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Abstract

The ubiquitous presence of proteins in chemical pathways in the cell and their key role in many

human disorders motivates a growing body of protein modeling studies aimed at unraveling the

relationship between protein structure and function. The foundation of such studies is the realiza-

tion that knowledge of the structures a protein accesses under physiological conditions is key to a

detailed understanding of its biological function and the design of therapeutic compounds for the

purpose of altering misfunction in aberrant variants of a protein.

Dry laboratory investigations promise a holistic treatment of the relationship between protein

sequence, structure, and function. Significant efforts are made in the dry laboratory to map protein

conformation spaces and underlying energy landscapes of proteins. The majority of such efforts

employ well-studied computational templates, such as Molecular Dynamics and Monte Carlo. The

focus of this review is on a third emerging template, stochastic optimization under the umbrella

of evolutionary computation. Algorithms based on such a template, also known as evolutionary

algorithms, are showing promise in addressing fundamental computational challenges in protein

structure modeling and are opening up new avenues in protein modeling research. This review

summarizes evolutionary algorithms for novice readers, while highlighting recent developments

that showcase current, state-of-the-art capabilities for experts.

Keywords: protein structure modeling, conformation space, energy landscape, conforma-

tional search, stochastic optimization, evolutionary computation, evolutionary algorithms
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1 Introduction

Proteins are ubiquitous macromolecules in the cell as central components of cel-

lular organization and function. Many diseases are due to misbehaving proteins,

including critical human diseases, such as cancer, Amyotrophic lateral sclerosis,

Alzheimer’s, and other neurodegenerative disorders. The list of known gene muta-

tions resulting in aberrant proteins misfunctioning in the cell is now growing (1,2).

An important class of human diseases are due to proteins failing to adopt their na-

tive, biologically-active, three-dimensional (3d) structure with which they bind to

small molecules or dock other macromolecules, giving rise to molecular interac-

tions that make up all chemical reactions in the cell. While many such failures

are deleterious, others lead to protein misfunction (3–9). Elucidating the long-

lived structure or set of structures that an aberrant protein assumes and employs to

interact with other molecules in the cell is key not only to a detailed understand-

ing of how mutations impact function but also to pharmaceutical efforts to design

effective compounds for blocking interactions of aberrant structures.

Investigations in the wet laboratory have elucidated by now over a hundred

thousand active or functional structures of diverse proteins. As of May 2015,

there are 108, 957 protein structures in the Protein Data Bank (PDB) (10). In-

creasingly, the focus is on rapidly resolving functional structures of possible pro-

tein constructs of decoded genomes and structures of proteins misfunctioning due

to sequence mutations. Investigations in the dry laboratory are demonstrating

their capability to complement wet-laboratory research and greatly enhance our

understanding of the relationship between protein sequence, structure, and func-

tion. The role of dry-laboratory investigations is also expected to increase with

the recently discontinued Protein Structure Initiative (11).

The foundation of dry-laboratory investigations is on the early experiments by

Anfinsen, who demonstrated that a denatured protein spontaneously self-assembles

into its native structure (12). The mechanistic treatment, which advocates that the

native 3d structure of a protein determines its function, and that in turn the amino-

acid sequence determines to a great extent the native 3d structure, is by now the

basis of a growing body of protein research aiming to model structures and struc-
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tural deformations relevant for biological function (13–15).

The most publicized work in protein modeling research is that on the pro-

tein structure prediction (PSP) problem, where the goal is to predict a structural

representative of the active, functional state of a protein. The more challenging

version of this problem, is known as de novo PSP (also referred to as ab initio

PSP or template-free modeling, where de novo or free indicates the absence of a

known structural template after which to model the unknown structure of the target

protein sequence). While early investigations in silico pursued protein structure

modeling with classic templates, such as Molecular Dynamics (MD), by now the

most successful methods for de novo PSP build on the Metropolis Monte Carlo

(MC) template (16). These methods aim to reveal the breadth of long-lived (and

possibly functional) structures of a given protein sequence, as doing so consti-

tutes a holistic treatment of the relationship between protein sequence, structure,

and function. The holistic treatment also promises a detailed and comprehensive

view of all possible long-lived structures a mutated protein sequence may assume

to misbehave in the cell. However, at present, the computational demands of a

holistic treatment are impractical for most existing methods (17).

The focus of this review is on an emerging group of methods known as evo-

lutionary algorithms (EAs). EAs approach the problem of protein structure mod-

eling under the umbrella of stochastic optimization and employ techniques from

Evolutionary Computation (EC) to effectively find solutions of variable spaces

with numerous and possibly inter-dependent variables. Though adaptations of

EAs for the de novo PSP problem have been regularly pursued for decades, recent

developments in computational structural biology regarding protein geometry and

energetics have led to novel EAs with increased performance not only in terms of

computational time but also in prediction quality. EAs are also gaining ground as

effective tools to circumvent outstanding challenges in protein structure model-

ing and advance our ability to reveal detailed structure spaces of healthy versions,

wildtype sequences of a protein, and unhealthy, aberrant variants.

This review appeals to both experts and novices. A short primer is provided

first on protein geometry and energetics. Connections are then made between
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protein structure modeling and stochastic optimization. A summary of EAs for

de novo PSP is provided next, highlighting recent developments for experts. A

growing group of EAs is also presented to showcase their ability to map structure

spaces of healthy and aberrant versions of a protein. The review concludes with

a summary of outstanding challenges and opportunities for the EC community in

protein structure modeling.

2 Protein Geometry and Energetics

2.1 Protein Geometry

A protein molecule consists of one or more polypeptide chains. A polypeptide

chain is comprised of many peptides, or reduced amino acids, bound in a serial

fashion through covalent bonds. Many polypeptide chains can be held together

through non-covalent interactions in quaternary structures of protein assemblies

or complexes. In this review, we will focus on protein molecules comprised of

only one chain. Single-chain proteins are predominantly the subject of PSP and

structure modeling in general (structure modeling of protein complexes is known

as protein-protein docking and is beyond the subject of this review).

Amino acids are the fundamental building blocks of proteins and come in

twenty different naturally-occurring types. They are assigned 20 different names,

which have abbreviated three-letter and one-letter codes. An amino acid consists

of a central group of heavy atoms that is shared among all amino acids, a side-

chain group of atoms that gives an amino acid its unique chemical properties (and

its type), and hydrogens. The commonly-shared group of atoms consists of N,

CA, C, and O. These are known as the backbone atoms. If one follows the thread

of these atoms through the peptide bonds that links the terminal backbone C of one

amino acid to the terminal backbone N atom of another, a skeleton or backbone

can be traced that gives a protein chain its connectivity. The side chains dangle off

the backbone and both guide and constrain its motions. Fig. 1(a) draws the native

structure of a protein in 3d, highlighting the backbone. A short fragment of a few

4



amino acids is drawn in greater detail in Fig. 1(b).

2.1.1 Representation of a Protein Chain: Conformation Space

While the covalent bonds provide local rigidity, the protein chain (both backbone

and side chains) is highly flexible. This intrinsic flexibility necessitates introduc-

ing the concept of a conformation, which refers to the spatial arrangement of the

atoms in a protein chain.An all-atom conformation refers to the fact that detailed

information is available at all times regarding all atoms. Not all atoms need to

be explicitly modeled. Many algorithms for PSP primarily model the backbone,

and once a set of (functional) conformations likely to comprise the native state

of a protein are available, side-chain atoms are packed in optimal configurations

with side-chain packing techniques. When not all the atoms of an amino acid

are modeled explicitly by neglecting some atoms or grouping atoms together in

pseudo-atoms, the conformation is said to employ a reduced, or coarse-grained

representation of a protein chain. Research into effective reduced representations

for protein conformations is active (18).

A conformation does not need to be represented internally in a computer code

as a list of atomic coordinates. Generally, a conformation is a list of instantiated

variables or parameters. These variables can be discrete, such as positions on

a lattice or bits encoding positions or angles, or continuous, such as cartesian

coordinates or angles. The former are known as discrete representations, whereas

the latter are known as continuous representations. There are advantages and

disadvantages with either, as summarized briefly below.

Discrete Representations: Atoms on a Lattice The earliest representations of

protein chains were on a 2d or 3d lattice. Typically, only the CA atom of each

amino acid is explicitly modeled and restricted to lie on the lattice (19). The

lattice restricts bonded atoms to neighboring cells and allows both fast integer-

math evaluations of conformational energies, as well as enumeration of all self-

avoiding walks on the lattice (20–22). On-lattice deterministic search algorithms

were useful to elucidate various organizing principles of amino acids during fold-
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ing; the number of amino acid types was often restricted to 2, hydrophobic (H)

vs. hydrophilic/polar (P), resulting in the popular HP model, to allow calcula-

tions on chains of more than a dozen amino acids. On-lattice representations

allowed also obtaining a theoretical understanding of the PSP problem and facil-

itated various complexity results (23–25). While the majority of conformation

sampling algorithms nowadays has moved away from on-lattice models, signifi-

cant research on EAs for PSP still employs them. Several types of lattice models

are pushed forward in the EC community, such as triangular, cubic, and face-

centered-cubic. In general, the top-performing algorithms for PSP employ off-

lattice representations. The reason is that on-lattice representations sacrifice a lot

of structural detail and have been shown to reproduce the backbone of a known

native structure with accuracy no greater than half the lattice spacing (26); some

lattice representations have also been shown to bias towards specific secondary

structures (27). It is worth noting that on-lattice representations are nowadays the

only computationally-reasonable representations for very large proteins of hun-

dreds of amino acids (28).

Continuous, Off-lattice Representations The majority of MC-based confor-

mation sampling algorithms for PSP employ continuous representations, where

atoms are not forced to occupy a limited number of positions on a 2d or 3d lattice.

Two popular representations are the cartesian-based and the angular-based ones.

There are advantages and disadvantages with either.

Cartesian-based representations: Cartesian-based representations are straight-

forward for conducting energetic calculations, as summarized below, because

most protein energy functions contain terms that are distance-based. Cartesian-

based representations are also typically computationally demanding. In naive

cartesian-based representations, the number of variables (cartesian coordinates)

for a protein chain of N atoms is 3N. A small protein chain contains hundreds

of atoms. Cartesian-based representations do not allow trivial satisfying explicit

constraints on locations of atoms, such as those imposed by covalent bonds. While
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covalently-bound atoms do oscillate, large oscillations carry heavy energetic penal-

ties. So, it is often computationally desirable to preserve the lengths of covalent

bonds in computed conformations. However, a computer algorithm that mod-

ifies cartesian-based variables to compute new conformations will move atoms

independently of one another and break bonds. Less naive cartesian-based repre-

sentations that preserve local constraints exist, and they often build on statistical

analysis techniques to define variables that encode collective motions of atoms.

Angular-based representations: In addition to covalent bonds, there are other

local constraints in native protein structures whose violation results in high ener-

getic penalties. Optimal valence angles (between two consecutive covalent bonds)

observed to remain constant and depend only on the types of atoms involved

in protein functional conformations would also be changed if one were to em-

ploy cartesian-based representations. Instead, angular-based representations that

model only dihedral angles (see Fig. 1(b) for an illustration of such angles) save

on both the number of variables (on average, there are 3N/7 dihedral angles in

a protein chain of N atoms (29)) and the number of constraints that are violated.

The only constraints that angular-based representations cannot readily satisfy are

long-range ones resulting from energetically-constrained motions of non-bonded

atoms. Typically, the violation of such constraints is evaluated through energy

functions. Increasingly, while cartesian-based representations are employed by

MD-based methods for simulating the dynamics of a protein molecule, angular-

based representations are the preferred ones in MC-based methods and those par-

ticularly designed for de novo PSP. Angular-based representations necessitate that

a transformation occur from angles to cartesian coordinates (30) in order to eval-

uate a computed conformation with specified energy function.

Distance Functions for Conformations

Measuring the distance between two conformations is key to the ability to report

the performance of a PSP algorithm to reproduce a known native structure. De-

pending on the representation employed, several distance functions can be useful.

7



For instance, Hamming and Manhattan distance can be useful for discrete rep-

resentations, such as on-lattice ones. Continuous representations allow the em-

ployment of Euclidean-based distance functions. The majority of PSP algorithms

that employ off-lattice representations make use of the popular RMSD function to

measure the distance between two conformations.

Root-Mean-Squared Deviation (RMSD) RMSD is a Euclidean-based dissim-

ilarity metric to measure the distance between two conformations. Given two

conformations C and C
′

of N atoms, where pi(C) indicates the position of atom

i in conformation C, RMSD(C,C
′

) =
√

∑N
i=1 |pi(C) − pi(C

′)|2/N. Prior to mea-

suring the RMSD between a computed conformation and the native structure, an

algebraic procedure is carried out that determines the optimal superimposition re-

moving differences due to rigid-body motions in 3d (translations and rotations of

the whole conformation) (31). The term “least” is sometimes explicitly added, as

in least RMSD (lRMSD), to indicate that the conformations have undergone rigid-

body motions so as to report their lowest RMSD from the known native structure.

It is generally understood that even when RMSD is reported, it is lRMSD. It is

also worth noting that even conformation sampling algorithms that use continu-

ous, angular-based representations make use of RMSD to report results. The ho-

mogeneous transformations encoded by the angles in a conformation represented

as a list of angles can be accumulated to obtain the cartesian coordinates of the

atoms over which angles are defined. While angular-based distance functions are

available, they are not widely adopted in structure modeling literature.

2.2 Protein Energetics

Current protein energy functions are based on molecular mechanics, summing

over favorable and unfavorable atomic interactions (and possibly with surround-

ing solvent) to associate a potential energy value with a conformation. Interactions

between atoms are classified as bound (local, due to covalent bonds) or non-bound

(non-local due to non-covalent interactions). Local interactions concern bonds,

bond angles, and the periodicity of dihedral angles. Non-local interactions are di-
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vided based on their physical nature, electrostatic (measured through the Coulomb

function) or van der waals (measured through the Lennard-Jones – LJ– function).

The latter interactions are estimated via distance-based power terms responsible

for the computational cost and nonlinearity of protein energy functions. Equa-

tion 1 shows the functional form of the CHARMM potential energy function (32).

ECHARMM =
∑

bonds

kb · (b − b0)2 +

∑

UB

kUB · (S − S 0)2 +

∑

angles

kθ · (θ − θ0)2 +

∑

dihedrals

kχ · 1 + cos(nχ − δ) +

∑

impropers

kimp · (φ − φ0)2 +

∑

non−bond

ǫi j[(
Rmini j

ri j

)12 − (
Rmini j

ri j

)6] +

∑

non−bond

qiq j

ǫri j

(1)

In Equation 1, the k∗ terms are constants, and the ∗0 terms are ideal values of

variables. The Urey Bradley (UB) term is calculated over pairs of atoms sepa-

rated by two covalent bonds (known as the 1,3 interaction), and S is the distance

between the atoms. The n and δ variables in the fourth term are the multiplic-

ity and the phase angle, respectively. In CHARMM, improper dihedral angles

are penalized according to the formula shown in the fifth term. The sixth term

measures the LJ interactions: ri j measures the Euclidean distance between two

non-bonded atoms (that are not covered by the UB term), ǫi j is the LJ well depth,

and Rmini j = (Rmini + Rmin j)/2 is the minimum interaction radius between the

atoms, measured as half the sum of the known van der waals radii. The LJ term in

CHARMM has a 12 − 6 functional form, whereas other physics-based functions
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may have a 12 − 10 functional form. The final term measures electrostatic inter-

actions via the Coulomb functional form: qi measures the known partial charge of

atom i and ǫ is the dielectric constant encoding the type of environment (vacuum,

solvent).

Different energy functions may have different functional forms and even em-

ploy a different list of terms; for instance, some treat hydrogen interactions differ-

ently. This is particularly the case for knowledge-based functions, which may also

contain additional terms based on statistically-observed interactions calculated

over databases of protein structures. Whether physics-based, knowledge-based,

or hybrid functions that combine both physics-based and knowledge-based terms,

current protein energy functions are semi-empirical. In addition to decisions on

how many terms and what the terms should capture, important decisions are made

to weight the contribution of each term so as to reproduce experimental measure-

ments on specific subsets of protein structures. Moreover, most energy functions

limit interactions to pairwise ones. Energy functions that calculate multi-body in-

teractions often outperform pairwise-based functions in reproducing experimental

kinetic data, but their computational cost remains high to be practical for most

protein structure modeling algorithms (18).

2.2.1 Protein Energy Surfaces

If one were to organize all conformations of a protein chain on horizontal axes

and the potential energy corresponding to each conformation in a vertical axis,

the view that would emerge would be a funnel-like (multidimensional) energy

surface (33, 34). If one were to find few collective (also referred to as reaction)

coordinates that discriminate among the important structural states, projecting the

surface onto these coordinates would give rise to the energy landscape, where

thermodynamically-available states would be easily discerned as basins (35). A

classic landscape is shown in Fig. 1(c).

Horizontal cuts would reveal energetic states (and thus conformations of com-

parable potential energies). The width of these cuts goes down as energy decreases

in a true protein energy surface. This width is captured in the concept of entropy,
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which measures the degree to which a protein chain can assume different confor-

mations while maintaining the same potential energy (within a dE). An entropy

value can be associated with each energetic state; thermodynamically-stable states

are those with low free energy F, measured as F = 〈E〉 - TS, where 〈E〉 is average

potential energy over conformational ensemble corresponding to the state, T is

temperature, and S is entropy. Evolutionary bias has been found to be the reason

for why the native state in naturally-occurring proteins has lowest free energy (12).

Long-lived states in proteins correspond to deep and wide basins. The exact

details of the contribution of potential energy versus entropy are what determine

whether a basin corresponds to the most thermodynamically-stable (longest-lived)

and thus the native state of a protein or a semi-stable state. In many proteins,

complex energy surfaces are emerging, where more than one structural state is

employed in conformational switch mechanisms that modulate function and gives

rise to rich functionality. In many aberrant versions of a protein, energy barriers

between stable and semi-stable states drastically change and modify the underly-

ing detailed structural mechanism regulating function, resulting in misfunction.

In view of complex protein energy surfaces, conformational search algorithms

need to elucidate not just one putative global minimum but map the breadth of

low-energy conformations corresponding to local minima in the underlying en-

ergy surface. Visualization of this surface via a low-dimensional energy landscape

may reveal a multitude of basins that are worth considering, whether the goal is to

select from them the one corresponding to the predicted native state or understand

the mechanisms through which a protein and its aberrant versions may make use

of more than one basin for function modulation and misfunction.

3 PSP as an Optimization Problem

Whether cartesian-based or angular-based representations are employed, it is gen-

erally expected that the representation of a protein chain of hundreds of amino

acids will result in hundreds of variables. Thus, the conformation space is ex-

pected to be high-dimensional. The space can be discretized, but the number of
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variables makes enumeration impractical as a way of computing conformations of

a protein chain. It is worth noting that in the early days, when short polypeptide

chains were being investigated to extract physical principles of protein folding,

bonded atoms were forced to occupy neighboring cells in a 2d or 3d lattice (19).

Combinatorial techniques could be employed to enumerate conformations of short

protein chains (20–22), but finding the lowest-energy conformation on a lattice has

been proved to be NP-hard (23–25). While lattice representations allow tackling

very large proteins of several hundred amino acids, PSP methods designed for

small-to-medium size proteins not exceeding 200 amino acids can afford to pro-

duce higher-quality conformations with more accurate backbones by employing

off-lattice representations.

When off-lattice representations are considered, the conformation space is

expected to be vast, high-dimensional, and continuous. As described later, dis-

cretization can still be employed (as in the popular molecular fragment replace-

ment technique), but the exponential explosion in the number of resulting con-

formations makes enumeration impractical. As a result, only stochastic or proba-

bilistic algorithms can be employed to essentially sample the conformation space

one conformation at a time. Such algorithms essentially build sample-based rep-

resentations of conformation spaces. Since the goal is to map low-energy regions

of the underlying energy surface where deep and wide basins may be found that

correspond to the native, longest-lived structural state, such algorithms implement

stochastic optimization of complex, nonlinear and multimodal energy functions.

Stochastic optimization algorithms forsake completeness, as no guarantees

can be made even on their ability to find, for instance, the global minimum en-

ergy conformation or GMEC (a term coined by Scheraga and colleagues (36)). It

is worth noting that the GMEC may not correspond to the native structure, after-

all. One reason is due to inaccuracies in energy functions. The global minimum

of even state-of-the-art all-atom energy functions can be more than 4Å off the true

native structure (37). Another reason is due to the thermodynamic argument that

the native state is not necessarily the one with the lowest energy but the one that

compromises between potential energy and entropy. A deep but narrow basin may
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not only be an artifact in an energy function but also possibly a kinetic trap. The

native basin may be deep enough and wide enough to prevent fast escapes and

allow structural flexibility at equilibrium.

There are currently three groups of stochastic optimization methods. The first

group builds on the MD template and essentially follows the negative gradient of

a given energy function to find local minima. The second group builds on the

MC template and makes use of repeated moves or perturbations to hop between

conformations while generally lowering potential energy. The second group of

methods and the subject of this review, EAs, builds on the EC template and shares

many characteristics in its core functional units with MC-based methods. Indeed,

as our exposition shows, MC-based methods can be classified as specific EAs. We

summarize the popular MD and MC templates before proceeding with EAs in the

next section in order to better appreciate the algorithmic differences among these

three groups of methods.

MD-based methods simulate the dynamics of a physics-based system. An MD

trajectory is initiated from a protein conformation and systematically searches the

conformation space one conformation at a time by numerically solving Newton’s

equations of motion. These are integrated to obtain a conformation Ct+δt at time

t + δt from a current conformation Ct at time t in the trajectory. All atoms in Ct

are modified in the direction of the calculated forces, allowing the MD trajectory

to essentially follow the slope of the potential energy function. Newton’s equa-

tions of motions are used to update the position and velocity of each atom in time.

While velocity is initialized at some random value, accelerations are computed

from the (negative) gradient of the potential energy function. Repeated applica-

tion of the equations of motions dictates that a small timestep δt in the order of

1-2 femtoseconds be used so that the calculated gradient at each conformation in

the trajectory closely follow the curvature of the potential energy function. The

small timestep limits the breadth of conformation space that an MD trajectory can

explore. Significant advances in dedicated, specialized hardware for MD simula-

tions, parallelizations, and other enhanced sampling techniques have pushed the

capability of MDs and their ability to capture molecular processes in the order of
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micro-to-milli seconds (38–40).

It remains hard for MD trajectories to reach the length and time scales needed

to follow transitions between unfolded and folded states, or vice-versa, or between

other stable states. Moreover, gradient calculations are more easily conducted in

cartesian space, which results in a vast search space. Modifications to conduct

MD search over the space of dihedral angles have been proposed (41–43). In

essence, an MD trajectory realizes local search, and it is bound to converge to a

local minimum in the energy surface. For these reasons, most methods with high

sampling capability employ a thermodynamic rather than a kinetic treatment in

the interest of computational efficiency. Monte Carlo (MC)-based methods fall in

this category.

In contrast to MD, conformations in an MC trajectory are not obtained by

following the slope of the energy function but are the direct result of designed

moves. The moves change values of the underlying variables and do not have

to be physically-realistic as long as they are coupled with the Metropolis crite-

rion e−∆E/T . ∆E is difference in energy between the conformation resulting from

the move, and T (effective temperature) is a scaling parameter that determines

whether an energetic increase can be accepted or not. The result is a series of

conformations that still converges to a local minimum but has the ability to cross

over energetic barriers by controlling T . The MC template has higher sampling

capability than the MD one, as moves can be designed to allow larger jumps in

conformation space. However, because designed moves do not have to encode re-

alistic (physics-based) motions, any information on whether and when the protein

chain can diffuse from a computed conformation to another (thus, actual timescale

information) is lost.

4 EAs for PSP and Mapping Energy Landscapes

We first summarize the unifying template of EAs and even show how MC can

be regarded as a specialized EA. We then provide a summary of EAs for PSP,

organizing it around principal algorithmic components. Recent EAs with high
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performance on PSP are highlighted in greater detail. The section concludes with

an exposition of a recent group of EAs that go beyond the narrow focus of single-

structure prediction in PSP and instead mapping the breadth of functionally-relevant

structures and corresponding basins in the energy landscape.

4.1 Unifying Template of EAs for PSP

The realization that protein energy functions are nonlinear and multimodal, and

that PSP can be cast as a global optimization problem has motivated many re-

searchers in the EC community to approach PSP with specialized EAs. One of

the first works demonstrating the promise of EAs for PSP proposes a genetic al-

gorithm (GA) (44). Several lattice-based and off-lattice EAs have been proposed

since then. Before summarizing the developments in a little over a decade, the

unifying template that EAs follow is summarized first.

The basic EA template mimics the process of evolution and natural selection

to find local minima of a complex objective/fitness function. The template evolves

a population of conformations (generally referred to as individuals) over a number

of generations. A mechanism needs to be specified to generate the initial popula-

tion, which can consist of conformations sampled at random over the employed

variables (especially in the context of PSP, where only the amino-acid sequence is

provided) or conformations provided by domain experts, such as wet-laboratory

investigators, corresponding to known structures (in other applications that go be-

yond PSP and aim to map energy landscapes).

The population is allowed to evolve over generations such that individual (con-

formations in EAs for protein structure modeling) with low potential energy val-

ues (high fitness) are repeatedly selected and improved upon. In each generation,

a selection mechanism is specified to select parent conformations for producing

new conformations (offspring). The mechanism can be based on energies or other

measures, incorporating various heuristics on what is more likely to lead to low-

energy (high fitness) and possibly (structurally) diverse offspring. Popular se-

lection mechanisms are truncation-based, fitness-proportional, tournament-based,

and others (45). The injection of structural diversity in the selection mechanism is
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particularly important to diversity a population and often credited with avoiding

premature convergence to select local minima.

Once parents are selected, asexual perturbation or reproductive operators that

modify/mutate one parent at a time or sexual operators that combine parents

through cross-over are invoked to compute new individuals, offspring. A sur-

vival mechanism determines which individuals survive to the next generation. In

non-overlapping or generational survival mechanisms, the offspring replace the

parents. In overlapping ones, a subset of individuals from the combined parent

and offspring pool are selected. Survival mechanisms may be based on fitness

or consider other criteria (such as for instance, structural similarity of conforma-

tions) in order to steer the algorithm over the generations to optima of the fitness

landscape.

EAs that employ crossover in addition to the mutation operator are often re-

ferred to as genetic algorithms, or GAs. EAs that additionally incorporate a meme,

which is a local search/improvement operator to optimize a child and effectively

map it to a nearby local minimum, are referred to as hybrid or memetic EAs

(MAs). The employment of multiple objective functions as opposed to a single

fitness function results in multi-objective EAs (MO-MAs). Specific variants that

build over GA are respectively referred to as MGAs and MO-GAs.

Customized EAs for PSP contain many other evolutionary strategies and meta-

heuristics, such as the employment of a hall of fame to preserve “good” solutions,

tabu search to improve the performance of a meme, co-evolving memes, niching,

crowding, twin removal for population diversification, structuring of the solution

space to facilitate distributed implementations capable of exploiting parallel com-

puting architectures, and more. The combination of all these strategies and more

(Ref. (45) provides a comprehensive review on EAs for stochastic optimization)

give rise to different, powerful EAs.

EAs have been demonstrated effective for sampling low-energy protein con-

formations. Though MC-based methods for PSP are generally more accepted and

popular in computational structural biology, EAs have less of a chance of getting

stuck at local minima compared to MC search (44). Recent adaptations of EAs
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that employ state-of-the-art domain-specific knowledge on proteins, such as off-

lattice, coarse-grained, angular representations of protein chains, state-of-the-art

protein energy functions, and the popular molecular fragment replacement tech-

nique in perturbation and improvement operators, have been demonstrated to be

competitive with state-of-the-art MC-based methods (37, 46–49).

4.2 Performance Measurements of EAs for PSP

There are typically two measurements used to assess the performance of an EA.

When the goal is to compare the addition of novel algorithmic components and

heuristics in a customized EA for PSP against a baseline EA, performance is as-

sessed based on the lowest energy reached by each algorithm over the course of

the execution. The termination criterion is set in terms of number of generations

or total energy evaluations allowed. The latter allows for fair comparison of EAs

with MAs. The second performance metric assesses the ability of the algorithm

to compute the known global optimum, that is, the known native structure of a

protein. The metric of choice is the least RMSD metric summarized in section 2.

The lowest RMSD from the native structure over conformations obtained by a

conformation sampling algorithm is recorded and reported as the closest that the

algorithm comes to the known native structure. In EAs, this calculation is often

carried out over all conformations ever computed (over all generations) as op-

posed to only those in the final population or those in the hall of fame (if a hall of

fame is employed). The reason for doing so is that it is not uncommon for a good

solution to be lost in later generations.

4.3 MC as 1+1 EA: Basin Hopping as a Specialized MA

We now provide further understanding on why EAs are promising avenues to

approach PSP by first demonstrating that they encapsulate MC-based methods.

MC can be cast as a 1+1 EA. Since an MC trajectory is a series of conforma-

tions, where Ci+1 is the result of applying a move on Ci in the trajectory, an MC

trajectory of n conformations can be viewed as an EA of n generations. In each
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generation i, the only individuals Ci is subjected to a perturbation operator that

employs a designed move, and the result of that operator is conformation Ci+1.

A non-overlapping, generational model replaces Ci with Ci+1; that is, Ci+1 is the

only conformation retained in the population of the next generation. This is a

standard MC algorithm. In a specialized version, known as the Metropolis MC,

a probabilistic criterion is employed to determine whether Ci+1 is retained in the

trajectory or another attempt/move needs to be made on Ci. Even Metropolis MC

can be viewed as a 1+1 EA. Instead of the generational model, the parent and off-

spring are combined, and a probabilistic criterion is employed to determine which

one survives in the next generation.

An interesting adaptation of Metropolis MC has been proposed to address PSP

in the computational structural biology community. The adaptation concerns addi-

tionally subjecting each generated conformation Ci+1 to an energetic minimization

technique that maps Ci+1 to a local minimum in the energy surface. The confor-

mation representing the local minimum, C
i+1∗ is the one considered for addition

into the trajectory through the Metropolis criterion. Essentially, the MC trajectory

is a series of local minima, or basins, and the algorithm has also been referred to

as basin hopping (BH). BH is a specialized EA. The energetic minimization can

be considered a local improvement iterator, thus making BH a 1+1 MA.

The history of BH in computational structural biology is rich and can be traced

to work by Wales and Doye on obtaining the LJ minima of small atomic clus-

ters (50). When considering that BH is an MC with minimization, its roots go

even deeper to the “MC with minimization” methods proposed by Scheraga and

colleagues (36,51). Simultaneous work on BH for addressing challenging real-life

problems has appeared in the AI community. In particular, in the EC community,

BH is also known as Iterated Local Search and is popular for solving discrete

optimization problems (52).

Recently, BH algorithms has seen a comeback in computational structural

biology. BH algorithms essentially differ in how they implement the perturba-

tion and improvement operators. For instance, the perturbation predominantly

modifies atomic coordinates, and minimization is either a gradient descent or a
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Metropolis MC at low temperature (37,53–55). Application for PSP in (49) shows

that cartesian-based representations are the culprit of decreased efficiency and ef-

ficacy on capturing the native structure on protein sequences longer than 75 amino

acids. Adaptations of BH algorithms to employ angular-based representations and

the fragment replacement technique in the perturbation operator have resulted in

competitive performance with top MC-based conformational sampling algorithms

in PSP. We highlight one such algorithm below. The reader is referred to Ref. (56)

for a review on BH algorithms for protein structure modeling.

4.3.1 Highlight: Basin Hopping for PSP

Work in (46) extends the applicability of BH for PSP in proteins more than 120

amino acids long. This is mainly a result of employing the molecular fragment

replacement technique in the perturbation operator. The technique is popular with

the top conformational sampling algorithms for PSP and other structure-related

problems and central to their performance (46, 47, 57–66). Its popularity is due to

the fact that it allows rapidly computing conformations with credible secondary

structures. Below we briefly summarize it.

Molecular Fragment Replacement The basic idea is to bundle together con-

secutive dihedral angles of k amino acids (k is typically 3 and 9). The segment

[i, i + k − 1] in the protein chain is referred to as a fragment, and the dihedral an-

gles corresponding to the fragment are referred to as the fragment configuration.

A move consists of replacing values of all these angles simultaneously with val-

ues obtained from a pre-compiled library (often referred to as a library of fragment

configurations). The library is pre-compiled from known, non-redundant protein

structures. The chain of each structure is excised in overlapping fragments, and

configurations are stored organized by their amino-acid sequence. Making a move

on a conformation C to generate a new conformation consists of the following

three steps: a position i in the protein chain/sequence is sampled at random. A

fragment [i, i + k − 1] is then defined. The library is queried with the amino-acid

sequence of the fragment. Configurations of fragments with the identical (or sim-
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ilar) sequence are then collected, and one is selected at random to replace that

of the fragment in conformation C. Details on constructing fragment configura-

tion libraries are presented in (67). A representative PSP package that employs

MC-based conformational sampling algorithms with the molecular fragment re-

placement technique is the Rosetta package (68).

PSP-BH with Molecular Fragment Replacement The BH-based algorithm

in (46) samples local minima within 5 − 6Å at most of the native structure on

diverse proteins and is thus competitive with MC-based state-of-the-art sampling

algorithms for PSP. Work in (46) shows a strong correlation between RMSD to

the native structure and RMSDs between consecutive local minima. Based on this

finding, later work in (47) introduces techniques to control the distance between

consecutive local minima and thus further improve proximity to the native struc-

ture. Work in (47) also shows that simple greedy search in the local improvement

operator is just as effective but more efficient that MC-based improvement.

4.4 Population-based Off-lattice and On-lattice EAs for PSP

We now summarize state-of-the-art population-based EAs and algorithmic com-

ponents responsible for recent advances.

The popularity of lattice-based representations in the early 1980s in protein

structure modeling motivated development and adaptations of EAs for a simplified

instantiation of the PSP problem. Significant work in the EC community on PSP

still employs a lattice-based HP model of a protein chain, where an amino acid

is modeled as a bead in 2d or 3d, two types of beads are considered (hydropho-

bic/H versus hydrophilic/P), and amino acid beads are positioned on a 2d or 3d

lattice. In essence, the PSP problem is simplified, and the objective becomes find-

ing an on-lattice self-avoiding walk that minimizes the interaction energy among

amino-acid beads. Lattice-based representations facilitate the design of simple

perturbation operators and are amenable to simplistic energy functions for sum-

ming up interactions and scoring conformations. The employment of lattice-based

representations reduces the typical computational demands of PSP and allows fo-
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cusing on algorithmic design and analysis, particularly regarding an optimal the

interplay of exploration versus exploitation. A comprehensive review of on-lattice

EAs can be found in Ref. (69). In the following, we review salient search strate-

gies demonstrated effective on on-lattice and off-lattice EAs and then highlight

recent developments that position EAs as competitors with top MC-based PSP

conformation sampling algorithms.

4.4.1 Hybridization to Balance Global and Local Search

In the EC community it is well understood that, for complex optimization prob-

lems, simple EAs are not sufficient for achieving the necessary balance between

exploration and exploitation. As a consequence, there continues to be an interest

in developing more complex EAs capable of achieving this balance on complex

fitness landscapes rich in local minima. One direction concerns the design and

implementation of hybrid EAs that combine population-based global search tech-

niques with domain-specific local search methods.

There are a variety of ways in which local search methods have been embed-

ded in EAs. MA is the most well-known hybridization approach, based on the

idea that a top-level EA manages a population of local searches (memes) with

the goal of maintaining a diverse set of memes (exploration) while exploiting

efficient local search methods with memes. Other less well-known approaches

include Baldwinian EAs, Lamarkian EAs, cultural algorithms, and genetic local

search (70–73). MAs have been first adapted for conformation sampling in PSP

for toy or short peptides, employing the lattice-based HP model (74–79).

Work on on-lattice EAs has has demonstrated that the addition of local searches

or memes is particularly effective when crossover is employed to combine features

from multiple previously-sampled conformations (80). In a rugged landscape, off-

spring obtained through crossover are highly likely to have low fitness. This is par-

ticularly the case for protein conformations, where variable coupling makes it dif-

ficult to obtain offspring that readily satisfy implicit energetic constraints imposed

by long-range interactions. Studies show that the use of short memes improves the

ability of an MA to sample low-energy conformations (81). This in turn allows
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reaching significantly lower-energy conformations in a shorter amount of time and

has been demonstrated both in on-lattice and off-lattice MAs (74–79, 82, 83).

In (80), where the meme is a hill-climbing local search, the MA is shown

both more efficient and more effective at finding near-native conformations over

a standard EA. A recent study in (84), which extends the EA-based Harmony

algorithm to use a hybrid local search shows similar improvements over the orig-

inal algorithm. However, improvements are often reported in terms of energetic

values reached, with lower values taken as indication of higher exploration capa-

bility (85, 86). While such a metric is important for comparing novel algorithmic

ingredients to baseline EAs, in itself it is not indicative of the utility of sampled

conformations for PSP. In the computational structural biology community, the

focus is often on the ability of a conformation sampling algorithm to reach the

known native structure; that is, the metric underpinning performance is RMSD

or other distance-based metrics between sampled conformations and the known

native structure. When judged by this metric, many on-lattice EAs fall short when

compared to the state-of-the-art MC-based conformation sampling algorithms that

have moved beyond lattice models. In addition, due to the popularity of a legacy

benchmark dataset, the majority of on-lattice MAs are tested on proteins no longer

than 61 amino acids. On longer chains, prediction quality suffers; for instance

work in (84) reports the inability to find conformations below 6Å RMSD to known

native structures on chains longer than 60 amino acids (84).

Highlight: Population-based, Off-lattice MAs for PSP MAs capable of reach-

ing similar or better prediction quality than state-of-the-art MC-based confor-

mation sampling algorithms incorporate key domain-specific insight on proteins.

These include off-lattice, backbone-based angular representations, state-of-the-art

energy functions, such as the suite of Rosetta energy functions, and the popular

molecular fragment replacement technique in perturbation operators and memes (46,

48, 87, 88). Work in (82) introduces a fixed-size MA that makes use of such

domain-specific insights. The greedy local search that constitutes the meme makes

use of the fragment replacement technique; conformations are evaluated with to
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the Rosetta score3 function, and elitism is employed to pitch the top offspring

against the top parents. The survival mechanism is truncation-based. A represen-

tative result of the performance of this MA is provided in Fig. 2, which shows that

this MA beats the (multistart) MC-based conformation sampling algorithm em-

ployed in the popular Rosetta structure prediction protocol in terms of exploration

capability while achieving similar or lower RMSDs to the known native structure.

Work in (82) additionally considers injecting crossover into this MA and studies

the interplay between various crossover operators and the local search. A novel

crossover operator is proposed that preserves local structural features and results

in offspring with fewer constraint violations.

Highlight: Memes and Move Sets in EAs for PSP With the realization that

the local search/improvement operator is key to obtaining optimal conformations,

significant efforts are spent in designing customized operators for both on-lattice

and off-lattice EAs for PSP. Due to the demonstrated superiority of the molecular

fragment replacement technique in MC-based conformation sampling algorithms,

related efforts in off-lattice EAs have pursued memes that are hill climbers, MC

local search, Metropolis MC local search over fragment replacement moves (46–

48, 82, 87–89).

Work in on-lattice EAs has also revealed a variety of effective memes for EAs

on 2d square and triangular, and 3d cubic, triangular, and face-centered-cubic

(FCC) lattices. The majority of memes for lattices employ the concept of move

sets, such as diagonal moves and tilt moves (90), moves that preserve local, sec-

ondary structures (91), pull moves (92, 93), end moves, corner moves, three-bead

and end flip for single-point moves and crankshaft for double point moves (94),

rotation moves (23). In particular, recent work in (95) investigates in detail the

geometric properties of the 3D FCC lattice and proposes several local search op-

erators that build on lattice rotation and generalized move sets to achieve optimal

conformations much faster than baseline EAs.
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Highlight: Co-evolving Memes in GAs for PSP Another interesting direction

in MAs is the co-evolving of memes. Early work in MAs for PSP pursued dy-

namically modifying memes. The idea is that a single static local search may not

be effective for all protein sizes and topologies or stages of an EA. Work in (96)

proposes an on-lattice GA with a Metropolis MC-based local search (an HP lattice

model is employed). Temperature in the Metropolis criterion is varied in a reactive

scheme so that the method balances between exploration and exploitation. When

the population of conformations is deemed diverse, the temperature is lowered to

focus on exploitation of local minima. As the population converges, the tempera-

ture is increased to shift the focus on exploration. The method is reported to find

high-fitness conformations faster than a baseline EA. Extensions in (97) co-evolve

memes alongside conformations (variables such as length of the local search and

type of mutation are added to the variables employed to represent a conforma-

tion) (97). Co-evolving memes is shown to improve both time performance and

fitness of computed conformations over baseline EAs (97–99).

4.4.2 Evolutionary Strategies to Avoid Premature Convergence

The issue of premature convergence or stalling due to loss of population diversity,

long known in the EC community to accompany GAs, has also been observed

in adaptations for PSP. The GA crossover and mutation operators can become

ineffective over time, leading to growing similarity among individuals in a pop-

ulation (100, 101). Stalling is an expected phenomenon, as earlier generations

are expected to cover a broader search space while later generations are expected

to converge to specific regions in the fitness landscape. With growing similarity

in a population, the crossover operator becomes implicitly controlled and fails to

produce offspring that are significantly different from their parents. In effect, the

crossover operator produces more twins.

Stalling is responsible for GAs getting frequently trapped in local minima (102).

This is exacerbated for longer protein sequences and is credited as one of the ma-

jor reasons why GAs, though effective, are not competitive with state-of-the-art

MC-based conformation sampling algorithms for PSP (103).
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Some of the earliest work addresses this phenonemon by using genotypic di-

versity for selection and replacement of individuals in a population (104). The

original on-lattice GA proposed in (96) is extended in (104) so that parents se-

lected for crossover have maximal genotypic difference, measured via the Man-

hattan distance metric. Experiments show that significantly lower energy values

are obtained over the original GA (104).

In other studies, a twin removal approach is employed instead. Twins are

energetically- and structurally-similar conformations and they are determined based

on phenotypic distance measured via Hamming distance or distance over con-

tact maps (105). There are several twin removal strategies. One strategy is to

periodically remove and replace twins with new conformations sampled at ran-

dom (77, 105, 106). Other strategies relax the definition of twins to include not

only identical but also highly-correlated individuals (107). Work in (107) shows

that such an approach significantly improves performance of a number of on-

lattice, GA-based methods. Crowding, a strategy originally introduced in (108),

can also be seen as a specific implementation of twin removal, though restricted

to an offspring replacing an individual most similar to itself (109). Another strat-

egy known as niched-penalty (110) does not explicitly remove similar individuals

but imposes a penalty to discourage their participation as parents for producing

offspring for the next generation. Though promising, the strategy has yet to be

evaluated in EAs for PSP.

Another popular approach for increasing diversity in EAs for PSP is to avoid

redundant conformations all together. This approach, known as tabu search, keeps

track of conformations recently visited by the local search to avoid their revisita-

tion by other local searches (111). Work in (112) employs a subset of already-

sampled conformations to avoid revisitation at the global level in an MA. Com-

parison of these two distinct employments of tabu search to avoid revisitation

shows that tabu search at the global level is more effective than at the local level

on HP-lattice models (112). Customizations of tabu search for on-lattice EAs are

regularly pursued (113,114). Integrations of tabu search in off-lattice MAs are also

beginning to be pursued, though currently limited to hydrophobic-hydrophilic toy
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models (115, 116).

4.4.3 Multi-Objective Optimization in EAs for PSP

Casting PSP as a multi-objective rather than a single-objective PSP problem is

proving powerful and effective at avoiding premature convergence and overall

improving the performance of EAs regarding their ability to reproduce known

native structures.

Multi-objective optimization (MOO) lies in the ability to decouple and group

terms in an energy function in a few categories considered as separate objectives.

MOO originates from the Pareto analysis in economic theory on simultaneous

optimization of conflicting objectives. Casting PSP as an MOO problem is par-

ticularly suitable, because terms in protein energy functions compete with one

another. For instance, slight fluctuations in the backbone of a protein confor-

mation may simultaneously lower the value of the energy terms measuring local

interactions but increase the value of the terms measuring non-local interactions.

A simple way to cast PSP as an MOO is to do so in the survival mechanism

through the concept of dominance. Suppose that the terms in a protein energy

function are grouped into two categories, NB (non-bonded) and B (bonded). A

conformation Ci is said to dominate C j when the value of every category in Ci

is strictly less than the value of the corresponding category in C j. This is known

as strong dominance (weak dominance allows equivalent values). If strong dom-

inance is employed, the number of conformations that dominate a conformation

Ci is known as the Pareto count of Ci. Non-dominated conformations (those with

Pareto count 0) constitute the Pareto front of a set of conformations. A Pareto

rank can also be associated with a conformation Ci by counting the number of

conformations that Ci dominates (conformations in the Pareto front have Pareto

rank 0 by definition).

Before highlighting several EAs that treat PSP as an MOO problem, it is worth

noting that the concept of Pareto dominance has been shown useful also for decoy

selection techniques that select a subset of computed conformations for further re-

finement and then decide among those which ones represent the unknown native
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state in true blind prediction setting. The majority of current decoy selection tech-

niques in PSP make use of RMSD-based clustering of conformations; typically,

the cluster with the largest number of members is predicted as the native state.

MOO analysis provides an alternative route. Recent work has shown that

the Pareto front or various thresholds of Pareto counts are effective at reducing

the ensemble of sampled conformations while retaining near-native ones (47).

The selection of the Pareto knees is also shown effective (117, 118). In (118),

a knee-based selection technique retains conformations within 0.3Å of the ac-

tual best conformation in the ensemble (best in terms of RMSD to the native

structure). Work in (119) provides contradictory results and shows that includ-

ing knees makes little difference. Testing is conducted on short peptides up to 20

amino acids long, which probably do not benefit from MOO analysis.

Decoupling energy terms into separate objectives and employing MOO re-

duces the complexity of the energy landscape in short polypeptides by reducing

the number of local minima (120). MOO has already been integrated in on-lattice

EAs for conformation sampling (121, 122). MOO in off-lattice EAs decomposes

terms of all-atom energy functions, such as CHARMM and AMBER (123, 124).

Typically, terms of the energy function are grouped in two categories, with one

category consisting of the Lennard-Jones term that measures non-bonded inter-

actions, and the other category summing up all other terms. Doing so in the

fast messy Genetic Algorithm (fmGA), which represents dihedral angles as 10-bit

strings, is shown to result in lower-energy conformations over the baseline fmGA

for short protein chains of 5-14 amino acids (123, 124). Other studies employ

three rather tan two categories and show that doing so results in more conforma-

tions closer to the native structure. Testing is limited, however, to a short peptide

and a medium-length protein (125–127).

Highlight: State-of-the-art 1+1 MO-MA for PSP Work in (128) integrates

MOO in a 1+1 EA, using the same CHARMM bonded vs. non-bonded cate-

gories as work in (123,124). Conformations in the Pareto front are recorded in an

archive or hall of fame, and secondary structure prediction from a given amino-
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acid sequence and side-chain rotamer libraries are used to bias sampling toward

physically-relevant conformations. At each generation, the offspring and parent

compete for survival. If neither dominates the other, the one which dominates

more of the archive survives. Later work extends the I-PAES and shows it effec-

tive on several longer protein chains up to 70 amino acids (118). Conformations

below 5Å lRMSD to the known native structure are found for sequences up to 70

amino acids in length, and results are shown to outperform several other MOO

EAs and standard EAs on shorter chains, as well. Some representative results are

shown in Fig. 3.

Highlight: State-of-the-art population-based MO-MAs and MO-MGAs for

PSP Work in (129) integrates MOO in the population-based MAs and MGAs

proposed and shown competitive in (82) to the Rosetta MC-based conformation

sampling algorithm. Three categories are defined that group together terms of the

Rosetta score4 function; the first category measures short range hydrogen bond-

ing,; the second measures long-range hydrogen bonding; and the third term sum-

ming the rest of the terms. It is worth noting that the employment of backbone

dihedral angles as variables preserves bond lengths and valence angles; thus, en-

ergetic differences between conformations are due to non-bonded interactions. A

novel truncation selection mechanism is employed, which sorts parent and off-

spring at the end of each generation first by their Pareto rank and then by total

energy (for conformations with the same Pareto rank). The injection of this MOO

technique is compared against the baseline MA and MGA algorithms originally

introduced in (82), resulting in the MO-MA and MO-MGA algorithms presented

in (129). The addition of Pareto count in the truncation-based mechanism is also

tested (conformations are first sorted by Pareto rank, then Pareto count, then total

energy). The resulting extensions are referred to as MO-MA-PC and MO-MGA-

PC (130). Fig. 4 shows that these four algorithms outperform the multistart MC-

based conformation sampling algorithm in Rosetta and represent the state of the

art in off-lattice EAs for PSP. Fig. 5 showcases the capability of these algorithms

by rendering the lowest-RMSD (best) conformations obtained by these algorithms
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on a variety of proteins and comparing these to the best conformations found by

multistart MC-based conformation sampling algorithm in Rosetta.

4.5 EAs for Mapping Protein Energy Landscapes

EAs obtain a discrete representation of the potential energy surface of a protein

chain. It is thus easy to see the promise of EAs for more than PSP. A central

challenge in molecular biology is to understand functional changes upon single-

point mutations in proteins. EAs hold significant promise for providing a detailed

characterization of structure spaces and underlying energy landscapes, which cur-

rently challenge methods based on MC and those based on Molecular Dynam-

ics. However, a truly de novo setting currently proves too challenging, given that

the objective is to retain diversity and map multiple basins of a protein’s energy

landscape. In recent work, EA-based methods are proposed to map multi-basin

energy landscapes of complex proteins over 100 amino acids long. These meth-

ods make use of known, experimentally-available long-lived structures of healthy

(wildtype) and aberrant versions of a protein. These structures are leveraged to

transform a discrete problem into a continuous one, subjecting them to Principal

Component Analysis to reveal a few collective variables constituting the search

space for the EA. In (109, 131), mutation operators are defined over the variables

and a family-based crowding mechanism is used to retain diverse conformations

longer. The evaluation operator lifts individuals from the reduced representation

to an all-atom representation prior to subjecting them to a meme for improvement;

the latter uses a simulated annealing MC local search currently implemented as

the relax protocol in Rosetta.

An implementation of the above method is available in http://www.cs.

gmu.edu/˜ashehu/?q=OurTools. Applications on several proteins up to 165

amino acids long show that this MA is able to reveal multiple basins of proteins

known switch between different structural states for function. In particular, work

in (132) builds on this MA and introduces a method that is capable of mapping

energy landscapes of wildtype and oncogenic sequences of the H-Ras catalytic

domain and explaining via comparison of the landscapes the reasons for func-
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tional changes. While these methods explicitly seed the initial population with

experimentally-available structures, an adaptation of the popular CMA-ES tech-

nique is introduced in (133) employs these structures only to extract the reduced

search space via PCA and initialize the multivariable distribution.

5 Future Prospects

As stochastic optimization now represents the only computationally-feasible ap-

proach to PSP, work on improving the capability of EAs for PSP is expected to

continue. Work on on-lattice EAs is expected to advance PSP for very large pro-

tein chains of several hundred amino acids. On protein chains of up to 200 amino

acids, the goal is to increase prediction accuracy, and in this domain, more returns

are expected from off-lattice EAs that make use of state-of-the-art protein energy

functions.

While this review highlighted several evolutionary techniques adapted from

the EC community to address the exploration vs. exploitation issue in the multi-

modal protein energy landscapes, there are several opportunities to design more

complex EAs. As the review has highlighted, there are several known mechanisms

for population diversification that have yet to be adapted and tested for PSP. There

are several opportunities to further investigate dynamic, co-evolving memes, par-

ticularly for more complex local searches. There is a growing interest in the

EC community to dynamically make decisions on allocation of computational

resources to computation-heavy memes (134). Other evolutionary strategies for

structurization of EAs also present interesting new avenues to enhance exploration

capability. Interestingly, structured EAs have been debuted in macromolecular

modeling but have been limited to sequence-function prediction problems (135).

Further investigation of multi-objective optimization and Pareto-based measures

is expected to improve accuracy, particularly in the context of inherently approxi-

mate protein energy functions. Finally, given the importance of injecting domain-

specific insight in EAs for PSP, efforts on designing novel, representation-specific

perturbation operators are expected to improve performance.
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As this review has highlighted, the potential of EAs beyond PSP for the more

general and challenging problem of mapping protein energy landscapes is only

beginning to be realized (109,131–133,136). Evolutionary strategies that hold off

premature convergence are key to the ability of EAs to reproduce a multitude of

possible basins in a complex landscape.

EC researchers tempted by the richness and complexity of scientific questions

posed by protein structure modeling now have strong foundations to venture into

this domain. Work in protein structure modeling is challenging, as it often requires

researchers to attain working knowledge in a new discipline. For those willing to

do so, however, the payoff is significant. It is worth considering that, while at

the moment EAs are not the top methods for PSP and modeling of single protein

chains, there is one domain where they have dominated and replaced MC-based

algorithms. In protein-ligand binding and protein-protein docking, the top algo-

rithms are complex EAs. The hope is that in a few years, one will be able to say

the same for for PSP and protein structure modeling in general.
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Fig. 1

Illustration of Protein Geometry and Energetics

Top panel: The 3d structure shown on the left is a wet-lab snapshot of the

biologically-active state of the ubiquitin protein. The Visual Molecular Dynamics

(VMD) (137) is used for rendering. The backbone is drawn in opaque, with the

local secondary structures drawn in different colors and side chains in transparent

to easily visualize the backbone. A small fragment from amino acid at position

47 to position 52 in the 76-aa chain of ubiquitin is highlighted in greater detail on

the right. The chain is drawn in the ball-stick representation with VMD. Back-

bone atoms in each amino acid are annotated. The side chain atoms are drawn

in silver. The φ, ψ dihedral angles are shown, as well. Bottom panel: A model

energy surface with a single deepest basin is illustrated here, adapted from (34).

The surface is nonlinear and multimodal. The deepest basin is populated by con-

formations of the biologically-active state, illustrated here by superimposing over

one another conformations of the ubiquitin NMR ensemble deposited in the PDB
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under id 1d3z.

Fig. 2

Illustration of Performance of State-of-the-art MAs for PSP

Top panel: Given the same computational budget, the lowest energy value

(measured with the score4 energy function in Rosetta) reached by the on-lattice

MA in (129) and the multistart MC-based conformation sampling algorithm in

Rosetta are measured. The y axis shows the difference. Bars below the 0 line in-

dicate where MA reaches lower energy regions in the variable space. MA does so

for 75% of the 20 different protein sequences used for the comparison. The PDB

ids of the native structures of these sequences are shown on the x axis. Results

combine many independent runs of each algorithm under comparison. Bottom

panel: The y axis shows the difference in the lowest RMSD reached by many runs

of each algorithm to the known native structure. The difference shows that MA

is competitive with the conformation sampling algorithm in Rosetta even on the

unforgiving RMSD metric.

Fig. 3

Illustration of Best Models Obtained by a State-of-the-art MO-MA

Four proteins of varying sizes from 34 to 70 amino acids are chosen to illus-

trate the high quality of the lowest-RMSD conformations obtained by the MO-

GA algorithm presented in (118). The left panel shows the native structure and

its PDB ID, whereas the right panel shows the computed lowest-RMSD confor-

mation for each protein and its CA RMSD (calculated over CA atoms) from the

native structure. Rendering is done with Pymol, showing secondary structures of

the backbone and drawing side chains with thin lines. Figures are kindly provided

by Giuseppe Nicosia and Giuseppe Narzisi.
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Fig. 4

Illustration of Performance of State-of-the-art MO-M(G)As for PSP

The performance of MO-MA and MO-MGA presented in (129) and MO-MA-

PC and MO-MGA-PC presented in (130) is shown here, compared to the MC-

based conformation sampling in Rosetta, on 20 proteins. The PDB ids of the

native structures of these sequences are shown on the x axis. The top panel shows

the lowest energy reached by each algorithm. The bottom panel shows the lowest

RMSD to the native structure reached by each algorithm. Results combine many

independent runs of each algorithm under comparison.

Fig. 5

Illustration of Best Models Obtained by a State-of-the-art MO-GA

Three proteins of varying sizes from 70 to 106 amino acids are chosen to illus-

trate the high quality of the lowest-RMSD conformations obtained by the MO-GA

algorithm presented in (129). The left panel superimposes the best conformation

produced by the MC-based conformation sampling algorithm in Rosetta (drawn

in lemon green) over the known native structure (drawn in gray). The right panel

superimposes the best conformation produced by MO-GA (drawn in orange) over

the native structure. The PDB IDs of each native structure are shown. The RMSD

of each lowest-RMSD conformation to the known native structure is shown for

each algorithm on each of the three selected proteins. The reported RMSD is com-

puted over backbone atoms. Rendering is performed with VMD (137), using the

NewCartoon graphical representation that shows the local secondary structures.
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