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Abstract The conformational change upon protein–pro-

tein binding is largely ignored for a long time in the affinity

prediction community. However, it is widely recognized

that allosteric effect does play an important role in bio-

molecular recognition and association. In this article, we

describe a new quantitative structure–activity relationship

(QSAR)-based strategy to capture the structural and non-

bonding information relating to not only the direct non-

covalent interactions between protein binding partners, but

also the indirect allosteric effect associated with binding.

This method is then employed to quantitatively model and

predict the protein–protein binding affinities compiled in a

recently published benchmark consisting of 144 function-

ally diverse protein complexes with their structures avail-

able in both bound and unbound states (Kastritis et al.

Protein Sci 20:482–491, 2011). With incorporating genetic

algorithm and partial least squares regression (GA-PLS)

into this method, a significant linear relationship between

structural information descriptors and experimentally

measured affinities is readily emerged and, on this basis,

detailed discussions of physicochemical properties and

structural implications underlying protein binding process,

as well as the contribution of allosteric effect to the binding

are addressed. We also give an empirical estimation of the

prediction limit rpred
2 = 0.80 for structure-based method

used to determine protein–protein binding affinity.

Keywords Protein–protein binding � Noncovalent

interaction � Allosteric effect � Quantitative

structure–activity relationship � Statistical modeling

Introduction

Protein–protein interactions are essential to many pro-

cesses within living cells and organisms. The vast majority

of proteins bind to other proteins at some time in their

existence in order to perform various functions. Processes

as varied as cytoskeletal remodeling, vesicle transport and

signal transduction are all dependent on physical interac-

tions between proteins (Bogan and Thorn 1998). In addi-

tion, many protein–protein interactions are mediated by

peptide recognition modular domains that specifically bind

a fraction of target proteins, forming typical protein–pep-

tide adducts (Neduva et al. 2005; Petsalaki and Russell

2008). Because of the importance of protein–protein

interactions in various physiological and biochemical pro-

cesses involved in cellular regulatory network, under-

standing the molecular mechanism of such interactions is

crucial step in protein engineering, as well as for designing

therapeutic drug and vaccine against diverse diseases, such

as cancer and AIDS (Fry 2006). Although numerous

studies have been addressed on protein–protein interac-

tions, the principles governing them are not yet fully

understood (Jones and Thornton 1996; Vanhee et al. 2009).
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Computational determination of protein–protein binding

affinity is very important not only for elucidating molecular

mechanism underlying these interactions, but also for

developing effective tools to perform accurate protein–

protein docking and even to predict complete interactomes

involved in a living cell. Previously, quantitative structure–

activity relationship (QSAR) studies have been intensively

addressed to identify and predict peptides binding to

diverse protein receptors (Pripp et al. 2005; Du et al. 2008),

such as antigen peptide (Zhao et al. 2007; Tian et al. 2009),

antimicrobial peptide (Jenssen et al. 2008), and bitter

peptide (Pripp and Ardö 2007), and these works could be

regarded as the pioneers of predicting protein affinity to

their interacting partners. In past two decades, a number of

techniques and methods have been exploited to model and

identify the interaction behavior of proteins with their

cognate or noncognate partners. In the early stage, limited

to the availability of high-quality protein structures a series

of sequence-based approaches were used to fulfill this

purpose (Kini and Evans 1996; Zhou and Shan 2001; Shen

et al. 2007). However, information deriving only from

primary sequence of proteins is incapable of effectively

capturing the complicated binding profile of protein com-

plexes standing in three-dimensional (3D) spatial configu-

ration. Therefore, most of sequence-based methods are

limited to their effectiveness in qualitative classification of

protein interaction pattern, but fail to quantitatively predict

protein binding affinity. With the number of solved pro-

tein–protein complex 3D structures growing up rapidly in

recent years, interaction analysis and affinity prediction

based on complex structures have received much attention

in the structural bioinformatics community. Nowadays, the

available methods used for structure-based prediction of

protein–protein binding affinity can be roughly categorized

into three classes: empirical scoring method (Horton and

Lewis 1992; Ma et al. 2002; Audie and Scarlata 2007),

knowledge-based method (Jiang et al. 2002; Zhang et al.

2005; Su et al. 2009), and ab initio prediction method

(Brandsdal and Smalås 2000; Gandhi and Mancera 2009;

Cole et al. 2010). The empirical scoring method defines an

energy term-weighed formula on the basis of affinity-

known protein complexes (usually used for docking pur-

pose); the knowledge-based method utilizes the frequency

of contacts between different residues or atoms in known

crystal structures to predict the binding affinity; the ab ini-

tio prediction method employs theoretical approaches

[such as MM-PB/SA (Gandhi and Mancera 2009), free-

energy perturbation (Brandsdal and Smalås 2000) and

linear-scaling analysis (Cole et al. 2010)] to directly cal-

culate the interaction energy between two binding partners.

Nevertheless, associating a crystal structure to biophysical

measurements done in solution is an error-prone process,

and the published sets contain many incorrect affinity data

(Kastritis and Bonvin 2010). Moreover, the structural data

in these sets represent the (bound) complexes, but not their

free (unbound) components. Therefore, the models based

on them describe the thermodynamics of association

reaction by its product only, ignoring the reactants and the

structure changes they may undergo.

Very recently, by exhaustively surveying all the pub-

lished literatures in the field of protein recognition and

interaction, Kastritis et al. have first presented a function-

ally diverse, nonredundant benchmark for protein–protein

binding affinity, in which 144 protein complexes that have

high-resolution structures available for both the complexes

and their unbound components, as well as corresponding

dissociation constants measured by biophysical methods,

are compiled (Kastritis et al. 2011). With this benchmark, it

is now possible to accurately predict protein–protein

binding affinity and to effectively evaluate the allosteric

effect associated with the binding. In the present study,

beyond the three categories of prediction method men-

tioned above, we herein describe a new quantitative

structure–activity relationship (QSAR)-based strategy to

characterize the interaction profile of protein complexes, to

predict the binding affinity of the interactions, and to assess

the contribution of conformation change to the affinity.

With built predictive models, the physicochemical prop-

erties and structural implications underlying the specific

recognition and association between the members of pro-

tein complex are analyzed in detail. We also give a dis-

cussion of the prediction limit that a structure-based

protein–protein affinity model could reach.

Materials and methods

Dissection of a protein–protein binding

Protein–protein binding is an induced-fit process which can

be divided into two independent thermodynamic steps:

allostery and association (Fig. 1). In the first allosteric step

two interacting partners are changed in their conformations

to define geometrically and physicochemically comple-

mentary surfaces (state 1 ? state 2); in the following

association step the complementary surfaces are fitted

together to form a functional unit of protein complex (state

2 ? state 3). In the binding process, many kinds of non-

covalent interaction such as hydrogen bond, salt bridge,

and van der Waals contact are formed and broken, and

solvent effect also contributes to the binding significantly.

As a result, the built complex architectures range from

being permanent (Ford 1987; Shi et al. 2006), to being

metastable (Lim et al. 2002), to being transient (Tang et al.

2006; Blobel et al. 2009), which can be quantitatively

characterized using equilibrium dissociation constant (Kd),
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which is measured at equilibrium or derived from the

reaction kinetics, and the related Gibbs free energy of

dissociation DG.

Characterization of a protein–protein complex

Previously, we proposed a set of rotation-translation

invariants called 3D holographic vector of atomic inter-

action field (3D-HoVAIF) (Tian et al. 2007) to charac-

terize the 3D structure properties of a small molecule.

This method classifies organic atoms into 10 types in

terms of their families in the periodic table of elements

and hybridization states, and calculates 55 cross-interac-

tion terms between the 10 atomic types to describe the

nonbonding profile of an organic molecule. 3D-HoVAIF

has been successfully applied to model and predict

diverse properties and activities of various molecular

entities, such as steroid derivatives (Zhou et al. 2007a),

artemisinin antimalarial agents (Ren et al. 2008), and

neuraminidase inhibitors (Sun et al. 2010). In this study,

we extend the 3D-HoVAIF method to parameterize

structural characteristics of biomacromolecules and their

complexes.

A biomolecule such as protein could be regarded as an

enlarged version of small organic molecule, which is

constructed by the basic structural units of amino acid

residues. Therefore, amino acid entities can be treated as

‘‘pseudo-atoms’’ of the ‘‘protein molecule’’, just like

common atoms in small molecule. Theoretically, there are

at most 210 (20 9 21/2) possible combinations between

the 20 types of natural amino acid. Here, we used the 210

combination terms to describe inter-interaction profile

involved in the static structure of a protein or a protein–

protein complex, which can be straightforwardly expressed

as a symmetric matrix M (Table 1), in which the matrix

element m(q, p) [q B p] represents the sum of all

interaction potentials (vide post) between amino acid types

q and p in a protein or a complex.

Characterization of a protein–protein binding

As aforementioned, the inter-interaction profile involved in

a protein or a protein–protein complex can be characterized

using 210 combination terms between 20 amino acid types.

Here, let us look at the Fig. 1; the unbound components

and bound complex are assigned to states 1 and 3,

respectively, and the allosteric intermediate is the state 2.

The changes in structure properties from states a to b (a

and b = 1, 2, or 3) can be quantified by the difference of

inter-interaction profiles between these two states:

DMa!b ¼ Mb � Ma; ð1Þ

where the element Dma?b(i, j) of profile-changed matrix

DMa?b is obtained by subtracting ma(i, j) from mb(i, j),

i.e., Dma?b(i, j) = mb(i, j) – ma(i, j). The unbound states 1

and 2 can be regarded as the extreme conditions of protein–

protein complex with their two components separating

from each other infinitely, and their inter-interaction pro-

files are thus computed as so. In this way, three profile-

changed matrices parameterizing the changes in structure

properties between different states could be given as

follows:

DM1?3 parameterizing A–B binding (binding matrix);

DM1?2 parameterizing the allosteric effect of two iso-

lated binding partners A and B (allosteric matrix);

DM2?3 parameterizing the association of two allosteric

binding partners A0 and B0 (association matrix).

It is evident that DM1?3 = DM1?2 ? DM2?3.

Interaction potentials between amino acid residues

It is well known that noncovalent interactions such as

hydrogen bonding, hydrophobic interaction, and van der

Waals contact are the basic chemical forces dominating

biomolecular folding and binding. In the famous 3D-QSAR

method comparative molecular field analysis (CoMFA)

(Cramer et al. 1988) only electrostatic and steric potentials

are considered to describe the nonbonding field distributions

around a group of aligned drug compounds. However, it is

apparent that other factors such as solvent effect and

hydrogen bonding are also essential to biomolecular recog-

nition and association. We recently observed diverse non-

covalent interactions present at the interface and in the

interior of protein–protein complexes (Zhou et al. 2009a),

but most of them can be attributed into four kinds of basic

types: electrostatic force, hydrogen bonding, van der Waals

contact, and hydrophobic interaction. Therefore, here these

four nonbonding types were used to describe the interaction

potentials between amino acid residues in a studied protein

Fig. 1 Schematic representation of protein–protein binding process
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system. In this study, the electrostatic and van der Waal

potentials were calculated using the classical Coulomb’s law

and Lennard-Jones function, respectively, which can be

conducted by AMBER03 force field (Duan et al. 2003). The

hydrogen bonds involved in a protein complex were identi-

fied with the HBPLUS program (McDonald and Thornton

1994), and their potential was characterized using the angle-

weighted Lennard-Jones-like 8-6 function (Boobbyer et al.

1989). In addition, an empirical formula developed in our lab

was employed to quantitatively describe hydrophobic

potential Ehp
mn ¼ � Smqm þ Snqnð Þe�dmn (Zhou et al. 2007b),

where dmn is the distance between two atoms m and n, q is the

atomic solvation parameters (Eisenberg and McLachlan

1986), and S is the atomic solvent accessible surface area

defined in the MSMS program (Sanner et al. 1996) with

Bondi radii set (Bondi 1964). For a protein, interaction

energy Uij between its ith and jth residues could be calculated

in atom-pairwise additive manner: Uij ¼
PM

m¼1

PN
n¼1 Emn;

where m represents the mth atom of total M atoms in residue i,

n indicates the nth atom of total N atoms in residue j, and Emn

is the potential between mth atom of residue i and nth atom of

residue j. Once interaction energy Uij between ith and jth

residues of the protein is determined using the approach

described above, it would be added into one of the 210

terms—–the term that meets the combination of residue

types for the ith and jth residues.

Each of the three profile-changed matrices, DM1?3,

DM1?2 and DM2?3, associated with protein–protein

binding can be described separately by the four kinds of

nonbinding potentials. In this way, the changes in structure

properties between any two states a and b can thus be

characterized using four counterparts (each counterpart

represents a nonbonding type) of profile-changed matrix

DMa?b, or totally 4 9 210 = 840 variables. These vari-

ables will be further correlated with experimentally mea-

sured affinities compiled in a recently published protein–

protein binding benchmark (vide post) via the sophisticated

partial least squares (PLS) regression (Wold et al. 2001),

the most widely used latent regression method for linearly

relating two data matrices with many, noisy, collinear and

even incomplete variables, just as the case faced in this

study. Here, the PLS algorithm was implemented with the

help of in-house Matlab program ZP-explore (Zhou et al.

2009b).

Data set of protein–protein complexes

Very recently, Kastritis et al. have published a nonredun-

dant benchmark consisting of 144 protein–protein com-

plexes that have high-resolution structures available for

both the complexes and their unbound components (Kas-

tritis et al. 2011). The members of this set are diverse in

terms of the biological functions they represent, with

complexes that involve G-proteins and receptor extracel-

lular domains, as well as antigen–antibody, receptor–

inhibitor, and enzyme–substrate adducts. It is also diverse

in terms of the partners’ affinity for each other, with dis-

sociation constants Kd ranging from 10-5 to 10-14 M. In

this study, we employed this benchmark in conjunction

with the newly proposed method described above to

develop predictable QSAR models for accurately predict-

ing the binding affinity between protein and its interacting

partners, and for effectively evaluating the contribution of

allosteric effect to the affinity. Before performing study,

the missing hydrogen atoms and side chains of these pro-

tein complexes and their free monomers were added with

the REDUCE (Word et al. 1999) and SCWRL (Krivov

et al. 2009) programs, respectively. REDUCE was dem-

onstrated in our previous study to be capable of precisely

reproducing the hydrogen positions determined by neutron

diffraction (Zhou et al. 2009c).

The relevant information about this data set is tabulated

in Supporting Information, Table S1.

Model validation

An excellent regression model should be robust and gen-

eralized including high internal correlation and cross-val-

idated performance. However, Golbraikh and Tropsha

(2002) pointed out that a more reliable result should be

obtained by dividing external test set. Hence, 100 (*2/3)

out of the 144 samples were randomly selected as training

set for building QSAR models, and the remaining 44

(*1/3) were as independent test set for validating the built

models.

For a QSAR model, its performance, in statistical

viewpoint, could be measured quantitatively by the coef-

ficients of determination of fitting (r2), leave-one-out

(LOO) cross-validation (q2), and prediction (rpred
2 ) on

training set, training set and test set, respectively, as well as

the root-mean-square errors of fitting (RMSF) and predic-

tion (RMSP) on training set and test set, respectively (Tian

et al. 2011):

r2 ¼ 1�
Pn

i¼1 yi � ŷfitting
i

� �2

Pn
i¼1 yi � �ytrð Þ2

ð2Þ

q2 ¼ 1�
Pn

i¼1 yi � ŷcv
i

� �2

Pn
i¼1 yi � �ytrð Þ2

ð3Þ

r2
pred ¼ 1�

Pm
i¼1 yi � ŷpred

i

� �2

Pm
i¼1 yi � �yteð Þ2

ð4Þ
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RMSF ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn

i¼1
yi � ŷfitting

i

� �2
r

ð5Þ

RMSP ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

m

Xm

i¼1
yi � ŷpred

i

� �2
r

; ð6Þ

where n = 100 and m = 44 are the member’s numbers of

training and test sets, respectively; yi is the experimentally

determined affinity of sample i; �ytr and �yte are the average

values of the yi over all training and test samples, respec-

tively; ŷfitting
i , ŷcv

i and ŷpred
i are the estimated affinities for

sample i by fitting, cross-validation and prediction,

respectively.

We further performed a particularly stringent Monte

Carlo cross-validation (MCCV) (Xu and Liang 2001) to

deeply test the stability and reliability of built QSAR

models. In MCCV procedure, the whole data set was par-

titioned randomly into two parts; one part (100 training

samples) was used to build model, the remaining part (44

test samples) was used for prediction, and the whole pro-

cess was repeated thousands of times—–we herein adopted

212 = 4096 repetitions as recommended by Manchester

and Czerminski (2008)—–to achieve convergent expres-

sion of statistics.

Results and discussion

Model development

We first used PLS regression to separately correlate the

three profile-changed matrices, DM1?3, DM1?2 and

DM2?3, with the experimental binding affinities of pro-

tein–protein complexes on the basis of 100 training sam-

ples. The resulting statistics are listed in Table 2. As can be

seen, the coefficient of determination r2 and cross-validated

q2 are distinct dramatically when different matrices used.

As might be expected, the model based on binding matrix

DM1?3, which characterizes the whole binding process of

proteins with their partners, performed fairly well with

respect to its fitting ability r2 = 0.869 and stability

q2 = 0.694 (Fig. 2a), whereas the modeling using alloste-

ric matrix DM1?2 gave rise to quite modest results, given

the relatively low values of r2 = 0.661 and q2 = 0.501.

The statistical quality of association matrix DM2?3-based

model was between that of other two, indicating that the

structural information involved in the DM2?3, which does

not consider conformational change associated with pro-

tein–protein binding, only contribute partially, but not

entirely, to binding affinity. These models were further

used to predict the affinity values of 44 test samples. The

ordering of model’s predictive powers on test set was in

agreement with that of fitting abilities on training set, i.e.,

DM1?3 [DM2?3 [ DM1?2, but the difference between

fitting and prediction were relatively significant, suggesting

overfitting phenomenon existed within these models. This

is not unexpected if considering that large amount of

variables (840 descriptors) used in the modeling would

ineluctably lead to strong fitting and weak generalization,

since not all these variables contribute significantly to

binding. In the QSAR field, one solution for the overfitting

problem is to perform variable selection before developing

statistical models, and genetic algorithm (GA) is recog-

nized as one of the most effective strategies to do so (Cho

and Hermsmeier 2002). Therefore, we rebuilt the three

models using GA-variable selection. The parameters set-

ting for GA running was basically consistent with that

adopted in our previous study (only slight modification)

(Tian et al. 2009). It can be seen from Table 2 that the

predictive power (rpred
2 ) of these rebuilt models received

substantial improvement as compared to those based on all

the 840 variables, albeit their fitting ability (r2) seems to be

impaired more or less during the variable selection proce-

dure. The decrease in fitting ability and increase in pre-

dictive power clearly pronounce that the overfitting

attached to these models were largely eliminated through

GA-variable selection, giving rise to the best prediction of

rpred
2 = 0.693 using the model deriving from DM1?3

(Fig. 2b).

From the Table 2 it is evident that modeling perfor-

mances based on the three profile-changed matrices

increase in the order DM1?2 \ DM2?3 \DM1?3, no

Table 2 Statistics of PLS and

GA-PLS models

NL number of significant latent

variables extracted from the

original variables by PLS

Methods Descriptor NL Training set (100 samples) Test set (44 samples)

r2 q2 RMSF rpred
2 RMSP

PLS DM1?2 6 0.661 0.501 1.287 0.478 1.472

PLS DM2?3 7 0.736 0.632 1.135 0.617 1.251

PLS DM1?3 9 0.869 0.694 0.798 0.630 1.201

GA-PLS DM1?2 5 0.624 0.545 1.357 0.522 1.384

GA-PLS DM2?3 7 0.773 0.656 1.053 0.675 1.104

GA-PLS DM1?3 8 0.815 0.722 0.951 0.693 1.006
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mater if GA-variable selection was addressed. This is not

surprise because the binding matrix DM1?3 contains all

information involved in both DM1?2 and DM2?3, and

hence can give optimal result for modeling. In almost all

of previous works (for instance, see literatures Ma et al.

2002; Zhang et al. 2005; Audie and Scarlata 2007),

allosteric effect associated with protein–protein binding

was completely ignored and the binding was simply

regarded as a process of docking between two rigid

bodies. However, our study addressed here demonstrated

that the indirect allosteric effect has a solid contribution

to binding, albeit this contribution is less than that of

direct interactions between two protein partners. This is

coming to light from two aspects: (1) the predictive

power of GA-PLS model solely based on allosteric matrix

DM1?2 is accepted, as its rpred
2 = 0.522—–this value

satisfies the criterion rpred
2 [ 0.5 recommended by Trop-

sha et al. (2003) for a predictable QSAR model, and (2)

there is a considerable improvement in model’s quality if

allostery was engaged; for example, the rpred
2 value rises

from 0.617 to 0.675 (for PLS modeling) or from 0.630 to

0.693 (for GA-PLS modeling) when the allosteric infor-

mation were introduced into association matrix DM2?3,

resulting in binding matrix DM1?3. It is worth noting

that, though the indirect allosteric effect is important for

developing a reliable model to accurately predict protein–

protein binding affinity, direct nonbonding interactions yet

dominate the binding, which can be rationalized by the

fact that DM2?3-based model performed much well as

compared to that deriving from DM1?2. Furthermore, the

best GA-PLS model was tested by stringent MCCV, and

resulting mean values of r2 (fitting on training samples)

and rpred
2 (prediction on test samples) over 4,096 repeti-

tions were 0.831 and 0.676, respectively. As might be

expected, these two statistics generating from MCCV are

roughly consistent with that from ‘‘single splitting’’ vali-

dation (0.815 and 0.693, respectively), indicating that the

‘‘single splitting’’ validation could properly reflect the

quality and performance of built models.

Model analysis

As aforementioned, GA-variable selection can significantly

improve the quality of PLS models. Therefore, we herein

gave a further discussion on optimal GA-derived model,

the DM1?3-based GA-PLS model. GA algorithm has

extracted 378 variables from the crude panel consisted of

840 descriptors, of which 114, 101, 88 and 75 are hydro-

phobic, steric, hydrogen bonding and electrostatic terms,

respectively. At an initial glance, all the four kinds of

noncovalent interaction cast effective potency to binding,

and the hydrophobic and steric effects appear to be the

most important facets that significantly influence the rec-

ognition and association between protein partners. This

notion is consistent with early investigations on high-res-

olution crystal structures that protein–protein interface is

mainly composed of nonpolar amino acid residues, with the

mosaic of polar residues onto it (Tsai and Nussinov 1997;

Tsai et al. 1997). According to this theory, hydrophobic

force drives binding event and, when the initial complex is

formed, large-scale van der Waals contacts as well as

specific hydrogen bonding can further shape the exquisite

structure of binding interface (Xu et al. 1997; Song and

Zhao 2005). We further decomposed the 378 selected

variables into two independent reaction steps, i.e., allostery

and association, and separately used these two sets of

decomposed variables to develop PLS models to make

prediction on test samples. As might expected, the pre-

dictive power of the model based on association appears to

be stronger than that on allostery (rpred
2 = 0.626 vs. 0.514),

indicating that association is the dominant step in whole

protein–protein binding process, while allostery serves as

an assistor to the association. This conclusion is in agree-

ment with recent findings by Stein et al. (2011) that protein

interactions with many partners only undergo smaller

changes upon binding, and are less likely to freely explore

larger conformational changes.

Furthermore, variable importance in the projection

(VIP) (Wold et al. 2001) of GA-PLS model can, in

Fig. 2 a Scatter plot of

calculated versus experimental

binding affinities for the 100

training samples using the PLS

method in conjunction with

binding matrix DM1?3;

b scatter plot of predicted versus

experimental binding affinities

for the 44 test samples using the

GA-PLS method in conjunction

with DM1?3
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statistical viewpoint, give a preliminary insight into the

important residue-pairs and nonbonding properties exerting

to binding. The most significant ten terms and corre-

sponding VIP values are listed in Table 3. It is shown that

diverse properties contribute remarkable effects to binding,

which agrees to the classical protein–protein interaction

model (Jones and Thornton 1996). As seen in Fig. 3, the

schematic representation of nonbonding interaction pattern

at the binding interface of nuclease A with its cognate

inhibitory protein, a high-affinity complex with picomolar

dissociation constant (Kd = 3.2 9 10-12), various nonco-

valent elements present at the interface confer both

specificity and stability for complex architecture. This

point confirms that co-working of diverse chemical forces

at the binding interface is a basic rule for protein–protein

recognition and association (Otlewski and Apostoluk

1997), because only in this way the binding process can be

modulated in a subtle and exquisite manner to ensue the

accurate (and space–time-specific) recognition and inter-

action between two binding partners.

The bulky Ile, Tyr, Phe and Leu, polar Gln, Thr and Ser,

as well as charged Arg, Asp and Lys seem to be crucial for

protein–protein interaction. The nonpolar Ile and Leu were

found to have a relatively high propensity occurring in the

interface of protein complexes and thus thought to exert

large amount of non-specific hydrophobic and van der

Waals potentials toward binding (Conte et al. 1999), while

the charged Lys, Arg, and Asp are the major components of

hot spots (Bogan and Thorn 1998), which are key regions

that fundamentally contribute to the interaction free energy

between two proteins (Clackson and Wells 1995). These

charged residues are able to form strong salt bridges and

electrostatic attractions across binding interface. In addi-

tion, the polar Gln, Thr and Ser are the good acceptors and

donors of hydrogen bonds and have been frequently

observed in various protein–protein interfaces, such as

HIV-1 protease dimer (Wlodawer et al. 1989), MHC–

antigen adduct (Madden 1995), and H5N1 hemagglutinin

complex (Stevens et al. 2006). It should be noted here that

Table 3 The most significant 10 terms in the GA-PLS model

No. Residue-pair Nonbinding property VIP

1 Ile-Tyr Hydrophobic 2.334

2 Arg-Asp Electrostatic 2.218

3 Gln-Thr Hydrogen bonding 2.156

4 Met-Val Steric 2.074

5 Ile-Trp Hydrophobic 1.955

6 Pro-Phe Steric 1.930

7 Glu-Lys Hydrogen bonding 1.809

8 Ser-Asp Hydrogen bonding 1.767

9 Leu-Gly Hydrophobic 1.712

10 Val-Cys Electrostatic 1.695

Fig. 3 a Stereoview of the nuclease A (chain A)–cognate inhibiter (chain B) complex (PDB entry: 2o3b). b Schematic representation of

noncovalent interaction pattern across the binding interface of the complex [prepared using the in-house program 2D-GraLab (Zhou et al. 2009a)]
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these significant residue-pairs and nonbonding properties

throwing their potencies to protein–protein binding perhaps

may be not only in direct manner contributing to binding

affinity, but also using indirect approach to influence the

allosteric effect and conformational change associated with

the binding.

Comparison with previous works

Over two past decades, much effort has been addressed in

predicting binding affinity of protein complexes on the

basis of known structures, and the first attempt to associate

binding affinities with a set of structures was due to Horton

and Lewis (1992), who collected 15 experimental binding

energies from the literatures and showed that these energy

values could be fitted by summing contributions of the

interface polar and nonpolar groups. After then, a number

of new methods and tools were exploited to model and

predict the binding affinities of various protein–protein

complexes. The empirical scoring method was first devel-

oped to evaluate sampling accuracy of protein–protein

docking algorithms (Strynadka et al. 1996); even if this

strategy is highly promising for the high-throughput

screening of numerous candidates within a interactome

context, which still remains largely unreliable to do so

(Kastritis and Bonvin 2010). With the rapid increase in

high-resolution structures of proteins and their complexes

with diverse ligands in recent years, knowledge-based

protocol was proposed to assess the binding potency of two

protein subunits using quasichemical potentials deriving

from the frequency of contacts between different residues

or atoms in known crystal structures (Jiang et al. 2002;

Zhang et al. 2005; Su et al. 2009). However, this method is

highly depended on the quality of training structures and

may introduce bias for different targets. On the other hand,

sophisticated ab initio approach for directly estimating

free-energy magnitudes has been reported (Brandsdal and

Smalås 2000; Gandhi and Mancera 2009; Cole et al. 2010).

This approach is as yet computationally demanding and

cannot be used for free-energy screening and binding

affinity prediction of large-scale candidates.

Some of representative works are summarized in

Table 4, in which only the studies relating to empirical

scoring method and knowledge-based protocol, as well as

the QSAR-based method present in the present work, are

provided. This is because the ab initio prediction approa-

ches can only give very limited predictions at a time and

hence are difficult to derive statistically significant corre-

lations (such as statistics r2 and rpred
2 ) from the predictions.

As shown in Table 4, the empirical scoring methods appear

to be pretty well in associating physicochemical parameters

with binding affinities of protein–protein complexes.

However, just as noted by Kastritis et al. (2011) that the

samples adopted for training models were very limited

(\30); most of the data concerned protease–inhibitor

complexes, and some of them was spurious, which would

largely impair the generalization ability of theoretical

models. In addition, the high fitting correlations (r2 [ 0.9)

deriving from internal training samples were not tested on

an independent set, leading to potential uncertainty of these

models when used to conduct external predictions. In

contrast, statistics arising from knowledge-based protocols

could be more reliable due to abundant structures used and

independent set tested, albeit their predictive coefficients of

determination seem to be quite modest (rpred
2 \ 0.6). In this

study, we first proposed the use of QSAR approach to

characterize not only the binding profile of protein partners,

but also the allosteric effect associated with the binding. As

can be seen, the QSAR-based models performed pretty

well on both internal training set and external test set; the

resulting fitting and predictive correlations using sophisti-

cated PLS regression were r2 = 0.869 and rpred
2 = 0.630,

respectively. Note that the predictive power of the model

could be further enhanced to 0.693 if GA-variable selection

was implemented. It is all coming together to show that the

performance of QSAR-based strategy is comparable with

or even better than that of previously engaged methods in

the context of structure-based prediction of protein–protein

binding affinity, even more that conformational change

associated with the binding was first taken into account in

prediction algorithm could give another significant advan-

tage for the newly proposed strategy.

The prediction limit of structure-based methods

Accurate estimation of prediction limit for structure-

based method is dramatically difficult, since there are

many factors that could directly or indirectly influence

the final predicted results of a statistical model. Gener-

ally speaking, these factors could be roughly divided into

two aspects: experiment and modeling. In experimental

aspect, affinity value of a complex system is always

associated with measure methods used and experimental

conditions adopted. For example, there are a number of

techniques such as isothermal calorimetry (ITC), surface

plasmon resonance (SPR) and other spectroscopic meth-

ods that could be used to assay binding affinity (Leavitt

and Freire 2001; Hartmann-Petersen and Gordon 2005),

and more significantly, the measure performed under

different temperature, ionic strength and pH could give

rise to an observable variation over assay results. The

experimental errors for both measured affinity and solved

structure are also ineluctable: Kd values are usually

reported in publications with standard errors of 20–50%,

equivalent to 0.1–0.25 kcal/mol for DG; the resolution

level of complex structures deposited in the PDB
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database (Berman et al. 2000) commonly ranges from 1

to 3 Å, corresponding to atomic movement of about

0.05–0.2 Å (Fields et al. 1994; Acharya and Lloyd

2005). Besides, the difference between complex struc-

tures in crystallized (static) and dissolved (dynamic)

states is an important source of errors. For modeling

facet, all of the data set collected, characterization

method used, and statistical tool employed can funda-

mentally affect final results of the modeling remarkably;

redundant and limited sample set could introduce bias to

built models, improper characterization method would

lead to significant noises involved in independent vari-

ables, and inappropriate statistical tool is incapable of

sufficiently capturing complicated dependences hidden in

the investigated system.

To farthest improve the quality of a statistical model

that investigators can only do is to avoid unfavorable

factors relating to the modeling aspect as possible as they

can. Therefore, the prediction limit for a structure-based

method could be regarded as the idea condition that all

unfavorable factors of modeling aspect are completely

eliminated. Usually, the largest source of variation over

experimental results arises from the inconsistency in

experimental conditions. For example, according to a

previous survey change in temperature (18–35�C) or pH

(5.5–8.5) can change Kd by a factor of 2 or 10, respec-

tively, corresponding to 0.3–1 logarithmic scales (Kastri-

tis et al. 2011). And the deviations stemming from

structural inaccuracy and the difference between mea-

sured states are assumed to introduce one-scale bias for

pKd. In this respect, experimental errors could result in at

least two-scale uncertainty on the predicted pKd, which

corresponds to *20% variance that cannot be explained

properly for a sufficiently large data set with the mem-

ber’s Kd values varying in 10 orders of magnitude. In

other words, the structure-based method is roughly esti-

mated to be capable of explaining at most 80% variance

(namely rpred
2 = 0.80) of experimentally measured affini-

ties. It should be pointed out that the 0.80 limit is an

empirical estimation and hence can only be used for

qualitative purpose.

Conclusions

Understanding principles of protein recognition that are

pertinent to biological process is one of the long-term goals

in the area of protein science. Theoretical approach to

estimate the binding affinity of protein–protein interactions

is an indispensable tool for protein function and design

studies (Jiang et al. 2002). In this article, we report the

successfully use of a new QSAR-based approach to accu-

rately characterize the structural and noncovalent profile

relating to not only the direct binding behavior between

protein partners, but also the indirect allosteric effect

associated with the binding, and to quantitatively predict

the binding affinity of protein–protein complexes, on the

basis of a recently published benchmark consisting of 144

functionally diverse, nonredundant complex samples. Here,

we conclude with following remarks to close this work:

1. The QSAR-based approach is a promising alternative

for the structure-based prediction of protein–protein

binding affinity. This is because not only this method

have shown a good performance in structural charac-

terization, statistical modeling, and external general-

ization as compared to those of traditional prediction

protocols, but also it allows us to carry out high-

throughput screening over thousands of complex

candidates within an accepted time-scale.

2. Incorporation of allosteric effect into modeling method

does improve the predictive power and interpretability

of the method considerably. It is suggested that the

structural information regarding conformational

change upon binding should not be ignored if you

desire to develop a high-quality model for reliably and

accurately predict the binding affinity of protein–

protein complexes.

3. Although indirect allosteric effect is an important

aspect of protein recognition and association, direct

nonbonding interactions between protein partners

seem to play a dominant role in protein binding.

4. Diverse properties contribute appreciable potencies to

protein recognition. In particular, hydrophobic and

Table 4 Comparison of the

modeling statistics obtained in

different works for predicting

protein–protein binding

affinities

N number of samples in training

set, M number of samples in test

set

Authors Method type R2 on training set (N) Rpred
2 on test set (M)

Horton and Lewis (1992) Empirical scoring 0.92 (15) –

Ma et al. (2002) Empirical scoring 0.90 (20) –

Audie and Scarlata (2007) Empirical scoring 0.97 (24) –

Jiang et al. (2002) Knowledge-based – 0.56 (28)

Zhang et al. (2005) Knowledge-based – 0.53 (82)

Su et al. (2009) Knowledge-based – 0.58 (86)

This work (PLS) QSAR-based 0.869 (100) 0.630 (44)

This work (GA-PLS) QSAR-based 0.815 (100) 0.693 (44)
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steric effects appear to be the critical facet that

dominates binding process, and hydrogen bonding

and electrostatic interaction confer specific judgement

that further refines the exquisite structural architecture

of protein complexes.

5. The bulky Ile and Leu, charged Lys, Arg and Asp, as

well as polar Gln, Thr and Ser are statistically

determined as the key residues since they are consid-

ered as the major contributors of, respectively, hydro-

phobic force, electrostatic attraction (salt bridge) and

hydrogen bonding involved in the binding.

6. Owing to the ineluctable errors and heterogeneities

existed in experimentally obtained data for both the

structure and affinity of protein complexes, the

prediction limit for a structure-based method is

estimated no more than rpred
2 = 0.80.
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