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Abstract

Novel backbone methods for de novo protein design

Isaac D. Lutz

Chair of the Supervisory Committee:
David Baker

Department of Biochemistry

Solving a protein design problem first requires sampling suitable backbones given the needs and
constraints of the problem. The available structural space of backbones is vast, containing
countless potential solution backbones for a given problem. Previous methods to explore this
space include parametric sampling, fragment assembly, and more recently, generative deep
learning methods. With more advanced methods and algorithms, we can more effectively sample
this space to solve new protein design problems. In this work, I present three protein design
projects focused on backbone sampling methods. First, I describe a traditional parametric
approach to redesign heterodimers for synthetic protein logic. Second, I describe a generative
reinforcement learning approach I developed to design protein architectures from the top—down.
This method can fill arbitrary volumes and enables the design of capsids for vaccine antigen
presentation. Third, I describe a collection of methods used to accomplish helical peptide
recognition. The resulting high-affinity binders are useful as capture reagents for disease

diagnosis, and can be engineered into biosensors.
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Chapter 1

Parametric sampling for heterodimer-based protein logic

Introduction

De novo protein design is a sampling problem, requiring first the sampling of backbone
structures followed by the sampling of amino acid sequences to fold to the desired structure.
Backbone methods must generate structures suitable for solving a given protein design problem,
by both satisfying the constraints of the problem as well as providing an optimal solution given
desired structural attributes. The structural space of solution backbones is usually vast for a given
problem, and so an effective method must be able to balance the exploration of diverse solutions
with adequate sampling of those most likely to work. A variety of backbone sampling methods
have been utilized, including parametric sampling, fragment assembly, and deep learning
hallucination (/-3). Although these methods have solved many protein design problems, there
are plenty of other problems with no effective ways to sample solutions, and backbone sampling
methods in general are relatively underexplored. With improvements on existing methods and
novel, advanced algorithms for backbone sampling, new structural spaces can be accessed to
expand the field of de novo protein design.



Main Text

Recent work from the Baker lab describes the de novo design of protein heterodimers (4). These
heterodimers consist of split four-helix bundles with hydrogen-bond networks installed at their
interfaces to confer specificity (4). The authors successfully designed and characterized a large
set of highly orthogonal pairs, and proposed that these programmable orthogonal interactions,
analogous to Watson-Crick base pairing of nucleic acids, could lead to the design and application
of protein logic (4). However, an obstacle still remains: these heterodimer pairs do not readily
associate when expressed separately and combined, and require co-expression or denaturation
and reannealing after combining to behave properly (4). This is likely due to monomer
instability, as each heterodimer half consists of a two-helix hairpin with only a minimal protein
core and a large exposed hydrophobic interface. As a result, these halves tend to irreversibly
homodimerize when expressed on their own, severely limiting downstream applications.

We redesigned a set of these heterodimers by using parametric sampling to add a third
buttressing helix to each of the hairpins (Fig. 1A). We used exhaustive grid sampling to generate
many candidate buttressing helices per heterodimer, selecting parameter ranges and increments
for helix distance, tilt, phase, and inversion. Experimental characterization through binding
assays (Fig. 1B) and x-ray crystallography (Fig. 2) proves that the redesign successfully created a
stable protein core for each half of the heterodimers and enabled homodimer exchange. These
heterodimers can now be used for protein logic applications, including a new way to perform
computation using networks of promiscuously interacting heterodimer halves. This project
demonstrates that simple grid parametric sampling is an effective backbone sampling method
and sufficient to solve many protein design problems and unlock new functions.



Conclusion

Parametric sampling is a simple yet powerful tool in protein design that can be used to solve a
wide array of protein design problems. The approach demonstrates the efficacy of simple, ideal
backbone elements like parametric alpha helices and short loops. However, parametric sampling
is difficult to scale and apply to more complex protein design problems: the approach is very
manual, requiring the choice of parameter ranges and increments as well as specification of an
overall protein fold. This requires many choices from the protein designer given their
understanding of the problem setup, and limits solutions to those that the designer chooses to
parametrically describe. For some highly complex or constrained protein design problems,
simply coming up with a potential solution protein fold can be nearly impossible. With a
generative method, we could take the same proven ideal backbone elements and make the
sampling process automatic, enabling discovery of solution backbones beyond human
capabilities. The job of the protein designer then becomes problem formulation, in describing the
constraints and desired properties of possible solutions (i.e. designing from the “top-down”). The
job of the generative method is to find creative and optimal backbone solutions provided the
problem formulation for a given protein design challenge, unlocking scale and complexity in
protein backbone design. In the next chapter 1 will describe such a method, which uses
reinforcement learning to accomplish automated and top-down protein design.
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Fig. 1. Redesign of heterodimers to enable homodimer exchange.
(A) Grid sampling a third buttressing helix for each heterodimer hairpin along parameter ranges and
increments for helix distance, tilt, phase, and inversion. (B) Example binding assay for redesigned
heterodimer pairs. Heterodimer halves were separately expressed then mixed, demonstrating higher
affinity heterodimeric binding and successful homodimer exchange.



Design | Crystal
RMSD = 1.033
Fig. 2. Crystal structure of a redesigned heterodimer closely matches the design model.
Interface atomic accuracy and an overall RMSD of 1.033 A further demonstrates the success of the
computational redesign strategy.
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Chapter 2

Top-down design of protein architectures with reinforcement learning

As originally published in Lutz, I. D., Wang, S., Norn, C., Courbet, A., Borst, A. J., Zhao, Y. T.,
Dosey, A., Cao, L., Xu, J., Leaf, E. M., Treichel, C., Litvicov, P., Li, Z., Goodson, A. D.,
Rivera-Sanchez, P., Bratovianu, A. M., Baek, M., King, N. P., Ruohola-Baker, H., & Baker, D.
(2023). Top-down design of protein architectures with reinforcement learning. Science 380,
266-273. doi:10.1126/science.adf6591

Abstract

As a result of evolutionary selection, the subunits of naturally occurring protein assemblies often
fit together with substantial shape complementarity to generate architectures optimal for function
in a manner not achievable by current design approaches. We describe a “top-down”
reinforcement learning—based design approach that solves this problem using Monte Carlo tree
search to sample protein conformers in the context of an overall architecture and specified
functional constraints. Cryo—electron microscopy structures of the designed disk-shaped
nanopores and ultracompact icosahedra are very close to the computational models. The
icosohedra enable very-high-density display of immunogens and signaling molecules, which
potentiates vaccine response and angiogenesis induction. Our approach enables the top-down
design of complex protein nanomaterials with desired system properties and demonstrates the
power of reinforcement learning in protein design.



Main Text

Multisubunit protein assemblies play critical roles in biology and are the result of evolutionary
selection for function of the entire assembly. Therefore, the subunits in structures such as
icosahedral viral capsids often fit together almost perfectly (/, 2). In contrast to direct
evolutionary selection on overall system properties, de novo protein design has generated protein
architectures using a “bottom-up” hierarchical approach (Fig. 1A, left) in which monomeric
structures are first docked into symmetric oligomers (3—6) and then assembled into closed
assemblies with tetrahedral, octahedral, or icosahedral symmetry (7—/4) or open assemblies such
as two-dimensional (2D) layers and 3D crystals (/5—7/9). An advantage of this hierarchical
approach is that the multiple interfaces that stabilize the assembly can be validated independently
(the first by characterization of the symmetric oligomer and the second by characterization of the
nanomaterial assembly from the preformed oligomer), considerably increasing the robustness of
the overall design process. Although such designed assemblies are already proving useful for
biomedicine in immunobiology and other areas, as highlighted by the recent approval of a de
novo—designed COVID vaccine (20-23), the bottom-up approach does have limitations. The
properties of the assembly are limited to what can be generated from the available oligomeric
building blocks, at least one of the subunit-subunit interfaces must be strong enough to stabilize a
cyclic oligomeric substructure in isolation, and, more generally, there is no way to directly
optimize the properties of the overall assembly.

We sought to overcome the limitations of bottom-up protein complex design by developing a
top-down approach (Fig. 1A, right) that starts from a specification of the desired properties
(overall symmetry, porosity, etc.) of the structure and systematically builds up subunits that pack
together to optimize these properties. We reasoned that protein fragment assembly (24-28),
which can generate a wide variety of monomeric protein structures, could provide a suitable
mechanism for generating diversity. Previous design approaches such as SEWING have built up
proteins from fragments, optimizing for monomer stability at each step (29), but we aimed
instead to optimize for overall system properties, which could involve trading off monomer
stability for increased subunit-subunit interaction strength and other properties. To enable such
end state—based optimization, we turned to reinforcement learning (RL), which has achieved
considerable success recently in different fields of artificial intelligence, such as self-driving cars
(30), the AlphaGo program that defeats top human players in the game of Go (31, 32), and
algorithm development (33). Monte Carlo tree search (MCTS) (34, 35) is an RL algorithm that
finds optimal series of choices within a search tree. In MCTS, choices are selected randomly at
each branch point to find a path down the tree, and after exploring a path, the state is evaluated,
and probabilities at each branch point back-propagated up the tree are reweighted accordingly
such that subsequent iterations are more likely to lead to optimal paths.
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Backbone sampling by MCTS

We sought to develop a MCTS algorithm for generating protein complexes that builds up the
monomeric subunits from protein fragments directly optimizing for prespecified global structural
properties. We set up the tree search such that at each step in the tree, a short protein fragment is
appended at either the N terminus or C terminus of the growing chain. The number of fragments
to consider at each step is a trade-off between the rapidity of learning (with a smaller number,
weights on each choice can be learned more quickly) and the total diversity of structures that can
be generated (which increases with the number of choices at each step). We chose to balance
these factors by using as building blocks parametrically generated straight helices, which are
fully described by a single parameter (the length, which we allow to vary from nine to 22
residues), followed by short loops clustered into 316 bins (derived from clustering loops in a
large helical protein database; see the materials and methods). The search begins with the
selection of one of the helix possibilities and then alternates between the addition of a loop or a
helix choice at either terminus. Once a loop bin is chosen, we select randomly from the closely
related loop backbones within the cluster (Fig. 1B, left). Although this is a far narrower set of
local structures than observed in native protein structures, we found in preliminary explorations
that a wide variety of compact protein shapes could be readily generated from such building
blocks. Building up a 100-residue protein backbone with this approach requires about five helix
and four loop additions, yielding a total number of possibilities of ~1 x 10", with additional
structural diversity from the variation in loop backbones within a bin. The size of the search tree
grows exponentially with the number of structural elements, so the space of possibilities is more
effectively explored for monomers with fewer helices than for larger monomers.

The search is modulated based on the specific problem specification through geometric
constraints that are applied at each step in the search tree and score functions that are evaluated
only after full structures are completed. Potential moves consisting of helix or loop fragments are
selected at each level of the search tree only if they pass geometric constraints that can be
evaluated before the assembly of the entire structure; these include internal clashes and overall
shape constraints (see the materials and methods for a full list of geometric constraints). Upon
selection of a move passing the geometric constraints, its probability is upweighted, as are the
probabilities of all prior moves leading to this point in the search tree. Completed backbones are
evaluated using score functions that assess how well the overall generated structure satisfies the
user specification of the problem to be solved (Fig. 1C and materials and methods), and the
probabilities of selection of each move at each step along the search tree are reweighted
accordingly. As individual move weights become increasingly biased after many traversals
through the search tree, the generated complete backbones have higher and higher scores (fig.
S1). Because each iteration takes on average only tens of milliseconds, high-scoring backbones
can be sampled at scale by searching over tens of thousands of iterations. To address the classical
RL problem of balancing exploration with exploitation (30-32), the search is initialized from
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many independent trees, and the maximum probability of any one move is capped (see the
materials and methods).

We first tested the MCTS approach in silico at the protein monomer level, choosing as a test
problem the generation of protein backbones with arbitrarily prespecified overall shapes. To our
knowledge, there are no current approaches for addressing this problem. A specified build
volume is represented on a grid, and the MCTS is initialized randomly within the volume. At
each move, only additions that stay within the specified volume are accepted. For a range of
prescribed shapes, including regular polyhedra and letters from the alphabet, the ensembles of
generated structures closely fill the specified volumes, and individual backbones have the
prespecified shapes (fig. S2). The average sequence length of the solutions increases through the
optimization as the choices of moves and combinations of moves that lead to satisfaction of the
input constraints are learned, enabling traversal further down the search tree (fig. S1A).

We next sought to generalize the MCTS to the design of symmetric nanomaterials by applying
symmetry operators to generate assemblies with the desired symmetry at each step in the search
tree. Each move (helix or loop addition) is assessed by considering not only the growing
monomer, but also its interactions with all nearby symmetry mates, computed using
transformation matrices specifying each symmetry operator; moves that introduce steric clashes
are discarded (Fig. 1, B and C). We tested these capabilities in silico by designing cyclic
assemblies with symmetries C5 through C12, as well as tetrahedral, octahedral, icosahedral, and
quasisymmetric icosahedral assemblies of up to 240 subunits (figs. S3 and S4). We found that by
providing different geometric constraints and score functions to guide the search, we could
control properties such as shape, size, porosity, and termini position from the top down (figs. S3
to S6).

Nanopore construction using constrained symmetric MCTS

As a first experimental test of the MCTS approach, we applied it to the highly constrained design
challenge of filling the space between two previously designed cyclic protein rings (6, 36) to
generate disk-shaped structures with a central nanopore (Fig. 2A). Filling this substantial but
irregularly shaped space such that there are no large voids between the two rings is not
straightforward with previously described protein design methods. We approached this challenge
with MCTS by geometrically constraining the search to the space between the two rings,
requiring dense packing such that the only large void in the resulting assembly is the pore of the
inner C6 ring. Both the inner and the outer ring have C6 symmetry, and the search tree was
initialized to start at the N termini of the outer ring and simultaneously build six subunits that
collectively fill the empty space. We performed the MCTS for each of 2000 placements of a set
of different inner rings with a range of inner pore sizes inside a constant outer ring (for each
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inner ring, we sampled rotations around and translations along the common cyclic symmetry
axis). We selected backbones that fully filled the space between the two rings, designed
sequences with ProteinMPNN (37), and selected for experimental characterization 32 designs
predicted to assemble into the designed assemblies by AlphaFold (AF) (38). Of these, we found
that 28 were soluble and could be purified and 11 formed particles with the expected size and
shape by negative-stain electron microscopy (nsEM). nsEM 3D reconstructions for two designs
had an overall shape closely consistent with that of the design models (Fig. 2B; some C7 2D
class averages were also obtained; fig. S7). We obtained a cryo—electron microscopy (cryo-EM)
map of a third design at 5.1-A resolution and found it to be closely consistent with the design
model: The alpha helices of the model are clearly within the contours of the density (Fig. 2C and
fig. S8). The MCTS solution effectively satisfies the design criteria: The space between the two
original rings is completely filled in, generating a disk-like structure with a narrow circular pore
in the center. We are not aware of any previously designed or naturally occurring proteins that
have this overall shape, which could be very useful for downstream nanopore-based sensing
applications. More generally, these results demonstrate that the MCTS approach can solve highly
constrained protein design problems.

Top-down design of mini-icosahedra

We next explored the use of MCTS to generate icosahedral assemblies by using 59
transformation matrices to compute symmetry mates for a growing monomer. We sought to
design very small, closely packed capsids inaccessible by other design methods, and developed
geometric constraints and score functions to specifically favor such structures (Fig. 1 and
materials and methods). The end state—based score functions include measures of cage porosity
and interface designability, as well as external placement of at least one terminus to enable fusion
constructs (Fig. 1C). Given a specification of the length and number of helices in the monomer
and the size of the overall assembly, we initialized millions of MCTS trajectories starting from a
short helical fragment randomly placed within a specified upper distance bound of the origin in a
random orientation and performed 10,000 iterations for each to generate a large set of diverse
structures. The MCTS generated closely packed icosahedral assemblies in silico, which span a
structural space distinct from that of native and previous de novo icosahedra, with shorter
sequence lengths than any previously described protein icosahedra and porosities comparable to
the densely packed capsids generated by evolution (Fig. 1D).

The MCTS method rapidly generates tens of thousands of candidate icosahedral assemblies, and
we experimented with approaches for rapidly designing sequences that stabilize these assemblies
in a manner compatible with our overall top-down approach. In previous bottom-up nanocage
design studies, the sequences and backbones of the oligomeric building blocks are pre-optimized,
so only the new interface formed between the building blocks in the cage is designed, and the
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overall backbone is kept largely fixed (11). By contrast, with the top-down MCTS approach, the
entire sequence must be designed, with backbone relaxation to optimize sequence-structure
compatibility both within and between the monomers and to increase interface shape
complementarity. A deep neural network trained to learn the sequence and structure relationships
of native proteins was used to generate amino acid sequence profiles for each position in the
newly generated backbones, which were used in turn to bias amino acid selection in the sequence
design stage using Rosetta design (materials and methods and figs. S9 to S15). The resulting
designs were filtered on the basis of interface contact molecular surface area (38), shape
complementarity, predicted binding energy, exposed surface hydrophobicity, and AF (39)
prediction similarity to the design model (see the materials and methods). The rigid body and
internal degrees of freedom of the selected icosahedral assemblies were then optimized by
Rosetta symmetric relaxation (40, 41), starting from both the Rosetta design model of the
assembly and the AF-predicted structure of the monomer mapped back onto the assembly. To
further increase sequence-structure compatibility, we repeated this design-predict-relax cycle
three times, at each iteration performing sequence design on the full assemblies generated in the
previous iteration, mapping back the predicted monomer structures into the assemblies, and
relaxing the full structure in Rosetta. We applied this sequence design and backbone refinement
procedure to 220,000 of the MCTS-generated backbones and selected 368 designs for
experimental characterization (detailed filtering processes are described in the materials and
methods and figs. S11 to S13).

Linear gene fragments encoding each design with hexahistidine purification tags were cloned
into an Escherichia coli expression vector, and the proteins produced in E. coli in a 96-well
format were purified by immobilized metal affinity chromatography (IMAC) pull-down. A total
of 208 of the 368 designs were expressed and soluble as assessed by SDS—polyacrylamide gel
electrophoresis. To evaluate particle formation, we performed nsEM on the IMAC elution
fraction for each soluble sample. Two designs (RC 1 1 and RC I 2, RL capsid with I symmetry,
design 1 and 2) formed uniform particles with the expected size and shape (Fig. 3, A and B).
Size-exclusion chromatography (SEC) of both designs yielded single peaks with an apparent
molecular weight in the range expected for these assemblies (Fig. 3, C and D). The designed
assemblies had the expected alpha-helical circular dichroism (CD) spectra and apparent melting
temperatures above 65°C. nsEM analysis showed that assembly morphologies were retained after
1 hour of treatment at 95°C and subsequent cooling to 25°C (Fig. 3, F and H, and fig. S17).

To evaluate the accuracy of our design strategy, we determined the structures of SEC-purified
RC I 1 and RC I 2 capsid particles using cryo-EM (Fig. 4 and fig. S18). For RC 1 1, 3D
reconstruction yielded a 2.5-A-resolution cryo-EM atomic model that closely matched the
computational design (Fig. 4, A and B, and fig. S19). The N-terminal helices of two monomers
pack in an antiparallel fashion to form the primarily hydrophobic C2 interface, whereas the two
helices near the C terminus form the C5 interface with their neighbors (Fig. 4, B and C). Small
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apertures (diameter ~13 A) present at the C3 axes of the capsid make the N termini available for
genetic fusion (Fig. 4C). Over the designed monomer, the root mean square deviation (RMSD)
between the cryo-EM structure and the design model is 0.76 A (Fig. 4D); a single rotamer flip
(Phe63) and tilting of the C-terminal helix results in a slight expansion of the overall cage
diameter, resulting in an RMSD over all 60 subunits of 3.72 A (Fig. 4E). For RC_I 2, the 2.9-A
cryo-EM structure of design RC 1 2 was even closer to the design model (Fig. 4, F and G, and
fig. S20), with RMSDs at the C2 and C5 interfaces of 0.66 and 0.27 A, respectively (Fig. 4H).
The RC 1 2 monomer adopts the designed three-helical bundle fold with a 0.59-A RMSD to the
design model (Fig. 4I), and the overall assembly is almost identical to the design model with a
1.39-A RMSD over all 60 subunits (Fig. 4]). The C2 interface is situated near the extended C
terminus of the monomer, allowing for potential monomeric or dimeric genetic fusions. The C5
pentameric interface is mediated by interactions between the N-terminal helices, which point
inward and enable functionalization of the interior of the capsid. With diameters of 13 and 10 nm
for RC I 1 and RC I 2, respectively, and associated monomer lengths of 67 and 54 residues,
the designed mini-capsids are considerably smaller than most viral capsids.

Applications of top-down—designed capsids

The compact size and corresponding small exterior surface area of the designed particles enables
the display of 60 or 120 copies of N- and/or C-terminal fused proteins with exceptionally high
density: six or more times higher than previously designed icosahedral cages. We set out to
explore whether this higher density could lead to greater biological efficacy in signaling and
vaccine applications. We began by exploring the robustness of the designs to substantial
sequence changes and to fusion of proteins to their outward-facing termini.

To evaluate robustness to sequence changes, we used ProteinMPNN (37) to generate diverse
sequences for the RC I 1 capsid backbone, and the designs were filtered using the AF and
Rosetta metrics described above. Two of six experimentally tested ProteinMPNN designs,
RC I 1-H9 and RC I 1-H11 (the former designed by ProteinMPNN using the working capsid
backbone Ca coordinates as input, the latter the idealized polyA backbone without any backbone
optimization and relaxation), assembled into the designed 11 symmetric capsid as evidenced by
IMAC, SEC, and nsEM. A 3-A cryo-EM structure of RC_I_1-H11 was almost identical to the
design model, with a monomeric RMSD of 0.60 A (Fig. 5A and fig. S21) and a very low
full-cage RMSD over all 60 subunits of only 0.96 A. RC_ I 1-H9 and RC I 1-H11 have on
average 46% sequence divergence from the parent capsid and 30% sequence difference from
each other, including highly diverse interface residue selections (fig. S22; for example, the errant
Phe® of the parent capsid was redesigned to Glu® in RC 1 1-H11, likely accounting at least in
part for the closer agreement of RC I 1-11 with the design model). These results demonstrate
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that the RL approach can generate directly designable protein backbone geometries with a high
degree of accuracy.

We evaluated the robustness of the designs to genetic fusion by fusing SpyTag, SpyCatcher (42),
and green fluorescent protein (GFP) proteins to the RC I 1-H11 capsid with an N-terminal
(GGS), linker (Fig. 5B and figs. S23 to S25). In all cases, SEC elution profiles and nsEM
micrographs showed monodisperse particles of the expected size and shape (see the materials
and methods). The 2D class averages (inset) revealed spherical structures similar to that of the
original icosahedral capsid, with additional density at the periphery of the particles, consistent
with fused proteins connected to scaffolds through a flexible linker. Unlike a larger cage, nuclear
localization sequence—tagged capsids fused to GFP are efficiently translocated into the nucleus,
opening the door to nuclear delivery of high-valency protein and DNA-organizing constructs
(fig. S26).

To assess the efficacy of the designed capsids in activating cellular signaling pathways by
clustering cell surface receptors, we fused 60 copies of the angiopoietin 1 (Angl) F domain (Fd),
which binds the Tie2 receptor, to RC I 1-H11 using SpyTag-SpyCatcher conjugation (14, 18,
43) (see the materials and methods and fig. S27). We found that the F domain—displaying capsids
had very high potency in driving FOXO1 exclusion from the nucleus (Fig. 5, C and D),
activating the AKT pathway (Fig. 5D and fig. S28, A to C) and stabilizing nascent blood vessels
formed from human umbilical vein endothelial cells (HUVECs; Fig. 5E) (43—49). The
Fd-displaying capsids (0.16 nM RC I 1-H11-Fd) elicited stronger responses than a 10-fold
greater concentration of a much larger F-domain—presenting icosahedral nanoparticle (153-50)
(12, 43); the elevated potency likely results from the higher surface display density [to facilitate
comparison, concentrations at the bottom of Fig. 5D are in terms of Fd monomer (0.16 nM
capsid x 60 Fd copies per capsid = 10 nM Fd)]. The 0.16 nM (10 nM Fd) capsid also elicited
stronger responses than 100 nM Angl. The F domain—displaying capsid is thus an exceptionally
potent Tie2-activating ligand. The designed capsid is also far easier to produce and much more
stable than Angl and thus could be useful in stimulating differentiation and regeneration.

The high surface presentation density enabled by the designed scaffolds provides a route to
investigating the effect of packing density on the elicitation of immune responses by
nanoparticle-based immunogens. As a first step in this direction, we fused trimeric influenza
hemagglutinin (HA) to the N terminus of Il-capsid RC I 1 using a (GS), linker. The fusion
protein was expressed and secreted from mammalian cells and clearly forms HA-displaying
particles according to SEC and nsEM (fig. S29 and Fig. 5F). Biolayer interferometry showed
binding of both 5J8 [anti-HA head antibody (50)] and CR9114 [anti-HA stem antibody (57)]
immunoglobulin G to HA capsids (Fig. 5G), indicating that the HA remains antigenically intact
when displayed on the surface of the capsids. We immunized mice with HA-displaying RC 1 1,
as well as a much larger icosahedral immunogen, HA-153 dn5 (52), which has previously been
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shown to elicit protective responses against influenza and is currently being evaluated in clinical
trials (53). We found that HA-displaying RC I 1 elicited a strong antibody response against
vaccine-matched HA that was greater than that produced by the clinical vaccine candidate by a
small but statistically significant amount (Fig. SH). These results indicate that the high antigen
presentation density enabled by top-down design can yield robust immune responses.

Conclusion

Our top-down RL approach enables the solution of design challenges inaccessible to previous
bottom-up design methods. Cryo-EM structures confirm the design of 54- and 67-residue
proteins that assemble into 60-subunit icosahedra with both internal monomer and overall
assembly structure nearly identical to the computational models, and of disk-shaped nanopores
generated by densely filling the space between cyclic protein rings with different diameters. Both
the icosahedra and the disk designs are distinct from any previously designed or naturally
occurring structures; the former have smaller subunits, smaller radii, and lower porosities, and
the latter have narrow central pores within large, circular, otherwise nonporous structures. These
structures could not have been built with previous bottom-up approaches. For the icosahedra,
generating the shape complementarity of the interfaces requires the context of the full capsid
structure, possible only through a top-down approach, and for the disks, densely filling a
prescribed volume from preexisting building blocks is generally not possible. The density of
protein chains and termini available for fusion to the icosahedra is considerably greater than the
most compact previously designed assembly, enabling fusion to functional protein domains to
generate bioactive nanoparticles. The Angl F domain—displaying capsids are potent activators of
angiogenesis, and the influenza HA—displaying capsids elicit strong anti-HA antibody responses
in mice. The capability of the MCTS approach to optimize any set of specified geometric criteria
in a top-down fashion provides a route to potent, multivalent cellular receptor agonists and
vaccines that are custom designed to rigidly scaffold immunogen or receptor-binding monomers
and precisely position them relative to one another. More generally, our results demonstrate the
power of RL for protein design, which we expect can be increased further by the incorporation of
policy and value networks (30-32, 54) to further guide the search.

17


https://www.science.org/doi/10.1126/science.adf6591#core-R53
https://www.science.org/doi/10.1126/science.adf6591#f5
https://www.science.org/doi/10.1126/science.adf6591#core-R30
https://www.science.org/doi/10.1126/science.adf6591#core-R32
https://www.science.org/doi/10.1126/science.adf6591#core-R54

Figures

A Bottom-up approach Top-down approach
geometric geon:e(ri;: reinforcement
ﬁ sampling ; cohstralist s, learning
) — \ & ”
W s, score )
' * functions
pre-validated docked define target custom-designed
building blocks architectures architectures building blocks
B Backbone generation via Monte Carlo Tree Search (MCTS)
1. random rigid body initialization 3. evaluation and upweight monomer symmetric assembly
p I helix A
0 update | extension_1 # \t
helix P | —_— E
|
loop 1 T
| ”\“\
| + helix_2 l\}‘ =
2. expansion and upweight \ 1 : Fi
update |
i : + helix_3 ';\{ ¢
_— : 4 W
1@ . : - 1 A
p 'l r-- update * nsteps : 1 F
tgm ' P, |
I, : t | |
D}] ' ;I %\ ! + helix_4
I 1
: H 4 updete
1 - ! Pt i
1 | 4 finish
c check V Y evaluate D
————————————— e sy sowe mmemmer v
| concurrent check ) | final evaluation | 0.8 = -
geometric constraints Ly score functions AD O native capsids
I L5 N ! - O A de novo bottom-up
I I E | ‘ | 0.6 Ho o RL top-down
t * |2 \& ’l? I Bﬁ
| I E : N w | ‘% 04 E@E o - th O
| intra-monomer | I core monomer helix 1 o [©) B LD%_" E
I clashes | formation designability packing | g 0o o %
[ ! ,, | =i
- 1 ; 0.2 &
| g2 p 2! I
/ ‘ ’/§ ® 2 » |
%) (o5 N
7 A\ ST g H‘ : 0.0 T T T T T
. ) i | ® | G ) ) | 0 100 200 300 400 500 600
, inter-chain daoiiit % orosit Inter=chaln | sequence length
. Clashes P X P y deS|gnab|I|ty P q 9

Fig. 1. Top-down design strategy and computational pipeline.

(A) Bottom-up (left) and top-down (right) strategies to protein assembly design. (B) (Left) MCTS
architecture for monomer backbone generation. During each simulation, a helix stub is initialized at a

random rigid body start position, and different configurations of helices and loops are sampled and
constructed sequentially with probability P, stored in each edge to build the search tree. Each move is
checked against a set of predefined geometric constraints during the expansion stage and then updates
probabilities P, afterward. Upon successful completion of a search tree, the monomer is evaluated by
score functions and probabilities P, are back-propagated to update all of the search tree edges. (Right)
Symmetric transformations are applied to build an icosahedral capsid in parallel with monomers using the
MCTS generative algorithm. (C) Concurrent geometric check (left) is performed at every step of the
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expansion stage and the search tree is terminated if there are violations. Final evaluation (right) with a
series of score functions is performed upon completion of a simulation for monomers and assemblies. (D)
In silico RL-generated capsids (blue) occupy a distinct structural space compared with de novo—designed
protein cages (red) and natural capsids (green).
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Fig. 2. Disk-nanopore design with symmetric MCTS.

(A) Schematic illustration of MCTS-based sampling to build space-filling connectors between two
concentric rings to generate disk-like structures with different nanopore inner diameters. The inner ring
was placed in the center of a host outer ring, varying the rotation and vertical offset, which generates
different void volumes (teal; middle panel above arrows). MCTS was then performed to densely fill these
void volumes (blue). (B) Design models (left column) and nsEM 3D ab initio reconstruction maps (right
column) of two connected disk-nanopores (RNR_C6 1 and RNR_C6 2). The symmetric MCTS sampling
built helices to connect the inner ring C terminus and outer ring N terminus (highlighted in red and blue,
respectively, in the left column). (C) The cryo-EM map at 5.1-A resolution for design RNR_C6 3 viewed
from the top, bottom, and side is very close to the design model, with a narrow circular pore in the center
of an otherwise nonporous disk-like structure.
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Fig. 3. Experimental characterization of designed capsids RC I 1 and RC_I 2.

(A and B) Representative nsEM micrographs and reference-free 2D class averages (inset) for RC I 1
(left) and RC I 2 (right). Scale bar, 200 nm. (C and D) A single peak was observed for each SEC elution
profile near the expected elution volumes for the target complexes. (E and G) Capsid computational
design models. (F and H) Circular dichroism spectra measured at different temperatures (°C).
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Fig. 4. Near-atomic resolution cryo-EM structures of designed capsids match design models.

(A) A 2.5-A cryo-EM reconstruction of RC 1 1 viewed along the three symmetry axes. Scale bar, 20 A.
(B) Cryo-EM structure of RC I 1 highlighting monomer packing and interfaces along each symmetry
axis. (C) Overlay and RMSD calculations for RC I 1 compared with the design model for each
symmetry interface (cryo-EM is shown in blue; design is shown in gray). (D) Overlay and RMSD
calculation for a single monomer of RC I 1. (E) Overlay and RMSD calculation for the entire 60-mer
RC I 1 capsid. (F) A 2.9-A cryo-EM reconstruction of RC_1 2 viewed along the three symmetry axes.
Scale bar, 20 A. (G) Cryo-EM structure of RC_I_2 highlighting monomer packing and interfaces along
each symmetry axis. (H) Overlay and RMSD calculations for RC_I 2 compared with the design model
for each symmetry interface (cryoEM is shown in pink; design is shown in gray). (I) Overlay and RMSD
calculation for a single monomer of RC 1 2. (J) Overlay and RMSD calculation for the entire RC 1 2
capsid.
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Fig. 5. Applications of designed capsids.

(A) Robustness of RC I 1 capsid to sequence redesign using ProteinMPNN. The 3-A-resolution
cryo-EM reconstruction of RC I 1-HI11 (top) reveals a close agreement between the experimental
structure (purple) and the design model (gray) with a RMSD of 0.96 A. The RC I 1-H11 structure is
nearly identical to RC I 1 despite considerable sequence differences [bottom; residue differences are
highlighted in red (RC 1 1-HI11) and teal (RC I 1)]. (B) From top to bottom, models and representative
nsEM images of spyTag-, spyCatcher-, and GFP-fused (to N terminus) RC I 1-H11 with 2D class
averages. Scale bar, 50 nm. (C and D) RC I 1-H11-Fd activates Tie2 downstream Akt phosphorylation
and FOXO1 translocation. Serum-starved HUVECs were treated with serially diluted RC I 1-HI11-Fd
(1000-0.1 nM), Fd-st (100 nM), Angl (100 nM), 153-50 (100 nM), or phosphate-buffered saline (PBS)
control for 15 min before protein lysate collection for Western blot analysis, or cells were fixed for
FOXOI1 antibody stain. (C) Left, representative confocal images of HUVECs immunofluorescence
stained with FOXO1 antibody. Right, quantification showing the percentage of cells with nuclear
FOXOI; 100 cells were counted in each biological replicate. Levels of significance were compared with
PBS control in the FOXO1 graph. (D) Quantification of Western blot showing pAKT signal normalized to
RC I 1-H11-Fd at 10 nM. RC I 1-H11-Fd induces a significantly higher signal than the previously
characterized 153-50-Fd (inset) at 100 nM Fd equivalent. (E) Quantification of vascular stability by
averaging the number of nodes, meshes, and tubes calculated at the 72-hour time point using the
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Angiogenesis Analyzer plug-in in ImagelJ (fig. S28D). In (C) to (E), P values were calculated using
one-way ANOVA with Bonferroni’s multiple-comparisons test in Prism for comparing groups of two or
more; *P < 0.05; **P < 0.01; ***P <(0.001; ****P < (.0001; significance over PBS control is noted as #
in (D). (F) Representative nsEM micrograph and 2D class averages (inset) of mammalian cell secreted
RC I 1 particle flexibly fused with M15 influenza HA (MI15-RC 1 1). Scale bar, 50 nm. (G) The
RC I 1 displayed HA is antigenically intact, reacting with both head (5J8) and stem (CR9114) anti-HA
antibodies in biolayer interferometry experiments. (H) Models of RC I 1 (top) and I53 dn5 (bottom)
displaying MI15 influenza HA (left); the presentation is considerably denser in the former. Top right:
Mouse immunization schedule. Bottom right: HA-specific antibody titers in immune sera. Statistical
significance was determined using one-way ANOVA with Tukey’s multiple-comparisons test; *P < 0.05;
*#kxp < 0.0001. The RC I 1 display format produces a higher antibody titer than the I53 dn5
nanoparticle currently in clinical trials.
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Methods

Monte Carlo tree search backbone sampling

The backbone generation method described here uses Monte Carlo tree search (MCTS), an RL
algorithm, to choose secondary structure fragments of helices and loops in a decision tree to
append to either terminus of a growing protein backbone. With reinforcement based on provided
geometric constraints and score functions, iterations through the tree lead to more and more
optimal backbone designs as the tree search is guided to better paths.

Helix and loop elements

For this method, fragment assembly through the decision tree uses two types of backbone
secondary structure elements to select as choices: helices and loops. Helix choices are selected
by number of residues of a parametrically-generated straight alpha-helix. This simplification
severely limits the size of the structural search space and corresponding decision tree, allowing
for more efficient exploration of the space. For example, allowing helix additions in the range of
9-22 residues in length results in only 14 possible choices of helices. Furthermore, simple
parametrically-generated alpha helices have been used successfully to solve a wide variety of
protein design problems, and so we hypothesized that this simplified sampling strategy would
work adequately for many types of problems while avoiding complications arising from more
complicated structural elements such as beta-sheets.

Similarly, we sought to use a library of short loop structures for loop choices to increase the
likelihood of sampling successful designs. We used a library of approximately 26 thousand loops
of 3-5 residues in length extracted from a set of de novo 4 helix bundles designed using the
Rosetta BluePrintBDR (56) and filtered by loop RMSD to the PDB (57). We chose to bin the
loops by structural similarity in order to reduce the number of choices in the decision tree and
allow for alternate loop selection as a means to provide slight structural deviation and diversity.
Loop choices in the decision tree are therefore the selection of a loop bin followed by the random
selection of a loop from within that bin. This strategy required clustering based on parameters
describing the helix following loop addition to enable structural similarity in subsequent choices
using different loops within the same bin. We used k-means clustering on a set of 7 parameters
describing the helix following each loop: 3 for helix translation, 3 for helix direction vector, and
1 for helix phase. We wanted a limited number of bins with a minimum number of loops per bin
and a limited range in the distribution of loops per bin in order to avoid sampling biases resulting
from over or under populated bins. The loop library was binned into 316 bins representing 316
possible loop choices in the decision tree, where each bin contains between 5 and 392 loops, with
81 loops in a bin on average.
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Initialization and decision tree choices

To build backbones using this decision tree, a starting point is required for initialization. This
starting point is fixed for a given tree, as backbones are built in place so a sequence of choices to
sample a given backbone may only be valid in the context of a single starting point. This starting
point can be an alpha-helical ‘stub’ placed in space with random translation and rotation, or a
pre-existing structure off of which to build. Helix and loop choices from the decision tree are
appended to the starting point to build the backbone using the npose package (58) to align the
chosen element to the growing structure. The loops in the loop library have additional short
4-residue helices on either end to allow for accurate alignment to helices. Helix and loop choices
may be appended to only a single terminus (N or C) or to both termini as specified by the user.
For example, when building off of a randomly placed stub (as used in all cases in this work), the
first set of choices in the decision tree will be 14 options for helix lengths between 9 and 22
residues extended off of the C terminus. The following choices in the next level of the tree
consist of 732 options, or 316 loop bins each for loop additions off of either terminus. After a
loop is chosen, the only allowed options are helix additions from the same terminus, as each loop
must be followed by a helix.

MCTS expansion and evaluation

Random paths through this decision tree of helix and loop choices may lead to viable backbones,
but it is computationally intractable to exhaustively explore all paths through the tree and most
paths will result in either poor quality backbones that are suboptimal or invalid backbones that
violate geometric constraints. With MCTS, paths are initially chosen with uniform random
probability, but each iteration informs the choice of subsequent paths to guide the sampling
towards better backbones. Upon initialization, all possible choices at each new branch point in
the decision tree are assigned the same probability weight. Every choice is made at random, but
weights may be adjusted with every iteration to increase their likelihood of selection. These
probability weights are changed for each sampled backbone based on geometric constraints that
are assessed at every choice as well as score functions that are only assessed for the final
structure. Both geometric constraints and score functions must be rapidly calculated to allow for
efficient sampling through thousands of iterations of the tree search. As score functions are
typically slower to assess and often require a full structure for accuracy, they are only calculated
on final structures that pass a specified minimum sequence length and minimum number of
helices.
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Geometric constraints

Geometric constraints are rapidly assessed for each helix and loop choice so that only valid
choices are accepted. The first type of geometric constraint is the clash constraint, used for all
backbone sampling with this method. Distances are calculated between all new backbone atoms
for the potential helix or loop option and all other specified atoms. These specified atoms always
include the growing backbone that is being sampled through the tree search, but may also include
atoms of other prespecified structures to avoid in space. These other atoms can also include
neighboring subunits when sampling symmetric assemblies, as was used for sampling the
icosahedral backbones. With every new potential choice, transformation matrices are used to
calculate the atoms of all nearby subunits with this additional choice (rather than every subunit to
speed up computation), so that symmetric assemblies can be built in place while ensuring no
clashes. For all clash checks, all atom distances must be above a specified clash threshold of 2.85

A.

Simple space bounds may also be provided as geometric constraints, for example limits in
Cartesian space where new atoms may not be placed. The diameter of the growing backbone can
also be geometrically constrained by calculating distances between all atoms of the growing
structure so that no new choice is allowed where any distance exceeds a specified diameter
threshold. More complicated volume constraints can be provided through the use of .obj files
specifying a mesh surface. A grid of points 1A apart encompassing the entire volume is queried
using the pymesh package (59) to find a winding number for each point. This number specifies
whether the point falls within or outside of the volume. All points falling within the volume
(winding number >= 1) are added to a hash table specifying all voxels of that volume. All atoms
for every potential helix or loop choice are converted to their corresponding voxels, and these
voxels are rapidly checked for their presence in the hash table such that only choices where all
new atoms are within the specified volume are allowed.

As geometric constraints are assessed for every choice in the tree, only valid choices are allowed.
With each valid choice selected, the probability of that choice is upweighted by a fixed value (set
to 100), as are the probabilities of every prior choice leading back up the path in the tree. This
way, a valid choice is rewarded not only for its initial selection, but also for subsequent valid
choices that it enables.

Termination cases
Each iteration through the search tree will end at one of a number of termination cases. As only
choices passing all geometric constraints are permitted, termination may occur after reaching a

set limit for the number of invalid choice attempts at a given branch point. This trial limit serves
to constrain the amount of time spent on an iteration, as many paths will lead to points in the tree
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where few or no possible valid choices exist. The trial limit is 4 at the start of the tree, and
increases by an additional value of 3 times the number of helices progressing down the tree, as
later branch points will typically have fewer valid choice options and thus require additional
attempts to find a valid choice if one exists. Furthermore, it is advantageous to spend compute
time on iterations where part of a valid backbone is built already over iterations reaching early
dead-end paths. Iterations may also terminate upon reaching preset limits on sequence length and
number of helices, which are checked following each choice addition. Upon termination in
instances where the last addition was a loop, the loop is removed to avoid lower quality
backbones with dangling loops lacking a succeeding helix. Lastly, termination may occur upon
picking an additional ‘no choice’ option. This option is introduced as an additional choice at loop
branch points after passing a prespecified number of helices, and provides a means of
terminating backbones that may already be of good quality that would be worsened with the
addition of further choices. The probability for the ‘no choice’ termination is initialized at 0.1
when the minimum number of helices is first reached, then is initialized with an added
probability of 0.05 for each helix added past the minimum, as it will typically become a more
optimal option. Upon all cases of termination, backbones that exceed the minimum number of
helices and an additional preset minimum sequence length are evaluated using specified score
functions, and the tree path probability weights corresponding to the backbone are updated.

Score functions

Score functions are only evaluated at the end of an iteration on backbones that exceed a
minimum number of helices and minimum sequence length, as score functions may be
computationally costly and typically only make sense to evaluate on a completed structure that
resembles desired backbones. We developed score functions with speed and generalization in
mind, to enable rapid sampling and a diversity of solutions.

In this work, we describe three score functions assessing monomer quality. These functions
attempt to reward backbones that could potentially be designed into stable monomers. The core
formation score uses a cone in front of each residue’s C alpha - C beta vector to calculate the
percent of the backbone to classify as ‘core’ by sidechain neighbors (60). The helix packing
score uses the same sidechain neighbors calculation to quantify a worst helix, which has the
minimum average sidechain neighbors. This helix may be penalized, as if it dangles off of the
structure it could lead to an unstable monomer. Lastly, the monomer designability score,
repurposed from RPXdock, calculates transforms for all residue pairs and uses them to check a
hash table for pair ‘hits’ suggesting sidechain designability (4). The score function returns the
percent of 9mers with hash table hits in the core or core boundary region (classified by sidechain
neighbors), indicating the potential designability of the monomer backbone.
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We developed two additional score functions for assessing icosahedral assembly quality. These
functions attempt to reward assemblies with closed surfaces and good interfaces between
subunits. The porosity score rapidly approximates how porous the surface of the icosahedral
assembly is by calculating the maximum volume filled across every spherical shell bounded by
two atoms. The set of shells is defined by the radial distances of all pairs of atoms in a single
subunit, plus an additional carbon Van der Waal (VDW) radius (1.7 A) for the outer atom and
minus the same 1.7 A for the inner atom. For each of these shells, the approximate volume filled
is the sum of all atom sphere volumes divided by the volume of the shell, using the carbon VDW
radius once more to calculate all atom sphere volumes. The maximum fraction filled for the set
of shells approximates the porosity of the icosahedral assembly. The porosity score also
indirectly enriches for assemblies with better interfaces, as surface closure requires contact
between neighboring subunits. The interface designability score further assesses interface quality
by using the same atom pair transform hash table as the monomer designability score. The
function checks atom pair transforms from one subunit to all neighboring subunits, and returns
the total number of hash table hits only if there are hits present across two or more interfaces,
thus evaluating the presence and designability of multiple subunit interfaces.

After evaluation, all scores are combined into a single value to reward backbones that are
optimal across many or all provided score functions. This is done by passing each score through
a sigmoid activation function, with parameters specifying the desired score values and weight
relative to other scores. The product of these sigmoid-activated scores is passed through a final
sigmoid activation provided it exceeds a minimum threshold, resulting in a final overall score
between 0 and 1. This overall score is multiplied by a fixed scalar (set to 5,000) then used to
upweight the probability weights of each choice down the decision tree path leading to the final
backbone.

Upweighting

Probabilities for the path of decision tree choices are upweighted at every step for satisfying
geometric constraints and upon termination after evaluating score functions. The relative values
of the upweighting amounts and the initialized probability weights determine the extent to which
upweighting will affect subsequent iterations through the tree, by increasing the likelihood that a
given choice will be randomly selected again. Loop choices have an initialized probability
weight of 10, while helix initial probability weights are variable depending on allowed lengths.
As there are many more loop options than helix options at each branch point, the starting weights
for helices are normalized such that the sum of helix choice weights equals the sum of loop
choice weights. This adjustment ensures that a given upweighting amount will increase the
probability of a helix or a loop choice equally, as otherwise helix choice diversity would be lost
much more rapidly. As discussed earlier, the additional ‘no choice’ termination option is added
separately with its own initialization weight, which begins at 10% of the sum of all other choices
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at a loop branch point and increases by 5% for each additional helix past the minimum helix
specification. Geometric constraints are upweighted for a path through the tree by adding a value
of 100 to each probability weight, while score functions are upweighted by adding a value of
5,000 multiplied by the calculated overall score, which is between 0 and 1.

To avoid excessive upweighting of single choices leading to a loss of diversity in output
structures in later iterations, we implemented a limit to the maximum probability that any single
choice may have. At the start of the tree this limit is 0.4, and increases by a factor of 0.025 times
the number of choices down the tree up to a maximum value of 0.6. In instances where
upweighting would exceed this limit, the probability weight is instead set to a value to equal the
probability limit.

Volume filling sampling

To sample backbones within volumes representing a variety of shapes (Supplementary Fig.S2),
we first generated the desired shapes using CAD software. These shapes were converted to
volume hash tables to use as geometric constraints. For each shape, we ran thousands of different
MCTS runs, each initialized randomly within the volume. We first used 500 test iterations to
check that backbone lengths and scores were improving indicating a reasonable initialization
point, then ran an additional 50,000 iterations for each passing MCTS run. We permitted helices
between 6 and 23 residues in length, and set a minimum of 6 helices and 100 residues of
sequence length. For the purpose of filling the desired shapes, we provided only sequence length
as a score function, so that the MCTS would prioritize finding paths that fit as many residues in
the volume as possible. For Supplementary Fig.S2, we provide for each shape the 5 longest
backbones found, as well as our favorite backbone from the same set of 5 most closely
resembling the shape.

Sampling different symmetries, porosities, and sizes

To sample the range of symmetries in Supplementary Fig.S3, we ran thousands of different
MCTS runs, each randomly initialized and sampled within geometric constraints. For the cyclic
symmetries, building was constrained to a CAD-generated cylinder, while for the cage
symmetries, building was constrained by outer and inner radius limits. We permitted helices
between 9 and 22 residues in length, and varied the minimum and maximum numbers of helices
and residues as well as the geometric size constraints to obtain designs of different sizes
(Supplementary Fig.S3-6). We provided transformation matrices to compute all symmetry mates.
For the cage symmetries, we used the same five score functions as for the icosahedral assembly
sampling production runs. To sample cages with higher porosities (Supplementary Fig.S5), we
changed the sigmoid activation of the porosity score function to instead reward lower scores. For
the cyclic symmetries, we used the same score function set with the exception of the porosity
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score. We ran each initialized search tree for 10,000 iterations. For Supplementary Fig.S4, we
designed symmetries using ProteinMPNN and predicted monomer folding with AlphaFold. We
selected characteristic designs for each symmetry or property to construct the figures.

Nanopore sampling production runs

To build nanopores via void filling between outer and inner C6 rings, we first generated docks of
previously designed inner and outer rings, sampling inversion, translation, and rotation about the
C6 symmetry axis (in this case the z-axis). The outer ring is a modified parametrically generated
design (36), while the inner rings are designs that were generated using symmetric protein
hallucination (6). We provided all backbone atoms of the inner and outer rings to restrict the x
and y -dimensions of the build to the space between the rings. We geometrically constrained the
z-dimension for each dock by constructing a cone-shaped cartesian limit based on the position of
the inner ring relative to the outer ring. We permitted helices between 7 and 25 residues in
length. We required at least 3 helices, but placed no limits on maximum number of helices, nor
minimum or maximum number of residues, provided the geometric space to fill was severely
constrained. Similarly, we provided sequence length as the only score function to upweight,
rewarding longer builds that effectively filled the narrow space to close the surface of the
nanopore. We initialized thousands of C6 symmetric MCTS runs, building from the six
N-termini of the outer ring. For each run, we output at most the 5 longest sequence length builds
with distances between build N-terminus and inner ring C-terminus of < 20 A to allow for
linking of chains into a single C6 construct using protein inpainting (74).

Icosahedral assembly sampling production runs

To sample small icosahedral backbones, we used random stub initialization within a sphere of
radius 60 A. For each MCTS run, we used 500 test iterations to check that the initialization point
was reasonable, followed by 10,000 iterations. We permitted helices between 9 and 22 residues
in length. We set a minimum of 3 helices, a maximum of 7 helices, a minimum of 50 residues,
and a maximum of 80 residues. We set a maximum radial distance of 75 A to constrain the size
of the assemblies. We found that this search space was constrained enough to efficiently find a
large number of diverse and high quality backbones of similar sizes. We used the three monomer
score functions and two icosahedral assembly score functions described previously. Each score
was passed through a sigmoid activation. The product of these five scores was multiplied by an
additional reweight factor of 0.05, then passed through a final sigmoid activation. The sigmoid
activations each have three relative weights and the following equation:

m
1 +e—10a*(score—b)

y

These weights are listed for each score in Table S1.
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For each run, we output at most the 5 highest scoring backbones, where all output backbones
required a core formation score greater than or equal to 0.2, a helix packing score greater than
2.0, a monomer designability score greater than or equal to 0.9, a porosity score greater than or
equal to 0.45, and an interface designability score greater than 17. Each run produced on average
fewer than 1 backbone with these strict score thresholds. We repeated the randomly-initialized
MCTS icosahedral assembly run millions of times, each with an independent tree explored
through 10,000 iterations, to produce a library of approximately 1 million icosahedral backbones.
Tree search iterations took on average 0.045 seconds, with each run taking on average 7.5
minutes. We estimate this library took approximately 1.5 million CPU hours to generate.

Sequence length and porosity analysis of native. bottom-up. and top-down icosahedra

To perform the sequence length and porosity analysis in Figure 1d, we first downloaded all
icosahedral homo 60-mers from the PDB (as of August 1, 2022). All partial and non-native
structures were removed, as well as the much longer sequence length PDB 3J3I for graph clarity,
leaving a library of 240 icosahedra. A total of 3 icosahedral homo 60-mer “bottom-up” structures
were obtained from databases at the IPD. A random selection of 25 MCTS-generated designs
were selected for the “top-down” structures from the set of designs screened experimentally.
Amino acid sequence length for a single subunit was determined from the structure files. A ray
tracing method was utilized to find a measure of porosity for each structure, in which 10,000 rays
with random direction were traced from the origin to the outside of the icosahedron. The fraction
of rays that leave the capsid without coming within 0.5 A of an amino acid atom is reported as
the porosity. The choice of 10,000 random rays was benchmarked for 10 random native
icosahedra against a larger more accurate run of 100,000 random rays, and found to be > 95%
accurate in all 10 cases.

Protein BiIRNN model for sequence profile prediction

The trRosetta (61) training set was used to train a deep neural network (ProteinBiRNN) for the
prediction of each amino acid probability at each residue position given solely the backbone
structure. The architecture of the deep neural network consists of several convolutional layers, a
bidirectional recurrent neural network and a residue-level attention layer. All the input features
are directly derived from the backbone structure and calculated on-the-fly. The 1D features
include: 1) per-residue torsion angle phi, psi and omega; one hot encoded secondary structure
type (H, L, E); and number of sidechain neighbors). The 2D features include: 1) inter-residue
distance; relative orientation geometries (Supplementary Fig.S10). The network predicts the
amino acid identity of each residue and we used categorical cross-entropy to measure the loss for
the training. All the trainable parameters restrained by the L, penalty and dropout keeping
probability 90% is used.
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Sequence design. evaluation, and selection

The computational sequence design pipeline contains multiple modules (Supplementary Fig.S9).
Position-specific scoring matrices (PSSM) were generated with the ProteinBiRNN model. Using
tertiary structures as input, either a monomer or a multi-chain fragment or the entire capsid, the
ProteinBiRNN predicts sequence probability distribution matrices for each residue position,
based on its local backbone neighborhood environment. For each MCTS-generated capsid
backbone, two ProteinBiRNN profile predictions were calculated for both monomer fold
(pssm_chA) and asymmetric subunit that contain all interfaces (pssm_int), respectively.

To reduce unnecessary calculations, a fast pre-design step (< 2 min per CPU) was first performed
to examine whether a monomer building block would preferentially fold into the designed
backbone configuration. Residue type constraints (pssm_chA) were set by using the
FavorSequenceProfile mover during Rosetta Fastdesign. Designed monomer scaffolds with
unfavorable Rosetta score/residue (> -2.7) and AlphaFold metrics (pLDDT < 80, RMSD > 1.5
A) were excluded from the pool for downstream studies. For example, in a test set of around
80,000 MCTS-generated backbones, about 30 % of designs passed the above filtering criteria
(Supplementary Fig.S11).

Next, an interface screening stage of symmetric RosettaDesign calculation was performed for all
capsids to design contacting assembly interfaces and protein cores in a single step, as guided by
pssm_int. We applied a Rosetta FastDesign protocol, similar to the one described in a recent
publication (38), to activate between side-chain rotamer optimization and gradient-descent-based
energy minimization. Symmetric Rosetta backbone relaxation and small random perturbation to
local backbone positions were observed to improve upon sequence encoding and interface shape
complementarity, as compared to conventional cage design protocols with fixed input backbones
(11). Computational metrics of the final design models were calculated using Rosetta, which
includes ddG, shape complementarity and interface buried SASA, contact molecular surface,
among others, for design selection (Supplementary Fig.S13). AF metrics suggest the sequence
encoding obtained by ProteinBiRNN PSSM-guided Rosettadesign outperforms conventional
layer design (Supplementary Fig.S14). All the script and flag files to run the programs are
provided in the Supplementary Information. With backbone relaxation, a typical symmetric
capsid design calculation takes about 3.5 hours on average to finish on a CPU.

To evaluate the interface quality of designed capsids, symmetric interfaces between two
neighboring chains (C2,C3, and C5) were extracted and analyzed independently (Supplementary
Fig.S12). To ensure capsid formation, we hypothesized that at least two relatively strong
interfaces need to exist, where a first one is needed for homo-oligomeric formation, and a second
one closes the capsid. Inspired by previous studies (/7), we set the cutoff for relatively strong
interface based on its calculated Rosetta metrics, including binding energy (ddG < -20 ) and
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contact molecular surface (cms >180) with appreciable hydrophobic side chain packing
(cms_apolar> 120).

During the final sequence optimization stage, Rosetta and ProteinMPNN (37) were used to
design the selected capsid set with good backbone dockings (> 2 strong interfaces). An iterative
backbone optimization process was cycled three times during the final sequence optimization
step to improve interface shape complementarity and designed backbone robustness. For each
design round, the Rosetta relaxed design model and its corresponding AF monomer prediction
(from previous round) were TMaligned (62) back to the starting position and used as input for
capsid design using Rosetta or ProteinMPNN (Supplementary Fig.S15). To design capsid
sequences with the ProteinMPNN module, the tertiary structure of a full capsid was used as input
while all 60 sequences were tied to be identical to enforce icosahedral symmetry. A typical
proteinMPNN design calculation takes about 5 mins on a GPU for a homo-60 mer capsid with ~
70 residues per monomer, which is significantly faster than conventional Rosetta Fastdesign. To
generate pdb models for the MPNN output sequences, the output sequences were grafted onto
the input backbone using Rosetta SimpleThreadingMover (63) followed by symmetric
relaxation. Finally, all final capsid designs were evaluated by Rosetta (monomer and interface
metrics) and Alphafold (monomer pLDDT and RMSD) for design selection.

Protein expression and purification

For small scale screening, synthetic genes encoding capsid sequences were optimized for E. coli
expression and purchased from IDT (Integrated DNA Technologies) as linear eblock DNA in
96-well format. We performed Golden gate assemblies following the standard protocol (New
England Biolab) to clone each synthetic gene into a pET29b vector with a hexahistidine affinity
tag. Plasmids were then transformed into BL21* (DE3) (Invitrogen) E. coli competent cells and
grew overnight in 1 mL of Studier autoinduction media. The cells were harvested by
centrifugation, resuspended and lysed in 200 pL Bugbuster protein extraction reagent
(Millipore). Following another centrifugation, the supernatant was purified by Ni*" immobilized
metal affinity chromatography (IMAC) with Ni-NTA charged magnetic beads (Qiagen).
Magnetic beads with bound cell lysate were washed with 200 uL. of washing buffer for three
times (150 mM NacCl, 25 mM Tris pH 8.0, 30 mM imidazole) and eluted with 35 pL of elution
buffer (150 mM NaCl, 25 mM Tris pH 8.0, 500 mM imidazole). Soluble fractions were analyzed
by SDS-PAGE to check for a single intense band at expected molecular weights. The selected
IMAC elution of soluble designs were diluted to appropriate concentration with a buffer (1:20,
150 mM NaCl, 25 mM Tris pH = 8.0) and analyzed by negative-stain electron microscopy (see
below).

For large scale protein expression, plasmids were transformed into BL21* (DE3) E. coli
competent cells. Single colonies from agar plate with 100 mg/L kanamycin were inoculated in 50
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mL of studier autoinduction media, and the expression continued at 37 °C for over 24 hours. The
cells were harvested by centrifugation, resuspended in 150 mM NaCl, 25 mM Tris pH 8.0, and
lysed by 20 mL Bugbuster protein extraction buffer (Millipore, 50 mL Bugbuster lysis buffer
contains - 49 mL Bugbuster reagent, 0.75 mL 2M imidazole, 1 protease inhibitor tablet, 50 mg
lysozyme). Following another centrifugation, the supernatant was purified by 1 mL Ni*" IMAC
with Ni-NTA Superflow resins (Qiagen). Resins with bound cell lysate were washed with 10 mL
(bed volume 1 mL) of washing buffer (same as above) for two times and eluted with 3 mL of
elution buffer (same as above). To improve colloidal stability of the capsid protein, glycine was
added to the IMAC elution to reach a final concentration of 100 mM, which was subsequently
concentrated and purified via size exclusion chromatography (SEC) in 25 mM pH 8.0 Tris buffer
(150 mM NaCl) on a Superose 6 Increase 10/300 gel filtration column (Cytiva). The resulting
samples were generally > 95 % homogeneous on SDS-PAGE gels. SEC-purified designs were
concentrated by 10K concentrators (Amicon) and quantified by UV absorbance at 280 nm and
stocked at 4 °C.

The HA mini capsid gene was composed of the A/Michigan/57/2015 (MI15) HIN1 HA
ectodomain with the Y98F mutation (75) fused via a 6(GS) linker to the RC I 1 capsid with an
N-terminal hexahistidine affinity tag. This gene was codon optimized for human cell expression
and made in the CMV/R mammalian expression vector by Genscript. Transient transfection into
HEK293F cells was carried out using PEI MAX. After 4 days of expression, mammalian cell
supernatants were clarified via centrifugation and filtration. IMAC was used to initially purify
HA capsids from cell supernatant by adding in 1 ml of Ni2+ sepharose excel resin per 100 ml
supernatant, along with 5 ml of 1 M Tris, pH 8.0 and 7 ml of 5 M NaCl. Batch binding was left
to proceed for 30 min at room temperature with shaking. Resin was then collected in a gravity
column, washed with 5 column volumes of 50 mM Tris, pH 8.0, 500 mM NaCl, 20 mM
imidazole, and his-tagged HA capsids were eluted using 50 mM Tris, pH 8.0, 500 mM NaCl, 300
mM imidazole. Purification by SEC was then carried out on a Superose 6 Increase 10/300 gel
filtration column equilibrated in 25 mM Tris, pH 8.0, 150 mM NaCl.

Bio-layer interferometry (BLI)

BLI was carried out using an Octet Red 96 system, at 25°C with 1000 rpm shaking. Antibodies
were diluted to 10 ug/ml in kinetics buffer (PBS with 0.5% serum bovine albumin and 0.01%
Tween) and then loaded onto protein A tips for 200 s. HA mini capsid was diluted to 500 nM in
kinetics buffer and its association was measured for 200 s, followed by dissociation for 200 s in
kinetics buffer alone.
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Transmission negative-stain electron microscopy (nsEM)

Selected IMAC elutions and cage fractions from SEC traces were diluted to about 0.5 uM
(monomeric component concentration) for negative-stain EM characterization. A drop of 5 puL
sample was applied on negatively glow discharged, formvar/carbon supported 400-mesh copper
grids (Ted Pella, Inc.) for 1 min. The grid was blotted and stained with 5 pL of uranyl formate,
blotted again, and stained with another 5 pLL of uranyl formate for 60 s before final blotting. 2%
uranyl formate was used for all samples.

The screening and data collection was performed on a 120kV Talos L120C transmission electron
microscope (Thermo Scientific) with a BM-Ceta camera using EPU 2.0. All nsEM datasets were
processed by the CryoSparc software (64). Micrographs were imported into the CryoSparc web
server and the contrast transfer function (CTF) was corrected. All the picked particles were 2D
classified for 20 iterations into 50 classes. Particles from selected classes were used for building
the ab-initio initial model. The initial 3D model was homogeneously refined using C1 and the
corresponding Icosahedral symmetry.

Circular dichroism (CD) experiments

To study the secondary structure and thermodynamics of the designed capsid proteins, CD
measurements were performed with an JASCO 1500. The 200 to 195 nm wavelength scans were
measured at every 10 °C intervals from 25 to 95 °C. For each measurement, a 1-mm path length
cuvette was loaded with protein concentrations at 0.2 mg/mL in TBS buffer, as measured by
Nanodrop at 280 nm using predicted extinction coefficients.

CryoEM sample preparation

To prepare cryoEM sample grids for the capsids, 3 pL of 0.5 - 1.0 mg/mL of capsid proteins in
150 mM NaCl, 25 mM Tris (pH = 8.0), 100 mM Glycine was applied to glow-discharged
Quantifoil R 2/2 300 mesh copper grids overlaid with a thin layer of carbon. Vitrification was
performed on a Mark IV Vitrobot with a wait time of either 5 or 7.5 seconds, a blot time of 0.5
seconds, and a blot force of either 0 or -1 before being immediately plunged frozen into liquid
ethane. The sample grids were clipped following standard protocols before being loaded into the
microscope for imaging.

CryoEM data collection

Data collection was performed automatically using either Leginon (65) or SerialEM to control
either a ThermoFisher Titan Krios 300 kV equipped with a standalone K3 Summit direct electron
detector with an energy filter, or a ThermoFisher Glacios 200 kV equipped with a standalone K2
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Summit direct electron detector (66). All three capsids were collected using counting mode with
random defocus ranges spanned between -0.7 and -2.0 um using image shift, with one-shot per
hole on a Glacios for RC_1-H11, and 6 shots per hole on a Krios for RC 1 1and RC I 2. 3,888,
12,825, and 1,315 movies were collected with a pixel size of 0.84 A, 0.84 A, and 1.16 A for
RC I 1, RC I 2, and RC_I 1-H11 capsids, respectively. A total dose of ~60 e/A? was applied
to RC_I 1 and RC_I 2 on a Titan Krios, and ~50 e/A? for RC_1_I-H11 on a Glacios.

For nanopore designs, CryoEM grids were prepared by diluting protein samples with TBS 1 to
10 times immediately before applying 3.5 puL to glow-discharged 400 mesh, C-flat, 2 micron
holes, 2 micron spacing, CF-2/2-4C (CF-224C-100) (Electron Microscopy Sciences) cryoEM
grids. Grids were blotted using a blot force of 0 and 5.5 second blot time at 100% humidity and 4
°C and plunge-frozen in liquid ethane using a Vitrobot Mark IV (FEI Thermo Scientific).
cryoEM grids were screened on a Glacios transmission electron microscope (FEI Thermo
Scientific) operated at 200 kV and equipped with a K3 Summit direct detector. Automated
Glacios data collection was carried out using SerialEM software at a nominal 54 magnification
of 36,000 (0.883 A/pixel). Movies were acquired in counting mode fractionated in 50 frames of
200 ms at 8.5 e-/pixel/sec for a total dose of ~65 e/AZ.

CryoEM data processing

All data processing was carried out in CryoSPARC and CryoSPARC Live (64). Alignment of
movie frames was performed using Patch Motion with an estimated B-factor of 500 A2, with a
maximum alignment resolution set to 3. Defocus and astigmatism values were estimated using
Patch CTF with default parameters. RC 1 1 particles were initially picked in a reference-free
manner using Blob Picker and extracted with a box size of 320 pixels. This was followed by a
round of 2D classification and subsequent template-picking using the best 2D class averages
low-pass filtered to 20 A, for a total of 805,450 picked particles. For RC_I_1-H-11, 491,297
particles were picked with Template Picker using templates from the RC I 1 dataset, and were
extracted with a box size of 320 pixels. For RC 1 2, 769,399 particles were ultimately picked
and extracted with a box size of 320 pixels after a round of reference-free picking using Blob
Picker and a subsequent Template Picker job using templates derived from 2D class averages
which were low-pass filtered to 20 A. Rounds of reference-free 2D classification were next
performed in CryoSPARC with a maximum alignment resolution of 6 A for each dataset. The
best classes for each sample that revealed clearly visible secondary-structural elements were used
for 3D ab initio determination using the C1 symmetry operator. RC 1 1 and RC I 1-H-11
datasets were next corrected for local particle motion followed by 3D ab initio using C1 and 1
symmetry, respectively. This was followed by a 3D refinement with I symmetry for RC I 1 fora
final global resolution estimate of 2.5 A. For RC-1 1-H-11, ab initio was followed by
Non-Uniform Refinement and Local Refinement for a final global resolution estimate of 3.0 A.
For RC 1 2, data was processed entirely in CryoSPARC Live during collection. After selection
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of the best 2D class averages following template picking, an ab-initio job was run using C1
symmetry on 100,000 particles, and a final refinement performed with I symmetry applied using
283,552 of the best particles from 2D classification, yielding a global resolution estimate of 2.93
A. Nanopore particles were initially picked in a reference-free manner using Blob Picker and
extracted with a box size of 320 pixels. This was followed by multiple rounds of 2D
classification and subsequent template-picking using the best 2D class averages. The best classes
that revealed clearly visible secondary-structural elements, a total of 19,418 particles, were used
for 3D ab initio determination using the C1 symmetry operator. This was followed by a 3D non
uniform refinement with C6 symmetry, global CTF refinement, local refinement and
homogeneous refinement for a final global resolution estimate of 5.13 A (Fig. S8). Local
resolution estimates were determined in CryoSPARC using an FSC threshold of 0.143. 3D maps
for the half maps, final unsharpened maps, and the final sharpened maps for each capsids
RC I 1, RC I 1-H11, and RC I 2, and nanopore design RNR C6 3 were deposited in the
EMDB under accession number EMD-28860, EMD-28858, EMD-28859, and EMD-29939
respectively.

CryoEM model building and validation

The de novo predicted design models for each capsid (reported here) were used as initial
references for building the final cryoEM structures. The models were manually edited and
trimmed using Coot (67, 68). We further refined each structure in Rosetta using density-guided
protocols (69). EM density-guided molecular dynamics simulations were next performed using
Interactive Structure Optimization by Local Direct Exploration (ISOLDE), with manual local
inspection and guided correction of rotamers and clashes throughout simulated iterations.
ISOLDE runs were performed at a simulated 25 Kelvin, with a round of Rosetta density-guided
relaxation performed afterward. This process was repeated iteratively until convergence and high
agreement with the map was achieved. Multiple rounds of relaxation and minimization were
performed on the complete capsids, followed by human inspection for errors after each step.
Throughout this process, we applied strict non-crystallographic symmetry constraints in Rosetta
(69). Phenix real-space refinement was subsequently performed as a final step before the final
model quality was analyzed using Molprobity (70) and EM ringer (71). Figures were generated
using either UCSF Chimera (72) or UCSF ChimeraX (73). The final structures for RC 1 1,
RC I 2, and RC I 1-H11 were deposited under PDB accession numbers 8F54, 8F53, and 8F4X,
respectively.

Cell culture

Human Umbilical Vein Endothelial Cells (HUVECs) were acquired from Lonza (C2519AS).
Cells were grown on 0.1% gelatin-coated (Sigma, G1890-100G) 35-mm cell culture dish in
EGM2 media described previously (43). HUVECs were expanded and serially passaged to reach
passage 7 before experiments.
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RC I 1-H11-Fd conjugation

F-domain fused with SpyTag were incubated with RC I 1-H11 capsid fused with SpyCatcher for
4 hours at room temperature on nultation. Samples were analyzed on a SDS-PAGE gel to
confirm at least 90% conjugation was reached (Supplementary Fig.S27).

pAKT titration

Passage 7 HUVECs at 80% confluency were rinsed with 1x PBS (Gibco, 10010023) twice. The
cells were then starved in DMEM low glucose 1 g/l (Gibco, 11885-084) serum-free media for 16
hours. At 16-h timepoint, cells will be treated with RC 1 1-H11-Fd (1000-0.1 nM), Fd-st (100
nM), Angl (100 nM), I53-50 (100 nM), or PBS for 15 minutes at 37°C. After treatment, the
media was aspirated, and cells were washed once with 1x PBS before harvesting protein for
immunoblotting (Supplementary Fig.28).

Immunoblotting

Cells were lysed with 130 pl of previously described lysis buffer (43). Cell lysates were collected
in a fresh Eppendorf tube with 4x Laemmli Sample buffer (Bio-Rad, 1610747) containing 10%
beta-mercaptoethanol (Sigma-Aldrich, M7522-100) added and then heated at 95°C for 10 min.
30 pl of protein sample per well was loaded and separated on a 4— 10% SDS—PAGE gel for 30
min at 250 Volt using running buffer (7.2 g glycine, 1.5 g Tris-base, and 0.5g SDS diluted in 1L
DI water). The proteins were then transferred on a nitrocellulose membrane for 12 min using
transfer butter (7.3 g Tris-Base, 3.6 g glycine, and 0.46 g SDS in 1L DI water). Post-transfer, the
membrane was blocked in 5% bovine serum albumin for 1 hour. Then the membrane was probed
with primary antibodies overnight: pAkt-S473 (Cell Signaling, catalog# 9271S) at 1:2,000,
b-Actin (Cell Signaling, catalog# 3700S) at 1:10,000, and S6 (Cell Signaling, catalog#2217S) at
1:1000. Membranes with primary antibodies were incubated at 4°C, overnight on a rocker. Then
the membranes were washed with TBST buffer (2.4 g Tri-HCI, 8 g NaCl, and 1 mL Tween-20
diluted in 1L water with pH adjusted to 7.4) 3 times at 5-min intervals. Following washes, the
pAKT membrane was blocked in 5% milk at room temperature for 1 hour and then incubated in
the respective HRP-conjugated secondary antibody (BioRad, catalog#1721019) at 1:2,000
dilution in 5% milk for 1 hour. All other primary antibodies were removed and washed 3 times
before adding secondary antibodies at 1:10,000 for 1-hour incubation. After 1 hour, membranes
were washed with TBST (3 times, 5 min of interval) and developed using Chemiluminescence
developer and imaged using Bio-Rad ChemiDoc Imager. Data were quantified using the ImageJ
software to analyze band intensity. pAKT band intensity was divided by band intensity of actin
or s6. All signaling levels are normalized to RC 1 1-H11-Fd at 10 nM signal levels as an internal
positive control. ECj, is calculated using FindEC anything in Prism, GraphPad.
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Immunofluorescence staining of FOXO1

FOXO1 analysis was done as described before (43). Briefly, passage 7 HUVECs were seeded on
glass coverslips coated with 0.1% gelatin and cultured until confluency. Once confluent, cells
were starved for 16 hours in low glucose DMEM (1 g/l D-glucose). Then, cells were stimulated
RC I 1-HI11-Fd, Fd-st, or Angl at 100 nM of F-domain concentration for 15 min before fixing
with 4% PFA (EMS, 15710) for 15 min. The fixed cells were washed three times at 5 min each
before blocking for 1 hour with 3% BSA and 0.1% Triton diluted in PBS while on nutation. The
cells were incubated with FOXO1 (Cell Signaling, catalog#2880) antibody diluted at 1:100 in
blocking agent overnight. After the primary antibody, the cells were washed 3 times at 5 min
each with PBS while on nutation. The cells were then incubated with secondary antibodies at
1:200 for 1 hour and 20 min at 37°C. After secondary antibodies, cells were washed for three
times at 10 min each with PBS on nutation. Coverslips were sealed using VECTASHIELD plus
DAPI (Vector laboratories, H-2000-2) upside-down on glass slides for analysis in confocal
(Leica).

Tube formation assay

Tube formation was assessed using previously described protocols (43, 48). Briefly, a 24-well
plate was pre-coated with 150 uL of 100% Matrigel for 30 minutes at room temperature before
cell seeding. Passage 6 HUVECs were seeded at 1.5 x 10° cells/350uL density suspended in
media (DMEM low glucose + 0.5% FBS + 100nM of RC I 1-H11-Fd). 24 hours after cell
seeding, the old media is aspirated and replaced with fresh media without any treatment. The
cells continue to be incubated for up to 72 hours. Capillary-like structures were observed, and 20
randomly selected microscopic fields were photographed under Nikon Eclipse Ti scope. Images
were analyzed to quantify the number of nodes, meshes, and tubes in each image using the
Angiogenesis Analyzer plug-in in ImageJ. Vascular stability was calculated by the average
number of nodes, meshes, and tubes. Data were normalized to PBS vehicle as fold change.

Animal Immunizations

Female BALB/c mice were purchased from Envigo (order code 047) at 7 weeks of age and were
maintained in a specific pathogen-free facility within the Department of Comparative Medicine
at the University of Washington, Seattle. Mice were randomized, only immunized if they
appeared healthy, and no mice were excluded. Prior to each immunization, immunogens were
mixed with 1:1 vol/vol AddaVax (InvivoGen vac-adx-10) to reach a final dose of 1.5ug per
injection. At 8 weeks of age, 5 mice per group were injected subcutaneously in the inguinal
region with 100uL of immunogen for the prime immunization followed by the boost
immunization 4 weeks later. Mice were bled via the submental route at weeks 2 and 6. Blood
was collected in serum separator tubes (BD # 365967) and rested for 30 min at room temperature
for coagulation. Serum tubes were then centrifuged for 10 min at 2,000 x g and serum was
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collected and stored at -80°C until use. Animal experiments were conducted in accordance with
the University of Washington’s Institutional Animal Care and Use Committee.

ELISA

MI15 HA-foldon trimer was added to 96-well Nunc MaxiSorp plates (Thermo Scientific) at 5.0
png/mL with 50 puL per well and incubated for 1 hour. Blocking buffer composed of Tris Buffered
Saline Tween (TBST: 25 mM Tris pH 8.0, 150 mM NaCl, 0.05% (v/v) Tween20) with 5%
Nonfat milk was then added at 200 pl per well and incubated for 1 hour. Next plates were
washed, with all washing steps consisting of 3x washing with TBST, using a robotic plate
washer (Biotek). 5-fold serial dilutions of serum starting at 1:100 were made in blocking buffer,
added to plates at 50 pl per well, and incubated for 1 hour. Plates were washed again before
addition of 50 pul per well of anti-mouse HRP-conjugated goat secondary antibody (CellSignaling
Technology) diluted 1:2,000 in blocking buffer and incubated for 30 minutes. All incubations
were carried out with shaking at room temperature. Plates were washed a final time, and then
100 pl per well of TMB (3,3',5',5-tetramethylbenzidine, SeraCare) was added for 2 minutes,
followed by quenching with 100 ul per well of 1 N HCI. Reading at 450 nm absorbance was
done on an Epoch plate reader (BioTek).

Nuclear Localization Assay

Plasmids: Transfer plasmids for lentivirus production were prepared by replacing the U6
promoter of lentiguide-BC-plasmid (Addgene #127168) (76) with an EFla promoter, followed
by capsid designs tagged with eGFP and three repeats of nuclear localization sequence (3xNLS).
Designs included three capsids (RC I 1, RC I 1-H11, and RC I 2) and a previously
characterized de novo designed icosahedral cage (I3 01) (77).

Lentivirus production: Plasmid encoding GFP and NLS-tagged designs,, psPAX2 (Addgene
#12260), and pMD2.G (Addgene #12259) were used to transfect Lenti-X 293T cells (Takara
#632180) using Lipofectamine 3000 (Thermo Fisher Scientific L3000015) in a 4:3:2 mass ratio.
At 4 hours post-transfection, the media (DMEM supplemented with 10% FBS and 100 U/mL
penicillin-streptomycin) was exchanged. At 48 hours post-transfection, the virus were harvested
and filtered through a 0.45 pm polypropylene filter (ThermoFisher #44504-PV).

Lentiviral transduction: HeLa cells at 106 cells/mL were transduced by adding viral supernatant
to the media (DMEM supplemented with 10% FBS and 100 U/mL penicillin-streptomycin)
supplemented with 8 pg/mL polybrene (Sigma #TR-1003-G) and centrifuging at 1000 g for 1.5
hours at 33°C. At 3 hours post-infection the media was exchanged. At 24 hours post-infection, 3
x 104 cells per well were seeded onto poly-D-lysine coated 96-well glass-bottom plates (Greiner
Bio-one 655892) and incubated for 24 hours before imaging.
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Imaging: The cells were fixed with 4% paraformaldehyde w/v in phosphate buffered saline
(PBS) for 10 min at room temperature and subsequently stained with 1 uM Hoechst 33342
(Thermo Scientific) for 30 min and washed with PBS. The images were acquired with ECLIPSE
Ti2-E inverted microscope (Nikon) using a CFI Plan Apochromat Lambda D 40X/0.95 objective,
X-Light V3 spinning disk (CrestOptics), Hamamatsu Fusion camera (2304x2304 pixels,
connected by CoaXPress) and analyzed with ImageJ software (http://rsb.info.nih.gov/ij).
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Fig. S1. Score function improvement across iterations. A rolling mean of 500 iterations was calculated
across 100 independent MCTS runs to assess score function improvement over iterations. A. Sequence
length improvement while sampling the L bracket shape from Supplementary Fig. 1. B. Monomer score
function improvement while sampling icosahedra. C. Assembly score function improvement while
sampling icosahedra.
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Fig. S2. Sampling protein backbones of arbitrarily prespecified shapes in silico. Left column, prespecified
build volumes. Middle column, selected monomers matching desired shapes. Right column, overlayed 5
longest sequence length monomers filling each prespecified volume.
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Fig. S3. In silico design of symmetric nanomaterials using MCTS. AlphaFold monomer predictions
overlaid in dark gray. A, Cyclic symmetries C5, C6, C7, C8, C9, C10, C11, and C12 (left to right). B,
Tetrahedral, octahedral, and icosahedral symmetries (left to right).
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Fig. S5. Sampling high porosity icosahedral cages in silico.
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Fig. S6. Sampling larger icosahedral cages in silico as compared to capsid RC 1 2 (left).
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Fig. S7. nsEM 2D class average data for design RNR _C6 1 (top) and RNR _C6 2 (bottom).
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Fig. S9. Schematic illustration of capsid design pipeline.
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Fig. S11. Rosetta and AF2 filtering metrics for pre-designed monomers. Monomer backbones with
Rosetta score_per_res < -2.7 and AF2 pLDDT > 80 were selected (the region highlighted in yellow) for
downstream interface design.
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Fig. S13. Rosetta metrics for all designs (grey) as compared to selected designs for experimental
characterization (red). A. Interface shape complementarity; B. Hydrophobic residue contacts at interface,

C. Spatial aggregation propensity (SAP) score is a property of proteins that determines how aggregation
prone they are; D. Interface ddG is a relative measure of Rosetta predicted binding energy for all

interfaces.
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Fig. S14. A comparison of Rosetta based sequence design on 2000 scaffolds guided by conventional layer
design (red) vs. pssm generated by protein BiIRNN model (blue). A. The average computation time for a
full cage design task is 13000 and 11000 cpu second for layer design and protein BiRNN respectively. B.
The average designed monomer AF _pLDDT is 73 + 12 and 79 =+ 10 for layer design and protein BiRNN
respectively. The percentile of monomers with AF pLDDT > 80 is 30 % (layer design) vs. 45 % (protein
BiRNN).

Fig. S15. Computational backbone optimization via Rosetta relaxation and AF prediction for RC 1 1(top
row) and RC I 2 (bottom row). A,D: Superposition of Rosetta relaxed models (RC I 1: blue, RC I 2:
pink) and RL-polyA models (grey). B,E: Superposition of AF prediction models (RC I 1: green,
RC I 2: orange) and RL-polyA models (grey). C,F: Superposition of AF prediction models (RC I 1:
green, RC [ 2: orange) and Rosetta relaxed models (RC I 1: blue, RC I 2: pink).
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Fig. S16. 1D small-angle x-ray scattering patterns (SAXS, solid curves) of capsids RC I 1 (A) and
RC I 2 (B) in buffer solution match well with profiles calculated from the design models (gray dashed
curves). We note that there is a slight discrepancy between the model simulation and experimental SAXS
patterns of the RC I 1 sample, which we attribute to low overall signal intensity due to potential sample
aggregation during shipment to the synchrotron beamline.

Fig. S17. Designed capsids show high thermal stability. Capsids RC 1 1-H11 (A) and its spycatcher
fusion variants (B) were gradually heated up from room temperature to 95 °C and incubated at 95 °C for 1
hour before cooling back to room temperature. Capsids are observed to form mono-disperse assemblies
post-thermal treatment as evidenced by nsEM.
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Fig. S18. Raw cryoEM micrographs and 2D class averages of capsids RC 1 1 (left) and RC I 2 (right).
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Fig. S19. CryoEM data and associated plots of RC I 1. (A) 2D Class averages of RC 1 1 (Scale Bar =
10 nm). (B) CryoEM local resolution map of RC I 1 viewed along three different angles. Local
resolution estimates range from ~2.0 A at the core to ~2.6 A along the periphery. Regions of lower
resolution (not shown here) correspond to attached 6x His Tag. (C) Global resolution estimation plot. (D)
Orientational distribution plot demonstrating complete angular sampling.
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Fig. S20. CryoEM data and associated plots of RC 1 2. (A) 2D Class averages of RC I 2 (Scale Bar =
10 nm). (B) CryoEM local resolution map of RC 1 2 calculated using an FSC value of 0.143 viewed
along three different angles. Local resolution estimates range from ~2.2 A at the core to ~2.6 A along the
periphery. Regions of lower resolution (not shown here) correspond to attached 6x His Tag. (C) Global
resolution estimation plot. (D) Orientational distribution plot demonstrating complete angular sampling.
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Fig. S21. CryoEM data and associated plots of RC I 1-H11 (A) 2D Class averages of RC 1 1-HI11
(Scale Bar = 10 nm). (B) CryoEM local resolution map of RC I 1-H11 viewed along three different
angles. Local resolution estimates range from ~2.3 A at the core to ~2.6 A along the periphery. Regions of
lower resolution (not shown here) correspond to attached 6x His Tag. (C) Global resolution estimation
plot. (D) Orientational distribution plot demonstrating near-complete angular sampling.
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Fig.S22. The ProteinMPNN redesigned RC 1 1-H11 (purple) has a quite different sequence as compared
to that of the parent design RC I 1 (teal) made by Rosetta, including interface residues (side chains of
RC I 1-HI11 are highlighted with stick representations).
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Fig. S23. SEC elution profiles for 4 different RC I 1-H11 N-terminal fusions, from top to bottom:
unmodified, spyTag, spyCatcher, and GFP, respectively.
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Fig. S24. nsEM characterization (inset: 2D class averages) and SEC elution profiles for RC I 1-HI11
spyCatcher fusions with different linker lengths.
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Fig. S25. A model of RC I 1-H11 genetically fused with N-terminal GFP and SpyCatcher (A), which has
been experimentally characterized by SEC elution profile (B) and nsEM (C).
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Fig. S26. Localization of NLS- and GFP-tagged constructs (green) within the nuclei of HeLa cells, 48h
post-transfection. Nuclei are labeled in grey (DAPI). On the left, the components of each capsid construct
(A, B, C, D) are depicted, while on the right, representative images from the DAPI and GFP channels of

o
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the corresponding constructs are shown. Images captured at 40x magnification. RC I 1, RC I 1-HI11,
and RC 1 2 have diameters of 10 to 13 nm, while I3 01 has a diameter of 28 nm.
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Fig. S27. SDS-Page gel confirmed successful RC 1 1-H11-Fd (Cap-Fd) conjugation with high efficiency.

69



A —RC_|_1-H11-Fdmmmemeem Fd-st Angl c
PBS 1000 100 10 1 0.1 100 100 [nM]
1000 pAKT
PAKT 060 RC_|_1-H11-Fd
ey G— ... _
g
=
- B 1.0
ACTIN — ey e e . o o e E
-35KD —
25 KD g 0.5
i
2 ECs0: 1.6nm
16KD 0.0

T T T T 1
0.01 01 1 10 100 1000
Logqo[Fd] nM

10 kD

B pPBS RC_I_1-H11-Fd 153-50 D RC‘H H1 -
10 10 100 100 100 [nM] K.

-70 kD

pAKT - e, S e — 55 kD
-55 kD

ACTIN b dumh GEER

- -35 kD

-25 kD

- -15 kD

-10 kD

Fig. S28. Capisd-Fd constructs activate the Tie2 pathway. A-B) Representative western blot image for
PAKT activation. Overlay of visible-light image of the membrane onto chemiluminescence signal from
the bands. C) Quantifications of pAKT were fitted in titration curves using Prism to estimate EC50 : 1.6
nM. D) Representative images of the tube assay at 72-hour time point.
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Fig. S29. SEC elution profile for RC 1 1-H11 hemagglutinin fusion with flexible linker.
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Supplementary Tables

Table S1. Score function sigmoid activation weights.

score function m a b
core formation 100 3 0.25
monomer designability | 10 3 0.9
helix packing 1.1 0.5 2.1
porosity 100 1.8 0.61
interface designability | 2 0.03 20
final 1 0.003 200
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Table S2. Protein sequence information of nanopores.

Name

Sequence®

RN C6 I

MGLGRETGDINAPFDPLLFAALRAMASSEDKANFEMIMKMFITSYATPETRPNVDTIL
DYMALMTRLEGAEDTRAAFELDRLAGRALEEPDPERRERTIREEREARLFRLLLRRAVR
LODEATLAAVLELLRTRDPAVAMLLEALALLAEGLKAALKAGDKELAERLEKEIERLA
ELLLEFVEDLVRRGRLDTAAFALLLALALLAQLLKEALKAGDKELAERVEKEIERLAE
ELKRVVEAAVEAGRLDLAADVLLEALELLAQLLKEALKAGDKELAKRVEKEIKRLTKE
LLELAEKSLQEGLRLMAKYVESGGKEKELYEEAERLVDLAGDVLLETLELLNQLLEAA
AKAGDKELAERIEKETIERLLEKLRVVALAKRAIEIAKEITEKNLDKEFAKLVAELLRA
AAENPDLEAVKVARLALETIALQQOPNSELSKEALKLATIRAINSDDELAKKVAALALETA
VEQPGSELSKEALKLAEEATIETDDEKAKKKALEALELALEQPGSEESKEALKKAKEEV
EKAL

RN C6 2

MGLNRETGDPNAPWDPLLFAALSIMRRSHDRRDFELVLOMFINNYGTPETPLNVDATIL
DWMELLAADADTPAEDTRFAARLNRLSGAALRERDPARREALRRRRDELLLLRMLRHA
VERDDDGALAAVLELLATRDPAVTAVLEALKQLAKILKEALKAGDKEIAKEILKEIEE
LAKLLLELVRSLMRRGDLHTAALALLQAQAQLAKLAKEALKAGDKELAKEILKEIEEL
AKELLEVVRAAVEAGDLELAADALLQAQAQLAKLAKEALKAGDKELAEEILKEIEELV
KELLELARESRRRGLELMAEYVRSGGRDEDLLRRARDLLDLAADALLQTLKQLGKLLK
AA
AKAGDKELAKETILKEIKELVKELRGVVVAQAAVALAEETITRSGLDPEFAELVAELLEA
AARNPRLLALEVARAALEVALOQRPNTEEARRALRLATIRATASPDELAQEVALAALRIA
IERPGTEEARRALRLAERATIETDDEEAQREALEALRLALERPGTEEAREALERAREEV
ERAL

RN C6 3

MGLNRDTGDPNARWDPLLRALLRIMKQSYKQEDFNAIMDFIRSNYGTPETPLNVDAIM
MYMMLMMQENPAEDTRRAFRLDELAGAALDETDPAKRAELRRRMEEFIFFHMLEHAFR
KDDEGSLAAVLELLRTESPAIATLLELIRILVKAAKEALKAGNEEIAKKILKEIKENN
KLLEEFVKGETRRGKLFTAARALLITIRLLVKLAKEALKAGNEETAKEVLKEIKENNK
ELEKVVKAATIAAGDLDLAARALLOQTLRLLVKLAKEALKAGNEETIAKEVLKEIKENTKE
LLDIARRSLQEGLRLGAAYVRAGGREEELWRRAERLVRLAAEALLQTLKLLAKLLGEA
AKAGNEETAKEVQKEIKKIVKELRVVALAQRALEIARATITAQGLDPEFARLVAELLEA
AAANPDELAVRVALRALETIALQOPNSQOAKRALELATRATIRSPDELAQRVALRALETA
IQOPNSQOAKRALELAERAIRTPDAAAQEAALAALELALQQPGSPEAQAALAAAEAAV
EAAL
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Table S3. Protein sequence information of capsids and their variants.

Name Sequence* Notes
RC I 1 MPDEDLKAELAATEAIWLLRQGRPEEVWKLMQRLYEKGDP First experimentally
ALWAVLRALLRSGDEIATILTAWNEFMQRT verified capsid from
RosettaDesign
RC I I-HY9 | MMEEELRARVAATRALFLLEQGRPDEVVRLLEELLERGDP ProteinMPNN redesign
ATIWDVLRALLESGDPVGKLIAEYFSRRL #1 of RC 1 1 backbone
RC I I-HIIl | MMEEERRRHLAAAEARFLLELGRPDEVLRLLERLLEEGDP ProteinMPNN redesign
ALFAALRELLESGDPLARLIAETVFRRLGSWGS #2 of RC 1 1 backbone
RC 12 MMMEAMVKYLAEKAGISEVEAAEIVLKAVKISGGDVVKST ProteinMPNN redesign
ELVDLFIEILNKGRE of RC I 2 backbone
RC [ 2-orig | MVEESMVRYLSKHAGVSEDEAAKLVLKAVRISGGDVVKSI Rosetta design, low
inal ELVDLFIEVINRGRE expression

*His-tag, Trp for A280 absorbance, and N terminal Met are included in all ordered sequences
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Table S4. Protein sequence information of capsid-fusions.

Name

Sequence*

Notes

RC I I1-nHA

MKAILVVLLYTFTTANADTLCIGYHANNSTDTVDTVLEK
NVIVTHSVNLLEDKHNGKLCKLRGVAPLHLGKCNIAGWI
LGNPECESLSTASSWSYIVETSNSDNGTCFPGDFINYEE
LREQLSSVSSFERFEIFPKTSSWPNHDSNKGVTAACPHA
GAKSEFYKNLIWLVKKGNSYPKLNQSYINDKGKEVLVLWG
IHHPSTTADQQSLYQONADAYVEVGTSRYSKKFKPEIATR
PKVRDQEGRMNYYWTLVEPGDKITFEATGNLVVPRYAFT
MERNAGSGIIISDTPVHDCNTTCQTPEGAINTSLPEFQONT
HPITIGKCPKYVKSTKLRLATGLRNVPSIQSRGLEGATIA
GFIEGGWTGMVDGWYGYHWONEQGSGYAADLKSTQONAID
KITNIVNSVIEKMNTQFTAVGKEFNHLEKRIENLNKKVD
DGFLDIWTYNAELLVLLINERTLDYHDSNVKNLYEKVRN
QLKNNAKEIGNGCFEFYHKCDNTCMESVKNGTYDYPKYS
EEAKLNREKIDGVGSGSGSGSGSGSGSPDEDLKAELAAT
EAIWLLROGRPEEVWKLMOQRLYEKGDPALWAVLRALLRS
GDEIAILIAWNEMOQRI

Hemagglutinin fused to
n-terminus of the
RC I-1 (Three linker
lengths were ordered:
GS=10, GS=12, and GS
=14)

The GS = 12 construct
was used in the mouse
study.

RC I 1-HII-
nGFP

M SMRKGEELFTGVVPILVELDGDVNGHKEF
SVRGEGEGDATNGKLTLKFICTTGKLPVPWPTLVTTLTY
GVQCFARYPDHMKQHDFFKSAMPEGYVQERTISFKDDGT
YKTRAEVKFEGDTLVNRIELKGIDFKEDGNILGHKLEYN
FNSHNVYITADKOKNGIKANFKIRHNVEDGSVQLADHYQ
ONTPIGDGPVLLPDNHYLSTQSVLSKDPNEKRDHMVLLE
FVTAAGITHGMDELYKGGSGGSGGSGGSGGSGGESGGESME
EERRRHLAAAEARFLLELGRPDEVLRLLERLLEEGDPAL
FAALRELLESGDPLARLIAETVEFRRL

N-terminal fusion of
GFP

RC I I-HII-
nSpyCatcher

MGAMVDTLSGLSSEQGQSGDMTIEEDSATHIKEFSKRDED
GKELAGATMELRDSSGKTISTWISDGQVKDEFYLYPGKYT
FVETAAPDGYEVATAITFTVNEQGQVTVNGKATKGDAHI
GGSGGSGGSMEEERRRHLAAAEARFLLELGRPDEVLRLL
ERLLEEGDPALFAALRELLESGDPLARLIAETVFRRL

N-terminal fusion of
spycatcher

RC I I-HII-
nSpyTlag

MAHIVMVDAYKPTKGGSGGSMEEERRRHLAAAEARFLLE
LGRPDEVLRLLERLLEEGDPALFAALRELLESGDPLARL

N-terminal fusion of
spytag
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Table S5. Cryo-EM data collection, refinement, and validation statistics

#1 RNR_C6 3
(n/a)
(EMD-29939)

#2RC 1 1
(8F54)
(EMD-28860)

#3RC 1 2
(8F53)
(EMD-28859)

#4RC 1 1-H11
(8F4X)
(EMD-28858)

Data collection
and Processing

(for each dataset):

particles (no.)

Microscope FEI Glacios FEI Titan Krios FEI Titan Krios FEI Glacios
Voltage (keV) 200 300 300 200
Camera Gatan K3 Gatan K3 Gatan K3 Gatan K2
Magnification 36000 105000 105000 36000
Pixel size at 0.88 0.84 0.84 1.16
detector (A/pixel)

Total electron 65 61 62 59
exposure (e/A?)

Exposure rate 8.5 15 15 8
(e/pixel/sec)

Number of frames | 50 100 100 50
collected during

exposure

Defocus range -0.8 to -2.0 -0.7t0 -2.0 -0.7to -2.0 -0.7t0 -2.0
(nm)

Automation SerialEM Leginon Leginon SerialEM
software (EPU,

SerialEM or

manual)

Micrographs 3,965 3,888 12,825 1,315
collected (no.)

Micrographs used | 1,909

(no.)

Total extracted 109,254 805,450 769,399 491,297
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Table S5. Cryo-EM data collection, refinement, and validation statistics (continued)

Local refine

#1 RNR _C6 3 #2RC 1 1 #3RC 1 2 #4 RC 1 1-H11
(n/a) (8F54) (8F53) (8F4X)
(EMD-29939) (EMD-28860) (EMD-28859) (EMD-28858)
For each
reconstruction:
Final particles 19,418 678,727 325,728 153,765
(no.)
Point-group or Co6 I I I
helical symmetry
parameters
Estimated error of
translations/
rotations (if
available)
Resolution 5.13A 2.50 A 293 A 3.01A
(global, A)
- FSCO0.5 7.32/5.40 3.10/2.71 3.38/3.13 3.47/3.29
(unmasked/
masked)
- FSCO0.143 | 5.85/5.13 2.82/2.50 3.12/2.93 3.33/3.01
(unmasked/
masked)
Resolution range | 3.6-5.9 2.0-3.0 2.2-3.2 2.3-33
(local, A)
Resolution range
due to anisotropy
(A)
Map sharpening B | 402.5 -124.6 -187.5 -131.1
factor (A%) / (B
factor range)
Map sharpening NU-refine Auto Auto Auto
methods Homo-refine
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Table S5. Cryo-EM data collection, refinement, and validation statistics (continued)

#1 RNR_C6 3
(n/a)
(EMD-29939)

#2RC I 1
(8F54)
(EMD-28860)

#3RC 1 2
(8F53)
(EMD-28859)

#4RC I 1-H11
(8F4X)
(EMD-28858)

Model
composition (for
each model):

Protein 66,960 51,060 32,760
Model Refinement
(for each model):
Refinement Coot/ISOLDE/ Coot/ISOLDE/ Coot/ISOLDE/
package Rosetta/ Rosetta/ Rosetta/
- real or reciprocal Namdinator/ Namdinator/ Namdinator/
space PHENIX (real PHENIX (real PHENIX (real
- resolution cutoff space) space) space)
Model-Map
scores
-CC
R.m.s. deviations
from ideal values

- Bond 0.23 0.26 0.26

lengths (A)
- Bond angles 0.48 0.45 0.37
)

Validation (for
each model):
Clashscore 0 1 1
Poor rotamers (%) 0 0 0
C-beta deviations 0 0 0
Ramachandran
plot

- Favored (%) 99 99 99

- Outliers (%) 0 0 0
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Chapter 3

Helical peptide recognition using the full suite of protein design tools

Adapted from Vazquez Torres, S., Leung, P. J. Y., Lutz, I. D., Venkatesh, P., Watson, J. L., Hink,
F., Huynh, H.-H., Yeh, A. H.-W., Juergens, D., Bennett, N. R., Hoofnagle, A. N., Huang, E.,
MacCoss, M. J., Exposit, M., Lee, G. R., Levine, P. M., Li, X., Lamb, M., Korkmaz, E. N.,
Nivala, J., Stewart, L., Rogers, J. M., & Baker, D. (2022). De novo design of high-affinity
protein  binders to  bioactive  helical  peptides. bioRxiv =~ 2022.12.10.519862.
doi:10.1101/2022.12.10.519862

Introduction

In the following work, we approached and accomplished helical peptide binding, a previously
unsolved protein design problem, using a wide array of different protein design tools. Helical
peptides present a new challenge as compared to previous de novo protein binder targets, as they
lack rigidity and require concave binding surfaces. Initially, we used parametric design to sample
custom groove scaffolds, and found a notable improvement over traditional minibinder
approaches. We found that the MCTS approach described in the previous chapter was able to
automatically sample groove-shaped scaffolds as well. However, initial hits from both methods
did not have sufficient affinities for downstream applications. Further modification of the
parametric groove scaffolds with deep learning tools led to higher affinity. Additionally, we
found that generative deep learning methods sampled high-affinity binders closely resembling
the human-designed parametric backbones. The following work describes the process of
achieving helical peptide recognition, which ultimately requires methods that sample custom
backbones designed specifically to bind to helical peptide shapes.

80



Abstract

Many peptide hormones form an alpha-helix upon binding their receptors (/—4), and sensitive
detection methods for them could contribute to better clinical management. De novo protein
design can now generate binders with high affinity and specificity to structured proteins (3, 6).
However, the design of interactions between proteins and short helical peptides is an unmet
challenge. Here, we describe parametric generation and deep learning-based methods for
designing proteins to address this challenge. We show that with the RFdiffusion generative
model, picomolar affinity binders can be generated to helical peptide targets either by noising
and then denoising lower affinity designs generated with other methods, or completely de novo
starting from random noise distributions; to our knowledge these are the highest affinity
designed binding proteins against any protein or small molecule target generated directly by
computation without any experimental optimization. The RFdiffusion designs enable the
enrichment of parathyroid hormone or other bioactive peptides in human plasma and subsequent
detection by mass spectrometry, and bioluminescence-based protein biosensors. Capture reagents
for bioactive helical peptides generated using the methods described here could aid in the
improved diagnosis and therapeutic management of human diseases (7, 8).
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Main Text

Peptide hormones, such as parathyroid hormone (PTH), neuropeptide Y (NPY), glucagon
(GCQ), and secretin (SCT), which adopt alpha helical structures upon binding their receptors
(I—4), play key roles in human biology and are well established biomarkers in clinical care and
biomedical research (Fig. 1a). There is considerable interest in their sensitive and specific
quantification, which currently relies on antibodies that require substantial resources to generate,
can be difficult to produce with high affinity, and often have less-than-desirable stability and
reproducibility (5). Furthermore, the loop-mediated interaction surfaces of antibodies are not
particularly well suited to high specificity binding of extended helical peptides. Designed
proteins can be readily produced with high yield and low cost in E. coli and have very high
stability, but while there have been considerable advances in de novo protein design to generate
binders for folded proteins (3, 6), the design of proteins that bind helical peptides with high
affinity and specificity remains an outstanding challenge. Design of peptide-binding proteins is
challenging for two reasons. First, proteins designed to bind folded proteins, such as picomolar
affinity hyper-stable 50-65 residue minibinders (5), have shapes suitable for binding rigid
concave targets, but not for cradling extended peptides. Second, peptides have fewer residues to
interact with, and are often partially or entirely unstructured in isolation (9); as a result, there can
be an entropic cost of structuring the peptide into a specific conformation (/0), which
compromises the favorable free energy of association. Progress has been made in designing
peptides that bind to extended beta strand structures (//) and polyproline II conformations
conformations (/2) using protein side chains to interact with the peptide backbone, but such
interactions cannot be made with alpha helical peptides due to the extensive internal backbone -
backbone hydrogen bonding.

Design of helical peptide binding scaffolds

We set out to develop general methods for designing proteins that bind peptides in helical
conformations. To fully leverage recent advances in protein design, we explored both parametric
and deep learning-based approaches. For parametric generation, we reasoned that helical bundle
scaffolds with an open groove for a helical peptide could provide a general solution to the helical
peptide binding problem: the extended interaction surface between the full length of the helical
peptide target and the contacting helices on the designed scaffold could enable the design of high
affinity and specificity binding (Fig. 1b). In parallel, we reasoned that deep learning methods,
which do not pre-specify scaffold geometries, could permit the exploration of different potential
solutions to helical peptide binding.
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Parametric design of groove scaffolds

We began by exploring parametric methods for generating backbones with overall “groove”
shapes. Using the Crick parameterization of alpha-helical coiled coils (/3), we devised a method
to sample scaffolds consisting of a three-helix groove supported by two buttressing helices (Fig.
lc, see Supplementary Materials). We assembled a library of these scaffolds sampling a range of
supercoiling and helix-helix spacings to accommodate a variety of helical peptide targets
(Supplementary Fig. S1). We then used this library to design binders to PTH, GCG, and NPY,
and screened 12 designs for each target using a nanoBiT split luciferase binding assay. Many of
the designs bound their targets (3/12, 4/12, and 8/12 to PTH, GCG, and NPY) but with only
micromolar affinities (see Supplementary Materials). These results suggest that groove-shaped
scaffolds can be designed to bind helical peptides, but also that design method improvement was
necessary to achieve high-affinity binding.

While powerful for generating and sampling a large number of potential scaffolds, the parametric
generation approach has the limitation of building only from ideal building blocks, in this case
parametric alpha helices. Deep learning methods do not have these limitations, and we explored
whether RoseTTAFold inpainting (RFjoint) (14), a model that can jointly design protein
sequences and structures, could be used to improve the modest affinities of our
parametrically-designed PTH binders (Fig. 2a). We used RF inpainting to extend the binders
(non-parametrically) to incorporate additional interactions with the target peptide to take
advantage of the full potential binding interface of the peptide. Out of 192 designs tested, 44
showed binding against PTH in initial yeast display screening. Following SEC purification, the
best binder was found to bind at 6.1 nM affinity to PTH. Binding was quite specific: very little
binding was observed to PTH related peptide (PTHrp), a related peptide sequence with 34%
sequence identity (Fig. 2A). Overall, the affinity of the starting PTH binders was improved by
approximately three orders of magnitude, and the highest-affinity binder had 19% greater surface
area contacting the target peptide. We used the same design strategy to generate higher affinity
binders for NPY and GCG. Using weak parametric binders as a starting point, we extended their
binding interfaces and generated a ~231 nM affinity binder for GCG and a 3.5 uM binder for
NPY after screening 96 designs (Supplementary Fig. S2).

As an alternative to de novo parametric design of scaffolds that contain grooves, we explored the
threading of helical peptides of interest onto already existing designed scaffolds with interfaces
that make extensive interactions with helical peptides (Fig. 2b). We started from a library of
scaffolds that contained single helices bound by pseudorepetitive helical scaffolds. We then
threaded sequences of peptides of interest onto the bound single helix and filtered to maximize
interfacial hydrophobic interactions of the target sequence to the binder scaffold. The binders
were then redesigned in the presence of the threaded target sequence with ProteinMPNN (/)5)
and the complex was predicted with AF2 (/6) (with initial guess (6)) and filtered on AF2 and

83



Rosetta metrics. Initial screening using yeast surface display identified 4/66 binders, which were
expressed in E. coli. Following size exclusion chromatography (SEC) purification of the
monomer fraction, all 4 of the designs were found to bind with sub-micromolar affinity using
fluorescence polarization (FP), with the highest-affinity design binding with an affinity of 2.7
nM for SCT. Binding specificity was assessed with FP by measuring affinity for GCG, a related
hormone to which SCT shares a significant degree of sequence identity (44%) and
conformational homology (7, 2). We found that the tightest SCT binder was only 4 fold selective
for SCT over GCG, which suggested additional design strategies might be necessary to increase
the quality of the binding interface and to achieve high-specificity binding (Fig. 2b).

Designing peptide binders by hallucination

We next explored the use of deep learning hallucination methods to generate helical peptide
binders completely de novo, with no pre-specification of the desired binder geometry (from
peptide sequence alone) (Fig. 2c). Hallucination or “activation maximization” approaches start
from a network that predicts protein structure from sequence and carry out an optimization in
sequence space for sequences which fold to structures with desired properties. This approach has
been used to generate novel monomers (/7), functional-site scaffolds (/4) and cyclic oligomers
(/8). Hallucination using AlphaFold2 (AF2) or RosettaFold has a number of attractive features
for peptide binder design. First, neither the binder nor the peptide structure needs to be specified
during the design process, enabling the design of binders to peptides in different conformations
(this is useful given the unstructured nature of many peptides in solution; disordered peptides
have been observed to bind in different conformations to different binding partners (9)). Second,
metrics such as the predicted alignment error (pAE) have been demonstrated to correlate well
with protein binding (6), permitting the direct optimization of the desired objective, albeit with
the possible hazard of generating adversarial examples (/8).

We began by designing binders to the apoptosis-related BH3 domain of Bid (Fig. 1a). The Bid
peptide is unstructured in isolation, but adopts an alpha-helix upon binding to Bcl-2 family
members (19, 20); it is therefore a model candidate for the design of helix-binding proteins.
Starting from only the Bid primary sequence, and a random seed binder sequence (of lengths 60,
70, 80, 90 or 100 residues), we iteratively optimized the sequence of the binder through a Monte
Carlo search in sequence space, guided by a composite loss function including the AF2
confidence (pLDDT, pTM) in the complex structure, and in the interaction between peptide and
target (pAE). The trajectories typically converged in 5000 steps (sequence substitutions;
Supplementary Fig. S3), and the output binder sequence was subsequently redesigned with
ProteinMPNN, as previously described (/8). All designed binders were predicted to bind to Bid
in a helical conformation; the exact conformations differ between designs because only the
amino acid sequence of the target is specified in advance. This protocol effectively carries out
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flexible backbone protein design, which can be a challenge for traditional Rosetta based design
approaches for which deep conformational sampling can be very compute intensive.
Interestingly, in line with our prediction that “groove” scaffolds would offer an ideal topology for
helical peptide binding, many of the binders from this approach contained a well-defined
“groove” by eye, with the peptide predicted to make extensive interactions with the binder,
typically helix-helix interactions.

47 of the hallucinated designs were tested experimentally (Supplementary Fig. S4a). Initial
screening was performed with co-expression of a GFP-tagged Bid peptide and the HIS-tagged
binders, with coelution of GFP and binder used as a readout for binding. 4 of these designs were
further characterized, and showed soluble, monomeric expression even in the absence of peptide
co-expression (Supplementary Fig. S4b). All designed proteins could be pulled-down using Bid
BH3 peptide immobilized on beads (Supplementary Fig. S4c). Circular dichroism experiments
indicated that the Bid peptide was unstructured in solution, and that helicity increased upon
interaction with the hallucinated proteins, in line with the design prediction (Supplementary Fig.
S4d). The binders were highly thermostable, and, unlike the native Bcl-2 protein Mcl-1, readily
refolded after (partial) thermal denaturation at 95 °C (Supplementary Fig. S4e). Isothermal
titration calorimetry revealed that all four bound Bid peptide, with the highest-affinity design
binding having an affinity of 25 nM (Fig. 2c), a higher affinity interaction than with the native
partner Mcl-1 (Supplementary Fig. S4f).

Peptide binder design with RFdiffusion

We next explored the design of binders using the RoseTTAFold-based denoising diffusion model
RFdiffusion described in the accompanying paper (Watson et al.). RFdiffusion is much more
compute efficient than hallucination, and is trained to directly generate a diversity of solutions to
specific design challenges starting from random 3D distributions of residues that are
progressively denoised. We reasoned that RFdiffusion could be used both for binder optimization
(by sampling related conformations around a specific binder structure) and for fully de novo
design starting from a completely random noise distribution.

A long-standing challenge in protein design is to increase the activity of an input native protein
or designed protein by exploring the space of plausible closely related conformations for those
with predicted higher activity. This is difficult for traditional design methods as extensive full
atom calculations are needed for each sample around a starting structure (using molecular
dynamics simulation or Rosetta full atom relaxation methods), and it is not straightforward to
optimize for higher binding affinity without detailed modeling of the binder-target sidechain
interactions. We reasoned that, in contrast, RFdiffusion might be able to rapidly generate
plausible backbones in the vicinity of a target structure, increasing the extent and quality of
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interaction with the target guided by the extensive knowledge of protein structure inherent in
RoseTTAfold. During the reverse diffusion (generative) process, RFdiffusion takes random
Gaussian noise as input, and iteratively refines this to a novel protein structure over many (“T”)
steps (typically 200). Partly through this denoising process, the evolving structure no longer
resembles “pure noise”, instead resembling a “noisy” version of the final structure. We reasoned
that ensembles of structure with varying extents of deviation from an input structure could be
generated by partially noising to different extents (for example, timestep 70), and then denoising
to a similar, but not identical final structure (Fig. 3a, b).

We experimented with this approach starting from our parametrically-designed inpainted binders
to GCG (with 231 nM affinity) and NPY (with 3.5 puM affinity) (Supplementary Fig. S2).
Following partial noising and denoising, we identified designs that in silico, had significantly
improved AF2 metrics compared to the starting design. The diversity compared to the starting
design could be readily tuned by varying the time point to which the starting design was noised
(Fig. 3a). Initial screening on yeast display revealed quite high binding success rates, with 25/96
designs binding GCG, and 20/96 binding NPY at 10 nM peptide concentration. The highest
affinity designs were expressed in E. coli, purified, and their binding affinities were determined
using FP. The highest-affinity binders were found to bind at subnanomolar affinities to GCG, and
5.6 nM to NPY (Fig. 3c). The designed proteins are quite specific: the GCG binders bound 10
times less tightly to SCT, which was chosen due to its high similarity to GCG. Impressively, the
NPY binder did not show any cross-reactivity to peptide YY (PYY), which is a member of the
NPY/pancreatic polypeptide family (2/) and shares a high percentage of sequence similarity
(63.5% for the sequences used in the assay).

Inspired by this success at optimizing binders with RFdiffusion, we next tested its ability to
design binders to a different BH3 peptide, Bim and PTH completely de novo through
unconditional binder design - providing RFdiffusion only with the sequence and structures of the
two peptides in helical conformations, and leaving the topology of the binding protein and the
binding mode completely unspecified (Fig. 4a). From this minimal starting information,
RFdiffusion generated designs predicted by AF2 to fold and bind to the targets with high in silico
success rates. A representative design trajectory is shown for PTH in Fig. 4b and Supplemental
Video 1; starting from a random distribution of residues surrounding the PTH peptide in a helical
conformation, in sequential denoising steps the residue shifts to surround the peptide and
progressively organize itself into a folded structure which cradles the peptide along its entire
surface.

We obtained synthetic genes encoding 96 designs for each target. Using yeast surface display, we
found that 25 of the 96 designs bound to Bim at 10 nM peptide concentration. The highest
affinity design, which purified as a soluble monomer, bound too tightly for steady state estimates
of the dissociation constant (Kd); global fitting of the association and dissociation kinetics
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suggest a Kd of ~100pM (Fig 4C). For PTH, we found that 56/96 of the designs bound by yeast
surface display with sub-micromolar affinities. The highest affinity design again bound too
tightly for accurate Kd estimation; instead FP data provides an approximate upper bound for the
Kd<500 pM (Fig. 4c). Binding was also highly specific; no binding was observed to the related
PTHrp (Fig. 4c). Circular dichroism temperature melts indicate that both binders are stable at
95°C (Fig 4C). The diffused from scratch binders again had considerable structural similarity to
our starting groove binding concept.

Origins of higher affinity binding

The RFdiffusion scaffolds bind the peptides with extended helices in a manner not entirely
different from our starting groove structures and the other designs described above. What is the
origin of their higher affinity? Reasoning that de novo building of the designs in the presence of
the target, rather than starting from pre-generated scaffolds, could increase the extent of shape
matching between binder and target, we computed the contact molecular surface (5) for all of our
designs in complex with the peptides. The average contact molecular surface for the partially
diffused GCG binders and NPY increased by 33% and 29% respectively compared to the starting
models, and the Rosetta ddG improved by 29% and 21% (Fig. S5a, S5b).

Comparison of solutions to the binding problem

Our results provide an interesting side by side comparison of human and machine based problem
solving. Despite the differences in affinity, the deep learning methods typically came up with the
same overall solution to the helical peptide binding design problem — groove shaped scaffolds
with helices lining the binding site — as the human designers did in the first Rosetta parametric
approaches. The increased affinity likely derives at least in part from higher shape
complementarity resulting from direct building of the scaffold to match the peptide shape; the
ability of RFdiffusion to “build to fit" provides a general route to creating high shape
complementary binders to a wide range of target structures.

Design of protein biosensors for PTH detection

Given our success in generating de novo binders to clinically-relevant helical peptides, we next
sought to test their use as detection tools for use in diagnostic assays. Compared to
immunosensors, which often exhibit antibody denaturation, loss of conformational stability, and
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wrong positioning of the antigen-binding site during sensor immobilization, de novo
protein-based biosensors offer a more robust platform with high stability and tunability for
diagnostics (22, 23). To design PTH biosensors, we grafted the 6.1 nM PTH binder into the
lucCage system (24), screened 8 designs for their luminescence response in the presence of PTH,
and identified a sensitive lucCagePTH biosensor (LOD = 10 nM) with ~21-fold luminescence
activation in the presence of PTH (Fig. 5a).

Enriching peptide targets from a complex mixture

We explored the use of our picomolar affinity RFdiffusion generated binder to PTH as a capture
reagent in immunoaffinity enrichment coupled with liquid chromatography-tandem mass
spectrometry (LC-MS/MS), a powerful platform for detecting low-abundance protein biomarkers
in human serum (25). We evaluated the RFdiffusion binder in an LC-MS/MS assay for PTH in
serum. PTH enrichment was quantified based on the analysis of the N-terminal peptide of a
tryptic digestion of PTH in human plasma (26-28). (see Supplemental Materials). We found that
the designed binder enabled capture of PTH from spiked buffer and spiked human plasma with
recoveries of 53% and 43%, respectively (Fig. 5b). The very high thermal stability of the
designed binders (Fig. 4c,d) suggests that bioactive peptide capture reagents could have much
longer shelf lives than antibodies, and be amenable to harsher washing conditions enabling
re-use of binder conjugated beads.

Discussion

Antibodies have served as the industry standard for affinity reagents for many years, but their use
is often hampered by variable specificity and stability (29, 30). For binding helical peptides, the
computationally designed helical scaffolds described in this paper have a number of structural
and biochemical advantages. First, the extensive burial of the full length of an extended helix is
difficult to accomplish with antibody loops, but very natural with matching extended alpha
helices in groove shape scaffolds. Second, designed scaffolds are more amenable to
incorporation into sensors as illustrated by the LucCage PTH sensor. Third, they are more stable,
can be produced much less expensively, and could be more easily incorporated into affinity
matrices for enrichment of peptide hormones from human serum. Fourth, peptide binders can
achieve high affinity and specificity purely through computational methods, eliminating the need
to use animals, which often mount weak responses to highly conserved bioactive molecules. Our
MS based detection of peptides present at very low abundance in sera following enrichment
using the designed binders could provide a general route forward for serological detection of a
wide range of disease associated peptide biomarkers.
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Our results highlight the emergence of powerful new deep learning methods for protein design.
The inpainting and RFdiffusion methods were both able to improve on initial Rosetta designs,
and the hallucination approach generated high affinity binders without requiring prespecification
of the bound structures. Most impressively, the RFdiffusion method rapidly generated very high
(picomolar) affinity and specific binders to multiple helical peptides. As described in the
accompanying manuscript (Watson et al.), RFdiffusion is able to design binders to folded targets;
here we demonstrate further that RFdiffusion can be used to improve starting designs by partial
noising and denoising, and can generate binders to peptides starting from no information other
than the target. To our knowledge, the Bim and PTH binding proteins diffused starting from
random noise are the highest affinity binders to any target (protein, peptide, or small molecule)
achieved directly by computational design with no experimental optimization. We expect both
the de novo peptide binder design capability and the ability to resample around initial designs
(before or after experimental characterization) to be broadly applicable.
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Figure 1. Binding helical peptides in groove scaffolds. (a) Helical peptide targets: parathyroid hormone
(PTH), glucagon (GCQG), neuropeptide Y (NPY), secretin (SCT), and the apoptosis-related BH3 domains
of Bid and Bim. (b) “Open groove” structural solution to the helix binding problem. (¢) Parametric
approach to sampling of groove scaffolds varying supercoiling and helix distance to fit different targets.
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Figure 2. Design strategies for binding helical peptides. (a) Inpainting binder optimization: redesign of
parametrically generated binder designs using RFjoint inpainting to expand the binding interface. Left:
schematic illustration of approach. Middle: original parametric scaffold (gray), inpainted design with
extended interface (pink), and PTH target (purple). Right: Fluorescence polarization measurements with
TAMRA-labeled targets indicate 6.1 nM binding to PTH and only weak binding to off-target PTH related
peptide (PTHrp). (b) Thread target sequence and redesign: threading peptides onto pseudorepetitive
protein scaffolds. Left: schematic illustration. Right: Design model of SCT based on repeat protein
scaffold (grey) and SCT target (orange). Fluorescence polarization measurements with TAMRA-labeled
targets indicate 3.95 nM binding to SCT and 12 nM binding to GCG. (¢) Binder design with deep
network hallucination. Top left: schematic illustration. Right, designed binder resulting from Monte
Carlo optimization of binder sequence using AlphaFold over 5000 steps, with only target sequence (not
structure) provided. Hallucinated binder (gray); target Bid peptide (blue). Isothermal titration calorimetry
measurements (far right) indicate 25 nM binding to Bid. Bottom: hallucination trajectory starting from
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random sequence (left) to final sequence (right); the protein folds around the peptide, which increases in
helical content from step 0 to step 1000.
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Figure 3. Peptide binder optimization with RFdiffusion. (a) Top: Schematic showing partial noising
and denoising using RFdiffusion. A starting monomer (left) is partially noised for an increasing number of
steps and then denoised resulting in designs (color) increasingly different from the original design (gray).
Varying the noising stage from which denoising trajectories are initiated enables control over the extent of
introduced structural variation. Bottom left: The distribution of RMSD to initial design vs number of
partial noising steps. Bottom right: Starting from initial helix binder designs, we use partial diffusion to
design optimized binders with improved shape complementarity. (b) Partial denoising trajectory starting
from an initial NPY binder shown on the left. The final design (color) is shown on the right overlaid over
the original design (gray). Contact molecular surface (CMS), Rosetta DDG (DDG) and interface shape
complementarity (sc_int) values are reported for the original and optimized binder. (¢) Diffused binders to
GCG and NPY. Top left: Design models (gray) and AF2 predictions (pink, metrics in Supplementary
Table 1), of diffused binders to GCG (yellow). Top right: FP measurements with FAM-labeled GCG
indicate a sub-nanomolar binding affinity and selectivity over SCT. Bottom left: Design models (gray)
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and AF2 predictions (pink, metrics in Supplementary Table 1), of diffused binders to NPY (green).
Bottom right: FP measurements with FAM-labeled NPY indicate a binding affinity of 5.29 nM and no
binding to PYY, demonstrating selectivity.
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Figure 4. Peptide binder design with RFdiffusion. (a) Schematic showing binder design using
RFdiffusion. Starting from a random distribution of residues around the target peptide (X;), successive
RFdiffusion denoising steps progressively remove the noise leading by the end of the trajectory X, to a
folded structure cradling the peptide. At each step t, RFdiffusion predicts the final structure pX, given the
current noise sample Xt, and a step that interpolates in this direction is taken to generate the input for the
next denoising step Xt-1. (b) Denoising trajectory in the presence of PTH (purple, Supplementary Video
1). Starting from random noise (left), a folded structure starts to emerge, leading to the final designed
binder (right). (¢) Design of picomolar affinity PTH binders. Left: Design model (gray) and AF2
prediction (pink, metrics in Supplementary Table 1), of designed PTH binder (purple). Bottom right:
Fluorescence polarization measurements with TAMRA-labeled PTH indicate a sub-nanomolar binding
affinity and no binding for PTH related peptide, indicating high specificity (PTHrp). Top right: Circular
dichroism data indicating that the binder has the designed helical secondary structure and does not
undergo cooperative unfolding below 95°C (inset). (d): Design of picomolar affinity Bim binders. Left:
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Design model (gray) and AF2 prediction (pink, metrics in Supplementary Table 1), of designed Bim
binder (red). Right bottom: Biolayer interferometry measurement of Bim binding indicates a
sub-nanomolar affinity, with very slow dissociation kinetics. Biotinylated Bim was coupled to an Octet
sensor, and incubated with the indicated concentrations of binder. The off rate is too slow to be accurately
measured. Right top: CD data shows that the binder has helical secondary structure and is stable at 95°C
(inset).
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Figure 5. Application of designed binders to sensing and detection. (a) Protein biosensors for PTH
detection. Left: Schematic of the grafted PTH lucCage biosensor, depicting the cage and latch (left,
beige), key (right, beige), luciferase halves (inactive in white, active in blue), the PTH binder (red), and
PTH peptide target (purple). Right: design model shown in the same color scheme. (b) Titration of PTH
results in linear increases in luciferase luminescence. (¢) Evaluation of the PTH biosensor at limiting
concentrations of PTH indicates a 10 nM limit of detection (see methods). (d-f) The designed PTH binder
enables robust recovery of PTH from complex mixtures. (d) Enrichment experiment schematic. (e)
LC-MS/MS chromatograms for SVSEIQLMHNLGK, the N-terminal tryptic peptide of PTH; different
peptide fragments detected by the LC-MS/MS assay are in different colors. (f) Mean chromatographic
peak areas for triplicate measurements of each sample type. Error bars represent standard deviation.
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Methods

Identification of weak binder hits from parametric designs in pilot experiment

The first helical peptide binder hits were identified in pilot experiments screening for binding
using the nanoBiT split luciferase assay (methods). These kinetic binding experiments were
performed in cell lysate with no control over protein concentration, so candidate binders were
selected qualitatively for showing some increase in luminescence signal over time above
background noise, indicating likely binding activity. Additional pilot experiments indicated that
this binding activity was all at very weak affinities, likely >100 nM. Therefore, these initial
candidates were not further characterized, but rather selected for additional design to yield higher
affinity binders.

Identification of weak binders for NPY and GCG using extended parametric designs

We used the RF inpainting approach to extend the binding interfaces of NPY and GCG weak
binders hits from parametric design. However, the characterized proteins displayed low affinity
binding to their targets, which was not enough for diagnostic applications.

Parametric design of groove-shaped scaffold library and use for binder design

The parametric groove-shaped scaffold library was sampled using a random sampling approach,
where key parameters were selected randomly from distributions. An even distribution of bundle
“lengths” was sampled, where each parametric helix was 15-19 residues long. A supercoiling
value was randomly selected from a biased distribution favoring more supercoiled scaffolds,
given these scaffolds were more likely to fail in the subsequent looping step. An average helix
neighbor distance value was randomly selected from a normal distribution informed by native
helical bundle geometries. The distance of each helix from its neighbors was independently
randomly selected from a much tighter normal distribution centered at the preselected average
helix neighbor distance value, to provide some noise within a given scaffold to helix distances
and allow for heterogeneous amino acid selections. Values for helix phase and Z displacement
were randomly sampled for each helix. The “groove” consisting of 3 helices was first sampled as
a helical bundle using the Crick parameterization of alpha-helical coiled coils, around an
imaginary central helix where the target was to later be docked. Next, the two buttressing helices
were sampled with the same parameterization, but moved radially outward with randomly
sampled helix neighbor distances as well as an additional randomly sampled tilt. This process
was used to sample a set of 200k arrangements of 5 helices. Next, the Rosetta
ConnectChainsMover was used to loop this set into approximately 135k successful scaffold
backbones. These backbones were designed and filtered using Rosetta to yield a final library of
18 thousand scaffolds. This library was used to design binders to different helical peptide targets
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using an adapted version of the miniprotein binder design computational pipeline used by Cao et
al’.

Design of BIM peptide binders

We also experimented with unconditional binder design for the apoptosis-related peptide Bim
(DMRPEIWIAQELRRIGDEFNAYYARR; PDB: 6X80)- providing RFdiffusion only with the
sequence and structures of the two peptides in helical conformations, and leaving the topology of
the binding protein and the binding mode completely unspecified. From this minimal starting
information, RFdiffusion generated designs predicted by AF2 to fold and bind to the targets with
high in silico success rates. We obtained synthetic genes encoding 96 designs for each target.
Using yeast surface display, we found that 25 of the 96 designs bound to Bim (10nM, no
avidity). The highest affinity design, which purified as a soluble monomer, bound too tightly for
steady state estimates of the dissociation constant (Kd); global fitting of the association and
dissociation kinetics suggest a Kd of ~100pM. External potentials were used to promote
interactions between the binder and target - specifically, the radius of gyration of the complex
was minimized.

Gene construction of peptide hormone binders

The designed protein sequences were optimized to be both expressed in S.cerevisiae and E. coli.
Linear DNA fragments (eBlocks, Integrated DNA Technologies) encoding design sequences
included overhangs suitable for cloning into pETcon3 vector for yeast display’ and Golden Gate
cloning into LM627 vector for protein expression'®. For initial testing hallucinated binders to
Bid, binders were cloned into a modified LM627 vector. Specifically, Golden Gate cloning was
used to generate sfGFP-Bid-STOP-[Binder]-SNAC-HISx6 assemblies.

Yeast display screening

For the yeast transformation, 50-60 ng of digested pETcon3 and 100 ng of insert (eBlocks,
Integrated DNA Technologies) were transformed into S. cerevisiae EBY 100 strain using the
protocol described in ref° . EBY100 cultures were grown in C-Trp-Ura medium supplemented
with 2% (w/v) glucose (CTUG). For induction of expression, yeast cells initially grown in
CTUG were transferred to SGCAA medium supplemented with 0.2% (w/v) glucose and induced
at 30 °C for 16-24 h. Cells were washed with PBSF (PBS with 1% (w/v) BSA) and labeled for
40 minutes with biotinylated peptide targets at room temperature using without-avidity labeling
condition’. After incubation time, cells were washed and resuspended in PBSF for cell sorting
(Attune NxT Flow Cytometer, Thermo Fisher Scientific).
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NanoBiT screening

Linear gene fragments encoding binder design sequences and target peptide sequences were
cloned into E. coli expression vectors using Golden Gate assembly; these vectors were
pET28b(+) derivatives genetically fusing the smBiT and IgBiT halves of the NanoLuc®
Luciferase (Promega) to the binders and peptides respectively. Resulting plasmids were
transformed into BL21* (DE3) (Invitrogen) E. coli competent cells, then grown in ImL TBII in
96-deepwell plates at 37C and 600 rpm. After 2 hours, expression was induced with IPTG (0.1
mM) and cells were incubated for an additional 4 hours. Cells were harvested by centrifugation
(15 min at 4 kg), then resuspended in 100 uL lysis buffer (10 mM NaP pH 7.4, 150 mM NaCl, 5
mM MgCl,, 1 mg/mL lysozyme, 10 ug/mL DNAse I, 1 tablet Complete Protease inhibitor / 50
mL). Cells were incubated for 1 hour at room temperature and 600 rpm, then frozen (-80C for
30min) and thawed (37C at 600 rpm for 30min) twice. Lysate was cleared by centrifugation (20
min at 4 kg), and the soluble fraction was then transferred to a 96-well plate for use as stock
protein/peptide for conducting the nanoBiT screen. Screens were assembled in 96-well Half Area
Black Flat Bottom Polystyrene NBS Microplates (Corning 3686). Binder design smBiT lysate
was diluted 12 uL into 1400 uL assay buffer (10 mM NaP pH 7.4, 150 mM NaCl), while target
peptide 1gBiT lysate was diluted 6 ulL into 1400 uL assay buffer. Stock rows in the assay plate
were prepared by mixing 40 uL substrate (499.2 uL assay buffer, 20.8 uL Nano-Glo® Luciferase
Assay Substrate (Promega)) with 40 uL diluted binder design smBiT lysate, while experimental
rows were prepared by adding 50 uL diluted target peptide IgBiT lysate. At read time, 50 uL of
the stock row was added to the 50 uL experimental row and mixed quickly and carefully, then
luminescence was read immediately for 5 min using a plate reader (Biotek Synergy Neo2).

Bicistronic protein expression

Hallucinated binders to Bid were screened by bicistronic expression with the Bid peptide.
Plasmids encoding sfGFP-Bid-STOP-[Binder]-SNAC-HISx6 were cloned into E. coli, and 2 mL
cultures of each of the 47 designs were grown overnight in LB. Cultures were diluted into TB
medium, and grown to approximately OD280 0.6, before induction with 1 mM IPTG for 4 hours
at 37°C. Bacteria were lysed for 15 minutes in 300 B-PER (Thermo) + 1 mM PMSF, 0.1 mg/mL
Lysozyme (Sigma), 0.01 mg/mL DNAse I. Lysates were clarified by centrifugation at 4000 g for
10 minutes, before purification on Ni-NTA resin (wash buffer: 20 mM Tris pH 8.0, 150 mM
NaCl, 20 mM Imidazole; elution buffer: 20 mM Tris pH 8.0, 150 mM NaCl, 250 mM
Imidazole). Eluates were assessed for GFP fluorescence on a fluorescence plate reader.

Peptide synthesis and purification

The PTH-TAMRA peptide was synthesized in-house on a CEM Liberty Blue microwave
synthesizer. All L- and D-amino acids were purchased from P3 Biosystems. Oxyma Pure was
purchased from CEM, DIC was purchased from Oakwood Chemical, diisopropyl ethylamine
(DIEA) and piperidine were purchased from Sigma- Aldrich. Dimethylformamide (DMF) was
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purchased from Fisher Scientific and treated with an Aldraamine trapping pack prior to use.
Synthesis was done on a 0.1 mmol scale on CEM CI-TCP(CI) resin. Five equivalents of each
amino acid were activated using 0.1 M Oxyma with 2% (v/v) DIEA in DMF, 15.4% (v/v) DIC,
and coupled on resin for 4 min with double coupling if needed. This was followed by
deprotection using 5 mL of 20% piperidine in DMF for 2 min at 95 °C. Global deprotection was
accomplished TFA/Water/TIPS  (95:2.5:2.5) for 3 hours. This deprotection mixture was
precipitated in 30 mL of ice-cold ethyl ether, centrifuged and decanted, then washed twice more
with fresh ether and dried under nitrogen to yield crude peptide for high pressure liquid
chromatography (HPLC) purification.

The crude peptide was dried and dissolved in a mixture of ACN and water where the entire crude
is soluble. This solution was purified on a C18 column in an Agilent HPLC instrument. A linear
gradient of increasing ACN with 0.1% TFA was used to purify the samples. UV signal was
monitored at 214 nm and all peaks were collected. Peaks were checked using ESI mass
spectroscopy for the correct peptide mass. The purified peptide was then lyophilized for further
use.

Protein expression and purification in E. coli for peptide hormone binders

Protein expression was performed using 50 mL of the Studier autoinduction media supplemented
with kanamycin, and grown overnight at 37°C. The cells were harvested by spinning at 4,000 x g
for 10 min and then resuspended in lysis buffer (100 mM Tris-HCI, 200 mM NaCl, 50 mM
imidazole) supplemented with protease inhibitor tablets (Pierce™ Protease Inhibitor Tablets,
EDTA-free). Then, the cells were lysed by sonication in a Qsonica, Q500 with a: 4-pronged horn
for 2:30 min ON total, with an amplitude of 80%. Soluble fractions were clarified by
centrifugation at 14,000 x g for 40 minutes, and were subsequently purified by affinity
chromatography using bed Ni-NTA resin (Qiagen or Thermo Fisher) on a vacuum manifold. A
series of washes using Low-salt buffer (20 mM Tris-HCI, 200 mM NaCl, 50 mM imidazole) and
High- salt buffer (20 mM Tris-HCI, 1000 mM NaCl, 50 mM imidazole) were performed prior to
elution with Elution buffer (20 mM Tris-HCI, 200 mM NaCl, 500 mM imidazole). After elution,
protein samples were filtered and injected into an autosampler-equipped Akta pure system on a
Superdex S75 Increase 10/300 GL column at room temperature. The SEC running buffer was
20mM Tris-HCI, 100mM NaCl pH 8. Selected fractions were pooled and concentrated using
Spin filters (3 kDa molecular weight cutoff, Amicon, Millipore Sigma) and stored at 4 °C before
downstream characterizations. Protein concentrations were determined by absorbance at 280 nm
using a NanoDrop spectrophotometer (Thermo Scientific) using their extinction coefficients and
molecular weights obtained from their amino acid sequences using the ProtParam tool.
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Fluorescence polarization

Fluorescence polarization binding assays were carried out in 96-well plates (Corning 3686), with
two-fold serial dilution of designed peptide binders in the presence of 0.5 nM fluorescently
labeled peptide targets. Protein and peptide were diluted from their stock concentration into
20mM Tris-HCI pH 8, 100mM NaCl, 0.1% v/v Tween 20, and the protein was titrated in 2-fold
serial dilutions onto constant peptide. After incubating the peptide and binder for one hour at
room temperature, the fluorescence polarization was measured at the excitation and emission
wavelengths of the FAM dye (485/530 nm) or the TAMRA dye (530/590 nm), in a Synergy
Neo2 multi-mode plate reader. Titrations were conducted in replicate, and the Kd was fitted with
SciPy. Specifically, curves were fit to N observations of an observed signal, S ignali, at titrated

concentrations [Atot]l_ according to the following equation:

(14,1, 1B, 1K)

conc tot tot

(B, ’

tot

A
Signali = Baseline + Amplitude
Where [Btot] is the known total concentration of the binder, Baseline and Amplitude are free
parameters, and the concentration of the bound state [AB] is computed as

AB (14, ), B, LK) = ((A,) +[B,] + K) /(4] +[B ] +K) - 4[4 ]IB, ])/2

conc tot
The unknown parameters ( KD, Baseline and Amplitude) were fit using

tot

scipy.optimize.curve_fit, [Btot] was additionally fit in the optimization, but only allowed to

within 0.5 nM + 0. 1%.

104



Peptides used for the assay are shown in the following table:

Table 1. Fluorophore-labeled peptides used in Fluorescence polarization assays

Peptide name | Sequence Supplier Cat# Fluorophore
SVSEIQLMHNLGKHLNSME
PTH-TAMRA | RVEWLRKKLQDVHNF In-house NA 5-TAMRA
Phoenix
AVSEHQLLHDKGKSIQDLR | Pharmaceuticals, | FG-056-
PTHrp-FAM RRFFLHHLIAEIHTAEIA Inc. 08A FAM
Phoenix
HSDGTFTSELSRLREGARLQ | Pharmaceuticals, | FG-067-
SCT-FAM RLLQGLV Inc. 03A FAM
HSQGTFTSDYSKYLDSRRA ABBFO
GCG-FAM QDFVQWLMNT Addex Bio 2033 FAM
Phoenix
SKPDNPGEDAPAEDMARYY | Pharmaceuticals, | FG-049-
NPY-FAM SALRHYINLITRQR Inc. 04A FAM
Phoenix
IKPEAAGEDASPEELNRY YA | Pharmaceuticals, | FG-059-
PPY-FAM SLRHYLNLVTRQRY Inc. 02A FAM
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Cloning, expression and purification of Bid-binding hallucinations, Avi-tagged Bid peptide and
MCL-1

Bid-binding hallucinations were cloned into a pET28 vector, containing an N-terminal His,,and
a PreScission cleavage site, using TEDA cloning®* and transformed into XL-1-Blue chemically
competent cells, single clones isolated and amplified and sequences confirmed by Sanger
sequencing. Plasmids transformed into chemically competent BL21 DE3 E. coli, and plated onto
LB agar plates supplemented with 100 ug/mL kanamycin. Single colonies were used to make
starter cultures of LB with 100 ug/mL kanamycin and incubated overnight at 37 °C. 1:100
volume starter culture was added to autoinduction media Overnight Express Instant TB Medium
(Novagen) in Ultra-Yield flasks (Thomson), with 100 pg/mL kanamycin, incubated at 37 °C for
5 hours, then 18 °C for 18 hrs. Cells harvested by centrifugation 6,000 rpm, 20 mins, 4 °C, and
pellets were frozen at -80°C.

Defrosted cell pellets were resuspended in approx. 10 mL/g Lysis Buffer (50 mM potassium
phosphate pH 7.0, 300 mM NaCl, 5 mM imidazole, 2 mM b-mercaptoethanol, 10% glycerol),
supplemented with 60 pg/mL lysozyme, 1.4 pg/mL DNasel, 0.05 mM PMSF. Cells were lysed
by passing through French press twice, 18 kpsi. Lysate was clarified by centrifugation 18,000 g,
45 mins, 4 °C, and loaded onto HIS-Select Nickel affinity resin (Sigma) by gravity, resin washed
with Wasg Buffer (50 mM potassium phosphate pH 7.0, 100 mM NacCl, 5 mM imidazole, 2 mM
b-mercaptoethanol, 10% glycerol) and eluted with Wash Buffer containing 350 mM imidazole.
Protein containing fractions (assessed by A,,) were combined, and further purified by size
exclusion chromatography (SEC) using HiLoad 16/600 200 pg Superdex column (Cytiva) using
AKTA FPLC system (Cytiva) equilibrated in 50 mM sodium phosphate pH 7.0, 1 mM DTT.
Fractions were concentrated, concentration measured using Ay, and predicted extinction
coefficients®, then flash frozen Ny, for storage at -80 °C.

DNA corresponding to BH3 motif of human Bid Q79-G144 (Uniprot: P55957) was assembled
by complementary oligos (IDT) and primer extension using Klenow fragment (NEB), and cloned
using TEDA into pET28 with an N-terminal His;,, SUMO and C-terminal Avi. Expression and
purification was carried out as for the hallucinations, except for co-transformation with a
chloramphenicol-resistant BirA expressing plasmid, the addition of chloramphenicol 25 ug/mL
in all cultures, with the addition of 40 uM BTN to the media before temperature was reduced to
18 °C. After SEC, His,,-SUMO was cleaved using ULP-1 protease, and His;,-SUMO removed
using Ni resin, Bid-Avi peptide concentration was measured using A,g,, and stored at -80°C. To
express human Mcl-1 P166-G327 (Uniprot: Q07820) a pEQSOL vector with N-terminal His; and
Avi-tag, for co-expression with BirA. Expression and purification was carried out as for the
Bid-binding hallucinations, with the addition of 40 uM BTN to the media before temperature
was reduced to 18 °C.
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ITC

Isothermal titration calorimetry was carried out with an ITC200 (Micocal). Bid peptide was in
the syringe, at ~300 uM, and binder (hallucination of Mcl-1) was kept in the cell (~25 uM), with
both peptide and binder in matched buffer (sodium phosphate pH 7.0, 1 mM DTT). Temperature
was held at 25 °C or 10 °C, as indicated. Fitting of titrations was carried out using 1-site binding,
using manufacturers software (OriginLab).

Circular dichroism

Spectra were recorded for Bid peptide alone, Bid in complex with binders (hallucination or
Mcl-1) and binders alone. All concentrations were 10 uM, in a 2 cm pathlength quartz cuvette.
Spectra recorded on J-1500 Circular Dichroism Spectrophotometer, with temperature held at 25
°C, or ramped at 1 °C/min.

Pull-down

10 pL bead slurry Dynabeads M-280 Streptavidin (Thermo Fisher Scientific) were washed with
Pull-Down Buffer (sodium phosphate pH 7.0, 1 mM DTT, 0.05% Tween20), incubated with
saturating amounts of (Avi-tagged) Bid peptide 15 mins, 4 °C with rotation, beads were then
incubated with free biotin 25 pM, and washed three times with ice cold Pull-Down Buffer. 10 uL
of 2 uM binder (hallucination or Mcl-1) was incubated with pelleted beads for 30 mins, 4 °C,
with rotation. Supernatant was recovered and the beads washed three times before resuspension
in 10 pL Pull-Down Buffer. Both supernatant and washed beads were loaded onto denaturing
SDS-PAGE, with protein detection by InstantBlue Coomassie staining.

Bio-layer Inferometry (BLI) Binding Experiments

BLI experiments were performed on an Octet Red96 (ForteBio) instrument, with streptavidin
coated tips (Sartorius Item no. 18-5019). Buffer comprised 1X HBS-EP+ buffer (Cytiva
BR100669) supplemented with 0.1% w/v bovine serum albumin. Tips were pre-incubated in the
buffer for at least 10 minutes before use. Tips were then sequentially incubated in 50nM
biotinylated Bim peptide (loading, 500s), buffer (baseline, 150s), designed binder (association,
1200s) and buffer (dissociation, 600s). Due to the extremely slow dissociation of Bim from the
designed binders, it was not possible to calculate a precise Ky, but estimates suggest significantly
sub-nanomolar affinity.

107



Design and characterization of lucCagePTH biosensor for parathyroid hormone detection

The detailed design protocol for the lucCage and lucKey sensor system was described previously
(Nature, 2021, 482). In brief, the amino acid sequence (FELLDKLIELLRELIELTREYT) at the
N-terminal end of the 6.1 nM PTH binder was grafted onto the latch region (residues 323 to 353)
of lucCage. The Rosetta models were visually inspected and eight of them were selected for
experimental validation. We produced, purified, and screened for the luminescence signal
emitted from each biosensor in the presence of 5 uM PTH. From this process, we identified
several hits showing increased luminescence upon adding PTH, of which we assigned the best
one with a 21-fold activation as lucCagePTH. We then set up assays to evaluate the response of
lucCagePTH with a range of PTH concentrations. 10 pl of 10 nM lucCagePTH, 10 pl of 10 nM
lucKey, 10 pl of serial diluted PTH, and 40 pl of buffer (50% HBS-EP/50% Nano-Glo luciferase
assay buffer) were pre-mixed and 30 pl of 100x diluted furimazine was injected immediately
before luminescence kinetic acquisition. The luminescence measurements were taken every 1
min (0.1 s integration and 10 s shaking during intervals) for a total of 60 mins by Neo2
microplate reader. The linear region of luminescence responses to the corresponding PTH
concentrations was fitted to a linear regression curve and the LOD was calculated as 3 % standard
deviation of the response / the slope of the calibration curve.

Affinity enrichment of PTH analyzed by LC-MS/MS

Sample description

Recombinant human PTH protein was purchased from Sigma (#SAE 0192 100 ug, MA, USA)
and reconstituted at 100 pg/mL in a 10 % acetonitrile, 0.1 % formic acid,1 mg/mL bovine serum
albumin solution and stored in 40 pL aliquots at -20 °C. Dilutions at 1000 ng/mL and 62.5
ng/mL were prepared freshly as needed by dilution in the same acetonitrile, formic acid, albumin
solution.

The plasma samples used were de-identified leftover clinical samples obtained from the clinical
laboratories at the University of Washington Medical Center. The use of de-identified leftover
clinical samples was reviewed by the University of Washington Human Subjects Division
(STUDY00013706).
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The evaluation of PTH immunoaffinity enrichment in buffer and plasma was performed in three
process replicates using 8 different types of samples:

e Series A: Reconstitution buffer (10 % acetonitrile, 0.1 % formic acid,1 mg/mL bovine
serum albumin in water) served as the blank.

e Scries B: Reconstitution buffer spiked with PTH at 7.2 ng/mL was directly digested
without the addition of beads and served as the Control sample (representing 100%
recovery of PTH).

e Series C: Reconstitution buffer spiked with PTH at 7.2 ng/mL was incubated with beads
blocked by bovine serum albumin before washing and digestion, which served as the
negative control, to quantify non-specific binding in buffer.

e Series D: Reconstitution buffer spiked with PTH at 7.2 ng/mL was incubated with
designed binder-conjugated beads before washing and digestion, which was used to
quantify the affinity precipitation of PTH from buffer.

e Scries E: Plasma was incubated with beads blocked by bovine serum albumin before
washing and digestion, which was used to quantify non-specific binding in unspiked
plasma.

e Series F: Plasma was incubated with designed binder-conjugated beads before washing
and digestion, which was used to quantify affinity precipitation of PTH in plasma.

e Scries G: Plasma spiked with PTH at 7.2 ng/mL was incubated with beads blocked by
bovine serum albumin before washing and digestion, which was used to quantify
non-specific binding in spiked plasma.

e Series H: Plasma spiked with PTH at 7.2 ng/mL was incubated with designed
binder-conjugated beads before washing and digestion, which was used to quantify the
affinity precipitation of PTH in spiked plasma.

Sample preparation and LC-MS/MS conditions

Affinity enrichment was performed in buffer or plasma at the protein level. Designed binders
were conjugated to tosyl-activated Dynabeads M-280 according to the manufacturer’s
instructions and subsequently blocked using bovine serum albumin and Tris. The amino terminal
peptide was analyzed after tryptic digestion of either pure protein in buffer, or after trypsin
digestion of PTH that had been affinity precipitated by the designed binder-conjugated beads (or
by the control/blocked magnetic beads). Briefly, PTH proteins in buffer/plasma were purified
using PTH mini-binder conjugated-paramagnetic beads at room temperature, for 1 h. The beads
were then washed 4 times with phosphate-buffered saline supplemented with CHAPS (0.1%
3-((3cholomidopropyl) dimethylammonio)-1-propanesulfate to reduce nonspecific interactions).
The proteins that were affinity precipitated by the designed binder-conjugated-paramagnetic
beads were suspended in 10 pL of a solution containing 10 % acetonitrile, 0.1 % formic acid, 1
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mg/mL bovine serum albumin. The washed beads were then suspended with 30 pL of 30%
isopropanol,100 mM ammonium bicarbonate, and digested at 37 °C for 30 min after adding 100
pL of 0.01 mg/mL trypsin in 10 mM hydrochloride acid. The liberated peptides were then
removed from the beads using a magnet and analyzed using LC-MS/MS.

Peptides were analyzed by liquid chromatography-tandem mass spectrometry in the multiple
reaction monitoring acquisition mode using an UHPLC I-Class Chromatography system coupled
to a Xevo TQ-S triple quadrupole tandem mass spectrometer (Waters, MA, USA). Peptides were
eluted from an Acquity UPLC HSS T3 1.8um (C18, 2.1x50 mm, pore size 100 A) analytical
column (Waters) at 45 °C using 0.1 % formic acid, 2 % dimethylsulfoxide in LC-MS grade water
as mobile phase A and 0.1 % formic acid, 2 % dimethylsulfoxide in LC-MS grade methanol as
mobile phase B.

The liquid chromatography and mass spectrometry conditions are detailed in Tables 2, 3 and 4.

Table 2. Liquid chromatography conditions

Mobile phase Phase A: 0.1 % formic acid, 2 % dimethylsulfoxide in water
0.1 % formic acid, 2 % dimethylsulfoxide in methanol
Column Acquity UPLC HSS T3 1.8um (C18, 2.1x50 mm, pore size 100 A)
Temperature 4545 °C
Flow rate 0.3 mL/min
Injection volume 20 uL
Gradient 0-0.5 min: 2% B at 0.3 mL/min

7.5: 98% B at 0.3 mL/min
7.6: 98% B at 0.6 mL/min
8.6: 2% B at 0.6 mL/min
9.9: 2% at 0.3 mL/min

110



Table 3. Mass spectrometry conditions

Source polarity ESI+
Capillary voltage 3.25kV
Source Offset voltage 50V
Desolvation Temp 600 °C
Desolvation Gas Flow 1000 L/h
Cone Gas Flow 150 L/h
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Table 4. Multiple reaction monitoring conditions

Collision
Cone Energy Ion
Peptide sequences QI (m/z) |Q3 (m/z) (V) (eV) type
HLNSMER.2 443.7136 |218.1047 35 15 y3
HLNSMER.2 443.7136 |261.6207 35 15 y4
HLNSMER.2 443.7136 |318.6421 35 15 y5
HLNSMER.3 296.1448 |218.1047 35 9 y3
HLNSMER.3 296.1448 |261.6207 35 9 y4
HLNSMER.3 296.1448 |318.6421 35 9 y5
HLNSMER.3 296.1448 |435.202 35 9 y3
HLNSMER.3 296.1448 |522.2341 35 9 y4
HLNSMER.3 296.1448 |636.277 35 9 y5
HLNSM(+15.994915)ER.2 451.7111 | 226.1021 35 16 y3
HLNSM(+15.994915)ER.2 451.7111 [ 269.6181 35 16 v4
HLNSM(+15.994915)ER.2 451.7111 |326.6396 35 16 y5
HLNSM(+15.994915)ER.2 451.7111 | 451.1969 35 16 y3
HLNSM(+15.994915)ER.2 451.7111 |538.229 35 16 y4
HLNSM(+15.994915)ER.2 451.7111 | 652.2719 35 16 y5
HLNSM(+15.994915)ER.3 301.4765 |[226.1021 35 10 y3
HLNSM(+15.994915)ER.3 301.4765 |[269.6181 35 10 v4
HLNSM(+15.994915)ER.3 301.4765 |326.6396 35 10 y5
HLNSM(+15.994915)ER.3 301.4765 |[451.1969 35 10 y3
HLNSM(+15.994915)ER.3 301.4765 |[538.229 35 10 v4
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ADVNVLTK.2 430.2478 |[574.3559 35 15 yS
ADVNVLTK.2 430.2478 | 673.4243 35 15 y6
ADVNVLTK.3 287.1676 | 181.1259 35 9 y3
ADVNVLTK.3 287.1676 |230.6601 35 9 y4
ADVNVLTK.3 287.1676 |[361.2445 35 9 y3
ADVNVLTK.3 287.1676 |[460.313 35 9 y4
SLGEADK.2 360.1821 [ 167.0921 35 12 y3
SLGEADK.2 360.1821 [231.6134 35 12 y4
SLGEADK.2 360.1821 |[260.1241 35 12 yS
SLGEADK.2 360.1821 [333.1769 35 12 y3
SLGEADK.2 360.1821 |[462.2195 35 12 y4
SLGEADK.2 360.1821 [519.2409 35 12 yS
SLGEADK.3 240.4572 | 167.0921 35 7 y3
SLGEADK.3 240.4572 |260.1241 35 7 yS
SLGEADK.3 240.4572 [ 333.1769 35 7 y3
SLGEADK.3 240.4572 | 462.2195 35 7 y4
VEWLR.2 351.7003 |[229.1183 35 12 b2
VEWLR.2 351.7003 |[474.2823 35 12 y3
EDNVLVESHEK.2 649.8148 [ 629.2889 35 23 yS
EDNVLVESHEK.2 649.8148 | 728.3573 35 23 y6
EDNVLVESHEK.2 649.8148 |[841.4414 35 23 y7
EDNVLVESHEK.3 433.5456 |315.1481 35 14 yS
EDNVLVESHEK.3 433.5456 |[364.6823 35 14 y6
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EDNVLVESHEK.3 433.5456 |[421.2243 35 14 y7
EDNVLVESHEK.3 433.5456 | 629.2889 35 14 yS
DAGSQRPR.2 44377281 |[322.1854 35 15 yS
DAGSQRPR.2 4437281 | 643.3634 35 15 yS
DAGSQRPR.2 4437281 |[700.3849 35 15 y6
DAGSQRPR.3 296.1545 | 214.6401 35 9 y3
DAGSQRPR.3 296.1545 | 278.6693 35 9 y4
DAGSQRPR.3 296.1545 |[322.1854 35 9 yS
DAGSQRPR.3 296.1545 |[350.6961 35 9 y6
DAGSQRPR.3 296.1545 |[428.2728 35 9 y3
DAGSQRPR.3 296.1545 |[556.3314 35 9 y4
DAGSQRPR.3 296.1545 | 643.3634 35 9 yS
DAGSQRPR.3 296.1545 |[700.3849 35 9 y6
SVSEIQLMHNLGK.2 728.3849 | 527.2973 35 26 y9
SVSEIQLMHNLGK.2 728.3849 [ 568.3202 35 26 yS
SVSEIQLMHNLGK.2 728.3849 [ 635.3346 35 26 yll
SVSEIQLMHNLGK.2 728.3849 [ 699.3607 35 26 y6
SVSEIQLMHNLGK.2 728.3849 [ 812.4447 35 26 y7
SVSEIQLMHNLGK.2 728.3849 |[940.5033 35 26 y8
SVSEIQLMHNLGK.2 728.3849 [ 1053.587 35 26 y9
SVSEIQLMHNLGK.2 728.3849 [ 1269.662 35 26 yll
SVSEIQLMHNLGK.3 485.9257 [ 159.1128 35 16 y3
SVSEIQLMHNLGK.3 485.9257 [431.2613 35 16 y4
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SVSEIQLMHNLGK.3 485.9257 [470.7553 35 16 y8
SVSEIQLMHNLGK.3 485.9257 |[527.2973 35 16 y9
SVSEIQLMHNLGK.3 485.9257 |[568.3202 35 16 yS
SVSEIQLMHNLGK.3 485.9257 |[591.8186 35 16 y10
SVSEIQLMHNLGK.3 485.9257 |[635.3346 35 16 yll
SVSEIQLMHNLGK.3 485.9257 |[699.3607 35 16 y6
SVSEIQLMHNLGK.3 485.9257 |[812.4447 35 16 y7
SVSEIQLMHNLGK.3 485.9257 [940.5033 35 16 y8
SVSEIQLM(+15.994915)HNLGK.2 | 736.3823 | 159.1128 35 26 y3
SVSEIQLM(+15.994915)HNLGK.2 | 736.3823 | 317.2183 35 26 y3
SVSEIQLM(+15.994915)HNLGK.2 | 736.3823 | 431.2613 35 26 y4
SVSEIQLM(+15.994915)HNLGK.2 | 736.3823 | 535.2948 35 26 y9
SVSEIQLM(+15.994915)HNLGK.2 | 736.3823 | 568.3202 35 26 yS
SVSEIQLM(+15.994915)HNLGK.2 | 736.3823 | 643.3321 35 26 yll
SVSEIQLM(+15.994915)HNLGK.2 | 736.3823 | 715.3556 35 26 y6
SVSEIQLM(+15.994915)HNLGK.2 | 736.3823 | 828.4396 35 26 y7
SVSEIQLM(+15.994915)HNLGK.2 | 736.3823 | 956.4982 35 26 y8
SVSEIQLM(+15.994915)HNLGK.2 | 736.3823 | 1069.582 35 26 y9
SVSEIQLM(+15.994915)HNLGK.3 | 491.2573 | 159.1128 35 16 y3
SVSEIQLM(+15.994915)HNLGK.3 | 491.2573 | 643.3321 35 16 yll
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Data treatment

Data processing was performed with Skyline Daily version 21.1.1.223. The peak area for each
peptide was determined as the sum of the peak areas of all selected transitions. The recovery

over blocked-beads (RE) in spiked buffer and in spiked plasma was estimated using Equations 1,
and 2, respectively.

__ Peak area Series D

REbuffer -

(1

Peak area Series B

Peak area Series H
RE =
plasma

2)

Peak area Series B
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Supplementary Figures

Figure S1. Parametric groove scaffold library. 45 scaffolds from the library of 18 thousand parametric
groove scaffolds, demonstrating a range of supercoiling and helix distances to accommodate a range of

helical peptide targets.
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Figure S2. Inpainted peptide binders bound their targets with low affinity. (a) NPY binder. (b)
Glucagon binder. AF2 predictions of the proteins and peptides are shown on the left. FP binding data is

shown on the right.

117



Step 0 Step 1000 Step 2000 Step 3000 Step 4000 Step 5000

b 3.0{—
a > 0.8
o] = -
V2.5 a 80+ =
o - a
Q = x 0.6 1
w 2.0 4 x 9
c 2 =%
2 2 60 - £
& 1.5 E S 0.4+
=} v}
2 1.0 L L} L} Ll T T T Ll L T
0 2500 5000 0 2500 5000 0 2500 5000
Hallucination Step Hallucination Step Hallucination Step
0.8 -
0.3 1 > =< 16 4
w = c
3 2061 3 15 1
m
S 0.2- [ >
g0 £ 041 & 141
o v o 13
@ E ] 4
£ 0.1 € 021 2
u g 12 L T T T
0 2500 5000 0 2500 5000 0 2500 5000
Hallucination Step Hallucination Step Hallucination Step

Figure S3. Hallucinating Bid Binders with AlphaFold2. (a) Example hallucination trajectory
generating 70 amino acid binders to the peptide Bid (blue). Initially, AlphaFold2 predicts an unstructured
“binder”, but over 5000 steps, a binder is built up around the peptide. Crucially, no template structure is
provided for the Bid peptide, allowing AF2 to predict its structure throughout. Note the predicted
elongation of the helical structure in the peptide (blue, top) over the hallucination trajectory. (b)
Hallucination trajectories approximately converge after 5000 steps. Left to right, top to bottom: The
mutation rate at each step is decayed throughout the trajectory (1250 x 3 steps, 2500 x 2 steps, 1250 x 1
step). More mutations initially helps speed up hallucination, while a lower rate later on allows more
gradual refinement. The AF2 confidence (pLDDT, pTM) in the bound structure increases throughout
trajectories, while the pAE between peptide and binder (known to be a good correlator of binding)
decreases. The contact probability also trends to convergence over the trajectories, while the proteins
typically become more compact (radius of gyration). N=96 trajectories.
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Figure S4. Hallucinated Bid binders were stable and bound Bid peptide with high affinity. (a) 47
hallucinated designs tested for initial experimental screening. (b) 4 designs were chosen for expression
without Bid peptide. All expressed as monomeric proteins (assessed by preparative SEC) and were pure
by SDS-PAGE. (c¢) All hallucinations could be pulled-down by biotinylated Bid immobilized on
streptavidin magnetic beads. B = bound to bead, U = unbound, in supernatant. L. = ladder. (d) Bid is
unstructured in isolation by circular dichroism (CD), whereas all hallucinations were helical in isolation,
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as predicted from the hallucinated structure. A 1:1 molar ratio of binder:Bid (Mix) produced greater
helical signal than that predicted by the isolated spectra (No inter.) suggesting binding is inducing helix
formation. (e) Melting with CD showed that hallucinations were thermostable, and binding to Bid
increased thermostability (where measurable). All hallucinations would remain folded, or refold after
heating and cooling, in contract to the natural binder Mcl-1 which precipitated in the process. (f) ITC
showed that hallucinations bound to Bid, with pM to nM Ks.
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Figure SS. Binding metrics for partially diffused binders. (a) Computational metrics for 96 ordered
partially diffused glucagon binders showed significant improvement in contact molecular surface (a
measure of interface size and quality) and Rosetta ddG (a measure of interface predicted energy) over the
starting design (vertical red lines). Distribution means are shown in black. (b) Computational metrics for
96 ordered partially diffused NPY binders showed significant improvement in contact molecular surface,
Rosetta ddG, and interface shape complementarity (a measure of interface quality) over the starting
design (vertical red lines). Means are shown in black.

Supplementary Video 1. A video of the diffusion trajectory for the fully diffused PTH binder can be seen
at: https://www.bakerlab.org/wp-content/uploads/2022/11/diffusion_animation_PTHbinder _v6.mp4
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Supplementary Tables

Table S1. AlphaFold metrics for partially and fully diffused binders.

GCG Binder NPY Binder PTH Binder Bim Binder
RMSD AF2 vs 0.62 A 0.61 A 0.78 A 0.80 A
Design
AF2 interaction 9.25 8.29 4.40 4.50
PAE
AF2 pLDDT for 95.52 93.41 94.3 96.6
binder
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