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Abstract

This chapter presents a survey of computational methods that obtain a struc-
tural description of the protein native state. This description is important to
understand a protein's biological function. The chapter presents the problem
of characterizing the native state in conformational detail in terms of the chal-
lenges that it raises in computation. Computing the conformations populated
by a protein under native conditions is cast as a search problem. Methods
such as Molecular Dynamics and Monte Carlo are treated �rst. Multiscaling,
the combination of reduced and high complexity models of conformations, is
brie�y summarized as a powerful strategy to rapidly extract important fea-
tures of the energy surface associated with the protein conformational space.
Other strategies that narrow the search space through information obtained
in the wet lab are also presented. The chapter then focuses on enhanced sam-
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pling strategies employed to compute native-like conformations when given
only amino-acid sequence. Fragment-based assembly methods are analyzed
for their success and what they are revealing about the physical process of
folding. The chapter concludes with a discussion of future research directions
in the computational quest for the protein native state.

19.1 THE QUEST FOR THE PROTEIN NATIVE STATE

From the �rst formulation of the protein folding problem by Wu in 1931
to the experiments of Mirsky and Pauling in 1936, chemical and physical
properties of protein molecules were attributed to the amino-acid composition
and structural arrangement of the protein chain [86, 56]. Mirsky and Pauling
hypothesized that denaturing conditions like heating abolished chemical and
physical properties of a protein by �melting away� the protein structure. The
relationship between sequence, structure, and function in protein molecules
was under signi�cant debate until the revolutionizing 1960's experiments by
Christian An�nsen and his co-workers at the National Institute of Health [3].

The An�nsen experiments showed that ribonuclease would spontaneously
reassume its structure and enzymatic activity after denaturation. This unique
ability to regain both structure and function was con�rmed on thousands of
proteins. After a decade of experiments, An�nsen concluded that the amino-
acid sequence governed the folding of a protein chain into a �biologically-active
conformation� under a �normal physiological milieu� [2]. An�nsen used the
terms �conformation� and �structure� interchangeably to describe a three-
dimensional (3D) arrangement of the chain connecting amino acids in a pro-
tein. To this day, no distinction is drawn between structure and conformation.

The An�nsen experiments posited that, if one were to understand how
the amino-acid sequence determines the biologically-active conformation, one
could �nd this conformation in silico. A computer algorithm would follow
simple rules or instructions to compute the biologically-active conformation.
Computing this conformation from knowledge of amino-acid sequence alone
remains a grand challenge of computational biology [22, 89]. Nonetheless, sig-
ni�cant computational progress has been made. Many methods now provide
useful mechanistic insight into the biological function of a protein through a
structural description of the functionally-relevant (native) state.

19.1.1 Native Structure versus Native Conformational Ensemble

The survey in this chapter focuses on methods that search the space of di�er-
ent conformations of a protein chain to �nd those associated with the native
state. Signi�cant computational research on describing the protein native
state in conformational detail focuses on computing a single representative
conformation, often referred to as the native structure [45, 8, 7, 16, 58, 28, 60,
88]. Such research, the focus of CASP [57], is justi�ed in many proteins.
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The single structure view of the native state does not fully take into account
the inherent �exibility of a protein chain. Long gone are the days when protein
molecules were considered rigid and solid-like [71]. In the words of Richard
Feynmann [26]:

�Everything that living things do can be understood in terms of the
jiggling and wiggling of atom.� [Lectures on Physics, 1964]

When �exibility under native conditions consists of mostly local insignif-
icant deviations around an average structure, the single structure view is
well warranted. For many proteins, however, an accurate description of �ex-
ibility may involve large-scale conformational rearrangements. This is often
the case in proteins involved in biochemical processes like molecular recog-
nition, enzymatic catalysis, and signal transduction [84, 61, 25]. Evidence
of functionally-relevant �exibility, not necessarily around a unique structure,
advocates a more general description of the native state through an ensemble
of conformations, also referred to as the the native state ensemble [41, 43, 36].

19.1.2 Thermodynamic versus Kinetic Hypothesis

The current understanding of what drives the folding of a protein chain di-
rectly impacts the assumptions and strategies employed by computational
methods to �nd the native state. Historically, two hypotheses have competed
to explain the process of folding. The thermodynamic hypothesis states that
the native state of a protein minimizes free energy, whereas the kinetic hy-
pothesis attributes the native state to that which is kinetically accessible.

An�nsen made the case that his experiments and those of other researchers
established the generality of the thermodynamic hypothesis:

�This hypothesis states that the three-dimensional structure of a native
protein in its normal physiological milieu (solvent, pH, ionic strength,
presence of other components such as metal ions or prosthetic groups,
temperature, etc.) is the one in which the Gibbs free energy of the whole
system is lowest; that is, that the native conformation is determined by
the totality of interatomic interactions and hence by the amino acid
sequence, in a given environment.� [Nobel Lecture, December 11, 1972]

The thermodynamic hypothesis suggests that a naive computer algorithm
can be written to systematically enumerate the distinct structures or confor-
mations assumed by a protein chain. The algorithm can sum over the inter-
atomic interactions to evaluate the energy of each computed conformation.
Assuming the algorithm can properly identify the computed conformation(s)
where the free energy reaches its global minimum value, the biologically-active
state will have been captured in structural detail by simple enumeration.

Enumeration is possible when (i) the number of parameters employed to
represent a protein conformation is small, and when (ii) these parameters take
values from a �nite set. In other words, the space of possible conformations,
referred to as the conformational space, has to be low-dimensional and dis-
cretizable for enumeration to be a feasible strategy. Early computational re-
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search on �nding native conformations of a protein assumed a low-dimensional
and discretizable space that was amenable to enumeration [38, 44, 42]. Such
simpli�cation allowed application of exhaustive search to the discovery of na-
tive conformations, albeit at the cost of a systematic inability to capture subtle
structural details of the native state [63, 67].

Back-of-the-envelope calculations led Cyrus Levinthal to a supposed para-
dox. Even assuming a small number of con�gurations of the peptide bond
connecting two consecutive amino acids (e.g., 3) in a short protein chain of
101 amino acids, the number of ensuing conformations is 3100. Assuming a
rate of 1013 conformations per second, it would still take 1027 years for a pro-
tein to sample all these conformations. This dramatic example showed that
a protein could not possibly �nd its native structure by searching at random
within a vast and high-dimensional conformational space [49].

Levinthal was concerned with the time that it would take a protein to �nd
its lowest free energy state, i.e., the actual kinetics of folding. Given that many
proteins refold in a few microseconds after denaturation, random sampling of
the conformational space does not explain the process of folding. Levinthal's
paradox illustrates that (i) di�usion cannot be the only guiding force behind
folding, and (ii) random searches are infeasible strategies for sampling the
native conformation(s) of a protein chain.

Levinthal's calculations cast the process of �nding the native structure as
searching for a needle in a haystack. Early research showed in simulation that
the problem of computing the lowest free energy state was indeed hard [47].
On the one hand, theoretical research in computer science proved that the
problem, even when employing simple lattice models to represent conforma-
tions of a protein chain, is NP-hard [82, 32]. On the other hand, simulation
studies showed that proteins could get trapped in structures that were ener-
getically similar but topologically di�erent from the native structure obtained
in the wet lab [48]. An alternative hypothesis was o�ered to explain the
discrepancy through the possibility of kinetic traps. The kinetic hypothesis
suggested that proteins folded into structures that were kinetically accessible.

Despite the complexity associated with searching the protein conforma-
tional space and the seemingly competing views of protein folding, e�cient
algorithms exist today. These algorithms operate in a high-dimensional and
continuous search space. This is made possible by a better understanding of
protein physics and the process of folding accompanied by a steady increase in
the number of calculations that can be performed in one CPU cycle. The pre-
dictive power of these algorithms and their ability to reproduce observations
in the wet lab with high accuracy has signi�cantly improved in the last decade.
Signi�cant progress in our understanding of protein folding came with the in-
troduction of the energy landscape view, which uni�ed the thermodynamic
and kinetic hypotheses. This view is the focus of the next section.
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19.1.3 The Energy Landscape View of Protein Folding

Levinthal's paradox ignored the energetic bias against unfavorable protein
conformations. Seminal work that interpreted evidence emerging from folding
experiments through the theory of statistical mechanics presented an energy
landscape view of protein folding [21, 59] that reconciled the thermodynamic
and kinetic hypotheses. The �New View� [21], o�ered a statistical descrip-
tion of the complex energy surface of a protein through an energy landscape.
Despite the high-dimensionality of the conformational space and the intricate
number of interatomic interactions in a protein, the energy surface associated
with the conformational space can be projected onto a few coordinates to
obtain an energy landscape view of how proteins fold.

Figure 19.1 The schematic diagram illustrates different folding scenarios. The
vertical axis plots the internal free energy of a protein. The conformational space is
projected on two coordinates (horizontal axes). The landscape on the left illustrates
the classic scenario, where the native state labeled N is associated with the global
energy minimum. The landscape on the right illustrates how a protein can be trapped
in multiple deep minima. Reprinted from [21] with permission of Ken Dill.

Under this view, three main classes of energy surfaces emerge. They range
from surfaces with a single global free energy minimum (Figure 20.1, left),
corresponding to proteins with a very strong stability point, to surfaces with
a few minima (Figure 20.1, right), and surfaces with a shallow native basin [5].
Actual energy surfaces of proteins may combine these three main cases.

The energy landscape view employs statistical mechanics to organize the
multitude of protein conformations in terms of a minimal number of collective
parameters [59, 30, 13]. This statistical formulation allows capturing essen-
tial features of the free energy surface of a protein with only a limited set of
parameters. Various computational methods exploit this formulation to focus
the search for native or near-native conformations of a protein chain to min-
ima in the energy landscape that emerge when projecting the energy surface
over the employed parameters. However, the general existence of underlying
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collective parameters that guide a protein to quickly locate its lowest free
energy state remains open to debate [13].

The energy landscape view provides a theoretical framework to explain
how a protein may assume di�erent low-energy conformations, for instance,
upon binding [80]. The free energy minimum in the energy landscape could be
populated by di�erent low-energy conformations of a protein chain which map
to the same region in the space of the underlying collective parameters. Since
understanding protein function requires obtaining a comprehensive view of the
conformational space associated with the free energy minimum (or minima) in
the energy landscape [43], many computational methods describe the protein
native state as an ensemble of conformations [37, 51, 78].

19.1.4 Computational Issues in the Search for Native Conformations

Figure 20.1 allows visualizing the thermodynamic versus the kinetic hypothe-
sis [4, 29]. The energy landscape view brings into focus fundamental questions
and computational issues that need to be addressed by algorithms designed
to search a protein's conformational space. These issues and potential strate-
gies to address them are summarized below. Methods that implement these
strategies are then detailed in the rest of the chapter.

Does Search for the Native State Need the How? If one wants to design an al-
gorithm to compute conformations of a protein chain under native conditions,
should the algorithm consider the actual process of folding? Should physical
timescales be associated with computed conformations? Considering how a
protein chain tumbles down the energy landscape may help capture possible
kinetic traps and �nd the actual native state. Many computational methods
follow the physical process of folding to let a protein system �sample� the
native state in simulation. Consideration of �the how� can result in very long
simulations. Currently, methods that employ mainly the thermodynamic hy-
pothesis exhibit faster sampling e�ciency. Recent evidence emerging from the
most successful methods suggests that incorporating features of the physical
process of folding can actually improve both e�ciency and accuracy [8, 20, 9].

Realms of Discretization The energy landscape view advocates that, if one
were to know �the true� collective parameters (often referred to as reaction
coordinates) that guide the folding reaction, the energy landscape obtained
by projecting the protein energy surface over these parameters is not complex.
The search for native conformations can be conducted over a discretization of
the projection of the conformational space over the coordinates. At the very
least, the discretization of the projected space can be employed to keep track
and guide the search in the high-dimensional conformational space. Finding
reaction coordinates, however, is challenging. A rich body of research beyond
the scope of this survey pursues �nding collective parameters that can serve
as general reaction coordinates for protein systems [18].
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Sampling Over Enumeration A fundamental problem in obtaining a struc-
tural description of the protein native state is that of e�ciently computing
conformations associated with the global minimum (or deepest minima) in
a rugged energy surface constellated with local minima. Multiscale model-
ing, which combines coarse-grained and �ne-grained detail when modeling a
protein conformation, and a naturally-inspired discretization of the process
through which conformations are assembled are currently the most success-
ful strategies [78, 13, 16, 7]. The paradigm in some of the most successful
methods is away from a systematic search and towards a probabilistic walk
or probabilistic sampling of the conformational space [50, 1, 6, 58, 74].

Guiding the Search and Narrowing the Search Space The vast high-dimensional
conformational space available to a protein chain raises practical computabil-
ity problems. Many computational methods (detailed below) resort to em-
ploying additional information to narrow the conformational space relevant
for their search. This information, either in the form of thermodynamic aver-
ages over conformations of the native state or in the form of an average native
structure captured in experiment allows constraining the search for native
conformations by what is observed in experiment.

Enhancing Sampling of a Vast High-dimensional Space Ab-initio methods that
employ only knowledge of amino-acid sequence for a protein at hand have to
enhance sampling of the vast conformational space. Enhanced sampling meth-
ods include simulated annealing, importance and umbrella sampling, replica
exchange (also known as parallel tempering), local elevation, activation relax-
ation, local energy �attening, jump walking, multicanonical ensemble, con-
formational �ooding, Markov state models, discrete timestep MD, and many
more. Since a complete survey of these methods is not possible, the following
summary focuses on a few successful representative methods.

Combining the Discrete and the Continuous This survey of conformational
search methods for the protein native state concludes with a discussion of po-
tential bene�ts to future research by a combination of discrete and continuous
exploration. The discussion focuses on combining search in a discretized en-
ergy landscape with search on a continuous conformational space. The chapter
concludes with an outlook on how knowledge of collective parameters that can
serve as reaction coordinates can be employed to guide conformational search
towards relevant energy minima in the underlying energy landscape.

19.2 EXHAUSTIVE SEARCH: DISCRETIZATION OF
CONFORMATIONAL SPACE

Early simulations of protein chains showed that important physical properties
could be obtained with considerably less than atomic detail. Coarse-grained
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modeling of protein conformations opened up the possibility of exhaustively
searching a simpli�ed conformational space through explicit enumeration of
possible conformations of a protein chain.

Some of the �rst coarse-grained models were based on lattices, explicitly
modeling a representative (often Cα) atom of each amino acid in a protein
chain and restricting atoms to lie on a lattice [81]. Lattice modeling not only
allowed computing native conformations of very long protein chains, but in-
cidentally exposed an interesting complexity result: �nding the lowest-energy
conformation on a 3D cubic lattice is NP-hard [82]. Despite this complexity re-
sult, lattice models o�ered both analytical and computational simplicity [87].
In addition to very fast integer-math evaluations of conformational energies on
a lattice, lattice modeling made it feasible for exhaustive searches to explicitly
enumerate conformations [38, 44, 42].

Despite the simplicity, exhaustive search methods that employ lattice mod-
eling can reproduce the backbone with accuracy no greater than half the
lattice spacing [67]. These methods cannot capture subtle structural details
and may bias towards speci�c secondary structures [63]. Research on im-
proving accuracy and getting the full computational bene�ts of searching in
a discretized conformational space remains active. Indeed, some of the most
successful enhanced sampling methods implicitly employ discretization by as-
sembling conformations of a protein chain with naturally-occurring structures
of short fragments de�ned over the chain [28, 7, 9, 16, 78, 20].

Coarse-grained models that capture realistic protein structures are predom-
inantly o�-lattice [39, 13]. Rather than discretize the conformational space,
these models simplify and lower the dimensionality of this space. Sophisti-
cated force �elds designed for these models associate potential energies with
computed conformations [62, 53, 17, 54, 39]. For instance, backbone-resolution
models, where only heavy backbone atoms are explicitly modeled, allow ob-
taining highly-accurate native conformations (some of these models include
Cβ atoms to represent side chains) [58, 31, 16, 28, 78].

Recent methods combine coarse- and �ne-grained modeling to enhance
sampling of the conformational space [46, 52, 11]. For instance, methods that
predict native conformations from the amino-acid sequence conduct most of
their search in a coarse-grained space, adding atomic detail (as in [34]) only
when it is imperative to re�ne conformations or determine which low-energy
minima are relevant for the native state [7, 77, 78]. Multiscaling is one of
the many computational strategies to enhance the exploration of the high-
dimensional protein conformational space.

19.3 SYSTEMATIC SEARCH: MOLECULAR DYNAMICS

Computational methods that follow the physics of folding to let a protein
�sample� its native state implement the Molecular Dynamics (MD) approach [83].
MD-based methods systematically search the conformational space by numer-
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ically solving Newton's equations of motion. The solution accuracy dictates
a small timestep in the order of femtoseconds between consecutive conforma-
tions in an MD trajectory. As a result, MD-based simulations may demand
long trajectories before attaining native conformations. Moreover, when no
knowledge of the global energy minimum is available, multiple trajectories
may need to be computed in order to determine that no signi�cantly lower
energies can be obtained. The issue of convergence has practical implications
for time demands. Most MD studies circumvent this issue by employing sim-
ilarity between computed conformations and experimentally-available native
structures of tested proteins as a termination criterion.

Since MD-based methods follow the process of folding, they o�er more
than just a set of the conformations relevant for the native state. They also
reveal kinetic information; that is, how the unfolded protein chain reaches its
native state and in what timescales. This added information increases the
computational requirements of MD-based methods. These requirements are
often alleviated by distributing the MD search of the conformational space
on supercomputers [24] and grids of desktops [79]. Speci�c architectures like
the IBM BLUE Gene and Anton and distributed MD implementations like
Desmond are devoted to surpassing computational milestones and achieving
high-resolution native conformations through MD simulations [64, 72].

19.4 BIASED RANDOM WALK: METROPOLIS MONTE CARLO

Rather than solving Newton's equations of motions, random search techniques
such as Monte Carlo (MC) conduct biased random (probabilistic) walks in
conformational space to obtain a sequence of conformations [69, 83]. The
random walk ensures through the Metropolis criterion [55] that a conformation
is obtained with frequency proportional to its Boltzmann probability. While
exhibiting higher sampling e�ciency than MD simulations, MC simulations
also obtain conformations sequentially. Like MD, they also spend considerable
time sampling rare events such as crossing maxima in the energy landscape.

The tendency of MD- and MC-based methods to converge to local minima
in the energy surface that underlies the protein conformational space under-
scores the fact that MD and MC are local optimization techniques. This
tendency is usually circumvented in two ways: (i) by narrowing the search
to speci�c regions in the energy surface or conformational space through
experimentally-available information; (ii) by enhancing the local optimiza-
tion in the MD systematic search or the MC sampling through an array of
enhanced sampling strategies beyond multiscaling. These two (not mutually
exclusive) groups of methods are discussed next.
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19.5 GUIDED SEARCH OF CONFORMATIONAL SPACE

A special class of conformational search methods employ experimental data
to guide MD or MC trajectories to the relevant search space. The data help
to focus computational resources to regions of the energy surface or the con-
formational space that are relevant for the native state and to quickly guide
the exploration towards native conformations. These data come in the form
of thermodynamic averages (over the underlying native state ensemble) ob-
tained from Nuclear Magnetic Resonance (NMR) experiments, density maps
obtained from X-ray crystallography or cryo-Electron Microscopy (cryoEM),
or an average structure obtained from X-ray or NMR.

19.5.1 Guiding the Search with Thermodynamic Averages

Methods that employ NMR thermodynamic averages such as NOE distance
constraints, S2 order parameters, three-bond scalar couplings (3J), residual
dipolar couplings (RDCs), chemical shifts, φ or ψ values, or protection fac-
tors often incorporate these averages in an additional term in the potential
energy function [6, 14, 51, 15, 68]. The resulting pseudo-energy function bi-
ases trajectories launched in conformational space away from conformational
ensembles that, while low in energy, do not reproduce the NMR averages.

The NMR data are averages over an ensemble of molecules over time. While
structures obtained in NMR is re�ned to agree with these averages, the re-
�nement cannot capture the possibly non-local conformational heterogeneity
present in solution. For this reason, methods that conduct a guided explo-
ration of the conformational space are able to obtain a broader picture of the
native state through an ensemble of conformations whose statistical averages
reproduce the NMR observables better than a single structure. Figure 20.2
shows one such ensemble obtained for ubiquitin that reproduces the NMR
data better than a single native structure.

The strategy of incorporating experimental data in the energy function
is often described as a way to overcome possible non-physical biases in the
current generation of (semi-empirical) molecular mechanics force �elds [40].
The pseudo-energy function distorts the energy surface by deepening those
low-energy regions that reproduce the experimental data. In this way, local
optimization techniques have a better chance of converging to the funnel of
the true energy surface of a protein.

Rather than modify the underlying energy surface by enforcing agreement
with experimental data, recent methods use the experimental data to either
build probabilistic models of relevant regions of the conformational space or
explicitly disqualify regions from further exploration [23, 65]. In particu-
lar, the work in [65] presents a complete method that subdivides the search
space into regions worthy of further exploration and regions corresponding to
structures in direct violation of NMR NOE distance constraints. A branch-
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Figure 19.2 144 conformations
computed in [68] are superimposed in
transparent over the first one (in opaque)
of ubiquitin. The ensemble is obtained
from the Protein Data Bank (PDB) under
id 2nr2. Reproduced with permission of
Michele Vendruscolo.

Figure 19.3 184 phospholamban
conformations (under id 2hyn in the PDB)
computed in [65] are shown superimposed
over one another. The five monomers of
the complex are shown in different colors.
Courtesy of Chris Bailey-Kellogg.

and-bound search computes native structures of cyclic complexes such as the
phospholamban protein shown in Figure 20.3.

19.5.2 Narrowing the Search with a Template Structure

Other methods elucidate structural details of the native state by searching
with geometric or rigidity constraints. These constraints are often extracted
from an average structure obtained in experiment [74, 75, 85, 12]. By con-
straining their search around an experimental structure, these methods cap-
ture the conformational heterogeneity in proteins where �exibility under na-
tive conditions consists of local �uctuations around a representative structure.
The representative structure is essentially employed as a semi-rigid template.

Work in [85, 12] is inspired from the constraint theory in the context of
mechanical engineering considerations in bar and joint frameworks. Rigid-
ity analysis over the template structure reveals under-constrained degrees of
freedom (angles) at room temperature. These angles de�ne a search space
which is explored to obtain conformations that obey the rigidity constraints
and exhibit as much internal mobility as allowed by the template [12].

Other work, inspired by the treatment of inverse kinematics in robotics,
conducts a geometrically-constrained probabilistic sampling of the conforma-
tional space around the template structure [74, 75, 76]. Local �uctuations
are obtained around the representative structure by computing geometrically-
constrained conformations of consecutive overlapping �xed-length fragments
de�ned over the protein chain. Figure 20.4 shows fragment conformations su-
perimposed over the reference structure of P. magnus albumin-binding second
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Figure 19.4 Left: The lowest-energy conformations computed with the method
described in [76] are drawn in transparent over the opaque X-ray structure of ALB8-
GA. Right: Amide S2

calc data (orange squares) calculated over the ensemble are
compared to available NMR S2

exp data (yellow squares). Methyl S2
calc data are

shown in colored circles (no NMR data are available for comparison). Horizontal
bars on the x−axis show the position of the three α-helices (also annotated over
the ensemble). The parts of the bars in lighter colors indicate amino acids found in
unfolded configurations. Reprinted from [76] with permission.

GA module of PAB (ALB8-GA). Thermodynamic averages calculated over
the conformations reproduce well data obtained in experiment.

19.6 ENHANCED SAMPLING OF CONFORMATIONAL SPACE

Stochastic search is one of the strategies employed to enhance the sampling
of the high-dimensional protein conformational space. Stochastic search (or
stochastic optimization) is a powerful strategy to solve global optimization
problems on surfaces marked by abundance of local minima [19]. When the
energy surface is complex and decisions are made locally about which con-
formations map to minima in the energy surface, stochastic search becomes
a viable strategy to explore the protein conformational space. For instance,
work in [74, 77] employs a robotics-inspired probabilistic sampling to compute
geometrically-constrained conformations.

Other strategies enhance sampling in the context of a trajectory-based
exploration by replicating trajectories, varying temperature (such as, simu-
lated annealing), and exchanging conformations from which trajectories are
launched in conformational space. An incomplete list of successful enhanced
sampling strategies applied to searching the protein conformational space in-
clude importance sampling, simulated annealing, umbrella sampling, genetic
algorithms, replica exchange (also known as parallel tempering), local eleva-
tion, activation relaxation, local energy �attening, jump walking, multicanoni-
cal ensemble, conformational �ooding, Markov state models, discrete timestep
MD, fragment-based assembly, and many more (cf. [83]).
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19.6.1 Principles of Self-organization in Protein Chains

Analysis of conformational search methods identi�es two main ingredients
as essential for success: (i) a powerful sampling strategy to obtain a broad
coverage of the conformational space and (ii) an accurate energy function that
allows a near-native conformation to converge to the nearby native basin. The
design of accurate energy functions remains an active area of research and is
pursued vigorously by many computational groups [17, 7, 62, 16]. Energy
functions provide a search method with a local view of the energy surface.
This local view biases the search towards low-energy regions of the emerging
energy surface. The energy function should not signi�cantly distort the energy
surface of an amino-acid sequence under consideration.

Research shows that proteins have been designed by evolution to fold in
spite of errors [66]. These �ndings advocate that a sampling strategy should
not be highly sensitive to minor distortions of the energy surface and should
be able to succeed as long as the energy function maps the explored confor-
mational space on an energy surface that is funneled towards the native state.
Signi�cant computational e�orts target the design of powerful sampling strate-
gies to rapidly cover the conformational space [7, 22]. Work in [27] highlights
that �the ultimate speed limit in protein folding is conformational search.�

A good coverage of the conformational space should yield diverse confor-
mations that are near energy minima relevant for the native state. Local opti-
mization can then push near-native conformations to the native basin(s). It is
worth mentioning that the notion of coverage is well-de�ned and employed in
the AI and robotics community [10]. The complexity and high-dimensionality
of the conformational space makes it very costly to estimate coverage [75]. Re-
cent conformational search methods inspired in robotics are employing simple
estimates of coverage to guide the search for the native state [73].

A powerful sampling strategy that does not incapacitate the predictive
power of a method searching for the native state allows testing di�erent hy-
pothesis for how self-organization emerges in protein chains. Some of these
hypotheses focus on determining the amount of detail that is necessary to cap-
ture the native state. For instance, work in [70] suggests a backbone-based
theory of protein folding. Results emerging from multiscaling studies of the
protein native state advocate employment of di�erent scales [13].

Growing evidence points towards a hierarchical organization of the native
structure, where local interactions bias the local structure that emerges in pro-
tein chains. This in turn limits the number of ways low-energy conformations
can be put together. This realization is not new and continuous to emerge
from various studies [8, 60, 39, 28, 16, 7, 33]. Fragment-based assembly (FA)
methods, the focus of the next section, employs this realization to e�ciently
compute conformations by assembling them from smaller local structures.
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19.6.2 Local Structure Limits Global Arrangements

FA methods are emerging as successful ab-initio methods in predicting the
native state from knowledge of the amino-acid sequence [9]. The basic process
in FA methods is to assemble conformations of a protein chain with local
structures of fragments of the chain. The assembly can be implemented either
in the context of an MC-based [35] or MD-based search [8, 16, 7, 28, 78,
73]. The sequence of the protein under consideration is divided into short
fragments. Rarely, additional information is associated with the fragments
from discretized Ramachandran maps of the backbone angles [28, 16].

The key feature is that conformations of a protein chain are assembled
from local structures of short fragments. Candidate local structures for the
fragments are compiled from a non-redundant database of protein structures,
often extracted from the PDB. These local structures constitute a limited
move set considered in an MC- or MD-framework to put together global ter-
tiary structures (conformations) of a protein chain. The extent to which the
limited move set re�ects the naturally-occurring biases that the fragment se-
quence has on local structure depends on the length of the fragment and the
richness of the PDB. Employed fragment lengths range from 3 to 9. Deciding
on a suitable fragment length depends on the richness of the PDB to pro-
vide a comprehensive picture of the extent to which the fragment sequence
determines the structures in which the fragment can be found in nature.

By considering a limited set of structures for a protein fragment, FA meth-
ods discretize the relevant conformational space to be explored. Yet, the suc-
cess of these methods does not lie in this super�cial observation. FA methods
implement the experimental observation that the local sequence (implemented
in the de�nition of a fragment) biases but does not uniquely decide the local
structure of the fragment (implemented in the sampling of structures of a
fragment from a database). These local structural biases limit the number of
ways low-energy conformations can be assembled together.

Recent work in [20] improves upon the classic FA framework by iteratively
�xing the secondary structure assignments of amino acids during the gener-
ation of conformations in an MC simulated annealing search. The available
search space of local fragment structures is progressively narrowed by �lock-
ing in� predominant secondary structure assignments that emerge during the
search. Besides improving the e�ciency of the search and the accuracy of
the resulting lowest-energy conformations (see Figure 20.5), the method out-
performs homology-based secondary structure prediction methods while using
only a coarse-grained modeling with no explicit side chains. The success of
this method may shed insight into the actual process of folding not just as
a hierarchical process but, a process that employs information on which sec-
ondary structures dominate a robust and e�cient folding pathway.

Some studies suggest that biases on local structure, even when combined
with nonspeci�c compaction forces (which promote compact conformations),
are su�cient to result in a rapid sampling of native-like conformations of small
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Figure 19.5 Alignments of the predictions generated in [20] (in red) have A) the
lowest energy and B) the lowest least root-mean-squared-deviation (lRMSD) to the
native structure (blue) for three proteins (PDB codes at top, lRMSD values indicated).
Images are created using the PyMol visualization software. C) Scatter plots of lRMSD
versus energy. Courtesy of Tobin Sosnick.

proteins [9]. The extent to which the energy function determines the success
of FA methods is under some debate [35]. Application to larger proteins
with multiple competing conformational ensembles under native conditions
suggests a larger role for both a sophisticated energy function and an enhanced
sampling strategy in order to su�ciently populate possibly multiple energy
minima relevant for the native state [78, 35]. Figure 20.6 shows the energy
landscape and competing conformational ensembles computed for calmodulin
at room temperature with an FA-based MC simulated annealing [78].

19.7 DISCUSSION OF FUTURE RESEARCH DIRECTIONS

Enhanced sampling on a simpli�ed search space and sophisticated energy
functions are allowing FA methods to achieve high prediction accuracy of the
native state and in the process shed light on the physical process of folding.
While the prediction accuracy has improved both in proteins with high and
low homology [7, 20] and even in proteins with multiple functional states [78],
research on improving the e�ciency of FA methods is active. Time demands
remain a point to address through further research.



16 CONFORMATIONAL SEARCH FOR THE PROTEIN NATIVE STATE

Figure 19.6 Left: The 2D energy pseudo-free energy landscape obtained for the
calmodulin sequence with the method described in [78] is shown in a red-to-blue color
scheme that denotes high-to-low energy values. The deepest minima are labeled A,
B, and C. Right: Computed conformational ensembles that correspond to the minima
are shown and labeled accordingly. Conformations are superimposed in transparent
over lowest-energy ones drawn in opaque. Reproduced from [78] with permission.

One way to bring the computation of native-like conformations to a few
hours on a single CPU is to discourage sampling of similar low-energy confor-
mations. Currently, it seems di�cult to ensure that computed conformations
are geometrically-distinct and not representative of few regions of the con-
formational space [78]. Part of the di�culty lies in the inability to �nd a
few meaningful parameters on which to de�ne distance measures. The classic
measures like lRMSD and radius of gyration (Rg) often mask away di�erences
among conformations [78]. The robotics-inspired method in [73] proposes a
way to address this problem.

The tree-based method in [73] advocates that conformational search be
guided through low-dimensional projections of the conformational space and
the energy surface. The projections a�ord a discretized view of the explored
conformational space and its corresponding energy surface and allow de�ning
a two-layered probability distribution by which to guide the search towards
conformations that are both low-energy and geometrically-distinct. While the
projection coordinates employed in [73] are not proposed as general reaction
coordinates, the two-layered search may be an interesting framework through
which to maximize the sampling of low-energy conformations that populate a
desired conformational subspace.

The survey in this chapter has highlighted the complexity of computing
conformations that populate the native state from minimal information such
as amino-acid sequence. Given that the prediction of native conformations is
a stringent test of the ability of computers to fold protein sequences, research
on e�ective and accurate conformational search for the protein native state
will be active. Considering the interdisciplinary challenges that arise in the
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context of this problem, contributions will likely emerge from collaborations
that reach across exact and life science communities of researchers.

The future holds promises for both communities: computer (and computa-
tional) scientists will be challenged and will learn how to mimic in silico the
e�cient steps that apparently proteins employ to fold within a few microsec-
onds; physicists, biologists, and chemists will complement their experimental
and theoretical understanding of the process of folding by testing diverse hy-
potheses in silico. Continued scienti�c progress is expected to result from
discoveries of e�cient search algorithms in computer science and further im-
provements in our understanding of protein physics.
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