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To provide a new idea for drug design, a computational investigation is performed on chymase and
its novel 1,4-diazepane-2,5-diones inhibitors that
explores the crucial molecular features contributing to binding specificity. Molecular docking studies of inhibitors within the active site of chymase
were carried out to rationalize the inhibitory properties of these compounds and understand their
inhibition mechanism. The density functional theory method was used to optimize molecular structures with the subsequent analysis of highest
occupied molecular orbital, lowest unoccupied
molecular orbital, and molecular electrostatic
potential maps, which revealed that negative
potentials near 1,4-diazepane-2,5-diones ring are
essential for effective binding of inhibitors at
active site of enzyme. The Bayesian model with
receiver operating curve statistic of 0.82 also
identified arylsulfonyl and aminocarbonyl as the
molecular features favoring and not favoring inhibition of chymase, respectively. Moreover, genetic
function approximation was applied to construct
3D quantitative structure–activity relationships
models. Two models (genetic function approximation model 1 r2 = 0.812 and genetic function
approximation model 2 r2 = 0.783) performed better in terms of correlation coefficients and crossvalidation analysis. In general, this study is used
as example to illustrate how combinational use of
2D ⁄ 3D quantitative structure–activity relationships modeling techniques, molecular docking,
frontier molecular orbital density fields (highest
occupied molecular orbital and lowest unoccupied
molecular orbital), and molecular electrostatic
potential analysis may be useful to gain an insight
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into the binding mechanism between enzyme and
its inhibitors.
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Assessing ligand orientation and the strength of ligand…receptor
interactions is befitted as an essential component of modern drug discovery and prolific approaches, and programs are available to model
ligand at the respective active site. In the course of investigating
ligand binding, acquiring the best conformation and orientation of the
ligand in the binding pocket along with the accurate estimates (or
score) of binding affinities (generally referred to as the 'docking problem') are normally distinguished as the major tasks (1). As interactions
between molecules are the consequence of their stereoelectronic
properties that govern strength of bonds, strength of non-bonded
interactions, and molecular reactivity, therefore, analysis of molecular
electronic features such as electron density, frontier molecular orbital
density fields such as lowest unoccupied molecular orbital (LUMO),
highest occupied molecular orbital (HOMO), and molecular electrostatic map (MEP) is quite significant to elucidate the orientation and
the strength of ligand–receptor interactions (2,3). Exploration of electronic features also plays an imperative role in divulging the relationship between biological activity and electronic molecular properties
of inhibitors (4). For instance, the HOMO density field was useful in a
study of angiotensin-converting enzyme (ACE) inhibitors, and LUMO
density field was found to be important for explaining the TA100
mutagenicity (5,6). The mapping of the electrostatic potential is an
established technique for investigation of biologically active compounds and constitutes a vital element of a 3D quantitative structure–activity relationships (QSAR). The QSAR as one of the most
important areas in computational drug design gives information that
is useful for drug discovery and medicinal chemistry. Moreover, QSAR
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study is a helpful approach to quantitatively understand the relationships between molecular structures of inhibitors and their biological
activities (7,8). Therefore, a computational strategy combining 2D ⁄ 3D
QSAR modeling techniques along with molecular docking and quantum chemical methodologies is a good endeavor to gain an insight
into the interactions between active site of the enzyme and ligands
and to explain the associations involving molecular biological activities of ligands.
The renin–angiotensin system or the renin–angiotensin–aldosterone
system is a hormone system that regulates blood pressure and
water (fluid) balance. Angiotensin-II (Ang-II) is the major effector
hormone of this system. The octapeptide hormone, Ang-II, targets
human heart and plays an important role in vascular proliferation,
hypertension, and atherosclerosis (8). Conversion of angiotensin-I
(Ang-I) to Ang-II is catalyzed by well-known enzyme (ACE), which is
a metalloproteinase with dipeptidyl carboxypeptidase activity. However, chymase (EC 3.4.21.39), which is a chymotrypsin-like enzyme
expressed in the secretory granule of mast cells, also catalyzes the
production of Ang-II in vascular tissues even when ACE is blocked
(Figure 1). Chymase converts Ang-I to Ang-II with greater efficiency
and selectivity than ACE (9). The rate of this conversion by chymase
is approximately fourfold higher than ACE. To generate Ang-II,
human chymase cleaves the Ang-I at Phe8-His9 peptide bond.
Chymase shows enzymatic activity immediately after its release into
the interstitial tissues at pH 7.4 following various stimuli in tissues.
As chymase has no enzymatic activity in normal tissues, chymase
inhibitors have the potential to be safe ⁄ non-toxic, because specific
chymase inhibitors may not have effects on any other targets in
normal tissues (10). Chymase also converts precursors of transforming growth factor-b (TGF-b) and matrix metalloproteinase (MMP)-9
to their active forms, thus contributing to vascular response to
injury (Figure 1). Both TGF-b and MMP-9 are involved in tissue
inflammation and fibrosis, resulting in organ damage (11). Previous
studies have demonstrated the involvement of chymase in the escalation of dermatitis and chronic inflammation pursuing cardiac and
pulmonary fibrosis (12). Therefore, inhibition of chymase is likely to
facilitate the treatment of cardiovascular diseases, allergic inflammation, and fibrotic disorders. Chymase inhibition may also be useful for preventing the progression of type 2 diabetes, along with
the prevention of diabetic retinopathy (13). Moreover, role of chymase in inflammation has prompted its restorative value in diseases
such as chronic obstructive pulmonary disease and asthma (14).
Human chymase is folded into 2-six-stranded b-barrels, which are
connected by three trans-domain segments as illustrated in Fig-

Figure 1: Chymase-dependent conversion of angiotensin I to
angiotensin II and precursors of transforming growth factor (TGF)-b
and matrix metalloproteinase (MMP)-9 to their active forms.
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ure S1. Additional regular secondary structure elements are a helical loop between residues 56 and 59, an irregular 'intermediate'
helix involving residues 165–173, and a long C-terminal helix
stretching from Tyr234 to Asn245. In human chymase, the inhibitor
binding region is defined by residues Lys40, His57, Tyr94, Asn95,
Thr96, Leu99, Asp102, Ala190, Phe191, Lys192, Gly193, Ser195,
Val213, Ser214, Tyr215, Gly216, and Arg217 (Figure S1). The region
is mostly polar because of main chain carbonyls that are arranged
along the surface of the region. In general, chymase inhibitors readily decompose in plasma; thus, the stability of the chymase inhibitors in human plasma has always been a matter of great concern.
For a drug candidate, it is essential to enhance the stability of the
active compound in human plasma. Consequently, there is always a
dire need to search for more stable inhibitors with high activity
against human chymase. Several chymase inhibitors such as sulfonyl fluoride derivatives(15), Boc-Val-Pro-Phe-CO2Me(16), Z-Ile-GluPro-Phe-CO2Me (Z is benzyloxycarbonyl), (F)-Phe-COGlu-Asp-ArgOMe
(17), N-(2-Naphthyl) carboxamido derivatives (18), N-[2,2-dimethyl-3(N-(4-cyanobenzoyl)amino)nonanoyl]-L-phenylalanine ethyl ester (19),
3-benzylazetidine-2-one derivatives (20), 1,3-diazetidine-2,4-dione
derivatives (21), methyllinderone derivatives (22), chloromethyl ketone derivatives (23), 1-oxacephem derivatives (24), and 3-(phenylsulfonyl)-1-phenylimidazolidine-2,4-dione derivatives (25) have been
reported previously. Various QSAR studies for chymase inhibitors
have been performed. The QSAR analysis of anhydride-type chymase inhibitors showed that aromatic substituents played an important role in determining the inhibitory potency of the compounds
(26). Moreover, Hayashi et al. (23) showed that introduction of various substituents in chloromethyl ketone derivatives resulted in variation in their activity against human chymase.
The present group of authors have developed 1,4-diazepane-2,5-diones derivatives as novel classes of chymase inhibitors that are
potent, stable, and orally active with high selectivity and efficacy
(27,28). Although this series of compounds have been developed
using classical and intuitive medicinal chemistry approaches, little
information is available about the structure–activity relationship
(SAR) of these compounds. As the number of active compounds in a
series increases, formulation of useful SAR data becomes increasingly difficult (29). Moreover, the molecular mechanism by which
these compounds act still remains unclear. The main goal of the
study presented below is to develop QSAR models and to explore
the key molecular features influencing the protein–ligand binding
and interaction for 1,4-diazepane-2,5-diones derivatives using molecular docking, advanced quantum chemistry techniques, and 2D ⁄ 3D
QSAR molecular modeling approaches. In first phase of current
research exertion, the docking method was employed to generate
models of the 3D bioactive conformations of inhibitors that served
as the initial input structures for further geometric optimization with
the density functional theory (DFT). Based on quantum chemical calculations, maps for frontier molecular orbital density fields (HOMO
and LUMO) and MEP were calculated and produced. These precise
quantum chemical descriptors along with docking poses were used
to analyze electronic structure of the ligands and the binding interactions between ligands and the key active site residues of chymase.
In next phase, 2D and 3D QSAR models were developed to explore
the dependence of inhibitory activities of 1,4-diazepane-2,5-diones
derivatives upon various physiochemical properties using Bayesian
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modeling and genetic function approximation (GFA) modeling
approaches. For the identification of the regions in inhibitors that
were likely important for chymase inhibition as well as substructures
that were associated with less-active inhibitors, a Bayesian model
with 2D molecular descriptors was developed. Furthermore, GFA
models were constructed using molecular docking parameters (external van der Waals, internal van der Waals, and external hydrogenbonding interactions) along with DFT-based parameters and other 2D
and 3D physiochemical properties of inhibitors. The results of this
study are expected to be useful for understanding the molecular
mechanism by which these compounds act and can be further
utilized to guide the design of compounds with better antichymase
activity by rational modification.

Methods and Materials
Data set
To a great extent, the bioactivity of a ligand against a receptor relies
on its binding tropism, which primarily depends on the structurally
steric orientation and the electrostatic property. It is customary that
small structural difference may give rise to great biological diversity.
Therefore, based on structural diversity and wide biological activity
range, chymase inhibitors, 15 from 6-benzyl substituted 4-aminocarbonyl-1,4-diazepane-2,5-diones, and 20 inhibitors from 6-substituted
4-arylsulfonyl-1,4-diazepane-2,5-diones were selected. Thus, data set
employed in this study consists of 35 compounds, and 2D chemical
structures of these compounds are depicted in Figure 2.

top-scoring conformations of every ligand were saved. Early termination option was applied to pass over the genetic optimization calculation when any five conformations of a particular compound
were envisaged within an RMS deviation value of 1.5 . The GOLD
fitness score is calculated from the contributions of hydrogen bond
and van der Waals interactions between the protein and ligand,
intramolecular hydrogen bonds, and strains of the ligand. The protein–ligand interactions were examined by DS.

Density functional theory calculations
The best-scoring poses of each ligand generated with docking were
used as input for DFT calculations. All DFT computations were carried out using the Gaussian 03 suite of programs. Hybrid Becke's
three-parameter exchange potential and the Lee–Yang–Parr correlation functional (B3LYP) method were employed to optimize the
geometries of chymase inhibitors at 6-31G* level within the selfconsistent fields (36).

Molecular electrostatic potential calculations
Molecular electrostatic potential (MEP) is widely used in characterizing molecules, especially for biomolecules, and takes special
effect in the biomolecular recognition and in the prediction of the
functional sites (37,38). The electrostatic potential, V(r), that the
electrons and nuclei of a molecule create at each point r in the surrounding space is given by
VðrÞ ¼

Molecular docking
Docking plays a significant role in the prediction of the binding orientation, affinity, and activity of small molecule drug candidates to
their protein targets with known 3D structures. Hence docking
serves as an important tool in the rational computer-assisted drug
design (30,31). The 3D ligand structures were downloaded from
public database [i.e., the BindingDB (http://www.bindingdb.org) (32).
For all the compounds in our data set, energy minimization process
was performed with CHARMm Forcefield option as available in Accelrys Discovery Studio v2.5 (DS), Accelrys, San Diego, USA using
Smart Minimizer protocol. This protocol performs 1000 steps of
Steepest Descent with a RMS gradient tolerance of 3, followed by
conjugate gradient minimization. Compounds with minimum energy
served as the input structures for docking using GOLD 5.0.1 (Genetic
Optimization for Ligand Docking) program (33,34). The GOLD 5.0.1
from Cambridge Crystallographic Data center, UK, uses a genetic
algorithm for docking ligands into protein binding sites to explore
the full range of ligand conformational flexibility with partial flexibility of protein (35). Molecular docking was performed to generate
the models of bioactive binding poses of inhibitors in the active site
of enzyme. Protein co-ordinates from the crystal structure of chymase co-crystallized with b-ketophosphonate (protein data bank (PDB)
ID: 1T31), determined at a resolution of 1.9 , were used to define
the active site (14). All the water molecules present in the protein
were removed, and hydrogen atoms were added using CHRAMM22
force field as available in DS. The active site was defined with a
10- radius around the geometric center of the ligand present in
the crystal structure. At the end of the computation, the 10
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where ZA is charge on nucleus A, located at RA, and q (r) is the
electronic density function of the molecule. The potential, V(r), is a
real physical property determined computationally. The regions
where V(r) is negative, the contribution of the electrons predominates, and for the positive valued regions, depletion of the charge
is observed. For the MEP calculations, we define the surface in
terms of a molecular property, namely the total electronic density
function. This surface easily provides the set of points needed, and
a color mapping of the electrostatic potential at this surface provides a highly informative visualization in chemical studies. In particular, this color-coded depiction of the molecular anatomy provides
more information on the reactive potential of a molecule. In this
work, the electrostatic properties are calculated using DFT at the
B3LYP ⁄ 6-31G* level. The formatted checkpoint files of the compounds generated by the geometric optimization computation were
used as input for CUBEGEN program interfaced with Gaussian 03 program to compute the MEP. The MEP isopotential surfaces were produced and superimposed onto the total electron density surface
(0.0004 e ⁄ au3). The electrostatic potential of the whole molecule is
finally obtained by superimposing the electrostatic potentials upon
the total electron density surface of the compound.

2D and 3D QSAR models building
Quantitative structure–activity relationship (QSAR) analysis refers to
methods for developing mathematical relationships between biological activity and computed (or measured) properties. For this
Chem Biol Drug Des 2012; 80: 862–875
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Figure 2: Two-dimensional chemical structures of 1,4-diazepane-2,5-diones with their anti-chymase bioactivities used in the present study.
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research exertion, QSAR models were generated by applying following two QSAR approaches.

Bayesian model development
A Bayesian model incorporated with 2D descriptors (molecular
function class fingerprints of maximum diameter 6 (FCFP_6), AlogP,
molecular weight, number of hydrogen bond acceptors, number of
hydrogen bond donors, number of rotatable bonds, number of
rings, number of aromatic rings, and molecular fractional polar
surface area) was generated using DS. For Bayesian model generation, a training set of 15 compounds labeled as 1,2,4,6,12,14,
15,19,22,24,25,27,31,32,34 assimilating biological and chemical diversity was developed. The 'Create Bayesian Model' protocol
was used for model generation. A leave-one-out (LOO) cross-validation receiver operating curve (ROC) was obtained for the validation of the generated Bayesian model. Generation of model lead
to the identification of good and bad molecular features favoring
inhibition and not favoring inhibition, respectively, of training set
compounds.

Genetic function approximation models
development
Genetic function approximation was employed to search for the
best possible QSAR regression equation capable of correlating the
variations in biological activities of the compounds with variations
in the generated descriptors (39). Genetic function approximation is
performed as follows: (i) An initial population of equations is generated by random choice of descriptors. The 'fitness' of each initial
equation for calculating an activity index over the training data set
is scored by using Friedman's lack-of-fit (LOF) measure:

To obtain GFA models, pIC50 of the compounds was employed as
dependent variable. Various physiochemical properties of the compounds were designated as descriptors utilized for QSAR construction. The ligand's physiochemical properties incorporate 2D (AlogP,
Surface Area and volume descriptors such as Molecular_FractionalPolarSASA, Molecular_PolarSurfaceArea, and Molecular_PolarSASA,
etc., topological descriptors such as BIC,CHI_0,CHI_3_P, CIC, IAC_Mean, IAC_Total, IC and E_DIST_equ, etc.) and 3D (Dipole, Jurs
descriptors, shadowindices andMolecular_Volume, etc.) parameters.
All the definition of the descriptors can be seen in the Help Topics
of DS software, and they were computed by QSAR protocol of DS
(23). Moreover, docking parameters that constitute external H-bonding, external van der Waals interaction, and internal van der Waals
interaction were also used along with quantum mechanical descriptors (HOMO and LUMO) as independent variables for the formation
of GFA models. The selection of the derivatives in the training set
was made according to the structure and the scale of the biological
action, so that representatives of a wide range of structures (in
terms of the different substituents, atoms, and action) were
included. According to Golbraikh and Tropsha, this approach is correct as representative points of the test set must be close to those
of training set and vice versa (41). As the predictability of a QSAR
model is best judged by the external validation using a test set
compounds, the data set was divided into training and test sets.
Training set included compounds labeled as 1,2,4,6,12,14,15,
19,22,24,25,27,31,32, and 34. We adopted multiple validation
strategies like LOO cross-validation and external validation. The predictive ability of the models was estimated from the prediction of
the chymase inhibitory activity of a test set of 12 compounds
including 5,7,8,9,10,11,13,18,20,26,29,35.

Results and Discussion
LOF ¼ LSE=f1  ðc þ d  pÞ=m g2
where LSE is the least-squares error (calculated from the difference between actual and calculated values for the activity index
over data set), c is the number of basis functions in the model, d is
a smoothing parameter that controls the number of terms in the
model equation (a larger value of d leads to fewer terms), p is the
number of features contained in all terms of the model, and m is
the number of samples (compounds) in the training set. The LOF
measure penalizes appropriately for the addition of terms to the
equation (and consequent loss of degrees of freedom) in such a
way as to resist overfitting. (ii) pairs from the population of equations are chosen at random and 'crossovers' are performed and
progeny equations are generated; (iii) The fitness of the progeny
equation is assessed by calculating the LOF measure. (vi) If the fitness of new progeny equation is better, then it is preserved. The
models with proper balance of all statistical terms are used to
explain variance in the biological activity. A distinctive feature of
GFA is that it produces a population of models (e.g., 100), instead
of generating a single model, as do most other statistical methods.
The range of variations in this population gives added information
on the quality of fit and importance of the descriptors. Because of
additional information about the models, this algorithm produces
superior models in comparison with traditional stepwise or similar
techniques (40).
866

Molecular docking
The docking procedure proposes energetically favorable conformations and orientations of ligands in the binding pocket of a protein
and predicts key interactions. In this study, docking analysis is performed to predict binding conformations and to define which residues and which types of interactions are involved in the binding of
the ligands.

Validation of ligand binding mode
The docking investigation has been performed with GOLD 5.0.1.
Molecular docking program GOLD has been validated for a large
number of protein complexes and performed better for most of the
proteins. However, it also did poor for many protein–ligand complexes. Thus, a validation process is executed to verify whether or
not GOLD can perform better for chymase by docking an inhibitor
molecule for which the binding conformation is identified crystallographically. Crystal structure with the PDB code 1T31 bound with
an inhibitor molecule was selected as receptor, and the active site
was defined with a 10- radius around the ligand present in the
crystal structure. The top conformation predicted by GOLD program
was very close to the crystal structure–bound conformation. The
root mean square deviation (RMSD) between the docked pose and
its bound conformation in the crystal structure is 0.76 , indicating
Chem Biol Drug Des 2012; 80: 862–875
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that GOLD was able to reproduce correct pose (Figure 3). Docking
experiments were further performed with crystal structures of chymase including 3N7O and 3SON. Comparison of the docked pose and
the crystallographic mode was performed for both structures. The
RMSD values between the docked pose and its bound conformation
for 3N7O and 3SON are 0.53 and 0.81 , respectively, thus indicating that GOLD performed well for chymase. The top and side views
of the docked poses of the ligands and their bound conformations
in the crystal structures are illustrated in Figure S2. After this validation, all of the 35 inhibitors of chymase in the data set were
docked into the X-ray crystallographic structure of human chymase
coded as 1T31 in PDB, and the 10 top-scoring conformations of
every inhibitor are saved. All of the inhibitors in the study were
docked using the same method, and their interactions were analyzed. Only the interactions of selected most-, mid-, and least-active
inhibitors are discussed in detail. The orientation and important
interactions of the most-active inhibitors, 2, 4, and 16, with the
key residues within the active site of chymase are shown in Figure 4. In compound 2, various hydrogen bonds between the carbonyl oxygen of the 7-membered 1,4-diazepane-2,5-diones ring
system and Gly193 and Ser195 residues of the active site are
formed. Previous studies of chymase have also divulged the importance of Gly193 and Ser195 as key amino acids in active site region
of the enzyme (14,18). Benzenesulfonyl chloride group of compound
2 is fully enclosed by the residues of the S1 pocket and capped
with the side chain of Phe191. This placement leads to p–r interaction between the r system of Phe191 and the benzene ring of
benzenesulfonyl chloride group in compound 2. The binding is further stabilized by the p–p interaction between His57 and benzene
ring of the 1-chloro-4-methoxybenzene group in an oscillating manner. Along with diverse hydrogen-bonding contacts, presence of p–
p and p–r interactions in compound 2 appears to have a significant role in its activity. Docking analysis of compound 4 revealed
that benzenesulfonyl chloride group was placed in oxyanion hole

formed by Ser195 and Gly193 amino acids. The oxygen atoms of
sulfonyl formed hydrogen bond interactions with hydroxy of Ser195
and amide NH of Gly193, while carbonyl oxygen of 7-membered
ring in compound 4 showed hydrogen bond contacts with amino
acids of the hydrophobic S1` pocket of enzyme. Such kinds of interactions of inhibitors with the active site were also revealed in a 3D
QSAR model for chymase (42). Compound 16 showed important
interactions between the Ser195 and Lys192 residues of the active
site through 1-chloro-4-methoxybenzene group and carbonyl oxygen
of the 1,4-diazepane-2,5-diones ring. Substitution of less electron–
withdrawing aminocarbonyl group on the 4-position of the 1,4diazepane-2,5-dione scaffold lead to the formation of mid-active
compounds 25 and 27. The binding conformation of mid-active
compound 25 was rather different from the binding conformations
of other most-active compounds. It exhibited hydrogen bond interactions
between halogen-substituted benzene group and Ser195. Substitution
of halogen at C5 was mainly interpreted as space filler. However,
the role of halogen at C5 can be seen as the stabilizing factor in
the molecular recognition. The halogen here is not just space filler
but is involved in polar interactions. In addition to the conventional
or strong hydrogen bonds, electrostatic p… + interactions between
benzene ring of compound 25 and highly basic Arg143 amino acid,
acting in concert, made a contribution to the binding specificity of
the ligand in the active site. Inspection of binding conformation of
mid-active compound 27 exposed the presence of various hydrogen
bond interactions with the key active site residues. Carbonyl oxygen
of 7-membered ring exhibited hydrogen bonding with amide of
Gly193. Moreover, compound 27 also made close contacts that lead
to the important ligand–enzyme interaction such as hydrogen-bonding interactions with Ser195 and hydrophobic interactions with
His57 amino acid in the active site of the enzyme. The orientations
of the least-active compounds, 34 and 35, are almost similar to
that of most-active and mid-active compounds. However, no good
coordination was achieved for the case of the least-active compounds; only two hydrogen bonds are present when compared with
most-active compounds, as shown in Figure 4. In addition, the
absence of favorable electrostatic interactions is also probably part
of the reason for their low activity.

Density functional theory calculations
Electronic structure
This part of Results section contains the electronic structure
description for investigated compounds. The outline of this part is
as follows: first, the electron density and electrostatic potential distribution are analyzed using isosurface maps. Next, plots of quantum chemical descriptors such as LUMO and HOMO are analyzed to
show the bonding and atomic charges distribution.

Figure 3: Overlay of the docked pose (grey) of inhibitor with its
crystal structure conformation (yellow). Hydrogen atoms are
removed for clarity.
Chem Biol Drug Des 2012; 80: 862–875

Molecular electrostatic potential profiles
Molecular electrostatic potential mapping is an established technique in the investigation of the molecular structure with its physiochemical property relationships. The MEP is very important for
bioactive compounds, because it plays a key role in the initial steps
of ligand–receptor interactions. The MEP varies in its magnitude
within the space occupied by a molecule. This is seen from the
867
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Figure 4: Molecular docking results. The binding modes and molecular interactions of most-active 2 (A), 4 (B), 16 (C), mid-active 25 (D),
27 (E), and least-active compounds 32 (F), 34 (G), 35 (H). The key active site residues and inhibitors are shown in stick and ball-stick forms,
respectively. The hydrogen bonds between protein and inhibitors are shown in green dashed lines. Hydrogen atoms are removed for clarity.
results of computation of the electrostatic potential on a defined
set of points surrounding the molecule. We can, thus, compute
electrostatic potential on the three-dimensional molecular surface.
The electron density is represented by the nature and intensity of
color. The red color corresponds to high accumulation of charge,
that is, the negatively charged region, and the blue color corresponds to charge depletion, that is, the positively charged region.
The green color corresponds to the neutral regions. The 3D isosurface maps of MEP for all compounds were interpolated on the electron density surfaces of constant electron charge density
(0.0004 e ⁄ au3.).
The 3D MEP plots of the most-active and mid-active compounds, 2,
4, 16 and 25, 27, respectively, along with least-active compounds,
32, 34, and 35, are illustrated in Figure 5. The results show that
all most-active compounds share specific electronic properties and
are different from least-active ⁄ mid-active compounds. The MEP
plotted onto constant electron density surface for all most-active
compounds showed the most electropositive potential region (blue
color) near the protons of C3 and C4 of the 1-chloro-4-methoxybenzene and protons of C6 and C7 of the 1,4-diazepane-2,5-diones ring
system. One more prominent localized positive-charged region was
seen over the C2 and C3 of benzenesulfonyl chloride moiety. Thus,
overall electropositive potential of the most-active compounds
formed an inverted V-shaped region, while electronegative potential
was spread over the carbonyl oxygen of the 7-membered ring system and oxygen atoms of benzenesulfonyl chloride group. In addition, carbon atoms attached with halogen atoms predominated the
868

green region in the MEP surfaces of the most-active compounds.
The MEP isosurface of compound 2 is superimposed inside the
active site of chymase (Figure 6). On the whole, appearance of both
most electronegative and electropositive regions illustrates that
these regions can act as electron donors or acceptors to the active
site of the chymase, thus making these compounds very reactive.
Docking results of these compounds also indicated the involvement
of these areas in the important interactions with the key active site
residues such as Ser195, Gly193, His57, and Phe191 of the
enzymes. The analysis of MEP maps of the mid-active ⁄ least-active
compounds showed the absence of inverted V-shaped electropositive potential region in their maps. Moreover, a gradual depletion
of both red and blue areas and an increase in green-colored region
in the MEP maps of mid-active ⁄ least-active compounds were also
observed. However, MEP of mid-active compounds exhibited more
positive and negative potential regions than least-active compounds. The positive potential because of protons of C3 and C4 of
the 1-chloro-4-methoxybenzene was also missing in least-active
compounds. It is suggested that attack on the lactam carbonyl at
the 5-position of 6-substituted-4-arylsulfonyl-1,4-diazepane-2,5diones derivatives by the activated hydroxyl group of the key amino
acid Ser195 of the binding site may transform chymase into an
inactivated form, the acylated enzyme (28). The reactivity of the lactam carbonyl at the 5-position is activated by the electron-withdrawing group arylsulfonyl substituted at the 4-position. Most
probably, this reactivity plays an important role in the acylation process of the serine residue of the active site, as well as instability
in aqueous media. In this sense, the critical role played by the 4Chem Biol Drug Des 2012; 80: 862–875
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Figure 5: Molecular electrostatic
potential (MEP) maps of most-active
2 (A), 4 (B), 16 (C), mid-active 25
(D), 27 (E), and least-active compounds 32 (F), 34 (G), 35 (H). The
red and the blue color represent the
electronegative and electropositive
potentials, respectively, whereas the
green represents a potential halfway
between the two extremes.
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substituent for activity is remarkable. To reduce the reactivity of the
lactam carbonyl in 1,4-diazepane-2,5-diones ring system, the arylsulfonyl group was replaced with the less electron–withdrawing
aminocarbonyl at the 4-position. Most of the mid-active and leastactive compounds belong to the 1,4-diazepane-2,5-diones scaffold
with aminocarbonyl group. This substitution in mid ⁄ least-active
compounds instigated to the disappearance of both electropositive
and electronegative potential regions that were present on carbon
and both oxygen atoms of benzenesulfonyl chloride moiety, respectively. The strong electrostatic interaction of the negative potential
with key residues Gly193 and Ser195, namely the formation of the
hydrogen bond, enhanced the inhibition effect substantially, as this
region was involved in important ligand-binding interaction with the
key active site residues; thus, substitution of less electron–withdrawing aminocarbonyl lead to accumulation of less electronegative
potentials that subsequently affected activity of the compounds.
Hence, it is apparent from these results that the negative potentials
near 1,4-diazepane-2,5-diones ring are crucial for activity. A previous study also showed that presence of hydrogen bond acceptor
Chem Biol Drug Des 2012; 80: 862–875

sites for a chymase inhibitor was important for its effective binding
with the key residues of the active site (42). Thus, presence of such
negative potentials in a chymase inhibitor is the structural requirement, and electrostatic potential features of the current study are
also consistent with it.

Lowest unoccupied and highest occupied
molecular orbitals
Highest occupied molecular orbital and LUMO sites are plotted onto
the molecular surface of most-active and mid-active compounds, 2,
4, and 25, 27, respectively, along with least-active compounds, 34
and 35, as shown in Figure 7. According to Frontier Orbital Theory,
the shapes and symmetries of the HOMO and LUMO are crucial in
predicting the reactivity of a species and the stereochemical and
regiochemical outcome of a chemical reaction. Thus, the results
obtained from these quantum chemical descriptors led us to characterize the reactive sites and substituent influence on electronic
structure of the compounds. Analysis of HOMO maps of compounds
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Figure 6: The superimposition of molecular electrostatic potential (MEP) map of compound 2 upon the active site of chymase.
illustrate that HOMO molecular orbitals are located on the 1-chloro4-methoxybenzene indicating the existence of a possible reactive
sites; therefore, electrophilic attacks from the residues of the active
site of enzyme might take place on these sites. Docking results of
these compounds also revealed the involvement of 1-chloro-4-methoxybenzene group in important hydrogen bond interactions with the
key residues of the active site, while LUMO maps are plotted on
the electron-withdrawing benzenesulfonyl chloride and 2-aminobenzoic acid groups of the compounds. However, in case of compounds
25 and 35, LUMO plot was scattered over a part of 1,4-diazepane2,5-diones ring along with benzene ring of the 1-chloro-4-methoxybenzene group. These results are quite consistent with the docking
analysis and MEP profiles of the compounds that illustrate the participation of these moieties in the key ligand–receptor interactions.

Development of 2D and 3D QSAR models
Bayesian model
The training set of 15 compounds was applied to develop a Bayesian model with molecular function class fingerprints of maximum
diameter 6 (FCFP_6) and eight interpretable descriptors. Of 15 compounds, eight most-active compounds were selected as 'active' with
a value '1' and rest of the compounds were given a value '0' to
allocate them 'not active'. Each compound was left out one at a
time, and a model was built using the results of the compounds
and that model was used to predict the left-out compound. Once
all the compounds had predictions, a receiver operator curve (ROC)
plot was generated, and the area under the curve was calculated.
The model had a LOO cross-validation ROC statistic of 0.82 and
enrichments that suggested that chymase most-active inhibitors
were well separated from less-active inhibitors (Figure 8). The best
split value that demarcated most-active inhibitors from less-active
inhibitors was calculated by minimizing the number of compounds
that were incorrectly predicted as either inhibitors or non-inhibitors,
870

Figure 7: Plots of highest occupied molecular orbital (HOMO)
and lowest unoccupied molecular orbital (LUMO) of most-active 2
(A), 4 (B), mid-active 25 (D), 27 (E), and least-active compounds
34 (G), 35 (H).

using the cross-validated score for each compound. Using that split,
a contingency table is constructed (Table 1), containing the number
of true positives (TP), false negatives (FN), false positives (FP), and
true negatives (TN). This Bayesian model with 2D fingerprints also
represents a classification approach to building models that can be
used for rapid screening of compound libraries. From the molecular
fingerprints, descriptors identified regions in the training set molecules that were likely important for chymase inhibition as well as
substructures that were associated with less-active inhibitors. Top
five fingerprints of both categories are demonstrated in Figure 9.
Chem Biol Drug Des 2012; 80: 862–875
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Figure 8: Cross-validation receiver operating curve (ROC) curve
generated by leave-one-out method.
Table 1: Summary table for the Bayesian model
XV ROC AUC

Best split

TP ⁄ FN FP ⁄ TN

No. in Category

0.821

6.279

6⁄2
1⁄6

8

ROC, receiver operating curve.

Results of the Bayesian model indicated the 1,4-diazepane-2,5-diones ring system substituted with arylsulfonyl moiety and benzyl
group substituted with halogen and alkoxy as regions mainly essential for chymase inhibition. Analysis of binding interactions between
inhibitors and the active site of chymase and examination of their
electronic structures also manifested that aforementioned substructures were present in most-active compounds. In contrast, most
of the mid- and least-active compounds hold aminocarbonyl as part
of their geometries, which was the most often substructure in
Bayesian model associated with less-active inhibitors. Thus, outcome of Bayesian model not only abetted in identifying regions vital
for chymase inhibition activity but also pertained as a validation
technique for docking and electronic feature results.

Genetic function approximation models
To facilitate a systematic evaluation on 1,4-diazepane-2,5-diones
derivatives as chymase inhibitors and to explore the more potent
and selective chymase inhibitors, GFA QSAR models were built
using the molecular docking parameters, DFT descriptors, and some
other 2D and 3D physiochemical properties (stated previously in
Section) of compounds as candidates of the descriptors. The pIC50
of the compounds was taken as the dependent variable. To produce
reliable results, it typically needs five times as many compounds as
independent variables. Because only 15 compounds are used in the
training set for the QSAR construction and too many descriptors
will make the obtained model less significant statistically, the number of descriptors tried in the subset was confined from 2 to 3. The
model was optimized, and descriptors were reduced with the GFA.
To determine the optimal number of explanatory terms (QSAR descriptors), it was decided to scan and evaluate all possible QSAR
models resulting from 2 to 3 explanatory terms. Various models
were generated and evaluated. Four models were selected for final
assessment (Table 2). The statistical qualities of the models were
judged by the parameters such as coefficient of determination (r2);
r2adj adjusted for the number of terms in the model; r2pred the
prediction (PRESS) r2, equivalent to q2 from a LOO cross-validation;
and Friedman LOF, which is the Friedman LOF score. To explore the
prediction ability of the selected descriptors, external validation
using test set method was also performed for all four models. Test
set was comprised of 12 compounds. Analysis of the models was
performed based on the aforementioned statistical qualities and
test set upshots. Model 1 with three descriptors (Molecular_FractionalPolarSurfaceArea, Jurs_TPSA, external van der) in its equation
showed best correlation (r2 = 0.812) with r2pred value of 0.634, and
its test set also exhibited high r2 gain than test set result of other
models (Figure 10A).
pIC50 ¼ 17:155 þ 25:525  Molecular Fractional Polar Surface Area
 0:011149  Jurs TPSA þ 0:22276  External van der
ð1Þ
This equation indicates that Molecular_FractionalPolarSurfaceArea
and external van der, which are 2D and 3D descriptors, respectively,
contributed to the activity of chymase inhibitors positively, while
Jurs_TPSA(3D Jurs descriptor), which calculates total polar surface
area of the compound, contributed negatively to the chymase inhibition activity. We confirmed the requirements devised by Golbraikh

Figure 9: Top five good (G1–G5) and bad (B1–B5) molecular fingerprints identified by FCFP_6 fingerprint descriptor.
Chem Biol Drug Des 2012; 80: 862–875
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Table 2: The description of statistically significant parameters
for four selected GFA models
Model

r2

r2adj

r2pred

L.O.F

r2Testset

1
2
3
4

0.812
0.789
0.712
0.694

0.761
0.732
0.669
0.644

0.634
0.648
0.584
0.484

1.153
0.583
0.531
0.570

0.636
0.600
0.594
0.517

GFA, genetic function approximation.

and Trophsa for consideration of a QSAR model as highly predictive
if it verifies the following conditions: (a) q2 > 0.5; (b) r2 test > 0.5
(r2 test is the correlation coefficient for test set predictions) (41).
The GFA model 1 exhibited good predictive ability by showing both
q2 and r2 test values above 60%. However, model 1 showed relatively high score (1.153) of LOF parameter. Model 3 demonstrated
equation with only two descriptors including Molecular_FractionalPolarSurfaceArea and external van der, yet low r2 values and diminutive predictive ability of this model bequeath it with lesser quality.
Equation of model 4 was also comprised of two parameters including external van der and LUMO from docking and DFT calculations,
respectively. This model exhibited lowest r2 value (0.69), and its
predictive ability dwindled to lowest among all four selected models (Table 2). However, model 2 showed good results, and the equation of the model 2 was obtained with three descriptors
(Molecular_PolarSurfaceArea, E_DIST_mag, and external van der).
The value of r2 (0.78) for this model is the second highest among
selected models, and LOF was also much low than that of the first
model. In addition, good outcome of other statistically significant
parameters like r2adj, r2pred, and r2 of test set endowed model 2 as
better model than GFA models 3 and 4, respectively. Both GFA models 1 and 2 were further validated using an external validation set
consisting of 55 structurally diverse compounds with wide activity
range. These chemical compounds experimentally known for the
inhibition of chymase were retrieved from various literature
resources (5,19,23–25,43). Genetic function approximation models 1
and 2 showed correlation of 0.716 and 0.622, respectively, for validation set, which further validated the predictive ability of these
GFA models. Equation of GFA model 2 is as follows:
A

pIC50 ¼ 12:142 þ 0:038377  Molecular Polar Surface Area
 0:00035736  E DIST mag þ 0:20973  External van der
ð2Þ
The number of compounds is 15, r2

2
= 0.789, radj
= 0.732,
= 0.648, and LOF = 0.583. This model is a 2D and 3D hybrid
QSAR model amalgamating three descriptors, including 2D surface
area and volume descriptor (Molecular_PolarSurfaceArea), topological descriptor (V_DIST_mag), and external van der Waals (comes
from the 3D docking of the ligand with chymase). The explained
variance and predicted variance of eqn 1 were 73.2% and 64.8%,
respectively, of the total variance of chymase inhibitory activity.
Here the result of cross-validation (LOO predicted variance, q2) is
encouraging (q2 > 0.5). Moreover, the result of external validation
technique showing a correlation of 60% via test set validation
method is also satisfactory (Figure 10B). It can be deduced from
equation of GFA model 2 that Molecular_PolarSurfaceArea and
docking parameter external van der contributed affirmatively to the
activity of the chymase inhibitors. Positive contribution of the polar
surface area of the molecule to the activity of the chymase inhibitors also validated the MEP mapping and molecular docking results
that exhibited the involvement of the regions with polar atoms usually oxygen and nitrogen in the main interactions for the effective
binding of most-active compounds to the key residues of the active
site of chymase. External van der Waals interaction energy also
contributes positively for assessing inhibitors via GOLD fitness
score. So, confirmatory input of external van der Waals interaction
of the compounds to the activity of the chymase inhibitors substantiated the docking output of chymase inhibitors. Kosugi et al. also
showed that the binding affinity of adenosine deaminase inhibitors
was improved by external van der Waals interaction of the compounds with the important residues of the active site. The coefficient of V_DIST_mag (Graph-Theoretical InfoContent descriptor)
index has revealed that this topological descriptor has influenced
negatively on the inhibitory activity of the compounds. Thus, it is
deduced that models 1 and 2 have exhibited better results among
all four models. Moreover, it is evident from the analysis of all
four GFA models that external van der Waals interactions,

2
rpred

B

Figure 10: The plots of predicted versus experimental pIC50 values for training set (diamond), test set (triangle), and validation set (circle)
for genetic function approximation (GFA) Model 1(A) and 2(B), respectively.
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Molecular_PolarSurfaceArea, Jurs_TPSA, and E_DIST_mag are
important features for chymase inhibitors. Especially, presence of
Molecular_PolarSurfaceArea and external van der Waals interactions in all four models confer that these features have more significance for the activity of chymase inhibitors.
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