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Abstract

The creation of enzymes displaying desired substrate specificity is an important objective
of enzyme engineering. To help achieve this goal, computational protein design (CPD) can be used
to identify sequences that can fulfill interactions required to productively bind a desired substrate.
Standard CPD protocols find optimal sequences in the context of a single state, for example an
enzyme structure with a single substrate bound at its active site. However, many enzymes catalyze
reactions requiring them to bind multiple substrates during successive steps of the catalytic cycle.
The design of multi-substrate enzyme specificity requires the ability to evaluate sequences in the
context of multiple substrate-bound states because mutations designed to enhance activity for one
substrate may be detrimental to the binding of a second substrate. Additionally, many enzymes
undergo conformational changes throughout their catalytic cycle and the equilibrium between
these conformations can have an impact on their substrate specificity. In this thesis, I present the
development and implementation of two multistate computational protein design methodologies
for the redesign of multi-substrate enzyme specificity and the modulation of enzyme
conformational equilibrium. Overall, our approaches open the door to the design of multi-substrate

enzymes displaying tailored specificity for any biocatalytic application.
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Chapter 1: Introduction

Some of the language and figures in this chapter were adapted from a book chapter

coauthored with Olivier Gagnon and Dr. Roberto A. Chica:

St-Jacques AD, Gagnon O & Chica RA (2018) Computational Enzyme Design: Successes,
Challenges and Future Directions. In: Williams G & Hall M (Ed.) Modern Biocatalysis: Advances

Towards Synthetic Biological Systems (pp. 88-116). Cambridge, UK. Royal Society of Chemistry.

1.1 Enzyme engineering

The ability of enzymes to catalyze chemical reactions with high rate acceleration (kcar/kuncar
= 10"-10?°)!"2 and unmatched selectivity makes them highly attractive for use as biocatalysts in a
large number of industrial syntheses. However, the finite repertoire of naturally-occurring enzyme
activities and the fact that few enzymes inherently catalyze desired reactions under industrially-
relevant conditions restrict their applicability in many industrial processes. To make enzymes
practical for industrial syntheses, it is often necessary to tailor their catalytic activity to the intended
application using protein engineering. Protein engineering techniques such as rational design and
directed evolution have yielded many improved enzymatic activities,>” yet the creation of new
enzymes that possess desired catalytic properties remains very challenging due to our incomplete
understanding of the structural determinants of enzyme catalysis and the necessity for high-
throughput screening of large mutant libraries. Thus, the development of a broadly-applicable
computational method for the design of enzymes that can catalyze any desired chemical reaction
with high efficiency under defined conditions would bolster the use of industrial biocatalysis while

opening the door to biocatalytic processes that are currently inaccessible using natural enzymes.



1.2 Computational enzyme redesign

Computational enzyme redesign is the alteration of pre-existing enzyme activity or
substrate specificity using computational protein design (CPD) methodologies.® CPD algorithms
have been developed over the past 20 years’!? to facilitate the identification of protein sequences
that can adopt a specific three-dimensional structure and possess a desired property such as
increased stability,'! improved binding affinity,'? or altered specificity.!* Most CPD algorithms
consist of three steps (Figure 1.1A): (i) a side-chain placement step where discrete side-chain
rotamers'* are threaded onto specified positions on a predefined protein backbone template, (ii) an
energy calculation where interaction energies between pairs of rotamers and between each rotamer

and the backbone template are computed using a potential energy function,” 518

and (iii) a
sequence optimization step where combinations of rotamers are optimized using a search
algorithm'* that explores both rotamer and sequence space in order to identify optimal
sequences. In the context of enzyme redesign, a substrate molecule can be included in the active
site to identify mutant sequences able to form energetically favourable interactions with the
substrate that are predicted to allow productive binding.?> At the conclusion of this process, a list
of sequences along with their corresponding rotamer-optimized structures are generated (Figure

1.1B), and each sequence is ranked according to an energy value that reflects its predicted stability

on the target protein template structure.



A Side-Chain Placement

Template
E3 Sequence Energy
WT RIRIDRIIRIDT -36.228
1 -F------ Q--- -42.404
2 -L------ Q--- -40.022
3 -L------ H--- -39.511
4 -F------ H--- -39.418

Energy Calculation

One-body energies
[, <

Two-body energies

0+,

=FE, +E, +

elec

EH—band +EA

E

total

»

solvation

Sequence Optimization

Energy

Rotamer/Sequence Space

Figure 1.1. Computational protein design. (A) The general methodology of computational protein
design (CPD) consists of three steps: (1) a side-chain placement step where amino acids at user-
defined positions (i and j) in the protein template are replaced by a library of rotamers for each
allowed amino-acid type (Phe and Leu, or Gln and His at positions i and j, respectively), (2) an
energy calculation where interaction energies between pairs of rotamers (two-body energies) and
between each rotamer and the backbone template (one-body energies) are computed using a
potential energy function that can include van der Waals (vdw), electrostatics (elec), hydrogen
bonding, and solvation terms, and (3) a sequence optimization step where a search algorithm is
used to optimize combinations of rotamers in order to identify optimal sequences. (B) The CPD
procedure returns a ranked list of scored sequences along with their corresponding rotamer-
optimized structures. For clarity, side chains of residues at non-designed positions are omitted.
Each sequence is ranked according to an energy value that reflects its predicted stability on the
target protein template structure. WT indicates the wild-type sequence.

1.2.1 CPD Methods
1.2.1.1 Template preparation

Prior to the first step in CPD, a protein backbone template must be retrieved and prepared.
Experimental atomic resolution structures that have been solved using X-ray crystallography or
nuclear magnetic resonance (NMR) can be retrieved from databases such as the worldwide Protein
Data Bank (PDB).?¢ Homology modelling can be used to construct a backbone template in
instances where experimental structural data is not available for a target protein. Once a template
has been selected and inspected for missing atoms, hydrogens can be added to the structure using

a variety of methods such as Reduce?’ and Protonate3D.?® A new rotamer can be threaded onto the
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backbone template in cases where there are atoms missing for a residue and loops can be modeled
if missing.?’ After hydrogens and missing residues are added, the template is then minimized to
prevent van der Waals clashes and reduce any strain. For further discussion, we are defining the
template to contain the protein backbone and the side chain residues not included in rotamer

optimization calculations.

1.2.1.2 Rotamer libraries

Rotamers are discrete sets of allowed conformations that correspond to local minima on
potential energy maps of organic molecules such as amino acids.'# Rotamers vary from one another
by rotations around side chain torsion () angles, but not the backbone. Rotamer libraries are often
derived from statistical analysis of side chain conformations of proteins and can be backbone-
dependent or backbone-independent.'* 3°32 Backbone-dependent rotamer libraries differ from
backbone-independent ones in that the dihedral angles of rotamers and their frequencies depend
on the local backbone conformation, which is not the case for backbone-independent rotamer
libraries. Backbone-dependent rotamer libraries have been shown to more accurately predict side-
chain conformations in protein design calculations than backbone-independent libraries.?® 33-3
However, amino acid residues that are in specialized environments such as an enzymatic active
site may adopt a rotamer conformation that is sparsely populated for a given (®, W) bin and thus
its rotamer conformation may not be represented in the backbone-dependent rotamer library, as
will be demonstrated in Chapter 2. In these cases, it may be beneficial to use backbone-independent
rotamer libraries since they contain more rotamers, which are compiled from all backbone
conformations observed in proteins. In this thesis, the Dunbrack 2002 backbone-dependent

14, 30

(bbdep) and backbone-independent (bbind) rotamer libraries with expansions of = 1 standard

deviation around y1 and 7> torsion angles are used to model the side chain of amino acid residues.



To construct the Dunbrack 2002 rotamer libraries, the rotamer frequencies of side chains in over
500 protein chains deposited in the wwPDB with 2.0 A resolution or better were counted. Next,
the prior estimate of rotamer probabilities for each (®, V) bin were combined with the raw counts
of the rotamers overlapping in 20 °© x 20 ° bins using a Bayesian formalism, where the prior
estimate of rotamer probabilities come from the product of ® and ¥ dependencies. The backbone-
dependent rotamer library contains the rotamer frequencies and their mean dihedral angles and
their standard deviations on a 10 ° x 10 ° grid of the backbone angles while the backbone-

independent rotamer library is not on a grid of backbone dihedral angles.

1.2.1.3 Energy Functions
In this thesis, computational design was performed using the PHOENIX protein design

software,*>-7

which uses a physics-based energy function to measure the interaction energies
between pairs of rotamers (two-body energies) and between each rotamer and the backbone
template (one-body energies) to compute the rotamer configuration score. The potential energy
function (Equation 1.1) includes van der Waals (vdw), electrostatics (elec), hydrogen bonding (H-
bond), solvation (solv), and secondary structure propensities (ss) terms. Because the template is
kept fixed during rotamer optimization, its internal energy remains constant during energy
calculations and is thus not computed. Additionally, the internal energy of rotamers are not

computed because the rotamer geometry is considered to be optimal in the rigid rotamer

approximation.

Etotal = Evdw + Eelec + EH—bond + Esolv + Ess
Equation 1.1. PHOENIX energy function.

The van der Waals term, Eyaw, is computed using a Lennard-Jones 12-6 potential with raddii

and well depth parameters from the Dreiding II force field.*® The Lennard-Jones 12-6 potential is



shown in Equation 1.2, where Dy is the energy well depth, R is the interatomic distance, Ry is the
geometric mean of the radii of the two atoms, and « is the van der Waals radius scaling factor. The
first term, which is proportional to (1/R)'2, is the short-range repulsive component and the second

term, which is proportional to —(1/R)®, is the long-range attractive component.

Ol'RO 12 a'R06
E”dW:DO( R ) _2< R )

Equation 1.2. Lennard-Jones 12-6 van der Waals potential.

The electrostatics potential, Eerec, between two atoms is computed by approximating the
two atoms as point charges and using Coulomb’s Law, shown in Equation 1.3, where ¢ and ¢’ are
the charges on atom 1 and atom 2, ¢ is the dielectric constant, and R is the interatomic distance.

The PARSE set of atomic charges*” are used for the electrostatic and solvation energy calculations.

-q’
‘R

_

Eelec =
Equation 1.3. Coulomb's Law equation.

The hydrogen bond potential scoring function*® used in this thesis is defined in Equation
1.4, where Dy is the hydrogen bond well depth, R is the interatomic distance between the hydrogen
bond donor and acceptor heavy atoms, Ry is the hydrogen bond equilibrium distance between the
donor and acceptor, and F(0,®, ?) is an angle dependent term, which depends on the hybridization
state of donor and acceptor atoms.*’ In this thesis, the recommended values for Dy (8 kcal mol™)
and Ry (2.8 A) were used.

RO 12 RO 6
Eyvona = Do [5(2) —6(%2) [F0.0,%)

Equation 1.4. Hydrogen bond potential.

Since modeling explicit solvent in CPD is complicated by the large computational cost of
surveying a large range of water configurations,*! water is modeled using an implicit solvation
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potential in PHOENIX. The implicit solvation potential can be calculated using a surface area-

1% 4% or an occlusion-based model.’”> > % In the surface area-based model, the

based mode
solvation energy is proportional to the solvent-accessible surface area of amino acid side chains,
where the interactions with water are treated as favourable for polar residues and unfavourable for
nonpolar residues (i.e., an energy benefit is given to polar exposure and nonpolar burial while an
energy penalty is given to nonpolar exposure and polar burial). Similar to the surface area-based
model, burial of nonpolar and exposure of polar groups are considered beneficial while burial of
polar and exposure of nonpolar groups are penalized in the occlusion-based model. However,
rather than using the solvent-accessible surface area of the side chain, in the occlusion-based model
the atoms are scored according to the percentage of their volumes that are occluded by other atoms
in the protein structure. The occlusion model is computationally less expensive than the solvent-
accessible surface area since the occlusion model does not require the solvent accessible surface

area of each amino acid to be computed prior to calculating the implicit solvation term. For this

reason, we used the occlusion-based model in this thesis.

The last energy term of the PHOENIX energy function is the secondary structure amino
acid phi-psi propensities term,* which is a statistical function given in Equation 1.5, where E; is
the energy for the secondary structure propensity, N is the scaling factor (5.25), and Px, is the
propensity of observing an amino acid type x in @/ bin y, where the bin size is 10 ° x 10 °. Py,
is defined by Equation 1.6, where N,y is the count of observing amino acid type x in ®/¥ bin y,
Nxany 1s the count of observing amino acid type x in any @/ bin, Nuy.yis the count of observing
any amino acid type in ®/¥ bin y, and Nuny.any 18 the count of observing any amino acid type in any

®/¥Y bin. The denominator scales the term between positions but does not affect the relative



preference for amino acids since for any position y, the denominator is constant in a fixed backbone

design.

Ess = —Ng log(Px‘y)
Equation 1.5. Energy of the secondary structure propensity.

Nx,y/Nx,any

Ix
Y
NanV,V/NanV,anV

Equation 1.6. Amino acid secondary structure propensity.

As described above, energy functions used in CPD do not include entropy terms,
preventing the calculation of free energies. Instead, these energy functions compute potential
energies. This is done because free energy calculations would be too expensive when optimizing
sequences across large sequences spaces. Therefore, it is important to note that differences in the
calculated potential energies between sequences are more important for analysis than absolute

values.

1.2.1.4 Sequence optimization algorithms

During the sequence optimization step of CPD, rotamer configurations are optimized to
find the global minimum energy configuration (GMEC). The potential energy of a sequence with
a specific rotamer configuration is computed using Equation 1.7, where Egora is the sequence
potential energy, Erwempiaze 1S the template potential energy, E(7;) is the one-body interaction energy
of residue i in rotameric state 7; with the template and E(7;'r;) is the two-body pairwise interaction
energy of residue 7 in rotameric state 7; with the side chain rotamers of other amino acids that are

also being optimized.



N-1

N N
Eglobal = Etemplate + z E(ry) + Z Z E(r; - TJ)
i=1 j

i=1 j=i+1
Equation 1.7. Potential energy of a sequence.

To identify favourable rotamer combinations, deterministic or stochastic search
algorithms*® can be used. Deterministic search algorithms used in separate CPD simulations will
result in identical solutions if the same set of parameters are used. In contrast, stochastic algorithms
rely on probabilistic trajectories, which means the solutions are not always consistent and rely on
a random number generator seed. While some deterministic algorithms like self-consistent mean
field result in the same solution but do not guarantee the GMEC, there are other deterministic
search algorithms that can guarantee the GMEC such as Dead-End-Elimination,!” Dead-End-
Elimination combined with the A* algorithm,*’ Cost Function Networks algorithms,*® Integer
Linear Programming solvers,*’ and Markov Random Fields solvers.’® However, since the rotamer
optimization problem is NP-hard,>! these deterministic and provable algorithms are extremely time
consuming and do not converge within a reasonable amount of time for sufficiently complex
design problems.*® Alternatively, stochastic algorithms such as the genetic algorithm,”> Monte

24,46 and Fast and Accurate Side-Chain Topology and

Carlo combined with simulated annealing,
Energy Refinement (FASTER)? all converge towards low energy sequences rapidly, but at the

cost of no longer guarantying the GMEC.

One of the most efficient stochastic algorithms used in CPD is the FASTER algorithm
(Figure 1.2). The FASTER optimization trajectory is executed by following five steps. First, the
backbone-derived minimum energy configuration (BMEC) is generated by selecting the rotamer
at each position with the most favourable one-body rotamer-backbone interaction energy, which
is used as input for the first cycle of iterative batch relaxation (iBR). iBR is executed in the same

way the BMEC was generated, except two-body rotamer-rotamer interactions are included: the
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intermediate minimum energy configuration (IMEC) is generated by selecting the rotamer at each
position that interacts most favourably with the backbone and input rotamer configurations. The
rotamers at every position are simultaneously updated after all positions have been considered at
the end of each iBR cycle. iBR is repeated using the IMEC as input until convergence. Next,
conditional iBR, which is the same as iBR except new rotamers are only accepted with 80%
probability, is executed and repeated until convergence. The fourth step is single perturbation and
relaxation (sPR), where a single position is randomly picked and its rotamer is changed to another.
Then, the rest of the positions are allowed to relax in a single iBR cycle. The resulting IMEC is
accepted if it has the lowest energy found so far and the sPR is repeated until convergence. The
final step is double perturbation and relaxation (dPR), which is executed the same as sPR, except

a pair of rotamers at two different positions are perturbed together.

Step 1. Step 2. Step 3. Step 4. Step 5. Output:
Selection of lterative Conditional Single- Double- FASTER-
starting Batch Iterative residue residue determined
structure . Relaxation . Batch . Perturbation/ . Perturbation/ . minimum
(BMEC or (iBR) Relaxation Relaxation Relaxation energy
MCMEC) (ciBR) (sPR) (dPR) configuration

Figure 1.2. Flow diagram of the FASTER algorithm. The BMEC is the backbone-determined
minimum energy configuration, the MCMEC is the Monte-Carlo-determined minimum energy
configuration.

In this thesis, we used the improved version of FASTER developed by Allen et al.? to
optimize sequences. Rather than generating the BMEC, the starting configuration is generated
using a short Monte Carlo trajectory starting from a random configuration, which results in a
significantly lower energy rotamer configuration than the BMEC. Additionally, relaxation of
residues during sPR and dPR cycles are limited to only positions that strongly interact with the
perturbed rotamer(s). These two changes improved the efficiency of the original FASTER protocol

by up to 2 orders of magnitude with no loss of accuracy.
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1.2.1.5 Library design

To determine the success of a CPD calculations, it is important to experimentally test the
resulting top-ranked sequences. Sequences can be tested individually, but this limits the number
that can be tested because of the incremental expense and labor associated with the synthesis and
characterization of each sequence individually.*® Alternatively, a combinatorial mutant library that
is representative of the best scoring sequences can be built for roughly the same cost and effort as
a single sequence and tested with a high-throughput experimental assay. There are various ways
to design combinatorial libraries. Hayes et al.>® constructed a frequency table for each amino acid
type found at each designed position in the list of low energy sequences generated by CPD. They
then limited the library to amino acids found at each position more frequently than a designated
frequency cutoff. Rather than applying a frequency cutoff, Mena and Daugherty>* designed
libraries that include the most frequent mutations, but are limited to amino acids that can be
encoded together using degenerate codons. Treynor et al.>® took a different approach and scored
the interactions between sets of amino acids at various positions during the rotamer optimization
step of CPD to find the global minimum combinatorial library, rather than using individual

sequence scores during rotamer optimization to find the GMEC.

In this thesis, the Combinatorial Libraries Emphasizing And Reflecting Scored Sequences
(CLEARSS) method developed by Allen et al.*® was used. This method was used because it
explicitly considers the CPD energies, allows for a library size range to be specified, and for amino
acid sets to be included or excluded from the final library. To design a protein library after
sequence optimization of n positions to all 20 proteinogenic amino acids, the CLEARSS? library
algorithm constructs a 20 x n position cumulative partition function matrix (PQM) of each amino

acid at all n designed positions (Equation 1.8). The Boltzmann weight, w, is calculated for each
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sequence (Equation 1.9), where E is the score of the sequence, ks is the Boltzmann constant, and
T is the simulation temperature. The cumulative partition function, g, of an amino acid, aa, at
position 7, is the sum of w of all sequences where the identity of the residue at position # is the
amino acid in question (resi, = aa in Equation 1.10). For a library size configuration, which is the
specific number of amino acids at each designed protein position, the optimal amino acids at each
position are those with the highest absolute partition function values for each position. All library
size configurations that lead to a combinatorial library within a target size range are scored by
taking the sum of all partition functions of the chosen amino acid sets over all positions, and
subsequently ranking them. In doing so, the final combinatorial library contains the amino acids
predicted to have the most stabilizing effect at each designed position. It is important to note that
instantiation of each individual sequence included in the combinatorial library will not necessarily
yield the exact same list of top-ranked sequences found by CPD. Nevertheless, many of the

combinatorial library sequences will have similar potential energy to the top-ranked sequences

found by CPD.
Qa1 Qa2 e Qan1  YGan
dc1  Yee dcn1 Gen
POM =
Qw1 Qw2 AQwn-1 Qwn
Ay 1 Ay Qvn1 Qyn

Equation 1.8. The Position Partition function matrix, PQM.
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w = e—E/kBT

Equation 1.9. The Boltzmann Weight.

s
Qaan = Z w;[resi, = aa]
i=1
Equation 1.10. The cumulative partition function.

1.2.2 Addressing protein flexibility
The CPD method described thus far has been performed on a single, fixed backbone

template, which we call single-state design (SSD). However, even in cases where SSD has been
successful, the artefacts caused by the rigid rotamer and fixed protein backbone approximations
make these designs prone to false negative predictions since sequences are rejected when they
cause small steric clashes even though such clashes would be relieved if the backbone was allowed

to move slightly.>® Strategies such as using softer repulsive potential energy terms,** 37-5%

continuous rotamer optimization® or flexible backbone design®®-%

can be incorporated into SSD
calculations to address these artefacts. Alternatively, sequences can be optimized on a
conformational ensemble of multiple protein backbones that mimic protein flexibility (called the
positive state) using a positive multistate approach, which has been shown to improve accuracy of
protein stability predictions.’® To further improve the accuracy of mutant stability prediction, an
additional conformational ensemble that represents non-native protein folds (called the negative
state) can be incorporated in an approach called negative design,% which predicts sequences that
stabilize positive states while simultaneously destabilizing negative states. In addition to
improving accuracy for stability prediction, multistate approaches can be used for other protein

design tasks that require different states, such as the design of conformational switches,®

oligomeric association specificity,®® and antibiotic resistance.®®

13



A - B -
wWoikr Ap ‘I“ 2 ﬂ:*ﬁ
- - - “ - ~
D S SsD

MSD 58 sD
FLLVLV -77 FLLLFV -74 FLLVLV -76& FIIVFV -75
FIIVFV -75 FLLVFV -73 FIIVFV -74 FLLVLV =72
FLLLFV -74 FLLVFV -72 FLLVFV -71 FLLLFV -71
FLLVFV -73 FIIVFV -71 FILVFV -70 FLLVFA -69
FILVFV =71 FILVFV =70 FLLLFV -69 FILVFV -68
FLLVFA -89 FLLVFA -69 FLLVFA -68 FLLVFV -67
Compute Fitness and
Re-rank

FLLVLV -76

FIIVFV -75

FLLLFV -74

FLLVFY -72

FILVFV =70

FLLVFA -B89

Figure 1.3. Multistate approaches to computational protein design. (A) In multistate design (MSD),
sequence optimization is guided by the energetic contributions of multiple protein structures
simultaneously. Thus, sequence optimization and scoring are performed concertedly, resulting in
a list of sequences that are ranked according to their predicted stability across the ensemble of
three structures. (B) In multistate analysis (MSA), multiple independent SSD calculations are
performed in parallel using alternate backbones as input templates. The sequence scores obtained
from each SSD calculation are combined post-CPD into a fitness value for each sequence across
the ensemble of three structures. Sequences are then re-ranked based on their fitness values,
generating a new ranked list of scored sequences. Reprinted by permission from Springer Nature:
Humana Press, New York, NY, Methods in Molecular Biology. Davey J.A., Chica R.A. (2017)
Multistate Computational Protein Design with Backbone Ensembles. In: Samish 1. (eds)
Computational Protein Design. Methods in Molecular Biology, vol 1529. Humana Press, New
York, NY., © Springer Science+Business Media New York 2017
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In the multistate approach called multistate design (MSD),%7-68

the sequence optimization
trajectory is guided by a fitness function that considers energy contributions of mutations across
multiple protein structures simultaneously to generate a ranked list of sequences (Figure 1.3a).
During sequence optimization, rotamers for a specific sequence are optimized on each backbone
template (called states), enabling the energy of that sequence to be calculated for each state. Next,
the energies of the different states are combined using a fitness function to produce a single
“ensemble score” that reflects the predicted stability of that sequence across the ensemble. This
ensemble score is also the “fitness value” in designs that contain only one ensemble. However,
many designs can include multiple ensembles (Figure 1.4). For instance, if two structural
ensembles representing distinct conformational states of the protein (e.g., folded and unfolded
states, open and closed conformations, etc.), we call each ensemble different “conformational
states.” Alternatively, if two ensembles contain different bound small molecules (i.e. substrates)
or represent apo and holo states that are not significantly different conformationally, we call each
ensemble different “chemical states.” In designs that include multiple conformational or chemical
states, the fitness value can be computed by combining the ensemble scores using any desired
fitness function. The disadvantages of MSD are that the fitness function must be known a priori

and the number of states that can be modeled is limited by computational resources, as each state

(i.e., backbone template) requires its own dedicated computer core.

15



Conformational Chemical
ensemble state 1 state 1

Conformational Chemical
state 2 state 2

Chemical
state 3

Figure 1.4. Input templates for examples of possible multistate experiments. (a) Ensemble of
multiple backbone templates. (b) Two ensembles of two distinct conformational states of a protein.
(c) Three ensembles of three separate chemical states that differ by the substrate bound at the active
site.

16



An alternate approach to MSD that does not display these disadvantages is multistate
analysis (MSA).%° Unlike MSD, where sequences are optimized across all states simultaneously,
multiple SSD calculations are performed on each protein template individually in MSA (Figure
1.3). The ranked list of sequences from each SSD calculation are then combined using the fitness
function to build a single ranked list of sequences. By optimizing sequences on each backbone
individually, MSA requires fewer computational resources than MSD and the fitness function can
be optimized following sequence optimization calculations, allowing for multiple design
hypotheses to be tested. However, since sequence optimization in MSA is not guided by multiple
states, the explored sequence space by stochastic search algorithms can be constrained to local
sequence space minima. This can result in little or no overlap in the list of top-ranked sequences

obtained from each individual SSD calculation, which will prevent application of MSA.

In this thesis, MSA will be used since many different fitness functions and chemical or
conformational states are tested for design calculations. To avoid searching sequence spaces
constrained to local minima, all sequences within the design specifications will be rotamer

optimized on each protein template individually.

1.2.3 Computational enzyme design vs. redesign
In computational enzyme design, CPD algorithms are used to create a catalytic site in a

protein scaffold that does not natively bind the target substrate and catalyze the desired reaction.
This is a very challenging design problem because the CPD procedure must simultaneously create
a binding pocket specific to the desired substrate(s), introduce the required catalytic machinery for
the chemical reaction of interest, and preserve the overall structure and stability of the template
protein fold. From a calculation perspective, computational enzyme design differs from standard

CPD methodologies by the inclusion of an additional step where a user-defined active site
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comprising one or more catalytic side chains and a high-energy reaction intermediate such as a
transition state is placed onto a pre-existing protein scaffold according to a set of predefined
geometrical constraints postulated to be necessary for the designed chemical reaction. Active site
construction begins by identifying positions in the protein scaffold where all necessary catalytic
contacts can be made to a transition state derived from quantum mechanics calculations. This can

t’% or matching’! algorithm (Figure 1.5). Once the position

be done using either a ligand placemen
of catalytic residues has been determined, amino acids at neighbouring positions in the active site
are designed to optimize substrate recognition and binding in a step called packing. Stabilization
of the transition state via additional non-bonding interactions introduced during the packing step
is crucial to ensure that the designed protein can perform catalysis, as transition state stabilization
is one of the key features of enzyme catalysis. Sequences predicted to efficiently stabilize the
transition state are then experimentally validated. It should be noted that CPD methods optimize
sequence stability, and not catalytic activity. However, by identifying sequences predicted to

efficiently stabilize the transition state of a chemical reaction of interest, catalytic activity can be

inferred.
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Figure 1.5. Ligand placement and matching algorithms used in computational enzyme design.
(A) A protein scaffold and a theozyme (green) with its associated transition state (TS, cyan) are
required as inputs for either algorithm. Although the theozyme and TS are derived from quantum
mechanics calculations, several theozyme rotamers and TS poses are sampled during calculation
to compensate for the use of a fixed protein scaffold during design. Theozyme rotamers are
generated according to user-defined torsional degrees of freedom (y) while TS poses are generated
from each theozyme rotamer using translational (d), rotational (#), and torsional () degrees of
freedom to maintain user-defined catalytic contacts (dashed lines). The various theozyme rotamers
and TS poses are placed inside the active-site pocket of the protein scaffold using either a ligand
placement (B) or matching (C) algorithm. For clarity purposes, only three rotamers each of the
designed catalytic residues Asp and Ser, as well as a single TS binding pose are shown. In ligand
placement (B), the single TS binding pose is generated relative to each of the three catalytic Asp
rotamers (grey boxes). For each of these Asp and TS combinations, the three Ser rotamers are
tested to identify which one(s) form(s) user-defined catalytic contacts (dashed lines). Active sites
containing TS poses that form both catalytic contacts (blue and yellow boxes) are optimized via a
packing step, and are ranked according to their predicted stability. In this example, the blue active
site ranks better than the yellow one. In matching (C), each Asp and Ser rotamer of the theozyme
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is placed in the active site, and the TS pose is built off of each to create the user-defined catalytic
contact. The coordinates of each rotamer and TS pose combination are saved in a hash map
corresponding to the catalytic contact formed. Structurally similar TS poses forming different
catalytic contacts are matched (blue and yellow arrows). Following matching, the active sites are
optimized by a packing step and ranked. In this toy example, both algorithms yield the same
results, however the matching algorithm is more computationally efficient given that it scales
linearly (3 rotamers x 2 catalytic residues = 6 active sites) instead of exponentially (3° = 9 active
sites), as is the case in ligand placement.

However, the success rate of the computational enzyme design procedure remains low and
even when computational enzyme design yields active biocatalysts, catalytic efficiencies (kca/ Km)
obtained are orders of magnitude lower than those of natural enzymes.' These modest catalytic
efficiencies are mostly due to kcar values that are 1-6 orders of magnitude lower than those of
natural enzymes," 7> and not to Michaelis constants (Km), which fall within the range of those
found in natural biocatalysts. This result demonstrates the ability of computational enzyme design
to create active sites capable of productively binding a substrate but that this does not ensure highly
efficient catalysis. Indeed, enzymatic reaction rates are determined by the rate-limiting step of the
complete catalytic process, which may not necessarily be the chemical transformation that is
modeled during design. For example, it has been shown that for many enzymes, product release’
or conformational exchange between various sub-states during the catalytic cycle’* are rate-
limiting. It is thus possible that such processes slow down the rate of reactions catalyzed by de

novo enzymes.

Therefore, in cases where an enzyme catalyzes a reaction of interest but does not bind a
target substrate, it is often preferred to redesign a pre-existing active site of the enzyme rather than
to create a de novo enzyme. By redesigning a pre-existing enzyme, one can benefit from the fact
that catalytic contacts and the conformational exchanges between sub-states during the catalytic

cycle have already been fine-tuned by evolution. Thus, the design problem is reduced to predicting
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mutations to bind the target substrate without disrupting the pre-existing catalytic machinery and

mechanism in any significant way.

1.3 Thesis rationale

1.3.1 Multi-substrate specificity
Computational enzyme redesign has been used to alter the substrate specificity of enzymes

for a variety of applications, which include the change of the cofactor specificity of a xylose
reductase to accept the non-native cofactor NADH rather than the native cofactor NADPH;"° the
redesign of a galactose 6-oxidase to become a glucose 6-oxidase for use in a proposed pathway to
convert D-glucose to D-glucaric acid;’® the redesign of the substrate specificity of a serine
endopeptidase to display proteolytic activity towards o-gliadin, an immunogenic peptide
implicated in celiac disease;’’ and even to redesign a benzaldehyde lyase to catalyze the coupling
of formaldehyde into dihydroxyacetone, called the formose reaction, a reaction not yet found in

nature.’®

It is worth noting that for these SSD examples, the redesign of an enzyme to bind a new
target substrate resulted in significant loss of activity towards the native substrate, an unsurprising
result given that mutations that stabilize binding to the target substrate may no longer be optimal
for productive binding of the native substrate. In the applications described above, specificity
towards the native substrate was either not required to be maintained or undesired. However, many
enzymes require multiple substrates to complete their catalytic cycle.”’ For clarity, these enzymes
will be denoted as “multi-substrate” enzymes. When redesigning a multi-substrate enzyme,
mutations designed to change specificity for one substrate may be detrimental to the binding of a
second substrate. Particularly, when redesigning enzymes that catalyze reactions via a one-site bi

82-83

bi ping-pong (e.g. aminotransferases,?*-%! transketolases,®*3* and lipases®*), both substrates bind in
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the same location of the active site (Figure 1.6b). Therefore, engineering specificity for a target
substrate in the place of one substrate could greatly diminish the binding of the second substrate
and render the enzyme inactive. To avoid this, we believe these enzymes should be treated as
multi-chemical state systems, where all substrates required for a catalytic turnover are modeled.
Multi-chemical state approaches have been developed to redesign substrate specificity in multi-

66.85-86 in both positive and negative designs, but in these cases, the substrates

substrate enzymes,
required for a complete catalytic turnover do not bind in the same position within the active site.

In Chapter 3 of this thesis, we develop multistate methods to redesign multi-substrate enzymes

that catalyze reactions via a one-site bi bi ping pong mechanism.
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Figure 1.6. Active sites of multi-substrate enzymes where both substrates required for a complete
catalytic turnover (a) bind in different active sites or (b) bind in the same active site at the same
place. (a) E. coli dihydrofolate reductase complexed with reduced adenine di-nucleotide phosphate
(pink sticks) and 7,8-dihydrofolate (green sticks) (PDB code: 1RX6%). (b) E. coli Branched Chain
Amino acid Aminotransferase (BCAT) complexed with glutamate (green sticks, PDB: code
1TYE®®) superimposed with E. coli BCAT complexed with a leucine analog (pink sticks, PDB
code: 111L%).

1.3.2 Conformational changes in enzymes
Conformational changes between intermediate sub-states throughout a catalytic cycle are

common to many enzymes such as ribonuclease,”’! dihydrofolate reductase,” chymotrypsin,”>-*

81, 95-97

adenylate kinases,’* aspartate aminotransferase, and T4 lysozyme.”® In most proteins, the

binding of ligands is coupled to conformational changes,”'%

which can be driven by
conformational selection, where the ligand binds to a sparsely populated protein conformation.
Conformational changes can also be triggered by the binding of a ligand to the open
conformational state in an induced fit mechanism to give the preferred ligand-bound closed
conformation. Conformational changes can enhance substrate binding in some enzymes®” and can
induce strain in the catalytic groups to enhance catalysis in others.”® Additionally, conformational

changes allow the enzyme to create a different environment for the active site. Water can be

expelled from the active site, which creates a low dielectric medium where electrostatic
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interactions are enhanced and the pKa of ionizable groups are significantly altered.!! The reaction
takes place in the closed state followed by a conformational change to the open state, where the

product is released.

These conformational changes are directly linked to catalysis and there is evidence that
many enzyme rates are determined by the rate of conformational movement.!” For instance, a
single active site second shell mutation inverted the equilibrium between two catalytically essential
states in proline isomerase CypA and decreased interconversion rate between the two sub-states,
which led to a reduction in catalysis.'®> Two second shell mutations identified via directed
evolution partially rescued the enzyme activity of this single mutant by accelerating the
interconversion rate between the two sub-states.!® This correlation between the interconversion
rate of the two catalytically essential sub-states and the enzyme activity highlights the importance

of conformational dynamics to enzyme catalysis.

A major obstacle in using CPD to design enzymes with high activities is the ability to
determine a priori which enzyme sub-states are functionally important and should be stabilized.
Additionally, it is a challenge to determine which positions to mutate to modulate the equilibrium
between sub-state populations for optimal enzyme activity. In Chapter 4, we develop a multistate
computational framework to identify and design positions for the modulation of conformational

equilibria of enzymes to affect substrate specificity and activity.

1.3.3 Selecting suitable test cases
To develop multistate methods for the redesign of multi-substrate enzyme specificity and

conformational equilibrium, we needed to select enzymes to use as test cases. We were looking
for enzymes with the following features: they catalyze reactions that are industrially relevant; they

can be characterized using a high-throughput assay; and they have crystal structures available in
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the PDB. To redesign multi-substrate enzyme specificity and conformational equilibrium, we also
required enzymes that catalyze reactions using a one-site bi bi ping pong mechanism, and that
undergo conformational changes throughout the reaction mechanism. For both projects, we

selected aminotransferases as model enzymes.

1.4 Aminotransferases

Aminotransferases (ATs), also known as transaminases, (EC 2.6.1.X) are pyridoxal
5’-phosphate (PLP) dependent enzymes that reversibly catalyze the transamination reaction, which
is the transfer of an amino group from an amino donor to an amino acceptor. There are a-
aminotransferases, which convert a-amino and a-keto acids (Figure 1.7); w-aminotransferases,
which can accept substrates with a distal carboxylate group; and amine transaminases, which
accept substrates that lack a carboxylate group. Additionally, the exquisite stereoselectivity,
environmental friendliness, and compatibility with other enzymatic or chemical systems of ATs
have made these enzyme important biocatalysts for the synthesis of chiral primary amines,8 104105
which are important building blocks for bioactive natural products, pharmaceuticals, fine

chemicals and agrochemicals.!%¢-1%7
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Figure 1.7. Transamination reaction catalyzed by a-aminotransferases. In green: the
transamination reaction catalyzed by aspartate aminotransferase (AAT); in blue: the
transamination reaction catalyzed by branched-chain amino acid aminotransferase (BCAT).

1.4.1 Aminotransferase structures
ATs adopt Fold Types I and IV of the PLP-dependent enzyme folds.?!- % In both folds, the

ATs are obligate homodimers with active sites that are composed of residues from both chains.
Most aminotransferases belong to the Fold Type I (Figure 1.8a), with the exception of D-amino
acid aminotransferases (DAAT), branched chain L-amino acid aminotransferases (BCAT), and
(R)-amine transaminases, which adopt Fold Type IV folds (Figure 1.8b).!%"1% When an amino
acid substrate binds to Fold Type I ATs, such as aspartate aminotransferase (AAT), it is oriented
so that its a-carboxylate group lies proximal to the PLP phenolate group and its side chain lies
proximal to the PLP phosphate group (Figure 1.8c). To react with and synthesize L-amino acids,
the catalytic lysine of Fold Type I ATs is positioned on the si face of the PLP while the re face is
solvent exposed (Figure 1.8d). With ATs that belong to the Fold Type 1V, the catalytic lysine is
positioned on the other side of the PLP. For DAAT, the orientation of the substrate/PLP complex
and the catalytic lysine is essentially a mirror image of the Fold Type I active sites, where the
substrate a-carboxylate group and side chain are positioned proximal to the PLP phenolate and

phosphate groups, respectively. Consequently, the repositioned catalytic lysine is now on the re
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face while the si face is solvent exposed, which causes DAAT to react with and synthesize D-
amino acids. In addition to the DAAT family of ATs, there are also BCATSs, which react with
branched chain L-amino acids, in this Fold Type. To react with and synthesize L-amino acids, the
substrate orientation is inverted relative to DAAT and Fold Type I ATs (Figure 1.8¢), where the
a-carboxylate group lies proximal to the PLP phosphate group and the substrate side chain lies

proximal to the PLP phenolate group.

Figure 1.8. Fold Type I and IV aminotransferases. (a) Crystal structure of E. coli AAT, which
adopts a type I fold (PDB ID: 1X28). (b) Crystal structure of Bacillus sp. YM-1 DAAT, which
adopts a type 1V fold (PDB ID: 3DAA). (c) Active site of E. coli AAT. (d) Active site of Bacillus
sp. YM-1 DAAT. (e) Active site of E. coli BCAT (PDB ID: 111L). Chain A is shown in white,
chain B is shown in magenta, and both the catalytic lysine (Lys*) and the substrate-PLP complex
are shown as green sticks. The substrate is labelled next to its side chain.
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1.4.2 Mechanism
The transamination reaction of aminotransferases follows a PLP-dependent one-site bi bi

ping mechanism that comprises various intermediate PLP states along the reaction coordinate
(Figure 1.9). The unliganded aminotransferase contains a PLP cofactor that forms a Schiff base
with the catalytic lysine in the active site, to form the internal aldimine state. The amino donor, an
amino acid, will enter the active site and form a Michaelis complex, which undergoes
transaldimination to yield the external aldimine and release the lysine. Then, the external aldimine
undergoes a lysine-mediated 1,3-prototropic shift to form the ketimine. A water hydrolyzes the
imine bond to form the carbinolamine, which is then hydrolyzed further to release an a-keto acid
and form the pyridoxamine phosphate PLP state. The pyridoxamine phosphate then binds the
amino acceptor co-substrate, an a-keto acid, and the reverse reaction happens to release an amino
acid, regenerate the internal aldimine and restart the catalytic cycle. Conflicting reports disagree
in whether the concerted 1,3-prototropic shift happens in all aminotransferases, or if the H, of the
substrate is shifted to the Cs4a carbon on PLP via two distinct steps and the quinonoid intermediate
(Figure 1.10). However, the quinonoid appears to be an intermediate off of the reaction pathway

in many aminotransferases, including E. coli AAT and Mycobacterium tuberculosis BCAT.!10-112
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Figure 1.10. Quinonoid intermediate.

1.4.3 Assaying ATs
Aminotransferase activity can be measured using a variety of enzymatic assays such as

113 14

radiometric methods, chromatography,!'* capillary electrophoresis coupled with mass

116

spectrometry,'!'> amino acid oxidase (e.g., L-glutamate''®, D-amino acid''” and L-amino acid!!’

118 120

oxidases) coupled assays, and dehydrogenase (e.g., L-glutamate,''® L-leucine,'"” and L-malate
dehydrogenases) coupled assays. In this thesis, aminotransferase activity was measured using the

L-glutamate dehydrogenase (GDH) assay. The GDH assay was selected because it can be used to
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assay any of the >160 currently known D- or L-amino acid specific aminotransferases that use the
a-ketoglutarate/glutamate (D- or L-glutamate) substrate/product pair. Additionally, the GDH assay
is convenient since it is continuous and colorimetric, and because bovine GDH is commercially

available.

In the GDH assay, the L-glutamate produced by the AT transamination reaction is
oxidatively deaminated by the dehydrogenase in the presence of NAD" to produce a-ketoglutarate
and NADH (Figure 1.11), where the increasing NADH concentration can be conveniently
monitored at 340 nm (¢ = 6220 M cm™"). An additional advantage of the GDH assay is that it has
been developed for the high-throughput screening of aminotransferase mutant libraries in clarified

cell lysates,'?! which will be useful for testing computationally designed libraries.
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Figure 1.11. GDH coupled enzyme assay. The transamination reaction catalyzed by L-o-
aminotransferases (AT) produces L-glutamate, which is oxidatively deaminated by GDH (green)
in the presence of NAD". The coupled reaction generates NADH, which results in an absorbance
increase at 340 nm.

1.4.4 Dual specificity of ATs
The nature of the transamination reaction necessitates that ATs must be able to bind two

amino acids with side chains of different shapes and properties in the same active site.

Consequently, different aminotransferases have developed various strategies to display this dual

30



specificity. Most aminotransferases use rearrangement of the hydrogen bonding and salt bridging
network to bind both substrates in the same site. An example is with Paracoccus denitrificans
aromatic amino acid aminotransferase (AroAT), which reacts with L-glutamate and aromatic L-
amino acids.'??"'% Upon binding the acidic substrate analog maleate, an arginine (R292) forms a
bidentate hydrogen bond/ion pair with what would be the side chain carboxylate group (Figure
1.12a). Alternatively, the arginine reorients to point out of the active site when the aromatic
substrate analog 3-phenylpropionate binds (Figure 1.12b). To accommodate this arginine switch,
there is also a large change in the hydrogen bonding network due to the different arginine

orientation.
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Figure 1.12. Active site of P. denitrificans AroAT complexes showing the hydrogen bond and salt
bridge interactions with (a) maleate, MAE, (PDB ID: 1AY5) and (b) 3-phenylpropionate, 3PP,
(PDB ID: 1AY8). Backbone atoms of side chain residues are not shown, except for R292. The
active site residues are labelled with 1-letter amino acid code at the C,. Selected hydrogen bonds
are shown as black dotted lines.

To bind hydrophobic and acidic side chains, the BCAT active site also undergoes hydrogen
bonding rearrangement, but to a lesser extent than what is observed in AroAT. The BCAT active
site is hydrophobic to accommodate the branched-chain amino acids (L-leucine, L-isoleucine, and
L-valine) and contains four hydrophilic residues to bind the glutamate y-carboxylate group (Figure

1.13).88: 198 Because of the simplicity of the dual substrate recognition utilized by BCAT, we chose
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BCAT as our model enzyme in Chapter 3 to develop methods to engineer multi-substrate enzyme

specificity.

a — PRI7 b PRo7

A258

Y129 OG19% Y129

Figure 1.13. Active site of E. coli BCAT in complex with various substrates. Hydrogen bond and
salt bridge interactions with (a) glutamate (PDB ID: 1IYE) and (b) the L-leucine analog 2-methyl-
L-leucine (PDB ID: 111L) covalently bound to PLP are shown as dashed lines. Backbone atoms of
active site residues are not shown. The active site residues are labelled with 1-letter amino acid
code at the Cq. The C,, of glycine is shown as a sphere.

1.4.5 Domain movement during catalysis
Structural studies have shown that E. coli AAT undergoes conformational changes during

transamination between L-aspartate and o-ketoglutarate to form oxaloacetate and
L-glutamate.®!> 97 1 The conformational change is due to the small domain moving towards the
large domain (Figure 1.14), which closes the active site and shields the substrate from solvent
during catalysis. This conformational change is common to other Fold Type I ATs including
P. denitrificans AroAT'?? and Thermus thermophilus HBS glutamine AT.">* The Fold Type IV
E. coli BCAT also undergoes a conformational change, but unlike Fold Type I ATs, BCAT does
not undergo domain movement. Instead, upon binding substrate, the interdomain loop becomes

ordered to close the active site and shield it from solvent.?-%

The conformational equilibrium between the open and closed forms of E. coli AAT is

known to affect substrate specificity.!?>1?® In Chapter 4, we exploit this relationship between
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conformational equilibrium and substrate specificity, and use AAT as a test case for the

development of multistate methods for the modulation of conformational equilibrium of an

enzyme.
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Figure 1.14. AAT domain movement. Superposition of E. coli AAT crystal structures in the open
(PDB: 1ARS) form and closed (PDB: 1X28) form aligned to the static domains (white and grey).
Moving domain is represented by pink (Open) and blue (Closed). PLP is shown as sticks. The
static domain of Chain A is in white and the static domain of Chain B is in grey. The moving
domains of Chain A and Chain B are on the left and right, respectively. The curved arrows
demonstrate the direction of domain movement upon substrate binding.

1.5 Thesis objectives

In Chapter 1, we discussed the application of computational enzyme redesign for
engineering enzymes and the necessity of treating enzymes as multistate systems. We emphasized
that all substrates required for catalysis should be modeled to successfully redesign multi-substrate

enzymes. In Chapter 3, we used BCAT as a test case to develop multistate methods for the redesign
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of multi-substrate enzyme specificity. For the redesign of the BCAT active site (Chapter 3),
rotamer libraries were required to model the substrate side chain in the external aldimine state.
However, these are not available. In Chapter 2, described a methodology to generate a substrate
rotamer library for any small molecule. We also discussed the importance of conformational
dynamics for enzyme catalysis. In Chapter 4, we used AAT as a test case to develop multistate
computational protein design methods for the modulation of conformational equilibrium of an
enzyme to affect catalytic activity and substrate specificity. In Chapter 5, we discussed the
implications of the developed methodologies described in this thesis, how it impacts new enzyme

(re)designs, and future outlooks for the field of computational enzyme (re)design.
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Chapter 2: Rotamer optimization calculations to recapitulate aminotransferase active site
configurations with different rotamer libraries

Antony D. St-Jacques & Roberto A. Chica

2.1 Statement of contribution

Antony D. St-Jacques developed the rotamer library generation method, performed the
CPD calculations, and prepared the chapter. Dr. Roberto A. Chica helped with the design of this

study and editing.

2.2 Introduction

Rotamers are discrete sets of allowed conformations that correspond to local minima on
potential energy maps of organic molecules such as amino acids.!'* 3 Rotamers vary from one
another by rotations around side chain torsion () angles, but not the backbone. Rotamer libraries
that contain rotamers for each type of proteinogenic residue are used for CPD, structure
determination, and structure prediction to approximate side-chain amino acid flexibility. Rotamer
libraries are often derived from statistical analysis of side-chain conformations of proteins and can
be backbone-independent or backbone-dependent.!* 332, As these rotamer libraries are derived
from amino-acid conformers in protein structures, they may not be suitable to model amino acids
that are not bound to protein backbones such as amino acids covalently bound to PLP in

aminotransferase (AT) active sites.

The objective of Chapter 3 is to use CPD to redesign the active site of Escherichia coli
Branched Chain Aminotransferase (BCAT) to catalyze the transamination of L-histidine using
a-ketoglutarate as an amino acceptor. This design involves modeling the side chains of both active-
site residues and amino-acid substrates (e.g., L-glutamate and L-histidine) covalently bound to
PLP. Since the backbone atoms of the substrates bound to PLP in the external aldimine and
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ketimine states are different from those of a protein backbone, it is unclear how well the rotamer
libraries derived from protein crystal structures can be used to model the substrates. To gain
confidence that we could successfully redesign the active site of any aminotransferase for altered
substrate specificity, our goal was to test the ability of different rotamer libraries to recapitulate
the side-chain conformations of residues and substrates observed in crystal structures of

aminotransferase active sites.

2.3 Methods

Throughout this thesis, we are interested in repacking the active-site residues of
aminotransferases that interact with the side chains of various amino acid substrates. To verify the
effect of various rotamer libraries on the accuracy of side-chain repacking, calculations were
performed in which side-chain rotamers were optimized for only active-site residues or substrates,
or for both. Rotamer combinations were evaluated using a four-term potential energy function
consisting of a van der Waals term from the Dreiding II force field*® with atomic radii scaled by
0.9, a direction sensitive hydrogen-bond term with well depth at 8.0 kcal mol™!,*° an electrostatic
energy term modeled using Coulomb’s law with a distance dependent dielectric of 10, and an
occlusion-based solvation penalty term.’” Fast and Accurate Side-Chain Topology and Energy
Refinement (FASTER)? was used to optimize the rotamer configuration of the active sites without
altering the amino acid identity. Importantly, the crystallographic conformer for each designed

active-site residue or substrate was not allowed in these calculations to avoid biasing the

calculation outcome to the crystallographic conformation.

To keep discussion of these designs clear and concise, each rotamer optimization design
will use the nomenclature of SC*Sub’. x states the rotamer library used to model the active-site
side chains (SC), which can be “bbdep”, “bbind”, or “fix”, where “bbdep” and “bbind” refer to the
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Dunbrack 2002 backbone dependent (bbdep) and independent (bbind) rotamer libraries (with
expansions of =1 standard deviation around y1 and y2), respectively, and “fix” means the side
chains were kept in their crystallographic configuration and not altered during the calculation.
Likewise, y states the rotamer library used to model the substrate side chain (Sub), which can be
the bbind rotamer library (bbind), our new Targeted substrate rotamer library (sub), or the substrate
can be kept fixed in its crystallographic configuration (fix). The crystallographic rotamer was not
allowed to be sampled in rotamer optimization calculations, unless the rotamer library was
specified to be fixed. As an example, a design labelled SC*"Sub™ would indicate active-site
side-chain rotamer optimization with the Dunbrack 2002 backbone independent rotamer library
while the substrate was kept fixed in its crystallographic configuration. The structure that was used
as input to a rotamer optimization design will be referred to as the crystallographic structure and
the structure that resulted from a rotamer optimization design will be referred to as the designed

structure.

2.4 Results and Discussion

2.4.1 Structure selection
Aminotransferases adopt two different general folds, termed Fold Type I and IV of the

PLP-dependent enzymes.®! We selected one aminotransferase from each fold type to evaluate
whether the different backbone templates would affect the outcome of our prediction of rotamers
for active-site residues and substrates. E. coli BCAT adopts a Fold Type IV conformation, and we
selected E. coli AAT to represent a Fold Type I aminotransferase. As an amino acceptor,
a-ketoglutarate is converted by AAT to L-glutamate using L-aspartate as an amino donor, while

BCAT does the same but with branched-chain amino acids (e.g., L-leucine) as amino donors.
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Therefore, crystal structures of these amino acceptors and donors covalently bound to PLP were

selected for each aminotransferase for active-site recapitulation.

For BCAT active-site recapitulation designs, we selected a crystal structure containing
2-methyl-L-leucine covalently bound to PLP (PDB ID: 111L*) as an external aldimine complex
analog and a crystal structure containing L-glutamate covalently bound to PLP as a ketimine
complex (PDB ID: 11YE®®). For AAT active-site recapitulation designs, we selected a crystal
structure containing 2-methyl-L-aspartate covalently bound to PLP as an external aldimine
complex analog (PDB ID: 1ART!?) and a crystal structure containing L-glutamate covalently
bound to PLP as a ketimine complex (PDB ID: 1X28°7). When discussing the substrate or PLP
moiety of the substrate-PLP complexes, the substrate moiety will be referred to as the amino acid
form (i.e., Glu to represent the glutamate/a-ketoglutarate-bound substrate moiety), the word
“moiety” will be left out for brevity, and the substrates can be identified by the superscript PLP

(i.e., GIu'?, Leuf'?, Asp™P).

The four crystal structures (i.e., 111L, 1IYE, 1ART, 1X28) were obtained from the PDB
and subsequently prepared (e.g., hydrogens were added, missing residues were modeled) using the
software package Molecular Operating Environment (MOE).!?® The AMBER99 forcefield'? was
used with a combined explicit and implicit reaction field solvent model. The 2-methyl group of
the 2-methyl-L-leucine and 2-methyl-L-aspartate moieties were replaced with a hydrogen atom to
form external aldimine complexes. Hydrogens were added using the Protonate 3D utility within
MOE,!?8 and the structures were solvated in a rectangular box of water with counter-ions (Na* and
CI") under periodic boundary conditions with a box cutoff of 6 A once protonation states and
atomic hybridizations of PLP-substrate were verified to be either external aldimines or ketimines.

The protonation state and hydrogen bonds of PLP were adjusted to be consistent with NMR
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studies.!*® The pyridine and imine nitrogens were protonated, while all phosphate oxygens and the
phenol oxygen were deprotonated. The e-amino group of the catalytic lysine is modeled as neutral
to remain consistent with the catalytic cycle. The energy of prepared structures was minimized
using conjugate gradient minimization to a gradient below 7 kcal mol™' A~!. Water molecules and
counter-ions were removed to yield the input crystallographic structures, which are named using
a [substrate]-[aminotransferase] notation, where the Glu-BCAT, Leu-BCAT, Glu-AAT, and Asp-
AAT structures refer to prepared structures derived from the 1IYE, 111L, 1X28, and 1ART PDB

structures, respectively.

2.4.2 Description of active sites
To identify the best combination of rotamer libraries to use for modelling active-site

residues and substrates in our design calculations, we investigated the ability of our active-site
recapitulation designs to rescue the crystallographic active-site configuration and specific
hydrogen bonds within the active site. Geometric criteria for determining the presence or absence
of hydrogen bonds are adapted from McDonald & Thornton.!3! A hydrogen bond is present if the
hydrogen bond donor and acceptor distance is < 3.9 A; the hydrogen and hydrogen bond acceptor
distance is < 2.5 A; the angle between the hydrogen bond donor, hydrogen, and hydrogen bond
acceptor is > 90 °; the angle between the hydrogen, hydrogen bond acceptor, and an atom
covalently bound to the acceptor is > 90 °; and the angle between the hydrogen bond donor,
acceptor, and an atom covalently bound to the acceptor is > 90 °. To select important hydrogen

bonds to consider within designs, we inspected the active site of the crystallographic structures.

Within the BCAT active site (Figure 2.1), the y-carboxylate group of Glu’'* forms
hydrogen bonds to the side chains of Y31, R97, and Y129, as well as the backbone amide of V109.

Also, R97 is involved in a hydrogen bonding network between Glu''*, Y31, and Y95, where the
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latter residue forms a hydrogen bond to the a-carboxylate group of Glu*'*. A hydrogen bond
network between Y31, Y95, and R97 is also present in the Leu-BCAT structure with Leu’. When
optimizing the side-chain rotamers of BCAT active-site residues, we also included an additional
six residues (Y31, R97, V109, W126, Y129, and E197), which are included in the CPD design

calculations performed in Chapter 3.
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Figure 2.1. E. coli BCAT active site. In both panels, the Glu-BCAT and Leu-BCAT structures are
on the left and right, respectively. (a) Residues within 3 A of the substrate moiety of the PLP
complex and residue E197 are shown as sticks. The C, of G196 is shown as a sphere. (b) Selected
hydrogen bonds between R97 or the Glu™? y-carboxylate group and active-site residues are shown
as black dashed lines. Backbone atoms of side chain residues are not shown except for V109 in
panel (b). The active site residues are labelled with 1-letter amino acid code at the C,.
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Within the AAT active site (Figure 2.2), R292 and W140 can form hydrogen bonds with

PLP or with the B-carboxylate group of Asp”. They were thus

the y-carboxylate group of Glu
included in our rotamer-optimization calculations. AAT active site residues with atoms within 3
A from the side chains of either the Glu or Asp substrates (I17, L18, 137, Y70, W140, R292) were
also included in rotamer optimization calculation, along with active site residues T109, S296, and
N297, which were included because they are active site residues that have been shown to be

important for substrate specificity’ (e.g., T109, N297) or form hydrogen bonds with R292 (e.g.,

$296).

Since our goal is to evaluate the ability of our rotamer-optimization procedure using

different rotamer libraries to recapitulate the crystallographic side-chain conformation of the
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substrates, catalytic lysine (residue 159 in BCAT; residue 258 in AAT) and active-site residues
that hydrogen bond with the a-carboxylate group of substrates were kept in their crystallographic

configurations.
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Figure 2.2. E. coli AAT active site. In both panels, the Glu-AAT and Asp-AAT structures are on
the left and right, respectively. (a) Residues within 3 A of the side chain of the substrate moiety of
the PLP complex and active site residues N297, S296, and T109 are shown as sticks. (b) Selected
hydrogen bonds between the substrate side chain carboxylate groups and active site residues in the
crystallographic structures. The active site residues are labelled with 1-letter amino acid code at
the C,. The active site residues are labelled with 1-letter amino acid code at the C,. Selected
hydrogen bonds are shown as black dotted lines.
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2.4.3 Recovery of active-site residue rotamer configurations
Although backbone-dependent rotamer libraries have been shown to more accurately

predict side-chain conformations in protein design calculations than backbone-independent

libraries,’® 33-34 it

was unclear which rotamer library would be more accurate for recapitulating
substrate rotamers in the aminotransferase active sites. In order to select which rotamer library
(bbdep or bbind) to use to model the active-site residues, we first performed SC**PSub™ and

SCPindSybfix rotamer optimization designs to recapitulate the active-site residue conformations of

the Glu-BCAT, Leu-BCAT, Glu-AAT, and Asp-AAT crystallographic structures.

On both BCAT structures, SC®"Subf* rotamer optimization designs (Figure 2.3b)
resulted in designed structures that contained rotamer configurations with lower all atom active-
site side chain RMSDsc (Table 2.1) to the crystallographic structure than SC*®¥PSub/* designs

(Figure 2.3a), where the sc subscript denotes that only the atoms of rotamer-optimized active-site
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residue were included in RMSD calculations. Notably, the hydrogen bond network between Y31,
Y95, and R97 present in the crystallographic structures (Figure 2.1b) was absent in the designed
structures that resulted from the SCP™PSubf* designs in the presence of both Leu™" and Glu®'?
substrates (Figure 2.3c). Instead, R97 adopted rotamers that were only able to hydrogen bond to
either the Glu™™" y-carboxylate group in the Glu-BCAT designed structure or to the phenolic
hydroxyl group of Y31 in the Leu-BCAT designed structure. Rotamer optimization with the bbdep
library was unable to recapitulate the R97 crystallographic conformer because there is no arginine
rotamer within the correct (Ox¥) bins (® =-120 °, ¥ = +90 ° for Glu-BCAT, ® =-120°, ¥ =
+100 ° for Leu-BCAT) that is similar enough to the crystallographic R97 conformers, which
prevents placement of the guanidinium group in the same position. Due to the specialized
environment of active sites, it was not unexpected that an active site residue (i.e., R97) would
adopt a rotamer configuration that is rare for its (®x¥) bin, and thus a rotamer that is similar to
the rare rotamer configuration would not be included in the bbdep library. On the other hand, the
bbind library contained rotamers similar to the R97 crystallographic conformers. Thus, the
designed structures that resulted from the SC®®™Sub™ rotamer optimization designs contained
hydrogen bond networks between Y31, Y95, and R97 (Figure 2.3d), although the rotamer-
optimized R97 guanidinium group in the Leu-BCAT designed structure was rotated approximately
60 ° along an axis through the C¢ atom that is perpendicular to the guanidinium group relative to
the R97 crystallographic conformer. Additionally, the y1 angle of W126 in the Glu-BCAT designed
structure that resulted from the SC®MSub/* design was rotated 134.3 © relative to the W126

crystallographic rotamer.
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Figure 2.3. Comparison of BCAT crystal and designed structures. (a) SCP®%PSubf*,
(b) SCP*ndSyubfix (e) SCxSubPPind (£) SCPPIdSyBH®INd (g) SCHXSub™®, and (h) SC**MSub™™ rotamer
optimization designs. Residues that were fixed during design are represented as white sticks, and
side chains optimized with either the bbdep, bbind or Targeted rotamer libraries are represented as
pink, green or blue sticks, respectively. Panels (c) and (d) display R97 hydrogen bond networks
from the SC*®¥PSub™ and SC**"ISub™ rotamer optimization designed structures, respectively. In
all panels, structures on the left and right are the Glu-PLP ketimine complex (Glu"") modeled on
the Glu-BCAT template structure, or the Leu-PLP external aldimine complex (Leu’?) on the Leu-
BCAT template structure, respectively. Backbone atoms of side chain residues are not shown
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except for V109. The active site residues are labelled with 1-letter amino acid code at the C,.
Selected hydrogen bonds are shown as black dashed lines.

For the recapitulation of active-site residue rotamer configurations in the AAT active site,
both the SC®™PSubfi* and SC®MSubfi* rotamer-optimization designs yielded hydrogen bonds
between the side chain carboxylate group of the substrates (i.e., Glu™*" and Asp®") and R292.
Interestingly, the Asp-AAT designed structures that resulted from both rotamer-optimization
designs contained side-chain configurations that had identical side-chain RMSDsc from the
crystallographic configurations, although the rotamers selected are different (Figure 2.4a,b).
Similarly, rotamer optimization of the Glu-AAT active site side-chain rotamers with the bbdep
library resulted in a comparable (within 0.01 A) side chain RMSDsc to the designed structure that

resulted from the use of the bbind library (Table 2.1).
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Figure 2.4. Comparison of AAT crystallographic and designed structures. (a) SC*®4PSubf™x,
(b) SCPndgyubfix () SCH*Sub®ind (d) SCPPIndSybnd (¢) SCT*Sub™, and (f) SC®*"Sub® rotamer
optimization designs, superimposed with the crystallographic structures. Residues that were fixed
during design are represented as white sticks, and side chains optimized with either the bbdep,
bbind or Targeted rotamer libraries are represented as pink, green or blue sticks, respectively. In
all panels, structures on the left and right are the Glu-PLP ketimine complex (Glu"") modeled on
the Glu-AAT template structure, or the Asp-PLP external aldimine complex (Asp®*) on the Asp-
AAT template structure, respectively. Backbone atoms of side chain residues are not shown. The
active site residues are labelled with 1-letter amino acid code at the C,.

Our results indicate that rotamer optimization designs with the bbind library to model the
active site side-chains of both BCAT templates result in a lower side-chain RMSDsc from their
respective crystallographic structures and that rotamer optimization designs using both rotamer
libraries perform similarly to recapitulate the active site rotamer configurations of AAT. Thus, for

all further designs, active site residues were modeled with the bbind library.
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Table 2.1. The RMSD of rotamer optimized aminotransferase designed structures from their
respective crystallographic structures.

Rotamer Library RMSD (A)
Structure SC* Subf SC** Sub 't Al
Leu-BCAT bbdep* fix® 1.61 0.00 1.49
bbind’ fix 1.17 0.00 1.09
fix bbind 0.00 0.85 0.32
bbind bbind 1.20 0.85 1.16
fix sub’ 0.00 0.21 0.08
bbind sub 0.82 0.52 0.79
Glu-BCAT bbdep fix 1.89 0.00 1.79
bbind fix 1.68 0.00 1.58
fix bbind 0.00 0.54 0.18
bbind bbind 1.71 0.50 1.62
fix sub 0.00 0.36 0.12
bbind sub 1.66 0.36 1.57
Asp-AAT bbdep* fix® 1.13 0.00 1.09
bbind" fix 1.13 0.00 1.09
fix bbind 0.00 0.10 0.03
bbind bbind 2.08 0.10 2.00/
fix sub’ 0.00 0.04 0.01
bbind sub 1.13 0.05 1.09/
Glu-AAT bbdep fix 1.56 0.00 1.49
bbind fix 1.57 0.00 1.50
fix bbind 0.00 0.19 0.06
bbind bbind 1.64 0.78 1.58
fix sub 0.00 0.08 0.02
bbind sub 1.57 0.47 1.51

“Rotamer library used to model protein side chains. TRotamer library used to model substrate side
chain. *Dunbrack 2002 backbone-dependent library with expansions of + 1 standard deviation
around y1 and y2. ¥The conformers were fixed. TDunbrack 2002 backbone-independent library with
expansions of + 1 standard deviation around y1 and y2. *Targeted substrate rotamer library prepared
in this manuscript. 'The difference in RMSD is due to the Tyr70 conformer change. Without Tyr70,
the RMSD of both instances of this symbol are 1.15 A. **Only the atoms of rotamer-optimized
active-site residue were included in RMSD calculations. 'Only substrate atoms were included in
RMSD calculations. **Rotamer-optimized active-site residue atoms and substrate atoms were
included in RMSD calculations.
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2.4.4 Recovery of substrate rotamers
Next, we tested how well our rotamer-optimization procedure using the bbind library could

PLP

recapitulate the substrate side-chain conformer in SC™*Sub designs with both Glu"'* and

Leu®™ for BCAT, and GIu®'* and Asp®'? for AAT.

In the BCAT designed structures that resulted from the SC™Sub®™ designs (Figure 2.3e),
y angles of the Leu®™ rotamer (y1 =+57.9 °, x2 = +149.8 °) were within 25 ° of the crystallographic
conformer dihedral angles (y1 =+82.1 °, y2=+171.7 °). Likewise, the 1 and y2 angles of the Glu"'"
rotamer (y1 = —55.7 °, yp = +179.3 °) were within 20 ° of the corresponding crystallographic

PLP rotamer

rotamer dihedral angles (1 =—-38.1 °, yo =—171.3 °). However, the y3 angle of the Glu
(3 = +56.0 °) was rotated 36.4 ° relative to the crystallographic conformer (y3 = +92.4 °), which
prevented the y-carboxylate from making the hydrogen bond to Y129 that is formed with the
crystallographic configuration. We also ran SC°*"Syb®®™d designs to test if different side-chain
rotamer combinations of active-site residue could allow Glu"* to make the hydrogen bond with
Y 129 that is present in the crystallographic structure (Figure 2.3f), but the y-carboxylate group of

GIuP™® in the designed structure that resulted from the SC®*"Sub®®™ design also did not form this

hydrogen bond.

For AAT, the side-chain rotamer configurations of both the Asp’'* and Glu’'f substrates
were optimized on their respective backbone templates in SC™*Sub®"! designs (Figure 2.4c). The
rotamer optimization designs yielded designed structures which contained substrate rotamers that
formed hydrogen bonds between the side-chain carboxylate group and the active-site residues
R292 and W140 (Figure 2.4). The Asp-AAT designed structure that resulted from the
SChindSybhind design also contained hydrogen bonds between the substrate Asp’™F, R292, and

W140 (Figure 2.4d). Additionally, the Asp®" rotamer of the SC*"ISub™"! designed structure
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PLP PLP

displayed the same substrate RMSDsu, from the crystallographic Asp™ rotamer as the Asp
rotamer in the SC™*Sub®®"! designed structure (Table 2.1), where the sub subscript denotes that only
substrate atoms were included in RMSD calculations. Because the 1 torsion of Y70 switched from
gauche () in the crystallographic structure to gauche (+) in the Asp-AAT SC®*"Syb*®"d designed
structure, the all atom RMSDay of all active-site residues and the substrate is 2.00 A, where the an
subscript denotes that rotamer-optimized active-site residue atoms and substrate atoms were

included in RMSD calculations. Excluding the Y70 from the RMSDay calculation lowered the

RMSDaiito 1.15 A.
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Figure 2.5. Hydrogen-bond networks of AAT designed structures. Selected hydrogen bonds
between the substrate side-chain carboxylate group and active-site residues from (a) SC™*Sub®?nd,
(b) SCPPindgybind  (¢) SCH*Sub™™, and (d) SC**"ISub™® rotamer-optimization designs. Residues
fixed during design are represented as white sticks, and side chains optimized with either the
bbdep, bbind or Targeted rotamer libraries are represented as pink, green or blue sticks,
respectively. Backbone atoms of active-site residues are not shown. Active-site residues are
labelled with 1-letter amino acid code at the C,. Selected hydrogen bonds are shown as black
dotted lines.

The rotamer configuration of the Glu-AAT designed structure yielded from the
SChPindSyphind  rotamer-optimization design displayed RMSDan and RMSDgsb from the
crystallographic rotamer configuration of 1.58 A and 0.78 A, respectively (Table 2.1). Importantly,
this RMSDgub value is 0.59 A higher than the equivalent value obtained for the designed structure
yielded from the SC™*Sub®" rotamer-optimization design, suggesting that the crystallographic

rotamers of the active-site residues help to select a more accurate rotamer for the substrate.
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Although there are still hydrogen bonds between the y-carboxylate group of Glu™ and R292 in
the designed structure yielded from the SC*®"Sub®®"¢ design, the hydrogen bond configuration is
different: in the crystallographic and SC™Sub®" designed structures, the two O atoms of Glu"*”
form hydrogen bonds to the two guanidinium N, atoms of R292 (Figure 2.1b, Figure 2.5a). In
contrast, only one of the O atoms of Glu’" in the SC®"ISub®"d designed structure makes

hydrogen bonds with both guanidinium N;, of R292 (Figure 2.5b). Additionally, the hydrogen bond

of the GIu*'? y-carboxylate group to W140 is not conserved in this designed structure.

2.4.5 Targeted substrate rotamer library
Since we could not consistently and accurately model Glu™*" in either BCAT or AAT using

the bbdep or bbind rotamer libraries, we decided to generate our own substrate rotamer library.
One option was to use a library of rotamers that have every torsion angle combination in 10 °
increments instead of using the Dunbrack rotamer libraries, which are derived from deposited
protein crystal structures. However, the computational cost to evaluate every torsion combination
would be high because of the resulting large number of possible rotamers (23,328 rotamers total
for glutamate). Also, because internal rotamer energies are not included in CPD energy
calculations, highly strained nonphysical conformations could be chosen over physically relevant
substrate conformations, which severely reduces computational accuracy.!'* Instead, either torsion
terms should be included in energy calculations, which would require altering the energy function,

or libraries that only contain low energy, unstrained rotamers should be used.

Since torsion terms are not included in the CPD calculations performed in this thesis, we
developed a work flow to (1) generate a library of rotamers for a small molecule, and (2) select
low energy rotamers to include in a library (Figure 2.6). To build rotamer libraries for the substrate-

PLP complexes in this manuscript, we extracted the coordinates of the entire substrate-PLP
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complex and built the rotamers by rotating the substrate side-chain torsion angles. Instead of
building rotamers of all dihedral angle combinations, the number of rotamers in the library were
reduced by only building those for every canonical dihedral minima, as described in the Dreiding
forcefield*® (e.g., = 60 °, 180 ° for sp*-sp> bonds), with a deviation of + 10 ° and 20 °. Then, the
internal energy was calculated in vacuo using MOE with the previously described forcefield. The
inclusion of PLP in the internal energy calculations allowed the rejection of rotamers that would
clash with the PLP. Next, the Boltzmann probability of each rotamer was calculated using
Equation 2.1, where, for a given rotamer, i, P; is the probability, E; is the internal energy, ks is the
Boltzmann constant, 7 is the temperature, and # is the number of all rotamers evaluated. The top
95 % of rotamers'*? ranked by probability were included in what we call the Targeted rotamer

library.

e_Ei/kBT

—yn —E;/kgT
Zi=le l/B

Equation 2.1. Boltzmann probability.
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Figure 2.6. Workflow of the Targeted rotamer library generation. (a) Method flow chart. The
potential energy diagram (b) is the result of steps 2 and 3, and accepted rotamers (green) are
selected based on the top 95 % most probable rotamers based on cumulative probability (c).
Rejected rotamers (red) are not included in the rotamer library.

2.4.6 Modeling substrates with the Targeted library '
To test the Targeted substrate rotamer library, we performed SC™Sub* and SC*""dSybs®

rotamer-optimization designs, which are homologous to the designs we used previously to test
how well the bbind library models the substrate conformers, except that the Targeted rotamer

library was instead used to model the substrates.

In the BCAT designed structures that resulted from the SC™Sub*™® designs (Figure 2.3g),

both the Leu" and Glu™" rotamers had a lower RMSDgy to the crystallographic conformers than
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in the SC™Sub®"! designed structures (Table 2.1). Likewise, in designed structures yielded from
SCh*indSyub*® rotamer optimization designs (Figure 2.3. Comparison of BCAT crystal and designed
structures.h), the substrate rotamers displayed a lower substrate RMSDgy (Table 2.1) to the
crystallographic conformers than in SC®®"Sub®®™ designed structures. Importantly, the designed
structures yielded from both the SC™Sub™® and SC**"Sub**® designs contained a hydrogen bond

network between the y-carboxylate group of Glu**, Y31, R97, V109, and Y 129.

As was observed for BCAT, SC™*Sub®® designs on AAT with both substrates (Figure 2.4¢)
resulted in designed structures that displayed a lower all atom substrate RMSDsy, than those
obtained from the SC™Sub®"d designs. When active-site residues are also optimized in the
SChPindSyub design for Asp’" (Figure 2.4f), the designed structure displayed an RMSDay (1.15
A) from the crystallographic configuration that is the same as the SC®*"Sub®" designed structure

if the Y70 residue is not included in the RMSD calculations.

Although the Glu-AAT designed structure yielded from the SC®*"Sub®*® design displayed
a slightly lower all-atom RMSDau than the SC®*™Sub™® designed structure, the Glu™? from the
SChindSyb® design (Figure 2.5d) also hydrogen bonded via only one O to both guanidinium N,
of R292, as was observed in the SC®"Syb®®™ designed structure. However, the rotamer Glu®'?
adopted in the SC*®™Syub*® designed structure allowed the y-carboxylate group of Glu"** to form
a hydrogen bond to W140, which was not present in the SC®*™Sub®®™ designed structure.
Therefore, as was the case in the BCAT designs, modeling the AAT substrate side chains with the
Targeted rotamer library yielded designed structures with substrate rotamers that are closer to the

crystallographic conformers than rotamer-optimization designs that use the bbind library to model

the substrate side chain.
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Designed structures from SC*"Sub**® designs on the Glu-BCAT and Asp-AAT templates
both resulted in substrate rotamers that formed the hydrogen bonds observed in the crystal
structures. However, the SC*™Sub*® design on the Glu-AAT template structure yielded a

designed structure where the Glu"?

rotamer Y torsion angle rotated the y-carboxylate group by
20 ° towards the PLP phosphate group (Figure 2.5d) even though the Targeted library contains a
rotamer that is structurally similar to the one found in the crystal structure (Figure 2.5¢). In the
crystal structure from which Glu-AAT is derived (1X28), there is a water molecule between the
GluP*? y-carboxylate group and the PLP phosphate group. However, in our implementation of
CPD, occlusion-based implicit solvation terms®’ are used in calculations instead of explicit water.
This left a void between the phosphate and y-carboxylate groups, which changed the
conformational energy landscape of the enzyme system and allowed the y-carboxylate group to
move into the empty space. This consequence of excluding explicit water molecules from CPD
calculations is also apparent in the designed structure that resulted from the SC*Sub®*" design
of GluPP in the AAT active site, where the Glu"* y-carboxylate group also moved to fill the empty
space next to the PLP phosphate group (Figure 2.5b). Although solvated rotamer libraries have

been developed,'? they have not outperformed other methods. Therefore, it remains a significant

challenge to incorporate explicit water into CPD calculations.

2.4.7 New substrate on a new backbone
Satisfied that the Targeted substrate rotamer library was sufficient to recapitulate the

crystallographic substrate conformers in the active sites of BCAT and AAT in SC™Sub™® designs,
another Targeted substrate rotamer library was built on the Leu-BCAT crystallographic structure
for the purpose of redesigning BCAT to be more active with L-histidine (see Chapter 3). We
constructed Targeted rotamer libraries for the substrates Glu, Leu, and the tautomers of His, HID

and HIE, where the 3™ letter indicates which nitrogen (8 or €) is protonated. A rotamer from the
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bbind library of each substrate, which contained specific chi dihedral angles that extend side chains
away from the PLP, was threaded onto the PLP in the Leu-BCAT crystallographic structure to
form four individual external aldimine complexes, which were used as templates to generate

rotamers by rotating the side-chain torsion () angles outlined in Figure 2.7a-d.

b C d
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o o (o} 0
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Figure 2.7. Substrate-bound PLP complexes. The torsion angles of amino acids (a) Glu, (b) Leu,
(c) HID, and (d) HIE, bound to PLP as external aldimines. The Glu-bound ketimine is shown in
panel (e), where the atoms C, and Csa are labelled. The Glu-bound ketimine (white) and Glu-
bound external aldimine (blue) model are overlaid onto each other in panel (f), and the PLP is
coloured black. The different w-angles, as defined in panel (a), of the ketimine and external
aldimine are illustrated in panels (g) and (h), respectively.

We also constructed what we call the Global rotamer library, where rotamers are built for
every combination of every torsion angle in 10 © increments instead of being built around canonical
minima such as for the Targeted library (Figure 2.6). For example, 36 conformers would be built
for valine and 1,296 conformers would be built for leucine if only the amino acid side-chains were
rotated. As with the construction of the Targeted library, the internal energy of all these conformers
was calculated in vacuo in the presence of the PLP moiety and the top 95 % most probable rotamers

were incorporated into the Global rotamer library.
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The Targeted library contained 25-52 % fewer rotamers than the Global library, and 54 %
less to 68% more rotamers than the corresponding bbind library (Table 2.2). However, the number
of rotamers for these substrates were at least 6-fold less than if every dihedral combination across

10 ° increments would have been used.

Table 2.2. Number of rotamers included in the backbone-independent (bbind), “Global”, and
“Targeted” libraries built on BCAT and AAT.

Template Substrate 10° bbind Global Targeted

Glu-AAT Glu 23,328 243 NC 261

Asp-AAT Asp 648 81 NC 52
Glu-BCAT Glu 23,328 243 NC 1762
Leu-BCAT Leu 1,296 81 92 44
Leu-BCAT Glu 23,328 243 1,614 764
Leu-BCAT HID 1,296 81 209 150
Leu-BCAT HIE 1,296 81 191 137

10 ° = a rotamer library that contains the maximum number of possible rotamers if side-chain
torsion angles are sampled combinatorially at every 10 © increment.
NC = Not constructed.

We surveyed the distribution of i1 and y» angles for the Leu, Glu, HID, and HIE rotamers
in the bbind, Targeted, and Global rotamer libraries (Figure 2.8a-d), where the Targeted and Global
rotamer libraries were constructed on the external aldimine complex from the Leu-BCAT
backbone template. In general, the Global and Targeted libraries contained rotamers that cluster
around the same 1 and y» combinations as rotamers present in the bbind library, with the Targeted
library containing a smaller number of rotamers at each torsion combination than the Global
library. Specific combinations present in the bbind libraries are absent in both the Targeted and
Global libraries due to steric clashes of the substrate side chain with the additional oxygen in the

a-carboxylate group that is not present in a peptide backbone.
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Figure 2.8. Rotamer library coverage plots for substrates bound to PLP as external aldimines built
on the Leu-BCAT PLP template structure. The distribution of 1 and ¥, torsion angles are shown
for the rotamers of (a) Glu, (b) Leu, and His tautomers, (c¢) HID and (d) HIE. Interpolated y torsions
in panels a-d are shown as white, black, or grey circles, which refer to rotamers from the Dunbrack
backbone-independent, “Global,” and “Targeted” libraries, respectively. The population of y3
torsion angles for Glu for (e) the Dunbrack 2002 backbone-independent, (f) “Global”, (g)
“Targeted”, and (h) Dunbrack 2010 backbone-independent libraries are shown as polar histograms.
The height is the relative population, where the inner circle represents 0 % population and the outer
circle represents 33 % population.

Next, we looked at the distribution of y3 angles of the glutamate substrate across the y-
carboxylate group in the different rotamer libraries (Figure 2.8e-g). Because of the symmetry of
the carboxylate group, angles are only shown up to 180 © and 3 angles measured over 180 ° are
remeasured with the other O¢ atom for incorporation into the polar histogram. The bbind library
treated the y-carboxylate group 3 angles as rotameric, where the y3 angles are distributed across
the three different sp*-sp? dihedral angle minima for carboxylate groups (0 °, +60 °, +120 °, 180°).
Conversely, the Global and Targeted libraries contain rotamers with y3 angles that are distributed
between 0 ° and 180 °, which is similar to the nonrotameric distribution of the Glu y3 angles
observed in the Dunbrack 2010 backbone-independent library®! (Figure 2.8h). The success of the

PLP

Targeted library when modeling Glu™" in the designs discussed in the previous section is likely
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due to treating the y3 angle as nonrotameric. Additionally, the increased distribution of 3 angles

PLP rotamers

is likely the reason for the approximately 7- or 3-fold increase in the number of Glu
included in the Global and Targeted libraries relative to the bbind library, respectively. Since both
libraries cover approximately the same torsion angle distributions, we selected the Targeted library

for design since it has a smaller number of rotamers, which will be important to increase

computational tractability in Chapter 3.

Lastly, we ran rotamer-optimization designs on the Leu-BCAT active site to test how well

we could predict the Glu®™?

carboxylate hydrogen bonds present in the Glu-BCAT crystallographic
structure using both the bbind and Targeted rotamer libraries (Figure 2.9). Both the SC*Sub®®nd
and the SC®MSyub®"d designs on the Leu-BCAT template with the Glu™™" substrate yielded
designed structures that did not contain a hydrogen bond network between the y-carboxylate of the
Glu®™® side-chain, Y31, R97, V109, and Y129 (Figure 2.9a,b). On the other hand, the SC™*Subs*®
and the SC®MSyub™® designs on the Leu-BCAT template with the Glu"'® substrate yielded

PLP

designed structures that contain Glu™" rotamers where the y-carboxylate is positioned in the same

orientation as the y-carboxylate of the Glu™’

crystallographic conformer in the Glu-BCAT
structure (Figure 2.9¢,d). Additionally, the designed structure that resulted from the SCP*"dSybs
design on the Leu-BCAT template with the Glu'? substrate contained a Glu™* rotamer where the

y-carboxylate group of Glu"* forms hydrogen bonds to Y31 and R97, but not to Y129 nor the

backbone amide of V109 (Figure 2.9d).
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Figure 2.9. Rotamer prediction of Glu"*" bound to PLP as an external aldimine on Leu-BCAT
crystal structure. Designed structures obtained from (a) SCH*Sub®nd (b) SCPPIndgypPPind ()
SCH*Sub*® and (d) SC**"ISub® designs of Glu*? on Leu-BCAT are superimposed on the crystal
structure (white). Residues fixed during design are represented as white sticks, and side-chains
optimized with either the bbind or Targeted rotamer libraries are represented as green or blue
sticks, respectively. Backbone atoms of side-chain residues are not shown, except for V109. The
active site residues are labelled with 1-letter amino acid code at the C,. Selected hydrogen bonds
are shown as black dotted lines.

Glu™™® rotamers are unable to adopt the same conformation on the Leu-BCAT structure as

in the Glu-BCAT structure because of the structural difference between the external aldimine and
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the ketimine (Figure 2.7a,e). In the external aldimine, the Cq is sp® and is bonded to H,. However,
in the ketimine, the C, is sp? and the H, atom has been moved to Caa (labelled in Figure 2.7¢).
Additionally, the o angle (Figure 2.7a) differs by 25 ° between the two PLP forms (Figure 2.7g,h).
These differences are apparent in Figure 2.7f, where the Glu'"- bound external aldimine and
ketimine complexes of the designed structures that resulted from the SC®®™Sub™® designs are

PLP

superimposed. The torsion angles of the crystallographic ketimine Glu™" side chain are (y1 = —

38.1°,v2=—171.3 °, y3=492.4 °) and the torsion angles of the optimized external aldimine Glu"?
side-chain rotamer are (y1 = +70.0 ©, y2 =+160.0 °, y3=+172.4 °) or (1 = +70.0 °, y = +160.0 °,
v =+180.0 °) for the SC™*Sub**® or SC**"ISub**® designed structures, respectively. In addition, we
treat each PLP state as a rigid moiety during CPD even though the aldimine and ketimine both
contain single bonds capable of rotation and can translate and rotate in the active site.
Conformational ensembles can be constructed to help alleviate the artefacts of the rigid PLP

approximation, in addition to alleviating the artefacts of the rigid rotamer and fixed backbone

approximations,®® which will be investigated in Chapters 3 and 4.

2.5 Conclusions

In this chapter, we tested the ability of rotamer-optimization calculations with different
rotamer libraries to recapitulate the side-chain conformation of active-site residues and substrates
present in aminotransferase crystal structures. First, we showed that rotamer-optimization
calculations with the bbind library could replicate active-site residue rotamer configurations better

than with the bbdep rotamer library. Next, we showed that the bbind library was also sufficiently

PLP PLP

accurate to model the Glu™**/AspPLf and Leu™" substrates during rotamer optimization designs on

AAT and BCAT with fixed active-site residues. This was not the case for the Glu"™® substrate in

PLP

the BCAT active site. Since properly modeling the Glu™" side chain in the BCAT active site is
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important in Chapter 3, we built our own Targeted rotamer library to model the substrate side
chains. Modeling the Glu®'? side chains with the Targeted rotamer library in rotamer-optimization
designs allowed us to recover the GIu®' side chain in the Glu-BCAT active site and all hydrogen
bonds involved with the GIu®'? y-carboxylate group. The work-flow developed in this chapter can
now be used to generate a rotamer library for any small molecule thereby opening the door to more

accurate design of numerous enzymes.
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Chapter 3: Computational design of multi-substrate enzyme specificity

Antony D. St-Jacques, Marie-Eve Eyahpaise & Roberto A. Chica”

3.1 Statement of contribution

Marie-Eve Eyahpaise helped prepare the combinatorial DNA library and sequenced BCAT
mutants. All CPD calculations and all other experiments were performed by Antony D. St-Jacques.
Experimental design was devised by Antony D. St-Jacques and Dr. Roberto A. Chica. The chapter

was written by Antony D. St-Jacques and edited by Dr. Roberto A. Chica.

3.2 Introduction

The creation of enzymes displaying desired substrate specificity is an important objective
of enzyme engineering. To achieve this goal, computational protein design (CPD) can be used to
identify sequences that can fulfill interactions required to productively bind a desired substrate.'?
Commonly used CPD protocols find optimal sequences in the context of a single state, for example
an enzyme structure with a single substrate bound at its active site.””> '** However, many enzymes

82-83 and

that are important for biocatalytic applications (e.g., aminotransferases,®! transketolases,
lipases®) follow one-site bi bi ping pong mechanisms, which necessitate that two or more
substrates bind to the same active site at different points in the reaction for complete catalytic
turnover.'*> Thus, the computational design of multi-substrate enzyme specificity requires the
ability to optimize sequences in the context of multiple chemical states (i.e., multiple substrates)
because mutations designed to enable the productive binding of one substrate may be detrimental

to the binding of a second substrate.'®

Previously, multistate approaches to CPD have been developed to enable the optimization

of sequences across multiple chemical states.'*” These approaches have been used to design
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transcriptional regulators'®® and enzymes?®> %% 8¢ that can bind a new target molecule. In these
examples, sequences were optimized to bind a single target small molecule ligand, and the alternate

25,86 or an inhibitor-

chemical state was either the unbound state, so as to predict binding affinity,
bound state, so as to identify mutations that confer inhibitor resistance while maintaining catalytic
activity.®® However, multistate CPD has not yet been used to predict sequences that can bind
multiple desired ligands, preventing the redesign of multi-substrate enzyme specificity. Here, we

develop and experimentally-validate a multistate CPD methodology that can optimize enzyme

sequences for productive binding of any number of target substrates.

3.3 Results and discussion

As a test case for the development of this methodology, we selected Escherichia coli
branched-chain amino acid aminotransferase (BCAT), a biocatalyst that has been used for the
synthesis of many unnatural amino acids.!’*'*! BCAT is a pyridoxal 5’-phosphate (PLP)
dependent enzyme that catalyzes the reversible transamination of a-ketoglutarate with branched-
chain amino acids (leucine, isoleucine, and valine). We picked this enzyme because it follows a

110, 142

one-site bi bi ping-pong mechanism and exhibits dual specificity®® towards substrates

containing functional groups of different shapes and properties (Figure 3.1). Furthermore, crystal

83-89 and these show that the side chains of

structures of substrate-bound BCAT are available,
active-site residues interacting with the substrates are not directly involved in catalysis, which

should enable the redesign of its specificity without affecting the catalytic machinery.
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Figure 3.1. BCAT transamination bi bi ping pong reaction of L-leucine (blue) as an amino donor
and o-ketoglutarate (pink) as an amino acceptor.
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As our target substrates, we picked histidine and a-ketoglutarate as amino donor and
acceptor, respectively. Histidine was selected because it is a poor substrate of BCAT (< 1% activity
relative to leucine),!'® and is chemically distinct from both glutamate and leucine, the native
substrates of the enzyme. We selected a-ketoglutarate since its product, glutamate, can be readily
detected using a coupled-enzyme assay that we previously developed to screen aminotransferase

mutant libraries in 96-well plate format.'?!

Analysis of the BCAT crystal structure bound to the 2-methylleucine analog (PDB ID:
111L)* enabled us to identify residues that are involved in substrate binding. These residues
(Figure 3.2) have side chains that point towards the leucine analog, with atoms within 3 A of the
B-isopropyl group of the substrate. During design, these six residues were allowed to sample side-
chain rotamers of all proteinogenic amino acids except proline and lysine, representing a total
sequence space of 3.4 x 107 sequences (18°%). Side-chain rotamers of neighbouring residues

(positions R97, F124, E197) were also optimized but their identity was not allowed to vary.

To ensure that designed sequences are active, our design procedure must be able to identify
active site mutations that allow productive binding of the two target substrates while not
significantly destabilizing the enzyme fold. Therefore, amino acids at the six design positions were
optimized in the context of the histidine- (HIS) and glutamate-bound (GLU) external aldimines
(Figure 3.2). We also included the substrate-free internal aldimine state (PLP) to assess the effect

of mutations on protein stability in the absence of substrate.
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Figure 3.2. Active site of E. coli BCAT containing (a) glutamate- and (b) histidine-bound external
aldimines, or the (c) internal aldimine chemical states. The PLP cofactor and the catalytic lysine
are coloured white, the substrates are coloured magenta, and the residues selected for design are
coloured green, which are labelled by their one-letter amino acid code and residue number next to
their Co. The G196 C, atom is shown as a sphere. In the internal aldimine, the PLP is covalently
bound to the catalytic lysine, K159.
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Using a 100-member ensemble of backbone templates generated to approximate
conformational flexibility in BCAT (section 3.5.3), we performed multistate CPD to optimize
sequences on each individual chemical state (section 3.5.4). It is important to note that each
chemical state comprises a native ensemble of 100 backbone templates of unbound, histidine-
bound, or glutamate-bound BCAT. From every ranked list of scored sequences obtained from each
chemical state calculation, we generated a table of amino-acid probabilities at each designed
position based on the Boltzmann distribution (section 3.5.5). These probabilities reflect the
predicted ability of each amino-acid type at every design position to productively bind the target

substrates (HIS and GLU) or stabilize the enzyme fold (PLP).

The tables of probabilities generated for individual chemical states (Table 3.1-3) are
displayed as sequence logos in Figure 3.3. As expected, each sequence logo is unique,
demonstrating that mutations that stabilize one chemical state may have a detrimental or neutral
effect in another chemical state. For example, in the GLU state, the asparagine mutation is favoured
at position 109 (95.1%), but this mutation has a probability of 11.3% in the HIS state and < 0.1%
in the PLP state. This result is unsurprising given that arginine forms stronger favourable
interactions with glutamate than with histidine or the internal aldimine (Figure 3.4). Similarly,
histidine at position 196 has a high probability in the PLP state (> 99.9%) because it forms
stabilizing interactions with the active-site pocket. However, H196 has low probability in the GLU
and HIS states (< 0.1%) because the active site residues adopted a less energetically favourable
rotamer configuration to avoid clashes between the glutamate and histidine substrates with the
H193 imidazole side chain. On the other hand, high-probability amino acids at some positions are
very similar across all chemical states (e.g., positions 31 and 126). This result suggests that those

residues are important for stability of the BCAT fold because they have a stabilizing effect
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independent of the presence, absence, or identity of the substrate. In light of these results, we
hypothesized that positions where high-probability amino acids vary significantly across chemical
states are likely the ones that are important for controlling the enzyme’s substrate specificity, and

should be the focus of our multi-chemical state design.

Table 3.1. Position Probability Matrix of HIS state.

HIS 31 109 126 129 196 258
A |< 0.1 0.2 < 0.1 [ 0.1 6.1 < 0.1
C < 0.1 2.0 < 0.1 [<0.1]|] 76.6 | 0.1
D |<©8.1/]<90.1|<0.1 |<0.1/<0.1|< 0.1
E |<0.1|{<0.1|] <90.1 |[<0.1/{<0.1|< 0.1
F 34.6 | < 0.1| < 0.1 99.1 | < ©0.1|< 0.1
G [<90.1/<90.1|<0.1 |[<0.1| 13.5 |< 0.1
H < o.1 0.8 < 0.1 0.7 < 0.1|/< 0.1
1 < 0.1 23.1 < 0.1 [<0.1|<0.1/< 0.1
L |<0.1| 1.2 < 0.1 |[<0.1/<0.1|< 0.1
M 19.7 53.5 < 0.1 [<0.1|<0.1] 95.9
N (< 0.1 11.3 < 0.1 [<0.1|<0.1/< 0.1
Q |<0.1] 7.9 | <0.1 [<0.1|<0.1]|< 0.1
R |<90.1|<0.1| <0.1 |[<0.1|<0.1|< 0.1
S <0.1{<0.1] <0.1 |<0.1 3.6 0.7
T <0.1{<0.1] <0.1 |<o0.1 0.2 3.4
V |<0.1]<90.1]<0.1 |[<0.1|<0.1|< 0.1
W |<0.1]<0.1]>99.9(<0.1/<0.1|< 0.1
Y 45.6 | < ©0.1| < 9.1 |[<©0.1|<0.1|< 0.1
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Table 3.2. Position Probability Matrix of GLU state.
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Table 3.3 Position Probability Matrix of PLP state.

PLP 31 109 126 129 196 258
A [<90.1|<0.1|/<0.1| 0.2 < 0.1 |<o0.1
C < 0.1/< 0.1 0.3 0.8 < 0.1 0.1
D [<©0.1|<0.1/<0.1|<0.1| <0.1|< 0.1
E |<0.1]/<0.1({<0.1/<0.1|<0.1|<0.1
F 57.4 | < 0.1/<0.1|<0.1| <90.1 |< 0.1
G |<90.1|<0.1|/<0.1|<90.1| <90.1 |< 0.1
H < 0.1/]<0.1(<0.1 0.1 >99.9|«< 0.1
I < 0.1| 27.0 | 0.1 0.1 < 0.1 |< 0.1
L |<0.1{<0.1{<0.1/<0.1|<0.1 < 0.1
M | < 0.1 3.9 < 0.1 0.4 < 0.1 [<0.1
N < 0.1/]<0.1(<0.1 0.5 < 0.1 86.9
Q < 0.1 0.7 < 0.1| 64.8 < 0.1 12.8
R < 0.1 0.3 < 0.1 2.5 < 0.1 [<0.1
S < 0.1 0.6 0.2 30.6 < 0.1 0.3
T 0.2 37.4 | < 0.1|<0.1] < 0.1 0.1
\Y% < 0.1| 30.0 [<0.1|<0.1] <0.1 | 0.1
W |[<0.1|<0.1] 99.3 |[<0.1| <90.1 |< 0.1
Y 42.4 | < 0.1|<0.1(<0.1|] <0.1 |<0.1

Y31 V109 W126 Y129 G196 A258

FCM
BCS
SHN

EES

Figure 3.3. Comparison of position energy matrices generated using different chemical states. The
height of the letter corresponds to the probability of the amino acid at that position from the
position probability matrix. Amino acids with less than 1% probability are not included.
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Figure 3.4. Effect of mutations shown in CPD models on the GLU, HIS, and PLP chemical states.
(a) wild type, (b) V109N variant, (¢) G196H variant, (d) V1091 variant. The PLP cofactor and the
catalytic lysine are coloured white, the substrates are coloured magenta, and the residues that have
been rotamer-optimized are coloured green, which are labelled by their one-letter amino acid code
and residue number next to their Cy. In the internal aldimine, the PLP is covalently bound to the
catalytic lysine, K159.
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To design BCAT wvariants that can catalyze the transamination of histidine with
a-ketoglutarate, we evaluated mutations in the context of all three chemical states. This was done
by first averaging the energies obtained for each BCAT sequence on all chemical states, and then
using these average energies to generate a table of probabilities for the HisGIuPLP state. As
expected, the multi-chemical state sequence logo (Figure 3.3) was unique but contained many of
the high-probability amino acids from each individual chemical state. Interestingly, most positions
included a combination of the highest probability amino acids from more than one chemical state
(e.g., positions 31, 126, and 129), suggesting that those positions are not important for substrate
specificity. However, some positions (e.g., positions 109 and 258) favoured mostly the high-
probability amino acids from only one of the chemical states. For example, all amino acids having
a probability > 1% in the HisGluPLP state at position 109 are the same as in the HIS state. This
result suggests that these mutations may be beneficial for productive binding of one of the
substrates (in this case histidine) without being destabilizing to the enzyme fold or detrimental for

binding of the other substrate (i.e. glutamate).
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Table 3.4. Position Probability Matrix of HisGluPLP state.

HisGluPLP 31 109 126 129 196 258
A < 0.1/<0.1|<0.1 |<0.1|] 3.6 | 0.1
C < 0.1 0.5 < 0.1 [<0.1]| 54.9 0.8
D < 0.1/<0.1|<0.1 |<0.1|/<0.1|< 0.1
E <0.1/<0.1]<0.1 |[<0.1/<0.1|< 0.1
F 27.4 | < 0.1 < 0.1 52.2 | < ©0.1|< 0.1
G <0.1{<0.1]<0.1 |<0.1|14.7 |< 0.1
H < 0.1/<0.1| <o0.1 1.5 |[<0.1|< 0.1
1 < 0.1] 26.6 < 0.1 [<0.1|<0.1/< 0.1
L <0.1/<0.1]<0.1 |[<0.1/<0.1|< 0.1
M < 0.1] 22.3 < 0.1 [<0.1|<0.1]| 16.3
N < 0.1 9.0 < 0.1 4.1 1.2 1.1
Q < 0.1]| 39.5 < 0.1 1.0 < 0.1|/< 0.1
R < 0.1{<0.1] <20.1 28.7 | < ©0.1|< 0.1
S <0.1|{<0.1] <o0.1 12.5 22.9 79.5
T < 0.1 0.7 < 0.1 [<@0.1 2.7 2.3
\Y < 0.1| 1.0 < 0.1 |[<0.1/<0.1|< 0.1
W <0.1{<0.1[>99.9|<0.1|<0.1|< 0.1
Y 72.5 | < 0.1 < 0.1 |[<0.1|<0.1|< 0.1

Next, we used the probability table of the HisGIuPLP state (Table 3.4) to generate a
combinatorial library with the CLEARSS method®® that includes the top amino acids that are
predicted to productively bind both histidine and glutamate without significantly destabilizing the
enzyme, as well as the wild-type residue at that position. This yielded a 32-member library
containing I/M/Q/V, F/Y, C/G, and A/S at positions 109, 129, 196, and 258, respectively.
Screening of this library for enhanced transamination activity with histidine (> 300% wild-type

activity) yielded four active mutants containing one or two mutations (Table 3.5).
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Table 3.5. Apparent kinetic parameters of E. coli BCAT and its mutants for transamination of
histidine with a-ketoglutarate as an amino acceptor

Enzyme Ky (mM) keat (s71) keat/ KM~ s71)  Relative keat / Km

Wild type 162 0.022 £ 0.002 14+0.2 1
V109I/G196C 52+0.3  0.332+0.007 64 +4 46
V1091 3.5+04 0.161 £0.006 46+ 6 33
VIOOU/Y129F 3.3+0.2 0.0414 +0.0008 12.4+0.7 9
V109M/G196C 36 +4 0.28 £ 0.02 8+ 1 6

For all reactions, the acceptor substrate was 0.5 mM a-ketoglutarate
All reactions were performed in triplicate (n = 3, + s.d.)

The most active variant (V1091/G196C) displayed an apparent kca/Km for histidine
(kea/ Km'™) of 64 £ 4 M™! 57!, which is approximately 50-fold higher than the corresponding value

for the wild type. Interestingly, although the binding of the substrate was targeted in design, the

K of this variant was only reduced 3-fold relative to wild-type (WT) while kca™ increased 15-

fold, even though our computational procedure does not explicitly design catalytic rates. The

V1091 mutation that is present in 3 of the top 4 BCAT mutants results in a 7-fold increase in kca™"™

and a 5-fold decrease in Km™ relative to WT whereas the G196C mutation results in a 5-fold

higher kca™ and a 2.5-fold higher Km!™ relative to WT (Table 3.6). These results suggest that the

V1091 and G196C mutations act synergistically to increase the kea/ Ky in the most active variant.

As is the case for V1091/G196C, the kea™ for two of the other three most active mutants was

increased more than the Ky was decreased.
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Table 3.6. Apparent kinetic parameters of additional BCAT mutants from the screened 32-member
library for transamination of histidine with a-ketoglutarate as an amino acceptor

Enzyme Kwm keat keat/ Km - Relative
(mM) s M5 kea! Kn
Wild type 16 £2 0.022 £0.002 1.4+0.2 1
G196C 41+3 0.103 = 0.005 25+0.2 1.78
V109M/Y 129F 6+03 0.0046 +£0.0001 0.77+0.04 0.55
V109M 48+ 6 0.030 +0.003 0.6+0.1 0.4
Y129F 98+09 0.0042 £0.0002 0.43 +£0.05 0.31
VI109M/Y 129F/G196C/A258S 14+5 0.004 +0.0008 0.3+0.1 0.21
V1091/Y129Vv? 1.7+0.1 0.118 £0.003 68+6 49
V1091/Y 12917 1.61 £0.08 0.0324 +0.0005 20+ 1 14

a BCAT mutants identified from saturation mutagenesis.
For all reactions, the acceptor substrate was 0.5 mM a-ketoglutarate
All reactions were performed in triplicate (n = 3, + s.d.)

Table 3.7. Apparent kinetic parameters of E. coli BCAT and its mutants for transamination of
leucine with a-ketoglutarate as an amino acceptor

Leucine® a-ketoglutarate®
KM kczn kcat/ KM KM K) ¢ kcat kczn/ KM
Enzyme (mM) (s M s (mM) (mM) (s (M5

Wild type 0.106 + 0.006 1.19+£0.02 11200+ 700  0.060+0.004 13+0.1 1.28 +£0.04 21000 + 2000
V1091/G196C  0.150+0.005  1.042 +0.007 6900 + 200 0.075+0.006 3.0+0.3 0.64+£0.02 8600 + 800

V1091 0.084 + 0.006 2.24+0.03 27000 +£2000 0.035+0.004 19+0.2 0.33+0.01 9000 + 1000
V1091/Y129F 0.14 £ 0.02 0.213 £0.005 1500 + 200 0.21+0.01 29+£02 0.266+0.007 1240 + 80
V109M/G196C  0.175+0.008  0.927 + 0.009 5300 + 200 0.039+£0.005 23+0.3 0.205=+0.009 5200 + 700

? For all reactions, the acceptor substrate was 0.5 mM a-ketoglutarate
b For all reactions, the donor substrate was 2 mM leucine

¢ Substrate inhibition constant

All reactions were performed in triplicate (n = 3, + s.d.)

To evaluate the effect of the mutations on the native activity, we determined the apparent
kinetic parameters for both leucine and o-ketoglutarate. The kca/Km for leucine (kea/ Kmt®) was
decreased for 3 out of 4 mutants, with the only exception being the V1091 mutant (Table 3.7),
whose kea/ K is 2.4-fold higher than that of the WT. This increase in specificity for leucine is

Leu

mostly due to an approximately two-fold higher kc.**, which suggests that the V1091 mutation

increases turnover rates for both amino donor substrates (L-histidine and L-leucine). However, in
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all cases, the kca/Km for a-ketoglutarate was decreased (2- to 17-fold), which is mostly due to
decreases in keat for this acceptor substrate (2- to 6-fold). The lowered Kv for the two amino acids
and a-ketoglutarate observed for the V1091 mutant suggests that this mutation plays a role in

improving productive binding of these substrates.

In contrast, the V1091/G196C mutant displayed an increase in Km® and Kn*X% of 40%
and 25% relative to WT, respectively. Despite the fact that the V109/G196C mutant is
approximately 100-fold more active towards the native substrate leucine than towards the target
substrate histidine, its increased specificity (kca/Km) towards histidine is accompanied by a
significantly decreased specificity towards the native substrates leucine and o-ketoglutarate.
Although a large decrease in specificity towards native substrates may be desirable for some
applications, it is likely that negative design will be required to generate a biocatalyst that is more
active towards a new target substrate than its native substrate, for example if the goal is to generate

a histidine aminotransferase from BCAT.

Interestingly, the majority of BCAT variants displaying high transamination activity
towards histidine contain the V1091 mutation. Indeed, the V1091 single mutant displays the second
highest activity towards L-histidine of all the BCAT mutants characterized due to an increase in

His

cat’™ and a decrease in K™

relative to WT. To gain a better understanding of the functional effect
of the V1091 mutation, we analyzed the structure of the models derived by CPD for these mutants.
The CPD models (Figure 3.4d) reveal that the longer B-ethyl group of 1109 adopts a position
underneath the side chain of the histidine and glutamate substrates. Possibly, the V1091 mutation
restricts the conformational flexibility of the substrate side chains, which limits the nonproductive

conformations that the side chain can adopt.
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Overall, our computational library design procedure was able to design a 32-member
library which contained four mutants that displayed a significant increase in kca/ Km (6- to 46-fold)

towards L-histidine, representing a hit rate of 12.5%.

3.3.1 Contribution of each chemical state to prediction accuracy
In the previous section, our computational procedure with the chemical state HisGluPLP

allowed us to design a 32-member that contained mutants that displayed up to a 46-fold increase
in kca/ KM towards L-histidine. To test if our computational procedure could have done better, we
tested our method with different chemical states. Although we cannot say other sequences were
not active with L-histidine, we looked at the minimum library size (MLS) required by our library
design procedure to design a library that contains the BCAT mutants most active with L-histidine
to compare the predictive power of different chemical states (Table 3.8). In this analysis, the
application of our library design procedure with a highly predictive chemical state would require
a small MLS to include all the BCAT variants with enhanced activity towards L-histidine. For
comparison, our library design procedure with the HisGluPLP state would have included 3 of the

top 4 BCAT variants in MLS of 24 members.
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Table 3.8. Minimum library size required to predict BCAT mutants for a variety of chemical states

Mutant His Glu PLP HisGlu HisPLP HisGluPLP
Mean® Max? Mean® Max? Mean® Max?

V109I/G196C 24 375 >500 100 36 108 144 24 32

V1091 12 75 36 50 18 20 8 12 32
V109I/Y129F 12 75 260 50 18 50 175 12 >500

VI10OM/G196C 16 375 >500 36 60 81 192 32 72

VI109I/Y129V  >500 >500 >500 >500 >500 170 425 170  >500
? Mean and Max indicate that the fitness function used during design is the mean or maximum
energy across multiple chemical states, respectively.

First, we tested how predictive a chemical state that used a scoring function that took the
maximum sequence energy between the HIS, GLU and PLP states (i.e., the HisGluPLPwmax state)
would have been if were used during our library design procedure. If we had used the
HisGluPLPwmax state, the MLS to include 3 of the 4 mutants would have risen to 72 members, which
suggests that a fitness function that takes the average ensemble score of all the chemical states is
better than a fitness function than the maximum sequence energy between the chemical states.
Next, we tested chemical states that were only composed of the HIS and GLU states (i.e., HisGlu)
or the HIS and PLP states (i.e., HisPLP). The MLS analysis revealed that the HisGluPLP state was
more predictive than both the HisGlu and HisPLP states, which suggests that consideration of as
many relevant chemical states as possible for the redesign of a multi-substrate enzyme may be

beneficial.

In order to assess contributions of each individual chemical state to the HisGluPLP state,
we looked at the MLS required for our library design method to predict the 4 BCAT variants for
each individual chemical state. Interestingly, library design with the single-chemical state HIS
would have included the 4 BCAT variants with MLSs less than or equal to the MLSs for library

design with the HisGluPLP state. Alternatively, library design with either the GLU state or PLP
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state would have required an MLS at least 3-fold higher than library design with the HisGluPLP

state to include any of the 4 BCAT variants.

The low MLS required for library design with the HIS state and the high MLS required for
library design with the PLP state suggests that the HIS state likely had the largest contribution
towards the success of the HisGIuPLP chemical state to predict BCAT variants that display
enhanced transamination activity towards L-histidine relative to WT, while the PLP state removed
mutations that significantly destabilize the enzyme but form stabilizing nonproductive interactions
with substrates. The high MLS of the GLU state suggests that the GLU state predicted mutations
that contribute to interactions not necessarily beneficial to either activity, specificity, or stability.
Additionally, the HIS state was the only single chemical state where the V1091 and G196C
mutations both had probabilities > 2% in the PPMs and sequence logos (Figure 3.3), which also
indicates that the HIS state contributed the most towards the HisGluPLP state for the prediction of

the V1091/G196C double mutant.

The success of the HIS chemical state is likely because L-histidine is a poor substrate for
WT BCAT and because a-ketoglutarate is a natural substrate of WT BCAT. Therefore, although
mutations that are beneficial for the transamination of L-histidine may be detrimental to L-leucine
and o-ketoglutarate transamination, the BCAT active site was optimized for its natural substrates
enough that the transamination of L-leucine and a-ketoglutarate still proceeds more efficiently than
for L-histidine. Although the success of the single HIS state suggests that the consideration of
multiple chemical states was not required for the redesign of BCAT to catalyze the transamination
of L-histidine and a-ketoglutarate, the methods now exist to incorporate multiple chemical states

for applications that do require it.
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3.3.2 Comparison to other methods
A strategy that has been used to engineer proteins is iterative saturation mutagenesis

(ISM).!#3-145 ISM is a rational design approach consisting of iterative rounds of saturation
mutagenesis at user-defined sites in an enzyme structure. After each round of saturation
mutagenesis, the gene of the most improved variant then serves as a template for another round of
saturation mutagenesis at the respective other sites. This process is continued until a mutant variant
displays the desired trait. Application of ISM would have required saturation mutagenesis of the
six designed positions, which means 324 colonies (6 positions x 18 amino acids X 3 to ensure 95%
sequence coverage'*®) would have been required to be screened in the first round to identify the
V1091 mutant alone. Additional rounds of saturation mutagenesis of the remaining 5 positions
with the V1091 variant (an additional 270 variants to screen) would have been required to identify
the V109I/G196C double mutant. For comparison, our library design procedure with either the
HisGIuPLP chemical state or the HIS chemical state would have predicted a 24-member library
that included both the V1091/G196C double mutant and the V1091 single mutant, which would
have required only 72 variants to have been screened to ensure 95% sequence coverage'*® of the

library.

Another common protein engineering strategy is directed evolution,*” which mimics
evolution by artificial selection. Random mutations are introduced to an existing protein. The
progeny proteins are screened for an improved trait. The improved proteins then serve as parents
for the next round of mutation and this process is continued until a mutant variant displays the
desired trait. The library design we developed was also significantly more efficient than directed
evolution to change substrate specificity, for which the frequency of beneficial mutations in
random libraries is on the order of 0.1%.'*® For example, Yano et al.'* engineered aspartate
aminotransferase to be >10° times more active towards branched chain amino acids with 5 rounds
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of directed evolution with 10%-107 variants per round, which is on average a 10-fold increase in
activity per round. In another example, in a second round of directed evolution, Savile et al.!>
screened 2,880 (R)-selective transaminase (ATA-117) mutants to identify a variant that displayed
a 75-fold increase in activity relative to the parent enzyme towards the amination of prositagliptin
ketone to provide enantiopure sitagliptin, which is a hit rate of 0.03%. In contrast, our

computational procedure was able to yield four mutants that displayed a large increase in kca/Km

(6- to 46-fold) from a library that contained just 32 variants, which represents a hit rate of 12.5%.

3.4 Conclusions

The multi-chemical state CPD framework presented here incorporates multiple chemical
states into the redesign of enzymes that require multiple substrates to undergo a complete reaction
mechanism. The method helps to generate mutant libraries that are rich in diversity and are
enriched in functional proteins. Here, we used the framework to redesign the BCAT active site to
enhance its ability to catalyze the transamination of L-histidine using a-ketoglutarate as an amino
acceptor. Our best BCAT variant from a library of 32 members displayed a L-histidine
transamination activity 50-fold higher than WT BCAT. If desired, this variant could be improved
through additional rounds of design or directed evolution. Although the inclusion of multiple
chemical states was not necessary in this application, the method developed here can be used in

applications where multiple chemical states are required.

3.5 Materials and methods

3.5.1 Selection of the intermediate PLP states to model.
The aminotransferase reaction mechanism comprises several intermediate PLP states.

Ideally, every PLP state along the reaction coordinate would be included in our computational

procedure to ensure that designed sequences retain catalytic efficiency. However, a BCAT
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structure has not been solved for every intermediate PLP state along the reaction coordinate. The
external aldimine state was selected as the template for design since a BCAT crystal structure
containing this state is available.?* Additionally, the amino-acid moiety in the external aldimine
state is structurally similar to an amino-acid residue on a peptide chain, with the sp* C, atom bound
to carboxylate and amino groups via single bonds. This allowed us to parameterize substrates with
the van der Waals and partial charge parameters used for its amino acid residue counterpart in the
PHOENIX force field. Since the enzyme must also be stable in the absence of substrate, the

substrate-free internal aldimine was included in our design procedure.

3.5.2 Structure Preparation
The BCAT crystal structures 11113 and 111K®° were obtained from the PDB. The BCAT

structures crystallized as a homo trimer. The symexp function of PyMol (DeLano Scientific) was
used to reconstruct the hexamer structure. Then, the coordinates of the dimer containing the A
chain from the original crystal structure was extracted and used for further structure preparation.
The 1I1L structure contains the substrate analogue 2-methylleucine covalently bound to PLP in
the external aldimine form. The 2-methyl group was removed and replaced with a hydrogen atom

to form a leucine-bound external aldimine.

Although the 111K crystal structure was the open conformational state of BCAT containing
the internal aldimine, it could not be used as a template in computational calculations because
electron density of the interdomain loop (P125 to E136) that hangs over the active site entrance is
missing. To prepare an internal aldimine model, the coordinates of the PLP, Y164, Y31, and the
catalytic K159 were taken from the 111K structure and transplanted into the 111L structure. This

structure 1s used to model the closed internal aldimine structure.
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All structures have been prepared using the software package Molecular Operating
Environment (MOE).!?® The AMBER99 force field'? was used with a combined explicit and
implicit reaction field solvent model as implemented by MOE. Hydrogens were added using the
Protonate 3D utility, and the structures were solvated with counter ions (Na“ and CI") in a
rectangular box of water under periodic boundary conditions with a box cutoff of 6 A once
protonation states and atomic hybridizations of PLP-substrate were verified to be external or
internal aldimines. The protonation state and hydrogen bonds of PLP were adjusted to be consistent
with NMR studies:'*° the pyridine and imine nitrogen atoms were protonated, while all phosphate
oxygens and the phenol oxygen were deprotonated. The e-amino group of the catalytic lysine was

modeled as neutral to remain consistent with the catalytic cycle.

3.5.3 MD ensemble generation
The prepared leucine-bound external aldimine and internal aldimine structures were

minimized by conjugate gradient to a root mean square gradient (RMSG) of below 0.1 kcal mol ™!
A~ These two seed structures were heated to 300 K over a course of 10 ps and equilibrated for 10
ps, which was followed by a 1 ns 300 K NPT production run. 100 structures were extracted from
each trajectory at 10 ps intervals and were minimized to a RMSG below 7 kcal mol ™! A~!, a RMSG
that gave favourable results to Davey et al.*® The 100-member ensemble derived from the leucine-
bound external aldimine structure is called MDgx. The deviation from the input structure and
diversity of the MDgx ensemble is 1.0 = 0.1 A and 0.8 + 0.2 A, respectively. The 100-member
ensemble derived from the internal aldimine is called MD, and its deviation from the input

structure and diversity of the MDy ensemble is 0.9 £ 0.1 A and 0.8 + 0.1 A, respectively.

3.5.4 Computational details
The backbone-independent Dunbrack rotamer libraries®® with expansions of £1 standard

deviation around y1 and y» were used to model side-chain conformations and the Targeted substrate
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rotamer libraries generated in Chapter 2 were used to model the substrate conformations while the
PLP moiety of the external or internal aldimine was kept fixed. Both neutral tautomers of histidine,
HID and HIE, where the 6- and e-imidazole nitrogen is protonated, respectively, were included
when modeling this substrate. Rotamer combinations were evaluated using a four-term potential
energy function consisting of a van der Waals term from the Dreiding II force field®® with atomic
radii scaled by 0.9, a direction sensitive hydrogen-bond term with well depth at 8.0 kcal mol™!,*
an electrostatic energy term modeled using Coulomb’s law with a distance dependent dielectric of
10, and an occlusion-based solvation penalty term.?’ Fast and Accurate Side-Chain Topology and

Energy Refinement (FASTER)?>?* 7 was used to optimize sequences for single- and multistate

designs.

In order to develop a multistate method for the design of multi-substrate enzyme
specificity, we need to compare the score values for each sequence across many chemical states
(e.g., HIS, GLU, PLP). However, the sequence space that we propose to search is very large, which
makes it intractable to instantiate every possible sequence on every chemical state. On the other
hand, sequences could be simultaneously optimized in the context of every chemical state using a
multistate design framework, but this could result in a sequence space search that is heavily biased
by the chemical state that contributes the most to the fitness function used during optimization.
Thus, a new multistate method was developed to enable the design of multi-substrate enzyme

specificity (Figure 3.5).

In this method, we start by generating backbone ensembles of the enzyme in each of its
three chemical states. This is done to approximate the intrinsic flexibility of the protein, which we
have shown improves the accuracy of design predictions. Next, the design positions are divided

into separate design calculations that we call sub-designs. This is done so that the number of
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possible sequences that are to be rotamer-optimized can be reduced to a value that is
computationally tractable. Importantly, each sub-design must contain at least one design position
in common with each of the other sub-designs (Table 3.9). This overlap in design positions is
necessary to ensure that results from each sub-design can be recombined to yield a single set of

mutations predicted to satisfy the design objective.
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Figure 3.5. Sequence optimization scheme for a single chemical state. Step 1. The design is divided
into sub-designs to allow a full search of sequence space. Step 2. Each ensemble member is
rotamer-optimized in the context of each sub-design to yield a list of scored sequences for each
ensemble member. Step 3. The Boltzmann weighted average is taken over all ensemble members
to create a single list of scored sequences for each sub-design. Step 4. The lists of scored sequences
are converted to position energy tables for each sub-design. Step 5. The sub-design position energy
matrices are combined into a final position energy matrix. Step 6. The position energy matrix is
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converted into a position probability matrix. Step 7. The position probability matrix is used to
design a combinatorial library of a target size.

Table 3.9. BCAT residues optimized by computational design

Sub-design Designed positions® Floated positions® Total sequence space
1 Y31, V109, Y129 R97, W126, E197 5,832 (18%)
2 V109, W126, Y129, A258 R97, F124, E197 104,976 (184
3 V109, Y129, G196, A258 Y31,R97, W126, E197 104,976 (18%)

* All proteinogenic amino acids with the exception of proline and lysine were allowed at these
positions.
® Residues whose rotameric configuration but not identity was allowed to vary

Each sub-design consists of multiple independent single-state calculations performed in
parallel. During these calculations, rotamers are optimized on each individual backbone from the
ensemble for every chemical state, which results in a ranked list of scored sequences obtained from
each ensemble member. The sequence scores obtained from each single-state calculation are
combined post-CPD into a fitness value for each sequence across the ensemble. Sequences are
then re-ranked based on their fitness values, generating a new ranked list of scored sequences for

each sub-design.

To represent the energies of mutations across the different sub-designs, these sequence lists
are then used to construct a position energy matrix (PEM) for each sub-design. A PEM is a table
of amino acid energies versus position, where each energy reflects the stability of an amino acid
at that position. These sub-design PEMs are then combined into a single PEM representing the
energy of each amino acid substitution at every position for the design for every chemical state.
The PEM can be converted to a position probability matrix (PPM), which is used to generate the

final combinatorial library.
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3.5.5 Construction of position matrices

A 20 x n Position cumulative partition function Matrix (PQM) of each amino acid at all

designed positions (Equation 3.1) is constructed. The Boltzmann weight, w, is calculated for each

sequence (Equation 3.2), where E is the score of the sequence, k3 is the Boltzmann constant, and

T is the simulation temperature. The cumulative partition function, ¢, of an amino acid, aa, at

position 7, is the sum of w of all sequences where the identity of the residue at position # is the

amino acid in question (resi, = aa in Equation 3.3). A Position Energy Matrix (PEM) is constructed

by using Equation 3.4 to convert the cumulative partition function, g, of amino acid aa at position

n to energy, E, where kg is the Boltzmann constant, and 7 is the simulation temperature.

POM =

qw;,1

qy1

9c,2

aw,2

Ay

9an-1

9cn-1

an-1

Qyn-1

Equation 3.1. The Position Partition function matrix, PQM.

w

Equation 3.2. The Boltzmann Weight.

S
Qaan = Z wi[resi, = aa]
i=1

— e—E/kBT

Equation 3.3. The cumulative partition function.

E = —kgT- ln(Qaa,n)

Equation 3.4. The Boltzmann energy.

qA,n

qC,n

qW,n
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We were interested in choosing a method to combine the PEMs of the 3 sub-designs in a
way that closely reflects the PEMs of all three sub-designs. There are 3 central positions (109, 129,
258) that are included within more than one sub-design. The PEM column from different sub-
designs corresponding to the same position were combined by taking the worst energy (max), the
mean energy, and the best energy (min). The mean energy had on average the highest correlation
(Table 3.10) to the individual sub-design PEM columns for all chemical states. Therefore, the sub-
designs were combined by taking the mean energies in PEMs for positions shared across different

sub-designs.

Table 3.10. Correlation of residue probabilities between sub-designs. Average Pearson correlation
coefficient (PCC) and average Spearman rank coefficient (SRC) of residue probabilities assigned
to positions (PID) 109, 129, 258 between sub-designs and the combination from taking the Max,
Mean and Min of the sub-designs. PCCs are the average over all chemical states and all sub-
designs.

PCC SRC
PID Max Mean Min Max Mean Min
109 | 0.944 0.966 0.950 0.909 0.929 0.909
129 | 0.717 0.777 0.661 0.724 0.766 0.674
258 [ 0.893 0.926 0.895 0.890 0.920 0.894

The Position Probability Matrix (PPM) can be constructed using the PEM by converting
the PEM back into a PQM. Each column is divided by its sum, O, to produce a PPM (Equation
3.5), which consists of the probabilities of amino acids to be present in a specific position of a

sequence.
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Equation 3.5. Position Probability Matrix.

3.5.6 Library design
The PPM is used as input for library design. For a library size configuration, which is the

specific number of amino acids at each position in the protein, the optimal amino acids at each
position are those with the largest probabilities for each position. All library size configurations
that lead to a combinatorial library within a target size range are scored by taking the sum of all

partition functions of the chosen amino acid sets over all positions, and subsequently ranked.

3.5.7 Saturation mutagenesis
Saturation mutagenesis libraries were made for 5 active-site residues that directly interact

with the side chain of the a-amino acid substrate (Y31, R97, V109, Y129, G196). The four primers
containing one of the four degenerate codons NDT (encoding 12 amino acids: C, D, F, G, H, I, L,
N, R, S, V,Y), VMA (encoding 6 amino acids: A, E, K, P, Q, T), ATG (M), and TGG (W) were
synthesized independently and mixed at a ratio of 12:6:1:1 to give a primer solution containing 20
unique codons in equal amounts that encode for all 20 proteinogenic amino acids.!>! All saturation
mutagenesis libraries were screened for enhanced activity for histidine using the same protocol

described for the library screening in section 3.5.9.

The V1091 mutation was the only mutation that displayed a high activity towards histidine
relative to WT, so we tested an additional saturation library of nearby residue Y 129 with the V1091

mutation using the same protocol as above. The double mutants V1091/Y 129V and V1091/Y 1291
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displayed 50- and 15-fold higher catalytic efficiency towards L-histidine than wild type, the former

having a kea/ Km™™ within error of the most active mutant from the designed library. Interestingly,

these two Y 129 mutations are scored unfavourably in PPMs.

3.5.8 Mutant Library Construction
Codon-optimized E. coli BCAT was obtained from Integrated DNA Technologies and

subcloned into pET11-a (Novagen) via Ndel/BamHI. The plasmid was transformed into E. coli
BL21-Gold(DE3) cells (Stratagene). To construct the 32-member combinatorial BCAT mutant
library, mutagenesis was performed as described by Vallejo et al.'? using VentR DNA

polymerase. Inspired by Tang et al.,'>!

multiple degenerate codons were used in order to eliminate
redundant codons and minimize uneven distributions of amino acids in the library. Following gel
purification (Omega Biotek), the amplicons were recombined by overlap extension PCR, resulting
in the final gene. The gene was gel purified and digested with the restriction enzymes Ndel/BamHI.
Following another gel purification, the digested fragment was ligated into the expression vector
pET11-a with T4 DNA ligase. The resulting expression vectors containing the aminotransferase
genes was then transformed into E. coli BL21-Gold(DE3) gold cells. Colonies were picked into
individual wells of V96 MicroWell polypropylene plates (Nunc) containing 300 pL of medium
(LB with 100 pg mL™' ampicillin). Wild-type BCAT in pET11-a vector, pET11-a vector
containing no BCAT, and the BCAT V1091/Y 129V double mutant in pET11-a vector were picked
into two wells each as controls. These plates were covered with a sterile breathable membrane
(VWR) and incubated overnight at 37 °C with shaking. These mother plates were used to inoculate
Sterile Nunc V96 MicroWell plates containing 300 uL of Overnight Express Instant TB media
(Novagen) supplemented with ampicillin per well, incubated overnight at 37 °C with shaking. The

cells were washed and lysed to prepare the clarified lysates as described by Walton et al.'?!

except
5 U mL™" of benzonase nuclease (EMD) was used instead of 25 U mL™! in the lysis buffer.
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3.5.9 Screening
Screening assays were performed in 200-pL reactions containing final concentrations of

2 mM histidine, 0.5 mM a-ketoglutarate, 5 mM NAD", 16 uM PLP, and 1 U of GDH in 100 mM
potassium phosphate buffer (pH 8.0, 37 °C). 96-well plates (Greiner Bio-One) containing the
standard reaction mixture were preincubated at 37 °C for 5 min prior to initiation of the reaction
by the addition of 20 pL of clarified cell lysates. Enzyme reactions were monitored by measuring
absorbance of NADH at 340 nm (¢ = 6220 M~! cm™") every 12 seconds for 30 minutes. Path lengths
for each well were calculated ratiometrically using the difference in absorbance of potassium
phosphate buffer at 900 and 998 nm. The slopes of the kinetic traces were used to measure reaction

rates.

3.5.10 Steady-state kinetics
The selected mutants were expressed and purified to at least 95 % purity as described by

Mironov et al.!'> SDS-PAGE (Figure 3.6) was performed to ensure the mutants were indeed BCAT
variants (MW = 35 kDa per monomer). All kinetic assays were performed in triplicate. To measure
the steady-state kinetics for histidine and leucine with the BCAT mutants, GDH assays were
performed by varying the amino acid concentration up to 20 mM in the presence of 0.5 mM
a-ketoglutarate, 5 mM NAD', 16 pM PLP, 1 U GDH and approximately 10 mU of
aminotransferase in 100 mM potassium phosphate buffer (pH 8, 37 °C). To measure the steady-
state kinetics for a-ketoglutarate with the BCAT mutants, the a-ketoglutarate concentration was
varied up to 4 mM while the leucine concentration was kept constant at 2 mM. The linear phases
of the kinetic traces were used to measure the initial reaction rates. The initial reaction rates at
different amino acid concentrations were fit to the Michaelis-Menten equation (Equation 3.6) using
the GraphPad Prism software to compute apparent steady-state kinetic parameters, kcat and K,

where v is the initial reaction rate, [E] is the total enzyme concentration, and [S] is the substrate
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concentration. Since the BCAT mutants displayed substrate inhibition with a-ketoglutarate, the
initial reaction rates were fit to the substrate inhibition equation to determine the apparent steady
state kinetic parameters ke and Kwv as well as the inhibition constant K (Equation 3.7) for that
substrate.
_ 18] Fecar " [E]
[S]+ Knm

Equation 3.6. Michaelis-Menten equation.

[S]- kcat * [E]

<
I

Equation 3.7. Michaelis-Menten equation with substrate inhibition.

IFGA IYCA IYGA MYCA

Figure 3.6. SDS-PAGE of wild type BCAT and the top 4 BCAT mutants , where each letter refers
to residue at positions 109, 129, 196, and 258. The marker on the left is the P7704S protein marker
(New England Biolabs).
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Chapter 4: Computational design of conformational equilibrium to modulate the substrate
specificity of an enzyme

Antony D. St-Jacques, Safwat T. Khan, Roberto A. Chica

4.1 Statement of contribution

Safwat T. Khan prepared the combinatorial DNA libraries and sequenced AAT mutants.
All CPD calculations and all other experiments were performed by Antony D. St-Jacques.
Experiments were designed by Antony D. St-Jacques and Dr. Roberto A. Chica. The chapter was

written by Antony D. St-Jacques and edited by Dr. Roberto A. Chica.

4.2 Introduction

The conformational change Escherichia coli aspartate aminotransferase (AAT) undergoes
during transamination of L-aspartate with a-ketoglutarate to form oxaloacetate and L-glutamate is
well documented (Figure 4.1a,b).8" %7 AAT is an obligate homodimer and each subunit is
composed of a static large domain and a moving small domain. In solution, AAT is in equilibrium
between its open and closed conformations, where the small domain approaches the large domain
and packs together the residues at the entrance of the active site. Aspartate binds to the open AAT
form and induces a conformational change to the closed form in which the transamination reaction
occurs. AAT switches back to the open state and releases the product in a partially rate-determining
step.!!! In the case of the reverse reaction, glutamate also binds AAT in the open state, however,
the domain closure is induced during the transaldimination step to form the external aldimine

rather than during formation of the noncovalent Michaelis complex with the enzyme.”’
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Figure 4.1. Comparison of the different conformational forms of wild type (WT) AAT and the
AAT hexamutant (HEX). The static domain is shown in white. Moving domain is represented by
pink (Open) and blue (Closed). PLP and bending residues (green) are shown as sticks. The red
dotted line is the axis of rotation. (a) Superposition of AAT crystal structures in the open (PDB
ID: 1ARS) and closed (PDB ID: 1X28) forms aligned to the static domains. (b) Top view of panel
a. The star is the axis of rotation. (c) A superposition of the crystal structures of the closed WT
AAT structure from panel b and the crystal structure of the AAT hexamutant with (light pink) and
without (yellow) the ligand hydrocinnamic acid (not shown) bound to the active site (PDB ID:
1AHX and 1AHE, respectively). (d) Designed residues (39, 41, 47, and 69) and PLP are shown as
sticks on the crystal structure of the open form (PDB ID: 1ARS). Residues and backbones in white,
pink, and green are part of the static domain, moving domain, and bending residues, respectively.
Residues are labelled next to the C,, by their one-letter amino acid code and residue number.

E. coli tyrosine aminotransferase (TAT) is structurally homologous to AAT (43% and 72%
sequence identity and similarity, respectively) yet catalyzes the transamination of a-ketoglutarate
with L-aromatic amino acids such as L-tyrosine and L-phenylalanine, which are poor AAT
substrates.’ Previously, AAT was engineered to display TAT activity by identifying residues
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important for binding aromatic amino acids through multiple sequence alignment,’ rational
design,'>* or bioinformatics,'?® and mutating these to their corresponding amino acids found in

TAT.

For example, Onuffer et al.’ used the sequence alignment of AAT with TAT!3*!% to
identify mutations required to increase the activity of AAT towards phenylalanine. This analysis
resulted in a hexamutant (HEX) containing the V39L, K41Y, T471, N69L, T109S, and N297S
mutations, which together decrease the Ku for phenylalanine (Kw”¢) by 58-fold and increase
overall activity towards this non-native substrate by 50-fold. Unlike wild-type (WT) AAT, which
crystallizes in the open form in the absence of substrate, HEX crystallized in the closed
conformation in both the presence and absence of substrate in the active site (Figure 4.1c). This
result suggests that the conformational equilibrium of the open and closed states for HEX has
shifted towards the closed state relative to WT. In a later study, Addington et al.'*® used a
bioinformatics method to convert AAT to TAT and the conformational equilibrium of their AAT
variant was also found to have been shifted to prefer the closed state, which suggests that a
correlation between conformational equilibrium and affinity for phenylalanine exists in AAT. This
raises the possibility that we could use computational protein design (CPD) methods to predict
mutations that can modulate the conformational equilibrium of AAT in order to control its
specificity towards substrates. Additionally, we could validate the designs to modulate the

conformational equilibrium of AAT with kinetic assays.

156-158 and

Conformational changes are a common feature of enzymatic mechanisms
therefore controlling conformational changes is an important objective of enzyme engineering. In

this work, we aim to develop a multistate CPD method to modulate the conformational equilibrium

of an enzyme, and in doing so, alter its substrate specificity. As a case study, we exploit the
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apparent link between the conformational equilibrium of AAT and its activity towards the non-
native substrate phenylalanine. We postulate that the conformational equilibrium of AAT can be
shifted by using multistate analysis (MSA) to predict mutations that will preferentially stabilize

one conformer over the other, leading to an associated change in Km for phenylalanine.

4.3 Results

To design a shift in conformational equilibrium between the open and closed
conformational states of AAT, we followed a 6-step process: Identification of residues important
for domain movement; ensemble preparation; sequence optimization of each chemical state;

multichemical state analysis; library design, and a 2-concentration screening of the mutants.

4.3.1 Domain movement analysis and residue selection
To identify residues important for domain motion in AAT, the crystal structures of the open

(PDB ID: 1ARS'?) and closed forms (PDB ID: 1ART'?’ and 1X28°7) were used as input for
domain movement analysis using the DynDom1D algorithm.'**-1®? Three independent analyses
with DynDom1D (Table 4.1) revealed a “fixed” domain and a “moving” domain (Figure 4.1a,b),
which contained between 295-302 and 8089 residues, respectively. The moving domain was
determined to rotate 7.3 + 0.6 ° about the hinge axis from the fixed domain. Although the 3
analyses did not give exactly the same results due to differences in the atomic coordinates of the
three closed structures, 97% of residues were assigned to the same domain (i.e., fixed domain,
moving domain, unassigned) in all three analyses. Most of the residues that were not assigned to
the same domain across all three analyses were hinge-bending residues that are situated at a
transition between the fixed and moving domains and are involved in the domain motions. Because
of their involvement with domain motions, the hinge-bending residues were determined to be good

candidates for design to modulate the preference for one conformation over another. Nine hinge
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bending-residues were identified to be involved in domain motion in all three analyses. On the
1ARS PDB structure, the STRIDE'® algorithm determined residues 39-41 and 357-359 have coil
secondary structure, which is ideal since coils are more flexible than other secondary structure
elements. Residues 39 and 41 were selected for design because they are the only pair of hinge-
bending residues that are on an interdomain loop with side chains that are situated between the
moving and fixed domains (Figure 4.1b,d). Residues 47 and 69 were also included in designs since
they are the two closest residues to residues 39 and 41 that (1) have coil secondary structure and

(2) do not form a lid over the active site.

Table 4.1. Domain motion data for E. coli AAT between the open conformation (PDB ID: 1ARS)
and closed conformation from DynDom1D analysis
PDB ID of closed conformation

1ART 1X28, chain A 1X28, chain B
Fixed Domain 35, 40-336, 351-354, 35, 40-334,351-360, 40-334, 353-360
(residues) 357-360, 387 387-390
Moving Domain 17-34, 36-39, 337- 17-34, 36-39, 335- 15-39, 335-352, 361-
(residues) 350, 355-356, 361- 350, 361-386,391- 406
386, 388-406 406
Unassigned residues* 1-16, 407-408 1-16, 407-408 1-14, 407-408
Angle of rotation (deg) | 7.1 6.8 7.9
Translation along axis | -0.3 -0.4 -0.4
(A)

Residues involved in
motion

Residues involved in
motion common to both
chains

33-36, 39-41, 335-
337,350-361, 386-
388

39-41,** 335, 357-
359,*%* 360-361

34-36, 39-41, 334-
335, 350-351, 357-
362, 386-391

39-42,333-335, 352-
353, 356-362

*Not in the fixed domain or the moving domain

** Bold residues were determined by the STRIDE'®® algorithm to have a coil secondary structure

4.3.2 Ensemble Preparation
Backbone ensembles of the open and closed states of AAT were generated in order to

mimic backbone flexibility and address the fixed backbone approximation in CPD calculations,
which has been shown to improve accuracy of protein stability predictions.>® The crystal structures
1ARS"7 and 1X28%7 from the PDB?¢ were selected as templates for the open and closed states of
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E. coli AAT, respectively. The glutamate-bound ketimine complex and catalytic lysine (K258) in
the 1X28 structure were replaced with the coordinates for the K258 and PLP from 1ARS so that
both the structural models of the open and closed forms were in the internal aldimine state. Use of
the internal aldimines eliminates potential biases in the generated ensemble that can arise from the
presence of substrates in the AAT active site. Each structure was separately prepared using the
software package Molecular Operating Environment (MOE).!?® The AMBER99 force field'?* was
used with a combined explicit and implicit reaction field solvent model as implemented by MOE.
Hydrogens were added using the Protonate 3D utility, and the structures were solvated in a
rectangular box of water under periodic boundary conditions with a box cutoff of 6 A once the
protonation states and atomic hybridizations of the PLP internal aldimine were corrected to reflect
NMR data.!*® The two structures were minimized to a gradient below 7 kcal mol™' A~! and used
as input to generate two 50-member ensembles (structural information in Table 4.2) using the
PertMin®® method. The ensemble derived from the 1ARS crystal structure (i.e., the Open
ensemble) and the ensemble derived from the 1X28 crystal structure (i.e., the Closed ensemble)

were used as conformational ensembles to model the open and closed states of AAT, respectively.

Table 4.2. Structural information of the Open and Closed 50-member PertMin ensembles.

Open Closed
RMSG? (kcal-mol-A™") [ 0.63 +£0.02 0.63 +0.04
RMSD¢® (A) 0.51+£0.02 0.51+0.02
Diversity® (A) 0.29+£0.03 0.32+0.03

?Root mean square gradient.
b Backbone root mean square deviation from the input structure.
¢ Average backbone root mean square deviation between members of the same ensemble.
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4.3.3 Computational Design
The target hinge-bending residues (39 and 41) and nearby residues (47 and 69), shown in

Figure 4.1d, were modeled to all proteinogenic amino acids combinations except proline on all
ensemble members of both the Closed and Open ensembles (130,321 sequences x 50 backbones
x 2 conformational state = 13,032,100 individual scores). Nearby residues at positions 34, 37, 70,
67, and 263 were also rotamer-optimized but their identity was not allowed to vary. The ensemble
score of each sequence for a conformational state (Open or Closed) was computed as the
Boltzmann weighted average (300 K) across the individual scores of each backbone member of

the ensemble.

To design mutants that stabilize preferentially the closed state, sequence fitness values were
computed as the difference between the Closed ensemble score and the Open ensemble score. To
avoid favouring sequences that have high energy ensemble scores in both conformational states
but have a favourable fitness value, sequences with a Closed ensemble score below the 75%
percentile were discarded. Likewise, to design mutants that stabilize preferentially the open state,
sequence fitness values were computed as the difference between the Open ensemble score and
the Closed ensemble score. To avoid favouring sequences that have high energy ensemble scores
in both conformational states but have a favourable fitness value, sequences with an Open
ensemble score below the 75™ percentile were discarded. To design mutants that equally occupy
the open and closed states, the sequences fitness values were computed as the average ensemble
score between the two conformational states. The sequence fitness values were then used as input
to the CLEARSS?® library design algorithm (300 K) to predict libraries of AAT mutants that will
prefer the closed state, open state, or both states, which are called the “Closed,” “Open,” and
“Both” libraries, respectively (Table 4.3). Individual ensemble scores for WT sequence and the
sequences of these three libraries are listed in Table 4.4-7, respectively. These three libraries were
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constructed for experimental screening. AAT mutants are named as the concatenation of the 1-

letter code for the amino acids at positions 39, 41, 47, and 69 (e.g. WT is called VKTN).

Table 4.3. The Both, Closed, and Open AAT combinatorial libraries.

Residue  WT Closed Both Open
39 vV ILVW IMV ACQS
41 K FY FY I
47 T I CN F

69 N FLTY AHS ACFHMSWY

Table 4.4. Computed ensemble scores for the Open and Closed state of the WT E. coli AAT

sequence, as well as the energy difference. Scores are in kcal mol™".

VKTN Close Open AEc-o
- -358.0 -372.2 14.2
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Table 4.5. Computed ensemble scores for the Open and Closed state of variants of the Closed
library , as well as the energy difference. Scores are in kcal mol .

Rank [V K T N Close Open AEc-o
1 I FIF -358.9 -272.9 -86.0
2 LFIL -354.6 -277.2 -77.4
3 ILYTIL -3502 -273.4 -76.8
4 I FIL -353.3 -280.0 -73.3
5 I FIY -357.3 -291.6 -65.7
6 |-F 1Y -3578 -300.0 -57.8
7 |- F 1L -356.6 -298.8 -57.8
8 I1YTF -306.9 -250.2 -56.7
9 -YIL -350.7 -295.4 -55.3
10 WY I L -236.1 -181.2 -55.0
I [-YT1Y -3495 -294.6 -54.9
12 |- YTF -352.8 -302.4 -50.4
13 [ TFIT -361.7 -313.4 -48.3
4 [TYTL -3015 -253.4 -48.2
15 [-FT1F -3619 -315.7 -46.2
16 |- F 1T -366.1 -320.6 -45.5
17 |-YITT -355.8 -315.2 -40.6
18 [T YTY -3045 -273.2 -31.2
19 [LFI1F -3213 -297.2 -24.2
20 |ILY T F -316.6 -295.2 -21.4
21 ILF 1Y -334.7 -320.3 -14.4
22 [LFI1IT -3539 -341.9 -12.0
23 [ILY TY -32938 -318.3 -11.5
24 | YT T -306.4 -294.9 -11.5
25 ILY I T -348.9 -339.5 -9.5
26 (WF I L -240.7 -260.2 19.5
27 (WY I F  -2025 -266.4 63.9
28 WF I F -207.3 -271.6 64.2
29 WY I T -237.1 -310.1 73.0
30 WF I T -2429 -315.9 73.1
31 WY TY 2157 -289.9 74.1
32 WF1Y -220.7 -295.1 74.4
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Table 4.6. Computed ensemble scores for the Open and Closed state of variants of the Both library,
as well as the energy difference. Scores are in kcal mol .

Rank [V K T N Close Open AEco
1 - YNS -3947 -390.4 -4.3
2 - YNA -390.8 -386.9 -39
3 -YNH -391.9 -388.4 -3.5
4 I YNH -390.3 -387.1 -3.3
5 1 YCH -386.6 -383.5 -3.1
6 |-YCS -390.8 -388.6 2.2
7 YNA -389.0 -387.2 -1.8
8 |- YCH -38.0 -386.3 -1.7
9 -YCA -386.8 -385.3 -1.5
10 |T YN S -392.0 -390.7 -1.3
11 |T FNH -387.7 -388.5 0.8
12 |T FCH -384.1 -385.1 1.1
13 |- FNS  -390.6 -391.8 1.2
14 |- FNA -386.8 -388.3 1.5
15 [T YCA -38.1 -386.8 1.7
16 [T YCS -38.0 -390.1 2.1
17 |- FNH -388.6 -391.6 3.0
18 |T FNA -3852 -388.6 34
19 |T FNS -388.5 -392.1 3.7
20 [- FCS -3856 -389.7 4.2
21 - FCA -381.7 -386.3 4.6
22 |- FCH -384.8 -389.5 4.7
23 MY NA  -3828 -388.7 5.9
24 MY N S -386.8 -392.8 6.1
25 [T FCA -3813 -387.8 6.5
26 |I FCS -384.5 -391.2 6.7
27 MY C S  -383.1 -393.2 10.1
28 MY C A  -379.0 -389.4 10.4
29 MY NH -375.2 -385.9 10.7
30 MYCH -3715 -382.2 10.7
31 MFNA -378.8 -390.3 114
32 MFNS -3828 -394.5 11.7
33 MFCH -368.5 -383.9 153
34 IMF C S -379.1 -394.6 15.5
35 MF CA -3750 -390.8 15.7
36 M FNH -371.4 -387.8 16.4
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Table 4.7. Computed ensemble scores for the Open and Closed state of variants of the Open library,
as well as the energy difference. Scores are in kcal mol .

Rank [V K T N Close Open AEc-o
1 | AT FF -2315 -359.9 128.4
2 |IA1T FwW -231.1 -359.4 128.2
3 CIFM -239.9 -367.5 127.6
4 |IATFY -2312 -358.8 127.6
5 AT FS -2372 -364.4 127.2
6 |IAT FM -235.3 -362.4 127.1
7 CIFS -241.7 -368.5 126.9
8 |[AT FH -2393 -365.5 126.1
9 |ISTFF -2328 -358.6 125.9
10 |[STFS -238.1 -363.8 125.7
11 [C T FH -244.1 -369.4 125.3
12 [STFY -2321 -357.4 125.3
13 [STFM -23638 -362.0 125.2
14 |[ATFZC -235.2 -360.1 124.9
15 [ATFA -237.4 -362.1 124.7
16 [CTF C -240.0 -364.4 124.3
17 [CTFA -242.1 -366.3 124.2
18 [C T FW -2387 -362.8 124.1
19 [STFH -240.3 -364.1 123.9
20 [S T FC -236.0 -359.3 123.3
21 [S T FA -2383 -361.5 123.2
22 [CTFF 2361 -358.3 122.2
23 IS T FW -236.2 -358.3 122.1
24 1Q I F S -241.9 -363.7 121.8
25 [CTFY -2362 -356.9 120.7
26 [Q T FA 2427 -361.8 119.1
27 1Q T FM -237.6 -354.7 117.1
28 |1Q1T1 F C -240.6 -357.2 116.6
29 [Q T FH -2447 -346.9 102.2
30 QT FwW 2371 -333.9 96.8
31 [QT FY -237.2 -321.3 84.2
32 [QT F F -234.6 -315.0 80.4

4.3.4 Screening
The goal of this study is to modulate the equilibrium between the open and closed state of

AAT. As the Km™¢ of AAT for phenylalanine is known to decrease with an equilibrium shift
towards the closed state, we sought to use a high-throughput assay that can differentiate AAT
variants with different Ky, To assay the ability of AAT mutants to catalyze transamination of
a-ketoglutarate with phenylalanine, we used the L-glutamate dehydrogenase (GDH) assay
developed by Walton et al.'?! Typically, mutants are tested under a single set of conditions (e.g.,

substrate concentration, enzyme quantity, etc.) when using this assay, which allows selection of
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mutants based on reaction rates. This reaction rate, v, can be determined by the apparent kinetic
parameters of the enzyme, kcar and Kwm, the total enzyme concentration, [E], and the substrate
concentration, [S], by using the Michaelis-Menten equation (Equation 4.1).

_ [S] " kcat " [E]
~ [S1+Ky

Equation 4.1. Michaelis Menten equation.

By taking the ratio, », of the reaction rate at two different substrate concentrations, the
terms of the Michaelis-Menten equation can be reduced to r, the Km, and the two substrate
concentrations, [S]i and [S]> (Equation 4.2). Equation 4.2 can be rearranged to solve for Km
(Equation 4.3), which leads to the conclusion that screening enzyme activity at two different
substrate concentrations can allow mutants with a desired Km to be identified. However, due to
experimental error in measuring reaction rates and the mathematical limitations of Equation 4.2
and Equation 4.3, appropriate substrate concentrations must be selected to have confidence in the
Kwm measured with the 2-concentration screening protocol. For instance, if Ky <<[S]: and [S]», »
would be measured to be =1 and Equation 4.3 would calculate a Km of 0, which is impossible.
Additionally, if [S]i = [S]2, » would be =~ 1 and Km would also be calculated to be 0. Moreover, if
Kwm >>[S]:1 and [S]z, then » = [S]2/[S]i. This creates a problem because if » = [S]2/[S]i, Equation
4.3 would calculate a Km of infinity. Moreover, if 7 is computed to be > [S]2/[S]i, Km will be
negative. Therefore, in order to ensure that the Km of an enzyme can be confidently measured with
the 2-concentration screening protocol, it is important to select a pair of substrate concentrations
that are similar to the Km expected to be displayed by the enzyme, and ensure that these

concentrations are sufficiently different from one another to maximize r.
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_ Yt _ [S12 * kcat  [E] _ [S]1 + Km _ [S12 - ([S]x + Km)
V[s], [STo + Km [S]i-keac " [E]  [S]1- ([S]2 + Km)

Equation 4.2. Ratio, r, of Michaelis-Menten equation at two different substrate concentrations.

[S11-[S]z - (r = 1)
[S1o =[Sl -7

KM:

Equation 4.3. Calculation of Km based on Equation 4.2.

AAT mutant libraries were screened in the presence of WT AAT and pET11-a vector
containing no AAT as positive and negative controls, respectively. An additional positive control
was also included: the VYIL triple mutant (K41Y/T47I/N69L), which we had previously made
that displays a Km™™ 63-fold lower than WT and a kca/Kwm for L-phenylalanine, kea/ Kn™, 20-fold
higher than WT. Two positive controls were used because they display different apparent Ky’
for L-phenylalanine (WT Km™ =45 + 5 mM; VYIL Ky =0.71 + 0.02 mM), which allows us to
verify whether the 2-concentration screening can be used for the identification of AAT mutants
with a desired Kum™. The 2 L-phenylalanine concentrations that were selected for the 2-
concentration screening assay was 3 and 40 mM. The 3 mM concentration of donor substrate was

selected to ensure that only the VYIL positive control is saturated, while the 40 mM concentration

was the highest concentration of L-phenylalanine that could be achieved within its solubility limits.
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Table 4.8. Screening results of the 2-concentration assay.

03mv (MUY 0g0m (MU) ? ta0mminmm € Kv”® (mM) ¢

WT 4+1 1243 3+1 8+3
Neg 1+2 1+2 1+6 0
VYIL 7+1 8+2 1.2+04 0.7+0.2
Close &f 3+3 3+4 1.0+£0.8 0
Both © 6.6+ 3 9.6+5.4 1.3+0.5 1.0+ 0.4
Open® | 09+14 1+2 1.3+0.9 1.0+0.7

? Initial reaction rate at 3 mM L-phenylalanine.

® Initial reaction rate at 40 mM L-phenylalanine.

¢ The ratio of the two reaction rates.

dgMmP e derived from the 2-substrate screening.

“The reaction rates for Close, Both, and Open were obtained by averaging the reaction rates of all
mutants of each library that were above 0. The r4omm/3mm for Close, Both, and Open were obtained
by averaging the r4sommsmm of all mutants of each library that displayed reaction rates at both
concentrations above 0.

PWFIY and WYIT were excluded from this analysis of the AAT libraries since they have a Closed
ensemble score larger than the Open ensemble score, which implies a preference for the open state
rather than the closed state

To evaluate the effect of the different mutations to the AAT hinge residues, we screened
clarified cell lysates containing individual mutants from the three designed AAT libraries with 3
or 40 mM L-phenylalanine (Table 4.8). As expected, the positive control VYIL displayed the same
reaction rates at both L-phenylalanine concentrations, suggesting that VYIL was saturated at 3 mM
L-phenylalanine. Conversely, WT displayed a 3-fold increase in reaction rate at 40 mM relative to
3 mM L-phenylalanine and reached a rate similar to that of VYIL at the same concentration (Figure
4.2). This result suggests that WT was not saturated at 3 mM L-phenylalanine, as expected. To
evaluate the ability of the 2-concentration assay to correctly estimate the Kvm of enzymes, we
compared the apparent Ky for the WT and VYIL positive controls that we measured using
standard Michaelis-Menten analysis (Table 4.9) with those obtained by the 2-concentration
screening assay (Table 4.8). This comparison revealed the that 2-concentration screening assay

Phe

was able to correctly determine the Km' " of VYIL. However, this result may be due to chance
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rather than accuracy because reaction rates of VYIL can deviate by up to 30% when using small
amounts of clarified lysate in our microtiter plate assay. Also, the Kn™* of WT calculated using
the 2-concentration screening assay is approximately 6-fold lower than the one determined by
Michaelis-Menten analysis, which could be due to interactions with other compounds in the
clarified lysates. Nevertheless, the 2-concentration screening method enabled us to correctly
determine that K™ of the WT is higher than that of VYIL, suggesting that this method can be

used to qualitatively assess Km'™" for different AAT mutants.
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Figure 4.2. Representative kinetic traces of the 2-concentration GDH screening assay. The Closed,
Both, and Open libraries were screened for the transamination of a-ketoglutarate with the donor
substrate phenylalanine at concentrations of 3 mM (left) and 40 mM (right). The positive controls,
WT (solid black) and VYIL (dashed black), and the negative control (dotted black) are shown.
AAT mutants IYIT, VFCS, and SIFS from the Closed, Both, and Open libraries, respectively, are
shown as grey traces.
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Wells from all 3 libraries that displayed high v3mar, 040ma, OT F40mmzmm Were sequenced. The
data from mutants of each library were averaged together and is listed in Table 4.8 along with the
K™ derived from the ratio. Two mutants from the Closed library identified during the screening
(WFIY, WYIT) have a Closed ensemble score larger than the Open ensemble score, which implies
a preference for the open state rather than the closed state. Therefore, these two mutants were

excluded from this analysis of the AAT libraries.

Mutants from the Closed library displayed the lowest 740ma3mu (1.0 = 0.8). For example,
at 3 mM L-phenylalanine concentration, the [YIT mutant from the Closed library displayed 3-fold
less transamination activity than the positive control VYIL and approximately 20% more activity
than WT (Figure 4.2). At 40 mM L-phenylalanine concentration, IYIT displayed 40% less activity

than it did at 3 mM, which suggests IYIT has a low Ku™ and may display substrate inhibition.

In general, the Both library contained mutants that display higher transamination reaction
rates at both phenylalanine concentrations. The average rsommsmm of the Both library was 1.3,

which predicts a Km"*

of 1.0 + 0.4 mM for the Both library variants. As an example of a mutant
from the Both library, the activity of the mutant VFCS from the Both library (4.8 mU) was in
between that of WT (3.5 mU) and VYIL (8.8 mU) at 3 mM phenylalanine, but all three AAT
variants displayed approximately the same reaction rates at 40 mM phenylalanine (11.6, 13.6, and

12 mU for WT, VYIL, and VFCS, respectively), which indicates that the VFCS mutant has an

intermediate Kv"*® between the two positive controls.

Mutants from the Open library had on average the lowest activity at both phenylalanine
concentrations and its mean ratio-derived Km™ is 1.0 = 0.7 mM. As an example, SIFS, a mutant

from the Open library, displayed between 25- and 61-fold lower transamination activity than WT

109



and VYIL, but its ratio, 7405mm, was 3.7, which suggested SIFS has a Ky he similar to WT (r403mm

=3.1).

From the results of the 2-concentration screening assay, mutants from the Closed library

likely have a low Ku'™

relative to WT, mutants from the Both library appear to be similar to WT,
and mutants library from the Open library display low activity towards L-phenylalanine. Next, we

performed steady-state kinetics in order to help determine if the differences between the AAT

libraries was due to changes in the conformational equilibrium of the AAT variants of each library.

4.3.5 Steady-state kinetics of AAT mutants.
Five AAT mutants from each library that displayed the target phenylalanine activity were

kinetically characterized, listed in Table 4.9. Mutants that displayed the highest 740mu/3mu1 from the
Open library were selected for steady-state kinetic characterization since a high rsommszmm

corresponds to a high Ky, Although a 1ow 740muzmm corresponds to a low Ky

, many mutants
displayed r4omm3mm lower than 1, which means the rate of reaction was slower at higher substrate
concentrations, suggesting substrate inhibition. Since substrate inhibition is not a desired feature
for mutants from Closed library, mutants from the Closed library that displayed the highest
transamination activity at 3 mM L-phenylalanine and displayed a r40mam3mm = 1 were chosen for
kinetic characterization. Mutants from the Both library that displayed the highest transamination
activity at 40 mM L-phenylalanine were chosen for kinetic characterization since the screening

analysis revealed mutants from the Both library displayed relatively high transamination activity

at that L-phenylalanine concentration.
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Table 4.9. Computed scores and apparent kinetic parameters of AAT variants.

39 41 47 69 Scores (kcal-mol™!) L-aspartate L-phenylalanine Relative
V K T N Close Open AEco Ky(mM) ket 5D ke/ K (M5 Ky (mM) keat 5D ke K (M's71) specificity
- - - - -358.0-372.2 142 0.082+0.006 6.9+0.1  85000+6000 45+5 33+£3 700 + 100 0.008
- Y I L -350.7 -295.4 -55.3 0.019 +0.002 0.304 &+ 0.006 16000 +2000 0.71 +0.02 12.06 +0.02 16900 + 500 1.056
I Y I T -3064-2949 -11.5 ND <0.1 ND 0.35+0.01 3.46+0.01 10000 =400 ND
o - F I T -366.1-320.6 -45.5 0.12+0.02 0.194+0.007 1600+200 1.03+0.04 7.63+0.04 7400 + 300 4.625
& - F 1 Y -357.8-300.0 -57.8 0.06+0.003 0.142£0.002 2300 + 100 1£0.05 587+0.05 5900+ 300 2.565
© .Y I T-3558-3152 -40.6 ND <0.1 ND 0.5+0.01 3.86+0.01 7700+ 200 ND
- Y I Y -349.5 -294.6 -54.9 0.016+0.002 0.11 +0.002 6800+700 0.91+0.06 5.17+0.06 5700 % 300 0.838
I F C A -381.3-387.8 6.5 0.033+0.003 0.82+0.02 25000+3000 3.5+0.2 21.5+02 6200400 0.248
= MF C A -375.0-390.8 15.7 0.04+0.003 0.306+0.006 7600+600 1.9+0.1 17.7+0.1 9500 £ 500 1.250
S - F C A -381.7-386.3 4.6 0.059+0.005 1.33+0.03 23000+2000 6.1+04 26+04 4300 + 300 0.187
- F C S -385.6-389.7 42 0.043+0.004 2.22+0.06 520005000 43+0.2 265+02  6200+300 0.119
- Y N S -394.7 -390.4 -4.3 0.045+0.003 0.361 £0.007 8100+600 1.6+0.1 18.1£0.1 11400 + 800 1.407
A 1 F S -237.2 -364.4 127.2 0.078£0.007 0.76+0.02 10000+ 1000 23+0.2 0.6+0.2 260 £ 70 0.026
= C I F C -240.0 -364.4 124.3 0.052+0.005 1.27+0.03 25000+2000 3.8+02 33+£0.2 860 + 60 0.034
& C I F S -241.7-368.5 126.9 0.077+0.008 02+0.006 2600+300 25+£02 02+0.2 100 £ 60 0.038
© S I F H -2403 -364.1 123.9 0.052+0.006 0.61+0.01 12000«1000 2.5+0.1 0.5+0.1 190 + 40 0.016
S I F S -238.1 -363.8 125.7 0.055+0.006 0.77+£0.02 140002000 2.7+£02 04+02 140 £ 60 0.010

AEc_o, the energy difference between the Close and Open score
ND, could not be determined

Relative specificity, the kca/ Km™"/kea/ Km™ of the AAT variant
All reactions were performed in triplicate (n = 3, + s.d.)

Mutants from the Closed library that were characterized using steady-state kinetics
displayed an apparent Ky lower than both WT and mutants from the other libraries. Steady state
kinetics revealed the mutants from the Closed library had on average a 59-fold lower apparent
K™ than WT. In addition to being a positive control for the 2-substrate screening assay, VYIL
is also a member of the Closed library and displays the characteristic relatively low Km™" of this

library. Alongside the relatively low Km'*

of the Closed library mutants, the kca for L-
phenylalanine, k", was on average 6.3-fold lower than WT. Despite this drop in kea”, the
catalytic efficiency of the mutants from the Closed library for phenylalanine was on average 10.5-
fold higher than WT. The two mutants from the Closed library with the lowest K™ (IYIT and
VYIT) displayed low aspartate transamination activity and Michaelis parameters could not be
measured. The aspartate transamination activity was also reduced for the remaining 3 mutants from

the Closed library relative to WT, and displayed an average ke.™” for L-aspartic acid, k', and

kea/Kn for L-aspartic acid, kea/ Km™?, 46- and 24-fold lower than WT, respectively. Interestingly,
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these 3 mutants did not display a trend for the Km for L-aspartic acid, Km?”, and ranged from being

twice as high as WT (120 = 20 uM) to being 4-fold lower than WT (16 £ 2 uM).

Mutants from the Both library displayed a Ky

that was on average 4.6-fold higher than
mutants from the Closed library, which suggests the conformational equilibrium could be shifted
towards the open state relative to the mutants from the Closed library, as designed. The average
keat™ displayed by the Both mutants was 4.2-fold higher than the Closed library, so the Both
library mutants displayed catalytic efficiencies approximately as high as mutants from the Closed
library. As with the apparent kinetic parameters for phenylalanine, the kca™” and kca/ Kn™?
displayed by the Both mutants were highest among the designed mutants across all libraries

despite, on average, a 6.8- and 3.7-fold decrease relative to WT, respectively. Additionally, the

Kv®P of the Both mutants are lower than WT.

Mutants from the Open library were designed to prefer the open conformation more than
WT, which could manifest in a poorer affinity for phenylalanine relative to WT. However, the

average Ku'"

of the mutants from the Open library was 16-fold lower than WT and similar to the
mutants of the Both library. Additionally, the kca”® and kea/Km™ of the Open library mutants
were the lowest amongst the 3 libraries. For aspartate, the Km™ of the mutants from the Open
library ranges between 52 and 78 pM, which is similar to the Ky of WT. The mutants from the

Open library displayed kca™” and kea/ Km?* that were on average reduced 9.6- and 6.7-fold relative

to WT, respectively.
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4.4 Discussion

4.4.1 Library characteristics
Different libraries were designed to predict mutations that will cause mutants from the

Closed library to prefer closed conformation, for mutants from the Open library to prefer the open
conformation, and for mutants from the Both library to have equally populated open and closed

conformations. An apparent Ku'"

relative to WT was used as a proxy for the conformational
equilibrium, where a Ky lower than 45 mM would indicate a higher preference for the closed

conformation relative to WT.

AAT variants in the Closed library were designed to favour the closed conformation
relative to WT, and the 2-concentration screening protocol showed that active mutants from the
Closed library have a lower Ku™ than WT, which was confirmed via steady state kinetic

Phe

characterization of 5 mutants selected from the Closed library. If the Km' "¢ is an accurate proxy,

the Closed design successfully predicted mutations that favour the closed state.

During screening, the mutants from the Both library displayed the highest transamination
activity at both phenylalanine concentrations but displayed a higher Km™ than the mutants from
the Closed library. Indeed, steady state kinetic characterization of 5 mutants showed an average
K™ lower than WT but still 4.6-fold higher than the mutants from the Closed library. Consistent
with the high activity measured during screening, the Both libraries also displayed a high kca"
relative to the other libraries. As the energy difference between the Close and Open score of WT
is similar to the Both mutants, the Both mutants were expected to show a Km™ similar to WT.
Therefore, the equilibrium constant may have been shifted towards the closed state more than

Phe

designed. However, the Knm™"¢ of the Both mutants suggest the conformational equilibrium was not

shifted as far as mutants from the Closed library to prefer the closed state.
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The Open library mutants were designed to favour the open conformation more than WT,

which we predicted would display a Ky

greater than 45 mM. However, the steady-state kinetic
characterization of the 5 mutants from the Open library suggest that the conformational

equilibrium was shifted towards the closed state to the same extent as the Both mutants, which

would suggest the Open library design was unsuccessful.

On the other hand, if all steady-state kinetic parameters of the mutants are considered, a
trend can be ascertained that may indicate all three library designs were indeed successful. The
mutants from the Open library displayed the lowest kca’ ™ and kea/Km'" amongst the libraries,
while the mutants from the Closed library displayed the lowest kca™” and kca/ KmP. The mutants
from the Both library displayed a kcar™ and a kea/ Km™" at least as high as the mutants from the
Open library, and a kea” " and a kea/ Kn™ at least as high as the mutants from the Closed library.
Additionally, although the mutants from the Open library are less active than WT, they display a
relative substrate specificity (kca/Km™/ kea/KnP) between phenylalanine and aspartate (0.010 to
0.038) most similar to WT (0.008), while the mutants from the Closed library generally displayed
the highest (0.838 to 4.625) relative substrate specificity towards phenylalanine (Table 4.9). Again,
the mutants from the Both library displayed an intermediate relative substrate specificity (0.119 to
1.407) between the relative substrate specificities displayed by the mutants from the Closed library
and the mutants from the Open library. This transition in substrate specificity may be a result of
an altered conformational equilibrium from mutants in the Closed library that prefer the closed
state to mutants in the Open library that prefer the open state, while mutants from the Both library

have a relatively balanced conformational equilibrium between the two conformational states.
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4.4.2 Future experiments to validate results.
To test if this switch in specificity is because of changes in conformational equilibria

between the libraries or another factor, we selected mutants from the Closed and Open libraries
for structural study. Among the mutants selected for kinetic characterization, IYIT from the Closed
library had the lowest Km” of 0.35 mM, which was 129-fold lower than WT. This mutant was
selected for crystallization in the absence of substrate. If IYIT crystallizes in the closed structure
without a bound substrate like the HEX mutant, it would add evidence that the conformational
equilibrium has been shifted to favour the closed state. To determine the success of the Open
library, we selected the SIFS mutant for crystallization in the presence and absence of substrate.
SIFS was selected because it had one of the highest Km™ of the Open library, it displayed one of
the lowest kca " and kea/Kn", and its ratio of keat™ to kea " was highest. If SIFS crystallizes in
the open state when the substrate is absent like WT, it would not prove the conformational
equilibrium has shifted towards the open state relative to WT, but it would at least indicate the
equilibrium has not been unintentionally shifted towards the closed state. If SIFS also crystallizes
in the open state when a substrate or inhibitor is bound, it could suggest that the equilibrium has

been shifted towards the open conformation.

Although the AAT mutants may crystallize in their target conformations, this does not
mean the target conformation is the most populated conformational state in solution. To detect the
most populated conformation that the AAT variants occupy in solution, we could use NMR or
fluorescent probes. If the WT AAT structures resolves well in an HSQC experiment, 3D triple
resonance experiments including HNCO, HNCACB and CBCA(CO)NH spectra can be used to
assign peaks. Additionally, we may even be able to measure conformational equilibrium constants
with methods such as ZZ-exchange. If the AAT structures do not resolve well in multi-dimensional
NMR experiments, we can also consider 'H resonance experiments. The residue W140 is in the
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fixed domain but lies in the AAT active site and interacts with the PLP. Previously, Metzler et
al.'* have recorded the 'H NMR spectra of WT E. coli AAT and single point mutants in the 10-
18 ppm range and assigned the W140 indole NH proton peak. If the W140 indole NH proton peak
is sensitive to the different AAT conformations, this can be used to probe the populated
conformations. Alternatively, Picot et al.'®® probed the conformations of mitochondrial chicken
AAT by attaching the fluorescent label monobromo(trimethylammonio)bimane to C166, which is
H166 in E. coli AAT. The fluorescence of the bimane-labelled PLP-bound enzyme was reduced
by 40-70 % upon binding ligands, which induced the conformational switch from the open to
closed state. If we mutate H166 to a cysteine, we could also probe the open and closed
conformations of the AAT mutants, although replacing a histidine residue with a bimane-labelled

cysteine may affect the conformational equilibrium, dynamics and even the overall structure.

4.4.3 Importance of including multiple conformational states.
In cases where an enzyme undergoes conformational changes during a catalytic cycle,

modulation of the relative stability between the conformational states can be an effective strategy
to help fine-tune the binding affinity and catalytic turnover of the enzyme. To accomplish this,

multiple conformational states should be simultaneously considered in a MSA scheme.

The design of AAT variants to display a low Km™* by stabilizing the closed state without
consideration of the open state would not have been successful. Had we only designed a library of
36 members based on the Closed ensemble scores alone (Closedonly), the library would have
contained 0 mutants from the Closed library and 12 mutants from the Both library, which includes
one of the mutants selected for kinetic characterization, VYNS. Although VYNS displayed a Ky "
28-fold lower than WT, it was still higher than the Ky displayed by all 5 of the mutants from

the Closed library that were kinetically characterized. Additionally, 4 of the 5 mutants from the
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Closed library have higher Closed ensemble scores in the closed state than WT (ranked 13230" in
the closed state), which means these mutants would have never been included in the Closedonty
library. In fact, the enzyme with the best Km™”, TYIT, had the highest Closed ensemble score (i.e.,
highest energy) amongst the other mutants from the Closed library. Only by consideration of the
open and closed states in multistate analysis could a Closed library that contains mutants which

display such a low Km™"* be designed.

Likewise, if a library was built that only considered the Open ensemble scores (Openonty),
the library would contain 24 of the 36 mutants from the Both library but no mutants from the Open
library. Therefore, if the Open library design is confirmed to be successful, it was only possible

due to the inclusion of multiple conformational states.

It is less clear that both conformations were required to design AAT mutants with a small
ensemble score difference between the two conformational states. Of the 36 mutants in the Both
library, 12 variants would have been included in the Closedoniy library and 24 variants would have
been included in the Openoniy library. Additionally, 8 mutants from the Both library are common
to all three libraries (Both, Closedonly, Openonty). However, only 3 (VYNS, VFCS, VYCS) of the
24 mutants from the Openonty library and 2 (VYNS, VFNA) of the 12 mutants from the Closedonly
library that were also in the Both library were identified during the 2-substrate screening.
Alternatively, 9-10 of the 12 mutants from the Both library that were most active with
phenylalanine and identified during screening were unique to the Both library and would not have
been included in either single-state libraries, which suggests that inclusion of both conformational

states during design may have been beneficial.
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4.4.4 Comparison to the literature
Previously, CPD has been used to identify mutations that alter the conformational

equilibrium between the ground and excited state of a T4 lysozyme mutant to invert the relative
population of the two species.”® Also, Michielssens et al.!*® identified single-point mutations that
modified conformational equilibria of ubiquitin to control protein-protein binding rather than
optimizing its protein-protein binding interface. The work presented here is different in that AAT
must undergo conformational changes during its catalytic mechanism, which necessitates that both
the open and closed states remain energetically accessible for the AAT variants to maintain
catalytic activity. Additionally, we introduced the use of domain movement analysis to identify

positions to consider for mutation.

4.5 Conclusions

The MSA procedure presented here predicts mutations at hinge regions of domain
movement that could affect the conformational equilibrium of enzymes. Here, we used the
procedure to design libraries of AAT mutants that exhibit a preference for either the open
conformation, the closed conformation, or both. The 2-concentration screening protocol we
developed here and steady state kinetics indicated the designs were successful and further
experiments to validate the success of the designs are underway. The method developed here opens

the door for the design of any enzyme that undergoes conformational changes.
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4.6 Methods

4.6.1 Computational Protein Design details
Computational protein design (CPD) calculations were performed with PHOENI

X 233,37
using Fast and Accurate Side-Chain Topology and Energy Refinement (FASTER)? to optimize
each sequence for every backbone of each conformational state (130,321 sequences X 50
backbones x 2 conformational state = 13,032,100 individual scores). The backbone dependent
Dunbrack rotamer libraries®® with expansions of +1 standard deviation around y; and ¥, were used
to model side-chain conformations. Rotamer combinations were evaluated using a four-term
potential energy function consisting of a van der Waals term from the Dreiding II force field'®’
with atomic radii scaled by 0.9, a direction sensitive hydrogen-bond term with well depth at 8.0
kcal mol™!,* an electrostatic energy term modeled using Coulomb’s law with a distance dependent
dielectric of 10, and an occlusion-based solvation penalty term.?” The crystallographic conformers
were not allowed to avoid crystallographic bias. In addition, the explicit energies of all rotamers

within 5 A of the optimized residues were also included in pairwise energy interaction calculations.

The backbone template energy was not included in the scoring function.

4.6.2 Mutagenesis
The E. coli AAT gene cloned into plasmid pET-45b (Novagen) was a generous gift from

Michael D. Toney (University of California, Davis). Overlap extension mutagenesis was
performed as described by Vallejo et al.!>? using VentR DNA polymerase. Inspired by Tang et
al.,'>! multiple degenerate codons were used in order to eliminate redundant codons and minimize
uneven distributions of amino acids in the library. Following gel purification (Omega Biotek), the
amplicons were recombined by overlap extension PCR, resulting in the final gene. The gene was
gel purified and digested with the restriction enzymes Ndel/BamHI. Following another gel

purification, the digested fragment was ligated into the expression vector pET11-a with T4 DNA
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ligase. The resulting expression vectors containing the aminotransferase genes was then
transformed into E. coli BL21-Gold(DE3) gold cells. Colonies were picked into individual wells
of V96 MicroWell polypropylene plates (Nunc) containing 300 pL of medium (LB with 100 pg
mL™" ampicillin). Wildtype AAT in pet45b vector, a triple mutant AAT (K41Y/T471/N69L) in
petl1-a vector, and petl1-a vector containing no AAT were picked into two wells each as two

positive controls and one negative control, respectively.

4.6.3 Screening
The mother plates containing the AAT mutant libraries were used to inoculate sterile Nunc

V96 MicroWell plates containing 300 pL of Overnight Express Instant TB media (Novagen)
supplemented with ampicillin per well, which were incubated overnight at 37 °C and then washed
and lysed to prepare the clarified lysates as described by Walton et al.!?! except 5 U mL™! of
benzonase was used instead of 25 U mL™! in the lysis buffer. Screening assays were performed in
200 pL reactions containing final concentrations of either 3 or 40 mM L-phenylalanine, 0.2 mM
a-ketoglutarate, 5 mM NAD", 16 uM PLP, and 1 U of GDH in 100 mM potassium phosphate
buffer (pH 8.0, 37 °C). 96-well plates (Greiner Bio-One) containing the standard reaction mixture
were preincubated at 37 °C for 5 min prior to initiation of the reaction by the addition of 10 pL of
clarified cell lysates. Enzyme reactions were monitored with a SpectraMax 384 Plus plate reader
(Molecular Devices) by measuring absorbance of NADH at 340 nm (340 = 6220 M~! cm™) every
12 seconds for 30 minutes. Pathlengths for each well were calculated ratiometrically using the
difference in absorbance of potassium phosphate buffer at 900 and 998 nm. The linear phases of
the kinetic traces were used to measure the initial reaction rates. The average background reaction
rates plus 10% of the negative controls were subtracted from each well before computing the

reaction rates.
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4.6.4 Steady-state Kinetics of AAT mutants
The mutants were expressed and purified as described by Mironov et al.''> All kinetic

assays were performed in triplicate. To measure the steady-state kinetics for L-aspartate and L-
phenylalanine with the AAT mutants, GDH assays were performed by varying the amino acid
concentration (up to 20 mM for aspartate and 40 mM for phenylalanine) in the presence of 200
uM a-ketoglutarate, 5 mM NAD', 16 uM PLP, 1 U GDH and approximately 10 mU of
aminotransferase in 100 mM potassium phosphate buffer (pH 8, 37 °C). The linear phases of the
kinetic traces were used to measure the initial reaction rates. The initial reaction rates at different
amino acid concentrations were fit to the Michaelis Menten equation (Equation 4.1) using the
GraphPad Prism software to compute apparent steady state kinetic parameters, kcac and Km (Table

4.9).
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Chapter 5: Summary and perspectives

Some of the language and figures in this chapter were adapted from a book chapter

coauthored with Olivier Gagnon and Dr. Roberto A. Chica:

St-Jacques AD, Gagnon O & Chica RA (2018) Computational Enzyme Design: Successes,
Challenges and Future Directions. In: Williams G & Hall M (Ed.) Modern Biocatalysis: Advances

Towards Synthetic Biological Systems (pp. 88-116). Cambridge, UK. Royal Society of Chemistry.

5.1 Summary

The development of a broadly-applicable computational method for the design of enzymes
that can catalyze any chemical reaction with high efficiency and selectivity under defined
conditions is a major objective of protein engineers. Standard computational protein design (CPD)
protocols find optimal sequences in the context of a single state, for example an enzyme structure
with a single substrate bound at its active site. However, many enzymes require multiple substrates
and many enzymes undergo conformational changes throughout their catalytic cycle. In this thesis
I presented the development and implementation of methodologies (1) to generate rotamer libraries
for any small molecule, (2) to redesign the substrate specificity of multi-substrate enzymes and (3)

to modulate the conformational equilibrium of an enzyme.

Chapter 2. We determined the Dunbrack 2002 backbone independent rotamer library'# 3°

(bbind) contained rotamers that could replicate aminotransferase active site residue rotamer
configurations better than the rotamers included in the Dunbrack 2002 backbone dependent
rotamer library. However, the bbind library was not always sufficient to recapitulate the input
amino acid substrate rotamers of the PLP-bound substrates. Therefore, we built our own substrate

rotamer library to successfully model the input substrate rotamers, which was used in the following
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chapter to model substrates in the BCAT active site. The method developed in this chapter can be

used to generate a rotamer library for any small molecule.

Chapter 3. The multi-chemical state CPD framework presented here incorporates multiple
chemical states into the redesign of enzymes that require multiple substrates to undergo a complete
reaction mechanism. Here, we developed a multi-chemical state CPD framework that incorporates
multiple chemical states to redesign the BCAT active site to enhance its ability to catalyze the
transamination of L-histidine using a-ketoglutarate as an amino acceptor up to 50-fold higher than

WT BCAT.

Chapter 4. We developed a multistate analysis (MSA) framework to identify and design
residues important to domain movement in order to modulate the conformational equilibrium of
an enzyme and thereby alter its substrate specificity. Domain movement analysis identified
residues distal to the active site that act as a hinge to the opening and closing of domains in AAT.
These hinge-bending residues were designed using MSA to alter the conformational equilibrium
of AAT to predict combinatorial AAT mutant libraries that prefer the open state, the closed state,
or to exhibit no preference. Apparent steady-state kinetic parameters of AAT variants from each
library suggest the designs were successful and further experiments to validate these designs are

underway.

The multistate methods described in this thesis open the door for future CPD projects to

redesign enzymes for any application and can also be applied to de novo enzyme design.

5.2 Perspectives

The methods presented in this thesis will contribute more tools in the CPD toolbox for

enzyme (re)design. However, the success rate of the computational procedures remains low as
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d,'%%-19 while others are folded but cannot bind the

many of the failed designs simply do not fol
substrate.®® Failed designs can be attributed to several approximations made in the computational
methodologies to ensure tractability. For example, the protein backbone is held fixed during
design, and translational, rotational, and conformational sampling of the substrate or transition
state and amino-acid side chains is discretized, preventing the computational procedure from
achieving the sub-angstrom level of precision that is required for highly efficient catalysis.!”
Additionally, potential energy functions used in computational enzyme design contain
inaccuracies in their treatment of non-bonded interactions.!¢” 17173 Particularly problematic is the
accurate description of long-range electrostatics and atom polarization,!” which are crucial to

enzymatic catalysis.!”> These inaccuracies have thus far prevented kinetic parameters of enzymes

(i.e., keat and Kn) predicted by CPD to be strongly correlated with experimental values.!”®

Even when computational enzyme design yields active biocatalysts, catalytic efficiencies
(kea/ Km) obtained are orders of magnitude lower than those of natural enzymes, especially with
respect to de novo enzymes." !’ These modest catalytic efficiencies are mostly due to kcar values
that are 1-6 orders of magnitude lower than those of natural enzymes," > and not to Michaelis
constants (Km), which fall within the range of those found in natural biocatalysts.!”” This result
demonstrates the ability of computational enzyme design to create active sites capable of
productively binding a substrate but that this does not ensure highly efficient catalysis. Indeed,
enzymatic reaction rates are determined by the rate-limiting step of the complete catalytic process,
which may not necessarily be the chemical state that is modeled during design (i.e., the substrate-
enzyme complex, or the transition state and its theoretical optimal geometry for stabilization by
enzyme functional groups). For example, it has been shown that for many enzymes, product

release’® or conformational exchange between various sub-states during the catalytic cycle’* are
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rate-limiting. It is thus possible that such processes slow down the rate of reactions catalyzed by

(re)designed enzymes.

In order to improve the success rate of computational enzyme (re)design, continued
development of CPD force fields and sampling methodologies will be vital. Recently developed
electrostatic potential energy terms'’® as well as polarizable force fields'”®!% could be
incorporated into future computational enzyme design methodologies to better model electron

60-61, 181-182

distribution during the catalytic step. Use of flexible backbone design algorithms, as

59, 183

well as continuous rotamer and backbone!®* flexibility may lead to improved sampling of the

protein scaffold during design. As well, multistate methods with large structural ensembles®® &3
may increase the success rate of computational enzyme design by helping to address the fixed
backbone approximation.>® In addition to improvements to the computational methodology, it will
be crucial for researchers to broaden their selection of residue positions during design. Typically,
designed residue positions in the protein are restricted to those in the active site. Yet, distant
mutations have been shown to have a large impact on the catalytic properties of many enzymes, 3>
1% making their prediction by computational enzyme design essential if we are to create highly
active enzymes. However, it remains very difficult to know a priori which positions to consider.
In Chapter 4, we showed that domain movement analysis can be used to identify residue positions
distal to the active site that act as hinges for the modulation of conformational exchange. Other
potential computational approaches to identify designable distal sites include a self-consistent
mean field entropy-based method,'®” which identifies residue positions in the protein that may be
tolerant to mutation, and the Monte Carlo side chain entropy method,'®® which could be used to

calculate side-chain fluctuations and their coupling across residues in order to identify distal sites

that can affect catalysis.
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Ultimately, the (re)design of enzymes with catalytic efficiencies matching those of natural
enzymes will likely require a holistic view of enzymatic catalysis where every possible state that
the enzyme adopts as it undergoes its catalytic cycle (Figure 5.1) is included in the calculation.
This could be achieved by the implementation of multistate approaches®® 137 189190 jp
computational enzyme (re)design. In a multistate computational enzyme (re)design process, a
minimum of four states should be considered for the creation of biocatalysts catalyzing simple,
single-step mechanisms: the free enzyme, the Michaelis complex, the enzyme-bound transition
state structure, and the product-bound state. Consideration of these states can ensure that mutations
designed to create the active site and stabilize the transition state do not inadvertently result in
over-stabilization of the enzyme-product intermediate, leading to decreased rate due to a slow
product release step, or over-packing of the transition state, which may reduce catalytic efficiency
by creating a high-energy barrier preventing substrate entry and product exit into and from the
active site (Figure 5.2). Thus, an ideal multistate computational enzyme (re)design calculation
should aim to (i) facilitate substrate entry and binding in the active site, (i1) destabilize the substrate
ground state by active site preorganization, (iii) stabilize the transition state, and (iv) destabilize
the enzyme-product complex to facilitate product release (Figure 5.3). Achieving this delicate
balance between the relative energies of these states could theoretically lead to more catalytically
efficient enzymes in the future. The multistate approach developed in Chapter 3 will be essential
for the inclusion of all relevant states for enzyme design. Additionally, the rotamer library

generation method we developed in Chapter 2 enables more complete descriptions of ligand

flexibility when modeling ligand-enzyme complexes.

126



E*

P 4 S
E
Ve N
EP* — EP ES — ES*

\ o/

Figure 5.1. States adopted by an enzyme as it undergoes its catalytic cycle. As an enzyme (E)
undergoes its catalytic cycle, it must bind the substrate (S) to form the Michaelis complex (ES),
leading to catalysis by transition state stabilization ([ES]*). Following the reaction, the enzyme-
product complex is formed (EP), and product (P) is released to regenerate the free enzyme.
Potential competing states in grey include unproductive conformations of the enzyme (E”) and
unproductive binding poses of the substrate or product to the enzyme (ES” and EP”, respectively).
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Figure 5.2. Hypothetical consequences of transition state stabilization by computational enzyme
design. In all cases, reaction coordinates before and after transition state stabilization are shown as
full or dashed lines, respectively. (A) Transition state stabilization by computational enzyme
design aims to lower the energy barrier of the rate-limiting step and thus increase the rate of the
reaction. However, transition state stabilization may also result in the unintended over-stabilization
of the enzyme-substrate and enzyme-product complexes (B), which would result in a rate-limiting
product-releasing step that would decrease catalytic efficiency. Alternatively, the computational
procedure may result in transition state over-packing (C), which could create a high barrier for
substrate entry in the active site or product release and thereby decrease catalytic efficiency.
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Figure 5.3. Multistate computational enzyme design. The multistate computational design
procedure should aim to (/) facilitate substrate entry and binding in the active site, (2) destabilize
the substrate ground state by active site preorganization, (3) stabilize the transition state, and (4)
destabilize the enzyme-product complex to () facilitate product release. Full and dashed lines
show theoretical reaction coordinates of low and high efficiency enzymes, respectively.
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Figure 5.4. Potential energy surfaces of hypothetical enzymes. An enzyme that exchanges between
productive and unproductive conformations (A) is expected to be less catalytically efficient than
an enzyme that cannot exchange to catalytically unproductive conformations (B).
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In addition to the four chemical states described above, alternate conformations of the
unbound enzyme need to also be considered, as enzymes are intrinsically dynamic molecules that
can sample numerous conformations.’* !°! The ability of enzymes to exchange between multiple
conformations is vital to catalysis,”? as different conformational sub-states are needed to bind the
substrate(s), stabilize the transition state, and release the product(s). However, dynamics can also
be detrimental to catalysis, as motions that cause sampling of unproductive conformations can
limit the rate of enzyme turnover.'°”!® For example, an enzyme that exchanges between
catalytically productive and unproductive conformations would be less active than an enzyme
where unproductive conformations are inaccessible (Figure 5.4). Thus, the multistate
computational enzyme design procedure should aim to eliminate sequences predicted to stabilize
unproductive conformations, which can be done by negative multistate methods.%> However, the
structural features of the conformational sub-states that the enzyme can adopt throughout the
catalytic cycle are difficult to define. Fortunately, recent developments in room temperature x-ray
crystallography have revealed hidden alternative protein conformations that may be functionally
relevant to catalysis, and these can be modeled as discrete structures'® 1% to be used in
computational enzyme design. Alternatively, models of such structures could be obtained using
long timescale MD simulations,'®> which are starting to approach the millisecond timescale'*® of
protein motions pertinent to catalysis.'”’ In cases where multiple biophysically relevant sub-states
of an enzyme are available, the framework we developed in Chapter 4 can be used to control the

conformational exchange between these sub-states.

Continued development of computational enzyme (re)design methodologies will be
essential to realize the on-demand design of enzymes that can catalyze any desired chemical

reaction with high efficiency and selectivity under defined conditions. We expect that fulfilment
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of this long-term objective will require the design of complete enzymatic catalytic cycles for
reactions of interest. This objective may be tackled following the development and validation of
more multistate approaches to computational enzyme (re)design, which could open the door to the

next phase of biocatalyst design.
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