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Abstract

Protein enzymes are highly efficient catalysts that exhibit adaptability and selectivity under
diverse biological conditions. In some organisms, such as bacteria, structurally similar
enzymes, for instance, shikimate kinase (SK) and adenylate kinase (AK), coexist and act
on chemically related ligands. This raises the question of whether these enzymes can
accommodate and potentially react with each other’s ligands. In this study, we investigate
the stability of non-cognate ligand binding in SK and explore whether external electric
fields (EFs) can modulate this interaction, leading to cross-reactivity in SK. Using molecular
dynamics simulations, we assess the structural integrity of SK and the binding behavior of
ATP and AMP under EF-off and EF-on cases. Our results show that EFs enhance protein
structure stability, stabilize non-cognate ligands in the binding pocket, and reduce local
energetic frustration near the R116 residue located in the binding site. In addition to this,
dimensionality reduction analyses reveal that EFs induce more coherent protein motions
and reduce the number of metastable states. Together, these findings suggest that external
EFs can reshape enzyme-ligand interactions and may serve as a tool to modulate enzymatic
specificity and functional promiscuity. Thus, we provide computational evidence that
supports the concept of using an EF as a tunable parameter in enzyme engineering and
synthetic biology. However, further experimental investigation would be valuable to assess
the reliability of our computational predictions.
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1. Introduction

Protein enzymes are fundamental molecules to life, enabling chemical reactions to
proceed within biologically relevant timescales [1]. Besides their catalytic efficiency, en-
zymes demonstrate remarkable adaptability to environmental conditions and perform
purpose-driven tasks, which has led researchers to suggest that they exhibit some degree
of intelligence [2] and teleonomic behavior [3-5].

The proper recognition and binding of cognate ligands (substrates) [6] to enzymes
is crucial for catalysis. Through evolutionary optimization, enzymes have developed the
ability to distinguish their correct substrates amid the crowded intracellular environment.
A compelling example is found in Helicobacter pylori bacteria, where topologically similar
enzymes, such as adenylate kinase (AK) and shikimate kinase (SK) [7], coexist yet catalyze
distinct reactions. In the presence of a Mg?* ion, AK converts ATP and AMP to two ADP
molecules, while SK catalyzes the phosphorylation of shikimic acid (SKM) using ATP. Both
enzymes share conserved structural motifs; for instance, the CORE, binding (SB), and LID
domains [8]. Interestingly, they utilize similar binding sites, stabilized by arginine residues
oriented towards the substrates.
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Given their structural and mechanistic similarities, an intriguing question arises: could
one of these enzymes catalyze the reaction of the other? One critical factor in such cross-
functionality is the residence time; i.e., the duration a ligand remains within the active
site [9]. Under normal physiological conditions, even if non-cognate binding occurs, a short
residence time may prevent successful catalysis.

Previously, it was proposed that endogenous electrodynamic fields can be found in
living systems in the form of bio-electric phenomena [10]. Thus, owing to their electromag-
netic nature, biological systems may be susceptible to modulation by external electric fields
(EFs). Recent studies have shown that EFs can influence biological processes at both the
tissue level [11] (and references therein) and the molecular level. In the latter, it was shown
that EFs affect the binding of SARS-CoV-2 Spike protein to the host angiotensin-converting
enzyme 2 (ACE2) receptor [12]. Additionally, in enzymatic systems, external EFs have
been found to alter the transition state of the chorismate mutase enzyme by modifying the
dipole moment of this state, thereby influencing its catalytic activity [13].

In this study, we explore the potential of external electric fields (EFs) to modulate the
binding stability of non-cognate ligands within the active site of the SK enzyme. Using
molecular dynamics (MD) simulations, we provide computational evidence that exter-
nal EFs can enhance ligand stability, which may enable cross-reactivity between similar
enzymes. While our findings are preliminary and require experimental validation, they
suggest that EFs may represent a tool for modulating enzyme specificity and reactivity,
which can lead to modulated promiscuity activities of enzymes [14,15].

2. Materials and Methods

In this section, we describe the protocol that we followed to perform the simulations
(Section 2.1) as well as the tools and methodologies that were employed for analyzing the
simulation data (Section 2.2).

2.1. Simulation Protocol

We followed a similar protocol adapted from our previous work to perform the present
simulations [8]. The structure of SK was obtained from RCSB PDB [16] (PDB ID: 3MUF)
(2.3 A resolution) [17] for Helicobacter pylori. To model ligand binding, the coordinates
of the ligands ATP and AMP were obtained by first aligning the SK structure with the
AK structure (PDB ID: 1AKE) [18], containing the inhibitor P1,P5-bis(adenosine-5'-) pen-
taphosphate (Ap5A). The aligned Ap5A ligand was then modified to match the chemical
structures of the AMP and ATP molecules. The resulting SK-ligand complex was sub-
mitted to the CHARMM-GUI [19] online server to obtain the initial input files for the
molecular simulations.

Atomic and molecular interaction parameters were obtained from the CHARMM-36
force field [20-22]. The protein complex was solvated with TIP3P waters [23] and Na*
and Cl~ ions (at 150 mM concentration) in a cubic box of 66 A. The resulting solvated
system containing 26,689 atoms was ported to GROMACS (v. 2023.3) [24-30] to solve the
Newtonian equations. Long-range electrostatic interactions were computed through the
particle mesh Ewald (PME) method [31,32] with a fourth-order cubic interpolation method
(grid size of 1.2 A). The short-range electrostatic interactions were computed explicitly up
to 12 A. Regarding the van der Waals interactions, a force-switching approach was used to
truncate interactions at 12 A, starting smoothing forces at 10 A.

The simulations followed a standard three-step protocol: energy minimization, equi-
libration, and production. During the minimization step, harmonic constraints were
applied on the backbone, side chains, and dihedral angles, using force constants of
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95.6 kcal/(mol nm?), 9.56 kcal/(mol nm?), and 0.956 kcal/(mol rad?), respectively. The
maximum force tolerance for the energy minimization step was set to 239 kcal/(mol nm).
In the equilibration step, the system was dynamically propagated during 5 ns (1 fs time
step) in the NVT ensemble with the Nosé-Hoover thermostat. The harmonic restraints were
kept during the equilibration step. Data production was performed in the NPT ensemble
with the Parrinello-Rahman method [33] under standard atmospheric conditions. Three
independent replicas were simulated per system using a time step of 2 fs, i.e., in the absence
(EF-off) and presence (EF-on) of fields, with a total of 2 pus simulation time per replica.

For the EF-on simulations, similar values for the magnitude of 413 V/m and an
angular frequency of 0.0157 ps~! were used for the EF as in the experimental setup of
Pantoja et al. [12]. The equilibrated structure from the EF-off simulation was used as an
initial structure in these EF-on simulations.

Regarding the QM /MM simulations, the initial structure was obtained from the
NPT classical MD trajectory of the EF-off simulation at time step 40 (80 fs). GROMACS
(v. 2022.4) [24-30] and CP2K (v. 2022.2) [34] were used to solve the Newtonian and
Schrodinger equations, respectively. Simulations were run in the NVT ensemble (1 fs
time step), where the velocity rescale [35] method was used to maintain a reference temper-
ature of 300 K. Other parameters for the MD part were similar to the classical MD simu-
lations described above. Regarding the QM part, density functional theory (DFT) [36,37]
together with the PBE functional [38] was used to solve the interactions from the QM
atoms. A double-zeta valence polarized basis set (DZVP-MOLOPT-GTH) [39] was used
with Goedecker-Teter—Hutter (GTH) pseudopotentials [40,41]. The total charge of the QM
region was —4 with a multiplicity of 1. The excited state energies were computed with the
time-dependent density functional perturbation theory (TD-DFPT), where 5 excited states
were targeted with an energy threshold of 1 meV.

2.2. Analysis of Results

To perform the alignment, the sequences for SK and AK from Helicobacter pylori were
fetched from the UniProt database [42], with IDs TOERT7 [43] and Q1CTQ6 [44], respectively.
The analysis was done with the Blas online server [45-47].

The root mean square deviation (RMSD) computations, center-of-mass (COM) dis-
tances calculations, and hydrogen bond analysis were done with the built-in tools of VMD
(v. 1.9.4) [48]. For the RMSD, the backbone atoms from the equilibrated structure were used
as a reference. In the case of the COM, the distances were computed between the COM of
the protein C* atoms and the COM of either ATP or AMP. Regarding the hydrogen bond
analysis, bonds were computed between the protein and ATP/AMP with donor—acceptor
distance and angle cutoff set to 3 A and 20°, respectively. Note that reported occupancies,
i.e., persistence of a bond during the trajectory, can exceed 100% because several bonds can
be formed per residue.

Dimensionality reduction of the dynamical trajectories was achieved through prin-
cipal component analysis (PCA) [49] and the variational approach for Markov processes
(VAMP) [50] as implemented in the Deeptime Python library (v. 0.4.5) [51]. Sine and cosine
functions of the dihedral angles of the protein structure were used as inputs for the feature
matrix to avoid discontinuity at the boundary values of £180°. A lag time of 1 ns was
employed for performing the VAMP analysis.

The FrustratometeR package [52,53] was used to evaluate the local energetic frustration
within a 5 A cut-off sphere around the R116 residue of SK. We employed a configurational
model with an electrostatic constant of 4.15. Simulation frames were sampled every 1 ns
for this analysis. In FrustratometeR, the degree of frustration within a selected region is
quantified as a percentage and categorized into three classes: highly frustrated, indicating
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interactions with significant energetic conflicts; minimally frustrated, representing energeti-
cally optimized, stable interactions; and neutrally frustrated, reflecting intermediate cases.
This classification is based on a Z-score derived from an ensemble of random conformations,
as defined in Ref. [54].

The absorption spectra for the EF-off case were obtained from the QM /MM simulation
by convoluting the excitation energies of the 5 selected states using Gaussian functions
with a half-width of 0.01 eV.

3. Results and Discussion

This section presents the findings of our simulations involving non-cognate ligands
bound to the SK enzyme, with a focus on the influence of external fields on ligand stability.

3.1. Structural Stability of the Protein in the Presence of External Fields

In bacteria, SK and AK can coexist in the same cellular environment, such as the
cytoplasm. Sequence alignment, as described in the Section 2, reveals limited similarity
between these two enzymes, with only 11% query coverage and 44.4% identity within
the aligned region. Despite this low sequence homology, SK and AK are topologically
equivalent, sharing conserved structural motifs including the CORE, substrate binding
(SB), and the LID domains. Functionally, both enzymes catalyze phosphorylation reactions
but on different small molecules: SK phosphorylates SKM, while AK phosphorylates AMP.

Given the structural similarities between these enzymes and their substrates, we as-
sessed whether SK could accommodate ATP and AMP instead of the cognate ligands ATP
and SKM. The latter was the topic of our previous work [55]. To evaluate the feasibility
of the non-cognate ligands’ binding, we placed ATP and AMP in the SK active site and
performed MD simulations to monitor the structural stability of the protein chain, quan-
tified through the RMSD. In Figure 1, we can see the plot of the RMSD as a function of
time in the absence of external perturbations (EF-off). We noticed that the RMSD stayed
constant up to 1.25 pus and decreased slightly, reaching a plateau for longer times. This
finding suggests that SK can stably accommodate non-cognate ATP-AMP ligands without
significantly altering its 3D equilibrated structure.

Upon application of an external electric field (EF-on), see Figure 1, the RMSD plot
remained constant at ~2 A throughout the simulation, indicating that SK maintains a
higher structural integrity than in the EF-off case, where changes in the RMSD during
the runtime were observed beyond 1.25 us. We noticed that in both the EF-off and EF-on
simulations, the RMSD values initially started at a higher value of ~2.5 A than at the end
of the trajectory. These initial values can be caused by the different local arrangements of
the residues in the binding site, as well as in the positioning of the ATP and AMP ligands.
These changes are illustrated in the insets (a) and (b), which show the binding site residues,
located within 3 A of ATP and AMP, at the beginning (0.021 us) and the end of the MD
trajectory (2 ps), respectively.

To further assess the global structural changes of SK under the influence of EFs, we
performed principal component analysis (PCA) and projected the MD trajectories onto the
first two PCs. The projections for the EF-off and EF-on cases are shown in Figure 2a and 2b,
respectively. In both cases, the PCA reveals only partial separation of structural states;
however, the EF-on case exhibits slightly more distinct clustering, indicating the emergence
of metastable conformations with shared structural features.
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Figure 1. Root mean square deviation (RMSD) plot of the SK structure in the absence (EF-off) and
under the influence of an external electric field (EF-on). A dashed yellow line is added to denote
a RMSD of 2 A. The RMSD of the EF-off case decreases beyond 1.25 s, while that of EF-on stays
constant during the simulation runtime. In the insets (a) and (b), the binding site for the EF-on case is
shown at the beginning (0.021 us) and the end (2 us) of the simulation, respectively.
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Figure 2. Dimensionality reduction of the MD trajectories: (a,b) show the PC projections onto the first
two components in the EF-off and EF-on cases, respectively; (c,d) display the corresponding VAMP

projections for the EF-off and EF-on cases, respectively. MD data is more efficiently clustered with the
VAMP method.
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The limited ability of PCA to resolve well-defined clusters stems from its focus on
capturing the maximal geometric variance to reduce the dimensionality of data. In relatively
short trajectories such as those analyzed in the present study, major structural transitions
may not be fully sampled, leading to broad, overlapping distributions as seen in Figure 2a.
Notably, the EF-on projection spans a larger area in the PC space compared to the EF-off
case, suggesting increased conformational flexibility in the presence of EFs. The latter was
also observed in the RMSD plot, especially beyond 1.25 ps.

To improve the separation of metastable states in the MD trajectories, we applied
the variational approach for Markov processes (VAMP) method, which reduces the di-
mensionality of time-series data using time-lagged correlations [50]. Unlike PCA, VAMP
is well-suited for analyzing off-equilibrium data [56], making it particularly useful in
our study, where the conformational space is sparsely sampled and influenced by time-
dependent external forces.

Figure 2c,d present the VAMP projections for the EF-off and EF-on cases, respectively.
In the absence of an EF (Figure 2c¢), the analysis reveals multiple metastable states within
the chosen lag time. In contrast, the EF-on case (Figure 2d) displays fewer distinct states,
indicating that the external EF promotes more coherent and concerted motions in the
protein structure [57].

3.2. Ligands’ Stability in the Presence of Fields

In the previous subsection, it was shown that non-native ligands do not disrupt the
overall enzyme structure, though they do alter patterns in slow conformational motions.
We now focus on assessing the stability of these ligands within the enzyme’s binding pocket.
This stability was evaluated by tracking the center-of-mass (COM) distance between the
enzyme and each ligand (ATP and AMP) throughout the simulations. Ligand stability
can be linked to residence time, which is a critical factor for ensuring the proper substrate
binding and enabling catalysis.

As shown in Figure 3a, the COM distance between the enzyme and ATP remains
relatively constant over time, indicating stable binding in both EF-off and EF-on cases.
In contrast, the COM distance for AMP (Figure 3b) reveals a noticeable stabilizing ef-
fect in the presence of the external field. This suggests that the EF enhances the reten-
tion of AMP within the binding pocket, potentially increasing its catalytic viability as a
non-cognate ligand.

The difference in the ligand stability between the EF-off and EF-on cases can be
attributed to variations in hydrogen bonding patterns. Specifically, the EF-on case exhibits
a higher number of hydrogen bonds (90) compared to the EF-off case (76), including all
replicas, suggesting that the external EF can contribute to a more stable ligand—protein
complex. Interestingly, the hydrogen bonds between ATP/AMP and residue R116 showed
higher occupancies in the EF-on case (64% for ATP and 137% for AMP) compared to
the EF-off case (45% for ATP and 84% for AMP), highlighting the crucial role of R116 in
stabilizing the ligands under the influence of an external field. These findings also suggest
that the external field can modify the preorganized electrostatic environment of the binding
site [15,58].

Interactions in the binding pocket can give rise to frustrated interactions; i.e., condi-
tions where not all interactions can be simultaneously optimized due to conflicting energetic
constraints. In proteins, frustration often reflects regions where the native structure must
balance competing interactions, which can be functionally important, especially in dynamic
sites like binding sites [55,59].
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Figure 3. Stability of the ATP and AMP ligands in the binding pocket of SK measured by the COM
distances between the ligands and protein structures. The EF-off and EF-on cases were considered in
the COM distances analysis. (a) COM between ATP and SK displaying high stability of this ligand;
(b) COM between AMP and SK, showing that in the presence of an EF (EF-on), AMP is stabilized.

The stabilization of the AMP ligand observed under an external field, as shown in
Figure 3b, may be linked to altered patterns in slow conformational motions, which can
reshape intramolecular interactions in the protein structure, including the binding pocket.
These structural rearrangements may, in turn, modulate local frustration patterns.

To explore this hypothesis, we quantified the degree of frustration around the R116
residue, which is located in the binding site of SK; see Figure 1 insets (a) and (b). This
analysis provides insight into how ligand binding and external perturbations influence the
energetic landscape of the binding pocket. In the absence of an external field, a high degree
of frustration is observed, which is displayed in the region enclosed by the blue square in
Figure 4a.

In the presence of the EF, the area covered by the highly frustrated interactions de-
creases; see Figure 4b. Interestingly, the degree of highly frustrated interactions in the
EF-on case was comparable to that observed when the native products ADP and shikimate-
3-phosphate (S3P) were used as ligands [55]. To illustrate the frustrated interactions at the
binding site in the EF-on case, snapshots of the binding site (including residues close to
ATP and AMP) from the beginning (0.021 ps, with a high degree of frustration) and the end
of the simulation (2 ps, with a low degree of frustration) are presented in Figure 1, insets (a)
and (b), respectively. Notably, hydrogen bonds between ATP and R116 are absent in the
snapshot at the beginning of the trajectory, which can be associated with the high degree of
frustration observed at this stage.
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Figure 4. Density plot showing the degree of frustrated interactions near the binding pocket: (a) EF-off
case; (b) EF-on case. In the blue dashed rectangle, the area for the highly frustrated interactions in the
EF-off case is highlighted.

To assess the validity of our results, we conducted simulations with two replicas for
both the EF-off and EF-on cases. The plot with the frustration analysis for these cases
can be seen in Figure Sla—d in the Supplementary Materials. In these simulations, we
notice that the region related to the highly frustrated interactions was similar in the EF-off
(Figure Sla,b) and EF-on (Figure Slc,d) cases. However, the region corresponding to the
minimally frustrated interactions increased, as can be seen in the area enclosed by the
blue rectangle in Figure Slc,d. Thus, taken together, these results suggest that the effect of
the external field is to reduce the level of frustration for the selected region around R116
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residue either by decreasing the number of highly frustrated interactions or by increasing
the minimally frustrated interactions.

It is important to note that the external EF used in the previous simulations was
treated classically, via standard Coulombic interactions between point charges. However,
external fields can also interact with electronic densities of molecules, which may be
particularly relevant for the ligands within the binding site. For example, the absorption
spectra computed for ATP and AMP ligands using QM /MM simulations combined with
the TDDFPT method revealed possible electronic excitations corresponding to angular
frequencies in the range of 1.5 x 10> — 8.0 x 102 ps~!; see Figure S2. An external time-
dependent EF oscillating at these frequencies could induce such excitations. This may result
in conformational changes in ATP and/or AMP that alter the structure and electrostatic
environment of the binding site. We think that these effects merit further investigation in
future studies.

4. Conclusions

In this study, we explored the use of external electric fields as a potential tool to
modulate enzyme-ligand interactions, focusing on the SK enzyme and its response to
non-cognate ligands. Despite its low sequence similarity with AK, SK exhibits topological
features that enable it to accommodate ATP and AMP. MD simulations revealed that SK
maintains structural integrity even with non-native ligands, and that external EFs further
enhance this stability, as evidenced by the stable RMSD values (~2 A) and emergence of
coherent metastable states.

Interestingly, EFs were found to improve the stability of AMP in the SK active site,
which can contribute to increasing the residence time, which is a key factor for catalysis.
This suggests that electric fields could be harnessed to fine-tune substrate binding, opening
new possibilities for reprogramming enzyme specificity. Our analysis further indicates that
these stabilizing effects are linked to reduced local energetic frustration, particularly around
catalytically important residues, such as R116. This suggests that EFs, for this particular SK
and ligands case, can reorganize the local energetic landscape in favor of ligand retention
in the binding pocket.

Opverall, our findings provide computational evidence that external EFs can be used to
influence enzymatic behavior by enhancing binding stability and modulating conforma-
tional dynamics. This offers a possible tool for enzyme design and synthetic biology, where
precise control over substrate specificity and promiscuity is critical. Future experimental
validation will be essential to translate these insights into practical applications.

Supplementary Materials: The following supporting information can be downloaded at
https:/ /www.mdpi.com/article/10.3390 /biophysica5030033/s1, Figure S1: Density plot showing
the degree of frustrated interactions near the binding pocket: (a,b) display the results of the replica
simulations for the EF-off case; (c,d) show the frustration analysis results for the EF-on case. The
minimally frustrated area is highlighted with a blue dashed rectangle. Figure S2. Absorption spec-
tra for the ATP and AMP molecules after 0.02 ps (red line) and 0.1 ps (black line) using QM /MM
simulations combined with the TDDFPT method.
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Abbreviations

The following abbreviations are used in this manuscript:

VAMP  Variational approach for Markov processes
COM  Center of mass

PCA Principal component analysis
AK Adenylate kinase
SK Shikimate kinase
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