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Jennifer L. Havens, Sébastien Calvignac-Spencer, Kevin Merkel, Sonia Burrel, David Boutol-
leau, and Joel O. Wertheim. 2022. “Phylogeographic Analysis Reveals an Ancient East African
Origin of Human Herpes Simplex Virus 2 Dispersal Out-of-Africa.” Nature Communications 13
(1): 5477. 4

Anthony P. West, Joel O. Wertheim, Jade C. Wang, Tetyana I. Vasylyeva, Jennifer L. Havens,
Moinuddin A. Chowdhury, Edimarlyn Gonzalez, et al. 2021. “Detection and Characterization
of the SARS-CoV-2 Lineage B.1.526 in New York.” Nature Communications 12 (1): 4886.
https://doi.org/10.1038/s41467-021-25168-4.

xv



ABSTRACT OF THE DISSERTATION

Circulation and selection of zoonotic viral epidemics

by

Jennifer L. Havens

Doctor of Philosophy in Bioinformatics & Systems Biology

University of California San Diego, 2024

Professor Joel O. Wertheim, Chair
Professor Matt Daugherty, Co-Chair

Human history has been marked by viral epidemics of zoonotic origin which have evolved

and spread through the human population with devastating effect. In this dissertation, I explore

the origins of zoonosis, adaptation, and spread of viruses in heterogeneous human populations.

To understand how viral epidemics can circulate in the human population, I first investigate

how the first wave of SARS-CoV-2 in New York City impacted different areas and with this

context I explore the dynamics of how different variants circulate in these areas during the second

wave. Then, I examine the context in which SARS-CoV-2 variants arose, using a synonymous

molecular clock to characterize evolution in different environments. I expand on understanding

selection, by examining the selection regime in viral host reservoirs, selection preceding human
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outbreaks, and selection after zoonosis during human outbreaks for viruses including Ebola virus,

Marburg virus, influenza A virus, SARS-CoV, and SARS-CoV-2. Finally, I explore how herpes

simplex virus 2 migrated globally and characterize the uncertainty by developing a simulation

framework. By understanding the path and evolutionary history of viruses, I hope to contribute

to the fundamental understanding of epidemics which is needed to make informed and effective

plans to mitigate harm, and perhaps even prevent viral outbreaks in the future.
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Introduction

Viruses from animals regularly jump into humans, but in many cases they do not spread

past the primary case. However, sometimes viruses begin to transmit between people, ultimately

impacting many more. It is the later situation that I present on in this dissertation: how viruses

spread and evolve in the human population.

SARS-CoV-2 jumped into the human population from a non-human animal host, a

zoonotic jump, in late 2019 in China1. First circulating within the region, SARS-CoV-2 quickly

began spreading to other areas and around the world. Within three years there were more than

670 million cases and 6.8 million deaths from SARS-CoV-22. SARS-CoV-2 is not unique, many

other zoonotic viruses have entered the human population and continued to circulate.

In 2002 SARS-CoV first entered the human population, close contact between humans

and infected palm civets likely facilitated repeated spillover. While it primarily impacted China

and Hong Kong, SARS-CoV was considered a global threat and more than 750 people died3. In

April 2009, the first human cases of a reassortment of H1N1 influenza A virus (H1N1pdm2009)

that had been circulating in swine were found in North America. From there, H1N1pdm2009

spread globally and was considered a pandemic by June 2009. From April 2009 to August 2010

there were 18,500 laboratory confirmed deaths, and modeling suggests there were over 280,000

deaths associated with H1N1pdm2009 infection4. In 2013 Ebola virus emerged in West Africa,

causing the largest human outbreak of Ebola up until that time. The size of the epidemic was

attributed to Ebola virus entering dense urban populations5. The epidemic resulted in over

11,300 deaths6.

These recent zoonotic epidemics are a significant health burden on the global population,

and they will likely not be the last. With continued interaction at the human-animal interface

along with environmental changes it is likely that we will continue be exposed to novel zoonotic
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viruses, and with every exposure there is a chance to spark a new epidemic7;8. Understanding the

dynamics of how viruses have evolved and spread in the past is critical to making an informed

and effective response in the future.

Viruses evolve by acquiring substitutions, changes in the genome sequence, that can impact

viral traits such as transmissibility and immune evasiveness. Genetic drift and selection pressure

can impact what substitutions are acquired and maintained in virus populations. By looking

at extant virus genomes we can infer a history of acquiring substitutions using phylogenetics,

and in the context of this history we can probe the environment that the virus evolved under.

Information available today tells us a story about the past.

In a phylogenetic approach to investigating viruses, we infer a (often bifurcating) tree

where the tips are observed virus genomes and internal nodes represent the most recent common

ancestor (MRCA) of the descendant branches. This tree inference is based on the understanding

that substitutions in the genome are passed down and we expect viruses with similar genomes to

be more closely related (have a more recent MRCA) than viruses with more dissimilar genomes.

We can associate substitutions to the branches of the phylogenetic tree to understand when

substitutions were acquired overtime, and insight into the importance of these changes.

Some parts of the virus genome, the non-coding regions, do not encode for virus protein

and it is typically thought to be important for regulatory and structural reasons. In contrast, the

coding region encodes virus proteins; it is these regions that I will focus on. Substitutions in the

coding region can be divided into two classes: synonymous substitutions, which do not change the

encoded amino acid, and nonsynonymous substitutions, which do. Nonsynonymous substitutions

tend to be more impacted by selection because changes in the amino acid sequence can have

a large impact on virus fitness while synonymous substitutions do not have such downstream

impacts. Synonymous substitutions are typically thought to occur at a relatively constant

rate9–11. Thus, the ratio of nonsynonymous to synonymous substitutions per site (dN/dS) can

give information about the strength of selection.

Under neutral selection, when there is little selective pressure, dN/dS is expected to

be 1. dN/dS greater than 1 represents a strong selective pressure to change, this is positive

or diversifying selection. Positive selection at specific sites of interest, may be indicative of
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adaptation and has been of great interest in research12–14. In viruses it is common for a few

key sites to be under positive selection which can, for example, help the virus evade immune

detection14;15. In contrast, dN/dS less than 1 represents purifying selection which eliminates

changes and is important in maintaining optimum functionality in an environment. The majority

of sites in virus genomes are primarily are under purifying selection9;16;17. Viruses are constantly

under selective pressure, but as the environment changes the strength of selection can change. By

characterizing selection in the past we can gain information on the history of what environment

and pressures viruses have experienced.

Genome sequence and selection is not the only thing that can be associated with the

evolutionary history; the geographic history and circulation dynamics can be reconstructed in

the context of a phylogenetic tree. By looking at the geographic locations of virus samples at the

tips, we can walk back up the tree to the base and infer the most likely geographic state (i.e.

location) of the virus over time. This phylogeographic inference can tell the story of how a virus

may have spread across space. There are maximum likelihood18 and Bayesian19 phylogeographic

approaches for this inference.

In Chapter 1, I focus on SARS-CoV-2 in New York City (NYC) and investigate how

SARS-CoV-2 variants impacted different areas within the heterogeneous city. SARS-CoV-2

evolution is primarily characterized by transmission of closely related viruses with identical or

nearly identical genomes interspersed with jumps in evolution which precedes the emergence of

variants. SARS-CoV-2 variants are often more transmissible or immune evasive than the strain

they descend from and once they emerge, they can spread rapidly20. Alpha, the first named

variant, was characterized by high transmissibility relative to the original strain21. While Iota,

which arose in NYC, was characterized by immune-evasive properties21;22. I present the amount

of circulation of these two variants in different neighborhoods of NYC. While direct observation of

transmission chains was impossible due to asymptomatic cases and the large number of cases, by

using phylogeographic reconstruction I infer how SARS-CoV-2 variants circulated and persisted

within and between areas. I then demonstrate how relative success of variants with different

traits are associated with socioeconomic factors.

Given the importance of variants for the spread of SARS-CoV-2, in Chapter 2, I investigate
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the selection dynamics that precede the emergence of variants. In particular, I quantify selection

as measured by dN/dS and the rate of synonymous substitutions on the stem lineages preceding

variants, to understand how these variants are evolving. I then compare and contrast the

evolution preceding variants with evolution during persistent infection and within non-human

animal hosts, which are two proposed sources of variants23;24. In this chapter I present on how

SARS-CoV-2 evolves once it began to circulate in the human population; how SARS-CoV-2 first

arose in humans is also of interest.

The traditional framework to understand zoonosis posits that zoonotic viruses must

evolve the traits necessary to sustain human-to-human transmission outside of the natural host

reservoir, but before seeding a sustained human outbreak, such as during a cycle of jumps between

non-human animal to human and back25;26. In Chapter 3. I present on selection around the time

of zoonosis. The initial stages of zoonosis are rarely directly observed, however using phylogenetic

inference we can reconstruct some of the history of early outbreaks. Specifically, I characterize

selection in the natural host reservoir: the population of non-human animals where the virus

circulates, selection preceding zoonosis, and selection after zoonosis during human outbreaks.

By contrasting selection in these different contexts, I demonstrate where adaptation to humans

occurs: in non-human animals or in humans. Understanding where recent zoonotic viruses evolve

contextualizes how viruses can enter and spread in the heterogeneous human population.

Finally, in Chapter 4, I present the global spread of herpes simplex virus 2 (HSV-2). HSV-

2 is an ancient zoonotic virus27. HSV-2 emerged and spread before our modern understanding

of viruses as agents of disease and so direct observation of HSV-2 spread is impossible. To

understand how it spread we must use tools which can give us insight into the past with data

available today. Using a maximum likelihood phylogeographic approach, and developing a

simulation framework to evaluate the uncertainty, I infer the path and timing of HSV-2 worldwide

migration. In this chapter I will describe the most likely scenario of the migration of HSV-2, but

also the bounds of what is possible to quantify given the limited information available.

Altogether, in this dissertation I investigate how zoonotic viruses enter the human

population, the selection dynamics in which they evolve, and how viruses spread in the human

population. Using a phylogenetic and phylogeographic approach, as well as incorporating
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epidemiological information, I reconstruct an unobserved history of viruses using information

available today. Insights provided by this dissertation will be valuable in making public health

decisions and will assist in understanding and addressing the evolution of SARS-CoV-2.
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Chapter 1

The role of socio-economic disparities in the
relative success and persistence of SARS-
CoV-2 variants in New York City in early
2021

Socio-economic disparities were associated with disproportionate viral incidence between

neighborhoods of New York City (NYC) during the first wave of SARS-CoV-2. We investigated

how these disparities affected the co-circulation of SARS-CoV-2 variants during the second

wave in NYC. We tested for correlation between the prevalence, in late 2020/early 2021, of

Alpha, Iota, Iota with E484K mutation (Iota-E484K), and B.1-like genomes and pre-existing

immunity (seropositivity) in NYC neighborhoods. In the context of varying seroprevalence

we described socio-economic profiles of neighborhoods and performed migration and lineage

persistence analyses using a Bayesian phylogeographical framework. Seropositivity was greater

in areas with high poverty and a larger proportion of Black and Hispanic or Latino residents.

Seropositivity was positively correlated with the proportion of Iota-E484K and Iota genomes,

and negatively correlated with the proportion of Alpha and B.1-like genomes. The proportion of

persisting Alpha lineages declined over time in locations with high seroprevalence, whereas the

proportion of persisting Iota-E484K lineages remained the same in high seroprevalence areas.

During the second wave, the geographic variation of standing immunity, due to disproportionate

disease burden during the first wave of SARS-CoV-2 in NYC, allowed for the immune evasive

Iota-E484K variant, but not the more transmissible Alpha variant, to circulate in locations with

high pre-existing immunity.
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1.1 Introduction

New York City (NYC), a city of 8.5 million people, was one of the locations most heavily

affected by the first wave of SARS-CoV-2 infections in North America and Europe28;29. In

March through May 2020, >200,000 laboratory-confirmed coronavirus disease 2019 (COVID-19)

cases were reported in NYC29. However, in late March 2020, the percentage of positive PCR

tests reached 65%29, indicating that testing was insufficient to capture the full extent of the

outbreak. Most prominently, the epidemiology of SARS-CoV-2 during this first wave reflected

socio-economic disparities within NYC, as well as the rest of the US30, with communities of color

and those living in areas with lower average socioeconomic status experiencing the highest burden

of SARS-CoV-2 cases, hospitalizations, and deaths31;32. The higher proportion of SARS-CoV-2

antibody prevalence in NYC neighborhoods with predominantly Black and Hispanic or Latino

residents further highlighted inequalities in access to testing33. Consequently, after the first

wave, NYC neighborhoods were left with drastically different levels of standing immunity, with

seropositivity ranging from 11 to 47% in November 2020 at the beginning of the second wave of

SARS-CoV-2 infections.

The second wave in NYC, lasting from November 2020 through June 2021, started with

an increase in B.1 cases that peaked in early January 2021, followed by a long plateau of high

daily number of cases instead of the usual decrease after the peak22. The plateau was caused by

the introduction and co-circulation of a number of variants of concern (VOC) and interest (VOI)

that emerged at the time, including the emergence of the B.1.526 lineage, a “local” NYC strain

later designated as Iota VOI, characterized by a number of spike mutations that were previously

hypothesized to allow SARS-CoV-2 immune-evasive properties22;31. Specifically, E484K, D253G,

and S477N mutations in the spike protein have been shown to reduce both vaccine-induced and

natural immunity. A sister lineage to the Iota variant, currently designated as B.1.637, shared a

number of defining mutations (namely L5F, D253G, and T95I), but also included S477N and

Q957R. Although prevalent in NYC in early 2021, B.1.637 is not recognized as a VOC or VOI,

by the World Health Organization.

Coinciding with the emergence of the Iota variant, the Alpha VOC, which emerged in
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the United Kingdom in November 202034, was introduced to NYC and started increasing in

prevalence. The Alpha variant was characterized by high transmissibility [40-50% higher than the

wild-type Wuhan strain21] associated with the N501Y mutation that improves its ACE2 receptor

binding ability35. Our previous analysis showed that in January-March 2021, both Alpha and

Iota variants grew rapidly in NYC, but a clade of Iota with the E484K mutation (Iota-E484K)

outpaced Alpha, B.1.637, and the rest of the Iota lineages in growth22. At the same time, in

the neighboring state of Connecticut and the rest of New York State, regions which were not

as heavily impacted by early outbreaks, the Alpha variant was more prevalent compared with

Iota33;36, as would be expected given the higher transmissibility of Alpha.

Here, we examine how the immune-evasive Iota variant was able to compete and co-

circulate with the more transmissible Alpha variant in NYC in early 2021. By focusing on the time

that precedes the emergence of other variants and the steep rise in vaccination levels, we examine

how differences in seropositivity (primarily from naturally acquired immunity) between different

NYC neighborhoods created a niche for successful competition and co-circulation of the two

SARS-CoV-2 variants. We examine geographical patterns and socio-demographic characteristics

of areas more severely affected during the first SARS-CoV-2 wave in NYC. This analysis sheds

light on our understanding of the succession of SARS-CoV-2 variants and the ripple effect of

socio-economic disparities on epidemic waves.

1.2 Materials and methods

1.2.1 Ethical considerations

The institutional review board of the University of California San Diego granted ethical

approval of this work as human subjects exempt.

1.2.2 Genetic data

Public health surveillance by NYC Public Health Laboratory (PHL) and NYC Pandemic

Response Laboratory (PRL) sequenced positive SARS-CoV-2 samples from across NYC (S1

Fig , see S1 Table for GISAID and GenBank accession numbers)22;31. We analyzed 18,332

SARS-CoV-2 genomes, which had information on ZIP code location and were sampled from 2
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November 2020 through 18 June 2021. Pangolin lineages (v4.0.6) were assigned using UshER,

and the Scorpio assignments were used to identify VOC/VOIs37.

We aligned all Alpha, Iota, B.1.637, and other B.1-like (genomes that were not assigned

as any of the other VOC/VOIs or B.1.637) genomes using MAFFT v.7.45338. We have previously

shown that within the Iota variant there was a large clade defined by the E484K mutation22;

to identify genomes that belong to that clade, we inferred maximum likelihood trees using

IQTREE218, using the GTR+F+I substitution model, retaining polytomies, and enforcing a

minimum branch length of 1x10-9 substitutions/site. We analyzed genomes in this Iota-E484K

sub-variant cluster separately from the remaining Iota analyses.

1.2.3 Seroprevalence level and epidemiological data

Publicly available data collected by the NYC Department of Health and Mental Hygiene

and available at https://github.com/nychealth/ were used to incorporate information on SARS-

CoV-2 seropositivity, and number of cases, by modified ZIP Code Tabulation Area (MODZCTA),

subsequently referred to as ZIP code. We used the seropositivity by ZIP code in NYC as of

November 2020 based on the cumulative proportion of positive SARS-CoV-2 antibody tests,

available at https://github.com/nychealth/coronavirus-data. This testing method is representa-

tive of both natural or vaccine-induced immunity, though vaccination was not broadly available

at the start of the second wave in NYC.

Vaccination level by ZIP code was assessed as of May 2021 as the proportion of residents

who had received at least one dose of COVID-19 vaccination administered by NYC vaccinating

facilities and reported to the Citywide Immunization Registry. Neighborhood poverty level was

defined based on the proportion of residents in a ZIP code with household incomes less than the

federal poverty level, per the American Community Survey 2014–2018. We defined poverty levels

as “Low” (<10% of residents in a ZIP code with household income lower than the federal poverty

level), “Medium” (10-19.9%), “High” (20-29.9%), and “Very High” (≥30%). We considered five

racial/ethnic groups: Asian or Pacific Islander, Black or African American, Hispanic or Latino,

Other (including mixed race, American Indian or Alaska Native, unknown, and other), and

White. ZIP code, poverty level, and race/ethnicity data were obtained from the NYC DOHMH
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population estimates39.

1.2.4 Statistical analyses

We performed a linear model regression between the seropositivity in a ZIP code and the

proportion of genomes of each studied lineage (e.g., number of Alpha genomes/number of all

SARS-CoV-2 genomes reported for that ZIP code) as reported by PHL and PRL. ZIP codes with

less than 10 reported genomes were not included in the analysis. Then, we tested the association

between seropositivity and poverty at ZIP code level using analysis of variance (ANOVA). We

used the Pearson correlation coefficient to test the correlation of the proportion of the population

of a certain race/ethnicity in a ZIP code and seropositivity in the ZIP code. We then calculated

the proportion of adjacent ZIP codes (ZIP codes that share a land border) with the similar

seropositivity relative to the total number of adjacent ZIP codes and performed a permutation

analysis across the NYC ZIP codes, randomly permuting seropositivity 1000 times, to obtain the

expected proportion of adjacent ZIP codes with similar seropositivity.

1.2.5 BEAST analyses

We conducted Bayesian phylogeographic analyses to estimate rates of the variants

migration between locations with different standing immunity. We first used BEAST v1.10.440

to reconstruct time-scaled phylogenies for four lineages: Alpha, Iota, Iota-E484K, and B.1.637.

We used the GTR+G4 nucleotide substitution model, assuming a strict molecular clock model

(fixed to the value of 8x10-4 substitutions/site/year), and a Skygrid coalescent tree prior with 20

dimensions to reconstruct past population dynamics41, following previous work on NYC SARS-

CoV-2 data28. We provided a starting maximum likelihood tree (obtained as described above)

to help with convergence. We ran Markov Chain Monte Carlo (MCMC) for 108 generations and

investigated the chain convergence using Tracer v1.7.142 to confirm that the effective sample size

(ESS) of all parameters was >200.

For phylogeographic analysis, we used LogCombiner40 to resample the obtained tree

distributions at a lower frequency. The resulting tree distributions for each lineage included

2000 trees; these tree distributions were used for all consequent phylogeographic analyses. We

assigned geographic trait value to sequences in the phylogeographic analysis based on ZIP code
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level seroprevalence (grouped into ‘High’, ‘Medium’, or ‘Low’) and borough. We further refer

to parts of boroughs with different seroprevalence levels as locations, i.e all ZIP codes with the

same seroprevalence level (i.e. ‘High’) were grouped together within a borough (i.e. ‘High’)

into a location (i.e. ‘Bronx High’) in the phylogeographic analysis. We applied Markov jumps

model to calculate the number of transitions from one location to another42 along with the

estimated migration rates between locations, assuming asymmetric virus migration flows between

locations. We ran MCMC for 108 generations to estimate pairwise migration rates between

different locations in this analysis. Xml files for the phylogeographic analyses of each variant are

provided as Supplementary materials.

To assess whether certain variants were preferentially migrating from one location to

another based on the seropositivity, we calculated the pairwise difference in seropositivity

between locations as they were defined in phylogeographical analysis and estimated whether

it was correlated with the log-transformed viral lineage migration rate between the locations.

We then re-ran this analysis of association separately for each variant directly in the Bayesian

framework using previously described GLM model43. We also ran a GLM of association in a

Bayesian framework using vaccination level in each location as of May 2021 as a covariate for the

migration rates.

1.2.6 Persistence analysis

We used PersistenceSummarizer, as implemented in BEAST19, to examine the effect of

seropositivity on the persistence of specific variants in a location. PersistenceSummarizer identifies

lineages that have been in a location from the beginning to the end of an observation period.

For this analysis, we partitioned the observation period into biweekly intervals going backward

in time from the most recent genome in each of the datasets. We report the mean abundance of

persistent lineages in the posterior tree distribution of each variant by seroprevalence.
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1.3 Results

1.3.1 Geographical patterns in seropositivity

To test whether there was geographical structure in the levels of preexisting immunity

to SARS-CoV-2 across NYC as of November 2020, we analyzed whether areas with similar

seroprevalence levels were more likely to be geographically adjacent to each other. First, we

assigned every ZIP code across NYC into one of three quantiles (“High”, “Medium”, and “Low”)

based on their reported seroprevalence levels (Fig 1.1). We found the proportion of adjacent ZIP

codes (i.e., ZIP codes sharing a land border) with the same seroprevalence level was higher than

expected and had a strong geographical pattern. Specifically, 20.6% of ZIP codes adjacent to ZIP

codes with “High” seroprevalence level also had “High” seroprevalence, the expected proportion

was 7.2% (95% range 4.2–10.5%). For “Medium” seroprevalence level ZIP codes, the observed

proportion of adjacent ZIP codes in the same category was 45.9%, while the proportion expected

by chance was 29.1% (95% range 24.1–34.1%). For “Low” seroprevalence level ZIP codes, the

observed proportion of adjacent ZIP codes with “Low” seroprevalence level was 50.7%, while the

expected was 26% (95% range 20.8–30.7%). For each seroprevalence level the average proportion

of adjacent ZIP codes that match the seroprevalence level was higher than expected, indicating

that seroprevalence level in NYC has geographic structure.
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Figure 1.1. Seroprevalence of SARS-CoV-2 antibodies across NYC in November
2020. Color borders indicate boroughs. Gray borders denote ZIP codes and shading indicates
seroprevalence. The base layer of the map obtained from: Modified-Zip-Code-Tabulation-Areas-
MODZCTA-Map , distributed openly under the following terms and conditions: Terms of
Use.

1.3.2 Correlation of variant prevalence and seropositivity

We estimated whether prevalence of SARS-CoV-2 lineages during the second wave was

correlated with estimated seropositivity at the start of the second wave, by ZIP code. We focused

on Alpha, Iota, Iota-E484K, and B.1.637 lineages and compared them to the co-circulating B.1-like

viruses. In locations with higher pre-existing seropositivity, we observed a higher proportion of
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Iota and Iota-E484K genomes, but not other variants or B.1-like lineages (Fig 1.2A). Specifically,

we found a positive correlation between the higher pre-existing seropositivity and the proportion

of Iota-E484K genomes (R=0.32, p<0.001) and Iota genomes (R=0.19, p= 0.014). In contrast,

we found a negative correlation with pre-existing seropositivity and the proportion of Alpha

(R=-0.16, p= 0.040) and B.1-like genomes (R=-0.29, p<0.001); no correlation was found for

the B.1.637 lineages (R=0.07, p= 0.376) (Fig 1.2B). Although the correlations of seropositivity

and some variants are significant, seropositivity does not explain most of the variance in lineage

proportion. We note that ZIP codes with low numbers of sampled genomes will have high

variance in estimated lineage proportion and high stochasticity in population dynamics which are

other major factors that impact estimated lineage proportion in a ZIP code, along with relative

susceptibility of a population to different variants due to standing immunity levels.

During the beginning of the second wave, genomes were primarily B.1-like, across ZIP

codes with varying levels of seroprevalence (Fig 1.2C). During the peak of the second wave in

April 2021, the majority of cases in “Low” seroprevalence level ZIP codes were from the Alpha

variant, but Alpha was not the majority in “High” seroprevalence level ZIP codes. In contrast,

Iota and Iota-E484K accounted for a greater proportion of cases in “High” seroprevalence level

ZIP codes compared to the “Low” seroprevalence level ZIP codes.
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Figure 1.2. SARS-CoV-2 variants and demographics across ZIP codes in NYC.
Correlation analysis between (A) seroprevalence level and proportion of each lineage, (B) seropos-
itivity and proportion of each lineage; (C) 14 day rolling mean number of genomes of each lineage
by ZIP code seroprevalence level; (D) proportion of population of a certain race/ethnicity by
seroprevalence level by ZIP code, and (E) number of ZIP codes of different seroprevalence level
by poverty level.

1.3.3 Correlation between seropositivity and socio-demographic data

We then investigated the relationship between ZIP code seropositivity and sociodemo-

graphic composition (Fig 1.2D). We found a negative correlation between the seropositivity

and the proportion of residents who identified as White, Asian or Pacific Islander, or Other

races (Pearson correlation coefficients -0.73 (p<0.001), -0.31 (p<0.001), and -0.23 (p= 0.002),

respectively). Conversely, seropositivity was positively correlated with the proportion of Black

or African American and Hispanic or Latino residents (Pearson correlation coefficients 0.49

(p<0.001), and 0.63 (p<0.001), respectively). Similarly, we found that areas with “High” and

“Very High” poverty levels were more likely to have high seropositivity (ANOVA p<0.0001;

Fig 1.2E).
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1.3.4 Phylogeographic analysis findings

We performed phylogeographic analysis to infer viral lineage migration rates between

regions of seroprevalence levels. To make our approach computationally tractable, we grouped

ZIP codes with the same borough and seroprevalence level together (“High”, ”Medium”, or

“Low”; Fig 1) (Fig 1.3). Since there was only one “Low” seroprevalence ZIP code in the Bronx,

it was included in the Bronx “Medium” seroprevalence group. Staten Island did not have

any ZIP codes with “High” seroprevalence level, resulting in a total of 13 total locations for

phylogeographic inference (see Fig A.2 for molecular clock trees with locations annotated along

the tree branches). We utilized geography as a proxy for prior immunity, rather than as a

measure of physical space. We found no significant relationship between the log-transformed

between-location viral migration rates and the pairwise seropositivity difference for any of the

studied lineages: correlation coefficients 0.04 (p= 0.65), 0.02 (p= 0.78), 0.17 (p= 0.84), and

-0.06 (p= 0.48) for Alpha, B.1.637, Iota, and Iota-E484K, respectively. There is no significant

pattern of migration between locations that is explained by the difference in seroprevalence of

those locations.

Inclusion of seropositivity as a generalized linear model covariate directly in the phylo-

geographic model also showed no statistically significant association with the migration rates

(Table A.1). The same result was observed when all locations with the same seropositivity

level were merged irrespective of the borough. Additionally, to test whether different levels

of vaccination throughout NYC could have affected SARS-CoV-2 migration rates between the

different locations as estimated in the phylogeographic analysis described above, we included

vaccination level (as of May 2021) as a covariate in our analyses, but similarly, no association

was found (Table A.1).
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Figure 1.3. Seroprevalence quantiles across NYC boroughs Seroprevalence level for ZIP
codes (black square); categorized by location groups (high, medium, and low seroprevalence within
each borough). Location group summarized by boxplot where shading indicates seroprevalence
level, and color is associated with borough.

1.3.5 Analysis of persisting lineages

We further ran lineage persistence analyses that allow inference, whether a variant was

likely to persist in a location (i.e., if a variant observed in a location is still present in that same

location at the end of the two-week observation period) or if it was more likely to migrate to

another location or go extinct (i.e., not observed after two weeks). We ran the persistence analysis

separately for each of the variants to describe patterns of their circulation within locations of

“High”, “Medium”, and “Low” seroprevalence level. We found that for the Alpha variant, the

proportion of lineages persisting in “Low” seroprevalence level locations grew over time, from

19% in mid-January to 81% in early June. Concurrently, the proportion of Alpha lineages

was gradually declining in “High” seroprevalence level locations, from 16% to 2% in the same

observation period (Fig 1.4A). This finding indicates that Alpha was able to consistently persist

for longer than 2 weeks in locations with “Low” seroprevalence level, but repeatedly and rapidly

went extinct in “High” seroprevalence locations. Given that seropositivity was not a significant

predictor for migration rates between locations with different seroprevalence levels (Table A.1),
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and the number of introductions into High and Low seroprevalence regions was similar (Fig 1.4),

it is likely that the Alpha lineages repeatedly died out in areas with “High” seroprevalence.

Figure 1.4. Persistence of variant lineages over time in NYC stratified by seropreva-
lence level. Percent of persisting lineages indicates the proportion of lineages present in a
location at the observation time that were already present in the same location 2 weeks prior.
Shading indicates seroprevalence level.

In contrast, the proportion of persisting Iota-E484K lineages remained relatively stable

in all locations in the corresponding time period. Between mid-January and mid-May, the

proportion of Iota-E484K lineages that persisted in “High” seroprevalence level locations for at

least 2 weeks changed from 41% to 39%, and in “Low” seroprevalence level locations from 13%

to 10% (Fig 1.4B). Importantly, Iota-E484K was not able to establish itself at high prevalence

in “Low” seroprevalence level locations, likely in part because they were being outcompeted by
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infections with the more transmissible Alpha variant.

Other Iota lineages circulated mostly in locations with “Medium” seroprevalence level:

the proportion of Iota lineages persisting in both “High” and “Low” seroprevalence level locations

was gradually decreasing, while the proportions of Iota lineages persisting in the “Medium”

seroprevalence level locations grew from 26% to 96% between mid-January and early June

(Fig 1.4C). Between mid-January and mid-April, the proportion of B.1.637 persisting lineages

remained stable in the “Low” seroprevalence level locations (28% and 33%), grew in the “Medium”

seroprevalence level locations from 34% to 55%, and declined in the “High” seroprevalence level

locations from 38% to 11% (Fig 1.4D).

1.4 Discussion

Infectious disease thrives on disparity and inequality30. Here we demonstrate how socio-

economic disparities in New York City created unequal predispositions for successful spread of

emerging lineages during the second wave of SARS-CoV-2. We show that those areas that had

high seropositivity after the first wave of SARS-CoV-2 and were predominantly high poverty

areas with majority Black and Hispanic or Latino residents, were less likely to sustain the highly

transmissible Alpha variant. In contrast, these locales were more likely to sustain the Iota-E484K

variant; areas with high levels of preexisting seropositivity provided a successful niche for the

emergence and spread of an immune evasive variant (in comparison to a highly transmissible

but less immune evasive variant) likely due to re-infection of individuals who had acquired

SARS-CoV-2 during the first wave.

Our findings confirm that areas with high seropositivity were more likely to have SARS-

CoV-2 infections of Iota-E484K than Alpha, as hypothesized earlier36; and that once Iota-E484K

reached those areas of high seropositivity, it was able to persist there, while Alpha was not.

While persistence could be incorrectly inferred in the case that a lineage leaves NYC and returns

to the same seroprevalence and borough, this likely would form a very small contribution to the

total persistence as we expect the majority of cases to be from local transmission, particularly

because Iota variant emerged in NYC28.

Interestingly, we did not find a correlation between virus migration rates and difference
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in seropositivity between locations; this lack of association is not unexpected given the ease of

transportation throughout the city. This finding suggests that when the Alpha variant reached

“High” seroprevalence areas, it likely went extinct there, unable to re-infect individuals, but did

not successfully migrate to other areas. In contrast, in “Low” seroprevalence locations, Alpha

prevalence was able to grow and thus maintain its dominant position in the city.

In May 2021, after the second wave, the proportion of partially vaccinated people in

NYC ranged from 22-82% and only 5-17% were fully vaccinated. Vaccination level at that point

in time was not a main contributing factor to variant spread during the second wave that took

place in November 2020 through June 2021, as evidenced by our phylogeographic analysis. Less

than 1% of people were vaccinated at the start of the second wave.

In NYC, the introduction of the Alpha variant around the time of Iota emergence44

likely prevented Iota from establishing at a level that would make it difficult for Alpha to

compete. Unlike previous analyses that focused on competition at a country level45;46, we

were able to decipher competition dynamics between variants at the neighborhood level owing

to the granularity of seropositivity data and SARS-CoV-2 genome data. Given the higher

transmissibility of the Alpha variant, it might have completely eliminated Iota from NYC if not

for the pockets of higher seropositivity left in the wake of the first wave of SARS-CoV-2. For

example, when the Gamma variant, another lineage with immune-evasive properties, reached

NYC in January 202147, it was not able to successfully establish in the city and only circulated

at low frequencies, likely because its niche in people with pre-existing immunity was taken by

Iota-E484K that had been circulating in NYC for several months. In contrast, Iota lineages

that did not have the E484K mutation dominated the “Medium” seroprevalence locations, as

this might have been the pockets available to them after “Low” seroprevalence locations were

occupied by Alpha and “High” by Iota-E484K. Our analysis of importation events also showed

that “Medium” seroprevalence areas had more Iota introductions, which could have been by

chance but could have also contributed to the higher persistence of Iota in those locations.

The Gamma variant dominated the Brazilian SARS-CoV-2 epidemic in late 2020/early

2021 due to the high levels of pre-existing immunity in Brazilian population48;49, but in mid-2021

it was quickly replaced by Delta due to the Delta variant’s higher transmissibility50. At the
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same time, the Gamma variant was not able to successfully establish itself in the neighboring

Colombia or Peru. This failure is likely due to a founder effect as competing variants, Mu in

Colombia and Lambda in Peru, which also have immune-evasive properties, already dominated

the Colombian and Peruvian epidemic by the time Gamma reached the country45;46. Thus, the

time of VOCs emergence and introductions, and mechanisms for increased fitness, is crucial for

their success in a location in the presence of other variants.

Our study was able to elucidate how various factors, including geographic variability

in seropositivity, a symptom of inequities associated with socio-demographic factors in 2020,

affected the competition dynamic between two co-existing viral lineages. Such analyses would not

be possible in the post-Omicron era when multiple consecutive waves are dominated by variants

with similar properties and where the majority of the population have a mixture of acquired

natural and/or vaccine-induced immunity51. By focusing on the time preceding the emergence

of the Delta and Omicron variants, we show that the consequences of socio-economic disparities

in an outbreak can have a ripple effect that can last into subsequent outbreaks, providing an

important lesson for future epidemic preparedness and mitigation efforts.
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Chapter 2

Synonymous substitution rates preceding
the emergence of SARS-CoV-2 variants and
during persistent infections

The emergence of variants has shaped the SARS-CoV-2 pandemic. Hypotheses for the

origination of variants include emergence from persistent infections, transmission in non-human

animal populations after reverse-zoonosis, or cryptic transmission in the human population. We

investigated the molecular clock and rate of nonsynonymous and synonymous substitutions in

these contexts and along the stem lineages of SARS-CoV-2 variants. Persistent infections were

identified by viral genomes from individuals with repeat samples, taken more than 30 days apart,

that cluster together on a phylogenetic tree. We find that some persistent infections (4 out of 7

in our analysis) and some variants (eg. Beta, Delta, Iota, Mu, BA.1) have a slower synonymous

substitution rate, while other variants (eg. Alpha, Epsilon) have an increase in synonymous

substitution rate relative to typical transmission of acute infections. A slower rate of synonymous

substitutions along variant stem lineages suggests that viral replication rate is lower, which could

occur in isolated body compartments during persistent infection, suggesting that to be the most

plausible scenario for the emergence of variants.

2.1 Introduction

SARS-CoV-2 emerged in 2019 and quickly spread across the world. The early pandemic

was primarily characterized by transmission of closely related viruses with identical or nearly

identical genomes of pangolin lineage B.1, or a close descendant of B.1, including B.1.1 (B.1-
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like)20. Later jumps in evolution interspersed these closely related viruses; in a phylogenetic

tree these jumps are represented by a single long branch or a few internal branches with limited

intermediate sequences (stem lineage).This evolutionary dynamics precedes the emergence of

variants of interest or concern that reinforced the spread of SARS-CoV-2. Monitoring the spread

of variants is of paramount epidemiological importance since they are often more transmissible

or immune evasive than the strain they descend from and once they emerge they can spread

rapidly20.

One example of dominance of SARS-CoV-2 variants is Alpha, the first named variant,

which was characterized by high transmissibility relative to B.1-like virus. The stem lineage

preceding Alpha had more nonsynonymous substitutions than expected given the length of time

it evolved and was shown to be under positive selection21;52. Starting in late 2020 many different

variants, with greater transmissibility or immune evasiveness relative to B.1-like virus, arose

including Beta, Gamma, Epsilon, Iota, B.1.637 and Mu22;49;53–55. These named and unnamed

variants were all characterized by many nonsynonymous substitutions on the stem lineage.

Although first detected in late 2020, alongside many other variants, Delta spread globally as the

predominant lineage late 2021. After the Delta wave, Omicron, in particular the BA.1, BA.2,

BA.4, and BA.5 lineages, swept around the world causing a new wave of cases. The stem lineages

of Delta and Omicron variants were under positive selection and had more nonsynonymous

substitutions than expected; both variants were highly successful and more immune evasive than

B.1-like virus55–59.

While the positive selection and nonsynonymous substitutions on the stem lineage of

variants has been repeatedly noted, the behavior with regards to synonymous and non-coding

substitutions has not been as well explored60. Synonymous substitutions can be impacted by

selection, even if it is to a lesser extent than expected for nonsynonymous substitutions, as well

as the rate of viral replication and fidelity in sequence replication. Synonymous substitution

rate can be affected by host species61, cell tropism62 and virus sequestration63; a change in

synonymous substitution rate is typically associated with a change in viral replication rate10;11;64.

Ebola virus sequestered in an immunoprivileged compartment with slow rates of replication was

the likely source of onward transmission virus years after the initial infection63;65. In HIV it has
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been found that the synonymous substitution rate varies between infections and impacts the

dynamic of the infection66.

Understanding the dynamics of the stem preceding variants is of great public health

concern because it can give insight into how variants arise and hopefully how to prevent their

spread in the future. Proposed sources for where evolutionary jumps that give rise to the variants

occur include 1) persistent infections 2) transmission in non-human animal populations after

reverse-zoonosis and 3) cryptic transmission in the human population67.

SARS-CoV-2 is typically a short acute infection. However, persistent infections lasting

longer than 30 days have been detected, sometimes lasting longer than a year23. Some persistent

infections are characterized by accelerated evolution resulting in many nonsynonymous mutations

that allowed them to develop immune evasive properties23. The stem lineage of some variants

have the same pattern of accelerated evolution and many nonsynonymous substitution, and so

persistent infections have been proposed as a possible source of variants. Evolution in nonhuman

animals could also be the source of variants; undersampling of animal reservoirs can result

in evolution within non-human hosts to not be observed24;68. However, we note that SARS-

CoV-2 in nonhuman populations typically acquire host characteristic substitutions, which are

not associated with SARS-CoV-2 variant stem lineages69;70. It is also possible that variants

evolve during typical transmission in the human population, and the long stem lineage is due

to undersampling55;71. However, this does not explain the accelerated rate of non-synonymous

substitutions, or increased positive selection associated with variants.

In this study we contrast the evolutionary dynamics in variant stems, persistent infections,

and non-human animal hosts with evolution during transmission between humans. We consider

the stem lineages of Alpha, Beta, Gamma, Delta, Epsilon, Iota, B.1.637, and Omicron (we

consider the stem of BA.1 and separately the stem of BA.2, BA.4, and BA.5). Using a Bayesian

framework with local clocks and robust counting, we infer the molecular clock rate, and rate of

nonsynonymous and synonymous substitutions of SARS-CoV-2 in different contexts.
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2.2 Results

2.2.1 Identification of persistent infections

To identify persistent infections we inferred a phylogenetic tree with SARS-CoV-2 genomes

from individuals with two or more genomes sampled more than 30 days apart, from New York

City SARS-CoV-2 genomic surveillance (n=373). We defined persistent infections, as opposed to

repeat infections, as individuals with multiple genomes that clustered on the tree. We found

15 individuals, represented by 46 genomes, that were persistent infections. Of these persistent

infections 3 are B.1-like, 2 are Alpha, 2 are Delta, 1 is Iota, 2 are B.1.637, and 5 are BA.1

(Omicron).

Figure 2.1. Phylogenetic trees of persistent infections. (A) Phylogenetic tree of Alpha
sequences, persistent infection clades are highlighted in blue (Alpha x04) and green. (B) Phylo-
genetic tree of persistent infection Alpha x04 with time scaled branches annotated with robust
counts of nonsynonymous / synonymous substitutions.

Using all sequences of the same variant or a subset of 150 B.1-like genomes for context,

we inferred local molecular clocks for each persistent infection clade (Fig 2.1). Local molecular

clocks were inferred as the product of the background rate and an increment factor with a log

normal prior centered on 1. Of the 15 persistent infections 7 had more than 3 months of evolution

over the sum of all branches within the persistent infection clade (person months), and were used

for subsequent analysis.
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Figure 2.2. Phylogenetic trees of stem lineages. (A) Cartoon tree showing SARS-CoV-2
backbone and the relationship between variants, annotated with substitutions formatted as the
number of nonsynonymous/synonymous substitutions inferred by robust counting in BEAST. (B)
Phylogenetic tree of B.1-like and Alpha sequences, the variant stem branch is highlighted in blue.
(C) Phylogenetic tree of B.1-like and Delta sequences, the variant stem lineage is highlighted in
blue. (D) Phylogenetic tree of B.1-like and Omicron sequences, BA.1 stem is highlighted in blue,
the stem lineage leading to BA.2, BA.4, and BA.5 (BA.2/BA.4/BA.5) is highlighted in green,
the base of Omicron, which included in analysis the lineage for BA.1 and BA.2/BA.4/BA.5, is
highlighted in brown.

2.2.2 Variant stem lineages and deer clades

We inferred a maximum likelihood phylogenetic tree with 10,572 high quality SARS-

CoV-2 genomes to define variant stem lineages (Fig 2.2A) as the path from B.1 (Beta, Delta,

Epsilon, Mu, Iota, and B.1.637) or B.1.1 (Alpha, Gamma, Omicron) to the base of the variant

expansion (Fig 2.2B-D). For subsequent analysis, B.1-like virus and each variant were represented

by all available genomes or subsampled down to 150 genomes. Using BEAST we inferred local

molecular clocks on variant stem lineages as characterized by sequences of the variant of interest

and B.1-like virus.

To assess SARS-CoV-2 evolution in non-human hosts after reverse zoonosis we used 22
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sequences from 5 clades of deer associated virus70. All deer samples were associated with Alpha

and Delta variants, Alpha and Delta sequences (respectively) from NYC human surveillance

were used for background context. Local clocks for each deer clade were inferred.

2.2.3 Rate of synonymous substitutions

Using BEAST40 with robust counting72 we inferred the synonymous and nonsynonymous

substitutions. The rate of substitution was inferred as the sum of substitutions divided by the sum

of the length of branches of interest (persistent infection clade, variant stem lineages, deer clade,

or the background of all other branches). The background rate of synonymous substitutions, for

internal branches, in coding regions of B.1-like virus was 6.8 subs/year (HPD 6.1-8.2 subs/year;

Supp table B.1).

We then considered the substitutions rate on variant stem lineages. There is a consis-

tent pattern across Beta, Delta, Iota, B.1.637, Mu, and BA.1 where the rate of synonymous

substitutions is slower than the estimated background rate (Fig 2.3). The stem lineage of Delta

is the combination of branches leading to multiple major genetic expansions, given the length

of the Delta stem and background synonymous rate we expect around 11 (HPD 9.45, 12.76)

synonymous substitutions, but actually observe 5 substitutions, and synonymous rate of 3.2

subs/year (HPD 2.8-3.8 subs/year), much less than expected (Supp table B.2). Similarly for

the Iota variant, we would expect approximately 7 (HPD 6.02, 9.24) synonymous substitutions

given the length of the stem lineage, but we only observe 4 substitutions (Supp table B.2), and

a synonymous substitution rate of 3.78 subs/year (HPD 2.9-5.1 subs/year), much lower than

expected

When we consider persistent infections, 4 of the 7 persistent infections had a slower rate

of synonymous substitutions compared to the background (Supp table B.1). For example in the

case of Alpha x04 the synonymous rate is 0.83 subs/year (HPD 0.59-1.8 subs/year) compared to

6.8 synonymous subs/year in the context of typical transmission.

In the Gamma and the BA.2/BA.4/BA.5 stem lineage the rate of synonymous substi-

tutions is not significantly different from the background (Fig 2.3). Similarly, in 3 of the 7

persistent infections, the rate of synonymous substitutions is not significantly different from the
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background.

When we consider evolution in clades of deer genomes, we found that there was an

increased rate of synonymous substitutions. We also found an increased rate of synonymous

substitutions in the Alpha and Epsilon stem lineages, which are outliers compared to the other

variants in that respect (Fig 2.3).

Figure 2.3. Rate of nonsynonymous and synonymous substitutions and molecular
clock. First row: Summary of molecular clock rate for each variant stem lineage, persistent
infection, and deer clade with posterior probability density of difference from background (P > 0.9
*, P > 0.99 **). Background molecular clock median (5.6x10-4 substitutions/site/year) indicated
by black horizontal line. Second row: Summary of nonsynonymous substitution rate with posterior
probability of difference from background (P > 0.9 *, P > 0.99 **). Background nonsynonymous
rate median (10.1 substitutions/year) indicated by black horizontal line. Third row) Summary of
synonymous substitution rate with posterior probability of difference from background ( P >
0.9 *, P > 0.99 **). Background synonymous rate median (6.8 substitutions/year) indicated by
black horizontal line.
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2.2.4 Rate of nonsynonymous substitutions

There is a consistent pattern across all the variants that we considered, that all the

variant stem lineages had an elevated rate of nonsynonymous substitutions relative to the

background (Fig 2.3; Supp Table B.1). This elevated rate preceding variants has been previously

described. In deer clades we found an increased rate of nonsynonymous substitutions, which is

also consistent with previous findings70. In persistent infections, 2 of 7 had an increased rate of

nonsynonymous substitutions consistent with variant stem lineages. However, in contrast to the

other contexts, some persistent infections (n=3) had slower rates, while others had a similar rate

of nonsynonymous substitutions compared to the background (n=2)

2.2.5 Molecular clock and dN/dS

The overall molecular clock and dN/dS are both impacted by the rates of nonsynonymous

and synonymous substitutions. Looking at these measures combined is still a valuable tool, for

example dN/dS can provide important information about the strength of selection.

The Alpha stem lineage (Fig 2.2B) had an increased rate of evolution in coding regions

(1.3x10-3 HPD: 7.8x10-4 - 1.9x10-3 subs/site/year) compared to the background coding region

clock rate (5.5x10-4 HPD: 5.1x10-4 - 6.2x10-4 subs/site/year; Supp Table B.1). While both the

nonsynonymous and synonymous substitution rate increase, the increase in nonsynonymous was

more impactful and dN/dS is increased in the Alpha stem relative to the background (Table 2.1).

We see a similar pattern in Gamma and the BA.2/BA.4/BA.5 stem lineage where dN/dS is

elevated as is the overall molecular clock rate, due to the increase in nonsynonymous substitution

rate.

In the Epsilon stem lineage there is a slight increase in synonymous and nonsynonymous

substitution rates, which are in proportion with each other such that the dN/dS is not significantly

different from the background rate. Similarly in deer we see that both the nonsynonymous and

synonymous rates are increased relative to the background, thus dN/dS is not different from the

background. This is consistent with a lack of gene wise positive selection previously described70.

Unlike Epsilon, in 3 out of 4 deer clades there is an accelerated molecular clock, (Fig 2.3; Supp

table B.1), which is consistent with previous findings70.
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Table 2.1. Estimate of dN/dS

Length (person years) dN/dS
Alpha 1.20 0.43
Beta 2.34 0.45
Gamma 1.32 0.94
Delta 2.84 1.58
Epsilon 0.56 0.54
Iota 2.04 1.07
B.1.637 29.59 0.51†

Mu 1.44 0.82
BA.1 2.43 1.45
BA.2/BA.4/BA.5 1.37 1.91
Alpha x04 1.24 5.35
B11 x01 0.32 1.64
B11 x12 0.49 1.24
B1637 x10 0.32 0†

Delta x14 0.36 27.62††

Delta x11 0.5 3.04
Iota x02 0.55 30.28††

Deer x04 1.23 0.39
Deer x05 0.91 0.54
Deer x01 1.3 0.43
Deer x02 0.82 0.39
Deer x03 0.45 0.48

Background 0.63
† 95% HPD includes 0 nonsynonymous substitutions
†† 95% HPD includes 0 synonymous substitutions

For the variant stem lineages of Beta, Delta, Iota, B.1.637, Mu, and BA.1 dN/dS is

elevated relative to the background, as a consequence of the increased nonsynonymous rate

and decreased synonymous rate (Table 2.1). The exception to this pattern is the dN/dS of

B.1.637, which is inferred to be lower than the background, however because the 95% HPD

of the stem lineage includes zero synonymous substitutions, the maximum likelihood based

approach is heavily biased. For 2 persistent infections, as with B.1.637 the 95% HPD includes

zero synonymous substitutions and 1 includes zero nonsynonymous substitutions, which makes

inference of dN/dS difficult (Table 2.1). For Beta, Iota, and Mu there is no significant change

in the overall rate of evolution (Fig 2.3). The increased rate of nonsynonymous substitutions

is not reflected in an increase in the overall rate, as seen in Alpha, because the slower rate of
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synonymous substitutions obfuscates it. We also see this pattern of increased dN/dS and no

change in overall rate in 3 of 7 persistent infections (Table 2.1; Fig 2.3). Similarly for Delta and

1 persistent infection there is a slower rate of synonymous substitutions, increase in dN/dS and

the overall molecular clock. Although the magnitude of the change in molecular clock in the

Delta stem is small in comparison with Alpha, because of the contribution of the synonymous

substitution rate.

2.3 Discussion

We investigated molecular clocks and selection on the stem lineage that preceded different

variants. We found the synonymous substitution rate of variants could be divided into two

primary categories where the synonymous substitution rate was higher than expected (eg. Alpha,

Epsilon) and where the synonymous substitution rate was lower than expected (eg. Beta, Delta,

Iota, Mu, BA.1). The slower rate of synonymous substitutions can obfuscate the increase

in nonsynonymous substitutions when looking at the overall molecular clock which has led

to the suggestion that Delta could have emerged from typical transmission52. However the

rate of synonymous substitutions has broadly remained unchanged during typical transmission

throughout the pandemic60, and so typical transmission is not consistent with the history of the

stem lineage of Delta and other variants.

We note that we characterize the typical transmission based on surveillance sampling

because most evolution on this tree is associated with evolution during transmission between

acute infections, however we have not removed any atypical evolution that could be associated

with onward transmission from a persistent infection, or other distinct mechanisms, as long as it

was not considered a variant. The typical transmission we characterize likely includes evolution

from persistent infections that were unidentified, and so our comparisons between this behavior

and persistent infections is a conservative estimate. We suggest that persistent infections can

have a range of evolutionary behaviors that deviate from typical acute transmission (increased or

decreased rate of nonsynonymous and synonymous substitutions), and that variants arise when

virus in a persistent infection find a fitness peak and transmit.

In contrast to most variants, SARS-CoV-2 in deer, after reverse zoonosis, showed an
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increased rate of nonsynonymous and synonymous substitutions. This increase is consistent with

some variants (Alpha). However, transmission in deer SARS-CoV-2 tends to acquire characteristic

substitutions which are not seen in variant stem lineages69;70, suggesting reverse zoonosis is not

the primary source of variants.

We explored the dynamics of SARS-CoV-2 persistence infections identified in surveillance

sampling. Overall we find that some persistent infections have slower rates of synonymous

substitutions, as was seen in some variant stem lineages, which suggests intra-host evolution

during persistent infection is a possible source of variants. It has been suggested that the slower

rate of evolution could be due to lingering non-replicating and non-viable RNA73, however we

note that there are less synonymous substitutions than expected on the internal branch of the

Alpha x04 clade and the descendants still accumulate mutations (Fig 2.1B) indicating continued

replication of virus with slower synonymous substitutions.

SARS-CoV-2 is typically present in the upper respiratory tract, but can move to other

areas of the body, where it shows distinct selection patterns74–77. It is possible that different

body compartments and cell tropism could cause a change in replication rate which would affect

the synonymous substitutions rate. One strategy in antiviral pharmaceuticals is to inhibit viral

replication, for example Remdesivir inhibits SARS-CoV-2 replication78. Slowly replicating virus

as a major component in persistence could reduce the effectiveness of such a strategy to treat

persistent infections. To understand how SARS-CoV-2 evolves in different areas of the body,

we still need more samples from the diverse body compartments. Based on wastewater samples

which may represent viruses that are prevalent in the gut, rather than the respiratory tract, there

is evidence of different patterns of evolution, however samples from other tissues are limited in

comparison to samples from the upper respiratory tract23.

Ebola virus has been found persisting in immunoprivileged sites where it experienced

significantly slower rates of replication65. Transmission after persistence likely seeded an outbreak

of Ebola virus that was preceded by a stem lineage that had less synonymous substitutions

than expected given the amount of time of evolution63. Similarly, in SARS-CoV-2 we observe

replicating virus in different body compartments77, persistent infections with slower rates of

synonymous substitutions, and stem lineages with molecular clocks different from the background;
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together this suggests that SARS-CoV-2 variants could be from persistent infections where virus

replicates in different body compartments under conditions different from most acute infections.

Persistent infection as a source of variants explains the observation that new variants are not

always derived from the current most widely circulating virus, but can be descended from any

past virus; which has important implications for vaccine design, in that we cannot assume

that new variants will be antigenically similar to the current most prominent strain but can be

descended from any virus that has circulated in the past.

2.4 Methods

2.4.1 Non-variant context

We analyzed SARS-CoV-2 full genome sequences (<1% Ns) from New York City Public

Health Laboratory (PHL) collected from February 7th, 2020 to June 1st, 2022 (n=10,572).

Pangolin lineages (v4.1.2) were assigned using UShER79. Genomes were aligned with MAFFT80

to the reference genome Wuhan Hu-1, and coding regions were extracted for further analyses.

We used a random subset of 150 genomes from all genomes not assigned to a Pangolin vari-

ant to represent the early background context (B.1-like) (Supp data). Using BEAST (v1.10.5)40

we inferred a molecular clock rate for these early sequences using only the coding regions of

5.4x10-4 substitutions/site/year (HPD: 4.9x10-4 - 5.9x10-4 substitutions/site/year).

2.4.2 Variant stem lineages

For each variant we used the B.1-like background context and all variant sequences to

infer a tree with IQTREE (v1.6.12) (Supp data)81. Using these trees we defined a variant stem

lineage as the path between B.1 or B.1.1 to the base of the variant polytomy expansion. For

Alpha, Beta, Gamma, and Mu the variant stem was a single branch. The Epsilon variant stem is

the branch leading to B.1.427, the branch leading to B.1.429 and their parent branch. Delta,

Iota, and B.1.637 variant stem lineages are the set of branches preceding the polytomy expansion

that is characteristic of variants. We subset Omicron lineage into two sets for defining the variant

stems (BA.1 alone and BA.2 BA.4 and BA.5 combined), but included all Omicron sequences in

one alignment for inference. The stem lineage of BA.1 is the branch leading to the most recent
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common ancestor (MRCA) of BA.1, BA.2, BA.4, and BA.5 and the branch leading to the MRCA

of BA.1. The stem lineage of BA.2, BA.4 and BA.5 combined was multiple branches leading

from the MRCA with BA.1 to the MRCA of each lineage (BA.2, BA.4, BA.5).

We note that because each variant stem lineage is defined without other variant sequences

there is some shared evolutionary history. There is some shared history from the base of the B.1

polytomy to Beta, Epsilon, Iota, Mu, and B.1.637. And there is some shared history from the

bases of B.1.1 to Alpha, Gamma, and Omicron. However, less than 20% of any stem lineage

is shared with another variant lineage, with exception of B.1.637 and Iota sharing more. Delta

does not have shared evolutionary history with any other stem lineage.

2.4.3 Persistent intra-host infections

To identify persistent infections we used all genomes from individuals with more than

2 SARS-CoV-2 genomes sampled more than 30 days apart by New York City Public Health

Laboratory, NYC Pandemic Response Laboratory, or Department of Health Wadsworth Center

(n=373). We inferred a phylogenetic tree using IQTREE using the GTR+F+G substitution

model, retaining polytomies, and enforcing a minimum branch length of 10-9, and identified

persistent infections as individuals that had multiple genomes that formed a cluster (samples could

be connected without passing through a node representing a sample from another individual).

We found a total of 15 individuals with persistent infections, characterized by 42 sequences (Supp

data). For each case we inferred a local clock with BEAST, using sequences of the same variant,

or the B.1-like subset, as context.

2.4.4 Deer associated evolution

To investigate SARS-CoV-2 evolution associated with a deer host we considered 5 clades,

described by 22 genomes70. Clades were chosen as a random subset of the defined clades that

had more than 0.33 years of evolution inferred in previous analysis.

2.4.5 Bayesian local clock inference and robust counting

We inferred a local clock for each variant stem lineage, persistent infection, and deer

clade using BEAST. For each variant stem lineage we used the B.1-like background context
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and all variant sequences. For persistent infections and deer clades, all sequences of the same

variant from PHL assigned were used for context. Context sequences (variant and B.1-like) had

a tight molecular clock prior (5.4x10-4 substitutions/site/year, standard deviation: 2.3x10-5),

inferred previously. We inferred a local clock on the stem of the variant clades, and within the

persistent infection and deer clades. For Omicron, the base branch (parent branch of BA.1 and

BA.2 BA.4 and BA.5) shared a local clock with the BA.1 stem, while the stem lineage of BA.2

BA.4 and BA.5 and another local clock. We included the base branch for both stem lineages

in the post-BEAST analysis. The local clock was set as the product of the background rate

and an increment factor with a log normal prior centered on 1. For each analysis we ran 2

chains for 5x108 to 109 states and investigated the chain convergence using Tracer42, then used

LogCombiner40 to resample and combine the obtained tree distributions at a lower frequency.

We used robust counting72 to infer the amount of synonymous and nonsynonymous substitutions

on branches. We did not consider insertions and deletions or noncoding regions.

For each set of branches of interest we summarized the person years (sum of the length of

branches of interest), clock rate, synonymous substitution rate, and nonsynonymous substitution

rate as compared to the background context. The posterior probability of the difference of the

rate relative to the background rate is calculated by counting the number of states in which

the local rate is greater than the background for each tree in the posterior, and taking the

maximum of the proportion of states that are greater, or one minus that proportion (eg the

minimum posterior is 0.5). Moving forward with the results we considered only variant stem

lineages, persistent infections, and deer clades with more than 0.25 person years. The variant

under monitoring B.1.1.519 and 5 persistent infections were excluded due to this criteria.

2.4.6 Inference of dN/dS

Using BUSTED (v2.5.42)82, we inferred the dN/dS of the branches of interest described

above.
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Chapter 3

Dynamics of natural selection preceding hu-
man viral epidemics and pandemics

Viral epidemics of zoonotic origin are an important factor in global human health. It has

been proposed that zoonotic viruses need to adapt to humans before successfully spreading. To

investigate this hypothesis, we characterized the change in strength of positive and purifying

selection preceding and after the zoonotic emergence, relative to selection in the natural host, of

Ebola virus, Marburg virus, influenza A H1N1 2009 pandemic virus, SARS-CoV, and SARS-

CoV-2. We found that there is no evidence of change in selection preceding zoonotic emergence.

In contrast, in the early stages of outbreaks after a host switch there is a change in selection.

That we consistently see adaptation only after zoonosis suggests that zoonotic emergence occurs

when a virus of sufficient transmissibility, that exists in the natural reservoir, comes into contact

with humans, jumps, and then spreads and adapts. We also investigated the reemergence of

H1N1 in 1977 and found a relaxation of selection preceding the reemergence, which is consistent

with laboratory passage; supporting the theory the H1N1 reemergent virus was in a laboratory

setting prior to 1977.

3.1 Introduction

Human history has been marked by viral epidemics of zoonotic origin—viruses transmitted

from a vertebrate reservoir to humans—recently including Ebola virus (EBOV), Marburg virus

(MARV), HIV-1, influenza A virus (IAV), SARS-CoV, MERS-CoV, SARS-CoV-2, and mpox

virus83–90. The processes by which a zoonotic spillover starts an epidemic are unclear. The
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traditional framework posits that zoonotic viruses cross the species barrier without the ability

to sustain human-to-human transmission and must evolve the necessary traits to spread and

persist in humans25;26. This adaptation is predicted to occur before human outbreaks, either in

the natural host reservoir, in an intermediate host, or during initial stuttering transmission in

the human population. Alternatively, the viruses that establish zoonotic epidemics may have the

ability to transmit between humans prior to emergence, and once in the human population there

is adaptation to become even more successful at transmitting and spreading.

Adaptation to increase transmissibility has been documented to occur shortly after a novel

zoonotic virus establishes in humans. During the SARS-CoV 2002–2003 outbreak in humans the

virus acquired increased binding efficiency to human ACE2, which is an important receptor for

successful infection of human cells91–93. During the 2013-2015 Ebola epidemic in West Africa, the

virus accumulated mutations that increased tropism for human cells94. SARS-CoV-2 accumulated

advantageous mutations within the first year of widespread circulation, including D614G which

increased transmissibility95;96 and N501Y together with a cluster of other mutations that arose

in multiple variants of concern15.

As viruses switch between host species or experience other changes in their environments,

the intensity, location, and temporal dynamics of selective forces on their genome changes as

well. Comparative phylogenetic methods which estimate and compare ω distributions, where ω

is a parameter estimation of dN/dS, have found broad use in understanding how viruses evolve

adaptations16;17;97–99. We consider ω greater than 1 indicative of diversifying or positive selection

and ω less than 1 indicative of purifying selection, the selective regime is a combination of these

pressures, which are both impacted by the environment. For example, when viruses are passaged

without artificial selection there can be a relaxation of selection100;101, which we attribute to

removing host specific selective pressures, such as competition with the immune system which

drives positive selection, or maintaining optimized host specific receptor binding driving purifying

selection. Here, we use the RELAX102 modeling framework to conduct a statistical comparison

between sets of branches in viral phylogenies, specifically suited to determine whether viral

genomes experience intensified or relaxed selection (both purifying and diversifying selection

combined) when they transition to different evolutionary environments. Because recombination
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and reassortment in the evolutionary history of zoonotic viruses can confound selection inference,

we have extended the RELAX framework to account for multiple evolutionary histories in different

genomic segments.

We characterized selection regimes for zoonotic viruses (i) in their natural hosts, (ii)

on the stem lineage of the phylogenetic tree immediately preceding a zoonotic viral emergence,

(iii) and in the early stages of outbreaks in humans. The stem lineage encompasses evolution

associated with early less successful transmission after zoonosis before the most recent common

ancestor of extant lineages, as well as any evolution associated with unsampled intermediate

hosts. If adaptation facilitating human-to-human transmission occurs prior to the zoonotic jump

or during stuttering transmission, we would expect a change in the selection regime on the

stem lineage preceding the human outbreak. Alternatively, if the ability to transmit between

humans is not the result of selection in the natural host, intermediate host, or during stuttering

transmission, but rather a property of the virus in its natural host reservoir, then we would

expect the selection regime will not change until the virus is transmitting during a successful

outbreak. We explore patterns of changes in selection regime in recent human zoonotic viruses:

Orthomyxoviridae, Filoviridae, and Coronaviridae.

3.2 Results

3.2.1 Selection regime preceding and during epidemics with zoonotic origin

We first explored selective dynamics preceding zoonotic emergences of the 2009 H1N1

influenza A virus pandemic, the West African Ebola virus epidemic, and the Angolan Marburg

virus epidemic (Figure 3.1A-C). We compared the selection regimes along viral lineages preceding

and during these zoonotic epidemics with selection regimes within the viral host reservoir using

the RELAX framework102. The RELAX testing framework summarizes diversifying and purifying

selection which characterizes the selection regime, and relates the selection regime of test and

reference partitions by a selection intensity parameter. Selection intensity (K) greater than 1

indicates intensification, where positive and purifying selection both increase in strength, and K

less than 1 indicates relaxation, where positive and purifying selection decrease in strength.
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Figure 3.1. Quantifying selection regimes of key epidemics with zoonotic origin.
Phylogenetic tree of (A) H1N1 2009 pandemic (H1N1pdm09 ) (B) 2013-2015 Ebola virus outbreak
(EBOV) (C) the Angola 2004-2005 outbreak of Marburg virus. (D) Mean estimated ω for each
branch partition of background and the test sets including “Combined” which collates the stem
and the epidemic clade in test branches (color coded to match the tree) (E) Change in selection
intensity comparing selection regimes between background and test branches . Filled circles
indicate a balanced model where directionality is identifiable, open circles indicate an unbalanced
model and the direction above or below 1 is not identifiable. Significance indicated with * p<0.05;
** p<0.01; and *** p<0.001. Numerical values in Supp Table C.2. Icons created with BioRender.

The 2009 H1N1 influenza A virus (H1N1pdm09) pandemic arose from a novel reassortment

of influenza genomic segments from swine and avian viruses. The stem lineage preceding this

pandemic encompasses the 9-12 years of evolution separating the most recent common ancestor

(MRCA) of H1N1pdm09 in humans and their closest swine virus relatives103. We found no
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evidence for intensification or relaxation of selection (K=1.1; p=0.21) on the stem branch leading

to the human pandemic viruses compared with the branches associated with swine viruses

(reference partition; Fig 3.1A). We find that the majority of evolution on the lineage preceding

the emergence of H1N1pdm09 is not distinct from typical swine influenza virus.

In contrast, we inferred relaxation of selection for the human pandemic within a year

following emergence, compared with selection in swine hosts. During these early months of the

2009 H1N1 pandemic, the mean ω of the virus in humans was greater than the mean ω associated

with viral evolution in the swine host (Sup Table C.2; Fig 3.1D). This increase in ω was not due to

an increase in positive selection but a decrease in purifying selection; we inferred that the human

virus experienced a relaxation of selection compared with the selection regime in swine viruses

(K=0.82, p<0.01). H1N1 during the human outbreak is in a different evolutionary environment

than when in swine hosts. When we include the stem lineage as well as pandemic clade, the

relaxation of selection compared with background swine virus selection is detectable, though less

pronounced (K=0.91, p=0.01). That we can detect a change in the selection regime even when

the stem lineage is induced with the outbreak, suggests that if there is extensive adaptation

along a stem lineage we would be able to detect it even if the host switch is unsampled.

The 2013-2015 West African Ebola epidemic was the largest outbreak to date of Ebola

virus (EBOV) disease83, occurring thousands of kilometers from previously documented human

cases of EBOV infection. We tested for a change in the selection regime along the stem lineage

leading to the West African EBOV outbreak relative to viruses in the (presumed) bat reservoir

along phylogenetic branches between human outbreaks104 (Fig 3.1B). We found no support for

intensification or relaxation preceding the West African epidemic (K=1.09, p=0.34), indicating

bat virus-like evolutionary dynamics up until the MRCA of the human epidemic clade.

We did find evidence for a significant change in the selection regime during the first 18

months of human-to-human transmission during the West African EBOV epidemic compared

with selection on viruses in the host reservoir (K<0.01, p<0.01); this signal was also detected

when we considered both the stem lineage and viral evolution within the epidemic clade (K=0.41,

p<0.01). The inferred selection regime for EBOV had a zero weight component for positive

selection, confounding our ability to attribute changes in ω to relaxation or intensification. We
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describe this behavior as an “unbalanced model”. As with H1N1pdm09, there was an increase

in mean ω in the epidemic clade compared with the background (Sup Table C.2). An increase

in mean ω can be explained by relaxation of purifying selection or intensification of positive

selection, the increase does not inform the direction of the change in selection.

Marburg virus (MARV) is associated with hemorrhagic fever, and the natural host

reservoir is thought to be bats. One of the largest known MARV outbreaks occurred in Angola

2004-200590. We characterized selection along the stem lineage preceding the epidemic MRCA

and compared it with the selection regime on branches between MARV sampled in bats (Fig 3.1C)

and found no evidence of intensification or relaxation (K=1.03, p=0.90). We were unable to

explore selection regimes within the human MARV outbreak due to insufficient viral diversity in

the too few sampled genomes.

Figure 3.2. Quantifying selection regime in SARS-CoV. (A) Phylogenetic tree of SARS-
CoV like sarbecoviruses non-recombinant region 22, branch color indicate partition. The SARS-
CoV outbreak includes 2 human sequences and 1 civet sequence, which are monophyletic across
all regions. (B) Mean ω for each branch partition of branch sets, color coded to match the tree
(C) Change in selection intensity between background and test sets. Filled circles indicate a
balanced model where directionality is identifiable, open circles indicate an unbalanced model
and the direction above or below 1 is not identifiable. Numerical values in Supp Table C.2.
Significance indicated with* p<0.05; ** p<0.01; and *** p<0.001. Icons created with BioRender.
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3.2.2 Selection regimes in Betacoronaviruses prior to spillovers

Betacoronaviruses are an ancient viral group circulating in bats that have repeatedly

experienced zoonotic jumps into humans. The 2002-2003 SARS-CoV pandemic was traced

back to palm civets sold for human consumption in live-animal markets in China105. The close

contact between humans and these infected intermediate host animals likely facilitated repeated

spillover. We analyzed 139 SARS-CoV-like sarbecovirus genomes sampled in bats, two human

SARS-CoV genomes representing distinct zoonotic introductions, and one SARS-CoV genome

sampled from the palm civet intermediate host (Fig 3.2A). Using coding sequences from 31

putatively non-recombinant genomic regions106, we compared selection along the stem lineage

leading from bat SARS-CoV-like viruses to the MRCA of human and palm civet SARS-CoV. We

found no significant intensification or relaxation (K=0.97, p=0.91) along the stem lineage. The

lack of change indicates that, prior to infecting palm civets, the bat SARS-CoV-like virus had not

experienced extensive evolution in an evolutionary environment different from the environment in

the bat host. However, when we include the lineages encompassing evolution in the intermediate

palm civet host preceding emergence in humans, we find that the SARS-CoV selection regime

was significantly relaxed compared with related bat viruses (K=0.65, p<0.01).This change in

selection is evidence that after the host switch the virus is in a new evolutionary environment,

and suggests that it is adapting to the new host.
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Figure 3.3. Quantifying selection regimes in SARS-CoV-2. (A) Phylogenetic tree of
SARS-CoV-2 like sarbecoviruses non recombinant region 08, branch color indicate partition. (B)
Mean ω for each branch partition of background and the test sets, color coded to match the
tree (Supp Fig C.1) and includes both the stem and outbreak partitions in the test (C) Change
in selection intensity comparing selection associated with background to test set. Filled circles
indicate a balanced model where directionality is identifiable, open circles indicate an unbalanced
model and the direction above or below 1 is not identifiable. Numerical values in Supp Table C.2.
Significance indicated with* p<0.05; ** p<0.01; and *** p<0.001. Icons created with BioRender.

In late 2019, SARS-CoV-2 began spreading in central China, thousands of kilometers away

from its closest sampled bat virus relatives in southern China and Laos107. Across the coding

sequences from 15 putatively non-recombinant regions106, we found no evidence of intensification

or relaxation between the selection regime in the bat host reservoir and the stem lineage leading

to SARS-CoV-2 emergence (K=1.1, p=0.23; Fig 3). Hence, SARS-CoV-2 did not experience

extensive evolution in an environment different from related bat viruses or substantial adaptation

prior to its emergence in humans. This result does not change if we use a different approach

to identifying non-recombinant regions (K=1.02, p=0.82; Supp Fig 1), and is consistent with

previous analysis97.

When we consider evolution along the stem lineage in combination with viral evolution

during the first 3 months of the outbreak in China, we find evidence for a significant shift in

selection regime, consistent with rapid adaptation to humans (K=0.69 , p<0.01). As with EBOV

we cannot confidently infer the directionality of this change because the model is unbalanced.
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The change in selection regime is detectable when the clade of the first world-wide wave, up to

October 2020, is included with the stem compared with bat virus background (K=0.56, p<0.01;

Supp Fig C.1).

In addition to humans, SARS-CoV-2-like sarbecoviruses have also been sampled from

pangolins confiscated during investigations of the illegal wildlife trade108. We compared selection

within the pangolin virus clades with the bat host SARS-CoV-2-like sarbecoviruses. We find a

change in the selection regime in pangolin SARS-CoV-2-like virus compared with the viruses in

the bat host reservoir (K=0.02, p<0.01), suggesting that pangolins can maintain circulation of

SARS-CoV-2-like viruses long enough to allow for host specific evolution. However, like EBOV

the model is unbalanced and we cannot identify the directionality of the change. Although we

do note that the mean ω associated with pangolin host virus evolution is much greater than the

background.

3.2.3 The reemergence of H1N1 in 1977

In 1977, H1N1 influenza A virus reemerged in humans after going extinct 20 years prior.

This new virus was closely related to a strain that had been circulating in the 1950s109;110.

It has been proposed that H1N1 reemerged in 1977 without genetic change because it was

frozen in a laboratory before being accidentally released as part of a live attenuated vaccine

trial or challenge111. We infer only 48 substitutions across the entire genome along the stem

lineage preceding the 1977 reemergence, with multiple genomic segments experiencing only 2

substitutions (Supp Table C.1). Hence, the 1977 strain is too genetically similar to 1950s H1N1

virus to support a natural reemergence, however the provenance of this virus prior to reemergence

remains poorly understood.
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Figure 3.4. Quantifying selection regimes in H1N1. (A) Phylogenetic tree of H1N1
HA segment, branch color indicates partition. The stem branch connects 1977 clade and basal
ancestors, and is foreground for 1977 flu test. WSN33 (blue) branches are clade associated with
laboratory passage. Other branches are excluded from analysis (treated as a nuisance group). (B)
Mean ω for each branch partition of background and the test sets. “Full background” compares
selection on stem to displayed background. “Excluded passaged” compares selection on Stem
to background excluding tips which have history of passaging (49/74; supp fig xx) “WSN33”
compares selection of WSN33 branches to the full background. (C) Change in selection intensity
comparing selection associated with background to test set. Filled circles indicate a balanced
model where directionality is identifiable, open circles indicate an unbalanced model and the
direction above or below 1 is not identifiable. Numerical values in Supp Table C.2. Significance
indicated with* p<0.05; ** p<0.01; and *** p<0.001. Icons created with BioRender.

We compared the selection regime of the coding regions across all H1N1 influenza A

virus segments on the stem lineage preceding the 1977 pandemic with the evolution post-1977

(Fig 3.4). We found evidence for significant relaxation of selection along the stem lineage (K=0.71,

p=0.043), in addition to an increase in mean ω. This change in selection regime suggests that in

addition to being frozen between the 1950s and 1977, the precursor to the 1977 H1N1 pandemic

experienced a limited amount of evolution in an environment distinct from human-to-human

transmission (e.g. laboratory passage for attenuation or under artificial selection). This result

remains supported even if we exclude the tips associated with influenza A virus isolates that

have a known history of laboratory passaging (Supp Fig C.2; K=0.70, p=0.042).
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3.2.4 Laboratory passage of H1N1 influenza A viruses

To better contextualize the atypical evolutionary dynamics preceding the 1977 H1N1

pandemic, we explored whether the signature of laboratory passage would be detected as a

change in the selection regime characterized by RELAX. The Wilson Smith 1933 H1N1 (WSN33)

isolate is the ancestor of many laboratory strains used in research. We compared the selection

regime of 3 early laboratory isolates derived from WSN33 with the selection regime associated

with human-to-human H1N1 transmission across all 8 genomic segments (Fig 3.5). There was

significant evidence of relaxation of selection in the WSN33 clade (K=0.24, p<0.01; Fig 3.5).

This relaxation of selection may be due to the removal of host specific constraints, such as

competition with the immune system driving positive selection, and maintaining host optimized

receptor binding driving purifying selection.

Zhang et al., 2006112 claimed that influenza A virus persisted in lake ice based on HA

gene sequences. However, these putative lake ice viruses were monophyletic and descended

from the WSN33-derived positive control (Supp Fig. C.3), suggesting that these samples were

instead serially passaged laboratory contaminants112;113. Selection on putative lake ice viruses

was significantly relaxed compared with that on human H1N1 virus (K=0.1, p<0.01; Fig 3.5,

which is consistent with laboratory passaging in the absence of selective drivers.

3.2.5 Selection on attenuated vaccine viruses

Measles virus (MeV) and mumps virus (MuV) passaged in cell culture to create attenuated

viruses for vaccines evolved with increased mean ω, consistent with a relaxation of purifying

selection100;101. We compared the selection regime of MeV and MuV viruses passaged for vaccine

attenuation with selection on branches of viruses transmitted between humans (Supp Fig C.4,

Supp Fig C.5). In agreement with previous results, the vaccine attenuated MeV and MuV both

have an increased ω relative to the background branches (Fig 3.5A). Furthermore, we were able

to detect significant relaxation of selection in the vaccine attenuated viruses relative to selection

in the human host for both MeV (K=0.03, p<0.01) and MuV (K=0.84, p<0.01) (Fig 3.5).
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Figure 3.5. Quantifying selection regimes of laboratory passaged viruses(A) Mean ω
for each branch partition of background and the test sets. (B) Change in selection intensity,
comparing selection associated with transmission between humans (except H5N1 which is
compared with selection in avian host reservoir, and MHV to selection associated with murine
host) to (i) positive control of H1N1 (Lake ice) (ii) passaging in cell lines of Measles virus
(MeV) (iii) Mumps virus (MuV) and (iv) Mouse hepatitis virus (MHV) (v) artificial selection
for cold adaptation (H2N2) and (vi) gain of function passaging in ferrets to introduce airborne
transmission (H5N1). Filled circles indicate a balanced model where directionality is identifiable,
open circles indicate an unbalanced model and the direction above or below 1 is not identifiable.
Numerical values in Supp Table C.2. Significance indicated with* p<0.05; ** p<0.01; and ***
p<0.001. Icons created with BioRender.

3.2.6 Serially-passaged coronavirus

Murine hepatitis virus (MHV) is a betacoronavirus naturally found in mice. Numerous

isolates of MHV have been propagated in laboratory cell culture. We compared the selection

regime of MHV propagated in cell culture with the selection regime of naturally transmitting

MHV (Supp Fig C.6), across 11 putatively non-recombinant regions. We inferred an increased

mean ω in the passaged virus relative to the background. Further, we found evidence of a change

in selection in the passaged viruses (K=0, p<0.01; Fig 3.5); however, as with Ebola virus, we are

unable to identify the direction of change due to an unbalanced model.

3.2.7 Artificial selection on influenza A viruses

Artificial selection, e.g., passaging of viruses under selective constraints to produce novel

phenotypes, is expected to alter the selection regime. An H2N2 influenza A virus was passaged
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at colder temperatures to produce the non-surface proteins for a reassortant live attenuated

vaccine that had attenuated replication at human body temperature114. We compared the

selection regime associated with this cold adapted virus, with selection associated with H2N2

virus transmitted between humans (Supp Fig C.7). We found evidence of a change in selection of

the non-surface proteins resulting from artificial selection (K=0, p<0.01; Fig 3.5), however the

model is unbalanced and we cannot identify the direction of selection intensity change. Notably,

we also inferred an increase in the mean ω in the passaged viruses relative to the virus in humans,

consistent with adaptation due to laboratory passage.

In an artificial selection experiment, H5N1 influenza A virus was passaged between ferrets

to gain airborne transmissibility115. We inferred a significant change in the selection regime due

to artificial selection in the new host compared with virus in the host avian reservoir (Fig 3.5;

Supp Fig C.8; p<0.01). However the inferred direction of change in selection intensity was

unstable; relaxation (K=0.01) or intensification (K=2.12) did not have significantly different

likelihoods in our model; this is partly due to the relatively low diversity of available sequence.

3.3 Discussion

To better understand the evolutionary pressures that lead to epidemics of zoonotic

viruses in humans, we characterized the selective regime of these viruses in their natural hosts,

immediately preceding zoonotic spillover, and within the epidemic itself. We find that for

recent zoonotic epidemics-H1N1pdm2009, EBOV, MARV, SARS-CoV, and SARS-CoV-2-these

viruses continued to evolve in a manner consistent with transmission in their host reservoir

up until spillover into humans or an intermediate host. These findings are inconsistent with

the traditional framework where zoonotic viruses cross the species barrier without the ability

to sustain human-to-human transmission and must adapt before sustained human-to-human

transmission can be achieved25;26. Instead, our findings support a framework whereby zoonotic

epidemics result from viruses that are sufficiently transmissible in the human population, and

then these viruses adapt over the course of an already established outbreak.

Previous work suggests that SARS-CoV-2 spent some time in an intermediate host before

jumping into humans, although there was very little diversity in the viruses that jumped into
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the human population1. We found that there was no significant change in selection between

branches associated with bat hosts and the stem leading to SARS-CoV-2, which is consistent with

a previous analysis97. This lack of change in selection is not inconsistent with an intermediate

host. While we expect an intermediate host to result in a change in selection, a short time in the

intermediate host with little accumulation of mutations (scenario depicted in Supp Fig C.9A)

would not result in a detectable change in selection. Rather we only expect to detect a change in

selection if there is extensive evolution associated with an intermediate host or initial stuttering

transmission in humans on the stem lineage (Supp Fig C.9 B,C). In other situations where there

is a detectable change in selection it may be attributable to passage in a laboratory context.

Influenza A/H1N1 reemerged in 1977 after a few decades out of circulation, but very

little divergence occurred over this time, the conditions preceding reemergence is unclear. Viruses

passaged without artificial selection showed relaxation of selection (WSN33, Ice tips, MeV, MuV),

or a change in selection without an identifiable direction (MHV). Viruses passaged with artificial

selection (H2N2, H5N1) showed a change in selection, although we could not determine the

direction of this change. The change in selection regime of H1N1 preceding the 1977 reemergence

suggests that it evolved in a context other than typical transmission. The change in selective

regime is consistent with passaging at colder temperatures to attenuate replication at human

body temperature, as seen with H2N2, or passaging in cell culture without artificial selection, as

seen in WSN33 laboratory isolates. This is consistent with the theory that H1N1 was passaged

in a laboratory context preceding reemergence, although we cannot distinguish the context111.

It is not uncommon to focus on a single segment, or address each segment separately,

when considering the history of influenza102;116;117. To address the challenge of reassortment

we extended RELAX to account for different evolutionary histories by applying a single model

to multiple sequence alignments with their associated phylogenetic trees. We also applied this

multi-region analysis to combine non-recombinant regions for viruses where recombination was

likely a large contributing factor (e.g. positive sense RNA viruses). By using the multi-region

model we increased the power relative to what would have been possible with a single region,

and have detected a significant relaxation of selection on the stem preceding the H1N1 1977

reemergence.
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Although H1N1 1977 reemergence is not attributable to a natural reservoir, humans are

constantly exposed to animal viruses118;119. However most of these exposures do not result in

large outbreaks of human to human transmission. Small outbreaks of zoonotic viruses would

provide the opportunity to adapt to humans. However this adaptation does not typically get

introduced back into the host reservoir, and so does not contribute to the transmissibility of later

outbreaks. Recent zoonotic epidemics have been sparked when a virus from the zoonotic host

reservoir that is already capable of transmitting between humans, enters the human population

and then begins to adapt.

3.4 Methods

3.4.1 Phylogenic selection analysis

For all influenza datasets coding regions were extracted from each genomic segment, then

each region was aligned using MAFFT (v7.409)80, alignments were validated manually. For all

other data sets, full genomes were aligned to the reference genome and split into non-recombinant

regions. For MHV, a positive sense RNA virus, putative non-recombinant regions were detected

using GARD120. SARS-CoV, and SARS-CoV-2, predefined putative non-recombinant regions

were used. For all data sets, coding regions were extracted based on the reference genome

annotation. For each region a maximum likelihood phylogeny was inferred with IQtree2 (v2.0.4)81

using the GTR+F+Γ4 model.

Change in intensity of selection was tested across all genomic regions with the multi-region

(joint) RELAX model implemented in HyPhy (v2.5.53)102. In the RELAX testing framework we

partition branches in a phylogenetic tree into “test” and “reference”. Evolution along each tree

branch is described using a continuous time discrete space Markov model of codon evolution;

the ratio of non-synonymous to synonymous substitution rates (ω) is used to model selection.

Along each branch, the evolutionary process is modeled as an independent draw from discrete

distributions on ω, with one rate allocated to positive selection (ω ≥1) and one or two rates

allocated to negative selection or neutral evolution (ω ≥1). Phylogenetic likelihood is computed

by integrating over the assignments of ω to branches, and all model parameters, including ω

distributions, are estimated by maximum likelihood. The selection regimes (ω distributions) of
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the test and reference branches are related by a selection intensity parameter K, via ω(test) =

ω(background)K. Selection intensity (K) greater than 1 indicates intensification, where positive

and purifying increase in strength (move away from ω = 1), and K less than 1 indicates relaxation,

where positive and purifying selection decrease in strength (move closer to ω = 1). We use the

likelihood ratio test to determine whether K is significantly different from 1 (K=1 when the

selection regime in test and reference are equal).

The joint RELAX test is an extension of RELAX in which multiple evolutionary histories

(trees) share the inferred selection regime (ω distributions) and selection intensity test parameter

(K). We ran joint RELAX for each context with every combination of 1) with and without

multiple hits, which allows instantaneous multi-nucleotide substitutions, 2) with and without

synonymous rate variation, which accommodates site-to-site variation of synonymous substitution

rates, and 3) with 2 or 3 rate partitions, which has 1 or 2 partitions for purifying or neutral

selection respectively. From these 8 options the best model was chosen with AIC.

3.4.2 Data sets

Acessension numbers and sequence names for all data are available upon request. Align-

ments and annotated trees are available upon request.

3.4.3 Selection regime preceding and during the H1N1 2009 pandemic

To characterize selection regime preceding H1N1pdm09, we used previously curated virus

genomes121, with up to 58 stains for each of the 8 influenza genome segments. Additionally, to

characterize the outbreak, we considered 39 stains selected from Influenza Virus Resource search

with parameters of pandemic H1N1 virus that are full length with all segments sampled from a

human host in North America from the FLU project collected from 2009-04-01 to 2010-03-01. We

used branches associated with transmission between swine, to represent selection associated with

the host reservoir (reference partition). The stem branch leading to the MRCA of H1N1pdm09

was used as the test branch of interest. Additionally, selection on the stem branch preceding

H1N1pdm09 and branches within the outbreak clade, was tested against the selection regime of

the same reference partition.
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3.4.4 Selection regime preceding and during Ebolavirus (EBOV) 2013-2015
West Africa outbreak

We analyzed 101 EBOV genomes; of these 50 were selected to represent known human

outbreaks including 10 from the 2013-2015 outbreak additionally there were and 50 genomes

subsampled from NCBI virus with search parameters of EBOV genomes with complete nucleotides

from Guinea, Liberia or Sierra Leone, and human host with sample collected 1 January 2014 to 1

June 2015. EBOV is a negative sense single-stranded RNA virus, as such recombination is not

expected to be a major factor in its evolutionary history, so we used all coding regions combined

in a single genome wide analysis.

We used branches between outbreaks of EBOV in humans, to represent selection associated

with the natural host reservoir (reference partition), which is thought to be bats122. Branches

that were associated within human outbreak clades were excluded. The long branch leading

to the MRCA of the 2013-2015 West African outbreak was used as the test branch of interest.

Additionally, selection on the stem branch preceding the 2013-2015 outbreak and branches within

the outbreak clade, was tested against the selection regime of the same reference partition.

3.4.5 Selection regime preceding and during Marburg virus disease Angola
outbreak

We analyzed all MARV genomes sampled from bats available on NCBI (n=12) and 14

sampled from the 2005 outbreak in Angola90 which is the largest known human outbreak of

Marburg virus disease. Similarly to EBOV, MARV is a negative sense single-stranded RNA

virus and we used all coding regions combined in a single genome wide analysis. The branches

associated with bat samples were used to represent selection in the natural host reservoir, which

is thought to be bats. The stem branch leading to the human outbreak was used as the test

branch of interest.

3.4.6 Selection regimes in SARS-CoV-like virus

In 2002-2003 SARS-CoV spilled over into humans, likely from palm civets sold for human

consumption in live-animal markets in China105. We used a total of 142 sequences, including

3 SARS-CoV sequences 2 from humans and 1 from a palm civet, using 31 predefined putative
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non-recombinant regions123. We considered selection preceding the SARS-CoV outbreak by

comparing the stem branch leading to the MRCA of SARS-CoV civet and human samples to the

branches associated with a bat host. We also compared the early outbreak, using all branches

in the SARS-CoV clade with the branch preceding it to selection in the host, using the same

reference partition.

3.4.7 Selection regimes in SARS-CoV-2-like virus

We considered the selection preceding SARS-CoV-2 pandemic and compared it to selection

of SARS-CoV-2-like sarbecoviruses associated with the natural bat host reservoir. We used a

total 31 sequences1 with 15 pre-defined putatively non-recombinant regions107. The robustness of

changes in selection to non-recombinant regions was tested by repeating the RELAX analyses with

non-recombinant regions inferred by 3seq124, which defined 21 regions. We considered selection

preceding the SARS-CoV-2 outbreak by comparing the stem branch leading to SARS-CoV-2,

represented by the reference sequence Hu-1 to branches associated with the natural host reservoir

of bats.

We also considered selection early in the SARS-CoV-2 pandemic using 2 different contexts.

We used a subsample of 50 sequences representing the early outbreak in China, over 3 months,

from a previous dataset1. Additionally we used a random sample of 39 sequences from NCBI

Virus with complete genomes sampled from September 15th to October 1st, 2020 to represent

early worldwide transmission. For each of these sequence sets representing the early outbreak we

compared selection of the host reference partition to the outbreak clade and the stem leading to

SARS-CoV-2.

Of the SARS-CoV-2-like sarbecoviruses, 8 were sampled from pangolins (the rest from

bats), which form 2 pangolin clades108;125. The stem leading to the pangolin clades, and the

pangolin clades were excluded from the reservoir host background. We compared selection within

the pangolin clades to the background partition.

3.4.8 Selection of H1N1 influenza A viruses

In the 1950s A/H1N1 was replaced by another strain of influenza A virus. In 1977 an H1N1

strain nearly identical to that which circulated in the 1950s reemerged in the human population109.
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We used 100 genomes sampled from before 1950 and after 1977 to build a phylogenetic tree and

define the branch leading to the 1977 pandemic clade as the stem lineage. To characterize typical

human-to-human transmission we considered the branches of the 1977 pandemic clade. We

excluded branches associated with samples from before 1977 from the background due to concerns

of passaging, erroneous inclusion of lab strains, and sequence quality. To test for robustness

we excluded 49 tips associated with isolates that have a known history of laboratory passaging.

We tested if laboratory passage of virus isolates changed selection regime by comparing the

background with the clade that includes 3 early laboratory isolates derived from WSN33126:

WSN/33, and two derivatives A/United Kingdom/1/1933 and A/Wilson-Smith/1933(H1N1), all

of which are known to be passaged before sequencing.

We inferred the synonymous and nonsynonymous substitutions preceding the 1977

reemergence using TreeTime (v0.8.6)127 ancestral state reconstruction.

3.4.9 Selection of H1N1 influenza A viruses putatively from lake ice

Zhang et al. purportedly isolated H1N1 from Serbian lake ice, and suggested these

samples were frozen in the ice from a local outbreak. We considered the 19 HA sequences

purportedly isolated from lake ice, 1 positive control112, and 19 HA genes from the H1N1 dataset

from the 1930s to 1950s clade, excluding tips associated with sequences that have a history of lab

passaging113 for a total of 38 sequences. Branches associated with transmission between humans

were used for the reference partition, and branches in the ‘lake ice’ clade were used as the test

partition.

3.4.10 Selection on attenuated vaccine measles virus (MeV)

We analyzed 28 measles virus full genomes, that were curated for use to calibrate

divergence128. This set of genomes is characteristic of MeV evolution with a human host, and

branches associated with these samples were used to characterize background selection. We used

13 genomes from vaccine associated strains of MeV, previously curated101, which were passaged

in cell culture to produce an attenuated virus intended for use as a vaccine. Branches associated

with the vaccine strains were used as the test branches.
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3.4.11 Selection on attenuated vaccine mumps virus (MuV)

We analyzed 59 MuV genomes that were selected by subsetting from Nextstrain NA Real-

time tracking of mumps virus evolution (nextstrain), and collecting the associated full genomes

from NCBI. Branches associated with these samples were used to characterize background

selection. We characterized MuV passaged in the lab for attenuation, with 10 MuV genomes

associated with vaccine strains, which were previously curated101.

3.4.12 Serially-passaged coronavirus MHV

MHV is a betacoronavirus naturally found in mice. Graepel et al passged MHV 250 times

in cell culture129, we used the passaging control that did not include experimental modifications

to characterize selection associated with laboratory passaging, using branches leading to the

passaged virus from the input wild type strain. Background selection was characterized with

branches between 5 MHV lineage defining strains. 11 non-recombinant regions were inferred

using GARD.

3.4.13 Artificial selection on influenza A virus A/H2N2

An H2N2 influenza A virus (wt A/Leningrad/134/57) was passaged at colder temperatures

to produce the non-surface proteins for a reassortant live attenuated vaccine that had attenuated

replication at human body temperature114. We characterized the selection regime of passaging

with selection as the branches that were descendant from the wildtype leading to isolates

sequenced at passages 17 and 47, and the input wild type sequence. The branch leading to the

input wild type was excluded. The background context for comparing to cold adaptation of an

H2N2 stain was characterized by a random subsample of 50 full H2N2 genomes from Influenza

Virus Resource, with all proteins available, excluding vaccine strains and sampled from a human

host.

3.4.14 Artificial selection on influenza A virus A/H5N1

Herfst et al., passaged virus derived from A/Indonesia/5/2005 10 times in ferrets, which

was passaged twice more in two parallel sets of transmission115. We considered all branches

in the clade of all available passaged sequences (n=6) and the branch leading from the initial
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genome (A/Indonesia/5/2005) to this clade as the test partition. The background context was

characterized by a random subsample of 94 whole H5N1 genomes from Influenza Virus Resource,

with all proteins available, sampled from avian sources from 1980 to 2005. We compared selection

dynamics along with branches associated with the H5N1 samples from the avian population

(reference set). The branch leading to the human A/Indonesia/5/2005 from the avian samples

was excluded from main analysis.
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Chapter 4

Phylogeographic analysis reveals an ancient
East African origin of human herpes sim-
plexvirus 2 dispersal out-of-Africa

Human herpes simplex virus 2 (HSV-2) is a ubiquitous, slowly evolving DNA virus.

HSV-2 has two primary lineages, one found in West and Central Africa and the other found

worldwide. Competing hypotheses have been proposed to explain how HSV-2 migrated out-of-

Africa (i)HSV-2 followed human migration out-of-Africa 50-100 thousand years ago, or (ii)HSV-2

migrated via the trans-Atlantic slave trade 150-500 years ago. Limited geographic sampling and

lack of molecular clock signal has precluded robust comparison. Here, we analyze newly sequenced

HSV-2 genomes from Africa to resolve geography and timing of divergence events within HSV-2.

Phylogeographic analysis consistently places the ancestor of worldwide dispersal in East Africa,

though molecular clock is too slow to be detected using available data. Rates 4.2x10-8-5.6x10-8

substitutions/site/year, consistent with previous age estimates, suggest a worldwide dispersal

22-29 thousand years ago. Thus, HSV-2 likely migrated with humans from East Africa and

dispersed after the Last Glacial Maximum.

4.1 Introduction

Human herpes simplex virus 1 and 2 (HSV-1, HSV-2) are globally ubiquitous human

pathogens. HSV-1 and HSV-2 are slow evolving double-stranded DNA viruses that can infect via

oral and genital routes, though HSV-1 is predominantly associated with oral herpes and HSV-2

with genital herpes130. Although genital herpes infection is mostly mild, HSV-2 infection can be
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fatal in neonates and it is associated with an increased risk of HIV acquisition131;132. In 2016,

worldwide the prevalence of HSV-2 was 13%; the highest prevalence is in Africa with around 44%

of females and 25% of males living with HSV-2133. HSV-2 has ancient zoonotic origins, whereby

proto-humans in Africa were infected by an ape simplexvirus27;134;135.

Evolutionarily, HSV-2 is comprised of two major phylogenetic lineages separated by a

long internal branch. One of these lineages is predominantly found in African populations (which

we refer to here as lineage A), and the other lineage which includes members sampled across the

world (which we refer to here as lineage B)136. The relationship between these lineages suggests

HSV-2 diversified in the human population in Africa before dispersing with modern humans

out-of-Africa136, sometime between 50 and 100 kya137;138. Alternatively, it has been hypothesized

that HSV-2 left Africa far more recently, sometime between 1671 and 1792 CE, via the trans-

Atlantic slave trade139 which was active between 1501–1867 CE140. Phylogeographic analysis of

other viruses suggests that the slave trade may have been a conduit for viral introduction into

the Americas141.

The inability to distinguish between these two competing hypotheses operating on vastly

different time-scales arises due to a lack of strong temporal signal in the HSV-2 molecular

clock when calibrated using viral sampling dates (i.e. tip dating calibration;142). There is no

detectable relationship between the year of HSV-2 sampling and the distance from the root

of the phylogeny139;143. The human migration out-of-Africa hypothesis for HSV-2 dispersal

arises from molecular clock estimates calibrated based on inference of codivergence events

deeper in the simplexvirus tree that suggest a genome-wide clock rate on the order of 10-8

substitutions/site/year27;134;136;144. In contrast, the trans-Atlantic slave trade hypothesis is based

upon a power-law rate decay of the molecular clock, whereby more recent branches have a faster

clock rate than older branches145. The absence of a molecular clock calibrated exclusively within

HSV-2 leaves these competing hypotheses unresolved.

Importantly, each of these origin hypotheses are associated with different geographic

sources within Africa. If HSV-2 accompanied the earliest human migration out-of-Africa, then

the most recent common ancestor (MRCA) of the worldwide diversity in lineage B would emanate

from East, Central, or Southern Africa, where the first modern human migration began138.
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However, if HSV-2 left Africa by the trans-Atlantic slave trade, then this lineage would originate

from West or Central Africa, where most Africans enslaved via the trans-Atlantic slave trade

originated. Currently, most available African HSV-2 genomes are from East Africa136;139;146,

limiting our ability to formally test these hypotheses.

Here, we clarify the location of the emergence of HSV-2 out-of-Africa by sequencing 65

HSV-2 genomes from 18 previously unsampled countries, including a majority of viral samples

from West and Central Africa. We further narrow down the timing of the worldwide dispersal

through simulation and empirical molecular clock analysis to determine which origin scenarios

are compatible with a lack of clock-like signal in HSV-2. We show that HSV-2 lineage B followed

human migration from East Africa, but likely postdated the initial out-of-Africa human migration

event.

4.2 Results

4.2.1 HSV-2 genomes.

We sequenced the enriched DNA of 65 new HSV-2 isolates, including 47 with a plausible

link to 13 African countries, permitting us to determine sequence across a mean of 77% of

the HSV-2 genome (range: 45-91%). These 65 newly sequenced African HSV-2 genomes were

combined with previously published HSV-2 genomes resulting in an alignment of 395 taxa,

sampled over 47 years from 37 countries (Supplementary Data 1; Figure 4.1A) . The total

alignment length was 105,520 nt and recombinant fragments were masked.

4.2.2 Maximum likelihood phylogenetic inference.

We inferred a maximum likelihood phylogeny using IQTree281, which supported the

existence of two distinct HSV-2 lineages (Figure 4.1B). These lineages are separated by a

relatively long internal branch with length of 0.009 substitutions/site. The nodes defining lineage

A and lineage B both had strong topological support (aBayes = 1.0; Supplementary data 2).

Both midpoint rooting and outgroup rooting using the chimpanzee herpesvirus (ChHV) supports

rooting the HSV-2 tree on this long branch, consistent with previous studies136;139. Lineage A

comprised sequences from West Africa (n=9) and Central Africa (n=4).
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Lineage B contains 382 sequences from all sampled geographic regions, including from

West and Central Africa. The basal sequences of the this lineage are primarily East African.

The basal structure of lineage B has strong phylogenetic support (aBayes 0.95-1.00 for the first

8 nodes; Figure 4.1). The crown of lineage B, representing the worldwide diversity, has little

observable geographic structure (Figure 4.1B) due to the oversampling of genomes from North

America and limited sampling of other regions139;147;148.

Figure 4.1. Maximum likelihood phylogenetic analysis of empirical HSV-2 genomes.
Co-expression of Zic and ETS is shown in purple and occurs in the notochord, a6.5 lineage,
which gives rise to the anterior sensory vesicle and palps, and four mesenchyme cells shown in
light purple. A schematic of the tailbud embryo shows the notochord and a6.5 cell types later in
development. Dark coloring represents a6.5 and notochord lineages, and light coloring represents
other tissues with expression of Zic and/or ETS.
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4.2.3 Clock rate inference of empirical sequences.

In an attempt to estimate the timing of divergence events within HSV-2, we performed

molecular clock analysis using TreeTime127. However, despite the inclusion of HSV-2 genomes

sampled over a 47-year timespan, we inferred a negative clock rate (Figure 4.1C) and a coefficient

of determination (R2) of the regression between year of sampling and root-to-tip distance of

0.00. These findings indicate a lack of clock-like signal, consistent with previous investigations of

the HSV-2 molecular clock using a tip-dating approach139;143. We first explored the possibility

that this lack of signal was due either to the phylogenetically recessed branches basal to the

worldwide diversity in lineage B or the long branch separating the two lineages. However, after

excluding the recessed basal taxa, we still failed to detect clock-like signal. Similarly, we failed

to find of clock-like signal including only the taxa associated with worldwide diversity within

lineage B (Supplementary Fig. D.1) or only lineage A. These sensitivity analyses all produced

coefficient of determination for the molecular clock of R2 < 0.1.

4.2.4 Likelihood of empirical clock rates.

To understand the plausible range of evolutionary rates that would be compatible with the

lack of clock-like signal in the empirical HSV-2 data, we explored the shape of likelihood surface

across a series of fixed substitution rates ranging between 10-9 and 10-3 substitutions/site/year to

determine which molecular clock rates applied to the input ML tree have the highest likelihood

and what rates are substantially worse. Given that the maximum likelihood rate estimate

is negative, we expected that the slowest substitution rates (i.e., closest to a negative rate)

should have the best likelihood. We restricted this analysis to rates between 10-9 and 10-3

substitutions/site/year, as this range encompasses previously estimated rates for a variety of

viruses. As expected, the slowest rates have the best likelihood scores and the fastest rates

have the worst (Figure 4.2). Clock rates from 10-9 through 4.2x10-7 substitutions/site/year are

within the 10 log-likelihood points of the best likelihood. Substitution rates faster than 4.2x10-7

substitutions/site/year are a substantially worse fit to the observed data.

We note when we performed the same procedure using a virus with strong molecular clock

signal, Ebolavirus from the 2014-2015 West African epidemic149, the peak of this log-likelihood
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Figure 4.2. Shape of likelihood surface for HSV-2 clock rate on empirical. Log-
likelihood of HSV-2 chronogram with a range of fixed clock rates estimated using the maximum
likelihood topology. The black line is best estimated log likelihood. The grey shaded box is the
area shown in insert. Within the insert, the black line is maximum estimated likelihood at rate
1x10-9 substitutions/site/year, and the dark grey box highlights the range 10 points below the
maximum estimated log likelihood and encompasses the rates 4.2x10-7 substitutions/site/year
and slower.

curve reasonably approximated the inferred maximum likelihood rate (Supplementary Fig. D.2).

4.2.5 Estimating clock rate of simulated data.

To explore at what substitution rates temporal signal should theoretically be detectable

in our HSV-2 dataset, given empirical sampling dates and phylogenetic structure, we simulated

HSV-2 genome sequences across the maximum likelihood tree under a series of substitution rates,

ranging between 10-9 and 10-3 substitutions/site/year. We then inferred maximum likelihood

tree branch lengths from these simulated data and re-inferred the clock rate. A simulated rate

that had detectable temporal signal using this approach would be inconsistent with the empirical

data.
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Figure 4.3. Performance of clock rate inference on simulated data. (A) Inference
of clock rate for a fixed input tree with simulated sequences and empirical dates. Black dot
represents estimates of positive rates, a blue x represents the absolute value of estimates of
negative rates, and red dots indicate the mean of absolute value for each fixed rate. Grey
line indicates parity of simulated and estimated rate. (B) Negative clock rate analysis of the
fraction of total simulations for a fixed rate that have a rate estimated as negative. Grey shading
represents range for which a negative estimate is equally probable as positive (two-sided binomial
test p<0.05). (C) R2 coefficient of determination of root-to-tip regression, a transparent dot
represents one replicate. 200 replicates of simulated sequences were generated under GTR+F+Γ4
model then clock rate estimated on simulated sequences.

We were able to reliably infer clock rates from sequences simulated at 1.0x10-6 substi-

tutions/site/year to 10-4 substitutions/site/year (Figure 4.3A), indicating the true underlying

HSV-2 substitution rate must be slower than these rates. We note that rates faster than 10-4

substitutions/site/year were underestimated as the age of the root approached the earliest

sample date. Based on a breakpoint analysis, for simulated rates slower than 1.0x10-6 substi-
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tutions/site/year, the mean of the absolute value of inferred clock rates did not capture the

simulated rate, unlike faster rates (segmented regression; Supplementary Fig. D.3), suggesting

these slower rates are consistent with the empirical data.

As in the empirical analysis, the estimated clock rates simulated under slower rates are

often negative (Figure 4.3B). Thus, sequences simulated under a clock rate which results in an

estimated negative rate indicates that the true data could have been produced under that rate.

The fastest rate at which more than 5% of trials infer a negative rate on the simulated data is

1.8x10-6 substitutions/site/year (Figure 4.3B). The fastest rate at which it is equally probable

for a negative rate to be inferred as positive rate is 3.2x10-7 substitutions/site/year (binomial

test; p<0.05).

The R2 of the root-to-tip by sample date regression decreases with slower simulated clock

rates (Figure 4.3C), because as the clock rate (slope) approaches zero less of the divergence is

explained by sampling date. More than half of the R2 estimates were zero in simulations with a

rate of 1.8x10-6 substitutions/site/year or slower (Figure 4.3C). The simulations of slower rates

are consistent with the root-to-tip regression of the empirical HSV-2 dataset, which had an R2 of

zero.

4.2.6 Timing the ancestor of HSV-2.

The range of substitution rates we explored is broad, accounting for scenarios in which

the time of most recent common ancestor (tMRCA), or root age, for HSV-2 is older than modern

humans, 6 million years ago at 1.0x10-9 substitutions/site/year, to the similarly unrealistic 49 years

ago at 1.0x10-3 substitutions/site/year ( 4.1, Supplementary Data 3). The youngest tMRCA not

rejected by any of our clock-rate simulation was 19 kya, assuming 3.2x10-7 substitutions/site/year

(Fig. 4B). Using the slowest substitution rate that could be detected in our simulations, 2.4x10-6

substitutions/site/year, we infer root age of 2.6 kya (556 BCE). Therefore, the HSV-2 tMRCA

must be older than this date in order to be consistent with the lack of clock-like signal in the

empirical data (Supplementary Fig. D.4). HSV-2 tMRCAs between 109-146 kya, which are

consistent with a previously characterized East-West split in anatomically modern humans in

Africa around 110-160 kya138, were obtained assuming a substitution rate between 4.2x10-8

66



and 5.6x10-8 substitutions/site/year, respectively (Fig 4A). These tMRCAs are also consistent

with previously published HSV-2 root age 90-120 kya, based on externally calibrated molecular

clocks27;136.
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Table 4.1. Age of root and out-of-Africa dispersal across clock rates.

Substitution ratea Root ageb Out-of-Africa ageb Support for East African sourcec Molecular clock analysesd

1.0x10-9 6.1 mya 1.2 mya 0.977 Not rejected
1.3x10-9 4.6 mya 922kya 0.977 Not rejected
1.8x10-9 3.4 mya 693kya 0.977 Not rejected
2.4x10-9 2.6 mya 519kya 0.977 Not rejected
3.2x10-9 1.9 mya 387kya 0.977 Not rejected
4.2x10-9 1.4 mya 290kya 0.977 Not rejected
5.6x10-9 1.1 mya 219kya 0.977 Not rejected
7.5x10-9 809kya 163kya 0.977 Not rejected
1.0x10-8 616kya 124kya 0.976 Not rejected
1.3x10-8 455kya 93kya 0.977 Not rejected
1.8x10-8 341kya 70kya 0.976 Not rejected
2.4x10-8 256kya 52kya 0.977 Not rejected
3.2x10-8 192kya 39kya 0.977 Not rejected
4.2x10-8 146kya 29kya 0.977 Not rejected
5.6x10-8 109kya 22kya 0.977 Not rejected
7.5x10-8 81kya 16kya 0.977 Not rejected
1.0x10-7 61kya 12kya 0.977 Not rejected
1.3x10-7 45kya 9.3kya 0.977 Not rejected
1.8x10-7 34kya 6.9kya 0.977 Not rejected
2.4x10-7 26kya 5.2kya 0.978 Not rejected
3.2x10-7 19kya 3.9kya 0.977 Not rejected
4.2x10-7 14kya 2.9kya 0.977 Rejected by some
5.6x10-7 11kya 2.2kya 0.976 Rejected by some
7.5x10-7 8.1kya 1.7kya 0.977 Rejected by some
1.0x10-6 6.1kya 1.2kya 0.976 Rejected by some
1.3x10-6 4.6kya 935 ya 0.976 Rejected by some
1.8x10-6 3.4kya 702 ya 0.976 Rejected by some
2.4x10-6 2.6kya 528 ya 0.976 Rejected by all
3.2x10-6 1.9kya 401 ya 0.975 Rejected by all
4.2x10-6 1.4kya 303 ya 0.976 Rejected by all
5.6x10-6 1.1kya 230 ya 0.977 Rejected by all
7.5x10-6 826 ya 175 ya 0.977 Rejected by all
1.0x10-5 616 ya 133 ya 0.980 Rejected by all
1.3x10-5 463 ya 104 ya 0.982 Rejected by all
1.8x10-5 353 ya 80 ya 0.985 Rejected by all
2.4x10-5 267 ya 64 ya 0.989 Rejected by all
3.2x10-5 205 ya 55 ya 0.990 Rejected by all
4.2x10-5 159 ya 52 ya 0.980 Rejected by all
5.6x10-5 125 ya 50 ya 0.944 Rejected by all
7.5x10-5 101 ya 49 ya 0.827 Rejected by all
1.0x10-4 84 ya 49 ya 0.540 Rejected by all
1.3x10-4 72 ya 48 ya 0.274 Rejected by all
1.8x10-4 64 ya 48 ya 0.129 Rejected by all
2.4x10-4 59 ya 48 ya 0.062 Rejected by all
3.2x10-4 55 ya 48 ya 0.039 Rejected by all
4.2x10-4 53 ya 47 ya 0.026 Rejected by all
5.6x10-4 51 ya 47 ya 0.020 Rejected by all
7.5x10-4 50 ya 47 ya 0.013 Rejected by all
1.0x10-3 49 ya 47 ya 0.010 Rejected by all

a Substitutions/site/year b Prior to most recently sampled virus, 2018 c Maximum inferred
probability for East African ancestor prior to out-of-Africa dispersal d Empirical and simulation
analyses described in Figure 4.5
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Figure 4.4. Phylogeography of HSV-2 supports East African origin of out-of-Africa
dispersal. (A) Time tree inferred using the evolutionary rate of 5.6x10-8 substitutions/site/year.
(B) Time tree inferred with the fastest rate supported by all clock analyses: 3.2x10-7 substitu-
tions/site/year. Maximum likelihood tree topology scaled to time tree, colored by plurality of
support in mugration analysis for each region. Time scale represents the calendar year; negative
years are BCE. Black dots indicate nodes used in out-of-Africa weighted age calculation (see
Supplementary Fig. D.1).
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4.2.7 Phylogeographic analysis indicates East African origin of worldwide
lineage.

We performed phylogeographic reconstruction in TreeTime on all empirical time trees

inferred with fixed clock rates between 10-9 and 10-3 substitutions/site/year to determine the

ancestral location of HSV-2 and the source of out-of-Africa migration. Using the substitution

rates with HSV-2 tMRCA that is consistent with human divergence and published HSV-2 ages

(4.2x10-8 and 5.6x10-8 substitutions/site/year), we estimate that the ancestor of lineage A was in

West Africa and that the out-of-Africa dispersal event within lineage B occurred in East Africa

between 29.3 to 21.9 kya (Figure 4.4; Table 1).

The phylogeographic placement of East Africa as the source of the HSV-2 out-of-Africa

migration is robust across substitution rates (Table 1). Support for East Africa as the an-

cestral location of lineage B increases with slower substitution rates, exceeding 0.95 for all

evolutionary rates that were not rejected by the molecular clock analyses (i.e., < 2.4x10-6 substi-

tutions/site/year). Even the youngest possible estimate for the timing of HSV-2 out-of-Africa

migration that is consistent the lack of clock-like signal, is 3.9 kya (1883 BCE) and supports East

Africa as the source of the out-of-Africa migration (Table 4.1). The out-of-Africa age estimate

that is consistent our most permissive rejection strategy was 702 years ago (1316 CE), still

predating the trans-Atlantic slave trade by 200 years. Nonetheless, even at this younger age, the

out-of-Africa dispersal was still inferred to be in East Africa. Furthermore, the inference of East

African origin for the worldwide diversity is robust to geographic partitioning schemes of African

and non-African regions (Sup Table D.1).
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4.3 Discussion

Figure 4.5. Timeline of inferred HSV-2 diversification events with context of human
activity. Purple segments denote events associated with human activity. Green segments denote
viral evolutionary events. Timing of deepest anatomically modern human split inferred to be
110-160 kya138. Timing of first human migrations out of Africa estimated to be 50-100 kya138.
Timing of trans-Atlantic slave trade ca. 1501–1867 CE150. Previously published age of HSV-2
tMRCA estimated to be 90-120 kya27;136. Age of HSV-2 tMRCA at fixed rates 4.2x10-8 –
7.5x10-8 substitutions/site/year. Age of extant out-of-Africa dispersal estimated with fixed rates
4.2x10-8 – 7.5x10-8 substitutions/site/year, is 16-29kya. Most recent age of out-of-Africa dispersal
estimated under clock rate that is consistent with molecular clock analysis is 3.9kya (3.2x10-7

substitutions/site/year).

Understanding the geographic spread of human pathogens, both ancient and recent,

provides insight into what conditions lead to viral establishment or extinction, informing the

potential dynamics of future epidemics151–153. To understand the geography and timing of HSV-2

dispersal, we expanded the geographic breadth of HSV-2 genomic sampling and established

the sensitivity of tip dated molecular clock inference. Clock rates between 4.2x10-8-5.6x10-8

substitutions/site/year, are consistent with our molecular clock analysis of empirical data and,

under these rates we infer an HSV-2 tMRCA of 110-146 kya which is consistent with the previously

published timing between 90-120 kya27;136. Based on these rates, we conclude that HSV-2 most

likely accompanied humans migrating from East Africa and dispersed worldwide between 22

and 29 kya (Figure 4.5). The tMRCA of modern worldwide diversity, between 22 and 29 kya, is

consistent with an HSV-2 strain dispersing after the population bottleneck associated with the

Last Glacial Maximum154. This strain could have been the first HSV-2 to disperse worldwide, or

it could have replaced HSV-2 that accompanied humans migrations and later went extinct (as

has been reported in HSV-1)155.

HSV-2 has ancient zoonotic origins, whereby proto-humans in Africa were infected

by an ape simplexvirus156–158. While the tMRCA of HSV-2, the split of lineage A and B,
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may represent the age of HSV-2 in humans this divergence may have occurred sometime after

establishing in humans. The divergence within HSV-2 may reflect human migration within

Africa, however as HSV-2 likely infected humans the tMRCA almost certainly postdates the

origin of modern humans. Therefore it is unlikely that the true substitution rate is slower

than 2.4x10-8 substitutions/site/year, which produce a of 250 kya which is older than evidence

of anatomically modern humans138. Thus HSV-2 migrating with modern humans during the

original out-of-Africa migration between 50 and 100 kya138, is not consistent with the age of

HSV-2 worldwide diversity.

We conclude that a scenario in which HSV-2 left Africa via the trans-Atlantic slave

trade between 1500–1850 CE is inconsistent with both molecular clock and phylogeographic

inference. Out-of-Africa migrations events more recently than ca. 1300 CE would necessitate

a viral substitution rate that would produce some clock-like signal using tip-date calibrated

molecular clock (i.e., faster than 1.8x10-6 substitutions/site/year). Our clock-signal breakpoint

analysis (Supplementary Fig. D.3) indicates that an out-of-Africa event post-dating 1083 CE (i.e.,

substitution rate 1.3x10-6 substitutions/site/year) would necessitate a molecular clock that could

be inferred from the dataset. Further, any internally consistent molecular clock rate places the

origin of this out-of-Africa migration in East Africa, on the opposite side of the continent from

where the majority of Africans enslaved as part of the trans-Atlantic slave trade originated. We

acknowledge that it is possible that HSV-2 was subsequently imported into the Americas via the

trans-Atlantic slave trade long after the worldwide dispersal, given that there is evidence of other

viral pathogens being transported to the Americas from Africa during this time141. Nonetheless,

we find that both the timing and geographical source of the HSV-2 worldwide dispersal are

incompatible with the slave trade hypothesis.

A possible explanation for the previous inference of a young age of the HSV-2 out-of-Africa

dispersal139 is the misapplication of substitution rate correction for purifying selection. As viruses

evolve for long periods of time, purifying selection can lead to underestimation of branch lengths

due to substitution saturation64;159. In RNA viruses, this effect is most prominent on internal

branches >0.1 substitutions/site134;159, which is an order of magnitude longer than the total

tree height of HSV-2 (0.0083 substitutions/site). Bayesian approaches have been developed
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to explore deeper divergence events in virus phylogenies134;160. Additionally, rescaling branch

lengths by a power law decay rate can be used to correct for the underestimation145. We note

that a refinement of the formulation for the power law decay rate model161 now describes rate

variation through time with a sigmoid curve, acknowledging a more biologically plausible constant

evolutionary rate near the tips of viral evolutionary trees with rate decay occurring only deeper

in the tree. In other words, although rate decay is almost certainly relevant to deeper divergence

events within the simplexvirus phylogeny that show evidence of saturation134, HSV-2 is young

enough that traditional maximum likelihood phylogenetic inference would not underestimate

branch lengths, and applying a power law decay rate would inappropriately underestimate the

evolutionary time along recent branches.

Previous analysis of HSV-2 geographic structure has primarily partitioned samples into

continent based regions139;147;148. Using our novel genome sequences, we were able in increase the

resolution of geographic analysis, and show that East Africa is the geographic source of HSV-2

worldwide diversity. However, we note the exact location and path the HSV-2 took upon leaving

Africa is still unclear because of (i) the lack samples from the Horn of Africa which is the likely

source of human out-of-Africa migration, (ii) the sampling bias for viral genomes from North

America, and (iii) human migration in the modern era which obscures ancient signal. Increased

sampling across global regions could improve geographic signal of HSV-2 migration.

HSV-2 genome samples on the order of thousands of years should provide sufficient

temporal signal to estimate the true clock rate of HSV-2. In our simulations, genomes sampled

over a 47-year timespan can accurately calibrate a clock rate of 1.3x10-6 substitutions/site/year

and faster. Hence HSV-2 genomes thousands of years old should have sufficient accumulation of

signal to acutely infer a clock rate based on tip dates with a rate of 10-8 substitutions/site/year.

The identification of ancient herpes virus sequences (including HSV-1, as in155) in mummified

archeological specimens162 suggests the possibility of reconstructing ancient HSV-2 genomes that

could be used to inform a tip-dated calibration for this virus and to reveal the ancient paths of

HSV-2 transmission.
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4.4 Methods

4.4.1 HSV-2 data set and sequence alignment.

Clinical isolates were recovered from patients diagnosed with genital herpes at La Pitié

Salpêtrière – Charles Foix University Hospital (Paris, France) who self-reported overseas origin.

HSV-2 isolates were used because of shortages of primary clinical sample material. Isolates were

obtained by propagation in subconfluent Vero cell monolayers163. A limited number of passages

was necessary for the generation of viral stocks.

We sequenced 65 HSV-2 samples collected 2012-2018 primarily from West and Central

Africa. In brief, we extracted DNA from supernatant using the QIAmp Viral RNA Mini Kit

(Qiagen, Hilden, Germany) and measured DNA content with a Qubit (Thermo Fischer Scientific,

Waltham, MA, USA). HSV-2 copy numbers were determined using a quantitative PCR (qPCR)

assay136. We then prepared dual indexed-libraries using 1ng DNA extract using the Nextera XT

Library Preparation Kit and the Nextera XT Index Kit (Illumina, San Diego, CA, USA), which

we pooled so individual libraries would all bring in about the same number of HSV-2 genome

copies (according to the qPCR results). The pool was subjected to a double round hybridization

capture with a MYbaits Custom Target Enrichment Kit designed to cover the whole genomes of

HSV-1 (NC 001806), HSV-2 (NC 001798) and varicella zoster virus (VZV, NC 001348; Human

herpesvirus 3) (Daicel Arbor Biosciences, Ann Arbor, MI, USA). For both rounds, we followed

manufacturer’s instructions with the exception that only one fourth of the recommended bait

quantity was used. We sequenced the capture product on MiSeq and NextSeq 550 platforms

(Illumina) using the MiSeq Reagent Kit v3 (600 cycles; Illumina) and NextSeq Mid Output Kit

v2.5 (300 cycles; Illumina), generating a total of 61,926,628 reads.

Low quality bases and adapter sequences were removed from raw reads using Trimmomatic

v0.36 (35) and overlapping reads were merged using ClipAndMerge v1.7.8164. We then mapped

trimmed reads to the HSV-2 RefSeq genome (NC 001798) from which we had removed the TRL

and TRS regions165. We finally sorted mapping files and removed duplicate reads using the

SortSam and MarkDuplicates tools from Picard v2.7.1 (http://broadinstitute.github.io/picard/).

We generated consensus sequences form the maps using Geneious Prime v2021.2.2166, calling
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bases at positions covered by at least 20 unique reads and for which more than 95% of the reads

were in agreement.

Additionally, we downloaded all available HSV-2 sequences of length greater than 100kbp

from GenBank in November 2019. Potentially engineered (n=5) and dubious sequences (n=10)

were removed. HSV-2 sequences along with, ChHV (NC 023677) and HSV-1 (NC 001806) were

aligned with MAFFT v7.30780. Regions with more than 10% of sequences containing gaps

were removed with Geneious. Invariant sites were stripped from the alignment to produce a

dataset that was computationally tractable for recombination analysis, resulting in an alignment

of 25,809 variant sites of ChHV, HSV-1, and HSV-2 sequences. Recombinant fragments were

inferred with RDP4167, using five recombination detection methods (RDP, GENECONV, MaxChi,

BootScan and SiScan) and validating recombination events identified by at least two methods.

In sequences found to contain recombination, the recombinant fragments within these sequences

were masked (with Ns) in the complete alignment (including variant and invariant sites) for

subsequent phylogenetic analysis.

4.4.2 Phylogenetic and initial temporal analysis.

Subsequent analysis was done on only HSV-2 sequences with the year of sample collection

resulting in a final HSV-2 dataset of 395 sequences, of 105,420 sites of which 5,648 sites had

variation. Sequences were sampled globally across 47 years, from 1971 to 2018 (Supplementary

Data 1).

A maximum likelihood phylogeny for the HSV-2 dataset was made using IQtree2 v2.0.481,

with a GTR+F+R4 substitution model selected by model testing using ModelTesting with cAIC

on the initial alignment168. To test uncertainty in the topology we used aBayes to estimate

branch support169. We used TreeTime v0.7.6127 to perform molecular clock inference on HSV-2

using tip date calibrations. Default TreeTime parameters were used, except for fixing the root,

using input branch lengths, and clock filter was set to 0 (no filtering). The root was fixed, as

this rooting is supported by including ChHV as an outgroup and is consistent with previous

studies136. Input topology and branch lengths were used to because joint optimization is not

stable without this approach170. With the lack of clock like signal it is was not appropriate to
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filter based on clock variation.

4.4.3 Likelihood of fixed clock rates with empirical data.

The log likelihood was calculated for time trees with a range of fixed substitution rates

using TreeTime. We used a fixed input tree, empirical sample dates, and no clock filter. The rates

used were 1x10-9 substitutions/site/year to 1x10-3 substitutions/site/year, with a resolution of 8

rates distributed evenly across the log space across each order of magnitude. This distribution

exceeds the range of previous clock rate estimates for simplexvirus and HSV-1139;144.

To validate the interpretation of the likelihood surface, we performed a similar process

with a previously published dataset of 1,610 ebolavirus sequences from the 2014-2015 West

African Ebola epidemic149, which has detectable temporal signal using tip-date calibrations. The

Ebola dataset was analyzed with rates from 1x10-1 substitutions/site/year to 1x10-5 substitu-

tions/site/year, with a resolution of 3 rates for each order of magnitude spread evenly across log

space (Supplementary Fig. D.2).

4.4.4 Clock rate estimates of simulated data.

In order to understand what clock rate would result in sufficient temporal signal to detect

the molecular clock on the empirical HSV-2 dataset (i.e., range of sampling dates, sequence length,

and tree topology), we simulated sequence data across a range of substitution rates, 10-9 to 10-3

substitutions/site/year with 8 rates across each order of magnitude. Simulation was done with

the nucleotide substitution model parameters inferred by IQtree2, under a GTR+F+Γ4 model

on the HSV-2 dataset. We first inferred a time tree with a fixed clock rate based on our topology

using TreeTime and then scaled this tree to substitutions/site with the clock rate. Sequences

were simulated on the rescaled tree with Seq-Gen v1.3.4171. We performed 200 replicates of

sequence evolution and subsequent analysis.

Branch lengths were estimated on the fixed empirical topology using the simulated

sequences with IQtree2 using GTR+F+Γ4 model. Although the empirical tree inference was

performed with free rate variation, we used gamma rate variation in the simulations and

subsequent tree inference to maintain consistency between simulation, tree and clock inference.

The clock rate and R2 of the root-tip-regression of the simulated data was then estimated with
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TreeTime, using previous parameters.

The detection of temporal signal was assessed though different methods using R172. The

rate at which there was a change in the relationship between the mean absolute value of estimated

rate and the simulated rate was inferred by a linear regression break point analysis (R segmented

v. 1.2-0).

The point at which the estimated rate reflected the empirical data, in that the estimated

clock rate was negative, was determined by two cutoffs. The first cutoff method is the fastest rate

at which more than 5% of estimated rates on simulated data were negative. The second cutoff is

the fastest rate at which a negative estimate is as likely as a positive estimate, determined by

binomial test (p<0.05).

4.4.5 Phylogeographic ancestral state reconstruction.

We performed a mugration analysis, which is an inference of transition between discrete

geographic regions along branches of the phylogenetic tree, to reconstruct the ancestral geographic

state. We used TreeTime mugration with default parameters, empirical time trees built with

different fixed clock rates and the region of sampling for each tip. Samples with country histories

were partitioned into regions, based on the United Nations M49 Standard, into North Africa,

West Africa, East Africa, Central Africa, Southern Africa, and countries from all other regions

were grouped into non-African region. Six samples had no country of origin, but are known

to be sampled from Africa, and were partitioned into a broad Africa, region unknown for

phylogeography analysis. Additionally, 4 samples were from an unknown location and were

indicated as missing in the mugration analysis.

Robustness analysis of the phylogeographic reconstruction was done by repeating previous

mugration analysis with a merged West, Central, and Southern Africa region. Additional

robustness analysis split the non-African region into worldwide subregions, and reconstruction

was done with North Africa, West Africa, East Africa, Central Africa, Southern Africa, Africa

region unknown, Eastern Europe, Southern Europe, Western Europe, Northern America, South

America, Southeastern Asia, Western Asia, and missing.

The points of particular interest in the trees are first the age of the root, which represents
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the age of HSV-2 diversification, and second the age of the most recent common ancestor (MRCA)

of the worldwide diversity within the worldwide lineage, which represents the maximum age for

the dispersal of HSV-2 out-of-Africa, assuming an African origin for the lineage B. On the fixed

topology, ancestral geographic reconstruction along the basal backbone of the worldwide lineage

had majority of support for the African region that is the source of HSV-2 worldwide diversity

which decreases until the majority of support is for the non-African region (Supplementary

Fig. D.5). We defined the-out of-Africa age as the mean age of the nodes that define the backbone

at the base of lineage B, weighted by a factor of one minus the absolute value of the difference of

the support for source African region and support for non-African region. This factor accounts

for the uncertainty which point on the maximum likelihood phylogeny that HSV-2 migrated

out-of-Africa.

Age is reported in number of years ago, relative to 2018, the most resent sample date.

4.4.6 Data Availability

All sequence data generated in this study are made available in BioProject under accession

code PRJEB48656 (https://www.ncbi.nlm.nih.gov/bioproject/PRJEB48656/). All accession

numbers for data used in this manuscript can be found in Supplementary Data 1.

4.4.7 Code Availability

Code for running simulation is available at https://github.com/jennifer-bio/HSV2 .
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Epilogue

In this dissertation I have presented multiple cases of human virus epidemics where virus

traits and human behavior have impacted circulation. With an understanding of the importance

of virus traits, I presented evidence that zoonotic viruses can adapt to their novel host once

they have jumped into the human population and a specific investigation into how SARS-CoV-2

evolves.

In Chapter 1, I sought to understand how virus variants with different traits circulated

in a heterogeneous population. I investigated NYC during the second wave of SARS-CoV-2

and found that Iota, an immune evasive variant, circulated more in areas with high rates of

poverty and larger proportion of Black and Hispanic or Latino residents. In contrast I found

that Alpha, a variant with high transmissibility, succeeds in areas with low rates of poverty and

a larger proportion of White and Asian or Pacific Islander residents. I presented this dynamic

in the context of the immune landscape. Areas where immune evasive variants succeeded had

higher disease prevalence during the first wave thus higher rates of standing immunity during

the second wave. While the same factors associated with socioeconomic status that caused

heterogeneous disease burden during the first wave likely impacted transmission during the

second wave, the resulting heterogeneous standing immunity was also an important factor. In

this chapter, I present evidence that virus traits impacted their relative circulation and spread in

a heterogeneous population.

I also contributed research, not expanded upon here, investigating the dynamics of

SARS-CoV-2 transmission in Jordan173 and the strength of the second wave of SARS-CoV-2 in

NYC44;47. In Jordan, human behavior, specifically regional connectivity and land travel were

drivers of transmission. In NYC, we found that variants, with increased transmissibility and

immune escape properties, were important drivers in an extended second wave. Understanding
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the traits of different variants, as well as human behavior, was important to understand how the

virus persisted; as such I investigated how SARS-CoV-2 evolves in the human population.

In general, SARS-CoV-2 tends to accumulate little change between individual transmission

events; however, interspersing this are jumps with a large amount of evolution all at once, which

define stem lineages of variants. Variants have different traits from their ancestor, such as immune

evasion and transmissibility, which appears to be acquired during these jumps in evolution. In

Chapter 2, I explore the molecular clock, rates of synonymous and nonsynonymous substitutions,

and dN/dS in the stem lineages of variants. I find that the rate of synonymous substitutions is

slower in many variant stem lineages than during typical transmission. I found this observation of

reduced synonymous substitutions to be particularly interesting to investigate because it involved

looking for signal that was missing, rather than looking for an excess. This is a contrast to, for

example, finding an excess of nonsynonymous substitutions or an increase in dN/dS, which has

been repeatedly noted by many different groups20;52.

When I examine persistent infections, identified in NYC SARS-CoV-2 surveillance data,

there are some cases which show the same pattern of reduced rate of synonymous substitutions

and increase in dN/dS. This consistency supports the hypothesis that persistent infections are

the source of variants. Variation in the synonymous molecular clock, which is less impacted by

selection than the nonsynonymous molecular clock, also supports the hypothesis that persistent

infections experience an environment which is not typically seen during acute infection. One

possibility is that during persistent infection virus enters different body compartments, and cell

tropism or other factors impact replication rate. Understanding how virus persists is vital to

developing effective treatment, and potentially reducing the impact of future variants.

In Chapter 2, I present that SARS-CoV-2 variants evolve within the human population

rather than in a zoonotic reservoir. While reverse-zoonosis and subsequent reintroduction into

humans is possible as has been seen with deer and mink70;174, it does not appear to be a significant

factor in the evolution of SARS-CoV-2 circulating in the human population. In Chapter 3, I

explore the context that adaptation to humans occurs in, in a variety of viruses, with a focus on

recent zoonosis. I present the comparison of selection in a zoonotic host reservoir with selection

in the stem lineage proceeding zoonosis and during the epidemic following zoonosis. I find that
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selection on the stem lineage of recent zoonoses are consistent with selection in the host reservoir.

Again, I found this finding intriguing to investigate because, rather than focusing on a notable

difference, I focus on results that do not show a change, a negative result.

In contrast, the stem lineage leading the reemergance of H1N1 in 1977 is not characteristic

of transmission in either humans or a non-human animal reservoir. Rather, selection and molecular

clocks are consistent with freezing and passage in a laboratory context. This is an outlier to

other recent pandemics that are of zoonotic origin.

In contrast to the lack of change in selection preceding zoonosis relative to the host

reservoir, after zoonosis during early human outbreaks the selection regime is different than in

the host reservoir. This change is consistent with the known pattern of adaptation after host

switch15;91;93;94. In this dissertation I present evidence which is consistent with the scenario that

some viruses in zoonotic reservoirs are sufficiently fit to transmit in the human population and

when a fit virus has the opportunity to infect humans it can make the jump. Once in the human

population, a circulating virus can evolve, which impacts it’s spread, giving the opportunity to

evolve more.

I have examined viruses which are sufficiently fit to circulate in the human population;

however, this is not the only interaction humans have with viruses that we can explore. Based on

seropositivity data, humans are routinely exposed to zoonotic viruses, including viruses from the

Coronaviridae and Filoviridae families118;122;175, which do not go on to circulate and transmit

extensively in the human population. Genomic and epidemiological data on viruses that infect

individuals without onward transmission could provide valuable information to understand the

requirements for successful zoonosis (zoonotic emergence and subsequent circulation in human

population). However, this data is limited, because it is difficult to capture such isolated events.

Understanding the relative importance of viral traits and human behavior to successful virus

circulation is valuable in determining strategies to prevent and respond to zoonosis.

In Chapter 4, I examined the circulation of HSV-2, which, in contrast to the recent

zoonotic viruses I examined earlier in my dissertation, is one of the earliest extant zoonotic

pathogens. The limited number of samples from different geographic regions limits the granularity

of the phylogeographic reconstruction, so we focused on continent level reconstruction. This
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is in stark contrast with the scope of data available for SARS-CoV-2, which can at times be

investigated at the level of neighborhoods (Chapter 1). However, even with this limitation, we

see the same pattern: human behavior has a fundamental impact on the dynamics and spread

of a zoonotic virus. With more information it may be possible to investigate the impact of

virus traits on that spread. With respect to timing, we find that HSV-2 likely spread with the

global migration of humans. However, given the limited time range of collected samples there

is insufficient information to infer clock-like behavior and so there is high uncertainty in the

molecular clock inference timing. To address the absence of clock-like behavior we developed a

robust simulation framework to characterizes this lack.

As with the lack of change proceeding zoonosis and lack of synonymous substitutions

on SARS-CoV-2 variant stem lineages, the lack of clock-like signal in HSV-2 could have been

considered a negative result that is not worth proceeding with. However, in this dissertation I

have presented multiple situations where the lack of observable information is, in and of itself,

information. Using careful contextualization and comparison, null results and missing information

can be fundamentally important to developing novel insights that may otherwise be missed.

The work presented in this dissertation has provided novel insight into the dynamics of

evolution and circulation of viruses. Specifically, I present the spread and circulation of HSV-2

and SARS-CoV-2, and how human behavior and virus traits impact this dynamic. To understand

the context in which virus traits evolve, I present how selection dynamics change in different

environments between hosts and contrasting acute and persistent infections. Understanding

the dynamics of evolution and spread is important in developing an effective response to novel

zoonotic viruses, as well as the challenges we face from zoonotic viruses which are circulating

endemically.
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Appendix A

Supplemental Material for Chapter 1

A.1 Supplementary Table

Table A.1. GLM model coefficients

Variant Coefficient (Seroprevalence by Borough) 95%HPD Coefficient (Vaccination) 95%HPD

Iota 0.95 0.003-2.5 0.985 0.001 - 2.95

Iota E484K 0.89 0.0006-2.8 0.966 0.001 - 2.87

Alpha 0.8 0.00002-2.4 4.92 0.02-9.44

B1637 0.99 0.0001-3.05 0.964 0.001 - 2.88
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A.2 Supplementary Figures

Figure A.1. Proportion of sequenced samples by ZIP code. Left panel in-
cludes PHL and PRL data, and middle panel is PHL data only. Right panel shows
the percent of sequenced genomes for each location used in a phylogeographical anal-
ysis (areas of High, Medium, and Low seroprevalence). The base layer of the map
obtained from: https://data.cityofnewyork.us/Health/Modified-Zip-Code-Tabulation-Areas-
MODZCTA-Map/5fzm-kpwv, distributed openly under the following terms and conditions:
https://www.nyc.gov/home/terms-of-use.page.
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Figure A.2. Maximum clade credibility phylogenetic trees with branches annotated
by location seroprevalence inferred in phylogeographic analysis in BEAST. Colors
denote seroprevalence. Only branches with location posterior probability >70% were annotated.
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Figure A.3. Number of introductions from and to each location in phylogeographic
analysis where locations were defined based on seropositivity only as High, Medium
(Mid), and Low. Total number of introductions into each location is highlighted with a black
square box.
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A.3 Supplementary Data Captions

Supplementary Data 1 XML for phylogeographic analysis (Alpha). Accessible here.

Supplementary Data 2 XML for phylogeographic analysis (Iota). Accessible here.

Supplementary Data 3 XML for phylogeographic analysis (E484K). Accessible here.

Supplementary Data 4 XML for phylogeographic analysis (B.1.637). Accessible here.

Supplementary Data 5 Sequence accession numbers. Accessible here.

88

https://doi.org/10.1371/journal.ppat.1012288.s006
https://doi.org/10.1371/journal.ppat.1012288.s007
https://doi.org/10.1371/journal.ppat.1012288.s008
https://doi.org/10.1371/journal.ppat.1012288.s009
https://doi.org/10.1371/journal.ppat.1012288.s004


Appendix B

Supplemental Material for Chapter 2

B.1 Supplementary data

Supp Data 1. Ascension numbers of context sequences is available upon request.

Supp Data 2. Ascension numbers of persistent infection sequences available upon request.

B.2 Supplementary Tables
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Appendix C

Supplemental Material for Chapter 3

C.1 Supplementary Figures

Figure C.1. Quantifying selection regimes in SARS-CoV-2 with human outbreak.
(A) Phylogenetic tree of SARS-CoV-2 like sarbecoviruses non recombinant region 08, branch
color indicate partition. (B) Mean ω for each branch partition of background and the test sets,
including 3seq stem, which compares the stem branch with background, based on alignment of
non-recombinant regions inferred with 3seq (no tree displayed), and “combined with worldwide”
which compares stem and worldwide outbreak (n , from time ) to background (C) Change in
selection intensity comparing selection associated with background to test set. Filled circles
indicate a balanced model where directionality is identifiable, open circles indicate an unbalanced
model and the direction above or below 1 is not identifiable. Numerical values in Supp Table C.2.
Significance indicated with* p<0.05; ** p<0.01; and *** p<0.001. Icons created with BioRender.
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Figure C.2. Phylogenetic tree of H1N1 HA segment, branch color indicates par-
tition. The stem branch connects 1977 pandemic reemergence and basal ancestors, and is
foreground for 1977 flu test. WSN33 (blue) branches are clade associated with laboratory
passaged positive control. Post 1977 branches associated human to human transmission (brown)
used as background. Other branches that are pre-1977 or tips that have a history of passaging
(grey) are excluded from analysis. Icons created with BioRender.
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Figure C.3. Phylogenetic tree of H1N1 HA segment, branch color indicates parti-
tion. Lake ice clade (green) is the foreground and branches associated with human to human
transmission (brown) are background of Lake ice test. The study positive control (grey) is
excluded. Icons created with BioRender.
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Figure C.4. Phylogenetic tree of MeV genome, branch color indicates partition.
Vaccine attenuated by passage (green) is the foreground and branches associated with human to
human transmission. Icons created with BioRender.
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Figure C.5. Phylogenetic tree of MuV genome, branch color indicates partition.
Vaccine attenuated by passage (green) is the foreground and branches associated with human to
human transmission. Icons created with BioRender.

Figure C.6. Phylogenetic tree of MHV. Non-recombinant region 07, defined by GARD, is
displayed, branch color indicates partition. Laboratory passaged virus (green) is the foreground
and branches between murine strains (brown) are background of Lake ice test. The isolate used
at the start of passaging (grey) is excluded.
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Figure C.7. Phylogenetic tree of H2N2 PB1 segment. Branch color indicates partition.
Cold adaptation passage (green) is the foreground and branches associated with human to human
transmission (brown) are background. The stem to isolate used at the start of passaging (grey)
is excluded. Icons created with BioRender.
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Figure C.8. Phylogenetic tree of H5N1 PB1 segment. Branch color indicates partition.
Airborne ferret adaptation passage (green) is the foreground and branches associated with avian
host reservoir (brown) are background. The stem to isolate used at the start of passaging (grey)
is excluded. Icons created with BioRender.
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Figure C.9. Diagram of host during evolutionary history. Branches are colored by the
host of the virus, the natural host reservoir (black), intermediate host (blue) or human (orange)
(A) Evolution on the stem lineage leading the MRCA of human outbreak is primarily associated
with the natural host reservoir. (B) Evolution on the stem lineage leading the MRCA of human
outbreak is primarily associated with (unsampled) intermediate host. (C) Evolution on the stem
lineage leading the MRCA of human outbreak is primarily associated with initial stuttering
transmission in the human population, not captured by observed samples. Icons created with
BioRender

C.2 Supplementary Tables
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Table C.2. Inferred substitutions of 1977 reemergence

Nonsynonymous substitutions Synonymous substitutions
HA 3 5
M 2 0
NA 3 2
NP 4 2
NS 1 1
PA 0 2
PB1 1 12
PB2 3 7
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Appendix D

Supplemental Material for Chapter 4

D.1 Supplementary Figures

Figure D.1. Phylogenetic analysis of subset of HSV-2 worldwide lineage. (A) HSV-2
dataset of 353 sequences in out of Africa clade of worldwide lineage, by number of samples from
each region. (B) ML phylogenetic tree inferred with GTR+F+R4 model of sequences described
in panel A. Color indicates region of sampling for tip. (C) Root to tip distance of ML tree verse
sampling year, with regression estimate of clock rate of -2.4x10-6 substitutions/site/year.
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Figure D.2. Shape of likelihood surface for clock rate of ebolavirus. Log likelihood
of ebolavirus time tree at fixed clock rates estimated using input ML tree (1) of 1610 Ebola
genomes, black line is maximum estimated likelihood, grey shaded box is the area shown in insert.
(Insert) Black line is maximum estimated likelihood at rate 4.6x10-4 substitutions/site/year, dark
grey box is range from maximum estimated likelihood to 10 points below.

102



Figure D.3. Breakpoint analysis of clock rate inference on simulated data. Estimates
of rate for a fixed input tree with simulated sequences and empirical dates. Black dot represents
estimates of positive rates, while blue ’x’ represent the absolute value of estimates of negative
rates, and the mean of absolute value for each fixed rate is indicated by red dot. Sloped green
segments represent break point regression of absolute value of estimated rates. Vertical green
line represents break point at 1.2x10-6 substitutions/site/year (R segmented). 200 replicates
were generated under GTR+Γ4 model with fixed rates 1x10-9 to 1x10-4 substitutions/site/year.

Figure D.4. Phylogeography of HSV-2 supports East Africa as origin of out-of-
Africa dispersal. Time tree inferred with the fastest rate supported by any clock analysis,
2.4x10-6 substitutions/site/year. ML tree topology scaled to time tree, colored by plurality of
support in mugration analysis for each region. Time scale represents the calendar year; negative
years are BCE.
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Figure D.5. Internal nodes in backbone of tree around out of Africa migration
(within the worldwide lineage). Confidence in East Africa placement (green) and out of
Africa placement (purple), by number of years before 2018, for time trees with rate 5.8x10-8 (A)
and 2.4x10-6 (B) substitutions/site/year. Vertical bar indicates average age of nodes with ages
weighted by 1-absolute value(East Africa confidence - out of Africa confidence).

D.2 Supplementary Data Captions

Supplementary Data 1 Sample metadata with sequence information. Available here

Supplementary Data 2 Description: Nexus formatted treefile of empirical HSV-2

dataset, visualized in Fig. 1. ML tree of 395 HSV-2 sequences estimated with GTR+F+R4. The

tree displayed is midpoint rooted, though the identical rooting orientation is recovered using the

closely related chimpanzee simplexvirus. Node labels indicate aBayes support. Available here

Supplementary Data 3 Description: Nexus formatted time trees inferred using with

fixed evolutionary rates. Associated summary of ages and phylogeographic source in Table 1.

Available here

D.3 Supplementary Tables
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Table D.1. Age of root and out-of-Africa dispersal across clock rates for robustness analysis of
geographic partitioning

Partitioning scheme Substitution rate Root age1 Maximum support for East Africa migration Rate support in simulations
All subregions 1.0E-08 122447 0.976 Not rejected
All subregions 1.3E-08 91470 0.977 Not rejected
All subregions 1.8E-08 68746 0.976 Not rejected
All subregions 2.4E-08 51445 0.977 Not rejected
All subregions 3.2E-08 38414 0.977 Not rejected
All subregions 4.2E-08 28910 0.978 Not rejected
All subregions 5.6E-08 21641 0.977 Not rejected
All subregions 7.5E-08 16279 0.977 Not rejected
All subregions 1.0E-07 12163 0.977 Not rejected
All subregions 1.3E-07 9135 0.977 Not rejected
All subregions 1.8E-07 6838 0.978 Not rejected
All subregions 2.4E-07 5130 0.978 Not rejected
All subregions 3.2E-07 3851 0.978 Not rejected
All subregions 4.2E-07 2891 0.978 Intermediate
All subregions 5.6E-07 2181 0.977 Intermediate
All subregions 7.5E-07 1630 0.979 Intermediate
All subregions 1.0E-06 1226 0.979 Intermediate
All subregions 1.3E-06 923 0.981 Intermediate
All subregions 1.8E-06 693 0.982 Intermediate
All subregions 2.4E-06 521 0.983 Intermediate
All subregions 3.2E-06 396 0.984 Rejected by all
All subregions 4.2E-06 299 0.986 Rejected by all
All subregions 5.6E-06 226 0.988 Rejected by all
All subregions 7.5E-06 173 0.989 Rejected by all
All subregions 1.0E-05 132 0.992 Rejected by all
All subregions 1.3E-05 102 0.994 Rejected by all
All subregions 1.8E-05 80 0.995 Rejected by all
All subregions 2.4E-05 64 0.997 Rejected by all
All subregions 3.2E-05 54 0.997 Rejected by all
All subregions 4.2E-05 52 0.993 Rejected by all
All subregions 5.6E-05 50 0.967 Rejected by all
All subregions 7.5E-05 49 0.824 Rejected by all
All subregions 1.0E-04 49 0.437 Rejected by all
Out of Africa and African merged 1.0E-08 124370 0.985 Not rejected
Out of Africa and African merged 1.3E-08 92838 0.986 Not rejected
Out of Africa and African merged 1.8E-08 69776 0.985 Not rejected
Out of Africa and African merged 2.4E-08 52233 0.986 Not rejected
Out of Africa and African merged 3.2E-08 38987 0.985 Not rejected
Out of Africa and African merged 4.2E-08 29342 0.986 Not rejected
Out of Africa and African merged 5.6E-08 21961 0.986 Not rejected
Out of Africa and African merged 7.5E-08 16528 0.985 Not rejected
Out of Africa and African merged 1.0E-07 12350 0.985 Not rejected
Out of Africa and African merged 1.3E-07 9271 0.985 Not rejected
Out of Africa and African merged 1.8E-07 6943 0.986 Not rejected
Out of Africa and African merged 2.4E-07 5206 0.986 Not rejected
Out of Africa and African merged 3.2E-07 3911 0.986 Not rejected
Out of Africa and African merged 4.2E-07 2937 0.986 Intermediate
Out of Africa and African merged 5.6E-07 2214 0.985 Intermediate
Out of Africa and African merged 7.5E-07 1655 0.985 Intermediate
Out of Africa and African merged 1.0E-06 1245 0.985 Intermediate
Out of Africa and African merged 1.3E-06 937 0.985 Intermediate
Out of Africa and African merged 1.8E-06 704 0.985 Intermediate
Out of Africa and African merged 2.4E-06 530 0.984 Intermediate
Out of Africa and African merged 3.2E-06 403 0.984 Rejected by all
Out of Africa and African merged 4.2E-06 304 0.984 Rejected by all
Out of Africa and African merged 5.6E-06 230 0.984 Rejected by all
Out of Africa and African merged 7.5E-06 176 0.983 Rejected by all
Out of Africa and African merged 1.0E-05 134 0.984 Rejected by all
Out of Africa and African merged 1.3E-05 104 0.984 Rejected by all
Out of Africa and African merged 1.8E-05 81 0.986 Rejected by all
Out of Africa and African merged 2.4E-05 65 0.988 Rejected by all
Out of Africa and African merged 3.2E-05 55 0.989 Rejected by all
Out of Africa and African merged 4.2E-05 52 0.977 Rejected by all
Out of Africa and African merged 5.6E-05 50 0.939 Rejected by all
Out of Africa and African merged 7.5E-05 49 0.827 Rejected by all
Out of Africa and African merged 1.0E-04 49 0.551 Rejected by all
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Discovery of novel herpes simplexviruses in wild gorillas, bonobos, and chimpanzees supports
zoonotic origin of hsv-2. Molecular Biology and Evolution, 38(7):2818–2830, 03 2021. ISSN
1537-1719. doi: 10.1093/molbev/msab072. URL https://doi.org/10.1093/molbev/msab072.

109

https://www.sciencedirect.com/science/article/pii/S0092867421003834
https://www.nature.com/articles/s41467-021-25168-4
https://www.thelancet.com/journals/laninf/article/PIIS1473-3099(23)00815-0/fulltext
https://www.thelancet.com/journals/laninf/article/PIIS1473-3099(23)00815-0/fulltext
https://journals.asm.org/doi/full/10.1128/jcm.01610-22
https://journals.asm.org/doi/full/10.1128/jcm.01610-22
https://www.science.org/doi/10.1126/science.1177345
https://www.nature.com/articles/nature05775
https://doi.org/10.1093/molbev/msab072


[28] Ana S. Gonzalez-Reiche, Matthew M. Hernandez, Mitchell J. Sullivan, Brianne Ciferri, Hala
Alshammary, Ajay Obla, Shelcie Fabre, Giulio Kleiner, Jose Polanco, Zenab Khan, Bremy
Alburquerque, Adriana van de Guchte, Jayeeta Dutta, Nancy Francoeur, Betsaida Salom
Melo, Irina Oussenko, Gintaras Deikus, Juan Soto, Shwetha Hara Sridhar, Ying-Chih
Wang, Kathryn Twyman, Andrew Kasarskis, Deena R. Altman, Melissa Smith, Robert
Sebra, Judith Aberg, Florian Krammer, Adolfo Garćıa-Sastre, Marta Luksza, Gopi Patel,
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and Ute Ströher. Active ebola virus replication and heterogeneous evolutionary rates in
EVD survivors. 22(5):1159–1168. ISSN 2211-1247. doi: 10.1016/j.celrep.2018.01.008. URL
https://www.sciencedirect.com/science/article/pii/S2211124718300081.

[66] Philippe Lemey, Sergei L. Kosakovsky Pond, Alexei J. Drummond, Oliver G. Pybus, Beth
Shapiro, Helena Barroso, Nuno Taveira, and Andrew Rambaut. Synonymous substitution
rates predict HIV disease progression as a result of underlying replication dynamics. 3
(2):e29, . ISSN 1553-7358. doi: 10.1371/journal.pcbi.0030029. URL https://journals.plos.
org/ploscompbiol/article?id=10.1371/journal.pcbi.0030029. Publisher: Public Library of
Science.

[67] Peter V. Markov, Mahan Ghafari, Martin Beer, Katrina Lythgoe, Peter Simmonds, Niko-
laos I. Stilianakis, and Aris Katzourakis. The evolution of SARS-CoV-2. 21(6):361–379.
ISSN 1740-1534. doi: 10.1038/s41579-023-00878-2. URL https://www.nature.com/articles/
s41579-023-00878-2. Publisher: Nature Publishing Group.

[68] Changshuo Wei, Ke-Jia Shan, Weiguang Wang, Shuya Zhang, Qing Huan, and Wenfeng
Qian. Evidence for a mouse origin of the SARS-CoV-2 omicron variant. 48(12):1111–1121.
ISSN 1673-8527. doi: 10.1016/j.jgg.2021.12.003. URL https://www.sciencedirect.com/
science/article/pii/S1673852721003738.

[69] Vanessa L. Hale, Patricia M. Dennis, Dillon S. McBride, Jacqueline M. Nolting, Christopher
Madden, Devra Huey, Margot Ehrlich, Jennifer Grieser, Jenessa Winston, Dusty Lombardi,
Stormy Gibson, Linda Saif, Mary L. Killian, Kristina Lantz, Rachel M. Tell, Mia Torchetti,
Suelee Robbe-Austerman, Martha I. Nelson, Seth A. Faith, and Andrew S. Bowman. SARS-
CoV-2 infection in free-ranging white-tailed deer. 602(7897):481–486. ISSN 1476-4687. doi:
10.1038/s41586-021-04353-x. URL https://www.nature.com/articles/s41586-021-04353-x.
Number: 7897 Publisher: Nature Publishing Group.

116

https://www.nature.com/articles/s41586-021-03901-9
https://www.sciencedirect.com/science/article/pii/S2211124718300081
https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.0030029
https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.0030029
https://www.nature.com/articles/s41579-023-00878-2
https://www.nature.com/articles/s41579-023-00878-2
https://www.sciencedirect.com/science/article/pii/S1673852721003738
https://www.sciencedirect.com/science/article/pii/S1673852721003738
https://www.nature.com/articles/s41586-021-04353-x


[70] Dillon S. McBride, Sofya K. Garushyants, John Franks, Andrew F. Magee, Steven H.
Overend, Devra Huey, Amanda M. Williams, Seth A. Faith, Ahmed Kandeil, Sanja
Trifkovic, Lance Miller, Trushar Jeevan, Anami Patel, Jacqueline M. Nolting, Michael J.
Tonkovich, J. Tyler Genders, Andrew J. Montoney, Kevin Kasnyik, Timothy J. Linder,
Sarah N. Bevins, Julianna B. Lenoch, Jeffrey C. Chandler, Thomas J. DeLiberto, Eugene V.
Koonin, Marc A. Suchard, Philippe Lemey, Richard J. Webby, Martha I. Nelson, and
Andrew S. Bowman. Accelerated evolution of SARS-CoV-2 in free-ranging white-tailed
deer. 14(1):5105. ISSN 2041-1723. doi: 10.1038/s41467-023-40706-y. URL https://www.
nature.com/articles/s41467-023-40706-y. Number: 1 Publisher: Nature Publishing Group.

[71] Lok Bahadur Shrestha, Charles Foster, William Rawlinson, Nicodemus Tedla, and
Rowena A. Bull. Evolution of the SARS-CoV-2 omicron variants BA.1 to BA.5: Im-
plications for immune escape and transmission. 32(5):e2381. ISSN 1099-1654. doi:
10.1002/rmv.2381. URL https://onlinelibrary.wiley.com/doi/abs/10.1002/rmv.2381. eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002/rmv.2381.

[72] John D. O’Brien, Vladimir N. Minin, and Marc A. Suchard. Learning to count: Robust
estimates for labeled distances between molecular sequences. 26(4):801–814. ISSN 0737-4038.
doi: 10.1093/molbev/msp003. URL https://doi.org/10.1093/molbev/msp003.

[73] Mahan Ghafari, Matthew Hall, Tanya Golubchik, Daniel Ayoubkhani, Thomas House,
George MacIntyre-Cockett, Helen R. Fryer, Laura Thomson, Anel Nurtay, Steven A. Kemp,
Luca Ferretti, David Buck, Angie Green, Amy Trebes, Paolo Piazza, Lorne J. Lonie, Ruth
Studley, Emma Rourke, Darren L. Smith, Matthew Bashton, Andrew Nelson, Matthew
Crown, Clare McCann, Gregory R. Young, Rui Andre Nunes dos Santos, Zack Richards,
Mohammad Adnan Tariq, Roberto Cahuantzi, Jeff Barrett, Christophe Fraser, David
Bonsall, Ann Sarah Walker, and Katrina Lythgoe. Prevalence of persistent SARS-CoV-2
in a large community surveillance study. 626(8001):1094–1101. ISSN 1476-4687. doi:
10.1038/s41586-024-07029-4. URL https://www.nature.com/articles/s41586-024-07029-4.
Publisher: Nature Publishing Group.

[74] Aude Jary, Valentin Leducq, Isabelle Malet, Stéphane Marot, Elise Klement-Frutos, Elisa
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