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Abstract

Understanding SARS-CoV-2 antigenic evolution using complete genotype-to-phenotype
maps of the effects of mutations on antibody binding

Allison J. Greaney

Chair of the Supervisory Committee:
Professor Jesse D. Bloom

Fred Hutchinson Cancer Research Center

Since the COVID-19 pandemic began, global sequencing efforts have allowed scientists

to follow the evolution of the SARS-CoV-2 virus in real time. The consequences of that

evolution, however, are less readily apparent. Traditional methods to test the functional or

antigenic effects of a new mutation can take weeks, resulting in a lag between surveillance and

the corresponding experimental data. Thus, we developed a prospective approach to com-

prehensively measure the effects of mutations and generate complete genotype-to-phenotype

maps for the SARS-CoV-2 spike receptor-binding domain (RBD).

The RBD binds to the angiotensin converting enzyme 2 (ACE2) receptor on host cells,

mediating viral entry. We developed a yeast-display deep mutational scanning system to

measure the effects of all possible single amino-acid mutations to the RBD on expression

(a correlate of protein folding and stability) and ACE2 binding. We identified parts of the

RBD that are mutationally constrained, as well as mutations that enhance expression or

ACE2 binding. We created an interactive visualization to quickly identify the effects of any

mutation to the RBD. This “lookup table” has been useful in interpreting the evolution of

SARS-CoV-2 as new SARS-CoV-2 variants have emerged.

The RBD is also a major target of neutralizing antibodies that can block the virus’ ability



to enter cells. We extended the deep mutational scanning system to comprehensively mea-

sure the effects of mutations to the RBD on antibody binding. We found that the resulting

antibody-escape maps predict which mutations will be selected during viral growth in the

presence of antibody. Additionally, we identified mutations that can escape binding and

neutralization of antibody therapeutics used to treat COVID-19. As new SARS-CoV-2 vari-

ants emerged, these antibody-escape maps could predict which variants would be resistant

to antibody treatment.

As greater fractions of the population gain immunity to SARS-CoV-2 through infection

and/or vaccination, immune selection is likely to become a major driving force of the virus’

evolution. I applied our deep mutational scanning system to measure the effects of RBD mu-

tations on the binding of polyclonal antibodies from convalescent or vaccine-elicited plasmas

and sera. We found that mutations to site 484 within one epitope (the “class 2” epitope)

had some of the largest effects on antibody binding. For convalescent plasmas, mutations

to site 484 often reduced neutralization to the same degree as removing all RBD-binding

antibodies–indicating that the infection-elicited neutralizing response was highly focused on

this one site. In late 2020, multiple SARS-CoV-2 variant lineages with mutations to site 484

began to emerge, suggesting that immune selection may already be shaping SARS-CoV-2

evolution.

In addition to evading preexisting immunity, new SARS-CoV-2 variants may also alter

the specificity of the antibody response. We compared the antibody response elicited by

infection with early 2020 viruses to that elicited by the B.1.351 (Beta) variant. We found

that the B.1.351 variant induces an antibody response with a shifted immunodominance

hierarchy that is more focused on a different epitope (the “class 3” epitope) spanning sites

443 to 452 in the RBD. While this epitope is conserved between early 2020 and B.1.351

viruses, it is mutated in the Delta lineage, which contains an L452R mutation, and has risen



to near-fixation in many countries. Thus, as SARS-CoV-2 continues to evolve, it will be

necessary to reevaluate which mutations might evade immunity elicited by new variants.

Overall, my thesis work has contributed to our understanding of how mutations affect the

function and antigenicity of the SARS-CoV-2 RBD, and improve our ability to anticipate

the consequences of the virus’ evolution.
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Chapter 1

INTRODUCTION

The COVID-19 pandemic began in late 2019 with the emergence of the SARS-CoV-2

virus in the human population [353, 334, 355]. Thus, SARS-CoV-2 became the seventh

coronavirus known to infect humans, after SARS-CoV-1 [60] and MERS-CoV [348], and the

seasonal coronaviruses HKU1, NL63, OC43, and 229E. In the following 22 months, there

have been more than 242 million confirmed COVID-19 cases and 4.9 million deaths globally

[223], and massive disruptions to the global economy and many facets of daily life.

During this time, the global scientific community has focused tremendous efforts on

understanding many aspects of SARS-CoV-2 biology, immunity, and host interactions. At the

time of its emergence, however, little was known about SARS-CoV-2 or the immune response

it would elicit. Moreover, it was unknown whether the SARS-CoV-2 virus would evolve

increased fitness, ability to transmit among humans, or evasion of the immune response. My

thesis work has aimed to address some of these central questions about SARS-CoV-2 and

how to interpret its evolution.

In this introduction, I will provide background on the SARS-CoV-2 spike protein and

its receptor-binding domain (RBD), and the humoral immune response to SARS-CoV-2 in-

fection and vaccination. I will explain the need to understand which mutations can affect

antibody binding, as well as previously established methods to identify such mutations. Fi-

nally, I will introduce the high-throughput technologies of deep mutational scanning, yeast

display, and mutational antigenic profiling, which I have used in my thesis work to compre-
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hensively identify mutations to the SARS-CoV-2 spike RBD that evade or reduce binding

by monoclonal antibodies and infection- or vaccination-elicited polyclonal sera and plasmas.

1.1 The SARS-CoV-2 spike protein and receptor-binding domain

Cell entry of coronaviruses is mediated by the homotrimeric transmembrane spike protein

and involves receptor binding, proteolytic processing of the spike protein, and membrane

fusion [294]. The spike protein is comprised of the S1 (receptor-binding) and S2 (fusion

machinery) subunits. For many coronaviruses, the spike protein is cleaved between S1 and

S2, and remains non-covalently bound in the prefusion conformation [32, 208, 157, 308, 307].

The spike protein is subsequently cleaved by host proteases at the S2’ site upstream of the

fusion peptide [197, 208]. This activates the spike protein for fusion with the cell membrane

[24, 308].

The host entry receptor for SARS-CoV-2, SARS-CoV-1, and some related coronaviruses

is the cell-surface protein angiotensin converting enzyme 2 (ACE2) [183, 306, 332, 179].

Other coronaviruses, however, have different receptors. OC43 and HKU1 use the S1 domain

A (also known as the N-terminal domain (NTD)) to recognize 5-N-acetyl-9-O-acetyl-sialic

acid on cell-surface glycoproteins [295, 301]. The MERS-CoV spike NTD binds to sialic acids

[185, 227], which is followed by binding of domain B (also known as the RBD) to the entry

receptor, dipeptidyl-peptidase 4 (DPP-4) [243, 192].

SARS-CoV-2 spike’s RBD binds to the ACE2 receptor with high affinity [139, 179, 306,

332, 268]. Because of its role in viral entry, the RBD is a major determinant of cross-

species transmission and evolution for SARS-related coronaviruses (sarbecoviruses) more

generally [184, 269, 179, 249]. Despite its important function, the RBD is highly variable

among sarbecoviruses [141], reflecting the complex selective pressures shaping its evolution

[196, 76, 103].

Prior work on SARS-CoV-1 RBD binding to ACE2 was informative early in the pandemic.
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For instance, while the SARS-CoV-1 and SARS-CoV-2 RBDs have high amino-acid sequence

similarity (73% to 76%), their receptor-binding motifs (RBMs) are only 50% to 53% identical

[311]. The SARS-CoV-2 RBM, which has a higher affinity for ACE2 than SARS-CoV-1,

contains amino-acid changes at key ACE2 contact residues including sites 455, 486, 493, 494,

and 501 (SARS-CoV-2 numbering) [311], which contribute to this increased affinity.

Early work examining the interactions of human ACE2 with the RBDs of SARS-CoV-2

and related sarbecoviruses [306, 332, 268, 179] suggested that a better understanding of the

effects of mutations on the RBD’s affinity for ACE2 would inform on the potential for the

SARS-CoV-2 RBD to undergo further evolution as it spread among humans. This knowledge

would help to interpret the consequences of viral evolution. We address this question in

Chapter 2.

1.2 The antibody response to the SARS-CoV-2 spike protein

In the early days of the pandemic, little was known about the antibody response to SARS-

CoV-2. In fact, when we began our work, antibodies elicited against SARS-CoV-2 were

difficult to access. The first antibodies that were studied for their ability to bind the SARS-

CoV-2 RBD were isolated from humans previously infected with SARS-CoV-1 [230, 286, 290].

Today, there are over 4,000 monoclonal antibodies that have been described to bind SARS-

CoV-2 [246], many of which now have published antibody gene sequences or high-resolution

structures. Several antibody therapeutics to prevent or treat SARS-CoV-2 infection are

currently in development or clinical use [168, 64].

Not only were there few characterized SARS-CoV-2 monoclonal antibodies, but in early

2020, little was known about the immune response that elicited by SARS-CoV-2 infection.

Initial studies in animal models suggested that neutralizing antibodies against the spike

protein were protective against SARS-CoV-2 infection and disease [7, 204, 306]. Later, ob-

servational studies in humans suggested that the presence of neutralizing antibodies against



4

SARS-CoV-2 spike elicited by prior infection would be protective against subsequent rein-

fection, at least in the short-term [6, 195]. It was only recently that neutralizing antibod-

ies against the spike protein became well-established as a correlate of protection against

SARS-CoV-2 infection [155], although the neutralizing antibody titer needed for protection

is unknown.

There has also been much speculation about the longevity of immune protection against

SARS-CoV-2. Many scientists turned to seasonal coronaviruses as a harbinger of short-

lived immune protection: humans are repeatedly re-infected with the “common-cold” coro-

naviruses every few years [263, 87, 134]. The duration of protection against infection or re-

infection with SARS-CoV-2 following a primary infection or vaccination remains somewhat

unclear. Neutralizing antibody titers decline modestly in a pattern that is similar for other

respiratory viruses [66, 145], memory B cells persist for at least 12 months [106, 253, 298],

but protection against infection seems to wane modestly over the course of several months

following vaccination [15, 241]. Many questions remain about the nature of the antibody

response to SARS-CoV-2, its longevity, and correlates of protection.

Early SARS-CoV-2 antibody-isolation studies discovered that while only a small minority

of anti-spike antibodies target the RBD, RBD-binding antibodies tend to be the most po-

tently neutralizing, often competing with its binding to the ACE2 receptor [33, 38, 149, 188,

255, 267, 318, 356, 357, 336]. In addition, anti-RBD antibodies often dominate the neutral-

izing activity of the polyclonal antibody response elicited by natural infection [16, 282, 320].

Thus, RBD-binding neutralizing antibodies became leading therapeutic candidates [64] and

one of the goals of vaccine development [165].

Further studies isolating, characterizing, and sequencing RBD-specific B cell clones found

that naive common germline heavy-chain genes, including VH1-2, VH3-53/66, V3-30, and

VH1-69, can bind the spike RBD [98], and that as a result, many individuals develop “con-

vergent” antibody responses to SARS-CoV-2 infection [335, 251, 166, 218, 33, 38, 318, 346,
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345, 335]. One consequence of this convergent antibody response is that SARS-CoV-2 in-

fection elicits a neutralizing antibody response that is highly focused on one RBD epitope

[120, 122, 320, 51]. A similarly unequal immunodominance of different epitopes has also

been described for other viral antigens, such as influenza hemagglutinin [12, 13]. I explore

these ideas further in Chapters 6–8.

My dissertation work focuses on antibodies that bind the spike’s RBD. While the ap-

proaches used in my thesis work primarily measure antibody binding to the RBD, we have

concentrated this effort on neutralizing monoclonal antibodies and understanding how these

binding results relate to the neutralizing activity of polyclonal serum. However, neutraliz-

ing antibodies are only one type of immunity. Non-neutralizing antibodies are also elicited

against the SARS-CoV-2 virus [33, 38, 149, 188, 255, 267, 318, 356, 357, 336], and antibody-

dependent cell-mediated immunity is also elicited in response to infection [344, 55, 297]

with SARS-CoV-2 and ADCC and Fc-mediated effector functions may be important for

protection against the virus [326]. Our results are therefore also relevant for considering

how RBD-binding antibodies that are non-neutralizing antibodies or that protect via cell-

mediated mechanisms are affected by viral mutations. In addition, T cell immunity is an

important component of the immune response to SARS-CoV-2 [266, 284, 203, 146], but our

work does not examine the effects of mutations on T cell epitopes. In fact, T cell epitopes

are often derived from proteins that are more conserved than spike, such as the N protein or

ORF1a-encoded proteins [175], and thus may be relatively less affected by mutations that

occur in viral variants [114].

1.2.1 The SARS-CoV-2 spike protein and RBD as potential vaccine antigens

The SARS-CoV-2 pandemic led to the development of vaccines with unprecedented speed

[63, 165]. The first clinical trial of a vaccine candidate for SARS-CoV-2 began in March 2020

(NCT04283461 for Moderna’s mRNA-1273 vaccine), only three months after SARS-CoV-2
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infection of humans was first described [147, 63]. The mRNA vaccine platform, encoding the

spike ectodomain with two stabilizing proline mutations in S2 (S-2P) [63], was the basis for

the Moderna mRNA-1273 and Pfizer/BioNTech BNT162b2 vaccines that became the first

SARS-CoV-2 vaccines authorized for emergency use in the United States [45, 46].

To date, there are 128 vaccine candidates in clinical development, and 194 in preclini-

cal development [328]. These include protein subunit, viral vector, DNA, inactivated virus,

mRNA, and other vaccine platforms [328]. While there was some early speculation that

vaccines that exclusively targeted the spike protein might either fail to elicit strong pro-

tection or provide pathways for viral evolution to erode immunity [165], all SARS-CoV-2

vaccines currently in use in the United States target the spike protein via either an mRNA-

or non-replicating adenoviral vector [45, 46, 44]. Early leading vaccine candidates such as

the Moderna mRNA-1273 and Pfizer/BioNTech BNT162b2 mRNA-based vaccines, the No-

vavax spike protein nanoparticle vaccine, the Johnson&Johnson/Janssen Ad26-adenovirus

vectored vaccine, and the ChAdOx1-adenovirus vectored vaccine were found to induce lev-

els of neutralizing antibodies against SARS-CoV-2 comparable to that of natural infection

[147, 310, 153, 100, 257].

Once vaccines became readily available in the United States, mechanistic studies of the

B cell response to vaccination began. The response to mRNA vaccination is so far the

most-studied, due to the availability of mRNA vaccines in the United States. Key work

from the Nussenzweig lab has found that B cell antibody genes continue to evolve 6 months

after infection and can increase in affinity for the RBD as well as sometimes ability to

bind variants that have point mutations in the antibody epitope [106]. In the 6 months

following vaccination, however, B cell genes do not evolve to increase in affinity or breadth

[57]. For individuals who were previously infected and then later vaccinated, there is ongoing

antibody somatic mutation and antibody evolution and the selective retention of B cell clones

expressing broad and potent antibodies [314].
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Important questions about the specificity of the antibody response elicited by vaccination

and how this compares to infection, and whether SARS-CoV-2 would evolve to evade vaccine-

elicited immunity remained. I work to address these questions in Chapter 7.

1.2.2 The possibility for antigenic evolution of SARS-CoV-2

When SARS-CoV-2 first emerged in the human population, one of the most pressing ques-

tions was whether the virus would eventually evolve to erode immunity. In the first months

of the pandemic, the majority of the population was naive to the virus, so immune selection

was not a major pressure driving the virus’ evolution. Given the virus’ continued spread,

however, it was possible that immune selection could become an important driver of SARS-

CoV-2 evolution.

This was such an open question because some viruses undergo rapid antigenic evolution

while others are more antigenically stable. Influenza and measles viruses are both RNA

viruses with similarly high mutation rates [259]. However, influenza evolves antigenically to

erode antibody immunity [23], whereas measles is antigenically stable such that a vaccine

developed almost 60 years ago still provides full protection against all currently circulating

measles strains.

One hypothesis is that the surface proteins of some viruses are more functionally tolerant

of mutations than others. Indeed, the surface proteins of rapidly evolving viruses such

as influenza hemagglutinin are quite tolerant of mutations [84], whereas the measles virus

hemagglutinin (H) protein is less mutationally tolerant [105]. However, one can readily select

measles virus mutants that escape neutralization by individual monoclonal antibodies [25],

so clearly the virus is tolerant to individual monoclonal antibody-escape mutations. Indeed,

our work in Chapter 2 suggested that the SARS-CoV-2 RBD would be relatively tolerant

to single mutations, including within known antibody epitopes [280].

Antigenic evolution is influenced by more than mutational tolerance, however. The neu-
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tralizing activity of the polyclonal antibody response to infection or vaccination can be

narrowly focused on one or a few immunodominant epitopes, or broadly reactive to multiple

codominant epitopes. For influenza virus, the polyclonal neutralizing antibody response is

narrowly focused, such that single viral mutations can reduce neutralization by 10-fold or

more [176]. Measles virus, on the other hand, elicits a neutralizing antibody response to

numerous codominant epitopes [217] and is thus less readily evaded by mutations.

Whether SARS-CoV-2 would behave more like influenza or measles virus, however, was

unclear. It was conjectured that coronaviruses in general may not undergo antigenic evolu-

tion due to their proofreading polymerase and lower mutation rate [79]. Evidence from before

the COVID-19 pandemic suggested that antigenic evolution of coronaviruses was a real pos-

sibility. For instance, decades-old human-challenge studies found that humans infected with

one strain of the 229E seasonal coronavirus were resistant to reinfection with that strain, but

partially susceptible to a different strain [247]. This, rather than waning antibody immunity,

could help to explain the frequency of reinfection with seasonal coronaviruses [263, 87, 134].

Recently, clear evidence for positive selection [158] and antigenic evolution [89] of seasonal

coronaviruses has been demonstrated. Together, these findings indicated that there was a

need to assess the potential for SARS-CoV-2 to evolve antigenically, and to consider anti-

genic evolution and immune escape in ongoing surveillance efforts. This was the focus of the

majority of my dissertation work described in Chapters 3-7.

1.3 Methods to identify mutations that affect antibody binding

Given the possibility that SARS-CoV-2 may evolve over time to erode antibody immunity,

there is a critical need to identify which mutations might reduce antibody binding to inform

viral surveillance.
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1.3.1 Genomic surveillance has enabled the real-time identification of viral variants

SARS-CoV-2 genomic surveillance has been performed with an intensity unseen for any previ-

ous virus [222]. These data are largely collected in the GISAID database, initially developed

to prepare for a possible future influenza pandemic [91]. Early molecular epidemiology uncov-

ered the first clear evidence of community transmission of SARS-CoV-2 in the United States

[22], and subsequent surveillance efforts have yielded key insights into the introductions and

spread of the virus through various parts of the world [325, 78, 330, 215]. Interactive tools to

understand SARS-CoV-2 viral evolution and variants, including Nextstrain (nextrain.org)

[126], CoVariants (covariants.org) [138], COVID-CG (covidcg.org) [50], and outbreak.info

(outbreak.info) [214] have been useful for basic scientists and policy makers alike.

In the early days of the pandemic, genetic variation was used as molecular markers to

track the spread of the virus. Today, we are increasingly concerned about the functional con-

sequences of SARS-CoV-2 genetic variation. Molecular epidemiology has been used to iden-

tify variants with increased transmissibility, including the D614G variant [161], the B.1.1.7

(Alpha) variant [71, 237], and the B.1.617.2 (Delta) variant [239]. However, the experimental

data needed to interpret the phenotypic consequences of viral evolution cannot be performed

at the rapid pace of genomic sequencing.

For instance, existing methods to identify SARS-CoV-2 escape mutations by passaging

virus in the presence of antibodies are incomplete in the sense that they only find one

or a few of the possible escape mutations. Structural biology can more comprehensively

define how an antibody physically contacts the virus, but structures are time consuming

to determine and still do not directly report which viral mutations escape from antibody

binding [70, 81, 148]. Instead, we chose to use the Bloom lab’s expertise in high-throughput

and prospective methods to comprehensively identify the mutations that might affect RBD

function and antibody binding.
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1.3.2 High-throughput methods to identify antibody-escape mutations

Deep mutational scanning is a powerful, high-throughput technique to quantify the fitness

effects of thousands of mutations to a protein in parallel [101]. Rather than testing each

mutant individually, all mutants are assayed together in a single experiment in bulk culture.

The phenotype of each mutant is quantified by comparing its frequency in the bulk culture

pre- vs. post-selection. In this manner, thousands of phenotypic measurements can be made

simultaneously [101].

The Bloom lab has extended this approach to study how mutations to viral proteins such

as influenza HA [288, 84, 85, 86, 177, 176] and HIV-Env [125, 81] affect viral growth and

escape from neutralizing antibodies. This latter method of “mutational antigenic profiling”

has dramatically increased the throughput of viral immune studies. These high-throughput

in vitro immune selections can shed light on viral evolution in nature. Immune escape

mutations identified in HA and HIV-Env in vitro also rose to high frequency in nature [176]

and in antibody therapy clinical trials [81], respectively. These studies suggest that selection

in vitro can mimic selection in humans.

Previous work from the Bloom lab has measured the phenotypic effects of mutations on

influenza and HIV-1 viral proteins in the context of replicative virus. There would be, how-

ever, multiple technical challenges to applying a similar technique to the SARS-CoV-2 spike

protein. First, SARS-CoV-2 must be studied under high biosafety conditions. Additionally,

deep mutational scanning requires generating a high-diversity mutant library. For viruses,

this requires a reverse-genetics system that can generate high-diversity libraries with high

efficiency. While reverse-genetics systems to generate infectious clones for SARS-CoV-2 have

been developed [338, 9, 140], these systems are relatively complex. Given the technical chal-

lenges and safety concerns of working with a large-scale library of SARS-CoV-2 infectious

viruses, we decided to take an approach that would allow us to study the effects of mutations

in high-throughput without working with infectious virus.
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1.3.3 Yeast display as a deep mutational scanning platform

One method that avoids the concerns of live-virus work is phage display [275]. Phage display

combined with deep mutational scanning has been used to identify antibody epitopes and

mutations that reduce antibody binding for HIV-1 [113]. While this method is extremely

high-throughput, a major limitation is that only relatively short, linear peptides can be

assayed. Phage display has been used to identify linear SARS-CoV-2 spike epitopes bound

by antibodies, largely in the fusion peptide, which contains linear epitopes [272, 112, 111].

Much of the spike protein and RBD, however, is comprised of conformational epitopes that

would not be captured by this approach.

Yeast display has been used for protein design and high-throughput experiments for

about 25 years, initially to engineer antibody variable domains with increased ligand affin-

ity [28, 49, 108]. While yeast display has a lower throughput than phage display, and only

about 1 million variants can be assessed in a reasonable experiment, the displayed protein

of interest folds intracellularly. Thus, conformational epitopes can be assayed, and proteins

that are several hundred amino acids in length can be used. Yeast-displayed proteins can

be post-translationally modified, although yeast glycans are more mannose-rich than mam-

malian glycans [127]. Yeast display can also be used with fluorescence-activated cell sorting

(FACS) for selection. Yeast display and FACS sorting of variants based on ligand binding

signal intensity over a concentration gradient can also facilitate quantitative measurement

of binding affinities [5].

A yeast display deep mutational scanning approach has also been extended to isolated

domains of viral surface proteins. Deep mutational scanning of the stem region of influenza

hemagglutinin has identified broadly reactive stem-binding antibodies and their escape mu-

tations [109]. Yeast-expressed SARS-CoV-1 spike RBD had been used as a candidate vaccine

antigen previously [53], and a soluble RBD-SD1 had been produced for SARS-CoV-2 [318],

so we believed that it would be a yeast-display deep mutational scanning method might be
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a feasible approach to study the effects of mutations to the SARS-CoV-2 RBD.

1.4 Layout of dissertation

In the following chapters, I describe my work uncovering the effects of mutations to the

SARS-CoV-2 RBD on antibody binding and neutralization. The Bloom lab has previously

used deep mutational scanning and mutational antigenic profiling to characterize the effects

of mutations on the function and antigenicity of other viral surface proteins, such as influenza

hemagglutinin [288, 84, 85, 86, 177, 176] and HIV-1 env [125, 81] proteins. When the SARS-

CoV-2 virus emerged as a pandemic human pathogen, we were in a unique position to apply

these high-throughput and prospective techniques to study the effects of mutations on the

SARS-CoV-2 spike protein.

In Chapter 2, together in collaboration with Dr. Tyler Starr, a post-doctoral researcher

in the Bloom lab, we measure the effects of all single amino-acid mutations to the SARS-CoV-

2 spike RBD on its expression and ability to bind to the ACE2 receptor. We find that while

most mutations are deleterious for RBD expression or ACE2 binding, there are a substantial

number of mutations that are well-tolerated or even enhance ACE2 binding. At the time that

the study was performed, there was relatively little genetic variation among human SARS-

CoV-2 isolates. As with all SARS-CoV-2-related knowledge, however, things changed quickly.

In the subsequent months, multiple viral lineages containing ACE2-enhancing mutations

emerged and rose to high frequencies. This results of this first study continue to be a major

resource for the SARS-CoV-2 community and are currently utilized by scientists involved in

SARS-CoV-2 surveillance and decision-making. It also demonstrated the utility of the yeast-

displayed deep mutational scanning platform for measuring the ability of RBD mutants to

bind to soluble ligands beyond the ACE2 receptor.

In Chapter 3, Dr. Starr and I extended this platform to identify mutations to the RBD

that can evade binding by monoclonal antibodies. We performed this proof-of-principle
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high-throughput antibody-escape mapping with a panel of monoclonal antibodies that were

isolated and first characterized by Seth Zost in James Crowe’s lab [356, 357]. In collaboration

with Pavlo Gilchuk from the Crowe lab, we used our deep mutational scanning data to inform

the selection of a cocktail of two antibodies with non-overlapping escape mutations that was

not escaped by any mutation in in vitro viral selection experiments.

Dr. Starr and I then applied this new approach in Chapter 4 to map mutations that

escape binding by antibodies in development for clinical use, the Regeneron antibody cocktail

(comprised of REGN10933 and REGN10987, also known as casirivimab and imdevimab)

[129] and the Eli Lily antibody LY-CoV016 (etesevimab) [271]. Importantly, these data were

used over the subsequent months to evaluate the significance of the emergence of new viral

variant lineages and to predict whether these emerging lineages would remain sensitive to

neutralization by these clinical antibodies.

The long-term evolution of SARS-CoV-2, however, is far more likely to be shaped by the

human polyclonal antibody response elicited by infection and vaccination than by monoclonal

antibody therapeutics administered to a small number of patients. Thus, in Chapter 5,

I extend this high-throughput approach that Dr. Starr and I developed for monoclonal

antibodies to map mutations that reduce binding by polyclonal plasmas from individuals

who were previously infected with SARS-CoV-2 in the early days of the pandemic. We

found that while there was heterogeneity in the specificity of the antibody response among

individuals and over time, in general, mutations to the class 2 antibody epitope [16] and in

particular, site 484, had some of the largest effects on antibody binding and neutralization.

It was rather remarkable that the antibody response was rather monoclonal-like, as has been

observed for influenza [176]. This was an especially important finding in the context of

our finding that the neutralizing response of SARS-CoV-2 convalescent plasmas was highly

focused on the spike RBD, further cementing the importance of genomic surveillance to

monitor for mutations to the RBD that might reduce antibody binding. Coincidentally,
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shortly before this study was completed, several SARS-CoV-2 variant lineages emerged with

mutations to site 484 [285, 94]. Our results were among the first studies to indicate that these

variants would be substantially less susceptible to neutralization by convalescent plasmas.

These neutralization experiments were critically performed by Dr. Andrea Loes in the Bloom

lab.

In Chapter 6, I further explore the relationship between the specificities of monoclonal

antibodies and polyclonal plasmas. I map mutations that reduce binding by a panel of

monoclonal antibodies of various structural classes and compare these results to those for

polyclonal convalescent plasmas. I find further evidence that infection with SARS-CoV-2

results in an antibody response that is relatively focused towards the class 2 site, and in

particular, site 484.

One of the major scientific and technological advances that emerged as a direct result of

the COVID-19 pandemic was the rapid development and deployment of remarkably effective

mRNA vaccines targeting the SARS-CoV-2 spike protein. As these vaccines began to be

distributed, we believed that it would be important to understand the specificity of the

vaccine-elicited antibody response, and which viral mutations might evade this response.

Thus, we mapped mutations that reduce vaccine-elicited antibody binding in Chapter 7.

We found that at approximately 3 months post-vaccination or post-symptom onset, while

vaccination elicited a neutralizing antibody response that was even more targeted towards

the RBD than infection, within the RBD, the vaccine-elicited response was broader than

the infection-elicited response, and relatively less affected by single mutations to the RBD.

These results were obtained with key contributions by Dr. Loes with neutralization assays.

Finally, in the spring of 2021, it became clear that SARS-CoV-2 was evolving on a global

scale, with the emergence of many new viral lineages, many of which had mutations with

either enhanced ACE2 affinity, reduced antibody susceptibility, or both. Thus, in Chapter

8, we wanted to understand how mutations in the background of these new variants would
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affect antibody binding and neutralization. Dr. Starr and I created a new deep mutational

scanning library in the B.1.351 (or Beta) background and in collaboration with Dr. Alex

Sigal’s lab, mapped mutations that reduce binding of B.1.351-elicited plasmas. We found that

the B.1.351 variant induces an antibody response with a shifted immunodominance hierarchy.

Experiments in this chapter were performed with assistance from Rachel Eguia. While the

B.1.351 variant has since been displaced by the Delta variant, these results suggest that as the

SARS-CoV-2 virus continues to evolve, it will be necessary to understand which mutations

might evade immunity elicited by new variants. As individuals gain increasingly complex

immune histories from serial infections and/or vaccinations, these results have important

implications for interpreting the consequences of viral antigenic evolution.
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Chapter 2

DEEP MUTATIONAL SCANNING OF SARS-COV-2
RECEPTOR BINDING DOMAIN REVEALS CONSTRAINTS

ON FOLDING AND ACE2 BINDING

A version of this chapter has been previously published as:

Starr TN, Greaney AJ, Hilton SK, Ellis D, Crawford KHD, Dingens AS, Navarro MJ,

Bowen JE, Tortorici MA, Walls AC, King NP, Veesler D, Bloom JD. Deep Mutational

Scanning of SARS-CoV-2 Receptor Binding Domain Reveals Constraints on Folding and

ACE2 Binding. Cell. 2020 Sep 3;182(5):1295-1310.e20. doi: 10.1016/j.cell.2020.08

.012. Epub 2020 Aug 11. PMID: 32841599; PMCID: PMC7418704.

2.1 Abstract

The receptor binding domain (RBD) of the SARS-CoV-2 spike glycoprotein mediates viral

attachment to ACE2 receptor, and is a major determinant of host range and a dominant tar-

get of neutralizing antibodies. Here we experimentally measure how all amino-acid mutations

to the RBD affect expression of folded protein and its affinity for ACE2. Most mutations

are deleterious for RBD expression and ACE2 binding, and we identify constrained regions

on the RBD’s surface that may be desirable targets for vaccines and antibody-based ther-

apeutics. But a substantial number of mutations are well tolerated or even enhance ACE2

binding, including at ACE2 interface residues that vary across SARS-related coronaviruses.

However, we find no evidence that these ACE2-affinity enhancing mutations have been se-

lected in current SARS-CoV-2 pandemic isolates. We present an interactive visualization

10.1016/j.cell.2020.08.012
10.1016/j.cell.2020.08.012
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and open analysis pipeline to facilitate use of our dataset for vaccine design and functional

annotation of mutations observed during viral surveillance.

2.2 Introduction

The SARS-related (sarbecovirus) subgenus of betacoronaviruses comprises a diverse lineage

of viruses that circulate in bat reservoirs and spill over into other mammalian species [30].

Sarbecoviruses initiate infection by binding to receptors on host cells via the viral spike pro-

tein. The entry receptor for both SARS-CoV-2 and the original SARS-CoV (which we refer

to here as SARS-CoV-1) is the human cell-surface protein angiotensin converting enzyme 2

(ACE2). The receptor binding domain (RBD) of spike from both these viruses binds ACE2

with high affinity [139, 179, 306, 332, 183]. Because of its role in viral entry, the RBD is

a major determinant of cross-species transmission and evolution [184, 269, 179, 249]. In

addition, the RBD is the target of the most potent anti-SARS-CoV-2 neutralizing antibod-

ies identified to date [38, 149, 230, 255, 267, 271, 336, 356]), and several promising vaccine

candidates use RBD as the sole antigen.

Despite its important function, the RBD is highly variable among sarbecoviruses [141],

reflecting the complex selective pressures shaping its evolution [196, 76, 103]. Furthermore,

RBD mutations have already appeared among SARS-CoV-2 pandemic isolates, including

some near the ACE2-binding interface—but their impacts on receptor recognition and other

biochemical phenotypes remain largely uncharacterized. Therefore, comprehensive knowl-

edge of how mutations impact the SARS-CoV-2 RBD would aid efforts to understand viral

evolution and guide the design of vaccines and other countermeasures.

To address this need, we used a quantitative deep mutational scanning approach [101, 5]

to experimentally measure how all possible SARS-CoV-2 RBD amino-acid mutations affect

ACE2-binding affinity and protein expression (a correlate of protein folding stability). The

resulting sequence-phenotype maps illuminate the forces that shape RBD evolution, quan-
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tify constraint on antibody epitopes, and suggest that purifying selection is the main force

acting on RBD mutations observed in human SARS-CoV-2 isolates to date. To facilitate

use of our measurements in immunogen design and viral surveillance, we provide interactive

visualizations, an open analysis pipeline, and complete raw and processed data.

2.3 Results

2.3.1 Yeast display of RBDs from SARS-CoV-2 and related sarbecoviruses

To enable rapid functional characterization of thousands of RBD variants, we developed a

yeast surface-display platform for measuring expression of folded RBD protein and its binding

to ACE2 [5, 28]. This platform enables RBD expression on the cell surface of yeast (Figure

2.1B), where it can be assayed for ligand-binding affinity or protein expression levels, a close

correlate of protein folding efficiency and stability [163, 164]. Because yeast have protein-

folding quality control and glycosylation machinery similar to mammalian cells, they add

N-linked glycans at the same RBD sites as human cells [53], although these glycans are more

mannose-rich than mammalian-derived glycans [127]. Yeast-expressed RBD from SARS-

CoV-1 has similar antigenic and structural properties to RBD expressed in mammalian cells

and binds to ACE2 as expected [53].

To validate the yeast-display platform, we selected RBDs from the Wuhan-Hu-1 SARS-

CoV-2 isolate and six related sarbecoviruses (Figure 2.1A). These other sarbecoviruses in-

clude the closest known relatives of SARS-CoV-2 from bats and pangolins (RaTG13 and

GD-Pangolin), SARS-CoV-1 (Urbani strain) and a close bat relative (LYRa11), and two

more distantly related bat sarbecoviruses (BM48-31 and HKU3-1). Based on prior work, all

these RBDs are expected to bind human ACE2 except those from BM48-31 and HKU3-1

[171, 179, 268]. We cloned the RBDs into a vector for yeast-display, induced RBD ex-

pression, and incubated with varying concentrations of fluorescently labeled human ACE2

(Figure 2.1B). We then used flow cytometry to measure ACE2 binding across 11 ACE2 con-
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centrations, enabling the calculation of a dissociation constant for the binding of each RBD

to ACE2 (Figure 2.1C). Because we used ACE2 in its native dimeric form [341], we refer to

the measured constants as apparent dissociation constants (KD,app) which are affected by

binding avidity. We report log binding constants ∆ log10(KD,app) relative to the wildtype

SARS-CoV-2 RBD, polarized such that a positive value reflects stronger binding (Figure

2.1D).

All RBDs exhibited ACE2 binding affinities consistent with prior knowledge. We measure

KD,app = 3.9 × 10−11 M for the SARS-CoV-2 RBD (Figure 2.1C), which is tighter than

affinities reported for monomeric ACE2 [268, 306, 332] due to avidity effects caused by our use

of native dimeric ACE2. Consistent with previous studies [268, 306, 332], the SARS-CoV-1

RBD binds ACE2 with lower affinity than SARS-CoV-2 (Figures 2.1C,D). The SARS-CoV-

1-related bat strain LYRa11 binds with even lower affinity, while the more distant bat RBDs

(HKU3-1 and BM48-31) have no detectable binding. These measurements are consistent

with the ability of these RBDs to enable viral particles to enter cells expressing human

ACE2 [179] (Figure 2.1D). Within the newly described SARS-CoV-2 clade, GD-Pangolin

binds ACE2 with slightly higher affinity than SARS-CoV-2, while the bat isolate RaTG13

binds with two orders of magnitude lower affinity, consistent with prior reports [268, 333].

These results validate our yeast surface-display platform for RBD affinity measurements, and

map variation in ACE2 affinity within the SARS-CoV-2 clade and the broader sarbecovirus

subgenus.

2.3.2 Deep mutational scanning of all amino-acid mutations to the SARS-CoV-2 RBD

We next integrated the yeast-display platform with deep mutational scanning to determine

how all amino-acid mutations to the SARS-CoV-2 RBD impact expression and binding

affinity for ACE2. We constructed two independent mutant libraries of the RBD using a

PCR-based mutagenesis method that introduces all 19 mutant amino acids at each position
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Figure 2.1: Yeast display of RBDs from SARS-CoV-2 and related sarbecoviruses.
(A) Maximum likelihood phylogeny of sarbecovirus RBDs. RBDs included in the present
study are in bold colored text. Node labels indicate bootstrap support. (B) RBD yeast
surface-display enables fluorescent detection of RBD expression and ACE2 binding. (C)
Yeast displaying the indicated RBD were incubated with varying concentrations of human
ACE2, and binding was measured via flow cytometry. Binding constants are reported as
KD,app from the illustrated titration curve fits. (D) Comparison of yeast display binding
with previous measurements of the capacity of viral particles to enter ACE2-expressing cells.
Relative binding is ∆ log10(KD,app) measured in the current study; relative cellular entry is
infection of ACE2-expressing cells by VSV pseudotyped with spike containing the indicated
RBD, reported by [179] in arbitrary luciferase units relative to SARS-CoV-1 RBD; n.d.
indicates not determined by Letko et al. [179].
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[26]. To facilitate sequencing and obtain linkage among amino-acid mutations within a single

variant, we appended 16-nucleotide barcode sequences downstream of the coding sequence

[136], bottlenecked each library to approximately 100,000 barcoded variants, and linked each

RBD variant to its barcode via long-read PacBio SMRT sequencing [198]. By examining

the concordance of RBD variant sequences for barcodes sampled by multiple PacBio reads,

we validated that this process correctly determined the sequence of > 99.8% of the vari-

ants. RBD variants contained an average of 2.7 amino-acid mutations, with the number of

mutations per variant roughly following a Poisson distribution. Our libraries covered 3,804

of the 3,819 possible RBD amino-acid mutations, of which 95.7% were present as the sole

amino-acid mutation in at least one barcoded variant. To provide internal standards for

our measurements, we spiked the mutant libraries with a barcoded panel of 11 unmutated

sarbecovirus RBD homologs (strains in color in Figure 2.1A), including those tested in the

isogenic assays in Figure 2.1C.

To determine how mutations affect RBD expression and ACE2 binding, we combined

fluorescence-activated cell sorting (FACS) with deep sequencing of variant barcodes [5]. To

measure expression, we fluorescently labeled RBD protein on the yeast surface via a C-

terminal epitope tag and used FACS to collect about 15 million cells from each library,

partitioned into four bins from low to high expression (Figure 2.2A). We sequenced the

barcodes from each bin and reconstructed each variant’s mean fluorescence intensity (MFI)

from its distribution of reads across bins. We represent expression as ∆ log (MFI) relative

to the unmutated SARS-CoV-2 RBD, such that a positive ∆ log(MFI) indicates increased

expression. To measure ACE2-binding affinity, we incubated yeast libraries that had been

pre-sorted for RBD expression with 16 concentrations of fluorescently labeled ACE2 (10−6

to 10−13 M, plus 0M ACE2), and used FACS to collect > 5 million RBD+ yeast cells at each

concentration, partitioned into 4 bins from low to high ACE2 binding (Figures 2.2B). We

again sequenced the barcodes from each bin, reconstructed the mean ACE2 binding of each
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variant at each concentration, and used the resulting titration curves to infer dissociation

constants KD,app which we represent as ∆ log10(KD,app) relative to the unmutated SARS-

CoV-2 RBD, with positive values indicating stronger binding.

These high-throughput measurements of expression and ACE2 binding were consistent

with expectations about the effects of mutations. RBD variants containing premature stop

codons universally failed to express folded full-length protein (Figure 2.2C). Unmutated

variants and those with synonymous mutations had a tight distribution of neutral expression

and binding measurements (Figure 2.2C,D). Variants containing amino-acid mutations had a

wide range of expression and binding phenotypes, with variants containing just one mutation

tending to have more mild functional defects than those with multiple mutations (Figure

2.2C,D). These trends are consistent with the fact that most mutations are deleterious to

protein folding or function [277] – however, some mutated variants exhibit expression or

binding that is comparable or even slightly higher than the parental SARS-CoV-2 RBD.

The panel of RBD homologs from other sarbecovirus strains all expressed well but exhibited

a wide range of ACE2 binding affinities (Figure 2.2C,D), as expected since only some are

derived from viruses that can enter cells using human ACE2 [179].

These measurements show that the RBD possesses considerable mutational tolerance

(Figure 2.2C,D). For instance, 46% of single amino-acid mutations to SARS-CoV-2 RBD

maintain an affinity to ACE2 at least as high as that of SARS-CoV-1, suggesting that there

is a substantial mutational space consistent with sufficient affinity to maintain human infec-

tivity. Many single amino-acid mutants also maintain expression comparable to unmutated

SARS-CoV-2, indicating that a large mutational space is compatible with properly folded

RBD protein.

We next aggregated the measurements on all variants to quantify the effects of individual

amino-acid mutations. Because many variants contain multiple mutations, we used global

epistasis models to determine the effects of individual mutations from both singly and mul-
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tiply mutated variants [220]. The resulting single-mutant ∆ log(MFI) and ∆ log10(KD,app)

measurements correlated well between the independent library duplicates (R2 = 0.93 and

0.95, respectively; Figures 2.2E,F). Throughout the rest of this paper, we report single mu-

tant effects as the average of the duplicate measurements. Overall, we obtained expression

measurements for 99.5% and binding measurements for 99.6% of all 3,819 single amino-acid

mutations.

Visualization of sequence-to-phenotype maps

The complete measurements of how amino-acid mutations affect expression and ACE2 bind-

ing represent rich sequence-to-phenotype maps for the RBD. We visualize the data in several

ways. Figure 2.3 provides heatmaps that show how each mutation affects expression or ACE2

binding, with sites annotated by whether they contact ACE2, their relative solvent accessi-

bility, and their amino-acid identities in SARS-CoV-2 and SARS-CoV-1. Interactive versions

of these heatmaps are at https://jbloomlab.github.io/SARS-CoV-2-RBD DMS, and en-

able zooming, subsetting by functional annotations, and mouse-selection based readouts of

numerical measurements for individual mutations. Finally, interactive structure-based visu-

alizations using dms-view [137] are linked at https://jbloomlab.github.io/SARS-CoV-2

-RBD DMS/structures/, and project the effects of mutations onto a crystal structure of the

ACE2-bound RBD [172] and a cryo-EM structure of the full spike ectodomain [306].

The sequence-phenotype maps reveal tremendous heterogeneity in mutational constraint

across the RBD. Many sites are highly tolerant of mutations with respect to one or both

of expression and ACE2 binding, while other sites are constrained to the wildtype amino

acid. A substantial number of sites (e.g., 382 to 395) are quite tolerant of mutations with

respect to ACE2 binding, but are constrained with respect to expression—consistent with

folding and stability being global constraints common to many sites [93, 235]. There are also

a handful of sites where ACE2 binding imposes strong constraints but expression does not

 https://jbloomlab.github.io/SARS-CoV-2-RBD_DMS
https://jbloomlab.github.io/SARS-CoV-2-RBD_DMS/structures/
https://jbloomlab.github.io/SARS-CoV-2-RBD_DMS/structures/
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Figure 2.2: Deep mutational scanning of all amino-acid mutations to the SARS-
CoV-2 RBD. (A,B) FACS approach for deep mutational scans for expression (A) and
binding (B). Cells were sorted into four bins from low to high expression or binding, with
separate sorts for each ACE2 concentration. The frequency of each library variant in each
bin was determined by Illumina sequencing of the barcodes of cells collected in that bin,
enabling reconstruction of per-variant expression and binding phenotypes. Bin boundaries
were drawn based on distributions of expression or binding for unmutated SARS-CoV-2
controls (blue), and gray shows the distribution of library variants for library replicate 1 in
these bins. (C, D) Distribution of library variant phenotypes for expression (C) and binding
(D), with variants classified by the types of mutations they contain. Internal control RBD
homologs are indicated with vertical lines, colored by clade as in Figure 2.1A. Stop-codon-
containing variants were purged by an RBD+ pre-sort prior to ACE2 binding measurements,
and so are not sampled in (D). (E, F) Correlation in single-mutant effects on expression (E)
and binding (F), as determined from independent mutant library replicates.
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Figure 2.3: Sequence-to-phenotype maps of the SARS-CoV-2 RBD. (A, B)
Heatmaps illustrating how all single mutations affect RBD expression (A) and ACE2 binding
affinity (B). Interactive versions of these heatmaps are at https://jbloomlab.github.io/
SARS-CoV-2-RBD DMS. Squares are colored by mutational effect according to scale bars on
the left, with red indicating deleterious mutations. The SARS-CoV-2 amino acid is indicated
with an ‘x’, and the SARS-CoV-1 amino acid, if different, is indicated with an ‘o’. Black
boxes in top overlay indicate residues that contact ACE2 in the SARS-CoV-2 (PDB 6M0J)
or SARS-CoV-1 (PDB 2AJF) crystal structures. The purple overlay represents the relative
solvent accessibility (RSA) of a residue in the ACE2-bound SARS-CoV-2 crystal structure.

https://jbloomlab.github.io/SARS-CoV-2-RBD_DMS
https://jbloomlab.github.io/SARS-CoV-2-RBD_DMS
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(e.g. 489, 502, and 505). Moreover, at some sites there are mutations that clearly enhance

expression or ACE2-binding affinity (blue colors in Figure 2.3).

2.3.3 Validation of deep mutational scanning measurements

We performed a series of experiments to confirm the dynamic range of our assays and their

relevance for RBD expressed in mammalian cells or full spike trimer on pseudotyped lentiviral

particles (Figures 2.4). To validate the dynamic range of our deep mutational scanning, we

first re-cloned and tested RBD mutants in isogenic yeast-display assays. These experiments

recapitulated the deep mutational scanning (Figures 2.4A-C), including confirmation that

some mutations enhance expression (V367F and G502D) or ACE2 affinity (N501F, N501T,

and Q498Y) in the context of yeast-expressed RBD.

We next compared our deep mutational scanning to measurements on mammalian-expressed

RBDs. We purified mammalian- expressed RBDs from six sarbecoviruses (SARS-CoV-2,

SARS-CoV-1, WIV1, RaTG13, ZXC21, and ZC45), and measured their 1:1 binding affinities

for monomeric human ACE2 using biolayer interferometry, which agreed with the measure-

ments from our deep mutational scan (Figures 2.4D). Moreover, we observed that using a

natively dimeric ACE2 enables detection of binding by the RaTG13 RBD, which can support

ACE2-mediated cell entry [268] even though the 1:1 affinity is too weak to detect.

Finally, we validated the deep mutational scanning measurements in the context of spike-

pseudotyped lentiviral particles (Figure 2.4E) [67]. The trends observed for entry by the

spike-pseudotyped lentiviral particles generally confirmed the deep mutational scanning:

three of four mutations that were detrimental for RBD expression or ACE2 binding reduced

pseudovirus entry, while a mutation that had little phenotypic effect in the deep mutational

scan did not affect viral entry. We also tested two ACE2 affinity-enhancing mutations and

found that both increased pseudovirus entry. Note that this result with single-cycle pseu-

dovirus does not necessarily imply that these mutations would increase growth of authentic
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Figure 2.4: Validation of deep mutational scanning measurements. (A) Titration
curves for select mutations that were re-cloned and validated in isogenic yeast cultures, as in
Figure 2.1C. (B, C) Correlation in binding (B) and expression (C) effects between deep mu-
tational scanning and isogenic yeast validations, including mutants shown in (A) and Figure
2.6C. (D) Comparisons of dissociation constants measured for mammalian-expressed puri-
fied RBD binding to monomeric human ACE2 and yeast displayed RBD binding to natively
dimeric ACE2 from our deep mutational scan. (E-G) Validation of expression-enhancing
mutations. (E) Effects of mutations on transduction of ACE2-expressing cells by lentivi-
ral particles pseudotyped with SARS-CoV-2 spike. Mutants are colored by their effects on
ACE2 binding as measured in the deep mutational scan (Figure 2.3B). Titers that fell below
the limit of detection (dashed horizontal line) are plotted on the x-axis. Measurements were
made in biological triplicate, and reflect the integrated effects of mutations on pseudovirus
production and cellular entry.
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SARS-CoV-2, since multi-cycle viral replication often involves tuning of receptor affinity to

simultaneously optimize viral attachment and release [135, 37, 173]. Taken together, these

experiments help validate the accuracy and relevance of the deep mutational scanning.

2.3.4 Mutational constraint of antibody epitopes

The RBD is the dominant target of neutralizing antibodies to SARS-CoV-2 [33, 38, 149,

230, 255, 356]. It is unclear to what extent the RBD will evolve to escape such antibodies

in a manner reminiscent of some other viruses [274, 296], although in vitro studies sug-

gest that SARS-CoV-2 and SARS-CoV-1 RBDs are capable of fixing mutations that escape

neutralizing antibodies [19, 252]. To better define the RBD’s evolutionary capacity for anti-

body escape, we examined mutational constraint in the epitopes of antibodies that bind the

SARS-CoV-1 or SARS-CoV-2 RBD (Figures 2.5A) [144, 224, 230, 236, 309, 331, 346, 336].

Many antibodies have epitopes that overlap the RBD ACE2 contact interface, and are

therefore strongly constrained by mutation effects on binding. For instance, antibodies B38

and 80R engage the two constrained patches that comprise the ACE2-binding interface, while

S230, F26G19, and m396 engage either one of these ACE2-binding sub-regions. However,

none of the currently characterized antibodies have epitopes as constrained as the ACE2-

contact surface itself (Figure 2.5B), suggesting further epitope focusing could be achieved.

The importance of such focusing is demonstrated by a recent study that identified RBD mu-

tations enabling escape from RBM-directed neutralizing antibodies [19]—our data indicate

that the escape occurs at sites that have high mutational tolerance.

Epitopes of core-RBD-directed antibodies tend to be mutationally constrained with re-

spect to expression rather than binding (Figures 2.5A,B). These core-RBD epitopes are

conserved across the sarbecovirus alignment, explaining the possible cross-reactivity of these

antibodies between SARS-CoV-1 and SARS-CoV-2 [143, 331, 230]. Although residues in

these epitopes are constrained for stability even in our measurements on the isolated RBD,
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Figure 2.5: Mutational constraint of antibody epitopes. (A) For each of 8 RBD-
directed antibodies, black outlines indicate the epitope structural footprint, with surfaces
colored by mutational constraint (red indicates more constrained). The direct ACE2 inter-
face is shown in the upper-left, for reference. Names of antibodies capable of neutralizing
SARS-CoV-2 are boxed. (Others neutralize SARS-CoV-1 but have not been demonstrated
to neutralize SARS-CoV-2.) Constraint is illustrated as mutational effects on binding for
RBM-directed antibodies (blue, top), and expression for core-RBD-directed antibodies (or-
ange, bottom). The N343 glycan, which is present in the S309 epitope and is constrained
with respect to expression, is shown only on this surface for clarity. (B) Average mutational
constraint for binding and expression within each epitope. Points are colored according to
the RBM versus core-RBD designation in (A). (C) Identification of a patch of mutational
constraint surrounding RBD residue E465 which has not yet been targeted by any described
antibodies. Surface is colored according to mutational effects on expression, as in (A, bot-
tom). Residues in this constrained E465 patch are listed.
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some of them likely exhibit additional constraint due to quaternary contacts in the full spike

trimer [306, 331, 347]. We identified an additional core-RBD patch centered on residue E465

that is also mutationally constrained (Figure 2.5C) and evolutionarily conserved, but is not

targeted by any currently known antibody and might represent a promising target.

Taken together, our results identify multiple mutationally constrained patches on the

RBD surface that can be targeted by antibodies. These findings provide a framework that

could inform the formulation of antibody cocktails aiming to limit the emergence of viral

escape mutants [19, 230, 335, 356], particularly if deep mutational scanning approaches like

our own are extended to define RBD antibody epitopes in functional as well as structural

terms [81].

Using sequence-phenotype maps to interpret genetic variation in SARS-CoV-2

An important question is whether any mutations that have appeared in circulating SARS-

CoV-2 isolates have functional consequences. Despite intense interest in this question, ex-

perimental work to characterize the effects of SARS-CoV-2 mutations has lagged far behind

their identification in viral sequences. Our comprehensive maps of the phenotypic effects of

mutations provide a direct way to interpret the impact of current and future genetic variation

in the SARS-CoV-2 RBD.

To assess the phenotypic impacts of mutations that have appeared in the SARS-CoV-

2 RBD to date, we downloaded all 31,570 spike sequences available from GISAID [91] on

May 27, 2020, and identified RBD amino-acid mutations present in high-quality clinical

isolates. All observed RBD mutations are at low frequency, with 56 of the 98 observed mu-

tations present only in a single GISAID sequence. The observed mutations are significantly

less deleterious for both ACE2 binding and RBD expression than random single-nucleotide-

accessible mutations (Figures 2.6AP-value < 10−6 for binding and expression, permutation

tests), consistent with the action of purifying selection. Purifying selection against dele-
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terious mutations is especially apparent for mutations that are observed multiple times in

circulating variants, with a substantial number of singletons being mildly or moderately dele-

terious whereas mutations observed multiple times are largely neutral. This general pattern

of increased purifying selection on more common mutations is consistent with theoretical

expectation and empirical patterns observed for other viruses [242, 339].

Our discovery of multiple strong affinity-enhancing mutations to the SARS-CoV-2 RBD

raises the question of whether positive selection favors such mutations, since the relationship

between receptor affinity and fitness can be complex for viruses that are well-adapted to

their hosts [37, 135, 173]. Affinity-enhancing mutations are accessible via single-nucleotide

mutation from SARS-CoV-2, but none are observed among circulating viral sequences in

GISAID (Figure 2.6A), and the observed mutations do not enhance ACE2 affinity more

than randomly drawn samples of single nucleotide mutations. Taken together, we see no

clear evidence of selection for stronger ACE2 binding, consistent with SARS-CoV-2 already

possessing adequate ACE2 affinity at the beginning of the pandemic.

Last, we validated our deep mutational scanning for mutations that are especially preva-

lent among naturally occurring sequences in GISAID. The deep mutational scanning sug-

gests small phenotypic effects for the most prevalent mutations, with the exception of V367F,

which substantially enhances expression (Figure 2.6B). We re-cloned and tested most of these

prevalent mutations for expression and ACE2 binding in isogenic yeast display assays. Con-

sistent with the deep mutational scanning, the only large phenotypic effect was increased

expression of V367F (Figure 2.6C,D). The relevance of V367F’s stability-enhancing effect

for viral fitness is unclear, though this mutation has independently arisen multiple times

[300]. We also validated that N439K, the most prevalent RBD mutation which may have a

very slight affinity-enhancing effect (Figures 2.6B,C), has no measurable impact on entry of

spike-pseudotyped lentiviral particles (Figure 2.4). Taken together, our results suggest that

there is little phenotypic diversity in ACE2 binding among circulating variants at this early
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Figure 2.6: Phenotypic impacts of genetic variation in the SARS-CoV-2 RBD. (A)
Distribution of effects on ACE2 binding of mutations observed among circulating SARS-
CoV-2 isolates. The distribution of mutation effects is shown for all amino-acid mutations
accessible via single-nucleotide mutation from the SARS-CoV-2 Wuhan-Hu-1 gene sequence,
compared to the distributions for subsets of mutations that are observed in sequenced SARS-
CoV-2 isolates deposited in GISAID at increasing observation count thresholds. n, number
of mutations in each subset. (B) Summary of most frequent mutations among GISAID se-
quences, reporting our deep mutational scanning measured effect on binding and expression,
the number of GISAID sequences containing the mutation, and the number of geographic re-
gions from which a mutation has been reported. (C, D) Validation of the mutational effects
on binding (C) and expression (D) for 4 of the 5 most frequent circulating RBD variants.
S477N rose to high frequency after we began our validation experiments, and so was not
included. Error bars in (D) are standard error from 11 samples.
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stage of the pandemic—although it will be interesting to use our maps to continually assess

the phenotypic effects of future mutations as the virus evolves.

2.4 Discussion

Vast numbers of viral genomes have been sequenced in almost real-time during the SARS-

CoV-2 pandemic. These genomic sequences have been useful for understanding viral emer-

gence and spread [96, 22], but the lack of corresponding high-throughput functional charac-

terization means that speculation has outpaced experimental data when it comes to under-

standing the phenotypic consequences of mutations. Here, we take a step toward providing

phenotypic maps commensurate with the scale of genomic data by experimentally character-

izing how all amino-acid mutations to the RBD affect the expression of folded protein and its

affinity for ACE2, two key factors for viral fitness. These maps show that RBD mutations

that have appeared in SARS-CoV-2 to date are nearly neutral with respect to these two

biochemical phenotypes, with the exception of one mutation (V367F) that increases RBD

stability. Notably, there has been no selection to date for any of the evolutionarily accessi-

ble mutations that enhance ACE2 binding affinity. The genetic diversity of SARS-CoV-2 is

likely to increase as it continues to circulate in the human population, and so our phenotypic

maps should become increasingly valuable for viral surveillance as mutations accumulate

over time.

It is important to remember that our maps define biochemical phenotypes of the RBD, not

how these phenotypes relate to viral fitness. There are many complexities in the relationship

between biochemical phenotypes of yeast-displayed RBD and viral fitness. First, there are

subtle differences in glycan structures between yeast versus human cells [127], though the

overall role of glycans in RBD stability is preserved in yeast systems [53]. Second, the RBD is

just one domain of the viral spike, which engages in complex dynamic movements to mediate

viral entry [143, 309, 306, 332]. Finally, spike-mediated entry is just one component of fitness,
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which involves a myriad of incompletely understood factors that determine how well a virus

spreads from one human to another [169]. To some degree, these caveats are universal of

experimental studies, as even sophisticated animal models are imperfect proxies for true

fitness [191]–but they are especially true for basic biochemical phenotypes like the ones we

measure. However, on a hopeful note, our measurements correlate well with cellular entry

by spike-pseudotyped viral particles expressing sarbecovirus RBD homologs (Figures 2.1D)

and single mutants of the SARS-CoV-2 RBD (Figure 2.4). Furthermore, fitness ultimately

arises from the concerted action of biochemical phenotypes, which are in turn determined by

genotype [256, 73, 130]. By making the first link from mutations to biochemical phenotypes,

we have taken a step towards enabling better interpretation of viral genetic variation.

One important area where our maps do have clear relevance is assessing the potential for

SARS-CoV-2 to undergo antigenic drift by fixing mutations at sites targeted by antibodies,

as occurs for some other viruses such as influenza [274]. The RBD is the dominant target

of neutralizing antibodies [38, 149, 231, 255, 267, 271, 356], and so any antigenic drift will

be constrained by its mutational tolerance. Our results show that many mutations to the

RBD are well-tolerated with respect to both protein folding and ACE2 binding. However,

the ACE2 binding interface is more constrained than most of the RBD’s surface, which

could limit viral escape from antibodies that target this interface [252]. In this respect,

our maps enable several important observations. First, no characterized antibodies have

epitopes as constrained as the actual RBD surface that contacts ACE2, suggesting that

there is room for epitope focusing to minimize viral escape. Second, there are a number

of RBD mutations that enhance ACE2 affinity, which implies ample evolutionary potential

for compensation of deleterious mutations in the ACE2 interface in a manner reminiscent

of multi-step escape pathways that have been described for other viruses [27]. It should be

possible to shed further experimental light on the potential for antigenic drift by extending

our deep mutational scanning methodology to directly map immune-escape mutations as has
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been done for other viruses [81, 176].

RBD-based antigens represent a promising vaccine approach. Our sequence-phenotype

maps can directly inform efforts to engineer such vaccines in several ways. First, we identify

many mutations that enhance RBD expression and thermal stability, a desirable property in

vaccine immunogens. Second, our maps show which mutations can be introduced into the

RBD without disrupting key biochemical phenotypes, thereby opening the door to resurfacing

immunogens to focus antibodies on specific epitopes [319, 88]. Finally, our maps show

which surfaces of the RBD are under strong constraint and might thereby be targeted by

structure-guided vaccines to stimulate immunity with breadth across the sarbecovirus clade:

in addition to the ACE2 interface itself, these surfaces include several core-RBD surface

patches targeted by currently described antibodies and a previously undescribed core-RBD

surface patch surrounding residue E465.

Finally, our work should be useful for understanding the evolution of sarbecoviruses

more broadly, including the potential for more spillovers into the human population. There

is a dizzying diversity of RBD genotypes and phenotypes among sarbecoviruses within bat

reservoirs [31, 76, 103, 141, 179, 196]. A prerequisite for these viruses to jump to humans is

the ability to efficiently bind human receptors [21, 205, 206, 179]. Our maps are immediately

useful in assessing the effects on ACE2-binding of mutations to viruses within the SARS-

CoV-2 clade, and extensions to account for epistasis and genetic background could further

inform understanding of the evolutionary trajectories that enable sarbecoviruses to efficiently

infect human cells.

2.5 Materials and Methods

Data and Code Availability

The complete computational workflow to generate and analyze these data, including repro-

ducible code within a programmatically constructed computational environment are available
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at: https://github.com/jbloomlab/SARS-CoV-2-RBD DMS. All raw sequencing data are

uploaded to the NCBI Short Read Archive (BioProject PRJNA639956).

Experimental Model and Subject Details

Saccharomyces cerevisiae strain AWY101 (Wentz and Shusta, 2007) was cultured at 30°C

(except where indicated) in baffled flasks while shaking at 275rpm. Selective media contained

6.7 g/L Yeast Nitrogen Base, 5.0 g/L Casamino acids, 1.065 g/L MES, and 2% w/v carbon

source (dextrose for routine maintenance, galactose supplemented with 0.1% dextrose for

RBD induction). HEK-293T cells (ATCC CRL-3216) were cultured in D10 growth media

(DMEM with 10% heat-inactivated FBS, 2 mM l-glutamine, 100 U/mL penicillin, and 100

µg/mL streptomycin) at 37°C in a humidified 5% CO2 incubator. Expi293F (Thermo Fisher

Cat No. A14527) suspension cells were grown at at 37°C in a humidified 8% CO2 incubator

rotating at 130 rpm. Cell lines were not authenticated.

RBD cloning

The Spike receptor binding domain (RBD) from SARS-CoV-2 (isolate Wuhan-Hu-1, Gen-

bank accession number MN908947, residues N331-T531) and additional sarbecovirus ho-

mologs (RaTG13, Genbank MN996532; GD-Pangolin consensus from [171]; SARS-CoV-1 Ur-

bani, Genbank AY278741; WIV1, Genbank KF367457 (identical RBD sequence to WIV16);

LYRa11, Genbank KF569996; Rp3, Genbank DQ071615; HKU3-1, Genbank DQ022305;

Rf1, Genbank DQ412042; ZXC21, Genbank MG772934; ZC45, Genbank MG772933; and

BM48-31, Genbank NC014470) were ordered as yeast codon-optimized gBlocks (IDT) and

cloned into the pETcon yeast surface-display expression vector. The destination vector

was modified downstream from the yeast surface-display fusion construct to include a bar-

code landing pad for subsequent library generation, along with Illumina sequencing prim-

ing handles for downstream barcode sequencing and NotI digestion sites for downstream

https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS
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PacBio sequencing preparation. This plasmid sequence is provided on GitHub at https:

//github.com/jbloomlab/SARS-CoV-2-RBD DMS/tree/master/data/plasmid maps/2649

pETcon-SARS-CoV-2-RBD-201aa.gb.

Isogenic yeast display induction and titration

RBD variant plasmids were transformed into the AWY101 Saccharomyces cerevisiae strain

[322], selecting for the plasmid Trp auxotrophic marker on SD-CAA selective plates (6.7g/L

Yeast Nitrogen Base, 5.0g/L Casamino acids, 1.065g/L MES acid, and 2% w/v dextrose).

Single colonies were inoculated into 1.5mL liquid SD-CAA media, and grown overnight at

30°C. Then 1 OD unit of yeast were back-diluted into 1.5mL SG-CAA+0.1%D induction

media (2% w/v galactose supplemented with 0.1% dextrose), and incubated for 16-18 hours

at room temperature.

Induced cells were spun down at 250,000 cells per sample and washed in PBS-BSA (0.2

mg/mL). Samples were resuspended in primary labeling solutions across a range of concen-

trations of biotinylated human ACE2 ectodomain (ACROBiosystems AC2-H82E6), which

contains its natural dimerization domain. Primary labeling reactions were conducted in suf-

ficient reaction volumes for each concentration to avoid ligand depletion effects of greater

than 10%. For instance, the lowest sample concentration of 10−13 M was scaled to 25mL,

at which volume 2.9% of total ligand molecules are estimated to be titrated in RBD:ACE2

complexes given the wildtype KD,app and an estimated 50,000 surface RBDs per cell [28].

Following overnight equilibration of ACE2 binding at room temperature, cells were washed in

ice-cold PBS-BSA, and resuspended in PBS-BSA containing 1:200 diluted FITC-conjugated

anti c-Myc antibody (Immunology Consultants Lab, CMYC-45F) to label for RBD surface

expression via a C-terminal c-Myc epitope tag, and 1:200 diluted PE-conjugated strepta-

vidin (Thermo Fisher S866) to detect bound biotinylated ACE2 ligand. Following 1 hour

of secondary labeling at 4 degrees C, cells were washed twice in ice-cold PBS-BSA, and

https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/tree/master/data/plasmid_maps/2649_pETcon-SARS-CoV-2-RBD-201aa.gb
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/tree/master/data/plasmid_maps/2649_pETcon-SARS-CoV-2-RBD-201aa.gb
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/tree/master/data/plasmid_maps/2649_pETcon-SARS-CoV-2-RBD-201aa.gb
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resuspended in PBS.

RBD surface expression and ACE2-binding levels were determined via flow cytometry

using a BD LSRFortessa X-50. For flow cytometry, 10,000 cells were analyzed at each

ACE2 concentration across a titration series. Cells were gated to select for singleton events,

FITC labeling was used to subset RBD+ cells, and PE labeling was measured within this

FITC+ population. To mimic the subsequent library sorting experiments in which we are

blinded to exact PE fluorescence within a given PE fluorescence bin (since we only sequence

barcodes within a bin), we analyzed isogenic titration data by drawing equivalent bins of

PE fluorescence that capture 95% of unbound unmutated SARS-CoV-2 cells (bin1), 95% of

saturated SARS-CoV-2 cells (bin4), and a bin2/bin3 boundary evenly spaced on the log-scale

between the boundaries of the bin1 and bin4 partitions (see Figure 2.2B). For each ACE2

concentration, we determine the mean bin of PE fluorescence as a simple weighted mean

value across integer-weighted bins:

bin[ACE2] =

4∑
i=1

n
i,[ACE2] × i

4∑
i=1

n
i,[ACE2]

where n
i,[ACE2]

is the number of cells that fall into bin i at a given ACE2 concentration,

and i is the simple integer value of a bin from 1 to 4.

We determined the binding constantKD,app describing the affinity of each RBD variant for

human ACE2 ligand along with free parameters a (titration response range) and b (titration

curve baseline) via nonlinear least squares regression using a standard non-cooperative Hill

equation relating the mean bin response variable to the ACE2 labeling concentration:

bin[ACE2] = a× [ACE2]

[ACE2] +KD,app

+ b

We report apparent KD values (KD,app) that do not take into account the stoichiome-

try of the multivalent yeast-displayed RBD interaction with dimeric ACE2. Following this
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“apparent” nomenclature, we report ACE2 concentrations as molarity of the monomeric sub-

unit. Computational notebooks detailing the fits of all isogenic RBD titrations is provided

on GitHub (https://github.com/jbloomlab/SARS-CoV-2-RBD DMS/blob/master/data/

isogenic titrations/homolog validations.md) and https://github.com/jbloomlab

/SARS-CoV-2-RBD DMS/blob/master/data/isogenic titrations/point-mut-validati

ons.md.

Library mutagenesis

Mutagenesis of the SARS-CoV-2 RBD was performed in two independent replicates via the

method described in [26] and we used NNS rather than NNN primers. Briefly, we designed

mutagenic primers containing degenerate NNS codons that tile across the SARS-CoV-2 RBD,

which were ordered as oPools from Integrated DNA Technologies. The script used to design

the mutagenic primers and the resulting primers are available at https://github.com/j

bloomlab/SARS-CoV-2-RBD DMS/tree/master/data/primers/mutational lib. We

conducted three rounds of mutagenesis, each consisting of 7 mutagenic PCR cycles and 20

joining PCR cycles. The final joined products were amplified for 10 cycles with primers

that append a unique identifier N16 barcode sequence to the 3’ end of each mutagenized

insert, downstream from the RBD stop codon and mRNA 3’ UTR. Barcodes were also PCR

appended to the un-mutagenized RBD homologs via the same primer addition PCR. Primers

used in library assembly are provided on GitHub https://github.com/jbloomlab/SARS-

CoV-2-RBD DMS/tree/master/data/primers.

Mutagenized SARS-CoV-2 libraries and pooled wildtype homolog RBDs were cloned into

EcoRI-HF/SacI-HF digested pETcon 2649 vector (sequence linked above) using NEBuilder

HiFi DNA Assembly (NEB E2621). Assembled products were Ampure purified and electro-

porated into electrocompetent NEB10-beta cells. Electroporated cells were plated on 15cm

LB+ampicillin plates at an estimated bottleneck of 100,000 (SARS-CoV-2 mutant libraries)

https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/data/isogenic_titrations/homolog_validations.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/data/isogenic_titrations/homolog_validations.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/data/isogenic_titrations/point-mut-validations.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/data/isogenic_titrations/point-mut-validations.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/data/isogenic_titrations/point-mut-validations.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/tree/master/data/primers/mutational_lib
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/tree/master/data/primers/mutational_lib
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/tree/master/data/primers
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/tree/master/data/primers
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or 1,000 (pooled RBD homologs) colony forming units to limit library size. After approxi-

mately 18 hours of outgrowth, colonies were scraped into liquid LB+ampicillin, and grown

for 2.5 hours in liquid culture prior to plasmid purification.

Plasmid pools were transformed into the AWY101 strain of Saccharomyces cerevisiae via

the protocol of Gietz and Schiestl [115]. SARS-CoV-2 mutant libraries were transformed at

50 µg scale and the pooled RBD homolog controls were transformed at 10 µg scale. Colony

forming unit counts from plated serial dilutions indicate transformation yield of > 1 million

cfus. Transformed yeast grew for 14 hours post-transformation in 100 mL selective SD-

CAA media, and were subsequently back-diluted into 100 mL fresh SD-CAA at 1 OD600

for an additional 9 hours, to enable further resolution of multiple vector transformants.

Transformed yeast libraries were flash frozen in 1e8 cfu aliquots and stored −80 degrees C.

PacBio library sequencing and analysis

PacBio sequencing was used to acquire long sequence reads spanning the N16 barcode and

the RBD gene sequence. PacBio sequencing inserts were prepared from bacterially-purified

plasmid pools via NotI-HF restriction digest followed by gel purification and SMRTbell

ligation. The use of restriction digest rather than PCR eliminates the possibility of PCR

strand exchange scrambling barcodes. Each SARS-CoV-2 RBD mutant library was spiked

to 1% frequency with the internal standard pool of RBD homologs. Each replicate library

was sequenced in two SMRT Cells on a PacBio Sequel using 20-hour movie collection times.

PacBio circular consensus sequences (CCSs) were generated from the raw subreads using the

ccs program (https://github.com/PacificBiosciences/ccs, version 4.2.0), setting the

parameters to require 99.9% accuracy and a minimum of 3 passes. The resulting CCSs are

available on the NCBI Sequence Read Archive at https://www.ncbi.nlm.nih.gov/biopr

oject/PRJNA639956.

We then processed the CCSs to identify the RBD sequence (SARS-CoV-2 or one of the

https://github.com/PacificBiosciences/ccs
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA639956
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA639956
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11 homologs), call any mutations in the RBD sequence, and determine the associated 16-

nucleotide barcode. To do this, we used alignparse [65], version 0.1.3. We only retained

CCSs that matched the parental RBD sequence with no more than 45 nucleotide mutations

(corresponding to up to 15 codon mutations), had a barcode of the expected 16 nucleotide

length, and had no more than one mismatch in the flanking regions expected in the sequenced

amplicon. A computational notebook providing full details is available on GitHub at https:

//github.com/jbloomlab/SARS-CoV-2-RBD DMS/blob/master/results/summary/proce

ss ccs.md.

We next used these processed CCSs to generate a codon-variant lookup table that links

each barcode to its associated codon mutations in the RBD sequence. To do this, we first

filtered only for CCSs where the PacBio ccs-reported accuracy was at least 99.99% in both

the RBD gene sequence and the barcode (the vast majority of CCSs passed this filter).

We then determined the empirical accuracy of the CCSs by determining the concordance

between the RBD gene sequence called by CCSs with the same barcode using the method

implemented at https://jbloomlab.github.io/alignparse/alignparse.consensus.

html#alignparse.consensus.empirical accuracy. For both libraries, the empirical

accuracy of the entire region of the CCS covering the RBD sequence was 99.8% if we ignored

those with indels. Most barcodes were covered by multiple CCSs, and in that case we built

a consensus of these CCSs after discarding any barcodes for which the CCSs differed often

or at many sites using the method implemented at https://jbloomlab.github.io/alig

nparse/alignparse.consensus.html#alignparse.consensus.simple mutconsensus.

Finally, we discarded any variants with indels in the RBD. Therefore, more than 99.8% of

the final barcode-linked variants should have the correctly determined RBD sequence, since

99.8% is the accuracy for those covered by just one CCS and most variants were called by the

consensus of multiple CCSs. For further analysis of the barcoded variants, we then created

a codon variant table using dms variants (https://jbloomlab.github.io/dms variant

https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/process_ccs.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/process_ccs.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/process_ccs.md
https://jbloomlab.github.io/alignparse/alignparse.consensus.html#alignparse.consensus.empirical_accuracy
https://jbloomlab.github.io/alignparse/alignparse.consensus.html#alignparse.consensus.empirical_accuracy
https://jbloomlab.github.io/alignparse/alignparse.consensus.html#alignparse.consensus.simple_mutconsensus
https://jbloomlab.github.io/alignparse/alignparse.consensus.html#alignparse.consensus.simple_mutconsensus
https://jbloomlab.github.io/dms_variants/, version 0.6.0
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s/,version0.6.0). The final barcode-variant lookup table (which associates each barcode

with its RBD sequence) is at https://github.com/jbloomlab/SARS-CoV-2-RBD DMS

/raw/master/results/variants/codon variant table.csv. Some summary statistics

about the final composition of the libraries are in Figure S1, and the complete code used

to generate the barcode-variant lookup table and many additional plots characterizing the

composition of the libraries are on GitHub at https://github.com/jbloomlab/SARS-CoV-2-

RBD DMS/blob/master/results/summary/build variants.md.

Deep mutational scanning library yeast surface-display induction and labeling

Yeast libraries were thawed and grown overnight at 30 degrees C in 180mL SD-CAA media at

an initial OD600 of 0.1. We spiked our SARS-CoV-2 mutant libraries with the barcoded RBD

homolog pool at a total fraction of 0.6% yeast density, such that each RBD homolog barcode

should be present at a frequency on the same order of magnitude as the typical SARS-

CoV-2 variant barcode. To induce RBD surface expression, yeast were back-diluted to 50

mL (expression experiments) or 200 mL (binding experiments) SG-CAA+0.1%D induction

media at 0.67 OD600 and incubated at room temperature for 16-18 hours with mild agitation.

For library expression experiments, 45 OD units yeast were washed twice with PBS-BSA

and labeled in 3 mL 1:100 diluted anti-Myc-FITC antibody for 1hr at 4 degrees C with

gentle mixing. Labeled cells were washed twice in PBS-BSA and resuspended in 5mL PBS

for FACS. For library binding experiments, 8 OD units yeast per titration concentration

(10−13 M to 10−6 M ACE2 at half-log intervals, plus a 0M ACE2 sample) were washed twice

with PBS-BSA, and incubated with ACE2 ligand overnight at room temperature with gentle

agitation. Labeling volumes were scaled at low ACE2 concentration to limit ligand depletion

effects, as with isogenic titrations described above. Following equilibration of ACE2 labeling,

cells were kept chilled while washing once with PBS-BSA, labeling for one hour in 1 mL PBS-

BSA with 1:100 diluted Myc-FITC and 1:200 Streptavidin-PE, washed two more times with

https://jbloomlab.github.io/dms_variants/, version 0.6.0
https://jbloomlab.github.io/dms_variants/, version 0.6.0
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/raw/master/results/variants/codon_variant_table.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/raw/master/results/variants/codon_variant_table.csv
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PBS-BSA, and resuspended to 1 mL in PBS.

Fluorescence activated cell sorting (FACS) of yeast libraries

Yeast libraries were sorted into bins of FITC or PE fluorescence using a BD FACS Aria II.

Cells were sorted into 5mL FACS tubes containing 1mL of 2xYPAD supplemented with 1%

BSA. Tubes were pre-wet with collection media prior to sample collection, to reduce sticking

and improve post-sort yield.

For expression sorts, cells were gated for singleton events (Figure S2A), followed by

partitioning into four bins of FITC fluorescence (Figures 2A): bin 1 captures 99% of unstained

cells, and bins 2-4 split the remaining library fraction into tertiles. We sorted > 50 million

cells from each library into these bins. From these same inductions, we also sorted 15 million

RBD+ cells from each library, to enrich RBD-expressing cells within our libraries for our

titration sorting experiments.

For ACE2-binding titrations, we gated cells for singleton events and RBD+ expression.

For each ACE2 concentration sample, we sorted cells into four bins of PE fluorescence as

described above: bin1 captures 95% of unmutated SARS-CoV-2 cells incubated with 0M

ACE2, bin4 captures 95% of unmutated cells at saturating ACE2 ligand, and the bin2/bin3

boundary evenly splits the log-MFI scale between the bin1 and bin4 boundaries (Figure

2.2B). We sorted each ACE2 concentration sample into these four bins for approximately 15

minutes, capturing 5-6 million cells per ACE2 concentration.

Following each sort, cells from each collection tube were spun for 5 min at 3,000 g in a

tabletop centrifuge, yielding a visible pellet for any sample with at least 500,000 collected

cells. Collection supernatant was removed, and cells were resuspended in SD-CAA media

supplemented with 1:100 penicillin-streptomycin. Cells were resuspended to an estimated

2e6 cells/mL in 15mL culture tubes or baffled flasks for expresion post-sort samples, 5e5

cells/mL in baffled flasks for RBD+ sort samples, and 1mL (<1e6 cells) or 1.5mL (>1e6
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cells) in 96-deep-well plates for titration samples. For expression FACS experiments, total

cell recovery from all samples was measured via serial dilution and plating on YPD and SD-

CAA plates for each sample, which showed average cellular recovery of 85% (range 79-94%),

with 62% (range 52-77%) of cells retaining plasmid, with exception of the FITC-negative bin

1 populations, which showed 20% plasmid retention. These per-sample cell recovery counts

were used to calibrate downstream sequencing numbers for the actual number of cells that

grew out from each sort bin. For titration sorts, we did not titer all 64 post-sort samples,

but instead spot checked 6 samples to ensure normal levels of cell recovery, which showed an

average 66% cell recovery and 46% plasmid retention. As we did not titer all samples, we

use the FACS log cell count as the estimate of number of cells collected in each bin, which

makes the assumption that there are no systematic differences in post-sort cell yield across

bins, which is more appropriate for these titration sorts where the ACE2 binding gates are

nested within an overall RBD+ selection gate that selects for even plasmid retention.

Post-sort samples were grown overnight in liquid media at 30°C. Plasmids were purified

from post-sort yeast samples of <4e7 cfu using Zymo Yeast Miniprep kits (single column

or 96-well plate formats) according to kit instructions, but with the addition of > 2 hours

Zymolyase treatment and a −80 degrees C freeze/thaw cycle prior to cell lysis.

Illumina Sequencing

Post-sort plasmid samples were PCR amplified from 10 µL plasmid template input using

primers flanking the N16 barcode that append remaining Illumina sequencing handles that

are not already plasmid encoded, and unique NextFlex sample indices https://github.c

om/jbloomlab/SARS-CoV-2-RBD DMS/tree/master/data/primers. PCRs were conducted

with KOD polymerase for 20 cycles, except for titration sort samples of less than 10,000

cells, where 28 cycles were necessary to obtain sufficient PCR product due to low sample

input:

https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/tree/master/data/primers
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/tree/master/data/primers
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1. 95°C, 2min

2. 95°C, 20s

3. 58°C, 10s

4. 70°C, 10s

5. Return to 2, 19× (27× for low-input samples)

PCR products were Ampure purified, quantified via PicoGreen, and pooled to mirror

desired sample frequencies given cell counts in each FACS sample. Pooled samples were

gel purified, Ampure purified, and submitted for 2 lanes of 50bp single end Illumina HiSeq

sequencing per library.

Demultiplexed reads were aligned to library barcodes determined from PacBio sequencing,

yielding a count of the number of times each library barcode was sequenced within each FACS

partition. Read counts for each FACS sample were downweighted by the ratio of total reads

from a bin compared to the number of cells that were actually sorted into that bin. For

one bin in which the number of HiSeq reads was less than the number of cells sorted into

a bin, we re-amplified PCR product from a newly purified plasmid aliquot, and obtained

reads via a single lane of MiSeq 50bp single end sequencing. Computational notebooks

providing additional details on our Illumina sequencing processing and statistics are provided

on GitHub https://github.com/jbloomlab/SARS-CoV-2-RBD DMS/blob/master/resul

ts/summary/count variants.mdandhttps://github.com/jbloomlab/SARS-CoV-2-RBD D

MS/blob/master/results/summary/analyze counts.md.

Calculating variant phenotypes for expression

For each library variant, we estimated mean expression based on its distribution of cell

counts across FITC sort bins and the known censored fluorescence boundaries of each sort

https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/count_variants.md and https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/analyze_counts.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/count_variants.md and https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/analyze_counts.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/count_variants.md and https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/analyze_counts.md
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bin using a maximum likelihood approach [228], enacted in the fitdistrplus R package [75],

assuming the uncensored log-transformed fluorescence values for a genotype follow a normal

distribution. Expression measurements were retained for barcodes for which at least 20 cells

were sampled across the four sort bins, resulting in measured expression phenotypes for 92.9

and 90.5% of variants in libraries 1 and 2, respectively.

Expression measurements were represented as the difference in log-mean fluorescence

intensity (MFI) relative to wildtype (∆logMFI = logMFIvariant− logMFIwildtype), such that a

positive value indicates higher RBD expression. A computational notebook presenting our

calculation of expression phenotypes and results is included on GitHub https://github.c

om/jbloomlab/SARS-CoV-2-RBD DMS/blob/master/results/summary/compute express

ion meanF.md.

Calculating variant phenotypes for ACE2-binding affinity

For each library barcode at each ACE2 sample concentration, we determined its simple

mean bin of ACE2-binding via the equation used above in isogenic titrations. We fit titra-

tion curves as above to determine barcode-specific KD,app from the series of FACS-seq derived

mean bin measurements across ACE2 concentration. Because a barcode’s mean bin might

be measured with varying certainty across different bins, we used weighted least squares

nonlinear regression, weighing each mean bin estimate by an empirical variability estimate

based on the per-sample cell count, derived from estimates of variability in repeated wild-

type/synonymous barcode measurements grouped by sampling depth. To avoid fits of errant

titration curves, we constrained the baseline parameter b to be fit between 1 and 1.5, and

the response parameter a to be fit between 1.5 and 3. Through initial curve fit constraints

and subsequent QC filtering, our fit KD,app binding constants were constrained to be within

the concentration range of our titration (10−13 – 10−6M), and therefore many barcodes are

censored at the upper limit with true KD,app ≥ 10−6M . We filtered out titration curves fit

https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/compute_expression_meanF.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/compute_expression_meanF.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/compute_expression_meanF.md
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for variants with an average cell count < 5 across sample concentrations, or with cell count

< 2 in 7 or more of the 16 ACE2 concentration samples. Finally, we filtered out the 5%

of curves with the highest normalized mean square residual, where residuals are normal-

ized from 0 to 1 by the fit response parameter a, such that titration curves that plateau

at lower levels of saturated binding don’t have systematically smaller mean square residu-

als. This process yielded KD,app estimates for 75.2 and 75.4% of variants in libraries 1 and

2, respectively. Binding measurements were represented as the difference in log10(KD,app)

relative to wildtype (∆ log10(KD,app) = log10(KD,app)wildtype − log10(KD,app)variant), polarized

such that a positive value indicates higher variant ACE2 affinity. A computational note-

book presenting our calculation of expression phenotypes and results is included on GitHub

https://github.com/jbloomlab/SARS-CoV-2-RBD DMS/blob/master/results/summary

/compute binding Kd.md.

Analysis of circulating variants

All 31,570 spike sequences on GISAID as of 27 May 2020 were downloaded and aligned

via mafft (Katoh and Standley, 2013). Sequences from non-human origins and sequences

containing any gap characters were removed. All amino-acid mutations among GISAID

sequences were enumerated. Some low-coverage spike sequences contain undetermined ‘X’

characters. We excluded any mutation from our curated set of GISAID mutations if it was

solely observed on sequence backgrounds containing at least one undetermined X character

in the RBD sequence; however, sequences with X characters were allowed to contribute

to observations of mutation count for mutations that were observed on at least one other

high-coverage RBD sequence. To characterize patterns of selection on amino-acid mutations

observed among GISAID sequences, we conducted permutation tests as described in the

Figure S7 legend. Our full analysis of mutational effects of circulating variants is provided

on GitHub https://github.com/jbloomlab/SARS-CoV-2-RBD DMS/blob/master/res

https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/compute_binding_Kd.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/compute_binding_Kd.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/circulating_variants.md
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ults/summary/circulating variants.md. We acknowledge all GISAID contributors for

their sharing of sequencing data (https://github.com/jbloomlab/SARS-CoV-2-RBD DMS

/blob/master/data/alignments/Spike GISAID/gisaid hcov-19 acknowledgement tab

le.xls).

Pseudotyped lentiviral particle infection assays

We selected seven single mutations from our deep mutational scanning measurements for

validation of phenotypic effects in a spike-pseudotyped lentivirus assay [67]. Mutations were

selected that exhibited deleterious effects on RBD expression (C432D) or ACE2 binding

(L455Y, N501D and G502), no strong phenotypic effect on either binding or expression

(N439K), and affinity-enhancing effects (Q498Y and N501F). These point mutations were

introduced via site-directed mutagenesis (New England Biolabs E0554S) into the HDM vector

containing codon-optimized SARS-CoV-2 Spike from Wuhan-Hu-1, with an upstream Kozak

sequence. The full sequence of this plasmid is available at https://github.com/jblooml

ab/SARS-CoV-2-RBD DMS/blob/master/data/plasmid maps/2736 HDM IDTSpike EcoKoza

k.gb.

Pseudotyped lentiviral particles were generated as previously described [67]. Viruses were

rescued in triplicate (i.e. independent transfections), which should average out variation in

transfection efficiency such that viral entry phenotypes are reflective of both pseudovirus

production and entry efficiency. Briefly, 2.5e5 293T cells per well were seeded in 12-well

plates in 1 mL D10 growth media (DMEM with 10% heat-inactivated FBS, 2 mM l-glutamine,

100 U/mL penicillin, and 100 µg/mL streptomycin). 24h later, cells were transfected using

BioT transfection reagent (Bioland Scientific, Paramount, CA, USA) with 0.5 µg of the

ZsGreen lentiviral backbone pHAGE2-CMV-ZsGreen-W (BEI Resources NR-52520), 0.11

µg each of the lentiviral helper plasmids HDM-Hgpm2 (BEI Resources NR-52517), pRC-

CMV-Rev1b (BEI Resources NR-52519), and HDM-tat1b (BEI Resources NR-52518), and

https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/circulating_variants.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/summary/circulating_variants.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/data/alignments/Spike_GISAID/gisaid_hcov-19_acknowledgement_table.xls
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/data/alignments/Spike_GISAID/gisaid_hcov-19_acknowledgement_table.xls
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/data/alignments/Spike_GISAID/gisaid_hcov-19_acknowledgement_table.xls
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/data/plasmid_maps/2736_HDM_IDTSpike_EcoKozak.gb
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/data/plasmid_maps/2736_HDM_IDTSpike_EcoKozak.gb
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/data/plasmid_maps/2736_HDM_IDTSpike_EcoKozak.gb
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0.17 µg wildtype or mutant SARS-CoV-2 Spike plasmids. Media was changed to fresh D10

at 24 h post-transfection. At 60 hours post transfection, the viral supernatant was collected,

filtered through a 0.45 µm SFCA low protein-binding filter, and stored at -80°C. To quantify

efficiency of pseudovirus production, we quantified p24 levels (in pg/mL) in viral transfection

supernatants via ELISA, in technical duplicate, per kit instructions (Advanced Bioscience

Laboratories Cat. 5421).

The resulting viruses were titered as previously described [67]. 293T cells stably express-

ing ACE2 (BEI NR-52511) were seeded at 1e4 cells per well in poly-L-lysine coated 96-well

plates (Greiner 655930). 24 h later, 3 wells were counted and averaged to determine the

number of cells per well at time of infection. Media was removed from the 293T-ACE2 cells

and replaced with fresh D10 containing 50 µL of pseudovirus supernatant in a final volume

of 150 µL. 60 h post-infection, cells were analyzed by flow cytometry. Titers are reported

relative to the mean of the wildtype.
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Chapter 3

COMPLETE MAPPING OF MUTATIONS TO THE
SARS-COV-2 SPIKE RECEPTOR-BINDING DOMAIN THAT

ESCAPE ANTIBODY RECOGNITION

A version of this chapter has been previously published as:

Greaney AJ, Starr TN, Gilchuk P, Zost SJ, Binshtein E, et al. Complete Mapping of

Mutations to the SARS-CoV-2 Spike Receptor-Binding Domain that Escape Antibody

Recognition. Cell Host Microbe. 2021 Jan 13;29(1):44-57.e9. doi:10.1016/j.chom.202

0.11.007.

3.1 Abstract

Antibodies targeting the SARS-CoV-2 spike receptor-binding domain (RBD) are being de-

veloped as therapeutics and make a major contribution to the neutralizing antibody response

elicited by infection. Here, we describe a deep mutational scanning method to map how all

amino-acid mutations in the RBD affect antibody binding, and apply this method to 10

human monoclonal antibodies. The escape mutations cluster on several surfaces of the RBD

that broadly correspond to structurally defined antibody epitopes. However, even antibodies

targeting the same RBD surface often have distinct escape mutations. The complete escape

maps predict which mutations are selected during viral growth in the presence of single an-

tibodies, and enable us to design escape-resistant antibody cocktails–including cocktails of

antibodies that compete for binding to the same surface of the RBD but have different escape

mutations. Therefore, complete escape-mutation maps enable rational design of antibody

10.1016/j.chom.2020.11.007
10.1016/j.chom.2020.11.007
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therapeutics and assessment of the antigenic consequences of viral evolution.

3.2 Introduction

The COVID-19 pandemic has generated urgent interest in antibody therapeutics and vaccines

that induce antibodies to SARS-CoV-2. Many of the most potently neutralizing anti-SARS-

CoV-2 antibodies target the receptor-binding domain (RBD) of the viral spike protein, often

competing with its binding to the ACE2 receptor [33, 38, 149, 188, 255, 267, 318, 356,

357, 336]. In addition, anti-RBD antibodies often dominate the neutralizing activity of the

polyclonal antibody response elicited by natural infection [16, 282, 320]. Both passively-

administered and vaccine-induced anti-RBD neutralizing antibodies protect against SARS-

CoV-2 in animals [7, 38, 131, 255, 304, 336, 356], and preliminary evidence suggests the

presence of neutralizing antibodies also correlates with protection in humans [6].

Determining which viral mutations escape from antibodies is crucial for designing ther-

apeutics and vaccines and assessing the antigenic implications of viral evolution. Escape

mutants can be selected by passaging virus expressing the SARS-CoV-2 spike protein in the

presence of anti-RBD antibodies in the laboratory [19, 320], and some RBD mutations that

alter antibody binding are already present at very low levels in SARS-CoV-2 circulating in

the human population [182]. It seems plausible that such mutations could become prevalent

over longer evolutionary time, given that the seasonal coronavirus 229E has accumulated

genetic variation in its RBD in the last few decades that is sufficient to ablate antibody

binding [327].

However, current methods to identify SARS-CoV-2 escape mutations by passaging virus

in the presence of antibodies are incomplete in the sense that they only find one or a few of

the possible escape mutations. Structural biology can more comprehensively define how an

antibody physically contacts the virus, but structures are time consuming to determine and

still do not directly report which viral mutations escape from antibody binding [70, 81, 148].
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Here we overcome these limitations by developing a high-throughput approach to com-

pletely map mutations in the SARS-CoV-2 RBD that escape antibody binding, and apply

this approach to 10 human antibodies. The resulting escape maps reveal the extent to which

different antibodies are escaped by mutations at overlapping or orthogonal sites, and show

that antibodies targeting structurally similar regions sometimes have escape mutations at

entirely distinct residues. Furthermore, we show that the escape maps predict which mu-

tations are selected when spike-expressing virus is passaged in the presence of neutralizing

antibodies, and can inform the design of antibody cocktails that resist escape. Therefore,

complete escape-mutation maps can be used to assess the antigenic consequences of viral

genetic variation and the potential for viral escape from specific antibodies or antibody

cocktails.

3.3 Results

3.3.1 A yeast-display system to completely map SARS-CoV-2 RBD antibody-escape muta-

tions

To map antibody-escape mutations in a high-throughput manner, we leveraged a system for

expressing conformationally-intact RBD on the surface of yeast cells (Figure 3.1A). As de-

scribed previously [280], we created duplicate mutant libraries of the RBD from the Wuhan-

Hu-1 strain of SARS-CoV-2 that together contained nearly all possible amino-acid muta-

tions in the 201-residue RBD (they contain 3,804 of the 3,819 possible mutations, with ¿95%

present as single mutants). Each yeast cell carries a short 16-nucleotide barcode that identi-

fies the RBD mutant it expresses, enabling us to rapidly characterize the composition of the

RBD mutant libraries via deep sequencing of the DNA barcodes.

Here, we developed a method to use these libraries to comprehensively identify mutations

in the RBD that allow it to escape binding by antibodies. To eliminate RBD mutants that

were completely misfolded or unable to bind ACE2, we first used fluorescence-activated cell



57

sorting (FACS) to eliminate RBD variants with < 0.01× the affinity for ACE2 compared

to that of the unmutated RBD (Figure 3.7A,B). We reasoned this sorting would purge

the libraries of completely nonfunctional RBD mutants, but retain mutants with decreased

ACE2 affinity that might enable antibody escape [19, 252]. We then incubated the ACE2-

sorted yeast libraries with an anti-RBD antibody (see next section) and sorted for cells that

expressed RBD mutants that bound substantially less antibody than unmutated SARS-

CoV-2 RBD (Figure 3.1C, Figure 3.7C). We deep-sequenced the nucleotide barcodes to

quantify RBD variant frequencies in the initial ACE2+ population and the antibody-escape

population (Figure 3.1C). We quantified the effect of each RBD mutation by estimating the

fraction of cells expressing that mutation that fell into the antibody-escape sort bin, and

termed this quantity the mutation’s “escape fraction”. We represented the escape fractions

using logo plots (Figure 3.1C).

3.3.2 Mapping escape from each of 10 human monoclonal antibodies

We applied our escape-mutation mapping to 10 human monoclonal antibodies: 9 neutralizing

antibodies isolated from SARS-CoV-2 convalescent patients [357], and a recombinant form

of one cross-reactive non-neutralizing antibody isolated from a convalescent SARS-CoV-1

patient (CR3022) [347, 143, 286, 290]. All 10 antibodies bind the SARS-CoV-2 RBD with

high affinity, but they differ in their neutralization potencies, extent to which they compete

with ACE2 for RBD binding, and cross-reactivity with SARS-CoV-1 (Figure 3.2A) [347, 356].

We mapped escape mutations for each of the 10 antibodies in biological duplicate by ap-

plying the workflow in Figure 3.1C to each of our two independently generated RBD mutant

libraries (Figures 3.7C, 3.8). We determined the effect of each mutation on antibody escape

(the “escape fraction”, Figure 3.1C) after applying quality-control filters to remove RBD

mutants with low expression, ACE2 binding, or sequencing counts (see Methods for details).

The resulting escape fraction measurements correlated strongly between the duplicate mu-
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Figure 3.1: A yeast-display system to completely map SARS-CoV-2 RBD antibody
escape mutations. (A) Yeast display RBD on their surface. The RBD contains a c-
myc tag, enabling dual-fluorescent labeling to quantify both RBD expression and antibody
binding of RBD by flow cytometry. (B) Per-cell RBD expression and antibody binding
as measured by flow cytometry for yeast expressing unmutated RBD and one of the RBD
mutant libraries. (C) Experimental workflow. Yeast expressing RBD mutant libraries are
sorted to purge RBD mutations that abolish ACE2 binding or RBD folding. These mutant
libraries are then labeled with antibody, and cells expressing RBD mutants with decreased
antibody binding are enriched using FACS (the “antibody-escape” bin; see Figure 3.7 for
gating details). Both the initial and antibody-escape populations are deep sequenced to
identify mutations enriched in the antibody-escape population. The deep-sequencing counts
are used to compute the “escape fraction” for each mutation, which represents the fraction
of yeast cells with a given RBD mutation that falls into the antibody-escape sort bin. The
escape fractions are represented in logo plots, with tall letters indicating mutations that
strongly escape antibody binding.
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tant libraries (Figure 3.8), and for the rest of this paper we report the average measurements

across libraries. Note that the magnitude of the measured effects of mutations on antibody

escape depends on the antibody concentration and the flow cytometry gates applied (Figure

3.7C), meaning that the escape fractions are comparable across sites for any given antibody,

but are not precisely comparable among antibodies without external calibration.

The effects of mutations on antibody escape are summarized in Figure 3.8C. Each an-

tibody is escaped by mutations at just a small subset of residues in the RBD. In general,

CR3022 and the three antibodies that compete with CR3022 for RBD binding are escaped

by mutations in the core RBD distal from the ACE2 receptor binding motif (RBM) (Figure

3.8A,B,C). The remaining antibodies are escaped primarily by mutations in the RBM of the

RBD, including at ACE2 contact residues (Figure 3.8C). Notably, the escape mutations for

the most potently neutralizing antibodies fall mostly in the RBM (Figure 3.8A,C), consis-

tent with prior studies showing that potent anti-RBD neutralizing antibodies often strongly

compete with ACE2 binding [33, 38, 142, 149, 188, 255, 267, 318, 336, 356].

However, the escape-mutation maps are far more nuanced than can be represented by

simply grouping the RBD into broad antigenic regions. While a few antibodies have ex-

tremely similar escape mutations (e.g., COV2-2082 is similar to COV2-2094, and COV2-2479

is similar to COV2-2050), antibodies that target the same broad region of the RBD often

have distinct escape mutations (e.g., COV2-2832 and COV2-2499 are escaped by entirely

non-overlapping sets of escape mutations in the RBM). There is also heterogeneity in which

specific amino acid mutations mediate escape. At some selected sites, many mutations confer

escape (e.g., site 378 for COV2-2677 or site 490 for COV2-2096). But at other sites, only

certain mutations confer escape: for instance, only negatively-charged amino acids at site

408 escape COV2-2082, and only mutations at site 372 that introduce a serine or threonine

(creating an N-linked glycosylation motif at site 370) escape COV2-2677.

To better compare the escape maps across antibodies, we used multidimensional scaling
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to project the similarity in escape mutations into a two-dimensional plot (Figure 3.8D). In

this plot, the distance between antibodies increases as their escape mutations become more

distinct. In addition, the pie chart colors in Figure 3.8D indicate the regions of the RBD

where mutations confer escape. This plot makes clear that antibodies that target similar

regions of the RBD sometimes but not always have similar escape mutations: for instance,

COV2-2479, COV2-2050, and COV2-2096 all target the RBM–but only the first two of these

antibodies cluster closely in Figure 3.8D. Overall, the two-dimensional projection in Figure

3.8D provides an intuitive way to visualize the relationships among antibodies in the space

of immune-escape mutations, similar to how dimensionality reduction techniques such as

t-SNE or UMAP help visualize high-dimensional single-cell transcriptomic data [10, 20].

To independently validate the escape maps, we tested key escape mutations from four

antibodies in neutralization assays using spike-pseudotyped lentiviral particles [67]. The

agreement between the escape maps and neutralization assays was excellent (Figure 3.3,

Figure 3.9A) and validated the subtle differences between antibodies. For instance, as indi-

cated by the maps, a mutation at site 487 escapes both COV2-2165 and COV2-2832, but

a mutation at site 486 only escapes COV2-2832 (Figure 3.3). Because the antibody escape

selections were performed at a single concentration, the magnitude of escape measured in

the mapping cannot be directly converted to a quantitative change in binding affinity. How-

ever, all tested escape mutations identified by the escape maps increased IC50 by 10-fold

or greater. We also validated the map for the non-neutralizing antibody CR3022 by show-

ing that mutations had the expected effects on binding of this antibody to mammalian-cell

expressed RBD (Figure 3.9B-E).

3.3.3 Structural data partially but not completely explain the escape maps

We next examined the extent to which the escape maps could be rationalized in terms of

the three-dimensional structures of the antibody-RBD complexes. We used negative-stain
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Figure 3.2: Complete maps of escape mutations from 10 human monoclonal anti-
bodies. (A) Properties of the antibodies as reported by [356]. SARS-CoV-2 neutralization
potency is represented as a gradient from black (most potent) to white (non-neutralizing).
Antibodies that bind SARS-CoV-1 spike or compete with RBD binding to ACE2 or CR3022
are indicated in black. (B) Structure of the SARS-CoV-2 RBD (PDB: 6M0J, [172]) with
residues colored by whether they are in the core RBD distal from ACE2 (orange), in the
receptor-binding motif (RBM, light blue), or directly contact ACE2 (dark blue). ACE2 is
in gray. RBD sites where any antibody in the panel selects escape mutations are indicated
with spheres at their alpha carbons. (C) Maps of escape mutations from each antibody.
The line plots show the total escape at each RBD site (sum of escape fractions of all mu-
tations at that site). Sites with strong escape mutations (indicated by purple at bottom
of the line plots) are shown in the logo plots. Sites in the logo plots are colored by RBD
region as in (B), with the height of each letter representing the escape fraction for that mu-
tation. Note that different sites are shown for the CR3022-competing antibodies (top four)
and all other antibodies (bottom six). For interactive zoom-able versions of these plots, see
https://jbloomlab.github.io/SARS-CoV-2-RBD MAP Crowe antibodies. (D) Multi-
dimensional scaling projection of the escape-mutant maps, with antibodies having similar
escape mutations drawn close together. Each antibody is shown with a pie chart that uses
the color scale in (B) to indicate the RBD regions where it selects escape mutations.

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Crowe_antibodies
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Figure 3.3: Neutralization assays validate antibody escape maps. (A) For each of the
four indicated antibodies, we validated two mutations that our maps indicated should escape
antibody binding, and one or two mutations that should not escape binding. Logo plots show
the escape maps for all tested sites, with the tested mutations expected to escape antibody
binding in red. Dot plots show the fold change in neutralization (inhibitory concentration
50%, IC50) relative to the unmutated (wildtype) spike measured using spike-pseudotyped
lentiviral particles for all tested mutations. Fold changes greater than one (dashed gray line)
mean a mutation escapes antibody neutralization. Points in red correspond to the mutations
expected to mediate escape, and those in blue correspond to mutations not expected to
escape (blue letters are not visible in the logo plots as they do not have substantial effects
in the mapping). The dotted pink line at the top of some plots indicates the upper limit to
the dynamic range; points on the line indicate a fold change greater than or equal to this
value. See Figure 3.9A for the raw neutralization curves, and Figures 3.9B,C for similar
validation for the non-neutralizing antibody CR3022. For these validation experiments, we
chose mutations that had among the largest effects for each of the four antibodies, with
additional prioritization of mutations that escaped from multiple antibodies, are present
in circulating strains (e.g. A475V) or other sarbecoviruses (e.g. F490K, E484V), or were
surprising in their lack of escape (e.g. confirming that COV2-2165, -2832, and -2479 each
selected different subsets of escape mutations at sites 484, 486, 487, and 490). (B) RBD
structure colored as in Figure 3.2A, with labeled spheres indicating sites where mutation
effects on neutralization were validated.
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electron microscopy (EM) to obtain structures of five of the antibodies in complex with the

RBD, and analyzed an existing structure of CR3022 bound to RBD [347](Yuan et al., 2020).

To enable structural interpretation of the escape mutations, we juxtaposed these structures

of antibody-bound RBD with structural projections of our escape maps (Figure 3.4). We

also created interactive structure-based visualizations of the escape maps using dms-view

[137] that are available at https://jbloomlab.github.io/SARS-CoV-2-RBD MAP Crowe a

ntibodies/ and enable facile analysis of escape mutations on the RBD structure.

Both the antibody-RBD structures and the escape maps highlight several antigenic re-

gions on the RBD (Figure 3.4). The first region, targeted by four antibodies, is on the

internal face of the core RBD (Figure 3.4A), which is only accessible in the context of full

spike protein when the RBD transitions into the “open” conformation to engage ACE2

[143, 332, 306, 347]. Antibodies targeting regions of this surface more proximal to the RBM

tend to more potently compete with ACE2 binding and neutralize virus (e.g. compare Figure

3.4A to Figure 3.2A). This observation is consistent with structural studies on another panel

of antibodies targeting this core RBD surface [229].

The remaining antibodies target several distinct regions on the RBM: four antibodies

are escaped by mutations on the internal or external face of one lateral edge of the RBM

(the “ACE2-binding ridge”, Figure 3.4B), one antibody is escaped by mutations on the

external face at the opposite edge of the RBM (Figure 3.4C), and one antibody is escaped

by mutations that bridge the exterior surface of the central concave “saddle” of the RBM

(Figure 3.4D). In all cases, the escape mutations fall in or near the structurally defined contact

surface between the antibody and RBD (Figure 3.4E,F). In some cases, the negative-stain

EM explains specific features of the escape-mutant maps (Figure 3.4F). For instance, COV2-

2165 is strongly escaped by mutations at site D420 in addition to the ACE2-binding ridge,

suggesting a binding footprint that extends beyond the ACE2-binding ridge. This hypothesis

is supported by negative-stain EM data, which shows differences in the binding approach

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Crowe_antibodies/
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Crowe_antibodies/
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of COV2-2165 relative to that of COV2-2832, another ACE2-binding ridge antibody that is

not escaped by mutations at D420 (Figure 3.4F).

However, the escape-mutation maps contain substantial information beyond what can

be gleaned from structure alone. For example, COV2-2832 and COV2-2479 both target the

ACE2-binding ridge, but have non-overlapping escape mutations on different faces of the

ridge (Figure 3.2C, Figure 3.4F). Similarly, while the negative-stain EM structures show

that COV2-2165 and COV2-2832 both bind the ACE2-binding ridge, and the two antibodies

select escape mutations very close to one another in the three-dimensional structure (Figure

3.4), there are important differences. For instance, COV2-2832 is escaped by mutations at

sites F486 and N487, while COV2-2165 is only escaped by mutations at site N487 (Figure

3.2, Figure 3.4; validated by neutralization assays in Figure 3.3). In addition, while some

antibodies (e.g., COV2-2096) can be escaped by mutations across a wide swath of the RBD

surface, others (e.g., COV-2050) are only sensitive to mutations at a handful of sites. Analysis

of the high-resolution CR3022-bound RBD crystal structure further emphasizes heterogene-

ity in escape across antibody-contact residues, and suggests particular mechanisms by which

mutations to the most strongly selected sites mediate escape (Figure 3.9F-J).

The fact that the escape mutations occur at only a subset of sites in the antibody-

RBD interfaces is consistent with classical biochemical studies showing that protein-protein

binding interfaces can be dominated by “hot spots” that contribute most of the binding

energy [61, 68], and more recent work showing that the functional and structural epitopes

of anti-viral antibodies are often distinct [81]. From a therapeutic standpoint, these results

emphasize the value of directly mapping escape mutations when considering the potential

for viral antibody escape. For instance, our results suggest that it should be possible to

make effective cocktails of antibodies with similar structural epitopes but orthogonal escape

mutations, such as COV2-2165 + COV2-2479 or COV2-2499 + COV2-2050.
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Figure 3.4: Structural mapping of antibody binding and escape. (A-D) For each
antibody, the structure shows the RBD surface (PDB 6M0J, [172]) colored by the largest-
effect escape mutation at each site, with white indicating no escape and red indicating the
strongest escape mutation for that antibody. ACE2 contact residues are outlined in black.
Antibodies are arranged so that those with similar structural epitopes are in the same panel,
namely by whether their epitopes are in (A) the core of the RBD, (B) the ACE2-binding
ridge, (C) the opposite edge of the RBM, or (D) the saddle of the RBM surface. (E)
Crystal structure of the CR3022-bound RBD (PDB 6W41 [347]), with Fab in purple, ACE2
contact sites outlined, and RBD colored according to sites of escape as in (A). (F) For 5
monoclonal antibodies, Fab bound to SARS-CoV-2 spike ectodomain trimer was visualized by
negative-stain electron microscopy (EM). The RBD is modeled as a surface representation,
colored according to sites of escape as in (A). Fab chains are modeled in gold. Detailed
EM collection statistics are in Table S1. Antibody names are colored according to Figure
3.2B: core-binding, orange; RBM-binding, cyan; ACE2 contact site-binding, dark blue. See
https://jbloomlab.github.io/SARS-CoV-2-RBD MAP Crowe antibodies for interactive
versions of the escape-colored structures in (A-D).

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Crowe_antibodies


67



68

3.3.4 Functional and evolutionary constraint on antibody-escape mutations

Our complete maps of escape mutations enable us to assess the potential for SARS-CoV-2

to evolve to escape antibodies targeting the RBD. We first examined whether the antibody-

escape mutations identified in our study are present in viruses circulating in the human

population. Of 93,858 SARS-CoV-2 sequences in the GISAID database as of September 6,

2020, there were 5 or more naturally occurring mutants at 14 of the 36 RBD sites where

mutations escape at least one antibody (Figure 3.5A, Figure 3.10). However, mutations

at all these sites are present only at very low frequency (< 0.1% of viral sequences). The

antibody-escape sites with naturally occurring mutations include sites 484 and 490, where

other studies have recently reported selecting mutations that escape monoclonal antibodies

or sera containing polyclonal antibodies [19, 320, 182]. Overall, these results show that while

the vast majority of viruses remain susceptible to all antibodies examined here, there is

nascent low-level viral genetic variation at some key sites of escape mutations.

To better assess the potential for future viral genetic variation, we quantified the func-

tional constraint on sites of escape using existing deep mutational scanning measurements

of how RBD mutations affect ACE2-binding and expression of properly folded RBD pro-

tein [280]. Figure 3.5B shows the escape maps for two antibodies colored by the functional

effects of mutations (comparable data for all antibodies are in Figure 3.11). It is obvious

from Figure 5B that some escape mutations from the core-RBD-directed antibody COV2-

2094 are deleterious for expression of properly folded RBD (e.g., mutations at site 435),

whereas some escape mutations from the RBD-directed antibody COV2-2165 are deleterious

for ACE2 binding (e.g., mutations at site 487). To quantify this trend, we determined the

mean functional effect of all mutations at each site of escape from each antibody (Figure

3.5C). At a broad level, sites of escape from antibodies targeting the RBM and especially

ACE2-contact residues are often constrained by how mutations affect ACE2 binding. On the

other hand, sites of escape from antibodies targeting the core RBD are often constrained by
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how mutations affect RBD folding and expression (Figure 3.5B). These observations high-

light how some antibodies target RBD sites that are functionally constrained and thus may

have reduced potential for evolution.

We also examined the ability of each antibody to bind RBDs from other SARS-related

coronaviruses (sarbecoviruses). To do this, we included in our libraries the unmutated RBDs

from two close relatives of SARS-CoV-2 (RaTG13 [352] and GD-Pangolin [171]), along with

SARS-CoV-1 and two of its close relatives (WIV16 [343] and LYRa11 [132]). Using the

same approach employed to measure the effects of mutations to SARS-CoV-2, we quantified

the ability of each antibody to bind these RBD homologs. We found a stark difference in

cross-sarbecovirus reactivity between antibodies targeting the core RBD and those targeting

the RBM (Figure 3.5D). Three of four antibodies targeting the core RBD bound to all

five RBD homologs, whereas RBM-directed antibodies only bound the two homologs most

closely related to SARS-CoV-2 (GD-Pangolin and RaTG13). This pattern is explained

by the evolutionary conservation at sites of escape (Figure 3.5D, top): in general, sites of

escape from antibodies targeting the RBD core are mostly conserved across sarbecoviruses,

while sites of escape from RBM-directed antibodies are highly variable across sarbecoviruses.

The only exception is COV2-2677, which does not bind any other RBD homologs despite

targeting conserved sites in the core RBD: this discrepancy is explained by the A372T escape

mutation, which restores an N370 glycosylation motif that is present in all sarbecoviruses

except SARS-CoV-2. These results show that antibodies targeting the conserved core RBD

are more likely than antibodies targeting the RBM to provide pan-sarbecovirus immunity.

3.3.5 Escape maps predict results of antibody selection experiments and inform design of

cocktails

We next examined if the escape maps accurately predicted the mutants selected when virus

is grown in the presence of antibody. To investigate this, we used a recombinant replication-
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Figure 3.5: Functional and evolutionary constraint on antibody escape mutations.
(A) Variation at sites of antibody escape among currently circulating SARS-CoV-2 viruses.
For each site of escape from at least one antibody, we counted the sequences in GISAID
with an amino-acid change (there were 93,858 sequences at the time of the analysis). Sites
with at least 5 GISAID variants are shown ordered by count; black cells indicate antibodies
with escape mutations at that site. Sites are in orange for the core RBD, light blue for
the RBM, and dark blue for ACE2 contact residues. Antibodies are colored according to
where the majority of their sites of escape fall. Figure 3.104 shows similar data broken
down by amino-acid change and without count thresholding. (B) Escape maps (as in Figure
3.2C), with letters colored according to how deleterious mutations are for ACE2 binding or
RBD expression effects [280]. Only sites of escape mutations for each antibody are depicted.
Similar logo plots for all antibodies are shown in Figure 3.11. (C) Mutational constraint on
sites of escape. For each antibody, the mean effects of all 19 possible amino acid mutations
at sites of escape on ACE2 binding and RBD expression are shown. (D) Top: effective
number of amino acids (N eff) in the sarbecovirus RBD alignment at sites of escape for each
antibody. N eff is a measure of the variability of a site (the exponentiated Shannon entropy),
and ranges from 1 for a position that is conserved across all sequences to an upper limit of 20
for a site where all amino acids are present at equal frequency. Bottom: escape fraction for
each sarbecovirus RBD homolog from the yeast display selections, with an escape fraction
of 1 indicating a RBD homolog completely escapes (no binding), and an escape fraction of
0 indicating no escape (antibody binds).
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competent vesicular stomatitis virus (VSV) expressing the SARS-CoV-2 spike in place of

the endogenous VSV glycoprotein (G) [40]. Such viruses provide a facile system to select for

spike mutations that evade antibody neutralization [40, 320, 80]. We chose five potently neu-

tralizing antibodies (IC50 values ranged from 15 to 150 ng/mL), and used a high-throughput

quantitative real-time cell analysis assay [117, 116] to select viral mutants that could escape

each individual antibody at a single saturating concentration of 5 µg/mL, performing be-

tween 16 and 56 individual replicates for each antibody (Figure 3.6A and 3.12A,B,C). For

four of the five antibodies, this process selected viral variants that we confirmed resisted

neutralization by 10 µg/mL of the antibody used for the selection (Figure 3.6A). For one

antibody (COV2-2165), no escape mutants were detected even in 56 attempted replicates

(Figure 3.6A). We sequenced the antibody-selected escape viruses, and in all cases they car-

ried RBD mutations that the escape maps indicated mediate strong escape (examine the

mutations in Figure 3.6A on the maps in Figure 3.2C).

We next sought to understand why the antibodies selected the viral mutations that they

did–and why it was not possible to select any viral mutants that escaped one of the antibodies.

To do this, we considered two additional factors: which mutations are tolerated for protein

function, and which mutations are accessible by single-nucleotide changes. We assessed how

well mutations are tolerated functionally using deep mutational scanning measurements of

how all RBD mutations affect ACE2 binding [280]. We plotted all mutations in scatter

plots to examine their impact on antibody escape and ACE2 binding, further stratifying by

whether mutations were accessible by single-nucleotide changes to the spike gene encoded in

the VSV (Figure 3.6B). The mutations selected by the antibodies were consistently among

the ones with the largest effects on antibody escape that also did not greatly impair ACE2

binding and were accessible by single-nucleotide changes (red diamonds in Figure 3.6B). The

antibody for which we could not select any viral escape mutants (COV2-2165) only had a

single escape mutation (D420Y) that was accessible by a single-nucleotide change and not
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Figure 3.6: Viral escape-mutant selections with individual antibodies and antibody
cocktails. (A) Results of viral selections with five individual monoclonal antibodies. The
number of replicates where escape variants were selected are indicated, color coded according
to whether escape was selected frequently (red) or rarely (white). The mutations present
in the RBD of the selected escape variants are indicated. (B) Each point represents a
different amino-acid mutation to the RBD, with the x-axis indicating how strongly the
mutation ablates antibody binding in our escape maps (larger values indicate more escape
from binding) and the y-axis indicating how the mutation affects ACE2 binding (negative
values indicate impaired ACE2 binding). The point shapes indicate whether or not mutations
are accessible by single-nucleotide changes, and whether they were selected in viral escape
experiments. All selected mutations were accessible by single-nucleotide changes. Note
that the only accessible escape mutation from COV2-2165 that is not deleterious to ACE2
binding is D420Y, but this mutation is highly deleterious to expression of properly folded
RBD (Figure 3.5B and 3.11). (C) Results of viral selections with antibody cocktails, with
the last three columns showing the number of replicates with escape out of the total tested.
The data for the single antibodies are repeated from (A). In all panels, antibody names are
colored according to where in the RBD the majority of their sites of escape fall: orange for
the core RBD, light blue for the RBM, and dark blue for ACE2 contact residues. See Figure
3.12 for additional data relevant to this figure.
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highly deleterious for ACE2 binding. However, D420Y is extremely deleterious for expression

of properly folded RBD protein (Figure 3.5B and 3.11), explaining why it was not possible

to select any viral escape mutants from COV2-2165. Therefore, the escape maps can be

combined with deep mutational scanning of functional constraint and basic knowledge of the

genetic code to predict which viral mutations are likely to arise under antibody pressure–and

to identify antibodies for which escape mutations are unlikely.

One approach to thwart the risk of viral escape that is inherent in monotherapy ap-

proaches is to use antibody cocktails [150, 317]. In the context of SARS-CoV-2, recent work

has demonstrated that cocktails of two antibodies that do not compete for binding to the

same region of spike may offer higher resistance to escape mutations [19] while protecting

animals from SARS-CoV-2 challenge [18, 356]. We hypothesized that we could leverage our

escape maps to rationally design more nuanced cocktails of antibodies with distinct escape

mutations, even if the antibodies recognize overlapping antigenic regions and compete for

binding to spike.

We created three different two-antibody cocktails: one “conventional” cocktail of anti-

bodies that did not compete for binding to spike protein (COV2-2499 + COV2-2094), and

two cocktails of antibodies that competed for binding to the RBM region of the spike protein

RBD but that our maps indicated were escaped by distinct mutations (COV2-2479 + COV2-

2165 and COV2-2499 + COV2-2050) (Figure 3.6C and 3.12D). Each cocktail contained a

1:1 mix of the two constituent antibodies at a total concentration of 5 µg/mL of antibody,

so that the total antibody concentration was the same as in the single-antibody selections

described above. We performed between 80 and 104 escape-selection replicates with each

cocktail. No cocktail escape mutants were identified in any of these replicates, despite the

fact that two of the cocktails were composed of antibodies for which substantial numbers

of escape mutants were selected by the individual antibodies (Figure 3.6C and 3.12C). The

lack of cocktail escape mutants is likely due to the “orthogonality” of the escape mutations
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for the individual antibodies, as viruses with the mutations selected by each single anti-

body were sensitive to the other antibody in the cocktail (Figure 3.6A). A caveat is that we

performed the selections for 72 h days at high antibody concentrations: it is possible that

multi-mutation escape pathways might be selected in longer experiments at sub-neutralizing

antibody concentrations. Overall, these results demonstrate how complete escape maps can

inform the design of “non-conventional” cocktails of antibodies that compete for binding to

the antigen but are nonetheless resistant to viral escape because they have orthogonal escape

mutations (e.g., the cocktail COV2-2499 + COV2-2050).

3.4 Discussion

We have described an approach to completely map mutations to the SARS-CoV-2 RBD

that escape antibody binding. Unlike traditional selection experiments that only identify a

handful of the possible escape mutations, our method completely maps mutations that es-

cape antibody binding. These maps complement structure-based approaches that define the

physical interface between an antibody and virus but do not directly measure how mutations

affect antibody binding.

The escape maps reveal remarkable nuance in which mutations escape individual anti-

bodies. Our maps show that at a superficial level, the antibodies target just a few patches on

the surface of the RBD that likely correspond to “antigenic regions” that have been defined

using other approaches [16, 33, 188, 229, 251, 255, 318, 356]. However, the fine details of the

escape maps show that the effects of specific mutations can vary dramatically even among

antibodies that superficially target the same region. For instance, antibodies COV2-2479,

COV2-2050, and COV2-2832 all target the RBD ACE2-binding ridge–but while the first

two have nearly identical escape mutations, the escape mutations for COV2-2832 are almost

completely distinct. We speculate that these differences arise from the fact that even anti-

bodies that physically contact a large surface area on the RBD are often only escaped by
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mutations at a few residues, a vivid illustration of the classically defined importance of “hot

spots” in antibody-antigen binding [29, 70, 148]).

We also overlaid the escape maps with existing deep mutational scanning data on the

functional consequences of mutations for the expression of properly folded RBD and its

affinity for ACE2 [280]. In general, the sites of escape from antibodies directed to the core

RBD are constrained with respect to their effects on expression of properly folded RBD,

whereas sites of escape from antibodies directed to the RBD’s receptor-binding motif are

more constrained with respect to their effects on ACE2 binding. While these analyses come

with the caveat that no experimental measures of the effects of mutations fully capture how

they affect true viral fitness, it is nonetheless informative to assess how mutations that escape

antibody binding impact the key biochemical functions of the RBD.

Remarkably, combining the escape maps with these functional measurements predicts

which mutations are selected when spike-expressing virus is grown in the presence of indi-

vidual antibodies. The selected viral escape mutations are consistently those that have large

effects on antibody escape but little negative impact on ACE2 binding and RBD folding, and

are also accessible by single-nucleotide mutations. Furthermore, one of the antibodies was

highly resistant to viral escape–and we showed this could be explained by the fact that the

virus has no escape mutations from this antibody that are both tolerable for RBD function

and accessible by single-nucleotide changes. Therefore, complete measurements of both the

antigenic and functional consequences of viral mutations provide the phenotypic data nec-

essary to assess both the likelihood of viral escape under antibody pressure and the specific

mutations that arise when escape occurs.

One immediate implication of our results is that counter to prevailing wisdom, antibody

cocktails do not have to target distinct regions of the RBD in order to resist viral escape.

Simple inspection of the escape maps reveals pairs of antibodies targeting the RBD’s ACE2-

binding interface that share no common escape mutations, and so could be good candidates
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for therapeutic cocktails. Indeed, we combined our escape maps with selections on spike-

expressing viruses to show that cocktails of antibodies that compete for binding to spike

but have different escape mutations still resist viral escape. It is possible that such cocktails

could even be preferable to cocktails of antibodies targeting distinct regions [262, 264], since

acquiring multiple different escape mutations in the ACE2 binding interface could impose

an intolerable loss of receptor binding on the virus.

Our results are also of utility for assessing if ongoing viral evolution is likely to be of anti-

genic consequence. The escape maps enable immediate assessment of whether mutations to

the RBD alter antigenicity. At over a dozen of the sites of escape that we mapped for these an-

tibodies, there is already low-level genetic variation among circulating SARS-CoV-2 strains.

Furthermore, the high-throughput nature of our experimental approach should make it possi-

ble to rapidly generate similar maps for other monoclonal antibodies or polyclonal antibodies

in sera, thereby providing quantitative experimental data that can be cross-referenced to mu-

tations observed during genomic surveillance of circulating SARS-CoV-2 strains [161]. Note

however that we only examined the effects of single mutants, as mutations typically fix in

a stepwise manner [276], and processes that require multiple mutations tend to occur more

slowly in viral evolution [104]. However, as the SARS-CoV-2 virus continues to circulate

in humans, multiple mutations will eventually fix, and so the examination of the antigenic

effects of multiple mutations is an important area for future work.

It is important to note that our approach maps how mutations affect antibody binding to

yeast-displayed RBD, which comes with several caveats. First, our approach can only map

escape from antibodies that target epitopes entirely within the RBD, and will not identify

mutations that mediate escape by altering the relative positioning of the RBD in the context

of full spike protein [321, 354]. Second, our method assesses binding to RBD displayed in

monomeric form, which means it is likely unable to map escape from antibodies that bind

quaternary epitopes spanning multiple RBD protomers in the spike trimer [16, 188, 293], and
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definitely unable to map antibodies that bind epitopes outside of the RBD [56, 188]. Last,

although yeast do add N-linked glycans to the RBD at the same sites as human cells [53], these

glycans are more mannose-rich [127], which could affect binding by antibodies with glycan-

rich epitopes. However, despite these potential caveats, all the mapped escape mutations

that we tested had the expected effects in the context of spike-pseudotyped lentiviral or

VSV particles. In addition, our approach can map mutations that escape binding by non-

neutralizing as well as neutralizing antibodies, and we successfully validated mutations that

ablated binding by a non-neutralizing antibody using mammalian-cell produced RBD.

Some viruses, such as measles, are antigenically stable such that immunity from an ini-

tial infection or vaccination typically provides life-long protection [186, 225]. Others, such as

influenza virus, undergo rapid antigenic drift, such that immunity elicited against one viral

strain can be ineffective against that strain’s descendents just a few years later [176, 274].

The extent to which mutations that substantially affect the antigenicity of SARS-CoV-2 will

fix during viral evolution remains an open question. The escape-mutation maps we have

generated, as well our methodology for rapidly creating such maps for additional antibod-

ies and sera, should help answer this question by facilitating assessment of the antigenic

consequences of mutations observed during viral surveillance.

3.5 Materials and Methods

Data and code availability

We provide data and code in the following ways:

• Raw data tables of single-mutation escape fractions, averaged across libraries (GitHub:

https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Crowe antibodies/blob/m

aster/results/supp data/MAP paper antibodies raw data.csv)

• Raw data table of single-mutation escape fractions, measurements for individual library

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/supp_data/MAP_paper_antibodies_raw_data.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/supp_data/MAP_paper_antibodies_raw_data.csv
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replicates (GitHub: https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Crowe a

ntibodies/blob/master/results/escape scores/escape fracs.csv)

• Illumina sequencing counts for each barcode in each antibody escape bin (GitHub:

https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Crowe antibodies/blob/m

aster/results/counts/variant counts.csv)

• The complete computational pipeline to analyze these data (GitHub: https://gith

ub.com/jbloomlab/SARS-CoV-2-RBD MAP Crowe antibodies)

• A Markdown summary of the organization of analysis steps, with links to key data

files and Markdown summaries of each step in the analysis pipeline (Github: https:

//github.com/jbloomlab/SARS-CoV-2-RBD MAP Crowe antibodies/blob/master/

results/summary/summary.md)

• All raw sequencing data are uploaded to the NCBI Short Read Archive (BioProject:

PRJNA639956, BioSample: SAMN16054076)

• Electron density maps for the Fab/SARS-CoV-2 S complex are available from the

Electron Microscopy Data Bank under the following accession codes: EMD-22627 and

EMD-22628.

Description of RBD deep mutational scanning library

The yeast-display RBD mutant libraries are identical to those previously described [280].

Briefly, mutant libraries containing an average of 2.7 amino-acid mutations per variant were

constructed in the spike receptor binding domain (RBD) from SARS-CoV-2 (isolate Wuhan-

Hu-1, Genbank accession number MN908947, residues N331-T531). Duplicate mutant li-

braries were generated, and contain 3,804 of the 3,819 possible amino-acid mutations, with

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/escape_scores/escape_fracs.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/escape_scores/escape_fracs.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/counts/variant_counts.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/counts/variant_counts.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/summary/summary.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/summary/summary.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/summary/summary.md
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¿95% present as single mutants. Each RBD variant was linked to a unique 16-nucleotide bar-

code sequence to facilitate downstream sequencing. The RBD mutant library also contained

non-mutated sarbecovirus RBD homologs, RaTG13, Genbank MN996532; GD-Pangolin con-

sensus from [171]; SARS-CoV-1 Urbani, Genbank AY278741; WIV16, Genbank KT444582;

and LYRa11, Genbank KF569996.

Human monoclonal antibodies targeting SARS-CoV-2 RBD

The 9 human monoclonal antibodies isolated from SARS-CoV-2 convalescent patients were

produced as described in [357] The recombinant CR3022 antibody (CR3022), was kindly

provided by Neil King and Mike Murphy, University of Washington, Institute for Protein

Design, based on the sequence reported by [286]. All antibodies were expressed as human

IgG. Properties of the ten antibodies represented in Figure 3.2A were reported by [356]:

SARS-CoV-2 neutralization potency (black, IC50 < 150 ng/mL; dark gray, 150-1,000; light

gray, 1,000-1:10,000; white, no detectable inhibition); SARS-CoV-1 spike binding via ELISA

(black, detectable; white, no detectable binding); potency of ACE2 competition via ACE2-

blocking ELISA (black, IC50 < 150 ng/mL; white, no competition); and CR3022 competition

via ELISA (black, < 25% baseline CR3022 binding when pre-incubating with saturating

antibody; white, > 60% of baseline CR3022 binding).

Fluorescence activated cell sorting (FACS) of yeast libraries to eliminate mutants that are

completely non-folded or do not bind ACE2

Libraries were sorted for RBD expression and ACE2 binding to eliminate RBD variants that

are completely misfolded or non-functional (Figure 3.7A,B). We chose staining and sorting

conditions that would select for variants with ACE2 affinity comparable to or better than

RaTG13, the homolog with the lowest affinity that still marginally mediates cell entry [268].

Yeast library aliquots of 18 OD units (approx. 1e8 cfus) were thawed into 180 mL SD-
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CAA (6.7 g/L Yeast Nitrogen Base, 5.0 g/L Casamino acids recipe, 1.065 g/L MES, and

2% w/v dextrose) and grown overnight shaking at 30°C, 280rpm. 33.3 OD units were back-

diluted into 50 mL SG-CAA+0.1% dextrose (SD-CAA with 2% w/v galactose and 0.1% w/v

dextrose in place of 2% dextrose) to induce RBD surface expression. Yeast were induced for

16-18 h at 23 degrees C with mild agitation. 25 OD units of cells were washed twice with

PBS-BSA (1x PBS with 0.2 mg/mL BSA), and incubated with 1e-8 M biotinylated ACE2

(ACROBiosystems AC2-H82E6) for 1 h at room temperature. Cells were washed with ice-

cold PBS-BSA before secondary labeling for 1 h at 4 degrees C in 3 mL 1:200 PE-conjugated

streptavidin (Thermo Fisher S866) to label for bound ACE2, and 1:100 FITC-conjugated

anti-Myc (Immunology Consultants Lab, CYMC-45F) to label for RBD surface expression.

Labeled cells were washed twice with PBS-BSA and resuspended in 2.5 mL PBS. FACS was

used to enrich RBD libraries for cells capable of binding ACE2, via a selection gate drawn to

capture unmutated SARS-CoV-2 cells labeled at 1% the ACE2 concentration of the library

samples (i.e., 1e-10 M ACE2) (Figure 3.7B). 15 million ACE2+ cells were collected for each

library, grown overnight in SD-CAA medium, and stored at -80°C in 9 OD unit (approx. 5e7

cfus) aliquots.

Sorting of yeast libraries to select mutants that escape binding by antibodies

Antibody selection experiments were performed in biological duplicate using the indepen-

dently generated mutant RBD libraries. One 9 OD unit aliquot of each ACE2+-enriched

RBD library was thawed and grown overnight in 45 mL SD-CAA. Libraries were induced as

described above. Induced cultures were washed and incubated with 400 ng/mL antibody for

1 h at room temperature with gentle agitation, followed by secondary labeling with 1:100

FITC-conjugated anti-Myc to label for RBD expression and 1:200 PE-conjugated goat anti-

human-IgG (Jackson ImmunoResearch 109-115-098) to label for bound antibody. A flow

cytometric selection gate was drawn to capture unmutated SARS-CoV-2 cells labeled at 1%
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the antibody concentration of the library samples (Figure 3.7C). Libraries were sorted to

select RBD variants that reduce antibody binding and fall into this selection gate. For each

sample, approximately 10 million RBD+ cells were processed on the cytometer, with between

4e5 and 2.6e6 antibody-escaped cells collected per sample (see percentages in Figure 3.7C

for what fraction of the library had reduced binding to each antibody). Antibody-escaped

cells were grown overnight in SD-CAA to expand cells prior to plasmid extraction.

DNA extraction and Illumina sequencing

Plasmid samples were prepared from overnight cultures of antibody-escaped and 30 OD units

(1.6e8 cfus) of pre-selection yeast populations (Zymoprep Yeast Plasmid Miniprep II). The

16-nucleotide barcode sequences identifying each RBD variant were amplified by PCR and

prepared for Illumina sequencing exactly as described in Starr et al. (2020). Barcodes were

sequenced on an Illumina HiSeq 3500 with 50 bp single-end reads. To minimize noise from

inadequate sequencing coverage, we ensured that each antibody-escape sample had at least

3x as many post-filtering sequencing counts as FACS-selected cells, and reference populations

had at least 2.5e7 post-filtering sequencing counts.

Analysis of deep sequencing data to compute antibody escape fraction for each mutation

We computed escape fractions for each mutation from the counts in the Illumina deep se-

quencing of the 16-nucleotide barcodes as schematized in Figure 3.1C. We first used the

dms variants package (https://jbloomlab.github.io/dms variants/, version 0.8.2) to

process the Illumina sequences into counts of each barcoded RBD variant in each condition

using the barcode / RBD-variant look-up table described in Starr et al. (2020). A rendering

of the code that performs this variant counting is at https://github.com/jbloomlab/SARS-

CoV-2-RBD MAP Crowe antibodies/blob/master/results/summary/count variants.md.

We then computed the “escape fraction” for each barcoded variant in each antibody-

https://jbloomlab.github.io/dms_variants/
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/summary/count_variants.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/summary/count_variants.md
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selected library, which we define as:

Ev = F × (nv
post/Npost)

(nv
pre/Npre)

where F is the total fraction of the library that escapes antibody binding (these fractions are

given as percentages in the bottom two rows of Figure 3.7C), nv
post and nv

pre are the counts

of variant v in the RBD library after and before enriching for antibody-escape variants with

a pseudocount of 0.5 added to all counts, and Npost =
∑

v nv
post and Npre =

∑
v nv

pre are the

total counts of all variants before and after the antibody-escape enrichment. These escape

fractions represent the fraction of a given variant that escape antibody binding, and should

in principle range from 0 to 1. But due to statistical fluctuations in the counts sometimes

the escape fractions Ev can be greater than one: any values of Ev > 1 were set to 1.

We then computationally applied two filters to remove variants that fail to express prop-

erly folded RBD and so escape antibody binding for that trivial reason rather than antibody-

specific escape mutations. In principle, such variants should have been fully removed by the

initial sort that only retained yeast cells with appreciable RBD expression and ACE2 binding,

but in practice a small background remained as demonstrated by the fact that stop-codon

variants were present at very low but still non-zero levels. For the first filter, we removed

all variants with pre-selection counts lower than the counts in the 99th percentile of stop-

codon-containing variant ordered by count. The logic was that this filter removed nearly all

variants that were observed less frequently than stop-codon variants, which are assumed to

not express properly folded RBD. For the second filter, we removed any variants that had

ACE2-binding scores < −2.35 or RBD expression scores < −1.5 using the scores measured

in Starr et al. (2020). In addition, we removed any variants that had single mutations with

scores less than either of these thresholds (again using the single-mutation scores determined

in Starr et al. (2020)) even if the variant score itself was above this threshold. The logic was

that this filter removed any variants that fail to express at least low levels of properly folded

ACE2. A rendering of the code that performs the computation of the escape fractions and
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this subsequent filtering is at https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Cro

we antibodies/blob/master/results/summary/counts to scores.md.

We next deconvolved the variant-level escape fractions into escape fraction estimates

for individual mutations. To do this we used global epistasis models (Otwinowski et al.,

2018) as implemented in the the dms variants package as detailed at https://jbloomla

b.github.io/dms variants/dms variants.globalepistasis.html, using the same

Gaussian likelihood function as in Otwinowski et al. (2018). In order to make the fitting

more reliable, we removed any variants with mutations not seen in at least one single-

mutant variant and at least two variants overall. We report the escape fraction on the

“observed phenotype” scale: that is, we use the global epistasis models to transform the

variant-level escape fractions to estimated latent phenotypes for each mutation, and then

re-transform those latent phenotype estimates back through the global epistasis model. If

any of these re-transformed escape fractions were not in the range between 0 and 1, they

were adjusted to a minimum value of 0 or a maximum value of 1. The end result of this

process was a separate estimate for each library and antibody of the escape fraction for

each mutation that was not highly deleterious for expression of properly folded RBD. The

correlation between these estimates for the different libraries is in Figure 3.8. In this paper,

we report the average of the two libraries, and in the rare cases a mutation is only sampled

in one library then we report the value for just that library. These values are reported

in https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Crowe antibodies/blob

/master/results/supp data/MAP paper antibodies raw data.csv. The code that

performs this global epistasis decomposition of escape scores for individual mutations is at

https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Crowe antibodies/blob/maste

r/results/summary/scores to frac escape.md.

In some places in this paper, we report site-level measurements in addition to mutation-

level escape scores. The first measure of site-level escape is the total site escape (total height

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/summary/counts_to_scores.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/summary/counts_to_scores.md
https://jbloomlab.github.io/dms_variants/dms_variants.globalepistasis.html
https://jbloomlab.github.io/dms_variants/dms_variants.globalepistasis.html
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/supp_data/MAP_paper_antibodies_raw_data.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/supp_data/MAP_paper_antibodies_raw_data.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/summary/scores_to_frac_escape.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/summary/scores_to_frac_escape.md
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of letter stacks, e.g. in Figure 3.1C), and simply represents the sum of all mutation-level

escape fractions at a site. The second measure of site-level escape is the maximum escape

at a site, which is just the maximum of all of the mutation-level escape fractions at the site.

Classification of sites of escape from each antibody

For certain visualizations or analyses, it was necessary to classify which sites mediated escape

from each antibody. To do this, for each antibody we identified those sites where the total

site escape was > 10× the median across all sites, and was also at least 10% of the maximum

total site escape for any site for that antibody. We found that this heuristic reliably separated

sites of clear antibody escape from other sites. This approach was used to determine which

sites to display in the logo plots, and which sites to include in the analysis of natural sequence

variation.

Data visualization

The static logo plot visualizations of the escape maps in the paper figures were created using

the dmslogo package (https://jbloomlab.github.io/dmslogo/, version 0.3.2) and in all

cases the height of each letter indicates the escape fraction for that amino-acid mutation

calculated as described above. In Figure 3.2, we have separated the antibodies into two

groups, and for each group the logo plots show all sites of escape from any antibody in that

group according to the classification scheme described above. The code that generates these

logo plot visualizations is available at https://github.com/jbloomlab/SARS-CoV-2-RB

D MAP Crowe antibodies/blob/master/results/summary/analyze escape profiles.md.

In many of the visualizations (e.g., Figure 3.2A), the RBD sites are categorized as falling

into one of three structural regions (core RBD, RBM, or ACE2-contact residue) and colored

accordingly. The RBM is defined as residues 437-508 [180] with remaining residues compris-

ing the core RBD. ACE2 contacts are defined as RBD residues with non-hydrogen atoms

https://jbloomlab.github.io/dmslogo/
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/summary/analyze_escape_profiles.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/summary/analyze_escape_profiles.md
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within 4 Angstrom of ACE2 atoms in the PDB: 6M0J crystal structure [172]. In Figures

3.5B and 3.11, the letters in the escape maps are colored according to the effects of mutations

on ACE2 binding or RBD expression as measured in [280].

The multidimensional scaling in Figure 3.2D that projects the antibodies into a two-

dimensional space of escape mutations was performed using the Python scikit-learn package.

We first computed the similarity in the escape maps between each pair of antibodies as

follows. Let xa1 be the vector of the total site escape values at each site for antibody a1.

Then the similarity in escape between antibodies a1 and a2 is simply calculated as the dot

product of the total site escape vectors after normalizing each vector to have a Euclidean

norm of one; namely, the similarity is:

xa1

||xa1||
· xa2

||xa2||

With this definition, the similarity is one if the total site escape is identical for the two

antibodies, and zero if the escape is at completely distinct sites. We then calculated a

dissimilarity for each pair of antibodies as simply one minus the similarity, and performed

metric multidimensional scaling with two components on the dissimilarity matrix. The result

is shown in Figure 3.2D, with antibodies shown in pie charts that are colored proportional to

total squared site escape that falls into that RBD structural region. The code that generates

these logo plot visualizations is available at https://github.com/jbloomlab/SARS-CoV-2-

RBD MAP Crowe antibodies/blob/master/results/summary/mds escape profiles.md.

For the static structural visualizations in the paper figures, the RBD surface (PDB: 6M0J,

[172]) was colored by the largest-effect escape mutation at each site, with white indicating

no escape and red indicating the strongest escape mutation for that antibody.

We created interactive structure-based visualizations of the escape maps using dms-view

[137] that are available at https://jbloomlab.github.io/SARS-CoV-2-RBD MAP Cro

we antibodies/. The logo plots in these escape maps can be colored according to the

deep mutational scanning measurements of how mutations affect ACE2 binding or RBD

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/summary/mds_escape_profiles.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/results/summary/mds_escape_profiles.md
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Crowe_antibodies/
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Crowe_antibodies/
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expression as described above.

Analysis of circulating variants and evolutionary conservation of antibody epitopes

All 94,233 spike sequences on GISAID as of 6 September 2020 were downloaded and aligned

via mafft [151]. Sequences from non-human origins and sequences containing gap characters

were removed, leaving 93,858 sequences. All RBD amino-acid mutations among GISAID

sequences were enumerated, retaining only mutations that were sampled on at least one

high-coverage sequence lacking undetermined ‘X’ characters within the RBD. All GISAID

mutations at sites of escape from antibodies in our panel (using the method described above

to define sites of escape) are shown in Figure 3.10. Counts were collapsed by site, and sites

with at least 5 circulating mutations on GISAID are shown in Figure 3.5A. We acknowledge

all GISAID contributors for their sharing of sequencing data (https://github.com/jbloo

mlab/SARS-CoV-2-RBD MAP Crowe antibodies/blob/master/data/GISAID/gisaid hco

v-19 acknowledgement table 2020 09 06.pdf).

To compute conservation of positions among sarbecoviruses, we used the RBD sequence

set from [280], which includes all unique RBD sequences curated by [179], in addition to the

non-Asian sarbecovirus BtKy72 [292] and newly described RBD sequences RaTG13 [352],

RmYN02 [352], and GD-Pangolin and GX-Pangolin [171]. RBD sequences were aligned at

the amino-acid level via mafft with a gap opening penalty of 4.5. Alignment is available at

https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Crowe antibodies/blob/maste

r/data/RBDs aligned.fasta. Shannon entropy of each alignment position was calculated

using the bio3d package in R [119] as:

h = −
∑
i

pi × log2 pi

where pi is the proportion of sequences with amino acid i. The effective number of amino

acids at each position (N eff) was calculated as 2h.

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/data/GISAID/gisaid_hcov-19_acknowledgement_table_2020_09_06.pdf
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/data/GISAID/gisaid_hcov-19_acknowledgement_table_2020_09_06.pdf
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/data/GISAID/gisaid_hcov-19_acknowledgement_table_2020_09_06.pdf
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/data/RBDs_aligned.fasta
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Crowe_antibodies/blob/master/data/RBDs_aligned.fasta
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Pseudotyped lentiviral particles for neutralization assays and quantification of cellular entry

For neutralization assays, we used spike pseudotyped lentiviral particles that were generated

essentially as described in [67], using a codon-optimized SARS-CoV-2 spike from Wuhan-

Hu-1 that contains a 21-amino-acid deletion at the end of the cytoplasmic tail that improves

viral titers [66] along with the D614G mutation that is now prevalent in human SARS-

CoV-2 [161]. The plasmid encoding this spike, HDM Spikedelta21 D614G, is available from

Addgene (#158762), and the full sequence is at https://www.addgene.org/158762/. Point

mutations were introduced into the RBD of this plasmid via site-directed mutagenesis.

Pseudotyped lentiviral particles were generated as previously described [67]. Viruses

were rescued in biological duplicate (i.e., independent transfections). Briefly, 6e5 293T cells

per well were seeded in 6-well plates in 2 mL D10 growth media (DMEM with 10% heat-

inactivated FBS, 2 mM l-glutamine, 100 U/mL penicillin, and 100 µg/mL streptomycin). 24h

later, cells were transfected using BioT transfection reagent (Bioland Scientific, Paramount,

CA, USA) with a Luciferase IRES ZsGreen backbone, Gag/Pol lentiviral helper plasmid,

and wildtype or mutant SARS-CoV-2 spike plasmids. Media was changed to fresh D10 at

24 h post-transfection. At 60 h post-transfection, viral supernatants were collected, filtered

through a 0.45 µm SFCA low protein-binding filter, and stored at −80 degrees C.

The resulting viruses were titered as previously described [67]. 293T-ACE2 cells (BEI

NR-52511) were seeded at 1.25e4 cells per well in 50 µL D10 in poly-L-lysine coated 96-well

plates (Greiner 655930). After 24 h, 100 µL of diluted viral supernatants were added to cells

across a dilution range of 4 serial 4-fold dilutions (i.e., 0.52 to 33.3 µL of virus were ultimately

added to each well). Approximately 70 h post-infection, viral entry was quantified Bright-

Glo Luciferase Assay System (Promega, E2610) as described in Crawford et al. (2020a). The

relative titers reported in Figure 3.9D were calculated as the fold-change of relative luciferase

units per microliter of each mutant RBD virus compared to unmutated RBD virus.

For the neutralization assays, the ACE2-293T cells were plated as described above for

https://www.addgene.org/158762/
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viral titering. 24 h later, pseudotyped lentivirus supernatants were diluted 1:6 and incubated

with antibodies across a concentration range for 1 h at 37 degrees C, at a final concentration

of antibody between 0.366 and 6,000 ng/mL. 100 µL of the virus-antibody mixture then was

added to cells.

At approx. 70 h post-infection, luciferase activity was measured as described above. Frac-

tion infectivity of each antibody-containing well was calculated relative to a “no-antibody”

well inoculated with the same initial viral supernatant (containing wildtype or mutant RBD)

in the same row of the plate. We used the neutcurve package (https://jbloomlab.gith

ub.io/neutcurve/) to calculate the inhibitory concentration 50% (IC50) of each antibody

against each virus by fitting a Hill curve with the bottom fixed at 0 and the top fixed at 1.

The IC50 fold-change relative to unmutated RBD was calculated for each mutant for each

antibody.

293T mammalian cell-surface RBD display system

To validate the effects of individual mutations on antibody binding to the non-neutralizing

antibody CR3022 in a mammalian system as shown in Figure 3.9B,C, the RBD sequence

used in yeast display was modified for mammalian surface display to create the HDM Spike -

RBD B7-1 plasmid described in [190]. Site-directed mutagenesis was used to introduce single

amino-acid substitutions into this plasmid.

293T cells were seeded at 6e5 cells per well in a 6-well plate. After 24 h, duplicate wells

were transfected with 1 µg HDM Spike RBD B7-1 plasmids and 1 µg of Transfection Carrier

DNA (Promega, E4881) using BioT reagent (Bioland Sci, B01-02), according to manufac-

turer’s protocol. At 18 to 20 h post-transfection, cells were washed with phosphate buffered

saline (PBS), dissociated from the plate with enzyme-free dissociation buffer (ThermoFisher,

13151014), harvested by centrifugation at 1,200 × g for 3 min, and washed in FACS buffer

(PBS+1% bovine serum albumin). Cells were stained with recombinant biotinylated ACE2

https://jbloomlab.github.io/neutcurve/
https://jbloomlab.github.io/neutcurve/
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(ACROBiosystems, AC2-H82E6) and serial dilutions of CR3022 antibody for 1 h at room

temperature, washed with FACS buffer, resuspended in a 1:200 dilution of PE-conjugated

streptavidin (ThermoFisher, S866) and APC-conjugated Goat Anti-Human IgG (Jackson

Labs, 109-115-098), and incubated on ice for 1 h. Cells were then washed twice in the FACS

buffer and resuspended in PBS. CR3022 antibody and ACE2-binding levels were determined

via flow cytometry using a BD LSRFortessa X-50. 10,000 cells were analyzed at each CR3022

concentration. Cells were gated to select for singleton events, ACE2 labeling was used to

subset RBD+ cells and measure RBD expression, and CR3022 labeling was measured within

this RBD+ population. Compensation and gating was performed using FlowJo v10.7. EC50s

were computed using the neutcurve package to fit four-parameter Hill curves (both baselines

free) and the midpoint is reported as the EC50. The assays were performed on two separate

days, and fold changes were computed relative to the unmutated (wildtype) RBD from that

day.

Antibody competition-binding analysis

For the competition experiments reported in Figure 3.12D, wells of 384-well microtiter plates

were coated with 1 µg/mL of purified SARS-CoV-2 S6Pecto protein at 4°C overnight. Plates

were blocked with 2% BSA in DPBS containing 0.05% Tween-20 (DPBS-T) for 1 h. Puri-

fied unlabeled antibodies were diluted to 20 µg/mL in blocking buffer, added to the wells

(20 µL/well) in triplicate, and incubated for 1 h at ambient temperature. SARS-CoV-2

antibodies were added to each of three wells with the respective antibody at 2.5 µg/mL

in a 5 µL/well volume (final 0.1 µg/mL concentration of biotinylated antibody) without

washing of unlabeled antibody and then incubated for 1 h at ambient temperature. Plates

were washed, and bound antibodies were detected using HRP-conjugated avidin (Sigma) and

TMB substrate. The signal obtained for binding of the biotin-labeled reference antibody in

the presence of the unlabeled tested antibody was expressed as a percentage of the binding
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of the reference antibody alone after subtracting the background signal. Tested antibodies

were considered competing if their presence reduced the reference antibody binding to less

than 30% of its maximal binding and non-competing if the signal was greater than 75%. A

level of 30–75% was considered intermediate competition.

VSV viruses expressing SARS-CoV-2 spike protein

The generation of a replication-competent vesicular stomatitis virus (VSV) expressing SARS-

CoV-2 S protein that replaces VSV G protein (VSV-SARS-CoV-2) has been described pre-

viously (Case et al., 2020). This virus encodes the spike protein from SARS-CoV-2 with a 21

amino-acid C-terminal deletion. The spike-expressing VSV virus was propagated in MA104

cells (ATCC CRL-2378.1) as described previously (Case et al., 2020), and viral stocks were

titrated on Vero E6 cell monolayer cultures. Plaques were visualized using neutral red stain-

ing.

Selection of escape mutants using the spike-expressing VSV

To screen for escape mutations selected in the presence of individual antibodies or antibody

cocktails, we used a real-time cell analysis assay (RTCA) and xCELLigence RTCA MP An-

alyzer (ACEA Biosciences Inc.) with modification of previously described assays (Gilchuk

et al., 2020a; Weisblum et al., 2020). Fifty (50) µL of cell culture medium (DMEM supple-

mented with 2% FBS) was added to each well of a 96-well E-plate to obtain a background

reading. Eighteen thousand (18,000) Vero E6 cells in 50 µL of cell culture medium were

seeded per each well, and plates were placed on the analyzer. Measurements were taken au-

tomatically every 15 min and the sensograms were visualized using RTCA software version

2.1.0 (ACEA Biosciences Inc). VSV-SARS-CoV-2 virus (5e3 plaque forming units [PFU]

per well, approx. 0.3 MOI) was mixed with a saturating neutralizing concentration of in-

dividual antibody (5 µg/mL) or two-antibody cocktail (1:1 antibody ratio, 5 µg/mL total
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antibody concentration) in a total volume of 100 µL and incubated for 1 h at 37°C. At 16-

20 h after seeding the cells, the virus-antibody mixtures were added into 8 to 96 replicate

wells of 96-well E-plates with cell monolayers. Wells containing only virus in the absence of

antibody and wells containing only Vero E6 cells in medium were included on each plate as

controls. Plates were measured continuously (every 15 min) for 72 h. The escape mutants

were identified by delayed CPE in wells containing antibody. To verify escape from antibody

selection, isolated viruses were assessed in a subsequent RTCA experiment in the presence

of 10 µg/mL of mAb as used for the escape virus selection and a partner mAb recognizing

non-overlapping epitope residues (see Figure 3.6A).

Sequence analysis of the gene encoding spike protein from spike protein-expressing VSV es-

cape mutants

To identify escape mutations present in spike protein-expressing VSV antibody-selected es-

cape variants, the escape viruses isolated after RTCA escape screening were propagated in

6-well culture plates with confluent Vero E6 cells in the presence of 10 µg/mL of the cor-

responding antibody. Viral RNA was isolated using a QiAmp Viral RNA extraction kit

(Qiagen) from aliquots of supernatant containing a suspension of the selected virus popula-

tion. The spike protein gene cDNA was amplified with a SuperScript IV One-Step RT-PCR

kit (ThermoFisher Scientific) using primers flanking the S gene. The amplified PCR product

(approx. 4,000 bp) was purified using SPRI magnetic beads (Beckman Coulter) at a 1:1 ratio

and sequenced by the Sanger sequence technique using primers giving forward and reverse

reads of the RBD.



94

3.6 Notes

Acknowledgements

We thank Keara Malone for experimental assistance, Mike Murphy and Neil King for CR3022

protein, and the Flow Cytometry and Genomics core facilities at the Fred Hutchinson Cancer

Research Center for experimental support, especially Dolores Covarrubias, Andy Marty, and

MinJae Kim. EM data collections were conducted at the Center for Structural Biology

Cryo-EM Facility at Vanderbilt University.

Funding

This work was supported by the NIAID / NIH (R01AI141707 and R01AI12893 to J.D.B.,

T32AI083203 to A.J.G., and F30AI149928 to K.H.D.C.) and the Gates Foundation. T.N.S. is

a Washington Research Foundation Innovation Fellow at the University of Washington Insti-

tute for Protein Design and a Howard Huges Medical Institute Fellow of the Damon Runyon

Cancer Research Foundation (DRG-2381-19). This work was also supported by Defense

Advanced Research Projects Agency (DARPA) grants HR0011-18-2-0001 and HR0011-18-3-

0001; NIH contracts 75N93019C00074 and 75N93019C00062; NIH grants U01 AI150739, R01

AI130591 and R35 HL145242, the Dolly Parton COVID-19 Research Fund at Vanderbilt, and

a grant from Fast Grants, Mercatus Center, George Mason University. S.J.Z. was supported

by NIH T32 AI095202. J.E.C. is a recipient of the 2019 Future Insight Prize from Merck

KGaA, which supported this work with a grant. J.D.B. is an Investigator of the Howard

Hughes Medical Institute. The content is solely the responsibility of the authors and does

not necessarily represent the official views of the US government or the other sponsors.



95

Conflicts of Interest

J.E.C. has served as a consultant for Sanofi; is on the Scientific Advisory Boards of Compu-

Vax and Meissa Vaccines; is a recipient of previous unrelated research grants from Moderna

and Sanofi; and is a founder of IDBiologics. Vanderbilt University has applied for patents

concerning SARS-CoV-2 antibodies analyzed in this work. S.P.J.W. and P.W.R. have filed a

disclosure with Washington University for the recombinant VSV. The other authors declare

no competing interests.

Author contributions

Conceptualization, A.J.G., T.N.S., S.Z., J.E.C., and J.D.B.; Methodology, A.J.G., T.N.S.,

S.Z., E.B., P.G., R.S.N., R.E.S., N.S., P.W.R., Z.L., S.P.J.W, R.H.C, and J.D.B.; Inves-

tigation, A.J.G., T.N.S., S.Z., P.G., and E.B.; Code, A.J.G., T.N.S., and J.D.B.; Formal

Analysis, A.J.G., T.N.S., and J.D.B.; Validation, A.J.G., A.N.L., R.E., and K.H.D.C.; Writ-

ing – Original Draft, A.J.G., T.N.S. and J.D.B.; Writing – Review and Editing, all authors;

Supervision, J.E.C. and J.D.B.

3.7 Supplementary Figures



96

Figure 3.7: FACS gating. (A) Representative hierarchical gates drawn to isolate RBD+
single cells as the parent population for FACS gates in (B, C). First, hierarchical gates were
drawn to select single-cell events: forward scatter (FSC) versus side scatter (SSC, top left),
SSC width versus height (bottom left), and FSC width versus height (top right). Next,
FITC+ labeling of a C-terminal epitope tag on the RBD was used to identify RBD+ cells
(purple, bottom right). Selection gates for ACE2+ and antibody-negative sorts (B, C)
are nested within this RBD+ population. (B) RBD mutant libraries were first sorted for
variants that could bind ACE2 with at least 0.01x the affinity of unmutated SARS-CoV-2
RBD, the approximate affinity of RaTG13, the homolog with the lowest affinity that still
marginally mediates cell entry (Shang et al., 2020). Top three plots show unmutated SARS-
CoV-2 labeled at 0 M, 1e-10 M, and 1e-8 M ACE2. A selection gate was drawn to capture
unmutated cells labeled at 1e-10 M ACE2. The bottom two plots show the application of this
selection gate to the duplicate RBD mutant libraries labeled at 1e-8 M ACE2. Percentages
of RBD+ cells (yellow) in each control and library sample that fall into the ACE2+ sort
bin are shown in the upper-right of each FACS plot. These ACE2+ sorted libraries were
grown overnight and used for subsequent antibody-escape selections. (C) Selection gates for
the antibody-escape sorts. Unmutated SARS-CoV-2 RBD was labeled at 400 ng/mL (1x)
and 4 ng/mL (0.01x) with each antibody. Antibody-escape selection gates were drawn to
capture 0.2% or less of the 1x and up to 95% of the 0.01x antibody-labeled unmutated RBD
control cells. Each mutant RBD library was labeled with 400 ng/mL (1x) antibody, and
cells that were captured in the “antibody-escape bin” were sorted and their barcodes were
sequenced. Percentages of RBD+ cells in each control and library sample that fall into the
antibody-escape bin are shown in the bottom-right of each FACS plot.
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Figure 3.8: Correlation between the duplicate mappings of escape mutations made
with the independently generated mutant virus libraries (“lib1” and “lib2”). (A)
Correlation between the total escape at each site. (B) Correlation between the escape frac-
tion measured for each individual mutation. The text insets in each plot give the Pearson’s
correlation coefficient and the number of sites or mutations for which measurements were
made for both libraries. The data shown in the rest of the paper are the average of those
from the two libraries. Though there is some variation between replicates in the escape
fraction of individual mutations (particularly for antibodies with smaller-magnitude escape)
(B), correlation in the site-wise sum escape (A) is reasonable for all antibodies.
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Figure 3.9: Validation of the functional and structural relevance of antibody-
escape maps. (A) Neutralization curves with the spike-pseudotyped lentiviral particles
used to determine IC50 values plotted in Figure 3.3. Each point represents the mean
and standard error of 2 independent measurements. The IC50s were computed using the
neutcurve package (https://jbloomlab.github.io/neutcurve/) to fit two-parameter Hill
curves (with the baselines fixed to 0 and 1). IC50s outside the range of tested antibody
concentrations are reported as upper bounds. (B) Antibody CR3022 is non-neutralizing,
so we instead used flow cytometry to measure CR3022 binding to RBD expressed on the
surface of mammalian cells (see Methods for details), with the values representing the fold
change in effective concentration 50% (EC50) for antibody binding to each mutant RBD rel-
ative to wildtype. (C) The binding curves summarized in (B), with the y-axis representing
binding as measured by flow cytometry. EC50s are computed using the neutcurve package
to fit four-parameter Hill curves (both baselines free) and the midpoint is reported as the
EC50. The assays were performed on two separate days, and fold changes are computed
relative to the unmutated (wildtype) RBD from that day. (D) CR3022 escape mutations
are compatible with function in spike-pseudotyped lentiviral particles. The infectious titer
of spike-pseudotyped lentivirus mutants in transfection supernatants as quantified by fold
change in relative luciferase units (RLUs) compared to virus pseudotyped with the unmu-
tated (wildtype) spike. All titers were measured in biological duplicate transfections (two
jittered points) except K417E. (E) To estimate RBD expression on the surface of 293T cells
in the CR3022 binding assays in panels B and C, cells were also labeled with biotinylated
ACE2 and fluorophore-conjugated streptavidin. ACE2 binding levels, a proxy for RBD ex-
pression, were measured by flow cytometry. Box plots represent the median and 25th and
75th percentiles, whiskers are 1.5 * interquartile range, and outliers are shown individually.
For each condition, n=12-24. (F-J) Structural analysis of CR3022 escape in the high-
resolution CR3022-bound RBD structure (PDB: 6W41 (Yuan et al., 2020)). (F) Escape at
CR3022-contact residues. RBD residues are colored by total site-wise escape, from white
(0 total escape) to red (maximum total escape). CR3022 CDR loops that mediate RBD
contacts are shown in blue and labeled. Side chains are shown as sticks and C-alpha spheres
are shown for RBD residues defined as CR3022 structural contacts (non-hydrogen atoms
within 4 angstrom distance) or sites of strong selection (defined in Methods). RBD sites are
labeled by sub-panel of zoomed-in structural views. (G) RBD residue K378, most mutations
to which mediate CR3022 escape, forms polar contacts with CR3022 residues D54HC and
E56HC. (H) RBD residue S383, where mutations to bulky charged or hydrophobic residues
escape CR3022 binding, forms a polar contact with K386RBD which in turn coordinates
D101HC. S383 is also sterically constrained by close packing of the CR3022 CDRH3. (I)
RBD residues V382 and F392, where mutations that alter side chain volume (V382 and
F392) or hydrophobicity (F392) mediate CR3022 escape, pack with hydrophobic residues
from the CR3022 CDRL1 and CDRL2 loops. (J) RBD residue T430, where mutations do
not facilitate strong escape, forms a polar contact with S27FLC at the periphery of the
CR3022-RBD interface.

https://jbloomlab.github.io/neutcurve/
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Figure 3.10: Variation at sites of antibody escape among currently circulating
SARS-CoV-2 viruses. Table shows all RBD mutations sampled among sequences in GI-
SAID as of 6 September 2020 at sites of escape from at least one antibody. Cells are colored
by escape fraction of the individual circulating mutant for each antibody: white cells indicate
sites that are not sites of escape from an antibody; for sites of escape, per-mutation escape
fraction is colored from light to dark gray, with any mutation conferring > 0.1 escape fraction
colored equally dark. Sites are in orange for the core RBD, light blue for the RBM, and dark
blue for ACE2 contact residues. Antibodies are colored according to where the majority of
their sites of escape fall. These per-mutation counts are collapsed into the site-wise table
presented in Figure 3.5
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Figure 3.11: Logo plots of antibody escape accounting for mutation effects on
ACE2-binding affinity and RBD folding. Logo plots as in Figure 3.2C. Mutations
are colored according to their effects on ACE2-binding affinity (left) or RBD folding and
expression (right), as measured previously (Starr et al., 2020). Some mutations annotated
as escape in our main display impair ACE2 binding or RBD folding, which may limit their
fitness in the context of virus particles.
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Figure 3.12: Real-time cell analysis (RTCA) to select for spike-expressing VSV
viruses that escape antibody neutralization, and antibody competition for bind-
ing to RBD. (A) Representative RTCA sensograms showing virus that escaped antibody
neutralization. Cytopathic effect (CPE) was monitored kinetically in Vero E6 cells inocu-
lated with virus in the presence of a saturating concentration of antibody COV2-2094 (5
µg/mL). Escape (magenta) or lack of escape (blue) are shown. Uninfected cells (green)
or cells inoculated with virus without antibody (red) serve as controls. Magenta and blue
curves represent a single representative well; the red and green controls are mean of techni-
cal quadruplicates. (B) Representative RTCA sensograms validating that the virus selected
by COV2-2094 in panel (A) indeed escaped COV2-2094 (magenta) but was neutralized by
COV2-2499 (light blue). (C) Example sensograms from individual wells of 96-well E-plate
analysis showing viruses that escaped neutralization (noted with *) by indicated antibodies.
Escape in the illustrated replicates 6 and 7 for COV2-2499 was confirmed in validation neu-
tralization assays but was not sequence-verified due to delayed CPE and not included in the
counts in Figure 3.6. (D) Competition assays for RBD binding, with percentages showing
binding of a second labeled antibody to the RBD after pre-binding with the first antibody.
Values close to 0% indicate complete competition, and values close to 100% indicate lack of
competition.



107



108

Chapter 4

PROSPECTIVE MAPPING OF VIRAL MUTATIONS THAT
ESCAPE ANTIBODIES USED TO TREAT COVID-19

A version of this chapter has been previously published as:

Starr TN, Greaney AJ, Addetia A, Hannon WW, Choudhary MC, Dingens AS, Li JZ,

Bloom JD. Prospective mapping of viral mutations that escape antibodies used to treat

COVID-19. Science. 2021 Feb 19;371(6531):850-854. doi: 10.1126/science.abf9302.

Epub 2021 Jan 25. PMID: 33495308; PMCID: PMC7963219.

4.1 Abstract

Antibodies are a potential therapy for SARS-CoV-2, but the risk of the virus evolving to

escape them remains unclear. Here we map how all mutations to SARS-CoV-2’s receptor-

binding domain (RBD) affect binding by the antibodies in the REGN-COV2 cocktail and

the antibody LY-CoV016. These complete maps uncover a single amino-acid mutation that

fully escapes the REGN-COV2 cocktail, which consists of two antibodies targeting distinct

structural epitopes. The maps also identify viral mutations that are selected in a persis-

tently infected patient treated with REGN-COV2, as well as during in vitro viral escape

selections. Finally, the maps reveal that mutations escaping the individual antibodies are

already present in circulating SARS-CoV-2 strains. Overall, these complete escape maps

enable interpretation of the consequences of mutations observed during viral surveillance.

10.1126/science.abf9302
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4.2 Introduction

Antibodies are being developed as therapeutics to combat SARS-CoV-2 [250]. Antibodies

against some other viruses can be rendered ineffective by viral mutations that are selected

during treatment of infected patients [41, 167] or that spread globally to confer resistance on

entire viral clades [273]. Therefore, determining which SARS-CoV-2 mutations escape key

antibodies is essential for assessing how mutations observed during viral surveillance may

impact the efficacy of antibody treatments.

Most leading anti-SARS-CoV-2 antibodies target the viral receptor-binding domain (RBD),

which mediates binding to the ACE2 receptor [332, 306]. We recently developed a deep mu-

tational scanning method to map how all mutations to the RBD affect its function and

recognition by antiviral antibodies [280, 124]. This method involves creating libraries of

RBD mutants, expressing them on the surface of yeast, and using fluorescence-activated

cell sorting and deep sequencing to quantify how each mutation affects RBD folding, ACE2

affinity (measured across a titration series), and antibody binding (Fig. 4.5A). Here we used

the duplicate mutant libraries described in [280], which consist of barcoded RBD variants

that cover 3,804 of the 3,819 possible amino acid mutations. Our libraries were made in

the context of the RBD from the early isolate Wuhan-Hu-1, which still represents the most

common RBD sequence although several mutants are currently increasing in frequency [244].

We mapped how the 2,034 mutations that do not strongly disrupt RBD folding and ACE

binding [280] affected binding by recombinant forms of the two antibodies in Regeneron’s

REGN-COV2 cocktail (REGN10933 and REGN10987) [129, 19], and Eli Lilly’s LY-CoV016

antibody (also known as CB6 or JS016) [271] (Fig. 4.5B). REGN-COV2 was recently granted

an emergency use authorization for treatment of COVID-19 [3], while LY-CoV016 is currently

in phase 3 clinical trials [4].
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4.3 Results

We completely mapped RBD mutations that escape binding by the three individual anti-

bodies as well as the REGN10933 + REGN10987 cocktail (Fig. 4.1A,B and zoomable maps

at https://jbloomlab.github.io/SARS-CoV-2-RBD MAP clinical Abs/). REGN10933

and REGN10987 are escaped by largely non-overlapping sets of mutations in the RBD’s

receptor-binding motif (Fig. 4.1A), consistent with structural work showing that these anti-

bodies target distinct epitopes in this motif [129]. But surprisingly, one mutation (E406W)

strongly escapes the cocktail of both antibodies (Fig. 4.1A). The escape map for LY-CoV016

also reveals escape mutations at a number of different sites in the RBD (Fig. 4.1B). Although

some escape mutations impair the RBD’s ability to bind ACE2 or be expressed in properly

folded form, many come at little or no cost to these functional properties according to prior

deep mutational scanning measurements using yeast-displayed RBD [280] (color gradient

in Fig. 4.1A,B indicates loss of ACE2 affinity and in Fig. 4.6 indicates decrease in RBD

expression).

To validate the antigenic effects of key mutations, we performed neutralization assays

using spike-pseudotyped lentiviral particles, and found concordance between the antibody-

binding escape maps and neutralization assays (Fig. 4.1C and Fig. 4.7). As expected from

the maps for the REGN-COV2 antibodies, a mutation at site 486 escaped neutralization

only by REGN10933, whereas mutations at sites 439 and 444 escaped neutralization only

by REGN10987—and so none of these mutations escaped the cocktail. But E406W escaped

both individual REGN-COV2 antibodies, and thus also strongly escaped the cocktail. Struc-

tural analyses and viral-escape selections led Regeneron to posit that no single amino-acid

mutation could escape both antibodies in the cocktail [129, 19], but our complete maps

identify E406W as a cocktail escape mutation. Importantly, E406W impacts the REGN-

COV2 antibodies in a relatively specific way and does not grossly perturb the function of the

RBD, since it only mildly reduces neutralization by LY-CoV016 (Fig. 4.1C) and the titers

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_clinical_Abs/
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Figure 4.1: Complete maps of mutations that escape binding by the REGN-COV2
antibodies and Ly-CoV016. (A) Maps for antibodies in REGN-COV2. Line plots at
left show escape at each site in the RBD (summed effects of all mutations at each site).
Sites of strong escape (purple underlines) are shown in logo plots at right. The height
of each letter is proportional to how strongly that amino-acid mutation mediates escape,
with a per-mutation “escape fraction” of 1 corresponding to complete escape. The y-axis
scale is different for each row, so for instance E406W escapes all REGN antibodies but
it is most visible for the cocktail as it is swamped out by other sites of escape for the
individual antibodies. See https://jbloomlab.github.io/SARS-CoV-2-RBD MAP clini

cal Abs/ for zoomable versions. Letters are colored by how mutations affect the RBD’s
affinity for ACE2 as measured via yeast display [280], with yellow indicating poor affinity
and brown indicating good affinity; see Fig. 4.6A,B for maps colored by how mutations
affect expression of folded RBD and Fig. 4.6C,D for distribution of effects on ACE2 affinity
and RBD expression across all mutations observed among circulating viral isolates. (B)
Map for LY-CoV016. (C) Validation of key mutations in neutralization assays using spike-
pseudotyped lentiviral particles. We chose to validate mutations predicted to have large
effects or that are present at high frequency among circulating SARS-CoV-2 isolates (e.g.,
N439K). Each point indicates the fold-increase in inhibitory concentration 50% (IC50) for
a mutation relative to the unmutated “wildtype” (WT) spike, which contains D614G. The
dotted blue line at 1 indicates wildtype-like neutralization, and values > 1 indicate increased
neutralization resistance. Point colors indicate if escape was expected at that site from the
maps. Point shapes indicate that the fold change is censored (an upper or lower limit) due
to the IC50 being outside the dilution series used. Most mutants were tested in duplicate,
and so have two points. Full neutralization curves are presented in Fig. 4.7.

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_clinical_Abs/
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_clinical_Abs/
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of spike-pseudotyped lentiviral particles (Fig. 4.7F).

To explore if our escape maps are consistent with how the virus evolves under antibody se-

lection, we first examined data from Regeneron’s viral escape-selection experiments in which

spike-expressing VSV was grown in cell culture in the presence of REGN10933, REGN10987,

or the cocktail [19]. That work identified five escape mutations from REGN10933, two from

REGN10987, and none from the cocktail (Fig. 4.6A). All seven cell-culture-selected muta-

tions were prominent in our escape maps while also being accessible by just a single-nucleotide

change to the wildtype codon in the Wuhan-Hu-1 RBD sequence (Fig. 4.6B), demonstrating

concordance between the escape maps and viral evolution under antibody pressure in cell

culture. Notably, E406W is not accessible by a single-nucleotide change, which may explain

why it was not identified by the Regeneron cocktail selections despite being relatively well

tolerated for RBD folding and ACE2 affinity.

To determine if the escape maps could inform analysis of viral evolution in infected hu-

mans, we examined deep sequencing data from a persistently infected immunocompromised

patient who was treated with REGN-COV2 at day 145 after diagnosis with COVID-19 [59].

The late timing of treatment allowed ample time for the patient’s viral population to accu-

mulate genetic diversity, some of which could have been driven by immune pressure since

the patient mounted a weak autologous neutralizing antibody response prior to treatment

[59]. Administration of REGN-COV2 was followed by rapid changes in the frequencies of five

amino-acid mutations in the RBD (Fig. 4.2C and Fig. 4.8). Our escape maps showed that

three of these mutations escaped REGN10933, and one escaped REGN10987 (Fig. 4.2B).

Notably, the mutations did not all sweep to fixation after antibody treatment: instead, there

were competing rises and falls (Fig. 4.2C). This pattern has been observed in the adaptive

within-host evolution of other viruses [340, 97], and can arise from genetic hitchhiking and

competition among viral lineages. Both these forces appear to be at play in the persis-

tently infected patient (Fig. 4.2C and Fig 4.8C): E484A (not an escape mutation in our
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Figure 4.2: Escape maps are consistent with viral mutations selected in cell culture
and a persistently infected patient. (A) Viral escape mutations selected by Regeneron
with spike-pseudotyped VSV in cell culture in the presence of antibody [19]. (B) Escape
maps like those in Fig. 4.1A but showing only mutations accessible by single-nucleotide
changes to the Wuhan-Hu-1 sequence, with non-gray colors indicating mutations in cell
culture (red), in the infected patient (blue), or both (purple). Fig. 4.9 shows these maps
colored by how mutations affect ACE2 affinity or RBD expression. (C) Dynamics of RBD
mutations in a patient treated with REGN-COV2 at day 145 of his infection (black dashed
vertical line). E484A rose in frequency in linkage with F486I, but since E484A is not an
escape mutation in our maps it is not shown in other panels. See also Fig. 4.8. (D) The
escape mutations that arise in cell culture and the infected patient are single-nucleotide
accessible and escape antibody binding without imposing a large cost on ACE2 affinity (as
measured using yeast display [280]). Each point is a mutation with shape / color indicating
whether it is accessible and selected during viral growth. Points further to the right on
the x-axis indicate stronger escape from antibody binding; points further up on the y-axis
indicate higher ACE2 affinity.
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maps) hitchhikes with F486I (which escapes REGN10933) after treatment, and the viral lin-

eage carrying N440D and Q493K (which escape REGN10987 and REGN10933, respectively)

competes first with the REGN10933 escape-mutant Y489H, and then with the E484A /

F486I lineage and Q493K-alone lineage.

Three of the four escape mutations in the REGN-COV2-treated patient were not identi-

fied in Regeneron’s viral cell-culture selections (Fig. 4.2B), illustrating an advantage of com-

plete maps. Viral selections are “incomplete” in the sense that they only identify whatever

mutations are stochastically selected in that particular cell-culture experiment. In contrast,

complete maps annotate all mutations, which could include mutations that arise for reasons

unrelated to treatment but incidentally affect antibody binding.

Of course, viral evolution is shaped by functional constraints as well as pressure to evade

antibodies. The mutations selected in cell culture and the patient consistently met the follow-

ing criteria: they escaped antibody binding, were accessible via a single-nucleotide change,

and imposed little or no cost on ACE2 affinity (as measured by prior deep mutational scan-

ning using yeast-displayed RBD [280]; Fig. 4.2D, Fig. 4.9). Therefore, complete maps of how

mutations affect key biochemical phenotypes of the RBD (e.g., ACE and antibody binding)

can be used to assess likely paths of viral evolution. A caveat is that over longer evolutionary

timeframes, the space of tolerated mutations could shift due to epistatic interactions, as has

been observed in viral immune and drug escape [27, 118, 349].

The complete maps enable us to assess what escape mutations are already present among

circulating SARS-CoV-2. We examined all human-derived SARS-CoV-2 sequences available

as of January 11, 2021, and found a substantial number of RBD mutations that escaped

one or more of the antibodies (Fig. 4.3). However, the only escape mutations present in

¿0.1% of sequences were the REGN10933 escape-mutant Y453F (0.3% of sequences; see also

(12)), the REGN10987 escape-mutant N439K (1.7% of sequences; see also Fig. 4.1C and

(22)), and the LY-CoV016 escape-mutant K417N (0.1% of sequences; see also Fig. 4.1C).
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Y453F is associated with independent outbreaks linked to mink farms in the Netherlands and

Denmark [287, 221]; notably the mink sequences themselves sometimes also contain other

escape mutations such as F486L [221]. N439K is prevalent in Europe, where it has comprised

a large percentage of sequences from regions including Scotland and Ireland [287, 50]. K417N

is present in the B.1.351 lineage first identified in South Africa [285]. Another mutation of

current interest is N501Y, which is present in B.1.351 and also the B.1.1.7 lineage originally

identified in the United Kingdom [244]. Our maps indicate that N501Y has no effect on

either REGN-COV2 antibody and only a modest effect on LY-CoV016 (Fig. 4.3).

To determine if the escape maps could be rationalized from the structural interfaces of the

antibodies and RBD, we projected the maps onto crystal or cryo-EM structures (Fig. 4.4A;

interactive versions at https://jbloomlab.github.io/SARS-CoV-2-RBD MAP clinical A

bs/). As might be expected, escape mutations generally occur in the antibody-RBD inter-

face. However, structures alone are insufficient to predict which mutations mediate escape.

For example, LY-CoV016 uses both its heavy and light chains to bind a wide epitope over-

lapping the ACE2-binding surface, but escape is dominated by mutations at RBD residues

that contact the heavy chain CDRs (Figs. 4.4A). In contrast, escape from REGN10933 and

REGN10987 mostly occurs at RBD residues that pack at the antibody heavy/light-chain

interface (Fig. 4.4A). The E406W mutation that escapes the REGN-COV2 cocktail occurs

at a residue not in contact with either antibody (Fig. 4.4A, B). Although E406 is in closer

structural proximity to LY-CoV016 (Figs. 4.4B), the E406W mutation has a much smaller

impact on this antibody (Fig. 4.1B,C), suggesting a long-range structural mechanism specific

to the REGN-COV2 antibodies. Taken together, mutations at RBD residues that contact

antibody do not always mediate escape, and several prominent escape mutations occur at

residues not in contact with antibody (Fig. 4.4B).

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_clinical_Abs/
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_clinical_Abs/
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Figure 4.3: Antibody escape mutations in circulating SARS-CoV-2. For each an-
tibody or antibody combination, the escape score for each mutation is plotted versus its
frequency among the 317,866 high-quality human-derived SARS-CoV-2 sequences on GI-
SAID [91] as of January 11, 2021. Escape mutations with notable GISAID frequencies are
labeled. The REGN-COV2 cocktail escape mutation E406W requires multiple nucleotide
changes from the Wuhan-Hu-1 RBD sequence and is not observed among sequences in GI-
SAID. Other mutations to residue E406 (E406Q and E406D) are observed with low frequency
counts, but neither of these mutant amino acids is a single-nucleotide mutation away from
W, either.
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Figure 4.4: Structural context of escape mutations. (A) Escape maps projected on
antibody-bound RBD structures. (REGN10933 and REGN10987: PDB 6XDG [129]; LY-
CoV016: PDB 7C01 [271]). Antibody heavy- and light-chain variable domains are shown
as blue cartoons, and the RBD surface is colored to indicate how strongly mutations at
that site mediate escape (white indicates no escape, red indicates strongest escape site for
that antibody / cocktail). Sites where no mutations are functionally tolerated are colored
gray. (B) For each antibody, sites were classified as direct antibody contacts (non-hydrogen
atoms within 4 angstroms of antibody), antibody-proximal (4− 8 angstroms), or antibody-
distal (> 8 angstroms). Each point indicates a site, classified as escape (red) or non-escape
(black). The dashed gray line indicates the cutoff used to classify sites as escape or non-
escape (see Methods for details). Red and black numbers indicate how many sites in each
category are escape or non-escape sites, respectively. Interactive visualizations are at https:
//jbloomlab.github.io/SARS-CoV-2-RBD MAP clinical Abs/.

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_clinical_Abs/
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_clinical_Abs/
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4.4 Discussion

Overall, we have completely mapped mutations that escape three leading anti-SARS-CoV-2

antibodies. These maps demonstrate that prior characterization of escape mutations was

incomplete, identifying neither a single amino-acid mutation that escapes both antibodies in

the REGN-COV2 cocktail nor most mutations that arose in a persistently infected patient

treated with the cocktail. Of course, our maps still do not answer the most pressing question:

will SARS-CoV-2 evolve widespread resistance to these antibodies? But certainly, it is con-

cerning that so many escape mutations impose little cost on RBD folding or receptor affinity,

and that some are already present at low levels among circulating viruses. Ultimately, it will

be necessary to wait and see what mutations spread as SARS-CoV-2 circulates in the human

population. Our work will help with the “seeing,” by enabling immediate interpretation of

the effects of the mutations catalogued by viral genomic surveillance.

4.5 Materials and Methods

Data and Materials Availability

Raw sequencing data are on the NCBI SRA under BioProject PRJNA639956 / BioSam-

ple SAMN16850904 (escape mapping) and Bioproject PRJNA681234 (patient sequencing).

Computer code and processed data for the escape mapping are at https://github.com/j

bloomlab/SARS-CoV-2-RBD MAP clinical Abs. Code and data for the patient sequencing

are at https://github.com/jbloomlab/SARS-CoV-2 chronic-infection-seq. The

sequences of the antibodies are provided via citations in the Material and Methods, the cells

and plasmids for the neutralization assays are available in BEI Resources and AddGene (see

Materials and Methods for details), and the yeast mutant libraries are available to academic

researchers upon request with a completed Materials Transfer Agreement.

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs
https://github.com/jbloomlab/SARS-CoV-2_chronic-infection-seq
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Antibodies

Publicly available antibody variable domain sequences were acquired for REGN10933, REGN-

10987, and LY-CoV016 (also known as JS016, LY3832479, or CB6). Specifically, REGN10933

and REGN10987 variable domain sequences were reported by Hansen et al. [129] in sup-

plemental Data S1. LY-CoV016 (CB6) sequence was reported by Shi et al. [271], Genbank

Accessions MT470196 and MT470197.

Recombinant antibodies were cloned and produced by Genscript. Specifically, antibody

variable domains were cloned with the human IgG1 heavy chain and human IgK (REGN10933

and LY-CoV016) or human IgL2 (REGN10987) constant regions into pcDNA3.4 vector, and

transfected into HD 293F cells maintained at 37°C with 8% CO2 on an orbital shaker.

Cell culture supernatants were collected, and affinity purified over RoboColumn Eshmuno A

0.6mL columns.

Antibody-escape mapping

Antibody selection experiments were performed in biological duplicate using a deep muta-

tional scanning (mutational antigenic profiling) approach [124] using previously described

duplicate mutant RBD libraries within a yeast-surface display vector [280]. These libraries

were generated via a codon tiling PCR mutagenesis approach, which introduced an aver-

age of 2.7 amino acid mutations per library variant. RBD variants were linked to unique

16-nucleotide barcode sequences to facilitate downstream sequencing and bottlenecked to

library sizes of about 100,000 uniquely barcoded variants. The libraries contain virtually

all possible amino-acid mutations to the SARS-CoV-2 RBD, with ¿95% of possible RBD

amino acid mutations present as a single mutation on at least one barcode in the libraries.

We previously used these libraries together with FACS and deep sequencing to measure the

effect of all RBD mutations on yeast-surface expression levels and ACE2 affinity across an

ACE2 titration series [280]. As described in [124], these libraries were sorted to eliminate
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variants that lose ACE2 binding prior to mapping the antibody-escape variants.

Antibody labeling and selection was performed essentially as described in [124]. Specif-

ically, 9 OD aliquots of RBD libraries were thawed and grown overnight at 30°C 275 rpm

in 45mL SD-CAA (6.7 g/L Yeast Nitrogen Base, 5.0 g/L Casamino acids, 1.065 g/L MES,

and 2% w/v dextrose). Libraries were back-diluted to an OD of 0.67 in SG-CAA+0.1% dex-

trose (SD-CAA with 2% w/v galactose and 0.1% w/v dextrose in place of 2% dextrose), and

incubated for 16-18 hours at room temperature with mild agitation to induce RBD surface

expression. For each antibody selection, 20 OD units of induced cells were washed twice with

PBS-BSA (0.2 mg/mL), and incubated in 4mL PBS-BSA with 400 ng/mL antibody (mon-

oclonal REGN10933, REGN10987, LY-CoV016, or REGN10933+REGN10987 pooled at 1:1

w/w ratio at total 400 ng/mL) for 1 h at room temperature with gentle agitation. Labeled

cells were washed with ice-cold PBS-BSA followed by secondary labeling for 1 h at 4°C in 2.5

mL 1:200 PE-conjugated goat anti-human-IgG (Jackson ImmunoResearch 109-115-098) to

label for bound antibody, and 1:100 FITC-conjugated anti-Myc (Immunology Consultants

Lab, CYMC-45F) to label for RBD surface expression. Labeled cells were washed twice with

PBS-BSA and resuspended in 2.5mL PBS. Yeast expressing the unmutated SARS-CoV-2

RBD were prepared in parallel to library samples, labeled at the same 400 ng/mL and 100x

reduced 4 ng/mL antibody concentrations.

Antibody-escape cells were selected via fluorescence-activated cell sorting (FACS) on a

BD FACSAria II. FACS selection gates were drawn to capture 95% of yeast expressing un-

mutated SARS-CoV-2 RBD labeled at 4 ng/mL antibody (100x reduced antibody concentra-

tion relative to library samples, see Figure 4.5B,C). For each library sample, approximately

6-8 million RBD+ cells were processed on the cytometer, with between 5.9e5 and 1.9e6

antibody-escaped cells collected per sample into SD-CAA supplemented with 1% w/v BSA

(see selection percentages in Figure 4.5C). Antibody-escaped cells were grown overnight in

1.5mL SD-CAA + 100 U/mL penicillin + 100 µg/mL streptomycin at 30°C 275 rpm.
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Plasmid samples were prepared from up to 7.5 OD units of overnight cultures of antibody-

escaped cells, and 30 OD units of pre-selection yeast populations (Zymoprep Yeast Plasmid

Miniprep II) per manufacturer instructions, with the addition of a -80°C freeze-thaw step

prior to cell lysis. The 16-nucleotide barcode sequences identifying each RBD variant were

amplified by PCR and prepared for Illumina sequencing exactly as described by Starr et

al. [280]. Barcodes were sequenced via 50 bp single-end reads on an Illumina HiSeq 2500,

targeting at least 3x as many sequencing reads as FACS-selected cells, and pre-sort reference

populations of at least 2.5e7 reads.

Analysis of mutant library deep sequencing and computation of per-mutant escape fractions

Escape fractions were computed as described in [124], with minor modifications as noted

below. Specifically, we used the dms variants package (https://jbloomlab.github.io/

dms variants/, version 0.8.2) to process Illumina sequences into counts of each barcoded

RBD variant in each pre-sort and antibody-escape population using the barcode/RBD look-

up table from [280]. Markdown renderings of these steps in the computational analysis are at

https://github.com/jbloomlab/SARS-CoV-2-RBD MAP clinical Abs/blob/main/resul

ts/summary/aggregate variant counts.md and https://github.com/jbloomlab/SARS-

CoV-2-RBD MAP clinical Abs/blob/main/results/summary/counts to cells ratio.md.

For each antibody selection, we then computed the “escape fraction” for each barcoded

variant using the deep sequencing counts for each variant in the original and antibody-

escape populations and the total fraction of the library that escaped antibody binding via

the formula provided in Greaney et al [124]. These escape fractions represent the estimated

fraction of cells expressing that specific variant that fall in the antibody escape bin, so a

value of 0 means the variant is always bound by antibody and a value of 1 means that it

always escapes antibody binding. Because our escape bin captures cells labeled at 0.01x

the concentration of the library selection, this means that an escape fraction of 1 indicates a

https://jbloomlab.github.io/dms_variants/
https://jbloomlab.github.io/dms_variants/
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/blob/main/results/summary/aggregate_variant_counts.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/blob/main/results/summary/aggregate_variant_counts.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/blob/main/results/summary/counts_to_cells_ratio.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/blob/main/results/summary/counts_to_cells_ratio.md
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mutant that decreases antibody binding by 100x or greater. We then applied a computational

filter to remove variants with low sequencing counts or highly deleterious mutations that

might cause antibody escape simply by leading to poor expression of properly folded RBD

on the yeast cell surface. Specifically, we ignored all variants with pre-selection sequencing

counts that were lower than the counts for the 99th percentile of the stop-codon containing

variants–the logic here being that stop codon variants are largely purged by the earlier

sorts for RBD expressing and ACE2-binding variants and so any residual presence provides

an indication of low-count “noise.” Next, we removed any variants that had poor RBD

expression or ACE2 binding, or contained mutations that individually cause poor RBD

expression and ACE2 binding, the logic being that this would eliminate misfolded or non-

expressing RBDs. Specifically, we removed variants that had (or contained mutations with)

ACE2 binding scores < −2.35 or expression scores < −1, using the variant- and mutation-

level deep mutational scanning scores from Starr et al [280]. Note that these filtering criteria

are slightly more stringent than those used in Greaney et al [124]. The ACE2 binding cutoff

of −2.35 is used to represent the binding of RaTG13 to human ACE2 [280], which possesses

the lowest known affinity capable of mediating cell entry (29). The RBD expression cutoff

of −1 is used to eliminate mutations that have as large an expression deficit as mutations

to core disulfide residues. 2,034 of the 3,819 possible RBD amino acid mutations passed

these filtering steps and were included in our escape maps. A markdown rendering of the

computation of the variant-level escape fractions and the variant filtering is at https:

//github.com/jbloomlab/SARS-CoV-2-RBD MAP clinical Abs/blob/main/results/sum

mary/counts to scores.md.

Because some library variants contain multiple amino acid mutations, we next decon-

volved variant-level escape scores into escape fraction estimates for single mutations us-

ing global epistasis models [220] implemented in the dms variants package, as detailed at

https://jbloomlab.github.io/dms variants/dms variants.globalepistasis.html.

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/blob/main/results/summary/counts_to_scores.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/blob/main/results/summary/counts_to_scores.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/blob/main/results/summary/counts_to_scores.md
https://jbloomlab.github.io/dms_variants/dms_variants.globalepistasis.html
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In this fitting, we excluded variants that contained mutations that were not seen as either sin-

gle mutants or in at least two multiple-mutant variants. We then computed the estimated ef-

fect of each mutation as the impact of that mutation on the “observed phenotype” scale trans-

formation of its “latent phenotype” as computed using the global epistasis models, and ap-

plied a floor of zero and a ceiling of 1 to these escape fractions. All of the above analysis steps

were performed separately for each of the duplicate mutant libraries. We then only retained

mutations that passed all of the above filtering and were measured in both libraries or had at

least two-single mutant variant measurements in one library. The reported scores through-

out the paper are the average across the libraries. Correlations in final single-mutant escape

scores are shown in Figure 4.51D. A markdown rendering of the computation that computes

these mutation-level escape fractions is at https://github.com/jbloomlab/SARS-CoV-2-

RBD MAP clinical Abs/blob/main/results/summary/scores to frac escape.md.

For plotting and analyses that required identifying RBD sites of “strong escape” (e.g.,

choosing which sites to show in logo plots in Fig 4.1A,B or label in Figure 4.4B), we considered

a site to mediate strong escape if the total escape (sum of mutation-level escape fractions) for

that site exceeded the median across sites by > 5-fold, and was at least 5% of the maximum

for any site. A markdown rendering of the identification of these sites of strong escape is at

https://github.com/jbloomlab/SARS-CoV-2-RBD MAP clinical Abs/blob/main/resul

ts/summary/call strong escape sites.md.

Pseudotyped lentiviral particle neutralization assays

We performed neutralization assays by infecting 293T-ACE2 cells with lentiviral particles

carrying the luciferase gene and pseudotyped with the SARS-CoV-2 spike essentially as

described in Crawford et al [67] with the following two modifications: we introduced into the

Wuhan-Hu-1 spike protein sequence a deletion of the final 21 amino acids in the cytoplasmic

tail (which increases viral titers (32)) and the D614G mutation (which further increases

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/blob/main/results/summary/scores_to_frac_escape.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/blob/main/results/summary/scores_to_frac_escape.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/blob/main/results/summary/call_strong_escape_sites.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/blob/main/results/summary/call_strong_escape_sites.md
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viral titers and makes the sequence better match currently circulating viruses [124]). The

spike plasmid used for these experiments, HDM-SARS2-spike-del21-D614G, is available on

AddGene as plasmid #158762 (https://www.addgene.org/158762/). Point mutants

described in this paper were introduced into that plasmid. The 293T-ACE2 cells and the

other lentiviral plasmids are available from BEI Resources at NR-52511,NR-52517, NR-

52518, NR-52519, and NR-52520. Note that as described in Crawford et al [67] the virions

were incubated with antibody for 60 minutes, and then 100 ul of the virus + antibody mix

was added to 50 ul of 293T-ACE2. The antibody concentrations reported in Fig. 4.7 and

used to compute the IC50s are the concentrations in the virus + antibody mix prior to

adding to the target cells.

Deep-sequencing analysis of within-host viral genetic diversity in persistently infected patient

The persistently infected patient and his clinical time course are described in detail in [59].

That paper also describes the Illumina deep sequencing of that patient at nine time points

(days 18, 25, 78, 81, 128, 130, 143, 146, and 152 after the initial positive PCR test). All

sequencing is from nasal swab samples. The deep sequencing data have been deposited on

the Sequence Read Archive under BioProject accession PRJNA681234.

Intra-patient single-nucleotide polymorphisms (SNPs) were identified with an automated

variant-calling pipeline (https://github.com/jbloomlab/SARS-CoV-2 chronic-inf

ection-seq) created with Snakemake [162]. Briefly, paired-end reads were filtered, and

sequencing adaptors were removed with fastp [52]. Reads from SARS-CoV-2 were enriched by

kmer matching to the Wuhan-Hu-1 reference genome (NC 045512.2) using BBDuk (https:

//jgi.doe.gov/data-and-tools/bbtools/bb-tools-user-guide/). Following filtering,

reads were aligned to the Wuhan-Hu-1 reference with BWA-MEM [181]. Variants were

identified by counting the coverage of each base at every position in the reference genome

using a custom Python script. These variants were filtered based on a minimum allele

https://www.addgene.org/158762/
https://github.com/jbloomlab/SARS-CoV-2_chronic-infection-seq
https://github.com/jbloomlab/SARS-CoV-2_chronic-infection-seq
https://jgi.doe.gov/data-and-tools/bbtools/bb-tools-user-guide/
https://jgi.doe.gov/data-and-tools/bbtools/bb-tools-user-guide/
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frequency of > 0.01, a PHRED quality threshold of > 25, and coverage of more than 100

reads. The coverage pattern over the spike gene was plotted by averaging the number of

reads over every base meeting the minimum PHRED score of 25 in 10 bp bins (Fig. 4.8A).

To visualize the change in allele frequencies over time (Fig. 4.2C & 4.8B), we identified

sites in the spike gene with nonsynonymous mutations that rose above 10% frequency at

any sampled time point (note that we ignore any mutations relative to Wuhan-Hu-1 that

are fixed at all time points as these are not intra-host variants). Using this list of high-

confidence polymorphisms, we selected any other nonsynonymous mutations annotated at

those sites, regardless of frequency, to get a full picture of allelic variation in putatively

selected residues. For the analysis of just the RBD mutations between days 143 and 152

(Fig. 4.2C), we excluded any mutations that were either fixed or absent over the timeframe

of interest (T478K, S494P, and N501Y).

To phase the variant alleles in the RBD (Fig. 4.8C) over the last three time points, we used

a custom Python script that counted the co-occurrence of nonsynonymous variants in read-

pairs. To maximize the number of informative reads for each time point, we only required that

reads cover segregating sites in each time point based on analysis of the mutation frequencies

in Fig. 4.2C. In other words, for the day 143 sample, we required reads to cover sites 484,

486, and 489, but not sites 440 or 493. For the day 146 sample, only one haplotype was

possible (N440D/Q493K); thus, its frequency was assumed to be 100%. Finally, for the day

152 sample, we required reads to cover sites 484, 486, 489, and 493, but not site 440. Of these

informative reads, those with SAM flags indicating quality failure or secondary mapping were

excluded. To estimate the frequency of the identified haplotypes, we divided each haplotype’s

count by the total number of unique haplotypes at each time point. Despite the lower number

of supporting reads for each haplotype than for individual variants (527 reads for Day 143;

732 reads for Day 146; 1091 reads for Day 152), each haplotype’s frequencies were consistent

with the frequencies of the individual variants of which they were comprised. Finally, we



127

filtered out any haplotypes present at a frequency of less than 0.01.

Analysis of mutations in circulating human SARS-CoV-2 strains

For the analysis in Fig. 4.3, all 343,236 spike sequences on GISAID [91] as of 11-January-

2021 were downloaded and aligned via mafft [151]. Sequences from non-human origins and

sequences containing gap or ambiguous characters were removed, as were sequences with

extremely high numbers of RBD mutations relative to other sequences, leaving 317,866 re-

tained sequences. All RBD amino-acid mutations were enumerated compared to the reference

Wuhan-Hu-1 SARS-CoV-2 RBD sequence (Genbank MN908947, residues N331-T531). To

explore the prevalence of mutations such as Y453F, N439K, and K417N with finer-scale geo-

graphic resolution, we used the COVID-19 CG resource (covidcg.org) [50]. We acknowledge

all contributors to the GISAID EpiCoV database for their sharing of sequence data (all con-

tributors listed at: https://github.com/jbloomlab/SARS-CoV-2-RBD MAP clinical Abs

/blob/main/data/gisaid hcov-19 acknowledgement table 2021 01 11.pdf).

Data visualization

The static logo plots in the paper were created using dmslogo (https://jbloomlab.gith

ub.io/dmslogo/) version 0.5.0. Coloring of mutations by prior deep mutational scanning

measurements of yeast-displayed RBD ACE2 affinity and RBD expression used the data

from [280].

The interactive visualizations of the escape maps and their projections on the RBD-

antibody structures available at https://jbloomlab.github.io/SARS-CoV-2-RBD MAP c

linical Abs/ were created using dms-view (https://dms-view.github.io/docs/) [137].

The static structural views in the paper were rendered in PyMOL using antibody-bound

RBD structures PDB 6XDG [129] and PDB 7C01 [271]. The E406W mutation was modelled

into the 6XDG PDB using PyMOL without further structural modification. Structural

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/blob/main/data/gisaid_hcov-19_acknowledgement_table_2021_01_11.pdf
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/blob/main/data/gisaid_hcov-19_acknowledgement_table_2021_01_11.pdf
https://jbloomlab.github.io/dmslogo/
https://jbloomlab.github.io/dmslogo/
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_clinical_Abs/
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_clinical_Abs/
https://dms-view.github.io/docs/
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distances were computed using the bio3d package in R [119].
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4.7 Supplemental Figures
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Figure 4.5: Deep mutational scanning method to map antibody-escape mutations.
(A) Experimental approach to map antibody-escape mutations [124]. SARS-CoV-2 RBD
is expressed on the yeast cell surface [280], where fluorescent labeling detects RBD surface
expression and antibody binding. A library of the SARS-CoV-2 RBD variants, previously
sorted to purge non-functional variants [124], is labeled with antibody. Individual yeast cells
expressing antibody-escape RBD variants are isolated via fluorescence-activated cell sorting
(FACS). Deep sequencing quantifies variant frequencies before and after FACS, enabling the
calculation of an “escape fraction” for each RBD mutation, which describes the fraction of
cells containing a mutation that fall into the antibody-escape FACS bin. Escape fractions
are illustrated in logo plots, where the height of a letter indicates the escape fraction for an
individual mutation, and the sum of letter heights at a position indicates the total escape at a
site. (B) Representative FACS gates used to select single yeast cells (nested SSC/FSC, SSC-
W/SSC-H, and FSC-W/FSC-H gates) that express RBD on the cell surface (FITC/FSC).
(C) Among RBD+ cells, antibody-escape bins were drawn on antibody-binding versus RBD
expression scatterplots, with gate stringency determined from unmutated RBD controls.
Antibody-escape sort gates were drawn to capture approximately 95% of cells expressing
unmutated SARS-CoV-2 RBD when labeled at 0.01x the concentration of antibody used
to label mutant libraries, such that an escape fraction of 1 indicates a 100-fold or greater
decrease in antibody binding. The percentage of cells that fall in the antibody-escape bin
in controls and independent library replicates are shown. (D) Correlations in deep muta-
tional scanning scores between independent library duplicates. For each antibody, the escape
fraction of individual mutations (top) and total escape per site (bottom) is shown for two
independently generated and assayed mutant libraries. R, Pearson correlation coefficient. N,
number of mutations or sites. Virtually all of the 3,819 possible RBD mutations are present
in our libraries, but mutations that completely disrupt folding or binding are purged prior
to antibody selections (see Methods).
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Figure 4.6: Complete escape maps colored by effects of mutations on RBD expres-
sion in the context of yeast surface display. (A) (A,B) The escape maps shown here
are identical to those in Fig. 4.1A,B except that the letters are colored by how mutations
affect RBD expression as measured in prior deep mutational scanning using a yeast display
system [280], rather than by how they affect the RBD’s affinity for ACE2. (C,D) To contex-
tualize the range of ACE2 binding and RBD expression values shown by the color scales in
the logo plots in panels (A) and (B) of this figure and Fig. 4.1A,B, we plot the distribution of
mutational effects on these properties among all possible amino-acid mutations, and among
all mutations observed at least 1, 10, or 25 times among sequences deposited in GISAID as
of January 11th, 2021. The dotted gray horizontal lines illustrate the computational filters
used to eliminate poorly folded or functional mutants (ACE2 binding < −2.35 and RBD ex-
pression < −1, see Methods for details) for the current study. The plots show that virtually
all mutations observed among circulating isolated pass the computational filters, especially
if we require 10 or more observations. Of note, the three high-count mutations with the
largest ACE2-binding deficits are all antibody-escape mutations mapped in this study.
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Figure 4.7: Pseudovirus neutralization curves validating the escape mutant map-
ping. (A-E) Neutralization of spike mutants against the indicated antibody or antibody
cocktail in the context of spike-pseudotyped lentiviral particles. Each panel represents a
different batch of neutralization assays performed on a different day. The antibody con-
centrations shown on the x-axis are the concentration of antibody at which the virus was
incubated for 60 minutes prior to being added to target cells (see Methods for details). We
determined IC50s by fitting two-parameter Hill curves (with baselines fixed to 1 and 0) using
the neutcurve package (https://jbloomlab.github.io/neutcurve/, version 0.5.2). See
https://github.com/jbloomlab/SARS-CoV-2-RBD MAP clinical Abs/tree/main/exptl

neut data for the raw data and code used for the fitting. The fold changes in IC50 plotted
in Figure 4.1C are the IC50 for the mutant divided by the IC50 for the wildtype (WT)
measured on the same day. The numerical values for the IC50s plotted here are available at
https://github.com/jbloomlab/SARS-CoV-2-RBD MAP clinical Abs/blob/main/exptl

neut data/ic50s.csv. (F) Titers of spike pseudotyped lentiviral particles produced with
the indicated mutation. The titers are determined by luciferase luminescence after infection
of the 293T-ACE2 target cells, and are normalized so that the wildtype spike has a value of
one. All titers were measured at least in duplicate (hence the two or more points). C432D is
a negative control as it mutates a key cysteine essential for RBD folding; no-spike is another
negative control that involves producing pseudotyped lentiviral particles without adding any
spike protein expression plasmid.

https://jbloomlab.github.io/neutcurve/
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/tree/main/exptl_neut_data
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/tree/main/exptl_neut_data
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/blob/main/exptl_neut_data/ic50s.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_clinical_Abs/blob/main/exptl_neut_data/ic50s.csv
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Figure 4.8: Spike mutations in a persistently infected patient treated with REGN-
COV2 as determined by Illumina deep sequencing. (A) Coverage at each site in spike
for each time point, calculated as the average number of aligned reads with a Q-score ≥ 25
in 10 bp bins. The x-axis shows the nt position in the genome coordinates of Wuhan-Hu-1
(NC 045512.2). The bars underneath show spike and its RBD domain. Coverage > 500
is clipped on the y-axis. (B) Dynamics of amino-acid mutations in spike across all time
points. Yellow vertical lines on the x-axis indicate sampling times, and the dashed black
line indicates administration of REGN-COV2 (145 days). Fig. 4.1C is a subset of this plot
that just shows RBD mutations in the time point immediately before and then after REGN-
COV2 administration; those mutations are indicated in blue while all others are in orange.
None of the RBD mutations that fixed prior to the administration of REGN-COV2 (T478K,
S494P, N501Y) impact binding by either of the REGN antibodies according to our maps,
although combined mutations could have synergistic effects beyond what we measure in our
single-mutant escape maps. However, note that the patient did mount a weak autologous
neutralizing antibody response that was detectable by day 31 (16). Therefore, it is possible
that both these fixed RBD mutations and the ones that were present at lower frequencies
prior to REGN-COV2 treatment could have been selected in part by pressure from the
patient’s own immune response. However, we do not have access to data on the specificity of
the patients’ serum neutralizing antibodies. (C) Frequencies of different haplotypes in the
RBD at the last three time points suggest competition among viral lineages. Note that it is
possible that rare haplotypes (such as F468I / E484A / Q493K haplotype) represent library
preparation artifacts that arise due to PCR strand exchange between molecules from more
common haplotypes (e.g., F486I / E484A haplotype and Q493K haplotype).
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Figure 4.9: Maps of single-nucleotide accessible escape mutations from
REGN10933 and REGN10987 colored by how mutations affect the RBD’s affinity
for ACE2 or expression of folded protein. (A-B) These plots show the same mutations
as in Figure 4.2B (only those accessible by single-nucleotide changes to Wuhan-Hu-1), but
colored according to the schemes in Fig 4.1A and Fig 4.6.
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Chapter 5

COMPREHENSIVE MAPPING OF MUTATIONS TO THE
SARS-COV-2 RECEPTOR-BINDING DOMAIN THAT
AFFECT RECOGNITION BY POLYCLONAL HUMAN

PLASMA ANTIBODIES

A version of this chapter has been previously published as:

Greaney AJ, Loes AN, Crawford KHD, Starr TN, Malone KD, Chu HY, Bloom JD.

Comprehensive mapping of mutations in the SARS-CoV-2 receptor-binding domain that

affect recognition by polyclonal human plasma antibodies. Cell Host Microbe. 2021 Mar

10;29(3):463-476.e6. doi: 10.1016/j.chom.2021.02.003. Epub 2021 Feb 8. PMID:

33592168; PMCID: PMC7869748.

5.1 Abstract

The evolution of SARS-CoV-2 could impair recognition of the virus by human antibody-

mediated immunity. To facilitate prospective surveillance for such evolution, we map how

convalescent plasma antibodies are impacted by all mutations to the spike’s receptor-binding

domain (RBD), the main target of plasma neutralizing activity. Binding by polyclonal

plasma antibodies is affected by mutations in three main epitopes in the RBD, but there

is substantial variation in the impact of mutations both among individuals and within the

same individual over time. Despite this inter- and intra-person heterogeneity, the mutations

that most reduce antibody binding usually occur at just a few sites in the RBD’s receptor

binding motif. The most important site is E484, where neutralization by some plasma is

10.1016/j.chom.2021.02.003
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reduced >10-fold by several mutations, including one in the emerging 20H/501Y.V2 and

20J/501Y.V3 SARS-CoV-2 lineages. Going forward, these plasma escape maps can inform

surveillance of SARS-CoV-2 evolution.

5.2 Introduction

Neutralizing antibodies against the SARS-CoV-2 spike are associated with protection against

infection in both humans [6, 195] and animals [7, 304, 356]. However, other human coron-

aviruses undergo antigenic evolution that erodes neutralizing antibody immunity [89]. This

antigenic evolution is driven by positive selection for mutations in the viral spike, partic-

ularly in regions involved in receptor binding [158, 327]. To monitor for similar antigenic

evolution of SARS-CoV-2, it is important to determine which viral mutations impact human

polyclonal antibody immunity.

A multitude of recent studies have identified viral mutations that escape monoclonal

antibodies targeting the SARS-CoV-2 spike [19, 124, 278, 320, 182, 189]. However, it remains

unclear how mutations that escape specific monoclonal antibodies will affect the polyclonal

antibody response elicited by infection. Several recent studies have identified viral mutations

that impact neutralization by polyclonal human plasma or sera. So far, these studies have

relied on either selecting viral escape mutants with reduced neutralization sensitivity [11,

320], or characterizing the antigenic effects of specific mutations such as those observed in

circulating viral isolates [182, 287, 207, 189, 324, 315]. This work has shown that single

mutations to the spike’s receptor-binding domain (RBD) or N-terminal domain (NTD) can

appreciably reduce viral neutralization by polyclonal plasma, sometimes by as much as 10-

fold. However, these studies characterize an incomplete subset of all possible mutations, and

thus do not completely describe the effects of viral mutations on recognition by polyclonal

antibodies.

Here we comprehensively map how all amino-acid mutations to the SARS-CoV-2 spike
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RBD affect binding by the antibodies in plasma collected from convalescent individuals ˜1 to

˜3 months post-symptom onset. We focus on the RBD because prior studies have reported

that RBD-binding antibodies contribute the majority of the neutralizing activity of most

human plasma [229, 282], a result we confirm. Our complete maps of how mutations impact

plasma antibody binding identify three major epitopes in the RBD. However, antibody

binding from different individuals is impacted differently by mutations in these epitopes,

and sometimes the impacts of mutations also change over time for longitudinal samples

from the same individual. Some mutations that reduce antibody binding also reduce viral

neutralization by >10-fold. The site where mutations tend to have the largest effect on

binding and neutralization is E484, which unfortunately is a site where mutations are present

in several emerging SARS-CoV-2 lineages [285, 302]. However, some plasma are more affected

by mutations at other sites, while others are largely unaffected by any single mutation.

Overall, these systematic maps of how mutations to the SARS-CoV-2 RBD affect recognition

by human antibody immunity can inform surveillance of ongoing viral evolution.

5.3 Results

5.3.1 RBD antibodies dominate the neutralizing activity of most convalescent plasmas

We characterized 35 plasma samples longitudinally collected from 17 different SARS-CoV-

2-infected individuals between 15 and 152 days post-symptom onset (5.7A). Prior work has

shown that these samples all have RBD-binding antibodies and neutralizing activity, with a

median neutralization titer 50% (NT50) of ˜250 (range of 34 to >10,000) against lentiviral

particles pseudotyped with the D614 variant of the SARS-CoV-2 spike. For most of the 17

individuals, both the RBD binding and the neutralizing activity decreased moderately from

one to four months post-infection [66] (see https://github.com/jbloomlab/SARS-CoV-2-

RBD MAP HAARVI sera/blob/main/supplementary tables/TableS1.csv). We previously

characterized binding of the IgG, IgA, and IgM antibody isotypes to RBD for all the plasma

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS1.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS1.csv
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samples [66], and those data are re-plotted in 5.7B.

Several recent studies have reported that RBD-binding antibodies contribute the major-

ity of the neutralizing activity in most convalescent human plasma [229, 282]. To confirm the

importance of anti-RBD antibodies for the samples in our study, we used RBD-conjugated

beads to deplete RBD-binding antibodies, and compared the neutralizing activity pre- and

post-depletion. First, we validated that these depletions effectively removed RBD-directed

but not other anti-spike antibodies. To do this, we created “synthetic” sera by combin-

ing non-neutralizing pre-pandemic sera with either an RBD-binding or N-terminal domain

(NTD)-binding monoclonal antibody. As expected, RBD antibody depletion completely

eliminated binding of the anti-RBD synthetic sera to both RBD and spike, but did not

reduce the spike binding activity of the anti-NTD synthetic sera (5.7C).

We then validated that the depletion removed all RBD-binding antibodies from the con-

valescent human plasma, and examined how depletion of RBD-binding antibodies affected

total plasma binding to the spike ectodomain (Figures 5.1A, 5.7D). To do this, we performed

ELISAs for binding to the RBD and spike for each sample both pre- and post-depletion, us-

ing an anti-IgG secondary antibody. The depletion removed essentially all RBD-binding IgG

antibodies but only modestly decreased the amount of IgG that bound to spike (Figures

5.1A, 5.7D). This result suggests that RBD-binding antibodies comprise a relatively mod-

est proportion of all spike-binding IgG plasma antibodies in naturally infected individuals,

consistent with studies reporting that less than half of spike-reactive B cells and monoclonal

antibodies bind to RBD [33, 142, 267, 303].

We next measured how depletion of RBD-binding antibodies affected neutralization of

lentiviral particles pseudotyped with the now-predominant G614 variant of the SARS-CoV-2

spike, and found that RBD-binding antibodies usually dominated the neutralizing activity

5.1B, 5.7C, https://github.com/jbloomlab/SARS-CoV-2-RBD MAP HAARVI sera/blob

/main/supplementary tables/TableS1.csv.Specifically, the majority of the neutralizing

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS1.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS1.csv
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activity was due to RBD-binding antibodies in nearly all samples (33 of 35 tested), and >90%

of neutralizing activity was due to RBD-binding antibodies in over a third of the samples

(13 of 35 tested) (5.1B, 5.7E).

Notably, RBD-binding antibodies dominated the plasma neutralizing activity both at

early (30 day) and late (100 day) time points post-symptom onset. For many individuals,

the contribution of RBD-binding antibodies to plasma neutralizing activity increased over

time, although this was not always the case (5.1B,5.7F). For instance, the contribution of

RBD-binding antibodies to neutralization increased over time for subjects E and J, but

not subjects L or M. The strong contribution of RBD-binding antibodies to plasma neu-

tralization demonstrates that mapping mutations that escape these antibodies is crucial for

understanding the potential for SARS-CoV-2 antigenic evolution.

5.3.2 Complete mapping of RBD mutations that reduce binding by plasma collected 1 month

post-symptom onset

To completely map RBD mutations that reduce binding by polyclonal plasma antibodies,

we extended a deep-mutational scanning method previously developed to identify mutations

that escape binding by monoclonal antibodies [124]. Briefly, we used libraries of yeast that

each expressed a different RBD variant on their surface. The library covered nearly all

possible single amino-acid mutations to the RBD [280]. We incubated these yeast libraries

with polyclonal human plasma, and used fluorescence-activated cell sorting (FACS) with an

IgG/IgA/IgM secondary antibody to enrich for yeast expressing RBD mutants that bound

appreciably less plasma antibodies than unmutagenized RBD (Figure 5.8A–C). We then used

deep sequencing to measure the frequency of each RBD mutation in the initial population

and the antibody-escape FACS bin. We quantified the effect of each RBD mutation on

plasma antibody binding as that mutation’s “escape fraction,” which is the fraction of all

yeast cells expressing RBD with that mutation that fall into the FACS escape bin. These
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Figure 5.1: RBD-binding antibodies are responsible for most of the neutralizing
activity of human polyclonal plasma. (A) Change in binding of plasma to RBD and
spike before and after depletion of RBD antibodies, measured by ELISA area under the
curve (AUC). The dashed orange line is binding of pre-pandemic pooled sera collected in
2017-2018. Raw ELISA binding curves in Figure 5.7A. (B) Neutralization titer 50% (NT50)
of human plasma before and after depletion of RBD-binding antibodies. Legend is at left:
filled and open circles are pre- and post-depletion samples, respectively, connected by a line.
Orange indicates plasma for which we subsequently mapped mutations that reduce binding.
The numbers at right indicate the percent of all neutralizing activity attributable to RBD-
binding antibodies. Plasma are sorted in descending order of percent of neutralization due
to RBD-binding antibodies, first by subject and then within subject. The dashed blue line
is the limit of detection (NT50 of 20). Points on this line have an NT50 ≤ 20, so the percent
of neutralization due to RBD-binding antibodies may be an underestimate for these plasma.
See Figure 5.71 and https://github.com/jbloomlab/SARS-CoV-2-RBD MAP HAARVI ser

a/blob/main/supplementary tables/TableS1.csv for additional data including sample
metadata, full ELISA and neutralization curves, and numerical values plotted here.

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS1.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS1.csv
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escape fractions range from 0 (no effect on plasma antibody binding) to 1 (all cells with

this mutation are in the antibody-escape bin) (Figure 5.8A–C) [124, 278]. All mapping

experiments were performed in biological duplicate using independently constructed RBD

mutant libraries; the replicates were highly correlated (Figure 5.8D,E), and we report the

average measurements across the two libraries throughout.

We began by mapping mutations that reduced binding by plasma antibodies in samples

collected from 11 individuals at approximately 30 days post-symptom onset (range 15–61

days). These samples had neutralizing titers against lentiviral particles pseudotyped with

the G614 variant of the SARS-CoV-2 spike that ranged from 140 to 30,000, with the extent

of neutralization attributable to RBD-targeting antibodies ranging from 63% to 99% (first

time point for subjects shown in orange in Figure 5.1B). We quantified each RBD mutation’s

escape fraction and visualized the results using “escape maps,” which are logo plots where

the height of each letter is proportional to that mutation’s escape fraction (Figure 5.2A,

5.8A). Interactive versions of these escape maps are at https://jbloomlab.github.io/SA

RS-CoV-2-RBD MAP HAARVI sera. The total height of the letter stacks for each site represent

the sum of the escape fractions for all mutations at that site, and so can range from 0 (no

effect of any mutation) to 19 (all mutations at the site have an escape fraction of 1).

Although the effects of mutations on plasma antibody binding varied widely across indi-

viduals, the escape maps revealed several common patterns. Mutations that strongly reduced

binding fell in one of three discrete regions of the RBD: the receptor-binding ridge within

the receptor-binding motif (RBM), a loop in the RBM opposite the ridge (spanning sites

443–450, and the structurally adjacent sites at 494–501), or a surface patch in the core RBD

(Figure 5.2B). The receptor-binding ridge and 443–450 loop are also targeted by many po-

tently neutralizing antibodies, including the two antibodies in the REGN-COV2 cocktail

[124, 129, 278]. The core RBD epitope is targeted by monoclonal antibodies that tend to

be less potently neutralizing but more broadly cross-reactive to SARS-like coronaviruses

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_HAARVI_sera
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_HAARVI_sera
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Figure 5.2: Complete maps of RBD mutations that reduce binding by polyclonal
plasma antibodies from 11 individuals. (A) The line plots at left indicate the total
effect of all mutations at each site in the RBD on plasma antibody binding, with larger
values indicating a greater reduction in antibody binding. The logo plots at right zoom
in on individual mutations at key sites (indicated by purple highlighting on the x-axis of
the line plots). In these logo plots, the height of each letter is that mutation’s escape
fraction, so larger letters indicate mutations that cause a greater reduction in antibody
binding. Escape fractions are comparable across sites within a sample, but not necessarily
between samples due to the use of sample-specific FACS gates—therefore, for each plasma,
the y-axis is scaled independently (see Methods). Sites in the logo plots are colored by
RBD epitope. (B) For coloring of the logo plots, we designated three RBD epitopes based
on the structural locations where mutations had large effects on plasma antibody binding.
The images show the structure of the RBD bound to ACE2 (PDB 6M0J, [172]) in several
representations. The receptor-binding-ridge epitope is dark blue, the epitope containing
the 443–450 loop is cyan, the core-RBD epitope is orange, the rest of the RBD is gray,
and ACE2 is purple. For the cartoon rendering in the top structure, alpha carbons for
sites of strong binding-escape for any of the 11 plasmas (i.e., all sites shown in the logo
plots) are represented as spheres. Interactive versions of these escape maps are available at
https://jbloomlab.github.io/SARS-CoV-2-RBD MAP HAARVI sera/.

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_HAARVI_sera/


147



148

[16, 229, 347, 356]. In particular, binding by all 11 samples was reduced by mutations at site

F456, and binding by most samples (9 of 11) was reduced by mutations at site E484 (Figure

5.2A). Both of these sites are within the receptor-binding ridge epitope. Notably, E484 is a

site at which mutations have recently been demonstrated to reduce neutralization by both

monoclonal antibodies and human sera or plasma [11, 124, 278, 320, 315].

We grouped the samples into several classes based on which mutations most strongly

reduced plasma antibody binding (Figure 5.3 and the interactive visualizations at https:

//jbloomlab.github.io/SARS-CoV-2-RBD MAP HAARVI sera/; sera were grouped manually

based on qualitative examination of escape profiles). Binding by 6 of the 11 samples was

reduced primarily by mutations in the receptor-binding ridge. For instance, binding by

plasma antibodies from subject B (day 26) was most strongly affected by mutations at

sites F456 and E484 (Figure 5.2, 5.3A). Binding by three samples was strongly reduced by

mutations across a broader swath of the RBM, including the 443–450 loop (Figure 5.3B). An

example is subject G (day 18), which was strongly affected by mutations at sites 443–450 in

addition to F456 and E484. Binding by two samples was most affected by mutations in the

core RBD epitope (Figure 5.3C). The sites where mutations reduced binding by these core-

RBD targeting plasma clustered around the lipid-binding pocket in the RBD, where binding

of free fatty acids may contribute to locking spike into a “closed” conformation [39, 291].

Notably, for the sample from subject K (day 29), no single RBD mutation had more than a

small effect on plasma antibody binding (Figures 5.2, 5.3D).

There are some regions of the RBD where mutations did not strongly affect plasma

antibody binding for any sample in our panel. These regions include the sites near the 343

glycan that are targeted by the SARS-CoV-1 cross-reactive antibody S309 [230], and the

region near residue E465 on the “lateral” side of the RBD, which to our knowledge is not an

epitope for any known neutralizing antibodies (Figure 5.3E) [16, 124, 229, 280]. Antibodies

targeting these two regions may be rare, have low binding avidity in the context of polyclonal

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_HAARVI_sera/
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_HAARVI_sera/
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plasma, or be subdominant relative to other RBD epitopes [17, 229, 320].

5.3.3 How mutations affect plasma antibody binding can shift over time in the same indi-

vidual

Next, we examined how the RBD mutations that affect plasma antibody binding change

over time as an individual’s immune response matures. We speculated that such changes

might occur because other studies have shown that anti-SARS-CoV-2 antibodies become

more somatically hypermutated and less clonal in the months following recovery from in-

fection [106, 218, 253]. Moreover, we reasoned that mapping mutations that affect plasma

antibody binding several months after infection would be relevant for determining which vi-

ral mutations might alter the effectiveness of immunity if these individuals were re-exposed

to a distinct SARS-CoV-2 variant in the future. We performed escape mapping for sam-

ples collected at later time points (76–152 days post-symptom onset) from all 11 individ-

uals for whom we had characterized plasma antibody binding at the 1 month time point.

For some but not all individuals there were substantive changes over time in how bind-

ing was affected by RBD mutations (Figures 5.4, 5.9, 5.10 and interactive visualizations at

https://jbloomlab.github.io/SARS-CoV-2-RBD MAP HAARVI sera) [137].

Specifically, for over half of the 11 individuals there was relatively little change in which

RBD mutations affected plasma antibody binding 5.4A, 5.9, 5.10. For two individuals,

antibody binding became strikingly more broad and less affected by any single RBD mutation

(5.4B, 5.9, 5.10). For one individual, mutations in the 443–450 loop had a much larger effect

on binding by plasma antibodies from the later time compared to the earlier time (5.4C,

5.9, 5.10). Finally, for one individual, there was a strong narrowing of the response, with

no single RBD mutation having a large effect on binding by plasma from the early time

point, but mutations at F456 and to a lesser extent E484 having large effects at the later

time point (5.4D, 5.9, 5.10). In summary, while the specificity of plasma antibody binding is

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_HAARVI_sera
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Figure 5.3: Regions of the RBD where mutations strongly reduced binding by the
antibodies in plasmas collected from 11 individuals. The total effect of mutations at
each site (sum of escape fractions) are projected onto the structure of the RBD (PDB 6M0J),
with white indicating no effect of mutations at that site and red indicating a large reduction
in antibody binding. Two views of the RBD are shown: the surface of the RBD that is buried
in the “down” conformation, and the surface that is always exposed and accessible [306, 332].
(A) For some individuals (typified by subject B), antibody binding is predominantly reduced
by mutations in the receptor-binding ridge, particularly at sites F456 and E484. (B) For
some individuals (typified by subject G), antibody binding is strongly reduced by mutations
in the 443–450 loop of the RBM in addition to the receptor-binding ridge. (C) For a few
individuals (typified by subject J), antibody binding is affected by mutations in the core RBD
epitope around site P384. (D) Samples from the other eight individuals fall in one of the three
classes detailed in panels (A) to (C). For panels (A) to (D), the white-to-red coloring scale is
set to span the same range as the y-axis limits for that plasma in Figure 5.2. (E) Mutations
in two major surface regions (the S309 epitope and the sites near E465) do not strongly
affect plasma antibody binding for any of the subjects. Shown is a surface representation of
the RBD, with the 3 polyclonal plasma epitopes colored as in Figure 5.2. The S309 epitope
and region near E465 (“E465 patch”) are shown in pink and maroon. ACE2 is shown in a
dark gray cartoon representation. Interactive versions of these structural visualizations are
available at https://jbloomlab.github.io/SARS-CoV-2-RBD MAP HAARVI sera/.

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_HAARVI_sera/
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often maintained over time, in some individuals the specificity broadens to become relatively

unaffected by any single RBD mutation, while in other individuals the specificity narrows so

that single mutations have a greater impact.

However, there was no clear relationship between changes in the fine specificity of anti-

body binding and overall plasma neutralizing activity. For instance, subject B and subject

C maintained similar binding specificities over time (Figure 5.4A), even though the neutral-

ization titers of both subjects’ plasma decreased (Figure 5.1B). Similarly, subject D showed

major changes in binding specificity over time (Figure 5.4B), although this change in speci-

ficity was not accompanied by a substantial change in overall plasma neutralization titer.

5.3.4 For some plasma, RBD mutations that reduce antibody binding strongly reduce neu-

tralization

To determine how mutations that reduced plasma antibody binding to the RBD affected

viral neutralization, we characterized a subset of mutations in neutralization assays with

spike-pseudotyped lentiviral particles. For these assays, we chose mutations that our map-

ping showed had substantial effects on plasma antibody binding by samples from multiple

individuals, and prioritized mutations present in circulating isolates of SARS-CoV-2.

In many cases, single mutations that were mapped to strongly reduce plasma antibody

binding also greatly reduced viral neutralization. The effect of mutations at site E484 were

particularly striking (Figure 5.5A,B). For several plasma, the neutralization titer dropped

by over an order of magnitude against viruses pseudotyped with spikes with E484 mutated

to K, Q, or P. For instance, these three mutations to E484 caused 35- to 115-fold decreases

in the neutralization titer of the plasma collected from subject C (day 32) (Figure 5.5A,D).

As another example, both E484K and E484Q reduced neutralization by the plasma from

subject B (day 26) by 10-fold, the same reduction achieved by depleting the plasma of all

RBD-binding antibodies (Figure 5.5A,D).
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Figure 5.4: The RBD mutations that affect plasma antibody binding change over
time for some individuals. Escape maps, colored as in Figure 5.2, demonstrating temporal
patterns: (A) no change over time, (B) broadening over time, (C) increasing prominence
of one antigenic region, the 443–450 loop, or (D) narrowing over time. This figure shows
the escape maps over time for 6 of the 11 individuals to illustrate representative trends; see
Figure 5.9 for escape maps for all individuals at all time points. Figure 5.10 shows the effects
of mutations at each site projected onto the RBD structure. Different sets of sites are shown
in the logo plots in panels A and C, and in panels B and D. Sites highlighted in the logo plots
are indicated in purple on the x-axes of the associated line plots. The y-axis limits were set
as in Figure 5.2A (see Methods). Interactive versions of these visualizations are available at
https://jbloomlab.github.io/SARS-CoV-2-RBD MAP HAARVI sera/.

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_HAARVI_sera/
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While mutations at E484 generally caused the largest drops in neutralization, other mu-

tations mapped to decrease antibody binding for specific plasma also affected neutralization.

A dramatic example was G446V, which caused a 30-fold decrease in the neutralization titer

of subject G (day 18) (Figure 5.5B,D). Mutations G485R and S494P also caused lesser but

still appreciable (3 to 5-fold) decreases in neutralization titer for a few plasma (Figure 5.5B).

However, no single mutation completely abrogated neutralization for any of the plasma sam-

ples (Figure 5.11C).

In general, there was good concordance between the mapping of how mutations affected

plasma antibody binding and their impact on viral neutralization. This concordance can be

seen in Figure 5.5A-C, where the violin plots show the distributions of the effects of mutations

on plasma antibody binding across all sites. The sites in the upper tails of these violin plots

are ones where mutations had large effects on binding, and mutations to such sites usually

reduced neutralization. The one major exception was site F456, where mutations often

caused large reductions in binding to yeast-displayed RBD but never appreciably affected

neutralization (Figure 5.2A, 5.5A-C). This discrepancy is not because antibodies targeting

this region are inherently non-neutralizing or unaffected by mutations at site 456, as F456A

and F456K disrupt neutralization by two monoclonal antibodies with epitopes that include

F456 [124, 271, 278, 356] (Figure 5.11B). Rather, we hypothesize that the discrepancy is

because we mapped how mutations affected binding using isolated RBD, but in the native

viral context of full spike, RBD can be positioned in either a “down” or “up” conformation

[306, 332]. All sites where mutations that reduced binding also affected neutralization are

accessible in both conformations, but F456 is only accessible in the “up” conformation.

Because the RBD is usually in the “down” conformation [36, 152, 306], we speculate that sites

accessible only in the “up” conformation may be subdominant in the context of polyclonal

plasma neutralization of full spike even if they are dominant when assaying binding to isolated

yeast-displayed RBD.
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Figure 5.5: Mutations mapped to reduce plasma antibody binding often reduce
viral neutralization. (A–C) Violin plots at left show the distribution of how mutations
at all sites in the RBD affect plasma binding in the mapping experiments. The plots at right
then show the effects of tested mutations on neutralization (the fold-change in neutralization
inhibitory concentration 50% (IC50)). For instance, the top row in (A) shows that mutations
at E484 and F456 are mapped to reduce plasma antibody binding for subject C at both
day 32 and day 104, and that multiple different mutations at E484 but not F456 greatly
reduced plasma neutralization (e.g., a greater than 100-fold increase in IC50 for E484K for
the day 32 plasma). Sites that are accessible in the down conformation of the RBD in the
context of full spike are indicated by red circles (e.g., E484), and sites that are inaccessible
in the RBD’s down conformation are indicated by blue triangles, (e.g., F456). In the plots
showing the fold-change in IC50s, the dashed gray line indicates a value of one (no change in
neutralization), and the dotted orange line indicates the change in inhibitory concentration if
all RBD-binding antibodies are removed (see Figure 5.1B). (D) Full neutralization curves for
a subset of plasma and viral mutants demonstrating how E484Q, E484K, G446V, and G485R
substantially reduce viral neutralization for some plasma. For all neutralization curves used
to determine changes in neutralization plotted in (A–C), see Figure 5.11. The y-axis limits
in the violin plots are set as the maximum of the y-axis limit for all time points of a subject
in the escape maps in Figure 5.2A and 5.9. Numerical IC50 values and fold-change IC50
relative to wildtype are listed at https://github.com/jbloomlab/SARS-CoV-2-RBD MAP H

AARVI sera/blob/main/experimental validations/results/mutant neuts results/m

utants foldchange ic50.csv.

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/experimental_validations/results/mutant_neuts_results/mutants_foldchange_ic50.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/experimental_validations/results/mutant_neuts_results/mutants_foldchange_ic50.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/experimental_validations/results/mutant_neuts_results/mutants_foldchange_ic50.csv
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The neutralization assays also validated one of the most notable findings from the map-

ping: that the antigenic effects of mutations varied markedly across samples from different

individuals. For several samples, the maps of binding escape were relatively “flat” with no

mutations having large effects, and for these samples no tested mutations substantially af-

fected neutralization (Figure 5.5C). Additionally, sometimes the effects of mutations changed

over time for the same individual. Such a temporal change was especially notable for sub-

ject G: mapping of the day 18 sample showed a strong effect of mutations centered around

G446, but by day 94 the escape map had flattened (Figure 5.4B). Concordant with the maps,

G446V greatly decreased neutralization by subject G’s day 18 plasma, but had only a modest

effect on the day 94 plasma, even when combined with mutations at several other key sites

(Figure 5.5B,D). These facts highlight how the antigenic effects of mutations vary across

people and time, and suggest that some plasma are more resistant than others to erosion by

viral evolution.

5.3.5 RBD mutations that reduce plasma binding and neutralization in circulating SARS-

CoV-2 isolates

To determine the extent that mutations we mapped to affect plasma binding are present

among circulating SARS-CoV-2 isolates, we determined the frequency of mutations at each

RBD site among all SARS-CoV-sequences in GISAID as of Dec-23-2020 [91]. We then

compared these frequencies to the effects of mutations at each site on plasma antibody

binding, averaged across all samples (Figure 5.6A).

The most concerning site of mutations is E484 (Figure 5.6A). E484 is the site where

mutations tend to have the largest effect on plasma antibody binding to the RBD, and

our neutralization assays (Figure 5.6A,D) and similar experiments by others [11, 189, 320]

show that mutations to site E484 reduce the neutralization potency of some human plasma

by > 10-fold, although other plasma are unaffected by mutations at this site. Over 0.1%
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of all sequenced isolates have mutations at this site. Of note, E484K is present in the

20H/501Y.V2 viral lineage (also known as B.1.351, originally identified in South Africa) and

the 20J/501Y.V3 viral lineage (also known as P.1, originally identified in Brazil) [94, 285,

302]; another mutation at the same site (E484Q) has also been found in a smaller number

of human isolates (Figure 5.6B). Consistent with the observation of E484K/Q mutation

in naturally occurring SARS-CoV-2 isolates, these mutations have neutral-to-very mildly

beneficial effects on RBD affinity for ACE2 [280]. The 20H/501Y.V2 and 20J/501Y.V3

lineages have two other RBD mutations, N501Y and K417N or K417T, respectively, that co-

occur with E484K [94, 285]. K417N escapes neutralization by some monoclonal antibodies

[124, 278], but mutations to site 417 only modestly affected binding by a few of the samples we

assayed (the largest effects were for the last time point for subjects A and J, see Figure 5.9).

N501Y increases affinity for ACE2 [280] and is also present in the 20I/501Y.V1 lineage (also

known as B.1.1.7, originally identified in the U.K.) that may have increased transmissibility

[154, 237, 244]. Although other mutations at N501 have modest effects on binding by some

monoclonal antibodies [124, 278], mutations at N501 do not strongly affect binding by any

plasma we tested (Figures 5.2A, 5.93). However, several recent studies suggest that the

combination of K417N + E484K + N501Y may cause a larger decrease in neutralization

than any of these mutations alone [42, 324, 315].

Several other sites where we mapped mutations to affect plasma antibody binding for

a few samples also have low-level variation (< 0.1%) among circulating viruses (Figure

5.6A–C). These include site G446, where the G446V mutation reduced neutralization by

one sample by > 10-fold (Figure 5.5B,D). Other key sites with circulating variation where

mutations impact binding by some samples are indicated in Figure 5.6. Notably, site F456,

where mutations consistently affect plasma antibody binding but not neutralization, has little

variation among circulating viruses (Figure 5.6A)–perhaps in part because most mutations

to site F456 decrease RBD affinity for ACE2 [280].
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The four mutations at the highest frequency among sequenced viruses (S477N, N439K,

N501Y, and Y453F; see Figure 5.6B) do not strongly affect plasma antibody binding to yeast-

displayed RBD by any samples we tested. As mentioned above, N501Y increases affinity for

ACE2, is present in the 20I/501Y.V1 (B.1.1.7) lineage [154], and is in the epitope defined

by the “443–450 loop” (Figure 5.2B,5.3B)—but does not impact binding by any samples

we tested, a result corroborated by live-virus neutralization assays [213, 248]. Y453F and

N439K both also increase affinity for ACE2 [280, 287], and both escape some monoclonal

antibodies [19, 278, 287] but neither greatly impact plasma antibody binding by the samples

we tested. Finally, S477N also reduces neutralization by some monoclonal antibodies [189],

but did not greatly affect binding by the samples we tested.

In summary, our results suggest that E484 is the site of most concern for viral mutations

that impact binding and neutralization by polyclonal plasma antibodies targeting the RBD.

However, mutations at the other plasma antibody epitopes (e.g., the 443–450 loop, site 417,

and residues around 484 such as 455, 485, 486, and 490) also have antigenic impacts.

5.4 Discussion

We comprehensively mapped how mutations to the SARS-CoV-2 RBD affected binding by

the antibodies in convalescent human plasma. One major result is that plasma antibody

binding is predominantly affected by mutations at just a few dominant epitopes in the RBD.

In particular, E484 is the site in the RBD where mutations usually have the largest effect on

binding and neutralization—possibly because E484 is often targeted by antibodies that utilize

heavy-chain germline genes that are common among anti-SARS-CoV-2 RBD antibodies,

IGHV3-53 and IGHV3-66 [17, 124, 251, 320, 346, 357]. Mutations at other structurally

adjacent sites in the RBD’s receptor binding ridge (e.g., L455, F456, G485, F486, and F490)

can also have substantial antigenic effects. Another major epitope is centered on the loop

formed by residues 443–450 in the RBD’s receptor-binding motif, and mutations in this
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Figure 5.6: Frequencies of mutations that affect plasma antibody binding among
circulating SARS-CoV-2 isolates. (A) Effects of mutations at each RBD site on plasma
antibody binding versus frequency of mutations at each site among all SARS-CoV-2 se-
quences in GISAID as of Dec. 23, 2020. Key sites (see Methods) are labeled and colored
according to epitope region as in Figure 5.2. (B) Cumulative prevalence for the 4 most
frequent mutations and also any mutations at sites labeled in (A) with at least 10 counts in
GISAID. (C) Surface representations of the RBD (PDB 6M0J). Sites where mutations have
a strong effect on binding, have circulating variation with > 50 total counts in GISAID, or
both, are colored in olive, pink, or maroon, respectively. See Methods for precise description
of highlighted sites. ACE2 is shown as a dark gray cartoon.
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epitope sometimes strongly affect plasma antibody neutralization. A third epitope is in the

core of the RBD distal from the receptor-binding motif, although mutations here tend to

have smaller effects on plasma antibody binding. Notably, RBD mutations reported by other

studies to have large effects on plasma neutralization are also in the epitope centered around

E484 or in the 443–450 loop [11, 182, 315, 320, 324].

While the major plasma epitopes are targeted by many characterized monoclonal anti-

bodies [16, 19, 124, 129, 278], there are also sites where mutations that escape monoclonal an-

tibodies have little effect on plasma antibody binding for any sample we tested. For instance,

mutations in the S309 epitope footprint [230] and at sites of escape from antibody C135 (e.g.,

R346 and N440) [16, 320] had minimal effects on plasma antibody binding (Figures 3, S3).

This lack of concordance between the epitopes of plasma and monoclonal antibodies is con-

sistent with other studies reporting that the specificities of potent monoclonal antibodies

often do not recapitulate the plasma from which they were isolated [16, 320]. These antibod-

ies may be rare in polyclonal plasma or the epitopes they target may be subdominant [229].

However, subdominant epitopes may become more important as SARS-CoV-2 evolves: after

mutations at immunodominant sites such as E484 partially erode plasma antibody neutral-

ization, the remaining neutralization is presumably due to antibodies targeting previously

subdominant epitopes.

Another key finding is that there is extensive person-to-person variation in how mutations

affect plasma antibody binding and neutralization. For instance, the neutralizing activity of

several samples was reduced by > 10-fold by single mutations to site E484, but a few samples

were essentially unaffected by E484 mutations. Similarly, mutations at sites in the 443–450

loop (e.g., G446V) caused a large drop in plasma antibody binding and neutralization for

some samples, but had little effect on others. This inter-individual heterogeneity is further

compounded by the fact that the effects of mutations sometimes changed over time for

samples longitudinally collected from the same individual. These temporal changes could be
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due to a disproportionate decay in one dominant antibody clonotype, or a relative increase

in antibodies targeting other epitopes [106].

There are several limitations to our study. Most importantly, we only examined muta-

tions to the RBD. While we and others [229, 282] have shown that RBD-binding antibodies

contribute the majority of the plasma neutralizing activity of most convalescent human sera

and plasma, antibodies also target other regions of the spike. For example, mutations and

deletions in the NTD can affect plasma antibody neutralization [11, 207, 189, 202, 303].

In addition, we only mapped samples from 11 individuals at two time points. Given the

substantial inter- and intra-individual heterogeneity, mapping more samples may identify

additional sites of importance. On a technical level, we assayed binding of antibodies to

isolated RBD expressed by yeast, which implies several limitations. First, we are unable to

map the effects of mutations that alter the spike’s overall conformation or affect antibodies

spanning quaternary epitopes [16]. Second, our mapping likely overestimates the contribu-

tions of antibodies that bind epitopes that are more accessible on isolated RBD than in the

context of full spike (e.g., F456). Finally, the N-linked glycans on yeast-expressed proteins

are more mannose-rich than those on mammalian-expressed proteins [127], which could affect

measurements of how N-linked glycans affect antibody binding. However, the general con-

sistency of our mapping with our pseudovirus neutralization assays and the plasma-escape

mutations reported by others suggest that our study successfully defines the major RBD

epitopes of convalescent human plasma antibodies.

The comprehensive nature of our mapping makes it possible to assess which circulating

RBD mutations are likely to have the greatest impact on human immunity. In particular,

our results predict that the emerging 20H/501Y.V2 and 20J/501Y.V3 viral lineages (orig-

inally identified South Africa and Brazil, respectively) carrying the E484K mutation will

have reduced susceptibility to neutralization by the polyclonal plasma antibodies of some

individuals. In contrast, the N501Y mutation present in the 20I/501Y.V1 lineage (B.1.1.7) is
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unlikely to greatly affect neutralization by most human plasma, although it could contribute

to increased viral titer or enhanced transmissibility [156, 237]. The NTD deletions in this

lineage, however, may have an antigenic effect [11, 202, 207]. Notably, very recent studies on

viruses from these lineages largely confirm these predictions from our mapping [42, 324, 248].

More generally, our mapping can be used to assess the likely antigenic impacts of additional

viral mutations that emerge in the future.

Our mapping also reveals broader features of antibody immunity that are relevant to

SARS-CoV-2 evolution. One reason that influenza virus undergoes such rapid antigenic evo-

lution is that neutralizing human immunity often focuses on just a few residues in hemagglu-

tinin, such that a single mutation can dramatically reduce neutralization [176]. In contrast,

antibody immunity to measles virus targets multiple co-dominant measles epitopes, meaning

that no single mutation has a large effect on neutralization [217]. Our results show that poly-

clonal antibody immunity to the SARS-CoV-2 RBD is sometimes focused as for influenza,

but in other cases more broadly targets the RBD in a way that mitigates the effect of any

single mutation. This heterogeneity in the antigenic impacts of RBD mutations implies that

the immunity of different individuals will be impacted differently by viral evolution. It also

suggests that an important area for future work is understanding how viral mutations im-

pact vaccine-elicited immunity, and using this knowledge to design vaccines that are robust

to viral antigenic evolution.

5.5 Materials and Methods

Data and Code Availability

We provide data and code in the following ways:

• The complete code for the full computational data analysis pipeline of the mapping

experiments is available on GitHub at https://github.com/jbloomlab/SARS-CoV-

2-RBD MAP HAARVI sera.

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera 
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera 
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• The escape fraction measured for each mutation are at https://raw.githubuserco

ntent.com/jbloomlab/SARS-CoV-2-RBD MAP HAARVI sera/main/results/supp dat

a/human sera raw data.csv.

• All raw sequencing data are available on the NCBI Short Read Archive at BioProject

PRJNA639956, BioSample SAMN17185313.

SARS-CoV-2 convalescent human plasmas

Plasma samples were previously described ([66]) and collected as part of a prospective longi-

tudinal cohort study of individuals with SARS-CoV-2 infection in Seattle, WA February–July

2020. See https://github.com/jbloomlab/SARS-CoV-2-RBD MAP HAARVI sera/blob/mai

n/supplementary tables/TableS1.csv for the sample metadata, which is also described in

([66]). That table also links the sample IDs used in ([66]) to the names used for the plasmas

in this paper. All plasmas were heat-inactivated prior to use by treatment at 56 degrees C

for 60 minutes. Prior to use in each assay, plasma samples were centrifuged for 15 min at

2000 ×g to pellet platelets.

RBD deep mutational scanning library

The yeast-display RBD mutant libraries are previously described ([124, 280]). Briefly,

duplicate mutant libraries were constructed in the spike receptor binding domain (RBD)

from SARS-CoV-2 (isolate Wuhan-Hu-1, Genbank accession number MN908947, residues

N331–T531) and contain 3,804 of the 3,819 possible amino-acid mutations, with ¿95% present

as single mutants. Each RBD variant was linked to a unique 16-nucleotide barcode sequence

to facilitate downstream sequencing. As previously described, libraries were sorted for RBD

expression and ACE2 binding to eliminate RBD variants that are completely misfolded or

non-functional (i.e., lacking modest ACE2 binding affinity) ([124]).

https://raw.githubusercontent.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/main/results/supp_data/human_sera_raw_data.csv 
https://raw.githubusercontent.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/main/results/supp_data/human_sera_raw_data.csv 
https://raw.githubusercontent.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/main/results/supp_data/human_sera_raw_data.csv 
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS1.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS1.csv
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FACS sorting of yeast libraries to select mutants with reduced binding by polyclonal plasmas

Plasma mapping experiments were performed in biological duplicate using the independent

mutant RBD libraries, as previously described for monoclonal antibodies ([124]), with the

following modifications: Mutant yeast libraries induced to express RBD were washed and

incubated with plasma at a range of dilutions for 1 h at room temperature with gentle

agitation. For each plasma, we chose a sub-saturating dilution such that the amount of

fluorescent signal due to plasma antibody binding to RBD was approximately equal across

plasma. The exact dilution used for each plasma is given in https://github.com/jbl

oomlab/SARS-CoV-2-RBD MAP HAARVI sera/blob/main/supplementary tables/Ta

bleS2.xlsx. After the plasma incubations, the libraries were secondarily labeled with

1:100 FITC-conjugated anti-MYC antibody (Immunology Consultants Lab, CYMC-45F) to

label for RBD expression and 1:200 Alexa-647- or DyLight-405-conjugated goat anti-human-

IgA+IgG+IgM (Jackson ImmunoResearch 109-605-064 or 109-475-064, respectively) to label

for bound plasma antibodies. A flow cytometric selection gate was drawn to capture 3–6%

of the RBD mutants with the lowest amount of plasma binding for their degree of RBD

expression (Figure 5.7A-C). We also measured what fraction of cells expressing unmutated

RBD fell into this gate when stained with 1x and 0.1x the concentration of plasma. For each

sample, approximately 10 million RBD+ cells (range 7.4e6 to 1.7e7 cells) were processed

on the cytometer, with between 2e5 and 8e5 plasma-escaped cells collected per sample (see

percentages at https://github.com/jbloomlab/SARS-CoV-2-RBD MAP HAARVI sera/

blob/main/supplementary tables/TableS2.xlsx). Antibody-escaped cells were grown

overnight in SD-CAA (6.7g/L Yeast Nitrogen Base, 5.0g/L Casamino acids, 1.065 g/L MES

acid, and 2% w/v dextrose) to expand cells prior to plasmid extraction.

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS2.xlsx
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS2.xlsx
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS2.xlsx
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS2.xlsx
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS2.xlsx
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DNA extraction and Illumina sequencing

Plasmid samples were prepared from 30 OD units (1.6e8 cfus) of pre-selection yeast popula-

tions and approximately 5 OD units (3.2e7 cfus) of overnight cultures of plasma-escaped cells

(Zymoprep Yeast Plasmid Miniprep II) as previously described ([124]). The 16-nucleotide

barcode sequences identifying each RBD variant were amplified by PCR and prepared for

Illumina sequencing as described in ([280]). Barcodes were sequenced on an Illumina HiSeq

3500 with 50 bp single-end reads. To minimize noise from inadequate sequencing coverage, we

ensured that each antibody-escape sample had at least 2.5x as many post-filtering sequenc-

ing counts as FACS-selected cells, and reference populations had at least 2.5e7 post-filtering

sequencing counts.

Analysis of deep sequencing data to compute each mutation’s plasma escape fraction

Escape fractions were computed as described in ([124]), with minor modifications as noted

below. We used the dms variants package (https://jbloomlab.github.io/dms variant

s/, version 0.8.2) to process Illumina sequences into counts of each barcoded RBD variant

in each pre-sort and antibody-escape population using the barcode/RBD look-up table from

[280].

For each plasma selection, we computed the “escape fraction” for each barcoded variant

using the deep sequencing counts for each variant in the original and plasma-escape popu-

lations and the total fraction of the library that escaped antibody binding via the formula

provided in ([124]). These escape fractions represent the estimated fraction of cells express-

ing that specific variant that fall in the plasma escape bin, such that a value of 0 means the

variant is always bound by plasma and a value of 1 means that it always escapes plasma

binding. We then applied a computational filter to remove variants with low sequencing

counts or highly deleterious mutations that might cause antibody escape simply by leading

to poor expression of properly folded RBD on the yeast cell surface ([124, 280]). Specifically,

https://jbloomlab.github.io/dms_variants/
https://jbloomlab.github.io/dms_variants/
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we removed variants that had (or contained mutations with) ACE2 binding scores < −2.35

or expression scores < −1, using the variant- and mutation-level deep mutational scanning

scores from ([280]). Note that these filtering criteria are slightly more stringent than those

used in ([124]) but are identical to those used in [278].

We next deconvolved variant-level escape scores into escape fraction estimates for single

mutations using global epistasis models [220] implemented in the dms variants package, as

detailed at (https://jbloomlab.github.io/dms variants/dms variants.globalepis

tasis.html) and described in ([124]). The reported scores throughout the paper are the

average across the libraries; these scores are also in https://github.com/jbloomlab/S

ARS-CoV-2-RBD MAP HAARVI sera/blob/main/supplementary tables/TableS3.csv.

Correlations in final single-mutant escape scores are shown in Figure 5.8D,E.

For plotting and analyses that required identifying RBD sites of “strong escape” (e.g.,

choosing which sites to show in logo plots in Figures 5.2A,B, and 5.10 or label in Figure

5.4B), we considered a site to mediate strong escape if the total escape (sum of mutation-

level escape fractions) for that site exceeded the median across sites by > 10-fold, and was

at least 10% of the maximum for any site. We also included site K417, which did not meet

this threshold but was of interest due to its frequency among circulating viruses.

Full documentation of the computational analysis is at https://github.com/jblooml

ab/SARS-CoV-2-RBD MAP HAARVI sera.

Generation of pseudotyped lentiviral particles

We used spike-pseudotyped lentiviral particles that were generated essentially as described

in [67], using a codon-optimized SARS-CoV-2 spike from Wuhan-Hu-1 that contains a 21-

amino-acid deletion at the end of the cytoplasmic tail ([66]) and the D614G mutation

that is now predominant in human SARS-CoV-2 [161]. The plasmid encoding this spike,

HDM Spikedelta21 D614G, is available from Addgene (#158762), and the full sequence is

https://jbloomlab.github.io/dms_variants/dms_variants.globalepistasis.html
https://jbloomlab.github.io/dms_variants/dms_variants.globalepistasis.html
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS3.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS3.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera
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at (https://www.addgene.org/158762). Point mutations were introduced into the RBD

of this plasmid via site-directed mutagenesis. Therefore, all mutations tested in this pa-

per are in the G614 background, and are compared to a “wildtype” spike with G614. The

only exception is the C432D mutation, which was made in the D614 background and is in-

cluded in Figure 5.11D to show a baseline titer for lentiviral particles pseudotyped with a

non-functional spike variant.

To generate these spike-pseudotyped lentiviral particles ([67]), 6e5 293T cells per well

were seeded in 6-well plates in 2 mL D10 growth media (DMEM with 10% heat-inactivated

FBS, 2 mM l-glutamine, 100 U/mL penicillin, and 100 µg/mL streptomycin). 24h later,

cells were transfected using BioT transfection reagent (Bioland Scientific, Paramount, CA,

USA) with a Luciferase IRES ZsGreen backbone, Gag/Pol lentiviral helper plasmid, and

wildtype or mutant SARS-CoV-2 spike plasmids. Media was changed to fresh D10 at 24

h post-transfection. At 60 h post-transfection, viral supernatants were collected, filtered

through a 0.45 µm SFCA low protein-binding filter, and stored at −80 °C.

Titering and p24 ELISAs of pseudotyped lentiviral particles

Titers of spike-pseudotyped lentiviral particles were determined as described in ([67]) with

the following modifications. Spike-pseudotyped lentiviral supernatants were diluted in D10

growth media starting with a 1:10 dilution followed by 7 serial 2-fold dilutions. 100 µL of each

dilution was added to 1.25e4 293T-ACE2 cells (BEI NR-52511) grown overnight in 50 µL

of D10 growth media in a 96-well black-walled poly-L-lysine coated plate (Greiner Bio-One,

655936). Relative luciferase units (RLU) were measured 60 h post-infection (Promega Bright-

Glo, E2620) in the infection plates with a black back-sticker (Fisher Scientific, NC9425162)

added to minimize background. Titers in RLU per mL were calculated for each dilution,

and the median of each technical replicate normalized to p24 concentration (in pg/mL) is

plotted in Figure 5.11D.

https://www.addgene.org/158762
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p24 ELISAs were conducted following the manufacturers instructions (Advanced Bio-

science Laboratories Cat. #5421). All lentiviral supernatants were diluted 1:100,000 and

measured in technical duplicate. In Figure 5.11D, technical duplicate p24 concentrations (in

pg/mL) were averaged and used to normalize RLU values for each lentiviral supernatant

preparation.

Neutralization assays

293T-ACE2 cells (BEI NR-52511) were seeded at 1.25e4 cells per well in 50 µL D10 in

poly-L-lysine coated, black-walled, 96-well plates (Greiner 655930). 24 h later, pseudotyped

lentivirus supernatants were diluted to approximately 200,000 RLU per well (determined

by titering as described above and shown in Figure 5.11D and incubated with a range of

dilutions of plasma for 1 h at 37 °C. 100 µL of the virus-antibody mixture was then added to

cells. The following dilutions were used for each virus: WT 1:50; P384L 1:20; F456K 1:10;

E484Q 1:20; G485R 1:32; S494P 1:50; G446V/F456V/E484P 1:6; F456V 1:40; E484P 1:6;

G446V 1:25; E484K 1:50; F456A 1:6.

At 70 h post-infection, luciferase activity was measured using the Bright-Glo Luciferase

Assay System (Promega, E2610). Fraction infectivity of each plasma antibody-containing

well was calculated relative to a “no-plasma” well inoculated with the same initial viral

supernatant (containing wildtype or mutant RBD) in the same row of the plate. We used the

neutcurve package (https://jbloomlab.github.io/neutcurve) to calculate the inhibitory

concentration 50% (IC50) and the neutralization titer 50% (NT50), which is simply 1/IC50,

of each plasma against each virus by fitting a Hill curve with the bottom fixed at 0 and the

top fixed at 1. The full neutralization curves are in Figure 5.11.

https://jbloomlab.github.io/neutcurve
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Depletion of RBD-binding antibodies from polyclonal plasma

Magnetic beads conjugated to the SARS-CoV-2 RBD (AcroBiosystems, MBS-K002) were

prepared according to the manufacturer’s protocol. Beads were resuspended in ultrapure

water at 1 mg beads/mL and a magnet was used to wash the beads 3 times in PBS with

0.05% BSA. Beads were then resuspended in PBS with 0.05% BSA at 1 mg beads per mL.

Beads (manufacturer-reported binding capacity of 10-40 µg/mL anti-RBD antibodies) were

incubated with human plasma at a 3:1 ratio beads:plasma (150 µL beads + 50 µL plasma),

rotating overnight at 4°C. A magnet was used to separate antibodies that bind RBD from the

supernatant, and the supernatant (the post-RBD antibody depletion sample) was removed.

A mock depletion (pre-depletion sample) was performed by adding 150 µL of PBS + 0.05%

BSA and incubating rotating overnight at 4°C. For the neutralization assays on these plasma

depleted of RBD-binding antibodies shown in Figure 5.7E; the reported plasma dilution is

corrected for the dilution incurred by the depletion process.

Measurement of plasma binding to RBD or spike by ELISA

The IgG ELISAs for spike protein and RBD were conducted as previously described [82].

Briefly, ELISA plates were coated with recombinant spike and RBD antigens described in

[82] at 2 µg/mL. Five 3-fold serial dilutions of plasma beginning at 1:100 were performed

in phosphate-buffered saline with 0.1% Tween in 1% (w/v) nonfat dry milk. Dilution series

of the “synthetic” sera comprised of the anti-RBD antibody REGN10987 [129] or anti-NTD

antibody 4A8 [56] and pooled pre-pandemic human plasma from 2017–2018 (Gemini Bio-

sciences; nos. 100–110, lot H86W03J; pooled from 75 donors) were performed such that the

anti-spike antibody was present at a highest concentration of 0.25 µg/mL. Both antibodies

were recombinantly produced by Genscript. The REGN10987 is that used in [278] and the

variable domain heavy and light chain sequences for 4A8 were obtained from Genbank GI

1864383732 and 1864383733 [56] and produced on a human IgG1 and IgK background, re-
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spectively. Pre-pandemic plasma alone, without anti-RBD antibody depletion, was used as a

negative control, averaged over 2 replicates. The area under the curve (AUC) was calculated

as the area under the titration curve with the serial dilutions on a log-scale.

Analysis of RBD mutations among circulating SARS-CoV-2 isolates

All 283,908 spike sequences on GISAID as of Dec-23-2020 were downloaded and aligned via

mafft [151]. Sequences from non-human origins and sequences containing gap characters or

excessive mutations were removed, leaving 263,217 sequences. The code that performs this

alignment and filtering is at https://github.com/jbloomlab/SARS-CoV-2-RBD MAP H

AARVI sera/blob/main/results/summary/gisaid rbd mutations.md. The counts and

frequencies of mutations at each RBD site were then computed using this filtered sequence

set. We acknowledge all GISAID contributors for sharing sequencing data (https://gith

ub.com/jbloomlab/SARS-CoV-2-RBD MAP HAARVI sera/blob/main/data/gisaid hcov-

19 acknowledgement table 2020 12 30.pdf).

Sites and mutations highlighted in Figure 5.6 were chosen as follows. Sites in the RBM

containing the 4 RBD mutations with the highest cumulative frequency (S477N, N439K,

N501Y, and Y453F), the two sites with the highest total escape (F456 and E484), and sites

that have ≥ 30 variant counts in GISAID and are sites of strong escape for any plasma, are

labeled in Figure 5.6A. The labeled sites are colored according to epitope region as in Figure

5.2. Figure 5.6B highlights the 4 most frequent mutations and also any mutations at the

other sites labeled in Figure 5.6A with at least 10 or more counts in GISAID. Figure 5.6C

highlights sites where mutations have a strong effect on binding of at least 1 plasma or have

circulating variation with > 50 counts in GISAID. Site K417 was also of interest due to the

presence of the K417N/T mutations in recently identified lineages [94, 285], and thus is also

highlighted in each panel in Figure 5.6.

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/results/summary/gisaid_rbd_mutations.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/results/summary/gisaid_rbd_mutations.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/data/gisaid_hcov-19_acknowledgement_table_2020_12_30.pdf
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/data/gisaid_hcov-19_acknowledgement_table_2020_12_30.pdf
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/data/gisaid_hcov-19_acknowledgement_table_2020_12_30.pdf
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Data visualization

The static logo plot visualizations of the escape maps in the paper figures were created using

the dmslogo package (https://jbloomlab.github.io/dmslogo, version 0.3.2) and in all

cases the height of each letter indicates the escape fraction for that amino-acid mutation

calculated as described above. For each plasma, the y-axis is scaled to be the greatest of (a)

the maximum site-wise escape metric observed for that plasma, (b) 20x the median site-wise

escape fraction observed across all sites for that plasma, or (c) an absolute value of 1.0 (to

appropriately scale plasma that are not “noisy” but for which no mutation has a strong effect

on plasma binding). Site C361 has been removed from the plots, because while mutations at

this site reduce plasma binding, these mutations ablate a disulfide bond in the core RBD that

is important for proper folding of the RBD and likely result in a grossly misfolded RBD and

do not represent specific plasma escape mutations. Sites N501 and K417 have been added

to Figure 5.9 due to their frequencies among circulating viruses. The code that generates

these logo plot visualizations is available at https://github.com/jbloomlab/SARS-CoV-

2-RBD MAP HAARVI sera/blob/main/results/summary/escape profiles.md.

In many of the visualizations (e.g., Figures 5.2, 5.4, 5.6A, 5.9, and 5.10), the RBD sites are

categorized by epitope region (core-RBD epitope, receptor-binding ridge, or 443–450 loop)

and colored accordingly. We define the core-RBD epitope as residues 365–372+382–386, the

receptor-binding ridge epitope to be residues 417+455+456+471–490, and the 443–450 loop

epitope to be residues 443–452+494–501. In Figure 5.4E, the S309 epitope is defined as RBD

non-hydrogen atoms within 4Å of antibody in PDB 6WPS, [230].

For the static structural visualizations in the paper figures, the RBD surface (PDB 6M0J,

[172]) was colored by the site-wise escape metric at each site, with white indicating no escape

and red scaled to be the same maximum used to scale the y-axis in the logo plot escape maps,

determined as described above.We created interactive structure-based visualizations of the

escape maps using dms-view [137] that are available at https://jbloomlab.github.io/

https://jbloomlab.github.io/dmslogo
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/results/summary/escape_profiles.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/results/summary/escape_profiles.md
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_HAARVI_sera
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SARS-CoV-2-RBD MAP HAARVI sera. The logo plots in these escape maps can be colored

according to the deep mutational scanning measurements of how mutations affect ACE2

binding or RBD expression as described above.
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Figure 5.7: Raw ELISA and neutralization curves of plasma pre- and post-
depletion of RBD-targeting antibodies. (A) Participant sex, age (y), and disease
severity. (B) Previously measured RBD binding for three antibody isotypes for these plasma
samples as measured by ELISA area under the curve (AUC), taken from [66]. Gray back-
ground indicates plasma for which we subsequently mapped mutations that reduce binding.
Similar data across additional time points not used in the current study are available in [66];
see https://github.com/jbloomlab/SARS-CoV-2-RBD MAP HAARVI sera/blob/main/su

pplementary tables/TableS1.csv to map between the sample IDs used in the current
study and [66]. (C) Effect of RBD antibody depletion on binding to RBD and spike by “syn-
thetic sera” comprised of pre-pandemic pooled plasma with the NTD-targeting antibody 4A8
[56] or RBD-targeting antibody REGN10987 [129]. Antibodies were added to pre-pandemic
plasma at 50 µg/mL. The x-axis indicates the dilution factor of the plasma/antibody mix,
and the y-axis is the ELISA reading at each dilution. (D) Raw ELISA binding curves of
plasma to RBD and spike before and after depletion of RBD-binding antibodies. Legend for
panels (C) and (D): orange is RBD binding, blue is spike binding; filled circles with solid lines
represent pre-depletion, and x’s with dashed lines represent post-depletion of anti-RBD anti-
bodies. (E) Raw neutralization curves for plasma before (gray) and after (orange) depletion
of RBD-binding antibodies. Neutralization assays were performed with lentiviruses pseu-
dotyped with spike D614G, the predominant SARS-CoV-2 circulating variant. (F) Change
in the amount of neutralizing activity that is due to RBD-binding antibodies over time for
each individual. Each point gives the fold-change in neutralization inhibitory concentration
50% (IC50) post- versus pre-depletion for plasma isolated at the indicated time, such that
larger values indicate that more of the neutralizing activity is due to RBD-binding antibod-
ies. Open circles represent samples for which the post-depletion NT50 was at the limit of
detection, i.e., less than 20 (see Figure 5.1B; these circles are therefore lower bounds in the
fold-change in IC50. (G) Correlation between previously measured neutralization titers 50%
(NT50) with spike D614-spike-pseudotyped lentivirus [66] and pre-depletion neutralization
titers measured with G614-spike-pseudotyped lentivirus (present study), Pearson’s R = 0.88.

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS1.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS1.csv
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Figure 5.8: Approach for mapping RBD mutations that reduce binding by poly-
clonal plasma. (A) The RBD is expressed on the surface of yeast. Flow cytometry can be
used to quantify both RBD expression (via a C-terminal MYC tag) and antibody binding
to the RBD protein expressed on the surface of each yeast cell. A library of yeast expressing
different RBD mutants were incubated with polyclonal plasma and plasma antibody binding
was detected using a IgA+IgG+IgM secondary antibody. We then used FACS to enrich for
cells expressing RBD that bound reduced levels of antibody, and used deep sequencing to
quantify the frequency of each mutation in the initial and “antibody escape” cell populations.
We quantified the effect of each mutation as the “escape fraction,” which represents the frac-
tion of cells expressing RBD with that mutation that fell in the “antibody escape” FACS bin.
Escape fractions are represented in logo plots, with the height of each letter proportional
to the effect of that amino acid mutation on antibody binding. The site-level escape metric
is the sum of the escape fractions of all mutations at a site. Note that both experimental
and computational filtering steps were used to remove RBD mutants that were misfolded or
completely unable to bind the ACE2 receptor (see Methods). (B) Representative plots of
nested FACS gating strategy used for all plasma selection experiments to select for single cells
(SSC-A vs. FSC-A, and FSC-W vs. FSC-H) that also express RBD (FITC-A vs. FSC-A).
(C) FACS gating strategy for one of two independent libraries to select cells expressing RBD
mutants with reduced binding by polyclonal plasma. Gates were set manually during sorting,
aiming for 3-6% of the RBD+ library to fall into the selection gate (cells in blue). The same
gate was set for both independent libraries stained with each plasma, and the FACS scatter
plots looked qualitatively similar between the two libraries. For information on the fraction
of library cells that fall into each selection gate, see https://github.com/jbloomlab/SAR

S-CoV-2-RBD MAP HAARVI sera/blob/main/supplementary tables/TableS2.xlsx. (D)
Correlation plots of site-level escape for each of the two independent RBD mutant libraries
for each plasma. Site-level escape is the sum of escape fraction for each mutation at a site.
(E) Correlation plots of mutation-level escape for each of the two independent RBD mutant
libraries for each plasma.

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS2.xlsx
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/supplementary_tables/TableS2.xlsx
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Figure 5.9: Escape maps over time for all study subjects and time points. Escape
maps for all individuals and time points, with 2 time points shown side-by-side, ordered as in
Figure 5.2. Escape fractions are comparable across sites within a sample, but not necessarily
between samples due to the use of sample-specific FACS gates—therefore, for each sample,
the y-axis is scaled independently (see Methods). Sites are colored by RBD epitope region
as in Figure 5.2. Sites shown in logo plots, highlighted in purple in line plots at left, are sites
of strong escape for any of the 23 plasma, plus sites K417 and N501. Interactive versions of
these escape maps are available at https://jbloomlab.github.io/SARS-CoV-2-RBD MAP

HAARVI sera/.

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_HAARVI_sera/
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_HAARVI_sera/
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Figure 5.10: Regions in the RBD where mutations reduce binding by plasma
antibodies for all study subjects and samples over time. The structures show the
effects of mutations at each site projected onto the RBD structure using a white-to-red color
scale as in 5.3A-D. The color scale for each plasma is scaled to span the same range as the
y-axis for that plasma in Figure 5.9. Top right inset: the alpha-carbon of any site of strong
escape (all sites shown in the logo plots in Figure 5.9) is shown as a sphere on a cartoon
representation of the RBD (PDB 6M0J). The RBD is colored as in Figure 5.2B. Interactive
versions of these structural visualizations are available at https://jbloomlab.github.io/
SARS-CoV-2-RBD MAP HAARVI sera/.

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_HAARVI_sera/
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_HAARVI_sera/


180

Figure 5.11: Full curves for all assays testing how RBD mutations affected viral
neutralization. (A) The x-axis gives the plasma dilution, and the y-axis gives the fraction
of viral infectivity remaining at that dilution. A different plot facet is shown for each plasma
(labeled by subject and day of collection) and assay date. The neutralization curves were fit
and plotted using neutcurve (https://jbloomlab.github.io/neutcurve/, version 0.5.1)
and fitting 2-parameter Hill curves with the baselines fixed at one and zero to calculate
IC50s. These IC50s were then used to determine the fold-change values plotted in Figure
5.5A-C, comparing each mutant to the wildtype run on the same assay date. Note that NT50
is the reciprocal of the IC50. The curves plotted in Figure 5.5D recapitulate data plotted
in this panel, but aggregate mutants across several assay dates and show the wildtype curve
for just the first assays date. This aggregation across assay dates is well supported since
the wildtype was re-run on each assay date and always yielded very similar IC50s for any
given plasma. (B) Neutralization curves for monoclonal antibodies run against mutations
to F456. Our previous escape mapping showed that F456A/K mutations escape binding
by the anti-SARS-CoV-2 RBD monoclonal antibodies COV2-2165 and CB6 (also known as
LY-CoV016), but not by COV2-2082 or COV2-2832 [124, 271, 278, 356]. The neutralization
assays shown here supported this mapping, and demonstrated that mutations at F456 can
indeed greatly reduce neutralization by monoclonal antibodies. (C) Absolute neutralization
titer (NT50) for each tested plasma and RBD mutant. The numerical IC50s from all curves
in both panels are available at https://github.com/jbloomlab/SARS-CoV-2-RBD MAP H

AARVI sera/blob/main/experimental validations/results/mutant neuts results/m

utants foldchange ic50.csv. (D) Viral entry titers for key RBD mutants. Titers were
measured as relative luciferase units (RLU) normalized to p24 (in picograms) measured by
ELISA. The median wildtype titer was 291 RLU/pg p24 or 3.82e8 RLU/mL, and is shown
with a dotted horizontal line. “None” is virus-like particles with no spike protein, and C432D
disrupts a critical disulfide bond and RBD folding [280].

https://jbloomlab.github.io/neutcurve/
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/experimental_validations/results/mutant_neuts_results/mutants_foldchange_ic50.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/experimental_validations/results/mutant_neuts_results/mutants_foldchange_ic50.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_HAARVI_sera/blob/main/experimental_validations/results/mutant_neuts_results/mutants_foldchange_ic50.csv
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Chapter 6

MAPPING MUTATIONS TO THE SARS-COV-2 RBD THAT
ESCAPE BINDING BY DIFFERENT CLASSES OF

ANTIBODIES

A version of this chapter has been previously published as:

Greaney AJ, Starr TN, Barnes CO, Weisblum Y, Schmidt F, Caskey M, Gaebler C, Cho

A, Agudelo M, Finkin S, Wang Z, Poston D, Muecksch F, Hatziioannou T, Bieniasz PD,

Robbiani DF, Nussenzweig MC, Bjorkman PJ, Bloom JD. Mapping mutations to the

SARS-CoV-2 RBD that escape binding by different classes of antibodies. Nat Commun.

2021 Jul 7;12(1):4196. doi: 10.1038/s41467-021-24435-8. PMID: 34234131; PMCID:

PMC8263750.

6.1 Abstract

Monoclonal antibodies targeting a variety of epitopes have been isolated from individuals

previously infected with SARS-CoV-2, but the relative contributions of these different anti-

body classes to the polyclonal response remains unclear. Here we use a yeast-display system

to map all mutations to the viral spike receptor-binding domain (RBD) that escape bind-

ing by representatives of three potently neutralizing classes of anti-RBD antibodies with

high-resolution structures. We compare the antibody-escape maps to similar maps for con-

valescent polyclonal plasmas, including plasmas from individuals from whom some of the

antibodies were isolated. While the binding of polyclonal plasma antibodies are affected

by mutations across multiple RBD epitopes, the plasma-escape maps most resemble those

10.1038/s41467-021-24435-8
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of a single class of antibodies that target an epitope on the RBD that includes site E484.

Therefore, although the human immune system can produce antibodies that target diverse

RBD epitopes, in practice the polyclonal response to infection is skewed towards a single

class of antibodies targeting an epitope that is already undergoing rapid evolution.

6.2 Introduction

Control of the SARS-CoV-2 pandemic will depend on widespread population immunity ac-

quired through infection or vaccination. But a little over a year into the pandemic, a prolifer-

ating number of new viral lineages are rising in frequency [14, 94, 285, 302, 323, 350]. These

emerging lineages have mutations at < 1% of all residues in the viral spike, and at no more

than 3 of the 201 residues in the spike receptor-binding domain (RBD)–yet these handfuls of

mutations often substantially erode and in some cases even ablate the polyclonal neutralizing

antibody response elicited by infection [11, 42, 51, 170, 189, 232, 315, 313, 320, 324].

A substantial fraction of the neutralizing activity of polyclonal antibody response to

SARS-CoV-2 infection is due to antibodies that target the RBD [74, 120, 229, 251, 282],

although antibodies that target the NTD also contribute to neutralization [11, 207, 189, 202,

303, 320]. Structural and binding competition studies have shown that the most potently

neutralizing anti-RBD antibodies target several distinct epitopes on the RBD’s receptor-

binding motif [16, 229, 74, 142, 188]. However, the contributions of these different classes of

RBD-targeting antibodies to the overall activity of the polyclonal antibody response remains

less clear. It is therefore important to systematically determine both how viral mutations

impact each antibody class, and how these antibody-specific effects shape the overall effects

of viral mutations in a polyclonal context.

Here, we comprehensively map RBD mutations that reduce binding by structurally char-

acterized representatives of three classes of neutralizing monoclonal antibodies that target

the RBD’s receptor binding motif, as well as polyclonal plasmas from convalescent individ-



184

uals from whom some of the antibodies were isolated [17, 16, 251, 271]. We make these

measurements by using a deep mutational scanning approach to systematically map how all

RBD amino-acid mutations affect binding to yeast-displayed RBDs ([124]). The resulting

escape maps allow us to systematically compare how RBD mutations affect binding by the

monoclonal antibodies, and we find that the antibodies cluster in the space of viral escape in

a way that largely recapitulates prior classifications based on structural analyses of the anti-

body epitopes. However, some of the potently neutralizing monoclonal antibodies contribute

very little to the escape maps of the polyclonal plasmas, even for individuals from whom the

antibodies were isolated. Instead, the plasma-escape maps usually most resemble a single

antibody class (class 2 in the Barnes et al. classification [16]) that targets the face of the

receptor-binding ridge that is accessible in both up and down RBD conformations. Unfor-

tunately, a mutation that escapes this antibody class (E484K) is present in many emerging

viral lineages, including B.1.351, P.1, P.2, and B.1.526 [14, 94, 285, 302, 323]. We suggest

that domination of the RBD-targeting polyclonal response by a single antibody class is a

major factor in enabling a small number of viral mutations to sometimes substantially erode

neutralizing antibody immunity.

6.3 Results

6.3.1 Mapping all mutations that escape binding by key classes of RBD-targeting monoclonal

antibodies

Most potent neutralizing antibodies against the SARS-CoV-2 RBD target the receptor-

binding motif, where they compete for binding to ACE2 [16, 229, 356]. Antibodies targeting

the RBD have been divided into four major classes based on structural analyses of their

epitopes; two with epitopes overlapping with the ACE2 binding site (class 1 and class 2),

potent neutralizers that do not directly bind to the ACE2 contact surface (class 3), and an-

tibodies that target a cryptic epitope outside of the receptor-binding motif and are generally
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less potent (class 4) [16]. We focused our studies on several antibodies representative of the

first three classes of potently neutralizing receptor-binding motif-targeting antibodies. Class

1 antibodies bind the face of the receptor-binding motif that is accessible only when the

RBD is in the up conformation (Figure 6.1A); the antibodies from this class in our study

are C105 and LY-CoV016. Class 2 antibodies bind a face of the receptor-binding ridge that

is accessible in both the up and down conformations (Figure 6.1A); the antibodies from this

class in our study are C144, C002, and C121. Class 1 and 2 antibodies compete with ACE2

for RBD binding and have some overlap in their structural footprints particularly at ACE2

contact sites at the top of the receptor-binding ridge. Class 3 antibodies bind the opposite

side of the receptor-binding motif (including the 443–450 loop), which like the class 2 epitope

is accessible in both the up and down conformations, but has less overlap with the ACE2

binding footprint [16] (Figure 6.1A); the antibodies from this class in our study are C135

and C110. All antibodies were isolated from humans previously infected with SARS-CoV-2

[251, 271] and have high-resolution structures [17, 16, 271].

We used a previously described yeast-display deep mutational scanning approach ([124])

to map all amino-acid mutations to the RBD that escape binding by each antibody. Briefly,

we incubated libraries of yeast expressing nearly all possible single amino-acid mutations in

the RBD [280] with each antibody, and then used fluorescence-activated cell sorting (FACS)

to enrich for cells expressing RBD mutants that escaped antibody binding (Figure 6.7).

We used deep sequencing to quantify each RBD mutation’s “escape fraction,” which is the

fraction of cells with that mutation that fall into the FACS antibody-escape bin. These

escape fractions range from 0 (no cells with the mutation fall into the antibody-escape bin)

to 1 (all cells with the mutation fall into the antibody-escape bin). The escape fractions

are well-correlated between independent libraries, and we report the average of duplicate

measurements throughout (Figure 6.8). We represent the escape maps as logo plots, where

the height of each letter is proportional to its escape fraction (Figure 6.1B). The escape
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map for LY-CoV016 has been previously described [278]; all other data using this assay

were newly generated in this study. Interactive versions of these maps are available at

https://jbloomlab.github.io/SARS-CoV-2-RBD MAP Rockefeller.

The escape maps show that antibodies within the same class are generally escaped by

mutations at similar sites in the RBD, with large differences between classes (Figure 6.1B).

For example, some class 1 but not class 2 antibodies were escaped by mutations to sites K417,

D420, N460, and A475 (Figure 6.1B). Class 2 but not class 1 antibodies, on the other hand,

were escaped by mutations at sites E484, F490, and Q493 (Figure 6.1B). Class 3 antibodies,

which predominantly bind to the part of the receptor-binding motif opposite that of class

1 and class 2 antibodies (Figure 6.1A), tend to be escaped by a different set of mutations,

including those at sites R346, K444, and G446–N450 (Figure 6.1B).

However, our maps emphasize that the antibody classes are approximate groupings, with

overlap at some sites between classes. For example, class 1 and class 2 antibodies overlap in

their binding footprints at the top of the receptor-binding ridge that contacts ACE2 (Figure

6.1A), and mutations to some of these overlapping sites (i.e., L455, F456, F486, and Y489)

escape binding by some antibodies from both classes (Figure 6.1B). Similarly, the class 3

antibody C110 and the class 2 antibodies can both be escaped by mutations to site F490.

There are also differences in escape mutations within antibody classes. For instance, the

class 3 antibody C135 is strongly affected by mutations at site R346 but not L452, whereas

the opposite is true for C110 (Figure 6.1B). Other examples can be found for the class 2

antibodies: C002 is escaped by some mutations to site L452, whereas C144 and C121 are

less affected by these mutations (Figure 6.1B).

Our escape maps make it possible to group the antibodies using a more continuous

approach, without strict divisions into three classes. Specifically, we used multidimensional

scaling to project the escape maps into a two-dimensional space of binding escape (note that

this computational technique has previously been used to visualize the antigenic relationships

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Rockefeller
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among strains of influenza virus [274]). We did this for the seven antibodies shown in Figure

6.1B, as well as 15 other antibodies for which we have previously determined escape maps

[83, 124, 278, 279], including class 4 antibodies, which bind to the RBD outside the receptor-

binding motif and are generally less potently neutralizing [74, 188, 229, 356]. Antibodies with

similar escape mutations are located close to one another in the multidimensional scaling

projection, and antibodies with very distinct escape mutations are far apart (Figure 6.1C).

The projection shows that while there is some clustering by structural class in space of

escape, the antibodies are continuously distributed. For instance, the class 3 antibody C110

also selects escape at some class 2 sites, such as F490 and S494, and so C110 is located

somewhat between the class 2 and 3 antibodies in the multidimensional scaling projection

(Figure 6.1C).

6.3.2 RBD mutations reduce antibody binding at only a subset of contact sites

We took advantage of the availability of high-resolution structures to compare the sites

of escape mutations to the structural contacts between the antibodies and RBD. Most

mutations that escape antibody binding are at sites in the RBD that directly contact

the antibody; these sites are highlighted in gray in Figure 6.1B, with a structural con-

tact defined as any non-hydrogen atom within 4Å. To visualize the escape mutations in

a structural context, we mapped the extent of escape at each site to the structure of the

antibody-bound RBD [17, 16, 271] (Figure 6.2A, 6.11A; interactive, zoomable versions at

https://jbloomlab.github.io/SARS-CoV-2-RBD MAP Rockefeller). All sites at which

mutations strongly escape binding are in direct (< 4Å) or proximal (4–8Å) contact with

antibody in the resolved structures (Figure 6.2B).

However, not all antibody-contact sites had mutations that strongly escaped antibody

binding (Figure 6.2B, 6.11A). There are several explanations. First, our approach maps

functional antibody escape mutants that retain proper RBD folding and bind to ACE2 with

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Rockefeller
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Figure 6.1: Maps of mutations to the RBD that escape binding by three classes
of monoclonal antibodies that target the receptor-binding motif. (A) Epitopes for
each of the three antibody classes [16]. ACE2 is shown as a gray cartoon. Some sites fall
under both class 1 and class 2 and are shown as an intermediate pink-purple. (B) Escape
maps for monoclonal antibodies from each of the three classes. The line plots at left indicate
the summed effect of all mutations at each site in the RBD, with larger values indicating a
greater reduction in antibody binding. The logo plots at right show the effects of individual
mutations at key sites (indicated by purple highlighting on the x-axis of the line plots). In
these logo plots, the height of each letter is that mutation’s escape fraction, so larger letters
indicate mutations that cause a greater reduction in antibody binding. Sites in the logo plots
are colored by RBD epitope. Sites that contact antibody (non-hydrogen atoms within 4Åin
high-resolution structures) are highlighted with gray backgrounds. For C110, sites 444, 446,
and 447 are unresolved in the structure but are likely in close contact with the antibody,
and so are highlighted in gray. The data for LY-CoV016 were previously reported [278]
and are replotted here. (C) Multidimensional scaling projection of the escape maps, such
that antibodies with similar escape mutations are drawn close together. Each antibody is
represented as a pie chart colored according to the amount of escape in each RBD epitope.
Antibodies for which escape maps are shown in panel (B) have black outlines and colored
names. The other antibodies were profiled previously [83, 124, 278, 279]. Escape maps for
all class 1, 2, and 3 antibodies in the plot are shown in Figure 6.9; for the class 4 antibody-
escape maps, see [124]. Colors used in all panels: sites are colored according to epitopes, as
defined in [16]. Bright pink for class 1, dark purple for class 2, medium pink-purple for class
1/2 overlap sites (455, 456, 486, 487, 489), cyan for class 3, and gray for all other RBD sites.
Escape maps colored according to mutation effects on RBD expression and ACE2 binding
are in Figure 6.10. The ACE2-bound RBD structure in (A) is from PDB 6M0J [172].



189



190

≥ 1% the affinity of the unmutated RBD [280] (see Methods). Only 2,304 of the 3,819 possible

amino-acid mutations to the RBD meet these criteria, and some sites have no tolerated

mutations. For instance, G416 and R457 are both in the structural epitope of C105, but

these sites have no tolerated mutations and thus do not appear in the escape map (sites with

no tolerated mutations are indicated in dark gray in Figure 6.2A, 6.11). Second, sometimes

mutations at antibody-contact sites simply do not strongly disrupt antibody binding [68].

For instance, site F486 is in structural contact with both C105 and LY-CoV016 and has

many well-tolerated mutations, but mutations at this site more strongly affect the binding of

LY-CoV016 than C105 (Figure 6.1B, 6.2A, 6.11A). Other examples include site R346, where

nearly all mutations escape C135 but only charge-reversal mutations escape C110 (Figure

6.1B, 6.2A, 6.11A). Similarly, at site Q493, C144 and C002 are escaped by many mutations,

but C121 is only escaped by Q493K/R (Figure 6.1B, 6.2A, 6.11A).

For some of the class 2 antibodies, the antibody makes a quaternary contact with an adja-

cent RBD in the context of spike trimer [16] (Figure 6.11B). Our yeast-display system assays

antibody binding to isolated RBD, and so does not map escape mutations to quaternary

contact sites and cannot inform on their importance for antibody binding.

6.3.3 The escape maps of polyclonal plasmas often differ from those of monoclonal antibod-

ies isolated from the same individual

The six antibodies newly mapped in this study were isolated from four different SARS-CoV-

2 convalescent individuals (Figure 6.3A). Plasma was collected from these individuals at

the same time that blood was collected for antibody isolation [251]. Because our escape-

mutant mapping approach works for polyclonal sera or plasmas in addition to monoclonal

antibodies [120], we mapped mutations that reduced binding by each of the four plasmas plus

one plasma sample without corresponding antibodies (Figure 6.3B; the plasmas are prefixed

with “COV-” to distinguish them from the antibodies which are prefixed with “C”).
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Figure 6.2: Mutations that escape antibody binding are usually in the direct
structural footprint. (A) The total escape at each site is mapped onto the surface of
the Fab-bound RBD, with white indicating no escape and red indicating the site with the
most escape from that antibody. Sites where no mutations are tolerated for RBD folding or
ACE2 binding are indicated in dark gray. For C105 and LY-CoV016, gray labels with dashed
lines indicate example contact sites with no tolerated mutations. For C110, the general area
where site 444 (unresolved in structure) would be located is indicated. (B) Total escape
at each site in the RBD, with sites classified according to whether they are an antibody
contact (within 4Å), antibody-proximal (4 to 8Å), antibody-distal (> 8Å), or unresolved in
the Fab-trimer structure. Text indicates the number of sites in each structural category that
are sites of strong escape, (n / total) shown in orange. See Methods for details and PDB
accessions.
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The plasma-escape maps shared many commonalities across all five individuals (Figure

6.3B), and generally resembled those from our prior study of a larger cohort of convalescent

individuals [120]. In particular, mutations to sites F456 and E484 reduced binding for all

five plasma samples (Figure 6.3B). Mutations to site E484 are of special note as the E484K

mutation is present in the emerging B.1.351, P.1, P.2, and B.1.526 SARS-CoV-2 lineages

[14, 94, 285, 302, 323] and can reduce the neutralization titer of convalescent plasmas by 3-

fold or more [42, 120, 189, 315, 324]. Mutations to other sites, such as G446–N450 and F486

also reduce binding for some of the plasma samples profiled here (Figure 6.3B), consistent

with our prior study of a larger cohort [120]. These findings suggest that while there is some

heterogeneity among which mutations reduce binding of different individuals’ polyclonal

plasma antibodies, there are also sites that are commonly targeted and should be monitored

for antigenic evolution.

While the escape maps for the different plasma samples shared broad similarities, they

often starkly differed from the escape maps of monoclonal antibodies isolated from the same

individuals (Figure 6.3B, compare plasma escape maps in logo plots with overlay bars showing

sites of escape for antibodies from the same individual). For instance, mutations to R346

had the largest effects on binding by the class 3 antibody C135, but had little effect on the

same individual’s plasma (COV-72). Similarly, mutations at K417 had the largest effects

on binding by the class 1 antibody C105, but had little effect on the corresponding plasma

(COV-107). Conversely, mutations to site G496 reduced binding by the COV-21 plasma, but

did not strongly affect any of the monoclonal antibodies in this study (Figure 6.3B). Overall,

the correlations between the sites at which mutations escaped binding for the monoclonal

antibodies and their corresponding polyclonal plasmas were highest for the class 2 antibodies,

and lower for the other antibody classes (Figure 6.3C).
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Figure 6.3: The mutations that reduce binding of polyclonal plasmas often differ
from those that reduce binding by monoclonal antibodies isolated from the same
individual. (A) Table indicating which plasmas and antibodies were derived from the
same individual. (B) Escape maps for the polyclonal plasma antibodies, as in Figure 6.1B.
The y-axis is scaled separately for each plasma (see Methods). When there are monoclonal
antibodies isolated from the same individual, the total monoclonal antibody escape at each
site is shown using the heat maps above the escape maps, with white indicating no effect and
black indicating strong escape. (C) Correlation of plasma and monoclonal antibody escape
for each plasma / antibody pair from the same individual. Each point in the scatter plots is
a site, with the x-axis indicating the total escape at that site for the antibody and the y-axis
indicating the total escape at that site for the plasma. Key sites are labeled. Pearson’s R
shown above each plot. Colors in B, C reflect antibody classes as in Figure 6.1.
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6.3.4 Class 2 antibodies contribute the most to the RBD escape maps of polyclonal plasmas

To more broadly compare how antibodies of different classes contribute to the convalescent

plasma escape maps, we used multidimensional scaling to project 22 antibodies and 28

polyclonal plasmas into a two-dimensional space of binding-escape mutations (Figure 6.4A;

the projection shows the 22 antibodies in Figure 6.1C, the 5 plasmas from Figure 6.3, and 23

plasmas from a previously characterized larger cohort [120]). The plasmas from both cohorts

cluster together in the space of binding escape, but far from some of the antibodies (Figure

6.4A). In particular, while the plasmas are often clustered towards the middle of the plot,

suggesting contributions from multiple antibody classes, most plasmas are positioned closest

to the class 2 antibodies in the space of binding escape (Figure 6.4A; an interactive version

that includes additional antibodies and vaccine sera is available at https://jbloomlab.gi

thub.io/SARS2 RBD Ab escape maps/).

To visualize the escape maps in terms of the RBD’s three-dimensional structure, we

projected onto the surface of the RBD the total escape at each site averaged across all

antibodies in a class, or all convalescent plasmas in a cohort (Figure 6.4B). Again, the

polyclonal plasmas most closely resembled the class 2 antibodies. For instance, mutations to

site E484 greatly reduced binding of both class 2 antibodies and polyclonal plasmas (Figure

6.4B). Most of the class 1 antibody contributions to the plasma binding-escape maps came

from sites shared with class 2 antibodies, such as F456 (Figure 6.4B), although note that

mutations to F456 often do not strongly reduce plasma neutralization [120]. Consistent

with the lesser contributions of class 1 antibodies, mutations at the class 1 site K417 had

little effect on plasma binding, and others have found that the K417N mutation alone has a

minimal-to-modest effect on plasma neutralization [51, 170, 315, 313]. Sites of escape from

class 3 antibodies (e.g., G446) had visible effects on the polyclonal plasmas, but again less so

than for class 2 antibody sites (Figure 6.4B). However, in a prior larger study [120], we found

that mutations to the 443–450 loop strongly reduced binding of plasmas from a minority of

https://jbloomlab.github.io/SARS2_RBD_Ab_escape_maps/
https://jbloomlab.github.io/SARS2_RBD_Ab_escape_maps/
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individuals, consistent with a few plasmas falling closer to class 3 than class 2 antibodies in

the space of binding-escape mutations (Figure 6.4A). Overall, these results show that while

multiple antibody specificities contribute, class 2 antibodies usually dominate convalescent

polyclonal plasmas–although once a virus has accumulated mutations in class 2 epitopes

(as has already occurred in some emerging lineages [94, 285, 302, 323]), then class 1 or 3

antibodies might dominate for the remaining anti-RBD antibody activity.

6.3.5 Escape maps are consistent with the RBD mutations that arise when virus is grown

in the presence of monoclonal antibodies

We assessed how well our escape maps predicted the actual antibody-escape mutations that

arose when virus was grown in the presence of the antibodies. Prior work selected viral

escape mutants by passaging chimeric vesicular stomatitis virus (VSV) encoding the SARS-

CoV-2 spike in the presence of several of the monoclonal antibodies we mapped in this study

[320]. We hypothesized that the mutations selected during viral passage would reduce an-

tibody binding without impairing ACE2 binding affinity. Accordingly, we examined how

all of the selected mutations affected both antibody binding (as measured in the current

study) and ACE2 affinity (as measured in our prior deep mutational scanning [280]). Figure

6.5A,B shows that in every case, the antibody-escape mutations selected in the virus were

indeed among the single-nucleotide-change accessible amino-acid mutations that mediated

the strongest escape from antibody binding without strongly impairing ACE2 affinity. Con-

versely, mutations that escaped antibody binding but were deleterious for ACE2 binding or

RBD expression (e.g., E484V/A and mutations to sites 455 and 456) were not selected in

the viral passaging. Therefore, our escape maps can be used in conjunction with prior data

on the functional effects of RBD mutations to largely predict which escape mutations will

arise when virus is grown in the presence of antibodies.

Weisblum and colleagues also tested many RBD point mutations for their effects on neu-
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Figure 6.4: The escape maps of convalescent polyclonal plasmas most resemble
class 2 antibodies. (A) Multidimensional scaling projection of the escape maps of poly-
clonal plasmas and monoclonal antibodies of each class. Antibodies or plasmas that are
nearby in the plot have their binding affected by similar RBD mutations. The antibodies
are those in Figure 6.1C, colored according to antibody class, as in Figure 6.1. The five
plasmas newly mapped in this study are shown in green, and the previously mapped 23
plasmas [120] are shown in white. (B) Structural projection of sites where mutations re-
duce binding by each class of monoclonal antibodies (left) or polyclonal plasmas (right).
The RBD surface coloring is scaled from white to red, with white indicating no escape,
and red indicating the site with the greatest average site-total escape for all antibodies
or plasmas in that group. Mutations to sites such as E484, F456, and F486 have some
of the largest effects on binding by polyclonal plasmas and class 2 antibodies. An inter-
active version of (A) that includes additional antibodies and vaccine sera is available at
https://jbloomlab.github.io/SARS2 RBD Ab escape maps/.

https://jbloomlab.github.io/SARS2_RBD_Ab_escape_maps/
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tralization of chimeric VSV or lentiviral particles by the antibodies studied here [320]. There

was generally good agreement between our escape maps and these previously measured ef-

fects of mutations on viral neutralization. Nearly all mutations with a > 100-fold reduction

in neutralization also had large effects in our escape maps, although in a few cases muta-

tions with more moderate effects on neutralization were not prominent in the escape maps

(Figure 6.5C, S6A). Previously, we and others have reported that single point mutations can

reduce the neutralization of some plasmas by > 10-fold, although other plasmas are largely

unaffected by any single mutation [120, 189, 320]. For the plasmas in this study, prior work

found that no tested mutation had such large effects on neutralization [320]. However, the

class 2 antibody-escape mutation E484K did reduce neutralization by COV47 plasma by ap-

proximately 5-fold [320], concordant with the prominence of site 484 in that plasma’s escape

map (Figure 6.3B, S6B).

6.3.6 Mutations that reduce binding by class 1, 2, and 3 antibodies are present in emerging

viral lineages

To assess the extent that SARS-CoV-2 has already acquired mutations that reduce binding by

each antibody class, we compared the total escape at each site averaged across all antibodies

of that class to the frequency of mutations at the site among sequenced SARS-CoV-2 isolates

in GISAID as of May 11, 2021 [91]. Figure 6.6A shows that mutations at sites targeted by

each antibody class are present at appreciable frequencies among sequenced SARS-CoV-2

isolates. In particular, sites K417 and E484 are the strongest sites of escape for class 1 and

class 2 antibodies, respectively—and mutations at both these sites are present in a substantial

number of sequenced viral isolates (Figure 6.6A). In contrast, mutations that most strongly

escape class 3 antibodies are currently not as prevalent among sequenced isolates (Figure

6.6A). While mutations have been observed at site K444 (the strongest site of escape from

class 3 antibodies), these are at lower frequency than site 417 or 484 mutations (Figure
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Figure 6.5: Escape maps predict mutations that are selected during viral growth
in the presence of monoclonal antibodies. (A) Mutations selected when chimeric VSV
encoding the SARS-CoV-2 spike was grown in the presence of each of the three indicated
antibodies by Weisblum et al. (2020) [320]. Each point represents a different amino-acid
mutation, with the x-axis indicating how strongly the mutation escapes antibody binding
(measured in the current study) and the y-axis indicating how well the mutant binds to
ACE2 (measured in [280]). The red diamonds indicate the mutations selected in VSV-spike
by Weisblum et al., the gray circles indicate all other amino-acid mutations accessible by a
single-nucleotide change, and the gold x’s indicate amino-acid mutations that require multiple
nucleotide changes to the codon. (B) Logo plots showing the effects of only single-nucleotide
accessible amino-acid mutations on antibody binding. Mutations selected in VSV-spike virus
by Weisblum et al. are colored red. (C) The correlation of the effects of mutations on an-
tibody binding measured in the current study and effects on viral neutralization previously
measured by Weisblum et al. [320] using chimeric VSV (top) or lentiviral particles (bottom).
The x-axis shows the escape fraction measured in the current study, and the y-axis shows
the fold-change in inhibitory concentration 50% (IC50) for viral neutralization caused by
that mutation, such that larger numbers correspond to greater reductions in neutralization
sensitivity. For effects of all antibody- and plasma-binding-escape mutations on ACE2 bind-
ing and RBD expression, see Figure 6.10. For each mutation’s escape fraction compared to
fold-change IC50 against each monoclonal antibody or polyclonal plasma tested in Weisblum
et al. [320], see Figure 6.12.
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6.6A). Mutations at the class 3 site L452 are present at higher frequency, but L452 is only

a moderate site of escape for this antibody class. For instance, mutations to L452 escape

binding of C135 but do not strongly escape the other class 3 antibodies. However, L452

mutations also escape binding of some class 2 antibodies. As expected from the fact that

class 2 antibodies dominate convalescent polyclonal plasma, the natural frequency versus

escape plots for the plasma closely resemble those for class 2 antibodies, with mutations at

site E484 having the largest effect (Figure 6.6B).

We also examined the presence of escape mutations for each antibody class in some

key emerging viral lineages (Figure 6.6C). All these emerging viral lineages except B.1.1.7

[232, 270, 313, 51, 312] have a mutation that escapes some antibodies from at least one

class. The class 2 antibody escape mutation E484K is present in the B.1.351, P.1, P.2 and

B.1.526 lineages (Figure 6.6C) [14, 94, 285, 302, 323]. Two of these lineages, B.1.351 and P.1,

also have a class 1 antibody escape mutation, K417N or K417T, respectively (Figure 6.6C).

The B.1.427/429 and B.1.617 lineages carry a class 3 antibody escape mutation (L452R;

Figure 6.6C). No viral lineages currently combine mutations that escape all three antibody

classes—but the future emergence of a class 3 escape mutation in one of the lineages that

already escape class 1 and 2 antibodies (B.1.351 or P.1) would be a worrying development,

and should be monitored for closely.

6.4 Discussion

We comprehensively mapped all mutations that escape binding by three major classes of

antibodies targeting the SARS-CoV-2 RBD, and compared these escape maps to those for

convalescent polyclonal plasma. We find that while multiple antibody specificities contribute,

a single antibody class (class 2) largely shapes how RBD mutations affect binding by poly-

clonal plasma, even for individuals from whom potent neutralizing antibodies of other classes

were isolated. A similarly unequal immunodominance of different epitopes has also been de-
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Figure 6.6: Mutations that escape binding by antibodies and plasmas among se-
quenced SARS-CoV-2 isolates. (A) The total escape at each site averaged across anti-
bodies in each class versus frequency of mutations at each site in GISAID sequences as of May
11, 2021. (B) The total escape at each site averaged across the polyclonal plasmas versus
frequency of mutations at each site in GISAID sequences. Left: plasma samples profiled in
this study, right: plasma samples profiled previously [120]. (C) Antibody-escape mutations
found in emerging viral lineages. RBD mutations in each lineage are assigned to the class
of antibody they most strongly escape (e.g., E484K most strongly escapes class 2 antibodies
but may also affect some class 1 antibodies). Other RBD mutations present in each viral
lineage with negligible effects on binding of these antibodies are listed at right. For numbers
of antibodies in each class, see n indicated in each panel in A and B. In each plot, key sites
are labeled and colored according to RBD epitope using the same color scheme as in Figure
6.1.



205



206

scribed for other viral antigens, such as influenza hemagglutinin [12, 13]. However, the

immunodominance of different epitopes can vary depending on the antigen formulation and

delivery [12], and there is preliminary evidence that some vaccines could elicit antibody re-

sponses to SARS-CoV-2 with immunodominance hierarchies that are less skewed than those

elicited by infection [51, 120, 121, 315].

The importance of class 2 antibodies in the RBD-targeting portion of polyclonal plasma

could be due in part to the twin facts that their epitope is exposed in both up and down

conformations of the RBD, and that such antibodies are often generated from frequently

observed germline genes (including VH1-2, VH3-53, VH1-69) [33, 38, 166, 251, 318, 346, 345,

335]. Consistent with our work here showing that class 2 antibodies shape how mutations

affect polyclonal plasma binding, mutations at the site that most strongly affects binding by

this antibody class (E484) have arisen multiple times in emerging viral lineages [14, 94, 285,

302, 323]. Therefore, our results show the importance of thinking about antigenic evolution

in the context of different classes of antibodies that recognize different epitopes on the RBD.

Our work also sheds light on the extent to which it is functionally meaningful to subdivide

anti-RBD antibodies into distinct classes based on their structurally defined epitopes. These

structurally defined classes are inherently approximate groupings, since even antibodies with

superficially similar structural epitopes bind to their antigens in subtly distinct ways [16].

Our comprehensive maps of binding escape mutations capture these subtle differences, and

show that antibodies in the same structurally defined class can be differentially affected by

the same mutation. Using the escape maps, we can visualize how the antibodies are related

in terms of how their binding is functionally impacted by mutations at different RBD sites.

These visualizations show that the arrangement of antibodies in the space of viral escape

is indeed continuous, but that the class definitions based on structural analyses capture the

high-level features of this arrangement since the structural footprint of an antibody largely

determines which mutations most impact its binding. However, we suggest that in some
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cases, more continuous visualizations of the arrangements of antibodies in the space of viral

escape such as the ones we present here could have benefits over structural classification

schemes for analyzing the impacts of viral mutations.

There are several limitations to our study. First, we did not examine effects of mutations

or deletions to the NTD, which can also affect neutralization [11, 207, 189, 202, 303, 320]. Our

experiments assayed binding of antibodies to monomeric yeast-expressed RBD, and so cannot

capture mutational effects on trimer conformation or antibodies with quaternary epitopes

[16]. Additionally, our experiments were designed to identify mutations with large effects

on antibody binding, and may overlook mutations with more subtle effects. Finally, the N-

linked glycans on yeast-expressed proteins are more mannose-rich than those on mammalian-

expressed proteins [127].

Framing viral antigenic evolution in terms of different classes of antibody epitopes is

useful for interpreting the impacts of viral mutations and forecasting where in the RBD new

escape mutations may arise in the future. Consistent with our work showing that mutations

at class 2 antibody epitopes generally cause the largest reductions in the binding of polyclonal

anti-RBD plasma antibodies elicited by infection, many emerging SARS-CoV-2 lineages have

already acquired a mutation (E484K) at the site that most potently escapes antibodies of

this class. Once viruses have escaped class 2 antibodies, antibodies of other classes (i.e., class

1 and 3) will contribute most remaining RBD-targeted antibody immunity. In this respect,

it is noteworthy that some of the most prominent emerging viral lineages with E484K have

also acquired a mutation (K417N/T in B.1.351 and P.1, respectively) at the site that most

potently escapes binding by class 1 antibodies. Moreover, the B.1.427/429 and B.1.617.2

viral lineages contain a moderate class 3 escape mutation (L452R) [77, 350], and B.1.617.1

contains both E484Q and L452R [238]. Other clusters of sequences containing mutations

to class 2 and 3 epitopes (E484K, R346K) have been reported [72]. Fortunately, no major

viral lineages currently contain mutations to all three epitopes. However, we suggest the
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appearance of such a variant would be a worrying development, and should be monitored

closely.

6.5 Materials and Methods

SARS-CoV-2 convalescent human plasma samples

Plasma samples were previously described and collected as part of a prospective longitudi-

nal cohort study of SARS-CoV-2 convalescent individuals in New York, NY [251]. Plasma

samples profiled in this study were obtained 21–35 days post-symptom onset [251]. Samples

were obtained upon written consent from community participants under protocols approved

by the Institutional Review Board of the Rockefeller University (DRO-1006). All samples

were heat-inactivated prior to use by treatment at 56 C for 60 minutes. Prior to use in each

assay, plasma samples were centrifuged for 15 min at 2000 ×g to pellet platelets.

Neutralizing monoclonal antibodies binding the SARS-CoV-2 spike RBD

Antibodies were isolated from individuals in the cohort above as previously described [251].

Briefly, the IGH, IGL, and IGK genes were sequenced using IgG-specific primers from

single-cell sorted RBD+, CD20+ memory B cells (CD3-CD8-CD14-CD16-CD20+Ova-RBD-

PE+RBD-AF647+). Recombinant monoclonal antibodies were produced and purified as

previously described [160, 265]. Antibodies were produced with a human IgG1 heavy chain

and human IgK (C002, C110, C135) or human IgL2 (C105, C121, C144) constant regions.

These antibodies were previously structurally characterized in complex with SARS-CoV-2 S

trimer [17, 16]. A subset was functionally characterized in [261, 320]. The PBD accessions

for the antibody-S complex structures are: 6XCM and 6XCN for C105, 7C01 for LY-CoV016,

7K8S and 7K8T for C002, 7K8X and 7K8Y for C121, 7K90 for C144, 7K8Z for C135, and

7K8V for C110 [17, 16, 271]. The protein sequences for these antibodies are available at the

aforementioned PDB accession numbers.
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RBD deep mutational scanning library

Monoclonal antibody and polyclonal clonal plasma selection experiments were performed

in biological duplicate using a deep mutational scanning approach ([124]) with previously

described duplicate yeast-displayed mutant RBD libraries [280]. These libraries were gener-

ated in the RBD background of the SARS-CoV-2 isolate Wuhan-Hu-1 (Genbank accession

number MN908947, residues N331–T531) via NNS codon tiling PCR mutagenesis, which

introduced an average of 2.7 amino acid mutations per library variant. RBD variants were

linked to unique 16-nucleotide barcode sequences to facilitate downstream sequencing and

bottlenecked to library sizes of approximately 100,000 uniquely barcoded variants. The li-

braries contain 3,804 of the 3,819 possible amino-acid mutations, with > 95% present as

single mutants on at least one barcode in the libraries. We previously used these libraries

to measure the effect of all RBD mutations on yeast-surface RBD expression and ACE2

affinity [280]. These libraries were sorted to eliminate variants that lose ACE2 binding prior

to mapping the antibody-escape variants ([124]).

FACS sorting of yeast libraries to select mutants with reduced binding by polyclonal plasmas

Antibody labeling and selection was performed essentially as described in [124]. Specifically,

9 OD aliquots of RBD libraries were thawed and grown overnight at 30°C 275 rpm in 45mL

SD-CAA (6.7 g/L Yeast Nitrogen Base, 5.0 g/L Casamino acids, 1.065 g/L MES, and 2%

w/v dextrose). Libraries were diluted to an OD of 0.67 in SG-CAA+0.1% dextrose (SD-CAA

with 2% w/v galactose and 0.1% w/v dextrose in place of 2% dextrose), and incubated for

16–18 hours at room temperature with mild agitation to induce RBD surface expression.

For each antibody selection, 20 OD units of induced cells were washed twice with PBS-BSA

(0.2 mg/mL), and incubated in 4mL of PBS-BSA with monoclonal antibody or plasma for 1

h at room temperature with gentle agitation. Incubations were performed with 400 ng/mL

for each monoclonal antibody (C105, C144, C002, C121, C135, or C110) or with a sub-
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saturating dilution of polyclonal plasma such that the amount of fluorescent signal due to

plasma antibody binding to RBD was approximately equal across plasmas (COV-021, 1:500;

COV-047, 1:200; COV-057, 1:50; COV-072, 1:200; COV-107, 1:80). Labeled cells were

washed with ice-cold PBS-BSA followed by secondary labeling for 1 h at 4°C in 2.5 mL 1:200

PE-conjugated goat anti-human-IgG (Jackson ImmunoResearch 109-115-098) to label for

bound monoclonal antibody or 1:200 Alexa-647-conjugated goat anti-human-IgA+IgG+IgM

(Jackson ImmunoResearch 109-605-064) to label for bound plasma antibodies, and 1:100

FITC-conjugated anti-Myc (Immunology Consultants Lab, CYMC-45F) to label for RBD

surface expression. Labeled cells were washed twice with PBS-BSA and resuspended in 2.5mL

PBS. Yeast expressing the unmutated SARS-CoV-2 RBD were prepared in parallel to library

samples, labeled at the same 400 ng/mL and 100x reduced 4 ng/mL antibody concentrations

for the monoclonal antibodies, and with 1x and 10x reduced plasma concentrations for the

polyclonal plasmas.

Yeast cells expressing RBD variants with substantially reduced antibody binding were

selected via fluorescence-activated cell sorting (FACS) on a BD FACSAria II, using FACSDiva

software, version 6.1. For monoclonal antibody selections, FACS selection gates were drawn

to capture 95% of yeast expressing unmutated SARS-CoV-2 RBD labeled at 100x reduced

antibody concentration relative to library samples. For polyclonal plasma selections, FACS

selection gates were drawn to capture 2.8–5% of the RBD mutants with the lowest amount

of plasma binding for their degree of RBD expression (Figure 6.7A–C). Nearly zero (< 0.1%)

and 0.2 to 27.2% of cells expressing unmutated RBD fell into this gate when stained with

1x and 0.1x the concentration of plasma, respectively. For each sample, approximately

10 million RBD+ cells (range 8.7e6 to 1.5e7 cells) were processed on the cytometer, with

between 1.5e6 and 2.0e6 monoclonal antibody-escaped cells and 3.2e5 and 5.3e5 plasma-

escaped cells collected per sample. Antibody-escaped cells collected per sample into SD-

CAA supplemented with 1% w/v BSA and grown overnight in 1.5mL SD-CAA + 100 U/mL
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penicillin + 100 µg/mL streptomycin at 30°C 275 rpm.

DNA extraction and Illumina sequencing

Plasmid samples were prepared from up to 7.5 OD units (4e7 CFUs) of overnight cul-

tures of antibody-escaped cells, and 30 OD units (1.6e8 CFUs) of pre-selection yeast pop-

ulations (Zymoprep Yeast Plasmid Miniprep II) per manufacturer instructions, with the

addition of a -80°C freeze-thaw step prior to cell lysis. The 16-nucleotide barcode se-

quences identifying each RBD variant were amplified by PCR and prepared for Illumina

sequencing exactly as described previously [280]. Specifically, a primer with the sequence

5’-AATGATACGGCGACCACCGAGA-3’ was used to anneal to the Illumina P5 adaptor

sequence, and the PerkinElmer NextFlex DNA Barcode adaptor primers with the sequence 5’-

CAAGCAGAAGACGGCATACGAGATxxxxxxxxGTGACTGGAGTTCAGACGTGTGCT-

CTTCCGATCT-3’ (where xxxxxxxx indicates the sample index sequence) were used to

anneal to the Illumina P7 adaptor sequence and append sample indexes for sample multi-

plexing. Barcodes were sequenced via 50 bp single-end reads on an Illumina HiSeq 2500,

targeting at least 2.5x as many sequencing reads as FACS-selected cells, and pre-sort refer-

ence populations of at least 2.5e7 reads.

Analysis of mutant library deep sequencing and computation of per-mutant escape fractions

Escape fractions were computed as described in [124], with minor modifications as noted

below. Specifically, we used the dms variants package (https://jbloomlab.github.io/

dms variants/, version 0.8.5) to process Illumina sequences into counts of each barcoded

RBD variant in each pre-sort and antibody-escape population using the barcode/RBD look-

up table from [280]. Markdown renderings of these steps in the computational analysis are at

https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Rockefeller/blob/main/resul

ts/summary/aggregate variant counts.md and https://github.com/jbloomlab/SARS-

https://jbloomlab.github.io/dms_variants/
https://jbloomlab.github.io/dms_variants/
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/aggregate_variant_counts.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/aggregate_variant_counts.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/counts_to_cells_ratio.md
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CoV-2-RBD MAP Rockefeller/blob/main/results/summary/counts to cells ratio.md.

For each antibody selection, we then computed the escape fraction for each barcoded

variant using the deep sequencing counts for each variant in the original and antibody-

escape populations and the total fraction of the library that escaped antibody binding via

the formula provided in [124]. These escape fractions represent the estimated fraction of cells

expressing that specific variant that falls in the antibody escape bin, so a value of 0 means

the variant is always bound by antibody and a value of 1 means that it always escapes

antibody binding. We then applied a computational filter to remove variants with low

sequencing counts or highly deleterious mutations that might cause antibody escape simply

by leading to poor expression of properly folded RBD on the yeast cell surface. Specifically,

we ignored all variants with pre-selection sequencing counts that were lower than the counts

for the 99th percentile of the stop-codon containing variants because stop codon variants are

largely purged by the earlier sorts for RBD expressing and ACE2-binding variants and so any

residual presence provides an indication of low-count noise. Next, we removed any variants

that had poor RBD expression or ACE2 binding, or contained mutations that individually

cause poor RBD expression and ACE2 binding to eliminate misfolded or non-expressing

RBDs. Specifically, we removed variants that had (or contained mutations with) ACE2

binding scores < −2.35 or expression scores < −1, using the variant- and mutation-level

deep mutational scanning scores [280]. Note that these filtering criteria are slightly more

stringent than those used in [124] but are identical to those used in [120, 278]. The ACE2

binding cutoff of -2.35 is used to represent the binding of RaTG13 to human ACE2 [280],

which possesses the lowest known affinity capable of mediating cell entry [179]. The RBD

expression cutoff of −1 is used to eliminate mutations that have as large an expression

deficit as mutations to core disulfide residues. 2,034 of the 3,819 possible RBD amino acid

mutations passed these filtering steps and were included in our escape maps. All previously

reported escape mapping data [124, 120, 278, 279, 83] were reanalyzed in this study with

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/counts_to_cells_ratio.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/counts_to_cells_ratio.md
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the parameters listed above. A markdown rendering of the computation of the variant-level

escape fractions and the variant filtering is at https://github.com/jbloomlab/SARS-Co

V-2-RBD MAP Rockefeller/blob/main/results/summary/counts to scores.md.

Because some library variants contain multiple amino acid mutations, we next decon-

volved variant-level escape scores into escape fraction estimates for single mutations us-

ing global epistasis models [220] implemented in the dms variants package, as detailed at

(https://jbloomlab.github.io/dms variants/dms variants.globalepistasis.html).

In this fitting, we excluded variants that contained mutations that were not seen as either

single mutants or in at least two multiple-mutant variants. We then computed the esti-

mated effect of each mutation as the impact of that mutation on the observed phenotype

scale transformation of its latent phenotype as computed using the global epistasis models,

and applied a floor of zero and a ceiling of 1 to these escape fractions. All of the above

analysis steps were performed separately for each of the duplicate mutant libraries. We then

only retained mutations that passed all of the above filtering and were measured in both li-

braries or had at least two-single mutant variant measurements in one library. The reported

scores throughout the paper are the average across the libraries; these scores are also at

https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Rockefeller/blob/main/res

ults/supp data/all samples raw data.csv. Correlations in final single-mutant escape

scores are shown in Figure 6.8. A markdown rendering of the computation that computes

these mutation-level escape fractions is at https://github.com/jbloomlab/SARS-CoV-2-

RBD MAP Rockefeller/blob/main/results/summary/scores to frac escape.md.

For plotting and analyses that required identifying RBD sites of strong escape (e.g.,

choosing which sites to show in logo plots in Figure 6.1A or Figure 6.3B or label in Figure

6.2B), we considered a site to mediate strong escape if the total escape (sum of mutation-

level escape fractions) for that site exceeded the median across sites by > 10 fold, and was

at least 10% of the maximum for any site. A markdown rendering of the identification of

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/counts_to_scores.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/counts_to_scores.md
https://jbloomlab.github.io/dms_variants/dms_variants.globalepistasis.html
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/supp_data/all_samples_raw_data.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/supp_data/all_samples_raw_data.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/scores_to_frac_escape.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/scores_to_frac_escape.md
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these sites of strong escape is at https://github.com/jbloomlab/SARS-CoV-2-RBD MAP R

ockefeller/blob/main/results/summary/call strong escape sites.md.

Comparison of mutation escape fractions to previously measured neutralization concentra-

tions

In Figure 6.5C and Figure 6.12, mutation-level antibody-escape fractions measured in this

study are compared to previously measured neutralization titers (inhibitory concentration

50%, IC50) of the same monoclonal antibodies and polyclonal plasmas against some RBD

point-mutants [320]. The numerical IC50 values were extracted from figures in Weisblum et

al. (2020) [320] using the WebPlotDigitizer tool v4.4 (https://apps.automeris.io/wpd/).

We convert those previously measured IC50s to fold-change IC50 relative to wildtype RBD.

The numerical IC50s found in [320] are also tabulated at https://github.com/jbloomlab

/SARS-CoV-2-RBD MAP Rockefeller/blob/main/experimental data/data/weisblum ic5

0.csv.

Analysis of mutations in circulating human SARS-CoV-2 strains

For the analysis in Figure 6, all 765,455 spike sequences on GISAID(Elbe and Buckland-

Merrett, 2017) as of May 11, 2021 were downloaded and aligned via mafft(Katoh and Stan-

dley, 2013) Sequences from non-human origins and sequences containing gap or ambiguous

characters were removed, as were sequences with extremely high numbers of RBD muta-

tions relative to other sequences, leaving 679,502 retained sequences. All RBD amino-acid

mutations were enumerated compared to the reference Wuhan-Hu-1 SARS-CoV-2 RBD se-

quence (Genbank MN908947, residues N331–T531). We acknowledge all contributors to

the GISAID EpiCoV database for their sharing of sequence data (all contributors listed at:

https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Rockefeller/blob/main/data/

gisaid hcov-19 acknowledgement table.pdf).

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/call_strong_escape_sites.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/call_strong_escape_sites.md
https://apps.automeris.io/wpd/
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/experimental_data/data/weisblum_ic50.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/experimental_data/data/weisblum_ic50.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/experimental_data/data/weisblum_ic50.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/data/gisaid_hcov-19_acknowledgement_table.pdf
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/data/gisaid_hcov-19_acknowledgement_table.pdf
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Data visualization

The static logo plots in the paper were created using dmslogo (https://jbloomlab.gith

ub.io/dmslogo/) version 0.6.2; a markdown rendering of the code that creates these logo

plots is at https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Rockefeller/blob/ma

in/results/summary/escape profiles.md. For each plasma, the y-axis is scaled to be the

greatest of (a) the maximum site-wise escape metric observed for that plasma, (b) 20x the

median site-wise escape fraction observed across all sites for that plasma, or (c) an absolute

value of 1.0 (to appropriately scale plasmas that are not “noisy” but for which no mutation

has a strong effect on plasma binding).

In Figure 6.10, mutations are colored by prior deep mutational scanning measurements

of yeast-displayed RBD ACE2 affinity and RBD expression from [280], which are available

at https://github.com/jbloomlab/SARS-CoV-2-RBD DMS/blob/master/results/singl

e mut effects/single mut effects.csv.

The multidimensional scaling in Figure 6.1C and Figure 6.4A that projects the antibodies

into a two-dimensional space of escape mutations was performed using the Python scikit-

learn package, version 0.23.2. We computed the similarity and dissimilarity in the escape

maps between each pair of antibodies, then performed metric multidimensional scaling with

two components on the dissimilarity matrix exactly as defined in [124]. In Figure 6.1C, the

multidimensional scaling shows antibodies as pie charts colored proportionally to the total

squared site escape that falls into that RBD structural region. The code that generates these

logo plot visualizations is available at https://github.com/jbloomlab/SARS-CoV-2-RB

D MAP Rockefeller/blob/main/results/summary/mds escape profiles.md.

The interactive visualizations of the escape maps and their projections on the RBD-

antibody structures available at https://jbloomlab.github.io/SARS-CoV-2-RBD MAP R

ockefeller were created using dms-view (https://dms-view.github.io/docs/)(Hilton

et al., 2020).

https://jbloomlab.github.io/dmslogo/
https://jbloomlab.github.io/dmslogo/
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/escape_profiles.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/escape_profiles.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/single_mut_effects/single_mut_effects.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_DMS/blob/master/results/single_mut_effects/single_mut_effects.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/mds_escape_profiles.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/mds_escape_profiles.md
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Rockefeller
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Rockefeller
https://dms-view.github.io/docs/
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The static structural views (Figure 6.2A, 6.11) in the paper were rendered in PyMOL

using antibody-bound RBD structures. PBDs are as follows: C105, 6XCN; LY-CoV016,

7C01; C110, 7K8V; C135, 7K8Z; C144, 7K90; C002, 7K8S; C121, 7K8Y. In Figure 6.11B,

7K8T is used instead of 7K8S to illustrate the quaternary antibody epitope. For identifying

contact sites to highlight in Figure 6.1B logo plots or to classify sites in Figure 6.2B as

contact sites (within 4Åof antibody) or antibody-proximal sites within 4–8Å, the following

PDBs were used: 6XCM and 6XCN for C105, 7K8S and 7K8T for C002, 7K8X and 7K8Y

for C121, 7K90 for C144, 7K8Z for C135, and 7K8V for C110)(Barnes et al., 2020a, 2020b).

Structural distances were computed using the bio3d package version 2.4.0 in R version 3.6.2

[119]. Surface representations of the RBD for non-antibody-bound structures utilize PDB

6M0J [172].

In many of the visualizations, the RBD sites are categorized by epitope region (class 1,

class 2, or class 3), defined by [16] and colored accordingly. We define the class 1 epitope

as residues 403+405+406+417+420+421+453+455–460+473–476+486+487+489+504, the

class 2 epitope to be residues 455+456+472+483–487+489+490+491+492+493+494, and

the class 3 epitope to be residues 345+346+437–452+496+498–501. There are 5 residues

that overlap between the class 1 and class 2 epitopes: 455+456+486+487+489.

Data Availability

The raw Illumina sequencing data generated in this study have been deposited in the NCBI

SRA database under accession code BioProject: PRJNA639956, BioSample SAMN18148595.

The data are available without restriction. The processed Illumina sequencing counts for the

escape mapping are available at https://github.com/jbloomlab/SARS-CoV-2-RBD MAP

Rockefeller/blob/main/results/counts/variant counts.csv. The raw data tables

of mutant escape fractions are at: https://github.com/jbloomlab/SARS-CoV-2-RBD M

AP Rockefeller/blob/main/results/supp data/all samples raw data.csv. These

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/counts/variant_counts.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/counts/variant_counts.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/supp_data/all_samples_raw_data.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/supp_data/all_samples_raw_data.csv
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data are the escape fractions shown in Figures 1–6 and Figures 6.8–6.12. The following

publicly available datasets were used in the analysis in this study: The PDB accessions for

the antibody-S complex structures are: 6XCM and 6XCN for C105, 7C01 for LY-CoV016,

7K8S and 7K8T for C002, 7K8X and 7K8Y for C121, 7K90 for C144, 7K8Z for C135, and

7K8V for C110 [17, 16, 271]. The protein sequences for these antibodies are available at

the aforementioned PDB accession numbers. Surface representations of the RBD for non-

antibody-bound structures utilize PDB 6M0J [172]. The unmutated SARS-CoV-2 RBD

sequence is that from isolate Wuhan-Hu-1 (Genbank accession number MN908947, residues

N331–T531). The analysis in Figure 6.6 uses all 765,455 spike sequences on the GISAID

EpiCoV database (https://www.gisaid.org/) as of May 11, 2021. Together, these are

the minimal set of data required to replicate the analysis. All data are available without

restriction.

Code Availability

The complete custom code computational pipeline for escape-mapping data analysis is avail-

able at https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Rockefeller and archived

in the Zenodo repository (DOI 10.5281/zenodo.4901733). Markdown summaries of the

escape-mapping data analysis steps are at https://github.com/jbloomlab/SARS-CoV-2-

RBD MAP Rockefeller/blob/main/results/summary/summary.md.

Materials Availability

The SARS-CoV-2 RBD mutant libraries (#1000000172) and unmutated parental plasmid

(#166782) are available on Addgene.

https://www.gisaid.org/
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller
10.5281/zenodo.4901733
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/summary.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/results/summary/summary.md
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Figure 6.7: Approach for mapping RBD mutations that reduce binding by mon-
oclonal antibodies or polyclonal plasmas. (A) The RBD is expressed on the surface
of yeast. Flow cytometry is used to quantify both RBD expression (via a C-terminal MYC
tag) and antibody binding to the RBD protein expressed on the surface of each yeast cell. A
library of yeast expressing different RBD mutants were incubated with antibodies or plasmas
and binding was detected using a IgG or IgA+IgG+IgM secondary antibody for monoclonal
antibodies or polyclonal plasmas, respectively. We then used FACS to enrich for cells ex-
pressing RBD that bound reduced levels of antibody, and deep sequencing to quantify the
frequency of each mutation in the initial and antibody-escape cell populations. We quan-
tified the effect of each mutation as the “escape fraction,” which represents the fraction of
cells expressing RBD with that mutation that fell in the antibody escape FACS bin. Escape
fractions are represented in logo plots, with the height of each letter proportional to the effect
of that amino-acid mutation on antibody binding. The site-level escape metric is the sum of
the escape fractions of all mutations at a site. Note that both experimental and computa-
tional filtering steps were used to remove RBD mutants that were misfolded or completely
unable to bind the ACE2 receptor (see Methods). (B) Representative plots of nested FACS
gating strategy used for all plasma-selection experiments to select for single cells (SSC-A vs.
FSC-A, SSC-W vs. SSC-H, and FSC-W vs. FSC-H) that also express RBD (FITC-A vs.
FSC-A). (C) FACS gating strategy for one of two independent libraries to select cells ex-
pressing RBD mutants with reduced binding by monoclonal antibodies or polyclonal plasmas
(cells in blue). Gates were set manually during sorting. Different strategies were used for
monoclonal antibodies vs. polyclonal plasmas. For monoclonal antibodies, selection gates
were set to capture up to 95% of yeast cells expressing unmutated RBD, stained with an
antibody concentration 100x lower than that used for library staining. For polyclonal plas-
mas, selection gates were set to capture 3–6% of the RBD+ library. The same gate was set
for both independent libraries stained with each plasma, and the FACS scatter plots looked
qualitatively similar between the two libraries. For information on the fraction of library
cells that fall into each selection gate, see https://github.com/jbloomlab/SARS-CoV-2-

RBD MAP Rockefeller/blob/main/data/SupplementaryTable2.xlsx.

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/data/SupplementaryTable2.xlsx
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Rockefeller/blob/main/data/SupplementaryTable2.xlsx
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Figure 6.8: Correlations between replicates for site- and mutation-level escape
metrics. (A) Correlation plots of site-level escape for each of the two independent RBD
mutant libraries for each antibody or plasma. Each point represents one site in the RBD.
(B) Correlation plots of mutation-level escape for each of the two independent RBD mutant
libraries for each antibody or plasma. In this plot, each point represents a different mutation.
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Figure 6.9: Escape maps for class 1, 2, or 3 antibodies we have profiled here or
in previous studies. Escape maps for (A) class 1, (B) class 2, or (C) class 3 antibodies
shown in Figure 6.1C. All escape maps were previously generated [83, 124, 278, 279] except
for C105, C144, C002, C121, C135, and C110 which are new to this study. Different sets of
key sites are shown for each of the three antibody classes (see Methods). Sites are colored
by RBD epitope as in Figure 6.1, also shown in panel (D). For the escape maps of class 4
antibodies shown in Figure 6.1C, see [124].
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Figure 6.10: Logo plots colored according to effects of mutations on ACE2 binding
and RBD expression. Logo plots show the escape fractions of each mutation at key sites
(any site called as a site of strong escape for any antibody or plasma). Letters are colored
by how mutations affect RBD affinity for ACE2 or RBD expression as measured via yeast
display [280], with yellow indicating poor affinity or expression and brown indicating good
affinity and expression. The top 6 rows of logo plots are for monoclonal antibodies; the
bottom 5 rows are for polyclonal plasmas.
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Figure 6.11: Visualization of the maximum escape at a site mapped onto cartoon
representations of antibody-bound RBD. (A) Mapping of maximum antibody escape
at a site to the antibody-bound RBD. Antibody-contact sites on the RBD (within 4Å) are
shown as spheres. Sites with no escape measurements due to excessive functional constraint
on the site are shown in dark gray. Each site is colored according to the maximum escape
fraction of any mutation at that site (whereas Figure 6.2 shows site total escape), scaled from
white (no escape) to red (maximum escape for any mutation for that antibody). Inset panels
at right indicate key RBD-antibody interactions where mutations to the indicated RBD site
disrupt antibody binding. RBD color scale indicates site total escape, as in Figure 6.2A.
(B) Visualization of class 2 antibody quaternary epitopes. The total escape at each site is
mapped onto the surface of the Fab-bound RBD as in Figure 6.2A, with white indicating
no escape, and red indicating the site with the most escape from that antibody. Sites where
no mutations are tolerated are indicated in dark gray. Antibody quaternary contact sites
are shown in periwinkle. The C144 antibody binds to spike trimer in the “all RBDs down”
conformation and forms a quaternary epitope that bridges across two adjacent RBDs by
binding to a hydrophobic RBD cavity at the base of the N343 N-linked glycan. The C002 and
C121 antibodies, when bound to a downRBD, can form a quaternary epitope with an adjacent
up-RBD. The up-RBD also contacts another C121 Fab [16]. Our yeast-display system utilizes
monomeric RBD and therefore does not map escape mutations to quaternary contact sites.
These results thus cannot be used to determine the importance of the quaternary sites for
antibody binding. Previous work, however, has shown that the V367F RBD mutation to the
C144 quaternary epitope does not affect neutralization of pseudotyped lentivirus by C144
[320]. See Methods for PDB accession codes used to generate structural representations.
Antibody heavy chains are shown in dark blue, and light chains are in light blue.
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Figure 6.12: The previously measured effects of spike mutations on neutralization
for 3 monoclonal antibodies and 3 polyclonal plasmas. (A) The effects of mutations
on neutralization of chimeric VSV encoding the SARS-CoV-2 (left) or spike-pseudotyped
lentivirus particles (right) by monoclonal antibodies from [320]. The y-axis shows the fold-
change in IC50 compared to the Wuhan-Hu-1-like spike, such that larger numbers are greater
reductions in neutralization sensitivity. Mutations that had IC50s at or above the limit of
detection are indicated as triangles. Points are colored according to their mutation escape
fraction (Figure 6.1, Supplementary Data 1). Wildtype is in gray. (B) The effects of muta-
tions on neutralization of spike-encoding chimeric VSV by polyclonal antibodies from [320].
Wildtype spike IC50 values are shown in gray. NTD mutations are shown in blue. Escape
fraction color scales are independent in (A) and (B).
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Chapter 7

ANTIBODIES ELICITED BY MRNA-1273 VACCINATION
BIND MORE BROADLY TO THE RECEPTOR BINDING

DOMAIN THAN DO THOSE FROM SARS-COV-2 INFECTION

A version of this chapter has been previously published as:

Greaney AJ, Loes AN, Gentles LE, Crawford KHD, Starr TN, Malone KD, Chu HY,

Bloom JD. Antibodies elicited by mRNA-1273 vaccination bind more broadly to the

receptor binding domain than do those from SARS-CoV-2 infection. Sci Transl Med.

2021 Jun 30;13(600):eabi9915. doi: 10.1126/scitranslmed.abi9915. Epub 2021 Jun

8. PMID: 34103407; PMCID: PMC8369496.

7.1 Abstract

The emergence of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) variants

with mutations in key antibody epitopes has raised concerns that antigenic evolution will

erode adaptive immunity elicited by prior infection or vaccination. The susceptibility of

immunity to viral evolution is shaped in part by the breadth of epitopes targeted. To inves-

tigate how vaccine responses may be influenced by viral evolution, we used deep mutational

scanning to compare the specificity of antibodies elicited by the mRNA-1273 vaccine versus

natural infection with SARS-CoV-2. The neutralizing activity of vaccine-elicited antibod-

ies is even more focused on the spike receptor-binding domain (RBD) than for infection-

elicited antibodies. However, within the RBD, binding of vaccine-elicited antibodies is more

broadly distributed across epitopes than for infection-elicited antibodies. This greater bind-

10.1126/scitranslmed.abi9915
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ing breadth suggests that single RBD mutations have less impact on neutralization by vaccine

sera than convalescent sera. Therefore, antibody immunity acquired by infection or different

modes of vaccination may have differing susceptibility to erosion by viral evolution.

One Sentence Summary: Deep mutational scanning shows the mRNA-1273 RBD-binding

antibody response is less affected by single viral mutations than the infection response.

7.2 Introduction

Mitigation of the coronavirus disease 2019 (COVID-19) pandemic will depend on popula-

tion immunity acquired via infection with or vaccination against severe acute respiratory

syndrome coronavirus 2 (SARS-CoV-2). Unfortunately, humans are repeatedly re-infected

with the endemic “common-cold” coronaviruses [263], at least in part because these viruses

evolve to escape neutralizing antibody immunity elicited by prior infection [89]. SARS-

CoV-2 is already undergoing similar antigenic evolution, with the recent emergence of new

viral lineages with reduced neutralization by antibodies elicited by infection and vaccination

[42, 51, 110, 313, 315, 324]. Preliminary results suggest that immunity still provides substan-

tial protection against infection and severe disease [2, 1] caused by these new viral lineages;

however, if SARS-CoV-2 is similar to other human coronaviruses, then, at minimum, the

protection against reinfection will eventually be eroded by viral evolution.

However, unlike for other human coronaviruses, a large fraction of the population is

acquiring SARS-CoV-2 immunity from vaccination rather than infection. The first two

vaccines approved for emergency use in the United States were Moderna’s mRNA-1273 and

Pfizer/BioNTech’s BNT162b2. Both mRNA vaccines encode the full SARS-CoV-2 spike

ectodomain with a transmembrane anchor and stabilizing S-2P mutations [63]. It is possible

that these vaccines could elicit antibodies with distinct specificities compared to natural

infection due to variation in the spike (such as the S-2P mutations) or divergent immune

responses to a two-dose mRNA vaccine versus infection. If the specificities differ, this could
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influence the impact of viral evolution on SARS-CoV-2 immunity.

To address this question, we used a combination of serological assays and deep muta-

tional scanning to map the specificity of the human polyclonal antibody response after two

doses of the mRNA-1273 vaccine. The vaccine elicited neutralizing activity that is even

more focused on the spike receptor-binding domain (RBD) than infection-elicited immunity.

However, within the RBD, binding by vaccine-elicited antibodies was often less affected by

single mutations. As a result, common RBD mutations sometimes eliminated less of the

neutralizing activity of mRNA-1273 vaccine sera than convalescent sera, and vaccine sera

retained substantial RBD-directed neutralization even in the presence of mutations to three

major RBD neutralizing epitopes.

7.3 Results

7.3.1 The neutralizing activity of mRNA-1273 vaccine-elicited antibodies is more RBD-

focused than for infection-elicited antibodies

We studied sera from adults (ages 18–55 years) who received two doses of the Moderna

mRNA-1273 vaccine in phase 1 clinical trials [147]. The majority of our study focused on

14 individuals who received the 250 µg dose, although we validated key conclusions with

a smaller subset of eight trial participants who received the 100 µg dose. The sera were

collected at 36 and 119 days after the first vaccine dose, corresponding to 7 and 90 days after

the second dose. It was previously shown that these individuals had high amounts of binding

and neutralizing antibodies against SARS-CoV-2, with neutralizing antibody titers within

the upper quartile of sera from SARS-CoV-2 convalescent individuals [147]. Throughout,

we compared vaccine sera to convalescent plasma or serum samples from two independent

cohorts [66, 251]. The convalescent plasma samples were characterized in earlier studies

[66, 122, 120, 251], and grouped into an early time point of 15–60 days post-symptom onset

and a late time point of 100–150 days post-symptom onset.
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The majority of the neutralizing activity of convalescent sera and plasma is due to RBD-

binding antibodies [74, 120, 229]. To determine if neutralization by vaccine sera is similarly

RBD-targeted, we depleted RBD-binding antibodies from the day 36 and 119 sera isolated

from 14 individuals who received the 250 µg dose of the mRNA-1273 vaccine. We then mea-

sured serum IgG binding to the RBD and full spike ectodomain before and after depletion.

As expected, depletion removed all RBD-binding antibodies (Fig. 7.1A, Fig. 7.6A and B).

However, depleting RBD-binding antibodies only moderately decreased spike-binding activ-

ity in either vaccine sera or convalescent plasma (Fig. 7.1B, Fig. 7.6B), consistent with

studies showing that a minority of spike-binding vaccine-elicited B cells target the RBD

[8, 315].

To determine the contribution of RBD-binding antibodies to neutralization, we measured

the neutralizing activity of vaccine sera before and after depleting RBD-binding antibodies

using spike-pseudotyped lentiviral particles. For samples isolated from 13 of 14 vaccinated

individuals, greater than 90% of the neutralizing activity at both time points was dependent

upon RBD-binding antibodies (Fig. 7.1C and D, https://github.com/jbloomlab/SARS-

CoV-2-RBD MAP Moderna/blob/main/experimental data/results/rbd absorptions/dat

a file s1.csv). For 17 of 28 vaccine sera, depletion of RBD-binding antibodies reduced the

neutralization titer (reciprocal IC50) from > 1000 to < 25 (Fig. 7.1C and D, Fig. 7.6C and

D). The percent neutralizing activity due to RBD-binding antibodies was higher for vaccine

sera than for convalescent plasma samples collected between day 15 and 60 (p=1.0 × 10−6,

Fig. 7.1C and D) [120]. These assays were performed in 293T cells over-expressing human

angiotensin-converting enzyme 2 (ACE2), which may underestimate contributions of non-

RBD-binding antibodies to viral neutralization [51, 56, 283]. Nonetheless, because the same

assay was used for vaccine and convalescent samples, we conclude that the neutralizing

activity of the antibody response elicited by the mRNA-1273 vaccine is more focused on the

RBD than for infection-elicited antibodies.

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/experimental_data/results/rbd_absorptions/data_file_s1.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/experimental_data/results/rbd_absorptions/data_file_s1.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/experimental_data/results/rbd_absorptions/data_file_s1.csv
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Figure 7.1: RBD-binding antibodies are responsible for most neutralizing activity
of mRNA-1273 vaccine-elicited sera. (A) Binding of serum antibodies to SARS-CoV-
2 RBD, as measured by ELISA area-under-the-curve (AUC), for vaccine-elicited sera and
convalescent plasma before and after depletion of RBD-binding antibodies. The dashed pink
line indicates binding of pre-pandemic sera. (B) Binding of serum antibodies to the full spike
ectodomain. The y-axis scale units in (A) and (B) are not comparable between samples from
vaccinated and convalescent individuals due to different dilution factors (beginning at 1:500
for vaccine sera and 1:100 for convalescent plasma samples). (C) Neutralization titer (NT50)
of vaccine-elicited sera and convalescent plasma samples before and after depletion of RBD-
binding antibodies. The limit of detection is shown as a dashed horizontal pink line. (D)
Percent of neutralizing activity of vaccine-elicited sera and convalescent plasma samples due
to RBD-binding antibodies. P-values are from a log-rank test accounting for censoring.
n=17 for each time point for convalescent plasma samples, and n=14 for each time point
for vaccine sera. ns, not significant. All measurements of convalescent plasma binding and
neutralization were previously reported in [120]
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7.3.2 Complete mapping of RBD mutations that reduce binding by vaccine-elicited sera

at 119 days post-vaccination reveals broad binding specificity across multiple RBD

epitopes

We used deep mutational scanning [124, 120] to map all mutations to yeast-displayed RBD

that reduced vaccine serum antibody binding. Our experiments utilized duplicate libraries

containing 3,804 of the 3,819 possible single amino-acid mutations to the RBD of the Wuhan-

Hu-1 strain of SARS-CoV-2, 2,034 of which are tolerated for proper protein folding and at

least modest ACE2 binding [280]. We incubated the yeast-displayed libraries with each

serum, and used fluorescence-activated cell sorting (FACS) to enrich for the 3–5% of cells

expressing RBD mutants with the lowest amount of serum binding (Fig. 7.7, 7.8, https:

//github.com/jbloomlab/SARS-CoV-2-RBD MAP Moderna/blob/main/data/TableS

2 FACSinfo.csv). The degree to which mutations reduce serum binding varies across

samples, so the FACS gates were set separately for each sample. We used deep sequencing

to quantify the “escape fraction” for each of the 2,034 tolerated RBD mutations against

each serum by determining the frequency of each mutant in the serum-escape bin versus

the original unsorted population. These escape fractions range from 0 (no cells with the

mutation in the serum-escape bin) to 1 (all cells with the mutation in the serum-escape bin)

(https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Moderna/blob/main/results

/supp data/moderna convalescent all raw data.csv). Correlations between escape

fractions measured for independent biological replicate libraries are shown in Fig. 7.9. We

represent the escape maps as logo plots, where the height of each letter is proportional to its

escape fraction (Fig. 7.2, Fig. 7.10 and S6).

The escape maps for sera collected at day 119 from individuals who received the 250

µg vaccine dose fell into four qualitative categories [16] (Fig. 7.2A and B). For 5 of 14

individuals, escape from antibody binding was focused on RBD sites 456 and 484 (Fig. 7.2B

and C, Fig. 7.10). These two sites are on the receptor-binding ridge in the neutralizing

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/data/TableS2_FACSinfo.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/data/TableS2_FACSinfo.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/data/TableS2_FACSinfo.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/results/supp_data/moderna_convalescent_all_raw_data.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/results/supp_data/moderna_convalescent_all_raw_data.csv


238

“class 1” and “class 2” RBD epitopes, respectively [16] (Fig. 7.2A). Two more individuals

also had escape maps that were focused on sites 456 and 484, but with a very low overall

magnitude of escape (Fig. 7.2B and C, Fig. 7.10). For 2 of 14 individuals, serum binding

was most affected by mutations in the “class 4” epitope located in the core RBD, including

sites 383 to 386 (Fig. 7.2, Fig. 7.10). Antibodies targeting the class 4 epitope are often

non-neutralizing or less potently neutralizing than antibodies targeting the receptor-binding

motif [74, 188, 229, 356]. The escape maps for the remaining 5 individuals were “flat,”

meaning that no single mutation had a large effect on serum binding, suggestive of broad

binding to multiple RBD epitopes (Fig. 7.2B and C, Fig. 7.10).

To determine if the vaccine dose affected the RBD binding specificity of the polyclonal

antibody response, we mapped binding escape from the day 119 sera from 8 individuals

vaccinated with 100 µg rather than 250 µg doses. The escape maps of the 100 µg cohort

resembled those of the 250 µg cohort and fell into the 456/484-targeting, core-targeting, or

“flat” categories (Fig. 7.11). Although the sample sizes are small, and a higher fraction

of the 100 µg dose escape maps were “flat” than for the 250 µg cohort (4/8 versus 5/14,

respectively), this suggests 100 and 250 ug doses elicit antibody responses similar in the

breadth of their RBD binding specificity.

7.3.3 Binding escape maps become more focused to specific sites in the RBD from 36 days

to 119 days post-vaccination

To examine longitudinal changes in binding specificity of vaccine-elicited serum antibodies

to the RBD, we also determined binding-escape maps for sera collected at day 36 post-

vaccination from five individuals who received the 250 µg dose (Fig. 7.3). All of these day-36

sera had relatively “flat” escape maps, meaning that no single mutation had a large effect on

serum binding (Fig. 7.3A). However, by day 119, the escape maps for most individuals were

more focused on specific sites in the RBD (Fig. 7.3B). Specifically, for four of five individuals,
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Figure 7.2: Complete maps of RBD mutations that reduce binding by serum
collected 119 days post-vaccination with the 250 µg dose of mRNA-1273. (A)
The epitopes of four major classes [16] of RBD-binding antibodies are colored on the RBD
surface (PDB 6M0J). ACE2 is shown as a gray ribbon diagram. (B) Number of sera that fell
into each of the four major categories of binding-escape maps as categorized by subjective
visual inspection. (C) Escape maps for six representative sera are shown. The line plots
at left indicate the sum of effects of all mutations at each RBD site on serum antibody
binding, with larger values indicating more escape. The logo plots at right show key sites
(highlighted in purple on the line plot x-axes). The height of each letter is that mutation’s
escape fraction; larger letters indicate a greater reduction in binding. Escape fractions are
not strictly comparable between samples due to the use of sample-specific FACS selection
gates—therefore, for each sample, the y-axis is scaled independently. RBD sites are colored
by epitope as in (A). The escape fractions were correlated between independent libraries,
and we report the average of duplicate measurements throughout. Interactive versions of
logo plots and structural visualizations are at https://jbloomlab.github.io/SARS-CoV

-2-RBD MAP Moderna/.

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Moderna/
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Moderna/
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the escape maps became focused on RBD sites 456 and 484 (Fig. 7.3B). For one of these

individuals, the focusing on sites 456 and 484 was accompanied by increased focusing on the

class 4 epitope, including sites 383–386. Only one individual, M12, had a day-119 escape

map as flat as the day-36 escape map. These results suggest that, as the vaccine-induced

RBD-binding antibody response matures over time, it becomes more focused on specific sites

in the RBD.

7.3.4 RBD binding by vaccine-elicited serum samples is broader than for convalescent plasma

samples

To elucidate differences in the specificity of the RBD-binding antibody response elicited by

vaccination versus infection, we compared the vaccine-sera escape maps to ones that we

previously determined for convalescent plasma samples [120, 122]. At both 15–60 day and

100–150 day ranges, the convalescent escape maps were more focused on specific RBD sites

than the vaccine escape maps (Fig. 7.4A). The difference was especially striking at the

early time point, where the day 36 vaccine samples all had flat escape maps, whereas the

convalescent samples often had escape maps indicating that antibody binding was strongly

affected by mutations at specific RBD sites such as 456 and 484 (Fig. 7.4A). The difference

between the vaccine and convalescent samples was less striking at the later time point, but

the convalescent maps were still more focused than the vaccine maps, as demonstrated by

the lower magnitude of the escape fractions. There were also differences in the RBD sites

where mutations affected binding for the vaccine versus convalescent samples. Although

most samples of both types were affected by mutations at sites 456 and 484, the convalescent

samples tended to also be affected by mutations to the 443–450 loop in the class 3 epitope,

whereas mutations in the class 4 epitope spanning sites 383–386 sometimes had a more

pronounced effect on the vaccine samples (Fig. 7.2 and 7.4A, Fig. 7.10).

To visualize relationships between vaccine- and infection-elicited antibody responses, we
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Figure 7.3: Comparison of escape maps for sera collected at day 36 and day 119
post-vaccination shows that the RBD-binding response focuses over time. (A,B)
Escape maps for sera at day 36 (A) and day 119 (B) from 5 individuals who received the
250 µg vaccine dose are shown. The day 36 maps are all relatively flat, indicating no RBD
mutation has a large effect on serum antibody binding. By day 119, the maps are often
more focused on sites 456 and 484. The y-axis is scaled separately for each serum sample.
Interactive versions are at https://jbloomlab.github.io/SARS-CoV-2-RBD MAP Moderna

/.

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Moderna/
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Moderna/
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used multidimensional scaling to create a two-dimensional projection of the escape maps for

the vaccine serum samples, convalescent plasma samples [120, 122], and previously character-

ized monoclonal antibodies [83, 124, 122, 279, 278] (Fig. 7.4B, an interactive version where

you can mouse over points for details is at https://jbloomlab.github.io/SARS-CoV-2

-RBD MAP Moderna/mds.html). In this projection, monoclonal antibodies, sera samples, or

plasma samples with similar binding-escape mutations are located close together, whereas

those affected by distinct mutations are far apart. As previously reported [120], convalescent

plasma samples clustered closest to class 2 antibodies (Fig. 7.4B), which are generally most

affected by mutations to site 484. In contrast, the vaccine sera were more centrally located

in the middle of the antibodies of all four classes, reflecting their flatter binding-escape maps

that were less dominated by mutations that escape any single antibody class (Fig. 7.4B).

To examine sites of binding-escape mutations in the context of the RBD’s structure, we

projected the total escape at each site averaged across all vaccine or convalescent samples at

each time point onto the surface of the RBD (Fig. 7.4C). The sites where mutations affected

binding of vaccine sera were broadly distributed across the RBD surface (Fig. 7.4C), whereas

convalescent plasma samples were most affected by mutations at just a few key regions (sites

456 and 484, and to a lesser degree the 443–450 loop) (Fig. 7.4C). However, as noted above,

binding escape from the vaccine sera was somewhat more focused at day 119 relative to day

36, including at sites 456, 484, and 383–386.

7.3.5 Single RBD mutations have less impact on vaccine-elicited antibody neutralizing ac-

tivity than infection-elicited antibody neutralizing activity

We tested key RBD mutations in spike-pseudotyped lentiviral neutralization assays against

a subset of vaccine and convalescent sera. We used the binding-escape maps to choose

six representative samples each from the day 100–150 vaccine and convalescent sera for

which > 90% of the neutralizing activity was due to RBD-binding antibodies (Fig. 7.1, Fig.

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Moderna/mds.html
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Moderna/mds.html
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Figure 7.4: The binding of vaccine-elicited polyclonal antibodies is more broadly
distributed across the RBD than for infection-elicited antibodies. (A) Escape
from RBD-binding antibodies at each site in the RBD was mapped for vaccine sera or
convalescent plasma samples collected at early or late time points. Thin gray lines show
individual serum or plasma samples, and the thick black line shows the mean (number
of samples is indicated in the plot titles). Key sites within the epitopes of each major
RBD antibody class are highlighted with the colors defined in Fig. 7.2A and in panel (B).
(B) Relationships among escape maps of vaccine sera, convalescent plasma samples, and
monoclonal antibodies visualized with a multidimensional scaling projection. Vaccine sera
include both doses and time points. Convalescent plasma samples include all time points.
(C) Total binding escape at each site mapped onto the RBD surface after averaging across all
serum or plasma in each group. The RBD surface coloring is scaled from white to red, with
white indicating no escape, and red indicating the site with the greatest escape. The color
scaling spans the full range of white to red for each serum or plasma group, so a quantitative
scale is not comparable across groups. Escape maps for monoclonal antibodies previously
described in [83, 124, 122, 279, 278], and convalescent plasma samples in [120, 122]. An
interactive version of panel (B) where you can mouse over points for details is at https:

//jbloomlab.github.io/SARS-CoV-2-RBD MAP Moderna/mds.html.

https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Moderna/mds.html
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Moderna/mds.html
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7.6)[120]. The escape maps for the vaccine and convalescent samples chosen for these assays

are summarized in Fig. 7.5A and detailed in Fig. 7.2 and Fig. 7.11.

We performed neutralization assays on mutants in each of the four major RBD epitopes

(class 1, K417N and F456A; class 2, E484P and E484K; class 3, G446V and L452R; class 4,

P384R). Among these mutations, K417N, L452R, and E484K are present in emerging viral

lineages, including B.1.351, P.1, B.1.427/429, B.1.526, and B.1.617 [14, 94, 285, 302, 323, 350]

that have been shown to have reduced neutralization [42, 51, 199, 315, 313, 324, 232]. We

also tested a triple mutant, K417N-G446V-E484K, with mutations in the class 1, 2, and

3 epitopes. For many convalescent sera, single RBD mutations reduced neutralization by

approximately the same amount as removing all RBD-binding antibodies (Fig. 7.5B, Fig.

7.11 and 7.14, https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Moderna/blob/ma

in/experimental data/results/mutant neuts results/frac eroded.csv). However, no

single RBD mutation we tested had a comparably large effect on vaccine sera (Fig. 7.5B).

This result is consistent with the binding-escape maps, which generally indicate that vaccine

sera have a broader RBD-binding specificity than convalescent sera.

The mutations that most impacted neutralization also differed between vaccine and con-

valescent sera (Fig. 7.5B). For convalescent sera, the largest reduction in neutralization was

consistently caused by mutations to site E484 in the class 2 epitope [120, 122], including

the E484K mutation present in multiple emerging viral lineages [94, 285, 323]. In contrast,

E484K generally caused a more moderate decrease in neutralization for vaccine sera. For

some vaccine sera, another mutation at site E484 (E484P) caused a larger loss of neutraliza-

tion, but E484P has not been found in any sequenced isolates of SARS-CoV-2 and has been

shown to reduce both ACE2 binding affinity [280] and viral entry titers (Fig. 7.11D). The

F456A mutation to the class 1 epitope often reduced neutralization by vaccine sera, although

it had little effect on convalescent sera; this mutation is also not observed in natural sequences

and reduces viral entry titers (Fig. 7.11D). Mutations to the class 3 epitope (G446V, L452R)

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/experimental_data/results/mutant_neuts_results/frac_eroded.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/experimental_data/results/mutant_neuts_results/frac_eroded.csv
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modestly reduced neutralization by some vaccine and convalescent sera (Fig. 7.5B). How-

ever, P384R in the less-neutralizing core RBD class 4 epitope [74, 188, 229, 356] and K417N

in the class 1 epitope had little effect on neutralization by any sera, consistent with previous

reports [51, 170, 313, 315]. Importantly, although single mutations sometimes caused large

decreases in neutralization by convalescent sera, in no case did they reduce neutralization by

vaccine sera > 10-fold or to a titer < 100 (Fig. 7.5B, Fig. 7.11).

The fact that single mutations ablated the anti-RBD neutralizing activity of some conva-

lescent sera, but only modestly eroded the activity of vaccine sera, suggests that the vaccine

elicits neutralizing antibodies with a greater number of RBD specificities. To test this idea,

we performed neutralization assays with a triple mutant (K417N-G446V-E484K) containing

a mutation in each of the class 1, 2, and 3 epitopes. For convalescent sera, the E484K mu-

tation alone often caused a decrease in neutralization comparable to the triple mutant (Fig.

7.5C and D, Fig. 7.11), consistent with the convalescent escape maps showing a strong focus

on site E484. In contrast, for vaccine sera, the triple mutant always reduced neutralization

more than any of its constituent single mutations (Fig. 7.5C and D, Fig. 7.11). Moreover,

the triple mutant decreased neutralization to the same extent as removing all RBD-binding

antibodies for only one out of the six vaccine sera samples tested (Fig. 7.5B), indicating

that the vaccine usually induces some neutralizing antibodies not escaped by mutations to

sites K417, G446, and E484. These results are consistent with the escape maps indicating

that the vaccine sera often have a broader RBD-binding specificity. Of note, infection also

elicited very broad anti-RBD neutralizing activity in some cases; for instance, serum from

the convalescent individual with the broadest escape map (participant G, day 94) was sub-

stantially more affected by the triple mutant than any of its constituent single mutants (Fig.

7.5B, Fig. 7.11 and S8).
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Figure 7.5: Effects of RBD mutations on neutralization by day 100–150 sera from
vaccinated and convalescent individuals. (A) Total binding escape at each RBD site
is shown for the samples from vaccinated (n=6) or convalescent (n=6) individuals tested in
neutralization assays. The thin gray lines show individual samples, and the dark black line
shows the mean. Key sites within each epitope are highlighted using the same color scheme
as in Fig. 7.2A. (B) Neutralization of G614 spike-pseudotyped lentiviral particles with the
indicated RBD mutations, shown as the fold-decrease in NT50 compared to G614 spike with
no additional mutations. Mutations that have been observed in human SARS-CoV-2 isolates
are colored in white, and non-naturally-occurring mutations in gray. The orange dashed line
represents the effect of depleting all RBD-binding antibodies. (C) The fold decrease in
neutralization titer caused by individual mutations in each of the three major neutralizing
epitopes of the RBD: K417 in the class 1 epitope, E484K in the class 2 epitope, and G446V
in the class 3 epitope. The combination of all three mutations is also shown. Horizontal
lines represent the median. In (B) and (C), the dashed gray line indicates no change in
neutralization relative to unmutated spike. (D) Representative neutralization curves from
two vaccine and two convalescent samples against the triple mutant and its composite single
mutations.
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7.4 Discussion

In this study, we have shown differences in the specificity of polyclonal serum antibodies

acquired by infection versus vaccination with mRNA-1273. The neutralizing activity of

vaccine sera is more focused on the RBD than for convalescent sera, with the majority of

vaccine sera losing all detectable neutralization at a 1:25 cutoff after depletion of RBD-

directed antibodies. This fact is surprising, since the mRNA-1273 vaccine encodes the full

spike ectodomain [63], and one conjectured benefit of full-spike versus RBD-only vaccines

was elicitation of neutralizing antibodies targeting non-RBD subdomains.

At first glance, the RBD focusing of the vaccine sera neutralization might seem likely

to increase susceptibility to viral mutations, but the rest of our results suggest that this

may not be the case. Our comprehensive maps of how RBD mutations reduce serum an-

tibody binding show that vaccine-elicited antibodies are usually less affected by any single

RBD mutation than infection-elicited antibodies. Whereas infection-elicited RBD antibod-

ies are often strongly focused on an epitope including site E484, vaccine-elicited antibodies

bind more broadly across the RBD, including to the more conserved “core” regions. This

broader binding makes neutralization by vaccine sera more resistant to mutations within the

RBD. For instance, RBD-directed neutralization by convalescent sera was greatly reduced

or even eliminated by a combination of key mutations at the three major epitopes in the

RBD’s receptor-binding motif, but all vaccine sera that we tested retained substantial neu-

tralization against this triple mutant. This result implies that either vaccination induces an

antibody response more broadly distributed across the RBD surface, or that the individual

antibodies elicited by vaccination are more robust to these mutations [106, 212]. Our re-

sults are consistent with a recent study by Amanat et al., which reported that several single

RBD mutations reduce binding of serum from individuals vaccinated with the Pfizer mRNA

vaccine less than for serum from previously infected individuals [8].

We found that the specificity of the mRNA-1273 vaccine-induced RBD-binding antibody



252

response often narrows over time. In contrast, the infection-elicited RBD-binding antibody

response often broadens over time [106, 120]. However, because the early vaccine-induced

RBD-binding antibody response is so broad compared to that induced by infection, even

with these contrasting dynamics, the vaccine response remains broader than the convales-

cent response at late time points of 3–4 months. Additionally, the overall antibody response

is more homogeneous for vaccinated than convalescent individuals. For instance, the RBD

binding titers, neutralizing titers, amount of neutralization derived from RBD-binding an-

tibodies, and effects of mutations on neutralization were more uniform for the vaccinated

cohort than the convalescent cohort.

Our results do not explain why there are differences between the vaccine- and infection-

elicited antibody responses, but we note two possibilities. First, the vaccine encodes a

stabilized S-2P spike, which could present some epitopes in slightly different conformations

and lead to less S1 shedding. Second, the vaccine is delivered in a two-dose schedule by

an mRNA-lipid nanoparticle, which may lead to different kinetics of antigen presentation

than viral infection [69, 226]. Indeed, another recent study suggests that mRNA vaccination

elicits a different distribution of isotypes and fewer antibodies that cross-react to common-

cold coronaviruses as compared to infection [254].

There are several limitations to our study. The vaccinated individuals in our study were

relatively young (18–55 years) and healthy, whereas the convalescent individuals were older

(23–76 years, median 56) with a range of comorbidities [66]. Additionally, we did not examine

effects of mutations or deletions to the N-terminal domain of the spike protein, which can also

affect neutralization by vaccine sera [315]. Our experiments assayed binding of antibodies

to isolated RBD expressed by yeast, and so cannot capture mutational effects on trimer

conformation or antibodies with quaternary epitopes [16]. Finally, the N-linked glycans on

yeast-expressed proteins are more mannose-rich than those on mammalian-expressed proteins

[127].
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Despite these limitations, our results in conjunction with other recent studies [8] suggest

that mRNA vaccines and infection elicit somewhat distinct anti-spike antibody responses.

Therefore, it is important to differentiate antibody immunity acquired by different means

when assessing the impact of viral evolution. Considerable effort is being expended to identify

emerging antigenic variants of SARS-CoV-2 and determine which ones might evade immunity

[42, 285, 315, 324]. Our findings suggest that the results could vary depending on the source of

immunity. Furthermore, carefully characterizing and comparing the specificity of antibody

immunity elicited by additional vaccine modalities could provide a basis for determining

whether some vaccine responses will be more resistant to viral evolution.

7.5 Materials and Methods

Data and materials availability

All data associated with this study are in the paper or supplementary materials. The SARS-

CoV-2 RBD mutant libraries (#1000000172) and unmutated parental plasmid (#166782)

are available on Addgene. The plasmid encoding the SARS-CoV-2 spike gene used to gener-

ate pseudotyped lentiviral particles, HDM Spikedelta21 D614G, is available from Addgene

(#158762) and BEI Resources (NR-53765). Further information and requests for reagents

and resources should be directed to and will be fulfilled by Jesse Bloom (jbloom@fredhutch.org)

upon completion of a materials transfer agreement. The complete code for the full compu-

tational data analysis pipeline of the mapping experiments is available at https://github

.com/jbloomlab/SARS-CoV-2-RBD MAP Moderna. The escape fraction measured for each

mutation in https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Moderna/blob/ma

in/results/supp data/moderna convalescent all raw data.csv. All raw sequencing

data are available on the NCBI Short Read Archive at BioProject PRJNA639956, BioSample

SAMN18683769. The neutralization titers of vaccine- and infection-elicited sera against the

tested RBD point mutants is at https://github.com/jbloomlab/SARS-CoV-2-RBD MAP M

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/results/supp_data/moderna_convalescent_all_raw_data.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/results/supp_data/moderna_convalescent_all_raw_data.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/experimental_data/results/mutant_neuts_results/fitparams.csv
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oderna/blob/main/experimental data/results/mutant neuts results/fitparams.c

sv.

Study design

De-identified post-vaccination sera were obtained as secondary research samples from the

National Institutes of Allergy and Infectious Diseases-sponsored mRNA-1273 phase 1 clinical

trial (NCT04283461) [147]. We obtained samples from 14 individuals who received two 250

µg doses of the mRNA-1273 vaccine, and 8 individuals who received two 100 µg doses. All

individuals were between ages 18 and 55 years old. The study size was determined by the

number of samples that were available from the phase 1 clinical trial, and not based on any

power calculations. Experiments described in this manuscript were not performed blinded.

The samples were collected under the human subject approvals described in [147]. Due

to the de-identified nature of the samples, the work described in this paper was deemed

non-human subjects research by the Fred Hutchinson Cancer Research Center Institutional

Review Board.

Previously reported results from samples from two cohorts of SARS-CoV-2 convalescent

individuals are reanalyzed here [120, 122]. One cohort of convalescent plasma samples were

previously described [66, 120] and collected as part of a prospective longitudinal cohort study

of individuals with SARS-CoV-2 infection in Seattle, WA between February and July 2020.

The plasma samples from 17 individuals were examined here (8/17 female; age range 23–76

years, mean 51.6 years, median 56 years). All data from this cohort, including the neutral-

ization and RBD- and spike-binding activity of plasma samples pre- and post-depletion of

RBD-binding antibodies in Fig. 7.1 and RBD-binding escape maps in Fig. 7.4, Fig. 7.11B,

and Fig. 7.11, were previously reported [120] with the exception of neutralization assays in

Fig. 7.5, Fig. 7.11, and Fig. 7.14, which were newly performed in this study. This work was

approved by the University of Washington Institutional Review Board.

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/experimental_data/results/mutant_neuts_results/fitparams.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/experimental_data/results/mutant_neuts_results/fitparams.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/experimental_data/results/mutant_neuts_results/fitparams.csv
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All data from the second cohort of plasma samples (n=5), including the aggregated escape

maps in Fig. 7.4, were previously reported [120] and are reanalyzed here. The plasma samples

were originally collected 21–35 days post-symptom onset as part of a prospective longitudinal

cohort study of SARS-CoV-2 convalescent individuals in New York, NY, under the human

subject approvals described in [251].

RBD deep mutational scanning library

The yeast-display RBD mutant libraries were previously described [280, 124]. Briefly, du-

plicate mutant libraries were constructed in the spike receptor binding domain (RBD) from

SARS-CoV-2 (isolate Wuhan-Hu-1, Genbank accession number MN908947, residues N331–T531)

and contain 3,804 of the 3,819 possible amino-acid mutations, with > 95% present as sin-

gle mutants. Each RBD variant was linked to a unique 16-nucleotide barcode sequence to

facilitate downstream sequencing. As previously described, libraries were sorted for RBD

expression and ACE2 binding to eliminate RBD variants that are completely misfolded or

non-functional, such as those lacking modest ACE2 binding affinity [124].

FACS sorting of yeast libraries to select mutants with reduced binding by polyclonal post-

vaccination sera

Serum mapping experiments were performed in biological duplicate using the independent

mutant RBD libraries, similarly to as previously described for monoclonal antibodies [124]

and exactly as previously described for polyclonal plasma samples [120]. Briefly, mutant

yeast libraries induced to express RBD were washed and incubated with serum at a range

of dilutions for 1 hour at room temperature with gentle agitation. For each serum, we chose

a sub-saturating dilution such that the amount of fluorescent signal due to serum antibody

binding to RBD was approximately equal across samples. The exact dilution used for each

serum is given in https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Moderna/blob/

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/data/TableS2_FACSinfo.csv
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main/data/TableS2 FACSinfo.csv. After the serum incubations, the libraries were secon-

darily labeled for 1 hour with 1:100 fluorescein isothiocyanate-conjugated anti-MYC antibody

(Immunology Consultants Lab, CYMC-45F) to label for RBD expression and 1:200 Alexa

Fluor-647-conjugated goat anti-human-IgA+IgG+IgM (Jackson ImmunoResearch 109-605-

064) to label for bound serum antibodies. A flow cytometric selection gate was drawn to

capture 3–6% of the RBD mutants with the lowest amount of serum binding for their degree

of RBD expression (Fig. 7.7 and 7.8). We also measured what fraction of cells express-

ing unmutated RBD fell into this gate when stained with 1x and 0.1x the concentration of

serum. For each sample, approximately 10 million RBD+ cells (range 7.3e6 to 1.4e7 cells)

were processed on the BD FACSAria II cell sorter, with between 3e5 and 6e5 plasma-escaped

cells collected per sample (https://github.com/jbloomlab/SARS-CoV-2-RBD MAP Mod

erna/blob/main/data/TableS2 FACSinfo.csv). Antibody-escaped cells were grown

overnight in synthetic defined medium with casamino acids (6.7g/L Yeast Nitrogen Base,

5.0g/L Casamino acids, 1.065 g/L MES acid, and 2% w/v dextrose) to expand cells prior to

plasmid extraction.

DNA extraction and Illumina sequencing

Plasmid samples were prepared from 30 optical density (OD) units (1.6e8 colony forming

units (cfus)) of pre-selection yeast populations and approximately 5 OD units (3.2e7 cfus)

of overnight cultures of serum-escaped cells (Zymoprep Yeast Plasmid Miniprep II) as pre-

viously described [124]. The 16-nucleotide barcode sequences identifying each RBD variant

were amplified by polymerase chain reaction (PCR) and prepared for Illumina sequencing

as described in [280]. Barcodes were sequenced on an Illumina HiSeq 2500 with 50 bp

single-end reads. To minimize noise from inadequate sequencing coverage, we ensured that

each antibody-escape sample had at least 2.5x as many post-filtering sequencing counts as

FACS-selected cells, and reference populations had at least 2.5e7 post-filtering sequencing

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/data/TableS2_FACSinfo.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/data/TableS2_FACSinfo.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/data/TableS2_FACSinfo.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/data/TableS2_FACSinfo.csv
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counts.

Analysis of deep sequencing data to compute each mutation’s escape fraction

Escape fractions were computed as described in [124], with minor modifications as noted

below. We used the dms variants package (https://jbloomlab.github.io/dms var

iants/, version 0.8.5) to process Illumina sequences into counts of each barcoded RBD

variant in each pre-sort and antibody-escape population using the barcode/RBD look-up

table from [280]. For each serum selection, we computed the “escape fraction” for each

barcoded variant using the deep sequencing counts for each variant in the original and serum-

escape populations and the total fraction of the library that escaped antibody binding via

the formula provided in [124]. These escape fractions represent the estimated fraction of

cells expressing that specific variant that falls in the escape bin, such that a value of 0 means

the variant is always bound by serum and a value of 1 means that it always escapes serum

binding. We then applied a computational filter to remove variants with low sequencing

counts or highly deleterious mutations that might cause antibody escape simply by leading

to poor expression of properly folded RBD on the yeast cell surface [124, 280]. Specifically,

we removed variants that had (or contained mutations with) ACE2 binding scores < −2.35

or expression scores < −1, using the variant- and mutation-level deep mutational scanning

scores from [280]. Note that these filtering criteria are slightly more stringent than those

used in [124] but are identical to those used in [278, 279, 122, 120].

We next deconvolved variant-level escape scores into escape fraction estimates for single

mutations using global epistasis models [220] implemented in the dms variants package, as

detailed at (https://jbloomlab.github.io/dms variants/dms variants.globalepista

sis.html) and described in [124]. The reported scores throughout the paper are the average

across the libraries; these scores are also in https://github.com/jbloomlab/SARS-CoV-

2-RBD MAP Moderna/blob/main/results/supp data/moderna convalescent all raw dat

https://jbloomlab.github.io/dms_variants/
https://jbloomlab.github.io/dms_variants/
https://jbloomlab.github.io/dms_variants/dms_variants.globalepistasis.html
https://jbloomlab.github.io/dms_variants/dms_variants.globalepistasis.html
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/results/supp_data/moderna_convalescent_all_raw_data.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/results/supp_data/moderna_convalescent_all_raw_data.csv
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a.csv. Correlations in final single-mutant escape scores are shown in Fig. 7.9.

For plotting and analyses that required identifying RBD sites of “strong escape”, we

considered a site to mediate strong escape if the total escape (sum of mutation-level escape

fractions) for that site exceeded the median across sites by > 5-fold, and was at least 5% of

the maximum for any site. Full documentation of the computational analysis is at https:

//github.com/jbloomlab/SARS-CoV-2-RBD MAP Moderna.

Generation of pseudotyped lentiviral particles

HEK-293T (American Type Culture Collection, CRL-3216) cells were used to generate

SARS-CoV-2 spike-pseudotyped lentiviral particles and 293T-ACE2 cells (Biodefense and

Emerging Infectious Research Resources Repository (BEI Resources), NR-52511) were used

to titer the SARS-CoV-2 spike-pseudotyped lentiviral particles and to perform neutralization

assays (see below). We used spike-pseudotyped lentiviral particles that were generated es-

sentially as described in [67], using a codon-optimized SARS-CoV-2 spike from Wuhan-Hu-1

strain that contains a 21-amino-acid deletion at the end of the cytoplasmic tail [66] and the

D614G mutation that is now predominant in human SARS-CoV-2 [161]. The plasmid en-

coding this spike, HDM Spikedelta21 D614G, is available from Addgene (#158762) and BEI

Resources (NR-53765), and the full sequence is at (https://www.addgene.org/158762).

Point mutations were introduced into the RBD of this plasmid via site-directed mutagenesis.

Therefore, all mutations tested in this paper are in the G614 background, and are compared

to a “wild-type” spike with G614.

To generate these spike-pseudotyped lentiviral particles [67], 6e5 HEK-293T (ATCC CRL-

3216) cells per well were seeded in 6-well plates in 2 mL D10 growth media (Dulbecco’s

Modified Eagle Medium with 10% heat-inactivated fetal bovine serum, 2 mM l-glutamine,

100 U/mL penicillin, and 100 µg/mL streptomycin). 24 hours later, cells were transfected

using BioT transfection reagent (Bioland Scientific) with a Luciferase IRES ZsGreen back-

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/results/supp_data/moderna_convalescent_all_raw_data.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/results/supp_data/moderna_convalescent_all_raw_data.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna
https://www.addgene.org/158762
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bone, Gag/Pol lentiviral helper plasmid (BEI Resources NR-52517), and wild-type or mutant

SARS-CoV-2 spike plasmids. Media was changed to fresh D10 at 24 hours post-transfection.

At 60 hours post-transfection, viral supernatants were collected, filtered through a 0.45 µm

surfactant-free cellulose acetate low protein-binding filter, and stored at −80°C.

Titering of pseudotyped lentiviral particles

Titers of spike-pseudotyped lentiviral particles were determined as described in [67] with

the following modifications. 100 µL of diluted spike-pseudotyped lentiviral particles was

added to 1.25e4 293T-ACE2 cells (BEI Resources NR-52511), grown overnight in 50 µL of

D10 growth media in a 96-well black-walled poly-L-lysine coated plate (Greiner Bio-One,

655936). Relative luciferase units (RLU) were measured 65 hours post-infection (Promega

Bright-Glo, E2620) in the infection plates with a black back-sticker (Thermo Fisher Scientific,

NC9425162) added to minimize background. Titers were first estimated from the average

of 8 two-fold serial dilutions of virus starting at 25 µL virus in a total volume of 150 µL,

performed in duplicate, and normalized to a wild-type D614G variant harvested on the same

day. Quantitative titering was then performed at a single virus dilution, targeting 200,000

RLU per well. Values in Fig. 7.11D are an average RLUs per µL measured across 16 technical

replicates at a single dilution.

Neutralization assays

293T-ACE2 cells (BEI Resources NR-52511) were seeded at 1.25e4 cells per well in 50 µL

D10 in poly-L-lysine coated, black-walled, 96-well plates (Greiner 655930). 24 hours later,

pseudotyped lentivirus supernatants were diluted to approximately 200,000 RLU per well

(determined by titering as described above and incubated with a range of dilutions of serum

for 1 hour at 37 °C. 100 µL of the virus-antibody mixture was then added to cells. At

about 50 or 70 hours post-infection, luciferase activity was measured using the Bright-Glo
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Luciferase Assay System (Promega, E2610). Fraction infectivity of each serum antibody-

containing well was calculated relative to a “no-serum” well inoculated with the same initial

viral supernatant (containing wild-type or mutant RBD) in the same row of the plate. We

used the neutcurve package (https://jbloomlab.github.io/neutcurve version 0.5.2) to

calculate the inhibitory concentration 50% (IC50) and the neutralization titer 50% (NT50),

which is 1/IC50, of each serum against each virus by fitting a Hill curve with the bottom

fixed at 0 and the top fixed at 1.

Depletion of RBD-binding antibodies from polyclonal sera

Two rounds of sequential depletion of RBD-binding antibodies were performed for vaccine-

elicited sera. Magnetic beads conjugated to the SARS-CoV-2 RBD (AcroBiosystems, MBS-

K002) were prepared according to the manufacturer’s protocol. Beads were resuspended in

ultrapure water at 1 mg beads/mL and a magnet was used to wash the beads 3 times in

phosphate-buffered saline (PBS) with 0.05% bovine serum albumin (BSA). Beads were then

resuspended in PBS with 0.05% BSA at 1 mg beads per mL. Beads (manufacturer-reported

binding capacity of 10–40 µg/mL anti-RBD antibodies) were incubated with human sera at

a 3:1 ratio beads:serum (150 µL beads + 50 µL serum), rotating overnight at 4°C. A magnet

(MagnaRack Magnetic Separation Rack, Thermo Fisher Scientific, CS15000) was used to

separate antibodies that bind RBD from the supernatant, and the supernatant (the post-

RBD antibody depletion sample) was removed. A mock depletion (pre-depletion sample)

was performed by adding 150 µL of PBS + 0.05% BSA and incubating rotating overnight at

4°C. A second round of depletion was then performed to ensure full depletion of RBD-binding

antibodies. For the neutralization assays on these sera depleted of RBD-binding antibodies,

the reported serum dilution is corrected for the dilution incurred by the depletion process.

https://jbloomlab.github.io/neutcurve
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Measurement of serum binding to RBD or spike by enzyme-linked immunosorbent assay

(ELISA)

The IgG ELISAs for spike protein and RBD were conducted as previously described [82].

Briefly, ELISA plates were coated with recombinant spike and RBD antigens described in

[82] at 2 µg/mL. Five 3-fold serial dilutions of sera beginning at 1:500 were performed in

PBS with 0.1% Tween with 1% Carnation nonfat dry milk. Dilution series of the “synthetic”

sera comprised of the anti-RBD antibody REGN10987 [129] or anti-N-terminal domain anti-

body 4A8 [56] and pooled pre-pandemic human serum from 2017–2018 (Gemini Biosciences;

nos. 100–110, lot H86W03J; pooled from 75 donors) were performed such that the anti-spike

antibody was present at a highest concentration of 0.25 µg/mL. Both antibodies were re-

combinantly produced by Genscript. The REGN10987 is that used in [278] and the variable

domain heavy and light chain sequences for 4A8 were obtained from Genbank GI 1864383732

and 1864383733 [56] and produced on a human IgG1 and IgK background, respectively. Pre-

pandemic serum alone, without anti-RBD antibody depletion, was used as a negative control,

averaged over 2 replicates. Secondary labeling was performed with goat anti-human IgG-

Fc horseradish peroxidase (HRP) (1:3000, Bethyl Labs, A80-104P). Antibody binding was

detected with TMB/E HRP substrate (Millipore Sigma, ES001) and 1 N HCl was used to

stop the reaction. OD450 was read on a Tecan infinite M1000Pro plate reader. The area

under the curve (AUC) was calculated using the scikit-learn python package, version 0.23.2

(https://scikit-learn.org/stable/) as the area under the titration curve with the serial

dilutions on a log-scale.

Data visualization

The static logo plot visualizations of the escape maps in the paper figures were created

using the dmslogo package (https://jbloomlab.github.io/dmslogo, version 0.6.2)

and in all cases the height of each letter indicates the escape fraction for that amino-

https://scikit-learn.org/stable/
https://jbloomlab.github.io/dmslogo
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acid mutation calculated as described above. For each sample, the y-axis is scaled to

be the greatest of (a) the maximum site-wise escape metric observed for that sample,

(b) 20x the median site-wise escape fraction observed across all sites for that serum, or

(c) an absolute value of 1.0 (to appropriately scale samples that are not “noisy” but for

which no mutation has a strong effect on antibody binding). Sites K417, L452, S477,

E484, and N501 have been added to logo plots due to their frequencies among circulat-

ing viruses. The code that generates these logo plot visualizations is available at https:

//github.com/jbloomlab/SARS-CoV-2-RBD MAP Moderna/blob/main/results/summa

ry/escape profiles.md. In many of the visualizations, the RBD sites are categorized

by epitope region [16] and colored accordingly. We define the class 1 epitope as residues

403+405+406+417+420+421+453+455–460+473–476+486+487+489+504, the class 2 epi-

tope as residues 472+483–485+490–494, the class 3 epitope to be residues 345+346+437-

452+496+498–501, and the class 4 epitope as residues 365–372+382–386.

For the static structural visualizations in the paper figures, the RBD surface (PDB 6M0J,

[172]) was colored by the site-wise escape metric at each site, with white indicating no escape

and red scaled to be the same maximum used to scale the y-axis in the logo plot escape maps,

determined as described above. We created interactive structure-based visualizations of the

escape maps using dms-view [137] that are available at https://jbloomlab.github.io/SA

RS-CoV-2-RBD MAP Moderna/. The logo plots in these escape maps can be colored according

to the deep mutational scanning measurements of how mutations affect ACE2 binding or

RBD expression as described above.

For the composite line plots shown in Fig. 7.4, the convalescent (day 15–60) group

includes two independent cohorts of individuals, one recruited in New York, NY (n=5) [251],

and another recruited in Seattle, WA (n=11) [66]. The convalescent (day 100–150) group

is from the longitudinal cohort recruited in Seattle, WA (n=11). The escape maps for

convalescent individuals were previously reported in [120, 122]. The mRNA-1273 (day 119)

https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/results/summary/escape_profiles.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/results/summary/escape_profiles.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_MAP_Moderna/blob/main/results/summary/escape_profiles.md
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Moderna/
https://jbloomlab.github.io/SARS-CoV-2-RBD_MAP_Moderna/
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group includes individuals who were vaccinated with either the 100 or 250 µg vaccine dose

(n=8 and n=14, respectively). The y-axis maximum is scaled to 1.1 times the maximum

group mean site-total escape among all groups, so outlier points exceeding this value are not

shown.

Statistical Analysis

The percent of neutralizing activity of vaccine-elicited sera and convalescent plasma due to

RBD-binding antibodies is plotted with the plotnine python package, version 0.7.1 (http

s://plotnine.readthedocs.io/en/stable/index.html), shown as a Tukey boxplot

(middle line indicating median, box limits indicating interquartile range) with individual

measurements overlaid as points. P-values are from a log-rank test accounting for censoring,

calculated with the lifelines python package, version 0.25.10 (https://lifelines.readth

edocs.io/en/latest/).
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Figure 7.6: Raw enzyme-linked immunosorbent assay (ELISA) and neutralization
curves of mRNA-1273 serum samples before and after depletion of receptor
binding domain (RBD)-binding antibodies. (A) Effect of RBD antibody depletion
on binding to RBD and spike by “synthetic sera” comprised of pre-pandemic pooled serum
with the N-terminal domain (NTD)-targeting antibody 4A8 [56] or RBD-targeting antibody
REGN10987 [129]. Antibodies were added to pre-pandemic serum at 50 µg/mL. The x-axis
indicates the dilution factor of the serum+antibody mix, and the y-axis is the optical density
at wavelength 450 (OD450) reading at each dilution. These controls were previously used
in [120], and demonstrate that the depletions effectively remove RBD-targeting antibodies
but not antibodies targeting other epitopes such as the NTD. (B) Raw ELISA binding
curves of sera to RBD and spike before and after depletion of RBD-binding antibodies. (C)
Neutralization titer 50% (NT50) of vaccine-elicited sera pre- and post-depletion of RBD-
binding antibodies, shown in filled and open circles, respectively. All neutralization assays
were performed with SARS-CoV-2 spike D614G-pseudotyped lentiviral particles. Two time
points were assessed per individual, at day 36 and day 119 post-dose 1 of vaccination. The
limit of detection is shown as a dashed pink vertical line. The percent neutralization due to
RBD-binding antibodies are shown at right. (D)) Raw neutralization curves for sera before
(gray circles) and after (maroon triangles) depletion of RBD-binding antibodies. Each assay
was performed in technical duplicate, and points show the mean and standard error of the
replicates.
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Figure 7.7: Schematic of the deep mutational scanning approach used to quantify
the effects of RBD mutations on antibody escape. The RBD is expressed on the
surface of yeast (top left). Flow cytometry is used to quantify both RBD expression (via
a C-terminal MYC tag, green star) and antibody binding to the RBD protein expressed
on the surface of each yeast cell (bottom left). A library of yeast expressing RBD mutants
was incubated with polyclonal serum and fluorescence-activated cell sorting (FACS) was
used to enrich for cells expressing RBD that bound reduced amounts of serum antibodies, as
detected using an IgA+IgG+IgM secondary antibody. Deep sequencing was used to quantify
the frequency of each mutation in the initial and “antibody escape” cell populations. We
quantified the effect of each mutation as the “escape fraction,” which represents the fraction of
cells expressing RBD with that mutation that fell in the “antibody escape” FACS bin. Escape
fractions are represented in logo plots, with the height of each letter proportional to the effect
of that amino-acid mutation on antibody binding. The site-level escape metric is the sum
of the escape fractions of all mutations at a site. Experimental and computational filtering
was used to remove RBD mutants that were misfolded or unable to bind the angiotensin-
converting enzyme (ACE2) receptor.
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Figure 7.8: FACS gating strategy to select yeast cells that express RBD mutants
with reduced binding by serum antibodies. (A) Representative plots of nested FACS
gating strategy used for all serum selection experiments to select for single cells. Samples were
gated by SSC-A versus FSC-A, SSC-W versus SSC-H, and FSC-W versus FSC-H) that also
express RBD (FITC-A vs. FSC-A). (B) FACS gating strategy for one of two independent
libraries to select cells expressing RBD mutants with reduced binding by polyclonal sera
(cells in blue). Gates were set manually during sorting. Selection gates were set to capture
approximately 5% of the RBD+ library. The same gate was set for both independent libraries
stained with each serum sample, and the FACS scatter plots looked qualitatively similar
between the two libraries. For information on the fraction of library cells that fall into each
selection gate, see table S2. SSC-A, side scatter-area; FSC-A, forward scatter-area; SSC-
W, side scatter-width; SSC-H, side scatter-height; FSC-W, forward scatter-width; FSC-H,
forward scatter height; FITC-A, fluorescein isothiocyanate-area.
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Figure 7.9: Site- and mutation-level correlations between serum-escape measure-
ments for each replicate library. Correlation plots of site- or mutation-level escape for
each of the two independent RBD mutant libraries for each serum sample are shown. Each
point represents one site in the RBD in (A) or a different mutation in (B).
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Figure 7.10: Complete binding-escape maps for the day 119 sera from all 14 indi-
viduals who received the 250 µg mRNA-1273 vaccine dose. A subset of these sera
are also shown in Fig. 7.2C. RBD sites are colored according to epitope, as in Fig. 7.2A.
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Figure 7.11: Escape maps from individuals who received the 100 µg dose of mRNA-
1273 at 119 days post-vaccination largely resemble those of individuals who re-
ceived the 250 µg dose. (A) Logo plots representing the complete escape maps for the
day 119 sera from 8 individuals who received the 100 µg dose of mRNA-1273. RBD sites are
colored according to epitope, as in Fig. 7.2A. (B) Multidimensional scaling projection that
illustrates relationships among escape maps of sera and monoclonal antibodies in two dimen-
sions, similarly to the projection shown in Fig. 7.4. Similar mutations affect the binding of
antibodies or sera located near one another in the plot. Here, the only serum samples shown
are the day 119 samples for individuals who received the 100 or 250 µg vaccine dose. The 100
µg dose samples are shown in green and the 250 µg dose samples are shown in yellow (day
119 for all). The projection includes the escape maps of 22 monoclonal antibodies (escape
maps first described in [83, 124, 122, 279, 278] of the 4 major structural classes to orient
the plot. Antibodies are colored according to epitope, as in Fig. 7.2A. (C) Number of sera
that fell into each of the four major categories of binding-escape maps as categorized by
subjective visual inspection. (D) Composite line plots showing the total binding escape at
each site in the RBD for each sample in gray, and the mean site-total escape for each group
(100 or 250 µg vaccine doses) as a thicker black line. 100 µg, n=8; 250 µg, n=14. The same
key sites within each epitope are highlighted, as in Fig. 7.4.
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Figure 7.12: Complete escape maps six representative convalescent plasma samples
from the day 100–150 cohort. RBD sites are colored according to epitope, as in Fig.
7.2A, with the same sites shown (highlighted in pink on the x-axis in the line plots at left).
These six plasma samples are those used in neutralization assays shown in Fig. 7.5 and Fig.
7.11 and 7.14. Escape maps were first reported in [120].
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Figure 7.13: Escape maps and effects of individual RBD mutations on neutral-
ization for representative samples from vaccinated and convalescent individuals.
(A) The site-wise antibody-binding escape for each of the vaccine and convalescent samples
tested in neutralization assays is shown. (B) The effects of RBD mutations on neutralization
of G614 spike-pseudotyped lentiviral particles with the indicated mutations are shown as the
inhibitory concentration 50% (IC50). Naturally-occurring mutations are colored in white,
and non-naturally-occurring mutations in gray. (C) The fold-change in IC50 compared to
wild type spike, grouped by vaccine or convalescent sera is shown as in Fig. 7.5C, but shown
here for all RBD mutants. Dashed line indicates no change in neutralization relative to wild
type spike. Horizontal bars represent the group median fold-change IC50. In (B) and (C),
each point represents the IC50 from one individual calculated from technical duplicates. The
highest two points for E484K and K417N-G446V-E484K, and the highest 4 points for “all
RBD antibodies depleted” are at the limit of detection. (D) Spike-pseudotyped lentiviral
particle entry titers for RBD mutants tested in neutralization assays, calculated as the mean
relative luciferase units per µL from 16 technical replicates. Mutations that are observed in
at least one SARS-CoV-2 sequence in the Global Initiative on Sharing All Influenza Data
(GISAID) are colored in white, and non-naturally-occurring mutations in gray. All spike
sequences contained G614, which fixed in circulating sequences in 2020 [161].
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Figure 7.14: Full neutralization curves for all assays evaluating the impact of RBD
mutations on viral neutralization. (A) Vaccine samples are prefixed with “M” and
convalescent samples are prefixed with “participant”. The x-axis shows the serum dilution,
and the y-axis shows the fraction of viral infectivity remaining at that dilution. IC50 values
were calculated by fitting 2-parameter Hill curves with the baselines fixed at one and zero.
These IC50 values were used to determine the fold-change values in Fig. 7.5 and Fig. 7.11.
In each plot, mutants are shown with the wild-type tested on the same date. Error bars
represent the standard error of n=2 replicates. For readability, plots are arranged by assay
date and no more than 6 curves are shown per plot. All points on the same plot are from
assays performed on the same day and changes in neutralizing titer are computed relative
to wild-type run on that day. In Fig. 7.5D, the wild-type curve from the first assay date is
shown.
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Chapter 8

A SARS-COV-2 VARIANT ELICITS AN ANTIBODY
RESPONSE WITH A SHIFTED IMMUNODOMINANCE

HIERARCHY

A version of this chapter has been previously published as:

Allison J. Greaney, Tyler N. Starr, Rachel T. Eguia, Andrea N. Loes, Khadija Khan, Fa-

rina Karim, Sandile Cele, John E. Bowen, Jennifer K. Logue, Davide Corti, David Veesler,

Helen Y. Chu, Alex Sigal, Jesse D. Bloom. A SARS-CoV-2 variant elicits an antibody

response with a shifted immunodominance hierarchy. (2021) bioRxiv 2021.10.12.464114;

doi: https://doi.org/10.1101/2021.10.12.464114

8.1 Abstract

Many SARS-CoV-2 variants have mutations at key sites targeted by antibodies. However, it

is unknown if antibodies elicited by infection with these variants target the same or different

regions of the viral spike as antibodies elicited by earlier viral isolates. Here we compare the

specificities of polyclonal antibodies produced by humans infected with early 2020 isolates

versus the B.1.351 variant of concern (also known as Beta or 20H/501Y.V2), which contains

mutations in multiple key spike epitopes. The serum neutralizing activity of antibodies

elicited by infection with both early 2020 viruses and B.1.351 is heavily focused on the spike

receptor-binding domain (RBD). However, within the RBD, B.1.351-elicited antibodies are

more focused on the “class 3” epitope spanning sites 443 to 452, and neutralization by these

antibodies is notably less affected by mutations at residue 484. Our results show that SARS-

https://doi.org/10.1101/2021.10.12.464114
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CoV-2 variants can elicit polyclonal antibodies with different immunodominance hierarchies.

8.2 Introduction

Over the past year, SARS-CoV-2 viral variants have emerged with mutations that alter the

antigenicity of spike and erode neutralization of the virus by infection- and vaccine-elicited

polyclonal antibodies [14, 42, 51, 77, 187, 313, 200, 201, 199, 209, 324, 62]. While it is

well established that many SARS-CoV-2 variants are less susceptible to antibody immunity

generated by early 2020 infections, it is unknown if the antibodies elicited by infection

with these variants have different specificities and epitope immunodominance hierarchies.

For influenza virus, it has been demonstrated that immunodominance of different epitopes

changes over time as the virus evolves antigenically [219, 234, 260]. If a similar phenomenon

occurs for SARS-CoV-2, then the sites of important antigenic mutations will change over

time.

Here we address this question by combining serology and deep mutational scanning to

compare the specificity of the polyclonal antibody response elicited by infection with early

2020 viruses versus the B.1.351 variant (also referred to as Beta or 20H/501Y.V2). The

B.1.351 variant was first detected in Nelson Mandela Bay, South Africa and likely emerged

in August 2020 after the country’s first epidemic wave [285]. B.1.351 was the dominant

lineage in South Africa by the end of 2020, although it has subsequently been displaced

by the B.1.617.2 (Delta) lineage [138]. B.1.351 has mutations throughout the spike protein,

including at key epitopes in both the RBD and NTD [42, 200, 202, 324]. The B.1.351 variant

has among the largest reductions in neutralization by convalescent plasmas of any SARS-

CoV-2 variant to date [51, 194, 232, 315, 313]. Additionally, prior work has demonstrated

that B.1.351 convalescent plasmas can neutralize early 2020 viruses better than early 2020

plasmas can neutralize B.1.351 viruses [42, 211], suggesting that there may be a shift in the

specificity of the antibody response. Our results described below expand this understanding
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by showing that while neutralization by B.1.351-elicited plasma antibodies is still heavily

focused on the RBD, their site-specificity within the RBD is somewhat shifted compared to

antibodies elicited by early 2020 viruses. Specifically, within the RBD, B.1.351-elicited sera

is relatively more targeted to the class 3 epitope (in the classification scheme of [16]) and

relatively less targeted to the class 1 and 2 epitopes.

8.3 Results

8.3.1 The B.1.351 SARS-CoV-2 variant lineage has mutations in multiple spike epitopes

The B.1.351 spike used in our experiments contained the following mutations relative to the

Wuhan-Hu-1 strain: D80A, D215G, del242–244, K417N, E484K, N501Y, D614G, and A701V

(Fig. 8.1); note that some B.1.351 viruses also contain L18F. Three of these mutations are

in the RBD (K417N, E484K, and N501Y). K417N and E484K strongly disrupt binding of

class 1 and class 2 antibodies, respectively [122]. N501Y is in or proximal to the class 3 epi-

tope, but does not strongly affect the binding or neutralization of polyclonal convalescent or

vaccine-elicited antibodies [16, 315], although it enhances the RBD’s affinity for its receptor,

angiotensin converting enzyme 2 (ACE2) [62, 280, 289].

8.3.2 Convalescent plasma samples from individuals infected with B.1.351 or an early 2020

virus

We obtained plasma samples collected approximately 30 days post-symptom onset (mean

33, range 27–40 days) from 9 individuals infected with SARS-CoV-2 during the “second

wave” of COVID-19 in South Africa from late December 2020 through late January 2021.

During this timeframe, B.1.351 virus accounted for > 90% of sequenced infections in the

area [42, 138, 285]. None of the individuals had evidence of prior SARS-CoV-2 infection, so

we presume these individuals experienced a primary B.1.351 infection.

To enable comparison of B.1.351-elicited antibodies to those elicited by infection with an
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Figure 8.1: B.1.351 spike mutations. (A,B) Mutations in the B.1.351 spike relative to
Wuhan-Hu-1 [285]. L18F is only present in some B.1.351 isolates. Visualization generated by
https://covdb.stanford.edu/sierra/sars2/by-patterns/. (C) Sites where mutations
occur in the spike ectodomain are highlighted in blue on the Wuhan-Hu-1 one-RBD open
spike trimer (left, PDB 6ZGG) [333] or RBD (right) (PDB 6M0J) [172]. The surface of one
spike monomer is shown; the other two protomers are transparent.

https://covdb.stanford.edu/sierra/sars2/by-patterns/
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early 2020 virus, we reexamined a set of convalescent plasma samples collected approximately

30 days post-symptom onset (mean 32, range 15–61 days) from 17 individuals with symptom

onset on or prior to March 15, 2020 in Washington state, USA [66, 120]. At that time, most

sequenced viral isolates in Washington state had spike sequences identical to Wuhan-Hu-1,

although D614G viruses were also present at a low level [161, 215]. No other spike mutations

were present at appreciable frequencies at that time.

8.3.3 Infection with B.1.351 elicits a neutralizing antibody response at least as RBD-focused

as early 2020 viruses

Early 2020 viruses induce a neutralizing antibody response that largely targets the RBD

[74, 120, 229], although some neutralizing antibodies also bind the NTD [188, 200, 283, 303].

Because B.1.351 has mutations in both the RBD and NTD, it is important to determine if

the specificity of the neutralizing antibody response elicited by this virus is similarly RBD-

focused.

We depleted plasmas from B.1.351-infected individuals of B.1.351 RBD-binding antibod-

ies, or performed a mock depletion, and measured neutralization of B.1.351 spike-pseudotyped

lentiviral particles (Fig. 8.2A, 8.6, data file S1). The median neutralization titer (NT50) of

these plasmas against the B.1.351-spike-pseudotyped lentiviral particles for the mock deple-

tion was 2,459 (range 259–5,081). For 7 out of 9 samples, greater than 90% of neutralizing

activity was ablated by removal of RBD-binding antibodies (Fig. 8.2A).

We compared these B.1.351 results to previous measurements of the RBD-focused neu-

tralizing activity of plasmas from individuals infected with early 2020 viruses. These prior

measurements were made using Wuhan-Hu-1 RBD depletions and D614G spike-pseudotyped

lentiviral particles [120]. The neutralizing activity of the B.1.351 plasmas was at least as

RBD-focused as the early 2020 virus plasmas, with most neutralizing activity of most plas-

mas from both cohorts attributable to RBD-binding antibodies (Fig. 8.2B,C). There was a
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slight trend for the neutralizing activity of the B.1.351 plasmas to be more RBD-focused than

the early 2020 plasmas, but the difference was not statistically significant (Fig. 8.2C). One

caveat is that all neutralization assays were performed in 293T cells overexpressing ACE2,

which tend to emphasize the effect of RBD-binding, ACE2-competitive antibodies more than

assays performed on cells with lower levels of ACE2 expression [51, 283, 178].

8.3.4 Complete mapping of mutations in the B.1.351 RBD that reduce binding by polyclonal

plasma antibodies elicited by B.1.351 infection

To determine how mutations within the RBD affect plasma antibody binding, we used a

previously described deep mutational scanning approach. Briefly, this approach involves

generating comprehensive mutant libraries of the RBD, displaying the mutant RBDs on the

surface of yeast, and using fluorescence-activated cell sorting (FACS) and deep sequencing

to quantify how mutations impact antibody binding [124, 120].

Previously, we have performed such deep mutational scanning using the RBD from the

Wuhan-Hu-1 isolate to map mutations that affect binding by polyclonal antibodies elicited by

infection or vaccination that involves a RBD identical to that in Wuhan-Hu-1 [120, 121, 122].

However, for the current work we wanted to determine the specificity of antibodies elicited

by B.1.351 infection to the B.1.351 RBD. Therefore, we generated new duplicate libraries

containing 99.7% (3,807 of 3,819) of the possible single amino-acid mutations in the B.1.351

RBD. We displayed these libraries on the surface of yeast, and measured the effects of

mutations on RBD expression and binding to ACE2 (Fig. 8.7, data file S2 [280]). We used

computational filters based on these measurements as well as a pre-sort of the library for

RBDs that bind ACE2 with at least 1% the avidity of the unmutated B.1.351 RBD to filter

spurious antibody-escape mutations that were highly deleterious or led to gross unfolding of

the RBD.

We then measured how all the single RBD mutations affected the binding of polyclonal
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Figure 8.2: The neutralizing activity of plasma antibodies elicited by B.1.351 in-
fection is heavily focused on the RBD. (A) The neutralizing titer (NT50) of plasmas
from B.1.351-infected individuals against B.1.351 spike-pseudotyped lentiviral particles, fol-
lowing mock depletion or depletion of B.1.351 RBD-binding antibodies. (B) Comparison
of neutralization titer following mock depletion or depletion of B.1.351 RBD-binding an-
tibodies for early 2020 (n=17) [120] and B.1.351 convalescent plasmas (n=9). The pink
dashed line in A,B indicates the limit of detection (NT50 of 25 for B.1.351 plasmas, and 20
for early 2020 plasmas). (C) Percent loss of neutralization after removal of RBD-binding
antibodies for early 2020 and B.1.351 convalescent plasmas. The difference is not signifi-
cant (Cox proportional-hazards test, accounting for censoring, p = 0.12). Experiments with
B.1.351 infection-elicited plasmas were performed with B.1.351 RBD proteins and spike-
pseudotyped lentiviruses, and experiments with early 2020 plasmas were performed with
Wuhan-Hu-1 RBD proteins and D614G spike-pseudotyped lentiviruses. The data for the
early 2020 viruses are reprinted from [120]. Neutralization titers are in data file S1 and at
https://github.com/jbloomlab/SARS-CoV-2-RBD B.1.351/blob/main/experimenta

l data/results/rbd depletion neuts/RBD depletion NT50 b1351 haarvi.csv. Full
neutralization curves for the B.1.351 plasmas are in Fig. 8.6, and the full curves for the early
2020 plasmas are shown in the supplement of [120].

https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/experimental_data/results/rbd_depletion_neuts/RBD_depletion_NT50_b1351_haarvi.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/experimental_data/results/rbd_depletion_neuts/RBD_depletion_NT50_b1351_haarvi.csv
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antibodies in the B.1.351 convalescent plasmas to the B.1.351 RBD. To do this, we incubated

the yeast-displayed B.1.351 libraries with each plasma and used fluorescence-activated cell

sorting (FACS) to enrich for RBD mutants with reduced antibody binding (Fig. 8.8A-C).

We deep sequenced the pre- and post-enrichment populations to quantify each mutation’s

“escape fraction”. These escape fractions range from 0 (no cells with the mutation in the

escape bin) to 1 (all cells with the mutation in the plasma-escape bin) (data file S3). The

escape fractions measured for independent biological replicate libraries were well-correlated

(Fig. 8.8D), and in the sections below we report the average across the two replicate libraries.

We represent the escape maps as logo plots, where the height of each letter is proportional

to its escape fraction (Fig. 8.8A).

8.3.5 B.1.351-elicited antibodies focus on different epitopes than early 2020 convalescent

samples

We examined the sites and epitopes to which mutations had the greatest effect on antibody

binding. We use the Barnes, et al. [16] antibody epitope classification scheme, in which

there are antibody classes 1 through 4 (Fig. 8.3A). The class 1, 2, and 3 antibodies are often

potently neutralizing, while the class 4 antibodies are usually less potently neutralizing in

vitro [74, 188, 229, 230, 356]. Relative to Wuhan-Hu-1, B.1.351 contains mutations in or

proximal to the class 1, 2, and 3 epitopes (K417N, E484K, and N501Y, respectively) (Fig.

8.3A), although the N501Y mutation has little effect on polyclonal convalescent antibody

binding or neutralization for Wuhan-Hu-1-like viruses [51, 313, 337].

For the B.1.351 plasmas, in 4 of 9 cases, mutations to site 484 within the class 2 epitope

had the largest effects on antibody binding and the K484E reversion mutation had little effect

(Fig. 8.3B, data file S3). In 3 of 9 cases, mutations to the class 3 epitope (sites 443–450,

498–501, shown in cyan) and the class 2 site 484 had comparably large effects on antibody

binding. In two cases, no mutation had a particularly large effect on binding. Mutations to
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Figure 8.3: Complete maps of mutations in the B.1.351 RBD that reduce binding
by B.1.351 convalescent plasmas. (A) The Wuhan-Hu-1 RBD (PDB 6M0J) colored by
antibody epitope [16]. The three sites where mutations distinguish the Wuhan-Hu-1 and
B.1.351 RBDs are labeled. ACE2 is shown as a gray ribbon diagram. (B) Escape maps
for B.1.351 convalescent plasmas. The line plots at left indicate the sum of effects of all
mutations at each RBD site on plasma antibody binding, with larger values indicating more
escape. The logo plots at right show key sites (highlighted in purple on the line plot x-axes).
The height of each letter is that mutation’s escape fraction; larger letters indicate a greater
reduction in binding. For each sample, the y-axis is scaled independently. RBD sites are
colored by epitope as in (A). Sites 417, 484, and 501 are labeled with red text on the x-axis.
All escape scores are in data file S3 and at https://github.com/jbloomlab/SARS-CoV-2-
RBD B.1.351/blob/main/results/supp data/B1351 raw data.csv. Interactive versions
of logo plots and structural visualizations are at https://jbloomlab.github.io/SARS-C

oV-2-RBD B.1.351/.

https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/results/supp_data/B1351_raw_data.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/results/supp_data/B1351_raw_data.csv
https://jbloomlab.github.io/SARS-CoV-2-RBD_B.1.351/
https://jbloomlab.github.io/SARS-CoV-2-RBD_B.1.351/
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the class 1 and 4 antibody epitopes did not have large effects on plasma binding.

There are clear differences in the RBD epitope targeting of the B.1.351 plasmas versus

previously characterized plasmas from a cohort of individuals (n=11) infected with early

2020 viruses in Washington state, USA [120]. These 11 samples are a subset of the 17 whose

RBD-targeting neutralizing activity is described above (Fig. 8.2B,C). Specifically, binding of

the early 2020 plasmas were most affected by mutations to the class 1 and 2 epitopes, with

mutations to sites 456, 486, and 484 having some of the largest effects on binding to the RBD

(Fig. 8.4, 8.9, data file S4), although mutation to site 456 have little effect on neutralization

in vitro reflecting the common hyperfocusing of neutralizing antibody responses [120, 122].

While the B.1.351 plasmas were also strongly affected by mutations to the class 2 epitope

and site 484, mutations to the class 1 epitope had little effect. Moreover, while both groups

of plasmas are affected by class 3 epitope mutations, the relative importance of class 3

mutations is greater for the B.1.351 plasmas (Fig. 8.4A,B).

8.3.6 Class 3 epitope mutations have a larger effect on neutralization for B.1.351 plasmas,

while mutations at the class 2 site 484 have a larger effect for early 2020 plasmas

To test if the differences in plasma antibody binding specificity described above lead to

different effects of mutations on neutralization, we performed neutralization assays on key

mutants using spike-pseudotyped lentiviral particles. For these experiments, we chose the

eight B.1.351 samples with the highest neutralizing potency (there was not enough residual

sample volume to perform neutralization assays with the lowest-potency sample). We also

chose four early 2020 samples with substantial RBD-focused neutralizing activity and with

antibody-binding escape maps representative of the early 2020 cohort as a whole (Fig. 8.9).

In all assays, we tested neutralization by B.1.351 and early 2020 plasmas against point

mutants in the homologous B.1.351 or D614G spikes.

Mutations to site 484 had strikingly different effects on neutralization by B.1.351 versus
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Figure 8.4: Comparison of binding escape mutations between plasmas elicited
by infection with B.1.351 versus early 2020 viruses. (A) The total escape at each
site is shown as a light gray line for each plasma in the early 2020 or B.1.351 cohorts.
The thicker black line indicates the average for each cohort. Key antibody epitopes are
highlighted, colored as in Fig. 8.2A. (B) The total escape at each site averaged across
each cohort is mapped to the Wuhan-Hu-1 RBD surface (PDB 6M0J [172]), with sites
colored from white to red, with white indicating no escape, and red being the site with the
most escape. Interactive versions of logo plots and structural visualizations are at https:

//jbloomlab.github.io/SARS-CoV-2-RBD B.1.351/. The early 2020 escape-mapping
data in this figure were originally published in [120] and are reanalyzed here. The full escape
maps for the early 2020 samples are shown in Fig. 8.9 and the full escape maps for the
B.1.351 samples are shown in Fig. 8.3.

https://jbloomlab.github.io/SARS-CoV-2-RBD_B.1.351/
https://jbloomlab.github.io/SARS-CoV-2-RBD_B.1.351/
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early 2020 plasmas. For the early 2020 plasmas, both E484K/Q mutations, as well as the

K417N-E484K-N501Y triple mutation, reduced neutralization by > 10-fold, which is com-

parable to the reduction caused by removing all RBD-binding antibodies from the plasmas

(Fig. 8.5). Therefore, the neutralizing activity of early 2020 plasmas is often highly focused

on site 484, as has been described previously [51, 120, 122, 189, 313, 320, 324, 337, 351].

In contrast, mutations to site 484 had much smaller effects on neutralization by B.1.351

plasmas. The K484E reversion had little effect on neutralization by B.1.351 plasmas, which

was striking given the large effect of E484K on early 2020 plasma neutralization. While the

K484Q mutation had the largest effect on B.1.351 plasmas of any of the single mutations

we tested (geometric mean of 3.0-fold change), the effect was smaller than that for the early

2020 plasmas (geometric mean of 18.3-fold change).

The class 3 epitope was a slightly more important target of neutralization for the B.1.351

plasmas than for early 2020 plasmas, consistent with the deep mutational scanning escape

maps. The G446V mutation to the class 3 epitope had a slightly larger, but still modest,

effect on neutralization for the B.1.351 plasmas than for most of the early 2020 plasmas (Fig.

8.5, 8.10). No tested mutation, nor the 417-484-501 triple mutant, reduced neutralization by

the B.1.351 plasmas as much as removing all RBD-binding antibodies (Fig. 8.5), a result in

stark contrast to that observed for the early 2020 plasmas.

8.4 Discussion

We found that a SARS-CoV-2 variant induces antibody responses with different immun-

odominance hierarchies than early SARS-CoV-2 viral isolates. Changes in immunodom-

inance hierarchies over time and asymmetric antigenic drift have also been observed for

influenza virus [219, 234, 258, 260]. Such changes can have important consequences, as they

can contribute to individuals with different exposure histories having different susceptibilities

to viral mutants [128, 329]. Although the changes in immunodominance we have observed
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Figure 8.5: Some mutations have different effects on neutralization by B.1.351
and early 2020 plasmas. Plasmas from B.1.351- or early 2020-convalescent individuals
were tested for neutralization of wildtype B.1.351 or D614G spike-pseudotyped lentiviral
particles, respectively, and against the indicated point mutants in their respective parental
backgrounds. The y-axis indicates the fold-change in neutralization caused by the mutations,
with larger values indicating less neutralization. Each point is the average of two technical
replicates for one individual. The crossbars indicate the group geometric mean. The dashed
gray line is at 1 (i.e., mutation causes no change in neutralization). Sites 417, 484, and 501
differ between B.1.351 and early 2020 viruses, and so mutations are tested in each background
that changes the identity to that in the other virus (e.g., E484K in early 2020 viruses, and
K484E in B.1.351). Full neutralization curves and effects of mutations for each individual
are shown in Fig. 8.10, and the numerical values and IC50s are given in data file S5 and at
https://github.com/jbloomlab/SARS-CoV-2-RBD B.1.351/blob/main/experimental d

ata/results/neut titers/neut titers.csv.

https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/experimental_data/results/neut_titers/neut_titers.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/experimental_data/results/neut_titers/neut_titers.csv
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here are relatively modest, they could become larger as the virus continues to evolve and

different individuals accumulate increasingly disparate exposure histories through infection

and vaccination [107, 358].

We suggest several speculative hypotheses about several reasons why B.1.351 might elicit

different hierarchies of antibodies. Although the B.1.351 spike protein has multiple muta-

tions in key antigenic sites in the RBD and NTD [42, 324], the neutralizing antibody response

elicited by B.1.351 infection is at least as RBD-focused as for early 2020 infections, suggest-

ing that none of the RBD mutations have reduced the antigenicity of that spike subdomain.

But within the RBD, site 484 is less immunodominant for B.1.351-elicited plasmas. Infection

with early 2020 viruses frequently leads to the development of neutralizing class 2 antibodies

that target an epitope containing site 484 [106, 122, 279, 320], and are derived from com-

mon antibody germline genes (e.g., IGHV3-53/66, IGHV3-30, IGHV1-2) [16, 245, 251]. We

speculate that viruses containing K484 rather than E484 (such as B.1.351) might less readily

elicit such neutralizing antibodies [210], or might elicit antibodies that draw less of their

binding energy from site 484. Furthermore, if the class 2 epitope (containing site 484) is less

immunogenic in B.1.351, that could lead to relatively stronger targeting of the class 3 epi-

tope for B.1.351-elicited sera. Note that such phenomena could be human-specific, since the

class 2 epitope containing site 484 is not as immunodominant in other species with different

germline antibody genes (i.e., rhesus macaques) [133].

Changing immunodominance hierarchies could explain previous reports that polyclonal

antibodies elicited by infection with different SARS-CoV-2 variants can have differing neu-

tralizing breadths and specificities [34, 95, 174, 187]. For instance, prior studies of individu-

als infected with B.1.351 demonstrated that the convalescent plasmas from B.1.351-infected

individuals neutralized early 2020 viruses better than early 2020 convalescent plasmas neu-

tralized B.1.351 viruses [42, 211]. Our results help mechanistically explain this finding by

showing that one of the key epitopes that differs between early 2020 viruses and B.1.351
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(the class 2 epitope centered on site 484) is more immunodominant for early 2020 infections.

Such changes in immunodominance hierarchies could also explain recent results suggesting

that polyclonal antibodies elicited by B.1.351 infection are less effective at neutralizing the

Delta (B.1.617.2) variant than antibodies elicited by early 2020 viruses [43, 187].

Our study has several limitations. The cohorts of individuals infected with early 2020

and B.1.351 viruses are small, and are geographically and temporally distinct. Nevertheless,

the two cohorts are relatively well-matched with respect to age, sex, and days-post symptom

onset of sample collection and assays were performed under comparable conditions. Our deep

mutational scanning measured binding to yeast-displayed RBD, which may not capture all

relevant features of full-length spike in the context of virus. Finally, our neutralization assays

used pseudotyped lentiviral particles and ACE2-overexpressing cells, and some recent works

suggest that the relative importance of different spike epitopes for neutralization can depend

on the viral system and target cell line used [51, 56, 178, 283].

Although the B.1.351 variant has now been displaced by the Delta variant, our results

illustrate the need to understand immunity elicited by different SARS-CoV-2 variants. As

population immunity due to infection or vaccination increases, preexisting immunity is be-

coming an increasingly important driver of SARS-CoV-2 evolution [159], as has shown to be

the case for seasonal coronaviruses [89, 158]. Moreover, as individuals begin to accumulate

more complex SARS-CoV-2 immune histories due to multiple infections and/or vaccinations,

the effects of immune imprinting or original antigenic sin [102, 316] may start to interact with

the variant-specific immunodominance hierarchies we have described to create increasingly

diverse antibody specificities in the human population.
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8.5 Materials and Methods

Description of cohort and ethics statement

Samples were collected from participants enrolled in a prospective cohort study approved

by the Biomedical Research Ethics Committee (BREC) at the University of KwaZulu–Natal

(reference BREC/00001275/2020). Written informed consent was obtained from each par-

ticipant. The mean age was 54 years (median 53; range 26–78 years). Four were males

and 5 were females. All participants had symptomatic SARS-CoV-2 infection and a positive

SARS-CoV-2 qPCR from a swab of the upper respiratory tract, and all participants required

hospitalization. All 9 participants were HIV-negative. None of the participants had evidence

of prior SARS-CoV-2 infection. Blood was sampled approximately 30 days post-symptom

onset (mean 32.9, range 27–40 days) from 9 individuals infected with SARS-CoV-2 during

the “second wave” of infections in South Africa from late December 2020 through late Jan-

uary 2021, when the B.1.351 virus was detected in > 90% of sequenced infections in the area

[42, 285, 138]. B.1.351 infection was corroborated by the experimental findings in this pa-

per that all plasmas bound to B.1.351 spike and RBD, had reduced binding to DMS library

variants with mutations to site 484, and better neutralized B.1.351 spike-pseudotyped lentivi-

ral particles relative to D614G particles. All participant samples had detectable antibody

binding and neutralizing titers against B.1.351 SARS-CoV-2 spike.

Early-2020 convalescent plasma samples were previously described [66, 120] and collected

as part of a prospective longitudinal cohort study of individuals with SARS-CoV-2 infection

in Seattle, WA, between February and July 2020. The plasma samples from 17 individuals

were examined here (8 of 17 females; age range 23 to 76 years, mean 51.6 years, median

56 years). These samples were collected approximately 30 days post-symptom onset (mean

31.6 days, median 29 days, min 15 days, max 61 days). Five cases were hospitalized, 2 were

asymptomatic, and the remainder were symptomatic non-hospitalized. The neutralization
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activity of plasma samples before and after depletion of RBD-binding antibodies in Fig. 8.2

and RBD binding-escape maps in Fig. 8.9 were previously reported [120], but neutraliza-

tion assays for all 30-days post-symptom onset plasmas in Fig. 8.5, Fig. 8.10 were newly

performed in this study. The neutralization assays on the 100-day early 2020 samples in

Fig. 8.10 were previously reported [121]. This work was approved by the University of

Washington Institutional Review Board.

Plasma separation from whole blood

Plasma was separated from EDTA-anticoagulated blood by centrifugation at 500 rcf for 10

min and stored at −80 °C. Aliquots of plasma samples were heat-inactivated at 56 °C for 30

min and clarified by centrifugation at 10,000 rcf for 5 min, after which the clear middle layer

was used for experiments. Inactivated plasma was stored in single-use aliquots to prevent

freeze–thaw cycles.

Construction of B.1.351 RBD yeast-displayed DMS library

Duplicate single-mutant site-saturation variant libraries were designed in the background of

the spike receptor binding domain (RBD) from SARS-CoV-2 B.1.351 (identical to that from

Wuhan-Hu-1, Genbank accession number MN908947, residues N331–T531, with the addition

of the following amino-acid substitutions: K417N, E484K, N501Y), and produced by Twist

Bioscience. The Genbank map of the plasmid encoding the unmutated SARS-CoV-2 B.1.351

RBD in the yeast-display vector is available at https://github.com/jbloomlab/SARS-Co

V-2-RBD B.1.351/blob/main/data/plasmid maps/3021 pETcon-SARS-CoV-2-RBD K41

7N E484K N501Y.gb. The site-saturation variant libraries were delivered as double-stranded

DNA fragments by Twist Bioscience.

This sequence has 5’ and 3’ flanking sequences that are unmutated in the variant libraries

(lower case). The uppercase portion is the RBD coding sequence, amino acids N331–T531

https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/data/plasmid_maps/3021_pETcon-SARS-CoV-2-RBD_K417N_E484K_N501Y.gb
https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/data/plasmid_maps/3021_pETcon-SARS-CoV-2-RBD_K417N_E484K_N501Y.gb
https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/data/plasmid_maps/3021_pETcon-SARS-CoV-2-RBD_K417N_E484K_N501Y.gb
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(Wuhan-Hu-1 spike numbering). The libraries were designed to contain all 19 amino acids

at each site in the RBD, without stop codons, with no more than one amino-acid mu-

tation per variant. The variant gene fragments were PCR-amplified with these primers:

5’-tctgcaggctagtggtggag-3’ and 5’-agatcggaagagcgtcgtgtagggaaagagtgtagatctcggtggtcgccgta-

tcattaattctcttaggattcgattcacattc-3’. A second round of PCR was performed using the same

forward primer (5’-tctgcaggctagtggtggag-3’) and the reverse primer 5’-ccagtgaattgtaatacgact-

cactatagggcgaattggagctcgcggccgcnnnnnnnnnnnnnnnnagatcggaagagcgtcgtgtag-3’ to append the

Nx16 barcodes and add the overlapping sequences to clone into the recipient vector backbone

as described in [280, 281].

Failed positions in the Twist-delivered library (sites 362, 501, and 524 in Wuhan-Hu-1

numbering) were mutagenized in-house using a PCR-based method with NNS degenerate

primers and cloned into the unmutated wildtype backbone plasmid using NEB HiFi as-

sembly, exactly as described in [281]. These were then PCR-amplified using the same 5’-

tctgcaggctagtggtggag-3’ and 5’-ccagtgaattgtaatacgactcactatagggcgaattggagctcgcggccgcnnn-

nnnnnnnnnnnnnagatcggaagagcgtcgtgtag-3’ primers to pool with the barcoded Twist library

gene fragments.

The barcoded variant gene fragments were cloned in bulk into the NotI/SacI-digested

unmutated wildtype plasmid, as described in [280, 281]. The Genbank plasmid map for

the fully assembled, barcoded B.1.351 RBD libraries (with the unmutated B.1.351 RBD

sequence) is available at https://github.com/jbloomlab/SARS-CoV-2-RBD B.1.351

/blob/main/data/plasmid maps/pETcon-SARS-CoV-2-RBD-B1351 lib-assembled.g

b. The pooled, barcoded mutant libraries were electroporated into E. coli (NEB 10-beta

electrocompetent cells, New England BioLabs C3020K) and plated at a target bottleneck

of 50,000 variants per duplicate library, corresponding to > 10 barcodes per mutant within

each library. Colonies from bottlenecked transformation plates were scraped and plasmid

purified. Plasmid libraries (10 µg plasmid per replicate library) were transformed into the

https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/data/plasmid_maps/pETcon-SARS-CoV-2-RBD-B1351_lib-assembled.gb
https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/data/plasmid_maps/pETcon-SARS-CoV-2-RBD-B1351_lib-assembled.gb
https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/data/plasmid_maps/pETcon-SARS-CoV-2-RBD-B1351_lib-assembled.gb
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AWY101 yeast strain [322] according to the protocol of Gietz and Schiestl [115].

PacBio sequencing to link variant mutations and barcodes

As described by Starr et al. [280], PacBio sequencing was used to generate long sequence

reads spanning the Nx16 barcode and RBD coding sequence. PacBio sequencing amplicons

were prepared from library plasmid pools via NotI digestion, gel purification, and Ampure

XP bead clean-up. Sample-specific barcodes and SMRTbells were ligated using the HiFi

Express v2 kit. The multiplexed libraries were sequenced on a PacBio Sequel II with a 15-

hour movie collection time. Demultiplexed PacBio HiFi circular consensus sequences (CCSs)

were generated using the SMRT Link GUI, version 10.1.0.119588. HiFi reads are CCSs with

≥ 3 full passes and a mean quality score Q ≥ 20. The resulting CCSs are available on the

NCBI Sequence Read Archive, BioProject PRJNA770094, BioSample SAMN22208699.

HiFi reads were processed using alignparse (version 0.2.6) [65] to determine each variant’s

mutations and the associated Nx16 barcode sequence, requiring no more than 45 nucleotide

mutations from the intended target sequence, an expected 16-nt length barcode sequence, and

no more than 4 mismatches across the sequenced portions of the vector backbone. Attribution

of barcodes to library variants determined that the libraries contained 3,807 of the 3,819

possible single amino-acid mutations to the B.1.351 RBD. Approximately 26% of barcodes in

the duplicate libraries corresponded to wildtype B.1.351 RBD (Fig. 8.7A). The libraries were

designed to contain only wildtype and 1-amino acid mutations, but some multiple mutations

and stop codons were stochastically introduced during the library generation process. These

mutations were excluded from downstream analysis of the effects of mutations on ACE2

binding, RBD expression, and plasma antibody binding, except when used in quality control

checks (i.e., that most variants containing premature stop codons should not be expressed

on the yeast cell surface and thus should have very low expression scores).
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Determining the effects of mutations on RBD expression and ACE2 binding to filter the

library for functional variants

The effects of each mutation on RBD expression on the surface of yeast and on ACE2 binding

were measured essentially as described previously for the Wuhan-Hu-1 RBD [280]. Specifi-

cally, each biological replicate library was grown overnight at 30°C in 45mL SD-CAA media

(6.7g/L Yeast Nitrogen Base, 5.0g/L Casamino acids, 1.065 g/L MES acid, and 2% w/v dex-

trose) at an initial OD600 of 0.4. To induce RBD surface expression, yeast were back-diluted

in SG-CAA+0.1%D (2% w/v galactose supplemented with 0.1% dextrose) induction media

at 0.67 OD600 and incubated at room temperature for 16–18 hours with mild agitation. For

RBD expression experiments, 45 OD units of yeast were labeled in 1:100 diluted chicken-anti-

Myc-FITC antibody (Immunology Consultants CMYC45F) to detect the RBD’s C-terminal

Myc tag. For ACE2-binding experiments, 12 OD units of yeast were incubated overnight

at room temperature with monomeric biotinylated ACE2 (ACROBiosystems AC2-H82E8)

across a concentration range of 10−13 M to 10−6 M at 1-log intervals. Labeling volumes

were increased at low ACE2 concentration to limit ligand depletion effects. Cells were then

labeled with 1:100 diluted Myc-FITC to detect RBD expression and 1:200 Streptavidin-PE

(Invitrogen S866) to detect binding of biotinylated ACE2.

Cells were processed on a BD FACSAria II and sorted into four bins from low to high RBD

expression (measured by myc-FITC staining) or ACE2 binding (measured by streptavidin-

PE fluorescence). The RBD expression sort bins were set such that bin 1 would capture 99%

of unstained cells, and the remaining 3 bins divide the remainder of each mutant RBD library

into equal tertiles. For ACE2 binding, bin 1 captured 95% of cells expressing unmutated

RBD incubated with no ACE2 (0 M), and bin 4 captured 95% of cells expressing unmutated

RBD incubated with a saturating amount of ACE2 (10−6 M). Bins 2 and 3 equally divided

the distance between the bin 1 upper and bin 4 lower fluorescence boundaries on a log scale.

The frequency of each variant in each bin was determined by Illumina sequencing of RBD
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variant barcodes.

The effects of each mutation on RBD expression and ACE2 binding were determined as

described in [280]. RBD mutant expression and ACE2 binding scores were calculated ac-

cording to the equations in [280]. For ACE2 binding, a score of −1.0 corresponds to a 10-fold

loss in affinity (Kd) compared to the wildtype RBD. For RBD expression, a score of −1.0

corresponds to a 10-fold reduction in mean RBD-myc-FITC fluorescence intensity. These

measurements were used to computationally filter library variants that were highly deleteri-

ous for RBD expression or ACE2 binding and would likely represent spurious antibody-escape

mutations (see below for details). The ACE2 binding and RBD expression scores for the sin-

gle amino-acid mutations in the B.1.351 RBD are available at https://github.com/jbloo

mlab/SARS-CoV-2-RBD B.1.351/blob/main/data/final variant scores.csv.

As previously described, prior to performing the antibody-escape experiments, the yeast

libraries were pre-sorted for RBD expression and binding to dimeric ACE2 (ACROBiosystems

AC2-H82E6) to eliminate RBD variants that are completely misfolded or non-functional, such

as those lacking modest ACE2 binding affinity [124]. Specifically, unmutated B.1.351 RBD

and each RBD mutant library were incubated with dimeric ACE2 at 10−8 M (a saturating

concentration of ACE2 for unmutated B.1.351 RBD). A FACS selection gate was set to

capture 98% of cells expressing unmutated B.1.351 RBD that were incubated with 10−10 M

ACE2, to purge the mutant libraries of highly deleterious mutations (i.e., those that have

< 1% the affinity of unmutated B.1.351 RBD). These pre-sorted yeast libraries containing

RBD variants with at least nominal expression and ACE2 binding were used in downstream

antibody-escape experiments (see below).

Depleting plasma of nonspecific yeast-binding antibodies prior to antibody-escape experiments

Prior to the yeast-display deep mutational scanning, plasma samples were twice-depleted of

nonspecific yeast-binding antibodies. AWY101 yeast containing a negative control (contain-

https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/data/final_variant_scores.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/data/final_variant_scores.csv
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ing an empty vector pETcon plasmid) were grown overnight at 30°C in galactose-containing

media. Then, up to 50 µliters of plasma samples were incubated, rotating, with 40 OD

units of the yeast for 2 hours at room temperature in a total volume of 1mL. The yeast cells

were pelleted by centrifugation, and the supernatant was transferred to an additional 40 OD

units of yeast cells, and the incubation was repeated overnight at 4°C. Before beginning the

plasma-escape mapping experiments, the negative control yeast were pelleted by centrifu-

gation and the supernatant (containing serum antibodies but not negative control yeast or

yeast-binding antibodies) was used in plasma-escape mapping.

FACS sorting of yeast libraries to select B.1.351 mutants with reduced binding by polyclonal

plasmas from B.1.351-convalescent individuals

Plasma mapping experiments were performed in biological duplicate using the independent

mutant RBD libraries, similarly to as previously described for monoclonal antibodies [124]

and polyclonal plasma samples [120]. Mutant yeast libraries induced to express RBD were

washed and incubated with plasma at a range of dilutions for 1 hour at room temperature

with gentle agitation. For each plasma, we chose a sub-saturating dilution such that the

amount of fluorescent signal due to plasma antibody binding to RBD was approximately

equal across samples. The exact dilution used for each plasma is given in Fig. 8.8. Af-

ter the plasma incubations, the libraries were secondarily labeled for 1 hour with 1:100

fluorescein isothiocyanate-conjugated anti-MYC antibody (Immunology Consultants Lab,

CYMC-45F) to label for RBD expression and 1:200 Alexa Fluor-647-conjugated goat anti-

human-IgA+IgG+IgM (Jackson ImmunoResearch 109-605-064) to label for bound plasma

antibodies. A flow cytometric selection gate was drawn to capture 3–6% of the RBD mutants

with the lowest amount of plasma binding for their degree of RBD expression (Fig. 8.8). For

each sample, approximately 10 million RBD+ cells (range 107 to 1.5 × 107 cells) were pro-

cessed on the BD FACSAria II cell sorter, with between 4× 105 and 2× 106 plasma-escaped
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cells collected per sample. Antibody-escaped cells were grown overnight in synthetic defined

medium with casamino acids (6.7g/L Yeast Nitrogen Base, 5.0g/L Casamino acids, 1.065

g/L MES acid, and 2% w/v dextrose + 100 U/mL penicillin + 100 µg/mL streptomycin) to

expand cells prior to plasmid extraction.

DNA extraction and Illumina sequencing

Plasmid samples were prepared from 30 optical density (OD) units (1.6e8 colony forming

units (cfus)) of pre-selection yeast populations and approximately 5 OD units (3.2e7 cfus)

of overnight cultures of plasma-escaped cells (Zymoprep Yeast Plasmid Miniprep II) as pre-

viously described [124]. The 16-nucleotide barcode sequences identifying each RBD variant

were amplified by polymerase chain reaction (PCR) and prepared for Illumina sequencing as

described in [280]. Specifically, a primer with the sequence 5’-AATGATACGGCGACCAC-

CGAGA-3’ was used to anneal to the Illumina P5 adaptor sequence, and the PerkinElmer

NextFlex DNA Barcode adaptor primers with the sequence 5’-CAAGCAGAAGACGGCA-

TACGAGATxxxxxxxxGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT-3’ (where

xxxxxxxx indicates the sample index sequence) were used to anneal to the Illumina P7

adaptor sequence and append sample indexes for sample multiplexing. Barcodes were se-

quenced on an Illumina HiSeq 2500 with 50 bp single-end reads. To minimize noise from

inadequate sequencing coverage, we ensured that each antibody-escape sample had at least

2.5x as many post-filtering sequencing counts as FACS-selected cells, and reference popula-

tions had at least 2.5e7 post-filtering sequencing counts.

Analysis of deep sequencing data to compute each mutation’s escape fraction

Escape fractions were computed as described in [124], with minor modifications as noted

below. We used the dms variants package (https://jbloomlab.github.io/dms variant

s/, version 0.8.10) to process Illumina sequences into counts of each barcoded RBD variant in

https://jbloomlab.github.io/dms_variants/
https://jbloomlab.github.io/dms_variants/
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each pre-selection and antibody-escape population. For each plasma selection, we computed

the escape fraction for each barcoded variant using the deep sequencing counts for each

variant in the original and plasma-escape populations and the total fraction of the library

that escaped antibody binding via the formula provided in [124]. These escape fractions

represent the estimated fraction of cells expressing that specific variant that falls in the

escape bin, such that a value of 0 means the variant is always bound by plasma and a value

of 1 means that it always escapes plasma binding.

We then applied a computational filter to remove variants with > 1 amino-acid mutation,

low sequencing counts, or highly deleterious mutations that might cause antibody escape

simply by leading to poor expression of properly folded RBD on the yeast cell surface [124,

280]. Specifically, we removed variants that had ACE2 binding scores < −3.0 or expression

scores < −1.0, after calculating mutation-level deep mutational scanning scores for this

library as in [280]. An ACE2 binding score threshold of −3.0 retained 99.4% and an RBD

expression score threshold of −1.0 retained 93.8% of all RBD mutations observed ≥ 50× in

GISAID as of Aug. 1, 2021 Fig. (Fig. 8.7C).

We also removed all mutations where the wildtype residue was a cysteine. There were

2,014 out of the possible 3,653 mutations to non-disulfide bond residues in the RBD that

passed these computational filters.

The reported antibody-escape scores throughout the paper are the average across the

libraries; these scores are also in data file S3. Correlations in final single-mutant escape

scores are shown in Fig. 8.8D.

For plotting and analyses that required identifying RBD sites of strong escape, we con-

sidered a site to mediate strong escape if the total escape (sum of mutation-level escape

fractions) for that site exceeded the median across sites by > 5-fold, and was at least

5% of the maximum for any site. Full documentation of the computational analysis is at

https://github.com/jbloomlab/SARS-CoV-2-RBD B.1.351.

https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351
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Differences between composition and analysis of B.1.351 RBD libraries and Wuhan-Hu-1

libraries

Importantly, because the B.1.351 libraries were generated using a different method than the

Wuhan-Hu-1 RBD libraries, which is fully described in [280], the analysis of deep sequenc-

ing data to compute each mutation’s escape fraction is also different. The newly generated

B.1.351 libraries were ordered from Twist Bioscience to have one amino-acid mutation per

variant, whereas the Wuhan-Hu-1 libraries were generated in-house with a PCR-based ap-

proach, with an average of 2.7 mutations per variant [280]. Because there were often multiple

mutations per variant for the Wuhan-Hu-1 libraries, global epistasis modeling was used to de-

convolve the effects of single amino-acid mutations on antibody binding [124, 120], whereas

for the B.1.351 libraries, the measurements for single-mutant variants were used directly

(occasional variants with multiple mutations were discarded) to calculate antibody escape.

Generation of pseudotyped lentiviral particles

HEK-293T (American Type Culture Collection, CRL-3216) cells were used to generate

SARS-CoV-2 spike-pseudotyped lentiviral particles and 293T-ACE2 cells (Biodefense and

Emerging Infectious Research Resources Repository (BEI Resources), NR-52511) were used

to titer the SARS-CoV-2 spike-pseudotyped lentiviral particles and to perform neutralization

assays (see below).

For experiments involving D614G spike, we used spike-pseudotyped lentiviral particles

that were generated essentially as described in [67], using a codon-optimized SARS-CoV-

2 spike from Wuhan-Hu-1 strain that contains a 21-amino-acid deletion at the end of the

cytoplasmic tail [66] and the D614G mutation that is now predominant in human SARS-

CoV-2 [161]. The plasmid encoding this spike, HDM Spikedelta21 D614G, is available from

Addgene (#158762) and BEI Resources (NR-53765), and the full sequence is at (https:

//www.addgene.org/158762). Point mutations were introduced into the RBD of this

https://www.addgene.org/158762
https://www.addgene.org/158762
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plasmid via site-directed mutagenesis.

For experiments involving B.1.351 spike, we introduced the following mutations into the

HDM Spikedelta21 D614G plasmid to match the amino acid sequence of EPI ISL 700420:

80A, D215G, L242-244del, K417N, E484K, N501Y, and A701V. This plasmid map is available

online at https://github.com/jbloomlab/SARS-CoV-2-RBD B.1.351/blob/main/data/

plasmid maps/2957 HDM Spikedelta21 B.1.351.gb.

To generate spike-pseudotyped lentiviral particles [67], 6e105 HEK-293T (ATCC CRL-

3216) cells per well were seeded in 6-well plates in 2 mL D10 growth media (Dulbecco’s

Modified Eagle Medium with 10% heat-inactivated fetal bovine serum, 2 mM l-glutamine,

100 U/mL penicillin, and 100 µg/mL streptomycin). 24 hours later, cells were transfected

using BioT transfection reagent (Bioland Scientific) with a Luciferase IRES ZsGreen back-

bone, Gag/Pol lentiviral helper plasmid (BEI Resources NR-52517), and wild-type or mutant

SARS-CoV-2 spike plasmids. Media was changed to fresh D10 at 24 hours post-transfection.

At 60 hours post-transfection, viral supernatants were collected, filtered through a 0.45 µm

surfactant-free cellulose acetate low protein-binding filter, and stored at −80 °C.

Titering of pseudotyped lentiviral particles

Titers of spike-pseudotyped lentiviral particles were determined as described in [67] with

the following modifications. 100 µL of diluted spike-pseudotyped lentiviral particles was

added to 1.25e4 293T-ACE2 cells (BEI Resources NR-52511), grown overnight in 50 µL of

D10 growth media in a 96-well black-walled poly-L-lysine coated plate (Greiner Bio-One,

655936). Relative luciferase units (RLU) were measured 65 hours post-infection (Promega

Bright-Glo, E2620) in the infection plates with a black back-sticker (Thermo Fisher Scientific,

NC9425162) added to minimize background. Titers were first estimated from the average

of 8 two-fold serial dilutions of virus starting at 10 µL virus in a total volume of 150 µL,

performed in duplicate.

https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/data/plasmid_maps/2957_HDM_Spikedelta21_B.1.351.gb
https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/data/plasmid_maps/2957_HDM_Spikedelta21_B.1.351.gb
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Neutralization assays

293T-ACE2 cells (BEI Resources NR-52511) were seeded at 1.25e4 cells per well in 50 µL

D10 in poly-L-lysine coated, black-walled, 96-well plates (Greiner 655930). 24 hours later,

pseudotyped lentivirus supernatants were diluted to approximately 200,000 RLU per well

(determined by titering as described above) and incubated with a range of dilutions of

plasma for 1 hour at 37 °C. 100 µL of the virus-antibody mixture was then added to cells.

At about 50 or 70 hours post-infection, luciferase activity was measured using the Bright-Glo

Luciferase Assay System (Promega, E2610). Fraction infectivity of each plasma antibody-

containing well was calculated relative to a no-plasma well inoculated with the same initial

viral supernatant in the same row of the plate. We used the neutcurve package (https:

//jbloomlab.github.io/neutcurve version 0.5.7) to calculate the inhibitory concentration

50% (IC50) and the neutralization titer 50% (NT50), which is 1/IC50, of each plasma against

each virus by fitting a Hill curve with the bottom fixed at 0 and the top fixed at 1.

Depletion of RBD-binding antibodies from polyclonal sera

Two rounds of sequential depletion of RBD-binding antibodies were performed for vaccine-

elicited sera. Magnetic beads conjugated to the SARS-CoV-2 B.1.351 RBD (ACROBiosys-

tems, MBS-K032) were prepared according to the manufacturer’s protocol. Beads were

resuspended in ultrapure water at 1 mg beads/mL and a magnet was used to wash the beads

3 times in phosphate-buffered saline (PBS) with 0.05% bovine serum albumin (BSA). Beads

were then resuspended in PBS with 0.05% BSA at 1 mg beads per mL. Beads (manufacturer-

reported binding capacity of 10–40 µg/mL anti-RBD antibodies) were incubated with human

plasma at a 2:1 ratio beads:plasma, rotating overnight at 4°C or for 2 hours at room tempera-

ture. A magnet (MagnaRack Magnetic Separation Rack, Thermo Fisher Scientific, CS15000)

was used to separate antibodies that bind RBD from the supernatant, and the supernatant

(the post-RBD antibody depletion sample) was removed. A mock depletion (pre-depletion

https://jbloomlab.github.io/neutcurve
https://jbloomlab.github.io/neutcurve
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sample) was performed by adding an equivalent volume of PBS + 0.05% BSA and rotating

overnight at 4°C or for 2 hours at room temperature. Up to three rounds of depletions

were performed to ensure full depletion of RBD-binding antibodies. For the neutralization

assays on these plasmas depleted of RBD-binding antibodies, the reported plasma dilution is

corrected for the dilution incurred by the depletion process. Note that these assays were per-

formed in 293T cells over-expressing human ACE2, which may underestimate contributions

of non-RBD-binding antibodies to viral neutralization [51, 56, 283].

Measurement of plasma binding to RBD or spike by enzyme-linked immunosorbent assay

(ELISA)

The IgG ELISAs for spike protein and RBD were conducted as previously described [82].

Briefly, ELISA plates were coated with recombinant B.1.351 spike (purified and prepared

as described in [82]) and RBD (ACROBiosystems, SPD-C52Hp) antigens described in at

2 µg/mL. Five 3-fold serial dilutions of sera beginning at 1:500 were performed in PBS

with 0.1% Tween with 1% Carnation nonfat dry milk. Dilution series of the synthetic sera

comprised of the anti-RBD antibody REGN10987 [129], which binds to both Wuhan-1-like

RBD and B.1.351 RBD, and pooled pre-pandemic human serum from 2017–2018 (Gemini

Biosciences; nos. 100–110, lot H86W03J; pooled from 75 donors) were performed such that

the anti-spike antibody was present at a highest concentration of 0.25 µg/mL. REGN10987

was recombinantly produced by Genscript. The REGN10987 is the same as that used in [278].

Pre-pandemic serum alone, without anti-RBD antibody depletion, was used as a negative

control, averaged over 2 replicates. Secondary labeling was performed with goat anti-human

IgG-Fc horseradish peroxidase (HRP) (1:3000, Bethyl Labs, A80-104P). Antibody binding

was detected with TMB/E HRP substrate (Millipore Sigma, ES001) and 1 N HCl was used

to stop the reaction. OD450 was read on a Tecan infinite M1000Pro plate reader.
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Data visualization

The static logo plot visualizations of the escape maps in the paper figures were created

using the dmslogo package (https://jbloomlab.github.io/dmslogo, version 0.6.2)

and in all cases the height of each letter indicates the escape fraction for that amino-

acid mutation calculated as described above. For each sample, the y-axis is scaled to

be the greatest of (a) the maximum site-wise escape metric observed for that sample,

(b) 20x the median site-wise escape fraction observed across all sites for that plasma, or

(c) an absolute value of 1.0 (to appropriately scale samples that are not noisy but for

which no mutation has a strong effect on antibody binding). Sites K417, L452, S477,

T478, E484, and N501 have been added to logo plots due to their frequencies among

circulating viruses. The code that generates these logo plot visualizations is available at

https://github.com/jbloomlab/SARS-CoV-2-RBD B.1.351/blob/main/results/sum

mary/escape profiles.md. In many of the visualizations, the RBD sites are categorized

by epitope region [16] and colored accordingly. We define the class 1 epitope as residues

403+405+406+417+420+421+453+455–460+473–476+486+487+489+504, the class 2 epi-

tope as residues 472+483–485+490–494, the class 3 epitope to be residues 345+346+437-

452+496+498–501, and the class 4 epitope as residues 365–372+378+382–386.

For the static structural visualizations in the paper figures, the RBD surface (PDB 6M0J)

was colored by the site-wise escape metric at each site, with white indicating no escape and

red scaled to be the same maximum used to scale the y-axis in the logo plot escape maps,

determined as described above. We created interactive structure-based visualizations of the

escape maps using dms-view [137] that are available at https://jbloomlab.github.io/SA

RS-CoV-2-RBD B.1.351/. The logo plots in these escape maps can be colored according to

the deep mutational scanning measurements of how mutations affect ACE2 binding or RBD

expression as described above.

https://jbloomlab.github.io/dmslogo
https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/results/summary/escape_profiles.md
https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/results/summary/escape_profiles.md
https://jbloomlab.github.io/SARS-CoV-2-RBD_B.1.351/
https://jbloomlab.github.io/SARS-CoV-2-RBD_B.1.351/
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Statistical Analysis

The percent of neutralizing activity of early-2020 and B.1.351-convalescent plasmas due to

RBD-binding antibodies is plotted with the plotnine python package, version 0.8.0 (http

s://plotnine.readthedocs.io/en/stable/index.html), shown as a Tukey boxplot

(middle line indicating median, box limits indicating interquartile range) with individual

measurements overlaid as points. P-values are from a log-rank test accounting for censoring,

calculated with the lifelines python package, version 0.25.10 (https://lifelines.readth

edocs.io/en/latest/).
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8.7 Supplementary Figures

8.8 Supplementary Data Files

• Data file S1. Neutralization titers for B.1.351 and early 2020 infection-elicited sera

before and after depletion of homologous RBD-binding antibodies: https://github

.com/jbloomlab/SARS-CoV-2-RBD B.1.351/blob/main/experimental data/resu

lts/rbd depletion neuts/RBD depletion NT50 b1351 haarvi.csv

• Data file S2. The effects of all single amino-acid mutations in the B.1.351 RBD on

ACE2 binding and RBD expression: https://github.com/jbloomlab/SARS-CoV-2-

RBD B.1.351/blob/main/data/final variant scores.csv

• Data file S3. Plasma-escape scores for B.1.351 plasmas against the B.1.351 RBD

deep mutational scanning library: https://github.com/jbloomlab/SARS-CoV-2-RB

D B.1.351/blob/main/results/supp data/B1351 raw data.csv

• Data file S4. Plasma-escape scores for early 2020 plasmas against the Wuhan-Hu-1

RBD deep mutational scanning library: https://github.com/jbloomlab/SARS-Co

V-2-RBD B.1.351/blob/main/results/prior DMS data/early2020 escape fracs

.csv

• Data file S5. Neutralization titers of early 2020 and B.1.351 plasmas against spike-

pseudotyped lentiviral particles in the homologous spike background: https://gith

ub.com/jbloomlab/SARS-CoV-2-RBD B.1.351/blob/main/experimental data/re

sults/neut titers/neut titers.csv
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Figure 8.6: Enzyme-linked immunosorbent assay (ELISA) and neutralization
curves of B.1.351 convalescent plasmas before and after depletion of B.1.351
RBD-binding antibodies. (A) Controls showing that the RBD antibody depletion com-
pletely removes a RBD-targeting neutralizing antibody. Effect of two rounds of RBD an-
tibody depletion on binding to B.1.351 RBD and spike (left) and neutralization of B.1.351
spike-pseudotyped lentiviral particles (right) by synthetic serum. The synthetic serum was
made by adding the RBD-targeting antibody REGN10987 that binds both Wuhan-Hu-1
and B.1.351 RBD [129] to pre-pandemic pooled serum at 50 µg/mL. The x-axis indicates
the antibody concentration (µg/mL), and the y-axis is the optical density at wavelength
450 (OD450) reading at each dilution (left) or fraction infectivity (right). (B) Binding of
B.1.351 convalescent plasmas to B.1.351 RBD and spike for mock depletion (gray lines) and
depletion of RBD-binding antibodies (orange lines). Some samples were depleted three times
(dashed lines and open circles) if two rounds of depletion did not abrogate binding to RBD.
There were not substantial reductions in OD450 after the third round of depletions, so we
reasoned that the samples were maximally depleted, and no further rounds of depletions
were performed. Removal of RBD-binding antibodies only modestly reduces spike binding,
consistent with prior findings that the majority of anti-spike antibodies do not bind the RBD
[33, 120, 149, 255, 267]. (C) Neutralization curves for plasma mock depletion (gray circles)
and depletion of RBD-binding antibodies (orange triangles). Each assay was performed in
technical duplicate, and points show the mean and standard error of the replicates. Pre-
pandemic pooled serum was included in (B) and (C) as a negative control for binding and
neutralization. RBD-binding antibodies were removed from the plasma using streptavidin
magnetic beads conjugated to biotinylated B.1.351 RBD. All binding assays were performed
with B.1.351 RBD and spike, and all neutralization assays were performed with B.1.351
spike-pseudotyped lentiviral particles. This figure shows the underlying measurements for
all of the B.1.351 plasmas in Fig. 8.2; the underlying measurements for the early 2020
plasmas in Fig. 8.2 are shown in [120].
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Figure 8.7: Generation of the B.1.351 RBD mutant libraries and measurements of
effects of mutations on ACE2 binding and RBD expression. (A) Schematic showing
the B.1.351 RBD mutant library design. A site-saturation variant library was generated in
the B.1.351 RBD background, targeting one amino-acid mutation per variant. Nx16 unique
DNA barcodes were added to the variant gene fragments. The Nx16 barcodes were linked
to their associated RBD mutations by PacBio circular consensus sequencing (CCS). The
plasmid library DNA was transformed into yeast cells. In downstream experiments, the
Nx16 barcodes are sequenced by short-read Illumina sequencing. The tables at right indicate
key library statistics. (B) Correlations between biological independent replicate library
measurements of the effects of single mutations on ACE2 binding and RBD expression,
measured as described in [280]. See Methods for experimental details. (C) Thresholds on
the ACE2 binding and RBD expression scores (dashed orange lines) for the B.1.351 mutant
library to computationally filter highly deleterious variants that may represent spurious
antibody-escape mutations. Importantly, we aimed to retain most mutations that have been
observed ≥ 50× in sequenced SARS-CoV-2 isolates. The x-axis categorizes mutations by
their number of observations in GISAID [91] as of Aug. 1, 2021. An ACE2 binding score
threshold of ≥ 50 − 3.0 (1,000-fold loss in binding affinity) and an RBD expression score
of ≥ −1.0 (10-fold loss in RBD expression) were chosen, which filter comparable numbers
of mutations as in prior Wuhan-Hu-1 experiments [120, 280]. These filters retain 99.4 and
93.8% of mutations, respectively, that have been observed ≥ 50 times in sequenced SARS-
CoV-2 isolates. (D) Relationship between the ACE2 binding and RBD expression scores for
the B.1.351 RBD library compared to those previously published for the Wuhan-Hu-1 library
[280]. The computational filters used for antibody-escape experiments for the Wuhan-Hu-1
[120] and B.1.351 libraries are dashed orange lines. Each dot is one mutation, and mutations
to disulfide bonds are shown in red. A key difference is that for the previously published
Wuhan-Hu-1 experiments, dimeric rather than monomeric ACE2 was used [280].
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Figure 8.8: Deep mutational scanning approach to map mutations that reduce
binding of B.1.351 infection-elicited polyclonal plasma antibodies to the B.1.351
RBD. (A) Schematic of the approach. The RBD is expressed on the surface of yeast (top
left). Flow cytometry is used to quantify both RBD expression (via a C-terminal MYC tag,
green star) and antibody binding to the RBD protein expressed on the surface of each yeast
cell (bottom left). A library of yeast expressing B.1.351 RBD mutants was incubated with
convalescent plasmas and fluorescence-activated cell sorting (FACS) was used to enrich for
cells expressing RBD that bound reduced amounts of plasma antibodies, as detected using an
IgA+IgG+IgM secondary antibody. Deep sequencing was used to quantify the frequency of
each mutation in the initial and antibody-escape cell populations. We quantified the effect
of each mutation as the escape fraction, which represents the fraction of cells expressing
RBD with that mutation that fell in the antibody escape FACS bin. Escape fractions are
represented in logo plots, with the height of each letter proportional to the effect of that
amino-acid mutation on antibody binding. The site-level escape metric is the sum of the
escape fractions of all mutations at a site. Experimental and computational filtering were
used to remove RBD mutants that were misfolded or unable to bind the ACE2 receptor.
(B) Left: Representative plots of nested FACS gating strategy used for all plasma selection
experiments to select for single cells. Samples were gated by SSC-A versus FSC-A, SSC-W
versus SSC-H, and FSC-W versus FSC-H) that also express RBD (FITC-A vs. FSC-A).
Right: The RBD mutant libraries were sorted to retain cells expressing variants that bound
to ACE2 with at least nominal affinity. Unmutated B.1.351 RBD and each RBD mutant
library was incubated with dimeric ACE2 at 10−8 M. A FACS selection gate was set to
capture 98% of cells expressing unmutated B.1.351 RBD that were incubated with 10−10 M
ACE2, to purge the mutant libraries of highly deleterious mutations (i.e., those that have
< 1% the affinity of unmutated B.1.351 RBD). (C) Left: FACS gating strategy for one of
two independent libraries to select cells expressing RBD mutants with reduced binding by
polyclonal sera (cells in blue). Gates were set manually during sorting. Selection gates were
set to capture approximately 5% of the RBD+ library. The same gate was set for both
independent libraries stained with each plasma sample, and the FACS scatter plots looked
qualitatively similar between the two libraries. Right: the fraction of library cells that fall
into each selection gate. (D) Mutation- and site-level correlations of escape scores between
biologically independent library replicates. SSC-A, side scatter-area; FSC-A, forward scatter-
area; SSC-W, side scatter-width; SSC-H, side scatter-height; FSC-W, forward scatter-width;
FSC-H, forward scatter height; FITC-A, fluorescein isothiocyanate-area.
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Figure 8.9: Escape maps for the early 2020 convalescent plasmas, as measured
using a deep mutational scanning approach in the Wuhan-Hu-1 RBD back-
ground. The line plots at left indicate the site-level antibody escape for all RBD sites,
and the logo plots at right zoom in on key sites (highlighted in purple on the line plot
x-axes). For each sample, the y-axis is scaled independently. RBD sites are colored by
antibody epitope. Sites 417, 484, and 501 are labeled with red text on the x-axis. All
11 samples from the Washington state early 2020 cohort [120] are shown here and aver-
aged in Fig. 8.4. Interactive versions of logo plots and structural visualizations are at
https://jbloomlab.github.io/SARS-CoV-2-RBD B.1.351/. These data were originally
published in [120] and are reanalyzed here. The numerical antibody-escape scores are in
data file S4 and at https://github.com/jbloomlab/SARS-CoV-2-RBD B.1.351/blob/ma

in/results/prior DMS data/early2020 escape fracs.csv.

https://jbloomlab.github.io/SARS-CoV-2-RBD_B.1.351/
https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/results/prior_DMS_data/early2020_escape_fracs.csv
https://github.com/jbloomlab/SARS-CoV-2-RBD_B.1.351/blob/main/results/prior_DMS_data/early2020_escape_fracs.csv
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Figure 8.10: Neutralization of point mutants of B.1.351 and D614G spike-
pseudotyped lentiviral particles by convalescent plasmas from B.1.351 and early
2020-infected individuals. (A) Each plot shows the neutralization curves of one point
mutant and the wildtype measured on the same assay date for each plasma (the same wild-
type curve is repeated on multiple plots for comparison). Plots are grouped by assay date.
Each point is the average of two technical replicates. (B) The fold-decrease in neutralization
for samples shown in Fig. 8.5, with the addition of previously measured neutralization by
samples from 6 early 2020 convalescent individuals collected approximately 100 days post-
symptom onset [121]. (C) The fold-change in IC50 (left) or the absolute IC50 (right) for
the neutralization of each point mutant by each plasma. The fold-change IC50 is calculated
relative to the geometric mean of two wildtype technical replicates performed on the same
assay date. Each point is one technical replicate. The dashed gray line indicates the geo-
metric mean of all wildtype measurements for that plasma, and the orange line indicates the
geometric mean of the effect of removing all RBD-binding antibodies. B.1.351 plasma names
are prefixed with K*, and early 2020 plasmas are prefixed with “participant”. All assays
were performed with the “homologous” virus: B.1.351 spike for B.1.351 plasmas, and D614G
spike for early 2020 plasmas. Mutations are given the same names for B.1.351 and D614G
spikes, so 417K/N is 417N in the B.1.351 background and 417K in the D614G background;
484E/K is 484E in B.1.351 and 484K in D614G; 501N/Y is 501N in B.1.351 and 501Y in
D614G; and 417-484-501 is 417K-484E-501N in B.1.351 and 417N-484K-501Y in D614G.
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Chapter 9

CONCLUSIONS

The SARS-CoV-2 virus has been circulating among humans for less than two years, and

yet even in this brief period of time, we have seen that SARS-CoV-2 has the potential

to evolve antigenically. Immune pressure is likely to become a major driving force of the

virus’ evolution as larger fractions of the population gain immunity through infection or

vaccination. In my dissertation work, I have developed a system to comprehensively measure

the effects of all possible mutations to the RBD on binding of monoclonal antibodies and

polyclonal serum antibodies from individuals previously infected with or vaccinated against

SARS-CoV-2. Here I review some of the major findings of my work and potential future

avenues of research.

9.1 Summary

We developed a method to comprehensively identify mutations that reduce antibody binding

to the RBD [124]. There are two key features of our approach to study the antigenic effects

of mutations to the RBD: (1) it is complete, and (2) it is prospective. Unlike traditional

selection experiments that only identify a handful of the possible escape mutations, our

method completely maps mutations that escape antibody binding. Moreover, our results are

also of utility for assessing if ongoing viral evolution is likely to be of antigenic consequence.

Beginning in late 2020, multiple SARS-CoV-2 variant lineages emerged with mutations in

the RBD [285, 94]. It can take weeks to clone and test point mutants when a new mutations

arises. Our escape maps enable immediate assessment of whether mutations to the RBD

alter antigenicity. These quantitative experimental data can be cross-referenced to mutations
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observed during genomic surveillance of circulating SARS-CoV-2 strains. To facilitate this

rapid assessment of the antigenic consequences of mutations, we have created an interactive

visualization of all of our of antibody-escape mapping, for dozens of antibodies and > 60

plasmas or sera to date at: https://jbloomlab.github.io/SARS2 RBD Ab escape maps/.

These methods have immediate practical applications. We used this method to map

mutations that reduce binding of monoclonal antibodies, including those in clinical use [124,

122, 279, 278]. We found that mutations present in circulating SARS-CoV-2 variants can

escape binding of some of the therapeutic antibodies in clinical use. For example, we showed

that the E484K mutation present in the Beta, Gamma, Mu, and Iota variants, and the

L452R mutation in the Delta, Kappa, and Epsilon variants each escape binding of LY-

CoV555 (bamlamivimab) [279]. On the other hand, we found that some mutations found at

high frequency, such as N501Y, S477N, and T478K, have little effect on the binding of any

tested antibodies, although the N501Y mutation increases ACE2 affinity [280].

We applied this method to map mutations that reduce binding of convalescent plasmas

[120, 122, 123] and vaccine-elicited sera [121]. We found that mutations to site 484 could

strongly reduce the binding and neutralization of convalescent plasmas from individuals

infected with SARS-CoV-2 in early 2020 [120, 122]. This demonstrates that the infection-

elicited neutralizing antibody response is highly focused on one immunodominant epitope.

This implies that single viral mutations may substantially erode infection-elicited immunity,

and could be a concern for vaccine-elicited immunity, too [358]. We found that the vaccine-

elicited response, however, has broader binding of antibodies across the RBD and is relatively

less affected by single mutations than infection-elicited polyclonal plasmas [121]. Single viral

mutations present in circulating SARS-CoV-2 viral variants can still reduce antibody binding

and neutralization, although usually to a lesser degree than is seen for infection-elicited

antibodies [121].

Finally, we knew that SARS-CoV-2 would continue to evolve, and that eventually, a

https://jbloomlab.github.io/SARS2_RBD_Ab_escape_maps/
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new viral variant would become the dominant circulating strain. It was unknown how the

specificity of the antibody response elicited by these variants would be different. Thus, we

extended our deep mutational scanning approach to map mutations that reduce binding

and neutralization of polyclonal plasmas from individuals who were infected with SARS-

CoV-2 variants. To do this, we created a new deep mutational scanning library in the

B.1.351 variant background and identified mutations in this background that reduced binding

of plasmas from B.1.351-convalescent individuals. We found a shifted immunodominance

hierarchy, with a relatively greater importance of the class 3 epitope than for early 2020

plasmas [123]. These results provided mechanistic insight to the finding that different variants

induce antibody responses that differentially neutralize other variants [42, 211, 43, 187]. For

instance, B.1.351-elicited plasmas have a modest decrease in neutralization against D614G

or early 2020 viruses, but are substantially less able to neutralize Delta viruses [43, 187].

These results might be explained by differential utilization of antibody germline genes in

response to infection with different SARS-CoV-2 variants [210].

9.2 Implications for vaccine development and selection

Influenza virus evolves rapidly on a global scale, requiring frequent updates of the vaccine

to incorporate strains that are predicted to be circulating at high frequency in the coming

flu season [47]. Current evidence suggests that SARS-CoV-2 evolution will eventually erode

vaccine-elicited immunity such that a vaccine update will be required. The data that we have

generated with our antibody- and plasma-escape maps can help to interpret the antigenic

consequences of SARS-CoV-2 evolution and can be useful in the prioritization of which

mutations and variants need to be further investigated using lower-throughput methods

such as neutralization assays using pseudotyped virus or live virus system.

Neutralizing antibodies are a correlate of protection against SARS-CoV-2 infection [6,

195, 155]. Because most neutralizing antibodies target the spike RBD [229, 282, 74, 120],
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RBD-only vaccine candidates have also been pursued [216, 342, 304, 54] and may be reason-

able vaccine targets. But, there has been concern that immunity elicited by an RBD-only

vaccine would be more susceptible to erosion by viral evolution because of the smaller number

of potential epitopes contained within the RBD compared to the full spike protein. I estab-

lished that vaccination with the mRNA-1273 vaccine elicits neutralizing antibodies that are

even more focused towards the RBD than the infection-elicited response [121]. Moreover,

it is presumed that the majority of the residual neutralizing activity that is not directed

against the RBD is directed towards the NTD. But all SARS-CoV-2 viral variants of interest

or concern that have emerged since late 2020 have contained mutations in the NTD, often in

the “antigenic supersite” [201, 200, 199, 48, 283, 202, 207, 337, 154]. From this persepctive,

an RBD-only vaccine may be a reasonable immunogen. Indeed, RBD nanoparticle vaccine

candidates have been shown to induce broadly protective antibody responses [304, 305].

9.3 Future directions

SARS-CoV-2 continues to evolve, new variants are emerging, and individuals are acquiring

increasingly complex infection and vaccination histories. Thus, there are many open ques-

tions regarding the antigenic consequences of viral evolution that can be addressed with the

methods I have described in the preceding chapters.

9.3.1 Prospective identification of mutations that may define an antigenically drifted de-

scendant of the Delta variant

In my work on the immune response to the B.1.351 variant, we found that this variant induces

antibody responses with different immunodominance hierarchies than early SARS-CoV-2

viral isolates. Such changes in immunodominance can have important consequences, as they

can contribute to individuals with different exposure histories having different susceptibilities

to viral mutants [128, 329]. Although the changes in immunodominance we have observed
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here are relatively modest, they could become larger as the virus continues to evolve and

different individuals accumulate increasingly disparate exposure histories through infection

and vaccination [107, 358].

The Delta (B.1.617.2) variant emerged in mid-2021 [239] and has reached near-fixation in

the United States and in many countries throughout the world [138]. The Delta variant has

multiple mutations in spike (T19R, E156G, del157–158, L452R, T478K, D614G, P681R, and

D950N), and is moderately less susceptible to neutralization by convalescent and vaccine-

elicited plasmas [187, 233, 201, 209]. While we cannot be sure that the Delta variant will

fix, it seems likely at the moment. If Delta does fix, then the next major variant will be

a descendant of Delta. Indeed, sublineages of Delta, sometimes referred to as “Delta+”

lineages, have already been described [240]. As variants in the Delta background emerge,

their potential for further erosion of population immunity will need to be assessed. Thus,

I am extending the methods we have developed to map mutations that reduce binding of

polyclonal plasmas to the Delta RBD.

To this end, I am making a deep mutational scanning library in the Delta background

and measuring the effects of mutations on ACE2 binding, RBD expression, and antibody

binding. I detail our interest in characterizing the antibody response further in the next

section.

9.3.2 The influence of SARS-CoV-2 variant infection and vaccination on the specificity

antibody response

As SARS-CoV-2 continues to evolve, individuals will gain increasingly complex and poten-

tially disparate immune histories, shaped by serial vaccinations and infections. As SARS-

CoV-2 continues to circulate for years or even decades, the effects of immune imprinting or

original antigenic sin [102, 316, 35] may start to interact with variant-specific immunodomi-

nance hierarchies.



330

In my ongoing work, I will examine the specificities of the antibody response from indi-

viduals who have been vaccinated against the Wuhan-Hu-1 strain, infected with the Delta

variant, or vaccinated and then infected with the Delta variant. This will begin to address

the role of immune imprinting in the specificity of the immune response. Will individu-

als who were first vaccinated against the Wuhan-Hu-1 strain and then infected with the

Delta variant (which may have a different immunodominance hierarchy) have responses that

are more Wuhan-Hu-1-like, or more Delta-like? Preliminary evidence from a SARS-CoV-2

B.1.351 variant booster mRNA vaccine trial suggest that immune imprinting may lead to

boosting of the primary antibody response rather than the development of a de novo variant

response [58].

One way to potentially circumvent the challenges of immune imprinting is to ensure that

individual’s first antigenic exposure is to a “universal” antigen that elicits a response that

is protective against many antigenically distinct variants. While it is too late to rewrite

individuals’ first antigenic exposures, it might be possible to vaccinate future generations

with such a “universal” antigen. The development of a universal flu vaccine has been an

NIH/NIAID priority for several years [92]. In the coming years, there may also be increasing

interest in the development of a universal SARS-CoV-2 that would be protective against

many SARS-CoV-2 variants, or even a universal sarbecovirus vaccine that could protect

against pre-emergent viruses of pandemic potential.

9.3.3 Examining the effects of combinations of mutations to the SARS-CoV-2 RBD to

define the complete immunodominance hierarchy induced by infection or vaccination

A final direction that I am pursuing is understanding the effects of combinations of muta-

tions on antibody binding. Our work thus far only examines the effects of single mutants,

as mutations typically fix in a stepwise manner [276], and processes that require multiple

mutations tend to occur more slowly in viral evolution [104]. However, as the SARS-CoV-2
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virus continues to circulate in humans, multiple mutations will eventually fix, and so the

examination of the antigenic effects of multiple mutations is an important area for future

work.

Indeed, SARS-CoV-2 viral variants have emerged with multiple mutations to the RBD,

including the Beta, Gamma, Delta, Kappa, Lambda, Mu, and Omicron variants [240, 285,

94]. There is evidence that some mutations in the RBD can act relatively additively to affect

neutralization [313, 51, 193, 299], there is additional evidence that some mutations such as

K417N and L452R may act in a synergistic manner [201], whereas other mutations that are in

partially overlapping epitopes, such as L452R and E484Q may have less-than-additive effects

[99]. Thus, a better mechanistic understanding of the combinatorial effects of mutations on

antibody binding and neutralization are needed [90].

It is not possible to assay the effects of all possible combinations of mutations to the RBD.

Even though the RBD is only 201 amino acids in length, there are over 16 million possible

combinations of double mutants, far beyond the feasible scale of our experimental system.

But, we can reduce the complexity of a combinatorial library by focusing on sites that are

known to be of antigenic importance, based on our prior mapping of escape mutations for

monoclonal antibodies and polyclonal sera. We can even further reduce the complexity by

making only specific mutations at each of these key antigenic sites, rather than all 19 possible

mutations, allowing us to assay higher-order mutations. For instance, the complexity of a

library with only 1 mutation at each of 15 sites would be approximately 30,000 variants, only

10-fold higher than our current library diversity size.

9.4 Final thoughts

My dissertation work has specifically leveraged a yeast-displayed deep mutational scanning

system to measure the effects of mutations to the SARS-CoV-2 spike RBD on its function

and antigenicity. This work has been remarkably useful in the context of the COVID-
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19 pandemic and has helped to anticipate the ACE2 binding and antigenic phenotypes

of new variants as they have emerged. More broadly, however, future studies may apply

high throughput approaches to study other SARS-CoV-2 proteins or domains, such as the

spike protein, N-terminal domain, or protease, as well as other viruses. Comprehensive

genotype-to-phenotype maps for other viruses may similarly aid in the interpretation of viral

surveillance of human endemic viruses and viruses of pandemic potential.



333

BIBLIOGRAPHY

[1] Novavax COVID-19 vaccine demonstrates 89.3% efficacy in UK phase 3 trial. https:

//ir.novavax.com/news-releases/news-release-details/novavax-covid-19-v

accine-demonstrates-893-efficacy-uk-phase-3. Accessed: 2021-4-8.

[2] Pfizer and BioNTech confirm high efficacy and no serious safety concerns through up to
six months following second dose in updated topline analysis of landmark COVID-19
vaccine study. https://www.pfizer.com/news/press-release/press-release-de

tail/pfizer-and-biontech-confirm-high-efficacy-and-no-serious. Accessed:
2021-4-8.

[3] Regeneron’s casirivimab and imdevimab antibody cocktail for COVID-19 is first com-
bination therapy to receive FDA emergency use authorization. https://investor.r

egeneron.com/news-releases/news-release-details/regenerons-regen-cov2-

first-antibody-cocktail-covid-19-receive/. Accessed: 2021-10-19.

[4] A study of LY3819253 (LY-CoV555) and LY3832479 (LY-CoV016) in preventing
SARS-CoV-2 infection and COVID-19 in nursing home residents and staff - full text
view - ClinicalTrials.gov. https://clinicaltrials.gov/ct2/show/NCT04497987.
Accessed: 2021-10-19.

[5] Rhys M Adams, Thierry Mora, Aleksandra M Walczak, and Justin B Kinney. Mea-
suring the sequence-affinity landscape of antibodies with massively parallel titration
curves. eLife, 5, 30 December 2016.

[6] Amin Addetia, Katharine H D Crawford, Adam Dingens, Haiying Zhu, Pavitra
Roychoudhury, Meei-Li Huang, Keith R Jerome, Jesse D Bloom, and Alexander L
Greninger. Neutralizing antibodies correlate with protection from SARS-CoV-2 in hu-
mans during a fishery vessel outbreak with a high attack rate. Journal of clinical
microbiology, 58(11), 21 October 2020.

[7] Wafaa B Alsoussi, Jackson S Turner, James B Case, Haiyan Zhao, Aaron J Schmitz,
Julian Q Zhou, Rita E Chen, Tingting Lei, Amena A Rizk, Katherine M McIntire,
Emma S Winkler, Julie M Fox, Natasha M Kafai, Larissa B Thackray, Ahmed O
Hassan, Fatima Amanat, Florian Krammer, Corey T Watson, Steven H Kleinstein,

https://ir.novavax.com/news-releases/news-release-details/novavax-covid-19-vaccine-demonstrates-893-efficacy-uk-phase-3
https://ir.novavax.com/news-releases/news-release-details/novavax-covid-19-vaccine-demonstrates-893-efficacy-uk-phase-3
https://ir.novavax.com/news-releases/news-release-details/novavax-covid-19-vaccine-demonstrates-893-efficacy-uk-phase-3
https://www.pfizer.com/news/press-release/press-release-detail/pfizer-and-biontech-confirm-high-efficacy-and-no-serious
https://www.pfizer.com/news/press-release/press-release-detail/pfizer-and-biontech-confirm-high-efficacy-and-no-serious
https://investor.regeneron.com/news-releases/news-release-details/regenerons-regen-cov2-first-antibody-cocktail-covid-19-receive/
https://investor.regeneron.com/news-releases/news-release-details/regenerons-regen-cov2-first-antibody-cocktail-covid-19-receive/
https://investor.regeneron.com/news-releases/news-release-details/regenerons-regen-cov2-first-antibody-cocktail-covid-19-receive/
https://clinicaltrials.gov/ct2/show/NCT04497987


334

Daved H Fremont, Michael S Diamond, and Ali H Ellebedy. A potently neutraliz-
ing antibody protects mice against SARS-CoV-2 infection. Journal of immunology,
205(4):915–922, 15 August 2020.

[8] Fatima Amanat, Mahima Thapa, Tinting Lei, Shaza M Sayed Ahmed, Daniel C Adels-
berg, Juan Manuel Carreno, Shirin Strohmeier, Aaron J Schmitz, Sarah Zafar, Julian Q
Zhou, Willemijn Rijnink, Hala Alshammary, Nicholas Borcherding, Ana Gonzalez Re-
iche, Komal Srivastava, Emilia Mia Sordillo, Harm van Bakel, Jackson S Turner, Goran
Bajic, Viviana Simon, Ali H Ellebedy, Florian Krammer, and The Personalized Virol-
ogy Initiative. The plasmablast response to SARS-CoV-2 mRNA vaccination is domi-
nated by non-neutralizing antibodies that target both the NTD and the RBD. 9 March
2021.

[9] Alberto A Amarilla, Julian D J Sng, Rhys Parry, Joshua M Deerain, James R Potter,
Yin Xiang Setoh, Daniel J Rawle, Thuy T Le, Naphak Modhiran, Xiaohui Wang, Nias
Y G Peng, Francisco J Torres, Alyssa Pyke, Jessica J Harrison, Morgan E Freney,
Benjamin Liang, Christopher L D McMillan, Stacey T M Cheung, Darwin J Da Costa
Guevara, Joshua M Hardy, Mark Bettington, David A Muller, Fasséli Coulibaly, Fred-
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Thomas Hägglöf, Arlene Hurley, Katrina G Millard, Yiska Weisblum, Fabian Schmidt,
Theodora Hatziioannou, Paul D Bieniasz, Marina Caskey, Davide F Robbiani, Michel C
Nussenzweig, and Pamela J Bjorkman. Structures of human antibodies bound to
SARS-CoV-2 spike reveal common epitopes and recurrent features of antibodies. Cell,
182(4):828–842.e16, 20 August 2020.

[18] Alina Baum, Dharani Ajithdoss, Richard Copin, Anbo Zhou, Kathryn Lanza, Nicole
Negron, Min Ni, Yi Wei, Kusha Mohammadi, Bret Musser, Gurinder S Atwal, Adelekan
Oyejide, Yenny Goez-Gazi, John Dutton, Elizabeth Clemmons, Hilary M Staples, Car-
men Bartley, Benjamin Klaffke, Kendra Alfson, Michal Gazi, Olga Gonzalez, Edward
Dick, Jr, Ricardo Carrion, Jr, Laurent Pessaint, Maciel Porto, Anthony Cook, Renita
Brown, Vaneesha Ali, Jack Greenhouse, Tammy Taylor, Hanne Andersen, Mark G
Lewis, Neil Stahl, Andrew J Murphy, George D Yancopoulos, and Christos A Kyrat-
sous. REGN-COV2 antibodies prevent and treat SARS-CoV-2 infection in rhesus
macaques and hamsters. Science, 370(6520):1110–1115, 27 November 2020.



336

[19] Alina Baum, Benjamin O Fulton, Elzbieta Wloga, Richard Copin, Kristen E Pascal,
Vincenzo Russo, Stephanie Giordano, Kathryn Lanza, Nicole Negron, Min Ni, Yi Wei,
Gurinder S Atwal, Andrew J Murphy, Neil Stahl, George D Yancopoulos, and Chris-
tos A Kyratsous. Antibody cocktail to SARS-CoV-2 spike protein prevents rapid muta-
tional escape seen with individual antibodies. Science, 369(6506):1014–1018, 21 August
2020.

[20] Etienne Becht, Leland McInnes, John Healy, Charles-Antoine Dutertre, Immanuel W H
Kwok, Lai Guan Ng, Florent Ginhoux, and Evan W Newell. Dimensionality reduction
for visualizing single-cell data using UMAP. Nature biotechnology, 3 December 2018.

[21] Michelle M Becker, Rachel L Graham, Eric F Donaldson, Barry Rockx, Amy C Sims,
Timothy Sheahan, Raymond J Pickles, Davide Corti, Robert E Johnston, Ralph S
Baric, and Mark R Denison. Synthetic recombinant bat SARS-like coronavirus is
infectious in cultured cells and in mice. Proceedings of the National Academy of Sciences
of the United States of America, 105(50):19944–19949, 16 December 2008.

[22] Trevor Bedford, Alexander L Greninger, Pavitra Roychoudhury, Lea M Starita, Michael
Famulare, Meei-Li Huang, Arun Nalla, Gregory Pepper, Adam Reinhardt, Hong Xie,
Lasata Shrestha, Truong N Nguyen, Amanda Adler, Elisabeth Brandstetter, Shari Cho,
Danielle Giroux, Peter D Han, Kairsten Fay, Chris D Frazar, Misja Ilcisin, Kirsten La-
combe, Jover Lee, Anahita Kiavand, Matthew Richardson, Thomas R Sibley, Melissa
Truong, Caitlin R Wolf, Deborah A Nickerson, Mark J Rieder, Janet A Englund, Seat-
tle Flu Study Investigators, James Hadfield, Emma B Hodcroft, John Huddleston,
Louise H Moncla, Nicola F Müller, Richard A Neher, Xianding Deng, Wei Gu, Scot
Federman, Charles Chiu, Jeffrey S Duchin, Romesh Gautom, Geoff Melly, Brian Hi-
att, Philip Dykema, Scott Lindquist, Krista Queen, Ying Tao, Anna Uehara, Suxiang
Tong, Duncan MacCannell, Gregory L Armstrong, Geoffrey S Baird, Helen Y Chu, Jay
Shendure, and Keith R Jerome. Cryptic transmission of SARS-CoV-2 in washington
state. Science, 370(6516):571–575, 30 October 2020.

[23] Trevor Bedford, Marc A Suchard, Philippe Lemey, Gytis Dudas, Victoria Gregory,
Alan J Hay, John W McCauley, Colin A Russell, Derek J Smith, and Andrew Rambaut.
Integrating influenza antigenic dynamics with molecular evolution. eLife, 3:e01914,
4 February 2014.

[24] Sandrine Belouzard, Victor C Chu, and Gary R Whittaker. Activation of the SARS
coronavirus spike protein via sequential proteolytic cleavage at two distinct sites.
Proceedings of the National Academy of Sciences of the United States of America,
106(14):5871–5876, 7 April 2009.



337

[25] M J Birrer, S Udem, S Nathenson, and B R Bloom. Antigenic variants of measles
virus. Nature, 293(5827):67–69, 3 September 1981.

[26] Jesse D Bloom. An experimentally determined evolutionary model dramatically im-
proves phylogenetic fit. Molecular biology and evolution, 31(8):1956–1978, August 2014.

[27] Jesse D Bloom, Lizhi Ian Gong, and David Baltimore. Permissive secondary mutations
enable the evolution of influenza oseltamivir resistance. Science, 328(5983):1272–1275,
4 June 2010.

[28] E T Boder and K D Wittrup. Yeast surface display for screening combinatorial polypep-
tide libraries. Nature biotechnology, 15(6):553–557, June 1997.

[29] A A Bogan and K S Thorn. Anatomy of hot spots in protein interfaces. Journal of
molecular biology, 280(1):1–9, 3 July 1998.

[30] Meagan Bolles, Eric Donaldson, and Ralph Baric. SARS-CoV and emergent coron-
aviruses: viral determinants of interspecies transmission. Current opinion in virology,
1(6):624–634, December 2011.

[31] Maciej F Boni, Philippe Lemey, Xiaowei Jiang, Tommy Tsan-Yuk Lam, Blair W Perry,
Todd A Castoe, Andrew Rambaut, and David L Robertson. Evolutionary origins of
the SARS-CoV-2 sarbecovirus lineage responsible for the COVID-19 pandemic. Nature
microbiology, 5(11):1408–1417, November 2020.

[32] Berend Jan Bosch, Ruurd van der Zee, Cornelis A M de Haan, and Peter J M Rottier.
The coronavirus spike protein is a class I virus fusion protein: structural and functional
characterization of the fusion core complex. Journal of virology, 77(16):8801–8811,
August 2003.

[33] Philip J M Brouwer, Tom G Caniels, Karlijn van der Straten, Jonne L Snitselaar, Yoann
Aldon, Sandhya Bangaru, Jonathan L Torres, Nisreen M A Okba, Mathieu Claireaux,
Gius Kerster, Arthur E H Bentlage, Marlies M van Haaren, Denise Guerra, Judith A
Burger, Edith E Schermer, Kirsten D Verheul, Niels van der Velde, Alex van der Kooi,
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waert, Bert Schepens, Xavier Saelens, and Jason S McLellan. Structural basis for
potent neutralization of betacoronaviruses by Single-Domain camelid antibodies. Cell,
181(5):1004–1015.e15, 28 May 2020.

[332] Daniel Wrapp, Nianshuang Wang, Kizzmekia S Corbett, Jory A Goldsmith, Ching-Lin
Hsieh, Olubukola Abiona, Barney S Graham, and Jason S McLellan. Cryo-EM struc-
ture of the 2019-nCoV spike in the prefusion conformation. Science, 367(6483):1260–
1263, 13 March 2020.

[333] Antoni G Wrobel, Donald J Benton, Pengqi Xu, Chloë Roustan, Stephen R Martin,
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