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Abstract

Betacoronaviruses pose an ongoing pandemic threat. Antigenic evolution of the SARS-CoV-2
virus has shown that much of the spontaneous antibody response is narrowly focused rather
than broadly neutralizing against even SARS-CoV-2 variants, let alone future threats. One way
to overcome this is by focusing the antibody response against better-conserved regions of the
viral spike protein. Here, we present a design approach to predict stable chimeras between
SARS-CoV-2 and other coronaviruses, creating synthetic spike proteins that display a desired
conserved region and vary other regions. We leverage AlphaFold to predict chimeric structures
and create a new metric for scoring chimera stability based on AlphaFold outputs. We
evaluated 114 candidate spike chimeras using this approach. Top chimeras were further
evaluated using molecular dynamics simulation as an intermediate validation technique,
showing good stability compared to low-scoring controls. This demonstrates the feasibility of
the underlying approach, which can be used to design custom immunogens to focus the
immune response against a desired viral glycoprotein epitope.

Introduction

SARS-CoV-2 has caused a global pandemic that has resulted in at least 572 million diagnosed
cases of Covid-19 and 6.3 million deaths as of July 2022'. SARS-CoV-2 uses the receptor
binding domain (RBD) of its S protein to bind the ACE-2 receptor on host cells, permitting
subsequent fusion®*. The S protein has been a focus for vaccine development because of its
importance for infection, its display on the viral surface, and its greater immunogenicity
compared to other SARS-CoV-2 proteins®®. The RBD is the immunodominant domain of the S
protein, eliciting a large majority of neutralizing antibodies®*°. However, it also displays the
greatest propensity to mutate’>?, and RBD mutations in major variants have reduced the
effectiveness of current vaccination programs™*>*’.

One strategy for overcoming variation in the RBD is to elicit neutralizing antibodies that
target other parts of the S protein'®*. Two major domains that constitute other targets for
neutralization are the N-terminal domain (NTD) and the stalk (S2 domain). Neutralizing
antibodies against each have been recovered from patients, demonstrating the potential for
SARS-CoV-2 neutralization via epitopes that may be better conserved across variants®?.

Immunization with “chimeric antigens” is one approach that has successfully elicited
antibodies against such less immunogenic regions®*?’. Chimeric antigens can be constructed
by exchanging domains from homologous proteins encoded by different viruses to form a novel
protein that maintains the overall approximate structure but varies large portions of the primary


https://doi.org/10.1101/2023.01.31.526494
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.01.31.526494; this version posted February 1, 2023. 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-NC-ND 4.0 International license.

sequence. Serial immunization with a set of chimeric antigens that hold one domain constant
while varying the others can thus amplify the immune response against the conserved domain.

Work by Krammer and colleagues® has tested serial immunization with chimeric
antigens against influenza. In this approach, a series of chimeric influenza hemagglutinin
proteins maintained the same stalk region in all the chimeras but replaced the head domain with
different group 1 influenza virus head domains®®. Ferrets vaccinated with this combination of
chimeras had higher levels of anti-stalk antibody than those vaccinated with standard influenza
vaccines?®. More importantly, the chimeric immunization strategy elicited a broad neutralization
response against different influenza subtypes, assessed both in ferret challenge studies®® and in
neutralization assays as part of human clinical trials?*(NCT03300050).

This strategy of chimeric immunization has been extended to SARS-CoV-2 by Baric and
co-workers®. In this work, mice were immunized with different chimeric sarbecovirus S proteins.
The best-performing chimeras and immunization strategies were found to elicit antibodies with
superior breadth of protection when compared to standard immunization regimens when
assessed for protection against related sarbecoviruses in both neutralization assays and
challenge studies.

Based on these successes, we aim to develop a systematic approach for designing
chimeric coronavirus antigens. To accomplish this, we leverage the recently-developed
AlphaFold structure-prediction method and assess its use in stability prediction for chimeric
protein design. AlphaFold2 is a powerful, neural-network-based protein structure prediction
algorithm that substantially increased prediction accuracy over prior methods®" and has been
rapidly adopted for different protein design applications®***, also spawning a set of related deep-
learning approaches for protein structure prediction®*>*. This approach complements prior
methods for stability prediction, both those that utilize global structure and those that focus on
point mutations®*?. One advantage of AlphaFold over prior methods is that it can in a single
step produce predictions of both structure and global stability, particularly for large domain
swaps.

We report both a pipeline and results for chimeric antigen design, where chimeras are
formed by replacing the S1 domain of the SARS-CoV-2 S protein with the S1 domain from
another coronavirus spike protein, leaving the S2 domain conserved across all chimeras (Figure
1). We compare results against molecular dynamics simulation and present a set of top-ranked
antigens that will be used for immunological testing.

SARSCoV-2
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Figure 1. Design of chimeric spike proteins. The process of chimeric S1/S2 spike protein
design is illustrated for a sample betacoronavirus sequence. The sequence of SARS-CoV-2
(structure rendered in magenta) is spliced with that of Bat Hp-betacoronavirus/Zhejiang2013
(predicted structure rendered in cyan) at the predicted S1/S2 junction. The predicted structure of
the chimera is rendered in a mix of cyan and magenta representing the parental sequences for
each domain. pLDDT (predicted local distance difference test) scores from AlphaFold for both
the parental domains and chimeric sequences are calculated, and these are averaged per
residue to yield the relative stability score.

Results

To facilitate prediction of stable chimeras and evaluation of the results, we generated a curated
set of 115 coronavirus spike protein sequences (Table S1). These sequences are evolutionarily
diverse and display particular variability in the receptor-binding and N-terminal domains, as
demonstrated in an analysis of sequence entropy rendered on the SARS-CoV-2 S protein
structure (Figure 2). Domain boundaries were identified via sequence alignment, and chimeras
were generated computationally by splicing the S1 domain from each of the 114 other
sequences onto the S2 domain of SARS-CoV-2 (Figure 1). For comparison, a similar operation
was performed to splice RBDs from each of the 114 other chimeras onto SARS-CoV-2; those
results are presented in the Supplement (Figs. S1-S2, Table S3). Structures for each of these
chimeras were then predicted using AlphaFold2, and the corresponding local confidence scores
(pLDDT) recorded for use in stability predictions.

Figure 2. Relative sequence entropy among analyzed coronavirus spike proteins.
Sequence entropy was calculated for a multiple sequence alignment of all coronavirus
sequences used and rendered on the 6VSB structure, where green represents lowest sequence
entropy and blue represents highest. As expected, the receptor-binding domain and N-terminal
domain have the greatest sequence entropy, and loops tend to have higher entropy than
adjacent structural elements.
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Because each of the 114 spike protein sequences other than SARS-CoV-2 also
corresponds to a native “wild-type” virus, it must represent a stable folded protein. We therefore
evaluated the predicted gain or loss of stability for each of the 114 spliced S1 domains in its
chimera with SARS-CoV-2 versus in its full-length native sequence. The analogous comparison
was also performed for the region of the chimera derived from SARS-CoV-2 (the S2 domain).
Stability scores were thus defined for each chimeric sequence i generated by splicing

coronavirus i and SARS-CoV-2 as:
((pLDDT (Chimera;,j) — pLDDT (Native; j))
pLDDT(Native; j) !

Relative Stability = mean(

where pLDDT are predicted local distance difference test*® scores emitted by AlphaFold,
Native;; was defined as the residue corresponding to j in either SARS-CoV-2 or coronavirus i,
depending on which native protein the residue derived from.

Relative stabilities were calculated according to the above relationship and plotted
versus sequence similarity in Figure 3. As expected, coronavirus S1 sequences highly similar to
SARS-CoV-2 tended to yield stable chimeras, while sequences less similar to SARS-CoV-2
tended to yield less-stable chimeras. For comparison, the HexaPro stabilized SARS-CoV-2
spike construct* was also modeled and yielded a relative stability of -8.0%. This makes sense
because the protease-resistance mutations are not reflected in AlphaFold scoring, so the
predicted stability increase mostly reflects stabilization of flexible regions. The Spearman rank
correlation between sequence similarity and relative stability was calculated at 0.51 for the
entire group of chimeras. The chimeras of greatest potential utility, however, were those that
violated this sequence-stability correlation: where a sequence highly divergent from SARS-CoV-
2 yielded a chimera with minimal decrease in stability. If correct, these would represent stable
proteins that differ antigenically from SARS-CoV-2 in the exchanged region. For comparison,
we also computed FoldX®’ stability scores for all chimeras; these are plotted in Fig. S3 and
show a 0.89 Spearman rank correlation with pLDDT and a 0.78 Spearman rank correlation with
relative stability. Overall, the predicted ranking of chimeras is similar, but there are some
substantial outliers.
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Figure 3. Predicted stability of coronavirus spike chimeras. The relative stability score for
each S1/S2 chimera is plotted against the sequence similarity between the parental S1
sequence and SARS-CoV-2. The similarity between the two domain sequences was determined
using EMBOSS®. Sequences fall into two broad groups: one with high similarity and a gain in
relative stability, and one with low similarity and a loss in relative stability. The outliers that are
low similarity but relatively high relative stability are of particular interest for immunogen design.
Predicted high-stability chimeras selected for simulation are plotted in black, and predicted low
relative-stability chimeras used as controls are plotted in magenta. Additional low overall-stabilit
controls are plotted in purple. Data are tabulated in Table S4.

The sequences in our analysis showed a bimodal similarity to SARS-CoV-2, with most
sequences <40% similarity or 265% similarity in the S1 domain. Because our goal was to
identify antigenically different chimeras, we focused on the low-similarity group and selected the
eight chimeras in this group with the highest relative stability for further analysis. Each of these
chimeras was simulated using molecular dynamics for 100 ns as a computational proxy for
physical stability. Structures were evaluated for unfolding as well as structural fluctuations, and
the results are plotted in Figures 4-6. Five low-similarity, low-stability sequences were also
simulated as negative controls (three based on low relative stability and two on low mean
pLDDT).
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Figure 4. Predicted and simulated structures of top-scoring chimeras. Structures of two of
the top-scoring chimeras are rendered as follows. Chimeras from Rousettus bat coronavirus
GCCDC1 (panels (a) and (b)) and Hedgehog coronavirus 1 (panels (¢) and (d)) are shown
before and after 100 ns of molecular dynamics simulation (left column), with the before and after
structures also superimposed on renderings of the SARS-CoV-2 6VSB PDB structure (panels b
and d, dark green). The chimera from Bat Hp-betacoronavirus Zhejiang2013 is rendered in
panel (e), with a zoomed rendering in panel (f) showing the n-terminal and furin-cleavage loops
that were initially modeled as extended becoming more compact over the simulation. For each
chimera, the structure before simulation is rendered in a lighter shade and after simulation is
rendered in a darker shade. The 6VSB SARS-CoV-2 structure has one receptor-binding domain
in the “up” conformation, whereas both chimeras rendered are modeled as fully down and
remain so throughout the simulation.

All predicted-stable chimeric proteins simulated showed minor structural fluctuations in
the first 5 ns of simulation and then remained stable for the remainder of the simulation (Fig. 5).
Structural changes were limited; some loops and termini that were initially modeled as
disordered became more compact and acquired secondary structure (Fig. 4f). These changes
for Zhejiang2013 caused the root-mean-squared deviation (RMSD) to be slightly higher than
that of the lowest-RMSD control chimera, HKU15). Much of the conformational fluctuation
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observed in the simulations was concentrated near the furin cleavage site and similar loops; as
well as the N-terminus and C-terminus (Figure 6). In part because the S1/S2 loop was
disordered in the original full-length SARS-CoV-2 structures and mutated away in others ®, it is
unsurprising that AlphaFold modeled this loop in a physically less plausible state. In chimeras
expressed as stable immunogens, we would expect to follow a strategy similar to that pursued
successfully with SARS-CoV-2 ** where either the furin site was mutated or the S1/S2 loop
truncated altogether. Furthermore, the S2 domains for the predicted-stable chimeras remained
highly stable throughout the simulations (Fig. 6), as would be hoped for constructs designed to
help focus an immune response against conserved S2 epitopes. Predicted-unstable chimeras
showed much more structural fluctuation. This was due to a combination of two factors: regions
that were intrinsically less stable (correct AlphaFold predictions; Fig. S4) and regions that
became much more compact over the simulation (potentially incorrect AlphaFold predictions).
This suggests that the scoring method used may have some false-negative results — chimeras
where the predicted stability is much less than the simulated stability — but few or no false-
positive results — predicted-stable chimeras were indeed highly stable on simulation.
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Figure 5. Structural stability of simulated chimeras. Molecular dynamics simulations were
computed for predicted structures and root-mean-squared deviation (RMSD) from the starting
structure is plotted versus time. Plots are given for (a) the eight chimeras in the low-sequence-

similarity cluster with the highest predicted relative stability, (b) five low-stability controls.
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SARS-Cov-2 is plotted in both panels as an additional control. As expected, the low-stability
controls showed the greatest RMSD, with one showing gross structural changes. The eight
predicted-stable chimeras and SARS-CoV-2 all showed an initial increase in RMSD followed by
a stabilization over the course of the 100-ns simulation. This can also be seen in RMSD plots
relative to the end of the simulation (Fig. S5).
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Figure 6. Per-residue structural stability of simulated chimeras. Root-mean-squared
fluctuation (RMSF) values are plotted per residue for each of the simulated chimeras. Values
were calculated on nanosecond intervals throughout the simulation trajectory. Panel (a) shows
the predicted high-stability chimeras, and panel (b) shows the predicted low-stability chimeras.
SARS-CoV-2 is included as a comparator. As expected, major loops as well as the C- and N-
termini show the greatest fluctuation in the high-stability chimeras, and the low-stability
chimeras have globally greater fluctuations.

Discussion

Here, we introduce a measure of relative stability to assess chimeric sequences: the predicted
stability relative to the parent sequences for each portion of the chimera. As assessed by
molecular dynamics simulations of the AlphaFold models, relative stability is a fairly effective
metric for selecting stable chimeras. An alternate metric, however, would be average pLDDT,
or absolute predicted stability. These two metrics rank the chimeras examined here very
similarly, with a Spearman rank correlation of 0.86. However, the ranking within the top 8
chimeras selected for simulation is essentially uncorrelated (Spearman rho 0.095). Relative
stability is a much stronger prediction of stability in molecular dynamics simulation (Spearman
rho 0.38 vs. -0.048 with average RMSD over each 100 ns simulation), although both of these
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are imprecise predictors of the molecular dynamics simulations. Our results thus suggest that
relative stability is a better scoring metric for chimeric proteins but that a secondary screen with
molecular dynamics simulation adds substantial further information.

It is interesting to speculate as to why absolute stability may perform less well than
relative stability. Relative stability scores take the native viral spike proteins as a baseline and
measure predicted stability compared to those. They thus will correct for any AlphaFold scoring
errors on the native sequence, but conversely they will fail to capture variation in stability among
native viral spike proteins. Thus, on the dataset examined here, AlphaFold prediction errors
appear to be somewhat greater than variation in native viral spike stability, at least as scored by
molecular dynamics simulation for the most stable predicted sequences.

AlphaFold may have some generality as a predictor of protein stability for protein-design
applications; here we use it specifically to predict chimeras of otherwise well-structured proteins
that have a fair degree of overall homology. Within this more limited domain, the relative
stability metric shows good success in guiding selection of chimeras that are stable as assessed
by molecular dynamics simulation. Ultimately, experimental expression and testing of chimeric
proteins will be required to test the best candidates. It is hoped that this approach of AlphaFold
prediction, molecular dynamics simulation, followed by experimental testing and optimization as
needed will assist in the design of chimeric immunogens against betacoronaviruses as well as
other viral pathogens.

Methods

Sequence curation

Sequences were downloaded from the NCBI Virus portal on 10/1/2021 using the following
search  criteria:  Viruses:  Alphacoronavirus, Betacoronavirus, = Gammacoronavirus,
Deltacoronavirus; Proteins: spike, spike protein, spike glycoprotein, surface glycoprotein, spike
surface glycoprotein, membrane glycoprotein; Sequence length greater than 700 and less than
2000. All duplicate sequences and SARS-CoV-2 sequences were removed. The resulting
sequences are given in Table S1. The reference sequence for SARS-CoV-2 was defined as the
residues that were structurally resolved in chain B of the 6VSB PDB structure®’.

Sequence entropy calculation

All analyzed coronavirus spike sequences were aligned to the SARS-CoV-2 reference
sequence, and substitution scores were calculated for each position using the BLOSUMG62
matrix. Sequence entropy was then calculated according to the equation

H(x) = — ZiLo P(x = i)log,P(x = i), ,
where P(x=i) is the probability of BLOSUM value i at position x, and n is the number of possible
BLOSUM values.

Chimera Sequence Generation

The S1 domain boundary was taken as previously defined*® and applied to the SARS-CoV-2
reference sequence as defined above. Pairwise sequence alignments were created between
SARS-CoV-2 and each other spike protein sequence retrieved above using Muscle*® (v.3.8.31),
and this alignment was used to define S1 domain boundaries across the spike proteins
examined. Sequence similarity between S1 domains was scored using EMBOSS* (v6.6.0,


https://doi.org/10.1101/2023.01.31.526494
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.01.31.526494; this version posted February 1, 2023. 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-NC-ND 4.0 International license.

alignment using the Needleman-Wunsch algorithm). Custom Python code (available from
https://github.com/kassonlab/coronavirus-chimera-prediction) was used to generate 114
chimeras swapping the S1 regions from each of the other coronaviruses with the S1 of the
SARS-CoV-2 reference sequence.

AlphaFold Modeling

The multimer prediction algorithm in AlphaFol (v.2.2.2) was used to analyze the 115 wild-
type spike proteins (SARS + 114 others) and 114 chimeric spike proteins. An additional 10
sequences did not yield AlphaFold predictions and are listed in Table S2; these were excluded
from subsequent analysis. Databases used were reduced BFD for HHblits, PDB seqres for
hmmsearch, and UniProt for JackHMMer. Max template date was set to 09-12-2022, and 5
models were created per sequence with the top-scoring model selected after relaxation.
Calculations were performed on NVIDIA A100 GPUs, enabling unified memory in Tensorflow to
facilitate modeling of long trimeric sequences.

31,50
ast

Relative Stability Scores

Relative stability scores were calculated as follows for each residue i:
. .y (pLDD Ti,chimera_pLD D Ti,native)

Relative Stability; = pLDDT ;

i,native
where pLDDT chimera IS the pLDDT calculated for residue i in the chimeric sequence and pLDDT;
native IS defined as the pLDDT calculated for residue i in the context of the full sequence from
which that amino acid derived (in the case of S1/S2 chimeras, SARS-CoV-2 for S2 and the
variable coronavirus sequence for S1). Per-residue relative stability scores thus calculated
were averaged across the full trimeric protein to yield a single score for each chimera.

Molecular Dynamics Simulations

Molecular dynamics simulations were run using GROMACS® (v2021.2) for each of the 8
chimeras with the greatest relative stability and sequence similarity <40%. Simulations were
performed using the CHARMM36 force field®. Each protein was placed in an octahedral
periodic box with a minimum of 1 nm distance to the box boundary and solvated with TIP3P
water and 150 mM NaCl. Simulations were run using hydrogen bonds constrained with LINCS
and long-range electrostatics treated with Particle Mesh Ewald, temperature set to 310K with
the velocity-rescaling thermostat®, and pressure maintained at 1 bar with the Parrinello-
Rahman barostat. Simulations were run for 100 ns using 2-fs timesteps.

Code availability
Code and scripts used to generate the chimeras, run AlphaFold, and analyze resulting scores
are available from https://github.com/kassonlab/coronavirus-chimera-prediction.
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