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Viruses evolve under Darwinian selection, and forecasting their evolution requires understanding which
mutations confer fitness advantages. Over the past decade, advances in high-throughput experiments
have made it possible to measure the phenotypic effects of all mutations to key viral proteins. Yet we
continue to fall short when predicting which viral mutations will rise in frequency.

Themain problem is that the effect of amutation is not fixed—it depends on the genetic background
in which it occurs and on an immune context that is often unknown and dynamic. A mutation that is
deleterious inonebackgroundmaybecome tolerated in another. Amutation that benefits onephenotype
but harms another can create conflicts that constrain selection. These phenomena, knownas epistasis and
pleiotropy, complicate efforts to make accurate viral forecasts.

In chapter 2, we examine how viral mutations combine to escape antibodies in human sera. We intro-
duce a simple biophysical model that explains how the effect of a mutation on antibody escape depends
on epistatic interactions with other mutations. We then show how these mutation effects can be inferred
directly from deep mutational scanning datasets.

In chapter 3, we investigate how pleiotropy constrains viral protein evolution. We use deep muta-
tional scanning to measure the effects of mutations to human influenza virus hemagglutinin on three
phenotypes: cell entry, acid stability, and serum antibody neutralization. By quantifying mutation ef-
fects across multiple phenotypes, we identify viral mutations that are beneficial in one context but dele-
terious in another, revealing evolutionary trade-offs.

Finally, in chapter 4, we compare the effects of viral mutations to H3, H5, and H7 influenza virus
hemagglutinin to explore howmutation effects differ across three sequentially divergent but structurally
conserved proteins.
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Chapter 1

Introduction

Biologists have long been fascinated by evolution because it blends law and luck. Evolution proceeds by
systematic selection for traits that improve fitness, while its ingredients are random mutations tossed in
by chance. The remarkable outcome of this interplay is the extraordinary diversity of life on Earth. But
why do we see these outcomes, and what paths did evolution never take?

In 1932, Sewall Wright introduced the fitness landscape, a metaphor for visualizing the relationship
between an organism’s genotype and its fitness [178]. Picture a mountain range, with peaks correspond-
ing to genotypes of higher fitness and valleys to lower fitness. Wright envisioned populations climbing
this terrain as mutations arise and selection nudges them uphill. While abstract, the fitness landscape
has proven to be a useful framework for thinking about adaptation and the structure of sequence space,
clarifying which evolutionary paths are accessible and which are not.

The fitness landscape invites a tempting question. If we can chart the landscape, or even just the
neighborhood around a genotype, can we predict how evolution will play out? Early work that empiri-
callymeasured fitness landscapes showed that adaptation often proceeds in singlemutation steps and that
only a small fraction of themany possible routes actually lead to higher fitness [102, 172]. Given the astro-
nomical size of genotype space, this sparsity is encouraging for prediction. Yet these studies also found
that landscapes are rugged: some genotypes are local peaks separated by valleys, where intermediate forms
are less fit. Such topography can emerge when a mutation that is harmful on its own becomes helpful
only alongside another. A classic example comes from the β-lactamase enzyme in bacteria [172]. One
mutation enhances hydrolysis of the antibiotic, cefotaxime, but at the cost of thermodynamic stability.
Another mutation improves stability, but at the cost of reduced hydrolysis. Separately, each mutation
lowers overall fitness. But in combination, the pair raises fitness in the presence of cefotaxime. Therefore,
to predict evolution, we must understand how mutations interact with one another (epistasis), which
phenotypes each mutation perturbs (pleiotropy), and how those phenotypes together determine fitness.

In this thesis, we examine how epistasis and pleiotropy manifest in viral evolution. Viruses are an
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ideal model for studying basic questions about evolutionary biology. Viral evolution is rapid: they mu-
tate frequently because of error-prone polymerases, reach large population sizes, and their entry proteins
are typically under fierce selection by immune pressure. Large-scale sequencing of viral isolates makes it
possible to track the fate of mutations, enabling direct comparison between what unfolds in nature and
what we observe in the laboratory. Additionally, viral evolution has been notoriously difficult to pre-
dict. If we could predict it, we could make better public health decisions like selecting matched vaccines,
guiding surveillance efforts, and anticipating antiviral resistance before it spreads.

This chapter opens with a review of epistasis and pleiotropy that is tailored towards our study of viral
protein evolution. We then introduce influenza viruses, the primarymodel in this thesis, and outlinewhy
they are well-suited for studying evolutionary constraints. Next, we describe deepmutational scanning, a
high-throughput method for mapping local mutational effects. Finally, we preview how the work in this
thesis builds on these foundations to clarify the roles that epistasis and pleiotropy play in shaping viral
protein evolution.

1.1 Epistasis

The simplest definition of epistasis is a deviation from the expectation that mutational effects combine
independently [154]. On an additive scale for the phenotype of interest, epistasis is present when:

𝛽𝐴𝐵 ≠ 𝛽𝐴 + 𝛽𝐵 (1.1)

where 𝛽𝐴 and 𝛽𝐵 are the effects of single mutations 𝐴 and 𝐵, and 𝛽𝐴𝐵 is the effect of the double mu-
tant. This non-additivity introduces a layer of complexity that greatly challenges our ability to predict
evolution.

Before proceeding, it’s important to clarify what we mean by an “effect.” We can define it in ei-
ther reference-based or reference-free terms. Reference-based effects are relative to a chosen wildtype
genotype (e.g., the change in a phenotype when introducingmutation 𝐴 into the wildtype background).
Reference-free effects describe amutation’s contribution independent of anyparticular genotype (e.g. the
average change in a phenotypewhen introducingmutation 𝐴 across backgrounds). Both have their place.
Reference-based models make more sense when estimating mutational effects in the local neighborhood
of a particular genotype, but they become intractable as the number ofmutations away from thewildtype
increases. Reference-free models do not suffer from this intractability and are better suited for analyzing
the global genetic architecture, but they blur the effect of amutation in a particular background [129, 122].
In this thesis, we analyze experimental data where genotypes are either dominated by single mutants or
are, on average, 3-4mutations away from awildtype background. Therefore, we exclusively use reference-
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based models, which we will review here.

1.1.1 Linear interaction model

Before we model epistasis, let’s first consider a model that does not include epistasis. Let a variant 𝑣 be
represented by a binary vector 𝑏 (𝑣) ∈ {0, 1}𝑀 , where 𝑏 (𝑣)𝑖 = 1 if variant 𝑣 carries mutation 𝑖 relative
to wildtype and 0 otherwise. We assign each mutation an effect 𝛽𝑖 , and we denote the wildtype baseline
effect by 𝛽0. For the phenotype 𝑝, the additive (no epistasis) model that relates genotype to phenotype
is:

𝑝𝑣 = 𝛽0 +
𝑀∑
𝑖=1

𝛽𝑖 𝑏
(𝑣)
𝑖 (1.2)

Epistasis can be incorporated into Eq. 1.2 by adding interaction terms that capture the extra effect of
carrying combinations of mutations beyond the sum of their individual effects:

𝑝𝑣 = 𝛽0 +
∑
𝑖

𝛽𝑖 𝑏
(𝑣)
𝑖 +

∑
𝑖< 𝑗

𝛽𝑖 𝑗 𝑏
(𝑣)
𝑖 𝑏 (𝑣)𝑗 +

∑
𝑖< 𝑗<𝑘

𝛽𝑖 𝑗 𝑘 𝑏
(𝑣)
𝑖 𝑏 (𝑣)𝑗 𝑏

(𝑣)
𝑘 + · · · (1.3)

For example, the pairwise interaction term 𝛽𝑖 𝑗 quantifies how much the combination of mutations
𝑖 and 𝑗 deviates from their additive expectation 𝛽𝑖 + 𝛽 𝑗 . Higher-order terms (e.g., 𝛽𝑖 𝑗 𝑘 ) quantify the
remaining deviation that cannot be explained by any lower-order terms among those mutations.

The type of epistasis can be classified by these interaction terms. 𝛽𝑖 𝑗 > 0 indicates positive epista-
sis, when the combination of mutations exceeds the additive expectation. 𝛽𝑖 𝑗 < 0 indicates negative
epistasis, when the combination falls short of the additive expectation. The most dramatic case is sign
epistasis, where the presence of one mutation flips the sign of another mutation’s net effect. Mathe-
matically, this occurs when (𝛽𝑖)

(
𝛽𝑖 + 𝛽𝑖 𝑗

)
< 0. In the more extreme case called reciprocal sign epista-

sis, both mutations flip each other’s sign. Mathematically, this occurs when (𝛽𝑖)
(
𝛽𝑖 + 𝛽𝑖 𝑗

)
< 0 and(

𝛽 𝑗
) (
𝛽 𝑗 + 𝛽𝑖 𝑗

)
< 0.

While these interaction terms are easy to interpret, their number explodes as the set ofmeasuredmuta-
tions grows. A typical viral protein is encoded by 500 amino acids. Thatmeans there are 500×19 = 9500
possible individual mutation effect terms. The number of possible pairwise interaction terms is

(9500
2

)
,

which is ~45 million, and the number of possible third-order terms is
(9500

3
)
, which is ~1.4 × 1011. Not

only does it become computationally prohibitive to fit such a colossal parameter set, it is also experimen-
tally infeasible to measure at scale, even with state-of-the-art high-throughput methods. In scenarios
where it is possible to experimentally measure higher-order interactions (e.g. by targeting a limited subset
of sites or mutations), interpretability can be improved by encouraging sparsity [112, 113, 126, 127]. For
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example, interaction terms above a certain order may be ignored or regularization can be used to penalize
small interaction terms towards 0.

1.1.2 Global epistasis model

How canwe capture epistasis without an explosive set of parameters in Eq. 1.3? One solution is the global
epistasis model [121]. The simplicity arises from an assumption that single mutations act additively on an
underlying latent phenotype, and this latent phenotype is nonlinearly related to an observed phenotype.
Therefore, this model contains the same number of mutation effect parameters as the additive (no epista-
sis) model, but can still capture the essence of context-dependent effects like saturation and diminishing
returns within the nonlinearity that maps the latent to observed phenotype. The latent phenotype (𝜙𝑣)
is expressed as:

𝜙𝑣 = 𝛽0 +
𝑀∑
𝑖=1

𝛽𝑖 𝑏
(𝑣)
𝑖 (1.4)

and the observed phenotype (𝑝𝑣) is defined as:

𝑝𝑣 = 𝑔 (𝜙𝑣) (1.5)

where 𝑔(.) is typically a flexible, monotonic spline function that resembles a sigmoid. Note that the
latent phenotype 𝜙𝑣 can also include pairwise terms. In practice, models like Eq. 1.3 without a nonlinear-
ity can inflate the number of pairwise interactions, whereas models with a nonlinearity like Eq. 1.5 need
far fewer, making the remaining pairwise effects more likely to be genuine [179].

Global epistasis models have proven useful for analyzing data from deepmutational scanning of viral
entry proteins [179, 27, 62]. Their limitation, however, is interpretability of the latent phenotype. A
model may fit the data well, but it is impossible to tell if the latent phenotype corresponds to a single trait
(e.g., folding free energy) or to a mixture of traits [121].

1.2 Pleiotropy

Pleiotropy, as defined in this thesis, is the simple yet profound idea that a single mutation can affect mul-
tiple, distinct phenotypes [155]. Whereas epistasis concerns how amutation’s effect on a given phenotype
depends on genetic background, pleiotropy concerns the range of distinct phenotypes that a single mu-
tation can influence. How pleiotropy shapes adaptation has captivated evolutionary biologists for the
past century. In 1930, Fisher introduced a helpful analogy for understanding the core problem [42, 168].
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Picture a microscope that has several knobs that need to be tuned together for a sharp image. If there are
only one or two knobs, there’s a good chance that if you randomly turn each of the knobs it will improve
focus. But as the number of knobs grows, blind tweaking is far less likely to succeed. This was the intu-
ition behind Fisher’s geometric model. The microscope is an organism, the knobs are phenotypes, and
the random turns of each knob are the effects of a randommutation on each phenotype.

Based on Fisher’s model, pleiotropy imposes a cost of complexity: as a mutation perturbs more inde-
pendent phenotypes, the probability that it is beneficial declines and the rate of adaptation is expected
to slow [119]. This constraint can explain why genomes appear modular [167]. By partitioning genes into
functional modules that each affect a limited set of traits, organisms maximize their chances of overcom-
ing potential harm from pleiotropy and mitigate the cost of complexity. But pleiotropy, irrespective of
modularity, is always present—even the most specialized protein must both fold stably and perform its
function (e.g., catalysis). Predicting evolution therefore requires understanding the spectrum of a muta-
tion’s effects across the phenotypes that it influences. The trouble is, we rarely know what or how many
“knobs” a mutation actually turns. Unobserved phenotypes could introduce hidden trade-offs, making
evolution difficult to anticipate.

1.2.1 Pleiotropic conflict

We say amutation is under a pleiotropic conflict (also known as antagonistic pleiotropy) when it benefits
one phenotype but impairs another, and the net effect is not favoredby selection. Themutationdiscussed
earlier that benefits antibiotic resistance but impairs β-lactamase stability is a good example of this [172].
An important question is: to what extent can epistasis alleviate a pleiotropic conflict? Or, in Wrightian
terms, does another fitness peak exist, and if so, how distant is it in genotype space? If a pleiotropic
mutation’s deleterious effect can be alleviated (e.g., by a permissive mutation), then its beneficial effect
can be favored by selection and the mutation could rise toward fixation. In the case of the antibiotic
resistance mutation, there is another fitness peak and just one permissive mutation is required to reach it.
In contrast, otherworkon the SARS-CoV-2 virus spikeprotein found thatmultiple permissivemutations
are required to resolve a pleiotropic conflict between immune escape and receptor binding affinity [113].
These examples illustrate how the strength of pleiotropic conflicts can vary, but we are also limited by
what we see. Certainlymanymutations that have never appearedmay be constrained by extremely strong
pleiotropic conflicts.

Although pleiotropy is often perceived as a constraint on adaptive evolution, it is worth mentioning
that pleiotropy can also be synergistic. Rare pleiotropic mutations that improve multiple phenotypes
are the first to be selected in laboratory yeast experiments, before modular mutations that improve single
phenotypes [80].
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1.3 Influenza virus

Influenza viruses are part of the Orthomyxoviridae family and can be divided into four types: Influenza
A, B, C, and D. Of these types, only A, B, and C are known to infect humans, and only A has caused
human pandemics [165]. In this thesis, we focus exclusively on influenza A viruses, and we will simply
refer to them as “influenza viruses” from now on.

1.3.1 Genetics

Influenza viruses are segmented negative-sense RNA viruses [165]. Their genome is ~13.5kb long and con-
tains 8 segments: PB2, PB1, PA, HA, NP, NA,M, and NS. Segmentation is evolutionarily advantageous
because it enables reassortment, a genetic recombination event unique to segmented RNA viruses in
which co-infection of a host cell by two or more viruses can result in a shuffling of gene segments that
produces progeny viruses with novel segment combinations. Genetically divergedHA andNA are classi-
fied into subtypes. At the time of writing, 19 HA and 11 NA subtypes have been identified [145, 73]. Two
of these combinations, H1N1 and H3N2, currently circulate in humans.

1.3.2 Virion structure

Influenza virus particles are pleomorphic, appearing as filamentous or spherical particles [22]. However,
lab-adapted strains are typically spherical [111]. Within the viral envelope, the 8 gene segments are pack-
aged as separate viral ribonucleoprotein complexes (vRNPs), where each segment’s RNA is wrapped
by nucleoprotein (NP) and associated with an RNA-dependent RNA polymerase composed of PB2,
PB1, and PA. The viral envelope is stabilized by the matrix protein (M1), while M2 (produced by alter-
native splicing) forms a proton ion channel. Finally, the particle is decorated with two surface proteins:
hemagglutinin (HA), which mediates receptor binding and membrane fusion during viral entry, and
neuraminidase (NA), which facilitates release of progeny viruses [14].

1.3.3 Replication cycle

Viral infection begins when HA binds a host receptor. However, the exact receptor specificity differs
among influenza viruses. For the most part, influenza viruses bind sialic acid: human HAs prefer α2,6-
linked sialic acids, while avian HAs prefer α2,3-linked sialic acids [107]. However, three HAs (H17, H18,
andH19) instead bindmajor histocompatibility complex (MHC) class II and do not recognize sialic acid
at all [75, 52, 73]. H2 posssesses dual specificity for sialic acid and MHC class II [74]. The host range of
the virus largely depends on the receptor specficity of the HA.
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Receptor bound viruses are internalized into the cell via receptor-mediated endocytosis, placing them
into endosomes. The endosome gradually acidifies, and when it reaches a certain pH threshold, HA is
triggered to destabilize into a conformation that brings the viral and cell membranes together [16, 147, 10].
The pH threshold varies among HAs. Human HAs tend to be more stable, with fusion pHs of 5.0-
5.5, while avian HAs tend to be less stable, with fusion pHs of 5.5-6.0 [50, 136, 163]. After membrane
fusion, the viral genetic material is released into the cytoplasm and trafficked into the nucleus via nuclear
localization signals on the vRNPs [25].

In the nucleus, the virus must synthesize viral proteins to make new virions and viral RNA to pack-
age into those virions. The RNA-dependent RNA polymerase (RdRp) that is carried along the vRNPs
performs these functions. To synthesize viral proteins, the RdRp transcribes the negative-sense vRNA
into a positive-sensemRNA, performs cap snatching by stealing 5’ caps from hostmRNAs, and appends
them to the viral mRNA so they can be exported out to the cytoplasm and translated. To synthesize the
viral RNA, the RdRp transcribes the negative-sense vRNA into complementary RNA intermediates,
which are then used as templates by RNA polymerase to synthesize more negative-sense vRNA. Follow-
ing synthesis, HA, NA, and M2 are specifically trafficked to the cell membrane. When the packaged
virions bud off from the cell membrane, HA expressed on the surface of the virions can re-bind to sialic
acid present on the same infected cell, preventing the virus from propagating. NA solves this problem
by cleaving sialic acid, enabling the virions to free themselves [14]. This process, from infection to new
progeny, takes about 6 hours [5].

Note how the viral replication cycle demonstrates that viral proteins are pleiotropic. The HA must
maintain its stability during the transmission event, evade the host immune system, bind the host re-
ceptor, and coordinate membrane fusion. Any mutation to HA that stands a chance of fixation cannot
disrupt any of these phenotypes.

1.3.4 Antigenic shift and drift

Antigenic shifts are a consequence of reassortment, when a novel HA/NA combination is introduced
into the human population [165]. The natural reservoir of influenza viruses is thought to be wild water-
fowl, though they also circulate in poultry and pigs [117]. When an antigenic shift occurs, people typically
have little or no immunity against the novel virus, leading to conditions ripe for a pandemic [84]. Some-
what auspiciously, there have been just four major influenza pandemics in the last century (1918, 1957,
1968, and 2009), indicating that there also exists several barriers to zoonotic transmission [117].

Antigenic drift, on the other hand, is the gradual accumulation of mutations in HA andNA. These
two surface proteins aremajor targets of adaptive immunity and under strong selective pressure to escape
antibodies. However, HA is themain target of antibodies and evolves more rapidly thanNA [175]. Previ-
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ous work has shown that the antigenic evolution ofHA appears punctuated [148, 82], though the degree
of antigenic stasis is debated [143]. Nonetheless, the HA of humanH3N2 influenza virus fixes an average
of 3-4 amino acid mutations each year [78, 148, 9, 125]. The consequence of this rapid evolution is that
individuals are typically infected with influenza virus once every 5 years [135]. Therefore, annual vaccine
updates are necessary to keep pace with these changes.

1.3.5 The forecasting problem

Seasonal influenza viruses causes an estimated 290,000 to 650,000deaths each year [71]. Every sixmonths,
the World Health Organization makes a recommendation for which strains to include in the annual in-
fluenza vaccine. However, since vaccine development, manufacturing, and distribution are time consum-
ing, the strains that are selected are a predictionofwhich strainswill circulate at the timeof administration
[109]. Unfortunately, this prediction remains remarkably poor and as a result, the vaccine is only partially
effective. The vaccine efficacy for the most recent influenza season was a meager 48% [139].

One reason why influenza virus evolution is difficult to forecast is because antibody responses vary
across the human population, making it unclear how to define the shape of the selective pressure. Much
work has revealed that individuals preferentially boost antibody responses against influenza strains that
they likely encountered during childhood, a phenomenon known as immune imprinting [32, 46, 44, 94].
Furthermore, susceptibility to influenza viruses both within and across subtypes can differ remarkably
between birth cohorts, groups of individuals assumed to share similar histories of imprinting and in-
fluenza exposure [63, 186, 96, 49, 99, 177, 2, 55, 48, 56, 3, 57]. While descriptive accounts of imprinting
and cohort effects have grown in abundance, we lack a mechanistic model for how antibody specificities
change over time in individuals and give rise to these population-level serological differences. However,
recent advances in high-throughput sequencing-based assays nowmake it possible tomeasure the neutral-
izing titers of hundreds of diverse human sera against >100 circulating strains [101]. The neutralization
measurements from these enormous datasets have been shown to correlate well with the growth rates
of strains in nature. Therefore, these assays show promise as a powerful method for approximating the
human neutralizing antibody landscape [78, 77].

Another reason why forecasting remains difficult is the variation introduced by epistasis and
pleiotropy, the central focus of this thesis. These topics are nicely reviewed in [103]. The effect of an
HAmutation on antibody escape or receptor binding can vary with genetic background [115, 31]. Much
work has shown that mutations in HA that impair a phenotype can become tolerated in the presence of
other permissive mutations that repair it [114, 184, 181, 179, 93, 161, 97, 88]. As a consequence, the general
opinion so far is that the number of antigenic shapes HA can assume is probably infinite.
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1.4 Deep mutational scanning

Deep mutational scanning is a high-throughput method for generating comprehensive genotype-to-
phenotype maps [45]. The method involves generating a large library of protein variants, subjecting the
library to a selective pressure that represents a phenotype of interest, and deep sequencing the library
composition before and after selection to simultaneously quantify how each variant affects the pheno-
type. Here, we will briefly review how deep mutational scanning has been applied to study properties of
viral entry proteins.

Some of the first deep mutational scans on viral proteins were performed on influenza HA [162, 185].
These initial scans reliedon reverse genetics toproduce libraries of viruses containingmutantHAs and the
7 other internal genes from the lab-adapted A/WSN/1933(H1N1) strain. Saturated mutagenized libraries
generated by reverse genetics were instrumental in defining themutational tolerance of HA [36, 91], how
mutations toHA escapemonoclonal antibodies [37, 38, 180] and polyclonal sera [90], and how antibody
specificies against HA differ across age groups [174]. Combinatorial mutagenesis libraries generated by
reverse genetics helped reveal the prevalence of epistasis in theHA receptor binding pocket [184, 181, 179].
However, one limitation of these experiments is a biosafety concern since these are replication-competent
mutant viruses.

A class of deep mutational scans that is far safer relies on yeast display. In these experiments, a library
of mutant peptides is expressed on the surface of yeast. Most prominently, saturated mutagenized yeast
display libraries of the SARS-CoV-2 receptor binding domain (RBD)have beenused to revealmutational
constraints on RBD folding and receptor binding [153], how mutations to the RBD escape monoclonal
antibodies [150, 151, 17] and polyclonal sera [59, 58], and epistatic shifts [152]. Combinatorial yeast display
libraries of the RBD also revealed the role of epistasis in RBD receptor binding [112] and antibody bind-
ing [113]. However, the limitation of yeast display is the size of the peptide that can be displayed. This
is why these experiments have been limited to the RBD, as the full SARS-CoV-2 spike protein or HA
are too large. Additionally, these experiments are limited to measuring mutation effects on biochemical
phenotypes: it is possible to measure howmutations affect antibody binding, but not neutralization.

The final class of deepmutational scans that we will describe is based on lentiviral pseudotyping [27].
The technical innovationhere is conditionally replicative lentiviral particles that can only undergo a single
cycle of infection canbepseudotypedwithmutant viral entryproteins. Therefore, the advantages of these
virus libraries are that they are safe, can in principle accomodate any viral entry protein, and can be used
to study how mutations affect infection rather than biochemical phenotypes. So far, these libraries have
been used to study the functional and antigenic effects ofmutations to a diverse set of viral entry proteins
including SARS-CoV-2 Spike,HIV envelope, nipah glycoprotein, lassa glycoprotein, rabies glycoprotein,
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chikungunya virus entry protein, and influenza hemagglutinin [27, 133, 86, 19, 1, 72, 26]. The work in this
thesis also used this pseudovirus deep mutational scanning platform.

1.5 Overview of the thesis

The goal of this thesis is to build upon our understanding of how epistasis and pleiotropy shape viral pro-
tein evolution. In chapter 2, we tackle the problem of predicting how a viral entry protein with arbitrary
mutation combinations will be neutralized by human sera. We introduce a biologically interpretable ex-
tension of the global epistasis model in Eq. 1.4 and Eq. 1.5 that is inspired by the concept of antibody
epitopes. The parameters in this model quantify how each viral mutation affects the antibody activity
against each epitope targeted by antibodies in the sera, andwe showhow these parameters can be inferred
from deep mutational scanning data.

In chapter 3, we perform pseudovirus deepmutational scanning experiments to discover pleiotropic
conflicts in influenza HA evolution. In contrast to prior deepmutational scans, we measured howmuta-
tions affectmultiple phenotypes: cell entry, acid stability, and serum antibody neutralization. In this way,
we were able to show how HA suffers from the cost of complexity and that the strength of pleiotropic
conflicts can vary across phenotypes. Specifically, we provide evidence that deleterious cell entry effects
can be easily alleviated via epistasis, while deleterious acid stability effects may bemore difficult to resolve.

Finally, in chapter 4, we compare pseudovirus deepmutational scanning datasets to investigate how
mutation effects on cell entry differ across three divergent influenzaHAs: humanH3, avianH5, and avian
H7. These HAs share just ~40% amino acid sequence identity, but their structures are remarkably con-
served. We find that, despite sharing extremely similar structures, these HAs have dramatically different
mutational constraints.



Chapter 2

A biophysical model of viral escape from polyclonal antibodies

A version of this chapter is published as:

Timothy C. Yu*, Zorian T. Thornton*, WilliamW.Hannon,William S. DeWitt, Caelan E.
Radford, Frederick A. Matsen IV, Jesse D. Bloom, A biophysical model of viral escape
from polyclonal antibodies,Virus Evolution, 2022

2.1 Abstract

Achallenge in studying viral immune escape is determining howmutations combine to escape polyclonal
antibodies, which can potentially target multiple distinct viral epitopes. Here we introduce a biophysical
model of this process that partitions the total polyclonal antibody activity by epitope, and then quantifies
how each viral mutation affects the antibody activity against each epitope. We develop software that can
use deepmutational scanning data to infer these properties for polyclonal antibodymixtures. We validate
this software using a computationally simulated deepmutational scanning experiment, and demonstrate
that it enables the prediction of escape by arbitrary combinations of mutations. The software described
in this paper is available at https://jbloomlab.github.io/polyclonal.

2.2 Introduction

Many viruses evolve antigenically to escape polyclonal antibodies elicited by vaccination or prior infection
[148, 66, 9, 39]. Neutralization assays are the gold standard for experimentally assessing if a new viral vari-
ant has mutations that erode antibody immunity. However, neutralization assays require generating the
actual viral variant(s) for individual testing, and can therefore only be effectively applied retrospectively
to a modest number of viral variants of interest [34]. For this reason, neutralization assays have difficulty
keeping pace with identification of vast numbers of emerging viral variants by genomic epidemiology
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[41, 134, 166], and so it would be useful to have a method for accurately predicting the antigenic pheno-
type of viral variants with arbitrary combinations of mutations.

Unfortunately, predicting how a polyclonal serum will neutralize a new viral variant remains a chal-
lenge. Deep mutational scanning can systematically measure how large libraries of viral protein variants
affect antibody neutralization or binding [35, 90, 180, 58, 59]. However, although such high-throughput
experimental methods can assess the effects of all single mutants to some viral proteins, the number of
possiblemultiplymutated variants far exceeds the limits of these experiments. Therefore, a variety of com-
putational approaches have been developed that attempt to predict escape by new viral variants. These
approaches include basic transformations of deep mutational scanning data [61], models that integrate
antigenic data with phylogenetic [116] or sequence data [156, 64], and neural networks that can be trained
using deep mutational scanning data [157] or sequence data alone [67, 159].

Here we introduce a new model of viral polyclonal antibody escape that has several advantages over
existing computational approaches. Ourmodel is interpretable in terms of underlying biophysical param-
eters, can be directly fit to experimental deep mutational scanning data, and can predict how new viral
variants will be neutralized by the polyclonal sera used to generate the experimental data. We implement
our model in a software package and validate it on simulated experimental data. Finally, we demonstrate
how the parameters of the model provide quantitative intuition for how mutations combine to escape
antibodies that target distinct viral epitopes.

2.3 Results

2.3.1 The concept of antibody epitopes

Our approach is inspired by the idea that viral antigens can be partitioned into distinct epitopes. This
idea can be traced back over four decades to classic experiments on influenza, which tested viral mutants
against large panels of monoclonal antibodies [87, 187, 171]. Viral escape mutants were first selected us-
ing individual antibodies, and then tested against other antibodies in the panel. A pattern that emerged
from these experiments was that groups of antibodies were escaped by similar viral mutants (Figure 2.1).
Antibodies that share common escapemutants were inferred to recognize a common epitope on the viral
protein. For instance, in Figure 2.1 antibodies 2 to 5 recognize a similar epitope since they are escaped by
many of the same viral mutants.

Based on these studies, the H3 influenza hemagglutinin was divided into five distinct epitopes [176,
146]. This type of coarse epitope map also provided a straightforward way to conceptualize viral escape
from polyclonal serum. Unlike monoclonal antibodies, polyclonal serum can contain multiple antibod-
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Figure 2.1: Antibodies can be grouped into epitopes based on whether they share viral escape mu-
tants. Heatmap displaying classic experimental data extracted fromWebster and Laver [171]. Influenza
virus mutants (a-p) were selected using individual antibodies from a large panel of monoclonal antibod-
ies. Each viral mutant was then tested to see if it was neutralized (white) or escaped (red) by the other
antibodies in the panel. Antibodies were then grouped into epitopes based on their shared escape mu-
tants.

ies, each recognizing discrete epitopes. As such, any variant that fully escapes polyclonal serum would
need to escape antibodies binding at multiple epitopes.

The concept of dividing viral antigens into distinct epitopes has proven to be very useful and con-
tinues to be applied to new viruses such as SARS-CoV-2 [8, 128, 17]. However, grouping antibodies by
epitopes is a simplifying approximation, as two antibodies targeting a similar epitope may be escaped by
slightly different mutations, and some antibodies may bind idiosyncratic regions outside or between ma-
jor epitopes [37, 128, 60, 59, 149]. For instance, in Figure 2.1 antibodies 6 and 12 are grouped into the
same epitope even though some viral mutants only escape one of these two antibodies. Nonetheless, the
concept of epitopes provides a valuable way to interpret polyclonal antibody escape and forms the basis
of the quantitative approach we take here.



21

2.3.2 An epitope-based model of viral escape from multiple antibodies

Given the concept of epitopes described above, consider viral escape from multiple antibodies. For sim-
plicity, consider a hypothetical polyclonal mixture of just two antibodies (1 and 2) that bind distinct epi-
topes on a viral antigen. The functional activities of these two antibodies in the polyclonal mixture can
differ due to antibody-intrinsic factors (e.g., binding affinity and neutralization potency) and extrinsic
factors (e.g., antibody concentration). In our hypothetical antibody mixture, we assume antibody 1 has
a higher functional activity than antibody 2.

To understand howmutations affect viral escape from this hypothetical two-antibody mixture, con-
sider the viral variants in Figure 2.2. In the first variant, a single mutation escapes antibody 1, while
leaving antibody 2 binding intact. Since antibody 1 has a higher functional activity, losing its contribu-
tion causes marked escape from the overall antibody mixture (Figure 2.2A). However, a viral variant
with a single mutation that escapes antibody 2 but leaves antibody 1 binding intact has little escape from
the overall antibody mixture, since the more active antibody 1 can still bind (Figure 2.2B).

Importantly, this framework makes distinct predictions about the effects of multiple mutations de-
pending on whether they are in the same or different epitopes. Imagine if the viral variant has two mu-
tations in antibody 1’s epitope. If one of the mutations is already sufficient to mostly escape binding by
antibody 1, then the second mutation will have a largely redundant effect (Figure 2.2C). It follows that
multiple escape mutations in the same epitope will have diminishing returns—even when all antibody 1
molecules are unbound, antibody 2 can still bind. However, the situation is very different if the viral vari-
ant gainsmutations in the epitopes of both antibody 1 and antibody 2. Since both antibodies are escaped,
the polyclonal mixture will have no activity (Figure 2.2D). Note that the principles described above can
be readily extended to mixtures of antibodies that target more than two distinct epitopes.

The simple hypothetical example described above is mirrored in real-world data by Kuzmina et al.
[85] on SARS-CoV-2 escape fromneutralization by polyclonal serumpooled fromvaccinated individuals
(Figure 2.3). The K417N mutation, which is located in the subdominant class 1 epitope [60] of the
SARS-CoV-2 receptor bindingdomain (RBD)has little effect onpolyclonal antibody escape. ButE484K,
which is located in the immunodominant class 2 epitope [60], causes a substantial drop in polyclonal
antibodyneutralization. ButwhileK417Nhasno effect on its own, combiningK417NwithE484Kcauses
a larger drop in neutralization than E484K alone, presumably due to escape from two distinct groups of
antibodies in the sera targeting each epitope (Figure 2.3).
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Figure 2.2: Viral escape from a hypothetical mixture of antibodies targeting two different epi-
topes. A) A single mutation in the dominant (orange) epitope substantially decreases but does not elim-
inate binding by the antibody mixture. B) A single mutation in the subdominant epitope (blue) has
minimal effect on binding by the overall antibody mixture since binding of antibodies to the dominant
epitope is unaffected. C) Multiple mutations in the dominant epitope have an effect that is no greater
than a single mutation in this epitope since the remaining binding is due to antibodies targeting the sub-
dominant epitope. D) Mutations in both epitopes completely escape binding by the antibody mixture.
For each row, the plots show the fraction of antigens unbound by antibody as a function of antibody
concentration. The left plot shows the fraction unbound for individual epitopes, and the right shows
the overall fraction unbound. The dashed lines indicate binding to the unmutated antigen, while solid
lines indicate binding to the mutated antigen.
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Figure 2.3: Mutations at multiple epitopes have a synergistic effect on viral escape in real exper-
imental data. A) Structure of the SARS-CoV-2 RBD highlighting locations of the K417N and E484K
mutations in the class 1 and 2 epitopes, respectively. B) Neutralization of unmutated SARS-CoV-2 spike,
the K417N and E484K single mutants, and the double mutant against pooled serum from vaccinated in-
dividuals. Note howK417N alone has little effect on neutralization, but does cause substantial additional
escape in the background of E484K. Experimental data was taken fromKuzmina et al. [85] and replotted
here.

2.3.3 Biophysical modeling of polyclonal antibody escape

Here we formalize the epitope-based model of polyclonal antibody escape described above in terms of
experimental measurables and relevant biophysical quantities. First, let 𝑝(𝑣, 𝑐) be the fraction of viral
variant 𝑣 that escapes a mixture of polyclonal antibodies at concentration 𝑐. The quantity 𝑝(𝑣, 𝑐) is an
experimental measurable, for instance from a neutralization assay. Additionally, suppose the antibodies
can bind to one of 𝐸 epitopes on the viral antigen. Let𝑈𝑒 (𝑣, 𝑐) be the fraction of variant 𝑣 that have an
unbound epitope 𝑒 when the antibody mixture is at concentration 𝑐. Assuming antibodies bind inde-
pendently without competition, we can express 𝑝(𝑣, 𝑐) as:

𝑝(𝑣, 𝑐) =
𝐸∏
𝑒=1

𝑈𝑒 (𝑣, 𝑐)

Note that relaxing the assumption that antibodies bind independently without competition to each
epitope has little effect on 𝑝(𝑣, 𝑐) (seeAppendix). Note also that this model simplifies escape to be the
state where no antibodies are bound to a single idealized antigen, although in reality multiple antigens
decorate each virion.

Next, we can define 𝑈𝑒 (𝑣, 𝑐) in terms of underlying biophysical properties. Again assuming that
there is no competition among antibodies binding to different epitopes, that antibodies to each epitope
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are completely neutralizing, and that the antibody binding to a given epitope e can be described by aHill
curve with coefficient of one, then𝑈𝑒 (𝑣, 𝑐) is given by a Hill equation [40]

𝑈𝑒 (𝑣, 𝑐) =
1

1 + 𝑐 𝑓𝑒
𝐾𝑑,𝑒 (𝑣)

=
1

1 + 𝑐 𝑓𝑒 exp
(
−Δ𝐺𝑒 (𝑣)
𝑅𝑇

)
=

1
1 + 𝑐 exp(−𝜙𝑒 (𝑣))

where −𝜙𝑒 (𝑣) represents the functional activity of antibodies to epitope 𝑒 against variant 𝑣. Note
that 𝜙𝑒 (𝑣) depends on both antibody-intrinsic factors (i.e., affinity as quantified by the free energy of
binding Δ𝐺𝑒 (𝑣) and extrinsic factors (i.e., relative fraction 𝑓𝑒 of antibodies in the mix that bind epitope
𝑒). The overall functional activity directed to an epitope is a combination of these intrinsic and extrinsic
factors, and can be expressed as

𝜙𝑒 (𝑣) =
Δ𝐺𝑒 (𝑣)
𝑅𝑇

− ln ( 𝑓𝑒)

Note that 𝑅𝑇 is the product of the molar gas constant and the temperature, and

𝐾𝑑,𝑒 (𝑣) = exp
(
Δ𝐺𝑒 (𝑣)
𝑅𝑇

)
is the dissociation constant. For simplicity, we consider each 𝜙𝑒 (𝑣) to be independent, so antibody

binding at one epitope does not affect the affinity of antibodies binding at another epitope. Furthermore,
we group together all antibodies targeting a given epitope and let 𝜙𝑒 (𝑣) be their effective activity, simpli-
fying the fact that each of these antibodies can have different activities and affinities. More positive values
of−𝜙𝑒 (𝑣) indicate that antibodies that bind epitope 𝑒 have a higher functional activity against variant 𝑣.

Lastly, we canwrite 𝜙𝑒 (𝑣) in terms of the contributions of specificmutations. Todo this, assume that
mutations have additive effects on the free energy of binding for antibodies targeting any given epitope 𝑒
[120, 121]. In this way, we assume that antigenic epistasis arises via the nonlinear Hill function that relates
𝜙𝑒 (𝑣) to𝑈𝑒 (𝑣, 𝑐) and the product over𝑈𝑒 (𝑣, 𝑐) across epitopes. Specifically, let 𝑎𝑤𝑡,𝑒 be the functional
activity of antibodies that bind epitope 𝑒 on the unmutated viral antigen, with larger values of 𝑎𝑤𝑡,𝑒
indicating stronger antibody activity targeting this epitope. Let 𝛽𝑚,𝑒 be the extent to which mutation
𝑚 reduces antibody binding or neutralization at epitope 𝑒, with larger values of 𝛽𝑚,𝑒 corresponding to a
larger contribution to antibody escape. So, 𝜙𝑒 (𝑣) can also be written as

𝜙𝑒 (𝑣) = −𝑎𝑤𝑡,𝑒 +
𝑀∑
𝑚=1

𝛽𝑚,𝑒𝑏(𝑣)𝑚
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where 𝑏(𝑣)𝑚 is one if variant 𝑣 hasmutation𝑚 and 0 otherwise, and𝑚 ranges over all𝑀 possiblemu-
tations. Taken together, the above equations relate the pre-mutation functional activity of antibodies at
each epitope (𝑎𝑤𝑡,𝑒) and the antibody escape effects of individual mutations at each epitope (𝛽𝑚,𝑒) to the
experimentally measured fraction 𝑝(𝑣, 𝑐) of variants 𝑣 that escape an antibodymixture at concentration
𝑐.

2.3.4 Fitting biophysical models to deep mutational scanning data

We reasoned that the parameters of our biophysical model could be learned from experiments that mea-
sure 𝑝(𝑣, 𝑐) for a large number of variants, containingmost possible singlemutants and a sizable number
of multiple mutants [45, 79]. These rich genotype-phenotype measurements can be obtained by viral
deep mutational scanning. Briefly, viral deep mutational scanning involves generating a large library of
viral or viral protein variants, incubating this librarywith antibodies or sera, andusing deep sequencing to
identify which variants successfully escape binding or neutralization [35, 90, 180, 58, 59]. While previous
studies have been restricted to variants that predominantly contain single amino acid mutations, recent
advances enable combinations of mutations to be assayed as well [29]. Although only an infinitesimal
fraction of all combinations of mutations can be assayed, this approach does measure 𝑝(𝑣, 𝑐) for each
mutation in many different backgrounds, which should be sufficient for revealing the epitopes targeted
by polyclonal antibody mixtures and their associated escape mutations.

Tofit our biophysicalmodel using deepmutational scanning data, we created a Python software pack-
age named polyclonal that uses gradient-based optimization to fit themodel to a large set of viral variants 𝑣
and their corresponding experimentallymeasured escape values, 𝑝(𝑣, 𝑐). This software package estimates
the 𝑎𝑤𝑡,𝑒 and 𝛽𝑚,𝑒 parameters that best predict the measured 𝑝(𝑣, 𝑐) under tunable and biologically mo-
tivated constraints. These constraints are key to ensuring the inference of biologically accurate epitopes.
We typically enforce a sparsity constraint that encourages most 𝛽𝑚,𝑒 values to be close to 0, as most muta-
tions to a viral antigen should not mediate antibody escape. Similarly, the 𝑎𝑤𝑡,𝑒 values are penalized to be
close to 0 unless there is clear evidence for the contrary. We also usually enforce an evenness constraint,
as most mutations to a site that mediates antibody escape at a specific epitope tend to have similar effects
(or 𝛽𝑚,𝑒’s). The software itself is available at https://github.com/jbloomlab/polyclonal and
detailed documentation is at https://jbloomlab.github.io/polyclonal. The software also
provides methods to visualize the resulting mutation-level escape values in interactive plots as described
in the documentation.

https://github.com/jbloomlab/polyclonal
https://jbloomlab.github.io/polyclonal
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Figure 2.4: A hypothetical polyclonal antibody mixture targeting the SARS-CoV-2 RBD. A)
Structures of the SARS-CoV-2 RBD in complex with key helices of ACE2. RBD sites are colored to
indicate the extent to which theymediate escape from antibodies targeting each epitope in the hypotheti-
cal polyclonal mixture. B) Pre-mutation functional activities of antibodies (𝑎𝑤𝑡,𝑒) for each epitope in the
mixture. Note the class 2 epitope is immunodominant, whereas the class 1 epitope is subdominant. C)
Sum of positive mutation escape effects (𝛽𝑚,𝑒) at each RBD site for each epitope. An interactive version
of a heatmap showing all 𝛽𝑚,𝑒 values is available at https://jbloomlab.github.io/polyclonal
/visualize_RBD.html.

2.3.5 Validation with computationally simulated deep mutational scanning
data

To validate the performance of our software, we simulated a hypothetical polyclonal antibody mixture
that contains antibodies targeting threemajor neutralizing epitopes (class 1, 2, and 3) on the SARS-CoV-2
RBD (Figure 2.4A) [8, 60]. We assigned each epitope a different pre-mutation functional activity (𝑎𝑤𝑡,𝑒)
based on the order of typical neutralizing activities against these epitopes in actual human polyclonal
serum (class 2 > class 3 > class 1) [60] (Figure 2.4B). Next, we assigned 𝛽𝑚,𝑒 values using prior deep
mutational scanning studies [150, 151] that measured the effects of all single RBD mutations on escape
from prototypical monoclonal antibodies targeting each epitope (Figure 2.4C). Specifically, we used
LY-CoV016 (etesevimab) for the prototype class 1 antibody, LY-CoV555 (bamlanivimab) for class 2, and
REGN10987 (imdevimab) for class 3 [150, 151]. Note the site of greatest total escape (the sum of positive
𝛽𝑚,𝑒 values at a site) is 417 for class 1, 484 for class 2, and 444 for class 3.

Based on this hypothetical polyclonal antibody mixture, we computationally simulated a realistic
deep mutational scanning dataset containing 30,000 RBD variants. These variants contained an average
of two amino acidmutations, with the number ofmutations per variant following a Poisson distribution

https://jbloomlab.github.io/polyclonal/visualize_RBD.html
https://jbloomlab.github.io/polyclonal/visualize_RBD.html
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(Figure 2.7A). These variants also only contained mutations at sites found to be functionally tolerated
in prior deep mutational scanning, and these sites were well-represented in the simulated dataset (Fig-
ure 2.7B). We then calculated the true 𝑝(𝑣, 𝑐) for each variant using our biophysical model with the
𝑎𝑤𝑡,𝑒 and 𝛽𝑚,𝑒 defined above. We did this for three concentrations of the hypothetical serum that rep-
resent the IC97.5, IC99.9, and IC99.998 against the unmutated RBD (Figure 2.7C). Lastly, we added
gaussian noise, 𝑁(0, 0.05), into the 𝑝(𝑣, 𝑐) measurements and then truncated the noisy values to be
between 0 and 1 to reflect experimental errors and built in a 1% probability of adding or subtracting a
mutation from a variant to portray sequencing errors.

We found that polyclonal could successfully infer the underlying properties of our hypothetical poly-
clonal antibody mixture when fit to the noisy, simulated deep mutational scanning dataset. The pre-
dicted 𝑎𝑤𝑡,𝑒 values were nearly identical to the true 𝑎𝑤𝑡,𝑒 values (Figure 2.5A), suggesting that we can
deconvolve the dominance hierarchy of epitopes targeted by a polyclonal antibody mixture. Further-
more, the predicted 𝛽𝑚,𝑒 values strongly correlated with the true 𝛽𝑚,𝑒 values (Figure 2.5B, 𝑅2=0.63 for
class 1, 𝑅2=0.91 for class 2, 𝑅2=0.85 for class 3), indicating we can learn the effects of mutations on an-
tibody escape at each epitope. Note the lower correlation for the class 1 epitope can be attributed to its
relative subdominance. As shown in (Figure 2.2B), mutations to a subdominant epitope manifest little
effect on the functional activity of the overall antibody mixture when the immunodominant epitopes
remain unaffected, and so only have measurable effects in the subset of mutants with mutations in more
dominant epitopes. Nonetheless, our approach can still learn these subdominant effects reasonably well.
Taken together, these results demonstrate that noisy 𝑝(𝑣, 𝑐)’s measured by deep mutational scanning
can be modeled to reveal fine details of polyclonal antibody mixes: the extent to which antibodies target
specific epitopes on a viral antigen and the extent to which mutations escape antibodies to each epitope.

We used the fit biophysical model to predict the extent to which variants that were not seen in our
experiments will escape the same polyclonal antibody mixture. To do this, we simulated an independent
deep mutational scanning dataset, grounded in the same true 𝑎𝑤𝑡,𝑒 and 𝛽𝑚,𝑒 values, but with a higher
number of mutations (three) on average per variant (Figure 2.7A). We found that our fit model could
predict the IC90 (the concentration required for 𝑝(𝑣, 𝑐) = 0.1) of each variant in the independent dataset
with high accuracy (Figure 2.5C, R2=0.98). Ultimately, polyclonal can be applied to make predictions
over all variants with mutations that were observed by deep mutational scanning.

2.3.6 Model fitting is dependent on experimental design

We next sought to clarify the experimental conditions for deepmutational scanning that lead to accurate
model fitting with polyclonal. To that end, we systematically explored the impact of three important
experimental conditions on model fitting through simulation (seeMethods).
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Figure 2.5: Model validation using a computationally simulated deep mutational scanning
dataset. A) Pre-mutation functional activities of antibodies ($a_{wt,e}) inferred by the fit model match
the actual 𝑎𝑤𝑡,𝑒 for each epitope. B) Mutation escape effects (𝛽𝑚,𝑒) inferred by the fit model strongly
correlate with the actual 𝛽𝑚,𝑒 for each epitope used in the simulation. Mutation escape effects for the
immunodominant class 2 epitope are most correlated, while escape effects for the subdominant class 1
epitope are least correlated. C) The IC90’s predicted by the fit model strongly correlate with the actual
IC90’s of an independently simulated dataset with a higher mutation rate (three mutations on average
per variant).
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We first examined the effect of library mutation rate, an important consideration for library design
because variants containing multiple mutations are key to revealing epitopes. If a library only contained
variants with single mutations, it should not be possible to detect the presence of subdominant epitopes,
due to the phenomenon in Figure 2.2B. Indeed, we found that a library containing 30,000 variants with
an average of one mutation could only infer the 𝛽𝑚,𝑒 values for immunodominant class 2 epitope (Fig-
ure 2.6A), highlighting the need for including multiply mutated variants. On the other hand, a library
containing 30,000 variants with two mutations on average was sufficient for inferring the 𝛽𝑚,𝑒 values at
all three epitopes, but the accuracy improved as the mutation rate increased (Figure 2.6A), consistent
with our expectation that greater coverage of variants with multiple epitope mutations is helpful. Note
that these simulations do not capture the real-world fact that variants will be increasingly less likely to be
functional as they accumulate more mutations.

Next, we investigated the effect of library size, another important library design consideration. If
there are too few variants in the library, mutations may not be observed in enough backgrounds to be
able to deconvolve their effects on different epitopes. Above we showed that a simulated library with
30,000 variantswith threemutations on average could accurately infer the 𝛽𝑚,𝑒 values at all three epitopes.
Therefore, we set out to determine the minimum number of variants, with three mutations on average,
required to accurately infer the 𝛽𝑚,𝑒 values at all three epitopes. We found that at least 20,000 func-
tional variants were required to accurately infer the 𝛽𝑚,𝑒 values at each epitope (Figure 2.6B). We also
noticed the 𝛽𝑚,𝑒 values of immunodominant epitopes can be inferred with fewer variants (Figure 2.6B),
consistent with the idea that effects of mutations at subdominant epitopes can only be observed in the
backgrounds where the immunodominant epitope is already mutated.

Lastly, we explored the effect of antibody concentration, an important consideration for deep muta-
tional scanning selections. If the concentration is too high, all variants will be neutralized. If the concen-
tration is too low, there will be little measurable effect from the mutations. To test the effect of different
concentrations, we again used the simulated library containing 30,000 variants with three mutations on
average. First, we tested if data collected at a single concentration was sufficient. We found that a single
concentration of IC99.9 against the unmutated RBD was most effective at inferring the 𝛽𝑚,𝑒 values for
each epitope, but there does indeed exist a fine balance (Figure 2.6C). Particularly for the subdominant
class 1 epitope, the accuracy is lower when the concentration is too low or too high. We then tested if
model fitting could be improved by including additional concentrations flanking the IC99.9, spanning
the IC91.443 to IC99.998. Indeed, we found that the accuracy increases as the number of concentrations
measured increases (Figure 2.6D), consistentwith our expectation that obtainingmore data points along
the binding curve is helpful for quantifying the effects of mutations.
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Figure 2.6: Model fitting on simulated dataset depends on experimental design. A) Correlation
between inferred and actual mutation escape effects (𝛽𝑚,𝑒) improves as the average number of mutations
per variant (assuming a Poisson distribution) in the library increases. In particular, the subdominant
epitopes (epitopes 1 and 3) can only be accurately fit in libraries with mutation rates higher than one.
B) Correlation between inferred and actual mutation escape effects (𝛽𝑚,𝑒) improves as the number of
functional variants in the library increases. C) Correlation between inferred and actual mutation escape
effects (𝛽𝑚,𝑒) depends on the concentration of the antibody mixture. D) Correlation between inferred
and actual mutation escape effects (𝛽𝑚,𝑒) improves as the number of antibody concentrations measured
and used to fit the model increases. For details on concentrations used, see: https://jbloomlab.gi
thub.io/polyclonal/concentration_set.html.

https://jbloomlab.github.io/polyclonal/concentration_set.html
https://jbloomlab.github.io/polyclonal/concentration_set.html
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2.4 Discussion

We have described a biophysical model of viral escape from polyclonal antibodies. Notably, this model is
composedof easily interpretable parameters that capture the interactionsbetween antibodies and the viral
epitopes they bind. In addition, we developed a software package that can infer these parameters using
deep mutational scanning data. Using a simulated deep mutational scanning dataset, we demonstrated
that this approach can infer true parameters from noisy experiments if the deep mutational scanning
experiment is appropriately designed.

There are several limitations to our approach. Grouping antibodies by discrete epitopes is an ap-
proximation because each antibody is unique, however, decades of experimental work has shown that an
epitope-based representation offers a useful way to interpret viral escape. Ourmodel also does not explic-
itly consider the fact that there aremultiple antigens per virion, and insteadmodels escape as simply being
the state where no antibodies bind a single idealized antigen. Additionally, our model assumes a specific
shape of antigenic epistasis: mutations have additive effects on binding affinity at each epitope, but can
manifest non-linear effects on the overall measured phenotype (e.g., neutralization) due to both the non-
linear Hill curves that relate binding affinity to total fraction bound at an epitope and the product of
these fractions across epitopes. Note that the single-epitope version of our model is similar to the global
epistasismodels that have proven so useful for interpreting some other types of deepmutational scanning
data [121, 158], while themulti-epitope version resembles a fuzzy logicmodel ofmultiple biophysical traits
[169]. Our model also assumes that antibody binding to one epitope does not influence the affinity of
antibodies to other epitopes, and that the Hill curves have a coefficient of one. It is possible that these
assumptions could be relaxed in elaborated versions of our model. We expect that these assumptions will
hold reasonably well for viral variants with modest numbers of mutations, but may not extrapolate ac-
curately to variants with dozens of mutations relative to the parental strain used for the deep mutational
scanning experiment.

Despite these limitations, our model not only predicts the escape potential of viral variants with ar-
bitrary combinations of mutations that are observed in a simulated deep mutational scanning library—
it also clarifies how escape mutations combine to determine the magnitude of viral escape. While this
manuscript was under review, our model was successfully applied to real deep mutational scanning data
measuring escape of SARS-CoV-2 spike variants from monoclonal antibodies, yielding predictions that
strongly correlated with neutralization assays [29]. While this paper only considers simulated data, we
envision that our model can be further applied to appropriately designed deep mutational scanning ex-
periments to address two main questions: (1) delineating the epitopes targeted by polyclonal serum, and
(2) predicting the antigenic properties of new variants with arbitrary combinations of mutations.
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2.5 Supplementary Material

2.5.1 Appendix

We have described a biophysical model that assumes a polyclonal antibody mixture can be divided into
independent groups of antibodies that bind to distinct epitopes without competition. Here we interro-
gate the validity of this assumption, being cognizant of the observation that realistic viral epitopes are
often overlapping and therefore not distinct. To do this, we draw from statistical mechanics principles to
compare the antibody escape fractions predicted by our independent epitope model and an identically
formulated model that instead assumes all epitopes are overlapping.

Monoclonal antibody case

Before considering the polyclonal antibody case, we first consider the case of a monoclonal antibody that
binds a viral antigen. Here, the viral protein can exist in two microstates: bound or unbound by the
antibody. The Boltzmann weight is 1 for the unbound state and 𝑐

𝐾𝑑
for the bound state, where 𝑐 is the

antibody concentration and 𝐾𝑑 is the dissociation constant of antibody-antigen binding. These weights
can be derived using the steady-state approximation [40]. We can then define the partition functionΞ as

Ξ =
∑
𝑖

𝑍𝑖 = 𝑍unbound + 𝑍bound

where 𝑍𝑖 represents the Boltzmann weights of the 𝑖microstates. Given this, the probability of a viral
antigen being unbound is

𝑝unbound =
𝑍unbound

Ξ
=

1
1 + 𝑐

𝐾𝑑

Polyclonal antibody case

For a polyclonal antibody mixture, we modify 𝑐 to represent the concentration of the polyclonal anti-
body mixture. We assume that the polyclonal antibody mixture contains antibodies that bind one of 𝐸
epitopes. As follows, the Boltzmann weight of the state where epitope 𝑒 is bound is modified to 𝑐 𝑓𝑒

𝐾𝑑,𝑒
,

where 𝑓𝑒 represents the fraction of antibodies in the mixture that target epitope 𝑒, and 𝐾𝑑,𝑒 is the disso-
ciation constant of antibodies binding to epitope 𝑒.

Two distinct epitopes In a polyclonal antibody mixture, new microstates exist where multiple epi-
topes are bound by antibodies. For example, we can consider a viral antigen that contains two distinct
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epitopes (1 and 2) that are targeted by polyclonal antibodies. In addition to themicrostates where a single
epitope is bound, we now require an additional microstate where both epitopes are bound. The Boltz-
mann weight for this new microstate is

𝑍12,bound =

(
𝑐 𝑓1
𝐾𝑑,1

) (
𝑐 𝑓2
𝐾𝑑,2

)
We can then rewrite the partition function Ξ as

Ξ =
∑
𝑖

𝑍𝑖 = 𝑍unbound + 𝑍1,bound + 𝑍2,bound + 𝑍12,bound

and the probability of a viral antigen being unbound is

𝑝unbound =
𝑍unbound

Ξ
=

1

1 + 𝑐 𝑓1
𝐾𝑑,1

+ 𝑐 𝑓2
𝐾𝑑,2

+
(
𝑐 𝑓1
𝐾𝑑,1

) (
𝑐 𝑓2
𝐾𝑑,2

)
= ©­« 1

1 + 𝑐 𝑓1
𝐾𝑑,1

ª®¬ ©­« 1
1 + 𝑐 𝑓2

𝐾𝑑,2

ª®¬
Note that this is the biophysical model that is described in the main text.

Two overlapping epitopes In the previous section, the two epitopes were distinct and there was no
competition amongst antibodies. However, if the epitopes are overlapping and there is competition, then
themicrostate where both epitopes are bound (𝑍12,bound) can no longer exist. In this case, the probability
of a viral antigen being unbound is

𝑝unbound =
𝑍unbound

Ξ
=

1
1 + 𝑐 𝑓1

𝐾𝑑,1
+ 𝑐 𝑓2
𝐾𝑑,2

Extending beyond two epitopes The same logic applies to viral antigenswithmore than twoepitopes
targeted by antibodies. For example, we can write 𝑝unbound for the case of three distinct epitopes as

𝑝unbound =
𝑍unbound

Ξ
= ©­« 1

1 + 𝑐 𝑓1
𝐾𝑑,1

ª®¬ ©­« 1
1 + 𝑐 𝑓2

𝐾𝑑,2

ª®¬ ©­« 1
1 + 𝑐 𝑓3

𝐾𝑑,3

ª®¬
and the case of three overlapping epitopes as

𝑝unbound =
𝑍unbound

Ξ
=

1
1 + 𝑐 𝑓1

𝐾𝑑,1
+ 𝑐 𝑓2
𝐾𝑑,2

+ 𝑐 𝑓3
𝐾𝑑,3
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Overall, we found that the predicted 𝑝unbound does not differ by much between the independent
and overlapping epitope models under realistic 𝑐’s, 𝑓 ’s, and 𝐾𝑑 ’s. However, the predicted 𝑝unbound be-
comes more discordant between the two models as the number of epitopes increases, given the num-
ber of microstates with multiply bound epitopes increases. In practice, we only fit models to a hand-
ful of epitopes and not all of them will overlap. As such, we maintain that the independent epitope
assumption is appropriate. To interactively explore how 𝑝unbound differs between the two models, see
https://jbloomlab.github.io/polyclonal/partition_function.html.

https://jbloomlab.github.io/polyclonal/partition_function.html
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Figure 2.7: RBD dataset simulation details. A) Distribution of the number of amino-acid mutations
per variant in each simulated library. B) Frequency of mutations at each site on the RBD in each simu-
lated library. C) Distribution of antibody escape fractions, 𝑝(𝑣, 𝑐), in each simulated library across six
concentrations.
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2.6 Methods

Model fitting

Our goal is to estimate the biophysical model parameters that best predict the deep mutational scanning
escape measurements under biologically motivated constraints. We defined a loss function that is robust
to outliers

𝐿 =
∑
𝑣,𝑐

ℎ𝛿loss [𝑝(𝑣, 𝑐) − 𝑝(𝑣, 𝑐)]

where 𝑝(𝑣, 𝑐) is the actual antibody escape fraction for variant 𝑣 at concentration 𝑐, 𝑝(𝑣, 𝑐) is the
predicted antibody escape fraction for variant 𝑣 at concentration 𝑐, and ℎ𝛿loss (𝑥) is a scaled Pseudo-Huber
function, defined as

ℎ𝛿loss (𝑥) =
𝛿2

(√
1 + (𝑥/𝛿)2 − 1

)
𝛿

where 𝛿 is a parameter that indicateswhen the loss transitions frombeing quadratic (L2-like) to linear
(L1-like). Note that the loss is mostly L2-like when 𝑥, the residual, is small. However, the loss transitions
to becomemoreL1-likewhen 𝑥 is large,making itmore robust to outliers. Adefault loss = 0.01was used in
all fitmodels. Tominimize this loss function, we use the gradient-based L-BFGS-Bmethod implemented
in scipy.optimize.minimize.

Regularization

Additionally, we implemented penalty terms to regularize the parameters to behave under biologically
motivated constraints. We regularize the escape values (𝛽𝑚,𝑒) using a Pseudo-Huber function, based on
the notion that most mutations should not mediate escape.

𝑅escape = 𝜆escape
∑
𝑚,𝑒

ℎ𝛿escape
(
𝛽𝑚,𝑒

)
where 𝜆escape is the strength of the regularization and 𝛿escape is the Pseudo-Huber delta parameter.

For all fit models, the default parameters 𝜆escape = 0.02 and 𝛿escape = 0.1 were used.
We also regularize the variance of escape values 𝛽𝑚,𝑒 at each site, based on the notion that mutations

at a site involved in escape will exhibit similar effects.
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𝑅spread = 𝜆spread
∑
𝑒,𝑖

1
𝑀𝑖

∑
𝑚∈𝑖

(
𝛽𝑚,𝑒 −

1
𝑀𝑖

∑
𝑚′∈𝑖

𝛽𝑚′,𝑒

)2

where𝜆spread is the strength of the regularization, 𝑖 ranges over all sites,𝑀𝑖 is the number ofmutations
at site 𝑖, and𝑚 ∈ 𝑖 indicates all mutations at site 𝑖. For all models fit, the default parameter 𝜆spread = 0.25
was used.

Lastly, we regularize the pre-mutation functional activities (𝑎𝑤𝑡,𝑒) using a Pseudo-Huber function as
these should be less positive (or even negative) unless there is clear evidence to the contrary.

𝑅activity = 𝜆activity
∑
𝑒

ℎ𝛿activity
(
𝑎𝑤𝑡,𝑒

)
if 𝑎𝑤𝑡,𝑒 ≥ 0

where 𝜆activity is the strength of the regularization, 𝛿activity is the Pseudo-Huber delta parameter, and
𝑅activity = 0 when 𝑎𝑤𝑡,𝑒 < 0. For all models fit, the default parameters 𝜆activity = 1.0 and 𝛿activity = 0.1 were
used.

For more information on these penalties and model fitting, see https://jbloomlab.github.i
o/polyclonal/optimization.html.

Determining number of epitopes

Fitting themodel requires specifying the number of epitopes a priori. However, it is not possible to know
the number of epitopes that are targeted by antibodies in polyclonal serum in practice. Our approach to
resolving this is similar to the “elbow method” commonly used to determine the optimal number of
clusters in k-means clustering. We start by fitting a model with one epitope and iteratively fit models
with an increasing number of epitopes. At some point, the 𝑁-th epitope becomes redundant. This is
evidenced by a highly negative 𝑎𝑤𝑡,𝑒 value (i.e., if antibodies existed against this epitope, they are never
bound) and all near-zero 𝛽𝑚,𝑒 values, indicating that the previous fit model, containing 𝑁 - 1 epitopes,
is the one that best describes the polyclonal mixture. To view how this approach was applied to the
simulated RBD example, see https://jbloomlab.github.io/polyclonal/specify_epitope
s.html.

Experimental design simulation

We computationally simulated deep mutational scanning libraries based on the hypothetical polyclonal
antibody mixture shown in Figure 2.4. All libraries contained 30,000 variants, but differed by their
mutation rate with variants containing an average of one, two, three, or four mutations. Furthermore,
the number of mutations per variant in each library followed a Poisson distribution. Variant escape was

https://jbloomlab.github.io/polyclonal/optimization.html
https://jbloomlab.github.io/polyclonal/optimization.html
https://jbloomlab.github.io/polyclonal/specify_epitopes.html
https://jbloomlab.github.io/polyclonal/specify_epitopes.html


38

also simulated under six concentrations in each library. These concentrations represented the IC91.443,
IC97.488, IC99.441, IC99.9, IC99.985, and IC99.998 against the unmutated RBD antigen. For more
details on how these experiments were simulated, see https://jbloomlab.github.io/polyclon
al/simulate_RBD.html.

To make comparisons about model fitting, models were fit with identical parameters except for the
experimental variable of interest: library mutation rate, library size, and antibody concentration.

To determine the impact of library mutation rate, models were fit to simulated datasets for libraries
containing one, two, three, or fourmutations on average. All datasets contained 30,000 variants andwere
measured at three different concentrations.

To determine the impact of library size, models were fit to simulated datasets containing different-
sized subsets of variants that were randomly sampled from a library containing an average of three muta-
tions per variant and measured at three different concentrations.

To determine the impact of antibody concentration, models were fit to simulated datasets to a library
measured at one or multiple antibody concentrations. This library contained 30,000 variants and three
mutations on average per variant. For more information, see https://jbloomlab.github.io/po
lyclonal/expt_design.html.

Code availability

Software source code, along with code and data that reproduce the figures (except Figure 2.3), are avail-
able at https://github.com/jbloomlab/polyclonal. Code and data for reproducing the neutral-
ization curves inFigure 2.3 are available athttps://github.com/jbloomlab/polyclonal-paper.
Software documentation is available at https://jbloomlab.github.io/polyclonal.
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Chapter 3

Pleiotropic mutational effects on function and stability constrain
the antigenic evolution of influenza hemagglutinin

A version of this chapter is published as:

TimothyC.Yu,CarolineKikawa, BernadetaDadonaite, AndreaN.Loes, JanetA. Englund,
JesseD.Bloom,Pleiotropicmutational effects on function and stability constrain the
antigenic evolution of influenza hemagglutinin,Nature Ecology & Evolution, 2025

3.1 Abstract

The evolution of human influenza virus hemagglutinin (HA) involves simultaneous selection to acquire
antigenic mutations that escape population immunity while preserving protein function and stability.
Epistasis shapes this evolution, as an antigenic mutation that is deleterious in one genetic background
may become tolerated in another. However, the extent to which epistasis can alleviate pleiotropic con-
flicts between immune escape and protein function/stability is unclear. Here, wemeasure how all amino
acid mutations in the HA of a recent human H3N2 influenza strain affect its cell entry function, acid
stability, and neutralization by human serum antibodies. We find that epistasis has entrenched certain
mutations so that reverting to the ancestral amino acid identity in earlier strains is no longer tolerated.
Epistasis has also enabled the emergence of antigenic mutations that were detrimental to HA’s cell entry
function in earlier strains. However, epistasis appears insufficient to overcome the pleiotropic costs of
antigenic mutations that impair HA’s stability, explaining why some mutations that strongly escape hu-
man antibodies never fix in nature. Our results refine our understanding of the mutational constraints
that shape recentH3N2 influenza evolution: epistasis can enable antigenic change, but pleiotropic effects
can restrict its trajectory.

39
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3.2 Introduction

The evolution of human influenza viruses is shaped by selection from population immunity. This im-
mune pressure is especially apparent in the evolution of the viral hemagglutinin (HA) protein, which
is the major target of neutralizing antibodies [23, 84]. Due largely to antibody-mediated immune pres-
sure, the HA of human H3N2 influenza virus fixes an average of 3-4 amino acid substitutions per year
[78, 148, 9, 125, 43].

However, HA’s antigenic evolution is constrained by its essential role in viral fitness, as it binds to
the host cell receptor (sialic acid) and mediates fusion of the viral and cell membranes. Many mutations
impair these functions, yet human influenza viruses have demonstrated—both in the laboratory and in
nature—the ability to rapidly adapt in the face of these constraints [114, 184, 181, 179, 93, 161, 97, 88]. Prior
work has revealed that epistatic interactions amongmutations inHAplay a role in facilitating these adap-
tations. For example, mutations that impair receptor binding can become tolerated in the presence of
other mutations that help restore binding [114, 184, 181, 179, 93, 161, 97], while mutations that enhance
receptor binding can help buffer the effects of deleterious mutations [88].

Although epistasis among mutations affecting receptor binding is an established mechanism for re-
solving constraints on HA evolution, it is less clear how epistasis involving other molecular phenotypes
shapes evolution. Many studies have used deep mutational scanning to measure the effects of HAmuta-
tions at scale, but thesemeasurements have been typically limited to a single phenotype: cell entry or viral
replication in cell culture [184, 181, 179, 174, 162, 36, 91, 185]. One phenotype with poorly understood evo-
lutionary constraints isHA acid stability. As influenza virions are internalized into acidifying endosomes,
HAundergoes a pH-triggered destabilization from itsmetastable pre-fusion form to a conformation that
is primed for mediating membrane fusion [147]. While the structural transitions of this conformational
change have been characterized in exquisite [10], we lack a complete understanding of how mutations
to human H3N2 influenza HA affect acid stability, whether these effects impose pleiotropic costs on
antigenic evolution, and whether such costs can be alleviated through epistasis.

Here, we used pseudovirus deep mutational scanning [29, 26] to measure how all amino acid muta-
tions in the HA of a recent human H3N2 influenza strain affect cell entry, acid stability, and neutraliza-
tion by human serum antibodies. By comparing these data to amino acid frequencies at each HA site
observed in natural viral evolution, we assessed the extent to which epistasis modulates mutation effects
on cell entry and acid stability, and whether pleiotropic costs on these phenotypes could be alleviated to
enable antigenic mutations to fix. The effects of manymutations on cell entry have changed over time—
and epistatic interactions enabled an antigenic mutation that was highly deleterious to cell entry in 2009
to eventually fix in 2022. However, the effects ofmutations on acid stability show little evidence of epista-
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sis, and several antigenic mutations that pleiotropically reduce acid stability have never fixed. Our results
indicate that epistasis plays a central role in driving HA evolution, but its contribution to overcoming
pleiotropic costs depends on the underlying molecular phenotype.

3.3 Results

3.3.1 Pseudovirus deepmutational scanning of HA from a recent humanH3N2
strain

To measure the effects of mutations to HA on different key molecular phenotypes in high-throughput,
we used a recently developed pseudovirus deep mutational scanning approach [29, 26]. In brief, we gen-
erated genotype-phenotype linked pseudovirus libraries where each virion encodes a mutant HA gene
in its genome that matches the HA protein expressed on its surface (Figure 3.5A-B). Each mutant HA
is coupled to a unique nucleotide barcode, forming variants whose phenotypic effects can be measured
in a single multiplexed experiment via short-read sequencing of the barcodes (Figure 3.1A). These pseu-
doviruses also express the matchedH3N2 neuraminidase (NA) on their surfaces, but this NA is supplied
from a separate plasmid and not encoded in the pseudovirus genome. Importantly, these pseudoviruses
encode no viral genes other than HA and can only undergo a single round of cell entry. These pseu-
doviruses are therefore not infectious agents capable of causing disease and so provide a safe way to study
HAmutations at biosafety-level 2.

We created duplicate libraries in the background of theHA fromA/Massachusetts/18/2022 (MA22),
which was the H3N2 strain included in the 2024-2025 seasonal influenza vaccine [47]. These libraries
were designed to contain every possible amino acid mutation in the HA ectodomain (H3 numbering: 1
to 504) for a total of 504 x 19 = 9576 mutations. The final libraries contained 64,032 and 70,581 barcoded
HA variants that covered 98.7% and 99.0% of all possible mutations, respectively (Figure 3.5C). Most
variants contained a single HAmutation (65%), while others contained zero (15%) or multiple mutations
(20%) (Figure 3.5D). To extract information from themultiplymutated variants, we used global epistasis
models [121, 189] to disentangle the effects of individual mutations on measured phenotypes (Methods).

3.3.2 Mutation effects on HA-mediated cell entry

We quantified the effects of HA mutations on pseudovirus entry into MDCK-SIAT1 cells [106], which
express high levels of the a2-6-linked sialic acids preferred by human influenza HAs (Figure 3.1A-B, Fig-
ure 3.6, and interactive heatmaps at https://dms-vep.org/Flu_H3_Massachusetts2022_DM
S/cell_entry.html). A negative effect indicates the mutation impairs cell entry, potentially via one

https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/cell_entry.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/cell_entry.html
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or a combination of reasons such as impaired receptor binding, fusion competency, HA folding, or HA
expression. The measurements of mutation effects were highly correlated between the two independent
replicate libraries (r = 0.95, Figure 3.7A). We validated the deep mutational scanning measurements of
mutation effects on cell entry for 15 mutations with a range of effects on cell entry using conditionally
replicative influenza viruses that lack the PB1 gene (Figure 3.8A-B) [68, 37]. The titers of the condi-
tionally replicative influenza virions were highly correlated with the cell entry effects obtained by deep
mutational scanning (r = 0.88, Figure 3.8C).

The deepmutational scanning showed that the receptor binding pocket is heavily constrained overall
(Figure 3.1C), but that the distribution of cell entry effects varies across its different structural regions
(Figure 3.14). Some areas, like the base of the receptor binding pocket, are highly constrained, while oth-
ers, like the 150-loop, are more tolerant of mutations (Figure 3.1D, Figure 3.6). These measurements of
the tolerance of different regions tomutations with respect to their effects on cell entry correlate with the
variability of different sites inHAduring the natural evolution of humanH3N2 since 1968 (comparemu-
tation effects and entropy among natural sequences in Figure 3.1D). For example, the 150-loop has seen
substantial divergence during H3N2 HA’s natural evolution, whereas the base of the receptor-binding
pocket remains highly conserved, with only a single substitution at site 195 (Y to F) occurring in the early
2020s.

Many mutations within classically defined antigenic regions (epitopes A-E) [171, 146] tend to be well
tolerated for HA’s cell entry function (Figure 3.1E). However, epitopes that partially overlap with the
receptor binding pocket (epitopes A, B, and D) are more constrained. Of these, epitope B is the most
constrained yet exhibits the highest variability among natural human H3N2 influenza sequences (Fig-
ure 3.1E). This discrepancy likely reflects the immunodominance of epitope B with respect to antibody
neutralization in the human population, which imposes strong positive selection for mutations at sites
within the region [15, 131, 21]. Therefore, variability observed in natural sequences depends on both the
extent of immune pressure at a site as well as constraints on HA function.

The deep mutational scanning also showed that nearly all mutations to the highly conserved fusion
loop at sites 330-350 are strongly deleterious to cell entry (Figure 3.1F, Figure 3.6), consistent with the
region’s key role in mediating membrane fusion and also with prior deep mutational scanning on HAs
from other viral subtypes [162, 36, 91, 185, 26, 180]. Taken together, we havemeasured the effects of nearly
all mutations to a recent H3N2 HA on cell entry; these measurements help explain the functional con-
straints on receptor binding, the general plasticity of antigenic regions, and the mutational constraint of
the fusion loop.
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Figure 3.1:Mutation effects on HA-mediated cell entry. See full caption on next page.
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Mutation effects on HA-mediated cell entry. A) To measure how all HA mutations affect cell
entry, we create libraries of barcoded pseudoviruses expressing different HA mutants on their surface
(Figure 3.5). We use deep sequencing to quantify the ability of each HAmutant to enter cells, normaliz-
ing the sequencing counts to a copy of the pseudovirus library where all virions express VSV-G and so do
not rely onHA for cell entry. The effect of eachmutation is quantified as the log2 of its frequency relative
to unmutated variants in the HA condition relative to the VSV-G condition, so negative values indicate
impaired cell entry. The mutation effects we report are the median of four measurements, two technical
replicates for each of two independently generated biological replicate libraries (Figure 3.7A). B) Mean
effect of mutations at each site on cell entry mapped onto the HA structure (Protein Data Bank 4O5N)
viewed from the side or top, with darker red indicating worse cell entry. See Figure 3.6 for a heatmap of
all mutation effects. C) Zoomed in version of the structure showing the receptor binding pocket. Distri-
bution of mutation effects on cell entry in D) receptor binding pocket regions and E) antigenic regions,
with the median effect in each region indicated with a solid black line. The mean Shannon entropy of all
sites in each region across a subsampled tree of natural humanH3N2 evolution since 1968 is shownon the
right. F) Zoomed in version of structure showing sites that make up the fusion peptide and periphery.
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3.3.3 Mutation effects on HA acid stability

We next used deep mutational scanning to measure the effects of mutations on HA’s acid stability (Fig-
ure 3.2A-B, Figure 3.9, and interactive heatmaps at https://dms-vep.org/Flu_H3_Massachu
setts2022_DMS/acid_stability.html). A negative effect indicates the mutation makes the HA
less stable (more susceptible to inactivation at acidic pH). Again, we obtained highly correlated measure-
ments between library replicates (r = 0.9, Figure 3.7B). Note we could only measure effects on stability
ofmutations that retained at least someminimal cell entry function (Figure 3.7C).We validated the deep
mutational scanningmeasurements of stability effects for a subset ofmutationswith varying effects using
conditionally replicative influenza virions; the effects measured in the deepmutational scanning concord
well with thosemeasured in the validation assays using influenza virions (Figure 3.4D). Importantly, the
effects ofmutations on acid stability are not strongly correlatedwith the effects ofmutations on cell entry,
indicating these assays capture distinctmolecular phenotypes (Figure 3.3D). The phenotypes are distinct
for several reasons. First, comparison of natural influenza strains shows that HAs can have acid stabili-
ties that span an appreciable range (e.g., fusion pH of 5.0-5.5 in human seasonal strains vs. fusion pH of
5.6-6.0 in avian influenza strains [163, 136, 50]) but still effectively mediate entry in cells in the lab, demon-
strating that a range of stabilities are compatiblewith entry into cell lines even if evolutionary selection for
transmissibility in actual human or avian hosts favors a tighter stability range. Second, many mutations
that impair cell entry disruptHA folding, receptor binding, or fusion-mediating conformational changes
in a manner that is unrelated to acid stability.

Most mutations that affect acid stability destabilize HA (Figure 3.2B, Figure 3.9). The mutations
thatmost strongly affect stability tend to occur in structural regions that participate in the irreversibleHA
conformational changes that occur duringmembrane fusion (Figure 3.2C) [10]. During this process, the
HA1 protomers dilate and eventually dissociate [10, 53, 76, 132]. Mutations at sites 165, 167, 205, and the
220-loop located in the trimer interface are often destabilizing, likely because they weaken interactions
among neighboring monomers (Figure 3.2D). Notably, site 165 carries a high-mannose N-linked glycan
that packs against the 220-loop of a neighboring monomer [124] and all mutations to sites 165 or 167
destabilize except T167S, the one mutation that preserves the glycan (Figure 3.2E). Positively charged
arginine residues at sites 220 and 229 are thought to stabilize this region via electrostatic interactions
[104], and indeed mutations at these sites destabilize HA (Figure 3.9).

AsHA1dissociates, theHA1-HA2 interface undergoes conformational changes that are largely driven
by intramonomer interactions. Consistent with prior work [132], a tetrad salt bridge involving sites 89,
109, 269 of HA1 and 396 of HA2 is important for HA stability (Figure 3.2F, Figure 3.9). Mutations at
site 269 that preserved the net charge did not affect stability, but substituting an opposing charged residue
was destabilizing (Figure 3.2G, Figure 3.9). Interestingly, charge-preserving mutations to K or H at site

https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/acid_stability.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/acid_stability.html
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R109 were destabilizing, albeit less so than mutation to an oppositely charged E, suggesting the longer
R109 side chain may also play a role in stability.

At acidic pH, the short α-helix, interhelical loop, and long α-helix ofHA2 form an extended coil (Fig-
ure 3.2C) [10, 18]. In the prefusion conformation, these regions feature some of the largest structural dif-
ferences between influenza subtypes [51]. TheH3/H4/H14 clade-specific G at site 404 in the interhelical
loop creates a unique sharp turn that is stabilized in part by a clade-specific S at site 107 [51]. As expected,
mutations at these sites and in the interacting periphery tend to destabilize HA, indicating the fragile
yet essential balance governing this region (Figure 3.2H, Figure 3.9). In summary, we have produced a
comprehensive high-throughput map of mutation effects on H3 acid stability; this map provides insight
into the structural principles governing H3 HA stability and its conformational transitions.
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Figure 3.2:Mutation effects on HA acid stability. See full caption on next page.
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Mutation effects on HA acid stability. A) We incubated pseudovirus HA variants in different
acidic pH buffers prior to infection and sequenced the pseudovirus barcodes within cells after infec-
tion. To quantify mutation effects on acid stability, we compared these barcode counts to those of pseu-
doviruses treated with neutral pHmedia, which served as an infection baseline. The mutation effects we
report are the median of two biological replicates (Figure 3.7B). B)Mean effect of mutations at each site
on acid stability. Negative values indicate sites wheremutations decrease stability (e.g., lead to viral inacti-
vation at a higher pH). See Figure 3.9 for a heatmap of all mutation effects. C)Mean effect of mutations
at each site on acid stability mapped onto the structures of pre-fusion (Protein Data Bank 6Y5H) and
fusion intermediate (Protein Data Bank 6Y5K) HAs, with darker shades of green and purple indicating
greater destabilizing mutation effects in HA1 and HA2, respectively. Dark gray indicates sites where no
mutation effects on acid stability weremeasured due to all mutations at these sites strongly impairing cell
entry. D) Zoomed in view of the trimer interface, with the same color scale used inC. E)Mutation effects
on acid stability at sites 165 and 167. F) Zoomed in view of sites that participate in a tetrad salt bridge, with
the same color scale used in C. G)Mutation effects of charged amino acids at sites that participate in the
tetrad salt bridge. H) Zoomed in view of the HA1-HA2 interface, with the same color scale used in C.
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3.3.4 Mutations exhibit phenotype-specific entrenchment

Having characterized the effects of mutations to HA on cell entry and acid stability in the background
of a recent H3N2 HA, we next explored whether these effects have changed over the last few decades of
evolution. To do this, we retraced mutations that swept to fixation in the past (Figure 3.3A). During
a sweep at a site, both the ancestral amino acid and the descendant amino acid are expected to be func-
tionally tolerated. However, over time the descendant strains may lose tolerance for the ancestral amino
acid due to other mutations that become contingent on the current amino acid, a form of epistasis called
entrenchment [182, 140, 130].

The effects of many mutations on cell entry in the receptor binding pocket have become entrenched
over time (Figure 3.3B). For instance, a mutation at site 195 from Y to F emerged in 2020 and swept to
fixation among human H3N2 strains, but the reversion F195Y in the MA22 background is highly delete-
rious to cell entry, indicating the mutation of site 195 from Y to F has become entrenched (Figure 3.3B).
Y195F was recently shown to be a permissivemutation that enabled the fixation of Y159N andT160I (Fig-
ure 3.10), which confer antigenic benefits and expand receptor specificity in the presence of 195F but
impair receptor binding when paired with 195Y [97, 174, 13]. As the MA22 HA contains 159N and 160I,
the reversion F195Y is no longer accessible. Similarly, the G186D mutation emerged in 2020 and sub-
sequently swept to fixation; the reversion D186G in the MA22 background is highly deleterious to cell
entry, indicating that G186D has become entrenched (Figure 3.3B). This observation is also consistent
with recent work that found G186D epistatically interacts with D190N, and the pair co-evolved together
to preserve receptor binding [93]. We validated that conditionally replicative influenza virions encoding
MA22 HA with reversions to each of these entrenched mutations (reversions D186G, S193F, F195Y, and
D225N) had over 100-fold decreased titers relative to virions encoding the unmutated MA22 HA (Fig-
ure 3.8B). Collectively, these results along with prior work [184, 181, 179, 97], highlight the existence of
extensive epistasis with respect to the effects of mutations within theHA receptor binding pocket on cell
entry. This epistasis restricts access to ancestral amino acids and simultaneously opens new evolutionary
paths for antigenic change (e.g., 159N, G186D). However, not all mutations become entrenched, since
reversions to ancestral amino acids are observed in HA evolution. Therefore, analysis of entrenchment
reveals which reversions are currently accessible or constrained.

In contrast to the extensive epistatic entrenchment involving mutations in the receptor-binding
pocket with respect to cell entry, we saw little evidence of entrenchment with respect to cell entry involv-
ingmutations in other regions ofHA.Nearly all reversions to ancestral amino acids at sites outside of the
receptor binding pocket are well tolerated with respect to cell entry with the single exception of T248N
(Figure 3.3B). Interestingly, the N248T mutation that fixed in the 1980s created an N-linked glycan at
N246 that has been maintained ever since. T248S (which is the only mutation that retains this glycan) is
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noticeably more tolerated than other mutations at sites 246 and 248 (Figure 3.6), indicating the glycan
is now entrenched. In H3N2 HA evolution, glycosylation near the receptor binding pocket can shield
epitopes from antibodies, but often imposes a fitness cost [30]. Therefore, theN248Tmutation—which
is located near the receptor binding pocket—was likely selected by antigenic pressure, and mutations
that compensated for or became dependent on the glycan led to its entrenchment.

Strikingly, the effects of mutations on acid stability have not become entrenched in any region of
HA.Reversions to ancestral amino acids at sites inside and outside of the receptor binding pocket remain
well tolerated with respect to acid stability with the single exception of the mildly destabilizing reversion
A163V (Figure 3.3B). Sites where many mutations destabilize HA tend to have conserved amino-acid
identities across all natural human H3N2 sequences, which further suggests constraints on acid stability
may be constant across genetic backgrounds (Figure 3.11A). At the destabilizing sites that do show varia-
tion among natural sequences (e.g., sites 219 and 223), the natural mutations are exclusively the particular
amino-acid changes that do not affect stability (Figure 3.11B-D). Therefore, it appears that while epis-
tasis commonly shifts the effects of HA mutations on cell entry to entrench mutations, such epistatic
processes are much rarer with respect to the phenotype of HA acid stability.
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Figure 3.3: Mutations exhibit phenotype-specific epistatic entrenchment. See full caption on next
page.
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Mutations exhibit phenotype-specific epistatic entrenchment. A) Hypothetical data illustrat-
ing entrenchment of amutation via epistasis. The phylogenetic tree shows a sweep of F replacing Y at site
195. During the sweep, both F and Y are expected to be tolerated. However, the effect of reverting to the
ancestral amino acid (Y) may change over time due to entrenchment. The HA used for deep mutational
scanning contains the current amino acid (F) at site 195. If entrenchment occurred, then reverting to the
ancestral amino-acid Y195 will be deleterious in the recent genetic background used for deep mutational
scanning. In the absence of entrenchment, Y195 remains tolerated in newer genetic backgrounds. B) Ac-
tual experimental data showing the effects of reversions to all ancestral amino acids that were previously
fixed in human H3N2 strains since 1968 on HA-mediated cell entry (top row) or HA acid stability (bot-
tom row) as measured in the deep mutational scanning on the MA22 HA. Mutations are placed on the
x-axis by the most recent date that the ancestral amino acid was fixed, and the panel columns indicate
whether the mutation is at a site inside (left column) or outside (right column) of the receptor binding
pocket. The range of the y-axis for each phenotype is set to span the range of effects of all mutations to
HA (not just those that fixed during natural H3N2 evolution) in the deepmutational scanning. There is
extensive epistatic entrenchment of mutations in the receptor binding pocket with respect to cell entry,
but no substantial entrenchment ofmutationswith respect to stability. Tomouseover the individualmu-
tations, see https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/entrenchment.html
for an interactive version of this plot.

https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/entrenchment.html
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3.3.5 Epistasis can alleviate the effects of antigenic mutations that impair cell
entry but not stability

Phenotypes like cell entry and acid stability help determine which HA mutations are tolerated, but im-
mune pressure largely drives positive selection for mutations in HA during the evolution of human in-
fluenza viruses. To define this immune pressure on the MA22 HA, we used deep mutational scanning
to measure how HA mutations affected neutralization by human sera collected in 2023 from four chil-
dren born between 2009 and 2021 (Figure 3.4A, Figure 3.12A-D, and interactive heatmaps at https:
//dms-vep.org/Flu_H3_Massachusetts2022_DMS/sera_neutralization.html). We
used children sera since children may play an especially important role in driving influenza evolution
[174, 135]. The deep mutational scanning measurements are quantified such that a positive effect indi-
cates the mutation confers viral escape from serum neutralization, whereas a negative effect indicates the
mutation sensitizes the virus to neutralization by the serum. To complement these results, we also used a
sequencing-based method [78, 101] to measure neutralization titers for each sera against 78 H3N2 strains
that either circulated in humans or were included in vaccines between 2012 and 2023.

Our deep mutational scan revealed mutations at site K140 in the MA22 HA increase sensitivity to
neutralization (Figure 3.4A, note the negative escape at site 140). Site 140 is in epitope A of HA, and
changed from an I to K in 2022 (Figure 3.4B). The fact that many mutations to site 140, including the
reversionK140I, are sensitizing (Figure 3.12C) suggests that sera containneutralizing antibodies targeting
the ancestral amino-acid identity of I140 that were escaped by the I140K mutation in 2022; the MA22
reversion K140I restores neutralization by these antibodies. We validated that conditionally replicative
influenza virions with the MA22 HA carrying a K140I reversion increased sensitivity to neutralization
in two of the three sera predicted to contain 140I-specific antibodies by the deep mutational scanning
(Figure 3.4C, Figure 3.13A-B). For those sera, neutralization of historic and vaccine strains differing
by up to 34 amino acids fromMA22 could also be explained by site 140, though we cannot rule out the
influence of other historicalmutations (Figure 3.13C). Taken together, these results indicate 140I-specific
antibodies contribute substantially to the neutralizing antibody activity of sera from some individuals,
and suggest that the I140Kmutation that fixed in 2022 was likely selected by this immune pressure.

Given that changing site 140 from I to K causes such an appreciable reduction in antibody neutraliza-
tion for some sera, why did this mutation not spread widely in human H3N2 influenza until 2022 (Fig-
ure 3.4B)?At least part of the answer appears to be that the I140Kmutationwas highly deleterious for the
cell entry function ofHAs fromolder strains: for instance, I140K causes a nearly 40-fold drop in the titers
of conditionally replicative influenza virions encoding the HA from the older A/Perth/16/2009 (H3N2)
strain, whereas interchanging I and K at site 140 in the MA22 HA has little impact on the titers (Fig-

https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/sera_neutralization.html
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ure 3.4D). These observations suggest I140K was evolutionarily inaccessible in 2009 due to its strongly
negative effect onHA’s cell entry function, and could not be positively selected until a permissive HA ge-
netic background emerged. This finding parallels the recent demonstration by Lei et al.[93] that G186D
and D190N, two mutations that co-evolved together in 2020, are individually deleterious to receptor
binding but together restore this function and lead to escape from human sera. Collectively, these results
indicate that epistasis can alleviate pleiotropic constraints on cell entry function and facilitate antigenic
evolution.

We next examined whether we could identify pleiotropic constraints on other mutations that affect
serum neutralization of the MA22 HA. Mutations at a variety of HA sites reduce serum neutralization,
including sites 145, 165, 189, 205, 220, and 229 (Figure 3.4A, note positive escape at these sites). In the ab-
sence of other constraints, onemight expect recent evolution to select for neutralization escapemutations
at these sites. In some cases, this is occurring: S145N andK189R are single nucleotide accessiblemutations
fromMA22 that cause sera escape in the deepmutational scanning (Figure 3.4E,Figure 3.13D) and both
have been increasing in frequency among human H3N2 sequences since 2024 (Figure 3.4B). However,
some of the sites that strongly escape sera neutralization show no variation over decades of H3N2 HA
evolution. For instance, mutations at sites 165, 205, 220, and 229 cause strong serum escape in the deep
mutational scanning (Figure 3.4A,E) and in validation assays with conditionally replicative influenza
virions (Figure 3.4F), but these sites have not changed during naturalHA evolution (Figure 3.4B). This
disparity between the abundance of single nucleotide accessible escape mutations identified by deep mu-
tational scanning and their absence in natural human H3N2 sequences suggests pleiotropic constraints
could be constraining evolution at these sites. Notably, many of the escape mutations at these sites desta-
bilize HA in our deep mutational scanning (Figure 3.4E), even if they are not directly deleterious for
HA-mediated cell entry. For instance, the serum escape mutations N165H, S205Y, R220T, and R229I
are all roughly neutral with respect to HA-mediated cell entry (Figure 3.8B), yet mutations at these sites
strongly destabilize HA, making it more sensitive to acid inactivation (Figure 3.8D) while conferring
escape from sera in independent neutralization assays. Therefore, the effects of mutations on HA’s acid
stability may impose a strong pleiotropic constraint on its evolution, even when these mutations have no
apparent effect on HA-mediated cell entry.
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Figure 3.4: During H3N2 evolution, epistasis alleviates the effects of antigenic mutations that
impair cell entry but not stability. See full caption on next page.
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During H3N2 evolution, epistasis alleviates the effects of antigenic mutations that impair
cell entry but not stability. A) Sum of mutation effects at each site in the MA22 HA on escape from
four human sera collected in 2023. Key sites of escape or sensitization included in logoplots are colored
red, and sites where escape mutants were validated in independent neutralization assays are labeled with
text. See Figure 3.12 for data for individual sera. B) Frequencies of amino acids observed in natural hu-
man H3N2 HA sequences over time (x-axis indicates year) for several key sites. Note the x-axis range
varies as some subplots show changes in recent evolution, while others show conservation across decades
of evolution. C) Neutralization by two human sera of conditionally replicative influenza virions with
MA22 HA with or without the mutation K140I. Each point is the mean of two technical replicates. D)
Titers of conditionally replicative influenza virionswithHA from eitherA/Perth/16/2009 orMA22with
either an I or a K amino acid at site 140. Each point is themean of four titer measurements, two technical
replicates from the same virion rescue stock and twobiological replicate stocks rescued from independent
plasmid preparations. E) Logoplots displaying amino-acidmutations to theMA22HA that are accessible
by single nucleotide changes. The height of each letter is proportional to the escape from the indicated
serum as measured by deep mutational scanning. Each mutation is colored by its effect on HA acid sta-
bility as measured in the deep mutational scanning, with darker colors indicating decreased stability. F)
Neutralization of conditionally replicativeMA22 virus with destabilizing mutations by the two sera in E.
Each point is the mean of two technical replicates.
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3.4 Discussion

The extent to which pleiotropic conflicts constrain evolution of H3N2HA has remained unclear. Here,
we measured the effects of all amino acid mutations to a recent H3 HA on cell entry, acid stability, and
neutralization by serum antibodies. Interpreting these effects in the context of HA’s natural evolution
reveals that recent H3N2 evolution has alleviated constraints on cell entry through epistasis, but some
antigenic mutations with no effect on cell entry remain highly constrained because they pleiotropically
decrease acid stability.

Other studies have reported epistatic entrenchment to be commonwith respect to the impact ofHA
mutations within the receptor binding pocket on viral replication [184, 181, 179, 93, 97]. Our work also
finds that HA mutations in the receptor binding pocket have become entrenched with respect to their
effects on cell entry, but this pattern is observed much less often for HAmutations outside of the recep-
tor binding pocket. Furthermore, epistatic entrenchment with respect to acid stability is absent across
the entireHAduring the timeframewe analyzed, demonstrating how epistasis can be phenotype-specific.
Why might mutation effects on acid stability be less prone to shift due to epistasis? A variety of studies
have found thatmutations to proteins often have roughly additive effects on stability [173, 191], and epista-
sis at the level of function tends to arise from the non-linear relationship between stability and function
rather than underlying epistasis in the effects of mutations on stability [54, 12]. In contrast, the recep-
tor binding pocket involves a network of amino acid residues positioned so that their side chains interact
with sialic acid via hydrogen bonds and other non-covalent contacts. Mutations at one site can alter these
interactions in ways that modify the effects of changes at interacting sites [184, 181, 179, 93, 161, 97], pro-
viding a structural basis for extensive epistasis with respect to cell entry. In a more abstract view, acid
stability could represent a single underlying “global” biophysical property that is less influenced by epis-
tasis [121, 110], whereas cell entry is a higher order phenotype that involves several underlying properties
(e.g., receptor-binding, protein stability, andmembrane fusion). There is evidence for other proteins that
mutations often have additive effects on underlying biophysical properties, and epistasis in higher-order
phenotypes often arises simply from their non-linear dependence on underlying molecular properties
[121, 138, 137, 110].

Our deep mutational scanning shows that there are sites outside classically defined antigenic regions
wheremutations strongly escape serumantibodyneutralizationbut also destabilizeHA (e.g. sites 165, 205,
220, and 229). Interestingly, these sites are highly conserved and located in the trimer interface. While
non-neutralizing anti-H3 and neutralizing anti-H7 antibodies targeting this region have been described
[192, 164, 170, 7], to our knowledge, humans have not been shown to possess neutralizing anti-H3 trimer
interface antibodies. While it is unclear how these mutations reduce serum antibody neutralization, we
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speculate there are two possible mechanisms. These mutations could abrogate binding of antibodies
that directly target the trimer interface, nearby epitopes, or across protomers [70]. Alternatively, the
destabilizing effect could accelerate membrane fusion, a previously reported strategy for antibody escape
[20]. In any case, our work suggests antibodies targeting these sites may be particularly difficult to escape
due to strong pleiotropic constraints on destabilizing mutations during HA evolution.

Overall, our study highlights how mutations to HA often have pleiotropic effects. The extent to
which pleiotropic constraints can be alleviated by epistasis differs across phenotypes: for example, con-
straints on cell entry appear more readily alleviated than constraints on acid stability in recent H3N2
influenza HA evolution. Whether these constraints similarly shape the evolution of other H3N2 strains
and influenza subtypes remains to be determined. A deeper understanding of how pleiotropy and epista-
sis shape HA evolution will be useful for forecasting viral evolution and designing therapeutics that are
resistant to viral escape.
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3.5 Supplementary Material



60

Figure 3.5: Pseudovirus deep mutational scanning of influenza hemagglutinin. See full caption on
next page.
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Pseudovirus deep mutational scanning of influenza hemagglutinin. A)Diagram of the lentiviral
genome used to produce genotype-phenotype-linked pseudovirus libraries for deepmutational scanning.
The genome is flanked by long terminal repeat (LTR) sequences, with the typical 3’ LTRdeletion repaired
so the lentiviral genome can be transcribed after integration. A zsGreen reporter and a puromycin resis-
tancemarker are constitutively expressed from aCMVpromoter. Expression of theHAgene is regulated
by a doxycycline inducible TRE3GS promoter. PacBio sequencing is performed to map each barcode to
an HA mutant. Then, effects of HA mutations can be quantified by Illumina sequencing the barcodes.
B) Schematic of the “two-step” method for generating genotype-phenotype-linked pseudovirus libraries
described in Dadonaite et al. [29, 26]. In the first step, a plasmid library encoding the lentiviral genomes
with the HA mutants is co-transfected into HEK293T cells alongside three lentiviral helper plasmids
(tat, rev, gagpol), a plasmid expressing a strain-matched neuraminidase (NA), and a plasmid expressing
the glycoprotein from vesicular stomatitis virus (VSV-G). This results in pseudoviruses that encode HA
mutants within their genomes but express VSV-G andNAon their surfaces. TheNA ensuresHA expres-
sion does not prevent virions from detaching from producing cells. These VSV-G pseudotyped viruses
are transduced into a HEK293T-rtTA cell line at lowMOI to ensure most infected cells integrate a single
lentiviral genome, and puromycin is used to select for integrated cells. In the second step, helper plasmids,
a plasmid expressing NA, and a plasmid expressing the HA-activating human airway trypsin-like (HAT)
protease are co-transfected into the integrated cells. Doxycycline is added at this step to induceHAexpres-
sion. This results in genotype-phenotype-linked HA-pseudotyped pseudoviruses. These pseudoviruses
can undergo a single round of cell entry, but are not fully infectious agents as they do not encode the
genes needed to undergomultiple rounds of replication. C)Number of barcodes andmutation coverage
in the two pseudovirus library replicates. In this table, “%mutations present” indicates the percentage of
allHA ectodomain amino-acidmutations found in at least one of the barcoded variants. D)Distribution
of the number of HA amino-acid mutations per variant in the two pseudovirus library replicates. Most
variants contain a single mutation.
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Figure 3.6: Mutation effects on HA-mediated cell entry. Each tile represents a mutation at an HA
site, colored by the effect of that mutation on entry into MDCK-SIAT1 cells. Red indicates impaired
entry, white indicates no effect, and blue indicates improved entry. To visualize these mutation effects in
the context of the HA structure, see Figure 3.1B. Tiles with an ‘X’ denote the amino acid identity in the
unmutated MA22 strain. Empty gray tiles indicate mutations that were either missing from the library
or lacked a reliable cell entry measurement. See https://dms-vep.org/Flu_H3_Massachusetts2
022_DMS/cell_entry.html for an interactive version of this heatmap.

https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/cell_entry.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/cell_entry.html
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Figure 3.7: Correlations of mutation effects measured by deep mutational scanning. A) Correla-
tion of the effects of HA mutations on cell entry between the two pseudovirus library replicates. Each
point represents the effect of a different mutation as measured in each replicate. Two technical replicates
were performed for each of the two libraries, and the two panels show correlations between the two in-
dependent libraries for each technical replicate. Throughout this paper, we report the median effect of
mutations across the four replicates. B) Correlation of the effects of HA mutations on acid stability be-
tween the two pseudovirus library replicates. Note that there are fewer mutations with measured effects
on stability because we can only measure stability for mutations with at least some cell entry. C) Most
mutations forwhich itwas not possible tomakemeasurements of acid stability correspondingly have very
poor cell entry. The center line shows the median effect on cell entry, the box indicates the interquartile
range, and the whiskers extend 1.5 x interquartile range beyond the first and third quartiles. D) Correla-
tion between effects of mutations on cell entry and effects of mutations on acid stability. These effects
of mutations on these two phenotypes are only weakly correlated.
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Figure 3.8: Validation of mutation effects on cell entry and acid stability with conditionally
replicative influenza virions. See full caption on next page.
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Validation of mutation effects on cell entry and acid stability with conditionally replicative
influenza virions. A) Diagram of a conditionally replicative PB1flank-eGFP influenza virus genome.
The PB1 gene is replaced with an eGFP and the remaining segments besides HA are derived from a lab-
adapted A/WSN/1933 strain. These viruses can be rescued by reverse genetics, can only replicate in cells
that express PB1, and are safe to use at biosafety-level 2. B) Titers of conditionally replicative virions car-
rying single amino acid mutations in theMA22HA that were present in the supernatant after virus pro-
duction by reverse genetics. Each point in the plot is the mean of four titer measurements, two technical
replicates from the same virion rescue stock and twobiological replicate stocks rescued from independent
plasmid preparations. C) Correlation between the titers of conditionally replicative virions carrying sin-
gle amino acid mutations to theMA22HA (shown in B) and the effects of those mutations on cell entry
measured by deep mutational scanning. D) The fraction infectivity retained after treating conditionally
replicative virionswith the indicatedMA22HAmutationswith either neutralmedia or acidic pHbuffers.
The fractions are normalized to the infectivity in the neutral condition. Each point is the mean of two
technical replicates performed on different days. The effect of eachmutant on acid stability measured by
deepmutational scanning is included on the right, and generally tracks with the pH sensitivity measured
in the validation assay.
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Figure 3.9: Mutation effects on HA acid stability. Each tile represents a mutation at an HA site,
colored by the effect of that mutation onHA acid stability. Purple indicates decreased stability, white in-
dicates no effect, and green indicates increased stability. To visualize these mutation effects in the context
of theHA structure, see Figure 3.2C. Tiles with an ‘X’ denote the amino acid identity in the unmutated
MA22 strain. Dark gray tiles indicate mutations that are too deleterious for cell entry to reliably measure
their effect on acid stability, while light gray tiles indicate mutations that were missing (not measured) in
the library. See https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/acid_stability
.html for an interactive version of this heatmap.

https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/acid_stability.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/acid_stability.html
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Figure 3.10: Evolutionary dynamics at sites 159, 160, and 195 in human H3N2 HA.Muller diagram
showing all combinations of amino acids observed at sites 159, 160, and 195 since 2018 in the evolution
of the HA from human H3N2 influenza. Haplotypes that reach a frequency >20% at some timepoint
are colored according to the key, while other haplotypes are colored gray. Y159N and T160I only arise to
fixation in the background of 195F, and this triple mutant lineage (yellow) eventually outcompetes the
lineage containing 195F alone (light green).
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Figure 3.11: Conservation at HA sites with destabilizing mutations. A) Correlation between the
Shannon entropy at each HA site in an alignment from a subsampled tree of natural human H3N2 evo-
lution since 1968 and the mean effect on acid stability of all mutations at each HA site as measured by
deep mutational scanning. Most sites with many mutations that destabilize HA are strongly conserved,
with exceptions labeled. B) Heatmap of all mutation effects on acid stability at sites labeled in A. The
‘X’ indicates the amino acid in the unmutated MA22 HA, and squares boxed in yellow indicate amino
acids that increased in frequency during natural evolution. At sites with many destabilizing mutations,
natural evolution exclusively samples only the (relatively rare) amino-acid identities that do not destabi-
lize HA. C) Frequencies over time (the x-axis indicates year) of amino acids observed in natural human
H3N2 sequences at the sites labeled in A. D) Correlation between mutation effects on acid stability and
cell entry at sites 219 and 223. Mutations are colored by biochemical group.
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Figure 3.12: Mapping the effects of HA mutations on neutralization by human sera using deep
mutational scanning. See full caption on next page.
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Mapping the effects of HA mutations on neutralization by human sera using deep mutational
scanning. A)We incubated the pseudovirusHA library with increasing concentrations of serum, then
infectedMDCK-SIAT1 cells and sequenced the barcodes of pseudoviruses thatwere still able to enter cells
after serum treatment. To quantify mutation effects on antigenicity, we compared these barcode counts
to those of pseudoviruses that were not incubated with serum, which served as an infection baseline; a
neutralization standard is used to convert these counts into fraction infectivity at each serum concentra-
tion (Methods) [29, 26]. The mutation effects we report are the median of two biological replicates. B)
The sum of mutation effects on escape at each site in HA for four human sera. Figure 3.4A shows these
four plots overlaid. See https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/sera_neu
tralization.html for a version of these lineplots that is interactive, along with interactive heatmaps
that show how individual mutations affect sera neutralization. C) Mutation-level escape and sensitiza-
tion at key sites that are highlighted in Figure 3.4A for the four sera. The X’s indicate the amino acid
in the unmutated MA22 strain. Tiles that are more blue indicate mutations that escape sera, while tiles
that are more red indicate mutations that have a sensitizing effect. D) HA structures (Protein Data Bank
4O5N) showing antigenic regions and locations of key sites of escape or sensitization that are highlighted
in Figure 3.4A.

https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/sera_neutralization.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/sera_neutralization.html
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Figure 3.13: Validation ofmutation effects on serum neutralizationwith conditionally replicative
influenza virions. See full caption on next page.
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Validation of mutation effects on serum neutralization with conditionally replicative in-
fluenza virions. A) Neutralization of conditionally replicative influenza virions with the MA22 HA
carrying the indicated mutations (S205Y, N165H, R220T, R229I, S145N, K189E, and K140I) by four hu-
man sera collected in 2023. Each point is themean of two technical replicates. A subset of these curves are
shown in Figure 3.4C, Figure 3.4F, and Figure 3.13D. B) Correlation between the antigenic effect of
mutations measured by deep mutational scanning and the change in IC50measured by the independent
neutralization assay in A. C)Neutralization for 78 vaccine or circulatingH3N2 strains between 2012 and
2023 by the four sera, as measured in Kikawa et al. [78]. The points are the median of two or three bar-
coded replicates and are stratified by whether or not the strain includes a K or I at site 140. The black line
indicates the median NT50. Two of the sera have higher titers against strains with 140I, consistent with
K140I being a sensitizing mutation for these sera. There are three recent strains that contain S145N that
escape SCH23-y2009-s007, consistent with this being an escape mutation from this sera. D) Logoplots
displaying single nucleotide accessible mutations from MA22 HA with positive escape at the key sites
highlighted red in Figure 3.4A for two sera. The height of each letter is proportional to the escape from
the indicated serum as measured by deep mutational scanning. Each mutation is colored by its effect on
HA acid stability as measured in the deep mutational scanning, with darker colors indicating decreased
stability. The logoplots and neutralization curves for the other two seramapped by deepmutational scan-
ning are shown in Figure 3.4E and Figure 3.4F. In the neutralization curves, each point is the mean of
two technical replicates.
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Figure 3.14: Sites within receptor binding pocket and antigenic regions.
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3.6 Methods

Cell lines and media

The following cell lines were used: 293T (ATCC, CRL-3216), 293T-rtTA (from Dadonaite et al. [29]),
293T-CMV-PB1 (from Bloom et al. [11]), MDCK-SIAT1 (HPA Cultures, 05071502), MDCK-SIAT1-
CMV-PB1 (from Bloom et al. [11]), andMDCK-SIAT1-CMV-PB1-TMPRSS2 (from Lee et al. [91]).

All cell lines were maintained in D10 media (Dulbecco’s Modified Eagle Medium supplemented
with 10% heat-inactivated fetal bovine serum, 2 mM l-glutamine, 100 U/mL penicillin, and 100 μg/mL
streptomycin). To suppress rtTA activation, 293T-rtTA cells were grown in tet-free D10, which is made
with tetracycline-negative fetal bovine serum (Gemini Bio, Ref. No. 100-800) instead. For virus rescue
and infection with HA expressing pseudovirus libraries and conditionally replicative influenza viruses,
we used Influenza Growth Media (IGM, Opti-MEM supplemented with 0.01% heat-inactivated fetal
bovine serum, 0.3% bovine serum albumin, 100 μg/mL of calcium chloride, 100 U/mL penicillin, and
100 μg/mL streptomycin) or Neutralization Assay Media (NAM, Medium-199 supplemented with
0.01% heat-inactivated fetal bovine serum, 0.3% bovine serum albumin, 100 μg/mL calcium chloride, 100
U/mL penicillin, 100 μg/mL streptomycin, and 25 mMHEPES).

Plasmids and primers

Plasmid maps can be found at: https://github.com/dms-vep/Flu_H3_Massachusetts2022_
DMS/tree/main/data/supplemental_data/plasmids
Primer sequences can be found at: https://github.com/dms-vep/Flu_H3_Massachusetts202
2_DMS/tree/main/data/supplemental_data/primers

Human sera

Human sera samples were obtained from Seattle Children’s Hospital during routine blood draws from
children receiving medical care in December 2023. This was approved by the Seattle Children’s Hospital
Institutional Review Board with a waiver of consent. Sera samples were treated with receptor-destroying
enzyme (RDE) and heat-inactivated to remove non-specific inhibitors prior to use in deep mutational
scanning library selections and neutralization assays. RDE was prepared by resuspending one vial of
lyophilized RDE II (Seikan) in 20 mL PBS and filtering through a 0.22 μM filter. Sera and RDE were
combined at a 1:3 sera to RDE ratio, incubated at 37℃ for 2.5 hours, and then incubated at 55℃ for 30
minutes [90]. RDE-treated sera were stored at -80C until further use.

https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/tree/main/data/supplemental_data/plasmids
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/tree/main/data/supplemental_data/plasmids
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/tree/main/data/supplemental_data/primers
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/tree/main/data/supplemental_data/primers


75

Design of deep mutational scanning libraries

We used a lentiviral backbone that is schematized in Figure 3.5A [29]. The libraries were designed in
the background of the A/Massachusetts/18/2022HA, which was the 2024-2025 cell-based vaccine strain.
The HA gene was codon-optimized via the GenSmart codon optimization tool offered by GenScript, as
we found this codon optimization increases viral titers. The plasmidmap for the lentiviral backbonewith
codon-optimized HA sequence is at: https://github.com/dms-vep/Flu_H3_Massachusetts2
022_DMS/blob/main/data/supplemental_data/plasmids/4570_pH2rU3_ForInd_Massach
usetts2022HA_GenscriptV1_T7_CMV_ZsGT2APurR.gb. We aimed to include all single amino acid
mutations in theHAectodomain (H3numbering: 1-504). 20 stop codons located at alternating positions
from the start of the ectodomain were also included as negative controls for cell entry measurements. We
ordered a site-saturation variant library with these specifications fromTwist Biosciences. The final Twist
quality control report for the library is at: https://github.com/dms-vep/Flu_H3_Massachuse
tts2022_DMS/blob/main/data/supplemental_data/Final_QC_Twist_VariantProportio
n.csv

Cloning of deep mutational scanning plasmid library

Wecloned the deepmutational scanningplasmid libraries following an approachfirst described inDadon-
aite et al. [29]. Barcoding PCR was performed using the Twist library as template to append random 16
nucleotide barcodes downstream of the HA gene stop codon. 5 ng of Twist library (1 μL) was combined
with 1.5 μL of ForInd_AddBC_2 primer (10 μM), 1.5 μL of 5’for_lib_bcing primer (10 μM), 21 μL of
molecular biology gradewater, and 25 μL ofKODHot StartMasterMix (ThermoFisher, Ref. No. 71842-
4). The PCR cycling conditions were:
1. 95℃, 2 min
2. 95℃, 20 sec
3. 55.5℃, 20 sec, cooling at 0.5℃/sec
4. 70℃, 1 min
5. Return to Step 2, 9 cycles
6. 12℃ hold

The barcoding was performed in two independent reactions, yielding two barcoded PCR products
to serve as biological library replicates (libraries A and B). Therefore, the two libraries contain unique bar-
codes, and all subsequent cloning and virus generation steps were carried out separately for each library.

The lentiviral backbone was digested from a plasmid containing mCherry in place of the HA insert
(3137_pH2rU3_ForInd_mCherry_CMV_ZsGT2APurR) by incubatingwithXbaI andMluI for 2 hours
at 37℃, followed by 20 minutes at 65℃ to inactivate XbaI.

https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/blob/main/data/supplemental_data/plasmids/4570_pH2rU3_ForInd_Massachusetts2022HA_GenscriptV1_T7_CMV_ZsGT2APurR.gb
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/blob/main/data/supplemental_data/plasmids/4570_pH2rU3_ForInd_Massachusetts2022HA_GenscriptV1_T7_CMV_ZsGT2APurR.gb
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/blob/main/data/supplemental_data/plasmids/4570_pH2rU3_ForInd_Massachusetts2022HA_GenscriptV1_T7_CMV_ZsGT2APurR.gb
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/blob/main/data/supplemental_data/Final_QC_Twist_VariantProportion.csv
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/blob/main/data/supplemental_data/Final_QC_Twist_VariantProportion.csv
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/blob/main/data/supplemental_data/Final_QC_Twist_VariantProportion.csv
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Both the barcodedHA libraries and digested lentiviral backbone were run on a 0.8% agarose gel, and
bands of the expected size were excised and purified using the NucleoSpin Gel and PCR Clean-up kit
(Macherey-Nagel, Cat. No. 740609.5) followed by additional purificationwithAmpureXP beads (Beck-
man Coulter, Cat. No. A63881) to ensure high purity. All were eluted in molecular biology grade water.

BarcodedHA librarieswere cloned into the lentiviral backbone at a 1:2 insert to vector ratio in a 1 hour
Hifi assembly reaction using the NEBuilder HiFi DNAAssembly kit (NEB E5520S). The Hifi reactions
were purifiedwithAmpureXPbeads and eluted inmolecular biology gradewater, then transformed into
10-beta electrocompetent cells (NEB, Cat. No. C3020K) using a BioRad MicroPulser Electroporator
(Cat. No. 1652100), shocking at 2 kV for 5 milliseconds. 15 electroporation reactions were performed for
each library and bacteria were plated on 15 cm LB+ampicillin plates and grown overnight at 37℃. The
next day, colonies were scraped with LB+ampicillin and plasmids were extracted using the QIAGEN
HiSpeed Plasmid Maxi Kit (Cat. No. 12662). The total number of colonies for Library A and B were
8.4e6 and 7.5e6 CFU’s respectively. Large numbers of colonies at this stage are necessary to ensure library
diversity does not become bottlenecked.

Based on the Twist quality control report, 35 sites were missing >75% of mutations and 19 mutations
at other sites were missing in the library. Therefore, we aimed to clone a “spike-in” plasmid library that
contains these missing mutations using a mutagenesis PCR protocol24,69. We designed NNS primers
for missing sites with https://github.com/jbloomlab/CodonTilingPrimers and primers for
missing mutations with https://github.com/jbloomlab/TargetedTilingPrimers. Forward
and reverse primer poolswere createdby combining either forwardor reverseNNSand targetedmutation
primers at an equal molar ratio per codon. To prepare a linear HA template for mutagenesis PCR, the
lentiviral backbone plasmid encoding the codon-optimized HA was incubated with NotI and NdeI for
2 hours at 37℃, followed by 20 minutes at 65℃ to inactivate both enzymes. The digest product was run
on a 0.8% agarose gel, and the band corresponding to the linear HA fragment was purified.

The protocol for mutagenesis involves two reactions: a mutagenesis PCR and a joining PCR. Two
separate replicates were performed to form biological library replicates (spike-in libraries A and B) as was
done for the Twist libraries. The first mutagenesis PCR was divided into forward and reverse reactions.
Both forward and reverse reactions shared the following PCR conditions: 4 μL of linear HA template
(3 ng/μL), 8 μL of molecular biology grade water, and 15 μL of KOD Hot Start Master Mix. 1.5 μL of
the forward primer pool (5 μM) and 1.5 μL of 3’rev_linjoin_KHDC primer (5 μM) were added to the
forward reaction. 1.5 μL of the reverse primer pool (5 μM) and 1.5 μL of VEP_Amp_For primer (5 μM)
were added to the reverse reaction. The PCR cycling conditions were:
1. 95℃, 2 min
2. 95℃, 20 sec

https://github.com/jbloomlab/CodonTilingPrimers
https://github.com/jbloomlab/TargetedTilingPrimers
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3. 70℃, 1 sec
4. 54℃, 20 sec, cooling at 0.5℃/sec
5. 70℃, 50 sec
6. Return to Step 2, 9 cycles
7. 4℃ hold

The forward and reverse mutagenesis PCR products were diluted 1:4 in molecular biology grade
water and 4 μL of each were added to the joining PCR reaction along with the following: 1.5 μL of
3’rev_linjoin_KHDC primer (5 μM), 1.5 μL of VEP_Amp_For primer (5 μM), 4 μL of molecular biol-
ogy grade water, and 15 μL of KODHot Start Master Mix. The PCR cycling conditions were:
1. 95℃, 2 min
2. 95℃, 20 sec
3. 70℃, 1 sec
4. 54℃, 20 sec, cooling at 0.5℃/sec
5. 70℃, 65 sec
6. Return to Step 2, 19 cycles
7. 4℃ hold

A DpnI digest was performed afterwards to remove any potential unmutated HA template (which
would bemethylated) by incubating the joining PCRproducts withDpnI for 20minutes at 37℃. DpnI-
digested joiningPCRproductswere runon a 0.8% gel and the expected bandswere excised andpurified as
described above. ThemutagenizedHA fragments were barcoded and cloned into the lentiviral backbone
following the same approach described above for the Twist library. However, spike-in plasmids were
extracted using the QIAprep SpinMiniprep Kit (Qiagen, cat. no. 27104) instead of via maxipreps.

Corresponding replicates of the Twist plasmid libraries and spike-in plasmid libraries were combined
at a 1:4 Twist to spike-inmolar ratio per codon, with the spike-in library intentionally added at four times
the amount required for an equal per-codon molar ratio because long-read PacBio sequencing of the
plasmid libraries revealed this ratio results in the most even distribution of mutants in the combined
libraries.

Production of cell-stored deep mutational scanning libraries

Deep mutational scanning requires genotype-phenotype linked pseudoviruses. The rationale for
this is described in detail in the caption of Figure 3.5B. We generated cell-stored deep mutational
scanning libraries where each cell is integrated with a single copy of a barcoded HA mutant to en-
able rescue of genotype-phenotype linked pseudoviruses [29, 26]. 15cm plates were plated with ~20
million 293T cells. On the next day, each plate was transfected with 12.5 μg of plasmid library en-
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coding the lentiviral backbone with barcoded HA mutants, 3.125 μg of each lentiviral helper plasmid
(26_HDM_Hgpm2, 27_HDM_tat1b, and 28_pRC_CMV_Rev1b), 3.125 μg of plasmid expressing
VSV-G (29_HDM_VSV_G), and 3.125 μg of plasmid expressing a strain-matched codon-optimized
neuraminidase gene (4576_HDM_Massachusetts2022NA_Genscript). BioT transfection reagent (Bi-
oland Scientific, Cat. No. B01-02) was used according to manufacturer’s instructions. Note the NA
is important because the virions produced here will also have HA expressed on their surface from the
lentiviral backbone. The NA expression prevents HA from binding to producing cells, as this binding
could bias the library since the HA mutants will have different abilities to bind to sialic acids on the
producing 293T cells. 48 hours post transfection, the supernatant was filtered through a 0.45 μm syringe
filter (Corning, Cat. No. 431220) and stored at -80°C. 4 x 15cm plates were transfected with each library
replicate, resulting in ~100 ml of VSV-G pseudotyped library viruses. An aliquot of these viruses was
used to infect 293T cells, and the titer in transcription units (TU) per mL was determined by measuring
the percentage of zsGreen positive cells via flow cytometry.

The VSV-G pseudotyped library viruses were used to infect 293T-rtTA cells at a multiplicity of in-
fection (MOI) of 0.7% to ensure each cell integrates at most one copy of provirus. The MOI was con-
firmedbymeasuring the percentage of zsGreen positive cells via flow cytometry at 48 hours post transduc-
tion. Based on the measured MOI and number of cells present during infection, cells were pooled such
that each library would contain an estimated 60,000 infected cells. This number was chosen to be high
enough to ensure each mutant is associated with multiple barcodes to increase measurement accuracy
(for ~10,000 mutants, each mutant would have ~6 barcodes), while also being low enough that it would
be possible to measure all variants given our pseudovirus titers in selection experiments. Note the final
numbers ended up being close to this target: 64,032 for library A and 70,581 for library B (Figure 3.5C).
Integrated cells were selected by growing in the presence of 0.75 μg/mL of puromycin for 1 week (fresh
media with puromycin was replenished every 48 hours). After selection was complete, integrated cells
were expanded in tet-free D10 for 24 hours and then frozen down in liquid nitrogen in 2e7 cell aliquots
for long-term storage.

Rescue of HA and VSV-G expressing pseudovirus libraries

To rescue HA expressing pseudoviruses from the integrated cells, 150 million cells were plated in 5-layer
flasks in tet-free D10 supplemented with 1 μg/mL of doxycycline to induce HA expression from the
integrated genomes. On the next day, each flask was transfected with 43.75 μg of each helper plasmid
(26_HDM_Hgpm2, 27_HDM_tat1b, and 28_pRC_CMV_Rev1b), 15 μg of plasmid expressing human
airway trypsin-like protease (3781_HDM_HAT) to activateHA formembrane fusion, and 3.75 μg of plas-
mid expressing NA (4576_HDM_Massachusetts2022NA_Genscript). BioT transfection reagent was



79

used according to manufacturer’s instructions. At 16 hours post transfection, the tet-free D10 in each
flask was aspirated and 150mL of IGM supplemented with 1 μg/mL of doxycycline was added. This swap
to low-serummedia is absolutely necessary because non-specific inhibitors in FBS can inactivate HA and
interfere with pseudovirus infection. At 32 hours post media swap, the supernatant was filtered through
a 0.45μm SFCA Nalgene 500 mL Rapid-Flow filter unit (Cat. No. 09-740-44B). Filtered supernatant
was then concentrated by adding LentiX Concentrator (Takara, Cat. No. 631232) at a 1:3 virus to con-
centrator ratio, incubating at 4°C overnight, and spinning at 1500 x g and 4°C for 45 minutes. Following
centrifugation, supernatant was discarded and viral pellets resuspended in NAM to an estimated titer of
~2e6 TU/mL. 1 mL aliquots of concentrated HA expressing pseudoviruses were frozen at -80°C for use
in downstream selection experiments.

To rescue VSV-G expressing pseudoviruses from integrated cells, 30 million cells were plated in 10
cm plates in tet-free D10. On the next day, each plate was transfected with 7.3125 μg of each helper
plasmid (26_HDM_Hgpm2, 27_HDM_tat1b, and 28_pRC_CMV_Rev1b), 0.75 μg of plasmid express-
ing NA (4576_HDM_Massachusetts2022NA_Genscript), and 7.3125 μg of plasmid expressing VSV-G
(29_HDM_VSV_G). At 48 hours post transfection, the supernatant was filtered through a 0.45μm
SFCA Nalgene 500 mL Rapid-Flow filter unit and concentrated using LentiX Concentrator but viral
pellets were resuspended in D10. Aliquots of concentrated VSV-G expressing pseudoviruses were frozen
at -80°C for use in linking mutations to barcodes and cell entry selection experiments.

Long-read sequencing to link mutations to barcodes

1e6 293T cells were plated in eachwell of 6-well plates coatedwith poly-L-lysine to helpwith cell adhesion.
On the next day, 15 million TU’s of VSV-G expressing pseudoviruses that were rescued from cell-stored
deep mutational scanning libraries were used to infect the cells. At 12 hours post infection, the non-
integrated reverse-transcribed lentiviral genomes were recovered by miniprepping the 293T cells using
the QIAprep SpinMiniprep Kit.

Amplicons for long-read sequencing of the miniprepped genomes were prepared by following an
approach described in Dadonaite et al. [29]. Briefly, the eluted minipreps were split into two separate
reactions so each could be uniquely tagged for detecting strand exchange events from the PCR. The
number ofPCRcycleswas chosen intentionally to limit thepossibility of strand exchange. Both reactions
shared the following PCR conditions: 20 μL of KODHot Start Master Mix and 18 μL of miniprepped
DNA. 1 μL of 5_PacBio_G primer (10 μM) and 1 μL of 3_PacBio_C primer (10 μM) were added to the
first reaction. 1 μL of 5_PacBio_C primer (10 μM) and 1 μL of 3_PacBio_G primer (10 μM) were added
to the second reaction. The PCR cycling conditions were:
1. 95℃, 2 min
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2. 95℃, 20 sec
3. 70℃, 1 sec
4. 60℃, 10 sec, cooling at 0.5℃/sec
5. 70℃, 60 sec
6. Return to Step 2, 7 cycles
7. 70℃, 1 min
8. 4℃ hold

The round 1 PCR products were purified with 50 μL of Ampure XP beads and eluted in 35 μL of
elution buffer. For each library, equal volumes of the two separate round 1 PCR reactions were pooled.
The round 2 PCR reactions contained: 25 μL of KOD Hot Start Master Mix, 21 μL of pooled round
1 product, 2 μL of 5_PacBio_Rnd2 primer (10 μM) and 2 μL of 3_PacBio_Rnd2 primer (10 μM). The
PCR cycling conditions were:
1. 95℃, 2 min
2. 95℃, 20 sec
3. 70℃, 1 sec
4. 60℃, 10 sec, cooling at 0.5℃/sec
5. 70℃, 1 min
6. Return to Step 2, 10 cycles
7. 70℃, 1 min
8. 4℃ hold

The round 2 PCR products were purified with 50 μL of Ampure XP beads and eluted in 40 μL
of elution buffer. PCR reactions for each library were combined and amplicon length was verified by
TapeStation prior to sequencing. Libraries were sequenced on a single SMRT cell with a movie length
of 30 hours on a PacBio Sequel IIe sequencer. For details on computational analysis, see the ‘PacBio
sequencing analysis’ section.

Mutation effects on cell entry

Tomeasure effects of HAmutations on cell entry, we followed the approach described inDadonaite et al.
[29]. Briefly, we infected MDCK-SIAT1 cells with the HA expressing pseudovirus library and infected
293T cells with the VSV-G expressing pseudovirus library. The VSV-G expressing library is necessary to
provide a baseline for infection as VSV-G can mediate cell entry without relying on HA. We used 293T
cells for VSV-G infection because titers of VSV-G expressing pseudoviruses are higher when infecting
293T cells compared toMDCK-SIAT1 cells.

1e6 293T cells in D10 or 7e5 MDCK-SIAT1 cells in NAM were plated in each well of 6-well plates.
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2.5 μg/mL of amphotericin B was added to the MDCK-SIAT1 cells when plating as this improves HA
pseudovirus titers. On the next day, we infected the MDCK-SIAT1 cells with ~1.2e6 TU’s of HA pseu-
dovirus library and the 293T cells with ~8e6 TU’s of VSV-G pseudovirus library. Prior to infection, the
HApseudovirus librarywas treatedwith 500 nMof oseltamivir for 20minutes on ice to inhibitNA from
interfering with cell entry. Note infections with the HA pseudovirus library must be done in NAM, as
the serum in D10 contains non-specific inhibitors that inhibit H3 infection.

At 12 hours post infection, the non-integrated reverse-transcribed lentiviral genomes were recovered
by miniprepping the 293T and MDCK-SIAT1 cells. To prepare the amplicons for Illumina sequencing,
two rounds of PCRwere performed: the first round appends the Illumina Truseq Read 1 and Read 2 se-
quences, and the second round attaches indices formultiplexing. TheRound 1 PCR reactions contained:
22 μL of minipreppedDNA, 25 μL of KODHot StartMasterMix, 1.5 μL of Illumina_Rnd1_For primer
(10 μM), and 1.5 μL of Illumina_Rnd1_Rev3 primer (10 μM). The PCR cycling conditions were:
1. 95℃, 2 min
2. 95℃, 20 sec
3. 70℃, 1 sec
4. 58℃, 10 sec, cooling at 0.5℃/sec 5. 70℃, 20 sec
5. Return to Step 2, 27 cycles
6. 70℃, 1 min
7. 4℃ hold

Round 1 PCRproductswere purifiedwith 150 μLofAmpureXPbeads and eluted in 50μLof elution
buffer. Concentrations of each PCR product were determined by Qubit 4 Fluorometer (ThermoFisher,
Ref. No. Q33238). The Round 2 PCR reactions contained: 20 ng of Round 1 PCR product, 25 μL of
KODHot StartMasterMix, 2 μL of each of theRound 2 indexing primers (10 μMeach), and up to 25 μL
of molecular biology grade water. The same PCR cycling conditions as Round 1 were used, except only
20 cycles were performed. Concentrations of each round 2 PCR product were determined by Qubit 4
Fluorometer. The samples were then pooled in equal DNA amounts and run on a 1% agarose gel. The
correct size band (283 bp) was excised, purified with Ampure XP beads, diluted to a concentration of 4
nM, and sequenced on a Illumina NextSeq 2000 (with P2 reagent kit) or NovaSeq X Plus system. For
details on how sequencing counts were converted to mutation effects on cell entry, see the ‘Illumina
sequencing barcode analysis’ section.

Mutation effects on acid stability

Tomeasure effects of HAmutations on acid stability, we followed the approach in Dadonaite et al. [26].
Briefly, we incubated theHApseudovirus library in different acidic pHbuffers prior to infectingMDCK-
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SIAT1 cells. We also included a condition where the HA pseudovirus library was incubated with neutral
pHmedia prior to infection.

7e5 MDCK-SIAT1 cells in NAM were plated in each well of 6-well plates. 2.5 μg/mL of ampho-
tericin Bwas added to theMDCK-SIAT1 cells when plating. On the next day, aliquots containing ~2.4e6
TU/mL ofHApseudovirus library were incubated with citrate-based acidic buffers at pH 6.1, 5.9, 5.7, 5.5,
5.3 orNAM(neutral pHcondition) for 60minutes at 37℃. After incubation, librarieswere concentrated
with 100k Amicon spin columns (Millipore, UFC910008) by spinning for 15 minutes at 1500 x g, resus-
pending in 11 mL of PBS to neutralize the acidic buffers, and spun down again for 20 minutes at 1500 x g.
The libraries were then resuspended in 2mL ofNAM, treatedwith 500 nMof oseltamivir for 20minutes
on ice to inhibit NA, and used to infect the platedMDCK-SIAT1 cells.

At 12 hours post infection, the non-integrated reverse-transcribed lentiviral genomes were recovered
by miniprepping the MDCK-SIAT1 cells. In the miniprep lysis step where P2 buffer is added, we
spiked in a DNA standard at an amount calculated to be approximately 3% of the recovered lentiviral
DNA (based on the estimated number of non-integrated lentiviral genomes) under normal infection
conditions with no acidic buffer treatment. The rationale for including the DNA spike-in standard is to
enable relative sequencing counts to be converted into absolute quantities of each barcoded pseudovirus
variant, normalized to the standard, across different acidic buffer conditions. This DNA standard is
a plasmid that encodes the lentiviral backbone with a barcoded mCherry gene; the plasmid map is
3068_ForInd_mC_BCs_pool1 and the barcodes are at: https://github.com/dms-vep/Flu_H3_
Massachusetts2022_DMS/blob/main/data/neutralization_standard_barcodes.csv.
Afterwards, amplicons for Illumina sequencing were prepared as described in the previous section. For
details on how sequencing counts were converted to mutation effects on acid stability, see the ‘Illumina
sequencing barcode analysis’ section.

Mutation effects on sera neutralization

To measure effects of HA mutations on sera neutralization, we followed the approach in Dadonaite et
al. [29]. 7e5 MDCK-SIAT1 cells in NAMwere plated in each well of 6-well plates. 2.5 μg/mL of ampho-
tericin B was added to theMDCK-SIAT1 cells when plating. On the next day, aliquots containing ~1.2e6
TU/mL of HA pseudovirus library were treated with 500 nM oseltamivir and incubated with three con-
centrations of sera estimated to span between IC98 and IC98*16. These IC values were determined by a
luciferase-based pseudovirus neutralization assay. Multiple dilutions of sera are necessary for improving
estimation ofmutation effects on sera neutralization. Libraries and sera were incubated for 60minutes at
37℃. After incubation, libraries were used to infect the plated MDCK-SIAT1 cells. At 12 hours post in-
fection, the non-integrated reverse-transcribed lentiviral genomes were recovered by miniprepping with

https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/blob/main/data/neutralization_standard_barcodes.csv
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/blob/main/data/neutralization_standard_barcodes.csv
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the spike-in DNA standard and amplicons for Illumina sequencing were prepared as described in the
previous section. For details on how sequencing counts were converted to mutation effects on sera neu-
tralization, see the ‘Illumina sequencing barcode analysis’ section.

Production of conditionally replicative influenza viruses

Conditionally replicative influenza viruses that lack the PB1 gene were produced by reverse genetics [68,
38]. The native HA sequence was cloned into a bidirectional pHW2000 influenza reverse genetics plas-
mid. The plasmid map for A/Massachusetts/18/2022 HA is 5012_pHW_MA22_HA and the plasmid
map for A/Perth/16/2009 HA is 1442_pHWPerth09_HA. Mutant HA plasmids were cloned by PCR
with partially overlapping primers that contain the mutation of interest, followed by HiFi assembly.
All plasmids were sequence confirmed by Plasmidsaurus. To perform the virus rescue, 5e5 293T-CMV-
PB1 cells and 4e5 MDCK-SIAT1-CMV-PB1-TMPRSS2 cells were plated in D10 in each well of 6-well
plates. On the next day, each well was transfected with 2 μg total of plasmids including: 0.25 μg each
of six reverse genetics plasmids expressing genes fromA/WSN/1933 (30_pHW181_PB2, 32_pHW183_PA,
34_pHW185_NP, 35_pHW186_NA, 36_pHW187_M, and 37_pHW188_NS), 0.25 μg of plasmid that ex-
presses eGFP in place of PB1 (208_pHH_PB1flank_eGFP), and 0.25 μg of HA reverse genetics plasmid.
At 24 hours post transfection, D10 was aspirated and each well was replenished with 2 mL of IGM. At
48 hours post media swap, viral supernatant was spun down for 4 minutes at 845 x g, and aliquots of
clarified supernatant were collected and frozen down at -80°C.

Validation of cell entry effects

Conditionally replicative influenza viruses were serially diluted in NAM in 96-well plates. 5e4 MDCK-
SIAT1-CMV-PB1 cells inNAMwere added to eachwell. Note these cells donot expressTMPRSS2, so the
influenza viruses can only undergo a single cycle of infection. At 16 hours post infection, wells with 1-10%
percent eGFP-positive cells were selected. Precise measurements of the percent of eGFP-positive cells in
these wells were obtained by flow cytometry and viral titers were calculated using a Poisson distribution.

Validation of acid stability effects

1.5e5 MDCK-SIAT1-CMV-PB1 cells in D10 were plated in each well of a 12-well plate. Conditionally
replicative influenza viruses were diluted to a target MOI of 0.5 to 1 (~2 to 10 μL of virus) in 100 μL of
citrate-based acidic buffers at pH 5.7, 5.5, and 5.3 or NAM (neutral pH condition) and incubated for 60
minutes at 37°C. The pH-treated viruses were then brought back to neutral pH by diluting the 100 μL
into 2 mL of NAM. 4 hours after plating theMDCK-SIAT1-CMV-PB1 cells, D10 was aspirated and cells
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were washed with 1 mL of 1X PBS before 2 mL of theNAM-diluted viruses were added. At 16 hours post
infection, the percent of eGFP-positive cells in eachwell was determined by flow cytometry. The fraction
infectivity retained was calculated as the ratio of percent eGFP-positive cells when virus was treated with
acidic pH over the percent eGFP-positive cells when virus was treated with NAM.

Neutralization assays

Sera were serially diluted in NAM in 96-well plates. Conditionally replicative influenza viruses were di-
luted to a target MOI that falls within a range where the fluorescence signal would change linearly with
respect to neutralization. The virus and sera dilutionswere incubated for 60minutes at 37°C.Afterwards,
4e4MDCK-SIAT1-CMV-PB1 cells were added to each well. At 16 hours post infection, the fluorescence
signal was read on a TecanM1000 plate reader and the fraction infectivity was determined relative to no
serum controls.

PacBio sequencing analysis

PacBio circular consensus sequences (CCSs) were aligned to the HA reference sequence using alignparse
[24]. Consensus sequences for each barcode were determined by requiring at least 3 CCSs per barcode.
See https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/blob/main/result
s/variants/codon_variants.csv for the final barcode-variant table.

For full details on the analysis, see these notebooks for:
- Analyzing the PacBio CCS’s: https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/note
books/analyze_pacbio_ccs.html
- Building PacBio consensus sequences: https://dms-vep.org/Flu_H3_Massachusetts2022_
DMS/notebooks/build_pacbio_consensus.html
- Building the final barcode-variant table: https://dms-vep.org/Flu_H3_Massachusetts2022_
DMS/notebooks/build_codon_variants.html

Illumina sequencing barcode analysis

From the Illumina short-read sequencing data, barcodes were counted by https://jbloomlab.gi
thub.io/dms_variants/dms_variants.illuminabarcodeparser.html and then mutation
effects were calculated using approaches described previously [29, 26] and outlined below.

To convert barcode counts into mutation effects on cell entry, we first calculated functional scores.
Briefly, a functional score for a variant 𝑣 was calculated as

https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/blob/main/results/variants/codon_variants.csv
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/blob/main/results/variants/codon_variants.csv
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/notebooks/analyze_pacbio_ccs.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/notebooks/analyze_pacbio_ccs.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/notebooks/build_pacbio_consensus.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/notebooks/build_pacbio_consensus.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/notebooks/build_codon_variants.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/notebooks/build_codon_variants.html
https://jbloomlab.github.io/dms_variants/dms_variants.illuminabarcodeparser.html
https://jbloomlab.github.io/dms_variants/dms_variants.illuminabarcodeparser.html
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log2

[(
𝑛𝑣post/𝑛𝑤𝑡post

)
/
(
𝑛𝑣pre/𝑛𝑤𝑡pre

)]
where each 𝑛 is a count of barcodes that entered cells. Specifically, 𝑛𝑣post is the count of each variant

in the HA pseudovirus library, 𝑛𝑣pre is the count of each variant in the VSV-G pseudovirus library, 𝑛𝑤𝑡post
and 𝑛𝑤𝑡pre are counts of the unmutated (wildtype) variants in these libraries. Positive functional scores
indicate the variant is better at entering cells relative to the unmutated HA, while negative functional
scores indicate the variant is worse at entering cells relative to the unmutated HA. Since some variants
contain multiple mutations, we used multidms [62] (https://matsengrp.github.io/multidms)
to fit a global epistasis model with a sigmoid function using the functional scores to obtain individual
mutation effects on cell entry. For more details on fitting, see the notebooks under ‘Functional effects of
mutations’ at https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/appendix.html. We
report the medianmutation effect across library replicates and filter for mutations that are seen in at least
two different barcoded variants (averaged across libraries). See https://dms-vep.org/Flu_H3_Ma
ssachusetts2022_DMS/cell_entry.html for interactive visualizations of mutation effects on cell
entry.

To convert barcode counts into mutation effects on acid stability and sera neutralization, we cal-
culated the fraction infectivity of each variant retained at each acidic pH buffer treatment or serum
concentration, normalizing to the counts of spike-in standard barcodes in each condition. We then
fit a biophysical model to these fractional infectivity data using polyclonal [189] (https://jbloom
lab.github.io/polyclonal) to obtain individual mutation effects on acid stability and sera
neutralization. For more details on fitting, see the notebooks under ‘Antibody/serum escape’ and ‘Sta-
bility’ at https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/appendix.html.
We report the average mutation effect across library replicates, and filter for mutations that are seen in
at least two different barcoded variants (averaged across libraries) and have a cell entry score > -3. See
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/acid_stability.html for
interactive visualizations of mutation effects on acid stability, and https://dms-vep.org/Flu_H3_
Massachusetts2022_DMS/sera_neutralization.html for interactive visualizations ofmutation
effects on sera neutralization.

Entropy calculation from natural sequences

The subsampled Nextstrain tree was obtained from Kistler et al. [81]. The subsampling approach
accounts for biases through evenly sampling sequences by year and major geographical region. This
H3N2/HA/60y build is available at https://nextstrain.org/groups/blab/flu/seasonal/
h3n2/ha/60y.

https://matsengrp.github.io/multidms
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/appendix.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/cell_entry.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/cell_entry.html
https://jbloomlab.github.io/polyclonal
https://jbloomlab.github.io/polyclonal
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/appendix.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/acid_stability.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/sera_neutralization.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/sera_neutralization.html
https://nextstrain.org/groups/blab/flu/seasonal/h3n2/ha/60y
https://nextstrain.org/groups/blab/flu/seasonal/h3n2/ha/60y
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We calculate entropy from the amino acid frequencies at a given position. These frequencies are
derived from the number of tips in the Nextstrain tree with a given amino acid, divided by the total
number of tips in theNextstrain tree. For example, consider a site where only two amino acids have been
observed, with X tips of amino acid A and Y tips of amino acid B. The total number of tips in the tree is
N = X + Y. Then, the entropy can be calculated using scipy.stats as: entropy([X/N, Y/N]).

Evolutionary entrenchment analysis

The frequencies of amino acids at different timepoints were obtained from the H3N2/HA/60y
Nextstrain tree. An amino acid was considered fixed if at any timepoint its frequency at a given site was
>95%. Sites were considered inside the receptor binding pocket if they were within 4Å of sialic acid or
previously reported to affect receptor binding [142, 83, 95]. See (Figure 3.14) for the full definition of
receptor binding pocket sites. See https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/en
trenchment.html for an interactive plot of the analysis.

Structural analysis

UCSF ChimeraX v1.8 [108] was used for structural visualizations. All Protein Data Bank accession IDs
used are included in figure legends.

Data availability

Data that have been pre-filtered for quality control criteria are available in CSV format at these links:
- Mutation effects on cell entry and acid stability: https://github.com/dms-vep/Flu_H3_Mass
achusetts2022_DMS/blob/main/results/summaries/Phenotypes.csv
- Mutation effects on sera neutralization: https://github.com/dms-vep/Flu_H3_Massachuse
tts2022_DMS/blob/main/results/summaries/Phenotypes_per_antibody_escape.csv

Raw sequencing data is available under BioProject PRJNA1320726 in the NCBI Sequence Read
Archive.

Code availability

See https://dms-vep.org/Flu_H3_Massachusetts2022_DMS for a collection of interactive
visualizations. Code for reproducing the analysis is at https://github.com/dms-vep/Flu_H3_Ma
ssachusetts2022_DMS and output of the analysis is at https://dms-vep.org/Flu_H3_Massac
husetts2022_DMS/appendix.html.

https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/entrenchment.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/entrenchment.html
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/blob/main/results/summaries/Phenotypes.csv
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/blob/main/results/summaries/Phenotypes.csv
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/blob/main/results/summaries/Phenotypes_per_antibody_escape.csv
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS/blob/main/results/summaries/Phenotypes_per_antibody_escape.csv
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS
https://github.com/dms-vep/Flu_H3_Massachusetts2022_DMS
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/appendix.html
https://dms-vep.org/Flu_H3_Massachusetts2022_DMS/appendix.html
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Chapter 4

Influenza hemagglutinin subtypes have very different sequence
constraints despite sharing extremely similar structures

This chapter presents ongoing work from the following manuscript in preparation:

JennyAhn*, TimothyC. Yu*, BernadetaDadonaite, JesseD. Bloom, Influenza hemagglu-
tinin subtypes have very different sequence constraints despite sharing extremely
similar structures, in preparation.

4.1 Abstract

Hemagglutinins (HA) from different influenza A virus subtypes share as little as ~40% amino acid iden-
tity, yet their protein structures and cell entry function are highly conserved. Here we examine the extent
that sequence constraints on HA differ across three subtypes. To do this, we first use pseudovirus deep
mutational scanning to measure how all mutations to an H7 HA affect its cell entry function. We then
compare these new measurements to previously described measurements of how all mutations to H3
and H5 HAs affect cell entry function. We find that ~40-60% of HA sites display substantially diverged
preferences for different amino acids across the HA subtypes. The sites with the most divergent amino-
acid preferences tend to be buried and have biochemically distinct wildtype amino acids in the different
HA subtypes. We provide an example of how rewiring the interactions among contacting residues has
dramatically shifted which amino acids are tolerated at specific sites. Overall, our results show how pro-
teins with the same structure and function can become subject to very different site-specific evolutionary
constraints as their sequences diverge.
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4.2 Results

4.2.1 Phylogenetic and structural comparison of H3, H5, and H7

The HA proteins of influenza A viruses of different subtypes are highly diverged at the sequence level,
with amino-acid identities among different subtypes ranging from 36% to 80% (Figure 4.1A,B). Here we
focus on HAs from three subtypes: H3, H5, and H7 (Figure 4.1A). H3 and H7 HAs have 47% amino-
acid identity, while the H5HA is more diverged from these other two, with identities of 40% and 43% to
H3 and H7, respectively (Figure 4.1B).

Despite their extensive sequence divergence, H3, H5, and H7 HAs have highly conserved structures
(Figure 4.1C). The root mean square deviations of the structurally aligned backbones of the two HA
polypeptide chains (HA1 and HA2) are within 2.5 angstroms across experimentally determined struc-
tures of HAs from the three subtypes (Figure 4.1C), although there is some modest shift in the relative
orientation of HA1 and HA2 (Figure 4.5A,B). All three HAs also have conserved biological functions
of binding to sialic acid receptors and thenmediatingmembrane fusion at acidic pH [14, 183, 51]. Viruses
with H3 HAs have circulated in a variety of avian and mammalian species, including humans, dogs, and
horses [123]. While avian H3 HAs preferentially bind α2-3 linked sialic acids, some mammalian-adapted
H3 strains (including theH3N2 strains that are currently endemic in humans) preferentially bind to α2-6
linked sialic acids [105]. Viruses with H5 and H7 HAs mostly circulate in avian species, but they have
caused sporadic infections of humans and other mammalian species [141], and a H5N1 strain recently
became endemic in dairy cattle [6]. Avian H5 and H7 strains preferentially bind α2-3 linked sialic acids,
although there are knownmutations that can shift this binding preference from α2-3 to α2-6 linked sialic
acids [160, 33, 100, 4, 98].

The sequence divergence among H3, H5, and H7 HAs is asymmetrically distributed across the pro-
tein (Figure 4.1D). The fusion peptide spanning sites 330-350 (throughout this paper, we use matureH3
numbering) is themost conserved region, consistentwith its key function inmediatingmembrane fusion.
Sites inHA1 tend to bemore variable among theHA subtypes than sites inHA2, reflectingHA1’s higher
mutational tolerance [162, 65] and positive selection forHA1mutations that reduce antibody recognition
[15, 131].

4.2.2 Comparing amino-acid preferences across H3, H5, and H7 HAs

We next compared theH7 deepmutational scanning dataset to previously publishedH3 andH5 datasets
[26, 188] to assess how the effects of amino-acid mutations onHA’s cell entry function differ across these
HA subtypes. To make these comparisons, we converted the measured effects of mutations on cell en-
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Figure 4.1: Phylogenetic and structural comparison of H3, H5, and H7 HA. A) Maximum-
likelihood phylogenetic tree of HA protein sequences inferred using IQ-TREE [118] by the Jones-Taylor-
Thornton amino-acid substitution model with rate variation. B) Pairwise amino acid identity between
the HAs shown in A, with red boxes indicating comparisons between the three subtypes that are the fo-
cus of the experimental work in this study. C) Structural alignments of single HA1 or HA2 monomers
of H3 (green), H5 (purple), and H7 (orange) HAs. The rest of the H3 HA trimer (white) is included to
provide structural context. HA1 and HA2 were aligned separately due to a shift in the relative orienta-
tion of these domains (see Figure 4.5). The root mean square deviation (RMSD) of carbons between
the aligned HA1 and HA2 monomers are also reported. D) Pairwise amino acid identities between the
different HA subtypes computed along the length of the primary sequence with a sliding window of 30
residues. TheHA structures used in this figure are PDB 6II9 (H7) [69], PDB 4O5N (H3) [92], and PDB
4KWM (H5) [144].
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try to normalized values quantifying the preference of each site for each amino acid. Quantitatively, the
preference 𝜋𝑟,𝑎 of site 𝑟 for amino acid 𝑎 is defined as proportional to the exponential of the effect 𝑥𝑟,𝑎
of that mutation on cell entry, namely as 𝜋𝑟,𝑎 = exp

(
𝑥𝑟,𝑎

)
/
(∑

𝑎′ exp
(
𝑥𝑟,𝑎′

) )
where the sum over 𝑎 is

taken over all amino-acid identities. If all amino-acid mutations except the wildtype identity are highly
deleterious at a site then only that wildtype amino acid is preferred; when many mutations are well toler-
ated at a site thenmany amino acids have similar preferences (Figure 4.2A). There are two advantages of
converting the measured effects of mutations to amino-acid preferences for comparing across subtypes.
First, unlike the mutation effects, the amino-acid preferences at a site are not defined relative to its wild-
type amino-acid identity and so facilitate direct comparison across H3, H5, and H7, which often have
different amino acids at the same site (Figure 4.1B). Second, quantitative comparisons using amino-acid
preferences emphasize differences in which amino acids at a site are well tolerated, whereas quantitative
comparisons using directly measured mutation effects also emphasize less relevant differences between
moderately and strongly deleterious amino acid identities at a site. Given the experimentally measured
set of amino-acid preferences at a site in two differentHA subtypes, we quantified the difference in evolu-
tionary constraint at the site by the Jensen-Shannon divergence. This divergence is high whenmutations
at a site have dramatically different effects between HA subtypes, and low when mutations have similar
effects in both HA subtypes (Figure 4.2B).

Many HA sites display high divergence in amino-acid preferences among subtypes (Figure 4.2C).
Overall, 63% of sites exhibited significant divergence in amino-acid preferences between H3-H5, 44% of
sites between H5-H7, and 44% of sites between H3-H7 (FDR < 0.1, see red points in Figure 4.2C). At
those significantly diverged sites,HAsof different subtypes oftenpreferred distinct amino acid types (Fig-
ure 4.2A, left panel), demonstrating how the biochemical determinants of mutational tolerance differs
across HA subtypes. Although the experimental measurements of the effects of mutations on cell entry
were performed in different target cells (a mix of 293 cells expressing α2-3- and α2-6-linked sialic acids for
H7,MDCK-SIAT1 forH3 [188], and 293T forH5 [26]) that express varying ratios of α2-3- and α2-6-linked
sialic acids, the use of different target cells is not amajor contributor to the divergence in amino-acid pref-
erences across subtypes. This fact is demonstrated by observing that there is very little divergence between
the amino-acid preferences of the H7 HA between measurements made using 293-α2-3 versus 293-α2-6
cells (Figure 4.6A,B), with only a few sites in the receptor-binding pocket exhibiting modest differences
in amino-acid preferences between cell types. Collectively, these results suggest the evolutionary con-
straints on cell entry are dramatically different across H3, H5, and H7 due to large changes in sequence
that alter the preferences for specific amino acids at different sites due to their impacts on fundamental
aspects of HA protein folding and function.

We next examined if the sites with high divergence in amino-acid preferences localized to particular
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Figure 4.2: Sequence constraints differ dramatically at many sites among H3, H5, and H7 HAs.
A)Mutation effects on cell entry at a site are converted into amino acid preferences, and the amino-acid
preferences are plotted as logo plots where the height of the letter is proportional to the preference of
that site for that amino acid. B) Examples of sites with different levels of Jensen-Shannon divergence
in amino-acid preferences between HA subtypes. The scatter plot shows the effect of mutating to each
amino acid in each of the two subtypes, with the wildtype amino-acid identity assigned an effect of zero.
C) Divergence in amino-acid preferences at each site in HA between H3-H5, H5-H7, and H3-H7. Red
points indicate sites where amino-acid preferences have significantly diverged (false discovery rate < 0.1)
between HA subtypes.
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structural or functional regions in HA. For the H3-H7 comparison, sites in HA2 domain showed lower
divergence than those in theHA1 domain (p < 0.001, two-sidedMann-Whitney-U test, Figure 4.7A). In
contrast, no significant differences in divergencewere observedbetweenHA1 andHA2 for theH3-H5 and
H5-H7 comparisons. This pattern reflects the higher amino acid conservation (67%) ofHA2betweenH3-
H7 versusH3-H5 andH5-7 (Figure 4.2C). In general, sites where amino acids are conserved betweenHA
subtypes are typically mutationally intolerant in both subtypes (Figure 4.7B). Therefore, the network
of interacting residues inHA2 is likelymore preserved betweenH3-H7, but has diverged over the broader
evolutionary split between group 1 and group 2 HAs.

However, phylogenetic relatedness amongHAs does not always underlie divergence. In the 190-helix
of the receptor-binding pocket, which overlaps with antigenic epitope B (H3 classification), sites showed
the highest median divergence in amino-acid preferences in the H3–H7 comparison relative to the H3–
H5 andH5–H7 comparisons (Figure 4.7C). In this case, divergencemay instead reflect distinct selective
pressures in the human and avian reservoirs that drove adaptations in receptor binding and antigenic
escape.

4.2.3 Factors associated with divergence in amino-acid preferences among HA
subtypes

We sought to determine what specific factors were associated with high divergence in the preferences of
the same site for different amino acids across HA subtypes. Sites where the wildtype amino acid iden-
tity changed betweenHAs showed significantly higher divergence compared to conserved sites where the
wildtype amino acids are conserved (p = 0.03 for H3-H5; p < 0.001 for H3-H7; p < 0.001 for H5-H7; two-
sidedMann-Whitney-U test, Figure 4.3A. This difference likely reflects the fact that conserved sites usu-
ally cannot toleratemostmutations acrossHAs (Figure 4.7B) and suggests that the constraints imposed
by interactions with neighboring residues are better preserved during the evolutionary divergence of HA
subtypes. However, even sites with conserved wildtype amino-acid identities often have very different
preferences between HA subtypes (Figure 4.3A). We therefore examined whether additional structural
or biochemical features beyond conservation could help predict a site’s divergence.

There is no correlation between the distance of Cα backbone atoms in structurally aligned HAs and
divergence (Figure 4.8), indicating structural shifts in the backbone residues betweenHAsubtypes is not
amajor driver of divergence in amino-acid preferences. However, among sites where the wildtype amino-
acid identity changedbetweenHAs, sites that are buried (relative solvent accessibility≤0.2) showed signif-
icantly higher divergence in amino-acid preferences compared to sites that are surface exposed (p < 0.001
for all comparisons, two-sided Mann-Whitney-U test, Figure 4.3B). In contrast, among sites where the
wildtype identity is conserved betweenHAs, solvent accessibility does not significantly explain divergence
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(p > 0.1 for all comparisons, two-sidedMann-Whitney-U test, Figure 4.9B). These patterns arise because
conserved sites tend to be more mutationally intolerant regardless of solvent accessibility (Figure 4.7B),
whereas variable sites that are exposed tend to be more mutationally tolerant in both HA backgrounds
compared to variable sites that are buried (Figure 4.9C). For example, the wildtype amino acids at the
exposed site 173 (relative solvent accessibility = 0.85) are Q, R, and K in H3, H5, and H7, respectively,
and all measured mutations are tolerated in all backgrounds, resulting in low divergence (Figure 4.9D).
Together, these data suggest that among variable sites where the wildtype amino acid changed, the ones
with highly diverged amino-acid preferences are typically buried within the protein.

Yet while the most divergence in amino-acid preferences tends to occur at buried sites with differ-
ent wildtype amino acids between subtypes, divergence still ranges widely at such sites (Figure 4.3B).
What accounts for this variation? Again, structural deviation of the protein backbone at these sites is
not strongly associated with divergence amino-acid preferences (r < 0.1 for all comparisons, Figure 4.8).
However, buried sites where the wildtype amino-acid identity differs in biochemical type across subtypes
show significantly higher divergence compared to sites where the wildtype amino acids are of the same
type (p < 0.01 across all comparisons, two-sided Mann-Whitney-U test, Figure 4.3C). Therefore, the
type of amino acid at a buried site where the wildtype identity changed across subtypes is indicative of
divergence in amino-acid preferences.

The high divergence of amino-acid preferences at buried sites with differentwildtype identities across
HA subtypes can arise from fundamental rewiring of how sets of residues interact, even when the back-
bone structure has not changed. For example, the wildtype amino acids at the buried sites 123/176/178 are
E/K/Y in H3, I/L/I in H5, and M/A/I in H7. The amino-acid preferences at these three sites are fairly
similar between H5 and H7HAs, but both are sharply diverged fromH3 HA (Figure 4.4A). This high
divergence of amino-acid preferences is likely because sites 123/176/178 form a hydrogen bond network
in H3 HAs, but this network is absent in H5 and H7 HAs, which instead have a more hydrophobic en-
vironment in this region (Figure 4.4B). Collectively, the amino-acid preferences and protein structure
show how contingency has rewired the evolutionary constraints in this region: H3 relies on a highly con-
strained hydrogen bond network tomaintain cell entry function, whileH5 andH7 rely on a hydrophobic
environment that does not require hydrogen bonds at all.

Author contributions statement

JA, TCY, and JDB conceived the study. JA, TCY, and BD performed the experiments. TCY and JDB
performed the computational analysis. JA, TCY, and JDB interpreted the results. JA, TCY, and JDB
wrote the original draft.
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Figure 4.3: Siteswith divergent amino-acid preferences acrossHAs tend to be buried and have dif-
ferentwildtype amino-acid types. A)Divergence in amino-acid preferences at siteswhere thewildtype
amino-acid identity is conserved or changed between HA subtypes. B) Among sites where the wildtype
identity changed, buried sites show significantly higher divergence in amino-acid preferences compared
to exposed sites. Buried sites are defined as having a relative solvent accessibility < 0.2. C) Among buried
sites where the wildtype amino-acid identity changed, sites where the wildtype amino-acid type is differ-
ent (e.g., hydrophobic versus hydrophilic) show significantly higher divergence compared to sites where
the amino acid type is conserved. Two-sidedMann-Whitney-U test was used for significance testing.
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Figure 4.4: Example of contacting sites where interactions have been rewired from a hydrogen
bond network in H3 HA to a hydrophobic environment in H5 and H7 HAs. A) Effects of muta-
tions on cell entry between pairs of HAs at the buried sites 123, 176, and 178. The amino-acid preferences
at these sites are relatively similar betweenH5 andH7, but both are highly diverged fromH3HA. B) Sites
123, 176, and 178 form a hydrogen bond network inH3, but are part of a hydrophobic environment inH5
and H7HAs.
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Figure 4.5: The relative orientations of HA1 and HA2 are shifted in H5 HA relative to H3 and
H7 HAs. A) Structural alignment of the HA1 domain (same as left structure in Figure 4.1C) with the
HA2 domains from H3 (green), H5 (purple), and H7 (orange) HAs. Due to a tilt in the orientation of
theHA1 andHA2 domains, theHA2 domain ofH5 becomes shifted relative to where theHA2 domains
of H3 and H7 are located. B) Aligning the HA2 domain alone (same as right structure in Figure 4.1C)
reveals the folds in HA2 are actually highly conserved across H3, H5, and H7.
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Figure 4.6: Divergence in H7 HA amino-acid preferences for entry into 293 cells expressing α2-3
versus α2-6 linked sialic acids is minimal compared to the divergence between HA subtypes. A)
Divergence in amino-acidpreferences at each site of theH7HAasmeasured in 293 cells expressingonly α2-
3 versus only α2-6 linked sialic acids. Note that the divergence at all sites is low compared to the crossHA-
subtype comparisons in Figure 4.2C, and no sites are significantly diverged (false discovery rate < 0.1).
The largest differences are at sites like 186, 220, 225, and 226, which are important for receptor binding.
B) Distributions of divergence in amino-acid preferences for all sites between subtypes compared to the
distribution of divergence in H7 HA for measurement made using 293 cells expressing entry only α2-3
versus only α2-6 linked sialic acids.
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Figure 4.7: Divergence in amino-acid preferences for different domains or regions of HA.A)Dis-
tributions of divergence in amino-acid preferences between HA subtypes for sites in the HA1 or HA2
domains of HA. In H3-H7, HA2 sites show significantly lower divergence compared to HA1. B) Cor-
relation of the mean effect of mutations at each site between each pair of HA subtypes. Sites where
the wildtype amino-acid identity differs between subtypes are colored blue, while sites with conserved
wildtype amino-acid identities are red. C) Distributions of divergence in the amino-acid preferences by
receptor binding pocket region (left) and antigenic region (right) across each HA comparison.
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Figure 4.8: Structural deviation is a poor predictor of divergence in amino-acid preferences at a
site. Correlation between divergence in amino-acid preferences and the Cα root mean square deviation
at each site in the structurally aligned backbones ofHA1 andHA2 across pairwiseHA comparisons. Sites
where thewildtype amino acids changed between subtypes are colored blue, while conserved sites are red.



102

Figure 4.9: Surface exposed sites are more mutationally tolerant and display less divergent amino
acid preferences across HAs. A)Correlation between relative solvent accessibility values at structurally
aligned sites between HAs. These values quantify how exposed or buried a site is, and the correlation
is strong (r > 0.75) because the HA structures are conserved. PDB accessions are 4O5N (H3), 4KWM
(H5), 6II9 and (H7). B) Among sites where the wildtype amino-acid identity is conserved (red boxplots
in Figure 4.3A), there is no significant difference in divergence in amino-acid preferences at buried ver-
sus exposed sites. C) Among sites where the wildtype amino-acid identity changed (blue boxplots in
Figure 4.3A), there is a negative correlation between divergence in amino-acid preferences and relative
solvent accessibility. Sites are colored bymeanmutation effect on entry in the indicatedHA background,
showing that sites that are more exposed tend to tolerate mutations better. D) Correlations of effects of
mutations on cell entry between HAs at the exposed site 173, showing how all measured mutations are
tolerated across HAs at this site. Two-sidedMann-Whitney-U test was used for all significance testing.



Chapter 5

Conclusion

山重水复疑无路，柳暗花明又一村 (Approaching the end of mountains and streams,
I suspect I have reached a dead end. Dark willows, bright flowers, and another village come
into view.) — Lu You, translated by Isabelle Wald

Viral protein evolution is shaped by epistasis and pleiotropy. In chapter 2, we developed an inter-
pretable biophysical model that captures how epistatic interactions among viral mutations determines
escape from polyclonal antibodies. In chapter 3, we showed how the antigenic evolution of human
influenza HA is constrained by pleiotropic conflicts, and the extent to which these conflicts can be allevi-
ated by epistasis depends on the underlying phenotype. In chapter 4, we discovered that the amino-acid
preferences of a large fraction of sites in HA have diverged across three influenza HA subtypes.

Final publications often present science in a linear fashion, but I have learned the process rarely works
that way. I faced countless experimental hurdles and setbacks over the course of graduate school. Each
one challengedme to reframewhich biological questionsmattered andwhen to pivot. I remember when
I first started performing deep mutational scanning experiments, I was determined to map how muta-
tions to influenza HA affect escape from dozens of human sera and use those data to inform surveillance
and forecasting efforts. But when I gotmy first set of data back, the strongest escapemutations weren’t in
HA’s classic antigenic regions. Instead, they were at sites that have never changed during evolution. I was
baffled and assumed I’d hit some sort of dead end. Instead of mapping more sera as I originally intended,
Jesse suggested I test a different phenotype, HA acid stability. That turned out to be the best thing I
could’ve done. Many of those strong escape mutations at conserved sites I observed earlier actually had
destabilizing effects onHA. All of a sudden things started to click and I saw a path to what became chap-
ter 3. In that spirit, this conclusion summarizes the applications ofmy findings, some of the outstanding
questions they pose, and where I think the path could lead next.
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5.0.1 Applications of the biophysical model of polyclonal antibody escape

In chapter 2, we developed a biophysical model that infers mutation effects on antibody escape from
deep mutational scanning data. Although the model was originally developed for the purpose of ana-
lyzing mutational escape from polyclonal antibodies, it has also proven extremely useful for analyzing
mutational escape from monoclonal antibodies. In this case, models are fit with a single epitope rather
than multiple epitopes. Across many deep mutational scanning studies of diverse viral entry proteins,
inferred antibody escape effects correlate well with changes in antibody neutralization potencymeasured
in independent assays [29, 86, 19, 1].

Themodel has also been useful for deconvolving polyclonal sera. Radford et al. used deepmutational
scanning to map how mutations to the HIV envelope escape sera collected from individuals living with
HIV [133]. One of those sera was found to possess neutralizing antibodies targeting two distinct epitopes
on the envelope. Since the deep mutational scanning library contained HIV envelope variants contain-
ing multiple mutations, the model inferred that some combinations of mutations could have redundant
or synergistic effects on escape. These predictions were validated using independent neutralization as-
says, demonstrating how complex interactions amongmutations can be explained by a simple biophysical
model.

However, in other cases, it has been difficult to deconvolve polyclonal sera into distinct epitopes. For
instance, Welsh et al. used deep mutational scanning to map how mutations to the influenza H3 HA
escape human sera, but the model could only fit mutation effects to a single epitope [174]. There are a
few compelling reasons for why this could be the case. First, neutralizing antibody responses to influenza
maybe especially narrow and genuinely target a single epitope. In fact, there is evidence that the influenza-
specific serum antibody repertoire is oligoclonal [89]. On the other hand, the variants in the library may
be uninformative. Although the library contained around 30,000 functional HA variants with an aver-
age of 3 mutations per gene, this is a vanishingly small fraction of the number of possible variants that are
a handful of mutations away from the reference strain. In order for the model to deconvolve epitopes, it
must observe the correct combinations of mutations at the particular sites targeted by antibodies in the
sera. The chance of that happening is low. Unfortunately, we remain restricted by the size of deep mu-
tational scanning libraries, which is limited by the cost of DNA synthesis, the cost of DNA sequencing,
and viral library titers. Lastly, the biological assumptions of our model could be unideal or wrong. Our
model assumes antibodies can target distinct epitopes without competition, but it could be that many
epitopes are overlapping. Our model also assumes that antibody binding at one epitope does not influ-
ence the binding affinity of antibodies at other epitopes. Future work is needed to clarify the accuracy of
these assumptions. While it was not possible to deconvolve sera into distinct epitopes inWelsh et al., the
escape effects inferred by the single epitope model still correlated very well with changes in sera neutral-
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ization potency, and the study overall showed how antigenic pressure varies across different age groups
[174]. Another work that performed deep mutational scanning of SARS-CoV-2 Spike also could not de-
convolve human sera, but likewise the inferred escape effects still correlated very well with independent
neutralization assays and proved useful for predicting the evolution of SARS-CoV-2 clades [28].

5.0.2 Can beneficial mutations that pleiotropically decrease HA acid stability
be alleviated by epistasis?

In chapter 3, we found that some human sera contain neutralizing antibodies targeting conserved sites
in H3 HA. Mutations at those sites can escape the antibodies, but pleiotropically reduce HA acid stabil-
ity. Why have these beneficial antigenic mutations never fixed in nature? Our hypothesis is that when a
mutation destabilizes HA, there does not exist a set of permissive mutations within the local genotypic
neighborhood that can alleviate the destabilizing effect. Therefore, while the mutation would be bene-
ficial from an antigenic perspective, there is no solution in accessible sequence space to introduce it. If
this is true, it also indicates that mutation effects on acid stability may be more consistent across genetic
backgrounds, a view that is supported by our analysis of evolutionary entrenchment. An experiment that
directly tests this idea could involve using deep mutational scanning to measure the effects of mutations
in the background of multiple historical H3 HAs. The expectation then would be that mutation effects
on acid stability are the same across backgrounds, whereas many mutation effects on cell entry differ due
to epistasis.

Another reason why these antigenic mutations never fix in nature might stem from the extent of im-
mune pressure. Two of the four serum samples in chapter 3 possessed neutralizing antibodies against
these conserved sites, but what fraction of the population actually has these antibodies? If these antibod-
ies are rare, then the fitness gain from escaping themwould bemarginal. On the other hand, if these anti-
bodies are prevalent, then it would strengthen our conclusion that acid stability is a difficult pleiotropic
constraint to overcome. Future serological work involving large cohorts of individuals will be needed
to figure this out. From a therapeutics standpoint, it will also be interesting to test if these antibodies
are protective in humans. In the end, monoclonal antibody therapeutics or vaccines designed to elicit
antibodies targeting these conserved sites could be more resistant to viral evolution and antigenic drift.

5.0.3 What are other pleiotropic constraints on HA evolution?

In chapter 3, we explored how cell entry, acid stability, and neutralization by human sera constrain HA
evolution, but what other hidden dimensions in phenotypic space play a role? One relevant phenotype
is mucin evasion. Mucins are sialylated macromolecules and act as decoy receptors. As influenza viruses
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enter the respiratory tract, the HA is under selection to balance binding to host cell sialic acid receptors
while minimizing interaction with the surrounding mucus layer [190]. Importantly, NA also plays a
role in this trade-off, as it can help to cleave mucins. Using deep mutational scanning to map how well
mutations escape mucins is a promising future direction that will likely reveal pleiotropic conflicts (e.g.,
a mutation that escapes mucins, but at the cost of receptor binding).

The most relevant phenotype for predicting HA evolution is immune escape. Yet, each person’s an-
tibodies are their own unique snowflake. While the antibody repertoires of individuals can be collapsed
onto fewer axes by factors like age, these cohort-level repertoires still represent many independent pheno-
types. A key unanswered question is how HA evolves in this heterogeneous immune landscape. Does
HAprefer selecting for ‘generalist’ mutations that modestly escape a broad spectrum of antibodies in the
population, or does it select for ‘specialist’ mutations that strongly escape a small subset of antibodies
in the population? Where evolution is optimized on this wavelength could depend on the diversity of
antibodies in the population. A less diverse immune landscape could favor more pleiotropic mutations
that escape many antibodies. However, as diversity in the immune landscape increases, mutations that
escape many antibodies could become rare or costly (i.e., much smaller shift in neutralization). In this
regime, evolution may instead select for modular mutations that have a large shift in neutralization from
specific antibodies, while having no effect on neutralization frommost other antibodies.
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