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Abstract A new structure-based approach was proposed

to quantitatively characterize the binding profile of human

amphiphysin-1 (hAmph1) SH3 domain–peptide com-

plexes. In this protocol, the protein/peptide atoms were

classified into 16 types in terms of their physicochemical

meaning and biological function, and then a 16 9 16 atom-

pair interaction matrix was constructed to describe 256

atom-pair types between the SH3 domain and the peptide

ligand, with atoms from peptide and SH3 domain served as

the matrix columns and rows, respectively. Three non-

covalent effects dominating SH3 domain–peptide binding

as electrostatic, van der Waals (steric) and hydrophobic

interactions were separately calculated for the 256 atom-

pair types. As a result, 768 descriptors coding detailed

information about SH3 domain–peptide interactions were

yielded for further statistical modeling and analysis. Based

on a culled data set consisting of 592 samples with known

affinities, we employed this approach, coupled with partial

least square (PLS) regression and genetic algorithm (GA),

to predict and to interpret the peptide-binding behavior to

SH3 domain. In comparison with the previous works, our

method is more capable of capturing important factors in

the SH3 domain-peptide binding, thus, yielding models

with better statistical performance. Furthermore, the

optimal GA/PLS model indicates that the electrostatic

effect plays a crucial role in SH3 domain–peptide com-

plexes, and steric contact and hydrophobic force also

contribute significantly to the binding.

Keywords hAmph1 SH3 domain � Peptide � Non-binding
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Introduction

Many biological processes are regulated through associa-

tion and dissociation of proteins. These processes include

but not restricted to hormone-receptor binding, protease

inhibition, antigen–antibody recognition, signal transduc-

tion, enzyme-substrate binding, vesicle transport, RNA

splicing, and gene activation (Keskin et al. 2004). Often

protein–protein interactions are fulfilled by the means of

protein recognition modules, i.e. well-conserved domains

characterized by a specific function and interaction with

short peptides. The Src homology 3 (SH3) domain is a

small protein domain of about 50 amino acid residues first

identified as a conserved sequence in the non-catalytic part

of several cytoplasmic protein tyrosine kinases (e.g. Src)

(Stahl et al. 1988). Since then, it has been found in a great

variety of other intracellular or membrane-associated pro-

teins. The SH3 module might mediate the assembly of

specific protein complexes by binding to proline-rich

peptides (Fig. 1). Mutagenesis studies on 3BP1 and 3BP2

proteins have revealed that SH3 ligands are characterized

by a PXXP motif and recognize the SH3-binding pocket in

a polyproline helix type-II conformation in one of two

opposite orientations (Ren et al. 1993). Although the SH3

domain plays essential roles in diverse biological processes
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such as increasing local concentration of proteins, altering

their subcellular location and mediating the assembly of

large multi-protein complexes, its function is not well

understood today due to the complexity of SH3 domain-

participating interaction networks which involve in enor-

mous cellar processes.

Accurate identification of the SH3 domain-binding

ligands, i.e. short peptide fragments, is the first step to

understand the molecular mechanism of diverse biological

roles that SH3 domain plays, and several experimental

methods such as yeast two hybrid (Ito et al. 2002; Tong

et al. 2002), peptide library (Rickles et al. 1994, 1995), and

SPOT synthesis (Reineke et al. 2001; Santonico et al.

2005) have been developed for achieving this purpose.

Although the experimental approach can give a conclusion

on which peptides the SH3 domain binds and how strong

the binding is, it is too time consuming and expensive to

synthesize all potential peptides in a complete proteome

and to perform the SH3 domain–peptide-binding assay to

identify the SH3-binding partners (Hou et al. 2006a, b).

Alternatively, the computational approach provides a

promising way to straightforwardly elucidate the structural

basis of SH3 domain–peptide interactions and to rapidly

predict the binding affinities. A number of qualitative

methods have been proposed to identify SH3 domain-

binding peptides in protein primary sequences. For exam-

ple, Brannetti et al. (2000) constructed a position-specific

contact frequency matrix based on the crystal data and

applied it to assess the probability that a peptide would

bind the given SH3 domain. Zhang et al. (2006) employed

machine-learning approaches coupled with structure data

to build sequence-sensitive predictors for inferring inter-

action specificity between the SH3 domain and peptides.

Ferraro et al. (2007) presented a web server called SH3-

Hunter for the recognition of putative SH3 domain inter-

action sites on protein sequences, this tool evaluates which

peptide–domain pair is a possible interaction pair and

produces as output a list of significant interaction sites for

each query protein. Recently, researchers were turning

their interest to the quantitative prediction of binding

affinity of SH3 domain–peptide complexes. In the work of

Liang et al. (2008), a set of FASGAI descriptors derived

from factor analysis of 335 physicochemical properties

were used to quantitative structure–affinity relationship

(QSAR) modeling of 2,018 SH3 domain–peptides. Zhou

et al. (2008) employed genetic algorithm–Gaussian pro-

cesses (GA–GP) to mine hidden dependences in the SH3

domain–peptide complex system and found that the bind-

ing was co-contributed by diverse properties. More sig-

nificantly, in a series of publications by Hou et al. (2006a,

2008, 2009) the structure-based approach was used in

characterization of SH3 domain–peptide interaction inter-

face, and based on the obtained interaction information

they developed several 3D QSAR models such as CoMFA,

CoMSIA and MIEC to model the peptide affinity for the

binding pocket of SH3 domain.

By comparing sequence-based approaches described by

Liang et al. (2008) and Zhou et al. (2008) with structure-

based approaches suggested by Hou et al. (2006a, 2008),

we found that the structure-based approaches, although not

statistically better than sequence-based approaches, can

give intuitive insights into the interaction profile and

binding behavior between the SH3 domain and its peptide

ligands by adding structure information of receptor–ligand

complexes to theoretical models, thus benefiting the design

of peptidomimetic inhibitors of SH3 domain-containing

proteins. In the present study, we propose a new approach

for predicting and explaining the interaction behavior of

peptides bound to the human amphiphysin-1 (hAmph1)

SH3 domain. This method codes the information on non-

covalent interaction fields extracted from the protein–

peptide-binding interfaces and classifies them into 768

components in terms of 256 atom-pair types and three

interaction manners. Subsequently, the partial least squares

(PLS) regression, with or without GA-variable selection,

was employed to correlate the non-covalent interaction

parameters with the binding affinity of peptide ligands.

Using this approach, we successfully developed several

structure-based models for a set of hAmph1 SH3 domain-

binding peptides with known affinities, and we also

explored the structural implication of hAmph1 SH3

Fig. 1 Stereoview of the hAmph1 SH3 domain–peptide complex.

The complex structure was constructed using homology modeling

technique (Hou et al. 2006a, b)
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domain–peptide interfaces at atom level and the physico-

chemical meaning of the binding processes. We expect that

this receptor structure-based method could be applied to

other protein–peptide interactions as well.

Methods

Atom classification and atom-pair types

The 20 amino acids in proteins and peptides consists of

five elements as carbon (C), nitrogen (N), oxygen (O),

sulfur (S) and hydrogen (H). In folded proteins, atoms

and groups bear distinct properties that are determined

by self-state and local environment. For example, the

C of sp3 hybridization conducts an electron-donator,

whereas sp2-hybridizated C performs electron-withdraw-

ing behavior. Based on the previous works (Gerstein

et al. 1995; Li and Nussinov 1998; Lazaridis and Karplus

1999; Seeliger and de Groot 2007), here we classified the

atoms of proteins into 16 types in terms of their physi-

cochemical property and biological function. In this

classification, the first emphasis is laid on the non-cova-

lent-forming ability of atoms; for instance, the charged N

and O can form salt bridges between them (Kumar and

Nussinov 2002), and the polar H can be hydrogen-bonded

with N, O and S atoms (McDonald and Thornton 1994).

Secondly, the atomic hybridization states are further

distinguished. Finally, the influence from neighbors is

considered. The classification results are listed in Table 1,

and the column ‘priority’ defines the classification pri-

ority of those atoms possessing multiple attributes; for

example, the H attached to Ne of Trp is both polar and

aromatic, and according to the priority it should be

classified as polar H.

From the classification results, it is evident that, in SH3

domain–peptide complex, atom-pair types between the

protein receptor and the peptide ligand are at most

16 9 16 = 256. The interaction information of these atom

pairs accurately codes the binding profile of SH3 domain

complexed with its peptide ligand.

Non-covalent interactions between SH3 domain

and peptides

In a previous report, Hou et al. (2006b) demonstrated that

the electrostatic interactions and van der Waals contacts

contribute significantly to SH3 domain–peptide associa-

tion, and this conclusion was further confirmed by Zhou

et al. (2008). In addition, Liang et al. (2008) found the

hydrophobicity was responsible for the binding. Therefore,

here we only considered the three effects of electrostatic,

van der Waals and hydrophobic interactions in the coding

procedure. Although a number of studies revealed that

hydrogen bonds also play an important role in proteins/

peptides binding to SH3 domain (Pisabarro and Serrano

1996; Matsuda et al. 1996; Wittekind et al. 1997), we did

not explicitly treat this non-covalent type in the atom-pair

coding. This is due to (1) hydrogen bond potentials cannot

be calculated accurately by available empirical approaches,

(2) it is difficult to properly discriminate hydrogen bonds

from close dipole–dipole and long-range electrostatic

interactions in complex biological environment, and (3)

weak hydrogen bond potentials can be reproduced by the

combination of Coulomb and Lennard–Jones terms and, for

computational convenience, many force fields adopted this

scheme to bypass the explicit calculation of hydrogen

bonding (Cornell et al. 1995; Jorgensen et al. 1996;

MacKerell et al. 1998).

Electrostatic interaction

Electrostatic roles in biomolecular stability and association

process have been investigated intensively (Honig and

Nicholls 1995), and many studies demonstrated that the

electrostatic effect, together with hydrophobic force, con-

tribute major factors to protein folding and protein–protein/

nucleic acid recognitions (Perutz 1978; Pace et al. 2000;

Vizcarra and Mayo 2005). Electrostatic potential (EP)

between two point charges can be accurately described by

classical Coulomb’s law that the EP is proportional to

atomic charges and reciprocal of distance.

Table 1 Classification of the atoms in proteins and peptides into 16

types

Priority Type Description Example

1 Hc Charged H The H attached to Nf of Lys

2 Hp Polar H The H attached to backbone N

3 Ha Aromatic H The H in benzene ring of Phe

4 H Aliphatic H The H attached to Cb, Cc, and Cd
of Leu

5 C* Amide C The Cc of Asn

6 Cc Charged C The Cf of Arg

7 Ca Aromatic C The C in benzene ring of Phe

8 Cp Polar C The Ce of Lys

9 C Aliphatic C The Cb, Cc, and Cd of Leu

10 N* Amide N The Cd of Asn

11 Nc Charged N The Ng of Lys

12 Na Aromatic N The Ne of Trp

13 O* Amide O The Od of Asn

14 Oc Charged O The Oe of Glu

15 Oh Hydroxyl O The Oc of Ser

16 S All S The Sc of Cys and the Sd of Met
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EPij ¼ jE

qiqj

e0dij
ð1Þ

where subscripts i and j denote the atoms from protein

receptor and peptide ligand, respectively. qi is the partial

charge of atom i, dij is the distance between atoms, i and j.

e0 is the dielectric constant and usually defined as a dis-

tance-dependant form e0 = dij jE, the constant term of this

equation. In this study, the AMBER charge was used as the

atomic partial charge (Cornell et al. 1995).

van der Waals interaction

The van der Waals interaction, although transient and

weak, can provide an important component of protein

structures because of their sheer number. Most atoms of a

protein are packed sufficiently close to others to be

involved in transient van der Waals attractions (Roth et al.

1996). The formula of this interaction type is commonly

expressed as the Lennard–Jones 12–6 potential (LP) that

consists of a repulsive term and an attractive term.

LPij ¼ ‘ij

D�ij
dij

� �12

�2
D�ij
dij

� �6
" #

ð2Þ

where ‘ij and D�ij are potential well and contacting distance

between atom i and j, respectively, and can be determined

using the empirical mixing rules (known as the Lorentz–

Berthelot rules): ‘ij ¼
ffiffiffiffiffiffiffiffiffi
‘ii‘jj

p
and D�ij ¼

D�iiþD�jj
2

(Basdevant

et al. 2007). The ‘ii and D�ii separately indicate potential

well coefficient and van der Waals diameter of sole atom i,

and in this work their values are taken from the AMBER

parm96 [note that the ‘ij and D�ij are combined in AMBER

(Cornell et al. 1995)].

Hydrophobic interaction

Hydrophobic interaction is very important in the folding

and packing of proteins, while it is not easy to be tested

experimentally due to the hydrophobicity involves both

the enthalpy and entropy effects. Israelachvili and

Pashley (1982) demonstrated that the strength of hydro-

phobic interaction between two molecules was an

exponential distance-dependent form, proportional with

the inherent hydrophobicity of interacting atoms. An

empirical equation was further proposed to quantitatively

describe the hydrophobic potential (HP) (Zhou et al.

2007).

HPij ¼ � Siqi þ Sjqj

� �
e�dij ð3Þ

where q represents the inherent hydrophobicity of atoms

and can be measured using Eisenberg’s scale (Eisenberg

and McLachlan 1986). S is atomic solvent accessible sur-

face area, and we used the MSMS program (Sanner et al.

1996) to compute it for each atom in SH3 domain–peptide

complexes.

Partial least squares regression

Partial least squares regression have been successfully

applied in several 3D-QSAR methods such as CoMFA

(Cramer et al. 1988), CoMSIA (Klebe et al. 1994) and HASL

(Doweyko 1988), and here we employed it to correlate the

coded non-covalent information with the binding affinity of

SH3 domain–peptide complexes. The detailed description of

PLS algorithm can be found in the previous publications

(Geladi and Kowalski 1986; Wold et al. 2001).

Overview of the method

The flow of our method is shown in Fig. 2. It starts at the

definition of the interaction region in SH3 domain–peptide

complexes. This is required to accurately identify every

residue contributing to receptor–ligand binding. Common

methods used for identifying protein–protein/peptide-

binding interfaces include Voronoi polyhedra-based

approach, changes in solvent accessible surface area, and

various radial cutoffs (Zhou et al. 2009a). Here, we adopted

the suggestion by Fischer et al. (2006): two residues

respectively from the receptor and the ligand would be

considered in contact if there is at least one pair of non-

hydrogen atoms in 6 Å between them. Using this protocol,

we can readily define the interfacial residues of SH3

domain interacting with peptides.

By this procedure, residues in the peptide-binding

pocket of SH3 domain were determined. Then three atom-

pair interaction matrixes with 16 9 16 orders were sepa-

rately constructed to describe electrostatic, van der Waals

and hydrophobic interactions between the peptide-binding

pocket of SH3 domain and peptide ligands; atoms from

peptides were defined as the columns, and those from SH3

domain as the rows (a column or a row represents an

atomic type in peptide or SH3 domain). By the method

described in ‘‘Non-covalent interactions between SH3

domain and peptides’’, there were totally 3 (16 9 16) =

768 elements included in the three matrixes, and they

corporately encoded the interaction information in a SH3

domain–peptide complex. Taken these information as the

independent X, PLS was employed to build linear regres-

sion models with dependent Y (binding affinity) and to

explore the underlying relationship.

Material preparation

Landgraf et al. (2004) used the phage display coupled with

SPOT synthesis to identify peptides in yeast proteome

1212 P. He et al.

123



binding to eight yeast SH3 domains and peptides in human

proteome binding to two human SH3 domains. The SPOT

signal intensity of each peptide was measured in Boeh-

ringer light units (BLUs). In their work, 2,031 decapeptides

with potential to bind to the hAmph1 SH3 domain were

synthesized and assayed. Considering that the BLUs only

indirectly reflect the peptide-binding affinity, and that its

experimental value also involves strong noise and other

undetermined factors, Zhou et al. (2008) have suggested

two criteria to filter these samples for the purpose of reli-

ability: (1) there should be at least two measurements for

each peptide, and (2) the standard deviation of the repeated

measurements should be less than half of the average

value. Applying these criteria, 592 peptides were selected

for further analysis (provided in Supporting Information).

The models of hAmph1 SH3 domain–peptide complex

structures were constructed according to the strategy pro-

posed by Hou et al. (2006a, 2008). Briefly, the SH3

domain–peptide PLPRRPPRAA complex structure was

modeled by homology modeling and molecular mechanics

optimization, then the template peptide PLPRRPPRAA

was virtually mutated to the other sequences. Subse-

quently, energy minimization for each complex was carried

out using AMBER 9.0 (Cornell et al. 1995); the maximum

number of minimization steps was set to 3,000. The first

500 steps were performed with the steepest descent algo-

rithm, whereas the rest of the steps were performed with

the conjugate gradient algorithm. In this procedure, the

solvent effect was considered using the generalized Born

model (IGB = 2). A detailed description of this procedure

Fig. 2 The flow of the non-binding information-coding algorithm.

First, the interaction region in SH3 domain-peptide complex is

detected. Secondly, the electrostatic, van der Waals and hydrophobic

interactions between the SH3 domain and the peptide are separately

calculated for all 256 atom-pair types, thereby yielding three atom-

pair interaction matrixes. Finally, 768 independent variables involved

in the three atom-pair interaction matrixes are correlated with the

binding affinity by the PLS approach
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can be found in the works of Hou et al. (2006a, 2008). By

this way, all 592 SH3 domain–peptide complex structures

were in turn constructed.

Results and discussion

Statistical modeling and analysis

A reliable statistical model should undergo rigorous vali-

dations. Previous studies show that the high value of cross-

validation q2 appears to be the necessary but not the suf-

ficient condition for a QSAR model to have high-predictive

power, and the external validation is the only way to

establish reliable models (Golbraikh and Tropsha 2002).

Therefore, the 592 peptides were split into two parts, a

training set used for generating models and a test set for

validating the models constructed on the training set. The

underlying goal at this step is to ensure that both the

training and test sets separately span the whole structure

space occupied by the entire data set and the chemical

domains in the sets are not too dissimilar (Tropsha et al.

2003). We employed a recently published Monte Carlo-

based SpScore method to perform data set splitting (Zhou

et al. 2009b). This method attempts to find the optimal

solution for the splitting, yielding maximum of diversity in

training and test sets and a minimum of dissimilarity

between the training and test sets. Using this procedure, 92

peptides were selected from the entire data set to serve as

test set; the remaining 500 samples thus composed the

training set (see Supporting Information). It is worth noting

that which method used for splitting data set is not

important, since there are a large number of available

hAmph1 SH3 domain-binding peptides.

To test the importance of the three non-covalent types of

association, and of their interactions, in SH3 domain-peptide

binding, we investigated the performances of different

combinations of electrostatic, van der Waals, and hydro-

phobic effects. The statistics of resulting models are listed in

Table 2, in which some uncertainties may be imposed by the

limited data set. By comparing models constructed sepa-

rately by electrostatic, van der Waals and hydrophobic

effects and their combinations, the model involving elec-

trostatic descriptors was demonstrated to be statistically

satisfactory. The model ME had significantly superior fitting

and predictive ability to MH and MS, while the model MS?H

is inferior to ME?S and ME?H in modeling performance.

Therefore, we assumed that electrostatics played important

roles in SH3 domain-peptide binding. This assumption is

consistent with the previous reports (Hou et al. 2006b). In

addition, the model ME?S?H including three kinds of non-

covalent effects is the best in fitting ability, stability and

predictive ability, suggesting that, in addition to the elec-

trostatic interaction, van der Waals and hydrophobic effects

also have contributions to the binding that cannot be

neglected, and inclusion of these contributions could further

improve the modeling performance.

Further analysis of the model ME?S?H is as follows.

From the original 768 variables, six significant principal

components were extracted by PLS that explained 75.8%

of the variance for dependent variable Y, and predicted

66.5% of the variance for Y by cross-validation. Then, the

model was used as a predictor for test set samples, pre-

dicting 62.6% of the variance for test Y. Figure 3 shows the

calculated and predicted affinities for 500 training samples

and 92 test samples by model ME?S?H versus their

experimental values. This model better describes the

activity of most peptides with low and medium affinities,

while underestimating some high-affinity peptides. Similar

findings have already been reported (Liang et al. 2008;

Zhou et al. 2008). For example, Zhou et al. (2008) con-

structed predictors for SH3-binding peptides separately by

Table 2 Statistics of the models constructed using different combinations of non-covalent types and modeling methods

Model Combination NC Training set Test set

r2 RMSEE q2c RMSCVa qext
2 RMSEP

ME E 4 0.614 0.565 0.538 0.619 0.511 0.635

MS S 6 0.573 0.589 0.492 0.643 0.477 0.653

MH H 3 0.596 0.575 0.529 0.622 0.497 0.648

ME?S E ? S 6 0.687 0.502 0.616 0.563 0.584 0.588

ME?H E ? H 5 0.712 0.477 0.630 0.524 0.607 0.568

MS?H S ? H 5 0.621 0.558 0.559 0.603 0.534 0.610

ME?S?H E ? S ? H 6 0.758 0.446 0.665 0.502 0.626 0.554

M*E?S?H
b E ? S ? H 8 0.798 0.408 0.722 0.463 0.705 0.493

E electrostatic effect, S steric effect, H hydrophobic effect, NC number of significant components in the constructed PLS models
a Tenfold cross-validation
b Assisted by GA-variable selection
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linear PLS method and nonlinear ANN, SVM and GP

methods, and the results showed that nonlinear methods

outperformed the linear ones. Therefore, we believed that

simple linear models are not suitable for an appropriate

modeling of the binding behavior of some peptides (espe-

cially the high-affinity peptides) due to the nonlinear

complexity of SH3 domain-peptide binding.

GA-variable selection

Genetic algorithm is a widely employed variable selection

tool that has been successfully used in many QSAR studies

(Cho and Hermsmeier 2002). We combined the PLS with

GA-variable selection (GA/PLS) to construct more robust

models for predicting and explaining the binding behavior

of peptides. GA/PLS was performed using Matlab tool-

boxes GATBX (Genetic Algorithm Toolbox for MATLAB,

University of Sheffield, UK) and ChemoAC (ChemoAC

Calibration Toolbox, VICIM, Belgium). As a result, a

variable subset consisting of 267 descriptors were extracted

from the initial descriptor pool (which consists of 768

descriptors), in which 129 ones are electrostatic terms, 57

ones are steric terms, and 81 ones are hydrophobic terms.

The calculated results and statistics of this improved model

ME?S?H
* are shown in Fig. 4 and Table 2. By GA-variable

selection, modeling performance was advanced noticeably,

having its fitting ability r2, cross-validated q2 and the

predictive qext
2 on external test set increased to 0.798, 0.722

and 0.705, respectively. By comparing Figs. 3 and 4, it is

found that the ME?S?H
* was able to correctly describe the

samples possessing large calculated errors in the ME?S?H,

and therefore the ME?S?H
* , compared with ME?S?H, has

few large-error predictions. In the interaction region in SH3

domain–peptide complex, different sites and properties

show distinct contributions to the peptide binding, while

via GA-variable selection procedure, those descriptors

Fig. 3 Calculated and predicted affinities for a 500 training samples and b 92 test samples by model ME?S?H versus their experimental values

Fig. 4 Calculated and predicted affinities for a 500 training samples

and b 92 test samples by model ME?S?H
* (by GA-variable selection.

Population size: 250, mutation rate: 1.0%, fitting function: 10-fold

cross-validation, variable preprocessing: autoscaling) versus their

experimental values
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unrelated with the binding are eliminated, thus, signifi-

cantly improving the statistical quality of models.

In the 267 descriptors obtained by GA-variable selection

129 are electrostatic terms, accounting for almost a half of

the total; while steric terms and hydrophobic terms are 57

and 81, respectively. Hence, the electrostatic effect was

further confirmed to play a dominant role for the peptide

binding, while van der Waals contact and hydrophobic

force also play partial roles. In addition, atom pairs

aliphatic H–aliphatic C, charged H–charged O, polar

H–aminoacyl N, polar C–charged N, aromatic H–aromatic

C, polar C–hydroxyl O possess large contributions to the

model ME?S?H
* , and all of them have their variable

importance in the projection (Wold et al. 2001) of PLS

above 1. It can be seen that atom pairs possessing signifi-

cant contributions are mainly associated with polar and

charged atoms, while hydrophobic contacts (e.g. aliphatic

H–aliphatic C) and van der Waals stacking (e.g. aromatic

H–aromatic C) also have some contributions.

Comparison to previous studies

On the SH3 domain-binding peptide data set, Hou et al.

(2006a, b), Liang et al. (2008) and Zhou et al. (2008) had

used different modeling methods to conduct QSAR studies

at 2D and 3D levels. Here, we made a brief comparison of

the current work with their modeling results. Table 3 lists

the optimal models by different researches (the optimal

model is referred to the best predictor on test set). Hou

et al. (2006a, b) used CoMFA and CoMSIA to systemati-

cally explore the quantitative correlation between different

molecular interaction fields (e.g. electrostatic field, steric

field, hydrogen bond donor field, etc.) and peptide-binding

affinity. Without variable selection, their models were

relatively poor in statistical quality (predictive qext
2 of the

optimal CoMSIA model was 0.624). Subsequently, they

further taken into account the structure information of

receptor and the modeling performance was slightly

improved (qext
2 = 0.643) (Hou et al. 2008). Liang et al.

(2008) used factor analysis and GA-variable selection to

perform QSAR modeling on a large-scale data set. Owing

to the strong noise included in their unfiltered sample set,

resulting models were significantly poor in predictive

ability (qext
2 = 0.533). Very recently, Zhou et al. (2008)

culled a SH3-binding peptide data set and used nonlinear

Gaussian process coupled with GA (GA/GP) to construct

models. By this procedure, the modeling performance was

improved remarkably (qext
2 = 0.697). Based on the data set

of Zhou et al., we further introduced the information about

the non-covalent interaction of SH3 domain with peptides

into the modeling procedure, therefore, yielding a more

predictable model with qext
2 = 0.705.

Conclusions

This study proposed a new method to characterize the

binding profile of SH3 domain–peptide complexes. Based

on physicochemical properties and biological functions,

protein/peptide atoms were divided into 16 kinds, and

thereby 256 atom-pair types between ligand and receptor

were defined. On this basis, 768 descriptors on atom-pair

non-covalent interaction were yielded to describe electro-

static, van der Waals and hydrophobic interactions for 256

atom-pair types. We used this approach, coupled with PLS

and GA/PLS, to model, predict and interpret a culled data

set consisting of 592 hAmph1 SH3 domain-binding pep-

tides. In comparison with the previous studies, the current

study is statistically satisfactory, especially a good pre-

dictor on external test set. By analyzing the models

Table 3 Comparison between the models constructed in this work and previous studies

Method Modeling tool References Training set Test set

Samples r2 q2 Samples qext
2

CoMFAa PLS Hou et al. (2006a, b) 200 0.746 0.633b 684 0.578

CoMSIAa PLS Hou et al. (2006a, b) 200 0.767 0.636b 684 0.624

MIEC GA/PLS Hou et al. (2008) 442 0.691 0.648b 442 0.643

FASGAI GA/PLS Liang et al. (2008) 884 0.603 0.562b 1,134 0.533

DPPS GA/GP Zhou et al. (2008) 296 0.862 0.767c 296 0.697

Atom pairs GA/PLS This work 500 0.798 0.713c

0.722d

92 0.705

a Assisted by region focusing technique
b Leave one out cross-validation
c Threefold cross-validation
d Tenfold cross-validation
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constructed, we confirmed that electrostatic effect played a

dominant role in SH3 domain–peptide binding, while

hydrophobic force and van der Waals contact an assistant

role in this process.
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