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Abstract

Activation heat capacity is emerging as a crucial factor in enzyme
thermoadaptation, as shown by non-Arrhenius behaviour of many natural
enzymeslZ, However, its physical origin and relationship to evolution of catalytic
activity remain uncertain. Here, we show that directed evolution of a
computationally designed Kemp eliminase introduces dynamical changes that give
rise to an activation heat capacity absent in the original design3. Extensive
molecular dynamics simulations show that evolution results in the closure of
solvent exposed loops and better packing of the active site with transition state
stabilising residues. Remarkably, these changes give rise to a correlated dynamical
network involving the transition state and large parts of the protein. This network
tightens the transition state ensemble, which induces an activation heat capacity
and thereby nonlinearity in the temperature dependence. Our results have
implications for understanding enzyme evolution (e.g. in explaining the role of
distal mutations and evolutionary tuning of dynamical responses) and suggest that
integrating dynamics with design and evolution will accelerate the development of

efficient novel enzymes.
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Tailor-made enzymes promise to be transformative for the ‘green’ synthesis of
pharmaceuticals and fine chemicals, and for achievement of a circular economy*-®.
Increasingly, de novo computational design of catalytic residues and ligand binding
pockets into protein scaffolds can afford incipient, yet generally modest, activity?.8. Such
‘designer enzymes’ can be significantly improved by directed evolution, which enhances
activity by several orders of magnitude in the best cases3°-12, This is now an effective way
to develop new protein catalysts, but also demonstrates the limitations of current design
protocols. Designed active sites often require fine-tuning by evolution to precisely
position catalytic residues and tightly pack ligands3°12, increase electrostatic
preorganization3-16, and reduce non-productive conformations7-22, What is less clear is
how evolution acts on the overall protein scaffold, particularly its dynamics, to boost

catalysis.

Evolution of a negative activation heat capacity

The base-promoted Kemp elimination of benzisoxazoles is a valuable model for the
catalysis of an elementary reaction?324, and has become an exemplar for designed
biological catalysis of a ‘non-natural’ reaction311.12.2526_ We previously subjected the
computationally designed Kemp eliminase 1A53-2 to directed evolution (Fig. 1)3.
Evolution boosted activity 104-fold by introduction of six mutations during optimization
of the first-shell residues only. The binding pocket of the resulting evolved variant
1A53-2.5 exhibits improved shape complementarity to the substrate and TS by virtue of
several space-filling substitutions3. Introduction of the A157Y mutation furthermore
enhances activity by restricting the conformational freedom and tuning the pKa of the

catalytic base Glu178.
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Fig. 1 | Activity gains during directed evolution of 1A32-2 coincided with the emergence of a
negative ACf,. a, The general base Glu178 deprotonates 6-nitrobenzisoxazole. b, Six mutations (blue

spheres) were introduced during active site optimization (ligand and base, orange carbons)3. ¢, The Eyring

plot of 1A53-2 (red) is linear, whereas that of the evolved variant 1A53-2.5 (blue) is curved, signalling
emergence of a negative AC§3. Dashed lines indicate a linear Eyring fit, solid lines show the macromolecular

rate theory fit including AC§2.

Unexpectedly, activity gains in 1A53-2.5 coincided with the emergence of a curved
temperature-dependence (Fig. 1¢)3. This curvature is not due to protein unfolding or a

change in mechanism. Rather, it can be attributed to temperature-dependent activation
enthalpies and entropies due to an apparent activation heat capacity (AC*, Equation 1).
Such nonlinear temperature dependence is seen in many natural enzymes!?, and is
probably involved in thermoadaptation (Equation 2)2. Moreover, the pronounced ACI*J of
some enzymes, including mesophiles, suggests a general relevance for enzyme catalysis!
3. A negative AC?, indicates that enthalpic fluctuations (A(SH?)¥) are reduced in the
transition state ensemble compared to the enzyme-substrate complex??. Molecular
dynamics (MD) simulations can probe this thermodynamic effect, and give ACE values in

good agreement with experiment for two natural enzymes (Equation 3)1.

Kkh\ [AH§0+AC§(T—T0)] [AS%ﬁACf,ln(T/TO)]
In (kB_T) - RT + R (1)
Ty ~ Ty — 2o @
opt ~ 10 AC%,
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8(AHY) _ A(8H?)F

¥ _
AC = 5T kpT2 (3)

(kg: Boltzmann constant, T: Temperature, h: Planck constant, AHii0 and ASii0 activation

enthalpy and entropy at reference temperature Ty, Typ: Temperature optimum)?2.

Here, we show that evolution of 1A53-2 reshaped its dynamics, driving the emergence
of a negative ACE. Strikingly, emergent correlated movements in the transition state
ensemble of 1A53-2.5 span the protein and link the active site with the protein scaffold
through a dynamical network. This network enhances catalytic preorganization and

helps to explain the role of distal mutations that arise during further evolution.

Energetic fluctuations

We performed 5 ps of MD simulations each for the designed and evolved variant in
complex with a ground state (GS, Michaelis complex) and transition state model (TS,
Extended Data Fig. 1). The designed and the evolved variants showed significantly
different dynamical responses to the transition state. The energy distribution of 1A53-2.5
was notably narrower in the TS than in the GS. In contrast, no significant differences were
observed for 1A53-2 (Extended Data Tab. 1+2, Extended Data Fig. 2a+b). The change in
energetic fluctuations upon moving from GS to TS determines AC?, which we calculated
from a moving average over the simulations using validated methods (Extended Data Fig.
2c)t. Rigidification of the TS ensemble in 1A53-2.5 results in a calculated negative Acz
(-19.7 £ 3.1 k]'mol-1K-1), whereas 1A53-2 shows no activation heat capacity
(0.4 £ 3.2 kJ'mol-1K-1). This is consistent with the experimentally observed linear and
nonlinear temperature dependence for the designed and evolved catalysts, respectively,

and demonstrates the dynamical origin of ACE.
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The differences between the designed and evolved catalysts are significant. Errors for
ACf) were calculated by cross-validation leaving out individual trajectories, and
demonstrate the statistical significance of our calculations. Also, independent simulations
using a transition state model with the transferring proton residing on the base (TS2,
Extended Data Fig. 1) instead of the ligand gave similar results, supporting our findings
(see Extended Data Tab. 1+2 and Extended Data Fig. 1,2,6-11 for TS2). We directly
calculate ACf, without fitting to experimental data from the difference in energetic
fluctuations between GS and TS, after removal of bulk solvent. Our calculations predict a
sizable negative AC?; for the evolved protein, but the contributions of solvent likely reduce
the magnitude of this effect substantially! to yield the modest but still negative
experimental value (-1.17 k]-mol-1K-1). Also, slow loop movements, which cannot be
exhaustively sampled on a reasonable timescale, may mix into the fluctuations at longer
window sizes. In short, comparison of the designed and the evolved catalysts shows that
the non-linear temperature dependence of the evolved variant is due to a AC; arising

from dynamical differences between its GS and TS complex.

Structural fluctuations

The decrease in energetic fluctuations associated with the reaction in 1A53-2.5 is
accompanied by reduced structural fluctuations in the TS ensemble (Extended Data Fig.
7). In 1A53-2.5, several solvent-exposed loops covering the active site (residues 53-65,
84-92, and 181-192) become less mobile in the TS ensemble, as indicated by decreased
root-mean square fluctuations (ARMSF) between GS and TS. Cluster analysis (Fig. 2a and
Extended Data Fig. 8) and principal component analysis (Extended Data Fig. 9) of these

loops shows that the scaffold interconverts between an open and a closed state. Notably,
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evolution increases the population of the closed state while also decreasing its radius of
gyration (Extended Data Fig. 8), suggesting that pressure may modulate the fluctuations

in 1A53-2.5 similar to temperature?8.

1A53-2 1A53-2.5

state distribution state distribution

Ts
GS

frequency
frequency

A
0 5 10 15 20 25 30 35
loop distance (A)

loop closing

0 5 10 15 20 25 30 35
loop distance (A)

interaction with TS

wg1 \ a%%o ® G211

A157 jm Y157 w210

E1 E178
» 3 s « £178
o Q211 jum G211 i
b= 5 40 -5 R53
) energy (kJ/mol) : o Tt
= rigidification GS to TS : R182
g
o wiio
o W110 23

A180

N8 T
w210
Q21
05 -03 -01 0.1 ;
ARMSF (A)

0
4
—
° f
% (G ="
c Cp
©
2
©
c
>
T

Fig. 2. | Global dynamics in the evolved enzyme are modulated by a local tightening of the active site
associated reaction. a, Distance-based cluster analysis of the rigidifying loops (tubes) in 1A53-2 (red) and
1A53-2.5 (blue) reveals a conformational equilibrium between open (dark colors) and closed (light colors)
states, as indicated e.g. by the C« distance between residues 58 and 188 (spheres). The closed state becomes
more populated as a result of evolution (see Extended Data Fig. 8+9). b, Evolution introduces six mutations
at the active site (red/blue sticks, G211 as sphere) which enhance the interactions of Trp110, Glul78,
Arg182 and Trp210 (grey sticks) with the TS in the closed state. As a result, the closed TS ensemble of
1A53-2.5 is more constrained than its GS ensemble, as reflected by reduced fluctuations (ARMSF) of many

active site residues between the two states.

Loop closure affects active site preorganization in many enzymes, e.g. by desolvation

and packing of ligands and catalytic residues2?-31, In 1A53-2.5, the active site is tightly
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packed due to space-filling mutations such as A157Y and L184F3. Loop closure further
enhances that packing as indicated by changes in the solvent accessible surface area of
the ligand and base (Extended Data Fig. 11). This is partially achieved by expelling water
from the active site, which is not observed for 1A53-2. Hydrogen bonding of Tyr157 with
Glul78 in 1A53-2.5 additionally restricts the relative movement between the ligand and
base. Notably, per-residue interaction energies with the TS indicate that the residues
mutated during evolution do not directly provide additional TS stabilization (Fig. 2b).
Instead, the mutations appear to strengthen interactions of the TS with other active site
residues such as the catalytic base Glu178, Trp110 and Trp210 which sandwich the
ligand, and Argl182 which stabilises the nascent oxyanion by long-range electrostatic
interactions. In 1A53-2.5, this tightening is reflected by the ARMSF of several active site
residues that are less mobile in the TS than in the GS. Evolution of these tight and ordered
interactions enhanced active site preorganization, which we show here to be associated

with the rigidification of the protein scaffold in the TS ensemble that causes the negative

s
AC,

Evolution of a dynamical network

Dynamical correlations in the evolved TS ensemble connect local reorganization of the
active site with the protein scaffold. The change in cross correlation between GS and TS
was calculated for all backbone C« atoms and the ligand, with the protein in the closed
state (Fig. 3 and Extended Data Fig. 10). These correlations therefore reflect differences
between the GS and TS, and do not involve conformational changes between the open and
closed states. In the closed state of 1A53-2.5, large parts of the backbone move in a more
correlated manner in the TS compared to the GS ensemble. Shortest pathway maps?1°

show that these increased correlations are communicated via neighbouring residues and
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indicate that evolution introduces a dynamical network that centres on the ligand and
spans the protein (Fig. 3 and Extended Data Fig. 10). Only two mutations introduced
during evolution are significantly involved in the network. Q211G introduces a flexible
residue that potentially tunes the dynamic response of the scaffold, and L184F enhances
packing by connecting neighbouring solvent-exposed loops. Instead of directly
contributing to the network, the mutations apparently facilitate the global dynamical
response to the TS by tightening its interactions with other active site residues (Trp110,
Glu178, Arg182 and Trp220) as described above.

1A53-2 1A53-2.5 mutations

cross correlations

dynamical networks

\
A
Fig. 3. | Directed evolution introduces an extended correlated network in the transition state

Y N

ensemble. a+b, Evolution of 1A53-2 (red, left) to 1A53-2.5 (blue, middle) increases the correlated
movements in the closed TS ensemble. Cross correlations that increase between GS and TS by 220% are
indicated as lines on the structures (See Extended Data Fig. 10). d+e, Shortest pathway maps?® calculated
from the increased cross correlations demonstrate evolution of a network centred on the chemical TS that
spans the closed state of the protein. The sizes of the edges (black lines) and vertices (red/blue spheres:
protein, orange spheres: ligand) indicate the strength of the network. c¢+f, The mutations in 1A53-2.5 (blue
spheres), those found during further evolution using error-prone PCR (white spheres), and those in the
final variant 1A53-2.9 (black spheres) cluster around the correlated movements (c) and network (e, yellow

mesh) in 1A53-2.5, indicating fine-tuning of its dynamics by remote mutations.
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1A53-2.5 was evolved by optimization of first shell residues only. During its further
optimization by error-prone PCR, several distal mutations were identified that give an
additional 3-fold activity improvement3. These mutations cluster around the increased
cross correlations and the network in 1A53-2.5 (Fig. 3c+f), suggesting that these distal
mutations modulate the dynamical network to enhance activity. The limited
improvements achieved during these last rounds of evolution indicate that further fine-
tuning would require many more mutations to reprogram the global dynamics encoded
in the scaffold. While this may be challenging for laboratory evolution, Nature probably
evolved similar networks to tailor activity, as indicated by phylogenetic analyses that
revealed sectors of spatially proximal coevolving residues32-34. Notably, these sectors can
also show correlated dynamics3?, hinting at a catalytically relevant role of the underlying
networks. Other allosteric effects apparently also rely on similar networks36-38, which
may enhance preorganization, reduce non-productive conformations, and tune global

scaffold flexibility for thermoadaptation17-20.39,

Implications for catalysis and design

The co-emergence of catalytic power and ACf, raises the intriguing question of the
connection between transition state tightening (and the associated dynamical network)
and catalysis#0. While deciphering this cause-and-effect relationship will require further
research, exquisite catalytic preorganization certainly requires ordering at the active
site!>. The evolved 1A53-2.5 achieves improved catalysis by increased TS stabilization,
and its negative ACf, shows that the protein scaffold responds to the TS with significantly
altered dynamics. We note that this does not imply that protein dynamics ‘drive’ the
reaction on the timescale of the chemical bond making and breaking, which is supported

by our QM/MM umbrella sampling simulations that reproduce the improvements

9
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achieved during evolution (Extended Data Fig. 3). Instead, effective TS stabilization
involving exquisite active site preorganization is a function of the cooperative response
of the whole protein scaffold. The transition from a flexible GS to a rigid TS, could thus
lead to activity gains, albeit at the expense of introducing curved temperature-
dependencies and therefore a loss of activity at elevated temperatures. AC,*7 is apparently
a signature of the superior catalytic efficiency achieved by the more ‘enzyme-like’
1A53-2.5. Furthermore, AC% signals the ability of the scaffold to adapt to the chemical TS,

which may relate to the evolvability of enzyme dynamics.

The dynamical network in 1A53-2.5 was evolved by introduction of only a few active-
site mutations. Though computational design commonly targets active-site residues, the
design of such networks will require accounting for dynamical changes associated with
TS stabilization. Notably, our QM /MM simulations revealed that the improved catalytic
environment that leads to these dynamical changes already takes effect at short
timescales (<60 ps, Extended Data Fig. 3). Short, computationally efficient, MD
simulations may thus reveal how mutations affect catalytic preorganization without the
need to dissect the underlying dynamical networks. Furthermore, protein folds have
highly conserved intrinsic dynamics#! that can be rapidly analysed for correlated sites*?,
with rigid anchor-points for catalytic residues#3, and first-shell residues with high
mobility and mutability#4. Combining existing design algorithms with atomistically-
detailed MD? and rapid, approximate methods to model protein dynamics#24> may thus
help to attain tight communication with the scaffold’s dynamics and the exquisite
precision required to achieve excellent TS complementarity and catalytic

preorganization.

10
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Conclusion

Our atomistic molecular dynamics simulations and statistical thermodynamic analysis
demonstrate how evolution of catalytic activity shapes protein dynamics. The

catalytically superior 1A53-2.5 uniquely shows a correlated network and reduced
fluctuations in the TS ensemble, which give rise to a negative ACf,. This finding suggests a
connection between the cooperative response of the protein scaffold and TS stabilization
at the active site. The results altogether imply that AC?; may be an indicator of successful
catalytic preorganization and perhaps relates to evolvability. Integrating protein

dynamics into design and evolution strategies may thus be essential for developing

artificial enzymes that truly rival their natural counterparts.
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