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ABSTRACT: Enzymatic function and activity of proteases is closely \
controlled by the pH value. The protonation states of titratable residues in
the active site react to changes in the pH value, according to their pK,, and
thereby determine the functionality of the enzyme. Knowledge of the titration
behavior of these residues is crucial for the development of drugs targeting the
active site residues. However, experimental pK, data are scarce, since the
systems’ size and complexity make determination of these pK, values inherently
difficult. In this study, we use single pH constant pH MD simulations as a fast
and robust tool to estimate the active site pK, values of a set of aspartic,
cysteine, and serine proteases. We capture characteristic pK, shifts of the active
site residues, which dictate the experimentally determined activity profiles of
the respective protease family. We find clear differences of active site pK, values
within the respective families, which closely match the experimentally
determined pH preferences of the respective proteases. These shifts are caused
by a distinct network of electrostatic interactions characteristic for each protease family. While we find convincing agreement with
experimental data for serine and aspartic proteases, we observe clear deficiencies in the description of the titration behavior of
cysteines within the constant pH MD framework and highlight opportunities for improvement. Consequently, with this work, we
provide a concise set of active site pK, values of aspartic and serine proteases, which could serve as reference for future theoretical as
well as experimental studies.

B INTRODUCTION is active. In cysteine proteases on the other hand, a cysteine
and a histidine constitute the active site, which form an ion

Proteases catalyze the cleavage of peptide bonds, a ubiquitous
pair, i.e., the cysteine is in its thiolate form, while the imidazole

reaction in the whole biosphere. Indeed, 2—3% of all human

genes code for proteases or protease inhibitors." The function side chain of the h%stidine is protonated and therefore
of the proteases is manifold. Processes from signaling cascades positively charged.””'” In contrast, serine proteases show a
over digestion to programmed cell death are based on catalytic triad motif, consisting of an aspartate, a histidine, and
proteolytic processing.” Consequently, the physiological a serine, of which only the aspartate is negatively charged,
environments where proteases need to operate are very diverse while the histidine and serine are ionized intermediately during
as well, including vastly different ranges of acidity. For catalysis.”” In summary, the nature and arrangement of the
example, digestive proteases in the stomach at a pH of 2.0 active site residues are decisive for the pH-dependent activity
have to catalyze the same reaction as proteases of the blood ranges of the different protease families shown in Figure 1.

coagulation cascade at a pH of 7.4 and proteases in the gut at Different pH values or changes thereof lead to changes in
basic conditions.” An overview of the various activity profiles the protonation states of titratable residues within a
of 2spartic, cysteine, and serine proteases is shown in Figure protein."' ~'* How a titratable residue reacts to different pH
1.7 Taken together, these three families cover a broad pH values is determined by its pK, value.”"® The so-called intrinsic

range in terms of activity. While aspartic proteases are active in
the acidic range, cysteine proteases cover the mild acidic to
neutral range and finally serine proteases are mostly found
active at neutral to slightly alkaline conditions.”~’

The major distinctions between these three families in terms
of catalysis can be found in their active site architecture. The
catalytic center of aspartate proteases consists of an aspartic
dyad, of which one aspartate acts as a base and the other one as
an acid during catalysis.”®’ For this purpose, it is imperative
that the dyad is in a monoprotonated state when the protease

pK, value of a titratable residue, i.e., the pK, of the isolated
amino acid, is perturbed by the complex electrostatic
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Figure 1. Overview of the pH-dependent activity profiles of aspartic (red), cysteine (yellow), and serine (blue) proteases. Together these three
families cover a broad pH span, ranging from very acidic, over neutral, to mildly basic pH values. The ranges of major subfamilies are highlighted in

a darker shade of the respective color.

environment formed by its surrounding residues within a
protein to the so-called macroscopic or apparent pK, value.”'®
Intrinsic pK, values of the various titratable amino acids
commonly found in proteins can be rigorously approximated
by small peptides (e.g, of the form acetyl-GXG-amide), which
are easy to measure directly (commonly by NMR) and readily
available in the literature.'® However, within the complex
environment of a protein, the direct determination of pK,
values can be very challenging or even impossible.'®

All of the aforementioned active site residues, except serine,
are titratable in the pH range of 0 to 10, in which also the
discussed proteases are active.” Thus, the titration states of the
active site residues depend directly on the pH. In consequence,
the pH determines whether or not the enzyme is active, since a
well-defined protonation state configuration is imperative for
activity.

As discussed above, the macroscopic pK, values determine
how the titratable residues in the active site react to a specific
pH value, which in turn depends on the electrostatic
environment they encounter and therefore on the structure
of the active site itself. The pK, values of the active site
residues are thus decisive for inhibitor design and mechanistic
investigations. However, the experimental determination of
these pK, values is extremely difficult, which is reflected by the
low number of available pK, values in the literature. In
consequence, computational tools, which can reliably predict
such pK, values are of utmost importance. Over the last
decades a multitude of such prediction tools have emerged,
most of which can be generally divided into two groups.'” The
group of static methods, e.g., PROPKA'® or H++," predicts
pK, values based on single or multiple static structures of a
protein. In contrast, dynamic methods such as the family of
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constant pH molecular dynamics (cpHMD) methods use an
ensemble of structures for protonation state predictions.”” It is
well-established that proteins in solution are inherently flexible,
meaning they relentlessly fluctuate between diverse conforma-
tional states of varying probabilities.”' ~>° Consequently, the
structural environment around titratable residues is continu-
ously changing and the protonation state ensemble is inevitably
linked to conformational rearrangements. The cpHMD
approach offers the unique opportunity to account for this
intricate interplay of conformation and protonation. The
approach not only incorporates a diverse set of conformations
into the pK, prediction itself, but also allows capturing how a
protein structurally adapts to different pH values.”

Most of the different cpHMD approaches can be attributed
to two main groups, based on the treatment of the protonation
states. On the one hand, protonation states can be treated
discretely, and all titratable protons are explicitly defined at
each titratable group and if not active are only present as ghost
particles. The simulation is periodically interrupted, and the
protonation state changes are attempted based on a Metropolis
criterion.”*™>° On the other hand, protonation states can be
sampled along a continuous titration coordinate A.>"** Similar
to the concept of thermodynamic integration,™ if 4 is 0, the
respective residue is protonated and if A is 1, it is
deprotonated; all states in between are unphysical. As in
typical simulations only a small number of frames would meet
this criterion, usually a cutoff is employed to maximize the
number of analyzable frames. Recently, Radak et al. presented
a hybrid nonequilibrium MD/Monte Carlo approach,®* based
on the works of Roux’” and Stern.”” Here, equilibrium MD is
performed with fixed protonation states. Periodically, a
nonequilibrium switch is attempted, sampling in the

https://dx.doi.org/10.1021/acs.jcim.0c00190
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protonation and conformation space. Whether or not the
switch is accepted is determined via a Metropolis Criterion. If
the switch is indeed accepted, equilibrium MD continues with
the new protonation state from the final conformation of the
switch. If not, the simulation reverts back to the conformation
before the switch attempt. This approach is implemented in
the NAMD package.*® For a more in-depth discussion of the
various techniques, we point the reader to the respective
works, 2632343

In this work we use cpHMD simulations to titrate the active
site residues of selected proteases of the aspartic, cysteine, and
serine protease families. We focus on the methods
implemented in the AMBER software package.”” We use
primarily the Monte Carlo®® (MC)-based cpH approach, as
implemented in AMBER, with discrete protonation states,
specifically the most recent variant by Roitberg and co-
workers utilizing explicit solvent.”” On the other hand, we also
make use of the continuous cpHMD approach, which was also
recently implemented in AMBER by Shen and co-workers.*”

Both aforementioned approaches of cpHMD have been
combined with enhanced sampling techniques like re})lica
exchange MD (REMD??) and accelerated MD (aMD*’) in
order to achieve efficient sampling of conformations and
protonation states.””?3>* = The recent implementations of
cpHMD on graphics processing units (GPUs) dramatically
increased calculation speed. Hence, it is possible to capture
dynamics at slower time scales with continuous trajectories at
feasible computational costs. Here we use single pH cpHMD
simulations, as they can be run easily in parallel with an
arbitrary number of GPUs and show acceptable convergence
behavior.™

We apply this workflow to a set of 9 representative proteases
from three of the four main largest protease classes
distinguished by the catalytic mechanism.*® On the basis of
relevance in drug discovery and differences in pH-dependent
activity profiles, we selected representative proteases from the
aspartate, cysteine, and serine protease families. We excluded
the family of metalloproteases, as for this family, the
protonation/deprotonation events in the active site are closely
linked to the coordinating ion. In order to capture this effect, a
sophisticated description of the electrostatics and polarizability
of the ion would be necessary, which is not possible for the
force fields used within the cpHMD framework.

For the selected proteases we efficiently capture reliable
protonation state ensembles. In addition to reference pK,
values, we provide atomistic insights to rationalize the origin
of the strongly varying activity profiles.

B METHODS

System and Simulation Setup. All systems were
prepared with the program MOE (molecular operating
environment)*’ from X-ray structures, which are available in
the PDB. The respective PDB codes are summarized in Table
S1 in the Supporting Information. All crystal waters, agents,
and ligands were removed if any were present. If multiple
chains were present in the entry, the chain with the highest
quality and sequence coverage was chosen based on the full
PDB validation report.

The LEaP module of AmberTools 19°” was used to add
missing hydrogens and create topology and starting coordinate
files. The AMBER ff99SB*® force field coupled with the
necessary modifications for constant pH MD simulations was
used.””*” The GB radii of the titratable oxygens of aspartate
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were reduced to 1.3 A as suggested by Swails et al.’® All
systems were placed in a truncated octahedral TIP3P water
box with a minimum wall distance of 10 A.*

Furthermore, the cysteine protease papain was simulated
using the GB-Neck2 implicit solvent model with the
appropriate GB radii.’® As there were no reference energies
available for cysteine for this implicit solvent model, reference
energies were derived as suggested in the AMBER manual.”’
For the derivation of partial charges and force field parameters
of deprotonated, i.e, negatively charged serine, the structure
was prepared with MOE and the needed parameters
subsequently derived with Gaussian 16" and the antechamber
framework of AmberTools19.”” Partial charges were derived
with the RESP”” procedure.

Before production simulations, all systems were equilibrated
with an elaborate protocol developed in our group.™

All simulations were carried out with the pmemd module of
AMBER 18, making use of both the CPU and the GPU
implementation.”” Calculations were carried out on the Vienna
Scientific Cluster (VSC3 and VSC4) and on our in-house GPU
cluster.

The Langevin thermostat®® with a collision frequency of §
ps~! was used to keep a constant temperature of 310 K, as was
the Berendsen barostat™ with a relaxation time of 2 ps to keep
atmospheric pressure. The SHAKE®® algorithm was used to
restrain all bonds involving hydrogens, enabling the use of a 2
fs time step. Long range electrostatics were treated with the
particle-mesh Ewald method®” (PME), and a nonbonded
cutoff of 8 A was used. All systems were simulated at pH values
from 0.0 to 10.0 (0.0 to 14.0 for papain) with a 0.5 spacing.
For all MC-based cpHMD simulations, protonation state
changes were attempted every 200 steps, followed by 200 steps
of solvent relaxation after a successful attempt. For the GB
calculations within the cpHMD framework, a salt concen-
tration of 0.1 was used. For aspartic proteases, the two
aspartates comprising the catalytic dyad were selected to
titrate. For serine proteases, the aspartate and the histidine of
the catalytic triad were selected to titrate. For the cysteine
protease papain, two approaches were tested. On the one hand,
both the cysteine and the histidine of the catalytic center were
selected to titrate, and on the other hand, only the cysteine was
titrated, while keeping the histidine in its doubly protonated,
i.e., positively charged form. Frames were collected every 1000
frames. All simulations were run for 100 ns per pH value,
resulting in 2.1 ps of aggregate simulation time per system.

For papain, the system was prepared following the procedure
described by Shen and co-workers™ and was simulated using
the recent implementation of continuous cpHMD in AMBER
18.3%*39 In brief, CHARMM>® with the CHARMM?22 all-
hydrogen force field” was used to add missing hydrogens,
terminal cappings, set up the titratable groups, and perform
initial minimizations. Hereafter, the minimized structure was
prepared with LEaP using the AMBER ff14SB® force field
with the necessary modifications for continuous cpHMD.*”
The GB radius of the titratable sulfur was set to 2.0 A as
suggested by Shen and co-workers.’® The subsequent
simulations were carried out with the same settings as
described above. For the continuous cpHMD specific settings,
a mass of 10 amu was used for the lambda particles, a friction
coefficient of S ps™' was used for the titration integrator, and
the forces of the lambda particles were updated every step.

Analysis. All analyses were performed using cpptraj®" and
pytraj from AmberTools 19,>” combined with in-house python

https://dx.doi.org/10.1021/acs.jcim.0c00190
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Figure 2. Prediction of the pK, shift of the catalytic HISS7 of chymotrypsin upon formation of the negatively charged complex. Complex structure
and schematic representation are shown in the upper panel, titration curves obtained for the apo enzyme (left) and the complex (right) are shown
in the lower panel. The light blue area denotes the active region of the enzyme, while experimental (blue), and predicted (black) pK, values are

shown as lines.

scripts. Analysis of the continuous cpHMD data was done with
a python script provided by Shen and co-workers.”” Structural
representations were created with PyMol.**

Titration data from MC-based cpHMD simulations was
analyzed with the cphstats program from AmberTools 19.”” As
the titrations of the catalytic residues were strongly coupled,
titration curves were obtained by fitting the average number of
total protons as was shown previously by Roitberg and co-
workers for the HIV-1 protease (eq 1).°* Setups in which only
one residue was titrated were fitted to the modified Hill
equation (eq 2).

1 O_PKa1 1 O_pKaZ
N,=2 - —=% —oH K oH
10775 + 107P 10775 + 107P (1)
1
fp = —n(pK —pH)
14 107"W%P (2)

Shifts in pK, values were evaluated using capped tripeptide
(acetyl-GXG-amide) pK, values as published by Platzer and
Mclntosh as reference.' Convergence of pK, values was
evaluated by monitoring the cumulative averages of the pK,
predictions.

To profile protonation state transition probabilities between
the strongly active site residues in aspartate proteases, we set
up a 4-state model based on the possible protonation state
combinations of the respective titrated residues and calculated
transition matrices based on these models, as we previously
showed.’® The matrices were then visualized as network plots,
in which circle sizes denote state probabilities and arrow sizes
transition probabilities.
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B RESULTS

Chymotrypsin in Apo and Bound Form. In order to
benchmark the robustness of the applied constant pH MD
simulation approach, we aimed to reproduce the pK, change of
the catalytic histidine associated with the activation of
chymotrypsin described by Lin et al.*®

We used the apo enzyme as a model for the encounter
complex of the protease and the peptide-compound as shown
in Figure 2A. With a predicted pK, value of 7.16, we closely
reproduce the literature pK, value of 7.5 (Figure 2B). We
modeled the negatively charged complex of protease and
peptide by simply deprotonating the catalytic serine residue,
thereby introducing an additional negative charge (see Figure
2A). For this system, we find a pK, value of 10.78, which is in
line with the experimentally determined pK, range of 10—12.

Serine Proteases. For the serine protease family, elastase,
trypsin, granzyme B and chymotrypsin were considered.
Reported activity ranges and experimental pK, values (only
available for chymotrypsin) are summarized in Table 1. Side
chain pK, values of the catalytic aspartate and histidine
residues were determined with single pH constant pH MD

Table 1. Summary of Serine Proteases Which Were
Considered in This Study”

protease PH activity range experimental pK, values
elastase 7-7.5 ND
trypsin 7-8 ND
granzyme B 7-8 ND
chymotrypsin 8-9 7.5

“Activity ranges reported in literature and available experimental pK,
values are given.

https://dx.doi.org/10.1021/acs.jcim.0c00190
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Figure 3. Titration curves and predicted pK, values of the serine proteases elastase (A), trypsin (B), granzyme B (C), and chymotrypsin (D), which
were considered in this study. Activity ranges reported in the literature are shown as colored boxes (Table 1). Experimental (only available for
chymotrypsin) and predicted pK, values are shown as blue and black lines, respectively.

simulation as described in the method section. Reported
activity profiles and predicted pK, values are summarized in
Figure 3.

As can be seen from Figure 3, all four systems show a similar
titration behavior. In each system an acidic and a considerably
higher, near neutral pK, value were captured, which span a
broad pH range in which a monoprotonated state is stable.
While the upper pK, value is at or near 6.0 for all systems, clear
differences can be seen for the lower pK, value. While for
trypsin and chymotrypsin the lower pK, is very acidic (below
1), this is less pronounced in elastase and granzyme B. For the
latter, the titrations of the two active site residues appear to be
coupled stronger and the pK, differences are smaller compared
to the other two systems (5.8 and 6.1 vs 3.1 and 3.5).

Furthermore, the upper pK, value of 6.2 found here for
chymotrypsin deviates more from the reported pK, of 7.5 than
the one reported for the isolated titration of the active site
histidine described above (7.2).

The convergence analysis shows that all upper pK, values
converged after 50—60 ns. The lower pK, values show a slower
convergence, especially for granzyme B and chymotrypsin (see
Figure S2 in the Supporting Information). This is in line with
the titration curves in Figure 3, which show that the
predictions are more noisy at lower pH values.

In relation to the respective active pH ranges, we find that
for all systems the active range is located at pH values higher
than both pK, values, i.e., in a range where both residues are
unprotonated.

Aspartic Proteases. We selected a set of 4 aspartic
proteases with varying pH activity ranges and experimental
titration information, as summarized in Table 2. Side-chain pK,
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Table 2. Summary of Aspartic Proteases Which Were
Considered in This Study”

protease pH activity range experimental pK, values
chymosin <3.5 ND
pepsin® 1—6 (optimum at 3.5) 1.57; 5.02
cathepsin D% 2.5-6.0 ND
HIV-protease 1°°77°  4.0-6.0 3.1-3.7; 49-638

“Experimental activity ranges and available pKa values are given.

values of the active site aspartate residues were predicted with
single pH constant pH simulations as described in the
Methods section. The calculated titration curves and respective
predicted pK, values are summarized in Figure 4.

As can be seen from Figure 4, our approach closely
reproduces the available experimental pK, values of pepsin and
the HIV-protease I. Furthermore, the calculated pK, values
envelop the experimentally determined active range of the
respective protease (shown as colored boxes in Figure 4).

Both systems show notable pK, shifts for both aspartates
away from the free amino acid pK, value (3.86 for aspartate'®),
with the effect being more pronounced in the HIV-protease. In
both systems, one pK, value is shifted more toward acidic and
one toward more basic pK, values compared to the free amino
acid. Especially in pepsin, the titration curves appear to be
strongly coupled, with practically no gap between the titrating
regions, whereas in the HIV-protease, a monoprotonated state
is stable for a broad pH range (pH 2.0 to pH 6.0).
Consequently, the gap between the pK, values is much smaller
in pepsin (ApK, = 3.4), compared to the HIV-protease (ApK,
= 7.7). In both cases, the experimentally determined active

https://dx.doi.org/10.1021/acs.jcim.0c00190
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Figure 4. Titration curves and predicted pK, values of the aspartate proteases chymosin (A), pepsin (B), cathepsin D (C), and HIV-1 protease (D),
which were considered in this study. Activity ranges reported in the literature are shown as colored boxes (Table 2). Experimental (if available) and

predicted pK, values are shown as red and black lines, respectively.

range of the respective protease is located between the two pK,
values, i.e., in the monoprotonated region. While for pepsin the
reported active region somewhat exceeds both experimental
and predicted pK, values, the reported pH optimum of 3.5 is
indeed located at the very center of the calculated titration
curve.

Also for chymosin and cathepsin D, for which no
experimental pK, information is available, titration curves
and pK, values could be estimated. The calculated pK, values
show the same trend as already observed for pepsin and the
HIV-protease I. Chymosin shows a strongly coupled titration
behavior, similar to that of pepsin, with a small pK, gap of 3.1.
The activity maximum is reported to be below pH 3.5, which
again lies at the very center of the monoprotonated region of
the titration curve. Cathepsin D, on the other hand, shows a
titration behavior similar to the HIV-protease I, in that the gap
between the pK, values is larger (4.8) and a monoprotonated
state is stable over a longer pH range (pH 2 to 4). The
reported activity range again lies in this pH region, below the
upper pK, value.

The convergence analysis of the predicted pK, values shows
that again all pK, values converge within the 100 ns of
simulation time. Most of the upper pK, values again converge
faster than their lower counterparts (see Figure S2 in the
Supporting Information).

State and Transition Analysis. To characterize the
transition paths and state distributions of the strongly coupled
titrations seen for the aspartic proteases, we performed
protonation state transition analyses. The active site titrations
are modeled as a 4-state-system, based on the protonation
states of the two aspartic residues (see Table 3). States 0 and 3
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Table 3. State Definitions Used for the Protonation State
Transition Analyses of the Aspartic Proteases”

state number ASP A ASP B
0 0 0
1 0 1
2 1 0
3 1 1

“Protonation states are denoted as O (deprotonated) or 1
(protonated).

represent the fully deprotonated and fully protonated states,
respectively, whereas states 1 and 2 both represent a
monoprotonated state but distinguish which aspartate is
protonated. Hereby all 4 variants of a protonated aspartate
defined in the cpHMD framework are condensed into one
state. The resulting transition matrices are visualized as
network plots with circle and arrow sizes corresponding to
state and transition probabilities, respectively.

We find that all proteases follow a similar, pH-dependent
pattern in terms of state populations and transition
probabilities. In Figure 5, the results for selected pH values
of the pepsin simulations are shown exemplary. The analysis
for all pH values can be found in the Supporting Information
(Figure S1). We find that at very low or very high pH values,
the fully protonated (state 3) or deprotonated (state 0) states
are dominantly populated, respectively. Transitions to other,
very sparsely, populated states do occur but are rare. At
moderately acidic pH values, after the first titration has
occurred, states 1 and 2, i.e, the monoprotonated states,
increase in population until a near uniform distribution of all
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Figure S. Protonation state transition analysis performed for pepsin
shown as network plots at selected pH values. Circle sizes and arrow
thickness corresponds to state populations and transition proba-
bilities, respectively.

four states is reached. As the pH further increases, first state 3
and consecutively also states 1 and 2 diminish as state 0
becomes more and more populated. Furthermore, we note that
primarily single state transitions occur, which correspond to
transitions over the edges in the network plots in Figure S.
However, also transitions over the diagonal are visible, which
correspond to both aspartates changing their protonation state
at the same time. However, these transitions are very rare.
Cysteine Proteases. For the family of cysteine proteases,
experimental pK, values are available for a number of systems,”

all of which show a very strong acidic shift of the active site
cysteine residue away from its tripeptide pK, value of 8.5. The
pK, values of active site cysteine residues have been reported
to be extremely challenging to predict, with most of the
available prediction tools failing to predict experimentally
determined pK, shifts and even predicting shifts into the wrong
direction.”" Here, we selected papain as a test system, which
shows a strong acidic shift of the active site cysteine of —5.2
pK, units (from 8.5 down to 3.3).”

We used single pH constant pH MD simulations to predict
the active site pK, value, as described in the Methods section.
The resulting titration curves and pK, values are shown in
Figure 6A. Clearly, our approach not only mispredicts the pK,
value of CYS25 but also does not capture the acidic pK, shift at
all. As can be seen from the titration curve in Figure 6A,
CYS2S does not titrate at all in the pH range, which was used
for the aspartic and serine proteases and only starts to titrate at
a pH as high as 12.0.

In order to analyze the source of these erroneous
predictions, we repeated the simulations utilizing different
implicit solvent models and GB-radii for the sulfur, as was
suggested recently by Shen and co-workers.”>*’ To do this, we
had to derive the reference energies for cysteines, which are
necessary for the cpHMD workflow, since they were not yet
available for the GB-neck 2 model and different GB radii (see
Figure 6B). Furthermore, we employed the constant pH
replica exchange (cpH REMD) technique, which is imple-
mented in AMBER. This approach was shown in multiple
works to increase both protonation state and conformational
sampling (see Figure 6C). Finally, we also repeated the
simulations utilizing the recent implementation and setup of
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Figure 6. Titration of papain active site residues CYS25 and HIS159 with MC based constant pH MD with implicit solvent models GB®® (A) and
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continuous cpHMD in AMBER by Shen and co-workers (see
Figure 6D).

While the titration curves in both Figure 6B (GB-Neck2
implicit solvent model) and Figure 6D (continuous cpHMD)
show notable improvements in the titration prediction of the
active site cysteine, the predicted pK, values (8.75 and 9.80,
respectively) are close to the pK, value of free cysteine (8.5)
and the strong acidic shift, which was observed in experiments,
could not be captured. In contrast to this, no benefit in terms
of pK, prediction could be achieved with the cpH REMD setup
compared to single pH simulations.

B DISCUSSION

We use single constant pH MD simulations to predict the
active site pK, values of various members of the aspartic,
serine, and cysteine protease families. We further investigate
the molecular origins which could explain the observed
differences in the pH activity ranges within the individual
families.

Chymotrypsin Apo and Bound. As structural data of
substrate-bound complexes are limited, we simulated all
proteases in their apo-state. Nevertheless, we recognize that
the presence of a substrate, especially with charged residues, in
the active site might influence the pK, values of titratable active
site residues. For chymotrypsin, experimental pK, values for
both the apo enzyme as well as for various trifluoro-peptidyl
complexes are available (see Figure 2A).”% To assess, how
well our approach can capture such changes in the active site,
we predicted the pK, value of the apo enzyme as well as for the
modified enzyme. We approximated the peptide-bound form
with a simple negatively charged serine (see Figure 2A). While
this is a drastic simplification, we presume that in terms of pK,
shift potential the additional negative charge in the active site
represents the most decisive aspect. As there is no high-quality
structural data of these complexes available, we assume that the
error introduced by this simplification is smaller, compared to
the inaccuracies resulting from modeling the rather large
complex into the binding site. The validity of our
approximation is supported by the pK, values we obtain
from our simulations as shown in Figure 2B. With an unsigned
error of 0.32 pK, units, we closely reproduce the reported pK,
value of the free enzyme. For the complexes, we find a strong
basic shift for the active site histidine. This shift can be directly
attributed to the additional charge on the serine residue. The
experimental pK, values for the bound enzyme range from 10
to 13 depending on the complexed peptide. Our predicted pK,
of 10.8 is perfectly in line with these results. This indicates that
despite the simplified representation of the bound state, we still
capture the strongest perturbation driving the pK, shift, which
is indeed the additional negative charge.

Aspartate Proteases. In Figure 4, we summarize
predictions and experimental references for the family of
aspartate proteases. As can be seen from Figure 4B,D, our
approach closely reproduces the available experimental pK,
values of pepsin and the HIV-1 protease.”**”"" Notably, in
both systems one pK, value is predicted to be shifted into the
acidic and the other one into the basic direction, compared to
the tripeptide reference values of aspartate. Our calculations
reproduce these shifts for both proteases. Furthermore, we find
that the experimentally reported activity range lies between the
two respective pK, values.

These findings are consistent with the mechanistic picture of
a monoprotonated catalytic dyad in active aspartic proteases.

3037

To make an example with our predicted pK, values, following
this argument, pepsin should quickly become inactive if the pH
falls below 2.1 or rises above 5.5. Indeed, pepsin is reported to
be active between pH 1 and pH 6, i.e, in the pH range where a
monoprotonated state is predicted to be stable (see Figure
4B). A similar picture can be found for the HIV-1 protease
(Figure 4D). Also here the experimental pH range from 4 to 6,
in which the enzyme is found active, lies between the predicted
pK, values of —0.5 and 7.2. In contrast to pepsin, the lower pK,
value was predicted to be extremely acidic in our simulations
compared to the experimental pK, values (3.1 or 4.9
depending on the reference). Roitberg and co-workers studied
the influence of ligand binding on the active site pK, values of
the HIV-1 protease and predicted pK, values of 1.29 and 7.32
for the apo enzyme.®* While their upper pK, value is very close
to ours (7.32 to 7.2), the lower pK, value they find is still less
acidic than the one we find (1.29 to —0.5). However, both
times the lower pK, is found to be clearly more acidic than in
the experiment. With a pK, difference of 7.7 pK, units, the pH
range, in which a monoprotonated catalytic dyad is stable, is
very broad in our simulations. Interestingly, the enzyme is
reported to be active in only a small pH window at mildly
acidic conditions (pH 4 to 6), thereby using only a portion of
the pH range which would be possible from a mechanistic
point of view. However, the activity itself is a very complex
parameter, which depends not only on the pH value and
protonation states, but also on the respective substrate, the
exact assay conditions, and the fold stability of the enzyme
toward extreme pH values. The fact, that the reported activity
range of pepsin somewhat exceeds the margins given by the
pK, values (regardless if predicted or experimental) can also be
explained by this argument.

Our findings for chymosin and cathepsin D (see Figures
4A,C, respectively) are in line with the arguments made for
pepsin and the HIV-1 protease. At the time of writing this
manuscript, no experimental pK, values from direct titration
experiments but only activity profiles were available in the
literature for chymosin and cathepsin D. Chymosin was
reported to be most active at and slightly below pH 3.5,
indicated by the fading color of the panel in Figure 4A. The
titration curve we obtain shows a lower pK, value at 1.8,
followed by a small plateau at pH 3.5, which means that a
monoprotonated state is predicted to be stable right at the
reported most active pH. The loss of activity at higher pH
values can be attributed to the second aspartate starting to
titrate around pH 4.0 (predicted pK, of 4.9), thereby
inactivating the enzyme. Cathepsin D on the other hand,
shows a titration behavior similar to the HIV-1 protease, in
that the difference between the two pK, values is more than 1
pK, unit larger than in chymosin or pepsin. In consequence,
also the plateau between the two pK, values is broader and a
monoprotonated configuration is stable over a broader pH
range. Cathepsin is reported to be mostly active at pH values
from 2.5 to 6.0, depending on the assay conditions and the
substrate. This fits very well with the pK, values we find for the
catalytic dyad (0.8 and S.6, respectively), as they suggest a
stable monoprotonated state over the reported active pH
range. Shen and co-workers reported calculated pK, values of
cathepsin D of 2.9 and 4.7, which in turn narrows the range in
which a monoprotonated state is predicted to be stable.””
Intriguingly, the only available experimental pK, values of 4.1
and >$5 are significantly higher than the predictions of Shen
and co-workers and this study. Furthermore, this would
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suggest that a monoprotonated form is only stable at pH values
above 4.1, which stands in contrast to the reported active
ranges. However, as the reported experimental pK, values do
not stem from a dedicated titration study, but were estimated
from kinetic profiles, it is possible that they are limited by the
employed assay conditions.

To evaluate the potential errors of our pK, values stemming
from the discontinuities of the titration curves (see Figure 4),
we reran the simulations for cathepsin D and pepsin using the
pH-REMD approach implemented in AMBER. As can be seen
from Figure S3 in the Supporting Information, for pepsin no
notable change was found for the lower pK, value, while the
error of the upper pK, value compared to the experiment
increased by a small margin. On the other hand, for cathepsin
D, both pK, values come closer together, with especially lower
pK, showing a higher value than in our single pH simulations.
As expected, with the REMD approach, the discontinuities
disappear for both systems. However, as the overall picture
does not change and the resulting pK, values are very similar
for both methods, we observe no indication that the
discontinuities significantly contribute to the deviation from
the experimental values.

While the differences in upper pK, value are small for
chymosin, pepsin, and cathepsin D (4.9, 5.5 and $5.6), they
differ significantly from the upper pK, of the HIV-1 protease
(7.2). As all proteases were simulated in their apo form, we
conclude that structural differences of the enzymes themselves
must be a source of this difference. We have previously shown,
that within the constant pH framework and the used force
fields, proximal charges and to a lesser degree H-bonds have
the biggest potential of perturbing pK, values.”> However,
there are no positively charged residues close enough to the
active site aspartates to form ion pairs in any of the studied
enzymes. Hence, we calculated the average number of H-bonds
formed by the catalytic dyad to proximal residues with polar
side chains for each pH value. As can be seen from Figure 7,
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Figure 7. Average number of hydrogen bonds formed by the catalytic
dyads of chymosin (A), pepsin (B), cathepsin D (C), and HIV 1
protease (D).

the HIV-1 protease forms around 1 H-bond with neighboring
residues before the first titration, after which this number
increases to around 4 H-bonds. In contrast to that, pepsin and
cathepsin D can form 2.5 H-bonds on average in their doubly
negative form and chymosin fluctuates around 3 H-bonds on
average. This suggests, that the negative charges in chymosin,
pepsin, and cathepsin D are stabilized by an H-bond network
with neighboring residues, which is not present in the HIV-1
protease. This in turn could explain the notable shift of the
upper pK, value for the HIV-1 protease, as the number of
stabilizing H-bonds drastically increases to 4 H-bonds on
average, as soon as the dyad is monoprotonated. The increase
in the average number of H-bonds after the first titration is
visible for all studied systems, albeit less pronounced compared
to the HIV-1 protease. This can be attributed to the special
structural arrangement of the catalytic aspartates, which
enables the formation of H-bonds between the aspartates
when at least one is protonated and thus further stabilizes the
monoprotonated state. This is in line with the discussion above
and supported by the experimental activity ranges, which
report maximum activity of the respective proteases in these
regions.

Due to the spatial vicinity, the titration behavior of the two
active site aspartates is expected to be strongly coupled. We
thus profile the effect of this coupling by performing a
transition analysis based on the possible protonation state
combinations of the catalytic dyad. We illustrate this behavior
for pepsin in Figure S, with a focus on the pH region in
between the two apparent pK, values. Here, the state
populations indeed suggest primarily a monoprotonated form
of the dyad, as is expected from the titration curves. At pH 4.0,
all states are almost equally populated with a high number of
edge (i.e., single proton) transition between all states.
However, at the flanking pH values of 3.0 and 5.0, we note a
certain preference in terms of which aspartate is protonated.
On the one hand, this could point to a simple convergence
issue and could be resolved by extending the simulations; on
the other hand, this could mean, that protonation on one
aspartate is indeed more stabilized than on the other. To
exclude a convergence issue, we extended the simulations to
200 ns per pH, i.e., doubling the simulation time per pH value.
However, the state distributions are remarkably stable and do
not change significantly with longer simulation time.
Furthermore, it is intriguing that single state transitions
(transitions over the edges in Figure S) are far more frequent
than both residues changing their protonation state in the same
step (diagonal transitions in Figure S). This is especially
interesting for the transition between states 1 and 2 which
corresponds to both residues swapping the proton. As both
residues are directly interacting with each other, the overall
change for the system would be very small; however, the
deprotonation of one residue and the protonation of the other
in the next step is clearly favored.

Serine Proteases. For serine proteases except chymo-
trypsin, no reliable active site pK, values could be found in the
literature at the time of the writing of this manuscript.
Therefore, the quality of the pK, prediction is evaluated based
on the reported activity profiles of the respective protease. As
already stated above, for these systems we did not titrate the
whole catalytic triad but only the catalytic aspartate and
histidine. Serine is generally not considered titratable in the
investigated pH range from 0 to 10.
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J. Chem. Inf. Model. 2020, 60, 3030—3042


http://pubs.acs.org/doi/suppl/10.1021/acs.jcim.0c00190/suppl_file/ci0c00190_si_001.pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.0c00190?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.0c00190?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.0c00190?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.0c00190?fig=fig7&ref=pdf
pubs.acs.org/jcim?ref=pdf
https://dx.doi.org/10.1021/acs.jcim.0c00190?ref=pdf

Journal of Chemical Information and Modeling

pubs.acs.org/jcim

As can be seen in Figure 3, all studied systems show a similar
titration behavior, in that a quite acidic pK, value below 1.0
and a near neutral pK, value is predicted for the titrated
residues. In relation to the reported active pH ranges, we find
for all studied systems that both pK, values are below the
reported active ranges. This means that both residues are in
their deprotonated form, i.e., aspartate is negatively charged,
while the histidine is neutral. This is well in line with the
mechanism of serine proteases, in which a neutral histidine is
strongly polarized by the neighboring aspartate and in
consequence abstracts a proton from the catalytic serine,
which in turn enacts the nucleophile attack on the substrate. It
is therefore imperative for activity, that the histidine is in its
neutral form and the aspartate is negatively charged. This is
reflected in our predicted pK, values for all studied systems.

While the upper pK, values for all studied systems are
relatively similar and all lie within the error margin of our
cpHMD approach of +1 pK, units, significant differences in
the lower pK, values can be identified. In the case of trypsin
and chymotrypsin (Figure 3B,D), the respective lower pK,
values corresponding to the titration of the catalytic aspartate
are located below 1, clearly separating them from the upper
pK, values which are around 6. In contrast, the titrations of
elastase and granzyme B (Figure 3A,C) appear to be much
more coupled, with a separation of around 3 pK, units. This
difference can be attributed to differences in the H-bond
network, which the catalytic aspartate can form with
neighboring residues. In detail, a tyrosine residue (Y94,
chymotrypsin numbering), which is conserved in trypsin and
chymotrypsin and represents a potential H-bond partner for
the catalytic aspartate, is mutated to tryptophan in elastase.
This loss of interaction could potentially destabilize the
deprotonated, ie., negatively charged form of the catalytic
aspartate and in turn lead to an elevated apparent pK, value.
This hypothesis is supported by an H-bond analysis, shown in
Figure 8. Clearly, the catalytic aspartate in trypsin (Figure 8C)
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Figure 8. Average number of hydrogen bonds formed by the catalytic
aspartate of elastase (A), granzyme B (B), trypsin (C), and
chymotrypsin (D).
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forms 1 H-bond more on average than the respective aspartates
in elastase (Figure 8A) and granzyme B (Figure 8B).
Interestingly, the same shift cannot be seen so clearly for
chymotrypsin (Figure 8D). We surmise, that while the
interaction is not recognized as such by the employed metric,
the polar interaction of the side chain is still present and will
perturb the apparent pK, value of the catalytic aspartate.

Cysteine Proteases. Compared to serine proteases, in
which the catalytically active serine gets deprotonated
intermediately during the reaction and directly attacks the
substrate, the catalytic cysteine in papain and other cysteine
proteases forms an ion pair with a neighboring histidine
residue even in the apo state of the enzyme.”’” Since the
tripeptide pK, value of cysteine of 8.5'° suggests a protonated
form at physiological and especially at acidic conditions, a
strong perturbation of the cysteine pK, value is necessary in
order to facilitate the ion pair formation. Indeed, for papain
and papain-like proteases like caricain and ficin strongly
perturbed pK, values as low as 3.3, 2.9, and 2.5, respectively,
have been reported in the literature.”’” This strong shift of
more than S pK, units is generally attributed to the
aforementioned ionic interaction with the neighboring
histidine. However, common prediction tools are reportedly
unable to capture these strong shifts in the aforementioned
systems and strongly mispredict the respective cysteine pK,
values.”!

As can be seen from Figure 6, unfortunately also our
approach falls short in predicting the pK, shift of the catalytic
cysteine of papain (experimental pK, of 3.3). Indeed, with the
implicit solvation model, which was successfully used for the
other families, no clear titration of cysteine could be observed
in the pH range from 0.0 to 14.0 (see Figure 6A). In an effort
to pinpoint the source of this erroneous behavior, we switched
the used implicit solvent to the most recent GB-Neck 2 model,
coupled with the increase of the GB radius of sulfur to 2.0 A as
suggested recently by Shen and co-workers.”” This had the
notable effect that we now capture a titration of cysteine,
resulting in a pK, value of 8.7 (see Figure 6B). However, the
strong acidic shift is still not captured. Furthermore, we
repeated the simulations using a replica exchange protocol in
order to allow for a coupling of the pH values, but also this did
not improve the prediction (Figure 6C). To exclude a
deficiency of the MC-based constant pH framework, we
reran the simulation with the recent implementation of the
continuous constant pH approach in AMBER by Shen and co-
workers, following their suggested setup for the treatment of
cysteines.”’ However, as can be seen from Figure 6D, while we
capture a titration of the cysteine, we still are not able to
predict the strong acidic shift. We would like to note here, that
while this manuscript was under revision, Shen and co-workers
published a broad benchmark study predicting cysteine pKa
values against experimental reference. With refined parameters,
they were able to very accurately reproduce even strong pKa
shifts (i.e., in papain). We would like to refer the interested
reader to their publication.”

We see a few possible reasons why the correct pK, values or
at least an acidic shift could not be predicted. First, the
predicted pK, values might correspond to a limited and
strongly biased protonation state ensemble, stemming from
insufficient conformational sampling. As the time scales, which
can be covered in standard MD simulations, are generally
several orders of magnitude below the time scales on which the
experimental reference values are measured on, it could be
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possible that we only observe a very small fraction of the
experimental conformational space. As the observed proto-
nation state ensemble is closely linked to the conformational
ensemble, also the apparent pK, values we obtain will in turn
only correspond to this small sub-ensemble. Large conforma-
tional changes, which happen at much slower time scales,
might severely alter the underlying conformational ensemble
and in turn also the predicted pK, values. However, we deem
this scenario to be very unlikely, as the prediction errors are
extensive both in terms of the actual value as well as in the shift
direction. Furthermore, this would also mean that the crystal
structure and conformations close to it would represent an
almost negligible part of the conformational ensemble at
slower time scales. Thus, we surmise that a systematic error in
the titration prediction is the source of the erroneous cysteine
pK, predictions.

Second, failing to capture the perturbation-effect itself could
lead to a complete misprediction of the pK, values. However,
as discussed above, the main perturbation of the pK, of CYS25
in papain comes from the ionic interaction with HIS159, an
interaction that is generally well captured within the cpHMD
framework.”> To rule out a possible effect of the titration of
HIS159, we reran the simulation, not allowing HIS159 to
titrate and keeping it in its positively charged form (data not
shown). As this did not change the pK, prediction of CYS2S,
we presume that also this scenario is not the definitive error
source.

Third, the description of the sulfur and its titration in the
context of partial charges could be problematic. Since the
titration of the reference compounds works without any issues,
we presume that the description of the sulfur or the titration
itself is not a problem when an isolated cysteine is considered
but rather arises when the cysteine is located in a complex, i.e.,
protein environment. Shen and co-workers recently used the
continuous constant pH MD implementation to successfully
reproduce the pK, value of the creatin kinase.”® As the cysteine
pK, values in kinases are generally perturbed less than the ones
found in proteases like papain,” this could mean that only very
strong perturbations are not captured correctly. This could be
linked to the strong polarizability of sulfur, an effect that is
neglected in all tested cpHMD approaches, as no polarizable
force fields are used.”* We therefore presume that either a
more sophisticated description of the electrostatics of sulfur or
the incorporation of polarizable force fields would significantly
improve the prediction. The aforementioned approach by
Radak et al. as implemented in the program NAMD holds
great promise in this regard due to its modular implementation
with generally no prior assumption of the used force field.”*

B CONCLUSION

We apply constant pH MD simulations to provide pK,
estimations for active site residues of a set of 9 different
proteases. While the constant pH MD framework has been
successfully applied to protease systems before, to our
knowledge no study was published yet, which systematically
predicts and summarizes active site pK, values of multiple
protease families.

We find that our predictions are consistent with the available
experimental pK, values and are in sound agreement with the
strongly varying pH activity profiles of aspartic and serine
proteases. All titrated active site residues show substantial shifts
away from the tripeptide pK, values. The applied sampling
strategy successfully captures this behavior, highlighting the
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benefits of dynamic pK, prediction tools compared to static
algorithms. The approach also allows us to depict the strongly
coupled titration behavior found for some of the studied
systems, which we show in detail for pepsin. Furthermore, we
find pH-dependent H-bond networks which could explain the
varying protonation and thus pH activity profiles. We presume
the discussed residues as promising starting points, e.g., for
protein engineering efforts toward tailored pH activities.
However, we also clearly identify limitations of the method-
ology in terms of treating the strongly polarizable sulfur.
Nevertheless, as the field of ¢cpHMD simulations is rapidly
progressing, we see these findings as an opportunity to enhance
the reliability of this method even further.

B ASSOCIATED CONTENT

@ Supporting Information

The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.jcim.0c00190.

Summary of the PDB codes used to generate the starting
structures for the simulations, transition analysis for
pepsin on all simulated pH values, convergence analysis
of all calculated pK, values, titration curves for pepsin
and cathepsin D obtained with cpH-REMD (PDF)

H AUTHOR INFORMATION

Corresponding Author
Klaus R. Liedl — Institute for General, Inorganic and Theoretical
Chemistry, Center for Molecular Biosciences Innsbruck (CMBI),
University of Innsbruck, A-6020 Innsbruck, Austria;
orcid.org/0000-0002-0985-2299; Email: Klaus.Liedl@
uibk.ac.at

Authors

Florian Hofer — Institute for General, Inorganic and Theoretical
Chemistry, Center for Molecular Biosciences Innsbruck
(CMBI), University of Innsbruck, A-6020 Innsbruck, Austria

Johannes Kraml — Institute for General, Inorganic and
Theoretical Chemistry, Center for Molecular Biosciences
Innsbruck (CMBI), University of Innsbruck, A-6020 Innsbruck,
Austria

Ursula Kahler — Institute for General, Inorganic and Theoretical
Chemistry, Center for Molecular Biosciences Innsbruck
(CMBI), University of Innsbruck, A-6020 Innsbruck, Austria

Anna S. Kamenik — Institute for General, Inorganic and
Theoretical Chemistry, Center for Molecular Biosciences
Innsbruck (CMBI), University of Innsbruck, A-6020 Innsbruck,
Austria

Complete contact information is available at:
https://pubs.acs.org/10.1021/acs.jcim.0c00190

Notes
The authors declare no competing financial interest.

B ACKNOWLEDGMENTS

This work was supported by the Austrian Science Fund (FWF)
via the Grants P30737 “Protein Dynamics and Proteolytic
Susceptibility” and P30565 “Characterization of Promiscuity
and Specificity of Proteases”. The computational results
presented have been achieved in part using the high-
performance computing infrastructures LEO of the University
of Innsbruck, as well as the Vienna Scientific Cluster (VSC).

https://dx.doi.org/10.1021/acs.jcim.0c00190
J. Chem. Inf. Model. 2020, 60, 3030—3042


https://pubs.acs.org/doi/10.1021/acs.jcim.0c00190?goto=supporting-info
http://pubs.acs.org/doi/suppl/10.1021/acs.jcim.0c00190/suppl_file/ci0c00190_si_001.pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Klaus+R.+Liedl"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
http://orcid.org/0000-0002-0985-2299
http://orcid.org/0000-0002-0985-2299
mailto:Klaus.Liedl@uibk.ac.at
mailto:Klaus.Liedl@uibk.ac.at
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Florian+Hofer"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Johannes+Kraml"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Ursula+Kahler"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Anna+S.+Kamenik"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.0c00190?ref=pdf
pubs.acs.org/jcim?ref=pdf
https://dx.doi.org/10.1021/acs.jcim.0c00190?ref=pdf

Journal of Chemical Information and Modeling

pubs.acs.org/jcim

B REFERENCES

(1) Puente, X. S.; Sanchez, L. M.; Gutiérrez-Fernandez, A.; Velasco,
G.; Lopez-Otin, C. A genomic view of the complexity of mammalian
proteolytic systems. Biochem. Soc. Trans. 2005, 33 (2), 331-334.

(2) Hedstrom, L. Introduction: Proteases. Chem. Rev. 2002, 102
(12), 4429—-4430.

(3) Dunn, B. M. Structure and Mechanism of the Pepsin-Like
Family of Aspartic Peptidases. Chem. Rev. 2002, 102 (12), 4431—
4458.

(4) Hedstrom, L. Serine Protease Mechanism and Specificity. Chem.
Rev. 2002, 102 (12), 4501—4524.

(5) Barrett, A. J; Rawlings, N.; Woessner, ]J. F. Handbook of
Proteolytic Enzymes, 2nd ed.; Elsevier Ltd, 2004; Vol. 1, pp 1—1140.

(6) Barrett, A. J.; Rawlings, N. D.; Woessner, J. F. Handbook of
Proteolytic Enzymes, 2nd ed.; Elsevier Ltd, 2004; Vol. 2.

(7) Lecaille, F.; Kaleta, J.; Bromme, D. Human and Parasitic Papain-
Like Cysteine Proteases: Their Role in Physiology and Pathology and
Recent Developments in Inhibitor Design. Chem. Rev. 2002, 102 (12),
4459—4488.

(8) Cooper, ]J. Aspartic proteinases in disease: a structural
perspective. Curr. Drug Targets 2002, 3 (2), 155—173.

(9) Harris, T. K; Turner, G. J. Structural Basis of Perturbed pKa
Values of Catalytic Groups in Enzyme Active Sites. IUBMB Life 2002,
53 (2), 85-98.

(10) Polgar, L.; Halasz, P. Current problems in mechanistic studies
of serine and cysteine proteinases. Biochem. J. 1982, 207 (1), 1-10.

(11) Cornish-Bowden, A. J.; Knowles, J. The pH-dependence of
pepsin-catalysed reactions. Biochem. J. 1969, 113 (2), 353—362.

(12) Garcia-Moreno, B. Adaptations of proteins to cellular and
subcellular pH. J. Biol. 2009, 8 (11), 98.

(13) White, F. H,, Jr.; Anfinsen, C. B. Some relationships of structure
to function in ribonuclease. Ann. N. Y. Acad. Sci. 1959, 81 (3), 515—
523.

(14) Perutz, M. Electrostatic effects in proteins. Science 1978, 201
(4362), 1187—1191.

(15) Gunner, M. R.; Mao, J; Song, Y.; Kim, J. Factors influencing
the energetics of electron and proton transfers in proteins. What can
be learned from calculations. Biochim. Biophys. Acta, Bioenerg. 2006,
1757 (8), 942—968.

(16) Platzer, G.; Okon, M.; McIntosh, L. P. pH-dependent random
coil 1H, 13C, and 15N chemical shifts of the ionizable amino acids: a
guide for protein pKa measurements. J. Biomol. NMR 2014, 60 (2),
109-129.

(17) Alexov, E.; Mehler, E. L.; Baker, N.; Baptista, A. M.; Huang, Y.;
Milletti, F.; Erik Nielsen, J.; Farrell, D.; Carstensen, T.; Olsson, M. H.
M.; Shen, J. K; Warwicker, J.; Williams, S.; Word, J. M. Progress in
the prediction of pKa values in proteins. Proteins: Struct.,, Funct., Bioinf.
2011, 79 (12), 3260—3275.

(18) Olsson, M. H. M.; Sendergaard, C. R.; Rostkowski, M.; Jensen,
J. H. PROPKA3: Consistent Treatment of Internal and Surface
Residues in Empirical pKa Predictions. J. Chem. Theory Comput. 2011,
7 (2), 525—537.

(19) Anandakrishnan, R.; Aguilar, B; Onufriev, A. V. H++ 3.0:
automating pK prediction and the preparation of biomolecular
structures for atomistic molecular modeling and simulations. Nucleic
Acids Res. 2012, 40 (W1), W537—W541.

(20) Chen, W.; Morrow, B. H.; Shi, C.; Shen, J. K. Recent
development and application of constant pH molecular dynamics.
Mol. Simul. 2014, 40 (10—11), 830—838.

(21) Henzler-Wildman, K; Kern, D. Dynamic personalities of
proteins. Nature 2007, 450, 964.

(22) Keller, B. G.; Prinz, J-H.; Noé, F. Markov models and
dynamical fingerprints: Unraveling the complexity of molecular
kinetics. Chem. Phys. 2012, 396, 92—107.

(23) Chodera, J. D.; Noé, F. Markov state models of biomolecular
conformational dynamics. Curr. Opin. Struct. Biol. 2014, 25, 135—144.

(24) Fenwick, R. B; Esteban-Martin, S.; Salvatella, X. Understanding
biomolecular motion, recognition, and allostery by use of conforma-
tional ensembles. Eur. Biophys. J. 2011, 40 (12), 1339—135S.

3041

(25) Durrant, J. D; McCammon, J. A. Molecular dynamics
simulations and drug discovery. BMC Biol. 2011, 9 (1), 71.

(26) Baptista, A. M.; Teixeira, V. H.; Soares, C. M. Constant-pH
molecular dynamics using stochastic titration. J. Chem. Phys. 2002,
117 (9), 4184—4200.

(27) Mongan, J.; Case, D. A;; McCammon, J. A. Constant pH
molecular dynamics in generalized Born implicit solvent. J. Comput.
Chem. 2004, 25 (16), 2038—2048.

(28) Stern, H. A. Molecular simulation with variable protonation
states at constant pH. J. Chem. Phys. 2007, 126 (16), 164112.

(29) Swails, J. M.; Roitberg, A. E. Enhancing Conformation and
Protonation State Sampling of Hen Egg White Lysozyme Using pH
Replica Exchange Molecular Dynamics. J. Chem. Theory Comput.
2012, 8 (11), 4393—4404.

(30) Swails, J. M.; York, D. M,; Roitberg, A. E. Constant pH Replica
Exchange Molecular Dynamics in Explicit Solvent Using Discrete
Protonation States: Implementation, Testing, and Validation. J. Chem.
Theory Comput. 2014, 10 (3), 1341—1352.

(31) Lee, M. S.; Salsbury, F. R,, Jr.; Brooks, C. L., III Constant-pH
molecular dynamics using continuous titration coordinates. Proteins:
Struct, Funct, Bioinf. 2004, 56 (4), 738—752.

(32) Huang, Y.; Harris, R. C.; Shen, J. Generalized Born Based
Continuous Constant pH Molecular Dynamics in Amber: Imple-
mentation, Benchmarking and Analysis. J. Chem. Inf. Model. 2018, 58
(7), 1372—1383.

(33) Kollman, P. Free energy calculations: Applications to chemical
and biochemical phenomena. Chem. Rev. 1993, 93 (7), 2395—2417.

(34) Radak, B. K.; Chipot, C.; Suh, D; Jo, S.; Jiang, W.; Phillips, J.
C.; Schulten, K; Roux, B. Constant-pH Molecular Dynamics
Simulations for Large Biomolecular Systems. J. Chem. Theory Comput.
2017, 13 (12), 5933—5944.

(35) Chen, Y; Roux, B. Constant-pH Hybrid Nonequilibrium
Molecular Dynamics-Monte Carlo Simulation Method. J. Chem.
Theory Comput. 2015, 11 (8), 3919—3931.

(36) Phillips, J. C.; Braun, R.; Wang, W.; Gumbart, J.; Tajkhorshid,
E.; Villa, E;; Chipot, C.; Skeel, R. D.; Kalé, L.; Schulten, K. Scalable
molecular dynamics with NAMD. ]J. Comput. Chem. 2005, 26 (16),
1781—1802.

(37) Case, D. A.; Ben-Shalom, L. Y.; Brozell, S. R.; Cerutti, D. S.;
Cheatham, T. E., II[; Cruzeiro, V. W. D.; Darden, T. A.; Duke, R. E.;
Ghoreishi, D.; Giambasu, G.; Giese, T. J.; Gilson, M. K; Gohlke, H,;
Goetz, A. W,; Greene, D.; Harris, R.; Homeyer, N.; Huang, Y.; Izadj,
S.; Kovalenko, A.; Krasny, R.; Kurtzman, T.; Lee, T. S.; LeGrand, S.;
Li, P.; Lin, C,; Liu, J.; Luchko, T.; Luo, R.; Man, V.; Mermelstein, D.
J; Merz, K. M; Miao, Y.,; Monard, G.; Nguyen, C.; Nguyen, H,;
Onufriev, A.; Pan, F.; Qi, R; Roe, D. R.; Roitberg, A; Sagui, C,;
Schott-Verdugo, S.; Shen, J.; Simmerling, C. L.; Smith, J.; Swails, J.;
Walker, R. C.; Wang, J.; Wei, H.; Wilson, L.; Wolf, R. M,; Wu, X,;
Xiao, L.; Xiong, Y,; York, D. M,; Kollman, P. A. AMBER 2019;
University of California: San Francisco, 2019.

(38) Metropolis, N.; Rosenbluth, A. W.; Rosenbluth, M. N.; Teller,
A. H,; Teller, E. Equation of State Calculations by Fast Computing
Machines. J. Chem. Phys. 1953, 21 (6), 1087—1092.

(39) Sugita, Y.; Okamoto, Y. Replica-exchange molecular dynamics
method for protein folding. Chem. Phys. Lett. 1999, 314 (1), 141—
151.

(40) Hamelberg, D.; Mongan, J; McCammon, J. A. Accelerated
molecular dynamics: A promising and efficient simulation method for
biomolecules. J. Chem. Phys. 2004, 120 (24), 11919—11929.

(41) Itoh, S. G.; Damjanovi¢, A.; Brooks, B. R. pH replica-exchange
method based on discrete protonation states. Proteins: Struct, Funct,,
Bioinf. 2011, 79 (12), 3420—3436.

(42) williams, S. L.; de Oliveira, C. A. F.; McCammon, J. A.
Coupling Constant pH Molecular Dynamics with Accelerated
Molecular Dynamics. J. Chem. Theory Comput. 2010, 6 (2), S60—568.

(43) Khandogin, J.; Brooks, C. L. Toward the Accurate First-
Principles Prediction of Ionization Equilibria in Proteins. Biochemistry
2006, 45 (31), 9363—9373.

https://dx.doi.org/10.1021/acs.jcim.0c00190
J. Chem. Inf. Model. 2020, 60, 3030—3042


https://dx.doi.org/10.1042/BST0330331
https://dx.doi.org/10.1042/BST0330331
https://dx.doi.org/10.1021/cr0101712
https://dx.doi.org/10.1021/cr010167q
https://dx.doi.org/10.1021/cr010167q
https://dx.doi.org/10.1021/cr000033x
https://dx.doi.org/10.1021/cr0101656
https://dx.doi.org/10.1021/cr0101656
https://dx.doi.org/10.1021/cr0101656
https://dx.doi.org/10.2174/1389450024605382
https://dx.doi.org/10.2174/1389450024605382
https://dx.doi.org/10.1080/15216540211468
https://dx.doi.org/10.1080/15216540211468
https://dx.doi.org/10.1042/bj2070001
https://dx.doi.org/10.1042/bj2070001
https://dx.doi.org/10.1042/bj1130353
https://dx.doi.org/10.1042/bj1130353
https://dx.doi.org/10.1186/jbiol199
https://dx.doi.org/10.1186/jbiol199
https://dx.doi.org/10.1111/j.1749-6632.1959.tb49333.x
https://dx.doi.org/10.1111/j.1749-6632.1959.tb49333.x
https://dx.doi.org/10.1126/science.694508
https://dx.doi.org/10.1016/j.bbabio.2006.06.005
https://dx.doi.org/10.1016/j.bbabio.2006.06.005
https://dx.doi.org/10.1016/j.bbabio.2006.06.005
https://dx.doi.org/10.1007/s10858-014-9862-y
https://dx.doi.org/10.1007/s10858-014-9862-y
https://dx.doi.org/10.1007/s10858-014-9862-y
https://dx.doi.org/10.1002/prot.23189
https://dx.doi.org/10.1002/prot.23189
https://dx.doi.org/10.1021/ct100578z
https://dx.doi.org/10.1021/ct100578z
https://dx.doi.org/10.1093/nar/gks375
https://dx.doi.org/10.1093/nar/gks375
https://dx.doi.org/10.1093/nar/gks375
https://dx.doi.org/10.1080/08927022.2014.907492
https://dx.doi.org/10.1080/08927022.2014.907492
https://dx.doi.org/10.1038/nature06522
https://dx.doi.org/10.1038/nature06522
https://dx.doi.org/10.1016/j.chemphys.2011.08.021
https://dx.doi.org/10.1016/j.chemphys.2011.08.021
https://dx.doi.org/10.1016/j.chemphys.2011.08.021
https://dx.doi.org/10.1016/j.sbi.2014.04.002
https://dx.doi.org/10.1016/j.sbi.2014.04.002
https://dx.doi.org/10.1007/s00249-011-0754-8
https://dx.doi.org/10.1007/s00249-011-0754-8
https://dx.doi.org/10.1007/s00249-011-0754-8
https://dx.doi.org/10.1186/1741-7007-9-71
https://dx.doi.org/10.1186/1741-7007-9-71
https://dx.doi.org/10.1063/1.1497164
https://dx.doi.org/10.1063/1.1497164
https://dx.doi.org/10.1002/jcc.20139
https://dx.doi.org/10.1002/jcc.20139
https://dx.doi.org/10.1063/1.2731781
https://dx.doi.org/10.1063/1.2731781
https://dx.doi.org/10.1021/ct300512h
https://dx.doi.org/10.1021/ct300512h
https://dx.doi.org/10.1021/ct300512h
https://dx.doi.org/10.1021/ct401042b
https://dx.doi.org/10.1021/ct401042b
https://dx.doi.org/10.1021/ct401042b
https://dx.doi.org/10.1002/prot.20128
https://dx.doi.org/10.1002/prot.20128
https://dx.doi.org/10.1021/acs.jcim.8b00227
https://dx.doi.org/10.1021/acs.jcim.8b00227
https://dx.doi.org/10.1021/acs.jcim.8b00227
https://dx.doi.org/10.1021/cr00023a004
https://dx.doi.org/10.1021/cr00023a004
https://dx.doi.org/10.1021/acs.jctc.7b00875
https://dx.doi.org/10.1021/acs.jctc.7b00875
https://dx.doi.org/10.1021/acs.jctc.5b00261
https://dx.doi.org/10.1021/acs.jctc.5b00261
https://dx.doi.org/10.1002/jcc.20289
https://dx.doi.org/10.1002/jcc.20289
https://dx.doi.org/10.1063/1.1699114
https://dx.doi.org/10.1063/1.1699114
https://dx.doi.org/10.1016/S0009-2614(99)01123-9
https://dx.doi.org/10.1016/S0009-2614(99)01123-9
https://dx.doi.org/10.1063/1.1755656
https://dx.doi.org/10.1063/1.1755656
https://dx.doi.org/10.1063/1.1755656
https://dx.doi.org/10.1002/prot.23176
https://dx.doi.org/10.1002/prot.23176
https://dx.doi.org/10.1021/ct9005294
https://dx.doi.org/10.1021/ct9005294
https://dx.doi.org/10.1021/bi060706r
https://dx.doi.org/10.1021/bi060706r
pubs.acs.org/jcim?ref=pdf
https://dx.doi.org/10.1021/acs.jcim.0c00190?ref=pdf

Journal of Chemical Information and Modeling

pubs.acs.org/jcim

(44) Wallace, J. A.; Shen, J. K. Continuous Constant pH Molecular
Dynamics in Explicit Solvent with pH-Based Replica Exchange. J.
Chem. Theory Comput. 2011, 7 (8), 2617—2629.

(45) Harris, R. C.; Shen, J. GPU-Accelerated Implementation of
Continuous Constant pH Molecular Dynamics in Amber: pKa
Predictions with Single-pH Simulations. J. Chem. Inf. Model. 2019, 59
(11), 4821-4832.

(46) Neitzel, J. J. Enzyme catalysis: the serine proteases. Nature
Education 2010, 3 (9), 21.

(47) Molecular Operating Environment (MOE); Chemical Computing
Group: Monteal, 2017.

(48) Lindorff-Larsen, K;; Piana, S.; Palmo, K.; Maragakis, P.; Klepeis,
J. L; Dror, R. O.; Shaw, D. E. Improved side-chain torsion potentials
for the Amber ff99SB protein force field. Proteins: Struct, Funct,
Bioinf. 2010, 78 (8), 1950—1958.

(49) Jorgensen, W. L.; Chandrasekhar, J.; Madura, J. D.; Impey, R.
W.,; Klein, M. L. Comparison of simple potential functions for
simulating liquid water. J. Chem. Phys. 1983, 79 (2), 926—935.

(50) Liu, R; Yue, Z; Tsai, C.-C.; Shen, J. Assessing Lysine and
Cysteine Reactivities for Designing Targeted Covalent Kinase
Inhibitors. J. Am. Chem. Soc. 2019, 141 (16), 6553—6560.

(S1) Frisch, M. J.; Trucks, G. W.; Schlegel, H. B.; Scuseria, G. E.;
Robb, M. A.; Cheeseman, J. R.; Scalmani, G.; Barone, V.; Petersson,
G. A,; Nakatsuji, H.; Li, X,; Caricato, M.; Marenich, A. V.; Bloino, J.;
Janesko, B. G.; Gomperts, R.; Mennucci, B.; Hratchian, H. P.; Ortiz, J.
V.; Izmaylov, A. F.,; Sonnenberg, J. L.; Williams; Ding, F.; Lipparini,
F; Egidi, F; Goings, J; Peng, B.; Petrone, A; Henderson, T.;
Ranasinghe, D.; Zakrzewski, V. G.; Gao, J.; Rega, N.; Zheng, G,;
Liang, W.; Hada, M.; Ehara, M.; Toyota, K,; Fukuda, R.; Hasegawa, J.;
Ishida, M.; Nakajima, T.; Honda, Y.; Kitao, O.; Nakai, H.; Vreven, T;
Throssell, K;; Montgomery, J. A, Jr; Peralta, J. E.; Ogliaro, F;
Bearpark, M. J.; Heyd, J. J.; Brothers, E. N.; Kudin, K. N.; Staroverov,
V. N,; Keith, T. A.; Kobayashi, R.; Normand, J.; Raghavachari, K;
Rendell, A. P.; Burant, J. C.; Iyengar, S. S.; Tomasi, J.; Cossi, M,;
Millam, J. M.; Klene, M.; Adamo, C.; Cammi, R.; Ochterski, J. W.;
Martin, R. L.; Morokuma, K.; Farkas, O.; Foresman, J. B.; Fox, D. J.
Gaussian 16, rev. C.01; Gaussian, Inc.: Wallingford, CT, 2016.

(52) Bayly, C. L; Cieplak, P.; Cornell, W.; Kollman, P. A. A well-
behaved electrostatic potential based method using charge restraints
for deriving atomic charges: the RESP model. J. Phys. Chem. 1993, 97
(40), 10269—10280.

(53) Wallnoefer, H. G.; Handschuh, S.; Liedl, K. R; Fox, T.
Stabilizing of a Globular Protein by a Highly Complex Water
Network: A Molecular Dynamics Simulation Study on Factor Xa. J.
Phys. Chem. B 2010, 114 (21), 7405—7412.

(54) Adelman, S. A; Doll, J. D. Generalized Langevin equation
approach for atom/solid-surface scattering: General formulation for
classical scattering off harmonic solids. J. Chem. Phys. 1976, 64 (6),
2375-2388.

(55) Berendsen, H. J. C.; Postma, J. P. M.; van Gunsteren, W. F.;
DiNola, A,; Haak, J. R. Molecular dynamics with coupling to an
external bath. J. Chem. Phys. 1984, 81 (8), 3684—3690.

(56) Ryckaert, J.-P.; Ciccotti, G.; Berendsen, H. J. C. Numerical
integration of the cartesian equations of motion of a system with
constraints: molecular dynamics of n-alkanes. J. Comput. Phys. 1977,
23 (3), 327-341.

(57) Darden, T.; York, D.; Pedersen, L. Particle mesh Ewald: An N-
log(N) method for Ewald sums in large systems. J. Chem. Phys. 1993,
98 (12), 10089—10092.

(58) Brooks, B. R.; Brooks, C. L., ITI; Mackerell, A. D., Jr.; Nilsson,
L.,; Petrella, R. J.; Roux, B.; Won, Y.; Archontis, G.; Bartels, C.;
Boresch, S.; Caflisch, A.; Caves, L.; Cui, Q; Dinner, A. R;; Feig, M,;
Fischer, S.; Gao, J.; Hodoscek, M.; Im, W.; Kuczera, K.; Lazaridis, T.;
Ma, J.; Ovchinnikov, V.; Paci, E.; Pastor, R. W.; Post, C. B,; Py, J. Z.;
Schaefer, M,; Tidor, B.; Venable, R. M.; Woodcock, H. L.; Wu, X,;
Yang, W.; York, D. M,; Karplus, M. CHARMM: The biomolecular
simulation program. J. Comput. Chem. 2009, 30 (10), 1545—1614.

(59) MacKerell, A. D.; Bashford, D.; Bellott, M.; Dunbrack, R. L.;
Evanseck, J. D.; Field, M. J.; Fischer, S.; Gao, J.; Guo, H; Ha, S;

3042

Joseph-McCarthy, D.; Kuchnir, L.; Kuczera, K;; Lau, F. T. K,; Mattos,
C.; Michnick, S.; Ngo, T.; Nguyen, D. T.; Prodhom, B.; Reiher, W. E.;
Roux, B.; Schlenkrich, M.; Smith, J. C; Stote, R; Straub, J.;
Watanabe, M.; Widrkiewicz-Kuczera, J.; Yin, D.; Karplus, M. All-Atom
Empirical Potential for Molecular Modeling and Dynamics Studies of
Proteins. J. Phys. Chem. B 1998, 102 (18), 3586—3616.

(60) Maier, J. A; Martinez, C.; Kasavajhala, K; Wickstrom, L.;
Hauser, K. E.; Simmerling, C. ff14SB: Improving the Accuracy of
Protein Side Chain and Backbone Parameters from ff99SB. J. Chem.
Theory Comput. 2015, 11 (8), 3696—3713.

(61) Roe, D. R; Cheatham, T. E. PTRAJ and CPPTRAJ: Software
for Processing and Analysis of Molecular Dynamics Trajectory Data. J.
Chem. Theory Comput. 2013, 9 (7), 3084—3095.

(62) Shen, J. Personal Communication, Department of Pharma-
ceutical Sciences, University of Maryland School of Pharmacy,
Baltimore, MD, US, 2019.

(63) PyMOL Molecular Graphics System, version 2.3; Schrodinger,
2019.

(64) McGee, T. D; Edwards, J; Roitberg, A. E. pH-REMD
Simulations Indicate That the Catalytic Aspartates of HIV-1 Protease
Exist Primarily in a Monoprotonated State. J. Phys. Chem. B 2014, 118
(44), 12577—-12585.

(65) Hofer, F.; Dietrich, V.; Kamenik, A. S.; Tollinger, M.; Lied], K.
R. pH-Dependent Protonation of the Phl p 6 Pollen Allergen Studied
by NMR and cpH-aMD. J. Chem. Theory Comput. 2019, 15 (10),
5716—5726.

(66) Lin, J.; Cassidy, C. S.; Frey, P. A. Correlations of the Basicity of
His 57 with Transition State Analogue Binding, Substrate Reactivity,
and the Strength of the Low-Barrier Hydrogen Bond in Chymo-
trypsin. Biochemistry 1998, 37 (34), 11940—11948.

(67) Ellis, C. R;; Tsai, C.-C.; Lin, F.-Y.; Shen, J. Conformational
dynamics of cathepsin D and binding to a small-molecule BACE1
inhibitor. J. Comput. Chem. 2017, 38 (15), 1260—1269.

(68) 1do, E.; Han, H. P.; Kezdy, F. J.; Tang, J. Kinetic studies of
human immunodeficiency virus type 1 protease and its active-site
hydrogen bond mutant A28S. J. Biol. Chem. 1991, 266 (36), 24359—
66.

(69) Hyland, L. J; Tomaszek, T. A; Meek, T. D. Human
immunodeficiency virus-1 protease. 2. Use of pH rate studies and
solvent kinetic isotope effects to elucidate details of chemical
mechanism. Biochemistry 1991, 30 (34), 8454—8463.

(70) Smith, R.; Brereton, I. M.; Chai, R. Y.; Kent, S. B. H. Ionization
states of the catalytic residues in HIV-1 protease. Nat. Struct. Biol.
1996, 3 (11), 946—950.

(71) Awoonor-Williams, E.; Rowley, C. N. Evaluation of Methods
for the Calculation of the pKa of Cysteine Residues in Proteins. J.
Chem. Theory Comput. 2016, 12 (9), 4662—4673.

(72) Pinitglang, S.; Watts, A. B.; Patel, M.; Reid, J. D.; Noble, M. A;
Gul, S.; Bokth, A.; Naeem, A.; Patel, H.; Thomas, E. W.; Sreedharan,
S. K,; Verma, C.; Brocklehurst, K. A Classical Enzyme Active Center
Motif Lacks Catalytic Competence until Modulated Electrostatically.
Biochemistry 1997, 36 (33), 9968—9982.

(73) Harris, R. C.; Liu, R;; Shen, J. Predicting Reactive Cysteines
With Implicit-Solvent Based Continuous Constant pH Molecular
Dynamics in Amber. J. Chem. Theory Comput. 2020, DOI: 10.1021/
acs.jctc.0c00258.

(74) Williams, S. L.; Blachly, P. G.; McCammon, J. A. Measuring the
successes and deficiencies of constant pH molecular dynamics: A
blind prediction study. Proteins: Struct, Funct,, Bioinf. 2011, 79 (12),
3381—-3388.

https://dx.doi.org/10.1021/acs.jcim.0c00190
J. Chem. Inf. Model. 2020, 60, 3030—3042


https://dx.doi.org/10.1021/ct200146j
https://dx.doi.org/10.1021/ct200146j
https://dx.doi.org/10.1021/acs.jcim.9b00754
https://dx.doi.org/10.1021/acs.jcim.9b00754
https://dx.doi.org/10.1021/acs.jcim.9b00754
https://dx.doi.org/10.1002/prot.22711
https://dx.doi.org/10.1002/prot.22711
https://dx.doi.org/10.1063/1.445869
https://dx.doi.org/10.1063/1.445869
https://dx.doi.org/10.1021/jacs.8b13248
https://dx.doi.org/10.1021/jacs.8b13248
https://dx.doi.org/10.1021/jacs.8b13248
https://dx.doi.org/10.1021/j100142a004
https://dx.doi.org/10.1021/j100142a004
https://dx.doi.org/10.1021/j100142a004
https://dx.doi.org/10.1021/jp101654g
https://dx.doi.org/10.1021/jp101654g
https://dx.doi.org/10.1063/1.432526
https://dx.doi.org/10.1063/1.432526
https://dx.doi.org/10.1063/1.432526
https://dx.doi.org/10.1063/1.448118
https://dx.doi.org/10.1063/1.448118
https://dx.doi.org/10.1016/0021-9991(77)90098-5
https://dx.doi.org/10.1016/0021-9991(77)90098-5
https://dx.doi.org/10.1016/0021-9991(77)90098-5
https://dx.doi.org/10.1063/1.464397
https://dx.doi.org/10.1063/1.464397
https://dx.doi.org/10.1002/jcc.21287
https://dx.doi.org/10.1002/jcc.21287
https://dx.doi.org/10.1021/jp973084f
https://dx.doi.org/10.1021/jp973084f
https://dx.doi.org/10.1021/jp973084f
https://dx.doi.org/10.1021/acs.jctc.5b00255
https://dx.doi.org/10.1021/acs.jctc.5b00255
https://dx.doi.org/10.1021/ct400341p
https://dx.doi.org/10.1021/ct400341p
https://dx.doi.org/10.1021/jp504011c
https://dx.doi.org/10.1021/jp504011c
https://dx.doi.org/10.1021/jp504011c
https://dx.doi.org/10.1021/acs.jctc.9b00540
https://dx.doi.org/10.1021/acs.jctc.9b00540
https://dx.doi.org/10.1021/bi980278s
https://dx.doi.org/10.1021/bi980278s
https://dx.doi.org/10.1021/bi980278s
https://dx.doi.org/10.1021/bi980278s
https://dx.doi.org/10.1002/jcc.24719
https://dx.doi.org/10.1002/jcc.24719
https://dx.doi.org/10.1002/jcc.24719
https://dx.doi.org/10.1021/bi00098a024
https://dx.doi.org/10.1021/bi00098a024
https://dx.doi.org/10.1021/bi00098a024
https://dx.doi.org/10.1021/bi00098a024
https://dx.doi.org/10.1038/nsb1196-946
https://dx.doi.org/10.1038/nsb1196-946
https://dx.doi.org/10.1021/acs.jctc.6b00631
https://dx.doi.org/10.1021/acs.jctc.6b00631
https://dx.doi.org/10.1021/bi9705974
https://dx.doi.org/10.1021/bi9705974
https://dx.doi.org/10.1021/acs.jctc.0c00258
https://dx.doi.org/10.1021/acs.jctc.0c00258
https://dx.doi.org/10.1021/acs.jctc.0c00258
https://dx.doi.org/10.1021/acs.jctc.0c00258?ref=pdf
https://dx.doi.org/10.1021/acs.jctc.0c00258?ref=pdf
https://dx.doi.org/10.1002/prot.23136
https://dx.doi.org/10.1002/prot.23136
https://dx.doi.org/10.1002/prot.23136
pubs.acs.org/jcim?ref=pdf
https://dx.doi.org/10.1021/acs.jcim.0c00190?ref=pdf

