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A memetic version between an evolutionary algorithm (differential evolution) and the local search provided by
protein fragment replacements was defined for protein structure prediction. In this problem, it is intended to find
the global minimum in a high-dimensional energy landscape to discover the native structure of the protein. This
problem presents a multimodal energy landscape which can additionally present deceptiveness when searching
for the protein structure with minimum energy. One strategy is to try to obtain a diverse set of optimized and
different protein conformations, which can be located in different local minima of the energy landscape. For this
purpose, different niching methods (crowding, fitness sharing and speciation) were integrated into the memetic
algorithm. The integration of niching makes it possible to obtain in a straightforward way a diverse set of opti-
mized and structurally different protein conformations. Compared to previous studies, as well as to the widely
used Rosetta protein structure prediction method, the potential solutions offered here present a diverse set of
folds with different distances (RMSD) from the real native conformation, with wide RMSD distributions, and

obtaining conformations closer to the native structure (in RMSD values) in some proteins.

1. Introduction and previous work

Since the biological function of proteins is related to their three-
dimensional structure, knowledge of the structure of proteins can pro-
vide information about their functional role, and for this reason there is
a vast amount of research on laboratory and computational methods for
determining the native state of proteins. However, traditional laboratory
methods used for determining this native folded structure, like X-ray
crystallography and NMR spectroscopy (which require specific protocols
in each case), are expensive and time-consuming. Additionally, there
is an increasing gap between the number of known protein sequences
(the result of many modern, large-scale DNA sequencing projects) and
proteins with known structures. Different computational methods have
been defined to reduce this “sequence/structure gap”. There are compu-
tational methods that rely on knowing the three-dimensional structure
of the homologous proteins of the target protein (homology modeling)
and on finding the best fit of the target protein to some fold in a library
of structures (protein threading) [1]. The problem is that these methods
require the existence of protein template structures, such as proteins
with similar sequences and known structures for homology modeling,
which is not the case for many novel protein sequences.

* Corresponding author.

Hence, there has been considerable research using computational
“ab initio” or “de novo” methods, which only use the protein primary
structure (protein sequence of amino acids) as input information, with
the aim of accurately determining the final native state of the protein,
which is a formidable challenge in computational biology. It is assumed
that the protein’s amino acid sequence is the only relevant informa-
tion that determines the final folded structure, as shown by Anfinsen
[2] (Anfinsen’s dogma). In this computational Protein Structure Predic-
tion (PSP), it is also assumed that the protein’s native state corresponds
to the one with the lowest Gibbs free energy [2]. Consequently, the prob-
lem of the folded structure prediction becomes a search or optimization
problem in an energy landscape associated with possible protein confor-
mations, since the goal is to find the global minimum in the energy land-
scape, minimum that is assumed to correspond to the native structure of
the protein. The energy landscape takes into account the simplifications
and constraints of the lattice (the protein components are located in the
sites of a lattice model) or off-lattice model (amino acids and their atoms
can be located without that restriction) used to represent a protein con-
formation. This energy minimization approach in PSP is different from
the alternative deep learning-based prediction of the resolved protein
structure (usually the crystallized structure), in the latter case with its
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dependence on multiple sequence alignment information from the input
sequence [3].

In such a search, the ability to pursue global exploration of evolu-
tionary methods (and population-based methods in general) reduces the
chance of the search becoming stuck at local minima [4-7]. The energy
landscapes associated with protein structure are full of local minima and
are usually regarded as “funnel-like” [6]. As Zhang et al. [8] state, “Pro-
tein structure prediction involves an extremely expensive to evaluate en-
ergy model which has thousands of degrees of freedom, and a highly de-
generate energy hyperspace owing to its massive local minima and large
regions of unfeasible conformations”. There has been extensive research
on the use of evolutionary methods and other bio-inspired algorithms
in protein structure prediction using lattice models for protein repre-
sentation [5,7,9-15], including hybrid or memetic solutions [16] that
integrate the combination with a local search or a procedure that re-
fines unfeasible protein conformations to legal ones [17-21]. However,
there has been limited research on the use of evolutionary methods with
off-lattice protein representation models [22-24] and, in particular, the
widely used model of the Rosetta software environment for computa-
tional modeling and analysis of protein structures [25,26].

Rosetta [25] is one of the most successful software environments for
protein design, widely used for PSP and validated during CASP (Criti-
cal Assessment of Structure Prediction) competitions [27] as one of the
leading approaches. For determining the native structure, the Rosetta
ab initio protocol [25,26] basically uses a local search technique with
its low-resolution protein representation, based on a Metropolis Monte
Carlo procedure with the use of a fragment replacement technique (ex-
plained in Section 2.1) [26,28]. The procedure is repeated thousands of
times due to the stochasticity of the process, and some of the final con-
formations of this phase (“decoys”) can be used in a second “ab initio
relax” procedure that uses the Rosetta’s full atomic model. In the Rosetta
system there are inaccuracies in its energy formulation, especially given
its “knowledge-based” nature (Section 2.1), in which the lowest energy
structures are not necessarily the most native-like [29]. That is, the en-
ergy function is not accurate enough to differentiate between the actual
native structures of proteins and the conformations structurally close to
the native state. The Rosetta system employs the decoy set, obtained in
its first search with the low-resolution model, to increase the probability
of obtaining solutions close to the native one.

Different studies used evolutionary algorithms with the low-
resolution model of Rosetta and also with the fragment replacement
technique [22,30]. Moreover, given the deceptiveness of the Rosetta en-
ergy landscape, in the sense that the global minimum is not necessarily
the one that corresponds to the native structure, previous work has fo-
cused on increasing the diversity of the conformations maintained in the
genetic population, with the aim of addressing the problem by obtaining
a diverse set of native-like structures.

Thus, Garza-Fabre et al. [31] defined a multistage memetic algorithm
which incorporates Rosetta fragment replacements as a local search rou-
tine. Their analysis showed that specialized genetic operators (adapted
recombination and crossover), applied only in residues located at pre-
dicted loop regions, increase the exploration in such loop regions in
order to discover different protein folds. Moreover, the authors used
a stochastic ranking-based survival selection with two selecting criteria
(energy and diversity), where the latter aims to improve the exploration
and preservation of different protein folds throughout the evolution-
ary process. In a later study, Kandathil et al. [32] developed two sam-
pling protocols (bilevel optimization and iterated local search) to im-
prove the exploration capability of protein conformations. Their bilevel
protocol allows “Perturbation steps” in (predicted) loop regions, while
“LocalSearch” steps are applied in the rest of the protein. Comparisons
with the Rosetta ab initio method indicate that their protocols more
frequently generate native-like predictions for many targets than in the
case of Rosetta.

Other examples focused on increasing the diversity of optimized con-
formations include the selection strategy of Zhang et al. [8], in which
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solutions with worse energy but more “reasonable structure” (in the
authors’ words) can be selected for the next generation of their evolu-
tionary algorithm. Their results showed that their strategy allowed sam-
pling near-native conformations more effectively than Rosetta in most
of the benchmark proteins used. In Simoncini et al. [33], a cluster-based
scheme for protein model selection in a population-based metaheuristic
also tends to explore more diverse low-energy protein folds. Finally, in
the memetic algorithm approach of Corréa et al. [34], the authors en-
forced structural diversity by maintaining subpopulations with different
packing degrees of the protein structures, these degrees being measured
with the protein radius of gyration.

Nevertheless, there is an unexplored possibility when evolutionary
methods are used in protein structure prediction: the explicit use of
niching methods for the simultaneous search for the best solutions in
a multimodal fitness landscape, with the aim of obtaining a set of diver-
sified conformational folds. Niching refers to the possibility of clustering
the population around promising solutions in the search space. For this
reason, several techniques for generating niches during the evolution-
ary process were developed in the evolutionary computation field, espe-
cially when dealing with a multimodal fitness landscape and when the
objective is the simultaneous location of the fitness peaks or local max-
ima/minima (or at least the highest/lowest peaks as well as the global
optimum). Consequently, our study employs niching methods with the
objective of directly enforcing structural diversity in the conformations,
which can be located at different peaks of the multimodal fitness land-
scape, this objective being the main contribution of our study.

It should be noted that the aim of the present paper is not to compare
different niching methods in the application. Thus, standard and widely
used niching methods (crowding, fitness sharing and speciation) were
selected with the aim of enhancing structural diversity in the popula-
tion of protein conformations during the evolutionary search process,
concentrating the search for protein conformations on those promising
areas or niches found by the evolutionary algorithm, with the objective
of improving the probability of obtaining native-like solutions. The in-
corporation of niching has two effects: i) there is an inherent diversity
in the population, since the individuals are searching in different ar-
eas of the landscape that correspond with different protein folds and,
ii) given the inaccuracies of the fitness/energy landscape of knowledge-
based energy formulations like the one used in Rosetta, in which the
native conformation is not necessarily located in the energy minimum,
the location of solutions in different promising areas can increase the
probability of obtaining solutions close to the native structure. Contrary
to previous studies that used niching methods in PSP considering the
first effect [35,36] (avoiding premature convergence), our current study
takes advantage of both effects to obtain the required diversified set of
optimized folds.

Differential Evolution (DE) [37,38] was selected as the evolution-
ary algorithm for the search for optimized protein conformations. It
should also be noted that this study is not a comparison between dif-
ferent evolutionary algorithms or other metaheuristics or DE versions.
Standard DE was chosen as it is one of the best contrasted methods
in evolutionary computation and with few tuning parameters [39,40],
and also has better results in PSP with the simple HP lattice model
compared to approaches based on genetic algorithms (GAs) [19,41].
Moreover, in a preliminary study [42] we combined DE [37,38] with
Rosetta’s fragment replacements. This hybrid version DE/fragment re-
placements [42] obtained better results in terms of energy, with respect
to the Rosetta ab initio procedure and other solutions with evolutionary
algorithms, and under the same number of fitness evaluations. How-
ever, although the hybrid version of the evolutionary algorithm has a
better ability to sample the energy landscape in order to find solutions
with minimized energy [42], this is not a guarantee of finding the best
native-like conformations for the target protein, due to the inaccuracies
of the knowledge-based energy formulation of Rosetta. Therefore, we
tested the integration of a memetic version of differential evolution and
the aforementioned classic niching methods, in this context of protein
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structure prediction with the Rosetta atomic off-lattice model, trying
to obtain a diversified set of folds. The memetic combination allows
incorporating the advantage of both methods: the global search of DE
with the problem-specific local search (provided by fragment replace-
ments for local refinement of protein structures), integration that allows
a more efficient sampling of the energy landscape. Moreover, the incor-
poration of the niching methods into the memetic version aims to obtain
diversified and optimized protein structures.

There has been ample research integrating niching techniques into
evolutionary algorithms [43,44] and, more specifically, with DE [45-
47]. In the case of crowding [48], the standard integration with DE
defined by Thomsen [49] was followed in the present study (Crowd-
ingDE), extending DE with the classic crowding scheme. In CrowdingDE
each trial individual competes with its nearest member of the popula-
tion in order to preserve diversity and the location of promising solu-
tions (Section 2.3). Some preliminary results with CrowdingDE in PSP
were published in [50,51] using a limited set of proteins. In this study
an extension of the results is provided, with an ample protein dataset
and with a comparison with different Rosetta-based ab initio protocols.

Fitness Sharing (FS) [52,53] was another of the methods integrated
into evolutionary algorithms, and specifically into DE [49,54]. The basic
idea in FS is to punish individuals that occupy the same area of the
search space, rescaling the fitness of each encoded solution taking into
account the number of individuals in its neighborhood (Section 2.4). The
version called SharingDE and defined by Thomsen [49], with the direct
integration of FS with DE, is the one that we followed here (explained
in Section 2.4).

Finally, in speciation, each of the “species” is built around a domi-
nating species’ seed. All individuals that fall within the radius from the
species seed are identified as the same species. Since DE mutation is
carried out within each species, the technique has the ability to main-
tain high diversity and stable niches over generations [45]. The Species-
based DE (SDE) defined by Li [55] was used as a base in our approach,
explained in Section 2.5.

Therefore, taking into account all these considerations and previ-
ous work, the objectives of our study are the following: i) To test the
ability of the memetic version of DE to obtain protein structures with
minimal energy and to compare its search capability with the state-of-
the-art Rosetta ab initio protocol (and recent variants thereof), both as
energy minimization approaches in PSP. ii) To explore the incorporation
of niching to address possible deceptiveness in the energy model. For
this purpose, standard niching methods are integrated into the memetic
algorithm, with a detailed analysis of the capabilities of this incorpo-
ration and the dependence of the results on the defining parameters of
the niching methods. iii) Finally, a key aspect to explore is the ability
of niching to provide an optimized, but also structurally diverse set of
proteins.

The remainder of this article is structured as follows. Section 2 details
the methods used: a summary of the Rosetta software environment, our
approach to sampling the energy landscape based on a combination of
differential evolution and Rosetta’s fragment replacements, detailing the
encoding of protein conformations in the genetic population, the pop-
ulation initialization and the different stages considered in the hybrid
evolutionary algorithm. Section 2 also explains in detail the integration
of the considered niching methods into the hybrid DE algorithm. Finally,
in this section, the protein sequences used as benchmarks in the study
are detailed. In Section 3, the experimental results with the different
niching alternatives are presented, while in Section 4 a final discussion
is provided together with the main conclusions.

2. Methods
2.1. Main aspects of Rosetta

Rosetta uses two off-lattice protein representations: coarse-grained
and all-atom. In the low-resolution coarse-grained representation, only

Swarm and Evolutionary Computation 71 (2022) 101062

the main atoms of the backbone chain are represented (with their dihe-
dral angles), whereas the side chains are described by a centroid located
at their center of mass (Fig. 1). Therefore, protein conformations are
defined in the dihedral space, and a protein chain has three degrees of
freedom (¢, v and w) for each amino acid residue. The all-atom repre-
sentation also includes rotation Chi angles for side chains. All the other
internal degrees of freedom are fixed to “ideal” values (e.g., all bond
lengths and bond angles are fixed) [56].

Rosetta ab initio protocol [25,26], with the low-resolution protein
representation, employs a search technique in which a Monte Carlo pro-
cedure decides whether the dihedral angles of small protein fragments
can replace the original ones [26,28]. A structural fragment is a continu-
ous subset of the residues of a protein. Those fragments are drawn from
experimentally determined structures (a non-redundant set of proteins).
The selection of those fragments is based on the sequence similarity be-
tween the fragment and the region (window of amino acids) of the target
sequence where it is going to be inserted. That position for fragment in-
sertion in the target is randomly chosen. Rosetta uses fragment regions
of 3 and 9 residues long. Those fragments are extracted for each position
in the target, a process that is prior to the ab initio run, and it generates a
library of fragments (particular to each target protein). Typically, there
are many fragments in the library for each position in the target (e.g.,
Rosetta’s fragment libraries contain around 200 fragments per position)

The decision regarding whether the dihedral angles of a selected
fragment replace the ones in the target protein is based on the Metropo-
lis criterion [57]. This criterion always accepts the changes that improve
the energy (lower values), while occasionally accepting dihedral angle
changes that worsen the energy (energy increase), following a Boltz-
mann energy distribution for a given temperature. This procedure makes
it more likely that the search of protein conformations with the fragment
replacement technique can escape from local minima.

Regarding the energy model, Rosetta uses physics and knowledge-
based energy terms [58]. Knowledge-based potential [59] refers to the
empirical energy terms derived from the statistics of the resolved struc-
tures deposited in the Protein Data Bank [60]. The interesting property is
that these knowledge-based terms require less computational time. Com-
mon physics-based energy terms [61] are associated with bond lengths,
angles, torsion angles, van der Waals and electrostatic interactions.

The Rosetta energy score associated with a protein conformation is
defined as a linear weighted combination of such terms that models
molecular forces that act on and between all atoms in that conforma-
tion. These scoring terms are, in most cases, knowledge-based. There
are energy terms such as solvation and electrostatics effects, repulsion
and hydrogen bonding, as well as secondary structure scores like strand
pairing and helix-strand packing. Steric overlap of backbone atoms and
side-chain centroids is penalized, but favorable van der Waals interac-
tions are modeled only by rewarding globally compact structures [26].
The Rosetta score function which takes into account all energy com-
ponents, called score3, corresponds to the full coarse-grained energy
function. Nevertheless, Rosetta changes the weight set depending on
the stage of its ab initio protocol, as detailed in what follows.

It is well-known that the Rosetta’s knowledge-based energy model
is inaccurate since the native conformation is not necessarily located
in the minimum of energy. For example, the results of Shmygelska and
Levitt [29] reveal some of the deficiencies of the existing energy terms
in Rosetta, including the presence of false local minima and a general
flatness of the energy landscape near the native states.

To search through the conformational space, many rounds of
Metropolis Monte Carlo are performed. For this purpose, the Rosetta ab
initio protocol is divided into four stages. Through these stages, Rosetta
uses the coarse-grained protein representation and its fragment inser-
tion technique, together with the Metropolis criterion [57], to generate
new decoys. Table 1 includes a short summary of each stage with the
most important details.

Moreover, the number of fragment insertion attempts in each stage
(Table 1) can be modified with the Rosetta parameter increase_cycles,
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Table 1
Main aspects of Rosetta ab initio stages.
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| Fig. 1. Low-level coarse-grained representa-
tion of Rosetta. Only the main backbone atoms
are considered, while the lateral chains are rep-
resented with a pseudo-atom. Each protein con-
formation is encoded with the dihedral angles
of the different amino acids: o (between atoms
of the peptide bond), ¢ and .

S1 Begins with a fully extended chain and inserts 9-mer fragments until all the backbone angles are modified at least once and with a maximum of 2000 cycles

(fragment insertion attempts). During this stage, the energy function (called score0) only considers the steric-clash term to prevent overlapping between backbone

atoms and side-chain centroids.

S2 Employs 9-mer fragment insertions over 2000 cycles, but uses a more complex score function, scorel, which adds terms such as hydrophobic burial and specific pair

interactions, as well as secondary structure scores.

S3 Runs 10 iterations of 2000 cycles of 9-mer fragment insertion attempts. Rosetta combines in this stage two score functions, score2 and score5. These focus on
compactness and secondary structure terms. A convergence check determines the structural similarity of the current conformation with respect to a reference one,

regularly updated. If there is not enough structural variation after 100 fragment insertions are accepted, stage 3 ends.
S4 Employs 3-mer fragment insertions over 12,000 cycles, split into 3 iterations of 4000 cycles for each one. In this stage, score3 (which takes into account all energy

components) is used.

which multiplies the default values of cycles in the different stages. This
ab initio procedure, with the four stages, is repeated thousands of times
due to the stochasticity of the process. Some of the final conformations
(“decoys”) of this phase (where a clustering process can be used to de-
cipher the most representative decoy set), can be subjected to a refine-
ment, with the side chain reconstruction and all-atom energy minimiza-
tion, in a second “ab initio relax” procedure that uses the full Rosetta’s
atomic model.

2.2. Hybrid DE using different Rosetta phases and energy functions

The same structure for the combination between an evolutionary
algorithm and the Rosetta ab initio search defined by Garza-Fabre et al.
[31] was followed. Those authors used a memetic algorithm, combining
a genetic algorithm with the local refinements provided by fragment
replacements [31].

In our case, Differential Evolution [37,38] was used as evolutionary
algorithm (with the next incorporation of niching into the evolutionary
process). DE is a population-based search method that creates new can-
didate solutions by combining existing ones, according to a simple for-
mula of vector crossover and mutation, and then keeping whichever can-
didate solution has the best score or fitness on the optimization problem
at hand. The central idea of the algorithm is the use of difference vec-
tors for generating perturbations in a population of vectors. DE needs a
reduced number of parameters to define its implementation. Apart from
the population size, the parameters are F or differential weight and CR
or crossover probability. The weight factor F (usually in [0,2]) is applied
over the vector resulting from the difference between pairs of vectors (x/,
and x} in Algorithm 2.1). CR is the probability of crossing over a given
vector of the population (target vector x’) and a “mutant” vector cre-
ated from the weighted difference of two vectors (x’l + F (x’2 — x’3)). The
(most usual) “binomial” crossover (specified in Algorithm 2.1) was used
for defining the value of the “trial” vector (y) in each vector component
or position i [39]. The index R guarantees that at least one of the vector
parameters will be changed in the generation of the trial solution.

In this protein structure prediction problem, the solutions of the pop-
ulation encode protein conformations. Each solution is encoded with
the three dihedral angles, ¢, v and w, for each amino acid. The appli-
cation of forward kinematics to this angular representation obtains the

spatial information of the protein conformation. DE individuals code
the dihedral angles in the range [-1,1], which are decoded to the inter-
val [-180°,180°] (degrees). The angles ¢ and y are evolved with DE
whereas the third dihedral angle, w, is not evolved. This last angle is
only changed by fragment replacements, as detailed below, this being
the case because this angle can only have two configurations of 180° or
—180°.

DE was combined with the local refinement procedure provided by
the Rosetta ab initio stages with their fragment replacements, defin-
ing the hybrid DE version in the application. The pseudo-code of
Algorithm 2.1 summarizes the procedure of the hybrid DE version. The
initialization of the population is defined with Stage 1 of Rosetta (using
score0 as energy), that is, applying fragment replacements over the ini-
tial extended conformation in order to provide a diversified set of struc-
tures. Then, the hybrid DE version employs 3 sequential stages (Stage
2, Stage 3 and Stage 4) with the same number of evolutionary genera-
tions (M AX_GEN), using in each stage the corresponding Rosetta score
functions (Table 1).

In the first generation of each stage, no trial individuals are gener-
ated. In generation 1, all the individuals are refined with the Rosetta
replacement procedure of the corresponding stage, that is, with the cor-
responding score function, number of fragment insertion attempts and
fragment lengths (Section 2.1, Table 1). Each individual x is therefore
refined to an individual x’. The next generations are standard DE genera-
tions since, for each target individual x’, a trial individual y is defined af-
ter the DE mutation and crossover operators. The Rosetta replacements
are now applied (with the corresponding score function and fragment
cycles of the current Rosetta stage) only to the trial individuals y, gen-
erating refined trial individuals y’. As in standard DE, the fitness of the
final trial individual y’ is compared with the fitness of the correspond-
ing target individual x’, to determine which one enters the population
in the next generation.

When defining the “mutant” vector, the DE scheme that chooses the
base vector x| randomly was used (variant DE/rand/1/bin, where 1
denotes the number of differences involved in the construction of the
mutant vector, and bin denotes the crossover type), which provides the
lowest selective pressure. Note that the fundamental idea of DE is to
adapt the step length (F(x’2 - xg)) intrinsically along the evolutionary
process [40]. At the beginning of generations the step length is large,
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Algorithm 2.1: Hybrid Differential Evolution and CrowdingDE

for each Individual € Population
do {Individual < INITIALIZERANDOMPOSITIONS - ROSETTA STAGE 1()

// DE with three stages, using the score and replacement cycles of the corresponding
// Rosetta stages
for each s € 2:4 // For each Rosetta stage 2 to 4

o {

(for each Individual € Population
x’ <~ ROSETTA STAGE s(z)

// Rosetta stage s is applied to all individuals in DE generation 1
for each g € 2: MAX _GEN // For each DE generation g

(for each Individual x' € Population

@, xh, % < GETRANDOMINDIVIDUAL(Population)

// @, zh, 2% must be distinct from each other and z’

R < GETRANDOM(1,n) // n - problem dimensionality
for eachic1:n

// Compute individual’s potentially new position

do // y = [y1, ..., yn] (trial vector)

do do

because individuals are far away from each other. As the evolution con-
tinues, the population converges and the step length becomes smaller
and smaller, providing in this way an automatic balance between ex-
ploration and exploitation in the search.

The refinement procedure can be considered as a local search since it
refines the dihedral angles of a protein for obtaining a better (in energy
terms) conformation. This inclusion of a sequence of consecutive back-
bone dihedral angles (fragment) simultaneously simplifies the process
of generating physically-realistic conformations with respect to angle
values sampled uniformly at random [22]. Therefore, the combination
provides a more efficient search, integrating the advantages of DE as
a global search method with the problem-specific local search of short
conformations provided by fragment replacements. The refinement pro-
cedure is applied to the encoded conformations of the population (in
generation 1 of the three stages) and to the trial individuals defined by
the DE genetic operators. Since the refined individuals replace the orig-
inal ones (in the case of trials it depends on whether these improve the
energy of their target individuals) the hybrid DE version is a Lamar-
ckian combination [62]. However, since the new refined genetic mate-
rial only replaces the original one in the first generation, together with
the stochasticity of the Monte Carlo refinement process, it allows us to
overcome the possibility of a fast loss of genetic variability, a problem
inherent to a Lamarckian strategy [62].

r; < GETRANDOM(0, 1)// uniformly in (0,1)

if (t=R) || (r;i <CR)) // CR - crossover prob.

do yi = oy, + F(xh, —23.) // F - weight factor
else y; = 7}

y' <~ ROSETTA STAGE s(y)

// trial vector y is refined with Rosetta stage s to generate y’

if (f(y) < f())

// if ¢ has better fitness, replace 2’ with y’

l,/:yl

// In CrowdingDE, the refined trial vector y’ is compared
// (regarding fitness) with its most similar vector in the
// subset defined by parameter CF

Fig. 2 (uppert part) illustrates the workflow of the optimization pro-
cess with the memetic algorithm, along with an example of the fitness
evolution in the evolutionary process with the three sequential stages.
It shows the best fitness and the average fitness of the population across
generations (bottom part). In the example, the encoded protein confor-
mations (population of 100 individuals) evolved through 100 genera-
tions in each of the three evolutionary stages, that is, a total of 300
generations. Note that the fitness evolution presents different ranges in
the transition between the evolutionary stages, since the energy/fitness
corresponds to the particular score definition in the same Rosetta stage.
This use of different score functions in different consecutive stages, as
in Rosetta ab initio, allows the progressive refinement of conformations.
The Results section describes the setup of the different parameters for
the appropriate comparison between the hybrid DE version and Rosetta.

2.3. Crowding and CrowdingDE

In our application, we used the same integration employed by Thom-
sen [49] of the classic crowding niching method [48] of evolutionary
computation with the differential evolution algorithm [37].

Crowding, introduced by De Jong [48], is one of the most widely
used niching methods for dealing with multimodal optimization prob-
lems in evolutionary computation. Since the goal of niching methods is
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Fig. 2. Upper part: Workflow of the optimization
process to obtain protein structures with mini-
mum energy. Bottom part: Fitness evolution in the
hybrid DE approach: each of the three sequen-
tial evolutionary stages corresponds to the same
Rosetta stage, since the same fragment lengths
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to simultaneously search within the most promising areas of a multi-
modal fitness landscape, the simple idea behind crowding is the preser-
vation of genetic diversity, where an offspring individual replaces the
most similar individual in the population if it has a better fitness. That
(most similar) individual is selected among a randomly chosen subset of
the population, where the size of the subset is determined by a param-
eter called Crowding Factor (CF).

A distance measure between two protein conformations must be de-
fined for this purpose. It can be the root mean square deviation between
the ¢, carbons of the backbone chains or alternative measures, such as
the one which we will defined below (Section 2.6).

The integration with DE (CrowdingDE)" is simple [49], extending DE
(in our case hybrid DE) with the classic crowding scheme. With respect
to the hybrid DE version defined in the previous section, the only mod-

1 The code of the different niching methods integrated with the defined hy-
brid DE version can be downloaded from https://github.com/danielvarela/
RosettaEvolution. The code was parallelized in MPI (Message Passage Interface),
with a main master process that distributes the population of individuals, in
equal size chunks, to different slave processes in order to evaluate the fitness of
each individual.

ification in CrowdingDE is that now each refined trial individual in DE
is compared to its nearest (most similar) neighbor among that subset
CF of the population, to decide which one enters the next generation
(see the final comment in Algorithm 2.1). If the refined trial individ-
ual (f(3")) is fitter, then it replaces the closest one from the subset CF.
That is, Algorithm 2.1 is the same for the hybrid DE version and Crowd-
ingDE except for the final comparison between the DE refined trial vec-
tors and the corresponding target vector (x’ in the case of hybrid DE,
the most similar vector in the subset CF in the case of CrowdingDE).
Algorithm 2.1 illustrates this aspect in the final comment of the pseudo-
code.

With low CF values, the offspring (in CrowdingDE, the refined trial
individuals) can replace an individual of the population that is not very
similar to the new offspring, resulting in so-called crowding replace-
ment errors. Such replacement errors lower the population diversity
and, consequently, favor premature convergence. Although there are
alternatives to reduce replacement errors [45], the simplest one (used
here and in [49]) is to consider CF as the whole population. In this
case, the complexity is O(N?), with N being the population size, since
the distance of each of the N trials to the whole population must be
calculated.


https://github.com/danielvarela/RosettaEvolution
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2.4. Fitness sharing and SharingDE

Fitness sharing is also a classic technique in evolutionary compu-
tation for dividing the population into different subgroups according
to the similarity of the individuals. This concept of fitness sharing was
introduced by Holland [52] and expanded by Goldberg and Richarson
[53]. The shared fitness for the ith individual is defined as:

originat ()
fshared(i) = % (1)
Zj:] Sh(d,'j)
where the sharing function is calculated as:
_ My )" e
Sh(d[j) = ! (gshare lf d‘j < Oshare (2)
0 otherwise

being d,; the distance between individuals i and j, o, the sharing
radius, N the population size, and a a constant called the sharing level.

Finally, if the application requires the minimization of the fitness
rather than its maximization, the formula in Eq. 1 is a multiplication
between the two terms.

In this way, fitness sharing modifies the search landscape by reduc-
ing the payoff in densely populated regions. The main drawback of the
technique is its complexity, O(N?), because of the calculation of inter-
distances. On the other hand, two important properties result from the
incorporation of FS into the DE algorithm: i) Fitness sharing tends to
encourage searches in unexplored regions of the space and favors the
formation of stable subpopulations [63]; ii) Since the optimization ca-
pability of DE depends extensively on the diversity between vectors, if
the diversity of the population descends too fast, it may lead to a high
possibility of obtaining a local optimal solution [54]. The incorporation
of FS makes such a situation of diversity loss more difficult, since FS
tends to locate individuals in different areas of the search landscape.

With the inclusion of FS in the DE functioning, the same SharingDE
version described in [49] (Algorithm 2.2) was followed. In standard DE,
each generated trial or candidate individual is compared with the target
vector (Algorithm 2.1). In SharingDE, for a population of N individuals,
N trials are generated (with the same mutation and crossover procedure
as standard DE) and are added to the population, enlarging the popu-
lation by a factor of two. As in CrowdingDE, SharingDE incorporates the
hybridization with the fragment replacement procedure, since these N
trials are refined with fragment insertions.

In such a doubled population, the FS technique is applied, since the
fitness of the 2N individuals is rescaled according to Eq. 1. The enlarged
population is then sorted with respect to that effective fitness. The final
step is removing the worst half of the enlarged population, so that the
population size is maintained constant. In this way, a trial that enters an
area that is not largely populated can survive, since it has better effec-
tive fitness with respect to other individuals with better original fitness
but that are located in a densely populated region. Algorithm 2.2 sum-
marizes the approach, where the lines that imply a change with respect
to the hybrid DE version without fitness sharing (Algorithm 2.1) are
emphasized in bold.

Moreover, it should be noted that, because of such a fitness scaling,
elitism is needed to preserve the overall best solution found, so the best
solution (regarding the original fitness) replaces the worst individual in
the new population in the case that the best individual was removed
during the selection process in the doubled population.

Finally, regarding these niching methods, there is a reason why the
local search with the fragment replacement procedure is not applied
in all generations (only in generation 1 of the three stages, Algorithms
2.1 and 2.2) to refine the individuals of the population. The local search
can change a fold to another one which is already present in the current
population, so it can “destroy” the work of the niching method that
conserves individuals in different niches (different folds). However, that
application of the local search to the whole population is useful since
it can refine all the individuals to better positions (in energy terms),
especially poor individuals that are isolated and which can never be

Swarm and Evolutionary Computation 71 (2022) 101062

selected, for example, as the nearest ones in CrowdingDE. Therefore, the
application of the local search to the individuals of the whole population
is maintained, but only in the first generations of the three evolutionary
stages.

2.5. Speciation and Species-based DE (SDE)

The final niching method considered is speciation [55,64,65]. In bi-
ology, a species is defined as a group of individuals of similar biological
features capable of interbreeding among themselves, but not with in-
dividuals from a different group. It is a concept obviously interrelated
with the niching concept, although, as Horn [66] states “A niche can be
defined generally as a subset of resources in the environment. A species,
on the other hand, can be defined as a type or class of individuals that
takes advantage of a particular niche. Thus, niches are divisions of an
environment, while species are divisions of the population”.

The Species-based DE (SDE) defined by Li [55] was used as a base.
SDE incorporates the speciation concept to handle multimodal land-
scapes, since it locates different optima simultaneously through an adap-
tive formation of species. One important aspect of SDE is that each
species is evolved through its own DE process, which seeks to succes-
sively improve itself.

Algorithm 2.3 shows the steps for determining the species seeds.
Such species are treated as subpopulations running DE (hybrid DE in
our case) independently themselves, that is, applying the DE operators
(regarding the generation of mutant and trial vectors) only with the in-
dividuals of the same species. However, contrary to Li’s version [55],
which allows a variable number of species and a variable number of
associated individuals across the evolutionary process, the number of
species and their subpopulation size remain fixed. The reason for this
is that our version facilitates the parallelization of the code, with sub-
populations (species) with the same number of individuals that can run
their DE processes in parallel.

The SDE method depends on a radius parameter r, which measures
the distance from the center of a species (called the seed) to its boundary.
The center of the species or seed is always the fittest individual of the
species. Individuals that fall within the radius from the species seed are
(generally) identified as the same species, so each of the species is built
around the dominating species’ seed. The different steps in SDE can be
summarized as:

1. Generate the initial population with randomly generated individu-
als.

2. Evaluate all individuals in the population.

3. Sort all individuals in descending order of their fitness values (i.e.,
from the best-fit to least-fit ones).

4. Determine the species seeds for the
(Algorithm 2.3).

5. Each species is filled, first, with the nearest individuals (to the seed)
from the whole population (except the seeds of other species) with
distances lower than r,.

6. The remaining individuals, not assigned in the previous step to a
species, are associated with the (not completed) species whose seed
is the closest. This implies that a species can have associated individ-
uals with higher distances than r, to the species seed, but this also
allows an increase in exploration.

7. If an individual is very close, in energy terms, to the corresponding
seed (a small threshold is used), then the individual is randomized
(as in [55]).

8. For each species, a basic hybrid DE (Algorithm 2.1) is run for a given
number of generations (NUMBER_GEN).

9. Go back to step 2, unless the termination criterion is met.

current population

Note that, if r; is too small (Algorithm 2.3), then the species seeds
can correspond to the individuals with the best fitness, but these can be
very close to each other, which is not the aim with niching. On the con-
trary, with large values of r,, the seeds will correspond to progressively
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Algorithm 2.2: Hybrid Differential Evolution - SharingDE

for each Individual € Population
do {Individual < INITIALIZERANDOMPOSITIONS - ROSETTA STAGE 1()

// DE with three stages, using score and replacement cycles of the corresponding
// Rosetta stages
for each s € 2:4 // For each Rosetta stage 2 to 4
(for each Individual € Population

do {:17’ <+ ROSETTA STAGE s(7)

// Rosetta stage s is applied to all individuals in DE generation 1

for each g € 2: GEN_MAX // For each DE generation g
for each Individual x' € Population
Doubled Population < Add(x’)
@, xh, % < GETRANDOMINDIVIDUAL(Population)
/] ', zb, 2y must be distinct from each other and z’
R <+ GETRANDOM(1,n) // n - problem dimensionality
foreachic1:n
// Compute individual’s potentially new position
do /] yv=1[y1,..,yn] (trial vector)
r; < GETRANDOM(0, 1)// uniformly in (0,1)
if (i =R) || (ri <CR)) // CR - crossover prob.

do do Yi = $/12 + F(xlgz — Igl) /] F - weight factor
else y; = 7}
do y' < ROSETTA STAGE s(y)

// trial vector y is refined with Rosetta stage s to v/)
| Doubled Population +— Add(y’)
for each Individual z € Doubled Population
do {fshared(z) < Shared Fitness(foriginal(2))
/] fsharea is calculated for each z of the doubled population
Sorted Doubled Population < Sort(Doubled Population)
// The doubled population is sorted according to shared fitness
Population «+ Select the best half part(Sorted Doubled Population)
// The worst half part of the enlarged population is removed

// to define the new population in next generation.
// Elitism preserves the overall best found solution if that best

L | // individual is removed during this selection process.

poorer individuals, which can make the evolutionary progression of the
population more difficult.

Therefore, the individuals of the population are classified into dif-
ferent groups (species) according to their similarity. As explained by Li
et al. [64], SDE complexity is O(N) in the best case and O(N?) in the
worst case. The main advantage of speciation is its ability to maintain
high diversity and stable niches over generations, while the main disad-
vantage is the selection of the radius parameter r, [45].

2.6. Structural diversity measure

The protein structural diversity measure defined by Garza-Fabre
et al. [31] was used. This structural measure defined by those authors
describes (coarsely) the relative position of each pair of Secondary Struc-

ture Elements (SSEs) with respect to each other. Distances are computed
between the C, atoms of the amino acid residues at the center of the
SSEs, as Fig. 3 illustrates. For a given protein conformation with E SSEs,
the set of interdistances between each pair of SSEs is calculated (the
number of interdistances is (’2': ) for a protein with E SSEs). Each inter-
distance is normalized considering half of its maximum distance when
the protein conformation is fully extended (as indicated by Garza-Fabre
et al. [31], practically all the explored conformations in their study cor-
responded to values within 50% of that upper bound). Such SSEs are
determined, for a given protein sequence, with a predictor (PSIPRED
[671), a process that is prior to the evolutionary search.

Finally, to measure the structural difference between two protein
folded conformations, the Root Mean Square Error (RMSE) between the
sets of interdistances of the two proteins is calculated (Garza-Fabre et al.
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Algorithm 2.3: Algorithm for determining species seeds in SDE

// Input: Lgorieq - a list of all the individuals sorted in decreasing fitness values

// Output: S - a list of all dominating individuals identified as species seeds

S =0; counter =0; s =1

Get best unprocessed p € Lgoreq as the seed of the first species sl (S « p)

i = 2;// irefers to the index in Lgypteq
for each s € Number of species - 1

i=i+1
counter=counter4-1
do {p<+ i
seed of specie s+ 1 < p
(S + SUp)

Fig. 3. Interdistances between pairs of secondary structure elements in hypo-
thetical proteins. Left: protein with 2 strands and 1 helix - 3 interdistances be-
tween SSEs. Right: protein with 4 strands and 1 helix - 10 interdistances between
SSEs. The interdistance set coarsely describes the protein conformational fold.

[31] considered, for this final measure, the interdistances between the
start and final points of the SSEs). This simple procedure is appropriate
for the purpose of the comparison of the folds of two proteins, and does
not have the problems of calculating the best superposition or alignment
between two proteins when the RMSD (Root Mean Square Deviation) be-
tween the atom positions of the two proteins is considered as measure of
structural difference. This final RMSE is used for measuring the distance
between encoded protein conformations in the niching methods.

2.7. Protein sequences

In the experiments, 30 different PDB proteins were used, the same
employed in [31], in order to facilitate comparisons with previous stud-
ies that used algorithmic solutions to enforce diversity of folds in genetic
populations. The main features of these proteins are set out in Table 2.
The fragment libraries correspond to the first set of fragments used in
[32].

3. Results
3.1. Results with CrowdingDE
3.1.1. Setup

The experiments with CrowdingDE, using the set of PDB proteins
specified above, are designed to draw a comparison with the Rosetta

(while (distance(i,p) < r) & (counter < Species Size)

counter =0; 1 =14+ 1; s=s5+1

ab initio protocol for obtaining a diversified set of protein folds. The
Rosetta ab initio protocol is selected for comparison with all memetic
approaches as it is a successful and widely used approach to address
the PSP optimization problem when looking for protein structures with
minimal energy. The experiments are also selected to illustrate the ca-
pabilities of the incorporation of niching for the hybrid evolutionary
algorithm in the present problem.

In the experiments, regarding the DE algorithm, the DE strat-
egy DE/rand/1/bin was used, which selects the base vector x|
(Algorithm 2.1) randomly and which implies the lowest selective pres-
sure. The parameter values of DE genetic operators are: CR = 0.99 and
F = 0.025. These values were experimentally tuned to provide the best
results for most proteins, that is, for providing the best energy results
in the given number of generations (and corresponding energy/fitness
evaluations). The reason for the low value of F is that it generates small
perturbations in the dihedral angles of the mutant vectors. In the same
sense, the high CR value ensures few changes in the final trial vector
with respect to the mutant vector, so the trial vectors are small varia-
tions of the base vector. On the contrary, with large variations, there
would be many conflicts (atoms in the same position) in the resulting
candidate vectors.

Moreover, the comparison of results must imply that both ap-
proaches (CrowdingDE and Rosetta ab initio) use the same number of
fragment insertion attempts (which require an energy test per attempt).
Consequently, both methods would use the same number of energy cal-
culations. In the evolutionary algorithm there are no extra fitness calcu-
lations, since the fitness is given by the final energy calculation in the
final fragment insertion attempt in the encoded protein of the genetic
population or in the candidate vectors.

In the case of Rosetta, for each target protein, Rosetta was run to
generate a set of 1000 candidate conformations (the same number used
in [31]), given its stochastic nature in each run. This number of runs
means that the obtained RMSD (from the native structure) distributions
do not vary significantly between sets of runs [31]. That is, the Rosetta
ab initio protocol was run 1000 times, where each run produced a single
final conformation or decoy. Rosetta recommended parameter settings
[25] were considered in all runs. Moreover, as in [31], the Rosetta pa-
rameter increase_cycles was set to 10; that is, the default values of cycles
(fragment insertion attempts) in the different Rosetta stages (Table 1 in
Section 2.1) are multiplied by that value.

In CrowdingDE, a population of 100 individuals was used (as in
Garza-Fabre et al. [31] with their hybrid GA), and 10 independent runs
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PDB proteins used in the experiments. The columns correspond to the protein PDB Id, its
amino acid number, and its native fold topology.

PDB Size Fold topol. PDB id Size Fold topol. PDB id Size Fold topol.
lacf 125 a—f 1bgf 118 a 1bkrA 108 a
1c8cA 62 a—p 1c90A 66 1cg5B 141 a
lctf 68 a—f 1dhn 121 a—f lelwA 117 a
leyvA 131 a 1fna 91 p 1gvp 87 p
1hz6A 61 a-p 1iibA 103 a-§ lkpeA 108 a-§
1lis 125 a 1npsA 88 a—p lopd 85 a—p
1rnbA 109 a—-p 1ten 89 p 1tig 88 a—-p
1tit 89 V] 1tul 102 a-§ 1vee 77 a—-p
1who 94 B 1wit 93 B 256bA 106 a
2chf 128 a—f 2ci2l 62 a—f 2vik 122 a—f

of the hybrid evolutionary algorithm were used for generating the same
1000 final solutions® In CrowdingDE, the fragment insertion attempts
are applied to the candidate individuals to refine them to better confor-
mations and to the encoded conformations of the population in genera-
tion 1 of the three evolutionary stages (Algorithm 2.1), and the evolu-
tionary algorithm is run over 100 generations in those three sequential
stages. Consequently, the number of fragment insertion attempts for re-
fining each candidate solution/encoded conformation must be limited.
The total number of fragment insertion attempts is the same in both ap-
proaches, since Rosetta used increase_cycles=10, and the evolutionary al-
gorithm used increase_cycles=0.1, but with 100 individuals and over 100
generations working with the same Rosetta stages, evolutionary process
which was repeated 10 times. In other words, each of the 1000 solu-
tions/DE candidates considered in the pool of solutions, uses only 1%
of the Rosetta fragment insertion attempts, since the same process is
repeated in 100 generations.

3.1.2. Comparison with Rosetta ab initio

Fig. 4 shows a comparison of the results of Rosetta against the re-
sults of CrowdingDE, using two values for the parameter CF, which de-
termines the percentage of individuals of the population that are con-
sidered when DE trial individuals are compared with their similar ones
in the population (Algorithm 2.1). Additionally, to test the capability
of CrowdingDE to maintain diversity in the population without loss of
genetic variability, the comparison includes the results of 10 hybrid DE
runs without using crowding (the trial vector is compared with its corre-
sponding target as in standard DE, Algorithm 2.1), again using the low-
est selective pressure (scheme DE/rand/1/bin). Thus, the results with
hybrid DE without crowding allow us to see the effect of the inclusion
of the niching technique. Fig. 4 includes the results with half of the pro-
teins, whereas Supplementary Material includes the figures with all the
proteins.

Fig. 4 shows the normalized energy value (score3) on axis y, whereas
on axis x the RMSD value (from the native structure) is shown. These
standard graphs in PSP provide the information necessary to assess the
distribution of distances (RMSD) of the optimized protein conforma-
tions, together with the optimization (in energy terms) obtained in those
final solutions. The score3 energy values were normalized between 0 and
1, taking into account the lowest and highest values obtained by the 4
considered approaches. Note that the PDB proteins act as benchmarks,
since the native structure is known. Note also that the objective is to ob-
tain folds close to the native structure (RMSD close to 0), and as diverse
as possible, given the inaccuracies of the energy landscape, which will
be described in what follows.

2 Typical computing times are 55 min for each of the parallelized 10 indepen-
dent CrowdingDE runs (protein 1c90A as target). The experiments were run in
the Supercomputing Center of Galicia (www.cesga.es), with Intel Xeon E5-2680
v3 processors at 2.50GHz, each one with 12 cores (24 threads) and 1GB of RAM.
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Clearly, CrowdingDE improves the energy values of the solutions ob-
tained in all proteins with respect to Rosetta. At the same time, Crowd-
ingDE maintains a diverse set of folds in the final populations, even with
the energy improvement in most solutions compared to the Rosetta solu-
tions (a high improvement in the average energy in proteins like 1hz6A,
IkpeA, 1lis and 256bA®). The lowest RMSD values are similar in both
approaches (CrowdingDE and Rosetta) in most proteins, except for pro-
tein 1kpeA, in which CrowdingDE clearly outperforms Rosetta. The main
difference between the two approaches with CrowdingDE is that, with
CF = 10%, the energies obtained, in most proteins, are better (with re-
spect to CF = 100%), especially considering the average energy. This
is logical since, with CF = 10%, several solutions can fall in the same
landscape area, which contributes to a better exploitation and to such
better (or slightly better) energy results.

In hybrid DE without crowding, the final solutions (in each of the 10
independent runs) tend to be located in the same area, even with the
low selective pressure applied. The increased exploitation (with respect
to CrowdingDE) implies that the best energy values are similar (or even
slightly better) with respect to the ones obtained with CrowdingDE. Re-
garding RMSD distributions, without crowding, hybrid DE clearly gen-
erates worse values in terms of RMSD dispersion with respect to the pre-
vious runs with CrowdingDE, and also with respect to Rosetta ab initio.
The loss of genetic variability in the hybrid DE runs (without niching)
implies that the population is easily concentrated in the different runs.

Tables S1/S2 (in Supplementary Material) show the best
RMSD/energy values obtained with the different approaches. Never-
theless, even with the clear energy improvement in the conformations
obtained with CrowdingDE, the RMSD results (from the native structure)
are not necessarily better compared to the final Rosetta solutions with
worse energies. However, CrowdingDE improves the energy without
focusing on a particular area of the conformational space, as the RMSD
dispersions in Fig. 4 show. Three patterns can be seen regarding the
energy/RMSD distribution plots:

i The areas of better energy in proteins like 1fna, 1hz6A, 1kpeA, 1rnbA
and 1tig tend to correspond to folds closer to the native structure.

ii Several proteins (such as 1c90A, Ictf, 1dhn, leyvA and 1ten) present
areas with clearly different local minima and different RMSD dis-
tances to the native structure.

iii Contrary to the first case (i), proteins such as 1lis, 1opd, 1tul and
1wit are examples of the deceptive nature of the Rosetta energy land-
scape, where the area of low energy values does not correspond to
the conformations closest to the native structure.

A comparison with the values reported in [31] is difficult, since the
authors used different fragment libraries in their Rosetta ab initio runs,

3 The tables in Supplementary Material include information with the best val-
ues, average values, and standard deviation regarding energy values and RMSD
(from the native structure) in the different experiments.
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Fig. 4. Scaled energy vs. RMSD (from the native structure, in A) with PDB proteins of Table 2. Gray: Rosetta results, Red: CrowdingDE (CF=100%), Blue: CrowdingDE

(CF=10%), Green: Hybrid DE (without niching).

and the RMSD and energies that can be obtained depend to a large ex-
tent on that library (as remarked in [32]). Nevertheless, CrowdingDE
obtains wide RMSD distributions independently of the protein. Note
that this is the aim with niching, since the diversity of folds implies
wide RMSD distributions. On the contrary, the RMSD distributions with
the memetic algorithm of Garza-Fabre et al. [31] depend to a large
extent on the GA variant used. For example, with protein 1hz6A, the
RMSD standard deviation values reported in [31], with 3 strategies/GA
variants, are 0.34, 2.02 and 2.76, whereas the standard deviations of
the final solutions with CrowdingDE are 2.69 (CF = 100%) and 3.47
(CF = 10%). With protein lkpeA, CrowdingDE RMSD standard devia-
tions are 2.58 (CF = 100%) and 3.02 (CF = 10%), while the values in
[31] are 1.03, 2.30 and 2.74, and with protein 1opd, the values of the
GA variants [31] are 0.38, 0.90 and 1.65, while with CrowdingDE are
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2.03 (CF =100%) and 1.61 (CF = 10%) (Table S1 in Supplementary
Material).

3.1.3. Comparison with other approaches

The protocols defined by Kandathil et al. [32] were also used for
comparison with CrowdingDE and Rosetta ab initio. These protocols, It-
erated Local Search (ILS) and bilevel protocol [32], are a modification
of Rosetta ab initio in stages 2 and 3. As noted in the Introduction, their
bilevel protocol allows “Perturbation steps” in (predicted) loop regions,
while “LocalSearch” steps are applied in the rest of the protein. The
reason for performing more exploration in loop regions is that fragment
libraries are less enriched for native-like structural features in those loop
regions [32]. The Perturbation steps can perform large moves in confor-
mational space, since the perturbed structure is accepted regardless of
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energy changes (contrary to the LocalSearch). In ILS both steps are iter-
atively applied in the whole protein: in one ILS iteration, one or more
perturbations are applied, and subsequent fragment insertion attempts
are performed using what is now greedy optimization. The code of both
protocols was used to run these alternatives with the same fragment li-
brary employed in the other approaches and for obtaining once again
1000 final solutions using the same number of fragment insertion at-
tempts.

Using the same setup specified by the authors [32], trajectories of the
bilevel and ILS protocols were run with the parameter increase_cycles set
to 100. Moreover, both protocols use an external archive to store 10 of
the lowest-scoring structures in stages 2 and 3. In both protocols, the fi-
nal stage (4) is applied to each archived structure and, consequently, the
length of stage 4 is reduced by a factor of 10 [32]. 100 independent runs
were applied with both protocols. Since the archiving strategy stores 10
of the lowest-energy solutions seen during each run, a set of 100 runs
with each of the protocols returns 1000 decoy structures in total.

Therefore, the number of scoring function evaluations used per de-
coy is the same in these protocols (bilevel and ILS) and in Rosetta ab
initio (with the Rosetta ab initio parameter setup explained previously).
As we noted above, CrowdingDE runs also use the same number of scor-
ing function evaluations for obtaining the evolved 1000 solutions.

Three proteins were selected to illustrate the results of the different
approaches regarding their search behavior in different protein energy
landscapes, although tables S1 and S2 in Supplementary Material in-
clude the results with the whole protein set (as well as figures with
more proteins). Fig. 5 include the results with those proteins, showing
the distributions (violin plots) of energy and RMSD of the final 1000
solutions with CrowdingDE and the Rosetta-based protocols. The (light
blue) marks in the violin plots of the RMSD distribution show where
the best solution (for each search alternative) is in energy terms and,
likewise, the same marks in the violin plots of energy distribution show
where the best solution is with respect to RMSD. The different behaviors
of the distributions correspond to the same categorization used previ-
ously:
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i Fig. 5 includes an example of a protein (1rnbA) with an energy land-
scape which is not deceptive, in the sense that obtaining better en-
ergies implies that better RMSDs are also obtained. The (light blue)
marks in the violin plots show the tendency that the best solution
in energy terms is close to the best solution in RMSD terms and vice
versa.

Note again that the best approach (in energy terms) is CrowdingDE
with CF=10%, since it obtains the best energy results compared with
the other approaches considered (as can clearly be seen with the
average energy of the final solutions). However, even with the ten-
dency of the correlation between better energies and better RMSDs,
this does not guarantee that CrowdingDE (CF=10%) obtains the best
results in RMSD terms.

The final solutions in protein 1dhn tend to be located in different
areas that correspond to different local minima (Fig. 5).

In the violin graphs, with protein 1dhn, it can be seen how the solu-
tions are concentrated mainly in two local minima and with all the
approaches (as shown in the RMSD distributions). Moreover, in the
violin plots of RMSD distribution, it can be seen how the best solu-
tions in energy terms (light blue marks) can be located in different
areas of these local minima.

The Rosetta energy landscape in proteins like 1lis is clearly deceptive
(Fig. 5). CrowdingDE approaches present a clear energy improvement
with respect to the Rosetta-based protocols and Rosetta ab initio, and
at the same time their optimized solutions tend to change to distant
folds of the native state, as the RMSD distributions show.

It should be noted that Rosetta presents the best results in RMSD
terms (considering the average RMSD of the solutions), while the
best approaches in energy terms (CrowdingDE) correspond to the
worst approaches considering the average RMSD. This shows the
clear deceptiveness of the energy landscape, where an improvement
in energy tends to move the solutions to areas far from the native
structure. The light blue marks in the violin plots also show, for most
approaches, the lack of correlation between better energies and bet-
ter RMSDs.
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Figures S2a, S2b and S2c in Supplementary Material (Additional Fig-
ures) contain more examples of these three categories regarding the
nature of the protein energy landscape.

Regarding the energies obtained, CrowdingDE is clearly the best ap-
proach, in most proteins, to sample the energy landscape in order to
obtain the best energy optimized solutions that correspond with areas
of different minima. The violin distributions in Fig. 5, as well as the
results shown in Table S2 in Supplementary Material with all proteins,
show how the CrowdingDE alternatives clearly outperform the others in
terms of energy. In particular, CrowdingDE (CF=10%) generally obtains
the best results in energy terms, in most cases considering the average
energy and also the best (minimized) energy. The Rosetta-based mod-
ified protocols of Kandathil et al. [32] also provide better energies in
their final solutions with respect to Rosetta ab initio in practically all
proteins.

With respect to the RMSD distributions, there is no one approach
that outperforms the others in all proteins. The comparison between the
Rosetta-based protocols of Kandathil et al. [32] shows that, in most pro-
teins, ILS provides better performance than the bilevel protocol, in terms
of energy and average RMSD, which agrees with the results specified in
[32] with two different fragment library sets. The authors explain this
by the fact that the bilevel protocol may be misguided by inaccurate sec-
ondary structure predictions (of the loop regions). Finally, CrowdingDE
solutions tend to present worse RMSD distributions only in proteins with
a clear deceptive fitness landscape (Fig. 5). In this case where the area
of best energies tends to move away from the native structure, the nich-
ing effect is not enough to retain the folds close to the native structure
that could be present in the genetic population during the evolutionary
process.

3.2. Results with SharingDE

The DE version with fitness sharing (SharingDE, Algorithm 2.2 in
Section 2.4) is here tested with the same setup, regarding the DE pa-
rameters (CR =0.99, F = 0.025), as in the previous experiments. The
DE strategy DE/rand /1/bin was again used to define the DE trial vec-
tors. Regarding the FS parameters, the value of the sharing level («) in
Eq. 2 was set to 1 (as in most applications with FS), while the sharing
radius (o,,.) Was set to different values.

Three proteins were selected to test the results with SharingDE. The
same methodology for comparison with Rosetta ab initio from previous
experiments was followed, with 10 independent runs of the SharingDE
algorithm (population of 100 individuals), comparing the final popula-
tions to 1000 independent Rosetta ab initio runs.

Fig. 6 shows the results when SharingDE used five different values for
the parameter sharing radius (o, Section 2.4), in order to define the
vicinity of each encoded conformation. The values of o,,,, correspond
to different orders of magnitude, from the highest value o, = 0.001
to the lowest value o, = 0.00001 (the measure of fold difference, de-
fined in Section 2.6, is normalized and varies within a small range).
Figures S3a and S3b in Supplementary Material (Additional Figures) in-
clude the results with more proteins.

The results with the proteins employed in Fig. 6 shows different as-
pects:

i With lower values for parameter o,,,., the energies obtained tend
to be lower. This is logical since it is more difficult to find a confor-
mation in the vicinity when the distance threshold defined by ¢,
is decreased. Therefore, the evolutionary process tends to be similar
to a standard DE evolution without niching. In fact, with the low-
est value (o,,,, = 0.00001), the best energies are not necessarily the
best ones, which means that there is a premature convergence that
the niching method does not avoid.

On the contrary, with the highest value in o,;,,,., the wide neighbor-
hood for each conformation means that most conformations have a
large number of neighbors during the evolutionary process, which
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makes the progression towards the local minima more difficult, pre-
senting average energy values even worse with respect to Rosetta in
most proteins (detailed values in Table S4 in Supplementary Mate-
rial).

Fig. 7 illustrates this last effect, showing the fitness evolution in par-
ticular runs of SharingDE with protein 1c90A and 3 different o,
values. With the largest value (left part of Fig. 7), there are persis-
tent fluctuations in the average fitness, since several individuals can
worsen their (effective) fitness if these fall in the same close area.
In contrast, with the lowest value of o,,,,., there is more exploita-
tion, as can be seen by the fact that the average fitness is closer to
the best fitness. Note that the fitness of the best individual does not
present fluctuations, since elitism of the best individual was used
(Algorithm 2.2, Section 2.4).

The concentration of the population in fewer local minima, when
Oshare decreases, tends to decrease the RMSD dispersion of the final
solutions.

However, even with very low values of the defining parameter, the
incorporation of niching allows the population to cover different lo-
cal minima, as shown in the selected proteins.

Therefore, the most important decision with SharingDE is the value
for 6,4, Since it requires prior knowledge of the fitness landscape.
With that knowledge, an appropriate value would be the one that
separates adjacent local minima. Since this knowledge is not known
in advance, it is also the main drawback of this niching method (in
addition to its computational complexity).
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The comparison with the results of CrowdingDE in Fig. 4 with the
selected proteins shows that CrowdingDE presents a more continuous
distribution (in RMSD terms) than the solutions optimized with Shar-
ingDE. The continuous distributions are present in the solutions with
SharingDE, but with the highest value of ¢, and, consequently, with-
out being optimized in energy terms. The same patterns regarding the
energy/RMSD distribution in the solutions (discussed in Section 3.1) are
present; for example, the different behavior with the deceptiveness in
the landscape with protein 1wit and the opposite behavior with protein
256bA since, in the latter case, the minimization of energy moves the
solutions towards the native structure. Protein 1c¢90A is an example of
energy landscape with different local minima, as shown both in the dis-
tribution of solutions in Fig. 6 (with low values in ¢ ) and Fig. 4 for
the same proteins.

share

3.3. Results with species-based DE (SDE)

Finally, the species-based DE niching alternative (SDE), described in
Section 2.5, was tested with a subset of 6 proteins.

Fig. 8 shows results with SDE using three different r, values for defin-
ing the distance between the seeds of species (and the individuals asso-
ciated with the species), as explained in Algorithm 2.3 in Section 2.5.
The distance between folds is again calculated with the measure defined
in Section 2.6. In the SDE runs, 8 species were used, all with the same
number of associated individuals. In these runs, the population was 96
individuals®, so every species has 12 individuals. Once the species are
defined, each of the species is evolved with an independent (hybrid)
DE run (Section 2.5). In these runs, 5 DE generations are used (NUM-
BER GEN in Section 2.5). The setup of DE parameters is the same as in
the previous case with SharingDE. Fig. 8 corresponds to the final popu-
lations (in generation 300) in 10 independent runs.

The energy threshold to decide whether a species individual is ran-
domized was set to a small value (5). That is, if the difference of energy
between a species individual and the species seed is lower than that

4 The number of individuals (96), instead of 100 as in previous cases, is be-
cause it is a multiple of 8 species, with the same number of individuals (12) in
every species.
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=0.001, o, =0.0005, o

share share share

value, the individual is randomized (with the same general procedure
to initialize the individuals of the initial population).

Each of the three evolutionary stages (with the corresponding
Rosetta score) implies 100 generations. Therefore, there are 20 recal-
culations of the species seeds (and associated individuals) in those 100
generations (once the DE runs of each of the species is finished after
5 generations), and a total number of 60 recalculations in the whole
evolutionary process.

Wide RMSD distributions are once again obtained in the final popu-
lations. With the lowest r, value used (right subfigures in Fig. 8) there
are some individuals with higher energy with respect to the larger r
values. With a small r; value the seeds can correspond to very close
values (Algorithm 2.3 in Section 2.5). Consequently, with that lowest
value in r, and even with the low energy threshold (5) to decide if an

=0.0001, ¢

14

share

=0.00005 and o = 0.00001. The Rosetta results of 1000 runs are shown

share

individual in a species is randomized, many individuals in final gener-
ations tend to be randomized by the functioning of SDE given the high
exploitation around the seeds, which implies the higher energies in part
of the population.

The distributions of the solutions present the same behavior as in
the previous approaches (Sections 3.1 and 3.2) for the different pro-
teins. The protein landscape of protein 1wit is, once again, the one that
presents a clear deceptiveness, since SDE concentrates the search in the
best area in terms of energy minimization, area that tends to move the
population away from the native structure. The opposite behavior is
present, once more, with the energy landscapes of proteins 1kpeA and
256bA that, even with their multimodal nature, the best energy area also
tends to correspond to the area closest to the native structure. The other
three proteins, 1c90A, 1elwA and 1hz6A, present energy landscapes with
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different local minima with different depths, without a clear area in en-
ergy terms in which to concentrate most of the solutions.

Finally, Figure S4 in Supplementary Material illustrates the same ef-
fect of r; values with two target proteins, but when no randomized indi-
viduals are incorporated into the subpopulations of species. In addition,
Figure S5 in Supplementary Material shows the effect on the results of
the number of species using the previous 6 proteins.

4. Discussion and conclusions

Anfinsen’s dogma states that the amino acid sequence acts as the
blueprint for determining protein folding to its native structure, and
that the native conformation corresponds to the minimum of the Gibbs
free energy [2]. Therefore, the protein structure prediction problem can
be treated as an optimization problem, since the energy minimum of a
defined energy model must be found to discover the conformation of the
native structure. However, in atomic models of protein representation,
a problem arises when that energy minimum does not necessarily cor-
respond to the real native structure, as in the case of the Rosetta energy
model, especially given its knowledge-based nature.

Given the ruggedness and deceptiveness of the Rosetta energy land-
scape, as well as the known inaccuracies in its energy model which make
it difficult to correctly distinguish between the quality of folds in differ-
ent local optima [31], one possibility to address the problem is to ob-
tain a diversified set of decoys or conformations with different folds. As
stated by Akhter et al., “It is highly desirable for the decoy generation
stage to obtain an unbiased and uniformly-dense view of the landscape,
so that obtained decoys cover the multitude of basins possibly present in
a protein energy landscape and not miss basins containing native confor-
mations” [68]. And also, as stated by Garza-Fabre et al., [31] “it seems
that a successful search technique for fragment assembly will have to
incorporate improved mechanisms to generate and retain low-energy
structures that correspond to distinctly different folds”.

With that goal in mind, we integrated niching methods (crowding,
fitness sharing and speciation) into a hybrid combination between an
evolutionary algorithm (DE) and a local search based on the fragment
insertion technique. Unlike previous studies with the same aim, which
analyzed the effect of different genetic operators for obtaining diverse
folds, the integration of niching allows us to straightforwardly obtain
such a desired and diverse set of folds in the optimized solutions of the
genetic populations. The first benefit of using niching is the most dif-
ficult premature convergence of the evolutionary algorithm. As noted
by Li et al., [44], “Seeking multiple good solutions in different regions
of the search space may help with keeping a diverse population, coun-
teracting the effect of genetic drift”. Nevertheless, this is not the main
benefit in the current problem, since the most interesting aspect is to si-
multaneously obtain a population of optimized solutions corresponding
to different folds.

In this integration of niching, the structure of the evolutionary pro-
cess followed the previous study by Garza-Fabre et al. [31], in which
the individuals of the population were optimized through different gen-
erations that correspond to the different Rosetta ab initio phases. The
evolutionary process presents three different phases, and in each of these
evolutionary phases we used the Rosetta fitness score, cycles of fragment
insertion attempts, and fragment lengths of the corresponding Rosetta
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phase. This means that the solutions of the population can be progres-
sively refined with the same methodology of Rosetta ab initio, and also
allows for a direct comparison with Rosetta ab initio results under the
same number of fragment insertion attempts. Moreover, since niching
methods rely on a distance measure between individuals, protein con-
formations in the current problem, a measure for calculating the dis-
tance (structural difference) between two folds has to be considered.
The measure defined by Garza-Fabre et al. [31] was employed in the
present study, which takes into account the interdistances of the sec-
ondary structure elements in order to describe the conformational fold.

From the experiments performed with the niching methods consid-
ered, several conclusions can be drawn:

i The hybrid evolutionary algorithm (with and without the integration
of niching methods) performs better for sampling the energy land-
scape to obtain optimized solutions in energy terms, compared to
Rosetta ab initio and to two Rosetta-based protocols (ILS and bilevel
protocols [32]), as shown with the energy distributions of final solu-
tions in most proteins. This enhanced search capability of a memetic
algorithm is not novel in evolutionary computation, but it demon-
strates that, also in PSP approaches based on energy minimization,
the combination of the global DE search and the local refinement
capability of the fragment insertion technique is useful.

From this initial memetic combination between the fragment re-
placement technique and standard DE, the use of self-adaptive ver-
sions of DE [69] should be checked, with a strict comparison be-
tween DE variants [70,71]. In particular, versions such as L-SHADE
[72] to overcome the parameter tuning, also integrating a neighbor-
hood mutation [45] to further strengthen the niching effect.

With the incorporation of the niching methods, the solutions of the
final generations of the evolutionary process present a diverse set of
folds with different distances (RMSD) from the real native conforma-
tion. The solutions present wider RMSD distributions with respect
to the use of the evolutionary algorithm without niching, obtain-
ing conformations closer to the native structure (in RMSD values) in
some proteins with respect to Rosetta ab initio.

Regarding the different niching methods employed, in the case of
CrowdingDE, its main advantage is that it only needs a parameter
in its implementation (crowding factor C F), which can control the
selective pressure, as shown in the runs with different CF values.
The main drawback with fitness sharing in SharingDE was to set the
parameter o,,,.., which defines the vicinity of a conformation in
order to recalculate its effective fitness. The ideal parameter value
could be the distance that separates two adjacent local minima in
the fitness landscape, which obviously requires prior knowledge of
the landscape. The experimentation with different values of ¢,
showed the high dependence of the results (final conformations) on
the value of that parameter. Something similar can be said about the
speciation niching method (SDE), which again requires the appropri-
ate value for defining the vicinity of species around their seeds, as
well as the tuning of the number of species. Moreover, premature
convergence must be addressed in the small subpopulations of each
species, as is done with the incorporation of randomized individuals.
Since crowding does not require a parameter to decide a distance
or threshold that separates local minima, CrowdingDE was found to
be the most useful niching technique in the current problem, espe-
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cially given the parameter decision process in the other two niching
methods.

Other niching strategies should be explored as future work. For ex-
ample, recent DE niching strategies based on niching competition
[73]. Also, as noted above, an interesting approach is the integra-
tion of a neighborhood mutation into the DE process, as done by Qu
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et al. [45], to reinforce the niching effect. In neighborhood mutation,
the generation of difference vectors is limited to nearby individuals.
With its integration into standard niching methods, neighborhood
mutation was able to induce stable niching behavior in DE, providing
better and more consistent performance than other multimodal opti-
mization algorithms on different benchmark functions [45]. There-
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fore, the neighborhood mutation should also be explored in the PSP
problem.
In the comparison of results of all the alternatives there is no one
approach that outperforms the others in all proteins regarding the
lowest RMSD. However, the Rosetta-based ILS and bilevel protocols
[32] present the lowest RMSD or lowest average RMSD in more pro-
teins than the other approaches, as the results show in the Supple-
mentary Material tables. Consequently, an alternative worth explor-
ing is the integration of crowding (and the other niching methods)
with the greater explorative capability provided by the perturbation
steps of the ILS/bilevel protocols.

v The results illustrate the large degree of deceptiveness in the Rosetta
energy landscape for many proteins. The hybrid evolutionary ver-
sions defined here clearly present a better ability to sample the en-
ergy landscape with respect to the Rosetta-based protocols in order
to find optimized solutions with minimized energy, but this does not
guarantee the best results in terms of solutions closer to the native
structure. This is explained by the deceptiveness of the landscape, in
which the area of best energies moves away from the native struc-
ture.

iv

In conclusion, then, the incorporation of niching represents a
straightforward alternative to address the problem of deceptiveness
in such protein energy landscapes, although each niching method has
its own problems regarding computational complexity and parame-
ter setup. The solutions obtained present wide RMSD distributions, al-
though this does not resolve the problem with proteins with a clear
deceptive energy landscape, such as the specific examples discussed in
the experiments described here.
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