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Abstract: Deep learning has greatly advanced design of highly stable static protein structures,
but the controlled conformational dynamics that are hallmarks of natural switch-like signaling
proteins have remained inaccessible to de novo design. Here, we describe a general deep-
learning-guided approach for de novo design of dynamic changes between intra-domain
geometries of proteins, similar to switch mechanisms prevalent in nature, with atom-level
precision. We solve 4 structures validating the designed conformations, show microsecond
transitions between them, and demonstrate that the conformational landscape can be modulated
by orthosteric ligands and all osteric mutations. Physics-based simulations are in remarkable
agreement with deep-learning predictions and experimental data, reveal distinct state-dependent
residue interaction networks, and predict mutations that tune the designed conformational
landscape. Our approach demonstrates that new modes of motion can now be realized through de
novo design and provides aframework for constructing biology-inspired, tunable and
controllable protein signaling behavior de novo.
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Main Text: The ability of proteinsto switch between multiple conformationsisimportant for
many biological functionsincluding molecular recognition, signaling, and enzyme catalysis (1).
The populations of conformational states and their interconversions are governed by a protein’s
energy landscape (2) - the relative free energies of conformational states and the barriers between
them. Specific conformational changes and their dynamics are also important for regulation:
Binding partners, environmental conditions, post-translational modifications, and allosteric
effectors can modulate the free energy landscape and consequently protein function by changing
the populations of active and inactive conformations. Protein conformational landscapes and
functions have also been tuned by computationally predicted mutations (3, 4). Notably, many of
the conformational changes important for biological functions do not involve large-scale
structural rearrangements; rather, critical motions often consist of localized rotation, tilting, and
diding of secondary structure e ements within adomain. These types of motion are hallmarks of
central biological processes, such as the regulation of kinases (5) and signaling via G-protein
coupled receptors (GPCRYS) (6) (Fig. S1).

Despite the functional importance of intra-domain conformational changes in natural proteins,
predictive design of similar dynamics de novo has remained elusive (7). One key chalengeisthe
difficulty in parameterizing sufficiently accurate physics-based energy functions or learned
seguence-structure models to design sequences that can adopt multiple conformations (multi-
state design, (8)). The energetic differences between individual conformational states are
typically subtle (as small asafew kJmol) (9). Moreover, the small energy gap between designs
that are interconverting between defined folded states, versus adopting disordered states, further
complicatesin silico design. A second challenge is to generate alternative states de novo (not
borrowed from existing proteins) in the first place. These states also have to be designable, i.e.
there must exist an amino acid sequence that can adopt these alternative conformations.
Consequently, there are only a few examples of de novo designed dynamic proteins (10), and
none on the scale of intra-domain geometry changes prevalent in natural regulators. Pioneering
studiesinclude the design of fold switches (11, 12), side chain dynamics (13), and controllable
changes in coiled-coil assemblies (14). Most commonly, design of protein switches hasinvolved
domain-level rearrangements or hinge-like motions of rigid bodies, where conformational
changes are driven by intermolecular protein-protein interactions and the multi-state design
problem is simplified as either most atomic interactions within the rigid bodies remain the same
(15) or one of the states becomes disordered (16). Despite this long-standing interest, there is no
generalizable method to engineer dynamic proteins (10). As a result, most classes of
conformational switch mechanisms, effectors, and their combinations have been inaccessible and
hence completely unexplored by de novo design.

In this study, we test whether recent advances in deep learning for sequence design (17, 18) and
structure prediction (19) can be integrated with physics-based methods to design non-native local
and controllable conformational dynamicsin proteins de novo, inspired by the scale and modes
of conformational changes prevalent in natural signaling proteins. Specifically, we develop and
experimentally validate a generalizable method to design protein switches that interconvert
between multiple conformational states, which differ in the intra-domain relative geometry of
secondary structure elements. Asin biological regulation, we show that the designed
conformational states can be modulated by both ligand concentration and allosteric perturbations.
Finally, we show that physics-based analyses suggest a molecular mechanism for modulating
these de novo designed conformational landscapes. Taken together, our approach makes new
modes of motions accessible to de novo design, providing abasis for designing tunable and
complex signaling behavior beyond what exists in nature (7).

2


https://doi.org/10.1101/2024.07.17.603962
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.07.17.603962; this version posted July 19, 2024. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Design approach for dynamic proteinswith tunable two-state equilibria

We sought to develop a generalizable approach to design sequences with multiple energetic
minimain structure space, each corresponding to a well-defined conformational state (Fig. 1A).
Specifically, we focused on conformational changes involving intra-domain reorientation of
secondary structural elements, mimicking a dominant mechanism in naturally occurring
signaling proteins (in contrast to the easier problem of movement of otherwise static sub-
domains about a hinge). We also aimed to design mechanisms for modulating the conformational
equilibrium by inputs such as orthosteric ligands (binding within the region of conformational
change) and allosteric perturbations (acting at distal sites).

Our design approach (Fig. 1B) involves three general stages: The first stage specifies aternative
structural states through (i) generation of alibrary of de novo candidate states that differ in their
local geometries using systematic physics-based conformational sampling (20) (Fig. S2,
Methods), and (ii) assessment of the designability of these states. To assess single-state
designability of the generated backbones, we designed sequences for each state, evaluated them
in silico (Methods), and characterized them experimentally. The second stage performs a deep
learning guided search in sequence and structure space that (i) restricts the search space by
identifying the minimal set of residues required to define each state, and (ii) designs sequences at
these positions that are simultaneously compatible with pairs of states (multi-state design). The
third stage seeks to identify perturbations that modulate the designed protein conformational
landscape by (i) integrating physics-based simulations and deep learning predictionsto
determine state-specific interaction networks and (ii) predicting mutations leading to tunable
conformational switching.

For the proof-of-concept application described here, we required the conformational landscape to
be responsive to aligand input, where the ligand-binding site (orthosteric site) changes
conformations between states and thereby couples ligand binding to conformational switching.
For simplicity, we used an engineered Ca* binding protein (derived from the N-terminal domain
of troponin C) as our ligand-binding-competent starting state (“state 1”) (Fig. 1C, top row). The
wild-type protein consists of two EF hand motifs (sites | and 11), which both bind Ca* in the low
micromolar range. We instead used a variant (PDB ID: 1SMG) with an E41A point mutation in
site I, which weakens the affinity of site | to the millimolar range while retaining micromolar
affinity in site 1l (21). Additionally, the E41A mutant does not undergo conformational change
upon Ca®* binding (Fig. S3). By using an existing binding state as a starting point, we
demonstrate here how our protocol can be generally applied to engineering controllable
conformational changes into natural proteins; alternatively, one could generate a (static) binding-
competent state de novo (22).

Generation and experimental validation of de novo designed alter native states

To generate a structurally defined alternative state (“state 2”) (Fig. 1C, bottom row), we sampled
de novo orientations of a contiguous protein segment including loop 11, helix C, and Ca®*
binding site Il (which we refer to asthe “reshaped region”) (Fig. S2) using the loop-helix-loop
unit combinatorial sampling algorithm (LUCS), previously shown to be capable of generating
static proteinsthat differ in the local geometry of protein segments (20) (Methods). We only kept
design models with the same length as our input but allowed the secondary structure in the
reshaped region to vary (i.e., some regions may be part of aloop in the input but adopt a helical
structure in the output or vice versa, acommon transition in natural proteins). We then used
Rosetta to design sequences optimal for each of the output models (“single-state designs’) and
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filtered these designs computationally (Methods). This procedure generated a library of
approximately 1x10° diverse conformations with an average Coa RMSD of 7.1A in the reshaped
region, from which we selected 11 designs (each corresponding to a unigue backbone) for
experimental testing.

To rapidly screen the de novo state 2 sequences experimentally, we displayed each design fused
to aC-terminal c-Myc tag on the surface of yeast (Methods) and used surface display levels
(which are known to be correlated with stability) as a proxy for designability. Although we only
tested afew single-state designsin this study, one could screen thousands of designs with yeast
display to identity many more designable conformational states. 10 out of 11 designs (all except
#615) showed high surface display levels (Fig. $4). We decided to further characterize design
#6306 as it had asignificantly different conformation in the reshaped region compared to state 1
(Fig. 1C, bottom row), involving both rotation and trandlation of the reshaped helix C. Moreover,
the Ca®* binding loop was significantly restructured and partially helical, resulting in an
unfavorable conformation for binding. We solved the nuclear magnetic resonance (NMR)
structure of #6306 and saw excellent agreement (Co RMSD = 0.98A, excluding loops) between
the experimentally solved structure (teal) and the Alphafold2 (AF2) model of the design (grey)
(Fig. 1D, Fig. S5). In contrast to state 1 (1SMG), design #6306 did not show significant Ca®*
binding in site 11 at Ca®* concentrations up to 1ImM (Fig. S6), as expected due to significant
restructuring of the binding site. These results confirm that the backbone of design #6306 is both
designable and unfavorable for ligand binding, making it suitable as our binding-incompetent
conformation (state 2) for two-state design.

Multi-state design of dynamic proteins

We next aimed to identify sequences that were simultaneously compatible with the
conformations of both state 1 and state 2. Rather than allowing all residues in the reshaped
region and their contacting residue positions to be designable, we sought to generate multi-state
designs able to populate both states despite having high sequence similarity. To do so, we used
deep learning-based structure predictions (AF2) to shrink the searchable sequence space and
focus sampling at key positions for determining state preference. We reasoned that this approach
would allow usto better interpret sequence differences predicted to shift the preference for one
state versus the other, identify potential sitesfor allosteric mutations, and facilitate experimental
characterization. To achieve this, we used AF2 to identify mutations to design #6306 (predicted
to adopt state 2) that would increase sequence similarity to 1SMG (state 1) without affecting the
predicted structure (Methods) (Fig. 1B). We then used the resulting sequence with the highest
sequence identity to state 1, which was still predicted to fold into state 2, asinput for multi-state
design (position-tied ProteinM PNN) (Methods, Fig. S7TA-B) (17). Sites where mutations caused
significant structural perturbations were typically positions where there were large changes to
solvent accessible sidechain surface area, hydrogen bonding networks, or steric packing between
states (Table S1). Thefinal set of multi-state designable residues included these positions and
their neighbors, decreasing the set of designable residues from 37 to 25 (Table S2). The
structures of putative switch design sequences were then predicted with AF2 to assess their
compatibility with both states.

Our design approach identified afamily of sequences that had AF2 structure predictions that
were either in state 1, state 2, or acombination of both including structural intermediates (Fig.
2A). The designs differed from the original state 1 sequence (1ISMG) by n=18 mutations and
from the high sequence identity single-state state 2 design by n=15 mutations, but strikingly
differed from each other at only one residue position, 89, which was |located outside the reshaped
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region and distal from the Ca?* binding site. Position 89 was hence predicted to act as an
allosteric site modulating state populations. In particular, smaller hydrogen bond donors and
acceptors at position 89 were biased toward state 2 by forming a hydrogen bond with the
backbone of loop 11, bringing it closer to the central helix D. Conversely, bulky and/or
hydrophobic amino acids pushed loop |11 outward into a conformation more consi stent with state
1. Moreover, the AF2 confidence metric (pLDDT) of the reshaped region distal to site 89 for this
sequence family varied considerably depending on the amino acid identity at residues 89 (Fig.
S70).

Allosteric modulation of the confor mational landscape by mutation

To test the prediction that our designs will adopt two different defined conformations whose
relative populations are dependent on the amino acid identify at position 89, we selected five
designsthat covered arange of AF2 predicted behaviors: state 2 preferred (S89, N89), state 1
preferred (189, K89), and mixed (R89). We recorded *H,"*N-HSQC NMR spectra for each of
these designs (Fig. 2B, Fig. S8) and focused structural characterization on three representative
designs (S89, N89, 189). Remarkably, these spectra were drastically different even though the
designs differed only by a single point mutation: 67 out of the 92 backbone amide peaksin the
spectrum of 189 (state 1 preferred) had significantly different chemical shifts (ASHN > 0.03ppm
or AON > 0.4ppm) compared to that of S89 (state 2 preferred), suggesting different chemical
environments of these residues (Fig. 2B). Moreover, for well-separated peaks, the chemical shifts
of S89 and 189 were at the two ends of arange, with N89 being intermediate. Thisfindingis
consistent with the designed proteins being in equilibrium between two states in fast exchange on
the NMR timescale where the observed chemical shifts reflect the population average of the two
states. To analyze this behavior further, we assigned the backbone *Hn and >N chemical shifts of
S89 and 189 and plotted the differences on the AF2 model of 189 (Fig. 2B, Table S3). We found
that the changes to chemical shifts were not merely localized near the mutated position 89, but
also at more distal residues throughout the reshaped region, including Ca?* binding site I and its
neighboring residues, consistent with a change in the ensemble averaged conformation of the
reshaped region.

To assess whether our designs indeed adopted the two specified designed conformational states,
we solved the structures for S89 and 189 by NMR (Fig. 2C-D). The structure of S89 was in
excellent agreement with its AF2 prediction (state 2, Co RMSD = 1.31A, excluding loops),
including in core hydrophobic residues (Fig. S5), consistent with the high average pLDDT (high
confidence) of that design. In contrast, for 189, automated structure determination using
ARTINA (Methods) did not converge to a single proposed conformation in the reshaped region.
This observation isin line with the lower average pLDDT of 189 in the reshaped region
compared to S89 (Fig. S7C). Instead, the top two structures proposed by ARTINA resembled the
designed state 1 and state 2 conformations, respectively (Fig. 2D, Fig. S5), based on assigned
distance restraints consistent with both states 1 and 2 (Fig. S9). The residue predicted to undergo
the largest conformational change in our computational models (ILE 69) was buried in proposal
#1 but solvent-exposed in proposal #2, hallmarks of the state 1 and 2 conformations,
respectively. Taken together, our structures confirm that the designs adopt the two intended
conformations but with different populations. While S89 primarily adopts state 2 as predicted,
189 samples both state 1 and state 2, and a single-state structure cannot fully account for all
ensemble-averaged distance restraints simultaneously.

To probe the suggested dynamicsin design 189 more directly, we first collected a series of
'H,"*N-HSQC spectra from 5°C to 35°C at 5°C intervals. We observed temperature-dependent
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changesin peak intensity localized to residues in the reshaped region and their neighbors,
consistent with changes in chemical environment due to dynamicsin the reshaped region (Fig.
S10). Moreover, peak intensities were higher at 35°C compared to 5°C, as expected for a system
being in fast exchange at higher temperatures and slowing to intermediate exchange with
decreasing temperature, manifesting as line broadening. Additionally, we measured R1, values
for design 189 with rotating frame relaxation dispersion. We observed higher Ry, values for
residues in the reshaped region and their neighbors, again consistent with the reshaped region
being in atwo-state equilibrium asintended and exchanging on the low microsecond timescale
(Fig. 2E, Table $4).

Orthosteric modulation of the confor mational landscape by ligand binding

To probe whether Ca®* binding also modulates the state populations by preferentially stabilizing
state 1, we recorded *H,**N-HSQC spectra with and without Ca?* for each point mutant (Fig.
S11). As expected from the designed conformational change, we found that Ca?* addition caused
significant chemical shift perturbations (AdHn > 0.03ppm or A6N > 0.4ppm) throughout the
reshaped region and its neighboring residues, affecting approximately 30 additional peaks when
compared to the single-state binding-incompetent design #6306 (Fig. 3A, Table S5). Moreover,
given that AF2 predicted primarily the binding-incompetent structure (state 2) for S89 and N89
and primarily the binding-competent structure (state 1) for 189 and K89 (Fig. 2A), the direction
of chemical shift changes with Ca®* was indeed consistent with a shift in the equilibrium toward
the binding-competent state 1 (Fig. 3B). Notably, S89 and N89 (state 2 preferred) had
perturbations that were smaller in magnitude compared to K89 and 189 (state 1 preferred). R89,
which had abimodal AF2 prediction (Fig. 2A), had approximately 40 minor peaks in the absence
of Ca?*, consistent with slow exchange between two states. For this design, addition of Ca®*
lowered the intensity of many peaks, indicating a shift in exchange regime from slow to
intermediate. Finally, we solved the NMR structure of 189 in the presence of Ca?*. The holo
structure was in excellent agreement with our computational state 1 model (Ca RMSD = 1.34A,
excluding loops) and the backbone conformation of binding site Il was consistent with an EF
hand binding motif (Fig. 3C). Though holo 189 had many more distance restraints cons stent with
state 1 and less congistent with state 2 compared to apo 189, we still observed several nOe-
derived distance restraints consistent with state 2 even in the presence of excess Ca®*, suggesting
residual dynamics (Fig. S12). Taken together, these results suggest that the tested family of
sequences adopted the two designed conformational states of the reshaped region in solution,
where the populations of these states can be modulated by both allosteric mutations (Fig. 2) and
Ca* binding (Fig. 3).

I ntegration of physics-based ssmulationsto tune confor mational equilibria

To further probe the atom-level interactions underlying the designed conformational switching,
we ran molecular dynamics (MD) simulations for designs 189 and S89 with and without Ca?*
(Fig. 4A). Strikingly, throughout the trajectory initiated from the AF2 model without Ca?*,
design 189 switched between state 1 and state 2 in excellent agreement with our design (Fig. 4A,
Fig. S13) with atimescale of exchange consistent with our Ry, data (Fig. 2E). In contrast, we did
not observe conformational switching when simulating design 189 with Ca?*, and Ca?* remained
bound to site Il during the smulation (Fig. 4A, inset), in agreement with the experimental data
showing that Ca®* stabilizes state 1. Design S89 remained in the state 2 conformation throughout
the entire course of a 1ps simulation under both the Ca?*-free condition and in the presence of
Ca”* (Fig. S14); the latter could be explained by insufficient sampling, although the lack of
observed dynamics on thistimescale is consistent with our AF2 prediction (Fig. 2A), the higher
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(more confident) average AF2 pLDDT of S89 compared to 189 (Fig. S7C), the NMR structure
(Fig. 2C), and the Ca®* binding data (Fig. 3B). In summary, the MD trajectories provide
compelling support of a two-state equilibrium between the designed states on alow microsecond
timescale for design 189, show that Ca®* preferentially stabilizes state 1in 189, and are consistent
with allosteric modulation of the designed switch at position 89.

Because of the remarkable agreement between the design predictions (Fig. 2A), MD simulations
(Fig. 4A), and NMR data (Fig. 2B-E; Fig. 3), we next asked whether the MD results could (i)
explain the mechanism of allosteric modulation and (ii) make testable prospective predictionsto
further validate this mechanism. We first performed a mutual information analysis of side chain
torsional dynamics (23) in the apo 189 MD trajectory. We observed a network of hydrophobic
core residues coupling torsional motions of the Ca?* binding site Il (residues 70-76) to distal
residuesin loop 111 (residues 50-58) and helix D (residues 80-94) (Fig. 4B). Allosteric residue 89
directly facesloop Il from central helix D. Combined with our experimental results on allosteric
modulation (Fig. 2), our MD results therefore suggest a mechanism where the amino acid
identity at residue 89 causes differencesin sterics (189) or hydrogen bonding (S89) interactions
between helix D and loop 111 (Fig. 2A), which in turn couple through the identified correlated
hydrophobic network to the Ca?* binding site and reshaped region (Fig. 4B). Further analysis of
the mutual information data revealed two unique interaction networks that are specific for state 1
or state 2, respectively (Fig. 4C), and involved motions of ILE 69 as akey facilitator of
communication between distal regions. State 1 appeared to be stabilized by hydrophobic
interactionsinvolving burial of ILE 69, n-n stacking between TYR 64 and TYR 88, and less
steric bulk near ILE 89. Conversaly, in state 2 ILE 69 is pointed outwards to the surface,
allowing for TYR 43 to form new contactsin network of hydrogen-bonding and electrostatic
interactions mediated by TYR 43, TYR 64, LY S 68, and GLU 81. Taken together, the mutual
information analysis of the MD trajectory suggests two extensive state-specific interaction
networks that link the reshaped region and the allosteric site 89.

To test these state-specific interactions, we predicted mutations of the identified networks that
would favor state 1 by (i) scoring with a structure-conditioned masked language model
(Frame2seq) (18) and (2) predicting the mutant structures with AF2. We reasoned that a Y 64F
mutation should be disruptive in state 2, asit is unable to hydrogen bond with TYR 43 and GLU
81, but neutral in state 1, where PHE can still form azn-n stacking interaction with TYR 88.
Likewise, a K6BE mutation should also be disruptive in state 2, as it cannot form a stabilizing
electrostatic interaction with GLU 81, but neutral in state 1 where it is solvent-exposed. In both
cases, Frame2seq predicted a higher likelihood for the mutated amino acid compared to the
original amino acid given state 1 and a lower likelihood given state 2, AF2 predicted these
mutants to adopt state 1 with higher confidence compared to the original 189 sequence, and the
'H,>N-HSQC spectra were consistent with the expected shift in population toward state 1 (Fig.
4D-F). In summary, our results explain the observed allosteric modulation of the conformational
landscape by mutations at the lynchpin position 89 and validate predictionsto further tune the
switch equilibrium.
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Discussion

Our results demonstrate a general approach to design proteins with two distinct conformational
states specified by the designer whose interconversion can be modulated both by ligand
concentration (orthosterically) and by mutations to distal sites (allosterically). The approach
generalizes beyond prior de novo designed switches based primarily on domain replacement or
hinge-like motions (10) where most of the atomic interactions between the rigid bodies remain
constant (15, 16). In contrast, our designs interchange between distinct sets of atomic interactions
and demonstrate that new modes of motions—inspired by those present in regulator
superfamilies such as kinases and GPCRs - can now be realized through de novo design, grestly
expanding accessible functional space.

One notable observation is the strong correspondence between the deep-learning based
predictions, experimental data, and physics-based simulations. This agreement provided testable
hypotheses on the mechanisms underlying the bistability of the switch and allowed usto

modul ate the conformational landscape at the atom-level. We attribute these findings at least in
part to specific features of our approach, in particular the search through sequence and structure
space that narrowed designable positions to those predicted to be key determinants of the
engineered conformational change (Fig. 1B). The speed and inference offered by deep-learning-
based protein sequence design and structure prediction enabled this approach that, ultimately,
designed distinct residue networks stabilizing the two structural states. Thislevel of insight into a
designed system is essential to advance de novo design of allosteric regulation.

The synergy between deep learning and physics-based s mulations - demonstrated here for the
first time for the de novo design of dynamic proteins - may be useful for devel oping future
design methods that would enable predictive control over the timescale of exchange (which we
did not consider here). Emerging approaches to this problem include training models on
simulation and/or experimental data (24, 25) and using machine learning to parameterize new
force-fields (26, 27). Future development of deep learning integrated with unique dynamics data
offered by experiment and ssimulation could allow for one-shot conformational ensemble
prediction (28, 29) to design sequences given a user-defined conformational landscape. It is
encouraging that our approach can aready successfully design motions involving intricate
changes to the inter-residue interaction network between states, despite the individual models for
sequence and structure prediction never having been explicitly trained for such atask.

Functional conformational changes in natural proteins are often complex, typically not well-
understood, and hence difficult to study and manipulate using engineering approaches. In
contrast, our design method both generates two-state conformational changes similar to thosein
nature, as well as successful predictions how to modulate the populations of these states. To our
knowledge the proof-of-concept application hereisthe first example of designing a de novo
aternative state into a naturally occurring protein. This result suggests that our approach may be
useful for controlling natural functions through tunable conformational switching, which would
open many new avenues to study and manipulate the roles of natural switchesin the cellular
context. Moreover, our approach should be useful to generate entirely bio-orthogonal protein
switches. The approach and concepts described here hence have broad relevance to both
modulate and deconstruct the requirements for natural signaling and construct complex switch-
like signaling systems entirely from the ground up.
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Fig. 1. Generalizable approach for the deep lear ning guided design of dynamic proteins.
(A) Schematic of design goal to engineer dynamic proteinsin atwo-state equilibrium that can be
controlled by orthosteric ligands and allosteric perturbations. (B) Main stages of the approach:
(1) De novo generation of alternative statesthat differ in their geometry (light blue region) using
systematic conformational sampling (Fig. S2), followed by in silico and experimental validation
of single state designs. (2) Deep learning (DL) guided sequence/structure search to focus
sampling during multi-state design (M SD) at key positions for determining state preference and
their neighbors. (3) Combination of physics-based molecular dynamics (MD) simulations,

14


https://doi.org/10.1101/2024.07.17.603962
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.07.17.603962; this version posted July 19, 2024. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

mutual information analysis (Mutinf), and deep learning models to determine state-specific
residue interaction networks and identify mutations capable of modulating the conformational
landscape, followed by experimental validation. (C-D) Application to generate two designable
states with distinct conformations coupled to ligand binding (Ca?*). (C) (Top row, light blue)
Binding-competent state 1 structure with Ca®* binding site (inset) (PDB ID: 1SMG) shown in
two orientations. (Bottom row, teal) De novo generated alternative (binding-incompetent) state 2
model shown in two orientations. To couple Ca”* binding to the designed conformational
change, the Ca?* binding site is significantly reshaped in state 2 to disfavor Ca®* binding (inset).
(D) Overlay of the NMR structure of a state 2 single-state design (teal) with its AF2 prediction
(grey) shows excellent agreement (Ca RMSD = 0.98A, excluding loops).
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Fig. 2. Two-state equilibrium in fast exchange shifted by allosteric mutations. (A) The
protocol in Fig. 1B predicted a family of sequences differing only at position 89 (X), where the
amino acid identity at position X determined whether the 5 AF2 predicted models were entirely
in state 2 (left), mixed (middle), or entirely in state 1 (right). Depicted AF2 models (grey
cartoons, with reshaped region colored by AF2 pLDDT) are for the underlined amino acid at
position X (shown as sticks). Small polar residues favored state 2 by hydrogen-bonding with the
backbone of loop I11 (bottom, left), while bulky and/or hydrophobic residues favored state 1 by
pushing loop 111 away from the central helix (bottom, right). (B) *H,">N-HSQC spectra of S89,
N89, and 189, with several well-resolved peaks (shaded ovals) showing chemical shift changes
consistent with atwo-state equilibrium in fast exchange between state 1 preferred (189), state 2
preferred (S89) and intermediate (N89). Inset shows *Hn chemical shift changes between 189 and
S89 colored on the AF2 model of 189, consistent with the designed conformational change in the
reshaped region (the reshaped region is circled by dashed linein panels B-E). (C) Agreement
between the NMR structure of S89 (red) and its AF2 prediction (grey) (Ca. RMSD = 1.31A
excluding loops). Inset shows the hydrogen bond formed between S89 and loop 111 in the NMR
structure consistent with AF2 predictionsin (A). (D) NMR models for 189 were consistent with
sampling both state 1 (blue, left) (Ca RMSD = 1.67A excluding loops) and state 2 (pink, right)
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(Ca RMSD = 1.31A excluding loops), with key residue ILE 69 buried in proposal #1 (state 1)
and solvent-exposed in proposal #2 (state 2). (E) °N near-resonance Ry, relaxation rates for
design 189 plotted per residue (top) and visualized on the AF2 structure of design 189 (bottom)
indicate low microsecond exchange in the regions predicted to undergo significant
conformational changes (median predicted change in CB-Cp distances between states shown on
the x axis colored by magnitude). Residue numbering of all designs includes the N-terminal
thrombin cleavage site scar (grey in (A)).
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Fig. 3: Modulation of the confor mational landscape by ligand binding. (A) Changesin 189
"Hn chemical shifts upon adding 10eq of Ca’* visualized on the AF2 model, showing significant
chemical shift perturbations distal to the Ca®* binding sites, particularly in the reshaped region
and in neighboring residues. (B) *H,”N-HSQC spectraof S89, N89, and 189 with 10eq of Ca®*
show ligand-dependent chemical shift changes for residues in the reshaped region consistent with
Ca’* shifting the population distribution toward state 1 (arrows). (C) The Ca?* bound NMR
structure of 189 is excellent agreement with its AF2 prediction (Ca RMSD = 1.34A, excluding
loops), and the observed binding site backbone is consistent with the known EF hand binding
motif with modeled-in Ca* (right).
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Fig. 4. Physics-based smulationsreveal molecular mechanisms underlying switch
behavior. (A) Ca*-free 1us molecular dynamics (M D) tragjectory of 189 showing the expected
trangitions between a binding-competent state 1 and binding-incompetent state 2 conformation
(cyan helix, top) with atimescale of exchange of approximately 0.5us. The protein remainsin
state 1 in the presence of Ca®* (bottom). CEl RMSD is measured for the reshaped helix compared
to the starting coordinates and coordinates Ca?* consistent with an EF hand (inset). (B) Mutual
informational analysis (heatmap) revealing a correlated network of residues (light blue)
connecting the Ca** binding loop (green) with the allosteric mutation site (dark blue), shown in
two orientations (top panels, reshaped helix circled by adashed line). Panels on the right show
interaction details of akey residue, ILE 69 (red, highlighted by dashed box in heatmap), linking
the two regions. ILE 69 becomes solvent exposed in state 2, enabling the formation of distinct
contactsby TYR 43. (C) State-specific interactions for state 1 and state 2 (colored) observed
during a 1us Ca*-free MD simulation for 189. (D-F) In silico and experimental validation of
state-specific interaction networks using mutations. (D) Frame2Seq (F2S) predictions for Y 64F
and K68E; score refers to the negative log-likelihood difference between the mutated and
original sequence, where the negative change in score predicts the mutations disfavor state 2. (E)
AF2 predictions showing higher pLDDT (greater confidence) for state 1 for mutants on the right
compared to the original sequence on the left. (F) *H,”N-HSQC NMR data showing chemical
shift changes consistent with an increased state 1 population in the mutants (arrows denoting
direction of shifts from state 2 (S89) towards alarger population of state 1 (189)).
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