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Background: Homology-based modeling and global optimization of energy are
two complementary approaches to prediction of protein structures. A
combination of the two approaches is proposed in which a novel component is
added to the energy and forces similarity between homologous proteins. 

Results: The combination was tested for two families: pancreatic hormones and
homeodomains. The simulated lowest-energy structure of the pancreatic
hormones is a reasonable approximation to the native fold. The lowest-energy
structure of the homeodomains has 80% of the native contacts, but the helices
are not packed correctly. The fourth lowest energy structure of the
homeodomains has the correct helix packing (RMS 5.4 Å and 82% of the
correct contacts). Optimizations of a single protein of the family yield
considerably worse structures.

Conclusions: Use of coupled homologous proteins in the search for the native
fold is more successful than the folding of a single protein in the family.

Introduction
This manuscript presents a feasibility study of a proposed
enhancement to ab initio algorithms to fold proteins. The
present approach is suggested as a useful addition to
already existing protocols, an addition that can signifi-
cantly improve their prediction capabilities. In the ab initio
approach to protein structure prediction (the approach that
we attempt to enhance), the conformation space is
searched for the global energy minimum. The calculated
minimum energy conformation is an approximation of the
native fold. 

Clearly, the success of the search depends on the quality
of the energy function tested by the ability to recognize
the native fold from the rest of the conformations. Equally
important is the ability to rapidly examine alternative
protein conformations within the framework of the prede-
fined energy function and conformation space. The
energy functions employed differ by the method used to
derive them, their accuracy and their complexity. Some
potential energy surfaces are constructed from experimen-
tal and computational data on small molecules and assign
properties for each atom in the system [1–3]. Other poten-
tial energies are based on statistical analyses of known
protein conformations and resolve the structure on the
level of individual amino acids [4–7]. 

In addition to the energies, the conformational space is
represented at different levels of accuracy and resolution.
The number of possible conformations of the unfolded
protein is very large; therefore, when a folding attempt is
made, models that give up the atomic description of the
system and significantly reduce the number of degrees of
freedom are very helpful. For example, it is possible to
implicitly represent water molecules and counter ions [8]
and/or some parts of the protein molecule [9,10] in a way
that (so we hope) still captures the main features of the
protein fold and its interactions. Moreover, besides the
reduction in the number of relevant coordinates, the con-
formations may be restricted to a discrete (lattice) space
[11–13]. The lattice makes it possible to pursue much
larger Monte Carlo moves in comparison with similar
moves in continuous representation. Furthermore, many
of the energy calculations can be pursued and stored in
advance, leading to an additional computational gain. An
extreme and rather successful reduction in conformational
space is used by the threading approach [14–17], which
restricts the conformation space to structures already
found in the protein structure databases. 

There are two principal problems that make it difficult to
apply the energy-based approach to protein structure pre-
diction. First, since the energy functions are approximate,
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the native fold is not necessarily the global minimum of
the potential energy; therefore, an incorrect structure may
be found even if the search is complete. Second, the
potential energy surfaces are typically very rough, includ-
ing a broad distribution of barrier heights and well depths.
This poses a significant challenge to the optimization
algorithm. The computational effort associated with
exhaustive search grows exponentially with the number of
amino acids [12,18]. Nondeterministic methods such as
Monte Carlo annealing [19,20] do not necessarily find the
global minimum. Instead (as is quite common in complex
systems), they find and get ‘stuck’ in local minima. 

A possible strategy to bypass the multiple minima
problem is to modify the energy function. Ideally, the
energy function should be modified in a way that makes
the energy surface smoother while still maintaining the
original location of the global minimum. Smoother energy
surfaces are easier to optimize. Smoothing approaches
include smoothing based on the Schrödinger equation
[21], the diffusion equation method [22], the Liouville
equation approach [23], imaginary time Schrödinger equa-
tion [24,25], and the locally enhanced sampling (LES)
method [26] (for a review, see [27]).

The algorithm proposed below also belongs to the general
class of smoothing algorithms; however, it provides
smoothing by adding information on homologous proteins.
This should be contrasted with the previous protocols,
which smooth the energy function by removing sharp fea-
tures from the potential surface and are therefore based on
filtering out some of the initial data.

An alternative approach to protein structure prediction not
based on energy optimization lies in the observation that
proteins with similar sequences (homologous proteins)
have similar native folds. The relationship between
sequence and structural similarities can be statistically
quantified based on known structures and sequences [28].
This observation allows structure prediction of proteins
based on experimentally determined coordinates of homol-
ogous proteins [29]. Even in the absence of known struc-
tures, the expected structural similarity of homologous
proteins can facilitate the prediction of structural features.
Predictions of secondary structure [30–33], solvent accessi-
bility [32,34], and the topology of membrane proteins [35]
based on multiple sequences are more reliable than predic-
tions based on only one sequence. Knowledge based on
multiple sequence alignment was also shown recently to
improve threading efficiency [36,37]. Here, we extend this
idea to protein structure prediction by energy optimization. 

The main concept pursued in this manuscript is the aver-
aging over sequences at given or similar conformations.
Homologous proteins may have numerous compensating
mutations at the native fold. The mutations must be

compensating because there is only one native configura-
tion that is shared by the homologous proteins (by virtue
of experimental observations). However, there are many
unfolded states for the protein family and not all
unfolded conformations are expected to be affected in
the same way by the mutations. In contrast to the native
fold, there are many structures to choose from.

We conjecture that the energy changes induced by muta-
tions on unfolded structures will be random and almost
independent of the specific structure of the unfolded con-
figuration. Furthermore, since homologous proteins have
similar structures, we can safely assume that the sequence
variation at the native fold systematically yields low ener-
gies. Hence, by adding the energy surfaces of homologous
proteins, the energy surface can be distorted so that the
global energy minimum is deeper, while the rest of the
surface (assuming random variation at the unfolded state)
is similar in shape (on  average) to what we started with
(Figure 1).

The algorithmic realization of the above idea is the simul-
taneous optimization of homologous proteins, while
forcing them to look alike. Hence, the experimental
observation of structural similarity between homologous
proteins is directly embedded into the optimization proto-
col. The optimization protocol employed is a Monte Carlo
annealing on a lattice [13], whereby the structural similar-
ity of homologous proteins is used to effectively modify
the energy function by optimizing the energies of several
homologous proteins in a coupled parallel way. An addi-
tional energy term penalizing the structural difference
between the proteins is employed. We thereby force the
different proteins to have similar conformations at each
instance of time during the parallel simulations. 

In this paper, we demonstrate that there are two main
advantages to the simultaneous optimization of a whole
protein family. The first, as mentioned above, is the elimi-
nation of local minima not shared by the entire family. In
the Results section, we describe the lowest-energy
minima found for a pancreatic peptide and homeodomain
fragment using a statistical potential [13]. The lowest-
energy minima we found for the two proteins correspond
to misfolded conformations. Nevertheless, considerably
better structures (but not better energies) were found
when coupling was introduced. Hence, the coupling
between the different family members prevents the
simultaneous runs from adopting the wrong conformation
that is (nevertheless) of the lowest energy. In this case, the
requirement for unanimous ‘vote’ of the homologous pro-
teins fixes an inaccurate energy function. 

Another feature of the coupling is the smoothing of the
energy surface, making it more accessible to stochastic
optimization. This is similar to the LES protocol [26] and
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the diffusion equation [22], in which multiple copies of
the same protein are optimized simultaneously. The use
of multiple copies results in an effective energy function
with lower barriers [26]. In this case, the smoothing is over
coordinate space. This effect is demonstrated separately
in the Results section.

The idea proposed in this work is related to other proto-
cols that use sequence ‘averaging’ [30–33,35–37]. The
present technique differs in adding the energy optimiza-
tion and in allowing some structural diversity when the
sequence averaging is performed. The use of distributions
of sequences and structures is essential in making better
predictions with energy-based methods. For example,
using the same protein conformation and averaging over
all sequences is equivalent to an optimization with a very
severe penalty on the diversity of protein structures. In
our experience, such a penalty results in significant energy
barriers (alternative folding pathways of different proteins
are not allowed) and the slow down of the folding kinetics.
We found it necessary to allow structural variations within
the family if ab initio folding is attempted. Perhaps alter-
native approaches to protein folding (e.g. threading [17])
are less sensitive to the presence of barriers. This is not,
however, what we observed for Monte Carlo folding.

The feasibility of this idea was demonstrated recently on a
simple model system: structural optimization of two-dimen-
sional heteropolymers on a square lattice (2DHP) [38].
Using four types of monomers and polymers of 14 units in
length, an attempt was made to ‘fold’ homologous sets of
heteropolymers. The advantages of using this limited
model (as compared to proteins) are obvious since an exact
enumeration of all the polymer states is possible. We have
unambiguously demonstrated the expected properties of
the coupled runs, as discussed above. Nevertheless, the
limitations of the above protocol are also quite clear, since
two-dimensional heteropolymers do not share many of the
complex properties of real proteins. The energy surface of

proteins is rougher and the number of protein conforma-
tions is significantly larger than in our simple model. It is
conceivable that the additional complexity of real proteins
poses such a huge problem that the anticipated enhance-
ment of ab initio folding algorithms will be too small and
impossible to detect. We therefore pursue here another fea-
sibility study. This time the investigation is on two protein
families for which we provide a detailed analysis.

At present, our ability to test and apply the scheme of
folding homologous proteins is restricted by two obstacles.
The first is that ab initio folding protocols (such as the one
we have examined) are limited to relatively simple folds;
therefore, our enhancing protocol is limited in the same way.
The present scheme which aims at improving existing algo-
rithms is likely to fail if the starting point is too far off. This
limits our choices to the study of small proteins. The second
limiting factor is the requirement of a diverse set of
sequences to obtain an effective smoothing in sequence
space. Clearly, the present investigation of two protein fami-
lies is insufficient to suggest the coupling idea as a general
method to fold proteins. Nevertheless, we consider the
present data sufficiently encouraging to promote further
study and implementation in other ab initio folding schemes.

The method we attempt to improve is the lattice-based
Monte Carlo simulations of proteins developed by Skol-
nick and co-workers [9,10]. The energy function and the
algorithm made it possible to predict the native folds and
folding pathways of several proteins [9,13,39,40]. Thus,
this work was done within the scope of a given algorithm
and within a specific energy function for protein folding.

Results
Pancreatic hormones
The sequences of seven homologous proteins were used for
the prediction of the structure of the pancreatic peptides
(Table 1a). One of them, avian pancreatic peptide from
turkey, has a known structure. 100 uncoupled simulated
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Figure 1

A schematic drawing of model one-
dimensional energy surfaces of two
homologous proteins: protein A (thin line) and
protein B (dashed line). They share the same
global minimum (the native fold), but have a
low correlation between the energies of the
unfolded conformations. The average energy
surface (thick line) is smoother and with a
deeper global minimum for the native fold. In
the simulation, we used the sum of the
potentials of the homologous proteins, Usum,
rather than the average, Uavg. However, both
potentials are related (Usum = N⋅Uavg — where
N is the number of homologous proteins) in a
way that does not affect the optimization.
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annealing (SA) runs are presented as set 1 in Table 2a.
These are standard simulations using the lattice Monte
Carlo program without the coupling. These calculations
were used in the avian pancreatic peptide sequence and
served the purpose of comparison. 

The comparison of the standard simulation runs is to 142
coupled SA calculations of all the seven homologous pro-
teins (set 2 in Table 2a). At the beginning of each SA run,
all seven proteins had the same random conformation. In
the early part of the simulation, the structures deviated
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Table 1

Proteins used in the current work.

PDB ID Swiss-Prot entry Sequence

(a) Pancreatic hormones
1ppt [52] paho_chick [53] GPSQPTYPGDDAPVEDLIRFYDNLQQYLNVVTRHRY

paho_rante [54] APSEPHHPGDQATQDQLAQYYSDLYQYITFVTRPRF
pyy_myosc [55] YPPQPESPGGNASPEDWAKYHAAVRHYVNLITRQRY
neuy_carau [56] YPTKPDNPGEGAPAEELAKYYSALRHYINLITRQRY
paho_rat [57] YPTKPDNPGEGAPAEELAKYYSALRHYINLITRQRY
paho_erieu [58] VPLEPVYPGDNATPEQMAHYAAELRRYINMLTRPRY
pyy_pig [59] YPAKPEAPGEDASPEELSRYYASLRHYLNLVTRQRY

(b) Homeodomains
1enh [60] hman_drovi [62] RPRTAFSSEQLARLKREFNENRYLTERRRQQLSSELGLNEAQIKIWFQNKRAKI

hmn2_drome [63] KRRVLFTKAQTYELERRFRQQRYLSAPEREHLASLIRLTPTQVKIWFQNHRYKT
pho2_yeast [64] PKRTRAKGEALDVLKRKFEINPTPSLVERKKISDLIGMPEKNVRIWFQNRRAKL

1hdp [61] oct2_human [65] KKRTSIETNVRFALEKSFLANQKPTSEEILLIAEQLHMEKEVIRVWFCNRRQKE
mec3_caebr [66] GLRTTIKQNQLDVLQEMFSNTPKPSKHRRAKLALETGLSMRVIQVWFQNRRSKE
may3_schco [67] KPRPKFHSEYTPLLELYFHFNAYPTFADRRMLAEKTGMQTRQITVWFQNHRRRA
hmgc_mouse [68] RHRTIFTDEQLEALENLFQETKYPDVGTREQLARKVHLREEKVEVWFKNRRAKW
hmb3_arath [69] EKKKRLNLEQVRALEKSFELGNKLEPERKMQLAKALGLQPRQIAIWFQNRRARW
gsbp_drome [70] RSRTTFTAEQLEALEGAFSRTQYPDVYTREELAQTTALTEARIQVWFSNRRARL

Aligned amino acid sequences of two sets of homologous proteins: pancreatic hormones and homeodomains. Each sequence is identified by its
Swiss-Prot entry and PDB ID if one exists.

Table 2

Simulation sets.

Set Proteins No. of Length of simulations Coupling
simulations in cycles

(a) Pancreatic hormones
1 paho_chick 100 98,000 OFF
2 paho_chick 142 14,000 ON

paho_rante 142 14,000 ON
pyy_myosc 142 14,000 ON
neuy_carau 142 14,000 ON
paho_rat 142 14,000 ON
paho_erieu 142 14,000 ON
pyy_pig 142 14,000 ON

3 7 × paho_chick 100 14,000 ON

(b) Homeodomains
1 hman _drovi 100 126,000 OFF
2 hman _drovi 100 14,000 ON

hmn2_drome 100 14,000 ON
pho2_yeast 100 14,000 ON
oct2_human 100 14,000 ON
mec3_caebr 100 14,000 ON
may3_schco 100 14,000 ON
hmgc_mouse 100 14,000 ON
hmb3_arath 100 14,000 ON
gsbp_drome 100 14,000 ON

The simulation sets are series of runs starting from random conformations with the same energy and Monte Carlo parameters.



considerably (RMS deviation >8 Å), but as the tempera-
ture of the proteins decreased, the deviation was reduced
and reached 3–4 Å. This indicates a reasonably strong
effect of the coupling. The final configurations of the
coupled runs are presented in Figure 2. To equate the
lengths of the computations, each of the uncoupled trajec-
tories is seven times longer than each of the coupled runs
(Table 2).

As is evident in Figure 2, the coupled simulations have in
general a higher tendency towards native-like conforma-
tions when compared to the regular simulations. The left
side of the graph indicating lower RMS or L values is

enriched in the coupled results. The lowest-energy con-
formations of the two simulation sets are shown in
Figure 3. While the conformation of the standard uncou-
pled simulation (Figure 3a) deviates considerably from the
native fold (RMS = 9 Å; L = 0.32), the lowest-energy con-
formation of the coupled simulations (Figure 3b) is a rea-
sonable approximation to the native fold (RMS = 5.8 Å;
L = 0.26). The helix is well reproduced, and even the
sidearm has the correct shape for most of its part. The
RMS value improves to 5 Å if the N terminus is removed
(i.e. considering the RMS only for residues 4–36). Similar
removal of the N terminus for the lowest-energy confor-
mation of the standard run provides an RMS of 8.6 Å. 
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Figure 2
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(c)
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(d)

Comparison of two sets of simulations of the pancreatic hormones:
single protein simulations (uncoupled) and simultaneous simulations of
homologous proteins that are forced to look alike (coupled). Each of
the uncoupled simulations is represented by the deviation of the final
conformation from the native fold of paho_chick (1ppt) and its energy.
In the coupled simulations in which the seven proteins are forced to
look alike, each simulation ends with seven conformations and seven
energies. The highest among the minimized energies of the final seven
coupled structures is used as the energy of the protein family at the

end of the run. The quality of the structure prediction for the family is
judged by considering the average coordinates of the seven coupled
proteins at the end of the run. The (a) Cα RMS and (b) contact map
deviations of the final conformations from different annealing runs are
plotted against the energy. The distribution of (c) RMS and (d) contact
map deviations among the 20% lowest-energy structures. Uncoupled
simulations (crosses in (a,b) and unfilled bars in (c,d)), set 1 (in
Table 2a); and coupled simulations of homologous proteins (filled
circles in (a,b) and filled black bars in (c,d)), set 2 (in Table 2a).
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Figure 3

Lowest-energy conformations of the (a)
uncoupled and (b) coupled pancreatic
hormones simulation sets. The predicted
conformations (red) are superimposed on the
native conformation (blue) of paho_chick
(1ppt). 

RMS = 9.0 Å
L = 0.32

RMS = 5.8 Å
L= 0.26
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Figure 4
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Comparison of two sets of simulations of the homeodomains: uncoupled simulations (crosses in (a,b) and unfilled bars in (c,d)), set 1 (in Table 2b);
and coupled simulations of homologous proteins (filled circles in (a,b) and filled black bars in (c,d)), set 2 (in Table 2b). For details, see Figure 2.



Homeodomains
The second family investigated are the homeodomains.
Here, we used nine homologous proteins, two of which
have a known structure (Table 1b). The proteins are
larger than the pancreatic hormones (54 amino acids as
compared to 36 amino acids) and their more complex ter-
tiary structure consists of a bundle of three helices. It is
therefore no surprise that the computations were some-
what less successful than for the pancreatic hormones. We
show the results of 100 standard SA simulations of the
Drosophila engrailed homeodomain fragment in set 1 of
Table 2b. We also analyzed 100 coupled simulations of
nine homologous proteins (set 2 in Table 2b). The results
are presented in Figure 4.

The coupled simulations of the homeodomains have a
higher tendency towards native-like conformations as
compared to the standard simulations, a result similar to
that for the pancreatic hormones. However, interpretation
of the results is somewhat more complex for the homeo-
domains. The lowest-energy conformations of the two
simulation sets are shown in Figure 5. The RMS devia-
tions of both are high (above 9.5 Å), suggesting a com-
plete failure. Yet, there is an important and obvious
difference between the two. The dominantly extended
conformation of the uncoupled simulation (sheet struc-
ture) is very different from the compact three-helix
bundle of the native fold. This is reflected in a high L
value (0.69). In contrast, the conformation of the coupled
simulation is a compact three-helix bundle (L = 0.2).
Hence, the L, which is sensitive to local structural similar-
ities, was able to identify the correct prediction of the sec-
ondary structure. It is the different packing of the helices
that results in the high RMS deviation.

The reasonably correct folds of the individual helices and
their incorrect tertiary packing can be demonstrated by

generating an inverted structure (replacing the X coordi-
nates by –X) from the lowest-energy conformation
(Figure 6). The inverted structure maintains the helical
structure and primarily changes the helices packing. The
inversion has at least one unfavorable effect in which the
helices become left handed. This trick is useful in demon-
strating the overall similarity to the correct structure;
however, it cannot be used in practical structure predic-
tion. The energy of the new structure is very high and
cannot be brought to reasonably low values by a short
energy relaxation (as we tried). Nevertheless, the newly
generated structure has a better global similarity to the
native fold, i.e. we observed lower RMS deviation from
the native structure (~6 Å). 
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Figure 5

Lowest-energy conformations of the (a)
uncoupled and (b) coupled homeodomains
simulation sets. The predicted conformations
(red) are superimposed on the native
conformation (blue) of hmen_drovi (1enh).
Note that in the 10 lowest-energy structures
of the uncoupled runs, it is possible to find
conformations with reasonably correct
secondary structure.

RMS = 10.6 Å
L = 0.69

RMS = 9.8 Å
L = 0.20

(a) (b)

Figure 6

A mirror image (the x coordinates are replaced by –x) of the lowest-
energy conformation of the homeodomain simulations (red) is
superimposed on the native fold (blue).

RMS = 6.2 Å
L = 0.20



One possible way of overcoming the problem of a nonper-
fect energy function (that provides a lowest-energy
minimum which is not the native fold) is to examine a
number of low-energy structures. If the native fold is one
of a relatively small number of structures, an experiment
can be designed to distinguish between the conforma-
tions. We therefore continue to examine other low-energy
structures of the homeodomain family in addition to the
structure with the lowest energy. The next two lowest

energy conformations of the coupled simulations have
folds similar to the lowest-energy conformation. The
fourth lowest energy conformation is a reasonable approxi-
mation to the native structure (RMS = 5.4 Å; L = 0.18),
with the exception of the extended N terminus, which is
predicted to be a part of the first helix (Figure 7). When
the N terminus is removed (considering residues 5–54),
the RMS is improved to 4 Å and L = 0.16. In contrast to
the coupled simulations, none of the 10 lowest-energy
conformations of the uncoupled simulations is below 7.5 Å
RMS deviation from the native fold. Only one of the
mirror images of these structures (the seventh lowest) is
below 7 Å. Furthermore, none of these structures is a
three-helix bundle.

To further examine the origin of the improvement in
structure prediction of the coupled run, we repeated the
SA simulations with identical copies of one of the pancre-
atic proteins (set 3 in Table 2a). 100 simulations were per-
formed using the same set of initial conformations as in
the other simulation sets. The use of alternative seeds to
initiate the generator of the Monte Carlo moves yielded a
different trajectory for each of the copies. The preference
towards the native fold is presented in Figure 8. The
behavior of the coupled simulations with identical copies
is roughly intermediate between the standard simulations
and the coupled simulations of the homologous proteins.
It should also be noted that these simulations reach lower
energies than do the uncoupled simulations (Figure 9) of
the same protein. The reason for the success of coupling
identical proteins is discussed below.
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Figure 8

Distribution of RMS deviations among the 20% lowest-energy final
conformations of pancreatic hormones. Data for the uncoupled
simulations (set 1 in Table 2a; unfilled bars) and coupled simulation of
homologous proteins (set 2 in Table 2a; filled black bars) is identical to
Figure 2c. The coupled simulations of identical copies (set 3 in
Table 2a; filled grey bars) result in intermediate results.
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Figure 9

Distribution of energies in the uncoupled simulations of the pancreatic
hormone paho_chick (set 1 in Table 2a; unfilled bars) and coupled
simulations of seven copies of the same protein (set 3 in Table 2a;
filled black bars).
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Figure 7

The fourth lowest energy conformation of the homeodomains
simulations (red) is superimposed on the native fold (blue).

RMS = 5.4 Å
L = 0.18



Discussion 
The problem of protein structure prediction is, in a
sense, analogous to a crossword puzzle. Energy-based
conformational searches and homology-based methods
serve as column and row definitions. Each definition set,
if solved exactly, can fill many of the blank spaces. In
practice, both definition sets are still incomplete and
ambiguous. We suggest that using them both is likely to
be beneficial.

One common strategy is to use energy-based methods to
refine homology-based predictions. Typically, energy-
based methods are used to predict conformations of
sidechains and loops not found in the template molecules
[41–44]. In this work, we chose the opposite route. The
homology considerations are introduced as an additional
energy term. The new term penalizes the energies of a set
of homologous proteins when their structures differ appre-
ciably from one another. Such a penalty is consistent with
the experimental observation that homologous proteins
have similar structures.

Our protocol is based on two distinct enhancements to the
algorithm of Monte Carlo annealing. The first, which is
the idea that motivated this work, is the folding consensus
of homologous proteins. The second is the smoothing
effect induced by optimizing distributions rather than
individual structures. Our working hypothesis regarding
the consensus idea is that coupling the Monte Carlo
annealing simulations of a set of homologous proteins will
increase the energies of minima that are not shared by all
the proteins. We expect that this will bias the energy func-
tion towards the common global minimum, which is
assumed to be the native fold. Consequently, the sam-
pling of native-like conformations is expected to increase
in the coupled simulations. Our expectations were con-
firmed by the results. Better samplings of native-like con-
formations were obtained.

A folding consensus of homologous proteins rises from the
experimental observation that sequences that are suffi-
ciently similar (~40% identity) share the same fold. When
the folding of a family of homologous proteins is
attempted, we use the above observation to force the indi-
vidual proteins to look alike. Hence, suggestions to the
native structure are screened by a consensus criterion, and
a penalty is assigned if not all homologous proteins are
‘happy’ with the suggestion. This is done during the
Monte Carlo search to the global fold. It is expected that
unfolded conformations, for which no evolutionary bias is
expected (i.e. there is no reason for homologous proteins
to unfold to the same structure), will have uncorrelated
energies at unfolded configurations. If screened by the
consensus criterion, these conformations will be elimi-
nated or penalized heavily. This provides (of course) a
bias towards the native conformation.

The factor that enhances the efficiency of the proposed
technique compared to the standard Monte Carlo anneal-
ing is the use of additional information (the existence of
homologous proteins) that is typically not employed in
optimizations. For example, the lowest-energy conforma-
tion of the uncoupled simulations from hmen_drovi
(which is grossly wrong; Figure 5a) was used for threading
experiments with the other sequences. The energies of
some of them were considerably higher than that of
hmen_drovi (e.g. –2000 versus –5000) and therefore this
configuration was excluded in the coupled simulations.
Interestingly, the high energies could not be associated
with a single bad pair interaction, and they were spread
over many contacts in the structure. This test suggests
that coupling the simulations significantly reduced the
chances of getting this structure at all. In general, we
expect numerous conformations that do not fit all the
sequences to have a high penalty, improving search effi-
ciency. We note that by itself the consensus is insufficient
and additional scoring functions of individual protein
structures must be added. Therefore, we proposed the
above scheme as an addition to already existing folding
algorithms.

Another effect of enhanced optimization, which was not
on our mind when this work started, is of smoothing the
potential energy surface when a distribution of structures
(in space) is used. Computationally, we observed this
effect by coupling seven copies of the same protein, a pro-
tocol that yields intermediate results. The coupling of
identical proteins is analogous to LES [26], to the diffu-
sion equation [22] and to the imaginary time Schrödinger
approaches [24,25]. 

The analogy can be exemplified as follows. In quantum
statistical mechanics, the Boltzmann weight of a single
configuration –e –U(Ri)/kT is replaced by a summation of the
energies of monomers in a cyclic polymer:

where g is a constant that depends on the system charac-
teristics (such as mass) and the index N+1 returns to 1. In
this work, we would have interpreted the quantum
expression as the summation of the energies of identical
proteins (the first term in the sum) and a coupling term
that forces the proteins to look alike (the second term in
the sum). Hence, the expression in the exponent is an
effective energy to be optimized in the same way that the
classical Boltzmann weight has the energy in the expo-
nent. The functional form of the term that forces the
structures to look alike is different from the one we
employed and is given by fundamental theory. We do not
have such a restriction and our penalty function was
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therefore chosen to optimize proteins. However, the
analogy is self evident. Moreover, since most of the other
smoothing algorithms have their root in, or at least some
relation to, path integral formulation, they are connected.
Following common knowledge about smoothing algo-
rithms we may conclude that the success of the present
method relative to long simulations is probably due to a
reduction of energy barriers.

Another enhancement to the optimization algorithm (in
addition to a modified energy function that is more acces-
sible to optimization) is the modified Monte Carlo step
discussed in detail in the Materials and methods section.

In the current work, we introduced the coupling term to a
specific energy function and used a specific search algo-
rithm to test the combination. However, we believe that
the idea is general and can be used with some modifica-
tions in many other energy functions and search algo-
rithms. Similarly, the suggestion made in this manuscript
for the form of the coupling function between the homolo-
gous proteins is quite arbitrary. Better choices are proba-
bly possible. In general, the coupling term should be able
to ignore insertions/deletions and accommodate some dif-
ferences in overall fold. Only by using a flexible functional
form for the energy term will it be possible to employ
remote sequences (i.e. sequences with less than 40% iden-
tity). The remote sequences are the ones with the highest
potential for our purposes. Their individual energy func-
tions vary considerably, leading to more effective searches.
Simple model systems such as the 2DHP [38] may serve
as useful tools for the design of efficient coupling terms.

A similar idea of using homology and energy in structure
optimization has been proposed previously [45]. The
authors suggested a LES-like idea of binding different
sidechains (corresponding to homologous proteins) to the
same backbone. This is equivalent to a very stringent cou-
pling. In our experience, this coupling may lead to a sig-
nificant increase in barrier heights and may limit the
application to proteins with very similar sequences.

The combination of homology and energy functions is
clearly motivated by the protein folding problem.
However, coupling of different energy functions with
similar minima, for more efficient optimization, is more
general than the application to the optimization of protein
structure. Another possible application is to locate the
common biologically active conformation of several flexi-
ble ligands that bind to the same receptor. Enhancement
of the sampling of the right conformation is expected by
forcing all the ligands to look alike. This may succeed
even if the active conformation is not the global energy
minimum. An algorithm that forces different flexible mol-
ecules to share the same conformation is available in the
program DISCOVER [46].

Another comment is concerned with the failure of the
single protein annealing to predict the correct fold. The
model that we have employed is based on a statistical
potential and continuous refinement of the model using
computational folding experiments. Only by studying the
results of different computer experiments and investigat-
ing failures may we hope to obtain a folding program with
a wide range of applicability. Despite numerous docu-
mented successes of the model, we surely do not have a
folding program with general applicability. The two
protein families that were studied here were not investi-
gated using this model before and the failure of the single
copy computer experiments is of significant interest since
it allows us to improve the existing model. It also points to
the obvious: that the model is not perfect.

Finally, parallelizing the coupled simulations is rather
straightforward and was pursued in the present research. A
comparatively small amount of data (the positions of the
carbons) is periodically transferred between the CPUs.
Since data transfer is currently the bottleneck of many
parallel computations, the very limited communication
needed for the above parallelization scheme is a consider-
able advantage. 

Materials and methods
Measures of similarity
An enhancement to algorithms that fold proteins is proposed in this
paper. A quantitative measure of structural similarity between alterna-
tive conformations is required to show that the modified algorithm
indeed produces better structures than the original. We discuss such
measures first.

Several scales of structural similarity appeared in the literature [47,48],
each with its advantages and drawbacks. The root mean square (RMS)
deviation of atomic coordinates after an optimal superpositioning of the
structures [49] is by far the most commonly used method. It is,
however, less meaningful within low structural similarity, the more
common case in this work. Specifically, RMS is a measure of global
similarity. It is not sensitive to local similarities. Correct prediction of
secondary structure, or subdomains, is not accounted for in a global
RMS measure. We therefore seek an additional estimate of similarity.

The second measure employed is L, which is more sensitive to local
similarities and is capable of pointing them out even if the global simi-
larity is low. L is related to the contact map of the computed structure
and the contact map of the X-ray coordinate set and is defined as:

In this work, two residues are considered to be in contact if the dis-
tance between their C atoms is lower than 6.5 Å. This is consistent
with the energy function employed and with the relatively small size of
the protein considered. This local measure is able to identify similar
structural motifs even when the overall RMS is high.

For pairs of random conformations, the L value is typically higher than
0.5. Pairs of homologous proteins have L values close to 0.1. This
measure is very similar to Q — the fraction of native contacts
[47,50,51]. However, unlike Q, L penalizes structures that are too
compact and that have an excessive number of contacts.

L
No. of dissimilar contacts in the two contact maps

Total no. of contacts in the two contact maps
=            (2)
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Armed with measures of structural similarities, we attempted to fold
two protein families: pancreatic hormones and homeodomains
(Table 1). We used the folding algorithm developed by Skolnick and
co-workers; this lattice Monte Carlo algorithm has been described in
detail elsewhere [10].

The Monte Carlo program
Briefly, each residue is modeled by two points: its C atom and the cen-
troid of its sidechain. The C atoms are constrained to a 1.2 Å cubic
lattice, while the sidechain centroids are placed off the lattice. The
energy function is derived primarily from a database of protein struc-
tures. However, the different components of the energy function can be
interpreted physically to include (for example) hydrophobicity, hydrogen
bonds, pairwise interactions and excluded volume. Conformational
optimizations are pursued via a sophisticated Monte Carlo algorithm
that consists of a hierarchy of moves on the lattice. The lowest part of
the hierarchy includes small-scale motions (e.g. sidechain rearrange-
ment or the displacement of only one residue). The highest part of the
hierarchy consists of large-scale movements, such as the displacement
of a fragment with a randomly chosen length (any length smaller than
the length of the protein). The Monte Carlo moves are pursued in
cycles. At each cycle large-scale motions are attempted first. The
number of smaller-scale displacements during a single cycle is propor-
tional to the length of the protein. Each of the simulations included N
(14,000–126,000; see Table 2) such repeats. A stepwise cooling pro-
tocol was used for the simulated annealing with 20 steps of equal
length (N/20 cycles).

The coupling energy
While the internal energy function for one homologous protein is well
defined in the Monte Carlo program, the coupling between the different
proteins (the way that we force them to look alike) requires further dis-
cussion. The coupling term used is defined as:

Where RMSij is the coordinate RMS deviation of the C positions of pro-
teins i and j after optimal overlap. The specific functional form of the cou-
pling term was chosen after some trial and error. One should examine
the structural variations during trial simulations to decide on the appro-
priate coupling term. If the structures are different (RMS of the order of
5 Å), then the coupling was too weak and another set of simulations
should be pursued with a stiffer coupling term. However, if the struc-
tures are very similar to each other, then the coupling is too stiff and
some relaxation of the coupling strength may be in order. Final results
should be judged by the consensus of structures and low energies.

Clearly, the coupling term may depend on the length of the chain
(longer homologous proteins tend to have larger RMS differences) and
other parameters (e.g. the degree of sequence homology). Therefore, it
is not obvious whether a search for the ‘best’ coupling term is meaning-
ful at all. From our (admittedly limited) experience, we tend to conclude
that the coupling should be set on a case-by-case basis using the crite-
ria described above. Despite this argument, the coupling energy func-
tion was identical for the two protein families, which demonstrated that
a single coupling function can provide reasonable results for more than
one protein. After some effort to find a reasonable form, we are now
convinced that the present function is not ideal if the two protein fami-
lies are to be considered individually.

There may be some interest in changing the functional form of the
penalty function. For example, perhaps contact maps are a more
natural choice than using the RMS (which, as argued above, is sensi-
tive to the length of the chain). However, the coupling between the
maps is at a minimum when the chain is extended with no contacts at

all. This artificial and undesired minimum of the coupling energy pushes
the solution away from the set of compact conformations that includes
the native state. Attempts to eliminate this artifact by giving higher
scores for structures with a larger number of contacts is not without
risks because structures that are too compact may emerge. We there-
fore use the RMSij.

Similar to the newly defined energy function that takes advantage of
the similar structures of homologous proteins, we also modified the
Monte Carlo move. The regular Monte Carlo displacements can be
local or quite extended; however, the generation of the move is based
only on the coordinate set and on the energy function of a single
protein. We propose to add another kind of a move in which the config-
uration of a homologous protein is adopted. A leap is the attempt of
one protein to jump to the conformation of one of the other proteins in
the system, followed by sidechain packing optimization. Leaps were
shown [38] to improve simulation efficiency because the distribution of
leaps is biased towards lower energies. As the ith protein leaps to the
conformation of the jth homologous protein, the weight of the ith
protein configuration is approximately e –Ui/kT (ignoring the coupling
energy term); k is the Boltzmann constant and T is the absolute temper-
ature. The weight of the leap to the jth protein is about e –Uj/kT, assum-
ing a similar energy distribution for the two homologous proteins. The
above Boltzmann weight should be compared with the uniform distribu-
tion of a standard Monte Carlo step. It is therefore more likely to sample
lower-energy structures using the leaps rather than in random steps. 

We note that two assumptions were made in the above argument.
Firstly, that the coupling energy term is indeed small and can be
neglected in the above estimate of the Boltzmann weight. Secondly,
that the homologous proteins can leap to each other structure with
similar probabilities as of the leaps of identical proteins. Hence, we
ignored energy variations upon sequence changes. 

Computational protocol
The coupled simulations are best pursued on a cluster of workstations.
Simulations of several homologous proteins were performed in parallel
on a cluster of eight or nine workstations (IBM R/S6000 340 and SGI
R4000). Each workstation was responsible for the simulation of a
single protein. The C coordinates were transmitted periodically (by
writing into UNIX sockets) between the computers and were used to
calculate the coupling energy term.

Random initial conformations of the proteins were generated by high
temperature Monte Carlo runs. For each protein family, the same set of
initial structures were used for all the sets of computations. In addition
to the coupled simulations, which are the focus of the present paper,
uncoupled runs were also pursued for comparison. The lengths of the
simulations (coupled and uncoupled) were arranged such that the
same CPU time was employed by a single uncoupled run and a
coupled simulation of several homologous proteins (see Table 2). For
example, a coupled run of seven homologous proteins was compared
to a single uncoupled simulation that was seven times longer. This
allowed us to obtain a fair comparison of the computational effort in the
coupled and uncoupled trajectories. The communication time of the
coupled simulations (~10% in this work) was not considered because
it is low and depends on the network configuration.

In this investigation, we consider the homeodomains and the pancre-
atic hormones (Table 1). Three of the proteins we used have known
structures that were extracted from the PDB. While the pancreatic hor-
mones we studied are complete protein chains, the homeodomains are
not. The homeodomains are parts of quite large DNA-binding proteins
with a typical length of hundreds of amino acids. To facilitate a conve-
nient coupling scheme (gaps are not handled by the current implemen-
tation of the leap), we used fragments of the homeodomain family that
are of the same size as the Drosophila engrailed homeodomain frag-
ment (PDB ID 1enh). Homologous proteins were identified using the
HSSP database [28] and extracted from the Swiss-Prot database.
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Sequence sets were chosen to maximize sequence diversity within the
set while still avoiding gaps. Sequence identity within each family
ranged between 22% and 60%. In the analysis of the results, we
employed the measures for structural similarity discussed in the begin-
ning of the Materials and methods.

For the uncoupled simulations, the deviation of the end conformations
from the native fold and their respective energies were employed in the
assessment of the quality of the structures. For the coupled simula-
tions, we used the average deviation from the native fold and the
highest energy of the final minimized structures of the homologous pro-
teins. This choice of the effective energy was found to be slightly more
selective towards the native state. The highest energy can identify
structures that are not suitable to at least one of the sequences. It is
the consensus of all the homologous proteins that were used and not
the preference of the average. 
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