©Copyright 2019
Juhye M. Lee



Understanding how mutations shape the evolution of
seasonal influenza virus hemagglutinin

Juhye M. Lee

A dissertation
submitted in partial fulfilment of the
requirements for the degree of

Doctor of Philosophy

University of Washington

2019

Reading Committee:
Jesse D. Bloom, Chair
Trevor Bedford

Adam Geballe

Program Authorized to Offer Degree:
Genome Sciences



University of Washington

Abstract
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Fred Hutchinson Cancer Research Center

Influenza virus hemagglutinin (HA) is under strong selective pressure. These selective
forces constrain and drive the evolution of HA in nature. As it evolves, HA rapidly accumu-
lates mutations that can affect its function and antigenicity; the effects of these mutations
are a key determinant of the evolutionary success of viral lineages. However, we have a
very limited understanding of how mutations to HA affect viral fithess and thereby shape
viral evolution in nature. Here | describe my work in which | completely examined the
effects of mutations to HA by leveraging the high-throughput techniques of deep muta-
tional scanning and mutational antigenic profiling. Briefly, these techniques enabled me
to introduce all of the approximately 10,000 single amino-acid mutations to HA and exper-
imentally test the variants under functional or immune selective pressure. First, | measure
the effects of mutations to a recent seasonal H3N2 HA on viral growth in cell culture and
relate these measurements to the evolutionary success of mutations in nature. | find that
mutations that reach high frequencies in nature tend to be measurably favorable for vi-
ral growth, whereas mutations measured as highly deleterious in our experiments rarely
reach high frequencies in nature. Previously generated measurements from a diverged
H1 HA do not show a strong relationship with success of viral lineages. These findings

suggest that experimental measurements of the functional effects of mutations to an H3



HA can help distinguish successful H3N2 viral lineages from those that quickly die out.
Next, | apply mutational antigenic profiling to evaluate the ease of viral escape from sev-
eral strain-specific and broadly-neutralizing antibodies against an H1 HA. Although the
virus can readily escape the narrow antibodies and the broad receptor-binding site target-
ing antibody via mutations with large effect sizes, it is quantifiably harder to escape the
stalk-targeting antibodies that we tested. Antibody breadth therefore does not reflect the
ease of viral escape by single mutations. Finally, | extend antibody mapping approaches
to profile immune selection on H3 HA by polyclonal serum. | observe direct evidence of
individuals with highly immunodominant serum responses against HA such that there is
selection for single amino-acid mutations with relatively strong effects on neutralization
resistance. Mutations in nature have recently emerged at several sites of escape in the
experiments, indicating that individuals with immunodominant targeting drive antigenic
drift of HA. Overall, this work demonstrates the utility of experimentally mapping muta-
tional effects for improving our understanding of the dynamics of influenza virus evolution

in nature.
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Chapter 1
INTRODUCTION

Influenza virus evolves rapidly. Influenza virus circulates worldwide and imposes a
significant public health burden [222]. A key feature of influenza virus that has contributed
to its persistence in the human population is its ability to evolve rapidly, readily accumulat-
ing mutations introduced by its error-prone RNA-dependent RNA polymerase [168, [169].
In particular, the seasonal H3N2 influenza virus hemagglutinin (HA) surface protein fixes
approximately three to four amino-acid mutations per year [191] [13]. This rapid evolution
enables the virus to evade host immunity, causing annual epidemics and necessitating
frequent vaccine updates. For instance, the WHO updates their recommendation for the
H3N2 component of the vaccine nearly every one to two years [223].

Furthermore, the evolution of influenza virus is characterized by frequent population
turnover [10, 12, 202]. Groups of phylogenetically related strains called clades, each
sharing different combinations of mutations, emerge and circulate globally. These clades
compete with each other for susceptible hosts until eventually one clade overtakes the
virus population and the other clades die out [10, 12, 202, (159, [114]. This population
turnover occurs approximately every three to five years for seasonal influenza virus [12].
Previous work has indicated that evolutionarily successful clades tend to have higher fit-
ness than clades that remain at low frequency [10, 202, (159, [138]. An examination of
the fundamental features that underlie viral fitness can therefore enable identification of

strains likely to persist in nature.

Various forces shape the evolution of influenza virus hemagglutinin.



HA must maintain its function to enable viral growth.

HA is the most abundant surface protein of influenza virus, forming a metastable ho-
motrimer anchored to the viral membrane [189]. HA is responsible for mediating viral
entry into host cells by binding to a sialic acid receptor. Upon receptor binding and sub-
sequent endocytosis of the virus, HA undergoes a large conformational change triggered
by the low pH environment of the endosome. This conformational change enables fusion
of the viral and host membranes [189].

Each HA monomer consists of two subunits, termed HA1 and HA2, which are formed
upon proteolytic cleavage and subsequent activation of the HAO precursor [81], [37]. HA
can also be structurally divided into two subdomains: the surface-exposed globular head
domain which contains the receptor-binding pocket, and the membrane-proximal stalk
domain which bears the components for fusion [189]. This HA structure is quite well-
conserved across multiple subtypes in spite of relatively low sequence identity among the
subtypes [85, [181].

As HA accumulates mutations during the course of its evolution, it will invariably ac-
quire mutations that may impact its ability to properly fold or function. Because the virus
is evolutionarily constrained to maintain efficient viral growth and replication, mutations
that disrupt any component of HA’s important functions have implications for host infec-
tion, transmission, and ultimately viral fithess. In particular, the receptor-binding pocket
and the stalk domain are relatively conserved both within and across HA subtypes, pre-
sumably due to their crucial roles in receptor binding and fusion, respectively [162, [219].
Substitutions in or proximal to the receptor-binding pocket have been shown to reduce or
abolish binding to sialic acid [142, [153].

In addition, influenza virus carries a segmented genome, yet does not appreciably
undergo intrasegment recombination [21]. As a result, the virus cannot place multiple
beneficial mutations onto the same background, and beneficial mutations become linked

to deleterious mutations. Clades with low deleterious mutation load consequently have



higher fitness than clades with high mutation load [202), [114), [138]. Experimental and
modeling work have suggested that mutations deleterious to viral fitness can limit the rate
of antigenic evolution and are an important determinant of clade success [202, 114/, (138,
146]. A major goal in the study of influenza virus evolution is to thereby identify mutations
that are detrimental to viral fitness, which may help inform predictions of clades likely to

succeed in nature.

HA must continuously evade host adaptive immunity.

Strong selective pressure to evade host adaptive immunity is a major force driving HA
evolution. Adaptive immunity against influenza virus is predominantly mediated by anti-
bodies against the HA and NA surface proteins [41]. Despite the ability of this antibody
response to provide protection against viral infection, the effectiveness of this immunity is
transient, protecting from re-infection for approximately five years [41],[118]. The short du-
ration of protective immunity can be attributed to antigenic drift, or the rapid accumulation
of mutations at sites targeted by immunity [189, [191].

Most neutralizing antibodies elicited against HA target the globular head domain [212].
These antibodies generally neutralize virus by physically blocking HA from binding to its
receptor [16]. Interestingly, the immunodominance of the head domain has been shown
to be fairly widespread among diverse animal models and viral subtypes [2]. As a conse-
quence of this immense immune pressure, the head domain of human influenza virus HA
accumulates mutations at a faster rate than does the stalk domain [111].

Neutralizing antibodies targeting the stalk domain, on the other hand, are not as
prevalent as head-targeting antibodies, largely owing to the steric inaccessibility of the
stalk [148, [151]. This may explain why the prevalence of stalk-reactive antibodies tends
to increase with age, as repeated exposures boost these antibodies [151, 152, [110]. Im-
portantly, stalk-binding antibodies can broadly neutralize multiple subtypes due to the

conservation of the stalk domain [165]. A number of passive immunization experiments in



animal models have exhibited the protective effects afforded by these antibodies against
diverse viral subtypes [39] (108, 64, [154]. Stalk-binding antibodies are therefore of great

interest for their potential use as universal vaccines.

We have a limited understanding of how mutations shape HA evolution.

It is challenging to predict the functional effects of mutations to HA.

Despite its rapid and continuous evolution, HA has sampled only a limited number of the
many possible amino-acid mutations. Hence, it is a daunting task to predict the functional
effects of any one of these mutations. In principle, substitutions at sites that are tolerant
of mutations have only minor effects on viral fithess, whereas substitutions at constrained
sites adversely affect fitness.

Although we can attempt to quantify the “evolvability” of a given site by examining
that site’s variability among naturally occurring variants, this variation is confounded by
external selective forces which shape evolution. For instance, immune selection exerts di-
versifying pressure at sites targeted by antibodies [28, 226]. Thus, the degree of selection
influences the tendency of a site to mutate in nature. This is also illustrated by the finding
that glycosylation motifs evolved rapidly in human H1 HA but not in swine H1 lineages
from 1918 to 2008 [215]. Conservation in nature is accordingly not a strict reflection of
mutational tolerance.

An alternative approach is to simply consider sites likely to be under strong immune
selection separately from those sites that are not. A landmark study in which the authors
sought to predict fitness effects of mutations employed such an approach [138]. In this
model, residues were classified as either “epitope” or “non-epitope” largely based on sets
of pre-defined sites deemed to be under antibody selection from classical studies. All
mutations at non-epitope sites are then treated as detrimental to viral fithess while those

at epitope sites are beneficial to fitness, but this assumption certainly does not fully cap-



ture the spectrum of mutational effects. Mutations at so-called non-epitope sites may not
necessarily reduce viral fitness. Indeed, mutations at non-epitope sites do occur and oc-
casionally fix in nature [226]. Conversely, mutations at epitope sites may not strictly affect
antigenicity and immune evasion [158, 230]. Nevertheless, the assumptions of this model
are merely a reflection of the fact that it is difficult to know a priori the effect of any given

mutation, but perhaps experimentally we can perform such quantifications.

Current approaches for monitoring antigenic evolution have several drawbacks.

Routine surveillance of circulating strains currently rely heavily on characterizing the anti-
genic properties of these strains using the hemagglutination inhibition (HAI) assay. This
assay, originally developed in 1943, tests the ability of antisera raised in once-infected
ferrets to block binding of viral isolates to red blood cells [95]. A new vaccine strain is
recommended if circulating strains are determined to be antigenically evolved relative to
the existing vaccine strain. However, this assay suffers several limitations.

The HAI assays are inherently low-throughput and labor-intensive as they require test-
ing individual antisera against large panels of viruses. In addition, recent H3N2 strains
agglutinate red blood cells poorly, making antigenic characterization of these strains quite
arduous [66, [190]. Notably, epitopes targeted by immune sera from singly infected fer-
rets do not necessarily recapitulate the epitopes targeted by human sera [134]. In stark
contrast to once-infected ferrets, humans have complex influenza virus infection and/or
vaccination histories that influence their serum responses against HA [134} 135, 36]. Fer-
ret sera are thus an imperfect surrogate of anti-influenza immunity in humans.

To overcome some of the experimental limitations of the HAI assays, recent studies
have developed models to predict antigenic phenotypes, incorporating sequence or phy-
logenetic data [204, 190, [158]. Nonetheless, these models still ultimately rely on HAI data
generated using ferret immune sera for the predictions. Measurements of the effect of mu-

tations on escape from human immunity should therefore be more relevant to estimations



of antigenic characteristics.

It is unclear how mutations contribute to antigenic evolution.

Numerous studies have recapitulated in the lab HA’s propensity for rapid antigenic evo-
lution, isolating mutants resistant to neutralization by single monoclonal antibodies, even
after a single passage [236, 214, 180, 29]. Although several seminal studies have desig-
nated five distinct non-overlapping antigenic regions (denoted regions A through E) in H3
HA, these regions were defined decades ago using a limited set of monoclonal antibod-
ies and have not been validated in more recent strains [122, 224, 211]. A number of the
antibodies used to define these regions were isolated from primary influenza infections
in animal models. Importantly, we still have a very limited understanding of the relative
contribution of mutations at any one of these sites to antigenic evolution.

Substitutions at only one of seven key residues in two antigenic regions were previ-
ously shown to be sufficient to engender large effects on antigenic drift [113]. Yet, substi-
tutions in other antigenic regions routinely occur during natural evolution, and even clades
with mutations at one or more of these seven defined residues may die out soon after
emergence [158]. These observations indicate that mutations outside of these seven po-
sitions can have large effects on antigenic drift and even mutations at classically defined
antigenic sites may not always alter antigenicity. A deeper understanding of how muta-
tions affect antigenicity of HA is essential for identifying viral strains that can escape host
immunity.

Furthermore, while it is fairly easy to select de novo escape variants from most strain-
specific antibodies, it has been largely unexplored if the virus can as easily escape from
broadly-neutralizing antibodies targeting more conserved epitopes in HA. In particular,
it is unclear if strong immune selection exerted by broadly-neutralizing antibodies can
drive antigenic drift in these conserved epitopes. Several studies have shown that it is

possible to isolate escape mutants with broadly-neutralizing antibodies [4, 31}, 77, 208],



but from these studies we are still not able to directly compare the ease of viral escape
across different antibodies. This is especially crucial to study as major efforts toward
the development of broadly-neutralizing antibodies for use as vaccines or therapeutics

continue to expand.

It is perplexing how HA evolves to evade humoral immunity.

It has been well-established that HA can readily escape adaptive immunity [41,118]. How-
ever, a long-standing and critical question in the study of antigenic drift is how HA escapes
from polyclonal immunity. In principle, multiple antibodies with distinct epitope specificities
are present in a complex polyclonal mixture, but a given mutation in HA will only escape
a small fraction of these antibodies. Yet, antigenic drift in nature occurs at a rate that is
much more appreciable than the expected frequency of isolating a variant completely re-
sistant to the combined specificities of antibodies in polyclonal immunity [236], [122]. Why
do we observe this discrepancy?

One possible mechanism of escape from polyclonal immunity, particularly at sub-
neutralizing levels, is to augment HA receptor avidity by adsorptive mutations [235] [93].
Another plausible explanation for antigenic drift in the face of polyclonal immunity is that
in some individuals, immune targeting of HA is dominated by a small set of antibod-
ies [236, [155]. This would allow single amino-acid mutations to confer resistance to neu-
tralization by sera.

Several observations suggest that some individuals do indeed possess immunodomi-
nant serum responses against HA. Classical selection experiments in which virus is pas-
saged in the presence of serum can isolate single amino-acid variants that are resistant
to serum neutralization [51), 49]. In recent studies, the majority of antibodies reactive
to HA were found to be populated by relatively few but persistent clonotypes in numer-
ous individuals [126, [127]. Nonetheless, these findings provide only indirect evidence

of immunodominant antibody targeting. Classic selections are additionally biased by the



composition of mutations present in the initial viral stock and do not necessarily select
the mutations with the strongest effect sizes on escape. Mapping the selective immune
specificities in polyclonal serum in a systematic manner consequently requires alternative

techniques from classical approaches.

We can leverage high-throughput approaches to experimentally assay many HA
variants. To methodically and unbiasedly quantify the effects of mutations to HA, we
can introduce and independently generate viruses expressing every possible amino-acid
mutation at each site in the protein. This would be incredibly labor-intensive as it would
require the generation of 19 amino acids x 567 sites, or at least 10,000 variants. However,
new high-throughput technologies, namely deep mutational scanning, have now made it
possible to assay in parallel many variants of a given protein [74), [75]. This massively
parallel approach is a powerful method for investigating sequence-function relationships

for a given protein.

Deep mutational scanning facilitates an examination of mutational effects on viral growth

in cell culture

The technique of deep mutational scanning involves creating a diverse HA mutant DNA
library, then generating virus libraries harboring each HA variant. To measure the effects
of each amino acid on viral growth, which we quantify as a site-specific amino-acid prefer-
ence, we passage the mutant viruses in cell culture to select for functional HA variants and
deep sequence the libraries before and after selection [209, 59]. These measurements
also provide an estimation of the inherent mutational tolerance because we now have a
greater degree of control over the selective pressures acting on HA in our experiments
(i.e., functional selection in the absence of immune selection).

While laboratory conditions can never fully represent the selective pressures that act

on HA in nature, we can benchmark our measurements by applying the site-specific pref-



erences to inform phylogenetic models [17),194]. The performance of this model can then
be compared to more traditional codon substitution models. In doing so, we are able to
evaluate how well our experimental measurements capture the constraints on the protein’s
evolution in nature.

Even so, these preferences may shift as the protein evolves away from its initial se-
quence or as protein homologs diverge [83, 189, (156, 171], 186/ (198, [199]. Previous work
from our lab has examined the shift in mutational effects in viral protein homologs, specif-
ically influenza virus NP [58] and HIV Env [87]. These studies found mostly small to
modest shifts, with large shifts only at a handful of sites. It is important to note, however,
that the proteins in these studies are relatively conserved at 94% identity between the two
NP variants and at 86% identity between the Env variants. It is uncertain if the mutational
shifts would be more dramatic for homologs that are more diverged such as HA, which
share ~40% identity between the H1 and H3 subtypes. It is important to elucidate the ex-
tent of these shifts in amino-acid preference if we want to extrapolate our measurements

of mutational effects to diverse strains.

Mutational antigenic profiling allows us to completely map viral escape from immunity

In an extension of deep mutational scanning, our lab has pioneered an approach, re-
ferred to as mutational antigenic profiling, to examine how mutations affect escape from
immunity [60, 56]. This method involves subjecting virus libraries bearing every possi-
ble single-variant HA compatible with viral growth to immune selection with an antibody.
Variants able to escape antibody neutralization will be enriched in the immune-selected
condition relative to the mock-selected control, enabling comprehensive mapping of viral
escape.

Work published from our lab applied mutational antigenic profiling to map escape in
HA from single monoclonal antibodies [60]. The results of this study reveal prominent

discrepancies in the escape profiles down to the mutation level among the antibodies
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tested. However, the antibodies in this study were rather strain-specific, and the potential
for escape from more broadly-neutralizing antibodies remains an open question. Notably,
mutational antigenic profiling may improve our understanding of escape from polyclonal
serum, which is more physiologically relevant and reflective of immune selection on HA in

nature.

Layout of dissertation. In the following chapters, | describe my work elucidating the
effects of mutations to HA on viral growth and escape from immunity by leveraging
high-throughput approaches. Our lab has previously employed deep mutational scan-
ning to reproducibly estimate the preferences of the highly lab-adapted WSN/1933 H1N1
HA [209, 59]. However, prior to my work, no such measurements existed for a more recent
human seasonal H3N2 HA, which would be of direct relevance for estimating mutational
effects for more contemporaneous strains.

In Chapter 2, | measure the effects on viral growth in cell culture of all possible single
amino-acid mutations to a seasonal H3 HA. In collaboration with John Huddleston, a grad-
uate student in Trevor Bedford’s lab, we related the evolutionary outcome of mutations in
nature to their experimentally measured effects on viral growth. We find a modest but sig-
nificant correlation between mutational effect and the evolutionary success of mutations in
nature, indicating that our experimental measurements may be of utility for distinguishing
successful and unsuccessful clades.

In Chapter 3, | describe work with fellow graduate student Mike Doud, in which we de-
velop a framework for comparing the ease of viral escape from different antibodies utilizing
mutational antigenic profiling. We employ this approach to completely map escape from
several strain-specific and broadly-neutralizing antibodies in an H1 HA. The results of this
study reveal widely varying effect sizes on escape across the antibodies. Interestingly,
the virus escapes a broad antibody targeting the receptor-binding pocket as easily as it
escapes strain-specific antibodies. In contrast, mutations selected by broadly-neutralizing

stalk antibodies have small effect sizes on escape. We therefore show that the virus’s
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capacity to escape by single amino-acid mutations varies across antibodies.

Because immunity against HA is polyclonal rather than monoclonal, in Chapter 4 |
systematically map immune selection on HA by polyclonal serum. Astonishingly, | find
evidence of individuals with highly immunodominant antibody targeting of HA, such that
single amino-acid mutations can confer resistance to serum neutralization. The selected
escape mutations exhibit variation in their effect sizes across individual serum samples.
Many of the strongest sites of escape selected in our experiments have mutated recently
in natural H3N2 strains. Together these findings provide insight into how immunodominant

serum responses may drive antigenic drift of influenza virus HA in nature.
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Chapter 2

DEEP MUTATIONAL SCANNING OF HEMAGGLUTININ HELPS
PREDICT EVOLUTIONARY FATES OF HUMAN H3N2 INFLUENZA
VARIANTS

A version of this chapter has been previously published as:

Juhye M. Lee, John Huddleston, Michael B. Doud, Kathryn A. Hooper, Nicholas C.
Wu, Trevor Bedford, and Jesse D. Bloom. Deep mutational scanning of hemagglutinin
helps predict evolutionary fates of human H3N2 influenza variants. Proceedings of the
National Academy of Sciences, 115(35):E8276-E8285, 2018.

Bold face indicates equal contribution.
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2.1 Abstract

Human influenza virus rapidly accumulates mutations in its major surface protein hemag-
glutinin (HA). The evolutionary success of influenza virus lineages depends on how these
mutations affect HA’s functionality and antigenicity. Here we experimentally measure the
effects on viral growth in cell culture of all single amino-acid mutations to the HA from a
recent human H3N2 influenza virus strain. We show that mutations that are measured
to be more favorable for viral growth are enriched in evolutionarily successful H3N2 vi-
ral lineages relative to mutations that are measured to be less favorable for viral growth.
Therefore, despite the well-known caveats about cell-culture measurements of viral fit-
ness, such measurements can still be informative for understanding evolution in nature.
We also compare our measurements for H3 HA to similar data previously generated for
a distantly related H1 HA, and find substantial differences in which amino acids are pre-
ferred at many sites. For instance, the H3 HA has less disparity in mutational tolerance
between the head and stalk domains than the H1 HA. Overall, our work suggests that
experimental measurements of mutational effects can be leveraged to help understand
the evolutionary fates of viral lineages in nature — but only when the measurements are

made on a viral strain similar to the ones being studied in nature.

2.2 Introduction

Seasonal H3N2 influenza virus evolves rapidly, fixing 3 to 4 amino-acid mutations per
year in its hemagglutinin (HA) surface protein [72, [14]. Many of these mutations con-
tribute to the rapid antigenic drift that necessitates frequent updates to the annual
influenza vaccine [191]. This evolution is further characterized by competition and
turnover among groups of strains called clades bearing different complements of muta-
tions [10, 202, 159, 114/, [12]. Clades vary widely in their evolutionary success, with some
dying out soon after emergence and others going on to take over the virus population.

Several lines of evidence indicate that successful clades have higher fitness than clades
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that remain at low frequency [10, 202, 1159} 138]. A key goal in the study of H3N2 evolution
is to identify the features that enable certain clades to succeed as others die out.

Two main characteristics distinguish evolutionarily successful clades from their com-
petitors: greater antigenic change, and efficient viral growth and transmission. In principle,
experiments could be informative for identifying how mutations affect these features. Most
work on influenza evolution to date has utilized experimental data to assess the antigenic-
ity of circulating strains [204, 190, 158,113, 32},[133]. However, the non-antigenic effects of
mutations also play an important role [174, 202, 138, [114]. Specifically, due to influenza
virus’s high mutation rate [99, 201, [120] and lack of intra-segment recombination [21],
deleterious mutations become linked to beneficial ones. The resulting accumulation of
deleterious mutations can affect non-antigenic properties central to viral fithess [138].
However, there are no large-scale quantitative characterizations of how mutations to H3N2
HA affect viral growth.

It is now possible to use deep mutational scanning [75] to measure the functional
effects of all single amino-acid mutations to viral proteins [209] 231, 59, 186, 175, [87].
However, the only HA for which such large-scale measurements have previously been
made is from the highly lab-adapted A/WSN/1933 (H1N1) strain [209, 231, 59]. Here,
we measure the effects on viral growth in cell culture of all mutations to the HA of a
recent human H3N2 strain. We show that these experimental measurements can help
discriminate evolutionarily successful mutations from those found in strains that quickly die
out. However, the utility of the experiments for understanding natural evolution depends
on the similarity between the experimental and natural strains: measurements made on

an H1 HA are less informative for understanding the evolutionary fate of H3 viral strains.
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2.3 Results

2.3.1 Deep mutational scanning of HA from a recent strain of human H3NZ2 influenza

virus

We performed a deep mutational scan to measure the effects of all amino-acid mutations
to HA from the A/Perth/16/2009 (H3N2) strain on viral growth in cell culture. This strain
was the H3N2 component of the influenza vaccine from 2010-2012 [220, [221]. Relative
to the consensus sequence for this HA in Genbank, we used a variant with two mutations
that enhanced viral growth in cell culture, G78D and T212I (Figure[A.1]and File S). The
G78D mutation occurs at low frequency in natural H3N2 sequences, and T212 is a site
where a mutation to Ala rose to fixation in human influenza in ~2011.

We mutagenized the entire HA coding sequence at the codon level to create mutant
plasmid libraries harboring an average of ~1.4 codon mutations per clone (Figure [A.2).
We then generated mutant virus libraries from the mutant plasmids using a helper-virus
system that enables efficient generation of complex influenza virus libraries [59] (Fig-
ure [2.7]A). These mutant viruses derived all their non-HA genes from the lab-adapted
A/WSN/1933 strain. Using WSN/1933 for the non-HA genes reduces biosafety concerns,
and also helped increase viral titers. To further increase viral titers, we used MDCK-
SIAT1 cells (Madin-Darby canine kidney cells overexpressing 2,6-sialyltransferase) [143]
that we engineered to constitutively express TMPRSS2 (Transmembrane Protease, Ser-
ine 2), which cleaves the HA precursor to activate it for membrane fusion [22, [23].

After generating the mutant virus libraries, we passaged them at low multiplicity of in-
fection (MOI) in cell culture to create a genotype-phenotype link and select for functional
HA variants (Figure [2.T]A). All experiments were completed in full biological triplicate (Fig-
ure [2.1B). We also passaged and deep sequenced library 3 in duplicate (library 3-1 and
3-2) to gauge experimental noise within a single biological replicate. As a control to mea-
sure sequencing and mutational errors, we used the unmutated HA gene to generate and

passage viruses carrying wildtype HA.
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Figure 2.1: Deep mutational scanning of the Perth/2009 H3 HA. (A) We generated mutant virus
libraries using a helper-virus approach [59], and passaged the libraries at low MOI to establish a
genotype-phenotype linkage and to select for functional HA variants. Deep sequencing of the vari-
ants before and after selection allowed us to estimate each site’s amino-acid preferences. (B) The
experiments were performed in full biological triplicate. We also passaged and deep sequenced
library 3 in duplicate. (C) Frequencies of nonsynonymous, stop, and synonymous mutations in the
mutant plasmid DNA, the passaged mutant viruses, and wildtype DNA and virus controls. (D) The
Pearson correlations among the amino-acid preferences estimated in each replicate.

Deep sequencing of the initial plasmid mutant libraries and the passaged mutant
viruses revealed selection for functional HA mutants. Specifically, stop codons were
purged to 20-45% of their initial frequencies after correcting for error rates estimated by
sequencing the wildtype controls (Figure[2.1IC). The incomplete purging of stop codons is
likely because genetic complementation due to co-infection [141], 26] enabled the persis-
tence of some virions with nonfunctional HAs. We also observed selection against many

nonsynonymous mutations (Figure [2.7]C), with their frequencies falling to 30-40% of their
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initial values after error correction.

We next quantified the reproducibility of our deep mutational scanning across biolog-
ical and technical replicates. We first used the deep sequencing data for each replicate
to estimate the preference of each site in HA for all 20 amino acids as described in [18].
Because there are 566 residues in HA, there are 566 x 19 = 10, 754 distinct measurements
(the 20 preferences at each site sum to one [18]). The correlations of the amino-acid pref-
erences between pairs of replicates are shown in Figure [2.1D. The biological replicates
were well-correlated, with Pearson’s R ranging from 0.69 to 0.78. Replicate 1 exhibited the
weakest correlation with other replicates; this replicate also showed the weakest selec-
tion against stop and nonsynonymous mutations (Figure [2.1|C), perhaps indicating more
experimental noise. The two technical replicates 3-1 and 3-2 were only slightly more cor-
related than pairs of biological replicates, suggesting that bottlenecking of library diversity

during viral passage contributes most of the experimental noise.

2.3.2 Our measurements are consistent with existing knowledge about HA’s evolution

and function

How do the HA amino-acid preferences measured in our experiments relate to the evo-
lution of H3N2 influenza virus in nature? This question can be addressed by evaluating
how well an experimentally informed codon substitution model (ExpCM) using our mea-
surements describes H3N2 evolution compared to standard substitution models [19, [94].
Table shows that an ExpCM using the across-replicate average of our measurements
greatly outperforms conventional substitution models. This result indicates that our ex-
periments authentically capture some of the constraints on HA evolution. A substitution
model in which the amino-acid preferences were averaged across all sites (ExpCM, site
avg.) performs no better than conventional substitution models, demonstrating that the
reason that our measurements are informative is because they capture site-specific con-

straints. The relative rate of nonsynonymous to synonymous substitutions (dN/dS or w) is
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Model AAIC Log Likelihood Stringency w
ExpCM 0.0 -8441 2.47 0.91
GY94 M5 2094 -9482 - 0.36 (0.30, 0.84)
ExpCM, site average 2501 -9692 0.67 0.32
GY94 MO 2536 -9704 - 0.31

Table 2.1: Substitution models informed by the experiments describe HA’s evolution better
than traditional models. Shown are the maximum likelihood phylogenetic fit to an alignment of
human H3N2 HAs using ExpCM [94], ExpCM in which the experimental measurements are aver-
aged across sites (site avg.), and M0 and M5 versions of the Goldman-Yang (GY94) model [234].
Models are compared by Akaike information criterion (AIC) [173] computed from the log likelihood
(LnL) and number of model parameters. The w parameter is dN/dS for the Goldman-Yang models,
and the relative dN/dS after accounting for the measurements for the ExpCM. For the M5 model,
we give the mean followed by the shape and rate parameters of the gamma distribution over w.

<1 for conventional substitution models (Table [2.1). However, the relative rate of nonsyn-
onymous to synonymous substitutions after accounting for the amino-acid preferences
measured in our experiments (w for the ExpCM) is close to one (Table [2.1), indicating
that most purifying selection against nonsynonymous substitutions is accounted for in the
deep mutational scanning. The ExpCM stringency parameter [94] is 2.47 (Table [2.1), in-
dicating that natural selection favors the same amino acids as the experiments but with
greater stringency. Throughout the rest of this paper, we use the amino-acid preferences
re-scaled [19, [94] by this stringency parameter. These re-scaled preferences are shown
in Figure 2.2

Examination of Figure reveals that the experimentally measured amino-acid pref-
erences generally agree with existing knowledge about HA'’s structure and function. For
instance, sites that form structurally important disulfide bridges (sites 52 & 277, 64 & 76,
97 & 139, 281 & 305, 14 & 137-HA2, 144-HA2 & 148-HA2) [213] strongly prefer cys-
teine. At residues involved in receptor binding, there are strong preferences for the amino
acids that are known to be involved in binding sialic acid, such as Y98, D190, W153, and
S228 [216, 1142, 163, 233]. A positively charged amino acid at site 329 is important for
cleavage of the HAO precursor into the mature form [200], and this site strongly prefers

arginine.
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However, there are also some differences between the amino-acid preferences mea-

sured in our experiments and amino-acid frequencies in natural H3 HA sequences (Fig-

ure[A.3). Most surprisingly, the start codon does not show a particularly strong preference

for methionine (Figure 2.2). We validated that a virus carrying a mutation at this site from

methionine to lysine does in fact reach appreciable titers (Figure [A.4), perhaps because
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of alternative translation-initiation at a downstream or upstream start site as has been de-
scribed for other HAs [82]]. Our measurements also suggest mutational tolerance at some
other sites that are relatively conserved among natural HAs, such as the N-linked glyco-
sylation motifs near the beginning of HA1 and the transmembrane domain (Figure [2.2).
We validated that viruses with mutations to the glycosylation motifs at sites 22 or 38, or
a site in the transmembrane domain, do in fact grow to high titers (Figures and[A.6]
respectively). The disparity between the relative conservation of these sites in nature and
their mutational tolerance in our study could be because cell culture does not fully capture
the constraints on HA function in nature, or could be because these sites are not under

strong immune pressure and so mutations at them are not positively selected in nature.

2.3.3 There is less difference in mutational tolerance between the HA head and stalk
domains for H3 than for H1

Our experiments measure which amino acids are tolerated at each HA site under se-
lection for viral growth. We can therefore use our experimentally measured amino-acid
preferences to calculate the inherent mutational tolerance of each site, which we quantify
as the Shannon entropy of the re-scaled preferences. In prior mutational studies of H1
HAs, the stalk domain was found to be substantially less mutationally tolerant than the
globular head [209, 231, 59, [91].

We performed a similar analysis using our new data for the Perth/2009 H3 HA. Surpris-
ingly, the head domain of the H3 HA is not more mutationally tolerant than the stalk do-
main (Figure[2.3). Specifically, whereas solvent-exposed residues in the head domain are
substantially more mutationally tolerant than those in the stalk domain for the WSN/1933
H1 HA, the trend is actually reversed for the Perth/2009 H3 HA (Figure [2.3B). This differ-
ence between the relative mutational tolerances of the H1 and H3 HAs is robust to the
cutoff used to define surface residues (Figure[A.7). For instance, for the H3 HA, the short

helix A in the stalk domain is as mutationally tolerant as many surface-exposed residues
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Figure 2.3: Mutational tolerance of each site in H3 and H1 HAs. (A) Mutational tolerance as
measured in the current study is mapped onto the structure of the H3 trimer (PDB 405N; [129]).
Mutational tolerance of the WSN/1933 H1 HA as measured in [59] is mapped onto the structure
of the H1 trimer (PDB 1RVX; [79]). Different color scales are used because measurements are
comparable among sites within the same HA, but not necessarily across HAs. Both trimers are
shown in the same orientation. For each HA, the structure at left shows a surface representation
of the full trimer, while the structure at right shows a ribbon representation of just one monomer.
The sialic acid receptor is shown in red sticks. (B) The mutational tolerance of solvent-exposed
residues in the head and stalk domains of the Perth/2009 H3 HA (purple) and WSN/1933 H1
HA (gold). Residues falling in between the two cysteines at sites 52 and 277 were defined as
belonging to the head domain, while all other residues were defined as the stalk domain. A residue
was classified as solvent exposed if its relative solvent accessibility was > 0.2; Figure [A.7] shows
that the results are robust to the choice of solvent accessibility cutoff. Note that the mutational
tolerance values are not comparable between the two HAs, but are comparable between domains
of the same HA.

in the head domain—something that is not the case for the H1 HA. Helix A forms part of
the epitope of many broadly neutralizing anti-stalk antibodies [140}, 121, [31].

We also see high mutational tolerance in many of the known antigenic regions of H3
HA [224]. For instance, antigenic region B is an immunodominant area, and many recent
major antigenic drift mutations have occurred in this region [32, 113, 172]. We find that
the most distal portion of the globular head near the 190-helix, which is part of antigenic
region B, is highly tolerant of mutations (Figure [2.3A). Antigenic region C is also notably
mutationally tolerant.

Many residues inside HA’s receptor binding pocket are known to be highly functionally
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constrained [225, [142], and our data indicates that these sites are relatively mutationally
intolerant in both H3 and H1 HAs (Figure [2.3]A). In contrast, the residues surrounding
the receptor binding pocket are fairly mutationally tolerant, which may contribute to the
rapidity of influenza’s antigenic evolution, since mutations at these sites can have large

effects on antigenicity [224, [113].

2.3.4 Our measurements can help distinguish between mutations that reach low and

high frequencies in nature

Mutations occurring in the H3N2 virus population experience widely varying evolutionary
fates (Figure [2.4). Some mutations appear, spread and fix in the population, while oth-
ers briefly circulate before disappearing. We take the maximum frequency reached by a
mutation as a coarse indicator of its effect on fitness, since favorable mutations gener-
ally reach higher frequencies than unfavorable ones [71]. Here, we follow the population
genetic definition of mutation and track the outcome of each individual mutation event;
for example, although R142G occurs multiple times on the phylogeny we track each of
these mutations occurring on different backgrounds separately. As such, each mutation
is shown as a separate circle on a separate branch in Figure 2.4 However, because
multiple mutations on the same phylogeny branch cannot be disentangled, when multiple
mutations occurred on a single branch, we assigned a single mutational effect based on
the sum of effects of each mutation.

After annotating mutations and their frequencies on the phylogeny in this way (Fig-
ure [2.4), it is visually obvious that there are relatively few circulating mutations that we
measure to be strongly deleterious—and that such deleterious mutations rarely reach
high frequency when they do occur.

We next sought to quantify the correlation between a mutation’s experimentally mea-
sured effect and the maximum frequency it attained during natural evolution. To calculate

a given mutation’s effect, we simply took the logarithm of the ratio of the preferences for
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Figure 2.4: Frequency trajectories of individual mutations and their relation to the experi-
mentally measured effects of these mutations. The top panel shows the subset of the full H3N2
HA tree in Figurefrom 2004 to 2014. Circles indicate individual amino-acid mutations, and are
colored according to the mutational effect measured in our deep mutational scanning (negative
values indicate mutations measured to be deleterious to viral growth). The Perth/2009 strain is
labeled with a star, and nodes in the clade containing the Perth/2009 strain were excluded from
our analyses. The bottom panel shows the frequency trajectory of each mutation, with trajectories
colored according to the mutational effects as in the top panel. It is clear that most mutations
that reach high frequency are measured to be relatively favorable in our experiments. Figure [A.11]
shows a similar layout but colors mutations by whether they are in HA’s head or stalk domain.

the mutant and wildtype amino acids at that site. To minimize effects related to the genetic
background of the strain used in the experiment, we excluded mutations closely related
to the experimental strain itself and partitioned the remaining mutations into 1,022 mu-
tations pre-dating and 299 mutations post-dating the Perth/2009 strain (Figure [A.8). We
additionally excluded mutations from the post-Perth partition that were sampled in 2014
or after, since these mutations have not had enough time for their evolutionary fates to
be fully resolved. We used these pre-Perth and post-Perth partitions to test the utility of
our measurements for both post-hoc and prospective analyses, respectively. We quan-

tified the relationship between mutational effects and maximum mutation frequencies in
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Figure 2.5: Experimental measurements are informative about the evolutionary fate of viral
mutations. (A) Correlation between the effects of mutations as measured in our deep mutational
scanning of the Perth/2009 HA and the maximum frequency reached by these mutations in nature.
The plots show Spearman p and an empirical P-value representing the proportion of 10,000 per-
mutations of the experimental measurements for which the permuted p was greater than or equal
to the observed p. (B) The distribution of mutational effects partitioned by maximum mutation fre-
quency. The vertical black line shows the mean mutation effect for each category. The analysis
is performed separately for pre-Perth/2009, post-Perth/2009, and unpassaged isolates from the

post-Perth/2009 partitions of the tree (see Figure |A.8).

the H3N2 phylogeny via Spearman rank correlation (Figure [2.5A). In both pre-Perth and
post-Perth time periods, we found a modest, but statistically significant relationship be-
tween mutational effect and maximum mutation frequency (pre-Perth p = 0.17, post-Perth
p = 0.15). The similar effect sizes for both the pre- and post-Perth partitions shows that
our experimental measurements can help explain the evolutionary fates of mutations in
strains that post-date the experimentally studied strain, as well as to retrospectively ana-

lyze mutations that precede the experimental strain.
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Many of the HAs in sequence databases are from viral isolates that were passaged in
cell-culture or eggs, which can cause lab-adaptation mutations that confound evolutionary
analyses [145]. To check that our results were robust to such lab-adaptation mutations,
we repeated our analysis using only HA sequences derived from viruses that had not
been passaged in the lab. Because sequencing of unpassaged primary isolates has only
recently become commonplace, we could only perform this analysis for the post-Perth
partition of the phylogenetic tree. Figure shows that the correlation between our
measured mutational effects and the maximum frequency was even stronger for mutations
from unpassaged viral isolates (p = 0.24).

The trends in Figure are most strongly driven by the behavior of substantially
deleterious mutations. We investigated this further by partitioning mutations into those
that reach low, medium and high frequencies, and those that fix in the population (Fig-
ure 2.5B). The mutations that reach higher frequencies have a more favorable mean
effect. Mutations measured to be substantially deleterious almost never reach high fre-
quency. Overall, these results demonstrate that measurements of how mutations affect
viral growth in cell culture are informative for understanding the fates of these mutations in
nature: in particular, if a mutation is measurably deleterious to viral growth, that mutation

is unlikely to prosper in nature.

2.3.5 Measurements made on an H1 HA are less informative for understanding the evo-

lution of H3 influenza

To determine how broadly experimental measurements can be generalized across HAs,
we repeated the foregoing analysis of HSN2 mutation frequencies, but using mutational
effects measured in our prior deep mutational scanning of the WSN/1933 H1 HA [59]
(Figure[A.9), which is highly diverged from the Perth/2009 H3 HA (the two HAs only have
42% protein sequence identity). Figure shows that the correlations between the H1

experimental measurements and the maximum frequency that mutations reach during
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Figure 2.6: Experimental measurements on an H1 HA are less informative about the evolu-
tionary fate of H3N2 mutations. This figure repeats the analysis of the H3N2 mutation frequen-
cies in Figure[2.5]A, but uses the deep mutational scanning data for an H1 HA as measured in [59].
Figure shows the histograms comparable to those in Figure [2.5B. The empirical P-value
represents the result of 1,000 permutations.

H3N2 viral evolution are consistently weaker than those using H3 experimental measure-
ments (compare Figure to Figure [2.5/A). Therefore, the utility of an experiment for
understanding natural evolution degrades as the experimental sequence becomes more

diverged from the natural sequences that are being studied.

2.3.6 There are large differences between H3 and H1 HAs in the amino-acid preferences

of many sites

An obvious hypothesis for why the H1 deep mutational scanning is less useful for under-
standing the evolution of H3N2 influenza viruses is that the effect of the same mutation
is often different between these two HA subtypes. To determine if this is the case, we
examined how much the amino-acid preferences of homologous sites have shifted be-
tween H3 and H1 HAs. Prior experiments have found only modest shifts in amino-acid
preferences between two variants of influenza nucleoprotein with 94% amino-acid iden-
tity [58] and variants of HIV envelope (Env) with 86% amino-acid identity [87]. However,
the H1 and H3 HAs are far more diverged, with only 42% amino-acid identity (Figure[2.7)A).
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Figure 2.7: There are large shifts in the effects of mutations between H1 and H3 HAs.
(A) Phylogenetic tree of HA subtypes, with the WSN/1933 H1 and Perth/2009 H3 HAs labeled.
(B) All pairwise correlations of the amino-acid preferences measured in the three individual deep
mutational scanning replicates in the current study and the three replicates in prior deep mutational
scanning of the H1 HA [59]. Comparisons between H3 replicates are in purple, those between H1
replicates are in brown, and those across H1 and H3 replicates are in gray. R indicates the Pearson
correlation coefficient. (C) We calculated the shift in amino-acid preferences at each site between
H3 and H1 HAs using the method in [87], and plotted the distribution of shifts for all sites. The
shifts between H3 and H1 (yellow) are much larger than the null distribution (blue) expected if all
differences are due to experimental noise. The shifts are also much larger than those previously
observed between two variants of HIV Env that share 86% amino-acid identity (pink). However,
the shifts between H3 and H1 are less than the differences between HA and HIV Env (green).

One simple way to investigate the extent of shifts in amino-acid preferences is to corre-
late measurements from independent deep mutational scanning replicates on H1 and H3
HAs. Figure [2.7B shows that replicate measurements on the same HA variant are more
correlated than those on different HA variants.

To more rigorously quantify shifts in amino-acid preferences after correcting for ex-

perimental noise, we used the statistical approach in [58, [87]. Figure shows the



28

distribution of shifts in amino-acid preferences between H3 and H1 HAs after correcting
for experimental noise. Although some sites have small shifts near zero, many sites have
large shifts. These shifts between H3 and H1 are much larger than expected from the
null distribution that would be observed purely from experimental noise. They are also
much larger than the shifts previously observed between two HIV Envs with 86% amino-
acid identity [87]. However, the typical shift between H3 and H1 is still smaller than that
observed when comparing HA to the non-homologous HIV Env protein. Therefore, there
are very substantial shifts in mutational effects between highly diverged HA homologs,

although the effects of mutations remain more similar than for non-homologous proteins.

2.3.7 Properties associated with the shifts in amino-acid preferences between H3 and
H1 HAs

What features distinguish the sites with shifted amino-acid preferences between H3 and
H1 HAs? The sites of large shifts do not obviously localize to one specific region of HA’s
structure (Figure [2.8A). However, at the domain level, sites in HA’s stalk tend to have
smaller shifts than sites in HA’s globular head (Figure [2.8B). The HA stalk domain is also
more conserved in sequence [162], suggesting that conservation of amino-acid sequence
is correlated with conservation of amino-acid preferences. Consistent with this idea, sites
that are absolutely conserved across all 18 HA subtypes are significantly less shifted
than sites that are variable across HA subtypes (Figure[2.8B). Presumably these sites are
under consistent functional constraint across all HAs.

Despite their high sequence divergence, H1 and H3 adopt very similar protein
folds [85, 181]. However, there are differences in the rotation and upward translation
of the globular head subdomains relative to the central stalk domain among different HA
subtypes [85, [181]. Previous work has defined clades of structurally related HA sub-
types [85, 181]. One such clade includes H1, H2, H5, and H6, whereas another clade
includes H3, H4, and H14 HAs (Figure [2.7A). Sites that are conserved at different amino-
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Figure 2.8: Sites with strongly shifted amino-acid preferences between H3 and H1 HAs.
(A) The shift in amino-acid preferences between the H3 and H1 HA at each site as calculated in
Figure [2.7C is mapped onto the structure of the H3 HA. (B) Amino-acid preferences of sites in
the stalk domain are less shifted than those in the head domain. Sites absolutely conserved in all
18 HA subtypes are less shifted than other sites. Sites with one amino-acid identity in the clade
containing H1, H2, H5, and H6 and another identity in the clade containing H3, H4, and H14 are
more shifted than other sites. (C) Sites 107 and 75(HA2) help determine the different orientation
of the globular head domain in H1 versus H3 HAs. These sites are shown in spheres on the
structure of H1 and H3 and colored as in panel (A), and the experimentally measured amino-acid
preferences in the H1 and H3 HAs are shown. One monomer is in dark gray, while the HA1 domain
of the neighboring monomer is in lighter gray.

acid identities in these two clades tend to have exceptionally large shifts in amino acid
preferences (Figure [2.8B). The clade containing H1 has an upward translation of the
globular head relative to the clade containing H3. This structural shift has been attributed
largely to the interaction between sites 107 and 75(HA2) [85, [181]. Specifically, the clade

containing H1 has a taller turn in the interhelical loop connecting helix A and helix B in
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the stalk domain, and this tall turn is stabilized by a hydrogen bond between Glu-107 and
Lys-75(HA2) (Figure [2.8C). In deep mutational scanning of the H1 HA, site 107 has a
high preference for Glu and 75(HA2) strongly prefers positively charged Lys and Arg. In
contrast, the interhelical loop in H3 HA makes a sharper and shorter turn which is facili-
tated by a Gly at 75(HA2). In the deep mutational scanning of the Perth/2009 H3 HA, site
75(HA2) prefers Gly and to a lesser extent Val, while site 107 is fairly tolerant of mutations.
Therefore, some of the shifts in HA amino-acid preferences can be rationalized in terms

of changes in HA structure.
2.4 Discussion

We have measured the effects of all possible single amino-acid mutations to the
Perth/2009 H3 HA on viral growth in cell culture and demonstrated that these measure-
ments have some value for understanding the evolutionary fate of these mutations in na-
ture. Specifically, mutations measured to be more beneficial for viral growth tend to reach
higher frequencies in nature than mutations measured to be more deleterious for viral
growth. The fact that our experiments can help identify evolutionary successful mutations
suggests that they might inform evolutionary forecasting. In their landmark paper intro-
ducing predictive viral fithess models that accounted for both antigenic and non-antigenic
mutations, tuksza and Lassig [138] noted that the models could in principle be improved
by integrating “diverse genotypic and phenotypic data” that more realistically represented
the effects of specific mutations. Our work suggests that deep mutational scanning may
be able to provide such data.

It is important to emphasize that measurements of viral growth in cell culture do not
represent true fitness in nature. Indeed, a vast amount of work in virology has chroni-
cled the ways in which experiments can select for lab artifacts or fail to capture important
pressures that are relevant in nature [46) 205, (125, 227]. As an example, although we

identified G78D as favorable for viral growth in cell culture, this mutation never fixes in
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nature. Mutations in viral genes other than HA are also important in determining strain
success [146, [176]. Given these caveats, it might seem surprising that measuring viral
growth in cell culture can be informative about the success of viral strains in nature. Yet,
prior to our work, there were no comprehensive studies of the functional effects of muta-
tions to H3 HA on any property that even resembled viral fitness in nature, and modeling
work has either omitted the non-antigenic effects of mutations [204, 90, [158] or assumed
that all non-epitope mutations had equivalent deleterious effects [138]. The strength of
our measurements are not that they perfectly capture fitness in nature, but that they are
systematic and quantitative—and so represent an improvement over no information at all.
We suspect that performing similar experiments using more realistic and complex selec-
tions (e.g., ferrets or primary human airway cultures) might further improve their utility and
possibly their generalizability to more divergent strains.

We measured the effects of all single amino-acid mutations to a specific HA, and then
generalized these measurements to other H3N2 HAs from a 50-year timespan. These
generalizations will only be valid to the extent that the effects of mutations are conserved
during HA’s evolution. Extensive prior work has shown that epistasis can shift the effects
of mutations as proteins evolve [171], 186, 183], (156, 189, (199, (198]. Our work suggests
that measurements on a HA from single human H3N2 viral strain can be usefully gener-
alized to at least some extent across the entire evolutionary history of human H3N2 HA.
On the other hand, when we compared our measurements for an H3 HA to prior mea-
surements on H1 HA, we found substantial shifts at many sites—much greater than those
observed in prior protein-wide comparisons of more closely related homologs [58, [87].
Further investigation of how mutational effects shift as proteins diverge will be important
for determining how broadly any given experiment can be generalized when attempting to
make evolutionary forecasts.

Our work did not characterize the antigenic effects of mutations, which also play an
important role in determining strain success in nature [113] [158]. However, our basic

selection and deep-sequencing approach can be harnessed to completely map how mu-
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tations affect antibody recognition [60, 61]. But so far, experiments using this approach
have not examined antibodies or sera that are relevant to driving the evolution of H3N2
influenza [60] 61], or have used relevant sera but examined a non-comprehensive set of
mutations [133]. Future experiments that completely map how HA mutations affect recog-

nition by human sera seem likely to be especially fruitful for informing viral forecasting.

2.5 Materials and Methods

Data and computer code

Deep sequencing data are available from the Sequence Read Archive under BioSam-
ple accessions SAMN08102609 and SAMN08102610. Computer code used to analyze
the data and produce the results in the paper are on GitHub at https://github.com/

jbloomlab/Perth2009-DMS-Manuscript.

HA numbering

Sites are in H3 numbering, with the signal peptide in negative numbers, HA1 in plain num-
bers, and HA2 denoted with "(HA2)”. Sequential 1, 2, ... numbering of the Perth/2009 HA
can be converted to H3 numbering by subtracting 16 for the HA1 subunit, and subtracting
345 for the HA2 subunit.

Creation of MDCK-SIAT1-TMPRSS2 cells

When growing influenza virus in cell culture, trypsin is normally added to cleave HA into
its mature form. To obviate the need for trypsin, we engineered MDCK-SIAT1 cells and
MDCK-SIAT1-CMV-PB1 [20] cells to constitutively express the TMPRSS2 protease, which
cleaves and activates HA in the human airways [22] [23]. The human TMPRSS2 cDNA
ORF was ordered from OriGene (NM_005656) and cloned into a pHAGEZ2 lentiviral vector

under an EF1a-Int promoter followed by an IRES driving expression of mCherry to cre-
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ate plasmid pHAGEZ2-EF1alnt-TMPRSS2-IRES-mCherry-W. We used the lentiviral vector
to transduce MDCK-SIAT1 or MDCK-SIAT1-CMV-PB1 cells, and sorted an intermediate
mCherry-positive population by flow cytometry. We refer to the sorted bulk population
as MDCK-SIAT1-TMPRSS2 cells or MDCK-SIAT1-CMV-PB1-TMPRSS2 cells. There is
no selectable marker for the TMPRSS2; however, we maintain the cells at low passage
number, and have seen no indication that they lose their ability to support the growth of

viruses with H3 HAs in the absence of exogenous trypsin.

Generation of HA codon mutant plasmid libraries

HA and NA genes for the Perth/2009 viral strain were cloned from recombinant virus ob-
tained from BEI Resources (NR-41803) into the pHW2000 [98] influenza reverse-genetics
plasmids to create pHW-Perth09-HA and pHW-Perth09-NA.

We initially created a virus with the HA and NA from Perth/2009 and internal genes
from WSN/1933, and passaged it in cell culture to test its genetic stability. To gener-
ate this virus, we transfected a co-culture of 293T and MDCK-SIAT1-TMPRSS2 in D10
media (DMEM, or Dulbecco’s Modified Eagle Medium, supplemented with 10% heat-
inactivated FBS, or Fetal Bovine Serum, 2 mM L-glutamine, 100 U of penicillin/mL, and
100 ug of streptomycin/mL) with equal amounts of pHW-Perth09-HA, pHW-Perth09-NA,
the pHW18* series of plasmids [98] for all non-HA/NA viral genes, and pHAGE2-EF1alnt-
TMPRSS2-IRES-mCherry-W. The next day we changed the media to influenza growth
media (IGM, consisting of Opti-MEM supplemented with 0.01% heat-inactivated FBS,
0.3% BSA, 100 U of penicillin/mL, 100 g of streptomycin/mL, and 100 ug of calcium
chloride/mL (no trypsin was added since there was TMPRSS2), and then collected the vi-
ral supernatant at 72 hours post-transfection. This viral supernatant was blind passaged
in MDCK-SIAT1-TMPRSS2 a total of six additional times. We isolated viral RNA from
these passaged viruses and sequenced the HA gene. The passaged HA had two mu-
tations, G78D and T212l, which enhanced viral growth as shown in Figure [A.1] The HA
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with these two mutations was cloned into pHW2000 [98] and pICR2 [7] to create pHW-
Perth09-HA-G78D-T212I and pICR2-Perth09-HA-G78D-T212lI. For all subsequent exper-
iments, we used viruses with the HA containing these two mutations to improve titers and
viral genetic stability, and this is the HA that we refer to as Perth/2009 in the manuscript
text. We used all non-HA genes (including NA) from WSN/1933 to help increase titers
and reduce biosafety concerns.

The codon-mutant libraries were generated in the Perth/2009 HA-G78D-T212I back-
ground using the PCR-based approach described in [17] with the primer melting-
temperature modifications described in [56], using two rounds of mutagenesis. The
script to design the mutagenesis primers is at https://github.com/jbloomlab/
CodonTilingPrimers. We created three independent libraries, one for each biological
replicate. The mutant variants were then cloned at high efficiency into the pICR2 [7] vec-
tor using digestion with BsmBl, ligation with T4 DNA ligase, and electroporation into Elec-
troMAX DH10B competent cells (Invitrogen 18290015). We obtained >6 million trans-
formants for each replicate. We scraped the plates, expanded the cultures in liquid LB
(Luria-Bertani Broth) + ampicillin at 37°C for 3 h with shaking, and then maxiprepped. We

randomly chose 31 clones to Sanger sequence to evaluate the mutation rate (Figure |A.2).

Generation and passaging of mutant viruses

The mutant virus libraries were generated using the helper-virus approach described
in [59] with several modifications, most notably the cell line used. Briefly, we trans-
fected 5 x 10° MDCK-SIAT1-TMPRSS2 cells in suspension with 937.5 ng each of four
protein expression plasmids encoding the ribonucleoprotein complex (HDM-Nan95-PA,
HDM-Nan95-PB1, HDM-Nan95-PB2, and HDM-Aichi68-NP) [83], and 1250 ng of one of
the three pICR2-mutant-HA libraries (or the wildtype control) using Lipofectamine 3000
(ThermoFisher L3000008). We allowed the transfected cells to adhere in 6-well plates

and four hours later changed the media to D10 media. Eighteen hours after transfection,
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we infected the cells with the WSN/1933 HA-deficient helper virus [59] by preparing an
inoculum of 500 TCIDs5, per L of helper virus (as computed on HA-expressing cells) in
IGM, aspirating the D10 media from the cells, and adding 2 mL of the helper-virus inocu-
lum to each well. After three hours, we changed the media to fresh IGM. At 24 hours
after helper-virus infection, we harvested the viral supernatants for each replicate, froze
aliquots at -80°C, and titered in MDCK-SIAT1-TMPRSS2 cells. The titers were 92, 536,
536, and 734 TCID;, per uL for the three library replicates and the wildtype control, re-
spectively.

We passaged 9 x 10° TCIDs, of the transfection supernatants at an MOI of 0.0035
TCIDs, per cell. To do this, we plated 4.6 x 10 MDCK-SIAT1-TMPRSS2 cells per dish in
fifteen 15-cm dishes in D10 media, and allowed the cells to grow for 24 hours, at which
time they were at ~ 1.7 x 107 cells per dish. We replaced the media in each dish with 25
mL of an inoculum of 2.5 TCID5, of virus per L in IGM. Three hours post-infection, we
replaced the inoculum with fresh IGM for replicates 1, 2, and 3-2. We did not perform a
media change for replicate 3-1. As can be seen in Figure [2.1D, the media change does
not appear to have a substantial effect, as replicate 3-1 looks comparable to the other

replicates. We collected viral supernatant for sequencing 48 hours post-infection.

Barcoded subamplicon sequencing

To extract viral RNA from the three replicate HA virus libraries and the wildtype HA virus,
we clarified the viral supernatant by centrifuging at 2000 x g for five minutes, then ultracen-
trifuged 24 mL of the clarified supernatant at 22,000 rpm for 1.5 h at 4°C in a Beckman
Coulter SW28 rotor, and extracted RNA using the Qiagen RNeasy Mini Kit by resus-
pending the viral pellet in 400 nL of buffer RLT supplemented with 5-mercaptoethanol,
pipetting 30 times, transferring the liquid to a microcentrifuge tube, adding 600 uL 70%
ethanol, and proceeding according to the manufacturer’s instructions. The HA gene

was reverse-transcribed with AccuScript Reverse Transcriptase (Agilent 200820) using
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primers P09-HA-For (5'-AGCAAAAGCAGGGGATAATTCTATTAATC-3’) and P09-HA-Rev
(5-AGTAGAAACAAGGGTGTTTTTAATTACTAATACAC-3)).

We generated the HA PCR amplicons for the three plasmid libraries, the three virus
libraries, the wildtype plasmid control, and the wildtype virus control using KOD Hot Start
Master Mix (EMD Millipore 71842) using the PCR reaction mixture and cycling conditions
described in [17] and the P09-HA-For and P09-HA-Rev primers. We prepared the se-
quencing libraries using a barcoded-subamplicon strategy [231] to increase the accuracy
from deep sequencing. The exact details of this approach are described in [59] (also see
https://jbloomlab.github.io/dms_tools2/bcsubamp.html). The primers used to gen-
erate the subamplicons are in Dataset We performed deep sequencing on a lane of

an lllumina HiSeq 2500 using 2 x 250 bp paired-end reads in rapid-run mode.

Analysis of deep sequencing data

We used the dms _tools2 software package [18] (https://github.com/jbloomlab/dms_
tools2, version 2.2.5) to analyze the deep sequencing data. The algorithm used
to estimate the site-specific amino-acid preferences from the deep sequencing counts
is described in [18]. The amino-acid preferences for each replicate and for the re-
scaled, across-replicate average are provided in Dataset Computer code that per-
forms the entirety of this analysis and shows many detailed plots about read depth and
other quality control metrics is available on GitHub at https://github.com/jbloomlab/

Perth2009-DMS-Manuscript/blob/master/analysis_code/analysis_notebook.ipynb.

Phylogenetic model comparison and fitting of a stringency parameter

For the analysis in Table we downloaded all full-length H3 HA sequences from the
Influenza Virus Resource [9], and randomly subsampled two sequences per year. These
sequences were aligned using MAFFT [109] and used to infer a phylogenetic tree using
RAxML [196] with a GTRCAT model of nucleotide substitution. We then used phydms [94]
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(https://github.com/jbloomlab/phydms, version 2.2.2) to fit the substitution models
listed in Table 2.1]

The amino-acid preferences were re-scaled by the stringency parameter using the ap-
proach described in [94]. Note that the re-scaling simply puts the amino-acid preferences
on a useful scale for visualization in logo plots, and has no effect on any of the quantitative
conclusions relating the deep mutational scanning to natural evolution. The reason is that
all of these conclusions use the effects of mutations as calculated using Equation 2.1} and
the re-scaling simply acts as a constant multiplier on all mutational effects (e.g., a scale
factor) when re-scaled preferences are converted to mutational effects.

The phylogenetic tree of HA subtypes in Figure was generated as described
in [61].

Quantification of Shannon entropy and relative solvent accessibility

We calculated Shannon entropy, i, for site r as h, = — ", ,log(n,,), where , , is the
preference for amino acid x at site r.

We quantified the absolute solvent accessibility of each site of the H3 HA (PDB
405N; [129]) or the H1 HA (PDB 1RVX; [79]) structure using DSSP [107]. We then nor-

malized to a relative solvent accessibility using the absolute accessibilities in [210].

Quantification of mutational effects

We calculated the effects of mutations from the amino-acid preferences that were esti-
mated from the deep mutational scanning data. The effect of mutating site » from amino

acid a; to a, was calculated as

log, Mras (2.1)

where m,., and m,,, are the re-scaled preferences for amino acids a; or a, at
site r as shown in Figure 2.2 The WSN/1933 H1 HA amino-acid preferences
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are the replicate-average values reported in [99], re-scaled by a stringency parame-
ter of 2.05 (see https://github.com/jbloomlab/dms_tools2/blob/master/examples/

Doud2016/analysis_notebook.ipynb).

Inference of human H3NZ2 phylogenetic tree and calculation of maximum mutation fre-

quencies

To generate the tree shown in Figure [A.8] we applied Nextstrain’s augur pipeline [88]
(https://github.com/nextstrain/augur; commit 006896d) to publicly available H3N2
HA sequences from GISAID [188] (see Dataset S4), sampling six viruses per month over
the time interval of January 1, 1968 to February 1, 2018. We aligned the resulting 2,189
HA sequences with MAFFT v7.310 [109] and constructed a maximum likelihood phylogeny
from this alignment with RAxML 8.2.10 [196]. Ancestral state reconstruction and branch
length timing were performed with TreeTime [182]. The phylogenetic tree is available as
a JSON file on GitHub at https://github.com/jbloomlab/Perth2009-DMS-Manuscript/
blob/master/analysis_code/data/flu_h3n2_ha_1968_2018_6v_tree. json.gz. The
tree was visualized using BALTIC (https://github.com/blab/baltic).

The frequency trajectory of each individual mutation on the phylogeny is estimated
following Nextstrain’s augur pipeline and as first implemented in Nextflu [157]. Herein,
mutation frequency dynamics are modeled according to a Brownian motion diffusion pro-
cess discretized to one-month intervals. The number of viruses sampled in each interval
determines the denominator of the mutation frequency calculations. Relative to a simple
Brownian motion, the expectation includes an “inertia” term e that adds velocity to the dif-
fusion and the variance includes a term z(1 — z) to scale variance according to frequency
following a Wright-Fisher population genetic process. This results in the following diffusion
process

z(t +dt) = N (z(t) + edz, dto” z(t) (1 — z(1))), (2.2)

with ‘volatility’ parameter o2. The term dz is the increment in the previous timestep, so
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https://github.com/jbloomlab/dms_tools2/blob/master/examples/Doud2016/analysis_notebook.ipynb
https://github.com/nextstrain/augur
https://github.com/jbloomlab/Perth2009-DMS-Manuscript/blob/master/analysis_code/data/flu_h3n2_ha_1968_2018_6v_tree.json.gz
https://github.com/jbloomlab/Perth2009-DMS-Manuscript/blob/master/analysis_code/data/flu_h3n2_ha_1968_2018_6v_tree.json.gz
https://github.com/blab/baltic
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that dz = z(t) — x(t — dt). We used ¢ = 0.7 and o2 = 0.05 to maximize fit to empirical
trajectory behavior.
We also include a Bernoulli observation model for mutation presence / absence among

sampled viruses at timestep ¢. This observation model follows

flat) =T =) [T (1 —=(1)), (2.3)
veV vV
where v € V represents the set of viruses that have the mutation and v ¢ V represents
the set of viruses that do not have the mutation. Each frequency trajectory is estimated by
simultaneously maximizing the likelihood of the process model and the likelihood of the
observation model via adjusting frequency trajectory x = (x1, ..., z,).

We also repeated the above analyses using only viruses that were sequenced directly
without passaging. Routine direct sequencing did not begin until the early 2000s [145].
To construct a tree with a similar number of viruses as the original analysis, we sampled
30 viruses per month between January 1, 2000 and April 1, 2018, producing a tree with
2,374 unpassaged viruses with augur (commit: 649£708). We included the passaged
DMS strain, A/Perth/16/2009, in the resulting tree to enable comparison between pre-

Perth and post-Perth clades.

Analysis of mutational shifts

To compare the Perth/2009 H3 and WSN/1933 H1 HA preferences, we first aligned the
wildtype HA sequences using MAFFT [109]. To quantify the shifts in preference for every
alignable site while accounting for experimental noise, we used the approach described
in [87] and used the RMSD,rected Values as our quantification of the extent of each shift.

For the plots shown in Figure [2.8B, any residues falling between Cys-52 and Cys-
277 were defined as the head domain, and all other residues were defined as the stalk

domain. We used the multiple sequence alignment of the HA subtype sequences from [61]
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to identify sites that are absolutely conserved across all subtypes, or in the different clades
described in Figure 2.8]

Validation of individual point mutants

To validate the viral growth of Perth/2009 HA point mutants M(-16)K, C52A, C52C, T24F,
T40V, S287A, and C199(HA2)K, we used site-directed mutagenesis to introduce the
amino-acid mutation into the Perth/2009 HA bidirectional reverse genetics plasmid, and
verified the sequence of two clones for each mutant by Sanger sequencing. We gener-
ated these individual mutant viruses carrying GFP in the PB1 segment using a protocol
described in [20,,100], and the PB2, PA, NP, NA, M, and NS segments of the A/WSN/1933
(H1N1) strain. To rescue each mutant GFP-carrying virus in duplicate, we transfected
a co-culture of 4 x 105 293T-CMV-PB1 and 0.5 x 10° MDCK-SIAT1-CMV-PB1-TMPRSS2
cells with the eight reverse genetics plasmids and the pHAGE2-EF1alnt-TMPRSS2-IRES-
mCherry-W plasmid. Each well received a transfection mixture of 100 L DMEM, 3 uL
BioT transfection reagent, and 250 ng of each plasmid. We changed the media in each
well with 2 mL IGM eight hours post-transfection. At 53 hours post-transfection, transfec-
tion supernatants were harvested, clarified by centrifugation at 2000 x g for five minutes,
aliquoted, and frozen at -80°C.

To titer the GFP-carrying viruses, we plated 1 x 10° MDCK-SIAT1-CMV-PB1-TMPRSS2
cells per well in 12-well plates in IGM. Four hours after plating, we infected cells with
dilutions of viral supernatant. At 16 hours post-infection, we selected wells with 1 to 10%
of cells that were GFP-positive and analyzed the fraction of GFP-positive cells by flow

cytometry to calculate the titer of infectious particles per L.
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Chapter 3

HOW SINGLE MUTATIONS AFFECT VIRAL ESCAPE FROM BROAD
AND NARROW ANTIBODIES TO H1 INFLUENZA HEMAGGLUTININ

A version of this chapter has been previously published as:

Michael B. Doud, Juhye M. Lee, and Jesse D. Bloom. How single mutations affect
viral escape from broad and narrow antibodies to H1 influenza hemagglutinin. Nature
Communications, 9(1):1386, 2018.

Bold face indicates equal contribution.
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3.1 Abstract

Influenza virus can escape most antibodies with single mutations. However, rare antibod-
ies broadly neutralize many viral strains. It is unclear how easily influenza virus might
escape such antibodies if there was strong pressure to do so. Here we map all single
amino-acid mutations that increase resistance to broad antibodies to H1 hemagglutinin.
Our approach not only identifies antigenic mutations but also quantifies their effect sizes.
All antibodies select mutations, but the effect sizes vary widely. The virus can escape
a broad antibody to hemagglutinin’s receptor-binding site the same way it escapes nar-
row strain-specific antibodies: via single mutations with huge effects. In contrast, broad
antibodies to hemagglutinin’s stalk only select mutations with small effects. Therefore,
among the antibodies we examine, breadth is an imperfect indicator of the potential for
viral escape via single mutations. Antibodies targeting the H1 hemagglutinin stalk are

quantifiably harder to escape than the other antibodies tested here.

3.2 Introduction

Nearly all viruses show some antigenic variation. However, the extent of this variation
ranges widely. For instance, although both measles virus [15,206] and polio virus [42], 52,
62] exhibit antigenic variation, the magnitude of this variation is small. Therefore, immunity
to these viruses is lifelong [166], [183]. In contrast, human influenza virus exhibits much
more antigenic variation. So although infection with an influenza virus strain provides long-
term immunity to that exact strain [24), 48,238, the virus’s rapid antigenic evolution erodes
the effectiveness of this immunity to that strain’s descendants within ~5 years [41],[118].
One possible reason that viruses exhibit different amounts of antigenic variation is that
they have disparate evolutionary capacities to escape the immunodominant antibodies
generated by natural immune responses [136, 35| [78]. According to this explanation,
human influenza virus undergoes rapid antigenic drift because most neutralizing anti-

bodies target epitopes on the viral hemagglutinin (HA) protein that are highly tolerant of
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mutational change. This explanation is supported by classic experiments showing that
it is easy to select viral mutants that escape most antibodies [236, 214], as well as by
the observation that mutations that alter antigenicity arise frequently during influenza’s
evolution globally [113} 32, [170, 158, 217] and within individual humans with long-term
infections [232]. A corollary of this explanation is that influenza virus’s capacity for anti-
genic drift would be reduced if most antibodies instead targeted epitopes that were less
mutationally tolerant.

Verifying this corollary has become of practical importance with the discovery of
broadly neutralizing antibodies against influenza virus. These antibodies typically tar-
get conserved epitopes in HA’s stalk [203), 167, 139] or receptor-binding site [130), 169, [185],
and neutralize a wide range of viral strains. Broad antibodies are usually less abundant in
human serum than antibodies to antigenically variable epitopes on the head of HA [70}, [6].
However, major efforts are underway to elicit broad antibodies by vaccination or adminis-
ter them directly as therapeutics [116, 38].

If these efforts succeed, the epitopes of broad antibodies could come under stronger
antigenic selection in human influenza virus. Might such selection then drive antigenic
variation in these epitopes? There is precedent for the idea that the immune status of the
host population can shape influenza virus evolution: the virus undergoes faster antigenic
drift in long-lived humans that accumulate immune memory than in short-lived swine that
are mostly naive [187,/139], and poultry vaccination may accelerate antigenic drift of avian
influenza [124, 30]. But alternatively, perhaps broad antibodies are broad because the
virus has difficulty escaping them regardless of selection from host immunity.

So far, there is limited data to distinguish between these possibilities. Several stud-
ies have shown that the head domain of HA is more mutationally tolerant than the stalk
domain where many broad antibodies bind [209, 231, 91]. However, these studies did
not select for antibody escape, so it is difficult to relate their measurements to the virus’s
evolutionary capacity under immune selection. Other work has shown that it is possible

to select antigenic mutants with broad antibodies [237, 31}, 68, (77, |65, |4], demonstrating
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that these epitopes are not entirely refractory to change. But given that antibodies can
select some antigenic variation even in measles virus [15, [206] and polio virus [42, [52],
the existence of selectable mutations does not necessarily imply that influenza virus can
escape broad antibodies as easily as it drifts away from narrow strain-specific ones. The
fundamental problem is that existing studies have not quantified the ease of viral escape
in a way that can be compared across antibodies in an apples-to-apples fashion.

Here we systematically quantify the results of selecting all single amino-acid mutations
to an H1 HA with several broad and narrow antibodies. Critically, our approach quanti-
fies the magnitude of the antigenic effect of every mutation in a way that can be directly
compared across antibodies. We find that even the broadest antibodies select antigenic
mutations. However, the magnitudes of the antigenic effects vary greatly across antibod-
ies. Single mutations make the virus completely resistant to both narrow strain-specific
antibodies and a broad antibody that targets residues in HA’s receptor-binding site. But
no single mutation does more than modestly increase the virus’s resistance to two broad
antibodies against the HA stalk. Therefore, broad anti-stalk antibodies are quantifiably
more resistant to viral escape via single amino-acid mutations than the other antibodies

tested here.
3.3 Results

3.3.1 Fraction of each viral mutant that escapes neutralization

We can visualize the outcome of antibody selection on viral populations containing anti-
genic mutations as in Figure If a mutation strongly escapes neutralization, then all
virions with this mutation survive antibody treatment at a concentration where other viri-
ons are mostly neutralized (Figure [3.1]A). This escape is manifested by a large shift in
the neutralization curve for the mutant (Figure [3.1B). If we draw vertical lines through the
overlaid neutralization curves, we can calculate the fraction of virions with each mutation

that survive neutralization at each antibody concentration. These fractions can be repre-
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hypothetical data where V1K (orange variant) is a strong antibody-escape variant
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Figure 3.1: Quantifying the fraction of virions with each mutation that escape antibody
neutralization. This figure shows hypothetical data for four viral variants. (A) Virions with the
V1K mutation (orange) completely survive an antibody concentration where most other virions are
neutralized. (B) This resistance is manifested by a large shift in V1K’s neutralization curve. (C) For
each dotted vertical line drawn through the neutralization curves in (B), we calculate the fraction
of virions with that mutation that survive the antibody, and indicate this fraction by the height of the
letter corresponding to that amino acid at that site. (D-F) Similar data to the first three panels, but
now V1K has only a small antigenic effect, and so only modestly increases the fraction of virions
that survive antibody treatment.

sented using logo plots, where the height of each letter is proportional to the fraction of
virions with that amino acid at a site that survive (Figure 3.1[C). Large letters correspond
to strong escape mutations.

Now consider the case where a mutation has just a small antigenic effect, and so
only slightly increases the fraction of virions that survive neutralization (Figure [3.1D). In
this scenario, the neutralization curve shifts only slightly (Figure [3.1E). In the logo plot
representation, the antigenic mutation is only slightly larger than other amino acids (Fig-
ure[3.1F), since possessing the mutation only modestly increases the chance that a virion

survives antibody treatment. These logo plots therefore provide a way to both identify



47

antigenic mutations and quantify the magnitudes of their effects in a way that is directly
comparable across antibodies.

Our goal is to determine the fraction of mutant virions that survive antibody neutraliza-
tion for all mutations to HA. One way to do this would be to measure individual neutraliza-
tion curves for each of the 19 x 565 = 10, 735 single amino-acid mutants of the 565-residue
HA protein. However, individually creating and assaying that many mutants would be
exceedingly time-consuming and expensive. Fortunately, we have shown that antibody
selection on all viral mutations can be assayed in a single experiment using mutational
antigenic profiling [60} 56]. This approach involves generating viral libraries containing all
mutations to the protein of interest, selecting these viruses with or without antibody, and
using an accurate deep-sequencing method to determine the relative frequencies of each
mutation.

These frequencies can be analyzed to calculate the fraction of virions with each mu-
tation that survive antibody treatment. Specifically, the deep sequencing determines the
frequencies of virions carrying amino-acid « at site r in the antibody-selected and mock-
selected conditions, which we denote as pi***d and pyo*, respectively. We can also
measure the total fraction of the viral library that survives the antibody, which we denote
as 7. The fraction of variants with amino-acid « at site r that survive antibody selection is

then Slmp|y selected

Pra

mock
Pra

Fr,a:fyx

(3.1)

For instance, in Figure[3.1]A, the frequency of virions with the orange mutation is piiected —

1 in the antibody selection and pme* = = in the mock selection. The overall fraction of

virions that survive the antibody in Figure[3.1A is v = L. Therefore, we use Equation

to calculate that the fraction of variants with the orange mutation that survive is F, , =

7 4/7
16 x 4/16

that fraction of virions with the orange mutation that survive the antibody is only 0.5 for the

= 1. Performing the analogous calculation for Figure |3.1D correctly determines

scenario in that figure panel. In the analyses of real data below, we will plot the excess
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fraction surviving above the overall library average, which is
Fee® =max (0, Frg — ) (3.2)

Importantly, Equations and correct for effects on viral growth due to normal-
ization by the mock-selected control, and so measure only antigenicity and not viral
growth provided that the virus at least grows well enough to be present in the library.

Details of how the calculations are extended to account for sequencing errors and

sampling statistics are in the [Materials and Methods| Open-source software that per-

forms all steps in the analysis beginning with the deep sequencing data is available at

https://jbloomlab.github.io/dms_tools2/.

3.3.2 Broad and narrow antibodies that neutralize influenza virus

We applied this approach to anti-HA antibodies with a range of breadths and epitopes.
The crystal structures or sites of escape mutations selected by these antibodies are
shown in Figure [3.2A. We chose two broad antibodies, FI6v3 and C179, that target the
stalk of HA [39, [165] 63]. FI6v3 is extremely broad, and neutralizes both group 1 and
group 2 HAs (Figure [3.2B). C179 is less broad, and neutralizes only some group 1 HAs
(Figure[3.2B). We also chose a broad antibody, S139/1, that crystallographic studies have
shown binds to residues in HA’s receptor-binding pocket [130], and which can neutralize
both group 1 and group 2 HAs [237, [130]. Finally, we re-analyzed deep sequencing data
from prior mutational antigenic profiling of three narrow strain-specific antibodies, H17-
L19, H17-L10, and H17-L7 [60]. These narrow antibodies bind the Ca2, Ca1, and Cb
antigenic regions on HA’s globular head [29], and only neutralize a narrow slice of H1
viruses.

We performed our experiments using the lab-adapted A/WSN/1933 (H1N1) strain of
influenza. This strain is derived from an early seasonal H1N1 that was extensively pas-

saged in the lab, where it adapted to become neurotropic and trypsin independent [2035].


https://jbloomlab.github.io/dms_tools2/
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Figure 3.2: Epitopes and breadth of broad and narrow antibodies targeting HA. (A) Crystal
structures of the broad antibodies and sites of escape mutations selected by the narrow ones
superimposed on the structure of the HA trimer (PDB 1RVX [79]). S139/1 (PDB 4GMS [130])
targets residues in the receptor-binding pocket; C179 (PDB 4HLZ [63]) and Fl6v3 (PDB 3ZTN [39])
target the stalk. The sites of escape mutations for H17-L19, H17-L10, and H17-L7 are those
mapped by Doud et al [60]. (B) A phylogenetic tree of HA subtypes. Circles (broad antibodies)
and squares (narrow antibodies) denote reported antibody binding or neutralization activity against
that subtype. Not all antibodies have been tested against all subtypes.

But despite these unusual properties, the virus is neutralized by most broad antibodies
that target other H1 viruses, including those used in this study (Figure [3.3). Our exper-
iments utilize fully infectious influenza virus rather than pseudovirus, which is important
since the accessibility of some epitopes can vary with HA density, which differs between
fully infectious virus and pseudovirus [39, [106].

The wildtype virus is neutralized by all the antibodies, with IC50s between 0.01 and 1
pg/ml (Figure [3.3). However, our selections are performed on mutant virus libraries, not

wildtype virus. Because these libraries have different capacities to escape each antibody,
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Figure 3.3: Neutralization of wildtype virus by each antibody, and the fraction of mutant
library virions surviving at each concentration used in our experiments. The curves show
neutralization of the wildtype A/WSN/1933 virus. Each point represents the mean and standard
deviation of three measurements. The vertical dotted lines show the concentrations of antibody
that were then used in the mutant virus library selections, and the tables give the overall fraction
of the mutant virus libraries that survived at each concentration, determined by qRT-PCR. As
described in the text, the antibody concentrations were chosen to give similar fractions of the
mutant virus libraries that survive, rather than to fall at uniform positions on the neutralization
curves of the wildtype virus.

the fraction of each library that survives high antibody concentrations will vary among
antibodies. For instance, at concentrations that neutralize 99% of the wildtype virus, we
expect a larger fraction of a library to survive an antibody for which there are many HA
escape mutations than an antibody with few HA escape mutations. Therefore, rather

than using the same concentration for all antibodies, we selected concentrations for each
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antibody where between 2% and 0.1% of the libraries survived in order to strongly select
for escape mutations (Figure [3.3). Slight differences among antibodies in the fraction
surviving within this range should not strongly affect our results, since Equations and
[3.2]account for such differences via the v term. However, to confirm the robustness of our

results, we used several concentrations of each broad antibody (Figure [3.3).

3.3.3 The effects of all mutations on antibody neutralization

We performed mutational antigenic profiling using the three broad antibodies at the con-
centrations indicated in Figure[3.3](the fraction of each library neutralized at each of these
concentrations is listed in Supplementary Table [B.1). All experiments were performed in
full biological triplicate using three independently generated virus libraries carrying sin-
gle amino-acid mutations to HA [59]. Importantly, as described previously [59], these
virus libraries were generated by mutagenizing HA at the codon level rather than at the
nucleotide level. Performing codon mutagenesis is important, because single-nucleotide
mutations access only about a third of the possible amino-acid mutations from a given
codon, whereas codon mutations access all possible amino-acid mutations.

The correlations among replicates of the mutational antigenic profiling, in terms of the
measured fraction-surviving above average for each possible amino-acid mutation, are
shown in Supplementary Fig. [B.1] For the remainder of this paper, we will refer to the
median antigenic effect of each mutation across replicates.

It is immediately obvious that the narrow strain-specific antibodies and the antibody
targeting residues in HA’s receptor-binding pocket (S139/1) select mutations with large
antigenic effects. For all four of these antibodies, there are multiple sites in HA where
mutations enable a substantial fraction of virions to survive high antibody concentrations
(Figure [3.4). Specifically, there are mutations that enable over a third of virions to sur-
vive at concentrations where virtually all wildtype virions are neutralized (Supplemen-

tary Fig. B.2). Therefore, the virus can escape these four antibodies with the sort of
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Figure 3.4: Strain-specific and anti-receptor-binding-site antibodies select mutations with
large antigenic effects, but anti-stalk antibodies only select small-effect mutations. The ex-
cess fraction of virions with a mutation at each site that survive the antibody, averaging across all
amino-acid mutations at each site (see Equation[3.10). There are multiple sites of large-effect mu-
tations for H17L19, H17L10, H17L7, and S139/1—but none for FI6v3 and C179. Supplementary
Fig. shows the excess fraction surviving for the largest-effect mutation at each site. Supple-
mentary Figs.[B.3] [B.4} [B.5] [B.6}[B.7] and[B.8/show all mutations using logo plots. Sites are labeled
in H3 numbering.
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large-effect single amino-acid mutations that characterize traditional influenza antigenic
drift [236) 214, 113,132,170, [158].

In contrast, the stalk-targeting antibodies C179 and FI6v3 select no strong escape
mutants. If we look at the results for these antibodies on the same scale as the other
antibodies, we see only a few small bumps in the fraction of virions surviving (Figures
and Supplementary Fig. [B.2). Only if we zoom in can we see that there are actually
a few sites where mutations slightly increase the fraction of virions surviving C179 and

FI6v3 (Supplementary Figs. [B.3] [B.4, B.5, B.6, B.7, and B.8). But the effect sizes of
these antigenic mutations are tiny compared to the other antibodies—especially for FI6v3.

Therefore, the HA of A/WSN/1933 influenza virus is far less capable of escaping these

anti-stalk antibodies by single mutations than it is of escaping the other four antibodies.

3.3.4 Selected mutations are near antibody binding footprints

Antigenic mutations selected by narrow strain-specific antibodies against HA are thought
to occur at residues in or near the physical binding footprint of the antibody [236, 214, 29].
We examined whether this was the case for the broad antibodies used in our experiments.
Figure shows a zoomed-in view of the sites of mutations selected by each antibody,
as well as their locations on HA’s structure. It is immediately clear that the selected
mutations are nearly all in or close to the antibody-binding footprint.

For the S139/1 antibody that targets residues in the HA receptor-binding pocket, there
are strong escape mutations at sites 156, 158, and 193 (Figure [3.5A; sites are in H3 num-
bering). These three sites fall directly in the physical binding footprint of the antibody [130],
and are the same three sites where previous work has selected escape mutants in H1,
H2, and H3 HAs [237]. Our data show that numerous different amino-acid mutations at
each site confer neutralization resistance. The mutation with the largest effect, G158N,
introduces an N-linked glycosylation motif.

Although the anti-stalk antibodies C179 and FI6v3 only select mutations with small
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Figure 3.5: Mutations selected by broad and narrow antibodies.

(A) Logo plots show sites

where mutations have the largest effect. Letter heights are proportional to the excess fraction
of virions with that mutation that survive antibody, as indicated by the scale bars. Structures
are colored white to red by the excess fraction surviving for the largest-effect mutation at each
site, with each antibody scaled separately. (B) Sites of selection from anti-stalk antibodies, with
the same coloring scale for both antibodies. Selection for serine or threonine at sites 280 and

291 introduces glycosylation sites at 278 and 289, respectively. (C)

Cladogram of group 1 HA

subtypes. The amino acid at site 38 is indicated. Colors indicate whether a subtype has been

reported in the literature to be bound or neutralized by C179.
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effects, these mutations almost all fall in or near the physical binding footprints of the
antibodies (Figure [3.5)A). The two antibodies have similar epitopes and angles of ap-
proach [63], and they select identical mutations at several sites (Figure [3.5B). The three
largest-effect mutations for FI6v3 (K280S, K280T, and N291S) all introduce glycosylation
motifs near the epitope, and all three mutations have similar magnitude antigenic effects
in both FI6v3 and C179.

However, C179 selects several mutations that do not have any apparent effect on
Fl6v3 (Figure [3.5A, Supplementary Fig. [B.6). The most notable of these C179-specific
mutations are at site 38. The additional breadth of FI6v3 over antibodies such as C179
that neutralize only group 1 HAs is because FI6v3 can accommodate a glycan on the
asparagine at site 38 that is present in group 2 HAs [39, 203, 67]. However, the H38S
mutation that has the largest effect on C179 resistance in our experiments does not in-
troduce a glycosylation motif, showing that there are also other ways to escape anti-stalk
antibodies at this site. Interestingly, group 1 HA subtypes that are susceptible to C179
tend to possess a histidine at site 38, but subtypes that are not bound or neutralized by
C179 often possess a serine (Figure [3.5C).

The FI6v3 antibody also weakly selects several mutations at residue -8, which is part
of HA’s signal peptide (Figure [3.5A). This signal peptide is cleaved from the mature HA
protein [45, 27], although mutations at this site can affect HA’s expression level [164],
which might conceivably affect HA density on virions and subsequently antibody neutral-
ization [39, [106].

3.3.5 \Validation by neutralization assays

Do the mutations identified in our mutational antigenic profiling actually have the ex-
pected effect on antibody neutralization? We have previously validated many of the large-
effect antigenic mutations selected by the narrow antibodies H17-L19, H17-L10, and H17-

L7 [60]. However, the mutations selected by the broad anti-stalk antibodies have much
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smaller effects in our mutational antigenic profiling—especially for the broadest antibody,
FI6v3. We therefore tested some of these FI6v3-selected mutations using neutralization
assays on individual viral mutants.

Figure shows that the mutational antigenic profiling is highly predictive of the re-
sults of the neutralization assays, even for small-effect mutations. As discussed in the
previous section, the three mutations most strongly selected by FI6v3 introduce glyco-
sylation motifs at sites 278-280 or 289-291 (Figure [3.5A,B). We created viruses carrying
each of these mutations (K280S, K280T, and N291S) and validated that all three modestly
but significantly increased resistance to FI6v3 (Figure [3.6/A, Supplementary Fig.B.9). As
a control, we also validated that a mutation at one of these sites (K280A) that does not
have an effect in our mutational antigenic profiling does not significantly shift the neutral-
ization curve (Figure [3.6A, Supplementary Fig. B.9).

Our mutational antigenic profiling also identified several non-glycosylation-motif muta-
tions that were selected by FI6v3. We validated that one of these mutations, G47R in the
HA2 chain, significantly increased neutralization resistance (Figure [3.6/A, Supplementary
Fig. [B.9)—although as predicted by the mutational antigenic profiling, the magnitude of
the effect was small. The most unexpected mutations identified in our mutational antigenic
profiling were at site -8 in the signal peptide. We tested one of these mutations, K(-8)T,
and it did lead to a very slight increase in neutralization resistance (Figure [3.6A, Supple-
mentary Fig. [B.9)—although despite the significance testing in Supplementary Fig. [B.9}
we remain circumspect about the magnitude of this effect relative to the noise in our neu-
tralization assays. As controls, we also tested three mutations (P80D and V135T, which
are escape mutations for H17-L7 and H17-L19, and M17L in HA2) that did not have
substantial effects in the mutational antigenic profiling, and confirmed that none of them
significantly affected neutralization resistance (Figure [3.6/A, Supplementary Fig. B.9).

A notable aspect of these validation experiments is the very small effect sizes of the
identified mutations on neutralization by FI6v3. Antigenic mutations selected by strain-

specific antibodies to HA generally increase the concentration of antibody needed to
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Figure 3.6: The mutations selected by FI6v3 increase neutralization resistance, but the ef-
fects are small. (A) Neutralization curves of individual viral mutants with FI6v3. The mutations
K280S, K280T, N291S, G47R (HA2), and K(-8)T are all expected to increase neutralization re-
sistance based on the mutational antigenic profiling (Figure [3.5/A), whereas K280A, M17L (HA2),
P80D, and V135T are not expected to affect neutralization (Supplementary Fig[B.6). All neutral-
ization curves in this panel were performed in triplicate on the same day. This panel shows the
average of the replicates; Supplementary Fig. [B.9shows the curves for each replicate individually
and performs statistical testing of whether the IC50s for mutants are significantly different than for
wildtype. (B), (C) In contrast to FI6v3, mutations selected by narrow antibodies have very large
effects on neutralization. Shown are neutralization curves for representative escape mutants from
H17-L19 and H17-L7 taken from Doud et al [60]. Points indicate mean and standard error of three
replicates.
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Figure 3.7: Mutational tolerance of HA sites in the antibody-binding footprints. These plots
show all HA sites within 4 A of the antibody in the crystal structure, plus any additional sites
(marked with a *) where we identified antigenic mutations. The logo plots at bottom show the
preference of each HA site for each amino acid under selection for viral replication as measured
by Doud and Bloom [59]. For instance, site 153 only tolerates tryptophan, so W occupies the entire
height of the preference logo stack. In contrast, site 156 tolerates many amino acids, all of which
contribute to the height of the preference logo stack. Above the preference logo stacks are logo
plots showing the excess fraction surviving antibody treatment as measured in the current study.
Note that scale for these antigenic effects is 10x smaller for FI6v3 and C179 than for S139/1.

neutralize the virus by orders of magnitude. Neutralization curves for such large-effect
escape mutants are in Figure [3.6B,C. Although there are no such large-effect single mu-
tations that escape FI6v3 or C179, the results in Figure show that we can still use
mutational antigenic profiling to identify mutations that have small but measurable effects

on resistance to these antibodies.

3.3.6 HA mutational tolerance and antibody escape

Why are there no large-effect escape mutations from the anti-stalk antibodies? One possi-
bility is that all HA sites in the antibody-binding footprint are intolerant of mutations, mean-
ing that viruses with mutations at these sites cannot replicate and so are not present in
our mutant virus libraries. Another possibility is that mutations are tolerated at some HA
sites in the antibody footprint, but that the binding energetics are distributed across sites

in such a way that none of these tolerated mutations strongly affect neutralization.
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We can examine these possibilities using deep mutational scanning data that mea-
sures the tolerance of HA for each possible amino-acid mutation. Specifically, we have
previously selected our A/WSN/1933 virus HA mutant libraries for variants that can repli-
cate in cell culture, and then used deep sequencing to estimate the preference of each
site in HA for each possible amino acid [99]. Figure shows these amino-acid prefer-
ences for all sites in HA within 4 A of each broad antibody, with the antigenic effects of the
mutations overlaid. Although some HA sites in the antibody footprints strongly prefer a
single amino acid, for all antibodies there are also footprint sites that tolerate a fairly wide
range of amino acids. In most cases the mutations selected by the antibodies occur at
these mutationally tolerant sites. However, there are exceptions—for instance, the H38S
mutation selected by C179 is rather disfavored with respect to viral growth, but has a large
enough antigenic effect to still be detected in our mutational antigenic profiling.

The data in Figure show that the lack of large-effect escape mutants from FI6v3
and C179 is not entirely due to the mutational intolerance of HA sites in the antibody-
binding footprints. Some HA sites in each antibody footprint are fairly mutationally toler-
ant, and contain a range of mutations in the viral libraries used in our antibody selections.
However, our mutational antigenic profiling shows that only a fraction of mutations at a
fraction of these sites actually affect antibody neutralization. This finding is reminiscent of
prior work showing that the binding energetics at protein-protein interfaces can be asym-
metrically distributed across sites [104), 143, [44]. The broad anti-stalk antibodies therefore
appear to both mostly target mutationally intolerant sites and distribute their binding en-
ergetics in such a way that altering the mutationally tolerant HA sites has relatively little

effect on neutralization.
3.4 Discussion

We have quantified how all single amino-acid mutations to an H1 influenza virus HA affect

neutralization by a collection of broad and narrow antibodies. Our results show that the
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virus’s inherent evolutionary capacity for escape via point mutations differs across antibod-
ies. Interestingly, antibody breadth is not always an indicator of the difficulty of viral es-
cape. As expected, single amino-acid mutations can make the virus completely resistant
to narrow strain-specific antibodies against HA’s globular head. However, such mutations
can also enable the virus to escape the broad S139/1 antibody targeting residues in HA’s
receptor-binding pocket, despite the fact that this antibody neutralizes multiple subtypes.
But no single mutation has a comparably large effect on neutralization by two broad an-
tibodies targeting HA'’s stalk, FI6v3 and C179. Therefore, these anti-stalk antibodies are
quantifiably more difficult for the virus to escape.

Although there are no large-effect escape mutations from the broad anti-stalk antibod-
ies, there are mutations that more modestly affect neutralization. This finding emphasizes
the importance of identifying antigenic mutations in a way that accounts for effect sizes.
The classic approach for selecting escape mutations involves treating a virus stock with
antibody at a concentration that completely neutralizes wildtype, and looking for viral mu-
tants that survive this treatment [236, 214]. There are no such single mutations for the H1
HA and broad anti-stalk antibodies tested here, since no mutations shift the neutralization
curve enough to enable survival at antibody concentrations that fully neutralize wildtype.
However, our approach shows that there are mutations that have more modest (<10-
fold) effects on neutralization by even the broadest antibody. Interestingly, most previous
studies [31], |68, [77, 65] that have reported selecting single mutations with large effects
(>10-fold) on neutralization by anti-stalk antibodies have used group 2 (e.g., H3 or H7)
HAs rather than group 1 HAs like the one used in our work—although at least one study
has selected a large-effect escape mutation to a broad anti-stalk antibody in an H5 group
1 HA [208]. In addition, when interpreting the magnitude of the effects measured in our
experiments, it is important to note that we are only assessing how mutations affect neu-
tralization, and not how they affect Fc-mediated functions that are responsible for much of
the in vivo protection afforded by anti-stalk antibodies [54, 53].

Another important caveat is that our experiments examine single amino-acid mutations
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to the HA from one influenza virus strain. The protein evolution literature is full of examples
of epistatic interactions that enable multiple mutations to access phenotypes not acces-
sible by single mutations [83, 89, [198]. Such epistasis is relevant to HA’s evolution. For
instance, work by Das et al [47] suggests that the sequential accumulation of mutations
can shift the spectrum of available antibody-escape mutations. Wu et al [230] have used
deep mutational scanning to directly demonstrate that rampant epistasis enables HA’s
receptor-binding pocket to accommodate combinations of individually deleterious muta-
tions, some of which affect sensitivity to antibodies. Therefore, our work does not imply
any absolute limits on the possibilities for antibody escape when evolution is given suffi-
cient time to explore combinations of mutations. However, single mutations are the most
accessible form of genetic variation, and much of influenza virus’s natural antigenic drift
involves individual mutations that reduce sensitivity to immunodominant antibody specifici-
ties [236], 214], [113] 32, [170], [158]. Quantifying the antigenic effects of all such mutations
therefore provides a relevant measure of ease of viral antibody escape.

A major rationale for studying broadly neutralizing antibodies is that they are hoped to
be more resistant to viral evolutionary escape than the antibodies that dominate natural
immune responses to influenza virus [116,138]. We have used a new approach to quantify
the extent to which this is actually true, and shown that neutralization of an H1 virus by
broad anti-stalk antibodies is indeed more—although certainly not completely—resistant
to erosion by viral point mutations. Going forward, we suggest that completely mapping
viral escape mutations will be a useful complement to more traditional techniques that

simply characterize the breadth of anti-viral antibodies against circulating strains.

3.5 Materials and Methods

Antibodies

C179 IgG was purchased from Takara Bio Inc (Catalog #M145). FI6v3 was purified from

293F cells (ThermoFisher R79007) transduced with a lentiviral vector encoding a com-
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mercially synthesized gene for the IgG form of the antibody, with the heavy and light chains
reverse-translated from the protein sequence in the PDB structure 3ZTN [39] as described
previously [8]. Genes encoding S139/1 in IgG form were were reverse-translated from the
protein sequence in PDB structure 4GMS [130], and used to express and purify protein

by the Fred Hutchinson Cancer Research Center protein expression core.

Neutralization assays

We performed neutralization assays using influenza viruses that carried GFP in the
PB1 segment. These PB1flank-eGFP were generated in co-cultures of 293T-CMV-
PB1 and MDCK-SIAT1-CMV-PB1 cells as described previously [20], using the stan-
dard bi-directional pHW181-PB2, pHW182-PB1, pHW183-PA, pHW184-HA, pHW185-NP,
pHW186-NA, pHW187-M and pHW188-NS reverse-genetics plasmids [98] for all genes
except PB1, plus the pHH-PB1flank-eGFP plasmid [20]. Each mutant was generated by
repeating this process using a version of the pHW184-HA plasmid that had been engi-
neered by site-directed mutagenesis to carry the indicated mutation. The neutralization
assays themselves were performed by using a plate reader to quantify the GFP signal pro-
duced by MDCK-SIAT1-CMV-PB1 cells infected by PB1flank-eGFP virus that had been
incubated with the indicated antibody concentration as described previously [100]. All
neutralization curves in Figure represent the mean and standard deviation of three
measurements, with the individual replicates shown in Supplementary Fig. All the
neutralization assays for FI6v3 were performed on the same day to eliminate batch ef-
fects, with each replicate involving independent serial dilution of the antibody in a separate

column of a 96-well plate.

H3 sequence numbering

Unless otherwise indicated, all residues are numbered in the H3 numbering scheme,

with the signal peptide in negative numbers, the HA1 subunit as plain numbers, and
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the HA2 subunit denoted with “(HA2)”. The conversion between sequential number-
ing of the A/WSN/1933 HA and the H3 numbering scheme was performed using the
Python script available at https://github.com/jbloomlab/HA_numbering. Supplemen-

tary File S5 gives the numbering conversion.

Inference of HA phylogenetic tree

To infer the phylogenetic tree in Figure 3.2, we downloaded one HA sequence per sub-
type from the Influenza Research Database [239], inferred the phylogenetic tree using
RaxML [197] with a GTR model, and visualized the tree using FigTree (http://tree.bio.
ed.ac.uk/software/figtree/). The HA sequences used are in Supplementary File S6|
In Figure 3.2, we indicate which HAs each antibody has been reported to bind or neutral-
ize [237,, 130, [165] 163], 39]. Among broad antibodies, S139/1 has not been tested against
H8 and H11; C179 has not been tested against H8 and H11; and no antibodies have been
tested against H17 and H18. The narrow H17-L19, H17-L10, and H17-L7 antibodies have
not been tested against any other subtypes—however, since these antibodies have a very
limited range even among H1 HAs [29], we assume that they do not bind other subtypes.

For the cladogram in Figure [3.5C, the amino-acid identities at site 38 are from the
strains tested against C179 by by Dreyfus et al [63]. For subtypes not tested, the amino-
acid identity reported is that in the strain for that subtype in Supplementary File S6]

Mutant virus libraries

The mutant virus libraries are those described in Doud and Bloom [59], and were pro-
duced in full biological triplicate. Briefly, these libraries were generated by using codon
mutagenesis [17] to introduce random codon mutations into plasmid-encoded HA, and
then using a helper-virus strategy that avoids the bottlenecks associated with standard
influenza reverse genetics to create the virus libraries. Although a helper virus is used

to generate the libraries from plasmids, the viruses in the resulting library carry the full
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complement of genes and are fully infectious and replication-competent [59]. This fact is
important, since the accessibility of HA epitopes can depend on virion HA density, which is
often lower in pseudovirus than in fully infectious virus [39, [106]. Full details of the library
generation and sequencing statistics that quantify how completely each of the triplicate

libraries covers the possible amino-acid mutations have been described previously [59].

Mutational antigenic profiling

The mutational antigenic profiling was performed as described previously [60]. Briefly, we
diluted each of the virus libraries to a concentration of 10° TCIDs, per ml and incubated
the virus dilutions with an equal volume of antibody at the intended concentration at 37°C
for 1.5 hours. The final antibody concentrations in these mixtures are shown in Figure[3.3]
We performed three fully independent replicates of each selection using the three repli-
cate mutant virus libraries. In addition, we performed technical replicates (independent
neutralization experiments on the same virus library) in some cases as indicated in Sup-
plementary Fig. The virus-antibody mixtures were used to infect cells, and viral RNA
was extracted, reverse-transcribed, and PCR amplified as described previously [60]. In
order to obtain high accuracy in the Illlumina deep sequencing, we used the barcoded-
subamplicon sequencing strategy described by Doud and Bloom [59], which is a slight
modification of the strategy of Wu et al [231].

We also estimated the overall fraction of virions surviving each antibody selection.
These fractions are denoted by ~ in this paper. The average of these fractions across
libraries are reported in Figure [3.3] and the values for each individual replicate are in
Supplementary Table The fractions were estimated using gRT-PCR against the viral
NP and canine GAPDH as described previously [60]. Briefly, we made duplicate 10-fold
serial dilutions of each of the virus libraries to use as a standard curve of infectivity. We
also performed qPCR on the cells infected with the virus-antibody mix. To estimate the

fractions, we used linear regression to fit a line relating logarithm of the viral infectious
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dose in the standard curve to the difference in Ct values between NP and GAPDH, and

then interpolated the fraction surviving for each selection from this regression.

Analysis of deep sequencing data

The deep sequencing data were analyzed using version 2.2.1 of the dms_tools2 software
package [18], which is available at http://jbloomlab.github.io/dms_tools2. Supple-
mentary File contains a Jupyter notebook that performs all steps of the analysis be-
ginning with downloading the FASTQ files from the Sequence Read Archive. Detailed
statistics about the sequencing depth and error rates are shown in this Jupyter notebook

and its HTML rendering in Supplementary File S8

Calculating fraction of mutants that survive neutralization

In prior mutational antigenic profiling work [60,, 56], we calculated the differential selection
on each mutation as the logarithm of its enrichment relative to wildtype in an antibody-
selected sample versus a mock-selected control. These mutation differential selection
values are useful for the analysis of individual experiments. However, there is no natural
way to compare these values across experiments with different antibodies at different
concentrations, since the strength of differential selection depends on details of how the
pressure is imposed. We therefore developed the new approach in this paper to quantify
the antigenic effect of a mutation in units that can be compared across antibodies and
concentrations.

The general principle of the calculations is illustrated in Figure and discussed in
the first section of the Here we provide details on how these calculations are
performed. The deep sequencing measures the number of times that codon x is observed
at site r in both the antibody-selected and mock-selected conditions. Denote these counts
as 4 and n)cx, respectively. We also perform deep sequencing of a control (in this

r,x I

case, plasmid DNA encoding the wildtype HA gene) to estimate the sequencing error
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rate. Denote the counts of codon x at site r in this control as »;;. Also denote the total

i i lected __ selected k k
reads at each site r in each sample as N;ee*® =} pifeeted, Nposk = 57 nioc, and
Ny =3, i

We first estimate the rate of sequencing errors at site r as

err

n
o (3.3)

Cra = Nerr'
r

For the wildtype identity at site », which we denote as wt (r), the value of ¢, () is the
fraction of times we correctly observe the wildtype identity wt () at site r versus observing
some spurious mutation. For all mutant identities « # wt (r) at site r, ¢, .. is the fraction of
times we observe the mutation = at site » when the identity is really wildtype. We ignore
second-order terms where we incorrectly read one mutation as another, as such errors
will be very rare as mutations themselves are rare (most codons are wildtype in most
sequences).

We next adjust all of the deep sequencing codon counts in the antibody-selected and
mock-selected conditions by the error control. Specifically, the error-adjusted counts for

the antibody-selected sample are

selected

lected n3s ;
max [Nf,eece X (W—em»()} if z# wt (r)

~selected __
nr,m -

(3.4)

Ny ] €z if = wt(r).

An equivalent equation is used to calculate 72;"9°. We then sum the error-adjusted codon
counts for each amino acid a:

7¢Lselected — E ﬁselected’ (35)

T,a X

{z|A(z)=a}

so that n3e*d are the error-adjusted counts for the antibody-selected condition summed

across all codons = where the encoded amino acid A (z) is a. An equivalent equation is
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used to calculate ;0.

Finally, we use these error-adjusted amino-acid counts to estimate the mutation fre-
quencies pie**! and pmok that are used in Equation to calculate the fraction F,., of
virions with amino acid « at site r that survive the selection. When estimating these mu-
tation frequencies, we add a pseudocount of P = 5 to the lower-depth sample, and a
depth-adjusted pseudocount to the higher depth sample. The rationale for adding a pseu-
docount is to regularize the estimates in the case of low counts. Specifically, we estimate

the mutation frequencies as

selected
nr,x + fr,selected x P

selected
prerted = (3.6)
Nﬁ,elected + fr,selected X PxA
mock
mock n'r',w + fr,mock X P 3 7
Prz - ( ' )

N;nock + fr,mock X PxA

where A is the number of characters (e.g., 20 for amino acids), f; selectea @aNA fr- mock are the

pseudocount adjustment factors defined as:

Nselected

fr,selected = max <1, ]\T[mock ) (38)
Nmock

f?”,mock = max (1, m) . (39)

The pseudocount adjustment factors ensure that P is added to the counts for the lower
depth sample, and a proportionally scaled-up pseudocount is added to the higher depth
sample. The depth scaling is necessary to avoid systematically biasing towards higher
mutation frequencies in the lower depth sample. It is these estimated mutation frequen-
cies that are used in conjunction with v (the gPCR estimated overall of virions that survive
selection) to compute the fraction surviving (F, ,) and excess fraction surviving above the
liorary average (7,7 via Equations[3.1]and [3.2}

In some cases, we need to summarize the excess fraction of mutations surviving into

a single number for each site, such as for plotting as a function of the site number or
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displaying on the crystal structure. There are 19 different F73*** values for non-wildtype
amino acids for each site. One summary statistic is the fraction surviving above the library

average averaged over all 19 amino-acid mutations at site r:

1
avg - excess
Fe m > e, (3.10)
{alawt(r)}
Another summary statistic is the maximum fraction surviving above average among all 19

amino-acid mutations at site r:

J—_‘max 1 x (Fexcess) ) (31 1 )

r ~ Ta nma r.a
19 {a|a#wt(r)} '

In this paper, Supplementary Figs. and show the median of excess fraction
surviving taken across all biological and technical replicates at a given antibody concen-
tration (Equation[3.2). The subsequent logo plots show the medians of these values taken
across all concentrations for each antibody. The numerical values plotted in these logo
plots are in Supplementary File §9| The fraction surviving values not adjusted to be in
excess of the library average (Equation are in Supplementary File S10]

Code that performs these fraction surviving analyses has been added to the
dms_tools2 software package [18] which is available at http://jbloomlab.github.io/

dms_tools2.

Data availability and source code

Deep sequencing data are available from the Sequence Read Archive under
BioSample accession SAMNO05789126 at https://www.ncbi.nlm.nih.gov/sra/?term=
SAMNO05789126. Computer code that analyzes these data to generate all the results de-
scribed in this paper is in Supplementary File and an HTML version of the anal-
ysis notebook is in Supplementary File In addition, all of this code as well as

the manuscript itself and other data are available on GitHub at https://github.com/
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jbloomlab/HA_antibody_ease_of_escape. Finally, the dms tools2 software [18] that per-

forms most of the analysis is available at https://jbloomlab.github.io/dms_tools2/.
Acknowledgments

We thank Adam Dingens, Sarah Hilton, Katherine Xue, Lauren Gentles, and Jeremy Roop
for helpful comments on the project and manuscript. We thank the Fred Hutchinson Can-
cer Research Center genomics core for performing the lllumina deep sequencing, and the
protein expression core for expressing and purifying the S139/1 antibody. This work was
supported by grant RO1AI127893 from the NIAID of the NIH. MBD was supported in part
by training grant T32A1083203 from the NIAID of the NIH. JML was supported in part by
the Center for Inference and Dynamics of Infectious Diseases (CIDID), which is funded
by grant U54GM111274 from the NIGMS of the NIH. The research of JDB is supported in
part by a Faculty Scholar Grant from the Howard Hughes Medical Institute and the Simons

Foundation.


https://github.com/jbloomlab/HA_antibody_ease_of_escape
https://github.com/jbloomlab/HA_antibody_ease_of_escape
https://jbloomlab.github.io/dms_tools2/

70

Chapter 4

MAPPING PERSON-TO-PERSON VARIATION IN VIRAL MUTATIONS
THAT ESCAPE POLYCLONAL IMMUNITY TO INFLUENZA
HEMAGGLUTININ

A version of this chapter has been previously published as:

Juhye M. Lee, Rachel Eguia, Seth J. Zost, Saket Choudhary, Terry Stevens-Ayers,
Michael Boeckh, Aeron Hurt, Seema S. Lakdawala, Scott E. Hensley,and Jesse D.
Bloom. Mapping person-to-person variation in viral mutations that escape polyclonal

immunity to influenza hemagglutinin. bioRxiv, 2019.
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4.1 Abstract

A longstanding question is how influenza evolves to escape human immunity, which is
polyclonal and can target many distinct epitopes on the virus. Here we map how all amino-
acid mutations to influenza’s major surface protein affect viral neutralization by polyclonal
human sera. The serum of some individuals is so focused that it selects single mutations
that reduce viral neutralization by over an order of magnitude. However, different viral
mutations escape the sera of different individuals. This individual-to-individual variation in
viral escape mutations is not present for ferrets, which are frequently used as a model in
influenza studies. Our results show how different single mutations help influenza escape
the immunity of different members of the human population, a phenomenon that could

shape viral evolution and disease susceptibility.

4.2 Introduction

Infection of humans with influenza virus elicits potent neutralizing antibodies targeting the
viral hemagglutinin (HA) protein. These antibodies provide long-lasting immunity against
the exact viral strain that elicited them [40, 48, 41}, 238, [115]. Unfortunately, the effective-
ness of this immunity against future strains is rapidly degraded by viral antigenic evolution
[13, 191], such that the typical human is infected by influenza virus roughly every five
years [41],[118] [177].

Classic studies of this evolutionary process demonstrated that it is easy to experimen-
tally select mutant viruses that escape neutralization by individual monoclonal antibodies
[236, 123, 214, 80]. But these same studies also found that monoclonal antibodies tar-
get a variety of non-overlapping regions on HA, such that no single viral mutation can
escape a mix of antibodies targeting distinct regions [236, 123, 214, [29]. This work there-
fore posed a perplexing question: given that human immunity is polyclonal, how does
influenza virus evolve to escape all the myriad antibody specificities in human sera?

Several explanations have been suggested for this conundrum. One explanation pro-
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poses that polyclonal immunity does not actually select mutations that abrogate antibody
binding, but rather mutations that increase receptor avidity to provide generalized resis-
tance to neutralization [235, 93]. Another explanation proposes that human immunity
is sufficiently focused on one epitope in HA that single viral mutations can appreciably
reduce binding by the mix of antibodies in polyclonal sera. This latter explanation has
been shown to be true for the immunity of certain individuals against HI1N1 influenza
[135, 101}, 49]. Further support for the idea of focused human immunity comes from
mass spectrometry studies showing that HA-binding antibodies in serum after influenza
vaccination are often dominated by relatively few “clonotypes” [126, [127], and by escape-
mutant selections that have isolated viral mutants with enhanced resistance to human
sera [49, 51, [133]. However, none of these studies have systematically characterized the
selection that neutralizing human immunity imposes on influenza virus.

Here we harness mutational antigenic profiling [60, 61] to map how all amino-acid mu-
tations to HA affect neutralization of H3NZ2 influenza virus by human serum. We show that
human serum can select single mutations that reduce viral neutralization by over an order
of magnitude. Although the escape mutations usually occur in a similar region on HA’s
globular head, there is remarkable person-to-person variation in their antigenic effect: it is
common for a mutation that reduces neutralization by >10-fold for one individual’s serum
to have little effect for another individual's serum. Our work suggests that person-to-
person variation in the fine specificity of anti-influenza immunity may play a major role in

shaping viral evolution and disease susceptibility.

4.3 Results

4.3.1 Mutational antigenic profiling comprehensively maps immune-escape mutations

Prior work studying immune selection from polyclonal sera has used escape-mutant se-
lections, which simply isolate individual mutant viruses with reduced neutralization sensi-

tivity. As a more comprehensive alternative, we recently developed mutational antigenic
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Figure 4.1: Mutational antigenic profiling of the Perth/2009 H3 HA. (A) Schematic of mutational
antigenic profiling approach. Mutational antigenic profiling quantifies the antigenic effect of all
amino-acid mutations to HA. We generate libraries of mutant viruses carrying all mutations to
HA compatible with viral growth. We incubate the libraries with antibodies or serum, and infect
cells with non-neutralized virus. Viral RNA from infected cells is deep sequenced to measure the
frequency of each mutation. We quantify immune selection on each mutation as its log enrichment
relative to wildtype in the immune-selected sample versus a mock-selection control. Data are
displayed in logo plots, with larger letters indicating stronger immune selection for a mutation.

profiling [60, 61]. As illustrated in Figure this approach quantifies how every amino-
acid mutation to HA affects viral neutralization. Here we perform mutational antigenic
profiling using mutant virus libraries with the HA from A/Perth/16/2009 [128], which was
the H3N2 component of the influenza vaccine from 2010 to 2012 [223].

To validate mutational antigenic profiling for these viral libraries, we first performed
selections with six monoclonal antibodies isolated from humans who had received the
2010-2011 trivalent influenza vaccine [240, 65]. Based on binding assays to a small HA
mutant panel, four antibodies target near the receptor-binding pocket, while two antibod-
ies target lower on HA’s head. For each antibody, we performed at least two replicates
of mutational antigenic profiling using independently generated virus libraries and an an-
tibody concentration such that <10% of the library retained infectivity after neutralization
(Figure[C.1). Note that the magnitude of the measured immune selection depends on the
strength of antibody selection [60], so while heights of letters in our maps of immune se-

lection (i.e., logo plots like the one at right of Figure can be compared within a given
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map, caution should be used when comparing y-axis scales across maps.

The four antibodies that we expected to target near the receptor binding pocket in-
deed all selected mutations in this portion of HA (Figure[4.2A,E). Importantly, the selected
mutations were consistent across the biological replicates with independently generated
mutant virus libraries (Figure [C.2), confirming that our approach systematically maps the
antigenic effects of all mutations rather than simply selecting one-off viral mutants. The
strongly selected mutations occurred at sites that are classically categorized as antigenic
region B [224, [229]. However, although the antibodies all targeted the same antigenic
region of HA, they selected different escape mutations (Figure [4.2A). These antibody-
to-antibody differences in escape mutations validated in traditional neutralization assays
(Figure [4.2B). For instance, K160T reduces neutralization by antibody 3C04 by ~100-fold
but has no effect on neutralization by antibody 4C01 despite the fact that both antibodies
target a similar region of HA (Figure 4.2E).

The two antibodies that we expected to target lower on HA’s head indeed selected
mutations in this portion of HA, at sites classically categorized as antigenic regions D and
E [224] 229]. But again the specific mutations selected by each antibody differed (Fig-
ure [4.2C,D,F). Overall, these results validate mutational antigenic profiling for these viral
libraries, and underscore the observation that different antibodies targeting an apparently

similar epitope often have distinct escape mutations [60, 55].

4.3.2 Contemporary human sera strongly selects specific escape mutations

We next mapped immune selection from polyclonal human sera. We reasoned it that
it would be most informative to examine serum collected during the time when the
Perth/2009 virus was circulating in the human population. We therefore screened the
neutralizing activity of sera collected from 16 healthy adults between 2008 and 2010, and
identified four sera that completely neutralized the wild-type Perth/2009 viral strain at a

dilution of >1:40 [which is the HAI titer traditionally assumed to indicate a reduced risk of
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Figure 4.2: Mutational antigenic profiling of monoclonal antibodies targeting HA. (A) Maps
of immune selection from four antibodies targeting near the receptor binding pocket. Line plots
show the total immune selection at each site, and logo plots show mutations at strongly selected
sites (indicated by red marks at the bottom of the line plots). (B) Neutralization assays validate
that mutations mapped to be under strong immune selection indeed have large effects on neu-
tralization. (C) Maps of immune selection for two antibodies targeting lower on the HA head and
(D) corresponding neutralization curves for the most strongly selected escape mutation for each
antibody. (E) Immune selection mapped onto HA'’s structure for the antibodies targeting near the
receptor binding pocket or (F) lower on the HA head. The color scale is calibrated separately for
each structure.
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infection; [115]. No information on influenza vaccination or infection history was available
for these four individuals, who ranged in age from 21 to 65 years old at the time of col-
lection. We performed mutational antigenic profiling using serum dilutions chosen so that
~5% of the mutant virus library survived neutralization, although the exact percentage
varied among sera and replicates (Figure [C.3).

Despite being polyclonal, each serum strongly selected single escape mutations (Fig-
ure [4.3)A). The selected mutations occurred at a relatively small number of sites, predom-
inantly in the portion of HA classically categorized as antigenic region B (Figure 4.3A,C).
The sites of selection were reproducible across three biological replicates using indepen-
dently generated mutant virus libraries (Figure [C.4).

To validate the mutational antigenic profiling, we performed neutralization assays (Fig-
ure 4.3B). In all cases, the most strongly selected mutation in the profiling had a large
antigenic effect in a neutralization assay. For three individuals (the 21-year old, 64-year
old, and 65-year old), the strongest escape mutation had a >10-fold effect on neutral-
ization, and for the remaining individual (the 53-year old) the strongest escape mutation
had a ~5-fold effect (Figure [4.3B). So amazingly, the antigenic effect of the strongest es-
cape mutant from three of the polyclonal sera was comparable to that of strongest escape
mutant from the monoclonal antibody 5A01 (compare Figure [4.2B to Figure [4.3B). These
results show that single mutations can dramatically reduce viral sensitivity to neutralization
by polyclonal human sera.

However, the exact mutations that mediate escape differ markedly across sera (Fig-
ure[4.3A). For instance, F193D escapes viral neutralization by the serum from the 21-year
old individual by >10-fold—but has no effect for the serum from the 64-year old (Fig-
ure [4.3B). Similarly, F159G escapes neutralization by the 64-year old’s serum but has
minimal effect on neutralization by the 53-year old (Figure [4.3B). Figure [4.3A,B shows
numerous other examples of such person-to-person variation in viral escape mutations.
In fact, the only viral mutation that has a consistent antigenic effect across individuals is

K160T, which moderately enhances neutralization resistance to all four sera. This serum-
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Figure 4.3: Mutational antigenic profiling of four human serum samples. Plot titles indicate
the year the serum was collected and the age of the individual at that time. (A) Line plots show the
total immune selection at each site, and logo plots show mutations at strongly selected sites. (B)
Neutralization assays validate that mutations mapped to be under strong immune selection indeed
have large antigenic effects. The “syn” mutant is a control with a synonymous mutation does not
change the protein sequence and so should not affect antigenicity. (C) Immune selection mapped
onto HA’s structure for each sera. The color scale is calibrated separately for each structure. Site
189 is shown in the logo plots despite not being a strongly selected site because it is important for

ferret sera (see below).
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Figure 4.4: The maps of immune selection are stable over short time periods in the ab-
sence of vaccination or infection. This figure re-displays the (A) map of immune selection and
(B) neutralization curves from Figure [4.3| for the serum from the 53-year old individual alongside
comparable data generated using another serum sample from the same individual collected two
months later.

to-serum variation shows that we are mapping true antigenic mutants for each serum
rather than avidity mutants that generally enhance neutralization resistance [235, 93]. It
also demonstrates the limitation simply subdividing HA into broad antigenic regions: al-
though the serum-escape mutations are mostly in classically defined antigenic region B
(Figure [4.3C), they have wildly different effects across individuals.

To confirm that our serum-escape maps are replicable over short timeframes during
which there are not expected to be large changes in underlying immunity, we examined
a second serum sample from the 53-year old individual collected two months after the
sample mapped in Figure There is no indication that the individual was infected
or vaccinated with influenza during these two months. Figure shows that the maps
are highly similar for the two samples, consistent with the expectation that the serum

specificity should remain stable over that time.
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4.3.3 Mapping viral escape mutations pre- and post-vaccination

Because vaccination can shape anti-influenza serum responses [73), 240, [132], we next
performed mutational antigenic profiling with sera collected from four individuals pre-
vaccination and one-month post-vaccination. These individuals, who ranged in age from
25 to 49 years, received the 2015-2016 vaccine, for which the H3N2 component was
A/Switzerland/9715293/2013 [223]. Because these sera were collected six years after
2009 from individuals vaccinated with an antigenic successor of Perth/2009, we antici-
pated that it might be more difficult to select escape mutations, since the sera is likely to
have immunity both to Perth/2009-like viruses and their naturally occurring antigenic drift
variants.

The serum from one individual (the 25-year old) strongly selected escape mutants
even pre-vaccination (Figure [4.5A). This individual's serum also had the most potent
pre-vaccination neutralizing activity against Perth/2009, with an inhibitory concentration
50% (IC50) of ~1:800 (Figure [4.5B). The mutation most strongly selected by the pre-
vaccination serum (F159G) reduced neutralization by over an order of magnitude (Fig-
ure[4.5B). Vaccination of this individual substantially enhanced the serum’s potency, drop-
ping the 1C50 to ~1:10,000—but F159G continued to have the largest effect on neutral-
ization, still reducing the IC50 by over an order of magnitude (Figure [4.5/A,B).

The second most potent pre-vaccination serum (that of the 29-year old, which had an
IC50 of ~1:150) also perceptibly selected an antigenic mutation (F159G), but the effect of
the mutation was much smaller (Figure[4.5)A,B). Vaccination enhanced the serum potency
by ~20-fold, and also slightly shifted its specificity (Figure [4.5A,B). Prior to vaccination,
F159G but not K144E had a small antigenic effect, whereas the situation was reversed
post-vaccination. Notably, both F159 and K144 are mutated in the Switzerland/2013 virus
relative to Perth/2009. However, the fact that no mutations greatly alter the IC50 of this
individual’s serum indicate that it is not narrowly focused on any specific epitope on the
Perth/2009 HA.
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Figure 4.5: Mutational antigenic profiling of sera from four humans pre- and post-
vaccination. Plot titles indicate the year the serum was collected, the age of the individual at
that time, and the vaccination status. (A) Line plots show total immune selection at each site,
and logo plots show mutations at strongly selected sites. (B) Neutralization assays validate that
mutations mapped to be under strong immune selection indeed have large antigenic effects. (C)
Immune selection mapped onto HA's structure for sera that selected escape mutants. The color
scale is calibrated separately for each structure.
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The remaining two individuals (the 48- and 49-year old) had low serum potency before
vaccination (Figure[4.5B), such that we were unable to exert sufficientimmune selection to
map escape mutations from their pre-vaccination sera (Figure and Figure[C.7). Vac-
cination enhanced the serum potency of both individuals (Figure [4.5B). For the 48-year
old, this enhanced neutralizing activity was strongly focused, with the K189D mutation de-
creasing the IC50 of the post-vaccination serum by an order of magnitude (Figure [4.5)A,B).
But for the 49-year old, the enhanced neutralizing activity was not dominated by any speci-
ficity, as the post-vaccination serum did not select any antigenic mutations (Figure [4.5)A).

These results show that it is possible to select strong escape mutants even from serum
collected well after the Perth/2009 virus circulated from individuals vaccinated with an
antigenic successor of this virus. In some cases vaccination shifts the specificity of the
serum, whereas in other cases it primarily boosts existing specificities, consistent with
prior work using other approaches [73, [126], 127, 92]. As in the previous section, the
strong escape mutations are predominantly in antigenic region B of HA (Figure [4.5C)—

but again the effects of specific mutations vary markedly among sera.

4.3.4 Immune selection by ferret sera is consistent and different from human sera

The antigenicity of influenza viral strains is currently characterized mostly using sera from
ferrets [191]. These ferrets have typically been infected just once with a single viral
strain—unlike humans, who have complex exposure histories that may influence their
antibody response [134, [135] 16, 184, [36]. To compare selection from human and ferret
sera, we performed mutational antigenic profiling using sera from five ferrets. Three fer-
rets were infected with the Perth/2009 viral strain at the University of Pittsburgh. The other
two ferrets were infected at the World Health Organization (WHO) Collaborating Centre
in Melbourne, one with Perth/2009 and one with A/Victoria/361/2011 [the immediate anti-
genic successor of Perth/2009 in the influenza vaccine; 223]. We used ferret sera from

different labs and viral strains to sample across factors that might affect serum specificity.
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In stark contrast to the person-to-person variation of the human sera, the maps of im-
mune selection were very similar for all post-infection ferret sera (Figure [4.6/A). This was
true even for the ferret infected with Victoria/2011 rather than Perth/2009 virus—the dif-
ferences between ferrets infected with these two antigenically distinct H3N2 viruses were
smaller than the differences among nearly all the human sera. The strongest selection
from the ferret sera focused on sites 189 and 193, with mutations K189D and F193D tend-
ing to have a ~5 to 10-fold effect on neutralization (Figure [4.6B). Mutations at a handful of
additional sites (such as 142, 144, and 222) were also modestly selected by some ferret
sera (Figure [4.6/A,B).

Although the ferret sera was similar to the human sera in focusing on antigenic region
B of HA (Figure [4.6[C), there were notable differences in the specific mutations that were
selected. The site where mutations were most strongly selected by all the ferret sera (site
189) had an appreciable antigenic effect for only one of the human sera. The other site
where mutations were consistently and strongly selected by the ferret sera (site 193) had
an antigenic effect for less than half the human sera. The converse was also true: many
sites of mutations strongly selected by human sera (such as 157, 159, and 160) had little
antigenic effect for the ferret sera. These findings highlight major differences in the fine
specificity of immune focusing between ferrets that have been infected with a single viral

strain and humans with complex exposure histories.

4.3.5 The effect of a monoclonal antibody in polyclonal serum

The preceding sections show that polyclonal sera often select single antigenic
mutations—a phenomenon more typically associated with monoclonal antibodies. To test
how much of a serum’s potency must derive from a single antibody before it dominates
the selection of escape mutations, we spiked an antibody that targets lower on HA’s head
into serum that selects mutations at the top of HA’s head. We kept the serum at a con-

centration where ~4% of the viral library survived neutralization by serum alone, and
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Figure 4.6: Mutational antigenic profiling of sera from five ferrets. Plot titles indicate the lab
that performed the infection and if the infecting strain was Victoria/2011 rather than Perth/2009.
For ferrets from Pittsburgh, both pre- and post-infection sera were analyzed as indicated in the
plot titles. (A) Line plots show total immune selection at each site, and logo plots show mutations
at strongly selected sites. (B) Neutralization assays validate that mutations mapped to be under
strong immune selection indeed have large antigenic effects. (C) Immune selection mapped onto

HA'’s structure for sera that selected escape mutants. The color scale is calibrated separately for
each structure.
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spiked the antibody at three concentrations. The percents of the viral library that sur-
vived neutralization with antibody alone at each of these concentrations were: 25% at the
low concentration, 5% at the mid concentration, and 2% at the high concentration (Fig-
ure[C.71). These concentrations therefore span a range in which the antibody is a modest
versus dominant contributor to the overall neutralizing activity of the mix.

Even when the serum was spiked with the lowest concentration of antibody, the muta-
tional antigenic profiling showed signals of selection at sites targeted by the antibody (Fig-
ure[4.7A). At the middle antibody concentration, selection from the antibody exceeded that
from the serum, although both were still apparent (Figure [4.7]A). At the highest antibody
concentration, selection at antibody-targeted sites completely overwhelmed selection at
serum-targeted sites. Part of the reason the antibody so readily dominated the selection
may be that the strongest serum-escape mutations (F159G and F193D) actually sensitize
the virus to neutralization by the antibody (Figure [4.7B), a result reminiscent of earlier
work showing synergistic effects of mixing antibodies [137, [214]. Overall, these spike-in
experiments show that a single antibody can dominate selection if it comprises half or
more of a serum’s overall potency. Of course, these experiments cannot reveal if the fo-
cused selection from human sera is actually driven by a single antibody versus a collection

of antibodies targeting a similar epitope.

4.3.6 Many sites strongly selected by human sera change during natural evolution

If our mutational antigenic profiling reflects real antigenic pressure on human influenza
virus, then we would expect to observe changes at sites in HA that our experiments
mapped as being under selection. To test if this is true, we examined the natural evo-
lution of human H3N2 influenza HA since 2007 at sites with clear signals of antigenic
selection from at least one human serum (these are the 16 sites shown in the logo plots

of Figure [4.3/and Figure 4.5A).

There has been substantial amino-acid evolution (new variants reaching >5% fre-
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Figure 4.7: Mutational antigenic profiling of polyclonal human serum spiked with a mono-
clonal antibody. The antibody is spiked into the serum at a “low” concentration (antibody alone
less potent than serum alone), a “mid” concentration (antibody similarly potent to serum), and
a “high” concentration (antibody more potent than serum); see Figure for details. (A) Line
plots show the total immune selection at each site, and logo plots show mutations at sites that are
strongly selected by the serum (orange) or antibody (blue). (B) Neutralization curves for some of
the most strongly selected mutations against serum or antibody alone. Note that the antibody is
4F03 from Figure 4.2} the human serum is that from the 65-year old in Figure[4.3] and the antibody-
alone and serum-alone panels re-display data from those figures using a different color-scheme
and subset of sites in the logo plots.

quency) at nine of the sites strongly selected by the human sera (Figure [4.8). Across
all sera that strongly selected mutations, the single largest-effect mutations occurred at
five sites: 144, 157, 159, 189, and 193 (Figure [4.3)A and Figure [4.5]A). During the evolu-
tion of human H3N2 influenza, new amino-acid variants have reached >10% frequency at
all of these sites (Figure [4.8), and differences at three of these sites (144, 159, and 193)
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Figure 4.8: Frequencies of amino acids at key sites in human H3N2 influenza HA between
2007 and 2019. There are 16 sites under strong immune selection in our mutational antigenic
profiling with human sera, and this figure shows the 9 of these sites for which a new amino acid
rose to >5% frequency. The numbers at the top of each plot indicate the site number, and the
letters indicate the amino acid identity. The figure panels are taken from the nextstrain real-time
pathogen evolution website [88, [157].

distinguish the 3C2.A and 3C3.A clades that have recently circulated in humans [11]. Be-
cause mutations at these five sites are selected by only some sera, it appears that strong
antigenic selection from just a subset of individuals can drive global viral evolution.

The one site where we observed a consistent antigenic effect across almost all hu-
man sera was 160, where mutations K160S and K160T caused a moderate increase in
neutralization resistance (Figure [4.3A,B and Figure [4.5A). These mutations introduce a
N-linked glycosylation motif near the top of HA’s head. The K160T mutation appeared
among natural human H3N2 viruses in late 2013 and is now present in most circulating
viruses (Figure [4.8). Therefore, it also appears that moderate antigenic selection from
many individuals can drive global viral evolution.

Notably, the amino-acid that emerges at a site in nature is not always the one that our
experiments map as being under the strongest immune selection. There are several pos-

sible reasons: First, our experiments probe all amino-acid mutations but natural evolution
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is mostly limited to single-nucleotide changes. For instance, L157D is the largest-effect
mutation at site 157 (Figure[4.3) but L157S appears in nature (Figure [4.8)—likely because
S but not D is accessible from L by a single-nucleotide change. Second, natural evolution
selects for viral replication and transmission as well as immune escape. Finally, the con-
text of a mutation may influence its effect: for instance, F159Y has spread in nature but
was not selected in our experiments, perhaps because in nature this mutation co-occurred
with secondary changes such as N225D [32, [105]. Importantly, it is now feasible to also
make high-throughput measurements of how mutations to H3N2 HA affect viral replication
[128] and epistatic interactions among sites [228], so it may eventually be possible to build

evolutionary models that incorporate all these factors [138, [158].
4.4 Discussion

We have mapped the selection that polyclonal human sera exert on all amino-acid muta-
tions to a H3N2 influenza virus HA. Many sera are highly focused, and select single viral
mutations that reduce neutralization by over an order of magnitude. This basic finding that
human serum can be focused is consistent with other recent work [135] 101} '49]. But be-
cause our experiments mapped selection on all mutations, we were able to systematically
quantify the extent of focusing and compare its targets across sera.

A striking result of these comparisons is that the targets of serum selection vary widely
from person to person. Viral mutations that greatly reduce neutralization by one individ-
ual’'s serum sometimes have no effect for another individual’s serum, which is instead
affected by different mutations. These findings starkly contrast with the “avidity” model
of influenza immune escape [235, 93], which postulates that the virus evades polyclonal
immunity by generically increasing neutralization resistance via mutations that promote re-
ceptor binding. Our results suggest a different model: a virus with a single mutation could
be strongly favored in pockets of the human population with immunity that is strongly fo-

cused on that site. Does such a process actually drive influenza virus evolution? Many
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of the mutations mapped in our experiments are at sites that have recently mutated in
nature, suggesting that selection from focused human sera may be relevant to viral anti-
genic drift. However, decisively answering this question will require comparing the serum
focusing of individuals with the viral strains that actually infect them.

The sera that we profiled almost always focus on the portion of HA classically cate-
gorized as antigenic region B, consistent with other studies reporting that this region is
immunodominant in recent H3N2 strains [172, 132, [25]. However, our results highlight the
limitations of subdividing HA into broad antigenic regions. These regions were originally
defined based on the idea that a mutation in a region abrogated binding of most anti-
bodies targeting that region [214, 224, 29]. Our work shows that this is not true. Even
though most of the human sera we map focus on region B, different mutations in this re-
gion have very different effects across sera. The specificity of human sera is therefore
more fine-grained than the classical categorization of HA into antigenic regions.

Why is the neutralizing activity of human polyclonal sera often so focused? One pos-
sibility is that very few distinct antibodies are responsible for the anti-HA activity of any
given serum. Indeed, multiple studies have shown that relatively few clonotypes comprise
the majority of the anti-HA serum repertoire of a single individual [5, [126], [127]. Our find-
ings further suggest that either most of these clonotypes target the same sites in HA, or
that the serum’s neutralizing activity is due to very few of the clonotypes. In support of
the second idea, recent work has shown that as an individual ages, much of the anti-
body response is diverted to non-neutralizing epitopes because sites targeted by potently
neutralizing antibodies change during viral evolution [92, [177].

Prior work has shown that exposure history is a major determinant of the specificity of
human immunity to influenza [134), 6, 184, 36]. However, our work suggests that the rela-
tionship between exposure history and serum specificity is complex, as we see strong and
variable focusing among individuals ranging from 21 to 65 years. But while our dataset
is too small to draw conclusions about the association between age and serum focusing,

the importance of history is demonstrated by the lack of variation among ferrets that have
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been experimentally infected just once with a defined viral strain. The differences between
human and ferret sera also underscore the shortcomings of using ferrets as the primary
tool for characterizing viral antigenicity, as has previously been shown for HIN1 [134].
Overall, our work uses a new approach to show that polyclonal human sera can
strongly select single antigenic mutations in HA, and that the effects of these mutations
vary greatly person to person. Expanding this approach should shed further light on the
causes of this variable focusing, and its implications for viral evolution and disease sus-

ceptibility.

4.5 Materials and Methods

Data and computer code

Deep sequencing data are on the Sequence Read Archive under BioSample accession
numbers SAMN10183083 and SAMN11310465 (viral libraries selected with monoclonal
antibodies), SAMN10183146 (monoclonal antibody selection controls), SAMN11310372
(viral libraries selected with human sera), SAMN11310371 (viral libraries selected with
ferret sera), SAMN11341221 (viral libraries selected with human sera spiked with mono-
clonal antibody), and SAMN11310373 (serum selection controls).

The computer code used to analyze the data and generate the paper figures is avail-
able on GitHub at https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA.
Key processed data are tracked in this GitHub repository as detailed in the repository’s

README file, and are also available in the Supplementary files for this manuscript.

HA numbering

All sites are referred to in H3 numbering unless indicated otherwise. The signal pep-
tide is in negative numbers, the HA1 subunit in plain numbers, and the HA2 subunit in
numbers denoted with “(HA2).” Sequential 1, 2, ... numbering of the Perth/2009 H3

HA can be converted to H3 numbering simply by subtracting 16 for the H1 subunit, and


https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA
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subtracting 345 for the HA2 subunit. A file mapping sequential 1, 2, ... numbering to
H3 numbering is at https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA/

blob/master/data/H3renumbering_scheme.csv.

Perth/2009 HA virus used in this study

The “wild-type” Perth/2009 HA used in this study is that from [128]. This HA has two
amino-acid mutations (G78D and T212l) relative to the most common Perth/2009 HA
sequences in Genbank (there are several variants in Genbank). These two mutations
improve viral growth in cell culture [128]. The sequence of HA with these mutations
is provided in [128] and at https://github.com/jbloomlab/map_flu_serum_Perth2009_
H3_HA/blob/master/data/Perth09_HA_reference.fa. Unless otherwise indicated, when
this paper refers to the “Perth/2009 HA” it means this HA. As described below, all other
genes in this virus were derived from the lab-adapted A/WSN/1933 (H1N1) strain.

Monoclonal antibodies

The monoclonal antibodies in Figure [4.2] are described in [240] and [65]. These antibod-
ies were isolated from peripheral blood mononuclear cells of human donors seven days
post-vaccination with the 2010-2011 influenza vaccine containing the A/Victoria/210/2009
strain as the H3N2 component, using the approach in [192]. The Vy and V| chains were
amplified using single-cell RT-PCR, and cloned into human IgG expression vectors. To
produce the monoclonal antibodies, 293T cells were transfected with plasmids encoding
the heavy and light chains, and the antibodies were purified using protein A/G affinity

purification.

Human sera

The human sera in Figure came from a collection of the Vaccine and Infectious Dis-

ease Division (VIDD) of the Fred Hutchinson Cancer Research Center. These sera were
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collected from prospective bone marrow transplant donors in Seattle, WA. We used neu-
tralization assays to screen sera collected from 16 individuals from 2008 and 2010, and
selected the four that neutralized virus with the Perth/2009 HA at > 1:40 dilution. No infor-
mation was available on the influenza vaccination or infection status of these individuals.

The human sera in Flgure [4.5) were collected by the Hensley lab at the University
of Pennsylvania, Philadelphia, PA, from four individuals pre-vaccination and four weeks
post-vaccination with the 2015-2016 Northern Hemisphere influenza vaccine. The H3N2
component of this vaccine was A/Switzerland/9715293/2013, which is an antigenic suc-
cessor of Perth/2009 by several vaccine updates: Perth/2009 was the Northern Hemi-
sphere vaccine strain in 2010-2012, A/Victoria/361/2011 was the strain in 2012-2014,
A/Texas/50/2012 was the strain in 2014-2015, and Switzerland/2013 was the strain in
2015-2016.

The dates of collection of the human sera are rounded to the nearest year in this paper.

Ferret sera

The serum samples denoted “ferret-Pitt-#” were collected from three ferrets pre-infection
and again 23 days post-infection at the University of Pittsburgh. Each ferret was infected
with Perth/2009 (H3N2) virus that carries the exact same HA sequence used for the stud-
ies in this paper.

The serum samples denoted “ferret-WHO*” were collected from two ferrets post-
infection at the World Health Organization Collaborating Centre in Melbourne, Australia.
One ferret was infected with the Collaborating Centre’s version of the Perth/2009 H3N2
virus, and the second ferret was infected with the Collaborating Centre’s version of the
A/Victoria/361/2011 H3N2 strain. The sera were collected in bleeds performed 14 days
after intranasal infection with virus. Experiments were conducted with approval from the
University of Melbourne Biochemistry & Molecular Biology, Dental Science, Medicine, Mi-

crobiology & Immunology, and Surgery Animal Ethics Committee, in accordance with the
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NHMRC Australian code of practice for the care and use of animals for scientific purposes.

Serum preparation

All sera were treated with receptor-destroying enzyme (RDE) and heat-inactivated before
use in our experiments, using a protocol adapted from [240]. The RDE treatment was to
ensure that the viral libraries would not bind to residual sialic acids present in the serum.
One vial of lyophilized RDE Il (Seiken, Cat No. 370013) was first resuspended in 20
mL PBS. We then incubated 100 L of serum with 300 pL of RDE solution at 37°C for
2.5 hours. We next heat-inactivated the serum and RDE by incubating at 55°C for 30
min. Finally, we centrifuged the serum at 20,000 x g for 20 min to pellet any precipitated

material, collected the supernatant, aliquoted, and stored at -80°C.

Neutralization assays

Neutralization assays were performed using influenza viruses carrying GFP in the PB1
segment. The “wild-type” Perth/2009 viruses were generated using reverse genet-
ics with the following plasmids: pHW-Perth2009-HA-G78D-T212I [128], pHH-PB1flank-
eGFP [which encodes GFP on the PB1 segment; 20], and pHW181-PB1, pHW183-
PA, pHW185-NP, pHW186-NA, pHW187-M, and pHW188-NS [which encode genes from
A/WSN/1933 for the other six segments; [98]. The individual amino-acid mutant viruses
tested in the neutralization assays were generated from the same plasmids except the in-
dicated mutation was introduced into the pHW-Perth2009-HA-G78D-T212I plasmid. The
“syn” mutant shown in Figure [4.3] has a synonymous F193F mutation.

To generate the viruses, we transfected a co-culture of 4 x 10° 293T-CMV-PB1 [20]
and 0.5 x 10> MDCK-SIAT1-CMV-PB1-TMPRSS2 [128] cells with the eight reverse ge-
netics plasmids and the pHAGE2-EF1alnt-TMPRSS2-IRES-mCherry-W plasmid [128].
The transfections were performed in D10 media (DMEM, supplemented with 10% heat-

inactivated FBS, 2 mM L-glutamine, 100 U of penicillin per milliliter, and and 100 ug of
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streptomycin per milliliter). Each well received a transfection mixture of 100 uL DMEM,
3 uL BioT transfection reagent, and 250 ng of each plasmid. We changed the media in
each well to 2 mL IGM (Influenza Growth Media, consisting of Opti-MEM supplemented
with 0.01% heat-inactivated FBS, 0.3% BSA, 100 U of penicillin per milliliter, 100 ug of
stremptomycin per milliliter, and 100 ng of calcium chloride per milliliter) eight hours post-
transfection. At approximately 56 hours post-transfection, transfection supernatants were
harvested, clarified by centrifugation at 2000 x g for five minutes, aliquoted, and frozen
at -80°C. To titer the GFP-carrying viruses, we plated 1 x 10> MDCK-SIAT1-CMV-PB1-
TMPRSS2 cells per well in 12-well plates in IGM. We infected cells with dilutions of vi-
ral supernatant four hours after plating. At 16 hours post-infection, we chose wells that
appeared to show 1 to 10% of cells that were GFP-positive, and determined the exact
fraction of GFP-positive cells by flow cytometry to calculate the titer of infectious particles
per ul.

The neutralization assays were performed using these GFP-expressing viruses
as described previously [100, 61, see also https://github.com/jbloomlab/flu_
PB1flank-GFP_neut_assay]|. All neutralization curves represent the mean and stan-
dard error of three replicate curves run on the same 96-well plate. The curve fits are
Hill-like curves with the bottom and top constrained to zero and one, and were fit us-
ing the neutcurve Python package (https://jbloomlab.github.io/neutcurve/), ver-
sion 0.2.4. Detailed information on the curve fitting is available on the project GitHub
repository at https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA/blob/
master/results/notebooks/analyze_neut.md. The curve-fit parameters (e.g., IC50s) for

all of the neutralization curves shown in this paper are in Dataset S[11]

Mutant virus libraries

For mutational antigenic profiling of some replicates of antibodies 3C06, 3C04, 4C01, and

1C04, we used the exact same mutant virus libraries described in [128]. Specifically, we
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used those mutant virus libraries for the replicates labeled as “lib2” for 3C06, 3C04, 4C01;
and all replicates of 1C04 in Figure[C.2]

However, the titers of the viral libraries from [128] were not sufficient for all the muta-
tional antigenic profiling, so for most of the experiments in the current paper we generated
new triplicate stocks of mutant virus libraries using influenza reverse-genetics [98]. This
required re-generating the mutant plasmids and mutant virus libraries as described be-
low. These libraries have similar properties to those described in [128], but since they are
not exactly the same we re-validated them by deep sequencing the mutant plasmid and
mutant virus libraries. The full analysis of this deep sequencing along with plots showing
all relevant statistics about the libraries is in Dataset S[{4l

To create the new mutant plasmid libraries, we used two rounds of codon mutagene-
sis [17, 156] to introduce all of the possible codon mutations into the Perth/2009 HA in the
pHH21 backbone [160]. The plasmid libraries were generated independently in biologi-
cal triplicate, starting from independent preps of the wildtype plasmid, using the protocol
described in [128]. The mutant amplicons were then cloned at high efficiency into the
pHH21 vector using digestion with BsmBI, ligation with T4 DNA ligase, and electropo-
ration into ElectroMAX DH10B competent cells (Invitrogen 18290015). We obtained >4
million transformants for each replicate library. We then scraped the plates, expanded
the cultures in liquid LB + ampicillin at 37°C for 3 h with shaking, and maxiprepped the
cultures. Sanger sequencing of 29 randomly chosen clones showed an average mutation
rate of 1.6 codon mutations per clone (Dataset S[14).

To generate the mutant virus libraries by reverse genetics, we transfected 40 wells of
six-well plates for each library. Each well contained a co-culture of 5 x 10° 293T-CMV-PB1
and 0.5 x 10° MDCK-SIAT1-TMPRSS2 cells in D10 media. We transfected with 250 ng
each of pHH-mutant-HA library (or wildtype control), the pHAGEZ2-EF1alnt-TCmut-P09-
HA Perth/2009 HA protein expression plasmid (which expresses the HA protein from wild
type Perth/2009 HA), the pHW18* series of plasmids [98] for all non-HA viral genes, and
pHAGE2-EF1alnt-TMPRSS2-IRES-mCherry-W. The sequence of the pHAGE2-EF1alnt-
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TCmut-P09-HA protein expression plasmid is in Dataset S We changed the media
in each well to 2 mL IGM eight hours post-transfection. At 45 hours post-transfection,
the transfection supernatants were harvested, clarified by centrifugation at 2,000 x g for
five minutes, aliquoted, frozen at -80°C, and titered in MDCK-SIAT1-TMPRSS2 cells. The
titers were 2543, 3162, 1000, and 4739 TCIDso per microliter for the three library replicates
and the wildtype control, respectively.

We passaged 1.125 x 10® TCIDs, of the transfection supernatants for each library at
an MOI of 0.005 TCIDs, per cell. We did this by plating 3 x 108 MDCK-SIAT1-TMPRSS2
cells per layer of five 5-layered 875 cm? flasks (Corning, 353144) in D10 media, and
allowed the cells to grow for 24 h, at which time they were at ~9 x 108 cells per layer. We
then removed the D10 media from each flask, washed with 50 mL PBS and replaced the
media with 130 mL per flask of an inoculum of 1.73 TCIDs, of virus per microliter in IGM.
At three hours post-infection, we replaced the inoculum with fresh IGM for each replicate.
We then collected virus supernatant at 42 hours post-infection, clarified the supernatant by
centrifuging at 2,000 x g for five minutes, aliquoted, froze at -80°C, and titered in MDCK-
SIAT1-TMPRSS2 cells. The titers were 1000, 14677, and 6812 TCIDsg per microliter
for the three library replicates, respectively. The mutant plasmids and mutant viruses
were then deep sequenced as in [128] to demonstrate that there was good coverage of
mutations in both as described in Dataset S [14l These libraries were used for all the
mutational antigenic profiling except for the subset of antibody replicates mentioned at

the beginning of this subsection.

Mutational antigenic profiling

We performed the mutational antigenic profiling using the basic process described in [60].
For each serum and for the serum-antibody spike-in experiments, we performed three
biological replicates of mutational antigenic profiling each using an independently gener-

ated mutant virus library. For each antibody, we performed either two or three biological
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replicates each using an independently generated mutant virus library as indicated in Fig-
ure[C.2] The reason that we only performed two biological replicates for some antibodies
is that the noise is less for antibodies than sera.

For the mutational antigenic profiling, we diluted each virus library to 106 TCIDs, per
mL, and incubated the virus dilution with an equal volume of antibody and/or serum at the
intended dilution at 37°C for 1.5 h. The dilution for all samples are in Dataset S[12] and
account for the initial 1:4 dilution of serum during the RDE treatment. These dilutions were
generally chosen with the goal of having 1% to 10% of the virus library survive the serum
or antibody treatment. We infected between 2 x 10° and 4 x 10> MDCK-SIAT1-TMPRSS2
cells with virus-antibody or virus-serum mix. At 15 hours post-infection, we extracted
RNA from the cells, and then reverse-transcribed and PCR amplified full-length HA as in
[128]. We then deep sequenced these HAs using a barcoded-subamplicon sequencing
strategy to ensure high accuracy. This general sequencing approach was first applied to
viral deep mutational scanning by [231]. The exact approach we used is described [59],
with the primers for Perth/2009 given in [128]; a more general description of the approach
is at https://jbloomlab.github.io/dms_tools2/bcsubamp.html. The sequencing was
performed using 2x250 nucleotide paired-end reads on lllumina HiSeq 2500’s at the Fred
Hutchinson Cancer Research Center Genomics Core.

To estimate the overall fraction of virions in the library surviving immune selection,
we used gRT-PCR against the viral NP and GAPDH, as described in [60]. Briefly, we
made duplicate 10-fold serial dilutions of each virus library to create a standard curve of
infectivity. We then performed qPCR for the standard curve of infectivity as well as each
library-selected sample. A linear regression line relating the logarithm of the viral infec-
tious dose in the standard curve to the difference in Ct values between NP and GAPDH
was used to interpolate the fraction surviving for each selection. The measured percent
surviving for each library are in Dataset S[13] and are also plotted in figure supplements

for each figure showing mutational antigenic profiling results.
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Analysis of deep sequencing data and visualization of results

The deep sequencing data were analyzed using dms_tools2 [18] version 2.4.12, which is
available athttps://jbloomlab.github.io/dms_tools2/. Briefly, we first determined the
counts of each codon at each site in both the immune-selected and mock-selected sam-
ples. These counts are at https://github.com/jbloomlab/map_flu_serum_Perth2009_
H3_HA/tree/master/results/renumbered_codoncounts. These counts were then pro-
cessed to compute the differential selection on each amino-acid mutation at each site,
which is our measure of immune selection. The differential selection statistic is de-
scribed in [60] (see also https://jbloomlab.github.io/dms_tools2/diffsel.html),
and represents the log enrichment of each mutation relative to wildtype in the immune-
selected sample versusa mock-selected control. The differential selection values for
each replicate are at https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_
HA/tree/master/results/diffsel.

To visualize the differential selection, we took the median across replicates of the dif-
ferential selection for each mutation at each site—these median values are displayed in
all logo plots. The numerical values of these across-replicate median differential selection
values are in Dataset S[16] The figures in this paper visualize the differential selection
in two ways. First, the line plots show the total positive differential selection at each site.
Second, the logo plots show the differential selection for each positively selected amino
acid at key sites. These line and logo plots were created using the dmslogo software
package (version 0.2.3), which is available at https://jbloomlab.github.io/dmslogo/.

We chose which sites to show in the logo plots in the figures by identifying strong
or “significant” sites of immune selection for each serum using the approach described
in [59] (excluding the pre-vaccination or pre-infection samples). Each figure panel then
shows all sites that were “significant” for any sera or antibody in that panel. This “sig-
nificance” calculation is heuristic, and involves using robust regression to fit a gamma

distribution to all of the positive site differential selection values, equating the P-value to
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the fraction of the distribution > that site’s differential selection, and then calling “sig-
nificant” sites that have a false discovery rate < 0.05. The code that performs this
analysis is at https://jbloomlab.github.io/dms_tools2/dms_tools2.plot.html#dms_
tools2.plot.findSigSel. In addition, logo plots for all sites for the across-replicate me-
dians for each serum / antibody are in Dataset S[17]

A detailed notebook with the code for all of the foregoing analyses along with expla-
nations and many additional plots is at https://github.com/jbloomlab/map_flu_serum_

Perth2009_H3_HA/blob/master/results/notebooks/analyze_map.md.

Protein structures

The protein structures are all PDB 405N, which is the structure of HA from the
A/Victoria/361/2011 (H3N2) strain [129]. The residues are colored by the positive site
differential selection values. The visualizations were generated using nglview [161] via
the Python wrapper package dms_struct (https://jbloomlab.github.io/dms_struct/).
Interactive mybinder instances of the notebooks that can be used to rotate and zoom in

on the structures are available at the following weblinks:

e Antibodies targeting antigenic region B (Figure [4.2): https://mybinder.org/
v2/gh/jbloomlab/map_flu_serum_Perth2009_H3_HA/master?urlpath=},2Fapps

2Fresults)2Fnotebooks’2Fmap_on_struct_antibody_region_B.ipynb

e Antibodies target lower on HA’'s head (Figure |4.2): https://mybinder.org/
v2/gh/jbloomlab/map_flu_serum_Perth2009_H3_HA/master?urlpath=},2Fapps

2Fresults/2Fnotebooks’2Fmap_on_struct_antibody_lower_head.ipynb

e The “VIDD” human sera (Figure [4.3): https://mybinder.org/v2/gh/jbloomlab/
map_flu_serum_Perth2009_H3_HA/master?urlpath=},2Fapps’2Fresults

2Fnotebooks’2Fmap_on_struct_VIDD_sera.ipynb
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e The “Hensley” human sera (Figure|4.5): https://mybinder.org/v2/gh/jbloomlab/
map_flu_serum_Perth2009_H3_HA/master?urlpath=J,2Fapps/2Fresultsy

2Fnotebooks’2Fmap_on_struct_Hensley_sera.ipynb

e The ferret sera (Figure |4.6): https://mybinder.org/v2/gh/jbloomlab/map_flu_
serum_Perth2009_H3_HA/master?urlpath=J,2Fapps/2Fresults/2Fnotebooks’,

2Fmap_on_struct_ferret.ipynb

Mutation frequencies in natural sequences

For Figure [4.8, we first identified sites that were under strong or “significant” selec-
tion from any of the human serum samples (excluding the pre-vaccination samples in
Figure using the approach described above. There were 16 such sites; these
are the ones shown in the logo plots in Figure or Figure [4.5)A. For each such
site, we then examined the frequency of different amino-acid identities from 2007
to 2019 (see https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA/blob/
master/results/notebooks/analyze_natseqs.md). This analysis identified nine sites
where a new amino-acid identity reached at least 5% frequency. For these nine sites,
we then took images of the amino-acid frequencies over time from the nextstrain web-
site [88,[157] and used them to create Figure [4.8]
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Chapter 5
CONCLUSION

During the course of its evolution, influenza virus HA must facilitate efficient viral
growth and transmission, and evade host adaptive immunity. As HA evolves, mutations
affecting either one or both of these properties determine the evolutionary success of that
virus in nature. In this dissertation, | discussed my work to shed light on the complex
interplay between the selective forces acting on HA in nature and the effects of mutations
under those selective forces. Here | review some of the major findings of my work and

potential future avenues of research.

Massively parallel experimental techniques enable us to study the effects of viral
mutations in the lab. | harnessed the high-throughput method of deep mutational scan-
ning to measure the effects on viral growth in cell culture of all possible single amino-acid
mutations to a seasonal H3 HA. In comparing the mutation frequencies before and after
selection by deep sequencing, | quantified the preference for each amino acid at every
site in the protein.

In general, the preferences are consistent with existing knowledge about HA’s bio-
chemistry. For example, there is strong preference for the amino acids involved in recep-
tor binding [216, [142), 1163, 233], disulfide bridge formation [213], and cleavage [200]. In
addition, | applied the amino-acid preferences to inform a site-specific codon-substitution
model, which vastly outperforms traditional substitution models. This indicates that our
experiments largely capture the constraints on the protein’s evolution in nature.

By virtue of our experimental setup, in which we measured the functional effects of

mutations in the absence of any immune selection, | was able to estimate the inherent
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mutational tolerance at every site. In previous mutational scans of lab-adapted H1 HAs,
the stalk domain was found to be quite mutationally intolerant relative to the globular
head domain [209, 231, 59, 91]. These observations were used to rationalize (1) the
capability for rapid antigenic drift in the head domain under immune pressure, and (2)
the relative conservation of the stalk domain. Strikingly, | discovered less disparity in
mutational tolerance between the head and stalk domains of the H3 HA than in the H1
HA.

Our work has underscored the power of deep mutational scanning which can lend itself
to the study of mutational effects of viral proteins under diverse selection conditions. For
instance, passaging the mutant virus libraries in distinct cell types, such as swine or avian-
type cells, may uncover pathways to adaptation in diverse hosts. Indeed, a separate study
from our lab has mapped the mutations that allow for adaptation of the avian influenza
polymerase for viral growth in human hosts [194].

One such application of deep mutational scanning is to study the effects of mutations
to H3 HA on viral growth in eggs. This is especially pertinent since the influenza virus
vaccine is largely produced in eggs, in which the composition and linkage of sialic acid re-
ceptors is dissimilar to the sialic acid receptors found in the human airway [102, [195]. As
a result, HA can acquire mutations that not only adapt it to increased receptor-binding and
growth in eggs, but may also alter its antigenicity [180, (112}, 133, 1167, [178]. These types
of egg-adaptation mutations have occasionally been responsible for low vaccine effective-
ness in certain years [227,,240]. By subjecting the mutant virus libraries to growth in eggs,
we may be able to ascertain such egg-adaptive mutations and to pinpoint mutations that
allow for growth in eggs but do not change HA’s antigenicity.

Another exciting application of deep mutational scanning techniques is to perform func-
tional selections on the HA mutant libraries in vivo, such as in ferrets or in mice. The respi-
ratory airway compartments may select for distinct mutations, and transmission studies in
ferrets would facilitate an exploration of HA phenotypes that promote transmission [119].

Moving forward, similar extensions of deep mutational scanning approaches may yield
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exciting data on mutational effects under various selective pressures.

We can use the measurements of mutational effects to understand viral evolution
in nature. HA must maintain its essential functions in order for the virus to remain fit.
Although much effort has gone into characterizing viral antigenicity, the non-antigenic ef-
fects of mutations are also an important determinant of viral fitness. Yet, no large-scale
quantifications of the functional effects of mutations to seasonal H3N2 HA on viral growth
existed prior to my work. Generating these quantifications enabled us to examine the rela-
tionship between our experimental measurements and the maximum frequency reached
by mutations in nature. We found that mutations that we measured to be highly delete-
rious seldom reach high frequencies in nature. Mutations that reach high frequencies or
even reach fixation generally have a more favorable mean effect than those mutations that
remain at low frequencies. These results indicated that experimentally defining the effects
of mutations on viral growth in cell culture can be of utility for understanding the evolution-
ary success of viral lineages in nature. Our work also suggests that incorporating these
data as well as measurements of the antigenic effects of mutations into fithess models
may aid with viral forecasting.

Unsurprisingly, when we applied the effects of mutations measured in a highly diverged
H1 HA, there was no correlation between these measurements and H3N2 mutation fre-
quencies. The utility of these experiments thereby degrades as natural strains diverge
from the experimental strain. Follow-up work should more precisely determine the extent
to which these deep mutational scanning data can be generalized when predicting viral

fitness.

The potential for viral escape varies across antibodies. With major efforts toward
the use of broadly-neutralizing antibodies as vaccines or therapeutics under way, it has
become crucial to characterize the potential for escape from such antibodies. Here | de-

scribed work in which we formulated a method for calculating the fraction of each viral
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mutant that escapes antibody neutralization. This method quantifies the effect sizes of
single antigenic mutations and allows us to directly compare these effects across anti-
bodies. Although we find mutations that provide resistance to neutralization from all the
antibodies we tested, the effects on escape from the broad stalk-targeting antibodies are
much smaller than those from narrow and broad antibodies targeting the head domain. A
salient implication of these results is that antibody breadth is not a perfect indicator of the
ease of viral escape. Our results would seemingly suggest that H1 may be less, but not
completely prone to antigenic escape via point mutations from broad anti-stalk antibodies.
Perhaps the H1 we tested exhibits difficulty escaping broad stalk-targeting antibodies
because of the low inherent mutational tolerance in its stalk. Despite the fact that muta-
tionally tolerant sites are in close contact (within 4 A) with the stalk antibodies we tested,
the binding energetics of the antibody may be distributed in such a way that neutralization
is mediated disproportionately through interactions with mutationally intolerant residues.
Furthermore, a striking finding of my work is the low disparity in mutational tolerance
between the head and stalk domains of the H3 HA. In particular, helix A in the stalk do-
main, which forms the epitope of a number of broad anti-stalk antibodies [140, (121, [31],
exhibits relatively high tolerance for mutations. This finding begs the question: Does
the ease of viral escape from a given broadly-neutralizing antibody differ across sub-
types? Specifically, does the H3 HA also have difficulty escaping stalk-targeting anti-
bodies? Some studies have shown that de novo mutations selected for by broad stalk-
binding antibodies may have fitness effects on viral growth [31} 65]. Yet, unless we test
the antigenic effects of all the possible single mutations to H3 in the context of replication-
competent virus, it will be problematic to interrogate the ease of escape from broadly-
neutralizing antibodies in this subtype. Further work can evaluate escape from additional
broadly-neutralizing antibodies, including ones initially elicited against a group 2 HA sub-
type. While the two anti-stalk antibodies we tested here, FI6v3 and C179, were initially
selected for binding to the group 1 H1 [39] [165], there may be a wide range in the capacity

for escape from different classes of broadly-neutralizing antibodies.
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Some individuals have very immunodominant serum responses towards HA. De-
spite strong selection on HA from adaptive immunity, we still have a limited understanding
of how polyclonal immunity in serum imposes selection on HA. By leveraging the tech-
nique of mutational antigenic profiling, | was able to systematically map immune selection
on HA by polyclonal serum. My work provided direct evidence that some individuals pos-
sess highly immunodominant serum responses against HA, which select for single amino-
acid mutations with strong effects on resistance to serum neutralization. In fact, the idea
that certain individuals may target HA in an immunodominant fashion was posited in early
studies of antigenic variation [236, [155]. Only by systematically testing under immune
selection all of the possible single amino-acid replication-competent variants of HA was |
able to directly test this hypothesis.

My work demonstrates how immunodominant serum responses can rapidly select
for neutralization-resistant mutations with rather large antigenic effect sizes. A number
of the sites with the largest effect sizes on escape show variation in natural H3N2 se-
guences, with some mutations at these sites reaching very high frequencies or even
fixation in nature. These findings strongly support the theory that individuals with im-
munodominant antibody targeting may drive antigenic drift of HA in nature. It would
be especially interesting in future experiments to closely examine the within-host vari-
ation in influenza-infected individuals with known pre-infection immunodominant serum
responses. Although previous studies have found limited within-host variation in acute
influenza infections [50, 57, 97, [149] (193], it may be probable that by focusing on those
individuals with immunodominant antibody profiles, there exists a greater degree of anti-
genic variation that parallels antigenic evolution in nature. Indeed, there is evidence of
concordance between within-host evolution in long-term H3N2 infections and evolution at
the global scale [144, 232].

Moreover, | observed variation in each mutation’s effect size on escape across the
subjects in our study, indicating that immune selection upon HA varies among individuals.

This finding also suggests that antigenic drift mutations may accumulate successively as
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the virus is transmitted from one host to another, which is possibly how HA is often able
to acquire multiple antigenic site mutations as it evolves.

It is well-established that exposure history to influenza infection and/or vaccination can
shape immune targeting of HA [76], 134, [135] [73, [131]. Although all of the individuals |
profiled predominantly target a single antigenic region, our mapping approach can feasi-
bly profile many more individuals with diverse exposure histories. Previous studies have
implied that younger individuals may narrowly target more variable epitopes in HA while
older individuals target more conserved regions [131, 151, 147,192, [1/7]. It would there-
fore be compelling to profile subjects across multiple age groups, including children and
the elderly, to directly compare anti-HA targeting in relatively immune-experienced versus
immune-naive individuals. Furthermore, recent work has brought attention to the potential
implications of immune targeting on disease susceptibility [135, 49]. Therefore it would
be interesting to examine if individuals are disproportionately affected by severe influenza
virus infection when a drift variant fixes at a site heavily targeted by their sera.

An astonishing finding of my work is the mutational-level consistency in immune target-
ing in ferret sera. These results have important implications for antigenic characterization
and surveillance, which rely heavily on the use of sera from singly infected ferrets. It is
therefore vital to characterize the antigenic effects of mutations on escape from human
immunity. Sera from ferrets sequentially infected with two diverged viral strains have been
shown to mount a response that more closely emulates the epitope targeting in humans
with exposure histories to these two strains [134]. In future work, mutational antigenic
profiling can assess the degree of similarity between immune targeting in sequentially-
infected ferrets and the immune targeting in humans.

In my work, | mapped selection on HA by only neutralizing antibodies in serum. How-
ever, there are assuredly additional components of adaptive immunity that exert selec-
tion on influenza virus. Still, we have a very limited understanding of how these other
constituents of adaptive immunity drive viral evolution. One can leverage mutational anti-

genic profiling to map escape from mucosal IgA antibodies [179]. It will be important



107

to study immune selection exerted by non-neutralizing antibodies, which can mediate
complement-dependent cellular cytotoxicity and phagocytosis [36) 53, 207, [103]. Future
work will need to characterize in great depth anti-NA immunity and its role in driving anti-
genic drift [150, 184, 218]. All of these directions have the potential to expand our under-

standing of antigenic evolution in nature.
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Appendix A
SUPPLEMENTARY MATERIAL FOR CHAPTER 2
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Figure A.1: Characterization of the G78D-T212l Perth/2009 HA variant. (A) The G78D-T212I
Perth/2009 HA variant supports better viral growth than the wildtype Perth/2009 HA. Viruses were
generated in duplicate by reverse genetics with the Perth/2009 NA and WSN internal genes, and
passaged once at MOl = 0.01 in MDCK-SIAT1-TMPRSS2 cells. The rescue and passage viral su-
pernatants were collected at 72 hours post-transfection and 44 hours post-infection, respectively,
and titered in MDCK-SIAT1-TMPRSS2 cells. The points mark each duplicate and the bar marks
the mean. (B) The D78 variant remained at a low frequency in natural human H3N2 sequences
over the past ~10 years. The A212 variant rose to fixation in ~2011, replacing the T212 variant.
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Figure A.2: Sanger sequencing of 31 randomly chosen clones from the mutant plasmid
libraries. (A) There were an average of ~1.4 codon mutations per clone across the three plasmid
mutant libraries. (B) A mixture of one-, two-, and three-nucleotide mutations were present, with
slightly fewer triple-nucleotide changes than expected. (C) Nucleotide frequencies were uniform
in the codon mutations. (D) The mutations were distributed relatively evenly across the length of
the HA coding sequence. (E) We calculated the pairwise distances between mutations for clones
carrying more than one mutation. The cumulative distribution of these distances is shown in the
red line. The blue line indicates the expected distribution if mutations in multiply mutated genes

are randomly dispersed along the sequence.
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Figure A.3: Sites where there are strong differences between our experimental measure-
ments and the amino-acid frequencies among natural HA sequences. We calculated the
distance between our H3 measurements and the alignment frequencies using the same approach
as in Figure 2.7} but using the alignment frequencies in place of the H1 preferences. For each site,
the height of each letter above or below the line indicates how much more or less preferred that
amino acid is in our experiments compared to its frequency nature. The overlays show the same
information as in Figure (domain and wildtype amino acid). The sites are in H3 numbering.
The HA alignment used to calculate the natural frequencies is the same one used in Table @
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Figure A.4: Validation that the Perth/2009 HA is somewhat tolerant to mutation of the canon-
ical start codon. We created variants of the Perth/2009 HA in which the canonical start codon
was mutated (amino-acid mutation M(-16)K, codon mutation ATG—AAA), a conserved cysteine
was mutated to alanine (C52A, codon mutation TGC—GCA), and the same cysteine was synony-
mously mutated (C52C, codon mutation TGC—TGT). We selected these mutations because our
deep mutational scanning results in Figure [2.2] surprisingly suggest that the start codon (position
-16) is fairly tolerant of mutations, but that site 52 is highly intolerant of mutation to anything other
than cysteine. The synonymous C52C mutation is a negative control mutation that is not expected
to have any effect. We then used reverse genetics to generate viruses carrying the wildtype HA
or each point mutant, with GFP packaged in the PB1 segment to enable easy titering by flow cy-
tometry [20, [100]. Each variant was generated in duplicate, and the plots show the viral titer in the
supernatant at 53 hours post-transfection. As expected, the C52A virus is essentially non-viable,
while the C52C mutation is roughly equivalent to wildtype. The M(-16)K mutation is only mod-
erately attenuated, validating that the canonical start codon is not completely essential for viral
growth.



113

-4
. _s
5 4| e °
310°1
o
g _'-o
10°

WT  T24F  T40V  S287A

Figure A.5: Validation of viral variants with mutations at N-linked glycosylation motifs.
We created variants of the Perth/2009 HA with mutations that eliminated N-linked glycosylation
motifs (Asn-Xaa-Ser/Thr) at asparagine residues 22, 38, and 285 (these are mutations T24F, T40V,
and S287A, respectively). The codon mutations were ACG—TTC, ACT—GTA, and AGC—GCG,
respectively. We then used reverse genetics to generate viruses carrying the wildtype HA or each
of these mutants. Each variant was generated in duplicate, and the plots show the viral titer in the
supernatant at 53 hours post-transfection. The viruses with mutations at the motifs at residues 22
and 38 reached titers at least as high as wildtype, whereas the virus with a mutation to the motif
at residue 285 was modestly attenuated.
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Figure A.6: Validation of the mutational tolerance of a site in the transmembrane domain.
We created a variant of the Perth/2009 HA with a transmembrane domain mutation, C199(HA2)K
(codon mutation TGT—AAG), at a site that our deep mutational scanning suggests should be
highly mutationally tolerant (Figure [2.2). We then used reverse genetics to generate viruses car-
rying the wildtype HA or this mutant. Each variant was generated in duplicate, and the plots show
the viral titer in the supernatant at 53 hours post-transfection. The virus with the mutation reached
titers comparable to wildtype.
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Figure A.7: Mutational tolerances of the head and stalk domains at various relative solvent
accessibility cutoffs. The mutational tolerances of the head and stalk domains show less dis-
parity for the Perth/2009 H3 HA compared to those for the WSN/1933 H1 HA. We used relative
solvent accessibility (RSA) cutoffs of 0.1, 0.2, and 0.3 to define solvent-exposed residues and plot-
ted the mutational tolerances (Shannon entropy of re-scaled preferences) of these residues in the
head and stalk domains for the Perth/2009 H3 HA (purple) and the WSN/1933 H1 HA (brown).
Residues falling in between the two cysteines at sites 52 and 277 were defined as belonging to
the head domain, while all other residues were defined as the stalk domain. The HA structures
color the residues that are defined as solvent exposed at a given RSA cutoff. One monomer is
shown in surface representation and another monomer shown in ribbon representation. Residues
in lighter shades of purple or brown are in the head domain, while residues in darker shades are in
the stalk domain. Note that the mutational tolerance values are not comparable between the two
HAs.
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Figure A.8: A phylogenetic tree of all HA sequences used in our analysis of mutation fre-
quencies. (A) HA sequences were sampled at a rate of six viruses per month from January 1,
1968 through February 1, 2018. The Perth/2009 strain used in our experiments is indicated. The
rest of the tree is partitioned into nodes that preceded the split of the Perth/2009 strain from the
trunk of the tree (blue) and nodes that branched off the trunk after the clade containing Perth/2009
(orange). In Figure 2.5 these two partitions of the tree are analyzed separately. Nodes in the clade
containing the Perth/2009 strain and nodes sampled in 2014 or after were excluded from our anal-
yses. The Perth/2009 strain was excluded to avoid artifacts related to mutations that occurred on
the branches leading to the HA sequence used in the experiment. The post-2014 nodes were ex-
cluded because the evolutionary fates of many sequences after this date are not yet fully resolved.
(B) The post-Perth/2009 partition of the tree containing only sequences from unpassaged isolates.
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tal replicates and re-scaling [94] by a stringency parameter of 2.05 (see https://github.com/

acid preferences of the WSN/1933 H1 HA from [59] after taking the average of the experimen-
overlays show the same information as in Figure [2.2] (domain and wildtype amino acid).

jbloomlab/dms_tools2/blob/master/examples/Doud2016/analysis_notebook.ipynb).
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Figure A.10: The distribution of mutational effects measured in H1 HA among H3N2 muta-
tions binned by the maximum frequency that they reach. This figure repeats the analysis of
the H3N2 mutation frequencies in Figure [2.5B, but uses the deep mutational scanning data for an
H1 HA as measured in [59].
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Figure A.11: Frequency trajectories of head and stalk domain mutations. (A) This figure
repeats the analysis of the H3N2 mutation frequencies in Figure [2.4] but colors amino-acid mu-
tations by whether they occur in the head (purple) or the stalk (blue) domain. (B) Histogram of
mutation maximum frequencies by the number of mutations in the head and stalk domains. It is
clear that mutations in the head domain are more numerous than those in the stalk, particularly
among mutations that reach high frequencies.
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Supplemental Files

Descriptions of each file are shown below. Please refer to the publication for the actual
files [128].

File S1. (pHW_Perth09-HA-G78D-T212l.txt) Genbank file giving the full sequence of
the bidirectional reverse-genetics plasmid pHW-Perth09-HA-G78D-T212I, which encodes
the wildtype HA sequence used in this study.

File S2. (Perth2009_subamplicon _primers.xlsx) Excel file providing the primers used

to generate the barcoded subamplicons for Perth/2009 HA deep sequencing.

File S3. Excel file giving the amino-acid preferences in sequential 1, 2, ... numbering
of the Perth/2009 HA. The unscaled preferences for replicates 1, 2, 3-1, and 3-2 are
each in a separate tab of the file. Additional tabs give the across-replicate averaged
and re-scaled amino-acid preferences in sequential numbering and in H3 numbering as
shown in Figure [2.2] There are also tabs that give the conversion from sequential to H3
numbering, and a list of the mutations in the 31 clones we Sanger sequenced to evaluate
the mutation rate of the mutant plasmid libraries. Each tab can simply be exported to CSV

for computational analyses.

File S4. (gisaid acknowledgment table.xls) Excel file providing acknowledgments

and accessions for sequences downloaded from GISAID.
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Appendix B
SUPPLEMENTARY MATERIAL FOR CHAPTER 3
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Table B.1: The total fraction of virions surviving each antibody treatment at each concen-
tration as estimated by qPCR. These are the quantities referred to as . This table shows the
values for the broad antibodies; values for the narrow H17-L17, H17-L10, and H17-L7 antibodies

have been reported previously [60].
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Figure B.1: Correlations across experimental replicates. Each point represents one site in HA,
and gives the fraction surviving above average across all amino-acid mutations at that site, as cal-
culated using Equation[3.10] The replicates are highly correlated for antibodies with strong escape
mutations (S139/1, H17-L19, H17-L10, and H17-L7), and reasonably correlated for antibodies with
only weak escape mutations (FI6v3 and C179).
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Figure B.2: The excess fraction surviving for the single strongest escape mutation at each
site. This plot differs from Figure in that the height of the line indicates the excess fraction
of virions that survive the antibody selection for the single strongest escape mutation at that site,
rather than the average across all amino-acid mutations at that site.
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Figure B.3: The excess fraction surviving selection with antibody H17L19 for all amino-acid
mutations. The excess fraction surviving for each replicate was computed using Equation
then we took the median across all technical and biological replicates for each antibody concen-
tration, and then took the medians of those values across concentrations. The height of each letter
is proportional to the excess fraction surviving of virions with that mutation. The scale bar at the
top of the plot relates the letter heights to the actual fractions. The sites are labeled using H3
numbering.
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Figure B.4: The excess fraction surviving selectlon with antibody H17L10 for all amino-acid
mutations. The excess fraction surviving for each replicate was computed using Equation
then we took the median across all technical and biological replicates for each antibody concen-
tration, and then took the medians of those values across concentrations. The height of each letter
is proportional to the excess fraction surviving of virions with that mutation. The scale bar at the
top of the plot relates the letter heights to the actual fractions. The sites are labeled using H3
numbering.
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Figure B.5: The excess fraction surviving selectlon with antibody H17L7 for all amino-acid
mutations. The excess fraction surviving for each replicate was computed using Equation
then we took the median across all technical and biological replicates for each antibody concen-
tration, and then took the medians of those values across concentrations. The height of each letter
is proportional to the excess fraction surviving of virions with that mutation. The scale bar at the
top of the plot relates the letter heights to the actual fractions. The sites are labeled using H3
numbering.
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Figure B.6: The excess fraction surviving selectlon with antibody FI6v3 for all amino-acid
mutations. The excess fraction surviving for each replicate was computed using Equation
then we took the median across all technical and biological replicates for each antibody concen-
tration, and then took the medians of those values across concentrations. The height of each letter
is proportional to the excess fraction surviving of virions with that mutation. The scale bar at the
top of the plot relates the letter heights to the actual fractions. The sites are labeled using H3
numbering.
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Figure B.7: The excess fraction surviving selectlon with antibody C179 for all amino-acid
mutations. The excess fraction surviving for each replicate was computed using Equation
then we took the median across all technical and biological replicates for each antibody concen-
tration, and then took the medians of those values across concentrations. The height of each letter
is proportional to the excess fraction surviving of virions with that mutation. The scale bar at the
top of the plot relates the letter heights to the actual fractions. The sites are labeled using H3
numbering.
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Figure B.8: The excess fraction surviving selectlon with antibody S139/1 for all amino-acid
mutations. The excess fraction surviving for each replicate was computed using Equation
then we took the median across all technical and biological replicates for each antibody concen-
tration, and then took the medians of those values across concentrations. The height of each letter
is proportional to the excess fraction surviving of virions with that mutation. The scale bar at the
top of the plot relates the letter heights to the actual fractions. The sites are labeled using H3
numbering.
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Figure B.9: Replicates of the FI6v3 neutralization curves in Figure . The neutralization
assays were performed in triplicate for all nine mutants and wildtype. Figure [3.6/A shows the
average of those replicates. (A) The neutralization data for each replicate shown individually, with
IC50 values fit using a four-parameter logistic curve with the top value constrained to one (see
https://jbloomlab.github.io/dms_tools2/dms_tools2.neutcurve.html for the code used for
the fitting.) (B) Table of the IC50 values for each replicate. We used an unpaired Student’s t-test
with unequal variances to test the null hypothesis that each mutant had an IC50 indistinguishable
from wildtype. We then used Bonferroni’s method to correct the P-values for multiple testing, and
report these corrected values.


https://jbloomlab.github.io/dms_tools2/dms_tools2.neutcurve.html
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Supplemental Files

Descriptions of each file are shown below. Please refer to the publication for the actual
files [61].

File S5. (Conversion from sequential numbering of the A/WSN/1933 HA to H3 num-
bering.) In this CSV file, the original column gives the residue number in sequential (1,
2, ...) numbering of the A/WSN/1933 HA, and the new column gives the residue number

in H3 numbering.

File S6. (Sequences used to infer the tree for all HA subtypes.) This FASTA file
gives the HA sequences used to infer the tree of subtypes in Figure 3.2

File S7. (Computer code and data for the analysis of the mutational antigenic pro-
filing data.) The code in this ZIP file performs the entire computational analysis beginning
with downloading the FASTQ files from the Sequence Read Archive. The ZIP file con-
tains a README file that explains the contents in detail. The actual analysis is performed
by the Jupyter notebook analysis_notebook. ipynb, Which includes embedded plots sum-
marizing key statistics and results. An HTML version of this notebook is also included as

Supplementary Data

File S8. (HTML version of the analysis notebook.) This file is an HTML rendering of
the Jupyter notebook in Supplementary Data[7] It contains detailed plots for all aspects of

the deep sequencing data and its analysis.

File S9. (The excess fraction surviving for each mutation for each antibody.) This
file is a ZIP of CSV files giving the numerical values plotted in the logo plots. These are
median excess fraction surviving taken first across replicates and then across antibody
concentrations. See Equation (3.2
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File S10. (The fraction surviving for each mutation for each antibody.) This file
differs from Supplementary Data[9only in that the values are not adjusted to be in excess
of the library average (e.g., they are from Equation rather than Equation 3.2).
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Appendix C
SUPPLEMENTARY MATERIAL FOR CHAPTER 4
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Figure C.1: Percent of viral library retaining infectivity after antibody treatment during mu-
tational antigenic profiling. The percent of the mutant virus library that remained infectious after
incubation with antibody was determined using gPCR for each replicate of the mutational antigenic
profiling. Higher antibody concentrations generally lead to larger values of the immune selection
measured in the mutational antigenic profiling.
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Figure C.2: Biological replicates of the mutational antigenic profiling are well correlated. For
each antibody, we performed two or three biological replicates of the mutational antigenic profiling.
Each replicate used a fully independently generated mutant library. (A) Maps of mutations selected
by each antibody with each replicate viral mutant library (“lib1”, “lib2”, or “ib3”). These plots
are replicate-to-replicate breakdowns of those in Figure [4.2A,C except that the logo plots are
colored by the physicochemical properties of amino acids rather than using the color scheme in
the main figure. Note that Figure [4.2A,C displays the median of the replicates shown here. (B)
The Pearson correlation coefficients of the total immune selection at each site (height of the letter
stack) computed over all sites for each pair of replicates. (C), (D) are like (A) and (B) but for the
antibodies targeting lower on the HA head.
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Figure C.3: Percent of viral library retaining infectivity after serum treatment during muta-
tional antigenic profiling. The percent of the mutant virus library that remained infectious after
incubation with serum was determined using qPCR for each replicate of the mutational antigenic
profiling. Higher serum concentrations generally lead to larger values of the immune selection
measured in the mutational antigenic profiling.
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Figure C.4: Biological replicates of the mutational antigenic profiling are well correlated. For
each serum, we performed three biological replicates of the mutational antigenic profiling. Each
replicate used a fully independently generated mutant library. (A) Maps of mutations selected
by each serum with each replicate viral mutant library (“lib1”, “lib2”, or “lib3”). These plots are
replicate-to-replicate breakdowns of those in Figure [4.3]A,B except that the logo plots are colored
by the physicochemical properties of amino acids rather than using the color scheme in the main
figure. Note that Figure displays the median of the replicates shown here. Site 189 is not
shown in the logo plots here since it is not a strongly selected mutation for any of the human serum
samples in this figure, and is shown in the main Figure [4.3B simply for comparative purposes with
the ferret sera. The serum sample labeled “2009 age 53 plus 2 months” is that described in
Figure (B) The Pearson correlation coefficients of the total immune selection at each site
(height of the letter stack) computed over all sites for each pair of replicates.
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Figure C.5: Percent of viral library retaining infectivity after serum treatment during muta-
tional antigenic profiling. The percent of the mutant virus library that remained infectious after
incubation with serum was determined using qPCR for each replicate of the mutational antigenic
profiling. Higher serum concentrations generally lead to larger values of the immune selection
measured in the mutational antigenic profiling.
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Figure C.6: Biological replicates of the mutational antigenic profiling are well correlated. For
each serum, we performed three biological replicates of the mutational antigenic profiling. Each
replicate used a fully independently generated mutant library. Shown are the Pearson correlation
coefficients of the total immune selection at each site (positive site differential selection) computed
over all sites for each pair of replicates. The full replicate-by-replicate maps are in Figure @A
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Figure C.7: Percent of viral library retaining infectivity after serum treatment during muta-
tional antigenic profiling. The percent of the mutant virus library that remained infectious after
incubation with serum was determined using qPCR for each replicate of the mutational antigenic
profiling. Higher serum concentrations generally lead to larger values of the immune selection
measured in the mutational antigenic profiling. For the pre-vaccination samples from the 48- and
49-year old individuals, we were unable to achieve a concentration that reduced the infectivity of
the viral libraries to <10% because these sera were not very potent (Figure 4.9B).
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Figure C.8: Biological replicates of the mutational antigenic profiling are well correlated.
For each serum, we performed three biological replicates of the mutational antigenic profiling.
Each replicate used a fully independently generated mutant library. (A) Maps of mutations se-
lected by each serum with each replicate viral mutant library (“lib1”, “lib2”, or “ib3”). These plots
are replicate-to-replicate breakdowns of those in Figure [4.5A except that the logo plots are colored
by the physicochemical properties of amino acids rather than using the color scheme in the main
figure. Note that Figure displays the median of the replicates shown here. (B) The Pear-
son correlation coefficients of the total immune selection at each site (height of the letter stack)
computed over all sites for each pair of replicates.
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Figure C.9: Percent of viral library retaining infectivity after serum treatment during muta-
tional antigenic profiling. The percent of the mutant virus library that remained infectious after
incubation with serum was determined using qPCR for each replicate of the mutational antigenic
profiling. Higher serum concentrations generally lead to larger values of the immune selection
measured in the mutational antigenic profiling. For the pre-infection samples, we were unable to
achieve a concentration that reduced the infectivity of the viral libraries to <10% because these
sera do not neutralize the virus (Figure [4.6B).
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Figure C.10: Biological replicates of the mutational antigenic profiling are well correlated.
For each serum, we performed three biological replicates of the mutational antigenic profiling.
Each replicate used a fully independently generated mutant library. (A) Maps of mutations se-
lected by each serum with each replicate viral mutant library (“lib1”, “lib2”, or “lib3”). These plots
are replicate-to-replicate breakdowns of those in Figure except that the logo plots are col-
ored by the physicochemical properties of amino acids rather than using the color scheme in the
main figure. Note that Figure displays the median of the replicates shown here. (B) The
Pearson correlation coefficients of the total immune selection at each site (height of the letter
stack) computed over all sites for each pair of replicates. Note that the correlations are low for the
pre-infection sera as these sera do not neutralize the virus and so do not consistently select any
antigenic mutations.



145

libl

lib2

lib3

antibody alone
serum + antibody

® serum alone

>
=
>
‘5 204
9]
()
w“
=
€
o 104
2 5.6 5.6 5.6
5.2 5.2 5.2 . . .
8 [ ] e [ ] ® [ ] o
1.8 1.8 1.8
® [ ] ®
04
low mid high low mid high low mid high

concentration of spiked-in antibody

Figure C.11:  Percent of viral library retaining infectivity after treatment with each
serum+antibody mix. The percent of the mutant virus library that remained infectious after incu-
bation with serum and/or antibody was determined using qPCR for each replicate of the mutational
antigenic profiling. The blue points show the actual percent infectivity for each experiment in Fig-
ure that used a mix of serum and antibody. The green points show the actual percent infec-
tivity for the serum-alone selection in Figure [4.7A; in the serum-antibody mix selections the serum
was at the same concentrations that gave these percent infectivities. The orange points show the
percent infectivity measured at each antibody concentration used in the serum-antibody mix se-
lections; the antibody concentrations used to generate the antibody-alone selection in Figure [4.7A

are those shown in Figure[C.1]
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Supplemental Files

Descriptions of each file are shown below. Files will be made available upon publication.

File S11. The curve fit parameters for all neutralization curves shown in the figures.
The IC50 values are not extrapolated, and so are shown as upper or lower bounds if
they fall outside the range of the measurements. For sera, the IC50s are the serum
dilution; for antibodies they are the antibody concentration in pug/ml.  This CSV file
is also available at https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA/

blob/master/results/neutralization_assays/neut_assay_figs_fit_params.csv.

File S12. The serum dilution or antibody concentration used for each replicate of the
mutational antigenic profiling. For sera, the values indicate the dilution of serum. For
antibodies, they are the concentration in ug/ml.  For serum / antibody mixes, they
are the dilution of serum followed by the antibody concentration in pug/ml.  These
dilutions / concentrations were chosen to give the desired percent of viral infectiv-
ity remaining for the libraries after treatment (see Dataset S [13). This CSV file
is also available at https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA/

blob/master/results/selection_tables/serum_dilution_table.csv.

File S13. The percent of the overall viral library that retained infectivity after incubation
with serum or antibody. This CSV file is also at https://github.com/jbloomlab/
map_flu_serum_Perth2009_H3_HA/blob/master/results/selection_tables/percent_

infectivity_table.csvl

File S14. HTML rendering of Jupyter notebook that analyzes the mutant virus libraries
generated by reverse genetics. The Jupyter notebook is also available on GitHub at

https://github.com/jbloomlab/Perth2009-reversegen-DMS.


https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA/blob/master/results/neutralization_assays/neut_assay_figs_fit_params.csv
https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA/blob/master/results/neutralization_assays/neut_assay_figs_fit_params.csv
https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA/blob/master/results/selection_tables/serum_dilution_table.csv
https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA/blob/master/results/selection_tables/serum_dilution_table.csv
https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA/blob/master/results/selection_tables/percent_infectivity_table.csv
https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA/blob/master/results/selection_tables/percent_infectivity_table.csv
https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA/blob/master/results/selection_tables/percent_infectivity_table.csv
https://github.com/jbloomlab/Perth2009-reversegen-DMS
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File S15. A GenBank file providing the full sequence of the protein expression plas-
mid pHAGE2-EF1alnt-TCmut-P09-HA, which encodes for the wildtype Perth/2009 HA se-

guence.

File S16. Numerical values of the differential selection (immune selection) values for
each amino-acid at each site after taking the median across replicates. These are the
values plotted in the line and logo plots in the main figures. This tidy-format CSV file
is also available at https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA/

blob/master/results/avgdiffsel/avg_sel_tidy.csv.

File S17. Logo plots of the positive differential selection for all sites in HA for each serum
and antibody selection. The main figures in this paper just zoom in on the key sites of
selection. These PDFs are also available at https://github.com/jbloomlab/map_flu_

serum_Perth2009_H3_HA/tree/master/results/avgdiffsel/full_logo_plots.
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