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ABSTRACT: The binding pose and affinity between a ligand and enzyme are
very important pieces of information for computer-aided drug design. In the
initial stage of a drug discovery project, this information is often obtained by
using molecular docking methods. Autodock4 and Autodock Vina are two
commonly used open-source and free software tools to perform this task, and
each has been cited more than 6000 times in the last ten years. It is of great
interest to compare the success rate of the two docking software programs for a
large and diverse set of protein—ligand complexes. In this study, we selected 800
protein—ligand complexes for which both PDB structures and experimental
binding affinity are available. Docking calculations were performed for these
complexes using both Autodock4 and Autodock Vina with different docking
options related to computing resource consumption and accuracy. Our
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calculation results are in good agreement with a previous study that the Vina approach converges much faster than AD4 one.
However, interestingly, AD4 shows a better performance than Vina over 21 considered targets, whereas the Vina protocol is better
than the AD4 package for 10 other targets. There are 16 complexes for which both the AD4 and Vina protocols fail to produce a
reasonable correlation with respected experiments so both are not suitable to use to estimate binding free energies for these cases. In
addition, the best docking option for performing the AD4 approach is the long option. However, the short option is the best solution
for carrying out Vina docking. The obtained results probably will be useful for future docking studies in deciding which program to

use.

B INTRODUCTION

Currently, computer-aided drug design (CADD) is often
employed to predict top-lead potential compounds that can
inhibit the activity of an enzyme." This approach is widely used
because it helps reduce significantly the cost and time to
develop a pharmaceutical.” Ligand-binding affinity prediction
is one of the most important parts of the CADD process.”” In
particular, the binding affinity of a large set of trial ligands to an
enzyme is regularly estimated by using the molecular docking
method.* A shortlist of these compounds would be then
refined via a more computationally expensive binding free
energy method such as the linear interaction energy,s’é
molecular mechanism/Poisson—Boltzmann surface area,’ >
or fast pulling of ligand'”"" methods. The top-lead potential
inhibitors will be finally validated through an accurate binding
free energy approach such as the free energy perturbation,'”"”
thermodynamic integration,'”"> and nonequilibrium molecular
dynamics simulations.'® Furthermore, calculations required
higher accuracy and precision can be conducted via a
combination of temperature/Hamiltonian replica exchange
molecular dynamics (REMD) simulations and perturbation
method."” >
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Autodock4 (AD4)*' and Autodock Vina (Vina)?* are free
open-source packages that can rapidly determine the ligand-
binding affinity. Both packages are widely used with
approximately 6000 citations per package during the last ten
years. AD4 was released in 2009, and Vina has been available
since 2010. The AD4 scoring function is semiempirical
involving a Coulomb potential term, a Lennard-Jones 12—6
potential term, desolvation associated with volume, and
conformational entropy related to the number of rotational
bonds.”" AD4 was involved in the discovery of several potent
inhibitors which bind to peptides, proteins, and genes.”>~>* On
the other hand, the Vina scoring function is completely
empirical and comprises Gaussian steric interactions, repulsion,
hydrogen bonds, and hydrophobic and torsion terms.”* Vina is
designed with parallel computing capabilities and is very easy
to use.”® It was indicated that Vina is more accurate than AD4
in evaluating the ligand-binding affinity based on CASF-2013
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benchmark.”” This explains why Vina has become more
popular than AD4 over the past few years. Vina has been used
not only to determine binding affinities of small molecules to
biomolecular targets including peptides, proteins and
genes™* ™" but also to predict binding poses of large substrates
to protein targets due to its strong computing capabilities.”"**

Although Vina shows a very good performance in estimating
the ligand-binding free energy for several targets includin‘g the
Hemagglutinin of Influenza A virus,*> Cytochrome P450,>* and
the Amyloid beta (Af) 1—40 peptide systems,” etc. The
package poorly estimates the ligand-binding affinity for some
targets such as the human glutaminyl cyclase36 and AfB,_,,
peptide. Moreover, it is known that the geometrical structure
of the Af,_,, peptides is significantly different from the AfB,_,,
peptides, although there are only two different residues.”” The
Vina docking energy changed significantly when ligands were
docked to AB,_,, compared to when they were docked to
AP, _4, peptide, although most of the ligands are docked to the
middle of both peptides. This suggests that the docking
programs are sensitive to the geometrical structure of the
receptor’s active site, although the sequences are the same.
Furthermore, it implies that different scoring functions of AD4
and Vina may results in very different docking energies even
for the same protein—ligand complex. It urges us to do this
experiment, in which available inhibitors were docked to
targets using both AD4 and Vina packages. Comparing the
calculation results with available experimental results would be
useful in guiding future studies to decide which packages are
suitable for a particular receptor. In this study, we perform
docking calculations for 800 ligand—protein complexes by
using both AD4 and Vina with the different docking options,
which is related to the computing resource consumption and
accuracy of obtained results. It should be noted that the
experimental structures of 800 complexes were reported on the
protein data bank (PDB). The obtained results are in good
agreement with the previous study that the Vina approach
converges much faster than the AD4 one.”” However,
interestingly, AD4 showed better performance for all of
metrics such as correlation coeflicient, precision, and success
rate over 21 receptors (the first subset). Vina performs better
over the second subset which includes 10 receptors. The third
subset includes 16 receptors for which both programs
produced very poor results. The obtained results probably
will be useful for future docking studies in deciding which

program to use.

B MATERIALS AND METHODS

Structure and Parameter of Complexes. Three-dimen-
sional structures of 800 complexes were obtained from the
PDB, which were reported in the Supporting Information (SI
file). The rigid receptors and flexible ligands were parametrized
via AutodockTools 1.5.6.”' The parametrized systems were
recorded in the PDBQT file. In particular, both receptor and
ligand were presented using a united atom model, which
involves the polar hydrogen atoms.”® Atomic charges were
estimated through the Gasteiger—Marsili method.*”*

Molecular Docking via the Vina Package. Molecular
docking using the Vina package was carried out with the global
searching exhaustiveness of 8, 56, and 400, which corresponds
to short, medium, and long options, respectively. The maximum
energy difference between the worst and best docking modes
was set to 7 kcal/mol. The grid center of Vina docking was
selected as the center of mass of the ligand, which was obtained
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using the experimental pose. The grid size was set to 20 A X 20
A x 20 A, which is large enough to cover the entire target
active site. The best docking mode is the largest ligand-binding
affinity. Furthermore, there are 371200 ligand poses that are
generated by the Vina approach, but 48 000 ligand poses were
only recorded for evaluating the performance of the Vina
approach.

Molecular Docking via the AD4 Package. AD4 docking
calculations were performed with the same grid center as Vina
ones. The grid size was chosen as 60 X 60 X 60 with the
spacing of 0.333 A, the AD4 grid size is thus of 20 A X 20 A X
20 A. The grid was generated using Autogrid4. The genetic
algorithm (GA) run was selected as 50 with the population size
and the number of generations are 300 and 27000,
respectively. The GA number of evaluations was chosen as
250 000, 2 500 000, and 25 000 000, which correspond to short,
medium, and long options, respectively. The best docking
model is the conformational cluster with the lowest binding
free energy. Furthermore, there are 120 000 ligand poses that
are generated by the AD4 approach. The ligand-binding
affinity is the mean binding free energy of the whole
conformations located in the cluster.

Structural Analysis. The hydrogen bond (HB) and
hydrophobic (HP) contacts between a ligand to a receptor
were estimated using the protein—ligand interaction profiler
(PLIP)*' approach. The root-mean-square deviation (RMSD)
between two structures was computed via GROMACS tools.**
The computed error was estimated via 1000 rounds of
bootstrapping calculations.*’

B RESULTS AND DISCUSSION

Convergence of Docking Approaches. The computa-
tional ligand-binding affinities of 800 compounds to 47
receptors were evaluated by using both docking packages
with various options. Interestingly, the AD4 approach gives a
larger correlation coefficient (R) with respected experiments
than that given by the Vina approach (cf. Figure 1). Moreover,
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Figure 1. Correlation coefficients between computational and
experimental ligand-binding free energies. The computational binding
affinity was estimated via the molecular docking approaches including
Autodock4 (AD4)*' and Autodock Vina (Vina)** protocols.

the accuracy of the obtained results is dependent on the
applied molecular docking options involving short, medium,
and long settings, which is associated with the required
computing resource. In particular, the AD4 accuracy is
significantly enhanced when the docking options change
from short to medium settings with the corresponding

https://dx.doi.org/10.1021/acs.jcim.9b00778
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correlation coefficients are of RIS = 0.539 + 0.024 and
Rpgdm = 0,559 + 0.023, respectively. Furthermore, it should
be noted that the computing time was significantly increased
~7 times when the docking option medium was selected
instead of the short option. Consequently, the molecular
docking using the long option was also carried out. The
molecular docking calculations with the long option are
tremendously costly and require at least 7 times longer
computing time than using the medium option. However, the
accuracy of molecular docking using the long option slightly
increased compared to medium option with the correlation of
RPE = 0.561 + 0.023, although the mean of docking energy
was significantly increased as mentioned below.

In addition, although the Vina approach is less accurate than
AD4, an advantage of Vina is that it can run in parallel with
multithreading. This results in the faster estimation of binding
free energies and docking poses when multicore CPUs become
available. Furthermore, calculations with Vina converged faster
than with AD4.”” Indeed, the correlation coefficient between
computational and experimental binding free energy changes a
tiny (<1%) over the different docking options. The obtained
correlation coefficients are R{" = 0.489 + 0.027, Riedum —
0.495 + 0.027, and R = 0.498 + 0.026 (cf. Figure 1)
corresponding to the applied molecular docking options of
short, medium, and long settings, respectively. Furthermore, the
root-mean-square error (RMSE) slightly decreases when
increasing the searching exhaustiveness option (cf. Figure 2).
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Figure 2. Obtained RMSE of docking results with the appreciated
experiments. The docking results are obtained via AD4”" and Vina**
protocols.

This implies that, although increasing the searching exhaustive-
ness from short to long leads to significant increase in
computational cost, it does not result in a significant
improvement in accuracy and precision.

Estimated Ligand-Binding Free Energy. As mentioned
above, the correlation coefficient between calculated and
experimental values obtained by AD4 technique (RYn§ = 0.561
+ 0.023) is significantly larger than that obtained by Vina

approach (R{™ = 0.498 + 0.026) as shown in Figure 1.

Moreover, the RMSE of AD4 docking energies with respect to
experimental values (RMSERR = 2.45 + 0.006 kcal/mol) is
obviously smaller than that of Vina docking energies
(RMSE™ = 2.76 + 0.007 kcal/mol) as shown in Figure 2.
The errors of correlation coeflicients and RMSE were
evaluated via 1000 rounds of bootstrapping estimation.*’
Overall, the AD4 approach is more accurate and precise than
the Vina ones since it gives a better correlation and a smaller
RMSE with respect to experiment.

The mean of the obtained binding free energies of ligands to
receptors is shown in Table 1. Similar to the analysis of the
correlation between experimental results and calculated values
above, the binding free energies given by Vina approach for
various docking options are almost unchanged. In particular,
although the required computing times for various docking
options are very different, the mean value of docking energies
given by Vina protocol are almost the same (cf. Table 1).
However, the obtained ligand-binding free energy using Vina
approach is significantly different in comparison with the
experiments. The average of docking energy given by the Vina
approach (AGSR8 = —7.80 + 0.06 kcal/mol) is larger than the
experimental value (AGgyp = —9.21 + 0.09 kcal/mol) by an
amount of ca. 1.41 kcal/mol (cf. Table 1). Moreover, the
computed error by Vina approach, the standard error of the
mean, is significantly smaller than that by both AD4 approach
and the experiment. The obtained results imply that, on
avera§7e, the Vina calculations converge faster than the AD4
ones.

In addition, the mean magnitude of ligand-binding free
energy estimated by AD4 approach kept increasing upon
changing the docking option from short — medium — long
settings. The increasing magnitude of docking energy is in
good agreement with the increase in the correlation coeflicient
as mentioned above. Furthermore, the mean magnitude of
docking energy is within the error bar of the experimental
value when the docking option has selected as long option (cf.
Table 1). This result suggests that the long option is the best
solution for AD4 approach in the prediction of the ligand-
binding free energy. In contrast, as mentioned above, the
correlation coeflicients between estimated and experimental
metrics using Vina technique are unchanged upon increasing
the exhaustiveness values as shown in Figure 1. The RMSE of
Vina docking energies is also unchanged over the modification
of docking options as shown in Figure 2. Moreover, the
required computational resources are very low when the short
option was selected. Therefore, the short option is the best
choice in order to evaluate the binding free energy of a ligand
to a receptor via Vina approach.

In addition, in order to clarify the physical insight into the
docking results, the PLIP*' approach was employed to analyze
the docked conformation in comparison to experimental native
poses. On average over 800 complexes, a ligand was found to
form 4.06 + 0.09 HB and 3.70 + 0.09 HP contacts to a
receptor in experiments. It should be noted that the calculated

Table 1. Computational Binding Free Energies in Comparison with Experiments”

no. approach AGhrt
AD4 —8.35 + 0.08
2 Vina —7.75 £ 0.06

AGmedium AGns AGxp
—8.93 + 0.08 —9.14 + 0.09

—9.21 + 0.09
—7.78 £ 0.06 —7.80 + 0.06

“The computational binding free energy was obtained by Autodock4 and Autodock Vina. The error is standard error of the mean. The units are

kilocalories per mole.
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error is the standard error of the mean. The correlation
coefficient between AD4 number of HBs and the experimental
values (RS, = 0.716 + 0.020) is significantly larger than that
using Vina technique (Rip, = 0.678 + 0.022). Moreover, the
correlation coefficient of Vina number of HPs and the
corresponding experimental values (R{,= 0.758 + 0.019) is
larger than that via AD4 approach (Rip, = 0.733 + 0.018).
Furthermore, AD4 is more precise in estimating the HB
between ligands and receptors (RMSELS, = 1.99 + 0.06
contacts) than Vina is (RMSEY®, = 2.03 + 0.06 contacts). In
contrast, Vina approach is better to predict the HP contact
between ligands and receptors (RMSEyy, = 2.13 + 0.08
contacts) than AD4 one (RMSEIAI& = 2.44 + 0.07 contacts).
However, it is known that an HB contact is normally stronger
than HP contact by ca. 10 times. Therefore, we may argue that
it probably is the reason that the AD4 results are better than
Vina approach in terms of correlation with experiment (Figure
1). The magnitude of Vina scoring function weight of
hydrogen bonding term probably needs to increase to obtain
a better result.

Predicted Ligand-Binding Pose. The predicted ligand-
binding pose is also a critical metric beside the estimated
ligand-binding free energy. Indeed, because both docking
approaches have not considered the complexed dynamics, full
influence of explicit solvent and limited-trial position of ligand,
the accuracy of the predicted ligand-binding affinity is
significantly reduced. The docking results were frequently
validated via all-atom MD simulations.” The ligand-binding
pose somehow emerges as an important factor since it
associates with the accuracy of the free energy calculation
using molecular dynamics simulations. Moreover, the metric is
related to the successful-docking rate, in which the ligand-
binding pose is considered as the successfully docked shape if
their RMSD of atomic positions from the corresponding
experimental structure is less than 2 A. Interestingly, the
obtained results are opposite to the estimation of the ligand-
binding free energy that Vina approach is better than AD4
protocol in the determination of the ligand-binding pose. In
particular, the mean value of RMSD between the experimental
structures and the docked shapes by using AD4 approach is
RMSE,p, = 1.42 + 0.03 A. This value differs significantly from
the corresponding value provided by Vina approach, RMSEy;,,
= 1.30 + 0.03 A. It should be noted that the computed error is
the standard error of the mean. Therefore, the successful-
docking rate of the AD4 approach is 77 + 1% which is smaller
than that of the Vina scheme which is 81 + 1%. The
observation is very consistent with the previous work.”” The
picture is unchanged when the RMSD threshold for deciding
whether a docking pose is considered successful was decreased
to 1.5 and 1.0 A. However, the successful-docking rates
delivering by both docking tools are equal when the resolution
is reached 0.5 A (Figure 3). Overall, when considering to use
which docking protocol, we need to consider the successful-
docking rate also.

List of Systems Favoring the AD4 Approach. As
mentioned in the Introduction, the different docking
approaches probably give different accuracy for the different
systems. The AD4 approach gives a better correlation
coefficient with experiments in 21 complexes than that by
the Vina approach. The obtained results are shown in Table 2.
The correlation coeflicient given by the AD4 approach Ryp,
ranges from 0.508 to 0.904 corresponding to thrombin and
alpha-1-fucosidase systems, respectively. The median is 0.699
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Figure 3. Successful-docking rates obtained via AD4 and Vina
protocols upon various resolutions. The errors of successful—dockin%
rates were predicted via 1000 rounds of bootstrapping calculations.*

Table 2. Correlation Coefficient between the
Computational and Experimental Binding Free Energy for
21 Receptors Which Favor AD4

no. complexes Ne  Rups Ryina %pps  Pvina
1 3-dehydroquinate 12 0.782 0.743 100 83
dehydratase
2 alpha-1-fucosidase 7 0904 0.808 71 86
beta-galactosidase 12 0.799 0.285 100 100
catechol O- 10 0.665 0.470 70 40
methyltransferase
coagulation factor X 13 0.673 0.612 77 92
dipeptidyl-peptidase 4 19  0.571 0.269 89 79
7 glutamate receptor, 17 0.530 0.371 94 100
ionotropic kainate 1
8 Ml family 13 0.659 0.627 69 69
aminopeptidase
9 mitogen-activated 9 0661 0.439 78 67
protein kinase 1
10  neuraminidase 17 0.520 —0.073 100 100
11 phosphodiesterase 10A2 17 0.814 0.765 loo loo
12 queuine tRNA- 18 0.776 0.573 89 94
ribosyltransferase
13 serine/threonine-protein 10  0.880 0.590 100 80
kinase Chk1
14 thrombin 86 0.508 0.181 73 78
1S tyrosine phosphatase 1B 20  0.540 0.116 SS 50
16  tyrosine-protein kinase 11 0.882 0.583 100 100
JAK1
17 tyrosine-protein kinase 14 0.706 0.528 79 86
JAK2
18  urokinase-type 45 0.739 0.273 80 89
plasminogen activator
19  beta-secretase 1 29 0.606 0.442 69 66
20  cell division protein 7 0777 0.697 100 100
kinase 2
21 cyclin dependent 21 0.684 0.508 67 62
kinase 2

“The computational binding free energy was obtained via Autodock4
and Autodock Vina. Details of the results are in the Supporting
Information. N¢ is the number of evaluated complexes.

over 21 systems. Meanwhile, the Vina approach gives the
correlation coefficient Ry;,, ranging from —0.073 to 0.808
which corresponds to the neuraminidase and alpha-L-fucosidase
systems, respectively. The median is 0.467 only. In particular,
there are six complexes having substantial difference between
Raps and Ry, (with deviations ARps_yine > 0.3) including

https://dx.doi.org/10.1021/acs.jcim.9b00778
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beta-galactosidase, dipeptidyl-peptidase 4, neuraminidase, throm-
bin, tyrosine phosphatase 1B, and urokinase-type plasminogen
activator, although the successful-docking rates of these
complexes are almost equal. Therefore, the AD4 protocol is
strongly recommended to apply to these receptors.

There are nine complexes having significant difference (0.3
> ARypsvina > 0.1) such as catechol O-methyltransferase,
glutamate receptor, ionotropic kainate 1, mitogen-activated protein
kinase 1, queuine tRNA-ribosyltransferase, serine/threonine-
protein kinase Chkl, tyrosine-protein kinase JAKI, tyrosine-
protein kinase JAK2, beta-secretase 1, and cyclin dependent kinase
2. It should be noted that the successful-docking rates of these
complexes change very little over various docking methods.
Our results imply that AD4 should be employed to evaluate
the binding affinities and poses of potential inhibitors targeting
these systems. However, there are six complexes having
insignificant difference (ARp4_vina < 0.1) such as 3-
dehydroquinate dehydratase, alpha-L-fucosidase, coagulation
factor X, M1 family aminopeptidase, phosphodiesterase 10A2,
and cell division protein kinase 2. The observation suggests that
both AD4 and Vina approaches have similar results on these
proteins, although the AD4 protocol is slightly better than the
Vina one. More especially, the successful-docking rates of
alpha-1-fucosidase and coagulation factor X given by Vina
scheme are much larger than those by the AD4 approach. We
may argue that the Vina approach should be used for searching
potential inhibitors targeting two enzymes instead of employ-
ing the AD4 protocol.

List of Systems Favoring the Vina Approach. The Vina
approach was found to be more accurate for 10 systems as
shown in Table 3. In particular, the Vina approach produces a

Table 3. Correlation Coeflicient between the
Computational and Experimental Binding Free Energy for
10 Receptors Which Favor Vina“”

no. complexes N¢ Rapa Ryine  %aps  %vina
AmpC beta-lactamase 13 0.653  0.654 S4 54
2 beta-hexosaminidase 7 0.273 0.907 86 100
3 calmodulin-domain protein 9 0678 0761 89 100
kinase 1
4 carboxypeptidase A 8 0774  0.863 38 75
S purine nucleoside 16  0.663  0.683 100 100
phosphorylase
6 scytalone dehydratase 7 0493  0.553 71 86
7 trypsin S7  0.587  0.675 93 93
8 beta-lactamase CTX-M-9a 6 0871 0938 100 83
9 alpha-mannosidase 2 6 0617 0734 100 83
10  phosphatidylinositol 4,5- 11 0.711 0.816 73 91

bisphosphate 3-kinase

catalytic subunit gamma

isoform
“The computational binding free energy was obtained via Autodock4
and Autodock Vina. Details of the results are in the Supporting
Information.

better correlation coefficient with experiments in 13 complexes
than that by the AD4 approach. It should be noted that we
have only discussed systems having an appropriate accuracy in
this part (ARy;,, > 0.5). Moreover, there are 10 systems having
an appropriate docking-successful rate and correlation
coefficient shown in Table 3, where the Vina approach is
indicated as probably better than the AD4 scheme to evaluate
the docking energy and pose of a ligand.
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For 10 systems reported in Table 3, the metric Ry;,,
obtained by Vina approach ranges from 0.553 to 0.938
corresponding to the scytalone dehydratase and beta-lactamase
CTX-M-9a systems, respectively. The median is of 0.758 over
10 systems. While, the AD4 approach forms the correlation
coefficient Ry;,, ranging from 0.273 to 0.871 which
corresponds to the beta-hexosaminidase and beta-lactamase
CTX-M-9a systems, respectively. The median is only 0.632.
Moreover, only the beta-hexosaminidase complex has a clearly
substantial difference between Ry;,, and R,p, (with deviations
ARy;usaps > 0.3). The Vina approach also dominates over
AD4 in the estimation of ligand binding affinity of alpha-
mannosidase 2 and phosphatidylinositol 4,S-bisphosphate 3-kinase
catalytic subunit gamma isoform with the deviation 0.3 >
ARyinaaps > 0.1, The seven remaining systems are
insignificantly different with ARy, .aps < 0.1. Furthermore,
it should be noted that the Vina approach is much faster than
the AD4 one in evaluating binding information on a protein
and a ligand. It may be argued that the Vina approach should
be used for searching potential inhibitors targeting these
enzymes instead of employing the AD4 protocol.

List of Unfavorable Systems for Both the AD4 and
Vina Approaches. Table 4 lists 16 complexes that failed to

Table 4. Correlation Coefficient between the
Computational and Experimental Binding Free Energy for
16 Receptors Which Do Not Favor Either AD4 and Vina“

no. complexes Nc Raps Ryina %aps  Bvina
carbonic anhydrase 2 56 0.234 0.11 84 86
2 cathepsin K 8 0.595 0.673 25 38
3 dehydrosqualene 7 —0.054 0.231 29 43
synthase
4 endothiapepsin 9 0.407 0.364 11 11
N estrogen receptor 14 0.388 0.484 100 100
6 factor XA 17 —0.151 —0.183 100 100
7 glycogen phosphorylase 14 0.353 0.214 100 93
8 Hsp90 27 0.263 0.235 63 89
9 macrophage 14 0.931 0.833 21 43
metalloelastase
10 NS3 protease, NS4A 10 0.432 0.419 70 70
protein
11 N-terminal human 7 0.137 0.454 43 57
maltase-glucoamylase
12 penicilin 7 0.299 0.148 70 70
amidohydrolase
13 ribonuclease A 27 0.081 0.212 81 89
14 stromelysin-1 8 0.629 0.607 15 7
15 thermolysin 1S 0.319 0.501 33 47
16  thymidylate kinase 13 0.425 0.212 62 92

“The computational binding free energy was obtained via Autodock4
and Autodock Vina. Details of the results are in the Supporting
Information.

estimate ligand binding affinity or binding pose via both AD4
and Vina approaches. In particular, three systems including
dehydrosqualene synthase, endothiapepsin, and N-terminal human
maltase-glucoamylase form poor correlation coeflicients and
successful-docking rates. Moreover, four complexes including
macrophage metalloelastase, stromelysin-1, cathepsin K, and
thermolysin adopt appropriate correlation coeflicients RAD4/
Vina > 0.5, but the successful-docking rates are smaller than
50%. Therefore, we have to report that both docking protocols
failed when considering the binding affinity of ligands to these
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enzymes. On the contrary, nine remaining systems adopt poor
correlation coefficients, although they form very high docking-
successful rates (%ps/vina > 70% 0.3) including carbonic
anhydrase 2, estrogen receptor, factor XA, glycogen phosphorylase,
Hsp90, NS3 protease-NS4A protein, penicilin amidohydrolase,
ribonuclease A, and thymidylate kinase. Clearly, both AD4 and
Vina approaches are unable to estimate accurately the ligand-
binding affinity targeting the nine systems, but the docking
protocols could be employed to evaluate the ligand-binding
pose. The ligand-binding affinity would then be clarified by
using further study such as molecular dynamics simulations.
Overall, the list may lead future studies to use docking
protocols accordingly.

Bl CONCLUSIONS

The AD4 and Vina approaches are two popular docking
programs widely used to predict protein—ligand binding
affinities and poses. Their relative strengths and weaknesses
are useful information for the docking community. In this
study, we have performed a comparative investigation to
benchmark the two programs in terms of their accuracy,
precision, and convergence of binding affinity and pose
prediction for 800 complexes including 800 ligands and 47
receptors. For each program, we considered three running
options, including short, medium, and long, which correspond
to increasing computation time and, hopefully, to increasing
accuracy. Overall, AD4 gives higher accuracy and precision of
the calculated binding energies with respect to experiment than
Vina does. However, Vina calculations converge faster than
those of AD4 because when changing the docking option from
short to medium to long, the correlation coefficient of AD4
binding energies increases quite significantly whereas that of
Vina is almost unchanged. The two programs were also
benchmarked for their ability to reproduce experimental
binding poses. In this regard, we have seen the opposite
trend in which Vina is better at predicting the native poses
than AD4 with the success rate of 81% versus 77%.
Furthermore, the noncovalent bonding analyses indicate that
the number of HBs between a ligand and a receptor obtained
via the AD4 approach correlates more with experiments that
found with Vina. The increase in the magnitude of Vina
scoring function weight of the hydrogen bonding term
probably enhances the performance of the Vina protocol.

Since no program is better than the other for all systems, we
have tried to provide a useful lesson learned from this
benchmarking study in terms of which system should be run
with which program. To this aim, we have classified the total of
47 receptors used in this study into 3 subsets. The first subset
includes 21 receptors for which AD4 showed better perform-
ance for the correlation coeflicient, precision, and success rate.
The second subset includes 10 receptors for which Vina
performs better. The third subset includes 16 receptors for
which both programs produced very poor results. We expect
that the lesson we learned here will be useful for future docking
studies in deciding which program to use.

In addition, the best docking option for performing the AD4
approach is the long option. However, the short option with
exhaustiveness = 8 is the best solution for carrying out Vina
docking. It is one of the critical factors when considering which
approach should be used due to the different required
computing resources.
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