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ABSTRACT

The design of tailor-made enzymes for new-to-nature reactions holds significant industrial
potential. Despite advancements in de novo enzyme design, designed enzymes often exhibit
catalytic efficiencies far lower than their natural counterparts, necessitating directed evolution to
enhance their activities. This thesis aims to improve enzyme design methods to enable the creation
of efficient enzymes without reliance on directed evolution by addressing key challenges in current
approaches. Firstly, existing methods focus solely on the active site and do not include distal sites,
whose contribution to catalysis is not well understood. In Chapter 2, we demonstrate that while
active-site mutations alone can create ordered, efficient active sites, distal mutations can reorganize
surface loops and widen tunnels to the active site, facilitating substrate binding and product release.
The second key challenge is the availability of suitable scaffolds for enzyme design. In Chapter 3,
we investigate minimal, de novo, and functionless TIM barrels as versatile templates customizable
for any reaction. Using physics-based and machine-learning tools, we modified a simple TIM
barrel and introduced structural segments to enclose the active site, creating a functional Kemp
eliminase. The third challenge we address is the design of efficient enzymes for multistep
reactions, which requires stabilizing multiple states along the reaction pathway. In Chapter 4, we
present the first instance of multistate enzyme design, where we stabilized multiple chemical and
conformation states to create de novo Michaelases. Our results suggest that to design efficient
artificial enzymes, a holistic approach is required wherein the design procedure includes the whole
reaction coordinate. This thesis advances computational enzyme design by unravelling the impact
of distal mutations, evaluating the utility of machine-learning tools for enzyme design, and
incorporating multistate approaches to design enzymes for multistep reactions. Our work lays the

foundation for the design of highly efficient enzymes for diverse applications.
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CHAPTER 1. INTRODUCTION

1.1. Enzymes

Enzymes are nature’s biocatalysts, capable of accelerating reaction rates by up to 26 orders
of magnitude.! Their high specificity, mild reaction conditions, and environmental friendliness
have led to their use in various sectors, including food, agriculture, and pharmaceuticals. However,
the industrial use of enzymes is limited by the finite repertoire of natural enzymes. Many desired
new-to-nature reactions lack naturally occurring enzymes able to catalyze them, necessitating

enzyme engineering to tailor enzymes for industrial applications.

1.1.1. Enzyme engineering

In enzyme engineering, a preexisting enzyme is modified to achieve new and improved
characteristics. This is typically accomplished through one of two methods: directed evolution or
rational design. In directed evolution, multiple rounds of generating mutant libraries are performed
using random mutagenesis techniques, such as error-prone PCR or DNA shuftling, followed by
high-throughput screening to identify improved variants (Figure 1.1A). Rational design leverages
structural and functional information, aided by computational tools, to introduce mutations at
specific sites using site-directed mutagenesis. This approach can be employed when the structure
and function of the protein are well-known (Figure 1.1B).? These methods have produced many
improved enzymatic activities;>~’ however, both have limitations. Directed evolution requires a
starting enzyme with at least minimal activity and a high-throughput assay to screen for improved
activity. Rational design requires extensive knowledge of the enzyme’s structure and function,

which is not always available. Therefore, developing a computational framework for designing



enzymes to catalyze any desired chemical reaction on demand will be very useful in industrial

biocatalysis.

A. Directed evolution

D@@@q Improved variant
Gene Screening hO ;\
DOXOXOX == DX =

diversification

DA

B. Rational design

Site-directed
—

mutagenesis

Figure 1.1. Two primary methods of enzyme engineering. (A) Directed evolution involves gene
diversification through techniques such as random mutagenesis, error-prone PCR, or DNA shuffling,
followed by high-through screening to identify improved variants. (B) Rational design uses site-directed
mutagenesis to introduce specific mutations based on detailed knowledge of the enzyme’s structure and
function, allowing targeted modifications to enhance enzyme characteristics.

1.2. Computational enzyme design

In computational enzyme design, a de novo enzyme is created to catalyze a reaction of
interest using structure-based computational protein design (CPD) methods.® CPD algorithms
search for amino acid sequences whose lowest free energy state adopts a specific target three-
dimensional structure.” The first instance of CPD was carried out in 1985 by DeGrado et al. In
this pioneering study, they successfully designed, synthesized, and characterized the tightest-
binding peptide inhibitors known at the time.!” Since then, computational advances, the rapid

growth of biological databases, and significant increases in computing power have dramatically



enhanced our ability to design the three-dimensional structures of proteins. Notably, the 2024

Nobel Prize in Chemistry was awarded, in part, to Dr. David Baker for pioneering work in the

computational design of proteins with novel shapes and functions. In the following section, we

will expand on different aspects of computational protein design.

1.2.1. Computational protein design

Most CPD algorithms consist of four steps (Figure 1.2):

1.

2.

Template selection: a fixed protein backbone template is selected.

Sidechain placement: discrete sidechain rotamers are placed at user-specified positions
on the backbone template.'!

Energy calculation: the interaction energies between each rotamer and the backbone
template (one-body energies) and between pairs of rotamers (two-body energies) are
calculated using an energy function.!>13

Sequence optimization: a search algorithm explores both rotamer and sequence space

to identify sequences that yield the lowest energy values.!®1°

At the conclusion of this process, a list of ranked sequences, along with their corresponding

structures, is generated. Each sequence is ranked based on an energy value that represents its

predicted stability on the backbone template. The top sequences are then selected for experimental

characterization. The following sections will provide an in-depth look at rotamer libraries, energy

functions, and sequence optimization algorithms.
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Figure 1.2. Computational Protein Design (CPD) algorithm. (A) The general CPD workflow consists
of four steps: 1. Selection of a fixed protein backbone template; 2. Sidechain rotamer placement where
discrete sidechain rotamers are placed at the designed positions on the backbone template (Phe and Ile at
position 1, Glu and His at position j, and His and Val at position k); 3. Interaction energies between rotamers
and backbone (one-body energies) and between pairs of rotamers (two-body energies) are calculated
according to an energy function including van der Waals (vdw), electrostatic (elec), hydrogen bonding (H-
bond), and solvation (solv) terms; 4. A search algorithm explores the rotamer and sequence space to identify
the sequences with the lowest energy values, indicative of their predicted stability; (B) a list of sequences
and their corresponding structures is generated and ranked by their energy values. Figure adapted from St-
Jacques et al.®®

1.2.1.1. Rotamer libraries

A rotamer, or ‘rotational isomer’, refers to a single amino acid sidechain conformation
defined by a set of values for each dihedral angle degree of freedom. Given the small variances in
protein bonds’ angles and lengths, they are usually excluded from the rotamer definition. A rotamer
library is a compilation of rotamers for each amino acid, and it includes data on both the
conformation and the frequency of each conformation. These libraries also include the variance

around the mean dihedral angles. Rotamer libraries are derived from statistical analysis of



sidechain conformations in known protein structures. There are three types of rotamer libraries.
Backbone-dependent rotamer libraries include rotamer conformations that are dependent on the
local backbone conformation, represented by backbone dihedral angles ¢ and y. Backbone-
independent libraries do not consider the backbone conformation and are derived from all the
sidechains of a specific residue. Secondary-structure-dependent libraries provide different rotamer

conformations and frequencies for specific secondary structures like o helices, B sheets, or coils.!!

1.2.1.2. Energy function

The stability of a protein sequence on a backbone template is quantified using an energy
function. There are different types of energy functions, including molecular mechanics potential
energy functions (MM-PEFs) and knowledge-based energy functions. MM-PEFs include both
bonded and non-bonded terms. Bonded terms ensure that bond lengths, angles, and torsions remain
near their equilibrium values. Non-bonded terms include the Lennard-Jones (LJ) potential, which
describes van der Waals forces, and Coulomb’s law, which describes electrostatic interactions. In
contrast, knowledge-based energy functions are derived from statistical analysis of known protein
structures. These functions calculate the probabilities of residues adopting specific or pairs of
residues forming particular geometries. These probabilities are then converted into potential
energy values using the Boltzmann equation: AG = —RTIn(pobs/Pexp), Where pops is the observed
probability of a structural element and pe. is the expected probability of that element occurring by

chance.?!

Potential energy functions used in computational protein design often include a
combination of MM-PEF and knowledge-based terms. A prominent example is the Rosetta All-

Atom energy function, which combines 19 energy terms, each with specific weight coefficients.



These terms include van der Waals interactions, electrostatic interactions, solvation effects,
hydrogen and disulfide bonds, and backbone and side-chain torsional preferences.?? In this thesis,

23-26 which includes terms for

the sequences are evaluated using the PHOENIX energy function,
van der Waals interactions (vdw), electrostatics (elec), hydrogen bonding (H-bond), solvation

(solv), and secondary structure propensities (ss) terms.

Equation 1.1. PHOENIX energy function

Etotal = Evdw + Eelec + EH—bond + Esolv + Ess

The van der Waals energy term is calculated using the Lennard-Jones 12-6 potential, which
includes a long-range attractive component proportional to —(1/R)% and a short-range repulsive
component proportional to (1/R)”>. The Lennard-Jones 12-6 potential energy function is
represented in Equation 1.2 where D;; is the mean well depth of atoms i and j, a is the van der
Waals radius scaling factor, ;s the interatomic distance between atoms 7 and j and R; > is the sum

of van der Waals radii of atoms i and j.2°

Equation 1.2. Lennard-Jones 12-6 van der Waals energy term
(QfRi'j>12 ? ((XRL'J'>6
ri,j T‘i'j

The electrostatics term is computed using Coulomb’s law equation expressed in

Evdw = Di,j

Equation 1.3, where ¢; and ¢; represent the charges of the interacting atoms, ¢ is the dielectric
constant that accounts for the medium between the charges, and 7;; is the distance between the two

atoms.?’



Equation 1.3. Coulomb's law equation
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The hydrogen bond potential scoring function includes both a distance-dependent term and
an angle-dependent term. In Equation 1.4, Dy is the hydrogen bond well depth, typically around 8
kcal/mol, r.q is the distance between hydrogen bond donor and acceptor heavy atoms, and Ryq is
the equilibrium hydrogen bond donor-acceptor distance, generally around 2.8 A. The angle-
dependent term, F(6,¢,y), varies based on the hybridization states of the donor and acceptor atoms

and ensures that only geometrically favourable hydrogen bonds are considered.?®

Equation 1.4. Hydrogen bond potential energy term

Eh-bond = Do l5 (Rad)lz -6 (P:ad)lol F(6,,0)

Fad ad

Modelling solvent explicitly is complicated by the high computational cost associated with
exploring numerous water configurations.?’ Therefore, in PHOENIX, an implicit solvation
potential is used instead. This can be achieved using either a surface area-based model'?3%3! or an
occlusion-based model.?>?%32 The surface area-based model calculates solvation energy based on
the solvent-accessible surface area of amino acid side chains, with favourable interactions for polar
residues and unfavourable interactions for nonpolar residues. In contrast, the occlusion-based
model evaluates atoms based on the percentage of their volume occluded by other atoms within
the protein structure, rather than their solvent-accessible surface area. The secondary structure term
in the PHOENIX energy function quantifies the propensity of amino acids to adopt specific
backbone conformations, such as a-helices, B-sheets, or random coils, based on their ¢ (phi) and

v (psi) backbone dihedral angles. This term is derived from statistical analysis of high-resolution



protein structures, capturing the experimentally observed ¢/y preferences for each amino acid
type. Propensities are computed as the conditional probability of observing a particular ¢/y angle
given an amino acid type, which are then converted to energy values using the Boltzmann

hypothesis.
1.2.1.3. Sequence optimization and search algorithm

CPD aims to find protein sequences that stably fold to the target structure. To achieve this,
a search algorithm must search the sequence-rotamer energy landscape to find the global minimum
energy conformation (GMEC).?* There are two types of search algorithms: stochastic and
deterministic. Stochastic algorithms incorporate randomness as part of their logic. These
algorithms use probabilistic decisions to explore the sequence space, and finding GMEC is not
guaranteed. For instance, Monte Carlo (MC) simulated annealing,**3> Fast and Accurate Side-
Chain Topology and Energy Refinement (FASTER),*¢ and genetic algorithms (GA). In contrast,
deterministic algorithms will always generate the same output given the same initial conditions;
examples include dead-end elimination (DEE) and self-consistent mean-field (SCMF). MC
algorithms begin by randomly selecting rotamers for a sequence. The algorithm then replaces an
initial rotamer with a new one, either for the same residue or a different one. If the energy of this

new configuration E,.. is lower than the previous energy Eous, the new configuration is accepted.
. e : 1 —A
If Enew 1s higher, the substitution is accepted with a probability p = exp (k—:), where AE =

Enew — Eo1a, k is Boltzmann’s constant, and 7 is the temperature.’” Multiple cycles are performed
where, in each cycle, the temperature is raised and lowered between designated high and low
temperatures. The temperature serves to overcome local minima in the energy landscape by

allowing large jumps. In contrast to MC, where a single or set of solutions are optimized iteratively,



DEE is a deterministic algorithm that systematically eliminates unfavourable rotamers and
combinations of rotamers, therefore reducing the search space until a single solution remains,

which is the GMEC.1¢

Section 1.2.1 explored various aspects of computational protein design, including rotamer
libraries, energy functions, and sequence optimization algorithms. Computational enzyme design
includes an additional step where an active site, comprising catalytic residues and a transition state,
is placed on a pre-existing scaffold according to a set of predefined geometric constraints believed
to be crucial for the reaction of interest. By leveraging transition state theory, computational
enzyme design aims to stabilize the transition state, thereby lowering the activation energy barrier
and increasing the reaction rate. In the following section, we will delve into the fundamentals of

transition state theory.

1.2.2. Transition state theory

Transition state theory was developed by Henry Eyring in 1935 and is used to determine
the rate of elementary chemical reactions.?® According to this theory, a quasi-equilibrium is formed
between reactants and an activated complex at the saddle point of the potential energy surface.*
In order for a chemical reaction to occur, the reactant molecules must acquire enough energy to
reach this high-energy transition state. The activation energy corresponds to the energy required to

overcome this barrier, and it is directly related to the reaction rate as described by the equation:



Equation 1.5. Eyring equation

kT _ac*
k(T) =y——e RT
h
Where £ is the rate constant, y is the transmission coefficient, kg is the Boltzmann constant, 7 is
the temperature, /4 is the Planck constant, R is the gas constant, and AG* is the Gibbs energy of
activation. Enzymes accelerate reaction rates and lower the activation energy by binding tightly to

the substrate distorted towards the transition state.*’

Computational enzyme design leverages transition state theory by first constructing a
theozyme, short for theoretical enzyme, which consists of a transition state structure and the
minimally required catalytic residues arranged in an optimal orientation to stabilize the transition
state (Figure 1.3A).*! Following theozyme calculation, a high-resolution crystal structure capable
of accommodating the computed theozyme is selected and prepared by removing water molecules,
non-protein atoms, while adding hydrogens and any missing residues. (Figure 1.3B). Next, during
the theozyme placement step, the active site is constructed by identifying positions on the template
backbone where the catalytic contacts can be made to the transition state (Figure 1.3C). Finally,
during active site repacking, residues in the active site are optimized to stabilize the transition state

further (Figure 1.3D). The following sections will explore each of these steps in greater detail.
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Figure 1.3. Computational enzyme design. (A) A theozyme, comprising the transition state (TS) and
catalytic residues optimally arranged for catalysis, is calculated using high-level quantum mechanical
theory. In this example, a base catalyzes the reaction while a hydrogen bond (H-bond) donor stabilizes the
negative charge at the transition state and properly orients the substrate. (B) A crystal structure from the
Protein Data Bank (PDB) is selected to accommodate the calculated theozyme within the active site (PDB
ID: 5SRGE). (C) In the theozyme placement step, the theozyme is placed onto the target backbone template.
(D) During active site repacking, the surrounding residues are optimized to further stabilize the transition
state, enhancing catalytic efficiency.

1.2.3. Theozyme calculation

The structure of a theozyme is typically calculated using quantum mechanical (QM)
methods. A fundamental challenge in quantum chemistry is solving the Schrodinger equation for
a many-body electronic system comprising nuclei and electrons. Traditional QM calculations
involve solving the Schrodinger equation for a given molecular system. One of the most notable
approaches to this problem is the Hartree-Fock (HF) method, which approximates the exact N-
body wave function of the system using a single slater determinant of N spin-orbitals.** A slater
determinant is a mathematical expression that ensures the anti-symmetry of the wave function in
accordance with the Pauli exclusion principle, which states that no two electrons in an atom can
have the same set of quantum numbers. The main limitation of the HF approach is that it assumes

that electrons are moving independently from each other, thus ignoring electron correlation.

11



Finding approximate solutions to the Schrodinger equation for N interacting electrons is
highly complex and computationally expensive. Consequently, most modern QM calculations now
utilize density functional theory (DFT). Unlike traditional methods based on the wavefunction,
DFT is based on two theorems proposed by Hohenberg and Kohn. The first theorem asserts that
all ground-state properties of an electronic system are uniquely determined by the electron density,
which is a function of the three Cartesian coordinates. The second theorem states that the energy
of an electronic system can be expressed as a functional of electron density, and this functional

4344 A functional is a mathematical construct that

reaches its minimum at the ground-state density.
maps a function—in this case, the electron density—to a single value, the energy of the system.
Hybrid functionals are a class of functionals used in DFT that combine a portion of the exact

exchange energy from Hartree-Fock theory with the rest of the functional from other sources. One

of the most widely used hybrid functionals is B3LYP, which is used in this thesis.

To accurately implement these methods, choosing an appropriate basis set is crucial. A
basis set is a set of functions used to build the quantum mechanical wavefunction for a molecular
system modelling molecular orbitals. By transforming the partial differential equations of the
model into algebraic equations, basis sets make the problem suitable for computer calculations.
Specifying a basis set effectively restricts each electron to a particular region of space. Larger basis
sets are more accurate approximations of the wavefunction as they place fewer restrictions on
electrons, although they require more computational resources. In this thesis, the 6-311+G(2d,p)
basis set is used. The “6-311” defines the composition of the basis set, with “6” indicating that six
Gaussian functions are used to describe core orbitals. The “311” portion signifies that the valence
orbitals are split into three components: a single set with three Gaussian functions, a second set

with one Gaussian function, and a third set with one Gaussian function. The “+” symbol denotes

12



the inclusion of diffuse functions, which are essential for accurately modelling electron density far
from the nucleus. The “(2d,p)” part describes the polarization functions added to the basis set,
where “2d” indicates two sets of d-type polarization on heavy atoms, and “p” indicates a single set

of p-type polarization on hydrogen atoms.*’

With an accurate basis set defined, we can effectively explore the potential energy surface
(PES) of a molecular system, which describes the relationship between the energy of a system and
its geometry. During geometry optimization, the calculation aims to find stationary points which
can either be a minimum or a transition state. At stationary points, the first derivative of energy or
the gradient, which is negative of the forces, is zero. A minimum is located at the bottom of a
valley where energy rises in all directions. A transition state is located at the saddle point, which
is a maximum in one direction and a minimum in all others.*® Geometry optimization calculations
start from a specified input structure and proceed by stepping along the potential energy surface.
At each point, both the energy and gradient are computed (Figure 1.4). An optimization calculation
is considered complete when it meets the convergence criteria: (1) the forces must be nearly zero,
(2) the root-mean-square (RMS) of the forces must be lower than a defined threshold of 0.0003,
(3) the maximum displacement, representing the largest change in any coordinate of the structure
must fall below a tolerance of 0.0018, and (4) the RMS of the displacement for the next step must

be lower than the cutoff of 0.0012.4°
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Figure 1.4. Geometry optimization. [llustration of a geometry optimization pathway on a potential energy
surface, depicting the initial guess and the transition state.

In order to construct a theozyme, first, a reasonable guess is specified for the transition
state and catalytic groups. Next, the geometry is optimized to locate the first-order saddle point,
characterized by having one imaginary frequency, which means that in one direction on the
potential energy surface, the energy is a maximum, while in all other directions, the energy is a
minimum. Locating a stationary point with one imaginary frequency does not necessarily
guarantee that the computed transition state connects the reactants and products of interest. To
identify the reactants and products corresponding to a transition structure, an Intrinsic Reaction
Coordinate (IRC) calculation must be performed. An IRC calculation begins at the saddle point
and examines the reaction pathway descending from a transition state structure in both directions.
Through this process, an IRC calculation connects two minima on the potential energy surface via
a pathway that passes through the transition state.*>*’ The resulting theozyme contains all the

sidechains optimally oriented for catalysis but lacks a protein backbone.
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1.2.4. Backbone selection and preparation

Prior to performing a theozyme placement calculation, a protein backbone template
capable of accommodating the computed transition state must be selected and prepared. This initial
structure can either be retrieved from the Protein Data Bank (PDB),**#° which contains structures
experimentally solved by X-ray crystallography or nuclear magnetic resonance (NMR) or be
generated de novo.’%>! The selected backbone template must first be prepared by adding any
missing atoms and hydrogens. However, using a single static structure is not suitable for enzyme
design because it neglects protein dynamics.>? Proteins do not exist as a single rigid structure; they
exhibit conformational flexibility. Designing an enzyme using a fixed backbone template or single
state design (SSD) overlooks this dynamic nature. To address the limitations of SSD, backbone
flexibility can be incorporated by using an ensemble of protein backbone templates.®® This

ensemble can be generated through various methods.

In the backrub method, inspired by the conformational heterogeneity observed in crystal
structures, local backbone adjustments are incorporated through “backrub moves”, where atoms
between the first and last alpha carbons rotate around a virtual axis. A backrub ensemble is
generated by performing backrub Monte Carlo simulations. During these simulations, the starting
template backbone is subjected to these small-angle rotations around axes defined by alpha carbons
while the corresponding side chains sample rotamers from the Dunbrack rotamer library.!! Moves
are rejected or accepted according to the Metropolis criterion. Typically, multiple rounds of
backrub moves and sidechain adjustments are conducted, ultimately generating an ensemble of

low-energy structures.>*>¢
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Another method of ensemble generation is PertMin, which leverages the sensitivity of
minimization to initial coordinates. In this approach, the coordinates of the starting backbone
template are randomly perturbed. Subsequently, the energies of the set of perturbed structures are

minimized, causing each to diverge to a different local minimum.>*>’

In this thesis, ensemble refinement has been used to generate ensembles of structures.
Initially developed to improve the modelling of atomic disorder in crystal structures, this method
exploits the fact that protein X-ray diffraction patterns are influenced by protein dynamics.
Molecular dynamics simulations, restrained by diffraction data, are performed to generate an
ensemble of Boltzmann-weighted structures representing the protein’s conformational space
(Figure 1.5). Ensembles generated through ensemble refinement have been shown to fit
experimental data better, as evaluated by the R-free value. R-free is a measure used in X-ray
crystallography to assess model accuracy. It is calculated by comparing how well the model

predicts a subset of the data (about 10%) that was not used during refinement.>®
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Figure 1.5. Ensemble refinement. Ensemble refinement performs molecular dynamics simulation
restrained by diffraction data to generate an ensemble of structures

1.2.5. Theozyme placement

Active site construction begins by identifying positions on the template backbones where
the necessary catalytic contacts can be made to the transition state (TS). This can be achieved using
either phoenixMatch,> RosettaMatch,%° or rotamer interaction field (RIF) docking.®! Initially, a
protein backbone template and a theozyme must be provided as inputs (Figure 1.6A). Catalytic
sidechain rotamers and TS binding poses are sampled during the calculation. Rotamers are
generated using user-defined torsional degrees of freedom, while TS poses are created from the
catalytic sidechains, utilizing torsional, rotational, and translational degrees of freedom to maintain

the user-defined catalytic contacts.

In phoenixMatch, the ligand poses are generated from every rotamer of a single catalytic

contact, followed by testing of rotamers of additional catalytic residues to identify poses that can

17



make all contacts. Next, pairwise energies for all interactions—sidechain/sidechain,
sidechain/backbone, backbone/ligand and sidechain/ligand—are calculated using a force field that
includes van der Waals, hydrogen-bonding, and electrostatic terms. An energy bias is then applied

to favour sidechain/ligand contacts necessary for catalysis (Figure 1.6B).>

RosettaMatch starts by identifying potential active site positions, which can include all
positions in the protein or those specifically lining cavities and binding sites. Then, each catalytic
sidechain rotamer and the TS model are individually placed on the protein backbone. If there are
no clashes with the backbone, the position of the TS model for each rotamer is stored in a hash
table. This hash table is subsequently analyzed to identify TS placements that are compatible with

the placement of each catalytic residue (Figure 1.6C).%°

The RIF docking method first generates an ensemble of billions of discrete rotamers that
interact with the ligand. It then docks protein scaffolds into these roamer ensembles using a
hierarchical grid-base search. Top-scoring scaffold positions are refined through a Monte Carlo-
based rotamer packing step to ensure stable interactions. Following docking, the sequences are
optimized using Rosetta’s design protocols, iterating between fixed-backbone and flexible-

backbone design for ligand interaction and protein stability (Figure 1.6D).5!

At the end of this process, residues in the active site are optimized to further stabilize the

transition state (Figure 1.6E).
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Figure 1.6. Theozyme placement methods. A protein backbone template and theozyme are required as
inputs. Catalytic sidechain rotamers and transition state (TS) binding poses are sampled during the
calculation. Rotamers are generated using user-defined torsional degrees of freedom (), while TS poses
are generated from the catalytic sidechains using torsional (t), rotational (0), and translational (d) degrees
of freedom to maintain user-defined catalytic contacts (dashed lines). (B) In phoenixMatch, the TS pose is
generated from each Asp rotamer according to the first catalytic contact (columns). Each Gln rotamer is
then tested (rows) to identify combinations of Asp and Gln rotamers that satisfy both catalytic contacts
(dashed lines). Active sites containing both catalytic contacts (red box) are chosen. (C) In RosettaMatch,
the TS pose is generated from each Asp rotamer (left column) and Gln rotamer (right column) according to
each associated catalytic contact. Overlapping TS poses that were generated by each of the contacts are
identified as a match (red arrow and boxes). (D) RIF Docking generates a vast ensemble of rotamers
interacting with the ligand, docks protein scaffolds into these ensembles, and refines top-scoring scaffold
positions through Monte Carlo-based rotamer packing and Rosetta’s design protocols. (E) Chosen active
sites (red box) are repacked and ranked according to their predicted stability on the backbone template.

19



1.3. Successes in computational enzyme design

Over the past two decades, computational enzyme design has achieved significant
milestones, successfully targeting a diverse range of chemical reactions. Notable examples include
ester hydrolysis, Kemp elimination, and the Diels-Alder cycloaddition. Additionally, efforts have
extended to more complex reactions, such as the retro-aldol reaction, the Morita-Baylis-Hillman
reaction and chemiluminescence. In section 1.3, we will explore the advancements and

achievements in computational enzyme design during this period (Figure 1.7).
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Figure 1.7. Enzyme design timeline. Timeline showcasing the computational enzyme design studies

discussed in this section

1.3.1. First example of de novo enzyme design
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Figure 1.8. Ester hydrolysis reaction. Hydrolysis of p-nitrophenyl acetate catalyzed by PDZ2 at pH 7
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In 2001, Bolon and Mayo%? reported the first computationally designed de novo enzyme.
Using the ORBIT protein design software, they successfully introduced ester hydrolysis activity
into the otherwise catalytically inert E. coli thioredoxin scaffold. The target reaction involved
hydrolyzing p-nitrophenyl acetate (PNPA) into p-nitrophenol (PNP) and acetate, utilizing histidine
as a nucleophile (Figure 1.8). In this reaction, a covalent acyl-enzyme intermediate is formed via
the nucleophilic attack of the catalytic histidine. Bolon and Mayo modelled this tetrahedral
intermediate as a proxy for the transition state. They performed an active site scan to identify
favourable positions for the catalytic histidine, modelling each protein position with a set of high-
energy state rotamers or a “superrotamer” library of the tetrahedral intermediate while allowing
the other positions to sample either the wildtype residue or alanine. The optimal solution was then
calculated using the Dead-End Elimination search algorithm, and the positions previously changed
to alanine were mutated to stabilize the high-energy state rotamer further. Two sequences were
characterized experimentally, and both displayed esterase activity. The more active variant, PDZ2,

1

displayed a catalytic efficiency of 2.7 M !s™!, well below those of natural enzymes, which exhibit,

on average, kea/Kwm values in the range of 10° M !'s™1.% This could indicate that utilizing a high-
energy intermediate as a proxy for the transition state may lead to suboptimal shape and charge
complementarity. Nevertheless, this pioneering study demonstrated the feasibility of designing

functional enzymes using computational enzyme design methods.
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1.3.2. Kemp elimination
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Figure 1.9. Kemp elimination reaction. Kemp elimination is a single-step bond-breaking reaction that
proceeds through a concerted proton abstraction and ring-opening of 5-nitrobenzisoxazole

Kemp elimination has been established as a benchmark reaction for de novo enzyme
design. During this reaction, a proton is abstracted from a carbon atom in the substrate, typically a

benzisoxazole derivative, by a general base. Simultaneously, the N—O bond cleaves, and the

resulting negative charge migrates to the oxygen atom, ultimately forming an ortho-
hydroxybenzonitrile as the product (Figure 1.9). Kemp elimination proceeds through a single
transition state, and the reaction’s progress can be monitored spectroscopically, as the product has

absorbance in the near-UV range.5+%

In 2008, Rothlisberger er al.%® reported a series of computationally designed Kemp
eliminases. In this study, the authors first constructed the theozyme with a catalytic base, either
Asp/Glu or a His-Asp dyad, a m-stacking aromatic residue to stabilize the transition state through
charge delocalization, and a hydrogen bond donor to stabilize the negative charge on the oxygen
of the substrate. Next, they utilized the RosettaMatch hashing algorithm to identify positions
capable of accommodating the idealized active site. Finally, residues in the active site were mutated
to further stabilize the transition state. Out of 59 designs tested, 8 displayed Kemp elimination

activity. Notably, the KEO7 enzyme, with Glul01 as the general base, Lys222 as the hydrogen-
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bond donor, and Trp50 as the m-stacking residue (Figure 1.10A), showed a catalytic efficiency of
12 M !s7!. This enzyme underwent seven rounds of directed evolution, which increased its activity
by more than 200-fold through the incorporation of eight mutations. The identities of catalytic
residues remained unchanged during evolution. Instead, mutations occurred in residues near the
designed positions, likely fine-tuning the active site to enhance substrate binding. Specifically, the
Ile7 Asp mutation positions the Lys222, preventing its interaction with Glul0. This stabilization of
the charge at the transition state increased the pKa. of GlulO1 from less than 4.5 to 5.9, thereby
enhancing the catalytic efficiency by optimizing the active site’s electrostatic environment.
Additionally, mutations on the enzyme’s surface likely contributed to increased protein stability

and solubility.

Another de novo Kemp eliminase, KE70, features a His17-Asp45 dyad as the catalytic base
(Figure 1.10B). In this dyad, the imidazole of histidine is positioned by the carboxylate group of
the aspartate to increase its basicity. The enzyme also includes Ser138 as the hydrogen bond donor
and Tyr48 as the m-stacking residue. KE70 catalyzes Kemp elimination of SNBZ with a catalytic
efficiency of 78 M !s™!. The enzyme was subjected to both computationally guided optimization
and directed evolution, with beneficial mutations incorporated combinatorially. Nine rounds of
optimization yielded an evolved variant with more than 400-fold improvement in catalytic
efficiency, achieved through the introduction of eight mutations. Similar to KE07, in the evolved
KE70 variant, the electrostatics in the active site were modified. In the designed enzyme, Arg69
interacted with the catalytic dyad, quenching its basicity. In the evolved variant, Gly101 is mutated
to a serine which interacts with Arg69, redirecting it away from the catalytic dyad. Additionally,
the mutations led to a deeper active site pocket with a narrower entrance, potentially improving

substrate binding. Furthermore, molecular dynamics (MD) simulations suggested that in the
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evolved KE70 variant, the active site residues were less flexible, and the catalytic dyad was more

preorganized. ¢’

In 2012, Privett et al.?® designed enzymes for Kemp elimination using an iterative
approach. The initial design, HG1, was inactive. To investigate the cause of this inactivity, the
authors employed X-ray crystallography and MD simulations. They discovered that HG1’s active
site was solvent-exposed and contained water molecules, and critical active site residues adopted
unfavourable orientations and exhibited high flexibility. To address these issues, a second round
of design was performed, shifting the active site deeper into the barrel to create a more hydrophobic
environment, which can enhance substrate binding and increase the pKa. of the base. This second
round of design yielded an active variant, HG2, which was further analyzed using MD simulations.
It was proposed that a single S265T mutation could improve packing within the active site. Indeed,
incorporating this mutation resulted in the HG3 variant, which showed a three-fold improvement
in catalytic efficiency. HG3 utilizes Asp127 as the catalytic base, Lys50 as the hydrogen bond
donor and Trp44 as the m-stacking residue (Figure 1.10C). HG3 was later evolved through 17
rounds, resulting in the evolved variant HG3.17 with a catalytic efficiency of 230,000 M 's™!,.
HG3.17 was co-crystallized with the transition state analogue (TSA), 6-nitrobenzotriazole,
revealing key insights into its enhanced activity.®® Broom ef al. used room temperature
crystallography to study the evolutionary trajectory of HG3 variants, identifying three primary
sources for the enhanced activity. Firstly, in HG3.17, the active site is better packed, leading to the
rigidification of catalytic residues. Secondly, the active site exhibits improved pre-organization,

favouring productive substrate binding. Thirdly, the entrance to the active site is wider in HG3.17,

facilitating ligand entry and release.®’
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Another Kemp eliminase designed by Privett and coworkers®® is the 1A53-2 enzyme,
originally designed to cleave 5-nitrobenzisoxazole. However, its crystal structure revealed that it
could also react with 6-nitrobenzisoxazole, which was confirmed experimentally. This enzyme
contains Glul78 as the base and two m-stacking residues, Trp110 and Trp210, to stabilize the
transition state (Figure 1.10D). The optimization of 1A53-2 involved nine rounds of directed
evolution, screening for 6-nitrobenzisoxazole cleavage. In the first five rounds, all first-shell
residues were subjected to saturation mutagenesis, with beneficial mutations combined through
DNA shuffling. In the final four rounds, the entire gene was subjected to error-prone PCR and
DNA shuffling, resulting in the 1A53-2.9 variant, which showed a 3200-fold improvement in
activity compared to the original design. Unfortunately, 1A53-2.9 failed to crystallize, so the
structure of the intermediate variant 1A53-2.5 was solved in complex with the TSA 5-
nitrobenzotriazole. The mutation A157Y was found to form a hydrogen bond with Glul78,
positioning and stabilizing it, which caused a decrease in pK, from 8.7 to 5.4. Additionally,
mutations such as A157Y, A180C, and L184F improve ligand shape complementarity by filling
the space surrounding the TSA.” In a recent study, Rakotoharisoa et al. reported a computational
method to significantly enhance the catalytic efficiency of two de novo enzymes, HG3 and KE70.
By using ensembles generated from dynamics-based refinement against X-ray diffraction data of
the enzymes’ crystal structures, they achieved a remarkable 100—250-fold increase in catalytic
efficiency. This improvement is comparable to the results obtained through screening thousands

of variants in multiple rounds of directed evolution.”
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Figure 1.10. Active site structures of de novo designed and evolved Kemp eliminases. Active site
structures of de novo designed (green) and laboratory-evolved (blue) Kemp eliminases. (A) KEO7 features
GlulO1 as the catalytic base, Lys222 as the hydrogen bond donor, and Trp50 as the m-stacking residue.
These residues are conserved in the evolved variant. KE07 designed (PDB ID: 2RKX®) and evolved (PDB
ID: 6CT3"%). (B) KE70 contains a His17-Asp45 dyad as the catalytic base, Tyr48 as the m-stacking residue
(which gets mutated to Phe during evolution), and Ser138 as the hydrogen bond donor, (mutated to Ala in
the evolved variant). KE70 designed (PDB ID: 3NPV®’) and evolved (PDB ID: 3Q2D%). (C) HG3 includes
Asp127 as the catalytic base and Lys50 as the hydrogen bond donor, which is mutated to Gln in the evolved
variant. HG3 designed (PDB ID: 5SRGA®) and evolved (PDB ID: SRGE®). (D) 1A53-2 features Glu178 as
the catalytic base with two m-stacking residues, Trp110 and Trp210. In the evolved variant, A157Y mutation
forms a hydrogen bond with Glul78, lowering its pK,. 1A53-2 designed (PDB ID: 3NZ1%) and evolved
(PDB ID: 6NW4™),
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1.3.3. Retro-aldol reaction
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Figure 1.11. Retro-aldol reaction. Retro-aldol decomposition of 4-hydroxy-4-(6-methoxy-2-naphtyl)-2-
butanone (methodol) catalyzed by RA95 using a nucleophilic lysine residue. The products 6-methoxy-2-
naphthaldehyde (6-MNA) and acetone are produced.

Kemp elimination is an elementary reaction with a single transition state, unlike most
useful organic reactions, which often involve multiple steps, transition states, and intermediates.
Designing an enzyme to catalyze such complex reactions is more challenging. Jiang ef al.”® and
Althoff et al.”* addressed this by designing enzymes for the retro-aldol reaction. In this reaction,
a catalytic lysine first attacks the ketone of the substrate, methodol, to form a carbinolamine. A
water molecule is then eliminated, forming a Schiff base that acts as an electron sink. This
facilitates the carbon-carbon bond cleavage triggered by the deprotonation of the [ -alcohol.
Finally, the enamine tautomerizes to form an imine, which is hydrolyzed to release the covalently

bound product (Figure 1.11).
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Jiang et al. used a composite transition state and four catalytic motifs to design retro-
aldolase. In the composite transition state, models of multiple intermediates and transition states
were superimposed, primarily represented by the carbinolamine and the transition state for the
carbon-carbon bond-breaking step. The catalytic lysine, which requires a low pKato act efficiently
as a nucleophile, was modelled either by introducing a second lysine in the active site or by placing
the lysine in a hydrophobic environment. Among the four modelled active sites, the most
successful designs featured a hydrophobic environment and a water molecule to stabilize the
carbinolamine hydroxyl and S-hydroxyl groups. Out of 72 designs tested, 32 displayed retro-aldol
activity.”> Althoff ef al. demonstrated the robustness of this method by designing new retro-
aldolases on different scaffolds using the motif with a nonpolar environment and a water molecule.
Initially, these designs exhibited low activity, which was subsequently enhanced through in vitro
evolution.” Separately, Bjelic et al. replaced the water molecule with a glutamate, resulting in 5

out of 7 designs displaying activities comparable to previous successful designs.”

Of note, the RA95 designed retro-aldolase featured an active site with Lys210 as the
catalytic lysine for Schiff base formation and Glu53 to orient a water molecule (Figure 1.12A).
RA9S5 displayed a rate enhancement of approximately 5,000 and a catalytic efficiency of 0.17
M Is7! far lower than that of natural enzymes. To enhance activity, directed evolution was
employed. The first optimization phase generated RA95.5, introducing five active site mutations
(V51Y, E53S, T83K, M180F, R182M) and one second-shell mutation (D183N). These changes
increased kca/Km by 94-fold.”* The intermediate RA95.5-5, resulting from further rounds of
random mutagenesis and screening, included six additional mutations (E53T, S110N, G178S,
R23H, R43S, T95M). This variant showed increased loop mobility and active site plasticity,

allowing for simultaneous labelling of Lys210 and the newly introduced Lys83. The subsequent

28



optimization phase yielded RA95.5-8, which displayed a catalytic efficiency of 1,600 M!s71.76
Utilizing a droplet-based microfluidic screening platform, RA95.5-8 was subjected to six rounds
of mutagenesis and screening, resulting in RA95.5-8F with a >10° rate enhancement. During
evolution, the original catalytic lysine 210 switched to lysine 83 and a catalytic tetrad of Lys83-

Tyr51-Asn110-Tyr180, which forms a hydrogen bond network, emerged (Figure 1.12B).””
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Figure 1.12. Active site structures of designed and evolved retroaldolases. Active site configurations of
(A) RA95 (PDB ID: 4A297) and (B) RA95.5-8F (PDB ID: 5AN7”7). The diketone inhibitor used in
crystallization is shown in pink. RA95 was designed to have a catalytic lysine (Lys210), and a glutamate
(Glu53) positioned to orient a water molecule. During directed evolution, a catalytic tetrad including a new
catalytic lysine (Lys83) and three additional residues forming a hydrogen bond network (Tyr51, Asnl10,
and Tyr180) were identified.

In a recent study, Braun et al’® used RFdiffusion,’! a machine-learning model for
generation of protein structures, to design new catalysts for the retro-aldol reaction by using the
highly optimized catalytic tetrad of evolved retro-aldolase RA95.5-8F obtained by multiple rounds
of directed evolution. They developed the Rotamer Inverted Fragment Finder-Diffusion, Riff-Diff
method, which generates artificial motif libraries and performs backbone diffusion and

refinements. Using RFdiffusion, they generated alpha-helical scaffolds able to accommodate the

29



catalytic motif. Out of 35 experimentally characterized designs, 31 catalyzed the retro-aldol

reaction, displaying higher catalytic efficiencies compared to previously designed retro-aldolases.

1.3.4. Engineering of a Michaelase
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Figure 1.13. Michael addition reaction. @C—C bond-forming Michael addition of (£)-4-(4-
methoxyphenyl)but-3-en-2-one and ethyl cyanoacetate

It was hypothesized that the evolved retro-aldolase enzymes could also catalyze the C—C

bond-forming Michael addition reaction. Consequently, RA95.5-8 was tested for activity towards
a variety of unsaturated methyl ketones as potential Michael acceptors and a range of Michael
donors. The reaction between (E)-4-(4-methoxyphenyl)but-3-en-2-one and ethyl 2-cyanoacetate
proceeded rapidly and produced a high yield (Figure 1.13). Through random mutagenesis of nine
active site residues, a variant with two mutations, T53L and K210H, was identified, exhibiting a
threefold increase in catalytic efficiency. Crystallographic analysis of RA95.5-8 T53L/K210H
complexed with a derivative of the Michael product revealed that the ligand was covalently bound
to the catalytic Lys83 with its aromatic ring occupying the space where the naphthyl group of
methodol binds. This study highlights the potential of computationally designed enzymes to

exhibit catalytic promiscuity, which can be harnessed and optimized through directed evolution.”
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1.3.5. Ester hydrolysis
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Figure 1.14. Ester hydrolysis. Hydrolysis of p-nitrophenyl-2-phenylpropanoate catalyzed by ECH13.

Richter et al® designed enzymes for ester hydrolysis using QM-derived theozymes
consisting of a Cys-His dyad and three different hydrogen bond donors to stabilize the oxyanion
intermediate (Figure 1.14). These hydrogen bond donors included backbone amide groups, explicit
water molecules, or sidechain functional groups. They employed the RosettaMatch theozyme
placement algorithm to scan a set of 214 protein backbone templates to identify scaffolds capable
of accommodating the theozymes. This process resulted in 207 unique matches, whose active sites
were repacked and filtered down to 55 sequences. Four designs exhibited esterase activity, with
the most active variant, ECH13, displaying a catalytic efficiency of 309 M-'s"!. ECH13 exhibited
a rate enhancement one order of magnitude higher than PZD2, the hydrolase designed by Bolon

and Mayo®, likely due to using a transition state model rather than a high-energy transition state

proxy.

In a recent study, Lauko et al.®! employed RFdiffusion, a generative model for protein
design, to generate protein structures to scaffold the active site of serine hydrolases, consisting of
a Ser-His-Asp catalytic triad and oxyanion hole. They utilized ChemNet, a deep neural network
trained on protein-small molecule complexes in the PDB, to evaluate the preorganization of active
site residues. Iterative rounds of LigandMPNN for sequence design and Rosetta FastRelax to refine

protein backbone and ligand pose were performed. Designs with catalytic residues positioned
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within 1 A of the AlphaFold2 predictions were selected for experimental testing. In the first round,
125 designs were tested, followed by 52 in the second round. Two designs from round one and 10
designs from round two displayed catalytic activity. However, their progress curves plateaued after
producing one enzyme equivalent of product, suggesting they catalyzed the initial nucleophilic
attack but failed to hydrolyze the acyl-enzyme intermediate. In the third round, a histidine-
stabilizing catalytic acid and a second oxyanion hole hydrogen bond donor were incorporated, and
ChemNet was used to evaluate preorganization of designs. Of the 132 designs in round three, two
designs exhibited multiple turnover activity, with catalytic efficiencies higher than those of

previously designed serine hydrolases.

1.3.6. Diels-Alder reaction
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Figure 1.15. Diels-Alder. Diels—Alder [4 + 2] cycloaddition of 4-carboxy-benzyl-trans-1,3-butadiene-1-
carbamate on N,N-dimethylacrylamide catalyzed by DA 20 10.

The reactions discussed thus far—Kemp elimination, retro-aldol, and ester hydrolysis—
are all bond-breaking reactions. In contrast, the Diels-Alder reaction is a bimolecular bond-
forming reaction where a conjugated diene and a dienophile undergo a cycloaddition to form an
unsaturated six-membered ring (Figure 1.15). This reaction presents a greater design challenge

because both substrates must be properly oriented to facilitate catalysis and ensure
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stereoselectivity. Siegel and co-workers®? tackled this challenge by designing enzymes to catalyze
the Diels-Alder reaction. They constructed a theozyme incorporating Asn/Gln as a hydrogen bond
donor to the N-H group of the diene carbamate and Ser/Thr/Tyr as a hydrogen bond donor to the
carbonyl oxygen of the dienophile amide. Out of 84 designs tested, two displayed Diels-Alderase
activity: DA 42 00 and DA 20 00. These designs were further improved by individually
mutating residues in contact with the transition state to amino acids predicted to enhance transition
state binding, increasing their activities by 100-fold and 20-fold, respectively. The improved
variant DA 20 10 was subjected to eight rounds of error-prone PCR and screening, resulting in
DA 20 20, which exhibited a 5.5-fold higher catalytic efficiency.®’ Independently, Eiben et al.?*
designed a 24-residue helix-turn-helix to act as a lid for DA 20 10, constraining the substrates to
a productive binding pose in a design named CE6. The beneficial mutations from DA 20 20 and
the lid fragment in CE6 were combined to form CE11, which underwent further directed evolution.
After eight rounds of mutagenesis and screening, CE20 was identified, demonstrating a 9,700-fold

increase in chemical proficiency compared to the original DA 20 00.33

1.3.7. Morita—Baylis—Hillman reaction
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Figure 1.16. Morita—Baylis—Hillman reaction. Morita—Baylis—Hillman reaction between 4-
nitrobenzaldehyde and 2-cyclohexanone catalyzed by BH32.

The Morita—Baylis—Hillman (MBH) reaction is another C—C bond-forming reaction for
which no naturally occurring enzymes exist. In this reaction, a single C—C bond is formed between

an a, f-unsaturated carbonyl and an electrophilic carbon, such as aldehyde (Figure 1.16). Bjelic et
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al.®® targeted the reaction between 2-cyclohexanone and 4-nitrobenzaldehyde, which contains
three intermediates and four transition states. To catalyze this reaction, they designed a composite
theozyme incorporating a nucleophile (His/Cys), hydrogen bond donors to stabilize intermediates,
and aromatic residues for stacking interactions with benzaldehyde. Out of 48 designs tested, two
exhibited MBH activity as determined by mass spectrometry. Efforts to enhance their activity
included site saturation mutagenesis, leading to the most active design, BH32 Q128H, which
showed modest activity with a rate enhancement of 54. Further optimization through 14 rounds of
directed evolution resulted in BH32.14. This variant demonstrated a substantial increase in
catalytic efficiency and enantioselectivity, achieving over a 710-fold improvement in activity

compared to the initial design.3¢

1.3.8. Chemiluminescence reaction

Yeh and coworkers aimed to design luciferase enzymes capable of catalyzing the oxidative
chemiluminescence of two synthetic luciferin substrates, diphenylterazine (DTZ) and 2-
deoxycoelenterazine.” They employed a deep-learning-based, family-wide hallucination
approach to generate a large set of idealized protein structures with diverse pockets, providing
shape complementarity to the substrates. Unlike traditional enzyme design methods, they did not
construct an idealized theozyme. Instead, they focussed on designing a shape-complementary site
for the anionic state of the substrates, given that computational and experimental data indicated
that chemiluminescence proceeds through an anionic species. To stabilize this anionic state, the
designed active sites placed an arginine guanidium moiety adjacent to it. They generated an
ensemble of anionic DTZ conformers, created rotamer interaction fields (RIF) around each
conformer, and then docked these into each scaffold. Out of 7,648 designs tested, three exhibited

luciferase activity. These designs were further optimized by site saturation mutagenesis of the
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substrate binding pocket residues. The most active enzyme displays a catalytic efficiency of 10°

M 157! matching natural luciferases but with a much greater substrate specificity.
1.4. Challenges in computational enzyme design

The above examples showcase the potential of computational enzyme design in
successfully designing enzymes capable of catalyzing various model organic transformations.
However, the overall success rate of computational enzyme design remains relatively low. Many
designs either fail to express solubly’>8%#2 or fail to bind the substrate.?* The catalytic proficiency
(K1) of the active designed enzymes is often 11 orders of magnitude lower than naturally
occurring enzymes. Interestingly, natural and de novo enzymes have comparable substrate binding
affinities (Kwm), but de novo enzymes possess lower rate enhancements (kcat/kuncat),>® suggesting that
the design algorithms can build active sites that bind ligands productively, but this alone does not

guarantee high catalytic efficiency.

Equation 6. Catalytic proficiency

kcat/KM

kuncat

Catalytic proficiency (M™1) = K;! =

The rate of enzymatic reactions is determined by the rate-limiting step within the entire
catalytic process, which includes substrate binding, possible conformational changes, chemical
transformation, and product release. Therefore, the rate-limiting step may not always correspond
to the chemical reaction modelled by the theozyme. Studies have shown that for some enzymes,
the rate-limiting step can be substrate binding,*® product release,” or conformational changes

between sub-states.”!
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Another challenge is related to the dynamic nature of enzymes. Enzymatic catalysis
typically involves conformational changes, leading to deviations in backbone and sidechain
conformations from those of the designed model. Since sub-Angstrom level of precision is
essential to achieve highly efficient catalysis, even slight deviations can significantly impact the

enzyme’s performance.®>”

Furthermore, the inherent limitations of theozyme calculations in predicting the transition
state structure can impede the design of efficient enzymes. Typically, these calculations are
conducted in the gas phase with only minimal residues required for catalysis and without
considering the effects of the protein environment. Catalytic residues often form hydrogen bonds
to second-shell residues that are also excluded from the theozyme model.”* The following sections

will explore challenges to enzyme design in greater detail.

1.4.1. The challenge of predicting distal mutations

Given the low catalytic efficiencies of designed enzymes, directed evolution is often

06-68.95.96 retro-aldol

employed to enhance their activity. Enzymes catalyzing Kemp elimination,
reaction,’*7%"7 Dies-Alder reaction,®’ and Morita-Baylis-Hillman reaction®® have been optimized
by multiple rounds of directed evolution, increasing their efficiencies by up to 5 orders of
magnitude. During evolution, activity-enhancing mutations are identified throughout the enzyme
structure, including both active-site and distal positions®” (Figure 1.17). The mechanisms by which
mutations increase enzyme activity vary depending on their proximity to the active site. Notably,
the effects of mutations on enzyme turnover (kc.:) do not directly correlate with their proximity to

the active site, unlike specificity, which is strongly influenced by active site mutations.”® Typically,

mutations in inner shells tend to have larger effects on activity; however, several reported cases of
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activity-enhancing distal mutations exist.”” For example, a single mutation introduced 15 A away
from the active site of the LovD enzyme increased the enzyme’s activity by twofold.” Similarly,
distal mutations located more than 9 A away from the active site in NOV1, a bacterial dioxygenase,
resulted in a ~10-fold increase in activity.!?” In another study, a mutation 13 A away from the

active site increased hydrolysis of ceftazidime by a B-lactamase by more than 600-fold.?”-1%!

Active-site mutations can enhance activity by introducing new catalytic interactions,®®747¢

pre-organizing the active site,* or reshaping the binding pocket . The role of distal mutations in
catalysis, however, is less understood. They have been shown to increase activity by
conformational tinkering and fine-tuning of the active site. For instance, during the directed
evolution of N-acyl-homoserine lactonase towards paraoxon, two distal mutations caused an active
site residue, Phe68, to be displaced by 3 A, enhancing interactions with the new substrate’s leaving

102 In another example, Jiménes-Osés ef al. observed that laboratory evolution of the LovD

group.
enzyme for improved simvastatin synthesis led to distal mutations that restricted the
conformational sampling of Tyr188, stabilizing a catalytically active conformation.”® Similarly,

during the evolution of KEO7 kemp eliminase, distal mutations stabilized the most catalytically

efficient active site configuration, optimizing the positioning of Trp50 relative to the substrate.’?

Distal mutations can also affect enzymes’ conformational dynamics, causing population
shifts or redistribution of enzymes’ conformational substates. For instance, distal mutations in an
evolved variant of monoamine oxidase (MAQO), MAO-D5, containing mutations with a mean
distance of 18-19 A of the active site, altered the enzyme’s conformational dynamics. These
mutations made the open conformation kinetically and thermodynamically unfavourable,

stabilizing closed and partially closed states.'”® In the directed evolution of TrpB, a non-
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monomerically active subunit of the heterodimer tryptophan synthase (TrpS), the introduction of
six distal mutations allowed TrpB to exhibit stand-alone activity. MD simulations revealed that
these mutations enabled TrpB to sample open, partially closed and closed conformations similar

to TrpS.1%

Despite the advancements highlighted by these studies, these findings are highly case-
specific, with mutations and their effects often not generalizable across different enzymes or
reaction conditions. Understanding the impact of distal mutations on catalytic efficiency is further
convoluted by the multifaceted nature of natural enzyme evolution. Mutations are selected not only
for increased activity but also for factors like specificity, stability, promiscuity, and other chemical
constraints. Therefore, studying the effects of mutations on catalytic efficiency requires novel,
creative approaches. Because the role of distal mutations in enzyme catalysis is poorly understood,
predicting distal mutations in computational enzyme design is very challenging. Typically, enzyme
design algorithms focus on building the active site and ignore distal residues, yet distal mutations
have been shown to significantly impact the catalytic properties of many enzymes, making their

prediction by computational enzyme design essential for creating highly active enzymes.
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° Designed positions 0 Evolved positions

Figure 1.17. Distribution of designed and evolved positions in de novo enzymes. Positions that were
computationally designed and mutated during directed evolution are shown as green and purple spheres,
respectively. (A) E.coli thioredoxin scaffold (PDB ID: 2TRX'®) used in the design of PDZ2.
(B) Imidazoleglycerolphosphate synthase from 7. Maritima (PDB ID: 1 THF'%) used in the design of KE07.
(C) D-2-deoxyribose-5-phosphate aldolase (PDB ID: 1JCL'"7) used in the design of KE70. (D) T.
auranticus xylanase scaffold (PDB ID: 1GOR'®) used in the design of HG-2. (E) S. solfataricus indole-3-
glycerolphosphate synthase scaffold (PDB ID: 1A53'%) used in the design of KE59. (F) S. solfataricus
indole-3-glycerolphosphate synthase scaffold (PDB ID: 1LBL'*) used in the design of RA95. (G) H.
sapiens mitochondrial deoxyribonucleotidase scaffold (PDB ID: 1Q91''°) used in the design of ECH13.
(H) L. vulgaris diisopropylfluorophosphatase scaffold (PDB ID: 1IE1A''") used in the design of DA_20_00.
() P, horikoshii haloacid dehalogenase scaffold (PDB ID: 1X42''?) used in the design of BH32.
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1.4.2. The challenge of identification of suitable scaffolds

Another challenge in designing highly efficient enzymes is selecting an appropriate
scaffold for the reaction of interest. This process typically involves repurposing native protein
scaffolds identified through a search of the Protein Data Bank, which contains over 144,000 protein
structures.!!? Given the vast number of protein structures available, finding a suitable scaffold can
be computationally expensive and time-consuming. Furthermore, natural proteins are highly
evolved to perform their native functions, so there may not be a natural scaffold with a binding
pocket well-suited to the novel reaction of interest. Natural scaffolds often contain structural
segments such as flexible loops that are difficult to model in silico, and they are often marginally
stable; therefore, introducing mutations can further destabilize them.!''*!'¢ An alternative to
repurposing natural protein scaffolds is the de novo generation of scaffolds, as demonstrated in the
design of luciferases®’, serine hydrolases®!, and retro-aldolases’®. This approach theoretically
allows for the creation of protein backbone geometries that are tailor-made to the reaction of
interest. However, designing an enzyme requires a high level of precision that in-silico models
alone cannot achieve without experimental validation.. For instance, in the case of luciferases, only
three enzymes exhibited activity out of 7,648 designs tested.®” Similarly, for serine hydrolases,
hundreds of designs were tested, yet the successful variants displayed catalytic efficiencies orders
of magnitude lower than natural hydrolases.3! For retro-aldolases, the turnover rate of the most
active designed enzyme was 300-fold lower than that of previously evolved retro-aldolases.”
These challenges underscore the need for alternative approaches to scaffold selection or

generation.
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1.4.3. The challenge of stabilizing multiple transition states

Creating an efficient de novo enzyme requires more than just stabilizing a single transition
state. An efficient enzyme ensures low energy barriers across all reaction steps. Targeting only the
rate-limiting step for barrier reduction can bring anti-catalytic effects on other steps. A notable
example of this can be seen during the evolution of retro-aldolase enzymes. In the RA95.5-5
variant, the rate-limiting step corresponds to the third step, which consists of C—C bond cleavage
of methodol. In the highly evolved RA95.5-8F variant, however, the third step is stabilized, and
the rate-limiting step is no longer the third step, but it’s the fourth, which corresponds to the

formation of the Schiff base.!!”

During the design of enzymes for retro-aldol’?> and MBH reactions,®?> composite transition
states were used. A composite transition state is generated by the superposition of multiple
intermediates and transition states. This approach, however, does not address the problems arising

from the use of a single transition state.

1.5. Machine learning methods in enzyme design

In 1959, Arthur Samuel, a pioneer in the field of artificial intelligence, defined machine
learning as “the field of study that gives computers the ability to learn without being explicitly
programmed”.!'® With recent advances in machine learning algorithms, the surge in computational
power, and the increase in protein sequence and structure data, several new tools have emerged

with significant implications for enzyme design.

One such tool is RFdiffusion, a guided diffusion model for protein structure generation.

RFdiffusion uses denoising diffusion probabilistic models (DDPMs) that work by introducing
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Gaussian noise to input data in several repeated steps and then learning to denoise the corrupted,
noisy data to generate new samples. These models have been used to create high-quality images
that never existed before.!!” RFdiffusion applies the same principle to protein structures, adding
3D Gaussian noise to Ca coordinates and Brownian motion to N-Ca-C rotations and then learning
to denoise to create diverse protein structures.’! RFdiffusion can be used to generate new protein
structures of a desired length, secondary structure, fold, oligomeric structures, functional-motif
scaffolding and protein-binding proteins. Therefore, in theory, RFdiffusion can generate new

protein backbone structures that can serve as initial structures for enzyme design.

However, protein backbone structures generated by RFdiffusion lack sequences. This is
where protein message passing neural network (ProteinMPNN), a deep learning tool, comes into
play. ProteinMPNN generates amino acid sequences that can fold to a desired 3D structure.!?
Traditional methods like Rosetta rely on rotamer optimization and energy calculation and are
computationally intensive. ProteinMPNN, however, achieved superior performance, recovering
52.4% of sequences on native protein backbones compared to Rosetta’s 32.9%. It is broadly
applicable to monomers, cyclic oligomers, nanoparticles and target-binding proteins. The method
leverages deep learning to rapidly generate candidate sequences, bypassing the need for extensive
computational resources. Experimental validation showed that ProteinMPNN can rescue
previously failed designs, producing sequences that fold accurately and confidently into target
structures. Recently, ProteinMPNN was applied to improve thermostability and yield of TEV

protease and human myoglobin.>’

Another powerful machine learning tool that can aid enzyme design is AlphaFold2,
developed by Alphabet’s DeepMind. AlphaFold2 is a deep learning model that can predict protein

3D structures from their amino acid sequences, effectively addressing the long-standing protein
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folding problem. In recognition of this breakthrough, the 2024 Nobel Prize in Chemistry was
awarded, in half, to the creators of AlphaFold2, for their achievement in solving the challenge of
predicting proteins’ complex structures. The AlphaFold model has been trained on sequences and
structures from the PDB, multiple sequence alignments (MSA), and known structures of
homologous proteins or templates. It extracts features such as amino acid sequences, physical
properties, and evolutionary relationships from these sources. The MSA and the template are then
passed through a transformer, which captures evolutionary information and spatial relationships
between residues. This data is subsequently passed on to the structure module that predicts the 3D
coordinates of the proteins by iterative refinement, improving accuracy in each step.'?! Recently,
a new version, AlphaFold3, was released, extending its capabilities beyond proteins to include
other biomolecules such as DNA, RNA and small molecule ligands.!?? The above-mentioned tools,

and other rapidly advancing ones, hold great potential in protein design.
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1.6. Thesis objectives
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Figure 1.18. Challenges in enzyme design. The first objective of this thesis is to (A) investigate how distal
mutations impact catalysis, (B) develop a workflow to customize a minimal scaffold for the reaction of
interest, and (C) employ multistate enzyme design to design an enzyme for a multistep reaction.

In this thesis, our objective is to enhance enzyme design methodologies to reduce the
current reliance on directed evolution by addressing several key challenges facing enzyme design.
As outlined, during evolution, activity-enhancing mutations appear throughout the enzyme
structure. How residues far from the active site contribute to catalysis is not well understood.
Typically, in enzyme design, only the active site is designed, as identifying distal residues that
contribute to catalysis is challenging. De novo-designed and laboratory-evolved enzymes offer a
unique opportunity to unravel the effects of active-site and distal mutations since these mutations

were selected solely for their ability to increase catalytic activity. In Chapter 2, our objective is to
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study the role of distal mutations in enzyme catalysis, aiming to determine whether designing distal

residues is necessary for creating efficient enzymes (Figure 1.18A).

A second challenge in enzyme design is the availability of protein scaffolds that are well-
suited to the reaction of interest. Previous enzyme design efforts have focused on either

66,7385 or generating new de novo scaffolds.?!:87 Both approaches have

repurposing natural scaffolds
limitations. While natural scaffolds offer a diverse range of shapes and topologies, they carry
millions of years of evolutionary history, are marginally stable,!!* and are often further destabilized

123 On the other hand, de novo scaffolds have well-

by mutations that engineer new functions.
characterized sequence-function relationships but lack the sub-&ngstrom precision required for
efficient catalysis. In Chapter 3, we present a new approach for scaffold selection where we
develop a workflow to customize a minimal, de novo and functionless TIM barrel to create a

functional enzyme for the Kemp elimination reaction (Figure 1.18B). This chapter also evaluates

the suitability of machine learning methods for enzyme design.

The third challenge is the design of efficient enzymes for multistep reactions. Stabilizing a
single transition state is not sufficient to create highly efficient enzymes for useful, multistep
reactions. An efficient enzyme must maintain low energy barriers across the whole reaction

2366 or composite”** transition state. To

pathway. Previous efforts focused on stabilizing a single
address this, in Chapter 4, we employ a multistate enzyme design approach to design an enzyme

to catalyze the Michael addition reaction, a C —C bond-forming reaction (Figure 1.18C).
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2.1. Foreword

As discussed in Chapter 1, current enzyme design methods fail to achieve the rate
enhancements seen in natural enzymes, and designing enzymes for industrially relevant reactions
remains a significant challenge. We hypothesized that one contributing factor to the low catalytic
efficiency of de novo designed enzymes is that residues distal to the active site are not considered
in the design procedure. The role of residues far from the active site in catalysis remains poorly
understood, as previous studies have often explored the impact of distal mutations alongside
active-site mutations, obscuring the direct contribution of distal residues. In this chapter, we aimed
to address this knowledge gap by studying functional, structural, and dynamic effects of distal
mutations. Our goal was to understand the role that distal mutations play in catalysis and
deconvolute their effects on enzymatic activity from those of active-site mutations. We
investigated whether efficient enzymes can be created by focusing solely on the active site, or if
distal mutations are essential for achieving high catalytic efficiency and current enzyme design

methodologies need to be improved to also consider distal mutations.
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2.3. Abstract

The role of amino-acid residues distant from an enzyme’s active site in facilitating the
complete catalytic cycle—including substrate binding, chemical transformation, and product
release—remains poorly understood. Here, we investigate how distal mutations promote the
catalytic cycle by engineering mutants of three de novo Kemp eliminases containing either active-
site or distal mutations identified through directed evolution. Kinetic analyses, X-ray
crystallography, and molecular dynamics simulations reveal that while active-site mutations create
preorganized catalytic sites for efficient chemical transformation, distal mutations enhance
catalysis by facilitating substrate binding and product release through tuning structural dynamics
to widen the active-site entrance and reorganize surface loops. These distinct contributions work
synergistically to improve overall activity, demonstrating that a well-organized active site, though
necessary, is not sufficient for optimal catalysis. Our findings reveal critical roles that distal
residues play in shaping the catalytic cycle to enhance efficiency beyond what is achievable

through active-site optimization alone.
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2.4. Introduction

Enzymes are essential for life, catalyzing nearly all biochemical reactions with remarkable
precision and efficiency. Understanding the molecular principles underlying enzyme catalysis has
been a cornerstone of biochemistry, with decades of research providing a detailed understanding
of how active-site residues orchestrate catalytic mechanisms.!? Structural, mutational, and
computational studies have also demonstrated that residues located far from the active site
contribute to catalysis by modulating conformational dynamics to enrich productive active-site
configurations.> !2 Despite these insights, the specific contributions of distal residues in facilitating
other aspects of the catalytic cycle, such as substrate binding and product release, remain poorly
understood. Elucidating the role of distal residues in these processes in natural enzymes is
challenging due to the intricate allosteric networks in their structures'? and the presence of epistatic
interactions!® shaped by millions of years of evolution. As a result, reliably predicting the
functional impact of distal mutations remains a significant challenge,'* hindering our ability to
fully understand and exploit enzyme function.

Over the past two decades, de novo enzyme design has emerged as an approach for
engineering enzymes tailored to specific reactions.!>!® These methods focus on constructing
active sites by incorporating catalytic residues and ligand-binding pockets into protein
scaffolds,'?* neglecting the role of distal residues. While this approach has successfully produced
several de novo enzymes,!> 182122 these biocatalysts have displayed low activity, necessitating
subsequent directed evolution to enhance catalytic efficiency.®?*~2” Throughout these evolutionary
processes, numerous mutations that enhance activity were discovered, both within and far from
the active site. Several studies have shed light on how evolution enhances catalysis in artificial

enzymes.* %2927 However, they have assessed the functional impacts of distal mutations alongside
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active-site mutations, obscuring the direct contribution to catalysis of residues far from the active
site. Moreover, these studies have focused on the role of mutations found by directed evolution in
accelerating the chemical transformation,>-%-2%2427-2% limiting insights into their role in substrate
binding and product release—key catalytic cycle steps that can impact efficiency. Given the well-
documented evolutionary paths of these de novo enzymes and the fact that mutations were
specifically selected by directed evolution for their ability to boost catalytic efficiency, these
artificial enzymes offer a unique opportunity to investigate the effects of distal mutations on the
catalytic cycle without complications arising from the evolutionary history of the wild-type protein
scaffold from which they are derived.

Here, we investigate the role of distal mutations in facilitating the enzyme catalytic cycle
by studying three de novo Kemp eliminases that have undergone directed evolution. Using mutants
containing either active-site or distal mutations, referred to as Core and Shell variants, respectively,
we analyze their effects on enzyme activity, structure, and dynamics. Our results reveal that while
active-site mutations establish highly organized active sites for efficient chemical transformation,
distal mutations enhance catalysis by modulating energy barriers of substrate binding and product
release to facilitate the overall catalytic cycle. This is achieved through altered structural dynamics
that widen the active-site entrance and reorganize surface loops. Together, these mutation sets work
synergistically to optimize enzyme activity. Our findings suggest that designing more efficient
artificial enzymes will require novel strategies to balance the structural rigidity essential for precise
active-site alignment with the flexibility needed for efficient progression through the catalytic

cycle.
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2.5. Results

2.5.1. Core and shell variants of de novo Kemp eliminases

To investigate how distal mutations contribute to the catalytic cycle, we generated variants
of three computationally designed enzymes: HG3,'"® 1A53-2,!% and KE70.!> These enzymes,
generated from three distinct TIM barrel scaffolds with no sequence homology, were designed to
catalyze the Kemp elimination (Figure 2.1A), a model organic transformation frequently used to
benchmark enzyme design protocols. This reaction is ideal for assessing the influence of distal
mutations, as it occurs in a single step, simplifying mechanistic evaluations of the chemical
transformation. The original de novo Kemp eliminases display modest catalytic efficiencies
(kea/ K < 10> M1 s71), requiring directed evolution to enhance activity.® 242627 Directed evolution
3,26,27

improved catalytic efficiency by several orders of magnitude, mostly due to increases in Acat,

resulting in Evolved variants containing mutations distributed throughout each enzyme’s structure.

The original de novo enzymes, referred to as Designed variants here, lack the mutations
introduced by directed evolution except for two cases: HG3-Designed, which is a single point
mutant of HG3 (K50Q) that contains a catalytic hydrogen-bond donor not present in the original
de novo enzyme but that appeared during its evolution,?® and KE70-Designed, which includes two
insertions in active-site loops (S20a and A240a) that were manually introduced during KE70’s
evolution.> We employ these Designed variants instead of the original de novo enzymes for
consistent comparisons within each enzyme family, ensuring identical catalytic residues and

sequence lengths across all related variants (Supplementary Table 2.1).

In addition to the Designed and Evolved enzymes, we created Core and Shell variants by

introducing non-overlapping sets of mutations derived from their respective Evolved forms (Figure
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2.1B, Supplementary Table 2.2). Core variants contain mutations that occurred within the active
site, defined as residues directly interacting with the transition-state analogue in their crystal
structure (first shell), as well as those in direct contact with ligand-binding residues (second shell).
These positions are those that are typically targeted during de novo enzyme design.!>%30 By
contrast, Shell variants contain mutations that occurred outside the active site. This process yielded

a total of 12 enzymes containing two to 16 mutations across three distinct lineages (Table 2.1).
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Figure 2.1. Core and Shell variants of Kemp eliminases. Kemp eliminases catalyze the concerted
deprotonation and ring opening of benzisoxazoles using an Asp, Glu or His catalytic base. (B) Core and
Shell variants from the HG3, 1A53 and KE70 families contain either active-site (purple) or distal (yellow)
mutations found by directed evolution, respectively. Mutations are listed on Supplementary Table 2.2.
Catalytic residues are shown as grey spheres. (C) Michaelis—Menten plots of normalized initial rates as a
function of substrate concentration are shown. Data represent the average of six or nine individual replicate
measurements from two or three independent protein batches, with error bars indicating the SEM (mean +
SEM). (D) The 6-nitrobenzotriazole transition-state analogue tautomerizes in water, which allows it to bind

to enzymes that react with either 5- or 6-nitrobenzisoxazole.
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2.5.2. Functional effects of active-site and distal mutations

All enzymes could be expressed and purified in good yields (Supplementary Table 2.3)
except for 1A53-Shell, which afforded substantially lower yields and tended to precipitate when
stored overnight at 4 °C or when concentrated. Due to this issue, we conducted enzyme kinetics
immediately after purification. Core variants were 90 to 1500-fold more catalytically efficient than
their corresponding Designed enzymes, and only slightly less active (1.2—-2-fold) than Evolved
variants (Figure 2.1C, Table 2.1). By contrast, Shell variants did not exhibit significant
improvements in kc./Km over their Designed counterparts except for HG3-Shell, which is 4-fold
more catalytically efficient than HG3-Designed. These results demonstrate that active-site
mutations are the primary drivers of enhanced activity, while distal mutations work synergistically

with active-site mutations to further increase catalytic efficiency.

Additionally, the incorporation of active-site or distal mutations into Designed enzymes
did not produce consistent effects on stability. Core and Shell variants displayed either increased
or decreased stability relative to the Designed enzymes, with no clear trend (Table 2.1,
Supplementary Figure 2.1-2.2). Similarly, combining both sets of mutations resulted in variable
effects on stability, ranging from stabilization (HG3-Evolved) to destabilization (1A53-Evolved),
or no substantial change (KE70-Evolved) relative to the Designed enzymes. These results,
combined with the observation that Evolved variants are more active than Core variants, suggest
that distal mutations are primarily selected during directed evolution to enhance catalytic
efficiency rather than to mitigate trade-offs between activity and stability introduced by active-site
mutations. This conclusion challenges prior hypotheses that distal mutations are primarily

31,32

compensatory,” '~ instead highlighting their critical functional contributions to enzyme catalysis.
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Table 2.1. Properties of various Kemp eliminases

Enzyme Original ' K ket el K. o ot
name mutations (mM) (s7) M7 s7) increase °C)

HGS3 series
HG3-Designed HG3-K50Q¢ - N.D. N.D. 1300 + 90 - 51
HG3-Shell - 9 N.D. N.D. 4900 + 500 4 50
HG3-Core HG4 7 1.9+0.2 230 +20 120000 £ 20000 90 52
HG3-Evolved HG3.17 16 2.1+0.3 320 +30 150000 + 40000 120 56
1AS3 series
1A53-Designed 1A53-2 - N.D. N.D. 4.6+0.4 - 74
1A53-Shell - 8 N.D. N.D. 5.0+0.7 1 65
1A53-Core - 6 2.0+0.5 13£2 7000 + 3000 1500 85
1A53-Evolved 1A53-2.9 14 14+0.2 19+2 14000 + 3000 2800 61
KE70 series
gcl}s’i/gx-led KE70-S20a/A240a¢ - N.D. N.D. 150+ 7 - 57
KE70-Shell - 2 1.9+0.3 0.24 +£0.02 130 + 30 1 60
KE70-Core - 6 0.23+0.03 5.0+0.2 22000 + 4000 150 55
KE70-Evolved R6 6/10A 8 0.35+0.02 9.1+0.1 26000 £ 2000 170 58

¢ Original names are those previously used in literature for these variants.

® Kinetic parameters for all enzymes except the 1A53 series are reported for the 5-nitrobenzisoxazole substrate. For the 1A53 series, kinetic
parameters are reported for 6-nitrobenzisoxazole. All reactions were performed at 27 °C in 50 mM sodium phosphate buffer (pH 7.0),
supplemented with 100 mM NaCl and 10 % methanol. N.D. indicates that individual parameters Km and kca could not be determined accurately
because saturation was not possible at the maximum substrate concentration tested, which is the substrate’s solubility limit (2 mM or 1 mM for 5-
nitrobenzisoxazole or 6-nitrobenzisoxazole, respectively). Data represent the average of six individual replicate measurements from two
independent protein batches. Errors of regression fitting, which represent the absolute measure of the typical distance that each data point falls
from the regression line, are provided.

¢ Catalytic efficiencies (keca/Km) Were calculated from individual Km and kear parameters, or from the slope of the linear portion ([S] << Kwm) of the
Michaelis-Menten model (vo = (kea/Kn)[Eo][S]) when saturation was not possible.

4 HG3-K50Q is a point mutant of de novo enzyme HG3 that contains the Q50 hydrogen-bond donor identified by directed evolution. We added
this mutation into HG3-Designed to allow for direct comparison with Shell, Core and Evolved HG3 variants, which all contain this mutation.
HG3-K50Q is 9-fold more catalytically efficient than HG3 (kea/Knm = 146 M s7)*,

¢ KE70-S20a/A240a is a double mutant of de novo enzyme KE70 that contains two insertions in active site loops (S20a and A240a), which were
manually introduced into KE70 during its directed evolution®. We added them into KE70-Designed to allow for direct comparison with Shell,
Core and Evolved KE70 variants, which all contain these insertions. These insertions increase catalytic efficiency by approximately 2-fold when
introduced on their own into KE70%°.
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2.5.3. Structural effects

To investigate how active-site and distal mutations cause the observed effects on activity,
we solved crystal structures of several Core and Shell variants from each lineage and compared
them with available structures of their Designed,>!'® Core,* and Evolved,**2” counterparts. Crystals
of 1A53-Core, KE70-Core, and HG3-Shell, both in the presence and absence of transition-state
analogue 6-nitrobenzotriazole (6NBT, Figure 2.1D), were obtained under different conditions
(Supplementary Table 2.4). The crystals diffracted at resolutions ranging from 1.44 to 2.36 A
(Supplementary Table 2.5). Unit cells of 1A53-Core (P312 1) and HG3-Shell (P21 21 21)
contained a single protein chain and had similar dimensions regardless of the presence of 6NBT.
By contrast, crystals of KE70-Core displayed variations in space group and unit cell dimensions
with and without 6NBT (P1 21 1 and P21 21 21, respectively), accommodating six or two protein
molecules in the asymmetric unit, respectively. All protein structures crystallized with 6NBT
displayed clear density for this ligand within the active-site pocket (Supplementary Figure 2.3). In
the case of 1A53-Core, the structure obtained in the absence of 6NBT shows clear density for a 2-
(N-morpholino)ethanesulfonic acid (MES) molecule from the crystallization buffer bound in the
active-site pocket, overlapping with the binding site of the transition-state analogue. In all cases,
there were no substantial changes to the backbone conformation caused by the introduction of

active-site or distal mutations (Supplementary Figure 2.4).

Comparison of bound and unbound structures reveals that the active-site configurations of
Core and Shell variants, except for 1A53-Core, remain mostly unchanged upon 6NBT binding,
with catalytic residues adopting nearly identical side-chain conformations (Figure 2.2A). These
results imply that these active sites are preorganized for catalysis in the absence of the transition-

state analogue. In 1A53-Core however, W110 adopts a non-productive conformation that would
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prevent binding of 6NBT due to an approximately 120-degree rotation around y> compared to its
conformation in the bound structure. We hypothesized that this conformational change results from
the presence of MES in the active site. To test our hypothesis, we performed molecular dynamics
simulations of this enzyme structure in the absence of the buffer molecule, which showed that
W110 readily adopts a conformation suitable for binding 6NBT via pi-stacking throughout the
simulation (Supplementary Figure 2.5). These results suggest that the 1 A53-Core active site is also

preorganized for catalysis in the absence of 6NBT.

When comparing Core variants to their Evolved counterparts, both exhibit nearly identical
active sites in the presence of the transition-state analogue (Figure 2.2B). These findings imply
that active-site mutations alone are sufficient to form a binding pocket optimized for efficient
chemical transformation in Core variants. On the other hand, HG3-Shell’s active site closely
resembles the suboptimal active site of HG3-Designed when 6NBT is present. These results
demonstrate that introducing distal mutations in either Designed or Core variants does not
substantially alter the active-site configuration. Yet, distal mutations enhance catalysis more
effectively when introduced in Core variants than in Designed variants, suggesting that they do so

through subtle effects that cannot be explained by analyzing average crystal structures alone.
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Figure 2.2. Crystal structures. (A) The active sites of HG3-Core, HG3-Shell and KE70-Core do not
change substantially upon binding of the 6-nitrobenzotriazole (6NBT) transition-state analogue. In 1A53-
Core, a 2-(N-morpholino)ethanesulfonic acid (MES) molecule from the crystallization buffer occupies the
6NBT binding site, inducing a conformational change in W110. (B) Core variants display active-site
configurations nearly identical to those of their Evolved counterparts, while HG3-Shell displays a
configuration similar to HG3-Designed. The 1A53-2.5 crystal structure (PDB ID: 6NW4)?” was used for
comparison with 1A53-Core, as 1A53-Evolved was unavailable. We re-refined the KE70-Evolved crystal
structure with bound 6NBT (PDB ID: 3Q2D)* to model missing residues (22—25 in chain A and 3-25 in
chain B) into the available density and to flip 6NBT into a productive binding pose. In all cases, only the
major conformer of each first-shell active-site residue is shown, with the 6NBT transition-state analogue at
the center.
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To explore this possibility, we assessed the impact of distal mutations on the enzyme
conformational ensemble, as they have been proposed to enhance activity by enriching
catalytically productive substates.!* To do so, we performed ensemble refinement of the 6NBT-
bound structures (Supplementary Table 2.6) and examined the percentage of ensemble members
capable of forming catalytic contacts (e.g., hydrogen bonds and pi-stacking interactions) with the
transition-state analogue. We found that in all cases, the incorporation of active-site mutations into
Designed enzymes to yield Core variants greatly increases the proportion of substates within the
conformational ensemble capable of establishing hydrogen bonds or pi-stacking interactions
between catalytic residues and 6NBT, while simultaneously making catalytic residues more
ordered (Figure 2.3, Supplementary Figure 2.6). Introduction of distal mutations into Designed or
Core variants to yield Shell or Evolved variants, respectively, also enhances the proportion of
productive substates and rigidifies catalytic residues but to a much lesser extent. Overall,
crystallography revealed that active-site mutations enhance catalysis by structuring the active site
for efficient chemical transformation, while distal mutations complement this effect by modestly
increasing the proportion of productive substates in the conformational ensemble. The minimal
impact of distal mutations on catalytic efficiency in Shell variants, compared to their greater effect
in Evolved variants, suggests that they may play a more significant role in accelerating other
catalytic cycle steps, such as substrate binding and product release, which can be efficiency

bottlenecks.
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Figure 2.3. Ensemble refinement of Kemp eliminases. Ensemble refinements of 6NBT-bound crystal
structures for (A) HG3, (B) 1A53, and (C) KE70 variants reveal that distal and active-site mutations
increase the proportion of productive substates in the conformational ensemble. Percentages next to each
residue indicate the fraction of substates that form hydrogen bonds or n-stacking interactions with 6NBT.
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2.5.4. Mechanistic effects

Next, we examined the influence of distal mutations on substrate binding and product
release (Figure 2.4A). To do so, we measured kinetic solvent viscosity effects (KSVE) on kca/ Km
and kca, which probe whether productive substrate binding is limited by the rate of substrate
diffusion and whether product release is the rate-limiting step in the catalytic cycle,> respectively.
In these experiments, the rates of substrate binding, product release, and enzyme conformational
changes are expected to be sensitive to solvent viscosity. By contrast, the chemical transformation
itself is assumed to be independent of solvent viscosity, as it occurs within the active site, which
is shielded from bulk solvent effects. For these analyses, we focused on Core and Evolved variants,
as the activity of Designed and Shell variants was too low to yield reliable data when viscosity
was increased.

KSVE on ke could not be measured for most enzymes due to lack of saturation within the
substrate’s solubility limit in the presence of viscogen (Supplementary Figure 2.7). However,
KSVE on ke/Km were measurable and revealed a value of approximately 1.0 for HG3-Evolved,
indicating that productive substrate binding is much slower than the chemical transformation
(Figure 2.4B). By contrast, HG3-Core exhibited a KSVE of 0.59, implying that substrate diffusion
to form productive enzyme-substrate complexes and the chemical transformation occur at
comparable rates, potentially due to faster diffusion than in HG3-Evolved or slower chemical
transformation, or both. To explore these possibilities, we performed stopped-flow experiments to
monitor the binding kinetics of the transition-state analogue 6NBT and reaction product 2-
hydroxy-5-nitrobenzonitrile via quenching of intrinsic tryptophan fluorescence’. Due to strong
inner filter effects, binding experiments with 2-hydroxy-5-nitrobenzonitrile could not be

performed reliably. However, stopped-flow measurements with 6NBT (Supplementary Figure 2.8)

76



demonstrated that the transition-state analogue bound more rapidly to HG3-Evolved than to HG3-
Core, while its unbinding rate remained unchanged (Supplementary Table 2.7). These results
demonstrate that distal mutations accelerate substrate binding when incorporated into HG3-Core
to form HG3-Evolved.

To investigate the influence of distal mutations on product release, we compared relative
rate constants from various kinetic experiments. Given that Km values for HG3-Core and HG3-
Evolved are in the millimolar range (Table 2.1), while dissociation constants for 6NBT are in the
micromolar range (Supplementary Table 2.7), substrate unbinding (k2) is expected to be much
faster than unbinding of the transition-state analogue. Since the rate of the chemical transformation
(k3) in HG3-Evolved is expected to be at least 100-fold higher than that of substrate unbinding
(Figure 2.4), k3 likely exceeds kcat for this variant (Table 2.1). As a result, product release (ks)
becomes rate-limiting, since kcat = k3 X ks / (k3 + k4). This conclusion is consistent with previous
kinetic isotope effect experiments on HG3-Evolved, which showed that turnover in this variant is
limited by product dissociation®*. In HG3-Core, where the rate of the chemical transformation is
only 1.4-fold higher than that of substrate unbinding (m = k3 / (k2 + k3) = 0.59), product release
may either be rate-limiting or faster than the chemical transformation. If product release is rate-
limiting, it would likely be slower than in HG3-Evolved due to the lower kca value of the Core
variant. Alternatively, if the chemical transformation remains rate-limiting in HG3-Core, this
indicates that distal mutations shift the rate-limiting step from the chemical transformation in HG3-
Core to product release in HG3-Evolved. In either case, this analysis reveals that distal mutations
in HG3-Evolved not only enhance the rate of the chemical transformation, likely through the

enrichment of productive substates observed in the crystallographic ensemble (Figure 2.3A), but
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also modulate energy barriers related to substrate binding and product release, thereby optimizing
the catalytic cycle for more efficient catalysis.

For both 1A53-Core and 1A53-Evolved, KSVE experiments on kc./Km revealed a slope of
approximately 1.0, indicating that formation of productive enzyme-substrate complexes is much
slower than the chemical transformation in both variants (Figure 2.4C). Despite stopped-flow
experiments showing slower 6NBT binding to 1AS53-Evolved (Supplementary Table 2.7,
Supplementary Figure 2.9), its higher kca suggests that distal mutations facilitate product release.
The higher Kv values of these enzymes (Table 2.1), compared to the transition-state analogue
dissociation constants (Supplementary Table 2.7), suggest that substrate unbinding is much faster
than 6NBT unbinding. Since the chemical transformation is at least 100-fold faster than substrate
unbinding for these enzymes, k3 is expected to be much larger than kca, indicating that product
release is rate-limiting. These analyses show that distal mutations enhance catalysis in 1A53-
Evolved primarily by accelerating product release.

For KE70-Core, KSVE on kc./Km revealed a near-zero slope, indicating that the diffusional
encounter of substrate and this enzyme is much faster than the chemical transformation. In KE70-
Evolved, a KSVE of 0.47 indicates near equivalent rates for substrate unbinding and the chemical
step (Figure 2.4D). The nearly doubled kcac in KE70-Evolved compared to KE70-Core (Table 2.1)
reflects a faster chemical transformation in the Evolved variant rather than slower substrate
capture, likely caused by the enrichment of productive conformational substates observed in its
crystallographic ensemble (Figure 2.3C). While we could not perform binding assays with these
enzymes because they lack a tryptophan reporter in the active site, we could measure KSVE on
kear for KE70-Evolved, which revealed an inverse hyperbolic pattern (Figure 2.4E). This pattern

suggests a solvent-sensitive internal isomerization of the enzyme-product complex into a more
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active conformation that is favored in a more viscous medium.*? Since kcar comprises both the
chemical transformation (k3) and product release (ks) rate constants, and no inverse hyperbolic
pattern was observed for KSVE on kca/Km, we propose that product release by KE70-Evolved is
accelerated under viscous conditions by a diffusion-dependent conformational change of the
enzyme-product complex. These findings highlight the critical role of conformational dynamics in

accelerating product release during KE70-Evolved catalysis.
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Figure 2.4. Kinetic solvent viscosity effects. (A) Kemp elimination reaction scheme. (B-E) Grey and black
lines correspond to Core and Evolved variants, respectively. Kinetic solvent viscosity effects on kcat/KM
for (B) HG3, (C) 1A53 and (D) KE70 variants show a linear dependence on relative viscosity (nrel). The
slope (m) corresponds to k3 / (k2 + k3), where k2 is the rate constant of substrate dissociation and k3 is the
rate constant for the chemical transformation. A slope of 1 indicates that k3 is much larger than k2 (m = k3
/ k3). A slope of 0 indicates that k3 is much smaller than k2 (m =k3 / k2 = 0). (E) Kinetic solvent viscosity
effects on kcat for KE70-Evolved show an inverse hyperbolic pattern, which is consistent with the presence
of a solvent-sensitive internal isomerization of the enzyme-product complex. Data represent the average of
6 individual replicates from 2 independent protein batches, with error bars reporting the SEM.
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2.5.5. Dynamical effects

KSVE and stopped-flow experiments showed that distal mutations facilitate substrate
binding and/or product release, which could be achieved by promoting active-site opening. To test
this hypothesis, we conducted microsecond-timescale molecular dynamics simulations of the
enzymes in their unbound form (Methods). Root-mean-square fluctuations revealed that the most
flexible regions in all enzymes were surface loops (Supplementary Figure 2.10). In 1A53 and
KE70 enzymes, the most flexible loop is located at the entrance of the active site, whereas in the
HG3 family, it is further away. Principal component analysis (PCA) showed that both distal and
active-site mutations reshape the conformational landscape, allowing access to alternative
conformations or depopulating others (Figure 2.5A). For 1A53 and KE70 enzymes, one or both
principal components reflected movements of loops covering the active site, while in HG3, they

involved distal loops (Supplementary Figure 2.11).

To assess active-site opening, we analyzed the distances between surface loops covering
the active site (Figure 2.5B,C). In 1A53-Designed and 1A53-Shell, loop distance analysis revealed
two primary conformational states: a closed state with a median loop distance of ~10 A,
corresponding to the crystallographic conformation, and an open state with a median distance of
>17 A. Distal mutations introduced into 1A53-Designed (to form 1A53-Shell) increased the
openness of the open state, shifting the median loop distance by 2.5 A. In 1A53-Core and 1A53-
Evolved, a third, partially open state centered at ~15 A was observed. Incorporating distal
mutations into 1A53-Core further expanded the median open distance by more than 10 A. These
findings suggest that distal mutations enhance active-site accessibility in 1A53 by promoting more

open loop conformations, which is consistent with faster product release in 1A53-Evolved.
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For KE70-Designed and KE70-Shell, two states were observed: closed and open, with
median loop distances at around 7 and 12.5 A, respectively, the latter corresponding to the
crystallographic conformation. Introducing distal mutations into KE70-Designed to generate
KE70-Shell reduced the closed conformation population from 30% to 15%, but median loop
distances remained unchanged. For KE70-Core and KE70-Evolved, a third conformational state
is observed, which is partially open (median loop distance around 10.5 A). While distal mutations
introduced into KE70-Core to produce KE70-Evolved increased the closed conformation
population, in contrast to their effect on KE70-Designed, the open state became more open by
nearly 1 A. These results suggest that distal mutations in KE70 facilitate opening of the active site
by either increasing the proportion of open substates or shifting open conformations toward a more

open state.

In contrast to 1A53 and KE70 enzymes, HG3 variants exhibited minimal changes in active-
site loop conformations, consistent with the most flexible loop being distant from the active site
(Supplementary Figure 2.10) Since the dynamics of loops near the active site were largely
unaffected, we examined whether distal mutations influenced sidechain dynamics, potentially
altering the bottleneck radius of the active site entrance. Previous studies linked a larger bottleneck
radius to enhanced catalysis in HG3 variants.* Caver33® analysis of bottleneck radii in molecular
dynamics snapshots (Supplementary Figure 2.12) revealed that distal mutations increased the
percentage of structures in the conformational ensemble with a bottleneck radius >0.9 A, a
threshold chosen because it matches the radius of small ions commonly bound in protein structures,
and raised the median bottleneck radius. These findings suggest that distal mutations enhance

active-site accessibility in HG3 enzymes by widening the entrance without significantly altering
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loop conformations. This is consistent with the faster substrate binding observed in HG3-Evolved

and suggests that product release is also accelerated.
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Figure 2.5. Conformational landscapes of Kemp eliminases by molecular dynamics.
(A) Representation of the molecular dynamics trajectories projected into the two most important principal
components (PC1, PC2) based on Ca contacts for each enzyme family. Color coding represents the relative
population density of the states, with blue indicating the most populated wells and red representing the least
populated regions. Details on conformational changes contributing to PC1 and PC2 are shown on
Supplementary Figure 2.11. (B) Histograms of loop distances across the entire energy landscape for KE70
and 1A53 enzymes, or from the most populated well for HG3 enzymes. Loop distances were calculated
between Ca carbons of residues 21 and 78 for KE70 variants, 58 and 188 for 1A53 variants, and 90 and
275 for HG3 variants (shown as spheres in panel ¢). The dashed line represents the average loop distance
in crystal structures of each enzyme family. The multimodal distributions were deconvoluted using a
Gaussian mixture model, with the median loop distances for each conformational state indicated in A.
(C) Representative snapshots for each conformational state sampled by the enzymes. These snapshots
display loop distances equivalent to the median value for each population in the distribution. The Ca
carbons of residues used to calculate loop distances are shown as spheres.
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2.6. Discussion

In this study, we investigated the influence on the catalytic cycle of distal mutations
introduced by directed evolution across three lineages of de novo enzymes designed to catalyze
the same reaction. Unlike previous investigations of structural and dynamic changes along enzyme

evolutionary trajectories,>¢

we sought to specifically isolate the effects of distal mutations from
those occurring at the active site by generating Core and Shell variants. Our findings demonstrate
that active-site mutations are the primary drivers of enhanced catalytic efficiency, organizing the
active site for optimal enzyme-transition state interactions to accelerate the chemical
transformation. These findings are consistent with the long-standing understanding that active-site
residues play a dominant role in shaping enzyme activity.>” However, distal mutations complement
these effects by tuning energy barriers to substrate binding and product release, optimizing the
catalytic cycle for efficient catalysis. This role is particularly critical when these steps are rate-
limiting, as observed in many natural enzymes.>®**° In such cases, large-scale structural and
dynamic rearrangements across the protein scaffold become necessary to achieve further efficiency
gains. As a result, the benefits of distal mutations emerge only when the active site is already
optimized, as improved substrate binding and product release cannot compensate for slow
chemical transformation. Although we cannot rule out that distal mutations enhance catalysis
through additional mechanisms, our strategy of generating Core and Shell variants provides a
valuable approach for studying underexplored catalytic effects possibly mediated by distal

mutations, such as alterations to heat capacity,?’ local electric fields,*! and conformational

entropy.*?

Our results highlight important challenges in de novo enzyme design. Traditional enzyme

design algorithms focus on carving active sites for specific reactions on preexisting protein
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scaffolds without considering distal positions.!>1%!8 Even recent deep-learning-based methods for
enzyme design optimize distal residues for folding, stability and solubility rather than for their
influence on catalysis.**** While both approaches have produced functional enzymes, the resulting
catalytic activities remain low (kcat < 0.1 s7!). Meanwhile, directed evolution consistently remodels
designed active sites to enhance catalytic efficiency, sometimes even altering catalytic

residues,?>26-°

while also fine-tuning conformational dynamics through mutations at distal
positions.!®* Our study shows that even if perfectly optimized active sites could be designed from
scratch, these enzymes would still fall short of their full catalytic potential without the appropriate
distal mutations. This finding underscores the importance of removing bottlenecks in the catalytic

cycle, such as substrate binding and product release, by optimizing distal positions to adjust

conformational dynamics and enhance activity.

Moving forward, we propose a framework for de novo enzyme design that optimizes the
active site first, potentially through ensemble-based design®® or deep-learning techniques*6-26-2743,
before introducing distal mutations to adjust conformational dynamics for facilitated ligand
binding and release. Identifying beneficial distal mutations to precisely tune structural dynamics
remains challenging, but computational methods capable of identifying dynamically-linked
residues could help.*® Balancing the structural rigidity needed for precise active-site alignment
with the flexibility required for efficient substrate binding and product release will likely be
essential for unlocking the full catalytic potential of de novo enzymes. The Core and Shell variants

developed here offer valuable benchmarks for testing new predictive methods aimed at refining

distal regions, potentially guiding future developments in enzyme design.
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2.7. Methods

2.7.1. Protein expression and purification

Codon-optimized (E. coli) and his-tagged (C-terminus) genes for Kemp eliminases
(Supplementary Table 2.8) cloned into the pET-29b(+) vector via Ndel and Xhol were obtained
from Twist Bioscience. Enzymes were expressed in E. coli BL21-Gold (DE3) cells (Agilent) using
lysogeny broth (LB) supplemented with 100 pg mL™! kanamycin. Cultures were grown at 37 °C
with shaking to an optical density at 600 nm of 0.3-0.7, after which protein expression was
initiated with 1 mM isopropyl B-D-1-thiogalactopyranoside. Following incubation for 16 h at
16 °C with shaking (250 rpm), cells were harvested by centrifugation, resuspended in 8 mL lysis
buffer (5 mM imidazole in 100 mM potassium phosphate buffer, pH 8.0), and lysed with an
EmulsiFlex-B15 cell disruptor (Avestin). Proteins were purified by immobilized metal affinity
chromatography using Ni-NTA agarose (Qiagen) pre-equilibrated with lysis buffer in individual
Econo-Pac gravity-flow columns (Bio-Rad). Columns were washed twice, first with 10 mM
imidazole in 100 mM potassium phosphate buffer (pH 8.0), and then with the same buffer
containing 20 mM imidazole. Bound proteins were eluted with 250 mM imidazole in 100 mM
potassium phosphate buffer (pH 8.0) and exchanged into 100 mM sodium phosphate buffer (pH
7.0) supplemented with 100 mM sodium chloride using Econo-Pac 10DG desalting pre-packed
gravity-flow columns (Bio-Rad). Proteins used for crystallization were further purified by gel
filtration in 50 mM sodium citrate buffer (pH 5.5) and 150 mM sodium chloride using an ENrich
SEC 650 size-exclusion chromatography column (Bio-Rad). Purified samples were concentrated
using Amicon Ultracel-10K centrifugal filter units (EMD Millipore) and quantified by measuring
the absorbance at 280 nm and applying Beer-Lambert’s law using calculated extinction coefficients

obtained from the ExPAsy ProtParam tool (https://web.expasy.org/protparam/).
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2.7.2. Circular dichroism and thermal denaturation assays

Circular dichroism measurements were performed with a Jasco J-815 spectrometer using
650-uL aliquots of each Kemp eliminase in a 1-mm path-length quartz cuvette (Jasco) at a
concentration of 30—40 uM in 10 mM sodium phosphate buffer (pH 7) supplemented with 100 mM
sodium chloride. For structural characterization of protein folds, circular dichroism spectra were
acquired from 200 to 250 nm, sampled every 0.2 nm at a rate of 10 nm min~!. Five scans were
acquired and averaged for each sample. For thermal denaturation assays, samples were heated at
a rate of 0.5 °C per minute, and ellipticity at 222 nm was measured every 0.2 °C. Tr, values were
determined by fitting a 2-term sigmoid function with baseline correction using nonlinear least-

squares regression®’.

2.7.3. Steady-state Kkinetics

All assays were carried out at 27 °C in 100 mM sodium phosphate buffer (pH 7.0)
supplemented with 100 mM sodium chloride. Triplicate 200-uL reactions with varying
concentrations of freshly prepared 5-nitrobenzisoxazole (AstaTech) or 6-nitrobenzisoxazole
(Combi-blocks) dissolved in methanol (10 % final concentration, pH of reaction mixture adjusted
to 7.0 after addition of methanol-solubilized substrate) were initiated by the addition of 10 uM
KE70-Designed/Shell, 100 nM KE70-Core/Evolved, 25 uM 1A53-Designed/Shell, 1 uM 1A53-
Core/Evolved, 2 uM HG3-Designed, 5 nM HG3-Core/Evolved and 50 nM HG3-Shell. Product
formation was monitored spectrophotometrically in individual wells of 96-well plates (Greiner
Bio-One) using a SpectraMax Plus plate reader (Molecular Devices) with measurements at 380 or
“1)18

400 nm for reactions with 5-nitrobenzisoxazole (¢ = 15,800 M~ cm or 6-nitrobenzisoxazole

(e =2,870 Mt cm™ )%, respectively. Path lengths for each well were calculated ratiometrically
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using the difference in absorbance of 100 mM sodium phosphate buffer (pH 7.0) supplemented
with 100 mM sodium chloride and 10 % methanol at 900 and 975 nm (27 °C). Linear phases of
the kinetic traces were used to measure initial reaction rates. For cases where saturation was not
possible at the maximum substrate concentration tested (1 or 2 mM for 6-nitrobenzisoxazole or 5-
nitrobenzisoxazole, respectively), data were fitted to the linear portion of the Michaelis-Menten
model (vo = (kca/ Km)[E0][S]) and kca/ Km was deduced from the slope. In all other cases, data were

fitted to the Michaelis-Menten equation to calculate individual kcat and Kyv parameters.

2.7.4. Kinetic solvent viscosity effects (KSVE)

The effect of solvent viscosity on kca/Km was determined at 27 °C in 100 mM sodium
phosphate buffer (pH 7.0) supplemented with 100 mM NacCl, using sucrose as the viscogen at
different concentrations (0, 20, 28, 33 %w/v). Solution viscosities were approximated from
published viscosity data of sucrose solutions*. Kinetic measurements were performed as described
above using 5 nM of HG3-Core and HG3-Evolved, 1 uM of 1A53-Core and 1A53-Evolved, and
150 nM of KE70-Core and KE70-Evolved. Initial rates were determined and fitted to the linear
portion of the Michaelis-Menten model (vo = (kea/Km) [Eo] [S]) as saturation was not possible for
most reactions in the presence of sucrose. Reference values (kcaKm or kcat) in the absence of
sucrose were divided by the values obtained at different sucrose concentrations and plotted against
the relative buffer viscosity (nw1) to give the corresponding slopes reported in Figure 2.4. For
KSVE on kca/Km, the slope (m) corresponds to k3 / (k2 + k3), where k> is the rate constant of
substrate dissociation and ks is the rate constant for the chemical transformation (Figure 2.4A). A
slope of 1 indicates that k3 is at least 100-fold larger than k> (m = k3 / k3), while a slope of 0 indicates

that k3 is much smaller than k> (m = k3 / k2 = 0).

88



2.7.5. Stopped-flow Kinetics

Stopped-flow experiments measuring intrinsic tryptophan fluorescence were used to
monitor the kinetics of transition-state analogue (6NBT) binding to the Kemp eliminases. The
measurements were performed using OLIS RSM 1000 rapid-scanning monochromator, equipped
with a water bath to control the temperature. Changes in intrinsic Trp fluorescence upon binding
and dissociation of 6NBT were monitored using an excitation wavelength of 295 nm and a long-
pass 300 nm cut-off filter to detect emission. All experiments were performed at 20 °C. A solution
of 10 pM HG3-Core, HG3-Evolved, 1A53-Core and 1A53-Evolved in 50 mM Sodium phosphate
buffer, 100 mM NaCl pH 7, was loaded and quickly mixed varying TSA concentrations in the
same buffer containing 1% (v/v) DMSO (mixing ration 1:1 resulting in final enzyme concentration
of 5 uM. A significant decrease in fluorescence intensity was observed upon binding of 6NBT.
Three replicate measurements were made for each 6NBT concentration and the data were fit to
exponential equation F = F, + Amp.exp (—kyps-t) using GraphPad Prism where F is
fluorescence intensity, /7y is the initial fluorescence intensity, Amp is the amplitude of the change

in fluorescence and k.»s 1s the observed rate constant.

2.7.6. Crystallization

Enzyme variants were prepared in 50 mM sodium citrate buffer (pH 5.5) at the
concentrations listed in Supplementary Table 2.4. For samples that were co-crystallized with the
transition-state analogue, a 100 mM stock solution of 6NBT (AstaTech) was prepared in dimethyl
sulfoxide (DMSO) and diluted in the enzyme solutions for a final concentration of 5 mM (5 %
DMSO). For all variants except 1A53-Core, crystallization was performed using SWISS CI 3-well

sitting drop plates. For 1A53-Core, the hanging drop method was used. Crystallization drops were
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prepared by mixing 1 pL of protein solution with 1 pL of the mother liquor and sealing the drop
inside a reservoir containing an additional 500 pL of the mother liquor solution. Mother liquor
solutions contained various precipitants, and the specific growth conditions that yielded the
crystals used for X-ray data collection are listed on Supplementary Table 2.5. For the structures
bound to transition-state analogue, 6ENBT was added directly on top of crystal drops using Acoustic
dispensing with an Echo 650 liquid handler (Labcyte). The transition-state analogue was allowed

to diffuse in the crystal drop for approximately 10 min.

2.7.7. X-ray data collection and processing

All crystals were flash frozen in liquid nitrogen using appropriate cryoprotectant and
single-crystal X-ray diffraction data were collected on beamline 8.3.1 at the Advanced Light
Source. The beamline was equipped with a Pilatus3 S 6M detector and was operated at a photon

energy of 11111 eV. Data was processed and scaled using XDS* and AIMLESS, respectively.

2.7.8. Structure determination

We obtained initial phase information for calculation of electron density maps by molecular
replacement using the program Phaser,”! as implemented in v1.13.2998 of the PHENIX suite.>
Available structures of Evolved variants were used as molecular replacement search models. Next,
we performed iterative steps of manual model rebuilding followed by refinement of atomic
positions, atomic displacement parameters, and occupancies using a riding hydrogen model and
automatic weight optimization. For the 1A53-Core structure with and without transition-state
analogue, and KE70-Core with transition-state analogue, refinement also includes a translation-
libration-screw (TLS) model. All model building was performed using Coot 0.8.9.236°* and

refinement steps were performed with phenix.refine within the PHENIX suite (v1.13-2998).
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Restraints for 6NBT were generated using phenix.elbow, starting from coordinates available in the
Protein Data Bank (PDB ligand ID: 6NBT). Further information regarding model building and
refinement, as well as PDB accession codes for the final models, are presented in Supplementary

Table 2.5.

2.7.9. Ensemble refinement

Time-averaged ensembles were generated with phenix.ensemble refinement implemented
in PHENIX v.1.15.2-3472. In ensemble refinement,>* local atomic fluctuations are sampled using
molecular dynamics simulations accelerated and restrained by electron density to produce
ensemble models fitted to diffraction data. Briefly, input crystal structures were edited to remove
low-occupancy conformers and assign an occupancy of 1.0 to the remaining conformer. Following
addition of riding hydrogens, parallel ensemble refinement simulations were performed using
various combinations of the parameters prrs (0.6, 0.8, 0.9, 1.0), 1% (0.5, 1.5, 2.0) and Wx-ray (2.5,
5.0, 10.0), where prrs describes the percentage of atoms included in a translation-libration-screw
(TLS) model use to remove the effects of global disorder, 1y is the simulation time-step and Wx.ray
is the coupled tbath offset, which controls the extent to which the electron density contributes to
the simulation force field such that the simulation runs at a target temperature of 300 K. The
ensemble generated from each crystal structure that displayed the lowest Rgee value was selected

for analysis (Supplementary Table 2.6).

2.7.10. Molecular dynamics simulations

The Amber 2020 software (http://ambermd.org/) with the AMBER19SB forcefield> was

used for all simulations. Crystal structures of the enzymes were used as initial structures, except

for 1A53-Shell, 1A53-Evolved and KE70-Shell, which were generated in silico from the 1A53-
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2.5 crystal structure (PDB ID: 6NW4) and KE70-Evolved structure (PDB ID: 3Q2D) using the
protein design software Triad®® (Protabit LLC, Pasadena, CA, USA). Amino-acid protonation

states were predicted using the H++ server (http:/biophysics.cs.vt.edu/H++). Each enzyme

structure was immersed in a pre-equilibrated cubic box (10 A edge length) filled with buffer, using
the OPC water model,*” neutralized with explicit counterions (Na*, C1") using the Amber 20 leap
module. A two-state geometry optimization approach was applied. The first stage involved the
minimization of solvent molecules and ion positions while imposing positional restraints on
solutes using a harmonic potential (force constant: 500 kcal mol™' A2). The second stage consisted
of an unrestrained minimization of all atoms in the simulation cell. The systems were gradually
heated in seven 50 ps steps, each increasing the temperature by 50 K, under constant-volume and
periodic boundary conditions. Water molecules were treated using the SHAKE algorithm, and
long-range electrostatic effects were modeled using the particle-mesh-Ewald method.’® An 8 A
cut-off was applied to Lennard-Jones and electrostatic interactions. Decreasing harmonic restraints
were applied to the protein during thermal equilibration (500, 210, 165, 125, 85, 45, 10 kcal
mol'A?), with temperature control achieved using the Langevin scheme. A timestep of 1 fs was
maintained during these stages. Following the heating, equilibration of each system was conducted
for 20 ns without restraints at a constant pressure of 1 atm and a 2 fs timestep. After equilibration
in the NPT ensemble, production run MD simulations for each system in the NVT ensemble with
periodic-boundary conditions were performed. These production trajectories were run for 2000 ns

in three separate replicates.

Similar protocol was used to evaluate the conformation of 1A53-Core containing Models
of 1A53-Core containing alternate Trp110 rotamers (Supplementary Figure 2.5) were prepared

from the crystal structure by deleting the bound MES molecule and changing the rotamer in Pymol
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(http://www.pymol.org/). Molecular dynamics simulations were performed as described above.

Trp110 dihedral angles throughout the simulations were measured using the python interface of

cpptraj package.>’

2.7.11. Bottleneck radius analysis

Caver3* was used to calculate substrate entry channels for representative snapshots of the
most populated energy minima of HG3-Designed, HG3-Core, HG3-Evolved, and HG3-Shell.
Parameters used for the entry channel search were 6 A Shell depth, 5 A Shell radius, clustering

threshold value of 3.5 and a 0.9 A minimum probe radius.

93


http://www.pymol.org/

2.8. Supplementary information

Supplementary Table 2.1. Amino acid sequences of various Kemp eliminases

Enzyme

Sequence

HG3-Designed

HG3-Shell

HG3-Core

HG3-Evolved

1A53-Designed

1A53-Shell

1A53-Core

1A53-Evolved

KE70-Designed

KE70-Shell

KE70-Core

KE70-Evolved

MAEAAQSVDQLIKARGKVYFGVATDONRLTTGKNAAIIQADFGMVWPENSMOQWDATEPSQGNENFAGADYLVNWAQONGKL
IGGGMLVWHSQLPSWVSSITDKNTLTNVMKNHITTLMTRYKGKIRAWDVVGEAFNEDGSLRQTVFLNVIGEDYIPIAFQTA
RAADPNAKLYIMDYNLDSASYPKTQAIVNRVKOWRAAGVPIDGIGSQTHLSAGQGAGVLQALPLLASAGTPEVSILMLDVA
GASPTDYVNVVNACLNVQSCVGITVFGVADPDSWRASTTPLLFDGNEFNPKPAYNAIVQDLQQOGSIEGRGHHHHHH

MAEAAQSIDQLIKARGKVYFGVATDONRLTTGKNAAIIKADFGMVWPEESMQWDATEPSQGNENFAGADYLVNWAQONGKL
IGGGMLVWHNQLPSWVSSITDKNTLINVMKNHITTLMTRYKGKIRAWDVVGEAFNEDGSLRONVFLNVIGEDYIPIAFQTA
RAADPNAKLYIMDYNLDSASYPKTQAIVNRVKOWRAAGVPIDGIGSQMHLSAGQGAGVLQALPLLASAGTPEVSILMLDVA
GASPTDYVNVVNACLNVQSCVGITVFGVADPDSWRASSTPLLEFDGNENPKPAYNAIVONLQQGSIEGRGHHHHHH

MAEAAQSVDQLIKARGKVYFGVATDONRLTTGKNAAIIQADFGMVWPENSMOQWDATEPSQGNEFNFAGADY LVNWAQONGKL
IGAGCLVWHSFLPSWVSSITDKNTLTNVMKNHITTLMTRYKGKIRTWDVVGEAFNEDGSLRQTVFLNVIGEDYIPIAFQTA
RAADPNAKLYIMDYNLDSASYPKTQAIVNRVKOWRAAGVPIDGIGSQTHLSAGQGAGVLQALPLLASAGTPEVSILMLDVA
GASPTDYVNVVNACLNVQSCVGITVMGVADPDSAFASTTPLLEFDGNEFNPKPAYNAIVQODLQQOGSIEGRGHHHHHH

MAEAAQSVDQLIKARGKVYFGVATDONRLTTGKNAAIIQADFGMVWPENSMOQWDATEPSQGNENFAGADYLVNWAQONGKL
IGAGCLVWHSFLPSWVSSITDKNTLTNVMKNHITTLMTRYKGKIRTWDVVGEAFNEDGSLRQTVFLNVIGEDYIPIAFQTA
RAADPNAKLYIMDYNLDSASYPKTQAIVNRVKOWRAAGVPIDGIGSQTHLSAGQGAGVLQALPLLASAGTPEVSILMLDVA
GASPTDYVNVVNACLNVQSCVGITVMGVADPDSAFASTTPLLEFDGNEFNPKPAYNAIVQODLQQOGSIEGRGHHHHHH

MPRYLKGWLKDVVQLSLRRPSFRASRQRPIISLNERILEFNKRNITAITAAYKRKSPSGLDVERDPIEYSKFMERYAVGLA
IATEEKYEFNGSYETLRKIASSVSIPILMWDFIVKESQIDDAYNLGADTVALIVKILTERELESLLEYARSYGMEPAIVIND
ENDLDIALRIGARFIEIASRDLETLEINKENQRKLISMIPSNVVKVAWQGISERNEIEELRKLGVNAFGIGSSLMRNPEKI
KEFILGSIEGRGHHHHHH

MPRYLKGWLKDVVQLSLRRPSFHASRQRPIISLNERILEFNKRNITATIAAYKRKSPCGLDVERDPIEYSKFMERYAVGLA
IATEEKYEFNGSYETLRKIASSVSIPILMWDFIVKESQIDDAYNLGADTVALIVKILTERELESLLEYARSYGMEPAIVIND
ENDLDIALRIGARFIEIASRDFETLEINKENQRKLISMIPSNVVKVAWQGISERNELEELRKLGVNAFGIGSSLMSNPEKI
KEFIVGSIEDRGHHHHHH

MPRYLKGWLKDVVQLSLRRPSFRASRQRPIISLNERILEFNKRNITAITAAYRRKSPSGLDVERDPIEYSKFMERYAVGLA
VATEEKYFNGSYETLRKIASSVSIPILMWDFIVKESQIDDAYNLGADTVALIVKILTERELESLLEYARSYGMEPYIVIND
ENDLDIALRIGARFIEICSRDLETLEINKENQRKLISMIPSNVVKVAWGGISERNEIEELRKLGVNAFGIGSSLLRNPEKI
KEFILGSIEGRGHHHHHH

MPRYLKGWLKDVVQLSLRRPSFHASRQRPIISLNERILEFNKRNITATIAAYRRKSPCGLDVERDPIEYSKFMERYAVGLA
VATEEKYFNGSYETLRKIASSVSIPILMWDFIVKESQIDDAYNLGADTVALIVKILTERELESLLEYARSYGMEPYIVIND
ENDLDIALRIGARFIEICSRDFETLEINKENQRKLISMIPSNVVKVAWGGISERNELEELRKLGVNAFGIGSSLLSNPEKI
KEFIVGSIEDRGHHHHHH

MTDLKASSLRALKLMHLATSANDDDTDEKVIALCHQAKTPVGTTDAIYIYPRFIPIARKTLKEQGTPEIRIWTSTNFPHGN
DDIDIALAETRAAIAYGADGVAVVFPYRALMAGNEQVGFDLVKACKEACAAANVLLSVIIETGELKDEALIRKASEISIKA
GADHIVTSTGKVAVGATPESARIMMEVIRDMGVEKTVGFIPAGGVRTAEDAQKYLAIADELFGADWADARHYAFGASASLL
ASLLKALGHGDGKSASSYGSLEHHHHHH

MTDLKASSLRALKLMHLATSANDDDTDENVIALCHQAKTPVGNTDAIYIYPRFIPIARKTLKEQGTPEIRIWTSTNFPHGN
DDIDIALAETRAAIAYGADGVAVVFPYRALMAGNEQVGFDLVKACKEACAAANVLLSVIIETGELKDEALIRKASEISIKA
GADHIVTSTGKVAVGATPESARIMMEVIRDMGVEKTVGFIPAGGVRTAEDAQKYLAIADELFGADWADARHYAFGASASLL
ASLLKALGHGDGKSASSYGSLEHHHHHH

MTDLKASSLRALKLMHLATSANDDDTDEKVIALCHQAKTPVGTTDAIFIYPRFIPIARKTLKEQGTPEIRICTSTNFPHGN
DDIDIALAETRAAIAYGADSVAVVFPYRALMAGNEQVGFDLVKACKEACAAANVLLAVIIETGELKDEALIRKASEISIKA
GADNIVTSTGKVAVGATPESARIMMEVIRDMGVEKTVGFIPVGGVRTAEDAQKYLAIADELFGADWADARHYAFGASASLL
ASLLKALGHGDGKSASSYGSLEHHHHHH

MTDLKASSLRALKLMHLATSANDDDTDENVIALCHQAKTPVGNTDAIFIYPRFIPIARKTLKEQGTPEIRICTSTNFPHGN
DDIDIALAETRAAIAYGADSVAVVFPYRALMAGNEQVGFDLVKACKEACAAANVLLAVIIETGELKDEALIRKASEISIKA
GADNIVTSTGKVAVGATPESARIMMEVIRDMGVEKTVGFIPVGGVRTAEDAQKYLAIADELFGADWADARHYAFGASASLL
ASLLKALGHGDGKSASSYGSLEHHHHHH
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Supplementary Table 2.2. Active-site and distal mutations

Enzyme Active-site mutations” Distal mutations”
HG3 G82A M84C QI90F A125T F267M W275A R276F V61 Q37K N47E S89N T1051 T142N T208M T279S D300N
1AS53 K53R 182V A157Y A180C Q211G M237L R23H 148T S58C L184F 1219L R238S L248V G253D
KE70 Y48F W72C G101S S138A HI66N A204V K29N T43N

“Mutations are relative to the Designed variant.
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Supplementary Table 2.3. Purification yields

Enzyme Yield (mg/L culture)
HG3-Designed 3.6+0.4
HG3-Core 13+5
HG3-Shell 13+2
HG3-Evolved 33+4
1AS3-Designed 5+3
1A53-Core 6+5
1AS53-Shell 2+1
1AS3-Evolved 4+1
KE70-Designed 30£6
KE70-Core 38+1
KE70-Shell 50+30
KE70-Evolved 31+2

All proteins were purified at least twice (mean + s.d.)
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Supplementary Table 2.4. Crystallization conditions

Enzyme® 6NT Protein Buffer pH Additive #1 Additive #2
(mg mL™)
1A53-Core ) 8.0 100mMMES 6.0 40% PEG-400 5% PEG-3000
*) 7.0 10 mM MES 6.0 40% PEG-400 5% PEG-3000
KE70-Core ) 35.0 100 mM Tris 8.5 25% PEG-6000 -
*) 35.0 100 mM HEPES 8.5 20% PEG-4000 -
HG3-Shell ) 35 100mM HEPES 7.0 0.5% JeffED-2001 1.1 M disodium malonate
(+) 3.5 100 mM HEPES 7.0 1% PEG MME 2000 1.0 M disodium succinate

¢ All proteins were crystallized at 20 °C.
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Supplementary Table 2.5. Crystallographic data and refinement statistics

1A53- 1A53- KE70- KE70- HG3- HG3-
Core Core Core Core Shell Shell
6NT ) (@) ) (@) ) (@)
PDB ID S8FMC SFOQ 8FMD S8FOR SFME 8FOS
Data collection *
Temperature (K) 100 100 100 100 100 100
. 52.56— 48.48— 76.11— 39.29— 35.14— 49.05—
Resolution (4) 236 1.60 2.20 2.20 1.44 1.56
Space group P3121 P3121 P1211 P212121 P212121 P212121
Cell params.
60.6865 61.003 62.915 52.789 50.018 48.908
abe (A) 60.6865 61.003 53.992 155.642 67.381 66.569
121.762 121.977 81.455 190.588 72.606 72.518
90 90 90 90 90 90
aBy©) 90 90 110.9 90 90 90
120 120 90 90 90 90
Chains per asymm. unit 1 1 2 6 1 1
R.; 0.044 0.019 0.028 0.089 0.030 0.043
pim (0.17) (0.80) (0.070) (0.925) (0.571) (0.668)
CCin 0.99 1.00 0.99 0.99 0.99 0.99
(0.93) (0.43) (0.98) (0.49) (0.576) (0.36)
Vol 119 (44) 187(0.7) 19.0(92) 68(0.8) 153(12) 12.9(2.0)
Completeness (%) 99.96 98.24 99.30 99.87 94.33 81.29
(100.00)  (88.68) (97.41) (99.99) (68.30) (31.47)
Multiplicity
Wilson B-factor (Az) 35.48 2491 23.73 36.24 15.09 17.77
# unique reflections 11210 34632 26012 80717 42595 27957
(1099) (3048) (2517) (7923) (3034) (1063)
Refinement
R work/free 0.1907/ 0.1592/ 0.1622/ 0.2085/ 0.1542/ 0.1573/
02314 0.1859 0.1943 0.2363 0.1659 0.1817
No. atoms
Protein 2026 2117 3777 11132 2424 2409
Ligand 17 17 0 72 0 25
Water 43 171 161 206 182 133
Averaged B-factors (4>
Protein 40.05 32.08 30.45 46.76 17.87 18.35
Ligands 66.22 53.86 — 41.00 — 33.58
Water 34.05 42.48 29.62 35.86 23.87 26.14
RMSD
bond lengths (A) 0.003 0.012 0.002 0.002 0.008 0.005
bond angles (°) 0.527 1.179 0.520 0.467 0.927 0.729
Molprobity statistics
?,2‘)““1"‘“"' outliers 0.00 0.00 0.00 0.00 0.00 0.00
?,2‘)““1"‘“"' allowed 3.67 245 2.00 1.56 1.34 236
Ramachan. favored (%) 96.33 97.55 98.00 98.44 98.66 97.64
Rotamer outliers (%) 0.00 0.00 0.51 0.09 0.00 0.39
MolProbity clashscore 1.21 2.77 1.18 1.29 2.71 2.90

“ Highest resolution shell is shown in parentheses.
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Supplementary Table 2.6. Ensemble refinement of Kemp eliminase structures with bound 6NBT

Before ensemble refinement  After ensemble refinement
Original Resolution

Enzyme name PDB ID (A) Ruwork Riree Ruwork Riree No. structures
HG3-Designed  HG3-K50Q 7K4U 1.30 0.1850 0.2110 0.1648 0.2034 63
HG3-Shell - 8FOS 1.56 0.1573 0.1817 0.1308 0.1714 63
HG3-Core HG4 SRGF 1.46 0.1320 0.1500 0.1216 0.1464 125
HG3-Evolved HG3.17 SRGE 1.77 0.1500 0.1790 0.1322 0.1750 56
1AS53-Designed 1A53-2 3NZ1 1.56 0.1720 0.2100 0.1412 0.1863 125
1A53-Core - 8FOQ 1.60 0.1592 0.1859 0.1451 0.1815 72
KE70-Core - 8FOR 2.20 0.2080 0.2360 0.1762 0.2424 42
KE70-Evolved  R610/11G ~ 3Q2D* 2.19 0.1910 0.2330 0.1564 0.2136 56

“ Ensemble refinement of KE70-Evolved was performed starting from the structure that we re-refined to model missing residues (22-25 in chain A
and 3-25 in chain B) into the available density and to flip 6NBT into a productive binding pose. R values for this structure are listed in the table.
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Supplementary Table 2.7. 6-nitrobenzotriazole (6NBT) binding kinetics

Constant HG3-Core HG3-Evolved 1AS53-Core 1AS53-Evolved

kon 6NBT (uM~'s™")  0.137+0.005 0.179+£0.009 0.25+0.02  0.091 + 0.007
kott NBT (s7) 4.6+0.3 45+0.6 62+04 73+£0.2

Kp 6NBT (uM) 34+3 25+5 25+3 80+£8
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Supplementary Table 2.8. DNA Sequences

Enzyme

Sequence

HG3-
Designed

HG3-
Shell

HG3-
Core

HG3-
Evolved

1AS3-
Designed

1A53-
Shell

GCGGAAGCGGCGCAAAGCGTAGACCAACTGATAAAAGCACGCGGTAAGGTCTACTTCGGGGTTGCTACGGATCAGAATCGGCTGA
CGACCGGCAAGAACGCAGCAATAATTCAGGCTGACTTTGGTATGGTGTGGCCCGAAAATTCAATGCAGTGGGATGCCACCGAACC
CTCACAAGGAAACTTCAACTTTGCCGGCGCCGACTACTTAGTAAACTGGGCACAACAAAATGGGAAACTTATTGGTGGTGGTATG
CTGGTATGGCATTCACAATTGCCGTCATGGGTGAGCAGCATTACCGACAAGAATACACTGACCAACGTTATGAAGAACCACATAA
CTACCTTGATGACACGTTATAAGGGAAAGATCCGAGCCTGGGACGTTGTTGGTGAGGCCTTTAATGAGGACGGATCTCTTCGCCA
AACGGTTTTCCTGAACGTGATTGGGGAAGACTACATTCCGATTGCGTTCCAAACTGCACGTGCTGCGGACCCTAACGCAAAGTTG
TACATTATGGATTACAACCTGGATTCCGCTTCTTACCCTAAGACACAAGCAATTGTCAATCGCGTGAAGCAGTGGCGGGCGGCCG
GAGTACCCATCGATGGCATTGGCTCACAGACACACCTTTCTGCTGGTCAGGGAGCAGGAGTTCTGCAAGCGCTTCCGCTGTTAGC
ATCCGCAGGTACCCCTGAGGTGTCTATACTGATGTTGGACGTAGCAGGCGCGAGCCCCACGGACTATGTCAACGTGGTGAATGCA
TGCTTGAATGTTCAAAGTTGCGTGGGGATTACCGTGTTCGGAGTAGCTGACCCAGACTCTTGGAGAGCATCTACAACACCACTTT
TATTCGACGGAAATTTCAACCCTAAACCGGCCTATAATGCGATAGTTCAAGATCTGCAGCAAGGCTCTATAGAGGGAAGAGGTCA
TCACCACCACCATCACTAG

GCTGAGGCAGCCCAGAGTATCGACCAACTGATTAAAGCGCGAGGCAAGGTCTATTTCGGAGTCGCTACTGACCAAAATCGGTTAA
CGACAGGTAAGAACGCAGCCATTATCAAAGCTGACTTCGGCATGGTTTGGCCTGAAGAGAGCATGCAGTGGGATGCTACAGAGCC
TTCACAAGGCAACTTCAACTTCGCAGGAGCGGACTATTTAGTAAACTGGGCCCAACAGAACGGTAAACTGATAGGTGGTGGTATG
TTGGTCTGGCACAATCAATTACCTAGCTGGGTATCCTCTATCACCGACAAGAATACTTTGATTAACGTAATGAAGAACCACATTA
CGACCCTTATGACTAGATACAAGGGAAAGATTCGAGCATGGGACGTAGTTGGGGAAGCGTTCAACGAGGATGGTTCCTTGCGTCA
GAATGTATTCCTTAATGTTATCGGCGAGGACTACATACCCATTGCTTTCCAAACAGCACGTGCCGCGGACCCGAATGCAAAATTA
TACATCATGGACTACAACTTAGACAGTGCTAGCTACCCTAAAACTCAAGCCATAGTCAACAGAGTCAAGCAATGGCGCGCTGCAG
GCGTACCTATAGACGGAATTGGTTCACAAATGCACCTTAGTGCGGGACAAGGCGCGGGCGTTCTGCAGGCCCTGCCGCTGTTGGC
GAGCGCCGGAACACCAGAAGTGTCCATTCTCATGCTTGATGTGGCCGGAGCATCTCCTACAGATTATGTCAATGTGGTGAATGCG
TGTCTGAACGTCCAGAGTTGTGTTGGGATCACGGTTTTCGGGGTGGCTGACCCTGACAGCTGGCGAGCCTCGTCCACTCCGCTTT
TGTTCGATGGGAATTTTAACCCGAAGCCGGCATACAACGCGATTGTGCAAAACCTTCAGCAAGGCAGCATTGAGGGGCGGGGACA
CCATCACCACCACCACTGA

ATGGCGGAGGCGGCGCAGAGCGTGGACCAACTGATCAAGGCGCGTGGCAAGGTTTACTTTGGCGTGGCGACCGACCAGAATCGTC
TGACCACCGGCAAGAACGCGGCGATCATTCAGGCGGACTTCGGCATGGTGTGGCCGGAGAACAGATGCAGTGGGATGCGACCGAA
CCGAGCCAGGGTAACTTCAACTTTGCGGGCGCGGACTACCTGGTTAACTGGGCGCAGCAAAACGGCAAGCTGATCGGTGCGGGTT
GCCTGGTGTGGCACAGCTTTCTGCCGAGCTGGGTTAGCAGCATTACCGATAAGAACACCCTGACCAACGTGATGAAAAACCACAT
CACCACCCTGATGACCCGTTATAAGGGTAAAATTCGTACGTGGGACGTGGTTGGCGAGGCGTTCAACGAAGATGGCAGCCTGCGT
CAGACCGTGTTTCTGAACGTTATCGGCGAGGACTACATCCCGATTGCGTTTCAGACCGCGCGTGCGGCGGACCCGAACGCGAAAC
TGTACATCATGGACTATAACCTGGATAGCGCGAGCTATCCGAAGACCCAGGCGATTGTGAACCGTGTTAAACAATGGCGTGCGGC
GGGTGTGCCGATTGATGGTATTGGTAGCCAGACCCATCTGAGCGCGGGTCAGGGTGCGGGCGTTCTGCAAGCGCTGCCGCTGCTG
GCGAGCGCGGGTACCCCGGAAGTGAGCATTCTGATGCTGGATGTTGCGGGTGCGAGTCCGACCGATTACGTTAACGTGGTTAACG
CGTGCCTGAACGTGCAAAGCTGCGTTGGTATTACCGTGATGGGTGTTGCGGACCCGGATAGCGCGTTTGCGAGCACCACCCCGCT
GCTGTTCGATGGCAACTTTAACCCGAAGCCGGCGTATAACGCGATTGTTCAAGATCTGCAACAGGGTAGCATCGAGGGTCGTGGT
CATCATCATCATCATCACTAA

ATGGCGGAGGCGGCGCAGAGCATCGACCAACTGATTAAGGCGCGTGGCAAAGTGTACTTCGGTGTTGCGACCGATCAGAACCGTC
TGACCACCGGCAAGAACGCGGCGATCATTAAAGCGGACTTTGGTATGGTGTGGCCGGAGGAAAGCATGCAGTGGGATGCGACCGA
ACCGAGCCAAGGCAACTTCAACTTTGCGGGTGCGGACTATCTGGTTAACTGGGCGCAGCAAAACGGCAAGCTGATCGGTGCGGGL
TGCCTGGTGTGGCACAACTTCCTGCCGAGCTGGGTTAGCAGCATCACCGATAAGAACACCCTGATTAACGTGATGAAAAACCACA
TCACCACCCTGATGACCCGTTACAAGGGCAAAATTCGTACCTGGGACGTGGTTGGCGAGGCGTTCAACGAAGATGGTAGCCTGCG
TCAGAACGTGTTTCTGAACGTTATCGGCGAGGACTACATCCCGATTGCGTTCCAGACCGCGCGTGCGGCGGACCCGAACGCGAAA
CTGTACATTATGGACTATAACCTGGATAGCGCGAGCTATCCGAAGACCCAGGCGATCGTGAACCGTGTTAAACAGTGGCGTGCGG
CGGGTGTGCCGATTGACGGTATTGGCAGCCAGATGCACCTGAGCGCGGGTCAAGGTGCGGGTGTTCTGCAAGCGCTGCCGCTGCT
GGCGAGCGCGGGTACCCCGGAAGTGAGCATTCTGATGCTGGATGTTGCGGGTGCGAGCCCGACCGATTACGTGAACGTGGTTAAC
GCGTGCCTGAACGTGCAGAGCTGCGTTGGCATCACCGTGATGGGTGTTGCGGACCCGGATAGCGCGTTTGCGAGCAGCACCCCGC
TGCTGTTCGATGGCAACTTTAACCCGAAGCCGGCGTATAACGCGATTGTCAAAACCTGCAGCAAGGTAGCATCGAAGGCCGTGGT
CACCACCACCACCACCACTAA

CCGCGTTACCTTAAGGGATGGCTCAAGGACGTAGTACAATTAAGCTTGCGTCGCCCTTCGTTCCGTGCTAGTCGCCAACGTCCCA
TTATCTCTTTGAATGAACGCATCCTTGAATTTAATAAGCGCAATATCACAGCCATCATCGCGGCCTACAAGCGTAAAAGCCCAAG
CGGGTTGGACGTTGAGCGCGATCCGATTGAATATAGCAAGTTTATGGAGCGTTATGCGGTAGGCCTTGCCATTGCTACCGAAGAG
AAGTATTTCAACGGTAGCTACGAGACGTTGCGCAAGATCGCCAGTAGCGTAAGCATCCCAATCTTGATGTGGGATTTTATTGTAA
AAGAGTCACAAATCGATGACGCCTATAACCTCGGTGCGGACACCGTCGCATTAATTGTCAAAATCTTGACGGAACGCGAACTTGA
GAGTCTTTTAGAGTACGCTCGCTCGTATGGCATGGAGCCTGCTATCGTCATTAACGATGAGAATGATCTCGACATTGCACTGCGT
ATTGGAGCTCGCTTCATCGAGATCGCATCCCGTGACCTGGAGACGCTTGAGATCAACAAAGAGAATCAACGCAAACTTATCTCAA
TGATCCCTTCGAACGTCGTAAAAGTCGCCTGGCAAGGCATTAGTGAGCGCAACGAAATTGAGGAGTTACGCAAGTTAGGAGTTAA
CGCCTTTGGTATCGGTTCTAGCCTCATGCGTAATCCGGAGAAGATCAAGGAGTTTATCCTCGGGAGTATCGAGGGTCGTGGTCAC
CATCATCACCATCACTAA

CCCCGGTACCTTAAGGGATGGCTGAAGGACGTTGTACAATTATCCTTACGGCGGCCCAGCTTCCACGCCTCACGCCAGCGLCCCCA
TAATCAGTCTGAATGAGCGGATCCTTGAATTCAATAAGAGAAATATTACTGCTACCATCGCGGCCTACAAGCGGAAGTCTCCGTG
TGGTCTGGACGTTGAGCGGGATCCGATCGAATATTCTAAGTTCATGGAGCGATACGCAGTAGGTCTTGCAATTGCAACTGAAGAG
AAATACTTCAACGGGAGTTACGAGACGCTTAGAAAGATTGCCAGTTCAGTGTCTATCCCCATCCTTATGTGGGATTTTATCGTTA
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AGGAATCCCAAATAGATGACGCGTACAACCTGGGAGCAGACACTGTAGCGCTTATTGTGAAGATCCTTACCGAACGTGAACTTGA
GTCCTTACTGGAGTACGCTCGTAGCTACGGGATGGAGCCAGCCATAGTAATAAATGACGAAAACGACTTGGACATAGCCCTGCGG
ATCGGCGCGCGTTTCATTGAAATTGCAAGCCGTGACTTCGAGACGCTGGAGATAAACAAGGAAAATCAACGCAAGCTCATTAGCA
TGATTCCAAGTAATGTCGTGAAGGTAGCGTGGCAGGGCATTTCTGAACGTAATGAGCTGGAAGAGCTGCGTAAGTTAGGCGTTAA
TGCCTTCGGAATTGGTAGTTCTCTGATGTCTAATCCTGAGAAAATCAAAGAGTTCATCGTAGGTTCCATCGAAGATAGAGGACAT
CATCACCACCACCACTGA

CCGCGCTACTTAAAAGGCTGGCTTAAAGATGTCGTCCAACTTAGCTTGCGCCGTCCATCATTTCGCGCTTCGCGTCAGCGTCCAA
TTATTAGCCTCAACGAGCGTATTTTGGAATTCAATAAGCGTAATATCACGGCAATCATTGCCGCGTACCGTCGTAAGAGCCCTAG
CGGTCTGGACGTAGAGCGCGATCCCATCGAGTACTCAAAATTCATGGAACGCTACGCAGTTGGACTGGCGGTAGCAACCGAGGAA
AAGTACTTTAACGGAAGCTATGAGACCCTGCGTAAAATTGCGTCATCTGTTAGCATCCCCATCTTAATGTGGGATTTCATTGTGA
AGGAATCCCAAATCGACGACGCCTATAACCTGGGTGCCGACACCGTGGCATTAATCGTGAAAATTTTAACGGAGCGCGAGTTGGA
GTCCCTGCTGGAGTATGCACGCTCGTATGGGATGGAACCTTATATTGTGATCAATGATGAGAACGACCTGGACATTGCACTCCGC
ATTGGCGCGCGTTTCATTGAGATCTGCTCGCGCGATCTGGAAACGCTTGAGATCAATAAGGAAAACCAACGCAAGCTTATCTCAA
TGATTCCGTCAAATGTTGTTAAGGTAGCATGGGGTGGAATCTCTGAGCGTAATGAGATCGAAGAGTTACGCAAGCTCGGAGTTAA
TGCCTTCGGAATTGGCTCAAGTCTTTTACGTAATCCAGAAAAGATCAAAGAGTTCATTCTGGGTTCGATCGAGGGACGCGGGCAT
CACCATCACCACCATTGA

CCTCGCTACTTGAAGGGTTGGCTGAAGGATGTGGTACAACTGTCCCTTCGTCGTCCATCCTTTCACGCGAGCCGTCAACGCCCGA
TTATCAGCTTGAACGAGCGCATCCTTGAGTTTAACAAACGCAATATTACTGCGACCATTGCCGCTTATCGCCGTAAGTCGCCTTG
TGGTTTGGATGTAGAGCGCGATCCCATCGAGTACAGCAAGTTCATGGAGCGTTATGCTGTAGGGCTGGCAGTAGCAACCGAGGAG
AAGTACTTCAATGGATCGTATGAGACTCTGCGTAAGATCGCCTCGTCCGTCTCGATCCCGATCTTGATGTGGGACTTCATTGTTA
AGGAAAGCCAAATCGACGATGCATACAATCTTGGAGCGGATACCGTCGCACTCATCGTGAAGATTCTCACTGAACGCGAACTGGA
AAGTTTACTTGAGTATGCCCGTTCGTATGGAATGGAGCCCTACATTGTTATCAATGACGAGAACGACCTCGATATCGCTTTGCGC
ATTGGAGCCCGCTTCATCGAGATCTGCTCCCGTGACTTTGAGACGCTCGAAATCAACAAGGAGAACCAGCGTAAGCTCATCTCTA
TGATCCCTTCCAATGTTGTAAAGGTAGCATGGGGTGGCATCTCAGAGCGCAATGAATTAGAGGAGTTGCGTAAGCTGGGAGTAAA
CGCATTTGGAATTGGATCGTCCCTTCTGTCTAACCCAGAGAAGATTAAGGAATTTATTGTAGGCTCAATTGAAGACCGCGGCCAC
CATCATCATCATCATTAA

ACCGATTTAAAGGCATCAAGCCTTCGCGCCTTGAAGTTAATGCATCTTGCCACGGCCAACGATGATGACACTGACGAGAAGGTTA
TTGCACTTTGTCACCAAGCCAAGACCCCTGTGGGCACTACGGACGCGATCTACATCTATCCCCGCTTTATTCCGATCGCGCGCAA
AACACTGAAGGAGCAAGGGACACCGGAGATTCGCATTTGGACCAGCACAAATTTTCCGCATGGCAATGATGACATTGACATCGCG
TTGGCCGAGACTCGCGCGGCAATTGCATACGGAGCAGACGGCGTCGCCGTAGTATTCCCTTACCGCGCTCTGATGGCTGGTAATG
AGCAAGTTGGCTTTGATTTAGTAAAGGCGTGCAAGGAAGCGTGTGCGGCAGCCAACGTCCTGTTATCCGTCATCATCGAGACGGG
CGAACTTAAGGACGAGGCGTTAATCCGTAAAGCATCCGAGATCTCTATCAAAGCCGGCGCGGACCACATTGTTACGTCCACCGGC
AAGGTCGCGGTTGGTGCGACCCCAGAGAGTGCCCGCATCATGATGGAAGTAATTCGCGACATGGGTGTGGAGAAAACCGTGGGAT
TTATCCCGGCCGGCGGCGTGCGTACTGCAGAAGATGCTCAAAAGTATTTAGCAATCGCGGATGAGTTATTTGGCGCCGACTGGGC
CGACGCGCGTCACTATGCTTTTGGTGCTTCTTCACTGTTAGCCTCGCTGTTAAAGGCGCTTGGTCACGGAGATGGGAAGAGTGCA
TCGTCTTATGGCAGTTTAGAGCATCATCACCACCACCATTGA

ACGGATCTTAAAGCAAGTAGCCTTCGTGCGCTTAAATTAATGCACCTGGCCACAAGTGCCAACGATGACGATACGGATGAAAATG
TGATTGCTCTGTGTCATCAAGCTAAGACTCCTGTCGGAAACACCGATGCGATATATATCTATCCTCGCTTTATTCCTATTGCTCG
GAAAACCTTGAAAGAGCAAGGCACTCCGGAAATCCGGATTTGGACCTCAACCAACTTTCCACATGGAAACGACGACATCGATATC
GCGTTGGCGGAGACACGTGCTGCGATCGCTTATGGTGCGGATGGCGTGGCAGTGGTGTTTCCCTACCGCGCACTGATGGCGGGTA
ACGAGCAGGTCGGGTTTGATTTGGTTAAAGCCTGCAAGGAAGCTTGCGCGGCAGCAAACGTGCTTCTGTCTGTGATTATAGAAAC
TGGAGAGCTGAAAGATGAAGCTTTAATACGCAAAGCATCTGAAATAAGTATTAAAGCAGGCGCGGATCATATTGTGACGTCCACG
GGCAAAGTTGCCGTAGGAGCCACTCCAGAATCCGCGCGAATAATGATGGAAGTCATCCGTGACATGGGAGTAGAAAAGACTGTTG
GGTTCATTCCGGCAGGCGGCGTTCGTACAGCGGAAGATGCGCAGAAATACCTGGCTATAGCGGACGAATTATTTGGAGCCGATTG
GGCAGACGCTCGACATTATGCTTTCGGCGCATCAGCGTCTTTACTGGCTAGCCTGCTGAAGGCCTTAGGACACGGTGATGGTAAA
TCAGCGTCATCCTATGGTAGTTTGGAACATCATCATCATCATCATTAA

ACGGATTTAAAGGCGTCCTCTTTACGCGCCCTCAAACTGATGCATTTGGCCACCAGTGCTAATGACGATGACACCGATGAAAAGG
TAATTGCACTTTGTCACCAGGCGAAAACGCCAGTTGGGACCACGGACGCGATTTTCATTTATCCGCGCTTCATCCCGATTGCACG
TAAGACGTTAAAGGAGCAAGGAACACCAGAGATCCGTATCTGTACGTCGACAAACTTTCCTCACGGTAATGATGACATTGATATC
GCACTGGCGGAGACCCGCGCGGCGATCGCCTACGGTGCAGATTCCGTCGCGGTGGTCTTCCCTTATCGCGCTCTTATGGCGGGTA
ATGAGCAGGTAGGCTTTGACCTTGTTAAAGCGTGCAAGGAAGCTTGCGCGGCCGCCAACGTGTTGCTCGCTGTAATTATTGAAAC
TGGCGAGCTGAAAGACGAGGCATTGATTCGTAAGGCGAGCGAGATCAGCATCAAGGCCGGCGCGGATAACATCGTTACGTCTACA
GGAAAGGTTGCTGTTGGAGCCACGCCGGAAAGCGCTCGCATTATGATGGAAGTTATCCGTGATATGGGTGTGGAAAAGACCGTTG
GGTTCATCCCAGTGGGCGGCGTGCGTACCGCTGAGGATGCGCAAAAGTATCTTGCCATTGCCGATGAGCTCTTCGGAGCGGATTG
GGCTGATGCACGCCACTACGCCTTTGGGGCTAGCGCAAGTCTGCTTGCATCTCTGTTAAAAGCTTTAGGTCATGGCGATGGCAAG
TCCGCGTCCTCGTATGGATCACTTGAGCACCATCATCATCATCACTAA

ACTGACCTGAAGGCGTCTTCGTTGCGTGCCCTGAAATTAATGCATCTTGCCACGTCAGCAAATGACGACGATACCGATGAGAACG
TTATTGCGCTCTGCCACCAAGCCAAGACGCCTGTTGGTAATACCGACGCTATCTTCATCTACCCGCGCTTCATTCCTATTGCGCG
TAAGACCTTAAAGGAGCAGGGTACCCCCGAGATCCGCATTTGCACATCAACCAATTTTCCCCATGGAAATGATGACATCGACATT
GCCCTGGCCGAAACGCGTGCGGCCATTGCGTATGGCGCCGACAGCGTGGCCGTCGTTTTCCCGTACCGCGCCCTTATGGCCGGCA
ATGAGCAAGTTGGATTCGACTTGGTCAAGGCGTGTAAGGAAGCTTGTGCGGCCGCAAACGTGCTTTTGGCAGTCATCATCGAGAC
CGGTGAGCTGAAAGATGAGGCATTAATCCGCAAGGCCTCGGAGATCAGCATCAAAGCCGGAGCCGATAACATTGTGACATCCACC
GGCAAAGTGGCAGTAGGAGCAACTCCTGAAAGCGCTCGCATCATGATGGAAGTGATTCGTGATATGGGTGTCGAGAAAACGGTAG
GTTTTATCCCTGTAGGCGGCGTGCGCACAGCGGAAGATGCTCAGAAGTATTTAGCCATCGCTGATGAATTGTTTGGGGCCGATTG
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GGCTGACGCTCGCCATTACGCTTTCGGCGCTTCAGCATCCTTACTTGCGTCGCTCTTGAAGGCCTTGGGTCATGGGGATGGGAAG
AGCGCTTCCAGTTATGGCAGCCTGGAACATCACCACCACCATCACTGA
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Supplementary Figure 2.1. Far-UV circular dichroism. All spectra were acquired at 20 °C in 10 mM
sodium phosphate buffer pH 7 supplemented with 100 mM sodium chloride.

104



HG3-Designed HG3-Core
1.0+ 1.0-
g0.84 0.8
3
o -
€ 0.6 0.6
=]
.50.4 1 0.4
=
o
0.2 0.2
[T
0.0 . . . 0.0+
20 40 60 80 20 40 60 80
Temperature (°C) Temperature (°C)
1A53-Designed 1A53-Core
1.0 1.01
T 0.8 0.8
3
£ 06 0.6
=]
.5 0.4+ 0.4
=
o
S 0.24 0.2
w .
0.0 T T T 1 0.0 T T T 1
20 40 60 80 100 20 40 60 80 100
Temperature (°C) Temperature (°C)
KE70-Designed KE70-Core
1.0 1.0
g 0.8+ 0.8
k-]
o
b= 0.6 0.6
=]
.E 0.4 0.4
=
o
©0.2- 0.2
[T
0.0 r T . 0.0 T y J
20 40 60 80 20 « “ 80

Temperature (°C)

Temperature (°C)

1.0+

0.8

0.6+

0.2

0.0

1.04

0.8+

0.4+

0.2

0.0

HG3-Shell

40 60

Temperature (°C)

1A53-Shell

Temperature (°C)

KE70-Shell

40 60

Temperature (°C)

80

1.0

0.8

0.6

0.2

0.0

1.04

0.8

0.6

0.4

HG3-Evolved

40 60 80

Temperature (°C)

1A53-Evolved

1.0

0.84

0.44

0.2

0.0

Temperature (°C)

KE70-Evolved

40 60 80

Temperature (°C)

Supplementary Figure 2.2. Thermal denaturation of Kemp eliminases. Thermal denaturation was
monitored by circular dichroism at 222 nm. Data were fit to a two-state unfolding model'. Ty, values are

reported on Table 2.1.
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Supplementary Figure 2.3. Electron density of Kemp eliminase active sites. The structures of HG3-
Shell, KE70-Core and 1A53-Core show clear density for the transition state analogue 6-nitrobenzotriazole
(6NBT) in the active site. However, the structure of 1A53-Core obtained in the absence of transition-state
analogue shows density for a 2-(N-morpholino)ethanesulfonic acid (MES) molecule from the
crystallization buffer. Binding of MES is accompanied by a rotameric change to the W110 side chain,
specifically a 120° rotation around > (from —107.5° to +11.5°). The 2Fo-Fc map is shown in volume
representation at two contour levels: 0.5 and 1.5 ¢ A in light and dark blue, respectively.
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Supplementary Figure 2.4. Active-site and distal mutations do not cause substantial changes to the
backbone structure of Kemp eliminases. Available crystal structures of Kemp eliminases in the presence
and absence of bound transition-state analogue 6NBT are shown in cartoon representation.
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Supplementary Figure 2.5. Evaluation of Trpl110 preorganization in 1A53-Core. Microsecond-
timescale molecular dynamics simulations of unbound 1A53-Core were conducted using three input
structures: (top) the 8FOQ crystal structure with 6NBT deleted from the active site; (middle) the 8FMC
crystal structure with MES deleted; and (bottom) the 8FMC crystal structure with MES deleted and the
Trp110 side-chain conformation flipped to the t-100 rotamer (y1 ~170°, y2 ~250°) observed in unbound
1A53-Designed (PDB ID: 3NYZ) and in 6NBT-bound 1A53-Designed and 1A53-Core (PDB IDs: 3NZ1
and 8FOQ). Across all simulations, the Trp110 side-chain rotamer remains unchanged, and snapshots from
trajectories (sticks) show that this residue does not occupy the binding site of 6NBT and instead adopts
conformations that could n-stack with this ligand.
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Supplementary Figure 2.6. Dihedral angles of catalytic residues in Kemp eliminase conformational
ensembles. Ensemble refinement reveals decreased conformational heterogeneity of catalytic residues
D127 and Q50 in HG3 enzymes upon introduction of active-site and distal mutations. Similarly, E178,
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conformational heterogeneity of catalytic residues H16 and F48.
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Supplementary Figure 2.7. Steady-state kinetics at various viscosities. Michaelis-Menten plots of
normalized initial rates as a function of substrate concentration are shown. The effect of solvent viscosity
on catalytic efficiency of KE70, 1A53, and HG3 variants was determined using sucrose as the viscogen at
different concentrations (0, 20, 28 and 33 % w/v). Initial rates were determined and fitted to the linear
portion of the Michaelis-Menten model (vo = (kea/Km) [Eo] [S]), as saturation could not be achieved for
most reactions in the presence of sucrose. The exception was KE70-Evolved, for which the standard
Michaelis-Menten equation was applicable. Data represent the average of 6 individual replicates from 2
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independent protein batches, with error bars reporting the SEM.
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Supplementary Figure 2.8. Kinetics of 6NBT binding to HG3 enzymes measured by stopped-flow Trp
fluorescence quenching experiments. Observed rate constants (kobs) plotted against 6NBT concentration
show a linear dependency, where the slope and y-intercept correspond to kon and kosr, respectively. Data
represent the average of at least three individual replicates from a single protein batch (mean + SEM). kops
values were extracted from individual fluorescence traces at various ONBT concentrations using a one phase
exponential decay function. A single representative fluorescence trace is shown for each 6NBT
concentration.
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Supplementary Figure 2.9. Kinetics of 6NBT binding to 1A53 enzymes measured by stopped-flow
Trp fluorescence quenching experiments. Observed rate constants (kos) plotted against 6NBT
concentration show a linear dependency, where the slope and y-intercept correspond to kon and Kofr,
respectively. Data represent the average of at least three individual replicates from a single protein batch
(mean + SEM). kops values were extracted from individual fluorescence traces at various 6NBT
concentrations using a one phase exponential decay function. A single representative fluorescence trace is
shown for each 6NBT concentration.
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Supplementary Figure 2.10. Conformational flexibility of Kemp eliminases during molecular
dynamics. Per-residue root mean square fluctuations (RMSF) mapped onto the Ca Backbone of HG3, 1A53
and KE70 Designed, Shell, Core and Evolved variants. Regions with lowest and highest RMSF values are
colored in blue and red, respectively.
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Supplementary Figure 2.11. Dominant conformational changes in each enzyme family revealed by
principal component analysis. Enzyme structures (orange and white) illustrate the conformational
changes contributing to the first two principal components (PC1 and PC2). Spheres represent the alpha
carbon of residues located on structural elements undergoing these changes, with arrows indicating the
direction and magnitude of movement corresponding to increasing PC values (Figure 2.5A). In 1AS53
enzymes, PC1 corresponds to the displacement of an active-site loop (residues 55-58) from its position
above the active site to approximately 8 A away, which opens the active site. PC2 represents the movement
of the same loop (residues 58—60) about 5 A toward the active site. In KE70 variants, PC1 highlights a 3 A
movement of residues 66—67 located on a flexible loop far from the active site, whereas PC2 reveals a 6.5
A displacement of an active-site loop (residues 21-23), increasing its separation from a second loop and
opening the active site. In HG3 enzymes, PC1 reflects an 8 A movement of the loop encompassing residues
5860, far from the active site, while PC2 reveals a 2 A shift in another distal loop (residues 137-145).
These conformational changes occur away from the HG3 active site and do not directly impact its opening.
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Supplementary Figure 2.12. Distal mutations widen active-site tunnels. Caver3 was used to compute
tunnels to the active site for 1000 snapshots from the most populated energy cluster in PCA plots of HG3
enzymes (Figure 5a). Pie charts show the percentage of structures containing a tunnel with a minimum
bottleneck radius of 0.9 A, a threshold chosen because it matches the radius of small ions commonly bound
in protein structures. The median bottleneck radius for Designed, Shell, Core and Evolved variants is 1.24
A, 1.58 A, 1.20 A and 1.22 A, respectively.
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3.1. Foreword

Chapter 2 delved into how distal mutations impact enzyme catalysis, revealing that
mutations far from the active site facilitate substrate binding and product release. We observed that
Core variants containing only active-site mutations displayed catalytic efficiencies several orders
of magnitude greater than the original designs. This suggests that it is possible to create efficient
enzymes by focusing solely on the active site. Furthermore, we observed that distal mutations
impact the conformational flexibility of surface loops, shifting the enzymes’ conformational
landscape towards more open states. Building upon these insights, Chapter 3 shifts focus towards
designing structural fragments that can act as a lid and accommodate substrate binding and product
release. Moreover, we aim to address another challenge in enzyme design, which is the limited
availability of protein scaffolds that are well-suited to the reaction of interest. In this chapter, we
developed a workflow to modify the structure of de novo TIM barrels to introduce Kemp eliminase
activity. Using a combination of physics-based and machine learning tools, we customized the
minimal structure of de novo TIM barrel scaffolds to create flexible lid fragments that enclose the
active site. Our objective was to create a workflow where a minimal and functionless protein
scaffold can be customized for any reaction of interest, providing a versatile platform for enzyme

design.
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3.2. Statement of contribution

Niayesh Zarifi and Benjamin J. Smith performed the computational enzyme design on
F15C TIM barrel. Julian Beck and Emily Freund performed the computational enzyme design on
CP1 and CP2 TIM barrels. Niayesh Zarifi and Benjamin J. Smith performed experimental
characterization of the enzymes. Benjamin J. Smith performed molecular dynamics simulations
and Niayesh Zarifi and Benjamin J. Smith analyzed the molecular dynamics simulations. Roberto

A. Chica and Birte Hocker conceived the project. Niayesh Zarifi wrote the chapter.
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3.3. Abstract

The ability to design enzymes from scratch for new-to-nature reactions is highly desired
but challenging. Traditional enzyme design approaches often rely on repurposing natural scaffolds,
which may not always be ideal given the native activities of these pre-existing scaffolds and the
fact that there may not be existing scaffolds well-suited for the novel reaction of interest. In this
study, we aimed to create a functional enzyme from a de novo functionless TIM barrel scaffold for
the Kemp elimination reaction. We altered the structure of de novo inert TIM barrels to introduce
a lid fragment that sequesters the active site from the solvent. This structural modification was
achieved by using a combination of machine-learning tools, such as RFdiffusion for generating
structural segments, ProteinMPNN for sequence design, and AlphaFold2 for structure validation.
Among 20 experimentally characterized designs, one design, KempTIM 4, catalyzes the Kemp
elimination reaction with a catalytic efficiency of 10 M !'s™!. Microsecond timescale molecular
dynamics (MD) simulations revealed flexibility in the lid region and a loop adjacent to the active
site of KempTIM 4. This flexibility may be crucial for facilitating substrate entry and product
release, differentiating KempTIM 4 from the inactive variants, which contain more rigid lid
fragments. This hypothesis is further supported by the observation that KempTIM 4 possesses
wider tunnels leading to the active site, in contrast to the inactive designs. Our findings highlight
the limitations of current machine-learning methods for enzyme design, particularly in achieving

the precision required for efficient catalysis.
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3.4. Introduction

Enzymes are the most efficient catalysts, exhibiting unparalleled rate acceleration,
selectivity, and sustainability. These properties make them highly attractive for industrial
applications in textiles, detergents, and pharmaceuticals. A long-standing goal in enzyme
engineering has been to create tailor-made enzymes capable of catalyzing new-to-nature reactions.
Over the past two decades, several de novo enzymes have been designed for various model organic
transformations.!= The process of designing enzymes for novel reactions typically begins with
generating an idealized active site, or “theozyme”, which consists of the transition state of the rate-
limiting step and optimally oriented catalytic residues. This theozyme is then placed into a protein
scaffold, and subsequently, residues in the active site are mutated to further stabilize the transition

state (Figure 3.1).

Theozyme placement on a

natural protein scaffold Active site repacking

Figure 3.1. De novo enzyme design methodology. The theozyme comprising the transition state and
catalytic residues is placed onto a natural protein scaffold. Subsequently, residues in the active site are
mutated to further stabilize the transition state and improve packing.
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Traditionally, the creation of de novo enzymes has been achieved by repurposing natural
scaffolds to introduce novel catalytic activities. While this approach offers a diverse range of
scaffolds, it has inherent limitations. Native protein scaffolds are highly evolved for their specific
biological functions and are often only marginally stable to begin with.® Introducing mutations to
engineer new catalytic functions could further destabilize these scaffolds, as such mutations are
predominantly destabilizing, potentially resulting in unstable proteins.” Furthermore, there may

not be a pre-existing scaffold well-suited to the new reaction of interest.

To address the challenges of using natural protein scaffolds, recent enzyme design efforts
have shifted towards using de novo scaffolds. In this approach, a theozyme is either placed onto a
newly designed scaffold or the scaffold itself is generated around the theozyme.® De novo
scaffolds offer advantages, such as a well-defined sequence-structure relationship based on the
design principles used, and their idealized structures lack the complex features seen in natural
proteins, such as flexible long loops. This strategy has already led to successful designs, including
the design of a retroaldolase on a de novo B-barrel,® the creation of a de novo luciferase,” and the
computational design of serine hydrolases.!® However, despite these achievements, this approach
faces challenges, such as low experimental success rates due to false positives,” difficulty in

1

designing the flexibility required for many enzymatic reactions,!! and a lack of sub-&ngstrom

precision required in the generation of efficient enzymes.!?

In response to these challenges, we have developed a workflow to customize a simple inert
scaffold to create a de novo enzyme for the model Kemp elimination reaction by using a
combination of physics-based and machine learning tools. Specifically, we focused on artificial
triosephosphate isomerase (TIM) barrel protein fold as our target scaffold. The TIM barrel, or

(B/a)s fold, is the most common enzyme fold, found in approximately 10% of all enzymes,
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catalyzing a wide range of unrelated reactions.!*!%!> This fold is particularly well-suited for
designing novel catalytic activities due to its structural diversity, frequent occurrence in nature,
and presence of active sites with significant structural and functional flexibility. A notable
advantage of TIM barrels is the mutability of their /o loops, which are not critical for stability
and can be modified to introduce catalytic residues or other structural segments.!*!® Additionally,
residues in the eight B strands and adjacent loops are oriented towards the top of the barrel, where
the active site is typically located, making the TIM barrel fold an ideal scaffold for introducing
new catalytic functions.!” Early de novo enzyme design efforts frequently employed TIM barrels
as the starting scaffold.!> While these efforts successfully generated active designs, in some cases,

long loops near the active site exhibited unexpected configurations in the crystal structures.!”-!®

The widespread occurrence and functional diversity of the TIM barrel fold have made the
de novo design of artificial TIM barrels from scratch highly desirable. In 2015, a de novo TIM
barrel with four-fold symmetry, sTIM11, was successfully designed with a sequence distinct from
natural TIM barrels.!” Artificial TIM barrels provide a unique opportunity to design novel
functions due to their simple regular structures and minimalist loops that can be modified to create
tailor-made catalysts. Here, we targeted three de novo TIM barrels. The four-fold symmetric de
novo TIM barrel, F15C (PDB ID: 7MCD), was designed using a deep neural network sequence
design model conditioned on local backbone structure and chemical environment.!* CP1 and CP2
were created by circular permutation of NT6-SB TIM barrel. NT6-SB is a de novo TIM barrel
scaffold derived from the parent scaffold NT6 (PDB ID: 70SV), created by introducing salt bridge

clusters at the base of the barrel to enhance its stability and crystallizability.?°

De novo TIM barrels are structurally simple and functionally inert, typically containing the

eight a-helices and B-strands characteristic of TIM barrels. This simplicity contrasts with natural
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TIM barrels, which often contain additional helices and flexible loops that contribute to structural
integrity, ligand binding, and catalysis (Figure 3.2). We hypothesized that the high-resolution
structures of these idealized de novo TIM barrels could serve as “universal scaffolds” that are
customizable for novel reactions through the addition of structural segments. This approach offers
advantages over repurposing natural scaffolds, often marginally stable and encumbered by millions
of years of evolutionary history. It also surpasses the generation of entirely de novo scaffolds, as

the crystal structures provide higher accuracy than design models.

Natural TIM barrel De novo TIM barrel

Figure 3.2. Natural versus de novo TIM barrels. (A) Natural TIM barrels are more structurally complex,
(e.g., PDB ID: 1A53), being highly evolved for their native functions. (B) In contrast, de novo designed
TIM barrels (e.g., PDB ID: 7MCD) are structurally simple and functionally inert.
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Here, we present a framework to customize a simple, inert TIM barrel scaffold to create a
de novo enzyme to catalyze Kemp elimination reaction. To do so, we combine physics-based
methods of theozyme placement and rotamer optimization with machine learning methods, such
as RFdiffusion, to introduce structural segments designed to act as a lid over the active-site and
scaffold catalytic residues, ProteinMPNN, to design the sequence of the lid region, and
AlphaFold2, to validate the folding of designs. We applied this framework to three de novo TIM
barrels, and out of 20 designs tested experimentally, one exhibited Kemp elimination activity with
a catalytic efficiency of 10 M!'s"1, comparable to previously designed Kemp eliminases. The
active design, Kemp TIM 4, exhibited greater flexibility in both the lid region and a loop near the
active site during molecular dynamics (MD) simulations compared to inactive designs.
Additionally, it featured wider tunnels to the active site, which could play a role in facilitating

substrate binding and product release.

3.5. Design strategy and in silico results

We targeted Kemp elimination reaction, a model proton transfer reaction and a de novo
enzyme design benchmark. This reaction involves the deprotonation of a benzisoxazole by a
catalytic base and delocalization of the resulting negative charge, which leads to the formation of
a cyanophenolate through ring opening.?!>? The theozyme for this reaction includes the transition
state, a catalytic base (Asp, Glu) to deprotonate the benzisoxazole, and a hydrogen bond donor

(Asn, Gln) to stabilize the partial negative charge on the isoxazolic oxygen (Figure 3.3).!
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Figure 3.3. Kemp elimination of 5-nitrobenzisoxazole (5-NBZ). Kemp elimination reaction proceeds
through a single transition state, involving the abstraction of hydrogen from the carbon of the substrate by
a catalytic base. Additionally, a hydrogen bond donor stabilizes the negative charge that forms on the
isoxazolic oxygen.

Efficient catalysis of the Kemp elimination reaction requires a hydrophobic environment
in the active site, which could promote binding of the hydrophobic substrate, 5-nitrobenzisoxazole
and increase the pKa of the catalytic base through desolvation.? However, artificial TIM barrels do
not naturally provide a deep hydrophobic pocket, and their B-barrel structure is overly exposed to
solvent. Therefore, we postulated that introducing a lid structure over the barrel could shield the
catalytic pocket from solvent, therefore lowering the active site dielectric constant. This, in turn,
could enhance transition state stabilization by creating a more hydrophobic environment and

increasing the basicity of the catalytic base.

3.5.1. Theozyme placement

Our design strategy focused on placing the catalytic Asp within the barrel to position the
transition state with the isoxazolic oxygen pointing outward. This arrangement allows us to overlay

the transition state along with the hydrogen-bond donor residue onto the transition state pose
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generated from the catalytic base placement, positioning the H-bond donor residue above the
barrel. This configuration enables the diffusion of the artificial TIM barrel’s minimal loops to hold
the H-bond donor in place and form a lid over the catalytic pocket. Sixteen positions within the
barrel were mutated to Asp, resulting in four poses that successfully positioned the isoxazolic
oxygen of the transition state pointing outward (Figure 3.4A—C, Supplementary Table 3.1). In
separate calculations, we generated hydrogen bond donor poses that satisfied the geometric
constraints of the theozyme. For this, we performed theozyme placement calculations by mutating

the second residue of a tripeptide (residues 67— 69 PDB ID: 7JLS) to either Asn or Gln (Figure

3.4D). Next, we superimposed the transition state poses from the hydrogen bond donor
calculations onto those obtained from the catalytic base placement (Figure 3.4E). This process
created the complete theozyme within the barrel, positioning the hydrogen bond donor floating
above the opening of the barrel. This orientation allows the hydrogen bond donor to act as an

anchor for generating a lid segment over the active site.
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Figure 3.4. Theozyme placement. (A) Theozyme placement based on catalytic base was performed at each
of the positions shown as blue spheres. Positions that resulted in transition state poses with isoxazolic
oxygen pointing outward are highlighted in light blue. (B) A representative pose where the isoxazolic
oxygen is oriented towards inside the barrel, which was subsequently eliminated. (C) A representative pose
where the transition state is correctly positioned with the isoxazolic oxygen pointing outwards. (D) An
ensemble of hydrogen bond donor poses (with Gln shown here) generated by theozyme placement
calculations based on hydrogen bond constraints. (E) For successful transition state poses, the hydrogen
bond donor (Asn or Gln) is placed in the optimal orientation for catalysis, positioned above the barrel.

3.5.2. Lid generation

After placing the theozyme, which includes the catalytic base inside the barrel, the
transition state with the isoxazolic oxygen pointing outwards, and the hydrogen bond donor
positioned floating above the barrel, we proceeded to the next step: diffusing loops near the
hydrogen bond donor to form a lid over the active site and hold the hydrogen bond donor in place.
Initially, we removed existing loop residues from the scaffold to create space for the new structural

segment. We then used Rfdiffusion to generate a new structural segment made up of 10-30

134



residues, starting from the end of a B-strand and extending to the hydrogen bond donor, ultimately
connecting to the start of the corresponding a-helix (Figure 3.5A). To create a diverse set of
structural segments, we performed 100 diffusion trajectories for each input structure, resulting in
a wide array of potential lid configurations. (Supplementary Figure 3.1). We then applied several
filtering criteria to ensure the structural segments were compatible with our design goals.
Structures were discarded if they (1) exhibited steric clash with the transition state, (2) displaced
the Ca of the hydrogen bond donor by more than 8 A away from the isoxazolic oxygen of the
transition state, or (3) lacked well-defined secondary structure elements based on backbone
geometry and hydrogen bonding patterns (Figure 3.5B). We hypothesized that long loops with
poorly defined secondary structures would be challenging to design accurately. This might lead to
excessive flexibility and unexpected conformational changes, potentially causing the hydrogen

bond donor to deviate from its intended positions.

This filtering process eliminated approximately 95% of the generated structures. The
remaining structures contained diverse secondary structure elements, including a-helixes, B-turns
and helix-turn-helix motifs. Since RFdiffusion generates only the backbone structure without the
corresponding amino acid sequence, we used ProteinMPNN to design sequences for the filtered
structural segments. Four sequences were generated for each remaining RFdiffusion output. Next,
we validated the folding of the designed sequences using AlphaFold2 to predict their three-
dimensional structures. We filtered AlphaFold2 predictions based on two criteria: (1) the backbone
root-mean-square deviation (RMSD) between the AlphaFold2 model and the original RFdiffusion
structure must be less than 3 A, and (2) the average predicted local distance difference test

(pLDDT) score for the five residues with the lowest pLDDT had to be greater than 45 (Figure
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3.5C). This criterion guarantees that even the least confident regions of the predicted structure

were modelled with reasonable accuracy.
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Figure 3.5. Lid generation. (A) Following theozyme placement, RFdiffusion was used to generate a
structural motif from one of the p/a loops on the TIM barrel, designed to function as a lid over the active
site. Starting from the end of a B-strand, RFdiffusion generated a structure to the hydrogen bond donor and
then extended this segment to the corresponding a-helix. The generated structural motif is in blue, with the
rest of the TIM barrel in white. (B) Generated structures were filtered based on several criteria. Structures
were excluded if 1) the generated lid fragment clashed with the transition state (TS), 2) the Ca of the H-
bond donor was moved more than 8 A away from the isoxazolic oxygen of the TS, or 3) they lacked a well-
defined secondary structure. (C) ProteinMPNN (PMPNN) was used to design four sequences for each
filtered structure. These sequences were validated by AlphaFold2 by measuring the RMSD between the
predicted structure and original RFdiffusion structure, as well as the pLDDT score, AlphaFold’s confidence
metric. Dark pink indicates the diffused structure, while the structural models on the right are colour-coded
by pLDDT confidence scores, with red and blue indicating lowest and highest pLDDT scores, respectively.
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3.5.3. Active site repacking and filtering

Since AlphaFold2 models only predict the protein structure without including ligands, we
needed to perform theozyme placement again for each AlphaFold2 model. During theozyme
placement, residues near the transition state in the f-barrel and those on the lid structure oriented
toward the barrel were mutated to glycine to create space for the transition state and catalytic
residues. To account for backbone movements in the AlphaFold2 predictions, we allowed both Asn
and Gln as potential hydrogen bond donors. Next, we performed active site repacking by designing
the residues previously mutated to glycine. To create a hydrophobic pocket conducive to catalysis,
we allowed hydrophobic and aromatic residues while also retaining wildtype lid residues designed
by ProteinMPNN. We optimized the identity and rotameric configuration of residues in the -
barrel and lid structure to maximize favorable interactions and further stabilize the transition state.
Following repacking, we applied a set of filtering parameters intended to reproduce mechanisms
associated with enhanced catalysis.?® First, we measured dihedral angles defining the hydrogen
bond between the catalytic Asp and the transition state, as well as those between the hydrogen
bond donor and the transition state. We retained only sequences with optimal catalytic dihedrals
(Supplementary Table 3.6). Second, we measured the solvent-accessible surface area (SASA) of
the transition state to assess the packing and shape-complementarity of the transition state in the
active site and only kept sequences where >95% of the transition state surface is buried. Third, we
analyzed the preorganization of active site residues by optimizing their rotamers in the absence of
the transition state. We then discarded sequences with more than three residues adopting different
rotameric configurations in the presence and absence of the transition state, which we consider not

preorganized for catalysis (Figure 3.6).
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Fourth, we measured tunnels to the active site, eliminating sequences that lacked a tunnel
with a minimum bottleneck radius of 0.9 A. We also excluded sequences with more than 5
methionines in the active site to prevent excessive conformational flexibility in the active site.
After filtering, the original set of 3472 designs based on TIM barrel F15C was reduced down to
16 designs. We performed similar calculations on CP1 and CP2 TIM barrels, resulting in the
selection of 4 designs from these templates for experimental analysis. The 20 designs tested
experimentally are based on four different lid structures—three from F15C and one from CP1

(Figure 3.7).

Optimal catalytic TS complementarity Active site
contact (SASA) preorganization

Figure 3.6. Filtering of sequences. Designed models were filtered using structural metrics to reproduce
mechanisms known to contribute to efficient catalysis. Accepted designs met the following criteria:
(1) optimal catalytic contact geometries between the transition state (TS) and catalytic residues as, defined
by dihedral angles; (2) active sites with high structural complementarity to the TS, measured by TS solvent-
accessible surface area (SASA); and (3) highly preorganized active sites, where most designed residues are
predicted to adopt the same rotameric configuration in the presence (white/orange) and absence (magenta)
of TS. Figure adapted with permission from from Rakotoharisoa et al.*> © 2024 American Chemical Society
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Figure 3.7. Structures of the experimentally characterized designs. The lid fragment generated by
RFdiffusion is shown in pink. The first three structures on the left are based on TIM barrel F15C, while the
fourth one is based on TIM barrel CP1.

3.6. Results

Next, we sought to experimentally characterize the designed Kemp eliminases. Genes
encoding the sequences were expressed in E. coli, and the resulting proteins were purified by nickel
affinity chromatography. All 20 designs expressed solubly. The original template, TIM barrel F15C
exhibited a-helical circular dichroism (CD) spectrum characteristic of its respective secondary
structure, with prominent negative peaks at 208 nm and 222 nm. The melting temperature (Tm) of
F15C, was determined to be 88 °C, indicating high thermal stability (Figure 3.8). Five
representative variants, encompassing all four designed lid structures, were analysed by CD.
Design 1 and Design 13 showed CD spectra lacking distinct a-helical peaks, with no detectable
melting temperature, suggesting partial misfolding or unfolding. The lid structure in these designs
had an average pLDDT score of 60 for Design 1 and 87 for Design 13, as predicted by AlphaFold2.
In contrast, Design 8 and Design 16, with lid pLDDT scores of 90 and 73, displayed CD spectra
similar to the template TIM barrel, indicating proper folding. Therefore, there appeared to be no
clear correlation between AlphaFold2 confidence scores and experimental folding behaviour.

Additionally, the melting temperatures of Design 8 and Design 16 were lowered by 22 °C and 21
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°C respectively, compared to the original template (Figure 3.8). Only one design, KempTIM 4
based on the TIM barrel CP1, displayed Kemp elimination activity, with a catalytic efficiency of
10 Mls”!, comparable to previously designed Kemp eliminases.! Mutation of the catalytic

aspartate to alanine abolished this activity (Figure 3.9).
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Figure 3.8. Circular dichroism (CD) and thermal melting results. (A) Structures of TIM barrel F15C,
Designs 1, 13, 8, 16, and KempTIM 4, colored by pLDDT scores (50-100, with higher confidence in blue
and lower in red). (B) Structures of the same TIM barrels with the designed lid fragment highlighted in
pink. (C) CD spectra at 20 °C (Black) and 95 °C (Gray) for the original TIM barrel F15C, Designs 1, 13, 8,
16, and KempTIM 4. (D) Thermal unfolding curves, showing the melting temperatures (Tm) for TIM barrel
F15C (~88°C), Design 8 (~66°C), Design 16 (~67°C), and KempTIM 4 (~53°C). No melting temperature
was detected for Design 1 and Design13.

142



—_— KT
= = KT4/D153A

2~ 0.004
|
Ky (mM) 0.69 £ 0.01
(7] J
— 0.003 Feeat (571) 0.0066 % 0.0006
keae/ K (M s70) 10+3

00 05 10 15 20
[S] (mM)

Figure 3.9. Kinetic characterization of KempTIM 4. (A) Design model of KempTIM 4, highlighting the
catalytic Asp153 and hydrogen bond donor Asn46. The lid structure is shown in pink. (B) Michaelis-Menten
graph of KempTIM 4 (KT4) and its mutant D153A. The kinetic parameters for KempTIM 4 are shown,
with a kea/Ku value of 10 M's™.

Next, we performed 1 ps molecular dynamics (MD) simulations of transition state
analogue (TSA) bound and unbound design models to assess their conformational dynamics. To
evaluate the flexibility of the design models, we calculated per-residue mean square fluctuations
(RMSFs) for the folded but inactive designs, Design 8 and Design 16, and the active Kemp
eliminase, KempTIM 4. Interestingly, in the two folded but inactive designs, Design 8 and Design
16, the lid structure exhibited low flexibility in the a-helical region, with an average RMSF value
0f 0.87 A and 0.97 A, respectively. In contrast, the active KempTIM 4 displayed greater flexibility

in the lid region, with an average RMSF of 1.56 A. Furthermore, loop 106 — 113, located near the

lid and above the active site, showed significant flexibility in KempTIM 4, with an average RMSF
of 3.6 A. We hypothesized that the rigidity of the lid region in the inactive designs could make the
active site less accessible, impeding substrate entry and product release. To investigate this, we
analyzed tunnels to the active site in the MD trajectories. In Design 8 and Design 16, 23% and
33% of structures, respectively, contain a tunnel, both with a median bottleneck radius of 1 A. In

contrast, 95% of KempTIM 4 structures contain a tunnel to the active site with, a median bottleneck
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radius of 2.1 A (Figure 3.10). Therefore, the inactivity of Design 8 and Design 16 could stem from

lacking tunnels to the active site, which could impede substrate entry.
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Figure 3.10. Conformational flexibility and active site accessibility of designed Kemp eliminases. Per-
residue root mean square fluctuations (RMSF) mapped onto the Ca backbone of (A) unbound and (B)
transition state analogue (TSA) bound Design 8, Design 16 and KempTIM 4. KempTIM 4 shows higher
flexibility in both the lid region (highlighted by a box) and loop 106—113. (C) Distribution of tunnel
bottleneck radii in Design 8, Design 16 and KempTIM 4. The percentage of structures containing a tunnel

is shown in the pie charts.
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3.7. Discussion

In this study, we aimed to transform a de novo, functionless TIM barrel into a Kemp
eliminase by customizing its structure to introduce an additional lid fragment. Contrary to previous
enzyme design methods, where natural scaffolds with native activity were used as the starting
template, and active site structures were designed using physics-based methods,'™ our approach
incorporates machine-learning techniques, such as RFdiffusion?* for generating new structural
segments, ProteinMPNN? for sequence design, and AlphaFold22® for structural validation. This
approach allowed us to explore the potential of machine-learning methods for enzyme design. We
have successfully demonstrated that a de novo TIM barrel, with an idealized structure consisting
of eight a-helices and eight B-strands connected by short, minimal loops and devoid of any
function, can be modified to catalyze a chemical reaction. The KempTIM 4 variant exhibited
catalytic activity with efficiency comparable to previously designed Kemp eliminases, such as
KEO7.! This highlights the potential of scaffold customization to introduce novel functionality into

otherwise inert proteins.

However, the low success rate—both in terms of the low catalytic efficiency of the active
design and the fact that one out of 20 experimentally tested designs displayed Kemp elimination
activity—reflects the inherent challenges in de novo enzyme design. Although a low success rate
is common in enzyme design studies?’, this outcome underscores the approximations made during
the design process. Methods such as RFdiffusion, ProteinMPNN, and AlphaFold2 introduce layers
of uncertainty when predicting both the overall structure and the precise positioning of catalytic
residues. These uncertainties likely contributed to misfolding observed in some designs, as

evidenced by CD spectra of Design 1 and Design 13, which lacked clear a-helical peaks and
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displayed no detectable melting temperature. Highly efficient catalysis requires sub-angstrom level

of precision, which machine-learning methods, at least in their current state, fail to achieve.

Furthermore, MD simulations revealed that the active KempTIM 4 design exhibited greater

conformational flexibility in both the designed lid region and loop 106— 113 near the active site

compared to the inactive designs. We hypothesize that this flexibility is critical for facilitating
substrate entry and product release. In contrast, the lid structures in the inactive designs, Design 8
and Design 16, were more rigid and had lower RMSF values. This could have limited the
accessibility to the active sites and contributed to their lack of activity. This theory is further
supported by the tunnel analysis of MD trajectories. In the active KempTIM 4 design, 95% of
structures contained a tunnel with a median bottleneck radius of 2.1 A, similar to the most active
Kemp eliminase, HG3.17.2% In comparison, only 23% and 33% in Designs 8 and 16, respectively,
had a tunnel, both with a median bottleneck radius of 1 A. The overall rate of the reaction is
determined by the rate-limiting step, which is not always the chemical transformation that is
modeled with the theozyme and could be substrate entry,” product release,*® or conformation
exchange between sub-states.?! Therefore, limited flexibility in the lid fragment may restrict ligand
binding and release, potentially leading to inactivity or significantly reduced activity. This
highlights the need to improve current enzyme design methods by considering the complete

catalytic cycle and not just the chemical step.

In this study, we chose to eliminate loop structural segments that lacked defined secondary
structures, assuming that it would be challenging to accurately design loops without well-defined
secondary structural elements and ensure that the hydrogen bond donor forms the necessary

contacts. In retrospect, this decision may have limited the potential functionality of our designs.
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Loops and their dynamic behaviour in TIM barrels have been linked to substrate recognition,

32,33 33-35

binding, and specificity, as well as in product release and ligand-gated conformational
changes.*® Moreover, interactions between loops have been shown to provide the proper chemical
environment for the reaction to occur.?’” By excluding flexible loops, we may have overlooked their
potential in facilitating the reaction. A second limitation in our study is the placement of the
hydrogen bond donor on the lid fragment. This fragment must alternate between an open
conformation (allowing substrate entry) and a closed conformation (sequestering the active site
from the solvent and extruding water). However, if the lid region is indeed sampling both states,

this compromises the preorganization of the hydrogen bond donor, which is a key factor in efficient

catalysis.®

Overall, the results reported here contain several insights for de novo enzyme design. First,
incorporating dynamics earlier in the design process could help address challenges of rigidity in
inactive designs and enhance access to the active site. Second, machine learning protein design
methods, while powerful, lack the preciseness that is necessary for designing highly efficient
enzymes and should be used with caution. Finally, creating efficient enzymes likely requires a
holistic approach where every possible state that the enzyme samples along its reaction coordinate
is included in the design process.?® In the future, we aim to customize de novo TIM barrels to
catalyze other reactions, further exploring the utility of de novo TIM barrels as universal scaffolds

for enzyme design.
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3.8. Methods

3.8.1. Computational enzyme design

All calculations were performed using the Triad protein design software (Protabit,
Pasadena, CA, USA). Rotamer optimization was performed using a Monte Carlo with simulated
annealing search algorithm. The de novo TIM barrels F15C, CP1, and CP2 as well as individual
templates from AlphaFold2 were prepared for computational design using the addH.py application
within Triad, which optimized and renamed hydrogen atoms, assigned protonation state to His
residues, flipped His/Asn/Gln side chains if necessary, and rotated hydroxyl, sulfhydryl, methyl,
and amino groups in Ser/Thr, Cys, Met, and Lys, respectively. A backbone-independent conformer
library described previously*® was used for ligand placement, and a backbone-independent rotamer
library (bbind02.May.e2)* with expansions of +1 standard deviation around 1 and %2 was used
for active-site repacking. The Kemp elimination transition state was built using parameters
described by Privett and co-workers.? For both theozyme placement and active-site repacking, a
library of TS poses is generated by targeted ligand placement using the contacts specified in
Supplementary Table 3.2. The TS pose energies were calculated using a modified Phoenix energy
function*!, which contains a Lennard-Jones 12—6 van der Waals term from the Dreiding II force
field*? with atomic radii scaled by 0.9, a direction-dependent hydrogen bond term with a well depth
of 8.0 kcal mol™! and an equilibrium donor—acceptor distance of 2.8 A,* and an electrostatic
energy term modeled using Coulomb’s law with a distance-dependent dielectric of 10. During the
energy calculation step, energies for interactions between side-chains and the transition state were
biased to favor interactions that satisfy contact geometries (Supplementary Table 3.4) by applying

an energy benefit of =100 kcal mol™!.
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3.8.2. Lid generation

Motif scaffolding with RFdiffusion?* was performed using the base model without
applying auxiliary potentials. ProteinMPNN?% was employed to design the entire structure
generated by RFdiffusion, with the exception of the catalytic H-bond donor. Cys and Met were
excluded from the sequence due to their side-chain flexibility, although no other amino acid biases
were used. Four sequences were generated per structure, with a sampling temperature of 0.1.
AlphaFold22¢ predictions were made using the monomer model, with a maximum template data

of 2020-05-14 and using the full genetic database.

3.8.3. Active-site repacking

Following lid generation and theozyme placement, active-site repacking calculations were
performed on the theozyme-containing structures predicted by AlphaFold2. In these calculations,
the transition state was translated +0.4 A in each Cartesian coordinate in 0.2 A increments and
rotated 10° about all three axes (origin at transition state geometric centre) in 5° increments for a
total combinatorial rotation/translation search space of 15,625 possible poses. The identities of
catalytic residues were fixed and allowed to sample all rotamers of that amino acid type. Other
active-site residues were allowed to sample rotamers of hydrophobic and aromatic amino acids.
Active-site residues on the lid were additionally allowed to sample rotamers of the amino acid
introduced by ProteinMPNN. All residues within 3 A of any of the designed positions were free to
move during repacking. Gly was excluded from designed positions unless Ala caused a clash with
the TS or catalytic residues, and Cys was excluded entirely to prevent the formation of disulfide
bonds. For each template, 1000 repacked sequences were generated and ranked by energy.

Energies for interactions between side-chains and the TS were biased as done for theozyme

149



placement (Supplementary Table 3.4). Rotamer optimization was carried out using the search

algorithm, rotamer library, and energy function mentioned above.

3.8.4. Library design and filtering

The 1000 energy-ranked sequences for each template generated by active-site repacking
were used for library design, which was performed with the CLEARSS algorithm.** Each library
of ~200 sequences was determined based on the Boltzmann weighting of both the frequency and
stability (energy) of individual mutations introduced during repacking. The cleanSequences.py
application within Triad was used to find the lowest energy conformation of each library sequence
on its respective structure, generating “cleaned” sequences. In the “cleaning” procedure, the
rotameric configurations of all active-site residues except the catalytic residues are optimized
following the above-described protocol. To compare energies of “cleaned” sequences, we
calculated their energy difference with a sequence containing Gly at all designed positions in the
absence of the TS. The “cleaned” sequences were filtered by criteria described in Supplementary

Table 3.6.

3.8.5. Protein expression and purification

Codon-optimized (E. coli) and histidine-tagged (C-terminus) genes for Kemp eliminases
cloned into the pET-29b(+) vector via Ndel and Xhol were obtained from Twist Bioscience
(Supplementary Table 3.5). Kemp eliminases were expressed in E. coli BL21-Gold (DE3) cells
(Agilent) using lysogeny broth (LB) supplemented with 50 ug mL~! kanamycin for the designs or
50 ug mL~!' ampicillin for F15C. Cultures were grown at 37 °C while shaking (250 rpm) until an
optical density (OD) at 600 nm of 0.6—0.8 was reached. Protein expression was initiated with 1

mM isopropyl-p-D-1-thiogalactopyranoside (IPTG) and was carried out at 16 °C for 16 h while
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shaking (250 rpm). Cells were then harvested by centrifugation at 4 °C and resuspended in 8 mL
lysis buffer (5 mM imidazole in 100 mM potassium phosphate buffer pH 8.0) supplemented with
1 mg mL! lyophilized lysozyme and 1 U mL~! benzonase nuclease (Merck Millipore). Cells were
homogenized using an Avestin EmulsiFlex-B15 cell disruptor. Proteins were purified by
immobilized metal affinity chromatography using Ni-NTA agarose (Qiagen) pre-equilibrated with
lysis buffer in individual Econo-Pac gravity-flow columns (Bio-Rad). Contaminants were washed
away using 10 mM imidazole in 100 mM potassium phosphate buffer (pH 8.0) and then 20 mM
imidazole in the same buffer. Proteins were eluted with 250 mM imidazole in 100 mM potassium
phosphate buffer (pH 8.0), and the buffer was exchanged into 50 mM sodium phosphate buffer
(pH 7.0) supplemented with 100 mM sodium chloride using a PD-10 desalting column (Cytiva).
The concentration of purified samples was determined by measuring the absorbance at 280 nm
and applying Beer-Lambert’s law. Extinction coefficients were predicted using the ExPAsy

ProtParam tool (https://web.expasy.org/protparam). The identity and purity of each protein was

confirmed by SDS-PAGE.

3.8.6. Steady-state Kinetics

Kinetic assays were performed in triplicate at 27 °C in 50 mM sodium phosphate buffer
(pH 7.0) supplemented with 100 mM sodium chloride. Reactions (200 pL final volume) were
initiated by addition of varying concentrations (0.03—2 mM) of 5-nitrobenzisoxazole (A Ablocks)
dissolved in methanol to the enzyme in wells of a 96-well plate (Greiner Bio-One). Product
formation was monitored spectrophotometrically at 380 nm (¢ = 15,800 M! cm™!) using a Biotek
Synergy H1 multimode plate reader (Agilent). Path lengths for each well were calculated
ratiometrically using the difference in absorbance of 50 mM sodium phosphate buffer (pH 7.0)

supplemented with 100 mM sodium chloride and 10% methanol at 900 and 975 nm (27 °C). Linear
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phases of the kinetic traces were used to measure initial reaction rates. Data were fitted to the

Michaelis-Menten equation to calculate individual kca and Kv parameters.

3.8.7. Circular dichroism and thermal denaturation assays

Circular dichroism measurements were performed with a Jasco J-815 spectrometer using
650-puL aliquots of each enzyme in a 1-mm path-length quartz cuvette (Jasco) at a concentration
of 10 uM in 20 mM sodium phosphate buffer (pH 7). For structural characterization of protein
folds, circular dichroism spectra were acquired from 180 to 250 nm, sampled every 0.2 nm at a
rate of 10nm min~!. Five scans were acquired and averaged for each sample. For thermal
denaturation assays, samples were heated at a rate of 1 °C per minute, and ellipticity at 222 nm
was measured every 1 °C. T, values were determined by fitting a 2-term sigmoid function with
baseline correction using nonlinear least-squares regression.* Thermal unfolding measurements

were performed as a single replicate.

3.8.8. Molecular dynamics

The Amber 2020 software (http://ambermd.org/) with the ff19SB protein force field*,

gaff2 ligand force field*’, and OPC water force field*® was used for all MD simulations. Long-
range (> 10 A) electrostatics were modeled using the particle mesh Ewald method.** Parameters
for the transition state analogue 6-nitrobenzotriazole (6-NT) were generated using the
Antechamber package.>® All MD trajectories were run in triplicate and with a time step of 2 fs.
Models of each design generated from ‘cleaning’ described above were prepared for MD. MD
trajectories were run for both the bound and unbound structures, so the TS was converted to 6-NT
or removed, respectively. Hydrogen atoms were added using Reduce,’! and the prepared structure

was solvated with OPC water in a truncated octahedral box with periodic boundary conditions
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where the distance between the protein surface and the box edges was set to 10 A. The addions2
algorithm in Amber was used to place counterions to neutralize the system. The system was first
minimized through the method of steepest descent using a force constant of 1000 kcal mol™" A2,
The system was heated to a temperature of 300 K for 240 ps, followed by equilibration under an
NPT ensemble at 300 K and 1 bar for 10 ns and subsequently equilibration under an NVT ensemble
at 300 K for another 10 ns. Constant temperature and pressure were achieved using the Nose-
Hoover thermostat®? and Berendsen barostat®, respectively. After removing positional restraints
on protein heavy atoms imposed for heating and equilibration, a 1 ps production run was
performed under Parrinello-Rahman pressure coupling.®* For analyzing bottleneck radii, 1000
snapshots separated by 1 ns each were extracted from the production trajectory. A minimum cutoff

of 0.9 A was used to identify tunnels in the unbound MD trajectories using CAVER 3.0.%
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3.9. Supplementary information

Supplementary Table 3.1. Positions in the TIM barrel F15C tested for Asp placement

Position Amino acid in F15C
42 Ile
6 Asn
29 Ala
31 Tle
50 Ile
52 Asn
75 Ala
77 Tle
96 Ile
98 Aan
121 Ala
123 Tle

142 Ile
144 Asn
167 Ala
169 Tle

* Positions in bold successfully generated transition state pose with isoxazolic oxygen pointing outward
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Supplementary Table 3.2. Geometric definitions for generation of transition-state poses off the side
chain of catalytic base

Residue Type Atom 1“ Atom 2“ Atom 3“ Atom 4° Values®
Asp Distance  ODI1 or OD2 H3 1.0,1.2, 1.5
Angle CG OD1 or OD2 H3 112,117, 122
Angle OD1 or OD2 H3 C3 159, 164, 169, 174, 179
Torsion CB CG OD1 or OD2 H3 0, 5,10, 170, 175, 180
Torsion CG OD1 or OD2 H3 C3 170, 175, 180, 185, 190
Torsion  OD1 or OD2 H3 C3 N2 0, 5,170, 175, 180

¢ Atoms in bold are from the transition state. All other atoms are from the catalytic residue.
® Distance measurements given in A, all others are in degrees.
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Supplementary Table 3.3. Geometric definitions for generation of transition-state poses off the side

chain of hydrogen bond donor

Residue Type Atom 1“ Atom 2“ Atom 3“ Atom 4° Values®

Asn Distance 2HD2 or 1HD2 01 12,1.5,1.8,2.1,2.3
Angle ND2 2HD?2 or 1HD2 01 145, 151, 157
Angle 2HD?2 or 1HD2 01 N2 120, 130, 140
Torsion CG ND2 2HD?2 or 1HD2 o1 120, 130, 140
Torsion ND2 2HD?2 or 1HD2 01 N2 —121,-116,-111
Torsion  2HD2 or 1HD2 01 N2 C3 160, 180, 200

Gln Distance  2HE2 or 1HE2 01 12,1.5,1.8,2.1,2.3
Angle NE2 2HE2 or 1HE2 01 145, 151, 157
Angle 2HE2 or 1HE2 01 N2 120, 130, 140
Torsion CD NE2 2HE2 or 1HE2 o1 120, 130, 140
Torsion NE2 2HE2 or 1HE2 01 N2 —121,-116,-111
Torsion  2HE2 or 1HE2 01 N2 C3 160, 180, 200

¢ Atoms in bold are from the transition state. All other atoms are from the catalytic residue.
® Distance measurements given in A, all others are in degrees.
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Supplementary Table 3.4. Geometric constraints used to define catalytic contacts during
computational design

Contact Residue Type Atom 1° Atom 2 “° Atom 3° Atom4“ | Min" | Max?*
Catalytic base Asp Distance OD1 or OD2 H3 1.0 1.6
Angle CG OD1 or OD2 H3 109 131
Angle OD1 or OD2 H3 C3 159 180
Torsion CB CG OD1 or OD2 H3 =21 21
H-bond donor Gln Distance = 1HE2 or 2HE2 01 1.2 2.3
Angle NE2 1HE2 or 2HE2 01 145 157
Angle 1HE2 or 2HE2 01 N2 120 140
Torsion | 1HE2 or 2HE2 Oo1 N2 C3 160 200
Asn Distance = 1HD2 or 2HD2 0O1 1.2 2.3
Angle ND2 1HD2 or 2HD2 01 145 157
Angle 1HD2 or 2HD2 01 N2 120 140
Torsion | 1HD2 or 2HD2 Oo1 N2 C3 160 200

¢ Atoms in bold are from the transition state. All other atoms are from the catalytic residue.
® Distance measurements given in A, all others are in degrees.
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Supplementary Table 3.5. Amino acid sequences of Kemp eliminase designs

Enzyme

Sequence

F15C

Design 1

Design 2

Design 3

Design 4

Design 5

Design 7

Design 8

Design 9

Design 10

Design 11

Design 12

Design 13

MDILIVNPDDFEKGVEEVKELKRHGAKITAYISKSAEELKKAEKAGADILIVNPDDFEKGVEEVKELKRHGAKIIA
YISKSAEELKKAEKAGADILIVNPDDFEKGVEEVKELKRHGAKITAYISKSAEELKKAEKAGADILIVNPDDFEKG
VEEVKELKRHGAKIIAYISKSAEELKKAEKAGHHHHHH

MDILIVGPDDFEKGVEEVKELKRHGAKIIAYASKSAEELKKAEKAGADILAVAPDDFEKGVEEVKELKRHGAKII
AYASKSAEELKKAEKAGADILMVAPDDFEKGVEEVKELKRHGAKIIAY VGGSVKKVIEANQKGTSRGATVEELK
KAEKAGADILDVVPDDFEKGVEEVKELKRHGAKIIAYASKSAEELKKAEKAGWHHHHHH

MDILGVAPDDFEKGVEEVKELKRHGAKIIGYMSKSAEELKKAEKAGADILLVAPDDFEKGVEEVKELKRHGAKI
TAYMSKSAEELKKAEKAGADILMVYPDDFEKGVEEVKELKRHGAKIIAYLSKSAEELKKAEKAGADILDVANAE
QEKIASKFLGRKTKVKIEENDFEKGVEEVKELKRHGAKIIAY GSKSAEELKKAEKAGWHHHHHH

MDILMVMPDDFEKGVEEVKELKRHGAKIIAYASKSAEELKKAEKAGADILMVMPDDFEKGVEEVKELKRHGA
KIHAYASKSAEELKKAEKAGADILDVAPDDFEKGVEEVKELKRHGAKIIAYAAAGRIETPGETIIRSSEEVVEELKK
AEKAGADILAVLPDDFEKGVEEVKELKRHGAKIIAY YAGGQTFEIGGSKNKAAPLGVEELKKAEKAGWHHHHH
H

MDILAVAPDDFEKGVEEVKELKRHGAKIIAY GSKSAEELKKAEKAGADILDVVPDDFEKGVEEVKELKRHGAKII
GYASKSAEELKKAEKAGADILFVMPDDFEKGVEEVKELKRHGAKIIAYMAANIIETPGKTIKRSSEEVVEELKKA
EKAGADILAVAPDDFEKGVEEVKELKRHGAKITAY GAGGKSQTLGGSTMKLAKLTVEELKKAEKAGWHHHHH
H

MDILAVAPDDFEKGVEEVKELKRHGAKIIAY GSKSAEELKKAEKAGADILDVVPDDFEKGVEEVKELKRHGAKII
GYMSKSAEELKKAEKAGADILFVAPDDFEKGVEEVKELKRHGAKIIAYMAANIIETPGKTIKRSSEEVVEELKKA
EKAGADILAVAPDDFEKGVEEVKELKRHGAKITAY GAGGKSQTLGGSTMKLAKLTVEELKKAEKAGWHHHHH
H

MDILAVAPDDFEKGVEEVKELKRHGAKIIAY GSKSAEELKKAEKAGADILDVVPDDFEKGVEEVKELKRHGAKII
GYMSKSAEELKKAEKAGADILY VAPDDFEKGVEEVKELKRHGAKITAYLASGVIETPGEKIVRSSEEVVEELKKA
EKAGADILAVAPDDFEKGVEEVKELKRHGAKITAY GAGGKTQTVDGATFKLAPLGVEELKKAEKAGWHHHHHH

MDILGVAPDDFEKGVEEVKELKRHGAKIIGYMSKSAEELKKAEKAGADILLVAPDDFEKGVEEVKELKRHGAKI
TAYMSKSAEELKKAEKAGADILMVFPDDFEKGVEEVKELKRHGAKIIAYLSKSAEELKKAEKAGADILDVANAE
QEKIASKFMGRKTKVKIEENDFEKGVEEVKELKRHGAKIIAY GSKSAEELKKAEKAGWHHHHHH

MDILAVAPDDFEKGVEEVKELKRHGAKIIAY GSKSAEELKKAEKAGADILDVVPDDFEKGVEEVKELKRHGAKII
GYMSKSAEELKKAEKAGADILFVMPDDFEKGVEEVKELKRHGAKIIAYLAANIIETPGKTIKRSSEEVVEELKKA
EKAGADILAVAPDDFEKGVEEVKELKRHGAKITAY GAGGKSQTLGGSTMKLAKLTVEELKKAEKAGWHHHHH
H

MDILAVMPDDFEKGVEEVKELKRHGAKIIAYASKSAEELKKAEKAGADILMVMPDDFEKGVEEVKELKRHGAK
ITAYASKSAEELKKAEKAGADILDVAPDDFEKGVEEVKELKRHGAKIIAYAAAGRIETPGETIIRSSEEVVEELKKA
EKAGADILAVLPDDFEKGVEEVKELKRHGAKIIAY YAGGQTFEIGGSKNKAAPLGVEELKKAEKAGWHHHHHH

MDILGVAPDDFEKGVEEVKELKRHGAKIIGYMSKSAEELKKAEKAGADILMVAPDDFEKGVEEVKELKRHGAK
ITAYMSKSAEELKKAEKAGADILAVFPDDFEKGVEEVKELKRHGAKIIAYLSKSAEELKKAEKAGADILDVANAE
QEKIASKLMGRKTKVKIEENDFEKGVEEVKELKRHGAKIIAY GSKSAEELKKAEKAGWHHHHHH

MDILGVAPDDFEKGVEEVKELKRHGAKIIGYMSKSAEELKKAEKAGADILLVAPDDFEKGVEEVKELKRHGAKI
TAYMSKSAEELKKAEKAGADILMVYPDDFEKGVEEVKELKRHGAKIIAYLSKSAEELKKAEKAGADILDVANAE
QEKIASKLLGRKTKVKIEENDFEKGVEEVKELKRHGAKIIAY GSKSAEELKKAEKAGWHHHHHH

MDILAVAPDDFEKGVEEVKELKRHGAKIIAY GSKSAEELKKAEKAGADILDVVPDDFEKGVEEVKELKRHGAKII
GYMSKSAEELKKAEKAGADILMVAPDDFEKGVEEVKELKRHGAKIIAYMAANIIETPGKTIKRSSEEVVEELKK
AEKAGADILAVAPDDFEKGVEEVKELKRHGAKIIAY GAGGKSQTVGGSTMKLAKLTVEELKKAEKAGWHHHH
HH
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Design 14

Design 15

Design 16

CP1

KempTIM 1

KempTIM 2

KempTIM 3

KempTIM 4

MDILAVAPDDFEKGVEEVKELKRHGAKIIAY GSKSAEELKKAEKAGADILDVVPDDFEKGVEEVKELKRHGAKII
GYMSKSAEELKKAEKAGADILFVAPDDFEKGVEEVKELKRHGAKIIAYLASGVIETPGEKIVRSSEEVVEELKKA
EKAGADILAVAPDDFEKGVEEVKELKRHGAKIIAY GAGGKTQTVDGATHKLAPLGVEELKKAEKAGWHHHHH
H

MDILMVAPDDFEKGVEEVKELKRHGAKIIAYASKSAEELKKAEKAGADILAVVPDDFEKGVEEVKELKRHGAKI
IAYGSKSAEELKKAEKAGADILAVAPDDFEKGVEEVKELKRHGAKITIAYAAAGRIETPGETIIRSSEEVVEELKKAE
KAGADILDVVPDDFEKGVEEVKELKRHGAKIIAYMAGGQTQEMGGSKLKMAPLGVEELKKAEKAGWHHHHH
H

MDILAVAPDDFEKGVEEVKELKRHGAKIIAY GSKSAEELKKAEKAGADILDVVPDDFEKGVEEVKELKRHGAKII
GYMSKSAEELKKAEKAGADILY VAPDDFEKGVEEVKELKRHGAKITAYLASGVIETPGEKIVRSSEEVVEELKKA
EKAGADILAVAPDDFEKGVEEVKELKRHGAKITAY GAGGKTQTVDGATHKLAPLGVEELKKAEKAGWHHHHH
H

MDKDEAWKQVEILRRLGAKRIAYRSDDWRDLQEALKKGADILIVDATDKDEAWKQVEILRRLGAKEIAYRSDD
WRDLQEALKKGADILIVDATDKDEAWKQVEILRRLGAKRIAYRSDDWRDLQEALKKGADILIVDATDKDEAWK
QVEILRRLGAKEIAYRSDDWRDLQEALKKGADILIVDATGLEHHHHHH

MEIAYASDDWRDLQEALKKGADILDVVNVNPEEAWKQVEILRRLGAKRILYASLRWRDLQEALKKGADILAVPL
VDK
DEAWKQVEILRRLGAKEIAYGSDDWRDLQEALKKGADILGVASNTPRVRRLVLRNLETLY SREEAERIVEEKIKL
NDPE
EAEKQVEILRRLGAKRIMYASDDWRDLQEALKKGADILLVAADDESEESKDEAWKQVEILRRLEHHHHHH

MEIAYASDDWRDLQEALKKGADILDVVNVNPEEAWKQ
VEILRRLGAKRIAYASLRWRDLQEALKKGADILAVPLVD
KDEAWKQVEILRRLGAKEIAYGSDDWRDLQEALKKGAD
ILGVASNTPRVRRLVLRNLETLYSREEAERIVEEKIKLNDP
EEAEKQVEILRRLGAKRIMYASDDWRDLQEALKKGADIL LVVADDESEESKDEAWKQVEILRRLEHHHHHH

MRIAYASLASRWRDLQEALKKGADILMVALARDAASVR
ALAEGAAGNGDPRSVAELLALLRPTDKDEAWKQVEILR
RLGAKEIAYMSDDWRDLQEALKKGADILMVLASSALSPE
EAWKQVEILRRLGAKRIAYGSGDWRDLQEALKKGADIL
DVLGAKGKDEAWKQVEILRRLGAKEIAYASFDWRDLQE
ALKKGADILMVFAVLDAERALKQVEILRRLEHHHHHH

MRIAYMSLASRWRDLQEALKKGADILMVALARDAASVR
ALAEGAAGNGDPRSVAELLALLRPTDKDEAWKQVEILR
RLGAKEIAYMSDDWRDLQEALKKGADILMVLASSALSPE
EAWKQVEILRRLGAKRIAYGSGDWRDLQEALKKGADIL
DVLGAKGKDEAWKQVEILRRLGAKEIAYASFDWRDLQE
ALKKGADILVVFAVLDAERALKQVEILRRLEHHHHHH
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Supplementary Table 3.6. Criteria for design filtering: Designs were excluded if they failed to meet
all the criteria listed below.

Criterion Description
Neither hydrogen bond donor or base dihedral angle
Optimal catalytic contacts are between —130° and
—50° or 50° and 130°
Energy All energy values < 0

Solvent-accessible surface area (SASA) between
80 A% and 120 A?
Less than 4 Gly or 6 Met in the positions designed

TS complementarity

Number of Gly and Met . .
during repacking
Less than 3 residues not preorganized, having
Preorganized active site different rotamers in the presence and absence of
the transition state
Tunnels to the active site Contains a tunnel > 0.9 A, as identified by CAVER
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Supplementary Table 3.7. Design filtering — F15C template

Design base H-bond Energy SASA # Met # Preorganized Bottleneck Lid structure

dihedral donor (kcal mol™?) (A residues (on radius average

dihedral 27) A) pLDDT
Design 1 —24.7 38.8 —94.0 89.9 1 26 0.96 60.1
Design 2 -1.0 28.8 —-115.5 86.9 3 26 0.96 90.7
Design 3 -26.5 —155.0 -121.7 94.4 4 27 1.12 75.5
Design 4 —28.2 160.0 -111.7 94.7 3 27 0.91 843
Design 5 —28.2 160.0 -115.1 88.6 3 28 0.91 85.5
Design 7 -17.8 162.1 -131.4 88.7 1 27 0.92 81.5
Design 8 -1.0 28.8 -111.8 86.9 4 26 0.94 90.3
Design 9 —28.2 160.0 —-111.6 93.2 3 27 0.91 83.9
Design 10 -26.5 —-155 —114.9 94.9 3 27 0.92 76.0
Design 11 -0.7 442 —108.9 99.6 4 25 1.08 92.8
Design 12 -13.3 29.6 -107.4 91.3 3 26 0.96 92.5
Design 13 —28.2 160.0 -111.4 110.1 4 26 0.91 87.4
Design 14 -17.8 162.1 —-136.3 95.2 1 27 0.92 74.9
Design 15 -11.3 —147.1 -99.7 99.9 4 26 0.92 64.8
Design 16 -13.8 149.6 -116.9 84.6 1 27 0.95 73.0
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Supplementary Table 3.8. Design filtering — CP1 and CP2 templates

Design base H-bond Energy SASA # Met # Preorganized  Bottleneck
dihedral donor (kcal mol™Y) (A residues (on radius
dihedral 16) (A)
KempTIM 1 —42.5 25.7 -394 174.4 1 11 0.92
KempTIM 2 -7.3 25.7 -36.3 188.5 1 10 0.92
KempTIM 3 27.6 —-156.2 -10.4 107.5 4 12 1.53
KempTIM 4 27.6 156.2 -2.3 106.6 4 13 1.53
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Supplementary Figure 3.1. Structural segments generated by RFdiffusion.
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4.1. Foreword

In Chapter 2, we studied the role of active-site versus distal mutations on enzyme catalysis.
We observed that active-site mutations alone are sufficient to form an ordered active site for
efficient catalysis, while distal mutations further enhance activity by facilitating substrate binding
and product release. In Chapter 3, we developed a workflow to customize the structure of a de
novo, inert TIM barrel scaffold to introduce Kemp elimination activity. Using machine learning
tools, we added a lid fragment to enclose the active site. However, the generated lid regions did
not exhibit the flexibility required for rapid substrate binding and product release. The design that
showed Kemp elimination activity catalyzes this reaction with modest efficiency. The enzymes
discussed in Chapter 2 and designed in Chapter 3 catalyze the Kemp elimination reaction, a model
proton abstraction reaction that involves a single transition state. However, industrially relevant
reactions are more complex and often involve multiple reaction steps, transition states, and
intermediates. Designing enzymes for such reactions requires more sophisticated approaches. In
Chapter 4, we aim to apply a multistate enzyme design approach to design an enzyme to catalyze
a carbon-carbon bond-forming reaction. Given the complexity of designing enzymes for a
multistep reaction, we opted to use pre-existing TIM barrels as template scaffolds to avoid

additional complications from designing lid structures.
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4.2. Statement of contribution

Niayesh Zarifi performed the DFT calculations, computational enzyme design,
experimental characterization of enzymes, and molecular dynamics simulations and analysis.
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wrote the chapter.
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4.3. Abstract

Creating de novo enzymes to catalyze complex multistep reactions is a challenging
endeavor with significant potential for industrial applications. Traditional single-state design
approaches, which focus on stabilizing a single or composite transition state, often fall short for
multistep reactions as efficient catalysis requires a low energy barrier across all reaction steps.
Here, we applied a multistate enzyme design approach to develop an enzyme to catalyze the

Michael addition reaction, a C —C bond-forming reaction. We performed density functional theory

(DFT) calculations to characterize the reaction mechanism and generate theozymes for each step
and then designed sequences capable of stabilizing two critical transition states. We experimentally
characterized 12 designed enzymes. All variants catalyze the Michael addition reaction with lower
KwmPP values than the starting scaffold, indicating improved substrate binding. However, these
designs exhibited reduced apparent turnover numbers, likely due to disproportionate stabilization
of the targeted steps relative to other steps within the catalytic cycle. Our study underscores the
potential of multistate enzyme design in expanding the biocatalytic repertoire for complex
chemical processes and highlights the importance of considering enzyme dynamics and the entire

catalytic cycle in enzyme design.
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4.4. Introduction

De novo design of enzymes to catalyze complex, multistep reactions useful for industrial
biocatalysis remains a significant challenge. Previous computational enzyme design efforts often
focused on stabilizing a single!? or a composite®* transition state, which is inadequate for
designing highly efficient enzymes to catalyze reactions involving multiple steps. To ensure
efficient catalysis, an enzyme must maintain low activation energy barriers throughout all reaction
steps.® Solely focusing on stabilizing the computationally predicted rate-determining step could
inadvertently destabilize other steps in the reaction pathway and lead to poor catalytic
performance. Furthermore, accurate identification of the rate-limiting step requires experimental
characterization since it may differ from computational predictions.%’ To address the shortcomings
of single-state enzyme design, a more sophisticated approach is needed, one that considers the
entire reaction pathway. Previously, multistate protein design has been employed to design
sequences compatible with multiple chemical or conformational states.®'° In this study, we expand
this concept to enzyme design. We hypothesize that multistate enzyme design, which involves
simultaneous stabilization of multiple transition states along the reaction pathway, is necessary to

design efficient enzymes for useful, multistep reactions.

One such reaction is the Michael addition reaction, a conjugate addition of, also known as
a ‘Michael donor,’ to an a,f-unsaturated carbonyl, the ‘Michael acceptor’. In the case of carbon-
based nucleophiles, this results in the formation of a carbon-carbon (C—C) bond in the ‘Michael
adduct.’!1? Discovered by Arthur Michael in 1887,!% the Michael addition reaction has garnered

attention in organic synthesis due to its ability to form C—C bonds, which is essential for

synthesizing organic molecules. This reaction is widely used in the synthesis of polymers and
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pharmaceuticals, including the anti-inflammatory drug ibuprofen.'* Despite its utility, naturally
occurring enzymes that can catalyze the Michael addition reaction are rare. Those that do exist
often exploit the catalytic promiscuity of enzymes, meaning they were not evolutionary optimized
to catalyze this reaction but can perform it under certain conditions.'>!¢ Therefore, design of
enzymes that can catalyze the Michael addition reaction with high efficiency could significantly
expand the repertoire of biocatalysts available for synthetic chemistry, facilitating more sustainable

and efficient chemical processes.

Here, we aimed to design an enzyme for the Michael addition reaction. We first performed
density functional theory (DFT) calculations to characterize the reaction pathway and create
theozymes for each step and compute their corresponding activation energy barriers. Next, using
a multistate enzyme design approach, we focused on stabilizing key transition states. Experimental
characterization of 12 designs revealed that all variants exhibited Michaelase activity. The designs
displayed improved apparent Km for the Michael acceptor compared to the original scaffold.
However, they showed diminished apparent turnovers. The low catalytic efficiency of the designed
enzymes could arise from over-stabilizing the targeted steps relative to other stages within the
catalytic cycle. This study represents the first application of multistate enzyme design. Future
efforts could focus on optimizing the catalytic efficiency through additional rounds of design and

refinement.
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4.5. Characterization of the reaction mechanism

We targeted the Michael addition reaction between (E)-4-(4-methoxyphenyl)but-3-en-2-
one (1a) and ethyl cyanoacetate (2a) to form the product 35-(£)-4-(4-methoxyphenyl)but-3-en-2-
one (3a) (Figure 4.1). Previously, Hilvert and colleagues investigated the catalytic promiscuity of
the engineered retro-aldolase RA95.5-8 in promoting the Michael addition of various nucleophiles
to the o,B-unsaturated ketone 1a.!7!8 RA95.5-8 catalyzes this reaction with an apparent catalytic
efficiency kea®™P/Knm® of 53 M !s7!. To enhance this activity, site-saturation mutagenesis was
performed on nine positions within the enzyme’s active site, resulting in the identification of a
double mutant variant RA95.5-8 TS3L/K210H, which exhibited a 3-fold increase in catalytic
efficiency. The catalytic mechanism, similar to the retro-aldol reaction of methodol, involves the
formation of an iminium ion intermediate between the catalytic lysine and the substrate (Figure
4.1B).12" We targeted the Michael addition reaction between 1a and 2a because previously
designed and evolved retro-aldolase enzymes could serve as suitable scaffolds, featuring a pocket
for the naphthyl ring of methodol that could accommodate the aromatic substituent of 1a and a
low-pKa. lysine essential for catalysis. Moreover, the reaction progress could be monitored
spectroscopically by measuring the reduction in absorbance of the conjugated double bond in 1a.

To our knowledge, no de novo enzyme has been previously designed for this reaction.
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Figure 4.1. Michael addition and retro-aldol reactions catalyzed by RA95.5-8. In both (A) Michael
addition of (£)-4-(4-methoxyphenyl)but-3-en-2-one (1a) and ethyl cyanoacetate (2a), and (B) retro-aldol
reaction of (R)-methodol, a Schiff base intermediate is formed by reaction with the catalytic lysine 83.

To characterize the mechanism of Michael addition reaction between 1a and 2a, we performed
density functional theory (DFT) calculations using Gaussian 16C.01 software package. Geometry
optimization and single-point energy calculations were performed with the B3LYP-D3(BJ)
theoretical method and the 6-31G(d) basis set. In calculating the transition states, we followed a

procedure consistent with the transition state theory:

1. Proposing a transition state geometry: we began by proposing a transition state geometry
informed by our understanding of the retro-aldol reaction mechanism.

2. Optimization of the transition state: The proposed transition state was optimized by
traversing the potential energy surface and calculating energy gradients and the Hessian
matrix for each geometry along the pathway. The transition state was considered optimized
once the energy gradient vanished, and the Hessian matrix exhibited a single imaginary
frequency.

3. Intrinsic Reaction Coordinate (IRC) Calculation: We carried out IRC calculations to ensure

that the transition state connects the intended reactants and products.
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4. Optimization of Reactant and Product Geometries: The geometries of the reactants and

products were further optimized to accurately reflect their stable forms.

For these calculations, we used a simple, truncated model that included key catalytic
residues such as lysine and tyrosine. The mechanism begins with an acid-base reaction in which
the hydroxyl hydrogen of tyrosine is abstracted by the carbonyl oxygen of the substrate’s aldol
group. This process occurs concomitantly with the formation of an N—C bond between the g-amino
group of lysine and the carbonyl carbon of the substrate and deprotonation of the lysine residue by

the same tyrosine.?’

The mechanism for the Michael addition reaction between (E)-4-(4-methoxyphenyl)but-3-

en-2-one (1a) and ethyl cyanoacetate (2a), as determined through DFT calculations, is illustrated

in Figure 4.2.
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Figure 4.2. Reaction mechanism for Michael addition reaction between (E)-4-(4-methoxyphenyl)but-
3-en-2-one (1a) and ethyl cyanoacetate (2a).
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It is important to note that the proposed reaction mechanism is a hypothesis that serves as
the foundation for the entire design strategy. The design calculations are based on the assumption
that the reaction proceeds via this mechanism. While this approach facilitates the rational design
of enzymes tailored to stabilize the transition states, several limitations must be acknowledged.
Firstly, the accuracy of the mechanism relies heavily on the computational models and assumptions
used, such as the representation of the active site environment and the choice of density functional
theory (DFT) methods. These models may not fully capture the dynamic and heterogeneous nature
of enzyme active sites. Additionally, the modeling of charged intermediates and transition states
presents inherent challenges, particularly with respect to solvation effects. The simplified
treatment of solvation within an enzyme’s active site may lead to uncertainties in the calculated
energy barriers. Furthermore, there is a possibility that the actual reaction mechanism deviates
from the proposed one due to unknown or overlooked catalytic factors. Despite these limitations,
this mechanism represents our working theory and serves as the basis for the subsequent analysis.
In the following sections, we will delve into each step of the reaction in detail, followed by the

design calculations aimed at stabilizing the key transition states.

For the nucleophilic attack to occur, the nucleophile ethyl cyanoacetate must be
deprotonated. We characterized this deprotonation process using either an aspartate or a histidine
residue as the catalytic base. In the reaction with histidine the activation energy is 13.3 kcal mol™!
and a reaction free energy of 12.3 kcal mol!. The reaction catalyzed by aspartate is more
favourable with lower activation and reaction free energies of 4.7 kcal mol ™! and 1.4 kcal mol !,
respectively. The energy diagrams and structures of the transition states for both scenarios are

depicted in Figure 4.3.
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Figure 4.3. Deprotonation of ethyl cyanoacetate. Energy diagram for the deprotonation of ethyl
cyanoacetate by an aspartate residue, showing an activation energy of 4.7 kcal mol™" and a reaction free
energy of 1.4 kcal mol™'. (B) Optimized structure of the transition state (TS) with aspartate (Asp) depicted
in magenta. (C) Energy diagram for the deprotonation of ethyl cyanoacetate by a histidine residue, showing
an activation energy of 13.3 kcal mol ' and a reaction free energy of 12.3 kcal mol'. (D) Optimized
structure of the transition state (TS) with histidine (His) depicted in light green. Partial bonds are depicted
in black dashed lines.

The first step of the reaction with an activation free energy of 15.6 kcal mol™! involves the
concerted abstraction of hydroxyl hydrogen from a tyrosine residue, accompanied by the formation
of an N—C bond between 1a and lysine. Simultaneously, the same tyrosine deprotonates the lysine
residue. The energy diagram for this step, along with the optimized structures of the reactants (R),
transition state (TS1), and intermediate (I1), is presented in Figure 4.4. The overall AG of the

reaction is 7.0 kcal mol ™.
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Figure 4.4. Step 1 of the reaction. (A) Energy diagram for step 1 of the reaction, showing an activation
energy of 15.6 kcal mol™'. Optimized structures of (B) the reactants (R), (C) Transition state 1 (TS;), and
(D) Intermediate 1 (I1) structures. The substrate (E)-4-(4-methoxyphenyl)but-3-en-2-one (1a) is represented
in gray, the lysine residue in purple, and the tyrosine residue in green. Partial bonds are depicted in black
dashed lines.

The second step involves the elimination of a water molecule facilitated by a histidine
residue, leading to the formation of a Schiff base. As depicted in the energy diagram shown in
Figure 4.5A, this exergonic reaction occurs with an activation free energy of 0.5 kcal mol™!. The

resulting intermediate, I, is 52.0 kcal mol ! more stable than I;.
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Figure 4.5. Step 2 of the reaction. (A) Energy diagram for step 2, with an activation energy of 0.5 kcal
mol . Optimized structures of (B) Intermediate 1 (I;), (C) Transition state 2 (TS;), (D) Intermediate 2 (I,).
In these structures substrate (1a) atoms are depicted in gray, the lysine residue in purple, and the histidine
residue in light green. Partial bonds are depicted in black dashed lines.

In the third step, the deprotonated ethyl cyanoacetate acts as a nucleophile, attacking the

double bond to form the C—C bond. This step has an activation energy of 7.8 kcal mol™! and a

reaction free energy of —5.2 kcal mol!. The energy diagram for this step, along with corresponding

structures, is depicted in Figure 4.6.
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Figure 4.6. Step 3 of the reaction. (A) Energy diagram for step 3, with an activation energy of 7.8 kcal
mol ', Optimized structures of (B) Intermediate 2 (I,), (C) Transition state 3 (TS3), and (D) Intermediate 3
(Is). In these structures, the substrate 1a is depicted in gray, the lysine residue in purple and the substrate
ethyl cyanoacetate (2a) in yellow. Partial bonds are depicted in black dashed lines.

In Step 4, the double bond is protonated by a tyrosine residue, with an activation free energy
of 19.0 kcal mol ™!, making this the predicted rate-limiting step of the overall reaction. The reaction

free energy is 18.8 kcal mol™! (Figure 4.7)
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Figure 4.7. Step 4 of the reaction. (A) Energy diagram for step 4, with an activation energy of 19.01 kcal
mol ', Optimized structures of (B) Intermediate 3 (I5), (C) Transition state 4 (TS4) and (D) Intermediate 4
(Is). In these structures, the substrate 1a is depicted in gray, the lysine residue in purple, the tyrosine residue
in green, and the substrate 2a in yellow. Partial bonds are depicted in black dashed lines.

The fifth step involves the nucleophilic attack by a water molecule on the sp? carbon of the
Schiff base, facilitated by a tyrosine residue to form a carbinolamine. This step proceeds with an
activation energy of 4.5 kcal mol™! and is exergonic, with a free energy change of —14.8 kcal mol™!

(Figure 4.8).
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Figure 4.8. Step 5 of the reaction. (A) Energy diagram for step 5, with an activation energy of 4.5 kcal
mol'. Optimized structures of (B) Intermediate 4 (I4), (C) Transition state 5 (TSs) and (D) Intermediate 5
(Is). In these structures, the substrate 1a is depicted in gray, the lysine residue in purple, the tyrosine residue
in green, and the substrate 2a in yellow. Partial bonds are depicted in black dashed lines.

The reaction of the sixth step is the reverse of step 1. The tyrosine is deprotonated by the

nitrogen of the carbinolamine, the N—C bond is cleaved, and the tyrosine residue subsequently

deprotonates the hydroxyl group. This step has an activation energy of 11.2 kcal mol™! (Figure

4.9).
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Figure 4.9. Step 6 of the reaction. (A) Energy diagram for step 6, with an activation energy of 11.2 kcal
mol'. Optimized structures of (B) Intermediate 5 (Is), (C) Transition state 6 (TSe) and (D) Product (P). In
these structures, the substrate la is depicted in gray, the lysine residue in purple, the tyrosine residue in
green, and the substrate 2a in yellow. Partial bonds are depicted in black dashed lines.
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4.6. Computational design procedure

Gibbs free energy
(kcal mol™")

Reaction Progress

Figure 4.10. Energy profile for Michael addition reaction between (E)-4-(4-methoxyphenyl)but-3-en-
2-one (1a) and ethyl cyanoacetate (2a).

Once we have constructed the reaction pathway and identified all the theozymes along with
their corresponding free activation energies (Figure 4.10), the next step is selecting appropriate
scaffolds capable of accommodating these theozymes. In designing an enzyme for a multistep
reaction, it is crucial to account for backbone flexibility due to the conformational changes the
enzyme undergoes during different reaction steps. This flexibility is essential for the enzyme to

accommodate various intermediates and transition states effectively.
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To address this, we selected scaffolds that are not only structurally compatible but also
catalytically relevant. Specifically, we chose to use scaffolds from retro-aldolase enzymes that
contain a catalytic lysine in their active sites. Additionally, we included class I aldolases in our
selection, as these enzymes also contain a catalytic lysine that forms a Schiff base with the substrate
fructose 1,6-bisphosphate. A total of 21 scaffolds were selected from the Protein Data Bank (PDB)
based on their structural and catalytic properties. To account for backbone flexibility, we performed
ensemble refinement on these scaffolds. The ensemble refinement resulted in a set of 1,613

templates to be used for theozyme placement (Supplementary Table 4.1).

The three transition states with the highest free activation energies are TS, TS4, and TSe.

TS, with a barrier of 15.6 kcal mol™, is characterized by the formation of an N—C bond between

lysine and the substrate, coupled with the deprotonation of a tyrosine residue, which subsequently
deprotonates the lysine. TSs, exhibiting the highest barrier at 19.0 kcal mol™!, involves the
protonation of the double bond by tyrosine and the formation of a Schiff base. TSe, with a barrier

of 11.2 keal mol ™!, is characterized by the cleavage of the N— C bond, the deprotonation of tyrosine

by nitrogen of the lysine, and the subsequent deprotonation of the hydroxyl group by the tyrosine.
Given that TS and TSe are catalytically reverse of each other and share structural similarities, with
TSe representing a later stage where ethyl cyanoacetate has already attacked, making it a larger

theozyme, we decided to focus our efforts on stabilizing TS4 and TSe.

After identifying candidate scaffolds and selecting the transition states to be stabilized, the
next step is theozyme placement. During this process, ligand poses are generated from rotamers of
a single catalytic contact, in this case, lysine, followed by testing of tyrosine rotamers to identify

poses that satisfy all necessary contacts. Additionally, ligand poses are generated by allowing rigid
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body rotations of rotatable bonds. Both TS4 and TS¢ contain the catalytic lysine and a tyrosine
residue, although the specific tyrosine differs between these theozymes. We introduced each

transition state individually into each backbone template using triad phoenixMatch.py?!

app as
outlined in the materials and methods section. Once both theozymes were placed onto all backbone
templates, the next task was to identify templates from the same sequence that could accommodate
both transition states in such a way that they maintain similar positions and orientations. Given

that the enzyme is unlikely to undergo major conformational changes, such as significant loop

movements, the templates selected must also exhibit similar loop orientations.

To identify backbone templates capable of accommodating two transition states with
minimal conformational deviation, we employed an in-house matching algorithm specifically
developed for this purpose. This algorithm calculates the distance between the two transition states
within templates derived from a single backbone as well as the backbone root mean square
deviation (RMSD). We then normalized the ligand distances and RMSD values, combining them
into a single score, which was the sum of the normalized ligand distances and backbone RMSD
values (Figure 4.11). We selected motifs with a combined score below 1, which yielded 58 pairs.
Given that each transition state involves a different tyrosine residue, we then added the tyrosine
from TS4 to TS6 motif and vice versa within each template. This additional step further refined

our selection, narrowing down the choices to five pairs.
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Figure 4.11. Schematic of the matching algorithm. Representation of matching algorithm used to identify
backbone templates capable of accommodating TSs and TSs with minimal conformational deviation.
(A) Each theozyme, TS4 (yellow square) and TSe (blue square), is individually placed on all backbone
templates, represented by frames in black, pink and green. For every possible pair of motifs within a
template derived from the same sequence, the distance between two transition states and backbone root
mean square deviation (RMSD) are calculated. These values are normalized and combined into a single
score, representing the sum of the normalized ligand distances and backbone RMSD values. Templates with
a combined score below 1, highlighted in green, are selected for the next step. (B) TS4 (yellow) and TSe
(light blue) are placed on all backbone templates. The catalytic lysine is shown in purple. Tyrosines for TS4
and TS¢ are shown in cyan and dark green, respectively. The yellow arrow indicates a match between TS4
on template 2 and TS on template 3. (C) Overlay of both theozymes placed on two different backbone
templates. Tyrosine 53 is added to TS4 motif and Tyrosine 133 is added to TS motif.
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Following theozyme placement of TS4 and TSe, the next step is to identify sequences
capable of stabilizing both transition states on their respective backbone templates. To achieve this,
we employed a multistate sequence design (MSD) algorithm.?> MSD expands single-state design
(SSD) by optimizing a sequence across multiple target backbone templates. It does so by
calculating an energy combination function that evaluates the overall fitness of a sequence across
multiple backbone structures. Similar to SSD, the energy for each sequence is determined by
summing pairwise rotamer energies and the rotamer/template energies for each backbone. Next, a
fitness score is calculated using an energy combination function and this score is optimized using
a Monte Carlo sequence optimization algorithm to find optimal sequences for stabilizing multiple
backbone templates. We extended the same principle to design sequences that stabilize multiple

transition states on different backbone templates (Figure 4.12).

Single-state Protein Design Multistate Protein Design Multistate Enzyme Design
A A 6 A @
::j ——————— ::j _______ ::j ———————
Sequence A BV c A B cv A BV c

Figure 4.12. Schematic representation of protein and enzyme design strategies. In single-state protein
design, sequences are optimized to stabilize a single backbone conformation (yellow) in this schematic,
sequence B represents the lowest energy. In multistate protein design, sequences are optimized to stabilize
multiple backbone conformations (yellow and blue) Here, sequence C represents the lowest energy
sequence across both conformations. In multistate enzyme design, sequences are optimized to stabilize
multiple chemical (green and pink) and conformational (yellow and blue) states. Here, sequence B
represents the lowest energy for both transition states on two different backbone templates.
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We first performed a single-state design calculation focused solely on stabilizing TS4 as a
control, yielding sequences with the lowest energy of —240 kcal mol™!. Using this energy as
reference, we performed MSD on the five candidate pairs using a combination function that
minimizes the energy difference between TS4 and TSe, while also imposing penalties if the energy
for each state exceeded —200, —220, and —250 kcal mol! in three separate calculations. From 1,000
sequences generated per protocol, only one pair, based on the retro-aldolase RA95.5-8F 1133F

scaffold exhibited favorable energies, which was selected for next step.

Following sequence design, we applied a series of filters aimed at reproducing mechanisms
known to enhance enzyme catalysis. First, we eliminated sequences with an energy more than 100
kcal mol™! above the lowest energy in each calculation. Second, we evaluated active-site
complementarity to TS4 and TSe by calculating the solvent-accessible surface area (SASA) of each
ligand in the computational models generated for 1,000 sequences designed in each protocol. Only
designs where >75% of the TS surface is buried were kept. Finally, we filtered based on the
predicted lysine pKa, keeping only sequences with a pKa below 9. This filtering process narrowed
the original list of 4000 designs down to 12, which we experimentally characterized (Table 4.1).

For the single-state design SSD, these filters were only applied to TS4.
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Table 4.1. Filtering parameters for the 12 experimentally tested designs

Design TSsEnergy  TSe Energy AE #mutations Lys pKaTSs Lys pKaTSs  TSsSASA TSs SASA
MSD_200_163 -203.8 -202.2 1.6 13 8.5 8.3 76.9 79.4
MSD_220_116 -216.2 -216.9 0.7 14 8.55 8.3 76.9 76.3
MSD_220_164 -2153 -216.6 1.2 14 8.5 8.3 77.2 76.6
MSD_220_266 -213.6 -215.9 2.3 14 8.6 8.7 75.0 75.2

MSD_220_33 -219.8 -218.9 0.9 14 8.5 8.3 77.3 76.4
MSD_220_376 -212.2 -214.7 2.5 14 8.6 8.7 75.0 75.9
MSD_250_13 -234.6 -244.3 9.6 14 8.6 8.5 75.0 76.5
SSD_201 -225.9 -234.9 9.0 14 8.6 8.8 75.4 67.8
SSD_370 -220.4 -256.5 36.1 14 8.6 8.6 76.5 75.1
SSD_656 -213.9 -244.9 30.9 14 8.5 8.5 75.5 77.4
SSD_811 -210.1 -232.7 22.5 13 8.6 8.6 75.6 73.7
SSD_897 -207.5 -85.0 122.5 13 8.6 8.7 75.5 69.2

4.7. Results

We next sought to experimentally characterize the designed Michaelases. Genes encoding
the sequences were expressed in E. coli, and the resulting proteins were purified by nickel affinity

chromatography. All twelve designs catalyzed the Michael addition reaction, though their catalytic

efficiencies were lower than the starting scaffold RA95.5-8F used for design (kca®™™? / Km?*PP = 46.5

M s71) (Table 4.2,Figure 4.13). Interestingly, all but one design exhibited lower apparent K

values for the Michael acceptor compared to the starting scaffold, indicating tighter substrate

binding. However, all designs exhibited reduced apparent turnover numbers with the highest &ca*PP

one order of magnitude lower than the starting scaffold (Figure 4.14).
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Figure 4.13. Michaelis-Menten graphs of designed Michaelases. Michael addition reaction between (E)-
4-(4-methoxyphenyl)but-3-en-2-one (1a) and ethyl cyanoacetate (2a) was monitored for each Michaelase
variant. Data fitted at constant concentration of 2a (5 mM) and various concentrations of la.

Table 4.2. Apparent steady-state parameters of Michaelase designs

Enzyme Kw' kmf‘l"" k‘“‘asz’Y:pp

@eM) () M s7)
MSD 200 163 737 0.005 72
MSD 250 13 341 0.0006 1.9
MSD 220 266 537 0.0012 23
MSD 220 376 707 0.002 35
MSD 220 33 1359 0.0036 2.7
MSD 220 116 1068 0.0036 3.4
MSD 220 164 821 0.002 25
SSD 897 655 0.002 3.1
SSD 811 581 0.0008 1.5
SSD 201 724 0.003 38
SSD 370 593 0.0013 22
SSD 656 632 0.0016 25
RA95.5-8F (Template) 1074 0.05 46
RA95.5-8 T53L/K210H (evolved 205 0.05 a4

Michaelase)'’

Reaction conditions: 25 mM Hepes buffer, 100 mM NaCl, pH=7.5, 29 °C, 3% acetonitrile, 2a = 5 mM.
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Figure 4.14. Comparison of kinetic parameters for Michaelase variants. Apparent (A) Michaelis
constant, Km™ values and (B) turnover number, k., for the designed Michaelase variants, the starting
scaffold RA95.5-8F (green), and the evolved variant RA95.5-8 T53L/K210H (purple).

Despite the multistate design (MSD) approach aimed at stabilizing both TS4 and TSe, no
significant differences were observed between the catalytic activities of single-state (SSD) and
multistate designed Michaelases. This was somewhat expected, as the sequences generated by

SSD, while only minimizing the energy of TSa, still retained favourable energies for TSs (Table

4.1).

To explore the origins of the reduced turnover rates in the designed Michaelases, we
modelled other transition states, including the deprotonation of ethyl cyanoacetate (2a), on the
backbone ensembles of the starting scaffold RA95.5-8F, the evolved Michaelase RA95.5-8
T53L/K210H, the most active design MSD 200 163 and the design with the lowest Km*? for 1a,
MSD 250 13. These theozymes were placed on all members of each ensemble using the
phoenixMatch theozyme placement algorithm. A similar matching algorithm, as previously
described, was employed to identify templates that aligned the theozymes in comparable

orientations. The energies of the resulting designs were then calculated to construct an energy
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diagram for each enzyme. For MSD 200 163 and MSD 250 13, we used the ensembles of their
starting scaffolds RA95.5-8F II33F. The evolved Michaelase RA95.5-8 T53L/K210H harbours the
mutation K210H, suggesting that this histidine residue could catalyze the nucleophile
deprotonation. We successfully modelled the deprotonation of 2a with Asp212 on the starting
scaffold RA95.5-8F and His210 on the evolved Michaelase RA95.5-8 T53L/K210H. However,
modelling the deprotonation of 2a on MSD 200 163 and MSD 250 13 using Asp212 resulted in
steric clashes with GIn58. Therefore, we hypothesize that a contributing factor to the lower
turnover rates might be the lack of explicit design of a catalytic residue for the deprotonation of

the nucleophile 2a (Figure 4.15).
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Figure 4.15. Structural models of transition states. Transition states 1-6 and transition state of
deprotonation of ethyl cyanoacetate (2a) is modeled across ensembles of four Michaelase scaffolds.
RA95.5-8F, RA95.5-8 T53L/K210H, MSD 200 13 and MSD 250 13. The catalytic lysine, Lys83, is
conserved in all variants, while the catalytic tyrosine differs. Tyr51 in RA95.5-8F and RA95.5-8
T53L/K210H and Tyrl112 or Tyr133 in MSD 200 13 and MSD 250 13. The deprotonation of 2a is
modeled using Asp212 in RA95.5-8F and His210 in RA95.5-8 TS3L/K210H. However, modeling the
deprotonation step In the designed variants MSD_ 200 13 and MSD 250 13 leads to steric clashes with
GIn58, as highlighted by red squares.
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Furthermore, the energy profiles of steps 1—6 transition state models on these four enzymes
revealed that MSD 200 163 and MSD_ 250 13 exhibit lower energies for TS4 and TSe relative to
the starting scaffold, indicating effective stabilization of these targeted transition states. However,
this stabilization comes at the cost of higher energy barriers for other states, such as TS; and TSs
in MSD 250 13 (Figure 4.16A). We also computed the AE—the energy difference between the
least and most stable transition states. For MSD 200 163 and MSD 250 13, the AE values are
216 and 212 kcal mol ™!, respectively, whereas the higher activity variants, RA95.5-8F and RA95.5-
8 T53L/K210H, display smaller AE values of 94 and 82 kcal mol™!. The imbalance in transition
state stabilization in the designed enzymes may cause the enzyme to get trapped in a less dynamic

conformation, hindering its ability to progress through the catalytic cycle efficiently.

Moreover, we performed 200 ns molecular dynamics (MD) simulations in triplicate to
evaluate the conformational dynamics of these enzymes. The evolved Michaelase exhibited greater
loop distances between two loops located over the active site, with a median loop distance of 27
A, compared to 14 A for MSD 200 163, 17 A for MSD 250 13, and 14 A for RA95.5-8F (Figure
4.16B). This increased loop distance in the evolved variant could facilitate substrate binding and

product release, potentially explaining its superior activity compared to the designed variants.
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Figure 4.16. Energy diagram and loop distances in Michaelase variants. (A) Energy diagram of

different transition state models on the backbone ensembles of RA95.5-8F (green), RA95.5-8 TS3L/K210H

(purple), MSD 200 13 (teal), and MSD 250 13 (light pink). (B) Distribution of loop distances in the MD
trajectories of the four scaffolds, alongside representative structures. The median inter-loop distance is 14

A for RA95.5-8F, 27 A for RA95.5-8 TS3L/K210H, 14 A for MSD 200 163, and 17 A for MSD 250 13.
The loop distances are calculated by measuring the Ca distance between residues 58 and 188.
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Circular dichroism analysis revealed that MSD 200 163 and MSD 250 13 displayed
similar spectra to the starting scaffold RA95.5-8F, suggesting proper folding (Figure 4.17A). The
melting temperature (Tm) of MSD 250 13 was identical to that of RA95.5-8F at 72 °C, indicating
retained thermal stability. In contrast, MSD 200 163 showed a decreased Tm of 56 °C (Figure
4.17B). All kinetic assays were performed at 29 °C, well below the Ty, of both designs, ensuring
their structural integrity was maintained during the experiments. The irregular shapes of the
thermal unfolding graphs may result from protein precipitation during melting, which could be
mitigated by optimizing buffer conditions, such as adjusting pH and ionic strength, to enhance

protein solubility and stability.
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Figure 4.17. Circular dichroism (CD) spectra and thermal melting graphs. (A) CD spectra and
(B) thermal unfolding graphs of the starting scaffold RA95.5-8F, the evolved Michaelase RA95.5-8F
T53L/K210H, MSD 200 163 and MSD_250 13.
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4.8. Discussion

This chapter represents the first application of multistate enzyme design to generate a series
of enzymes capable of catalyzing the Michael addition reaction. All 12 designed enzymes
successfully catalyze the Michael addition reaction, demonstrating the feasibility of the multistate
approach for enzyme design. We did not observe a significant difference between the catalytic
activities of designs obtained by single-state design (SSD) where sequences were optimized to
stabilize only TS4 versus multistate design where sequences were optimized to stabilize both TS4
and TSs, and also minimize their energy difference. We hypothesize that this is because SSD

generated sequences that had favourable energy values for TSe as well.

The experimentally characterized designs were able to lower the apparent Michaelis
constant of the Michael acceptor compared to the starting scaffold RA95.5-8. However, these
enzymes exhibited significantly reduced apparent turnover numbers kc.*PP. This suggests that
multistate enzyme design is able to create novel enzymes with active sites that are able to
productively bind the substrate, but this alone does not guarantee highly efficient catalysis. This
pattern has been observed in other designed and engineered enzymes, where the modest catalytic

efficiencies of these enzymes are mostly due to lower kca values, which are 1—6 orders of

magnitude lower than natural enzymes, and not the Michaelis constants, which fall within the

range of natural enzymes.?>?*

Our investigation into the origins of the diminished turnover rates revealed that the
designed enzymes stabilize TS4 and TSs significantly more than other transition states. While this
targeted stabilization successfully lowered the energy barriers for these steps, it might have

inadvertently destabilized other transition states. This suggests that the designed enzymes might
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get trapped in less dynamic states, hindering the necessary conformational changes for efficient
catalysis. This implies that to design enzymes with higher catalytic efficiencies, the entire catalytic
cycle must be considered during design calculations—including the free enzyme, the substrate-
bound, and the product-bound enzyme, along with transition-state bound states. This can help
prevent the over-stabilization of the substrate or product-bound states, which might otherwise
make these steps rate-limiting. Furthermore, the lack of a catalytic base to deprotonate the
nucleophile ethyl cyanoacetate could result in lower turnovers, as the pKa. of ethyl cyanoacetate is

8.98.

An efficient enzyme must maintain low energy barrier across all reaction steps. We
hypothesized that flattening the energy landscape—reducing the difference in energy between
various reaction steps—would result in higher catalytic efficiency. To test this, we measured AE,
the energy difference between the least and most stable transition state models in different
enzymes. The most active Michaelase, RA95.5-8 T53L/K210H, displayed the lowest AE, followed
by RA95.5-8F, indicating flatter energy profiles. In contrast, the designs MSD 200 163 and
MSD 250 13 exhibited higher AE values, indicating greater energy variation between transition

states, which may account for their lower catalytic efficiencies.

The analysis of loop distances during MD simulations revealed that the evolved Michaelase
RA95.5-8 T53L/K210H has higher loop distances compared to the starting scaffold and designs
MSD 200 163 and MSD 250 13. This increased loop distance could play a role in facilitating
substrate binding and product release. Therefore, it is important to consider enzyme dynamics early
in the design process. The overall rate of enzymatic catalysis involves not just the chemical
transformations modeled by theozymes but also binding of the substrates, release of products and

conformational exchange in between steps. Neglecting these aspects during design can result in
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enzymes that, while structurally compatible with the transition states, are trapped in less active
conformations. This could be addressed by explicitly designing both the open and closed states of

the enzyme.

Another strategy to improve the enzymes is to construct more sophisticated theozymes with
additional residues that not only stabilize the transition states but also interact with and orient the
catalytic residues. While de novo enzymes are typically created using simple theozymes containing
only catalytic residues, directed evolution often leads to the emergence of more complex active
sites. A notable example is the retro-aldolase RA95, which was originally designed with a catalytic
lysine in a hydrophobic environment.> Multiple rounds of directed evolution resulted in the
emergence of a catalytic tetrad with extensive hydrogen bond network.? Using this tetrad to design
retro-aldolases led to designed enzymes with higher catalytic efficiencies than previously designed
retro-aldolases. Therefore, by constructing more sophisticated theozymes with additional

stabilizing interactions, we may be able to create enzymes with greater catalytic efficiency.

Furthermore, de novo enzyme design is an iterative process, often requiring multiple
rounds of optimization to enhance the catalytic efficiency of designs.?” Therefore, a second round
of design where we target other transition states to stabilize, model loop movements between
different states and design open and closed conformations could optimize the activity of the

designs generated in the first round.

203



4.9. Methods

4.9.1. DFT calculations

Quantum mechanical calculations were conducted using density functional theory (DFT)
with the B3LYP functional and the 6-31G(d,p) basis set to locate transition structures. These
structures were confirmed by vibrational frequency analysis to ensure they correspond to transition
states. The solvent effect was modelled using the Polarizable Continuum Model (PCM) with
diethyl ether as the solvent with a dielectric constant of 4.33 to mimic enzyme active site. Critical
functional groups were included in the models: a lysine residue was present in all transition states,
histidine was included in TS to facilitate elimination of water, a tyrosine was incorporated in TS,
TS4, TSs and TSe. Deprotonation of ethyl cyanoacetate was modelled using either an aspartate or
histidine residue. Additionally, Intrinsic Reaction Coordinate (IRC) calculations were performed
to trace the minimum energy pathway connecting the transition state to the reactant and products.
Finally, the geometries of both reactants and products of each step were optimized. All calculations

were carried out using Gaussian16.28

4.9.2. Ensemble refinement

Time-averaged ensembles were generated with phenix.ensemble refinement implemented
in PHENIX v.1.15.2-3472. In ensemble refinement,? local atomic fluctuations are sampled using
molecular dynamics simulations accelerated and restrained by electron density to produce
ensemble models fitted to diffraction data. Briefly, input crystal structures were edited to remove
low-occupancy conformers and assign an occupancy of 1.0 to the remaining conformer. Following
addition of riding hydrogens, parallel ensemble refinement simulations were performed using
various combinations of the parameters prrs (0.6, 0.8, 0.9, 1.0), 1% (0.5, 1.5, 2.0) and Wx-ray (2.5,
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5.0, 10.0), where prrs describes the percentage of atoms included in a translation-libration-screw
(TLS) model use to remove the effects of global disorder, 1y is the simulation time-step and Wx.ray
is the coupled tbath offset, which controls the extent to which the electron density contributes to
the simulation force field such that the simulation runs at a target temperature of 300 K. The
ensemble generated from each crystal structure that displayed the lowest Rgee value was selected

for design and analysis (Supplementary Table 4.1).

4.9.3. Ligand placement

All calculations were performed with the Triad protein design software (Protabit, Pasadena,
CA, USA) using a Monte Carlo with simulated annealing search algorithm for rotamer
optimization. WT lysine in each template was used as the catalytic lysine and tyrosine was allowed
at several positions in the active site (Supplementary Table 4.2). Except for catalytic residues, all
the positions in the active site were mutated to glycine during theozyme placement to avoid steric
clashes with designed catalytic residues. The 2002 Dunbrack backbone-independent rotamer
library® with expansions of + 1 standard deviation around y; and 2 was used to provide side-chain
conformations. A library of TS poses was generated in the active site by targeted ligand
placement®' using the contact geometries listed in Supplementary Table 4.3 for TSs and
Supplementary Table 4.4 for TSs. TS pose energies were calculated using a modified version of
the Phoenix energy function®? consisting of a Lennard- Jones 12—6 van der Waals term from the
Dreiding II force field*® with atomic radii scaled by 0.9, a direction-dependent hydrogen bond term
with a well-depth of 8.0 kcal mol™" and an equilibrium donor-acceptor distance of 2.8 A** and an
electrostatic energy term modelled using Coulomb’s law with a distance-dependent dielectric of

10. During the energy calculation step, each TS—side-chain interaction energies were biased to
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favour interactions that satisfy contact geometries (Supplementary Table 4.5 and Supplementary
Table 4.6) by applying an energy benefit of —100 kcal mol™! as described by Lassila et al.3! A

penalty of 500 kcal/mol was applied to poses that did not satisfy the biases.

4.9.4. Matching

Following ligand placement, all possible combinations of TSs4 and TSe poses generated from
templates with identical sequences were aligned using Pymol,*® and the distances between four
atoms (029, C26, C19 and O39) were calculated and averaged. Additionally, the backbone RMSD
between the two templates was calculated. These values were normalized, and a combined score—
representing the sum of the average ligand distance and backbone RMSD—was computed. Poses
with a combined score <I were retained for the next step. Subsequently, the tyrosine from TS4 was

incorporated into the TS¢ motif, and vice versa. Any motifs with steric clashes were eliminated.

4.9.5. Single-state design

Single state design calculations were performed to stabilize the TS4 bound structures. The identities
and rotamers of catalytic residues were fixed. Residues mutated to Gly in the theozyme placement
step were allowed to sample rotamers of selected amino acids (Supplementary Table 4.9) to form
a mostly hydrophobic active site. Rotamer optimization was carried out using the search algorithm,
rotamer library, and energy function described above. While only the energy of TS4 motif was
stabilized during these calculations, sequences were also optimized on TSe motif. After sequence
design, we calculated energy difference between each designed structure and the structure in the
absence of the TS where all designed residues were converted to Gly. This energy subtraction was

done to allow comparison of transition-state binding energies across the two backbone templates.
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4.9.6. Multistate design

Multistate design calculations were performed for both TS4 and TS motifs using an energy
combination function to determine the overall fitness score for a sequence across both transition
states. The single-state design yielded TS4 energies ranging from —239 kcal mol ! to —203 keal
mol . Therefore, we conducted three sets of multistate design calculations where the combination
function minimizes the energy difference between TS4 and TSe¢ while applying penalties if the
energy of either state exceeds that of the corresponding all-glycine structure by —250, —220 and
—200 kcal mol™!. These calculations were performed using the multi_design.py application with

the Triad software suite.

4.9.7. Analysis and filtering

For each design protocol—single-state design and the three multistate designs—1,000
sequences were generated. To reduce the number of sequences to test experimentally, we discarded
those with energies exceeding 100 kcal mol™! above the lowest energy in each calculation.
Additionally, the catalytic lysine pK, for both TS4 and TS was using propka3,*® and sequences
with a predicted lysine pKa greater than 9 were eliminated. Finally, the solvent-accessible surface

135

area (SASA) of TS4 and TS¢ was calculated using Pymol°>, and only sequences where >75% of

the TS surface is buried were retained.

4.9.8. Protein expression and purification

Codon-optimized and his-tagged (C-terminus) genes for Michaelase designs
(Supplementary Table 4.7) cloned into the pET-29b(+) vector via Ndel and Xhol were obtained

from Twist Bioscience. Enzymes were expressed in E. coli BL21-Gold (DE3) cells (Agilent) using
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lysogeny broth (LB) supplemented with 100 pg mL™! kanamycin. Cultures were grown at 37 °C
with shaking to an optical density at 600 nm of 0.3—0.7, and protein expression was initiated with
1 mM isopropyl-B-D—1-thiogalactopyranoside. Following incubation at 16 °C for 16 h with
shaking (250 rpm), cells were harvested by centrifugation, resuspended in 8 mL of lysis buffer (5
mM imidazole in 100 mM potassium phosphate buffer pH 8.0) supplemented with 1.25 g mL~! of
lyophilized lysozyme and 1 U mL! of benzonase nuclease (Merck Millipore), and lysed with an
EmulsiFlex-B15 cell disruptor (Avestin). Proteins were purified by immobilized metal affinity
chromatography using Ni-NTA agarose (Qiagen) pre-equilibrated with lysis buffer in individual
Econo-Pac gravity-flow columns (Bio-Rad). Columns were washed twice, first with 10 mM
imidazole in 100 mM potassium phosphate buffer (pH 8.0), and then with the same buffer
containing 20 mM imidazole. Bound proteins were eluted with 250 mM imidazole in 100 mM
potassium phosphate buffer (pH 8.0) and exchanged into 100 mM sodium phosphate buffer (pH
7.0) supplemented with 100 mM sodium chloride using Econo-Pac 10DG desalting prepacked
gravity-flow columns (Bio-Rad). Purified samples were quantified by measuring the absorbance
at 280 nm and applying Beer—Lambert’s law using calculated extinction coefficients obtained from

the ExPAsy ProtParam tool (https://web.expasy.org/protparam).

4.9.9. Steady-state Kinetics

All assays were carried out at 29 °C in 25 mM Hepes buffer (pH 7.5) supplemented with
100 mM sodium chloride. Michael addition reaction between (E)-4-(4-methoxyphenyl)but-3-en-
2-one (1a) and ethyl cyanoacetate (2a) was monitored spectroscopically at 370 nm (Ae = 1858.5
M ! cm™) using a SpectraMax384Plus plate reader (Molecular Devices). 200-pL reactions were
performed in triplicate using varying concentrations of freshly prepared 1a (A2B Chem) dissolved

in acetonitrile (3% final concentrations) and 5 mM 2a (A2B Chem). Reactions were initiated by

208


https://web.expasy.org/protparam

the addition of 2a to the mixture of 2—4 uM enzyme and 1a. Linear phases of the kinetic traces
were used to measure initial reaction rates. Steady-state kinetic parameters were derived by fitting

the experimental data to the Michaelis-Menten equation vo/[Eo]= kcat . [S]/(Km + [S]).

4.9.10. Circular dichroism and thermal denaturation assays

Circular dichroism measurements were performed with a Jasco J-815 spectrometer using
650-puL aliquots of each Michaelase in a 1-mm path-length quartz cuvette (Jasco) at a concentration
of 10 uM in 20 mM sodium phosphate buffer (pH 7). For structural characterization of protein
folds, circular dichroism spectra were acquired from 200 to 250 nm, sampled every 0.2 nm at a
rate of 10nm min~!. Five scans were acquired and averaged for each sample. For thermal
denaturation assays, samples were heated at a rate of 0.5 °C per minute, and ellipticity at 222 nm
was measured every 0.2 °C. T, values were determined by fitting a 2-term sigmoid function with
baseline correction using nonlinear least-squares regression®’. Thermal unfolding measurements

were performed as a single replicate.

4.9.11. Molecular dynamics

The Amber 2020 software (http://ambermd.org/) with the ff19SB protein force field,®

gaff2 ligand force field,** and OPC water force field*® was used for all MD simulations. Long-
range (> 10 A) electrostatics were modeled using the particle mesh Ewald method.*' All MD
trajectories were run in triplicate and with a time step of 2 fs. Hydrogen atoms were added using
Reduce*?, and the prepared structure was solvated with OPC water in a truncated octahedral box
with periodic boundary conditions where the distance between the protein surface and the box
edges was set to 10 A. The addions2 algorithm in amber was used to place counterions to neutralize

the system. The system was first minimized through the method of steepest descent using a force
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constant of 1000 kcal mol™' A2 The system was heated to a temperature of 300 K for 240 ps,
followed by equilibration under an NPT ensemble at 300 K and 1 bar for 10 ns and subsequently
equilibration under an NVT ensemble at 300 K for another 10 ns. Constant temperature and
pressure were achieved using the Nose-Hoover thermostat*® and Berendsen barostat®*,
respectively. After removing positional restraints on protein heavy atoms imposed for heating and
equilibration, a 200 ns production run was performed under Parrinello-Rahman pressure

coupling.*®
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4.10. Supplementary information

Supplementary Table 4.1. Ensemble refinement of template scaffolds used in design of Michaelases

PDB_ID Start Rf/Rw Final Rf/Rw No. of templates

1AS3 0.159/0.212 0.138/0.109 98
1EUA 0.243/0.201 0.228/0.157 63
1F7B 0.210/0.167 0.162/0.120 56
1HL2 0.210/0.183 0.178/0.139 56
1cj 0.168/0.142 0.162/0.141 100
1JCL 0.169/0.143 0.158/0.138 167
1P1X None 0.154/0.141 100
1VHC 0.256/0.219 0.209/0.170 42
1W3I 0.211/0.176 0.178/0.140 63
3TC6 0.198/0.179 0.189/0.138 42
306Y 0.291/0.233 0.252/0.182 42
3TC7 0.193/0.158 0.167/0.135 42
3UD6 0.258/0.227 0.208/0.153 42
4A2R 0.165/0.138 0.169/0.144 72
4A2S 0.162/0.132 0.179/0.151 72
4LNY 0.222/0.191 0.231/0.158 56
40U1 0.203/0.175 0.198/0.171 84
SEKY 0.144/0.121 0.140/0.125 100
SEL1 0.144/0.117 0.139/0.118 100
6TFA 0.279/0.229 0.273/0.188 50
6TF8 (Chain B) 0.247/0.200 0.222/0.154 72
6TF8 (Chain C) 0.247/0.200 0.222/0.154 72
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Supplementary Table 4.2. Lysine positions and tyrosine candidate positions in each template scaffold

PDB_ID Lysine position Tyrosine candidates

1A53 83 51,53,110,112,133,159,180,210
IEUA 133 20,45,47,73,94,135,161

1F7B 164 43,137,167,187,188,206

IHL2 165 43,137,167,187,188,206

1cI 167 18,20,47,73,102,139,201,236
CL 167 18,20,47,73,102,139,201,236
IP1X 167 18,20,47,73,102,139,201,236
1VHC 133 20,45,47,73,94,135,161

1W3I 155 43,130,132,157,179,196

3TC6 81 51,108,159,180,210,231,233
306Y 159 51,81,108,180,210,231,233
3TC7 210 51,110,133,159,180,210
3UD6 159 51,81,108,180,210,231,233
4A2R 83 51,53,110,112,133,159,180,210
4A28 83 51,53,110,112,133,159,180,210
4LNY 210 51,110,133,159,180

40Ul 210 51,110,133,159,180

SEKY 167 18,20,47,73,102,139,201,236
SEL1 167 18,20,47,73,102,139,201,236
6TFA 83 51,53,110,112,133,159,180,210
6TF8 (Chain B) 83 51,53,110,112,133,159,180,210
6TF8 (Chain C) 83 51,53,110,112,133,159,180,210
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Supplementary Table 4.3. Geometric definitions for generation of TS4 poses off the lysine side chain

Contact  Symbol Type Atom 1* Atom 2° Atom 3*° Atom 4° Values”
Lys d Distance Nz C10 1.11.315
01 Angle CE Nz C10 121 126 131
02 Angle Nz C10 C11 117 122 127
X Torsion CD CE NZ C10 060 120 180 240 300
X, Torsion CE Nz C10 C11 15?71551581)6;)81561591)70
% Torsion Nz C10 C11 C17 8131823283338

* Atoms in bold are from the transition state. All other atoms are from the catalytic residues.
® Distance measurements given in A all others in degrees.

Tyr

213



Supplementary Table 4.4. Geometric definitions for generation of TSe poses off the lysine side chain

Contact  Symbol Type Atom 1* Atom 2° Atom 3*° Atom 4° Values”
Lys [[1 Distance NZ C10 141618
01 Angle CE NZ C10 117 122 127
02 Angle NZ C10 C11 105 110 115
X Torsion CD CE NZ C10 060 120 180 240 300
X, Torsion CE Nz C10 C11 283 288 293 298 303
% Torsion NZ C10 C11 C17 266 271 276 281 286

* Atoms in bold are from the transition state. All other atoms are from the catalytic residues.
® Distance measurements given in A all others in degrees.

Tyr

O--H. TS6
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Supplementary Table 4.5. Geometric constraints used to define TS4 catalytic contacts

Contact Symbol Type Atom 1° Atom 2° Atom 3 Atom 4 Min®  Max*
Lys d Distance NZ C10 L1 L5
9| Angle CE NZ C10 100 140
92 Angle NZ C10 Cl1 100 140
Tyr Distance OH Ho4 0.9 2.0
Angle OH Ho4 C11 150 180
Torsion OH Ho4 C11 C10 =30 30

* Atoms in bold are from the transition state. All other atoms are from the catalytic residues.
® Distance measurements given in A all others in degrees.

Tyr
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Supplementary Table 4.6. Geometric constraints used to define TS catalytic contacts

Contact Symbol Type Atom 1° Atom 2° Atom 3 Atom 4 Min®  Max*
Lys d Distance NZ C10 1.4 2.0
9| Angle CE NZ C10 100 140
92 Angle NZ C10 C11 90 130
Tyr Distance OH H65 0.9 2.5
Angle OH He65 064 150 180
Torsion OH He65 064 C10 0 60

* Atoms in bold are from the transition state. All other atoms are from the catalytic residues.
® Distance measurements given in A all others in degrees.

Tyr
O--H,
‘ d . H
’ > |
H-+-5- O—/,-----% N

TSé
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Supplementary Table 4.7. Amino-acid sequences of Michaelase designs

Enzyme

Sequence

MSD 220 116

MSD_220 33

MSD 220 164

MSD_220 266

MSD 220 376

MSD_250 13

SSD_201

SSD_811

SSD_656

SSD 370

SSD_897

MSD_200_163

MPRYLKGQLEDVVQLSLRRPSVHASRQRPIISLNERILEFNKRNITAITALYARKGPNGLDVERDPIEYAKYMEPYAVGLS
IKTEEKYNDGSYEMLRKIASSVSIPILMQDYIVKESQIDDAYNLGADTVNLYVEILTERELESLLEYARGYGMEPLININD
ENDLDIALRIGARFITIFSVNFETGEINKENQRKLISMIPSNVVKVPWLDFFEPNEIEELRKLGVNAFMISSSLMRNPEKI
KELIEGSLEHHHHHH

MPRYLKGMLEDVVQLSLRRPSVHASRQRPIISLNERILEFNKRNITAITALYARKGPNGLDVERDPIEYAKYMEPYAVGLS
IKTEEKYNDGSYEMLRKIASSVSIPILMQDYIVKESQIDDAYNLGADTVNLYVEILTERELESLLEYARGYGMEPLIQIND
ENDLDIALRIGARFITIFSVNFETGEINKENQRKLISMIPSNVVKVPWLDFFEPNEIEELRKLGVNAFMISSSLMRNPEKI
KELIEGSLEHHHHHH

MPRYLKGHLEDVVQLSLRRPSVHASRQRPIISLNERILEFNKRNITAITALYARKGPNGLDVERDPIEYAKYMEPYAVGLS
IKTEEKYNDGSYEMLRKIASSVSIPILMQDYIVKESQIDDAYNLGADTVNLYVEILTERELESLLEYARGYGMEPLININD
ENDLDIALRIGARFITIFSVNFETGEINKENQRKLISMIPSNVVKVPWLDFFEPNEIEELRKLGVNAFMISSSLMRNPEKI
KELIEGSLEHHHHHH

MPRYLKGMLEDVVQLSLRRPSVHASRQRPIISLNERILEFNKRNITAITAQYARKGPNGLDVERDPIEYAKYMEPYAVGLS
IKTEEKYNDGSYEMLRKIASSVSIPILMMDYIVKESQIDDAYNLGADTVNLYVEILTERELESLLEYARGYGMEPLIQIND
ENDLDIALRIGARFITIFSVNFETGEINKENQRKLISMIPSNVVKVPWLDFFEPNEIEELRKLGVNAFMISSSLMRNPEKI
KELIEGSLEHHHHHH

MPRYLKGMLEDVVQLSLRRPSVHASRQRPIISLNERILEFNKRNITAITAHYARKGPNGLDVERDPIEYAKYMEPYAVGLS
IKTEEKYNDGSYEMLRKIASSVSIPILMMDYIVKESQIDDAYNLGADTVNLYVEILTERELESLLEYARGYGMEPLIQIND
ENDLDIALRIGARFITIFSVNFETGEINKENQRKLISMIPSNVVKVPWLDFFEPNEIEELRKLGVNAFMISSSLMRNPEKI
KELIEGSLEHHHHHH

MPRYLKGMLEDVVQLSLRRPSVHASRQRPIISLNERILEFNKRNITAITIALYARKGPNGLDVERDPIEYAKYMEPYAVGLS
IKTEEKYNDGSYEMLRKIASSVSIPILMQDYIVKESQIDDAYNLGADTVALYVEILTERELESLLEYARGYGMEPLIIIND
ENDLDIALRIGARFITIFSINFETGEINKENQRKLISMIPSNVVKVPMLDFFEPNEIEELRKLGVNAFMISSSLMRNPEKI
KELIEGSLEHHHHHH

MPRYLKGMLEDVVQLSLRRPSVHASRQRPIISLNERILEFNKRNITAIIAMYARKGPVGLDVERDPIEYAKYMEPYAVGLS
IKTEEKYNDGSYEMLRKIASSVSIPILMMDYIVKESQIDDAYNLGADTVALYVEILTERELESLLEYARGYGMEPLIIIND
ENDLDIALRIGARFITIFSINFETGEINKENQRKLISMIPSNVVKVPMLDFFEPNEIEELRKLGVNAFMISSSLMRNPEKI
KELIEGSLEHHHHHH

MPRYLKGHLEDVVQLSLRRPSVHASRQRPIISLNERILEFNKRNITAITALYARKGPVGLDVERDPIEYAKYMEPYAVGLS
IKTEEKYNDGSYEMLRKIASSVSIPILMQDYIVKESQIDDAYNLGADTVALYVEILTERELESLLEYARGYGMEPLIIIND
ENDLDIALRIGARFITIFSONFETGEINKENQRKLISMIPSNVVKVPLLDFFEPNEIEELRKLGVNAFMISSSLMRNPEKI
KELIEGSLEHHHHHH

MPRYLKGMLEDVVQLSLRRPSVHASRQRPIISLNERILEFNKRNITAITALYARKGPLGLDVERDPIEYAKYMEPYAVGLS
IKTEEKYNDGSYEMLRKIASSVSIPILMQDYIVKESQIDDAYNLGADTVALYVEILTERELESLLEYARGYGMEPLIIIND
ENDLDIALRIGARFITIFSINFETGEINKENQRKLISMIPSNVVKVPMLDFFEPNEIEELRKLGVNAFMISSSLMRNPEKI
KELIEGSLEHHHHHH

MPRYLKGQLEDVVQLSLRRPSVHASRQRPIISLNERILEFNKRNITAITALYARKGPNGLDVERDPIEYAKYMEPYAVGLS
IKTEEKYNDGSYEMLRKIASSVSIPILMQDYIVKESQIDDAYNLGADTVALYVEILTERELESLLEYARGYGMEPLIIIND
ENDLDIALRIGARFITIHSVNFETGEINKENQRKLISMIPSNVVKVPWLDFFEPNEIEELRKLGVNAFMISSSLMRNPEKI
KELIEGSLEHHHHHH

MPRYLKGMLEDVVQLSLRRPSVHASRQRPIISLNERILEFNKRNITAITIAMYARKGPIGLDVERDPIEYAKYMEPYAVGLS
IKTEEKYNDGSYEMLRKIASSVSIPILMMDYIVKESQIDDAYNLGADTVNLYVEILTERELESLLEYARGYGMEPLIQIND
ENDLDIALRIGARFITIYSINFETGEINKENQRKLISMIPSNVVKVPMLDFFEPNEIEELRKLGVNAFMISSSLMRNPEKI
KELIEGSLEHHHHHH

MPRYLKGQLEDVVQLSLRRPSVHASRQRPIISLNERILEFNKRNITAITIALYARKGPQGLDVERDPIEYAKYMEPYAVGLS
IKTEEKYNDGSYEMLRKIASSVSIPILMQDYIVKESQIDDAYNLGADTVNLYVEILTERELESLLEYARGYGMEPLIQIND
ENDLDIALRIGARFITIYSVNFETGEINKENQRKLISMIPSNVVKVPWLDFFEPNEIEELRKLGVNAFMISSSLMRNPEKI
KELIEGSLEHHHHHH
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Supplementary Table 4.8. DNA sequences of Michaelase designs

Enzyme

Sequence

MSD 220 116

MSD_220 33

MSD 220 164

MSD_220 266

MSD 220 376

MSD_250 13

CCGCGCTATCTGAAGGGGCAGCTGGAAGACGTTGTGCAATTATCACTGCGCCGCCCGAGTGTCCATGCGTCTCGTCAGCGG
CCTATAATCTCACTTAACGAGCGGATACTGGAGTTCAATAAGCGGAACATCACGGCTATTATCGCGCTGTACGCCCGAAAG
GGCCCTAACGGTTTAGACGTTGAACGCGACCCCATCGAGTACGCAAAATACATGGAGCCTTATGCGGTGGGGCTTTCCATC
AAAACTGAGGAAAAGTATAATGACGGCAGCTACGAGATGTTGCGAAAGATCGCGTCATCAGTTAGCATTCCAATATTGATG
CAAGACTATATAGTCAAGGAGTCTCAGATCGATGATGCCTACAACCTTGGGGCTGATACCGTGAACTTATACGTAGAGATC
CTGACAGAGCGTGAGCTGGAGTCCCTGTTAGAGTACGCGCGTGGGTACGGTATGGAGCCTTTAATCAACATCAATGATGAG
AACGACCTTGACATTGCACTTCGGATTGGCGCCAGATTTATCACTATCTTTAGCGTGAATTTCGAGACAGGAGAGATAAAC
AAGGAGAACCAACGGAAGTTAATTTCAATGATCCCAAGCAATGTAGTCAAGGTGCCGTGGTTAGATTTCTTTGAGCCGAAC
GAAATCGAAGAGTTACGTAAGCTCGGCGTTAACGCCTTTATGATCAGCAGCTCACTGATGAGAAACCCAGAGAAGATTAAA
GAGTTAATAGAAGGGTCGCTTGAGCATCACCATCACCACCACTGA

CCTAGATACTTAAAGGGTATGTTAGAGGATGTAGTTCAGCTTTCCTTACGTCGCCCGTCAGTGCATGCCTCTCGTCAACGT
CCGATCATCAGCTTGAACGAGCGAATTCTCGAATTCAACAAGCGGAACATCACGGCAATTATTGCCTTATATGCGAGAAAG
GGTCCGAACGGCCTGGACGTCGAGCGTGACCCCATAGAATACGCGAAATATATGGAGCCTTACGCCGTTGGACTGTCAATT
AAGACCGAGGAAAAGTACAATGACGGCAGTTACGAGATGTTACGGAAGATAGCCTCAAGTGTTAGCATCCCGATATTAATG
CAAGACTACATCGTCAAGGAAAGTCAGATTGACGACGCGTATAATTTGGGTGCTGATACAGTCAACTTGTACGTTGAGATC
CTGACCGAAAGAGAGTTAGAAAGCCTTCTCGAATACGCACGCGGTTACGGGATGGAACCATTGATACAGATCAACGACGAA
AACGACCTTGACATAGCACTGAGAATTGGTGCCCGATTTATCACAATCTTTAGCGTTAATTTTGAAACCGGAGAGATTAAC
AAGGAAAATCAGCGAAAACTTATCTCTATGATCCCGTCTAACGTGGTTAAAGTCCCGTGGTTGGATTTCTTTGAGCCGAAC
GAAATTGAGGAACTCAGAAAGCTTGGAGTGAATGCGTTCATGATTTCCAGCAGCTTGATGCGAAACCCCGAAAAGATCAAA
GAACTGATAGAGGGGAGTTTAGAGCATCACCACCATCACCATTAA

CCGCGCTATCTGAAGGGGCATTTAGAGGATGTTGTGCAGTTGTCTCTGAGACGTCCATCAGTCCACGCTAGCCGACAGCGA
CCTATTATTAGTTTAAATGAGCGCATTTTAGAATTCAACAAACGTAACATAACGGCAATTATTGCTTTATATGCCCGTAAG
GGCCCGAACGGGTTGGATGTCGAGCGGGACCCTATCGAGTATGCGAAGTACATGGAGCCTTACGCAGTTGGGCTTTCGATT
AAAACGGAAGAGAAGTACAACGACGGCTCCTACGAGATGTTACGCAAGATTGCATCTAGCGTATCAATCCCGATTTTGATG
CAGGACTACATCGTAAAAGAGTCTCAAATCGATGATGCATACAACCTGGGCGCAGACACAGTCAACTTATACGTTGAAATA
TTGACAGAGAGAGAGTTGGAAAGTCTTTTAGAGTACGCACGTGGCTATGGCATGGAGCCCCTCATTAACATTAACGACGAG
AATGACCTTGATATCGCCCTCAGAATTGGAGCTCGTTTCATCACTATCTTCAGTGTGAATTTCGAAACCGGAGAGATCAAC
AAGGAGAATCAAAGAAAATTAATTTCAATGATCCCCTCTAACGTTGTTAAGGTACCTTGGCTCGACTTCTTTGAGCCAAAT
GAGATCGAAGAGCTCCGCAAGCTGGGAGTAAATGCGTTCATGATCAGCTCAAGCTTAATGCGGAACCCTGAGAAGATTAAA
GAGTTGATCGAAGGAAGTCTTGAACACCATCATCACCACCATTGA

CCGCGGTACCTTAAAGGCATGTTAGAGGATGTGGTGCAATTGAGTCTGCGACGCCCGTCAGTACACGCGTCTAGACAACGC
CCCATAATCAGTTTAAATGAGCGCATTTTAGAATTCAATAAGCGGAACATCACCGCAATTATAGCGCAATACGCTAGAAAG
GGTCCGAACGGGCTCGACGTTGAGAGAGACCCTATTGAGTACGCTAAGTACATGGAGCCGTATGCGGTGGGATTGTCAATC
AAGACCGAAGAAAAGTACAATGATGGCAGCTACGAGATGCTTCGCAAAATCGCCAGCTCAGTGAGCATTCCAATCTTAATG
ATGGACTACATTGTAAAGGAGTCGCAGATTGATGATGCTTACAACTTAGGGGCGGACACAGTTAATTTGTACGTGGAGATC
CTGACTGAACGCGAGTTAGAATCGCTTCTGGAGTACGCCAGAGGTTACGGCATGGAGCCACTGATCCAGATCAATGACGAG
AACGACCTGGATATCGCGTTACGCATCGGTGCTCGGTTCATCACCATATTTTCTGTAAACTTTGAGACTGGTGAGATTAAC
AAAGAGAACCAACGTAAGCTGATCTCTATGATTCCTTCTAATGTCGTTAAGGTCCCGTGGCTGGATTTCTTTGAGCCAAAC
GAGATTGAAGAGCTTCGAAAGCTTGGTGTCAATGCTTTTATGATATCTTCAAGTCTTATGCGTAATCCCGAGAAGATCAAA
GAGTTGATAGAGGGGTCACTGGAGCATCACCACCACCACCACTGA

CCACGTTATCTTAAGGGCATGCTGGAAGACGTCGTTCAATTATCTTTACGGCGGCCGTCTGTGCACGCCTCGCGACAACGT
CCTATAATTTCACTCAACGAGCGTATCCTTGAGTTTAACAAACGGAATATCACGGCTATCATTGCGCACTACGCCCGTAAG
GGCCCGAACGGACTCGACGTGGAGCGTGATCCTATCGAGTATGCTAAATACATGGAGCCATACGCAGTTGGACTGTCAATC
AAGACTGAGGAGAAGTATAACGATGGGAGCTACGAAATGTTACGTAAGATCGCGTCTAGTGTGAGCATTCCTATTTTGATG
ATGGACTATATCGTCAAGGAATCACAAATAGACGATGCCTACAACTTAGGCGCTGACACGGTTAATTTATACGTGGAGATA
TTGACGGAGCGCGAACTGGAAAGTTTGCTTGAATATGCTCGTGGTTATGGAATGGAACCTCTTATACAAATTAACGACGAA
AACGACCTGGACATAGCCCTCAGAATCGGGGCCCGATTCATCACAATATTTAGCGTCAATTTTGAGACAGGGGAGATTAAC
AAGGAAAACCAGCGTAAGCTGATAAGTATGATACCTTCAAACGTTGTGAAGGTTCCCTGGCTCGATTTCTTCGAACCAAAT
GAGATTGAGGAGCTTAGAAAATTAGGGGTTAACGCGTTCATGATCTCGTCATCACTTATGCGCAACCCGGAAAAGATTAAA
GAGCTGATCGAGGGTTCTCTTGAGCACCACCACCATCACCACTGA

CCTCGGTATCTTAAGGGTATGTTAGAGGACGTCGTTCAATTAAGCTTGCGACGGCCAAGCGTTCATGCATCTCGTCAGCGG
CCAATCATCAGTCTGAATGAGCGGATCCTTGAGTTCAACAAGCGCAACATAACGGCTATCATTGCGCTTTATGCCCGTAAG
GGCCCCAACGGCTTAGACGTAGAGCGTGATCCCATTGAGTATGCTAAGTACATGGAGCCTTATGCAGTCGGTCTCAGTATT
AAAACTGAGGAAAAGTACAATGATGGTAGTTATGAAATGCTTCGCAAGATTGCGTCCAGTGTGTCCATCCCTATATTAATG
CAAGACTACATAGTCAAGGAGAGCCAAATTGACGACGCCTACAACCTGGGCGCAGATACTGTTGCCCTTTATGTGGAGATC
CTGACAGAAAGAGAGCTTGAGTCATTATTAGAGTACGCACGCGGGTACGGAATGGAACCGCTTATCATCATTAATGATGAG
AATGACTTGGATATTGCTCTCCGGATCGGTGCACGCTTCATAACCATATTCTCTATCAACTTCGAGACCGGTGAGATAAAC
AAGGAAAACCAACGCAAACTGATCAGCATGATTCCCAGTAACGTGGTTAAGGTACCCATGCTCGACTTCTTTGAGCCGAAC
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SSD 201

SSD_811

SSD_656

SSD 370

SSD_897

MSD_200_163

GAAATAGAGGAGTTGCGTAAGTTAGGCGTTAACGCTTTTATGATAAGCTCATCCCTTATGCGCAACCCGGAGAAAATCAAA
GAACTTATAGAAGGTTCCTTAGAACACCATCACCACCATCATTAA

CCTCGATACTTGAAGGGTATGTTAGAGGACGTCGTACAACTTAGTCTCCGCCGTCCAAGTGTACACGCCAGCCGCCAACGT
CCGATCATTTCTCTCAACGAGCGAATACTCGAATTCAACAAGAGAAACATCACTGCAATTATTGCTATGTATGCTCGGAAG
GGCCCAGTGGGATTAGACGTCGAGAGAGATCCGATAGAGTACGCAAAGTACATGGAGCCCTACGCCGTCGGCTTGTCTATA
AAGACCGAGGAAAAGTATAACGACGGATCTTATGAGATGTTGCGCAAGATCGCCAGCTCCGTGAGCATTCCAATCCTGATG
ATGGACTACATCGTAAAGGAATCGCAAATTGACGATGCCTACAATTTGGGCGCGGACACGGTTGCGTTGTACGTGGAGATT
CTTACTGAGAGAGAACTGGAGAGCCTGTTAGAGTACGCAAGAGGGTACGGCATGGAACCTCTGATCATCATTAATGACGAG
AATGATTTAGACATCGCACTTCGAATTGGAGCACGATTTATTACAATATTCTCTATAAACTTTGAGACCGGCGAAATCAAC
AAGGAGAACCAGCGAAAGCTGATATCCATGATCCCCTCTAATGTTGTTAAGGTACCGATGCTGGACTTCTTCGAGCCAAAC
GAGATCGAGGAACTTCGGAAGCTCGGTGTGAACGCATTCATGATAAGCAGTTCACTGATGCGGAACCCTGAGAAGATCAAG
GAGCTGATAGAAGGTAGTTTAGAACATCACCATCATCATCACTGA

CCCCGCTATTTGAAGGGTCACCTTGAAGACGTTGTCCAATTGTCCCTTCGTCGTCCGTCTGTGCATGCTTCCCGTCAGAGA
CCAATTATTTCTCTGAATGAACGTATCTTAGAATTCAACAAGCGTAACATCACCGCGATCATAGCTCTTTACGCGCGAAAG
GGGCCGGTTGGGCTGGACGTCGAGCGAGACCCAATTGAATATGCGAAATACATGGAGCCGTACGCAGTCGGTCTTTCCATT
AAGACCGAAGAGAAATACAATGATGGCTCGTACGAAATGTTGCGGAAGATAGCATCCTCTGTTAGCATCCCCATTCTCATG
CAAGACTATATAGTCAAGGAGAGTCAAATCGACGACGCTTACAACTTAGGGGCTGACACCGTGGCGTTATATGTAGAAATC
TTGACGGAGAGAGAATTGGAGAGCCTGTTAGAGTACGCGCGTGGATACGGAATGGAACCCTTGATCATTATCAACGACGAA
AACGACCTGGACATTGCTTTGCGCATTGGCGCTAGATTCATCACGATATTTAGCCAGAACTTCGAGACCGGAGAGATCAAC
AAAGAAAATCAACGCAAGCTGATCAGCATGATCCCGTCAAACGTTGTCAAGGTCCCGCTGCTGGACTTCTTCGAGCCCAAT
GAGATCGAGGAGCTTCGCAAGCTTGGGGTGAATGCTTTCATGATTAGCAGTTCGCTTATGAGAAACCCCGAAAAGATCAAG
GAGTTGATCGAGGGTTCATTGGAGCATCACCATCATCATCATTAA

CCCCGTTACCTTAAGGGCATGTTAGAAGACGTGGTACAGCTGAGTTTACGCCGGCCATCTGTTCACGCAAGTCGCCAACGA
CCGATAATCTCCCTGAATGAGAGAATCTTGGAATTCAATAAGCGGAATATCACCGCGATTATAGCGCTGTATGCACGCAAG
GGACCTTTAGGCTTAGACGTAGAACGTGATCCGATTGAATACGCGAAGTATATGGAGCCTTACGCGGTCGGGCTTAGTATT
AAGACGGAAGAGAAATACAACGATGGCTCCTACGAGATGCTTCGGAAGATCGCGAGTTCTGTGTCTATACCTATTCTCATG
CAAGATTACATAGTAAAGGAATCCCAAATAGATGACGCTTACAACCTTGGAGCTGATACCGTTGCCCTCTACGTCGAGATT
TTGACTGAAAGAGAATTAGAGAGTTTGTTAGAGTACGCGCGAGGATATGGCATGGAGCCATTAATTATCATCAACGACGAG
AATGACCTGGACATAGCGTTGAGAATCGGCGCGCGCTTTATTACAATATTCTCAATTAACTTCGAGACTGGCGAAATTAAC
AAGGAAAACCAGCGGAAACTCATATCCATGATACCTTCCAACGTCGTCAAGGTACCGATGCTTGACTTCTTCGAACCGAAC
GAGATCGAAGAGCTGCGGAAGTTAGGAGTCAACGCTTTCATGATTTCGTCCAGCCTTATGCGGAATCCGGAGAAAATAAAA
GAGCTTATAGAGGGATCTCTGGAGCATCATCACCACCACCACTAA

CCAAGATACCTGAAAGGCCAGCTCGAAGACGTGGTCCAACTGTCCCTTCGCCGCCCTTCCGTGCACGCGAGCCGCCAGCGG
CCGATAATTTCATTAAATGAGCGCATCCTGGAGTTTAACAAGCGTAACATCACCGCGATTATAGCTTTGTATGCGCGCAAG
GGCCCGAACGGTTTAGACGTCGAGCGCGACCCTATCGAATATGCAAAGTACATGGAACCGTACGCAGTGGGACTGTCAATT
AAGACCGAAGAGAAGTATAATGACGGCTCTTATGAGATGTTACGCAAGATTGCTTCCAGCGTGAGTATCCCAATTTTAATG
CAAGATTACATTGTGAAGGAGAGTCAAATAGATGATGCCTACAATCTTGGCGCCGACACCGTAGCGCTGTACGTCGAAATT
CTTACTGAACGGGAGTTGGAGAGTCTGCTCGAATATGCACGCGGGTATGGTATGGAGCCACTCATTATTATTAACGATGAG
AATGATCTTGACATAGCATTGCGGATCGGCGCTAGATTTATCACTATCCATAGCGTCAACTTCGAGACGGGCGAGATTAAT
AAAGAGAATCAACGCAAGCTTATCTCTATGATACCATCAAATGTGGTGAAGGTGCCTTGGTTGGACTTCTTCGAGCCTAAC
GAAATCGAAGAGTTGCGTAAGTTAGGCGTGAATGCATTCATGATTAGTTCTTCCTTAATGCGTAACCCAGAAAAGATCAAG
GAGTTAATCGAGGGCTCCCTGGAACACCACCATCACCATCACTGA

CCCCGATACCTTAAGGGAATGTTGGAAGATGTAGTACAGCTCAGTTTGCGTAGACCGTCGGTACACGCGAGTCGACAGCGC
CCGATTATCAGCCTGAACGAGAGAATCCTGGAGTTCAATAAGCGGAATATAACTGCGATTATAGCGATGTACGCTCGCAAG
GGGCCGATCGGCCTTGATGTCGAACGCGACCCCATAGAATACGCGAAGTACATGGAACCGTATGCTGTAGGGTTATCCATC
AAGACAGAGGAAAAGTACAATGATGGCTCTTACGAGATGCTGCGGAAGATAGCCAGCTCAGTCTCTATTCCAATCCTGATG
ATGGACTACATTGTAAAGGAGTCACAAATTGATGACGCCTACAATTTAGGTGCAGATACTGTAAATCTGTACGTGGAAATC
CTGACAGAAAGAGAGTTGGAGTCACTTCTGGAGTACGCGCGAGGGTACGGCATGGAACCTTTAATCCAAATCAACGACGAG
AATGACCTGGACATTGCACTCCGGATCGGGGCCCGTTTTATCACTATCTATAGCATAAATTTCGAGACTGGGGAGATTAAC
AAGGAGAACCAGCGTAAGCTGATTAGCATGATTCCCTCAAACGTCGTTAAGGTACCAATGTTAGACTTCTTCGAACCGAAC
GAGATAGAGGAACTCCGCAAATTGGGCGTTAATGCCTTTATGATCTCCTCTTCACTGATGCGTAACCCAGAAAAGATCAAG
GAATTAATAGAAGGATCCTTAGAACACCATCACCACCATCACTGA

CCGAGATATTTGAAGGGACAACTCGAAGACGTTGTGCAGCTGAGTTTGCGTCGTCCATCAGTACATGCCAGTCGTCAAAGA
CCAATTATATCCTTAAACGAGCGTATTTTAGAGTTCAACAAGCGGAACATTACAGCTATAATAGCACTTTACGCCCGGAAG
GGGCCGCAGGGACTTGATGTAGAGCGCGATCCGATAGAGTACGCGAAGTACATGGAGCCGTACGCAGTTGGACTCTCAATT
AAGACGGAAGAAAAGTACAATGATGGGTCTTACGAGATGCTGAGAAAGATAGCGTCAAGCGTCAGTATACCGATTCTGATG
CAAGATTACATTGTGAAGGAGAGTCAGATCGACGACGCTTACAATTTAGGAGCGGACACCGTGAATCTCTACGTCGAAATC
TTGACTGAGCGGGAGCTGGAGAGCCTGTTGGAGTATGCACGCGGATACGGTATGGAACCGTTGATCCAAATTAACGACGAG
AACGATCTGGACATTGCTTTACGCATCGGTGCCCGGTTCATTACAATCTACTCGGTCAATTTTGAGACTGGGGAGATTAAC
AAAGAAAATCAGCGTAAGCTCATTAGCATGATACCGTCAAACGTGGTAAAGGTCCCTTGGTTGGACTTCTTCGAGCCAAAT
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GAGATAGAGGAATTACGTAAGTTGGGTGTTAACGCCTTTATGATTAGTTCCTCACTTATGCGTAATCCAGAAAAGATAAAG
GAGCTCATCGAGGGAAGCCTGGAGCACCATCATCACCATCACTAG
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Supplementary Table 4.9. Amino-acid positions optimized during computational design of
Michaelases

Design objective Designed residues Allowed amino acids
Catalytic lysine 83 K
TS4 tyrosine 112 Y
TSe tyrosine 133 Y
Transition-state packing 8515389 131159180182210 H,T,N,Q,A,V,,LLM,F, Y, W
Loop positions 5759 60 84 85 86 87 8890 111 183 184 185 186 187 H,T,N,Q A V,LL M,F,Y,W,S,G
Floated positions 56 58 WT
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CHAPTER 5. DISCUSSION & CONCLUSIONS

5.1. Summary of Findings

A) Distal mutations enhance catalysis in designed enzymes by facilitating substrate binding

and product release N\ )
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Figure 5.1. Summary of findings. (A) In Chapter 2, we observed that active-site mutations shift the
conformational ensemble towards more productive substrates and create active sites ordered for efficient
catalysis. Distal mutations reorganize surface loops and widen tunnels to the active site and in doing so,
facilitate substrate binding and product release. (B) In Chapter 3, we developed a workflow to customize
the structure of a simple de novo TIM barrel to introduce Kemp elimination activity. We used machine
learning tools to generate additional structural segments that act as a lid and could accommodate substrate
binding and product release. (C) In Chapter 4, we employed multistate design to design enzymes for a
carbon-carbon bond forming reaction by stabilizing multiple conformational and chemical states.
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The ability to create enzymes to catalyze any reaction on demand holds significant potential
in synthetic chemistry and industrial biocatalysis. Over the past two decades, numerous enzymes
have been designed for various model organic transformations.!” These designed enzymes
typically display catalytic efficiencies orders of magnitude lower than their natural counterparts,
suggesting that current enzyme design methods must be improved to enable the design of highly
efficient enzymes.® In this thesis, our objective is to address current challenges facing enzyme

design.

Directed evolution has been used to increase the activities of designed enzymes by up to
several orders of magnitude.”!'* Mutations found during evolution appear both within the active
site and at distal positions. The role of distal mutations in enhancing the catalytic efficiency of
enzymes is poorly understood. Furthermore, enzyme design algorithms primarily focus on
constructing the active site and distal sites are not designed as it is very challenging to identify
distal residues that contribute to catalysis. Considering the well-documented evolutionary
trajectories of de novo designed and in vitro evolved enzymes and the fact that mutations were
selected by evolution specifically for their ability to enhance catalytic activity, these enzymes allow
us to study the effects of active-site and distal mutations without complications of the evolutionary
history of natural enzymes. In Chapter 2, we created variants of Evolved enzymes containing
either active-site or distal mutations, referred to as Core and Shell variants, respectively. Kinetic
analyses, X-ray crystallography, and molecular dynamics simulations revealed that active-site
mutations are sufficient to form ordered active sites for efficient catalysis. The Core variants,
containing only active-site mutations, displayed catalytic efficiencies several orders of magnitude
greater than the original design. However, distal mutations, enhance catalytic activity by

facilitating substrate entry and product release through reorganizing surface loops and widening
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tunnels to the active site, (Figure 5.1A) and their addition on Designed enzymes had relatively
small impacts on catalytic efficiency. Given that that active-site mutations alone can create highly
efficient active sites, designing efficient enzymes should be achievable by focusing solely on the
active site. However, previous enzyme design efforts using single-state design strategies with fixed
backbone approximations have fallen short of generating optimal active sites.!™* By contrast,
ensemble-base design approaches that incorporate backbone flexibility in the design procedure,
have enabled creation of enzymes with efficiencies comparable to those obtained through multiple

rounds of directed evolution.!>:16

In Chapter 3, we tackle the challenge of the availability of a protein scaffold well-suited
to the reaction of interest. We hypothesized that a minimal de novo TIM barrel could serve as a
blank template which can be customized for any desired reaction. Using a combination of physics-
based and machine-learning tools, we developed a workflow to tailor a functionally inert TIM
barrel with short, minimal loops to introduce enzymatic activity. We altered the structure of de
novo TIM barrels to introduce a lid fragment that shields the active site from the solvent (Figure
5.1B). We employed a combination of machine-learning tools such as RFdiffusion for generating
structural segments, ProteinMPNN for sequence design, and AlphaFold2 for structure validation.
We experimentally characterized 20 designs. One design, KempTIM 4, catalyzes the Kemp
elimination reaction with a catalytic efficiency of 10 M !s”!. Molecular dynamics analyses
revealed that KempTIM 4 exhibits greater flexibility in the lid region and a loop near the active
site compared to the inactive variants. Furthermore, in contrast to inactive designs, KempTIM 4
contains wider tunnels to the active site. We hypothesize that this flexibility is required for
substrate binding and product release. In future, we aim to apply the same workflow to other

reactions, testing its generalizability.
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Kemp elimination is a concerted reaction with a single transition state. Designing enzymes
for multistep reactions is more complicated as stabilizing a single transition state is insufficient to
create efficient enzymes for multistep reactions. An efficient enzyme must ensure low energy
barriers throughout the reaction pathway. In Chapter 4, we present the first instance of multistate
enzyme design, where we designed enzymes for a Michael addition reaction involving two
substrates and six chemical steps. We designed Michaelases by stabilizing two chemical steps and
employing an ensemble-based design approach (Figure 5.1C). Kinetic analysis revealed that all 12
designs catalyze the Michael addition reaction. However, they display lower catalytic activity
compared to the starting scaffold. The diminished activity was due to lower turnover, and the
designed variants displayed improved Km*? for the Michael acceptor, implying enhanced substrate
binding. We hypothesize that the lower turnovers might be due to disproportionate stabilization of
the two targeted steps compared to other steps in the reaction. In the future, we aim to improve

these designs through additional rounds of design and refinement.
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5.2. Discussion

Enzymes catalyze virtually all chemical reactions in nature. The goal of enzyme design is
to create new enzymes with functions that extend beyond those of natural enzymes. The ability to
design enzymes for specific reactions holds significant potential in synthetic chemistry and
industrial biocatalysis. However, currently, even for simple model reactions, the success rate is
low, and the few active designed enzymes display low catalytic efficiencies, necessitating directed
evolution to enhance their activities. In Chapter 2, we showed that active-site mutations are the
main contributors to increased activities and are sufficient to form an ordered active site for
efficient catalysis. To design these efficient active sites, traditional single-state design approaches
using a fixed backbone template are inadequate, and backbone flexibility must be incorporated.
Ensemble-based design approaches, where an ensemble of backbone templates is used, can create
these highly efficient active sites.!>!® To achieve optimal catalytic efficiency rivalling those of
natural enzymes, the incorporation of distal mutations that fine-tune the enzyme’s conformational
ensemble and facilitate substrate binding and product release is essential. However, it is
challenging to determine a priori which positions to target. Various approaches have been
developed to identify distal positions that contribute to catalysis. One such method is the Shortest
Path Map (SPM), which constructs a graph based on correlated movements of residues and inter-
residue distances from long time-scale molecular dynamics simulations. A map identifying pairs
of residues with higher contributions to the enzyme’s hypothetical allosteric communication
pathway is generated. The algorithm then finds the shortest path from the first to the last residue.!’~
19 SPM has been successfully applied to a range of unrelated enzymes to predict distal mutation
hotspots targeted by directed evolution. For instance, the RA95 series of retro-aldolases,?

Monoamine Oxidase from Aspergillus niger (MAO-N)?! and Tryptophan synthase (TrpS) from
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Pyrococcus furiosus.”* Another method of identifying distal mutation hotspots is the NMR-guided
selection of candidate positions, which relies on chemical shift perturbations.?> When a transition
state analogue binds, residues requiring significant reorganization to increase the population of a
rotamer to accommodate the TSA exhibit substantial shifts in their chemical shifts. These large
perturbations can be used to identify distal mutation hotspots. This approach was used in the
generation of Kemp eliminases from Myoglobin by creating saturation mutagenesis libraries of all
positions with high chemical shift perturbation. All mutants catalyzed Kemp elimination reaction
with a 2- to 71-fold increase in catalytic efficiency. Nine out of 19 productive mutations were
located far from the active site.?* In another study, an algorithm that integrates bioinformatics and
structure-based approaches was used to identify distal hotspots capable of influencing the
enzyme’s conformational dynamics and the population of catalytically productive substrates. This
method was applied to lactococcal multidrug resistance regulator (LmrR), where two variants with
mutations 11 A away from the active site increased catalytic efficiency towards hydrazone
formation reaction. Their combination resulted in a 66% higher turnover.2* While these methods
are effective at predicting distal mutation hotspots, they do not identify the nature of mutations.
For that, techniques such as site-saturation mutagenesis and ancestral sequence reconstruction

could be employed.

In Chapter 3, we applied machine learning methods to customize a functionally inert TIM
barrel to introduce Kemp eliminase activity. Our results highlight the limitations of current
machine learning methodologies, particularly regarding the precision required for efficient
catalysis. While AlphaFold2 predictions have achieved an atomic level of accuracy, this is not
sufficient for optimal catalysis. Highly efficient catalysis requires a sub-angstrom level of

precision to effectively discriminate the transition state from the ground state, as even slight
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angstrom-level deviations in side-chain positioning can severely compromise catalytic function.?®
Furthermore, an efficient enzyme must exhibit conformational flexibility to efficiently exchange
between conformational substates required for binding of the substrates, chemical transformations,
and release of the product. Current machine learning tools have achieved a high success rate in
designing rigid, static structures. RFdiffusion can generate highly thermostable protein folds that
are dissimilar to the ones in the PDB, with diverse topologies, including alpha, beta, and mixed
alpha-beta folds.?® ProteinMPNN has a high native sequence recovery and has been successfully
used in enhancing protein expression, thermostability and function.?” The success of machine
learning methods in generating stable, rigid structures is logical, as the training data consists of
static structures. Incorporating dynamics into these models requires extensive high-resolution data

related to protein dynamics to train models, which is currently not available.?.

In Chapter 4, we applied multistate enzyme design to create Michaelases by stabilizing
multiple chemical and conformational states. Although all designed variants exhibited Michaelase
activity, their reduced turnovers implied that disproportionate stabilization of specific steps could
be detrimental to catalytic efficiency. Therefore, we hypothesize that to design efficient enzymes
for multistep reactions, the entire catalytic cycle needs to be incorporated in design calculations,
including the free enzyme, the Michaelis complex, the enzyme-bound transition state for each
chemical step, and the product-bound state. In designing enzymes for multistep reactions, a
balance needs to be maintained in designing a highly ordered active site for efficient catalysis and
maintaining conformational plasticity to sample different rotamers to accommodate and stabilize
different transition states. Another aspect of multistate enzyme design that could be improved is
by using more sophisticated theozymes. Typically, theozymes are generated by using truncated

residues thought to be essential for catalysis. Previous enzyme design efforts utilized such simple
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theozymes. However, directed evolution of designed enzymes often resulted in the development
of complex active sites containing residues that interact with and orient catalytic residues.!!?®

Using more sophisticated theozymes could lead to the generation of enzymes with higher

activities.

This thesis contributes to our understanding of enzyme catalysis and design. We have
shown that active-site and distal mutations exert distinct effects on catalysis. Active-site mutations
can create ordered active sites, and efficient enzymes can be constructed by focusing solely on the
active site. On the other hand, distal mutations contribute to enhanced catalysis by fine-tuning
enzyme dynamics and facilitating substrate binding and product release. Furthermore, the
customization of a de novo TIM barrel scaffold for the Kemp elimination reaction underscores the
potential of minimal, functionless scaffolds as blank templates customizable for various reactions,
providing an alternative to repurposing natural enzymes with complexities arising from their
evolutionary history. Finally, utilization of a multistate approach to design enzymes for the Michael
addition reaction further pushes the boundaries of enzyme design. Our results suggest that it is
possible to design sequences capable of stabilizing multiple chemical and conformational states;
however, to achieve efficient catalysis, every step of the entire reaction pathway should be included
in design calculations. Collectively, this work advances our understanding of enzymes, their
design, evolution and catalysis. We hope this work lays the groundwork for creating highly

efficient enzymes tailored for industrial and synthetic chemistry applications.
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5.3. Future Directions

A) Prediction of distal mutations

Ensemble-based enzyme design
B) Customize de novo TIM barrels for various reactions

E %ﬁ'@iﬁ_}
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Figure 5.2. Future directions. In future we aim to (A) design efficient active sites using ensemble-based
enzyme design and incorporate distal residues via methods such as shortest path map to create highly
efficient enzymes, (B) customize de novo TIM barrels for diverse reactions, building on the insights from
Chapter 3, by evaluating lid flexibility and accounting for substrate entry and product release, and
(C) enhance Michaelase enzymes by including the entire reaction pathway in design calculations and
creating more sophisticated theozymes with additional residues to provide further stabilization.

In future work, we aim to improve current design methods to incorporate the prediction of
distal mutations. We hypothesize that using an ensemble-based design approach, in combination
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with methods such as shortest path map (SPM), will enable the creation of highly efficient active
sites ordered for catalysis while also incorporating distal mutations that facilitate substrate binding
and product release. Our design strategy will begin by using an ensemble to generate active site
structures optimized for catalysis. Next, we will use SPM to identify potential distal mutation
hotspots. To determine the nature of these mutations, we will leverage methods such as

ProteinMPNN,?” Funclib,? or multiple sequence alignment.3°

Furthermore, we aim to apply the framework developed in Chapter 3 to other enzymatic
reactions. We hypothesize that the de novo TIM barrels used in our work have the potential to be
customized for a variety of desired reactions. To achieve this, we will integrate the sampling of
protein dynamics early in the design process to generate flexible lid structures capable of
accommodating substrate binding and product release. Furthermore, we will take advantage of the

latest iterations of machine-learning tools for this purpose.®!~33

The Michaelases designed in Chapter 4 also present an opportunity for further refinement.
By targeting additional transition states for stabilization and remodelling surface loops using
diffusion methods to accommodate various intermediates, we aim to improve the rate acceleration
of these enzymes. Previous studies have shown that iterative rounds of design and refinement can
significantly improve the catalytic efficiency of designed enzymes.?** Moreover, our designs may
benefit from the development of more sophisticated theozymes, wherein additional residues, such
as those that can stabilize transition states through interactions like n-stacking with aromatic rings,
are incorporated. Another strategy we plan to explore is negative design, where we destabilize the
ground state relative to the transition states to improve catalytic efficiency. We will employ a
holistic approach where every conformational and chemical state sampled by the enzyme is

included in design calculations.
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Ultimately, the goal of enzyme design is to create highly efficient enzymes from scratch.
Building on the work discussed in this thesis, we aim to move closer to achieving this goal by
integrating the methods and insights gained here. Our proposed approach includes: first,
computing sophisticated theozymes that incorporate additional stabilizing residues alongside
catalytic residues; second, generating ensembles of inert de novo TIM barrels and sampling the
entire reaction coordinate in the design calculations. Including the free enzyme, the substrate-
bound enzyme, the transition states for each chemical step, and the product bound-enzyme; third,
utilizing machine learning approaches to design lid structures that sequester the active site from
solvent and provide packing to ligands, and verifying the flexibility of lid structures by molecular
dynamics simulations. Finally, we will use shortest path map to identify distal residues linked to

catalysis and apply sequence alignment frequencies or ProteinMPNN to introduce distal mutations.
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5.4. A paradigm shift in enzyme design

Protein design, which refers to design of amino acid sequences that fold to a desired three-
dimensional structure, has traditionally been approached as an optimization problem. Physics-
based methods, which rely on potential energy functions to navigate the protein fitness landscape,
have long been used to identify minimum energy conformations. However, in recent years, the
field of protein design has transitioned to a new way of thinking and is shifting away from physics-
based approaches. The rapid improvements in computing power, coupled with advancements in
software and hardware systems, combined with the accumulation of vast experimental data on

protein sequences®® and structures,*® have paved the way for emergence of data-driven approaches

26,37,38 27,39,40

to protein structure generation models, protein sequence design tools, and protein
structure prediction algorithms.*'~* Deep learning methods have revolutionized the field of protein
design, and this field is transitioning away from traditional physics-based approaches.?® Machine
learning tools are now offering alternative ways to design protein structure, sequence and function.
Reflecting these advancements, part of the 2024 Nobel Prize in Chemistry was awarded to pioneers
in computational protein design and protein structure prediction. Despite the power of these
methods in generating stable, well-folded, and static structures, their application in enzyme design

is hindered by limitations, including the absence of sub-angstrom level of precision and the

inability to account for conformational flexibility in designs.

Despite these limitations, machine learning tools are evolving rapidly. During our work on
customizing a de novo TIM barrel for the Kemp elimination reaction, as described in Chapter 2,
an all-atom version of RFdiffusion, RFdiffusion AA, was developed, which can generate protein
structures able to bind small molecules.’! Similarly, LigandMPNN, a deep learning neural network

model, was developed to design protein sequences capable of interacting with non-protein atoms
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and small molecules. Experimental characterization demonstrated that LigandMPNN can generate
small molecule and DNA-binding proteins with high affinity and specificity.>?> Additionally, the
new version of Alphafold2, AlphaFold3, is updated to predict structures of proteins alongside small
molecules.>* While these recent developments are exciting and hold great promise, their
application in enzyme design should be approached with caution. Although these methods can
generate proteins capable of binding small molecule ligands,’! efficient catalysis requires more
than just binding. It demands precise positioning of catalytic residues, stabilization of transition
states, and conformational flexibility to sample various substates, which remain challenging for

these methods to achieve.

Two recent studies have used RFdiffusion to generate de novo templates capable of

accommodating catalytic motifs. Lauko et al.®*

applied RFdiffusion to design protein structures
that scaffold the active site of serine hydrolases, comprising a catalytic triad and oxyanion hole.
After iterative rounds of design, refinement, and testing over 300 designs, only two exhibited
multiple turnover activity. While the catalytic efficiencies of these designs are higher than those of
previously designed serine hydrolases, the success rate remains low as hundreds of designs had to
be tested. Furthermore, their activities are orders of magnitude lower than natural hydrolases.

Similarly, Braun et al.**

used RFdiffusion to design enzymes for the retro-aldol reaction by
incorporating the highly optimized catalytic tetrad of evolved retro-aldolases, obtained after
multiple rounds of directed evolution. They generated alpha-helical proteins able to accommodate
the catalytic motif. Out of 35 experimentally tested designs, 31 displayed retro-aldolase activity,

with higher catalytic efficiencies than previously designed retro-aldolases. However, their

activities were still lower than those of evolved retro-aldolases, primarily due to lower kca: values.
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The most active design displayed a kcat of 3.1x1072 57!, while the evolved retro-aldolase RA95.5-

8F exhibits a 300-fold higher kcat of 107,

While these examples showcase the potential of deep learning approaches in enzyme
design, they suffer from low success rates, and the catalytic activity of the successful designs
remains orders of magnitude lower than that of native enzymes. To achieve optimal catalytic
efficiency, enzyme dynamics needs to be considered, as static models do not fully capture the
flexibility needed for efficient catalysis. One powerful method for sampling dynamics is physics-
based molecular dynamics (MD) simulation. However, comprehensive sampling of the
conformational ensemble is only feasible for small systems and is limited by high computational
costs. Recent advancements in deep learning algorithms have given rise to enhanced sampling
methods.*® For instance, Tao ef al. developed a deep learning sampling method capable of
predicting large conformational changes in shorter simulation times compared with conventional
MD.# Incorporating deep learning-assisted MD simulations could be an effective method to

sample the conformational dynamics required for more accurate enzyme design.

Overall, we anticipate that data-driven approaches will continue to advance the field of
enzyme design. While there are many challenges remaining ahead, it is conceivable that an
automated enzyme design approach could allow for creation of protein sequences with desired
catalytic functions from scratch. However, we believe that the reliance on directed evolution to
optimize the catalytic efficiency of designed enzymes will persist. Nonetheless, the future of
enzyme design holds great promise, with the potential for groundbreaking innovations on the

horizon.
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