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Influenza virus is a rapidly evolving threat to public health. Influenza evolves through

point mutations, so knowing the effects of all amino-acid mutations on the ability of the

virus to withstand various selective pressures reveals the evolutionary paths accessible

to the virus. There are approximately 10,000 different amino-acid mutations that can be

made to the average influenza gene, but accurately predicting the effects of any one muta-

tion is difficult. However, new methods leveraging the latest technologies in mutagenesis

and high-throughput DNA sequencing have made it possible to measure the effects of all

possible mutations to an influenza gene. This approach involves introducing all codon mu-

tations to an influenza gene, reconstituting mutant virus libraries carrying these mutations

and the corresponding protein variants, imposing selective pressure on the mutant virus

libraries, and using accurate deep sequencing methods to quantify the frequencies of all

mutations before and after selection. The effect of each mutation can then be computed

from the change in mutation frequency during selection, where beneficial mutations will

increase in frequency and deleterious mutations decrease in frequency. Here I describe

several applications of this approach to comprehensively measure the effects of muta-

tions within two influenza genes. First, I examine the extent that mutational effects shift

during the course of protein evolution by measuring mutational effects to two homologs

of influenza nucleoprotein separated by over thirty years of evolution. Although there are



a few protein sites with strong shifts in which amino acids are preferred, the effects of

mutations at most sites are conserved across these homologs. The mutational effects

measured in these two human influenza nucleoprotein homologs accurately describe the

evolution of more distant influenza viruses infecting pigs, horses, and birds, demonstrating

the feasibility of using measurements on one virus strain to model the evolution of more

distantly related strains. Next, I describe technical improvements to the process of gener-

ating and selecting comprehensive mutant virus libraries of influenza hemagglutinin that

yield more accurate and reproducible measurements of mutational effects than previously

possible. Finally, I extend this approach to comprehensively map all mutations in hemag-

glutinin that enable the virus to escape from neutralizing antibodies. These results reveal

the striking mutation-level idiosyncrasy of antibody escape: at most epitope sites only a

subset of mutations confer escape to a given antibody, and similar antibodies targeting the

same antigenic site elicit distinct profiles of escape mutations. Collectively, these studies

enhance our understanding of influenza evolution and immune evasion and expand our

ability to comprehensively map the evolutionary potential of viruses.
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Chapter 1

INTRODUCTION

In The Library of Babel, Jorge Luis Borges describes an imaginary universe as a

library filled with every possible book containing a specified number of pages, with a

specified number of lines of text per page, in which each line of text is comprised of a

set number of characters from a defined alphabet [20]. Borges wrote this short story

in 1941, but had he written it after the birth of molecular biology and our discovery of

the basic workings of the genetic code, he may have explored the concept of biological

sequence space [119, 38, 4] instead of the literary sequence space he contemplates.

Indeed, Borges invokes a metaphor for the biological sequence space of point-mutants,

informing the reader that for every book in the library, “there are always several hundred

thousand imperfect facsimiles: works which differ only in a letter or a comma” [20]. This

sub-library of imperfect facsimiles is reminiscent of the viral quasispecies [80] of rapidly-

evolving RNA viruses, such as influenza virus. In this dissertation I will describe the

construction and analysis of the virological equivalents of Borges’ sub-libraries of “several

hundred thousand imperfect facsimiles”: libraries of mutant viruses sampling all amino-

acid mutations in a viral gene, which can be used to measure inherent mutational tol-

erance, comprehensive antibody escape mutation repertoires, and in theory, a compre-

hensive sequence-function map for any viral phenotype that can be selected for in the

laboratory.

Influenza virus is a rapidly evolving threat to public health. Influenza virus circu-

lates globally, causing approximately three to five million cases of severe illness in each
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annual epidemic, resulting in approximately 250,000 to 500,000 deaths [95]. The error-

prone influenza RNA polymerase introduces up to three mutations per viral genome per

replication cycle [98, 99], continually providing new mutants upon which complex selec-

tion pressures act [9]. One important consequence of this rapid evolution is that it allows

the virus to escape from immune responses in a process termed “antigenic drift”, which

can render seasonal influenza vaccines ineffective after several years. This necessitates

the selection of new vaccine strains based on predictions of which viral strains will pre-

dominate in future seasons and how mutations in these strains might affect recognition by

the immune system.

Various forces drive and constrain influenza evolution. New mutations can be neu-

tral with respect to the fitness of the virus if they have little or no effect on the ability of

the virus to replicate, or they can be beneficial or deleterious to varying degrees. Each of

the eight influenza genes encode at least one viral protein, and collectively these proteins

carry out the viral replication cycle. For example, the hemagglutinin protein on the surface

of the virus is responsible for binding to host cell receptors and fusing the viral and host

membranes, and mutations that interfere with these important functions can be detrimen-

tal to viral fitness. In addition to mutations disrupting specific functions of viral proteins,

many mutations will be incompatible with viral replication because they will render the pro-

teins misfolded or unstable. These various types of deleterious mutations, in the absence

of compensatory mutations, are expected to be evolutionary “dead ends”, representing in-

herent constraints on which mutations are tolerated during evolution. On the other hand,

some mutations will be beneficial for the virus, providing increased viral fitness in the face

of some selective pressure: antigenic mutations that abrogate the ability of antibodies to

neutralize the virus are one example. It is important to note that the genetic context of

the virus in which a mutation appears can modulate the effect of the mutation on protein

stability or function, and consequently viral fitness [56, 133], and so mutations that are

“dead ends” in one viral strain might not necessarily be deleterious when they appear in
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a different viral strain. The fact that mutational effects might differ between a particular

strain assayed in the lab and another strain circulating in nature can complicate efforts to

extrapolate experimental measurements to circulating viruses. There are many anecdotal

examples of mutations that exhibit such epistasis, but it is unknown how frequently and to

what magnitude the effects of mutations might change with sequence context throughout

an entire protein - a question that can be answered only by comprehensively mapping the

effects of mutations to two homologs of the same protein.

It is difficult to accurately predict the effects of the vast number of possible mu-

tations. The average influenza gene has a length of approximately 500 residues, to

which there are approximately 10,000 possible single amino-acid mutations. A priori, it is

nearly impossible to accurately predict the consequences of these mutations in the face of

the various drivers and constraints on influenza evolution, complicating efforts to predict

which emerging strains will dominate in future seasons based on accumulated mutations.

Even one of the most sophisticated predictive models for influenza evolution makes the

unrealistic assumption that all mutations to influenza hemagglutinin are deleterious un-

less they occur in an area of the protein believed to be targeted by antibodies [86]. This

is not a flaw in the model; instead, it is a reflection of the fact that the effects of any of the

tens of thousands of possible mutations appearing during an influenza season are diffi-

cult to predict without the guidance of real experimental data. More accurate inferences

of the evolutionary potential of circulating viral strains will greatly benefit from advances in

experimental approaches capable of examining all possible mutations.

New experimental approaches can be used to comprehensively map the effects of

viral mutations. The development of several new technologies in recent years has en-

abled a new style of high-throughput genetics in which the effects of tens of thousands of

different mutations can be measured simultaneously in a single experiment, an approach

I will refer to generally as “deep mutational scanning” throughout this dissertation [49, 52].
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As applied to influenza virus, this experimental approach leverages the latest technolo-

gies in DNA synthesis and mutagenesis to create libraries of mutant genes, which are

incorporated into viruses such that in the resulting mutant virus library each virus carries

one (or several) of the many possible mutations in the viral gene of interest. The mutant

virus libraries are then subjected to a selection step in which beneficial mutations lead to

increased viral replication and deleterious mutations lead to decreased viral replication.

Deep sequencing of the mutant pools before and after the selection step is then used to

accurately measure changes in the frequency of all of the mutants assayed, and these

measurements are used to infer the effects of each individual mutation in the context of

the selective pressure used in the experiment (Figure 1.1). We interpret the results from

these deep mutational scanning experiments as site-specific amino-acid preferences. At

each residue in a protein, there are twenty possible amino acids. We define a preference

for each of the twenty amino-acids at each residue based on the mutational scanning

data, where deleterious amino-acid mutations receive smaller preferences and beneficial

amino-acids receive larger preferences.

Faithfully recreating the selective pressures in nature is impossible in the lab, but as a

first approximation, one can select for viral replication in cell culture. There are obvious

caveats to this strategy. For instance, this type of experiment fails to consider important

drivers of natural viral evolution such as adaptive immunity, so are the measurements

of mutation effects made in cell culture actually concordant with the effects of mutations

during natural influenza transmission?

Recent work has used the effects of mutations on viral replication measured by deep

mutational scanning in cell culture to build models of protein evolution that reflect the

unique site-specific amino-acid preferences for each site in the protein. This is in contrast

with standard evolutionary models that are not site-specific, and assume that each site

will evolve to reflect a uniform preference for all twenty of the amino acids. Site-specific

models informed by deep mutational scanning of influenza virus outperform the standard

models [123, 15], demonstrating that the evolutionary constraints measured with deep
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Figure 1.1: Schematic of deep mutational scanning of influenza virus and site-specific
amino-acid preferences. Saturation codon mutagenesis introduces all possible codon mutations
at all codon sites in an influenza gene on an influenza reverse genetics plasmid backbone to create
a plasmid mutant library. Mutant viruses carrying these mutant genes and the corresponding
protein variants are grown in cell culture and selected for viral replication. High-throughput DNA
sequencing quantifies the frequencies of every mutation before and after selection. The relative
enrichment or depletion of each amino-acid variant at each site in the protein is visualized as
a stack of amino-acid preferences for the site, with the height of each letter proportional to the
preference for that amino-acid. Mutations to highly preferred amino acids will increase in frequency
during viral replication, and mutations to lowly preferred amino acids will decrease. Throughout
this dissertation, amino acids are colored by physiochemical properties of the amino-acid side
chain: hydrophobic (V, L, I, M, P) are green, nucleophilic (S, T, C) are orange, small (A, G) are
pink, aromatic (F, Y, W) are brown, amide (N, Q) are purple, positively-charged (H, K, R) are red,
and negatively-charged (D, E) are blue.

mutational scanning in the laboratory are largely reflective of the constraints during natural

virus evolution. However, the degree to which these constraints are constant over evolu-

tionary timescales is not known, and comprehensively measuring the effects of mutations

in the context of immune pressure (e.g., neutralizing antibody) has not been feasible prior

to my work.

The influenza virus nucleoprotein and hemagglutinin. In the following chapters I will

describe several lines of work based on the application of deep mutational scanning to two

influenza virus genes: nucleoprotein (NP) and hemagglutinin (HA), both of which perform

multiple conserved functions essential to the virus lifecycle.

NP encapsidates the viral RNA, and along with the viral polymerase proteins PA, PB1,
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and PB2, forms a viral ribonucleoprotein complex for each of the eight genome segments.

During viral infection of a host cell, NP is expressed at high levels and is required for the

transcription, replication, and trafficking of the viral ribonucleoprotein complexes [43], and

the 3-D structure of NP is well conserved over divergent homologs [36, 138].

HA is the virus’s most abundant surface protein, forming homotrimers on the viral sur-

face responsible for both binding to host cell receptors and fusion of viral and endosomal

membranes [130]. The structure of HA is also well conserved over divergent influenza

virus types [114]; this consists of a fusion domain within the membrane-proximal region of

HA (commonly referred to as the stalk or stem), and a membrane-distal receptor-binding

domain (commonly referred to as the globular head) (Figure 1.2 A).

Most neutralizing antibodies against HA are directed against the globular head do-

main. These antigenic sites in HA were originally defined through repetitive selections of

individual, de-novo escape mutants from wild-type stocks of virus with murine monoclonal

antibodies (Figure 1.2 B) [53, 23]. These experiments uncovered five antigenic regions

in the globular head domain of HA, each comprised of a handful of sites. However, for

any given antibody used in the experiments, only a handful of escape mutations were

identified, since the experiments were not exhaustive. To date there are no methods for

completely mapping escape mutations from an antibody, so for any given antibody, it is

difficult to accurately predict if a mutation in or near one of the classically defined antigenic

sites actually confers escape from the antibody.

Layout of this dissertation. One potential concern about the applicability of deep mu-

tational scanning data is that the effects of mutations measured in one viral strain in the

laboratory might be different than the effects of the same mutations in other viral strains

due to changes in the underlying genetic sequence. Many examples of this type of epis-

tasis have been observed in the study of the evolution of various proteins, but prior to my

work, no studies have measured how prevalent this phenomenon is within a protein by

comprehensively measuring the effects of all mutations to two protein homologs. To what
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Figure 1.2: Structure, function, and classic antigenic characterization of HA. (A) Conserved
domain structure of HA. The receptor-binding domain and vestigial esterase domain comprise the
globular head domain; the fusion domain (also referred to as the stalk region) is comprised of por-
tions of both the N-terminal (purple) and C-terminal (red) regions of HA; the C-terminal transmem-
brane and intracellular domains are not resolved in the structure. The receptor-binding domain is
inserted into a surface loop of the vestigial esterase domain, and the vestigial esterase domain is
inserted into a surface loop of the fusion domain. In distant homologs of hemagglutinin, such as
the influenza C hemagglutinin-esterase-fusion protein, the esterase domain is functional and enzy-
matically destroys the receptor; in influenza A and B this function is served by the neuraminidase
protein [114]. (B) Classical antigenic mapping of HA was performed by selecting escape mutant
viruses with a panel of monoclonal antibodies. Sites where escape mutations were identified are
colored by antigenic region (Sa: green, Sb: purple, Ca1: blue, Ca2: red, Cb: orange) [53, 23].

extent do site-specific amino-acid preferences change as a protein’s sequence evolves?

To what extent do these evolutionary constraints measured in one viral strain describe

the evolution of more distantly-related viruses? This is the focus of Chapter 2, where, in

a collaboration with Bloom Lab postdoctoral fellow Orr Ashenberg, I develop a statistical

framework for comparing the site-specific amino-acid preferences measured by deep mu-
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tational scans of the influenza NP from two human influenza strains: the PR/1934(H1N1)

NP and the Aichi/1968(H3N2) NP. This work is the first comparative study of the effects of

all amino-acid mutations to two homologous proteins.

We find that the effects of mutations to NP are conserved among most of the sites

the protein, although we also identify a few sites with large shifts in their amino-acid pref-

erences. Using the amino-acid preferences as substitution models for evolutionary anal-

ysis, we show that the data from either homolog can accurately describe the evolution

of NP from a wide range of influenza viruses infecting humans, pigs, horses, and birds.

Strikingly, when we average the amino-acid preferences from the two homologs in our

experiments, we achieve the best evolutionary model for all of these influenza viruses,

likely through a combination of averaging over experimental noise at some sites and cap-

turing the changes in preferences at a few sites. While performing these analyses, the

importance of accounting for the substantial amount of experimental noise between repli-

cate deep mutational scanning experiments became clear, underscoring the need for an

improved approach with less variability between identical experiments.

Motivated by this need to improve the reproducibility of deep mutational scanning of

influenza, in Chapter 3 I describe technical improvements to the generation of influenza

mutant HA virus libraries, their selection for function, and accurate deep sequencing. The

largest improvement comes from the use of a “helper virus” lacking the HA gene to more

efficiently generate viruses carrying mutant HA genes. These improvements provide more

accurate and reproducible measurements of the effects of mutations to HA, strengthening

the conclusions from a previous deep mutational scan on HA made by previous Bloom

Lab postdoctoral fellow Bargavi Thyagarajan [123] that antigenic sites in the head domain

of HA are more tolerant of mutations than the rest of the protein. A separate question is

whether the sites in the stalk region of HA, where rare broadly neutralizing antibodies bind,

are conserved in natural evolution because they are intolerant of mutations, or because

they aren’t under strong immune pressure. I show that antibody epitopes in this stalk

region of HA are inherently less tolerant to mutation than the rest of the protein.



9

The work in Chapters 2 and 3 is solely based on measuring the effects of mutations

during selection for viral replication in cell culture. Obviously, this fails to capture other

relevant selective pressures on influenza, one of which is the presence of neutralizing

antibodies targeting HA. In Chapter 4, I develop a new experimental approach that uses

the mutant HA libraries described in Chapter 3, which carry all tolerated mutations to

HA, to completely map the mutational potential for escape from neutralizing antibodies.

The technique, which I refer to as “mutational antigenic profiling”, identifies all tolerated

mutations conferring strong escape from a neutralizing antibody. In contrast to existing

high-throughput approaches to identifying antibody epitopes, mutational antigenic profil-

ing identifies all amino-acid mutations that confer escape from neutralization in the context

of authentically-displayed hemagglutinin on the surface of infectious influenza virus. I ap-

ply this to mapping escape mutations for four monoclonal antibodies and observe striking

mutation-specific effects at sites targeted by each antibody. At many of these so-called

‘antigenic sites’ within the epitope of each antibody, only a handful of the possible muta-

tions actually confer escape, and a common site targeted by two similar antibodies exhibits

a unique mutational profile of escape for each, underscoring the complexities involved in

predicting the antigenic consequences of mutations in antigenic sites.
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Chapter 2

SITE-SPECIFIC AMINO-ACID PREFERENCES ARE MOSTLY
CONSERVED IN TWO CLOSELY RELATED PROTEIN HOMOLOGS

A version of this chapter has been previously published as:

Michael B Doud, Orr Ashenberg, and Jesse D Bloom. Site-specific amino-acid pref-

erences are mostly conserved in two closely related protein homologs. Molecular Biology

and Evolution, 32 (11): 2944-2960 (2015).

Bold face indicates equal contributors.

Orr Ashenberg, Jesse Bloom, and I performed the experimental work. I developed sta-

tistical methods to compare deep mutational scanning datasets between homologs with

contributions from Orr Ashenberg and Jesse Bloom. Orr Ashenberg performed phyloge-

netic analyses. Orr Ashenberg, Jesse Bloom, and I wrote the manuscript.
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2.1 Abstract

Evolution drives changes in a protein’s sequence over time. The extent to which these

changes in sequence lead to shifts in the underlying preference for each amino acid at

each site is an important question with implications for comparative sequence-analysis

methods such as molecular phylogenetics. To quantify the extent that site-specific amino-

acid preferences shift during evolution, we performed deep mutational scanning on two

homologs of human influenza nucleoprotein with 94% amino-acid identity. We found that

only a modest fraction of sites exhibited shifts in amino-acid preferences that exceeded the

noise in our experiments. Furthermore, even among sites that did exhibit detectable shifts,

the magnitude tended to be small relative to differences between non-homologous pro-

teins. Given the limited change in amino-acid preferences between these close homologs,

we tested whether our measurements could inform site-specific substitution models that

describe the evolution of nucleoproteins from more diverse influenza viruses. We found

that site-specific evolutionary models informed by our experiments greatly outperformed

non-site-specific alternatives in fitting phylogenies of nucleoproteins from human, swine,

equine, and avian influenza. Combining the experimental data from both homologs im-

proved phylogenetic fit, partly because measurements in multiple genetic contexts better

captured the evolutionary average of the amino-acid preferences for sites with shifting

preferences. Our results show that site-specific amino-acid preferences are sufficiently

conserved that measuring mutational effects in one protein provides information that can

improve quantitative evolutionary modeling of nearby homologs.

2.2 Background

Since the first comparative analyses of homologous proteins by Zuckerkandl and Paul-

ing [142] fifty years ago, it has been obvious that different sites in proteins evolve under

different constraints, with some sites substituting to a wide range of amino acids, while

others are constrained to one or a few identities. Zuckerkandl and Pauling [142] pro-
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posed, and decades of subsequent work have confirmed [39, 61], that these constraints

arise from the highly cooperative interactions among sites that shape important protein

properties such as stability, folding kinetics, and biochemical function.

The complexity and among-sites cooperativity of these evolutionary constraints mean

that a mutation at a single site can in principle shift the amino-acid preferences of any

other site – and numerous experiments have demonstrated examples of such epistasis

among sites [129, 96, 34, 87, 56, 92, 101]. However, experiments have also shown that

despite such epistasis, the amino-acid preferences of many sites are similar across ho-

mologs [111, 5, 116]. For instance, protein structures themselves are highly conserved

during evolution [27, 115], and sites in specific structural contexts often have strong

propensities for certain amino acids [28, 110, 85]. Furthermore, many of the most suc-

cessful methods for identifying distant homologs (e.g. PSI-BLAST) utilize site-specific scor-

ing models [66, 2], implying that amino-acid preferences are at least somewhat conserved

even among homologs with low sequence identity.

A half-century of work has therefore made it abundantly clear that site-specific amino-

acid preferences can in principle shift arbitrarily during evolution, but nonetheless in prac-

tice remain somewhat conserved among homologs. The important remaining question is

the extent to which site-specific amino-acid preferences are conserved versus shifted.

This question is especially important for the development of quantitative evolutionary

models for tasks such as phylogenetic inference. Initially, phylogenetic models unreal-

istically assumed that sites within proteins evolved both independently and under iden-

tical constraints. But more recent models have relaxed the second assumption that

sites evolve identically. At first, this relaxation only allowed sites to evolve at different

rates [136]. But newer models also accommodate variation in the amino-acid prefer-

ences among sites, either by treating these preferences as parameters of the substitution

model [79, 82, 127, 113] or by leveraging their direct measurement by high-throughput

experiments [15, 16]. Because these models retain the assumption of independence

among sites, they will outperform traditional non-site-specific models only if site-specific
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amino-acid preferences are substantially conserved among homologs.

Here we perform the first experimental quantification of the conservation of the amino-

acid preferences at all sites in two homologous proteins. We do this by using deep mu-

tational scanning [48, 49] to comprehensively measure the effects of all mutations to two

homologs of influenza nucleoprotein (NP) with 94% sequence identity. We find that the

amino-acid preferences are substantially conserved at most sites in the homologs, but

some sites have significant shifts in preferences. We then test whether the experimen-

tally measured site-specific amino-acid preferences can inform site-specific phylogenetic

substitution models that describe the evolution of more diverged NP homologs. We find

that the experimentally informed site-specific substitution models exhibit improved fit to

NP phylogenies containing diverged sequences from human, swine, equine, and avian

influenza lineages. Overall, our work shows that site-specific amino-acid preferences are

sufficiently conserved that measurements on one homolog can be used to improve the

quantitative evolutionary modeling of closely related homologs.

2.3 Results

2.3.1 Comparison of amino-acid preferences between two homologs

Deep mutational scanning of two influenza NP homologs. Our studies focused on

NP from influenza A virus. NP performs several conserved functions that are essential

for the viral life cycle, including encapsidation of viral RNA into ribonucleoprotein com-

plexes for transcription, viral-genome replication, and viral-genome trafficking [43]. NP’s

structure is highly conserved in all characterized influenza strains [138, 36]. Our studies

compared the site-specific amino-acid preferences of NP homologs from two human in-

fluenza strains, PR/1934 (H1N1) and Aichi/1968 (H3N2) (Figure 2.1). These NPs have

diverged by over 30 years of evolution, and differ at 30 of their 498 residues (94% protein

sequence identity).

We used our previously described approach for deep mutational scanning of influenza
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Figure 2.1: Phylogenetic tree of influenza NPs. The two homologs used in this work are labeled
on the human influenza lineage. A diverse set of sequences was collected by sampling across
years and hosts, and a maximum-likelihood tree was inferred using CodonPhyML [54] with the codon
substitution model of Goldman and Yang [55]. The tree was rooted using the avian clade as an
outgroup. The scale bar is in units of codon substitutions per site.

genes [15, 123] to measure the site-specific amino acid preferences of the PR/1934 and

Aichi/1968 NPs. Briefly, this approach involved using a PCR-based technique to cre-

ate mutant libraries of plasmids encoding NP genes with random codon mutations, using

reverse genetics to incorporate these mutant genes into influenza viruses, and then pas-

saging these viruses at low multiplicity of infection to select for viruses carrying functional

NP variants. Deep sequencing was used to count the occurrences of each mutation be-

fore and after selection, and the amino-acid preferences for each site were inferred from

these counts using dms tools [17] (Figure A.1, Figure A.2). Our mutagenesis randomized

497 of the 498 codons in NP (the N-terminal methionine was not mutagenized), and so

our libraries sampled all 497× 19 = 9, 443 amino-acid mutations at these sites. Our muta-

genesis introduced an average of about two codon mutations per gene, with the number

of mutations per gene following a roughly Poisson distribution (Figure A.4), and so the

effect of each mutation was assayed both alone and in the background of variants that
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contained one or more additional mutations.

Because deep mutational scanning is subject to substantial experimental noise, we

performed several full biological replicates for each NP homolog, beginning with inde-

pendent creation of the plasmid mutant library. In the current work, we performed three

replicates of deep mutational scanning on the PR/1934 NP and two replicates on the

Aichi/1968 NP. In a previous study [15] we performed eight replicates of deep mutational

scanning on Aichi/1968 NP. We will refer to these previous replicates of the Aichi/1968

NP deep mutational scanning as the previous study, and the two new replicates as the

current study. When not otherwise noted, we refer to the pooled data of all ten of these

replicates simply as Aichi/1968.

Amino-acid preferences are well correlated between homologs. For each homolog

we averaged the site-specific amino-acid preferences across all replicates and examined

the correlations of the preferences for each of the 20 amino acids at each of the 497

sites we mutagenized (all sites can be unambiguously aligned between homologs). The

mean preferences for the two NP homologs have a Pearson’s correlation coefficient of

0.78 (Figure 2.2A). In comparison, the correlation between the preferences measured

in the previous study and current study on the Aichi/1968 homolog is 0.83 (Figure 2.2B).

Therefore, the amino-acid preferences correlate nearly as well between the two homologs

as they do between different experiments on the same homolog. As expected, there is no

correlation between the preferences of the PR/1934 NP and a non-homologous protein

(hemagglutinin, HA) for which we have previously measured the site-specific amino-acid

preferences using the same approach as in this work [123] (Figure 2.2C).

We also asked if the site-specific amino-acid preferences from each replicate showed

the same pattern of correlation between homologs that we observed when comparing

mean preferences. We again found that correlation coefficients are just as high between

NP homologs as they are between replicate measurements on the same homolog, and

that there is no correlation between the preferences for NP and the non-homologous
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Figure 2.2: Site-specific amino-acid preferences correlate nearly as well between NP ho-
mologs as between replicate measurements on the same homolog. (A), (B) The correlation
between the mean of the preferences taken over all replicates on each NP homolog is nearly as
large as that between the preferences measured in the current study and previous study on the
Aichi/1968 NP. (C) However, there is no correlation between the preferences measured for NP and
the non-homologous protein HA. Each data point in (A)-(C) is the preference for one of the twenty
amino acids at one of the 497 sites in NP. R is the Pearson correlation coefficient. (D) The Pearson
correlations between the preferences measured in all pairs of individual replicates. Comparisons
between NP and HA were made based on position in primary sequence for sites 2 through 498.
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protein HA (Figure 2.2D). Overall, these results indicate that at the vast majority of sites,

any differences in the amino-acid preferences between NP homologs are smaller than the

noise in our experimental measurements, and vastly smaller than the differences between

non-homologous proteins.

Shifts in amino-acid preferences are small for most sites. The previous section

shows that any widespread shifts in site-specific amino-acid preferences are smaller than

the noise in our experiments. However, it remains possible that a subset of sites show

substantial shifts in their amino-acid preferences that are masked by examining all sites

together. We therefore performed an analysis to identify specific sites with shifted amino-

acid preferences between homologs.

This analysis needed to account for the fact that experimental noise induced variation

in the preferences measured in each replicate. Figure 2.3 shows replicate measurements

for both homologs at several sites in NP. At many sites, such as site 298, all replicate mea-

surements yielded highly reproducible amino-acid preferences both between and within

homologs. At many other sites, such as site 3, replicate measurements were quite vari-

able both between and within homologs, probably due to fairly weak selection at that site.

Some sites, like site 254, exhibited reproducible measurements within each homolog, and

the most preferred amino acid was the same in both homologs, but the tolerance for mu-

tations to other amino acids was distinct in each homolog. Finally, at a few sites, most

prominently site 470, replicate measurements were highly reproducible within each ho-

molog but clearly differed in which amino acid was most preferred between homologs.

We therefore developed a quantitative measure of the shift in preferences between ho-

mologs that accounts for this site-specific experimental noise.

We used the Jensen-Shannon distance metric (the square root of the Jensen-Shannon

divergence) to quantify the distance between the 20-dimensional vectors of amino-acid

preferences for each pair of replicate measurements at each site. This distance ranges

from zero (identical amino-acid preferences) to one (completely different amino-acid pref-
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Figure 2.3: Replicate measurements quantify the shift in amino-acid preferences between
homologs after correcting for experimental noise. The amino-acid preferences measured in
multiple replicates of deep mutational scanning of both homologs are shown for selected sites
ordered by the magnitude of preference change observed after correcting for site-specific noise.
RMSDbetween (the average difference between the two homologs) and RMSDwithin (the average
variation within replicates of each homolog) are shown to the right. RMSDcorrected is calculated
by subtracting RMSDwithin from RMSDbetween.

erences). To quantify experimental noise at a site, we calculated the root-mean-square

of the Jensen-Shannon distance for all pairwise comparisons among replicate measure-

ments on the same homolog, and termed this quantity RMSDwithin. Sites with large

RMSDwithin have high experimental noise. We defined an analogous statistic, RMSDbetween,

to quantify the distance in preferences between homologs by calculating the root-mean-

square of the Jensen-Shannon distance for all pairwise comparisons between replicates

of PR/1934 and replicates of Aichi/1968. Figure 2.3 shows the values of these statistics

for example sites.

The fact that we had data from two independent sets of experiments on the Aichi/1968

NP (the current study and previous study) enabled us to perform a control analysis by
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calculating RMSDbetween and RMSDwithin for the replicates from these two experiments.

As an additional control to gauge the extent of amino-acid preference differences between

non-homologous proteins, we also calculated RMSDbetween and RMSDwithin for our ex-

periments on Aichi/1968 NP and our previous study on HA (note that because NP and

HA are non-homologous, they cannot be meaningfully aligned, so this control comparison

simply pairs each site in NP with the corresponding residue number in HA).

The relationship between RMSDbetween (the observed difference between homologs)

and RMSDwithin (the observed variation in repeated measurements on the same ho-

molog) for all sites is shown for several different comparisons in Figure 2.4A-C. Sites

with low RMSDwithin exhibit highly reproducible measurements between replicate exper-

iments, whereas sites with higher values of RMSDwithin exhibit substantial experimental

noise, probably due to weak selection at that site. Sites with large RMSDbetween exhibit

amino-acid preference differences between homologs, but at each site some of this ob-

served variation is due to the site-specific experimental noise (quantified by RMSDwithin)

rather than a true difference between the homologs.

When comparing two independent experiments on the same NP (Figure 2.4A) or

comparing experiments on two homologs of NP (Figure 2.4B), the relationship between

RMSDbetween and RMSDwithin is approximately linear, indicating that the difference in

amino-acid preferences between homologs at a given site is usually comparable to the

experimental noise. Deviations from this linear relationship are more frequent in the com-

parison between PR/1934 and Aichi/1968 (Figure 2.4B) than in the comparison between

the two studies of Aichi/1968 (Figure 2.4A). These deviations mostly arise from sites that

have larger RMSDbetween than RMSDwithin, indicating that these sites have shifts in their

amino-acid preferences between homologs that exceed the experimental noise. These re-

sults comparing NP homologs are in stark contrast with the RMSDbetween and RMSDwithin

calculated when comparing NP to the non-homologous HA (Figure 2.4C), where the dif-

ference between proteins is almost always substantially greater than the experimental

noise.
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Figure 2.4: Identification of sites with shifts in amino-acid preferences. (A)-(C) Each plot
shows statistics calculated for a comparison between two groups of replicate experiments. Each
point represents a site in NP. RMSDwithin quantifies the average difference in amino-acid pref-
erences within each of the two groups (experimental noise), and RMSDbetween quantifies the
average difference in preferences between the two groups. Points above the y = x diagonal rep-
resent sites with preference changes between homologs greater than experimental noise. Sites in
the RNA-binding groove are in purple; sites that have different wild-type identities in PR/1934 and
Aichi/1968 are in green. (D)-(F) The actual distribution of RMSDcorrected values is shown in blue,
and the distribution of RMSDcorrected from data randomized between comparison groups is shown
in red. Comparisons are made between the two studies on Aichi/1968 (A, D), between Aichi/1968
and PR/1934 (B, E), and between Aichi/1968 and the non-homologous HA (C, F).

To quantify the extent of amino-acid preference shifts between the two homologs in a

way that corrects for the experimental noise, we defined another statistic, RMSDcorrected,

by subtracting RMSDwithin from RMSDbetween (Figure 2.3). Sites with shifts in amino-

acid preferences greater than the experimental noise have RMSDcorrected > 0. However,

we also expect many sites to have positive RMSDcorrected values due to statistical noise.

To determine the distribution of RMSDcorrected values expected due to such statistical
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noise alone under the null hypothesis that the amino-acid preferences are the same in

both groups being compared, we generated null distributions of RMSDcorrected using exact

randomization testing by shuffling which experimental replicates were assigned to which

NP homolog. For every possible shuffling of replicates, we computed RMSDcorrected at

every site and combined the results across all shufflings.

The distribution of RMSDcorrected obtained experimentally mostly overlaps the ran-

domized distribution of RMSDcorrected when comparing the two independent Aichi/1968

experiments (Figure 2.4D). This overlap is consistent with the hypothesis that the true

amino-acid preferences are the same in both experiments on the Aichi/1968 NP. In con-

trast, when comparing PR/1934 to Aichi/1968, some RMSDcorrected values are shifted in

the positive direction substantially beyond the null distribution (Figure 2.4E), indicating

larger differences in preferences at some sites than can be explained by experimental

noise alone. This shift in preferences is particularly notable for site 470, which has a

RMSDcorrected of 0.45 as illustrated in Figure 2.3. However, most sites still fall within the

null distribution when comparing the two NP homologs. In contrast, if NP is compared to

the non-homologous HA, the vast majority of sites exhibit differences in preferences that

vastly exceed the values expected under the null distribution (Figure 2.4F).

As an alternative approach to generating null distributions of RMSDcorrected, we per-

formed simulations of observed amino-acid preferences in each replicate under a model

where there are no differences in the underlying preferences between the two homologs,

but varying levels of noise for each experiment. We simulated amino-acid preferences

at each site by drawing from a Dirichlet distribution, which is well-suited for this purpose

because its support is a normalized vector of values, in this case corresponding to the

vector of amino-acid preferences at a site. Our null hypothesis is that the amino-acid pref-

erences are the same for both homologs, so we performed simulations assuming that the

true vector of amino-acid preferences at a site is equal to the average of our experimen-

tal measurements for both homologs. We simulated the amino-acid preferences for each

replicate by drawing from a Dirichlet distribution centered on this vector of assumed true
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preferences. The extent to which any given sample drawn from this Dirichlet distribution

differs from the true vector can be tuned with a single scaling parameter (the concentra-

tion parameter). We identified a value for the concentration parameter for each experi-

ment (Aichi/1968 current study, Aichi/1968 previous study, and PR/1934) that resulted in

correlation coefficients between replicates that matched those in the actual experiment.

We performed 1000 replicate simulations and combined the calculated RMSDcorrected val-

ues from all simulations to build the null distribution. The distributions of RMSDcorrected

obtained by simulation are in Figure A.5 and are similar to those obtained using exact

randomization testing.

Sites with clear shifts in amino-acid preferences. Using either of the two null distribu-

tions, we were able to identify specific sites with RMSDcorrected values significantly larger

than expected due to experimental noise alone. These are sites for which we can reject

the null hypothesis that there is no shift in amino-acid preferences. To control for multiple

hypothesis testing, we set a false discovery rate (proportion of rejected null hypotheses

expected to be falsely rejected) of 5%.

Using exact randomization as a null distribution, we could reject the null hypothesis

of no shift in amino-acid preference for 14 of the 497 sites. The simulated-data null dis-

tribution appeared to afford greater statistical power, and allowed us to reject the null

hypothesis of no shift in preference for 76 sites (the 14 identified by the exact random-

ization plus an additional 62). Many of these additional sites, however, exhibit shifts that

are small in magnitude; for instance, 30 of the additional 62 sites show a pattern similar

to that of site 254 (Figure 2.3), where the most preferred amino acid is unchanged, but

the tolerance for mutations to other residues is somewhat larger in one homolog than the

other.

Figure 2.4 provides a more visual way to gauge the magnitude of the shifts in amino-

acid preferences. If the preferences are completely conserved among homologs, the

actual distribution in Figure 2.4E should look roughly like that in Figure 2.4D. In contrast, if
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the preferences have completely shifted between homologs, the actual distribution should

look more like that in Figure 2.4F. As is clear from visual inspection, only a handful of

sites have amino-acid preferences that have shifted between the PR/1934 and Aichi/1968

homologs to be as different as is typical for pairs of sites from non-homologous proteins.

The rest of the sites either exhibit a more modest shift in preference (this is the case

for 14 or 76 sites depending on which null distribution is used) or no detectable shift in

preference.

An important question is whether there are common characteristics of sites with shifted

preferences. One reasonable hypothesis is that sites with wild-type amino-acid identities

that differ between the homologs are more likely to have experienced shifts in their amino-

acid preferences. Among the 14 sites identified as shifted by both null distributions, 5 have

different wild-type amino-acid identities in PR/1934 and Aichi/1968 (Figure 2.5A). There-

fore, of sites with variable amino-acid identity between the two homologs, 17% exhibit

clear shifts in preference identified by both null distributions, while only 2% of conserved

sites exhibit comparable shifts.

Having identified evolutionarily variable sites as enriched for the clearest shifts in

amino-acid preferences, we next looked at sites with other special structural or functional

properties. One group of functionally important sites are those that comprise the RNA-

binding groove of NP. These RNA-binding sites have low RMSDwithin (Figure 2.4A and

B), indicating below-average noise among replicates. RNA-binding sites also have low

RMSDcorrected (Figure 2.5B, Figure 2.6). These results are consistent with the expecta-

tion that RNA-binding sites in NP are under strong and conserved functional constraint,

since RNA binding is essential for viral genome packing, transcription, and replication.

We next hypothesized that sites in structural proximity to evolutionarily variable sites

may experience shifts in amino-acid preferences due to changes in the surrounding bio-

chemical environment. We identified sites directly contacting the evolutionarily variable

residues, and found that they do not have RMSDcorrected values that differ from other sites

(Figure 2.5B). Therefore, we are unable to identify any preferential tendency for substi-
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Figure 2.5: Evolutionarily variable sites are enriched for changes in amino-acid preference.
(A) Sites with shifts in amino-acid preferences were identified by RMSDcorrected values greater
than expected under a null model assuming no difference between homologs (false discovery
rate of 5% using a null model generated by exact randomization testing). Variable sites have
different wild-type residues in the two NP homologs. (B) The distributions of RMSDcorrected for
various groups of sites. The median is marked by a horizontal line, boxes extend from 25th to 75th
percentile, and whiskers extend to data points within 1.5 times the interquartile range. Outliers are
marked with crosses. Contacting variable sites are conserved sites with side-chain atoms within
4.5 Ångströms of a variable side-chain atom. RMSDcorrected distributions for each group of sites
are shown for two comparisons: one comparing two independent experiments on Aichi/1968, and
one comparing Aichi/1968 to PR/1934. P-values were determined using the Mann-Whitney U test
and adjusted using the Bonferroni correction.

tutions to drive shifts in amino-acid preference at other sites in direct contact with the

substituted residue.

The 14 sites with the clearest shifts in amino-acid preferences are distributed through-

out the surface of NP in the body, head, and tail loop domains (Figure 2.6). Six of the

14 sites are located in the flexible tail loop, which inserts into a neighboring monomer

during NP oligimerization. This suggestive clustering led us to test whether there was

a significant tendency for the 14 sites with clearest shifts in preferences to be spatially
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clustered in NP’s structure. We calculated the distance between sites as the minimum

distance between side chain atoms (using the alpha carbon for glycine). Eleven of the 14

sites with clearest shifts in preferences are resolved in the crystal structure, and of these

11 sites the median distance to the nearest neighbor among the 10 remaining sites is

5.8 Ångströms, which is significantly less than expected by chance for random selections

of 11 sites (10.8 Ångströms, p=0.028). Thus, the clearest shifts in preferences between

these two homologs occur in small clusters of proximal sites more often than in single

isolated sites. This pattern also holds when considering the 76 sites identified by the

simulation null distribution: among the 66 that are resolved in the crystal structure the me-

dian distance to the nearest neighbor is 4.5 Ångströms compared to a median distance

to nearest neighbor among random selections of 66 sites of 5.0 Ångströms (p = 0.021).

Therefore, sites with shifted preferences appear to cluster in NP’s structure, even if they

are not usually in direct physical contact with variable residues.

Figure 2.6: Magnitude of the shift in amino-acid preferences mapped on the NP structure.
RMSDcorrected values for each site are used to color space-filling models for the indicated sites
in the NP crystal structure [PDB ID 2IQH, chain C; 138]). Sites are shown as circles when in
regions that are not present in the crystal structure (dashed lines). Blue represents small shifts
in amino-acid preferences between PR/1934 and Aichi/1968; red represents large shifts. Variable
amino acid refers to sites where the wild-type residue differs between PR/1934 and Aichi/1968
NP. Largest preference changes refers to sites where the null hypothesis is rejected using exact
randomization testing with a false discovery rate of 5%.
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Overall, these results indicate that sites with evolutionarily variable amino-acid identity

are more likely than conserved sites to exhibit shifts in amino-acid preferences, and that

sites with shifted preferences tend to cluster in NP’s structure. However, the majority of

sites with variable identity do not exhibit large shifts in amino-acid preference, and overall,

only between 3% and 15% (depending on the method used to generate the null distribu-

tion) of sites in NP undergo shifts in amino-acid preferences that are sufficiently large to

justify rejecting the null hypothesis that the preferences are identical between homologs.

Importantly, statistical significance does not necessarily imply a large magnitude in effect

size – and indeed, with just a handful of exceptions (most prominently site 470), even

the shifted sites are vastly more similar in their preferences than typical pairs of sites in

non-homologous proteins.

2.3.2 Experimentally informed site-specific substitution models describe vast swaths of

nucleoprotein evolution

We next quantitatively assessed how well our experimentally measured amino-acid pref-

erences reflected the actual constraints on NP evolution. To do so, we used the amino-

acid preferences to inform site-specific phylogenetic substitution models. We have previ-

ously shown that substitution models informed by experimentally measured site-specific

amino-acid preferences greatly outperform common non-site-specific codon-substitution

models [15, 16, 123].

In the prior work, site-specific amino-acid preferences were experimentally measured

in a single sequence context. Here, we asked whether combining the preferences mea-

sured in the two different sequence contexts of Aichi/1968 and PR/1934 would more

accurately describe NP sequence evolution. Any improvement could be due to two ef-

fects: First, a combined substitution model might better reflect the evolutionary average

of the amino-acid preferences at sites with significant changes in preferences over time.

Second, combining data from multiple experiments should reduce noise and yield more
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accurate site-specific amino-acid preferences.

Combining deep mutational scanning datasets from nucleoprotein homologs im-

proves phylogenetic fit. To compare the performance of different substitution models,

we used a likelihood-based framework. We first built a maximum-likelihood tree for NP se-

quences from human influenza using CodonPhyML [54] with the codon-substitution model

of Goldman and Yang [55] (GY94) (Figure 2.1). We fixed this tree topology and used

HyPhy to optimize branch lengths and model parameters for each substitution model by

maximum likelihood. The relative fits of the substitution models were evaluated using the

Akaike information criterion (AIC) [107].

We tested experimentally informed substitution models derived from the Aichi/1968

and PR/1934 mutational scans either alone or in combination. The Aichi/1968 model used

amino-acid preferences averaged across the current study and the previous study. To

build a combined substitution model based on both NP homologs, we averaged the amino-

acid preferences for the Aichi/1968 and PR/1934 homologs (Aichi/1968 + PR/1934). Each

substitution model had five free parameters that were fit by maximum likelihood: four

nucleotide mutation rates and a stringency parameter β that accounts for the possibility of

a different strength of selection in natural sequence evolution compared to the mutational-

scanning experiments [16]. Importantly, the amino-acid preferences themselves are not

free parameters, as they are independently measured by experiments that do not utilize

information from the naturally occurring NP sequences.

As a comparison to the experimentally informed substitution models, we also tested

the non-site-specific GY94 model. Relative to the experimentally informed substitution

models, the GY94 model includes more free parameters including equilibrium codon fre-

quencies, a transition-transversion ratio, and parameters describing gamma distributions

of the nonsynonymous-synonymous ratio and substitution rate across sites [136, 137].

The Aichi/1968 and PR/1934 experimentally informed models described the human

NP phylogeny far better than the non-site-specific GY94 model (Table 2.1). Strikingly,
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combining amino-acid preferences from both NP homologs (Aichi/1968 + PR/1934) re-

sulted in a greatly improved substitution model (Table 2.1). For each experimentally in-

formed model, the stringency parameter β fit with value greater than 1 (average β = 2.5),

consistent with the idea that selection during natural evolution is more stringent than our

laboratory selection.

Table 2.1: Combining experimental data improves phylogenetic fit to NPs from human in-
fluenza. Substitution models are sorted by ∆AIC, and the corresponding log likelihoods, number
of free parameters, and values of optimized parameters are shown. Log likelihoods for each model
were calculated through maximum-likelihood optimization of branch lengths and model parame-
ters given the fixed tree topology of human NPs shown with blue lines in Figure 2.1. The only
parameters in the experimentally informed models are the four nucleotide mutation rates and the
stringency parameter β. The non-site-specific GY94 model [55] has nine empirical nucleotide
equilibrium frequencies [104], and optimized parameters describing the transition-transversion ra-
tio (κ), the gamma distribution of the nonsynonymous-synonymous ratio (ω) [137], and the gamma
distribution of substitution rates [136]. In the Aichi/1968 model, the preferences from current study
and previous study have been averaged.

model ∆AIC
log like-
lihood

parameters
(optimized

+ empirical) optimized parameters
Aichi/1968 + PR/1934 0.0 -4395.8 5 (5 + 0) RA→G = 4.6, RA→T = 0.8, RC→A =

1.4, RC→G = 0.1, β = 3.0
PR/1934 322.3 -4556.9 5 (5 + 0) RA→G = 4.9, RA→T = 0.8, RC→A =

1.4, RC→G = 0.1, β = 2.1
Aichi/1968 485.7 -4638.6 5 (5 + 0) RA→G = 4.8, RA→T = 0.7, RC→A =

1.4, RC→G = 0.1, β = 2.4
GY94, gamma ω,
gamma rates

2582.3 -5678.9 13 (4 + 9) κ = 6.2, ω shape = 0.1, mean ω =
0.1, rate shape = 2.4

Experimentally informed models also describe the evolution of more diverged non-

human influenza strains. Given the success of the experimentally informed substitu-

tion models in describing the human NP phylogeny, we asked whether these models could

be extended to more diverged NPs from non-human influenza strains. We expect these

models to exhibit good fit if the NP site-specific amino-acid preferences are mostly con-
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served across these viral strains. We examined NPs from influenza strains from three

hosts: swine, equine, and avian. The average protein-sequence identity between human

NPs and swine, equine, and avian NPs was 91%, 91%, and 93% respectively.

We built a phylogenetic tree of NPs of influenza viruses from human, swine, equine,

and avian hosts (Figure 2.1). As previously reported, the avian sequences could be

divided into western and eastern hemispheric clades, and the swine sequences con-

sisted of the North American Classical H1N1 clade and the more recent Eurasian H1N1

clade [131]. Using this tree, we performed a phylogenetic analysis similar to that described

above for human influenza NPs.

Again, the experimentally informed models greatly outperformed the non-site-specific

GY94 model, and combining the Aichi/1968 and PR/1934 models resulted in a far superior

model (Table 2.2). Since the amino-acid preferences were experimentally measured for

human NP, we wanted to ensure that this superior performance was not driven solely by

the human clade of the tree. We separately fit subtrees consisting only of swine, equine,

or avian NP sequences (Table A.1, Table A.2, Table A.3). Each subtree showed the same

trend as the full tree: the experimentally informed models were superior to the GY94

model, and combining data from the two NP homologs resulted in large improvements

in likelihood. Therefore, site-specific amino-acid preferences of NP are sufficiently con-

served across influenza A lineages that substitution models informed by deep mutational

scanning of human influenza NP homologs can be extended to the NPs of influenza from

other hosts.

Combining data from NP homologs improves phylogenetic fit to sites with shifted

preferences. The results above show that the experimentally informed substitution mod-

els improved phylogenetic fit relative to the non-site-specific model, and that combining

data from two NP homologs resulted in the best model. This increased performance when

combining data may come from more accurate measurement of amino-acid preferences

due to more replicates, or from averaging amino-acid preferences over multiple sequence
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Table 2.2: Combining experimental data improves phylogenetic fit to NPs from human,
swine, equine, and avian influenza. This table differs from Table 2.1 in that it fits the combined
tree of human, swine, equine, and avian NPs in Figure 2.1.

model ∆AIC
log like-
lihood

parameters
(optimized

+ empirical) optimized parameters
Aichi/1968 + PR/1934 0.0 -17507.9 5 (5 + 0) RA→G = 6.0, RA→T = 1.0, RC→A =

1.4, RC→G = 0.1, β = 2.7
PR/1934 700.2 -17858.0 5 (5 + 0) RA→G = 6.3, RA→T = 1.0, RC→A =

1.4, RC→G = 0.1, β = 2.1
Aichi/1968 1030.2 -18023.0 5 (5 + 0) RA→G = 6.2, RA→T = 0.9, RC→A =

1.4, RC→G = 0.1, β = 2.3
GY94, gamma ω,
gamma rates

1784.7 -18392.2 13 (4 + 9) κ = 6.9, ω shape = 0.3, mean ω =
0.1, rate shape = 3.1

contexts. To examine these possible explanations, we analyzed which sites in NP were

more accurately modeled when the Aichi/1968 and PR/1934 experimental models were

combined. This analysis was performed using the full phylogenetic tree of NP sequences

(Figure 2.1).

While fixing the branch lengths and model parameters to their maximum-likelihood

values for each model, we calculated for each site the difference in likelihoods (∆log-

likelihood) when the site was modeled using the combined Aichi/1968 + PR/1934 model

compared to using the Aichi/1968 model. We binned sites into quintiles of ∆log-likelihood.

Sites in the top quintile had the greatest increases in likelihood when the Aichi/1968 and

PR/1934 models were combined. Overall 67% of sites in NP had increased likelihoods

under the Aichi/1968 + PR/1934 model.

To determine whether these improved likelihoods came from lower noise in the com-

bined experimental model, we used the RMSDwithin statistic. Sites with greater vari-

ance in amino-acid preferences across experimental replicates have higher RMSDwithin

scores. We analyzed the distribution of the RMSDwithin scores for sites within each

quintile (Figure 2.7). The top and bottom quintiles did not have significantly different
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RMSDwithin distributions, indicating that sites prone to experimental noise contributed

both positively and negatively to the tree likelihood when experimental datasets were

combined. Thus, the improved modeling with the combined dataset was not chiefly due

to reduced experimental noise.

Figure 2.7: NP sites that are better described by combining data from both homologs have
shifted amino-acid preferences. The change in per-site likelihood in going from the Aichi/1968
model to the Aichi/1968 + PR/1934 model was plotted against the per-site RMSDwithin (A) or per-
site RMSDcorrected (B). Sites were ranked by ∆(log-likelihood), divided into quintiles, and the per-
site RMSDwithin or per-site RMSDcorrected for sites in each quintile was displayed as a box and
whisker plot. Outlier sites beyond the interquartile range are omitted. Quintiles are ordered left to
right from least improved likelihoods to most improved likelihoods under the combined model. The
median RMSDwithin or RMSDcorrected is shown as a horizontal, dashed line. Sites with the most
improved likelihoods did not have significantly higher variation in amino-acid preferences (high
RMSDwithin) across replicate measurements on the same homolog. However, these sites did
have significantly higher differences in amino-acid preferences between Aichi/1968 and PR/1934
(high RMSDcorrected).

Next, to determine whether the improved likelihoods were driven by sites with different

preferences between the two NP homologs, we used the RMSDcorrected statistic (Fig-

ure 2.7). If the improvements under the combined model came from sites with different

amino-acid preferences between Aichi/1968 and PR/1934, then we would expect that the

sites with the greatest increases in likelihood would also have the greatest RMSDcorrected

values. This was indeed the case, as sites in the top quintile of log-likelihoods had the
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highest median RMSDcorrected. The RMSDcorrected scores in the top quintile were signifi-

cantly different from those in the lower quintiles (Mann-Whitney U with Bonferroni correc-

tion p<0.002), whereas there were no significant differences in the RMSDcorrected scores

when comparing the lower quintiles. Therefore, improvements in the combined model

were partly due to better describing those sites that had the largest shifts in amino-acid

preferences over evolutionary time.

2.4 Discussion

Determining the extent to which site-specific amino-acid preferences shift during evolu-

tion is important for evaluating how well experimental measurements can be extrapolated

across homologs, and for guiding the development of site-specific phylogenetic substitu-

tion models. We have performed the first comprehensive assessment of the conservation

of site-specific amino-acid preferences by using deep mutational scanning to measure the

effects of all mutations on two closely related homologs of influenza NP.

We found that for the majority of sites, any shift in amino-acid preferences between

homologs was smaller than the noise in our experiments. We could reject the null hypoth-

esis that the amino-acid preferences were identical among homologs for only between

3% and 15% of all sites, depending on the method used to generate the null distribution.

Furthermore, even for those sites for which we could reject the null hypothesis of iden-

tical preferences between homologs, the magnitude of shifts tended to be small. Only

a handful of the 497 sites exhibited shifts in preference between homologs with a mag-

nitude comparable to the average difference between sites in non-homologous proteins.

Sites that varied in amino-acid identity between the two homologs were more likely to

have a detectable shift in amino-acid preferences – but even among variable sites, there

was usually no shift. Admittedly, our experiments had substantial noise, so it is likely

that other sites have undergone subtle shifts below our limit of detection. However, the

fact that the preferences for the two NP variants are strongly correlated with each other
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but completely uncorrelated with those for the non-homologous HA shows that the site-

specific amino-acid preferences of homologs are tremendously more similar than those

of unrelated proteins.

This general conservation of site-specific amino-acid preferences does not imply an

absence of epistasis during NP’s evolution. For instance, our results show that some

(as yet mechanistically uncharacterized) epistatic interaction with other sites has driven

a strong shift in the amino-acid preferences at site 470. At other sites, smaller shifts in

amino-acid preferences are still certain to induce evolutionarily important epistasis, since

natural selection is highly discerning. Indeed, we have previously demonstrated epistasis

among mutations to NP [56], indicating that NP is no different than the many other proteins

for which evolutionarily relevant epistasis has been identified [129, 96, 34, 87, 92, 101].

Our key result is not that epistasis is absent, but rather that its frequency and magnitude

are sufficiently low that the amino-acid preferences for most sites are are still vastly more

similar between homologs than between non-homologous proteins.

The implications of this finding are illustrated by the second part of our study, which

shows that the experimentally measured site-specific amino-acid preferences can inform

phylogenetic substitution models that greatly outperform non-site-specific models even

for more diverged NP homologs. It is well known that the actual constraints on protein

evolution involve cooperative interactions among sites [142, 39, 61], and so substitution

models that treat sites either independently or identically are obviously imperfect. But

computational biology must balance realism with tractability. Site-independent but site-

specific substitution models are becoming feasible for real-world datasets [79, 82, 127,

113, 15, 16], but approaches that relax the assumption of independence among sites

remain in their infancy [26, 19]. Are amino-acid preferences sufficiently conserved for site-

independent but site-specific models to represent substantial improvements over existing

non-site-specific alternatives? Both our experimental and computational results answer

this question with a resounding yes.

Why are the site-specific amino-acid preferences mostly conserved? As is the case
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for virtually all proteins [27, 115], the structure of NP is highly conserved among ho-

mologs [138, 36], and sites in specific structural contexts often have propensities for

certain amino acids [28, 110, 85]. In addition, selection for protein stability is a major

constraint on evolution [39, 13], and experiments on NP [5] and other proteins [111, 116]

have shown that the effects of mutations on stability are similar among homologs. There-

fore, conserved structural and stability constraints probably naturally lead to substantial

conservation of site-specific amino-acid preferences. We refer the reader to an excellent

recent study by Risso et al. [111] for a more biophysically nuanced discussion of these

issues.

The extent to which site-specific amino-acid preferences will be conserved among

more distant homologs remains an open question. Computational simulations of the di-

vergence of distant homologs have been used to argue that preferences shift substan-

tially [102], but the reliability of such simulations is unclear since computational predictions

of the effects of even single amino-acid mutations are only modestly accurate [73, 108].

The only direct experimental data come from a study showing that the effects of a handful

of mutations on stability are mostly conserved among homologs with about 50% protein-

sequence identity [111]. More comprehensive determination of the relationship between

sequence divergence and shifts in site-specific amino-acid preferences therefore remains

an important topic for future work.
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Chapter 3

ACCURATE MEASUREMENT OF THE EFFECTS OF ALL AMINO-ACID
MUTATIONS TO INFLUENZA HEMAGGLUTININ

A version of this chapter has been previously published as:

Michael B Doud and Jesse D Bloom. Accurate measurement of the effects of all

amino-acid mutations on influenza hemagglutinin. Viruses, 8(6), 155 (2016).

Jesse Bloom and I designed the experiments. I performed the experiments and ana-

lyzed the data, with contributions from Jesse Bloom on preliminary work establishing the

system to produce the HA-deficient helper virus. Jesse Bloom and I wrote the manuscript.
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3.1 Abstract

Influenza genes evolve mostly via point mutations, and so knowing the effect of every

amino-acid mutation provides information about evolutionary paths available to the virus.

We and others have combined high-throughput mutagenesis with deep sequencing to es-

timate the effects of large numbers of mutations to influenza genes. However, these mea-

surements have suffered from substantial experimental noise due to a variety of technical

problems, the most prominent of which is bottlenecking during the generation of mutant

viruses from plasmids. Here we describe advances that ameliorate these problems, en-

abling us to measure with greatly improved accuracy and reproducibility the effects of all

amino-acid mutations to an H1 influenza hemagglutinin on viral replication in cell culture.

The largest improvements come from using a helper virus to reduce bottlenecks when

generating viruses from plasmids. Our measurements confirm at much higher resolu-

tion the results of previous studies suggesting that antigenic sites on the globular head

of hemagglutinin are highly tolerant of mutations. We also show that other regions of

hemagglutinin—including the stalk epitopes targeted by broadly neutralizing antibodies—

have a much lower inherent capacity to tolerate point mutations. The ability to accurately

measure the effects of all influenza mutations should enhance efforts to understand and

predict viral evolution.

3.2 Background

Seasonal influenza is a recurrent threat to human health, largely because it rapidly accu-

mulates amino-acid mutations in proteins targeted by the immune system [118]. Measur-

ing the functional impact of every possible amino-acid mutation to influenza can therefore

provide useful information about which evolutionary paths are accessible to the virus.

Such measurements are now possible using deep mutational scanning [49, 21]. When

applied to influenza, this technique involves creating all codon mutants of a viral gene,

incorporating these mutant genes into viruses that are subjected to a functional selec-
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tion, and estimating the functional impact of each mutation by using deep sequencing to

quantify its frequency pre- and post-selection. We and others have used deep mutational

scanning to estimate the effects of all amino-acid [123, 15, 40] or nucleotide [135, 133]

mutations to several influenza genes, and Heaton and coworkers [63] have used a similar

approach to examine influenza’s tolerance to short insertions. However, these studies suf-

fered from substantial noise that degrades the utility of their results. For instance, in every

study that reported the results for independent experimental replicates, the replicate-to-

replicate correlation was mediocre.

This experimental noise arises primarily from bottlenecking of mutant diversity during

the generation of viruses from plasmids. The influenza genome consists of eight negative-

sense RNA segments. During viral infection, gene expression from these segments is a

highly regulated process [29, 112, 117]. Generating influenza from plasmids involves co-

transfecting mammalian cells with multiple plasmids that must yield all eight viral gene

segments and at least four viral proteins at a stoichiometry that leads to assembly of in-

fectious virions [69, 94, 47]. This plasmid-driven process is understandably less efficient

than viral infection. A small fraction of transfected cells probably yield most initial viruses,

which are then amplified by secondary infection. This bottlenecking severely hampers

experiments that require creating a diverse library of viruses from an initial library of plas-

mids.

Several strategies have been used to overcome problems associated with bottlenecks

during the generation of influenza from plasmids. One strategy is to generate and titer

each viral variant individually, and then mix them [124, 10]. A second strategy is to re-

duce the impact of bottlenecks by shrinking the complexity of the libraries, such as by

only mutating a small portion of a viral gene [134, 71]. Neither of these strategies scale

effectively to the deep mutational scanning of full-length proteins, since there are ∼104

unique amino-acid mutants of a 500-residue protein.

To overcome these limitations, we have developed a novel approach that uses a

“helper virus” to generate virus libraries without strong bottlenecking. We have combined
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this approach with other technical improvements to perform deep mutational scanning of

all amino-acid mutations to an H1 hemagglutinin (HA) with much higher accuracy and re-

producibility than existing deep mutational scans of influenza genes. We use phylogenetic

analyses to show that our measurements accurately reflect constraints on HA evolution

in nature. We confirm that antigenic sites in the globular head of HA are highly tolerant

of mutations, and identify other regions of the protein that are more constrained. These

advances improve our understanding of HA’s inherent evolutionary capacity and can help

inform evolutionary modeling and guide the development of vaccines targeting sites with

a limited capacity for mutational escape.

3.3 Results

3.3.1 A helper-virus enables efficient production of mutant virus libraries from plasmids

We reasoned that the process of generating viral libraries carrying HA mutants would be

more efficient if transfected cells only needed to produce HA from plasmid, and the other

gene segments and proteins were delivered by viral infection (Figure 3.1A). The Palese

lab has previously shown that a seven-segmented HA-deficient virus can be propagated

in cells that constitutively express HA protein [89]. We created HA-expressing cells and

validated that we could propagate an HA-deficient A/WSN/1933 (H1N1) virus (Figure B.1).

We cloned triplicate plasmid libraries of random codon mutants of the A/WSN/1933

HA gene. These libraries contain multi-nucleotide (e.g., GGC→CAT) as well as single-

nucleotide (e.g., GGC→GAC) codon mutations. There are 63×565 ≈ 3.5×104 different codon

mutations that can be made to the 565-codon HA gene, corresponding to 19× 565 ≈ 104

amino-acid mutations. The deep sequencing described below found at least three oc-

currences of over 97% of these amino-acid mutations in each of the three replicate plas-

mid mutant libraries. These libraries have a somewhat lower mutation rate than our pre-

vious deep mutational scan of hemagglutinin [123], with the number of mutations per

clone following a roughly Poisson distribution with a mean of about one (Figure B.2).
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We cloned these HA libraries into both uni-directional and bi-directional reverse-genetics

plasmids [94, 69].

We then transfected cells with one of the HA plasmid mutant libraries along with plas-

mids expressing the four viral polymerase-related proteins (PB2, PB1, PA, and NP) with

the goal of generating pre-formed viral ribonucleoprotein complexes carrying the HA seg-

ment. These transfected cells were then infected with the HA-deficient helper virus, and

24 h later, we determined the titer of fully competent virus in the supernatant. The high-

est titers (∼103 TCID50 per µL) were obtained using the uni-directional reverse-genetics

plasmid (Figure B.3). The reason that we co-transfected protein expression plasmids

for the four polymerase-related proteins was to create pre-formed viral ribonucleoprotein

complexes. Virus titers were ∼100-fold lower when the polymerase plasmids were not

co-transfected (data not shown). Overall, these findings demonstrate the feasibility of the

helper-virus strategy in Figure 3.1A.

We next used this helper-virus strategy to independently generate three mutant virus

libraries, one from each of our triplicate plasmid mutant libraries. Each mutant virus library

should sample most of the codon mutations to the A/WSN/1933 HA. We also generated

a control virus library from a plasmid encoding the unmutated wild-type HA gene.

3.3.2 Low MOI passage combined with barcoded-subamplicon sequencing reveals strong

selection against non-functional HA variants

To select for viruses carrying functional HA variants, we passaged the mutant virus li-

braries at a low multiplicity of infection (MOI) of 0.0075 TCID50 per cell as outlined in

Figure 3.1A. This MOI is substantially lower than the MOI of 0.1 that we used in our pre-

vious study to examine the effects of all mutations to HA [123], and was chosen with the

goal of more effectively purging non-functional HA variants.

To quantify selection on HA, we needed our deep sequencing to be sufficiently ac-

curate to determine the frequency of each mutation pre- and post-selection. Standard
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Figure 3.1: Deep mutational scanning of HA. (A) Cells transfected with a plasmid mutant li-
brary of HA are infected with an HA-deficient helper virus to yield a library of mutant viruses.
This virus library is passaged at low MOI to select for functional variants and enforce genotype-
phenotype linkage. The helper viruses themselves are propagated in cells constitutively express-
ing HA (Figure B.1). The variants in the plasmid mutant library contain an average of one codon
mutation, with the number of mutations per clone following a roughly Poisson distribution (Fig-
ure B.2). The helper-virus works best when HA is provided on a plasmid that directs the synthesis
of only viral RNA (Figure B.3). (B) Accurate Illumina sequencing using barcoded subamplicons.
HA is divided into six sub-amplicons, and a first round of PCR appends random barcodes and part
of the Illumina adaptor to each subamplicon. The complexity of these barcoded subamplicons is
controlled to be less than the sequencing depth, and a second round of PCR adds the remaining
adaptor. Sequencing reads are grouped by barcode, distinguishing sequencing errors that occur
in only one read (red dots) from true mutations that occur in all reads (blue and purple dots). (C)
The overall mutation frequencies reveal selection against stop codons and many nonsynonymous
mutations in the mutant viruses relative to the plasmids from which they were generated (see also
Figure B.4). Sequencing of unmutated plasmid and virus generated from this plasmid (denoted as
“wt plasmid” and “wt virus” in panel C) indicates rates of sequencing, reverse-transcription, and
viral replication errors are lower than the mutation rates in the libraries, enabling us to reliably
distinguish the signal and noise.
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Illumina sequencing has an error rate that is too high. In our previous deep mutational

scanning of influenza [123, 15, 40], we reduced this error rate by using overlapping paired-

end reads. Here, we used an alternative error-correction strategy that involves attaching

random barcodes to PCR subamplicons and then clustering reads with the same barcode

(Figure 3.1B). To our knowledge, this basic strategy was first described by Hiatt et al. [68]

and first applied to influenza by Wu et al. [135]. Sequencing of the unmutated plasmid al-

lows us to estimate that the error rate is∼2× 10−4 per codon, corresponding to<10−4 per

nucleotide (Figure 3.1C, sample referred to as “wt plasmid”). This error rate is substan-

tially lower than we obtained previously using overlapping paired-end reads, consistent

with the results of the sequencing-strategy comparison by Zhang et al. [141]. Sequencing

of viruses generated from the unmutated plasmid shows that the error rates associated

with reverse-transcription and viral replication are also tolerably low (below the mutation

rate in the mutant libraries) (Figure 3.1C, sample referred to as “wt virus”).

Figure 3.1C reveals strong selection against non-functional HA variants. The plasmid

mutant libraries contain a mix of synonymous, nonsynonymous, and stop-codon muta-

tions. However, stop-codon mutations are almost completely purged from the passaged

mutant virus libraries, as are many nonsynonymous mutations. The selection against the

stop codons is stronger than in our previous deep mutational scan [123] (Figure B.4).

Overall, these results indicate strong selection on HA that can be quantified by accurate

deep sequencing.

3.3.3 The mutant virus libraries have reduced bottlenecking and yield reproducible mea-

surements of mutational effects

To evaluate whether the virus libraries were bottlenecked, we examined the distribution of

synonymous mutation frequencies in each library. If bottlenecking causes a few mutants

to stochastically dominate, we expect that in each library a few sites will have relatively

high synonymous mutation frequencies and that these sites will differ among replicates.
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Figure 3.2 shows normalized synonymous mutation frequencies across HA for each of

the three replicate mutant virus libraries from both our previous deep mutational scan of

HA that utilized reverse genetics [123], and the current study utilizing helper viruses. In

the older study, each replicate had a different handful of sites with greatly elevated syn-

onymous frequencies (green arrows), indicative of stochastic bottlenecking. In contrast,

in our new virus libraries, the distribution of synonymous mutation frequencies is much

more uniform across the HA gene. Specifically, the standard deviation of normalized syn-

onymous frequencies was 1.63 ± 0.14 for the old libraries, but only 1.18 ± 0.05 for the

new libraries, indicating less bottlenecking-induced variation in mutation frequencies in

the new libraries.

We next evaluated the reproducibility of our measurements of the effects of each muta-

tion. We estimated the effect of each mutation from its change in frequency in the mutant

viruses relative to the original plasmid libraries, correcting for the site-specific error rates

determined by sequencing unmutated virus and plasmid, and performing the analyses us-

ing the algorithms described in [17] and implemented in the dms tools software (version

1.1.12, http://jbloomlab.github.io/dms_tools/). The results are quantified in terms

of the preference of each site for each amino-acid; the set of all 20 preferences at a site

can be thought of as representing the expected post-selection frequency of each amino

acid at that site if all amino acids are initially present at equal frequencies.

Figure 3.3 shows the correlation between the amino-acid preferences from each ex-

perimental replicate. The replicate-to-replicate reproducibility is dramatically improved in

our new experiments relative to our previous work utilizing reverse genetics [123], with the

average Pearson’s R2 increasing from 0.34 to 0.61. The new experiments are also largely

free of the most problematic type of noise that plagued the previous study, where an

amino acid at a site is deemed highly preferred in one replicate but disfavored in another.

Overall, these results demonstrate that our new strategies enable more reproducible mea-

surement of the effects of all mutations to HA.
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Figure 3.2: The use of helper viruses reduces bottlenecking during the generation of the
mutant virus libraries. Each row shows the synonymous mutation frequency for every site nor-
malized to the total synonymous frequency for that sample. If synonymous mutations are sampled
uniformly, the data should resemble the black line in the top row (the line is not completely straight
because different codons have different numbers of synonymous variants). The next six rows show
the synonymous mutation frequencies for each replicate of the old (red lines) [123] and new (blue
lines) experiments. To assist in comparing the locations and heights of peaks across all samples,
the data for each replicate are shown as a thick line in front of thin lines representing the other five
replicates. The old experiments have more bottlenecking as manifested by taller peaks indicating
synonymous mutations that were stochastically enriched in each replicate (examples marked by
green arrows). The differences between replicates are not due to differences in synonymous
mutation frequencies in the plasmid libraries used to generate the viruses (Figure B.5).
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Figure 3.3: The use of helper viruses increases reproducibility of measurements of mu-
tational effects. The mutational effects measured in the new experiments are much more re-
producible across replicates. Each plot shows the squared Pearson correlation coefficient for all
site-specific amino-acid preferences measured in a pair of independent experimental replicates.
Each point represents the amino-acid preference for a specific amino acid at a specific site, as
measured in the indicated replicate experiment.

3.3.4 The measurements better reflect the constraints on HA evolution in nature

We next tested whether our new measurements better describe the evolution of HA in

nature. The accuracy with which experimental measurements of site-specific amino-acid

preferences reflect the constraints shaping a protein’s evolution in nature can be quantified

by comparing the phylogenetic fit of experimentally informed substitution models [15]. We

assembled a set of human and swine influenza HA sequences and fit substitution models

using phydms [14] (version 1.1.1, http://jbloomlab.github.io/phydms/), which in turn

uses Bio++ [58] for the likelihood calculations.

A substitution model informed by our new measurements described the natural evo-
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lution of HA better than a model informed by our older measurements from [123], and

vastly better than conventional non-site-specific substitution models (Table 3.1). Averag-

ing the measurements from both studies improved phylogenetic fit even further, a finding

consistent with previous work reporting that combining data from multiple deep mutational

scanning studies of the same protein tends to improve substitution models [40].

The phylogenetic model fitting optimizes a parameter that accounts for differences in

the stringency of selection between the experiments and natural evolution [16]; a strin-

gency parameter >1 indicates that natural selection prefers the same amino acids as

the experimental selections but with greater strength. The best model in Table 3.1 has

a stringency parameter of 1.8. The site-specific amino-acid preferences for this model

scaled by this stringency parameter are displayed in Figure 3.4. Residues are numbered

sequentially beginning with the initiating methionine; conversions to other numbering

schemes are at https://github.com/mbdoud/mutational_antigenic_profiling/blob/

master/HA_numbering.txt.

3.3.5 A handful of sites are under very different selection in our experiments than in

nature

We next asked whether there are sites in HA that evolve in nature in a way that is highly

discordant with our experimental measurements. To do this, we again used phydms [14]

to identify selection in nature for amino acids that differ from the ones preferred in the

deep mutational scanning, again using natural sequences from seasonal human H1N1

and classical swine H1N1 HAs. Briefly, this program uses a maximum-likelihood phyloge-

netics approach to estimate the difference in preference for each amino acid at each site

between the experimental measurements and selection in nature (see [14] for details).

Figure 3.5 shows the difference in amino-acid preferences between our experiments and

natural evolution for each site in HA. At most sites, the magnitude of differential selection is

small, indicating that the experimentally measured preferences mostly parallel constraints
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Figure 3.4: HA’s site-specific amino-acid preferences. The preference of each site in HA for
each of the 20 amino-acids as inferred by combining the new and old data and re-scaling by
the stringency parameter inferred in Table 3.1. The height of each letter is proportional to the
preference for that amino acid at that site. The overlay bars show each residue’s secondary
structure, relative solvent accessibility, and wildtype identity in the A/WSN/1933 HA.
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Table 3.1: The site-specific amino-acid preferences measured in the new experiments offer
an improved description of HA evolution in nature. Aikake information criterion (AIC) [107]
was used compare the maximum likelihood phylogenetic fit of several models to an alignment of
seasonal human H1N1 and classical swine H1N1 HAs. The experimentally informed substitution
models are of the form described in [14] with the data from the average of all three replicates of
the new or old experiments, or the average of the two. These models are compared to the variants
of the substitution model of Goldman et al. [55] denoted as M0 and M8 in Yang et al. [137] with the
equilibrium codon frequencies estimated empirically using the F3X4 method. The best model is
the one that combines all experimental data, but a model informed by the new experiments alone is
better than one informed by the old experiments alone. To confirm that the experimentally informed
models are superior because they are site specific, we fit a control model in which the experimental
data is averaged across sites. The tree topology was fixed to that inferred by maximum likelihood
using the M0 version of the Goldman–Yang model. The free parameters for each model were then
optimized along with the branch lengths; optimized parameters are in the last column.

model ∆AIC log likelihood parameters (optimized + empirical): opti-
mized values

new data + old data 0.0 −14933.5 6 (6 + 0): β = 1.82, ω = 0.51, κ = 4.95, φA
= 0.40, φC = 0.18, φG = 0.20

new data 197.6 −15032.3 6 (6 + 0): β = 1.80, ω = 0.46, κ = 5.06, φA
= 0.40, φC = 0.18, φG = 0.20

old data 341.2 −15104.1 6 (6 + 0): β = 1.40, ω = 0.46, κ = 4.90, φA
= 0.39, φC = 0.18, φG = 0.20

Goldman–Yang M8 2156.8 −16003.9 14 (5 + 9): pω>1 = 0.01, ω>1 = 1.91, pβ =
0.02, qβ = 0.76, κ = 4.94

new data + old data, av-
eraged across sites

2971.6 −16419.3 6 (6 + 0): β = 0.50, ω = 0.20, κ = 5.38, φA
= 0.38, φC = 0.18, φG = 0.21

Goldman–Yang M0 2980.8 −16418.9 11 (2 + 9): ω = 0.19, κ = 4.88

on natural evolution. Sites that are under strong differential selection usually show conser-

vative changes; for example, site 78 prefers isoleucine in nature but leucine in our deep

mutational scanning.

One of the most striking exceptions to this general concordance between natural selec-

tion and our experiments can be given a clear explanation. At site 342, the experimentally

measured preference for tyrosine is at odds with nature’s strong preference for serine

(Figure 3.5). The lab-adapted A/WSN/1933 strain used in our experiments differs from

naturally occurring influenza in that it uses plasmin to cleave and activate HA [81, 57].

Plasmin cleavage is enhanced by tyrosine at this site [122], so it is unsurprising that our

experiments detected a preference at this site unique to the influenza strain we used. This
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example illustrates how the occasional deviations from the general concordance between

deep mutational scanning experiments and natural selection can point to interesting bio-

logical mechanisms.

3.3.6 Antigenic sites in HA’s globular head are highly tolerant of mutations, but stalk

epitopes targeted by broadly neutralizing antibodies are not

We computed the inherent mutational tolerance of each site using the stringency-scaled

amino-acid preferences from the combined datasets (Figure 3.6A). The mutational toler-

ance is mapped onto the structure of HA in Figure 3.6B.

The H1 HA antigenic sites defined by Caton et al. [23] are significantly more muta-

tionally tolerant than the average site (Figure 3.6C), even after accounting for relative sol-

vent accessibility (Figure B.6A). This high mutational tolerance extends to other solvent-

exposed residues in contact with the antigenic sites (Figure 3.6D, Figure B.6B), indicating

that the HA molecular surfaces commonly targeted by antibodies have a high inherent

capacity for evolutionary change. This high mutational tolerance does not extend to the

receptor-binding pocket (Figure 3.6E, Figure B.6C,D) but may be a feature of the sites

that make the greatest contributions to the punctuated antigenic evolution of H3N2 and

seasonal H1N1 HA [75] (Figure 3.6F), albeit not at a level that is statistically significant

after correcting for solvent accessibility (Figure B.6E). These results support the findings

of our previous study [123] that the sites in HA that are the immunodominant targets of

antibodies have a high inherent capacity to tolerate mutations.

Perhaps in part because of the high mutational tolerance of the antigenic sites in its

globular head, HA is adept at escaping antibody-mediated immunity [118, 8]. New vac-

cines are being developed that aim to elicit immunity against other portions of HA [77],

most commonly regions in the stalk that are relatively conserved among naturally occur-

ring strains. An important question is whether these stalk regions are conserved because

they are inherently intolerant of point mutations, or simply because they are not currently
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Figure 3.5: Differential selection between our selection in the lab and HA’s evolution in na-
ture. The approach in [14] was used to determine the magnitude of differential selection between
the deep mutational scanning and the natural evolution of human seasonal H1N1 and classical
swine H1N1 HAs. At each site, the height of a letter above or below the center line indicates that
differential selection for or against that amino acid in nature as compared to our experiments. At
most sites, the differential selection is very small, showing that the experimental measurements
are mostly concordant with natural selection on HA. However, a few sites are under very different
selection in nature as compared to our experiments.
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Figure 3.6: Antigenic sites in HA’s globular head have a high inherent tolerance for muta-
tions, but HA’s stalk is relatively intolerant of mutations. (A) Mutational tolerance is calculated
as the Shannon entropy of a site’s amino-acid preferences. (B) Mutational tolerance mapped onto
the HA trimer (yellow indicates low tolerance, red indicates high tolerance, blue sticks show the
sialic-acid receptor). (C,D) The antigenic sites defined by Caton et al. [23] have high mutational
tolerance, as do the residues contacting these sites. (E) Conserved receptor-binding residues
have low mutational tolerance. (F) Sites that contribute to antigenic cluster jumps [75]. (G) Sites
in the footprints of four broadly neutralizing antibodies have low mutational tolerance. Shown are
footprints of F10, CR6261, FI6v3, and CR9114 [121, 44, 31, 42]. For panels B-G, tolerance is
mapped onto PDB structure 1RVX [51]. For panels C-G, each monomer is shown in a different
shade of gray. Figure B.6 reports statistical analyses of whether subsets of sites have higher or
lower tolerance than expected given their solvent accessibility.
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under immune pressure. To answer this question, we examined the inherent mutational

tolerance of the largely overlapping epitopes of four broadly neutralizing anti-stalk an-

tibodies: F10 [121], CR6261 [44], FI6v3 [31], and CR9114 [42]. Visual inspection of

Figure 3.6G shows that these stalk epitopes have a low mutational tolerance, a result

that is confirmed by statistical analysis (Figure B.6F). Therefore, the epitopes that next-

generation vaccines aim to target indeed have a reduced capacity for immune escape by

point mutations. This finding is also consistent with Heaton et al.’s report that HA’s stalk

is intolerant to insertions [63].

We wondered if some of HA’s variation in mutational tolerance is explained by differ-

ences in the three ancient domains that compose the protein. HA is the product of a series

of ancient insertions that merged a fusion domain, a receptor-binding domain (which con-

tains the majority of the antigenic sites as well as the receptor-binding pocket itself), and

a vestigial esterase domain [114]. We compared the inherent mutational tolerance of

these three domains, again correcting for solvent accessibility. We found that sites in the

receptor-binding domain on average have a significantly higher mutational tolerance than

all sites in the protein, although sites in the receptor-binding pocket itself are often highly

constrained (Figure 3.6, Figure 3.7). On the other hand, sites in the fusion domain have

a significantly lower mutational tolerance than all sites (Figure 3.7). This enriched toler-

ance to point mutations throughout the receptor-binding domain is also concordant with

the results of Heaton et al., showing that the receptor-binding domain is uniquely tolerant

to short insertions [63]. Therefore, HA’s antigenic evolvability is not just a consequence

of the immunodominant antigenic sites themselves having high mutational tolerance, but

also because these sites are found within a protein domain that is intrinsically more mu-

table than the rest of HA.
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Figure 3.7: The mutational tolerance of HA’s three ancient protein domains. (A) The domain
architecture of HA. The receptor-binding domain is blue, the vestigial esterase domain is orange,
and the fusion subdomains of HA1 and HA2 are purple and red, respectively. (B) The mutational
tolerance of the receptor-binding domain is significantly higher than the rest of the protein. (C)
The mutational tolerance of the vestigial esterase domain is not significantly different than the
rest of the protein. (D), (E) The mutational tolerance of the fusion subdomains of HA1 and HA2
is significantly lower than the rest of the protein. Significance is assessed using multiple linear
regression, correcting for solvent accessibility as in Figure B.6.

3.4 Discussion

We have described new techniques that greatly improve the reproducibility of deep mu-

tational scanning of influenza. The largest improvement appears to result from using

a helper virus to generate virus mutant libraries without the bottlenecks that plague the
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creation of viruses purely from plasmids. We have used these techniques to more accu-

rately measure the effects of all amino-acid mutations to HA. Our measurements confirm

at greater precision and resolution the finding [123, 63] that HA’s propensity for immune

escape is underpinned by the high inherent mutational tolerance of the immunodominant

receptor-binding domain. Our data also show that some regions of HA—including the

stalk epitopes targeted by new broadly neutralizing antibodies— have a reduced capacity

for evolutionary change.

In this study, we measured the effects of all mutations to the HA from a lab-adapted

H1N1 strain. To what extent can these measurements be extrapolated to other HAs?

Due to epistasis, the effects of mutations sometimes change as proteins evolve [56, 62].

However, many aspects of mutational effects are often roughly conserved during evolu-

tionary divergence: for instance, experiments have shown that the effects of mutations

on stability are often quite similar among homologs, both for HA [22] and proteins more

generally [5, 111]. In a previous study, we used deep mutational scanning to estimate the

effects of all mutations to two close homologs of influenza nucleoprotein, and found that

only a few sites exhibited large qualitative changes in their amino-acid preferences [40].

Therefore, the limited existing experimental work on this topic suggests that site-specific

amino-acid preferences will often be broadly similar among homologs of the same protein,

but that there will also be some shifts that can have important implications for evolution.

However, further systematic investigation of this question is needed to assess the extent

that deep mutational scanning studies like the one reported here can be extrapolated

across protein homologs.

Overall, our work demonstrates a method for making accurate large-scale measure-

ments of the effects of mutations to influenza proteins. Our results offer insight into how

protein-intrinsic mutational tolerance shapes influenza evolution, and provide a basis for

using deep mutational scanning to improve quantitative models of viral evolution and un-

derstand virus-immune interactions.
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Chapter 4

COMPLETE MAPPING OF VIRAL ESCAPE FROM NEUTRALIZING
ANTIBODIES

A version of this chapter has been previously published as:

Michael B Doud, Scott Hensley, and Jesse D Bloom. Complete mapping of viral es-

cape from neutralizing antibodies. PLoS Pathogens, 13(3): e1006271 (2017).

Jesse Bloom and I conceived of the idea. I designed and performed the experiments

and analyzed the data. Scott Hensley provided crucial reagents and advice. Jesse Bloom

and I wrote the paper.
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4.1 Abstract

Identifying viral mutations that confer escape from antibodies is crucial for understanding

the interplay between immunity and viral evolution. We describe a high-throughput ap-

proach to quantify the selection that monoclonal antibodies exert on all single amino-acid

mutations to a viral protein. This approach, mutational antigenic profiling, involves creat-

ing all replication-competent protein variants of a virus, selecting with antibody, and using

deep sequencing to identify enriched mutations. We use mutational antigenic profiling

to comprehensively identify mutations that enable influenza virus to escape four mon-

oclonal antibodies targeting hemagglutinin, and validate key findings with neutralization

assays. We find remarkable mutation-level idiosyncrasy in antibody escape: for instance,

at a single residue targeted by two antibodies, some mutations escape both antibodies

while other mutations escape only one or the other. Because mutational antigenic profil-

ing rapidly maps all mutations selected by an antibody, it is useful for elucidating immune

specificities and interpreting the antigenic consequences of viral genetic variation.

4.2 Background

Host immunity drives the evolution of many viruses. For instance, potent immunity against

influenza virus is provided by antibodies against hemagglutinin (HA), the virus’s most

abundant surface protein [130]. Unfortunately, these antibodies also select amino-acid

substitutions in the HA of human seasonal influenza A virus at a rate of over two per

year [118, 9]. This rapid evolution degrades the effectiveness of anti-influenza immunity,

and is a major reason why humans are repeatedly re-infected over their lifetimes. Ex-

tensive antigenic variation is also a hallmark of several other medically relevant viruses,

most prominently HIV. Efforts to induce immunity to such viruses must therefore ac-

count for antigenic variation, either by targeting vaccines against current circulating viral

strains [86, 93] or developing methods to administer [6, 83] or elicit [64, 78] antibodies that

recognize a broad range of strains. An important component of these efforts is identifying
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which viral mutations escape neutralization by specific antibodies.

The classic approach for identifying such mutations is to select individual viral mutants

that are resistant to neutralization by antibodies. For instance, escape-mutant selections

with a panel of monoclonal antibodies were used to broadly define major antigenic re-

gions of influenza HA [128, 53, 23]. However, each such selection typically only identifies

one of potentially many mutations that escape an antibody, with a strong bias towards

whichever mutations happen to be prevalent in the initial viral stock. Therefore, escape-

mutant selections provide an incomplete picture of the ways that a virus can escape an

antibody.

Another approach is to individually test antibody binding or neutralization for each

member of a panel of viral variants. However, there are ∼104 single amino-acid mutants

to a 500-residue viral protein, so individually creating and testing all of them is a daunting

task. Therefore, even the most ambitious such studies limit themselves to a small fraction

of the possible point mutations, such as by only testing mutations to alanine [97, 126,

100]. But as the current work will underscore, the antigenic effect of mutating a residue

to one amino acid can be poorly predictive of the effects of mutating the same residue

to another amino acid. Furthermore, the difficulty in individually generating and testing

large numbers of viral variants means that such studies often use simpler assays (e.g.,

hemagglutination-inhibition, pseudovirus neutralization, or protein binding) that can be

imperfect surrogates for how well a mutation enables a replication-competent virus to

escape antibody neutralization [125, 103, 25].

A complete structural definition of the interface between an antibody and antigen can

be obtained using methods such as X-ray crystallography. However, obtaining such struc-

tures remains non-trivial, particularly since viral surface proteins are often heavily glyco-

sylated [140] and sometimes conformationally heterogeneous [91]. In addition, structural

definitions do not reveal which mutations actually escape antibody neutralization. Muta-

tions at only a subset of the residues in the antibody-antigen interface actually disrupt

binding [72, 90, 35, 106], a “hot spot” phenomenon observed in protein-protein interfaces
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more generally [33, 30, 18].

Here we use massively parallel experiments to rapidly map all single amino-acid mu-

tations to HA that enable influenza virus to escape from four neutralizing antibodies. Our

approach involves imposing antibody selection on virus libraries generated from all amino-

acid point mutants of HA, and using deep sequencing to quantify the selection on every

mutation in the context of actual replication-competent virus. The resulting comprehensive

map of antibody escape reveals remarkable mutation-level idiosyncrasy for each antibody:

for instance, at many residues only some of the possible amino-acid mutations confer

escape, and two antibodies targeting the same residue elicit unique profiles of escape

mutations. Mutational antigenic profiling therefore enables complete and high-resolution

mapping of viral antibody escape mutations.

4.3 Results

4.3.1 Reproducible measurement of antibody selection on all amino-acid point mutations

to influenza HA

To quantify the selection that neutralizing antibodies exert on all single amino-acid muta-

tions to a viral protein, we developed the mutational antigenic profiling strategy shown in

Figure 4.1. A library of viruses is generated that contains all amino-acid point mutants

of the protein that are compatible with viral replication. This library is incubated with or

without a neutralizing antibody, and then used to infect cells. Deep sequencing of cel-

lular RNA measures the frequency of each mutation among the viral variants that infect

cells in the presence or absence of antibody, with molecular barcoding used to increase

the sequencing accuracy. We quantify the differential selection for each mutation as the

logarithm of its enrichment in the antibody-treated virus library relative to the no-antibody

control, and display these data as in Figure 4.1B. In the analysis that follows, we only

consider mutations with positive differential selection.

We applied mutational antigenic profiling to influenza HA. HA is a 565-residue gly-
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Figure 4.1: Mutational antigenic profiling. (A) Libraries of viruses carrying all amino-acid point
mutants of a protein that support viral replication are incubated with or without antibody, and used
to infect cells. Viral RNA is extracted from cells and accurately deep sequenced to quantify the fre-
quency of each mutation in the antibody-selected and no-antibody control samples. (B) Differential
selection is defined as the logarithm of the enrichment of each mutation in the antibody-selected
sample versus the control. In the logo plots, the height of each letter is proportional to the dif-
ferential selection for that amino-acid. The site differential selection is the total height of the logo
stack at that site (the sum of mutation differential selection values). Only positive differential selec-
tion (corresponding to mutations enriched by selection) is shown. Logo plot letters are colored by
physicochemical properties of amino-acids.

coprotein that forms homo-trimers on the virion surface that are responsible for both

receptor-binding and membrane fusion [130]. Current influenza vaccines are designed

to induce antibodies against HA, and the strains that compose these vaccines are chosen

annually with the goal of matching the antigenicity of their HAs with those in circulat-

ing influenza variants [118, 9, 86, 93]. We chose to focus on the HA of an H1N1 strain

(A/WSN/1933) that was isolated from humans early in the study of influenza and then seri-

ally passaged in the lab. Our reason for choosing this strain is that classic escape-mutant

selections have extensively characterized the antigenicity of closely related HAs [53, 23],

enabling us to compare our results to those obtained using more traditional methods.

The first step in mutational antigenic profiling is creating virus libraries (Figure 4.1A). A

number of techniques have recently been described to create all amino-acid point mutants

of a gene in the context of a plasmid [46, 74, 132]. The last few years have also seen

the description of libraries of replication-competent virus mutants generated by adapting

plasmid-based viral reverse-genetics systems to accommodate libraries of mutagenized
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plasmids [123, 41, 135, 84, 59]. We utilized virus libraries created by melding these

two techniques to create influenza viruses carrying all HA amino-acid point mutations

compatible with viral replication [123, 41].

We initially selected these libraries with a monoclonal antibody (H17-L19) targeting the

Ca2 antigenic region of HA [53]. We performed three biological replicates using indepen-

dently generated virus libraries, as well as a technical replicate with one of the libraries

(Figure 4.2A). The rationale for performing biological and technical replicates was to evalu-

ate noise arising both from variability in the virus libraries and stochasticity in the antibody

selections.

In each replicate, the antibody exerted strong selection for mutations at a handful of

sites, and little selection on the rest of HA (Figure 4.2B). Figure 4.2C shows the selection

for individual amino-acid mutations in a short region in HA containing most of the epitope.

Visual inspection reveals consistent selection across technical and biological replicates.

Statistical analysis confirms that the site differential selection is strongly correlated among

replicates (Figure 4.2D).

We next asked how the differential selection depended on the concentration of anti-

body used. Figure 4.2 shows the results of mutational antigenic profiling at an antibody

concentration where the virus libraries retained only 0.3% of their total infectivity. We per-

formed additional experiments using dilutions of antibody that spanned a 20-fold range.

Figure 4.3A shows the selection at each antibody concentration.

As expected, there is minimal selection when comparing replicate no-antibody con-

trols. At progressively higher antibody concentrations, differential selection increases at

most sites in the epitope, while noise at other sites remains similar to the no-antibody

control. However, the increase in differential selection with antibody concentration is not

entirely uniform across sites (Figure 4.3A). Figure 4.3B shows that despite these com-

plexities, the sites of greatest differential selection are similar across concentrations, in-

dicating that the identification of escape mutations does not strongly depend on antibody

concentration within the 20-fold range tested here. Prior studies have shown that sub-
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Figure 4.2: Mutational antigenic profiling with antibody H17-L19 is highly reproducible. (A)
We performed three biological replicates and one technical replicate. (B) Site differential selection
across HA is concentrated on the same subset of sites in all replicates. (C) Zoomed-in view of
selection on the core of the epitope. The height of each letter is proportional to the differential
selection for that amino-acid. The same scale is used in all panels of (B) and (C). The scale bar in
the upper-right of (C) shows the letter height for a mutation with differential selection of 8, corre-
sponding to 28 = 256-fold enrichment by antibody selection. Residues are numbered sequentially
beginning with the initiating methionine; conversions to other numbering schemes are at https://
github.com/mbdoud/mutational_antigenic_profiling/blob/master/HA_numbering.txt. (D)
Site differential selection across all sites is highly correlated among replicates. Each point rep-
resents selection at one site; correlation coefficients are Pearson’s R. Data is shown for selections
with antibody H17-L19 at 10 µg/ml.

neutralizing doses of mixtures of antibodies can select for mutations that increase the

avidity of the virus for host cell receptors, as opposed to antigenic mutations within anti-

body epitopes [45, 139, 67]. The range of H17-L19 concentrations tested here is likely

above the range of sub-neutralizing concentrations that have been used in the past to

select for avidity-enhancing mutations, and it is also possible that mixtures of antibodies
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Figure 4.3: Differential selection by H17-L19 at different antibody concentrations. (A)
Differential selection increases with antibody concentration. The top plots show site differential
selection across HA; the bottom plots show the core of the epitope. All horizontally aligned plots
use the same scale. The scale bar in the right-most plot shows the letter height for a mutation
with differential selection of 8 (a 256-fold enrichment). The “no antibody” differential selection is
computed between two replicate experiments on a single library. (B) Site differential selection
is correlated between antibody concentrations, although the strength of selection increases at
most sites with higher antibody concentration. Each point represents selection at one site in HA;
correlation coefficients are Pearson’s R. The data for each concentration is the average across the
three biological replicates.

targeting different epitopes promote selection for avidity mutants. Understanding the de-

terminants of how a mutation’s differential selection depends on antibody concentration is

an interesting area for future work.

Overall, these results confirm that mutational antigenic profiling reproducibly identifies
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the HA mutations that confer escape from the monoclonal antibody H17-L19. The identi-

fied sites of selection are robust across replicate libraries and antibody concentrations.

4.3.2 Complete mapping of escape mutations for four monoclonal antibodies

We next extended the mutational antigenic profiling to three more antibodies. We per-

formed selections with each antibody at concentrations at which the virus libraries re-

tained 0.1 to 0.4% of their infectivity (Table C.1). Each antibody exerted strong selection

at a small number of residues in HA. Figure 4.4A shows site differential selection across

HA, while Figure 4.4B uses logo plots to show detailed mutation-level selection at some

key positions in the antibody epitopes. We again performed three full biological replicates

with each antibody, and the results were again highly reproducible among replicates (Fig-

ure C.1).

For each antibody, the sites of strongest differential selection were clustered in surface-

exposed patches on HA’s structure that are presumably within the antibody-binding foot-

print (Figure 4.4C and Figure C.2). The four antibodies target three antigenic regions:

H17-L19 targets Ca2, H17-L10 targets Ca1, and H17-L7 and H18-S415 both target Cb [53,

23]. As expected, H17-L19 and H17-L10 exert strong selection on entirely distinct sets

of residues, but H17-L7 and H18-S415 exert selection on similar sets of residues in the

Cb antigenic region. For three of the antibodies, the strongly selected residues are within

short contiguous stretches of primary amino-acid sequence, but for H17-L10 the strongly

selected residues are distributed across 70 residues of HA’s primary sequence. Overall,

these results show that mutational antigenic profiling can comprehensively identify the

selection imposed by diverse antibodies.

4.3.3 Comparison to traditional neutralization assays

The results above were obtained using experiments that examined tens of thousands of

viral variants in parallel. How do these high-throughput measurements compare to the
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Figure 4.4: Mutational antigenic profiling of four antibodies. (A) Each antibody exerts a differ-
ent profile of selection on HA. (B) Zoomed in view of some of the most strongly selected sites for
each antibody. The wild-type amino acid is shown under the logoplots. Sites where mutations were
selected in classical escape-mutant selections [53, 23] are underlined. Logoplots spanning all of
HA are in Figure C.3, Figure C.4, Figure C.5, and Figure C.6. (C) The selection from each antibody
visualized on HA’s structure (PDB 1RVX [51]). Each site is colored from white to red based on the
differential selection for the most strongly selected mutation at that site. Red indicates strong dif-
ferential selection. All structures show trimeric HA in the same orientation (the epitope is visible for
two of the three monomers for H17-L19, H17-L7, and H18-S415). See Figure C.2 for a zoomed-in
structural view. The y-axis scale is set separately for each antibody; since the measured strength
of differential selection depends on the concentration / potency of the antibody and the mutational
tolerance of the viral epitope, it was impossible to precisely standardize selection strength across
antibodies. The scale bar in each logo plot shows the letter height for a mutation with differential
selection of 8 (a 256-fold enrichment). The data for each antibody is the average across three
biological replicates.
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antigenic effects of mutations measured by traditional low-throughput methods? To ad-

dress this question, we tested some of our key findings with neutralization assays on

individual viral mutants. To do this, we used site-directed mutagenesis to introduce sin-

gle amino-acid mutations into the HA gene, generated viruses by reverse genetics, and

performed GFP-based neutralization assays [70].

A clear observation from the mutational antigenic profiling is that at some residues,

only a few of the possible amino-acid mutations are strongly selected by any given anti-

body, concordant with prior work showing that a limited number of mutations are sufficient

for antigenic drift [75]. For instance, at HA residue 154, the H17-L19 antibody exerts

strong selection only for mutations H154E and H154D, both of which introduce a neg-

atively charged amino acid (Figure 4.4B, Figure 4.5A; residues are numbered sequen-

tially beginning at the N-terminal methionine, other numbering schemes are in https://

github.com/mbdoud/mutational_antigenic_profiling/blob/master/HA_numbering.txt).

We generated viruses carrying the H154E mutation or a mutation to alanine (H154A),

which mutational antigenic profiling did not find to be under differential selection. Neu-

tralization assays confirmed that the H154E mutant completely escaped at all antibody

concentrations tested, while the H154A mutant was as sensitive to antibody as wild-type

(Figure 4.5A). Therefore, a more limited method such as alanine scanning would not have

identified residue 154 as a site of escape mutations. This finding demonstrates the impor-

tance of assaying all amino-acid mutations if the goal is to comprehensively map sites of

escape.

Another example of mutation-level sensitivity is HA residue 148, where antibody H17-

L19 only selects for mutations to serine and threonine (Figure 4.4B). Both the V148T and

V148S mutations introduce a motif (N-X-S/T) that potentially leads to glycosylation of the

asparagine at site 146. To confirm that only some mutations at site 148 enable escape, we

generated the V148T mutant as well as another mutant (V148R) that does not introduce

a glycosylation motif. As expected, V148T dramatically reduced the virus’s sensitivity to

the antibody, whereas V148R only had a small effect (Figure 4.5A).
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Figure 4.5: Comparison of the selection measured by mutational antigenic profiling with
the antigenic effects of mutations in traditional neutralization assays on individual viral
mutants. In each panel, the logo plot shows the results of the mutational antigenic profiling at the
sites of mutations chosen for testing, and the graph shows the results of the neutralization assays.
There is excellent concordance between whether a mutation is strongly selected in the mutational
antigenic profiling and whether it has an effect in the neutralization assay. In many cases, only
some of the amino-acid mutations at a site strongly affect neutralization by a given antibody – and
the mutational antigenic profiling reliably distinguishes between mutations that do and do not have
an effect. The antibodies in each panel are: (A) H17-L19, (B) H17-L10, (C) H17-L7, (D) H18-S415.

The mutational antigenic profiling suggests similar mutation-level sensitivity in escape

from antibody H17-L10. At residue 234, there is strong differential selection only for mu-

tations to the positively charged amino-acid residues lysine and arginine (Figure 4.4B).

We generated a virus carrying one of these mutations (P234K) as well as a virus carry-

ing another mutation at the same residue (P234V) that was not under differential selec-

tion. Neutralization assays confirmed that the P234K mutation escaped H17-L10, while

the P234V mutation caused no change in antibody sensitivity (Figure 4.5B). Interestingly,

in HA’s structure, site 234 is on a neighboring protomer relative to all the other muta-

tions strongly selected by H17-L10 (Figure C.2). Our finding that escape mutations from
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H17-L10 cross the HA trimer interface is consistent with the fact that this antibody only

recognizes trimeric HA [88]. Escape mutations at such epitopes are discernible because

mutational antigenic profiling uses actual viruses that display intact HA; such conforma-

tional epitopes might not be properly displayed in the modified forms of viral glycoproteins

often used in other high-throughput methods such as phage and yeast display.

Overall, these results indicate the power of mutational antigenic profiling to map residues

where only a few specific amino-acid mutations lead to escape from antibody. Because

this approach examines HA in its native context on influenza virions, it can comprehen-

sively map escape mutations even in complex conformational epitopes.

4.3.4 Unique repertoires of escape mutations from two antibodies targeting the same

site in HA

Two of the antibodies used in our study (H17-L7 and H18-S415) target the same antigenic

region of HA, with residue 89 under strong selection from both antibodies (Figure 4.5C,D).

Do these antibodies select the same or different amino-acid mutations at this residue?

The mutational antigenic profiling suggests that both antibodies select mutations to neg-

atively charged amino acids (P89D and P89E; Figure 4.5C,D). However, each antibody

also selects a unique set of additional mutations, such as P89Y for H17-L7 and P89T for

H18-S415.

We generated viruses containing the P89D, P89Y, or P89T mutations and tested their

sensitivity to both antibodies using neutralization assays. In agreement with the mutational

antigenic profiling, the P89D mutant escaped both antibodies, but P89Y only escaped

from H17-L7 and P89T only escaped from H18-S415 (Figure 4.5C,D). Thus, when two

antibodies target the same site, there can be both common and antibody-specific routes

of escape. Characterizing antibody escape at the level of protein sites therefore only

provides a partial picture of antigenicity. A complete understanding of escape requires

consideration of every mutation at every site.
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4.3.5 Comparison to classical escape-mutant selections

The antigenicity of H1 HA was originally characterized in classic experiments that selected

individual viral escape mutants with a panel of mouse monoclonal antibodies [53, 23].

These experiments identified a handful of mutations that ablated binding by each anti-

body (Table C.2 and underlined residues in Figure 4.4B). All four antibodies used in our

study are from the original panel used in the classic experiments. We expected that the

sites of differential selection identified by mutational antigenic profiling would include the

previously identified mutations.

Indeed, there is strong overlap between sites identified by mutational antigenic profiling

and sites of mutations selected in the classic experiments (Figure 4.4B). However, we

also identified numerous additional escape mutations at those and other sites. In some

cases, the sites of strongest differential selection were not identified at all in the classic

experiments. For instance, as shown in Figure 4.4, the classic escape-mutant selections

failed to identify site 157 for H17-L19, site 89 for H17-L7, and site 89 for H18-S415.

Differences in the virus strains used (as discussed below) may account for some of these

discrepancies. Additionally, it is likely that mutations at these sites were not uncovered

in escape-mutant selections because each such selection only finds one mutation, with

a strong bias towards those that arise from single-nucleotide changes that are prevalent

in the viral stock. In contrast, our approach simultaneously examines all amino-acid point

mutations.

The exception to the concordance between mutational antigenic profiling and clas-

sic escape-mutant selections is antibody H18-S415 (Figure 4.4B). The classic selections

failed to identify any mutations at site 89 despite the fact that mutational antigenic pro-

filing finds by far the strongest differential selection at this residue. This discrepancy is

not due to spurious signal in the mutational antigenic profiling, since Figure 4.5D vali-

dates that mutations at site 89 potently escape H18-S415. Perhaps the stochasticity of

escape-mutant selections caused the classic experiments to fail to probe mutations at site
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89.

It is worth noting that the differential selection exerted by H18-S415 in our experiments

is substantially noisier than the differential selection for the other antibodies (Figure 4.4A,

Figure C.1). In another recent study, H18-S415 selected an escape virus containing both a

mutation in HA and a mutation in the neuraminidase (NA) gene that decreased NA protein

expression, leading to increased virus avidity for host cell receptors [37]. The selection

of avidity-enhancing mutations has been observed in selection of escape viruses using

mixtures of antibodies [139, 67], and it is even possible that the H18-S415 hybridoma

cell line is not completely monoclonal. Alternatively, it is possible that it is simply more

difficult for the virus to escape H18-S415, and so there is more stochastic noise in which

mutations appear in our selections.

The mutational antigenic profiling also failed to find strong selection from H18-S415

for some mutations reported in the classic experiments (L87P, S92P, and E132K; see Fig-

ure 4.4B, Table C.2, and Figure C.6). Why were these mutations selected in the classic

experiments but not the mutational antigenic profiling? An important point is that the clas-

sic experiments used a different virus strain (A/Puerto Rico/8/1934) than the A/WSN/1933

strain used for our mutational antigenic profiling. In order for a mutation to be under differ-

ential selection, it must both support viral replication and affect antigenicity. The mutations

L87P, S92P, and E132K are all strongly disfavored under simple selection for viral replica-

tion in the A/WSN/1933 strain [41], which likely explains why they are not under strong dif-

ferential selection in our mutational antigenic profiling. This fact is an important reminder

that while mutational antigenic profiling completely maps antibody selection on all single

amino-acid mutations that support viral replication in a given viral strain, it does not reveal

how the effects of mutations shift with changes in strain background. It remains an open

question how well measurements of the effects of mutations on viral replication [40, 133]

and antigenicity [37] can be extrapolated beyond the specific genetic backgrounds tested

in the lab.
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4.4 Discussion

We have used a new high-throughput approach to completely map the amino-acid mu-

tations that enable influenza virus to escape from four neutralizing antibodies. Our ap-

proach is conceptually similar to recent methods that couple deep sequencing with phage

or yeast display assays for antibody binding [76, 1, 50]. But whereas those methods se-

lect for binding to antigens expressed in bacteria or yeast, our approach selects for actual

neutralization in the context of replication-competent virus. Our experiments therefore

measure a phenotype directly relevant to virus evolution: whether a mutation enables a

virus to escape neutralization by an antibody.

Our approach also bears similarities to the classic method of selecting individual viral

escape mutants. However, escape-mutant selections rely on the occurrence of de novo

mutations in a viral stock. Therefore, like evolution itself, such selections are stochastic,

and only identify one of potentially many escape mutations. In contrast, our massively par-

allel experiments simultaneously examine all single amino-acid mutations, thereby mini-

mizing stochasticity and allowing us to completely map antibody selection on all point

mutations.

The most striking finding from our work is the exquisite mutation level-sensitivity of

antibody escape. For each of the four antibodies, we identified residues in HA where

only some of the possible amino-acid mutations conferred escape. In some cases, this

mutation-level sensitivity is easy to rationalize: we found examples where escape required

mutations that introduce glycosylation motifs or change the charge of the amino-acid

sidechain. But in other cases, the effects are not only difficult to rationalize but depend

on the antibody. For instance, we identified a residue targeted by two antibodies where

a mutation that escaped the first antibody had no effect on the second and vice versa.

Previous studies have distinguished between an antibody’s “functional epitope” and phys-

ical footprint based on the observation that binding is disrupted by mutations at only some

residues that contact the antibody [72, 90, 35, 106]. Our findings extend this concept by
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showing that even within the functional epitope, only certain mutations mediate escape,

consistent with the observation that a small number of amino-acid mutations in HA can

cause extensive antigenic drift of H3N2 influenza virus [75].

These results underscore the shortcomings of thinking about viral antigenic evolution

purely in terms of antigenic sites. For instance, many approaches to forecast and model

influenza virus evolution are based on partitioning HA into antigenic and non-antigenic

sites [86, 93]. However, our work shows that for any individual antibody, it is important to

consider the exact amino-acid mutation as well as the site at which it occurs. Application

of mutational antigenic profiling to contemporary viral strains and antibodies will enable

the prospective mapping of immune-escape mutations on a vastly more comprehensive

scale than previously possible.
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Chapter 5

CONCLUSION

Deep mutational scanning can be used to comprehensively measure the effects

of mutations to influenza genes. In this dissertation I presented applications of deep

mutational scanning to the influenza nucleoprotein (NP) and hemagglutinin (HA) genes.

In each case, I made plasmid mutant libraries with codon mutagenesis to introduce all

possible amino-acid altering mutations, generated mutant virus libraries from these plas-

mid libraries, subjected mutant virus libraries to selection, and used deep sequencing to

measure changes in mutation frequencies before and after selection. First, by selecting

for viral replication in cell culture, I measured the inherent tolerance for mutation to all

possible amino acids at every site in these two genes. The measurements of mutational

tolerance in NP allowed me to make the first comparative study of the effects of all mu-

tations to two homologs of the same protein. The HA mutant virus libraries subsequently

allowed for the the first comprehensive profiling of escape mutations to neutralizing mon-

oclonal antibodies. The experimental and analytical approaches developed in all three

studies should be generally applicable to the generation of mutant influenza libraries for

the study of specific phenotypes beyond replication and antibody escape, in the analy-

sis of deep mutational scanning datasets on multiple homologs of a protein, and in the

analysis of differential selection between defined selective pressures.

As expected, the mutational tolerance results were consistent with the known struc-

ture and biological function of both viral proteins. For example, one of HA’s most important

roles in the viral lifecycle is to bind the virus to host receptors, and the tolerance for mu-

tations in the receptor-binding pocket is low, likely because most mutations at these sites

interfere with receptor binding (Figure 3.6). Similarly, one of NP’s biological functions is
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to encapsidate the viral RNA genome along an RNA-binding groove on the surface of

the protein, and these RNA-binding sites were among those with the most conserved

functional constraint when I compared mutational effects across two NP homologs (Fig-

ure 2.6).

Despite the fact that there are obvious selective pressures that exist in nature that

I could not recapitulate in a laboratory experiment, the mutational tolerance results are

also reflective of evolutionary constraint on these genes. Site-specific substitution models

informed by these experiments modeled the natural molecular evolution of HA and NP

over the past century vastly more accurately than standard substitution models lacking

experimental information on mutational effects (Tables 2.1, 2.2, 3.1).

Mutational effects are mostly conserved between two viral protein homologs. If

mutational effects change significantly as a protein’s sequence evolves, the utility of using

these data to model evolution over large sequence divergences will degrade. There are

many examples of experimentally validated epistasis, where a mutation at a single site

can shift the amino-acid preferences at other sites [129, 96, 34, 87, 56, 92, 101]. Clearly

this is a phenomenon that happens, but how frequently, and to what extent, do amino-acid

preferences shift during the molecular evolution of a particular gene? I first approached

this question by directly comparing mutational effects measured in deep mutational scan-

ning on two NP homologs, and found that at most sites, mutational effects are conserved

between these homologs (Figure 2.5).

Put another way, to what extent do the site-specific amino-acid preferences measured

in one viral strain describe the evolution of more distantly-related viruses? This is the

more practical question, since we are interested in applying the results of deep mutational

scanning on specific strains of influenza virus to modeling and predicting the evolution of

related, but diverged viral genotypes. The data from either NP homolog can accurately

describe the evolution of NP from a wide range of influenza viruses infecting humans, pigs,

horses, and birds (Figure 2.1, Tables A.1, A.2, A.3), demonstrating that mutational effects
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measured in one protein homolog can model the evolution of more distant homologs.

How far across evolutionary time will this hold? As protein sequences become more

and more diverged, we expect the effects of mutations to shift more as well. At what

point will the frequency and magnitude of epistasis become so great that site-specific

amino-acid preferences measured in one homolog fail to describe the evolution of dis-

tant homologs? Experimental evidence suggests that despite the fact that epistasis re-

sults in shifts at some sites, the amino-acid preferences of many, if not most sites remain

similar across homologs with relatively low levels of sequence identity [111, 16]. Future

work comparing comprehensive measurements of mutational effects directly between ho-

mologs of other proteins at greater levels of sequence divergence is needed to definitively

answer this question. Of particular interest will be direct comparisons between homologs

of rapidly-evolving viral proteins such as influenza hemagglutinin or HIV Env [59].

Mutational antigenic profiling completely maps viral mutations conferring escape

from antibodies. Selection imposed from various components of the immune system,

such as neutralizing antibodies, is thought to be a primary driver of influenza’s rapid evo-

lution. Some protein sites in HA have long been classified as antigenic sites, based on

classic work selecting individual escape mutations with neutralizing monoclonal antibod-

ies [53, 23], and binary classifications of antigenicity are often used to model and predict

viral evolution [86, 93]. But do all mutations within these antigenic sites have equal effects

on antigenicity? How complete is our understanding of the full spectrum of mutations that

can confer escape from neutralizing antibodies?

Prior to the work presented here, many methods have been developed to map antibody

epitopes, and to approach the related problem of identifying mutations within antibody

epitopes that confer antibody escape. X-ray crystallography is often used to delineate the

structural footprint of antibodies on antigens, but protein-protein interactions are driven by

‘hot-spots’ of binding energy, making it difficult, if not currently impossible, to accurately

predict how mutations within the structural footprint of an antibody will affect molecular
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recognition [72, 90, 35, 106, 33, 30, 18].

Since predictions are difficult, mutagenesis-based approaches to mapping antibody

epitopes have the benefit of actually testing mutants for binding or neutralization by an-

tibody. Alanine scanning mutagenesis has been a useful technique which, as opposed

to testing all possible mutations, only tests alanine mutations, thereby reducing library

complexity to match available experimental throughput. However, the effects of other mu-

tations are difficult to predict. Physiochemically “conservative” mutations (eg., arginine

to lysine) can have unexpectedly large effects on antibody binding [24], and mutations

structurally predicted to interfere with binding can be accommodated by molecular re-

arrangements at the interface [35]. Truncating the amino-acid side chain at the site of

interest to alanine will not necessarily result in the same effect as substituting to one of

the other amino acids. Error-prone PCR libraries go a step beyond alanine scanning li-

braries by introducing random nucleotide point mutations instead of focusing solely on

alanine mutations. However, the single-nucleotide mutations introduced by error-prone

PCR are limited by the structure of the genetic code in which amino-acid substitutions

are available for any given codon, and on average only half of the possible amino-acid

sequence space can be accessed through error-prone mutagenesis. Codon mutagene-

sis, on the other hand, offers the ability to sample all possible amino-acid point mutations

to a protein sequence. Recent methods have coupled deep sequencing with phage or

yeast display assays for antibody binding [76, 1, 50]. However, these approaches select

only for antibody binding to antigens expressed in bacteria or yeast, and some antibody

epitopes, such as those crossing the interface between neighboring protomers in the in-

fluenza hemagglutinin trimer (Figure C.2, [88]), may not be appropriately assembled when

displayed on the surface of phage or yeast.

As opposed to selection for binding to displayed antigens, the actual neutralization of

replication-competent virus may be a more relevant phenotype to select for when iden-

tifying escape mutations is the goal. In the context of infectious viruses, escape mutant

selections have classically been used to map antibody escape, but as discussed in Chap-
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ter 4, this method relies on de novo mutations within wild-type stocks of virus, greatly

limiting the mutation sampling and throughput.

I developed a new experimental approach utilizing codon mutagenesis, helper-virus

based rescue of mutant virus libraries, selection by monoclonal antibody, and deep se-

quencing to completely map viral mutations conferring escape neutralizing antibodies.

There are several strengths to this approach over existing approaches: it samples all

amino-acid mutations that are compatible with viral replication, and completely and re-

producibly identifies those mutations that confer antibody escape in the context of an

infectious virus. Once the mutant virus libraries are made, it is relatively easy to profile

multiple neutralizing antibodies in parallel. The results I obtained with four monoclonal

antibodies targeting three antigenic regions on HA revealed that at most sites within each

antibody epitope, only some of the possible amino-acid mutations confer escape, and

even similar antibodies targeting the same site in HA elicit unique profiles of escape mu-

tants (Figures 4.4, 4.5).

Previous work investigating the effects of mutations on antibody recognition have

largely been limited to querying the effects of alanine substitutions in the epitope. This line

of work established that an antibody’s “functional epitope” is comprised of only a subset

of the sites within the structural epitope [72, 90, 35, 106]. However, alanine substitutions

are not necessarily indicative of the effects of all the other possible amino-acids. Here

I extend this concept by showing that even within the “functional epitope”, only certain

mutations at each site mediate escape, and alanine scans are not suitable to detect all

sites within the “functional epitope”. This cautions against a simplified view of viral anti-

genic evolution defined by classifications of sites as antigenic or non-antigenic, since for

individual antibodies, the specific mutations conferring escape vary both by site and by

antibody.

There are several important questions raised by these results. This approach maps

all mutations to one specific strain that confer antibody escape, but to what extent do

these effects vary across sequence contexts? This remains an important question for
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future work to address, since changes in either mutational tolerance or antigenicity be-

tween viral strains could in principle change the repertoire of escape mutations. To what

extent does mutational tolerance constrain the repertoire of escape mutants? Are there

many mutations that are normally deleterious, but would confer escape in the context of a

compensating mutation that allows the virus to tolerate the escape mutation? Various ap-

proaches can be taken to begin to answer these questions. Mutational antigenic profiling

can be performed on multiple diverged viral genotypes with a panel of cross-neutralizing

antibodies in order to explore the extent that A) tolerated mutations can confer escape

in one genotype context vs. another, and B) changes in mutational tolerance between

genotypes can shape the available repertoire of escape mutations. Furthermore, alterna-

tive library construction strategies can prioritize a small set of sites (for instance, within

the binding footprint of an antibody) to reduce the combinatorial complexity and allow for

sufficient sampling of higher-order multiple mutants. It will be interesting to see the extent

that epistasis among multiple sites within an antibody epitope can shape the effects of

mutations on antibody escape.

Obviously, the selective pressures of the immune system on the natural evolution of

influenza virus are much more complicated than the effects of monoclonal antibodies that

can neutralize the virus in vitro. What is the best way to recapitulate the natural selective

pressures in a mutational antigenic profiling experiment? How do multiple monoclonal an-

tibody specificities combine to exert selection on the virus? Mutational antigenic profiling

of mixtures of two or more monoclonal antibodies such as those used in these experi-

ments can be used to begin to recapitulate the selective pressures of polyclonal serum.

Such ‘synthetic’ polyclonal sera can be constructed with varying potencies of each mon-

oclonal antibody to examine whether selection with multiple antibodies simultaneously is

additive with respect to monoclonal selective pressures. Future work will need to evaluate

various in vitro and in vivo methods for immune selection on mutant virus libraries with

polyclonal sera. Applications of this approach with contemporary viruses and antibodies

will be necessary to reveal the full potential for using these data to forecast viral evolution.
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Appendix A

SUPPLEMENTARY MATERIAL FOR CHAPTER 2



78

Table A.1: Combining experimentally informed substitution models for swine influenza NP.
This table differs from Table 2.1 in that the phylogenetic fit is for the tree of swine NPs shown in
Figure 2.1.

model ∆AIC
log like-
lihood

parameters
(optimized

+ empirical) optimized parameters
Aichi/1968 + PR/1934 0.0 -6832.4 5 (5 + 0) RA→G = 4.9, RA→T = 0.9, RC→A =

1.4, RC→G = 0.1, β = 2.8
PR/1934 390.4 -7027.6 5 (5 + 0) RA→G = 5.1, RA→T = 0.9, RC→A =

1.4, RC→G = 0.1, β = 2.1
Aichi/1968 563.3 -7114.0 5 (5 + 0) RA→G = 5.0, RA→T = 0.8, RC→A =

1.4, RC→G = 0.1, β = 2.4
GY94, gamma ω,
gamma rates

2153.5 -7901.2 13 (4 + 9) κ = 5.9, ω shape = 0.3, mean ω =
0.0, rate shape = 2.9
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Table A.2: Combining experimentally informed substitution models for equine influenza NP.
This table differs from Table 2.1 in that the phylogenetic fit is for the tree of equine NPs shown in
Figure 2.1.

model ∆AIC
log like-
lihood

parameters
(optimized

+ empirical) optimized parameters
Aichi/1968 + PR/1934 0.0 -2458.1 5 (5 + 0) RA→G = 10.4, RA→T = 0.7, RC→A

= 1.5, RC→G = 0.4, β = 2.8
PR/1934 244.1 -2580.1 5 (5 + 0) RA→G = 10.6, RA→T = 0.7, RC→A

= 1.5, RC→G = 0.4, β = 2.0
Aichi/1968 337.5 -2626.8 5 (5 + 0) RA→G = 10.7, RA→T = 0.6, RC→A

= 1.4, RC→G = 0.3, β = 2.4
GY94, gamma ω,
gamma rates

2270.1 -3585.2 13 (4 + 9) κ = 13.0, ω shape = 0.0, mean ω =
0.1, rate shape = 1.7
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Table A.3: Combining experimentally informed substitution models for avian influenza NP.
This table differs from Table 2.1 in that the phylogenetic fit is for the tree of avian NPs shown in
Figure 2.1.

model ∆AIC
log like-
lihood

parameters
(optimized

+ empirical) optimized parameters
Aichi/1968 + PR/1934 0.0 -5686.6 5 (5 + 0) RA→G = 8.7, RA→T = 1.1, RC→A =

1.3, RC→G = 0.0, β = 3.2
PR/1934 334.3 -5853.7 5 (5 + 0) RA→G = 9.0, RA→T = 1.1, RC→A =

1.3, RC→G = 0.0, β = 2.3
Aichi/1968 639.0 -6006.1 5 (5 + 0) RA→G = 8.9, RA→T = 1.0, RC→A =

1.3, RC→G = 0.0, β = 2.5
GY94, gamma ω,
gamma rates

1730.0 -6543.6 13 (4 + 9) κ = 9.2, ω shape = 0.0, mean ω =
0.0, rate shape = 1.9
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Figure A.1: Logoplot of amino-acid preferences for PR/1934 NP. The mean preferences for
sites 2 through 498 of PR/1934 are represented in a sequence logo-like visualization created with
the program dms logoplot. The height of each letter is proportional to the preference for that
amino-acid at that site.
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Figure A.2: Logoplot of amino-acid preferences for Aichi/1968 NP. The mean preferences for
sites 2 through 498 of Aichi/1968 are represented in a sequence logo-like visualization created
with the program dms logoplot. The height of each letter is proportional to the preference for that
amino-acid at that site.
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Figure A.3: Logoplot of amino-acid preferences for combined PR/1934+Aichi/1968 NP. The
mean preferences for sites 2 through 498 of the combined Aichi/1968 + PR/1934 model are rep-
resented in a sequence logo-like visualization created with the program dms logoplot. The height
of each letter is proportional to the preference for that amino-acid at that site.
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Figure A.4: Characterization of NP plasmid mutant libraries generated by codon mutagen-
esis. The distributions of number of mutated codons per clone (A, C) and number of nucleotide
changes per codon mutation (B, D) were determined by full-length Sanger sequencing of individual
clones. A-B: PR/1934 libraries, C-D: Aichi/1968 libraries.

Figure A.5: Null distributions of RMSDcorrected generated by simulation. The null distributions
generated by simulation are shown in red; experimental distributions are shown in blue.
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Materials and Methods

Availability of data and computer code

FASTQ files can be accessed at the Sequence Read Archive (SRA Accession SRP056028).

The computer code necessary to reproduce all the analysis in this work is available at

https://github.com/mbdoud/Compare-NP-Preferences.

Deep mutational scanning of two influenza nucleoprotein homologs

We performed deep mutational scanning of influenza nucleoprotein (NP) in three biologi-

cal replicates for A/PR/1934 (H1N1) and two biological replicates for A/Aichi/1968 (H3N2)

(termed here as Aichi/1968 current study ). We broadly followed the methods used for mu-

tagenesis, viral rescue, deep sequencing, and inference of amino-acid preferences from

sequence data described in [15], with the following notable changes to the protocol.

Codon mutagenesis. For each replicate mutant library, we followed the mutagenesis

protocol as previously described [15], but performed two rounds of mutagenesis instead

of three to decrease the average number of mutations per clone. After ligation of mutag-

enized PCR products to the pHW2000 [69] plasmid backbone, multiple parallel transfor-

mations and platings were combined to ensure that each replicate library contained more

than 106 unique transformants. Sanger sequencing of 30 clones from each homolog re-

vealed that the number of mutations per clone was approximately Poisson distributed with

an average of 1.7 mutations per clone for the PR/1934 libraries and 2.1 mutations per

clone for the Aichi/1968 libraries, with mutations distributed uniformly across the length of

the gene.

Growth of mutant virus libraries. We used reverse genetics [69] to rescue viruses

carrying mutant NP genes. Co-cultures of 293T and MDCK-SIAT1 cells were plated 16
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hours prior to transfection in D10 media (DMEM supplemented with 10% FBS, 100 U/mL

of penicillin,100 µg/mL of streptomycin, and 2 mM L-glutamine) at cell densities of 3x105

293T/mL and 2.5x104 MDCK-SIAT1/mL. Co-cultures were transfected using BioT trans-

fection reagent (Bioland Scientific) with a mixture of 250 ng of each of the eight reverse

genetics plasmids per well in 6-well plates. In order to circumvent the possibility of rare

mutants with exceptional replication fitness growing to high frequencies and limiting the

growth of other mutants, we divided each transfection into multiple tissue-culture wells.

For the PR/1934 libraries, we rescued viruses containing the mutagenized PR/1934

NP with the seven remaining PR/1934 viral gene segments, and each replicate mutant

library was transfected into the twelve wells of two 6-well plates. For the Aichi/1968 li-

braries, we used a viral rescue protocol that increases the number of parallel transfections

and uses 293T cells that constitutively express protein V from hPIV2. This protein tar-

gets STATI for degradation, thereby inhibiting type I interferon signaling [3]. We rescued

these Aichi/1968 virus libraries by transfecting the Aichi/1968 NP mutant library along

with PB1/PB2/PA from Nanchang/933/1995 (using the plasmids in [56] and HA/NA/M/NS

from WSN/1933 into 48 wells of eight 6-well plates. For both homologs, in parallel, we

performed similar transfections using the corresponding unmutated NP genes to grow

unmutated virus.

At 24 hours after transfection, co-culture media was aspirated, cells were rinsed with

PBS, and the media was changed to influenza growth media (OptiMEM I media (Gibco)

supplemented with 0.01% FBS, 0.3% BSA, 100 U/mL of penicillin,100 µg/mL of strepto-

mycin, 100 µg/mL calcium chloride, and 3 µg/mL TPCK-trypsin). Co-culture supernatant

was collected 72 hours after transfection, clarified by centrifugation at 2,000xg for 5 min,

aliquoted and stored at -80◦ C.

Since many of the virions obtained from transfection with mutant NP library plasmids

are likely to have originated in cells that contained more than one mutant NP gene and

therefore might carry NP genes and NP proteins with different mutations, we passaged

viruses in MDCK-SIAT1 cells at a low multiplicity of infection (MOI) to enforce genotype-
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phenotype linkage. We titered viruses from thawed transfection supernatant aliquots

for each replicate virus library using the TCID50 protocol described in [123]. We then

passaged viral libraries in MDCK-SIAT1 cells. Cells were plated in D10 media at 2x105

cells/mL. After 16 hours, the media was changed to influenza growth media containing

diluted transfection supernatant virus. PR/1934 libraries were each passaged in 20 wells

of 6-well dishes at an MOI of 0.05 TCID50/cell, and Aichi/1968 libraries were each pas-

saged in eight 10-cm dishes at an MOI of 0.1 TCID50/cell. After 48 hours, supernatant

was clarified by centrifugation at 2,000xg for 5 min, aliquoted and stored at -80◦ C.

Sample preparation and deep sequencing. For each virus sample to be sequenced,

10 mL of clarified viral passage supernatant was centrifuged at 64,000xg for 1.5 hours

to pellet viruses. RNA was extracted using the Qiagen RNEasy kit by lysing viral pellets

in buffer RLT and following the manufacturer’s recommended protocol. The NP gene

was reverse transcribed using AccuScript High-Fidelity Reverse Transcriptase (Agilent

Technologies) from both positive-sense and negative-sense viral RNA templates using the

primers PR8-NP-RT-F (5’-agcaaaagcagggtagataatcactcactgagtgac-3’) and PR8-NP-RT-R

(5’-agtagaaacaagggtatttttcttta-3’) for PR/1934 viruses or the primers 5’-BsmBI-Aichi68-

NP (5’-catgatcgtctcagggagcaaaagcagggtagataatcactcacag-3’) and 3’-BsmBI-Aichi68-NP

(5’-catgatcgtctcgtattagtagaaacaagggtatttttcttta-3’) for Aichi/1968 viruses.

To ensure a sufficiently large number of unique RNA molecules were reverse tran-

scribed, we used qPCR (SYBR Green Real-Time PCR Master Mix, Life Technologies)

using primers qWSN-NP-for (5’-ACGGCTGGTCTGACTCACAT-3’) and qPR8-NP-rev (

5’-TCCATTCCGGTGCGAACAAG-3’) to quantify the concentration of first-strand cDNA

molecules against a standard curve of linear NP amplicons quantified by Quant-iT PicoGreen

dsDNA Assay Kit (Life Technologies). We then made PCR amplicons with KOD DNA Poly-

merase (Merck Millipore) using at least 1x109 first-strand cDNA molecules as template in

each reaction for viral gene sequencing. We also made PCR amplicons using 10 ng of

the indicated plasmids for plasmid sequencing. For each biological replicate, we gener-
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ated these PCR amplicons with 25 cycles of amplification using unmutated NP plasmid,

mutated NP plasmid, NP cDNA from unmutated virus, and NP cDNA from mutated virus

as template for the DNA, mutDNA, virus, and mutvirus samples, respectively.

To reduce the sequencing error rate, we developed a sequencing sample preparation

protocol that results in sequencing libraries with inserts approximately 150 bp long. This

allowed us to use paired-end 150 bp sequencing to achieve mostly overlapping reads so

that sequencing errors resulting in mismatches between the two reads could be identified

and ignored during data analysis. To make these sequencing libraries, we gel-purified the

DNA, mutDNA, virus, and mutvirus PCR amplicons and sheared 1 µg of each amplicon

using Covaris to a median size of approximately 150 bp. We followed the modified Illumina

paired-end library preparation protocol provided in [65] for end repair, 3’ A overhang, and

adapter ligation steps, using Zymo DNA Clean & Concentrator columns (Zymo Research)

or Ampure XP (Beckman Coulter) magnetic beads for DNA clean-up after shearing, end

repair, and 3’ A overhang steps. Barcoded Y-adapters were made by annealing 10 µL of

100 µM PAGE purified universal adapter (5’-AATGATACGGCGACCACCGAGATCTAC

ACTCTTTCCCTACACGACGCTCTTCCGATC*T-3’, where * indicates phosphorothioate

bond) to 10 µL of 100 µM PAGE purified barcoded adapter (5’-PGATCGGAAGAGCACA

CGTCTGAACTCCAGTCACNNNNNNATCTCGTATGCCGTCTTCTGCTT*G-3’, where P

indicates 5’ phosphorylation, * indicates phosphorothioate bond, and NNNNNN indicates

sample-specific barcode). Each 20 µL mixture (one mixture for each barcode sequence)

was annealed by heating to 95◦ C for 5 minutes and cooling at 0.3◦ C/second to 4◦ C.

The resulting Y-adapters were diluted to 25 µM by adding 20µL 10 mM Tris pH 7.5 and

stored in 4 µL aliquots at -20◦ C. Y-adapters with unique barcodes (ATCACG, ACTTGA,

TAGCTT, GGCTAC, TTAGGC, GATCAG, ACTGAT, CGTACG, CGATGT, TGACCA, CA-

GATC, and CCGTCC) were ligated to samples derived from each biological replicate of

each amplicon and ligation products were purified using 0.8X bead-to-sample ratio Am-

pure XP.

Purified adapter-ligated products for each sample were quantified by Quant-iT PicoGreen
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dsDNA Assay Kit (Life Technologies) and 25 ng was used as template for a 4-cycle

PCR using Phusion High-Fidelity Polymerase (Thermo Scientific) to amplify inserts with

adapters properly ligated on both sides. This amplification step was performed with the

following components: 25 ng template DNA, 5 µL 5X Phusion buffer, 2.5 µL mixture of

each dNTP at 2.5 mM, 2 µL forward primer at 10 µM (5’-AATGATACGGCGACCACCGA

GATCTACACTCTTTCCCTACACGA-3’), 2 µL reverse primer at 10 µM (5’-CAAGCAGAA

GACGGCATACGAGAT-3’), and 0.25 µL Phusion polymerase in a final reaction volume

of 25 µL. PCR products were purified using 1.0X bead-to-sample ratio Ampure XP and

quantified using PicoGreen. Samples were pooled in equal amounts and size-selected on

a 2.0% agarose gel for fragments between 240 bp and 300 bp, which contain sequencing

inserts in the size range of 120-180 bp. The size-selected sample was then sequenced at

the Fred Hutchinson Genomics Core on an Illumina HiSeq 2500 using a paired-end 150

bp sequencing strategy in rapid run mode.

Analysis of deep sequencing data. Sequencing data processing was performed using

the software package mapmuts [15]. Briefly, for each replicate sample of DNA, mutDNA,

virus, and mutvirus, paired reads were stripped of any adapter sequence and aligned to

each other. Read pairs were discarded if any of the following criteria were met: less than

100 bp of overlap between reads, average Q-score less than 25 across either read, more

than 5 ambiguous nucleotides (N nucleotides) in either read, or more than 1 mismatch

in the overlap between reads. Retained read pairs were then aligned to the appropriate

reference NP gene sequence for PR/1934 or Aichi/1968 NP, and read pairs with more than

10 mismatches to the reference sequence or with any gaps or insertions were discarded.

Once aligned to the reference sequence, codon identities at every position were called

only if all three nucleotides in the codon matched unambiguously in both reads. The

total number of codon identities at every codon position in the coding region were totaled

for each sample (DNA, mutDNA, virus, and mutvirus), separately for each biological

replicate.



90

Inference of amino-acid preferences. We specify that at every site r in the protein,

there is an inherent preference πr,a for every amino acid a, and we specify that
∑

a πr,a = 1.

The preference πr,a can be considered to be the expected frequency of amino acid a at

site r in a mutant virus library after viral growth from a starting plasmid mutant library that

contains equal numbers of every amino acid encoded at site r. Thus, mutations to amino

acids with high preferences are beneficial and will be selected for during viral growth, and

mutations to amino acids with low preferences will inhibit viral growth and will be selected

against. Since the plasmid mutant libraries we generated contain on average more than

one mutation per clone, the amino-acid preferences we measure represent an average

preference in a variety of genetic backgrounds very similar to the starting sequence.

Let A(x) represent the amino acid encoded by codon x and let C represent the set of

all codons. The effect of the preference πr,A(x) on the frequency f of observing codon x

at site r in the mutant virus library sample mutvirus is given by:

fmutvirus
r,x = εr,x + ρr,x +

µr,x × πr,A(x)∑
y∈C

µr,y × πr,A(y)
(A.1)

where εr,x is the rate of PCR and sequencing errors at site r resulting in codon x, ρr,x is the

rate of reverse transcription errors at site r resulting in codon x, and µr,x is the frequency

of codon x at site r in the plasmid mutant library mutDNA.

We inferred the amino-acid preferences independently for each biological replicate us-

ing the Bayesian algorithm described in [17] as implemented in dms tools where codon

counts in the DNA, virus, and mutDNA samples are used to infer the unknown parame-

ters ε, ρ, and µ at each site.

Amino-acid preferences for Aichi/1968 NP were previously published in [15], where 8

biological replicates of the entire experiment were performed. In this work we report two

additional biological replicates of the deep mutational scanning experiment for Aichi/1968.

We will distinguish the two data sets when they are used separately for comparison as

Aichi/1968 previous study and Aichi/1968 current study, and we will call the combined
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dataset of all 10 biological replicates for this homolog Aichi/1968.

Comparison of site-specific amino-acid preferences between homologs

Quantifying the magnitude of amino-acid preference difference between homologs.

At every site in the protein, each replicate deep mutational scanning experiment allows

for the inference of an amino-acid preference distribution ~π that provides the preference

at that site for all 20 amino acids. We used the Jensen-Shannon distance metric (the

square root of the Jensen-Shannon divergence) to quantify the distance d between two

amino-acid preference distributions:

d(~π1, ~π2) =

√
H

(
~π1 + ~π2

2

)
− H(~π1) +H(~π2)

2
(A.2)

where H(~π) is the Shannon entropy of the amino-acid preference distribution ~π. The

Jensen-Shannon distance metric quantifies the similarity between two amino-acid prefer-

ence distributions, ranging from 0 (identical distributions) to 1 (completely dissimilar distri-

butions). The average distance d between amino-acid preferences inferred from replicate

experiments in the same homolog varies across sites. In other words, at some sites in the

protein ~π is measured with greater precision than others. We therefore sought to develop,

for every site r, a quantitative measure of the magnitude of change in ~π between homologs

that corrects for the variation in ~π within replicate experiments of the same homolog.

For two groups of replicate mutational-scanning experiments A and B done in different

homologs, each containing several replicate inferences of ~π for every site, we calculate

the root-mean-square distance at site r over all pairwise comparisons of ~π measured in

replicate experiments i (from group A) and j (from group B):

RMSDr,between =

√
1

NA,B

∑
i∈A

∑
j∈B

d(~πr,i, ~πr,j)2 (A.3)
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where NA,B is the total number of non-redundant pairwise comparisons between replicate

preferences measured from groups A and B. At the same site, to estimate the amount of

experimental noise within replicates of the same homolog, we calculate the root-mean-

square distance over all pairwise comparisons of ~π within the same group of replicate

experiments, and average this site-specific noise estimate across the two groups:

RMSDr,within =
1

2

√
1

NA,A

∑
i,j∈A,i<j

d(~πr,i, ~πr,j)2 +
1

2

√
1

NB,B

∑
i,j∈B,i<j

d(~πr,i, ~πr,j)2 (A.4)

where NA,A and NB,B are the number of non-redundant pairwise comparisons between

replicates within groups A and B, respectively. We then subtract the magnitude of the

noise at this site observed within groups from our measurement of the difference in amino-

acid preferences seen between groups to obtain a corrected value for the change in ~π at

site r between homologs:

RMSDr,corrected = RMSDr,between −RMSDr,within (A.5)

It is possible that the observed variation within groups is greater than the observed varia-

tion between groups, resulting in negative RMSDcorrected.

Identifying sites with statistically significant changes in amino-acid preference. To

determine whether site-specific RMSDcorrected values are significantly larger than ex-

pected if amino-acid preferences are unchanged between homologs, we applied two

methods to generate null distributions of RMSDcorrected values. First, we used exact ran-

domization testing to make all possible shuffles of the replicate homolog datasets into the

two groups A and B. For each permutation, we calculated the RMSDcorrected at every

site, and the results are combined for all permutations. If there are no differences in pref-

erences between homologs, the distribution of scores generated through randomization

should be similar to the distribution of scores from the actual experiment.
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We next observed that the overall correlation of amino-acid preferences across all

sites between replicates can vary between experiments. For instance, the average Pear-

son’s correlation between PR/1934 replicates is 0.59, the correlation between Aichi/1968

replicates in the previous study is 0.50, and the correlation between Aichi/1968 replicates

in the current study is 0.74. We considered whether the varying precision between ho-

mologs might lead to biases in the calculated RMSDcorrected.

To test this, we generated a second null distribution of RMSDcorrected under the hy-

pothesis that the “true” amino-acid preferences are the same for both homologs and can

be approximated by averaging the mean observed preferences for each homolog:

〈〈~πr〉〉 =
〈~πr,homolog A〉+ 〈~πr,homolog B〉

2
(A.6)

Under this hypothesis, the observed differences in amino-acid preferences between ho-

mologs is solely due to the different amounts of experimental noise between replicates

of each homolog. To model the effects of this noise on our analysis, we drew replicate

simulated amino-acid preferences at each site r from a Dirichlet distribution with mean

centered on the “true” amino-acid preferences:

~πr,simulated A = Dir(〈〈~πr〉〉 × σA) (A.7)

where σA is a scaling factor that is chosen to yield simulated replicate preferences across

the entire protein that have an average Pearson’s correlation between replicates equal

to the correlation between experimental replicates. In other words, we simulate replicate

amino-acid preference measurements with noise tuned to match the actual noise in each

experiment. For each simulated experiment, we simulated the same number of replicates

that were performed experimentally, and calculated RMSDcorrected for all sites. We ran the

entire simulation 1000 times, combining all RMSDcorrected values to obtain a null distribu-

tion.
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We then separately used the two null distributions (generated through randomization

or simulation) to assign p-values to site-specific RMSDcorrected at each site r:

pr =
number of scores in null distribution ≥ RMSDr,corrected

number of scores in null distribution
(A.8)

To control the false discovery rate across the 497 sites tested for significance, we used

the procedure of Benjamini and Hochberg [11].

Structural analysis of sites with preference changes. We used the crystal structure

of the influenza A H1N1 WSN/1933 NP [PDB ID 2IQH, chain C; 138] to calculate distances

between sites. Distances between sites were defined as the minimum distance between

any side chain atoms distal to the alpha carbons of each site (the alpha carbon was used

for all glycine residues). A distance cutoff of 4.5 Ångströms was used to define sites that

are in contact with evolutionarily variable sites. To test for spatial clustering of a group of

N sites, the distribution ofN distances to the nearest neighbor of the remainingN−1 sites

was compared to a null distribution of distances calculated the same way for 1000 random

selections of sites of size N . One-sided P-values were computed using the Mann-Whitney

U test.

Phylogenetic analysis

Experimental substitution model overview. We used a previously described approach

to build site-specific substitution models for influenza nucleoprotein [15, 16]. Briefly, this

approach calculates the codon-substitution rate at each site in nucleoprotein based on

the rate at which nucleotide mutations arise and the level of selection acting on these new

mutations. The rate of codon substitution, Pr,xy, at site r of codon x to a different codon y

is described as,

Pr,xy = Qxy × Fr,xy (A.9)
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whereQxy is the rate of mutation from x to y, and Fr,xy is the probability that a mutation from

x to y at site r is selected and reaches fixation. In this equation, the mutation rates Qxy are

assumed to be identical across sites whereas the selection is modeled as site-specific

and site-independent. The site-specific fixation probabilities Fr,xy were calculated from

the experimentally measured amino-acid preferences using the relationship proposed by

Halpern and Bruno [60, 16]. The four mutation rate free parameters and the stringency

parameter were defined as in [16].

We then calculated the phylogenetic likelihood of the observed nucleoprotein sequences

given the resulting experimental substitution model Pr,xy, the nucleoprotein phylogenetic

tree, and the model parameters. The tree consisted of influenza nucleoproteins from ei-

ther human, swine, equine, or avian hosts. While holding the tree topology fixed, tree

branch lengths, and any other model parameters (discussed below), were optimized by

maximum likelihood.

To compare overall phylogenetic likelihoods calculated under various substitution mod-

els, we calculated the difference in the Akaike Information Criteria (∆AIC) between mod-

els. We compared site-specific models derived from experimentally determined amino-

acid preferences to a non-site-specific model. We tested separate site-specific models

using the amino-acid preferences from PR/1934 and Aichi/1968. The Aichi/1968 prefer-

ences were an average of the amino-acid preferences from the current study and previous

study. In addition, we tested a site-specific model where we combined data from the sepa-

rate Aichi/1968 and PR/1934 mutational-scanning experiments, by averaging amino-acid

preferences for each amino acid at each site across the two homologs, weighting each

homolog equally.

The non-site-specific model used the Goldman-Yang (GY94) codon substitution model [55],

with nucleotide equilibrium frequencies calculated by the CF3x4 method [104]. In this

model, the transition-transversion ratio was optimized by maximum likelihood, along with

the mean and shape parameters describing gamma distributions of the nonsynonymous-

synonymous ratios [137] and the substitution rates [136] across sites. Each gamma distri-
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bution was discretized with four categories. In previous comparisons of non-site-specific

models, this non-site-specific model performed better than other variants of the GY94

model [15, 16]. All analyses were performed using the software packages phyloExpCM [15]

and HyPhy [105], and the data, scripts, and descriptions to replicate the results in this ar-

ticle are available at https://github.com/mbdoud/Compare-NP-Preferences.

Phylogenetic trees for different influenza hosts. We built phylogenetic trees for nu-

cleoprotein coding sequences from strains of human influenza, swine influenza, equine

influenza, and avian influenza. Full-length nucleoprotein sequences were downloaded

from the Influenza Virus Resource [7], and for each host, a small number of unique se-

quences per year per influenza subtype were retained. For human influenza, we retained

one sequence every other year from each of the H1N1, H2N2, and H3N2 lineages. For

swine influenza, we retained one sequence per year from either the North American Clas-

sical H1N1 lineage or the Eurasian H1N1 lineage. For equine influenza, we retained one

sequence per year from the H3N8 lineage. For avian influenza, one sequence every other

year per subtype was retained, and the examined hosts were further restricted to only

duck species, to make a sequence set with a size manageable for phylogenetic modeling.

Sequences from each host were aligned by EMBOSS needle [109], and maximum-

likelihood trees were built by RAxML [120]. Using these trees and the program Path-O-Gen

(http://tree.bio.ed.ac.uk/software/pathogen/), we identified and removed any sequences

that were noticeable outliers from the molecular clock. The final tree contained 37, 46, 29,

and 24 sequences from human, swine, equine, and avian hosts respectively.

Maximum-likelihood phylogenetic trees were then built from the nucleoprotein sequence

alignment using codonPhyML [54]. The GY94 model [55] was run using the CF3x4 nu-

cleotide equilibrium frequencies [104] along with maximum-likelihood optimization of a

transition-transversion ratio and of a mean and shape parameter describing a gamma

distribution of nonsynonymous-synonymous ratios [137]. This gamma distribution was

discretized with four categories. The final, unrooted tree was visualized with FigTree (htt
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p://tree.bio.ed.ac.uk/software/figtree/) and rooted using the avian clade [131].
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SUPPLEMENTARY MATERIAL FOR CHAPTER 3
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Figure B.1: An HA-deficient helper virus can replicate in cells constitutively expressing HA
protein. (A) We engineered MDCK-SIAT1 cells by lentiviral transduction to constitutively express
the HA protein of the A/WSN/1933 strain under control of the EF1a promoter (MDCK-SIAT1-EF1a-
WSN-HA cells), which provided higher expression levels than the CMV or CAG promoters. Trans-
duced and untransduced cells were stained with a 1:100 dilution of mouse polyclonal anti-WSN
serum, followed by a 1:100 dilution of APC-conjugated anti-mouse IgG for secondary staining. (B)
We transfected a co-culture of these MDCK-SIAT1-EF1a-WSN-HA and 293T cells with bidirec-
tional reverse-genetics plasmids [69] for the seven non-HA segments of A/WSN/1933 plus a pro-
tein expression plasmid for HA. (C) The resulting transfection supernatant contained HA-deficient
helper virus that could be propagated in MDCK-SIAT1-EF1a-WSN-HA cells but not in standard
MDCK-SIAT1 cells. This virus typically reached titers of ∼ 103 TCID50 per µl when titered on the
MDCK-SIAT1-EF1a-WSN-HA cells. This titer was about 3-fold lower than that obtained if we in-
cluded an HA GFP segment similar to that described in Marsh et al. [89] that contains GFP flanked
by the noncoding and 80 coding nucleotides. This difference in titer between an HA-deficient and
HA-GFP virus is comparable to that reported by Marsh et al. [89].
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Figure B.2: The mutant plasmid DNA library used in this study (“new”) has a lower muta-
tion rate than the library used by Thyagarajan and Bloom [123] (“old”). The old library was
generated using two rounds of codon mutagenesis, leading to an average of two mutations per
HA; the new library used only one round of mutagenesis, resulting in an average of one mutation
per HA. At least 30 clones of each library were Sanger sequenced across the entire gene.
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Figure B.3: Mutant virus library generation is more efficient when HA is encoded on the
pHH21 plasmid. The pHH21 plasmid contains a single RNA polymerase I promoter for tran-
scription of negative sense HA vRNA [94]; this vRNA molecule must then associate with the viral
polymerase complex for mRNA transcription and protein expression for proper virus generation.
The pHW2000 plasmid is similar to pHH21, but also contains an RNA polymerase II promoter [69]
for the transcription of both negative sense HA vRNA and positive sense HA mRNA directly off the
plasmid, so that HA protein expression is not limited by the transcription of mRNA by the viral poly-
merase. Cells were transfected with the indicated plasmid containing wild-type or mutant library
HA along with protein expression plasmids for the viral polymerase-related proteins (PB2, PB1,
PA, and NP). After 24 hours, cells were infected with helper virus, and 24 hours after infection,
cell supernatants were titered in MDCK-SIAT1 cells to quantify the amount of virus generated.
We hypothesize that the lower titer when using the pHW plasmid is due to expression of more
HA mutants per cell, some of which might act as dominant negatives. Each virus generation was
performed in duplicate, with a bar marking the mean of the two experiments.
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Figure B.4: Purging of stop codons is more complete in our new experiments than in the
previous experiments. Each point shows the relative fraction of stop codons remaining after se-
lection for one of the three replicates. The stop codon frequencies in the wild-type plasmid and
virus samples are subtracted from the mutant plasmid and mutant virus samples to correct for er-
rors arising during sample preparation and sequencing. “Old” refers to libraries from Thyagarajan
and Bloom [123]; “new” refers to libraries in the current study. We hypothesize that the stronger
selection against stop codons in the new experiments is the result of better genotype-phenotype
linkage imposed by the the lower MOI used for viral passage, which leads to more effective selec-
tion on each mutation. Bars show the means for each set of libraries; the p-value was calculated
with a two-sided T-test.
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Figure B.5: Synonymous frequency peaks observed in bottlenecked virus libraries are not
due to the composition of plasmid mutant libraries. Shown for each replicate is the normalized
synonymous mutation frequency for plasmid mutant libraries in the same form as in Figure 3.2. The
frequency of synonymous mutations in the plasmid mutant libraries is highly reproducible among
replicates. Although there are some sites with peaked frequencies (likely due to PCR biases during
mutagenesis), these sites are consistent across replicates and do not correspond to the peaks in
the mutant virus libraries shown in Figure 3.2.
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Figure B.6: Statistical analyses of whether sets of sites have higher or lower mutational
tolerance than expected given their solvent accessibility. For each panel, a group of sites
is selected and the results are shown for multiple linear regression of site entropy as a function
of relative solvent accessibility (calculated from PDB structure 1RVX [51]) and whether or not the
site belongs to that group. (A) Antigenic sites defined by Caton et al. [23] and (B) these sites
plus their contacts have significantly higher mutational tolerance than expected from their solvent
accessibility. (C) Conserved receptor binding sites have significantly lower mutational tolerance.
(D) All sites contacting receptor have typical mutational tolerance. (E) Antigenic cluster jump
sites defined by Koel et al. [75] have typical mutational tolerance. (F) Sites in the overlapping
footprints of broadly neutralizing antibodies F10, CR6261, FI6v3, and CR9114 [121, 44, 31, 42]
have significantly lower mutational tolerance.
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Materials and Methods

Availability of data and computer code

Sequencing data are available from the Sequence Read Archive under accession num-

bers SRR3113656 (mutant DNA library 1), SRR3113657 (mutant DNA library 2), SRR3113658

(mutant DNA library 3), SRR3113660 (mutant virus library 1), SRR3113661 (mutant virus

library 2), SRR3113662 (mutant virus library 3), SRR3113655 (wild-type DNA control),

and SRR3113659 (wild-type virus control). The computer code necessary to reproduce

all the analysis in this work is available at https://github.com/mbdoud/2016_WSN_HA_

analysis.

Growth of HA-deficient helper virus in HA-expressing cells

MDCK-SIAT1 cells (Sigma, 05071502) were engineered to constitutively express the HA

protein of A/WSN/1933 (H1N1) under control of the EF1a promoter by lentiviral transduc-

tion. These newly created cells will be referred to as MDCK-SIAT1-EF1a-WSN-HA cells

since they are MDCK-SIAT1 cells that we have engineered to express the WSN HA under

an EF1a promoter. HA surface expression was validated by flow cytometry (Figure B.1).

To generate HA-deficient helper viruses, we seeded co-cultures of 293T cells (obtained

from the ATCC, number CRL-3216; seeded at 5 × 105 cells per well) and MDCK-SIAT1-

EF1a-WSN-HA cells (5 × 104 cells cells per well) in 6-well dishes in D10 media (DMEM

supplemented with 10% heat-inactivated FBS, 2 mM L-glutamine, 100 U of penicillin/mL,

and 100 µg of streptomycin/mL). After 24 h, we transfected these co-cultures with bidi-

rectional reverse-genetics plasmids for the seven non-HA segments of the A/WSN/1933

virus (pHW181-PB2, pHW182-PB1, pHW183-PA, pHW185-NP, pHW186-NA, pHW187-

M, and pHW188-NS) [69] plus a protein expression plasmid for WSN HA (pHAGE2-CMV-

WSNHA, which importantly does not contain non-coding regions of the HA segment or a

promoter for the transcription of negative-sense viral RNA). Transfection was performed
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with BioT transfection reagent (Bioland B01-02, Paramount, CA, USA) with each well re-

ceiving 250 ng of each plasmid. Twenty-two hours after transfection, we changed the

media to WSN growth media (Opti-MEM supplemented with 0.5% heat-inactivated FBS,

0.3% BSA, 100 U of penicillin/mL, 100 µg of streptomycin/mL, and 100 µg of calcium

chloride/mL). At 96 h post-transfection, we passed 400 µL of the transfection supernatant

into 15-cm dishes containing 4 × 106 MDCK-SIAT1 cells (as a negative control) or MDCK-

SIAT1-EF1a-WSN-HA cells in WSN growth media. HA-deficient helper virus could only

be propagated in the HA-expressing cells as expected (Figure B.1). We collected the ex-

panded helper virus from these cells after 68 h, aliquoted, and froze aliquots at −80 ◦C.

We titered the helper virus in MDCK-SIAT1-EF1a-WSN-HA cells by TCID50. We obtained

titers between 103 and 104 TCID50 per µL when titering in MDCK-SIAT1-EF1a-WSN-HA

cells, and no cytopathic effect except with extremely concentrated helper virus in MDCK-

SIAT1 cells (Figure B.1).

HA plasmid mutant libraries

Codon mutagenesis was performed as described in [123] except that we performed one

overall round of the PCR mutagenesis to yield a lower mutation rate (Figure B.2). Ligation

and eletroporation were also performed as in [123], except that we cloned the inserts into

both pHW2000 [69] and pHH21 [94] plasmid backbones. All steps were performed in

triplicate. For each replicate, we pooled over 3 million transformants, cultured in LB for 3

h in shaking flasks at 37 ◦C, and maxi-prepped plasmid libraries.

Generation of mutant HA virus libraries from mutant plasmids and helper viruses

To generate mutant virus libraries, we transfected 293T cells with a DNA mixture contain-

ing one of the three pHH21-MutantHA libraries (or the wild-type pHH21-WSN-HA control)

and protein expression plasmids for the four proteins that compose the ribonucleopro-

tein complex, using plasmids HDM-Nan95-PA, HDM-Nan95-PB1, HDM-Nan95-PB2, and



107

HDM-Aichi68-NP [56]. Specifically, we plated 293T cells in D10 at a density of 8× 105 per

well in 6-well plates, changed the media to fresh D10 after 16 h, and then four hours later

transfected cells with 500 ng of the HA reverse-genetics plasmid plus 375 ng of each of

the PA, PB1, PB2, and NP plasmids using BioT. Twenty-four hours after transfection, we

infected the cells with HA-deficient helper virus by making an inoculum of 1.3×103 TCID50

per µL in WSN growth media, aspirating the D10 media from the cells, and adding 2 mL

of inoculum to each well. After 3 h, we removed the inoculum by aspiration and added

2 mL of WSN growth media supplemented with 5% D10. Twenty-four hours after helper

virus infection, we collected the supernatants for each replicate, stored aliquots at −80
◦C, and titered in MDCK-SIAT1 cells. Of note, we found that helper viruses that had been

passaged more than once in MDCK-SIAT1-EF1a-WSN-HA cells tended to become less

effective at rescuing fully replication competent viruses following infection of transfected

cells, so we exclusively used single-passage helper virus in these experiments.

We passaged these transfection supernatants to create a genotype-phenotype link

and impose functional selection on HA. We passaged over 9 × 105 TCID50 at an MOI of

0.0075 TCID50 per cell. Specifically, for each library, we plated ten 15-cm dishes with

6× 106 MDCK-SIAT1 cells per dish and allowed cells to grow for 20 h, at which point they

had reached a density ∼ 1.25 × 107 cells per dish. We then replaced the media in each

dish with 25 mL of WSN growth media in each dish containing 3.7 TCID50 of virus per

µL. We allowed virus replication to proceed for 40 h before collecting viruses from the

supernatant for sequencing.

Barcoded subamplicon sequencing

For each of the three replicate HA virus libraries and the wild-type HA virus, we extracted

viral RNA by ultracentrifuging 24 mL of supernatant at 22,000 rpm in a Beckman Coul-

ter SW28 rotor. RNA was extracted using the Qiagen RNeasy kit by resuspending the

viral pellet in 400 µL buffer of Qiagen RLT freshly supplemented with β-mercaptoethanol,
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pipetting 30 times, transferring to an RNase-free microcentrifugefuge tube, adding 600

µL freshly-made 70% ethanol, and continuing with the manufacturer’s recommended pro-

tocol, eluting the final RNA product in 40 µL of RNase-free water. HA was then reverse

transcribed using AccuScript Reverse Transcriptase (Agilent 200820) with the primers

WSNHA-For (5’-AGCAAAAGCAGGGGAAAATAAAAACAAC-3’) and WSNHA-Rev (5’-AG

TAGAAACAAGGGTGTTTTTCCTTATATTTCTG-3’).

We generated PCR amplicons of HA for each of the eight samples (three replicate

plasmid DNA libraries, three corresponding virus libraries, one wild-type plasmid DNA,

and one wild-type virus) using KOD Hot Start Master Mix (71842, EMD Millipore) with the

PCR reaction mixture and cycling conditions described in [15] and the primers WSNHA-

For and WSNHA-Rev. The templates for these reactions were 2 µL of cDNA (for the

virus-derived samples) or 2 µL of plasmid DNA at 10 ng/µL. To ensure that the number

of molecules used as template did not bottleneck diversity, parallel PCR reactions were

run with a standard curve of template molecules, and all products were analyzed by band

intensity after agarose gel electrophoresis; all samples used ≥106 molecules as a tem-

plate for PCR. We purified these PCR amplicons using Agencourt AMPure XP beads

(bead-to-sample ratio 0.9) (Beckman Coulter).

These PCR amplicons were quantified using Quant-iT PicoGreen dsDNA Assay Kit

(Life Technologies) and used as the templates for the barcoded-subamplicon sequencing

in Figure 3.1B. We performed the first round of PCR (“PCR 1”) in six parallel reactions

(one for each of the six HA subamplicons) for each of the eight samples. Each reaction

contained 12 µL 2X KOD Hot Start Master Mix, 2 µL forward primer diluted to 5 µM, 2

µL reverse primer diluted to 5 µM, and 8 µL purified amplicon diluted to 0.5 ng/µL (primer

sequences for PCR 1 and PCR 2 are shown below). In addition to containing sequences

targeting regions in HA, the forward and reverse primers for PCR 1 each contain an 8-base

degenerate barcode and partial Illumina sequencing adaptors. To limit the generation of

PCR artifacts, we performed only 9 cycles of PCR for PCR 1 using the following program:

1. 95 ◦C for 2:00; 2. 95 ◦C for 0:20; 3. 70 ◦C for 0:01; 4. 54 ◦C for 0:20; 5. 70 ◦C for
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0:20; 6. Go to 2 (8 times); 7. 95 ◦C for 1:00; and 8. 4 ◦C hold. The denaturation step after

cycling ensures that identical barcode pairs are not annealed at the end, so that most

double-stranded molecules entering PCR 2 will contain two unique barcoded mutants.

PCR 1 products were purified by Ampure XP (bead-to-sample ratio 1.0), quantified with

Quant-iT PicoGreen, and diluted to 0.5 ng/µL.

We then mixed all six subamplicons from each experimental sample at equal concen-

trations and diluted these subamplicon pools such that the number of template molecules

used in PCR 2 was less than the anticipated sequencing depth to ensure multiple reads

per barcode. Specifically, we reduced the total amount of DNA for each experimental

sample used as template in PCR 2 to 9.24× 10−4 ng, which corresponds to 1.54× 10−4 ng

of each of the six subamplicons, corresponding to approximately 3.5×105 double-stranded

DNA molecules (or 7× 105 uniquely-barcoded single-stranded variants) per subamplicon

per sample.

We performed PCR 2 for each sample with the following reaction conditions: 20 uL 2X

KOD Hot Start Master Mix, 4 µL forward primer UniversalRnd2for diluted to 5 µM, 4 µL

reverse primer indexXXRnd2rev diluted to 5 µM (a different index for each experimental

sample), and 9.24× 10−4 ng of the subamplicon pool of PCR 1 products described above,

for a total volume of 40 µL. We used the following thermal cycling program: 1. 95 ◦C for

2:00; 2. 95 ◦C for 0:20; 3. 70 ◦C for 0:01; 4. 55 ◦C for 0:20; 5. 70 ◦C for 0:20; 6. Go to 2 (23

times); and 7. 4 ◦C hold. PCR 2 products were purified by Ampure XP (bead-to-sample

ratio 1.0), quantified with Quant-iT PicoGreen, and equal amounts of each experimental

sample were mixed and purified by agarose gel electrophoresis, excising the predominant

DNA species at the expected size of approximately 470 bp. Sequencing was performed

on one lane of a flow cell of an Illumina HiSeq 2500 using 2 × 250 bp paired-end reads

in rapid-run mode.
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Primer sequences for PCR 1 and PCR 2

PCR 1 primers: Each of 6 subamplicons is generated with a F/R primer pair. Lowercase

sequence binds to HA, uppercase sequence is partial Illumina adaptor.

• amp1F (CTTTCCCTACACGACGCTCTTCCGATCTNNNNNNNNaagcaggggaaaataaaaacaaccaaa)

• amp1R (GGAGTTCAGACGTGTGCTCTTCCGATCTNNNNNNNNcattctcagagtttggtgtttctacaat)

• amp2F (CTTTCCCTACACGACGCTCTTCCGATCTNNNNNNNNtccagcgagatcatggtcctac)

• amp2R (GGAGTTCAGACGTGTGCTCTTCCGATCTNNNNNNNNgggtgatgaacaccccatagtac)

• amp3F (CTTTCCCTACACGACGCTCTTCCGATCTNNNNNNNNtgtgaacaataaagggaaagaagtcctt)

• amp3R (GGAGTTCAGACGTGTGCTCTTCCGATCTNNNNNNNNgtgttacactcatgcattgacgc)

• amp4F (CTTTCCCTACACGACGCTCTTCCGATCTNNNNNNNNgtccggcatcatcacctcaaac)

• amp4R (GGAGTTCAGACGTGTGCTCTTCCGATCTNNNNNNNNgttaatggcattttgtgtgcttttttg)

• amp5F (CTTTCCCTACACGACGCTCTTCCGATCTNNNNNNNNgatcaggctatgcagcggat)

• amp5R (GGAGTTCAGACGTGTGCTCTTCCGATCTNNNNNNNNgaactcaaaacacccatttccgat)

• amp6F (CTTTCCCTACACGACGCTCTTCCGATCTNNNNNNNNaaaaagccaattaaagaataatgccaaagaa)

• amp6R (GGAGTTCAGACGTGTGCTCTTCCGATCTNNNNNNNNgggtgtttttccttatatttctgaaatcctaatc)

PCR 2 primers: Each experimental sample is associated with one of the reverse primer

index sequences (lowercase nucleotides) for multiplexing all experimental samples to a

single flowcell.

• UniversalRnd2for (AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACACGACGCTCTTCC)

• index01Rnd2rev (CAAGCAGAAGACGGCATACGAGATacatcgGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT)

• index03Rnd2rev (CAAGCAGAAGACGGCATACGAGATcactgtGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT)

• index08Rnd2rev (CAAGCAGAAGACGGCATACGAGATgcctaaGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT)

• index09Rnd2rev (CAAGCAGAAGACGGCATACGAGATtcaagtGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT)

• index10Rnd2rev (CAAGCAGAAGACGGCATACGAGATctgatcGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT)

• index11Rnd2rev (CAAGCAGAAGACGGCATACGAGATaagctaGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT)

• index22Rnd2rev (CAAGCAGAAGACGGCATACGAGATcgtacgGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT)

• index25Rnd2rev (CAAGCAGAAGACGGCATACGAGATatcagtGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT)

Inference of amino-acid preferences from sequencing data

We used dms tools (http://jbloomlab.github.io/dms_tools/), version 1.1.12, to align

subamplicon reads to a reference HA sequence, group barcodes to build consensus se-

quences, quantify mutation counts at every site in the gene for each experimental sample,
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and infer site-specific amino-acid preferences based on mutation frequencies pre- and

post-selection using the algorithm described in [17].

Phylogenetic modeling using amino-acid preferences

We sub-sampled human and swine H1 sequences (1 sequence per host per year) from

the set of sequences from [123], removed identical sequences, and built a sequence align-

ment. We then used phydms version 1.1.0 [14] (http://jbloomlab.github.io/phydms/),

which in turn uses Bio++ [58] for the likelihood calculations, to compare experimentally

informed codon substitution models and other non-site-specific substitution models.

Statistical tests

Multiple linear regression of the continuous dependent variable of site entropy as a func-

tion of the continuous independent variable of relative solvent accessibility and a binary

indicator of a site belonging to a specific classification (e.g., “antigenic sites”) was per-

formed with the same classifications as described in [123]. Additional classifications were

obtained from [75] for sites responsible for antigenic cluster transitions in H3N2 and sea-

sonal H1N1 (sites 158, 168, 169, 171, 172, 202, and 206 in sequential WSN H1 num-

bering starting with the initiating methionine), and the sites within antibody footprints of

broadly-neutralizing antibodies F10, CR6261, FI6v3, and CR9114 (sites 25, 45, 46, 47,

48, 49, 305, 306, 307, 332, 361, 362, 363, 364, 379, 381, 382, 384, 385, 386, 388, 389,

391, 392, 395, 396, 399, and 400 in sequential WSN H1 numbering starting with the ini-

tiating methionine) [121, 44, 31, 42]. Definition of the protein domains within HA were

from [51] (HA1 fusion domain: 18–72, 291–340; HA1 vestigial esterase domain: 73–125,

279–290; HA1 receptor binding domain: 126–278; HA2 fusion domain: 344–503; and all

sites in sequential H1 numbering starting with the initiating methionine).
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Table C.1: Percentage of each mutant virus library remaining infectious after antibody neu-
tralization in each replicate selection experiment. Percent infectivity was measured by qRT-
PCR of the influenza nucleoprotein gene and interpolated from a standard curve of infection pre-
pared with serial dilutions of each virus library.

library 1 library 1 replicate library 2 library 3
H17-L19 0.5 µg/ml 2.1% 2.5% 4.9% 5.4%
H17-L19 1 µg/ml 0.7% 0.7% 1.9% 1.8%
H17-L19 10 µg/ml 0.3% 0.2% 0.4% 0.4%
H17-L10 3 µg/ml 0.2% 0.2% 0.2%
H17-L7 15 µg/ml 0.2% 0.1% 0.1%

H18-S415 3 µg/ml 0.2% 0.1% 0.2%
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Figure C.1: Positive site differential selection is highly correlated between full biological
replicate measurements on independently generated mutant virus libraries. Shown are cor-
relations for antibodies (A) H17-L10, (B) H17-L7, and (C) H18-S415. Correlation coefficients are
Pearson’s R.
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Figure C.2: Detailed view of differential selection by each antibody projected onto HA’s
structure. Each panel zooms into the relevant region of the structure shown in Figure 4.4C for that
antibody. Residues are colored from white to red based on the differential selection for the most
strongly selected mutation at that site for each antibody. Asterisks mark sites of strong differential
selection which were not found in the original antigenic mapping of HA with that antibody [53,
23]. (A) H17-L19. (B) H17-L10. Strong differential selection at site 223 (not visible) results in
putative glycosylation at site 221. The dashed line marks the boundary between two adjacent HA
protomers. (C) H17-L7. (D) H18-S415.
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Figure C.3: A logo plot showing the differential selection across all of HA from antibody H17-
L19 at the concentration used in Figure 4.4. These data are the average across the replicate
libraries for each antibody.
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Figure C.4: A logo plot showing the differential selection across all of HA from antibody H17-
L10 at the concentration used in Figure 4.4. These data are the average across the replicate
libraries for each antibody.
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Figure C.5: A logo plot showing the differential selection across all of HA from antibody H17-
L7 at the concentration used in Figure 4.4. These data are the average across the replicate
libraries for each antibody.
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Figure C.6: A logo plot showing the differential selection across all of HA from antibody
H18-S415 at the concentration used in Figure 4.4. These data are the average across the
replicate libraries for each antibody.
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Table C.2: All mutations identified in the classic escape mutant selections with the four
antibodies used in our study. Note that the classic experiments used the A/Puerto Rico/8/1934
(H1N1) virus [53, 23], whereas our study used the A/WSN/1933 (H1N1) virus. In the older papers,
multiple names were used to refer to the same antibody: H17-L19 was also called Ca3; H17-L10
was also called Ca6; H17-L7 was also called Cb15; H18-S415 was also called Cb5.

H17-L19
antigenic site mutant virus name mutation WSN HA numbering
Ca2 DV4 S-P 153
Ca2 NV2 G-R 156
Ca2 NV7 S-G 158

H17-L10
antigenic site mutant virus name mutation WSN HA numbering
Ca1 SV3 G-R 253
Ca1 WV8 S-L 220
Ca1 WV10 V-A 182
Ca1 WV11 G-R 186
Ca1 WV15 G-E 253
Ca1 ZV1 G-V 186

H17-L7
antigenic site mutant virus name mutation WSN HA numbering
Cb AV1 R-G 91
Cb LV1 R-G 91
Cb LV7 S-P 92
Cb RV7 L-P 87

H18-S415
antigenic site mutant virus name mutation WSN HA numbering
Cb LV7 S-P 92
Cb RV6 E-K 132
Cb RV7 L-P 87
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Materials and Methods

Availability of data and computer code

Deep sequencing data has been deposited at the Sequence Read Archive under BioSam-

ple accession SAMN05789126. The computer code necessary to reproduce all the anal-

ysis in this work is available at:

https://github.com/mbdoud/mutational_antigenic_profiling.

Mutant virus libraries

The influenza virus mutant libraries used have been described previously [41]. Briefly,

reverse-genetics plasmids [94] encoding HA gene were mutagenized at the codon level

using a previously described protocol [15]. These plasmid codon-mutant libraries were

used to generate libraries of replication-competent influenza viruses using a helper-virus

approach that reduced the bottlenecks associated with standard reverse genetics. The

virus libraries were then passaged at low MOI to create a genotype-phenotype link be-

tween the HA protein on a virion’s surface and the gene that it carries. The viral titers in

these libraries were determined by TCID50 (50% tissue culture infectious dose) in MDCK-

SIAT1 cells (obtained from Sigma Aldrich). Three fully independent virus libraries were

generated beginning with independent plasmid mutant libraries as outlined in Figure 4.2A.

It was these low-MOI passaged virus libraries [41] that formed the starting point for the

antibody selections described in the current work.

Antibodies

The antibodies used in this study were originally isolated from mice [53, 23]. Note that

in these older papers, two different naming schemes are used for the same antibodies:

H17-L19 was also called Ca3; H17-L10 was also called Ca6; H17-L7 was also called

Cb15; H18-S415 was also called Cb5. Antibodies secreted by H17-L19, H17-L10, H17-
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L7, and H18-S415 hybridoma cell lines were purified using PureProteome A/G coated

magnetic beads (Millipore). The hybridomas were originally derived from mice at the

Wistar Institute [53], and were provided for this study by Scott Hensley.

Mutant virus selections with antibody

For the selections outlined in Figure 4.1, we began by diluting each virus library in in-

fluenza growth media (Opti-MEM supplemented with 0.01% heat-inactivated FBS, 0.3%

BSA, 100 U of penicillin/ml, 100 µg of streptomycin/ml, and 100 µg of calcium chloride/ml)

to a concentration of 1 × 106 TCID50 per ml. Monoclonal antibody was also diluted in in-

fluenza growth media to a concentration twice that intended for use the selection. The

virus library was then neutralized by mixing 1 ml of diluted virus with 1 ml of diluted an-

tibody to give the final antibody concentrations listed in C.1. This virus-antibody mixture

was then incubated at 37oC for 1.5 hours. No-antibody controls were “mock-neutralized”

in parallel by substituting influenza growth media for the diluted antibody. At the same

time, serial ten-fold dilutions of mutant virus library were made from the 1 × 106 TCID50

per ml virus stock to be used as a standard curve to measure infectivity. These dilutions

represented 10%, 1%, 0.1%, 0.01%, and 0.001% of the 1 × 106 TCID50 dose of library

used in neutralizations.

The viral samples were then added to cells to allow infection by non-neutralized virions.

We used MDCK-SIAT1 cells that had been plated four hours prior to infection in D10

media (DMEM supplemented with 10% heat-inactivated FBS, 2 mM L-glutamine, 100 U

of penicillin/ml, and 100 µg of streptomycin/ml) at 2.5× 105 cells per well in 6-well dishes.

For the infections, we aspirated off the existing D10 media and added the 2 ml of viral

sample. Duplicate infections were used for each point on the standard curve of serially

diluted virus. After two hours, media in each well was then changed to 2 ml WSN growth

media (Opti-MEM supplemented with 0.5% heat-inactivated FBS, 0.3% BSA, 100 U of

penicillin/ml, 100 µg of streptomycin/ml, and 100 µg of calcium chloride/ml) after rinsing
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cells once with PBS to remove residual virus in the supernatant.

Twelve hours later, RNA was isolated from the cells in each well using a Qiagen

RNEasy Plus Mini kit by aspirating media, adding 350 µl buffer RLT freshly supplemented

with β-mercaptoethanol, slowly pipetting several times to lyse cells, transferring the lysate

to a RNase-free microfuge tube, vortexing for 20 seconds to homogenize, and proceeding

with the manufacturer’s suggested protocol, eluting in 35 µl of RNase-free water.

We estimated the percent remaining infectivity in the neutralized samples using qRT-

PCR and a standard curve created using the infections with 10-fold serial dilutions of

the virus libraries to give the estimates in C.1. For the qPCR, primers WSN-NP-qPCR-

F (5’-GCAACGGCTGGTCTGACTCACA-3’) and WSN-NP-qPCR-R (5’-TCCATTCCTG

TGCGAACAAG-3’) were used to amplify influenza nucleoprotein (NP) to quantify vi-

ral infectivity, and primers 5’-canineGAPDH (5’-AAGAAGGTGGTGAAGCAGGC-3’) and

3’-canineGAPDH (5’-TCCACCACCCTGTTGCTGTA-3’) were used to quantify canine

GAPDH to correct for small differences in total RNA amounts. qRT-PCR was performed

using Applied Biosystems PowerSYBR green RNA-to-Ct 1-step kit, with 40 ng of RNA in

each 20 µl reaction, cycling conditions of 48 oC for 30 minutes, 95 oC for 10 minutes, and

40 cycles of: 95 oC for 15 sec, 58 oC for 1 min with data acquisition. All samples were

measured in duplicate, and each assay included no-reverse-transcriptase controls. Linear

regression of the relationship between the log(infectious dose) and the mean difference

in Ct between NP and GAPDH was used to interpolate the remaining infectious dose of

each antibody-neutralized sample, expressed as a percentage of the 1× 106 TCID50 used

in each neutralization.

Deep sequencing and quantification of mutation frequencies

To prepare deep sequencing libraries, HA genes were amplified from the RNA isolated

from infected cells by reverse transcription with AccuScript Reverse Transcriptase (Agi-

lent 200820) using HA-specific primers WSN-HA-for (5’-AGCAAAAGCAGGGGAAAATA
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AAAACAAC-3’) and WSN-HA-rev (5’-AGTAGAAACAAGGGTGTTTTTCCTTATATTTCT

G-3’). PCR amplification of HA cDNA and Illumina sequencing library preparation was

then carried out using a previously described barcoded subamplicon sequencing proto-

col [41], which was in turn inspired by the approach of Wu and coworkers [135]. The only

change made to the previous protocol [41] was that in order to more effectively spread

sequencing depth across samples based on the expected diversity of mutations in each

sample, the number of uniquely-barcoded single stranded variants used as template for

round 2 PCR was 5 × 105 to 7 × 105 for the no-antibody control samples, and 1.5 × 105

for the antibody-neutralized samples. Sequencing libraries with unique indices for each

experimental sample were pooled and sequenced on an Illumina HiSeq2500 using 2 x

250 bp paired-end reads in rapid-run mode.

The frequency of each mutation in each sample was determined by using dms tools [17]

(http://jbloomlab.github.io/dms_tools/), version 1.1.20, to align subamplicon reads

to a reference HA sequence, group barcodes to build consensus sequences, and quantify

mutation counts at every site in the gene for each experimental sample.

Computation of differential selection

We computed the extent that each mutation is enriched by each antibody selection by

comparing mutation counts in each antibody-treated sample to mutation counts from the

matching no-antibody control sample, also utilizing controls to account for PCR and se-

quencing errors. Specifically, we compute the differential selection on each mutation as

follows. The error rate εr,x at each site r for codon x is estimated from the apparent

frequency of that mutation in our previously described sequencing of HA from wild-type

plasmid using barcoded-subamplicon Illumina sequencing [41]. Specifically, the error rate

was calculated as:

εr,x =
(
nerr
r,x

)
/

(∑
y

nerr
r,y

)
(C.1)
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where nerrr,x is the number of counts of codon x at site r in the wild-type plasmid sequencing

library. Note that for the wildtype codon x = wt (r), εr,wt(r) does not represent the rate of

“errors” to this codon, but rather the fraction of reads that give the wildtype codon as

expected. We then adjusted the observed counts nmock
r,x and nselected

r,x for codon x at site r

in the mock selected and antibody selected samples, respectively, to the error-corrected

counts n̂r,x for each sample:

n̂r,x =

max
[(∑

y nr,y

)(
nr,x∑
y nr,y

− εr,x
)
, 0
]

if x 6= wt (r)

nr,x/εr,x if x = wt (r) .

(C.2)

This correction ignores second-order terms in which a mutant codon is incorrectly read

as another mutant codon or wildtype due to sequencing errors; however, provided that

both error rates and mutation rates are low (which is the case in our experiments), these

second-order terms can be safely ignored.

To convert from codon counts to amino-acid counts, we summed the error-adjusted

counts for all codons encoding each amino acid a at site r to give the error-adjusted

amino-acid counts n̂mock
r,a and n̂selected

r,a for the mock selected and antibody selected samples,

respectively. We then computed the relative enrichment Er,a of amino acid a at site r as

Er,a =
(n̂selected

r,a + fr,selected × P )/(n̂selected
r,wt(r) + fr,selected × P )

(n̂mock
r,a + fr,mock × P )/(n̂mock

r,wt(r) + fr,mock × P )
(C.3)

where wt (r) denotes the wildtype amino acid at site r, P is a pseudocount (set to 10 in

our analyses), and fr,selected and fr,mock give the relative depths of the selected and mock

samples at site r:

fr,selected = max

[
1,

(∑
a

nselected
r,a

)
/

(∑
a

nmock
r,a

)]
(C.4)

fr,mock = max

[
1,

(∑
a

nmock
r,a

)
/

(∑
a

nselected
r,a

)]
(C.5)
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The reason for scaling the pseudocount by the library depth is that in the absence of

such scaling, if the selected and mock samples are sequenced at different depths, the

estimates of Er,a will tend to be systematically different from one even if the relative counts

are the same in both conditions.

The mutation differential selection values are the logarithm of the enrichment values:

sr,a = log2Er,a. (C.6)

Mutations that confer escape from an antibody will have a larger relative frequency in

the antibody-selected sample than the no-antibody control sample, and will thus have a

large, positive differential selection. Therefore, we limited analysis to positive differential

selection to identify antibody escape mutations. To summarize the differential selection at

each site, we sum the mutation differential selection values sr,a over all amino-acids a with

positive mutation differential selection and term this the positive site differential selection

sr for site r:

sr =
∑
a

max (0, sr,a) . (C.7)

Logoplots visualizing differential selection display each amino acid with a height pro-

portional to the mutation differential selection sr,a. Amino acid letter codes are colored

based on the physiochemical properties of the amino-acid side chain: hydrophobic (V,

L, I, M, P) are green, nucleophilic (S, T, C) are orange, small (A, G) are pink, aromatic

(F, Y, W) are brown, amide (N, Q) are purple, positively-charged (H, K, R) are red, and

negatively-charged (D, E) are blue.

The computer code to perform these differential selection analyses is incorporated

in the dms tools (http://jbloomlab.github.io/dms_tools/) software as the program

dms diffselection. The logoplots created by dms tools are rendered with WebLogo [32].
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GFP-based neutralization assays

We performed neutralization assays using viruses carrying GFP in the PB1 segment using

a previously described protocol [70]. These GFP reporter viruses were generated using

seven bidirectional reverse genetics plasmids [69] encoding the PB2, PA, HA, NP, NA, M,

and NS segments of A/WSN/1933 (kindly provided by Robert Webster of St. Jude Chil-

dren’s Research Hospital), and a unidirectional reverse genetics plasmid pHH-PB1flank-

GFP in which the coding sequence of PB1 is replaced by GFP [12]. Since these viruses

carry GFP instead of PB1, they are grown in complementing 293T-CMV-PB1 (derived

from cells purchased from the American Typed Culture Collection as described in [12])

and MDCK-SIAT1-CMV-PB1 cells (derived from cells purchased from Sigma Aldrich as

described in [12]) that constitutively express the WSN PB1 protein.

For each HA mutation tested in the neutralization assay, the indicated amino-acid mu-

tation was introduced into the WSN HA bidirectional reverse genetics plasmid by site-

directed mutagenesis, and the HA sequence was verified by Sanger sequencing. To gen-

erate each mutant GFP-carrying virus, we transfected a co-culture of 293T-CMV-PB1 and

MDCK-SIAT1-CMV-PB1 cells with the eight reverse genetics plasmids described above.

For each transfection, 4 × 105 293T-CMV-PB1 and 4 × 104 MDCK-SIAT1-CMV-PB1 per

well were plated in 6-well plates in D10 media four hours prior to transfection. Each well

received a transfection mixture of 100 µl DMEM, 3 µl BioT transfection reagent, and 250

ng of each of the eight reverse genetics plasmids. At 20 hours post-transfection, the me-

dia was changed to WSN neutralization media, which has low autofluorescence in the

GFP channel (Medium 199 supplemented with 0.3% BSA, 100 U of penicillin/ml, 100

g of streptomycin/ml, 100 g of calcium chloride/ml, 25 mM HEPES, 0.5% FBS). At 72

hours post-transfection, culture supernatants were clarified by centrifugation at 2,000×g,

aliquoted, and frozen at -80 oC.

The GFP-carrying viruses were titered by flow cytometry in MDCK-SIAT1-CMV-PB1

cells. For this titering, cells were plated in 12-well plates at 1 × 105 cells per well in
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WSN neutralization media. Four hours after plating, cells were infected with dilutions of

viral supernatant. At 16 hours after infection, wells with approximately 1% of cells GFP-

positive were analyzed by flow cytometry, and the fraction of GFP-positive cells was used

to calculate the titer of infectious particles in each viral supernatant.

For the neutralization assays, monoclonal antibody was diluted down columns of a 96-

well plate in WSN neutralization media. Three replicate dilution columns were used for

each virus-antibody combination. Columns without antibody were used to measure max-

imal fluorescence in the absence of neutralization, and columns without cells were used

to measure background fluorescence in viral supernatants, which we found to contribute

more background fluorescence than cells alone. The GFP reporter viruses were diluted in

WSN neutralization media to 1×103 infectious particles per µl and 40 µl (4×104 infectious

particles) was added to each well. Plates were incubated at 37 oC for 1.5 hours before

adding 4× 104 MDCK-SIAT1-CMV-PB1 cells to each well. After 16 hours incubation at 37
oC, GFP fluorescence intensity was measured on a Tecan plate reader using an excitation

wavelength of 485 nm and an emission wavelength of 515 nm (12-nm slit widths). Per-

cent of maximal infectivity was calculated by subtracting background fluorescence signal

from all wells and dividing the signal from antibody-containing wells by the signal from

corresponding wells without antibody.
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Zheng Zhang, Webb Miller, and David J Lipman. Gapped BLAST and PSI-BLAST:

a new generation of protein database search programs. Nucleic acids research,

25(17):3389–3402, 1997.

[3] J Andrejeva, DF Young, S Goodbourn, and RE Randall. Degradation of STAT1 and

STAT2 by the V proteins of simian virus 5 and human parainfluenza virus type 2,

respectively: consequences for virus replication in the presence of alpha/beta and

gamma interferons. Journal of virology, 76(5):2159–2167, 2002.

[4] Frances H Arnold. The library of maynard-smith: my search for meaning in the

protein universe. Microbe, 6(7):316, 2011.

[5] Orr Ashenberg, L Ian Gong, and Jesse D Bloom. Mutational effects on stability are

largely conserved during protein evolution. Proceedings of the National Academy

of Sciences, 110(52):21071–21076, 2013.

[6] Alejandro B Balazs, Joyce Chen, Christin M Hong, Dinesh S Rao, Lili Yang, and

David Baltimore. Antibody-based protection against HIV infection by vectored im-

munoprophylaxis. Nature, 481(7379):81–84, 2012.

[7] Y. Bao, P. Bolotov, D. Dernovoy, B. Kiryutin, L. Zaslavsky, T. Tatusova, J. Ostell, and



131

D. Lipman. The Influenza Virus Resource at the National Center for Biotechnology

Information. J. Virol., 82:596–601, 2008.

[8] T. Bedford, M. A. Suchard, P. Lemey, G. Dudas, V. Gregory, A. J. Hay, J. W. Mc-

Cauley, C. A. Russell, D. J. Smith, and A. Rambaut. Integrating influenza antigenic

dynamics with molecular evolution. eLife, 3:e01914, 2014.

[9] Trevor Bedford, Steven Riley, Ian G Barr, Shobha Broor, Mandeep Chadha, Nancy J

Cox, Rodney S Daniels, C Palani Gunasekaran, Aeron C Hurt, Anne Kelso, et al.

Global circulation patterns of seasonal influenza viruses vary with antigenic drift.

Nature, 523(7559):217–220, 2015.

[10] Asiel A Benitez, Maryline Panis, Jia Xue, Andrew Varble, Jaehee V Shim, Amy L
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