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lead inhibitors for 3CLpro of SARS-
CoV-2 target using machine learning based virtual
screening, ADMET analysis, molecular docking and
molecular dynamics simulations†

Sandeep Poudel Chhetri,a Vishal Singh Bhandari,b Rajesh Maharjana

and Tika Ram Lamichhane *a

The SARS-CoV-2 3CLpro is a critical target for COVID-19 therapeutics due to its role in viral replication. We

employed a screening pipeline to identify novel inhibitors by combining machine learning classification with

similarity checks of approved medications. A voting classifier, integrating three machine learning classifiers,

was used to filter a large database (∼10 million compounds) for potential inhibitors. This ensemble-based

machine learning technique enhances overall performance and robustness compared to individual classifiers.

From the screening, three compounds M1, M2 and M3 were selected for further analysis. Absorption,

distribution, metabolism, excretion, and toxicity (ADMET) analysis compared these candidates to nirmatrelvir

and azvudine. Molecular docking followed by 200 ns MD simulations showed that only M1 (6-[2,4-

bis(dimethylamino)-6,8-dihydro-5H-pyrido[3,4-d]pyrimidine-7-carbonyl]-1H-pyrimidine-2,4-dione) remained

stable. For azvudine and M1, the estimated median lethal doses are 1000 and 550 mg kg−1, respectively, with

maximum tolerated doses of 0.289 and 0.614 log mg per kg per day. The predicted inhibitory activity of M1

is 7.35, similar to that of nirmatrelvir. The binding free energy based on Molecular Mechanics Poisson-

Boltzmann Surface Area (MM-PBSA) of M1 is −18.86 ± 4.38 kcal mol−1, indicating strong binding interactions.

These findings suggest that M1 merits further investigation as a potential SARS-CoV-2 treatment.
1 Introduction

The SARS coronavirus (SARS-CoV) causes severe acute respira-
tory syndrome (SARS).1 As of January 21, 2024, there were 774
395 593 conrmed cases of SARS-CoV-2 infection, resulting in 7
023 271 deaths.2 SARS-CoV-2, an enveloped positive-sense
single-stranded RNA virus,3 belongs to the genus Betacor-
onavirus. Viral proteases, crucial for replication, are well-
validated targets for treating hepatitis C and HIV.4 The
primary protease, 3CLpro (also known as Mpro or Nsp5),5

cleaves polyproteins at 11 sites, essential for viral protein
maturation.6 Inhibiting 3CLpro halts viral replication by pre-
venting the production of necessary enzymes like RNA-
dependent RNA polymerase.7 Human proteases lack 3CLpro's
cleavage specicity, making these inhibitors safe for human
use.8 Known oral 3CLpro inhibitors9 are shown in ESI Fig. S1.†

The COVID-19 pandemic has increased the demand for new
antiviral drugs. Traditional high-throughput screening (HTS) of
University, Kathmandu 44600, Nepal.

n University, Kathmandu 44600, Nepal

tion (ESI) available. See DOI:

the Royal Society of Chemistry
1 to 2 million compounds is expensive and operationally chal-
lenging.10,11 Articial Intelligence (AI) can accelerate drug
discovery by evaluating vast data, predicting drug efficacy, and
reducing the time and resources needed for clinical trials,
enhancing the chances of developing effective treatments. Drug
discovery has been revolutionized over the last ten years by AI
models.12–14

As discussed in ref. 15, we used machine learning combined
with similarity analysis, ADMET analysis, molecular docking
and MD simulation in our study. We used a voting classier to
screen a large database (∼10 million compounds) for potential
inhibitors. Selected compounds were compared to known
3CLpro inhibitors and analyzed for ADMET properties. Stability
was assessed using molecular docking and molecular dynamics
simulations.16 Fig. 1 illustrates our study's workow.
2 Materials and methods
2.1 Data collection and curation

The OpenCADD platform, an open-source tool for chem-
informatics, was employed to obtain compound data and
develop machine learning models.17 Simplied Molecular Input
Line Entry System (SMILES) for 903 inhibitors of 3CLpro, along
with their respective Half-maximal inhibitory concentration
RSC Adv., 2024, 14, 29683–29692 | 29683
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Fig. 1 Schematic workflow of the study.
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(IC50) values, were retrieved from the Chemical European
Molecular Biology Laboratory (CHEMBL) database.18 Aer
downloading the data, we ltered out SMILES entries lacking
IC50 values, retained only bioactivity entries measured in
nanomolar (nM), and removed duplicate molecules, resulting
in 744 data points. Due to the varied scales of IC50 values, they
were converted into corresponding negative logarithms, known
as pIC50 values. Pzer's rule, also known as Lipinski's Rule of
Five (RO5), was utilized at this stage to lter the data according
to drug-likeness.19,20 Meeting most of the Ro5 parameters does
not ensure that a compound will become a drug; it merely
indicates drug-likeness and assists in eliminating weaker
compounds during the preclinical phase. Our models were
trained using the 659 data points that remained aer the RO5
lter was applied. The spider plots of the compounds in the
dataset that are either inside or outside RO5 domain are dis-
played in Fig. 2.

2.2 Model building and evaluation

Molecular ngerprints21 encode structural data into numerical
vectors or xed-length bit-strings, which enable fast similarity
comparisons crucial for virtual screening,22 structure–activity
relationship studies, and chemical space maps creation.23 In
Fig. 2 Physio-chemical radar plots of the compounds in the dataset (a)

29684 | RSC Adv., 2024, 14, 29683–29692
our work, molecular ngerprints derived from SMILES were
computed using RDKit24 and used as inputs for machine
learning models. The dataset was split into 332 active and 327
inactive compounds based on a pIC50 cut-off value of 6.2. We
built twenty machine learning classiers using Morgan3
ngerprints for quantitative structure–activity relationship
(QSAR) classication,25 selecting the top three classiers based
on various learning methods and evaluation metrics. The clas-
siers were built using Scikit-learn and Lightgbm.26,27 The
hyperparameters of the top three classiers were ne-tuned and
combined to form a voting classier, enhancing overall
performance and robustness compared to individual classi-
ers.28 Similar approach was used for QSAR regression.

To assess classiers, metrics including accuracy, precision,
sensitivity, specicity, and AUC (Area Under Curve) were
computed based on the confusion matrix.29 Regressors were
evaluated based on mean absolute error (MAE), root-mean-
squared error (RMSE), and R2 – score.30

2.3 Ligand and similarity based virtual screening

We employed the voting classier for ligand-based virtual
screening31,32 of the eMolecules databases33 to screen for active
compounds, selecting molecules with a predicted probability
inside RO5 domain or (b) outside RO5 domain.

© 2024 The Author(s). Published by the Royal Society of Chemistry
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exceeding 90% as potential active inhibitors. The database was
ltered before screening to remove entries with invalid SMILES,
Pan Assay Interference Molecules (PAINS), and those not
meeting Lipinski's Rule of Five (RO5) criteria, using RDKit.

Similarity-based virtual screening measures the similarity
between database structures and reference structures, based on
the principle that similar structures likely have similar
bioactivities.34–36 For 3CLpro inhibitors, the chemical similarity
between potential active inhibitors and known inhibitors was
calculated using Molecular ACCess System (MACCS) and
Morgan2 ngerprints, with Tanimoto and Dice similarity
indices ensuring consistent comparisons.37 Three potential
compounds, consistently ranking in the top ve during anal-
ysis, were selected for further assessment. Similarity maps of
these candidates, created using Morgan2 ngerprints, visual-
ized their similarity to known inhibitors.38
2.4 ADMET analysis of potential inhibitors

Assessing the absorption, distribution, metabolism, excretion,
and toxicity (ADMET) properties is a crucial yet complex part of
the drug discovery process, as these factors contribute to
a signicant portion of clinical failures.39,40 In this study, we
conducted a preliminary ADMET analysis using the SwissADME
platform41 for ADMET proling and the ProTox-II tool42 for
toxicity predictions of candidate compounds relative to known
inhibitors. Additionally, the maximum tolerated dose (MTD) for
humans was estimated using the pkCSM tool.43 Although these
tools offer useful preliminary insights, their results are specu-
lative and should be interpreted carefully.
2.5 Molecular docking

Molecular docking was used to determine how drugs attach to
and interact with a protein. The crystal structure of 3CLpro
(PDB ID: 5R82) complexed with an Z219104216 inhibitor was
retrieved from the Protein Data Bank (PDB)44,45 and rened
using I-TASSER.46 AutoDock4 was used to perform molecular
docking.47 To validate the docking parameters, the native ligand
was redocked in the same binding pocket and the root mean
Table 1 Evaluation of three individual classifiers and voting classifier

Classier Accuracy Precision Sensitivity Specicity AUC

NuSVC 0.89 0.94 0.86 0.93 0.96
ET 0.90 0.96 0.86 0.95 0.95
LGBM 0.88 0.91 0.86 0.90 0.95
VC 0.88 0.91 0.86 0.90 0.96

Table 2 Five-fold cross validation of individual classifiers and voting cla

Classier Accuracy Precision

NuSVC 0.87 (�0.04) 0.87 (�0.06)
ET 0.88 (�0.04) 0.89 (�0.07)
LGBM 0.85 (�0.04) 0.84 (�0.06)
VC 0.87 (�0.04) 0.86 (�0.06)

© 2024 The Author(s). Published by the Royal Society of Chemistry
square deviation (RMSD) between the initial pose and the
docked pose was calculated using PyMOL.48 Proteins and
ligands were prepared using AutoDockTools by removing water
molecules, adding Kollmann's charges, integrating polar
hydrogens, and converting to protein data bank with partial
charge and atom type (PDBQT) format. A cubic grid box (50 Å
sides) centered at coordinates 10.364, 1.549, and 20.182 was
used for site-specic docking. Docking parameters included
a grid spacing of 0.375 Å, a population size of 300; 2 500 000
energy evaluations; and 100 docking runs using the Lamarckian
Genetic Algorithm.49–51 Protein–ligand interactions for the best-
scored poses were analyzed with Protein–Ligand Interaction
Proler (PLIP).52
2.6 Molecular dynamics simulation

Molecular dynamics (MD) simulations were conducted for three
candidate compounds to rene binding affinities, stability, and
interactions. Using GROMACS53 with the CHARMM36 force-
eld,54 the highest-scoring protein–ligand complex from dock-
ing was simulated. Ligands were parameterized via
SwissParam,55 and the system was neutralized with 0.15 mol L−1

concentration of Cl− and Na+ ions,56 solvated in a dodecahedron
box of SPC water.57 Energy minimization used 50 000 steps of
the steepest descent method, followed by equilibration for 100
ps at 300 K in an NVT ensemble with a V-rescale thermostat.58

Further equilibration for 100 ps at 1 bar and 300 K used an NPT
ensemble with isotropic Berendsen pressure coupling. An
unrestrained 200 ns MD simulation was then run with a 2 fs
timestep, using a Parrinello-Rahman barostat and V-rescale
thermostat.59

Stability was assessed by analyzing the root mean square
deviation (RMSD), root mean square uctuation (RMSF),
protein solvent accessible surface area (SASA), radius of gyration
(Rg), number of hydrogen bonds (H-bonds), and Dictionary of
Secondary Structure in Proteins (DSSP).60 Ligand–protein
binding free energies were calculated using gmx_MMPBSA and
gmx_MMPBSA_ana, following the MM-PBSA approach, over the
nal 20 ns of equilibrated trajectories.61
3 Results and discussions
3.1 Model building and database screening

The performance of 20 classiers (CLF) is summarized in ESI
Table S1.† We selected Nu-Support Vector Classier (NuSVC),
ExtraTreesClassier (ET), and Light Gradient Boosting Machine
(LGBM) Classier to construct a Voting Classier (VC). For
NuSVC, parameters were set to nu = ‘0.2’, kernel = ‘rbf’, and
ssifier

Sensitivity Specicity AUC

0.88 (�0.03) 0.87 (�0.06) 0.94 (�0.01)
0.87 (�0.04) 0.89 (�0.06) 0.94 (�0.03)
0.87 (�0.04) 0.83 (�0.06) 0.92 (�0.03)
0.87 (�0.05) 0.86 (�0.05) 0.94 (�0.03)

RSC Adv., 2024, 14, 29683–29692 | 29685
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Fig. 3 ROC curve of the individual classifiers and voting classifier.
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gamma = ‘scale’; for ET, n_estimators = ‘1000’, criterion =

‘gini’, and max_features = ‘sqrt’; for LGBM, n_estimators =

‘200’, learning_rate = ‘0.2’, max_depth = ‘4’, and num_leaves =
‘50’; all other parameters were le at their default values. The
VC employed a ‘so’ voting mechanism. The confusion
matrices of the individual classiers and the VC are presented
in ESI Fig. S2,† with their evaluations detailed in Table 1.

Table 2 presents the ve-fold cross-validation results for
individual classiers and the voting classier using a 20%
random data selection.

Fig. 3 illustrates the ROC curves for these classiers. With
AUC scores of 0.96, 0.95, 0.95, and 0.96, all classiers demon-
strated strong classication performance. The voting classier
was chosen for screening the eMolecules database due to its
superior robustness, identifying 39 molecules with prediction
probabilities above 90% as potential active inhibitors.
Table 3 Similarity checking between azvudine, ensitrelvir, nirmatrelvir an
fingerprints

Known inhibitors Top 5 molecules Tanimoto_morgan Dice

Azvudine 5 0.147287 0.25
26 0.144330 0.25
15 0.136364 0.24
19 0.135922 0.23
14 0.134615 0.23

Ensitrelvir 20 0.186667 0.31
16 0.174497 0.29
11 0.169935 0.29
27 0.168919 0.28
8 0.166667 0.28

Simnotrelvir 34 0.154930 0.26
14 0.133803 0.23
5 0.130178 0.23

17 0.120805 0.21
38 0.118881 0.21

Nirmatrelvir 5 0.148148 0.25
34 0.135714 0.23
38 0.123188 0.21
31 0.117241 0.20
30 0.116438 0.20

29686 | RSC Adv., 2024, 14, 29683–29692
3.2 Similarity measures analysis

We assessed the chemical similarity between 39 potential active
inhibitors and known inhibitors of 3CLpro-azvudine, ensi-
trelvir, nirmatrelvir, and simnotrelvir using MACCS and
Morgan2 ngerprints. Tanimoto and Dice similarity metrics
were computed for both MACCS and Morgan2 ngerprints.
Table 3 displays the top ve compounds with the highest
similarity to each reference, considering Tanimoto and Dice
similarities for both MACCS and Morgan ngerprints.

For further analysis, we selected three structures-M1 (Pub-
Chem CID 56879830), M2 (PubChem CID 70722105), and M3
(PubChem CID 72893585)-based on their higher frequency of
occurrence and higher similarity indexes among the similar
compounds.

Fig. 4 illustrates the similarity map generated for these three
compounds with four known inhibitors using the Morgan2
ngerprint.
3.3 ADMET analysis and drug-likeness

ESI Table S2† presents the physicochemical properties, phar-
macokinetics, and drug-likeness of the molecules. ADMET
analysis with reference to oral 3CLpro inhibitors azvudine and
nirmatrelvir in phase 4 trials,62–64 shows all candidate
compounds meet Lipinski's rule of ve, suggesting favorable
drug-likeness with good absorption and permeability.65 Solu-
bility analysis indicates that M2 and nirmatrelvir are soluble,
while azvudine, M1, and M3 are highly soluble.

ESI Fig. S3† presents the bioavailability radar diagram
comparing candidate compounds with reference molecules
across various physicochemical properties: lipophilicity, size,
polarity, solubility, exibility, and saturation. The pink region
indicates the ideal drug-likeness zone, while the red hexagon
represents drug-likeness prole of molecules. A bioavailability
d simnotrelvir with top-ranked molecules using Morgan2 and MACCS

_morgan Top 5 molecules Tanimoto_maccs Dice_maccs

6757 37 0.578313 0.732824
2252 34 0.556818 0.715328
0000 35 0.547619 0.707692
9316 31 0.534884 0.696970
7288 38 0.530120 0.692913
4607 30 0.653846 0.790698
7143 37 0.636364 0.777778
0503 35 0.623377 0.768000
9017 13 0.623377 0.768000
5714 24 0.618421 0.764228
8293 4 0.535211 0.697248
6025 17 0.532468 0.694915
0366 14 0.531646 0.694215
5569 34 0.524390 0.688000
2500 3 0.520548 0.684685
8065 34 0.587500 0.740157
8994 30 0.550000 0.709677
9355 31 0.544304 0.704918
9877 33 0.525641 0.689076
8589 38 0.519481 0.683761

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 Similarity maps between azvudine, ensitrelvir, nirmatrelvir, and simnotrelvir as references and candidates M1, M2, and M3 using Morgan2
fingerprint. Coloring method: green: positive difference, gray: no change in similarity, and pink: negative difference.
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score of 0.55 suggests favorable pharmacokinetic characteris-
tics. The log Kp values of the candidate compounds suggest
good skin permeability, falling within the range of −9.7 to
−3.5.39

The Brain Or IntestinaL EstimateD permeation method
(BOILED-Egg) was used to predict molecular permeability,
estimating the potential for passive human gastrointestinal
absorption (HIA) and blood–brain barrier (BBB) penetration.66
Table 4 Oral toxicity assessment of the candidate compounds with azv

Chemical compound Predicted LD50 (mg kg−1) Predicted to

Azvudine 1000 4
M1 550 4
M2 500 4
M3 200 3

© 2024 The Author(s). Published by the Royal Society of Chemistry
ESI Fig. S4† presents a boiled-egg graph comparing known
inhibitors with potential inhibitors.

The yolk portion represents the physicochemical space
indicating molecules most likely to penetrate the brain, while
the white part denotes molecules with a high probability of
gastrointestinal (GI) absorption. Molecules predicted to have
low human gastrointestinal absorption (HIA) and blood–brain
barrier (BBB) penetration are depicted in the gray zone. Blue
udine as reference drug

xicity class Prediction accuracy (%) Average similarity (%)

67.38 59.91
54.26 46.19
54.26 48.36
67.38 55.68

RSC Adv., 2024, 14, 29683–29692 | 29687
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points indicate molecules that are substrates of P-glycoprotein
(P-gp) and actively effluxed, while red points represent non-
substrates. Fig. S4† shows that azvudine, M2 and M3 are not
P-gp substrates, whereas M1 and nirmatrelvir are P-gp
substrates.67 All candidate compounds and known inhibitors,
except for azvudine are predicted to exhibit favorable absorp-
tion characteristics and are not expected to penetrate the BBB.

Table 4 displays the oral toxicity assessment of the candidate
compounds using azvudine as the reference drug.

Compared to azvudine, all candidates showed lower LD50
values,68 suggesting potentially higher toxicity. M1, M2, and
azvudine are predicted to be in class IV, while M3 may fall into
class III based on toxicity classication criteria. Additionally,
The MTDs of azvudine, M1, M2, and M3 are predicted as 0.289,
0.614, 0.615, and 0.542 (log mg per kg per day), respectively.
Fig. 5 Protein–ligand interactions of 3CLpro and candidate
compounds.
3.4 Prediction of pIC50 values

The performance of 20 regressors (RG) is summarized in ESI
Table S3.† To construct the Voting Regressor (VR), we chose the
Random Forest (RF), Hist Gradient Boosting (HGB), and Light
Gradient Boosting Machine (LGBM) regressors. The RF
regressor had n_estimators set to ‘200’, criterion set to ‘squar-
ed_error’, max_features set to ‘sqrt’ and min_samples_split to
‘2’; the HGB regressor had max_iter set to ‘200’ and learnin-
g_rate to ‘0.1’; the LGBM regressor had n_estimators set to ‘200’
and learning_rate to ‘0.1’; all other parameters were le at their
default values. These three regressors were combined to build
the voting regressor. Evaluation metrics for the voting regressor
in training, testing, and 5-fold CV are presented in Table 5.

Experimental and predicted pIC50 values are compared in
ESI Fig. S5.† Predicted pIC50 values for M1, M2, and M3 were
7.35, 7.59, and 7.71 which are comparable to activity of nirma-
trelvir (7.70).
3.5 Molecular docking analysis

Molecular docking was used to generate the 3CLpro protein–
ligand complexes of candidate compounds. The RMSD between
the initial pose and the re-docked pose of the native ligand was
found to be 0.426 Å (Fig. S6†). These validated parameters were
used for the docking of 3CLpro and the candidate compounds.
The protein–ligand interactions of candidate compounds are
shown in Fig. 5.

The binding energy (with each contributing factor) of
candidate compounds with 3CLpro for best docking pose is
shown in ESI Table S4.† The binding energies of M1 (6-[2,4-
bis(dimethylamino)-6,8-dihydro-5H-pyrido[3,4-d]pyrimidine-7-
Table 5 Evaluation metrics of voting regressor in training, testing and
5-fold CV

Statistical metrics Training Testing 5-fold CV

R2 0.97 0.71 0.73
MAE 0.13 0.45 0.41
RMSE 0.18 0.62 0.57

29688 | RSC Adv., 2024, 14, 29683–29692
carbonyl]-1H pyrimidine-2,4-dione), M2 (6-[3-(2,5-dimethox-
yphenyl)pyrrolidine-1-carbonyl]-1H-pyrimidine-2,4-dione) and
M3 ([(3R,4R)-4-hydroxy-3-methyl-4-(oxan-4-yl)piperidine-1-
carbonyl]-1H-pyrimidine-2,4-dione) are −8.64 kcal mol−1,
−8.22 kcal mol−1 and −8.00 kcal mol−1 respectively which
suggests a good binding affinity with target protein.

The interactions between the active residues of 3CLpro and
the best docked pose of candidate compounds are shown in ESI
Table S5.†
3.6 Molecular dynamics simulation analysis

We performed MD simulations for the complexes of the three
candidate compounds and target protein to verify the outcomes
of our virtual screening using machine learning and docking.
Through trajectory analysis, only M1 was found to be stable
during MD simulation among the three candidate compounds.
From RMSD data we found that all our systems reached stability
aer 180 ns (Fig. 6a), so we dened the productive phase of our
simulations as the time between 180 and 200 ns for all the runs.
The RMSD, Rg and, RMSF plots of MD simulation for apo and
M1-complex are shown in Fig. 6.

The stability of the ligand and protein in a complex was
studied using RMSD analysis. The average RMSD of protein
backbone in apo and M1 binding forms is 2.02 ± 0.21 Å and
1.91 ± 0.31 Å, respectively. The RMSD value of the protein
© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 6 (a) RMSD and (b) Rg plots for apo and M1 binding forms of 3CLpro during 200 ns MD simulation.
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backbone was less than 3 Å, indicating a minor change for
globular proteins. These results demonstrate the stability of apo
and ligand binding forms.

Next, we examined the Rg, which is a reliable indicator of
protein folding. The average value of Rg throughout the simu-
lation for apo and M1 binding forms is 22.26± 0.17 Å and 21.29
± 0.12 Å respectively, which shows the overall stable protein
folding in the complex without any signicant expansion or
condensation.

The average RMSF values for apo and ligand binding forms
are 1.21 ± 0.59 Å and 1.09 ± 0.61 Å respectively, with the
majority of residues showing similar RMSF values, while some
regions – like SER1 (6.51 Å), GLY2 (4.38 Å), SER301 (3.03 Å),
THR304 (3.27 Å), and GLN306 (3.07 Å) – showed larger uctu-
ations (Fig. S7†). These residues are not critical because they are
found in the inactive regions of protein. On the other hand, key
residues in the active site, like HIS41, SER144, CYS145, GLU166,
and HIS172, showed reduced uctuations with RMSF values
below 1.1 Å, indicating that the formed hydrogen bonds stabi-
lize the ligand complexation with protein 3CLpro.
Fig. 7 Hydrogen bond stability in 3CLpro-M1 complex for the productiv

© 2024 The Author(s). Published by the Royal Society of Chemistry
Furthermore, we used the DSSP module installed in GRO-
MACS to examine the stability of their secondary structure.69,70

During our simulation, the M1 and apo binding forms both
kept a stable secondary structure on a global scale (Fig. S8†).

The GROMACS Hbond module71 with default parameters
and the HbMap2Grace program72 were utilized to assess the
hydrogen bond pattern, while the SurnMD program73 was
employed to evaluate the molecular surface area. The hydrogen
bond data indicates that there were notable interactions
between the M1 and the active residues (Fig. 7). M1 displayed
hydrogen bonding with the SER144 complex for nearly the
whole simulation period.

Additionally, we calculated the atomic contacts between M1
and SARS-CoV-2 Mpro (Fig. 8). The contact surface area dis-
closed interactions with key residues in the active site.

By using MM-PBSA calculations, the post-MD free energy of
M1 in complex with 3CLpro has been examined. Van der Waals
energy (VDWAALS), electrostatic energy (EEL), polar solvation
energy (EPB), and nonpolar solvation energy (ENPOLAR) are the
main contributors to the total binding free energy. Fig. 9a shows
e phase.

RSC Adv., 2024, 14, 29683–29692 | 29689

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d4ra04502e


Fig. 8 Surface molecular area of 3CLpro-M1 complex for the productive phase.

Fig. 9 MM-PBSA results of M1 in complex with 3CLpro during last 20 ns MD simulations: (a) binding free energy contribution by different
interactions, (b) binding free energy contributions by active residues and ligand.
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the overall binding free energy contributors of M1 in complex
with 3CLpro over the last 200 frames. The major contributors to
the total MM-PBSA free energy of −18.86 ± 4.38 kcal mol−1,
expressed as average ± SD, are electrostatic energy (−25.86 ±

8.88 kcal mol−1) and vdW energy (−37.85 ± 3.24 kcal mol−1), as
shown in ESI Table S6.†

Fig. 9b displays the binding free energies that are contrib-
uted by the active residues of 3CLpro and M1. The decompo-
sition analysis indicated that M1 has a strong binding affinity.
The ligand engages with critical residues in 3CLpro, notably
forming a signicant interaction with the CYS145–HIS41 cata-
lytic dyad, which is essential for the enzyme's functionality.74 Of
the total MM-PBSA free energy, M1 contributes −8.13 ±

2.28 kcal mol−1. The lowest binding free energies of −1.70 ±

0.54 kcal mol−1 and −1.19 ± 0.52 kcal mol−1 are displayed by
CYS145 and PHE140 respectively, out of all the residues (ESI
Table S7†). Additionally, ESI Fig. S9† displays the heatmap of
29690 | RSC Adv., 2024, 14, 29683–29692
the binding free energy contribution by active residues and
ligand.
4 Conclusion

Drug development is costly and time-consuming. We utilized
a workow integrating ligand-based virtual screening with
similarity assessments of approved drugs to identify potential
3CLpro inhibitors. Using three machine learning classiers, we
created a voting classier to predict activity probabilities,
analyzing approximately 10 million molecules. We selected
three compounds M1, M2 and M3 for further investigation.
ADMET analysis, with azvudine and nirmatrelvir as references,
and 200 ns MD simulations identied M1 (6-[2,4-bis(dimethy-
lamino)-6,8-dihydro-5H-pyrido[3,4-d]pyrimidine-7-carbonyl]-
1H-pyrimidine-2,4-dione) as stable. Predicted LD50 values for
M1 and azvudine were 550 and 1000 mg kg−1, respectively. The
pIC50 value for M1 was approximately 7.35, similar to
© 2024 The Author(s). Published by the Royal Society of Chemistry
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nirmatrelvir. MM-PBSA calculations showed a binding energy of
−18.86 ± 4.38 kcal mol−1 for the M1-3CLpro complex. Our
study suggests that M1 warrants further investigation as
a potential SARS-CoV-2 therapeutic, potentially improving drug
discovery efficiency and conserving resources.

Data availability

The data supporting the ndings of this study are available
within the article and its ESI.†
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