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ABSTRACT A long standing goal in pro-
tein structure studies is the development of
reliable energy functions that can be used both
to verify protein models derived from experi-
mental constraints as well as for theoretical
protein folding and inverse folding computer
experiments. In that respect, knowledge-based
statistical pair potentials have attracted con-
siderable interests recently mainly because
they include the essential features of protein
structures as well as solvent effects at a low
computing cost. However, the basis on which
statistical potentials are derived have been
questioned. In this paper, we investigate statis-
tical pair potentials derived from protein three-
dimensional structures, addressing in particu-
lar questions related to the form of these
potentials, as well as to the content of the
database from which they are derived. We have
shown that statistical pair potentials depend
on the size of the proteins included in the
database, and that this dependence can be
reduced by considering only pairs of residue
close in space (i.e., with a cutoff of 8 Å). We have
shown also that statistical potentials carry a
memory of the quality of the database in terms
of the amount and diversity of secondary struc-
ture it contains. We find, for example, that
potentials derived from a database containing
a-proteins will only perform best on a-proteins
in fold recognition computer experiments. We
believe that this is an overall weakness of these
potentials, which must be kept in mind when
constructing a database. Proteins 31:139–149,
1998. r 1998 Wiley-Liss, Inc.
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INTRODUCTION

It is the ability of proteins to fold into unique
three-dimensional (3-D) structures that allows them
to function. Hence comprehension of the way in
which the amino acid sequence determines the 3-D
conformation of the native protein is essential to an
understanding of biological processes. Should the
laws of folding be known, protein structure predic-
tion, de novo design of complicated protein folds, and

even the prediction of a protein’s interactions with
its environment would become tractable. The proper-
ties of proteins are directly related to their potential
energy surfaces, with the native structure corre-
sponding to the minimum of this surface. The chal-
lenge for theoretical biology is to obtain a good
approximation of the true potential energy function
and to derive methods for reaching the minimum of
this function. Considerable efforts and progress have
been made in recent years on both problems1–6; this
paper is concerned with the derivation of energy
functions.

When energy is a critical quantity, biomolecular
simulations rely essentially on accurate potential
energy functions, or force fields, in which the energy
parameters are traditionally optimized with respect
to the properties of small model molecules (though
data are now often extracted from quantum chemical
calculations7). These force fields, based on full-atom
representations of the protein structures, are com-
monly used in molecular mechanics and molecular
dynamics studies, but remain impractical, for com-
puting reasons, for studying issues implying long-
time scales, such as protein folding. For such pur-
poses, simplified models of protein structure seem
more practical. These low-resolution methods re-
quire specific potential energy functions, most often
derived from known protein structures. Databanks
of protein structures are growing in size; it is there-
fore expected that potentials derived from them will
become more and more accurate. Several methods
have been proposed to extract information from
databanks in the form of statistical (or knowledge-
based) potentials, which can then be used for study-
ing proteins whose structure is unknown.3,8,9 Among
these methods, two approaches prevail. In the first,
knowledge-based potentials are optimized to fit to
known protein sequence and structure data. Maiorov
and Crippen10 defined energy parameters that solve
the threading problem, i.e., such that the native
structure for a given sequence is clearly recognized
from among a large set of decoys. Goldstein et al.11
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have developed an analytical method based on spin
glass theory for determining the parameters that
maximize the stability of the native protein struc-
ture relative to an average alternative structure, i.e.,
the foldability of the protein sequence in their termi-
nology. This approach has been extended recently,
with various definitions of the foldability.12–17

In the second approach, putative energy terms
have been derived from amino acid pairing frequen-
cies observed in the known protein structures, as
initially proposed by Tanaka and Scheraga,18 and
subsequently extended by Miyazawa and Jernigan19

explicitly to account for solvent effects, and also by
Sippl et al.,20,21 who included the dependence on
separation of residues in both space and sequence.
These potentials are referred to as either log-odd
potentials (if statistics alone are considered) or poten-
tials of mean force (if a physical model based on
statistical mechanics is considered). Further develop-
ments have been concerned with the introduction of
new energy functions based on other statistical
terms, such as residue triplets,22,23 solvent accessibil-
ity,24 atomic environment,25–27 dihedral angle prefer-
ences,28 ion pairs,29 and hydrogen bonding,27,30 as
well as on studies that try to define the best possible
combination of these terms.31 Most of these poten-
tials (derived from both methods) have been used for
error recognition in protein models derived from
X-ray data, NMR data, or modelization,32,33 for ab
initio folding calculations,23,34,35 as well as for the
threading or fold recognition problem,3 with the
latter being commonly recognized as the first test to
be performed to assess the quality of a given set of
potential.

The basis on which statistical potentials are de-
rived have been questioned. Recently, using simple
lattice models, Thomas and Dill36 have investigated
both the principles of statistical potentials and the
extent to which these potentials reflect real amino
acid contact energies in proteins. Their results clearly
identify problems with these potentials. In this
article, we describe an extension of their studies in
which we investigate potentials derived from protein
3-D structures directly, and in particular we address
questions of database size, database content, and
sampling problems.

FORMALISM

Let X be a state variable of a physical system in
equilibrium. The probability that X takes the value x
is given by the Boltzmann law:

P (X 5x) 5

exp 32 E (x)

kT 4
Z

(1)

where E(x) is the energy of the system, k the
Boltzmann’s constant, T the temperature, and Z the

partition function. If x* is the value X such that the
interaction energy of the system is zero, then

P (X 5 x*) 5
1

Z
. (2)

Combining Equations (1) and (2), we obtain

P (X 5 x) 5 P (X 5 x*) exp 32 E (x)

kT 4 . (3)

Conversely, if the probability density functions P can
be measured, we can derive the energy of the system
described by x from

E (x) 5 2kT ln 3 P (X 5 x)

P (X 5 x*)4 . (4)

E(x) given in Equation (4) is the so-called potential of
mean force.

In the case of proteins, potentials of mean force are
mainly concerned with pairwise interaction energies
between any two amino acid types a and b (from 1 to
20); in this case X is a distance functional, and
Pab(X 5 r) is the marginal probability of observing
two amino acids of type a and b at a distance r. If the
amino acids are considered to float in a dilute
idealized gas phase in which pairwise interactions
dominate, Equation (4) is valid and becomes

Eab(r) 5 kT ln 3 Pab(X 5 r)

Pab (X 5 1`)4 (5)

since the interaction energy between a and b is zero
at infinite separation only.

In a first approximation, the marginal probabili-
ties Pab are derived from the discrete frequencies
observed in different proteins from the PDB data-
bank. The definition of the reference state is not
straightforward; this is sometimes referred to as the
partition function problem (as seen from Eq. (2)). A
zero interaction between two residue type a and b
cannot be defined as such since two residues will
always be located at a finite distance from each
other. Miyazawa and Jernigan19 defined a statistical
potential that only considered local interaction, i.e.,
such that the probabilities of amino acid pair occur-
rence are integrated over a range of distance [0 rc],
where rc is a small cutoff value (6.5 Å). The main
strength of their potential was that they included an
explicit treatment of solvent. In order to define the
corresponding reference state, they introduced the
‘random-mixing approximation,’ in which amino ac-
ids and solvent distribute uniformly in the absence of
interactions. In this random mixture, contacts only
depend on the concentration of the amino acids,
hence their normalization scheme basically cor-
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rected for amino acid pair concentration. Sippl20

constructed distance-dependent pair potentials,
which included correction for amino acid pair concen-
trations in terms of amino acid types (e.g., ALA–GLY
versus MET–TRP), as well as in terms of the distribu-
tion of distances observed (i.e., number of pairs
observed at 10 Å vs. those observed at 50 Å). Sippl’s
formalism may be summarized as follows. Let P(X 5

r) be the probability of observing any type of amino
acid pair at distance r, and T the state variable that
defines the amino acid pair type, then

Pab (X 5 r) 5
P (X 5 r/T 5 a, b))

P(T 5 (a, b))
. (6)

Using Equation (6), Equation (5) in Sippl’s formal-
ism becomes

Eab (r) 5 2kT ln 3 P (X 5 r/T 5 (a, b))

Pab (X 5 1`)P (T 5 (a, b))4 . (7)

A similar expression prevails for the potential for an
unspecific amino acid type, noted E(r). The distance-
dependent pair potential of Sippl is the net potential
DEab(r), defined as

DEab (r) 5 Eab(r) 2 E (r)

5 2kT ln 3 P (X 5 r/T 5 (a, b))

P (X 5 r)P (T 5 (a, b))4
2 kT ln 3 P (X 5 1`)

Pab(X 5 1`)4 . (8)

The second term of the right-hand side of Equation
(8) is independent of conformation, and only depends
on the nature of a and b. For a given sequence, the
sum of these terms is constant, and hence can be
ignored in a fold recognition computer experiment
(in which the same sequence is threaded through a
set of protein folds), yielding a modified net poten-
tial:

DEab (r) 5 2kT ln 3 P (X 5 r/T 5 (a, b))

P (X 5 r)P (T 5 (a, b))4 . (9)

The net potential energy DE8(S,C) of a protein of
sequence S that adopts a conformation C is then
assumed to be the sum of the individual residue pair
contributions, based on Equation (9). Rooman and
Wodak37 have shown that DE8(S,C) directly approxi-
mates the difference between the free energy of S in
conformation C and that of S in a denatured-like
state, and can thus be used even if the amino acid
composition is not fixed.

But protein structures may not be considered as
amino acids in the gas phase, and the assumptions

and approximations required to apply Equation (5)
(or the modified forms proposed by Miyazawa and
Jernigan19 as well as Sippl20) may be too crude to
maintain a physical meaning to this formalism. The
physical premises of these potentials have been
tested in detail in the study by Thomas and Dill.36

Briefly, they have shown that these potentials do not
reflect the true underlying energy of proteins, mainly
because the assumption that frequencies of amino
acid pairs are not independent of each other is not
valid (amino acids are covalently linked in specific
sequences). As a consequence of this study, we will
refer to potentials calculated from Equation (9) as
statistical potentials rather than potentials of mean
force.

Thomas and Dill’s research36 was based on 2-D
lattice models for which both configurational and
sequence space could be explored systematically,
hence they did not address questions of database
size. The sampling problem is twofold. First, certain
amino acid pairs are underrepresented in natural
sequences, yielding poor statistics for estimating the
corresponding probability density functions. This is
certainly the case for any pairs involving tryptophan
or methionine. This problem may not be crucial if the
sparse data correction scheme of Sippl20 is used.
Second, the composition of the database itself may
play an important role. Amino acids are covalently
linked and form specific secondary structures, provid-
ing coherence in the relative positions of the amino
acid pairs, which is again in opposition to the assump-
tion that amino acid pairs are independent of each
other (this assumption is required to apply the
Boltzmann equation). The quantity as well as the
quality (i.e., the types) of secondary structures that
form the proteins contained in a specific databank
may then have an effect on the quality of the
potentials derived from this databank. These are the
issues we address below. Since we are looking at
structural effects, we have selected the distance-
dependent statistical potentials originally described
by Sippl,20 to which we added a surface statistical
potential based on surface accessibility24,38 to ac-
count for hydrophobic effects.

METHOD

We aim to learn how much bias is introduced in
statistical potentials when they are extracted from
databases with poor sampling in some structural
aspects such as secondary-structure elements. Our
procedure is defined as follows. First, we define four
different databases, each containing one type only of
three-dimensional fold (a, b, a/b, or a1b). Second,
we extract distance-dependent pairwise potentials
as well as a surface potential to include solvent effect
from all four databases. Each of these potentials are
tested in fold recognition computer experiments, and
the results are classified according to the folding
type of the tested protein.
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Protein Structure Database

The complete database of protein structures used
in the present study consists of 125 nonhomologous
proteins (in fact 125 chains) extracted from release
70 (October 1994) of the Brookhaven PDB.39 This
database has been subdivided into four subdata-
bases which we denote as A, B, AB, and A1B for a, b,
a/b and a1b proteins, respectively, according to the
protein classification proposed by Orengo et al.40 All
four databases, A, B, AB, and A1B, have approxi-
mately the same total number of residues. For
reference, a fifth database which we denote as F was
prepared randomly, which contains (approximately)
the same number of residues as A, B, AB, and A1B,
but with equal representation of the four folding
type. The five databases are described in Table I.

The set of proteins chosen is not complete in that it
does not include all protein folds known to date. This
is not important since we are not testing sampling
problems related to the size of the database, but
those related to the quality of the database.

Extracting Statistical Potentials

Distance-dependent statistical potentials were ex-
tracted by the method of Sippl,20 based on Equation
(9). For two residues i and j in a protein,

DEaiaj

k (r) 5 2RT ln 3Paiaj

k (r)

Pk (r) 4 (10)

where ai and aj correspond to the amino acids at
position i and j in the protein, respectively; k 5 j 2 i
is the topological level, or separation of these resi-
dues along the sequence; and r is the spatial distance
between the Ca atoms of i and j. RT is a constant,
taken to be 0.582 kcal mol-1 (R is used rather than k
so as to work with mol rather than individual
molecule, while T is set to 293 K). The pair interac-
tions are represented by several variants of poten-
tials, depending on the topological level k. In the
short range (1 # k # 6), individual potentials are
compiled for each value of k. For medium- (7 # k #
9), and long-range (10 # k) separations, the pair
potentials are condensed to a single type of potential.

Scanning the database yields density distributions
F rather than probabilities P, as required in Equa-
tion (10). For each amino acid pair and each topologi-
cal level, the shortest (Rmin) and largest (Rmax) dis-
tances between the corresponding Ca in the database
are recorded. Rmax is then set to min(Rmax, Rc), where
Rc is a cutoff distance. The complete distance range
[Rmin, Rmax] is then divided into 20 intervals of equal
size. Because of the large number of possible poten-
tial bins (i.e., 20 distance intervals, 8 topological
levels, and 400 amino acid pairs, giving a total of
64,000 different potential values to be considered),
the number of observations for each bin is small,
hence these densities cannot be used as such. To

correct for this sparse data problem, Sippl20 pro-
posed the following approximations:

Pk (r) < Fk (r) (11)

and

Pab
k (r) <

1

1 1 ms
Pk (r) 1

ms

1 1 ms
Fab

k (r) (12)

where the F values are the observed frequencies in
the database of protein structures, m is the number
of pairs (a,b) observed at distance r and topological
level k, and s is the weight given to each observation.

TABLE I. Protein Structure Databases*

Database Fold type Proteins†

A a-proteins 1aca, 1aep, a1bbh, 1c5a,
1cc5, a1col, 1ecd, a1gmf,
1hbg, c1hdd, a1ith, 1le2,
31lmb, 1mba, 1mbc, c1prc,
1r69, 1rcb, a1rop, 1ycc,
a256b, a2ccy, 2cy3, a2hmz,
2lh7, 2lhb, 2sas, a2scp,
p2tmv, a2utg, r2wrp,
a3sdp, 451c, 4cpv, 4icb,
a4sdh

B b-proteins 1acx, a1bbp, 1cd8, a1cob,
1epg, 1f3g, 1hcc, 1ifc,
a1nsb, 1paz, 1rbp, a1tnf,
e2er7, h2fb4, 2gcr, b2hla,
a2ltn, a2pab, 2por, 2rhe,
a2tlv, 3cd4, 3cna, 4fgf,
a5hvp, 5rxn, e5sga, 7pcy

AB a/b-proteins 1ald, 1ego, o1gd1, 1gky, 1trb,
2fcr, 2gbp, a2trx, 3adk,
3chy, 3dfr, 3pgm, 3trx,
a4dfr, 4fxn, 5p21, a5tim,
6cpa, 6ldh, 8abp, 8dfr

A 1 B a 1 b-proteins 1aak, 1ab2, 1aps, a1bov,
1bp2, 1ctf, 1crn, i1cse,
1eaf, 1fdx, 1fkf, 1fxd, a1fxi,
a1gat, a1il8, a1lts, 1lz1,
a1msb, 1pyp, a1rnb,
a1rve, 1sn3, 1snc, i1tgs,
a1tpk, 1ubq, a2bop, 2gb1,
2ovo, a2sar, i2sic, a2tsc,
3b5c, 3cla, 3lzm, 4pti, 7rsa,
b8atc, 9rnt, a9wga

F all 1aak, 1aps, 1cd8, a1col, 1fxd,
a1gat, 1gky, c1hdd, 31lmb,
a1nsb, a1rnb, 1sn3, 1ycc,
2gbp, 2lhb, a2ltn, 2ovo,
a2pab, 2sas, a2tlv, 3cla,
3lzm, 451c, a4dfr, a4sdh,
e5sga, a5tim, 8abp, b8atc

*The full database contains all protein chains from the four
databases A, B, AB and A 1 B; F is a random subset of the full
database, in which all four fold types are represented.
†Brookhaven databank codes. If available, chain identifiers are
given first.
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In all subsequent calculations, s is set to 1/50, i.e.,
such that for m 5 50, Fk(r) and Fk

ab(r) have the same
weight.

The distance cutoff Rc was set to account for
intramolecular interactions. To account for protein
surface–solvent interactions, Sippl38 proposed a
simple model based on neighborhood calculation. In
this study, a sphere of radius 12 Å is centered at the
Ca atom of a particular residue and the number of
residues N within this sphere is calculated. Follow-
ing Equation (9), the statistical potential for solvent
interaction for amino acid type a is defined as38

DOa(n) 5 2RT ln 3 P (TYPE 5 a,N 5 n)

P (TYPE 5 a) P (N 5 n)4 (13)

where TYPE is the variable that describes the amino
acid type, and N the variable for the number of
residues in the sphere of interaction. The probabili-
ties P are derived directly from the observed frequen-
cies in the protein structure database, without statis-
tical correction.

The pair interaction energy Epair(S,C) for a se-
quence S in conformation C is obtained by summing
Equation (10) over all interacting pairs with a spa-
tial distance less than Rc. Similarly, the surface
energy Esurf(S,C) is obtained by summing Equation
(13) over all amino acids. A combined energy Etot(S,C)
is defined as

Etot (S,C) 5 Epair (S,C) 1
spair

ssurf
Esurf (S,C) (14)

where spair and ssurf are the standard deviation of the
corresponding energies.

Testing the Potentials: The Hide-and-Seek
Procedure

In the hide-and-seek computer experiment, the
native fold X for a sequence S is hidden among a
large number of nonnative folds, C, and the task is to
retrieve X using the potential function to be tested as
a guiding criterion. The task is successfully solved if
E(S,X) is lower than any of the E(S,C). This proce-
dure is in spirit similar to the so-called threading
problem, though it does not allow for gaps. In this
study, the hide-and-seek experiment is performed on
a polyprotein41 constructed from the set of 125
protein structures in our full database (see above).
The structures are joined using short fragments
from protein structures, with the requirement that
there are no close contacts between modules. The
total length of our polyprotein is in the order of L <
20,000 residues. The sequence S of a given protein of
length N is shifted along the polyprotein, yielding a
set of decoys for S. The set D of conformations C
obtained represents the conformational space acces-
sible to S. This set contains L – N 1 1 conformation,

and since N9 L, the total number of conformations
is essentially independent of N. The potential ener-
gies Epair(S,C), E^urf(S,C), and Etot(S,C) are calcu-
lated for each C in D, as well as for the native
conformation X. The quality of the statistical poten-
tials derived from various databanks can then be
estimated by a z-score:

z 5
E (S,X) 2 7E (S,C)8

s
(15)

where 7 8 represents the average over all conforma-
tions C in D, and s the corresponding standard
deviation. If the discrimination is significant, z is
expected to be large and negative (in other works,
the signs in the definition of z are permuted, in which
case z is expected to be large and positive).

The predictive power of a given statistical poten-
tial is expressed in terms of the average z-score, 7z8,
calculated for a subset of the known native folds in a
given database by

7z8 5
1

M o
i51

M

zi (16)

where zi is the individual z-score for protein i ob-
tained from Equation (15), and M is the number of
proteins included in the subset considered.

Kocher et al.42 have shown that the database of
known structures, even assembled in a polyprotein,
is a poor challenge for many empirical energy func-
tions. As discussed by Park and Levitt,31 decoy
structures should in fact include structures that are
close to the native structure, be native-like in all
properties but the overall fold (otherwise they may
be distinguished trivially), and be diverse and numer-
ous. All these criteria apply when an absolute test of
a new potential is performed, in order to compare its
power with other potentials. In this study, however,
the quality of the reference set of decoy structures is
not crucial, since we are performing relative tests on
similar statistical potentials that differ only in the
database from which they were extracted.

In the subsequent calculations, we will refer to two
different types of ‘database,’ i.e., the set of proteins
used to derive the statistical potentials, and the set
of test proteins used in the hide-and-seek experi-
ments to derive the average z-score. To avoid confu-
sion, we will refer to the first set as a database of
protein structures and to the second as a pool of
known native folds.

RESULTS
Setting Up the Potential: Definition of the
Cutoff Distance Rc

All pairwise potentials similar to those described
by Sippl20 ignore interactions beyond a certain dis-
tance cutoff value Rc, on the basis that the interac-
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tions are not residue-specific and are determined
simply by solvation effects. Sippl and Jaritz41 have
studied the dependence of the performance of their
pairwise statistical potentials on the distance cutoff.
For a given database containing 68 proteins, they
have shown that the predictive power of their poten-
tials, as measured by the average z-score, was low for
short truncation distances (Rc , 10 Å), and increased
slowly but steadily for cutoff distances up to 30 Å,
where it reached a maximum. For Rc values larger
than 30 Å, 7z8 remained rather flat. In terms of
successful identification of native folds, they have
shown that truncation at a distance of 20 Å yields the
best result; this is the value Sippl et al. have
used.38,41 Interestingly Jones et al. used a value of 10
Å.24

The cutoff dependence is directly related to the
quality of the database used, more specifically to the

amount of small and large proteins it contains. Small
proteins have few distances greater than 35 Å com-
pared to large proteins. Also, the number of pair
interaction increases with the square of the sequence
length, hence large proteins bias the potentials. To
investigate this problem, we divided our full data-
base into two subsets, S and L, where S contains all
protein chains with less than 130 residues, and L all
remaining proteins. The distribution of Ca–Ca dis-
tances for both S and L are shown in Figure 1A and
B, respectively. These two distributions are clearly
different, with much more long-range Ca–Ca dis-
tances for L than for S. Interestingly, the two distri-
butions are reasonably similar up to approximately
10 Å, as illustrated on Figure 2, indicating that the
short-range interactions in protein are independent
of protein size, while obviously very-long-range inter-
actions are only present in large proteins. In order to
be independent of the quality of the databases,
pairwise potentials should then be considered only
for short cutoff values.

To test this hypothesis further, pairwise potentials
were calculated from each database S and L for
various cutoff values, and used in hide-and-seek
computer experiments with a pool of 40 test proteins
(using the jack-knife procedure, i.e., the protein
under test in the hide-and-seek procedure is re-
moved from the database prior to the calculation of
the potentials). The dependence of the average z-
score 7z8 on distance cutoff values for databases S and
L are shown on Figure 3. The results for both S and L
are in agreement with the observations of Sippl and
Jaritz, i.e., a significant improvement in predictive
power is observed for cutoff values varying from 5 to
10Å, followed by a steady but slow increase for Rc .
10 Å. A difference between S and L is observed,
however. For small cutoff values (Rc , 7–8 Å), the
predictive power of the statistical potentials derived
from the database of small proteins (S) and large
proteins (L) are nearly identical. A significant differ-
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Fig. 1. Distributions of interresidue Ca–Ca distances in (A)
database S of short proteins (i.e. smaller than 130 residues) and
(B) database L of long proteins (i.e. longer than 130 residues).
Database S contains 1ab2, 1aca,1acx, 1aps, a1bov, 1bp2, 1c5a,
1cc5, 1cd8, 1crn, 1ctf, 1ego, 1epg, 1fdx, 1fkf, 1fxd, a1fxi, a1gat,
a1gmf, 1hcc, c1hdd, a1il8, 31lmb, d1lts, a1msb, 1paz, 1r69,
a1rnb, a1rop, 1sn3, i1tgs, a1tpk, 1ubq, 1ycc, a256b, a2bop, a2ccy,
2cse, 2cy3, 2gb1, b2hla, a2hmz, 2ovo, a2pab, 2rhe, a2sar, i2sic,
a2trx, a2utg, r2wrp, 3b5c, 3chy, 3trx, 451c, 4cpv, 4fgf, 4icb, 4pti,
a5hvp, 5rxn, 7pcy, 7rsa, and 9rnt. Database L contains 1aak,
1aep, 1ald, a1bbh, a1bbp, a1cob, a1col, 1eaf, 1ecd, 1f3g, o1gd1,
1gky, 1hbg, 1ifc, a1ith, 1le2, 1lz1, 1mba, 1mbc, a1nsb, c1prc,
1pyp, 1rbp, 1rcb, a1rve, 1snc, a1tnf, 1trb, e2er7, h2fb4, 2fcr, 2gbp,
2gcr, 2lh7, 2lhb, a2ltn, 2por, 2sas, a2scp, a2tbv, p2tmv, a2tsc,
3adk, 3cd4, 3cla, 3cna, 3dfr, 3lzm, 3pgm, a3sdp, a4dfr, 4fxn,
a4sdh, 5p21, 5sga, a5tim, 6cpa, 6ldh, 8abp, b8atc, 8dfr, and
a9wga.
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ence is detected, however, for larger values of Rc, in
which case the average z-scores for (L) are better
than those derived from (S). By increasing the
distance cutoff, the corresponding amount of amino
acid pairwise information introduced in the poten-
tials is greater for large proteins than for short
proteins, since small proteins have very few long
interresidue distances. Though these pairwise poten-
tials are not true mean force potentials as described
by Thomas and Dill,36 we expect them to be reason-
ably independent of the quality of the database in
terms of the number of large proteins it contains. A
compromise must be considered, since Rc should be
large enough to increase the predictive power, but
not too large as to be independent of the quality of
the database. Base on Figure 3, we will rely on a
value for Rc of 8 Å.

Illustration of the Problem: The Jack-Knife
Procedure

The statistical potentials used in this study pro-
vide a measure of the correlation between pairs of
amino acids and their spatial organization (Eq. (10)),
or between an amino acid type and its solvent
environment (Eq. (13)). It is expected that these
correlations will suffice to identify the correct fold of
a protein out of a large series of decoys, and this is
tested in the hide-and-seek experiment. Correct
application of this procedure requires that the fold of
the protein under test not be included in the data-
base of proteins used to derive the potentials that
evaluate the structure–sequence fitness; this is the
so-called jack-knife procedure.

Theoretically, potentials of mean force are derived
from the hypothesis of independence of all types of
amino acid pairs (for pair potential), or of all types of
amino acids (for surface potential), and thus should
not include any memory of a specific fold. To assess
this hypothesis, hide-and-seek experiments were
performed on two proteins (PDB code 2pab and 1gd1,

containing 114 and 334 residues, respectively), using
the combined statistical potentials given in Equation
(15), removing or not the corresponding folds from
the database used to derive the statistical potentials.
The size of the database may play a role here, in that
the information corresponding to a given fold might
be diluted if a large database is considered, making
the jack-knife procedure less critical than in the case
of a small database. Results are presented in Figure
4. Using the jack-knife procedure, the z-score de-
creases, i.e., the discriminative power of the poten-
tial increases as the size of the database increases.
This has already been described by Sippl and Jaritz.41

When no precautions are taken, i.e., the native fold is
included in the database, results differ significantly.
First, z-scores obtained from this scheme are always
significantly better than those obtained using the
jack-knife procedure. This improvement in the dis-
criminative power of the potentials is artificial in the
sense that it only provides evidence of the structural
memory of the potentials. Second, the apparent
discriminative power decreases as the size of the
database is increased, as expected from the dilution
effect.

To eliminate this bias while checking other pos-
sible sources of structural memory in the potentials,
all subsequent calculations were performed using
the jack-knife procedure.

Effects of the Protein Database Content

The jack-knife tests presented above have shown
that the statistical potentials described here retain a
memory of the complete fold of a protein. We decided
to investigate whether the amount of smaller struc-
tural elements of the proteins in the database, such
as helices and strands, also influence the informa-
tion content of the statistical potentials. Secondary-
structure-specific statistical potentials derived from
the five databases A, B, AB, A1B, and F, which
contain a proteins, b proteins, a/b proteins, a1b
proteins, and all types of proteins equally repre-
sented, respectively (see Methods above), were tested
in hide-and-seek experiments on pools of proteins
also distinguished in terms of their overall fold. Both
the effects of the content of the database from which
the statistical potentials are derived, and the impor-
tance of the nature of the protein tested in the
hide-and-seek experiment, are investigated here. All
results are summarized in Table II.

The results are astonishingly clear cut in the case
of a and b proteins. First, statistical potentials
derived from an all-a protein database perform
better on a-protein than any other potentials. This is
illustrated on Figure 5A, in which databases A and B
are compared. Similarly, potentials derived from
database B perform better on b-proteins (Fig. 5B).
Secondly, the predictive power of the statistical
potentials tested on a-proteins and b-proteins are

Fig. 3. Dependence of the predictive power of statistical pair
potentials on the Ca–Ca distance cutoff: (C), statistical potential
derived from large proteins only (database L), and (●), statistical
potentials derived from small proteins only (database S; see
legends of Fig. 1).
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directly correlated to the helix or strand content of
the database from which they are derived (Fig. 6).

Statistical potentials derived from the database
AB also perform slightly better than the other poten-
tials on a pool of a/b proteins, but the bias is much
less than that observed for statistical potentials
derived from database A and tested on a pool of
a-proteins, for example. Interestingly, the predictive
power of the statistical potentials tested on a/b
proteins decreases for low and high contents of both
a-helices (Fig. 7A) and b strands (results not shown).
This suggests that the presence of both types of
secondary structures in the database used to derive
the potentials is required for a good identification of
a/b protein.

A similar behavior is observed when the statistical
potentials are tested on a1b proteins, though the
requirement of the presence of a-helices in the
database is less clear (Fig. 6). The positions of helices
and strands in a1b proteins are not fold-specific,
hence databases with similar contents of a-helices
and b-strands should yield potentials with similar
predictive power on a1b proteins. This was observed
here (Fig. 7B) to the extent that the best predictive
power is observed for database F.

DISCUSSION

Statistical potentials are now widely used as em-
pirical energy functions to assess protein structure
models, for protein fold recognition (i.e., the ‘se-
quence recognizes structure,‘ or threading, problem),
and for ab initio protein folding experiments. Many
parameters have been considered as state variables
to define these potentials, including local geometry
(dihedral angles or pseudodihedral angles between
Ca), short-range amino acid contacts, contacts with
the solvent, radial distribution of amino acid pairs,
charge distribution, and atomic environment. There
is a general belief that since the number of known
protein structures has increased greatly in recent
years, and is expected to grow even faster in the near
future, these potentials will become more and more
accurate. Miyazawa and Jernigan43 recently reevalu-
ated their potentials using a database of 1,661
protein structures (compared to 41 in their original
study). Interestingly, they showed that the larger
database did not provoke substantial changes in the
statistical potentials themselves, but rather con-
firmed their validity.

The advantages of statistical potentials are clear.2,8

They include the essential features of protein struc-
tures as well as solvent effects at a low computing
cost. Because they are fast to compute, they allow
better sampling of the conformational space or se-
quence space in computer folding or inverse folding
experiments. However, the way in which these statis-
tical potentials are derived have been ques-
tioned,36,37,42 raising doubts as to their value as
energy-like quantities. Thomas and Dill36 have drawn
attention to systematic errors arising from the ne-
glect of chain connectivity and excluded volume. In
particular, they have shown that statistical poten-

Fig. 4. Two examples of the dependence of the predictive power of statistical potentials in
hide-and-seek experiments on the size of the database, using (●) or not (C) the jack-knife procedure
(which consists of removing the protein to be tested from the database used to derive the potentials;
see text for details).

TABLE II. Dependence of the Predictive Power
(Measured by GzH) of Statistical Pair Potentials on
the Database TheyAre Derived From, and on the

Test Proteins Considered

/Test
database/proteins

a-
proteins

b-
proteins

a/b-
proteins

a 1 b-
proteins

Database A 23.03 20.79 23.13 21.55
Database B 21.69 23.03 22.99 22.12
Database AB 23.03 22.35 24.32 22.09
Database A 1 B 22.86 22.37 23.74 22.27
Database F 22.95 22.42 23.90 22.46
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tials derived from a protein structure database in the
manners of Miyazawa and Jernigan, as well as Sippl,
are strongly dependent on the length of the corre-
sponding proteins. The validity for proteins of these
results obtained from 2-D lattice models was re-
cently questioned by Bahar and Jernigan,9 who
repeated these calculations for the Miyazawa-
Jernigan contact potentials using subsets of protein
structures of different sizes. They found that the
dependence of the potentials on the protein size is
negligibly small, and argued that the results of
Thomas and Dill were biased by the fact that they
only used 2-D lattices, on which excluded volume is a
much more stringent constraint than in regular 3-D
structures. Using databases of true protein struc-
tures, we have shown here that there is a protein size

dependence for Sippl-like potentials (see Fig. 1),
which is minimized if short contacts only are consid-
ered (i.e., for a small cutoff distance Rc). Instead of
using short contacts only, Bahar and Jernigan9 have
recently proposed another option by including a
second normalization factor in Equation (10), which
takes in account the volume 4pr2Dr of a spherical
shell associated with a given distance range r 6 Dr.

We have shown in this study that, in addition to
biases due to sequence composition and connectivity,
statistical potentials carry a memory of the quality of
the database used in terms of the amount and
diversity of secondary structure it contains. We find,
for example, that potentials derived from a database
containing a-proteins only will perform better on
a-proteins in fold recognition computer experiments.
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We believe that this is an overall weakness of these
potentials, which must be kept in mind when con-
structing a database for deriving such potentials.
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