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Abstract As a tumor suppressor, p53 protein regulates the
cell cycle and is involved in preventing tumorgenesis. The
protein level of p53 is under the tight control of its negative
regulator human double minute 2 (HDM2) via ubiquitination.
Therefore, the design of inhibitors of HDM2 has attracted
much interest of research on developing novel anticancer
drugs. Presently, two classes of molecules, i.e., the 1,4benzodiazepine-2,5-diones (BDPs) and N-Acylpolyamine
(NAPA) derivatives were studied by three-dimensional
quantitative structure–activity relationship (3D-QSAR) modeling approaches including the comparative molecular field
analysis (CoMFA) and comparative molecular similarity
index analysis (CoMSIA) as promising p53-HDM2 inhibitors. Based on both the ligand-based and receptor-guided
(docking) alignments, two optimal 3D-QSAR models were
obtained with good predictive power of q2 =0.41, r2pred =0.60
for BDPs, and q2 =0.414, r2pred =0.69 for NAPA analogs,
respectively. By analysis of the model and its related contour
maps, it is revealed that the electrostatic interactions
contributed much larger to the compound binding affinity
Electronic supplementary material The online version of this article
(doi:10.1007/s00894-011-1041-4) contains supplementary material,
which is available to authorized users.
F. Wang : Z. Ma : X. Wang : Y. Wang
Bioinformatics Center, Northwest A&F University,
Yangling, Shaanxi 712100, China
Y. Li
School of Chemical Engineering,
Dalian University of Technology,
Dalian, Liaoning 116024, China
Y. Wang (*)
College of Life Sciences, Northwest A&F University,
Yangling, Shaanxi 712100, China
e-mail: yh_wang@nwsuaf.edu.cn

than the steric effects. And the contour maps intuitively
suggested where to modify the molecular structures in order
to improve the binding affinity. In addition, molecular
dynamics simulation (MD) study was also carried out on
the dataset with purpose of exploring the detailed binding
modes of ligand in the HDM2 binding pocket. Based on the
CoMFA contour maps and MD-based docking analyses,
some key structural aspects responsible for inhibitory activity
of these two classes of compounds were concluded as
follows: For BDPs, the R1 and R3 regions should have small
electronegativity groups; substituents R2 and R4 should be
larger, and R3 substituent mainly involves in H-bonds
forming. For NAPA derivatives, bulky and electropositive
groups in ring B and ring A, small substituent at region P is
favorable for the inhibitory activity. The models and related
information, we hope, may provide important insight into the
inhibitor-p53-HDM2 interactions and be helpful for facilitating the design of novel potent inhibitors.
Keywords p53 . HDM2 . 3D-QSAR . CoMFA . CoMSIA .
Molecular docking . Molecular dynamics

Introduction
The tumor suppressor p53 protein is a transcription factor
which involves in controlling the cell cycle and monitoring the
integrity of the genome which has made it known as the
“guardian of the genome” [1]. Under non-stressed conditions,
p53 has a short half-life [2] and maintains in a low level.
While under stresses, such as DNA damage and abnormal
growth regulation, p53 will be activated and initiates a
succession of events which result in growth arrest or
apoptosis leading to the elimination of genetically altered
cells [3]. Because of its significant roles in keeping the
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integrity of genome, it has become a main target of much
tumor therapeutics. The loss of p53 functions in many
cancers is a result of disabling p53 through mutation or
alterations of various components of the pathways that
regulate p53. Evidence has shown that p53 mutates in ~50%
of human cancers, and in the remaining of human cancers,
p53 is in the wild-type but dysfunctional situation [4, 5], due
to the precise control of its negative regulator HDM2 in cells
[6, 7].
HDM2 is a ring finger protein, which can form
autoregulatory feedback loop with p53 protein [8, 9]. On
one hand, HDM2 binds to the N-terminal transactivation
domain of p53 to block p53 transcriptional activity [10, 11].
On the other hand, HDM2 exports the complex from the
nucleus to the cytoplasm to promote its degradation. More
importantly, HDM2 serves as an E3 ligase to target p53 for
degradation through the proteasome pathway [12]. The
detailed interaction mode between HDM2 and p53 has been
revealed by the X-ray crystallography, which structure
shows that HDM2 has a large hydrophobic cleft to bind to
α-helix of p53 protein, involving three hydrophobic
residues (Phe19, Trp23, and Leu26) in p53 [11], which
enhances the stability of the binary complex.
Recently, several approaches have been developed to
activate or restore the activity of p53, for example, the
activation of wild-type p53 can be made through drugging its
modification proteins, stimulating family member p63/p73, or
disturbing interactions between HDM2 and wild-type p53
[13]. And the latter case has allowed for successful
identification of many HDM2-p53 complex inhibitors for
cancer treatment [14–16], such as the analogs of cisimidazoline [14], spiro-oxindole [17], benzodiazepinedione
[18], quilinol [19] and terphenyl derivatives [20].
By now, the most potent and well-characterized p53HDM2 inhibitors are nutlins identified by high-throughput
screening method, and the second most potent series are
benzodiazepinediones (BDPs) [21]. These inhibitors showed
high binding affinity to p53-HDM2 complex and desirable
pharmacokinetic profiles in cells [22]. N-Acylpolyamine
analogs (NAPA), another class of peptide inhibitors, have
been proved as potent antagonists of the HDM2-p53
interaction in vitro and in cell-based assays [18, 23]. NAPA
shows characteristics of cyclic peptides in β-sheet conformations, and these helical β-peptides can be chemically
modified to bind to HDM2 with good affinity.
Clearly, in vitro assessment of the activity of p53-HDM2
inhibitors remains a labor-intensive and time-consuming
operation. Therefore, more efficient and economical alternative methods should be employed, such as in silico molecular
modeling approaches that are used for the purpose of
predicting and prioritizing chemicals for subsequent in vitro
and in vivo screening. 3D-QSAR (quantitative structureactivity relationship) method, as effective computational
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method, has been widely used as a way to find out various
interactive fields making impact on the activity and thus to
help forecasting and designing of novel inhibitors [24–27,
33, 35], as well as the HDM2-p53 inhibitors, including
Isoindolinone [28], Terphenyls [20] and Chalcones Derivatives [29]. To our knowledge, there is still a lack of in silico
modeling of these BDPs and NAPA analogs of the complex
inhibitors.
BDPs and NAPA analogs have been reported as promising
HDM2-p53 interaction inhibitors [18, 30–32]. BDPs bound
to HDM2 in the p53-binding cavity in micromolar concentration, and the most potent compound 41 possessed very
strong anti-HDM2 activity with an IC50 of 0.25 μM. Recent
evidence showed that the structures of this class of inhibitors
had four available sites, i.e., R1, R2, R3 and R4 shown in
Table S1 for modifications, thus improving inhibitory
activity and cell permeability for a candidate [18, 30, 31].
For peptide-based NAPA analogs, a synthesized single
trimeric inhibitor showed very potent inhibition on HDM2
protein, and the most potent compound 102 inhibits HDM2
binding to p53 with IC50 value of 2.3 μM [32]. Traditionally,
large molecules would be difficult to produce in sufficient
quantities for drug development; however, NAPA derivatives
offer the possibility of using a short oligomeric scaffold to
develop potent p53-HDM2 inhibitors. Although these two
classes of inhibitors are important for treatment of cancer,
they have not received much attention from a theoretical
perspective so far. Therefore, in this paper, these two classes
of inhibitors were analyzed using theoretical computations,
with purpose to build related 3D-QSAR models by comparative molecular field analysis (CoMFA) and comparative
molecular similarity indices analysis (CoMSIA) approaches
[33]. In addition, molecular docking and molecular dynamics
were also performed to further understand the structure
properties and the probable binding modes of these inhibitors
at the allosteric site of the receptors. Evidence has proved
that this was the first time on 3D-QSAR modeling of these
two classes of p53-HDM2 inhibitors. All these methods
applied on the inhibitors could not only help understanding
ligand–receptor interactions but also provide useful and
rational suggestions for further design of new drug candidates of p53-HDM2 for cancer therapy.

Methods and materials
Data sets and biological activity
A total of 108 molecules with available IC50 were collected
from the references [18, 30–32], these molecules comprised
two different classes of diverse 1,4-benzodiazepine-2,5diones (BDPs) and N-Acylpolyamine (NAPA) derivatives,
whose IC50 values were converted into pIC50 (−logIC50)
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values (shown in Tables S1-S2) and which were used as
dependent variables in 3D-QSAR analysis. Division of
the training and test sets (Tables S1-S2 marked with a)
was carried out by considering that the test compounds
should represent the structural diversity and a range of
biological activities similar to that of the training set. A11
molecular modeling calculations were performed using
SYBYL package (Tripos Associates, St.Louis, MO), where
Gasteiger–Marsili charges for BDPs and Gasteiger-Hückel
charges for NAPA respectively were added and energy
minimization for each molecule was performed by Tripos
force field [34] with the Powell conjugate gradient minimization algorithm. The minimization wouldn’t be finished
until the energy gradient convergence criterion of 0.05 kcal
mol-1 Å-1 was reached.
Conformational sampling and alignment
For both the CoMFA and CoMSIA studies, the most
important step of modeling is that all molecular structures
are aligned to a suitable conformational template, which is
assumed to be the most potent conformation. In this work, we
applied two alignment methods, the first one of which denoted
by ligand-based alignment selected the most potent inhibitor
for each class (compounds 41, 102, respectively) as the
template. All inhibitors for each class in the data set were then
aligned to a common substructure (shown in Fig. 1) of the
template using the “align database” command in SYBYL
software to produce valid and reliable CoMFA and CoMSIA
models. The second alignment method we employed was the
receptor-based alignment, where all molecules were docked
into the receptors and then the top scored conformations
were further used directly for CoMFA and CoMSIA analysis.
During this process, we not only explored the traditional
docking alignment but also a novel receptor-guided consensus dynamics alignment for comparison of the docking
Fig. 1 Representative skeletons
and the most active molecules
showing different regions which
are used in contour analysis. (a)
Compound 41 in the group of
1,4-benzodiazepine-2,5-diones
analogs. (b) Compound 102 in
the class of N-acylpolyamine
analogs
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difference between them. Finally, the conformations derived
from the dynamics alignment, which is the optimal one we
found, was applied for construction of the 3D-QSAR
models. Figures 2 and 3 show the aligned conformations
derived from the two methods.
3D-QSAR analysis
CoMFA and CoMSIA studies were carried out with the 3D
cubic lattice with grid spacing of 2 Å in x, y and z directions,
using an sp3 carbon probe atom with a van der Waals radius of
1.52 Å and a charge of +1.0. Cutoff values for both steric and
electrostatic fields were set to 30 kcal mol-1. The CoMSIA
models were based on the molecular similarity indices with
the same lattice box used for the CoMFA calculations.
However, it had several advantages over CoMFA such as
greater robustness regarding both region shifts and small
shifts within the alignments [35]. Other than steric, electrostatic fields described in the CoMFA method, five physicochemical properties: steric (S), electrostatic (E), hydrophobic
(H), hydrogen bond donor (D), and hydrogen bond acceptor
(A) were evaluated using the standard settings: probe with
charge +1, radius 1 Å and hydrophobicity +1, hydrogenbond donating +1, hydrogen-bond accepting +1, attenuation
factor of 0.3 and grid spacing 2 Å. CoMSIA similarity
indices (AF) for a molecule j with atoms i at a grid point q
are calculated by Eq. 1:
X
ar
AF; K q ðjÞ ¼ 
wprobe; k w ik eiq2 :
ð1Þ
In this equation, k represents five physicochemical properties
(S, E, H, D, and A), Wik is the actual value of physicochemical property k of atom i, and Wprobe,k is the value of the
probe atom. α is the attenuation factor and the default value
of 0.3 was used. A Gaussian type distance dependence was
used between the grid point q and each atom i of the
molecule.
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Fig. 2 Ligand-based alignment.
(a) Alignment of 1,
4-benzodiazepine-2,
5-diones derivatives with
compound 41 selected as the
template. (b) Alignment of
N-acylpolyamine derivatives
with compound 102 selected as
a template

Partial least-square (PLS) method was often used for
all 3D-QSAR analyses [36]. It was used to linearly
correlate the CoMFA and CoMSIA descriptors to the
inhibitory activity values. Cross-validation based on the
training set was performed by the leave-one-out (LOO)
procedure to determine the optimum number of components (ONC) and the coefficient R2cv. Then the ONC was
further employed to do non-validation analysis to produce
non-cross-validated correlation coefficient R2ncv. The
molecules which were not included in the training set
were used to evaluate the predictive ability of the models
derived using the training set. The predictive correlation
coefficient rpred2 was calculated using Eq. 2:
rpred 2 ¼ ðSD  PRESS Þ = SD;

ð2Þ

where SD is the sum of the squared deviation between the
actual pIC50 values of the compounds in the test set and
the mean pIC50 value of the training set ones. PRESS is
the sum of squared deviation between predicted and actual
activities of the test set compounds.

Fig. 3 Receptor-guided consensus dynamics alignment. (a)
Alignment of 1,4-benzodiazepine2,5-diones derivatives with compound 41 selected as a template.
(b) Alignment of Nacylpolyamine derivatives with
compound 102 selected as a
template

Molecular docking
To investigate the ligand-protein interactions, all the
molecules were docked into the binding site of the receptor
using the Surflex module in SYBYL package. During the
docking procedure, standard parameters were employed.
Crystal structures of HDM2 (1T4E, 1RV1) were retrieved
from RCSB Protein Data Bank (http://www.pdb.org).
Before docking, all water molecules were removed from
the X-ray structure, which is based on two reasons. 1)
Normally, it is a standard procedure to remove waters from
X-ray structures before docking, because in most cases, the
studied compounds are different from the ligands in the
crystal structure. Therefore, the interactions between the
original ligands and waters would not be true for other
different compounds. This phenomenon is also found in
this work. For 1T4E, in the crystal structure, only one water
molecule forms H-bond with the –NH of ring B for
compound 19. However, this H-bonding interaction will
disappear for compound 41 as the hydrogen atom of -NH
was substituted by –(CH2)4COOH. 2) The MD simulations
have been also performed to investigate if there are possible
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effects provided by water molecules. The MD results
revealed that no waters were found H-bonded with the
ligands as those in both 1RV1 and 1T4E structures, which
further demonstrated that the deletion of waters before
docking is reasonable. Subsequently, the relative ligands were
extracted and polar hydrogen atoms were added. Protomol,
served as an idealized representation of a ligand that made
every potential interaction with the binding site, was used to
guide molecular docking. During docking process, two
parameters, i.e., protomol_bloat and protomol_threshold,
were applied to determine how far from a potential ligand
the site should extend and how deep into the protein, the
atomic probes were used to define the protomol could
penetrate. Ligand docking method was employed presently
to generate the protomol, and finally each conformer of all
inhibitors in two classes was docked into the binding site 10
times with the D_score [37], G_score [38], Chemscore [39]
and PMF_score [40] values further used to evaluate the
docking analysis. Finally, the top ranked conformations for
each molecule were extracted, then aligned together and
subsequently utilized in CoMFA and CoMSIA modeling.
MD simulations
The MD simulations were performed with GROMACS
software package [41] using the GROMOS96 force field
[42]. The molecular topology files for compounds BDPs
and NAPA were generated by the program PRODRG 2.5
[43–46], which are shown in the supporting information.
For MD simulation, a cubic periodic box of side length of
67.44 Å and 64.70 Å was applied for each class of the
inhibitors. The minimum distance between the protein and
box walls was set to larger than 8 Å. Three Cl-s were
employed to neutralize the net charge of each system, i.e.,
1T4E.pdb and 1RV1.pdb, respectively. The total number of
the atoms was 28057 for 1T4E and 24574 for 1RV1
including the protein complexes and waters, respectively.
The remaining box volume was filled using the extended
simple point charge (SPCE) water [47].
Prior to the simulation, an energy minimization was
applied to the full system without constraints using the
steepest descent integrator for 5000 steps, then the system
was equilibrated via a 200 ps MD simulations at 300 K.
Finally, a 5 ns simulation was performed with a time step of
2 fs. During MD simulation, the standard parameters and
main calculation methods were set as follows:
Both models (BDPs, NAPA) used NPT ensemble at
300 K with periodic boundary conditions, the temperature
was kept constant by the Berendsen thermostat, the values
of the isothermal compressibility were set to 4.5×10-5 bar-1
while the pressure was maintained at 1 bar using the
Parrinello-Rahman scheme [48], electrostatic interactions
were calculated using the particle mesh Ewald method [49],

299

cut-off distances for the calculation of Coulomb and van
der Waals interactions were 1.0 and 1.4 nm, respectively.
All the MD simulations lasted 5 ns to ensure that the whole
systems were stable.

Results and discussion
3D-QSAR model
Table 1 summarizes the optimum results derived from the
CoMFA models where the predictive ability of the models
was assessed by predicting the inhibitory ability of the test set
molecules. The developed 3D-QSAR models were analyzed
by a number of parameters including the cross-validated
correlation coefficient (r2cv), standard error estimate (SEE)
and F-statistic values (F), etc. For CoMFA and CoMSIA
analysis, two alignment methods were applied to produce the
models, with results that the models derived from receptorguided consensus dynamics alignment were much worse
than those derived from ligand-based ones. Consequently,
we mainly focused on the models derived by ligand-based
method. S and E fields were generated for CoMFA models,
while H, D and A, three other fields in addition to the S and
E were generated for CoMSIA ones. Since it is argued that
the five different descriptor fields may not be totally
independent of each other and such dependencies of
individual fields usually decrease the statistical significance
of the models [50, 51], in the present work all 31 possible
combinations of the descriptors for each group were
attempted to build the optimum models with highest R2cv
values and other proper statistical results for each class.
Figure 4 illustrates the observed versus predicted activities of
the optimal CoMFA models for the two classes of dataset.
As to the results of other combinations of CoMFA or
CoMSIA descriptors, Tables S3 to S6 in the supporting
information give a full summation.
BDPs
For this class of inhibitors, the data set was divided into a
training set of 59 and a test set of 17 molecules with the
statistical parameters obtained from the CoMFA model
summarized in Table 1. The best predictions were obtained
by the CoMFA standard model using five components, with
statistical results of R2cv =0.41, R2ncv =0.855, F value =62.39
and a low SEE=0.26 for the training set obtained, which
suggested that this model should be considerably reliable to
predict the IC50 values. The steric and electrostatic contributions were 38.7% and 61.3%, respectively, which indicated
that the electrostatic field made more contribution to ligand
binding affinity. Overall, this model showed reasonable
statistical features. However, the CoMSIA model derived
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Table 1 The optimum 3D-QSAR results for the two classes of HDM2 inhibitors
Parameters

1,4-benzodiazepine-2,5-diones
Ligand-based

R2cv
SEE
F
R2pred

CoMFA
0.405
0.259
62.388
0.6017

SEP
0.523
Nc
5
Field contribution
S
0.387
E
0.613
H
D
A
-

N-acylpolyamine
Structure-based

Ligand-based

Structure-based

CoMSIA
0.506
0.244
51.394
0.314

CoMFA
0.101
0.38
56.289
0.033

CoMSIA
0.06
0.096
257.36
0.424

CoMFA
0.414
0.184
34.862
0.6913

CoMSIA
0.474
0.097
75.878
0.5941

CoMFA
0.07
0.087
413.34
0.116

CoMSIA
0.12
0.059
919.321
0.17

0.486
7

0.626
2

0.692
10

0.473
5

0.495
9

0.549
2

0.535
2

0.529
0.471
-

0.345
0.655
-

0.143
0.556
0.301

0.461
0.539
-

0.395
0.605
-

0.386
0.614
-

0.389
0.611
-

R2 cv =Cross-validated correlation coefficient using leave-one-out method; SEE=Standard error of estimate; F=Ratio of R2 ncv explained to unexplained=
Rncv2 /(1−R2 ncv); R2 pred =Predicted correlation coefficient for the test set of compounds; SEP=Standard error of prediction; Nc=Optimal number of
principal components; S=steric, E=electrostatic, H=hydrophobic, D=H-bond donor, A=H-bond acceptor.

from the same training set showed poor internal predictions
(R2cv =0.13) using the same S and E fields. Meanwhile,
incorporation of H, D and A fields also could not improve
the model performance. All these results suggested that the
CoMFA model was superior to the CoMSIA one for this set
of compounds.
These models were further validated using the external
test compounds. The optimum CoMFA model gave good
predictions exhibiting the large R2pred value of 0.60.
However, the CoMSIA models possessed poor predictions
with low R2pred value. The correlation between the
predicted activities and the actual activities are displayed
in Fig. 4a. From this figure, we can see that all points are
uniformly distributed along the regression line which
suggests that no systematic error exists in the method.
Additionally, in the optimal CoMFA model, compounds 10
and 61 were regarded as outliers, since their prediction
errors were larger than 1.2 standard deviation (SD). We also
Fig. 4 Graphs of the predicted
pIC50 versus the experimental
pIC50 values of the optimal
CoMFA models. (a) CoMFA
model of 1,4-benzodiazepine2,5-diones. (b) CoMFA model
of N-acylpolyamine derivatives

found that for compound 10, which possessed a low
inhibitory activity and was the only molecule had a
cyclohexyl substituent at the R2 position. As for compound
61, its outlier status might be due to the low inhibitory
activity, which was beyond the forecast range.
NAPA
Using both S and E fields with five components, a best
CoMFA model for NAPA inhibitors was obtained, giving a
good internal predictive ability illustrated by an R2cv of 0.41,
R2ncv of 0.91, F value of 34.86 and a low SEE value of 0.18.
The steric and electrostatic contributions were found to be
46.1% and 53.9%, respectively. Therefore, the electrostatic
field had a greater effect than the steric field on the inhibitory
activity, indicating that the electrostatic interactions of the
molecules with the receptor could be an important factor for
HDM2 antagonistic activity. However, the CoMSIA model
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using the same fields (SE) exhibited a low R2cv of 0.34,
R2ncv of 0.84, F value of 17.32 and SEE value of 0.25. Other
combinations like SHE, SEHD, SEHA, SEDA, SEHDA
were also performed to build models, ending in an average
R2cv >0.4 and R2pred >0.6 (shown in Table 1 and S4).
Overall, the performance of the CoMFA model was superior
to that of the CoMSIA one.
To test the predictive ability of the model, a test set of nine
molecules excluded from the model derivation was employed.
The predictive correlation coefficient R2pred was 0.69. The
graph of actual activity versus predicted pIC50 of the training
set and test set was illustrated in Fig. 4B, the plots represent
a uniform distribution around the regression line with
respective slope and intercept very close to one and zero,
indicating the satisfactory predictive capability and accuracy
of the model.
3D-QSAR contour maps
To visualize the results of the CoMFA and CoMSIA models,
contour maps which denote the areas where the molecules
would favorably or unfavorably interact with the receptor
were generated. For steric field, the green contours represent
areas where bulky group would enhance activity while the
yellow contours represent areas where bulky group would
decrease the activity. In the electrostatic field, the red contour
represents the electronegative charge favorable area while the
blue color represents the electropositive charge favorable area.
BDPs
CoMFA steric and electrostatic contributions for this class of
inhibitors with the most potent compound 41 as a reference
were shown in Fig. 5. A small green contour at position 7 of
ring A indicates that a sterically bulky group was favored in
this region, which is coincide with compounds 29 and 30.
Interestingly, compared with compound 33, compound 34
Fig. 5 CoMFA StDev*Coeff
contour plots for 1,
4-benzodiazepine-2,5-diones
analogs in combination of
compound 41. (a) The steric
contour map, where the green
and yellow contours represent
80% and 20% level contributions, respectively. (b) The
electrostatic contour map, where
the blue and red contours
represent 80% and 20% level
contributions, respectively
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has a larger substituent at this position, leading to an
increased inhibitory activity. Sterically unfavored yellow
regions were found around ring C suggesting the need for
small substituent at this region to enhance the inhibitory
activity, for example, the activity of compound 19 (−Cl) was
shown to be higher than that of compound 20 (−Br). There
were two large green contours observed outside the ring C and
around the yellow contours respectively, which indicates that
if the substituents at the para position of ring C could touch
these green contours, large groups would enhance the activity,
which may exactly be the reason why compounds 10, 11, 12,
13 with small groups were less potent than molecules 14, 15,
16 with bulky substituents at the same location. Another
yellow contour located between ring B and C, suggesting the
desire of the position for groups with small steric barrier to
increase the activity, such as compounds 57, 58, 59 and 60.
Two yellow contours were also observed near R3 substituent,
indicating the requirement of less bulky substituents in this
region for more potent p53-HDM2 inhibitors.
Figure 5b shows the CoMFA electrostatic filed. A
medium sized red isopleth at the para position of ring C
represents an area where negative charge is favorable, for
example, though all having a common structure, compounds 1 to 7 are slightly different at the para position of
ring C, where molecules 1, 6, 7 possess negatively charged
groups (−CF3, -Cl, -OCF3 respectively) and thus increased
activity, while chemicals 2, 3, 4, 5 having positive charged
substituents (−H, -CH3, -CH2CH3, -CH(CH3)2 respectively)
at the position and decreased activity. A large red contour
around the negatively charged carboxyl group at the R3
substituent indicates that the negatively charged carboxyl or
other negative groups at this position were necessary to
increase the activity. Another one big and two medium sized
red contours at the -ortho, -meta position of ring D suggests
that electronegative substituents would increase the activity,
bringing us a conclusion that modifications such as incorporation of electronegative substituents in these areas may
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greatly improve the inhibitory activity. Meanwhile, a red and a
blue contour simultaneously appeared at the linker area
between rings B and D, i.e., the electropositive and electronegative contours emerged at the same region showing that a
balance of these properties among the groups presented at this
region is required for optimum binding.
NAPA
The CoMFA steric map (Fig. 6a) displays a medium sized
green contour at the para position of ring B suggesting that
bulky groups at this position would significantly improve the
affinity. Thus, compound 102, which has –Br located at the
green region, showed more potent inhibitory activity than
those compounds of 101, 103 and 104 which possess rather
smaller substitutent (F) at the same location. Another large
green contour around ring A suggests that steric bulky
substituents are favored there. A large region of yellow contour
around Region P represents the disfavor of bulky group at the
region, which is consistent with compounds 103 and 104.
The electrostatic contour map is displayed in Fig. 6b.
Clearly, an electropositive favored contour was observed
outside the para position of ring B, which is well illustrated
by the decreased activity of compound 87 with an oxygen
atom touching the blue contour. It is also validated by
compound 85 which also exhibited lower activity than
compound 102 by extending a substituent of –Cl to the blue
contour. One big red contour in the vicinity of region O
suggests that electronegative substituent could favor the
activity, the fact was that all of the derivatives involved in the
present study possessed electronegative substituents (−NH)
at this site.
Molecular dynamics simulations and comparison with 3D
contour maps
Molecular dynamic simulations were performed to obtain
the ‘real’ bioactive conformation which could not be
Fig. 6 CoMFA StDev*Coeff
contour plots for Nacylpolyamine analogs in combination of compound 102. (a)
The steric contour map, where
the green and yellow contours
represent 84% and 16% level
contributions, respectively. (b)
The electrostatic contour map,
where the blue and red contours
represent 82% and 18% level
contributions, respectively
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acquired only from the crystal structure of protein–ligand
complex [48]. During molecular dynamics simulation, the
protein complex was placed in a bulk system which can
mimic the real physiological conditions, which can fully
consider the flexibility of the receptor, thus making the
complex structure more reasonable. However, in the
general molecular docking procedure, including the Surflex
program, the receptor is normally treated rigidly to model
the ligand-receptor binding mode. Therefore, in this work,
in order to obtain the optimal conformation for complexes,
the docked complex structures of 1T4E with compound 41,
1RV1 with 102 were treated as the initial structures for
molecular dynamics simulations. The root-mean-square
deviation (RMSDs) of the trajectory with respect to their
initial structures ranged from 1.3 to 2.5 Å, 1.3 to 1.8 Å for
1T4E and 1RV1, respectively (Fig. 7a and Fig. 8a). The
small RMSDs variations indicate the system of the
complexes reached about 2.2 Å, 1.5 Å after 2 ns, and
retained this value throughout the simulation.
The superposition of the average structures of the whole
trajectory and the docked structures was shown in Fig. 7b
and 8b. The comparisons of binding models from MD
simulation and the QSAR maps are shown as follows:
BDPs
Figure 9b indicates that the main amino acid residues in the
active site cavity responsible for significant interactions were
Gln18, Gln24, Lys51, Gly16, Ser17, Leu54, Leu57, Val93,
Phe55 and His73. The most potent compound 41 formed
three H-bonds: 1) the keto oxygen of ring B (H-bond
acceptor) hydrogen-bonded with the –NH group of Ser17
(−O···HN, 1.73 Å, 121.1°); 2) the carboxyl oxygen atom at
R3 substituent formed two H-bonds with the –NH2 of Gln24
(−O···HN, 1.91 Å, 152°) and the –NH2 of Gly16 (−O···HN,
2.58 Å, 140°). In addition, ring D of compound 41 formed
π-π interaction with His73. As illustrated in Fig. 9b, the R3
substituent was surrounded by electropositive Lys51 and
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Fig. 7 (a) Plot of the root-mean-square deviation (RMSD) of docked
complex versus the MD simulation time in the MD-simulated
structures. (b) View of superimposed backbone atoms of the lowest
energy structure of the MD simulation (green) and the initial structure

(cyan) for compound 41-HDM2 complex. Compound 41 is represented as carbon-chain in cyan for the initial complex and carbonchain in green for the lowest energy complex

Gln24 indicating that electronegative groups at this position
are favorable for the inhibitory activity, which result matches
well with the electrostatic contour map of the CoMFA model
(depicted in Fig. 5b). In addition, the MD-simulated
structures of the binding site shows that residues His73,
Leu54, Val93 appeared near R1 substituent, where electronegative substituents would favor electrostatic interaction
between ligands and HDM2. This result is well consistent the
electrostatic contour map of the CoMFA model (Fig. 5b),
which owns a red contour at the same location. It is worthy
to note that near ring C there is sufficient room to
accommodate a large hydrophobic substituent into the
hydrophobic pocket formed by Leu54, Leu57, Gly58, Gln72
and Val93. This observation is in full agreement with the steric
contour map with a green contour (Fig. 5a) around this
region. In addition, several yellow contours were observed at
this position suggesting that too large substituents would
make clash effects on the residues.
Additionally, R1 substituent was surrounded by some
non-polar amino acids Leu54, Leu57, Ile61 and Ile99,

suggesting that non-polar groups at this position is favorable
for the binding affinity, this is consistent with all compounds
employed in this work possessing a non-polar benzene ring in
this region. In addition, the R3 substituent is surrounded by
polar residues Gln24 and Lys36, therefore, a relatively polar
substituent at this position is needed. This is in agreement
with the fact that the binding affinities of compound 41 with
polar substituent –COOH is more active than compounds 43,
44 and 45 which possess non-polar –CH3 groups in this
position.

Fig. 8 (a) Plot of the root-mean-square deviation (RMSD) of docked
complex versus the MD simulation time in the MD-simulated
structures. (b) View of superimposed backbone atoms of the lowest
energy structure of the MD simulation (green) and the initial structure

(cyan) for compound 102-HDM2 complex. Compound 102 is
represented as carbon-chain in cyan for the initial complex and
carbon-chain in green for the lowest energy complex

NAPA
Figure 8b shows the conformation derived from compound
102 with the allosteric binding site of 1RV1, where
compound 102 was suitably localized at the binding site.
The MD-based docking simulation showed that Glu25,
Thr26, Tyr100, Tyr104, Met50, Lys94, His96 and Arg97
were the main residues presented at the binding site and
main contributors to the ligand-receptor interaction (shown
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Fig. 9 (a) Docked conformation derived for compound 41
in complex to the active site of
HDM2 protein. (b) Plot of the
MD-simulated structures of the
binding site with ligand 41.
H-bonds are shown as dotted
black lines, active site amino
acid residues are represented as
sticks, the inhibitors are shown
as stick and ball model

in Fig. 10b). And a total of nine hydrogen bonds were
formed in this system. The carboxyl oxygen at region Q
acted as an acceptor to form H-bond with the side chain
hydroxyl group of Tyr100 (−O···HO, 1.42 Å, 175.6°), the
carboxyl oxygen at region F formed two H-bonds with the
side chain NH of Arg97 (−O···HN, 1.95 Å, 139.6°) and
(−O···HN, 1.76 Å, 153.8°). In addition, the carboxyl
oxygen at region E interacted through H-bonding with
the backbone NH of Glu25 (−O···HN, 1.81 Å, 171.8°)
and the OH of Thr26 (−O···HO, 1.52 Å, 161.9°), also the
hydroxyl oxygen atom formed two H-bonds with Glu25
(−O···HN, 2.36 Å, 114.9°), (−O···HN, 2.74 Å, 90.7°).
The carboxyl oxygen at region P was involved in
hydrogen bonding with the backbone NH2 of Glu25
(−O···HN, 2.57 Å, 89.4°), (−O···HN, 2.64 Å, 85.6°). As
displayed in Fig. 10b, several basic electropositive
residues Arg97, His96 were close to region O which
suggests that electronegative substituents at these positions would enhance the inhibitory activities. This could
be confirmed by the electrostatic contour map (Fig. 6b)
which holds a red contour at this position. A large binding
cavity formed by residues Lys94, His96, Arg97 and
Thr100 over ring A could contain a bulky substituent,
which is corroborated by the contour analysis results of
the green contour obtained from the CoMFA model
(Fig. 6a). Meanwhile, ring C established arene-cation
Fig. 10 (a) Docked conformation derived for compound 102
in complex to the active site of
HDM2 protein. (b) Plot of the
MD-simulated structures of the
binding site with ligand 102. Hbonds are shown as dotted black
lines, active site amino acid
residues are represented as
sticks, the inhibitors are shown
as stick and ball model

interaction with Arg97 which further enhanced the
stability of the ligand-receptor interaction.
Moreover, the polar substituent –COOH of region E
extends to polar amino acids residues Glu25 and Thr26,
indicating that polar groups are favorable for the inhibitory
activity. This is the same as the –COOH of region F which
is surrounded by Ary97 and His96. It is remarkable to note
that the non-polar amino acid residues Phe55 and Leu54 are
near ring A, which indicates that the non-polarity of ring A
is needed for the inhibitory activity.
Comparison of the results of docking and MD simulation
When predicting the binding mode of the ligand to receptor,
molecular docking provides a good starting to evaluate the
stability of the predicted interactions involved in binding
[51]. While molecular dynamics was employed for further
calculations considering the flexibility of the receptor and
the effect of water solvation. In this study, firstly the most
potent compounds (41 and 102) were docked into the
binding site of the receptors, which complexes were further
used to undertake MD simulations. As depicted in Fig. 7b
and Fig. 8b, the initial conformations changed a lot after the
MD simulations. Furthermore, we further examined the
stability of the hydrogen bond formed during the docking
process by calculating the presence rates of hydrogen bonds
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during MD simulation. The hydrogen bonds produced
between all possible donors D and acceptors A. A
geometrical criterion shown in Eq. 3 is used to determine
if the hydrogen-bond exist.
r  rHB ¼ 0:35 nm
a  aHB ¼ 30-

ð3Þ

As seen from Fig. 9 and Fig. 10, it is concluded that the
presence of corresponding H-bonds between the ligands and
receptors exhibited higher frequencies than the docking
analysis.
For BDPs analogs, one hydrogen bond was formed based
on docking simulation between the amino nitrogen atom in
ring D and the hydroxyl group of Ser17 (−N···HO, 2.16 Å,
177.1°), which was yet not preserved during MD simulation.
It was interesting to note that three new hydrogen bonds were
constructed to enhance the stability of the complex.
As for the lost hydrogen bond, it could be compensated
by the electrostatic interactions. As illustrated in Fig. 9b,
the electronegative nitrogen atom was surrounded by
electropositive residues His73 and Gln18 which could still
be involved in electrostatic interactions.
During docking simulation, four hydrogen bonds were
formed in compound 102 and 1RV1 (Fig. 10a), i.e., region O
oxygen atom…OH of Tyr100 (−O···HO, 2.05 Å, 108.8°),
region F oxygen atom…NH of His96 (−O···HN, 1.98 Å,
158.2°), region E oxygen atom…NH of Lys51 (−O···HN,
1.81 Å, 143.8°), region D oxygen atom…NH of Lys51
(−O···HN, 2.16 Å, 147.7°). However, after MD simulations,
only two hydrogen bonds were preserved, and the amino
acids involved in forming the H-bonds were also changed as
explained above. In a word, comparatively the molecular
dynamics simulation provides a more stable conformation, so
we chose the MD-simulated structures for further 3D-QSAR
studies.
Comparison of binding modes for each class
In order to explore the differences and similarities between the
two classes of p53-HDM2 inhibitors, we compared the
binding mode of each class. The CoMFA steric field in the
BDPs model makes more contributions to the binding
activity, as well as the NAPA derivatives. In addition, the
docked models reveal that the hydrogen bonding is also
important for interactions between the ligand and the target.
For BDPs, three H-bonds were formed between the most
potent compound 41 and Ser17 (−O···HN, 1.73 Å, 121.1°),
Gln24 (−O···HN, 1.91 Å, 152°), Gly16 (−O···HN, 2.58 Å,
140°), at the same time, compound 41 also formed π-π
interaction with His73. The NAPA derivative 102 formed a
total of nine hydrogen bonds, mainly through interacting
with Tyr100, Arg97, Glu25 and Thr26. Additionally, arenecation interaction has been established between Arg97 and

this compound. The NAPA derivatives formed more
hydrogen bonds than the BDPs analogs which also demonstrate why they were more active than BDPs. In addition,
from the comparison of interacting patterns for the two series
of inhibitors, we also found that there were no common
amino acids which were involved in forming H-bonds
among these two classes. Thus a conclusion can be made
that these inhibitors might have different binding modes with
p53-HDM2.

Conclusions
In this study, 3D-QSAR models for these two different
classes of p53-HDM2 inhibitors, i.e., BDPs and NAPA
analogs were built using both the ligand-based and
receptor-guided alignments to find out the structural
relationship with the activity. We also compared two
alignment schemes, with respect to the internal predictive
ability and the robustness of their respective models for
structurally diverse data sets. As a result, using the ligandbased alignment was superior to that based on the receptor
alignment and the CoMFA models were superior to the
CoMSIA ones. In addition to the structural features of stetic
and electrostatic fields, this article still elucidated the
structural features of hydrogen bond related to the HDM2
activity. The external test validation results indicate that the
CoMFA models could be successfully used for predicting
the inhibitory efficiency of these two classes of compounds.
The optimal models from the BDPs and NAPA analogs
implied the significant roles of electrostatic field effects on
their binding affinity. For the BDP model, the bulky
substituent at ring C played a main contribution to
inhibitory activity. The crucial role of R3 group was
revealed by the fact that it formed strong hydrogen bond
with its receptor and the more potent compounds had bulky
groups at the para position of ring A, small and electronegative groups around ring D. In addition, the non-polarity
of R1 and the polarity of R3 had important effect on the
binding affinity. For the NAPA model, the electropositive
and bulky substituents at ring B had a major impact on the
inhibitory activity, and hydrogen-bond interactions also
improve the compound potency. For the more active
compounds, they possessed bulky and electropositive
groups at ring B, large and non-polar groups at ring A
and electronegative substituents in region O.
In addition, molecular dynamics simulations were also
performed for the docking complexes. The analysis
revealed that the steric, electrostatic, and H-bonding
interactions between ligands and key amino-acid residues
in binding pocket of HDM2 correlated well with CoMFA
analysis and data of the inhibitory activity. The binding
modes showed that for BDPs, the key residues were Gln24,
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Lys51, Gly16, Ser17, Leu54, Gln72, Gly58, Leu57, Val93,
Phe55 and His73. Yet in the NAPA-protein complex, those
key residues changed to Glu25, Thr26, Tyr100, Tyr104,
His96, Leu54, Met50 and Phe55. Further analysis showed
that the CoMFA contour maps had a good correlation with
the docking analysis after MD simulations, further proving
the reliability of the models and promoting the understanding of the ligand-receptor interactions.
In this study, the CoMFA analyses gained some insights
into the key structural factors affecting the bioactivity of
these inhibitors. The excellent predictive ability of the
developed CoMFA models indicated that they could be
used for predicting the IC50 values of this two class of
inhibitors. Furthermore, the CoMFA contour maps along
with the docking results after MD simulation offered
enough information to understand the structure–activity
relationship and identify structural features influencing the
inhibitory activity. Overall, the correlation of the results
obtained from 3D-QSAR, molecular dynamics simulation
and molecular docking studies could, we hope, be served as
a useful guideline for further modification and designing of
new compounds as p53-HDM2 inhibitors.
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