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Introduction
More than 4 years have passed since the outbreak of the global
pandemic known as Coronavirus disease 2019 (COVID-2019).
Since then, more than 704 million people worldwide have been
infected and, of those, over 7 million have died.(p1) The causative
agent of COVID-19 is SARS-CoV-2, a positive-sense single-
stranded RNA virus from the Betacoronavirus genus, which, since
December 2019, has been studied in earnest by researchers across
the scientific community.(p2) Apart from the spike protein, which
is the target of currently approved vaccines, one of the most
widely studied viral targets is the SARS-CoV-2 M-pro.(p3) Also
known as 3-chymotrypsin-like cysteine protease (3CL-Pro), this
protease is involved in cleaving the pp1a and pp1ab polyproteins
to produce several nonstructural proteins essential for viral repli-
cation and transcription.(p3),(p4) Therefore, it is a key target for the
development of antiviral drugs.(p3),(p5)

The activity of M-pro depends on its homodimeric quaternary
structure,(p5) and each subunit has 306 residues, constituting
three domains (domains I and II are antiparallel six-stranded b-
barrel structures, whereas domain III comprises five a-helices;
Figure 1). Located between domains I and II, the active site of
M-pro differs from other chymotrypsin-like enzymes in that
the usual catalytic triad (Ser/Cys-His-Asp/Glu) appears to lack a
third component because it comprises the dyad His41 and
Cys145 (Figure 1). Thus, it has been suggested that a water mole-
FIGURE 1
Severe acute respiratory syndrome-coronavirus 2 (SARS-CoV-2) main protease
boundaries of each of the three domains in the subunit on the right: domain I is
III in blue (residues 201–303). The subunit behind (in gray) displays its catalytic dy
with the Protein Data Bank (PDB) file 5rgi(p61) and the program ChimeraX.(p62)
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cule fills the role of the Asp/Glu residue in the canonical catalytic
triad by mediating interactions between His41 and other con-
served residues, such as His164 and Asp187.(p6) Other important
parts of the M-pro binding site are the subsites S4, S2, S1, and S10.
According to Zev et al.,(p7) S4 comprises the side chains of
Met165, Leu167, Pro168, Ala191, and Gln192, and the main
chains of Glu166, Arg188, and Thr190; S2 comprises the side
chains of His41, Met49, Tyr54, and Asp187, and the main chain
of Arg188; S1 comprises the side chains of Phe140, Asn142,
Ser144, Cys145, His163, Glu166, and His172, and the main
chains of Leu141, Gly143, His164, and Met165; and S10 com-
prises the side chains of Thr25, His41, Val42, Asn119, and
Cys145 and the main chains of Thr26 and Gly143 (Figure S1 in
the supplemental information online).

Numerous studies have attempted to inhibit the activity of M-
pro with both covalent and noncovalent inhibitors that bind to
the M-pro binding site and engage in a network of intermolecu-
lar interactions with various binding site residues.(p3),(p6),(p8),(p9),
(p10),(p11) Covalent inhibitors also form a direct bond with the cat-
alytic cysteine residue (Cys145).(p12) Hence, their modes of action
are unambiguously different.(p13)

Among the in silico approaches in drug discovery, protein–li-
gand docking stands out as the most popular and widely used.
Typically, it is used to eliminate nonsuitable compounds or to
validate VS workflows before in vitro studies.(p14),(p15) Protein–li-
Drug Discovery Today

(M-pro) homodimeric structure. The color ribbon representation shows the
in yellow (residues 8–101), domain II in pink (residues 102–184), and domain
ad (His41 and Cys145) and the noncovalently bound ligand. Figure obtained
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gand docking allows billions of compounds to be tested against a
protein target at a relatively low computational cost.(p16),(p17),
(p18),(p19),(p20) The docking software includes a search algorithm
to explore various conformations and orientations of the ligand/
compound in a predefined binding site (i.e., docked poses),
followed by a scoring function that estimates the binding energy
associated with each of the poses generated.(p21) However, as far
as M-pro is concerned, protein–ligand docking is controversial
because, although it has been successfully used to find some
M-pro inhibitors,(p22),(p23),(p24),(p25),(p26),(p27),(p28) the abundance
of in silico 'findings' has not consistently translated into in vitro
results.(p29) Therefore, it is imperative to determine whether
docking programs struggle to predict the correct binding mode
or if the docking score simply fails to properly score the
correct/best pose.(p30)

In VS studies, the programsmost widely used to identify SARS-
CoV-2 M-pro inhibitors are Glide and AutoDock Vina.(p29),(p31)

The formerhasbeenupdatedand improvedwitheachSchrödinger
release, while AutoDock Vina was not updated to any great extent
until 2021, when AutoDock Vina 1.2 was launched.(p32) With its
threemethods,Glide offers a comprehensive range of speed versus
accuracy options: HTVS, SP, and XP. Whereas HTVS and SP dock-
ing share the samescoring function,HTVSstreamlines thenumber
of intermediate conformations and the thoroughness of the final
torsional refinement and sampling.(p33),(p34) Glide XP conducts
more extensive sampling compared with SP and initiates with SP
sampling before embarking on its anchor-and-grow procedure.
XP also incorporates a more sophisticated scoring function
designed to filter out false positives (i.e., inactive molecules incor-
rectly predicted as active) that SP may permit.(p35) AutoDock Vina
(often referred to asVina) is themostwidely used open-source pro-
gram formolecular protein–liganddocking.(p36) It uses anondeter-
ministic algorithm and, as an open source, has given rise to a
variety of other programs (e.g., smina and VirtualFlow).(p37),(p38)

It uses an iterated local searchglobaloptimizer algorithm,compris-
ing a series of mutation and optimization steps, each of which
adheres to the Metropolis criterion, along with a Broyden–Fletch
er–Goldfarb–Shannomethod for local optimization.(p36) Notably,
AutoDockVina 1.2was releasedwithnew features such as the abil-
ity to hydrate the ligand with explicit bridging water molecules
before docking.(p32) Interestingly, AutoDock Vina and Glide have
been used as protein–ligand docking tools to successfully identify
new inhibitors of SARS-CoV-2 M-pro.(p22),(p23),(p28) Other pro-
tein–ligandprograms that have also succeeded in identifying inhi-
bitors for this target are FRED,(p25),(p39) DOCK3.7,(p27),(p40) and
QVina2.(p26),(p41)

The numerous SARS-CoV-2 M-pro structures in the PDB that
are complexed with noncovalent ligands have been used by
some studies to create a benchmark for analyzing the perfor-
mance of the most used protein–ligand docking programs
(Table S1 in the supplemental information online).(p7),(p31),(p42),
(p43),(p44),(p45),(p46) Although these studies have examined the
effect of various factors on docking results, such as the presence
of water molecules in the PDB files as an integral part of the bind-
ing site, the randomization of the initial ligand conformer, the
correction of ligand symmetry before root mean square deviation
(RMSD) calculation with the experimental pose, and the use of
the M-pro homodimeric structure as the docking target, no study
has exhaustively considered all these factors simultaneously
(Table S1 in the supplemental information online). Therefore,
in this review, we evaluate the four docking programs/method-
ologies most widely used in redocking and cross-docking experi-
ments: Glide HTVS, Glide SP, Glide XP, and AutoDock Vina. We
consider all the aforementioned factors simultaneously to deter-
mine the extent to which these programs/methodologies can
predict the experimental poses of noncovalent ligands bound
to SARS-CoV-2 M-pro in the 3D structures of a set of experimen-
tal complexes obtained from the PDB. This aspect is crucial,
because the performance of protein–ligand docking strongly
depends on the PDB coordinates of the target, even for targets
such as SARS-CoV-2 M-pro, which exhibit limited flexibility at
the catalytic site.(p46) Additionally, we aimed to obtain the same
number of docked poses across all our redocking calculations, a
precaution that is not always considered in other benchmark
studies (Table S1 in the supplemental information online), to
avoid bias in our comparisons. Finally, we also consider the role
of ligand diversity in evaluating docking success and the poten-
tial of consensus protein–ligand docking to reduce the number
of false positives in a VS campaign.
Key features and preparation conditions of the
noncovalent M-Pro/ligand complexes used in this
study
The 47 PDB files containing the SARS-CoV-2 M-pro complexes
with noncovalent ligands used in this study were retrieved from
the May 8, 2021 update of the PDB and superimposed using Mae-
stro (Schrödinger Release 2023-1). Except for 6m2n, which con-
tained two homodimers (6m2n-1 and 6m2n-2), which were
treated as independent entities, the asymmetric unit of all the
M-pro complexes contained only one homodimer. Therefore,
the total number of complexes included was 48, representing a
40% increase in the number of structures used compared with
the largest cross-docking study conducted so far on this target
(Table S1 in the supplemental information online).(p31) Never-
theless, since May 2021, the number of noncovalent complexes
at the catalytic site of the native SARS-CoV-2 M-pro has increased
to 670. However, for practical reasons, especially in the context
of the cross-docking analysis, we focused on the 48 complexes
originally retrieved.

Figure 2 shows the structural relationships between the nonco-
valent ligands in the 48 complexes based on their Morgan finger-
prints (their 2D structure is presented in Figure 3).(p47) The
scipy.cluster module in SciPy was used for clustering the ligands
according to their structure.(p48) Within the scipy.cluster.hierarchy
module, hierarchical clustering was performed using the single
linkage method. This method computed the hierarchical cluster-
ing of the input data and produced a linkage matrix encoding the
hierarchical clustering information. Subsequently, the dendro-
gram function was used to visualize the dendrogram and enable
the hierarchical clustering structure to be inspected. In this way,
the level at which the dendrogram needed to be cut to obtain
clusters was determined. This approach relied on visual inspec-
tion of the dendrogram to balance granularity (the number of
resulting clusters) and coherence (the separation between clus-
ters). Therefore, with a Tanimoto threshold of 0.61, the 47 ligands
www.drugdiscoverytoday.com 3
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FIGURE 2
Heatmap showing the structural relationships between the noncovalently bound ligands from all 48 complexes analyzed in the current study. Each ligand is
labeled with the code of its corresponding Protein Data Bank (PDB) file. Clustering is based on Morgan fingerprints obtained using RDKit (v2022.09.5)(p47) with
a Tanimoto threshold of 0.61. In the heatmap, similarity is represented by a gradient from blue (indicating completely different compounds) to white
(indicating very similar or identical compounds).
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were categorized into 29 distinct clusters or chemotypes (Figures 2
and 3). Of these, 24 clusters contained a single ligand (6m2n-1
and 6m2n-2 shared the same ligand in Cluster 4), two clusters
contained two ligands (i.e., Clusters 22 and 29), one cluster
4 www.drugdiscoverytoday.com
contained three ligands (i.e., Cluster 19 in which 6w63 and
6w79 shared the same ligand), one cluster contained four ligands
(i.e., Cluster 13), and one cluster contained 11 ligands (i.e., Clus-
ter 25). At this point, one might wonder whether using ligands
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from the same cluster would be suitable for our goals and whether
it would have been better to use a more diverse set of complexes
for our benchmark. Nevertheless, Table S1 in the supplemental
information online shows that, of the redocking results obtained
by Saar et al.with 12 Perampanel derivatives, only 25% of the first
docked poses obtained with AutoDock Vina had an RMSD�2.0 Å
relative to the experimental pose (and 41.7% and 58.3% for Glide
XP and Glide SP, respectively).(p44) The same study also showed
that the first pose for Glide SP, Glide XP, and AutoDock Vina
did not agree with the experimental one for 25% of the Peram-
panel derivatives (i.e., ligands 6, 7, 8, and 10).(p44) Therefore, a
priori, there is no guarantee that closely related compounds will
exhibit the same behavior during redocking, which justifies the
inclusion of similar chemical structures in our analysis.

Given that the accuracy of the binding site and ligand coordi-
nates in the 48 SARS-CoV-2 M-pro noncovalent complexes is cru-
cial for a proper assessment of the predictive efficacy of the
protein–ligand docking programs/methods under evaluation,
we used VHELIBS to analyze their fit to the electron density
map (EDM).(p49) VHELIBS is designed to simplify the validation
of binding site and ligand coordinates for noncrystallographers.
Users can specify threshold values for several properties related
to the fit of coordinates to electron density (e.g., Real Space R,
Real Space Correlation Coefficient, and average occupancy are
used by default). VHELIBS then automatically classifies binding
sites (i.e., their residues) and ligands as Good, Dubious, or Bad
based on these specified limits. Users can also visually inspect
the quality of the fit of residues and ligands to the electron den-
sity map and reclassify them if needed. In our study, we used the
default properties and threshold values in VHELIBS for the initial
classification, followed by visual inspection to reassign Dubious
binding sites and ligands to either the Good or Bad categories.
Subsequently, based on this analysis, the binding site coordi-
nates for nine of the 48 complexes (namely, 5r80, 5r84, 5reb,
5rez, 5rh8, 7a1u, 7ans, 7ap6, and 7aqe) exhibited coordinates
categorized as Bad by VHELIBS. This could impact the results of
protein–ligand docking experiments conducted with these pro-
tein structures. Similarly, in five of the 48 complexes (specifically,
5rf2, 5rfe, 5rgi, 5rgk, and 7aqe), VHELIBS identified the coordi-
nates of noncovalent ligands as Bad. Therefore, any comparison
of docked poses with these ligands might also lead to an under-
estimation of docking results.

Crystallographic water molecules within 5.0 Å of a ligand
atom were meticulously examined to identify those that are spa-
tially equivalent (i.e., within 1.0 Å of another water molecule in a
different complex) across the 48 SARS-CoV-2 M-pro complexes
(Tables S2 and S3 in the supplemental information online). This
analysis makes it possible to assess the impact that solvent mole-
cules have on protein–ligand docking results by comparing three
IGURE 3
D structure of the noncovalently bound ligands in each of the 48 complexes analyzed in this study, along with the subsites they occupy in the main protease
-pro) binding site and the percentage of ligand surface area exposed to the solvent. Each ligand is identified by the Protein Data Bank (PDB) code to which
belongs, the cluster in which it is classified, and the subsites it occupies in the M-pro binding site according to Zev et al.(p7) Subsites that are completely or
artially occupied are colored in green or yellow, respectively, and those occupied by all ligands in the same cluster are underlined. The percentage of ligand
urface area exposed to the solvent in the corresponding PDB complex was obtained from Bassani et al.(p42) The different ligands are arranged in the order of
eir clusters from left to right in Figure 2 in the main text.
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different scenarios in the binding site: (i) dry (i.e., no water mole-
cules); (ii) conserved (only retaining water molecules conserved in
at least 30% of the 48 complexes); and (iii) water (all the water
molecules originally present in the binding site are retained).

Subsequently, before being used in protein–ligand docking by
Glide, all the superimposed complexes were prepared using Pro-
tein Preparation Wizard v2023-01.(p50) All the settings were
default, except for the following adjustments: (i) the N and C ter-
mini were capped; (ii) hydrogens were reintroduced after the
original hydrogens had been removed; and (iii) all missing side
chains were filled. In the case of AutoDock Vina docking, pro-
teins were prepared and then converted to the specific format
(PDBQT) using the Prepare_receptor.sh script provided by
ADFRsuite v1.0.(p51)
Redocking of noncovalent M-Pro/ligand complexes
with known 3D structure
A redocking (or self-docking) experiment evaluates whether a
protein–ligand docking program can reproduce a PDB complex
by removing the ligand from its corresponding PDB file and sub-
sequently docking it again to the protein. Success is generally
measured by whether the RMSD between the docked and exper-
imental poses falls within the 0.0–2.0 Å range.(p7),(p31) Here,
redocking was used to assess the performance of the four most
common docking programs/methodologies (Glide HTVS, Glide
SP, Glide XP, and AutoDock Vina) for replicating the 48 experi-
mental complexes across the three binding site scenarios (i.e.,
dry, conserved, and water).

Similar to the Firouzi et al. benchmark,(p45) special care was
taken to eliminate any potential relationship between the input
ligand conformation and the experimental pose being predicted
to ensure unbiased results. Zaja�cek et al. recently reported that
using the experimental pose instead of a randomized one during
the redocking of SARS-CoV-2 M-pro noncovalent ligands
increased the ability of AutoDock Vina to reproduce the native
binding pose of the ligand by 10.2% (they also observed a similar
trend for AutoDock 4 and PLANTS).(p43) Here, the input ligand
conformation for Glide was randomized by using Maestro to
convert the experimental 3D poses of the ligands into 1D
SMILES. Subsequently, the SMILES were converted back to 3D
using LigPrep v2023-1(p52) with the OPLS4 force field.(p53) During
this conversion, the Do not change ionization option was selected,
and no tautomers were generated. Conversely, for AutoDock
Vina, the experimental 3D poses were first converted into 1D
using the Open Babel tool(p54) and then a Python code was cre-
ated to convert chemical structures, represented as SMILES
strings, into 3D PDB files using the RDKit library. The code also
included the addition of hydrogen atoms. The two sets of chem-
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FIGURE 4
Evaluation of redocking success by comparing the root mean square deviation (RMSD) of the first 20 docked poses for each co-crystallized ligand with its
experimental pose. The performance of the three protein–ligand docking methodologies available in Glide [i.e., high-throughput VS (HTVS), standard
precision (SP), or extra precision (XP)] was assessed in three distinct binding site environments. Dry conditions involve the removal of all binding site water
molecules before docking. Conserved conditions consider only those water molecules in at least 30% of the 48 complexes under study during protein–ligand
docking (Table S3 in the supplemental information online). Water conditions involve considering all binding site water molecules during protein–ligand
docking (Table S2 in the supplemental information online). For AutoDock Vina, redocking success was evaluated in two different binding site environments.
Dry conditions include removing all binding site water molecules before docking, whereas water conditions involve considering explicit water molecules
generated by the Meeko Python package during protein–ligand docking. The histogram groups the results into different RMSD ranges.
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ical structures obtained through these procedures were visually
inspected to confirm that they had been preserved after these
transformations. Subsequently, the resulting pairs of conformer
sets were used as input for all the corresponding protein–-
ligand docking experiments.

The process of grid preparation differs in Glide versus Auto-
Dock Vina. In Glide, the grid for each binding site situation
was generated using the Receptor Grid Generation panel and the
ligand was selected and identified with the Define Receptor
option. In the case of 6lu7, the grid center corresponded to resi-
due Cys145. By contrast, for AutoDock Vina, the spatial location
of the grid was determined by aligning all protein complexes in
the Autodock Tools interface. The coordinates of the grid center
were (6.57, 1.509, 23.027), and the grid box size was set at
44 � 50 � 44 Å3. In this context, instead of considering the con-
served and water situations, the Meeko python package was used
for the automated addition of explicit water molecules directly to
the ligand.(p55)

Subsequently, all the grids generated, along with the 46
ligands in the 48 complexes, were used in redocking experiments
conducted with either Glide or AutoDock Vina. All the settings
were default with the following exceptions: (i) the number of
docked poses retained for each protein–ligand docking was set
to 20; (ii) AutoDock Vina exhaustiveness was adjusted to 32;
and (iii) the seed number for all AutoDock Vina calculations
was consistently set to 831 015 548. Then, the heavy atoms of
each of the resulting docked poses were compared with those
of their corresponding experimental pose, and the RMSD was cal-
culated to assess the ability of the docking program/methodol-
ogy to accurately predict ligand binding. Given that symmetry-
related misalignments can significantly impact RMSD calcula-
tions, ligands bearing symmetric rings, such as those in 5rf3
and 6m2n, were checked manually. The use of the SMARTS
method in RMSD calculations within Maestro allows for optimal
alignment, which leads to more accurate comparisons and a bet-
ter understanding of the structural relationships between pre-
dicted and experimental poses.(p56) This approach ensures that
RMSD values reflect true differences and are not biased by sym-
metry artifacts.

Figure 4 shows the comparison between each of the 20 docked
poses per ligand and their corresponding co-crystallized poses.
The resulting RMSD values were then categorized into different
ranges to determine the impact of the scoring function on the
reliability of the predicted poses. As expected, the first docked
www.drugdiscoverytoday.com 7
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FIGURE 5
Equivalent to Figure 4, but once a redocked pose for a ligand with root mean square deviation (RMSD) �2.0 Å was identified, all its lowest-scored poses were
excluded from the subsequent comparisons.
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pose, generated by various methodologies/programs under dif-
ferent binding site conditions, was the one that most frequently
had an RMSD �2.0 Å from the experimental pose. In other
words, as the pose rank decreased, it became harder for the
docked pose to resemble the co-crystallized ligand. Figure 4 fur-
ther demonstrates that the experimental water molecules in
the binding site influenced the conformational sampling algo-
rithm during protein–ligand docking, which increased the num-
ber of first poses having an RMSD �2.0 Å from the experimental
one by guiding the docking process.(p7) Consequently, when
going from dry to conserved and water conditions, this increase
was 15/24/27 for Glide HTVS, 22/25/33 for Glide SP, and
24/30/37 for Glide XP, respectively. These results are in agree-
ment with those obtained by Bassani et al.,(p42) who found an
increase of 14.1% and 8.9% for Glide SP and Glide XP, respec-
tively, in the number of first poses with an RMSD �2.0 Å when
all water molecules within 5.0 Å of the co-crystallized ligand dur-
ing docking were included (Table S1 in the supplemental infor-
mation online). Similarly, for AutoDock Vina, the
incorporation of explicit water molecules enhanced the reliabil-
ity of the first docked pose in the same RMSD range (increasing
from 17 to 20 when comparing the dry and water scenarios).

Despite the above analysis, crucial questions about the perfor-
mance of the four programs/methodologies persist, which can-
not be addressed by Figure 4 alone. Two of these questions are:
(i) can any combination of binding site environments and pro-
grams/methodologies reproduce the experimental poses in the
8 www.drugdiscoverytoday.com
48 complexes with an RMSD �2.0 Å?; and (ii) how many docked
poses are required to achieve a solution with RMSD �2.0 Å from
the experimental pose? Figure 5 attempts to answer both these
questions by excluding all subsequent low-scoring docked poses
after the first instance of an RMSD �2.0 Å in comparisons with
the experimental pose of a redocked ligand. Remarkably, Figure 5
reveals that, regardless of the combinations of binding site envi-
ronments and programs/methodologies: (i) the first pose typi-
cally tends to have the most RMSD �2.0 Å; (ii) no new poses
with a RMSD �2.0 Å from the experimental pose are identified
beyond the 5th ranked one (exceptions are one for Glide HTVS,
six for Glide SP, three for Glide XP, and nine for AutoDock Vina);
and (iii) some ligands have no docked poses with an RMSD
<2.0 Å.

Given that Figure 5 evaluates the redocking performance, the
latter result is surprising and, therefore, merits further analysis.
To this end, Table 1 provides detailed information on the ligands
for which no redocked pose was found with an RMSD �2.0 Å.
Approximately one-third of redocking failures (i.e., 34.6%) can
be attributed to comparing docked poses with experimental
poses classified as Bad by VHELIBS or to using binding site coor-
dinates also classified as Bad by VHELIBS. For the remaining two-
thirds of redocking failures (i.e., 65.4%), the key findings from
Table 1 are as follows: (i) the number of redocking failures gener-
ally decreased for each program/methodology when more water
molecules were considered to be part of the binding site
(20/16/15 for Glide HTVS, 6/8/4 for Glide SP, 7/5/5 for Glide



TABLE 1

PDB codes for the ligands for which no pose <2.0 Å was found in the redocking experiment using different combinations of binding
site environment and docking programs/methodologies
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XP, and 13/7 for AutoDock Vina); (ii) some ligands consistently
failed to redock regardless of the number of water molecules in
the binding site (11 for Glide HTVS, two for Glide SP and Glide
XP, and four for AutoDock Vina); and (iii) some ligands consis-
tently failed to redock regardless of the docking program/
methodology used (three, three, and one for dry, conserved, and
water binding site environments, respectively). Interestingly,
among the noncovalent ligands that mostly failed (even though
they and their corresponding binding site had been classified as
'good' by VHELIBS), there were ligands that were small (i.e.,
5rgh), medium (i.e., 5re9 and 5reh), and large (i.e., 7kx5 and
7l0d). This suggests that ligand flexibility is not the main factor
in these failures (Figure S2 in the supplemental information
online). It is also noteworthy that 6w63 and 6w79, which form
Cluster 19 with 7kx5 and 7l0d, also failed in a significant number
of situations (five and six, respectively) when redocking with any
of the Glide methodologies. This suggests that the protein–li-
gand docking programs/methodologies (especially Glide) per-
formed poorly with this ligand family because they were
unable to find a single pose from among the top 20 that resem-
bled the experimental pose. Determining whether this is caused
by the conformational search algorithms or the scoring func-
tions requires further investigation and is beyond the scope of
the present paper.

Taking all of this into consideration, the primary conclusions
drawn from the redocking analysis are as follows: (i) depending
on the program/methodology and the conditions used, the
experimental pose for 42–90% of noncovalent ligands can be
reproduced; (ii) depending on the docking program/methodol-
ogy and conditions used, pose 1 only agrees with the experimen-
tal pose in 31–77% of the ligands (while poses 2–5 and 6–20
agree in 6–27% and 0–10%, respectively); (iii) when water mole-
cules are an integral part of the binding site during docking, it
becomes easier for the first pose to correspond to the experimen-
tal pose, regardless of the docking program/methodology used;
and (iv) if the option requiring less user intervention is selected
(i.e., no water present at the active center), then the results for
the first pose are best with Glide XP (50%), followed by Glide
SP (46%), AutoDock Vina (35%), and Glide HTVS (31%).

In general, the percentage of docked poses with an RMSD
�2.0 Å relative to the experimental pose that we obtained (data
in parentheses) was similar to (or higher than) the other compa-
rable benchmarks in Table S1 in the supplemental information
online: (i) 42.3–45.5% (46%), 46.2% (50%), and 43.2–63.2%
(35%) for the first pose in a dry binding site for Glide SP, Glide
XP, and AutoDock Vina, respectively; (iii) 55.1–77.3% (77.1%),
53.8% (70.8%), and 52.3–91.5% (60.4%) for all docked poses in
a dry binding site for Glide SP, Glide XP, and AutoDock Vina,
respectively; (iii) 56.4% (68.7%), and 55.1% (77.1%) for the first
pose in a binding site with all crystallographic water molecules
for Glide SP and Glide XP, respectively; and (iv) 73.1%
(91.67%), and 66.7% (87.5%) for all docked poses in a binding
site with all crystallographic water molecules for Glide SP and
Glide XP, respectively. Although we randomized the conforma-
tion of the ligands before performing the docking, our results
are comparable to, and in some cases better than, those found
in benchmarks that did not randomize.(p7),(p42)

It has been suggested that the higher the percentage of ligand
surface exposed to the solvent in a crystallographic complex, the
harder it is for docking algorithms to reproduce its conforma-
tion.(p42) Figure S2 in the supplemental information online
shows that, although the blue plus signs tend to concentrate in
the [0.0–2.0] Å and [0.0–20.0]% areas, a significant portion of
the best results for the 48 complexes under study falls in the
[2.0–8.0] Å and [0.0–20.0]% area (41.0, 10.3, 12.8, and 17.9%
for Glide HTVS, Glide SP, Glide XP, and AutoDock Vina, respec-
www.drugdiscoverytoday.com 9
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tively, in the dry situation if the ligands rated as Bad by VHELIBS
are not considered to calculate the percentage). The same figure
shows that, in general, the more rigid a ligand, the better the
results during its redocking (red dots). However, there is also a
significant portion of the results in the [2.0–8.0] Å and [0–3]
rotatable bonds area (27.1%, 10.4%, 12.5%, and 18.8% for Glide
HTVS, Glide SP, Glide XP, and AutoDock Vina, respectively, in
the dry situation).

It has also been suggested that the failure of AutoDock Vina
and Glide XP to predict the experimental pose is a consequence
of the absence of the S1 subsite.(p46) Although the single nonco-
valent PDB complex used by these authors to reach their conclu-
sion (i.e., 7ddc) was not in our set of 48 noncovalent complexes,
Table 1 (which shows the list of PDB codes for which no pose
<2.0 Å was found in the different redocking experiments) and
Figure 3 (which shows the subsites occupied by each ligand in
the M-pro binding site) demonstrate that this conclusion is only
partially true. It is valid for 5rgh and 5re9, which do not bind to
the S1 pocket, but not valid for 5rez, 5rtz, 5rf6, 5rh3, 5rhd, and
5r81 (and, to a lesser extent, for 5r82, 5r7y, and 5rf1), which
do bind to the S1 pocket. In contrast to Khachatryan et al.,(p46)

who only considered the first pose in their analysis, we used
the first 20 docked poses, which could explain this discrepancy.
Figure 5 shows that, for the dry binding site situation (equivalent
to that considered by Khachatryan et al.), only 70.6% and 57.1%
of the docked poses with RMSD �2.0 Å belonged to the first pose
for Glide XP and AutoDock Vina, respectively. Therefore, consid-
ering only the first pose might be too restrictive for conclusions
to be drawn about the reasons for protein–ligand docking failures
in some structures.
Cross docking of noncovalent M-Pro/ligand
complexes with known 3D structure
A cross-docking experiment tests whether a protein–ligand dock-
ing program can accurately predict the experimental pose of a
ligand using a protein structure of the same target but not the
one it was originally co-crystallized with. As with redocking, suc-
cess is measured by whether the RMSD between the docked and
experimental poses falls within the 0.0–2.0 Å range. Cross-
docking studies are usually similar to the protein–ligand docking
step in a VS study (i.e., a target structure is used to dock a library
of putative ligands from that target). Therefore, cross docking is a
good way to evaluate how protein–ligand docking will behave
during a VS.

Here, we determined whether any combination of a docking
program/methodology and one PDB structure outperforms other
structures in predicting the experimental pose only based on the
first docked pose. As demonstrated above, incorporating con-
served water molecules or all water molecules into the binding
site as an integral part of the receptor structure during grid gen-
eration typically made it easier for the initial pose to have an
RMSD �2.0 Å from the experimental one during redocking (Fig-
ure 5). However, the positive impact of these grids during cross
docking (or VS) was not clear because the steric hindrance caused
by their water molecules (especially crucial in the water situation)
could result in more false negatives. These false negatives repre-
sent the true inhibitors of the SARS-CoV-2 M-pro that might
10 www.drugdiscoverytoday.com
need to displace some of the water molecules from the binding
site when they bind to this target. Moreover, for the two pro-
tein–ligand docking programs/methodologies that yielded the
most favorable outcomes in the redocking experiment, namely
Glide SP and Glide XP, the difference in results of the dry and con-
served scenarios for the initial pose was not substantial (increas-
ing from 22 to 25 for Glide SP and from 24 to 30 for Glide XP
at RMSD values �2.0 Å; Figure 5). Likewise, the hydrated docking
methodology recently incorporated into AutoDock Vina is now
considered unsuitable for VS, as its authors point out.(p57) Conse-
quently, it was not used in the cross-docking study. Therefore,
we assessed the cross-docking ability of Glide HTVS, Glide SP,
Glide XP, and AutoDock Vina in a dry binding site.

Figures S3–S6 in the supplemental information online depict
the cross-docking results obtained for the first pose by Glide
HTVS, Glide SP, Glide XP, and AutoDock Vina, respectively (with
Figure 6 providing a simplified version of Figure S4 in the supple-
mental information online). Meanwhile, Table S4 in the supple-
mental information online summarizes the results of all these
cross-docking experiments. These data clearly show that not all
SARS-CoV-2 M-pro structures are suitable targets for protein–li-
gand docking. Particularly interesting is the observation that
the 6lu7 structure, commonly used as the target in most VS stud-
ies of noncovalent M-pro inhibitors,(p29),(p31) does not appear to
be the most suitable for these tasks. It only identifies the ligands
of two or three different chemotypes with docked poses that
have an RMSD �2.0 Å from the corresponding experimental
poses for Glide SP or AutoDock Vina. The noteworthy underper-
formance of 6lu7 with both Glide HTVS or Glide XP is remark-
able, considering that the two methodologies have been used
in �20% of VS studies targeting noncovalent M-pro inhibitors
and the PDB structure in 60%.(p29) This suggests that these stud-
ies have incorrectly classified a significant number of potentially
valuable compounds for COVID-19 treatment as non-active.

Figures S3–S6 and Table S4 in the supplemental information
online illustrate that Glide SP appears to be the most effective
at detecting diversity in the ligand chemical structure of the VS
hits (a critical factor in any VS scenario), followed by Glide XP,
Glide HTVS, and AutoDock Vina. This conclusion was drawn
because, overall, they were able to identify docked poses with
an RMSD �2.0 Å from the corresponding experimental poses
for 21, 20, 18, and 12 different chemotypes, respectively. More-
over, when this performance was evaluated on a per-target basis
rather than overall, Glide SP was confirmed as the best, followed
by Glide XP, Glide HTVS, and AutoDock Vina. This is because
they accurately docked ligands for at least four different chemo-
types in 30, 20, 17, and 9 M-pro structures, respectively.

The top-performing methodology/target PDB combinations
in cross-docking were Glide HTVS/5rg1, Glide SP/5rgw, and
Glide SP/5rgx, which successfully predicted poses for ligands
from eight different clusters (with Clusters 3, 7, 24, 25, and 26
being predicted by all three combinations). Although its results
were slightly worse than those of Glide SP, Glide XP performed
best with 5rh0 and accurately predicted poses for ligands from
seven different clusters (i.e., Clusters 7, 12, 13, 15, 21, 24, and
25). Although the computational time of Glide XP is greater than
that of Glide SP, for this specific target at least, this did not
increase the accuracy of the results. Interestingly, the perfor-
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FIGURE 6
Root mean square deviation (RMSD) comparison of the top-ranked docked pose obtained with Glide standard precision (SP) at a dry binding site with the
corresponding experimental pose. The ligand in each column [identified by the Protein Data Bank (PDB) code of the complex in which it was originally
located] was docked to the dry binding site of each Severe acute respiratory syndrome-coronavirus 2 (SARS-CoV-2) main protease (M-pro) structure
(identified by the corresponding PDB code in each row). The colors of the PDB labels indicate whether the corresponding ligand or binding site coordinates
fit (green) or do not fit (red) the electron density map according to VHELIBS.(p49) Thus, the first pose obtained from the docking of a noncovalent ligand and a
dry binding site was compared with the experimental pose of the corresponding ligand in its complex with the M-pro of SARS-CoV-2, and its RMSD was
calculated. The dotted line corresponds to the redocking results and, therefore, is coincident with the results for the first pose in Figures 4 and 5 in the main
text in the dry binding site. Cross-docking results for 6lu7 (by far the most used SARS-CoV-2 M-pro structure in the literature for docking studies) are also
shown in the last row. The same colors used in Figures 4 and 5 in the main text to classify RMSD ranges (red for RMSD�1.0 Å, orange for RMSD 1.0–2.0 Å, and
light blue for RMSD >2.0 Å) were applied to the cells in Figure 6. Ligands and binding sites were sorted in the same order as in Figure 2 in the main text to
facilitate the correlation of 2D chemical similarity with cross-docking and redocking results. The numbers at the end of each row represent the number of
clusters into which the pairs of docked/experimental poses with RMSD �2.0 Å were classified ino according to Figure 2 in the main text.
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mance of AutoDock Vina (used in �40% of published VS studies
seeking SARS-CoV-2 M-pro inhibitors)(p29) was particularly poor.
It correctly identified poses for ligands from a maximum of only
five different chemotypes (specifically, docking results for 7l12
and 6w63).

In particular, the binding sites categorized as Bad by VHELIBS
behaved similarly to the remaining 39 complexes labeled as
‘good’ (Table S4 in the supplemental information online). In this
regard, Glide SP effectively predicted poses for ligands from four
or five different clusters, except for 5r80/7aqe and 5rh8, which
only did so in one and three different clusters, respectively. Glide
XP accurately predicted poses for ligands from four or five differ-
ent clusters, except for 7aqe, 7ap6, and 5r80/5r84/5reb, which
only did so in one, two, and three different clusters, respectively.
Likewise, Glide HTVS successfully predicted poses for ligands
from four and five different clusters for 5r84 and 7ans, respec-
tively. Furthermore, with this method 5rh8/7aqe and the other
five binding sites demonstrated positive results for two and one
clusters, respectively. Finally, AutoDock Vina predicted the
experimental pose for three and four clusters with 5rez and
5r80, respectively (and 0 clusters for 5reb and two for the remain-
ing six binding sites).

Cross-docking results from other equivalent studies are diffi-
cult to compare with ours for various reasons (Table S1 in the
supplemental information online). For instance, Llanos et al.
used three protein–ligand docking programs that differed from
those used in our analysis, making a direct comparison with
our results inadvisable. Additionally, the data provided in their
supplementary materials are not sufficient to corroborate their
claim that most of the cross-docking results showed RMSD values
<2.0 Å.(p31) Similarly, the analysis by Saar et al. with 12 Peram-
panel derivatives did not use RMSD values to assess cross-
docking success.(p44) Instead, they used mean absolute error,
Pearson r2 correlation, or the Kendall s distance, making direct
comparison with our results impossible. Nevertheless, like us,
they also concluded that the performance of cross-docking is
dependent on the receptor structure. Firouzi et al. used the pro-
tein coordinates from a set of 17 representative SARS-CoV-2 M-
pro structures to dock 48 noncovalent ligands co-crystallized
with this enzyme.(p45) All docking poses were then clustered
and, for each ligand, the lowest-energy poses from the first and
most populated clusters were chosen as representative. By com-
paring the two representative poses for each of the 48 ligands
obtained with AutoDock Vina with the corresponding experi-
mental poses, it was found that, in both clusters, only 16.7%
of the poses (i.e., eight ligands) had an RMSD �2.0 Å from the
experimental one. Unfortunately, this is an overall result, and
the authors do not provide details of the individual performance
of the 17 protein structures during cross docking, making it
impossible to compare their results with ours. Khachatryan
et al. also used eight representative SARS-CoV-2 M-pro structures
to evaluate whether the first docked pose of Glide XP and Auto-
Dock Vina can reproduce the experimental pose at an RMSD
�2.0 Å during cross docking (Table S1 in the supplemental infor-
mation online).(p46) Although they provide data on the success
rate for each of the eight PDB files and protein–ligand docking
programs individually, the lack of distinction between the
12 www.drugdiscoverytoday.com
success of covalently and noncovalently bound ligands makes
it impossible to compare their results with ours.

Figures S3–S6 in the supplemental information online also
allow us to analyze whether using closely related ligands has
been suitable for our benchmark. As previously mentioned, in
the redocking results obtained by Saar et al. with 12 Perampanel
derivatives, only 25% of the first docked poses obtained with
AutoDock Vina have an RMSD �2.0 Å relative to the experimen-
tal pose (and 41.7% and 58.3% for Glide XP and Glide SP, respec-
tively).(p44) Considering our most populated clusters (i.e., clusters
13 and 25 with four and 11 ligands, respectively), we can see that
the performance strongly depends on the cluster. For instance,
Cluster 13 (comprising four Perampanel derivatives) gave excel-
lent results (93.8% and 100% for Glide SP/XP and AutoDock
Vina, respectively). by contrast, results for Cluster 25 were signif-
icantly worse (24.8%, 48.8%, 51.2%, and 21.5% for Glide HTVS,
Glide SP, Glide XP, and AutoDock Vina, respectively). Therefore,
since there is no a priori guarantee that closely related com-
pounds will exhibit the same behavior during docking, we can
conclude that it is beneficial to include similar chemical struc-
tures in this type of benchmark analysis. Although our bench-
mark only used four Perampanel derivatives (one-third of those
used by Saar et al.), our cross-docking results with Cluster 13
compared favorably with their redocking results. Remarkably,
although all redockings performed by these authors with the
ligand co-crystallized at 7110 (i.e., ligand 10 in their paper) were
unsuccessful, we managed to correctly redock it with Glide XP
and AutoDock Vina. This is even more noteworthy considering
that we randomized the initial conformation of the ligands,
which Saar et al. did not (Table S1 in the supplemental informa-
tion online).

How does consensus docking perform during cross
docking?
Consensus docking was used during the COVID-19 pandemic to
predict new SARS-CoV-2 M-pro inhibitors by means of VS.(p18),
(p22),(p58),(p59),(p60) The goal of this strategy is to take advantage
of different conformational sampling algorithms to generate
hypothetical binding modes. This approach does not rely on a
single scoring function to rank the results; instead, it identifies
docked poses that are consistently found by different protein–li-
gand docking programs.(p44)

The results presented above on cross docking within a dry
binding site form a data set that is perfectly suited to evaluating
the effectiveness of consensus docking in this context. This eval-
uation aims to determine whether the consensus docking
approach can distinguish poses that accurately match the bioac-
tive pose and those that do not. This ability is crucial if the occur-
rence of false positives is to be minimized in a VS that has a
protein–ligand docking step. To ensure the reliability of the con-
sensus results, two conformational search algorithms that adopt
different approaches need to be compared. To this end, we
selected Glide SP (as demonstrated earlier, the most effective
Glide methodology in cross-docking) and AutoDock Vina.

Figure 7 displays the protein–ligand pairs in which the RMSD
between the first docked pose from Glide SP and AutoDock Vina
was �2.0 Å (represented by lilac and blue cells). It also shows
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FIGURE 7
Protein–ligand pairs in which the root mean square deviation (RMSD) between the first docked pose from Glide SP and AutoDock Vina within a dry binding
site was �2.0 Å, along with their correspondence to the bioactive pose. Cells in lilac and blue represent the protein–ligand pairs in which the RMSD between
the first docked pose from Glide SP and AutoDock Vina was �2.0 Å. Blue cells specifically highlight those that were also within �2.0 Å of the bioactive pose.
The numbers at the end of each row show the count of clusters, which classify the ligands from the blue cells relative to the total number of clusters with
ligands from lilac and blue cells (along with the corresponding percentage).
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which of these pairs are simultaneously within �2.0 Å of the
bioactive pose (highlighted in blue). The numbers at the end of
each row show the count of clusters, which classify the ligands
from the blue cells relative to the total number of clusters with
ligands from lilac and blue cells (along with the corresponding
percentage). The figure reveals that the success of the consensus
docking strategy varied significantly with the protein structure
used in protein–ligand docking because the percentage of agree-
ment with the biological pose ranged from 0.0% to 75.0%. For
instance, although Glide SP and AutoDock Vina had ligands
from six different clusters with RMSD �2.0 Å for 5r80 and
5r81, none of them coincided with the bioactive pose. By con-
trast, the structures that performed best in terms of the number
of ligands from different clusters coinciding with the correspond-
www.drugdiscoverytoday.com 13
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ing biological pose were 5rgw, 7l11, and 7l14, each of which
have four coincidences.

Reducing the number of false positives in VS is crucial. There-
fore, when the consensus docking strategy is used, it is important
to prioritize structures that achieve a balance between maximiz-
ing the number of coincidences in Glide SP and AutoDock Vina
docking results and attaining the highest possible percentage of
agreement with the biological pose. The protein structure that
best accomplished this balance was 7l10, which had three coin-
cidences (in close proximity to the four of 5rgw, 7l11, and 7l14)
and a 75% agreement with the biological pose. Consequently,
7l10 emerges as the optimal protein structure for a VS campaign
grounded in a consensus docking strategy with Glide SP and
AutoDock Vina because there is likely to be a potentially low
number of false positive hits in the consensus results. By con-
trast, 6lu7 (the target structure in most VS studies of noncovalent
M-pro inhibitors)(p29),(p31) yielded only two coincidences and a
33% agreement with the biological pose with the same consen-
sus protein–ligand docking strategy.

Concluding remarks
Protein–ligand docking is the primary method in most VS studies
designed to discover antivirals to inhibit SARS-CoV-2 M-
pro.(p29),(p43) Despite the significant computational resources
used in this approach, its success rate has been relatively modest.
This emphasizes the need for a comprehensive understanding of
the strengths and limitations of protein–ligand docking so that it
can be optimized before it is used in any research.

One of the limitations revealed by our redocking results is that
Glide and AutoDock Vina do not always correctly predict how a
ligand binds to its target. This suggests that greater effort needs to
be made to not only refine scoring functions, but also enhance
pose search algorithms. Another crucial observation is that the
choice of the target structure has a clear impact on docking
results. Notably, the poor performance of 6lu7, particularly with
Glide HTVS and Glide XP (Table S4 in the supplemental informa-
tion online), resulted in the classification of a significant number
of potentially valuable compounds for COVID-19 treatment as
false negatives. This is particularly significant in drug reposition-
ing scenarios where the pool of drug candidates is limited, and it
is important not to misclassify potentially active compounds
that could be beneficial during emergencies, such as the
COVID-19 pandemic.

In conclusion, the comprehensive analysis discussed in this
review will serve as a guide for best practices in protein–ligand
docking in the field of drug discovery, enhancing chemotype
14 www.drugdiscoverytoday.com
diversity and minimizing false positives in VS campaigns.
Enrichment validation with actives and decoy sets, which is
not covered in this manuscript, should also be considered for tar-
get structure selection.
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