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Empirical potentials and functions for protein folding and
binding
Sandor Vajda∗, Manfred Sippl† and Jiri Novotny‡

Simplified models and empirical potentials are being
increasingly used for the analysis of proteins, frequently
augmenting or replacing molecular mechanics approaches.
Recent folding simulations have employed potentials that,
in addition to terms assuring proper polypeptide geometry,
include only two noncovalent effects — hydrogen bonding and
hydrophobicity, with extremely simple approximations to the
latter. The potentials that have been used in the free-energy
ranking of protein–ligand complexes have generally been
more involved. These potentials have more detailed solvation
models and account for both local (hydrophobic and polar)
solute–solvent phenomena and long range electrostatic
solvation effects. The models of solvation that have been used
most frequently are surface area related atomic parameters,
knowledge-based models extracted from protein-structure
data, and continuum electrostatics with an additional
area-related parameter. The knowledge-based approaches
to solvation, although convenient and accurate enough, are
suspect of double counting certain free-energy terms.
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2D two-dimensional
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ASP atomic solvation parameter
MC Monte Carlo
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Introduction
Simplified theoretical treatments are being increasingly
applied to problems of protein folding and complexation.
A common feature of all these formulas (effective inter-
particle potentials, Gibbs/Helmholtz free-energy functions
and potentials of mean force) is the representation of
complex solute–solvent interactions and solute entropic
effects (e.g. hydrophobicities) in an implicit manner. The
empirical approaches have emerged as a response to
various limitations that are inherent in computational
methods established in the past. Molecular mechanics,
itself a linear combination of simple empirical terms,

has served well wherever effects of covalent bonding,
excluded volumes, and coulombic electrostatics needed
to be investigated in vacuo; however, it has proven
inadequate for a thermodynamical description of stable,
compact protein folds that appear to be determined by the
nature of their solvent-exposed surfaces and, implicitly, by
phenomena such as hydrophobicity and electrostatics at
dielectric boundaries [1]. The same can be said of macro-
molecular complexes, of practical problems of biological
specificity, and tasks such as discriminating between
correct and incorrect protein folds and protein–protein
interactions (protein–ligand docking) [2]. It is still widely
believed that the correct answers to all this biology
may emerge from applying molecular mechanics force
fields to explicit models of solvated macromolecules, for
example, by running extensive molecular dynamics or
Monte Carlo (MC) simulations. The sheer computational
burden of such an exercise remains prohibitive, however,
notwithstanding the problems of convergence, adequate
conformational sampling, and proper parametrization that
continue to loom very large over this field. Molecular
mechanics/dynamics is also at a serious disadvantage
because of its extreme sensitivity to small perturbations of
structures embedded in a phase space with very many local
minima and characterized by a rugged potential landscape.

Of course, disadvantages to empirical potentials and func-
tions of state also occur. Simplifications beget conceptual
problems and often lead to answers which may be only
approximate and of uncertain generality. A discussion of
such conceptual issues is the main subject of our review.

Background
The main goal of molecular mechanics has been to provide
meaningful molecular structures, and its formalisms have
been based on the mental picture of atoms connected by
rotatable (rigid or flexible) bonds, and being acted on by
pairwise potentials. Protein structures, however, present
themselves as complicated, solvophilic/solvophobic poly-
mers at equilibrium with the solvent, and calling for
the use of thermodynamics — a theory that is preoccu-
pied with macroscopic observables. Protein folding and
complexation can be regarded as quasistatic processes
between two equilibrium states. At a constant temperature
and pressure, the system is best described by Gibbs or
Helmholtz free energy, which are essentially identical to
each other for condense systems. Thus, any effective
potential, however simplified, may be usefully viewed as
an approximation to the free-energy change ∆G = G −Go,
where Go is the free energy in a reference state (i.e. an
unfolded or unbound conformation). Keeping this in mind,
we search for free-energy expressions with a minimum
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number of terms, each calculated by the most convenient,
fast and accurate method [3]. One generally applicable
decomposition is given by

G = ∆Gconf + ∆Gsolv + ∆Gother (1)

where the sum ∆Gconf + ∆Gother represents the free-energy
change calculated in a reference medium, most frequently
in vacuum or a nonpolar liquid (i.e. the molecular
mechanics paradigm), and ∆Gsolv is the solvation term,
which describes the transfer of the folding or binding
reaction from the reference medium into water [4,5].
The conformational free energy, ∆Gconf, is defined by
∆Gconf =∆Econf −T∆Sconf, where ∆Econf is the confor-
mational energy change in the reference medium. The
entropy-change term, ∆Sconf, is present because, due to
the mean field character of the potential, a particular
conformation (actually a subset of the phase space) may
represent an ensemble of equienergetic structures such
as different sidechain rotamers. In the most general case,
∆Gother includes translational, rotational, vibrational, cratic
and protonation/deprotonation effects (see also Brady and
Sharp, pp 215–221, in this section).

The solvation term, ∆Gsolv, includes both local solute–solvent
interactions, which are often assumed to be proportional to
the solvent accessible surface area [5], and long range sol-
vation effects due to dielectric screening and polarization
[6]. Sometimes the hydrophobic term (surface tension)
captures the work of forming a solute-containing cavity in
solvent as applied to polar and nonpolar atoms alike [4].
Dielectric solvation effects, proportional to partial atomic
charges, are then separately ascribed to all the polar atoms.
At other times, solvation has been considered only for
nonpolar atoms, thereby reducing ∆Gsolv to a (short range)
hydrophobic term, ∆Ghydro. Implicit representations of
solvation effects yield equations that formally resemble in
vacuo interaction potentials, and deciding whether we are
practising simplified thermodynamics, amended molecular
mechanics, or an empirical mean force potential is often
difficult.

Folding simulations on lattice models
The main advantage of lattice models has been the
finite number of discrete conformational states that allow
an extensive, and often exhaustive, exploration of the
conformational and sequence spaces [7]. The potentials
employed in lattice simulations have had an appear-
ance of ideal interaction potentials, accounting for both
solute–solute and bulk solvent effects without any clear,
formal distinction between them. Such functions have
proved to be successful in capturing some characteristics
of protein folding, and hence similar potentials are now
being used in off-lattice, nearly real, simulations.

The simplest potential used to fold 2D, lattice-bound
polymers is the HP (hydrophobic–polar) model, a step
function that accounts for a pairwise hydrophobic at-

traction between nonpolar particles [7]. The two-letter
force-field alphabet can be extended, with strengths of
interaction made more varied [8] or, better still, based
on an empirical contact potential [9••]. The potential
may include baseline attractions among all monomers
(perturbed homopolymer model), or it may include
repulsions [10•,11••]. When phase spaces of polymers
governed by these interactions are fully enumerated,
one may obtain ensemble quantities: degeneracy, that is,
the number of sequences that fold to a given number
of structures; encodability, the number of folds that
are unique lowest energy structures of certain monomer
sequences [10•]; and foldability, the ability to fold rapidly
to the global energy minimum [7,8,11••,12]. Degeneracies
and encodabilities of real proteins are poorly known,
however, and it is not clear which lattice potential yields
the most protein-like behavior [10•]. Another problem is
the accuracy of energy calculations [13,14•]. Furthermore,
without a realistic representation of the backbone, lattice
models are unable to describe hydrogen bonding, which is
an important structural constraint in off-lattice simulations
[15••]. Thus, despite their elegance and undeniable use-
fulness as an ideal metaphor for folding, the value of lattice
representations has occasionally been questioned [15••].

Off-lattice folding simulations
Folding simulations on idealized proteins have a long
history full of excitement and controversy [16–18]. In the
recent past, the formation of secondary structures has been
given much attention [19,20], and various types of folding
functions have been experimented with [21•,22—26].
Success in predicting the folded conformations of small
proteins or protein fragments has been claimed using
several de novo methods [27••,28,29••,30•] that use simple
3D models of polypeptides and interaction potentials akin
to those used with lattices. The protein models generally
maintain the planarity of the peptide bonds, have fixed
bond lengths and angles, and simplified sidechains. The
potentials used have the general form

∆G = ∆Econf + ∆Ghydro (2)

where the energy change ∆Econf usually includes a hydro-
gen bond term ∆EH-bond, and possibly other directional,
pairwise contributions.

Srinivasan and Rose [27••] have represented sidechains by
one, two or three virtual atoms and use the energy change

∆Econf = ∆EH-bond + ∆Etors + ∆Eexcl (3)

where ∆Etors and ∆Eexcl are torsional and excluded volume
energy terms, and the only favorable contribution is
the hydrogen-bond energy ∆EH-bond. The hydrophobic
contribution, ∆Ghydro, accounts for short range interac-
tions among three types of residues: hydrophobic (H),
amphipatic (A), and polar. Only H–H and A–H contacts
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contribute to the free energy at a ratio of 2:1, both
scaled by the distance of the contacts. Dill and coworkers
[28,29••] have developed two simulation programs on the
basis of simple peptide geometry and potential. Each
sidechain is represented by a single virtual atom fixed
at the sidechain centroid in the position of its average
rotamer. Lee et al. [30•] employ a similar model for MC
simulations. In the peptide simulations by Sung [31],
the solvation free-energy terms include both short range
hydrophobicity (group-based hydrophobicity parameters)
and long range electrostatic hydration, which are obtained
from an approximate solution of the Poisson–Boltzmann
equation. The energy contribution, ∆Econf, covers both
hydrogen bonding and excluded volume terms. Although
the simple functions used in [27•,28,29••,30•,31] seem
to provide better results than the more complex ones
used in the past, successful folding still remains somewhat
anecdotal and difficult to reproduce and judge inde-
pendently. Also difficult is a comparison of the above
computer experiments, which are based on simplifications,
with those employing full molecular mechanics force-fields
that have added solvation terms (e.g. [32,33,34•,35•]). It
may be interesting to note that at the Second Asilomar
Meeting on the Critical Assessment for Protein Structure
Prediction (CASP-2; [36]), methods directly exploiting
protein structure data performed better than any of the ab
initio folding methods.

Structure-based (database-derived) potentials
A popular approach for deriving effective potentials
from an ensemble of experimentally determined protein
structures consists of computing frequencies of structural
features (‘structural frequencies’), and converting these
frequencies into free energies [37•,38–41]. The main appli-
cation of structure-based potentials is in fold recognition,
which is reviewed by Torda (pp 200–205) in this section.
These potentials have frequently been combined with
other terms to form effective free-energy functions for
folding and binding, however, and hence we will briefly
discuss them.

The observed frequencies (e.g. pairwise residue distribu-
tions) can be transformed, in a straightforward way, into
contact or pairwise potentials that, in principle, should
include all thermodynamically important contributions. In
practice, however, some contributions can be underesti-
mated due to the selection of the reference state, or the
neglect of chain connectivity and correlations between in-
teractions [41,42••,43]. Thus, distinctions among structural
frequencies, particle–particle contact potentials, and the
underlying physical phenomena (e.g. hydrophobicity) are
by no means clear. For example, it has been suggested
that the Miyazava–Jernigan-type [9••,41,44•] and other
[45••] structure-based potentials correlate with solvation
free energies and can be used as implicit solvation terms
in free-energy expressions [44•,45••], in other words,
in combination with other terms [45••]. Although such
combined potentials may be useful in applications, their

theoretical basis is very weak and assuring that no
contribution to the free energy is double counted is
difficult.

Docking and binding guided by free-energy
potentials
Docking algorithms generate many alternative juxtaposi-
tions of a ligand (often a small organic molecule) and a
receptor (always a protein) while ranking each of them by
a scoring function [46•]. At current computer clock speeds,
an oversimplified scoring function is essential for efficient
and fast docking search [47•,48•]. The identification
of near-native conformations, however, usually requires
target functions that have a fairly faithful representation
of the free energy of the system [49•]. The need for
balancing computational speed, on the one hand, and
numerical accuracy, on the other hand, is particularly acute
in applications such as structure-based drug design [50••].

In the rigid, lock-and-key approximation to binding,
surface complementarity has emerged as a single, plausible
scoring-function candidate [46•], which is often used at a
resolution coarser than the atomic scale [47•,48•]. Shape
complementarity alone often yields false positives [2],
however, and attempts have been made to amend it with
pairwise potentials that capture hydrogen bonding and
electrostatic complementarity [46•] or to expand it into an
approximate free-energy expression [49•].

The general formalism given by Equation 1 describes
the binding free energy of the system whenever the
unbound but solvated proteins define the reference
state [4,5]. Thus, ∆G =∆Grl −∆Gr −∆Gl, where ∆Grl, ∆Gr,
and ∆Gl are the free energies of the receptor–ligand
complex, the free receptor, and the free ligand, re-
spectively. Similarly, the energy component is defined
by ∆Econf =∆Erl −∆Er −∆El. For rigid body association,
∆Econf reduces to the receptor–ligand interaction energy
∆Er-l. Furthermore, assuming a rigid backbone implies
that the conformational entropy change is restricted to the
sidechains. Thus, we can rewrite Equation 1 in the form

∆G = ∆Er-l − T∆Ssc + ∆Gsolv + ∆Gother (4)

where ∆Ssc denotes the sidechain entropy loss upon
binding [4,5]. Notice that using a (nonpolar) liquid
as reference medium, ∆Gsolv includes only a small
differential van der Waals contribution, and hence the
van der Waals terms should also be removed from the
solute–solute interaction energy ∆Er-l, which is thereby
reduced to the electrostatic component. In this instance,
∆Gother becomes a constant.

Practical free-energy functions used in docking are of three
different kinds: partition methods [4,5,49•,50••,51–53],
which are based on a ‘master’ thermodynamic equation
[50••] (e.g. Equation 4) that has free-energy terms
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formulated in the most practical way; structure-based,
contact or pairwise-particle potentials in which free
energies may be obtained from structural frequencies
observed in receptor–ligand complexes [54••,55•,56]; and
regression-type methods in which the scoring function is
a linear combination of quantities, such as conformational
energy, hydrophobic and hydrophilic surface areas, number
of hydrogen bonds etc., that are fitted to experimental
binding data [57–61]. The structure-based and regression-
type methods have been relatively accurate when applied
to a set of homologous molecules [59,60] but may not
be transferable among dissimilar systems. By contrast,
the various terms in free-energy functions based on
partitioning (Equation 4) can be independently validated
from thermodynamic and structural data. These functions
are expected to be quite general and their parameters
should be widely transferable.

The partition-type methods may be grouped according to
the solvation models used, that is, atomic solvation pa-
rameter (ASP) models [4,5,49•,50••,51,52], structure-based
solvation terms [44•,45••,53], and continuum electrostatic
models of solvation [62•,63•]. The hydrophobic solvation
or ASP models are empirical relationships between the
solvation free energy and either solvent accessible surface
areas or first hydration-shell volumes. The use of different
reference media (nonpolar liquids or a vacuum) explains
many of the differences among the various sets of ASP
values reported in the literature for the same atom type
[64,65•,66•]. Both the receptor–ligand interaction energy
and the sidechain conformational entropy loss can be
included within atomic surface area terms, and the ASPs
have also been adjusted to take, for example, hydrogen
bonding [51] or atomic charges [52] into account. These
approaches have yielded good estimates of binding free
energy, but at the expense of the ASP values becoming
conceptually rather ill defined. As we noted above, the
main problem with the structure-based solvation terms
is that they probably include other contributions to the
free energy, which are therefore double counted in the
potential.

The atomic parameter models capture only local solvation,
and the structure-based solvation terms are dominated by
short range phenomena. Long range effects of electrostatic
solvation and dielectric screening have sometimes been
modeled by introduction of a distance-dependent dielec-
tric constant into the Coulomb equation. Finite difference
solution of the Poisson–Boltzmann equation is known to
give a much more accurate description of electrostatic free
energy [6], however, the technical problems associated
with discrete space representation (gridding), infinite
point charge self-energy, and the steepness of dielectric
boundaries have not been easy to overcome [67,68].
The method has been used, with success, for estimating
relative binding free energies of complexes with mutant

proteins [62•], and also for distinguishing native from
nonnative complex conformations [63•]. An analysis of the
relative binding free energies of unrelated protein–protein
complexes, however, was less successful [63•] (for a
discussion of the potential sources of this difficulty,
see [49•]).

Conclusions
We are currently witnessing the applications of simple
thermodynamic potentials in off-lattice, near-real protein
folding simulations. The simplifications that are used
involve, in essence, the retention of only two mean-
ingful physical effects: maximization of the number of
hydrophobic interactions; and minimization of the number
of buried polar atoms that do not participate in hydrogen
bonds [27••,28,29••]. Although they are often included
to assure proper polypeptide geometry, other terms (e.g.
excluded volume, disulfide bridge), do not seem to affect
the overall results of folding simulations that appear to
be governed mainly by the trade-off between satisfying
hydrogen bonding and affecting the complete hydrophobic
collapse [15••,69].

The current methods of docking and binding use free-
energy formulas that are based on more complex po-
tentials. Most authors recognize that the major effects
contributing to the specificity and strength of binding
are solvation (including hydrophobicity, which implies an
approximate surface-to-surface complementarity, minimiz-
ing solvent-exposed nonpolar surfaces, and long range
electrostatic effects modified by dielectric boundaries)
and, possibly, a loss of sidechain conformational entropy.

The balancing needs of computational speed and numeri-
cal accuracy are being approached in so many different
ways, and the thermodynamical empirical short cuts are
conceptually so complex, that to foretell the best avenues
of future development is nearly impossible. In folding, the
very simple potentials and low resolution models perform
at least as well as the ones based on molecular mechanics
that have been used in the past. Binding, by contrast,
probably requires relatively precise solvation scales, that
take a good account of long range effects. In addition, the
most general treatment of binding would have to include
energy terms associated with flexible (e.g. bond-angle and
torsional) deformations due to induced fits. Thus, molec-
ular mechanics, when amended by solvation terms and
equipped with algorithms for estimating conformational
entropy changes (e.g. CONGEN uniform conformational
sampling [70,71]) may well remain an important tool in the
analysis of receptor–ligand interactions.
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