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Proton-mediated processes play essential roles in biology and human diseases. These

processes are challenging to study experimentally and model with traditional simulation

techniques because they rely on fixed protonation states. Continuous-constant pH molec-

ular dynamics (CpHMD) is a computer simulation that provides atomic-level details of

proton-coupled mechanisms. In this dissertation, several proteases (V-secretases 1/2, plas-

mepsin II, main proteases, and papain-like proteases) and a sodium-proton antiporter (NhaA)

are investigated, elucidating protonation states of critical residues and proton-coupled dy-

namics to aid drug design efforts.

In Chapter 2, CpHMD is used to investigate several aspartyl proteases. Human V-

secretase 1 (BACE1) was considered a lead drug target based on the V-amyloid hypothesis

for Alzheimer’s disease. First, simulations reveal how water plays a vital role in improving

the selectivity of an inhibitor for BACE1 over the closely related off-target BACE2. Next,

simulations of plasmepsin II, a drug target against malaria, reveal the acid-base role of

its catalytic aspartates and how binding of the substrate analog inhibitor pepstatin induces

pH-dependent dynamics of its active site.



In Chapter 3, simulations of two types of coronavirus cysteine proteases, the papain-like

proteases (PLpros) and main proteases (MPros), are performed to aid the broad-spectrum

inhibitor design against coronaviruses (CoVs). Here, the protonation states of PLpro from

SARS-CoV, SARS-CoV-2, and MERS-CoV reveal the function of the catalytic residues.

Moreover, the protonation state of cysteine on the second blocking loop is found to modu-

late the dynamics of a druggable subpocket. Investigation of the Mpros of SARS-CoV and

SARS-CoV-2 uncovers a reactive cysteine residue that covalent inhibitors could target and

protonation of a conserved histidine leads to the partial collapse of the S1 pocket.

In Chapter 4, simulations are applied to the �. 2>;8 sodium-proton antiporter NhaA

which facilitates the exchange of two protons for one sodium ion across the lipid bilayer.

One proton binding site is generally accepted, while the other is controversial due to a series

of mutations study showing retained activity. The simulations show that in the presence of

various mutations, an alternative proton binding site can accept the second proton, and

long-distance proton coupling occurs in some cases.
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Chapter 1

Introduction

Molecular dynamics (MD) simulations is a technique for computing the positions of

atoms in a molecular system over time (1, 2). Thus, MD simulations provide detailed in-

sight into the motion of macromolecules that is not possible or difficult to obtain with other

experimental methods. Simulations of this kind are not new, and the first MD simulations

were performed on simple gasses in the 1950s (3). Although simulations have become

more complex over time, an essential environmental variable in biological systems, pH, is

generally not considered. Our lab has extended the MD technique to account for proto-

nation/deprotonation of titratable site for studies of the effects of pH or protonation state

change on the conformational dynamics of biological macromolecules; this technique is

known as constant-pH Molecular Dynamics (pHMD). In this chapter, the methodology and

development of pHMD are reviewed, and an overview of this dissertation is given at the

end of the chapter.

1.1 Molecular Dynamics

In short, MD simulations provide three-dimensional movies that illustrate the molecular

configurations a system can sample over a period of time. Given the initial placement of

atoms for a biological system, (e.g., from an X-ray crystal structure) and an energy function

(force field) that describes the intra- and intermolecular interactions, one can calculate the

interatomic forces of the system (1, 2). Then with all of the interatomic forces and initially
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assigned velocities, Newton’s equation of motion can be numerically integrated to move

the system one small-time step forward. The process is repeated until a total duration of

time is achieved or until the system’s properties no longer change with time. The basic

algorithm of a standard MD simulations is illustrated in Fig. 1.1.

Figure 1.1: Algorithm of a standard molecular dynamics simulation.

The most time-consuming part of the MD simulation is the calculation of interatomic

forces (1). These forces are calculated using an empirical energy function known as molec-

ular mechanics force field (2). The parameters in the force field are obtained to reproduce

geometries and vibrational spectra from experimental data as well as quantum mechani-

cal calculations (4). In this work the force fields from CHARMM (Chemistry at HAR-
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vard Macromolecular Mechanics) (5–16) and Amber (Assisted Model Building with En-

ergy Refinement) (17–21) are employed. While there are minor differences between the

CHARMM and Amber force fields the functional form is nearly identical (Eq. 1.1) and

for simplicity the CHARMM force fields will be the focus of this discussion (4, 21). The

CHARMM potential energy function has the following form,

*tot =
∑

bonds
 b(1− 10)2 +

∑
angles

 \ (\ − \0)2

+
∑

Urey−Bradley
 UB((− (0)2 +

∑
impropers

 l (l−l0)2

+
∑

dihedrals
 q (1+ cos(=q− X))

+
∑
vdW

n<8=8 9


(
'<8=
8 9

A8 9

)12

−2

(
'<8=
8 9

A8 9

)6 +
∑
elec

@8@ 9

4cn0nA8 9

+
∑

residues
*CMAP(q,k).

(1.1)

The potential energy function consists of the bonded and non-bonded terms. The

bonded terms, bonds, angles, Urey-Bradley, impropers and dihedrals, describe the poten-

tial energies related to the motion of atoms connected by chemical bonds. The non-bonded

terms are the van der Waals (vdW) and the electrostatic (elec) energies. Finally, to improve

the conformational description of the protein backbone, the q, k cross term was introduced

via a grid-based correction known as CMAP (5, 22, 23).

The bonded terms (1, \, UB, l) are approximated as harmonic potentials while the di-

hedral angle term is approximated as (q) treated by a sinusoidal function (24). A harmonic
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potential has two parameters,  , and the square of the given value minus its equilibrium po-

sition denoted as -0. Thus, it provides the energy of displacing a component of the system

from its equilibrium position. The bond potential considers the stretching and compressing

of covalently connected, adjacent, atoms. The angles potential considers bending between

covalent bonds of three consecutively connected atoms. Again considering three consec-

utively connected atoms, the Urey-Brady cross-term considers the distance between the

first and third atoms in the sequence and accounts for angle bending (25). The impropers

potential considers the out-of-plane bending angle. Then the dihedral potential describes

the displacement energy for the angle between two planes of four consecutively connected

atoms, where = is the multiplicity of the function, q is the dihedral angle, and X is the phase

shift.

The non-bonded terms consists of the vdW potential, and the elec energy, treated by

coulombs law (24). The vdW term models the repulsive (A12) and attractive (A6) interaction

energies between atoms based on atom type specific atomic radii, where n8 9 is the energy

well-depth, '<8= is the distance at the energy minimum, and A8 9 is the distance between

atoms 8 and 9 . The electrostatic term considers again the distance, A8 9 , and partial charges

of atom 8 (@8) and atom 9 (@ 9 ), where n0 is the vacuum permittivity and n is the dielectric

constant.

1.2 Constant-pH Molecular Dynamics

pH is an important environmental condition for biological processes. For example,

proteins can become denatured under extreme pH conditions, enzymes are often active in
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narrow pH ranges (26), and some protein-protein (27), as well as protein-ligand (28) inter-

actions are regulated by the protonation states of titratable groups. Knowing this, how is pH

accounted for in MD simulations? The traditional MD simulation assigns fixed protonation

states to its titratable residues. The protonation state assignment is based on the model or

solution pKa values of titratable sites and the intended simulations pH, e.g., physiological

pH of 7.4. While this might work in some cases, this assumption can lead to errors. In

Table 1.1, the model pKa’s of common titratable residue side chains are listed. Thus, a sim-

ulation at pH 7.4 might expect some amount of protonation state change of His residues.

Additionally, a titratable residue’s pKa might be significantly shifted in the protein environ-

ment from solution, which is difficult to know based on just the initial protein structure. For

instance, at pH 7.4 a His residue might have an increased pKa if it is in proximity to a neg-

atively charged residue, or if it is buried in the low dielectric environment of the protein’s

interior the pKa may be appreciably decreased. Thus, a simple assignment of protonation

states based on model pKa’s may not suffice. Attempts have been made to mitigate the

erros by estimating the pKa’s based on the initial structure. These static structure based

methods are implemented in softwares such as PropKa (29, 30), H++,(31) and DelPhipKa

(32, 33). While PropKa is based on an empirical enery function, H++ and DelPhipKa rely

on Poisson-Boltzmann (PB) or generalized Born (GB) continuum methods for pKa predic-

tions. These tools are helpful they do not consider changes of protein conformation during

the progression of the simulation, which can cause the environment around the titratable

residues to change. Although briefly touched on in our discussion of His, another issue that

arises is simulating near or at the pKa of titratable residues. If one wanted to simulate the

acidic conditions of a parasitic food vacuole (34, 35) at pH 4.0 both Asp and Glu residues
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would be readily changing protonation states. The conformational changes associated with

such protonation state changes would not be captured with traditional MD simulations. To

obtain a better description of the protein conformational dynamics associated with proto-

nation state equilibrium, two types of constant pH MD methods have been developed to

allow for proton titration during MD. These methods are known as the discrete constant pH

MD (DpHMD) and continuous constant pH MD (CpHMD) (36–40).

Table 1.1: Model pKa values of amino acid side chains.

Residue pKa
0 pKa

1

Arg 13.9
Lys 10.34 10.4
His 6.45 6.54
Glu 4.34 4.25
Asp 3.86 3.67
Tyr 9.76 9.84
Cys 8.49 8.55

0 pKa’s based on the blocked single amino acids were taken from
Ref. (41). 1 pKa’s based on alanine pentapeptides were taken from
Ref. (42).

A titratable group can only adopt two states: protonated and deprotonated. So the most

intuitive way to represent titratable groups during the MD simulation is to periodically stop

the simulation and attempt a protonation state change. This is the essence of the DpHMD

protocol. The first implementation of DpHMD was first developed by Batista et al. in 2002.

(43). Here, the MD simulation is performed with an explicit solvent model and periodic

protonation/deprotonation steps are conducted using the Metropolis Monte-Carlo sampling

method (43). When the MC sampling is performed a new protonation state is proposed and

the free energy change of the system is calculated using PB continuum electrostatics to

approximate the solvent effects. Then a comparison between the new and old protonation

state is evaluated based on the Metropolis criteria (44) to either accept or reject the new
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protonation state. Following the MC sampling step, for implicit-solvent DpHMD simula-

tions, no solvent relaxation is needed. For hybrid-solvent DpHMD, solvent relaxation is

needed. This introduces a potential pitfall for all methods based on DpHMD, where instan-

taneous changes in the charge state may lead to large increases in energy resulting in a low

acceptance ratio in the MC move (45). Ultimately, this can lead to slow convergence of the

protonation state equilibrium of titratable residues.

The DpHMD method has been developed into several versions, and differ mainly by

the solvent model used. To start the OBC-GB (46) DpHMD method uses a fully im-

plicit solvent to calculate the solvation forces using a Generalized-Born (GB) model (47).

The OBC-GB/TIP3P DpHMD method uses a hybrid-solvent, where an explicit solvent is

used for conformational sampling and implicit solvent is used to calculate the solvation

forces (48). Both of these methods are implemented in the MD software package Am-

ber (21). Lastly, all-atom (fully-explicit solvent) DpHMD developed by the Roux group

as the nonequilibrium MD/MC method (49) is implemented in NAMD (50). Addition-

ally, DpHMD methods have been combined with the enhanced sampling technique replica

exchange to improve conformational sampling and pKa prediction (51, 52).

Unlike the MD/MC protocol of DpHMD, CpHMD has its root in the _-dynamics ap-

proach for free-energy simulations (53). This idea was first implemented by the Brooks

III group (54, 55). In CpHMD each titratable site of the protein is treated as a _ variable

or titration coordinate, which continuously evolves between 0 (protonated) and 1 (depro-

tonated) as the MD simulation progresses (54, 55). Thus, the _ variable allows for the

conformational dynamics to be coupled with the protonation-state sampling. As the _ vari-

able smoothly switches between 0 and 1 the partial atomic charges, as well as the van der
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Waals forces, are linearly interpolated between the protonated and deprotonated forms. The

theoretical details of this will be elaborated on in the following section. As mentioned in

the discussion of DpHMD, this technique overcomes the issue of harsh and sudden changes

in charge states. The first implementation of CpHMD only considered Asp, Glu, and His as

having one titratable site, but this was extended by Khandogin and Brooks to included tau-

tomeric equilibria (55). Accordingly, the titratable residues are more accurately described

using a two-dimensional _-dynamics framework by enabling smooth switching between

not just the protonated and deprotonated forms, but also between one tautomeric state and

the other(s). Tautomeric states where also considered in DpHMD where each titratable site

was split into several pseudosites (56). The CpHMD methods based on the GBMV2/GBSW

implicit-solvent (57–59), hybrid implicit/explicit-solvent (60), as well as the fully explicit

solvent models are implemented in the CHARMM package (61). These methods can be

used together with the temperature (62) and pH replica-exchange enhanced sampling pro-

tocols (60). Recently, the CpHMD method (63) based on the GBNeck2 implicit-solvent

model (64) is implemented in Amber package (21). The implementation of the fully

explicit-solvent CpHMD method in Amber is under development in our lab (Harris, Liu,

and Shen, unpublished data).

1.3 Continuous Constant-pH Molecular Dynamics

The first implementation of the CpHMD method was based on the _-dynamics ap-

proach for protein simulations and was implemented in the CHARMM package (61) by

Lee, Khandogin, and Brooks and used a GB implicit-solvent model (53, 54, 57–59). The
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initial GB model used the GB molecular volume method (GBMV2) (54), and later this

was change to the GB model with simple SWitching (GBSW) (65). The GBSW simu-

lations offer highly accurate solvation energies and are less computationally demanding

compared to GBMV2, PB calculations, or explicit-solvent simulations (66). As mentioned

with DpHMD, one of the major challenges with pHMD simulations is convergence (36) and

the employment of GB implicit-solvent models in pHMD greatly speeds up convergence.

Nonetheless, the random error in the GBSW-CpHMD simulation of model compounds was

as large as 0.5 pK units and had an absolute error of 0.6–1.6 pK units for two benchmark

proteins (65). Errors in pKa are likely due to two main effects: first, over-stabilization of

salt-bridge interactions from the underlying GB model; and second, the lack of extensive

conformational sampling, which could lead to increased error in the pKas. These concerns

were addressed by extending the GBSW-CpHMD to incorporate the enhanced sampling

technique, temperature based replica-exchange (TREX) (67), improved GB parameteriza-

tion (68), and to better account for salt effects by employing a linearized Debye-Hückel

screening approximation (62, 69). These efforts improved calculated pKa values for titrat-

able residues in proteins with an error of 0.6-1.0 pK units and a 0.16 pK unit error for

simulations of the model compounds (62). Moreover, protonation state convergence was

observed on timescales of 1 to 2 ns per temperature replica (62). Further validation using

a similar GBSW-CpHMD with TREX protocol was performed to blindly predict the pKa

values for 87 titratable residues in staphylococcal nuclease and variants (70). This study

resulted in the majority of predictions (64%) having errors less than 1.5 pK units (70),

which represents one of the most accurate predictions among all computational pKa pre-

diction methods (71). In chapter 1.3.3 recent applications of an implicit-solvent version of
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CpHMD in Amber on Graphical Processing Units (GPUs) are discussed.

Even though the GBSW-CpHMD version is a useful tool for pKa predictions, shortcom-

ings inherent to the underlying GB models were becoming the limiting factor for improving

the method (60). Some of the limitations have been mentioned in the previous chapter, but

another limitation comes from the small distortions in the conformation or distribution of

conformations sampled by the GB simulations (60). Thus, to overcome the dependence of

conformational sampling by the GB model an explicit-solvent model was integrated into

the CpHMD method, which offers higher accuracy for conformational dynamics and can

better reproduce solvent behavior (60, 68). Although forces on both spatial and titration co-

ordinates can be derived from explicit-solvent sampling it is not practical because a lengthy

simulation time is required to accurately compute the solvation-related forces (60). Thus, a

method was devised to incorporate the explicit-solvent model into the CpHMD method for

improved conformational sampling, while retaining the efficiency of the GBSW implicit-

solvent model for computing solvation forces on titration coordinates (60). This method is

known as hybrid-solvent CpHMD (HS-CpHMD).

In the aforementioned work, a TREX protocol was implemented with the GBSW-

CpHMD simulations. However, this type of replica exchange is not feasible with explicit-

solvent simulations due to the large number of replicas needed to account for the solvent

degrees of freedom (72). Consequently, a new type of replica-exchange was introduced

based on solution pH (pHREX) instead of temperature. In the pHREX protocol, inde-

pendent replicas are subject to constant pressure/volume and temperature (NPT or NVT

ensemble) simulations in parallel at different pH conditions. Then after so many MD steps,

for example, 500 or 1000 dynamic steps, exchanges are attempted between adjacent repli-
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cas in the pH ladder. The acceptance probability is given by the Metropolis criterion (60),

%8↔ 9 =min
(
1, 4−;=(10) (pH8−pH 9 ) (∑_8−∑_ 9 )

)
. (1.2)

the two pH replicas are denoted by the superscript 1 and 2 with the summation running

across all _ variables for that replica (40). In a benchmark study of 5 proteins with known

experimental pKas this pHREX HS-CPHMD method improved the pKa predictions due to

the improved conformational sampling. The pKa prediction for the proteins from this study

had an absolute average deviation of 0.53 pK units and a root mean square deviation of 0.74

from experimental data. Furthermore, the random error in the calculated pKa’s of model

compounds were about or below 0.1 pH units, with both small model compounds and large

proteins showing pKa convergence within 1 ns (60).

At this stage of development, CpHMD was limited to studying only soluble proteins.

However, studies of transmembrane proteins are of great interest to the fields of biology,

physiology, and pharmaceutics, since they play crucial roles in cellular homeostasis and

signal transduction (73, 74). Huang, Chen, and Shen (75, 76) extended the pHREX HS-

CpHMD method to enable the presence of a lipid bilayer. This was achieved by utilized

the hybrid feature of explicit-lipid atoms with an implicit-lipid representation in the GB

model (75–78). In the GB model, the implicit lipid is represented as an infinite planar low-

dielectric slab with a cylindrical hole centered around the protein (78, 79). The thickness

of the slab and the size of the hole are based on the hydrophobic thickness of the lipid

tails that compose the lipid bilayer and the size of the protein (78). To our knowledge cur-

rently this is the most accurate method for calculating the pKa’s of transmembrane proteins
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and has been successful at probing the proton-coupled conformational dynamics of several

transmembrane systems such as the sodium-proton antiporter NhaA (75, 80), the influenza

proton channel M2 (76), the E. coli multidrug efflux pump AcrB (77), and most recently

the interactions between the `-opioid receptor and ligands (81).

While pHREX HS-CpHMD and its membrane-enabled features provide a powerful tool

for calculating pKas and investigating proton-coupled dynamical processes some limita-

tions remain. For instance, the solution, ionic, and lipid interactions are represented im-

plicitly, where direct explicit influence by these interactions may cause protonation state

changes that can not currently be account for. Additionally, the implicit solvent and bilayer

employed in the titration dynamics limit the accuracy of the pKa estimation, particularly

for buried active site residues and those interacting with lipids (78). A caveat of the hybrid-

solvent method is that no formal Hamiltonian exists and potential artifacts may occur (60).

While a particle-mesh Ewald (PME) all-atom CpHMD method has the potential to over-

come these limitations, preliminary studies show more significant systematic errors likely

due to convergence issues and under-polarization of the MMFFs. Possible future directions

for CpHMD development are to include polarizable force fields such as the Drude model

(82) in PME all-atom CpHMD and/or improve the convergence of the simulations by in-

creasing sampling time through the use of GPUs, more information on this will be covered

in chapter 1.3.3.

1.3.1 The Theoretical Foundation of CpHMD

The discussion of the theoretical foundation of CpHMD will be conducted as follows:

First, a brief consideration of the chemical process of protonation/deprotonation will be
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given; second, the relationship of free energies between experiment and simulations as-

sociated with protonation/deprotonation will be discussed; third, a description of how to

represent titratable groups in a simulation will be introduced; fourth and finally, the ex-

tended Hamiltonian based on the _-dynamics method used for CpHMD simulations will be

dissected.

Let’s start by considering the chemical process of protonation/deprotonation of a titrat-

able group in a protein.

AH(protein) 
 A−(protein) +H+(aq) (1.3)

When trying to simulate this process two major problems are encountered: 1) the quantum

mechanical energy associated with bond breaking and forming in the protonation process

is not accounted for in classical force fields, 2) the solvation of a proton in water cannot

be easily treated, because the exact free energy of proton solvation is not known exactly.

However, these problems can be addressed by introducing a model compound Aaq with a

known experimental pKexp
a , and is the same titratable site found in AH(protein) . The model

compound is represented similar to the protein,

AH(aq) 
 A−(aq) +H+(aq) . (1.4)

This has a protonation free energy described by

Δ�4G? (<>34;) = −;>6(10):�) [? 4G?0 − ?�] (1.5)
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where :1 is the Boltzmann’s constant and ) is temperature. Simulations that approximate

the reactions in Eq. 1.3 and 1.4 can be conducted identically to yield an equivalent differ-

ence between calculated and experimental free energies,

Δ�4G? (protein) −Δ�4G? (model) ≈ Δ�B8< (protein) −Δ�B8< (model). (1.6)

This leads to an estimate of the experimental free energy of protonation for a particular site

in a protein,

Δ�4G? (protein) ≈ Δ�B8< (protein) −Δ�B8< (model) +Δ�4G? (model). (1.7)

With Eq. 1.7 as the theoretical foundation we deduce that titratable groups in the protein

are nothing more than model compounds perturbed by the protein environment.

In a simulation, each titratable group is treated with a continuous coordinate, _, bound

between 0 (protonated) and 1 (deprotonated). To restrict the titration coordinate between

these 0 and 1 the following function is used,

_8 = B8=
2(\8). (1.8)

Since lambda is a continuous coordinate, a _ cutoff of 0.2 is used to define a protonated

(_ ≤ cutoff) and deprotonated (_ ≥ (1−cutoff)) state. All other values are considered mixed

and discarded in calculations.

Seeing how titratable groups are treated, we turn to the extended Hamiltonian, which

allows for the simultaneous propagation of both the spatial coordinates, A, and the titration
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coordinates, _, during the progression of the simulation:

H({A0}, {\8}) =
∑
0

1
2
<0 ¤A2

0 +
∑
8

1
2
<8 ¤\2

8 +*int({A0}) +*hybr({A0}, {\8}) +*∗({\8}). (1.9)

Here, 0 is the index for the spatial coordinates and 8 is the index for the titratable sites. The

first two terms of Eq. 1.9 describe the kinetic energy (KE) of the system, where A represents

the KE of the atoms in the system of mass <0 and \ is the KE of the titration coordinate,

which can be thought of as a fictitious particle with a mass <8. The mass of the titration

coordinate modulates the responsiveness of the titration coordinate to the dynamical forces

of the system.

Following the kinetic energy terms, we have the potential energies. The third term,

*int({A0}), represents the _-independent bonded and non-bonded energies from the non-

titrating groups. The fourth term,*hybr({A0}, {\8}), is the hybrid effective energy and is the

summation of the vdW, coulombic, and GB electrostatic solvation free energies

*hybr({A0}, {\8}) =*elec({A0}, {\8}) +*vdW({A0}, {\8}) +*GB({A0}, {\8}). (1.10)

In Eq. 1.10 the first term describes the linear interpolation between the charged and un-

charged states of the titratable group, 8,

@ 9 (_) = (1−_8)@?A>C9
+_8@D=?A>C9

(1.11)

where 9 indexes over the atoms in the titratable group with charges @?A>C
9

and @D=?A>C
9

for

the protonated and unprotonated state endpoints. The second term in Eq. 1.10 describes
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the linear attenuation of the vdW interactions between the proton of the titratable group, 8,

and the surrounding protein environment,

*
′

E3, = (1−_8)*E3, (8, ?), (1.12)

where ? is the index for all other atoms and *E3, is the standard 6,12 vdW potential used

in CHARMM (83). The final term in Eq. 1.10 describes the GB electrostatics and will be

covered in the following section, section 1.3.2.

The final term of Eq. 1.9 is described by three biasing potentials dependent on _ alone,

*∗({\8}) = −*<>34; (_8) +*10AA (_8) +* ?� (_8). (1.13)

The first term in Eq. 1.13 is the model potential, which is a potential of mean force along

the titration coordinate, _8, of an isolated model compound embedded in solvent,

*<>34; = �(_8 −�)2. (1.14)

Here, the parameters A and B can be obtained from thermodynamic integration. For

residues containing tautomers, a general expression in the form of a bivariate polynomial

is used to describe both titration (_) and tautomeric state (G) for each tautomer,

*<>3 (_8, G8) = 00_
2
8 G

2
8 + 01_

2
8 G8 + 02_8G

2
8 + 03_

2
8 + 04G

2
8 + 05_8G8 + 06_8 + 07G8 + 08. (1.15)

The second term in Eq. 1.13 introduces an energy barrier in the center of the titration path to
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maximize the duration of simulation spent at the _ endpoints that represent the protonated

and deprotonated states

*10AA (_8) = −4V
(
_8 −

1
2

)2
, (1.16)

where the parameter V determines the height of the barrier. The final term in Eq. 1.13

comes from Δ�4G? (model), Eq. 1.5, and models the pH-dependence of the deprotonation

free energy,

* ?� (_8) = ;=(10):�) (?� −p 0<>3)_8 . (1.17)

Here pKa
<>3 is the model pKa for the titrating group, 8.

1.3.2 Generalized Born Implicit Solvent Model

Throughout the work covered in this dissertation, the generalized Born (GB) model is

used to calculate the contribution of solvation effects on the titration forces in the CpHMD

simulations, and here we describe that model. The GB model is a method of represent-

ing the solvent as a continuum dielectric, where the solute atoms are represented as a set

of spheres embedded in a high dielectric continuum. The benefit of this allows for an

estimation of the effective free energies of solvation without have to account for explicit

solvent-solute interactions or resorting to the Poisson equation (84). The GB model has the

following functional form,

Δ��� ≈ Δ�4; = −
1
2

(
1− 1

nF

) ∑
8, 9

@8@ 9

5��
, (1.18)
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where @8 and @ 9 are the partial atomic charges and nF is the solvent dielectric constant.

Where function 5�� is,

5�� (A8 9 ) =
√
A2
8 9
+'8' 94G?(−A2

8 9
/4'8' 9 ) (1.19)

and interpolates between the “effective Born radius”, a spherical averaging of '8 and ' 9 ,

and the actual distance between atoms, A8 9 . When the distance between atoms is small

5�� approaches the effective Born radius and when the distance is large 5�� becomes the

interaction distance, A8 9 (85). The atomic Born radius, '8, is described by an integration

over the interior region of an atom, but excludes the atomic radius of that atom, 08,

'−1
8 = 0−1

8 −
1

4c

∫
8=,A>08

1
A4 3+ (1.20)

This definition helps define the solute cavity, thus describing the solute-solvent dielectric

boundary. To incorporate the effects of salt screening we expand a portion of Eq. 1.18 to

include a Debye-Hückel term (59, 69),

(1− 1
nF
) → (1− exp− A8 9

nF
), (1.21)

where

 =

√
8c@2

8
�

4:1)
, (1.22)

and � is the ionic strength.
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1.3.3 Graphical Processing Unit Implementation of Continuous Constant-pH Molec-

ular Dynamics

Over the last decade, the computational capacity of Graphical Processing Units (GPUs)

has improved exponentially and this has made them a viable option for many applications

(86), such as MD simulations. The Amber MD package (21) in recent years has incor-

porated the state-of-the-art GB models (64) and the GPU-accelerated MD engine (87). In

the most recent GBNeck2 model, improvements resulted in better reproduced PB solvation

free energies, structural stabilities, and salt-bridge profiles (64). Motivated by this, Huang,

Harris, and Shen implemented a GBNeck2-based CpHMD (GBNeck2-CpHMD) method

with pHREX in Amber (21, 88). This initial implementation of GBNeck2-CpHMD with

pHREX tested the method’s validity on Asp, Glu, and His residues in 4 mini proteins

and 7 enzymes and resulted in a mean unassigned error of 0.7 and a root-mean-squared

error of 0.91 pK units using 2 ns per replica simulations (88). Further validation of the

pHREX GBNeck2-CpHMD method was conducted in a study to identify reactive Cys and

Lys residues in kinases to aid the development of covalent inhibitors. Here, GBNeck2-

CpHMD was validated to identify highly downshifted Lys and Cys residues and resulted

in under estimated pKas for a few systems of mutant SNases and a creatine kinase, but

accurately reproduced the experimental relative pKa shifts (89).

With the GBNeck2-CpHMD validated Harris and Shen developed GPU accelerated

GBNeck2-CpHMD in the ?<4<3 engine of the Amber package (63). This implementa-

tion resulted in a 1000 times speedup on a single GPU card compared to a single CPU

core of a high-performance computing cluster node (63). Without the enhanced sampling
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of pHREX, independent pH simulations with the GPU implementation were in agreement

with the CPU pHREX GBNeck2-CpHMD pKa predictions. In a benchmark study of 24

proteins using the GPU version of GBNeck2-CpHMD with independent runs an investi-

gation of cysteines pKas with known experimental values resulted in a root-mean-square

error of 1.2 to 1.3 pK units (90). The calculated pKa values in this study were slow to

converge, which was likely due to the large conformational rearrangement needed to de-

protonate the cysteines. Never the less this study reinforced the importance pHREX as the

CPU version of GBNeck2-CpHMD with pHREX was observed to converge the pKas in 2-

4 ns compared to the 10-50 ns it took to converge the GPU version of GBNeck2-CpHMD

using independent-pH runs (90).

The challenge with pHREX on GPUs is that for each pH replica a separate GPU card

is required, thus it is not a feasible approach to allow replica-exchange if the number of

replicas surpasses the number of available GPUs. Thus, Harris, Liu, and Shen developed

an asynchronous pH-based replica-exchange (Async-pHREX) protocol, which was utilized

for the first time in a study led by Henderson, Verma, and Shen to investigate reactive Cys

residues and proton-coupled dynamics in SARS-CoV-2 papain-like and main proteases

(91, 92). The details and results of the SARS-CoV-2 proteases study and the method behind

Async-pHREX are described in the first section of chapter 3.

The future development of CpHMD is to implement an all-atom PME version of CpHMD

in Amber on GPUs with an Async-pHREX protocol. All-atom PME versions of CpHMD

have been implemented in the CHARMM (61) package by our group (93, 94) and the

Brooks group (95, 96) as well as in the GROMACS (97) package, but these versions were

for CPU computing. Most recently, Harris, Liu, and Shen have developed the GPU accel-
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erated all-atom PME CpHMD method and validated it using pKa predictions for Asp, Glu,

His, and Lys in several proteins (manuscript in preparation).

1.4 Summary of Dissertation Content

CpHMD can be applied to a wide variety of systems, including soluble proteins to

aid drug design efforts against Alzheimer’s diseases (98–100), transmembrane protons to

elucidate proton-coupled mechanisms of ion transport, (75, 77), and biomaterials to aid the

design of soft matter (101, 102). In this dissertation, I employed CpHMD to study several

proteases and ion transporters allowing for the further development of the methodologies

and providing new insight into the structure-function relationship of medically relevant

proteins.

Aspartyl proteases are important drug targets for human diseases such as hypertension

(103, 104), breast cancer (105), and malarial infections (106). This family of enzyme

breaks down its natural substrates by using two coupled aspartic acids in an acid-base

cleavage reaction that is tightly regulated by pH (34, 107–112). Thus, their pH-dependent

functions and importance in human diseases make them ideal model systems to study with

CpHMD. This dissertation focuses on the human aspartyl proteases BACE1 and BACE2,

where BACE1 is associated with the pathogenesis of Alzheimer’s disease, along with the

malarial aspartyl protease plasmepsin II.

In Chapter 2, CpHMD was used to understand why an inhibitor developed by Eli Lilly

(113) displayed modest inhibitor selectivity for the protein BACE1 over BACE2. Despite

the lack of success of the amyloid cascade hypothesis (114), a plethora of drug design
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data was produced, and by using some of this data, we were able to show how CpHMD

can elucidate the role of water in structure-based drug design. This study shows how the

protonation of an inhibitor shifts the ligand binding pose from a water-mediated hydrogen

bond to a direct hydrogen bond. These findings help rationalize why this inhibitor has

greater selectivity for BACE1 over BACE2 since these proteins are highly similar. This

work was revisited using machine learning, where the random forest algorithm was used

to verify the results. The BACE1 and BACE2 results also acted as a useful test case to

show how machine learning using the random forest classifier can be useful in analyzing

molecular dynamics trajectories.

In the second part of chapter 2, I investigate the protein-ligand interactions of plas-

mepsin II with a generic aspartyl protease inhibitor pepstatin A. This work was prompted by

the availability of pKa data from an isothermal titration calorimetry study for the catalytic

dyad aspartates (115), along with crystallography studies of complexed and uncomplexed

structures of plasmepsin II (116). The CpHMD simulations captured ligand-induced proto-

nation state changes for both the catalytic dyad and other residues in the protein. Moreover,

this work dissects the pepstatin-induced proton-coupled dynamics of the V-hairpin loop that

lays over the proteins active, known as the flap. The flap is an important structural feature

for aspartyl proteases whose conformations are commonly utilized for inhibitor design.

Since the emergence of SARS-CoV-2 the world has diverted great effort into discov-

ering novel antiviral therapeutics. One route for small-molecule antiviral inhibitors is to

target cysteine proteases involved in cleaving replicase polyproteins in the viral replication

process (117–121). Cysteine proteases function through a catalytic triad or dyad, where a

reactive thiol group acts as a nucleophile in their cleavage mechanism. Thus, through the
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use of CpHMD the catalytic mechanism of the two proteins responsible for polyprotein

cleavage, the SARS-CoV-2 main protease (Mpro) and the papain-like protease (PLpro),

can be investigated along with proton-coupled dynamics.

The SARS-CoV-2 pandemic prompted the Shen lab to aid drug design efforts against

COVID-19. In the first section of Chapter 3, the newly developed GBNeck2 CpHMD with

async-pHREX protocol in Amber was used to investigate PLpro. These simulations pre-

dicted the pKa’s of the catalytic triad, illustrating their enzymatic roles, and predicted which

titratable residues could undergo protonation state changes at physiological pH. It was also

shown that the protonation state change of C270 is coupled to a structural feature that mod-

ulates substrate/inhibitor binding, the blocking loop 2. The latter finding is additionally

supported by long-timescale fixed charge MD simulations. This work provides a starting

point for more detailed studies to assist the structure-based design of broad-spectrum in-

hibitors against CoV PLpros. In the second part of Chapter 3, long-timescale fixed charge

simulations were run alongside CpHMD simulations of Mpro. Here, the CpHMD simula-

tion data supports a general base mechanism for Mpro’s proteolytic function, and revealed

hyper-reactive Cys residues that are located in sites that could be targeted by covalent in-

hibitors. Fixed charge MD simulations showed how the protonation state change of a histi-

dine in the proteins active site alters a conserved interaction network leading to the partial

collapse of a conserved substrate binding pocket. These findings may help accelerate the

discovery of orally available broad-spectrum antiviral inhibitors. Together we hope these

works could aid in the efforts against the current pandemic or possible future outbreaks.

Sodium-proton antiporters are linked to some of the most common human diseases such

as hypertension, diabetes, and heart failure (122, 123). Although there are no available
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crystal structures of the human antiporters there are crystal structures for the prokaryotic

antiporters, like NhaA (124) and NapA (125). This class of protein functions to facilitate

the transport of two protons for one sodium ion across the lipid bilayer, using an alternating

access mechanism. This mechanism is directly coupled to protonation state change events,

and naturally these proteins function in a pH-dependent manner making them excellent

systems to investigate with CpHMD.

In Chapter 4 we address a controversy regarding the proton binding sites in NhaA. This

controversy centers on the question of which two residues are involved in proton binding.

Of the ion-binding site residues, D163, D164, and K300, the census is that D164 is involved

in sodium-ion coordination and proton binding. However, mutations to K300, the proposed

second proton binding sites, revealed that NhaA remains electrogenic, meaning it can still

facilitate the transport of two protons for one sodium ion. In addition to this, NhaA re-

mained electrogenic with the double mutant of both D163 and K300 (126, 127). Intrigued

by these electrophysiological studies, we carried out simulations for the wild-type (WT)

and mutant forms of NhaA using membrane-enable hybrid-solvent CpHMD simulations.

Here I discovered in the presence of K300 mutations, D133 could act as an alternative

proton binding site. Depending on the residue used for the mutation, long-distance proton

coupling mechanisms were identified and used to hypothesize how NhaA remains electro-

genic in the presence of K300 mutations and describe the reduction of transport activity.

Additional work, not reported in this dissertation, investigates the competitive ion bind-

ing mechanisms between protons and sodium ions in the full transport cycle of NapA by

simulations of both the inward- (IF) and outward-facing (OF) state. Membrane-enabled

hybrid-solvent CpHMD simulations of NapA were started from both the crystal structures
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(125) and long-time scale fix-charge MD simulations. Fix charge pre-equilibrated struc-

tures were received from our collaborator Dr. Oliver Beckstein from the Physics Depart-

ment at Arizona State University. Our findings support the proposed salt-bridge hypothesis

where sodium binding displaces a sodium ion from K305, breaking a salt bridge between

K305 and D156. By calculating how sodium affects the pKas of D157 and K305 an atomic-

level description of the competition between sodium and protons for the ion-binding site

at each stage of the ion transport cycle is illustrated. Additionally, our collaboration with

Mr. Ian Kenney and Dr. Oliver Beckstein from Arizona State University resulted in the

pH-dependent free energy calculation of sodium binding during the transport cycle and

elucidation of an important structural feature, helix 5, aids the recruitment of sodium ions

in the IF state of NapA.
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Chapter 2

Investigating Aspartyl Proteases for Inhibitor Design

This chapter is in two parts. The first part focuses on a drug design study using

BACE1/2 as a model system, and the second part focuses on the interactions of a pep-

tidomimetic inhibitor with plasmepsin II. In the first study, an inhibitor developed by Eli

Lilly (LY2811376) was used in simulations, and Dr. Cheng-Chieh Tsai developed its pa-

rameters. Simulations of BACE1 were run by Dr. Cheng-chieh Tsai and Dr. Christopher

Ellis. Simulations of BACE2 and analysis of both BACE1 and BACE2 were carried out by

Jack Henderson. In the second study Jack Henderson was solely responsible for running

and analysing the plasmepsin systems.

2.1 How Ligand Protonation State Controls Water in Protein-Ligand

Binding 1

2.1.1 abstract

The role of water in protein-ligand binding has been an intensely studied topic in recent

years; however, how ligand protonation state change perturbs water has not been consid-

ered. Here we show that water dynamics and interactions can be controlled by the protona-

tion state of ligand using continuous constant pH molecular dynamics simulations of two

closely related model systems, V-secretase 1 and 2 (BACE1 and BACE2), in complex with

1Reprint Permission from Henderson J.A., Harris R.C., Tsai C.-C., and Shen J., How Ligand Protonation
State Controls Water in Protein-Ligand Binding. J. Phys. Chem. Lett., 2018, 9, 5440-5444. Copyright (2018)
American Chemical Society
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a small-molecule inhibitor. Simulations revealed that, upon binding, the inhibitor pyrimi-

dine ring remains deprotonated in BACE1 but becomes protonated in BACE2. Pyrimidine

protonation results in water displacement, rigidification of the binding pocket, and shift in

the ligand binding mode from water-mediated to direct hydrogen bonding. These findings

not only support but also rationalize the most recent structure-selectivity data in BACE1

drug design. Binding-induced protonation state changes are likely common; our work of-

fers a glimpse at how modeling protein-ligand binding while allowing ligand titration can

further advance the understanding of water and structure-based drug design.

2.1.2 Introduction

Over the past decade, experiments, theories, and simulations have refined our view

of water. Hydrophobic effects, once thought to be exclusively driven by a change in the

entropy of water, can also have an enthalpic origin (128, 129), and ordered water molecules

at the protein-ligand binding site may increase or decrease the binding free energy (130,

131). However, whether and how a change in the protonation state of ligand can impact the

water and their involvement in protein-ligand binding has not been considered. Here we

use continuous constant pH molecular dynamics (CpHMD) simulations to illustrate how a

binding-induced change in the ligand protonation state perturbs water, protein dynamics,

and hydrogen bonding.

As model systems, we consider V-secretase 1 (BACE1) and its paralog V-secretase 2

(BACE2). BACE1 cleaves the amyloid precursor protein (APP) at the extracellular site to

generate the V-amyloid peptide; as such it has been intensely pursued as a pharmaceutical

target for Alzheimer’s disease. In vitro experiments showed that the APP cleavage activity
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Figure 2.1: Structures of BACE1 and BACE2 and their binding interactions with the
Eli Lilly inhibitor LY2811376. a) Cartoon representations of BACE1 (PDB ID 1SGZ
(132)) and BACE2 (PDB ID 3ZKQ (133)). The flap is shown in red; the catalytic dyad
and the S3 pocket residues are rendered as orange and green surfaces, respectively. b)
A two-dimensional view of the Eli Lilly compound LY2811376 associated with BACE1
(PDB ID 4YBI (113)). Residues in the S1, S1′, S2 and S3 subpockets are indicated. The
hydrogen bonding interactions with the dyad carboxylate groups are shown. The titratable
pyrimidinyl nitrogen is circled.

of BACE1 occurs in the pH range 3.5–5.5 (107, 108). BACE2 has been shown to cleave

APP with a similar bell-shaped pH profile (108–110); however, its biological functions are

not fully understood. BACE2 is highly expressed in pigment cells, and deletion of the gene

in mice and zebrafish results in a lack of pigmentation (134). Thus, BACE2 is considered

an off-target in BACE1 drug design (135).

BACE1 and BACE2 share similar sequences (71% similarity) and structures (Fig. 2.1a).

The active site contains a dyad of aspartic acids, Asp32 (Asp48 in BACE2) and Asp228
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(Asp241 in BACE2), which respectively act as the catalytic acid and base in the peptide

cleavage reaction. All small-molecule BACE1 inhibitors contain an aspartyl binding motif

(ABM, the endo- and exo-cyclic amino groups shown in Fig. 2.1b), which forms hydrogen

bonds with the aspartyl dyad. Lying over the catalytic dyad is an 11-residue V-hairpin

loop, commonly known as the flap ,which is an important structural feature in BACE-1

related proteases (Fig. 2.1a). The flap of BACE1 has been shown, both experimentally

and computationally, to undergo pH-dependent motion relative to the active site (98, 107).

Located next to the catalytic dyad and on the opposite side from the active site is the S3

subpocket, another conserved feature among BACE1-related proteases (Fig. 2.1b). Some

highly potent BACE1 inhibitors reach into the S3 subpocket to form direct interactions,

for example, the Merck compound MK8698(136). Analysis of crystal structures suggested

that direct interactions with the S3 subpocket release four coordinated waters and cause the

pocket to narrow (135, 137). Displacement of ordered waters to the bulk increases entropy

and therefore can improve binding affinity (99, 135). However, a recent study by Johannson

et al. suggested that the resulting improved affinity comes at a cost of lowering selectivity

over BACE2 (135). Based on the analysis of BACE1 cocrystal structures and activity data,

they found that compounds that reach into the S3 subpocket and displace water show little

or no selectivity over BACE2, while those preserving the binding-site water show greatly

improved selectivity (135). Thus, the S3 subpocket water appears to be a key player in

tuning the balance between potency and selectivity.
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2.1.3 Methods and Protocols

The initial structure of apo BACE2 was taken from the PDB data bank (PDB ID: 3ZKQ

(133)). A few missing residues (remote from the ligand binding site) were added using

SWISS-MODEL (138). Since BACE1 and BACE2 structures are highly similar, follow-

ing our previous work (139), the inhibitor LY2811376 was manually docked to BACE2

by aligning the crystal structure of apo BACE2 with the crystal structure of BACE1 in

complex with the same inhibitor (PDB ID: 4YBI (113)). Missing hydrogens were added,

assuming doubly protonated histidines and otherwise standard protonation states for all

sidechains, using the HBUILD facility in CHARMM (61). An in-house script was used to

add dummy hydrogens to the sidechains of Asp and Glu in preparation for CpHMD titra-

tion. The structures were then solvated in truncated octahedron water boxes with at least 10

Å between the protein and the box edges. Water molecules within 2.6 Å from the protein

heavy atoms were removed. The total number of atoms in the solvated systems was about

55,000. Following our previous work on BACE1 (99, 139), no explicit ions were included,

as the system net charge fluctuated in response to pH, and our previous work showed that

inclusion of explicit ions had negligible effects on the pKa’s in the hybrid-solvent CpHMD

(60), which uses the generalized-Born (GB) model to propagate titration coordinates. An

ionic strength of 0.1 M was used in the GB calculations.

All simulations were performed using the CHARMM package (version c36a6) (61).

The hybrid-solvent CpHMD was invoked using the PHMD module (60). The pH replica-

exchange protocol was invoked using the REPSTR module (60). The proteins were rep-

resented by the CHARMM22/CMAP all-atom force field (22, 140), and water was rep-

30



resented by the CHARMM modified TIP3P model (61). The parameters for LY2811376

were optimized previously by us (99). The systems underwent energy minimization, 120 ps

heating, and 280 ps equilibration with hybrid-solvent CpHMD turned on and pH set to 7. In

the production run, the pH replica-exchange protocol (60) was additionally used (see below

for more details). All settings in the CpHMD simulations were program defaults and can

be found in our earlier work (60) and CHARMM documentation (http://www.charmm.org).

The SHAKE algorithm(141) was applied to bonds involving hydrogen atoms. Simulations

were run under an NPT ensemble at a temperature of 300 K maintained by the Nóse-Hoover

thermostat and a pressure of 1 atm maintained by the Langevin piston pressure-coupling

algorithm (see CHARMM documentation, http://www.charmm.org) For the van der Waals

calculations a switching function of 10 to 12 Å was used. A real-space cutoff of 12 Å and

a sixth-order interpolation with approximately 1-Å grid were applied in the electrostatics

calculations with the smooth particle-mesh Ewald method (142).

In the CpHMD simulations, all Asp, Glu, and His sidechains were allowed to titrate,

while Lys, Arg, and Cys were kept in the protonated states. The latter can be justified, as

the model pKa’s are outside of the simulation pH range and structural analysis ruled out

possible pKa shifts to the simulation pH range. The simulation of apo BACE2 utilized 20

pH replicas in the pH range 1.3–8, with a spacing of 0.3 pH units from pH 1.3 to 5.5 and

0.5 pH units from pH 5.5 to 8; the total simulation time was 600 ns. The holo BACE2

simulation utilized 24 pH replicas in the pH range -1–8 using increments of 0.3/0.5 pH

units; the total simulation time was 620 ns. The exchange rates were on average 44%

and 46% for the apo and holo simulations, respectively. Except for the pKa calculations,

which utilized the entire trajectories, the initial 10 ns from each replica was discarded in
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the analysis.

2.1.4 Results and Discussion

Intrigued by the above finding, we set out to understand the moderate selectivity of a

small-molecule BACE1 inhibitor LY2811376 developed by Eli Lilly (113), using CpHMD

simulations with pH replica-exchange. By simultaneously evolving conformational dy-

namics and protonation states at a specified pH and allowing different pH replicas to swap

configurations in a Monte-Carlo fashion (see a recent review (40)), pH-REX CpHMD is

ideally suited for studying BACE1 and related systems that display pH-dependent dynamics

and functions (98, 107). Using this method, we previously characterized the pH-dependent

interaction of LY2811376 with the catalytic dyad in BACE1 (99, 139). Here we examine

the dynamics of waters and interactions in the S3 subpocket of both BACE1 and BACE2 in

complex with LY2811376. We found that the inhibitor displaces a larger number of waters,

causes the S3 subpocket to narrow in BACE2. The effect on water and protein dynamics

is related to the binding-induced protonation of the inhibitor pyrimidine ring, which al-

lows the formation of a direct hydrogen bond with the protein. These data illustrate for the

first time how a change in the ligand protonation state can perturb binding-site water and

modulate protein-ligand binding.

CpHMD simulations were conducted for apo BACE2 and holo BACE2 in complex with

LY2811376. A pH replica-exchange sampling protocol was used, which included 20/24

pH replicas in the pH range 1.3–8/-1–8 for the apo/holo protein. The aggregate simulation

time for each system was about 600 ns. The apo and holo simulations of BACE2, were

30 and 31 ns, respectively. The backbone heavy atom root-mean square deviation shows
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that the conformational sampling of the systems were well converged over the duration of

the simulations (Fig. 2.2). To ensure replicas were properly sampling the pH ladder an

average replica exchange acceptance ratios of 0.25 to 0.75 was maintained between each

pH replica (Fig. 2.3), and the replica walks were verified to move up and down the pH

ladder (Fig. 2.4). Finally convergence of the catalytic dyad aspartates was verified over the

duration of the simulations (Fig. 2.5).

Figure 2.2: BACE2 root-mean-square deviation time series. Time series of the backbone
heavy atom root-mean-square deviation (RMSD) from the crystal structure in the simula-
tions of the apo and holo BACE2 at pH 2.5, 4, 6, and 8.

The trajectories for the apo and holo BACE1 were taken from our previous simulations
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Figure 2.3: Replica-exchange average acceptance ratios Average acceptance ratios of
replica-exchange walks in the apo and holo BACE2 simulations.

Figure 2.4: Replica walks for BACE2 simulations. Time series of the replica walks
through the pH ladders in the apo and holo simulations. Three randomly chosen replicas
are shown. For the apo simulation, a pH index in the range of 1–20 corresponds to a pH
condition in the range of 1.3–8. For the holo simulation, a pH index in the range of 1–24
corresponds to a pH condition in the range of -1–8. See Methods section in the main text
for the pH conditions.

(99). LY2811376 binds BACE1 and BACE2 in similar modes. The ABM occupies the shal-

low S1′ subpocket and forms two hydrogen bonds with the catalytic aspartates (Fig. 2.1b),

while the pyrimidine ring occupies the S3 subpocket, and is flanked by the two loop regions
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Ser10–Gly13 and Gly230–Thr232 (Fig. 2.1b). Simulations of the apo proteins showed that

the S3 subpocket is filled with five water molecules in both BACE1 and BACE2 (Fig. 2.6a),

consistent with the similar pocket widths in apo BACE1 and BACE2 (Fig. 2.6d, dashed

lines). One water molecule was mobile and exchanged with the bulk; however, four water

molecules remained in similar locations throughout the simulations (Fig. 2.6b). These wa-

ter molecules were captured by crystal structures (113, 132, 133, 143) and have been noted

as important in several experimental studies (135, 143, 144).

Figure 2.5: Cumulative pKatime series of BACE2. Time series of the cumulatively cal-
culated pKa’s of the catalytic dyad and inhibitor. pKa calculation was performed every 1
ns.

Water 1, which was present in both the apo and holo simulations, forms hydrogen bonds

with Val31 and Tyr14 in BACE1 and corresponding residues in BACE2. Water 3 and 4 were

displaced in the simulations of the holo proteins. Water 2 is most interesting. It remains in

holo BACE1 and bridges the hydrogen bonds between the inhibitor’s pyrimidine nitrogen

and Ser229 (Fig. 2.8a); however, it is displaced in holo BACE2. To quantify the water

dynamics upon ligand binding, we calculated the total number of displaced water in the

S3 subpocket as a function of pH. In the enzyme active pH range (3.5–5.5), nearly two
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Figure 2.6: Water dynamics in the apo and holo forms of BACE1 and BACE2. a) Num-
ber of water molecules in the S3 subpocket as a function of pH for apo BACE1 (blue) and
BACE2 (red). The subpocket is defined by a 5-Å sphere, centered at the heavy-atom cen-
ter of mass of residues Ser10–Gly13 and Gly230–Thr232, which are the two loop regions
flanking the pyrimidinyl ring (see snapshot in c). b) Zoomed-in view of the S3 subpocket
with the inhibitor overlayed onto the apo BACE2 structure. Red spheres indicate crystal
water molecules; those within the defined S3 subpocket are numbered. An isosurface of
water density at 0.65 amu/Å3 (light cyan) was created with the VolMap plugin of VMD
(145) based on the apo BACE2 simulation. c) Number of displaced water molecules in the
S3 subpocket upon ligand binding to BACE1 (blue) and BACE2 (red). d) Probability distri-
bution of the S3 subpocket width of BACE1 (blue) and BACE2 (red). The pocket width is
defined as the distance between the heavy-atom centers of mass of the two aforementioned
loop regions. Dashed lines represent the data from the apo simulations. Data from pH 4.9
were used. Distributions for other pH conditions are similar.

water molecules are released in BACE1, while one or two more are released in BACE2

(Fig. 2.6c). This data is consistent with the qualitative picture (Fig. 2.6b), which shows that

while water 3 and 4 are displaced in both proteins, water 2 is displaced only in BACE2.

Interestingly, the difference in the water displacement is correlated with the change in the

pocket width, defined as the center-of-mass distance between the aforementioned two loop

regions. The probability distribution of the pocket width remains unchanged when the
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inhibitor binds BACE1; however it becomes narrower and the peak shifts to a smaller value

for BACE2 binding (Fig. 2.6d). The time series of the BACE2 pockets widths can be seen

in Fig. 2.7. This data indicates that, upon binding, the S3 subpocket in BACE1 remains

open and flexible, while it narrows and rigidifies in BACE2.

Figure 2.7: S3 pocket width time series. Time series of the S3 pocket width in the simu-
lations of apo and holo BACE2 at pH 6. The data was used to plot the distributions shown
in Fig. 2.6d.

Johansson et al. observed that a significant difference between the selective and nons-

elective compounds is that the former do not perturb the S3 water in BACE1, keeping the

pocket in an open state (135). However, no observation was made regarding BACE2, due

to the lack of cocrystal structures. Considering that LY2811376 is ten fold selective for

BACE1 over BACE2, our data is consistent with the above observation; however, our data

further suggests that the mechanism for selectivity is the increased perturbation of the S3

water in BACE2 compared to BACE1.

Several past studies of BACE1 co-crystal structures noted that inhibitors that occupy

the S3 subpocket form a water-mediated hydrogen bond with a serine (135, 143, 144).

Consistent with the crystal structures, our simulations showed that the pyrimidinyl nitrogen

can accept hydrogen bonds from two nearby water molecules, which are in turn hydrogen
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bonded with either the sidechain hydroxyl or the backbone carbonyl of Ser229 in the S3

subpocket of BACE1 (Fig. 2.8a). Importantly, the water-bridged hydrogen bonds only

appear above pH ∼3.5, and the occupancy increases to a maximum at pH ∼5.5, coinciding

with the active pH range of the enzyme (Fig. 2.8b, blue). In this pH range, the pyrimidinyl

nitrogen becomes increasingly deprotonated with pH (Fig. 2.8c, blue). Surprisingly, below

the active pH range, the protonated pyrimidinyl nitrogen can donate a hydrogen bond to

the hydroxyl oxygen of Thr232, which is near Ser229 (Fig. 2.8d, blue). We now turn to

BACE2. In the active pH range, there is no water-mediated hydrogen bond between the

pyrimidine and BACE2 (Fig. 2.8b, red), as the pyrimidinyl nitrogen is fully protonated

(Fig. 2.8c, red) and forms a direct hydrogen bond with the threonine equivalent to Thr232

in BACE1 (Fig. 2.8d, red).

The pyrimidine ring has a solution (model) pKa of 3.7; as such it is deprotonated at the

pH (4.5) of peak enzyme activity (107), which is also the typical pH used in the BACE1

binding assays (135, 146). However, our simulations revealed that in association with

BACE1 the pyrimidine ring has a similar pKa (4.2) as the solution value, but in association

with BACE2, the pKa is shifted up by 2.7 units to 6.4 (Fig. 2.8c). Thus, at pH 4.5, the

inhibitor remains at least partially deprotonated upon binding BACE1 but becomes proto-

nated upon binding BACE2. The difference in protonation state is reflected in the different

mechanism of hydrogen bonding, i.e. water-mediated in BACE1 versus direct hydrogen

bonding in BACE2. Johansson et al. suggested that the formation of water-mediated hy-

drogen bonds in BACE1 is important for selectivity (135), but why it leads to selectivity

against BACE2 was not explained. Our data demonstrate that a selective compound may

become protonated in BACE2 and lose the ability to accept water-bridged hydrogen bonds
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Figure 2.8: LY2811376 forms water-mediated or direct hydrogen bonds in the S3 sub-
pockets of BACE1 and BACE2. a) Representations of the ligand forming the water-
mediated hydrogen bond with Ser229 (inhibitor shown in green) and the direct hydrogen
bond with Thr232 (inhibitor shown in grey). b) Probabilities of forming the water-mediated
hydrogen bonds in BACE1 (blue) and BACE2 (red) as functions of pH. c) Probabilities of
deprotonation for the pyrimidinyl nitrogen in solution (green), BACE1 (blue) and BACE2
(red) as functions of pH. The pKa’s in solution, BACE1, and BACE2 are 3.7, 4.2, and 6.4,
respectively. d) Probabilities of forming the direct hydrogen bond in BACE1 (blue) and
BACE2 (red) as functions of pH.

in the S3 subpocket. Thus, the loss of water-mediated interactions in BACE2 may be a key

contributor to selectivity.

The possibility and consequence of the binding-induced change in ligand protonation

state have not been investigated until now. Our data revealed that protonation of the pyrim-

idine ring, an important and frequently used building block in small-molecule drug design,

increases the number of displaced water, rigidifies the binding pocket, and shifts the lig-

and binding mode from water-mediated to direct hydrogen bonding. While a more detailed

study is warranted in the future, the current work offers a glimpse at how modeling protein-

ligand binding coupled to ligand titration can further advance the understanding of water
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and structure-based drug design.

2.1.5 Supplemental Results and Validations

To further validate the presence of water 2 (Fig. 2.6b) and the formation of the water-

mediated hydrogen bond network (Fig. 2.8a), the random forest classifier, a machine learn-

ing method, was used. The random forest classifier (RFC) is an ensemble of decision trees

used to classify data (147). Here, we use the RFC uniquely, where its classification power

is not needed, but how it ranks features can be used to obtain mechanistic insights. The

RFC is constructed by generating decision trees, and this is done by taking a random se-

lection of data and a random selection of features and splitting the data by the features into

classes. The features used to split the data are assessed by calculating the Gini impurity, the

probability of miss classifying an observation/data point; thus, the first split in the decision

tree is the feature that produces the lowest Gini impurity. These features can be anything in

the MD simulations, from CU atom positions to hydrogen bond interaction, but the water

positions are used in this case. To use the water as a feature, a 3D grid (1 Å spacing) is

defined around the S3 pocket using the max and min positions of the atoms from the loops

that flank the pocket (BACE2 Residues: Ser10-Gly13 and Gly203-Thr232) a cushion of 5

Å was added to the max and min positions. The resulting 3D grid produces approximately

19,000 to 22,000 features in the form of individual grid spaces.

In this case, the RFC from SciKit Learn (148) is trained and tested using 1400 to 1800

frames from the last 14 to 18 ns of BACE1 (Apo and Holo) and BACE2 (Holo) data. The

training set uses ∼75%, while the testing set uses ∼25% of the data. The training data is

used to build the RFC containing 1000 trees. The model is then assessed to see how well
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it can classify any given frame from BACE1 apo or holo data (Fig. 2.9a) as belonging to

the apo of holo ensembles, and this is also done for classifying trajectories from the holo

BACE1 and BACE2 data. In this case, the classifier is extremely successful (success rate:

>99%) because it is only classifying between the two states, and there are apparent features

that indicate the class of the trajectory. The feature importance for each grid space can be

extracted and used to make an OpenDx file and viewed on VMD (149) or PyMOL (150)

as an isomesh. For greater insight, the individual grid spaces can be colored by the sign of

subtracting the average of the two classes grid values. This will indicate if a particular grid

space is important for one or the other class.

a

b

2

3

41

HB Waters
T232

S229

Figure 2.9: Important water positions determined by the Random Forest Classifier. a)
Building an RFC model using the Apo and Holo data from BACE1. In the image on the
left, waters that bind upon inhibitor binding are shown in Red, while waters that leave upon
inhibitor binding are shown in Blue. b) Building a RFC model using the holo BACE1 and
BACE2 data. Waters important to the BACE1 system are shown in purple, with the waters
important for the BACE2 system are shown in green.

The results show us that when classifying between the BACE1 Apo and Holo data at pH
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6.0, a vital water position is found directly in the S3 pocket that closely associates with the

water two position, these grid points also indicate that the position is important for water

coming into this site upon binding (Fig. 2.9)a. This matches with the BACE1 data where

we know that water in this position is important to stabilize the water-mediated hydrogen

bond between S229 and the pyrimidine ring. Additionally, looking at the outgoing water,

there is an overlap where the displacement of water 3 and 4 can be seen (Fig. 2.9a). Another

finding is seen around water one, where there is both a red and blue isomesh (Fig. 2.9a).

This indicates that, upon inhibitor binding, water 1 appears to change positions; this is

something that we didn’t investigate in our previous analysis.

Next, we train the RFC using the Holo data from BACE1 and BACE2 at pH 6.0. Here

we know BACE1 has the water-mediated hydrogen bond network, and the RFC should rec-

ognize the waters in the region as important for the BACE1 data. Sure enough, the RFC

shows the feature importance of the water-mediated hydrogen bond waters (Fig. 2.9b).

Thus, we can see that using the feature importance from the RFC to identify important fea-

tures between ensembles of trajectories can be a helpful tool for investigation and valida-

tion. All works in this dissertation were assisted by exploiting the RFC feature importance

in some way.
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2.2 Exploring pH and Ligand Dependent Conformational Dynamics

of Malarial Plasmepsin II2

2.2.1 Abstract

Malaria remains a global health threat – over 400,000 deaths occurred in 2019. Plas-

mepsins are promising targets of antimalarial therapeutics; however, no inhibitors have

reached the clinic. To fuel the progress, a detailed understanding of the pH and ligand de-

pendent conformational dynamics is needed. Here we present the continuous constant pH

molecular dynamics (CpHMD) study of the prototypical plasmepsin II and the complexed

form with a substrate analog. The simulations revealed that the catalytic dyad D34 and

D214 are highly coupled in the apo protein and pepstatin binding enhances the difference

in proton affinity, making D34 the general base and D214 the general acid. The simulations

showed that the flap adopts an open state regardless of pH; however, upon pepstatin binding

the flap can close or open dependent on the protonation state of D214. These and other data

are discussed and compared with the off-targets human cathepsin D and renin. This study

lays the groundwork for a systematic investigation of pH and ligand modulated dynamics

of the entire family of plasmepsins to help design more potent and selective inhibitors.

2.2.2 Introduction

Malaria is a life-threatening mosquito-borne disease caused by the Plasmodium para-

site. According to the World Malaria Report (151), 229 million cases and over 400,000

deaths related to malaria were estimated in 2019. However, progress in reducing malaria

2Henderson J.A., Shen J., pH and Ligand Dependent Flap Dynamics of Malarial Plasmepsin II. J. Chem.
Inf. Model, submitted 9/28/2021.
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has leveled off in recent years (151), as the attention is shifted to the COVID-19 pandemic

despite a continued threat of antimalarial resistance. In order to develop novel antimalarial

therapeutics, alternative approaches such as molecular dynamics (MD) simulations may be

used to gain a deeper understanding of the various antimalarial drug targets.

Although no antimalarial inhibitors have advanced to the market, the HIV-1 aspartyl

protease drugs were found to reduce the malarial incidents in a clinical trial (152). Plas-

mepsins are a group of 10 aspartyl proteases utilized throughout the life cycle of malarial

parasites and have been considered attractive drug targets for over two decades (153, 154).

In the blood stage of the malarial parasites, plasmepsin II is one of the three plasmepsins

involved in the degradation of hemoglobin (154). Inhibition of plasmepsin II shows potent

cell-based antimalarial activity (155).
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Figure 2.10: An overview of plasmepsin II. A) X-ray structure of plasmepsin II (PDB:
1SME) (155) with the flap (residues 72–85, colored red) in the closed form. Residues dis-
cussed in this work are shown in surface rendering: D34 and D214 (red), D4 (orange), D303
(magenta), H161 (blue), and H164 (cyan). B) pH-dependent activity profile of plasmepsin
II taken from Ref. (34). C) Two-dimensional structure of the substrate analog pepstatin A.
The green circle indicates the atom (C32) used to monitor the pose of the isopropyl group
(Fig. 2.17).
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The prototypical plasmepsin II employs a canonical acid-base mechanism of aspartic

proteases to catalyze the peptide bond cleavage reaction (154). With about 31% sequence

identity to the human aspartic proteases cathepsin D (CatD) and renin, the X-ray structure

of plasmepsin II shows a typical two-lobe fold of eukaryotic aspartic proteases (155), and

between the two lobes is the active site harboring the aspartic dyad D34/D214 with a bridg-

ing catalytic water (Fig. 2.10A). It has been known that one of the aspartates acts as an acid

to protonate the substrate carbonyl group while the other one acts as a base to activate the

catalytic water (154); however, whether D34 or D214 serves as acid or base has not been

experimentally determined. Based on the conventional fixed-protonation-state MD simu-

lations, Friedman and Caflisch suggested that D214 is protonated (general acid) and D34

deprotonated (general base) (156). Like a typical aspartyl protease, the activity of plas-

mepsin II is pH dependent, displaying a maximum at pH 4 (Fig. 2.10B) (34), consistent

with its function in the low pH environment (pH 4.5-4.9) of the acidic food vacuoles of

malarial parasites (157).

Plasmepsin II is inhibited by pepstatin A, a general substrate analog inhibitor of aspartic

proteases (155) (Fig. 2.10C). Pepstatin A binds plasmepsin II by forming hydrogen bonds

with the catalytic dyad and acts as a transition-state analog (115, 116, 154). Interestingly,

the X-ray structure of plasmepsin II in complex with pepstatin A shows that the flap, which

is a long V-hairpin loop (residues 72–85) that lays over the active site is in a closed confor-

mation (Fig. 2.10A). The flap is a common structural feature for aspartyl proteases (158)

such as human V-secretase 1 (BACE1) (98), CatD (100), and renin (159); the flap dynamics

is an important aspect in the design of potent and selective inhibitors (144, 160). The X-ray

crystal structures of plasmepsin II in complex with various inhibitors showed that the flap
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can adopt both open and closed states (116, 155); inhibitors have been discovered to target

the specific flap conformations.(160). Recently, a conventional MD study suggested that

the flaps of apo plasmepsins I-V, IX, and X are all flexible (161, 162); however, the details

of how ligand and potentially pH modulate flap conformation have not been examined. The

latter is particularly relevant due to the inherent pH-dependent function of plasmepsin.

Unlike the conventional MD simulation which assumes fixed protonation states for

titratable sites based on model pKa’s or those determined by empirical or continuum elec-

trostatics calculations, in a continuous constant pH MD (CpHMD) simulation, protonation

states are determined on the fly via a direct coupling to the conformational dynamics of the

system and solution pH (40, 71). Employing the hybrid-solvent CpHMD (60), which sam-

ples conformational states in explicit water and protonation states in generalized Born (GB)

implicit-solvent model, we showed that the enzyme active site pKa’s can be accurately pre-

dicted (163). The hybrid-solvent CpHMD simulations revealed that the flap dynamics of

BACE1 is pH dependent (98) and distinct from that of CatD (100) and renin (159). Given

the structural similarity of plasmepsin II with human aspartyl proteases, particularly CatD

and renin, which are off-targets of plasmepsin inhibitors (160), a deep understanding of the

conformational dynamics of plasmepsin II can aid in the design of selective inhibitors. Here

we employed the hybrid-solvent CpHMD simulations with a pH-based replica-exchange

protocol (60) to investigate the catalytic roles of the aspartyl dyad and the atomic details of

pH and ligand modulated flap dynamics in plasmepsin II. For conciseness, we will drop II

and A when referring to plasmepsin II and pepstatin A, respectively.
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2.2.3 Methods and Protocols

System preparation. The X-ray crystal structure of plasmepsin II in complex with pep-

statin A was used as the initial coordinates (PDB: 1SME, Chain A)(155). For the apo

simulations, pepstatin A was simply removed. Hydrogens were added using the HBUILD

facility (164) in CHARMM (61). An in-house CHARMM script was used to add two

dummy hydrogens (in the syn configuration) to all Asp and Glu sidechains. Both apo and

holo structures were solvated in a truncated octahedron water box with a minimum of 10

Å between the protein and edges of the box. All water within 2.8 Å of the heavy atoms of

the protein or ligand was removed. All crystal waters were retained. The total number of

atoms for both systems was ∼50,000. A series of short minimization steps were performed

using the steepest descent (SD) and adopted basis Newton-Raphson (ABNR) algorithms,

whereby the force constant of the harmonic restraints on the heavy atoms were stepwise

decreased from 100, 50, 25, 5, to 0 kcal/mol/Å2. The first step comprised 50 steps of SD

and 10 steps of ABNR, and the remaining steps comprised 50 steps of SD and 100 steps of

ABNR minimization.

Replica-exchange CpHMD protocol. The apo and holo CpHMD simulations of plas-

mepsin II were set up similar to our previous work (98–100, 139, 165). Following the en-

ergy minimization, the system was heated and equilibrated with the PHMD module turned

on (60) at pH 6.5 (pH condition used for the crystal growth (155)). The system was heated

from 90 K to 300 K, while the backbone heavy atoms were harmonically restrained with

a force constant of 5 kcal/mol/Å2 for 120 and 84 ps for the apo and holo systems, re-

spectively. Following heating, the equilibration was performed in 4 stages with decreasing
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harmonic restraints on the heavy atoms of the protein and ligand from 5 (40 ps), 1 (40 ps),

0.1 (100 ps), and 0 (100 ps) kcal/mol/Å2. Following equilibration, the production CpHMD

simulation was performed using the pH replica-exchange protocol (60). In the first 1 ns

(apo) or 0.5 ns (holo), 16 replicas in the pH range 1 to 8.5 with an interval of 0.5 pH units

were used to test the replica-exchange acceptance rates. Afterwards, 8 additional replicas

were added, resulting in the pH conditions of 1.0, 1.5, 2.0, 2.25, 2.5, 2.75, 3.0, 3.25, 3.5,

3.75, 4.0, 4.25, 4.5, 4.75, 5.0, 5.5, 6.0, 6.5, 7.0, 7.5, 7.75, 8.0, 8.25, 8.5. All Asp, Glu,

and His residue sidechains were allowed to titrate. The default model pKa’s in the hybrid-

solvent CpHMD program (60) were used, and they are 4.0 for Asp, 4.4 for Glu, and 6.5

for His (6.6/7.0 for NX/Nn titrations). To account for salt effects on the pKa’s, an ionic

strength of 0.15 M was used in the GB calculations. All other settings were the default of

the hybrid-solvent CpHMD program (60). The replica exchange acceptance rates were on

average about 44% for both the apo and holo simulations. For analysis, the data from the

first 5 ns per replica was discarded. This amounts to the aggregate sampling time of 660 ns

and 594 ns for the apo and holo systems, respectively.

MD Protocol. The MD simulations were performed with the CHARMM package (ver-

sion 42a2) (61). The protein and water were represented by the CHARMM22/CMAP

all-atom force field (22, 140) and the CHARMM-modified TIP3P model (61), respec-

tively. The parameters for pepstatin A were taken from the CGenFF web server (15, 16).

The MD was run in the constant NPT ensemble at a temperature of 300 K controlled by

the Nosé-Hoover thermostat and a pressure of 1 atm controlled by the Langevin piston

pressure-coupling algorithm (http://www.charmm.org). For all bonds involving hydrogens
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were constrained using the SHAKE algorithm (141). The van der Waals calculations were

smoothly switched from 10 to 12 Å using a switching function. A real-space cutoff of 12

Å and a sixth-order interpolation with ∼1 Å grid spacing was applied in the particle-mesh

Ewald electrostatic calculations (142).

pKa calculations. The residue-specific pKa is obtained by fitting the deprotonated frac-

tions (() at different pH to the generalized Henderson-Hasselbalch equation

( =
1

1+10=(? 0−pH) , (2.1)

where = is the Hill coefficient. To obtain stepwise pKa’s of two coupled titratable groups,

a coupled two-proton model (159) is used. Here the total number of protons (#prot) is

calculated by considering the probabilities or occupancies of the doubly deprotonated (%0),

singly protonated (%1), and doubly protonated (%2) states,

#prot = 0×%0 +%1 +2×%2. (2.2)

Here

%0 = 1//; (2.3)

%1 = 10pK2−pH//; (2.4)

%2 = 10pK1+pK2−2pH//; (2.5)
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and / is the partition function

/ = 1+10pK2−pH +10pK1+pK2−2pH. (2.6)

Note, %1 can be calculated as

%1 = %1� +%1�, (2.7)

where %1� and %1� refer to the probabilities of the microscopic states AHB− and A−BH,

respectively.

2.2.4 Results and Discussion

The hybrid-solvent CpHMD simulations with a pH replica exchange protocol (60) were

performed on plasmepsin in the apo state and in complex with pepstatin (PDB: 1sme (155)).

The simulation pH ranged from 1 to 8.5, which encompasses the enzyme active pH con-

ditions (34). All Asp, Glu, and His sidechains were allowed to titrate. In total, 660 ns

and 594 ns of aggregate sampling time was collected for the apo and holo proteins, respec-

tively. The pKa’s of the dyad residues and other significant residues were well converged

(Fig. 2.11), and the data from the first 5 ns per pH replica was discarded in all analysis.

Titration of the catalytic dyad is strongly coupled in the apo plasmepsin. Table 2.1

lists the CpHMD calculated pKa’s of the catalytic dyad and residues showing a significant

(≥0.5 pH units) pKa shift upon inhibitor binding. As a comparison, the pKa’s calculated

with the popular empirical method PropKa (29, 166) as well as those determined by the

isothermal titration colorimetry (ITC) experiment are also given (115). In the apo state,
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Figure 2.11: Convergence of the calculated pKa’s from the apo and holo CpHMD sim-
ulations. Calculated pKa’s of important residues (D4, D34, H161, D214, D303) in the apo
(left) and holo (right) plasmepsin II as a function of simulation time. pKa’s were calculated
every 1 ns using the cumulative deprotonated fractions at all pH conditions.

CpHMD titration gave the residue-specific microscopic pKa’s of 3.8 and 4.0 for the cat-

alytic residues D34 and D214, respectively (Table 2.1 and Fig. 2.12A). These values are in

stark contrast to the pKa’s of 4.5 and 9.2 or 8.4 and 5.2 calculated by the PropKa program

(version 3.1 (29)). Note, two alternative sets of pKa’s are given for coupled residues by the

PropKa program (29).

The close proximity of the dyad carboxylates (distance between the carboxyl oxygens

is ∼2.9 Å in the PDB entry 1SME) and their similar microscopic pKa’s suggest that the

protonation/deprotonation of the two residues is coupled, i.e., the ionization of one residue

imposes an electrostatic penalty for the ionization of the second residue. Accordingly, we fit

the total number of dyad protons at different pH to the coupled two proton model (Eq. 2.2)

and obtained the macroscopic stepwise pKa’s of 3.4 and 4.4 (Table 2.1 and Fig. 2.13).

Compared to the 0.2 pH unit difference between the microscopic pKa’s, the increased (1

pH unit) splitting between the stepwise pKa’s reflects the nature of coupled titration.

The catalytic mechanism of plasmepsin requires the dyad to be a singly protonated state
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Table 2.1: CpHMD calculated pKa’s of important residues in the apo and holo plasmepsin
and comparison to the empirical calculation and experiment0

Residue ITC CpHMD PropKa
apo

D34 4.71 3.8 (3.4) 4.5/8.4
D214 4.71 4.0 (4.4) 9.2/5.2
H161 n/d 6.5 6.84
D4 n/d 4.2 6.41
D303 n/d 3.8 8.61

holo
D34 3.0/6.52 3.1 (2.7) 9.0/5.6
D214 3.0/6.52 4.8 (5.1) 4.8/8.1
H161 n/d 7.0 6.84
D4 n/d 4.8 6.41
D303 n/d 4.4 8.67

0 Only residues with a pKa shift greater than 0.5
pH units between the apo and holo forms are
listed. For the CpHMD results, the stepwise pKa’s
are given in parentheses. For the PropKa (version
3.1) (29, 166) results, the residue-specific pKa’s
were obtained. In the presence of coupling, two
alternative values are given. 1 One pKa was used
to fit the thermodynamic data (115). 2 Stepwise
pKa’s but the acid/base was not determined (115).

in the active pH range 3.5–4.5 (Fig. 2.10B), but which aspartate carries the proton remains

unclear. To answer this question, we calculated the occupancies of the two singly proto-

nated states, D34−/D214H and D34H/D214−, along with the occupancies of the doubly pro-

tonated state D34H/D214H and the doubly deprotonated state D34−/D214− (Fig. 2.12B). As

pH decreases below 5, one proton is gained by the dyad, with a slightly higher affinity for

D214, i.e., the occupancy of the D34−/D214H state is slightly higher than the D34H/D214−

state. This trend persists until pH 3.5 where the occupancy of the doubly protonated state

begins to dominate. This data is consistent with the slightly higher microscopic pKa of
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Figure 2.12: Titration curves and protonation state probabilities of the catalytic dyad
in the apo and holo plasmepsin. A, C) pH-dependent unprotonated fractions of D34
(blue) and D214 (red) in the apo (A) and holo (C) plasmepsin. Curves represent the best fits
to the generalized Henderson-Hasselbalch equation (Eq. 2.1). The residue-specific pKa’s
are given. B, D) pH-dependent occupancies of the doubly protonated (%2 in red), singly
protonated (%1A in green, %1B in cyan, and sum of %1A and %1B in magenta), and doubly
deprotonated (%0 in purple) states in the apo (B) and holo (D) plasmepsin, along with the
calculated stepwise pKa’s. 1A and 1B refers to the states with a proton on D34 or D214,
respectively. Curves represent the best fits to Eq. 2.3 (%0), Eq. 2.4 (%1A, %1B, and %1), and
Eq. 2.5 (%2).

D214 relative to that of D34 from the apo state simulations (Fig. 2.12A), and suggests that

D214 is a general acid while D34 is a general base. Accordingly, we can assign the higher

stepwise pKa of 4.4 to D214 and the lower stepwise pKa of 3.4 to D34 (Fig. 2.12B and

Fig. 2.13).

The isothermal titration calorimetry (ITC) experiment was not able to resolve the two

strongly coupled pKa’s of D34/D214 in the apo plasmepsin and a single pKa of 4.7 was

obtained by fitting the thermodynamic data (115). This value is in close agreement with the

second macroscopic pKa of 4.4 obtained by CpHMD titration (Table 2.1). Considering our

previous studies of human aspartyl proteases BACE1 (98), and CatD (100), and renin (159),
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Figure 2.13: Two-proton stepwise titration curves for the catalytic dyad of Plasmepsin
II. Total number of protons of the dyad at different pH from the apo (left) and holo (right)
simulations of plasmepsin II. The curves are the best fits to Eq. 2.2. The resulting stepwise
pKa’s are given in Table 2.1.

we suggest that the dyad pKa’s may be underestimated by the hybrid-solvent CpHMD

method due to the underestimation of the desolvation free energies of the partially buried

catalytic dyad by the GBSW implicit-solvent model (60).

Substrate binding further differentiates the acid and base roles of the catalytic dyad.

Upon binding of pepstatin, the CpHMD calculated residue-specific microscopic pKa’s are

downshifted to 3.1 for D34 and upshifted to 4.8 for D214, with the stepwise pKa’s of

2.7 and 5.1 attributed to D34 and D214, respectively (Table 2.1 and Fig. 2.12C). Consis-

tent with the significantly increased splitting between the two microscopic as well as the

two stepwise pKa’s, the singly protonated microscopic state D34−/D214H is dominantly

sampled over the alternative state D34H/D214−, suggesting that D214 has a much higher

proton affinity than D34. These data suggest that pepstatin binding further differentiates

the acid/base roles of the dyad residues, making D214 unambiguously the acid and D34

the base. The calculated stepwise pKa’s of 2.7 and 5.1 are in good agreement with the
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values of 3.0 and 6.5 determined by the ITC experiment (115), although the residue-based

assignment could not made by the experiment.

Figure 2.14: Hydration number of the catalytic dyad in the apo and holo states. The
number of water in the first solvation shells of D34 (blue) and D214 (red) from the apo
(left) and holo (right) simulations. The number of bridging (catalytic) water is shown in
cyan. A water is counted if its oxygen is within 3.5 Å of the carboxyl oxygen atoms.

Hydrogen bonding determines the dyad pKa order. To rationalize the calculated pKa’s

and acid/base prediction, we considered hydrogen bond (h-bond) interactions and hydra-

tion of the dyad residues, which are the major determinants of the dyad pKa order as

demonstrated in our previous studies of the human aspartyl proteases and other enzymes

(98, 100, 159, 163). We first considered the apo plasmepsin. The deprotonated D34 is sta-

bilized by accepting h-bonds from the sidechain hydroxyl of S37 and the backbone amide

of G36 (Fig. 2.16A and 2.16B). As pH increases from 2 to 5, the total number of h-bonds

increases to a maximum of ∼1.5 (Fig. 2.16B and Fig. 2.15), which is well correlated with

the progressive deprotonation of D34 (Fig. 2.12A). Similarly, the progressive deprotona-

tion of D214 in the pH range 2–5 (Fig. 2.12A) is correlated with the increasing h-bond

formation with the sidechain hydroxyl groups of T217 and T35 as well as the backbone

amide groups of T217 and G216 (Fig. 2.16A and 2.16C). A total of ∼2 h-bonds are do-
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nated to D214 at pH ≥ 5. In the apo state, both D34 and D214 are partially hydrated, at

∼25% level relative to the fully exposed solvent-accessible surface area (SASA, Fig. 2.16D

and 2.16E). Considering the explicit water within 3.5 Å, there are about 4 water molecules

by each residue at pH ≥ 5 (Fig. 2.14). Notably, one water remains between D34 and D214

in the entire simulation pH range (Fig. 2.14); this is the catalytic water resolved in many

crystal structures of pepsin-like proteases (116, 155, 160, 167). The similar h-bond count

and degree of hydration of the dyad residues in the apo protein offer an explanation for the

nearly identical microscopic pKa’s (3.8 and 4.0).

Figure 2.15: Total number of hydrogen bonds formed by the dyad. Total number of
hydrogen bonds accepted by the deprotonated (_ ≥ 0.8) D34 (black) and D214 (red) from
the apo (left) and holo (right) simulations of plasmepsin II.

In the holo state, D34 gains one full h-bond from pepstatin, increasing the total number

of h-bonds to ∼2.6 at pH ≥ 5 (Fig. 2.16B and Fig. 2.15). In contrast, D214 does not

interact with pepstatin and the occupancy of the h-bond with G216 is somewhat reduced

as compared to the apo state; as a result the total number of h-bonds is ∼2.2 at pH ≥ 5

(Fig. 2.16C and Fig. 2.15). Owing to the h-bond formation with pepstatin, D34 becomes

almost completely buried in the entire simulation pH range (Fig. 2.16D and Fig. 2.15). The

solvent exposure of D214 is also significantly reduced as compare to the apo form in the
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Figure 2.16: Hydrogen bonding and hydration environment of the catalytic dyad in
the apo and holo plasmepsin. A) Zoomed-in view of the h-bond environment of the dyad
residues (green) from the simulation of plasmepsin in complex with pepstatin (cyan) at pH
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different pH values. Data from the apo and holo simulations are shown as solid and dashed
lines, respectively. D, E) Fractional solvent accessible surface area (fSASA) of D34 (D)
and D214 (E) at different pH values.

pH range 2–4; however, the fractional SASA value increases with the increasing degree

of deprotonation and reaches the level of 25% at pH 6 (Fig. 2.16E and Fig. 2.15). Taken

together, these data support our previous hypothesis (163) that the residue of the coupled

aspartyl pair that accepts more h-bonds tends to be the negatively charged nucleophile (or

general base). In the case of plasmepsin, it is D34.

pH and ligand binding modulate the flap conformation. Survey of X-ray structures of

plasmepsin in complex with various inhibitors suggested that the flap is flexible and the

extent of its opening depends on the inhibitor (116, 155, 160). The flexibility of the flap
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between the protonation state of D214 (deprotonated if _>0.8, protonated if _<0.2) and
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used. F) A heat map showing the the correlation between fSASA of D214 and the isopropyl
position of pepstatin. fSASA is calculated for the carboxyl oxygens in reference to the
value for a blocked Asp in solution. Data is from pH 4.5–5.5.

in the apo plasmepsin was also demonstrated in a short-time conventional MD simulation,

although the dyad protonation states were not specified (161, 168). To facilitate comparison

with the X-ray structure analysis (116) and MD simulation (161, 168), we characterized

the flap opening and closing movement using the CU distance between V78 at the tip of

the flap and L292 at the hydrophobic rim of the substrate binding cavity (Fig. 2.17A).

The distributions of the V78–L292 distance in the apo plasmepsin display a single peak

centering around ∼13–14 Å (Fig. 2.17B), which is consistent with the V78–L292 distance
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of 12.6 Å in the apo crystal structure (PDB ID: 1LF4) (116) and suggests that the flap is the

open state. The distributions are wide, covering the range of 11–17 Å, which is consistent

with the conventional MD simulation starting from the apo structure (PDB ID: 1LF4) (161)

and suggests that the flap is flexible. Note the CpHMD simulations started from a different

crystal structure (PDB ID: 1SME)(155), chain A) in which the V78–L292 distance is 9.5

Å.

In contrast to the apo form, the V78–L292 distribution from the holo simulations is

highly pH dependent. At pH ≤ 4, the distribution covers the range of 8–13 Å and displays a

peak at ∼10 Å (Fig. 2.17C), indicating that the flap is in the closed state, consistent with the

X-ray structure of the pepstatin-bound plasmepsin, in which the V78–L292 distance is 9.5–

10.1 Å (PDB ID: 1SME (155), two chains). Interestingly, at pH 5 the distribution becomes

bimodal, with a second peak appearing at a larger V78–L292 distance, indicating that the

flap samples both closed and open states. As pH increases above 6, the first peak disappears

and the distribution becomes unimodal, with a similar width and peak position as the apo

protein (Fig. 2.17C). This data suggests that the flap can open even in the presence of

pepstatin, which is surprising and unexpected.

Our analysis suggested that the pH-dependent flap opening in the holo plasmepsin

(Fig. 2.17D) is due to a coupling between the inhibitor conformation and deprotonation of

D214. Fig. 2.17E shows that when D214 is protonated (_ < 0.2), the flap mainly adopts the

closed state (V78–L292 distance ∼10 Å); however, when D214 is deprotonated (_ > 0.8),

the flap mainly adopts the open state (V78–L292 distance ∼15 Å) similar to the apo simu-

lations. A closer examination revealed that the isopropyl end of pepstatin can rotate up or

down dependent on the protonation state of D214 (Fig. 2.17D). When D214 is protonated,
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it is nearly completely buried and the isopropyl group is up (Fig. 2.17D) with a distance

of ∼10 Å to M15 (Fig. 2.17F). However, When D214 is deprotonated, water comes into

the active site, as evident from the increased fractional SASA value at pH values greater

than 4.5 (Fig. 2.16E), which results in a rotation of the isopropyl group (pepstatin down,

Fig. 2.17D) such that it is closer to M15 (Fig. 2.17F). The latter leads to more space in the

binding site, allowing the flap to open.

The apo and holo simulation data together suggest that while the flap of plasmepsin is

open regardless of pH, pepstatin binding induces flap closure at pH conditions under which

D214 is protonated. Since D214 is the acid (has a higher pKa than D34), this means that

in the catalytic pH range, plasmepsin (and likely also substrate) binding leads to the flap

closure, which is in support of the induced fit hypothesis set forth by Asojo et al. based on

the comparison of different inhibitor-bound crystal structures (116).

Comparison of the dyad acid/base roles with CatD and renin. It is worthwhile com-

paring plasmepsin with human CatD and renin, which have similar structures and are off-

targets (154). The dyad pKa order for plasmepsin and renin is the same based on the

CpHMD simulations; however, it is the opposite for CatD which is the same as BACE1.

The calculated microscopic pKa’s for renin are 3.7 and 5.2 for D38 and D226 (159), which

are the analogous residues to D34 and D214 in plasmepsin. The macroscopic stepwise

pKa’s assigned to D34 and D214 are 3.2 and 5.3, respectively. Thus, for both renin and

plasmepsin, the N-terminal Asp serves as the general base, while the C-terminal Asp serves

as the general acid. In contrast, the CpHMD calculated microscopic pKa’s are 4.4 and 3.3

for D3 and D231 in CatD, respectively, and the respective calculated stepwise pKa’s are
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4.7 and 2.9 (100). Thus, for CatD the N-terminal Asp serves as the general acid and the

C-terminal Asp serves as the general base, similar to BACE1 (98).

Comparison of the flap dynamics with CatD and renin. The crystal structures (116)

and our simulations suggested an induced fit mechanism for plasmepsin. The crystal struc-

tures of CatD suggest a similar trend. The apo structure (PDB: 1LYW, 8 chains) (169)

shows a distance of 14.2–15.9 Å measured between G79 and M309 (analogous to V78 and

L292 in plasmepsin) for the 4 chains in the PDB entry, and CpHMD simulations suggested

that the flap remains open in the pH range 2.5–6 (100). In the pepstatin-bound structure of

CatD (PDB: 1LYB, 4 chains)(170), the G79–M309 distance is reduced to 9.3–9.5 Å, sug-

gesting a flap closure. Thus, CatD has a similar pH and ligand dependent flap dynamics,

although the pH effect on the ligand-bound form is unknown. The X-ray structures suggest

that the flap in the apo CatD may be more widely open than plasmepsin, while pepstatin

binding induces a slightly tighter flap closure.

In contrast to CatD, which bears the highest structural resemblance to plasmepsin, the

binding site of renin is somewhat different. We therefore compared renin’s flap conforma-

tion with plasmepsin using the distance between the flap tip (S84 in renin) and the second

dyad (D226 renin). The S84–D226 distance from the apo renin simulations spans an ap-

proximate range of 7 to 15 Å at all pH (159), which is similar to the range of the analogous

V78–D214 distance from the apo plasmepsin simulations. However, a larger distance of

12.5 to 21 Å is occasionally sampled with increasing pH (Fig. 2.18). Although renin is also

inhibited by pepstatin (171), no holo crystal structures or simulation studies are available.
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Comparison of a hydrogen bond network with CatD and renin. The apo (PDB: 1fpz)

(172) and pepstatin-bound (PDB: 1sme)(155) X-ray structures of plasmepsin show a water-

mediated h-bond network W41· · ·Y77· · ·Wat-2· · ·S37· · ·D34 which connects the flap with

the dyad (Fig. 2.17A), where Wat-2 refers to the second water in the active site, with the first

water (Wat-1) being the catalytic water (167). This h-bond network is conserved among

many pepsin-like proteases including renin and CatD (167). The CpHMD simulations

showed that this network is present in the apo state, and upon pepstatin binding it becomes

more stable, with a pH dependence correlated with the titration of D34 (Fig. 2.19). Particu-

larly noteworthy is the conserved h-bond interaction between W41 and Y77, which is flex-

ible in the apo plasmepsin simulations but becomes locked in place in the pepstatin-bound

simulations (Fig. 2.20). The CpHMD simulations of BACE1 showed that the conserved

tyrosine analogous to Y77 of plasmepsin can form a h-bond with the dyad residue analo-

gous to D34 of plasmepsin, resulting in the flap closure (known as the tyrosine inhibited
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state)(98). An equivalent (Y83–D83) h-bond can form in renin, but to a much lower extent

as in BACE1 (159). In contrast, this behavior is not observed for plasmepsin, partly due to

the stable W41–Y77 formed in the entire pH range which is incompatible with a potential

Y77–D34 h-bond.

Figure 2.19: Probabilities of the h-bond network W41· · ·Y77· · ·Wat-2· · ·S37· · ·D34
in the apo and holo simulations. Occupancies of the fully formed h-network
W41· · ·Y77· · ·Wat-2· · ·S37· · ·D34 and the individual components from the apo (left) and
holo (right) simulations of plasmepsin II. A h-bond was considered formed when the donor-
acceptor heavy atom distance is less than 3.5 Å. Note, this criterion accounts for weak
h-bonds. The bridge water (Wat-2) was counted when the water oxygen is within 3.5 Å
from the hydroxyl oxygen of Y77 and S37. The fully formed hydrogen bond network was
counted when each component satisfies the distance criterion.

Ligand binding induces small pKa shifts to a few residues outside of the binding site.

Consistent with our previous work (99, 100, 139, 165), CpHMD simulations showed that

pepstatin binding induces small pKa shifts only for a handful residues outside of the binding

site (Table 2.1). This is in contrast to the structure-based Poisson-Boltzmann calculations

which showed appreciable pKa perturbation for many residues due to ligand binding (46,

174). We suggest the difference can be attributed to the sensitivity of the electrostatic

calculations to the input structure, which is not the case for CpHMD titration due to the

capability of conformational sampling.

63



1

k
c
a

l/m
o

l

0

0.5

1.5

2.5

W
4

1
-Y

7
7

 (
Å

)

3

5

7

9

8 12 16 20

1
W

4
1

-Y
7

7
 (
Å

)

3

5

7

9

1.0

2.0

8 12 16 20 8 12 16 20

V78-L292 (Å)

8 12 16 20 8 12 16 20

pH 4 pH 5 pH 6 pH 7

pH 4 pH 5 pH 6 pH 7pH 3

Apo

Holo

pH 3

Figure 2.20: Free energy surfaces projected onto the V78–L292 and W41–Y77 dis-
tances for the apo and holo plasmepsin II. The free energy surfaces mapped onto the
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The ITC experiment of plasmepsin suggested that there are at least three residues shift-

ing their pKa’s due to pepstatin binding, and with the first two residues being the catalytic

dyad, there is at least one more residue changing its pKa in the pH range 6–9 (115). Based

on the location of H164 in the crystal structure, Erickson and coworkers hypothesized that

it increases its pKa from 6.0 to 7.5 upon pepstatin binding (115). The CpHMD data showed

that the pKa of H164 is consistently higher than the model pKa of 6.5 and shifts from 8.4

in the apo state to above 8.5 (the highest simulation pH) in the holo state. The upshift in

the pKa of H164 relative to the model value can be attributed to the persistent h-bond for-

mation with nearby residues across the simulation pH range (Fig. 2.21). Instead of H164,

the CpHMD simulations found that H161, which is near H164 (Fig. 2.10), undergoes a 0.5

pH unit pKa upshift upon ligand binding (Table 2.1). The direction of this pKa shift is con-
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sistent with the aforementioned hypothesis (115), although the magnitude of the calculated

shift is smaller.

In addition to the dyad aspartates and H161, the CpHMD simulations suggested that

D4 and D303 also shift their pKa’s upon ligand binding. D303 is located near the ligand-

binding site, while D4 is located on the opposite side (Fig. 2.10A). In the case of D303, the

presence of pepstatin appears to weaken its salt-bridge interaction with R307 (Fig. 2.22),

which may contribute to the pKa increase from 3.9 to 4.4. In the case of D4, the pKa upshift

from 4.1 to 4.8 may be attributed to the weakening of the interaction with the h-bond donor

N95 (Fig. 2.22).
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2.2.5 Conclusion

The present work demonstrates that CpHMD simulations can delineate the acid/base

roles of a coupled catalytic dyad, reveal the pKa shifts induced by ligand binding, and

offer atomic insights into the pH-dependent dynamics of important structural features such

as the flap in aspartyl proteases. The CpHMD simulations of apo and holo plasmepsin

demonstrated that the dyad residues D34 and D214 are highly coupled in the apo form, and

pepstatin binding increases the proton affinity of D214 which is slightly higher than D34

in the apo form. As a result, D34 the general base and D214 the general acid. This is in

stark contrast to the calculations based on the PB method (MCCE program(175)), which
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predicted pKa upshifts for both dyad residues upon pepstatin binding (174).

The acid/base assignment based on CpHMD is in agreement with a series of conven-

tional fixed-charge simulations conducted by Friedman and Caflisch, which showed that the

combination of D34−/D214H is most compatible with a stable active site structure (156).

Intriguingly, the CpHMD calculated dyad pKa order of plasmepsin and consequently the

acid/base assignment is the same as for renin (159), but it is different from CatD, which has

a greater structural similarity with plasmepsin. It is also noteworthy that the the acid/base

roles of the dyad in CatD is the same as in BACE1.

The CpHMD simulations revealed that the flap in the apo plasmepsin samples the open

state regardless of pH, and pepstatin binding induces flap closure at or below the catalytic

pH range, which is correlated with the protonation of D214. Thus, our simulation data sup-

ports the induced fit mechanism proposed by others based on the crystal structure analysis

(116). Analysis suggested that the deprotonation of D214 results in an increased hydration

of the binding site and consequently a subtle conformational change of pepstatin which

makes space for the flap to open. The induced fit mechanism for the flap in plasmepsin

is similar to CatD, but dissimilar to renin or BACE1, as apo renin’s flap samples a closed

state and apo BACE1’s flap can sample both closed and open states dependent on pH. Con-

trasting the dyad catalytic roles and pH as well as ligand dependent flap dynamics of plas-

mepsin with human proteases may help accurately tailor inhibitors targeting plasmepsin

and decrease the risk of off-target effects.
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Chapter 3

Elucidating Proton-Coupled Dynamics and Reactive Cysteine Species

in Coronavirus Proteases

In the first part of this chapter, CpHMD and fixed charge simulations were used to

study the papain-like protease from three coronaviruses, SARS, SARS-2, and MERS. All

CpHMD simulations and analyses of these simulations were carried out by Jack Henderson,

while the fixed charge simulations were carried out by Dr. Neha Verma. In the second

part of this chapter, the main protease from SARS and SARS-2 is studied. Here, Dr. Neha

Verma ran and analyzed all fixed charge simulations while Jack Henderson was responsible

for all CpHMD simulations and their analysis, along with manuscript preparation.

3.1 Assessment of proton-coupled conformational dynamics of SARS

and MERS coronavirus papain-like proteases: Implications for

designing broad-spectrum antiviral inhibitors1

3.1.1 Abstract

Broad-spectrum antiviral drugs are urgently needed to stop the COVID-19 pandemic

and prevent future ones. The novel severe acute respiratory syndrome coronavirus 2 (SARS-

CoV-2) is related to the SARS-CoV and Middle East respiratory syndrome coronavirus

1Reprinted Permission from Henderson J.A., Verma N., Harris R.C., Liu R., and Shen J., Assessment of
proton-coupled conformational dynamics of SARS and MERS coronavirus papain-like proteases: Implica-
tions for designing broad-spectrum antiviral inhibitors. J. Chem. Phys., 2020, 153, 115101. Copyright (2020)
The Journal of Chemical Physics
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(MERS-CoV), which have caused the previous outbreaks. The papain-like protease (PL-

pro) is an attractive drug target due to its essential roles in the viral life cycle. As a cys-

teine protease, PLpro is rich in cysteines and histidines and their protonation/deprotonation

modulates catalysis and conformational plasticity. Here we report the pKa calculations and

assessment of the proton-coupled conformational dynamics of SARS-CoV-2 in compari-

son to SARS-CoV and MERS-CoV PLpros using the recently developed GPU-accelerated

implicit-solvent continuous constant pH molecular dynamics method with a new asyn-

chronous replica-exchange scheme which allows computation on a single GPU card. The

calculated pKa’s support the catalytic roles of the Cys-His-Asp triad. We also found

that several residues can switch protonation states at physiological pH, among which is

C270/271 located on the flexible blocking loop 2 (BL2) of SARS-CoV-2/CoV PLpro. Sim-

ulations revealed that the BL2 can open and close dependent on the protonation state of

C271/270, consistent with the most recent crystal structure evidence. Interestingly, despite

the lack of an analogous cysteine, BL2 in MERS-CoV PLpro is also very flexible, chal-

lenging a current hypothesis. These findings are supported by the all-atom fixed-charge

simulations and provide a starting point for more detailed studies to assist structure-based

design of broad-spectrum inhibitors against CoV PLpros.

3.1.2 Introduction

Over the last two decades, three coronaviruses have caused deadly epidemics, threat-

ening the global human population. The severe acute respiratory syndrome coronavirus

(SARS-CoV) caused an outbreak in 2003, and a related Middle-East respiratory syndrome

coronavirus (MERS-CoV) caused an outbreak in 2012. Today the world is facing the pan-
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demic of the Coronavirus Disease 2019 (COVID-19), caused by a novel coronavirus SARS-

CoV-2, which shares about 82% genome sequence identity with the original SARS-CoV

(176). All three viruses are thought to have originated from animal reservoirs, and zoonotic

transmission into the human population has led to the outbreaks (117). Currently, no effec-

tive treatment exists for any of the three coronavirus diseases; thus, there is an urgent need

to understand the potential therapeutic targets and develop inhibition strategies.

Following the release of the coronavirus genome from the acidic endosome, the repli-

case polyproteins are translated and subsequently self-cleaved by two cysteine proteases to

produce the functional non-structural proteins that are required for viral replication. The

papain-like protease (PLpro) located in Nsp3 produces Nsp1, Nsp2, and Nsp3, while the

3C-like or main protease located in Nsp5 cleaves 11 sites downstream of Nsp4 (117–121).

In addition to the proteolytic function, CoV PLpro counteracts the host cell innate im-

mune response by deactivating signaling cascades that lead to the impairment of produc-

tion of pro-inflammatory cytokines and interferons (177, 178). The former is accomplished

through a deubiquitinating activity which leads to the removal of ubiquitin from signaling

proteins (179), and latter through the deISGylating activity which leads to the removal of

ISG15 from IRF3 (180). Thus, PLpro is a critical player in the viral life cycle and as such

an attractive drug target for stopping COVID-19 and other coronavirus outbreaks.

Most recently, the first (and only) two X-ray structures of SARS-CoV-2 PLpro were de-

termined (PDB 6W9C Osipiuk, Joachimiak et al., to be published and 6WRH) (181). The

PLpro monomer (about 300 residues), which is the predominant form in solution (182),

is comprised of an independent N-terminal ubiquitin-like domain (first 62 residues) and

a C-terminal catalytic domain (Fig. 3.1a and b). The latter folds in a canonical thumb-
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palm-fingers like structure, with the Ubl domain anchored to the thumb. The interface

between the thumb (residue 107-113, 162-168) and palm (residue 269-279) forms the sub-

strate binding site leading to the catalytic triad of the active site comprised of Cys111,

His272, and Asp286 (Fig. 3.1b). The substrate binding site is solvent exposed and flanked

by a flexible V-hairpin loop called the blocking loop 2 or BL2 (G266-G271). The fingers

subdomain contains a zinc finger coordinated by four cysteines, which upholds the struc-

tural integrity and is essential for the PLpro activity (183). The structure of SARS-CoV-2

PLpro is nearly identical to that of SARS-CoV PLpro (184), as expected from the highly

similar sequences (96% similarity and 83% identity, Fig. 3.1c). In contrast, although the

structure of MERS-CoV PLpro overlays well with the SARS-CoV PLpro structures, small

differences are visible (Fig. 3.1a), as expected from the larger sequence differences (66%

similarity and 30% identity with SARS-CoV PLpro, Fig. 3.1c).

All three CoV PLpros are rich in Cys and His residues. SARS-CoV/CoV-2 PLpro

contains 8/11 Cys and 11/9 His, while MERS-CoV PLpro contains 14 Cys and 10 His

residues (Fig. 3.1c). Among them, 5 Cys and 2 His residues are conserved in all three

PLpros, including the catalytic Cys and His. Cys and His have model pKa’s of 8.6 and 6.5,

respectively; thus, in model compounds or peptides at physiological pH 7.4, they are both

predominantly neutral, i.e., Cys is protonated and His is singly protonated. However, in the

protein environment, a small pKa downshift for Cys or upshift for His may occur, leading

to a significant population of or a complete switch to the alternative protonation state, i.e.,

negatively charged, deprotonated Cys and positively charged, doubly protonated His.

Protonation state switch is an important energy transduction mechanism to enable func-

tionally required conformational changes in biology. For example, the coronavirus spike
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protein makes use of protonation state switches to induce large conformational changes re-

quired for membrane fusion (185, 186). Our previous work employing the hybrid-solvent

based continuous constant pH molecular dynamics (CpHMD) simulations (60) demon-

strated that elucidation of proton-coupled conformational dynamics offers a deeper under-

standing of the structure-dynamics-function relationships (98) and inhibition mechanisms

(99, 139, 165) of aspartyl proteases.

Towards understanding the (possibly) proton-coupled structure-function relationship

and assisting broad-spectrum inhibitor design, here we report the pKa calculations and pre-

liminary assessment of proton-coupled conformational dynamics of SARS-CoV-2 PLpro

in comparison to SARS-CoV and MERS-CoV PLpros. The work employed the recently

developed GPU-accelerated GB-Neck2 implicit-solvent based CpHMD method (88) with a

new asynchronous implementation of the pH replica exchange sampling protocol. To con-

firm our findings, the conventional all-atom fixed-charged MD in Amber18 (21) was also

applied. The simulations allowed us to determine the protonation states of all titratable

sites, including the catalytic Cys-His-Asp triad, offering a timely knowledge to facilitate

MD studies of PLpros in the community. Importantly, we tested a hypothesis regarding the

proton-coupled conformational plasticity of the BL2 loop, which modulates substrate and

inhibitor binding. The contrasting features among the three CoV PLpros have implications

for designing broad-spectrum antiviral inhibitors.

3.1.3 Methods and Protocols

System Preparation. The coordinates were retrieved from the protein data bank (PDB):

SARS-CoV PLpro (PDB 2FE8 (184)), SARS-CoV-2 PLpro (PDB 6W9C, Osipiuk, Joachimiak
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100%

83%

30%
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C111

D286

H272

Fingers
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UBL
Active 

site

c)

Figure 3.1: Structure and sequence of SARS-CoV-2 PLpro in comparison to SARS-
CoV and MERS-CoV PLpros. a) X-ray crystal structure of SARS-CoV PLpro (in gray,
PDB 2FE8 (184)), MERS-Cov PLpro (in salmon, PDB 4RNA (187)) overlaid on SARS-
CoV-2 PLpro (in green; PDB 6W9C, Osipiuk, Joachimiak et al.,to be published). b) The
thumb (residues 63-182), palm (residues 241-314) and fingers (residues 183-240) subdo-
mains of SARS-CoV-2 PLpro are shown in different colors. The Cys and His residues are
represented by yellow and blue spheres, respectively. The active site is also shown in a
zoomed-in view, with the catalytic His, Cys, and Asp side chains represented by the stick
model and the BL2 loop (G266–G271) colored red. c) Sequence similarity and identity
between SARS-CoV, SARS-CoV-2, and MERS-CoV PLpros. The sequence alignment of
a part of the thumb and palm subdomains is shown.

et al., to be published), and MERS-CoV PLpro (PDB 4RNA (187)). If multiple chains

were available in the x-ray crystal structure, only the first chain was used. Any small

molecules or solvent were removed. For each structure, the acetylated N-terminus and

amidated C-terminus along with all missing hydrogens were added using the CHARMM

program (C36b2) (61). In the crystal structure of SARS-CoV-2 PLpro (PDB 6W9C), a

disulfide bond is present in the fingers subdomain in place of a zinc ion. Considering that

zinc ion cannot be represented in implicit-solvent simulations, we removed the zinc ion

and added an analogous disulfide linkage between the closest non-adjacent cysteine pairs

in all other structures to maintain the integrity of the fingers subdomain. The disulfide
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linkage should not affect the pKa’s of discussed residues, as they are located far away in

other subdomains (Fig. 3.1a). Following the addition of hydrogens and disulfide bridge, the

structure was subject to a 20-step energy minimization with the heavy atoms restrained, and

a 20-step energy minimization with all atoms restrained but the disulfide bonded cysteine

pairs. The minimization used 10 steps of steepest decent and 10 steps Newton-Raphson

methods. From there the force field parameters and coordinate files were constructed from

the CHARMM output with the LEAP utility in Amber (21). The ff14sb force field (19)

was used to represent the protein, and the GB-Neck2 (igb=8) implicit-solvent model (64)

was used to represent solvent. The mbondi3 intrinsic Born radii were modified for im-

proving titration simulations of His (88) and Cys (89) side chains. The structure was then

energy minimized and equilibrated in GB-Neck2 implicit solvent (64), following our pre-

vious protocol (63). The energy minimization was performed using the steepest decent

algorithm for 5000 steps and the conjugate-gradient algorithm for 1000 steps. The equili-

bration was performed at pH 7 in four stages, each having 2000 MD steps with gradually

decreased restraining force constants of 5, 2, 1, and 0 kcal/mol/�̊2. The final structure was

used for CpHMD titration simulations.

CpHMD simulations with an asynchronous replica exchange scheme. The titration

simulations were performed using the recently implemented GPU-accelerated GBNeck2-

CpHMD method (63) in the pmemd engine of Amber18.(21) The implementation is built

upon the CPU version of the GBNeck2-CpHMD module (88) and the GPU version of the

GBNeck2 module (64, 87, 188, 189) in Amber18 (21). The GBNeck2-CpHMD method

has its origin in the GBSW-CpHMD method implemented in CHARMM (54, 62, 65).
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Here we implemented an asynchronous version of the pH replica-exchange protocol (60)

to allow Amber replica-exchange simulations to be performed on a single GPU or several

GPUs with a total number smaller than the number of replicas. A similar implementation

that allows replica-exchange molecular dynamics on CPUs to progress without central-

ized synchronization steps and the need for direct communication between processors was

developed by Gallicchio, Levy et al. in the past (190). The Python script of our asyn-

chronous pH replica-exchange algorithm is freely available at https://gitlab.com/

shenlab-amber-cphmd/async_ph_replica_exchange.

The conventional way of running replica exchange is to use one GPU (or one CPU core)

per replica. Under this scheme, all replicas are running at the same time, and periodically

an attempt is made to exchange pH values (or configurations) between replicas according

to the Metropolis criterion. This method is not feasible if the number of replicas is larger

than the number of available GPUs. Instead, in the asynchronous method, the replicas are

consecutively run on each available GPU, starting from the lowest pH condition. As soon

as two replicas that are supposed to exchange at that exchange step are completed, the ex-

change is attempted, not waiting for other replicas to finish. As soon as a GPU finishes a

replica, that GPU is assigned the next available pH value and begins a new single-pH sim-

ulation. If all replicas at a single exchange step are being run, the GPU will be assigned the

first replica from the next exchange step to avoid idling GPUs. In the current Amber imple-

mentation of pH replica exchange (21), the pH conditions are swapped, but to simplify the

arrangement of replicas, the asynchronous method instead swaps configurations and keeps

a constant arrangement in pH space. This also eliminates a post-processing step, in which

the replica trajectories are sorted and stitched together according to their pH conditions.
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Our previous work showed that pH replica-exchange enhances both protonation and

conformational state sampling, allowing pKa’s to rapidly converge (60, 63, 90). In the

protocol, 9 pH replicas were placed at pH values ranging from pH 4.5 to 8.5 at an interval

of 0.5 pH units. An exchange of two adjacent pH conditions was attempted every 1000

MD steps (or 2 ps). Each replica was run for 55 ns, resulting in an aggregate time of 495

ns for each. The _ values were recorded after each exchange attempt. All side chains of

Asp, Glu, His, Cys, and Lys were allowed to titrate, with their titration model parameters

taken from our previous work (63, 88, 89). An ionic strength of 0.15 M was used to

represent the physiological salt condition. Simulations were run at a temperature of 300 K

and an effectively infinite cutoff (999 Å) for nonbonded interactions. SHAKE was used to

constrain bonds involving hydrogens to allow for a 2-fs time step.

Conventional all-atom fixed-charge MD simulations. To support the findings from the

GB-CpHMD simulations, two all-atom MD simulations were carried out for SARS-CoV-2

PLpro (PDB 6W9C), using the predicted protonation states for Asp, Glu, His, Cys, and Lys

at pH 8.5. Note, since several residues may switch protonation states at physiological pH

according to the CpHMD predictions, pH 8.5 was used to avoid ambiguity in assigning pro-

tonation states. Two additional runs were carried out using the protonated form of Cys270.

All simulations were performed with Amber18 (21). The protein and water were repre-

sented by the ff14SB (19) and TIP3P (191) force fields. The initial structure was placed in

a truncated octahedron box of water molecules. Long-range electrostatic interactions were

handled by using the Particle Mesh Ewald method (192). A non-bonded cut-off of 8 Å

was used with a time step of 2 fs. The starting structure underwent energy minimization
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by applying 5000 steps of steepest descent, followed by 5000 steps of conjugate gradient

minimization with a force constant of 25 kcal/mol/Å2 applied to the solute heavy atoms.

The force constant was reduced to 5 kcal/mol/Å2 and the system was heated from 100 K to

300 K for 50 ps. Following heating, solvent was equilibrated in the NPT ensemble for 250

ps using the isotropic Berendsen barostat (193) and with the same force constant. Subse-

quently, the restraints were removed and the system was further relaxed for 100 ps in the

NPT ensemble. Finally, two production runs of 1 `s each were performed for each system

starting from a different random initial velocity seed. All analysis was performed with the

Amber module CPPTRAJ (194). The first 300 ns from each trajectory was discarded.

3.1.4 Results and Discussion

We performed pH replica-exchange CpHMD simulations to estimate the pKa values of

Asp/Glu/His/Cys/Lys side chains and assess possible proton-coupled dynamics in SARS-

CoV, SARS-CoV-2, and MERS-CoV PLpros. The titration simulations were conducted in

the pH range 4.5–8.5 and lasted 55 ns per replica (aggregate simulation time of 495 ns for

each protein). The protonation states were well converged. Consistent with our previous

work (90), we found that the protonation states of His residues converge rapidly within 10

ns per replica, and those of Cys converge more slowly due to the formation of hydrogen

bonds that are not present in the crystal structure (see later discussion). The convergence

analysis of protonation state sampling and replica walks along the pH ladder are given in

supplementary material (Fig. 3.2-3.7).

For the ease of discussion, we refer to the “standard” protonation states as the default

settings in the MD programs, i.e., deprotonated Asp/Glu (negatively charged), deproto-
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Figure 3.2: Unprotonated fraction time series of SARS-CoV Plpro. Time series of the
unprotonated fractions (S) of the catalytic residues and those that may switch protonation
states in SARS-CoV PLpro (PDB: 2FE8) (184). Data for the last 25 ns per replica is
shown. The unprotonated fraction is calculated cumulatively starting from the beginning
of the simulation.
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Figure 3.3: Replica walk time series of SARS-CoV. Time series of the replica walk
through pH space in the simulations of SARS-CoV PLpro (PDB 2FE8) (184).

nated His (neutral), with one proton on either X or n nitrogen, protonated Cys (neutral),

and protonated Lys (positively charged). Our simulations showed that several Cys, His
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Figure 3.4: Unprotonated fraction time series of SARS-CoV-2 Plpro. Time series of the
unprotonated fractions (S) of the catalytic residues and those that may switch protonation
states in SARS-CoV-2 PLpro (PDB: 6W9C). Data for the last 25 ns per replica is shown.
The unprotonated fraction is calculated cumulatively starting from the beginning of the
simulation.
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Figure 3.5: Replica walk time series of SARS-CoV-2. Time series of the replica walk
through pH space in the simulations of SARS-CoV-2 PLpro (PDB 6W9C).

residues and one Asp are in the “non-standard” protonation state or can switch to this state

at physiological pH in all three PLpros (Table 3.1). A complete list of the calculated pKa’s

79



30 35 40 45 50 55
0.0

0.5

1.0

S

Resid: Cys32

30 35 40 45 50 55
0.0

0.5

1.0
Resid: Cys111

30 35 40 45 50 55
0.0

0.5

1.0
Resid: His52

30 35 40 45 50 55
0.0

0.5

1.0
Resid: His135

30 35 40 45 50 55
0.0

0.5

1.0

S

Resid: His171

30 35 40 45 50 55
0.0

0.5

1.0
Resid: His233

30 35 40 45 50 55
Time [ns]

0.0

0.5

1.0
Resid: His278

30 35 40 45 50 55
Time [ns]

0.0

0.5

1.0
Resid: His281

30 35 40 45 50 55
Time [ns]

0.0

0.5

1.0

S

Resid: Asp11

30 35 40 45 50 55
Time [ns]

0.0

0.5

1.0
Resid: Asp293

pH Values
4.5
5.0
5.5
6.0
6.5
7.0
7.5
8.0
8.5

Figure 3.6: Unprotonated fraction time series of MERS-CoV Plpro. Time series of the
unprotonated fractions (S) of the catalytic residues and those that may switch protonation
states in MERS-CoV PLpro (PDB: 4RNA) (187). Data for the last 25 ns per replica is
shown. The unprotonated fraction is calculated cumulatively starting from the beginning
of the simulation.
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Figure 3.7: Replica walk time series of MERS-CoV. Time series of the replica walk
through pH space in the simulations of MERS-CoV PLpro (PDB 4RNA) (187).

are given in, Table 3.2 to Table 3.5.
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Table 3.1: Calculated pKa’s of the catalytic residues and those that may switch protonation
states at physiological pH in SARS-CoV, SARS-CoV-2, and MERS-CoV PLpros

Residue SARS SARS-2 MERS
-/-/C32 - - 7.2
C112/111/1110 <4.5 <4.5 <4.5
C271/270/- 6.9 6.7 -
-/-/H52 - - 6.9
H74/73/- 7.3 7.3 -
H90/89/- 7.0 6.9 -
H176/175/- 7.4 7.3 -
H273/272/2780 >8.5 >8.5 >8.5
D13/12/11 5.9 6.7 5.2
D287/286/2930 <4.5 <4.5 <4.5
(a) Catalytic triad residues. A complete
list of the calculated pKa’s is given in ta-
bles 3.2-3.5.

Table 3.2: Estimated pKa’s of the Cys residues from the simulations of SARS-CoV, SARS-
CoV-2, and MERS-CoV PLpros.

Res. Type SARS-2 Residues SARS Residues MERS Residues

Cys

111 <4.5 112 <4.5 32 7.2
148 >8.5 149 >8.5 98 6.2
155 >8.5 190 <4.5 111 <4.5
181 >8.5 193 Disu. Bond 158 >8.5
189 Disu. Bond 225 Disu. Bond 180 >8.5
192 6 227 5.1 181 >8.5
224 7.2 261 >8.5 191 7.9
226 Disu. Bond 271 6.9 194 Disu. Bond
260 >8.5 207 >8.5
270 6.7 208 >8.5
284 >8.5 226 <4.5

228 Disu. Bond
305 >8.5
321 <4.5
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Table 3.3: Estimated pKa’s of the His and Lys residues from the simulations of SARS-CoV,
SARS-CoV-2, and MERS-CoV PLpros.

Res. Type SARS-2 Residues SARS Residues MERS Residues

His

17 6.4 18 6.6 52 6.9
47 5.1 48 5 81 6.2
50 <4.5 51 <4.5 91 6.5
73 7.3 74 7.3 135 6.7
89 6.9 90 7 140 5.3

175 7.3 172 7 171 6.7
255 5.7 176 7.4 233 6.4
272 >8.5 192 7.3 239 <4.5
275 4.5 273 >8.5 278 >8.5

276 6.6 281 5.9
290 6.2

Lys All >8.5

Table 3.4: Estimated pKa’s of the Glu residues from the simulations of SARS-CoV, SARS-
CoV-2, and MERS-CoV PLpros.

Res. Type SARS-2 Residues SARS Residues MERS Residues

Glu

51 <4.5 2 <4.5 47 <4.5
67 <4.5 52 <4.5 64 <4.5
70 4.6 68 <4.5 70 <4.5

124 <4.5 71 4.6 178 <4.5
143 <4.5 78 <4.5 189 <4.5
161 <4.5 125 <4.5 216 <4.5
167 <4.5 135 <4.5 231 <4.5
203 <4.5 162 <4.5 238 <4.5
214 <4.5 168 <4.5 252 <4.5
238 <4.5 180 <4.5 273 <4.5
252 <4.5 204 <4.5
263 4.7 239 <4.5
280 <4.5 251 <4.5
295 <4.5 264 <4.5
307 <4.5 281 <4.5

296 <4.5
308 <4.5
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Table 3.5: Estimated pKa’s of the Asp residues from the simulations of SARS-CoV, SARS-
CoV-2, and MERS-CoV PLpros.

Res. Type SARS-2 Residues SARS Residues MERS Residues

Asp

12 6.7 13 5.9 11 5.2
22 <4.5 23 <4.5 39 <4.5
37 <4.5 38 <4.5 42 <4.5
40 <4.5 41 <4.5 46 <4.5
61 <4.5 62 <4.5 58 <4.5
62 <4.5 63 <4.5 63 <4.5
76 <4.5 77 <4.5 76 <4.5

108 <4.5 109 <4.5 99 <4.5
134 <4.5 144 <4.5 108 <4.5
164 <4.5 165 <4.5 121 <4.5
179 <4.5 215 <4.5 125 <4.5
286 <4.5 230 <4.5 144 <4.5
302 5.2 287 <4.5 147 <4.5

303 5.1 164 <4.5
165 <4.5
198 <4.5
217 <4.5
262 <4.5
293 4.7
302 <4.5
309 <4.5
320 <4.5
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Protonation states and hydrogen bond network of the catalytic triad. We first con-

sider the catalytic triad in SARS-CoV-2 PLpro. The catalytic Cys111 is located in the

thumb, His272 is located in the foothill of the palm adjacent the flexible loop BL2, and

Asp286 is located at the end of V18 (Fig. 3.1b). Currently, no measured pKa data are avail-

able. Biochemical experiments of SARS-CoV PLpro suggested that the Cys serves as a

nucleophile, while the His functions as a general acid with the assistance of a negatively

charged Asp (183); however, it is unclear whether the reactive nucleophile is the thiolate

of the Cys· · ·His ion pair or the neutral thiole which becomes deprotonated upon binding

of the substrate (119). The calculated pKa’s of Cys111 and Asp286 are <4.5, whereas the

pKa of His272 is >8.5, indicating that the catalytic triad residues are all in the charged state

at physiological pH. Thus, our data supports the mechanism in which the reactive nucle-

ophile is the thiolate ion, rather than the neutral thiol that needs to be first activated by the

substrate (119).

The CpHMD simulations showed that the Cys-His-Asp triad maintains a catalytic ge-

ometry through several hydrogen bonds, which support their protonation states. The cat-

alytic His272 forms a hydrogen bond simultaneously with Cys111 and Asp286 in the en-

tire pH range 4.5–8.5, stabilizing His272 in the doubly protonated state and Asp286 and

Cys111 in the deprotonated states (Fig. 3.8a and d). The doubly protonated form allows

His272 to perform its role as a general acid (119). The catalytic Cys111 forms a hydrogen

bond not only with His272 but also with the indole nitrogen of Trp106, which provides fur-

ther stabilization for the thiolate form and explains the significant downshifted pKa relative

to the solution value of 8.5 (Table 3.1). The Cys111· · ·Trp106 hydrogen bond is impor-

tant, as it maintains the position of Trp106; the analogous residue in SARS-CoV PLpro has
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been hypothesized as the oxyanion hole residue that donates a hydrogen bond to stabilize

the negatively charged tetrahedral intermediate developed in the course of peptide hydroly-

sis (184). The three hydrogen bond interactions in SARS-CoV-2 PLpro are consistent with

those in SARS-Cov PLpro (Fig. 3.8b).
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Figure 3.8: Hydrogen bond formation of the catalytic triad in the PLpros. a-c) Occu-
pancy of the hydrogen bond between the doubly protonated catalytic His and the deproto-
nated catalytic Asp (green) or Cys (blue), as well as between Trp106 and the deprotonated
catalytic Cys (magenta) as a function of pH in SARS-CoV-2 (top), SARS-CoV (middle),
and MERS-CoV (bottom) PLpros. Residue numbering in SARS-CoV-2 PLpro is used. A
hydrogen bond was defined using a distance cutoff of 2.4 Å between the hydrogen and
oxygen or nitrogen atoms. Data from the last 25 ns/replica were used in the calculations.
d) A snapshot showing the hydrogen bonds formed by the catalytic triad in SARS-CoV-2
PLpro.

In MERS-CoV PLpro, Trp106 is replaced with a Leu, which is incapable of forming a

hydrogen bond with the catalytic Cys or with the negatively charged intermediate. The has

been hypothesized as a cause for the significantly lower catalytic activity of MERS-CoV

as compared to SARS-CoV PLpro (195). In addition to the missing Cys· · ·Trp hydrogen

bond, CpHMD simulations of MERS-CoV PLpro showed that the hydrogen bond between

the catalytic His and Asp is nearly abolished (Fig. 3.8c). The loss of hydrogen bond in-
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teractions involving the catalytic His and Cys appears to provide less stabilization to the

respective charged states in MERS-CoV PLpro, as suggested by the partial titration at the

highest and lowest pH condition, respectively (see Fig. 3.6). To test whether the loss of

hydrogen bond network affects the flexibility of the regions near the catalytic triad, we cal-

culated the root-mean-square fluctuations (RMSFs) of the CU atoms of the catalytic triad

and nearby 5 residues (Fig. 3.9). Interestingly, the RMSFs of the loop residues that are

sequence neighbors of the catalytic triad in MERS-CoV PLpro are increased as compared

to those in SARS-CoV-2 and SARS-CoV PLpros, which are similar except for the flexible

BL2 loop (267–271) region. The loop (106–116) adjacent to U4 which harbors the catalytic

Cys, the BL2 loop next to the catalytic His, and the V-hairpin loop next to the catalytic Asp

all display enhanced mobility (Fig. 3.9a and b). The largest increase in RMSF is seen

for the BL2 loop, whereby the RMSF in MERS-CoV PLpro is nearly doubled relative to

SARS-CoV-2 PLpro, which shows a somewhat higher mobility than SARS-CoV PLpro.

The extremely high flexibility of the BL2 loop in MERS- as compared to SARS-CoV PL-

pro is consistent with the lack of electron density for the region in the first X-ray structure

of the apo MERS-CoV PLpro (195).

Proton-coupled conformational dynamics of the BL2 loop in SARS-CoV/CoV-2 PL-

pro. The BL2 loop is perhaps the most prominent feature of the substrate binding site in

SARS-CoV PLpro, as its movement modulates the substrate and inhibitor binding (119).

Crystal structures show that BL2 is open in the unbound SARS-CoV PLpro and it closes

by about 1.5–2 Å in the bound form, which allows hydrogen bonds to form between

Tyr269/Gln270 and the inhibitor (119). Upon inspection of the X-ray structures of SARS-
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snapshot of the catalytic triad regions in SARS-CoV-2 PLpro. Cys111 (yellow), His272
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CoV-2 PLpro, We noticed that the BL2 loop is open in the pH 7.5 structure (PDB 6W9C)

and a zinc ion is found within the binding distance of Cys270; however, in the structure

determined at pH 4.5 (PDB 6WRH) (181), the BL2 loop closes in by 1.9 Å (CU distance

between Tyr268 and Asp164) and the zinc ion is absent. Thus, we hypothesized that the

BL2 loop dynamics is coupled to the titration of C270.

CpHMD titrations gave the pKa’s of 6.7 and 6.9 for Cys270 in SARS-CoV-2 PLpro and

the equivalent Cys271 in SARS-CoV PLpro, respectively (Table 3.1). Thus, Cys270/C271

samples both protonated and deprotonated states at physiological pH. The pKa downshifts

relative to the model Cys pKa of 8.5 is due to the formation of local hydrogen bonds which

favors the thiolate state. In the crystal structure of SARS-CoV-2 PLpro, Cys270 does not in-

teract with Thr265. The titration simulations showed that the distance between Cys270 and
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Thr265 varies widely between 5 and 15 Å, when Cys270 is protonated (_ value close to 0);

however, when Cys270 is deprotonated (_ value close to 1), the distance is locked to 1.5–

2.5 Å, indicating the formation of a hydrogen bond (Fig. 3.10a). In addition to the hydroxyl

group of Thr265, the deprotonated Cys270 can also accept a hydrogen bond from the back-

bone amide groups of His272 and Gly271, stabilizing the charged state (Fig. 3.10b). The

same hydrogen bonds were also formed in the simulations of SARS-CoV PLpro, which

explains the similarly downshifted pKa of the equivalent Cys271.
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Figure 3.10: Titration of Cys270 is coupled to the conformational dynamics of the BL2
loop in SARS-CoV/CoV-2 PLpro. a) Correlation between the protonation state of Cys270
and the distance between the sulfur of Cys270 and the hydroxyl hydrogen of Thr265 in the
SARS-CoV-2 PLpro simulation at pH 7. _ <0.2 (orange) and _ >0.8 (red) are used to
define protonated and deprotonated states, respectively. b) A snapshot showing the BL2
loop (red) and the hydrogen bonds formed around a deprotonated Cys270 in SARS-CoV-2
PLpro. c) Probability distributions of the CU distance between Tyr268 and Asp164, when
Cys270 is protonated (orange) or deprotonated (red) from the simulations of SARS-CoV-2
(top) and SARS-CoV (bottom) PLpro at pH 7. Data from pH 7.5 and pH 8 simulations are
similar and not shown here. d) A snapshot showing the BL2 loop environment with Y268
and D164 labeled.

To test the hypothesis that protonation/deprotonation of Cys270 modulates the BL2 dy-
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namics, we examined the CU distance between Tyr268 on the BL2 loop and the conserved

Asp164 next to U7, which represents the width of the S3 subpocket (Fig. 3.10c and d). The

equivalent Tyr269 in SARS-CoV PLpro is an important residue, as it forms a hydrogen

bond with the inhibitors that bind to the S3 pocket (119). When Cys270 is protonated,

the probability distribution of the Tyr268–Asp164 distance covers a broad range of 8–20

Å with a peak at around 12 Å; however, when Cys270 is deprotonated, the distribution

samples a narrower range of 14–20 Å with a peak at around 16 Å (Fig. 3.10c). Thus,

the CpHMD data suggests that the deprotonated Cys270 is correlated with the BL2 con-

formations that are more open and rigid, which might be attributed to the aforementioned

hydrogen bond formation between the deprotonated Cys270 and the surrounding residues.

Turning to SARS-CoV PLpro, Fig. 3.10c shows that the BL2 movement is coupled to

the protonation/deprotonation of the analogous Cys271. However, in SARS-CoV PLpro, it

appears the BL2 with a deprotonated Cys270 can sample a wider range of 10–20 Å as com-

pared to SARS-CoV-2 PLpro, although the peak remains around 16 Å. The wider range of

BL2 movement may be attributed to the somewhat weaker hydrogen bonds involving the

deprotonated Cys271. The movement of the BL2 loop is very similar between SARS-CoV

and SARS-CoV-2 PLpros when Cys270 is protonated.

Comparison of the BL2 conformation across the three PLpros. For broad-spectrum

inhibitor design, it is important to understand the difference in the BL2 conformation across

the three PLpros. The distributions of the Tyr269/268–Asp165/164 distance for SARS-

CoV/CoV-2 and the equivalent Thr274–Asp164 distance for MERS-CoV PLpro at physio-

logical pH (Fig. 3.11a and Fig. 3.10d) show that the widest position of the BL2 loop is about
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the same across the three PLpros; however, the BL2 in SARS-CoV-2 PLpro samples the

narrowest range, followed by SARS-CoV PLpro and MERS-CoV PLpro which samples the

widest range between 5–22 Å. The enhanced flexibility of the BL2 in MERS-CoV PLpro

may be attributed to the lack of a Cys equivalent to Cys271/270 in SARS-CoV/CoV-2 PL-

pro which can form hydrogen bonds with neighboring residues to restrict the loop motion

and perhaps also the loosening of the nearby catalytic His which no longer forms double

hydrogen bonds as in SARS-CoV/CoV-2 PLpro.

In agreement with the BL2 dynamics described with the protonated and deprotonated

states of Cys270 (Fig. 3.10c) and the X-ray structures determined at pH 7.5 (PDB 6W9C)

and pH 4.5 (PDB 6WRH) (181), a significant pH dependence is observed with the BL2
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dynamics in the simulations of SARS-CoV-2 PLpro (Fig. 3.11). In the simulation at pH

7.5, the BL2 loop samples a state that leaves the S3/S4 subpocket more open, similar to the

neutral pH crystal structure (Fig. 3.11c). In the simulation at pH 4.5, the BL2 loop assumes

a wide range of dynamics, allowing it to sample a state that leaves the S3/4 subpocket more

closed, similar to the low pH crystal structure (Fig. 3.11c).

The Ubl domain contains an Asp with a highly upshifted pKa. As expected, nearly all

Asp/Glu residues adopt standard protonation states (i.e. charged) at physiological pH; how-

ever, Asp12 in SARS-CoV-2 PLpro has a pKa abnormally upshifted from its model pKa of

4.0 to 6.7 (Table 3.1), making it possible to occasionally sample the protonated state at pH

7.4. Trajectory analysis suggested that this upshift is in part due to the protonated Asp12

acting as a hydrogen bond donor to either (deprotonated) Glu67 or Asn15 (Fig. 3.12a and

c), which stabilizes the protonated state. The two hydrogen bonds are mutually exclusive

such that Asp12 is a hydrogen bond donor 82–96% of the time when it is in the proto-

nated state (Fig. 3.12a). In addition to hydrogen bonding, Asp12 is buried in a hydrophobic

pocket with a very low solvent accessible surface area, which increases as Asp12 becomes

deprotonated at higher pH (Fig. 3.12b). In SARS-CoV PLpro, the analogous Asp13 ex-

periences a similar degree of hydrogen bonding and solvent sequestration, resulting in a

upshifted pKa of 5.9. In MERS-CoV PLpro, the analogous Asp11 primarily donates a hy-

drogen bond to Asn15, as the analogous residue to Glu67 is missing (Fig. 3.13). Compared

to Asp12/13 in SARS-CoV-2/CoV PLpro, Asp11 is more solvent exposed in the lower pH

range (Fig. 3.13), which may contribute to a smaller degree of pKa upshift of Asp11 in

MERS-CoV PLpro as compared to SARS-CoV/CoV-2 PLpro.
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Histidines that can switch protonation states at physiological pH. CpHMD titrations

revealed that three histidines unique to SARS-CoV/CoV-2, H74/73, H90/89, and H176/175

(Fig. 3.14), have pKa’s around 7 (Table 3.1) and can sample both protonated and deproto-

nated states at physiological pH. His74/73 located on the C-terminal end of U2 in SARS-
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CoV/CoV-2 has a pKa of 7.3/7.3. Analysis suggested that the pKa upshift relative to the

model value of 6.5 is due to the formation of hydrogen bonds with Phe70/69, Asn129/128

or a salt bridge with Glu71/70 (see Fig. 3.15), which stabilizes the charged state. His90/89

located on the C-terminal end of U3 in SARS-CoV/CoV-2 has a pKa of 7.0/6.9. Analysis

showed that a small pKa upshift relative to the model pKa is due to the stabilization of the

charged state by the occasional hydrogen bonding with the backbone carbonyl of Ser86/85

or transient salt-bridge interaction with Asp107/108 located near the oxyanion hole of the

CoV PLpro (Fig. 3.16). His176/175 is located on the C-terminal end of U7 and opposite to

His74/73. The increased pKa of 7.4/7.3 can also be attributed to local hydrogen bonding,

either with His172 in SARS-CoV-1 or Tyr171 in SARS-CoV-2 PLpro (Fig. 3.17).

H89
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Y171
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S85
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Cata. Triad

Figure 3.14: Locations of the three histidines in SARS-CoV/CoV-2 PLpro that can
switch protonation states at physiological pH. Residues that provide interactions to sta-
bilize the imidazolium form are shown.
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All-atom fixed-charge MD of SARS-CoV-2 PLpro. To provide support for the protona-

tion states determined by GB-CpHMD titrations and test the proton-coupled dynamics of

the BL2 loop, we performed conventional all-atom fixed-charge MD simulations of SARS-

CoV-2 PLpro with the catalytic side chains fixed in the charged states and Cys270 fixed in

the protonated or deprotonated state. All other residues were fixed in the standard protona-

tion states. Two 1-`s trajectories were obtained with each Cys270 protonation state. Con-

sistent with the GB-CpHMD simulations at physiological pH, the catalytic triad remained

very stable, with the hydrogen bond between His272 and Cys111 being the strongest, fol-

lowed by the His272· · ·Asp286 and Cys111· · ·Trp106 hydrogen bonds, as shown in the

hydrogen bond occupancy plots (Fig. 3.18a). Interestingly, while the effect of Cys270 pro-

tonation/deprotonation appears negligible for the latter two hydrogen bonds (occupancy

change is below 5%) , protonation of Cys270 weakens the His272· · ·Cys111 hydrogen

bond (occupancy decreases by over 20%). This decrease is consistent with the GB-CpHMD

data, which shows that the catalytic His· · ·Cys hydrogen bond is significantly weakened be-
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low pH 6 as Cys270 becomes fully protonated in SARS-CoV-2 PLpro (Fig. 3.8a).

To test the effect of Cys270 titration on the BL2 conformation, we calculated the proba-

bility distribution of the CU distance between Tyr268 and Asp164. For the trajectories with

protonated Cys270, the distribution displays a single peak at about 11 Å; however, for the

trajectories with deprotonated Cys270, a second peak appears at about 17 Å (Fig. 3.18b).

This data indicates that deprotonated Cys270 is correlated with the more open BL2 loop

conformations, consistent with the findings from the GB-CpHMD simulations (Fig. 3.10c).

However, due to the slow transition between the open and closed BL2 loop conformations

in explicit solvent, more trajectories or longer simulations are needed to solidify the con-

clusion.
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Figure 3.18: Conventional MD of SARS-CoV-2 PLpro with Cys270 fixed in the proto-
nated or deprotonated state. a) Occupancies of the His272· · ·Asp286, His272· · ·Cys111,
and Cys111· · ·Trp106 hydrogen bonds from the simulations with Cys270 fixed in the pro-
tonated (orange) or deprotonated (red) state. The calculations combined the data from two
independent 1-`s trajectories. The first 300 ns data were discarded. b) Probability distri-
bution of the CU distance between Tyr268 and Asp164 from the simulations with Cys270
fixed in the protonated (orange) or deprotonated (red) state.

Comparison to structure-based Poisson-Boltzmann pKa calculations. We compare

the CpHMD-predicted pKa’s of SARS-CoV-2/CoV and MERS-CoV PLpros with those

from the DelPhiPKa server (32) which performs continuum Poisson-Boltzmann (PB) cal-
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culations with a smooth Gaussian dielectric function (196). Note, Cys pKa calculation is a

newly added functionality in DelPhipKa (33). The default setting with a protein internal di-

electric constant of 8 was used. For the purpose of this work, we focus on the pKa’s of His,

Cys, and the abnormal Asp13/12/11 (Fig. 3.19). There appears to be a good correlation for

His and Cys pKa’s in the pKa range 5–7.5 between the two methods; however, there is a

large disagreement for the pKa’s that are predicted to be highly down- or upshifted relative

to the model values by the CpHMD method. Close inspection suggests that the disagree-

ment is related to the small pKa ranges from the DelPhipKa calculations: 6–8 for His and

5.5–7 for Cys (i.e., all cysteines are thiolates). Specifically, cysteines that have CpHMD

predicted pKa’s above 8.5 have pKa’s below 7 according to DelPhipKa calculations. Sim-

ilarly, histidines that have CpHMD predicted pKa’s below 4.5 have pKa’s of about 6 ac-

cording to DelPhipKa calculations. Another significant disagreement is for Asp13/12/11,

which have significantly upshifted pKa’s according to CpHMD (5.2–6.7, see Table 3.1) but

have downshifted pKa’s based on DelPhipKa (pKa 2–3, Fig. 3.19). A possible explanation

is that in the crystal structure, one of the carboxylate oxygens of Asp13/12/11 accepts a

hydrogen bond from the side chain amino group of Asn15/14/13, thereby stabilizing the

deprotonated form. By contrast, in the CpHMD simulations Asn15/14/13 rotated such that

its carbonyl group accepts a hydrogen bond from Asp13/12/11, which additionally donates

a hydrogen bond to Glu67 in SARS-CoV-2/CoV-2 PLpro (Fig. 3.12). Experimental mea-

surements and future community efforts such as the 2009 blind pKa prediction exercise

(71) are needed to assess and promote the further development of various pKa calculation

approaches.
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Figure 3.19: Comparing pKa predictions to Delphi pKa. Comparison between the calcu-
lated pKa’s for Cys (yellow), His (blue), and D13/12/11 (red) from Delphi pKa (33, 196)
and pH replica-exchange GBNeck2-based CpHMD titration (63, 88). Note, the CpHMD
predicted pKa’s of several residues are outside of the titration range (pH 4.5–8.5). For those
pKa’s, the data points correspond to the estimated upper (e.g., C112/111/111 has a pKa <
4.5) or lower bounds (e.g., H273/272/278 has a pKa > 8.5) See Table 3.1 in the main text.

3.1.5 Concluding Discussion

The protonation states and possible proton-coupled conformational dynamics of SARS-

CoV-2 PLpro were investigated in comparison to SARS-CoV and MERS-CoV PLpros, us-

ing the GPU-accelerated GBNeck2-CpHMD titration simulations with a new asynchronous

pH replica-exchange scheme as well as conventional all-atom MD. The simulations showed

that the catalytic Cys, His, and Asp are charged in the entire simulation pH range of 4.5–

8.5 for all three PLpros, which supports the mechanism in which the reactive nucleophile

is the thiolate ion and the catalytic His serves as a general acid stabilized by the catalytic

aspartate. The catalytic triad in SARS-CoV-2/CoV PLpro forms a hydrogen bond net-

work among themselves and with a nearby Trp which serves as an oxyanion hole residue

to stabilize the tetrahedral intermediate developed in the peptide hydrolysis. In contrast,

the hydrogen bond with Trp is missing and the hydrogen bond between the catalytic His

and Asp is nearly abolished in MERS-CoV PLpro, consistent with the significantly lower

catalytic activity compared to SARS-CoV PLpro (195). Interestingly, the lack of a hydro-
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gen bond network for the catalytic triad in MERS-CoV PLpro is correlated with increased

mobility of nearby loop residues, particular the BL2 loop.

The simulations revealed that several titratable residues have shifted pKa values such

that they switch between two protonation states at physiological pH. These include three

His and one Cys residues unique to SARS-CoV-2/CoV and one Asp residue common to

all three PLpros (Table 3.1). Of particular interest is Cys270/271 on the flexible BL2

loop of SARS-CoV-2/CoV, which has a pKa of 6.7/6.9 and samples both the standard thiol

and charged thiolate forms at neutral pH. CpHMD simulations showed that the BL2 loop

samples an open or a closed conformational ensemble with deprotonated or protonated

Cys270/271, respectively, consistent with two crystal structures of SARS-CoV-2 PLpro

determined at neutral and low pH conditions and the conventional all-atom MD trajectories

of SARS-CoV-2 PLpro with either deprotonated or protonated Cys270. Thus, the simula-

tion data and experiment together support our hypothesis that the BL2 loop conformation

is coupled to the titration of C270/271 in SARS-CoV-2/CoV PLpro.

An induced fit mechanism, by which BL2 closes in to form hydrogen bonds with the

inhibitor, has been proposed in designing potent inhibitors targeting the S3/S4 pocket of

SARS-CoV PLpro (119). Our finding suggests that in the absence of a ligand, protona-

tion of C270/271 induces the closure of BL2 in SARS-CoV-2/CoV PLpro, which raises the

possibility that a conformational selection mechanism may be operative, in which inhibitor

binding shifts the BL2 conformational population to the closed form, perhaps by favoring

the protonation of C270/271. While the unliganded crystal structures show that BL2 in

MERS-CoV PLpro is more open than in SARS-CoV-2/CoV PLpro, CpHMD simulations

suggest that BL2 has an increased flexibility in MERS-CoV PLpro and it can sample closed
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conformations. This finding challenges a current hypothesis, according to which SARS-

CoV PLpro inhibitors do not bind to MERS-CoV PLpro due to the more open BL2 loop as

a result of the sequence difference and one extra residue (187, 197). A main caveat of our

work is the use of the GB-Neck2 implicit-solvent model (64). Although it has been demon-

strated in the accurate de novo folding simulations of nearly two dozen small proteins with

U and V topologies (189), inherent issues such as the lack of solvent granularity may limit

the accuracy of detailed conformational representation. Nonetheless, our work provides

a starting point for further mechanistic investigations using higher-level approaches such

as the all-atom CpHMD (198) and more extensive conformational sampling to assist the

structure-based drug design targeting the coronavirus PLpros.

3.2 Proton-Coupled Conformational Activation of SARS Coronavirus

Main Proteases and Opportunity for Designing Small-Molecule

Broad-Spectrum Targeted Covalent Inhibitors2

3.2.1 Abstract

The SARS coronavirus 2 (SARS-CoV-2) main protease (Mpro) is an attractive broad-

spectrum antiviral drug target. Despite the enormous progress in structure elucidation,

the Mpro’s structure-function relationship remains poorly understood. Recently, a pep-

tidomimetic inhibitor has entered the clinical trial; however, small-molecule orally avail-

able antiviral drugs have yet to be developed. Intrigued by a long-standing controversy
2Reprinted Permission from Verma N., Henderson J.A., Shen J., Proton-Coupled Conformational Activa-

tion of SARS Coronavirus Main Proteases and Opportunity for Designing Small-Molecule Broad-Spectrum
Targeted Covalent Inhibitors. J. Am. Chem. Soc., 2020, 142, 21883. Copyright (2020) The Journal of
American Chemical Soceity
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regarding the existence of an inactive state, we explored the proton-coupled dynamics of

the Mpros of SARS-CoV-2 and the closely related SARS-CoV using a newly developed

continuous constant pH molecular dynamics (MD) method and microsecond fixed-charge

all-atom MD simulations. Our data supports a general base mechanism for Mpro’s pro-

teolytic function. The simulations revealed that protonation of His172 alters a conserved

interaction network that upholds the oxyanion loop, leading to a partial collapse of the con-

served S1 pocket, consistent with the first and controversial crystal structure of SARS-CoV

Mpro determined at pH 6. Interestingly, a natural flavonoid binds SARS-CoV-2 Mpro in

the close proximity to a conserved cysteine (Cys44), which is hyper-reactive according to

the CpHMD titration. This finding offers an exciting new opportunity for small-molecule

targeted covalent inhibitor design. Our work represents a first step towards the mechanis-

tic understanding of the proton-coupled structure-dynamics-function relationship of CoV

Mpros; the proposed strategy of designing small-molecule covalent inhibitors may help

accelerate the development of orally available broad-spectrum antiviral drugs to stop the

current pandemic and prevent future outbreaks.

3.2.2 Introduction

The ongoing COVID-19 pandemic has claimed nearly 1.5 million human lives world-

wide, but effective therapeutic intervention has yet to be developed. COVID-19 is caused

by a new coronavirus called severe acute respiratory syndrome coronavirus 2 (SARS-CoV-

2, GenBank accession code: MN908947.3 (199)). Belonging to the genus Betacoronavirus,

SARS-CoV-2 is closely related to several bat SARS-like coronaviruses, and SARS-CoV

which caused an outbreak in 2002-2003 as well as MERS-CoV (Middle East Respiratory
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Syndrome coronavirus) which caused an outbreak in 2012. (199) The related genus Al-

phacoronavirus includes human coronaviruses that cause the common cold (176). The

replicase gene of coronaviruses encodes two polyproteins (pp1a and pp1ab), which are

processed into functional nonstructural proteins to form the viral replication/transcription

complex by two cysteine proteases (117): the main protease (Mpro, also known as 3CL-

pro due to the similarity to picornavirus 3C protease) and the papain-like protease (PLpro)

(117). The Mpro cleaves the larger polyprotein pp1ab at 11 sites, with the sequence of

(small)-X-(Leu/Phe/Met)-Gln↓(Gly/Ala/Ser), where X denotes any amino acid and ↓ indi-

cates the cleavage site. Note, Gln in the P1 position is absolutely required by the Mpro and

the substrate specificity pattern is not shared by any human protease (117). The S1′, S1,

and S2 substrate binding pockets are conserved among the Mpros of SARS-, MERS-, and

SARS-like bat-CoVs (117). Thus, the Mpro is an attractive broad-spectrum antiviral drug

target for combating the COVID-19 pandemic and preventing future outbreaks through the

zoonotic transmission of SARS-like bat coronaviruses to human (117, 200).

SARS-CoV-2/CoV Mpros have been well characterized by crystallography. To date,

Protein Data Bank (PDB) contains 54 and 188 entries of X-ray crystal structures for SARS-

CoV and SARS-CoV-2 Mpros, respectively, most of which are inhibitor-bound complexes

(201–206). The rapid structure determination led to the discovery of the first broad-spectrum

lead inhibitor against SARS, MERS, and the related coronavirus Mpros (176, 201). Most

recently, Pfizer initiated a clinical trial of PF-07304814, a prodrug which metabolizes into

a ketone-based peptidomimetic inhibitor PF-00835231 against the Mpros of SARS-CoV-

2/CoV and other coronaviruses (207). Despite the progress, the structure-function relation-

ship and conformational plasticity of the Mpros remain poorly understood. Such informa-
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tion is urgently needed to advance the broad-spectrum antiviral drug design.

SARS-CoV-2/CoV Mpros function as a dimer (117, 176). With 96% overall sequence

identity and 100% identity in the active site, their structures are nearly superimposable

(201). The Mpro protomer is comprised of three domains (Fig. 3.20a). The chymotrypsin-

like V-barrel domains I (residues 10–99) and II (residues 100–182) embrace the Cys-His

catalytic dyad at the interface, while the U-helical domain III (residues 198–303) is con-

nected to domain II via a long loop called L3 (residues 183-197). Dimerization of Mpro is

mainly supported by the domain III interactions with domain III and the N-terminal loop

(residues 1–10) of the opposite protomer (208). In particular, residues 1–7 (called N-finger

(209)) form hydrogen bonds and electrostatic interactions with the S1 pocket (Fig. 3.20c),

and have been considered critical for both dimerization and active site integrity of SARS-

CoV Mpro (209). Deletion or mutation of Arg4 (210) and Gly11 (211) was shown to

completely inactivate SARS-CoV Mpro, while deletion of residues 1–3 maintained 76%

enzymatic activity(210). Deletion of residues 1–5 in the related transmissible gastroenteri-

tis virus Mpro almost completely abolished the activity (212).

Mpro’s substrate binding site is comprised of the canonical S1–S4 pockets, whereby the

S1 pocket is formed by the sidechains of His163, Phe140 and the backbones of Met165,

Glu166, and His172, all of which are conserved (Fig. 3.20c). In the majority of crys-

tal structures of SARS-CoV-2 Mpro, Glu166 forms a hydrogen bond with His172, while

His163 forms an aromatic stacking with Phe140 (Fig. 3.20c and Fig. 3.21). Additionally,

the sidechain of Glu166 and backbone of Phe140 form hydrogen bonds with the amino

group of Ser1 (amino terminus) of the opposite protomer (Fig. 3.20c and Fig. 3.21). The

oxyanion hole of the cysteine protease is formed by the backbone amides of Gly143, Ser
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Figure 3.20: Crystal structure and pH-dependent activity for SARS-CoV-2/CoV
Mpros. a) X-ray crystal structure of SARS-Cov-2 Mpro dimer (PDB: 6y2g (201)). Pro-
tomer A is colored gray, while domains I, II, and III in protomer B are colored red, green,
and cyan, respectively. The oxyanion loop L1 (residues 138-145) is colored magenta and
the N-finger loop (residues 1–10) as well as G11 are colored yellow. b) pH-activity profile
of SARS-CoV Mpro determined by the HPLC-based peptide cleavage assay. c) A zoomed-
in view of the S1 specificity pocket in protomer A and the N-finger loop in protomer B.
Residues involved in the dimer interface interactions are explicitly shown (those in pro-
tomer B denoted with an asterisk). The conserved S1 pocket residues Phe140, His163,
Glu166, His172, and the catalytic dyad Cys145 and His41 are explicitly shown.

144, and Cys145 (201, 209), and the oxyanion loop (residues 138-145, also called L1)

forms a wall of the S1 pocket (Fig. 3.20c).

The proteolytic activity of SARS-CoV Mpro displays a bell-shaped pH profile, with the

peak at pH 7.0 (213) (or 7.4 (214)) and sharp decreases at lower or higher pH (Fig. 3.20b);

however, the molecular mechanism of the pH dependence is not understood. Interestingly,

a pH 6 crystal structure of SARS-CoV Mpro (PDB: 1uj1 (209)) which captured two inde-

pendent protomers in the asymmetric unit revealed an inactive conformation for protomer
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B, in which the oxyanion loop is moved towards the S1 pocket and the hydrogen bond

between Glu166 and His172 is broken. Hilgenfeld, Rao, and coworkers hypothesized that

the pH-dependent activity change arises from the protonation state switches of His163

and His172 (209, 213). Based on the crystal structures (209, 213), His163 and His172

were suggested as neutral and charged at physiological pH, respectively, and consequently,

the protonation of His163 was hypothesized to induce the aforementioned conformational

changes in the S1 pocket (213). Shortly after, the authenticity of the inactive conformation

was questioned, by arguing that a fusion tag added to the termini from the recombinant

protein expression system may have destabilized the Ser1 interactions with the S1 pocket

of the opposite protomer, causing it to collapse (215).

Recently, a X-ray structure of SARS-CoV-2 Mpro dimer (PDB: 6y2g (201)) revived

the debate regarding the existence of an inactive Mpro protomer and its pH dependence. In

protomer B of this crystal structure, the Glu166–His172 hydrogen bond is broken, similar

to the inactive protomer of the pH 6 structure of SARS-CoV Mpro (PDB: 1UJ1 (209)),

although the large movement of the oxyanion loop is absent (201). Testing the hypothesis of

an inactive state by crystallography proves challenging, as most crystal structures of Mpros

were determined in space group C2 which captures only one protomer in the asymmetric

unit which favors a more ordered structure.

To shed light on the above controversy, we conducted a computational study of SARS-

CoV-2/CoV Mpros, employing the newly developed GPU-accelerated implicit-solvent con-

tinuous constant pH MD (CpHMD) (63, 88) to determine the protonation states and `s-

long conventional fixed-charge MD simulations to characterize the detailed conformational

changes. Our data confirms the general base mechanism for Mpro’s proteolytic function
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and suggests that protonation of His172 (and not His163) induces a partial collapse of the

S1 pocket, consistent with the aforementioned pH 6 crystal structure of SARS-CoV Mpro.

The simulations also predict an alternative Cys residue for targeted covalent inhibitor de-

sign. Taken together, our work represents a first step towards a mechanistic understanding

of the pH-dependent structure-dynamics-function relationship of SARS-CoV-2/Cov Mpros

and contributes urgently needed knowledge for broad-spectrum antiviral drug design.

3.2.3 Methods

The coordinates of the X-ray crystal structures of SARS-CoV-2 (PDB: 6y2g (201), de-

termined at pH 8.5) and SARS-CoV (PDB 1uk2 (209), determined at pH 8) Mpros were

retrieved from the PDB. Both structures contain two independent protomers in the asym-

metric unit. The N- and C-termini of each protomer were acetylated and amidated, re-

spectively (free in the fixed-charge simulations). Missing hydrogens were added using the

HBUILD facility in CHARMM (C38b2) (61); dummy hydrogens for titration of Asp/Glu

were added using a custom CHARMM script (65). A short energy minimization was per-

formed for the hydrogen positions using the steepest decent and Newton-Raphson methods

for 20 steps with the heavy atoms constrained. The force field parameters and coordinate

files were constructed using the LEAP utility in AMBER (21). The protein was repre-

sented by the ff14sb force field (19) and solvent was represented by the GBNeck2 (igb=8)

implicit-solvent model (64). The default mbondi3 intrinsic Born radii, except for His and

Cys, for which the following radii optimized for CpHMD were used: 1.17 Å for imidazole

nitrogen atoms of His (88) and 2.0 Å for sulfur atom of Cys (89). Following energy min-

imization using the steepest decent and conjugate-gradient algorithms for 5000 and 1000
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steps, respectively, the system underwent restrained equilibration at pH 7 in four stages

(2000 MD steps each). The force constant in the heavy-atom restraint was 5, 2, 1, and

0 kcal/mol/Å2 in the four stages. The final structure was used for the CpHMD titration

simulations.

pH replica-exchange CpHMD simulations. The CpHMD titration simulations were

performed with the GPU-accelerated GBNeck2-CpHMD method (63) in Amber18 (21).

The pH replica-exchange protocol (60) was used to accelerate convergence. To allow for

the use of one or two GPU cards, we applied the newly implemented asynchronous replica-

exchange scheme (91). For SARS-CoV-2 Mpro, 9 replicas over the pH range 5-9 with an

interval of 0.5 pH unit were used, with an aggregate sampling time of 495 ns. For SARS-

CoV Mpro, 9 replicas over the pH range 4.5-8.5 were used, with an aggregate sampling

time of 360 ns. All Asp, Glu, His, Cys, and Lys sidechains were allowed to titrate, with

the CpHMD default model pKa’s of 3.8, 4.2, 6.5, 8.5, and 10.4, respectively (63). The

simulations were run at 300 K with an ionic strength of 0.15 M and an effectively infinite

cutoff (999 Å) for nonbonded interactions. The SHAKE algorithm was used to constrain

the bonds involving the hydrogens to allow for a 2-fs time step. For pKa calculations and

analysis, data from the first 20 ns per replica were discarded.

Conventional fixed-charge all-atom MD simulations. The initial structures for SARS-

CoV-2/CoV Mpros (PDB: 6y2g (201) and 1uk2 (209)) prepared using the LEAP utility in

Amber (21). The termini of each protomer were left in the free form. Hydrogens were

added according to the appropriate protonation states (see below). Sodium and chloride
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ions were added to represent a neutral system with a 150-mM physiological salt concentra-

tion. Two 2-`s all-atom fixed-charged MD simulations were performed for SARS-CoV-

2/CoV Mpros (PDB: 6y2g (201)), whereby the protonation states (except for His172)

were fixed to those as determined by CpHMD for physiological pH, i.e., Asp(-)/Glu(-

)/His(0)/Cys(0). In the simulation run 1, His172 was neutral in protomer A and charged

in protomer B, whereas in the simulation run 2, His172 was charged in monomer A and

neutral in monomer B. As a comparison, one 2-`s simulation for SARS-CoV Mpro was

performed using the same protocol as the run 1 of SARS-CoV-2 Mpro.

All simulations were performed with Amber18 (21). The Mpro dimer was placed in a

truncated octahedral water box, with a minimum of 11 Å between the protein heavy atoms

and the edges of the water box. The protein was represented by the ff14SB force field (19)

and water represented by the TIP3P (216) model. Long-range electrostatic interactions

were treated with the particle-Mesh Ewald method (217). A non-bonded cut-off of 8 Å was

used. SHAKE was turned on to allow a 2-fs time step. Initially, the system was energy

minimized by applying 5000 steps of steepest descent followed by 5000 steps of conjugate

gradient minimization with a force constant of 25 kcal/mol/Å2 to the solute heavy atoms.

The force constant was then reduced to 5 kcal/mol/Å2 and system was heated from 100

K to 300 K in the canonical ensemble for 50 ps followed by 250-ps restrained and 100 ps

unrestrained equilibration in the isothermal-isobaric ensemble with the isotropic Berendsen

barostat (193). Finally, the production runs of 2 `s each were performed, starting from a

different random initial velocity seed for each system. All analysis was performed with the

Amber module CPPTRAJ (194) using the last 1 `s of each trajectory.
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3.2.4 Results and Discussion

The Mpro protomer has 12 Cys and 7 His residues, including the catalytic dyad Cys145

and His41 as well as the absolutely conserved His163, His164, and His172 in the S1 pocket.

Because the solution pKa’s of Cys and His (8.5 and 6.5, respectively) are only 1 pH unit

away from the physiological pH, it is important to determine their protonation states in

the protein before conducting a fixed-charged MD study. We performed the pH replica-

exchange GBNeck2-CpHMD simulations (63, 88), which have been shown to give accurate

pKa estimates, particularly for Cys (90) and His (63) The simulations were initiated from

the aforementioned crystal structure of SARS-CoV-2 Mpro (PDB: 6y2g (201)), whereby

all sidechains of Asp/Glu/His/Cys/Lys were allowed to titrate. 9 pH replicas were used

over a pH range of 5–9, with a total sampling time of 495 ns. The calculated pKa’s were

well converged (Fig. 3.22).

CpHMD showed that the catalytic dyad residues Cys145 and His41 are both neutral at

physiological pH, suggesting that the cleavage reaction of the Mpro follows a general base

and not an ion-pair mechanism like SARS-CoV-2/CoV PLpros (91), consistent with the

pH-dependent activity data of SARS-CoV Mpro (214). The latter gave the pKa’s of 8.34

and 6.38 for Cys145 and His41, respectively (214). The calculated pKa of His41 (6.6/6.7

for the two protomers, Table 3.6) is in excellent agreement with experiment, while the

calculated pKa of Cys145 is overestimated by about 2 units. Trajectory snapshots showed

that the deprotonated form of Cys145 requires stabilization by several hydrogen bonds that

are formed after extensive conformational sampling, consistent with our previous findings

regarding the deprotonation of cysteines (89, 90). We defer the detailed investigation of
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this topic to a future study.

Table 3.6: Calculated pKa’s of relevant Cys and His residues in the two protomers of SARS-
CoV-2/CoV Mpros0.

Residue SARS-CoV-2 SARS-CoV
A B A B

C22 7.5 6.8 6.8 7.0
C44 7.0 9.2 4.2 5.8
C145 neutral ∼9.41 neutral neutral
H41 6.6 6.7 6.2 6.5
H163 neutral neutral neutral neutral
H164 neutral neutral neutral neutral
H172 6.6 6.6 6.6 7.72

0Calculations based on the crystal structures of
SARS-CoV-2 (PDB: 6y2g(201)) and SARS-CoV
(PDB: 1uk2(209)) Mpros. A complete list of
pKa’s is given in SI Table 1. For residues that did
not titrate in the simulation pH range, their proto-
nation states are given. 1 Estimated based on par-
tial deprotonation at pH 7.0–9.0. 2 See discussion
in the main text.

Importantly, CpHMD titration gave the pKa’s of His163 and His164 below 5, whereas

the pKa of His172 is 6.6/6.6 (Table 3.6). Thus, our data supports the hypothesis that His163

is neutral, but it contradicts the hypothesis that His172 is charged at physiological pH (201,

209, 213). Consequently, our data suggests that the protonation state switch of His172 (and

not the proposed His163 (201, 209, 213)) is responsible for the conformational changes of

the S1 pocket at pH 6.

Conformational changes in the S1 pocket of SARS-CoV-2 Mpro. To test the hypoth-

esis that the protonation of His172 leads to a conformational deactivation of SARS-CoV-2

Mpro, we carried out two independent runs of 2-`s fixed-charged MD starting from the

crystal structure (PDB: 6y2g (201)). In run 1, His172 was neutral in protomer A and

110



charged in protomer B, while in run 2, His172 was charged in protomer A and neutral in

protomer B. All other residues were fixed in the standard protonation states, as determined

by the CpHMD titration for physiological pH (see Table S1). During the simulations, the

dimer and each protomer remained stable with a CU root-mean-square deviation (RMSD)

below 3 Å (Fig. 3.23 and Fig. 3.24). However, the RMSD of the oxyanion loop in the

monomer with the charged His172 increased to about 2 Å within 500 ns, whereas that in

the monomer with the neutral His172 stayed below 1 Å throughout the 2-`s simulations

(Fig. 3.25).

To understand the impact of the His172 protonation state, we first examine its inter-

action with Glu166 and the latter interaction with His163 by calculating the probability

distributions of the sidechain minimum distances. In both simulation runs, the charged

His172 forms a salt bridge (weak hydrogen bond) with Glu166 (distance of ∼3.5 Å); how-

ever, the interaction between the neutral His172 and Glu166 is flexible, as evident from the

distance distribution showing two peaks at 4.5/6 Å in the first run (Fig. 3.26a) and 3.5/6 Å

in the second run (Fig. 3.27). Interestingly, in the presence of the charged His172, Glu166

also forms a weak hydrogen bond with His163 (distance of ∼3.5 Å), whereas with the

neutral His172, the Glu166–His163 interaction is largely absent, with the most probable

distance of 7 Å in the first run (Fig. 3.26b) and 6.2 Å in the second run (Fig. 3.27). Trajec-

tory snapshots and the j1 angle distributions revealed that the sidechain of Glu166 adopts

different rotamer states dependent on the protonation state of His172. In the presence of the

charged His172, Glu166 prefers the 6− state (j1 of 300◦), whereas with the neutral His172,

it mainly samples the CA0=B state (j1 of 180◦, similar to the crystal structure value) and

occasionally adopts the 6+ state (j1 of 90◦, Fig. 3.26d and Fig. 3.27). These data suggest
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that when His172 is charged, Glu166 is locked in the 6− state, interacting with both His172

and His163, whereas when His172 is neutral, Glu166 sidechain is more flexible, sampling

both CA0=B and 6+ states and loosely interacting with His172 and His163.

Movement of the oxyanion loop in SARS-CoV-2 Mpro. The protonation state of His172

is also coupled to the conformation of the oxyanion loop L1. The CU RMSD of L1 in-

creased to 1.5–2 Å in the protomer with charged His172, but it remained below 1 Å in the

protomer with neutral His172 (Fig. 3.25). Trajectory snapshots revealed that L1 is moved

closer to the S1 pocket when His172 is charged. In the presence of the charged His172, the

distance between the center of mass of Glu166 and that of L1 is moved to ∼4 Å, whereas

with neutral His172, the distance is ∼6 Å (Fig. 3.26e and Fig. 3.27). The L1 movement

is likely due to the change in the interaction between Phe140 on L1 and His163. Crystal

structures of SARS-Cov-2/CoV Mpros show an aromatic ring stacking interaction between

them, which is thought to stabilize L1 in the active form. (201, 209) Simulations showed

that the stacking interaction is maintained when His172 is neutral (distance of ∼4 Å) and

disrupted when His172 is charged (distance of ∼8 Å, Fig. 3.26g, Fig. 3.27). Interestingly,

the loss in the aromatic stacking is correlated with a change in the sidechain conforma-

tion of Phe140, which adopts a CA0=B rotamer state (j1 angle ∼180◦) in the protomers

with charged His172 and a 6− state (j1 angle ∼300◦) in the protomers with neutral His172

(Fig. 3.26h, i and Fig. 3.27).

Comparison to crystal structures of active and inactive Mpro protomers. The con-

formational changes of the S1 pocket induced by the protonation of His172 are consistent
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with the differences between the crystal structures of the active protomer of SARS-CoV-2

Mpro (PDB 6y2g (201)) and the inactive protomer of SARS-CoV Mpro (PDB: 1uj1, see

Fig. 3.26 dashed lines). Two seeming discrepancies are worth noting. While the Glu166–

His172 interaction in the presence of neutral His172 is flexible in our simulations, the

aforementioned crystal structure shows a hydrogen bond. This discrepancy may be due

to the crystal vs. solution condition. In fact, about 10 crystal structures of SARS-CoV-

2 Mpro display a corresponding distance of ∼5 Å (Fig. S1), in line with the simulation

data (Fig. 3.26a and Fig. 3.27). Another seeming discrepancy is in the rotamer state of

Phe140. In the simulations, Phe140 switches to a CA0=B rotamer (j1 of 180◦) with the

charged His172, whereas in the crystal structure of the inactive protomer B of SARS-CoV

Mpro (PDB: 1uj1 (209)), the j1 angle remains similar to that in the active protomer. This

may be explained by the extremely low electron density of the Phe140 sidechain atoms in

the X-ray structure (B-factor nearly 100).

N-finger interactions and dimer stability in SARS-CoV-2 Mpro. Having tested our

hypothesis that protonation of His172 leads to a partial collapse of the S1 pocket, we turn to

its interactions with the N-finger, which were thought to be disrupted at low pH. (201, 209)

Note, the positions of the first two N-terminal residues were missing in the pH 6 crystal

structure of SARS-CoV Mpro (PDB: 1uj1 (209)). In most of the crystal structures of

SARS-CoV-2 Mpro, the interactions between Phe140/His172A/B and Ser1B/A are stable,

while the Glu166A/B–Ser1B/A distance varies between 2.2 and 5.3 Å (Fig. 3.21).

In the simulation run 1, the interactions between Glu166A/His172A (neutral His172A)

and Ser1B are largely maintained, and the interaction between Phe140A and Ser1B is flex-
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ible (Fig. 3.28). In contrast, the interactions between Phe140B/Glu166B/His172B (charged

His172B) and Ser1A are completely abolished (Fig. 3.28). In the simulation run 2, the

differences are more pronounced; all three interactions sample the crystal structure values

when His172 is neutral but become disrupted when His172 is charged (Fig. 3.29).

To further investigate the effect of His172 protonation on the dimerization stability,

we examined several hydrogen bond contacts formed between the two protomers in the

crystal structure (PDB: 6y2g (201)). Distance distributions show that all interactions,

Gln127A/B/ Glu290A/B–Arg4B/A, Ser10A/B–Ser10B/A, Glu14A/B–Gly11B/A, and Val125A/B–

Ala7B/A, remain stable regardless of the His172 protonation state (Fig. 3.30), which is

consistent with the dimer stability in both simulation runs (Fig. 3.23).

Protonation states and proton-coupled dynamics of SARS-CoV Mpro. To further cor-

roborate our findings, we conducted CpHMD titration and fixed-charged MD simulations

of SARS-CoV Mpro starting from the crystal structure (PDB: 1uk2 (209), convergence

plots are given in Fig. 9). The CpHMD titration results of SARS-CoV Mpro are consistent

with those from SARS-CoV-2 Mpro (Table 3.6 and Table 3.7). The pKa’s of the catalytic

His41 and Cys145 remain neutral at physiological pH (Table 3.6), supporting a general

base mechanism for Mpro’s proteolytic function. (214) Consistently, His163 and His164

remain neutral above pH 4.5. However, while the pKa of His172A is identical to that in

SARS-CoV-2 Mpro, the pKa of His172B is one unit higher. The difference can be attributed

to the loss of the interaction with Ser1A in the crystal structure (PDB: 1uk2(209)). Due to

the charged amino group, the His172B–Ser1A interaction would destabilize the charged

form of His172B and thereby lowering its pKa.
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Table 3.7: Calculated pKa’s of SARS-CoV-2/CoV Mpros from the CpHMD titration
simulations0.

SARS-CoV-2 Mpro SARS-CoV Mpro
Residue 6y2g(A) 6y2g(B) 1uk2(A) 1uk2(B)

Cys1 22 7.5 6.8 6.8 7.0
44 7.0 9.2 4.2 5.8
85 ∼9.5 ∼9.0 neutral neutral
117 neutral ∼9.2 neutral 8.3
128 ∼9.4 ∼9.1 neutral neutral
145 neutral ∼9.4 neutral neutral
300 8.4 neutral neutral ∼8.8

His2 41 6.6 6.7 6.2 6.5
64 6.1 6.1 6.4 6.4
80 6.3 6.2 6.5 6.4

1343 N/A N/A 6.9 7.0
172 6.6 6.6 6.6 7.7
246 ∼4.3 ∼4.9 5.3 5.4

0 The pKa’s of both protomers are given. Calculations are based on the crystal structures
of SARS-CoV-2 Mpro (PDB: 6y2g(201)) and SARS-CoV Mpro (PDB: 1uk2 (209)). For
residues that did not have a complete titration curves, their estimated pKa’s are given and
indicated with ∼. For residues that did not titrate in the entire simulation pH range, their
charge states are given. The pKa’s of all Asp and Glu sidechains are not listed, as most
of them remained deprotonated (charged) in the entire simulation pH range and a few of
them (Glu166A/B, Glu240 B, Asp263 A in SARS-CoV-2 Mpro; Glu166A and Asp216A
in SARS-CoV Mpro) have estimated pKa’s 5–5.8. All Lys sidechains remained protonated
(charged) in the entire pH range.
1 The pKa’s of Cys16, Cys38, Cys156, Cys160, and Cys265 are not listed, as they remained
protonated (neutral) in the entire pH range.
2 The pKa’s of His163 and His164 are not listed, as they remained singly protonated (neu-
tral) in the entire pH range.
3 SARS-CoV-2 Mpro does not have His134.

To test the hypothesis that protonation of His172 leads to the conformational deactiva-

tion of the S1 pocket in SARS-CoV Mpro, we performed a 2-`s fixed-charged MD simula-

tion starting from the aforementioned crystal structure (PDB: 1uk2 (209)), in which His172

was fixed in neutral and charged states in protomers A and B, respectively. The differences

in the S1 pocket interactions between protomer A and B are in complete agreement with

those of SARS-CoV-2 Mpro (Fig. S10). We did not test the S1 pocket interactions with

115



Ser1, as the hydrogen bonds between the S1 pocket residues of protomer B and Ser1 of

protomer A in the the X-ray structure of SARS-CoV Mpro are absent (PDB: 1uk2 (209)).

New opportunity for small-molecule broad-spectrum covalent inhibitor design. Cur-

rently, the majority of potent broad-spectrum antiviral inhibitors are large substrate mimet-

ics carrying an electrophilic warhead that covalently binds with the catalytic Cys145 in

SARS-CoV-2/CoV Mpros, e.g., the U-ketoamide based inhibitors from the Hilgenfeld lab

(201) and Pfizer’s ketone-based inhibitor PF-00835231 that has entered clinical trial. (207)

The latter is promising, as it also showed additive/synergistic effect in combination with

remdesivir which targets the RNA polymerase. However, delivery of large peptidomimetic

compounds such as Pfizer’s inhibitor (207) often requires intravenous infusion, which

necessitates hospital visit and lowers patient compliance. Thus, orally available small-

molecule antiviral drugs are more desirable.

Interestingly, the CpHMD titration revealed that Cys22 and Cys44, which are conserved

among the Mpros of SARS-CoV-2/CoV, MERS-CoV, and SARS-like bat-CoV, are signif-

icantly more nucleophilic than Cys145, as they are readily deprotonated at physiological

pH (Table 3.6). The hyper-reactivity of Cys44 and its promixity to the substrate binding

pocket make it a particularly attractive site of covalent linkage. A recent crystal structure

showed that galangin (3,5,7-trihydroxyflavone), a naturally occurring flavonoid with anti-

tumor activities (218, 219), is bound to SARS-CoV-2 Mpro in a position with a minimum

heavy-atom distance of 3.9 Å to either Cys44 or Cys145 (Fig. 3.31). Thus, we envision the

design of targeted covalent inhibitors of Mpros by installing a weakly electrophilic war-

head on ganlangin to enable the covalent bond formation with the Cys44 thiolate. It is also
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conceivable that two warheads can be installed on both ends of ganlangin to bond with

both Cys44 and Cys145, allowing superior potency. These strategies may lead to novel

small-molecule broad-spectrum covalent inhibitors that have not been attempted so far.

3.2.5 Conclusion

Our simulations showed that the protonation state of His172 profoundly impacts the

conformation of the S1 pocket through an interaction network involving His172, Glu166,

His163, and Phe140. When His172 is neutral, Glu166 is flexible and does not form a

hydrogen bond with His163, which allows His163 to maintain the aromatic stacking with

Phe140 and thereby keeping the oxyanion loop in the active open conformation. However,

when His172 is charged, it forms a salt bridge with Glu166, which locks Glu166 in the 6−

rotameric state, stabilizing the hydrogen bond interaction with His163. The latter results

in a disruption of the stacking interaction between His163 and Phe140 and consequently a

collapse (closing) of the oxyanion loop towards the S1 pocket. Consistent with the pH 6

crystal structure of SARS-CoV Mpro, our data provides a detailed molecular mechanism of

the conformational deactivation and loss of catalytic activity of SARS-CoV-2/CoV Mpros

with decreased pH. Our future work will address the mechanism of the Mpro’s activity

decrease at high pH. We speculate that deprotonation of the amino terminus may play a

significant role, as the solution pKa of the U-amino group is 8.0 (42) and in the proximity

of the negatively charged Glu166, the pKa may shift somewhat higher.

The present study has several caveats worth pointing out. In the CpHMD simulations,

the N-terminus was acetylated which may have reduced the stability of the dimer interface.

In the fixed-charge simulations, only the protonation state of His172 was varied as it is one
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of the two residues suggested by experiment to possibly make an impact on the S1 pocket;

however, His41 may also become protonated at similar pH (e.g., pH 6) and this effect was

neglected in the present study. With regards to the dimerization stability, the fixed-charge

simulations of SARS-CoV-2 Mpro demonstrated that His172 protonation disrupted the S1

pocket interactions with Ser1 but not other dimer interface contacts. The latter could be a

result of the limited sampling time.

While a complete elucidation of the pH-dependent conformational mechanisms awaits

future investigation, the present work offers a first step in understanding the proton-coupled

structure-dynamics-function relationships of coronavirus Mpros. Our finding of the hyper-

reactive cysteine and the proposed strategies of designing small molecule targeted covalent

inhibitors may help accelerate the development of orally available broad-spectrum antiviral

drugs to stop the current pandemic and prevent future outbreaks.
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Figure 3.21: Relevant distances from all available X-ray crystal structures of SARS-CoV-2
Mpro from Protein Data Bank. A) Shortest distance between Glu166 (OE1, OE2) and His172
(NE2, ND1). The structures (PDB: 6M2N at pH 5.8, PDB: 5RGK, 5RGX, 5RGZ, 7BRP at pH 6.5
and 6WTJ, 7C8U, 7JYC at pH 7.0, 6WNP, 6YT8 at pH 7.5, 6YZ6 at pH 7.8, 6XKH, 6Y2G(B) at
pH 8.5) lack the hydrogen bond between Glu166 and His172. B) Shortest distance between Glu166
(OE1/OE2) and His163 (NE2/ND1). C) Distance between the center of mass (COM) of Glu166
(OE1/OE2) and L1 loop (CU atoms of residues 138-145). D) Distance between the COM of imida-
zole ring of His163 and phenyl ring of Phe140. E) Shortest distance between the catalytic Cys145(S)
and His41 (NE2/ND1). F) Shortest distance between Glu166 (OE1/OE2) and Ser1 (backbone N) of
the opposite protomer. G) Distance between Phe140 (O) and the N-terminal amino nitrogen of the
opposite protomer. H) Shortest distance between His172 (NE2/ND1) and Ser1 (O) of the opposite
protomer. F), G), H) Calculations used the structures containing two independent protomers. The
structure (PDB: 7BRP, pH 6.5) lacks the hydrogen bond between Glu166 and Ser1. In another struc-
ture (PDB: 6XBI, pH 5.6), Ser1 lacks all interactions with the S1 binding pocket residues (Glu166,
His172, and Phe140). The structure (PDB 6XBI, pH 5.6) contains two extra residues before Ser1.
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CoV-2 Mpro dimer from the starting structure of the production run. Two simulation
runs are shown.

0

1

2

3

4

0.1 0.5 1.0 1.5 2.0
Time [μs]

Run 2

H172 (+) H172 (0)

0

1

2

3

4

0.0 0.5 1.0 1.5 2.0
Time [μs]

Run 1

R
M

S
D

 [Å
]

H172 (+) H172 (0)

Figure 3.24: Time course of the CU RMSD of the individual protomer of SARS-CoV-2
Mpro dimer from the starting structure of the production run. Data for the protomer
with neutral and charged His172 are shown in green and orange, respectively. Two simula-
tion runs are shown.
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145) in SARS-CoV-2 Mpro dimer from the starting structure of the production run.
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Figure 3.26: Conformational changes of the S1 pocket in SARS-CoV-2 Mpro is coupled
to the switch of His172 protonation state. a), b) Probability distribution of the minimum
distance between the carboxylate oxygens of Glu166 and the imidazole nitrogens of His172
(a) and His163 (b). d) Distribution of the j1 angle of Glu166. e) Distribution of the
distance between the center of mass of Glu166 (carboxylate oxygens) and the oxyanion
loop (CU atoms of residues 138–145). g) Distribution of the distance between the center
of mass of the aromatic rings of His163 and Phe140. h) Distribution of the j1 angle of
Phe140. Data for the protomer with neutral and charged His172 are colored green and
orange, respectively. All plots were based on simulation run 1 (run 2 data given in Fig.
3.27). The black and red dashed lines indicate the corresponding values from the protomer
A of the SARS-CoV-2 Mpro structure (PDB: 6y2g (201)), and the inactive protomer B of
the SARS-CoV Mpro structure (PDB: 1uj1 (209)). c), f) and i) Snapshots showing the
conformational differences between the the protomers with neutral (green) and charged
(orange) His172. The oxyanion loop is colored magenta.
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Figure 3.27: Conformational changes in the S1 pocket of SARS-CoV-2 Mpro dimer
in the simulation run 2. a), b) Probability distribution of the minimum distance between
carboxylate oxygens of Glu166 and imidazole nitrogens of His172 (a) and His163 (b).
d) Distribution of the j1 angle of Glu166. e) Distribution of the distance between the
center-of-mass (COM) of Glu166 (carboxylate oxygens) and the oxyanion loop (CU atoms
of residue 138–145). g) Distribution of the distance between the center of mass of the
aromatic rings of His163 and Phe140. h) Distribution of the j1 angle of Phe140. Data
for the protomer with the neutral and charged and His172 are colored green and orange,
respectively. All calculations were based on the last 1-`s trajectory. The dashed vertical
lines indicate the distances and angles in the X-ray structure PDB 6Y2G (protomer A).
c), f) and i) Snapshots showing the conformational differences between the two protomers
with neutral (green) and charged (orange) His172. The oxyanion loop is colored magenta.
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Figure 3.28: Interactions between the S1 pocket residues and Ser1 of the opposite
protomer in SARS-CoV-2 Mpro are disrupted by the protonation of His172. a), b),
c) Probability distributions of the Glu166A/Phe140A/His172A–Ser1B distances are colored
green; distributions of the Glu166B/Phe140B/His172B–Ser1A distances are colored orange.
His172 is neutral in protomer A and charged in protomer B. The Glu166/Phe140–Ser1
distance refers to that between the N-terminal amino nitrogen and the nearest carboxyl
oxygen of Glu166 or the carbonyl oxygen of Phe140. The His172–Ser1 distance is refers
that between the backbone carbonyl oxygen of Ser1 and the nearest imidazole nitrogen
of His172. d) Zoomed-in view of the interactions between the S1 pocket (protomer A)
and Ser1 (protomer B) in the X-ray structure of SARS-CoV-2 Mpro (PDB: 6y2g (201)).
Hydrogen bonds are shown in dashed lines.
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Figure 3.29: N-finger interactions are disrupted in the simulation run 2 of SARS-CoV-
2 Mpro dimer. a) Probability distribution of the distance between Glu166A and Ser1B

(orange) and between Glu166B and Ser1A (green). The distance is measured between the
N-terminal amino nitrogen of Ser1 and the nearest carboxyl oxygen of Glu166. b) Probabil-
ity distribution of the distance between Phe140A and Ser1B (orange) and between Phe140B

and Ser1A (green). The distance is measured between the backbone carbonyl oxygen of
Phe140 and the N-terminal amino nitrogen of Ser1. c) Probability distribution of the dis-
tance between His172A and Ser1B (orange) and between His172B and Ser1A (green). The
distance is measured between the nearest imidazole nitrogen of His172 and the backbone
carbonyl oxygen of Ser1. His172 is charged in protomer A and neutral in protomer B.
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Figure 3.30: Important dimer interface interactions in the two simulation runs
of SARS-CoV-2 Mpro. a) Probability distribution of the minimum distance between
Gln127A/B(backbone carbonyl oxygen) and Arg4B/A(guanidinium nitrogen). b) Distri-
bution of the minimum distance between Glu290A/B (carboxylate oxygens) and Arg4B/A

(guanidinium nitrogens) c) Distribution of the distance between Glu14A/B (carboxylate
oxygens) and Gly11B/A (backbone amide nitrogen). d) Distribution of the distance be-
tween Val125A/B (backbone amide nitrogen) and Ala7B/A (backbone carbonyl oxygen). e)
Distribution of the distance between Val125A/B (backbone carbonyl oxygen) and Ala7B/A

(backbone amide nitrogen). f) Probability distribution of the distance between Ser10A/B

(backbone carbonyl oxygen) and SerB/A (backbone amide nitrogen). Data from run 1 and
run 2 are represented by solid and dashed lines, respectively. In run 1, His172 is neutral
in protomer A (green) and charged in protomer B (orange). In run 2, His172 is charged in
protomer A (orange) and neutral in protomer B (green).
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Figure 3.31: A natural flavonoid compound offers a starting point for designing small-
molecule broad-spectrum targeted covalent inhibitors. X-ray structure of SARS-CoV-2
Mpro in complex with galangin (PDB: 6m2n) shows that it is in the proximity of both
Cys44 and Cys145.
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Chapter 4

Alternative proton-binding site and long-distance coupling in

Escherichia coli sodium-proton antiporter NhaA1

In this chapter, simulations of mutant forms of the sodium-proton antiporter, NhaA,

from E. Coli are studied. This work is a continuation of the work lead by Dr. Yandong

Huang, who started the project by simulating WT NhaA (75). Here, I have extended upon

this work to help understand recent mutation and electrophysiological studies. Addition-

ally, work is being done on another sodium-proton antiporter, NapA, which is a collabora-

tion with Mr. Ian Kenney and Dr. Oliver Beckstein at Arizona State University, and that

work is not included here.

4.0.1 Abstract

E. coli NhaA is a prototypical sodium-proton antiporter responsible for maintaining cel-

lular ion and volume homeostasis by exchanging two protons for one sodium ion; despite

two decades of research, the transport mechanism of NhaA remains poorly understood.

Recent crystal structure and computational studies suggested Lys300 as a second proton

binding site; however, functional measurements of several K300 mutants demonstrated

electrogenic transport, thereby casting doubt on the role of Lys300. To address the con-

troversy, we carried out state-of-the-art continuous constant pH molecular dynamics sim-

1Reprinted Permission from Henderson J.A., Huang Y., Beckstein O., and Shen J., Alternative proton
binding site and long-distance coupling in Escherichia coli sodium-proton antiporter NhaA. Proc. Natl. Acad.
Sci., 2020, 117, 25517-25522. Copyright (2020) Proceedings of the National Academy of Science of the
United States of America
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ulations of NhaA mutants K300A, K300R, K300Q/D163N, and K300Q/D163N/D133A.

Simulations suggested that K300 mutants maintain the electrogenic transport by utilizing

an alternative proton binding residue Asp133. Surprisingly, while Asp133 is solely respon-

sible for binding the second proton in K300R, Asp133 and Asp163 jointly bind the second

proton in K300A, and Asp133 and Asp164 jointly bind two protons in K300Q/D163N.

Intriguingly, the coupling between Asp133 and Asp163 or Asp164 is enabled through the

proton-coupled hydrogen bonding network at the flexible intersection of two disrupted he-

lices. These data resolve the controversy and highlight the intricacy of the compensatory

transport mechanism of NhaA mutants. Alternative proton binding site and proton sharing

between distant aspartates may represent important general mechanisms of proton-coupled

transport in secondary active transporters.

4.0.2 Introduction

Cation/proton antiporters (CPA) play important roles in pH, ion and volume homeosta-

sis by exchanging one (CPA1) or two (CPA2) protons for typically one sodium or potassium

ion (74, 220–222). One of the best studied CPA is E. coli NhaA, which serves as a proto-

type for understanding the function of CPA2 family members. Over the past two decades,

the ion transport mechanism of NhaA has been probed by a large number of biochemical

and physiology experiments (74, 220), and two atomic-resolution crystal structures in the

inward-facing conformation at low pH have been resolved (124, 223). The crystal struc-

tures show that the NhaA monomer is comprised of a core and a dimer domain totalling 12

transmembrane (TM) helices. The ion binding site, consisting of Asp163, Asp164, Lys300,

and Thr132, is located in the middle of the core domain and near the intersection of two
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antiparallel discontinuous helices, TM4 and TM11 (Fig. 4.1).

An ongoing debate of the NhaA antiport mechanism centers on the question of which

two residues are involved in proton binding. General consensus is that (1) a competitive

binding mechanism is at work whereby two protons and one sodium ion cannot be bound

at the same time; (2) the sodium ion binds to Asp164; and (3) Asp164 is one of the pro-

ton binding residues. However, the identity of the second proton binding residue remains

controversial. The “two-aspartate” model (126, 127, 222, 224), which was proposed after

the first crystal structure of inactive NhaA was obtained (223), assumes that the second

proton is carried by Asp163. In this model, Lys300 primarily fulfills a role of stabilizing

the protein. The more recent “salt-bridge model” (75, 124), which was proposed after the

second crystal structure of inactive NhaA was resolved (124), suggests that the second pro-

ton is carried by Lys300, which is stabilized by a salt bridge with the deprotonated Asp163.

Binding of sodium to Asp164 and Asp163 destabilizes the salt bridge and lowers the pKa

of Lys300 so that it releases the second proton.

Perhaps the best evidence for the two-aspartate model comes from the recent solid sup-

ported membrane (SSM)-based electrophysiology measurements of Lys300 mutants. In

particular, the K300Q and K300A mutants showed electrogenic transport, albeit with a

maximum current decreased to 2.5% and 7.5% respectively (126, 127). Substitution with a

charged residue, such as the K300R and K300H mutants, also produced electrogenic trans-

port, albeit with a maximum current decreased to 13.3% and 18.3%, respectively (126). In-

terestingly, the double mutant K300Q/D163N also showed electrogenic activity, although

the maximum current was further decreased to 0.8% (127). To explain the latter, Fendler

and coworkers hypothesized that Asp133 may play the role of an auxiliary proton binding
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site (127). Circular dichroism (CD) measurements demonstrated reduced thermal stability

for all of the Lys300 mutants, and thus, Lys300 was assigned a primarily structural role

(126, 127). Most recently, a broad evolutionary analysis of CPAs revealed eight highly

conserved residues, among which position 6 and 7 correspond to Asp163 and Asp164 in

NhaA and position 8 corresponds to Lys300 in NhaA (222). A subsequent experiment

of the triple mutant P108E/A106S/D163N showed electroneutral transport, thus offering a

renewed support to the two-aspartate model.

Periplasm

Cytoplasm

D133

K300

T132

D163
D164

A131 T340
TM4 TM11

TM5

TM10

Figure 4.1: Overview of NhaA. Structure of NhaA (PDB 4au5 (124)) and a zoomed-in
view of the ion binding site. Important transmembrane helices and residues discussed in
this work are labeled.

Evidence for the salt-bridge model comes from the Asp163-Lys300 salt bridge in the

second crystal structure of NhaA (124) as well as the analogous salt bridge (Asp156-

Lys305) in the crystal structures of the homologous NapA from T. thermophilus in the

inward- (225) and outward-facing states (125). The salt-bridge model is also supported by

the recent fixed-charge (124) and the continuous constant pH molecular dynamics (CpHMD)

studies. (75) The latter work (75) showed that the pKa of Asp164 is the highest among the

active-site aspartates, confirming its role as a proton binding residue; in contrast, the pKa of

Asp163 is always lower than the solution value of 4, due to either the electrostatic interac-
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tion with Lys300 or sodium binding, indicating that it cannot accept a proton. Interestingly,

the pKa of Lys300 depends on sodium binding. In the absence of sodium binding, Lys300

forms a salt bridge with Asp163, which stabilizes the charged form of Lys, leading to an

upshift of the pKa to around 11.6, compared to the solution pKa of 10.4. However, when a

sodium ion binds to Asp163 and Asp164, the salt bridge is disrupted, resulting in a down-

shift of the pKa by about 2.7 units to 8.9. In the presence of sodium binding, the simulated

titration curve shows that lysine starts to deprotonate at a pH around 7 and the occupancy

of the deprotonated state increases with pH. Taking into account the slight overestimation

of the lysine pKa by simulation, (75) the titration behavior of lysine is well correlated with

the measured pH profile of the sodium current: no current at pH below 6.5 and a dramatic

increase between pH 7 and 8.5 (224, 226, 227). Therefore, together with the calculated

pKa’s of the aspartates, the CpHMD simulation suggested that Asp164 and Lys300 are the

two proton-binding sites (75).

Given the strong evidence for Lys300 being the second proton-binding residue, why do

K300 mutants retain electrogenic transport? Intrigued by the apparent contradiction, we

set out to investigate the protonation states of key aspartic residues in the K300A, K300R,

and K300Q/D163N mutants, using the membrane-enabled hybrid-solvent CpHMD method

with pH replica-exchange (60, 75), which has been previously applied to investigate the

activation mechanism of NhaA and elucidate the role of Lys300 (75). Our simulations sug-

gest that an alternative proton-binding residue, Asp133, can accept a proton when Lys300

is mutated. Surprisingly, titration of Asp133 is coupled to Asp163 in K300A or Asp164

in K300Q/D163N. To provide a testable hypothesis, simulations were also conducted for a

triple mutant K300Q/D163N/D133A.
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4.0.3 Methods and Protocols

System preparation. The structures of the mutants, K300A, K300R, and K300Q/D163N,

K300Q/D163N/D133A were built from the final snapshot of the equilibration simulation of

WT NhaA (75), which started from the monomer B of the inward-facing crystal structure of

NhaA (PDB 4au5) (124). The protein was embedded in a bilayer composed of 135 (63 up-

per and 72 lower leaflets) 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC) lipid

molecules. Both sides of the lipid bilayer were hydrated with a 15-Å slab of explicit wa-

ter. Sodium and chloride ions were added to neutralize the system at physiological pH and

reach the ionic strength of 0.15 M. The K300A mutation was made by manually truncating

the Lys sidechain, while the other mutations were made using the mutation command in

the MMTSB toolset (228). The number of ions in the solution was adjusted accordingly.

Each mutant system underwent energy minimized using 50 steps of steepest decent and

10 steps of Adopted Basis Newton-Raphson algorithms followed Other details of system

preparation are given in our previous work (75).

Continuous constant pH molecular dynamics (CpHMD) simulations. Membrane-enabled

hybrid-solvent continuous constant pH molecular dynamic (CpHMD) (60, 75) simulations

were conducted using the CHARMM (Chemistry at HARvard Molcular Mechanics) pro-

gram version c42a2 (61). Following the energy minimization, the mutant systems were

briefly equilibrated using CpHMD at pH 4 (crystallization pH) for 2.4 ns, whereby the

harmonic restraints on the protein heavy atoms were reduced from 1 kcal/mol/Å to zero.

The systems were then subjected to pH replica-exchange CpHMD simulations. 16 replicas

in the pH range 2.5–8 were used for the mutant simulations. Each replica was simulated
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under constant NPT (number of particles, pressure, and temperature) conditions at 310

K and 1 atm. In the replica-exchange protocol, an attempt to swap between adjacent pH

replicas was made every 500 MD steps. The aggregate sampling time was 423 ns for the

WT, 688 ns for K300A, 448 ns for K300R, 432 ns for K300Q/D163N, and 392 ns for

K300Q/D163N/D133A. We note that within these simulation times, the heavy atom root-

mean-square deviations (RMSD) and pKa’s of relevant residues were converged (Fig. 4.2

and Fig. 4.3). All analysis were based on the last 240 ns of mutant simulations.

In the membrane-enabled hybrid-solvent CpHMD method (75), conformational sam-

pling is conducted in fully explicit solvent and lipid bilayer, while the forces on the titration

coordinates are calculated with the membrane GBSW (generalized Born simple switch)

implicit-solvent model (79). Mixing solvent models is an approximation, and one potential

artifact is a spike in potential energy due to the lack of solvent relaxation after a _ update

(60). To avoid this, a GBSW calculation and update of titration coordinates are executed

every 5 MD steps, as in our previous NhaA simulations (75) and other work (40). Another

potential artifact that is perhaps more subtle is related to the lack of a formal Hamiltonian

in the mixed-solvent simulations. As a consequence, the use of a Hamiltonian (pH) replica-

exchange protocol may result in a small bias in the conformational distributions. A related

thermostat artifact has been previously demonstrated in temperature replica-exchange sim-

ulations of peptide folding (229). This is a topic that warrants a detailed investigation in

the future.

For the membrane GBSW model (79), the thickness of the implicit bilayer was cal-

culated as 30 Å, using the average distance between the C2 atoms of the lipids in the

cytoplasmic- and periplasmic-facing leaflets. The implicit membrane was excluded from

133



the interior of the protein using an exclusion cylinder with a radius of 15 Å placed in

the center of the protein. This distance provided maximum coverage of the protein while

overlapping with as few lipids as possible. A switching distance of 5 Å was used for the

transition between the low dielectric slab and bulk solvent. All other settings used the

default options, consistent with our previous work (60, 75).

Molecular dynamics protocol. The protein was represented by the CHARMM22/CMAP

(Correction MAP) all-atom force field (5, 140), the lipids were represented by the CHARMM36

lipid force field, (9) and water with the CHARMM modified TIP3P (Transferable Inter-

molecular Potential with 3 Points) water model (61). Temperature was maintained at 310

K using a modified Hoover thermostat, (230) and the pressure was maintained with the

Langevin piston coupling method (231). The van der Waals interactions were smoothly

switched to zero between 10 and 12 Å. The particle mesh Ewald method (192) was used

to calculate long-range electrostatics, with a real space cutoff of 12 Å and a sixth-order in-

terpolation with a 0.9 Å grid spacing. All bonds involving hydrogen were restrained using

CHARMM’s SHAKE algorithm (141), allowing for a 2-fs time step.

pKa analysis. Following Ullmann (232) and our previous work (93), we write down the

probabilities of the doubly deprotonated (%0), singly-protonated (%1), and doubly proto-

nated (%2) states for a coupled titration pair (e.g. Asp163/Asp133) as

%0 = 1//;%1 = 10p 1−pH//;%2 = 10p 1+p 2−2pH//, (4.1)
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where p 1 refers to the macroscopic pKa for gaining the first proton, e.g., D133−/D163−

→ D133−/D163� or D133�/D163−, and p 2 refers to the macroscopic pKa for gaining

the second proton, e.g., D133−/D163� or D133�/D163− → D133�/D163� , and / is the

partition function

/ = 1+10p 1−pH +10p 1+p 2−2pH. (4.2)

The total number of bound protons is therefore (93, 232)

% = %1 +2%2. (4.3)

Fitting of % vs. pH to the above equation gives the two macroscopic pKa’s.

4.0.4 Results and Discussion

Calculated pKa’s confirm Asp164 as the first proton carrier and suggest Asp133 is the

second proton carrier in the K300 mutants. The membrane-enabled hybrid-solvent

CpHMD simulations with pH replica-exchange (60, 75) were initiated from the crystal

structure of NhaA (PDB 4au5 (124)). The production runs contained 16 replicas in the pH

range 2.5–8 and simulations continued for 28–45 ns per replica until the protonation state

fractions at all pH values (and correspondingly the pKa’s) of the relevant residues were

converged. The aggregate sampling time was 432–688 ns for each mutant. Convergence

analysis and replica-exchange statistics are provided in Table 4.2 and Fig. 4.2 to 4.7. Con-

sistent with our previous CpHMD simulations of membrane transporters (40, 77), the pH

replica-exchange protocol significantly accelerated the pKa convergence, as the direct cou-

pling between conformation and titration coordinates allows random walks in the pH space
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to enhance the sampling of both conformational and protonation states(60).

Table 4.1 summarizes the calculated pKa values of the active-site aspartates in the WT

and K300 mutants of NhaA.

Table 4.1: Calculated pKa’s of the active-site aspartic acid residues in the WT and K300
mutant of NhaA

Protein D133 D163 p 1/p 2 D164
WT 4.8 2.40 n/a 5.1
K300A 4.8 3.8 5.5/3.51 5.0
K300R 4.8 2.10 n/a 5.2
K300Q/D163N 4.8 n/a 5.9/4.42 5.5
K300Q/D163N/D133A n/a n/a n/a 5.3

0Estimated pKa may not be very accurate, as it is at or be-
low the lowest titration pH. 1Macroscopic pKa’s of the cou-
pled titration of Asp133/Asp163. 2Macroscopic pKa’s of
the coupled titration of Asp133/Asp164. n/a refers to not
applicable.

Asp164 is a consensus proton-binding residue and in agreement with this role, shows

a pKa of 5.1 in the WT and 5.0–5.5 in the mutants, higher than the model (solution) pKa

value of 4. Asp163 has a depressed pKa of 2.4 in WT, (75, 124) making it unlikely to be

protonated in the periplasmic pH of about 6.5. In K300A, the pKa of Asp163 is higher than

in WT due to the lack of salt-bridge interaction with Lys300; however, it remains lower

than the model value of 4, due to hydrogen bonding with Thr132 and Ala131 (see later

discussion). In K300R, the pKa of Asp163 is even lower than in WT due to the salt bridge

interactions with Arg300. Thus, the low pKa of Asp163 makes it implausible to accept a

proton at relevant pH. Interestingly, the pKa of Asp133 remains at 4.8, similar to the pKa

of Asp164. These data support the hypothesis (127) that Asp133 acts as an alternative

proton acceptor in the absence of Lys300, i.e., in the absence of the salt-bridge mechanism,

Asp133 assumes the role of the second proton carrier. Fendler and coworkers invoked this

hypothesis to explain the electrogenic transport of the double mutant K300Q/D163N (127),
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but our data suggest that it is also operative for the single mutants of K300.

Asp133 has been repeatedly implicated as an essential residue for the stability and

function of NhaA. Various D133 mutants were highly unstable (233); D133N resulted in

the loss of antiporter activity (234) and D133C, D133A, and D133K mutations significantly

impeded binding of sodium or lithium ions.(233, 235, 236) Asp133 is a well conserved

residue next to the sodium-binding residue Thr132 (75, 236) and is likely accessible from

either periplasm or cytoplasmic side when the protein undergoes the alternating-access

conformational change. If Asp133 indeed plays the role of an alternative proton acceptor

then mutating it in addition to removing K300 should lead to an electroneutral transporter.

The CpHMD titration of a triple mutant K300Q/D163N/D133A shows that Asp164, the

only remaining ionizable residue in the active site, has a pKa of 5.3, which is 0.3 units

higher than the WT and similar to the other K300 mutants. We hypothesize that although

the simultaneous mutation of Asp133 and Asp163 would significantly impede ion binding,

this triple mutant may still be able to transport sodium in exchange for one proton.

Table 4.2: Replica Exchange Statistics

Protein Min Exchange Probability Max Exchange Probability Average
K300A 0.39 0.60 0.50
K300R 0.32 0.62 0.49
K300Q/D163N 0.30 0.61 0.48
K300Q/D163N/D133A 0.31 0.58 0.49
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Figure 4.4: Time series of the replica walk through pH space in the simulations K300A
NhaA.
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Figure 4.5: Time series of the replica walk through pH space in the simulations K300R
NhaA.
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Figure 4.6: Time series of the replica walk through pH space in the simulations
K300Q/D163N NhaA.
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Figure 4.7: Time series of the replica walk through pH space in the simulations
K300Q/D163N/D133A NhaA.
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Titration of Asp133 is coupled to Asp163 in the single mutant K300A NhaA. Cou-

pled proton titration is a phenomenon, whereby protonation/deprotonation of two residues

affects each other, resulting in irregular titration curves and the necessity to invoke a two-

proton model for calculating macroscopic pKa’s. (237) Typically, the coupled residues are

hydrogen bonded to each other, such as the aspartyl dyad in enzymes (63, 163), or spatially

proximal to each other, such as the adjacent Asp407/Asp408 in the E. coli multi-drug efflux

transporter AcrB, which pumps out one drug molecule for two protons (77). Interestingly,

we found that the titration curve of Asp163 in K300A NhaA is irregular (Fig. 4.8), prompt-

ing us to test coupled titration between all pairs of titratable residues in the ion binding

site of K300A, K300R, and WT NhaA. While no coupling between any residue pairs was

found for K300R and WT NhaA, Asp133/Asp163 in K300A NhaA was found to influence

each other’s titration, even though the CW distance is about 13 Å in the crystal structure

(Fig. 4.1). The titration curve of Asp163 shifts its position dependent on the protonation

state of Asp133. When Asp133 is deprotonated, the pKa of Asp163 is shifted higher, indi-

cating that it is more likely to be protonated; conversely, when Asp133 is protonated, the

pKa of Asp163 is shifted lower, indicating that it is more likely to be deprotonated (Fig.

4.8). A similar behavior is seen for the titration of Asp133, which is dependent on the

protonation state of Asp163 (Fig. 4.8).

In light of the coupling between Asp133 and Asp163 in the K300A mutant, we cal-

culated the macroscopic pKa’s using the coupled two-proton model, which resulted in

p 1/p 2 of 5.5/3.5 (Table 4.1). The splitting between p 1 and p 2 is 2, which is 1 unit

larger than the splitting between the site-specific pKa’s of 4.8 and 3.8, reflecting the afore-

mentioned anti-cooperative behavior of Asp133 and Asp163 titrations. Below we will focus
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D163 is protonated (black) and unprotonated (red). b) Unprotonated fraction of D163 vs.
pH when D133 is protonated (black) and unprotonated (red).

on p 1, as it represents the pKa of the relevant protonation event where pH is decreased

from high (cytoplasmic) to low (periplasmic).

We examined the details of proton coupling by calculating the probabilities of having

zero proton (D133−/D163−), one proton (D133H/D163− or D133−/D163H), and two pro-

tons (D133H/D163H). Interestingly, as pH is lowered from 8 to about 5.5 (p 1), either

Asp133 or Asp163 accepts a proton, as demonstrated by the equal probabilities of the two

singly protonated states (Fig. 4.9a). This data indicates that both Asp133 and Asp163 are
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Figure 4.9: Titration of Asp133 and Asp163 are coupled in K300A but not K300R or
WT NhaA. a, b) Probabilities of the doubly deprotonated (%0, grey), (combined) singly
protonated (%1, purple), and doubly (%2, red) protonated states of Asp133/Asp163 in NhaA
mutants K300A (a) and K300R (b). Similar data for WT NhaA is shown in Fig. 4.10.
Probabilities of the two separate singly protonated states, D133H/D163− and D133−/D163H

are shown in blue and green, respectively. p 1 corresponds to the crossing between %0
and %1 curves. c, d) Snapshots showing the hydrogen bonds around Asp133 and Asp163
in K300A NhaA, when Asp163 is deprotonated and Asp133 is protonated (c); and when
Asp163 is protonated and Asp133 is deprotonated (d).

responsible for binding the second proton in K300A NhaA (with Asp164 being the first

proton binding residue). As a comparison, Fig. 4.9b shows a similar analysis for K300R

NhaA. As pH is lowered from 8, the singly protonated state is exclusively D133H/D163−,

which indicates that Asp133 is solely responsible for binding the second proton as pH is

lowered from cytoplasmic to periplasmic pH in the K300R mutant. This is expected, as

Asp163 is always deprotonated due to the salt-bridge interaction with Arg300 until low pH

conditions.

Given the long distance between Asp133 and Asp163, how is the coupling realized?

Our analysis revealed that the coupling is communicated through the flexible intersection
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(combined) singly protonated (%1, purple), and doubly protonated (%2, red) states of
Asp133/Asp163 in WT NhaA. Probabilities of the two separate singly protonated states,
D133H/D163− and D133−/D163H are shown in blue and green, respectively.

of TM4 and TM11, whereby changes in the protonation states of Asp133 and Asp163 affect

their hydrogen bonding patterns. Consistent with our previous findings that deprotonated

aspartates tend to be stabilized by accepting hydrogen bonds (63, 163), the deprotonated

Asp163 is a hydrogen bond acceptor to the sidechain hydroxyl of Thr132 and the back-

bone amides of Ala131 as well as Thr132 (Fig. 4.9c). However, when Asp133 becomes

deprotonated, it forms hydrogen bonds with the sidechain hydroxyl and backbone amide

of Thr340, which pulls on the linker region of TM4, preventing TM4 residues Thr132 and

Ala131 from forming hydrogen bonds with Asp163 (Fig. 4.9d and SI Appendix, Fig. 4.11).

Titration of Asp133 is coupled to Asp164 in the double mutant K300Q/D163N NhaA.

Surprisingly, we found that the titration of Asp133 is coupled to that of Asp164 in the dou-

ble mutant K300Q/D163N, with the two macroscopic pKa’s of 5.9 and 4.4 (Table 4.1).

Compared to the site-specific pKa’s of 5.5 for Asp164 and 4.8 for Asp133, the split-

ting between the macroscopic pKa’s of 1.5 units is much larger, suggesting a high de-
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Figure 4.11: Hydrogen bond formation of D133 and D163 in the K300A mutant simu-
lations. a) Probability of hydrogen bond formation of D133 (left) and D163 (right) when
D133 and D163 are both protonated. b) Probability of hydrogen bond formation of D133
(left) and D163 (right) when D133 is protonated and D163 is unprotonated. c) Probability
of hydrogen bond formation of D133 (left) and D163 (right) when D133 is unprotonated
and D163 is protonated. d) Probability of hydrogen bond formation of D133 (left) and
D163 (right) when D133 and D163 are both deprotonated.

gree of anti-cooperativity. We performed the analysis for the coupled protonation events

of Asp133/Asp164 (Fig. 4.12). As pH is lowered from 8 to 5.9 (p 1), the first pro-

ton is accepted mainly by Asp164, as demonstrated by the much higher probability of

D133−/D164H compared to D133H/D164− (Fig. 4.12a). As pH is further lowered to 4.4

(p 2), the second proton is accepted, as demonstrated by the sizable probability of the dou-

bly protonated state. This analysis suggests that Asp164 remains the first proton-binding
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residue and Asp133 participates in binding the second proton in K300Q/D163N NhaA.

However, the second proton binding event is shifted to a lower pKa, as compared to K300A

NhaA, which binds the second proton with a p of 5.5 (attributable to Asp133/Asp163),

and K300R NhaA, which binds the second proton with a p of 4.8 (attributable to Asp133).

We suggest this may be a contributor to the extremely low peak current of the double mu-

tant, in addition to the reduced sodium binding affinity due to the mutation of Asp163.
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Figure 4.12: Coupled titration of Asp133 and Asp164 in K300Q/D163N NhaA. a) Prob-
abilities of the doubly deprotonated (%0, grey), (combined) singly protonated (%1, purple),
and doubly (%2, red) protonated states of Asp133/Asp164 in the double mutant. Proba-
bilities of the two separate singly protonated states, D133H/D164− and D133−/D164H are
shown in blue and green, respectively. p 1 and p 2 correspond to the crossings between
%0 and %1 and between %1 and P2 curves, respectively. b) Probability of the protonated
Asp164 acting as a hydrogen bond donor and acceptor to Thr132, when Asp133 is depro-
tonated and accepting at least one hydrogen bond from Thr340. c, d) Snapshots showing
hydrogen bonds around Asp133 and Asp164 when Asp133 is deprotonated and Asp164 is
protonated (c); and when Asp133 is protonated and Asp164 is deprotonated (d).

The mechanism for the coupling between Asp133 and Asp164 in K300Q/D163N is

similar to that of the coupling between Asp133 and Asp163 in K300A. Analysis showed

that when Asp164 is protonated, it can both accept and donate a hydrogen bond with the
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backbone amide and carbonyl of Thr132, and this configuration occurs when Asp133 is

deprotonated and accepts a hydrogen bond from Thr340 (Fig. 4.12b and c). However,

when Asp133 becomes protonated, it no longer forms a hydrogen bond with Thr340, which

affects the linker region of TM4, changing the position of Thr132 and ending the bidentate

hydrogen bond with Asp164 (Fig. 4.12d).

Finally, we examined the conformational dynamics of the mutants during the simula-

tions. While the overall structures of K300R and K300Q/D163N stayed close to that of the

WT, K300A showed significant conformational change during the simulation (Fig. 4.14).

TM5 and TM10 stayed in proximity during the simulations of K300R and K300Q/D163N,

due to the R300-D163 salt bridge or the water-mediated hydrogen bonds between Gln300

and Asn163; however, TM5 became bent and displaced TM10 in the simulation of K300A

NhaA (Fig. 4.13). This conformational change is consistent with our previous simulations

of WT NhaA, which showed bending of TM5 following deprotonation of Lys300 (75).

Dimer

Core

D163

K300 A300D164

D163

TM10TM5

a) b)

Figure 4.13: Simulation of K300A NhaA showed major conformational rearrange-
ments. a) Overlay of the K300A (red) and WT (blue) NhaA structures. For clarity, loop
regions are hidden. b) Zoomed-in view of the active sites of the K300A (red) and WT(blue)
NhaA.
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Figure 4.14: Root-mean-square deviation probability distributions for the wild type
and mutant NhaA simulations. Probability distributions of the root-mean-square devia-
tions of the backbone atoms (C, N, and CA) from the last frame of the equilibrated single
pH CpHMD trajectory for the WT and mutant simulations at pH 8.

4.0.5 Concluding Discussion

To resolve the controversy between the two-aspartate and salt-bridge models for the

antiport mechanism of NhaA, we investigated the protonation states of the active-site as-

partic residues in the K300A, K300R, K300Q/D163N, and K300Q/D163N/D133A mutants

using the state-of-the-art CpHMD simulations in the explicit lipid bilayer. Our data con-

firmed that Asp164 is the first proton binding site and offered direct evidence to support

the hypothesis (127) that Asp133 can serve as an alternative second proton site in place of

Lys300 in K300 NhaA mutants. While Asp133 is solely responsible for binding the sec-

ond proton in K300R NhaA, surprisingly, our simulations revealed coupled proton transfer

mechanisms in two mutants, K300A and K300Q/D163N. In K300A NhaA, the titration

of Asp133 is coupled to Asp163 such that they both participate in binding the second

proton. The involvement of Asp163 lends support to the two-aspartate model, implicat-

ing that Asp163 can play the role of the second proton carrier in some circumstances. In

K300Q/D163N NhaA, Asp164 and Asp133 jointly bind two protons, with Asp164 being

primarily responsible for binding a proton at higher pH.
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We note that the current study and our previous work (75) are based on the inward-

facing crystal structures of NhaA. A question arises as to whether the present interpretations

would be supported by the calculated pKa’s of the active site residues in the outward-facing

state. Although such calculations are not conducted due to the lack of an outward-facing

crystal structure of NhaA, comparison of the crystal structures of the analogous NapA in

the inward- and outward-facing states suggests that the order of pKa’s in the two states is

likely the same, i.e., Asp164 (Asp157 in NapA) > Asp163 (Asp156 in NapA), and the pKa

of Lys300 (Lys305 in NapA) remains above the model value of 10.4. Thus, the same two

residues that are suggested as proton donors for the cytoplasmic inward-facing state are

proton acceptors for the periplasmic outward-facing state. In the latter scenario, Asp164

(Asp157 in NapA) can bind a proton, whereas Asp163 (Asp156 in NapA) cannot because

its pKa is too low. In contrast, Lys300 (Lys305 in NapA) can bind a proton to form a salt

bridge with Asp163 (Asp156 in NapA).

Our data are consistent with the functional studies showing that the K300 mutants main-

tain the electrogenic transport function of NhaA, (126, 127) and suggest that while the salt-

bridge model involving Lys300 as the second proton acceptor (75, 124, 225) is operative

for the WT NhaA, K300 mutants may invoke Asp133 alone (e.g., in K300R) or Asp133 and

Asp163 together (e.g., in K300A) as the second proton acceptor. The K300 double mutant

e.g., K300Q/D163N, can also utilize Asp164 and Asp133 together for electrogenic trans-

port. Thus, our work suggests a revision of the two-aspartate model (126, 127, 222, 224),

in that Asp164 and Asp133, and sometimes jointly with Asp163 are responsible for the

electrogenic transport of K300 mutants. This revised model may also explain why the

K305Q mutant of the analogous NapA supports electrogenic transport (127), as Glu333,
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which is located on TM10 and occupies a similar region of the flexible linker as Asp133 in

NhaA, may serve the role of a substitute proton carrier. Finally, our simulations also pro-

duced an experimentally testable hypothesis that the triple mutant K300Q/D163N/D133A

may conduct electroneutral transport of sodium albeit low activity. Note, the conclusion

of this work is based on the simulations and experimental data of WT, single, and double

mutants of NhaA; experimental verification of the triple mutant hypothesis would provide

additional data but is not in the scope of our work.

Our data are compatible with the recent broad evolutionary analysis of CPAs (222),

according to which both Asp163 and Lys300 are among the eight specificity-determining

residues in CPAs. However, why does a triple mutant P108E/A106S/D163N NhaA show

electroneutral transport (222)? As an alternative explanation to the two-aspartate model, we

suggest that, in this triple mutant, Lys300 is unable to lose a proton because its salt-bridge

partner Glu108 does not bind a sodium, (222), which is a requirement for the salt-bridge

disruption and subsequent deprotonation of Lys300, as demonstrated in our previous sim-

ulation work (75). Another seeming contradiction with the evolutionary analysis concerns

the observation that 90% of electroneutral CPA1 electroneutral antiporters have a residue

equivalent to Asp133 in NhaA (222). In the absence of CpHMD simulations of a CPA1

antiporter and considering our data of K300Q/D163N NhaA, we speculate that the second

proton binding event, in which Asp133 is coupled to Asp164, may occur at a very low pH

condition such that it is not relevant to experimental measurements of electrogenicity.

Point mutations are frequently used to probe or infer proton-binding residue(s) in mech-

anistic studies of secondary active transporters. Our work demonstrated that the WT NhaA

function can be restored by a mutant transporter through a compensatory mechanism, in
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which an alternative residue or a coupled residue pair takes on the role of proton bind-

ing/release. A related observation was made recently for a CPA1 antiporter MjNhaP1,

whereby the ion selectivity was found to be robustly encoded in the amino acids of the first

and second shell (238). Alternative proton binding site and coupling between key aspar-

tates highlight the intricacy of the compensatory transport mechanism of NhaA. Coupled

protonation by two adjacent aspartates is common (239) and has been demonstrated in the

one-proton exchange mechanism of a multi-drug transporter AcrB by a simulation study

(77); however, the coupling between two distant aspartates enabled through the proton-

coupled hydrogen bonding network at the flexible crossing of two disrupted helices (as in

K300A and K300Q/D163N NhaA) has not been demonstrated before. We speculate that

alternative proton binding site and long-distance coupling may represent important general

mechanisms of proton-coupled transport in secondary active transporters.

A recent MD study using a transition path shooting method revealed a putative inward-

to-outward conformational transition of the CPA1 antiporter PaNhaP (240). CpHMD sim-

ulations of a kinase protein demonstrated that the process of large conformational changes

can be facilitated by a shift in the protonation state populations (241). Thus, it is conceiv-

able that the transition and/or intermediate states of NhaA may have different protonation

states. Detailed proton-coupled antiport mechanisms of CPAs await future exploration by

combining CpHMD and advanced sampling protocols.

4.0.6 Methods and Protocols

System preparation. The structures of the mutants, K300A, K300R, and K300Q/D163N,

K300Q/D163N/D133A were built from the final snapshot of the equilibration simulation of
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WT NhaA (75), which started from the monomer B of the inward-facing crystal structure of

NhaA (PDB 4au5) (124). The protein was embedded in a bilayer composed of 135 (63 up-

per and 72 lower leaflets) 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC) lipid

molecules. Both sides of the lipid bilayer were hydrated with a 15-Å slab of explicit wa-

ter. Sodium and chloride ions were added to neutralize the system at physiological pH and

reach the ionic strength of 0.15 M. The K300A mutation was made by manually truncating

the Lys sidechain, while the other mutations were made using the mutation command in

the MMTSB toolset (228). The number of ions in the solution was adjusted accordingly.

Each mutant system underwent energy minimized using 50 steps of steepest decent and

10 steps of Adopted Basis Newton-Raphson algorithms followed Other details of system

preparation are given in our previous work (75).

Continuous constant pH molecular dynamics (CpHMD) simulations. Membrane-enabled

hybrid-solvent continuous constant pH molecular dynamic (CpHMD) (60, 75) simulations

were conducted using the CHARMM (Chemistry at HARvard Molcular Mechanics) pro-

gram version c42a2 (61). Following the energy minimization, the mutant systems were

briefly equilibrated using CpHMD at pH 4 (crystallization pH) for 2.4 ns, whereby the

harmonic restraints on the protein heavy atoms were reduced from 1 kcal/mol/Å to zero.

The systems were then subjected to pH replica-exchange CpHMD simulations. 16 replicas

in the pH range 2.5–8 were used for the mutant simulations. Each replica was simulated

under constant NPT (number of particles, pressure, and temperature) conditions at 310

K and 1 atm. In the replica-exchange protocol, an attempt to swap between adjacent pH

replicas was made every 500 MD steps. The aggregate sampling time was 423 ns for the
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WT, 688 ns for K300A, 448 ns for K300R, 432 ns for K300Q/D163N, and 392 ns for

K300Q/D163N/D133A. We note that within these simulation times, the heavy atom root-

mean-square deviations (RMSD) and pKa’s of relevant residues were converged (Fig. 4.2

and Fig. 4.3). All analysis were based on the last 240 ns of mutant simulations.

In the membrane-enabled hybrid-solvent CpHMD method (75), conformational sam-

pling is conducted in fully explicit solvent and lipid bilayer, while the forces on the titration

coordinates are calculated with the membrane GBSW (generalized Born simple switch)

implicit-solvent model (79). Mixing solvent models is an approximation, and one potential

artifact is a spike in potential energy due to the lack of solvent relaxation after a _ update

(60). To avoid this, a GBSW calculation and update of titration coordinates are executed

every 5 MD steps, as in our previous NhaA simulations (75) and other work (40). Another

potential artifact that is perhaps more subtle is related to the lack of a formal Hamiltonian

in the mixed-solvent simulations. As a consequence, the use of a Hamiltonian (pH) replica-

exchange protocol may result in a small bias in the conformational distributions. A related

thermostat artifact has been previously demonstrated in temperature replica-exchange sim-

ulations of peptide folding (229). This is a topic that warrants a detailed investigation in

the future.

For the membrane GBSW model (79), the thickness of the implicit bilayer was cal-

culated as 30 Å, using the average distance between the C2 atoms of the lipids in the

cytoplasmic- and periplasmic-facing leaflets. The implicit membrane was excluded from

the interior of the protein using an exclusion cylinder with a radius of 15 Å placed in

the center of the protein. This distance provided maximum coverage of the protein while

overlapping with as few lipids as possible. A switching distance of 5 Å was used for the
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transition between the low dielectric slab and bulk solvent. All other settings used the

default options, consistent with our previous work. (60, 75)

Molecular dynamics protocol. The protein was represented by the CHARMM22/CMAP

(Correction MAP) all-atom force field, (5, 140) the lipids were represented by the CHARMM36

lipid force field, (9) and water with the CHARMM modified TIP3P (Transferable Inter-

molecular Potential with 3 Points) water model. (61) Temperature was maintained at 310

K using a modified Hoover thermostat (230), and the pressure was maintained with the

Langevin piston coupling method (231). The van der Waals interactions were smoothly

switched to zero between 10 and 12 Å. The particle mesh Ewald method (192) was used

to calculate long-range electrostatics, with a real space cutoff of 12 Å and a sixth-order in-

terpolation with a 0.9 Å grid spacing. All bonds involving hydrogen were restrained using

CHARMM’s SHAKE algorithm (141), allowing for a 2-fs time step.

pKa analysis. Following Ullmann (232) and our previous work (93), we write down the

probabilities of the doubly deprotonated (%0), singly-protonated (%1), and doubly proto-

nated (%2) states for a coupled titration pair (e.g. Asp163/Asp133) as

%0 = 1//;%1 = 10p 1−pH//;%2 = 10p 1+p 2−2pH//, (4.4)

where p 1 refers to the macroscopic pKa for gaining the first proton, e.g., D133−/D163−

→ D133−/D163� or D133�/D163−, and p 2 refers to the macroscopic pKa for gaining

the second proton, e.g., D133−/D163� or D133�/D163− → D133�/D163� , and / is the
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partition function

/ = 1+10p 1−pH +10p 1+p 2−2pH. (4.5)

The total number of bound protons is therefore (93, 232)

% = %1 +2%2. (4.6)

Fitting of % vs. pH to the above equation gives the two macroscopic pKa’s.
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Chapter 5

Conclusions

In conclusion, this thesis covers the application of CpHMD to multiple protein systems

furthering the refinement of this computational methods protocols and providing medically

relevant insights into the protein systems studied. Chapter 1 gives an overview of pHMD,

introduces the theory behind CpHMD, and describes its development and comparisons to

alternate versions.

In Chapter 2, I investigated three aspartyl proteases, BACE1, BACE2, and plmII using

HS-CpHMD. First, I illustrated that a small-molecule inhibitors protonation state leads to

either the formation of a direct hydrogen bond interaction or a water-mediated hydrogen

bond. The latter interaction leads to a more favorable inhibitor placement in the BACE1

substrate binding site and ultimately shows why this inhibitor has a modest selectivity

for BACE1 over BACE2. Moreover, machine learning with the random forest classifier

was used to validate these findings further. This work shows the importance of modeling

inhibitor protonation state changes and how they affect the ligand-binding site environment.

Later in Chapter 2, the proton-coupled conformational dynamics of the malarial pro-

tease plmII are dissected in the presence and absence of a general aspartyl protease inhibitor

pepstatin again using HS-CpHMD. This work inspired by ITC experiments and guided by

inhibitor binding studies shows the protonation state shifts of the catalytic dyad and their

catalytic acid-base order; CpHMD simulations were used to describe the interactions that

promote the pKas the catalytic dyad in the apo and holo state. Additionally, the ligand-
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induced pH-dependent conformational dynamics of the flap are dissected and shown to be

linked to the protonation state of the dyad aspartate D214.

In Chapter 3, a new GPU implementation of GBNeck2-CpHMD using pH-Based replica

exchange was used to investigate the coronavirus cysteine proteases PLpro and Mpro. This

work described the role of the catalytic triad by elucidating the involved residues proto-

nation states in coronaviruses, SARS, SARS-2, and MERS. Additionally, we show how

the protonation state change of a reactive Cys residue (C270) on the BL2 loop affects its

conformation, which changes the openness of the substrate-binding site. Simulations of

Mpro further elucidate the protonation states of titratable sites on the protein, revealing

reactive cysteine species that may be targetable by covalent inhibitors. Furthermore, this

work shows that the charge state of a His residue (H172) disrupts a conserved interactions

network in the protein’s active site leading to the partial collapse of the S1 pocket. These

observations, taken together, demonstrate how CpHMD can identify reactive Cys species

on the surface of protein drug targets and elucidates proton-coupled conformational dy-

namics that can be used to design broad-spectrum antiviral inhibitors.

Finally, in Chapter 4, membrane-enabled hybrid-solvent CpHMD was applied to mutant

forms of NhaA to address the controversy surrounding the location of the second proton

binding site. I found that upon mutating NhaA, the second proton could bind to an alterna-

tive site (D133), and these mutations induce long-distance proton coupling. Also, I show

that mutations to K300 reduce the overall stability of the protein, which is in agreement to

experiments showing the thermal stability of NhaA mutants. This work shows the utility

of how CpHMD simulations can probe complex proton-coupled events in sodium-proton

antiporters.
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Chapter 6

Discussion of The CpHMD Analysis Python Library

Purpose The CpHMD-Analysis tool is to aid users in processing lambda and log files

from Constant pH Molecular Dynamics (CpHMD) simulations run from the molecular

dynamics software packages in Amber and CHARMM. This python library is equipped

to calculate the unprotonated fraction, pure and mixed states, running unprotonated frac-

tions, and pKas of titratable residues from the lambda files produced by CpHMD sim-

ulations. Additionally, the library has functions to make plotting the running unproto-

nated fractions and titrations curves quick and easy. Since CpHMD is often used with a

pH-based replica-exchange protocol, the library can also calculate exchange statics, and

plot replica walks. A full tutorial for using the CpHMD Analysis library can be found at

’https://hendejac.github.io/CpHMD-Analysis/.’

What’s included The CpHMD analysis library is composed of four classes and two func-

tions. The first class, ’lambda data,’ is the primary class that allows you to load lambda

files and calculate the unprotonated fractions. This also calculates the fraction of frames

that a given residue is either in a pure or mixed state, meaning the lambda value is within or

out of its cutoff range. Finally, this class allows you to calculate the running unprotonated

fraction over the simulation time. The second class, ’plotting lambda data,’ allows for the

generation of two kinds of plots: 1) Plots of the running unprotonated fractions, and 2)

Plots of the titrations curves. The third and fourth classes are similar, where they read log
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files and can output the exchange frequency and plot the replica walks. The only difference

is that the one class is for CHARMM formatted log files, ’log analysis charmm,’ and the

other is for Amber formatted log files, ’log analysis amber.’

Calculating the Unprotonated Fractions and Estimating the pKa A description of

how titration coordinates are treated is described in chapter 1. Here we look at how the

unprotonated fractions are calculated and how the pKas are estimated. To calculate the

unprotonated fraction, we use the following equation,

(8 =
#

Unprot
8

#Prot
8
+#Unprot

8

. (6.1)

Here, (8, the unprotonated fraction is determined by how many times the _-value is ≥ to

the standardized cutoff of 0.8, #Unprot
8

, divided by the total of _-values in the pure state,

#Prot
8
+ #Unprot

8
(0.2 ≥ _ ≥ 0.8). This cutoff can be changed using the CpHMD anal-

ysis python library by including the cutoff command (’cutoff=’) in the function ’com-

pute all s values().’ This cutoff prevents mixed _-values from being included in the de-

nominator calculation, which is also known as the number of times the _-value is in the

pure state. To understand the quality of your calculated unprotonated fractions, it is of-

tentimes important to calculate the pure and mixed fraction of _-values and is done in the

CpHMD analysis python library with the following equations

<8G43 =
#cutoff≤_≤cutoff

#cutoff≥_≥cutoff +#cutoff≤_≤cutoff , ?DA4 = (1−<8G43). (6.2)
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Generally, if the mixed fraction is exceeds 20%, one may consider raising the barrier height,

V, in eq. 1.16 described in chapter 1: The Theoretical Foundation of CpHMD. The titratable

residues that experience a high mixed fraction are usually highly buried in the protein

interior.

Now that the unprotonated fractions for each residue have been calculated, estimations

of the pKa values can be made by fitting the unprotonated fraction, (8, as a function of pH

using the following equation,

(8 =
1

1+10=(pKa,i−pH) . (6.3)

In eq. 6.3, pK0,8 is the pKa value determined from the fit for a particular residue, and

= is the Hill coefficient. Deviation of = from one shows the degree of cooperativity, or

coupling, between pairs of titratable sites changing protonation state in the same pH range.

The CpHMD analysis python library can estimate the pKas after the unprotonated fractions

have been calculated using the ’compute pkas()’ function. In some cases, you might be

interested in calculating the microscopic pKas for residues with tautomeric sites (His, Asp,

and Glu). The micro pKa is the pKa for each titratable site on the tautomeric resides,

like HSE and HSD of His. This can be achieved by adding the term ”type=’Micro’” to

the ’compute pkas()’ function; the default of this function is to calculate the macroscopic

pKas.

Plotting the _ Data For the convenience of the user, plotting functions have been in-

cluded in the CpHMD analysis python library. The first plot this tool can make is a plot of

the running unprotonated fraction at each pH over time (Fig. 6.1). This is a helpful way to
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investigate the convergence of your unprotonated fractions and your pKa. Ultimately this

type of plot can indicate if you need to continue running your simulations. The example

here, Fig. 6.1, shows that the unprotonated fractions are well converged, and thus the pKas

should no longer change over time. These plots can be made using the ’plot running s()’

command.

Figure 6.1: Sample Image of the Unprotonated Fraction at Each pH Over Time This
sample image is of the running unprotonated fractions of the titratable residues found in
the small protein BBL (PDBid: 1w4h) (242).

The next standard plot that the CpHMD analysis python library can generate is the

titration curves with a line fit to the calculated unprotonated fractions (Fig. 6.2). These

plots can be made using the ’plot titration curve()’ command.

Figure 6.2: Sample Image of the Titration Curves This sample image is of the titration
curves for the titratable residues found in the small protein BBL (PDBid: 1w4h) (242). The
red line on these plots show the pKa.
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Calculate Replica Exchange Statistics and Plotting the Replica Walks Since most

CpHMD simulations are run using pH-based replica-exchange, the CpHMD analysis python

library includes tools to monitor the exchange frequency of each replica and plot the replica

walks. The log file format is different between AMBER and CHARMM, so there are two

functions in the CpHMD analysis tool set to perform these calculations and make plots,

’log analysis charmm’ and ’log analysis amber.’ The exchange frequency is calculated

using the fraction of times an exchange occurs between replica # and #+1, divided by the

total number of exchange attempts. An exchange frequency of 0.2 should be aimed for,

and if the frequency is too low, then more replicas should be added to reduce the spacing

between adjacent replicas. Next, we can plot the replica walks to ensure that each replica is

walking up and down the pH ladder; an example of a replica walk can be seen in Fig. 6.3.

This can be done using the ’plot replica walk()’ command. The replica walks in Fig. 6.3

shows clearly that each replica walks up and down the pH ladder. This tends not to happen

as frequently as more titratable sites are added; thus, bigger proteins have more titratable

sites, and the frequency the replicas traverse the pH ladder decreases.
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Figure 6.3: Sample Image of the Replica Walk This sample image is of the replica walk
for the small protein BBL (PDBid: 1w4h) (242).
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[119] Báez-Santos, Y. M.; St. John, S. E.; Mesecar, A. D. The SARS-coronavirus papain-
like protease: Structure, function and inhibition by designed antiviral compounds.
Antivir. Res. 2015, 115, 21–38.

[120] de Wit, E.; van Doremalen, N.; Falzarano, D.; Munster, V. J. SARS and MERS:
recent insights into emerging coronaviruses. Nat. Rev. Microbiol. 2016, 14, 523–
534.

[121] Lei, J.; Kusov, Y.; Hilgenfeld, R. Nsp3 of coronaviruses: Structures and functions of
a large multi-domain protein. Antivir. Res. 2018, 149, 58–74.

[122] Donowitz, M.; Tse, C. M.; Fuster, D. SLC9/NHE gene family, a plasma membrane
and organellar family of Na+/H+ exchangers. Mol Aspects Med 2013, 34, 236–251.

[123] Fuster, D. G.; Alexander, R. T. Traditional and emerging roles for the SLC9 Na+/H+
exchangers. Pflugers Arch - Eur J Physiol 2014, 466, 61–76.

[124] Lee, C.; Yashiro, S.; Dotson, D. L.; Uzdavinys, P.; Iwata, S.; Sansom, M. S.; von
Ballmoos, C.; Beckstein, O.; Drew, D.; Cameron, A. D. Crystal structure of the
sodium–proton antiporter NhaA dimer and new mechanistic insights. Journal of
General Physiology 2014, 144, 529–544.

[125] Coincon, M.; Uzdavinys, P.; Nji, E.; Dotson, D. L.; Winkelmann, I.; Abdul-
Hussein, S.; Cameron, A. D.; Beckstein, O.; Drew, D. Crystal structures reveal the
molecular basis of ion translocation in sodium/proton antiporters. Nat. Struct. Mol.
Biol. 2016, 23, 248–255.
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