Computational Design of Potent Inhibitors for SARS-CoV-2’s Main Protease
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ABSTRACT:
COVID-19 has caused lockdowns all over the world in early 2020, as a global pandemic. Both

theoretical and experimental efforts are seeking to find an effective treatment to suppress the virus.
In silico drug design can play a vital role in identifying promising drug candidates against COVID-
19. Herein, we focused on the main protease of SARS-CoV-2 that plays crucial biological
functions in the virus. We performed a ligand-based virtual screening followed by a docking
screening for testing approved drugs and bioactive compounds listed in the DrugBank and
ChEMBL databases. The top 8 docking results were advanced to all-atom MD simulations to study
the relative stability of the protein-ligand interactions. MD simulations support that the catalytic
residue, His41, has a neutral side chain with a protonated delta position. An absolute binding
energy (AG) of — 42 kJ mol™ for the protein—ligand (MP—N3) complex has been calculated using
the potential-of-mean-force (geometrical) approach. Furthermore, the relative binding energies
were computed for the top docking results. Our results suggest several promising approved and
bioactive inhibitors of SARS-CoV-2 MP as follows: a bioactive compound, ChEMBL275592,
which has the best MM/GBSA binding energy; the second-best compound, montelukast, is an
approved drug used in the treatment of asthma and allergic rhinitis; the third-best compound,
ChEMBL288347, is a bioactive compound. Bromocriptine and saquinavir, are other approved
drugs that also demonstrate stability in the active site of MP™, albeit their relative binding energies
are low compared to the N3 inhibitor. This study provides useful insights into de novo protein
design and novel inhibitor development, which could reduce the cost and time required for the

discovery of a potent drug to combat SARS-CoV-2.



1. INTRODUCTION:

Coronaviruses can provoke infectious diseases in humans and animals. Coronavirus disease 2019
(COVID-19) is caused by a novel severe acute respiratory syndrome, SARS-CoV-2, which has
spread as a worldwide pandemic. Patients infected with this disease present major symptoms
including, high fever, rhinorrhea, cough, sore throat, pneumonia and ultimately, death in severe
cases.? Globally, according to the world health organization (WHO), there have been 8,061,550
confirmed cases of COVID-19, including 440,290 deaths as of June 17, 2020. Most of these cases
and deaths are from Europe and the Americas.

Coronaviruses were named due to their protein spikes that have a crown-like shape.® The
coronavirus genome encodes several proteins, such as the spike, MP™ (also known as 3-
chymotrypsin-like cysteine protease, 3CLP™), and RNA-dependent RNA polymerase (RdRp).*
Different approaches are being investigated for the development of useful drugs to fight against
SARS-CoV-2. Developing inhibitors of viral MP™ is one of the promising approaches. MP™ is
essential for viral replication by facilitating the cleavage of viral peptides into smaller functional
units.> Consequently, drugs that target the MP™ would cease the replication process and prevent
viral infection. More recently, 15 drugs are being tested to cure COVID-19 including virus
protease inhibitors. However, albeit the preliminary results are promising, there were issues in the
design of the study. According to WHO, there is no specific medicine to treat COVID-19 yet.

In silico drug design has been playing a vital role in modern drug therapies against infectious
diseases.””® Currently, enormous efforts and approaches are being pursued for the discovery of
inhibitors against SARS-CoV-2 MP™ by employing high performance computational resources.
Nutho et al studied two HIV-1 protease inhibitors specifically, lopinavir and ritonavir, by MD
simulations and relative binding energy calculations.'® MD simulations, molecular docking, and

structure-activity relationship were used for the discovery of new hydroxyethylamine analogs



against the MP™ . Docking screening of approved drugs and drug candidates in clinical trials,*?
and medicinal plants!® were also conducted along with MD simulations. Molecular docking, fast
pulling of ligand, and free energy perturbation calculations were also performed to investigate
potential inhibitors of SARS-CoV-2 MP™.}* Moreover, both MD simulations and molecular
docking were employed to explore the MP™ inhibitory of 19 marketed drugs,*® and to repurpose

protease inhibitor compounds.*®

In this work, we will focus on the newly released protein crystal structure of the SARS-CoV-2
MP 17 This protein is a dimer that includes two protomers; each protomer has three domains.
Domains I and I, residues 8-184, have an antiparallel p-barrel structure. Domain I11, residues 201-
303, has five a-helices. The extended loop, residues 185-200, connects Domains Il and IlI.
Furthermore, this protein has a catalytic dyad, His41 and Cys145, and the substrate binding site is
in a cleft between Domains | and Il. In this paper, we performed an integrated computational
protocol including ligand-based and structure-based molecular screening, molecular dynamics
simulations, and binding energy calculations to facilitate the identification of promising candidate

drugs to treat COVID-109.

2. METHODS AND COMPUTATIONAL DETAILS
The initial coordinates of one protomer of the SARS-CoV-2 MP™ was retrieved from the RCSB

[Protein Data Bank (PDB) entry 6L.U7] determined at 2.16 A resolution with no missing residues.’
The cocrystalized ligand (named N3) of SARS-CoV-2 MP™ was used to conduct the ligand-based
virtual screening. The N3 ligand is a potent inhibitor and it was also found as a complex with
earlier coronaviruses MP such as IBV,'® HCoV-HKU1,'® SARS-CoV,?° HCoV-NL63,! FIPV,??

and PEDV.%

2.1. Hierarchical Virtual Screening and Docking.



In the PDB crystal structure, the N3 ligand was covalently bonded to Cys145. We constructed the
free ligand by breaking the covalent bond and making an o,B-unsaturated ketone using the
molecular structure editor (maestro)®*. We minimized the N3 ligand using the MMFF94s force
field.?®> We then screened the data sets from both the DrugBank?® and ChEMBL?' libraries based
on the preprocessed N3 ligand. For ligand-based screening, a novel fully flexible high-throughput
3D molecular similarity approach (Screen3D algorithm)?® was performed as implemented in the

BRUSELAS server.?®

The top 200 compounds (the top 100 from each library) that are structurally similar to the N3
ligand were advanced to the next hierarchical filter, docking screening. OpenBabel software® was
used to generate and minimize conformations from the top 200 screened compounds. These
compounds were docked into a preprocessed protein pocket by utilizing the AutoDock Vina
package.®! It has been shown that AutoDock Vina has an effective scoring function in terms of
accuracy and performance.®? The grid cell of 18.0 A, 21.3 A, and 24.3 A in the x, y, and z
directions, respectively, was built for docking calculations. This grid cell is located around the
active site of the MP™, centroid to residues His4l, Met49, Phel40, Leuldl, Asnl42, Gly143,

Cys145, His164, Met165, Glu166, Leul67, Prol168, His172, GIn189, and Thr190.

2.2. Molecular Dynamics (MD) simulations.

The top 8 docking results were advanced to all-atom MD simulations to study the relative stability
of the protein-ligand interactions, and to screen a set of compounds for further binding energy
calculations. All the simulations were done using the NAMD 2.13 package®*** and the
CHARMMS36 force field.® The parameters for the N3 ligand and the top 8 docking compounds
were generated using the CHARMM general force field (CGenFF).%¢ A protomer of the MP™ has

a total of 306 residues.!” The protonation state of the titratable residues were assigned at pH 7.4



exploiting the H++ web server.®’ It should be pointed out that the catalytic residue His41 can adopt
three different protonation states: neutral HSD (6-nitrogen protonated), neutral HSE (e-nitrogen
protonated), and protonated HSP (both 6- and e-nitrogens protonated). Therefore, three MD
simulations were run to explore the effect of the protonation states of His41 on the stability of the
active site. The TIP3P explicit solvation model was used, and the periodic boundary conditions
were set with dimensions of 115.2 A3, Afterward, the system was neutralized using four sodium
(Na*) ions. The MD protocols involved minimization, annealing, equilibration, and production.
The atoms of the protein backbone were restrained in the minimization and annealing simulations,
while the Ca atoms of the protein were restrained in the 1 ns equilibration simulation. However,
no atoms were restrained in the 100 ns MD production simulation. The isothermal—isobaric (NPT)
ensemble and a 2 fs time step of integration was chosen for all MD simulations. Through the 100
ns of MD production, the pressure was set at 1 atm using the Nosé-Hoover Langevin piston
barostat®®39 with the Langevin piston decay of 0.2 ps and a period of 0.4 ps. The temperature was
set at 298.15 K using the Langevin thermostat*® with a damping frequency of 1 ps. A distance
cutoff of 10.0 A was applied to short-range nonbonded interactions with a pair list distance of 12
A, and Lennard Jones interactions were smoothly truncated at 8.0 A. Long-range electrostatic
interactions were treated using the particle-mesh Ewald (PME) method,* 2 where a grid spacing
of 1.0 A was used for all simulation cells. All covalent bonds involving hydrogen atoms were
constrained using the SHAKE algorithm.*® For consistency, we have applied the same protocol for

all MD simulations.

2.3. Binding Energy Calculations.

Starting from the equilibrated protein—ligand (MP—N3) complex, we calculated the absolute

binding energy of the MP°—N3 complex using the geometrical energy approach. It has been shown



that the geometrical approach accurately predicts protein-ligand binding energies.*** We used
the default set up of the binding free energy estimator as described by Chipot and coworkers.*8
More details on theoretical background of the geometrical (i.e., potential-of-mean-force) free
energy calculations can be obtained elsewhere.*’ In addition, we collected a total of 1000 snapshots

extracted consistently from the 100 ns of MD production to calculate the relative protein—ligand

binding energy of the top docking results.

The one-average molecular mechanics generalized Born surface area (MM/GBSA) approach®349
was used for the relative binding energy calculations, in which the ligand (L) binds to the protein

receptor (R) to form the complex (RL),
AGping = GrL — Gr — G,
which can be represented by contributions of different interactions,
AGping = AH — TAS = AEyy + AGg,; — TAS

where the changes in the gas phase molecular mechanics (AEy,y,), solvation Gibbs energy (AG,,;),
and conformational entropy (—TAS) are determined as follows: AE,;;, is the sum of the changes
in the electrostatic energies AE,;., the van der Waals energies AE,;y,, and the internal energies
AE;,; (bonded interactions); AGs,, is the total of both the polar solvation (calculated by generalized
Born model) and the nonpolar solvation (calculated using the solvent-accessible surface area);
—TAS is calculated by the normal mode analysis. The solvent dielectric constant of 78.5 and the

surface tension constant of 0.021 kJ mol~* A2 were used for MM/GBSA calculations.

3. RESULTS AND DISCUSSION:

We performed a ligand-based virtual screening of approved drugs and bioactive compounds from

both the DrugBank and ChEMBL databases. The top 100 screened compounds from each library



are advanced to flexible molecular docking using AutoDock Vina. Nine conformations from each
compound were generated through a flexible docking. Docking score was chosen as the measure
of the binding affinity to rank the poses of the 200 compounds. Our selection of the top 8
compounds were based on compounds that have at least five conformations with a docking score
of <—33 kJ mol™? (- 8 kcal molt). Docking results of the top 8 compounds for SARS-COV-2 MP™

are listed in Table 1. The structures of the top 8 compounds are shown in Figure 1.
Insert Table 1
Insert Figure 1

Next, the top 8 docking results were advanced for MD simulations. Many studies have validated
the role of MD simulations for the improvement of docking results.>**! Before launching MD
simulations on the top docking results, three MD simulations of SARS-COV-2 MP complexed
with the N3 ligand were carried out to explore the plausible protonation states of the catalytic
His41, as illustrated earlier in the methods section. His41 is a well-preserved residue amongst
various viruses including hepatitis C virus (HCV), MERS-CoV, SARS-CoV, and SARS-CoV-2.%2
The three MD simulations were labeled as follows: neutral HSD (Model 1), neutral HSE (Model
2), and protonated HSP (Model 3). Control of the structure stability of the three models was
achieved by the root-mean-square deviation (RMSD) over protein backbone atoms, and by the
root-mean-square fluctuation (RMSF). In addition, the MP"°~N3 hydrogen bond interactions were
also analyzed during the 100 ns NPT ensemble. Figure 2 shows the RMSD, RMSF, and hydrogen

bond analyses of the protein—ligand complex for the three models.

Insert Figure 2



Unambiguously, amongst the three models, Model 1 shows a modest structural stability in terms
of the RMSD of both the MP™ and N3 ligand, and the RMSF analysis. Moreover, the intermolecular
interaction of the MP"—N3 complex has an average of five hydrogen bonds (see the top histogram
in Figure 1). The stability of the MP°—N3 complex is mainly due to the hydrogen bonds between
the N3 ligand and residues His4l, Gly143, Glul66, and GIn189 of the MP™, besides the
hydrophobic interactions. These results are in concert with a recent experimental study.'’ Figure 3

represents the pose of the N3 ligand inside the pocket of the MP™,
Insert Figure 3

The RMSD and the RMSF of the protein backbone of Model 2 is comparable with Model 1,
however, the N3 ligand in Model 2 was less strongly bound inside the MP™ pocket than Model 1
(see Figure 2). Model 2 has an average of three hydrogen bonds between the N3 ligand and the
MP™, In Model 3, the N3 ligand has left the binding pocket of the MP™ during the MD simulations
(see the green line of the RMSD analysis at the bottom of Figure 1). Thus, Model 1 is considered
as a starting point for MD simulations for the top docking results. In other words, His41 is set as
a neutral form with a protonated delta position (HSD type of CHARMM format), and this model
agrees with the common reaction mechanism of cysteine protease.> The optimal binding pose of
the MP—N3 complex of Model 1 was further assessed by absolute binding energy calculations
using the geometrical approach. It should be mentioned that the N3 is a Michael acceptor inhibitor,
which means that the inhibitor forms a reversible complex (MP°-N3) under the equilibrium
binding constant Keq. It then undergoes a nucleophilic attack by Cys145 of the MP™ active site,
forming a stable covalent bond. The later step is controlled by the inactivation rate constant, which
is beyond the scope of this paper. To calculate Keq, the different contributions arising from the

geometrical restraints were computed, either in the bound state, or in the unbound state.*®4’ The



final absolute binding energy, AG = —1/f1nK,, , has a value of — 42 kJ mol™?. Yet, no
experimental binding energy was reported for the SARS-CoV-2 MP™. Nevertheless, our results are
comparable to experimental binding energies of similar protease—inhibitor systems. Based on the
experimental inhibitory constant (Ki), HCoV-NL63%, SARS-CoV*®, and HCoV-229E° have the
MP—N3 binding energies of — 28, — 29, and —33 kJ mol, respectively. Therefore, our predicted
results conclude that the SARS-CoV-2 MP™ has relatively a higher binding affinity to the N3

inhibitor than the other Coronaviruses.

Using the same protocol as Model 1, MD simulations were carried out for the top 8 docking
compounds to investigate their stability inside the MP™ pocket. The RMSD analyses of the top 8
docking compounds are provided in the Supporting Information (Figure S1). The RMSD values
of ChEMBL275592, montelukast, ChEMBL288347, bromocriptine, and saquinavir systems
increased at the beginning of the simulation then remained stable until the end of the simulation.
These compounds have reliable MMGBSA binding energies relative to the known N3 inhibitor
that has a value of -150 kJ mol™ calculated at MMGBSA method. The rest of the docking
compounds, zafirlukast, bosentan, and doismin, lack the stability inside the MP™ pocket,
consequently, these compounds have poor binding energies relative to the known N3 inhibitor.
Table 2 lists the MD results and the MMGBSA relative binding energies for the top docking

compounds.
Insert Table 2

The averaged contact area analysis was calculated based on the surface area of a ligand that is
exposed to residues of a protein.>* Table 3 summarizes the contact area analysis for compounds
that have good stability inside the binding site of the MP™ through the 100 ns MD simulations.

Snapshots of the last frame of simulated systems are depicted in Figure 4. Analyses of the time-



evolution of the contact area are also provided in the Supporting Information (Figure S2). We
found that residues Thr25, His41, Ser46, Met49, Asnl142, Cys145, Met165, Glul66, Prol168, and
GIn189 have a good contact area with the top five compounds. Wang studied the common
significant hot spot residues of the MP™; these residues are His41l, Met49, Asn142, Hisl64,

Met165, Glu166, and GIn189, which are in agreement with our results.'?
Insert Figure 4
Insert Table 3

CONCLUSION:

In this study, the ligand-based screening, structure-based docking screening, MD simulations, and
binding energy calculations were conducted based on the MP™ as a drug target. The MP°-N3
complex has an absolute binding energy of — 42 kJ mol™. The predicted results suggest that
montelukast, ChEMBL275592, and ChEMBL288347 (top 3 compounds) show good inhibitory
efficiency on the focused MP™ target. Montelukast is an approved drug that is used to control and
prevent breathing problems. ChEMBL275592 is a bioactive compound that shows the inhibitory
activity of 2.8 nM against HIV-1 protease. ChEMBL288347 is also a bioactive compound that
shows the inhibitory activity of 1.4 nM through in vitro inhibition of purified human renal renin.
In addition, bromocriptine and saquinavir may also be candidates for MP inhibition. Our findings

pave the way for further optimizations and designs of MP’s inhibitors.
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Table 1. Top 8 Docking Results for SARS-COV-2 MPr®,

Compound 1D Generic Name Number of Conformations that Possess
Binding Affinity of <— 33 kJ mol*
ChEMBL275592 NA 9
DB01232 saquinavir 9
DB00471 montelukast 7
DB00549 zafirlukast 7
ChEMBL288347 NA 6
DB00559 bosentan 6
DB01200 bromocriptine 5
DB08995 doismin 5

Table 2. MD Results and Relative Binding Energies of the Top 8 Docking Compounds.

Compound Structure Stability in  Averaged Contact MMGBSA Relative Binding
the MP™ Pocket Area (A%)? Energies (kJ mol?)
ChEMBL275592 Stable 395 — 158
montelukast Stable 433 — 154
ChEMBL288347 Stable 411 —144
bromocriptine Stable 354 -121
saquinavir Stable 362 —117
zafirlukast Unstable -73

bosentan Unstable - 59



doismin Unstable - 57

8Averaged contact area between compounds and the MP™ during the 100 ns NPT ensemble.

Table 3. Averaged Contact Area (A2) between Compounds and Active Site Residues of the
MPr® during the 100 ns NPT Ensemble.

Residue Contact Area (A?)
N3 ChEMBL275592 montelukast ChEMBL288347 bromocriptine  saquinavir

Thr25 14 19 16 14 12 12
His41l 24 15 17 19 6 11
Ser46 2 20 8 32 31 29
Met49 5 27 7 30 24 17
Asnl42 44 3 30 16 69 32
Gly143 25 31 19 6 28 6
Cysl45 13 14 23 5 18 4
Met165 19 24 55 52 39 14
Glul66 50 49 43 30 20 26
Prol68 53 18 30 40 9 33
GIn189 56 40 43 70 40 83

Alal91 23 16 19 12 0 4
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Figure 1. Two-dimensional structures of the selected top 8 compounds
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Figure 2. From left to right: RMSD, RMSF, and hydrogen bond interactions of the MP°-N3
complex through 100 ns MD simulations. Model 1 (top), Model 2 (middle), and Model 3 (bottom).

Figure 3. (a) Representative pose of the N3 ligand in the MP™ pocket. The protein surface is
colored based on the electrostatic potential. (b) Hydrogen bond interactions (red dashed line) of
the N3 ligand in complex with the MP™,



Figure 4. Last frame of 100 ns MD simulations of ligands in the MP™ pocket. (a) N3 inhibitor, (b)
ChEMBL275592, (c) montelukast, (d) ChEMBL288347, (e) bromocriptine, and (f) saquinavir.
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