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Abstract The tumor suppressor p53 plays essential role

in conserving stability by preventing genome mutation,

which is inactivated naturally by its negative regulator

MDM2. Thus, targeting p53–MDM2 protein–protein

interaction has been raised as a new cancer therapy in the

medicinal community. In the current study, we report a

successful application of an integrative protocol to design

novel p53-derived peptides with cytotoxicity on human

breast cancer cells. A quantitative structure–activity rela-

tionship-improved statistical potential was used to evaluate

the binding potency of totally 24,054 single- and dual-point

mutants of p53 peptide to MDM2 in a high-throughput

manner, from which 46 peptide mutants with high pre-

dicted affinity and typical helical feature were involved in a

rigorous modeling procedure that employed molecular

dynamics simulations and post-binding energy analysis to

systematically investigate the structural, energetic and

dynamic aspects of peptide interactions with MDM2.

Subsequently, a biological analysis was performed on a

number of promising peptide candidates to determine their

cytotoxic effects on human breast cancer cell line MDF-7.

Six dual-point mutants were found to have moderate or

high activities with their IC50 values ranging from 16.3 to

137.0 lM, which are better than that of wild-type p53

peptide (IC50 = 182.6 lM) and close to that of classical

anticancer agent cis-platin (IC50 = 4.3 lM). Further, the

most active peptide ETFSDWWKLLAE was selected as

parent to further derive new mutants on the basis of the

structural and energetic profile of its complex with MDM2.

Consequently, three triple-point mutants (LTFSDWWKL-

LAE, ESFSDWWKLLAE and ETFADWWKLLAE) were

obtained, and their biological activities (IC50 = 15.1, 27.0

and 8.7 lM, respectively) were determined to be compa-

rable or better than the parent (IC50 = 16.3 lM).
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Introduction

Breast cancer is the most common cause of cancer among

women in both high-resource and low-resource settings,

which is responsible for over one million of the estimated

10 million neoplasms diagnosed worldwide each year

(Bray et al. 2004), accounting for 23 % of the total cancer

cases and 14 % of the cancer deaths (Jemal et al. 2011).

Although some highly successful treatments have been

developed, most breast tumors are resistant to conventional

therapies and a considerable number of them relapse

(Caffarel et al. 2012). Therefore, new strategies are

urgently needed, and the challenge for the future will most

likely be the development of chemotherapeutic agents with

low toxicity and side-effect that can specifically target

patient’s tumors.

The tumor suppressor p53 protein has been found to

play an essential role in the development and progressing

of breast cancer and many other tumors. p53 functions to

eliminate and inhibit the proliferation of abnormal cells,
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thereby preventing neoplastic development. Mutation of

the p53 gene is a common occurrence in breast cancer but

is by no means universal (Coles et al. 1992). Changes, both

genetic and epigenetic, have been identified in regulators of

p53 activity and in some downstream transcriptional tar-

gets of p53 in breast cancer that express wild-type p53

(Gasco et al. 2002). Very recently, the p53 has also shown

predicting role in primary diagnosis to death for visceral

metastasis breast cancer patients (Yang et al. 2013).

In tumors where p53 is not mutated, its function is

inhibited by overexpression of its negative regulator

MDM2, which binds to the N-terminal transactivation

domain of p53. The p53–MDM2 system forms an aut-

oregulatory feedback loop; as a transcription factor p53

interacts with the promoter and increases expression of the

MDM2 gene. In turn, MDM2 protein directly binds to p53

and downregulates the activity of p53 through multiple

mechanisms (Wang et al. 2012). Interference of the p53–

MDM2 interaction should therefore lead to both the

nuclear accumulation and the activation of p53 followed by

the death of tumor cells from apoptosis, and the p53–

MDM2 inhibitors might be attractive new anticancer

agents that could be used to activate wild-type p53 in solid

tumors (Chene 2004).

The p53 binds to MDM2 through a helical motif in its

N-terminal domain (Chi et al. 2005), forming a typical

peptide-mediated interaction (Petsalaki and Russell 2008)

at the p53–MDM2 interface (Fig. 1). Previously, massive

efforts have been addressed on discovery of MDM2 bind-

ing peptides to abolish this interaction. Such experimental

techniques as phage display and peptide library have been

developed to successfully determine the peptide ligands

recognized by MDM2 (Hu et al. 2007). The accuracy of

peptide ligands is still limited by the coverage of the entire

structural space so that most obtained peptides only show

weak affinity and low specificity for MDM2, which thus

cannot be used as good competitors to disrupt the cognate

p53–MDM2 interaction. Later, structure-based design of

peptide antagonists inhibiting the interaction was proposed

based on the high resolution crystal structure of p53–

MDM2 complex architecture (Anil et al. 2013) and,

recently, a systematic Ala scanning mutational analysis and

binding assay of peptide interaction with MDM2 was

reported to elucidate the molecular determinants for pep-

tide activity and specificity (Li et al. 2010). However, it is

too time-consuming and expensive to perform crystallo-

graphic analysis of even a quite limited quantity of

MDM2–peptide systems and, from which, use the binding

assay to identify potent MDM2 binders. Therefore, only

very few peptides and peptidomimetics have been pub-

lished to date that possess affinities towards the p53

binding site of MDM2 in the nanomolar range (Popowicz

et al. 2011).

In the current study, we attempted to systematically

examine the binding behavior of all single-point and dual-

point mutants of the p53 helical motif to MDM2 and, on

this basis, to design p53-derived peptides with cytotoxicity

on human breast cancer cells. To achieve this, we pro-

posed a synthetic bioinformatics protocol that integrated

statistical potential screening, quantitative structure–

activity relationship (QSAR) modeling, atomistic molec-

ular dynamics (MD) simulations and post molecular

mechanics/generalized Born surface area (MM/GBSA)

calculations (Zhou et al. 2013) to investigate the binding

phenomenon of various peptide ligands to MDM2 receptor

at molecular level. We successfully employed this proto-

col to design an array of p53 peptide mutants that have

potential capability to target MDM2 with high affinity,

from which several highly promising candidates were

assayed for their cytotoxicity on breast cancer cell line

MCF-7 to validate results arising from the theoretical

modeling. We also gave a detailed discussion of structural

basis, energetic property and biological implication

underlying the intermolecular interaction between the

MDM2 and its peptide ligands.

Materials and methods

QSAR-improved PPRCP

Recently, Han et al. (2013) have developed a quantitative

structure–activity relationship-improved protein–peptide

residue contact potential (QSAR-improved PPRCP) to

perform high-throughput inference of protein–peptide

binding affinities at structure level. This method was

employed here to evaluate the relative binding strength of

various p53 peptide mutants to MDM2 protein. A brief

description of generating the QSAR-improved PPRCP is

summarized as follows:

Fig. 1 The crystal structure of p53 helical motif in complex with

MDM2 (PDB: 4HFZ), where a typical peptide-mediated interaction

can be observed
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1. A total of 505 unique protein–peptide interface clusters

were collected from the PepX database (Vanhee et al.

2010). These clusters cover 1,431 PDB-deposited

structures containing complexes with peptides bound

to MHC, thrombins, SH3 domains, PDZ domains, a-

ligand-binding domains and others, which have high

crystallographic resolution and appropriate amino acid

composition.

2. The interface of a complex cluster was defined as the

assembly of all contact residues between protein and

peptide; two residues separately coming from protein

and peptide were considered in contact if there was a

hydrogen bond, a van der Waals interaction, or at least

one pair of non-hydrogen atoms separated by a distance

\6 Å between them (Zhou et al. 2010).

3. A knowledge-based statistical potential, namely

PPRCP, was derived from the defined interfaces of

the 505 complex clusters on the basis of classical

potential of mean force (PMF) theory (Mitchell et al.

1999), which describes interaction preference for each

of the 20 9 20 types of residue contact at protein–

peptide interface.

4. The unsupervised statistical potential PPRCP was

calibrated with a supervised QSAR approach based

on a panel of 250 protein–peptide complexes with

experimentally measured affinities and X-ray solved or

computationally modeled structures. The complexes

were assigned into 22 groups; each group contains a

series of cognate peptide ligands that share a common

protein receptor. These complexes are available to

either their own structures in the PDB database

(Berman et al. 2000) or the structures of their cognates

where only the peptide ligands are different from but

analogous to that in the corresponding complexes. For

the latter cases the complex structures were modeled

from their cognates using a computational protocol

described previously (He et al. 2010).

5. The generated QSAR-improved PPRCP predictor was

validated systematically via internal fivefold cross-

validation, external blind test and rigorous Monte

Carlo cross-validation, and has been successfully used

to reproduce protein affinities for 592 human SH3

domain binding peptides and 419 human HLA-A*0201

binding peptides (Han et al. 2013).

Modeling of MDM2–p53 peptide mutant complex

structures

A strategy modified from our recent work (Jin et al. 2013)

was used here to construct the complex structure models of

MDM2 with p53 peptide mutants. The crystal structure of

MDM2 in complex with a wild-type p53 peptide

SQETFSDLWKLLPEN (PDB: 4HFZ) (Fig. 1) was used as

template to generate the complex structure models of MDM2

with other peptide mutants. The core binding sequence of the

wild-type p53 peptide is ETFSDLWKLLPE, which corre-

sponds to the residues 17–28 of p53 protein. The peptide in the

complex crystal structure was truncated into the core binding

sequence, which was used as template to virtually mutate to

other mutants using the SCWRL program (Wang et al. 2008),

an automatic tool that predicts optimal rotamer combination

for the side chains of the target based on template peptide

backbone. The mutated MDM2–peptide complex structure

was subjected to a structure minimization procedure with the

AMBER03 force field (Duan et al. 2003), where the solvent

effect was described using generalized Born (GB) model

(Tsui and Case 2000). The maximum number of minimization

steps was set to 1,500; the first 500 steps were performed with

the steepest descent algorithm, whereas the rest of the steps

were carried out with the conjugate gradient algorithm (Hou

et al. 2008). The whole procedure of SCWRL mutation and

AMBER minimization is illustrated in Fig. 2.

Molecular dynamics simulation and binding free energy

analysis

The modeled MDM2–peptide mutant complex structures

were solvated in GB solvent pool and counter ions Na?

were placed on the basis of Coulombic potential to keep the

whole system neutral. Atomistic molecular dynamics (MD)

simulations were performed to relax and equilibrate the

systems, which consisted of a gradual temperature increase

from 0 to 300 K over 100 ps, a 1 ns simulation for equil-

ibration, and a following 2 ns simulation for data collec-

tion. During the simulations SHAKE algorithm (Ryckaert

et al. 1977) was employed to constrain all bonds involving

hydrogen atoms, particle mesh Ewald (PME) (Darden et al.

1993) was used to characterize long-range electrostatic

interactions, and the time step was set to 2 fs.

The snapshots extracted from the data collection phase

were utilized to perform free energy analysis for binding

peptide mutants to MDM2, which was fulfilled by molec-

ular mechanics/generalized Born surface area (MM/GBSA)

scheme (Kollman et al. 2000). This method considered the

total binding free energy (DGtotal) made up of direct non-

bonded interaction (DEint) and indirect desolvation effect

(DGslv) (Jing et al. 2013). All computations were carried

out with the AMBER03 force field (Duan et al. 2003)

supplied in the AMBER9 package (Case et al. 2005).

Biological assay

Peptides were synthesized by standard Fmoc solid phase

synthesis (Amblard et al. 2006) and fused with a cell-

Design of p53-derived peptides 2017

123



penetrating sequence (Walker et al. 2012). The human

breast cancer cell line MCF-7 was obtained from ATCC.

The peptides were assayed for their cytotoxic effects on

MCF-7 using a protocol modified from a previous report

(Cui et al. 2010). Briefly, peptides were dissolved in

deionized H2O and stored at -20 �C. The MCF-7 cells

were digested with trypsin into a single-cell suspension and

the cell density was adjusted to 2 9 104/mL. Then, 100 lL

cells were cultured in 96 well, which were incubated with

the assayed peptide and, for comparison purpose, cis-platin

for 24 h. Subsequently, 200 lL of MTT and, then, 160 lL

of DMSO were added to each well. The effect was deter-

mined by a microplate reader.

Results and discussion

High-throughput virtual screening of MDM2-binding

peptide mutants

The p53 engages a peptide segment ETFSDLWKLLPE in

its N-terminal domain to interact with MDM2; the segment

is naturally helical and composed of 12 amino acids, cor-

responding to the sequence region 17–28 of p53 protein. In

theory, the 12-residue peptide has totally 19 9 12 = 228

single-point mutants and (19 9 19) 9 (12 9 11)/

2 = 23,826 dual-point mutants, and their complex struc-

tures with MDM2 were one-by-one modeled in a high-

throughput manner. We have visually surveyed the com-

plex structure models and found most of them are very

similar to the crystal structure architecture of MDM2

complexed with wild-type p53 peptide, that is, the peptide

mutants adopt helical conformation to tightly interact with

the p53-binding site of MDM2. The root-mean-square

deviations (rmsd) of backbone atoms of modeled peptide

mutants from that of wild-type p53 peptide were calculated

by superposing the mutants to the wild type, and their

distribution is shown in Fig. 3. As can be seen, the muta-

tions do not influence substantially peptide conformational

profile, as all rmsd values are smaller than 0.6 Å and more

than half of peptide mutants (62.9 %) have only a miner

structural change (rmsd \ 0.2 Å) relative to wild-type

peptide.

Although most of the single- and dual-point mutations

can only address a modest influence on peptide binding

conformation to MDM2, it is not unexpected that some of

which may cast significant effect to MDM2–peptide-

binding strength and specificity. In this respect, we

employed QSAR-improved PPRCP to efficiently estimate

the interaction affinities of the totally 24,054 peptide

mutants with MDM2 on the basis of their complex struc-

ture models. In a previous study, the QSAR-improved

Fig. 2 Modeling of the complex structure of MDM2 with peptide mutant ETFSWLWKLLPE from the template ETFSDLWKLLPE

Fig. 3 The root-mean-square deviation (rmsd) distribution of the

backbone atoms of peptide mutants from that of wild-type p53

peptide

2018 Y. Fang et al.
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PPRCP was demonstrated to be capable of perceiving

slight structural change in peptide interactions with SH3

domain and HLA protein (Han et al. 2013), and we

therefore hope it can work as well on the MDM2–peptide

system. The inference of binding affinity of the numerous

peptide mutants to MDM2 was a fast procedure that had

been done within several hours, from which the predicted

affinities (pKd) for the wild-type p53 peptide and its 12

single-point mutants were compared to experimental val-

ues measured by Li et al. (2010) using a Ala-scan muta-

tional analysis. It is seen from Fig. 4 that, given the

significant correlation of coefficient of determination

r = 0.687, the pKd values predicted using QSAR-improved

PPRCP exhibits a good linear correlation with experi-

mental results. In addition, two mutants, ETAS-

DLWKLLPE and ETFSDLAKLLPE, which were

determined in vitro as weak MDM2 binders, were properly

predicted to have relatively low affinities (pKd = 4.97 and

5.16, respectively) for MDM2.

The histogram distribution of predicted affinity differ-

ences (DpKd = pKmt
d � pKwt

d ) of 24054 peptide mutants

(mt) to the wild-type p53 peptide (wt) is shown in Fig. 5,

which gives a straightforward insight into the change in

p53 peptide affinity upon residue mutations. It is evident

that most mutations (93.3 %) would impair the binding

capability of p53 peptide to MDM2, indicating that the

sequence pattern of wild-type peptide has been evolution-

arily optimized to match well its cognate MDM2 receptor,

and most of slight changes in the pattern would undermine

the well-defined interactions between the peptide and

MDM2. However, there were also a few number of mutants

(6.7 %) that exhibited improved affinities relative to p53

peptide, although the improved values are relatively mod-

erate (DpKd \ 1). A total of 1,612 mutants, including 13

single-point mutants and 1,599 dual-point mutants, were

predicted to possess higher affinity than the wild-type p53

peptide. Because of calculation error and systematic bias,

the minor improvements in predicted affinity could be

regarded as noise and thus were not considered in this

study. Here, only the peptide mutants located within the

maximal bin of DpKd = 0.5 (i.e., DpKd [ 0.375) were

further examined to exploit more potent MDM2 binders,

which include 87 samples.

Fig. 4 a A list of experimental and predicted affinities for wild-type

p53 peptide and its mutants. b The plot of experimental (expl.) against

predicted (pred.) affinities for wild-type p53 peptide and its mutants.

The experimental affinity values were taken from the report of Li

et al. (2010)

Fig. 5 Histogram distribution of the differences in binding affinity

(DpKd) of 24,054 peptide mutants to the wild-type p53 peptide
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According to previous survey of various protein–peptide

complex crystal structures deposited in the PDB database

(Berman et al. 2000), it was suggested that high-activity

peptides are more likely to be pre-organized into helical

configuration in unbound state, thus minimizing the

entropic cost of binding to their protein receptors (London

et al. 2010). In fact, most existing active peptides with

capability of targeting protein–protein interactions are

naturally helical (Jochim and Arora 2009) and, very

recently, a designed peptide drug possessing enhanced

therapeutic potency against the p53–MDM2 system was

structurally constrained into a-helix using hydrocarbon

stapling (Chang et al. 2013). Therefore, we herein

employed the PEP-FOLD server (Thévenet et al. 2012) to

model spatial structures for the 87 predicted high-affinity

mutants as well as wild-type p53 peptide in their free state.

The wild-type peptide was predicted to have a good pre-

organized advanced structure, with helical ratio (hr) of

75 % (9/12 9 100 %). The distribution of predicted helical

ratios for the 87 mutants is shown in Fig. 6a, from which it

is seen that most mutations do not influence substantially

the advanced structure of p53 peptide, but there were few

mutants such as ETFSDLWDLLSE (hr = 41.7 %), ET-

FSDPWKGLPE (hr = 16.7 %) and EHFSRLWKLLPE

(hr = 25 %) that would significantly undermine the helical

configuration (Fig. 6b). In this respect, we excluded those

with hr \66.7 % (8/12 9 100 %) and, as a result, 46

peptide mutants with satisfactory pre-organized helical

structures were selected for subsequent analysis.

MD simulation, MM/GBSA analysis and biological

assay

To quantify the binding strength of p53 peptide and its 46

mutants to MDM2, we employed the post-MM/GBSA

technique to empirically estimate their interaction poten-

cies. The MM/GBSA analysis was performed over various

snapshots extracted evenly from the last 2 ns MD equi-

librium. In this way, the total binding energy DGtotal of a

peptide to MDM2 can be decomposed into direct non-

bonded potential DEint between the MDM2 and peptide,

and the indirect desolvation energy DGslv due to solvent

effect. According to the calculations, the nonbonded

interactions form intensive networks at complex interfaces

that contribute considerably to the total binding energy.

This favorable energetic contribution, however, would be

compensated partially by the unfavorable effect arising

from desolvation penalty due to the binding, resulting in a

wide spectrum of the MDM2–peptide binding free energies

(DGtotal ranges from *-80 to -160 kcal/mol).

Eight peptide mutants with significant binding energy

(DGtotal \ -120 kcal/mol), high affinity (pKd [ 7.4) and

large helical ratio (hr [ 60 %) were considered as highly

promising candidates, which were synthesized, purified and

assayed to determine their cytotoxicity on breast cancer cell

line MCF-7, and the resulting IC50 values as well as other

relevant information are provided in Table 1. Satisfactorily,

six of these assayed peptides (ETFSDWWKLLVE, ES-

FSDLWKLLAE, ETFADYWKLLPE, ETFVDLWKLLAE,

Fig. 6 a The distribution of predicted helical ratios for the 87 predicted high-affinity peptide mutants. b Some examples of peptide mutants with

low helical ratio (hr)
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LTFSDFWKLLPE and ETFSDWWKLLAE) were mea-

sured to possess suppressing potency against MCF-7, albeit

other two mutants (ETFSDLWNLLTE and ETFSELWKL-

IPE) have no observable activity in the biological assay. It is

known that the cytotoxicity is not only determined by the

direct interaction between MDM2 and peptide, but also

contributed from some other factors such cell permeation

and metabolism. Therefore, the two inactive peptides might

be good binders of MDM2 but bad attackers of breast cancer

cells. The IC50 values of six potent peptides range from 16.3

to 137.0 lM, which are better than that of wild-type p53

peptide (IC50 = 182.6 lM) and close to that of classical

anticancer agent cis-platin (IC50 = 4.3 lM).

Further, we have investigated the linear correlations of

experimentally measured activity (pIC50) with theoretically

derived affinity (pKd), helical ratio (hr) and binding free

energy (DGtotal) for p53 peptide and its six active mutants.

As shown in Fig. 7, the pKd, hr and DGtotal exhibit mod-

erate, low and high correlations with pIC50 (their Pearson

coefficients Rp are 0.684, -0.187 and -0.776, respec-

tively), indicating that the DGtotal could be used as a good

predictor for peptide activity. When we performed multiple

linear regression for pIC50 with pKd, hr and DGtotal, a more

significant correlation was obtained (Eq. 1), although the

good fitting ability does not mean a strong predictive power

if considering that only limited samples were used to derive

the regression.

pIC50 ¼ 3:14þ 0:49� pKd � 5:5� hr� 0:12 � DGtotal

r ¼ 0:805;F ¼ 5:14; p ¼ 0:106ð Þ
ð1Þ

Structure-based modification of peptides

The mutant ETFSDWWKLLAE (mt_L22 W/P27A)

showed significant cytotoxic effect on MCF-7

(IC50 = 16.3 lM). Based on its sequence pattern, this

peptide was modified separately with mutations E17L,

T18S and S20A—these three mutations were found to be

capable of improving the biological activity of p53 peptide,

as shown in Table 1. As a result, three new triple-point

mutants LTFSDWWKLLAE (mt_E17L/L22 W/P27A),

ESFSDWWKLLAE (mt_T18S/L22 W/P27A) and ET-

FADWWKLLAE (mt_S20A/L22 W/P27A) were obtained,

and their affinities pKd, helical ratios hr and binding free

energies DGtotal to MDM2 were calculated to list in

Table 1. As can be seen, the pKd and DGtotal of the three

modified mutants exhibit a moderate or considerable

improvement as compared to the parent peptide

mt_L22 W/P27A, although hr has no substantial change for

these mutants. Further, we performed in vitro assay to

determine biological activities for the mutants, resulting in

IC50 values of 15.1, 27.0 and 8.7 lM, respectively. As

might be expected, the activity changes are not very sig-

nificant upon the mutations; the IC50 values of mutants

mt_E17L/L22 W/P27A and mt_S20A/L22 W/P27A are

improved modestly and moderately, respectively, relative

to that of parent mt_L22 W/P27A, whereas the mt_T18S/

L22 W/P27A displays lower biological activity than the

parent.

By visually examining the nonbonded interactions

across the complex interface of different peptide mutants as

well as wild-type p53 peptide with MDM2 (Fig. 8), it is

found that the L22 W/P27A dual mutation could introduce

a number of van der Waals contacts and hydrophobic

interactions into the complex system and, in particular, the

aromatic ring of the mutated W22 residue can form a

Table 1 A list of eight putative

high-activity peptide mutants,

three modified peptide mutants

as well as the wild-type p53

peptide and cis-platin for

comparison

a The mutated residues are

colored in red

Peptide Prediction Calculation (kcal/mol) Experiment

Name Sequencea pKd hr (%) DEint DGslv DGtotal IC50 (lM)

cis-Platin – – – – – – 4.3

wt 17ETFSDLWKLLPE28 6.83 75 -168.3 64.2 -104.1 182.6

mt_L22 W/P27 V ETFSDWWKLLVE 7.74 75 -173.7 49.0 -124.7 69.4

mt_K24 N/P27T ETFSDLWNLLTE 7.58 66.7 -189.2 52.9 -136.3 Inactive

mt_T18S/P27A ESFSDLWKLLAE 7.62 83.9 -170.0 30.8 -159.2 58.9

mt_S20A/L22Y ETFADYWKLLPE 7.76 66.7 -170.9 30.7 -140.2 21.6

mt_D21E/L26I ETFSELWKLIPE 7.57 75 -187.7 41.0 -146.7 Inactive

mt_S20 V/P27A ETFVDLWKLLAE 7.79 83.9 -177.9 39.4 -138.5 34.4

mt_E17L/L22F LTFSDFWKLLPE 7.52 75 -178.6 52.5 -126.1 137.0

mt_L22 W/P27A ETFSDWWKLLAE 7.70 75 -191.2 43.2 -148.0 16.3

mt_E17L/L22 W/P27A LTFSDWWKLLAE 7.76 75 -196.4 43.9 -152.5 15.1

mt_T18S/L22 W/P27A ESFSDWWKLLAE 7.72 66.7 -194.5 47.3 -147.2 27.0

mt_S20A/L22 W/

P27A

ETFADWWKLLAE 7.74 75 -196.5 28.2 -168.3 8.7
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geometrically satisfactory cation–p interaction with Lys94

residue of MDM2. These observed additional nonbonded

effects are used to explain the significant enhancement in

peptide activity due to the mutation of wild-type p53

peptide to the mutant mt_L22 W/P27A (IC50 value

decreases from 182.6 to 16.3 lM). A further mutation

E17L, T18S or S20A would alter slightly the local struc-

tural arrangements and nonbonded profiles of complex

interface, leading to a moderate change in peptide activity

(IC50 value changes from 16.3 to 15.1, 27.0 or 8.7 lM).

The E17L mutation could enhance hydrophobic potential

for MDM2–peptide system, but this mutation is located at

Fig. 7 The plots of experimentally measured activity (pIC50) against theoretically determined affinity (pKd) (a), helical ratio (hr) (b) and binding

free energy (DGtotal) (c) for p53 peptide and its six active mutants

Fig. 8 Schematic representation of the mutation procedure of wild-

type p53 peptide to dual-point mutant mt_L22 W/P27A and, further,

to triple-point mutants mt_E17L/L22 W/P27A, mt_T18S/L22 W/

P27A and mt_S20A/L22 W/P27A. The nonbonded interactions across

the complex interface of MDM2 with p53 peptide and its mutants

were generated using the 2D-GraLab program (Zhou et al. 2009)

based on MD equilibrated complex structure models

2022 Y. Fang et al.
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the N-terminus of peptide and thus can only confer a quite

modest effect for the complex (IC50 value improves from

16.3 to 15.1 lM); the T18S mutation does not have any

observable influence on the nonbonded profile of complex,

but associated activity shows a minor reduction upon the

mutation (IC50 value increases from 16.3 to 27.0 lM); the

S20A mutation results in a perceivable increase in peptide

activity (IC50 value changes from 16.3 to 8.7 lM), which

improves the packing density of nonpolar contacts at the

complex interface and defines a number of weak chemical

forces such as hydrophobic interactions with the residues

Trp67, Val75 and Val93 of MDM2 (Fig. 9).

Conclusions

In the current study, we have proposed a synthetic pipeline

to design novel p53-derived peptides with high potency to

target the p53–MDM2 interaction that promotes tumor

development and progression. In the procedure, a knowl-

edge-based statistical potential that was derived from pro-

tein–peptide interface clusters and improved by protein–

peptide complexes with experimentally measured affinities

was applied to high-throughput virtual screening of all

single- and dual-point mutants of p53 peptide. As a result,

46 peptide mutants with both high predicted affinity and

large helical ratio were examined in detail using atomistic

MD simulations and post-MM/GBSA analysis, from which

a number of highly promising mutants were selected to

perform biological assay to determine their cytotoxicity on

human breast cancer cells. As might be expected, most of

the assayed mutants exhibited moderate or high biological

activity, some of which showed cytotoxic effects even

close to that of classical anticancer agent cis-platin. Fur-

ther, we have modified the most active peptide, a dual-

point mutant, with three potential single-point mutations,

separately resulting in three triple-point mutants. Biologi-

cal analysis demonstrated that one of the three mutants

received substantially enhanced activity due to the muta-

tion, which can be explained well at molecular level by

analyzing nonbonded interactions across the complex

interface of MDM2–peptide system.
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