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Supplementary Methods 

Model construction. Ground state (Michaelis complex) and transition state geometries 

were determined with the GAUSSIAN 16 quantum chemistry software package58. The 

models comprised 6-nitrobenzisoxazole and acetate and were optimized at the B3LYP/6-

311++g(d,p) level; other methods gave similar results. The transition state was located 

as a maximum on the potential energy surface for the cleavage of the scissile C-H bond by 

performing a relaxed distance scan of this bond, similar to previous work55. Transition 

state geometries were subsequently optimized using the Berny algorithm. CHELPG 

charges (MP2/6-311g++(d,p)) were determined for each state (Extended Data Fig. 2). 

Ground state (GS) and transition state (TS) models were constructed based on these 

charges and the General Amber Force-Field (GAFF). An additional transition state model 

(TS2) was constructed with the same geometry and charge distribution as TS, but with 

the proton bound to Glu178 instead of to the ligand. Input structures for MD were 

manually constructed by replacing the 6-nitrobenzotriazole inhibitor in the crystal 
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structures of 1A53-2 (PDB code: 3NZ1)26 and 1A53-2.5 (PDB: 6NW4)10 with either the 

substrate or transition state model. Different forcefields were tested for representing the 

proteins. For MD simulations with the CHARMM36 protein force-field, the CHARM-GUI 

was used to parametrize the protein,59 and to solvate and neutralize the complex in an 

octahedral box with a 10 Å edge distance in TIP3P water and 0.15 M sodium chloride. For 

simulations with the AMBERff99SB protein force-field, tLEAP was used to solvate the 

complex in an octahedral box with a 10 Å edge distance in TIP3P water and to neutralize 

with chloride ions60. All MD simulations were run with the Amber16 package60.  

 

Testing force-fields with MM and QM/MM. The CHARMM36 and AMBERff99SB protein 

force-fields were tested in MM and QM/MM MD simulations. Simulations with the 

CHARMM36 force-field gave structures and relative activation energies consistent with 

experiment. While the GS complex of 1A53-2 was not stable with AMBERff99SB, which 

apparently underestimated the π-stacking interactions of the GS with Trp110 and Trp210 

leading to displacing of the ligand with water within <100 ns, CHARMM36 gave structures 

consistent with the experimentally observed structures, and allowed sampling on the 

timescales required for the analysis. The finding that CHARMM36 more accurately 

describes the bound ligands is mimicked by hybrid QM/MM simulations, in which 

CHARMM36 reproduced the activity improvements during evolution. To that end, the 

distances of the scissile C-H and N-O bonds were sampled similar to previously published 

methods56,57. The QM subsystem was composed of the substrate and the carboxylate and 

γ-methylene of Glu178 and was described using either the semiempirical AM1 or PM6 

Hamiltonian. To saturate the valence of the QM/MM frontier atoms, a link atom was 

placed between the Cβ and Cγ atoms of Glu178. A 15 Å cut-off for nonbonding interactions 

with the QM subsystem was applied. QM/MM MD was started from structures that were 
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equilibrated with the TS model (see MD simulations). After 1 ns equilibration with 1 fs 

time steps, umbrella sampling of the scissile C-H and N-O bonds was started. C-H and N-

O bonds were sampled in 0.1 Å and 0.05 Å steps with force constants of 200 kcal∙mol-1Å-

1 and 400 kcal∙mol-1Å-1, respectively. Each window was equilibrated by ramping up the 

force constants from 0 to their final value over 10 ps and simulation over additional 10 

ps. Subsequently, 40 ps of sampling were performed. Potential of mean force free-energy 

landscapes were calculated from these data using the weighted histogram analysis 

method61. The PM6/CHARMM36 and AM1/CHARMM36 QM/MM simulations correctly 

reproduced the activation energy difference between 1A53-2 than 1A53-2.5, while 

PM6/AMBERff99SB gave higher activation energies for 1A53-2 than 1A53-2.5 (Extended 

Data Fig. 10), probably because interactions of the ligand with the active site (e.g. π-

stacking to Trp110 and Trp210) were not accurately reflected in AMBERff99SB. Thus, 

CHARMM36 was employed for all subsequent simulations. 

 

MD simulations. All simulations were performed using established and validated 

protocols28. Briefly, the structures were minimized by 300 step minimization of water, 

ions and hydrogens only, followed by 50 ps MD simulation in the NVT ensemble at 300 K 

of the water and ions only (positional restraint on protein atoms and ligand: 25 

kcal·mol-1·Å-2), and minimization of the whole system with positional restraints on Cα 

atoms (100 kcal·mol-1·Å-2) for 300 steps. Ten independent simulations were performed 

for each protein and ligand combination by assigning random velocities at 25 K followed 

by heating to 300 K in 20 ps using Langevin dynamics for temperature control with a 

1 ps−1 collision frequency (maintaining 100 kcal·mol-1·Å-2 positional restraints on Cα 

atoms). For each independent simulation, four consecutive 10 ps simulations were 

subsequently performed under the same conditions, reducing the positional restraints on 
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the Cα atoms to 20, 8, 4, 3, 2, and 1 kcal·mol-1·Å-2. Subsequently, 1 ns of equilibration was 

performed in the NPT ensemble at 1 atm, using the Berendsen barostat (10 ps pressure 

relaxation time) and Langevin dynamics for temperature control (1 ps−1 collision 

frequency). Production simulations (500 ns) were performed in the NPT ensemble with 

the Berendsen thermostat and loose temperature coupling and pressure scaling (10 ps 

time constant each), to limit the influence of the thermostat while avoiding temperature 

drift. In all MD simulations, the default direct-space cutoff was used for non-bonded 

interactions, with particle-mesh Ewald summation for long-range electrostatic 

interactions. MD simulations were run with pmemd.cuda on GPUs, using the SPFP 

precision model12. Throughout the simulations, restraints were used to maintain the 

Michaelis complex, with equivalent restraints in each state (see Extended Data Fig. 2 for 

a detailed description), similar to previous simulations28. Simulations with the 1A53-2.9 

variant were attempted in a similar manner after modelling the additional mutations 

onto the 1A53-2.5 scaffold with PyMol. Owing to the lack of a structurally accurate 

experimental model, simulations frequently crashed after >100 ns and could not be 

analysed in this context. 

 

Heat capacity calculations. Analysis of ΔC𝑝
‡  was performed using procedures developed 

and tested in previous work on natural enzymes28, based on structures sampled at 10 ps 

intervals from 50–500 ns windows of the MD simulations, with force-field energies 

recalculated after stripping of ions and all but 10 water molecules closest to the catalytic 

base. Energy distributions were calculated by normalization to a moving average (50 ns 

window). Heat capacities were similarly calculated based on the moving average of the 

energy variance according to equation 1, where ΔCA−B is the change in heat capacity 
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between two states, A and B with the variances 〈δHA
2〉 and 〈δHB

2〉. Error-bars were 

obtained by leave-one-out cross-validation. 

 ΔCA−B =
〈δHA

2 〉−〈δHB
2 〉

𝑘BT2
 (1) 

 

Clustering and principal component analysis. All other analyses were performed with 

CPPTRAJ62, unless otherwise stated. RMSF calculations were performed for the backbone 

Cα atoms of each trajectory, and RMSF values represent the average of the ten 

independent trajectories. Clustering was performed using the k-means algorithm. Initial 

clustering based on the whole protein backbone revealed that structural changes are 

predominantly located in three solvent exposed loops (residues 53-65, 84-92, and 181-

192), in agreement with the RMSF calculations. The final cluster analysis presented here 

was performed for these loops in distance-space with the k-means algorithm. Similarly, 

the distance-matrix of these loops was analysed by principal component analysis using 

MDtraj63, and the first principal component aligned well with the two states from the 

cluster model. For the following analysis, each MD trajectory was partitioned into open 

and closed state based on the cluster model. 

 

Calculation of local effects. Interaction energies were calculated for each protein 

residue with the ligand using Sander60. SASA and RMSF were calculated for the ligand and 

base only, after alignment of the Cα in the whole trajectory. All values were individually 

calculated for the ten independent trajectories and subsequently averaged. The width of 

the substrate entry channel was determined using Caver Web31 based on crystal 

structures of 1A53-2 (PDB code: 3NZ1)26 and 1A53-2.5 (PDB: 6NW4)10.  Bottleneck radii 
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of 1.8 Å were determined for both structures for tunnels reaching to the general base 

Glu178. 

 

Dynamic cross correlations and shortest path maps. Shortest path maps were 

calculated using established protocols64, but for the difference in correlations between 

the TS and GS ensemble (Fig. 3 and Extended Data Fig. 9). The analysis was performed 

only for frames corresponding to the closed state as determined by the cluster analysis. 

The analysis was based on the backbone Cα and the ligand centre of mass. Distance 

matrices were determined from the average structure of the combined ground and 

transition state frames with CPPTRAJ62. Dynamic cross correlations were determined  

with CPPTRAJ62 for both states, and the shortest path maps presented here are based on 

the difference in correlations (Δcorr) between transition state (corrTS) and ground state 

(corrGS). The shortest path maps presented here reflect only correlations that increase in 

their absolute magnitude (Equation 4). Since the shortest path algorithm requires all 

input correlation to be above zero, correlations that decreased in magnitude (|corrTS| ≤

|corrGS|) were replaced with 0.0000000001. Replacement with smaller values closer to 

zero did not affect the resulting networks. 

 ∆𝑐𝑜𝑟𝑟 = {
|corrTS − corrGS| 𝑖𝑓 |corrTS| > |corrGS|

0.0000000001 𝑖𝑓 |corrTS| ≤ |corrGS|
 (4) 

In contrast to previous work64, the distance cut-off was increased from 5.0 Å to 10.0 Å to 

ensure all active site residues interact with the ligand are included while providing 

meaningful shortest path maps. For 1A53-2.5, cut-offs between 9.0 Å to 12.0 Å resulted 

in similar networks. Smaller cut-offs resulted in networks that did not include the ligand, 

and the connectivity between neighbouring residues were lost with larger cut-offs. 
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