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Molecular and Cellular Biology

Rapid evolution of human pathogenic RNA viruses can undermine our efforts to control
infection and transmission. For instance, seasonal influenza undergoes adaptive evolution
directed by selection to evade antibodies, resulting in continual antigenic changes and ne-
cessitating nearly annual vaccine updates to match the circulating viruses. Additionally,
influenza’s propensity to undergo adaptive evolution presents another challenge for vaccine
production as it adapts to the eggs the vaccine strain is grown in, often altering antigenic-
ity and impacting vaccine effectiveness. Adaptive evolution leaves certain marks on the
genome, which can be identified and interpreted through phylogenetic and sequence-based
analyses. In this dissertation, I employ a variety of computational techniques to find and
interpret these marks in influenza H3N2 and coronaviruses. First, I systematically identify
H3N2 mutations that adapt the virus to replication in eggs, show that epistatic interactions
between these mutations constrain the adaptive evolution of H3N2, and describe the po-
tential antigenic impact of these egg-adapted mutations. While influenza’s adaptive (and
particularly antigenic) evolution is widely-appreciated, it is not as well understood which
other RNA viruses undergo similar evolution. Thus, I next utilize several complementary
methods to show evidence of recurrent adaptive evolution in seasonal coronaviruses that is
localized to the viral gene targeted by human antibodies. Finally, I use novel methods to
comprehensively scan the genome of SARS-CoV-2 for evidence of adaptive evolution, identify
specific adaptive mutations, and show temporal structure to the evolution of SARS-CoV-2
during the first year and a half of the pandemic. Together, the work in this dissertation
demonstrates how genetic sequence data can be used to understand the adaptive evolution
of human pathogenic RNA viruses, which informs how these viruses can be most effectively
controlled.
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Chapter 1

Introduction

1.1 What is adaptive evolution?

When organisms reproduce, cells divide, or viruses replicate, their genetic material must be

copied. The molecular machinery that performs this replication is not perfectly faithful and

errors are often introduced at random into the newly synthesized genome. These errors,

known as mutations, give rise to different alleles (variants of the genetic sequence). Over

time, the frequencies of different alleles within a population will change, resulting in the

evolution of the genome.

The change in allele frequencies can be driven by two broad modes of evolution: neu-

tral or adaptive. Neutral evolution occurs when mutations do not alter the fitness of the

organism, and thus, in the absence selective pressures. Under neutral evolution, some alleles

will be lost at random, causing others to increase in frequency within the population by

a stochastic process called genetic drift. The neutral theory of evolution is often thought

of as a null hypothesis, with the alternative being adaptive evolution. Adaptive evolution

occurs in the presence of positive selection to retain mutations that increase the fitness of

the organism and purifying selection to purge deleterious mutations. Adaptive evolution

is directional (nonrandom) evolution toward higher fitness driven by selective pressures on

random mutations.

Fitness is a measure of the number of offspring produced by an organism. It is an

organismal trait that results from phenotype, which is dependent on genotype. The mapping

of genotype to phenotype and phenotype to fitness are both dependent on environment. This

means that fitness is highly dependent on the environment, and therefore so is selection. For

instance, a mutation that allows influenza to enter a human cell more efficiently would

increase the fitness of a human influenza virus, but not of an avian virus. The mapping
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of phenotype to fitness is complex not only because it is environment-dependent, but also

because phenotype is a multidimensional space that affects fitness. For instance, a human

influenza virus’s fitness can be increased not only by enhanced host cell entry, but also by,

for instance, increased viral replication, or improved immune evasion.

The complex interactions between genotype, phenotype and fitness that directs adaptive

evolution can be visualized as a fitness landscape (Wright, 1932) where the height of the three-

dimensional surface represents fitness and the xy-coordinates represent different genotypes

(Figure 1.1). Diffusion along the xy-plane of the landscape is achieved by mutation, and

uphill movement is driven by selection.

Figure 1.1: Adaptive evolution can be visualized by a fitness landscape. The mutational path
from one fitness peak to another is shown on a fitness landscape of a hypothetical genetic sequence. Each
genotype along this path is marked by a circle according to its position within the genotype space (xy-plane)
and colored according to fitness (z-axis). In this hypothetical scenario, the genomes at points 1 and 2 have
the same fitness. However, the genome at point 1 can easily access a higher fitness state through selection
on an A → T mutation. For the genome at point 2 to access this higher fitness state, it will have to pass
through a valley of lower fitness (point 3) caused by reciprocal sign epistasis between genetic positions 2 and
4. While the genome at point 1 clearly has adaptive potential, the fitness valley may be too great for the
genome at point 2 to evolve adaptively.

The fitness landscape illustrates how adaptive evolution can be constrained by the muta-

tional accessibility of higher fitness genotypes. For instance, if genome exists on one fitness

peak, which is separated from higher fitness peak by a valley of low fitness and traversal

from one peak to another requires many mutations, it will be evolutionarily difficult for the

2



genome to access that higher fitness peak. A valley between peaks can represent genetic

change that improves one trait, at the cost of another (Watabe and Kishino, 2010). For

example, a particular mutation to influenza’s hemagglutinin gene may allow the virus to

escape antibodies, but greatly reduce receptor-binding affinity and, thus, cell entry. How-

ever, valleys will exist even on a fitness landscape that maps only the fitness effect of one

particular trait, such as receptor-binding. This is due to an additional selective pressure that

constrains adaptive evolution in a genetic-background-dependent manner: epistasis.

Epistasis is the dependence of the function of a mutation (or genotype at a particular

locus) upon the genotype at another locus, and the topology of the fitness landscape is

highly-dependent on it. In the absence of epistasis, the fitness of an organism is a sum of the

individual fitness effects of each genetic locus. Epistasis breaks this additivity and influences

both the ruggedness (aka peakedness) of fitness landscapes and the altitude of the peaks.

1.2 Why does it matter if viruses evolve adaptively?

Viruses, and particularly viruses with an RNA genome, exhibit extremely high rates of

mutation. Typically, RNA viruses incur 10−4 to 10−5 errors per nucleotide per replication

cycle (Holland et al., 1992). This high mutation rate supplies the raw material for rapid

evolution. An adaptively-evolving RNA virus can change host preference (Longdon et al.,

2014; Wu et al., 2019), increase transmission efficiency (Theys et al., 2018), or optimize

immune evasion in the span of months to years (Su et al., 2015; Smith et al., 2004). Therefore,

whether or not a virus undergoes adaptive evolution impacts its strategy for infection and

replication and is highly relevant when considering interventions against human pathogenic

viruses.

A virus’s propensity to evolve adaptively contributes to its ability to jump host species

and transmit effectively in the new host. This is because viruses reside at a fitness peak in

their original host species, and will almost always suffer a large loss in fitness when entering

the environment of a new host species. A greater level of standing genetic variation and faster

3



adaptation enable the virus to increase replication and transmission efficiency in the new host.

Thus, cross-species tranmission is more prevalent in rapidly-evolving viruses (Parrish et al.,

2008). So, understanding a virus’s adaptive potential enables us to direct surveillance efforts

towards viruses with higher spillover potential. Importantly, early detection of a spillover

event can prevent pandemics by containing the virus before it has had time to adapt to

humans.

Viral adaptive evolution can also undermine anti-viral drugs and vaccines. For example,

a single substitution in influenza H3N2, confers resistance to the anti-viral drug adamantane,

arose in the late-1990s. In under 10 years, this mutation swept through the global population

of H3N2 viruses, rendering this drug ineffective against all circulating strains by 2006 (Hurt,

2014).

Whereas evasion of a particular drug results in a single evolutionary sweep that fixes

a particular mutation or mutations, the propensity of influenza H3N2 to evolve adaptively

means that it also regularly fixes substitutions that escape antibody-mediated immunity.

The humoral immune system is also constantly evolving to recognize new pathogens and

new epitopes on previously-encountered pathogens. This creates an evolutionary arms race

between virus and host that results in recurring adaptive evolution to evade antibodies-

a process called antigenic drift. Antigenic drift is a prominent feature of H3N2 evolution

(Smith et al., 2004), and because of this, immunity from natural infection and vaccination

is short-lasting. A study of roughly 150 people, representing a wide range of ages and

influenza vaccination statuses, found that the average time between H3N2 infections is 5

years (Kucharski et al., 2015).

In contrast, measles virus is antigenically stable (Fulton et al., 2015), and immunity

against this virus is lifelong. In measles, the lack of adaptive evolution to escape antibody-

mediated immunity is due to a large evolutionary barrier. To escape human polyclonal sera,

measles virus must acquire mutations in at least five of its immunodominant antigenic sites

(Muñoz-Aĺıa et al., 2021). Each of these mutations has the potential to negatively impact
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protein function, and an increase in fitness is not conferred by any fewer than 5 mutations. In

comparison, a single amino acid change is often sufficient for H3N2 to escape polyclonal sera

(Koel et al., 2013; Lee et al., 2019). Therefore, antigenic escape is much more evolutionarily

accessible to H3N2 than to measles.

The practical consequence of this is that original measles vaccine, which is based on

a strain isolated in 1954, is still fully protective against measles viruses circulating today.

Meanwhile, the H3N2 vaccine is updated nearly every year by the World Health Organization

(WHO) to match antigenic differences in circulating viruses. Thus, the design of effective

vaccines depends on whether or not the virus undergoes adaptive evolution, particularly at

sites targeted by neutralizing antibodies.

1.3 How can adaptive evolution be identified?

An adaptively-evolving virus will accrue changes over time that confer higher fitness. Thus,

a straight-forward way to identify adaptive evolution is to measure the fitness of a temporal

series of viral isolates. However, experimental investigation of adaptive evolution is limited

by an a priori knowledge of the selection pressure and the ability to test fitness with regard

to this pressure in an assay that closely mimics natural evolution. For example, the fitness

of influenza variants are often measured in vitro by competition assays where the virus is

grown in cell culture in the presense of polyclonal sera. Higher fitness in these assays is not

perfectly analogous to better replication and trasmission in human hosts. Therefore, despite

the utility of experiments that link genotype to phenotype to fitness, in many situations, these

experiments are not practical or possible and, instead, adaptive evolution can be identified

by the marks it leaves on the genomes of a population over time.

Mutations supply genetic variation to a population and, under neutral evolution, stochas-

tic differences in the number of offspring of each variant results in the fixation or loss of

variation by genetic drift. The opposing forces of mutation and genetic drift keep genetic

diversity at an equilibrium level, which is dependent on mutation rate and population size.
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Without selection, each variant has a probability of fixation equal to its frequency in the

population. However, when a mutation is beneficial, the variant will sweep to fixation, re-

ducing the genetic diversity in the population. After the sweep, the population will have

more low-frequency mutations than shared diversity. Recurrent selective sweeps will pro-

duce a ladder-like phylogeny with periodic collapses of genetic diversity followed increases

toward the equilibrium level. The fixed beneficial mutations driving these sweeps occur on

the trunk, rather than the tips, of the phylogeny.

Ongoing adaptive evolution also means that positively-selected will accumulate in the

population over time. This is because a positively-selected mutation that sweeps through the

population will be present in every individual after the sweep. Thus, subsequent beneficial

mutations will occur on top of previous ones. If it is assumed that mutations are beneficial

when they change the encoded protein in a way that increases fitness, then the adaptive

mutations must be nonsynonymous. Thus, adaptive evolution will also result in a surplus of

nonsynonymous divergence compared to neutrality.

Many established methods based in population genetics use the above ideas to iden-

tify adaptive evolution as particular aberrations from neutral evolution. Sequence and

phylogenetic-based methods to identify adaptive evolution by its characteristic impacts

on genetic diversity, tree topology, and nonsynonymous fixation include dN/dS, McDonald-

Kreitman, Tajima’s D, and Time to Most Recent Common Ancestor (TMRCA).

1.3.1 dN/dS

Selective pressures on a genetic sequence are commonly evaluated by the ratio of nonsyn-

onymous to synonymous divergence dN/dS. Nonsynonymous divergence is defined as the

number of pairwise nonsynonymous differences observed between the sequences in an align-

ment, normalized by the number of possible nonsynonymous mutations within that sequence.

This metric assumes that synonymous mutations are evolutionarily neutral, while nonsyn-

onymous mutations could be beneficial, neutral, or deleterious. Given this assumption, the
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ratio dN/dS gives the relative enrichment (or depletion) of nonsynonymous change compared

to a neutral expectation. If every nonsynonymous mutation is selectively equivalent to syn-

onymous mutations, dN/dS = 1. Thus, dN/dS > 1 suggests that at least some substitutions

have been positively-selected. In reality, even adaptively-evolving genes are under functional

constraints and deleterious mutations will often push dN/dS lower than 1. Because of this

dN/dS > 1 is a fairly strict test for adaptive evolution that does best at identifying recur-

ring positive selection. In the context of RNA viruses, which have high mutation rates, the

dN/dS ratio can be skewed by violation of the infinite sites model, an assumption that there

is never more than one alternate allele at each nucleotide site (Kryazhimskiy and Plotkin,

2008). Additionally, the interpretation of dN/dS can be complicated for RNA viruses where

the assumption that all synonymous mutations are evolutionarily-neutral is violated by con-

served RNA secondary structure (Sanjuán and Bordeŕıa, 2011; Witteveldt et al., 2014) and

overlapping reading frames (Smyth et al., 2018).

1.3.2 McDonald-Kreitman

The McDonald-Kreitman test compares the genetic variation within a population to the

variation between that population and a closely-related outgroup. Specifically, the test

counts the number of synonymous (P S) and nonsynonymous (PN) polymorphisms that exist

within a population and the number of fixed synonymous (DS) and nonsynonymous (DN)

differences that exist between that population and an outgroup. Under neutrality, the ratio

of
PN
PS

should equal the ratio of the neutral mutation rate at nonsynonymous sites (µN) to

synonymous sites (µS), and also equal
DN
DS

(McDonald and Kreitman, 1991). Typically, a

2x2 contingency table is constructed from the counts of DN, DS, PN, and P S and a test of

independence is employed to assign a p-value. A significant p-value is indicative of adaptive

evolution. An extension of this method calculates the number of adaptive substitutions, and

can be used to compute a rate of adaptation (Smith and Eyre-Walker, 2002).

Traditionally, the McDonald-Kreitman test counts polymorphisms within a species, and
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uses a closely-related species (or multiple species) as an outgroup to determine fixed dif-

ferences. However, for rapidly-evolving species, such as RNA viruses, fixations can be de-

termined in relation to a prior time point of the same species (Williamson, 2003). Using

serial samples from individuals infected with HIV-1, Williamson (2003) uses this tweak to

the McDonald-Kreitman test to show rates of within-host adaptation in the HIV-1 env gene.

The method described in Bhatt et al. (2011) (referred to as the ”Bhatt method” in this dis-

seratation) further optimizes the McDonald-Kreitman test for RNA viruses populations that

have been serially-sampled over time (Bhatt et al., 2010, 2011). Rather than assuming all

polymorphisms are neutral (Smith and Eyre-Walker, 2002), this method allows a category of

high-frequency adaptive polymorphisms (Williamson, 2003), and a category of low-frequency

deleterious polymorphisms (Bhatt et al., 2010). Additionally, the Bhatt method employs a

proportional counting algorithm to deal with sites that are 2-,3-, or 4-state polymorphic due

to high mutation rates of RNA viruses. This reduces the number of Type I errors caused by

the infinite site assumption of the original McDonald-Kreitman test. Using this proportional

counting method to assign each site to a site category, the number of adaptive substitutions

(a) can be estimated by:

a = nf − nf
nm

sm
+ nh − nh

nm

sm

where nf and sf are the numbers of nonsynonymous and synonymous fixations, nh and sh

are the number of nonsynonymous and synonymous high-frequency polymorphisms, and nm

and sm are the number of mid-frequency nonsynonymous and synonymous polymorphisms.

1.3.3 Tajima’s D

The Tajima’s D statistic tests for positive selection by comparing allele frequencies within a

population to the neutral expectation. Under neutrality, the population mutation parameter

θ (θ = 2Nµ, where N is population size and µ is mutation rate) can be estimated by the

mean number of pairwise differences between sequences (θk) or the number of segregating

sites (θs). In a population with allele frequency distribution matching neutral expectation,
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θk=θs, and the Tajima’s D statistic will equal 0. The Tajima’s D statistic (Tajima, 1989) is

defined as

θk − θs√
V ar(θk − θs)

Selective sweeps resulting from positive selection on a beneficial mutation alter the topol-

ogy of a tree, resulting in a star-like radiation of terminal branches after the sweep. This

increases the amount of low-frequency variation present at the tips, and thus θs, but will

not affect θk. Selective sweeps can, therefore, be identified by negative Tajima’s D statistic.

However, a negative Tajima’s D can also result from an increase in population size, which

also results in elevated θs. For RNA viruses, this can cause errors in interpreting the Tajima’s

D statistic when population size expands during an epidemic (Simonsen et al., 1995). Be-

cause this leads to high levels of type I errors, Tajima’s D is rarely used to identify adaptive

evolution in RNA viruses (Bhatt et al., 2010).

1.3.4 TMRCA

As with Tajima’s D, the implementation of Time to Most Recent Common Ancestor (TM-

RCA) analyses for detection of adaptive evolution is based on the fact that strong directional

selection skews the shape of phylogenies (Volz et al., 2013). The phylogeny of a neutrally-

evolving sequence will be bushy, with deep branches and long TMRCAs (Bedford et al.,

2011). Repeated selective sweeps will cause the tree to adopt a ladder-like shape where the

rungs are formed by viral diversification and each step is created by the appearance of a new,

fitter variant that replaces previous variants. All sequences along each rung share a common

ancestor at the last selective sweep. Thus, selection can be quantified by the timescale of

population turnover as measured by TMRCA, with the expectation that stronger selection

will result in more frequent steps and therefore a smaller TMRCA measure (Bedford et al.,

2011).
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1.4 About this dissertation

These phylogenetic and sequence-based patterns are fairly universal of adaptive evolution

and the methods discussed above can be applied to a wide variety of organisms. However,

implementing these methods often requires tweaks that are specific to the system being

studied. For instance, high mutation rates and population growth are typical of RNA viruses,

and the ways in which they distort measures of adaptive evolution has been mentioned above.

These methods are also fairly insensitive to adaptation on short evolutionary timescales.

In this dissertation, I describe my work to employ and expand on the methods described

above in order to identify and characterize adaptive evolution in RNA viruses, in contexts

that are relevant to human health. Specifically, I focus on influenza virus and coronavirus.

Chapter 2 investigates the adaptive evolution of influenza H3N2 during vaccine production.

Most influenza vaccines doses are manufactured by passaging virus in chicken eggs, creating

a selective pressure for viral mutations that enhance replication within eggs. In Chapter

2, I use phylogenetic methods to pinpoint specific egg-adaptive mutations, identify epistatic

interactions between these mutations that shape the fitness landscape, and estimate the phe-

notypic consequences of these mutations on vaccine efficacy. During my efforts to follow up

on these results through experimental evolution of H3N2 in chicken eggs, the SARS-CoV-2

pandemic began. This spurred a pressing new interest in understanding how SARS-CoV-2

might evolve. Chapter 3 describes work I began in the initial months of the pandemic, focus-

ing on understanding adaptive evolution in other, related coronaviruses that are endemic in

humans. In Chapter 3, I employ a variety of available analyses to address whether seasonal

coronaviruses evolve adaptively, with a particular focus on adaptive evolution in S1, the pri-

mary target of neutralizing antibodies. The work described in Chapter 4 focuses on a period

roughly a year and a half after the start of the pandemic. At this time there are experimental

indications that SARS-CoV-2 is evolving adaptively, but the aforementioned methods will

largely fail to show this. Chapter 4 describes a new method for identifying adaptive evo-

lution that is possible during situations of high genomic surveillance. I use this method to
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identify regions of the SARS-CoV-2 genome undergoing adaptive evolution. Additionally, I

characterize the temporal dynamics of the adaptive evolution of SARS-CoV-2, compare the

pace of this evolution to influenza H3N2, and identify specific adaptive mutations.
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Chapter 2

Epistasis and the antigenic impact of

adaptation to egg-culturing in influenza

H3N2 viruses

2.1 Introduction

Seasonal influenza viruses infect millions of people annually, resulting in hundreds of thou-

sands of deaths globally (World Health Organization). Transmission of this highly infectious

disease is primarily curbed by vaccination. Because there are multiple types and subtypes of

seasonal influenza viruses, the vaccine is multivalent, typically containing antigens against

two type A influenza viruses and at least one type B virus (World Health Organization).

However, seasonal influenza viruses undergo antigenic drift: evolution to escape human

antibody-mediated immunity. To be effective, vaccines must be antigenically matched to the

diversity of influenza strains currently circulating in humans. This means that the precise

formulation of the vaccine must be updated nearly every year to combat rapid antigenic

drift of the virus. The nearly annual revision of the vaccine requires an efficient pipeline to

design, manufacture, and distribute millions of vaccine doses on a relatively fast timescale.

Prior to each flu season, the World Health Organization (WHO) recommends which

strains should be included as components of the next vaccine. These components are then

mass-produced, predominantly by growing large amounts of vaccine viruses in chicken eggs.

To promote optimal viral growth, the viral surface proteins hemagglutinin (HA) and neu-

raminidase (NA) from the vaccine strain are reassorted into an egg-adapted background con-

taining the other 6 influenza segments (Harding and Heaton, 2018; Yamayoshi and Kawaoka,

2019). HA and NA are the primary targets of the immune system and, consequently, the site
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of most antigenic change. The reassorted virus, known as a candidate vaccine virus (CVV),

is then injected into the allantoic cavity of a chicken egg where it replicates for several days

before the virus is harvested and inactivated to create the vaccine (Brauer and Chen, 2015).

This method was created in the 1970s (Barberis et al., 2016) and has the advantage of

being a validated protocol approved by the proper regulatory bodies with existing infrastruc-

ture to churn out a large amount of virus relatively cheaply. However, this method also has

disadvantages and chief among these is the accumulation of egg-adapted mutations during

vaccine production.

The high mutation rate of influenza viruses, which allows them to rapidly evolve to

evade human antibodies (thus necessitating frequent vaccine reformulation), also provides

a substrate for selective pressures to act upon during egg-based vaccine production. These

pressures can result in the fixation of mutations that are advantageous for influenza repli-

cation in chicken eggs, resulting in mass-produced vaccine that that no longer look like the

vaccine strains chosen by the WHO. Egg-adapted mutations commonly change the receptor-

binding specificity of HA from optimally binding sialic acid on the surface of human cells

to more efficiently binding, and thus infecting, the different structure of chicken sialic acid

(Harding and Heaton, 2018).

Egg-adapted mutations do not necessarily alter antigenicity, but if they do, they create

a serious issue by lowering vaccine effectiveness (VE). A meta-analysis of over 50 individual

reports published between 1990 and 2013 indicated that that the VE of the H3N2 component

has been consistently and significantly lower than the H1N1pdm2009, H1N1(pre-2009) or

type B vaccine components (Belongia et al., 2016). This is thought to be partially due to

mutations that occur in the vaccine strains during egg-based production. For instance, H3N2

VE was particularly low in 2016-2017 season when egg-passaging introduced an HA T160K

mutation, causing the mass-produced vaccine to differ from the recommended vaccine and

the circulating H3N2 strains. A threonine (T) at position 160 is glycosylated while lysine

(K) is not, resulting in a substantial change in antigenicity. As a consequence, antibodies
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elicited in response to the egg-passaged H3N2 2016-2017 vaccine with 160K were poorly

protective against circulating H3N2 viruses with 160T (Zost et al., 2017). The 2003-2004

vaccine also displayed low effectiveness against circulating H3N2 viruses. Though the vaccine

and circulating strains differed by 13 amino acids in HA, the antigenic mismatch was shown

to stem from just two of these residues, both of which enhance viral growth in chicken eggs

(Lu et al., 2005). In 2012-2013, the H3N2 vaccine component also had low VE accompanied

by egg-adapted mutations (HA H156Q, G186V, S219Y), though it debated to what extent

the low vaccine efficacy was indeed due to antigenic changes caused by these mutations

(Cobey et al., 2018; Skowronski et al., 2014; Skowronski and De Serres, 2018). It is difficult

to unambiguously separate the contribution of egg-adapted mutations from other factors,

such as original antigenic sin, that contribute to low VE. Nevertheless, it is clear that the

H3N2 vaccine component frequently acquires mutations during egg-passaging and that these

mutations can alter antigenicity and, thus, efficacy of the vaccine.

Though egg-adapted mutations can be avoided by using an egg-free method for vaccine

production, it is currently logistically difficult to mass produce the required quantity of

vaccine via other methods. Only starting in the fall of 2016 did the United States FDA

approve manufacturing mammalian cell-based vaccines that were not previously adapted

to grow in eggs (Harding and Heaton, 2018). There are currently two influenza vaccines

available in the United States that are manufactured without eggs: Flublok and Flucelvax

(Centers for Disease Control and Prevention, 2021). However, as of October 2018, 85-90%

of influenza vaccine doses in the US were still grown in chicken eggs (Barr et al., 2018) and,

given this, it would be prudent to predict how egg-passaging will change a vaccine genetically

and antigenically.

Numerous studies have retroactively described how specific egg-adapted mutations alter

the antigenicity of egg-passaged H3N2 vaccine strains. Importantly, these reports provide

direct correlations between genetic and antigenic changes, often detailing how structural

modifications alter antibody binding (Zost et al., 2017; Widjaja et al., 2006). However,
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these results are confined to specific mutations in specific strains and cannot explain how

any given H3N2 strain might mutate during egg-passaging. Ideally egg-adapted mutations

that lower VE could be avoided by predicting mutations in every candidate vaccine strain

prior to vaccine production.

Since the first documented human infection in 1968, tens of thousands of H3N2 viruses

have been sequenced, including hundreds of egg-passaged strains (Shu and McCauley, 2017).

This wealth of genetic data presents the opportunity to identify broader trends in the oc-

currence and consequence of egg-adapted mutations via phylogenetic methods. Phylogenetic

relationships can be used to infer mutations in egg-passaged strains for which the sequence

prior to egg-passaging is not available, allowing a greater number of egg-passaged sequences

to be considered. Additionally, phylogenies can reveal patterns across a broader range of

H3N2 viral diversity, indicating genetic background specificity of egg-adapted mutations,

epistatic interactions between egg-adapted mutations, and consistent antigenic effects asso-

ciated with specific mutations.

Here, we use phylogenetic relationships to identify genetic predictors of egg-adapted

mutations. We show that the two most prominent egg-adapted mutations are mutually

exclusive and each have additional epistatic interactions with other mutations, resulting in

“mutational pathways” that adapt H3N2 to replication in eggs. We describe the phenotypic

differences between these pathways and suggest that the effect of egg-adapted mutations on

VE can be minimized by selecting a candidate vaccine virus that preferences one of these

pathways.

2.2 Results

2.2.1 Phylogenetic method to infer egg-adapted mutations

Egg-adapted mutations are easily detected in viral strains that were sequenced before and

after egg-passaging. However, hundreds of egg-passaged H3N2 strains were not sequenced

prior to egg-passaging, making the direct identification of egg-passaged mutations impossible.
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To overcome this, we have designed a method to infer egg-adapted mutations based on

phylogenetic relationships.

Egg-passaged viruses make up several hundred of the tens of thousands of publicly ac-

cessible sequenced H3N2 strains. These sequences cover a vast amount of viral diversity

representing genetic divergence from a common ancestor. While the genetic sequence of a

single strain cannot, alone, indicate whether a mutation occurred in this strain, a phyloge-

netic tree built from hundreds or thousands of these sequences can. Phylogenies place each

strain in an evolutionary context, revealing which portions of the genome were inherited

from an ancestral virus and which are novel mutations.

We constructed a time-resolved phylogeny of H3N2 viruses built from the HA sequences

of 570 egg-passaged strains and 2481 other strains that were isolated between 2002 and

2019. The non-egg-passaged (NE-passaged) strains include both unpassaged patient isolates

and viruses passaged in mammalian cell culture. All available strains that were sequenced

prior to egg-passaging were included in the phylogeny. The other NE-passaged strains were

chosen by subsampling all viral sequences in the database to select strains isolated over an

even distribution of time and geographic locations.

The resulting phylogeny positions each sequenced strain as a tree tip anchored temporally

by its isolation date and connected by branches that trace its inferred evolutionary history.

Generally, any mutations that occurred in a sequenced virus will be located at the tip of the

tree. A mutation that occurs along an internal branch probably occurred once in a common

ancestor of all strains that descend from that branch, rather than several independent times.

For instance, the HA K160T mutation likely occurred once in a common ancestor of the

3c2.A viruses, sweeping through the H3N2 population to rise to fixation during the 2014-

2015 season (Figure 2.1A).

However, when determining mutations that occurred in egg-passaged viruses, these as-

sumptions are not necessarily true. It can only be assumed that an egg-passaged virus

acquired just the mutations on the tree tip if it is sister to a NE-passaged strain (Figure
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2.1B). If two egg-passaged viruses are sisters to each other and no NE-passaged virus, mu-

tations that occur along the first internal branch likely actually occurred independently in

both egg-passaged viruses (Figure 2.1C). This is because each egg-passaged strain derives

from a different unpassaged virus rather than serial passaging in eggs. Thus, we assume that

mutations occurring at internal branches with only egg-passaged descendants actually occur

independently in each of those descendants.

Figure 2.1: Egg-passaging mutations are inferred by a phylogeny-based method. A) H3N2
phylogeny, colored by HA 160 genotype. B) Egg-passaged mutations are equivalent to tip mutations for
strains egg-A, egg-B, and egg-C, which are interspersed with non-egg-passaged strains. C) Egg-passaged
viruses egg-D, egg-E, and egg-F cluster, placing some mutations that arise during egg-passaging on internal
branches rather than at tree tips. The clustering method used in this paper groups these sequences into 5
clusters: egg-D, egg-E, egg-F, egg-D/egg-E, and egg-D/egg-E/egg-F. D) This method infers mutations for
each egg-passaged sequence, including some that are on internal branches (red text).

Practically, we identified clusters of egg-passaged viruses and asserted that, during egg-

passaging, each virus in the cluster accumulated the mutations occurring along the branch

of the most recent common ancestor (MRCA) of the cluster. Clusters are defined as groups

of 1 or more strains, meaning that this definition all includes tree tips. Additionally, clusters

can be nested, allowing both mutations occurring along internal branches and at tree tips

to be considered as occurring during egg-passaging (Figure 2.1C-D). See Methods for more

details on this phylogenetic method to infer egg-passaging mutations.

The accuracy of this method can be assessed by comparing inferred mutations to known

mutations. We took advantage of the 370 viruses that were sequenced as egg-passaged and
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NE-passaged strains to determine “known” mutations by direct comparison of the pairs of

sequences. Amongst these strains, we inferred 591 egg-passaging mutations in HA1, 21 of

which were not real mutations. This is a false positive rate of 3.6%. Direct comparison of egg-

passaged and NE-passaged viruses found that there 600 ”known” egg-passaging mutations,

43 of which were not detected by our inference method (Figure 2.2A). This is a false negative

rate of 7.2%.

Because this method uses phylogenetic relationships to infer egg-passaging mutations,

errors in tree topology will result in errors in mutation inference. Hemagglutinin positions

that have more entropy within the viral population (meaning a large portion of viruses

have an alternate allele at this position) will tend to have a larger impact on tree topology.

Conversely, residues that differ in only a couple viruses will have a small influence on topology.

Because of this, we used our preliminary analysis to determine which positions mutate most

commonly during egg-passaging and narrowed all subsequent analyses to consider only these

sites. Notably, this lowered the number of false positives to 2/473, a rate of 0.4% (Figure

2.2A). Extrapolating the false positive rate to all egg-passaged viruses gives an expectation

that, of the 617 inferred mutations, about 2.6 are false positives.

The two false positive mutations are a result of separation between the egg-passaged

and NE-passaged strains on the phylogeny (Figure 2.2B-C). It is possible that common

egg-passaging mutations can cause some egg-passaged viruses to appear more genetically

similar to each other than to the unpassaged strains they were derived from. This would

encourage egg-passaged viruses to cluster on the phylogeny, giving a false representation

of shared ancestry. Despite skewing tree topology near the tips, egg clusters do not affect

more ancestral nodes, meaning that the overall phylogenetic structure is not altered by the

inclusion of such a large number of egg-passaged strains.

The low false positive rate and much higher false negative rate calibrate the method

to infer mutations with a high level of confidence at the cost of missing some bona fide

mutations. We opted for relatively conservative tuning to ensure that false positives do not
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Figure 2.2: Inference of egg-passaging mutations is a conservative method with a low false
positive rate. A) Evaluation of the false positive and negative rates of the method used in this paper to
infer egg-passaging mutations. The false positive rate is very low when only the HA positions that are most
commonly mutated in eggs are considered. These are sites 138, 156, 160, 186, 194, 203, 219, 225, and 246.
Subsequent analyses are limited to only these sites, meaning only an estimated 2-3 inferred mutations are
false positives. B-C) Snapshot of the topology surrounding the only two identified false positives.

skew future analyses and because frequently recurring mutations should be apparent across

hundreds of viruses despite false negatives. Thus, this method confidently infers mutations

in 570 egg-passaged viruses spanning about 16 years and a broad range of H3N2 diversity.

This phylogeny-based method enables mutations to be inferred in egg-passaged viruses

that were not sequenced prior to egg-passaging and, additionally, provides clarity in deter-

mining mutations in egg-passaged viruses that can be directly compared to a NE-passaged

strain. Only 116/370 of the egg-passaged strains paired with NE-passaged strains were se-

quenced from unpassaged virus (directly from patient samples). The remaining 254 pairs

were sequenced after passaging in mammalian cells, making it difficult to determine whether

sequence differences are due to mutations that occurred during cell passaging or during egg
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passaging. A phylogeny-based method reduces this ambiguity by comparing the genotype of

both sequences to other closely-related viruses.

2.2.2 Identify mutations specific to H3N2 viruses passaged in eggs

Simply identifying mutations that occurred during egg-passaging in individual viruses does

not necessarily indicate that these mutations were a result of selection during egg-passaging,

rather than just a result of genetic drift. Influenza A viruses have a high mutation rate

of 2.0 × 10−6 mutations per nucleotide per infectious cycle (Nobusawa and Sato, 2006).

During vaccine production, roughly 103-104 viral particles are passaged in eggs for about 7

cycles (Brauer and Chen, 2015). Given the length of HA (1701 nt), it can be expected that

around 20-200 mutations arise in HA during vaccine production in eggs. Selectively-neutral

mutations are subject to genetic drift, meaning they have a chance of disappearing and a

chance of rising to high frequency in the viral population. However, mutations that confer

a fitness advantage will selectively rise to high frequency in the viral population. Therefore,

while individual strains may contain mutations that are due either to genetic drift or positive

selection, a mutation that occurs in many strains can be expected to have a beneficial fitness

effect. Moreover, a mutation that consistently occurs in egg-passaged viruses, but not cell-

passaged or unpassaged viruses, can be expected to enhance viral fitness in chicken eggs.

Using mutations inferred by our phylogenetic method for 570 egg-passaged strains, we de-

termined the most commonly-occurring egg-passaging mutations. All 11 of these mutations

are significantly more frequent in egg-passaged versus cell- or unpassaged viruses (Figure

2.3A). The unique occurrence of these mutations in egg-passaged strains suggests that they

are positively selected during egg-passaging, indicating that they are egg-adapted mutations.

Throughout this paper the term “egg-adapted mutation” will be used to refer to these 11

mutations, while “egg-passaged mutation” signifies a substitution that likely occurred during

egg-passaging due to drift. About 55% of egg-passaged viruses (315/570) have at least one

of egg-adapted mutation.
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Figure 2.3: Eleven substitutions are true egg-adapted mutations. A) For each substitution, a chi-
squared test confirms that the mutation is more prevalent among egg-passaged viruses versus cell-passaged
or unpassaged viruses. B-C) Sankey plots show the genotypes of all 570 egg-passaged viruses before and
after egg-passaging. Viruses that mutate are colored, and viruses that don’t are shown in grey.

While most egg-adaptions mutate HA to a genotype not seen among circulating human

H3N2 viruses, a few of these genotypes have been successful in human H3N2 as well. The

T160K mutation, for instance, is considered a reversion mutation because prior to 2014 most

human H3N2 viruses had a lysine at HA position 160. The 138S genotype is also found in

a clade of human H3N2 viruses circulating from around 2013-present.

2.2.3 Clade-specificity of egg-adapted mutations

The T160K mutation provides a trivial example of how egg-adapted mutations can be limited

to specific H3N2 strains. Prior to the emergence and fixation of HA 160T, all viruses had

the HA 160K genotype, so egg-passaging could not have introduced a T160K mutation. It

is well-documented that 160T viruses grow poorly in eggs and that the T160K reversion is

a frequent egg-adaptation (Zost et al., 2017). This finding can be seen through analysis of

the phylogeny as well: only viruses with threonine at site 160 mutate at this site during egg-
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passaging (Figure 2.3B). This occurs despite an apparent tolerance for at least 5 different

amino acids (T, K, A, I, R) at HA 160.

A similar, but slightly more interesting, case occurs at HA 225. Much of the H3N2 phy-

logeny has genotype HA 225N, where a D225G mutation would obviously be impossible.

However, the N225G mutation is not found in any egg-passaged viruses, indicating that

225G is only selected for in certain contexts (Figure 2.3C). Additionally, these strains specif-

ically acquire a D225G mutation (rather than a D225N reversion or some other mutation),

indicating that 225G has a positive fitness effect rather than 225D having a negative effect.

Together, this indicates that 225G is advantageous for the replication of specific strains in

eggs.

To predict whether a given candidate vaccine virus is likely to mutate during egg-

passaging, it is important to understand which egg-adapted mutations exhibit strain-specificity.

To address this, we asked whether each egg-adapted mutation occurs preferentially on cer-

tain segments of the tree, or whether they are scattered more uniformly across the entire

tree. Segments of the phylogeny are called clades (closely related viruses descending from

a common ancestor). The WHO has defined clades of recent H3N2 viruses, however these

clade definitions begin in 2011 and therefore fail to group nearly half of the strains on our

phylogeny. Instead, we used mutations shared by large clusters of viruses to partition the

full phylogeny into 18 clades (see Methods for more details). Each of these clades is defined

by at least 1 amino acid substitution in HA and contain between 44-421 viruses (Figure

2.4A,C).

The overall amount of egg-adaptation increases over time (Figure 2.4B), reflecting in-

creased reports of egg-passaging mutations in more recent H3N2 vaccine strains (Zost et al.,

2017; Barr et al., 2018; Xue et al., 2016; Parker et al., 2016). This increase occurs specifically

in certain strains, indicating that, in general, egg-adapted mutations occur preferentially in

certain genetic backgrounds.

Clade-specificity of each mutation can be evaluated by an enrichment ratio, comparing the
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Figure 2.4: Egg-adapted mutations show some clade-specificity. A) Phylogeny colored by clade
assignment. B) Egg-adaptation is more prevalent in more recent viruses and is clade-dependent. Egg-
adaptation is quantified as the average number of bona fide egg-adapted mutations (the 11 mutations con-
sidered throughout this manuscript) per virus. Clades are colored according to the legend in (A) and shaded
bands represent 95% confidence intervals. C) Cartoon showing unique mutations for each clade. D) A
log enrichment ratio is computed for each mutation in each clade. Redder colors indicate the mutation is
enriched in that clade and bluer colors indicate that it is depleted. The numbers in the middle of each box
show the frequency of the corresponding mutation in that clade. The overall frequency of each mutation
among all egg-passaged sequences is given in parentheses below the mutation on the x-axis. Clades contain-
ing fewer than 5 egg-passaged strains are excluded from this analysis. E) Cartoon clade maps are colored
by log enrichment score (same scale as D). Branch thickness is proportional to the number of egg-passaged
viruses in that clade.
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frequency of the mutation in each clade to the frequency of the mutation in all egg-passaged

viruses. A log enrichment ratio will be 0 if a mutation is present at the same frequency

within a clade and throughout the entire tree. A positive log enrichment ratio indicates

that the mutation is enriched in that clade, while a negative log enrichment ratio shows the

opposite. Figure 2.4D displays log enrichment ratios as a heatmap, clearly revealing that

egg-adapted mutations are not evenly distributed over the phylogeny.

It is apparent that certain clades of viruses, like c3, mutate quite often when they are

passaged in eggs while others, like c5, very rarely do. Furthermore, G186V and L194P occur

in viruses from nearly every clade, while N246H is confined to only half of the clades and

D225G occurs in only 5 clades of viruses. Superimposing log enrichment ratios onto the tree

topology makes these trends more apparent (Figure 2.4E). Figure 2.4E shows that, despite

occurring in nearly every clade, L194P is most highly enriched in the closely-related clades

c2 and c7 and is relatively rare in the closely-related clades c10 and c11, while G186V shows

the opposite pattern.

Egg-adapted mutations at site 219 (S219F and S219Y) are most enriched in clades c1 and

c10, both of which are defined by a R142G substitution. Clade c8, which descends from c10

and shares the 142G genotype, is also decently enriched for egg-adapted mutations at HA

219. However, no c5 or c6 viruses, which are also descendants of c10, mutate at position 219

during egg-passaging. This shows that while clade c1 and c10 viruses likely have similarities

that encourage S219F/Y egg-adapted mutations, these similarities are not as simple as the

single amino acid change that separates both of these clades from their ancestral clades.

Strain-specificity may depend on the genotype at many HA residues and/or the genotype

of the neuraminidase (NA) segment. This emphasizes how complicated strain-specificity of

egg-adapted mutations likely is and argues for using viral clade to the predict the likelihood

of mutation during egg-passaging.
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2.2.4 Epistasis between egg-adapted mutations

Besides indicating clade-specificity of egg-adapted mutations, the log enrichment heatmap in

Figure 2.4D also hints at relationships between egg-adapted mutations. For instance, S219F

and H156Q appear to be highly enriched in the same clades. It is possible that epistasis

between egg-adapted mutations also contributes to which HA sites mutate when a virus is

passaged in eggs.

Epistasis, or the interaction between two HA residues, can have either positive or negative

valence. In this case, a positive epistatic interaction could occur if the beneficial fitness effects

of an egg-adapted mutation are enhanced by the co-occurrence of another egg-passaging

mutation. Negative epistasis could indicate that the egg-adapted mutations are incompatible,

either due to structural or functional constraints.

Within egg-passaged viruses, we considered pairwise epistatic interactions between the

HA positions that commonly mutate during egg-passaging. In the absence of any epistatic

interactions, the frequency of two genotypes co-occurring should be the product of the inde-

pendent frequency of each genotype. Comparing this expected value to the actual observed

frequency of co-occurrence gives the enrichment ratio (Figure 2.5A). This analysis points

out several interactions, including positive epistasis between 225G and 138S, 194P and 203I,

and 186V and 219F/Y. Negative epistatic interactions must be interpreted carefully from

this analysis because, despite limiting the analysis to genotypes that occur in 5 or more

strains, low enrichment scores can be an artifact of rare genotypes or can represent bona fide

negative epistasis.

A striking example of negative epistasis occurs between 194P and 186V, the two pre-

dominant results of egg-adaptation. Zero H3N2 strains acquire both a L194P and a G186V

mutation during egg-passaging (Figure 2.5C). The observation that 194P and 186V never

co-occur could be a result of 1) direct negative epistasis between egg-adapted 194P and

186V, or 2) interactions between these two sites and the genetic background (i.e. the alleles

that allow G186V do not allow L194P). There are 14 clades of egg-passaged viruses where
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Figure 2.5: Epistatic interactions between egg-adapted mutations. A) Log enrichment ratio scores
displayed as a heat map showing genotypes that co-occur in the same strain more commonly than expected
in redder colors and genotypes that co-occur less often than expected in bluer colors. Only genotypes that
appear in 5 or more strains are included. B) Chord diagram depicts the co-occurrence of two mutations. The
L194P (red) and G186V (green) substitutions exhibit the strongest signs of epistasis with other mutations,
so these interactions are emphasized by colored ribbons. Ribbon width is proportion to the number of strains
that have both egg-adapted mutations. C) Despite their high prevalence among egg-passaged viruses, L194P
and G186V mutations never co-occur. D) Epistatic enrichment ratio analysis is limited to only clades where
both L194P and G186V occur at high rates (10% or higher). Enrichment for the co-occurrence of 194P/203I,
186V/219F, 186V/219Y, and 186V/156Q within these clades indicates bona fide epistasis. E) Epistatic
interactions within the limited clades are shown by ribbons connecting genotypes. F) The T203I mutation
(red) only occurs in egg-passaged strains that also have the L194P mutation. G) S219F/Y mutations (red)
occur almost solely in egg-passaged strains that also have G186V and H156R/Q (yellow) and N246H (orange)
never co-occur with L194P. Blue indicates sequences that have more than one of S219F/Y, H156R/Q, and
N246H.

both L194P and G186V are observed, including 10 clades where both mutations are present

in 10% or more of the viruses (Figure 2.4D). Because L194P and G186V never co-occur,

despite being present in the same clades, this is probably due to direct negative epistasis.

It is likely that genetic background can preferentially allow or prevent a G186V or L194P

mutation during egg-passaging, and that once one of these mutations occur, direct negative

epistasis prevents the other one.

During the preparation of this manuscript, Wu et al published experimental validation of
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this negative epistasis between G186V and L194P (Wu et al., 2019). Their work reveals that

co-occurance of G186V and L194P disrupts the HA receptor-binding site. This structural

incompatibility prevents the virus from entering a cell and replicating.

Though G186V and L194P are mutually exclusive egg-adaptations, they both positively

correlate with other egg-adapted mutations (Figure 2.5A). In fact, 67% of egg-passaged

strains with the G186V mutation have at least 1 additional mutation (Figure 2.5B). Enrich-

ment analysis shows a positive correlation between L194P and T203I and between G186V

and H156R/Q, S219F/Y, and N246H. Again, these correlations could be a result of epistasis

between egg-adapted mutations or a result of shared genetic background preference. To dis-

ambiguate between these possibilities, we limited our analysis of these potential interactions

to clades where both G186V and L194P are present in at least 10% of egg-passaged viruses.

Within these clades, enrichment ratios confirm that these correlations likely reflect epistatic

interactions (Figure 2.5D-E).

It is possible that most of these pairwise correlations are mediated by epistatic interac-

tions with HA site 194. All T203I mutations occur in viruses with a L194P mutation (Fig-

ure 2.5F), suggesting positive epistasis between 203I and 194P. Mutations at HA1 residues

156 and 246 occur in viruses with a G186V mutation and viruses with neither G186V nor

L194P, but not viruses with a L194P mutation (Figure 2.5G). This is suggestive of nega-

tive epistasis between 194P and 156R/Q and 246H, though positive epistasis between these

residues and 186V cannot be ruled out, and these two possibilities are not mutually exclusive.

S219F/Y rarely occurs in strains that don’t also have G186V, and especially high enrichment

of S219F/Y with 186V indicates positive epistasis for these HA sites.

Other high log enrichment scores shown in Figure 2.5A did not hold up to similar sec-

ondary analyses of positive epistasis taking background specificity into account. So, no

epistatic interactions were confidently identified between A138S, D225G, T160K and other

egg-adapted mutations. The effects of these mutations is likely independent of other egg-

adapted mutations: increased fitness during egg-passaging is not enhanced by the combina-
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tion of these and other mutations (positive epistasis) nor do structural or functional viral

constraints prevent them from co-occurring (negative epistasis).

2.2.5 Antigenic phenotype of egg-adapted mutations

Results of the epistasis analysis indicate that an H3N2 virus can undergo a couple potential

mutational “pathways” to adapt to replication in eggs. These “pathways” are mainly defined

by the L194P and G186V egg-adapted mutations. This observation is potentially encour-

aging that egg-adapted mutations may be able to be predicted and prevented by choosing

a candidate vaccine virus that is incompatible with specific egg-adapted mutations. Egg-

adapted mutations that should be prevented are those that result in antigenic changes that

lower vaccine efficacy.

Mutation
Documented

egg-passaged mutation
Attributed to
VE decrease

HA domain
Viral replication

in eggs
Antigenicity References

L194P Yes 190-helix, antigenic site B Increase ∆ (Wu et al., 2019, 2017; Chen et al., 2010; Levine et al., 2018)
G186V Yes Yes Antigenic site B Increase Neutral (Lu et al., 2005; Widjaja et al., 2006; Parker et al., 2016; Wu et al., 2019; Chen et al., 2010; Barman et al., 2015)
T160K Yes Yes Antigenic site B, glycosylation Increase ∆ (Zost et al., 2017)
A138S Yes 130-loop, antigenic site A (Nakowitsch et al., 2014)
D225G in H1N1 220-loop Increase (H1N1) Neutral (in H1N1) (Xue et al., 2016)
S219F Yes Increase ∆ (Widjaja et al., 2006; Parker et al., 2016)
S219Y Yes Yes Increase Neutral (Parker et al., 2016)
T203I Sequenced (European Centre for Disease Prevention and Control, 2015; Worldwide Influenza Center: Francis Crick Institute, 2018)
H156Q Yes Yes Antigenic site B Increase ∆ (Parker et al., 2016; Lin et al., 2010)
H156R Yes Antigenic site B Increase (Parker et al., 2016; Lin et al., 2010)
N246H No

Table 2.1: Documented phenotypic effects of egg-adapted mutations. Mutations that have not
been described in any detail beyond appearing in published egg-passaged H3N2 sequences of egg-passaged
viruses are denoted as “Sequenced”. Egg-adapted mutations that were linked to low vaccine effectiveness
are indicated. To our knowledge, there are no publications reporting D225G as an egg-adapted mutation
in H3N2, though it has been documented to occur in H1N1. Where available, each mutation is marked as
having an antigenic effect (∆) or not (Neutral).

Several of the most common egg-adapted mutations we identified through phylogenetic

methods have been documented by previous studies and some of this research has described

the antigenic phenotype of these mutations as well (Table 2.1). The T160K substitution

that is widely blamed for low effectiveness of the 2016-2017 vaccine is obviously reported

to change antigenicity, as are egg-adapted mutations L194P, S219F and H156Q (Zost et al.,

2017; Widjaja et al., 2006; Parker et al., 2016; Wu et al., 2017). Interestingly, G186V, which

we identified as the second most predominant egg-adapted mutation is antigenically neutral.

However, the phenotypic effects listed in Table 2.1 are, again, only described for spe-

cific strains and it is not necessarily clear how many of these egg-adapted mutations affect
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antigenicity more broadly, across all H3N2 strains. Again, we take a phylogenetic approach

to infer antigenic phenotypes for all egg-passaged viruses. We employed a model that de-

termines the relationship between genetic and antigenic evolution and uses this relationship

to predict antigenicity across an entire phylogeny from known antigenic phenotypes (Neher

et al., 2016). Antigenic differences between two viruses are measured by titers assays, which

measure how well antibodies elicited against one virus neutralize the other virus. Titers are

commonly measured by two different assays: hemagglutinin inhibition (HI) assay and focal

reduction assay (FRA). Though HI titers have traditionally been used to compare H3N2

viruses, this assay does not work well with many recent strains for technical reasons. Be-

cause of this, we opted to use antigenic data from both the HI and FRA assays. Using titer

measurements for tens of thousands of pairs of viruses and the phylogeny used throughout

this manuscript, we ran the titers model to infer the antigenic phenotype of each egg-adapted

mutation.

The model directly correlates amino acid substitutions with antigenic change and several

egg-adapted mutations appear to alter H3N2 antigenicity (Table 2.2). In agreement with pre-

vious reports, G186V is antigenically neutral while L194P is not. Negative epistasis between

194P and 186V could provide an avenue to reduce the impact of egg-adapted mutations on

VE: choosing a candidate vaccine virus with a valine at HA 186 could prevent L194P, thus,

reducing the potential for antigenic change during egg-passaging. However, this strategy

would not prevent other substitutions such as H156R, S219Y and T160K, which commonly

co-occur with G186V and affect antigenicity.

To determine whether this strategy is likely to reduce potential antigenic change during

egg-passaging, we compared antigenicity of viruses with the L194P mutation, to those with

G186V or with neither substitution. This takes into account antigenic contributions from

the genetic background and other egg-adapted substitutions. We used the titers model

(Neher et al., 2016) to predict antigenic evolution from the root of the phylogeny to each

virus located at the tips of the tree. The antigenic change from root to tip is measured in
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Antigenic units (2-fold decrease in titer)

Mutation HI FRA
L194P 0.3754 0.0289
G186V
T160K 0.8675
A138S 0.0469 0.2602
D225G 0.8785
S219F
S219Y 0.6530
T203I
H156Q
H156R 0.8369 0.4630
N246H

Table 2.2: Predicted antigenic effect of each substitution.

antigenic units (1 unit = 2-fold decrease in titers), which takes into account the contribution

of every substitution along this path. Therefore, antigenic change should increase with time

as H3N2 diverges from the root, and because of this, it is not valid to compare strains

sampled at different time points. However, the antigenic effects of egg-passaging can be

evaluated through direct comparison of the 370 pairs of egg-passaged/NE-passaged viruses

on this phylogeny.

For each pair of viruses, we calculated the difference in antigenic evolution between

the viruses. Because these viruses have a shared evolutionary history until egg-passaging,

the antigenic difference between paired strains should be attributable to egg-passaging. The

effect of a specific egg-adapted mutation can be estimated by comparing egg-passaged viruses

with just this substitution (and no other egg-adapted mutations) to their paired NE-passaged

strains (Figure 2.6A). In agreement with previous reports and Table 2.2, L194P has a larger

antigenic effect than G186V. The antigenic effect of G186V is not significantly different from

the average effect of any single egg-passaged mutation.

As shown in Figure 2.5, these substitutions commonly co-occur with other egg-adapted

mutations and, ultimately, VE is influenced by the antigenic change conferred by the com-

bination of these co-occurring mutations. The combined antigenic effect of a specific substi-
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Figure 2.6: L194P mutational pathway results in larger antigenic change than the G186V
pathway. A) The antigenic effect of single mutations is evaluated by computing the difference in predicted
titer value between paired strains that differ by only one egg-passaging mutation. B) Predicted titers are
compared between paired strains to estimate the antigenic effect of T160K, L194P, and G186V in combination
with their co-occurring egg-adapted mutations. Statistical analysis is shown above each bar: t-test p-value
≤ 0.005 for viruses with the mutation compared to all egg-passaged sequences (“a”), or compared to viruses
with T160K (“b”), is done separately for HI and FRA titer predictions.

tution and all co-occurring egg-adapted mutations can be evaluated by comparing all egg-

passaged viruses that acquired this mutation (including viruses with multiple egg-adapted

mutations) to their paired strains (Figure 2.6B). As expected, additional egg-adapted muta-

tions increase antigenic distance between egg-passaged and NE-passaged viruses. The model

predicts that, on average, egg-passaging increases antigenic change by 0.89 log2 HI titer units

or 0.77 log2 FRA titer units. Viruses that did not mutate during egg-passaging differ from

their paired strains by an average 0.007 antigenic units, which gives an estimation of the

error of this method.

Egg-passaged strains with the G186V substitution are statistically more antigenically

different than this overall average. Because G186V alone does not have an antigenic effect

31



(Table 2.1, Table 2.2, Figure 2.6A), co-occurring egg-adapted mutations must account for

this antigenic change. Again, viruses with the L194P substitution are more antigenically

divergent than those with G186V. This suggests that the egg-adaptation “pathway” involv-

ing L194P and T203I results in greater antigenic change than the “pathway” of G186V,

H156R/Q, S219F/Y, and N246H mutations.

The most clear-cut example of an egg-adapted mutation that caused low VE through

antigenic mismatch between the vaccine and circulating H3N2 viruses is the T160K mutation.

Fittingly, the above phylogeny-based method predicts that the largest increase in antigenic

distance between pairs of viruses occurs that acquire a T160K mutation during egg-passaging.

The effects of other egg-passaged mutations can be benchmarked against the effect of T160K,

which is known to alter VE. This suggests that egg-passaged viruses with a L194P mutation

are more likely to decrease VE than viruses with a G186V substitution.

This relationship is especially evident when limiting this analysis to all strains that were

sequenced before and after egg-passaging and which acquired only certain mutations during

egg-passaging. This analysis reiterates the finding that H3N2 strains change more antigeni-

cally if they acquire only the L194P mutation during egg-passaging versus only the G186V

mutation (Figure 2.7C). Additionally, mutations that are epistatically-associated with L194P

or G186V further promote these antigenic differences, suggesting that the L194P “pathway”

is more likely to decrease VE than the G186V “pathway”.

2.3 Discussion

The influenza vaccine is predominantly manufactured in chicken eggs and, during this pro-

cess, it is not uncommon for the vaccine virus to acquire mutations that increase fitness in

eggs. Egg-adapted H3N2 mutations have been blamed for low VE during several flu seasons

including, most notably, the 2016-2017 season (Zost et al., 2017). While egg-adaptation is a

well-noted phenomena, reports of egg-adapted mutations are limited in scope to descriptions

of specific mutations occurring in specific strains. In this manuscript, we employed phyloge-
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Figure 2.7: Egg-adapted mutations are common and alter antigenicity. A) Proportion of all
egg-passaged viruses that acquired at least one egg-adapted mutation, an egg-passaged mutation but no
egg-adapted mutation (distinction explained in Section 2.2), or no mutations at all during egg-passaged. B)
Viruses with at least one egg-adapted mutation are predicted to be much more antigenically different than
their NE-passaged paired strain, compared to viruses that do not have an egg-adapted mutation after egg-
passaging. * indicates statistical difference from 0.0, which would be expected if a virus’s antigenicity was
not changed after egg-passaging (p-value > 0.001). C) Estimated antigenic impact of various epistatically-
constrained pathways is computed from strains sequenced before and after egg-passaging that contain only
the indicated mutations. Mean change in titers is estimated from HI (left) and FRA (right) assays and the
magnitude of antigenic effect is color-coded with darker blue representing greater impact. Positive epistatic
interactions are indicated by green arrows, negative epistatic interactions are shown by red bars, and gray
arrows represent a lack of epistatic constraint.

netic methods to utilize the wealth of available genetic data, and consider broader patterns

of H3N2 egg-adapted mutations and their effects on VE.

This gave an unprecedented perspective on just how prevalent egg-adaptation is in H3N2

viruses: about 73% of viruses mutate during egg-passaging and a conservative estimate

indicates about 55% of strains acquire a bona fide egg-adapted mutation (Figure 2.7A). The
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high frequency of these mutations is a critical concern for vaccine production because they

have a striking impact on antigenicity. Egg-adapted mutations change the predicted titers of

a virus by more than 2-fold (Figure 2.7B). In contrast, viruses that are passaged in eggs but

do not develop an egg-adapted mutation are predicted to incur little-to-no antigenic change

due to egg-passaging.

In addition to providing an overall view of the impact of egg-adaptation, this phylogenetic-

based approach also reveals the prominence of some previously identified mutations, such as

G186V, L194P and T160K (Figure 2.3A). While T160K is limited to more recent viruses,

G186V and L194P are widespread over the H3N2 phylogeny (Figure 2.4D-E). The D225G

mutation was found to be beneficial in the context of some genetic backgrounds but not

others. Mutations at this position have also been noted to impact host-specificity in H1N1

(Wang et al., 2017; Yang et al., 2019). Additionally, considering such a large number of egg-

passaged viral sequences, revealed previously undescribed egg-adapted mutations N246H and

T203I. The N246H substitution appears in a variety of genetic backgrounds covering a large

temporal range (Figure 2.4D-E), while T203I occurs only in viruses that also have a L194P

egg-adapted mutation (Figure 2.5F).

Considering a large and diverse set of egg-passaged viruses exposes epistatic interactions,

such as the positive epistasis between T203I and L194P, which may define disparate mu-

tational “pathways” through which H3N2 adapts to replication in chicken eggs. The most

striking of these interactions occurs between the 2 most prevalent and most topologically

widespread mutations, G186V and L194P, which are completely mutually exclusive (Figure

2.5C). In addition to positive epistasis with T203I, the “L194P pathway” is also charac-

terized by negative epistasis with H156R/Q, S219F/Y and N246H (Figure 2.5G). Besides

L194P and T203I, the G186V substitution co-occurs with all other egg-adapted mutations,

though the “G186V pathway” is specifically enriched in S219F/Y mutations, which rarely

occur in the absence of G186V.

These distinct mutational “pathways” suggest that certain common egg-adapted muta-
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tions can be selectively avoided by choosing candidate vaccine strains that occur preferen-

tially on the other “pathway”. Decisions to avoid certain substitutions while allowing others

would be based on how the mutations affect viral effectiveness. Again, this manuscript

builds on previous strain-specific studies of egg-adapted mutations to expose broader trends

in their antigenic effects. This analysis indicates that the “L194P pathway” has a much

larger antigenic effect than the “G186V pathway” (Figure 2.7C), and that it is similar in

magnitude to the antigenic change caused by T160K (Figure 2.6B), which was responsible

for the low VE during 2016-2017. While choosing a candidate vaccine virus that preferences

the “G186V pathway” should result in an overall lower antigenic change, it is unclear exactly

how this translates to the percent effectiveness of the vaccine. Also, the T160K substitution

occurs on both pathways, so this strategy would not prevent the large antigenic impact of

that egg-passaged mutation.

During the preparation of this manuscript, Wu et al published a report that also proposes

mitigating potential antigenic change during egg-based vaccine production by preferencing

186V and, therefore, preventing the L194P mutation (Wu et al., 2019). Using X-ray crystal-

lography, Wu and colleagues show that G186V and L194P are structurally incompatible HA

mutations. They also confirm the differences in the antigenic effects of these two egg-adapted

mutations with biolayer interferometry (BLI). This work provides strong experimental valida-

tion of conclusions we reached via phylogenetic methods, suggesting that our computational

approach is an effective way to identify egg-adapted mutations, reveal epistatic interactions

between them, and infer their antigenic effects.

The unique contribution of this research to the understanding of how egg-adapted muta-

tions affect H3N2 VE is the consideration of a wide range of viruses, rather than a focus on

specific strains. This methodology also has inherent drawbacks. Firstly, confidently identify-

ing egg-adapted mutations relies on a large sample size and forcing the phylogeny to include

so many egg-passaged viruses can skew the topology. Egg-passaged strains are directly de-

rived from NE-passaged strains, meaning their closest relatives on the phylogeny should be
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NE-passaged. However, not all egg-passaged strains were also sequenced as a NE-passaged

virus, which can mean that the most genetically similar strain to a given egg-passaged virus

is another egg-passaged virus. This clustering of egg-passaged viruses is amplified towards

the tips of the tree, where strains are extremely genetically similar to each other and, thus,

a given egg-adapted mutation that occurred separately in multiple strains will appear as an

ancestral mutation during parsimonious phylogenetic reconstruction.

Because this tends to only skew the phylogeny at the tips of the tree, and does not affect

the overall topology or major clade designations, this issue is dealt with by the phylogenetic

method for inferring egg-passaging mutations explained in the “Phylogenetic method to

infer egg-adapted mutations” section of the Results and Methods. However, this method

would certainly be improved by the separation of egg clusters. This could be achieved

either through the collection of more paired egg-passaged/NE-passaged sequences or through

masking specific HA residues that mutate during egg-passaging when the phylogenetic tree

is built. Masking would prevent these sites from influencing the tree topology, but may not

be useful because many egg-adapted mutations occur at HA positions (like 138, 160, 225)

that have mutated elsewhere in the evolutionary history of circulating H3N2.

Secondly, this phylogeny-based method of egg-passaged mutations uses clades to deter-

mine the genetic background specificity of each egg-adapted mutation. These correlations

are clearly dependent on how clades are defined, so conclusions about clade specificity should

be understood as an enrichment or depletion of a specific mutation in viruses located in those

general regions of the phylogeny, and not necessarily as viruses that precisely fit into the

clades defined by this study.

Third, the phylogenetic analysis in this manuscript is based solely on the sequence of

H3N2 HA. This decision was made because the sequence of HA is available for almost all

strains while the full genome sequence is not, and because HA is the primary location of

ongoing viral evolution and, specifically, of egg-adapted mutations. However, where possible,

using the entire H3N2 genome could help separate egg-passaged clusters on the phylogeny
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and provide a more comprehensive analysis of background specificity and of epistasis.

2.4 Methods

All code, data, and results for this project can be found in the following Github repository:

https://github.com/blab/egg-passage

2.4.1 Sequence and titers data

Publicly accessible influenza H3N2 sequence and titers data were downloaded from Nextstrain’s

Fauna database (Hadfield et al., 2018). This data was originally collected from sources such

as NCBI (https://www.ncbi.nlm.nih.gov/), GISAID (https://gisaid.org, (Shu and

McCauley, 2017)) and ViPR (https://www.viprbrc.org). From these databases, a sub-

set of sequences was selected to build a phylogeny and perform subsequent analyses. To

facilitate egg-passaging analyses, this subset was enriched for egg-passaged sequences sam-

pled between 2002-2019 (n=570), and all available non-egg-passaged sequences that match

these egg-passaged strains (n=370). These strains were identified by find egg seqs.py.

The remaining sequences were selected by Nextstrain’s subsampling algorithm, which en-

sures even temporal and geographic sampling. Titers data from “cell” and “egg” databases

was concatenated into a database of 2969 HI titer measurements and another of 1222 FRA

measurements.

2.4.2 Phylogenetic tree

The time-resolved phylogenetic tree was constructed with Nextstrain’s Augur (Huddleston

et al., 2021), IQ-TREE 2.1.2 (Nguyen et al., 2015), and TreeTime 0.8.2 (Sagulenko et al.,

2018). Augur was run twice, once with HI titer data and once with FRA data, using 12

year resolution. The resulting phylogeny was visualized using Nextstrain Auspice (Hadfield

et al., 2018). All subsequent analyses use the .json, .fasta, .tsv, and .nwk files output

by Augur.
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2.4.3 Phylogenetic method to infer egg-adapted mutations

A Python script, organize output.py, was written to extract relevant information (such as

strain name, isolation date, titer predictions, and mutations on tree tips) from Augur output

files and organize it into Pandas dataframes. Using a traversal function, organize output.py

keeps track of each virus’s mutational history from tree root to tip.

Starting at the tree root and walking forward in time, groups are formed from viruses

that share the same mutational history up until that point. If, at any point, all viruses in a

group are egg-passaged, the mutations occurring on the most recent branch are considered to

be egg-passaging mutations that occurred separately in each virus in the group. This process

is done iteratively, so groups of egg-passaged viruses can be nested. All mutations occurring

at tree tips are considered groups of size 1 and, therefore, are considered egg-passaging

mutations.

If the only non-egg-passaged strains in a group subsequently revert the group-defining

mutation, this group-defining mutation is also considered to have occurred separately in

each egg-passaging strain in the group. This prevents false negative mutation calls caused

by inaccurate topology, which probably results from phylogenetic construction based on an

assumption of parsimony. Because each egg-passaged sequence derives from a non-passaged

sequence (rather than serial passaging in eggs), it is actually more likely that each of these

strains acquired the mutation separately, rather than the non-egg-passaged sequence mutat-

ing and then acquiring a reversion.

If grouping results in an egg-passaged sequence that has two mutations at the same HA

position, the egg-passaging mutation at that position is inferred to be from the original

amino acid in the first mutation to the mutated amino acid in the last mutation. This

can include reversion mutations. For example, an egg-passaged strain that has I140R and

R140K mutations according to the grouping protocol, is inferred to actually have an I140K

mutation. Similarly, an egg-passaged strain with both D225G and G225D, would be inferred

to have no mutation at position 225. This prevents false positive mutation calls that result
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from an inaccurate topology, skewed by the large number of egg-passaged sequences.

2.4.4 Validation of phylogenetic mutation inference method

The validity of this phylogenetic method to infer egg-passaged mutations was assessed by

calculating the false positive and negative rates (Figure 2.2A). False positives were identified

through direct comparison of viruses that were sequenced both as an egg-passaged strain

and as either an unpassaged or cell-passaged strain. Every inferred egg-passaging mutation

was, thus, validated by comparing the sequence of the egg-passaged virus to its paired strain.

Inferred mutations that were not confirmed by this method were considered false positives.

False positives were separately evaluated at all HA sites and at only the sites that mutate

most commonly during egg-passaging. The latter greatly reduces the false positive rate.

False negatives were evaluated by determining every difference between each pair of

sequences. If the difference corresponded to a mutation occurring at the tree tip of the

unpassaged or cell-passaged strain, it was considered to be a mutation in that strain. All

other differences were considered to be “known” egg-passaging mutations. Every “known”

mutation that was not inferred was considered a false negative. The false negative rate was

also calculated separately at all HA sites and at only the sites that mutate most commonly

during egg-passaging, and the rate was consistent between these two.

2.4.5 Identification of mutations specific to egg-passaging

The most common egg-passaging mutations inferred in all 570 egg-passaged strains were

determined by find egg mutations.py. The prevalence of these mutations in egg-passaged

viruses was compared to cell-passaged and unpassaged viruses is compared using a chi-

squared test.
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2.4.6 Clade designations

Closely-related viruses were grouped into clades based on the mutational history of each

virus (described above) by assign clades.py. At each branch in the path from tip to root,

groups of viruses with identical mutational history were formed. If the group met any of the

following criteria (evaluated in this order), it was considered a clade:

1. 20 or more members, and 3 or more clade-defining amino acid mutations

2. 50 or more members, and 2 or more clade-defining amino acid mutations

3. 100 or more members, and at least 1 clade-defining amino acid substitution

Groups were iteratively evaluated on these criteria at each point walking backward in

time, so that more recent strains will form clades that descend from older sequences. Strains

near the root that are not included in any of these clades are put in the ‘unassigned’ clade.

2.4.7 Determination of clade specificity of mutations by enrichment ratios

Enrichment or depletion of egg-adapted mutations in each clade was assessed and plotted as

a heatmap by plot background.py. The enrichment of mutation A in clade 1 is:

log2

fA1

fA

where fA1 is the frequency of mutation A in clade 1 and fA is the frequency of mutation A

in all egg-passaged sequences.

2.4.8 Identification of epistatic interactions between egg-adapted mutations

Pairwise epistatic interactions are evaluated by the observation that two egg-adapted mu-

tations occur in the same virus more or less commonly that would be expected. This is

evaluated for mutations A and B through the following enrichment ratio:

log2

fAB

fA ∗ fB
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where fAB is the frequency of viruses that have both mutations, fA is the overall frequency of

viruses with mutation A, and fB is the overall frequency of viruses with mutation B. These

values are plotted as a heatmap by plot egg epistasis.py. This script also plots chord

diagrams to highlight specific interactions with G186V and L194P.

2.4.9 Prediction of antigenic change attributed to egg-adapted mutations

Augur (Huddleston et al., 2021) was used to implement the substitution model to predict

titers for each virus on the phylogeny (Neher et al., 2016). This was done both using

FRA titers data and HI titers data. The antigenic effect of each egg-adapted mutation was

determined from the Augur output file, which lists the effect attributed to each substitution

by the model. The antigenic change from the tree root (‘cTiterSub’) was also extracted from

Augur output files compared between paired strains by plot titer diffs.py. Differences

were tested for statistical significance using a student’s t-test.
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Chapter 3

Evidence for adaptive evolution in

seasonal coronaviruses

This work was originally published with eLife at https://doi.org/10.7554/eLife.64509.

3.1 Introduction

Coronaviruses were first identified in the 1960s and, in the decades that followed, human

coronaviruses (HCoVs) received a considerable amount of attention in the field of infectious

disease research. At this time, two species of HCoV, OC43 and 229E, were identified as the

causative agents of roughly 15% of common colds (McIntosh, 1974; Heikkinen and Järvinen,

2003). Infections with these viruses were shown to exhibit seasonal patterns, peaking in

January-March in the Northern Hemisphere, as well as yearly variation, with the great-

est incidence occurring every 2-4 years (Monto and Lim, 1974; Hamre and Beem, 1972).

Subsequently, two additional seasonal HCoVs, HKU1 and NL63, have entered the human

population. These 4 HCoVs endemic to the human population usually cause mild respiratory

infections, but occasionally result in more severe disease in immunocompromised patients or

the elderly (Liu et al., 2020a). In the past 20 years, three additional HCoVs (SARS-CoV-1,

MERS-CoV and SARS-CoV-2) have emerged, which cause more severe respiratory illness.

At the writing of this paper, amidst the SARS-CoV-2 pandemic, no vaccine for any HCoV

is currently available, though many candidate SARS-CoV-2 vaccines are in production and

clinical trials (Krammer, 2020).

Coronaviruses are named for the ray-like projections of spike protein that decorate their

surface. Inside these virions is a positive-sense RNA genome of roughly 30kB (Li, 2016).

This large genome size can accommodate more genetic variation than a smaller genome
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(Woo et al., 2009). Genome flexibility, coupled with a RNA virus error-prone polymerase

(Drake, 1993) and a high rate of homologous recombination (Pasternak et al., 2006), creates

genetic diversity that is acted upon by evolutionary pressures that select for viral replication.

This spawns much of the diversity within and between coronaviruses species (Woo et al.,

2009; Hon et al., 2008), and can contribute to the virus’ ability to jump species-barriers,

allowing a previously zoonotic CoV to infect and replicate in humans.

The battle between virus and host results in selective pressure for mutations that alter

viral antigens in a way that evades immune recognition. Antigenic evolution, or antigenic

drift, leaves a characteristic mark of positively selected epitopes within the viral proteins

most exposed to the host immune system (Smith et al., 2004). For CoVs, this is the spike

protein, exposed on the surface of the virion to human humoral immunity. Some human

respiratory illnesses caused by RNA viruses, like seasonal influenza (Smith et al., 2004),

evolve antigenically while others, like measles, do not (Fulton et al., 2015). Because of this,

seasonal influenza vaccines must be reformulated on a nearly annual basis, while measles

vaccines typically provide lifelong protection. Whether HCoVs undergo antigenic drift is

relevant not only to understanding HCoV evolution and natural immunity against HCoVs,

but also to predicting the duration of a vaccine’s effectiveness.

Early evidence that closely-related HCoVs are antigenically diverse comes from a 1980s

human challenge study in which subjects were infected and then reinfected with a variety

of 229E-related strains (Reed, 1984). All subjects developed symptoms and shed virus upon

initial virus inoculation. After about a year, subjects who were re-inoculated with the same

strain did not show symptoms or shed virus. However, the majority of subjects who were

re-inoculated with a heterologous strain developed symptoms and shed virus. This suggests

that immunity mounted against 229E viruses provides protection against some, but not all,

other 229E strains. This is a result that would be expected of an antigenically evolving virus.

More recent studies have identified 8 OC43 genotypes and, in East Asian populations,

certain genotypes were shown to temporally replace other genotypes (Lau et al., 2011; Zhang
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et al., 2015; Zhu et al., 2018). Whether certain genotypes predominate due to antigenic

differences that confer a fitness advantage is not known. However, evidence for selection in

the spike protein of one of these dominant OC43 genotypes has been provided by dN/dS,

a standard computational method for detecting positive selection (Ren et al., 2015). This

method has also been used to suggest positive selection in the spike protein of 229E (Chibo

and Birch, 2006). Additionally, two genetically distinct groupings (each of which include

multiple of the aforementioned 8 genotypes) of OC43 viruses have been shown to alternate

in prevalence within a Japanese community, meaning that the majority of OC43 infections

are caused by one group for about 2-4 years at which point the other group begins to

account for the bulk of infections. It has been suggested that antigenic differences between

these groups contribute to this epidemic switching (Komabayashi et al., 2020).

However, a similar surveillance of the NL63 genotypes circulating in Kilifi, Kenya found

that NL63 genotypes persist for relatively long periods of time, that people become reinfected

by the same genotype, and that reinfections are often enhanced by prior infection (Kiyuka

et al., 2018). These findings are inconsistent with antigenic evolution in NL63.

Here, we use a variety of computational approaches to detect adaptive evolution in spike

and comparator proteins in HCoVs. These methods were designed as improvements to dN/dS

with the intention of identifying adaptive substitutions within a serially-sampled RNA virus

population. We focus on the seasonal HCoVs that have been continually circulating in

humans: OC43, 229E, HKU1 and NL63. Our analyses of nonsynonymous divergence, rate

of adaptive substitutions, and Time to Most Recent Ancestor (TMRCA) provide evidence

that the spike protein of OC43 and 229E is under positive selection. Though we conduct

these analyses on HKU1 and NL63, we do not observe evidence for adaptive evolution in the

spike protein of these viruses. For HKU1, there is not enough longitudinal sequencing data

available for us to confidently make conclusions as to whether or not this lack of evidence

reflects an actual lack of adaptive evolution.
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3.2 Results

3.2.1 Phylogenetic consideration of viral diversity and recombination in OC43 and 229E

We constructed time-resolved phylogenies of the OC43 and 229E using publicly accessible

sequenced isolates. A cursory look at these trees confirms previous reports that substantial

diversity exists within each viral species (Zhang et al., 2015; Komabayashi et al., 2020; Lau

et al., 2011). Additionally, the trees form ladder-like topologies with isolate tips arranged

into temporal clusters rather than geographic clusters, indicating a single global population

rather than geographically-isolated populations of virus. The phylogeny of OC43 bifur-

cates immediately from the root (Figure 3.1), indicating that OC43 consists of multiple,

co-evolving lineages. Because of the distinct evolutionary histories, it is appropriate to con-

duct phylogenetic analyses separately for each lineage. We have arbitrarily labeled these

lineages ‘A’ and ‘B’ (Figure 3.1).

Because recombination is common amongst coronaviruses (Pasternak et al., 2006; Hon

et al., 2008; Lau et al., 2011), we built separate phylogenies for each viral gene. In the absence

of recombination, each tree should show the same evolutionary relationships between viral

isolates. A dramatic difference in a given isolate’s position on one tree versus another is

strongly indicative of recombination (Kosakovsky Pond et al., 2006). Comparing the RNA-

dependent RNA polymerase (RdRp) and spike trees reveals this pattern of recombination

in some isolates (Figure 3.S1A). A comparison of the trees of the S1 and S2 sub-domains

of spike shows more limited evidence for intragenic recombination (Figure 3.S1B), which is

consistent with the fact that the distance between two genetic loci is inversely-related to

the chance that these loci remain linked during a recombination event. Though intragenic

recombination likely does occur occasionally, analyzing genes, rather than isolates, greatly

reduces the contribution of recombination to genetic variation in our analyses.

Thus, in all of our analyses, we use alignments and phylogenies of sequences of single

genes (or genomic regions) rather than whole genome sequences of isolates. We designate
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Figure 3.1: Phylogenetic trees for spike gene of seasonal HCoVs OC43 and 229E. Phylogenies
built from A) OC43 spike sequences from 389 isolates over 53 years, and B) 229E spike sequences from 54
isolates over 31 years. OC43 bifurcates immediately after the root and is split into two lineages: lineage
A (dark teal) and lineage B (light teal). 229E and contains just one lineage (dark blue). For the analyses
in this paper, the evolution of each gene (or genomic region) is considered separately, so phylogenies are
built for each viral gene, and those phylogenies are used to split isolates into lineages for each gene. These
are temporally resolved phylogenies with year shown on the x-axis. The clock rate estimate is 5 × 10–4

substitutions per nucleotide site per year for OC43 and 6× 10–4 for 229E.

the lineage of those genes (or genomic regions) based on the gene’s phylogeny. Though most

isolates contain all genes from the same lineage, some isolates have, say, a lineage A spike

gene and a lineage B RdRp gene. This strategy allows us to consider the evolution of each

gene separately, and interrogate the selective pressures acting on them.

It is worth noting that the analyses we use here to detect adaptive evolution canonically

presume that selective pressures are acting on single nucleotide polymorphisms (SNPs).

However, it is possible that recombination also contributes to the genetic variation that is

acted on by immune selection. This would be most likely to occur if two closely-related

genomes recombine, resulting in the introduction of a small amount of genetic diversity

without disrupting crucial functions. Our analyses do not aim to determine the source of

genetic variation (i.e. SNPs or recombination), but rather focus on identifying if and how

selection acts on this variation.

Because of its essential role in viral replication and lack of antibody exposure, we expect

RdRp to be under purifying selection to maintain its structure and function. If HCoVs
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evolve antigenically, we expect to see adaptive evolution in spike, and particularly in the S1

domain of spike (Hofmann et al., 2006; Hulswit et al., 2019), due to its exposed location

at the virion’s surface and interaction with the host receptor. Mutations that escape from

population immunity are beneficial to the virus and so are driven to fixation by positive

selection. This results in adaptive evolution of the virus population.

Figure 3.2: More sites mutate repeatedly within spike S1 versus S2. A) Number of substitutions
observed at each amino acid position in the spike gene throughout the phylogeny. S1 (gray) and S2 (white)
are indicated by shading and the number of substitutions per site is indicated by a dot and color-coded by
HCoV lineage. The putative receptor-binding domains for 229E (Li et al., 2019) and the putative domain
for OC43 (Lau et al., 2011) are indicated with light yellow bars. Asterisks indicate two example positions
(192 and 262), which mutate repeatedly throughout the OC43 lineage A phylogeny. The OC43 phylogeny
built from spike sequences and color-coded by genotype at position 192 and 262 is shown in B) and C),
respectively.

3.2.2 Phylogenetic inference of substitution prevalence within spike

Using phylogenies constructed from the spike gene, we tallied the number of independent

amino acid substitutions at each position within spike. The average number of substitutions

per site is higher in S1 than S2 for HCoV lineages in OC43 and 229E (Figure 3.2A). We

focus on S1 rather than the Receptor-Binding Domain (RBD) within S1 in our analyses,

because it is known that neutralizing antibodies bind to epitopes within the N-Terminal

Domain (NTD) as well as the RBD of S1 (Liu et al., 2020b; Zhang et al., 2018; Zhou et al.,
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2019). A greater occurrence of repeated substitutions is expected if some mutations within

S1 confer immune avoidance. Alternatively, these repeated substitutions could be a result

of high mutation rate and random genetic drift as has been shown at particular types of

sites in SARS-CoV-2 (van Dorp et al., 2020). However, this latter hypothesis should affect

all regions of the genome equally and should not result in a greater number of repeated

substitutions in S1 than S2.

If the repeated mutations are a product of immune selection, not only should S1 contain

more repeated mutations, but we would also expect these mutations to spread widely after

they occur due to their selective advantage. Additionally, we expect sites within S1 to

experience diversifying selection due to the ongoing arms race between virus and host immune

system. This is visible in the distribution of genotypes at the most repeatedly-mutated sites

in OC43 lineage A (Figure 3.2B and 3.2C).

3.2.3 Nonsynonymous and synonymous divergence in RdRp and subdomains of spike

An adaptively evolving gene, or region of the genome, should exhibit a high rate of nonsyn-

onymous substitutions. For each seasonal HCoV lineage, we calculated nonsynonymous and

synonymous divergence as the average Hamming distance from that lineage’s most recent

common ancestor (Zanini et al., 2015). The rate of nonsynonymous divergence is markedly

higher within spike versus RdRp of 229E and OC43 lineage A (Figure 3.3A). While non-

synonymous divergence increases steadily over time in spike, it remains roughly constant

at 0.0 in RdRp. These results suggest that there is predominantly positive selection on

OC43 and 229E spike, but predominantly purifying selection on RdRp. Separating spike

into the S1 (receptor-binding) and S2 (membrane-fusion) domains reveals that the majority

of nonsynonymous divergence in spike occurs within S1 (Figure 3.3B). In fact, the rates of

nonsynonymous divergence in S2 are similar to those seen in RdRp, suggesting S2 evolves

under purifying selection while S1 evolves adaptively.

Though we would expect synonymous divergence to be equivalent in all areas of the
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Figure 3.3: Nonsynonymous divergence is higher in OC43 and 229E Spike S1 versus S2 or
RdRp. A) Nonsynonymous (dashed lines) and synonymous divergence (solid lines) of the spike (dark
orange) and RdRp (dark gray) genes of all 229E and OC43 lineages over time. Divergence is the average
Hamming distance from the ancestral sequence, computed in sliding 3-year windows which contain at least
2 sequenced isolates. Shaded region shows 95% confidence intervals. Note that the absence of a line means
there fewer than 2 sequences available at this timepoint and that, therefore, the divergence is not calculated.
B) Nonsynonymous and synonymous divergence within the S1 (light orange) and S2 (light gray) domains
of spike. Year is shown on the x-axis and is shared between plots.

genome, this is not born out in our results. It is unclear whether the difference in syn-

onymous divergence between genes reflects an actual biological difference. However, the

ratio of nonsynonymous divergence in spike to nonsynonymous divergence in RdRp is con-

sistently higher than the equivalent ratio of synonymous divergence (Figure 3.S5). Thus,

despite differences in synonymous divergence, spike is accumulating more relatively more

nonsynonymous divergence than RdRp.

We compared our analysis of divergence to the results a more standard approach for

detecting positive selection on certain branches of a phylogeny. This approach, called MEME,

is maximum-likelihood method which gives a single dN/dS value for each gene (Murrell et al.,

2012; Weaver et al., 2018). In agreement with measures of nonsynonymous divergence over

time, dN/dS estimates are higher in Spike than RdRp and higher in S1 than S2 (Table 3.1).

Our estimate of dN/dS in OC43 spike is similar to the previously reported estimate of roughly

0.3 (Ren et al., 2015). However, we believe the standard dN/dS approach is not the ideal

tool for detecting adaptive evolution in HCoVs because it is a phylogenetic approach, which
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may be biased by recombination, and also because some assumptions of the model hold true

for mammalian genomes, but not necessarily for RNA viruses

RdRp Spike S1 S2

229E 0.143 0.441 0.662 0.166
OC43 lineage A 0.080 0.435 0.466 0.301
OC43 lineage B 0.061 0.317 0.418 0.234
NL63 0.068 0.139 0.121 0.038

Table 3.1: dN/dS is lower in Spike than RdRp. A single dN/dS value was computed for gene (or spike
domain) and each HCoV using MEME

3.2.4 Rate of Adaptation in RdRp and subdomains of spike

Therefore, as a complement to the divergence analysis, we implemented an alternative to the

dN/dS method that was specifically designed to detect positive selection within RNA virus

populations (Bhatt et al., 2011). Compared with traditional dN/dS methods, the Bhatt

method has the advantages of: 1) measuring the strength of positive selection within a pop-

ulation given sequences collected over time, 2) higher sensitivity to identifying mutations that

occur only once and sweep through the population, and 3) correcting for deleterious muta-

tions (Bhatt et al., 2010, 2011). Briefly, this method defines a class of neutrally-evolving nu-

cleotide sites as those with synonymous mutations or where nonsynonymous polymorphisms

occur at medium frequency. Then, the number of fixed and high-frequency nonsynonymous

sites that exceed the neutral expectation are calculated. This method compares nucleotide

sequences at each timepoint (the ingroup) to the consensus nucleotide sequence at the first

time point (the outgroup) and yields an estimate of the number of adaptive substitutions

within a given genomic region at each of these timepoints.

We adapted this method to detect adaptive substitutions in seasonal HCoVs. As shown

in Figure 3.4, OC43 lineage A has continuously amassed adaptive substitutions in spike

over the past >30 years while RdRp has accrued few, if any, adaptive substitutions. These

adaptive substitutions are located within the S1, and not the S2, domain of spike (Figure
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3.4). We observe a largely linear accumulation of adaptive substitutions in spike and S1

through time, although the method does not dictate a linear increase. This observation

suggests that spike (and S1 in particular) is evolving in response to a continuous selective

pressure. This is exactly what would be expected if these adaptive substitutions are evidence

of antigenic evolution resulting from an evolutionary arms race between spike and the host

immune system.

Figure 3.4: Adaptive substitutions accumulate over time in OC43 lineage A spike S1. Adaptive
substitutions per codon within OC43 lineage A spike, S1, S2 and RdRp as calculated by our implementation
of the Bhatt method. Adaptive substitutions are computed in sliding 3-year windows, and only for timepoints
that contain 3 or more sequenced isolates. Red dots display estimated values calculated from the empirical
data and red lines show linear regression fit to these points. Grey lines show the distribution of regressions
fit to the computed number of adaptive substitutions from 100 bootstrapped datasets. Year is shown on the
x-axis.

We estimate that OC43 lineage A accumulates roughly 0.61×10–3 adaptive substitutions

per codon per year (or 0.45 adaptive amino acid substitutions in S1 each year) in the S1

domain of spike, while the rate of adaptation in OC43 lineage B is slightly higher and is

estimated to result in an average 0.56 adaptive substitutions in S1 per year (Figure 3.5).

The S1 domain of 229E is estimated to accrue 0.26 adaptive substitutions per year (a rate

of 0.47× 10–3 adaptive substitutions per codon per year).

A benefit of the Bhatt method is the ability to calculate the strength of selection, which

allows us to compare these seasonal HCoVs to other viruses. We used our implementation
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Figure 3.5: The rate of adaptive substitution is highest in spike S1. Adaptive substitutions per
codon per year as calculated by our implementation of the Bhatt method. Rates are calculated within
Spike, S1, S2 and RdRp for 229E and OC43 lineages. Error bars show 95% bootstrap percentiles from 100
bootstrapped datasets.

of the Bhatt method to calculate the rate of adaptation for influenza A/H3N2, which is

known to undergo rapid antigenic evolution (Rambaut et al., 2008; Yang and Nielsen, 2000),

measles, which does not (Fulton et al., 2015), and influenza B strains Vic and Yam, which

evolve antigenically at a slower rate than A/H3N2 (Bedford et al., 2014). We estimate

that the receptor-binding domain of influenza A/H3N2 accumulates adaptive substitutions

between 2 and 3 times faster than the HCoVs OC43 and 229E (Figure 3.6). The rate of

adaptive substitution in influenza B/Yam and B/Vic are on par with the seasonal HCoVs.

We detect no adaptive substitutions in the measles receptor-binding protein. These results

put the evolution of the S1 domain of OC43 and 229E in context, indicating that the S1

domain is under positive selection, and that this positive selection generates new variants in

the putative antigenic regions of these HCoVs at about the same rate as influenza B strains

and about half the rate of the canonical example of antigenic evolution, the HA1 domain of

influenza A/H3N2.
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Figure 3.6: OC43 and 229E spike S1 accumulates adaptive substitutions faster than measles
but slower than influenza A/H3N2. Comparison of adaptive substitutions per codon per year between
measles (yellow), 4 influenza strains (A/H3N2, A/H1N1pdm, B/Vic and B/Yam- shown in shades of red),
OC43 lineage A (dark teal), OC43 lineage B (light teal), and 229E (dark blue). The polymerase, receptor
binding domain and membrane fusion domain for influenza strains are PB1, HA1 and HA2. For both HCoVs,
they are RdRp, S1 and S2, respectively. For measles, the polymerase is the L gene, the receptor-binding
protein is the H gene and the fusion protein is the F gene. Error bars show 95% bootstrap percentiles from
100 bootstrapped datasets.

3.2.5 Validation that rate of adaptation is not biased by recombination

Because coronaviruses are known to recombine, and recombination has the potential to im-

pact evolutionary analyses of selection, we sought to verify that our results are not swayed

by the presence of recombination. To do this, we simulated the evolution of OC43 lineage

A spike and RdRp genes under varying levels of recombination and positive selection (rep-

resentative phylogenies of simulated spike evolution can be seen in Figure 3.S8) and used

our implementation of the Bhatt method to identify adaptive evolution. As the strength

of positive selection increases, we detect a higher rate of adaptive evolution, regardless of

the level of recombination (Figure 3.7). This demonstrates that our estimates of adaptive

evolution are not biased by recombination events.
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Figure 3.7: Detection of positive selection is not biased by recombination. OC43 lineage A
sequences were simulated with varying levels of recombination and positive selection. The Bhatt method
was used to calculate the rate of adaptive substitutions per codon per year for S1 (light orange), S2 (light
gray) and RdRp (dark gray). The mean and 95% confidence interval of 10 independent simulations is plotted.

3.2.6 Time to Most Recent Common Ancestor (TMRCA) of RdRp and subdomains of spike

Finally, we know that strong directional selection skews the shape of phylogenies (Volz

et al., 2013). In influenza H3N2, immune selection causes the genealogy to adopt a ladder-

like shape where the rungs are formed by viral diversification and each step is created by

the appearance of new, antigenically-superior variants that replace previous variants. This

ladder-like shape can also be seen in the phylogenies of the OC43 and 229E (Figure 3.1). In

this case, selection can be quantified by the timescale of population turnover as measured by

the Time to Most Recent Common Ancestor (TMRCA), with the expectation that stronger

selection will result in more frequent steps and therefore a smaller TMRCA measure (Bedford

et al., 2011). We computed average TMRCA values from phylogenies built on Spike, S1, S2

or RdRp sequences of OC43 lineage A and 229E (Table 3.2). We did not compute TMRCA

for OC43 lineage B because the limited number of available RdRp sequences for this lineage
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mean that TMRCA can only be calculated for about 4 years, which could artificially skew

the TMRCA estimates. Our estimates of HCoV spike TMRCA are roughly 2-2.5 longer the

estimated TMRCA for influenza A/H3N2 hemagglutinin (Bedford et al., 2011).

We observe that, for both OC43 lineage A and 229E, the average TMRCA is lower in

spike than RdRp and lower in S1 versus S2. These results suggest strong directional selection

in S1, likely driven by pressures to evade the humoral immune system. The difference in

TMRCA between S1 and S2 is indicative not only of differing selective pressures acting

on these two spike domains, but also of intra-spike recombination. This is because the

immune selection imposed on S1, should also propagate neutral hitch-hiker mutations in

closely-linked regions such as S2. The difference in TMRCA suggests that recombination

may uncouple these regions. Recombination can also push TMRCA to higher values, though

this should not have a larger impact on RdRp than S1. The contributions of the forces of

directional selection and recombination are difficult to parse from the TMRCA results. This

emphasizes the importance of using methods, such as the Bhatt method, that are robust to

recombination to detect adaptive evolution.

Spike S1 S2 RdRp

OC43 lineage A
4.67

(4.04, 5.28)

3.45
(2.86, 4.05)

13.05
(11.24, 14.97)

17.39
(15.63, 19.15)

229E
4.19

(3.13, 5.25)

2.23
(1.76, 2.69)

5.08
(3.93, 6.23)

4.86
(4.04, 5.69)

Table 3.2: Mean TMRCA is lower in S1 than RdRp or S2. Average TMRCA values (in years) for
OC43 lineage A and 229E. The 95% confidence intervals are indicated in parentheses below mean TMRCA
values.

3.2.7 Application of methods for identifying adaptive evolution to HKU1 and NL63

Because HKU1 was identified in the early 2000’s, there are fewer longitudinally-sequenced

isolates available for this HCoV compared to 229E and OC43 (Figure 3.S2). Consequently,

the phylogenetic reconstructions and divergence analysis of HKU1 have a higher level of
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uncertainty. To begin with, it is less clear from the phylogenies whether HKU1 represents a

single HCoV lineage like 229E or, instead, should be split into multiple lineages like OC43

(Figure 3.1). Because of this, we completed all antigenic analyses for HKU1 twice: once

considering all isolates to be members of a single lineage, and again after splitting isolates

into 2 separate lineages. These lineages are arbitrarily labeled ‘A’ and ‘B’ as was done for

OC43. When HKU1 is considered to consist of just one lineage, there is no signal of antigenic

evolution by divergence analysis (Figure 3.S4B) or by the Bhatt method of estimating adap-

tive evolution (Figure 3.S6A). However, when HKU1 is assumed to consist of 2 co-circulating

lineages, HKU1 lineage A has a markedly higher rate of adaptive substitutions in S1 than

in S2 or RdRp (Figure 3.S6B).

To demonstrate the importance of having a well-sampled longitudinal series of sequenced

isolates for our antigenic analyses, we returned to our simulated OC43 S1 datasets. We

mimicked shorter longitudinal series by truncating the dataset to only 24, 14, 10, or 7 years

of samples and ran the Bhatt analysis on these sequentially shorter time series (Figure 3.S7).

The rates of adaptation estimated from the truncated datasets can be compared to the “true”

rate of adaptation calculated from all simulated data. This simulated data reveals a general

trend that less longitudinal data reduces the ability to detect adaptive evolution by skewing

the estimated rate away from the “truth” and increasing the uncertainty of the analysis.

Given the dearth of longitudinal data for HKU1, we do not feel that it is appropriate to

make strong conclusions about adaptive evolution, or lack thereof, in this HCoV.

Despite being identified at roughly the same time as HKU1, substantially more NL63

isolates have been sequenced (Figure 3.S2) making the phylogenetic reconstruction and evo-

lutionary analyses of this virus correspondingly more reliable. We do not observe evidence

for adaptive evolution in NL63 (Figure 3.S4A and Figure 3.S6A) and this lack of support for

adaptive evolution in the NL63 spike gene is more likely to reflect an actual lack of adaptive

evolution in this virus.
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3.3 Discussion

Using several corroborating methods, we provide evidence that the seasonal HCoVs OC43

and 229E undergo adaptive evolution in S1, the region of the spike protein exposed to human

humoral immunity (Figures 3, 4 and 5). We additionally confirm that RdRp and S2 do not

show signals of adaptive evolution. We observe that S1 accumulates between 0.3 (229E)

and 0.5 (OC43) adaptive substitutions per year. We infer that these viruses accumulate

adaptive substitutions at roughly half the rate of influenza A/H3N2 and at a similar rate to

influenza B viruses (Figure 3.6). The most parsimonious explanation for the observation of

substantial adaptive evolution in S1 is that antigenic drift is occurring in which mutations

that escape from human population immunity are selectively favored in the viral population

leading to repeated adaptive changes. However, it is formally possible that the adaptive

evolution we detect is a result of selective pressures other than evasion of the adaptive

immune system. Showing that this is truly antigenic evolution could involve a serological

comparison of isolates that differ at S1 residues under positive selection.

In seasonal influenza and measles, the rates of adaptive evolution we estimate corre-

late well with relative rates of antigenic drift reported by other groups (Fulton et al., 2015;

Bedford et al., 2014). The relative rates of adaptation we calculate also match the relative

frequency of vaccine strain updates, as would be expected since vaccines must be updated

to match antigenically-evolving viruses. Since 2006, the A/H3N2 component of the sea-

sonal influenza vaccine has been updated 10 times (11 different A/H3N2 strains), 4 different

B/Vic strains and 4 different B/Yam strains have been included in the vaccine, and the

measles vaccine strain has not changed (Global Influenza Surveillance and Response System

(GISRS), https://www.who.int/influenza/vaccines/virus/en/). Using these numbers

as guidance, our results suggest that a vaccine against OC43 or 229E might need to be

updated as frequently as the B/Vic and B/Yam components of the influenza vaccine are.

We do not observe evidence of antigenic evolution in NL63 (Figure 3.S4 and Figure

3.S6). This likely represents a lack of marked adaptive evolution in S1. Our finding fits
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with a study of NL63 in Kenya, which identified multiple genotypes of NL63 and show that

people regularly become reinfected with the same genotype of NL63 (Kiyuka et al., 2018).

Additionally, Kiyuka et al found that these genotypes circulate locally for a long period

of time, suggesting a decent amount of viral diversity and a potential lack of evolution

due to immune selection. Though our results cannot explain why OC43 and 229E likely

evolve antigenically while NL63 does not, Kiyuka et al observe that NL63 reinfections are

sometimes enhanced by a previous infection and hypothesize that NL63 is actually under

purifying selection at epitope sites (Kiyuka et al., 2018).

Though analysis of all HCoVs would benefit from more sequenced isolates, there is sub-

stantially less longitudinal sequencing data available for HKU1. Thus, despite finding no

evidence of antigenic evolution in HKU1 (Figure 3.S4 and Figure 3.S6), it is possible that a

more completely sampled time series of HKU1 genome sequences could alter the result for

this virus (Figure 3.S7).

Our conclusions of adaptive evolution in S1, arrived at through computational analyses

of sequencing data, agree with studies that observe reinfection of subjects by heterologous

isolates of 229E (Reed, 1984), sequential dominance of specific genotypes of OC43 (Lau

et al., 2011; Zhang et al., 2015), and common reinfection by seasonal HCoVs from longi-

tudinal serological data (Edridge et al., 2020). In this latter study, HCoV infections were

identified from longitudinal serum samples by assaying for increases in antibodies against

the nucleocapsid (N) protein of representative OC43, 229E, HKU1, and NL63 viruses. This

study concluded that the average time between infections was 1.5–2.5 years, depending on

the HCoV (Edridge et al., 2020). In comparison, influenza H3N2 reinfects people roughly

every 5 years (Kucharski et al., 2015). Thus, frequent reinfection by seasonal HCoVs is likely

due to a combination of factors and suggests waning immune memory, and/or incomplete

immunity against reinfection, in addition to antigenic drift.

Human coronaviruses are a diverse grouping split, phylogenetically, into two genera:

NL63 and 229E are alphacoronaviruses, while OC43, HKU1, MERS, SARS, and SARS-CoV-
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2 are betacoronaviruses. The method of cell-entry does not seem to correlate with genus.

Coronaviruses bind to a remarkable range of host-cell receptors including peptidases, cell

adhesion molecules and sugars. Amongst the seasonal HCoVs, OC43 and HKU1 both bind 9-

O-acetylsialic acid (Hulswit et al., 2019), while 229E binds human aminopeptidase N (hAPN)

and NL63 binds angiotensin-converting enzyme 2 (ACE2) (Liu et al., 2020a). Despite a

relatively large phylogenetic distance and divergent S1 structures, NL63 and SARS-CoV-1

and SARS-CoV-2 bind to the same host receptor using the same virus-binding motifs (VBMs)

(Li, 2016). This VBM is located in the C-terminal domain of S1 (S1-CTD), which fits within

the trend of S1-CTD receptor-binding in CoVs that bind protein receptors (Hofmann et al.,

2006; Li, 2016). This is opposed to the trend amongst CoVs that bind sugar receptors,

where receptor-binding is located within the S1 N-terminal domain (S1-NTD) (Li, 2016).

This localization roughly aligns with our observations that the majority of the repeatedly-

mutated sites occur toward the C-terminal end of 229E S1 and the N-terminal end of OC43

S1 (Figure 3.2).

Here, we have provided support that at least 2 of the 4 seasonal HCoVs evolve adaptively

in the region of spike that is known to interact with the humoral immune system. These

two viruses span both genera of HCoVs, though due to the complexity of HCoV receptor-

binding and pathology mentioned above, it is not clear whether or not this suggests that other

HCoVs, such as SARS-CoV-2, will also evolve adaptively in S1. This is important because,

at the time of writing of this manuscript, many SARS-CoV-2 vaccines are in production and

most of these exclusively include spike (Krammer, 2020). If SARS-CoV-2 evolves adaptively

in S1 as the closely-related HCoV OC43 does, it is possible that the SARS-CoV-2 vaccine

would need to be frequently reformulated to match the circulating strains, as is done for

seasonal influenza vaccines.
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3.4 Methods

All data, source code and analyses can be found at https://github.com/blab/

seasonal-cov-adaptive-evolution. All phylogenetic trees constructed and analyzed

in this manuscript can be viewed interactively at https://nextstrain.org/community/

blab/seasonal-cov-adaptive-evolution. All analysis code is written in Python 3

(Python Programming Language, SCR 008394) in Jupyter notebooks (Jupyter-console,

RRID:SRC 018414).

3.4.1 Sequence data

All viral sequences are publicly accessible and were downloaded from ViPR (www.viprbrc.

org) under the “Coronavirdiae” with host “human” (Pickett et al. 2012). Sequences

labeled as “OC43”, “229E”, “HKU1” and “NL63” were pulled out of the downloaded

FASTA file into 4 separate data files. Additionally, a phylogeny of all downloaded hu-

man coronaviruses was made and unlabeled isolates that clustered within clades formed

by labeled OC43, 229E, HKU1 or NL63 isolates were marked as belonging to that

HCoV type and added to our data files. Code for these data-parsing steps is located in

data-wrangling/postdownload formatting for rerun.ipynb.

3.4.2 Phylogenetic inference

For each of the 4 HCoV datasets, full-length sequences were aligned to a refer-

ence genome using the augur align command (Hadfield et al., 2018) and MAFFT

(Katoh et al., 2002). Individual gene sequences were then extracted from these

alignments if sequencing covered 50% or more of the gene using the code in

data-wrangling/postdownload formatting for rerun.ipynb. Sequence files for each

gene are located in the data/ directory within each HCoV parent directory (ex:

oc43/data/oc43 spike.fasta). A Snakemake file (Köster and Rahmann, 2012) within

each HCoV directory follows the general outline of a Nextstrain build (Nextstrain,
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RRID:SCR 018223) and was used to align each gene to a reference strain and build a

time-resolved phylogeny with IQ-Tree v1 (Nguyen et al., 2015) and TimeTree (Sagulenko

et al., 2018). Phylogenies were viewed to identify the distribution of genotypes through-

out the tree, different lineages, and signals of recombination using the nextstrain view

command (Hadfield et al., 2018). The clock rate of the phylogeny based on spike se-

quences for each isolate (as shown in Figure 3.1 and Figure 3.S2) was 0.0005 substitu-

tions per nucleotide site per year for OC43, 0.0006 for 229E, 0.0007 for NL63, and 0.0062

for HKU1. All NL63 and HKU1 trees were rooted on an outgroup sequence. For NL63,

the outgroup was 229e/AF304460/229e ref/Germany/2000 and for HKU1 the outgroup was

mhv/NC 048217 1/mhv/2006. Clock rates for the phylogenies built on each individual

gene can be found within the results/ directory within each HCoV parent directory (ex:

oc43/results/branch lengths oc43 spike.json).

3.4.3 Mutation counting

Amino acid substitutions at each position in spike were tallied from the phylogeny. In

other words, the phylogenetic reconstruction of spike sequences returns nucleotides changes

to the ancestral sequence along each branch. The number of times this changed amino

acid identity at each position was tallied. This analysis was conducted using code in

antigenic evolution/site mutation rank.ipynb.

3.4.4 Divergence analysis

For each HCoV lineage and each gene, synonymous and nonsynonymous divergence was cal-

culated at all timepoints as the average Hamming distance between each sequenced isolate

and the consensus sequence at the first timepoint (founder sequence). The total number of

observed differences between the isolate and founder nucleotide sequences that result in non-

synonymous (or synonymous) substitutions is divided by the number of possible nucleotide

mutations that result in nonsynonymous (or synonymous) substitutions, weighted by kappa,
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to yield an estimate of divergence. Kappa is the ratio of rates of transitions:transversions,

and was calculated by averaging values from spike and RdRp trees built by BEAST 2.6.3

(Bouckaert et al., 2019) using the HKY+gamma4 model with 2 partitions and “coalescent

constant population”. All BEAST results are found in .log files in gene- and HCoV-specific

subdirectories within beast/ . Divergence is calculated from nucleotide alignments. Slid-

ing 3-year windows were used and only timepoints that contained at least 2 sequences were

considered. The concept for this analysis is from (Zanini et al., 2015) and code for our adap-

tation is in antigenic evolution/divergence weighted.ipynb. The ratios of divergence

shown in Figure 3.S5 are also calculated in this notebook.

3.4.5 Calculation of dN/dS

A dN/dS value was calculated for RdRp, spike, S1 and S2 of each HCoV using the Data-

monkey (Weaver et al., 2018) implementation of MEME (Mixed Effects Model of Evolution)

(Murrell et al., 2012). Aligned FASTA files (ex: oc43/results/aligned oc43 rdrp.fasta)

were uploaded to Datamonkey (http://datamonkey.org/meme) and dN/dS value was

recorded as the calculated Global MG94xREV model nonsynonymous/synonymous rate ra-

tio.

3.4.6 Implementation of the Bhatt method

The rate of adaptive evolution was computed using an adaptation of the Bhatt method

(Bhatt et al., 2010, 2011). For each lineage and each genomic region, we partitioned all

available sequences into sliding 3-year windows and only used timepoints that contained at

least 3 sequences in the analysis. We compared nucleotide sequences at each timepoint (the

ingroup) to the consensus nucleotide sequence at the first time point (the outgroup). Eight

estimators (silent fixed, replacement fixed, silent high frequency, replacement high frequency,

silent mid-frequency, replacement mid-frequency, silent low frequency and replacement low-

frequency) are calculated by the site-counting method (Bhatt et al., 2010). In the site-
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counting method, each estimator is the product of the fixation or polymorphism score times

the silent or replacement score, summed for each site in that frequency class. Fixation and

polymorphism scores depend on the number of different nucleotides observed at the site and

whether the outgroup base is present in the ingroup. Selectively neutral sites are assumed

to contain the classes of silent polymorphisms and replacement polymorphisms occurring at

a frequency between 0.15 and 0.75. A class of nonneutral, adaptive sites is then identified

as having an excess of replacement fixations or polymorphisms (Bhatt et al., 2011). For

each lineage and gene, 100 bootstrap alignments and ancestral sequences were generated

and run through the Bhatt method to assess the statistical uncertainty of our estimates

of rates of adaptation (Bhatt et al., 2011). The rate of adaptation (per codon per year)

shown in Figure 3.5 is calculated by linear regression of the time series values of adaptive

substitutions per codon (Figure 3.4). Our code for implementing the Bhatt method is at

antigenic evolution/bhatt bootstrapping.ipynb.

3.4.7 Estimation of rates of adaptation of measles and influenza viruses

Influenza and measles alignments were generated by running Nextstrain the respective

Nextstrain builds from https://github.com/nextstrain/seasonal-flu and https://

github.com/nextstrain/measles (Hadfield et al., 2018). The seasonal influenza build was

run with 20 year resolution for H3N2, H1N1pdm, Vic and Yam. The rates of adaptation

of different genes was calculated using our implementation of the Bhatt method described

above. The receptor-binding domain used for influenza was HA1, for measles was the H pro-

tein, and for the HCoVs was S1. The membrane fusion protein used for influenza was HA2,

for measles was the F protein, and for the HCoVs was S2. The polymerase for influenza was

PB1, for measles was the L protein, and for the HCoVs was RdRp (Nsp12). Our code for

this analysis is at antigenic evolution/bhatt nextstrain.ipynb.
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3.4.8 Simulation of evolving OC43 sequences

The evolution of OC43 lineage A Spike and RdRp genes was simulated using SANTA-SIM

(Jariani et al., 2019). The OC43 lineage A root sequence was used as a starting point and

the simulation was run for 500 generations and 10 simulated sequences were sampled every

50 generations. The spike and RdRp genes were simulated separately. Purifying selection

was simulated across both genes. Evolution was simulated in the absence of recombination

and with moderate and high levels of recombination during replication. Under each of

these recombination paradigms, we simulated evolution in the absence of positive selection

within spike and with moderate and high levels of positive selection. Positive selection was

simulated through exposure-dependent selection at a subset of spike S1 sites proportional

to the number of epitope sites in H3N2 HA (Luksza and Lässig, 2014). The simulated

selection allows mutations in these “epitope” sites to rise in frequency while also encouraging

“epitopes” to change over time (to mimic antigenic novelty). All simulations were run with a

nucleotide mutation rate of 1x10-4 (Vijgen et al., 2005). Config files, results and source code

for these simulations can be at santa-sim oc43a/ and the Bhatt method is implemented on

the simulated data in antigenic evolution/bhatt simulated oc43 data.ipynb.

3.4.9 Estimation of TMRCA

Mean TMRCA values were estimated for each gene and each HCoV using PACT (Bedford

et al., 2011). Briefly, PACT computes TMRCA values by creating a series of subtrees that

include only tips positioned within a temporal slice of the full tree and finding the common

ancestor of these tips. The overall mean and 95% confidence interval were calculated from

the list of TMRCA values in these time slices. The PACT config files and results for each run

are in the directory antigenic evolution/pact/. The TMRCA estimations and subsequent

analyses are executed by code in antigenic evolution/tmrca pact.ipynb.
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3.5 Supplemental Information

Figure 3.S1: Recombination occurs between HCoV isolates. A tanglegram draws lines between an
isolate’s position on two phylogenies built on different genes (or genomic regions). Dramatic differences in
an isolate’s position on one tree versus another is indicative of recombination. A) Phylogenetic relationships
between OC43 isolates based on spike sequences (left) versus relationships based on RdRp sequences (right).
Light teal lines that connect isolates classified as lineage A based on their RdRp sequence to isolates classified
as lineage B based on their spike sequence suggest that recombination occurred in these isolates or their
ancestors. B) Phylogenetic reconstruction of OC43 isolates based on S1 sequences (left) versus S2 sequences
(right). Year is shown on the x-axis.
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Figure 3.S2: Phylogenetic trees for seasonal HCoVs NL63 and HKU1. Phylogenies built from A)
NL63 spike sequences from 159 isolates over 37 years, and B) HKU1 spike sequences from 41 isolates over
13 years. HKU1 bifurcate immediately after the root and is split into lineage A (darker blue) and lineage
B (lighter blue). NL63 contains just one lineage (green). Both HCoVs are rooted on an outgroup sequence.
For the analyses in this paper, the evolution of each gene (or genomic region) is considered separately, so
phylogenies are built for each viral gene and those phylogenies are used to split isolates into lineages for
each gene. These are temporally resolved phylogenies with year shown on the x-axis. The clock rate of each
HCoV is listed in the Methods “Phylogenetic inference” section.
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Figure 3.S3: Mutations per at each position within Spike for NL63 and HKU1. Number of
substitutions observed at each amino acid position in the spike gene throughout the phylogeny S1 (gray)
and S2 (white) are indicated by shading and the number of substitutions per site is indicated by a dot and
color-coded by HCoV lineage. A) NL63, B) HKU1 (assuming all HKU1 isolates are a single lineage), C)
HKU1 lineage A, D) HKU1 lineage B (assuming there are 2 co-circulating HKU1 lineages).
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Figure 3.S4: Nonsynonymous divergence in NL63 and HKU1. Nonsynonymous (dashed lines) and
synonymous divergence (solid lines) within the spike (dark orange) and RdRp (dark gray) genes and within
S1 (light orange) and S2 (light gray) over time. Divergence is the average Hamming distance from the
ancestral sequence, computed in sliding 3-year windows which contain at least 2 sequenced isolates. Shaded
region shows 95% confidence intervals. A) NL63, B) HKU1 (assuming all HKU1 isolates belong to a single
lineage), and C) HKU1 (divided into 2 co-circulating lineages). Year is shown on the x-axis. Note that x-
and y-axis scales are shared between the subplots but are different than Figure 3.3.

Figure 3.S5: Ratio of divergence between genomic regions. A) the ratio of nonsynonymous diver-
gence in spike to nonsynonymous divergence in RdRp (dashed lines) and the equivalent ratio of synonymous
divergence (solid lines) is shown for 229E (dark blue), OC43 lineage A (dark teal), and OC43 lineage B (light
teal). B) the same ratios of divergence as in panel A, except comparing S1 and S2. Year is on the x-axis.
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Figure 3.S6: NL63 and HKU1 have low rates of adaptation in spike. As in Figure 3.5, adaptive
substitutions per codon per year are calculated by our implementation of the Bhatt method. A) NL63
(green) and HKU1 (blue) are both considered to consist of a single lineage. B) HKU1 is divided into 2
co-circulating lineages (blue and light blue). The calculated rates of adaptive substitution within spike,
S1, S2 and RdRp are plotted alongside 229E and OC43 for comparison. Error bars show 95% bootstrap
percentiles from 100 bootstrapped datasets.
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Figure 3.S7: Fewer years of longitudinally-sampled isolates reduces ability to detect rate of
adaptation. OC43 lineage A S1 sequences were simulated under conditions of no, moderate and high rates
of recombination in combination with no, moderate or high strength of positive selection. The Bhatt method
was used to calculate the ”true” rate of adaptive evolution under each of these scenarios using all available
simulated sequence data (30 years), or the estimated rate if only the most recent 24, 14, 10 or 7 years of
simulated sequences were used. The mean and 95% confidence intervals of 10 independent simulations are
plotted.
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Figure 3.S8: Representative phylogenies of simulated spike data. OC43 lineage A spike sequence
evolution was simulated under conditions of no, moderate and high rates of recombination in combination
with no, moderate or high strength of positive selection. This figure shows time-resolved phylogenies built
from 1 of the 10 independent simulations under each recombination/selection regime.
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Chapter 4

Rapid and parallel adaptive mutations in

spike S1 drive clade success in

SARS-CoV-2

This work was originally published as a preprint with bioXriv at https://doi.org/10.

1101/2021.09.11.459844.

4.1 Introduction

After 20 months of global circulation, basal lineages of SARS-CoV-2 have been almost com-

pletely replaced by derived, variant lineages. These lineages are classified by the WHO as

variants of concern (VOCs) or variants of interest (VOIs) based on genetic, phenotypic and

epidemiological differences (Konings et al., 2021). The effort to track the spread of these

variants (and of the pandemic in general) through genomic epidemiology has resulted in a

massive corpus of sequenced viral genomes. In the GISAID EpiCoV database alone, there

are 2.5 million sequences and counting as of the end of July 2021 (Shu and McCauley, 2017).

This thorough sampling offers an opportunity to investigate the evolutionary dynamics of

a virus as it entered a naive population, spread rampantly, and, subsequently, began to

transmit through previously exposed hosts. Here, we are particularly interested in whether

SARS-CoV-2 viruses show phylogenetic evidence of adaptive evolution during the first year

and a half of transmission and in the presence of mounting immunity in humans.

Seasonal influenza and seasonal coronaviruses both exhibit continual adaptive evolution

during endemic circulation in the human population. In the case of influenza H3N2, transmis-

sion through an exposed host population results in adaptive evolution within hemagglutinin

(HA). The HA1 subunit of hemagglutinin both mediates binding to host cell receptors and
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is the primary target for neutralizing antibodies. Thus, in the context of an exposed host,

selection for receptor binding avidity (Hensley et al., 2009) and for escape from humoral

immunity (Bedford et al., 2014) drive fixation of mutations in the HA1 subunit. The coro-

navirus protein subunit equivalent in function to HA1 is spike S1. Previously, we showed

that at least two coronaviruses (229E and OC43) exhibit adaptive evolution concentrated in

the S1 subunit of spike (Kistler and Bedford, 2021). By demonstrating that strong immune

responses to a particular historical isolate of 229E do not neutralize 229E viruses that cir-

culate years afterwards, Eguia et al confirmed that 229E evolves antigenically (Eguia et al.,

2021).

Primary methods used to detect adaptive evolution in seasonal influenza and seasonal

coronaviruses rely on the fixation (or near fixation) of nonsynonymous changes, and thus

demand years or decades of evolutionary time. These methods are ill-fit to identify early

adaptive evolution of a virus that has experienced a recent spillover event, such as SARS-

CoV-2, given that the common ancestor of globally circulating viruses corresponding to basal

clade 20A or lineage B.1 is currently no earlier than January 2020 (https://nextstrain.

org/ncov/gisaid/global). Here, we present a new method to identify regions of the genome

undergoing adaptive evolution, which is well-suited to early time points. This method cor-

relates clade success with the accumulation of protein-coding changes in certain genes. We

apply this method to SARS-CoV-2 genomic data from Dec 2019 to May 2021, focusing on

the period of VOC and VOI emergence.

We show that the association between clade growth rates and nonsynonymous mutations

is highest within the S1 subunit, suggesting a positive fitness effect of S1 substitutions. Addi-

tionally, the ratio of nonsynonymous to synonymous divergence is markedly higher in S1 than

other regions of the genome. We also examine the dynamics of adaptive evolution within

the S1 subunit. Substitutions within S1 display a distinct pattern of temporal-clustering

that synonymous mutations and RdRp substitutions do not. Several of these S1 substitu-

tions, and a handful of mutations in other genes, exhibit convergent evolution, occurring
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independently many times and giving rise to successful viral clades each time they do. One

of these mutations is a 3-amino acid deletion in the Nsp6 gene (ORF1a:3675-3677del), which

occurs at the base of over half of the VOC clades and precedes the accumulation of more

S1 substitutions than almost any other convergently-evolved mutation. Together, these re-

sults indicate adaptation to a partially immune host population is sculpting the evolutionary

trajectory of SARS-CoV-2.

4.2 Results

4.2.1 Accumulation of nonsynonymous mutations in spike S1 correlates with clade success

RNA viruses are known for their remarkably high error rates and, thus, the rapid generation

of mutations. Despite possessing some proof-reading capacity (a relatively rare function for

an RNA virus), SARS-CoV-2 has been accumulating roughly 24-25 substitutions per year

(https://nextstrain.org/ncov/gisaid/global?l=clock). The null hypothesis is that

these substitutions reflect neutral evolution: the result of genetic drift acting on random

mutations. To determine whether this is true, or whether adaptive evolution is also con-

tributing to the accumulation of mutations, we started by comparing substitution rates in

different regions of the genome.

We built a time-resolved phylogeny with a balanced geographic and temporal distribution

of isolates sampled between December 2019 and May 15, 2021 that includes 9544 viruses. Iso-

lates are labeled by their emerging lineage membership- a designation which includes WHO

VOCS, VOIs, and prominent PANGO lineages (Figure 4.S1). For every internal node on the

phylogeny, we tallied the total number of mutations that occurred between the phylogeny

root and that node. We grouped deletion events with nonsynonymous single nucleotide poly-

morphisms (SNPs), as they are protein-changing and contribute to the evolution of some

regions of the genome (Figure 4.S2). Plotting mutation counts over time shows that spike

S1 accumulates nonsynonymous changes at a rate of 8.4 × 10−3 substitutions/codon/year,

or about 5.5 substitutions per year (Figure 4.1A). This is a disproportionate percentage of
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the genome-wide estimate of 24 substitutions per year. As a control, we counted S1 synony-

mous mutations, and found they accumulate at 2.0 × 10−4 substitutions/codon/year, close

to the naive expectation from base composition that 22% of mutations should be synony-

mous. The rate of nonsynonymous mutation in S1 is roughly 17 times higher than in the

RNA-dependent RNA polymerase (RdRp) gene.

Figure 4.1: Accumulation of nonsynonymous S1 mutations is correlated with clade success.
A) For every clade in the phylogeny, mutations relative to the root of the phylogeny are tallied and plotted
against the date of the base of that clade. Nonsynonymous S1, synonymous S1, and nonsynonymous RdRp
mutations are plotted separately. Nonsynonymous mutations include nonsynonymous SNPs and deletions.
The primary axis (left, black ticks) displays mutations per codon, and the secondary axis (right, gray ticks)
shows the absolute number of mutations accumulated in each clade. Each point is colored according to the
lineage it belongs to. Points are fit by linear regression. B) For every clade, mutation accumulation (as
in A) is plotted against logistic growth rate and the points are fit by linear regression. C), The empirical
correlation coefficient (r) between mutation accumulation and logistic growth rate (colored bar) is compared
to an expected distribution (gray) to yield a p-value. Expected values of r are determined from randomizing
mutations across the phylogeny using a multinomial draw with mutation likelihood proportional to relative
branch length. The results of 1000 iterations are shown.
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We hypothesize that adaptive evolution is driving the high rate of S1 nonsynonymous

substitutions relative to S1 synonymous substitutions and RdRp nonsynonymous substitu-

tions. If this is the case, we would expect a correlation between S1 substitutions and a clade’s

evolutionary success: clades that happened to accumulate more S1 substitutions should have,

on average, higher fitness (and hence faster growth in frequency) than clades that have accu-

mulated fewer S1 substitutions. Based on this logic, we introduce a new method for detecting

adaptive evolution, which looks for regions of the genome where mutation accumulation is

associated with clade frequency growth. Because positive selection causes alleles or clades

to increase in frequency in a logistic (rather than linear) fashion, we measure logistic growth

rate and plot this versus mutation accumulation.

Clade success and the number of nonsynonymous S1 mutations are positively correlated,

with a correlation coefficient r of 0.46 (Figure 4.1B). To test whether this correlation is

greater than expected, we randomized the positions of mutations across the phylogeny and

computed a p-value between the empirical r and the distribution of r values from 1000

randomizations. The positive correlation between S1 mutations and logistic growth rate is

statistically significant compared to the expected distribution (p < 0.005), but is absent for

S1 synonymous mutations and is not significant for RdRp substitutions (Figure 4.1C).

We applied this method to every gene in the SARS-CoV-2 genome 4.1. The highest

nonsynonymous mutation rate is observed in ORF8. However, ORF8 substitutions are not

correlated with clade success 4.1, and many lineages acquire premature stop codons in ORF8,

indicating that the high rate of ORF8 substitutions is likely due, at least in part, to a lack of

functional constraints. Mutations within other regions of the genome, including spike S2 and

nucleocapsid (N), also accumulate at reasonably-high levels but do not correlate well with

clade success (Table 4.1). Besides S1, only Nsp6 (r=0.35, p=0.011) and ORF7a (r=0.43,

p<0.001) have a strong correlation with clade growth rates (Table 4.1, and Figures 4.S3 and

4.S4).

Though ORF7a substitutions appear highly correlated with clade success, this correlation
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Gene Rate of nonsyn mutations r: nonsyn mut accumulation p-value: empirical r
(subs/codon/year) vs. logistic growth rate versus expected

Nsp1 0.1× 10−3 0.05 0.431
Nsp2 0.2× 10−3 -0.1 0.881
Nsp3 1.3× 10−3 0.3 0.083
Nsp4 0.8× 10−3 0.28 0.057
Nsp5 0.5× 10−3 -0.09 0.833
Nsp6 3.4× 10−3 0.35 0.011
Nsp7 0.3× 10−3 -0.42 0.998
Nsp8 0.3× 10−3 0.04 0.443
Nsp9 0.7× 10−3 0.06 0.299
Nsp10 0.1× 10−3 -0.05 0.807
RdRp 0.5× 10−3 0.15 0.256
Nsp13 0.8× 10−3 0.2 0.153
Nsp14 0.3× 10−3 -0.03 0.698
Nsp15 0.3× 10−3 0.15 0.230
Nsp16 0.3× 10−3 -0.22 0.963
S1 8.4× 10−3 0.46 0.003
S2 3.5× 10−3 0.24 0.105
ORF3a 1.8× 10−3 -0.06 0.865
E 1.6× 10−3 0.03 0.388
M 0.7× 10−3 0.29 0.045
ORF6 0.2× 10−3 0.01 0.528
ORF7a 1.5× 10−3 0.43 <0.001
ORF7b 1.7× 10−3 0.22 0.050
ORF8 16.5× 10−3 0.19 0.185
N 6.10× 10−3 0.21 0.222
ORF9b 2.10× 10−3 0.27 0.050

Table 4.1: Genome-wide correlation between nonsynonymous mutation accumulation and lo-
gistic growth rate. For each gene (or subunit), the rate of nonsynonymous substitutions (and deletions)
per codon per year is given. The correlation coefficient (r) of the linear regression between mutation accu-
mulation and logistic growth rate and the p-value of this r compared to an expected distribution are listed.

is driven solely by the rapidly growing Delta variant, which possesses 3 mutations in ORF7a.

Removing Delta clades from the analysis drops the r for ORF7a from 0.43 to 0.16, whereas

r for S1 and Nsp6 only dip from 0.46 to 0.41, and from 0.35 to 0.32, respectively. This

indicates that the correlation between S1 and Nsp6 substitutions and clade success is a

general feature of SARS-CoV-2 lineages. Thus, the metric presented here provides evidence

that SARS-CoV-2 is evolving adaptively and that the predominant locus of this evolution is

spike S1.

4.2.2 The ratio of nonsynonymous to synonymous divergence is highest in S1

A classical method for assessing the directionality of natural selection on some region of the

genome is dN/dS, measuring the divergence of nonsynonymous sites relative to synonymous

sites. A dN/dS value less than 1 indicates that the region is, on average, under purifying
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selection, while dN/dS greater than 1 indicates positive selection on the region. Because even

the most rapidly evolving genes are still subject to structural and functional constraints,

it is rare for an entire gene to have a dN/dS ratio greater than 1. For instance, the HA1

subunit of H3N2, which is the prototypical example of an adaptively-evolving viral protein,

has dN/dS of 0.37 (Wolf et al., 2006).

Figure 4.2: Ratio of nonsynonymous to synonymous divergence is highest S1. The ratio of
nonsynonymous to synonymous divergence within various coding regions is plotted over time. Each point
shows the mean and 95% confidence interval of this ratio for all internal branches present in a 0.2 year window
(ending at the date indicated on the x-axis). Nonsynonymous divergence is calculated as the nonsynonymous
Hamming distance between the sequence of an isolate and the root, normalized by the total possible number
of nonsynonymous sites. The same is done for synonymous divergence. Divergence is calculated for various
locations within the genome. The dashed line marks the average dN/dS of the influenza H3N2 HA1 subunit
across all 12 years, as calculated in 4.S5.

For various regions of the SARS-CoV-2 genome, we computed the nonsynonymous to

synonymous divergence ratios over the course of the pandemic thus far. The dN/dS ratio

within RdRp, S2, and the structural proteins Envelope (E), Membrane (M), and Nucleo-

capsid (N) is consistently under 1 at all timepoints (Figure 4.2). However, dN/dS within

S1 increases over time, with an apparent inflection point in mid-2020, and the dN/dS ratio

exceeding 1 in late-2020 and 2021 with the most recent time point measured at 2.07. The

increase over time in S1 dN/dS could be due to a variety of reasons. Two non-mutually

exclusive hypotheses include the appearance of a new selective pressure on S1 substitutions,

or the acquisition of mutations that change the mutational landscape to be more permissive

towards S1 substitutions. Regardless of the cause, this change suggests a temporal structure
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to the adaptive evolution in the S1 subunit of SARS-CoV-2.

4.2.3 Nonsynonymous mutations in spike S1 cluster temporally

A hint of this temporal structure can be seen by tracing individual mutational paths through

the tree, from root to tip. Figure 4.S6 plots the accumulation of nonsynonymous S1 muta-

tions along ten representative paths, leading to 10 different emerging lineages. Along each

of these paths, there appears to be an initial period of relative quiescence, followed by a

burst of S1 substitutions. To test whether this temporal clustering of mutations differs from

what would be expected given the phylogenetic topology and the total number of observed

S1 substitutions, we calculated wait times between mutations (diagrammed in Figure 4.3A).

Briefly, we created a null expectation by running 1000 iterations of mutation randomization

in which the phylogenetic location of every observed mutation is shuffled. The distribution of

wait times is dependent on tree topology and total number of mutations, so the expectation

is different for each category of mutations (Figure 4.S7).

If mutations are clustered, there should be an excess of short wait times in the empirical

data relative to the expectation. This is what we observe for S1 nonsynonymous mutations,

where the distribution of wait times is left-skewed, with an overabundance of short wait

times compared to the expected distribution (Figure 4.3B). The mean wait time between

observed S1 substitutions is significantly lower than the expected mean wait time (p<0.001),

while there is no significant difference for S1 synonymous or RdRp wait times (Figure 4.3Ci).

This difference is driven by short wait times because there is a significant difference between

the proportion of observed versus expected wait times under 0.3 years for S1 nonsynony-

mous, but not S1 synonymous or RdRp, mutations (Figure 4.3Cii). These results indicate a

temporal structure to the adaptive evolution of SARS-CoV-2 within the S1 subunit, which

is characterized by mutation clustering.
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Figure 4.3: S1 substitutions are temporally clustered. A) Time line showing accumulation of S1
nonsynonymous, synonymous, and RdRp nonsynonymous mutations between the root and a representative
tip (isolate USA/ME-HETL-J3202/2021) with wait times between mutations illustrated in below. The
exact date of a mutation is chosen by randomly selecting a date along the branch the mutation occurs
on. B) Distribution of wait times between S1 nonsynonymous, S1 synonymous, and RdRp nonsynonymous
mutations. Empirical wait times (in color) are plotted along with expected wait times (gray). Expected wait
times determined from randomizing mutations across the phylogeny using a multinomial draw with mutation
likelihood proportional to relative branch length. The results of 1000 iterations are shown. C) i) The mean
empirical wait time from 1000 iterations of the analysis (colored bar) is compared to the distribution of mean
expected wait times (gray) to yield a p-value. ii) The proportion of observed wait times under 0.3 years
(colored bar) is compared to the distribution of expected wait times under 0.3 years (gray).

4.2.4 Specific mutations associated with successful clades

We next sought to identify specific adaptive mutations throughout the genome. We note

that convergent evolution is a good indicator of positive selection because each additional

independent occurrence on the phylogeny of the mutation is increasingly unlikely under

neutral evolution. As other groups have reported, there are many mutations shared by the

VOCs that have arisen via convergent evolution (van Dorp et al., 2020; Rochman et al., 2021;
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Martin et al., 2021). Here, we combine this observation of convergent evolution with logistic

growth rate to find mutations that have arisen in the SARS-CoV-2 population multiple,

independent times and expand into successful clades after each occurrence.

In this analysis, we focus on the evolutionary dynamics of SARS-CoV-2 during the period

of time between the emergence of this virus in humans and mid-May 2021. We estimate that,

during this period of time, VOC viruses are primarily competing with basal SARS-CoV-2

viruses. This allows us to examine the overall fitness effects of specific mutations in viral

lineages that are successful during this period of time. After May 2021, VOCs comprise

a majority of the global virus population, and similar analyses on later time points would

speak to the relative competitiveness of the variants.

For every deletion and substitution observed on the phylogeny, we tallied the number of

independent occurrences and found the mean logistic growth rate of all clades where this

mutation occurred. We limited this analysis to internal branches with 15 or more descending

samples to limit the influence of stochasticity and sequencing errors that often occur on

terminal branches. As expected, the bulk (84%) of mutations occur just once. Roughly 4%

of mutations arose 4 or more times, and the majority of these mutations are located in S1

(Figure 4.4A). For seven of these convergently-evolved mutations, the mean growth rate is

higher than the tree-wide average growth rate. For three of these mutations (S:95I, S:452R

and ORF1a:3675-3677del), the mean growth rate exceeds the 90th percentile of mean growth

rates expected from a mutation that occurs the same number of times on a randomized tree

(Figure 4.4B).

This analysis reveals influential mutations during a snapshot of time in the ongoing

adaptive evolution of SARS-CoV-2. In mid-May 2021, the Delta variant was rising in fre-

quency. Both S1 mutations we identified as important drivers of adaptive evolution (S:95I

and S:452R) are present in the Delta variant as well as a handful of other emerging lineages

(Figure 4.S8). The specific mutations identified by this analysis will vary over time and

depend on a multitude of factors (genetic, epidemiological, and otherwise) that determine
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Figure 4.4: A 3-amino acid deletion in Nsp6 displays convergent evolution and occurs in
successful clades. A) Every mutation observed on internal branches of the phylogeny is plotted according
to the number of times this mutation occurs on the tree and the mean logistic growth rate of all clades it
occurs in. Convergently-evolved mutations that appear 4 or more times across the phylogeny are shown in
the inset. The average growth rate of all clades is shown with a dotted line. B) Observed mean growth rates
of convergently-evolved mutations are compared to the mean growth rate expected for a mutation occurring
on the phylogeny the same number of times. Convergently-evolved mutations that have a mean growth
rate falling at or above the 90th percentile of the expected values are labeled. C) The analysis shown in
panel A was completed for 5 time points, spanning two months. Each date represents the maximum date of
sequences included in the analysis. Mutations that occur at least 4 times (convergent mutations) and result
in a higher-than-average mean growth rate are shown in dark yellow. Mutations that display convergent
evolution but do not result in high growth rates are in light yellow. The primary analysis was done using
2021-05-15 (outlined in red).

clade success. However, ORF1a:3675-3677del consistently appears as a top hit (Figure 4.4C,

and Figure 4.S9). Remarkably, this deletion, which ablates amino acids 106-108 of Nsp6,

arose 8 independent times and emerging lineages descend from each branch this deletion

occurs on (Figure 4.S8).

Because recombination is common in coronaviruses (Müller et al., 2021; Turkahia et al.,

2021), we investigated the possibility that these 8 occurrences of the ORF1a:3675-3677 dele-

tion were due to recombination, rather than convergent evolution. We considered all pairs

of lineages containing this mutation as potential recombinants and compared informative
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mutations in the potential donor and acceptor. The closest informative mutations flanking

ORF1a:3675-3677del are not shared by any pairs of lineages, offering a lack of evidence for

recombination and strong support for convergent evolution.

4.2.5 A 3-amino acid deletion in nsp6 is associated with accumulation of S1 substitutions

The ORF1a:3675-3677 deletion in Nsp6 exhibits striking convergent evolution and consis-

tently precedes successful viral lineages. Because we have shown that S1 mutation accumu-

lation is also associated with clade success, we next asked whether there is a relationship

between the number of S1 substitutions in clades containing ORF1a:3675-3677del.

We created an expectation for the mean number of S1 mutations that should be observed

in clades with ORF1a:3675-3677del by generating 100 randomized trees where the mutation

occurred on 8 branches selected by a multinomial draw. To make the expectation as fair

as possible, we constrained the randomized branches to be on or after the date that the

first Nsp6 deletion was observed. Under this expectation, there is no difference between the

mean number of S1 or RdRp substitutions in clades that have the ORF1a:3675-3677 deletion

versus clades that do not (Figure 4.5A, left). However, in the empirical phylogeny, there are

significantly more S1 substitutions in clades with the Nsp6 deletion versus clades without

(Figure 4.5A, right).

That clades with ORF1a:3675-3677del have higher numbers of S1 substitutions does

not speak to the directionality of this relationship. In other words, it is possible that

ORF1a:3675-3677del occurs in lineages that already have a lot of S1 substitutions, or that a

lot of S1 mutations accumulate in clades that already have ORF1a:3675-3677del. To deter-

mine the directionality of this difference, we considered every phylogenetic path that contains

the Nsp6 deletion and found the difference between the final number of S1 substitutions on

that path and the number of S1 substitutions that had accumulated before the deletion. On

average, around 2.5 S1 nonsynonymous mutations accumulate after ORF1a:3675-3677del

(Figure 4.5B). This is the second largest increase in S1 mutation accumulation following

83



Figure 4.5: Clades with the 3-amino acid deletion in Nsp6 have a high number of S1 mutations.
A) The mean number of S1 mutations (top), or RdRp mutations (bottom), that occur in clades that have
(blue/orange) or do not have (gray) the 3-amino acid deletion in Nsp6. The expected difference is shown
on the left, and empirical data is shown on the right. Expectation is based off of 100 randomizations of the
tree. Error bars shown standard deviation. B) The difference in the number of nonsynonymous S1 (dark
blue), S1 synonymous (light blue), and nonsynonymous RdRp (orange) mutations that occur before versus
after a convergently-evolved mutation is shown. Error bars show 95% confidence intervals.

any convergently-evolved mutation, behind S:681R. These results do not indicate that the

deletion directly causes S1 substitutions, but they do add to the observations of convergent

evolution and high clade growth rates in suggesting that ORF1a:3675-3677del is an adaptive

mutation and an influential factor in the evolution of SARS-CoV-2.

4.3 Discussion

Detecting adaptive evolution is both highly interesting from a basic scientific perspective as

we seek to understand how and when this type of evolution occurs, and highly relevant from

a public health perspective as we strive to curb the transmission of infectious diseases. As

the SARS-CoV-2 pandemic rages on, our best defense is through vaccination. The SAR-

CoV-2 vaccines showed high efficacy in clinical trials, but we must be proactive to ensure

their continued effectiveness. Vaccines against viruses that undergo adaptive evolution at
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antigenic sites, like influenza, must be continually updated to match circulating variants.

SARS-CoV-2 exhibits convergent evolution (van Dorp et al., 2020; Martin et al., 2021;

Rochman et al., 2021), and some of the notable mutations that have occurred multiple

times independently (like S:501Y and S:484K) appear in multiple VOCs, suggesting positive

selection on these mutations. In the context of deep mutational scanning (DMS) experiments,

mutations at 501 increase ACE2 binding affinity (Starr et al., 2020) and mutation to site

484 escapes antibody binding (Greaney et al., 2021). Recurrent mutations at S:681 enhance

S1/S2 subunit cleavage (Lubinski et al., 2021; Liu et al., 2021), a protein-modification that

is essential for spike-mediated cell entry (Hoffmann et al., 2020) and thus is thought to

contribute to increased viral replication (Liu et al., 2021). Many other convergently-evolved

mutations are also shared by VOCs and possess demonstrably different phenotypes, often

altering antigenicity (Li et al., 2020; McCarthy et al., 2021; Wang et al., 2021).

Despite the demonstrably advantageous effects of observed mutations, it is too soon, evo-

lutionarily, to pick up strong signals of adaptive evolution by the classical methods that rely

on fixation of nonsynonymous mutations. Instead, we capitalize on the high temporal and

geographic density of SARS-CoV-2 sequencing data to create a new method for identifying

adaptive evolution and regions of the genome where this evolution is localized. This method

identifies genes where amino acid substitutions significantly correlate with clade growth rate.

This can be intuitively interpreted as genes with high rates of amino acid substitutions (sug-

gestive of positive selection) that result in more successful viruses (suggestive of a positive

fitness effect) are undergoing adaptive evolution. We find that the spike S1 subunit shows

strong signals of adaptive evolution by this method (Figure 4.1).

Interestingly, we find temporal structure to this adaptive evolution. Substitutions within

S1 cluster temporally (Figure 4.3), rather than accruing at a steady rate. The ratio of non-

synonymous to synonymous divergence (dN/dS) in S1 also increases over time (Figure 4.2).

This temporal structure likely indicates a changing evolutionary landscape: either through

the emergence of new selective pressure, and/or through the occurrence of permissive mu-
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tations that made adaptive mutations more accessible. Additionally, selective pressure may

be heterogeneous across the SARS-CoV-2 phylogeny due to particular transmission chains

transiting through populations with greater seroprevalence. Our results do not distinguish

between these possibilities.

While the overall dN/dS ratio in S1 is 0.76, dN/dS is 1.85 in 2021 (Figure 2). This high

ratio is remarkable when compared to the antigenically-evolving HA1 subunit of influenza

H3N2. We estimate the dN/dS ratio for HA1 to be 0.39 (Figure 4.S5), which is similar to the

0.37 estimated previously (Wolf et al., 2006). However, influenza H3N2 has been endemic

in the human population for over 50 years, and it’s current evolution is largely driven by

antigenic changes (Smith et al., 2004). It is unclear whether this high dN/dS ratio in SARS-

CoV-2 S1 will persist or whether it is a feature of this virus’s recent emergence and will drop

in the months and years to come.

An initially high rate of protein-coding changes is consistent with the idea that, soon after

a spillover event, there are many evolutionarily-accessible mutations that are advantageous

in the new host environment. This was observed in the influenza H1N1 pandemic virus

(H1N1pdm). For 2 years following its emergence in 2009, H1N1pdm had elevated genome-

wide dN/dS rates, and evolution during this period is thought to largely have been adaptation

to a new host, including increased transmission in humans (Su et al., 2015). From 2011

onward, the adaptive evolution of H1N1pdm has been dominated by antigenic changes (Su

et al., 2015). It is possible that SARS-CoV-2 is following a similar trajectory of adaptive

evolution, with initial host adaptation to be followed by sustained antigenic drift.

Together, the results presented in Figures 4.1-4.3 offer phylogenetic evidence that SARS-

CoV-2 is evolving adaptively and that the primary locus of this adaptation is in S1. This is

consistent with experimental demonstration of phenotypic changes conferred by VOC spike

mutations (Wang et al., 2021; Greaney et al., 2021; Li et al., 2020; Liu et al., 2021). Adaptive

evolution in the S1 subunit is likely driven by selection to increase cell infectivity, and/or

to escape neutralizing antibodies. These functions are not mutually exclusive, and it has
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been shown that selection for binding affinity in H3N2 yields mutations that incidentally

evade humoral immune recognition (Hensley et al., 2009). The potential antigenic impact

of adaptive S1 mutations, which are accruing at pace over 4 times that of influenza H3N2

(Figure 4.2, Figure 4.S5), suggests that it may be necessary to update the SARS-CoV-2

vaccine strain.

In addition to S1, our results suggest that substitutions within Nsp6 and ORF7a may

significantly contribute to the success of viral clades (Table 4.1). We expand on these gene-

wide results by identifying specific adaptive mutations, using the confluence of convergent

evolution and clade success. This analysis turned up many S1 mutations that have been

extensively studied, along with mutations to nucleocapsid (N), another target of antibody-

recognition (Kang et al., 2021), and a couple mutations in Nsp6, Nsp4 and M (Figure

4.4). The non-S1 mutations ORF1a:3255I (in Nsp4), M:82T, and N:205I in particular show

compelling evidence of positive selection. These sites enrich our understanding from gene-

wide analyses presented in Figures 4.1-4.3 and Table 4.1: though S1 is the primary genomic

locus of adaptive evolution, a handful of positively-selected mutations in other genes are also

influencing the evolution of SARS-CoV-2 in the human population.

Our analysis of specific adaptive mutations suggests the possibility of differences be-

tween within-host selection for viral replication and between-host selection for transmission.

Viruses belonging to Delta have shown greater between-host transmission rates than other

VOC or VOI viruses (Campbell et al., 2021), but are lacking mutations that have occurred

repeatedly and that were associated with increased clade growth (notably ORF1a:3675-

3677del, S:484K and S:501Y). It is possible that some mutations display a large degree of

parallelism due to specific within-host pressures that occur in secondary infections of par-

tially immune individuals, despite having only modest effects on between-host transmission.

It is important to note that the precise mutations that appear most influential depend

on when the analysis is done (Figure 4.4C and Figure 4.S9). The fitness effect of a muta-

tion is not an absolute quality- it depends on a multitude of influences including genetic
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background of the viral lineage, other co-circulating lineages, existing host immunity, and

epidemiological factors (such as geographically heterogeneous mitigation efforts). Addition-

ally, lineages can grow in frequency due to stochastic effects. It is, therefore, expected that

mutations associated with successful clades will change over time and that these changes

reflect both a changing fitness landscape and the stochastic nature of evolution. Mutations

that transcend this or, in other words, are associated with successful lineages at multiple

time points, are more likely to have important, adaptive functions. One such mutation is

ORF1a:3675-3677del (Figure 4.4C and Figure 4.S9).

The ORF1a:3675-3677 deletion removes 3 amino acids (SGF) from a predicted trans-

membrane loop (Benvenuto et al., 2020) of the Nsp6 protein. Across the coronavirus family,

the Nsp6 protein, in coordination with Nsp3 and Nsp4, forms double-membrane vesicles that

are sites for viral RNA synthesis (Snijder et al., 2020). In SARS-CoV-2, Nsp6 suppresses the

interferon-I response (Xia et al., 2020). It is unclear whether ORF1a:3675-3677del impacts

either of these functions.

This deletion is not observed in other sarbecoviruses, residues 3675 and 3676 are 100%

conserved, and only synonymous and conservative changes are seen at 3677 in this subgenus

(Jungreis et al., 2021). However, in SARS-CoV-2, this deletion exhibits close to the high-

est level of convergence, presence in VOCs, mean logistic growth rate, and increase in S1

mutations in descending lineages. So far, ORF1a:3675-3677del has not been observed in

Delta viruses and our results suggest that the appearance of a sublineage of Delta possessing

ORF1a:3675-3677del may outcompete basal Delta viruses. Future experimental study of

this deletion would increase our understanding of what functions, apart from enhanced cell

entry and potential antibody escape, were highly advantageous during the early adaptive

evolution of SARS-CoV-2.
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4.4 Methods

The code for all analyses presented in this manuscript is located at https://github.com/

blab/sarscov2-adaptive-evolution.

4.4.1 Phylogenetic reconstruction of a subsampling of global SARS-CoV-2 genome sequences

All analyses in this manuscript were performed using data downloaded from the GISAID

EpiCoV database (https://gisaid.org, (Shu and McCauley, 2017)) on July 29, 2021

and curated by the Nextstrain nCoV ingest pipeline (https://github.com/nextstrain/

ncov-ingest). This dataset contained 2,459,376 viral genomes and associated metadata.

These genomes were aligned with Nextalign (https://docs.nextstrain.org/projects/

nextclade/en/latest/user/nextalign-cli.html) and masked to minimize error in phy-

logenetic inference associated with problematic amplicon sites. Masked alignments were

filtered to exclude strains that were known outliers, sequenced due to ‘S dropout’, mis-

annotated with a admin division of ‘USA’, shorter than 27,000 bp of A, C, T, or G bases,

missing complete date information, annotated with a date prior to October 2019, flagged with

more than 20 mutations above the expected number based on the mutational clock rate, or

flagged by Nextclade (https://docs.nextstrain.org/projects/nextclade/en/latest/

user/algorithm/07-quality-control.html) with one or more clusters of 6 or more private

differences in a 100-nucleotide window. After filtering 2,213,085 genomes remained.

After filtering, SARS-CoV-2 genomes were evenly sampled across geographic scales and

time. Specifically, a maximum of 1,600 strains were sampled from each continental region

including Africa, Asia, Europe, North America, Oceania, and South America for an approx-

imate total of 9,600 genomes per phylogeny. For each region except North America and

Oceania, strains were sampled from each distinct combination of country, year, and month.

For North America and Oceania, genomes were sampled from each distinct combination of

division (i.e., state-level geography), year, and month.

Time-resolved phylogenies were inferred using Augur 12.0.0 (Huddleston et al., 2021), IQ-
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TREE 2.1.2 (Nguyen et al., 2015), and TreeTime 0.8.2 (Sagulenko et al., 2018). Ancestral

sequences were inferred with TreeTime using the joint inference mode. The primary analysis

was conducted on 9544 genomes collected on or before May 15, 2021, and the phylogeny re-

constructed from these data can be found at https://nextstrain.org/groups/blab/ncov/

adaptive-evolution/2021-05-15. Phylogenies used for secondary analyses of convergent

evolution (Figure 4.4C, and Figure 4.S9) can be viewed using the date drop-down menu in

the left-hand sidebar. The secondary analyses included isolates sequenced up until April 15,

2021 (9467 genomes), May 1, 2021 (9449 genomes), June 1, 2021 (9343 genomes), and June

15, 2021 (9401 genomes). All isolates used in these analyses are listed in the Acknowledge-

ments table found at https://github.com/blab/sarscov2-adaptive-evolution/blob/

master/sars2_manuscript/sars2_adaptive-evolution_acknowledgements.tsv.

Influenza H3N2 trees (used for Figure 4.S5) were run by cloning the https://github.

com/nextstrain/seasonal-flu/ repo and running builds for HA1 and PB1 with 12 year

resolution.

4.4.2 Quantification of mutation accumulation

For every internal branch on the phylogeny, the number of mutations that accumu-

lated between the root of the tree and that branch was counted. For this and all sub-

sequent analyses, deletions are grouped with nonsynonymous substitutions. Deletions

that span multiple, adjacent amino acids are counted as one mutation. Mutations to

a premature stop codon are also counted as one mutation event. Mutations were sep-

arated by which gene they occur in (according to the Wuhan-Hu-1 reference sequence,

found at analysis/reference seq edited.gb) and whether they are synonymous or non-

synonymous. Genomic locations of the 15 NSPs were found in the NC 045512.2 an-

notation of the ORF1ab polyprotein (https://www.ncbi.nlm.nih.gov/gene/43740578).

Code for mutation accumulation counting and plotting of Figure 4.1A is found in

fig1-muts by time and growthrate.
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4.4.3 Estimation of the logistic growth rate of clades

Logistic growth of individual clades was estimated from the time-resolved phylogeny and the

estimated frequencies for each strain in the tree. Frequencies were estimated with Augur

12.0.0 (Huddleston et al., 2021) using the KDE estimation method that creates a Gaussian

distribution for each strain with a mean equal to the strain’s collection date and a variance

of 0.05 years. At weekly intervals, the frequencies of each strain at a given date were calcu-

lated by summing the corresponding values in their Gaussian distributions and normalizing

the values to sum to 1. The frequency of each clade at a given time was the sum of its

corresponding strain frequencies at that time.

Logistic growth was calculated for each clade in the phylogeny that was currently circu-

lating at a frequency >0.0001% and <95% and that had at least 50 descendant strains. Each

clade’s frequencies for the last six weeks were logit transformed and used as the dependent

variable for a linear regression where the independent variable was the corresponding date

value for each transformed frequency. The logistic growth of the clade was then annotated

as the slope of the linear regression of the logit-transformed frequencies.

4.4.4 Calculation of nonsynonymous to synonymous divergence ratio

A time-course of dN/dS ratios was calculated in non-overlapping time windows by splitting

all internal branches (with 3 or more descending tips) included in the phylogeny according

to their date. Within each gene, the nonsynonymous and synonymous Hamming distances

were found between the reference sequence and every internal branch. The Hamming dis-

tances were normalized by the total number of possible nonsynonymous or synonymous

sites within that gene to give a measure of divergence. The nonsynonymous divergence

was divided by synonymous divergence. Then, for each time window, the mean of this

ratio was found for all internal branches within the window. For SARS-CoV-2, the time

windows were 0.2 years and the code to run this analysis and reproduce Figure 4.2 is at

fig2-divergence.ipynb. For H3N2, the time windows were 0.4 years and the code is in
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fig2supp-divergence h3n2.ipynb.

4.4.5 Randomization of mutations across the phylogeny for wait time calculations

For each type of mutation (S1 nonsynonymous, S1 synonymous, and RdRp nonsynonymous),

the total number of mutations observed on the phylogeny was randomly scattered across

phylogeny. Only internal branches with 3 or more descending tips were used. Random

branches were selected by a multinomial draw, where the likelihood of a branch having a

mutation is proportional to its branch length in years. Multiple mutations were allowed

to occur on the same branch, just as with the empirical phylogeny. Randomizations were

run 1000 times for each mutation type used in Figure 4.3B and C, and 10 times for the

distributions shown in figure 4.S7. Code for this analysis is in fig3-wait times.ipynb.

4.4.6 Calculation of wait times

Wait times were counted for the following classes of mutations: S1 nonsynonymous, S1 syn-

onymous, and RdRp nonsynonymous. For each class of mutation, a wait time was calculated

between each branch that has a mutation of this type and its first child branch on each de-

scending path that has a mutation of this type. A wait time was also calculated between

the tree root and the first branch on any independent path that has a mutation of this type.

Conceptually, the result of this is that wait times are computed between every sequential

mutation that occurs along every path on the tree (as diagrammed in Figure 4.3A), without

double counting any pairs of branches. Only mutations on internal branches (defined as

having 3 or more descending tips) are considered.

A wait time is simply the time between mutations and is calculated by subtracting the

date (in decimal years) of the earlier mutation from the date of the later mutation. Because

the exact date a mutation occurred cannot be known, each mutation is assigned a random

date along the branch it occurred on. If multiple mutations of the same type occurred on

one branch, each mutation is assigned a different random date and the wait times between
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mutations on that branch are calculated.

Empirical and expected wait times were calculated for each type of mutation 1000

times and the results of all 1000 iterations can be found in wait time stats/. Code

to calculate wait times and reproduce Figure 4.3B and C and Figure 4.S7 is found in

fig3-wait times.ipynb.

4.4.7 Quantification of convergent evolution and logistic growth rates across the phylogeny

Every substitution that occurred on an internal branch with at least 15 descending tips was

tallied. For every substitution that was observed at least 4 times on internal branches, the

average growth rate of clades containing this mutation was calculated by taking the mean

logistic growth rate of clades where this mutation occurred. Code to count occurrences,

calculate mean logistic growth, and determine which emerging lineages descend from recur-

rent mutations is found in fig4-convergent evolution.ipynb. This code will reproduce

Figures 4.4A, 4.S8, and 4.S9.

4.4.8 Randomization of recurrent mutations across the phylogeny

One hundred randomized trees were created by shuffling the phylogenetic positions of each

substitution that was observed on an internal branch with at least 15 descending tips (those

calculated above and shown in Figure 4.4A). Randomized branches were also limited to inter-

nal branches with at least 15 descending tips. The position of each randomized substitution

was constrained to branches that “make phylogenetic sense”: meaning, a given substitution

cannot occur twice on the same path. This results in a tree with exactly the same distribu-

tion of mutation occurrences as the empirical phylogeny, but where those mutations occur

on different branches. Code to implement these randomizations and reproduce Figure 4.4B

is in fig4-convergent evolution.ipynb.
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4.4.9 Consideration of recombination as an alternative to convergent evolution of nsp6

deletion

For each occurrence of the ORF1a:3675-3677 deletion, all nucleotide mutations that oc-

curred between the root and the branch where the deletion occurred were recorded. Then,

recombination between every pair of the 8 inferred occurrences of ORF1a:3675-3677del was

considered. For each pair, informative mutations that did not occur in a common ancestor of

the potential recombinant lineages were identified. The informative mutations closest to the

Nsp6 deletion on the upstream side were compared between potential donor and acceptor

(and the same was done for the downstream side). If the closest mutations were shared

between any donor/acceptor pair, this would be evidence that this mutation and the Nsp6

deletion were transferred from the donor to the acceptor by recombination. If the closest

mutations are not shared between the donor and acceptor, the only way the acceptor could

have acquired the ORF1a:3675-3677del through recombination is if both recombination break

points occurred within a genomic window defined by the closest informative mutations on

either side of the Nsp6 deletion. Code for this analysis as well as a table summarizing the

results is in nsp6del recombination.ipynb.

4.4.10 Calculation of the mean number of S1 mutations per clade

The phylogeny was divided into clades that have the ORF1a:3675-3677 deletion and those

that do not, and the mean number of S1 and RdRp substitutions was computed for

each category. The tree was limited to only branches occurring on or after the date of

the first ORF1a:3675-3677del occurrence. The expectation was created by randomizing

the locations of the 8 occurrences of ORF1a:3675-3677del as was done above in “Ran-

domization of recurrent mutations across the phylogeny”. Code for this analysis is in

fig5a-nsp6del s1mutations correlation.ipynb.
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4.4.11 Calculation of S1 mutations that precede and follow specific mutation events

For each convergently-evolved mutation, every path through the phylogeny containing this

mutation was considered. The total number of S1 mutations accumulated between the root

and the occurrence of the convergently-evolved mutation is considered to be the number of

S1 mutations before the event. The number of mutations after is the final number of S1

mutations present on the path. The before total is subtracted from the after total to give

the increase in S1 mutations after the event. The mean of this increase is calculated for

every path containing the convergently-evolved mutation. Code to implement this analysis

is in fig5b-s1 muts before vs after.ipynb.

4.5 Supplemental Information
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Figure 4.S1: Phylogeny of 9544 SARS-CoV-2 genomes. Screenshot of the phylogeny used
for the primary analyses in this manuscript. Tips and branches are colored according to emerging
lineage. Emerging lineages are labeled by PANGO lineage and WHO Variant of Interest (VOI) or
Variant of Concern (VOC) designation. An interactive version of this phylogeny can be accessed at
nextstrain.org/groups/blab/ncov/adaptive-evolution/2021-05-15.
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Figure 4.S2: Deletions contribute to protein-coding changes in S1, N and Nsp6 For each gene,
nonsynonymous mutation accumulation is separated into nonsynonymous SNPs (left) and deletions (right).
Accumulation of these mutations is plotted against logistic growth rate for 8 genes (or subunits), as in Figure
4.1B.
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Figure 4.S3: Visual Representation of Table 4.1. For every gene in the genome, the rate of nonsyn-
onymous substitutions (and deletions) per codon per year is plotted against the correlation coefficient r of
mutation accumulation with logistic growth. Circles indicate genes with significant r values at the p=0.01
level, and Xs indicate genes with insignificant r values.
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Figure 4.S4: Correlation between nonsynonymous mutation accumulation and clade success is
strongest in S1. Nonsynonymous mutation accumulation (mutations per codon) is plotted against logistic
growth rate for 8 genes (or subunits), as in Figure 4.1B. Histograms beneath each plot show the empirical
r-value (colored line) compared to the distribution of r-values from 1000 randomizations, as well as the
p-value resulting from this comparison.
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Figure 4.S5: Ratio of nonsynonymous to synonymous divergence in influenza H3N2. The mean
and 95% confidence intervals for nonsynonymous/synonymous divergence ratios in the H3N2 genes HA1 and
PB1 are shown over a 12-year period.

Figure 4.S6: Temporal accumulation of S1 mutations on representative paths through the tree.
The total number of accumulated S1 nonsynonymous mutations is counted at every branch along a path
through the tree. This is plotted for 10 representative paths from the root to an isolate in an emerging
lineage clade. The isolate and emerging lineage are labeled on each panel.
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Figure 4.S7: Distribution of expected wait times is affected by the number of mutations that
occur across the phylogeny. The phylogeny was randomized with varying numbers of mutations to display
the expected wait time distributions if 50, 100, 200, 300, 400 or 500 mutations occur on internal branches
of the phylogeny. Each randomization is run for 10 iterations. The empirical number of S1 nonsynonymous,
S1 synonymous, and RdRp nonsynonymous mutations observed on internal branches of the phylogeny are
indicated.

Figure 4.S8: Every occurrence of the 3-amino acid deletion in Nsp6 resulted in an emerging
lineage. Every occurrence of the convergently-evolved mutations is colored according to the emerging lineage
it occurs at the base of. Multiple emerging lineages descending from the branch a mutation occurs on is
represented by light purple.
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Figure 4.S9: Analyses of convergent evolution shown 1 month before and 1 month after the
primary analysis. A) Same as Figure 4.4A, completed using sequences up to April 15, 2021 (1 month
before the primary analysis). B) Same as Figure 4.4B, completed using sequences up to April 15, 2021. C)
Same as Figure 4.4A, completed using sequences up to June 15, 2021 (1 month after the primary analysis).
D) Same as Figure 4.4B, completed using sequences up to June 15, 2021.
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Chapter 5

Conclusions

Adaptive evolution leaves distinctive marks on genetic sequences. However, parsing a trail

of positive selection from effects of random mutation and neutral evolution can be chal-

lenging. In the preceding chapters, I have shown examples of how these marks of adaptive

evolution can be identified from the genomes of RNA viruses. In RNA viruses, analyses of

adaptive evolution can be confounded by rapid population growth and high mutation rates.

Additionally, most established methods are not sensitive enough to pick up signals of direc-

tional evolution on the short evolutionary timescales that are relevant for controlling human

pathogenic RNA viruses. In this dissertation, each chapter employs different methods to

identify adaptive evolution in order to address considerations specific to the evolutionary

context of the virus.

Chapter 2 investigates the adaptive evolution of influenza H3N2 during egg-passaging:

the main method for growing influenza vaccine virus in the United States. As a consequence

of vaccine production, many different human H3N2 isolates have been grown in eggs over

the past >50 years of vaccine production, and hundreds of them have been sequenced after

egg-passaging. In a sense, this represents an evolution experiment where different human

H3N2 strains have been subjected to the same selective pressure (growth in chicken eggs)

repeatedly. Thus, much can be learned about how human H3N2 adapts to replication in

avian cells through convergent patterns of hundreds of egg-passaged isolates, eliminating the

stochasticity of one particular adaptive walk.

In Chapter 2, I built a tree using sequences from egg-passaged and non-egg-passaged

viruses, and used phylogenetic inference to identify mutations that repeatedly occurred dur-

ing egg-passaging. Using enrichment analyses, I showed that certain mutations co-occur

more or less frequently than would be expected. The epistatic interactions revealed by this
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analysis begin to illuminate the fitness landscape, showing that at least two fitness peaks

exist, separated by reciprocal sign epistasis between HA positions 186 and 194, the two pre-

dominant sites of egg-adaptation. Through inference of titer values, Chapter 2 shows that

adaptive walks up the 194 peak alter antigenicity more than egg-adaptation with a mutation

at 186. This suggests that engineering the 186G mutation into candidate vaccine strains

might reduce the potential antigenic impact of egg-adaptation during vaccine production.

Many of the findings and conclusions of Chapter 2 were also confirmed by structural studies

of HA and reported by Wu et al (Wu et al., 2019). This validates the phylogenetic and

sequence-based methodology employed in Chapter 2.

While Chapter 2 takes an ad hoc approach to identifying specific adaptive mutations that

capitalizes on repetition of the same selective pressure on un-adapted viruses, this approach

is not useful for a natural population of viruses circulating in humans. If repeated egg-

passaging of H3N2 represents replicates of an evolutionary experiment, the natural evolution

of a virus is just a single run of the experiment. Relying only on convergent evolution to

identify adaptive evolution during natural history of a virus is simultaneously too insensitive

and subject to high rates of false positives. Instead, alternate methods that account for

phylogenetic relationships and compare observed evolution to neutral expectations can be

employed. In Chapter 3, I use a handful of these methods to address whether or not seasonal

coronaviruses undergo adaptive evolution and to quantify this adaptation relative to the

better-studied influenza viruses.

There are four seasonal coronaviruses that have been endemic in the human population

for 10’s to 100’s of years. Though these coronaviruses regularly reinfect people, it was not

known whether this is due to waning immunity, adaptive evolution of the virus, or both.

Chapter 3 investigates the possibility that these viruses evolve adaptively using measures

of nonsynonymous and synonymous divergence, a version of the McDonald-Kreitman test

tailored to RNA virus evolution, and the phylogenetic shape as given by TMRCA. All of

these methods show evidence that OC43 and 229E are evolving adaptively in the S1 domain
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of spike, which binds host receptors. Chapter 3 shows that this evolution is occurring at

roughly the same rate as influenza B viruses, and the fact that this adaptive evolution is

localized to S1 is highly suggestive of antigenic evolution. In 229E, antigenic evolution was

confirmed experimentally (Eguia et al., 2021).

Interestingly, Chapter 3 shows a lack of evidence for similar adaptive evolution in NL63.

Future work to experimentally confirm that NL63 does not evolve antigenically would of-

fer a very interesting point of comparison between NL63 and the relatively closely-related

alphacoronavirus 229E. While it is well-known that some viruses (like influenza) evolve anti-

genically and others (like measles) do not, 229E and NL63 would be the first known example

of two members of the same viral genus that operate differently with regards to antigenic

evolution. This is particularly interesting because it could reveal viral characteristics that

enable recurrent immune evasion through evolution of the receptor-binding protein subunit.

The human humoral immune response against measles generates antibodies directed

against many (∼8) co-dominant epitopes on the measles H protein (Muñoz-Aĺıa et al., 2021).

In this virus, lack of antigenic evolution has been attributed to evolutionary inaccessibility

of the necessary mutations: mutations within H are not well tolerated (Fulton et al., 2015)

and simultaneous disruption of a minimum of 5 of epitopes is required to escape polyclonal

sera (Muñoz-Aĺıa et al., 2021). In contrast, influenza HA is very tolerant of mutation (Thya-

garajan and Bloom, 2014; Fulton et al., 2015) and can evade polyclonal antibodies with a

single amino acid substitution (Koel et al., 2013; Huang et al., 2015). However, measles H

and influenza HA are evolutionary distant surface proteins of different viruses with different

lifecycles and strategies. A comparison of NL63 and 229E, which share 64.07% identity in

spike (Devi and Chaitanya, 2021), could illuminate how specific genetic or environmental

differences contribute to the propensity for antigenic evolution in the context of two very

similar viruses. Understanding the factors dictating why some viruses evolve antigenically

while others do not could enable us to better predict the evolutionary potential of emerging

viruses. This, in turn, would allow more effective control of these viruses through proactive
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measures to match vaccines to evolutionarily-dominant variants.

For instance, when SARS-CoV-2 entered the human population and became a pandemic

in early 2020, little was known about its adaptive potential. At this time, it was commonly

touted that coronaviruses do not evolve antigenically, and there was little existing literature

about the adaptive potential of coronaviruses (Ren et al., 2015; Chibo and Birch, 2006).

However, as evidence of adaptive evolution in seasonal coronavirus spike S1 mounted, so did

the circulating variants of SARS-CoV-2 with differing phenotypic properties (Konings et al.,

2021) (https://nextstrain.org/ncov/gisaid/global). Whether or not these variants

represented positively-selected substitutions makes a huge difference in effective suppression

of viral transmission. However, SARS-CoV-2 was in its evolutionary infancy, making it

especially hard to pinpoint signals of adaptive evolution in a sea of random mutations. The

standard methods for this (like those used in Chapter 3) are unable to detect early stages of

adaptive evolution when positively-selected residues are still far from fixation.

Chapter 4 presents a new method for identifying adaptive evolution that is able to work

on short evolutionary timescales, and draws power from depth of temporal and geographic

sampling. This method takes an intuitive approach to this problem by looking for corre-

lations between evolutionarily successful viruses and genomic regions rich in protein-coding

changes. Successful clades of viruses are determined by rapid growth rates, which are es-

timated from a time-resolved phylogeny. Linear regression between a clade’s growth rate

and the accumulation of different types of mutations is then used to assess the correlation

between protein-coding mutations and evolutionary success. Chapter 4 shows that muta-

tions within spike S1, ORF7a, and Nsp6 strongly correlate with clade success. Specific

substitutions within these genes as well as Nsp4, N, and M convergently arise many times

in the initial year and a half or SARS-CoV-2 evolution and are associated with successful

clades each time they do. Many of these changes likely represent adaptations to a new host,

including improvements in receptor-binding, replication, and innate immune antagonism.

The majority of adaptive evolution of SARS-CoV-2 is concentrated in the receptor-
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binding subunit S1, demonstrating the importance of fine-tuning cell entry after a host

jump. However, Chapter 4 suggests that that positively-selected mutations in S1 didn’t

start amassing until 8-10 months after the start of the pandemic, indicating some change in

the fitness landscape. Late 2020 appears to be an inflection point, after which the pace of

adaptive evolution in S1 grows steadily to roughly 4 times greater than that of the influenza

H3N2 HA1 subunit. It will be interesting to monitor the pace and genomic locations of adap-

tive evolution as time passes, rates of infection- and vaccine-induced immunity increase, and

SARS-CoV-2 becomes endemic. The wealth of sequencing data that continues to amass is

an unprecedented resource for studying the dynamics of adaptive evolution of an emerging

virus.

As demonstrated in Figure 3.S7, dense temporal sequencing is crucial for identifying

adaptive evolution. A concerted effort to sequence other circulating human RNA viruses will

enable us to describe and quantify adaptive evolution these viruses using current methods.

A more complete understanding of the adaptive capacity of different types of viruses would

help to direct surveillance for viruses with pandemic potential and customize prevention and

control of existing human pathogens. However, even given millions of genome sequences, it

can be hard to disambiguate shared ancestry and stochastic effects from true epistasis. And,

without accounting for epistatic effects, there will always be some error when inferring the

fitness of a virus from its constituent single mutations or when trying to distill the adaptive

effects of individual mutations from an entire genome. Thus, the constraints imposed by

epistasis may be one of the largest holes in our models that describe and predict adaptive

evolution. Empirical measures of the fitness of every possible combination of mutations is not

possible because the number of combinations is vastly large. However, it could be possible

to gauge the extent of epistatic constraint and map local regions of the fitness landscape

by comparing the effects of single mutations on multiple genetic backgrounds. Though it

is a lofty goal, a map of genetic constraints would be extremely useful, when paired with

experimental measures of fitness and observed natural evolution, for improving evolutionary
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predictions.
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