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ARTICLE INFO ABSTRACT

In the present study, a series of dibenzepinones, dibenzoxepines, and benzosuberones targeting p38a MAP ki-
nase were subjected to pharmacophore modelling, 3D-QSAR and molecular docking studies. The ICsq values for
these 67 compounds ranged between 0.003 and 6.80 pM. A five-point model (DDHHR.8) was generated using
these compounds. This model was found to be statistically significant and was found to have high correlation
(R? = 0.98), cross-validation coefficient (Q? = 0.95) and F (330) values at six component PLS factor. Tests were
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Dibenzoiepines performed to ascertain the efficacy of the generated model. These tests included external validation, Tropsha's
Benzosuberones test for predictive ability, Y-randomisation test and domain of applicability (APD). In order to check the re-

strictivity of the model, enrichment studies were performed with inactive compounds by using decoy set mo-
lecules. To evaluate the effectiveness of the docking protocol, the co-crystallised ligand was extracted from the
ligand-binding domain of the protein and was re-docked into the same position. Both the conformers were then
superimposed, suggesting satisfactory docking parameters with an RMSD value of less than 1.0 A (0.853 A). A 10
ns molecular dynamics simulation confirmed the docking results of the 3UVP-ligand complex and the presumed
active conformation. The outcome of the present study provides insight into the molecular features that promote
bioactivity and can be exploited for the prediction of novel potent p38a MAP kinase inhibitors before carrying
out their synthesis and anticancer evaluation.

1. Introduction with heterotrimeric G proteins are primarily responsible for the acti-

vation of intracellular protein such as serine/threonine kinases, referred

Owing to more than one hundred types of tumors, tackling cancer
has become a great challenge [1]. Cancer is characterised by the pro-
liferation of abnormal cells and is one of the foremost causes of death
across the globe. Surgery, chemotherapy and radiotherapy are the
standard strategies employed in the treatment of this disease [2]. An
escalating trend has been reported in the number of cancer patients,
particularly in developed nations. In spite of the tremendous progress
made in cancer treatment, there is a pressing need for the development
of novel and effective anticancer agents. The non-selective nature of
current therapeutics, along with the associated side effects, continues to
be the major driving force for drug development [3].

Different tyrosine kinases and cytokine receptors in conjunction

to as mitogen-activated protein kinases (MAPKs) [4]. They are known
to regulate different cell functions like cell progression, proliferation
and inflammatory responses to stress signals [5]. Extracellular signal-
regulated kinases 1/2 (ERK1/2), c-Jun N-terminal kinases (JNK), p38
and ERKS5 proteins are the four major members of MAP kinase family.
Activation of MAP kinases is associated with the commencement and
advancement of several cancers and inflammatory disorders. Due to
their significant roles in cell differentiation and proliferation, medicinal
chemists see these kinases as fascinating and exploitable targets for the
development of anticancer agents.

MAPKs are known to act as molecular switches and demonstrate at
least two conformations, which represent the catalytically active and
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Table 1

Score of different parameters of the hypotheses.
S. No. Hypothesis Survival Score Survival Inactive Site Vector Matches Activity Inactive
1. DDHRR.8 6.103 4.382 0.72 0.873 7 8.000 1.720
2. DDHRR.9 6.090 4.319 0.72 0.877 7 8.000 1.771
3. DDHRR.24 5.961 4.340 0.69 0.842 7 8.301 1.621
4. DDHRR.22 6.071 4.295 0.68 0.890 7 8.301 1.776
5. DDHRR.7 5.940 4.245 0.62 0.845 7 8.000 1.695
6. DDHRR.23 5.694 3.961 0.58 0.857 7 8.301 1.733
7. ADHRR.53 5.893 4.207 0.63 0.965 7 8.000 1.686
8. ADHRR.52 5.858 4.173 0.62 0.965 7 8.000 1.685
9. ADHRR.54 5.896 4.287 0.63 0.931 7 8.000 1.609

D: Donor; A: Acceptor; H: Hydrophobic; R: Aromatic ring.

inactive states of the enzyme. One of the necessities for MAPKs to be in
the active form is post-translational phosphorylation of key residues
present at the activation loop [6]. These kinases are activated by
phosphorylation on Thr and Tyr within a Thr-X-Tyr motif by a specific
upstream MAP kinase, where X is Pro, Glu and Gly for ERK, JNK and
p38, respectively. Since the Thr-X-Tyr motif is located on the surface
loop close to the active site, the loop is often termed the ‘phosphor-
ylation lip’ or ‘activation lip.’ Inactivation is brought about by the ac-
tion of phosphatases on the same motif [7].

Currently, ligand- and structure-based approaches as well as OR,
along with computational studies, are used as constructive tools for the
development of novel medicinal agents. Since the 1970s, there has been
tremendous growth in quantitative structure-activity relationship
(QSAR) studies in the field of medicinal chemistry. A mathematical
relationship linking chemical structure and pharmacological activity or
another property for a series of compounds in a quantitative manner is
the aim of QSAR [8,9]. Our group has already reported two such
computational studies recently [10,11]. Computational work on MAP
kinases are of great interest to researchers [12-14].

2. Materials and methods
2.1. Data set

The present in silico study utilised a set of 67 compounds containing
dibenzepinones, dibenzoxepines and benzosuberones from the avail-
able literature [15]. Compounds chosen for inclusion into the data were
assayed utilising a similar method [16]. The structures and potency
profiles of the compounds were found to have significant variations.
The data set was comprised of compounds having ICso values ranging
from 0.003 to 6.80 uM (pICsp: 8.523 to 5.167). These ICs, values were
converted into molar values. Utilising the following formula, these
values were further converted into pICsq values.

pICso = -logyo [1Csol

The builder panel in Maestro was used for generating the 3D
structures of ligands. Subsequently, optimisation was performed using
the Lig Prep module present in Schrodinger 2016-1, v3.1. Partial
atomic charges were attributed followed by the generation of ionisation
states around a pH of 7.0. Low energy conformers were generated using
the OPLS_2005 force field [17]. For every individual ligand, energy
minimisation was optimised until it achieved a root mean square de-
viation (RMSD) cut-off of 0.01 A. Finally, the resulting molecules were
available for modelling studies.

2.2. Pharmacophore 3D-QSAR modelling

For generating 3D-QSAR and the pharmacophore model for p38a
MAP kinase inhibitors, Phase (v4.6, Schrodinger 2016-1) was selected
[18,19].

The ligands thus prepared were taken for developing the

pharmacophore model panel of Phase with the corresponding biological
activity data. These ligands were allocated as active or inactive by
keeping a threshold pICs, in the range of 7.99 to 5.40. The remaining
molecules were considered to be moderately active. For flexible ligand
superposition, Phase (v4.0) has been recognised to be an important tool
[20,21]. Hence, flexible alignment of the selected p38a MAP kinase
inhibitors was done using Phase (v4.0) shape screening. Compound 48,
the most potent molecule, was taken as the template, while the default
setting was applied with pharmacophore type volume scoring. As per
the default settings, up to 100 conformers and a maximum of 10 con-
formations for each rotatable bond were generated. These conforma-
tions were varied and thus at most one alignment was retained for each
ligand. Random selection was performed, choosing the automated
random selection option available in the Phase (v4.0) module for as-
signing the training and test sets for 67 compounds. Twenty percent of
the compounds (13 compounds) were included in the test set whereas
the remaining 80% (54 compounds) were incorporated into the training
set. Certain default chemical features of Phase were included by phar-
macophore sites for these compounds: two hydrogen bond donors (D), a
hydrophobe (H) and two aromatic rings (R). Tolerance for pharmaco-
phore matching was assigned at 1 A. Sixteen variants were produced by
taking the maximum and minimum number of sites as 5 and 4, re-
spectively. At least 7 of the actives were matched. In total, 230 possible
combinations of features were finally obtained that could generate
common pharmacophores. The generated hypotheses were scored and
ranked in accordance with their vector, volume, survival scores, sur-
vival actives and site scores [18]. Table 1 represents the scores of dif-
ferent parameters of few top resulting hypothesis.

Five sites were found to be common in the generated hypotheses for
all selected compounds. Partial least square (PLS) regression statistics
were used for generating the 3D-QSAR model by keeping the grid
spacing of 1 A. A progressive increase in the statistical significance and
predictivity was adjusted to six PLS factors and hence this value was
taken as 6 for model development (Table 2).

Fig. 1a and b represent the distance and angles amongst various
sites of the model DDHRR.8, respectively. This is also shown in Table S1
and Table S2 of the Supplementary Material. The generated common
pharmacophore along with the aligned actives and inactives super-
imposed over it is represented in Fig. 2a and b. Evaluation of the fitness
score of all the ligands was done using the model DDHRR.8 (Table S3;
Supplementary Material). To identify the requirements of distinct
imperative pharmacophore at spatial sites of structure, contour plot
analysis was performed.

2.3. Model validation

The best pharmacophoric model characterised was the six-compo-
nent PLS factor QSAR model DDHRR.8. Model validation was measured
in terms of accuracy in the activity estimation of the ligands of the
training set. A significant linear correlation was observed in scatterplots
for the experimental and predicted activities of ligands. Only a marginal
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Table 2
PLS statistical parameters of the model DDHRR.8
PLS SD R? F P Stability RMSE Q? Pearson-R
1 0.7053 0.4842 48.8 5.201e-009 0.8324 0.5664 0.6243 0.7945
2 0.4561 0.7884 95 6.316e-018 0.6216 0.4161 0.7972 0.8967
3 0.3417 0.8836 126.5 2.4e-023 0.583 0.3156 0.8833 0.9423
4 0.2568 0.9356 177.9 1.594e-028 0.4868 0.2783 0.9093 0.9536
5 0.1957 0.9634 252.3 3.117e-033 0.4243 0.2152 0.9458 0.9727
6 0.1573 0.9768 330 1.144e-036 0.3836 0.215 0.9459 0.9726

SD: Standard deviation of regression, RZ Regression coefficient; F: Ratio of the model variance to the observed activity variance (variance ratio); P: Significance level
of variance ratio; Q% Cross validated correlation coefficient for the test set; RMSE: the RMS error in the test set predictions.

difference was found between the experimental and predicted values
(Fig. 3a and 3b). External validation was also employed in order to
ascertain the effectiveness of the model DDHRR.8. Same biological tests
were used for compounds of both the ‘internal’ training and test sets
and the ‘external’ test set. It is necessary to mention here that com-
pounds of the training and test sets share structural similarity, whereas
the external test set compounds belong to a separate publication. This is
to clearly differentiate between the test and the external test set utilised
in the study. Further reliability of the model was established by

performing this external validation. For the external training set com-
pounds, graphs of actual vs. predicted value and residual vs. predicted
value were plotted and are shown in Fig. S1 of the Supplementary
Material. The calculated pICs, values for these compounds are given in
Table S4 of the Supplementary Material.

Enalos model acceptability criteria KNIME node was utilised to test
the predictive power of the generated pharmacophore model [22,23].
This includes all tests reported earlier by Tropsha [24,25]. In generating
the predictors of activity/property, particularly in the case of

b

Fig. 1. Intersite (a) distances and (b) angles between the pharmacophoric points of model DDHRR.8. All distances are in A unit. Sky blue spheres with arrow,
hydrogen bond donor (D); orange open circle, aromatic ring (R); green sphere, hydrophobe (H). (For interpretation of the references to colour in this figure legend,

the reader is referred to the Web version of this article.)
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b

Fig. 2. (a) Mapping of the active compounds onto the pharmacophore. (b)
Mapping of inactive compounds onto the pharmacophore.

continuous QSAR, the conditions to be followed are presented as: (i)
coefficient of correlation R among the predicted and observed activ-
ities; (ii) determination coefficients (predicted versus observed activ-
ities R and observed versus predicted activities R’y> for regressions
through the origin); (iii) slopes k and k’ of the regression lines through
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Criterion Assessment Result
R"2 = 0.6 PASS R~2 =0.945
Rovext”2 = 0.5 PASS Rovext”2 = 0,945
RAZROMDRMZ < 0.1 PASS (R™ZRO-Z)RAZ = 0.004
RA2R0ADRAZ <01 PASS R42ZR0ADRA2 = 0.0
abs(RO~2RD"Z) < 0.1 PASS abs(RO~2-R'D"Z) = 0.003
0.85 <k < 1.15 PASS k =0.999
0.85 <k < 115 PASS E=10

Model Predictive

a

Feliable percentage equals 100.0% (13 out of 13]
Unreliable percentage equals 0.0% (0 out of 13)
[The limit is 0,056

b

Fig. 4. Screenshot of results obtained by (a) Enalos Model Acceptability
Criteria KNIME node for Tropsha's validation; (b) Enalos Domain- Leverage
node for Applicability Domain.

the origin. The left column of Fig. 4a and Table S5 of the Supple-
mentary Material represent the Tropsha parameters and their accep-
table ranges, whereas the right column depicts the obtained results.

In order to further validate the developed model, enrichment stu-
dies utilising the decoy test were incorporated into the workflow. The
generated model's predictive power was evaluated by a generic dataset
of 1000 drug-like molecules that constituted the decoy test set com-
pounds [26]. These ligand decoy sets are available for download from
the Schrodinger database. The decoy database was generated using the
Generate Phase database subapplication window of the Phase applica-
tion [19,27]. To ensure consistency of the selected model and accurate
ranking of the compounds, enrichment factor (EF) and robust initial
enhancement (RIE) were studied [28].

Moreover, in order to compute the statistical parameters for ex-
ternal validation, the Xternal Validation Plus 1.2 tool was employed.
The aforementioned tool was utilised (i) to evaluate the prediction
quality of a QSAR model based on the mean absolute error (MAE)
criterion [29] and (ii) to search for the presence of any bias in the
prediction errors of the test set compounds [30].
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Fig. 3. Scatter plot of the observed versus phase-predicted activity for (a) training set compounds with best fit line y = 0.98x + 0.16 (R* = 0.98) and (b) test set

compounds with best fit line y = 0.94x + 0.40 (R% = 0.95).
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2.4. Domain of applicability

The domain of applicability (APD) must be defined in order to
screen a QSAR model for any new compounds [25,31]. Compounds
falling into such a domain are considered eligible for prediction. One of
the simple approaches to determine this parameter is the extent of
extrapolation [25]. It depends on a calculation of the leverage (h;) for
every molecule, which utilises the quantitative structure-property re-
lationship (QSPR) model for the prediction of bioactivity.

2.5. Y-randomisation test

The robustness of a QSPR model is ensured using the Y-randomi-
sation technique [25,31]. To generate a new QSPR, the dependent
variable vector was randomly shuffled. The procedure was repeated
many times. The new QSPR model thus generated anticipated low R>
and Q? values upon shuffling. If the results are contrary to those ex-
pected, the obtained QSPR model cannot be accepted [32].

2.6. Molecular docking

The RCSB protein data bank was used to retrieve the catalytic
portion of the p38a MAP kinase complex with benzamide substituted
benzosuberone (PDB Id: 3UVP). Protein preparation was then per-
formed by the protein preparation wizard available in Schrédinger suite
2016-1 [33]. The crystallographic water molecules that were unable to
form a minimum of three hydrogen bonds were removed by the wizard.
With the addition of hydrogen bonds corresponding to pH 7, appro-
priate ionisation states for acidic and basic amino acid residues were
taken into consideration. Energy minimisation of the crystal structure
was performed by the OPLS_2005 force field [17]. The radii (15 ;\)
around the ligand in the crystal structure was defined as the active site,
at a centroid of which the grid box was generated. Conformers with
lower energy were docked into the active site of MAP kinase protein
(PDB Code: 3UVP) via grid-based ligand docking with Energetics (Glide
v7.0, Schrodinger 2016-1) [34,35] in the absence of any constraint in
extra precision mode. Parameters such as glide energy, glide score
function and glide E model energy were selected for the identification
of the best docked structure. Among the docked compounds, compound
48 was found to have more negative binding energy and was taken for
further study. For inhibitor 48, hydrophilic and hydrophobic field maps
were also generated.

2.7. Docking validation protocol

The accuracy of the obtained results was validated by extracting the
co-crystallised ligand from the ligand binding domain of the protein
and re-docking it into the same position. The lowest energy pose ob-
tained after re-docking and the co-crystallised ligand obtained through
X-ray crystallography in the protein used in the study were super-
imposed. Finally, the RMSD between the predicted conformation and
the observed X-ray crystallographic conformation was determined
[19,35,36].

2.8. Binding free energy calculation using the Prime/MM-GBSA approach

In order to minimise the energy of the docked poses, a local opti-
misation feature in Prime (Schrodinger 2016-1, v3.1) [37] was utilised
and the molecular mechanics-generalised born surface area (MM-GBSA)
continuum solvent model was used for computing the binding free
energies of the complex (Table S11, Supplementary Material). The
method includes the VSGB solvent model [38], the OPLS_2005 force
field [17] and rotamer search algorithms.
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2.9. Molecular dynamic simulations

Molecular dynamic (MD) simulations were carried out for the
docked complex with compound 48 using Desmond version 4.4
(Schrodinger suite). This protocol was followed for the drug-target
complexes, i.e. the compound 48-MAP kinase complex. The protein was
set in water for solvation using the TIP3P box. Following solvation,
charge neutralisation was carried out by the addition of Na* and Cl~
ions. Minimisation was carried out for the total box that contained
protein, water and ions for 2000 steps using the steepest descent al-
gorithm and then for 3000 steps using a conjugate gradient. The
structure was analysed for its stability and potential energy after the
completion of these steps. The total system was then equilibrated. MD
for 10 ns was run for the final equilibrated structure. The simulation
was performed under conditions of constant temperature and pressure.
The Martyna-Tobias-Klein scheme was used for pressure coupling. All
runs were performed at 300 K at a constant volume and temperature
with the NPT ensemble. The trajectory file was further analysed for
RMSD, root mean square fluctuation (RMSF), hydrogen-mediated
bonding interactions and van der Waals interactions.

3. Results
3.1. Pharmacophore and 3D-QSAR models

Development of the pharmacophore model was done in Schrodinger
2016-1, Phase (v4.0) module [18]. The effect of substituents on activity
was mainly revealed by atom-based 3D-QSAR. To develop a hypothesis,
maximum of five features were accepted depending on the site. Fur-
thermore, several common hypotheses were developed for all 67
compounds. The results of the top eight hypotheses are tabulated in
Table 1. The best fitted model DDHRR.8 (R* = 0.9768, Q® = 0.9459
and F = 330) featured two aromatic rings, two hydrogen bond donors,
one hydrophobic centre (Fig. 1a and b) and had a maximum survival
score of 6.103. The comparison made by deducing survival inactive
from survival active also made this evident. The inactive features were
removed from the hypothesis and were conclusively maximum for the
DDHRR.8. Intersite distances and angles between site points were es-
tablished as the major attributes amongst the pharmacophore features.
The alignment of pharmacophore hypothesis DDHRR.8 overactive
(pICsp > 7.99) (Fig. 2a) and inactive (pICso < 5.40) (Fig. 2b) com-
pounds confirmed the interstitial site distances to be the major point of
difference between the active and inactive compounds.

3.2. Model validation

Based on the active compounds, a cross-validation coefficient
(Q? = 0.9459) (Table 2) was determined to predict and validate the
common pharmacophore model, DDHRR.8 (test set). The regression
coefficient (R?) of the training set was found to be 0.9768, exhibiting
the relevance of the model. On a maximum scale of 1, the generated
model showed a stability value of 0.8324 and an F value of 330.
Moreover, a high degree of confidence on the model was attributed by
the P value of 1.144e-036 and Pearson's R of 0.9726. For the estimation
of unknown compounds in the test set, the generated model's stability
was indicated by the standard deviation (SD) value of 0.1573 and the
RMSE of 0.215.

To evaluate the efficacy of the generated model, further validation
was done using an external test set [39]. Table S3 (Supplementary
Material) represents the calculated pICs, values of the compounds
included in the predicted set. Table S4 (Supplementary Material)
displays the predicted values for the external test set. Fig. Sla (Sup-
plementary Material) shows the plot of experimental vs. predicted
pICso values of the external test set and the plot of residual vs. predicted
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values is presented in Fig. S1b (Supplementary Material). To de-
termine the predictive ability of QSAR, these two models are very im-
portant. To identify outliers from the QSAR model, scatter residual plots
were made [40]. No outlier was found in the study (supported by Fig.
S1b (Supplementary Material). Comparison of the number of com-
pounds taken in the test and number of dots present in the scatterplot
help in determining the presence or absence of outliers in the study.
Since in this case both the numbers were the same, the model was stable
and reliable. This also supports the experimental pICso values for the
compounds available in the external test set. For the external test set, a
predictive correlation coefficient R value of 0.90 was observed. A
QSAR model is considered good when the R? value is more than 0.5
among the predicted and experimental values and reflects its ability to
predict the inhibitory activity of compounds that were not included in
the development of the model [40,41].

Additionally, the Enalos model acceptability criteria KNIME node
was also used in the data. Tropsha's recommended tests [27] for de-
termining the predictive ability of a model exhibited positive results
and are presented in Fig. 4a. The results suggest that such alignment
can be efficiently taken into consideration in the ligand-receptor in-
teractions. Therefore, the generated QSAR model is considered reliable
and can be utilised for designing new p38 MAP kinase inhibitors within
this structural motif of compounds.

Furthermore, the model was screened against 1000 decoy molecules
based on the Schrodinger database to validate its discriminatory ability.
This model had ability to find all the active compounds present in a hit
list. In order to determine the significant contribution of active com-
pound ranking in the enrichment, robust initial enhancement (RIE) was
calculated for the generated model. The RIE value for DDHRR.8 was
found to be 10.84, which is a clear indication of the superiority of the
pharmacophore model ranking over random distribution.

In order to test the performance of the generated model, another
factor that is considered reliable is AUC of the ROC curve. DDHRR.8
exhibited a significant AUC value of 0.97 and ROC of 0.99 (Fig. S2 &
Tables S6-S9 of Supplementary Material).

On the basis of results obtained by MAE-based criteria, the predic-
tion quality of the model was found to be good. After removing 5% of
test set objects with high residual values, the MAE and MAE + 3*SD
values of the model were found to be 0.1513 and 0.481, respectively.
The model also passed the model biasness test. The systematic error or
bias in model predictions were found to be absent on analysing the
prediction errors of the test set compounds. The results of the statistical
parameters for external validation are summarised in Table S10 of the
Supplementary Material.

3.3. Domain of applicability

To check the reliability of model validation, we assessed the APD of
our model. In order to define the APD of the generated model, the
Enalos domain leverage (extent of extrapolation) node was included in
our procedure. Based on the equation provided in the Methods section,
the APD limit was defined as 0.231 in this method. As a result of the
APD assessment, none of the compounds were found to be outliers as all
the compounds fell within the range (Fig. 4b). Thus, all the compounds
were considered to be reliable as none of the compounds were outside
the domain of the applicability.

3.4. Y-randomisation test

The model was further validated using the Y-randomisation test.
Ten shuffles of the Y vector were made randomly. Values of R? and Q>
were found to be low. This revealed that the results obtained from the
original model were not because of structural dependency or chance
correlation in the training set. The R? values were found to be in the
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Fig. 5. QSAR model visualized in the context of favorable and unfavorable
hydrogen bond donor effects in (a) compound 48 (8.523) and (b) compound 66
(5.167). QSAR model visualized in the context of favorable and unfavorable
hydrophobic interactions in (¢) compound 48 (8.523) and (d) compound 66
(5.167). QSAR model visualized in the context of favorable and unfavorable
electron withdrawing groups in (e) compound 48 (8.523) and (f) compound 66
(5.167).

range of 0.04-0.375 and the Q? values were found to be between 0.00
and 0.12.

3.5. 3D-QSAR contour map analysis

The effect of spatial arrangement of some structural features like H-
bond donors and H-bond acceptors, as well as electrostatic, hydro-
phobic and ionic interactions on MAP kinase inhibitory activity was
evaluated by contour plot analysis in the 3D-QSAR study. The positive
and negative contribution of an individual feature is indicated by blue
and red cubes, respectively. Some of the most favorable and unfavor-
able interactions found through the QSAR model for the most active
and least active ligands are presented in Fig. 5a-f. The results of our
study and those reported by the researchers who have synthesised and
biologically evaluated these compounds were found to be in con-
cordance [15].

Several important components that impact the MAP kinase in-
hibitory activity, including the hydrogen-bond donor nature (Fig. 5a
and b), hydrophobic character (Fig. 5c and d) and electron withdrawing
group (Fig. 5e and f) were compared for the most active compound 48
(Fig. 5a, c, 5e) and the least active compound 66 (Fig. 5b, d, 5f). In all
the figures, regions favouring the aforementioned effects are indicated
by blue cubes and the regions that are unfavorable for the same are
represented by red cubes.

3.6. Molecular docking and binding free energy calculations using the
Prime/MM-GBSA approach

Molecular docking scores and free binding energies MM-GBSA [38],
a related post-scoring approach, for the MAP kinase (PDB ID: 3UVP)
enzyme were evaluated and are given in Table S11 (Supplementary
Material). Amongst 67 listed total scores, most of the compounds were
found to have a glide score in accordance with the pICsy values. This
was confirmed by the docking study showing that the interactions were
mainly dominated by hydrophobic and aromatic functionality because
of the presence of a phenyl ring and a thiophene moiety. Due to pro-
nounced presence of the active site in the region of the Lys 53, Glu 71,
Phe 169 and Asp 168 amino acid residues, most of the interactions were
found in that region (Fig. 6a and b). Amino acid residues Val 105, Ala
51, Val 52, Leu 104, Leu 86, Ile 146, Leu 74, Leu 75, Met 78, Phe 169,
Ile 84, Leu 167, Leu 108, Val 30 and Val 38 were found to be re-
sponsible for hydrophobic interactions (Fig. 6¢). This can be very easily
observed by the map analysis, generated by hydrophobic and hydro-
philic fields for inhibitor 48 (Fig. 7a), where the phenyl and thiophene
moieties are completely buried in the hydrophobic pocket (shown in
orange) while the atoms of the amide (oxygen and nitrogen), ketone
(oxygen) and halogen (fluorine) groups are present in the hydrophilic
pocket (shown in cyan). This was found to be in agreement with the 3D-
QSAR results where the hydrophobic R7 (thiophene moiety) and R8
(phenyl ring) pharmacophoric features of 48 were found to have a
positive impact on activity (Fig. 6¢). The sulphur atom of the thiophene
moiety was found to play a vital role in the stabilisation of the inhibitor
at the active site, as indicated by the results obtained by our Glide XP-
docking. Solvent exposure in the region of the suberone ring and Ser 32,
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Ser 37, His 107, Thr 106, Asn 155 and Ser 154 were responsible for
polar interactions of the molecule with the receptor. The compound
was also found to establish a hydrogen bond with the backbone of
amino acid Asp 168 and the side chain of Glu 71. A m-;t interaction
between the thiophene ring and Phe 169 was also seen. Additionally, a
salt bridge between the phenyl ring and Lys 53 was also formed (Fig. 6a
and b).

Fig. S3 of the Supplementary Material displays the binding pattern
and 2D ligand interaction diagram of the least active compound of
series (66). The compound was found to have polar interactions with
amino acid residue Thr 106. Hydrophobic interactions with the com-
pound were found with amino acid residues Val 30, Val 38, Leu 104,
Phe 169, Leu 74, Leu 75, Leu 167, Ile 84 and Ala 51. Asp 168 and Glu
71 were the residues responsible for negatively charged interactions.
Overall, the extent of interactions for the most active compound (48)
was much greater as compared to that exhibited by the least active
compound (66).

To estimate the free energy of binding for the best-docked com-
plexes from Docking, Prime/molecular mechanics generalised born
surface area (Prime/MM-GBSA) calculations were applied. The MM-
GBSA calculations inferred compound 48 with a binding free energy of
—89kcal/mol, found to have the most profound inhibitory nature
among all the compounds interacting with MAP kinase.

3.7. Docking validation protocol

Furthermore, the docking procedure's accuracy was ascertained by
investigating the closeness of the minimum energy poses (binding
conformation) which was produced by object scoring functions and the
glide score (G score), which bear a resemblance to the one determined
through X-ray crystallography. A root mean square deviation (RMSD) of
0.356 A was found between the predicted and the observed X-ray
crystallographic conformation of the co-crystallised ligand (benzamide
substituted benzosuberone) (PDB Code: 3UVP) (Fig. 6d). The RMSD
value thus obtained experimentally is suggestive of the reliability of
glide XP docking mode in reproducing the observed binding pattern of
MAP kinase inhibitors. Moreover, the superposition of the best XP
docking pose conformation of 25 and 3D-QSAR pose exhibited a similar
orientation with an RMSD value of 0.090 A (Fig. 7b).

3.8. Molecular dynamics simulation

Upon the procurement of trajectories, the structural deviations of
the complexes in terms of RMSD, RMSF and other parameters were
investigated during the course of 10 ns simulation trajectories. Stability
of the protein-ligand complex was also gauged during the 10 ns simu-
lation trajectories. The RMSD of the protein Ca-backbone from its
starting position increased to 2.1 A for the first 3 ns of the trajectory and
then became stable around 1.5 A in the last 7 ns of the simulation.
Deviations converged after a simulation time of 3 ns, indicating 0.7 A of
deviation, thus imparting stability to compound, as shown in Fig. 8.

As evident from the histograms and plots shown in Fig. 9, residues
like Glu 71, Met 109, Gly 110 and Asp 168 play important roles in p38
MAPK regulation. The interaction fractions of the mentioned amino
acid residues were 0.6, 0.9 and 1.0, respectively. Residues like Glu 71,
Met 109, Gly 110 and Asp 168 showed hydrogen bonding interactions,
while Val 30, Val 38, Ala 51, Lys 53, Leu 74, Leu 75, Ile 84, Leu 108, Ala
157, Leu 167, Leu 167 and Phe 169 showed hydrophobic intercations at
the active site pocket of MAP kinase.

As depicted in Fig. 10, the RMSD of the ligand in the binding pocket
of MAPK fluctuated between 0.4 and 1.2 A, inferring its stability with
p38 MAPK. In the context of other ligand properties, the solvent ac-
cessible surface area (SASA) of the solvent molecule (water) was found
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Fig. 6. (a) Binding mode of compound 48 in the catalytic pocket of 3UVP (b) 2D-ligand interaction diagram of 48 in the catalytic pocket of 3UVP (c¢) Hydrophobic
interactions of 48 in the catalytic pocket of 3UVP (d) Overlay of docked pose (magenta) of Benzamide Substituted Benzosuberone with its crystal structure
conformation (green). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 7. (a) Map of hydrophobic and hydrophilic fields for inhibitor 48 into the
catalytic pocket of protein MAP kinase (3UVP).(b)Superimposition of con-
formations of inhibitor 48: best docking pose and pose of the DDHRR.8 model
(RMSD: 0.090 A).

to be 120 (Az). The molecular surface area (MSA) having a 1.4 probe
radius was calculated. The polar surface area (PSA), i.e. solvent ac-
cessible by solvent molecule contributed by O and N atoms only was
found to be 95 (A%) and the rGyr of compound 48 in the binding pocket
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of MAP kinase fluctuated between 5.05 and 5.15 A. Properties like MSA
and rGyr remained consistent up to 10 ns and indicated the steady
behaviour of the ligand.

4. Discussion

Cancer is a major public health problem worldwide and is one of the
leading causes of death globally. In the United States, it has been pro-
jected that, in 2019, 1,762,450 new cancer cases and 606,880 cancer
deaths will occur [42]. MAP kinases regulate an extensive variety of
cellular behaviours in response to extracellular stimuli. p38 MAP Kki-
nases are associated with an array of complex biological processes, like
cell differentiation, cell proliferation, cell migration, cell death and
invasion. p38 MAPK dysregulation may lead to reduced survival and
advanced disease in cancer patients [43].

The present study performed 3D-QSAR studies and pharmacophore
generation for a series of dibenzepinones, dibenzoxepines and benzo-
suberones based on p38a MAP kinase inhibitors. Our research group
has reported such similar QSAR studies for compounds targeting EGFR
and tubulin [10,11]. Apart from our research group, several other re-
searchers across the globe are involved in such studies. The Patel group
developed a structure-activity correlation model using 3D-QSAR,
pharmacophore and docking studies for combretastatin A-4 based
thiophene derivatives [44]. Almerico et al. performed 3D-QSAR,
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Fig. 9. Hydrogen and Hydrophobic Interactions of compound 48 from simu-
lation trajectory.

pharmacophore modelling and in silico screening for novel BCl-xl in-
hibitors [45]. Palakurti and Vadrevu conducted pharmacophore-based
3D-QSAR modelling, virtual screening and docking for identification of
potential inhibitors of (-secretase [46]. Several other studies relating
3D-QSAR, pharmacophore generation and molecular docking are
available in the literature [47-49].

Several research groups have also performed QSAR studies on p38a
MAP kinase inhibitors [50]. Pourbasheer et al. predicted QSAR for a
series of novel pyrazole derivatives inhibiting p38a MAP kinase [51].
The Chang group also performed 3D-QSAR, comparative molecular
field analysis (CoOMFA) and comparative molecular similarity index
analysis (CoMSIA) for 4-benzoyl-5-aminopyrazole derivatives. All these
studies were carried out to identify the structural requirements for the
development of new p38a MAP kinase inhibitors [52]. Various other
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research groups have also reported similar 3D-QSAR studies for a
number of structurally diverse p38a MAP kinase inhibitors [53-55].

It is worth mentioning here that, before our study, no research
group has reported targeting p38a MAP kinase with dibenzepinone,
dibenzoxepine and benzosuberone groups. The pharmacophore model
generated by our group exhibited good statistical correlation values like
R? and Q2. The reason for this good statistical correlation was the broad
range of activity of the compounds that were chosen for generating the
pharmacophore model. In order to assign the compounds to the training
test set, compounds were selected from the complete range of activity.
This was done to have compounds with significant diversity in activity.
However, while developing the model, both activity and structural di-
versity were taken into consideration. Structural diversity is depicted by
the different classes of compounds (dibenzepinone, dibenzoxepine and
benzosuberone) included for model generation.

Furthermore, the developed model passed all the validation tests
that are considered mandatory for a model to be reliable. These tests
include external validation, Tropsha's test for predictive ability, the Y-
randomisation test and domain of applicability (APD). The decoy test
and ROC analysis were also performed to check the restrictivity of the
model with inactive compounds by enrichment studies. Hence, our
model can be considered a useful tool for the prediction of novel
compounds.

5. Conclusion

In the present study, the structural basis and inhibitory mechanism
was evaluated for certain MAP kinase inhibitors using a combined
computational approach. In order to obtain insight into the structure-
activity relationship, 3D-QSAR modelling was carried out. DDHRR.8, a
model generated using atom-based 3D-QSAR, provided a good corre-
lation and predictive power, thereby leading to a satisfactory agree-
ment between experimental and theoretical results. Validation of the
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Fig. 10. Ligand Properties in terms of PSA, SASA and rGYR proving stablity of compound 48

generated model was also done using a certain number of tests, leading
to further strengthening of the predictive power of the model.
Additionally, molecular docking and dynamic studies were performed
to identify the plausible binding poses of these inhibitors in the MAP
kinase protein. These findings may be of immense importance in an-
ticancer drug development, particularly for dibenzepinone-, dibenzox-
epine- and benzosuberone-based p38a MAP kinase inhibitors.
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