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ABSTRACT

The COVID-19 pandemic has highlighted how viral variants that escape monoclonal
antibodies can limit optionsto control an outbreak. With the emer gence of the SARS-CoV-
2 Omicron variant, many clinically used antibody drug productslost in vitro and in vivo
potency, including AZD7442 and its constituent, AZD1061 [VanBlargan2022, Case2022].
Rapidly modifying such antibodiesto restor e efficacy to emerging variantsisa compelling
mitigation strategy. We ther efor e sought to computationally design an antibody that
restores neutralization of BA.1 and BA.1.1 while smultaneoudy maintaining efficacy
against SARS-CoV-2 B.1.617.2 (Delta), beginning from COV 2-2130, the progenitor of
AZD1061. Herewe describe COV2-2130 derivatives that achieve thisgoal and provide a
pr oof-of -concept for rapid antibody adaptation addressing escape variants. Our best
antibody achieves potent and broad neutralization of BA.1, BA.1.1, BA.2, BA.2.12.1, BA 4,
BA.5, and BA.5.5 Omicron subvariants, wher e the parental COV2-2130 suffer s significant
potency losses. Thisantibody also maintains potency against Delta and WA 1/2020 strains
and provides protection in vivo against the strainswe tested, WA1/2020, BA.1.1, and BA 5.
Because our design approach is computational—driven by high-perfor mance computing-
enabled smulation, machine lear ning, structural bioinfor matics and multi-objective
optimization algorithms—it can rapidly propose redesigned antibody candidates aiming to
broadly target multiple escape variants and virus mutations known or predicted to enable

escape.
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Introduction:
In December 2019, the first cases of COVID-19 disease, caused by the novel coronavirus

SARS-CoV-2, were reported in Wuhan, China. By February 2020, the virus had reached every
populated continent. The global death toll for COVID-19 exceeded 6 million people within two
years [WHO2020]. Worldwide spread of COVID-19 is attributed to efficient respiratory viral
shedding and person-to-person transmission from both symptomatic and asymptomatic
individuals [Wolfel2020,Bai2020]. Despite increasingly available vaccines and antibody
treatments, the pandemic continues in part due to mutations in the virus, resulting in variants of
concern (VOCs) that can escape existing vaccines and antibody drugs. Most notably, the
Omicron variant (BA.1), first reported in South Africa in November 2021, outcompeted all other
VOCs worldwide within weeks [Viana2022]. BA.1 contains over 50 mutations, 15 in the spike
protein receptor binding domain (RBD), the primary target for therapeutic and prophylactic
antibodies. These mutations reduce or eliminate the efficacy of most approved prophylactic and
therapeutic antibodies [VanBlargan2022,Iketani2022,Wang2022].

For example, the prophylactic antibody combination tixagevimab + cilgavimab
(Evusheld™), deployed under an emergency use authorization, exhibited potent in vitro
neutralization activity against ancestral SARS-CoV-2 (Wuhan-1) and earlier VOCs (i.e., Delta
(B.1.617.2)), but demonstrated reduced activity against Omicron BA.1 and the closely related
BA.1.1. Tixagevimab + cilgavimab is composed of modified versions of the non-competing,
neutralizing antibodies COV2-2196 and COV2-2130, both isolated from the B cells of
convalescent patients exposed to SARS-CoV-2 in Wuhan, China in December 2019 [Zost2020,
Dong2021]. COV2-2196 and COV2-2130 exhibit an approximately 10- to 100-fold reduction in
neutralizing potency against Omicron BA.1 compared to previous virus variants, as did the two-

component combination [VanBlargan2022, Cameroni2022]. COV2-2130 suffers an even greater,
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1,000-fold loss in neutralization potency against Omicron BA.1.1 as compared to strains earlier
in the pandemic [Wang2022, Tuekprakhon2022, Takashita2022].

Computational re-design is a promising strategy to recover antibody function and to
avoid the time-consuming process of discovering entirely new therapeutic antibodies.
Specifically, we introduce a small number of mutations to an escaped but regulatory-approved
antibody product or clinically relevant congener, and virtually assess improvement to binding
efficacy. We developed and used a computationally-driven approach, called Generative
Unconstrained Intelligent Drug Engineering (GUIDE). This approach combines high-
performance computing resources, simulation, and machine learning to co-optimize binding
efficacy against multiple antigen targets, such as RBDs from several SARS-CoV-2 strains, along
with other desirable attributes such as thermostability. The design process starts from structural
models of the parental antibody in complex with one or more antigen targets. Importantly, the
computational platform operates in a “zero-shot” setting, i.e., designs are created without
iteration through, or input from, wet laboratory experiments on proposed antibody candidates,
relatives, or other derivatives of the parental antibody (e.g., single-point mutants). While more
challenging, such design approaches can scale with available computational resources and
address many targets with dynamic freedom that is substantially greater than current wet
laboratory methods.

Using over five million CPU (central processing unit) and GPU (graphics processing
unit) hours over a 3-week period, we used our computational platform to execute repair of
COV2-2130 and propose antibody candidates. From these proposed antibodies, we selected 376

antibody sequences for experimental validation.
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Computational design
Our computationally-driven antibody design platform leverages simulation and machine learning

to generate mutant antibody sequences that are co-optimized for multiple critical properties,
without requiring experimental feedback (Fig. 1). The platform comprises three phases: problem
formulation, computational design and selection of mutant antibody candidates, and

experimental validation of proposed candidates.

We formulate a problem by identifying a parental antibody (in this case, COV2-2130)
[Z0st2020], a set of particular target antigens (the receptor binding domain or RBDs from spike
proteins of VOCs Omicron BA.1, BA.1.1, and Delta), and corresponding co-structures. Here, we
sought simultaneous binding improvements against Omicron BA.1 and BA.1.1 while
maintaining binding to the Delta variant. We used co-structures that were both experimentally
determined and computationally estimated, starting from co-structures including the wild-type
antigen [Dong2021]. Since an experimental structure of the Omicron RBD was not available at
the onset of our design process, we estimated the structure of the complex of the RBD with
COV2-2130 using template-based structural modeling [zemla2005]. We incorporated
experimentally determined Omicron RBD structures [mannar2022] into the design process as
they became available. We considered more than twenty paratope residues for mutation,
primarily in or near the heavy (H) or light (L) chain complementarity determining regions
(CDRs; [selaculang2013]) H2, H3, L1, and L2, resulting in a search space containing

approximately 10?” possible mutant sequences.
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Multi-objective optimization
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Figure 1. Overview of the GUIDE computationally driven drug engineering platform. Given target
antigens and a parental antibody, co-structures are estimated experimentally and/or computationally (left).
Within the main computational loop (center left), a sequence generator proposes multi-point mutant
antibody candidates, and a Bayesian optimization agent selects which proposed sequences to evaluate via
a set of affinity prediction tools. A subset of 376 computationally evaluated sequences based on Pareto
optimality were experimentally evaluated for binding affinity by Gyros or ELISA (center right). The top
10 sequences are then evaluated for neutralization of SARS-CoV-2 variants (right). See Methods for

details.

Our computational design approach was implemented as a multi-objective optimization problem
defined over this large space of mutations to COV2-2130 paratope residues. We simultaneously
considered five critical antibody properties: (1) binding affinity to Omicron BA.1 RBD, (2)
binding affinity to BA.1.1 RBD, (3) binding affinity to Delta RBD, (4) thermostability, and (5)
humanness (see below). We expected restored affinity to each RBD variant to result in restored
neutralization because COV2-2130 competes with human angiotensin converting enzyme
(ACE2) in SARS-CoV-2 spike binding [Zost2020]. Three complementary computational tools
enable affinity prediction: atomistic potential of mean force molecular dynamics simulations,
Structural Fluctuation Estimation (SFE) [zemla2022], and Rosetta Flex [barlow2018]. We

estimated thermal stability using the Free Energy Perturbation (FEP) method [zhu2022].
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Humanness was quantified as the log likelihood of each sequence, as estimated using the
AbBERT model [Vashchenko22], a deep language model trained on a large database of human
antibody sequences [Olsen2022]. If natural human sequences are assumed to be fit, avoiding
statistically atypical sequences may limit pitfalls, particularly autoreactivity and poor expression.
We used these tools to initialize a sequence generator, which proposes multi-residue mutations
to the amino acid sequence of COV2-2130, biased toward residues that perform well across these
critical properties. Within the optimization loop, this generator proposes batches of mutant
antibody sequences. Next, we employed distributed software agents, each using Bayesian
optimization or rules-based methods, to select a subset of promising candidate sequences to
simulate in Rosetta Flex, yielding predicted binding affinities. Over the course of less than three
weeks, spanning more than 4,000,000 CPU-hours and 1,000,000 GPU-hours, we

computationally evaluated more than 125,000 antibody candidates.

From the outputs of these tools and other descriptors, such as the number of mutations in a
proposed sequence, we calculated the Pareto optimal set [ehrgott2005] of thousands of
sequences; this is the set of “non-dominated” sequences in the chosen computational fitness
criteria, i.e., those for which there does not exist another sequence that is superior in all criteria.
Finally, we chose 376 antibody designs for synthesis that balanced the diversity of selected

sequences with constraints on experimental capacity.
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Experimental evaluation:

Antibody and antigen production

We experimentally validated the designed candidates. To take advantage of available resources,
we split our candidates into two partially overlapping subsets (1 and 2). Set 1 consisted of 230
designs expressed as IgG in HEK-293 cells (ATUM) and Set 2 consisted of 204 designs
expressed as 1gG via a pVVC-mCisK_hG1 vector (Twist BioScience) in transiently transfected
CHO cells. Omicron antigens were produced in Expi293F cells (ThermoFisher Scientific) and

purified on HisTrap Excel columns (Cytiva).

In the following experiments, we selected antigens or viral strains to determine if we had
achieved three goals. These were our primary design goal of addressing BA.1 and BA.1.1; our
secondary goal of maintaining efficacy against historical strains, where design explicitly targeted
Delta but experiments often substituted WA1/2020 D614G; and our tertiary goal of determining

whether our designs were robust to emerging VOCs.

Computationally designed antibodies maintained favorable expression yields

Because in silico derivatization of antibody sequences can inadvertently compromise production
yield, we measured concentrations of the first cohort of 230 COV2-2130-derived recombinant
antibodies produced and compared them to the parental antibody. The purified concentrations of
73.9% of re-designed antibodies exceeded that of the parental COV2-2130 antibody (170/230
mADs at >171.2 mg/L), reaching as high as 305 mg/L. Only approximately 10% of designed

antibodies gave poor yields relative to the parental molecule (22/230 mAbs at <135 mg/L, i.e.
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80% of parental antibody yield). Our designs thus yielded candidates for downstream

characterization that retained fundamental production properties of the parental antibody.

Computationally designed antibodies improved binding to Omicron subvariants and preserved

thermostability

We screened all designed antibodies for binding by a single-concentration immunoassay
(Gyrolab xPlore) in the contexts of BA.1, BA.1.1, and wild type RBDs (set 1; see Fig. ED1 for
later optimization of this assay) or a multi-concentration immunoassay (ELISA; Fig. ED2),
respectively, in the context of wild type, BA.1 or BA.1.1 RBDs (set 2). In the single-
concentration case, this value was chosen as a single dilution factor causing most designed
antibody samples to fall in the dynamic range of the positive control. In both cases, we compared
with a broadly cross-reactive control antibody S309 [pinto2020] and the parental COV2-2130
antibody. As intended, most antibody designs had altered binding profiles, i.e., the designed
mutations were consequential. Thus, only approximately 11% of the first set of 230 designs
retained wild-type WA1/2020 antigen binding at the measured concentration; roughly 6%
improved binding against BA.1 and 5% against BA.1.1. Following this initial screen, we down-
selected both sets of antibody designs to those with improved binding to Omicron subvariants

BA.1and BA.1.1.

These down-selected antibodies were remanufactured at larger scale. We characterized the
resulting 1gG antibodies by immunoassay and thermal shift (melt temperature) assessments.
Seven of the eight top-performing antibodies preserved comparable binding to wild type
(WA1/2020) and Delta RBDs and improved over the parental COV2-2130 antibody in their

binding to Omicron BA.1 and BA.1.1 RBDs (Fig. 2). Furthermore, seven of the eight antibodies
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had melting temperatures and expression properties comparable to those of COV2-2130. One
antibody, 2130-1-0114-111 had reduced melting temperature. (Table EDT1). Antibody 2130-1-
0114-112 displayed best-in-class binding across all RBD variants and had no significant

difference in thermal stability compared to the parental COV2-2130 antibody.
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Figure 2. Computationally designed 1gG antibodiesimprove Omicron binding and maintain
parental ther mostability and binding to historical strains. (A) The parental COV2-2130 (orange
circles) and computationally designed antibodies (2130-1-0114-112 highlighted in purple ; remainder in
black) were assayed for thermal shift (n=3, technical replicates). Bars indicate the mean and error bars
indicate standard deviation. (B-E) The parental COV2-2130 antibody and computationally designed
antibodies (represented by the same symbols as in A) and cross-reactive positive control antibody S309
(magenta squares) were analyzed for relative binding against four SARS-CoV-2 Spike-RBD variants in
Gyrolab immunoassay: wild type WA1/2020 (B), Delta (C), Omicron BA.1 (D) and Omicron BA.1.1 (E).
Lines represent 4-parameter logistic regression model fit using GraphPad Prism to each titration, executed

without technical replicates.
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Computationally designed antibodies restored neutralization to Omicron subvariantsin

pseudoviral neutralization assays

We performed pseudovirus neutralization assays to characterize the functional performance of
selected antibody designs (Fig. 3). Our designs maintained neutralization activity against
pseudoviruses displaying historical spike proteins (WA1/2020 D614G) and also achieved
neutralization of those with Omicron BA.1 spikes. The single best candidate design, 2130-1-
0114-112 , restored potent neutralization in the context of BA.1.1 and showed a two-order-of-
magnitude improvement in IC50 vs. parental COV2-2130 for BA.1 and BA.4. These pseudovirus
neutralization test results showed that our designs neutralized BA.2 and BA.4 more potently than
COV2-2130, despite the emergence of these VOCs after the conception of our designs. We
additionally tested 2130-1-0114-112’s performance against BA.2.75, BA.4.6, which contain an
R346T mutation, among others, and an artificially-constructed BA.2.75 + R346T, which matches
the RBD sequence of BA.2.76 (Fig. ED3). 2130-1-0114-112 outperforms COV2-2130, including
maintaining potent neutralization of BA.2.75 (IC50 of 2.6 ng/ml), which reduces COV2-2130’s
potency by more than 30-fold, and measurably neutralizes BA.4.6 and BA.2.75 + R346T, which

are not effectively inhibited by COV2-2130.
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Figure 3: Designed antibodies improve pseudoviral neutralization over COV2-2130. The parental
COV2-2130 antibody (orange circles), cross-reactive positive control antibody S2K146 (magenta
squares), and down-selected computationally designed antibodies were assayed by neutralization with
lentiviruses pseudotyped with spike variants of WA1/2020 D614G (A), Omicron BA.1 (B), BA.1.1 (C),
BA.2 (D), and BA.4 (E). (G) IC50 values. “>" indicates a value > 10,000; NC indicates positive hill
slope or failure to converge. Symbols indicate the mean and standard deviation of two technical

replicates; curves are 4-parameter logistic regression models fit using GraphPad Prism.
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Top computationally designed antibody, 2130-1-0114-112, restores neutralization of Omicron
subvariantsin an authentic virus assay

We evaluated our best antibody, 2130-1-0114-112 (four mutations, GH112E, SL32A, SL33A,
TL59E), for authentic virus neutralization performance against several strains of SARS-CoV-2
by focus reduction neutralization test (FRNT) in Vero-TMPRSS2 cells (Fig. 4). These strains
track the history of the pandemic, the early Omicron targets against which we designed, and
subsequent strains of interest. The tested strains were WAL1/2020 D614G, Delta (B.1.617.2),
BA.1l,BA.1.1, BA.2,BA.2.12.1, BA.4, BA5, and BA.5.5. In all cases apart from Delta, 2130-1-
0114-112 had an IC50 < 10 ng/mL. Compared to the parental COV2-2130, 2130-1-0114-112
restored potent neutralization activity against BA.1 and BA.1.1, showed a more than 5-fold
improvement in 1C50 against BA.2 and BA.2.12.1, and conferred 50-fold or greater
improvements in IC50 against BA.4, BA.5, and BA.5.5. We also evaluated 2130-1-0114-112 and
a less-mutated alternative design, 2130-1-0104-024 (SL32W, TL59E), in plaque assays with
Vero E6-TMPRSS2-T2A-ACE2 cells (Fig. ED4). IC50 values for 2130-1-0104-024 were 37.7

ng/ml, 75.94 ng/ml and 781.7 ng/ml for Delta, BA.1, and BA.1.1 viruses, respectively.
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Figure4: 2130-1-0114-112 is potent in focus reduction neutralization tests with authentic virusin
Vero-TMPRSS2 cells. 2130-1-0114-112 potently neutralizes (A) WA1/2020 D614G (B) Delta

B.1.617.2, (C) Omicron BA.1, (D) Omicron BA.1.1, (E) Omicron BA.2, (F) Omicron BA.2.12.1, (G)
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Omicron BA.4, (H) Omicron BA.5, and (I) Omicron BA.5.5 authentic viruses in focus reduction
neutralization assays in Vero-TMPRSS2 cells. Experiments were performed in two technical replicates,
symbols represent the mean of the duplicates, and fits are four-parameter logistic curves to the normalized
data. (J) IC50 values corresponding to (A)-(I). “>" indicates 1C50 values > 10,000; “NC” indicates fits

that were unconverged, unstable, or with positive hill slope. Analyses were performed in GraphPad Prism.

Prophylaxiswith 2130-1-0114-112 protects against SARS-CoV-2 variants.

To assess the comparative prophylactic efficacy of 2130-1-0114-112 and the parental COV2-
2130 mAb in vivo, we administered to K18-hACE2 transgenic mice a single 100 ug (~5 mg/kg
total) dose one day prior to intranasal inoculation with WA1/2020 D614G, BA.1.1, or BA.5 (88
mice in total, 9-10 for each mAb and viral strain). Although Omicron lineage viruses are less
pathogenic in mice, they replicate efficiently in the lungs of K18-hACE2 mice
[Case2022][Halfmann2022][Uraki2022][Ying2022]. Viral RNA levels were measured at 4 days
post-infection in the nasal washes, nasal turbinates, and lungs (Fig. 5). As expected, the parental
COV2-2130 mADb effectively reduced WA1/2020 D614G infection in the lungs (180,930-fold),
nasal turbinates (42-fold) and nasal washes (25-fold) compared to the isotype control mAb.
However, the COV2-2130 mAD lost protective activity against BA.1.1 in all respiratory tract
tissue, whereas against BA.5, protection was maintained in the lungs (13,622-fold) but not in the
nasal turbinates or nasal washes. In comparison, 2130-1-0114-112 protected against lung
infection by WA1/2020 D614G (399,945-fold reduction), BA.1.1 (53,468-fold reduction), and
BA.5 (160,133-fold reduction) compared to the isotype control mAb (Fig. 5). Moreover, in the

upper respiratory tract (nasal turbinates and washes), 2130-1-0114-112 also conferred protection
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against WA1/2020 D614G, BA.1.1, and BA.5. The differences in protection between the
parental COV2-2130 and derivative 2130-1-0114-112 mAbs were most apparent in mice

infected with BA.1.1, which directly parallels the neutralization data (Fig. 3 and 4).
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Eight-week-old female K18-hACE2 mice were administered 100 pg (about 5 mg/kg) of the indicated
mAb treatment by intraperitoneal injection one day before intranasal inoculation with 10* FFU of
WA1/2020 D614G (Left), Omicron BA.1.1 (Center) or BA.5 (Right). Tissues were collected four days
after inoculation, and viral RNA levels in the lungs (Top), nasal turbinates (Center), and nasal washes
(Bottom) were determined by RT-gPCR (lines indicate median £ SEM.; n =9 (WA1/2020 D614G and
BA.1.1 isotype control groups) or 10 (all others) mice per group, two experiments; Kruskal-Wallis
ANOVA with Dunn’s multiple comparisons post-test; ns, not significant; *P < 0.05, **P < 0.01, ***P <

0.001, ****P < 0.0001). All analyses conducted in GraphPad Prism.

Structural basisfor the restored potency of 2130-1-0114-112

To understand the molecular mechanism and the atomic details of the recognition of Omicron
RBD by 2130-1-0114-112, we performed 3D reconstructions by cryo-electron microscopy (cryo-
EM) of 2130-1-0114-112 in complex with the SARS-CoV-2 Omicron BA.2 spike at 3.26A.
Although the overall resolution was sufficient for model building, the interface region between
the RBD and 2130-1-0114-112 was not well-resolved due to its flexibility. To address this issue,
we performed focused refinement of this portion of the structure to ~3.6A (EMD-28198, EMD-
28199, PDB 8EDK) (Fig. 6 and Fig. ED6, Table EDT2). This model shows the binding
interface of 2130-1-0114-112/RBD and elucidates how 2130-1-0114-112 regains neutralization
potency against Omicron VOCs. COV2-2130 forms extensive interactions with the RBD through
HCDR2 and HCDR3, as well as LCDR1 and LCDR2 [Dong2021]. The interaction of these loops
includes hydrogen bond networks and hydrophobic interactions. SARS-CoV-2 Omicron BA.2
has two mutations in close proximity to (7A distance) COV2-2130 (N440K and Q498R) (Fig.

ED5A). To improve binding interactions with Omicron subvariants, 2130-1-0114-112 modifies
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three CDR loops (HCDR3, LCDR1, and LCDR2). The N440K mutation is on the edge of the
RBD interface with the 2130-1-0114-112 HCDRS3 loop and does not make direct contact with
G112E. However, the mutation N440K introduces a positive charge to a local environment that
has substantial hydrophobic-to-hydrophobic contact. The negative charge introduced by the
G112E substitution (Fig. 6C, D) on the HCDR3 loop might improve the electrostatic interactions
in this region. Although the structural resolution is not sufficient for modeling water molecules,
it is possible that E112 and K440 could coordinate a water molecule. The local environment
around the LCDR1 loop is mostly hydrophobic (comprised of RBD residues L452, F490 and
L492, as well as the Omicron mutation E484A) with an N34 hydrogen bond (Fig. 6D). The
hydrophilic-to-hydrophobic LCDR1 mutations introduced in 2130-1-0114-112, S32A and S33A,
may favor the local environment and strengthen hydrophobic interactions with the RBD (Fig.
6C, E). Lastly, the T59E mutation in the LCDR2 loop establishes a new salt bridge with the
RBD residue R498 present in Omicron RBDs. This new salt bridge likely strengthens the
interaction with the RBD (Fig. 6C, E). Altogether, the structural model of the 2130-1-0114-112
with the BA.2 RBD helps explain the observed restoration of potency against SARS-CoV-2

Omicron VOCs.
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Figure 6. Cryo-EM structure of neutralizing antibodies 2130-1-0114-112 in complex with
Cov2 BA.2 RBD. (A) Cryo-EM map and model of the RBD-Fab complex. The map is
transparent and colored by chain with RBD red, 2130-1-0114-112 HC yellow and 2130-1-0114-
112 LC green. (B) Atomic model of the RBD-Fab complex. Color as in A. Hydrogen bond in
dashed line. BA.2 RBD mutation in orange. 2130-1-0114-112 mutation in cyan and blue (HC
and LC). (C) Detail showing the 2130-1-0114-112 modified residues and the interaction with
Cov2 BA.2 RBD. Left, HCDR3 Glul112. Middle, LCDR1 Ala32 and Ala33 hydrophobic
network. Right, LCDR2 Glu59 salt bridge with Arg498. Orange and green dashed lines indicate
H-bonds and hydrophobic interactions, respectively; yellow dashed lines are labeled with
distances. (D) Left, HCDR3 shown as in (C) with surface color by electrostatic potential,
showing the positive and negative charges of Lys444 and Glu112. Right, A32 and A33 in
LCDR1 with the nearby RBD surface colored by hydrophobicity (orange to cyan hydrophobic to
hydrophilic). (E) 2D diagram of Fab 2130-1-0114-112 paratope and epitope residues involved in
hydrogen bonding (dashed lines) and hydrophobic interactions. Residues involved in
hydrophobic interactions are shown as curved lines with rays. Atoms shown as circles, with
oxygen red, carbon black, and nitrogen blue. Interacting residues that belong to CDR loops are
colored in different shade. Asterisks correspond to mutated residues. Image created with

Ligplot+ [Laskowski2011].
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Discussion:

We set out to rapidly design and validate derivatives of the COV2-2130 antibody that restore
potent in vitro neutralization against BA.1 and BA.1.1 Omicron subvariants while maintaining
binding and neutralization to previous strains of SARS-CoV-2. Additionally, we sought to retain
favorable thermostability properties and maintain the sequences’ humanness, a data-driven
measure of similarity to known human sequences. Despite the multiple mutations in the COV2-
2130 epitope of Omicron BA.1 and BA.1.1, we achieved these simultaneous design objectives
by applying a scalable, computationally driven, multi-objective approach to design potently
neutralizing antibodies against all major SARS-CoV-2 variants. We performed our in silico
design calculations in a single iteration (i.e., without requiring iterative improvement based on
experimental evaluations) in less than 3 weeks. Our top antibody design was confirmed to restore
prophylactic efficacy in vivo and to also restore strong neutralization of Omicron BA.1 and
BA.1.1, while maintaining neutralization of earlier and subsequent VOCs including Delta

(B.1.617.2), Omicron BA.2, BA.4, BA.5, and BA.5.5, and also remaining thermostable.

Several designed antibody candidates were successful in restoring neutralization potency to
Omicron subvariants. Collectively, these antibodies almost eliminate the significant sequence
variation in the CDRH3 loop at positions 103 to 108 present in the initial population of 376 1gG
designs (Fig. ED7). In contrast, mutations at positions 32 and 33 in CDRL1 appear to be
enriched, particularly to hydrophobic residues, consistent with our analysis of this part of the
experimentally solved structure of 2130-1-0114-112 and BA.2 spike. As described above, the
four designed mutations in this antibody appear to accommodate the mutations in Omicron and

optimize both the electrostatic and the hydrophobic interactions with Omicron lineage RBD.
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Empirically, this design fully restores potent neutralization against authentic BA.1 and BA.1.1
SARS-CoV-2, while maintaining WA1/2020 D614G and Delta (B.1.617.2) neutralization,
meeting our design goals. Indeed, 2130-1-0114-112 had superior antiviral activity in vivo against
BA.1.1 and BA.5 in susceptible K18-hACE2 mice compared to COV2-2130. Notably, this same
antibody design also neutralizes authentic BA.2 and BA.2.12.1; is highly effective against BA.4,
against which COV2-2130 suffers a small (< 10-fold) reduction in potency [Wang2022], BA.5,
and BA.5.5; and remains potently neutralizing against pseudotyped BA.2.75. These more recent
variants, all of which include the Omicron mutations N440K, E484A, and Q498R, had not yet
emerged at the time we created our antibody designs, but 2130-1-0114-112’s effective
neutralization of these VOCs demonstrates the robustness of our multi-objective computational
approach and offers hope that future design campaigns may yield designs that also broadly
protect against escape mutants. Finally, the parental COV2-2130 suffers a total loss of
pseudoviral neutralization against the emerging BA.4.6 subvariant, which contains the mutation
R346T, and a constructed BA.2.75 subvariant with the single additional mutation R346T,
matching the mutations in BA.2.76 RBD. Against these same subvariants, 2130-1-0114-112
retains some pseudoviral neutralization (IC50 of 1264 and 673.8 ng/ml, respectively). While
there is some loss in potency, these activities demonstrate that 2130-1-0114-112’s designed
mutations can compensate for the loss of the salt bridge from RBD R346 — to heavy chain D56,

reducing this vulnerability as compared to COV2-2130.

Our results also show that improvements of more than one order of magnitude in neutralization

IC50 values with respect to Omicron BA.1 are possible with as few as two substitutions to the


https://doi.org/10.1101/2022.10.21.513237
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.10.21.513237; this version posted October 24, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

parental variable region sequence of COV2-2130, as demonstrated by the similar 2130-1-0104-

024.

Our computational design methodologies were designed to be rapid, generalizable, and enable
rescue of antibodies that suffer loss of potency due to virus escape. In addition to selecting
mutant antibody designs based on predicted binding affinity, our approach supports simultaneous
consideration and optimization of additional antibody attributes, including putative correlates of
manufacturability (thermostability) and/or safety properties (humanness). Importantly, our multi-
objective optimization approach simultaneously balances results from multiple affinity
prediction models against multiple virus variants and can be tuned to bias the mutational
landscape based on investigator design objectives. Importantly, because the computational
design process itself is not tied to availability of reagents, survivor serum or lymphocytes, or
other lengthy wet laboratory processes, it offers the potential for highly accelerated design or

repair of antibody-based drug products.

Critically, our design approach could lead to a quicker path to clinical use, potentially with lower
development costs and lower risk as compared to a wholly new drug product screen requiring
comparable breadth and efficacy. This is because our top performing antibody restores in vivo
efficacy and achieves potent and broad neutralization of current SARS-CoV-2 Variants of
Concern by substituting only four amino acids into the parental antibody drug product. This
parental antibody has previously been extensively tested and already deployed under FDA

emergency use authorization. This potentially accelerated path to clinical use is particularly
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relevant now, given that traditional antibody drug development approaches are struggling to keep

up with the rapid pace of SARS-CoV-2 escape variants.

In future work, we will extend our computational approach to include additional antibody
developability predictive models, such as models predicting antibody expression, protein
aggregation, and polyreactivity. Our models for predicting antibody-antigen binding heavily
depend on performing simulations using accurate models of antibody-antigen co-structures, an
important limitation. Consequently, we are developing experimental datasets to advance
machine-learning-based approaches for predicting binding directly from sequence, as well as

incorporating emerging Al-based approaches for determining and refining structural models.

In summary, we demonstrate critical aspects of a computational antibody design capability and
rapidly create hundreds of antibody designs, some of which are potently neutralizing and broadly
reactive replacement antibodies for COV2-2130 in the context of Omicron virus subvariants.
Similar study of the mutational liabilities of a given antiviral antibody might allow pre-emptive
computational design for escape robustness. Ultimately, this computational approach could lead
to an on-demand antibody drug product development strategy that would allow for rapid

response to emerging viral outbreaks.
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Methods

Modeling and selection of antibody-antigen structuresto enable structure-based
simulation-based prediction. To best manage the high sensitivity of ddG predictions to
structure quality [Geng2019], we used LGA [Zemla2003] to evaluate a collection of
experimentally-solved structures of the receptor binding domains (RBD), available structures of
the Fab form of COV2-2130, and structures of RBD-Fab complexes to identify regions of

backbone and side-chain deviation (see Fig. EDS8).

We used the conformational centroid for further analysis and to select a representative structure.
Structural clustering of tested RBDs identified Omicron RBD (PDB id 7t9k, chain A) as the
centroid of all evaluated conformations (shown on Fig. ED9A). We consequently chose to
perform binding affinity (ddG) calculations on two initial structures (Fig. ED9B): an
experimentally solved structure of WT RBD with the Fab form of COV2-2130 (PDB ID 717¢,
chains S, M, N); and a structural model of Omicron RBD complexed with COV2-2130 (PDB ID
717e, chains M, N) that uses as RBD the identified conformational centroid (PDB ID 7t9k chain

A).

Atomistic molecular dynamics (M D) smulationsfor free-energiesasaffinity predictions.

MD simulations were performed using OpenMM (v7.4) [Eastman2017] and CHARMMZ36
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[Huang2013]. Complexes were first solvated in an isotropic TIP3P [3] box. K" and CL ions
were added to neutrality and 150 mM concentration. After energy minimization, MD simulations
with a Langevin integrator (1 ps™) [Salomon-Ferrer2013], Monte Carlo barostat (303.15 K),
particle mesh ewald summation (1 A grid) [Darden1993], SHAKE [Ryckaert1977], and 2 fs
timestep were run for 125 ps with constraints on backbone and sidechain atoms (400 and 40
kJ/mol-nm?, respectively). An additional 10 ns were run without constraints. From the final
coordinates, a minimum watershell [Ovchinnikov2020] with adaptive boundary and hydrogen
repartitioning was next used to increase sampling. These simulations used a 4 fs time step
[Hopkins2015], 300K thermostat, and particle mesh ewald electrostatics. The antibody and
antigen were separated from each other by 8 A, with separate simulations under harmonic
constraints (100 kcal/mol-A?) at each 1 A interval. At each, 4 ns of re-equilibration and an
additional 360 ns of MD were run to provide sampling for calculating the free-energy

[Ovchinnikov2016].

Structural Fluctuation Estimation (SFE) approach for reproducible and robust free energy
prediction. To address problems of reproducibility and robustness of calculated estimates in
energy changes upon mutations (ddG), we have applied our Structural Fluctuation Estimation
(SFE) approach [zemla2022]. The construction of models, clustering, and selection of
representatives of each cluster (its centroid) for further processing are described previously in
Section “Modeling and selection of antibody-antigen structures to enable structure-based
simulation-based predictions”. These structures are minimized and relaxed using standard
minimization procedures from Rosetta [Rohl2004], Chimera [Pettersen2004], and GROMACS

[Abraham2015] steepest descent and conjugate gradient methods, followed by further short MD
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simulations in GROMACS to extract from the resulting trajectories a set of structure snapshots.
For each initial structure we generate 60 structural conformations for the RBD-Fab complex (30
complexes with and 30 without mutations where each set of 30 includes the initial structure, four
minimized and 25 structures from MD trajectories), capturing structural uncertainties, possible
structural deviations upon introduced mutations, and protein natural structural fluctuations. Next,
we perform “forward” (on models without mutations) and “reverse” (on models with mutations)
mutational ddG calculations using Rosetta Flex ddG [barlow2018]. When ddG calculations are
completed we remove outliers, average results of the interquartile simulations, and calculate the
final ddG as estimated by the formula: ddG=(ddGsorward - ddGreverse)/2. The resulting ddG value
provides an affinity estimate that has been shown to be more reproducible and robust than ddG
estimates calculated from just one initial input structure of the RBD-FAB complex using
standard FoldX [Schymkowitz2005], Rosetta [Kortemme2002], or Flex ddG [barlow2018]

procedures.

AbBERT deep language model. AbBERT [Vashchenko22] is a transformer-based language
model we derived from ProtBERT [Elnaggar2021] through fine-tuning the pre-trained model on
over 200,000 human antibody sequences from the Observed Antibody Space (OAS)
[Olsen2022]. The trained AbBERT model then learns the distribution of human sequences. This
provides a way to measure the resemblance of candidate antibodies to human antibodies. We
score the effect of single or multiple mutational changes, where the latter is via a multi-unmask
scoring procedure. We use these scores in online sequence generation and in post-campaign
Pareto selection. As shown in Fig. ED10, we can also sample from the model when

conditioning on partial sequences.
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Free energy perturbation calculations. Free energy perturbation (FEP) is a rigorous, physics-
based method that employs MD simulations to calculate free energy differences. As reported
recently [zhu2022], we implemented an automated protocol for large-scale FEP calculations to
evaluate the effect of antibody mutation on conformational stability. The structure of the COV2-
2130 Fab was taken from the crystal structure 7L7E. We then followed the FEP protocol
described in Ref. [zhu2022]. Using FEP, we calculated AAG™™""Y, the change in the antibody
conformational stability, for 512 single mutations of 29 residues on the COV2-2130 Fab near the

binding interface.

Active lear ning and autonomous system. We employed a semi-autonomous system to select
and administer Rosetta Flex [barlow2018] and FoldX [Schymkowitz2005] simulations, broadly
exploring and optimizing for binding to BA.1, BA.1.1, and the RBD mutant L452R (the relevant
Delta constituent). We treated the set of sequences around COV2-2130, out to 9 mutations
difference (mode 4, mean 4.56). Our system coordinates hundreds of individually-scheduled,
asynchronously-operating HPC nodes that execute these simulations using HPC workflow design
tools [gitMaestro, gitSina]. Each result is recorded in a MariaDB database, which also serves
these results to nodes for decision-making. We pre-loaded our database with sequences
generated during a pre-Omicron simulation effort to improve COV2-2130’s robustness to escape.
We selected simulations by both (1) model-free, rules-based, rank-and-select approaches and (2)
Gaussian process-based active learning with an MEI decision rule [Mockus1978], with models

implemented in GPyTorch [Gardner2018]. In either case, we created the decision set using a
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randomized sequence generator. This generator was biased toward individual mutations favored

by available results from the in silico estimators and simulators described previously.

Following this phase, we prepared a unified view of the designs. All sequences were scored with
the AbBERT model. We next determined the Pareto (non-dominated) set of designs. For each
design in this set, we then summed weighted terms from: binding ddG values under Rosetta Flex
and FoldX (where present); summed point-mutation binding free energies from pulling
simulations; FEP stability estimates; multi- or summed single-point SFE binding free energies;
the square of the number of mutations (preferring fewer); and the score from AbBERT. This sum
was used as a single score to order the antibody sequences as a ranked set. From this ranked set
we first chose the top sequences for antibody production. We then enforced sequence diversity of
the selected antibodies for production by limiting the number of times any single point mutation
could appear in the overall set by eliminating the lowest ranked antibodies once the maximum
was reached. We further enforced sequence diversity by ensuring that the selected set included at
least one antibody sequence containing each of the top performing single point mutations based
on an exhaustive set of simulations of all single point mutations on the antibody’s paratope. In
addition, we enforced inclusion of previously unaddressed single point mutations and positions
that appeared significant relative to our initial specification of the design problem. We did both
by replacing the lowest ranked antibody sequences in the selected set with the top ranked
antibody sequences containing top single point mutations not yet represented in the set. Finally,
we manually removed any antibody sequences containing more than four mutations to aromatic

amino acids and sequence motifs associated with glycosylation.
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Antigen production. To express the RBD subdomain of the SARS-CoV-2 S protein, residues
328-531 were cloned into a mammalian expression vector downstream of an mu-phosphatase
signal peptide and upstream of an AviTag and a 8xHis tag. Three previously identified
stabilizing mutations (Y365F, F392W, V3951) were included in the RBD to enhance stability
and yield. For RBD constructs corresponding to the Omicron subvariants, mutations present in
each subvariant were introduced into the context of the stabilized, wild-type RBD construct.
RBD constructs were transfected into Expi293F cells (ThermoFisher Scientific), and expressed
protein was isolated by metal affinity chromatography on HisTrap Excel columns (Cytiva).
Purified proteins were analyzed by SDS-PAGE to ensure purity and appropriate molecular

weights.

Antibody production. Nucleotide sequences encoding the designed heavy and light chain
sequences for each antibody in the first set of 230 designs were synthesized, cloned into an
hlgG1 framework, and used to produce mAbs via transient transfection of HEK293 cells at

ATUM (Newark, CA, USA).

For the second set of 204 designs, monoclonal antibody sequences were synthesized (Twist
Bioscience) and cloned into an IgG1 monocistronic expression vector (designated as pVVC-
mCisK_hG1) [Chng 2015] and expressed either at microscale in transiently transfected
ExpiCHO cells [Zost2020a] for screening or at a larger-scale for down-stream assays. Sequences
in this group all contain an additional arginine at the beginning of the light chain constant region
with respect to sequences expressed in the first set. Larger-scale monoclonal antibody expression

was performed by transfecting (30 ml per antibody) CHO cell cultures using the Gibco ExpiCHO
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Expression System and protocol for 125ml flasks (Corning) as described by the vendor. Culture
supernatants were purified using HiTrap MabSelect SuRe (Cytiva, formerly GE Healthcare Life
Sciences) on a 24-column parallel protein chromatography system (Protein BioSolutions).

Purified monoclonal antibodies were buffer-exchanged into PBS, and stored at 4°C until use.

Binding screening and char acterization. Immunoassays for screening the first set of 230
designs (Fig. ED1) and later characterization were performed on the Gyrolab xPlore instrument
(Gyros Protein Technologies) using the Bioaffy 200 discs (Gyros Protein Technologies). The
standard manufacturer’s immunoassay automated protocol was executed with fluorescence
detection set to 0.1% PMT. Assay column washes were performed with in PBS + 0.02% Tween
20 (PBST). Capture antigens were applied to the assay columns at 0.5 to 2.0 uM in PBS. Analyte
mAbs were applied to the assay columns diluted in PBST at 1:200 for single-concentration
screening or as a serial dilution from 1,000 nM to 0.25 nM for characterization of down-selected
candidate antibodies. A secondary detection antibody served as a fluorescent reporter: Alexa
Fluor 647 AffiniPure Fab Fragment Goat Anti-Human IgG, Fcy fragment specific (Jackson
ImmunoResearch) diluted to 50-100 nM in RexxipF buffer (Gyros Protein Technologies).
Resulting values were fit to a 4PL model or calculated as area under the curve (AUC) using

GraphPad Prism software.

Dose-response EL I SA binding assays. For screening and characterizing the second set of 204
designs (Fig. ED2), wells of 384-well microtiter plates were coated with purified recombinant
SARS-CoV-2 RBD proteins at 4 °C overnight at a concentration of 2 mg/mL of antigen. Plates

were washed with Dulbecco’s phosphate-buffered saline (DPBS) containing 0.05% Tween-20
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(DPBS-T) and blocked with 2% bovine serum albumin and 2% normal goat serum in DPBS-T
(blocking buffer) for 1 h. mAbs were diluted in 12 three-fold serial dilutions in blocking buffer at
a starting concentration of 10 ug/mL. Plates were then washed and mAb dilutions were added
and incubated for 1 h. Plates were washed and a goat anti-human IgG conjugated with
horseradish peroxidase (HRP) (Southern Biotech, cat. 2014-05, lot L2118-VGO00B, 1:5,000
dilution in blocking buffer) and incubated for 1 h. After plates were washed, signal was
developed with a 3,3”,5,5’-tetramethylbenzidine (TMB) substrate (Thermo Fisher Scientific).
Color development was monitored, 1M hydrochloric acid was added to stop the reaction, and the
absorbance was measured at 450 nm using a spectrophotometer (Biotek). Dose-response ELISAs

were performed in technical triplicate with at least two independent experimental replicates.

Thermal Shift Protein Assays (melt-curve assays). Antibody concentrations were determined
using the Qubit Protein Assay Kit (ThermoFisher). The GloMelt™ Thermal Shift Protein
Stability Kit (Biotum) was utilized to determine the thermal stability of the antibodies, following
the manufacturer’s suggested protocols. The analysis was performed using a melt-curve program
on an ABI 7500 Fast Dx Real-Time PCR instrument. Each assay was done in triplicates, using
5ug of mADb per well. The raw melt curve data was imported into and analyzed via Protein
Thermal Shift ™ software version 1.4 (ThermoFisher) to generate the melting temperature and

fit data.

Pseudovirus Neutralization. Pseudovirus neutralization assays were carried out according to

the protocol of Crawford et al. [VPneutl]. One day prior to the assay, 293T cells stably
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expressing human ACE2 (293T-hACEZ2 cells) were seeded onto 96-well tissue culture plates
coated with poly-D-lysine. The day of the assay, serial dilutions of monoclonal antibodies in
duplicate were prepared in a 96-well microtiter plate and pre-incubated with pseudovirus for 1 h
at 37 °C in the presence of a final concentration of 5 mg/mL polybrene (EMD Millipore), before
the pseudovirus-mAb mixtures were added to 293T-hACE2 monolayers. Plates were returned to
the 37 °C incubator, and then 48-60 h later luciferase activity was measured on a CLARIOStar
plate reader (BMG LabTech) using the Bright-Glo Luciferase Assay System (Promega). Percent
inhibition of pseudovirus infection was calculated relative to pseudovirus-only control.

IC50 values were determined by nonlinear regression using Prism v.8.1.0 (GraphPad). Each

neutralization assay was repeated at least twice.

Viruses. The WA1/2020 recombinant strain with D614G substitution and B.1.617.2 was
described previously [Plante2020][Ying2021]. The BA.1 isolate was obtained from an individual
in Wisconsin as a mid-turbinate nasal swab [Halfmann2022]. The BA.1.1 and BA.2 strains were
obtained from nasopharyngeal isolates. The BA.2.12.1, BA.4, BA.5, and BA.5.5 isolates were
generous gifts from M. Suthar (Emory University), A. Pekosz (Johns Hopkins University), and
R. Webby (St. Jude Children’s Research Hospital). All viruses were passaged once on Vero-
TMPRSS2 cells and subjected to next-generation sequencing [Chen2021] to confirm the
introduction and stability of substitutions. All virus experiments were performed in an approved

biosafety level 3 (BSL-3) facility.

Focus reduction neutralization test. Serial dilutions of sera were incubated with 10 focus-

forming units (FFU) of WA1/2020 D614G, B.1.617.2, BA.1, BA.1.1, BA.2, BA.2.12.1, BA 4,
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BA.5, or BA.5.5 for 1 h at 37°C. Antibody-virus complexes were added to Vero-TMPRSS2 cell
monolayers in 96-well plates and incubated at 37°C for 1 h. Subsequently, cells were overlaid
with 1% (w/v) methylcellulose in MEM. Plates were harvested 30 h (WA1/2020 D614G and
B.1.617.2) or 70 h (BA.1, BA.1.1, BA.2, BA.2.12.1, BA.4, BA.5, and BA.5.5) later by removing
overlays and fixed with 4% PFA in PBS for 20 min at room temperature. Plates were washed and
sequentially incubated with a pool (SARS2-02, -08, -09, -10, -11, -13, -14, -17, -20, -26, -27, -
28, -31, -38, -41, -42, -44, -49, -57, -62, -64, -65, -67, and -71 [VanBlargan2021]) of anti-S
murine antibodies (including cross-reactive mAbs to SARS-CoV) and HRP-conjugated goat anti-
mouse 1gG (Sigma Cat # A8924, RRID: AB_258426) in PBS supplemented with 0.1% saponin
and 0.1% bovine serum albumin. SARS-CoV-2-infected cell foci were visualized using
TrueBlue peroxidase substrate (KPL) and quantitated on an ImmunoSpot microanalyzer

(Cellular Technologies).

Mouse studies. Animal studies were carried out in accordance with the recommendations in the
Guide for the Care and Use of Laboratory Animals of the National Institutes of Health. The
protocols were approved by the Institutional Animal Care and Use Committee at the Washington
University School of Medicine (assurance number A3381-01). Virus inoculations were
performed under anesthesia that was induced and maintained with ketamine hydrochloride and

xylazine, and all efforts were made to minimize animal suffering.
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Heterozygous K18-hACE2 C57BL/6J mice (strain: 2B6.Cg-Tg(K18-ACE2)2PrImn/J, Cat #
34860) were obtained from The Jackson Laboratory. Animals were housed in groups and fed

standard chow diets.

Eight-week-old female K18-hACE2 C57BL/6 mice were administered 100 ug of 2130-1-0114-
112, parental 2130, or isotype control anti-West Nile hE16 mAb [Oliphant2005] by
intraperitoneal injection one day before intranasal inoculation with with 104 focus-forming units
(FFU) of WA1/2020 D614G, BA.1.1 or BA.5. Animals were euthanized at 4 days post-infection

and tissues were harvested for virological analysis.

Measur ement of Viral RNA burden. Tissues were weighed and homogenized with zirconia
beads in a MagNA Lyser instrument (Roche Life Science) in 1 ml of DMEM medium
supplemented with 2% heat-inactivated FBS. Tissue homogenates were clarified by
centrifugation at 10,000 rpm for 5 min and stored at —80°C. RNA was extracted using the
MagMax mirVana Total RNA isolation kit (Thermo Fisher Scientific) on the Kingfisher Flex
extraction robot (Thermo Fisher Scientific). RNA was reverse transcribed and amplified using
the TagMan RNA-to-CT 1-Step Kit (Thermo Fisher Scientific). Reverse transcription was
carried out at 48°C for 15 min followed by 2 min at 95°C. Amplification was accomplished over
50 cycles as follows: 95°C for 15 s and 60°C for 1 min. Copies of SARS-CoV-2 N gene RNA in

samples were determined using a published assay [Case2020].
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Cryo-EM sample preparation and data collection. The Fab 2130-1-0114-112 and Cov2 BA.2
were expressed recombinantly and combined in a molar ration of 1:4 (Ag:Fab). The mixture was
incubated over-night at 4°C and purified by gel filtration. 2.2ul of the purified mixture at
concentration of 0.5 mg/mL was applied to glow discharged (30 s at 25mA) grid (300 mesh
1.2/1.3, Quantifoil). The grids were blotted for 3.5 s before plunging into liquid ethane using
Vitrobot MK4 (TFS) at 20°C and 100% RH. Grids were screened on a Glacios (TFS)
microscope and imaged on Krios operated at 300 keV equipped with a K3 and GIF (Gatan) DED
detector using counting mode. Movies were collected at nominal magnification of 130,000X,
pixel size of 0.647 A/pixel and defocus range of 0.8 to 1.8 pm. Grids were exposed at ~1.09 e’

IA%Iframe resulting in total dose of ~52.2 e/A? (Table EDT?2).

Cryo-EM data processing. Data processing was performed with Relion 4.0 beta2
[Kimanius2021]. Movies were preprocessed with Relion Motioncor2 [Zheng2017] ™ and
CTFFind4 [Rohou2015]. Micrographs with low resolution, high astigmatism and defocus were
removed from the data set. The data set was first manual pick to generate 2D images and then
autopicked by Relion template picker [Fernandez-Leiro2017] and was subject to 2D and 3D
classification. Good classes were selected and used for another round of autopicking with Topaz
training and Topaz picking [Bepler2020][Kimanius2021]. The particles were extracted in a box
size of 600 pixel and binned to 96 pixels (pixel size of 4.04 A/pixel). The particles were
subjected to multiple rounds of 2D class averages, 3D initial map and 3D classification without
symmetry to obtain a clean homogeneous particle set. This set was re-extracted at a pixel size of
1.516 A/pixel and was subjected to 3D autorefinement. The data were further re-extracted at a

pixel size of 1.29A/pixel and processed with CTFrefine, polished [Zivanov2018] and subjected
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to final 3D autorefinement and postprocessing resulting in ~3.26A map. To better resolve the
area of interaction between Cov2-RBD/2130-1-0114-112, a focused refinement was performed
by particles expansion (C3 symmetry) and signal subtraction with masking around the
RBD/2130-1-0114-112. The subtracted particles were subjected to 3D classification without
alignment and selected particles were subjected to 3D autorefinement and postprocessing

resulting in ~3.7A map. Detailed statistics are provided in Fig. ED6 and Table EDT2.

Mode building and refinement. For model building PDB: 7L7E [Dong2021] was used for
initial modelling of the RBD and the 2130-1-0114-112 Fv. All the models were first docked to
the map with Chimera [Pettersen2004] or ChimeraX [Pettersen2021]. To improve the
coordinates the models were subjected to iterative refinement of manual building in Coot
[Emsley2004] and Phenix [Adams2010][Afonine2018]. The models were validated with
Molprobity [Chen2010] (Table EDT2). The EM map and model has been deposited into EMDB

(EMD-28198, EMD-28199) and PDB (8EDK).

Data availability

The datasets generated during and/or analyzed during the current study are available from the
corresponding author on reasonable request. The EM map and model has been deposited into
EMDB (EMD-28198, EMD-28199) and PDB (8EDK). Selected sequence records are in the

accompanying extended data.

Code availability

Codes may be available upon reasonable request to the corresponding author.
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