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1 INTRODUCAO GERAL

As proteinas sao macromoléculas que desempenham uma vasta gama de funcdes
em organismos vivos. Sdo polimeros formados por um conjunto de 20 diferentes mond-
meros, os aminoacidos. Proteinas consistem em uma ou mais cadeias de aminoacidos
ligados entre si por meio de ligagcdes peptidicas (LESK, 2002; TRAMONTANO, 2006).
Os aminodcidos sdo compostos organicos que apresentam um carbono « (C,) ligado a
um grupamento amino (NHs), um grupamento carboxil (COOH) e a cadeia lateral varia-
vel (R), a qual € responsdvel pelas proprieades fisico-quimcias especificas de cada amino
acido(LEHNINGER; NELSON; COX, 2005) (Figura 1.1). A sequéncia linear de ami-
noacidos é chamada de estrutura primdria da proteina. Segmentos da proteina tendem
a se organizar de maneira regular no espaco, estes padrdes de organizacdo sdao chama-
dos estrutura secunddria. Cada sequéncia de aminodcidos resulta em um enovelamento
protéico que leva a estrutura tridimensional (3D) da proteina, a qual é relacionada a sua
funcao (LEHNINGER; NELSON; COX, 2005).

A predicao da estrutura 3D de uma proteina (PEP) é um problema desafiador em
diversas dreas do conhecimento, como por exemplo a ciéncia da computacdo, a matema-
tica, a fisica, a biologia e a quimica (LANDER; WATERMAN, 1999; WOOLEY; YE,
2010; DORN et al., 2014). O desafio surge devido a explosdao combinatorial de possiveis
conformagdes que uma proteina pode assumir no espaco (LEVINTHAL, 1968), dentre es-
tas se assume que a estrutura 3D nativa € aquela que apresenta a menor energia potencial
no sistema em que esté inserida.

A PEP € experimentalmente um processo arduo e caro. Por isso, diversos métodos
computacionais tem sido desenvolvidas para abordar este problema. Atualmente, este €
um dos principais desafios da Bioinformaética Estrutural. Nas ultimas décadas, diversas es-
tratégias computacionais foram propostas para a PEP e estas podem ser estratificadas em
quatro grandes grupos (DORN et al., 2014): (1) Métodos de primeiros principios que nao
utilizam informacdo da base experimental; (ii) Métodos de primeiros principios com in-
formagdes da base de dados; (iii) Métodos de reconhecimento de enovelamento; (iv) Mo-
delagem comparativa. O desempenho destas estratégias € avaliada bianualmente em um
encontro intitulado CASP (Critical Assessment of Protein Structure Prediction) e as estra-
FIDELIS K. ANDMOULT, 2011B). Isto acontece porque o espago de busca dos métodos

do grupo 1 e, portanto, o custo computacional destes os torna invidveis.



A performance dos algoritmos baseados em conhecimentos da base experimental
¢ intimamente ligada com a qualidade da informacao retirada da base e como ela é repre-
sentada (DORN et al., 2014). Existem diversas maneiras de representar a estrutura 3D
de uma proteina, como por exemplo: modelo all-atom (OSGUTHORPE, 2000), rotime-
ros (SHAPOVALOV; DUNBRACK, 2011), e angulos de torsao (CUTELLO; NARZISI;
NICOSIA, 2006; DORN; BURIOL; LAMB, 2011; DORN et al., 2013; BORGUESAN
et al., 2015). Neste trabalho, as proteinas sdo representadas por conjuntos de pares de
angulos de tor¢do da cadeia principal: phi (¢) (N-C,) e psi (v) (C,—C) (LESK, 2002;
LODISH et al., 1990), pois a rotagdo da cadeia polipeptidica principal, aquela que nao
considera as cadeias laterais, € responsdvel pela conformacao tridimensional das protei-
nas (LESK, 2002; SCHEEF; FINK, 2003).

O desafio dos métodos que ndo utilizam informagdes da base experimental surge
devido a explosdao combinatorial de possiveis conformagdes que as proteinas podem as-
sumir no espaco tridimensionl (LEVINTHAL, 1968), dentre as quais se assume que a
estrutura 3D nativa € aquela que € associada com a menor energia potencial do sistema
(ANFINSEN, 1973). Em 1995, Brygelson et al. introduziram a teoria do funil de eno-
velamento ou do panorama energético a qual se refere a possibilidade de existir mais de
uma trajetoria energética no processo de enovelamento proteico capaz de levar a estru-
tura nativa da proteina (BRYNGELSON et al., 1995). Dentre a explosdo combinatorial
de possiveis conformacgdes descrita por (LEVINTHAL, 1968) sabe-se que existem com-
binag¢des que sdo proibidas estereoquimicamente (RAMACHANDRAN; SASISEKHA-
RAN, 1968) e que ha uma preferéncia de pares de angulos phi e psi que € propria de cada
estrutura secundaria (HOVMOLLER; OHLSON, 2002). Além disso, existe influéncia da
vizinhanca de residuos na estrutura primdria do polipeptideo na preferéncia de pares de
angulos da cadeia principal de um dado residuo de aminodcidos de acordo com a sua
estrutura secunddria (XIA; XIE, 2002). Baseado nestas informagdes, foi desenvolvida
a Angle Probability List (BORGUESAN et al., 2015) que utiliza dados provenientes de
estruturas obtidas experimentalmente e depositadas no Protein Data Bank para informar
intervalos de angulos de torsdo mais provaveis para cada residuo de aminodcido em de-
terminada estrutura secunddria. O NIAS-server € capaz de extrair informac¢des do PDB e
criar quatro tipos APLs: 1) APL1 que é gerada sem influéncia dos vizinhos; ii)) APL2 que
¢ gerada com a influéncia de um vizinho(esquerda ou direita); iii) APL3 que é gerada com
a influéncia completa dos vizinhos(esquerda e direita); iv) APLcentroids que considera a

vizinhanga completa de tamanho 5,7 ou 9 para a gerar a APL do residuo de aminoacido



Figura 1.1: Diagrama representando uma estrutura planar de proteina. Em laranja estao
evidenciados os dois angulos de torsdo (¢ and /). Por simplificacdo,os hidrogénios foram
omitidos e as cadeias laterais estdo representadas pela letra R.

centréide. (BORGUESAN; INOSTROZA-PONTA; DORN, 2016)

A PEP € considerada em complexidade de algortimos como um problema NP-
Completo (NGO; MARKS; KARPLUS, 2012) e muitas estratégias ndo-deterministicas
tém sido desenvolvidas para abordar este problema de maneira ndo-exata. Metaheuristi-
cas sdo procedimentos projetados para encontrar, gerar ou selecionar solu¢des aproxima-
das para problemas de otimizagao, especialmente aqueles com informagdes incompletas
ou limitadas capacidades computacionais, para os quais muitas vezes a solu¢do exata
¢ impossivel de ser determinada. (BIANCHI et al., 2009; GLOVER; KOCHENBERG,
2003) Buscando resolver o problema da PEP, metaheuristicas sao frequentemente utiliza-
das por sua habilidade de encontrar solucdes satisfatérias com menor custo computacio-
nal do que métodos exatos (TANTAR et al., 2007; TANTAR; MELAB; TALBI, 2008;
GARZA-FABRE et al., 2016; BORGUESAN et al., 2015; CUSTODIO; BARBOSA;
DARDENNE, 2014).

O Enxame de Particulas (EP) (EBENHART, 1995) é uma metaheuristica de otimi-
zacdo estocdstica populacional inspirada no comportamento de social de alguns animais,
tais como o cardumes de peixes e bandos de passaros. O algoritmo funciona com uma
populacdo (enxame) de solu¢des candidatas (particulas) que sdo formadas por elementos
que representam os parametros a serem otimizados. Estas particulas sio movimentadas
no espaco de busca de acordo com uma fun¢do de aptidao e tem a velocidade de mo-
vimento com componentes randomicos. Os movimentos das particulas sdo guiadas por
sua propria melhor posi¢do no universo de busca, bem como a melhor posi¢do de todo o
enxame. Quando posi¢des melhoradas vao sendo descobertas estas passardo, em seguida,
a orientar os movimentos do enxame. O processo € iterativo e por isso espera-se que a

solucdo satisfatéria acabard por ser descoberta. EP tem sido utilizado como estretégia de



otimizacao para a PEP (MEISSNER; SCHNEIDER, 2007; BORGUESAN et al., 2015).
Entretanto, alguns pontos fracos do algoritmo t€m sido discutidos e muitas variacdes do
OEP estdo sendo desenvolvidas com o objetivo principal de melhorar a diversidade do
enxame, o tempo de convergéncia e a taxa exploracdo do espaco de busca realizada pelas
particulas (ZAMBRANO-BIGIARINI; CLERC; ROJAS, 2013; RINI; SHAMSUDDIN;
YUHANIZ, 2011).

Melhorias na performance das metaheuristicas utilizadas na PEP tem sido fei-
tas utilizando combina¢des de metaheuristicas e melhorando a interpretacdo dos dados
retirados da base experimental (BORGUESAN; INOSTROZA-PONTA; DORN, 2016).
Combinar metaheuristicas para melhorar a performance dos métodos computacionais me-
lhorou os resultados de predi¢do, especialmente utilizando metaheuristicas de busca lo-
cal para adicionar caréter auto-adaptativo em otimiza¢gdes com metaheuristicas de busca
global (SUN, 1993; TANTAR; MELAB; TALBI, 2008). A otimiza¢do multimodal foca
em encontrar mais de uma solugdo 6tima para um problema de otimizacdo. Baseada na
hipétese do funil de enovelmento (BRYNGELSON et al., 1995) na qual mais de uma
estrutura 3D pode estar associada com a mesma energia, a PEP pode ser abordada de
maneira multimodal, tendo em vista que a otimizacao para PEP tem por objetivo compu-
tacional minimizar a fun¢@o de energia do sistema. Estudos anteriores comprovam que
abordar a PEP de forma multimodal aumentou a qualidade das estruturas finais (DAY et
al., 2002; CALVO; ORTEGA; ANGUITA, 2011). Neste trabalho sdo apresentados dois
algoritmos. O PSO, que € a implementa¢do candnica da otimizag¢do por enxame de par-
ticulas para PEP utilizando informacdo proveniente de APLs, e 0 SAN-PSO, uma nova
estratégia computacional que envolve a combinacdo de metaheuristicas e utilizacdo de
informacdo da base experimental para a PEP. Ela é composta por um EP multimodal que

tem cardter auto-adaptativo utilizando informagdo proveniente de APLs.



2 DISCUSSAO

Para testar a performance dos algoritmos propostos neste trabalho, utilizamos um
conjunto de sete proteinas com tamanhos e composi¢des de estrutura secunddaria variadas
(PDB IDs: 1AB1, 1ACW, 1K43, 1WQC, 2MR9 2MTW e 2P81) e comparamos os re-
sultados obtidos com 0 PSO e com o SAN-PSO. A qualidade dos resultados foi avaliada
com andlises estruturais e de energia. Para as andlises estruturais foram utilizadas duas
métricas diferentes, o RMSD que, foi medido pela distancia entre os dtomos de C, entre
as estruturas preditas e a experimentais otimamente sobrepostas, retirando os residuos N-
e C- terminais (Equacgdo 2.1) e o GDT_ST, que é uma medida de porcentagem que repre-
senta a proporc¢do da estrutura predita que equivale a nativa (equagdo 2.2). Para andlise de
energia, foi utilizada a adaptacdo de parametros score3 (ROHL et al., 2004) do PyRosetta,
uma interface em Python do Rosetta (ROHL et al., 2004) com a adicdo de um parametro
de reforco positivo para a criacdo e manutengdo de estruturas secunddrias (equacao 2.3).
Para andlise estatistica dos resultados foi realizada ANOVA e considerado significativos

aqueles resultados que obtiveram (p < 0.01).

RMSD(a,b) = J (i |l7ai — rbl-H2> /n, (2.1)
i=1

onde r,; e 7y sd0 vetores que representam as posi¢des do dtomo ¢ nas estruturas a e b

respectivamente.

GDT_ST = (GDTp + GDTpy + GDTps + GDThps) /4, (2.2)

onde onde P1, P2, P4 e P8 sdo as porcentagens do nimero de residuos alinhados com

distancia menor que IA, 2/0%, 4Ae 81&, respectivamente.

Fitness = EPyRosetta + EEstruturaSecundéria) (23)

A estratégia do SAN-PSO é multimodal e, portanto, resulta em uma populacio
de solucdes finalistas. Para a valida¢do deste método foi realizada uma anélise de toda
a populacgdo finalista para encontrar o melhor individuo de cada rodada baseado no valor
de RMSD em relacdo a estrutura experimental. E, assim, esta estrutura era adicionada ao
conjunto de solugdes a ser comparado com a implementagao candnica do PSO.

De um ponto de vista estrutural, as duas implementacdes apresentaram resultados

similares. No caso da andlise de RMSD, a implementacdo candnica obteve melhor re-



sultado ao prever a proteina 2MTW (p = 0,0002) e o SAN-PSO foi melhor ao prever a
1ACW (p =0,001), para a andlise de GDT_ST os resultados foram semelhantes. As mai-
ores variacdes entre as estruturas preditas e as estruturas experimentais foram observadas
em regioes de estruturas irregulares principalmente nas extremidades N- e C-terminais
das proteinas. Para avaliar se estas regides irregulares influenciaram na performance das
implementagdes, o RMSD das duas proteinas que obtiveram resultados significativamente
diferentes foi recalculado eliminando estas regides, assim como a ANOVA. Os resultados
desta nova andlise demonstram que a significancia da diferenca entre os resultados de
RMSD as estruturas diminuiu em uma ordem de grandeza para a 2MTW (p = 0,02), o que
significa que as regides irregulares nas extremidades N- e C-terminais influenciaram na
diferenca entre essas estruturas, pois ao retird-las as duas estruturas se tornaram mais se-
melhantes. No caso da IACW, a significincia da diferenca entre os resultados de RMSD
das estruturas aumentou em uma ordem de grandeza (p = 0,0003) com a remocao das re-
gides irregulares, indicando que, ao remover o ruido causado por estas estruturas flexiveis,
foi possivel observar que o SAN-PSO foi melhor ainda ao gerar estruturas regulares.

De acordo com os resultados de energia, o SAN-PSO foi significativamente me-
lhor que 0 PSO em 42,86% dos casos e nunca foi pior do que a implementacdo canonica.
Estes resultados indicam que de fato a implementacdo multimodal e auto-adaptativa do
SAN-PSO ¢ capaz de explorar melhor o espaco de busca, podendo encontrar melhores
minimos de energia. Isto indica que a capacidade do SAN-PSO em minimizar a funcao
de energia estd aprimorada em relagdo ao PSO.

Os resultados indicam que a nova estratégia proposta neste trabalho € capaz de
realizar o enovelamento geral das proteinas de teste, especialmente com respeito a regides
de estrutura secunddria regulares tais como hélices e folhas. Na minimiza¢do da fungao
de energia, a nova abordagem provou ser melhor do que a implementacdo candnica em
mais de 40% dos casos e nao foi, em nenhum caso, o pior. Esse resultado pode estar
relacionado a introducdo do cardter multimodal para a implementagdo, o que aumenta a

exploracdo do espacgo de busca.
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Proteins are a class of molecules that perform various vital functions in living organisms.
Knowledge of the three-dimensional structure of proteins is crucial to the study of their
function, however, this is an experimentally expensive and arduous process. Due to this
constraint, many computational approaches have been developed in order to predict the
three-dimensional structure of proteins. Still, based solely on the amino acid sequence,
the process is arduous and computationally infeasible. Thus, several approaches attempt
to circumvent the enormous computational cost involved in searching for the huge con-
formational search space that is characteristic of this problem using metaheuristics and
knowledge of the experimental basis. The PSO is a population search metaheuristic com-
posed of particles that travel through the search space optimizing a function. Previously
used for protein structure prediction minimizing the potential energy of the system, the
canonical implementation of the PSO presents flaws, mainly regarding the swarm diver-
sity and imprisonment in local minima. In order to improve these points, we propose a
metaheuristic ensemble strategy that uses information from the experimental database,
the SAN-PSO. Using a set consisting of 7 test proteins and the canonical implementation
of the PSO as a comparison, our results show that our strategy can predict the general
folding of the proteins tested and manages to minimize the energy of the system better
than the canonical implementation in more than 40% of the cases.

Keywords: protein structure prediction; swarm intelligence; multimodal particle swarm
optimization; knowledge-based protein structure prediction

1. Introduction

Proteins are macromolecules that perform several critical roles in living organisms
and consist of one or more chains built from a set of 20 amino acids linked together
by peptide bonds [1l 2]. Amino acids consist of an a carbon (C,) bonded to amino
(NH3) and carboxyl (COOH) groups and a variable side chain (R), which is responsible
for the specific physicochemical properties of each amino acid. The linear amino acid
sequence is called the primary structure of the protein. Protein segments tend to
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organize in a regular way in space, and these patterns of organization are called
secondary structure. There are preferred conformations like a-helices, S-sheets, (-
turns, among others [3]. In different proteins, helices and sheets are combined in
many ways to create different spatial arrangements of the polypeptide chain and
[4], with appropriate environmental conditions, the amino acid chain folds itself in
a unique low-energy three-dimensional structure, the tertiary structure, which is
strictly related to the protein function.

At the present moment, over 73 million non-redundant protein sequences have
been deposited in RefSeq: NCBI Reference Sequence Databasd?] and this number
is expected to be fast-growing. Nonetheless, the number of experimentally deter-
mined proteins represent less than 1% of this amount, according to Protein Data
Bank (PDB)E This vast discrepancy between the number of sequences and structures
can be explained by the arduous and expensive process involved in experimentally
determine protein structures and it has motivated research toward computational
methods for predicting protein structures from sequences, currently one of the cor-
nerstones of structural bioinformatics. Protein structure prediction (PSP) from an
amino acid sequence is a challenging problem in several fields of knowledge, such
as Computer Science, Mathematics, Physics, Biology and Chemistry [Bl [0, [7]. The
challenge arises due to the combinatorial explosion of possible conformations that
a protein can assume in space [§], among these it is assumed that the native 3D
structure is the one associated with the lowest potential energy [9]. In 1995, Brygel-
son et.al. introduced the folding funnel hypothesis, which refers to the possibility
of several pathways in the process of protein folding that will lead to the minimal
energy structure [10].

Over the last decades, many computational strategies have been proposed for the
PSP and these can be stratified into four large groups [5]: (i) First principles meth-
ods without information from experimental database; (ii) First principles methods
with database information; (iii) Fold recognition methods; (iv) Comparative mod-
eling. The performance of these methods is evaluated biannually in a meeting called
CASP (Critical Assessment of Protein Structure Prediction) |9 and the strategies
from groups ii, iii and iv have presented better results[I1]. This outcome can be
explained by the fact that, group i methods tackle the PSP by exhaustive search of
the conformational space, and without any other information regarding the nature
of the protein to be predicted, the number of possible conformations to be explored
is many orders of magnitude larger than the computational capacity currently avail-
able, making them unfeasible [12] T3], [14].

Groups ii, iii, iv are often grouped together as Knowledge-based approaches and
their performance is closely associated with the quality of the information taken
from the experimental database [5].Regarding group ii methods, there are different

ahttp://www.ncbi.nlm.nih.gov/RefSeq/
Phttp://www.rcsb.org/pdb/
¢http://predictioncenter.org
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approaches to represent a polypeptide structure [5], in order to work with a reduced
number of variables, in our method the polypeptide chain is represented by a set of
main chain torsion angles: phi (¢) (N-C,) and psi () (Co=C) [1, 5] (see Figure[l]
for clarification), since the backbone rotation of the polypeptide chain is responsible
for the three dimensional shape of the protein [I} [16] .

Residue 1 R Residue 2 Residue n

E E
‘E peptide peptide ‘E
E R bond bond R jlj
z H O
| “..n. Residue 1 Residue 2 <. Residue n
Computationa H ! i i i : ] . "
Reprepsenlurion e Pv 9o v .. ..oy Peptide dihedral angles

Fig. 1: Schematic diagram of a polypetide evidencing the torsion angles (¢ and 1))
used for protein representation in our method. For simplicity, hydrogens were not
represented and side chains are represented by the letter R.

Among the combinatorial explosion of possible conformations described by Lev-
intal et.al. [§] it is known that there are combinations of torsion angles that are
stereochemically prohibited [I7], also that secondary structures have particular
preferences for a set torsion of angles in a given residue [18]. In addition, there
is influence of the vicinity of residues on the primary structure of the polypeptide
in the preference for pairs of angles of the main chain in a given amino acid ac-
cording to its secondary structure [19]. Based on this information, Borguesan et.al
developed the Angle Probability List (APL) [20] which uses data from structures
obtained experimentally and deposited on PDB to infer the torsion angle intervals
with higher probability for each amino acid in a given secondary structure.

From a computational point of view,PSP is considered in complexity theory as a
NP-complete problem [21] and many efforts have been made to develop non exact
methods that address this problem in a non-deterministic way to circumvent the
complexity issue. Metaheuristics are a kind of stochastic algorithms used to discover
quality solutions for tough optimization problems where often the exact solution
is impossible to determine [22]. Metaheuristics can be classified by a number of
properties, such as the type of strategy, the inspirational source, the number of
individuals to be optimized and have been used as a strategy for solving the PSP [23]
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24, 25, 20, 26).

Introduced by Beni and Wang in 1989, Swarm Intelligence (SI) [27] is a type
of metaheuristic inspired by the collective behaviour of social insects and other
animals. This field of metaheuristics is classified as a population nature-inspired
global search optimization. SI focus on the self-organizing behaviour of interacting
agents who follow a set of rules. Sl-based algorithms have become very popular
over the years due to their high efficiency and practical implementation dealing
with large scale optimization problems [28| 29]. The most dominant strategies in
ST are Particle Swarm Optimization (PS0) [30], Evolutionary Algortihms, such as
Genetic Algorithm (GA) [31] and Ant Colony Optimization(AC0) [32] and all of those
had been recurrently used to approach the PSP problem [33] 34 [35] 36} 37, [38] [39]
working on minimizing the energy function to retrieve the minimal energy structure.

Improvements on the metaheuristics used in PSP have been made by combin-
ing different strategies (ensemble), improving the information extracted from the
database [40] and approaching the problem in a multimodal point of view. Com-
bining different metaheuristics to improve the overall performance of the method
have been proved to better the results for PSP, specially using combined strategies
of global and local search metaheuristics, conferring a self-adaptive character to the
global search metaheuristic [41] [24]. Multimodal optimization focuses on finding
more than one optimal solution to a given optimization problem. PSP can be con-
sidered multimodal based on the folding funnel hypothesis [I0] that more than one
three-dimensional conformation can be related to the same energy value. Previous
studies have shown that using multimodal optimization for PSP have improved the
quality of the resulting solutions [42], [43]. As an extension of EA for multimodal
optimization niching methods have been used to improve and maintain diversity in
population-based search methods such as GA [44], this strategy has been used in
PSP [43).

PSO is a very popular SI metaheuristic due to its high efficiency and simple
implementation and has been broadly used to address the PSP problem[45] 20],
however it has limitations regarding the accuracy, convergence time and explo-
ration/exploitation rates of the search space [46l [47]. This issue is often solved
using PS0 as part of an ensemble of metaheuristics [48], [49, 50, [51] or proposing im-
provements to the canonical code [52]. In this article, we propose a novel strategy
to solve the protein structure prediction problem using information from APLs, a
self adaptive multimodal PSO. The remainder of the paper is organized in Material
and Methods, Section [2] describing the proposed implementation of PS0, as well as
the canonical implementation; Section [3] presents the computational experiments
and the results and Section [ concludes the article and points out future work.

2. Material and Methods

A PSP method aims to search the protein conformational space to find the most
stable conformation of a protein. The stability of a polypeptide chain is evaluated by
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an energy function where the best conformation corresponds to the global minimum
of its potential energy. The quality of the prediction depends on the energy scoring
function for evaluating the results and an optimization algorithm to find the best
conformational state. In general, there are three essential components of a PSP
method: (a) a way to obtain and represent structural information from protein
templates; (b) an energy function to evaluate the stability of a protein, and (c) a
search procedure to find the protein structure with the lowest potential energy.

In this work we present two algorithms for PSP: i) canonical PS0: using APL
information (Subsection [2.3)); ii) Self-adaptive multimodal PSO using information
from APL (Subsection . Both implementations were made in Python program-
ming language in a Linux x86_64 environment. The experiments were performed
using three MS Azure Standard DS5 v2 processors with 16 cores Xeon E5-2673 v3
(Haswell), 2.4 GHz, 56 GB Ram and a SSD disk with 112 GB.

2.1. Angle Probability List: protein structural information

Frequently PSP strategies use experimental information aiming to minimize the
search space of the algorithms and thus improve their outcome. In this context,
Borguesan et.al 2015 created an Angle Probability List approach to reduce the pro-
tein conformational search space based on the conformational preferences of amino
acid in a given secondary structure and regarding its neighborhood on the primary
protein structure. Briefly, the APL uses the primary and secondary structure of a
query protein and PDB torsion angle information to compute conditional prob-
abilities of torsion angles for each amino acid, e.g.P(SS = Helix|AA = Arg).
In a further work, Borguesan et. al. created a web-server, NIAS [40], that allows
the generation of four different types of APL: APL; without amino acid neighbour
influence [20], APLy with one neighbour influence (left or right), APLj that is
completely neighbour-dependent (left and right) and APLcentroia Which takes into
account a range from five to nine amino acids for the secondary structure, but
only the central amino acid APL is computed. Figure 2] shows the conformational
preferences of Alanine (ALA) and Arginine (ARG) in coil and Serine (SER) in a-helix
secondary structure. In this paper, the conformational preferences (phi and psi)
and secondary structure propensities of amino acid, obtained from experimentally
determined proteins, are taken into consideration to determine the conformational
flexibility of amino acids in a target sequence.

2.2. Scoring function: PyRosetta

Solving the PSP problem involves efficient search algorithms, which cover the rele-
vant conformational space, and selective scoring functions, that are both efficient
and effectively discriminate between native and non-native solutions. In this work,
the evaluation of the candidate solutions of the metaheuristics was made using a
fitness function based on the potential energy function from using scored param-
eter adaptation [563] from PyRosetta, an interactive Python-based interface of the
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Fig. 2: Conformational preferences of amino acids in proteins depends on its sec-
ondary structure. The dark red color marks the most densely occupied regions.
Ramachandran plots were generated by NIAS-server (www.sbcb.inf.ufrgs.br/
nias).

Rosetta [53] molecular modeling suiteElThis energy function uses a centroid mode
for the amino acid side chains, which reduces significantly the computational cost
for the energy calculation. Another factor was added to the fitness function in order
to reinforce the maintenance of secondary structure. Using a simplified PyRosetta
implementation of DSSP[54] to assign the secondary structure of the particles along
the PSO iterations. When the ascribed secondary structure matches the one given
as an input for the algorithm, it means that the perturbations made on the torsion
angles did not modify the secondary structure of the protein then it gives a positive
reinforcement which is added to the fitness function, on the contrary a negative
reinforcement is given. Therefore, the metaheuristics are used to minimize the po-
tential energy function from Rosetta without losing track of the secondary structure
- Equation [I} It is noteworthy that choosing the energy function is a great chal-
lenge in the development of an optimization strategy for PSP. There is no function
that perfectly describes the potential energy of a real system and it has a direct
consequence in the final structural results.

Fitness = EPyRosetta + ESecondaryStructure) (1)

The most common score function components of PyRosetta are: wvan der
Waals net attractive energy and wvan der Waals net repulsive energy ; hydrogen
bonds (backbone) [55]; solvation (Lazaridis-Karplus) [50]; Dunbrack rotamer prob-
abilit [57]; statistical residue-residue pair potential; Intra-residue repulsive van der
Waals; electrostatic potential[58]; disulfide statistical energies [59] and statistical
residue-residue pair potential (centroid). The final energy value of PyRosetta scor-
ing function (EpyRosetta) is the sum of all considered weighted independent energy
components.

dhttps ://www.rosettacommons.org
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2.3. Particle Swarm Optimization for the PSP problem: the
canonical algorithm

Metaheuristics designate a class of approximate computational methods that op-
timize a problem by an iterative generation process which guides a subordinate
heuristic by intelligently combining different concepts for exploring and exploiting
the search space. PSO is a SI-based metaheuristic with a socio-cognitive approach
used to find a solution for an optimization problem. The algorithm is modelled by a
population (swarm) of candidate solutions (particles) that consist of elements rep-
resenting the parameters to be optimized. These particles move in the search space
according to a fitness function and have their velocity governed by components with
random factors. The movement of the particles is guided by their own best posi-
tion in the search space - cognitive component - as well as the best position of the
whole swarm - social component. The global best solution is constantly updated
and informed to the swarm, guiding the swarm movement towards the best-known
solution. The search procedure is stochastic, and so it is expected that the satisfac-
tory solution will be discovered after a certain number of iterations of the algorithm.
For each iteration of the PS0, the jth amino acid of particle 7, the velocity v (Eq.
and the position z are updated (Eq. , considering y as the particle’s best position
and g as the global best position.

Vit +1) =wxvij(t) + e () (yii(t) — 215(F) + cara; (1) (g1 (1) — 2i5(8)  (2)

zi(t+1) = zi(t) + it + 1) (3)

where w is the inertia weight, ¢l and ¢2 are the social cognitive and social acceler-
ation rates, respectively, and 71 ;(¢t), r2 ;(t) U(0,1).

Meissner [45] built an PS0 algorithm to optimize backbone geometries of proteins
considering secondary structure information in the optimization process. In [51], a
distributed parallel particle swarm optimization algorithm was developed for protein
structure prediction problem. [60] presents a hybrid PS0-GA algorithm to search for
the native structure of a protein molecule in a hydrophobic-hydrophilic lattice model
representation. Other works have already been done using PSO implementations for
the PSP problem. In 2005, Liu [61] used the canonical implementation of the PSO
in a hydrophobic-hydrophilic lattice model and concluded that this implementation
would need improvements. In 2009, Lin [60] introduced a PSO ensemble with GA
to the PSP using a hydrophobic-hydrophilic lattice model. Kondov [51] presented
a parallel distributed model for PSP. In 2015, Borguesan|20] used the canonical
implementation of the PSO using APL information.

To apply the PSO to the PSP, each particle was formed by a set of torsion angle
pairs (¢ and 1) for each amino acid of the protein (see Figurel|l]), its current fitness
value, velocity, inertia value and the set of angles for its individual best fitness value
(best individual fitness memory). APL;, APLs; and APL3 were used to generate a
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swarm of size 1000 particles (Algorithm line 1). These particles move in the search
space being guided by the score function described on Subsection [2.2] in order to
minimize this value. A global best topology has been used for optimization, which
means that all particles are able to see the whole swarm at all times, and best of
all particles will guide the entire swarm. In each iteration, there is the possibility
of finding a better individual solution (tested on Algorithm (1} line 7) and a better
global solution (tested on Algorithm [I} line 10), if this occurs, these values will
be updated and will guide the movement of the particle, and the swarm in the
next iteration. Based on the convergence time of the algorithms and the possibility
to execute the codes in several architectures guaranteeing the same computational
effort, 10% energy evaluations were used as a stop criterium.

Algorithm 1: Canonical PSO for the 3-D PSP Problem
Data: Swarm created using the APL.
Result: The best particle
1 particle < Generate the particles using APL;
2 setOfinitialFitness <— Fitness(Particles);
3 globalBest < min(setOfinitialFitness);
4 cl = 4.0; c2 = 2.0; w = 0.6; fitnessCalculations = 106;
5 for i in particles do
6 i.actualFitness < Fitness(i);
7 if i.actualFitness < i.fitness then
8 i.fitness < actualFitness;
9 i.fitnessPosition < i.actualPosition;
10 end
11 if i.actualFitness < globalBest.fitness then
12 globalBest <+ i;
13 cognitive < i.fitnessPosition — i.actual Position;
14 social < global Best.position — .actual Position;
15 termy < (cl * rand * cognitive);
16 terma < (2 * rand * social);
17 V; — W xv;_1 + termq + termso;
18 for angle in i.actualPosition do
19 position; = angle + v;;
20 i.actualPosition[angle] < position;;
21 end
22 end
23 return globalBest
24 end
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2.4. SAN-PSO: Self Adaptative Niching PSO

The canonical implementation of the PSO described in Section [2.3] presents some
negative points regarding its performance, such as premature convergence and en-
trapment in local minima due to the lack of diversity of the swarm due to the social
propagation of the global best solution which result in a low rate of exploration of
the immense search space that is characteristic of the PSP problem. As discussed,
several approaches have been used to address these failures. Based on the folding
funnel hypothesis, which proposes more than one possible structure with minimum
energy, in this work we propose a multimodal approach for the PSO, aiming to
increment the search space exploitation rate by increasing the diversity of the par-
ticles in order to find, in the end, more than one finalist structure. Our multimodal
approach is based on niching, so we chose an unsupervised learning technique, hi-
erarchical clustering, to divide the swarm into groups without having to know the
number of clusters a priori. To insert a self-adaptive character in our proposal, we
added a single-solution local search, simulated annealing (SA) [62] [63], after PSO
execution, to improve each of the finalist structures.

Figure [3| represents a diagram of the process involved in the method proposed
in this work - the SAN-PSO. Receiving as input the amino acid sequence of the
proteins and their secondary structure, APL is used to create an initial swarm
composed by 1000 particles torsion angles information. Our proposal is multimodal
PSO based on an iterative process that intercalates niching, made with hierarchical
clustering based on structural similarity of the particles, and optimization of the
fitness function using PSO in each cluster separately. After the stop criterium is
reached, the finalist solutions are submitted to a single-solution optimization local
search using Simulated Annealing in order to improve in a self-adaptive way the
solutions found by the niching PS0.From obtaining the torsion angles data from
APL and creation of the initial swarm, to a schematic description of the iterative
process of hierarchical clustering and PSO that characterizes the method together
with the application of Simulated Annealling, conferring the self-adaptive character
and improving the finalist structures.

There are many studies regarding the influence of the inertia, social and cogni-
tive terms on the convergence time and trajectory of the particles[64, 65 [66]. We
propose an adaptive version of the inertia weight calculation proposed by Ismail
and Engelbrecht[66] for convergence reasons as follows:

Currentlteration
wi(t) = wi(t — 1) + (wp — wa)

(4)

MaxIterations

where w, and wp are the limits of the inertia interval.

We implemented an adaptation of the niching PS0 introduced by Brits et.al. [67]
using hierarchical clustering from SciPy package [68] (Algorithm line 6) to create
niches based on the structural distance of each particle and the entire swarm using
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Fig. 3: Graphical scheme of the proposed method.

the root mean square deviation (RMSD)(see Equation[f]). Hierarchical clustering uses
a condensed distance matrix and a cutoff to cluster with no a priori information
of the number o clusters needed. Clustering cutoff criterium was used as described
in equation |§| [69]. We applied the PSO with adaptive weight inertia in each cluster
(Algorithm |2} lines 7 - 28). After each iteration, the entire swarm was subjected
to hierarchical clustering once again, allowing particles to move from one cluster
to another, aiming to increase the diversity of the swarm. After the stop criterium
was reached, SA was applied to improve the resulting structures (Algorithm [2| line
33). SA is a metaheuristic inspired by the process of heating and slow cooling in
metallurgy, it is a local search algorithm that focus on retrieving the approximate
global optimization for a single solution.

RMSD(CL, b) - (Z ||rai - rbi||2> /n7 (5)

where 7,; and rp; are vectors representing the positions of the same atom 4 in each of
two structures, a and b respectively, and where the structures a and b are optimally
superimposed.

cutoff = (length of sequence)s (6)
3. Computational Experiments and Results

To test the predictive performance of our proposed self-adaptive niching PSO
(SAN-PS0), described in Subsection comparing it with the canonical implemen-
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Algorithm 2: Self-adaptative Niching PSO for the 3-D PSP Problem
Data: Swarm created using the APL.
Result: The best particle of each cluster

1 particle < Generate the particles using APL;

2 setOfinitialFitness < Fitness(Particles);

3 globalBest < min(setOfinitialFitness);

4 cl = 4.0; ¢2 = 2.0; wBeginning = 0.4; wEnd = 0.9, w = 0; fitnessCalculations =

106;

5 while energyCalculations< 10% do

6 clusters < hierarchicalClustering(Swarm) for c¢ in cluster do

7 for particle in cluster do

8 particle.actualFitness < Fitness(particle);

9 if particle.actualFitness < particle.fitness then
10 particle.fitness < actualFitness;
11 particle.fitnessPosition < particle.actualPosition;
12 end
13 if particle.actualFitness < globalBest.fitness then
14 globalBest < particle;
15 for aa in sequence do

16 cognitive < particle. fitnessPosition — particle.actual Position;
17 social < global Best.position — particle.actual Position;
18 termi < (cl * rand x cognitive);

19 termsa < (2 * rand  social);
20 wi +— wi—1 + (wp — wa) * (Currentlteration/MaxIterations)
21 Vaa(t) ¢ w * vaa(t — 1) + termy + termo;
22 for angle in particlefaa].actualPosition do
23 positionga = angle + vaa;
24 particle.actualPosition[angle] < position;;
25 end
26 end
27 end
28 end
29 end
30 return setOfBestParticleForEachCluster
31 end
32 for bestParticle in setOfBestParticleForEachCluster do
33 optimezedParticle < simulated Annealling(best Particle)
34 return optimezedParticle
35 end
36

tation described in Subsection we selected a set o seven proteins with diverse
size and secondary structure components from PDB.Table [1| presents details of the
target protein sequences. Column 1 shows the PDB identification number, column
2 shows the reference of protein structure, column 3 shows its size and column 4
describe the secondary structure content of each protein. The secondary structure
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content was assigned using STRIDE[70] and along with the amino acid sequence
was the input for creating the initial swarm from APL in both implementations. For
each protein, we ran the algorithms 30 times with a stop criterium of 10 energy
function calculations. The results were analysed in terms of structural quality and
energy values.

Table 1: Target protein sequences. The size of the amino acid sequences varies from
14-46 amino acids.

PDB ID | Reference Sequence Size | SS Component
1AB1 Yamano et al. [71] 46 2 helices 1 sheet
1ACW Blanc et al. [72] 29 1 helix 1 sheet
1K43 Pastor et al. [73] 14 1 sheet
1wQce Chagot et al. [T4] 26 2 helices
2MR9 Nowicka et al. [75] 44 3 helices
2MTW Cifuentes et al. [76] 20 1 helix
2P81 Religa et al. [T7] 44 2 helices

For quality analysis, three parameters were evaluated: RMSD2] Global Distance
Total Score Test (GDT_ST) and Energy. Of these, both the RMSD and the GDT_ST are
structural parameters while the energy evaluates the stereochemical quality of the
solutions. As previously described, RMSD is a distance metric between the atoms, in
this case, the distances between the C, of the predicted and the experimental struc-
tures were evaluated. The two last amino acids in the extremity of the structure
were not considered due their high flexibility. GDT_ST measures the percentage of
atoms of the predicted structure that are in agreement with those of the experimen-
tal structure, this metric has been repeatedly used as qualtity parameter in CASP.
The energy analysis was made by calculating the fitness function value as described
in Equation [I}

Concerning the overall performance of SAN-PS0, Tabld2] describes the structural
and energy results. On column 2 mean and standard deviation RMSD. In the column
3 are described the values of mean and standard deviation of GDT_ST for for the
best particles from the 30 runs for PSO and the lowest GDT_ST particle among the
finalists from the 30 runs of SAN-PS0. Column 4 represent the mean and standard
deviation energy values for the best particles from the 30 runs for PSO and the best
particle among the finalists from the 30 runs of SAN-PS0. An Analysis of Variance
(ANOVA) was performed to compare these results and those that obtained p <
0.01 are highlighted in bold on Table [2] meaning they are significantly different.

Figure [4] shows the best results for PSO and SAN-PS0 algorithms compared with
the experimental structure in green, blue and red, respectively. Visually, it is possi-
ble to conclude that the two implementations are able to predict very reliably and
consistently the regular structures, such as helices and sheets, of the test proteins.
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Table 2: Structural and Energy Results

RMSD GDT.ST
PDB ID (A) (%) Energy
1AB1 (PS0) 7.60 £+ 1.63 46.45+4.44 -121.10423.86
1AB1 (SAN-PS0) 7.52 + 1.98 48.86+5.43 -111.75422.61
1ACW (PSO) 5.14 + 1.67 56.06£8.17 -118.08+42.49
1ACW (SAN-PSO) | 3.90 £+ 1.07 | 61.93+4.64 | -147.50+15.24
1K43 (PS0) 2.71 £ 0.63 77.86+£4.31 -42.03£1.80
1K43 (SAN-PS0) 2.77 £ 0.65 76.96+£5.05 -41.20+1.71
1wQC (PS0) 3.95 £ 0.80 64.81+5.03 -142.0246.42
1WQC (SAN-PS0) 3.92 £ 1.10 65.38+6.83 -145.66+3.41
2MR9 (PS0D) 6.22 £ 2.08 53.79£8.88 -275.95+7.33
2MR9 (SAN-PSO) 5.53 £ 2.00 55.871+8.13 -274.914+5.36
2MTW (PSO) 4.09 + 0.86 | 62.21+6.08 -94.05 +2.26
2MTW (SAN-PS0) 4.99 £ 0.75 58.20+4.81 -95.46+1.97
2pP81 (PS0) 8.04 £ 1.5 33.54+£1.87 -248.88+5.39
2P81 (SAN-PS0) 7.39 £ 1.22 33.73£2.22 -246.9543.48

13

The same can not be said about non-regular regions, such as coils and turns. This
is because these are very flexible structures that have a greater diversity of possible
conformations. The fitness function (Equation (1)) used for optimization is to pri-
oritize the packing of proteins, which will lead to the formation of more globular
structures, which does not always occur in the native structure.

From a structural point of view, the results of the two implementations are
similar except for two cases in which each approach was better. Regarding RMSD
values, the PSO was better when predicting 2MTW (p = 0.0002) and the SAN-PSO
results were better with TACW (p = 0.001), the same behaviour was observed in
the GDT_ST results. As can be observed in Figure [4] the variation of the predicted
structures with the experimental one is more evident in the irregular regions such as
coils and turns in N- and C- terminal regions of the proteins. To evaluate whether
the results could be explained by this assumption, we calculated the RMSD of the
two proteins using the same data from Table [2| analysis, however, the flexible N
and C terminal regions were removed and, as was done previously, the results were
analyzed with ANOVA. The results showed that the significance of the difference
between the structures decreased by an order of magnitude in the case of 2MTW (p
= 0.02), which means that the irregular regions at the ends of the protein influenced
the difference between the structures, These regions have become less structurally
different. In the case of 1ACW, the significance of the difference between the struc-
tures increased by an order of magnitude (p = 0.0003) with the removal of the coil
regions in N- and C- terminal regions of the proteins, indicating that, by removing
the noise from the flexible ends, the SAN-PS0 performance for this protein was even
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Fig. 4: Ribbon representation of the experimental (red), lowest RMSD from SAN-PSO
(blue) and lowest RMSD from Canonical PSO (green). The C, of the experimental
and the predicted 3-D structure are fitted. Amino acid side chains are not shown
for clarity. Graphic representation was prepared with PyMOL.

better than the PSO in generating regular structures.

According to the energy results, the SAN-PS0O was significantly better than the
PSO in 42.86% of the cases and was never worse in relation to the PSO. This
result indicates that in fact the multimodal and self adaptive approach is able to
better explore the search space, finding better energy minima. This indicates that
the capacity of optimization of the energy function is improved in relation to the
canonical implementation of PSO.

To evaluate the distribution data of the two implementations, Figure [5| shows a
box plot of the best particles of each run for the two implementations taking into
account their RMSD values to the experimental structure. By visual inspection, it
is possible to interpret that, overall, the distribution present smaller medians and
interquartile distances although these differences have not been shown significantly
(p < 0.01), except for IACW and 2MTW. Corroborating with the data of Table
1ACW presents a more concise distrubution, with an interquartile distance smaller
than that of the canonical implementation, and with median clearly smaller. Still in
agreement with Table 2 2MTW presents greater median and greater interquartile
distance.

4. Conclusion

In this work we propose a novel ensemble of methods for the PSP using information
from Angle Probability Lists. Combining particle swarm optimization with niching
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Fig. 5: Box Plot representing RMSD (A) data from the best particles in each of the
30 runs for PSO and SAN-PSO.

by unsupervised learning, we seek to increase the exploration rate of the search
space while minimizing the fitness function, and to improve the finalist solutions,
we chose to use local search with simulated annealing. For comparison, the canonical
version of the particle swarm optimization was also implemented.

The results indicate that the new strategy proposed in this work is capable of
performing the general folding of test proteins, especially with respect to regular
secondary structure regions such as helices and sheets. On the minimization of the
fitness function, the new approach proved to be better than canonical implemen-
tation in more than 40% of the cases and was not worse in any test case. This
results might be related to the introduction of the multimodal character to the
implementation, which increases the search space exploration. From this point of
view, a future work will be carried out with the SAN-PS0O optimizing other energy
functions, with the objective of obtaining structural results that accompany the op-
timization. This becomes very challenging, since the choice of the energy function
is not trivial, because there is no function capable of representing the real system
in a completely reliable way.
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