
In quest of an empirical potential for protein structure prediction
Jeffrey Skolnick
Key to successful protein structure prediction is a potential that

recognizes the native state from misfolded structures. Recent

advances in empirical potentials based on known protein

structures include improved reference states for assessing

random interactions, sidechain-orientation-dependent pair

potentials, potentials for describing secondary or

supersecondary structural preferences and, most importantly,

optimization protocols that sculpt the energy landscape to

enhance the correlation between native-like features and the

energy. Improved clustering algorithms that select native-like

structures on the basis of cluster density also resulted in greater

prediction accuracy. For template-based modeling, these

advances allowed improvement in predicted structures

relative to their initial template alignments over a wide range

of target–template homology. This represents significant

progress and suggests applications to proteome-scale

structure prediction.
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Introduction
One of the essential ingredients in the successful predic-

tion of the tertiary structure of a protein from its amino acid

sequence is an energy function that has a global minimum

free energy in the native state. Unfortunately, despite

almost 30 years of effort, no such energy function has

been derived [1]. Approaches to its development can be

roughly divided into two classes: physics based and knowl-

edge based. Physics-based approaches employ quantum

mechanical calculations that are incorporated into a mole-

cular mechanics force field that treats the protein in a

detailed atomic model and contain terms associated with

bond lengths, angles, torsional angles, van der Waals

interactions and electrostatics [2]. Often, to enable a

reasonably effective conformational search (simulations

with explicit water spend the majority of their time
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simulating the water rather than the protein), an effective

solvent model, such as a generalized Born approach, is

used [3,4]. Thus, these physics-based potentials contain an

empirical component. Surprisingly, the most successful

approaches to protein structure prediction are knowledge

based, with empirical potentials derived from the statistics

of native protein structures (where statistics refers to the

frequency distribution of the calculated property in the set

of protein structures) [5,6]. This raises the question as to

whether such potentials can describe the relative ranking

of non-native states. To distinguish decoys from native-

like structures, several approaches to energy landscape

sculpting have been developed [7,8��,9�,10��]. Here, I

review the state of the art of empirical knowledge-based

potentials as applied to protein structure prediction.

Division of the potential into generic and
sequence-dependent terms
Box 1 provides the background to what is known about

the energy landscape of real proteins that can guide the

development of empirical protein potentials [11]. It is

convenient to divide the force field into sequence-inde-

pendent terms that describe a generic protein, Egeneric,

and sequence-specific terms that describe local (in

sequence) terms reflecting secondary structural prefer-

ences, Esec, and nonlocal (in sequence but generally local

in space) terms that account for tertiary interactions, Eter.

Thus, one can separately develop force fields that are

appropriate to the situation. For example, Egeneric does

not have to be considered in threading, whereby the

sequence–structure fitness of a library of native protein

structures is examined [12]. However, this term is essen-

tial in ab initio folding, whereby protein-like structures

need to be generated [5,6,13].

Generic protein-like terms

Among the generic sequence-independent terms, there

are backbone hydrogen-bonding terms and terms that

describe the local backbone stiffness of a polypeptide

chain [7,8��]. As recently shown for detailed atomic and

simplified protein models, all the observed folds of single-

domain proteins in the Protein Data Bank (PDB) [14] can

be generated by a set of compact, hydrogen-bonded

homopolypeptides. The homopolypeptides have a pro-

tein-like distribution of secondary structural elements

subject to a uniform compressive force, in which each

sidechain is represented by a Cb atom [15��]. Thus, the

specific sidechain packing details are not necessary to

generate the set of single-domain protein structures;

rather, the implication is that they are involved in struc-

tural fine-tuning and selection of a particular fold relative

to the alternatives [15��]. Noteworthy is that hydrogen
www.sciencedirect.com
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Box 1 Energy landscape of real proteins.

It is instructive to review the nature of the energy surface of real

proteins, as this will set the requirements that a successful empirical

potential must satisfy. In addition to the statement that the native

conformation must be in the global free energy minimum [46], one

has to ask what the energetic ranking of alternative globally

misfolded, but protein-like conformations, should be [47]. This is

especially important given the fact that for all empirical potentials

alternative non-native but protein-like structures are often lower in

energy, as schematically depicted in Figure Ia. One view is that, in

nature, there are nearby alternative topologies that are higher in

energy than the native conformation (�10–20 kT, so that they are

thermodynamically irrelevant), but lower in energy than the unfolded

state, as in Figure Ib. If so, then the basic picture provided by

empirical potentials is roughly correct, but their relative ranking of

different topologies is not. Alternatively, as schematically depicted in

Figure Ic, supposing that the energy of all misfolded structures is

comparable to that of the random state, this implies that there is a

strong multibody component to the potential. The reason for this

conclusion is as follows: if one considers two related topologies in

which one of the strands is permuted with respect to the native fold,

because the majority of interactions are the same in both structures,

then the only way the misfolded state is significantly higher in energy

than the random state is if the few differing pairwise and higher order

contacts are much less favorable. Physically, this is very unlikely.

Because many single-domain proteins are well approximated by

two-state folding [48], whereby the native state is kinetically

accessible, as indicated in Figure 1a, they have to have a funnel-like

energy landscape [11] for which, on average, there must be a

correlation of the free energy with the extent of nativeness, as in

Figure 1b. Indeed, the goal of all structure prediction approaches is

to reproduce this correlation. This stands in contrast to the situation

depicted in Figures 1c,d, which is typical of that of many empirical

potentials, whereby there is some, but not much, correlation of the

empirical energy with structure quality.

Figure I

Three possible scenarios for the energy ranking of the native structure.

(a) Energy ranking of native and non-native topologies relative to the

denatured state, as given by most structure prediction algorithms.

In (b), all non-native topologies are higher in energy than native but

lower in energy than the denatured state. In (c), all non-native topologies

are higher in energy than the denatured state. Native, non-native

topologies and denatured structures are shown as thick lines, thin lines

and gray lines, respectively.
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bonding plays an essential role, without which only ran-

dom compact structures are generated. Indeed, the poor

treatment of hydrogen bonding is one reason why pro-

teins containing b secondary structural elements are

harder to predict [13]. Interestingly, although there is

close agreement between the orientational dependence

of hydrogen bonds observed in protein structures and in

quantum mechanical calculations, molecular mechanics

force fields do not fully capture these effects [16�]. It is

believed that further investigation of this issue is needed.

Sequence-dependent terms

Esec and Eter are often derived from empirical potentials

that extract information from known protein structures as

follows. The ‘energy’ associated with a given property p
(e.g. a pair potential) is obtained from [17]:

Eð pÞ ¼ �logðnobsð pÞ=nexpð pÞ (1)

where nobs( p) is the observed value of p and nexp( p) is the

‘expected’ value of p in a reference state that assumes

there are no specific interactions. All the energy scales

differ with respect to what reference state is used. Eq. (1)

is consistent with the division of the energy into generic

protein-like and sequence-specific interactions.

Secondary structure propensities

Esec is often obtained from neural-network-based second-

ary structure prediction approaches, such as PSIPRED

[18], and serves as a local bias term for the predicted

secondary structure [7]. Recently, Betancourt and Skol-

nick [19�] examined the separability of backbone dihedral

potentials on the basis of the statistics (i.e. frequency of

occurrence) of consecutive triplets of amino acids in the

PDB. They conclude that the dihedral angle distribution

of a given residue often depends on the neighboring

amino acids. Furthermore, most a helices and b sheets

are determined by the local potential, whereas the con-

formations of loops and the ends of b strands are more

influenced by nonlocal interactions. Indeed, the impor-

tance of local interactions in determining protein struc-

ture forms the basis of the ROSETTA structure

prediction algorithm [6,20] and is consistent with recent

work of Fang and Shortle [21��] on the determinants of

protein backbone structure.

Tertiary interactions

Eter contains sequence-specific terms that include pseudo

one-body burial potentials [22], potentials between pairs

of residues and possibly higher-order interactions. For the

widely used pairwise contact (square well) potentials

between residues of type g and d, the quasichemical

approximation to the potential is:

egd ¼ �logðnobsðg; dÞ=nexpðg; dÞÞ (2a)
Current Opinion in Structural Biology 2006, 16:166–171
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which sets:

nexpðg; dÞ ¼ N xgxd (2b)

where N is the total number of contacts in a representative

set of PDB structures, and xg is the mole fraction of residues

of type g. This potential was shown to be correct, provided

that all residues are the same size [23]. This is a reasonable

approximation in threading, in which pair potentials con-

tribute to the total fitness function and the contact maps are

frozen [12,24]. However, it is significantly in error if all-

atom potentials are used, because the contacts between

sidechains can readjust when a different sequence is

mounted in a given structure; for example, whereas a pair

of Trp has an interaction, if it is replaced by a pair of Gly,

then the contact will no longer be present. Recently, this

sidechain repacking problem was addressed by rebuilding

the sidechains of the set of threaded structures to calculate

nexp(g,d) [25��]. This is termed the ‘Gaussian approxima-

tion’. Interestingly, the quasichemical and Gaussian

approximations to the potential are highly correlated and

their performance is also correlated with a potential

designed using a decoy library (see below). Other knowl-

edge-based potentials are distance dependent. For exam-

ple, DFIRE is an atomic potential that normalizes the

expected number of contacts between residues at a dis-

tance r to that expected in a finite sphere of radius 14.5 Å

[26�,27]. Although these potentials describe their reference

state as an ideal gas, in reality, this state is closer to an ideal

solution of noninteracting uniform-size particles [26�,27].

Because it normalizes the expected number of contacts by

the value at the cut-off distance, DFIRE is less sensitive to

database composition than other distance-dependent

potentials that normalize the expected number relative

to the volume shell of interest [28] and that are more

sensitive to the problem of small statistics (i.e. there are

too few cases for the statistics to be meaningful).

Other investigators developed sidechain-orientation-

dependent pair potentials [1,29,30,31�,32�,33] that offer

the advantage that they partly mimic the effects of atomic

potentials at lower computational cost and can explicitly

include correlations of sidechain packing orientations.

One of the earliest versions was implemented in thread-

ing [24] and modified to be protein specific [34]. Indeed,

the sidechain-orientation-dependent pair potential is sig-

nificantly responsible for TASSER’s ability to refine

proteins closer to the native state than the starting tem-

plate structure [5,8��,35,36]. More recent orientation-

dependent sidechain pair potentials better account for

the reference state; for example, the potential introduced

by Buchete et al. [1,30,31�] is normalized to the average

orientational distribution in proteins and also includes

sidechain–backbone interactions, which are shown to

significantly enhance performance in native structure

recognition from decoys. Miyazawa and Jernigan [32�],
pioneers in the study of the orientational dependence of
Current Opinion in Structural Biology 2006, 16:166–171
sidechain packing, use a uniform distribution and ignore

high-frequency contributions in a spherical harmonics

expansion of the observed distribution of contacts. They

report significant improvement in the ability to recognize

native folds from a variety of decoy databases [32�].

Since Elber and colleagues [37] showed that, in general,

no pairwise potential can uniquely identify the native

state, several investigators introduced additional environ-

mental descriptors into a pseudo-multibody potential.

These include the number of contacts in the environment

[7] and its composition, with encouraging results pre-

sented for a variety of decoy sets [38�]. Skolnick and

co-workers [39] earlier showed that, at least for reduced

protein representations, inclusion of a multibody poten-

tial is necessary to produce the sidechain fixation, with the

concomitant reduction in protein volume that accompa-

nies the molten globule to native state transition.

Parameter optimization
There are two general types of parameter optimization

protocols. One assumes that the total energy is given by:

E ¼
X

i

wiEi (3)

where the individual terms Ei are specified and the goal is

to optimize the weights wi. Alternatively, one can assume a

functional form for each energy term Ei (with the option of

setting all wi = 1) and then adjust the individual para-

meters. The key issue is what is going to be optimized.

Originally, for a set of decoy structures, one merely

required that the energy (or Z-score, energy in standard

deviation units relative to the mean) of the native structure

be lower than all alternatives [40]. One could also require

that there be an energy gap between the native and all

alternative structures. However, this does not deal with the

problem of the shape of the energy surface. There should

be a correlation between the energy and the degree of

‘nativeness’ [11]; this situation is schematically depicted in

Figure 1a,b as opposed to the somewhat exaggerated

situation shown in Figure 1c,d, in which the native state

is not the lowest in energy and there is little, if any,

correlation between energy and structure quality. Zhang

and Skolnick [8��] optimized the wi of a set of 100 non-

homologous training proteins by maximizing the correla-

tion between energy and RMSD from native for sets of

structures that are non-random and that differ from native

by more than the resolution of the potential (�1 Å RMSD).

They obtained a correlation coefficient between energy

and RMSD of 0.7 for the training set. Interestingly, for a set

of 1489 nonhomologous test proteins, the correlation coef-

ficient is essentially the same. This correlation underlies

the ability of TASSER to refine structures closer to the

native state than the starting template [8��].

Using their mathematical programming approach, Qiu

and Elber [10��] reported encouraging results for the
www.sciencedirect.com
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Figure 1

Representative examples of energy as a function of configuration and

nativeness, with the more native structures (e.g. lower RMSD from

native) to the left. (a) The desired situation — the native structure is

lowest in energy and the energy surface is funnel like. This gives rise

to the correlation of energy versus nativeness shown in (b). (c) Typical

situation for many empirical potentials — the lowest energy structure

is non-native and there is a weak correlation of energy and

nativeness at best, with the worst case shown in (d). (e) Example of

a golf-course-like energy surface — the native state is the lowest in

energy but there is no correlation between energy and nativeness

away from the native state, as in (f). For such a situation the native

state might not be kinetically accessible and might not be a minimum

free energy state. The native and the lowest energy non-native state

are shown as a solid circle and as a star, respectively.
development of an atomic potential that recognizes not

only the native structure but also native-like pairs of decoys

and homologous structures. They concluded that, at most,

32 atom types can be learned, given the current form of

their potential. Using this significantly smaller number of

parameters, they reported comparable performance to that

of the knowledge-based potential of Lu and Skolnick [41].

Scheraga et al. [13,42��] also incorporated energy surface

sculpting into potential design using a predefined hier-

archy of nativeness. They optimize the relative weights

and depth of the square-well potential of UNRES [42��].
Using parameters obtained from a set of four training

proteins, encouraging results for the prediction of frag-

ments of sufficient length (so that the results were sta-

tistically meaningful with respect to random results) were

reported for a set of 66 proteins representing all secondary

structural classes [42��].

Clustering to select predicted structures
If some, but not perfect, correlation exists between the

energy and structure quality, it is possible to generate an

ensemble of structures and then cluster them to select the

predicted structures [9�,43,44�]. The simplest approach is

to cluster the generated structures on the basis of their
www.sciencedirect.com
pairwise RMSD and rank them by the number of neigh-

bors below the RMSD cut-off [43]. Alternatively, one can

select the structures on the basis of cluster density [43].

Typically, one picks the cluster centroid as the predicted

structure [44]. This procedure can choose structures that

are closer to native than the minimum energy structure

[5,6,8��,9�,21��,26�,36]. Although the cluster centroid is

generally closer to the native structure than the structure

that is the closest to the centroid, because it is an average

structure, it might contain local geometric distortions that

need to be fixed, if such structures are to be used in

subsequent refinement procedures [5].

Conclusions
The past few years have seen progress in the develop-

ment of empirical potentials with enhanced native struc-

ture specificity (i.e. enhanced ability to recognize the

native structure), partly as a consequence of the formula-

tion of better reference states [25��,26�]. Progress has also

been made in the development of sidechain-orientation-

dependent residue–residue pair potentials, which offer

the possibility of enhanced native structure specificity

[30,31�,32�]. The most successful approaches to protein

structure prediction combine a variety of empirical poten-

tial terms with weights and/or individual parameters that

are optimized against a decoy set [5,6,8��,10��]. Here, the

most important advance involves landscape sculpting to

make the energy surface more funnel like [11], as sche-

matically shown in Figure 1a. The landscape is designed

so that not only is the native structure the lowest in energy

but also there is a correlation between the empirical

energy and the distance of a structure from native, as

shown in Figure 1b. This eliminates the problem of

generating a golf-course-like landscape, as in Figure 1e,

with an almost complete lack of correlation between

energy and nativeness, as in Figure 1f. There is no

guarantee that such a procedure will be valid in general;

however, for a test of nonhomologous single-domain

proteins, this procedure generates a correlation coefficient

between energy and RMSD of 0.69, which is essentially

identical to the training set (Figure 1b) [8��]. Further-

more, clustering structures generated using imperfect

energy functions, as in Figure 1c,d, also enhances the

ability to recognize the more native-like structures com-

pared with the use of energy alone, especially when the

structures are selected on the basis of the cluster density

[9�,44�]. The combination of improved potentials opti-

mized by landscape sculpting and improved structure

selection using clustering has enabled progress on one

of the more tractable problems in comparative and tem-

plate-based modeling [5]. It is no longer true that the

model is as close to the native state as the initial template

structure; rather, quite often the final model has improved

accuracy relative to the initial template structure. Some-

times, it is even better than the best structural alignment

that can be provided by the template [5]; this should

enable the generation of an increasing number of
Current Opinion in Structural Biology 2006, 16:166–171
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functionally useful models for entire proteomes [8��].
Despite these encouraging successes, extant potentials

still require significant further improvement.

Although the native topology of a protein apparently

emerges in the molten globule state [45], in nature, its

selection does not require specific sidechain interactions.

Perhaps additional attention needs to be paid to better

understanding and predicting the short-to-intermediate

range interactions that could dictate the global topology

[21��]. Indeed, the fact that structures can be refined from

2.8 Å to 1.1 Å in a reduced representation that describes

each sidechain as a single point [5] suggests that the details

of sidechain packing are involved in structural fine-tuning

and need not be invoked to generate structures that are

almost at the level of experimental resolution. Future

work towards better understanding and predicting protein

supersecondary structure as a component of global topol-

ogy prediction represents a promising avenue of investiga-

tion. Thus, the quest for the perfect empirical potential for

protein structure prediction continues.
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