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ABSTRACT: The novel coronavirus (SARS-CoV-2) has infected several million people and 

caused thousands of deaths worldwide since Dec 2019. As the disease is spreading rapidly all over 

the world, it is urgent to find effective drugs to treat the virus. The main protease (Mpro) of SARS-

CoV-2 is one of the potential drug targets. Therefore, in this context, we used rigorous 

computational methods, including molecular docking, fast pulling of ligand (FPL), and free energy 

perturbation (FEP), to investigate potential inhibitors of SARS-CoV-2 Mpro. We first tested our 

approach with three reported inhibitors of SARS-CoV-2 Mpro; and our computational results are 

in good agreement with the respective experimental data. Subsequently, we applied our approach 

on a databases of ~4600 natural compounds, as well as 8 available HIV-1 protease (PR) inhibitors 

and an aza-peptide epoxide. Molecular docking resulted in a short list of 35 natural compounds, 



which was subsequently refined using the FPL scheme. FPL simulations resulted in five potential 

inhibitors, including 3 natural compounds and two available HIV-1 PR inhibitors. Finally, FEP, 

the most accurate and precise method, was used to determine the absolute binding free energy of 

these five compounds. FEP results indicate that two natural compounds, cannabisin A and 

isoacteoside, and an HIV-1 PR inhibitor, darunavir, exhibit large binding free energy to SARS-

CoV-2 Mpro, which is larger than that of 13b, the most reliable SARS-CoV-2 Mpro inhibitor 

recently reported. The binding free energy largely arises from van der Waals (vdW) interaction. 

We also found that Glu166 form H-bonds to all the inhibitors. Replacing Glu166 by an alanine 

residue leads to ~ 2.0 kcal/mol decreases in the affinity of darunavir to SARS-CoV-2 Mpro. Our 

results could contribute to the development of potentials drugs inhibiting SARS-CoV-2.  

  



INTRODUCTION 

Members of the Coronaviridae virus family often cause mild respiratory syndrome in 

humans.1 However, the severe acute respiratory syndrome coronavirus (SARS-CoV) and the 

Middle East respiratory syndrome coronavirus (MERS-CoV) are transfected from animals to 

human and cause severe cases of respiratory syndromes and deaths.2, 3 In 2002, SARS-CoV was 

first recorded in Guandong, China, and linked to 8096 laboratory-confirmed cases of infection and 

774 deaths.3 The natural reservoir of SARS-CoV is Chinese horseshoe bats4 and intermediate hosts 

are civet cats and raccoon dogs.5 This shows that Coronavirus can induce severe symptoms and 

potential pneumonia and death. In December 2019, a novel coronavirus (2019-nCoV or SARS-

CoV-2) that has similar sequence to SARS-CoV emerged in Wuhan, Hubei province, China.6-8 

The initial cluster of infection seemed to relate to Huanan seafood market and SARS-CoV-2 is 

thought to originate from bat though the intermediate hosts are still unknown;9 human-to-human 

transmission has been confirmed.10 As of May 7th, 2020, SARS-CoV-2 has infected more than 

3,800,000 people and caused over 265,000 deaths worldwide.11 

 Coronaviruses have the largest genomes among all known RNA virus, ranging from 26 – 

32 kb in length, which encode structural and non-structural proteins.12, 13 SARS-CoV-2 genome 

encodes more than 20 proteins, which include the main protease (Mpro), a 3C-like protease (3CLP) 

that shares 96,1% similarity with 3CLP of SARS-CoV.13, 14 Mpro, a homodimeric cysteine 

protease, plays an important role in SARS virus replication and transcription. When the messenger 

RNA of the virus is translated polyproteins, Mpro is first auto-cleaved to become a mature enzyme, 

which in turn cleaves all the 11 remaining downstream non-structural proteins of the polyproteins 

to polypeptides, which are required for the replication process of the virus.13 SARS-CoV-2 Mpro 



has thus been an attractive drug target.14, 15 Darunavir and ritonavir can potentially inhibit SARS-

CoV-2 Mpro and have been put into clinical trials for Covid19 treatment.16, 17 

 Computer-aided drug design (CADD) is frequently used to estimate the probable inhibitors 

that could prevent the activity of an enzyme. This method  significantly decreases the time and 

cost to develop a new drug.18 Determination of the ligand-binding free energy  is one of the most 

critical factors in CADD.19 Many schemes were then developed to resolve this problem.20 

Typically, the ligand-binding affinity of several thousand ligands to a protein is frequently 

predicted via the molecular docking method.21 ;  shortlist of these compounds would be then 

refined via more computationally expensive binding free energy methods such as the molecular 

mechanism/Poisson-Boltzmann surface area (MM/PBSA),22-24 linear interaction energy (LIE),25, 

26 or fast pulling of ligand (FPL)27 approaches. The top-lead potential inhibitors will be finally 

validated through an accurate binding free energy approach such as the free energy perturbation 

(FEP),28, 29 thermodynamic integration (TI),30, 31 and non-equilibrium molecular dynamics 

simulations (NEMD).32 Especially, in some cases, calculations required higher accuracy and 

precision can be conducted via a combination of temperature/Hamiltonian replica exchange 

molecular dynamics (REMD) simulations and perturbation method.33-36 In this work, we carried 

out computational investigations according to Scheme 1 to evaluate the potential inhibitors for 

SARS-CoV-2 Mpro. The obtained results could help enhance the development of SARS-CoV-2 

therapy. 

 

Scheme 1. Computational strategy to determine the probable natural inhibitors of SARS-CoV-2 

Mpro. 



MATERIALS & METHODS 

Structure and Parameter of Complexes 

 Three-dimensional structures of SARS-CoV-2 Mpro was downloaded from 

https://innophore.com/.37 It should be noted that the modelled structure is completely fits to the 

recent experiment with the 𝐶𝛼 RMSD is smaller than 0.05 nm (Figure S1 of SI file).14 SARS-CoV-

2 Mpro was parameterized using Amber99SB-ILDN force field.38 Ligand structures were 

downloaded from PubChem database.39 The ligands were parameterized with general Amber force 

field (GAFF)40 using the combination of AmberTools1841 and ACPYPE42 protocols. The atomic 

charges were allocated via the Restrained Electrostatic Potential (RESP) method43 computed with 

quantum chemical calculation at B3LYP double-hybrid functional in combination with 6-31G(d,p) 

basis set. In addition, the SARS-CoV-2 Mpro is mutated via PyMOL mutagensis tools.38 

 

 The molecular docking using the Autodock Vina package39  was employed to rapidly 

determine the ligand binding pose and affinity to SARS-CoV-2 Mpro with the exhaustiveness of 

8 referring to the previous study.40 The parameters of complexes were prepared using 

AutodockTools 1.5.6,41 which parameters were denoted in the PDBQT file. Particularly, tThe 

atomic charges of both receptor and ligands were predicted via Gasteiger−Marsili approach.42, 43 

It should be noted that tThe receptor and ligands were represented via a united atom model.44 The 

best docking mode was selected as the lowest obtained binding energy results. The grid center was 

selected as the center of mass of aza-peptide epoxide, which bound to the active site of SARS-

CoV Mpro.45 The grid size was chosen as 26 × 26 × 26 Angstrom. 

Molecular Dynamics Simulations 

https://innophore.com/2019-ncov/?fbclid=IwAR0SwXTPSKQ-bPU-LURw9DeSaS15ZYfCFJBUq-wdnTCIOyDsc4ubeoLX1t8


 GROMACS version 5.1.546 was employed to simulate the structural change of the solvated 

complex SARS-CoV-2 Mpro + inhibitor. The parameters for MD simulations were referred to the 

previous works.36 SARS-CoV-2 Mpro was parameterized using the Amber99SB-ILDN force 

field.47 Ligand structures were downloaded from PubChem database.48 The ligands were 

parameterized with  the general Amber force field (GAFF)49 using the combination of 

AmberTools1850 and ACPYPE51 protocols. The atomic charges were allocated viausing the 

Restrained Electrostatic Potential (RESP) method52 computed with quantum chemical calculation 

at B3LYP double-hybrid functional in combination with and 6-31G(d,p) basis set. The details of 

complexed configuration upon applied free energy methods were reported in the next subsection. 

The time steps of MD simulations were set to 2 fs. The electrostatic interaction was mimicked via 

fast smooth Particle-Mesh Ewald electrostatics method.53 The cut-off of the van der Waals 

interaction was picked asset at 0.9 nm. Moreover, tThe temperature and pressure couplings were 

calculated using the V-rescale and Parrinello-Rahman schemes, respectively. Furthermore, TtThe 

solvated complex was minimized using the steepest descent method. The energy minimized system 

was relaxed over 100 ps of NVT and 2 ns of  NPT ensembles at 310 K. During the NVT and NPT 

simulations, 𝐶𝛼 atoms of the SARS-CoV-2 Mpro was softly retrained using a harmonic force. The 

coordinates of the solvated complexes were monitored over the atomistic simulations every 10 ps. 

Free Energy Calculation 

Fast pulling of ligand (FPL) approach. The last snapshot of NPT simulations was used as the 

initial structure for SMD simulation.27 Details of the computations were referred to the previous 

studies.27 In particular, the (x, y, z) dimensions of the systems are (9.83, 5.92, 8.70) nm as shown 

in Figure 1Figure 1. The systems in FPL simulations consists of 1 SARS-CoV-2 Mpro, 1 ligand, 

water molecules, and Na+ ions for a total of ca. 50 000 atoms. The pulling speed (𝑣) and spring 



constant cantilever (𝑘) were set at 0.005 nm ps-1 and 600 kJ mol-1 nm-2, respectively. During the 

simulations, the Cα atoms of Mpro were positionally restrained using a weak harmonic potential. 

A harmonic force was put on the center of mass of the inhibitor to disassociate it from the binding 

cavity of the SARS-CoV-2 Mpro (Figure 1Figure 1). The pulling force value and displacement 

along unbinding direction were monitored every 0.1 ps. The FPL simulations were repeated with 

8 independent trajectories to guarantee the sampling of simulations. 

 

 

Figure 1. The computational model for FPL simulations of SARS-CoV-2 Mpro - ligand binding 

affinity. 

 

Free energy perturbation (FEP) simulations.54 The last snapshot of NPT simulations was used 

as the initial conformation for 20 ns-long MD simulations. In particular, the SARS-CoV-2 Mpro 

+ inhibitor complex was inserted into a dodecahedron periodic boundary condition (PBC) box with 

a volume of ca. 820 nm3. The complexed system comprises 1 SARS-CoV-2 Mpro, 1 ligand, 25 

280 water molecules, and 4 Na+ ions for a total of ca. 80 600 atoms. Moreover, the isolated 

inhibitor was inserted into a dodecahedron PBC box with a volume of ca. 85 nm3. The solvated 

ligand system consists of 1 ligand and ca. 2750 water molecules for a total of ca. 8 300 atoms. The 



equilibrium conformation of MD simulations was then employed as the starting structure for FEP 

calculations according to the previous study.36 During FEP simulations, the coupling parameter 𝜆, 

varies from 0 to 1, was employed to evaluate the free energy change ∆𝐺 of the system modification 

from the full-interaction state (𝜆 = 0) to the non-interaction state (𝜆 = 1) via the alteration of the 

systemic Hamiltonian between various circumstances. The change of a ligand from full-interaction 

to non-interaction states with surrounding molecules is called the ligand annihilation process 

(Figure 2Figure 2). Eight values of 𝜆cou, including 0.00, 0.100, 0.20, 0.35, 0.50, 0.65, 0.80, and 

used to modify the Coulomb interactions. Nine values of 𝜆vdW, including 0.00 0.10 0.25 0.35 0.50 

0.65 0.75 0.90 1.00, to alter the van der Waals (vdW) interactions. Sixteen alter-𝜆 simulations were 

performed to demolish a ligand from a solvated system (Figure 2Figure 2). The total energy 

ligand annihilation process was then summed via the Bennet’s acceptance ratio (BAR) method.55 

Finally, the absolute binding free energy between a ligand to SARS-CoV-2 Mpro was deduced as 

the different energy between two annihilation processes involving  decoupling the ligand from the 

solvated ligand system and from the solvated protein-ligand system. 

 



Figure 2. Thermodynamics diagram of determination of the absolute binding free energy between 

a ligand and SARS-CoV-2 Mpro. A) The full-interaction state of a ligand with surrounding 

molecules, including the protease and solvent molecules. B) A dummy ligand with the solvated 

protease. C) The full-interaction state of a ligand with the solvent molecules. D) A dummy ligand 

in solution. A dummy ligand is a ligand that has no non-bonded interaction with neighboring 

molecules. The solvent molecules are hidden for clarity.  

 

 

 

Structural Analysis 

 A hydrogen bond (HB) is determined when an acceptor (A)-hydrogen (H)-donor (D) angle 

is larger than 1350 and the A - D distance is less than 0.35 nm. A side-chain (SC) contact between 

inhibitors and SARS-CoV-2 Mpro is counted when the distance between non-hydrogen atoms of 

two molecules is less than 0.45 nm. The two-dimensional interaction diagram between a protein 

and a ligand was generated using the LigPlot++ program.56 Moreover, pharmacokinetics of the 

top-lead compounds were predicted using the PreADME server.57 

 

RESULTS AND DISCUSSION 

Potential Inhibitor Screening using Molecular Docking 

 Autodock Vina39 is one of the most popular free packages to roughly and rapidly estimate 

the binding affinity and binding pose of a ligand to a protein. The successful-docking rate of the 

package was up to 81 % according to our previous benchmark study on over 800 protein-ligand 

complexes.40 We used Autodock Vina to dock three previously reported ligands 14 to SARS-CoV-

2 Mpro and obtained binding energies reasonably consistent to experimentally determined values 

(Table 1Table 1). Therefore, in this project, Autodock Vina39 was employed to rapidly evaluate 

binding affinity of ca. 4600 natural compounds from the Vietherb database.58 Because some 



current HIV-1 PR inhibitors, such as darunavir16 or ritonavir,17 have been tested for SARS-CoV-

2 inhibition, eight drugs inhibiting HIV-1 PR, including amprenavir, atazanavir, darunavir, 

indinavir, lopinavir, nelfinavir, ritonavir, and saquinavir, were also investigated. Moreover, the 

binding of aza peptide epoxide was also redocked to SARS-CoV-2 Mpro in order to compare with 

other ligands. The binding affinity of top-lead compounds to SARS-CoV-2 Mpro is provided in 

Table S1 of the Supporting Information (SI) file, respectively. The obtained docking energies fall 

the range from -1.2 to -9.8 kcal/mol with the median of -6.22 ± 0.02 kcal/mol (the computed error 

is the standard error of the mean) (Figure 3Figure 3).  

 

N0 
Compound 

Name 
∆𝑮𝐃𝐨𝐜𝐤

a ∆𝑮𝐄𝐗𝐏
b 

1 11r -7.1 -9.23 

2 13a -6.7 -7.70 

3 13b -6.9 -8.45 

aDocking binding free energy obtained by Autodock Vina.39 bExperimental binding free energy ∆𝑮𝐄𝐗𝐏 roughly estimated based on 

IC50 value reported recently,14 assuming that inhibition constant (𝑘i) is equal to IC50 value. The unit of G is kCal/mol. 

 

 

 

Figure 3. Distribution of docking energy between 4663 natural compounds and SARS-CoV-2 

Mpro.  



 There are 35 natural compounds from the Vietherb database exhibiting large ligand affinity 

to SARS-CoV-2 Mpro. The affinity of these compound ranges from -8.6 to -9.8 kcal/mol (Table 

S1 in SI), which is significantly larger than that found in the range of -6.4 to -7.6 kcal/mol for the 

8 HIV-1 PR inhibitors, and aza peptide epoxide. The 35 natural compounds form more HBs to 

SARS-CoV-2 Mpro than these 9 compounds (Figure 4Figure 4 and Table S3 of SI). 

 

 

Figure 4. Docked conformations of SARS-CoV-2 Mpro + cannabisin A (A) and SARS-CoV-2 

Mpro + darunavir (B) complexes. 

 



Refining Docking Results using FPL Simulations 

 The obtained docking results were refined using the FPL method.27 The FPL scheme is a 

very efficient technique to rapidly explore the binding affinity of a ligand to a protein, when the 

protein binding cavity accessible to the exogenous ligand without sizable conformational change 

during the binding/unbinding process. The FPL approach requires a small amount of computing 

resource, but it could provide results with high accuracy and precision.27 The maximum pulling 

force (𝐹max), called rupture force, and the recorded pulling work (𝑊) were used as a criterion to 

rank the ligand-affinity.27, 59 However, as mentioned in the previous work,27 the pulling work is 

more appropriate than the rupture force as it directly associates with the ligand-binding free energy 

via isobaric-isothermal Jarzynski equality.60, 61  

 In this work, we carried out FPL simulations to rank the affinity to SARS-CoV-2 Mpro of 

44 compounds screened with docking studies. The FPL calculations for 11r, 13a, and 13b14 were 

also carried out for comparison. The equilibrated snapshot obtaining from 2 ns of NPT simulations 

was used as an initial structure for the FPL simulations. The maximum pulling force, called rupture 

force, and pulling work were obtained from 8 independent trajectories. The obtained results are 

provided in Table 2Table 2. The mean of recorded rupture forces 𝐹max ranges from 416.9 ± 35.4 

± 59.2 pN. The time-dependent pulling forces of these 47 systems are provided in Figure S3 of the 

SI. The form of pulling force curves are in good agreement with the previous studies,27 in which 

the pulling forces continuously increase to maximum values before rapidly dropping to zero after 

the nonbonded contacts between the ligand to the protein were terminated. Here, the pulling work 

was selected as a criterion to rank the ligand-affinity (Figure 5Figure 5).  The average pulling 

ranges from 36.1 ± 4.5 to 104.0 ± 5.6 kcal/mol (Table 2Table 2). The FPL-derived pulling work 

13a, 13b is 43.3 ± 3.9, 94.6 ± 5.0, and 91.9 ± 3.6 kcal/mol, respectively, which is consistent with 



respecttive experiments.14 This result supports our approach in using FPL to refine the docking 

results. 

 

 

Figure 5. Recorded pulling works during FPL simulations of of SARS-CoV-2 Mpro + cannabisin 

A (A) and SARS-CoV-2 Mpro + darunavir (B) complexes. 

 

Table 2. FPL results of top-lead compounds screened with molecular docking 

N0 Pubchem Compound Name ∆𝑭𝐌𝐚𝐱
a 𝑾b ∆𝑮𝐄𝐗𝐏

c 

1  11r 857.5 ± 38.7 94.6 ± 5.0 -9.23 

2  13a 496.0 ± 32.5 43.3 ± 3.9 -7.70 

3  13b 884.3 ± 36.5 91.9 ± 3.6 -8.45 

4 10621 Hesperidin 575.6 ± 46.2 62.7 ± 4.6  

5 73330 Strictinin 633.2 ± 27 67.9 ± 3.8  

6 83489 Eriocitrin 588.7 ± 26.8 71.0 ± 4.8  

7 114777 CHEMBL346119 721.2 ± 38.1 72.6 ± 4.5  

8 122738 Procyanidin B2 668.8 ± 20 77.8 ± 3.7  

9 124356 Physalin F 614.2 ± 23.5 52.6 ± 1.8  

10 156766 Kihadanin B 500.3 ± 30.2 45.0 ± 3.0  



11 179651 Limonin 516.3 ± 31.9 45.1 ± 1.8  

12 183905 

6,8-Di-C-Beta-D-

Arabinopyranosyl 

Apigenin 

672.6 ± 38.9 67.4 ± 4.8  

13 190799 Stephasubine 807.4 ± 54.4 78.4 ± 7.3  

14 196583 Mulberrofuran G 674.2 ± 52.4 71.7 ± 4.9  

15 442431 Narirutin 535.8 ± 45.3 54.4 ± 5.1  

16 480819 Albanol B 546.6 ± 27.7 49.7 ± 3.8  

17 5281600 Amentoflavone 710.6 ± 50.9 74.3 ± 6.3  

18 5281613 Diosmin 714.0 ± 47.5 77.5 ± 5.6  

19 5281627 Hinokiflavone 645.1 ± 51.0 67.6 ± 4.2  

20 5317025 Linarin 548.3 ± 21.9 58.5 ± 3.0  

21 5319276 Marchantin K 567.6 ± 13.3 50.0 ± 1.7  

22 5319278 Marchantin L 616.1 ± 34.0 53.9 ± 3.2  

23 5319933 Mulberrofuran Q 539.4 ± 16.4 54.2 ± 2.7  

24 5458744 Physalin B 5,6-Epoxide 476.2 ± 32.9 38.4 ± 3.3  

25 6476333 Isoacteoside 730.7 ± 40.1 92.2 ± 4.4  

26 6711179 Hypopistephanine 707.0 ± 34.5 65.1 ± 3.8  

27 9851181 Isorhoifolin 567.7 ± 36.7 57.9 ± 4.8  

28 10456516 Cinchonain-Ib 547.3 ± 33.7 53.5 ± 3.1  

29 10461109 
Luteolin-7-O-Beta-

Rutinoside 
608.1 ± 63.0 65.0 ± 6.0  

30 11827970 Diosgenin Glucoside 514.8 ± 41.2 49.1 ± 5.6  

31 15086398 Cannabisin A 901.0 ± 59.3 104 ± 5.6  

32 16760075 Didymin 574.5 ± 50.9 63.7 ± 6.0  

33 21123844 Gamma-Chaconine 416.9 ± 35.4 36.1 ± 4.5  

34 44558930 Anabsinthin 589.3 ± 57.8 56.4 ± 5.4  

35 71437113 
2,3-

Dihydrohinokiflavone 
546.5 ± 36.1 61.5 ± 3.3  

36 71448965 Cannabisin D 733.1 ± 32.9 70.4 ± 4.1  

37 90473381 N/A 564.9 ± 53.0 50.0 ± 7.1  

38 101764560 
Quercetin-7-O-

Rutinoside 
737.9 ± 47.8 79.4 ± 6.4  

39 65016 Amprenavir 607.6 ± 29.9 55.4 ± 3.7  

40 148192 Atazanavir 647.7 ± 37.9 74.1 ± 3.3  

41  Aza-Peptide Epoxide 586.4 ± 48.2 61.5 ± 6.4  

42 213039 Darunavir 817.8 ± 32.0 83.9 ± 4.3  

43 5362440 Indinavir 456.3 ± 33.0 48.5 ± 1.7  

44 92727 Lopinavir 684.8 ± 44.5 71.2 ± 3.9  

45 64143 Nelfinavir 607.9 ± 31.5 58.1 ± 3.0  

46 392622 Ritonavir 764.8 ± 54.0 85.9 ± 7.8  

47 441243 Saquinavir 601.3 ± 41.6 66.4 ± 4.4  

aMean rupture force ∆𝐹Max and bMean pulling work 𝑊 obtained from 8 independent trajectories of SMD simulations. 
cExperimental binding free energy ∆𝑮𝐄𝐗𝐏 roughly estimated based on IC50 value reported recently,14 assuming that inhibition 

constant (𝑘i) is equal to IC50 value. The error is standard error of the mean. The unit of energy and work is kCal/mol; the unit of 

force is pN. 



 

 

  A short list of potential inhibitors of SARS-CoV-2 Mpro was obtained and shown in Table 

1Table 1. The pulling work W for darunavir and ritonavir is 83.9 and 85.9 kcal/mol, respectively, 

is >11% larger than that of the other HIV-1 PR inhibitors (Table 2Table 2). Previous computational 

investigations suggested that lopinavir was able to prevent SARS-CoV-2 Mpro.62 However, FPL 

results show otherwise, which is consistent with the recent clinical research.63 Two natural 

compounds, cannabisin A and isoacteoside, have larger 𝑊 values than that of ritonavir. 

Cannabisin A, Pubchem ID of 15086398, adopts the largest values of both W and 𝐹max, which are 

104.0 kcal/mol and 901.0 pN, respectively. Isoacteoside, Pubchem ID of 6476333, has a pulling 

work 𝑊 of 92.2 ± 4.4 kcal/mol. Beside these compounds, quercetin 7-O-Rutinoside was also 

included into the list of potential inhibitors for the SARS-CoV-2 Mpro, because it adopts a 𝑊 of 

79.4 ± 6.4 kcal/mol, which is only 5% small than that of darunavir. These five compounds adopt 

an appropriate pulling work 𝑊 in comparison with that obtained for 13b (91.9 ± 3.6 kcal/mol), the 

most reliable SARS-CoV-2 Mpro inhibitor recently reported.14  

 

Validation of FPL Results using FEP Calculations 

 Accurate and precise determination of the ligand-binding free energy probably reduces drug 

discovery cost.64 Therefore, in order to validate the FPL results, the absolute binding free energy 

between five ligands was computed using FEP method (Table 3Table 3), one of the most accurate 

precise methods known to date.20, 65 FEP is often used in CADD as it often provides results 

consistent with experiments.66-68 The binding free energy of three recently reported inhibitors of 

SARS-CoV-2 Mpro, including 11r, 13a, and 13b, was also calculated. The good agreement 



between computational and experimental values14 indicates that FEP method is reliable in 

calculating binding free energy of ligands to SARS-CoV-2 Mpro.  

Table 3. Computationally determined potential inhibitors for wild type (WT) and E166A mutants 

SARS-CoV-2 Mpro 

N0 
Pubchem 

ID 
Complex Herb Name ∆𝑮𝐜𝐨𝐮 ∆𝑮𝐯𝐝𝐖 ∆𝑮𝐅𝐄𝐏

a ∆𝑮𝐄𝐗𝐏
b 

1  WT + 11r  -6.02 -7.30 -13.31 ± 2.58 -9.23 

2  WT + 13a  -0.59 -7.59 -8.18 ± 2.20 -7.70 

3  WT + 13b  -1.97 -7.22 -9.18 ± 2.48 -8.45 

4 101764560 WT + Quercetin 7-O-Rutinoside 
Platycodon 

Grandiflorum 
-3.82 -9.33 -5.52 ± 1.18  

5 15086398 WT + Cannabisin A Cannabis Sativa -2.57 -10.20 -12.76 ± 1.37  

6 6476333 WT + Isoacteoside 
Fernandoa 

Adenophylla 
-2.06 -7.34 -9.40 ± 2.64  

7 213039 WT + Darunavir  -3.44 -8.52 -11.96 ± 1.99  

8 392622 WT + Ritonavir  2.10 -9.83 -7.73 ± 1.77  

9 213039 E166A + Darunavir  -1.58 -8.32 -9.90 ± 2.48  

aAbsolute binding free energy ∆𝑮𝐅𝐄𝐏 obtained using 3 independent FEP calculations. bExperimental binding free energy ∆𝑮𝐄𝐗𝐏 

roughly estimated based on IC50 value reported recently,14 assuming that inhibition constant (𝑘i) is equal to IC50 value. The error 

is standard error of the mean values. The unit of energy and work is kcal/mol. 

 

  The equilibrium snapshots of the SARS-CoV-2 Mpro + inhibitor systems generated in NPT 

simulations were treated as the initial conformations for MD simulations. These MD simulations 

were set to run for 20 ns, in which all-atom RMSD of the complex was recorded every 10 ps 

(Figure S4 of the SI). During the MD simulations, the binding pose between the SARS-CoV-2 

Mpro and the inhibitor was refined under the effects of the interaction among them. The number 

of HBs between protein-ligand fluctuates from the beginning of MD simulations and becomes 

stables after 10 ns of MD simulations (Figure 6Figure 6). It is consistent with all-atom RMSD of 

the complex over the MD simulations (Figure S4 of the SI). Figure 7Figure 7 shows the dominant 

structures and binding poses of cannabisin A and darunavir with SARS-CoV-2 Mpro, respectively. 

The poses for for SARS-CoV-2 Mpro + isoacteoside, quercetin 7-o-rutinoside, and ritonavir 

complexes are provided in Figure S5-7 of the SI. Interestingly, Glu166 appears to be an important 

residue involving in the binding of the inhibitors to SARS-CoV-2 Mpro as it forms HBs with all 



of these inhibitors. The mutation of Glu166 could possibly alter the affinity of inhibitors to SARS-

CoV-2 Mpro. 

 

 

Figure 6. The number of HBs between SARS-CoV-2 Mpro and cannabisin A (A) and darunavir 

(B) over equilibrium region of MD simulations. 

 

 



 

 

Figure 7. The binding pose of the SARS-CoV-2 Mpro + cannabisin A (A) and SARS-CoV-2 Mpro 

+ darunavir (B) systems, obtained by all-atom clustering with a cutoff 0.3 nm using 3000 

equilibrium snapshots. 

 

  The work values of the decoupling ligand from the solvated system are used to determine 

the free energy change over the annihilation ligand process (Figure 2Figure 2). Sixteen 𝜆-

simulations length of 2 ns were employed to calculate the work values. The soft-core potentials 



were used to characterize the altered Hamiltonian system. However, the soft-core potentials cost 

much more CPU time than the traditional one. Therefore, the performance of MD simulation is 

significantly reduced during 𝜆-alteration simulations. Totally, MD simulations were carried out in 

219 ns over 3 trajectories. The free energy terms were then computed using the  BAR method55 

over the interval 1-2 ns of the 𝜆-alteration simulations with a period of 100 ps. Overall, the absolute 

binding free energy between five potential inhibitors to SARS-CoV-2 Mpro was then obtained 

(Table 3Table 3).  

  According to results showing in Table 3Table 3, the vdW free energy interaction energy 

over the electrostatic free interaction energy during a ligand binding to SARS-CoV-2 Mpro. 

Moreover, darunavir adopts a stronger binding free energy (-11.96 ± 1.99 kcal/mol) to SARS-

CoV-2 Mpro than ritonavir (-7.73 ± 1.77 kcal/mol). This result is consistent with recent clinical 

research63 that ritonavir only has weak inhibitory effect on SARS-CoV-2.  

  Quercetin 7-o-rutinoside, a compound from platycodon grandiflorum,58 exhibits poor 

binding affinity SARS-CoV-2 Mpro (-5.52 ± 1.18 kcal/mol). Isoacteoside, a compound  from 

fernandoa adenophylla,58 has an binding affinity of -9.40 ± 2.64 kcal/mol, which falls between 

that of ritonavir and darunavir. Cannabisin A, a compound from cannabis sativa,69 adopts the 

strongest binding affinity to the SARS-CoV-2 Mpro (-12.76 ± 1.37 kcal/mol).  

  FEP result suggests that canabisin A, isoacetoside, and  darunavir are the potential 

inhibitors for SARS-CoV-2 Mpro since their binding free energies are larger than that of 

compound 13b, has a computational binding free energy of -9.18 ± 2.48 kcal/mol (Table 3Table 

addition, the cell membrane crossing ability was then predicted for these compounds using the 

preADMET server. The logP values predicted for Canabisin A is 5.18, which is similar to that of 

ritonavir (5.59) and higher than that of darunavir (2.22). Having a logP value similar to an 



approved drug further supports canabisin A as a potential drug for SARS-CoV-2. In addition, the 

predicted logP value of isoacetoside is relatively small but is still on the positive side and should 

still be included in future study.  

 

Potential Key residue in SARS-CoV-2 Mpro-ligand binding 

  The potential important residues in SARS-CoV-2 Mpro-ligand binding are probablycould 

be probed via estimating the probabilities of SC and HB contacts between high-affinity inhibitors 

and individual residues of SARS-CoV-2 Mpro (cf. 8Figure 8). Particularly, the residues His41, 

N142, S144, C145, H164, M165, E166, L167, and Q189 formed SC contacts to the inhibitors in 

more than over 80% of MD equilibrium snapshots. However, iInterestingly, the inhibitors only 

to Glu166 over 81% of MD equilibrium snapshots. As mentioned above, residue Glu166 is located 

alters the binding affinity of a ligand to SARS-CoV-2 Mpro. To test this hypothesis, we have 

replaced Glu166 with an alanine residue and carried FEP calculation for E166A SARS-CoV-2 

Mpro + darunavir complex (Table 1). Upon E166A mutation, the calculated binding affinity of 

darunavir to SARS-CoV-2 Mpro changes from -11.96 ± 1.99 kcal/mol to -9.90 ± 2.48 kcal/mol. 

This ~ 2 kcal/mol decreases in binding affinity mostly arises from the weakening in coulomb 

interaction (Gcou) due to the loss of HBs formed by the residue 166. This result suggest that G166 

is potentially a key residue in ligand binding to SARS-CoV-2, and its mutation to hydrophobic 

residue could lead to decreases in inhibitory effect of ligands.  



 

Figure 8. Probabilities of SC (topup) and HB (downbottom) contacts between high-affinity 

SARS-CoV-2 Mpro over 3000 MD equilibrium snapshots of MD simulations.  

 

CONCLUSIONS 

  In this work, we utilized a rigorous computational approach to determine potential 

inhibitors of SARS-CoV-2 Mpro. First, we tested our approach on 3 recently reported inhibitors 

of SARS-CoV-2 Mpro and obtained computational results consistent with the experimental data. 

Subsequently, we investigated a database of 4600 natural compounds found in Vietnamese plants 

(Vietherbs). Eight HIV-1 PR inhibitors and an aza-peptide epoxide were added to the database. 

The database was first shortlisted to 44 by molecular docking, which was further refined using 

FPL simulations to 5 compounds. The refined compounds were validated with FEP method, the 

most accurate binding free energy estimation method.  We found that 2 two natural compounds, 



cannabisin A and isoacteoside, in the Vietherbs database and an HIV-1 PR inhibitors, darunavir, 

can potentially inhibit SARS-CoV-2 Mpro since their affinities are significantly larger than that of 

the compound 13b, a most reliable SARS-CoV-2 inhibitors from the recent work.14  Moreover, the 

others HIV-1 PR inhibitors are unlikely to prevent SARS-CoV-2 Mpro, consistent with a recent 

clinical study.63 Furthermore, we also found that the residue Glu166 possibly plays an important 

role in the binding of a ligand to SARS-CoV-2 Mpro, which could be a target for future study.  
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