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Abstract

Multimeric enzymes often place catalytic residues at subunit interfaces, coupling
activity to correct assembly and concentration. The need for correct assembly from
multiple units complicates bacterial expression, scale-up, and implementation into
industrial bioprocesses. By construction, a single-chain monomer folding into
the exact same active-site geometry could, in principle, alleviate these challenges,
while still retaining its catalytic activity. Following this reasoning, we present a
general computational design protocol to monomerize multimeric enzymes while
preserving their active-site geometry. Our method combines Monte Carlo opti-
mization with an energy-based formalism, specifying design constraints as energy
terms defined through the outputs of a protein-folding algorithm. Specifically, by
driving the sequence search to active-site geometries close to that of the multimeric
enzyme, we generate monomeric variants with low RMSD to the multimeric active
site, in line with commonly used thresholds to filter potential candidates for lab
testing. As a case study, we redesign the homotetrameric formolase enzyme, a crit-
ical synthetic enzyme for conversion of carbon dioxide into valuable Cs chemicals.
Given the protocol’s generality, we believe these results represent an important
foundational step toward speeding up the search for industrially practical synthetic
enzyme mimics.

1 Introduction

Enzymes are ubiquitous in nature, and much of biotechnology aims to replicate their defining property:
high selectivity and high-turnover catalysis under process conditions. Nature, guided by hundreds of
millions of years of evolution, provides an enormous repertoire. Many enzymes are used directly,
while others serve as starting points for optimization. The latter is often needed because natural
enzymes evolve under constraints unlike those of industrial use. For example, natural enzymes evolve
to work at moderate temperature, near-neutral pH, and in dilute conditions while catalyzing multiple
reactions, whereas industrial processes often require stability in harsher environments and strict
selectivity for a single transformation.

For multimeric enzymes — whose catalytic sites often form at subunit interfaces — the mismatch
between natural selection and process needs is especially pronounced. First, subunit dissociation —
driven by dilution, shear, pH shifts, or surface attachment — distorts interfacial geometry, reducing
activity [Fernandez-Lafuentel 2009, [Mateo et al.,[2020]]. Second, yields and lot-to-lot consistency
suffer because multiple polypeptides must be co-expressed at defined stoichiometries. Imbalances
create orphan subunits that degrade or aggregate, making expression tuning another process variable.
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Figure 1: Overview of the Monomerization Protocol. First, we retrieve the multimeric formolase
from the Protein Data Bank (PDB), extract a functional motif encompassing the active site, and
initialize a random linker (magenta) between contiguous parts of the two chains forming the interface
(blue) of the active site (red). Second, we use this initial sequence to run an energy-driven search

through sequence design space with BAGEL 2023].

Third, immobilization and reactor integration are harder for bulky multimers: they pack less efficiently
into meso-/macroporous carriers (e.g., metal-organic frameworks), face orientation and diffusional
constraints, and often require interfacial cross-linking to prevent dissociation, typically at the expense
of specific activity [Sheldon and van Pelt, [2013] Bayne et al.,[2013] [Wang et al., [2020].

To at least partially alleviate these problems, one could try to replace a complex multimeric enzyme
with a single-chain mimic. In order to reach this goal, a central question is: is there a monomeric
amino acid sequence that preserves the catalytic geometry of a multimeric enzyme’s interfacial active
site? In a broader context, this question is known as the motif scaffolding problem, recently addressed
using a multitude of machine-learning—based algorithms Wang et al|[2022]], Hansen et al.| [2024]],
Ahern et al.|[2025]]. Nevertheless, monomerization remains largely handcrafted, relying on manual
interface redesign and residue swaps, either with the 3D structure or without it

[Tong et al., 2005]]. With progress in deep learning-based folding, a general, practical, on-demand in
silico protocol is now within reach.

To that end, and to the best of our knowledge, we propose a general approach that enables the
monomerization of any multimeric enzyme, whose active site lies at the interface of its protein chains,
depicted in Figure[T] As a test case, we design a monomeric variant of the tetrameric formolase (FLS)
enzyme (PDB ID 4QQS8)|, UniProt Q9F4L3). FLS is a key component of an enzymatic cascade that
converts carbon dioxide into valuable C3 chemicals. For details, refer to Appendix [A]

2 Method

General Protocol. Naively trying to find the right monomeric sequence that will fold into the exact
geometry of a multimeric, interfacial active site is a prohibitively difficult task. Therefore, we build
on the previously developed energy landscape framework BAGEL [2025]], formalizing the
design task as a minimization over a set of design constraints.

In practice, we minimize an energy Eq = ), w; E;, which is a weighted combination of energy
terms F;, each of which is a function of folded structure X and confidence metrics ®, retrieved from
a protein-folding oracle. To minimize Fq, we iteratively mutate the associated protein sequence s to
s', employing Monte Carlo (MC) optimization with the usual Metropolis acceptance criterion:

Eg(X’,(ID’)T— EQ(X,@))]

a(s — §';T) = min [1, exp < (1)
T is the effective temperature balancing exploration and exploitation of the search space. (X, ®) =
F(s)and (X', ®") = F(s') are the folded structures and folding confidence metrics corresponding
to sequences s and s’ respectively. We use ESMFold to model the folding oracle
F. We alternate between low and high temperatures, effectively performing simulated tempering
[Marinari and Parisi, [1992] to improve the convergence of the minimization.
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On top of common energy terms usually employed to achieve high-confidence designs, fully provided
in Table[T)in Appendix [B] we highlight three other essential energy terms for driving the sequence
search. First, we use a template-matching energy that penalizes deviations in the geometry of active-
site heavy atoms between the designed monomer (monoFLS) and the original multimeric enzyme
(multiFLS). This deviation is quantified as the root mean squared deviation (RMSD) of the active site,
also referred to as a motif. Second, to improve the stability of the (former) interface, we minimize the
interface Predicted Aligned Error GPAE). This ensures the two linked domains behave as a single
rigid body, i.e., do not move relative to one another. Lastly, we ensure that the monomerization does
not obstruct the active site by maximizing its solvent-accessible surface area (SASA), thus preserving
substrate accessibility.

Monomeric Formolase. Given the vast space of protein sequences, we need to wisely choose
the starting point of our minimization. For FLS, we initialize the search with a functional motif
derived from the crystal structure of FLS (PDB ID 4QQS8). We extract residues within 5 Aofa
reaction intermediate, similar to[Wang et al.|[2022]. The intermediate dihydroxyacetone-thiamine-
pyrophosphate (DHA-TPP) and Mg** were retrieved and superimposed into the crystal structure from
Siegel et al.|[2015]]. This yields a functional motif of 12 residue islands (39 residues in total), which
we consider essential for catalytic activity and thus do not mutate during the optimization. Scaffolding
these many islands in such a way as to provide a catalytically active interfacial geometry is non-trivial,
hence we continue the motif extraction by finding the two contiguous sequences from each multimeric
domain that connect all the islands from each chain, resulting in two effective domains (blue and
yellow in the middle of Figure|[T)). We fuse the sequences of these domains with a randomly initialized
mutable 15-residue linker, yielding a single monomeric chain that can be used as a starting point for
our optimization procedure. In this work, we run 10 independent optimization runs, each initialized
with a different linker, with the entire sequence apart from the immutable residue islands free to
evolve throughout.

Orthogonal Folding and Molecular Simulations. After generating candidates with MC, we
further filter our designs with orthogonal protein-folding algorithms, namely AlphaFold2 [Jumper
et al., [2021]], Boltz-2 [Passaro et al., [2025]], and Chai-1 [Boitreaud et al., [2024] — both within the
single-sequence (ESM-2) and multiple sequence alignment (MSA) modes. Lastly, to establish the
stability of the active site pocket, we run vanilla molecular dynamics for 500 ns for both multiFLS
and the designed monoFLS variants, with simulation details provided in Appendix

3 Results

Optimization Results. Starting from high values of motif RMSD, iPAE and active-site SASA, the
optimization yields low-energy designs, shown on an example in Figure ]in Appendix [B] From each
run, we select up to 10 sequences with the lowest energy Fq, that also meet the following criteria:
a motif RMSD of less than 1.0 A, a pLDDT score higher than 0.75, and a pTM score above 0.7 (all
retrieved from ESMFold-derived structures). We choose this motif RMSD threshold as previously
described by [Lauko et al.l 2025]]. This results in 40 monoFLS design variants.

Orthogonal Folding. To assess the robustness of our designs beyond ESMFold, we evaluated them
with multiple orthogonal folding algorithms. Motif RMSD distributions across the 40 monoFLS
variants (Figure [5] in Appendix [C) show close agreement between ESMFold and Chai-1, while
AlphaFold2 and Boltz-2 predict higher RMSD values, suggesting poorer active-site conservation.
Interestingly, rank correlations (Figure[6) are stronger between ESMFold and AlphaFold2/Boltz-2
than with Chai-1. Based on the average motif RMSD across all models, we identified four top
successful candidates (Figure [2} Table[2]in Appendix [C). These are also the only designs supported
by at least one orthogonal model — specifically Chai-1 (MSA) — with a motif RMSD below 1.5 A,
a threshold previously used to identify successful designs [[Ahern et al.| 2025]]. This convergence
suggests these monoFLS variants are the most promising for experimental validation.

These variants all come from the same optimization trajectory, differing by at most ten point mutations
with effectively near-identical ESMFold-derived structures, shown in Figure . Nevertheless, once
folded with other oracles, the same variant exhibits a different geometry near the active site, shown
in Figure 2B. This then extends to the other variants as well (see Figure [7in Appendix [C). We do
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Figure 2: Folded Structures of Final Designs. A) ESMFold-predicted structures for the four final
monoFLS variants show near-identical global folds and entry-site geometries. B) For monoFLS-6,
different folding algorithms predict distinct folds at the entry. In all panels, we show the full monoFLS
with an inset of the entry to the active site. We compare multiFLS (cyan, yellow) to the monoFLS
scaffold (blue) and motif (red). We include the DHA-TPP (orange) intermediate and magnesium
ion (green). For clarity, only residues at the active-site entry are shown, highlighting our focus on
maintaining pocket accessibility.

not further investigate whether this comes from the inaccuracy of the algorithms, or from genuine
misfolding.

Molecular Simulations. Figure 8| indicates monoFLS-9 is similarly stable to the native multiFLS
after 500 ns of simulation, both in terms of domain—domain separation and motif RMSD. If we were
to choose a single sequence for experimental validation, these results suggest monoFLS-9 should be
brought forward. Detailed interpretation of the simulations is given in Appendix [D}

4 Discussion

Optimization Results. We show that our protocol is able to monomerize multiFLS, with a relatively
low motif RMSD and iPAE, and a reasonable active-site SASA. Despite the SASA decreasing from
the initialized sequence (before minimization) in Figure 4] we consider the strategy of SASA-
maximization as successful in keeping the active-site pocket accessible, when relying on the geometry
of the entry residues produced by the folding algorithms. Nevertheless, we notice the poor sequence
diversity of the monoFLS designs, and only a single run yielding results passing our metric filters. We
label this as a limitation of the current MC protocol, which cannot produce diverse sequences within
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Figure 3: Molecular Dynamics Trajectories. (left) Time evolution of the domain—domain separation
deviation. (right) Time evolution of the motif RMSD to the multiFLS crystal structure.

a single optimization. We could achieve greater diversity by initializing many more independent runs,
increasing the temperature during the tempering regime, or with a more sophisticated framework,
such as GFlowNets [Jain et al., [2023]].

Folding Models. Our protocol is inherently limited by the quality of the predictions of the protein-
folding algorithms. We used multiple protein-folding algorithms to filter out adversarial designs by
ESMFold. Nevertheless, given the algorithms’ similar architectures and training data, these oracles
do not constitute truly orthogonal predictions. Still, despite observing effectively identical geometries
in the ESMFold-derived structures, other models fold the active site quite differently even though
the sequences are very similar (see Figure [7]in Appendix [C). We hypothesize that the structural
differences from minor mutations across orthogonal models could be leveraged for more effective
filtering, helping to avoid adversarial ESMFold sequences as lab candidates. Furthermore, when
compared to popular frameworks such as RFDiffusion |Ahern et al.|[2025]], given that we design
directly in sequence space, and such frameworks always rely a final validation re-folding, in the limit
of sufficient algorithmic optimization and diverse enzyme classes, we expect to have these methods
behave similarly.

Stability and Pocket Collapse. First, molecular simulations show the two domains in monoFLS
are less stable than in multiFLS. To tackle this, we plan to employ additional energy terms that would
further improve the formed interface, on top of the already employed iPAE energy. Moreover, the
optimization could potentially be run for longer, as the iPAE does not seem to converge yet (Figure 4]
in Appendix [B). Importantly, simulations let us pinpoint dynamics-driven issues without synthesis,
so we will continue to use them as oracles for design filtering. Second, despite seeing the entry
residues retain the open geometry in the folded structures, after the initial equilibration, we observe
the active-site pocket collapsing. We do not necessarily attribute this to a failure of our designs, as
we observe the same collapse in multiFLS as well (Figure [8). We hypothesize this is because the
co-factor is not present, or due to a general inaccuracy of the force field used. Further work will
explore other force fields, including ones that can model co-factors [Takaba et al., [2024].

Experimental Validation. It has been shown that monomeric variants can have some key properties
degraded. Upon monomerization, aminopimelate decarboxylase has attenuated catalytic activity
[Peverelli et al.,[2016], anthranilate phosphoribosyltransferase has worsened thermostability [Schwab
et al.| 2008]], or an insulin-degrading enzyme loses its regulatory properties [Song et al.l 2010]. We
hypothesize that our monomerization procedure might lead to similar worsening of such properties, at
the benefit of creating a more compact version. Therefore, we view these designs as the first batch of
sequences for subsequent optimization through directed evolution [Arnold, 2017} Yang et al.,[2019].

5 Conclusion

We proposed a general protocol to monomerize multimeric enzymes with an interfacial active site,
useful in many bioindustrial processes. On the specific example of homotetrameric formolase, we
found four candidate monomeric sequences that we consider the most promising for subsequent
experimental validation. We view our method as a foundational step toward the general simplification
and miniaturization of multimeric proteins. We recognize the limitation of showcasing the method
on a single enzyme only, and thus invite the community to use our protocol on other multimeric
enzymes, testing the monomerized variants in their respective experimental assays.
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A Formolase Details and Significance

Formolase (FLS) is a synthetic, thiamine-pyrophosphate (TPP)-dependent carboligase engineered
from benzaldehyde lyase (BAL) to condense formaldehyde into dihydroxyacetone (DHA), enabling a
one-carbon (C1) assimilation route that funnels CO-derived formate/methanol into dihydroxyacetone
phosphate (DHAP) via the “FLS pathway” [Siegel et al., |2015, [Mosbacher et al., [2005]. FLS’s
catalytic efficiency toward formaldehyde is comparatively low (keat/Kpr ~ 4.7 M~ s™1), and at
low formaldehyde concentration it also accumulates glycolaldehyde, reflecting the first carboligation
step [Siegel et al., 2015 [Poust et al., |2015]]. Formaldehyde’s inherent cytotoxicity further complicates
in vivo deployment of this route [[Chen et al.,2016|. Nevertheless, FLS is central to state-of-the-art
cell-free carbon-utilization cascades (e.g., the artificial starch anabolic pathway, ASAP), where it can
dominate enzyme mass requirements (reported at around 86% of total protein required in ASAP),
highlighting FLS as a practical bottleneck for scale-up [Cai et al.,|2021]]. Monomerizing — and thus
miniaturizing — FLS would reduce expression and immobilization burdens, particularly for porous
carriers such as metal-organic frameworks, where multimer dissociation and pore-size constraints
hinder large enzymes, thereby improving enzyme packing density, stability, and process economics
[Fernandez-Lafuentel 2009, [Homaei et al., 2013} Wang et al., [2020].

B Optimization Details

For a full description of the energy terms and the energy optimization procedure, refer to the original
technical report on BAGEL [Léla et al.,[2025]). Table[I]summarizes the philosophy behind choosing
these terms and lists the corresponding weights; the optimization parameters are given in the caption.
Note, however, given the stochastic nature of MC optimization, using these parameters will yield
only qualitatively similar results across repeated runs.

Table 1: Energy terms used in the minimization within BAGEL with their descriptions and weights.
Here, we use ESMFold as the folding oracle. Optimization parameters: Tjoy = 0.1, Thign = 1.2,
Nsteps, high = 100, Ngteps, 1ow = 400, Neyeles = 100, and preserve_best_system_every_n_steps=
500. The last parameter specifies how many MC steps are taken before reverting to the best sequence
so far, which improves optimization convergence.

Energy Term Description Weight

Folded-structure terms

SurfaceAreaEnergy Reduces the amount of exposed surface area, by approximating the -1.0
solvent-accessible surface area. With a negative weight, this term
incentivizes maximizing exposed surface area.

HydrophobicEnergy Penalizes hydrophobic residues exposed on the solvent-accessible 2.0
surface.
GlobularEnergy Promotes compactness of the designed chain (penalizing overly 1.0

extended conformations) to encourage a globular, well-packed fold,
further aiding in miniaturization.
TemplateMatchEnergy Limits deviation of the RMSD of a set of residues to a pre-defined 5.0
template. We compute the RMSD on all the heavy atoms including
the side chains.

Confidence-metric terms

PTMEnergy Encourages high predicted TM-score (pTM), biasing toward correct 1.0
global topology of the folded model.
OverallPLDDTEnergy Maximizes overall predicted Local Distance Difference Test 2.0

(pLDDT) confidence across the model, promoting locally well-
determined structure.

PAEEnergy Minimizes interface Predicted Aligned Error (iPAE) across the 5.0
specified residue groups (here, the two domains fused by a linker),
encouraging them to behave as a rigid body, with a well-defined
interface.

Figure [4] shows the evolution of the energy terms of the best system found so far throughout the
optimization. This single run produced all of the four monoFLS variants. We clearly start off with a
large motif RMSD (template-matching energy), showing that the randomly fused domains do not
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recover an active-site geometry close to that of the multiFLS. Moreover, as the optimization evolves,
iPAE energy decreases as well, suggesting the domains start to form a well-packed interface. More
noticeably, although we try to maximize SASA, the evolution shows a reduction of the SASA energy
(unweighted). Nevertheless, we do not consider this a problem, as the initial structure was likely
unstructured relative to our design objective, with a high motif RMSD, and thus likely exposed
more of the surface in the pocket. Only later, once the motif RMSD drives the search to the correct
geometry, does the SASA energy start to play the role of ensuring the pocket accessibility.

Total Energy Template-Matching Energy Interface PAE Energy Pocket SASA Energy
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Figure 4: Optimization Evolution. System energy Fq, template-matching energy (i.e., motif
RMSD), iPAE energy, and SASA of the active site pocket, as a function of the Monte Carlo steps of
one of the best optimization runs, i.e., the one which produced all the successful monoFLS designs.
All energies are provided unweighted.

C Further Results of Orthogonal Folding

Below we provide results of the orthogonal folding. Table [2]lists the four final monoFLS designs,
reporting motif RMSD from each folding model and the full-protein RMSD from Chai-1 (MSA).
The full-protein RMSD is the deviation of the monoFLS backbone between the orthogonally folded
structures and the original ESMFold one. While common in RFDiffusion-based enzyme design
[Dauparas et al.l 2022], we do not use the full-protein RMSD for filtering. Prior work has also shown
it can inversely correlate with success for solenoid proteins [[Pretorius et al.| [2025].

We report the full distributions of motif RMSD and full-protein RMSD in Figure [5] where Chai-1
generally yields lower RMSD values. Then, in Figure [6] we show the correlations between motif
RMSD from ESMFold and each orthogonal folding algorithm respectively. We observe that if only
using the previously discussed set of 40 designs that pass the filter of motif RMSD below 1.0 A, we
obtain almost no correlation. Only upon including more variants with larger ESMFold-derived motif
RMSD do we see a better correlation, between ESMFold and the other models, with AlphaFold2 and
Boltz-2 correlating more strongly than Chai-1. This is despite the behavior in Figure[5] which might
suggest otherwise, given the very low RMSD values for Chai-1 structures. We do not investigate this
further here, but note that filtering can obscure correlations between different folding algorithms,
which could otherwise be used to increase confidence in specific designs. The decision of whether,
when, and how to apply such filtering should therefore be made carefully and without bias.

Table 2: Final monomeric designs. All are within 39-41% sequence identity to the starting monomeric
sequence with the randomly initialized linker.

Motif RMSD Backbone RMSD
Design ESMFold AlphaFold2 Boltz-2 Chai-1 (ESM-2) Chai-1 (MSA)  Chai-1 (MSA)
monoFLS-6 0.932 1.822 2.405 2.271 1.459 1.951
monoFLS-9 0.931 2.196 2.336 2.350 1.413 2.584
monoFLS-12  0.933 2.136 2.330 2.289 1.495 1.631
monoFLS-24  0.929 1.910 2.283 2.525 1.419 1.778
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Figure 5: Orthogonal Folding Distributions. Motif and full-protein RMSD distributions from
orthogonal validation across four folding algorithms. Motif RMSD is against the crystal structure of
multiFLS; full-protein RMSD is against the ESMFold-derived monoFLS designs. The dashed line
marks the 1.5 A threshold. Across both metrics, ESMFold agrees most closely with Chai-1, whereas
AlphaFold2 and Boltz-2 distributions are shifted toward higher RMSD values.
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Figure 6: Orthogonal Motif RMSD Correlations. Comparison of motif RMSD predicted by
ESMFold and four orthogonal folding models across 40 monoFLS designs (colored circles). We also
include 41 additional variants that pass the initial filter of pPLDDT score above 0.75, pTM above 0.7,
but have a motif RMSD between 1.0 A and 1.2 A (uncolored circles). Spearman rank correlation
coefficients (p) are computed for both the original set (40) and the more lenient set (81).

D Molecular Simulation Details

D.1 Simulation Protocol

We perform vanilla molecular dynamics with OpenMM [Eastman et al., |2023|]. For the multimeric
FLS enzyme, we removed TPP and Mg?* from the crystal structure (4QQ8) and used it as the starting
point, while for the designed monomers, we use the ESMFold-predicted structures as the starting
points. Prior to simulation, all structures were pre-processed with pdbfixer to repair missing atoms
or residues and to add hydrogen atoms. The Amber ff14SB force field [Maier et al., [2015] was
used for the protein, which was solvated in an explicit solvent box using the TIP3P-FB water model
[Sengupta et al.l [2021]], with a minimum padding of 1 nm between the solute and the box edges.
Note that the simulation includes only the protein and the solvent, and thus should be considered as
non-catalytic in the sense of attempting to reconstruct the catalytic transition state. The goal is rather
to establish a sense of stability between the two effective domains upon their fusion.

Energy minimization was performed in two stages. In the first stage, all heavy atoms were harmoni-
cally restrained to allow hydrogen atoms to relax. In the second stage, the harmonic restraints were
released and full system minimization was carried out. Following minimization, equilibration was
conducted for 200 ps in the NPT ensemble at 300 K and 1 atm. Temperature control was maintained
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Figure 7: Orthogonally Folded Active Sites. We show the remaining three monoFLS variants,
specifically the geometries of four key residues in the entry of the active site for all orthogonal folding
algorithms.

with a Langevin thermostat (friction coefficient of 1 ps™'), while pressure was regulated with a Monte
Carlo barostat. Nonbonded interactions were treated using the particle-mesh Ewald (PME) method,
employing a real-space cutoff of 1 nm (10 A) and an Ewald error tolerance of 10*. Bond lengths
involving hydrogen were constrained, and water molecules were kept rigid, permitting the use of a 2 fs
integration timestep. Production simulations were subsequently carried out under these conditions.

D.2 Results

First, Figure 3] showed the domain—domain separation distance (between the two domains before
introducing the linker) and the time-evolution of the motif RMSD (to multiFLS). We specifically
show the deviation between the two centers of mass between the respective domains, when compared
to the first frame of the trajectory, i.e., after the initial equilibration. The deviation is measured with
respect to the initial snapshot of the production run, hence evolution into negative values show the
domains coming closer together during the simulation. Three of the designs (monoFLS-9, monoFLS-
12, monoFLS-24) show similar deviation to the native multiFLS, which, however, seems to be the
most stable in terms of fluctuations of this metric throughout the 500 ns. monoFLS-6 shows large
deviations, but then comes closer in terms of domain—domain separation. In terms of motif RMSD
relative to multiFLS, monoFLS-9 shows the closest agreement throughout the trajectory, while the
others gradually drift away.
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Initial

After Equilibration

multiFLS

Figure 8: Pocket Collapse of multiFLS. The original multimeric enzyme appears to have its pocket
collapse after initial equilibration, when compared to its crystal structure (Initial). We show the
intermediate DHA-TPP in orange to clearly indicate where the effective pocket is located.

Second, we notice that during the simulation of the native multiFLS, the pocket collapses right
after equilibration, shown in Figure[8] This might suggest that the force field cannot fully capture
the relevant biochemical dynamics. The pocket is visualized using PyMOL’s surface rendering,
which uses a triangulated solvent-excluded surface with a default 1.4 A probe. This observation is
qualitative, as static solvent-excluded surface images are sensitive to probe radius and smoothing,
and we thus do not over-interpret them, but provide them for completeness. Nevertheless, we believe
such simulations can still serve as a lower-throughput validation step for filtering designs before
committing to experimental synthesis. A more reliable quantitative assessment, such as trajectory-
based solvent flux or water-occupancy analysis along the entry residues, would be more appropriate
but is beyond the scope of this paper.
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