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Development of novel statistical potentials for protein fold
recognition
N-V Buchete1, JE Straub2 and D Thirumalai3

The need to perform large-scale studies of protein fold

recognition, structure prediction and protein–protein interactions

has led to novel developments of residue-level minimal models

of proteins. A minimum requirement for useful protein force-

fields is that they be successful in the recognition of native

conformations. The balance between the level of detail in

describing the specific interactions within proteins and the

accuracy obtained using minimal protein models is the focus of

many current protein studies. Recent results suggest that the

introduction of explicit orientation dependence in a coarse-

grained, residue-level model improves the ability of inter-residue

potentials to recognize the native state. New statistical and

optimization computational algorithms can be used to obtain

accurate residue-dependent potentials for use in protein fold

recognition and, more importantly, structure prediction.
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Abbreviations
BB backbone

PDB Protein Data Bank

Pep virtual interaction site located in the geometric center of the

peptide bond

SC sidechain

SHA spherical harmonic analysis

SHS spherical harmonics synthesis

Introduction
With the exponential growth of known protein structures

in the Protein Data Bank (PDB, [1]), proteome- and

genome-wide studies [2,3�,4�] become feasible. The

emphasis on genome-wide analysis has made it urgent

to devise new algorithms and methods that rely on coarse-

grained yet accurate descriptions of polypeptide chains.

Simple models of peptides and proteins have a signif-

icantly reduced number of degrees of freedom compared

to all-atom treatments of the corresponding systems.

Minimal models of proteins are widely used to obtain

insights into folding mechanisms [5] of proteins, as well

as in structure prediction [6–14,15��]. Improvements in the

design of minimal models of proteins have made it possible

to assess their accuracy by direct comparison with exper-

iments [16��,17�,18��]. In the simplest approach, the

polypeptide chains are modeled using only the a-carbon

representation. Such models are useful in providing a

global picture of folding and may also be used to obtain

low-resolution structures. Although the simplest models

allow detailed even exhaustive studies of proteins, it is

increasingly clear that a certain degree of complexity is

needed for more realistic applications [15��,19–22].

Reduced models of proteins have been used in protein

structure prediction [23], in studies of the dynamics of

protein folding [24] and, more recently, to investigate

protein–protein interactions [25��]. The general strategy

in many applications is to employ minimal models (typ-

ically using centers of mass of sidechains attached to Ca
atoms) to obtain the topology of structures. Subsequently,

a higher resolution prediction can be obtained using all-

atom representations. This dual strategy has found suc-

cess in the challenging ab initio prediction of protein

structures. Minimal models were also studied in conjunc-

tion with detailed atomistic approaches [26��,27��]. The

importance of minimal models is expected to increase

when treating protein–protein interactions in which sub-

stantial conformational changes occur upon interface

formation. This necessitates sampling a large space of

conformations for both proteins — a task that can be more

easily achieved using coarse-grained models. Indeed,

results of the most recent structure prediction (CASP,

[23]) and protein–protein interaction prediction (CAPRI,

[25��]) ‘community-wide experiments’ emphasize the

need for better methods that can probe such conforma-

tional changes. This need becomes even more important

as fast and accurate automatic structure prediction servers

become widely available to the structural biology com-

munity [28��,29,30].

Accurate residue-based potentials are needed to obtain

reliable minimal models of proteins. The growing num-

ber of structures available in the PDB [1] has enabled the

analysis of factors that control packing in folds with

different architectures. Several studies have shown that

pairwise contact or isotropic distance-dependent poten-

tials are inadequate for predicting or describing sidechain
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packing in folded structures [14,31–33]. These studies

argue the need for obtaining anisotropic potentials or

multi-particle interactions for use in coarse-grained

models. Recently, it has been shown that it is also crucial

to incorporate interactions between sidechains and back-

bone in the construction of statistical potentials [16��]. In

the past few years, there has been considerable progress

in obtaining reliable interaction schemes for use in struc-

ture prediction, fold recognition and folding kinetics

studies. In this article, we review some of the key ideas

that have contributed to the design of statistical poten-

tials. In most applications, the efficacy of these schemes

has been tested for fold recognition only. The success of

anisotropic potentials can be assessed in future applica-

tions. The review concludes with a description of some

of the outstanding issues that need to be addressed

before statistical potentials can be most effectively

employed in structure prediction and protein–protein

interaction studies.

Coarse-grained representations of
polypeptide chains
Ca models

Depending on the nature of the application, several levels

of coarse-grained representations of polypeptide chains

have been used [16��,17�]. In the simplest representation,

the polypeptide chain is represented using only the Ca
atoms [34]. Models that represent the polypeptide chain

as a polymer of connected Ca atoms have been poten-

tially useful in obtaining insights into the folding kinetics

of proteins.

Ca–SC models

To account for the various sizes and specific packing

features of the 20 different types of amino acids, more

detailed models are used. Dense packing of the native

states can be captured using models [6,8,35] in which the

backbone is described using non-interacting backbone

sites located at the positions of the Ca atoms, with a

second type of interaction center, Si, which corresponds

to each sidechain (SC). The Si interaction centers are

typically located at the geometric center of the heavy

atoms in each sidechain, with the exception of glycine,

where it coincides with the position of the Ca atom.

The use of geometric centers to represent sidechain inter-

action centers is a better choice than using the Ca or

Cb atoms [15��]. In the Ca–SC model, the Cai sites

are used to describe the backbone connectivity of the

polypeptide chain structure, but only the SC interaction

centers are considered to interact with each other. This

type of model has been successfully used to obtain contact-

based sidechain–sidechain (SC–SC) interaction poten-

tials [10,11,36] distance-dependent potentials [9,37] and,

more recently, distance- and orientation-dependent

potentials [15��,16��]. These models do not include expli-

citly the interactions between sidechain–backbone and

backbone–backbone atoms.

Ca–SC–Pep models

The dense packing in the interior of most proteins arises

through not only favorable interactions between the

buried hydrophobic sidechains but also a preponderance

of backbone–sidechain and backbone–backbone interac-

tions. Analysis of a large number of single-domain protein

structures reveals that, whenever two sidechains are in

contact, their backbones also interact with each other with

high probability [38]. Indeed, it has been recently esti-

mated [16��] that the number of backbone–backbone

(BB–BB) contacts can range from 12% to as much as

35% of the total number of SC–SC, SC–BB and BB–BB

contacts depending on the protein class (e.g. a, b, mixed

a/b [39]). The importance of including the backbone

interactions is also supported by the results of previous

statistical derivations of backbone potentials that used

virtual bond and torsion angles [40], and secondary struc-

ture information [41]. Therefore, more complex models

have been used [16��,20] that include an additional inter-

action center located on the backbone [35] at the geo-

metric center of each peptide bond (Pepi). In the

resulting Ca–SC–Pep models, it is assumed that the local

conformation of residue i is described by the correspond-

ing Cai, Si and Pepi interaction centers.

With these coarse-grained representations of polypeptide

chains, interaction potentials, including both distance and

orientational dependence, can be extracted from a non-

homologous subset of the PDB database of known struc-

tures using the standard Boltzmann scheme.

Sidechain packing and orientation-
dependent statistical potentials
It has been appreciated for some time that the orientation

of sidechains in the native state influences the dense

packing found in the interior of proteins [20,42–45]. The

formation of hydrogen bonds between atoms of side-

chains that are in contact requires preferred orientations.

An analysis of native structures has revealed residue-

specific coordination and preferred orientations of side-

chains [46]. A more recent study based on orientational

order parameters [15��] shows that there may be certain

symmetries associated with sidechain packing. Although

the preferred orientational symmetry is difficult to ascer-

tain, it is clear that it depends on the topology of the

native state. Certain classes of proteins (immunoglobulins

with b-sheet topology and a-helical hemoglobins) exhibit

a mixture of icosahedral and face-centered cubic arrange-

ments. However, the orientational symmetry in myoglo-

bins, as quantified by orientational order parameters, is

different. These results show that the orientational pack-

ing of sidechains in the native state is subtle. Never-

theless, these studies point to the need for orientational

potentials to describe packing in proteins.

To extract orientational and distance-dependent statisti-

cal potentials (UDO), we assume that the known native
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protein structures represent an equilibrium ensemble of

‘states’. This assumption allows one to compute the

statistical potentials from the distribution functions:

U ij
DOðr;f; yÞ ¼ �kBT ln

Pij r;f; yð Þ
Pref r;f; yð Þ

� �
: (1)

In the above equation, Pij(r,f,y) is the probability of

having sidechain j in a spherical volume element corre-

sponding to distance separation r with respect to side-

chain i, and with relative orientations y and f. The

computation of Pij(r,f,y) requires an appropriate choice

of reference frame to define the local orientations of y and

f. The quality of the statistical potentials depends not

only on the precise computation of Pij(r,f,y) but also on

the reference state. Bahar and Jernigan [46], who were the

first to capture relative orientation probabilities using a

simple-body fixed-coordinate system, showed clearly that

the preferred orientation of sidechains depends on the

nature of the residue. Their results also implied that

statistical potentials would be sensitive to orientations.

Recently, we have introduced [16��] a new way to calcu-

late Pij(r,f,y) using a local reference frame for each amino

acid sidechain, as well as the virtual interaction center

that represents the peptide backbone (Pep).

Once the local reference systems for special groups of

atoms (e.g. the heavy atoms in sidechains, or the C, O and

N of the peptide link) are defined, the statistics collected

from a database of non-homologous proteins can be used

to estimate the pair distributions for each specific type of

site–site interaction. The Pij(r,f,y) distribution functions

may be computed from the set of non-homologous pro-

teins used by Scheraga et al. [20–22] for similar purposes.

A larger training set of protein structures could be used if

higher accuracy is necessary. The pair distributions can

be further normalized by considering the corresponding

volume elements and the total number of observations for

building orientational probabilities Pij(r,f,y) for each type

of interaction.

An important technical issue that appears when using

probability density functions with the Boltzmann device

is ‘the problem of small datasets’. As noted by Sippl [9],

dividing the SC–SC pair frequencies by both sidechain

type and distance intervals can lead to situations in which

the available data are too small in number for conven-

tional statistical procedures. This problem was solved by

Sippl, who proposed a ‘sparse data correction’ formula

that builds the correct probability densities as linear

combinations of the measured data and the reference

[9,47,48].

We used the Boltzmann method to extract potentials

for three distance ranges by considering short-range

(2:0 ! 5:6 Å), medium-range (5:6 ! 9:2 Å) and long-

range (9:2 ! 12:8 Å) SC–SC interactions [16��]. For

example, Figure 1 shows 3D representations of the

extracted residue-based orientation-dependent poten-

tials for Gly–Gly (Figure 1a, short-range interactions),

Ala–Gly (Figure 1b, short-range interactions) and Pep–

Pep (Figure 1c, medium-range interactions).

In this notation (e.g. Ala–Gly), the orientational potential

is calculated in the local reference frame of the first amino

acid (i.e. alanine) for its interactions with the second

amino acid type (i.e. glycine).

To efficiently use the orientational dependence of the

inter-residue coarse-grained potentials, it is necessary to

provide an easily computable functional representation.

Assuming that the angular-dependent potential function

is sufficiently smooth, one can decompose the potentials

in terms of spherical harmonic analysis (SHA) [16��].
Alternatively, using the expansion coefficients, the

potential function U(y,f) can be reconstructed using

Figure 1

(a) (b) (c)

Current Opinion in Structural Biology

3D representations of the residue-based orientation-dependent potentials for (a) Gly–Gly short-range interactions, (b) Ala–Gly short-range

interactions and (c) Pep–Pep medium-range interactions. The potential values, corresponding to a color scale ranging from blue (most attractive

values) to red (repulsive), are projected on the surface of a spherical grid centered on the interaction center that corresponds to each type of

sidechain (Si).
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the spherical harmonics synthesis (SHS) [16��]. This

method provides a realistic representation of the orienta-

tion-dependent statistical potentials as smoothed, con-

tinuous functions.

In Figure 2, we show 3D representations of the SHS-

reconstructed short-range residue-based orientation-

dependent potentials for Ala–Gly interactions.

The new continuous orientation-dependent potentials

lead to results that are consistent with and, in many

cases, improved when compared to the raw potentials

constructed directly from orientational interaction prob-

abilities [16��]. Results from decoy tests show that the

smoothing of the orientational potentials using the SHA/

SHS approach does not necessarily lead to a loss of

accuracy. In this context, we have shown that the

Ca–SC–Pep representation improves protein fold recog-

nition [16��].

The choice of reference states
Regardless of the level of description used for polypep-

tide chains, the derivation of knowledge-based poten-

tials from PDB structures hinges on the ‘quasi-chemical’

approximation (i.e. the interacting sidechains are in

equilibrium with the solvent) [8,36]. Therefore, to mini-

mize the errors introduced by entropy losses due to chain

connectivity, without specifically correcting for it (as in

[49]), one needs to choose a reference state as close to the

random mixing approximation as possible [31]. In obtain-

ing the anisotropic potentials, we have constructed the

reference state by averaging over all interaction types.

Recently, potentials of mean force constructed using a

distance-scaled, finite ideal-gas reference state were

shown to result in improved performance in native fold

recognition at both atomistic [50�] and residue [51]

levels. Alternatively, one can consider as a reference

an amino acid such as threonine, with intermediate

hydrophobic properties, closely correlated to experimen-

tal estimates [31].

In Figure 3, we show a qualitative spatial representation

of the orientation-dependent potentials that control the

non-bonded ‘quasi-chemical’ interactions responsible for

the specific sidechain packing in proteins.

For illustration purposes, interactions with respect to

threonine are considered for all the interaction centers

shown here. The degree of observed orientational inter-

action anisotropy is significant in most cases, even for

interactions involving small amino acids such as alanine

and glycine. The specific locations of statistically pre-

ferred interaction loci are observable. In particular, the

preferred orientations for hydrogen bonding are clearly

visible in the Pep interaction maps. Although the impor-

tance of physically motivated reference states is recog-

nized, a rigorous theoretically based means of choosing

one is not clear.

Decoy sets: standard tests for native fold
recognition
To assess the efficacy of various models and interaction

schemes in protein fold recognition, standard tests are

needed. Based on the observation that there are various

ways in which one could improve even the simplest

scoring functions, Samudrala and Levitt [52] have under-

stood the necessity to organize a standard database of

computer-generated, alternative protein conformations

that are native-like, but are not the true native states.

The ‘decoy structures’ are generated by various meth-

ods [53–55], with the specific aim of ‘fooling scoring

functions’ [52,56–58,59�]. Our results from tests using

the decoy sets of Samudrala and Levitt [52] confirmed

that considering explicitly the Pep interaction centers on

Figure 2

(a) Low resolution (b) High resolution (c) High resolution
    (3D contour)

Current Opinion in Structural Biology

3D representations of the SHS-reconstructed short-range residue-based orientation-dependent potentials for Ala–Gly interactions (a) on a

12 � 24 angular grid of the same size as the grid used for collecting the statistical data and (b,c) on a grid with a resolution that is ten times higher.

In (c), the magnitude of the potential is proportional to both the distance from the interaction center of the sidechain and the color scale (i.e. red,

repulsive, regions are located distant from the sidechain interaction center [Si], whereas the blue, attractive, regions are closer to Si).
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the backbone offers significant improvement over simpler

models for the ability to recognize the native conforma-

tions of proteins [15��]. We have further used these decoy

tests to assess the statistical improvement in the ability to

recognize native protein folds resulting from the explicit

inclusion in the residue-based statistical potentials of the

orientation dependence. As newer scoring functions are

being developed, new sets of decoys are also being

generated and studied [56–58,59�]. There is a need to

generate robust decoy sets for standard evaluation studies

of the potentials.

All-atom statistical potentials for proteins
All-atom models with various degrees of sophistication

have been used in structure prediction studies for close

homology modeling [60], native fold recognition [50�] and

folding of small proteins [61]. Recently, Skolnick et al.
[62,63] compared residue-based knowledge-based poten-

tials with their heavy-atom-based statistical pair potential.

They concluded that, although more time-consuming,

the atom-based potential performs better in identifying

near-native structures from docking-generated decoys.

On the other hand, they suggest that the residue-based

potential is well suited to genome-scale protein interac-

tion prediction and analysis (e.g. in threading-based algo-

rithms [3�]). Moreover, reduced models tend to perform

better in more challenging ab initio structure predictions

or structure refinement in distant homology modeling

and threading calculations [3�,16��,17�,64,65]. Despite

the success of anisotropic coarse-grained potentials in

protein fold recognition, it is important to develop other

physically motivated constructions of all-atom force-

fields. For example, the profile method introduced by

Wilmanns and Eisenberg [66] can be used in principle to

compute all-atom potentials. Chang et al. [67] have

already used this idea to obtain a simple class of mean

field one-body potentials using a learning procedure.

More recently, Kussell et al. [61] have constructed

Figure 3

Ala–Thr

Lys–Thr

Leu–Thr

Asp–Thr

Pep–Thr

Thr–Thr

Current Opinion in Structural Biology

Qualitative spatial representations of the orientation-dependent potentials that control the non-bonded, ‘quasi-chemical’ interactions

responsible for specific sidechain packing in proteins. For illustration purposes, the interactions with respect to threonine are considered for

all the interaction centers shown here. The relatively different sizes of the anisotropic residue-dependent potentials depicted in this figure are a

qualitative reflection of the 3D spatial sidechain packing.
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all-atom pairwise potentials including a one-body term

that accounts for sidechain exposure to solvent. Using

this force-field, they successfully studied the folding

kinetics of a three-helix bundle.

Optimization of potential energy functions
The performance in fold recognition of orientation-

dependent statistical potentials can be enhanced by a

variety of methods, such as increasing and improving the

quality of the training set of non-homologous structures or

considering architecture-specific potentials. Recently,

general methods have been developed for constructing

new classes of effective contact-based [68] or distance-

dependent [69] potentials by employing novel optimiza-

tion techniques. For potentials expressed as linear com-

binations of pairwise additive functions, the optimal

interaction parameters are calculated by employing linear

programming. New algorithms, based on linear program-

ming techniques such as the interior-point method, have

been shown to be useful in both native state recognition

and threading computations [64,70]. The results for

potentials optimized by linear programming suggest that

multibody interactions play a significant role in native

state recognition. Large-scale potential optimization can

be performed on a few hundred parameters and tens of

millions of constraints [71], which makes this new class of

algorithm generalizable to more complex potential func-

tions that can explicitly include the relative orientation

dependence of protein sidechains.

Conclusions
Detailed force-fields are often needed for capturing the

specific, essential features of native protein folds, protein

kinetics and protein–protein interactions. It is reasonable

to expect that an accurate residue-level description can

be constructed to successfully meet the expectations of

modern proteome- and genome-scale studies [3�,4�], and

to simplify the rather complex current ab initio [72]

protein design methods. Recent developments suggest

that the specific orientation-dependent interactions

responsible for sidechain packing and for backbone con-

tacts should be included explicitly. This inclusion seems

to partially alleviate the errors introduced by the assump-

tion of pairwise interactions.

We have shown [15��] that the performance of energy-

based scoring functions can be improved by using statis-

tical information extracted from the relative residue–

residue orientations. Our recent results [16��] suggest

that the statistical data extracted from protein structural

databases can be successfully used to build orientation-

dependent potentials that have sufficient continuity

properties to make possible their SHA. The resulting

smooth, continuous interaction potentials are represented

using separate spherical harmonic expansions of the

orientation-dependent potential for short-, medium-

and long-range interactions.

The choice of the reference state for statistical interac-

tions is also important. The ideal-gas reference state can

be generalized to sidechain interactions [50�,51], but

further tests are needed to determine if this is a better

choice than using a reference amino acid type (i.e. threo-

nine [31]) or considering all the observed sidechain–

sidechain interactions [15��]. New large-scale linear pro-

gramming based optimization techniques [71] or machine

learning procedures could be used to circumvent this type

of question and to derive potential parameters directly

optimized for native fold recognition.

The new continuous distance- and orientation-

dependent statistical potentials could be useful in devel-

oping more efficient computational methods for protein

structure prediction, as well as for Monte Carlo or mole-

cular dynamics simulations of coarse-grained models of

peptides and proteins. For structure prediction, the new

residue-level statistical orientational potentials could be

connected to the local backbone structure, using the

information from a detailed rotamer library [73�] or a

simplified SC–BB energy function [74].
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