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The computational identiﬁcation of all the low energy structures of a peptide given only its sequence is not an easy
task even for small peptides, due to the multiple-minima problem and combinatorial explosion. We have developed an
algorithm, called the MOLS technique, that addresses this problem, and have applied it to a number of different aspects
of the study of peptide and protein structure. Conformational studies of oligopeptides, including loop sequences in
proteins have been carried out using this technique. In general the calculations identiﬁed all the folds determined by
previous studies, and in addition picked up other energetically favorable structures. The method was also used to map
the energy surface of the peptides. In another application, we have combined the MOLS technique, using it to generate
a library of low energy structures of an oligopeptide, with a genetic algorithm to predict protein structures. The method
has also been applied to explore the conformational space of loops in protein structures. Further, it has been applied to
the problem of docking a ligand in its receptor site, with encouraging results.
[Prasad P A, Kanagasabai V, Arunachalam J and Gautham N 2007 Exploring conformational space using a mean ﬁeld technique with MOLS
sampling; J. Biosci. 32 909–920]

1.

Introduction

Methods for computational analyses of the three-dimensional
structure of a peptide or protein have their fundamental
theoretical underpinnings in the experiments of Anﬁnsen
et al (1954), who showed that the sequence of amino acids
in a peptide chain determines the folding pattern and that
the complex process of protein folding could be explained
almost entirely by the physical and chemical interactions
among the amino acid side groups. Based on this ﬁnding,
a gamut of protein structure prediction methods have
emerged, and have been reviewed extensively (Howard and
Kollman 1988; Leach 1991; Rost and Sander 1994; Vásquez
et al 1994; Eisenhaber et al 1995; Böhm 1996; Burkhard
Rost and Sean O’Donoghue 1997; Neumaier 1997; Floudas
et al 1999; Daisuke Kihara et al 2001; Richard Bonneau
and David Baker 2001; Hardin et al 2002; Moult et al
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2003; Youxing Qu et al 2004; Ginalski et al 2005; Bujnicki
J M 2006). Among these methods are those that attempt
to use only the sequence (i.e. the chemical formula) of
the molecule and physical and chemical principles of
interactions to arrive at the structure. These work on the
assumption that the equilibrium structure of the molecule is
one that corresponds to the minimum of a suitable potential
energy function (Anﬁnsen 1973). Accordingly, a choice of
a good model (representation) and suitable potential energy
function is required. There are several representations (such
as all-atom models, simpliﬁed models, etc.) widely used
in these energy calculations (Duan and Kollman 2001).
Several potential energy functions or force ﬁelds have been
developed for the all-atom models, and are commonly used
(Brooks et al 1983; Weiner et al 1986; Clark et al 1989; Lii
and Allinger 1991; Nemethy et al 1992; Damm et al 1997;
Takada 2001; Klepeis and Floudas 2003). Several other
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energy functions (for the simpliﬁed models), such as the
residue–residue effective potential, are also in use (Vásquez
et al 1994).
However, even given a good model and a potential energy
function, the task of ﬁnding the global minimum energy
structure that corresponds to the native conformation is still
a very difﬁcult task. This is due to the nature of the potential
energy surface of the molecule. The multidimensional energy
surface of even small peptides consists of an astronomically
large number of points, with possibly thousands of minima,
separated by energy barriers of different scales (Dill and
Chan 1997; Onuchic et al 1997; Hansmann 1999; Wales
et al 2000; Plotkin and Onuchic 2002). A variety of
conformational search techniques have been developed to
traverse the rugged potential energy surface (PES). These
can be classiﬁed broadly into two categories; stochastic and
deterministic methods. Stochastic methods (such as Monte
Carlo methods, simulated annealing and genetic algorithms)
rely on probabilistic descriptions to aid in locating the global
minimum, and there is no natural endpoint to the procedure
(Leach 1991). Deterministic methods (such as systematic
search) provide some assurance in locating the global
minimum and there is a deﬁned endpoint to the procedure
(Leach 1991).
We have developed a technique that performs an
exhaustive survey of conformational space at relatively
low computational cost. The method is an adaptation of
the sampling technique used in the design of agricultural
or clinical experiments (Finney 1955; Fisher 1960;
Montgomery 2000), in which a large experimental space
is represented by a small sample selected using mutually
orthogonal Latin squares (MOLS). This way of selecting
the sample ensures that much of the information about
the experimental space is preserved, and can be retrieved
by statistical analyses of the sample. We have recast the
problem of peptide structure as one in this form, and search
the astronomically large conformational space by means of
MOLS sampling. The sample is analysed by a variant of
the mean ﬁeld technique (MFT, Koehl and Delarue 1996).
Thus we may describe the method in terms of the mean ﬁeld
technique, as an extension of it. In the rest of this paper we
ﬁrst brieﬂy describe the mean ﬁeld technique as applied in
general. Then we show how it may be extended to analysis
of peptide structure using MOLS. In the second part of the
paper we describe several applications of the method.
2.

Mean ﬁeld technique

Mean ﬁeld techniques are of general application to wide
variety of optimisation problems (Koehl and Delarue
1996). The technique has also been used in protein structure
analyses to determine the optimal amino acid side chain
packing, given a ﬁxed protein backbone (Koehl and Delarue
J. Biosci. 32(5), August 2007

1994), and we will base our description of MFT on this
application. Here, the method takes the advantage of the
existence of rotomer side chain libraries. A rotamer library is
a collection of distinct low energy side-chain conformations
found in high resolution protein structures. MFT explores
conformational space by discretizing the dihedral angles
of each side chain into a set of rotamers for each position
in the protein sequence. The method iteratively develops a
probabilistic description of the relative population of each
possible rotamer at each position, and the probability of a
given structure is deﬁned as a function of the probabilities of
its individual rotamer components.
Let Φ be the side chain conformational search space.
This space is divided into number of subspaces φi based
on the number of sidechains. Each subspace has number of
states φij as identiﬁed by the rotamer library. And each state
has a probability of occurence ρij. The process is generally
initialized with a uniform probability distribution over the
rotamers – that is, if there are n rotamers at the kth position
in the protein, then the probability of any individual rotamer
is 1/ni where ni is the number of states of the subspace i.
The effective potential due to a state φrs of a subspace φr is
evaluated as

V eff(φrs ) = ∑ i,j ρijV( φrs, φij)
in which V(φrs, φij) is the potential energy of interaction
between the side chain r set to the rotamer s, and the side
chain i set to the rotamer j. The potential is calculated using
a suitable (usually pairwise atom-atom) potential energy
function. The effective potential so calculated allows us to
recalculate the probability ρrs associated with the state φrs
of the side chain φr. The conversion between energies and
probabilities is generally accomplished via the Boltzmann
distribution.

ρrs = exp{-V eff(φrs)/RT} / ∑ q exp{-V eff(φrq)/RT}.
After one cycle of calculations all the probabilities have
been recalculated, and the procedure may iterated with the
new set of probabilities, until convergence. The MFT is not
guaranteed to converge on the optimal solution. However, it
is deterministic (it will converge to the same solution every
time given the same initial conditions). Unfortunately, MFT
cannot be directly applied to back bone torsion angles as
subspaces. This is because the interaction between a pair
of subspaces (when the subspaces are the backbone torsion
angles) does not depend only on their respective states, but
is a function of the states of all other subspaces. Hence
the expression for the energy of interaction between two
subspaces V (φrs, φij) is not meaningful in the context of back
bone torsion angles. Instead, to decide on a particular rotamer
state for subspace, we have to take into account the effect of
all other rotamer states of all subspaces simultaneously. This
leads to combinatorial explosion. This obstacle is overcome
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by taking a limited sample of the multi-dimensional search
space to calculate the effective potential energy. The sample
is taken using mutually orthogonal Latin squares
3.

Mutually orthogonal Latin squares

The MOLS method of obtaining a sample, and then
analysing it to search for optimum points in conformational
space has been described elsewhere in detail (Vengadesan
and Gautham 2003). Here we give a brief description and
focus on its similarity and variations with MFT.
In the statistical experimental design (Finney 1955;
Fisher 1960; Montgomery 2000), a variable of speciﬁc
experimental interest is referred to as a factor, and its
possible values are referred to as levels or treatments.
Every experiment comprises a set of experimental units
(often called plots or runs). The treatments are distributed
or applied to the experimental units using a design such as
MOLS design and yields of the plots are then analyzed using
statistical techniques such as analysis of variance (ANOVA),
to ﬁnally arrive at a strategy to maximize the yield or to
compare the effect of different treatments or levels. In other
words, MOLS are used to systematically sample the space
of the variables. This allows the experimenter to ﬁnish the
experiment with a relatively small number of runs (m2)
instead of examining all possible combinations of values
(mn) of the variables, where n is the number of variables and
m is the number of possible values of each variable.
A Latin square (LS) of order N, is an arrangement of N
symbols in a square of side N, such that each symbol occurs
exactly once in each row and once in each column. Two LS
are orthogonal, if, on superposition, every symbol of the ﬁrst
square occurs once, and exactly once, with every symbol of
the second square.

Figure 1. Glutamic acid. The variable side-chain torsion angles
are numbered.
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We have cast the problem of locating minimum energy
points on the PES as a problem in experimental design.
We identify the factors (i.e. variables of interest) as the
conformational variables (usually the torsional angles, but
other variables are also possible). The treatments or levels
of the factors are their possible values (often 0 to 360°). The
experimental unit is the computer model of the molecule.
Figure 1 gives, as an example, a simple molecule with three
variable torsion angles. If we assume that these three torsion
angles (n = 3) can take up ﬁve different values each (m =
5), the total conformational space consists of 125 points
(mn). The use of MOLS experimental design reduces this to
25 points (m2) as speciﬁed in ﬁgure 2. Each sub-square in
the set of MOLS has a set of values for the torsion angles
of the molecule, chosen from all possible combinations of
the values of the variables. There are thus m2 combinations
(or molecular conformations). We note that each value of
each torsion angle occurs in m (ﬁve in the example chosen)
different sub-squares. We also note that every value occurs
once in combination with each value of every other torsion
angle. The potential energy of each conformation may be
calculated as V(φij), where φij are the torsion angle values
as speciﬁed in the sub-squares. The effective energy
corresponding to each value φrs is now the following.

V eff(φrs) = ∑ q wq Vq (φrs…)
in which

wq = exp{-Vq (φrs…)/RT} / ∑ q exp{-Vq(φrs…)/RT}.
The summation is over all the m points in the MOLS
grid in which φrs occurs (as indicated in ﬁgure 2). The
correspondence to MFT is lost after this formula, since
wq is calculated from Vq, not from Veff. The weights wq are
calculated using Boltzmann averaging, but these are not
the same as the probabilities in MFT. Thus the procedure
is not iterative, and to analyse the sample we directly use
the effective energies calculated above. For each torsion
angle, the value that gives minimum Veff is the optimum one.
The set of optimum torsion angle values corresponds to the
optimum conformation.
MFT assumes a large degree of independence between
the dimensions, and is particularly useful in problems where
the assumption holds, e.g. in predicting protein side-chain
conformations when the backbone conformation is known
(Koehl and Delarue 1994). The assumption of independence
of the variables breaks down for the problem addressed here,
in which the effects of the torsion angles to a large degree
dependent on each other. Thus the procedure describe above
leads to a low energy conformation, but not necessarily to
the global minimum energy conformation. If we repeat the
entire procedure with another set of mutually orthogonal
LS chosen from the same conformational space, we arrive
at another low energy conformation. Since, it is possible to
J. Biosci. 32(5), August 2007
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e.g. for

Figure 2. An example of a set of mutually orthogonal Latin squares, showing three MOLS of order 5. This can be used as a design for an
experiment involving three (N) variables each with ﬁve (M) values. Symbols in the ﬁrst Latin square are φ11, φ12, φ13, φ14, φ15. Each of these
is repeated ﬁve times to give a total of 25 symbols, which have been arranged in a Latin square (i.e. each symbol occurs exactly once in each
row and exactly once in each column). Similarly, the second and third Latin squares have been constructed using symbols φ21, φ22, φ23, φ24,
φ25 and φ31, φ32, φ33, φ34, φ35 respectively, in such a way that each Latin square is orthogonal to the other two Latin squares (i.e. each symbol
of one square occurs once, and only once, with each symbol of the other Latin squares). One could use a set of M symbols and construct
M-1 MOLS of order M. In the peptide structure optimization experiment, each symbol within the sub square represents a possible value for
the corresponding torsion angle, and each sub square represents a possible conformation of the molecule. The summation is over all the m
points in the MOLS grid in which φrs occurs. An example is shown for the case of φ11.

choose (m!)n sets of MOLS from a conformational space
of size mn (Vengadesan and Gautham 2003), the procedure
described above may be repeated as many times as desired,
generating a low energy conformation each time. Each
low energy conformation generated by this procedure is
not unique, but may be the same as one already generated.
Thus, when applied to the exploration of the conformational
space of the pentapeptide Met-enkephalin, 1500 structures
were generated. These structures were clustered into 23
unique structures, using the SCAR clustering algorithm
(Betancourt and Skolnick 2001). Moreover, a plot of the
number of unique structure generated with every 100 new
structures showed that all the 23 unique structures appeared
in the ﬁrst 300 structures generated. A further conﬁrmation
of the exhaustive nature of the exploration was obtained
from the sample overlap procedure (Levy and Becker 2001).
According to this procedure, if two conformation samples
J. Biosci. 32(5), August 2007

of the same system generated by two different sampling
protocols (e.g. different initial conditions or different
methods) overlap and occupy the same conformation space,
then the sampling procedure is exhaustive and vice versa.
Evaluation of the overlap between two samples can be
carried out with the aid of principal component projections
through a joint projection onto the same low-dimensional
principal subspace. The two samples generated for Metenkephalin by the MOLS technique occupy exactly the same
regions as shown in ﬁgure 3 indicating that the conformation
sample covers the entire available conformation space.
4. Applications of the MOLS technique
Mutually orthogonal Latin squares have been applied to
sample the conformational space of peptides (Vengadesan
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and Gautham 2003, 2004a), to analyse protein loops
(Kanagasabai et al 2007), to predict protein structure
(Arunachalam et al 2006) and to explore peptide docking.
4.1

Peptide structure

The method was applied to analyse the conformational
space of the neuropeptide [Met5]-enkephalin (Tyr-Gly-GlyPhe-Met) and [Leu5]-enkephalin (Tyr-Gly-Gly-Phe-Leu)

Figure 3. Two different conformation samples (consisting of
1500 conformations each) of (Ala)5 simultaneously projected
onto two dimensional planes represented by the ﬁrst two principal
axes (which together account for more than 41% of the variance
in the data). Open circles represent conformations from the ﬁrst
conformation sample, ﬁlled triangles from the second.
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(Isogai et al 1977), which have been frequently used as
a model system in theoretical studies of biomolecules
(Floudas et al 1999). Potential energies were calculated by
the ECEPP/3 forceﬁeld (Nemethy et al 1992). One thousand
ﬁve hundred optimal structures were generated for each
peptide by the application of the MOLS procedure. All
the 1500 structures were found in the low energy region of
the Ramachandran map (ﬁgure 4). The technique located
conformations that had been identiﬁed by experimental
methods, as well as other theoretical methods. In addition
there were some new tightly folded conformations. Figure
5 shows one of the conformations obtained by the MOLS
procedure, which are similar to the GEM structure of Metenkephalin identiﬁed by Li and Scheraga (1987). Some of
the low energy structures identiﬁed in the MOLS technique
corresponded to the fully extended conformations seen in
X-ray crystallography studies (Grifﬁn et al 1986). However,
these MOLS structures are not the ones with the lowest
energy among the 1500 structures. This may be because the
extended conformation is stabilized in crystal packing by
intermolecular hydrogen bonds. The force ﬁeld used in the
MOLS procedure has not considered such intermolecular
interactions.
The folding of peptides and proteins to form their native
structure is now commonly treated as a conformational search
on a multidimensional funnel-shaped energy landscape (Dill
and Chan 1997; Onuchic et al 1997; Hansmann 1999; Wales
et al 2000; Plotkin and Onuchic 2002). For Met-enkephalin
and Leu-enkephalin, the 1500 structures generated were
clustered to reduce the sample to unique conformations.
This exhaustive set of mutually dissimilar conformations

Figure 4. Ramachandran map for the non-glycyl residues of (A) Met-enkephalin and (B) Leu-enkephalin pentapeptide,, plotted for the
1500 optimal conformations. The crosses (x) represent discrete conformations picked up by the MOLS method. The stars (*) are the same
structures after a few cycles of gradient minimization. The contours were drawn at intervals of 2 kcal/mole, starting from –3.0 kcal/mol.
J. Biosci. 32(5), August 2007
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Figure 5. Shows one of the conformations obtained by the MOLS procedure (left), which is similar to the GEM structure of Metenkephalin (right) identiﬁed by Li and Scheraga (1987)

Figure 6. Energy landscape obtained by minimal energy envelope procedure for Met-enkephalin. The two principal axes indicate
conformational similarity, and the vertical axis reﬂects relative energy. Letters A (5→2 β-turn), B (4→2 β-turn), C (extended), and D (αhelical turn) marked on the energy landscape correspond to the experimental and theoretical minima.
J. Biosci. 32(5), August 2007
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was used to visualize the entire potential energy landscape
as two-dimensional projections and as minimum energy
envelopes (ﬁgure 6). In addition, we were able to identify
a set of structures that may represent intermediate steps on
the folding pathways of these two peptides (Vengadesan and
Gautham 2004b).
4.2

Protein structure prediction

A hybrid method combining MOLS and a genetic algorithm
was developed to predict protein structures. Genetic
algorithms are general optimization procedures modelled on
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the process of natural evolution, with mutations, crossover
and replication occurring on a population of strings
(Goldberg 1999). After every round of such operations, a
ﬁtness function is used to decide which members of the
population recur in the next generation. The procedure is
iterated until the population converges on a single individual
with the optimum ﬁtness. Several methods have been
reported in the literature to predict the protein structure
using genetic algorithm (Unger and Moult 1993; Bowie
and Eisenberg 1994; Dandekar and Argos 1994, 1996; Sun
1995). The method operates in two phases. We ﬁrst divide
the protein sequence into short overlapping fragments and
then use the MOLS method to build their structural libraries.

Figure 7. Show the predicted (left) and the experimental structure (right) of APP (A), VHP (B), MEL (C), MYB(D), and TZ (E)
J. Biosci. 32(5), August 2007
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Next we use a genetic algorithm that exploits the libraries
of fragment structures and predicts a single best structure
for the protein sequence. The potential function used to
generate MOLS structural libraries included a combination
of electrostatic, van der Waals and hydrogen bond term
taken from AMBER force ﬁeld (Weiner et al 1986) and
a secondary structure biasing function as described by
Crivelli et al (2002). The genetic algorithm used in the
present application is similar to that of Schulze (2000). The
protein structure is modelled as a string of torsion angles.
An initial random population of ten individual structures is
generated. Each new generation of structures is obtained by
applying four operators on this population. The operators
are MUTATE, VARIATE, CROSSOVER, and a newly
deﬁned DIVERSITY operator. The hybrid MOLS-genetic
algorithm was applied to four small α helical proteins, and
to one β sheet protein: avian pancreatic polypeptide (APP),
villin headpiece (VHP) mellitin (MEL), cMYB (MYB), and
tryptophan zipper (TZ). These proteins were chosen because
of their small size, well deﬁned secondary structures, and
absence of disulphide bonds. The results of the prediction
are show in the ﬁgure 7.

4.3 Analyses of loops in protein structures
The computational prediction of the three-dimensional
structure of the loops has, received extensive attention and
several algorithms have been developed based on ab initio
approaches (Fiser et al 2000; DePristo et al 2003), knowledge
based approaches (Sudarsanam et al 1995; Van Vlijmen and
Karplus 1997; Wojcik et al 1999) and combinations of both
approaches (Deane and Blundell 2000). There have also been
several attempts to classify loop structures (Leszczynski and
Rose 1986; Ring et al 1992; Eﬁmov 1993). The MOLS
technique was applied to analyse the conformational spaces
of 120 protein loop sequences in proteins, culled from the
PDB, having the length ranging from 5 to 10 residues. A
total of 1500 low energy structure were generated for each
of the selected protein loop sequences using the ECEPP/3
force ﬁeld (Nemethy et al 1992). Of the structures generated
for each sequence, at least one corresponds very closely to
the experimental structure. The best predictions for each of
the 120 sequences all have rmsd less than 2.04 Ǻ with the
respective experimental structure. Figure 8 shows the best
of the generated loop structures for the sequences DSPEF,

Figure 8. The best predicted structures (orange) in each category for the sequences (A) DSPEF, (B) VNRKSD, (C) INMTSQQ, (D)
PDPSGPNP, (E) KAPGGGCND, and (F) RNLTKDRCKP superposed with their respective crystal structure (blue). Only the backbone
atoms (N, Cα, C, O) are shown.
J. Biosci. 32(5), August 2007
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VNRKSD, INMTSQQ, PDPSGPNP, KAPGGGCND,
and RNLTKDRCKP, superposed with their respective
crystal structure. (These sequences have been selected
because, among all the sequences of the same length, their

917

predicted structures have the best match with the respective
experimental structures.) In all cases, the identiﬁed low
energy structures match the experimental structures better
in the central part of the loop than at the ends. This may

Figure 9. Best predicted peptide ligand structures for all the 35 test cases are shown superposed without rotation and translation on
the native peptide structure. The results are classiﬁed in terms of peptide length: (A) tripeptide, (B) tetrapeptide, (C) pentapeptide,
(D) hexapeptide and (E) heptapeptide. The best predicted and the native peptides are shown in black and gray respectively.
J. Biosci. 32(5), August 2007
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be due to the computational model of the loops as free
chains, while in fact they are portions of longer polypeptide
chains. Like peptides, predicted loops conformations were
also visualized using landscapes created by principal
coordinate analysis. All identiﬁed landscapes fall into 3
categories: (i) A rugged ‘folding funnel’ (Onuchic et al
1997) containing few sharp minima, well separated from
each other by relatively high potential hills, with the global
energy minimum not clearly delineated. (ii) Landscapes in
which the funnel is fairly smooth, with no sharp minima
(except for the clearly deﬁned global energy minimum),
and no high potential barriers between the minima. (iii)
Landscapes that is intermediate between the above two.
The calculations show that the conformational landscapes
become more and more rugged as the size of the loop
sequence increases.
4.4

Docking of peptides to proteins

The theoretical prediction of the association of a ﬂexible
ligand with a protein receptor requires the efﬁcient
sampling of the conformational space of the ligand. Several
docking methodologies are currently available (Taylor et
al 2002; Natasja and Kuntz 2003). We have developed
the MOLS method to address this problem. In extending
the method to the docking problem, two changes were
made. Firstly, the search space is now expanded to include
the ‘docking space’. If the conformation of the peptide is
speciﬁed by the n torsion angles θ1 to θn, six additional
parameters describe its pose in the receptor site, three for the
position and three for its orientation, making a total of n+6
dimensions in the search space (θ1 to θn+6). If each dimension
is sampled at m intervals, the volume of the search space
is (m)n+6. The MOLS technique calculates the value of the
scoring function at (m)2 points in this space and analyses
them to simultaneously identify the optimum conformation
of the peptide as well as its pose. The ECEPP/3 (Nemethy
et al 1992) was used to calculate the ligand conformational
energy, and the piecewise linear potential (PLP) (Gehlhaar
et al 1995) was used to calculate the interaction energy.
The total docking energy is an unweighted sum of the
two. Applications of this method were made to 35 proteinpeptide complexes in which the length of the peptide ligand
ranges from 3 to 7 residues. Chung and Subbiah (1996)
have suggested that structures predicted within 2.00 Ǻ
backbone RMSD are in good agreement with the respective
native counterparts. In terms of this criterion, the backbone
RMSD of the best-predicted structure is within 2.00 Ǻ in
30 of the 35 cases. The best predicted structure is in the
top 10% when ranked in terms of the energy in 33 of the
35 cases. The best predicted structures, positioned and
oriented in the receptor site, and superposed without
rotation or translation on the native structure for all the
J. Biosci. 32(5), August 2007

35 test cases are shown in ﬁgure 9. The method is also
capable of identifying alternative binding mode (Taylor et al
2003) within a given site.
5.

Conclusion

We have described the use of the mathematical construct
called MOLS to the analyses of peptide and protein structure.
The technique we have developed has been shown to be
suitable to explore the conformation space of a molecule
exhaustively, and identify the minima at low computational
cost. All calculations given above were performed on
Pentium IV based PCs, with the programs running either on
individual processors, or on a small Beowulf computational
cluster, built in-house. The computation time for the largest
of the problems above was equivalent to less than a couple
of weeks on a single processor. The choice of a correct
potential function appears to be the inhibiting factor in
further developing this method as complete and accurate
structure prediction algorithm.
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