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Abstract: Despite recent advances in Computer Aided Drug
Discovery and High Throughput Screening, the attrition
rates of drug candidates continue to be high, underscoring
the inherent complexity of the drug discovery paradigm.
Indeed, a compromise between several objectives is often
required to obtain successful clinical drugs. The present
manuscript details a multi-objective workflow that integra-
tes the 4D-QSAR and molecular docking methods in the
simultaneous modeling of the Rho Kinase inhibitory activity
and acute toxicity of Benzamide derivatives. To this end, the
pIC50/pLD50 ratio is considered as the response variable,
permitting the concurrent modeling of both properties and
representing a shift from classical step-by-step evaluations.
The 4D-QSAR strategy is used to generate the Grid Cell
Occupancy Descriptors (GCODs), and Stochastic Gradient
Boosting (SGB) and Partial Least Squares (PLS) methods as
the model fitting techniques. While the statistical parame-
ters for the PLS model do not meet established criteria for
acceptability, the SGB model yields satisfactory perform-
ance, with correlation coefficients r2 = 0.95 and r2pred = 0.65
for the training and test set, respectively. Posteriorly, the

structural interpretation of the most relevant GCODs
according to the SGB model is performed, allowing for the
proposal of 139 novel benzamide derivatives, which are
then screened using the same model. Of these 9 com-
pounds were predicted to possess pIC50/pLD50 ratio values
higher than those for the employed dataset. Finally, in order
to corroborate the results obtained with the SGB model, a
docking simulation was formed to evaluate the binding
affinity of the proposed molecules to the ROCK2 active site
and 3 chemical structures (i. e. p6, p14 and p131) showed
higher binding affinity than the most active compound in
the training set, while the rest generally demonstrated
comparable behavior. It may therefore be concluded that
the consensus models that intertwine the 4D-QSAR and
molecular docking methods contribute to more reliable
virtual screening and compound optimization experiments.
Additionally, the use of multi-objective modeling schemes
permits the simultaneous evaluation of different chemical
and biological profiles, which should contribute to the
control a priori of causative factors for the high attrition
rates in later drug discovery phases.

Keywords: 4D-QSAR · Benzamide · Boosting Trees · ROCK2 · Virtual Screening · Protein-ligand Docking

1 Introduction

Rho kinase (EC: 2.7.11.1) is a serine / threonine protein
kinase implicated in the regulation of the vascular tone, cell
proliferation, inflammation and oxidative stress. It contains
an N-terminal catalytic domain and can be expressed by
two isoforms, i. e. ROCK1 and ROCK2, respectively. These
isoforms exhibit 64 % sequence identity and 79 % overall
similarity, while their kinase domains exhibit 92 % identity
and 97 % similarity, respectively.[1] These isoforms are
distributed in different tissues; ROCK1 is expressed in the
lungs, liver, stomach, spleen, kidney and testis; while ROCK2
is highly expressed in the brain tissue, heart and muscle.[2]

Experimental evidence suggests ROCK’s involvement in
various cellular functions such as cell shape, motility,
secretion, proliferation and gene expression.[3] On the other
hand, the RhoA/ROCK pathway has been reported to be
involved in angiogenesis, cerebral ischemia, erectile dys-
function, glomerulosclerosis, hypertension, myocardial hy-
pertrophy, myocardial ischemia-reperfusion injury, neointi-
ma formation, pulmonary hypertension and vascular
remodeling.[4]

The implication of ROCK in mediating various cellular
functions and its involvement in a lot of severe pathological
processes makes the development of ROCK inhibitors
attractive as it would certainly be beneficial in the treatment
of multiple diseases.[5] Particularly, ROCK inhibitors have
been suggested to be beneficial in the treatment of
Alzheimer’s disease, bronchial asthma, cancers, demyelinat-
ing diseases, glaucoma, and osteoporosis.[4] However,
regardless of efforts in the search of novel ROCK inhibitors,
Fasudil is the only approved ROCK inhibitor for clinical use
in Japan for the treatment of subarachnoid hemorrhage.[6]

This fact epitomizes the inherent challenges encountered in
the drug discovery and development (DDD) process.

Indeed, despite the recent advances in Computer Aided
Drug Discovery and High Throughput Screening, the high
attrition rates in the DDD process continue to be a key
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challenge[7] The failure of a drug candidate is usually
attributed to multiple factors, such as low bioactivity, poor
pharmacokinetic (PK) and pharmacodynamics (PD) profiles,
as well as high toxicity. In this sense, developing a
successful clinical drug requires the best compromise
between several objectives, which often compete with each
other. A recent study demonstrated that 66 % of the Clinical
Phase III failures were due to poor efficacy, with the
underlying reason being inadequate PK & PD profiles, while
the rest of the failures were attributed to toxicological
issues.[8] The ADME/Tox evaluations involve sequential and
iterative assessments of the efficacy, PK, PD, metabolic and
toxicological properties of drug candidates. This step-by-
step approach may prove to be frustrating and time
consuming, since initially promissory candidates may be
abandoned at later stages. It would be therefore of interest
to incorporate a multi-objective framework, where different
properties are simultaneously modeled in the very prelimi-
nary stages of the DDD process to provide hints on
favorable lead compound optimization modes.

Given the enormous costs and prolonged time frames
experienced during in vitro and in vivo ADME/Tox evalua-
tions, in addition to the adoption of stringent policies aimed
at regulating the use of laboratory animals for experimenta-
tion, there has been a fundamental shift to in silico
methods, as a quick and cost-effective alternative in the
screening of New Molecular Entities (NMEs) and lead
compound optimization.[9] In this sense, the QSAR (Quanti-
tative Structure-Activity Relationship) methodology has
become an essential tool for in silico ADME/Tox evaluations,
and has been adopted by pharmaceutical companies,
academia, well as many regulatory agencies (for predictive
toxicology), contributing to the reduction in time, cost and
animal testing during the DDD process.[10]

The QSAR modeling paradigm is comprised of several
approaches ranging from simple evaluations of molecular
similarity to more complex methods such as 3D/4D QSAR
methods, which incorporate information on the conforma-
tional behavior of ligands as well as their target-ligand
interaction modes through molecular dynamics simula-
tions.[11] The utility of these techniques in the predicting of
biological properties of molecules has been extensively
reported in the literature.[12–15] The 4D-QSAR method
provides information on the 3D molecular conformations
and interaction modes, thus constituting an important
advantage over other 0D-3D QSAR methods.

However, with the arsenal of currently available HTS
protocols coupled with the often frustrating performance of
classical QSAR methods in general, the 4D-QSAR method-
ology has become rather deprecated in DDD. As a strategy
to revitalize the utility and reliability of this method in
virtual screening experiments, we propose a consensus
workflow which intertwines the 4D-QSAR and molecular
docking methods. In principle, coupling the two concep-
tually different approaches should help to offset the weak-
ness inherent to each of these methods and thus enhancing

their collective performance. For instance, compounds with
structural moieties deemed as favorable for a particular
bioactivity profile, may not possess the adequate binding
affinity due to factors such as steric or entropic penalties.
On the other hand, compounds with good binding affinities
may be agonists instead of antagonists and vice-versa. In
this sense, coupling the 4D-QSAR and molecular docking
methods helps to evaluate both the bioactivity and binding
affinity profiles of screened compounds, thus enhancing the
reliability of the obtained results.

Therefore, the objective of the present manuscript is to
evaluate the utility of a consensus workflow integrating the
4D-QSAR and molecular docking methods in the modeling
of novel benzamide derivatives with potential ROCK2
inhibitory activity and a low acute toxicity profile. Several
reports in the literature have highlighted the risk of off-
target toxicity by Kinase inhibitors in general.[16] Indeed,
compound Y27637 which is a widely used standard in the
ROCK inhibitory tests has not yet been approved for clinical
use up to date, probably due to its high acute toxicity
(Category 4).[17] Additionally, this compound has been
shown to mimic the hydrophobic statin-induced apoptosis,
and thus causing myotoxicity in fibroblasts and rat mod-
els.[18] Taking into account these precedents, it would
therefore be of interest to steer the optimization process
towards enhanced ROCK2 inhibitory activity and lower
toxicity, simultaneously. To this end, the pIC50/pLD50 ratio is
considered as the response variable and the 4D-QSAR
strategy is employed to generate the Grid Cell Occupancy
Descriptors (GCODs), posteriorly used in the model building
based on the Stochastic Gradient Boosting (SGB) and Partial
Least Squares (PLS) model fitting techniques,[19,20] respec-
tively. Lastly, a protein-ligand docking simulation is per-
formed to verify the binding modes of the proposed
derivatives.

2 Materials and Methods

2.1 Biological Data

For this study, a series of 81 benzamide derivatives were
employed. The ROCK2 inhibitory activity of these com-
pounds has been experimentally evaluated and reported in
the literature.[21] (The chemical structures of the benzamide
derivatives employed in the present study are provided as
Supplementary Information, Table S1). The 3D structures of
the benzamide derivatives were optimized using the
CHARMM force field[22] available in the Discovery Studio
software.[23] On the other hand, due to the unfortunate
inexistence of experimentally determined acute toxicity
data for the benzamide derivatives employed in the present
study, the LD50 values for these compounds were estimated
using the rat model based admetSAR predictor, freely
available online at http://lmmd.ecust.edu.cn:8000/.
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The pLD50 was calculated as suggested by Europe Union,
2010[24] and the ratio of pIC50/pLD50 determined. The overall
data set was divided into a training set (70 % of the overall
set) and an external evaluation set (30 % of the overall set)
using a random selection procedure. External validation has
been strongly emphasized in the literature as the only
standard practice for assessing the earnest predictive ability
of QSAR models. In fact, it has been recommended that test
set selection and external validation should be carried out a
number of times in order to identify the ranges of external
predictivity, instead of conditioning the model to a single
external set.[25,26]

2.2 Molecular Dynamics Simulation

The molecular dynamics simulation (MDS) process is aimed
at generating a conformational ensemble profile (CEP) for
each compound and thus investigate ligand conformational
flexibility . This method calculates the system’s behavior
based on Newton’s equations of motion for a discrete time
interval. The set of simulation settings yields a trajectory of
system atoms providing thermodynamically accessible con-
formations for the compounds under analysis.[27]

The MDS was carried out using the MOLSIM program
with an extended MM2 force field[28] available in 4D-QSAR
software[29]. The temperature for dynamics was adjusted to
300 K in order to guarantee proximity to the temperature
used in biological assays. The simulation sampling time was
100 ps with 0.001 ps intervals. A distance dependent
dielectric function was also applied in order to model the
explicit solvent effect. In addition, common atoms (C1, C4,
C7, C10, C12) were fixed to prevent a large conformational
variation of the ligand, which could impair alignment
analysis (Figure 1).

2.3 Alignment and Interaction Pharmacophore Elements
Definition

The alignments are chosen to span the common framework
of the molecules. To guarantee a full analysis, the atoms to
the right, left and middle of the common part of the
compounds should be used in alignment.[30] Six alignments

were performed using the atoms C1, N8 and C12 in
different orders (ali1: 12, 1, 8; ali2: 1, 8, 12; ali3: 8, 12, 1; ali4:
12, 8, 1; ali5: 1, 12, 8; ali6: 8, 1, 12) (Figure 1). Then, each
conformation from the CEP was placed in a reference cubic
cell space according to the alignment under consideration.
The cubic lattice serves to record the spatial occupancy
distribution of each atom of the ligands. The grid cell size
was defined to be 1 Å.

The atoms of each compound were classified into seven
types of interaction pharmacophore elements (IPE) corre-
sponding to the possible types of interactions that occur in
the cell box in accordance with the 4D-QSAR method-
ology.[11] The IPEs are classified into: any type (any); nonpolar
(np); positively charged polar (p +); negatively charged
polar (p-); hydrogen bond acceptors (ha); hydrogen bond
donors (hd) and aromatic systems (ar). The grid cell
occupancy profiles for each of the chosen IPEs were
computed and used as the basis set for the trial cell
occupation descriptors (GCOD, Grid Cell Occupancy Descrip-
tor) that will be used in the construction of QSAR models.

2.4 Obtaining the 4D-QSAR Regression Models

The matrix of GCODs was filtered to exclude variables with
zero variance as these do not provide any relevant
information. Additionally, unsupervised and supervised
feature selection procedures were performed over the
reduced GCOD matrix using Shannon’s Entropy (SE) and
Differential Shannon’s Entropy (DSE) parameters, respec-
tively, and 400 variables were finally retained. For this
dimensionality reduction procedure, the IMMAN software
was used.[31]

Posteriorly, ten 4D-QSAR models for each alignment
were built using the Stochastic Gradient Boosting (SGB)
method, based on regression trees (RT) base learners. The
RTs are obtained by growing the largest trees via greedy
recursive partitioning and then pruning the grown tree to
yield the final appropriate fit.[32] The RTs possess many
attractive features, including simplicity, interpretability,
capacity in handling large data sets and modeling non-
linearities, as well as immunity to outliers. Moreover, the RTs
do not entail any assumption on the data distribution,
collinearity and heteroscedasticity.[33] However, it is known
that RTs are highly instable, that is, a small variation in
training data leads to a huge change in the computed
results.[34] In order to correct this failure, SGB is applied. In
this approach, a fraction h of the training data is sampled at
random (without replacement) from the full training dataset
at each iteration. These randomly selected sub samples are
used in place of the full samples to fit the base learner and
compute the model update for current iteration.[35] In this
sense, a sequence of very simple RTs is obtained, where
each successive tree is built to predict the residuals of the
preceding tree. Then the average prediction over many
trees is computed.[36] This implementation not only reduces

Figure 1. Representation of atoms used in different alignments.
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the computing time, but also actually yields more accurate
models.[35]

The SGB based 4D-QSAR models were built according to
the configurations: the number of initial additive terms was
set at 400, the learning rate at 0.15, the subsample
proportion at 0.50 and the random test data proportion at
0.30. In addition, an early stopping criterion was adopted
based on the following parameters: the minimum number
of cases was set at 5, the maximum number of levels at 10,
the minimum number in child node at 1 and the maximum
number of nodes at 3. The Mean Absolute Error for the
training and test sets was used to assess the predictive
ability of the models. The SGB based regression model was
developed using the Statistic Data Mining software, version
8.0.[37]

With the goal of comparing the results obtained using
SGB with other statistical model building methods, ten
Partial Least Squares (PLS) models were built for each
alignment using the filtered GCOD matrix. The PLS is a
statistical modeling technique based on the transformation
of the original dataset matrix into orthogonal projections,
also known as latent variables (LVs). The LVs are linear
combinations of the original variables and are aimed at
maximizing the covariance between the X matrix and the
response variable.[38] The PLS-based model was validated
using the leave-one-out cross (LOOCV) validation and
external validation (r2ext) procedures, respectively. Addition-
ally, the model was assessed for possible fortuitous
correlation using the Y-randomization procedure, where the
following parameters were considered: the determination
coefficient for y-randomization, penalized determination
coefficient and root-mean-square-error of randomization,
denoted by r2y-rand, R2p(y-rand) and RMSEy-rand, respec-
tively. Other parameters that were considered to assess the
quality of the PLS-based model included the root-mean-
square-error of cross-validation (RMSECV) and prediction
(RMSEP), respectively. The PLS modeling was performed
using the Chemoface program.[39]

One of the key advantages offered by the 4D-QSAR
strategy is the interpretability of the GCOD variables, in
terms of the chemical environment and its relationship to
the modeled property. In sense, in order to interpret the
built QSAR model, a subset of the most relevant descriptors
was selected and analyzed. Each descriptor represents a
particular IPE and therefore from an examination of the
chemical information encoded in the most relevant GCODs,
it is possible to identify key elements essential for the
biological response of the analyzed compounds and,
eventually, to propose novel derivatives with an improved
biological profile. Consequently, novel benzamide deriva-
tives were proposed following classical medicinal chemistry
principles such as bioisosterism and molecular hybridiza-
tion.

2.5 Molecular Docking

The molecular docking methodology aims to predict the
ligand binding modes for biomolecular target sites of
therapeutic interest based on the hypothesis that a lower
energy score represents a better protein-ligand binding
pose, thereby helping to elucidate the main elements that
determine the protein-ligand interactions.[40] Ideally, mole-
cules predicted to have high activity should demonstrate
favorable protein-ligand interaction profiles. Therefore, in
order to evaluate the binding affinity of proposed mole-
cules relative to those experimentally determined to
possess high inhibitory activity, as a means of validating the
results obtained with the 4D-QSAR regression model, a
docking experiment was performed using the ROCK2 target
protein.

The molecular docking was performed using the Mole-
gro Virtual Docker (MVD) software.[41] The X-ray crystallo-
graphic structure of the ROCK2 enzyme with resolution of
2.93 Å, in complex with methyl 3-[({2’-(aminomethyl)-5’-[(3-
fluoropyridin- 4-yl)carbamoyl] biphenyl-3-yl}carbonyl)
amino]- 4-fluorobenzoate was obtained from the Protein
Data Bank (PDB ID code: 4WOT).[42] Prior to docking,
geometry optimization and partial charge distribution
calculations of the compounds were carried out using semi-
empirical AM1 method. Only the ligands were considered
flexible during the docking simulations. For each ligand, 100
independent docking runs were performed using a guided
differential evolution algorithm, wherein each run returns to
one solution (pose). Default parameters were used, except
for the population size which was increased from 50 to 100.
The MolDock score was employed as the scoring function
with a grid resolution of 0.30 Å. MolDock is an empirical
score function derived from the piecewise linear potential
(PLP) scoring function proposed by Gehlhaar et al.[43,44] and
afterwards extended by Yang et al.[45] MolDock further
improves these functions by considering a new hydrogen
bonding term and charge schemes. The EPLP function takes
into account steric interactions and hydrogen bonds. In
order to increase docking accuracy, the results were re-
ranked using a more complex score function, which
considers additional terms for sp2-sp2 torsion and the
Lennard-Jones 12–6 potential.[41] The best poses were
selected from the lowest MolDock re-ranking score.

3 Results and Discussions

3.1 Model Analysis

3.1.1 Boosting Tree Model

The model was built using the ratio pIC50/pLD50 as response
variable and the 4D-QSAR descriptors as the independent
variables. Based on the reduction in average squared error
over the test set, the optimum number of trees for the
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ensemble was determined to be 76 for an average squared
error (ASE) values of 0.229 and 1.667 for the training and
test sets, respectively (see Figure 2). The selected descrip-
tors along with their importance are given in Table S2
(Supplementary Information).

Table 1 shows the statistical parameters of the SGB
model. As can be observed, this model yields satisfactory
performance with correlation coefficients of 0.956 and 0.685
for the training and test sets, respectively. Additionally, the
SGB model yielded RMSE values for calibration and external
validation of 0.4784 and 0.7662, respectively. These residual
values may be considered as very low. Figure 3 shows the
correlation between experimental and predicted values for
the training and test set for the boosted tree model. As can
be observed there exists a good correspondence between
the experimental and predicted pIC50/pLD50 values.

3.1.2 PLS

The 81 compounds of Table S1 (chemical structures pro-
vided as Supplementary Information) were grouped in a
training set consisting of 57 compounds and a prediction
set comprised of the remaining 24 compounds. The leave-
one-out cross validation procedure was applied to the
training set, in order to determine the optimal number of
latent variables to be used in the PLS regression. Con-
sequently, the number of optimal latent variables was
determined to be 4 as it corresponded to a minimum in the
RMSEcv plot (see supporting information Figure S1). Table 1
shows the statistical parameters of the PLS-based model. As

can be observed, the obtained statistical parameters are
generally unsatisfactory according to established criteria for
evaluating the predictive power and robustness of QSAR
models, i. e. the correlation coefficients for calibration (r2)
and LOOCV were 0.557 (recommended r2 � 0.6[46]) and 0.306
(recommended q2�0.5), respectively; external validation
parameter r2test = 0.311 (recommended r2test�0.5) and
R2p(y-rand) = 0.266 [recommended R2p(y-rand)�0.5 . It may
therefore be concluded that PLS, as the classical statistical
technique for modeling high dimensionality data is not
suitable for the present study and the modeled response
variable does not lend itself to a linear relationship with the
GCOD descriptors.

In light of the greater robustness and predictive power
obtained with the SGB model relative to the PLS model, the
former may thus be considered as more suitable for virtual
screening of novel benzamide derivatives.

3.2 Structural Interpretation of the GCOD Model

The aim of the present subsection is to interpret the
variables contained in the SGB model to gain greater
understanding on the structural characteristics that favor an
increase in potency of the ROCK2 inhibitors and at the same
time lowering the toxicity. However, the matrix of the 400
GCOD descriptors employed to build the boosted tree
model was quite large for a tractable interpretation. There-
fore, this subset of molecular descriptors was ordered
according to the importance scores, ranging from 0.3 to 1.0,
and was further refined to filter out descriptors that codified

Figure 2. The optimal number of trees.

Table 1. Summary of parameters obtained for PLS and boosted tree models.

Model Size r2 q2loo RMSEc r2pred R2p(y-rand) RMSEp

PLS 4 LV 0.557 0.306 1.383 0.311 0.266 1.322
SBG 76 Trees 0.956 – 0.478 0.654 – 0.766

Figure 3. Correlation of the experimental vs predicted pIC50/pLD50

values based on the Boosted tree model [spheres – training set,
triangles – test set].
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similar information (i. e. highly correlated and with a similar
importance score). For the importance scores of the 400
GCOD descriptors, see Table S2 in Supplementary Informa-
tion. Consequently, 9 variables considered as the most
representative ofthe SGB model were retained and em-
ployed for the structural interpretation. Figure 4 shows the
positions of the retained descriptors using the compound
70, which has the highest biological response in the training
set. In 4D-QSAR, descriptors are represented by Cartesian
coordinates and interaction pharmacophore elements, “(x, y,
z, IPE)”, which corresponds to the interactions that may
occur between ligand-protein.

The GCODs 1, 2, 10, 3, 25 and 26 are located around the
R1 substituent, where 1, 2 and 10 are coordinates over the
phenyl group and 3, 25 and 26 over the imidazole moiety.
On the other hand, GCODs 8, 21 and 22 are located around
the R2 substituent. The descriptor 1 (1,–2,–3,np) represents
a non-polar interaction and possesses the highest impor-
tance score (1.000, Figure 4) in the data set. This GCOD has
greater occupation frequency for molecule 24 (Figure 5)
and is located adjacent to the indole carbon, indicating that
non-polar interactions in this portion are relevant to the

activity of these compounds. In fact, if a comparison is
performed for the molecules 22 and 24 which only differ in
this coordinate, in that 22 has a nitrogen atom in place of a
carbon, the biological response for 24 is observed to be
greater than that of 22 by approximately two logarithm
units.

The descriptor 2 (�1,�3,0,any) represents any type of
interaction and has greater occupation frequency for
molecules 1 and 3 (Figure 5). This GCOD is located on a
phenyl hydrogen atom, suggesting that non-polar groups
in this region may increase the potency of these com-
pounds. The GCOD 10 (�1,0,�3,any) also represents a non-
specific interactions. This descriptor has greater occupation
frequency in compound 58 (Figure 5) and is located
adjacent to the methyl linked to triazole group thus,
indicating that non-polar substituents in this position are
beneficial as well.

The GCOD 25 (�1,�2,�6,any) has greater occupation
for molecule 19 (Figure 5) and represents any type of
interaction. This descriptor is located on the pyridine C�O
bond, underscoring the importance of different interactions
in this region. The descriptor 26 (2,�3,�5,any) also

Figure 4. The most important descriptors represented in the compound 70. 1: (1,�2,�3,np)[1.000]; 2: (�1,�3,0,any)[0.963]; 3:
(1,�4,�5,any)[0.932]; 8: (3,2,14,any)[0.811]; 10: (�1,0,�3,any)[0.801]; 21: (1,0,14,np)[0.740]; 22: (�1,4,13,np)[0.737]; 25: (�1,�2,�6,any)[0.717].

Figure 5. The nine most important descriptors are represented in their respective molecules with the highest occupation frequency.
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represents non-specific interaction types, its occupation
frequency values are low with the largest being for the
compound 76 (Figure 5) where it is positioned on the
imidazole nitrogen atom. The descriptor 3 (1,�4,�5,any)
represents interactions of any type and the greatest
occupation frequency value is for compound 79 (Figure 5).
However, because of the system motion during MDS, the
position of this descriptor varied widely, not allowing for a
clear interpretation of the information codified.

Around the R2 substituent are the descriptors 8, 21 and
22 (see Figure 4). The descriptor 8 (3,2,14, any) has a non-
specific IPE and higher occupation frequency for the
molecules 28, 30 and 34 (Figure 5). These molecules have
the same R2 substituent and the descriptor is located over
the methyl group attached to the piperidine. The GCOD 21
(1,0,14, np) codifies information on non-polar interactions
and is located near the hydrogen atom of the piperidine
group of the compound 48 (Fig. 5), which has the highest
frequency of occupation for this descriptor. Similar to GCOD
21, the descriptor 22 (-1,4,13, np) is related with non-polar
IPE and is located near the hydrogen piperidine group. Its
highest occupation frequency value is for compound 6 (Fig.
5), suggesting that hydrophobic interactions in this region
favor the bioactivity of these compounds. Figure 5 shows all
descriptors represented in their respective molecules with
the highest occupation frequency.

3.3 Proposal of Novel Benzamide Derivatives and
Drug-likeness Filtering

Analyzing the results obtained from the 4D-QSAR study, 139
new structures were proposed with the aim of yielding
novel benzamide derivatives with a greater pIC50/pLD50

ratio. The structures were constructed using molecules 70
and 79 as a base, which are the most active of the series
and with the highest predicted value of ratio pIC50/pLD50,
i. e. 26.058 and 25.273, respectively. These proposed chem-
ical structures were screened using the boosting model and
their pIC50/pLD50 values predicted. From these proposals,
the molecular structures p1, p3, p6, p90, p130, p131, p133,
p134, and p135 were predicted to possess pIC50/pLD50 ratios
greater than that predicted for the compound 79, while the
structures p14 and p96 showed a predicted ratio pIC50/
pLD50 similar to the value predicted of compound 79 (see
Table 2). For the design of the p1 molecule the compound
70 was used. As can be observed in Table 2, the addition of
the methyl group at GCOD2 position resulted in an increase
of the pIC50/pLD50 ratio for the compound from 26.058 to
26.541. For the proposed structure p133, naphthalene was
used in R1 position and the R2 substituent from the
compound 79, see Table 2. Furthermore, the predictions for
p1 and p133 are superior to the experimental value of the
compound 70, which is the most active compound of the
studied series.

Posteriorly, the ten proposals predicted to possess the
best pIC50/pLD50 ratios were evaluated using the “Lipinski
rule of five”[48] for drug likeness using the Molinspiration
Online Property Calculation Software Toolkit (http://
www.molinspiration.com/). This rule helps to define the
limits on physicochemical and structural properties of
chemicals to screen for molecules with satisfactory oral
absorption. These boundaries are defined to be: milogP �5,
molecular weight (MW) �500 u, number of hydrogen bond
acceptors (nON) �10, and number of hydrogen bond donors
(nOHNH) �5 and polar surface area (TPSA) no greater than
140 Å2. The “Lipinski rule of five” considers that poor
absorption is more likely when two or more violations are
observed.[49] The results for the proposed compounds are
encouraging because almost all proposed molecules satisfy
the conditions stipulated by Lipinski (see Table 3), suggest-
ing no absorption problems. Only the p3 compound
commits two violations, for this reason it is not considered
in posterior evaluations.

3.4 Molecular Docking

Molecular docking can be helpful in DDD by evaluating the
binding affinity of the most promising hits. The training set
compounds 79 and 64, which have the highest and lowest
biological response, respectively, along with the new
proposed compounds were docked inside de active site of
ROCK2 (PDB ID: 4WOT). These training set compounds were
selected for the purpose of comparison. Prior to performing
the actual docking simulation, the ligand binding process
was validated using the “redocking” procedure of the co-
crystallized ligand in the ROCK2. Figure 6 illustrates the
superposition of the crystal and docked structures, and it
can be observed that the main interactions are preserved.
The Root Mean Square Deviation (RMSD) between the
crystal and docked structures was 1.06 Å, reinforcing the
validity of the docking procedure. The key amino acid
residues in the active site identified by MVD simulation
were Met172, Phe103, Ala102, Lys121, Asp232 and Thr235.

Table 4 shows the energy values obtained from the
docking simulation. As can be observed, the interaction
energy values (EINTER, kcal mol�1) decreased in the following
order: p1, p90, p14, 79, p133, p134, p131, p6, p130, p135
and 64. In this regard, the proposed molecules p1, p90 and
p14 exhibit more energetically favorable interactions (more
negative values) than the most active compound of the
training set (79), but similar to the co-crystallized ligand
(�222.856 kJ mol�1). Moreover, the calculated binding affin-
ity values for p6, p14 and p131 were also slightly more
energetically favorable than compound 79, which in turn is
similar to p1. In addition, all proposed compounds possess
better interaction energies than the least active training set
compound (64). These outcomes are in agreement with
those obtained by the SGB based model, since these three
compounds (p1, p90 and p14) were predicted to have the
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Table 2. Structures of the best proposed molecules along with compounds 70 and 79.

Molecule R1 R2 pIC50/pLD50 predict

70 26.058

79 25.273

p1 26.541

p3 25.300

p6 25.316

p14 25.260

p90 25.570
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highest pIC50/pLD50 ratio values. Conversely, the molecules
p6, p130 and p135 have much lower interaction energy,

although they were predicted to have high pIC50/pLD50

values, and thus suggesting that they may probably have

Table 2. continued

Molecule R1 R2 pIC50/pLD50 predict

p96 25.215

p130 25.883

p131 25.414

p133 26.109

p134 25.285

p135 25.597

Table 3. Calculated parameters of the “Lipinski rule of five” for the proposed and 70 and 79 compounds.

Molecule miLogP TPSA MW nON nOHNH nviolations

70 2.61 101.39 542.66 9 2 1
79 5.14 100.11 608.79 8 2 2
p1 3.20 101.39 556.69 9 2 1
p3 2.26 144.48 599.72 11 4 2
p6 3.43 101.39 577.11 9 2 1
p14 2.24 127.41 557.68 10 4 1
p90 3.64 96.45 541.68 8 2 1
p130 3.35 92.15 514.65 8 2 1
p131 3.58 92.15 535.07 8 2 1
p133 3.90 87.22 499.64 7 2 0
p134 3.79 87.22 499.64 7 2 0
p135 3.21 100.11 500.63 8 2 1
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extremely low pLD50 values and thus compensating for their
lower activity. Figure 7 illustrates the interaction profile for
compound p1 (most negative MolDock score) inside the
ROCK2 active site along with the main amino acid residues
that interact through hydrogen bond.

As described above, in this work the ligand poses were
selected based on MolDock reranking score and similarity
with the ligand in the active site. The compounds adopted
a geometry configuration such that the R1 substituent is
located at the bottom of the binding site and the R2
substituent in the solvent-exposed region. Just like the co-
crystallized ligand, most of the docked compounds present
a hydrogen bond interaction with the Met172 residue,
which between through the cyclic nitrogen atom and the
Met172 amino group. The p90, p134 and p135 compounds

do not present this interaction because the positioning of
the corresponding nitrogen atoms does not favor this
interaction. Additionally, p14 adopts a conformation that
does not allow this hydrogen bond interaction; instead it
interacts with Asp385 and forms an additional hydrogen
bond with Arg100 through amino group. Another impor-
tant hydrogen bond interaction is between the Phe103 and
the carbonyl group (near to R2), except for compound 79
that instead interacts with Lys121. Lys121 also forms hydro-
gen interaction with p130 and p131, but in this case with
the carbonyl group near the R1 substituent. The com-
pounds p6, p131, p134 and p135 form a weak hydrogen
bond with Ala102. On the other hand, Asp232 interacts with
the amino group of the compounds p130, p133 and p135.
The R2 cyclic nitrogen for p1 and p6 hydrogen bonds with

Figure 6. Redocking analysis, superposition of crystallized (black) and docked (gray) structures.

Table 4. Energy values from molecular docking for the analyzed compounds. MolDock and Rerank Score (a.u), interaction energy (EINTER, kcal
mol-1), hydrogen bonding (HBond, kcal mol-1) and binding affinity (kJ mol-1).

Compounds pIC50/pLD50 MolDock Score Rerank Score EINTER HBond Binding Affinity*

ligand – �197.178 �169.098 �222.856 �8.699 �35.586
p1 26.541 �209.775 �163.016 �221.824 �3.563 �29.002
p133 26.109 �188.346 �164.917 �209.076 �5.298 �29.009
p130 25.883 �175.358 �134.372 �188.061 �3.926 �27.737
p135 25.597 �165.142 �145.431 �187.510 �2.440 �28.186
p90 25.570 �192.363 �153.471 �214.612 �3.096 �30.849
p131 25.414 �189.463 �159.147 �201.545 �7.057 �31.814
p6 25.316 �169.666 �131.769 �192.954 �6.021 �34.754
p134 25.285 �185.464 �160.410 �203.885 �2.654 �27.712
p14 25.260 �186.066 �157.677 �213.429 �6.043 �32.410
79 25.273 �197.147 �163.781 �210.867 �3.897 �30.190
64 17.601 �169.998 �143.251 �185.721 �2.085 �24.386

* In MVD, the binding affinities are estimated using a multiple linear regression model composed by energy terms and descriptors, and which
was calibrated using diverse complexes with known binding affinities.
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Thr235. Lastly, the morpholine group of p1, p6, p14 and p90
interacts with Arg213, and p6 forms an additional hydrogen
bond with Val251.

Altogether, the docking simulation performed in the
present section shows that the proposed molecules
predicted by the SGB model to possess higher pIC50/pLD50

ratios generally exhibit the most favorable protein-ligand
interaction profiles, evidenced by the lower interaction
energy and binding affinity scores obtained. Although the
modeled property is indeed a ratio where the pIC50 is
sought to be maximized while minimizing the pLD50, the
docking results generally corroborate the hypothesis that
proposed molecules may in fact possess high inhibitory
activity (i. e. high pIC50 values) for which appropriate
protein-ligand interactions are indispensable.

4 Conclusion

In the present study, we have demonstrated utility of a
consensus molecular modeling scheme, coupling 4D-QSAR
and molecular docking methods, in the multi-objective
optimization of benzamide derivatives. To this end, a 4D-
QSAR regression model was built using the SGB method,
wherein the pIC50/pLD50 ratio was correlated to the
interaction descriptors. An analysis of the most relevant
variables in this model permitted the proposal of 139
candidates, 9 of which yielded better pIC50/pLD50 ratios
when compared with the employed dataset. These com-
pounds were evaluated for drug likeness using the Lipinski’s
Rule and were found to be within the established limits.
Through the docking simulation, the binding affinity of
proposed molecules was estimated and the chemical

structures p6, p14 and p131 showed higher binding affinity
for the ROCK2 active site than the most active in the
training set, while the rest generally demonstrated compa-
rable behavior. While the ultimate evidence of bioactivity
and low toxicity requires in vitro and in vivo studies, the in
silico ligand and structure-based approaches employed in
the present study provide useful information to guide the
design of novel compounds with possible better affinity to
the ROCK2 target and low toxicity profiles.
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