 genomes through 14 February
2020 from the root of the maximum likelihood tree when rooted on lineage A (Fig.
B.19). The plotted lines have a slope of 27.51 substitutions/year, are fit to their respective
lineages, and are separated by 2.04 substitutions, showcasing the greater divergence of lineage B
than lineage A when the tree is rooted on lineage A.
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Figure B.21. Growth of the early pandemic. (A) Daily case count after combining the
data from the WHO report26 and Li et al.23 through January 2020. Inset shows daily case count
through 4 January 2020. See Methods for how data were combined. (B) Inferred doubling times
of the pandemic in December 2019 and January 2020.
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Figure B.22. Inferred doubling times of simulated epidemics. Inferred doubling times
of the 1100 primary simulations. (A) Cumulative doubling time since the start of the simulation.
(B) 14-day doubling time from day 14 until the end of the simulation, with cumulative doubling
time reported prior to day 14. (C) cumulative doubling time once a certain number of individuals
are infected (e.g., the cumulative doubling time at the 100th infection). (D) 14-day doubling time
once a certain number of individuals are infected, with cumulative doubling time reported if that
number of infections occurred before day 14 in the simulation. The center blue line represents
the median doubling time across the simulations. Darker and lighter shading represent the 50%
and 95% HDI, respectively.
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Figure B.23. Early SARS-CoV-2 introductions into Washington state. Similar
phylogenetic structure to the origins of SARS-CoV-2 in Wuhan is observed in Washington state,
with two separate introductions of SARS-CoV-2 from China differing by two mutations (with
no intermediate genomes). Refer to the supplementary text for a discussion comparing the
introductions to Washington State with the origins of SARS-CoV-2.
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Figure B.24. Dynamics of COVID-19 hospitalizations resulting from separate
introductions of lineages A and B. Each row represents a different rooting constraint in
phylodynamic analysis, with the bottom three representing a fixed ancestral haplotype. (A)
Estimated number of hospitalizations. The header of each column indicates whether the number
of infections are caused by lineage A, lineage B, or the two lineages combined. Darker and lighter
shading represent the 50% and 95% HPD, respectively. (B) The log ratio of lineage B to lineage
A infections on 1 January 2020. Posterior probability of having more lineage B hospitalizations
than lineage A reported in the grey box.
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Figure B.25. The timing of the MRCA and primary case for lineage A and lineage
B with a shorter doubling time. The simulations used here have a doubling time of 2.65
days (95% HDI: 1.50-4.10). Each row represents a different rooting constraint in phylodynamic
analysis, with the bottom three representing a fixed ancestral haplotype. (A) The tMRCA for
lineages A and B. (B) The number of weeks the tMRCA of lineage A occurs after the tMRCA of
lineage B. (C) The timing of the primary case for lineages A and B. (D) The number of weeks
the time of the primary case of lineage A occurs after the time of the primary case of lineage B.
Long dashed lines indicate the median and shading represents the 95% HPD for each distribution.
Short dashed lines indicate 0 weeks difference between lineages A and B. Posterior probability
that lineage A originated after lineage B is reported in the grey box.
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Figure B.26. The timing of the MRCA and primary case for lineage A and lineage
B with a longer doubling time. The simulations used here have a doubling time of 4.45
days (95%: HDI: 1.50-7.44). Each row represents a different rooting constraint in phylodynamic
analysis, with the bottom three representing a fixed ancestral haplotype. (A) The tMRCA for
lineages A and B. (B) The number of weeks the tMRCA of lineage A occurs after the tMRCA of
lineage B. (C) The timing of the primary case for lineages A and B. (D) The number of weeks
the time of the primary case of lineage A occurs after the time of the primary case of lineage B.
Long dashed lines indicate the median and shading represents the 95% HPD for each distribution.
Short dashed lines indicate 0 weeks difference between lineages A and B. Posterior probability
that lineage A originated after lineage B is reported in the grey box.
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Figure B.27. Dynamics of SARS-CoV-2 resulting from separate introductions of lineages A and
B and a shorter doubling time. The simulations used here have a doubling time of 2.65 days (95% HDI:
1.50-4.10). Each row represents a different phylodynamic analysis, with the bottom three representing an enforced
ancestral haplotype. (A) Estimated number of infections. The header of each column indicates whether the
infections are caused by lineage A, lineage B, or the two lineages combined. Darker and lighter shading represent
the 50% and 95% HPD, respectively. (B) The log ratio of lineage B to lineage A infections on 15 December 2019.
(C) Estimated number of hospitalizations, with column headers and shading identical to (A). (D) The log ratio of
lineage B to lineage A hospitalizations on 1 January 2020. The proportion of the posterior with more lineage B
infections or hospitalizations than lineage A in (B, D) is reported in the grey box.
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Figure B.28. Dynamics of SARS-CoV-2 resulting from separate introductions of lineages A and
B and a longer doubling time. The simulations used here have a doubling time of 4.45 days (95%: HDI:
1.50-7.44). Each row represents a different phylodynamic analysis, with the bottom three representing an enforced
ancestral haplotype. (A) Estimated number of infections. The header of each column indicates whether the
infections are caused by lineage A, lineage B, or the two lineages combined. Darker and lighter shading represent
the 50% and 95% HPD, respectively. (B) The log ratio of lineage B to lineage A infections on 15 December 2019.
(C) Estimated number of hospitalizations, with column headers and shading identical to (A). (D) The log ratio of
lineage B to lineage A hospitalizations on 1 January 2020. The proportion of the posterior with more lineage B
infections or hospitalizations than lineage A in (B, D) is reported in the grey box.
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Figure B.29. Single-introduction timing of the MRCA and primary case and
subsequent epidemic growth. (A) Posterior distributions of the timing of the MRCA
(tMRCA) and primary case (tPrimary), with dashed lines indicating the median and shading
representing the 95% HPD for each distribution. (B) Estimated number of infections in late
2019. Darker shading represents 50% HPD; lighter shading represents 95% HPD. (C) Estimated
number of hospitalizations in late 2019. The legend indicates the phylodynamic model used:
the unconstrained model uses just the SARS-CoV-2 genomes; the recCA-constrained model
constrains the ancestor of the MRCA of SARS-CoV-2 as the recCA; the remaining models
constrain the MRCA of SARS-CoV-2 as a particular sequence (Fig. B.20; see methods).
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Figure B.30. Schematic depicting the multiple zoonotic origin of SARS-CoV-2.
A recCA-like virus was circulating in bats, and likely after gaining the ability to bind ACE2,
jumped into an intermediate host. Therein, lineages A and B appeared and were separately
introduced into humans shortly thereafter. An example phylogeny of viruses in the intermediate
host is depicted, leading to separate phylogenies for lineages A and B. The resulting SARS-CoV-2
phylogeny from the combined lineage A and B viruses is presented in the black box. This scenario
depicts a lineage A ancestral haplotype. See Figure B.31 for intermediate and lineage B ancestral
haplotypes.
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Figure B.31. Rooting orientations of observed SARS-CoV-2 phylogenies resulting
from different MRCAs and multiple introductions from the intermediate host. See
Figure B.30 for host depictions. The haplotype of the MRCA (red square in the left-center panel)
is depicted in the upper left of each box.
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Appendix C

Supplemental Material for Chapter 3

C.1 Materials and Methods

C.1.1 Dataset compilation

For the animal sarbecovirus dataset we compiled a set of 167 whole-genome sequences of

the subgenus Sarbecovirus (available as of March 2022) sampled primarily in horseshoe bat hosts,

including reference genomes of the human viruses SARS-CoV-1 and SARS-CoV-2 and six pangolin-

infecting viruses. All sequences were publicly available as of October 2022 (Supplementary Data

File 1). Collection date, sampling location and host metadata associated with the sequences

were retrieved from the corresponding sequence databases and manually checked with the

published papers describing the sequences. For sequences where exact city/cave sampling

location information was provided a single longitude and latitude data point corresponding to

that location was recorded. For cases where only province-specific sampling information were

available a six point geographic location range encompassing each province was recorded. The

metadata for these 167 genomes are available in Supplementary Data File 1.

For the SARS-CoV-2 dataset, we used the 787 genomes and sampled 1,000 trees from the

posterior tree distribution from Pekar et al.145. For the SARS-CoV-1 dataset, we downloaded the

98 publicly available whole genomes of SARS-CoV-1 from humans and civets from Genbank, with

dates and locations matched by metadata or literature review: https://github.com/andersen-lab/

SARS-CoV-1 Evolution/blob/main/metadata extended.csv. A list of all accessions used in this

study are available in Supplementary Data File 2. All GISAID accessions are also available

through GISAID when using the identifier EPI SET 230410yb.
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C.1.2 Recombination analysis

The 167 whole-genome sequences were aligned using MAFFT (v7.453, localpair option)244

and manually curated using BioEdit245. To explore the recombination patterns of SARS-CoV-1-

like and SARS-CoV-2-like sarbecoviruses separately we selected a number of representatives from

each set of genomes on which to perform recombination analysis using the Genetic Algorithm for

Recombination Detection (GARD)143. The genome selection was made by first performing a

preliminary phylogenetic analysis of the relatedness between these genomes using the recombina-

tion breakpoints presented in Lytras et al. (2022)35. Based on the preliminary analysis, clusters

of genomes grouping with SARS-CoV-1 and SARS-CoV-2 for at least one of their genomic

segments and showing the same overall recombination pattern were manually identified and

one representative genome was selected from each cluster for the corresponding downstream

GARD analyses. For the SARS-CoV-2-like set, 19 genomes including the SARS-CoV-2 reference

Wuhan-Hu-1 were used in the GARD analysis. For the SARS-CoV-1-like set, 38 genomes

including the SARS-CoV-1 HSZ-Cc genome were used in the analysis (Supplementary Data File

1). The representative sequences for each set were retrieved from the full alignment and the

extended 3’ and 5’ ends were trimmed from each resulting subset alignment to reduce sequence

noise in the recombination analysis. GARD was performed for each subset alignment using

the HyPhy software suite v.2.5.29246 under a general time reversible (GTR) substitution model

and a 3-class general discrete distribution (GDD) to account for site-to-site rate variation. The

SARS-CoV-2-like GARD analysis finished with a total of 72 consecutive breakpoint models, while

the SARS-CoV-1-like analysis finished with 56. Based on these models, we accepted positions

as confident recombination breakpoints if they were present in at least 1/3 of the consecutive

models and breakpoints closer than 100 alignment positions to one another were merged. The

resulting breakpoint positions were mapped back to the full whole-genome alignment which

was subsequently split into the corresponding non-recombinant regions (NRR) for each set of

breakpoints. To avoid uninformative alignment regions biasing phylogenetic inferences, all NRR

alignments were processed using HMMCleaner247 before performing any downstream analyses.

The GARD breakpoint results for the SARS-CoV-2-like set have previously been used in Martin

et al. (2022)248.
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To separate all genomes into SARS-CoV-1-like and SARS-CoV-2-like viruses we first

inferred maximum likelihood phylogenies for every NRR alignment using IQ-TREE (v.1.4.4)249

under a GTR+I+F+G4 substitution model, assessing node support by performing 10,000

replicates of the ultrafast bootstrap approximation for each inference250. All trees were rooted by

the outgroup clade of sarbecovirus genomes sampled in Europe and Africa (accessions: NC 014470,

MZ190137, KY352407, MT726043, MT726044, MT726045, MZ190138, MW719567) and nodes

with ultrafast bootstrap support below 70 were collapsed using the ’ete3’ python package251.

Based on the resulting topologies, the viruses clustering monophyletically with SARS-CoV-2 but

not with SARS-CoV-1 for at least one of the SARS-CoV-2-like GARD NRR trees were placed in

the SARS-CoV-2-like viruses and vice versa for the SARS-CoV-1-like virus set. This led to two

non-independent sets of 27 SARS-CoV-2-like and 140 SARS-CoV-1-like genomes (each including

SARS-CoV-2 and SARS-CoV-1 respectively) used in the downstream dating and phylogeographic

analyses presented in the paper.

C.1.3 Comparison of breakpoint positions

Based on the GARD recombination analysis, 30 and 26 breakpoint positions were detected

for the two virus subgroups. Only one genome was used in both GARD sets (Supplementary Data

File 1), so overall breakpoint inferences are expected to represent independent recombination

patterns of known SARS-CoV-1-like and SARS-CoV-2-like viruses respectively. We calculated the

distances between the closest position pairs between the two breakpoint sets, resulting in 26 pair

distances (each SARS-CoV-2-like position matched with its closest SARS-CoV-1-like position).

To compare whether the pairs were more or less closely located than one would expect by chance,

we performed 100 simulations of position sets randomly sampled across the same alignment length

without replacement (one set with 26 positions and one with 30 for each simulation to match the

empirical data on the number of breakpoints). We then quantified the distances between closest

pairs in the simulated sets as done with the observed breakpoints. Both empirical and simulated

distances formed distributions with log-normal shapes, hence 90% confidence intervals and means

were estimated using Cox’s method for inferring log-normal confidence intervals252. Similarly,

the significantly closest observed breakpoint pairs were defined as those with distances below the
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one-tailed lower 90% confidence interval of the observed log-normal distance distribution.

C.1.4 Molecular clock calibration

There is insufficient data to inform a molecular clock when using tip dating with sarbe-

coviruses sampled from bats and pangolins136. To identify a suitable rate prior for each NRR

identified from the recombination analysis, we conducted a phylogenetic analysis of SARS-CoVs

sampled from humans.

Molecular clock calibration across the 27 inferred NRRs of the SARS-CoV-2-like viruses

was conducted using a Bayesian approach with BEAST v1.10.5253. We inferred the substitution

rate of SARS-CoV-2 across each of these NRRs by using an empirical tree distribution (n=1,000)

from our previously published Bayesian phylogenetic analysis of 787 early pandemic genomes

(Supplementary Data File 2), sharing the topologies and substitution models across all the NRRs,

but assuming an independent and estimable strict clock rate under an uninformative continuous-

time Markov chain (CTMC) rate prior254 for each NRR. We ran one Markov chain Monte

Carlo (MCMC) chain of one million generations, subsampling every one thousand iterations to a

continuous parameter log file. The first 15% of the chains were discarded as burn-in. Convergence

and mixing was assessed in Tracer v1.7.1255 and all relevant effective sample size (ESS) values

were >200.

To calibrate the molecular clock for the SARS-CoV-1-like viruses analysis, we first

performed Bayesian phylogenetic inference on 98 human and civet SARS-CoV-1 genomes (Sup-

plementary Data File 2), using an HKY85 substitution model with a gamma site heterogeneity

model and 4 gamma categories (G4), a strict molecular clock, and an exponential growth coa-

lescent prior. We ran a single chain of 100 million generations, subsampling every 10 thousand

iterations to a continuous parameter log and tree files. We next inferred the substitution rate of

SARS-CoV-1 across the 31 inferred NRRs of the SARS-CoV-1-like viruses by using an empirical

tree distribution (n=1,000) from these results, sharing the topologies and substitution models

across all the NRRs, with independent and estimable clock rates under CTMC rate priors.

We ran one chain of one million generations, subsampling every one hundred iterations to a

continuous parameter log file. For each step of the inference, the first 15% of the chains were
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discarded as burn-in. Convergence and mixing was assessed in Tracer and all relevant effective

sample size (ESS) values were >200.

C.1.5 Bayesian divergence time estimation

We used BEAST to perform phylogenetic inference and ancestral state reconstruction

across the 27 NRRs of the SARS-CoV-2-like viruses. For the primary analysis (Fig. C.2), we used

all of the 27 SARS-CoV-2-like genomes (including SARS-CoV-2), an uncorrelated relaxed clock

using calibrated region-specific normally-distributed substitution rate priors for each NRR based

on SARS-CoV-2 sampled from humans, a GTR+G4 substitution model, a non-parametric skygrid

prior256 with 49 grid points and a cutoff of 1,000 (which translates to 1022 CE), and Hamiltonian

Monte Carlo gradient-based sampling for node ages and branch rates257;258. Specifically, we set

the mean and standard deviation of the rate prior for each NNR to equal the posterior mean

and standard deviation estimated during molecular clock calibration with SARS-CoV-2 genomes.

We tracked the stem age of SARS-CoV-2 (i.e., where SARS-CoV-2 connects to the rest of the

phylogeny, also referred to as the time of the closest-inferred ancestor, with the parent node of

SARS-CoV-2 referred to as the closest-inferred ancestor). For each NRR, we ran one chain of

10 million generations, subsampling every one thousand iterations to continuous parameter log

and tree files. The first 15% of the chain was discarded as burn-in for most of the analyses; for

several analyses we had to discard a greater percentage of the chain to account for poor initial

mixing. Convergence and mixing was assessed in Tracer, and all relevant ESS values were >200.

We performed the same analysis for the SARS-CoV-1-like viruses for its 31 NRRs, using

all of the 140 SARS-CoV-1-like genomes (including SARS-CoV-1). The BEAST parameterization

was identical to the analysis for the SARS-CoV-2-like viruses, except we32 tracked the stem

age of SARS-CoV-1 (i.e., the time of the closest-inferred ancestor of SARS-CoV-1),33 used the

relevant calibrated molecular clock priors for the 31 NRRs of the SARS-CoV-1-like viruses, and34

ran one chain of 100 million generations, sub-sampling every 10 thousand iterations to continuous

parameter log and tree files.
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C.1.6 Bayesian divergence time estimation sensitivity analyses

We performed a series of sensitivity analyses for the Bayesian divergence time estimation:

(i) dividing the standard deviation of the molecular clock prior by 5, (ii) dividing the standard

deviation of the molecular clock prior by 10, and (iii) including an additional human SARS-CoV-1

genome and a civet SARS-CoV-1 genome in the SARS-CoV-1-like viruses analyses. For (iii) , SZ3

(AY304486) was selected as representative of the earliest sampled detection in the intermediate

animal reservoir (market-based civets). HZS2-C (AY394992) was selected to represent the early

stages of the human epidemic from late January 2003 onwards.

C.1.7 Constructing the recombinant common ancestor

For each NRR of the SARS-CoV-2-like viruses, we reconstructed the most likely nucleotide

sequence belonging to the parent node of SARS-CoV-2 based on the tree distribution from the

primary Bayesian divergence time estimation (Fig. C.2). The most likely nucleotide sequences

for the 27 NRRs are then concatenated to form the recombinant common ancestor (recCA) of

SARS-CoV-2.

To analyze how the recCA changed as more genomes were released, we constructed the

recCA of SARS-CoV-2 as the genomes of closely related sarbecoviruses were chronologically

published. We performed ancestral state reconstruction using the posterior trees with all 27 taxa.

We then identified the inferred sequence of the most recent common ancestor of SARS-CoV-2 and

its most closely related taxa based on the published genomes as new genomes were sequenced. We

then examined the genetic similarity of the recCA, as well as the most closely related published

genome, to SARS-CoV-2 as a function of the publication date. The same analysis was performed

for SARS-CoV-1 and the SARS-CoV-1-like viruses.

C.1.8 Bayesian phylogeographic inference

We inferred the evolutionary and geographic history of the 27 NRRs of the SARS-

CoV-2-like viruses with BEAST and using the BEAGLE library v3 to increase computational

performance259. In order to optimally inform a flexible phylogeographic reconstruction approach,

we jointly fit a bivariate continuous diffusion model using a shared estimable precision matrix
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across all independent random NRRs phylogenies, rescaling this matrix across branches in each

tree to model a relaxed random walk (RRW)260. All branch-specific RRW rate scalars are drawn

from the same log-normal distribution with a mean of 1 and an estimable standard deviation. In

the continuous phylogeographic diffusion model, we exclude the sampling locations for the human

and pangolin viruses and integrate over the uncertainty for locations that lack precision. As a tree

prior, we specify a joint non-parametric skygrid prior with 49 grid points and a cutoff of 1,000

(which translates to 1022 CE) or a cutoff of 0.5 substitutions per site for trees scaled in units of

genetic distance (see below). We further specify a joint HKY85 nucleotide substitution model

across NRRs and independent strict molecular clock models; these relatively simple sequence

evolutionary parameterizations were chosen to meet the requirements for the Prisoner of War

(PoW) model138 to rescale the evolutionary histories (see below). We perform two versions of this

analysis (Fig. C.2): one with the clock rate priors also used in the previously described divergence

time estimation to estimate the trees in units of time and one with clock rates fixed to 1 and

contemporaneous tips in order to estimate trees in substitution units for PoW transformation.

We ran two chains of 500 million generations, subsampling every 10 thousand iterations to

continuous parameter log and tree files; the first 10% of the chain was discarded as burn-in.

Convergence and mixing was assessed in Tracer, and all relevant ESS values were >200.

We performed the same analysis for the SARS-CoV-1-like virus set for its 31 NRRs. The

BEAST parameterization was identical to the analysis for the SARS-CoV-2-like viruses, but here

we use the rate priors with standard deviations divided by 5. We ran 10 chains for > 200 million

generations, subsampling every 500 thousand iterations to continuous parameter log and tree

files; the first 10% of the chain was discarded as burn-in. Convergence and mixing was assessed

in Tracer, and all relevant ESS values were >200.

To account for the time-dependent decline in the evolutionary rate estimates of sarbe-

coviruses, we applied the PoW model, a mechanistic evolutionary method for estimating virus

substitution rates over long evolutionary timescales. For this, we used the post-burn-in substitu-

tion trees inferred from the previous step along with the posterior rate distributions for each

NRR of the SARS-CoV-1-like viruses and the SARS-CoV-2-like viruses to rescale substitution

trees into time trees using the PoW transformation (see ref Ghafari et al.138 for more details on
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the method).

We used TreeAnnotator 1.10253 to obtain and annotate a maximum clade credibility

(MCC) tree for each continuous phylogeographic reconstruction. Finally, we used the R package

‘seraphim’261 to extract the spatiotemporal information embedded within 100 trees sampled

from each post-burn-in posterior distribution and to visualize the different phylogeographic

reconstructions. For each NRR, we estimated the weighted diffusion coefficients152 with the

‘spreadStatistics’ function of the R package ‘seraphim’261.

As a sensitivity analysis, we repeated these phylogeographic analyses using the sampled

locations of the pangolin and human viruses.

C.1.9 Ranking the dispersal velocity of the lineage descending from the
closest-inferred ancestor

Using the posterior tree distribution from the tip-dated phylogeography that excluded

the human and pangolin viruses, we calculated the dispersal velocity across each branch of each

post-burn-in posterior tree in the 50 years preceding the most recent tip, excluding the branches

leading to the human or pangolin viruses (or their clades, if the clade was entirely composed of

pangolin and human viruses). These dispersal velocities were pooled for each NRR, resulting in

a dispersal velocity distribution per NRR. We next computed the minimum distance between

the closest-inferred ancestor and Guangdong province or Hubei province for SARS-CoV-1 or

SARS-CoV-2, respectively. The necessary dispersal velocity for the closest-inferred ancestor to

reach either Guangdong or Hubei province was calculated using this minimum distance and the

branch leading to, respectively, SARS-CoV-1 or SARS-CoV-2 (i.e., the time between closest-

inferred ancestor and the SARS-CoV). We then computed the rank of this dispersal velocity by

comparing it against the dispersal velocity distribution of the given NRR, resulting in a posterior

distribution of dispersal velocity ranks for the lineages descending from the closest-inferred

ancestors of SARS-CoV-1 and SARS-CoV-2 to reach their provinces of emergence.

C.1.10 Modeling of bat distributions

Our bat distribution database comprised of the data used in recently published studies262,

recent Global Diversity Information Facility (GBIF) data263;264, and the Darkcide database265.
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The Darkcide database included recent data collected by bioacoustic surveys in Chiang Mai and

Kanchanaburi in Thailand by A.C. Hughes using an echometer Pro, and multiple published

datasets262–264;266–274. The data was integrated as we attempt to keep the database complete, even

if not all data is used within our particular study. All Rhinolophid species, as well as Chaerephon

plicatus and Aselliscus stoliczkanus were extracted from the dataset, and then the dataset was

clipped to Southeast Asia (India to the West, Mongolia to the North, Japan to the East and

Malaysia to the South) to buffer the region of interest with distribution data. Once all duplicate

records had been removed, the clipped data for Rhinolophids included 10,254 distribution points

for all species across the region, in addition to 235 records for A. stoliczkanus and 108 for C.

plicatus. For environmental data, we based variable selection on those used in Zhou et al. (2021)262

and known from our previous work to be important to bats in the region275;276. All analysis was

conducted in ArcMap 10.8 (ESRI) at a resolution of 0.008o, which is approximately 1km2, and

all layers were clipped and subsampled to the same resolution using a mask. Climate variables

were downloaded from Chelsa277(available at https://chelsa-climate.org/downloads/) based on

a selection from our previous analyses (the bioclimatic variables: Annual Mean Temperature,

Mean Diurnal temperature Range, Isothermality, Temperature Seasonality, Maximum and

Minimum Temperature, Annual Precipitation, Precipitation seasonality, Maximum and Minimum

precipitation)275;276. From Envirem (https://envirem.github.io/) we used the Thornthwaite

Aridity index, climate moisture index, continentality, embergers pluviothermic quotient, growing

degree days above 0, and both annual mean potential evapotranspiration and seasonality of

potential evapotranspiration. In addition we used actual evapotranspiration278(Trabusco &

Zomer 2019), a vegetation canopy height layer279, forest canopy height280, tree density281,

distance to bedrock282(the bdticm and bdricm aggregated grids available at https://github.com/

ISRICWorldSoil/SoilGrids250m/), and bulk carbon stock282. These were all trimmed to the

same region that bat data was clipped to and then species distributions were modelled using

Maxent283 using the GUI following the same approach as Hughes et al. (2012)275. For each

species, three replicates were run and the average was used. These probabilistic distribution

maps were then reclassified using the 10th percentile cumulative logistic threshold to produce a

binary presence-absence map with ArcMap 10.8, and all models had an AUC exceeding 0.85. The
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models were then clipped to the study region, and any Rhinolophids with no modelled suitable

habitat in the clipped study area were removed from analysis. As the projections show suitable

habitat but do not account for species biogeography we then cross-checked the 40 remaining

Rhinolophid maps against the IUCN database (https://www.iucnredlist.org/), and species not

listed were checked against relevant publications on the species. Based on the IUCN mapped

ranges species endemic to Japan, or species not found in Japan or at similar latitudes (areas of

the South Korean Peninsula are climatically suitable for a number of species, but lack continuous

habitat to reach these regions if largely distributed in Southeast Asia) were then clipped to

the biogeographically suitable range. The binary maps were then stacked using the Mosaic

to New Raster function in ArcMap 10.8 to find the maximum number of species that may be

co-distributed.

C.1.11 Data and Code Availability

All genome accessions are available in Supplementary Data File 2. Supplementary Data

Files 1 and 2 are available at https://www.biorxiv.org/content/10.1101/2023.07.12.548617v1.

The XML files, code, and newick trees are available at https://github.com/phylogeography/

sarbecovirus phylogeography.
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C.2 Supplementary Tables

Table C.1. Posterior clock rates across each NRR from the clock calibration using SARS-CoV-1
genomes and Bayesian divergence time analyses of SARS-CoV-1-like viruses. The clock calibration
posterior results are used as a prior for the Bayesian divergence time analyses, with the standard
deviation of the clock calibration results varying across the analyses.

NRR
Clock calibration
posterior rate

Bayesian divergence time estimation
Primary analysis Robustness analysis

(Clock
calibration-centred

prior)

(Clock
calibration-centred

prior with stdev / 5)

(Clock
calibration-centred

prior with stdev / 10)

1 2.06e-03 (3.81e-04)
1.35e-03

(1.01e-03, 1.72e-03)
2.00e-03

(1.86e-03, 2.14e-03)
2.04e-03

(1.97e-03, 2.12e-03)

2 1.21e-03 (3.74e-04)
8.36e-04

(4.88e-04, 1.23e-03)
1.18e-03

(1.04e-03, 1.31e-03)
1.20e-03

(1.13e-03, 1.27e-03)

3 1.22e-03 (5.34e-04)
1.09e-03

(6.95e-04, 1.54e-03)
1.20e-03

(1.02e-03, 1.40e-03)
1.22e-03

(1.12e-03, 1.32e-03)

4 2.55e-03 (6.45e-04)
1.36e-03

(9.69e-04, 1.84e-03)
2.41e-03

(2.18e-03, 2.65e-03)
2.51e-03

(2.38e-03, 2.64e-03)

5 1.61e-03 (3.77e-04)
1.19e-03

(8.63e-04, 1.57e-03)
1.57e-03

(1.43e-03, 1.70e-03)
1.60e-03

(1.53e-03, 1.67e-03)

6 2.04e-03 (5.27e-04)
1.06e-03

(7.43e-04, 1.45e-03)
1.93e-03

(1.74e-03, 2.13e-03)
2.01e-03

(1.91e-03, 2.11e-03)

7 2.23e-03 (6.06e-04)
1.35e-03

(9.29e-04, 1.80e-03)
2.12e-03

(1.90e-03, 2.34e-03)
2.20e-03

(2.09e-03, 2.32e-03)

8 1.85e-03 (4.05e-04)
1.07e-03

(7.53e-04, 1.43e-03)
1.79e-03

(1.65e-03, 1.95e-03)
1.84e-03

(1.76e-03, 1.91e-03)

9 2.53e-03 (6.94e-04)
2.03e-03

(1.29e-03, 2.77e-03)
2.46e-03

(2.21e-03, 2.74e-03)
2.51e-03

(2.38e-03, 2.65e-03)

10 2.09e-03 (8.46e-04)
1.54e-03

(9.50e-04, 2.22e-03)
2.01e-03

(1.71e-03, 2.31e-03)
2.06e-03

(1.91e-03, 2.23e-03)

11 2.34e-03 (4.53e-04)
1.16e-03

(8.38e-04, 1.55e-03)
2.25e-03

(2.09e-03, 2.43e-03)
2.31e-03

(2.23e-03, 2.40e-03)

12 1.15e-03 (2.49e-04)
6.43e-04

(4.57e-04, 8.42e-04)
1.10e-03

(1.00e-03, 1.19e-03)
1.13e-03

(1.09e-03, 1.18e-03)

13 1.16e-03 (2.50e-04)
8.09e-04

(5.40e-04, 1.09e-03)
1.13e-03

(1.04e-03, 1.23e-03)
1.15e-03

(1.11e-03, 1.20e-03)

14 9.28e-04 (2.96e-04)
7.70e-04

(4.91e-04, 1.09e-03)
9.08e-04

(8.04e-04, 1.02e-03)
9.23e-04

(8.66e-04, 9.81e-04)

15 1.03e-03 (3.03e-04)
9.13e-04

(5.93e-04, 1.27e-03)
1.03e-03

(9.19e-04, 1.15e-03)
1.03e-03

(9.70e-04, 1.09e-03)

16 1.61e-03 (3.32e-04)
1.13e-03

(8.28e-04, 1.50e-03)
1.57e-03

(1.45e-03, 1.70e-03)
1.60e-03

(1.54e-03, 1.66e-03)
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Table C.1, cont. Posterior clock rates across each NRR from the clock calibration using
SARS-CoV-1 genomes and Bayesian divergence time analyses of SARS-CoV-1-like viruses. The
clock calibration posterior results are used as a prior for the Bayesian divergence time analyses,
with the standard deviation of the clock calibration results varying across the analyses.

NRR
Clock calibration
posterior rate

Bayesian divergence time estimation
Primary analysis Robustness analysis

(Clock
calibration-centred

prior)

(Clock
calibration-centred

prior with stdev / 5)

(Clock
calibration-centred

prior with stdev / 10)

17 1.87e-03 (4.33e-04)
1.56e-03

(1.13e-03, 2.04e-03)
1.83e-03

(1.68e-03, 2.00e-03)
1.87e-03

(1.78e-03, 1.95e-03)

18 1.08e-03 (4.71e-04)
1.18e-03

(7.70e-04, 1.66e-03)
1.13e-03

(9.54e-04, 1.31e-03)
1.09e-03

(1.00e-03, 1.18e-03)

19 1.99e-03 (5.10e-04)
1.13e-03

(7.41e-04, 1.59e-03)
1.91e-03

(1.72e-03, 2.09e-03)
1.97e-03

(1.88e-03, 2.07e-03)

20 2.21e-03 (7.49e-04)
1.42e-03

(9.18e-04, 2.04e-03)
2.11e-03

(1.85e-03, 2.39e-03)
2.18e-03

(2.04e-03, 2.32e-03)

21 3.38e-03 (6.44e-04)
1.56e-03

(1.18e-03, 2.02e-03)
3.24e-03

(3.02e-03, 3.50e-03)
3.35e-03

(3.22e-03, 3.47e-03)

22 3.38e-03 (7.33e-04)
1.74e-03

(1.18e-03, 2.34e-03)
3.24e-03

(2.99e-03, 3.54e-03)
3.34e-03

(3.21e-03, 3.49e-03)

23 4.00e-03 (1.05e-03)
2.98e-03

(2.05e-03, 4.22e-03)
3.86e-03

(3.47e-03, 4.26e-03)
3.97e-03

(3.77e-03, 4.16e-03)

24 2.08e-03 (5.97e-04)
1.70e-03

(1.09e-03, 2.45e-03)
2.04e-03

(1.82e-03, 2.27e-03)
2.07e-03

(1.96e-03, 2.19e-03)

25 2.80e-03 (5.11e-04)
1.49e-03

(1.14e-03, 1.94e-03)
2.70e-03

(2.52e-03, 2.90e-03)
2.78e-03

(2.68e-03, 2.87e-03)

26 3.15e-03 (9.71e-04)
1.75e-03

(1.21e-03, 2.40e-03)
2.96e-03

(2.62e-03, 3.31e-03)
3.10e-03

(2.92e-03, 3.29e-03)

27 3.78e-03 (8.66e-04)
2.07e-03

(1.43e-03, 2.89e-03)
3.66e-03

(3.35e-03, 4.00e-03)
3.75e-03

(3.59e-03, 3.92e-03)

28 2.41e-03 (6.81e-04)
1.83e-03

(1.18e-03, 2.59e-03)
2.36e-03

(2.11e-03, 2.61e-03)
2.40e-03

(2.27e-03, 2.53e-03)

29 3.22e-03 (8.02e-04)
2.02e-03

(1.42e-03, 2.69e-03)
3.10e-03

(2.81e-03, 3.41e-03)
3.19e-03

(3.04e-03, 3.35e-03)

30 6.63e-03 (1.71e-03)
2.68e-03

(1.72e-03, 3.77e-03)
6.28e-03

(5.66e-03, 6.91e-03)
6.54e-03

(6.21e-03, 6.87e-03)

31 2.88e-03 (4.98e-04)
1.81e-03

(1.34e-03, 2.34e-03)
2.81e-03

(2.62e-03, 3.00e-03)
2.87e-03

(2.77e-03, 2.96e-03)

181



Table C.2. Posterior clock rates across each NRR from the clock calibration using SARS-CoV-2
genomes and Bayesian divergence time analyses of SARS-CoV-2-like viruses. The clock calibration
posterior results are used as a prior for the Bayesian divergence time analyses, with the standard
deviation of the clock calibration results varying across the analyses.

NRR
Clock calibration
posterior rate

Bayesian divergence time estimation
Primary analysis Robustness analysis

(Clock
calibration-centred

prior)

(Clock
calibration-centred

prior with stdev / 5)

(Clock
calibration-centred

prior with stdev / 10)

1 1.35e-03 (3.26e-04)
1.27e-03

(8.12e-04, 1.82e-03)
1.34e-03

(1.22e-03, 1.47e-03)
1.35e-03

(1.29e-03, 1.41e-03)

2 1.06e-03 (2.65e-04)
1.16e-03

(7.24e-04, 1.77e-03)
1.07e-03

(9.63e-04, 1.17e-03)
1.06e-03

(1.01e-03, 1.11e-03)

3 2.03e-03 (7.07e-04)
2.06e-03

(1.07e-03, 3.36e-03)
2.03e-03

(1.78e-03, 2.31e-03)
2.03e-03

(1.90e-03, 2.17e-03)

4 1.23e-03 (2.49e-04)
1.26e-03

(8.19e-04, 1.79e-03)
1.24e-03

(1.14e-03, 1.33e-03)
1.23e-03

(1.18e-03, 1.28e-03)

5 1.38e-03 (3.62e-04)
1.16e-03

(6.66e-04, 1.74e-03)
1.37e-03

(1.24e-03, 1.52e-03)
1.38e-03

(1.31e-03, 1.45e-03)

6 1.01e-03 (3.14e-04)
1.15e-03

(5.63e-04, 2.06e-03)
1.01e-03

(8.91e-04, 1.14e-03)
1.01e-03

(9.47e-04, 1.07e-03)

7 8.65e-04 (2.77e-04)
9.62e-04

(5.17e-04, 1.62e-03)
8.70e-04

(7.64e-04, 9.74e-04)
8.66e-04

(8.13e-04, 9.22e-04)

8 6.21e-04 (2.18e-04)
6.95e-04

(2.91e-04, 1.27e-03)
6.24e-04

(5.39e-04, 7.11e-04)
6.22e-04

(5.81e-04, 6.67e-04)

9 7.17e-04 (1.33e-04)
7.55e-04

(5.30e-04, 1.04e-03)
7.19e-04

(6.64e-04, 7.69e-04)
7.18e-04

(6.93e-04, 7.43e-04)

10 9.02e-04 (2.24e-04)
9.22e-04

(5.52e-04, 1.40e-03)
9.04e-04

(8.20e-04, 9.95e-04)
9.02e-04

(8.59e-04, 9.44e-04)

11 1.21e-03 (2.79e-04)
1.04e-03

(6.73e-04, 1.50e-03)
1.20e-03

(1.09e-03, 1.31e-03)
1.21e-03

(1.15e-03, 1.26e-03)

12 4.99e-04 (1.07e-04)
5.23e-04

(3.30e-04, 7.64e-04)
5.00e-04

(4.58e-04, 5.41e-04)
4.99e-04

(4.78e-04, 5.20e-04)

13 1.08e-03 (4.80e-04)
1.23e-03

(4.32e-04, 2.49e-03)
1.09e-03

(9.07e-04, 1.28e-03)
1.08e-03

(9.93e-04, 1.18e-03)

14 7.29e-04 (2.10e-04)
6.33e-04

(3.65e-04, 9.72e-04)
7.24e-04

(6.41e-04, 8.08e-04)
7.28e-04

(6.89e-04, 7.70e-04)

15 8.75e-04 (1.47e-04)
8.52e-04

(5.89e-04, 1.15e-03)
8.75e-04

(8.18e-04, 9.32e-04)
8.75e-04

(8.45e-04, 9.02e-04)

16 8.80e-04 (1.65e-04)
8.67e-04

(5.71e-04, 1.22e-03)
8.80e-04

(8.16e-04, 9.44e-04)
8.80e-04

(8.49e-04, 9.11e-04)
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Table C.2, cont. Posterior clock rates across each NRR from the clock calibration using
SARS-CoV-2 genomes and Bayesian divergence time analyses of SARS-CoV-2-like viruses. The
clock calibration posterior results are used as a prior for the Bayesian divergence time analyses,
with the standard deviation of the clock calibration results varying across the analyses.

NRR
Clock calibration
posterior rate

Bayesian divergence time estimation
Primary analysis Robustness analysis

(Clock
calibration-centred

prior)

(Clock
calibration-centred

prior with stdev / 5)

(Clock
calibration-centred

prior with stdev / 10)

17 1.18e-03 (2.79e-04)
1.05e-03

(6.46e-04, 1.52e-03)
1.17e-03

(1.07e-03, 1.29e-03)
1.18e-03

(1.12e-03, 1.23e-03)

18 8.73e-04 (1.76e-04)
8.15e-04

(5.44e-04, 1.13e-03)
8.70e-04

(8.05e-04, 9.39e-04)
8.72e-04

(8.39e-04, 9.08e-04)

19 8.59e-04 (2.21e-04)
9.32e-04

(5.41e-04, 1.40e-03)
8.60e-04

(7.74e-04, 9.50e-04)
8.59e-04

(8.19e-04, 9.04e-04)

20 7.75e-04 (2.17e-04)
8.62e-04

(4.15e-04, 1.39e-03)
7.77e-04

(6.97e-04, 8.68e-04)
7.76e-04

(7.33e-04, 8.19e-04)

21 1.12e-03 (2.26e-04)
1.15e-03

(7.77e-04, 1.65e-03)
1.12e-03

(1.03e-03, 1.21e-03)
1.12e-03

(1.07e-03, 1.16e-03)

22 9.35e-04 (2.23e-04)
9.35e-04

(5.56e-04, 1.44e-03)
9.36e-04

(8.52e-04, 1.03e-03)
9.35e-04

(8.92e-04, 9.77e-04)

23 1.28e-03 (2.81e-04)
1.21e-03

(7.72e-04, 1.73e-03)
1.28e-03

(1.17e-03, 1.38e-03)
1.28e-03

(1.23e-03, 1.33e-03)

24 1.19e-03 (1.79e-04)
1.25e-03

(8.86e-04, 1.62e-03)
1.19e-03

(1.12e-03, 1.26e-03)
1.19e-03

(1.15e-03, 1.22e-03)

25 1.38e-03 (3.73e-04)
1.58e-03

(9.14e-04, 2.41e-03)
1.39e-03

(1.25e-03, 1.55e-03)
1.38e-03

(1.31e-03, 1.46e-03)

26 1.52e-03 (4.54e-04)
1.28e-03

(7.00e-04, 1.94e-03)
1.50e-03

(1.35e-03, 1.69e-03)
1.52e-03

(1.43e-03, 1.61e-03)

27 1.74e-03 (2.88e-04)
1.69e-03

(1.22e-03, 2.25e-03)
1.74e-03

(1.63e-03, 1.85e-03)
1.74e-03

(1.69e-03, 1.80e-03)
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Table C.3. Posterior times (median and 95% HPD) of the closest-inferred ancestor of SARS-
CoV-1 across each NRR. The SARS-CoV-1 clock calibration posterior serves as a prior for the
analyses, with the standard deviation of the clock calibration results varying across the analyses
and one analysis having an one additional civet SARS-CoV-1 genome and one additional human
SARS-CoV-1 genome.

NRR
Primary analysis Robustness analyses

Clock
calibration-centred

prior

Clock
calibration-centred
prior with stdev / 5

Clock
calibration-centred

prior with stdev / 10

Clock
calibration-centred

prior with
additional genomes

1 1996 (1990-2000) 1998 (1994-2001) 1998 (1994-2001) 1995 (1989-2000)

2 1992 (1980-2000) 1996 (1991-2001) 1997 (1991-2001) 1991 (1978-1999)

3 1991 (1972-2001) 1991 (1974-2001) 1991 (1975-2001) 1987 (1969-1999)

4 1993 (1982-2002) 1998 (1991-2002) 1998 (1991-2002) 1993 (1981-2000)

5 1994 (1987-2000) 1997 (1990-2001) 1997 (1991-2001) 1994 (1986-2000)

6 1999 (1993-2002) 2000 (1997-2002) 2001 (1997-2002) 2001 (1997-2002)

7 2001 (1997-2002) 2001 (1998-2002) 2001 (1998-2002) 1999 (1994-2002)

8 1985 (1960-2000) 1999 (1994-2002) 1999 (1994-2002) 1984 (1960-1999)

9 1984 (1962-2001) 1987 (1960-2002) 1988 (1971-2001) 1976 (1952-1996)

10 1999 (1993-2002) 2000 (1994-2002) 2000 (1994-2002) 1997 (1990-2002)

11 2000 (1995-2002) 2001 (1998-2002) 2001 (1998-2002) 1999 (1994-2002)

12 1995 (1986-2001) 1999 (1994-2002) 1999 (1994-2002) 1997 (1989-2001)

13 1997 (1986-2002) 2000 (1995-2002) 2000 (1995-2002) 1997 (1987-2001)

14 2001 (1998-2002) 2001 (1999-2002) 2001 (1999-2002) 2000 (1995-2002)

15 1992 (1977-2001) 1969 (1930-1998) 1974 (1930-2001) 1970 (1925-1997)

16 1999 (1993-2002) 2000 (1997-2002) 2000 (1995-2002) 1998 (1991-2002)

17 1997 (1991-2001) 1998 (1994-2002) 1992 (1980-2001) 1991 (1977-2000)

18 1989 (1971-2000) 1986 (1961-1999) 1988 (1969-1999) 1989 (1972-1999)

19 1963 (1934-1985) 1980 (1963-1992) 1980 (1964-1991) 1963 (1934-1984)

20 1978 (1953-1998) 1985 (1966-2001) 1986 (1965-2001) 1979 (1952-1997)

21 1977 (1948-1995) 1989 (1967-2001) 1989 (1968-2001) 1975 (1947-1995)

22 1979 (1940-2000) 1988 (1963-2001) 1989 (1962-2002) 1980 (1952-1997)

23 1991 (1966-2002) 1995 (1975-2002) 1994 (1975-2002) 1989 (1941-2002)

24 1999 (1989-2002) 2000 (1992-2002) 2000 (1992-2002) 1996 (1969-2002)

25 1999 (1995-2002) 2000 (1996-2002) 2000 (1996-2002) 1998 (1994-2001)

26 2000 (1995-2002) 2001 (1997-2002) 2001 (1997-2002) 1996 (1986-2002)

27 2000 (1994-2002) 2000 (1996-2002) 2000 (1997-2002) 1998 (1989-2001)

28 1999 (1992-2002) 1999 (1994-2002) 1999 (1994-2002) 1998 (1990-2002)

29 1996 (1986-2002) 1998 (1990-2002) 1998 (1991-2002) 1994 (1984-2001)

30 1989 (1945-2002) 1996 (1971-2002) 1996 (1969-2002) 1982 (1863-2001)

31 2001 (1999-2002) 2001 (2000-2002) 2001 (2000-2002) 2000 (1997-2002)
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Table C.4. Posterior times (median and 95% HPD) of the closest-inferred ancestor of SARS-
CoV-2 across each NRR. The SARS-CoV-2 clock calibration posterior serves as a prior for the
analyses, with the standard deviation of the clock calibration results varying across the analyses.

NRR
Primary analysis Robustness analyses

Clock
calibration-centred

prior

Clock
calibration-centred
prior with stdev / 5

Clock
calibration-centred

prior with stdev / 10

1 2011 (2006-2015) 2012 (2007-2015) 2012 (2008-2015)

2 2013 (2007-2017) 2012 (2007-2016) 2012 (2008-2016)

3 2017 (2014-2019) 2017 (2014-2019) 2017 (2014-2019)

4 2010 (2000-2017) 2010 (2002-2016) 2010 (2002-2017)

5 2013 (2008-2017) 2014 (2010-2018) 2014 (2010-2017)

6 2015 (2009-2019) 2015 (2009-2018) 2015 (2010-2019)

7 2014 (2008-2018) 2013 (2009-2017) 2013 (2009-2017)

8 2004 (1979-2016) 2002 (1984-2014) 2003 (1984-2014)

9 1994 (1978-2004) 1992 (1981-2001) 1992 (1981-2001)

10 2008 (1997-2016) 2008 (1999-2016) 2008 (1997-2015)

11 2010 (2004-2014) 2011 (2007-2014) 2011 (2007-2014)

12 1997 (1976-2011) 1996 (1979-2009) 1996 (1979-2009)

13 2010 (1984-2019) 2010 (1989-2019) 2010 (1991-2019)

14 1997 (1982-2007) 1999 (1991-2005) 1999 (1991-2005)

15 2012 (2007-2015) 2012 (2008-2015) 2012 (2008-2015)

16 2003 (1993-2010) 2003 (1996-2009) 2003 (1995-2008)

17 2012 (2006-2017) 2013 (2008-2017) 2013 (2008-2017)

18 2004 (1996-2010) 2005 (2000-2009) 2005 (1999-2009)

19 2012 (2005-2017) 2011 (2006-2016) 2011 (2006-2016)

20 2004 (1988-2014) 2002 (1991-2011) 2002 (1991-2011)

21 1992 (1977-2003) 1991 (1980-2000) 1991 (1980-1999)

22 1982 (1946-2007) 1982 (1955-2004) 1982 (1955-2004)

23 1989 (1969-2007) 1991 (1978-2006) 1990 (1977-2005)

24 1992 (1981-2001) 1991 (1984-1997) 1991 (1983-1997)

25 2006 (1993-2015) 2004 (1993-2013) 2004 (1994-2013)

26 2009 (2000-2016) 2010 (2004-2016) 2010 (2004-2016)

27 2013 (2008-2016) 2013 (2008-2016) 2013 (2008-2016)
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Table C.5. Comparison of the weighted diffusion coefficient and isolation-by-distance signal
estimated for different data sets of viral genomes. The isolation-by-distance (IBD) signal has
been estimated by computing the Spearman correlation coefficient (rS) between the patristic and
great-circle geographic distances computed for each pair of virus samples. For each data set and
metric, we report both the posterior median estimate and the 95% HPD interval. (*) estimates
based on the combined analysis of lineages L1 and L3. (**) estimates obtained while only
considering phylogenetic branches occurring less than 50 years ago and bat samples, but similar
results are obtained when considering branches occurring less than 75 years ago (2839 km2/year
[1595, 4558] for SARS-CoV-1-like viruses, and 2536 km2/year [638, 6089] for SARS-CoV-2-like
viruses) or when considering all samples for SARS-CoV-1-like viruses (3030 km2/year [1965,
4668]). When considering all samples for SARS-CoV-2-like viruses, we however obtain a higher
estimate for the weighted diffusion coefficient, but with heavily overlapping confidence intervals
and the same order of magnitude (3817 km2/year [1824, 6929]).

Data set
Weighted diffusion

coefficient (km2/year)
IBD signal (rS)

Number of
samples

Reference

Porcine deltacoronavirus, China 26093 [17312, 37020] -0.02 [-0.07, 0.05] 97 He et al. (2020)

Getah virus, China 24930 [17612, 35504] 0.06 [0.00, 0.14] 125 Zhao et al. (2023)

West Nile virus, North America 58757 [55115, 62060] 0.00 [-0.02, 0.03] 801 Dellicour et al. (2020)

Lassa virus, segment S, Africa 42 [38, 49] 0.68 [0.64, 0.72] 254 Klitting et al. (2022)

Rabies virus (bats)*, Peru 1416 [1105, 1852] 0.73 [0.55, 0.83] 260 Streicker et al. (2016)

Rabies virus (skunks), USA 580 [475, 676] 0.49 [0.48, 0.60] 241 Kuzmina et al. (2013)

SARS-CoV-1-like viruses (bats) 2884 [1654, 4358]** 0.45 [0.36, 0.59] 134 (present study)

SARS-CoV-2-like viruses (bats) 2050 [233, 5470]** 0.66 [0.12, 0.83] 20 (present study)
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C.3 Supplementary Figures

Figure C.1. Schematics illustrating the relationship between a SARS-CoV, the direct
ancestor, and the closest-inferred ancestor. The closest-inferred ancestor could be the
tMRCA of a given SARS-CoV and one non-human sarbecovirus (top) or the tMRCA of the
SARS-CoV and multiple non-human sarbecoviruses (bottom); the closest-inferred ancestor is the
parent node of the SARS-CoV. The direct ancestor is the bat sarbecovirus that was involved in
each cross-species transmission event leading to the SARS-CoV and could have existed at any
point on the branch leading from the closest-inferred ancestor to the SARS-CoV.
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Figure C.2. Workflow to perform phylogenetic and phylogeographic analyses. Starting
with 167 sarbecovirus genomes, we align and perform recombination analysis to determine the
number of SARS-CoV-1-like and SARS-CoV-2-like viruses and their corresponding NRRs for
subsequent analyses. We then calibrate the molecular clock for SARS-CoV-1-like viruses and
SARS-CoV-2-like viruses using SARS-CoV-1 genomes and SARS-CoV-2 genomes (these datasets
are separate from the SARS-CoV-1-like viruses and SARS-CoV-2-like viruses), respectively.
Finally, we perform Bayesian divergence time estimation, recCA inference, and phylogeography
analyses, each of which comprised both primary and sensitivity analyses. Ovals indicate the
number of sarbecovirus genomes included in subsequent steps. Rectangles without inner vertical
lines indicate analyses performed; rectangles with inner vertical lines indicate primary versus
sensitivity analyses, with non-bolded text describing the details of the analysis performed.
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Figure C.3. Mean and 90% confidence intervals of the log-normal breakpoint pair
distance distributions for the observed SARS-CoV-1-like and SARS-CoV-2-like
estimated breakpoints and the simulated randomly sampled breakpoint sets.
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Figure C.4. Substitution rates for the SARS-CoV-1-like and SARS-CoV-2-like
viruses. Substitution rates (substitutions/site/year) across the (a) 31 NRRs for the SARS-CoV-
1-like viruses and (b) 27 NRRs for the SARS-CoV-2-like viruses. The dashed line in each panel
is the respective median substitution rate. The dots and thick lines within the violins indicate
the median and interquartile range.
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Figure C.5. Time of the closest-inferred ancestor sensitivity analysis. a, Time of the
closest-inferred ancestor of SARS-CoV-1 across the 31 NRRs of the SARS-CoV-1-like viruses
with the calibrated molecular clock from the SARS-CoV-1 analysis, the calibrated molecular
clock but the standard deviation of the clock rate divided by 5, the calibrated molecular clock
but the standard deviation of the clock rate divided by 10, and when adding in one SARS-CoV-1
genome from a civet and an additional SARS-CoV-1 genome from a human. b, Time of the
closest-inferred ancestor of SARS-CoV-2 across the 27 NRRs of the SARS-CoV-2-like viruses
with the calibrated molecular clock from the SARS-CoV-2 analysis, the calibrated molecular
clock but the standard deviation of the clock rate divided by 5, and the calibrated molecular
clock but the standard deviation of the clock rate divided by 10. The dots indicate the median
and the lines are the 95% HPD. Refer to Supplementary Tables 3 and 4 for numerical values.
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Figure C.6. Genetic similarity of the NRRs of the recCA to each SARS-CoV over
time. a, The similarity of each NRR of the recCA of SARS-CoV-1 to SARS-CoV-1 as a function
of time. b, The similarity of each NRR of the recCA of SARS-CoV-2 to SARS-CoV-2 as a
function of time. Each square represents the similarity of the NRR of the recCA to its relative
SARS-CoV at one point in time and is colored by date of the most recent non-human sarbecovirus
in the reconstruction. See Fig. 3.2 for the similarity of the complete recCA of each SARS-CoV
to its relative SARS-CoV over time.
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Figure C.7. Prisoner of War (PoW) transformation comparison. The log number of
years of each internal node before the most recently sampled taxon compared to the log number
of years of the same node after applying a PoW transformation for (a) 100 SARS-CoV-1-like
posterior phylogenies for each NRR and (b) 100 SARS-CoV-2-like posterior phylogenies for each
NRR. Red dashed line at 50 years before the most recently sampled taxon indicates a threshold
beyond which saturation effects substantially influence tMRCA estimates. Diagonal dotted line
depicts a line of equality, with a one-to-one correspondence between the two inferences on the
two axes.
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Figure C.8. Time to the most recent common ancestor (tMRCA) after PoW
transformation. Estimates of time to the most recent common ancestor for the (a) SARS-CoV-
1-like viruses and (b) SARS-CoV-2-like viruses for each NRR when using a standard molecular
clock or the PoW model. Each square indicates the median tMRCA and the lines indicate the
95% HPD.
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Figure C.9. Continuous phylogeographic reconstruction of the dispersal history of
viral lineages for the SARS-CoV-1-like (SC1) viruses. We report the reconstructions
obtained for NRRs 1-13 and 15-16 (NRR14 being reported in the main Fig. 3.3g; see Fig. C.10
for NRRs 17-31). For each NRR, we map the maximum clade credibility (MCC) tree whose
nodes are coloured from yellow (the time of the most recent common ancestor) to blue (most
recent collection date) and are superimposed on 80% HPD polygons coloured according to the
same log-transformed time scale and reflecting the uncertainty of the Bayesian phylogeographic
inference. HPD polygons were only computed and reported for the last 1,000 years. As in Fig.
3.3g-h, MCC tree tip nodes are displayed as squares (as opposed to dots for internal ones) and
dispersal direction (anti-clockwise) of viral lineages is indicated by the edge curvature.
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Figure C.10. Continuous phylogeographic reconstruction of the dispersal history of
viral lineages for the SARS-CoV-1-like (SC1) viruses. We report the reconstructions
obtained for NRRs 17-31 (see Fig. C.9 for NRRs 1-13 and 15-17, NRR14 being reported in the
main Fig. 3.3g). For each NRR, we map the maximum clade credibility (MCC) tree whose
nodes are coloured from yellow (the time of the most recent common ancestor) to blue (most
recent collection date) and are superimposed on 80% HPD polygons coloured according to the
same log-transformed time scale and reflecting the uncertainty of the Bayesian phylogeographic
inference. HPD polygons were only computed and reported for the last 1,000 years. As in Fig.
3.3g-h, MCC tree tip nodes are displayed as squares (as opposed to dots for internal ones) and
dispersal direction (anti-clockwise) of viral lineages is indicated by the edge curvature.
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Figure C.11. Continuous phylogeographic reconstruction of the dispersal history of
viral lineages for the SARS-CoV-2-like (SC2) viruses. We report the reconstructions
obtained for NRRs 1-2 and 4-16 (NRR3 being reported in the main Fig. 3.3h; see Fig. C.12
for NRRs 17-27). For each NRR, we map the maximum clade credibility (MCC) tree whose
nodes are coloured from yellow (the time of the most recent common ancestor) to blue (most
recent collection date) and are superimposed on 80% HPD polygons coloured according to the
same log-transformed time scale and reflecting the uncertainty of the Bayesian phylogeographic
inference. HPD polygons were only computed and reported for the last 1,000 years. As in Fig.
3.3g-h, MCC tree tip nodes are displayed as squares (as opposed to dots for internal ones) and
dispersal direction (anti-clockwise) of viral lineages is indicated by the edge curvature.
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Figure C.12. Continuous phylogeographic reconstruction of the dispersal history of
viral lineages for the SARS-CoV-2-like (SC2) viruses. We report the reconstructions
obtained for NRRs 17-27 (see Fig. C.11 for NRRs 1-2 and 4-16, NRR3 being reported in the
main Fig. 3.3h). For each NRR, we map the maximum clade credibility (MCC) tree whose
nodes are coloured from yellow (the time of the most recent common ancestor) to blue (most
recent collection date) and are superimposed on 80% HPD polygons coloured according to the
same log-transformed time scale and reflecting the uncertainty of the Bayesian phylogeographic
inference. HPD polygons were only computed and reported for the last 1,000 years. As in Fig.
3.3g-h, MCC tree tip nodes are displayed as squares (as opposed to dots for internal ones) and
dispersal direction (anti-clockwise) of viral lineages is indicated by the edge curvature.
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Figure C.13. Distribution maps for species of the Rhinolophus genus, part 1. See Fig.
C.14-C.15 for remaining bat distribution maps.
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Figure C.14. Distribution maps for species of the Rhinolophus genus, part 2. See Fig.
C.13 and C.15 for remaining bat distribution maps.
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Figure C.15. Distribution maps for species of the Rhinolophus, Ascelliscus, and
Chaerephon genera, part 3. Species from the Ascelliscus and Chaerephon genera are limited
to those that were hosts to sarbecoviruses in our analyses. See Fig. C.13–C.14 for remaining bat
distribution maps.
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Figure C.16. Comparison of the continuous phylogeographic reconstructions for two
selected NRRSs (NRR14 for SARS-CoV-1-like viruses [SC1] on the left, and NRR3
for SARS-CoV-2-like viruses [SC2] on the right) when not considering (a-b) or when
considering (c-d) the human and pangolin sequences in the analyses. Comparison of the
continuous phylogeographic reconstructions for two selected NRRSs (NRR14 for SARS-CoV-1-like
viruses [SC1] on the left, and NRR3 for SARS-CoV-2-like viruses [SC2] on the right) when not
considering (a-b) or when considering (c-d) the human and pangolin sequences in the analyses.
For each reconstruction, we map the corresponding MCC tree whose nodes are coloured from
yellow (the time of the most recent common ancestor) to blue (most recent collection date) and
are superimposed on 80% HPD polygons coloured according to a log-transformed time scale
and reflecting the uncertainty of the Bayesian phylogeographic inference. HPD polygons were
only computed and reported for the last 1,000 years. As in Fig. 3.3g-h, MCC tree tip nodes are
displayed as squares (as opposed to dots for internal ones) and dispersal direction (anti-clockwise)
of viral lineages is indicated by the edge curvature.
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Figure C.17. Comparison of the estimated position of the recCA according to
continuous phylogeographic reconstructions that did not consider (a-b) or did
consider (c-d) the human and pangolin sequences in the analyses. As in Figure 4g-h,
the estimated position of the recCA is based on the continuous phylogeographic reconstruction
of all NRRs. We here display the 95%, 75% and 50% HPD regions with an increasing red
color darkness. “G.” and “W.” indicate the position of the cities of Guangzhou and Wuhan,
respectively.
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Figure C.18. Ranking of dispersal velocity for the closest-inferred bat virus ancestor
to reach the province of emergence. a, The rank for the dispersal velocity necessary to
travel from the location of the closest-inferred bat virus ancestor of SARS-CoV-1 from each
NRR to the nearest point in Guangdong Province, given the time between emergence and this
ancestor and the bat virus dispersal velocities for each NRR. b, The rank for the dispersal velocity
necessary to travel from the location of the closest-inferred bat virus ancestor of SARS-CoV-2
from each NRR to the nearest point in Hubei Province, given the time between emergence and
this ancestor and the bat virus dispersal velocities for each NRR. The top 20% of the dispersal
rate ranks are zoomed-in upon in the lower panels of a and b. Violins are darkened if at least
95% of the dispersal velocity rank posterior is greater than 0.95.
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