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12.1 Introduction
Proteins are complex macromolecules that perform vital functions in all living
beings. They are composed of a chain of amino acids. The biological function
of a protein is determined by the way it is folded into a speciﬁc tri-dimensional
structure, known as native conformation. Understanding how proteins fold is of
great importance to Biology, Biochemistry and Medicine. Considering the full
analytic atomic model of a protein, it is still not possible to determine the exact
tri-dimensional structure of real-world proteins, even with the most powerful
computational resources. To reduce the computational complexity of the analytic
model, many simpliﬁed models have been proposed. Even the simplest one, the
bi-dimensional Hydrophobic-Polar (2D-HP) model (see Sect. 12.2.2), was proved
to be intractable due to its NP-completeness. The current approach for studying
the structure of proteins is the use of heuristic methods that, however, do not
guarantee the optimal solution. Evolutionary computation techniques have been
proved to be eﬃcient for many engineering and computer science problems. This
is also the case of unveiling the structure of proteins using simple lattice models.
In this work the nature of the models used for the protein folding problem
is reviewed, with special emphasis on discrete models. Also, we analyze how
evolutionary computation techniques have been applied to solve it. Amongst
these techniques, there are many diﬀerent variants of genetic algorithms, besides
ant colony optimization, diﬀerential evolution and artiﬁcial immune systems.
This chapter is structured as follows: the remaining of this section introduces
some basic aspects of amino acids and proteins, and presents the protein folding
problem. Sect. 12.2 presents the several models for protein folding with special
emphasis on a speciﬁc discrete model: the hydrophobic-polar. Sect. 12.3 is dedicated to the several computational approaches for the protein folding problem,
from molecular dynamics and approximation algorithms to several evolutionary
computation algorithms. Next, Sect. 12.4 presents challenging issues that limit
current research. Finally, in Sect. 12.5 current trends for future research and the
conclusion are presented.
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Amino Acids and Proteins

The basic structure of an amino acid consists of a carbon atom (Cα ) connected
with an amino group (NH2 ), a carboxyl group (COOH) and a side-chain. The
only diﬀerence between amino acids is due to the composition of their sidechain. There are 20 standard amino acids. According to the physical properties
of the side-chain, amino acids can be classiﬁed according its polarity and acidity/basicity. Such classiﬁcation leads to a hydrophilic (polar) or hydrophobic
(nonpolar) character of the amino acid. The distribution of hydrophilic and hydrophobic amino acids along the protein ultimately determines structure of the
protein.
The sequence of amino group, Cα and carboxyl group of an amino acid
bounded with the following is known as backbone of a protein. There are three
main levels of organization of the structure of a protein: primary, secondary and
tertiary structures. The primary structure of a protein or polypeptide chain is its
linear sequence of amino acids, represented by a string of letters. Some speciﬁc
regions of the primary structure can fold into known tri-dimensional structures,
such as α-helices or β-sheets. These structures are known as secondary structures. The spatial representation of the protein is called tertiary structure. The
shape into which a protein naturally folds is known as its native state, or native
conformation. For some particular proteins, tertiary structures can be combined
to form a super-structure known as quaternary structure.
The tertiary structure of a protein, or the quaternary structure of its complexes, is of particular interest, since it deﬁnes the biological function of the
protein. The most eﬀective method for unveiling the structure of real proteins
is using nuclear magnetic resonance spectroscopy or X-ray crystallography. It
is estimated that the human body has around 100,000 diﬀerent proteins, but a
only a small portion of them have its structure known. The Protein Data Bank
(PDB) [7] (http : //www.pdb.org) is the repository for structural data of proteins. Currently, it holds structural information of almost 50,000 proteins. However, the amount of known proteins which structure is unknown is much larger,
thus justifying the use of computational methods for this purpose. Therefore, this
is an important research area in Bioinformatics and Computational Biology.
12.1.2

Protein Folding

The Protein Structure Prediction (PSP) problem can be deﬁned as determining
the ﬁnal tri-dimensional structure of a protein by using only the information
about its primary structure. On the other hand, the Protein Folding Problem
(PFP) is understood as being the discovery of the pathways by which a protein
is folded into its natural conformation, during its synthesis [34]. However, in the
current literature those two terms are frequently used with no distinction, usually
meaning only the ﬁrst issue. A computational approach to predict the structure
of a protein demands a model that represents it abstractly, in a given level of
details. Basing on well-established thermodynamical laws, the prediction of the
structure of a protein is modelled as the minimization of the corresponding freeenergy with respect to the possible conformations that a protein is able to attain.
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The minimization of this free-energy is the most important factor that drives
the construction of the structure of a protein. Formally, the native conformation
of a protein is deﬁned as that in which the free-energy is minimal. According
to [61], a computational model that obeys this principle must have the following
features:
• A model of the protein, deﬁned by a set of entities representing atoms and
connections among them;
• A set of rules deﬁning the possible conformations of the protein;
• A computationally feasible function for evaluating the free-energy of each
possible conformation.
The amount of details of the structure modelled depends on the choices done
about the model (see Sect. 12.2). For instance, a protein could a have a spatial
representation of all its atoms, all all its atoms but hydrogen, only the backbone
without the side-chain, or as simple hydrophobic-polar elements embedded in a
lattice.

12.2 Free-Energy Models
12.2.1

Analytical Models

An analytical model has a detailed description of the tri-dimensional structure
of a protein, including information about all its individual atoms [61]. A protein
can be viewed as a collection of atoms connected each other. Therefore, to specify
the tertiary structure of a protein, it is possible to establish values for angles,
lengths and torsions of the connections among atoms in the structure. To reduce
the inherent complexity of this model, some atoms could be disregarded or even
grouped into larger elements, and treated as equivalent single atoms by the
model. Obviously, such reduction decreases the visual equivalence between the
model and a real protein, for a given conformation.
The free-energy function in an analytical model is frequently speciﬁed by
parameters representing the individual contributions of atoms. For atoms connected each other, such parameters depend on the length, angles and torsions of
the connection. For those atoms that are not directly connected each other, the
parameters depend on physical forces (i.e., Coulomb and van der Walls forces) or
statistical information inferred from known structures. However, using a detailed
description of the structure of a protein and many parameters in the free-energy
function, it is computationally hard to ﬁnd an optimized solution for the prediction of the structure of a protein. For instance, analytical models were presented
by [10, 25, 56, 57].
12.2.2

Discrete Models

The diﬃculty in using analytical models motivated researchers to develop simpler
discrete models that allow a large number of computational simulations necessary
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to ﬁnd optimal or quasi-optimal solutions for the PFP [10, 23]. The easiest way to
limit the complexity of an analytical model is to limit the range of lengths, angles
and torsions allowed in the model, and use predeﬁned sets of values. Usually,
these allowed values are obtained from known real-world structures [60, 61].
The simplest class of models for the PFP is known as lattice models. In these
models, a protein is modelled as a sequence of simple elements, representing the
amino acids, embedded in a lattice. The connection angles between amino acids
are restricted by the lattice structure in the plane (2D) or in the space (3D).
In a valid conformation, a given position in the lattice can be occupied by, at
most, one amino acid, and adjacent amino acids in the sequence must occupy
adjacent positions in the lattice. The free-energy of a conformation is deﬁned
as a function of the number of adjacent amino acids in the structure which are
non-adjacent in the sequence. This is known as non-local bonds [22, 61] or H-H
contacts. Although square and cubic lattices are the most popular, there are
implementations that use other type of lattices, such as triangular [46, 63] and
hexagonal [37].
Despite the simplicity of lattice models, both 2D and 3D HP models have some
behavioral equivalency with real-world proteins [22, 23, 24, 61]. Also, the computational treatment of such models are much more convenient, when compared
with analytical models and, for some instances, the exhaustive enumeration of
the possible conformations can be done. These properties have made lattice models very popular. However, the main drawback of lattice models (and, in special,
of HP models - see Sect. 12.2.2) is the diﬃculty in representing clear secondary
structures in the folding [33].
The Hydrophobic-Polar Model
This model was introduced by [42] and it is the most known and studied discrete model for the PFP. The Hydrophobic-Polar (HP) model is the simplest
possible model and, in most cases, uses a square (2D) or cubic (3D) lattice.
Notwithstanding, even being simple, the PSP was proved to be NP-hard using
this model, that is, there is no polynomial-time algorithm to solve it, either the
2D version [16, 55, 57, 73] or the 3D one [3, 6]. This fact has motivated the
development of many heuristic approaches, such as in [8, 10, 22, 50, 52, 61, 70].
The HP model is based on the assumption that the major contribution to
the free-energy of the native conformation of a protein is due to interactions
between hydrophobic amino acids, which tend to be grouped in the inner part
of the spatial structure, while the hydrophilic (polar) amino acids tend to stand
more outside, thus protecting the hydrophobic amino acids from contact with
the environmental solvent. For simplicity, the 20 standard amino acids are divided in either hydrophobic (H) or polar (P), based on experimental results [45].
Therefore, the primary structure of a protein is a string deﬁned over the binary
alphabet {H, P }. Although several diﬀerent hydrophobicity scales can be found
in the current literature, there is still no consensus about a standard translation table between the 20-letters amino acids into a simple {H, P } alphabet. To
circumvent this problem, some studies suggest the use of extended alphabets,
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Fig. 12.1. A hypothetical conformation of 15 amino acids using the 2D-HP model

in which amino acids are converted to symbols more properly related to their
physical and chemical properties [5, 48].
The {H, P } string representing a protein is then embedded in a 2D or 3D
lattice. Adjacent amino acids of the sequence are also adjacent in the lattice
and, for a valid conformation, no point of the lattice can be occupied by more
than one amino acid. The free-energy of a conformation is inversely proportional
to the number of non-local bonds, as deﬁned before. It is worth to mention that
a non-local bond only takes place when a pair non-adjacent amino acids of
the sequence lie in adjacent positions in the lattice. Consequently, minimizing
the free-energy is equivalent to maximize the number of hydrophobic non-local
bonds.
Figure 12.1 presents a conformation of polypeptide with 15 amino acids using
the 2D-HP model. Black and white dots represent, respectively, the hydrophobic and hydrophilic amino acids. The square dot is the ﬁrst amino acid of the
sequence. The chain is connected by solid lines, and the bonds are represented
by dotted lines. For this conformation there are 4 H-H contacts.
A simple free-energy function of a conformation, suggested by [44], is represented in Eq. (12.1):

eri rj Δ(ri − rj )
(12.1)
E=
i<j

where: Δ(ri − rk ) = 1 , if amino acids ri and rj have a non-local bond, or
Δ(ri − rk ) = 0, otherwise. Depending on the type of contact between amino
acids, the energy will be eHH , eHP or eP P , corresponding to H-H, H-P or PP contacts, respectively. According to [44], these energy parameters satisfy the
following physical constraints:
1. Compact conformations have energy levels smaller than any other noncompact conformations;
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2. Hydrophobic amino acids tend to be buried as inside as possible in the
conformation. This is expressed by the relation eP P > eHP > eHH that
decreases the energy of conformations in which the hydrophobic amino acids
are hidden from the water solvent;
3. Amino acids of diﬀerent types tend to get apart. This is expressed by the
relation 2eHP > eP P + eHH .
In the standard HP model, values for those parameters are: eHH = −1.0, eHP =
0 and eP P = 0 [42]. However, [44] suggested eHH = −2.3, eHP = −1 and
eP P = 0, since they satisfy the above conditions. According to them, results are
not too sensitive to values of eHH , provided those conditions are satisﬁed.
Other Discrete Models
Besides the popular HP model, there are other discrete models for the PFP in
which particular biological properties were explored:
• Lattice Polymer Embedding (LPE): this model was proposed by [73] and
is based in a cubic lattice, similarly to the HP model. Each pair of amino
acids have an aﬃnity coeﬃcient and the energy function to be minimized is
the sum, over all possible pairs of amino acids, of the product of the aﬃnity
coeﬃcient by the distance between amino acids.
• Charged Graph Embedding (CGE): This model was proposed by [27] and
later used by [10]. It uses a 3D lattice and incorporates charges to the amino
acids. Conformations allowed are not very realist because it considers bonds
between every pair of amino acids in the chain and bonds are allowed to
cross each other. On the other hand, the inﬂuence of a given amino acid on
another one disappears when the Euclidean distance between them exceeds
a critical value.
• Perturbed Homopolymer (PH): this model was suggested by [64] and reviewed by [67], and later used by [22]. This model does not take into account
only the interactions between hydrophobic amino acids, but favors connections between amino acids of the same type (that is, H-H and P-P).
• Helical-HP model: it was presented by [72] and reviewed by [22]. This model
considers only a 2D lattice and includes two types of interactions: non local
interactions between hydrophobic amino acids, and local interactions represented by a propensity to form helices (helical propensity). [11] has extended
this model taking into consideration the eﬀect of hydrogen bonds in regular
secondary structures (in both α-helices and β-sheets).
• Tangent Spheres Side Chain model (HP-TSSC): introduced by [31], it uses the
basic HP model, but does not embed amino acids in a lattice. In this model,
a protein is represented by a graph that is transformed in a set of tangent
spheres with equal radius, for both the backbone and the side chains. This
model is an important contribution to oﬀ-lattice models for protein folding.
• HPNX model: this is a variation of the HP model in which the alphabet
is extended to more letters [5, 9]. For instance, polar amino acids can be
divided into three categories: positive charge (P), negative charge (N) and
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neutral (X). Therefore, the standard 20 amino acids is translated into the
{H, P, N, X} alphabet according to their physical and chemical properties
and the energy of a conformation is computed using a matrix of energy
potentials between every pair of contacts. Usually, eHH = −4.0, eP P =
eN N = 1.0, eN P = −1.0 and for the remaining type of contacts the energy is
null.

12.3 Computational Approaches for the PFP
12.3.1

Molecular Dynamics

This method, also known as ab initio [29, 58], seems to be the most realistic approach to simulate the folding of real proteins. The term ab initio means to start
”from the beginning”, without using previous knowledge about the structure of
the protein. To do so, the basic idea is to simulate the movements of each atom
of a protein, as well as of the water that surrounds it, as a function of time.
The initial thermal energy of the system is established and atoms are enabled
to move according to the rules of classical mechanics. The energy of a conformation is adapted to take into account all forces, accelerations and velocities
to which each atom is submitted along time. Aiming at making the movement
of the atoms the more realistic as possible, a very small time step is deﬁned,
such as 10−15 sec. For each time step the energy function is recomputed [75].
Even using supercomputers, the number of mathematical operations necessary
to simulate the folding is so high that makes this methodology unfeasible even
for very of small proteins. This type of simulation can be useful only for studying
the behavior of the folding during very short periods of time, several orders of
magnitude smaller than the time necessary to fold a real-world protein. However, it is believed that this method is potentially powerful to produce results
according to the dynamic properties observed during the folding of real-world
proteins [4], although it cannot be assured that it will converge to the native
conformation. A full review of this methodology can be found in [43].
12.3.2

Approximation Algorithms

An approximation algorithm is a computational procedure capable of ﬁnding
quasi-optimal solutions for speciﬁc problems (or speciﬁc instances), with a given
predeﬁned warranty of performance (regarding the optimal solution). According to [57], such class of algorithms can be useful for the PFP since they can
ﬁnd valid conformations somewhat near to the native conformation of a protein
(provided the guaranteed maximum error is small). In a further step, the freeenergy value of this approximated solution can be used as an upper-bound for
another algorithm focused on local search. The main drawback of approximation
algorithms is the need for a formal proof of its lower-bound performance.
Possibly, the ﬁrst approximation algorithms devised for the PFP were proposed
by [30, 31] using 2D- and 3D-HP models. Later, many other algorithms were proposed for diﬀerent energy models and geometry of lattices [31, 32, 53, 54].
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Genetic Algorithms

The minimization of the free-energy in discrete models frequently leads to a
hard optimization problem. Despite the simplicity the usual free-energy function, based on the maximization of non-local H-H bonds, it leads to a multimodal search space. This search space is characterized by a large number of
invalid solutions (corresponding to conformations in which more than an amino
acid occupy a position in the lattice) and many local minima (corresponding to
diﬀerent conformations with the same number of non-local H-H bonds). These
characteristics of the search space make it a hard problem for conventional
optimization methods.
Amongst the many computational approaches for the PFP, certainly the most
used is the genetic algorithm (GA), possibly due to its simplicity and eﬃciency
in ﬁnding good solutions in large and complex search spaces. This of a GA in
combining local features into a global solution makes it particularly appealing
for the PFP.
A protein can have well-deﬁned secondary structures, such as α-helices or βsheets. In most cases, important secondary structures can be identiﬁed in the
primary structure as motifs. Some motifs have structures independent of its
interaction with the remaining molecule, and they can be viewed as building
blocks. In a similar way, the crossover operator of a GA works by recombining
hopefully useful blocks to form solutions of increasing quality, thus providing a
way to recycle partial solutions.
There are two basic issues for applying a GA for a given optimization problem:
how the variables of the problem are encoded, and how the quality of a solution is measured. The ﬁrst issue is the representation problem, and the latter,
the evaluation problem. All other issues raised in an implementation, although
important, are secondary.
Encoding
When using a GA for the PFP, the way conformations of the protein are represented has a great importance on the dynamics and eﬃciency of the algorithm.
Basically, one can devise three ways of representing a folding [40, 62]:
• Distance matrix: this encoding system describes a structure by means of a
square matrix in which cells represent the distance between amino acids. This
encoding system is rarely used in the literature [62].
• Cartesian coordinates: in this approach, a folding is described by a vector
of elements representing the position of the amino acids of a sequence in
the plane {xi , yi } or in the space {xi , yi , zi }. In general, this approach is not
the most adequate for population-based algorithms (such as the evolutionary
computation ones), since identical (or similar) structures can have completely
representing vectors.
• Internal coordinates: a given conformation is represented as a set of movements of an amino acid relative to its predecessor in the chain. This is the
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most usual representation approach found in evolutionary algorithms for the
PFP, and two types of internal coordinates can be used:
– Absolute internal coordinates: they are based on the orientation of the
axes the lattice in which the folding is embedded (either 2D or 3D).
This encoding system is deﬁned by the following set: {N, S, E, W, F, B},
corresponding to movements north, south, east and west (in the plane),
and forward and backward (in the space).
– Relative internal coordinates: this encoding system deﬁnes the position of
the next amino acid of the chain relative to the position of the preceding
one in the lattice. The possible set of movements are: {F, L, R, U, D},
corresponding to forward, left, right, up and down, always having the
previous position as reference. This encoding system has an important
drawback: the initial population of a GA is randomly generated and, as
a consequence, individuals will have an increased number of collisions in
the structure (invalid conformations). This is specially true for proteins
with an increased number of amino acids.
For instance, the conformation shown in ﬁgure 12.1 corresponds to the sequence {P HHP HP HP P HP HP P H} and can be represented using:
• Relative internal coordinates: {LRLLF LRLLRLRLL},
• Absolute internal coordinates: {W N W SSESEN EN EN W },
• Cartesian coordinates: {(0,0);(-1,0);(-1,1);(-2,1);(-2,0);(-2,-1); (-1,-1);
(-1,-2);(0,-2);(0,-1);(1,-1);(1,0);(2,0);(2,1);(1,1)}.
A study of the two internal relative coordinates was done by [40], using diﬀerent types of lattices. They concluded that, for square and cubic lattices, relative
internal coordinates may lead a genetic algorithms to results much better than
those that could be obtained using absolute internal coordinates. However, there
are some authors who obtained satisfactory results using absolute coordinates
for small chains [17]. For a triangular lattice, both types of coordinates have the
same performance.
There are two restrictions to be satisﬁed for a valid conformation: there should
be no collisions (a given point in the lattice should be occupied by at most one
amino acid), and all adjacent amino acids of the sequence must be adjacent in
the lattice. This last restriction is implicit in the encoding when using internal
coordinates, but not when using Cartesian coordinates. To deal with the ﬁrst
restriction using internal coordinates there are two basic approaches:
• Delete invalid conformations that appear during the evolutionary cycle. This
is the simplest way to deal with this issue, but, possibly, not the best one.
When a protein is folded in a valid (but not optimal) conformation, the pathway to another valid conformation of smaller energy may be not achievable
unless some invalid conformations are permitted in intermediary steps.
• Allow invalid conformations in the population and apply penalties. This approach is usual when using evolutionary algorithms for constrained problems.
The genetic material present in some unfeasible solutions can be recombined
further in the evolutionary cycle so as to form feasible and, hopefully, better
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solutions. For the PFP there are two ways for applying penalties to invalid
conformations: considering the number of pairs of amino acids that stand on
the same point in the lattice, or considering the number of lattice points that
have more than one amino acid in it. To date, it is not clear which of the
two methods will give better results. Another somewhat diﬀerent approach
is due to [59] who suggest that hydrophobic amino acids that are in lattice
points already occupied by other amino acids should not contribute to the
free-energy function. that have more than two amino acids. This is an indirect
way to apply a penalty to invalid conformations.
For oﬀ-lattice models, the encoding is somewhat straightforward. For instance,
[20] represented a protein by means of internal angular coordinates of the atoms
of the main chain. The torsion angles of the Cα (namely, φ and ψ) were restricted
to a small set of possible values, and were suﬃcient to represent the topology of
the main chain for a large number of proteins with known structure. Therefore,
using this kind of model, a chromosome can be encoded with integer [14] or
binary [20, 21, 60] values representing those angles. On the other hand, [66] used
a chromosome of real-valued genes for representing the same angles.
Fitness Function
There are many variations on the ﬁtness function, and they are based on the
model used (see Sect. 12.2.2).
For instance, [11] has proposed the use of an extra term to the Eq. (12.1), named
secondary-structure-favored energy term, that considers the energy between hydrogen bonds formed by secondary structures. Also, [50] proposed a ﬁtness function having three terms: the ﬁrst is the regular free-energy function of the HP
model and the other two are based on the concept of radius of gyration. The radius of gyration is computed separately for hydrophobic and for polar amino acids.
Maximizing the radius of gyration of hydrophobic amino acids means that they are
pushed towards the inner part of the conformation, while maximizing the radius
of gyration of polar contacts means pushing them towards outside. This concept
was used to force more compact and globular-like conformations.
Other variations can be found: [17] used a weighted sum of the number of H-H
contacts, the number of H-P contacts and the number of hydrophobic-solvent
contacts. They argue that this ﬁtness function is more natural from the biological
point of view, since it may be preferable for a hydrophobic amino acid to have
a contact with a polar amino acid than to be in direct contact with the solvent.
Most approaches in the literature use some ﬁtness function based on the
number of H-H contacts, inherent to the HP model. However, the main criticism
of this simple approach is that hydrophobic iteration alone is not suﬃcient to
induce regular structures during folding, as pointed by [11].
Genetic Operators
For most implementations, the regular crossover and mutation operators have
been used as part of a larger set of specialized operators.
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Regarding the regular crossover, there are implementations using 1-point,
2-points and uniform variants. Although there is no consensus about which
crossover type gives the best results, the traditional 1-point crossover is less
disruptive and tends to keep larger schemata. Therefore, the more folded a conformation, the more the 1-point crossover seems to be appropriate. A diﬀerent
approach, known as systematic crossover, was proposed by [38]. In this case the
best individual is always one of the parents selected for crossover and all possible crossover points are tried, generating a number of individuals. The two best
oﬀsprings are maintained in the population.
Some special types of mutation were also proposed. For instance, [15, 68,
74] proposed in-plane rotation, snake, out-of-plane rotation, crank shaft, kink
and cornerchange, and [35] implemented diagonal move and tilt move. All these
mutation operators aimed at producing diﬀerent conformations by means of
speciﬁc re-arrangement of the folding in the lattice.
Other researchers presented biologically-inspired operators such as the U-turn
and Make-loops by [51]. These operators were meant to simulate the construction
of stable secondary structures found in real folded proteins, such as α-helices and
β-sheets.
Two special genetic operators were proposed by [15]: duplicate predator and
brood selection. The ﬁrst is aimed at maintaining diversity in the populations
throughout generations by means of deleting duplicate individuals and is similar to the pioneer search strategy introduced by [38]. The latter generates a
brood of oﬀsprings from two parents, and the best descendent is kept. This procedure is a kind of limited local search in the surrounding search space of the
parents.
In some cases the use of the regular and specialized genetic operators is not
suﬃcient to guarantee a proper ﬁne-tuning of the conformation. This reﬂects the
general knowledge that genetic algorithms are eﬃcient for global search but do
not display the same performance for local search. As a consequence, a number
of diﬀerent methods for local search have been proposed for the PFP. Many of
such implementations are considered by authors as hybrid algorithms [51] or
memetic algorithms [63, 39]. Possibly, the most popular procedures are Monte
Carlo-based local search that has been used to improve solutions [15, 47, 74].
More sparsely, tabu search [36] and local hill-climbing [14, 71] are employed as
genetic operators.
Another diﬀerent approach is due to [51], who have proposed a local search
procedure as a generalized version of the 2-opt method used for combinatorial
optimization problems. This procedure starts by randomly selecting two nonconsecutive amino acids in the chain and make their positions ﬁxed in the lattice.
Then, all possible conformations are evaluated, keeping the connectivity of the
chain in the ﬁxed points and changing the intermediate amino acids in between.
The best conformation found in the procedure is kept. Although this procedure
is computationally intensive (the number of possibilities increases exponentially
as the distance between ﬁxed points increase), it is useful to ﬁnd best local
conformation.
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Ant Colony Optimization

Ant Colony Optimization (ACO) is an evolutionary technique inspired on the
behavior of real ants searching for food. Possibly, [65] was the ﬁrst to propose the
use of ACO for the PFP. Their algoritm is based on three phases: construction,
local search and pheromone updating. In the ﬁrst phase, ants construct a folding
over the lattice starting at a random point. Next, a greedy local search procedure
is done, based on a long-range mutation method created by the authors. Then,
the pheromone matrix is updated by ants, using two basic mechanisms: uniform
evaporation ratio, and reinforcement of local folding motifs. They also used a
mechanism of normalization of the pheromone matrix to prevent stagnation of
the search. They have applied the ACO to several benchmark instances of using
2D and 3D-HP models, and results were compared with heuristic methods.
[26] also developed an ACO for the PFP using the 3D-HP model. The main
diﬀerence between this implementation an that of [65] is the location of the polar
amino acids, the form of the heuristic function that guides ant’s decisions, and
how the pheromone matrix is updated. Also, this implementation does not use
any local search strategy. According the author, the implementation has achieved
much better results than [65] and other heuristic methods.
Another implementation of ACO for the 3D-HP PFP is [69]. The diﬀerences of
this approach to others is the use of a rapid coordinate transfer system to reduce
computing time, as well a greedy local search procedure based on elementary
moves, similar to the mutation operators proposed in [15, 68]. They also have
devised a new method, inspired by Ethernet communication, for avoiding invalid
foldings when an ant constructs a path in the lattice.
[13] has implemented single and multiple colony approaches of the ACO
algorithm, with centralized and distributed processing. The main emphasis of
the work was on distributed processing of multiple colonies, and they devised
several methods for sharing information between evolving colonies. The several
versions were tested with benchmarks of the 2D and 3D HP models. They have
shown that the distributed multiple colony approach is scalable and has better
performance over single colony approaches.
12.3.5

Diﬀerential Evolution

To date, the only work using Diﬀerential Evolution (DE) for the PFP is [8],
using the 2D-HP model. Possibly, this is due to the fact that DE is a relatively
recent evolutionary algorithm, and has been invented for continuous optimization problems. DE represents a possible solution for a problem using a vector
of real numbers. The central idea of the DE algorithm is the use of diﬀerence
vectors for generating perturbations in a population of vectors. This algorithm is
conceptually simple, has few parameters do be tuned and, most times, converges
fast to a good solution. In DE, the variables of the problem are encoded in a vector and, usually, the meaning of its elements to the real-world is straightforward.

12 Evolutionary Algorithms for the Protein Folding Problem

309

Consequently, the concept of genotype, as in genetic algorithms, is not applicable
to the original DE. However, for the PFP, authors devised an adaptation to
represent possible solutions to the PFP by establishing a genotype-phenotype
mapping. Individuals in DE are real-valued vectors which, in turn, are decoded
into a speciﬁc fold of an amino acid chain in a square lattice. They also used
special strategies for mixing vectors in DE and for initializing the population.
Authors applied the proposed DE algorithm to benchmark instances up to 85
amino acids and reported consistent results better than genetic algorithms and
other heuristic methods. Overall, the DE approach seems to be a promising
option for ﬁnding good and fast solutions for the PFP.
12.3.6

Other Evolutionary Computation Methods

Only recently that the PFP has driven the attention of researchers of the Artiﬁcial Immune Systems (AIS) area. An AIS for 2D and 3D versions of the PFP
using the lattice HP model was proposed by [18, 19]. In this work, they used two
entities: antigens and B cells. The search space of the problem was eﬃciently
partitioned by memory B cells with longer life span. Another work is due to [2]
who proposed an AIS hybridized with tabu search and a fuzzy inference system. A fuzzy aging operator was introduced to decide which antibodies will be
deleted from the population after the selection procedure. Also, they deﬁned a
mechanism of intensive aﬃnity maturation that uses tabu search. The proposed
AIS was tested with instances of the 3D-HP model.
A hybrid approach using operators from AIS and Pareto Archived Evolutionary Strategy was used by [18] for the PFP with an all-atom model. They have
compared this approach with other evolutionary computation methods when
applied to a set of small proteins up to 68 amino acids.
[28] has used Evolution strategies (ES) for a sub-problem of PFP: the sidechain packing problem. They used an all-atoms representation of the backbone
plus the carbon atom of the side-chain that is bonded with the central Cα . They
used as energy function a measure of the deviation from a known structure. The
encoding used was an array of integers representing the torsion angles for each
amino acid of the chain. The evolutionary model used was a (μ + λt )-ES, where
μ parents generate λt oﬀsprings that compete with parents for survival.
12.3.7

Other Methods

There are several implementations of diﬀerent neural network architectures for
the PFP. For instance, [76] uses a self-organizing map (SOM) and the 2D-HP
model. However, they obtained good results only for very small sequences, up to
36 amino acids. More traditional methods, such as the well-known branch-andbound, were applied by [12] to a benchmark of sequences of up to 100 amino
acids, using the 2D-HP model. Reported results were promising, but still lacks
scalability.
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12.4 Open Questions
12.4.1

Models and Implementations

As a matter of fact, the most studied models for protein folding are quite distant from reality, in special the HP model. However, as mentioned before, there
are still no algorithm to solve this problem in polynomially-bounded time using
simple lattice models. The more complex the models, certainly, the more diﬃcult it will be to ﬁnd an eﬃcient computational algorithm for solving the PFP.
This fact suggests that there is many room for development of models that, at
the same time, have more realistic features and are computationally eﬃcient.
Possibly, both hybrid and evolutionary computation methods will be of great
importance in this scenery.
Two basic issues come up when observing the implementations of evolutionary
computation methods for PFP, as follows:
First, the way amino acids are encoded as a possible solution may be a serious drawback. If the encoding allows invalid conformations, the search space
in which the evolutionary algorithm will look for solutions will have a large
amount of invalid sites. Procedures for dealing with invalid conformations may
be useful. However, a more eﬃcient search could be done if the encoding itself
did not allow invalid conformations. If so, the search space could be strongly
reduced and then evolutionary (or other non-exact algorithms) could be more
eﬀective in searching for the optimal conformation. Also, with the current encoding methods it is possible that a very small change in a gene (that represents, for instance, a given move in the lattice) will cause a strong change in
the conformation, thus indirectly aﬀecting the role of other genes in the encoding. This eﬀect is known as epistasis. Those drawbacks suggest that more
studies are still necessary for ﬁnding less epistatic and intrinsically collision-free
encodings.
Second, the ﬁtness function dictates the ﬁtness landscape, that is, the shape
of the search space. Most models use the number of H-H contacts as the core of
the ﬁtness function. Consequently, the corresponding ﬁtness landscape has many
discontinuities and plateaus. The ﬁrst is when the number of H-H contacts vary
from one conformation to the next one, and the latter, when the number of
H-H contacts is the same for many diﬀerent neighbor conformations (possibly,
the diﬀerence between these conformations is the position of amino acids that
does not account for the number of H-H contacts). Due to the embedding in the
lattice, a given conformation can be rotated and/or mirrored. The same holds for
portions of the conformation that are not aﬀected by the remaining amino acids.
As a consequence, it is possible to have a lot of conformations, very diﬀerent each
other, that have the same number of H-H contacts.
The above-mentioned facts increase the diﬃculty of the PFP, thus leading to
an increasing loss of performance of evolutionary computation methods, as they
advance towards more realistic models and protein sizes.
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Computational Power

The NP-hardness of the PFP with lattice models was one of the main motivations
for using evolutionary computation, and other heuristic methods. To date, most
works have approached only small sequences, usually chains with less than 100
amino acids. It is clearly observable that evolutionary computation methods
display a decreasing performance as the number of amino acids increase. On
the other hand, real-world proteins have an average of 300 amino acids, and
some can have thousands. Since the number of possible solutions to the PFP
tend to increase exponentially as the number of amino acids increase, the use of
evolutionary computation methods for larger proteins seems to be unfeasible.
In the same way, simulations using all-atoms models (or some simpliﬁed version) have been done using very small chains, far away from real-world proteins.
Apart from the intrinsic loss of performance of evolutionary algorithms for
the PFP, the main factor that has set bounds on their possible performances is
the available computational power. Although the memory capacity and processing speed of modern desktop computers have increased extraordinarily in last
years, they are still limited for large instances of the PFP. As a consequence, recent works have reported the use of distributed/grid computing [13, 21, 49, 71]
or hardware-based techniques [1] for circumventing the computational power
limitation. These seem to be the direction for future research to achieve the
scalability necessary for studying the folding of real-world proteins.
12.4.3

Benchmarks

All the evolutionary computation methods proposed for the PFP use a kind
of supervised learning procedure. In general, a set of amino acid sequences is
used as training/test cases. The results of the algorithms are compared with
some previous known results, regarding the free-energy of the conformation, the
compactness of the structure, the processing time, etc.
Since the lattice HP models are the most widely studied, it can be found in
the literature some sets of synthetically constructed amino acid chains (not realworld proteins) ranging from 20 to 100 elements for 2D-HP and up to 64 elements
for 3D-HP [38, 40, 47, 59, 74]. For more realistic models, such as those that use
all-atoms approach, biological data of short length has been used, provided the
tri-dimensional structure is previously known.
However, there is a large gap between the available synthetic benchmarks and
real-world proteins (this is especially true for the HP models). Even considering the limited representativeness of the model, synthetic instances do not capture important peculiarities of real-world proteins. Only recently, more realistic
benchmarks were proposed, based on the translation of real-world proteins to the
HP model [51, 65]. There are some issues to be solved regarding the translation
procedure to construct such benchmarks, and they still do not have information
about the native conformation, such as minimum free-energy and tri-dimensional
structure. Notwithstanding, these benchmarks represent an important improvement for this research area, oﬀering new challenges to the existing algorithms
and methods.
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12.5 Conclusion
Despite the progress done using evolutionary algorithms for protein folding prediction, this is still an open problem. To date, no technique has demonstrated
acceptable scalability and accuracy for problem sizes comparable to those of
real-world proteins. Notwithstanding, evolutionary computation methods have
been intensively used for the PSP and are the most promising.
As mentioned in Sec. 12.4, currently, there are some important questions to be
addressed in PFP. The most widely used models are far from reality, but, even
so, computationally complex. Further research is necessary for inventing more
adequate models, encodings and ﬁtness functions for evolutionary computation
methods.
Regarding the evolutionary computation methods themselves, it seems that
genetic algorithms have achieved their limit of performance. More recent evolutionary computation methods, such as AIS, ACO and DE, seem to be more
promising. However, the observation of the most successful evolutionary computation methods for PFP are those that use some kind of hybridism, mainly as a
local search technique, and, certainly, this is a future trend.
Another important issue to be addressed is scalability, as research moves towards realistic models and the analysis of real-world proteins. The performance
of computational systems for the PFP have to increase, at least, two orders
of magnitude so as to deal eﬃciently with real-world problems. Therefore, future trends include distributed/grid processing and specialized hardware-based
approaches.
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