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Abstract

De Novo Design of Protein Conformational Changes and Protein-Peptide Interactions

Philip Leung

Chair of the Supervisory Committee:
David Baker

Department of Biochemistry

This work addresses two difficult challenges in protein design: designing proteins with two
distinct, interconvertible structural conformations and designing proteins to bind tightly to
biologically active, flexible helical peptides. First, through the design of “hinge” proteins that
can switch between two fully structured conformations in response to an effector-binding event,
we demonstrate the modular transformation of biochemical information. Through detailed
structural and biophysical characterization, we show tight coupling between the conformational
change and the effector binding. Second, we present methods for designing proteins to bind
helical peptides, which we show bind specifically to therapeutically relevant targets with
nanomolar and picomolar affinities. These two approaches go beyond the single-structure

paradigm in protein design and enable new possibilities for therapeutics and bioengineering.
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Chapter I: Theoretical basis for designing protein
conformational changes and protein-peptide
interactions

Biochemistry, Central Dogma, and Protein Structure-Based
Design with Computational Energy-based Methods

Proteins are genetically encoded macromolecules that facilitate myriad functions in
nature, including structuring cells and tissues(7), fighting disease(2), and catalyzing the
reactions that allow plants and animals to respirate(3, 4). Thus, genetic variations and
genetic engineering frequently realize their impact at the protein level, due to the fact
that protein-encoding genes map to functional proteins. While nature has sampled a
vast array of protein structures and functions to solve innumerable challenges over
geologic timescales, solving modern engineering problems may require unique and
specific functionalities that have not yet been met by evolution. De novo protein design
presents a pathway towards achieving solutions for these problems, through the rational
design of entirely novel protein structures and functions, purely based on the knowledge
of biophysics, and often only loosely inspired by natural proteins(5). The is is possible
because, while the primary encoding of proteins is a one-dimensional sequence of
amino acid residues specified at the genetic level, in structured proteins, this
macromolecular sequence usually folds surprisingly rapidly(6), through physical
forces(7), from a one-dimensional polymer into a three dimensional shape(8), whose
specific arrangement confers function(9). Thus it can be said that the structures of
proteins is determined by their sequence(70), and since the functions of proteins are
determined by their structures, the de novo design task then is to work backwards from
desired function, by first designing structures that confer such function, then by
designing sequences that form those structures with extremely favorable physical
energies(77). Once those sequences are obtained, one can then work in a forwards
direction, by encoding them in synthetic genes, producing the proteins, and screening
for the desired function(72).

Design of Protein Shapes and Functions
Design of Complex Shapes and Structures with De Novo Helical Proteins

As a field, protein design is fairly mature in its capability for designing arbitrary protein
shapes(13). Proteins have a structural hierarchy with four levels. The primary structure
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is the sequence of the protein. Secondary structure comprises local repetitive patterns
in the polymer chain backbone. Tertiary structure is the three dimensional arrangement
of the primary and secondary structures. Finally, quaternary structure describes the
arrangement of multiple associated tertiary structures across disconnected polymers,
which occurs in a subset of proteins. Many tertiary and quaternary structures are
arbitrarily accessible using fairly simple patterns - one example at the tertiary structure
level is the vast geometric space accessible using only combinations of repeats of the
alpha-helix secondary structure(74, 15). Taking advantage of structural symmetry,
all-helical proteins can also make a variety of quaternary structures, including
oligomers(16), fibers(17), and cages(78). Elegant asymmetric quaternary structures are
possible as well, including orthogonal heterodimers(79) and branched
heterotrimers(20).

Design of Dynamic and Functional Systems using Helical Proteins

Going beyond structure into functional properties, designed all-helical proteins have
achieved complex functions such as digital logic(27), pH-driven
disassembly/unfolding(22), coupled binding and conformational changes(23), sensitivity
to phosphorylation(24), and sensitive detection of molecules(25).

Deep Learning as an Efficient and Effective Tool in Protein Design

The Sampling Problem in De Novo Design

Modern protein design can be conceptualized as a process that requires two stages of
problem solving, the sampling problem and the decoy discrimination problem. The exact
details of each stage depends on the desired result, but in general the sampling
problem takes two stages: First, one must arrive at realistic, “designable” protein
backbones that confer a specific desired functionality. Second, one must sample
sequences that robustly encode proteins that will reliably fold to the protein
backbones(5). There are a variety of ways to sample protein backbones effectively,
including fragment assembly(26), parametric sampling(27, 28), alignment-based
docking(29, 30), hallucination(37-33), and denoising diffusion probabilistic models(34,
35). For sequence sampling, conventional paradigms use Monte Carlo simulations with
a scorefunction that provides a concise approximation of biophysical forces(36), often
with some biasing based on structural data(37) gleaned from the rich statistics of the
protein databank's (PDB) structure datasets(38). Recent methods combine or
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circumvent the physics-based approaches with deep learning(39), which has been
shown to implicitly learn physical properties of proteins(40). These deep learning
approaches have been shown to be highly general(47), and avoid a particular pathology
of physics-based optimization - they maximize the probability of a sequence given a
structure, instead of minimizing the energy of a sequence given a structure(39, 42).
Maximizing probability implicitly minimizes the chances that a given sampled sequence
might be even lower in energy for some off-target structure; this is not the case for
physics-based methods, which minimize the energy of a sequence on a particular
structure but do not check the energy of that sequence against all possible off target
structures(42). This property becomes particularly important when trying to design a
sequence that can adopt multiple structural states, optimizing the energy of such a
sequence against multiple structures is not only computationally more challenging, but
also is much more likely to result in a sequence that has a degenerate energetic
landscape(39).

The Decoy Discrimination Problem and Structure Prediction

Given sets of amino acid sequences that supposedly encode a target protein structure,
the next stage of problem solving is the decoy discrimination problem. Decoy
discrimination, in this context, is the evaluation of a suitability of a sequence for a given
structure. Historically, one way this could be done is with “forward folding,” simulating
folding of the sequence ab initio(43). Typically, several thousand computational
trajectories per sequence would be launched. Fragment assembly(44), Monte Carlo
sampling, and energy-based minimization would be used to sample likely folded
structures for the given sequence(45), with resulting “decoys” ranked by a
physically-based and statistically-biased scorefunction(36), with the goal of obtaining
highly ranked decoys that are structurally very close to the intended target. This process
leaves a lot to be desired in terms of computational efficiency and real world accuracy.
Recently, Alphafold2 demonstrated accuracy competitive with experimental approaches
for predicting protein structures from their sequence(46). This capability is extremely
valuable for reasons beyond its accuracy: it is considerably more computationally
efficient than forward folding (a few CPU hours per sequence vs thousands of hours),
and it also results in useful confidence metrics(47), generated internally by the network,
that can be used to easily rank and interpret the decoys resulting from the prediction
trajectories.
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Chapter Il: Multistate design of stimulus-responsive
protein hinges

Adapted from Florian Praetorius, Philip J. Y. Leung, Maxx H. Tessmer, Adam Broerman,
Cullen Demakis, Acacia F. Dishman, Arvind Pillai, Abbas Idris, David Juergens, Justas
Dauparas, Xinting Li, Paul M. Levine, Mila Lamb, Ryanne K. Ballard, Stacey R. Gerben,
Hannah Nguyen, Alex Kang, Banumathi Sankaran, Asim K. Bera, Brian F. Volkman, Jeff
Nivala, Stefan Stoll, and David Baker. (2023). Design of stimulus-responsive two-state
hinge proteins. biorxiv

Natural and Designed Protein Conformational Changes

Proteins Conformational Changes are Widespread in Nature

While many naturally occurring proteins adopt single folded states, conformational
changes between distinct protein states are crucial to the functions of enzymes(48, 49),
cell receptors(50), and molecular motors(57). The extent of these changes ranges from
small rearrangements of secondary structure elements(52, 53) over domain
movement(54) to fold-switching or metamorphic proteins(65) that adopt completely
different structures. In many cases, these conformational changes are triggered by
‘input” stimuli such as the binding of a target molecule, post-translational modification,
or change in pH. These changes in conformation can in turn result in “output" actions
such as enzyme activation, target binding, or oligomerization(56); protein
conformational changes can thus couple a specific input to a specific output. The
generation of proteins that can switch between two quite different structural states is a
difficult challenge for computational protein design, which usually aims to optimize a
single, very stable conformation to be the global minimum of the folding energy
landscape(27, 57); design of proteins that can undergo controlled, major conformational
changes requires reframing this paradigm towards optimizing for more than one
minimum on the energy landscape, while simultaneously avoiding undesired off-target
minima(58).

Designing Protein Conformational Changes

Previously, multi-state design has been used to design proteins that undergo very subtle
conformational changes(59, 60), cyclic peptides that switch conformations based on the
presence of metal ions(67), and closely related sequences that fold into dramatically
different conformations(62). Stimulus-responsive proteins have been designed to
undergo conformational changes upon binding to a target peptide or protein(22, 23);
however, while the “closed” unbound state of these “switch” proteins is a well-defined
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and fully structured conformation, the “open” bound state is a broad distribution of
conformations. These proteins have found use as biosensors(25, 63), but the lack of a
defined second state makes them not well suited for mechanical coupling in a molecular
machine or discrete state-based computing systems.

We set out to design proteins that can switch between two well-defined and fully
structured conformations, with one conformational state being capable of highly
favorable binding to an effector molecule. To facilitate experimental characterization of
the conformational change and to ensure compatibility with downstream applications,
we imposed several additional requirements. First, the conformational change between
the two states should be large, with some inter-residue distances changing by tens of
angstroms between the two states. Second, conformational change should not require
global unfolding, which can be very slow. Third, neither of the two states should have
substantially exposed patches of hydrophobic residues, which can compromise
solubility. Fourth, the conformational change should be readily coupled to a range of
inputs and outputs. Given that proteins are stabilized by hydrophobic cores, collectively
achieving all of these properties in one protein system is challenging: protein
conformations that differ considerably typically will have different sets of buried
hydrophobic residues and require substantial structural rearrangements for
interconversion.

We reasoned that these goals can collectively be achieved with a “hinge”-like design in
which two rigid domains move relative to each other while remaining individually folded.
The hinge amplifies small local structural and chemical changes to achieve large global
changes while the chemical environment for most residues remains similar throughout
the conformational change, avoiding the need for global unfolding. Provided that the two
states of the hinge bury similar sets of hydrophobic residues, the amount of exposed
hydrophobic surface area can be kept low in both states. Designing one of the resulting
conformations to bind to a target effector couples the conformational equilibrium with
target binding (Figure 1A). This design concept has precedent in nature; for example,
bacterial two-component systems utilize binding proteins that undergo hinging between
two discrete conformations in response to ligand binding(64).

Effectively Sampling Pairs of Designable Backbones

To implement this two-state hinge design concept, we took advantage of designed
helical repeat proteins (DHRs, (74); Figure 1B, C left) or DHR-based junction
proteins(75). The backbone conformation of the DHR serves as the first conformational
state of our hinge protein (“state X”). To generate a second conformation, a copy of the
parent protein is rotated around a “pivot helix” by aligning the copy to the original DHR
shifted by N residues, where -7 < N < 7 (Figure 1B, C). A new backbone conformation is
then created by combining the first half of the original protein (domain 1), the second
half of the copy (domain 2), and either the helix following the pivot helix from the original
protein or the helix preceding the pivot helix from the rotated copy (“peptide”). Backbone
arrangements with large backbone clashes, as evaluated by the Lennard-Jones
potential in Rosetta(36), are discarded. Rosetta FastDesign with backbone
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movement(65, 66) is used to re-design the interface between the three parts. Using
fragment-based loop closure(13, 14, 67), domains 1 and 2 are connected into a single
chain that serves as the second conformational state of the hinge protein (“state Y”,
Figure 1B, C right). The loop between domains 1 and 2 is rebuilt in state X, yielding
pairs of state X and state Y backbones with matching loop lengths and secondary
structures.

Approaches to the Sequence Sampling Problem

Using a combination of Rosetta two-state design (see methods section for details) and
proteinMPNN(47) with linked residue identities, a single amino acid sequence is
generated that is compatible with the state X hinge as well as with the state Y
hinge-peptide complex.

Decoy Discrimination using Deep Learning and Physics-Based Approaches

AlphaFold2 (AF2)(46) with an initial guess(47) can then be used to predict the structure
of the hinge with and without the effector peptide, allowing for the selection of designs
that are predicted in the correct state X in absence of the peptide and in the correct
state Y complex in presence of the peptide. The designs are additionally filtered based
on the Rosetta energies and spatial aggregation propensity (SAP)(68) for state X and
for state Y with and without peptide. To favor designs that are predominantly in the
closed state in absence of the peptide (Figure 1A, D), designs are selected only if state
X has lower energy than state Y in absence of the peptide, and if the state Y complex
has lower energy than state X plus the peptide, spatially separated. Designs are also
filtered on standard interface design metrics for the bound conformation (see methods
for details on filtering)(69).

Effector Binding Controls the Conformational State

Screening for Monomericity and Binding using Size Exclusion
Chromatography

We used our hinge design approach to generate hinge-peptide pairs that cover a large
structural space with diverse changes in terminal angle and globularity (Figures 1D, 2A,
S1, S3). We experimentally tested multiple rounds of designs, using both DHRs(74) and
helical junctions(75) as input scaffolds, and improving individual steps of the design
pipeline between iterations (see Methods). To facilitate expression and improve
solubility, the peptides were fused to superfolder GFP (sfGFP) via a flexible linker.
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Hinges and sfGFP-peptide fusions were expressed in Escherichia coli (E. coli) and
purified using immobilized metal affinity chromatography (IMAC) followed by size
exclusion chromatography (SEC).

Quantifying Binding Affinities using Fluorescence Polarization

For hinge designs that were predominantly monomeric by SEC at high expression
levels, we evaluated peptide binding by running hinge, the corresponding
peptide-sfGFP fusion, and a mixture of both on SEC (Figures S2, S3). Designs that
showed significant peak shifts of the mixture compared to individual components,
indicating hinge-peptide binding, were selected for further characterization using a
fluorescence polarization (FP) assay in which a chemically synthesized
5-carboxy-tetramethylrhodamine (TAMRA)-labeled peptide was incubated with different
concentrations of purified hinge protein (Figures 2B, S4). The measured polarization is
proportional to the fraction of bound peptide. Hinge-peptide binding affinities obtained
from titration experiments with constant peptide concentration and varying hinge
concentrations ranged from 1 nM to the low uM range (Figures 2B, S4). To circumvent
the bottleneck of finding soluble peptide sequences we sought to design hinges that
bind to a given target peptide. Starting from hinge ¢s201, we used a modified version of
our design pipeline to redesign the hinge to bind the peptide from designs cs074 or
cs221, respectively. This one-sided two-state design approach yielded hinge designs
that showed strong binding to their new target peptide while showing no or only weak
off-target binding (Figure S5).

Probing Hinge Conformational Changes with DEER

To characterize the conformational equilibrium of the designed hinges, we introduced
two surface cysteine residues into the hinge protein and covalently labeled them with
the nitroxide spin label MTSL(70). We then used double electron-electron resonance
spectroscopy (DEER) to determine distance distributions between the two spin labels
and compared these to simulated(77) distance distributions based on the state X and
state Y design models. This experiment was performed on two different labeling site
pairs for each design: one pair where the distance is predicted to decrease in the
presence of peptide (Figures 2C, S4) and the other where it is predicted to increase
(Figures 2D, S4). In the absence of the peptide, the observed distance distributions
closely matched the state X simulations. In all cases the distances between the two
pairs of probes shifted upon the addition of peptide to better match the state Y
simulations, suggesting that the addition of effector peptide causes the conformational
equilibrium to shift towards state Y as designed. For example, cs074 (site pair 1)
showed a clear peak between 40 and 50 A in absence of the peptide, and a peak
between 30 and 40 A in presence of the peptide, and both peaks agree well with the
corresponding simulations (Figure 2C, top row). In a control experiment using the static
parent DHR protein of design cs074, the distance distributions with and without peptide


https://paperpile.com/c/jAo8ai/wCkkZ
https://paperpile.com/c/jAo8ai/Tsjqf

were identical and matched both the simulation for the parent design model, which
closely resembles state X and the experimental distance distribution for state X of cs074
(Figure S4). Design cs094 (site pair 1) showed the expected state X peak around 50 A
in absence of the peptide. In presence of peptide, this design showed a new peak
around 30 A matching the state Y simulation but still showed a residual state X peak
around 50 A, indicating incomplete binding either due to weak binding affinity or to
insufficient peptide concentration. For all hinge designs tested using DEER, the
observed conformational changes were consistent with the designed state X and Y
models.

Structural Confirmation of the Designed Conformations

X-ray Crystallography of Hinges Confirms their Atomic Accuracy

We solved crystal structures for two designs, ¢s207 and cs074. For design cs207,
crystals were obtained from two separate crystallization screens: one screen for the
hinge alone (Figure 3A), and one screen for the hinge in complex with the target peptide
(Figure 3B). In the absence of peptide, the experimental structure agrees well with the
state X design model, with an RMSD (root mean square deviation) of 1.03 A between
the model and experimental structure at a resolution of 2.50 A. The structure of the
hinge-peptide complex agrees well with the state Y design model with an RMSD of 0.69
A between the model and experimental structure at a resolution of 2.66 A. For
comparison, the RMSD between design models for states X and Y of ¢s207 is 4.59 A.
The electron densities for the side chains involved in the interdomain interface in state X
and in the hinge-peptide interface in state Y closely match the design models, providing
high-resolution validation of our two-state design procedure (Figure 3A-C, right). The
two crystal structures of ¢s207 with and without peptide, combined with our DEER
distance distributions, corroborate the fundamental hinge design concept: In the
absence of the peptide the hinge is predominantly in state X, and the addition of the
peptide shifts the equilibrium towards the state Y-peptide complex. For another design,
cs074, the crystal structure of the hinge-peptide complex (Figure 3C) agrees well with
the corresponding state Y design model (RMSD 1.46 A to the original Rosetta model,
0.67 A to the closest AF2 prediction, at a resolution of 2.75 A).

Electron Microscopy Confirms Structural Accuracy and Modularity

To test whether our hinges can be incorporated as components of more complex protein
assemblies without affecting their ability to undergo conformational changes, we
designed a fully structured C3-symmetric protein with three hinge arms (Figure 3D). We
used inpainting(33) with RoseTTAFold(72) to rigidly connect one end of hinge cs221 to
a previously validated homotrimer(73) and the other end of the hinge to a previously
validated monomeric protein(29). Negative-stain electron microscopy (nsEM) with
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reference-free class averaging shows straight arms in absence of peptide and bent
arms in presence of peptide cs221B, corroborating the designed conformational change
(Figures 3D, S6).

The Conformational State Modulates Effector Binding
Kinetic Analysis of Effector Binding and Orthogonality with FRET

A critical feature of two-state switches in biology and technology is the coupling
between the state control mechanism and the populations of the two states. To
quantitatively investigate the thermodynamics and kinetics of the effector-induced
switching between the two states of our designed hinges, we used Forster resonance
energy transfer (FRET). To increase both the absolute distance from N- to C- terminus
and the change in termini distance between the two conformational states, we took
advantage of the extensibility of repeat proteins and extended hinges cs074, cs221,
and ¢s201 by 1-2 helices on their N and C termini, yielding cs074F, cs221F, and cs201F,
respectively (Figure 4A, first column). Single cysteines were introduced in helical
regions near the termini of the extended hinges and stochastically labeled with an equal
mixture of donor and acceptor dyes. For hinges cs074F and cs221F the distance
between the label sites is above the R, of the dye pair in state X and below R, in state
Y, and hence, acceptor emission upon donor excitation increases upon the addition of
the corresponding peptides cs074B and cs221B, respectively (Figure 4A, second
column). We used labeled, extended DHR82, the parent protein for cs074F, as a static
control, and observed fluorescence spectra comparable to cs074F but no change in
fluorescence upon the addition of the peptide (Figure S7). For cs201F, the dye distance
is above R, in state X and below R, in state Y, and donor emission decreases upon the
addition of peptide cs201B (Figure 4A, second column). To test the specificity of our
hinge-peptide pairs, we performed pairwise titrations of all three labeled hinges at 2 nM
with all three target peptides at varying concentrations. The on-target titrations had
sigmoidal transitions that can be fitted with standard binding isotherms (Figures 4A,
third column; S7), while the off-target titrations for cs201F and cs221F show flat lines,
indicating no conformational change of these hinges upon the addition of off-target
peptides at uM concentrations. cs074F showed weak off-target binding that was three
orders of magnitude weaker for cs201B and two orders of magnitude weaker for cs221B
compared to the on-target interaction for cs074B. cs201F and cs221F are thus
orthogonal in the nM and uM range, and the set of cs201F, cs221F, and cs074F is
orthogonal over two orders of magnitude of effector concentration.

Association kinetics for the on-target interactions measured using constant
concentrations of the labeled hinge and varying excess concentrations of the peptide
are well fit by single exponentials (Figures 4A, fourth column; S8). The apparent rate
constants increase linearly with increasing peptide concentration, exhibiting standard
pseudo-first-order kinetics for bimolecular reactions (Figures 4A, fifth column; S8). We
analyze these data using a model comprising the three states (X, Y, Y+peptide) and four



rate constants (Figure 4B). The kinetic measurements using the FRET system follow
the decrease in state X over time (d[X]/dt) upon the addition of peptide. The observed
pseudo-first-order behavior (Figure 4A, fifth column) indicates that the conformational
change happens on a timescale that is faster than that of the observed binding and can
be treated as a fast pre-equilibrium (Supplementary Note 1). The slopes of the linear
pseudo-first order fits (k,,) can thus be interpreted as the product of the microscopic
association rate k, and the fractional population of state Y in absence of the peptide (Fy
= [YV([X]+[Y]), see Supplementary Note 1).

Comparison to Kinetic Analysis of Binding with Fluorescence Polarization

FP-based titrations and kinetic characterization using the unlabeled extended hinge
cs074F in excess over the TAMRA-labeled peptide cs074B agree well with the
corresponding FRET experiments, further supporting the pre-equilibrium model (Figures
4C, S8). FP kinetics experiments for other hinge designs also follow pseudo-first order
behavior with k,, values ranging from 2.5x10° M's”" to 7.8x10* M's™" (Figures S4, S9).

Probing Reversibility of Switching with FRET

To study the reversibility of hinge conformational changes, we started with 30 nM of
FRET-labeled hinge cs201F (Figure 4D), added 200 nM peptide to drive the
conformational change, and then added excess unlabeled hinge c¢s201 to compete
away the peptide. The FRET signal decreased upon the addition of the peptide,
consistent with a conformational change from state X to state Y, and then returned to
nearly the original level upon the addition of an unlabeled hinge, indicating that the
hinge conformational change is fully reversible.

Using Proteins Effectors Instead of Peptide Effectors

To explore whether peptide-responsive hinges could be turned into protein-responsive
hinges, we used inpainting with RoseTTAFold to add two additional helices to a
validated effector peptide, resulting in fully structured 3-helix bundles (3hb). For nine of
our validated hinges, we designed and experimentally characterized these effector
proteins using SEC (Figures 4E, S10, S11). Hinge-3hb binding was tested qualitatively
by SEC and, for hinges that had a corresponding FRET construct, quantitatively with the
FRET-labeled variant, and DEER was used in addition to FRET to confirm that 3hb
binding caused the same conformational change as effector peptide binding (Figures
4E, bottom; S10). The affinity of 3hb05 to cs074F was similar to the affinity observed for
the original peptide cs074B (Figure 4E), whereas 3hb21 bound its target hinge cs221F
significantly tighter than the original peptide cs221B (Figure S12). The 3hb approach
was able to rescue designs for which the peptide alone or the hinge-peptide complex



had shown the tendency to form higher-order oligomers (Figure S11). For two designs,
3hb05 and 3hb12, we obtained crystal structures that agreed well with the design
models, indicating that the three-helix bundles are fully structured in isolation (Figures
4E top right, S13).

Making Hinges Red/Ox Responsive with Disulfide “Stapling”

To test the effect of the conformational pre-equilibrium on effector binding, we
introduced disulfide “staples” that lock the hinge in one conformation. We used a 6D
hashing approach(74) to identify pairs of cysteine positions that would be compatible
with disulfide formation in one state but not the other, and used AF2 prediction as a
computational filter, selecting only sequences for which cysteine side chains were
predicted to have side chain distances and relative orientations compatible with disulfide
formation in the intended structural state. Using FP we analyzed peptide binding to
stapled versions of hinge cs221 (Figure 5A, B). The variant that forms a disulfide bond
in state X (“locked X”) showed only weak residual binding, likely due to a small fraction
of hinges not forming the disulfide (Figure 5A). Upon addition of the reducing agent
dithiothreitol (DTT) to break the disulfide, peptide binding was fully restored, making this
hinge variant a red/ox-dependent peptide binder that binds the effector peptide under
reducing but not under oxidizing conditions. The variant that forms a disulfide bond in
state Y (“locked Y”) showed fast peptide binding following pseudo-first-order kinetics
with an observed association rate that was 200-fold higher than for the original hinge
without disulfides (Figures 5B, S14). Using the pre-equilibrium model described above,
the observed association rates provide an estimate of the fraction of hinge that is in
state Y in absence of the peptide: a 200-fold higher observed on rate for the locked Y
variant indicates a 200-fold higher fraction of hinge in state Y compared to the original
hinge. Assuming that the locked Y variant is 100% in state Y and assuming that the
microscopic rate constant k, is identical for the locked Y hinge and state Y of the original
hinge, this would indicate that the original hinge is 99.5% in state X and 0.5% in state Y
at equilibrium.

The conformational pre-equilibrium controls effector binding kinetics

Having established the edge cases of locked state X and locked state Y, we sought to
tune the pre-equilibrium by introducing single point mutations expected to specifically
stabilize one state over the other while not directly affecting the peptide-binding
interface. We used proteinMPNN to generate consensus sequences(75) for each state
and identified non-interface positions with distinct residue preferences that were
different between both states (Figure 5C). We experimentally tested individual protein
variants carrying mutations expected to stabilize one state over the other without
disrupting either conformation, as evaluated by AF2 predictions. Several mutations
expected to stabilize state X led to weaker peptide binding, and mutations expected to
stabilize state Y led to stronger binding (Figures 5C,D, S14). Mutations expected to
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stabilize state X had little effect on k,,, suggesting that these mutations primarily caused
destabilization of the state Y-peptide complex. Mutations that stabilized state Y, on the
other hand, strongly affected k,,, indicating that they effectively shift the pre-equilibrium
between both states (Figures 5C,D, S15).

The double mutant cs221_V111L_A114T has a 22-fold higher on rate than the original
cs221, suggesting the occupancy of state Y in cs221_V111L_A114T is 22x higher in the
absence of peptide. Distance distributions obtained from DEER measurements on site
pair 2 of the double mutant cs221 V111L_A114T in absence of the peptide indeed
showed an additional peak at a distance closely matching state Y (Figures 5E, S16).
DEER measurements on site pair 1 of the double mutant showed a broader distribution
with occupancy in the region corresponding to state Y (Figures 5E, S16).
Measurements in the presence of the peptide were virtually indistinguishable from the
original cs221 (Figure S16). The double mutant thus populates two distinct states in the
absence of the effector and collapses to one state upon effector addition (Figures 5E,
S16). The observation of a significant state Y population at equilibrium in the absence of
the peptide as predicted based on the kinetic measurements further corroborates that
the mutations affect the conformational pre-equilibrium, and provides strong support for
our quantitative two-state model of the kinetics and thermodynamics of the designed
hinge-effector systems.

Conclusion

Extensions and Future Directions of the Hinge Design Concept

Taken together, our structural, kinetic and thermodynamic data strongly suggest that our
hinge design method generates proteins that populate two well-defined and structured
conformational states. The crystal structures, nsEM class averages, and
one-dimensional distance distributions obtained from DEER measurements suggest
that the designed hinges preferentially populate the two designed states, rather than
adopting a heterogenous mixture of structures. The DEER and FRET experiments show
that a peptide or protein effector can drive the conformational equilibrium from state X to
state Y. The kinetics of the conformational change measured by FRET and the kinetics
of peptide binding measured by FP agree well, corroborating the two-state model.
DEER measurements on a hinge variant that populates both states in absence of the
peptide further confirm the absence of additional states and agree well with population
estimates based on association kinetics. To our knowledge, these are the first designed
proteins that can reversibly switch between two substantially different structured
conformations. Our design strategy for creating protein two-state systems without
exposing substantial hydrophobic surface area in either state should be quite broadly
applicable.

Like transistors in electronic circuits, our designed two-state switches can now be
coupled to external outputs and inputs to create sensing devices and incorporated into



larger protein systems to address a wide range of outstanding design challenges.
Hinges containing a disulfide that locks them in state X couple the input “red/ox state” to
the output “target binding,” where the target can be a peptide or a protein, and our
FRET-labeled hinges couple the input “target binding” to the output “FRET signal.” Our
approach can be readily extended to have state switching driven by naturally occurring
rather than designed peptides; hinge-like proteins have recently been designed to target
peptides such as glucagon, secretin, or neuropeptide Y(76), enabling new routes to
sensing and detection. Stimuli-responsive protein assemblies that change shape or
oligomeric state in the presence of an effector can now be built by incorporating the
hinges as modular building blocks. Installing enzymatic sites in hinges such that
substrate binding favors one state and product release favors the other state should
enable fuel-driven conformational cycling, a crucial step towards the de novo design of
molecular motors. More generally, the ability to design two-state systems, and the
designed two-state switches presented here, should enable protein design to go beyond
static structures to more complex multistate assemblies and machines.
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Figure 1: Strategy for designing proteins that can switch between different
conformations.

A) Left: reaction scheme for a protein (blue) that undergoes a conformational change
and can bind an effector (orange) in one (circle) but not in the other conformational state
(square). Right: Energy landscape for the system shown on the left. B) Schematic
representation of the hinge design approach. Alpha-helices are represented as circles
(top view, top) or cylinders (side view, bottom). From left to right: A previously designed
repeat protein (gray) serves as the first conformation of the hinge. To generate the
second conformation a copy of the repeat protein (green) is moved by shifted alignment
along a pivot helix, causing a rotation (top and bottom, indicated by circular arrow) and
a translation along the helix axis (bottom). The first 4 helices of the original protein form
domain 1 of the hinge, the last 4 helices of the rotated copy form domain 2, and an
additional helix is copied over from the original protein to serve as an effector peptide
(orange) that can bind to this second conformation of the hinge. Both domains of the
hinge are connected into one continuous chain (blue) using fragment-based loop
closure, and a single amino acid sequence is designed to be compatible with both
conformations. C) Design steps from B illustrated using cartoon representations of an
exemplary design trajectory. D) Exemplary design models of a designed hinge protein in
state X (left), state Y (center), and in state Y bound to an effector peptide (right). Hinge
is shown in blue, peptide is in orange.
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Figure 2: Experimental validation of peptide-binding hinges.

A) Design models of hinges (blue) and peptides (orange) in state X (left model) and
state Y bound to the peptide (right model). Gray shades behind models in state X and Y
indicate the corresponding states Y and X, respectively. B) Fluorescence Polarization
(FP) titrations with a constant concentration of TAMRA-labeled peptide (0.1 nM for
cs074 and cs221; 0.5 nM for ¢s201; 1 nM for ¢s094, cs207, and js007) and varying
hinge concentrations. Circles represent data points from four independent
measurements, lines are fits of standard binding isotherms to all data points, and
dissociation constants (Kp) are obtained from those fits. C, D) Distance distributions
between spin labels covalently attached to cysteine side chains. Solid lines are obtained
from DEER experiments without (blue) or with (orange) an excess of peptide, shaded
areas are 95% confidence intervals, and dashed lines are simulated based on the
design models for state X (blue) or the state Y complex (orange). For each hinge, two
different label site pairs were tested, one in which the distance was expected to
decrease with peptide binding (C) and one in which the distance was expected to



increase upon peptide binding (D). Chemically synthesized peptides were used for all
measurements except for cs074 site pair 1, for which sfGFP-peptide fusion was used.
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Figure 3: Structural validation of the conformational change in
peptide-binding hinges.

A, B, C) Design models (hinge in blue, peptide in orange) overlaid with crystal
structures (gray) in the top view (left) and side view (center) and design models with
electron density for selected side chains (right). A) Design model of hinge cs207 in state
X overlaid with the crystal structure of hinge cs207 crystallized without peptide. The
right panel highlights electron densities for side chains in the interface between the two
hinge domains. B) Design model of hinge ¢s207 in state Y overlaid with the crystal
structure of hinge cs207 crystallized with peptide ¢s207B. The right panel highlights
electron densities for the same side chains as A; these side chains now contribute to
the hinge-peptide interface. C) Design model of hinge cs074 in state Y overlaid with the
crystal structure of hinge cs074 crystallized with peptide cs207B. The right panel
highlights electron densities for side chains in the interface between the hinge and
peptide. D) Left: Components for the design of a C3-symmetric homotrimer with three
cs221 hinge arms. Center: Design model of the hinge-armed trimer in state X (top) and
in state Y (bottom). Right: nsEM class averages of the trimer in absence of peptide
(top) and in the presence (bottom) of peptide cs221B.
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Figure 4: Quantitative analysis of conformational changes in designed
hinge proteins

A) FRET-based characterization of three extended hinges. From left to right: cylindrical
representation of extended hinges (blue) and their corresponding target peptides
(green: cs201B, pink: cs221B, orange: cs074B) with red stars indicating attachment
sites for fluorescent dyes; fluorescence spectra (excitation at 520 nm) of labeled hinge
without (blue) or with (green/pink/orange) target peptide; FRET-based binding titrations
(excitation 520 nm, emission 665 nm) at 2 nM labeled hinge and varying peptide
concentrations fitted with standard binding isotherms (solid lines); time course after
mixing 2 nM (cs201F, cs074F) or 5 nM (cs221F) labeled hinge and 100 nM peptide
fitted with a single-exponential equation (black line); apparent rate constants obtained
from single-exponential kinetic fits plotted against absolute peptide concentrations



(circles) and fitted with a linear equation (black line). Dotted lines in spectra indicate
acceptor and donor emission peaks. B) Kinetic model describing the coupling of the
conformational equilibrium to the binding equilibrium. X and Y: hinge in state X and Y,
respectively; P: peptide; YP: peptide bound to hinge in state Y. k4, k.4, k,, and k_, are the
microscopic rate constants. C) FP characterization of unlabeled extended hinge cs074F.
From left to right: binding titration at 0.1 nM TAMRA-labeled peptide and varying hinge
concentrations; time course after mixing 2 nM TAMRA-labeled peptide and 100 nM
hinge fitted with a single-exponential equation (black line); apparent rate constants
obtained from single-exponential kinetic fits plotted against absolute hinge
concentrations (circles) and fitted with a linear equation (black line). D) FRET-based
reversibility experiment using the labeled extended hinge cs201F introduced in C).
Hinge concentration is 30 nM for all traces; 1 yuM peptide is added at t=0
(green/orange), and 3 uM unlabeled competitor hinge is added after 1 h (blue/orange).
E) Top from left to right: schematic representation of the inpainting procedure that adds
two helices to the peptide cs074B yielding a three-helix bundle (3hb); cylindrical
representation of 3hb_05(orange) bound to hinge cs074 (blue); overlay of design model
(orange) and crystal structure (gray) of 3hb_05. Bottom from left to right: SEC traces for
hinge cs074 (blue), 3hb_05 (orange), and a mixture of both (green); FRET-based
titration of 2 nM extended labeled hinge cs074F and varying concentrations of 3hb_05
fitted with a standard binding isotherm (back line); Distance distributions obtained from
DEER experiments as described in Figure 2 (blue: cs074, gray: cs074 + peptide
cs074B, orange: cs074 + 3hb_05).
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Figure 5: Controlling the conformational pre-equilibrium affects peptide
binding.

A) Left: Schematic representation of a hinge containing two cysteine residues that can
form a disulfide bond in state X but not in state Y, effectively locking the hinge in state X
under oxidizing conditions. Upon addition of reducing agent DTT the disulfide bond is
broken and the conformational equilibrium is restored. Right: FP-based titration of 1 nM
TAMRA-labeled peptide and a hinge with state X disulfide (red, orange) or the parent
hinge without cysteines (blue, green) under oxidizing (blue, red) or reducing (green,
orange) conditions. B) From left to right: schematic representation of a hinge that is
disulfide-locked in state Y; time course after mixing 2 nM TAMRA-labeled peptide and
50 nM locked hinge (red) or original hinge without cysteines (blue) fitted with a
single-exponential equation (black line); apparent rate constants obtained from



single-exponential kinetic fits plotted against absolute hinge concentrations (circles) and
fitted with a linear equation (black line). C) Tuning the pre-equilibrium with point
mutations. Left: Cartoon representation of hinge cs221 highlighting positions of point
mutations. Center: FP-based titration of 0.1 nM (yellow, green, blue) or 1 nM (pink, red)
TAMRA-labeled peptide cs221B and varying concentrations of hinge variants containing
one or two point mutations. Right: Apparent rate constants obtained from
single-exponential kinetic fits plotted against absolute hinge concentrations (circles) and
fitted with a linear equation (black line). D) Dissociation constants (Ky) and observed
binding rate constants (k,,) for the hinge variants shown in C. E) DEER distance
distribution for the double mutant cs221-V111L-A114T in absence of peptide (yellow) in
comparison to the original cs221 with (orange) and without (blue) peptide. Gray lines
serve as guides to the eye indicating state X and state Y distances.
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Figure S1: Diversity of hinge structures and conformational changes.

Light blue points represent individual designs, with positions as a function of the angle
change of the hinge (state Y - state X, N-terminus-midpoint-C-terminus angle),
measured in degrees, and the change in radius of gyration of the hinge (state Y - state
X) in angstrom as computed by PyRosetta. Black points are representative examples
and are depicted as cartoon models (state X in gray, state Y in blue and orange).
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Figure S2: Size exclusion chromatography (SEC) of the hinges shown in

Figure 2.

Purification runs of hinges (left, blue) and sfGFP-peptide fusions (center, orange) were
performed on Superdex 75 Increase 10/300 GL columns (Cytiva). SEC binding
experiments (blue: hinge, orange: sfGFP-peptide fusion, green: a mixture of both) were
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Figure S3: SEC Characterization of additional hinges not shown in Figure
2.
Purification runs of hinges (left, blue) and sfGFP-peptide fusions (center, orange) were

performed on Superdex 75 Increase 10/300 GL columns (Cytiva) except for traces with
label “S200” that were run on a Superdex 200 Increase 10/300 GL column. SEC binding



experiments (blue: hinge, orange: sfGFP-peptide fusion, green: a mixture of both) were
performed on Superdex 200 Increase 10/300 GL columns (Cytiva).
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Figure S4: Additional characterization experiments.

A) FP-based titration using TAMRA-labeled peptide at 1 nM and varying concentrations
of the hinge. For c¢s217 the signal never reached a plateau, thus only an approximate
lower bound for the Ky can be estimated. B) FP-based kinetics experiment using 5 nM
TAMRA-labeled peptide ¢s269B and varying concentrations of hinge ¢s269 as indicated
by plot labels. Top: All kinetic traces were fitted using a single-exponential equation
(black lines). Bottom: Apparent rate constants (blue points) from the single exponential
fits plotted against the hinge concentration and fitted as linear (black lines). The slope of
the linear fit gives the observed on rate k,,. C) DEER distance distributions for hinges
cs129 (one site pair) and cs217 (two site pairs) in absence of peptide (blue) and with
excess peptide (orange). Dashed lines are simulated distributions based on design
models, solid lines are fitted to the experimental data, and shaded areas are confidence
intervals of these fits. D) DEER control experiment using DHR82 (the parent of hinge



cs074) labeled at the same sites as cs074. Top: DHR82 shows a sharp peak that does
not shift upon the addition of the peptide cs074B. Bottom: The distance distribution for
cs074 that is shown in Figure 2 is shown again as a comparison to the DHR82
distribution. The hinge cs074 in absence of peptide shows a slightly broader peak than
the parent DHR, suggesting increased flexibility and conformational breathing.
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Figure S5: Redesign of hinges to bind other target peptides.

An experimentally tested hinge (top, ¢s201) is redesigned using a one-sided two-state
design approach to bind to different target peptides. Hinges csw13 and csw20 are
designed to bind to peptides cs221B and cs074B, respectively while having a backbone
conformation that is similar to the parent cs201 that binds cs201B. Left: design models,
right: FP titrations using 1 nM peptide (green: cs201B, pink: cs221B, orange: cs074B,
brown: jsO07B) and varying concentrations of hinge (from top to bottom: cs201, csw13,
csw20). csw13 is an example of a successful orthogonal redesign that specifically binds
the new target peptide cs221B while not binding the parent target peptide cs201B or the
off-target peptides cs074B or js007B. csw20 is a less orthogonal example that binds the



new target peptide cs074B most strongly but still binds to the parent-target peptide
¢s201B and to the off-target peptide cs221B albeit weaker than the new target.

A no peptide B with peptide

C no peptide

Figure S6: negative stain electron microscopy on hinge-armed trimers.

A, B) Field-of-view electron micrographs of hinge-armed trimers in the absence (A) or
presence (B) of peptide cs221B. C, D) Class averages from one round of classification
(20 classes) using particles obtained from hinge-armed trimers in the absence (C) or

presence (D) of peptide cs221B.
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Figure S7: Additional FRET experiments.

A) Fluorescence spectra of proteins (2nM) without (blue) or with (orange) peptide
cs074B (5 nM for cs074 variants, 2 uM for DHR82). Proteins from top to bottom: cs074F
labeled with AlexaFluor 555 (= donor only), cs074F labeled with AlexaFluor 647 (=
acceptor only), cs074F labeled with a 1:1 mixture of AlexaFluor 555 and AlexaFluor 647
(= donor+acceptor), DHR82 labeled with a 1:1 mixture of both dyes. DHR82 shows no
significant change in FRET upon the addition of the peptide. B) Titrations of the same
proteins as in A at 1.2 nM and peptide cs074B at varying concentrations. Left: Acceptor
emission upon donor excitation, right: donor emission upon donor excitation. C)



Replicate titrations of the FRET-labeled extended hinges shown in Figure 4 (2 nM
hinge), and FP titration of the unlabeled extended hinge cs221F (right, 1 nM
TAMRA-peptide cs221B).
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Figure S8: Full kinetics measurements of the extended hinges shown in
Figure 4.

Columns 1-3: FRET Kkinetics using extended hinges labeled with AlexaFluor 555 and
AlexaFluor 647 at a constant concentration (2 nM for ¢cs201F and cs074F, 5 nM for



cs221F) and corresponding peptides at varying concentrations. Column 4: FP kinetics
using TAMRA-labeled peptide cs074B at 2nM and extended hinge cs074F at varying
concentrations. All kinetic traces (rows 1-8) were fitted using a single-exponential
equation (black lines). Row 9 shows apparent rate constants from the single exponential
fits plotted against the hinge concentration and fitted as linear (black lines). The slope of
the linear fit gives the observed on rate k.
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Figure S9: FP kinetics measurements of hinges shown in Figure 2.

Rows 1-8: TAMRA-labeled peptide at a constant concentration (2 nM for cs074, 50 nM
for cs207, 5 nM for cs201, cs221, and jsO07) was mixed with the hinge at varying



concentrations (labels in each plot indicate the hinge concentration for the
corresponding experiment). All kinetic traces were fitted using a single-exponential
equation (black lines). Row 9: Apparent rate constants from the single exponential fits
plotted against the hinge concentration and fitted as linear (black lines). The slope of the
linear fit gives the observed on rate k,,.
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Figure S10: Additional three-helix bundles that bind cs074.

A) SEC binding experiments. Left: Overlaid chromatograms of three-helix bundles
(orange), hinge cs074 (blue), and mixtures of both (green) show clear binding. Right:
Overlaid chromatograms of three-helix bundles (orange), parent DHR82 (blue), and
mixtures of both (green) show no significant binding. B) FRET-based titration



experiments using 2 nM labeled cs074F and varying concentrations of 3hb show that
the 3hb designs bind to the target hinge with nanomolar affinities and cause a
conformational change. C) DEER experiments with MTSL-labeled cs074 show that the
3hb designs cause the same conformational change as the original peptide cs074B.
Blue: hinge only, gray: hinge + peptide cs074B, orange: hinge + 3hb. Shaded areas
indicate 95% confidence intervals.
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Figure S11: Additional three-helix bundles.

A) Models of hinges (blue) in state X and in state Y bound to a three-helix bundle (3hb,
orange). B) SEC binding experiments of hinge (blue), 3hb (orange), and a mixture of
both (green) show clear monodisperse complex peaks. C) SEC binding experiments of
the same hinges with the original peptides fused to superfolder green fluorescent
protein (sfGFP). For c¢s230, cs245, and c¢s269 the hinge-peptide complex shows
higher-order peaks while the corresponding hinge-3hb peaks look much cleaner. For
cs244, the original peptide showed no clear binding in the SEC experiment, while 3hb28
showed clear binding.
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Figure S12: FRET-based quantitative analysis of the interaction between

cs221F and 3hb21.

Individual kinetic traces were obtained using a constant hinge concentration of 5 nM
and varying 3hb concentrations as indicated by plot labels. Single exponential fits give
apparent rate constants that increase linearly with the total 3hb concentration (orange
points in pseudo-first order plot). The linear fit of k,,, against 3hb concentration gives an
observed on rate that is 5 times faster than the observed on rate of the original peptide
(pink points). FRET titration of 2 nM hinge cs221F and varying concentrations of 3hb
(orange) gives a KD below 2 nM which is at least 20 times stronger than the KD of the

original peptide(pink).
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3hb12
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A, B) Overlay of design model (orange) and crystal structure (gray) in side view (left)
and top view (right) for designs 3hb05 (A, also shown in Figure 4E) and 3hb12 (B).

Figure S13: Structural validation of three-helix bundles.
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Figure S14: Additional data supplementing Figure 5.

A) Full FP kinetics experiment for the cs221 locked Y hinge variant shown in Figure 5B.
Individual kinetic traces were obtained using 1 nM TAMRA-labeled peptide cs221B and
varying hinge concentrations as indicated by plot labels. Single exponential fits give
apparent rate constants that increase linearly with the total hinge concentration (orange
points in pseudo-first order plot). B) Full-range individual plots of the FP titrations shown
in Figure 5C. C) FP titrations and kinetics for the MTSL-labeled variants of hinge
cs221-V111L-A114T. The spin labels have no measurable effect on affinity or
association kinetics.
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Figure S15: Full FP kinetics experiments for the cs221 mutants shown in
Figure 5C.

Rows 1-8: TAMRA-labeled peptide cs221B at a constant concentration of 5 nM was
mixed with the hinge at varying concentrations (labels in each plot indicate the hinge
concentration for the corresponding experiment). All kinetic traces were fitted using a
single-exponential equation (black lines). Row 9: Apparent rate constants from the
single exponential fits plotted against the hinge concentration and fitted as linear (black
lines). The slope of the linear fit gives the observed on rate k.
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Figure S16: DEER data on hinge variants that populate both states in

absence of peptide.

Distance distributions obtained from DEER experiments with the original hinge cs221
are shown in absence of peptide (blue) and in presence of peptide (orange) as well as
of the double mutant cs221-V111L-A114T in absence of peptide (mutant Apo, yellow)

and in presence of peptide (mutant Holo, yellow).
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Figure S17: Additional data for DEER experiments.

Raw DEER traces (blue), foreground fits (black), and background fits (gray) are shown
on the left. Distance distributions are shown on the right colored by state (apo: blue,
holo: orange) with 95% confidence intervals shown as semi-transparent bands.
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Figure S18: Additional data for DEER experiments.

Raw DEER traces (blue), foreground fits (black), and background fits (gray) are shown
on the left. Distance distributions are shown on the right colored by state (apo: blue,
holo: orange) with 95% confidence intervals shown as semi-transparent bands.



Supplementary Note 1: Kinetic model for peptide-binding hinges

Our kinetic model comprises the three states X, Y, and YP (state Y bound to the
peptide), assuming that a state X bound to the peptide would be sterically unfeasible.
The model considers four microscopic rate constants: k; and k, describe the
conformational change from X to Y and from Y to X, respectively; k, and k., respectively
describe the association and dissociation of state Y and the peptide. We assume that
direct transitions from state X to the complex YP or from YP to X do not occur, but
always involve Y as intermediate. Given the model of two coupled equilibria as shown in
Figure 5B, the fundamental rate laws for the individual states are

E =k Y] = k(X (1)
AL =k [X] = k_[Y] = k,[YI[P] + k_,[YP] 2)
A = K, [YI[P) - k_,[YP] 3)

With [X], [Y], [P] and [YP] being the concentrations for hinge in state X, hinge in state Y,
free peptide, and state Y - peptide complex, respectively.

In our FRET system the measured intensity | (acceptor emission upon donor excitation)
can be described as

[ = [X]I, + ([Y] + [YP])Iy= (X1, + ([H]

X X total

- XD,
= [H, I + X4, - 1) )

With [H]iew = [X] + [Y] + [YP] and assuming one intensity Iy for hinges in state X and
another intensity |y for hinges in state Y or the state Y-peptide complex.

We performed FRET kinetics measurements using a constant concentration of labeled
hinge [H].w @and varying peptide concentrations [Pl = [P] + [YP] that were at least
10-fold higher than the hinge concentration ([Pl >> [Hlow)- The resulting data can be
fit with a single exponential equation

—k ¢
I(t) = c, e appERET



With constants ¢, and c, and an apparent rate constant k,p, rrer. Substituting | from (4)
gives

-k t
_ — app,FRET
+ [X](IX Iy) =c tce

[H] totalIY 1

Elimination of constant terms leaves

Which leads to

d[X] — _ k CZ e_kapp,FRETt — _ k [X]
dt app,FRET (I, —1) app,FRET

Using the fundamental rate law (1) we get

—k [X] =k [Y] = k [X]

app,FRET 1

Solving for K,p, rret gives

_ [Y]
kapp,FRET - k1 [X] k—1

Which shows that the ratio [Y]/[X] is constant over time, meaning that X and Y are in a
pre-equilibrium with exchange rates that are faster than the association rates we
observe.

In our FP system, we measure polarization values (pol) that depend on the ratio of
bound peptide:

P [YP] [Pl —IYP] [YP]
pol = (P, ora pOlfree + [P] PO youna = [P] pOlfree + [P]

total

po bound

total total

pol = polfree + ('polbound — pol

free



with polarization values poly,..q and polg.. for bound and unbound peptide, respectively
and with [Pl = [P] + [YP]. The observed change in polarization upon binding can thus
be described as

d[pol] _ d[YP] POLouna = POlre

dt dt

[P] total

Using [Pl = [P] + [YP] the fundamental rate law (3) can be rewritten as

AYp) k,[Y][P] — k_,[YP] = k, [Y]([P]

@ — [YP]) - k_,[YP]

total

d[YP]
dt

= K IVIP] ., — Y]+ k_)[YP] (5)

total

Given a large excess of hinge over peptide we can assume that

[X] + (Y] = [H]_,, — [YP] = [H]__

Y] = F,[H]_,, (6)

with Fy defined as the fraction of hinge that is in state Y in equilibrium:

o= _ S

y  XI+lYT T K, +1

In equilibrium, [YP] = [YP],, and <L = 0 which gives

d[YP] _ _ _

L (eq) = KyIVIIP],,, — (k[Y] + k_)[YP] =0

kIYIIP), ., = GelY] + k) [YP], (7)

Substituting (7) in (5) gives

AL = ke [v][P]

o - (kz[Y] + k—z) [YP] = (kZ[Y] + k—z) [YP]

— (,IY] + k_)[YP]

total eq

L = (kY] + k_)([YP], — [YP]) (8)

dt eq



The reaction approaches equilibrium with

d([Yp], —[YP])
———— =~ = = G+ k) ([YP], ~ [YPD) 9)

Defining the apparent rate constant for association using (6) as

kaPP - kz[Y] + k—Z - kZFY[H]total + -2

(10)

we can rewrite (9) as

a(ye], —[Yp))
——s— =k, (IYPl, — [YP]

Solving the differential equation gives the displacement from equilibrium [YP], - [YP]:

(7P, = YPD@® = ce ™

YPle) = [vP], - ce'

Substituting [YP](0) = [YP],att = Ogivesc = [YP] —— [YP], and subsequently

q
t

[YPI(®) = [YP], — (IYP], — [YP]) oo

q
If [YP]O = 0 as in our kinetic experiments we get

kot
[YP](t) = [YP]eq - [YP]eq e ™ (11)
Single-exponential fits of our FP kinetics experiments show k,,, to increase linearly with
the total hinge concentration, which we can fit using (10):

k =kFIH + k= k_ [H

app total on total -2

With an observedonratek =k F
on 2Y

If we assume that variants of a given hinge, such as mutants or stapled versions, have
the same microscopic on rate, k, we can estimate F, by comparing observed on rates
for variants a and b:



Supplementary Note 2: Details on the final hinge design and screening
round

Input scaffolds were chosen from a library of 193 previously designed DHRs. Alternative
state generation resulted in 1990 backbones covering all 193 input parents. These
backbones were run through two one-state sequence design trajectories (Rosetta
FastDesign with backbone movement), yielding two poses per input. Designs were
leniently filtered on quality of interfaces between the two domains and between hinge
domains and peptide, discarding only designs with very poor interfaces (link). After
looping, re-design of the loop region, and filtering against loop clashes and loop length
(link), only 41.1% (1636) designs survived these steps. Each of these designs was
further single-state designed in the resulting state Y with proteinMPNN using 3 different
parameter settings for which residues were allowed to be redesigned. The resulting 96
sequences per proteinMPNN parameter set, as well as the parent sequence designed
by Rosetta were folded with AF2-IG for a total of 1636*3*97 (476076) sequences. A
gate filter was applied that only returned models with RMSD < 1.5, mean pLDDT > 92
and mean PAE interaction < 5, and 30.5% of sequences passed (145491). These
designs were further filtered for mean pLDDT > 93 and pTMscore > 0.85, and clustering
by state ID (a combination of unique parent scaffold ID, pivot helix index, residue index
shift, and docked helix index), and selecting up to 100 designs per state ID cluster. This
procedure resulted in 37185 designs from 994 state IDs representing 173 parent DHRs.
These designs were next paired with a state X (the corresponding original DHR
backbone) by relooping the original parent scaffold with the Blueprint builder as
described, and filtered leniently based on Rosetta metrics (link). 85.6% (31823) designs
passed this stage.

Next, Rosetta MSD was run, generating 2 outputs per input. Again, lenient Rosetta
metric filters were used to discard bad designs (link), resulting in 77.3% (49208)
passing. Again, each of these designs was further multistate designed with MPNN-MSD
using 3 different parameter settings for which residues were allowed to be redesigned.
These designs were clustered again, and up to 50 designs per cluster were selected. A
total of 28482 backbones were folded with the effector sequence (state Y) with 1
Rosetta MSD and 96 MPNN-MSD sequences each. A gate filter was applied that only
returned models with RMSD < 1.5, mean pLDDT > 92 and mean PAE interaction < 5.
4.9% of the Rosetta sequences (1396 sequences) and 4.3% of the proteinMPNN
sequences (118181) passed these filters. However, in the resulting distributions that
passed the gate filter, the Rosetta designs had on average lower pLDDT (94.1+/-1.0)
and higher mean PAE (4.3+/-0.4) than the proteinMPNN designs (94.5+/-1.1) and
(4.1+/-0.5) respectively (see Figure S19 for distributions). The difference in numbers of
sequences folded (1 vs. 96) was also reflective of the difference in computational
efficiency for the respective sampling methods, with the Rosetta-MSD protocol taking
0.5-3 hours and 6GB RAM per backbone for 2 sequences and the MPNN-MSD protocol
taking 0.2-1 hour and 5GB RAM per backbone for 96 sequences. Before folding the
hinge backbones without the effector sequence (state X), a final additional filtering step
selected designs that predicted with mean pLDDT > 93. This resulted in a total of
107311 designs to be folded. A gate filter was applied that only returned models with
RMSD < 1.5 and mean pLDDT > 93. 63.2% (67820) designs passed this gate filter.


https://github.com/proleu/hinge_paper/blob/main/projects/crispy_shifties/00_design_bound_states.ipynb
https://github.com/proleu/hinge_paper/blob/main/projects/crispy_shifties/01_loop_bound_states.ipynb
https://github.com/proleu/hinge_paper/blob/main/projects/crispy_shifties/04_pair_bound_states.ipynb
https://github.com/proleu/hinge_paper/blob/main/projects/crispy_shifties/05_design_paired_states.ipynb

Prior to final filtering and ordering, designs were additionally filtered on pTMscore > 0.8,
resulting in a final total of 60601 designs. These designs were further filtered after
optimizing the peptide sequences to meet length (<=28 aa) and isoelectric point (pl < 5)
cutoffs, resulting in 48561 designs. After filtering on many Rosetta metrics (link), a final
subset of 9499 designs were considered “orderable.” This “orderable” set comprised
305 state IDs, and 53.9% (104/193) input parent scaffolds. From these, the final order of
72 hinges was selected by clustering by state ID, and out of the resulting 305 clusters,
selecting 72 different state IDs randomly, and selecting for each state ID a sequence. At
this point, sequences were selected preferentially if they included a TRP or TYR
residue, for purposes of concentration determination.

While 46 of 72 hinges expressed solubly and were predominantly monomeric, only 14
out of 72 sfGFP-peptide fusions were soluble and showed a significant monomer peak
on SEC. Redesigning the non-binding peptide surface of 24 peptides yielded 14 more
soluble monomeric sfGFP-peptide fusions. Of the 20 designs for which both
components were soluble and monomeric, 9 showed binding as evaluated by SEC
mixing experiments, and 3 showed a monodisperse complex peak.

Supplementary Table 1. Crystallographic data collection and refinement

3hb05 3hb12 cs074AB cs207A cs207AB
(8FIH) (8FVT) (8FIT) (8FIN) (8F1Q)
Data
Collection
Space group [P 2121 2 | 4 P1 P212121 |P43212
Cell
dimensions
a, b, ¢ (A) 66.01, 67.67, 44 11, 22.86, 71.88,
119.75, 67.67, 45.36, 81.73, 71.88,
38.80 82.37 61.80 154.94 127.64
a, B,y (°) 90,90,90 |90,90,90 [109.27, 90, 90,90 |90, 90, 90
94.54,
104.09
Resolution (44.35-2.2 |47.86-3.07 |57.45-2.75 |43.66-2.3 |47.72-2.66
(A) (2.3-2.2) |(3.86-3.07) [(2.9-2.75) [(2.39-2.3) [(2.8-2.66)
Rmerge 0.030 0.098 0.077 0.1154 0.1361 (4.34)
(1.161) (0.415) (0.428) (0.5973)
Roim 0.030 0.035 0.064 0.03218 0.03788
(0.531) (0.145) (0.369) (0.1575) (1.226)



https://github.com/proleu/hinge_paper/blob/main/projects/crispy_shifties/10_analyze_and_order.ipynb

)

3hb05 3hb12 cs074AB cs207A cs207AB
(8FIH) (8FVT) (8FIT) (8FIN) (8F1Q)
l/o(l) 9.89 (2.16) [17.39 (5.59) |7.58 (0.57) |15.19 (4.77) |11.84 (0.60)
CC 1 0.999 1 (0.978) 0.986 1 (0.99) 1 (0.661)
(0.852) (0.769)
Completenes | 95.27 99.60 89.39 99.85 97.86 (89.38)
s (%) (72.82) (99.48) (90.08) (99.93)
Redundancy |1.4 (1.0) 8.8 (9.1) 2.2 (2.3) 13.7 (14.9) [13.9 (13.3)
Refinement
Resolution  (44.35-2.2 |47.86-3.07 [57.45-2.75 |43.66-2.3 |47.72-2.66
(A) (2.3-2.2) |(3.86-3.07) [(2.9-2.75) [(2.39-2.3) [(2.8-2.66)
No. 15519 30894 10934 13722 9939 (1246)
reflections | (1653) (15864) (1563) (1431)
Rwork / Rfree 01 908 02248 02457 02403 02691
(0.1892)/ (0.2998)/ (0.2901)/ (0.2360)/ (0.4680)/
0.2478 0.2728 0.2984 0.2712 0.3067
(0.2495) (0.3158) (0.3345) (0.3046) (0.4463)
No. atoms
Protein 2490 1518 3871 2659 1538
\Water 81 0 4 24 0
Ligand 10 0 0 0 0
Ramachandr
an 98.70/ 1.30/ [96.81/3.19/ |97.49/1.88/ |99.42/0.58 |99.48/0.52/
Favored/allo (g oo 0.00 0.00 /0/00 0.00
wed
Outlier (%)
R.m.s.
deviations
%ﬂd lengths {0.006 0.004 0.002 0.001 0.002
Bond angles [0.560 0.590 0.440 0.300 0.380




3hb05 3hb12 cs074AB cs207A cs207AB
(8FIH) (8FVT) (8FIT) (8FIN) (8FIQ)
Bractors (A%)
Protein 41.25 85.94 86.88 48.07 108.65
\Water 38.54 n/a 75.76 44.70 n/a
Ligand 64.46 n/a n/a n/a n/a




Supplementary Table 2. DEER experimental metadata and parameters

Sample A Scans | At(ns) | SNR | t, offset T, (Us) | SRT a B site pair
(ns) (ms)

¢s074 D1 Holo 0.45 | 50 1 50 82.8 3 1.53 0.91 | 0.51 | K36R1 Q211R1
cs074 D1 Apo 0.57 | 85 1 67 97.2 3 1.53 3.10 | 0.20 | K36R1 Q211R1
cs074 D2 Apo 0.44 | 31 16 45 73.6 5 2.04 250 | 8.60 | E19R1 E179R1
cs074 D2 Holo 0.40 | 39 16 79 99.2 5 2.04 1.03 | 9.15 | E19R1 E179R1
¢s129 D1 Holo 045 | 6 12 50 54 4 2.04 0.62 | 1.13 | E25R1 K176R1
cs129 D1 Apo 0.50 | 94 22 85 70.4 7 2.04 0.13 | 2.37 | E25R1 K176R1
cs094 D1 Apo 047 | 74 16 72 68.8 5 2.04 1.35 | 1.03 | R30R1 E206R1
cs094 D1 Holo 0.40 | 83 16 43 80 5 2.04 1.70 | 2.98 | R30R1 E206R1
cs094 D2 Holo 0.55 | 69 16 72 67.2 5 2.04 0.10 | 1.36 | K12R1 E178R1
¢s094 D2 Apo 0.53 | 49 10 92 68 3 2.04 0.11 | 8.79 | K12R1 E178R1
js007 D1 Apo 045 | 31 16 40 96 5 2.04 1.28 | 6.63 | Q10R1 Q219R1
js007 D1 Holo 048 | 34 16 31 81.6 5 2.04 2.77 | 1.54 | Q10R1 Q219R1
js007 D2 Apo 0.40 | 40 16 34 78.4 5 2.04 1.51 | 9.24 | D60R1 R190R1
js007 D2 Holo 0.43 | 43 16 74 97.6 5 2.04 0.45 | 0.38 | D60R1 R190R1
¢s207 D2 Holo 0.46 | 25 8 56 86.4 5 2.04 0.40 | 1.32 | K10R1 D150R1
¢s207 D2 Apo 0.50 | 25 16 62 76.8 5 2.04 0.25 | 0.82 | K10R1 D150R1
¢s207 D1 Apo 049 | 85 16 122 84.8 5 2.04 0.24 | 8.68 | D25R1 K130R1
¢s207 D1 Holo 0.50 | 69 16 99 59.2 5 2.04 0.15 | 0.24 | D25R1 K130R1
cs217 D1 Apo 0.52 | 32 6 35 69.6 2 2.04 0.15 | 0.18 | E47R1 R127R1
¢s217 D1 Holo 0.54 | 17 10 37 47 3 2.04 0.13 | 6.17 | E47R1 R127R1
¢s217 D2 Apo 0.51 | 63 16 91 84.8 5 2.04 0.15 | 8.61 | R27R1 E147R1
cs217 D2 Holo 049 | 74 16 57 72 5 2.04 0.48 | 8.91 | R27R1 E147R1
cs217 D1 Apo 0.52 | 110 8 35 69.6 3 2.04 0.15 | 0.18 | E47R1 R127R1
cs221 D1 Apo 0.50 | 69 10 98 82 35 2.04 0.02 | 0.63 | E43R1 K131R1
cs221 D1 Holo 052 | 72 16 74 88 5 2.04 0.12 | 0.24 | E43R1 K131R1
cs221 D2 Apo 0.43 | 47 16 62 76.8 5 2.04 0.86 | 0.25 | R23R1 E150R1
cs221 D2 Holo 041 | 48 16 39 76.8 5 2.04 1.50 | 9.21 | R23R1 E150R1




Sample A Scans | At(ns) | SNR | t, offset T, (us) | SRT a B site pair
(ns) (ms)

¢s201 D1 Holo 0.50 | 83 8 154 76 3 2.04 0.14 | 542 | R35R1 E207R1
cs201 D1 Apo 049 | 9 8 61 77.6 3 2.04 0.46 | 9.16 | R35R1 E207R1
cs201 D2 Apo 0.35 | 55 12 91 90 35 2.04 0.42 | 9.23 | K24R1 E180R1
¢s201 D2 Holo 0.36 | 90 12 86 76.8 3.5 2.04 0.18 | 2.93 | K24R1 E180R1
DHR82P D1 Apo 0.50 | 238 16 66 81.6 5 2.04 0.60 | 8.80 | K36R1 A211R1
DHR82P D1 Holo 049 | 92 16 43 86.4 5 2.04 0.37 | 0.46 | K36R1 A211R1
¢s074 3hb03 D1 Holo | 0.51 | 78 16 75 73.6 5 2.04 1.17 | 0.60 | K36R1 Q211R1
cs074 3hb04 D1 Holo | 0.49 | 21 16 75 81.6 5 2.04 1.18 | 1.03 | K36R1 Q211R1
¢s074 3hb05 D1 Holo | 0.50 | 60 16 106 83.2 5 2.04 0.37 | 8.76 | K36R1 Q211R1
¢s074 3hb08 D1 Holo | 0.49 | 21 16 63 83.2 5 2.04 0.19 | 1.19 | K36R1 Q211R1
cs074 3hb11 D1 Holo | 0.48 | 236 16 192 80 5 2.04 0.34 | 0.00 | K36R1 Q211R1
¢s074 3hb12 D1 Holo | 0.47 | 73 16 102 84.8 5 2.04 0.77 | 3.49 | K36R1 Q211R1
cs221-mut D1 Apo 0.42 | 158 18 66 81 7 2.04 1.69 | 8.68 | E43R1 K131R1
cs221-mut D2 Apo 0.36 | 186 18 151 84.6 7 2.04 0.57 | 9.16 | R23R1 E150R1
cs221-mut D2 Holo 0.41 | 48 16 43 76.8 5 2.04 1.55 | 6.76 | R23R1 E150R1

A - Modulation depth

At - Pump pulse time step

SRT - Shot repetition time

o - Smoothness regularization parameter
B - Compactness regularization parameter

Methods for Multistate Design of Stimulus-Responsive Protein
Hinges

Generating and pairing hinge conformational states

We used curated libraries of DHRs as inputs for generation of hinge conformations. The
backbone conformation of a given DHR serves as a template for the first conformational
state (state X) of the hinge. The alignment-based alternative state generation protocol
was implemented using custom PyRosetta functions. To discard backbone
arrangements with significant clashes, we mutate the entire backbone to glycine and
score the resulting pose with only the Rosetta “fa_rep” scoreterm(36), set to a weight of
1.0, with the “beta_nov16” scorefunction. At this stage, the helical peptide was
sometimes extended using a similar alignment/shifting strategy to increase the size of
the interface in state Y. We used PyRosetta FastDesign with backbone and jump
movement to further improve the backbone and sequence around the tripartite interface



https://paperpile.com/c/jAo8ai/87xLy

between the first hinge domain, the peptide, and the second hinge domain for scoring
purposes. At this stage, we discarded any designs where either of the domains or the
peptide didn’t form good contacts with the other two chains using interface metrics(69).
We called the blueprint builder(77) in PyRosetta to rebuild the loop region between the
hinge domains in state X, based on a secondary structure template of the hinge in state
Y.

Two-state sequence design

Initially, we tried many different multi-state design (MSD) algorithms in Rosetta. We first
tried an approach where we would iterate between conformational states while
performing single-state design (SSD) for each state individually while ramping a custom
sequence convergence scoreterm between iterations(78). We found this method tended
to decorate the surface with hydrophobics in positions that had ambiguous residue-level
preferences between the conformational states, so we explicitly penalized excessive
surface hydrophobics using constraints that calculated spatial aggregation propensity
(SAP)(79) on the fly during design. We also used a quasisymmetric multistate design
approach in PyRosetta, performing design on both states simultaneously while forcing
the packer to consider the chemical context of residue positions linked across the
states(80). This method seemed to have fewer pathologies in terms of positional
sequence selection but scaled poorly in terms of computational performance, so we
chose not to use it for large-scale sequence design tasks. Ultimately, we extensively
used FastDesign with a version of the annealer originally intended and optimized for
multi-conformation, sequence-symmetric design(87), since it was the easiest to use and
scaled well computationally while being easily tunable to avoid the pathologies of the
iterative approach. Once we had sampled sequences and backbones with Rosetta we
optionally refined the sequences with proteinMPNN(47) multistate design (MPNN-MSD).
Using a feature intended for homooligomer symmetry(32) we tied corresponding residue
positions probabilities together across chains and used MPNN to sample up to 96
sequences per pair of backbones. We then could use AF2 initial guess (AF2-1G)(47) to
predict the structure of the effector-bound complex (state Y) by threading the
MPNN-MSD sequences back onto the backbones using mean predicted Local Distance
Difference Test scores (pLDDT), RMSD to reference design model, and mean
off-diagonal Predicted Aligned Error matrix (PAE interaction) cutoffs of 93, 1.5, and 5,
respectively for AF2. Designs that passed these criteria could be predicted again by
AF2(46, 82) to check if they folded to the correct closed position (state X) absent the
effector sequence. We observed that sequences designed with MPNN-MSD had much
better computational success rates and overall metrics. After two-state design, most
hinges were soluble and had significant monomer populations, however many of the
effector peptides turned out to be insoluble or formed stable homooligomers. In some
cases effector peptides were improved by simple redesign of the peptide surface
residues away from the hinge interface, or by truncation of the peptide.
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Computational filtering

Concerned with the possibility that hinges designed with this process would randomly
oscillate between closed and open conformations in the absence of the effector, we
tried to implement additional filters to select only the designs that would have our
intended behavior for testing. We chose designs where the hinge sequence scored
more favorably in Rosetta(36) in the closed conformation relative to the open
conformation when the peptide was absent, but scored more favorably in the open
conformation with the peptide bound in comparison to the sum of the scores of the
closed conformation and the peptide alone. Similarlyy, we required that the
solvent-exposed hydrophobicity, (measured by SAP), would decrease in the closed
conformation relative to the open conformation when the peptide was absent, and the
bound complex would have less exposed hydrophobics compared to the sum of the
exposed hydrophobics of the closed conformation and the peptide alone. We also
filtered the bound conformation on interface design metrics, including ddG, cms and
SASA.(69) This pipeline for designing effector-binding hinges was able to generate very
diverse outputs, with large differences in changes in shape and size (Figure S1).

One-sided two-state design for swapped peptide targets

To generate swapped-peptide designs, we started from the state X and state Y
backbones of cs074, cs201, c¢s221, and js007, including peptide backbones. Peptide
sequences were replaced, using the sequences of c¢s074B, cs201B, and cs221B. In
cases where the peptide backbone was longer than the new peptide sequence, all
combinations of N-terminal and C-terminal truncations of the peptide backbone were
tested. In cases where the length of the new peptide sequence exceeded that of the
backbone, all possible combinations of N- and C-terminal extensions were tested by
adding idealized helical residues. All subsequent design steps locked the peptide
sequence. The hinge-peptide interface was designed in PyRosetta FastDesign for one
repeat with a fixed backbone followed by two repeats with a flexible backbone, then
sequences were improved by design with proteinMPNN using a temperature of 0.2 and
model version v_48 020. Structures of proteinMPNN sequences were predicted with
AlphaFold2 using the Rosetta design model as an initial guess, and designs that
predicted with mean pLDDT < 92, RMSD to reference > 1.5, or mean PAE interaction >
5 were discarded. Poses were combined with state X models from the parent hinges,
and residues were linked between states for PyRosetta multistate design with flexible
backbone followed by MPNN multistate design with the same settings as the previous
proteinMPNN design. An increased success rate was observed when performing
proteinMPNN multistate design with a 60%-40% bias toward state Y sequences. State
Y structures were predicted with AF2-IG, mean pLDDT, RMSD to reference, and mean
PAE interaction cutoffs of 93, 1.5, and 5, respectively. State X structures were also
predicted with AlphaFold2 with the same cutoffs, excluding mean PAE interaction. 4 out
of 9 possible pairs of parent hinge and peptide sequence produced AlphaFold2-verified
models. 20 designs were ordered, expressed, and tested for binding by fluorescence
polarization (FP). A common failure mode for these designs was low levels of soluble
expression, but 15/19 with sufficient expression for FP displayed detectable binding to
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the intended peptide. 9 were selected based on soluble expression levels and on-target
affinity for further characterization. Only one design (CSW13, Figure S5) was
determined to have no off-target binding to the peptides in the parent set, while 4/9
designs still bound the original peptide with higher affinity than the intended one. The
remaining 4 bound the intended peptide with the highest affinity, but also displayed
binding to one or more other peptides; an example of this is shown in CSW20 (Figure
S5)

Design of 3 helix bundles

Starting from AF2 models of validated hinge-peptide complexes, we sketched rough
3hb backbones in PyMOL by manually positioning two additional helices to buttress the
bound helical effector peptide. For each sketch, we extracted the center four residues of
the placed helices and used inpainting with RoseTTAFold to generate 1000 3hb
backbones scaffolding those fragments onto the effector peptide. During the inpainting
process, residues on the effector peptide interfacing with either of the placed helices
were allowed to mutate; this and the placements of the four-residue fragments guided
inpainting to build valid 3hb backbones that roughly aligned with the sketches. For the
best 10% (by RoseTTAFold pLDDT) of backbones generated from each sketch,
sequences were optimized using ProteinMPNN. AF2-IG was used to predict the
structure of the designed 3hbs with and without their target hinge, selecting only those
designs which retained the same structure in both predictions and bound their target
hinge with the same interface as the original effector peptide. We experimentally
characterized the 1-3 designs per sketch that showed the best PAE interaction in the
bound prediction, pLDDT in both predictions, and structural diversity (by eye).

Design of hinge-armed trimers

To fuse hinge cs221 to the asymmetric unit (asu) of a validated C3-symmetric
homotrimer(73), we manually positioned the two proteins such that they formed a large
interface, their termini were near, and the angle of hinge switching was approximately
perpendicular to the homotrimer axis of symmetry. We used inpainting with
RoseTTAFold to generate 100 loop backbones between the N-terminus of cs221 and
the homotrimer asu, allowing residues in the interface between the two proteins to
mutate. To improve the visibility of the conformational change in nsEM, we extended the
C-terminal end of cs221 by fusing it to LHD101B, a previously validated monomeric
protein(29). Again, we manually positioned the two proteins such that they formed a
large interface and their termini were near, then used inpainting with RoseTTAFold to
generate 100 loop backbones between those termini, allowing residues in the interface
to mutate. For the best 20% (by RoseTTAFold pLDDT) of backbones generated for
each fusion, we optimized sequences of the fusion region using ProteinMPNN. We
combined the most confidently predicted (by AF2 pLDDT) LHD101B fusion with each
homotrimer asu fusion, modeled each symmetric complex by aligning three copies of
each fusion to the original homotrimer, and used AF2-IG to predict the symmetric
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structure of the designed fusions. We experimentally characterized the 7 most
confidently-predicted designs.

Hinge extension for FRET constructs

Hinges were extended by aligning a copy of the parent DHR to the first repeat of the
hinge and another copy of the parent DHR to the last repeat of the hinge. The extended
hinge was then obtained by replacing the first and last repeat of the hinge by 2 or more
repeats from the parent DHR. For cs221F, the additional repeats were redesigned using
proteinMPNN.

Disulfide stapling

A custom PyRosetta script was used to identify candidate positions for disulfides that
could lock hinges in one conformation. i-j residue pairs where residue i is in domain 1 of
the hinge and residue j is in domain 2 of the hinge were exhaustively evaluated using a
6D hashing protocol(74). For each candidate pair, 2 separate pdbs were generated for
state X and state Y of the hinge with the identified residues i and j mutated to cysteine.
AF2-1G was used to filter candidate pairs, selecting only pairs for which the cysteine
side chains in the “target” state showed distances and relative orientations compatible
with disulfide formations and for which the “off-target” state showed a large distance
between cysteine side chains.

proteinMPNN-based identification of point mutant candidates

ProteinMPNN was used to generate 100 sequences optimized for state X and another
100 sequences optimized for the state Y-peptide complex. For each state, consensus
sequences(75) were used to identify non-interface positions with distinct residue
preferences that were different between both states. For mutations that AF2 predicted
to not affect the global structure, individual protein variants carrying these mutations
were experimentally tested using the FP peptide binding assay.

Cloning, expression, and protein purification

Genes encoding for proteins and peptides were either purchased as pre-cloned genes
from IDT in pet29B expression vectors or purchased as e-blocks from IDT and cloned
into custom target vectors using golden gate assembly(32). Hinges and 3-helix bundles
usually carried a C-terminal SNAC tag(83) followed by a 6xHis-tag
(Hinge-GSHHWGSTHHHHHH); in some cases, the SNAC tag was omitted
(Hinge-GSHHHHHH). Peptides were expressed fused to superfolder green fluorescent
protein (sfGFP) in either a sfGFP-(linker)-peptide-(linker)-6xHis construct or
sfGFP-GSGSENLYFQS-(linker)-peptide-(linker)-6xHis construct. All proteins were
expressed either in LEMO21 or NEB BL21(DES3) E. coli cells by autoinduction using
TBIl media (Mpbio) supplemented with 50x5052, 20 mM MgSO4 and trace metal mix
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and 50 mg/l Kanamycin. Expression cultures were grown at 37°C for 20-24 h or at 37°C
for 5-6 h followed by 24 h at 18°C.

After harvesting with centrifugation, cells were lysed at 4°C with sonication in lysis buffer
containing (100 mM Tris HCI pH 8, 200 mM NaCl, 50 mM imidazole, 1 mM PMSF, 1 mM
DNase, 1 Pierce™ Protease Inhibitor Mini Tablets, EDTA-free per 100 mL) and clarified
with ultracentrifugation at 14-20k x g for 20-40 min. The constructs were bound to ~1
mL Ni-NTA resin (Qiagen) and mixed for 10-60 min. The beads were sequentially
washed with 15 mL low salt wash buffer (20 mM Tris HCI pH 8, 200 mM NaCl, 50 mM
imidazole), 15 mL high salt wash buffer (20 mM Tris HCI pH 8, 1 M NaCl, 50 mM
imidazole), and 15 mL low salt wash buffer. Lysates and buffer were flowed over the
resin either using gravity or a vacuum manifold. Proteins were eluted in 1.4 mL of
elution buffer (20 mM Tris HCI pH 8, 200 mM NaCl, 500 mM imidazole), after a 0.4 mL
pre-elution. In constructs with designed disulfides, copper phenanthroline was then
added to the elution at a final concentration of 10 mM, and the resulting mixture was
incubated overnight to encourage the full formation of the disulfides. In all cases,
elutions were further purified by SEC/FPLC on Superdex 75 Increase 10/300 GL or
Superdex 200 Increase 10/300 GL columns in TBS (20 mM Tris pH 8, 100 mM NaCl),
with 0.5 or 1 mL fractionation between 8 and 20 mL. LC-MS was used to confirm the
correct molecular weight of all purified proteins.

Protein purification for crystallography

Constructs were transformed into LEMO21 or NEB BL21(DE3) E. coli and then
expressed as 0.5 L cultures in 2L flasks. Proteins were expressed in Studiers M2
autoinduction media with 50 ug/mL kanamycin. Pre-cultures were grown at 37°C for 4
hrs, then 22°C for 14 hr, and cultures were inoculated with 10 mL of preculture. Cells
were pelleted at 4,000g for 10 minutes, after which the supernatant was discarded.
Pellets were resuspended in 40 mL of lysis buffer (100 mM Tris HCI pH 8, 100 mM
NaCl, 400 mM imidazole, 1 mM PMSF, 1 mM DNase). Cell suspensions were lysed by
microfluidization on a Microfluidics M-100P at 18,000 psi, and the lysate was clarified at
14,000g for 30 minutes. The His-tagged proteins were bound to 8 mL Ni-NTA resin
(Qiagen) during gravity flow and washed with 10 mL lysis buffer and 30 mL high salt
wash buffer (25 mM Tris HCI pH 8, 1 M NaCl, 40 mM imidazole), then 10mL SNAC
cleavage buffer (100 mM CHES, 100 mM Acetone oxime, 100 mM NaCl, 500 mM GnCl,
pH 8.6).(83) 40 mL SNAC cleavage buffer and 80 uL 1M NiCI2 were added and
columns were closed and shaken on a nutator for 12 hours in order to cleave. After
cleavage, the flowthrough was collected and concentrated prior to further purification by
SEC/FPLC on a HiLoad 20/600 Superdex 75 pg column in TBS (20 mM Tris pH 8.0,
100 mM NacCl), with 14 mL fractionation between 100 and 290 mL.

Peptide synthesis

Peptides were synthesized in-house on a CEM Liberty Blue microwave synthesizer. All
amino acids were purchased from P3 Biosystems. Oxyma Pure was purchased from
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CEM, DIC was purchased from Oakwood Chemical, diisopropyl ethylamine (DIEA) and
piperidine were purchased from Sigma-Aldrich. Dimethylformamide (DMF) was
purchased from Fisher Scientific and treated with an Aldraamine trapping pack prior to
use. 5(6)-carboxytetramethylrhodamine carboxylic acid (5(6)-TAMRA) was purchased
from Novabiochem. Synthesis was done on a 0.1 mmol scale on CEM CI-MPA 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 twice on resin for 2 min per coupling with
microwave irradiation. For TAMRA labeled peptides, peptides were washed with DMF
post-synthesis, then incubated for 3h with 5(6)-TAMRA carboxylic acid (3 eq.), HATU (3
eq.), and DIEA (5 eq.) in DMF, then washed with DMF (3x) followed by DCM (3x) to
prepare for global deprotection. Global deprotection was accomplished with a
TFA/water/TIPS/2,2’-(ethylenedioxy)diethanethiol (92.5:2.5:2.5:2.5) mixture for 3 hours.
This deprotection mixture was concentrated in vacuo to 2-3mL, then 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
minimal amount of ACN and water to where the entire crude is soluble. This solution
was purified on a Zorbax Stablebond C18 (9.4 x 250mm, Sum) column using an Agilent
1260 Infinity HPLC. A linear gradient of water (0.1% TFA) and increasing ACN (0.1%
TFA) was used to purify the crude peptides. UV signal was monitored at 214 nm and all
peaks were collected. Peak masses were checked using an Agilent G6230B LC-MS
and purity was assessed using a C18 column (Higgins Analytical PROTO 300 C18,
10um, 10 x 250mm) on an analytical Agilent 1260 Infinity || HPLC.

SEC binding assay

Individual hinge and sfGFP-fused peptides or 3hb were diluted in 20 mM Tris pH 8, 100
mM NaCl and mixed at approximately 1:1 concentrations. 0.5-1 mL of the resulting
samples were injected onto a Superdex 200 Increase 10/300 GL columns and the
absorbance at 230 nm was used as a readout for binding. For sfGFP-fused peptides,
473 nm was also used as a readout. Mixtures were at a total concentration of 2.5 yM or
higher.

Fluorescence Polarization (FP)

All FP measurements were performed at 25°C in 96-well plates (Corning 3686) using a
Synergy Neo2 plate reader and a 530/590 nm filter cube. The buffer for all FP
measurements was 20 mM Tris-HCI, 100 mM NaCl, 0.05 % v/iv TWEENZ20 at pH 8.
Titrations were carried out in 96-well format, with 4 replicates per plate and 24 data
points per titration (23 steps of two-fold serial dilution of hinges in the presence of
TAMRA-labeled peptide at a constant concentration between 0.1 nM and 1 nM) with a
final sample volume of 80 pl per well. Titration plates were incubated overnight at room
temperature before measuring to ensure complete equilibration. The polarization signal
S (as calculated by the Neo2 software) was fitted to the equation
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where fAB is the fraction of peptide that is bound, Awt is the absolute hinge
concentration, Btot is the absolute peptide concentration, S0 is the baseline polarization
of free peptide, and Slis the change in polarization upon complex formation.

For FP kinetics experiments a 2x peptide solution and 8 different 2x hinge solutions at
different concentrations were prepared separately. 40 pl of each hinge solution were
mixed with 40 yl peptide solution using a multichannel pipet and the measurement was
started immediately after mixing. Polarization signals S at each concentration were fitted
individually to the equation

S=5 -5 *e W
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where S0 is the amplitude, S1 is the polarization at equilibrium, kapp is the apparent rate
constant, t is the time after start of the measurement, and tO is the dead time between

mixing and start of the measurement. For each hinge-peptide pair, the apparent rate
constants for 8 different concentrations are fitted to the equation

— *
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where koff and kon are observed off- and on rates and Amt is the absolute hinge
concentration.

FRET

AlexaFluor 555 C2 maleimide (donor) and AlexaFluor647 C2 maleimide (acceptor) were
purchased from ThermoFisherScientific. Stock solutions at ~5 mM were prepared by
dissolving 1 mg of each dye in 200 yl DMSO. Hinge variants containing two cysteines
were expressed and purified as described above with the modification that 0.5 mM
TCEP was used during lysis, IMAC and SEC, and that the buffer for initial SEC
contained 20 mM sodium phosphate (PH 7.0) instead of Tris-HCI. After SEC, 500 ul
hinge at a concentration of 50 yM was incubated with 500 uM of a single dy for controls
or 250 uyM each of two dyes. After 2h incubation at room temperature, samples were
purified by SEC using a buffer containing 20 mM Tris-HCI and 100 mM NaCl at pH 8.

The buffer for all FRET measurements was 20 mM Tris-HCI, 100 mM NaCl, 0.05 % v/v
TWEENZ20 at pH 8. Fluorescence spectra were recorded at room temperature using a



FluoroMax spectrometer in a 1 cm x 1 cm cuvette at a sample volume of 3 ml. FRET
titrations and kinetics measurements were performed at 25°C in 96-well plates (Corning
3686) using a Synergy Neo2 plate reader. Excitation wavelength was 520 nm and
emission wavelength was 665 nm (except for donor-donor controls for which emission
wavelength was 555 nm, see Figure S7B).

Titrations were carried out in 96-well format, with 4 replicates per plate and 24 data
points per titration (23 steps of two-fold serial dilution of effector (peptide or 3hb) in the
presence of double-labeled hinge at a constant concentration of 2 nM) with a final
sample volume of 80 pl per well. Titration plates were incubated overnight at room
temperature before measuring to ensure complete equilibration. The fluorescence
signal was fitted to the equation
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where fAB is the fraction of hinge that is bound, Awt is the absolute hinge concentration,
Bwt is the absolute peptide concentration, SO is the baseline fluorescence of free hinge,
Slis the change in fluorescence upon complex formation, and sign =— 1 for cs 201F

(which shows a decrease in FRET upon binding) and sign = 1 for cs074F and cs221F
(which show an increase in FRET upon binding.

For FRET kinetics experiments a 2x hinge solution and 8 different 2x effector solutions
at different concentrations were prepared separately. 40 pl of each effector solution
were mixed with 40 ul hinge solution using a multichannel pipet and the measurement
was started immediately after mixing. Fluorescence signals S at each concentration
were fitted individually to the equation

—k_(t +t)
S§=S85 —sign*S *e "°

0 1
where S0 is the amplitude, S1 is the Fluorescence at equilibrium, kapp is the apparent
rate constant, t is the time after the start of the measurement, and t, is the dead time

between mixing and start of the measurement, and sign =— 1 for cs 201F (which
shows a decrease in FRET upon binding) and sign = 1 for cs074F and cs221F (which
show an increase in FRET upon binding. For each hinge-peptide pair, the apparent rate
constants for 8 different concentrations are fitted to the equation
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kapp - koff T kon Btot

where koff and kon are observed off- and on rates and Bmt is the absolute peptide
concentration.



DEER - spin label modeling and site selection

All spin label modeling and distance distribution predictions were performed using
chiLife(71) with the off-rotamer sampling method(84). For each construct, spin label
models were made for every site with at least 50 A? solvent accessible surface area
(SASA) in both conformational states. Pairwise distance distributions were predicted for
all modeled spin labels in both states. Site pairs with the largest earth mover’s distance
(EMD) between the bound and unbound states were manually inspected and site pairs
were selected that were predicted to have minimal interference with peptide binding,
and conformational change. Two site pairs were chosen for each construct, one
predicted to shift the distance distributions to a larger distance upon interaction with
substrate and one predicted to shift to a shorter distance.

DEER - sample preparation

Hinge variants carrying two cysteines were purified as described above but with 1 mM
TCEP added to the lysis buffer and 0.5 mM TCEP added to an intermediate wash
buffer. Directly after elution, 50 yL of 200 mM MTSL solution (in DMSQO) was added to
the entire 1.3 mL elution. After 1-6 h incubation at room temperature the labeling
mixture was sterile filtered and purified by SEC. Successful labeling was confirmed by
LC-MS.

Before DEER, 20 uM protein samples were prepared in 20 mM tris, 100 mM NaCl at pH
8.0 in D20 and 20 % d8-glycerol (Cambridge Isotope Laboratories, Inc.) supplemented
with 100 uM B-peptide when appropriate. Samples (20 — 40 uL) were transferred to
quartz capillaries (Sutter Instruments) with an inner diameter of 1.1 mm and an outer
diameter of 1.5 mm, flash frozen with liquid nitrogen and stored at -80 °C.

DEER - measurements

All DEER experiments were performed on an ELEXSYS E580 EPR spectrometer
(Bruker) at Q-band (~34 GHz) using an EN5107D2 resonator (Bruker). A cryogen-free
cooling system (ColdEdge) was used to maintain a temperature of 50 K. Shaped
pulses were generated using a SpinJet arbitrary waveform generator (Bruker). Observer
pulses were 60 ns gaussian pulses with a full width at half maximum (FWHM) of 30 ns
performed at approximately the center of the field-swept spectrum. Pump pulsers were
150 ns sech/tanh pulses centered 80 MHz above the observer pulses. Sech/tanh pulses
were generated using PulseShape (htips:/gitlab.com/mtessmer/PulseShape) or
EasySpin(85) with an excitation bandwidth of 80 MHz and a truncation parameter of 10.
All sech/tanh pulses were modified to compensate for resonator performance and
transmitter nonlinearity. All experiments used 8-step phase cycling and 8-step T,
averaging with 16 ns increments from 400 ns to 528 ns. Pump pulse time steps (At) and
T, times were chosen on a per-sample basis and the values for each sample are
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reported in Supplementary Table 2. Additional parameters including t, offsets, shot
repetition time, the total number of averages, and more are reported in Supplementary
Table 2.

DeerLab(86) was used to analyze all DEER data to simultaneously fit foreground and
background using Tikhonov regularization and compactness regularization(87). Akaike
information criterion (AIC) and the information complexity criterion (ICC) were used to
select regularization parameters for Tikhonov and compactness regularizations
respectively. Sample fitting parameters including modulation depth, estimated
signal-to-noise, smoothing, and compactness regularization parameters are reported in
Supplementary Table 2.

X-Ray crystallography

All crystallization experiments were conducted using the sitting drop vapor diffusion
method. Crystallization trials were set up in 200 nL drops using the 96-well plate format
at 20 °C. Crystallization plates were set up using a Mosquito from SPT Labtech, then
imaged using UVEX microscopes and UVEX PS-600 from JAN Scientific. Diffraction
quality crystals formed for 3hb05 in 0.2 M Lithium sulfate, 0.1 M Na-Phosphate-citrate
pH 4.2, 20% PEG 1000; for 3hb12 1.8 M Ammonium citrate tribasic pH 7.0; for cs074AB
in 0.2 M Calcium acetate, 0.1 M Na cacodylate pH 6.5, 40% PEG 300; for cs207A in 0.1
M SPG buffer pH 7, 25% (w/v) PEG 1500; for cs207AB in 0.2 M Magnesium sulfate and
20% (w/v) PEG 3350.

Diffraction data was collected at the Advanced Light Source beamlines 8.2.2/8.2.1.
X-ray intensities and data reduction were evaluated and integrated using XDS(88) and
merged/scaled using Pointless/Aimless in the CCP4 program suite(89). Structure
determination and refinement starting phases were obtained by molecular replacement
using Phaser(90) using the designed model for the structures. Following molecular
replacement, the models were improved using phenix.autobuild(97); efforts were made
to reduce model bias by setting rebuild-in-place to false, and using simulated annealing
and prime-and-switch phasing. Structures were refined in Phenix(97). Model building
was performed using COOT(92). The final model was evaluated using MolProbity(93).
Data collection and refinement statistics are recorded in Supplementary Table 1. Data
deposition, atomic coordinates, and structure factors reported in this paper have been
deposited in the Protein Data Bank (PDB), http://www.rcsb.org/ with accession code
8FIH (3hb05), 8FVT (3hb12), 8FIT (cs074AB), 8FIN (cs207A) and 8FIQ (cs207AB).

Negative stain electron microscopy

Carbon-coated 400 mesh copper grids (01844-F, TedPella,Inc.) were first
glow-discharged using a PELCO easiGlow cleaning System. SEC-purified proteins were
diluted to 2 pg/ml with Tris Buffer (100 mM Tris, 40 mM NaCl), and then immediately
pipetted onto the glow-discharged grid. The protein solution was allowed to sit on the
grid for 30s, before being blotted away with Whatman filter paper. 3 uL of 2% uranyl
formate stain was added to the grid and then blotted away after 10s. A second and third
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wash of UF stain was added to the grid, allowed to sit for 10s and 30s respectively,
before being blotted away. The grid was allowed to air-dry for 5 minutes. Dried grids
were then imaged using a FEI Talos L120C TEM (FEI Thermo Scientific, Hillsboro, OR)
equipped with a 4K x 4K Gatan OneView camera, at a magnification of 57,000x and
pixel size of 2.49 A. Once a grid-square with satisfactory stain thickness and contrast
was identified, EPU software was used to automatically collect 200-400 micrographs
across the square. Micrographs were imported into and analyzed using cryoSPARC
v4.0.3. 50-100 particles were manually picked and subjected to 2D classification to find
coarse 2D averages that could be used as templates for the automated picking of
thousands of particles across all micrographs. After automated picking and particle
extraction from micrographs, a further round of 2D classification was done to find higher
resolution averages of the hinge-bearing cyclic ring proteins in various states and
orientations.

Chapter lll: Design of Protein-Peptide Interactions

Adapted from Susana Vazquez Torres, Philip J. Y. Leung, Isaac D. Lutz, Preetham
Venkatesh, Joseph L. Watson, Fabian Hink, Huu-Hien Huynh, Andy Hsien-Wei Yeh,
David Juergens, Nathaniel R. Bennett, Andrew N. Hoofnagle, Eric Huang, Michael J
MacCoss, Marc Exposit, Gyu Rie Lee, Paul M. Levine, Xinting Li, Mila Lamb, Elif Nihal
Korkmaz, Jeff Nivala, Lance Stewart, Joseph M. Rogers, David Baker. (2022). De novo
design of high-affinity protein binders to bioactive helical peptides. biorxiv

The Peptide Binding Problem
Bioactive Helical Peptides are Difficult Targets of Therapeutic Interest

Peptide hormones, such as parathyroid hormone (PTH), neuropeptide Y (NPY),
glucagon (GCG), and secretin (SCT), which adopt alpha-helical structures upon binding
their receptors(94-97), play key roles in human biology and are well-established
biomarkers in clinical care and biomedical research (Fig. 6A). 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(69). Furthermore,
the loop-mediated interaction surfaces of antibodies are not particularly well suited to
high specificity binding of extended helical peptides. By contrast, 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 protein targets(47, 69), the design of proteins that bind helical
peptides with high affinity and specificity remains an outstanding challenge.
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Previous Protein Design Paradigms are Inadequate

Design of peptide-binding proteins is challenging for two reasons. First, existing de novo
proteins, such as picomolar affinity hyper-stable 50-65 residue minibinders(69) have
shapes suitable for binding rigid concave regions of folded targets, but not for cradling
extended peptides. Second, peptides have less total area, and fewer amino acid
residues to interact with and are often partially or entirely unstructured in isolation(98);
as a result, there can be an entropic cost of structuring the peptide into a specific
conformation(99), which compromises the favorable free energy of association.
Progress has been made in designing peptides that bind to extended beta strand
structures(700) and polyproline Il conformations(707) using protein side chains to
interact with the peptide backbone, but such interactions cannot be made with the
peptide backbone of alpha-helical peptides due to the extensive internal
backbone-backbone hydrogen bonds formed by their helical conformations.

Approaches to Designing High-Affinity Peptide Binding Proteins
General Principles for Designing Proteins to Bind Helical Peptides

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 conventional and deep learning-based approaches to backbone sampling and
target docking. As a starting point, we reasoned that helical 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. 6B).

Parametric Design of Protein Scaffolds with Grooves for Binding Peptides

We began by exploring parametric methods for generating backbones with overall
“‘groove” shapes. Using the Crick parameterization of alpha-helical coiled coils(28), we
devised a method to sample scaffolds consisting of a three-helix groove supported by
two buttressing helices (Fig. 6C, 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 (Fig. S19). 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
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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.

Protein Inpainting with RFJoint Improves Binding Affinity

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 an unnecessarily restricted geometric space, in this case, parametrically ideal
alpha helices. Deep learning methods do not have these limitations, and we explored
whether RoseTTAFold inpainting (RFjoint), a model that can jointly design protein
sequences and structures(33), could be used to improve the modest affinities of our
parametrically-designed PTH binders (Figure 7A). 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 (Figure 7A). 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 yM
binder for NPY after screening 96 designs (Figure S20).

Coarse-Grained Backbone Modeling as an Approach for Peptide Binder
Design

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. 7B).
We started from a library of scaffolds that contained single helices bound by
pseudorepetitive helical scaffolds. We then threaded(702) sequences of peptides of
interest into the bound single helix and filtered to maximize interfacial hydrophobic
interactions of the target sequence to the binder scaffold. The binders with the most
numerous interfacial hydrophobic residues per target were then redesigned in the
presence of the threaded target sequence with ProteinMPNN(47) and the complex was
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predicted with AF2(46), using an initial guess(47) and filtered on AF2 and Rosetta
metrics. We first attempted this method with SCT, where 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(94, 95). 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.
7B). We were able to generalize this approach to gastrointestinal peptide (GIP), as well
as GLP1 and GLP2, all hormones crucial for metabolic regulation and gastrointestinal
function(703). For GIP, we identified 3/12 binders, with the highest affinity binder
achieving an on target affinity of 5.5 nM for GIP (Figure 8A). For GLP1, we only
screened 6 designs, of which 2 were binders. The tightest GLP1 binder bound with an
affinity of 95 nM (Figure 8B). For GLP2, we identified 8/30 binders, with the highest
affinity binder being poorly fit by a bimolecular binding isotherm but likely having
sub-nanomolar affinity (Figure 8C).

Targeted Backbone Resampling with RFdiffusion

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.(704) This is difficult for traditional
design approaches as extensive full atom calculations are needed for each sample
around a starting structure (using molecular dynamics simulations(705) or Rosetta full
atom relaxation(66) 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 using deep learning(34). RFdiffusion 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 for binder optimization, by sampling related
conformations around a specific binder structure, guided by the extensive priors of
protein structural propensities 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”,


https://paperpile.com/c/jAo8ai/S9bI8
https://paperpile.com/c/jAo8ai/7unAq
https://paperpile.com/c/jAo8ai/XqeD+v4D0
https://paperpile.com/c/jAo8ai/WzhG
https://paperpile.com/c/jAo8ai/7No0
https://paperpile.com/c/jAo8ai/eV15
https://paperpile.com/c/jAo8ai/CfgJj
https://paperpile.com/c/jAo8ai/asqM

instead resembling a “noised” 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 with a more optimal binding
configuration (Figure 9A, B). In this manner, by starting from priors of non-zero
mean(706), we used RFdiffusion to increase the extent and quality of interactions with
the target sequences. We experimented with this approach starting from our
parametrically-designed inpainted binders to GCG (with 231 nM affinity) and NPY (with
3.5 uM affinity) (Supplementary Fig. S20). Following partial noising and denoising, and
sequence redesign with MPNN, 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 (Figure 9A). 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
(Figure 9C). 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(707) and shares a high percentage of
sequence similarity (63.5% for the sequences used in the assay).

Discussions on Designing High-Affinity Peptide Binding Proteins
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(69) 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% (Figure S21A, B). The improvements in the
distributions show that the improved binding cannot be explained by the sequence
redesign that followed diffusion alone, as in many cases the starting design was nearly
or completely out of the score distribution.
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Advantages of De Novo Binders over Antibodies and Outlook

Antibodies have served as the industry standard for affinity reagents for many years, but
their use is often hampered by variable specificity and stability(708, 109). 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 biosensors and larger
functional assemblies, with tunable control over shape and geometry(76). Third, they
are more stable, can be produced much less expensively, and could be more easily
incorporated into affinity matrices for the 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 results highlight the emergence
of powerful new methods for protein design. The inpainting and RFdiffusion methods
were both able to improve on initial designs, and the threading approach circumvented
the earlier binder design methods by modeling the target conformation on a per-binder
basis. Most impressively, we report binders with specificity and low nanomolar and
picomolar affinity to multiple helical peptides. 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.

Figures for Design of Protein-Peptide Interactions
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Figure 6. Binding helical peptides in groove scaffolds.

A) Some helical peptide targets: parathyroid hormone (PTH), glucagon (GCGQG),
neuropeptide Y (NPY), and secretin (SCT). B) “Open groove” structural solution to the
helix binding problem. C) Parametric approach to sampling of groove scaffolds varying
supercoiling and helix distance to fit different targets.
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Figure 7. 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 an
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) Threading peptides onto
pseudorepetitive protein scaffolds and redesigning. 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.
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Figure 8. Threading target sequences yields tight binders to many peptide
targets

A) Design model of GIP based on repeat protein scaffold (blue) and GIP target
(orange). Fluorescence polarization measurements with FAM-labeled target indicates



5.5 nM binding to GIP. B) Design model of GLP1 based on repeat protein scaffold (blue)
and GLP1 target (orange). Fluorescence polarization measurements with FAM-labeled
target indicates 95 nM binding to GLP1. C) Design model of GLP2 based on repeat
protein scaffold (blue) and GLP2 target (orange). Fluorescence polarization
measurements with FAM-labeled target are poorly fit by a bimolecular binding isotherm
but may indicate sub-nanomolar binding to GLP2.
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Figure 9. 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. C) Diffused binders to GCG and NPY. Top left: Design models (gray) and AF2
predictions (pink), 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) 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 S19: 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.



Concentration (M)

A . B 29N .
—— NPY (Kd = 3.5 uM) = L GCG (Kd = ~231 nM)
\ 1004 <. 4 24
[ 3 2D ey 3%
S 754 s &¥& & |
M £ C B85
< § % & % 8§
h & C/md s
3 254 - = 7 8 20
l & Yo IK. G
' L g 9
' 04 R 0
; T T T T T A . Ti2 10 8 s 4
[ 1047 10-|o 10»5 10-6 10-4 - o 10 10 10 10 10

Concentration (M)

Figure S20. 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.
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Figure S21. 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.

Table 3. Fluorophore-labeled peptides used in Fluorescence polarization
assays

Fluorophor
Peptide name Sequence Supplier Cat# e
SVSEIQLMHNLGKHLNSMER
PTH-TAMRA VEWLRKKLQDVHNF In-house | NA 5-TAMRA
Phoenix
Pharmace
AVSEHQLLHDKGKSIQDLRR | uticals, FG-056
PTHrp-FAM RFFLHHLIAEIHTAEIA Inc. -08A FAM
Phoenix
Pharmace
HSDGTFTSELSRLREGARLQ | uticals, FG-067
SCT-FAM RLLQGLV Inc. -03A FAM
HSQGTFTSDYSKYLDSRRA ABBFO
GCG-FAM QDFVQWLMNT Addex Bio | 2033 FAM
SKPDNPGEDAPAEDMARYY _ FG-049
NPY-FAM SALRHYINLITRQR Phoenix -04A FAM
Pharmace




uticals,
Inc.

Phoenix

Pharmace
IKPEAAGEDASPEELNRYYA | uticals, FG-059
PPY-FAM SLRHYLNLVTRQRY Inc. -02A FAM

Phoenix
YAEGTFISDYSIAMDKIHQQD | Pharmace
FVNWLLAQKGKKNDWLHNIT | uticals, FG-027

GIP-FAM Q Inc. -02A FAM
Phoenix
Pharmace
HAGTFTSDVSSYLEGQAAKE | uticals, FG-028
GLP1-FAM FIAWLVKGRG Inc. -13A FAM
Phoenix
Pharmace
HADGSFSDEMNTILDNLAAR | uticals, FG-028
GLP2-FAM DFINWLIQTKITD Inc. -15A FAM

Methods for Design of Protein-Peptide Interactions

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 using an adapted version of the miniprotein binder
design computational pipeline used by Cao et al..

|dentification 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.

|dentification of weak binders for NPY and GCG using extended parametric
designs
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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.

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(69) and Golden Gate cloning into LM627 vector for protein expression(32).

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 EBY100
strain using the protocol described in ref(69). EBY 100 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.(69) After incubation
time, cells were washed and resuspended in PBSF for cell sorting (Attune NxT Flow
Cytometer, Thermo Fisher Scientific).

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 1mL TBIl 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
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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 NacCl), while target peptide IgBiT lysate was diluted 6 uL 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).

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 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.

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(770). Specifically, curves
were fit to N observations of an observed signal, Signali, at titrated concentrations

[Atot]i according to the following equation:

B, LK)

conc([Atot] i’ [ tot:

(B, ’

tot

A
Signali = Baseline + Amplitude

Where (B, ] is the known total concentration of the binder, Baseline and Amplitude are

ot

free parameters, and the concentration of the bound state [AB] is computed as

2
Conc([Atot]i' ]'Kd) = (4,1 + [Btot] T Kd) t \/([Atot] t [Btot] t Kd) - 4[At0t] [Btot])/z
The unknown parameters ( K, Baseline and Amplitude) were fit using

[B

tot tot

scipy.optimize.curve_fit(710), [Bwt]was additionally fit in the optimization, but only
allowed to within 0.5 nM + 0. 1%.

Peptides used for the assay are shown in Supplementary Table 3.
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Chapter IV. Conclusion

These separate works share a common theme: using computational protein design to
address challenges where the targets of design may not have a single structural state.
In the first work, through the design of stimulus-responsive protein hinges, we show that
it is possible to use either energy-based sequence and backbone sampling or
probability-based sequence sampling (with a fixed backbone) to achieve the design of
proteins with two structural states. We furthermore show that the probability-based
approach is more performant and can readily tune the conformational equilibrium
between the two states, and we ultimately create a system that can couple biochemical
inputs such as protein/peptide binding or redox, through a conformational change with a
tunable transfer function, to a variety of interesting outputs, including peptide binding or
FRET. In the second work, we use a combination of highly efficient coarse-grained
backbone modeling and probability-based sequence sampling to achieve high success
rates in binding to flexible peptide hormones with low nanomolar affinities. When we
incorporate a backbone refinement step using a denoising diffusion on the models for
experimental hits made using this and other approaches, we are able to obtain affinities
that are sub-nanomolar. Together, these works solve both the design of structured
conformational changes and the design of proteins that tightly bind flexible helical
peptide hormones. Future work will no doubt combine these capabilities, perhaps
resulting in proteins that can conditionally bind or release hormones, or synthetic
hormone-responsive systems that hack cellular behavior.
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