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ABSTRACT

Protein design plays a key role in our efforts to work out how genetic coding began. That effort entails urzymes. Urzymes are small, conserved
excerpts from full-length aminoacyl-tRNA synthetases that remain active. Urzymes require design to connect disjoint pieces and repair naked non-
polar patches created by removing large domains. Rosetta allowed us to create the first urzymes, but those urzymes were only sparingly soluble. We
could measure activity, but it was hard to concentrate those samples to levels required for structural biology. Here, we used the deep learning algo-
rithms ProteinMPNN and AlphaFold2 to redesign a set of optimized LeuAC urzymes derived from leucyl-tRNA synthetase. We select a balanced,
representative subset of eight variants for testing using principal component analysis. Most tested variants are much more soluble than the original
LeuAC. They also span a range of catalytic proficiency and amino acid specificity. The data enable detailed statistical analyses of the sources of both
solubility and specificity. In that way, we show how to begin to unwrap the elements of protein chemistry that were hidden within the neural net-
works. Deep learning networks have thus helped us surmount several vexing obstacles to further investigations into the nature of ancestral proteins.
Finally, we discuss how the eight variants might resemble a sample drawn from a population similar to one subject to natural selection.

© 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution-NonCommercial 4.0
International (CC BY-NC) license (https://creativecommons.org/licenses/by-nc/4.0/). https://doi.org/10.1063/4.0000294

INTRODUCTION

Deep learning platforms' * were recognized by Nobel Prizes in
2024 for their contributions to physics’ and chemistry.” Both have

sites. “Urzymes™'*"'” have 120-130 residues. Recently, we described
the in vivo genesis of both urzymes and protozymes from a full-length
double mutant plasmid. That work'® confirmed a significant literature

made major contributions to our effort to construct experimental
models for ancestral aminoacyl-tRNA synthetases (AARS). These are
the enzymes that translate the genetic code.” They act as AND gates,
selecting amino acid and tRNA substrates from the cellular milieu, and
make a covalent bond between them if, and only if, both satisfy the
relationships set out in the genetic coding table.

An extensive literature describes the nested hierarchy of AARS
constructs we made as model systems for ancestral AARS.
“Protozymes™” are ~50-residue peptides containing the ATP binding
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on both kinds of analytical constructs. They have nearly intact catalytic
sites and generally retain ~60% of the transition state stabilization free
energy of the mature AARS. The constructs thus may represent active
models for very early stages of AARS evolution.'” *' Their primitive
enzymology likely played a central role in enabling nature to discover
an optimal code and then teach the earliest AARS to interpret the blue-
prints in their own genes.””*’

However, urzymes are among the hardest biological objects
to study. Biochemistry is difficult because urzymes have limited
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stability and their activities are scarcely above background. Structural
biology is next to impossible because of their low solubility and
disorder.

We turned to deep learning algorithms with several goals in
mind. First, we hoped to find sequences that had higher solubility
when expressed. Second, we hoped to increase the stability and per-
haps the 3D order of AARS urzymes. Third, we expected to test drive
procedures for efficient biochemical assays of AARS urzymes with
closely related sequences. Finally, we expected that by balanced sam-
pling we could exploit the implicit factorial nature of the subset to
answer questions such as these. How do the sequence changes affect
solubility of the related variants? How do they affect catalysis and sub-
strate specificity? And, eventually, how do they affect the thermody-
namic stability?

Moreover, ancient proteins coded before translation was as accu-
rate as it is today were doubtless related proteins without a single
defined sequence, but which all had similar biochemical and structural
properties. They are ensembles in a similar sense to that used in statis-
tical mechanics. Eigen called them quasispecies (QS).”* We will also
refer to the variants as representing such an ensemble.

Eigen defined the term quasispecies to describe the impact of the
high error rates expected from primitive replicators.”” The term identi-
fies a (stationary) distribution of nucleic acid sequences that replicates
(breeds true) at selection equilibrium. Such a “species” is not geneti-
cally singular, so a quasi-species. Eigen derived rate equations to
describe the time evolution of the population distribution (from any
arbitrary initial condition). The solution of those equations is a set of
population eigenvectors. The selected “quasispecies” (QS) distribution
is the eigenvector with the highest eigenvalue. We are in the process of
creating the necessary algorithms to reconstruct the likely sequence
distributions of ancestral AARS from the time before the genetic cod-
ing table was complete.'”*>***” That work will then require new kinds
of biochemical analyses. For these reasons, any work that makes work-
ing with urzymes easier and/or provides a platform for studying
quasispecies-like ensembles is valuable.

The accompanying papers in this collection focus mainly on
what artificial intelligence contributes to structure solution. The
experiences described here emphasize how deep learning also
brings important new resources to downstream experimental work
that is based on structural studies. Our purpose is to describe how
deep learning helped us to address issues raised in the foregoing
paragraphs.

METHODS AND MATERIALS

Cloning, overexpression, and purification of redesigned
LeuAC variants

Plasmids pMAL-c2X containing the redesigned maltose binding
protein (MBP)-LeuAC genes were synthesized by Twist Bioscience
and expressed in BL21 (DE3)pLysS competent cells (Promega). Cells
were grown at 37°C and early log phase cells induced with 300 M
IPTG overnight. Harvested cells were resuspended in a buffer contain-
ing 20mM Tris, pH 7.4, 1 mM EDTA, 5mM f-ME, 17.5% glycerol,
0.1% NP40, 33mM (NH,4),SO4, 1.25% glycine, 300 mM guanidine
hydrochloride plus cOmplete protease inhibitor (Roche). The cell sus-
pension was lysed using a glass homogenizer followed by sonication
(with eight pulses of 10 s with 70% amplitude sonic vibrations) keeping
20 s of pause time, ensuring the tube remained in ice during sonication.
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LeuAC crude extract was then pelleted at 4 °C with centrifugation at
15K rpm for 30 min to remove insoluble material. The extract super-
natant was then diluted 1:4 with lysis buffer and loaded onto equili-
brated Amylose FF resin (Cytiva). The resin was washed with five
column volumes of buffer and the protein was eluted with 30 mM
maltose in optimal buffer. The purified fraction was then dialyzed
overnight with 50 mM HEPES buffer containing 1 mM EDTA, 5 mM
f-mercaptoethanol, 17.5% glycerol. After dialysis, fractions containing
protein were pooled together, concentrated, and mixed with 50% glyc-
erol and stored at 80 °C. Protein concentrations were determined using
the Pierce’™ Detergent-Compatible Bradford Assay Kit (Thermo
Scientific).'" The purification of all redesigned LeuAC variants was
done using these same methods on separate days ensuring proper
wash of FPLC amylose resin columns and systems to avoid cross con-
tamination of proteins.

Single turnover active-site titration assay
of all redesigned urzymes

To identify the active fraction of purified LeuAC proteins, active-
site titration (AST) assays were performed using the same principle as
described in Refs. 28 and 29 with slight modifications. Briefly, 5 uM of
LeuAC protein was added to a reaction mix containing 50 mM
HEPES, pH 7.5, 10mM MgCl,, 50 mM leucine, 1 mM DTT, 9 uM
adenosine triphosphate (ATP), 0.005 units of inorganic pyrophospha-
tase, and ~5000 cpm o-labeled [*P] ATP to start the reaction. A vol-
ume of 2yl for all representative timepoints was added from the
ongoing reaction mix into separate tubes containing 4 ul quenching
buffer containing 0.4 M sodium acetate and 0.1% sodium dodecyl sul-
fate (SDS) and kept on ice until all timepoints had been collected.
Around 2 yil of quenched samples were spotted on pre-run (PEI) thin-
layer chromatography (TLC) plates. These were developed in TLC
running buffer containing 850 mM Tris pH 8.0. The plate was then
dried and exposed for varying amounts of time to a phosphor image
screen and visualized with a Typhoon Scanner (Cytiva). The intensities
of each nucleotide were quantified by densitometry scanning using
measure functions of ImageJ.”’ The time dependence of loss (ATP) or
de novo appearance (ADP, AMP) of the three adenine nucleotides
phosphates was fitted using the nonlinear regression module of
JMP™ Pro to the following equation:

Product(calc) = A x exp — Kepem X seconds — ks x seconds 4 C,
(1)

where Kg,epn is the first-order rate constant, kj is the turnover rate, A is
the amplitude of the first-order process, and C is an offset.

Michaelis-Menten kinetics of amino acid activation by
various LeuAC

Michaelis—-Menten kinetics of amino acid activation assays for
individual amino acids were done according to Ref. 31 with some
slight modifications. In brief, the assay reaction mixture contained
50 mM HEPES of pH 7.0, 20 mM MgCl,, 50 mM KCl, 0.2 mM ATP,
0.1 unit of inorganic pyrophosphatase [NEB], 200nM of different
redesigned LeuAC urzymes, and varied concentrations of a particular
amino acid in separate tubes in a total reaction volume of 100 zl.
Reactions were carried out at 37°C for less than 1h along with an
enzyme blank in a separate tube. After this, 400 ul of MG-ammonium

12, 024701-2


pubs.aip.org/aip/sdy

molybdate solution was added to the reaction tubes and kept for 5 min
after mixing properly to develop the phosphomolybdate complex.
Around 40 ul of sodium citrate (w/v) was then added to the tubes,
then solutions were allowed to stand for 20 min and the optical absor-
bance at 620nm was measured with DU800 spectrophotometer
(Beckman Coulter Inc., Brea, CA, USA). The MG-ammonium molyb-
date solution was prepared as described.” The phosphoric acid concen-
tration was calculated from a calibration curve prepared by using 0-
250 uM K,HPOy, to determine the relationship between phosphoric
acid concentration and absorbance. The specific activities of the
LeuACs for individual amino acid concentrations were calculated and
plotted in a specialized nonlinear fit using the modified Michaelis—
Menten equation introduced by Johnson™” [Eq. (2)] and implemented
in JMP™ Pro software. The Ky and k., of LeuACs for individual
amino acids were determined, with standard deviations, from the max-
imum likelihood fit,

Vo = Ksp[s}/(l + Ksp/kcat)7 (2)
where Ky = Kear/Kno-

Study of relative solubility

To study the relative solubility of the purified redesigned LeuACs
(MBP-LeuACs), the pure protein lysates were treated with TEV pro-
teases and compared on reducing SDS-PAGE using two simultaneous
sets of prepared TEV protease treated samples, one of which was cen-
trifuged and the other was non-centrifuged. In brief, purified MBP-
LeuAC protein(s) was mixed with more than adequate amount of
TEV protease (NEB) and TEV buffer into a microcentrifuge tube in
such a way that the final concentration of proteins (LeuACs) and TEV
protease became 4-5 ug/ul and 0.4 U/ul, respectively. This mixture
was then incubated at 30 °C for 2 h or overnight at 4 °C to ensure com-
plete cleavage of MBP-LeuACs fusion protein.”” After that, samples
were distributed equally into two different tubes. One was subjected to
centrifugation at 14K rpm, 4 °C for 20 min. The other sample was
kept uncentrifuged in ice. The supernatant was separated from the pel-
let after centrifugation. This step ensured the removal of insoluble
cleaved LeuACs, keeping the uncentrifuged fraction as control for this
experiment. Then, three protein samples for SDS-PAGE were prepared
from the uncentrifuged (soluble and insoluble content), centrifuged
(soluble fraction), and pellet fraction using reducing protein loading
dyes having SDS followed by SDS-PAGE analysis using 4%-20%
Mini-PROTEAN® TGX™ Precast Protein Gels of BioRAD."" After
electrophoresis, the gel was subjected to Coomassie staining followed
by destaining to visualize protein bands. The soluble fraction was then
determined by doing densitometric measurements of cleaved LeuAC
bands and comparing the centrifuged set with the uncentrifuged ones
of corresponding LeuAC protein wells.

Computational analysis of LeuAC variant stability

The predicted folding stability (AG) for LeuAC variants in the
apo state was calculated using ESM-IF, a deep neural network trained
for inverse folding’ using a previously reported procedure™ to
convert from conditional likelihoods to AG units of kcal/mol. All
calculations used modeled structures from AlphaFold2." Higher AG
values indicate greater predicted folding stability. To evaluate the
effect of ligand binding, we used all-atom sequence design model
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LigandMPNN"” to score LeuAC variants with and without ligand pre-
sent using autoregressive decoding. Higher LigandMPNN scores indi-
cate more favorable sequences, i.e., sequences predicted to be more
likely to adopt the modeled fold. All reported values represent mean
and standard deviation values for triplicate runs. For ESM-IF, 0.05 A
backbone noise was added to estimate model variance between repli-
cates. LeuAC was analyzed by in silico site-saturation mutagenesis
using the Colab server for structure-based graph neural network
ThermoMPNN,** which predicts a A(AG) (in kcal/mol) for each pos-
sible single mutation to the wild type protein. More positive A(AG)
indicates reduced stability relative to the wild type, while more negative
A(AG) indicates improved stability.

Data processing and statistical analysis by multiple
regression methods

Densitometry of phosphor imaging screens of TLC plates was
done using Image].”” Data were transferred to JMP16PRO™ Pro
16 via Microsoft Excel (version 16.49), after intermediate calcula-
tions. We fitted active-site titration curves to Eq. (1) using the
JMP16PRO™ nonlinear fitting module. R” values were all >0.97
and most were >0.99.

Rate data from Michaelis—-Menten experiments were fitted to
Eq. (2) using the nonlinear module of JMP16Pro ™. Factorial matrices
with dependent and independent variables were processed using the
Fit Model multiple regression analysis module of JMP16PRO™ Pro,
using an appropriate form of the following equation:”

Yobs = ﬂo + Zﬁi*Pi + z:ﬁij*l:)i*l)j + ¢, (3)

where Y, is @ dependent variable, usually an experimental observa-
tion, f3 is a constant derived from the average value of Y, f; and
are coefficients to be fitted, P;; are independent predictor variables
from the factorial matrix, and ¢ is a residual to be minimized. All rates
were converted to free energies of activation, AGH = -RTIn(k), before
regression analysis because free energies are additive, whereas rates are
multiplicative. For example, the activation free energy for the first-
order decay rate in single turnover experiments is AG Kaern)-

Multiple regression analyses of factorial experimental data exploit
the replication inherent in the full collection of experiments to estimate
experimental variances on the basis of t-test P-values, in contrast to
the presenting error bars showing the variance of individual data-
points. Multiple regression analyses reported here also entail triplet
experimental replicates, which enhance the associated analysis of
variance.

RESULTS

There are two distinct AARS Classes: I and IL.***' They have
entirely unrelated primary, secondary, and tertiary structures."” Class I
AARS consist of four distinct modules: denoted A, B, C, and D. Class I
urzymes retain modules A and C from the full-length enzymes and are
missing connecting peptide 1 (CP1), which is module B, and the
anticodon-binding domain, module D. We add the letters AC to the
AARS abbreviation to denote such urzymes. The first such construct
in 2007, TrpAC, relied heavily on Rosetta.”” The Class I active sites are
interrupted by the long, variable insertion element B. That insertion
had to be deleted and the resulting gap sealed. In addition, both the
insertion (B) and the C-terminal anticodon-binding domain (D) pro-
vide nonpolar surfaces that combine with the external surfaces of the
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catalytic cores to form the hydrophobic core. Thus, full-length leucyl-
tRNA synthetase (LeuRS) evolved to fold using many of the residues
that end up on the urzyme surface as part of its core. Rosetta offered
workable solutions to both problems, as it also did for our second
Class I urzyme, LeuAC."

Although TrpAC and LeuAC served as models for the ancient
enzymology, structural questions remained difficult to answer. TrpAC
was sufficiently soluble that we could record an NMR (nuclear mag-
netic resonance) HSQC (heteronuclear single quantum coherence)
spectrum.”” The dispersion of proton peaks in an HSQC spectrum is
broad if a polypeptide has a nearly unique conformation, but is quite
narrow if it is a molten globule. These spectra are thus a useful test for
proper folding of a polypeptide. The TrpRS HSQC spectrum has a
quite narrow dispersion. Together with related biophysical measure-
ments, that suggested that it is molten-globular catalyst. LeuAC gave
similar results. However, LeuAC was sufficiently soluble only in
dimethyl sulfoxide (DMSO). To overcome the low solubility, we
turned to the enhanced design program ProteinMPNN.” Our goal was
to overcome the solubility issues that likely result from cutting the
urzyme core out of a larger protein.

A second goal was to create protocols for characterizing ensem-
bles. Characterization of a sample of the redesigned variants opened a
deeper investigation into how these primordial enzymes might have
operated. Ensembles are of special significance to us. AARS urzymes are
highly promiscuous in their amino acid specificity. The primordial cod-
ing tables would therefore have been enforced with unknown but low
fidelity. The early AARS genes thus made populations of urzymes that
likely did not have unique amino acid sequences. They certainly had a
range of specificities. Such populations have been described as quasispe-
cies.”” We imagine that the properties of ancestral AARS ensembles
were thus highly heterogeneous in both how proficient they were and
their substrate specificities. This preliminary report compares the prop-
erties—soluble fractions, single turnover kinetics, and amino acid acti-
vation with different amino acids—representative of such a population..

We describe procedures for selecting a representative sample of
eight from a set of thirty MPNN designs, their purification, and their
physical properties. Our most important conclusions are these: (i) The
new designs are all active. (ii) Most are much more soluble than
LeuAC. (iii) They have diverse catalytic and specificity properties. That

>
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inherent biochemical diversity reinforces the need to study urzymes as
quasispecies populations, rather than individuals.

We purified the maltose binding protein (MBP) fusion proteins by
affinity chromatography on amylose. A typical gel of the elution profile
[Fig. 1(a)] shows that the eluted fractions are ~75% pure and that the
most prominent contaminating band represents ~4% of the total protein.
Burst size measurements described below indicate that all or most of the
molecules in the principal band are active aminoacyl-tRNA synthetases.

The low solubility of the original LeuAC posed a serious barrier
to structural studies. TEV cleavage of that purified protein left LeuAC
only sparingly soluble in aqueous solutions. Figure 1(b) shows this
measurement for the LeuAC20 variant, which is the third least soluble
of the nine variants with a soluble fraction of ~0.5.

The original LeuAC was very soluble in DMSO."* So, we recorded
an HSQC spectrum of 15N/13C-enrinched LeuAC in DMSO. We
could not measure either amino acid activation of tRNA aminoacyla-
tion in DMSO, so although the HSQC spectrum resembled that of a
molten globule, we could not conclude that was the active species.

Further attempts to use Rosetta to enhance solubility met with
limited success. At that time, ProteinMPNN was under develop-
ment.””” That offered a substantially enhanced search of sequence
space. So we began to consider new LeuAC variants based on the new
deep learning paradigm.

Selecting a representative sample from a larger
number of designs

Protein chemistry entails a substantial investment of resources. We
wished to ensure as diverse a characterization of the sample of variants as
possible. To that end, we took the thirty initial designs and reduced these
to a set of eight in two steps. First, we rejected outright three variants
whose AlphaFold2 structures differed radically from the P. horikoshii
crystal structure.”” We assembled a set of parameters that could be com-
puted from the sequences and their 3D structures predicted by
AlphaFold2 [Fig. 2(a)]. The estimated solubility is the mean transfer free
energy, AGw>c, from water to cyclohexane of all residues in the
sequence. Structural parameters drawn from the AlphaFold2 (AF) pre-
dictions of 3D conformation include the AF confidence level, its standard
deviation, the root-mean-squared deviation from the coordinates of the
P. horikoshii LeuRS crystal structure, and the mean Simplicial
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FIG. 1. Polyacrylamide gels of the LeuAC20 variant elution profile and soluble fraction. (a) Purification on amylose resin. Densitometry indicates that the eluted fractions are
~T75% pure. The most prominent contaminating band represents ~4% of the total protein. Burst sizes in Fig. 4 are fractions of the corresponding relative purity, hence are
active fractions. (b) Measurement of the soluble fraction is the ratio of the densities of the LeuAC band in the fourth lane divided by the total of lanes 2 + 4.

Struct. Dyn. 12, 024701 (2025); doi: 10.1063/4.0000294
© Author(s) 2025

12, 024701-4


pubs.aip.org/aip/sdy

Structural Dynamics

ARTICLE pubs.aip.org/aip/sdy
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FIG. 2. Use of principal components to select a representative subset for expression and detailed characterization. (a) Matrix of computational scores for the 27 of the 30 origi-
nal variants for which AlphaFold2 predictions matched the LeuAC structure. (b) Constellation plot of the hierarchical clustering of the same variants using the top five principal
components derived for the eight columns of the matrix in A. Circles denote the sequences selected for expression. Their amino acid sequences are aligned in (c). Blue, red,
and green segments of the plot allow for informal tests of the randomness of those samples. (c) Sequences of the eight LeuAC variants described herein. Bold face residues
are invariant among the eight variants and cannot be related to differences in their properties. Blue backgrounds denote residues identical to that of the original LeuAC. Brown
backgrounds denote residues close to the amino acid substrate in 3D structures predicted by AlphaFold2.”

Neighborhood Analysis of Protein Packing (SNAPP) value. SNAPP is a
statistical potential derived from the likelihood of observing Delaunay
simplices with identical compositions in the AlphaFold2 structures in the
database of known structures’ and metrics based on the sequences
themselves. The SNAPP value thus estimates the contribution of a pack-
ing motif to overall stability.

We performed principal component analysis on the covariations
between those eight columns, and selected a random but balanced set
of eight sequences [Fig. 2(b)]. We then purified and characterized the
eight variants highlighted in Figs. 3(a) and 3(b). Sequences of these
variants are shown in Fig. 2(c). In the figure, invariant residues
throughout the sampled set are highlighted in blue. Side chains that

impinge on the active site in AlphaFold2 predicted structures are
highlighted in brown.

As noted further in the discussion, this process resulted in the
broadest possible sampling of the original set of variants. The results
described in the following sections suggest that the sampled variants
represent the variations possible with sequences derived from current
deep learning algorithms.

The new variants span a wide range of solubilities

Our original goal in redesigning LeuAC was to enhance solubility
for the purpose of structural studies. Solubility is a difficult property to
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FIG. 3. Enhanced solubility of LeuAC variants. (a) Soluble fractions following Tobacco Etch Virus protease (TEV) cleavage of the MBP solubility tag. For reference, the horizon-
tal blue line indicates the value for the original LeuAC. Bar plot is sorted in increasing value. (b)—(d) Regression model relating the observed soluble fractions for the nine var-
iants to independent compositional parameters in Table I. (b) Shows the linearity of observed vs calculated values. The large square denotes the original LeuAC. (c) Contains
the model coefficients. The % charged, net charge, DE/QN ratio [(ASP + Glu)/(GLN + ASN)], and %IMVLWY are compositional parameters derived directly from the sequence.
The “Total SNAPP” score is a likelihood potential derived from the composition of all Delaunay simplices in the convex hull.*” p and & are the coefficients and their standard
deviations. (d) Shows the studentized residual values. Data points outside the red lines would be considered outliers.

measure accurately.” To do so, one must follow the asymptotic approach
to equilibrium with some solid state from both below and above the equi-
librium soluble concentration. Rather than investing resources in such
studies, we compared the soluble fraction of the same concentration of
each variant before and after cleavage of the maltose binding protein
(MBP) tag. The factorial matrix in Table I shows that the LeuAC variants
have a wide range of solubilities by that metric [Fig. 3(a)]. LeuCA2 is only
sparingly soluble without the MBP tag. All other variants, including the
original LeuAC, are more soluble. Six of the variants have soluble frac-
tions approaching 1. Soluble fractions depend on the initial concentra-
tions of the purified variants. Thus, values close to 1 may underestimate

the true solubility. That being the case, most of the more soluble variants
could facilitate future NMR structural studies.

The coherence of the nine observations affords the opportunity
to investigate relationships between composition and solubility.
Accurate solubility prediction from compositional parameters is an
ongoing challenge. For reference, expected solubilities according to
one of the popular algorithms, DeepSoluE,” are essentially uncorre-
lated with the observed values (R>=0.19, P =0.23). Our model, on
the other hand [Figs. 3(b) and 3(c)], provides excellent correlation
(R*=10.99, P = 0.004) with three degrees of freedom for estimation of
errors. We compare predictions of solubility in more detail in the

TABLE 1. Design matrix for soluble fraction. The dependent variable column is shaded light gray. Other columns are potential predictors.

Sol. % % % % net % %
Variant  fract SNAPP_tot (SNAPP) IVWREL ClassI charged hydroxylic DE/QN c¢hg IMVLWY RE DeepsoluE % <0
LeuAC1 78 —4.12 —0.27 0.39 0.44 0.29 0.13 10.00 -2 0.31 0.13 0.30 0.18
LeuAC2 1 —7.11 —0.25 0.36 0.43 0.25 0.14 4.67 4 0.29 0.12 0.24 0.31
LeuAC9 85 —11.80 —0.29 0.33 0.40 0.31 0.13 5.00 0 0.29 0.10 0.74 0.87
LeuAC15 95 —10.56 —0.26 0.35 0.44 0.28 0.13 3.40 2 0.31 0.11 0.42 0.74
LeuAC19 85 —6.75 —0.22 0.33 0.42 0.32 0.12 3.80 3 0.27 0.12 0.76 0.33
LeuAC20 50 —38.80 —0.24 0.36 0.42 0.33 0.12 11.00 -1 0.29 0.12 0.70 0.43
LeuAC22 96 —5.66 —0.19 0.36 0.44 0.26 0.10 2.67 2 0.30 0.12 0.25 0.18
LeuAC24 96 —6.55 —0.20 0.33 0.43 0.24 0.15 3.60 -5 0.30 0.10 0.65 0.32
LeuAC 35 —4.03 —0.16 0.31 0.43 0.17 0.12 1.13 4 0.33 0.08 0.04 0.25
Struct. Dyn. 12, 024701 (2025); doi: 10.1063/4.0000294 12, 024701-6
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section titled Discussion. We now describe the enzymology of the eight
variants in comparison with the initial LeuAC.

Single turnover kinetics reveal precise differences in
catalytic properties between variants

Our previous work with AARS urzymes made substantial use of
active-site titration.””” Single turnover assays build the experimental
signal by using enough enzyme that one round of catalysis can be mea-
sured. We first used the burst sizes to show that essentially all protein
molecules in solution contribute to the observed changes in adenine
nucleotides. Subsequently, we showed that first-order rates, Kchems
were useful in interpreting variation in the catalytic properties of
active-site mutations.”'** Very recently, we recognized that the ratio of
AMP to ADP burst sizes in single turnover experiments measures the
efficiency of using the free energy of ATP hydrolysis.”" For these rea-
sons, we first carried out single turnover assays on all variants. Figure 4
summarizes the various metrics derived from those measurements.

Overall, the redesigned variants have improved catalytic proper-
ties. We note at the outset that triplicate measurements are highly
reproducible. That lends credibility to our interpretations of Fig. 4.
Consistent with our earlier conclusion that the sampling protocol is rep-
resentative, the experimental properties of the variants include some
that are less favorable and many that are more favorable than the initial
LeuAC. The dynamic range is roughly a kcal/mol in transition state sta-
bilization free energy.

The first-order rate, K,ems, is the rate at which the first molecule of
ATP is hydrolyzed. LeuAC19 and the original LeuAC have about the
same rate; all other variants are faster. Since we began to use a-labeled
ATP, it became clear that that rate is a composite rate for two reactions.
One is the synthesis of aminoacyl-5’AMP, the normal product. The
other reaction produces ADP instead. That reaction is not fully under-
stood. However, we have argued for two reasons that it also represents
productive use of ATP. First, the presumptive active site appears to
open space for binding various ATP conformations, including two that
predominate in solution.'" These are in position to phosphorylate first
the a-phosphate and then the resulting f-phosphate of the bound
adenylate. Subsequently, we supported that interpretation by showing
that the AMP/ADP ratio in single turnover assays depends both on the
urzyme construct and on the presence of cognate tRNA.”'

LeuAC24 is unusually free of nonproductive side reactions that pro-
duce ADP [Fig. 4(f)]. Its AMP/ADP ratio, 0.21, is 3.7 standard deviations
higher than the mean of all the others, including the original LeuAC.
LeuAC24 also is one of the most soluble of the redesigned variants, as is
LeuAC22, which has a typical AMP/ADP ratio of 0.07. The redesigned var-
iants may enable us to pursue this curious difference with structural studies.

Steady-state kinetic measurements show significant
differences in amino acid specificity
AARS serve in vivo to assure that the correct amino acids match

properly with successive codons in genetic messages. For that reason, it
is of interest to know how the different designs affect the relative
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FIG. 4. Parameters derived from single turnover kinetic measurements with leucine. All bar plots are sorted, with more favorable values to the right. Rates in (a)—(c) are
expressed as free energies. The blue horizontal lines denote the original LeuAC. (a) First-order rates, AGkcnem, for the first round of catalysis. (b) Turnover rates, AGks. Turnover
is several orders of magnitude slower than kger for all variants [see (c)]. (c) The ratio kehem/ks measures the binding affinity of the activated aminoacyl-5' AMP intermediate. More
negative values (to the right of LeuAC) bind the aminoacy! intermediate more tightly. (d) The burst size, n, is the fraction of macromolecules in the purified catalyst that contribute
to ATP consumption. Six of the eight variants have higher active fractions than LeuAC. () The burst size, n, is proportional to the apparent affinity for the activated amino acid
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specificities of the variants for different, related amino acids. The second-
order rate constant, k.,/Ky;, defines the rate at which free enzyme and
free substrate combine to form product. It is frequently referred to as
the specificity constant, K, because the ratio Ky, /K, p defines the
relative throughput of competing substrates, A and B.”” The Malachite
Green assay enabled us to measure the spectrum of different specificities
of each variant for the four amino acids most closely related to the
proper specificity of the contemporary LeuRS. Thus, we measured the
steady-state dependence on the concentrations of leucine, isoleucine,
valine, and methionine. Figure 5 shows these spectra as bar graphs of
the free energy derived from the specificity constant, K, = k./Kn. We
previously had noted that the original LeuAC urzyme has a preference
for isoleucine rather than leucine. The data in Fig. 6 confirm that result.
LeuAC and the eight variants exhibit far more variation in their
activities with different amino acids (i.e., their specificity) than they do
for their overall rate enhancement for a given amino acid, as indicated
by the first-order or turnover in single turnover experiments (Fig. 4).
The free energies of the rate constants differ by less than a kcal/mol.
For each amino acid, the original LeuAC falls within the range of the
eight variants, falling roughly in the middle for all but isoleucine
(Fig. 5). Specificities for different variants differ by nearly 5kcal/mol.
For that reason, we delve more deeplyin the next section into how the
ProteinMPNN design process affected the relative specificities.

Regression modeling relates specificity differences to
mutational changes

It is widely understood that caching the actual physics into the hid-
den deep learning networks means that they are black boxes. In this work,

Struct. Dyn. 12, 024701 (2025); doi: 10.1063/4.0000294
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we have been able to exploit the coherence of the design set, together with
extensive experimental characterization, toward illuminating what is inside
the black boxes. The new LeuAC variants provide a coherent window on
structure/function relationships important to substrate recognition.
Specificities of the nine LeuAC variants for four, related amino acids are
highlighted in Fig. 6. Six of the mutant residues highlighted in brown in
Fig. 2 line the amino acid binding site. These affect the activation reaction
significantly. The selected variants include between two and five different
amino acid residues at these positions. There thus are a total number of 22
possible independent variables in the experimental matrix. Because one
column of each set of residues at the same position depends linearly on
the others, Table II shows only 17 of these.

Although the amino acid substitutions can be considered ran-
domly distributed between the nine variants, the sample is not bal-
anced. There is incomplete coverage of two-way interactions between
active-site mutations. That lack of balance limits us to consideration of
main effects of individual side chain mutations in Fig. 2(c).

The number of truly independent rows in Tables I and 11 is 9, the
number of variants. For that reason, no regression model can use more
than eight of the independent variables. With a total of nine variants, we
may be able to estimate 5-6 such contributions of the free energy for the
specificity constant, AG(K,), without overfitting the data. The JMPPRO
stepwise regression module provides a means of interactive selection of
models. The experimental matrix (Table IT) includes 17 independent vari-
ables that might alter the specificities for the four related Class IA amino
acids. In our case, the mean relative error in AG(Kyp) is ~0.15. As noted
earlier in Ref. 54, one sign of overfitting is an R* value in excess of
1-(6)* ~ 0.98. We have taken care to assure that the models summarized
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background. Note in particular that because of the conversion to free energies, the error bars are very small for most variants.

in Fig. 7 for each amino acid all have 0.96 < R* < 0.99. The models in
Fig. 7 are all formally overdetermined by measurements for at least two
extra variants. Moreover, the stepwise algorithm shows that all four mod-
els represent subsets of predictors whose P-values are orders of magni-
tude smaller than those of the remaining possible predictors.

Other than the consensus signatures, which were constrained to
be wild type histidine and lysine, we did not constrain other residues
lining the active site in the design algorithm. Thus, optimization of the
various metrics used by ProteinMPNN to sift through the different
variants found samples in which the capacity to stabilize tertiary struc-
ture also identified some substitutions that affected the amino acid spe-
cificity. These residues are highlighted with a brown background in
Fig. 1(c). Second, the error bars in Figs. 5 and 6 show very high repro-
ducibility of the Malachite Green assay for the specificity constants,
Kyp = kear/ Ky, for amino acid activation.

Thus, our data predict how unique combinations of the appropri-
ate mutations should enhance the specificity for each of the four
amino acids. Those predictions can be tested experimentally. For that
reason, this dataset affords a substantial new window on relationships
between the presence or absence of particular amino acid side chains
and binding specificity.

Struct. Dyn. 12, 024701 (2025); doi: 10.1063/4.0000294
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Detailed structural comparisons between variants
support the regression models

We used the coordinates provided by AlphaFold2 to construct
from the respective structure predictions what the configuration might
be for the side chain binding environments most consistent with opti-
mizing selectivity for each of the four Class IA amino acids, when
grafted onto the LeuAC framework (Fig. 8). Each amino acid substrate
is surrounded by side chains consistent with the specificity of the
aminoacyl-5° AMP. The results all tend to validate the indications of
the respective regression models. None of the arrangements illustrated
here are represented in the selected subset of variants.

The strength of these modeling results suggests that if and when
we compile experimental melting free energies for the eight variants,
we can perform similarly effective analyses of the sources of stability.
For that reason, future work using molecular tweezer measurements
on single molecules of LeuAC and the eight variants is under way.

However, the models are not all unique. Overlapping models also
appear whose predicted kinetic values agree well with the observed val-
ues, but which have mutually inconsistent sets of predictors. This result
echoes concerns voiced by Ref. 54 about the need for data from addi-
tional mutants in order to build confidence in the fitting.

12, 024701-9
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TABLE II. Design matrix for regression analysis of amino acid specificity. The dependent variable columns are shaded light gray. Other columns are potential predictors.

Variant AGKspL AGKspI AGKspM AGKspV 9T 9L 91 9F 10A 10P 59W 74Y 74F 741 79S 79K 80Y 80F 841 84L 84V

1 —2.95 —1.88 —2.90 —2.77 0 0 0 O
1 —2.82 =212 —2.77 =2a//2 0 0 0 O
1 —3.10 —1.90 —2.87 =255 0 0 0 O
2 —3.93 —4.04 —4.01 —3.81 0 0 0 O
2 —4.02 —4.09 —3.99 —3.61 0 0 0 O
2 —4.01 —4.06 —4.07 —3.64 0 0 0 O
9 =213} =207/ —2.40 —3.45 1 0 0 0
9 —2.35 —2.80 —2.44 —3.48 1 0 0 O
9 —2.40 —2.68 —2.44 —3.52 1 0 0 O
15 —3.00 1.56 —0.12 —1.86 0 1 0 0
15 =233 1.51 —0.34 =211 0 1 0 0
15 —3.02 1.25 —0.14 —2.30 0 1 0 0
19 =323 1.20 —0.41 —2.30 0 0 0 O
19 =325 1.32 —0.37 —2.09 0 0 0 O
19 —3.26 1.26 0.21 —2.20 0 0 0 O
20 —2.44 —2.60 —1.64 —0.63 0 0 1 0
20 —2.45 =252 —1.41 —0.47 0 0 1 0
20 —2.39 —2.53 —1.63 —0.52 0 0 1 0
22 —0.68 0.84 —0.94 —0.66 0 0 0 1
22 —0.88 0.74 —0.18 =1L 0 0 0 1
22 —0.54 0.66 —0.39 —0.84 0 0 0 1
24 -3.17 —1.01 —1.58 —2.02 0 0 0 O
24 —3.06 —0.80 =153 —1.96 0 0 0 O
24 —3.03 —0.79 —1.53 —1.68 0 0 0 O
LeuAC 221 —3.61 —0.47 —1.75 0 0 0 O
LeuAC 229 —3.44 —0.63 —1.83 0 0 0 O
LeuAC  —223 —3.65 —0.33 —1.96 0 0 0 O

O OO - = = O OO0 OOoO oo oo

O OO O O O o e e e b b b b b b e e e e e e e e e
O OO O O O O OO HHMHOOOOOO HH MH H H H OO O
O O O H H = O O O O O O O O O F H H H H = - e
O OO0 O OO = - OO0 MHMEMFOOOOOOODODOOOO
O OO0 OO0 OO OO HMHMOOODODODDODOOOOO OO OO
OO O O O O et e b bk e OO O ke e b e e e e e e e e e
O OO0 O OO0 OO OO0 O0OOHMEMFOOOOOOODODOO OO
O OO OO OO OO HMHOOORRFHRE EFOOOOOOOOO
O OO - = = O OO0 000000000 OOC OO OO0
O O O O OO = = =0 OO OO0 OO O = -
O OO OO O OO OO OO OO OHHMHEOOOOOO
O OO - = = O OO0 00000000 OoO0O+HHMFOOO

The methods also should be useful in balancing factorial matrices
aimed at restricting the substrate specificity of other urzymes. That possi-
bility is especially relevant in light of our goal ultimately to characterize the
optimal specificity possible with such short catalysts, as discussed below.

DISCUSSION

This report combines the use of the two complementary deep
learning algorithms ProteinMPNN™"" and AlphaFold" as well as the
DeepSoluE™ neural network to predict solubility. It illustrates their
extended benefits while complementing some of their weaknesses.
With few reservations, adapting deep learning algorithms to the chal-
lenge of protein design and redesign greatly enhanced our window on
how the earliest fledgling enzymes acquired the capacity to translate
the genetic code. The chief practical result is that we now have model
AARS with sufficient solubility to enable structural studies.

Neural networks are able to use hidden relationships between the
elements contributing to desired properties implicitly to enhance them
in redesigned sequences. As is true for any neural network, the scope
of both deep learning algorithms also depends almost entirely on the
training sets. That is especially true for AlphaFold. Structure solution,
for example, reveals quite distinct limitations in the use of AlfaFold as
a source for molecular replacement.” Thus, although AlphaFold2

Struct. Dyn. 12, 024701 (2025); doi: 10.1063/4.0000294
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offers a decisive shortcut to solving structures, it cannot yet substitute
for structural data with respect to high resolution details.
ProteinMPNN, the inverse folding complement of AlphaFold, actu-
ally does widen the scope of design applications. In our case, that inver-
sion brings out novel and highly useful results: it substantially increased
the LeuAC solubility and it gives us experimental access to the catalytic
properties that approximate a virtual protein quasispecies. Until this time,
only RNA viral quasispecies * had been amenable to experimental study.
We describe here several conclusions from what we were able to
do even a short time ago. First, we outline a general protocol with vari-
ous procedures for analyzing combinatorial libraries of ancestral
AARS. The effort to enhance LeuAC solubility led us to a new, poten-
tially useful perspective on how to predict solubility from sequence and
structure as predicted by AlphaFold. The sampled ensemble of sequen-
ces allowed us to begin to unpack some of the networks that remain
hidden in the deep learning algorithms. Finally, our data seem to be sur-
prisingly consistent with properties expected of a protein quasispecies.

There may be no alternative to studying individual
samples of combinatorial libraries

In other work, we have extended the algorithms for phylogenetic
ancestral gene reconstruction to accommodate the transitions from an
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n-letter code to an (n-1) letter code. That work”” together with new
techniques for weighing the effects of punctuated equilibria’® and the
impact of insertions and deletions on evolutionary trees'’ should
enhance our ability to define likely sequence distributions for
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FIG. 7. Regression models implicating
specific side chain differences in the
active site with differences in amino acid
specificity. Blue circles in plots of actual vs
predicted values are redesigned variants.
Larger black squares in each plot are the
original LeuAC. Studentized residuals are
dimensionless numbers obtained by divid-
ing the difference between the actual and
fitted values and an estimate for the
uncertainty of that value, both expressed
in the same units as the dependent vari-
able. Such plots reveal outliers outside the
red lines above and below 0. Only the
regression for AG(Ksp)Met has outliers.
Since these offset one another, we chose
to keep all data when estimating the
regression coefficients, f, which are in
kcal/mol. Negative /3 values imply that the
residue in question enhances activation of
the respective amino acid. Student t-test
values are all significant at the level of
P < 0.0001. As noted in the text, that
alone does not assure that the models are
correct.

successions of ancestral AARS. Those sequence distributions will
require new experimental protocols to deal with combinatorial librar-
ies of related proteins. As noted in the Introduction, such libraries can
be considered to be protein quasispecies.
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FIG. 8. Structural support for the regression models in Fig. 7 for synthetase specif-
icity. Side chains were selected according to the signs of their regression coeffi-
cients. At the same time, we replaced the Leu-5" sulfoamyl AMP ligand with that
corresponding to each amino acid (hot pink), either using coordinates from a corre-
sponding crystal structure (Met, Val, Leu) or by grafting the corresponding amino
acid onto the leucyl-5" sulfoamyl AMP (lle). This figure both supports the models
and stands as a prediction that a variant with the illustrated constellation of side
chains should improve selectivity for the amino acid in bold face.

Principal component analysis assured a representative sampling.
Doing so enabled us to balance sequence variation with a variety of
computational metrics that do not arise from primary structure. Thus,
we preferred this approach to alternatives, such as sequence cluster-
ing.”” The resulting sample of sequences was both random and bal-
anced. Extensive searches for both computational and experimental
parameters associated with each sequence failed to identify significant
correlations between any of the columns of the extended design matrix
[see the table in Fig. 2(a)]. Thus, the sample should represent the prop-
erties of the fuller set of redesigned sequences.

The sampling was also diverse. The only dependences we found
were related to the amino acid specificities of samples on the three
major trunks of the constellation plot in Fig. 2(b). The red branch
showed a weak but statistically significant preference for methionine
relative to leucine. The blue branch showed a similar association with
the rejection of valine relative to leucine, isoleucine, and methionine.
The green branch showed approximately the same affinity for all four
amino acids in Subclass TA. Although these correlations are statistically
significant, we cannot attribute any interpretation to them alone.

Our hope was that studies of mixed samples from combinatorial
libraries might give a preliminary indication of the diversity of the cat-
alysts in the mix. At the outset, we co-expressed all eight variants and
measured the specificity constants of the mixture for the four amino
acids compared in Figs. 6 and 7. The results were disappointing in that
respect. The <AGKg,> for all four amino acids for the eight variants
was about fivefold lower than those for the unfractionated mix.
Moreover, the individual values (Fig. 9) did not correlate at all with
those measured for the mixture (R2 =0.48; P =0.3). For these reasons,
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effective sampling proved to be key to characterizing the variants. At
this point, we have not found alternatives to purifying and assaying
individual variants.

Regression models for solubility and specificity appear
to be predictive

ProteinMPNN found several variants with substantially higher
solubility. We can now envision preparing LeuAC variants at high
enough concentrations to carry out NMR structure determinations in
aqueous media, beginning with HSQC characterization***® of as many
as six of the variants we have characterized. It is hard to overstate the
potential importance of achieving even that modest goal. It suggests
that emergent catalytic functionality is much more broadly distributed
in structure space than previously thought possible. We return to this
question below in discussing quasispecies.

Predicting various properties, notably solubility and stability, of
designed proteins is an active pursuit. While modern sequence design
methods have enabled investigators to reliably design proteins with
good solubility and stability, it is still difficult to quantitatively predict
such properties a priori from structural or sequence information alone.

The two additional predictors (% < 0, %IMVLWY) act strongly
and synergistically to enhance the significance of the compositional
predictors. Both supplemental predictors are more closely associated
with tertiary structure than with solubility. In particular, the Delaunay
simplices with negative compositional likelihood are exclusively
located at the solvent interface. Their contribution may be related to
the overall contribution of stability to strengthening the solvent inter-
face. The solubility measurements in Fig. 3 correlate far better with our
regression model than with estimates made using neural networks.
The large number of predictors (6 of 9 possible) raises the possibility
of overfitting. None of the individual predictors has any predictive
value. However, the compositional parameters show stronger correla-
tions when three are used together (R*~ 0.7, P~ 0.05). In principle,
complex dependency of solubility suggests that deep learning methods
such as DeepSoluE may be required to predict it.
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FIG. 9. Comparison of catalytic proficiencies of the eight variant LeuACs and an
unfractionated mix.
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Like other attempts to predict solubility,”* DeepSoluE™ uses a deep
learning neural network, which implies the contribution of multiple fac-
tors that impact the dependent variable in unknown ways. The regres-
sion model for solubility in Fig. 3 is meant to interrogate very specific
observed data and look for interpretable patterns to be further explored.
Neural networks like DeepSoluE are meant to predict a priori how new
data will look without access to assay data on very similar variants.

Irrespective of how good the neural networks themselves might
be, their usefulness is only as good as the datasets on which they are
trained. The training and test sets used for DeepSoluE have little value.
They are drawn from anecdotal reports of success or failure to solubi-
lize the respective proteins. The scores used to train and test the neural
networks thus are either 0 or 1. For that reason, DeepSoluE cannot be
used in efforts to increase the soluble fraction, which is what matters to
structural biologists. Thus, it is not surprising that their predictions
have so little utility. Nor can the corresponding datasets be used to test
the validity of our model.

Instead, we tested the predictive power of our algorithm by per-
forming exhaustive leave out cross-validation. We fitted each of the 81
possible collections of 6 variants, leaving 3 for cross-validation. The
median R? for the entire set of 81 3-variant test sets was 0.8. However,
these were asymmetrically distributed as the top quartile of predictions of
the three omitted variants was a sharp peak with R*=0.97. Moreover,
the regression coefficients were also distributed sharply around the values
in the table in Fig. 3. Using the median values for the distributions of the
intercept and each of the five coefficients gave an R%?=0.99. Thus, the
model can predict values on which it was trained quite well. In any case,
the regression module in Fig. 3(b) appears to be a useful prototype if and
when better training and test data become available. In any case, higher
solubilities enable downstream structural studies.

Subclass la

MetRS ValRS
lleRS

Bacterial
LeuRS

Subclass Ib TrpRS
TyrRS
R

Subclass le Subclass Id Subclass Ic

ArgRs
1c

FIG. 10. Maximum likelihood tree showing the relationship between our eight
designed LeuAC variants and wild type Class | aaRS sequences. We used |Q-tree
v1.6™ to assess the relationship between our eight designed LeuAC sequences
and other wild type Class | sequences. The Class | aaRS alignment contained
members from all of the other Class | functional families, and was extracted from
aars.online.”” IQ-tree performed 1000 bootstrap replicates and selected the
Blosum62-+R5 site model. Bootstrap supports on a scale from 0 to 100 are indi-
cated on backbone internal nodes. Branch lengths are in units of amino acid substi-
tutions per site.
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The eight sampled variants exhibit many of the
properties expected from a quasispecies

A final important result arises from the various ways in which the
LeuAC variant dataset may resemble a protein “quasispecies.” Co-
evolving molecular sequences cannot be conceived as being in direct
competition with one another. Copying of one sequence produces a
whole distribution of products, owing to the significant replication error
rate. Eigen’s concept had immediate application to virology, first in rela-
tion to the phage replication,” and later with regard to HIV replication
in single patients.”’ The distribution of viral genes in a cell of whole
organism was important to track how the virus was evolving in patients.

Translational fidelity was doubtless limiting during early evolu-
tion. Woese voiced this concern by describing the earliest proteins as
“statistical proteins,”"** but without a quantitative framework. The
protein “species” required for the cooperative process of translation
likely were stable statistical distributions of peptide sequences that
were self-generating in the sense that they are responsible for the varia-
tions that produce the sequence distribution.””** These would have
been genuine protein quasi-species. Hoffmann provided the earliest
quantitative model for the impact of translational errors on the self-
assembly of genetic coding.”” Our conceptualization of the original
and evolution of genetic coding relies heavily on protein QS narrow-
ing, as fidelity “q” increases, and protein QS bifurcation, as the effective
amino acid alphabet size “n” increases.”” We developed a quantitative
dependence of the effective coding alphabet size and on the transla-
tional fidelity, q, and n, the actual size of the coding alphabet (see Fig.
3 in Ref. 66).

A key challenge is to be able to characterize the fidelity and cod-
ing repertoire of ancestral AARS quasispecies. To that end, we are
developing phylogenetic methods to extend ancestral sequence recon-
struction algorithms beyond the threshold of the ancestral nodes of the
20 canonical AARS families.'”**®” In that regard, we note that the
fidelity data in Figs. 5 and 6 provide us with benchmark specificities
from a distribution of sequences that bears strong similarities to the
archaeal LeuRS clade (Fig. 10). We suggest on that basis that the var-
iants sample an ensemble similar to that of the ancestral LeuRS. To
what extent does ProteinMPNN produce sequences that actually
resemble those selected by evolution? It will be interesting to follow the
sequence comparisons once we have access to ancestral reconstruc-
tions using the new, better adapted phylogenetic algorithms.

The sample of related sequences with similar activities described
here does not in itself justify thinking of them as a quasispecies. Early
QS cannot have had access to all 20 canonical amino acids. However,
it is probably fair to assert that they will resemble potential members
of any historical QS with comparable catalytic activity that may have
existed at some time. Stability is widely thought to be a driver of pro-
tein evolution.”” In that sense, natural selection draws from criteria
similar to those embedded in ProteinMPNN. In any case, we have
described a protocol for generating and studying closer approxima-
tions to the ancestral QS once we improve our estimates of the ances-
tral coding alphabets.
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