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Molecular simulations of protein disorder1

Sarah Rauscher and Régis Pomès

Abstract: Protein disorder is abundant in proteomes throughout all kingdoms of life and serves many biologically impor-
tant roles. Disordered states of proteins are challenging to study experimentally due to their structural heterogeneity and
tendency to aggregate. Computer simulations, which are not impeded by these properties, have recently emerged as a use-
ful tool to characterize the conformational ensembles of intrinsically disordered proteins. In this review, we provide a sur-
vey of computational studies of protein disorder with an emphasis on the interdisciplinary nature of these studies. The
application of simulation techniques to the study of disordered states is described in the context of experimental and bioin-
formatics approaches. Experimental data can be incorporated into simulations, and simulations can provide predictions for
experiment. In this way, simulations have been integrated into the existing methodologies for the study of disordered state
ensembles. We provide recent examples of simulations of disordered states from the literature and our own work.
Throughout the review, we emphasize important predictions and biophysical understanding made possible through the use
of simulations. This review is intended as both an overview and a guide for structural biologists and theoretical biophysi-
cists seeking accurate, atomic-level descriptions of disordered state ensembles.
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Résumé : Les protéines désordonnées abondent et jouent un rôle important dans tous les domaines du vivant. Les états dé-
sordonnés des protéines sont difficiles à étudier par les méthodes expérimentales en raison même de leur hétérogénéité
structurale et de la tendance de ces protéines à s’agréger. Les simulations par ordinateur, que ces propriétés n’entravent
pas, s’avèrent être un outil de choix pour caractériser les ensembles conformationels des protéines intrinsèquement désor-
données. Dans cet article, nous passons en revue les études par ordinateur des protéines désordonnées, en mettant l’accent
sur la nature multidisciplinaire de ces travaux. Nous décrivons comment l’application des techniques de simulation à
l’étude des états désordonnés s’inscrit dans le champ des approches expérimentales et bioinformatiques. Tout comme il est
possible d’incorporer les données expérimentales dans les simulations, ces dernières fournissent des prédictions vérifiables
par l’expérience. Ainsi, les simulations s’intègrent dorénavant dans les outils méthodologiques pour l’étude des ensembles
conformationels des états désordonnés. Nous présentons des exemples récents de simulations d’états protéiques désordon-
nés tirés de la littérature scientifique et de nos propres travaux. Tout au long de cet article, nous soulignons le rôle-clé des
simulations dans d’importantes prédictions touchant à la compréhension biophysique du vivant. Cette enquête se veut à la
fois survol et guide pour les biologistes structuraux et les théoriciens intéressés par la description des états désordonnés à
l’échelle atomique et moléculaire.

Mots-clés : proteins intrinsèquement désordonnées, désordre structural, simulation moléculaire, dynamique moléculaire.

Introduction
Proteins can simplistically be classified into two catego-

ries: those that fold (folders) and those that do not (non-
folders). Historically, the structure–function paradigm has
defined our understanding of proteins. It was thought that a
protein’s function is encoded in the structure of its folded,
and therefore biologically active, state (Wright and Dyson
1999). This view was supported by numerous experiments

and theories, including Fischer’s lock-and-key model
(Fischer 1894). Anfinsen’s classic experiment demonstrated
that the information defining the secondary and tertiary
structure of proteins resides in the amino acid sequence (An-
finsen 1973). A protein’s loss of function in the denatured
state was associated with a loss of structure (Mirsky and
Pauling 1936). Structural biologists therefore focussed their
studies on proteins with well-defined folded states, and pro-
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teins capable of functioning without a unique folded state
were thought to be rare (Eliezer 2009; Wright and Dyson
1999). The connection between sequence, structure, and
function is essential to the understanding of enzymes and
transport proteins. In contrast, the functions of many pro-
teins involved in cell signalling, molecular recognition, and
transcriptional regulation rely on the presence of unstruc-
tured regions (Dunker et al. 2008b; Tompa 2005; Ward et
al. 2004b). Most experimental techniques are suited for
characterizing ordered structure, that is, for characterizing
the folded state. However, the native state of many proteins
in vivo may not be folded, but may instead consist of an en-
semble of interconverting structures, none of which corre-
spond to a folded state. Intrinsically disordered proteins
(IDPs) lack a unique, folded conformation under physiologi-
cal conditions (Wright and Dyson 1999). In the past decade,
the structure–function paradigm has been revisited in light
of the prevalence of IDPs (Bracken et al. 2004; Uversky
2002).

Disordered proteins are both abundant in nature and di-
verse in their functions (Uversky and Dunker 2008), under-
scoring the need for detailed studies. Bioinformatics
approaches predict that disordered proteins are prevalent in
all proteomes, especially in eukaryotes, for which long dis-
ordered regions (>30 residues) are predicted to be present in
33% of all proteins (Ward et al. 2004b). In mammals, 75%
of signalling proteins are predicted to contain long disor-
dered regions (Dunker et al. 2008b). The biological impor-
tance of disorder has driven the development of
computational and experimental approaches to characterize
IDPs, which can be significantly more challenging than
studying proteins with well-defined folded states (Vendrus-
colo 2007). Proteins populating many dissimilar conforma-
tions may be thought of as the liquid state of proteins
(Dobson et al. 1998). Biophysical studies of disordered
states are complicated by structural heterogeneity, and con-
sequently the need to describe a dynamic ensemble rather
than a singular structure (Dedmon et al. 2005). Using rela-
tively few experimental measurements to determine a disor-
dered ensemble for a system with many thousands of
degrees of freedom is an inherently underdetermined prob-
lem. Molecular simulations, with their empirical potentials
(Karplus and McCammon 2002), provide additional infor-
mation that can be used to characterize ensembles of IDPs.
Different levels of simulation detail range from coarse-
grained models with implicit solvent to all-atom representa-
tions with explicit solvent.

In this review, we begin by providing essential back-
ground on the nomenclature of protein disorder. We discuss
the widespread biological relevance of disorder, including
specific examples of functional roles for disorder and dis-
eases associated with IDPs. To complement this background,
we then summarize some of the main bioinformatics and
structural techniques used to identify and characterize disor-
der. Bioinformatics has been instrumental in revealing the
importance and prevalence of protein disorder with several
prediction algorithms. Disordered proteins can also be iden-
tified and characterized using an array of experimental ap-
proaches, nuclear magnetic resonance (NMR) being the
most commonly used. Finally, the remainder of this article

provides an overview of the application of molecular simu-
lation to study disordered proteins. A significant fraction of
studies using molecular simulations to characterize disor-
dered ensembles have been hybrid experimental–theoretical
approaches. We provide selected examples of these studies,
as well as studies relying exclusively on simulation. Differ-
ent conformational sampling approaches are described,
along with their advantages and disadvantages. Throughout
the review, we emphasize important predictions and bio-
physical understanding made possible through the use of
simulations.

Defining disorder
There is a lack of consensus regarding specific terminol-

ogy or nomenclature in the field. Thus, for the purpose of
this review, we will use the following definitions. Intrinsi-
cally disordered proteins (IDPs) are proteins that lack a
well-defined, ordered structure. Segments that are unstruc-
tured both in isolation and in the context of the full-length
protein to which they belong are referred to as intrinsically
disordered regions (IDRs) (Eliezer 2009).

An important distinction has been proposed between con-
figurations and conformations (Daura 2006). The configura-
tion of a peptide is defined by the three-dimensional
coordinates of each of its atoms. Configuration space is, in
principle, infinite and continuous. A conformation is the set
of configurations related to each other based on a selected
measure of structural similarity. Conformational space is
therefore discrete, and is defined by the criterion used to dis-
tinguish between conformations. Similarity between configu-
rations can be quantified using a variety of measures,
including root-mean-square deviation (RMSD) of atomic po-
sitions, dihedral angles, secondary structure, or another rele-
vant structural property. Based on similarity measures,
configurations can be grouped into conformations using var-
ious clustering algorithms (Daura 2006). Clustering is there-
fore useful for rigorously defining conformational states
(Daura 2006; Lowry et al. 2008; Phillips et al. 2008). A
thermodynamically accessible conformation is a conforma-
tion that is populated under a particular set of conditions,
such as temperature and concentration (Daura 2006). To
fully describe a disordered state ensemble, in principle, one
should specify each conformation along with its population
(Choy and Forman-Kay 2001; Vendruscolo 2007).

It has been suggested that globular proteins can access at
least 4 unique states: native, molten globule, pre-molten
globule, and unfolded (Uversky 2002). The folded state cor-
responds to a conformation that is both highly populated and
structured (Daura et al. 2002). It may also be referred to as
the native state, if it is the biologically relevant and experi-
mentally observable conformation (Daura 2006). However, a
fundamental distinction must be made between folded and
native states. All folded proteins exist in equilibrium with
their unfolded states (Dill and Shortle 1991), whereas the
native state of a protein is not restricted to the folded state.
Relative to the folded state, the molten globule exhibits an
increase in hydrodynamic volume of no more than 50%
(Uversky 2002). Its secondary structure and folding pattern
are native-like (Uversky 2002), with loosened, i.e., molten,
tertiary interactions (Dyson and Wright 2004; Wright and
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Dyson 1999). In the pre-molten globule state, there is no
well-defined tertiary structure, approximately 50% native-
like secondary structure, and a hydrodynamic volume 3
times larger than the folded state (Uversky 2002).

The central tenet of the protein trinity, consisting of the
folded state, the molten globule, and the random coil
(Dunker et al. 2001), and of the protein quartet, which in-
cludes the pre-molten globule as a unique thermodynamic
state (Uversky 2002), is that any of these states may be the
native state—that is, the state relevant to a protein’s biolog-
ical function. Transitions between any of these states may be
functionally important (Dunker et al. 2001; Uversky 2002).
There is also an important distinction between the unfolded
state and the denatured state, which is a chemically stabi-
lized or temperature-induced unfolded state (Yang et al.
1998). The unfolded state is itself a disordered ensemble of
conformations. Finally, in the random coil state, the back-
bone conformation of each residue is independent of the
backbone torsion angles, 4 and j, of neighbouring residues
(Baldwin and Zimm 2000). However, it should be noted that
polypeptides cannot be described as true random coils, since
each (4, j) pair is not independent of the conformation of
neighbouring residues, resulting in preferred and sterically
disfavoured conformations (Baldwin and Zimm 2000; Pappu
et al. 2000).

There is currently a lack of consensus in the field about
specific definitions for disordered states (Dunker et al.
2008a; He et al. 2009). IDPs have been referred to as na-
tively unfolded, indicating that the native state corresponds
to an ensemble of unfolded structures (Uversky et al. 2009),
as well as rheomorphic, natively denatured, flexible, and in-
trinsically unstructured (Dunker et al. 2008a; He et al.
2009). Further, intrinsically disordered has also been used
to describe any state that is incompletely folded, and in-
trinsically unstructured to describe random-coil-like or pre-
molten globule-like states (Dunker et al. 2008a). It has also
been proposed that IDPs should be subdivided into two
classes: intrinsic coils and pre-molten globules (Uversky
2002). This classification was motivated by hydrodynamic
and far-UV circular dichroism (CD) measurements, which
suggested that intrinsic coils are IDPs with larger hydrody-
namic volume and less secondary structure compared with
pre-molten globules (Uversky 2002). While it is useful to
conceptualize in terms of these specific classifications, it is
important to remember that there is in fact a continuum of
levels of disorder, with varying degrees of compactness and
varying amounts of secondary and tertiary structure (Dyson
and Wright 2005; Mittag and Forman-Kay 2007; Xue et al.
2009).

Finally, it is necessary to distinguish proteins that are ca-
pable of folding under certain conditions (folders) from
those that do not have a folded or ordered state under any
known conditions (non-folders). In this review, we classify
IDPs that are competent to fold upon binding a partner as
folders even though their unbound state is disordered. Many
IDPs and IDRs fold upon binding to their targets (Wright
and Dyson 2009). Molecular recognition is analogous to
protein folding, since both processes involve a thermody-
namically stable folded state and an unfolded state of higher
conformational entropy (Verkhivker et al. 2003). Thus, the
cellular activities of disordered proteins can be separated

into two main functional classes: recognition and entropic
chains (Tompa 2002, 2005). Recognition generally involves
IDPs (folders) that become ordered or partly ordered upon
binding to their target. By contrast, entropic chains are nec-
essarily non-folders, since their functions rely on their high
conformational entropy. They derive their function by popu-
lating many accessible conformations, with no unique folded
structure. In this way, the structure–function paradigm can
be reformulated to include both folded proteins and disor-
dered proteins that function with an ensemble of conforma-
tions.

Biological relevance of protein disorder
To motivate the importance of studying IDPs or IDRs, we

provide a few select examples of their biological relevance,
noting that there are several excellent reviews on the topic
(Dunker et al. 2008a, 2008b; Dyson and Wright 2005;
Tompa 2002, 2005; Wright and Dyson 1999, 2009). There
are relatively few well-characterized examples of disordered
proteins, and bioinformatics has been useful in demonstrat-
ing that these few examples are part of a large set of IDPs
found in genomes throughout all kingdoms of life (Dunker
et al. 2008a). Disordered sequences are predicted to be
more prevalent in the genomes of eukaryotes than in those
of prokaryotes (Dunker et al. 2008b), likely due to the in-
creased complexity of eukaryotic signalling and regulatory
networks (Iakoucheva et al. 2002). The biological roles of
disordered proteins are generally complementary to those of
proteins with well-defined three-dimensional structures. By
analysing the functional annotation of sequences predicted
to be disordered, it was shown that sequences enriched in
disorder have roles in regulation, transcription, and develop-
ment. In contrast, sequences predicted to be depleted in dis-
order are more likely to have annotations for transport,
catalytic activity, and membrane localization (Haynes et al.
2006). In some cases, disordered proteins are able to fill the
same roles as folded proteins while offering additional func-
tionally important attributes. For example, both folded pro-
teins and IDPs can participate in protein–protein
interactions. However, IDPs provide intermolecular interface
areas that are generally much larger per residue (Gunase-
karan et al. 2003). For a folded protein to present an inter-
face of a similar size and remain stable as a monomer, it
would have to be 2–3 times larger than an IDP. An increase
in protein size would necessarily entail a higher energy cost
to produce a folded protein fulfilling the same function.
Since there are many protein–protein interactions utilizing
IDPs, without protein disorder, either molecular crowding
or cell size would increase. IDPs therefore provide the nec-
essary interaction interfaces while minimizing both protein
and cell size (Gunasekaran et al. 2003).

To recognize their binding partners, IDPs and IDRs often
undergo induced folding. Possible binding partners include
other proteins, nucleic acids, membranes, and small mole-
cules (Uversky et al. 2008). Transcription factors (TFs) take
part in both protein–DNA and protein–protein interactions.
The function of TFs is to recognize specific DNA sequences
and to recruit the proteins necessary for transcription. More
than 80% of TFs are predicted to contain extended disor-
dered regions (Liu et al. 2006). Disorder-to-order transitions
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are important to both the DNA-binding domains and tran-
scriptional activation domains of eukaryotic TFs (Wright and
Dyson 1999). There are several examples of DNA-binding
domains with IDRs that undergo local folding transitions
upon binding to DNA, resulting in sequence-specific recog-
nition. It is also common for transcriptional activation do-
mains to be unstructured, with induced folding only in the
presence of their targets. Similarly, proteins involved in
RNA recognition, including ribosomal proteins (Liu et al.
2006), become structured in the presence of their cognate
RNA partners (Wright and Dyson 1999).

There are several advantages of binding involving a disor-
dered partner versus the binding of two ordered partners.
First, the absence of a unique structure facilitates the possi-
bility of binding to multiple targets (Wright and Dyson
1999). Conformational flexibility may confer a functionally
important binding promiscuity, with different conformations
suited to different binding targets. This is referred to as one-
to-many signalling. Conversely, many different disordered
regions may bind to a common partner in many-to-one sig-
nalling (Dunker et al. 2008a). Proteins with multiple binding
partners are hubs in protein interaction networks. Disordered
proteins frequently function either as hubs or as interaction
partners of hubs owing to their intrinsic ability to participate
in one-to-many and many-to-one signalling (Dunker et al.
2008a). Compared with proteins with a single interaction
partner, eukaryotic hub proteins are significantly enriched in
disorder (Haynes et al. 2006).

Another advantage of binding a disordered partner is high
specificity with modest affinity. The loss in conformational
entropy due to the disorder-to-order transition is compen-
sated for in part by favourable interactions at the binding
interface. The result is an interaction with high complemen-
tarity and low binding affinity, allowing the complex to
readily dissociate and terminate the signalling event (Wright
and Dyson 1999). Protein–protein interactions are important
drug targets, and disordered protein interactions may be eas-
ier to block with competitors than a similar interaction of
two structured proteins owing to their reduced affinity
(Dunker et al. 2008a).

In addition, there may also be functionally important dis-
order in the bound state, in so-called fuzzy complexes
(Dunker et al. 2008a; Tompa and Fuxreiter 2008). Sic1, an
inhibitor of cyclin-dependent kinases involved in regulation
of the yeast cell cycle, is an example of an IDP that is
largely unstructured while performing its biological function
(Mittag and Forman-Kay 2007). Its flexibility enables transi-
ent interactions in a dynamic complex, with each binding
site interacting in a dynamic equilibrium. Sic1 does not ex-
hibit a disorder-to-order transition (Borg et al. 2007; Mittag
et al. 2008). Rather, its structure resembles a molten or pre-
molten globule, with some secondary and tertiary structure
(Brocca et al. 2009).

At the other end of the disorder spectrum, entropic chains
represent a subset of IDPs that lack well-defined structure
under physiological conditions and do not undergo a disorder-
to-order transition (Tompa 2002). Their functions are there-
fore completely outside the realm of folded proteins. Flexi-
ble linkers or spacers are entropic chains that connect
domains and allow them to move with respect to each other
(Dunker et al. 2002). In Shaker potassium channels, a flexi-

ble linker connects the channel with a domain that interacts
with the open channel to inactivate it (Hoshi et al. 1990; Za-
gotta et al. 1990). This example demonstrates that disorder
also plays a role in transport proteins. Another role of en-
tropic chains is to function as entropic brushes. The thermal
motion of polypeptide chains (acting as the bristles of the
brush) excludes volume, preventing the motion of large mol-
ecules while allowing water and small solutes to pass
through (Hoh 1998). One important example of the entropic
brush mechanism is in the selectivity of the nuclear pore
complex (NPC) (Lim et al. 2006). Selective transport be-
tween the nucleus and cytoplasm occurs through the NPC.
The size-dependent selectivity of the NPC is due to the phe-
nylalanine–glycine nucleoporins (FG-nups), which are in-
trinsically disordered (Krishnan et al. 2008). FG-nups
coating a nanopore of the same dimensions as the NPC are
sufficient to reproduce the NPC’s selectivity (Jovanovic-
Talisman et al. 2009). Their thermal motion creates an
entropic barrier to the passage of large molecules (Lim et
al. 2006).

Elastomeric proteins, including elastin, spider silk, abduc-
tin, wheat gluten, and resilin, are entropic chains with a
function that necessitates disorder (Rauscher et al. 2006).
Their high conformational entropy results in elastic recoil.
Resilin is an elastic protein characterized by an exception-
ally high resilience (defined as the ability to recover after
elastic deformation) (Elvin et al. 2005). It functions as an
energy storage device in the jumping mechanism of fleas
and spittle bugs (Elvin et al. 2005; Rothschild and Schlein
1975). It also provides flexibility to the mobile joints of the
damsel fly wing (Gorb 1999). Resilin is dynamic and disor-
dered, containing no a-helical or b-sheet secondary structure
(Nairn et al. 2008). Elastin, together with other structural
proteins, forms the fabric of extensible tissues, including
skin, arterial walls, and lungs. Elastin self-aggregates upon
heating to form an organized fibrillar structure. Its self-
organization, in combination with its remarkable durability,
makes elastin ideal for biomaterials development (Bel-
lingham et al. 2003; Miao et al. 2003). Like resilin, the hy-
drophobic domains of elastin responsible for its elasticity
contain no a-helix or b-sheet structure. Instead, the polypep-
tide backbone of elastin is highly disordered and hydrated
(Pometun et al. 2004; Rauscher et al. 2006). A review of
elastin’s structure by Muiznieks, Weiss, and Keeley is pro-
vided in this issue (Muiznieks et al. 2010).

Unstructured regions are often found in proteins that are
targeted for degradation. Their turnover facilitates rapid cel-
lular response to changing conditions. Proteolytic degrada-
tion is used to regulate concentrations of certain proteins in
the cell (Wright and Dyson 1999). In general, the half-lives
of disordered proteins are shorter than those of folded pro-
teins, but can be extended by modifications like phosphoryl-
ation or binding to partners (Uversky and Dunker 2008).
The cell cycle must be sensitive to environmental condi-
tions. It is thought that the rapid turnover of IDPs by the
cell’s proteolytic machinery may play a role in this sensitiv-
ity and in the necessary short response times (Uversky and
Dunker 2008). The abundance and residence times of IDPs
are tightly regulated in the cell and their overexpression or
underexpression are associated with several diseases including

272 Biochem. Cell Biol. Vol. 88, 2010

Published by NRC Research Press

B
io

ch
em

. C
el

l B
io

l. 
D

ow
nl

oa
de

d 
fr

om
 w

w
w

.n
rc

re
se

ar
ch

pr
es

s.
co

m
 b

y 
U

ni
ve

rs
ity

 o
f 

W
at

er
lo

o 
on

 1
2/

09
/1

1
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.



cancer, Alzheimer’s disease, and Parkinson’s disease
(Gsponer et al. 2008).

Disorder has been demonstrated to correlate with disease-
related proteins (i.e., disorder in disorders — the D2 con-
cept) (Uversky et al. 2008). Diseases in which disordered
proteins are implicated include cancer, neurodegenerative
diseases, cardiovascular disease, and diabetes (Uversky et
al. 2008; Uversky et al. 2009). Disordered proteins therefore
are an emerging class of drug target (Dunker et al. 2008a).
Proteins associated with cell signalling and cancer in hu-
mans are predicted to be enriched in protein disorder (Iakou-
cheva et al. 2002). In particular, 79% of cancer-associated
proteins (Dunker et al. 2008a) and 60% of proteins associ-
ated with cardiovascular disease are predicted to contain
contiguous regions of disorder longer than 30 residues
(Uversky et al. 2009). A specific example of the link be-
tween disorder and cancer is the involvement of intrinsically
disordered oncoproteins in cervical cancer (Uversky et al.
2006). Human papilloma viruses (HPVs) have proteomes
with only eight proteins, two of which are the oncoproteins
E6 and E7. Different types of HPVs cause benign warts and
carcinomas, including cervical cancer. HPV types associated
with an increased risk of cancer have increased disorder in
the E6 and E7 proteins (Uversky et al. 2009; Uversky et al.
2006).

IDPs are implicated in several amyloid diseases, including
Alzheimer’s disease (amyloid b-protein (Ab)), Parkinson’s
disease (a-synuclein), type II diabetes (amylin), and Hun-
tington’s disease (polyglutamine repeats) (Uversky and Fink
2004). Amyloid fibrils are protein aggregates characterized
by a cross-b quaternary structure, with b-strands running
perpendicular to the main axis of the fibril (Fowler et al.
2007; Petkova et al. 2002). The deposition of amyloid fibrils
is associated with numerous tissue-degenerative pathologies
(Dobson 2003), but amyloid fibrils are not necessarily toxic.
There are many well-characterized examples of amyloids
serving biologically important functions (Fowler et al.
2007). Small oligomeric species, which may be intermedi-
ates in amyloid formation, are thought to be responsible for
toxicity and tissue damage (Fowler et al. 2007). In general,
the formation of amyloid requires a partially or fully un-
folded precursor (Calamai et al. 2005; Uversky and Fink
2004). The compact native state of folded proteins must be
at least partially unfolded to form states that are competent
for aggregation, with the main chain and hydrophobic
groups exposed (Calamai et al. 2005). However, IDPs do
not need to undergo such conformational rearrangements to
form aggregation-prone states (Song 2009). Aggregation of
IDPs is also a matter of practical interest due to the chal-
lenges of applying biophysical approaches to insoluble ag-
gregates in vitro (Song 2009). Owing to their tendency to
self-aggregate, IDPs represent a significant portion of known
amyloidogenic proteins (Uversky and Fink 2004). There are,
however, several sequence features that protect IDPs from
amyloid-like aggregation, including high net charge, low hy-
drophobicity, and the presence of proline residues (Monsel-
lier and Chiti 2007). Elastomeric proteins represent a unique
class of IDPs that must aggregate to function. However, to
have the intrinsic disorder necessary for elastic recoil, they
must not aggregate to form highly ordered amyloid fibrils.
Elastomeric proteins avoid the formation of amyloid with a

high combined content of proline and glycine (Rauscher et
al. 2006). In general, the amino acid content of disordered
proteins is significantly different from that of globular pro-
teins. In the next section, we summarize several sequence
features that allow disordered sequences to be identified.

Sequence features of disordered proteins:
bioinformatics approaches

The widespread biological importance of disorder has
prompted several groups to develop prediction techniques
based exclusively on amino acid sequence. Just as the pri-
mary sequence encodes the folded state of proteins, it simi-
larly defines the free-energy landscape, including the
unfolded state. For proteins with no folded state, the amino
acid sequence precludes the possibility of folding. IDPs
should therefore have some common sequence features that
result in an inability to fold. The fact that predictors have
been developed that can discriminate between ordered and
disordered proteins based on sequence alone supports this
idea (Dosztányi et al. 2005b; Dunker et al. 2008b; Uversky
et al. 2009). There are currently more than 50 disorder pre-
dictors, and the accuracy of disorder prediction continues to
increase (Dunker et al. 2008a; He et al. 2009; Radivojac et
al. 2007). See He et al. (2009) for a recent review of disor-
der prediction.

There are two general approaches to disorder prediction.
In the first approach, sequence features are identified in da-
tabases of disordered proteins using sequences of folded pro-
teins as a control. One such collection of disordered
sequences is the Database of Protein Disorder (DisProt),
which includes hundreds of IDPs and IDRs identified as dis-
ordered using various experimental approaches (Sickmeier et
al. 2007). The majority of disorder prediction algorithms
were developed using sequence characteristics identified
from datasets of disordered proteins, including PONDR1
VL-XT (Romero et al. 2001), GlobPlot (Linding et al.
2003), DISOPRED (Ward et al. 2004a), TOP-IDP (Campen
et al. 2008), and FoldIndex (Prilusky et al. 2005). The sec-
ond approach includes algorithms that predict the ability of
a sequence to fold without being trained on databases of
IDPs. Instead, predictors like IUPred (Dosztányi et al.
2005a, 2005b), FoldUnfold (Galzitskaya et al. 2006; Garbu-
zynskiy et al. 2004), and UCon (Schlessinger et al. 2007)
rely on statistical potentials developed using databases of
folded proteins.

The IUPred disorder predictor computes a pairwise inter-
action energy based on amino acid composition as a test of a
sequence’s foldability (Dosztányi et al. 2005a, 2005b). It
uses a statistical potential for the energetic contribution of
each inter-residue interaction based on the observed fre-
quency of the pair’s interaction in a database of globular
protein structures. The parametrization of IUPred’s 20 � 20
interaction matrix does not rely on databases of disordered
proteins. Using this predictor, IDPs and IDRs are distin-
guished from globular proteins on an energetic basis due to
their reduced potential to form stable intra-chain contacts. A
total pairwise energy below a certain threshold indicates that
the sequence is capable of forming an ordered structure. It is
important to note that random sequences with low predicted
pairwise energy content do not necessarily fold. IUPred
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predicts coil-like disordered sequences to be energetically
neutral, with nearly balanced attractive and repulsive inter-
actions, while molten globule-like IDPs have a net energetic
stabilization. IUPred was tested on a dataset of disordered
sequences, yielding a true positive rate of 76.33% (with a
false positive rate of 5.33%). The success of IUPred as a
disorder predictor suggests that the compositions of disor-
dered proteins result in fewer stabilizing interactions com-
pared with globular proteins (Dosztányi et al. 2005b).

IDPs have biased amino acid compositions, with enrich-
ment or depletion of certain amino acids relative to sequen-
ces of folded proteins (Williams et al. 2001). The
compositional bias of IDPs and IDRs is illustrated in
Fig. 1A. The average composition of disordered proteins in
the current version of the DisProt (Sickmeier et al. 2007) da-
tabase was computed relative to a set of folded proteins
from the Protein Data Bank (PDB) (Berman et al. 2000).
This non-redundant set represents ordered proteins, which
are known to be ordered by virtue of the fact that their
structures have been solved using NMR or X-ray crystallog-
raphy. The amino acids that are enriched in disordered se-
quences are: P, Q, S, E, G, K, D, R, and A; inversely, there
is a decrease in the content of T, N, M, H, V, F, L, Y, W, C,
and I. Overall, charged residues are enriched, while large
hydrophobic and aromatic residues are depleted in disor-
dered sequences. This finding is consistent with a previous
analysis of IDP and IDR amino acid compositions, in which
it was found that W, C, F, I, Y, V, L, and N are depleted
while A, R, G, Q, S, P, E, and K are enriched (Williams et
al. 2001). It is also qualitatively consistent with the ranking
of order-promoting residues in the TOP-IDP disorder predic-
tor (W, F, Y, I, M, L, V, N, C, T, A, G, R, D, H, Q, K, S,
E, P) (Campen et al. 2008). A disorder predictor incorporat-
ing amino acid composition alone can recognize disordered
sequences with an accuracy of 87% (Weathers et al. 2004).
Such a high accuracy suggests that composition is a very
important determinant of disorder. Accordingly, a high com-
bined composition of proline and glycine is a necessary re-
quirement for elastomeric proteins, which represent an
important class of disordered proteins (Rauscher et al.
2006). As a consequence, conservation of sequence compo-
sition may be more important for disordered regions than
conservation of exact sequence motifs (Dunker et al.
2008b). Sequence composition alone, however, is generally
insufficient to determine conclusively if a sequence is disor-
dered (Szilágyi et al. 2008).

Due to the biased amino acid composition of disordered
polypeptide chains, high net charge and low hydrophobicity
are common sequence attributes of IDPs and IDRs. Disor-
dered proteins and globular proteins have been distinguished
by correlating mean hydrophobicity with net charge in a
charge–hydrophobicity (CH) plot (Uversky et al. 2000) (and
similarly, a charge–hydropathy plot (Uversky et al. 2009)).
A set of natively-unfolded proteins were found to have
lower mean hydrophobicity and higher net charge compared
with a set of small, monomeric globular proteins (Uversky
et al. 2000). Disordered and ordered sequences occupy dif-
ferent regions of the CH plot due to a combination of two
effects. First, increased charge repulsion compared with
globular proteins favours unfolding. Second, there are fewer
hydrophobic groups, and therefore less driving force for

hydrophobic collapse (Uversky et al. 2000). CH plots are
used by several disorder predictors, including FoldIndex
(Prilusky et al. 2005).

Since the separation of disordered and ordered sequences
in the CH plot was first made, there have been many more
disordered sequences confirmed experimentally. In Fig. 1B,
we provide an up-to date CH plot using the database of dis-
ordered proteins (DisProt) (Sickmeier et al. 2007) in its
present state (version 4.9). Hydrophobicity versus net charge
is plotted for disordered regions from DisProt, and a set of
ordered proteins from the PDB. The average hydrophobicity
is lower and the average net charge is higher for disordered
sequences compared with ordered sequences (statistically
significant with a p value < 0.0001). However, it is not pos-
sible to unambiguously classify a sequence as disordered
based exclusively on its position in a CH plot. Our analysis
is consistent with a recent study showing that ordered and
disordered sequences cannot be clearly separated based
solely on net charge and mean hydrophobicity. In fact, the
CH plot is only a 2-dimensional projection of the 20-dimen-
sional amino acid composition space in which disordered
and ordered sequences overlap significantly (Szilágyi et al.
2008).

The so-called predictors of natural disordered regions
(PONDR), including PONDR VL-XT, incorporate sequence
composition, hydropathy, net charge, and complexity into
their prediction algorithms (Romero et al. 2001). Low se-
quence complexity is a common attribute of IDPs and
IDRs, whose primary structure is significantly less complex
than the sequences of natively folded proteins. Since IDPs
do not need to maintain a specific folded structure to func-
tion, low complexity may be a consequence of having fewer
sequence constraints. However, it is important to note that
there is no observed upper limit on the complexity of IDPs,
since a high sequence complexity does not guarantee that a
protein will fold (Romero et al. 2001). Inversely, low se-
quence complexity is not a sufficient condition for disorder,
as demonstrated by low complexity sequences with repeti-
tive ordered structures, such as fibrous proteins, collagen,
and coiled coils (Romero et al. 2001; Wootton 1993). In
fact, nearly 20% of proteins in the human genome contain
multiple repeats of 30–40 residues. Many of these are an-
kyrin repeat proteins, which are stable and cooperatively
folded (Barrick et al. 2008).

A significant limitation to the prediction of protein disor-
der is the presence of ordered sequences misclassified in da-
tabases of disordered proteins (Romero et al. 2001). When
databases of ordered and disordered proteins are used as
training sets for disorder predictors, false positives in both
data sets limit the accuracy of the resulting predictors
(Dunker et al. 2008b). Noise in the disordered protein data
set is partly due to inconsistencies in the definition of struc-
tural disorder. Different methods have different limitations
with regard to identifying disorder (Dosztányi et al. 2005b).
For example, CD may misclassify a structured loop as being
disordered. Crystal packing in X-ray crystallography some-
times results in the ordering of segments that are disordered
in solution. Poor signal dispersion in NMR spectroscopy is
often used to classify a protein as disordered, which is not suf-
ficient to distinguish between molten globule and coil states
(Dosztányi et al. 2005b). Fortunately, noise in the disordered

274 Biochem. Cell Biol. Vol. 88, 2010

Published by NRC Research Press

B
io

ch
em

. C
el

l B
io

l. 
D

ow
nl

oa
de

d 
fr

om
 w

w
w

.n
rc

re
se

ar
ch

pr
es

s.
co

m
 b

y 
U

ni
ve

rs
ity

 o
f 

W
at

er
lo

o 
on

 1
2/

09
/1

1
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.



Fig. 1. Sequence features of disordered proteins. A set of proteins from the PDB with less than 20% sequence identity was obtained using the PISCES server (Wang and Dunbrack
2003). The set of disordered regions was obtained from the current release of DisProt (version 4.9). Only regions with more than five contiguous residues were included in the data set.
Amino acid composition was computed individually for each sequence and averaged over the data set. (A) The average composition of DisProt minus the average composition (C) of
the PDB, normalized by the average composition of the PDB ((CDISPROT – CPDB)/CPDB) is shown. The amino acids that are enriched in DisProt relative to the PDB are P, Q, S, E, G, K,
D, R, and A, whereas T, N, M, H, V, F, L, Y, W, C, and I are depleted. (B) Net charge is plotted versus hydrophobicity. Hydrophobicity was computed using the normalized scale of
Sweet and Eisenberg (1983). Net charge was computed by taking aspartic acid and glutamic acid to have a charge of –1 and lysine and arginine to have a charge of +1, then normal-
izing by chain length. The average hydrophobicity and average net charge are statistically different for the two data sets (based on a t test with p values < 0.0001).
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protein databases does not affect the accuracy of predictors
that are not trained on disordered sequences, like IUPred
(Dosztányi et al. 2005b).

Currently, no disorder predictor is completely accurate on
its own, but accuracy can be improved by combining multi-
ple approaches (Ferron et al. 2006; Schlessinger et al. 2009;
Xue et al. 2009). Disordered regions can be predicted using
a metaserver (DISMETA) that simultaneously reports the re-
sults of multiple disorder predictors (Sharma et al. 2009).
Alternatively, the recently developed META-Disorder pre-
dictor directly combines multiple unrelated disorder predic-
tors. It achieves greater accuracy than any of its constituent
methods (Schlessinger et al. 2009). One reason for the suc-
cess of these approaches is that different disorder predictors
have been developed to detect different aspects of disorder,
depending on the set of proteins on which they are trained.
For this reason, there is disagreement between predictors,
with some predictors best suited to detect specific types of
disorder (e.g., linkers, short IDRs, long IDRs, etc) (Schles-
singer et al. 2009). Consequently, estimates of disorder in
proteomes vary significantly. For example, more than 20%
of eukaryotic proteins are predicted to have a majority of
residues in disordered regions (Oldfield et al. 2005), while
around 25% of all proteins are predicted to have some disor-
der (Bracken et al. 2004). Given the huge number of IDPs
and IDRs predicted by bioinformatics, an ongoing challenge
is to confirm and characterize their structural ensembles us-
ing both experimental approaches and simulation.

Identifying and characterizing disordered
proteins: experimental approaches

Several experimental techniques can be used to identify
protein disorder. NMR spectroscopy has so far proven to be
the most effective method for obtaining site-specific struc-
tural information for both IDPs and IDRs (Dyson and
Wright 2005; Eliezer 2009). Studying disordered states us-
ing NMR is challenging because the chemical environments
of atomic nuclei in a disordered ensemble are similar. The
resulting lack of resonance dispersion makes resonance as-
signment problematic, but this limitation can be overcome
using high magnetic field spectrometers and isotope label-
ling (Dyson and Wright 2004). Heteronuclear multidimen-
sional NMR is useful for studying disordered states
(Uversky 2002). Once resonances are assigned, NMR pro-
vides both structural and dynamic information. For example,
NMR can provide information on residual secondary struc-
ture in disordered ensembles, which is usually transient and
confined to short segments (Eliezer 2009). Secondary chem-
ical shifts provide site-specific information quantifying frac-
tional secondary structure propensity (Marsh et al. 2006).
Paramagnetic relaxation enhancement (PRE) is useful for
observing long-range contacts (Eliezer 2009). PRE measure-
ments provide ensemble-averaged measurements of distan-
ces using spin labels (Lindorff-Larsen et al. 2004). The
distance range of the PRE method (~ 20 Å) exceeds that
of nuclear Overhauser effect (NOE) distance measurements
(~ 5 Å) and is therefore well-suited to detect the long-range,
transient contacts commonly found in disordered ensembles
(Dedmon et al. 2005). Pulsed-field gradient diffusion meth-
ods are used to measure the diffusion coefficient of a disor-

dered state, which is a population-weighted ensemble
average. The diffusion coefficient provides a measure of hy-
drodynamic radius by approximating the protein as a sphere
(Dyson and Wright 2004). Excellent reviews of the applica-
tion of NMR spectroscopy to disordered and unfolded states
are available (Bracken et al. 2004; Dyson and Wright 2004;
Eliezer 2009; Mittag and Forman-Kay 2007).

Other spectroscopic methods, such as CD, can be used to
identify and characterize protein disorder. IDPs have far-UV
CD spectra with characteristic shapes. They can be identi-
fied by the presence of a minimum around 200 nm and an
ellipticity near 0 around 222 nm (Uversky 2002). In the
near-UV region (250–350 nm), the spectra of IDPs are sim-
plified compared with spectra of folded proteins due to their
reduced secondary and tertiary structure content (Uversky et
al. 2009). Binding-induced folding of IDPs can be observed
using fluorescence spectroscopy (Oh et al. 2009). Single-
molecule Förster resonance energy transfer (FRET) can also
be used to obtain a distribution of distances between two
residues with fluorophores (accessible distances in the range
of 10–80 Å) (Mittag and Forman-Kay 2007; Vendruscolo
2007). These distance distributions are easily incorporated
as restraints in the determination of conformational ensem-
bles (Eliezer 2009), or compared with distances from simu-
lations (Gustiananda et al. 2004). Similarly, small-angle
X-ray scattering (SAXS) provides information about pair-
wise distance and a measure of radius of gyration (Mittag
and Forman-Kay 2007).

Missing or poorly-defined electron density in a structure
determined by X-ray crystallography is often interpreted as
evidence of a disordered region. Flexibility leads to incoher-
ent X-ray scattering, resulting in missing electron density in
a crystal structure (Uversky 2002). Obtaining crystals of
proteins with some conformational heterogeneity may be
problematic. If crystals do form and a structure is obtained,
it is only representative of a single conformation, not neces-
sarily of the ensemble in solution (Dyson and Wright 2004).
For these reasons, X-ray crystallography is less suitable than
NMR spectroscopy for the study of disordered states. Other
techniques used to identify disordered regions include Four-
ier transform infrared spectroscopy (FTIR), measurements of
susceptibility to proteolytic degradation, electrospray ioniza-
tion mass-spectrometry, and amide proton – deuterium ex-
change methods (Dyson and Wright 2005; Radivojac et al.
2007; Receveur-Bréchot et al. 2006). Currently, no single
experimental technique suffices for the assignment of resi-
dues as ordered or disordered. Ideally, several methods are
used in combination. However, since different experimental
techniques are suited to detect different aspects and types of
conformational disorder, they occasionally disagree (Schles-
singer et al. 2009). Furthermore, it is still not completely
clear whether proteins that are identified as disordered in vi-
tro remain unstructured in vivo (Uversky and Dunker 2008),
as some IDPs may become more structured in the crowded
environment of the cell (Wright and Dyson 2009).

Both bioinformatics and experimental approaches have
proven useful for the identification of IDPs and IDRs. Once
a protein is identified as disordered, the next step is the
characterization of its conformational ensemble. Relatively
few IDPs and IDRs have been structurally characterized in
detail. Biophysical studies of structurally heterogeneous
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states are challenging and often involve the use of multiple
approaches, such as NMR, CD and SAXS (Cowieson et al.
2008). The goal of these studies is to obtain a comprehen-
sive description of the ensemble, including residual secon-
dary structure, mobility and transient long-range contacts
(Eliezer 2009). Experimental measurements of disordered
states typically represent averages over a broad ensemble of
unrelated structures. On their own, ensemble averages are
insufficient to uniquely determine the underlying conforma-
tional distribution. Even with the most extensive set of ex-
perimental restraints currently attainable, disordered
ensembles cannot be characterized with experiment alone
(Marsh and Forman-Kay 2009). It is an inherently underde-
termined problem because the number of degrees of freedom
in the system far exceeds the number of available restraints
(van Gunsteren et al. 2008). Experimental approaches can
provide quantitative information for simulation in the form
of restraints to determine conformational ensembles consis-
tent with the data (Mittag and Forman-Kay 2007). In this
way, sparse experimental data can be complemented by the
information contained in molecular mechanics force fields
(Vendruscolo 2007).

Molecular simulations
Molecular simulations, with their empirical potentials

(Karplus and McCammon 2002), provide information that
can be used to characterize ensembles of IDPs. Simulations
rely on empirical potential energy functions or force fields
that include terms to describe the interactions between par-
ticles (bonds, angles, dihedrals, van der Waals interactions,
and electrostatics). Solvent can be represented implicitly or
explicitly. Different levels of simulation detail are possible,
from all-atom representations with explicit solvent to
coarse-grained models, in which a residue is represented by
a single pseudo-particle and the solvent is treated implicitly.
There are also different approaches to conformational sam-
pling, including molecular dynamics (MD) and Monte Carlo
(MC) simulations. The sampling in MD involves the propa-
gation of Newton’s equations of motion in time. As a result,
MD simulations provide time trajectories containing infor-
mation on the dynamics of all particles in the system. By
contrast, in MC, sampling is stochastic, with changes in con-
figuration accepted or rejected according to an energetic cri-
terion. Since biomolecular systems are ergodic, ensemble
averages can be calculated from simulation trajectories and
compared with experimental measurements. Molecular sim-
ulations are therefore readily combined with other biophysi-
cal approaches in interdisciplinary studies. Further details
about molecular simulation techniques can be found in use-
ful reviews and books (Allen and Tildesley 1987; Karplus
and McCammon 2002; McCammon and Harvey 1987).

Hybrid approaches: using experimental restraints in
simulations

Molecular simulations are used to some extent by nearly
all structural biologists in the process of structure determina-
tion for folded proteins. Structure refinement involves opti-
mizing the agreement with both diffraction data and a priori
knowledge about bond lengths, bond angles, and dihedral
angles (Brünger et al. 1998b). In the Crystallography and

NMR System (CNS) (Brünger et al. 1998a) and Xplor-NIH
(Schwieters et al. 2003) softwares, simulated annealing and
energy minimization may be used at different stages of re-
finement in the determination of X-ray crystal structures or
NMR structures. The use of simulated annealing signifi-
cantly enhances the efficiency of refinement (Brünger et al.
1998b). Energy terms corresponding to observables, such as
interproton distances from NOE measurements, may be used
in combination with energy terms from empirical force
fields, including van der Waals and dihedral angle poten-
tials, in the process of structure determination (Schwieters
et al. 2003). Even proteins with well-defined folded states
exhibit significant mobility, sampling many conformations
at room temperature (Kuriyan et al. 1991). Simulated an-
nealing MD simulations using restraints from X-ray studies
were performed to characterize the extent of conformational
disorder in ribonuclease A (Kuriyan et al. 1991). Likewise,
disordered states of IDPs and IDRs can be studied using
analogous experimental–simulation approaches. However,
studying disordered ensembles is significantly more compli-
cated because there are generally fewer experimental re-
straints available. Instead, experimentally derived restraints
can be directly combined with molecular simulations to pro-
duce disordered state ensembles that are consistent with in-
put data (Vendruscolo 2007).

Several hybrid experimental–simulation approaches have
been developed to impose restraints on ensembles of confor-
mations. One of the most straightforward approaches in-
volves the generation of a set of random structures that are
population-weighted to create an ensemble consistent with a
set of restraints (Choy and Forman-Kay 2001; Marsh and
Forman-Kay 2009; Marsh et al. 2007). An example of such
an approach is the ENSEMBLE algorithm, which makes use
of a wide variety of experimental restraints such as chemical
shifts, NOEs, PREs, residual dipolar couplings, hydrogen
exchange protection factors, solvent-accessible surface area,
and hydrodynamic radius (Marsh and Forman-Kay 2009;
Marsh et al. 2007). ENSEMBLE generates the simplest en-
sembles of conformations that are consistent with the input
data to minimize the possibility of overfitting (Marsh and
Forman-Kay 2009). An initial pool of sterically plausible
unfolded conformers can be generated using the program
TraDES (Feldman and Hogue 2000). In principle, any
method of conformational sampling can be used to generate
a conformer pool, including MD simulations (Marsh et al.
2007). Conformers are generated, selected, and population-
weighted to match experimental restraints in an iterative
process (Bezsonova et al. 2007; Marsh and Forman-Kay
2009; Mittag and Forman-Kay 2007). ENSEMBLE has
been used to characterize the highly populated unfolded
state of the N-terminal Src-homology-3 (SH3) domain of
Drosophila drk, which exists in equilibrium with the folded
state (Bezsonova et al. 2007; Marsh and Forman-Kay 2009).
Its disordered ensemble was shown to be highly heterogene-
ous, with significant non-native secondary and tertiary struc-
ture (Marsh and Forman-Kay 2009).

An analogous approach is the ensemble optimization
method (EOM) (Bernadó et al. 2007). In this approach, a
conformer pool is generated with the flexible-meccano algo-
rithm, which randomly selects dihedral angles for each resi-
due from a library of coil conformations (Bernadó et al.
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2005). An X-ray scattering curve is then calculated for each
conformer, and sets of conformers that fit the experimental
SAXS distribution are selected. Different EOM runs produce
different conformer pools, all of which match the same ex-
perimental SAXS profile (Bernadó et al. 2007). This type of
underfitting due to insufficient data is a common issue in the
determination of disordered ensembles. Completely different
conformational ensembles can be consistent with a given set
of experimental data (van Gunsteren et al. 2008). Conforma-
tional ensembles produced by EOM can be further refined
and validated using information from complementary exper-
imental approaches, such as FRET, CD, and NMR (Bernadó
et al. 2007).

Chemical shift information from NMR experiments can
be either directly incorporated as restraints or used as a cri-
terion to evaluate the accuracy of a conformational ensem-
ble. For example, the partially unfolded signalling state of
photoactive yellow protein was modeled using MD simula-
tions with restraints based on NMR chemical shifts (Fuentes
et al. 2005). This approach is effective when the partially
unfolded state represents a relatively small perturbation
from the folded state, and the structure of the folded state is
known (Fuentes et al. 2005). Another approach that makes
use of chemical shift information is the energy-minima map-
ping and weighting (EMW) method (Huang and Stultz 2008;
Yoon et al. 2009). The EMW method consists of three steps:
conformational sampling, ensemble generation, and valida-
tion. This method is motivated by the idea that a disordered
ensemble consists of a set of energetically favourable con-
formations. To ensure that a structurally heterogeneous set
of initial conformations is generated, EMW uses a combina-
tion of high temperature MD and end-to-end distance re-
straints, followed by simulation at low temperature and
energy minimization (Huang and Stultz 2008). It is assumed
that configurations generated using this approach represent
populated conformations. Using the library of initial con-
formations, EMW generates many candidate ensembles,
each of which is independently consistent with a set of
13Ca chemical shifts. Validation of the ensembles is per-
formed using 13CO, 15N, and Ha chemical shifts and scalar
J-couplings (Yoon et al. 2009). The EMW method has been
used to study the conformational ensemble of a C-terminal
fragment of p21, an IDP capable of recognising and binding
to at least 25 different substrates. Its structural plasticity al-
lows it to adopt both a-helical and extended structures. In-
terestingly, the bound conformations of p21 were found to
exist in the conformational ensemble of its unbound state,
supporting a conformational selection mechanism for p21’s
binding promiscuity (Yoon et al. 2009).

Experimentally derived restraints can be imposed in a
simulation using time averaging. In this approach, the en-
semble of configurations from the complete simulation tra-
jectory satisfies all restraints, while no single configuration
is required to do so (Torda et al. 1989). Time-averaged re-
straints minimize the disturbance to the force field owing to
the addition of an artificial term. Inter-proton distances from
rotating frame NOE intensities and dihedral angles from sca-
lar couplings were used as time-averaged restraints in MD
simulations of the XAO peptide (Ac-XX(A)7OO-NH2, where
X is diaminobutyric acid and O is ornithine) (Makowska et
al. 2006). Using this methodology, the structure of the XAO

peptide was found to be an interconverting ensemble, with
no extended polyproline II (PPII) structure. Although indi-
vidual residues of the XAO peptide sample the PPII confor-
mation, the PPII helix is not the unique conformation of the
XAO peptide. Importantly, the properties of the ensemble
were verified by agreement with the radius of gyration from
SAXS measurements (Makowska et al. 2006). In another ex-
ample of the time-dependent use of restraints, 3J coupling
constants were adaptively restrained by keeping track of
configurations sampled throughout the simulation (Christen
et al. 2007).

Molecular simulations can either use time-averaged re-
straints, or apply restraints simultaneously to multiple simu-
lations (replicas) (Gros et al. 1990; Lindorff-Larsen et al.
2004; Torda et al. 1989). The Monte Carlo Replica Sam-
pling (MCRES) method enforces PRE-derived distance re-
straints on an ensemble of replicas simulated in parallel
(Lindorff-Larsen et al. 2004). Restraints are imposed using
an energetic penalty on the ensemble-average of distances
rather than on any individual replica. The MCRES method
was used to study the denatured state of bovine acyl-coen-
zyme A binding protein (ACBP) using a Ca-representation
of the protein (Lindorff-Larsen et al. 2004). For this system,
20 replicas were required to capture the broad ensemble of
structures in the denatured state. This study of ACBP was
subsequently extended by using an all-atom representation
of the protein with implicit solvent, thereby incorporating
structural information from a molecular mechanics force
field to supplement the PRE-derived distance restraints
(Kristjansdottir et al. 2005). A similar approach was used to
model the disordered ensemble of a-synuclein (Dedmon et
al. 2005). Using all-atom MD simulations with PRE-derived
distance restraints, the unfolded ensemble of a-synuclein
was found to contain no significant secondary structure and
to be more compact than a random coil. The long range con-
tacts between the hydrophobic region and the C-terminus fa-
vour the collapsed state of a-synuclein and may offer some
protection against aggregation. Importantly, the hydrody-
namic radius obtained using the distance-restrained MD sim-
ulations was consistent with the experimentally determined
value, supporting the validity of the approach (Dedmon et
al. 2005).

Applying experimentally derived restraints in MD simula-
tions ensures that the simulations produce ensembles consis-
tent with what is known experimentally. However, a few
cautionary notes must be kept in mind when using experi-
mental–theoretical hybrid approaches. First, the experimen-
tal methods used to obtain the restraints may perturb the
ensembles they are characterizing. For example, to obtain
PRE measurements of distances, nitroxide spin labels are
coupled to cysteine residues in the protein. Both the intro-
duction of spin labels and the mutation of residues to cys-
teine may result in perturbations in the conformations in the
ensemble, as well as their relative populations (Mittag and
Forman-Kay 2007). Using experimental restraints obtained
under one set of thermodynamic conditions (e.g., tempera-
ture, pH, ionic strength and pressure) in an MD simulation
with different conditions will produce an unphysical confor-
mational ensemble (van Gunsteren et al. 2008). For this rea-
son, the simulation system must capture the in vitro
conditions as closely as possible. The same considerations

278 Biochem. Cell Biol. Vol. 88, 2010

Published by NRC Research Press

B
io

ch
em

. C
el

l B
io

l. 
D

ow
nl

oa
de

d 
fr

om
 w

w
w

.n
rc

re
se

ar
ch

pr
es

s.
co

m
 b

y 
U

ni
ve

rs
ity

 o
f 

W
at

er
lo

o 
on

 1
2/

09
/1

1
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.



apply when comparing simulation data with experimental
observables. It is also recommended that only primary (di-
rectly observable) experimental data be used as restraints, if
possible. Secondary data that is computed using approxima-
tions and assumptions based on primary data, such as S2 or-
der parameters, may result in unexpected artefacts (van
Gunsteren et al. 2008). To validate the ensembles generated
by hybrid approaches, experimental data not used as re-
straints in the initial calculation can be used (Mittag and
Forman-Kay 2007; Vendruscolo 2007). Cross-validation is
also possible using a subset of the restraints to generate the
ensemble, then verifying that the remaining restraints are re-
produced (Vendruscolo 2007). In principle, however, molec-
ular simulations of disordered states of proteins do not
require any experimental data as input, and therefore can be
used independently to predict experimental measurements or
to provide fundamental biophysical insight. Such studies are
reviewed in the next section.

De novo simulations

Challenges and considerations
Molecular simulations of IDPs, with or without experi-

mental restraints, are complicated by the fact that not one
but possibly many thousands of conformations must be
sampled to characterize a structurally heterogeneous ensem-
ble. Energetic barriers to conformational transitions involv-
ing significant structural rearrangements are often larger
than the available thermal energy; consequently, transitions
between conformations in the ensemble are statistically rare
events. Continuous MD simulations are often insufficient to
achieve complete Boltzmann sampling of all important con-
formational states (Rauscher et al. 2009). Without achieving
statistical convergence, it is not possible to draw meaningful
conclusions about the conformational equilibrium from the
simulations (Lyman and Zuckerman 2006). This is an im-
portant issue, since computing capabilities limit the possible
timescales of MD simulations.

Not only is it necessary for a simulation to sample all rel-
evant conformations, the model used to represent the poly-
peptide must also be sufficiently accurate to capture the
relevant physical properties of the system. In general, simu-
lations utilizing more detailed molecular representations are
more costly. In particular, simulations with atomistic detail
and an explicit representation of the solvent are very compu-
tationally intensive. They are currently limited to the nano-
second to microsecond timescale for continuous MD
simulations, depending on the size of the system and the
available computational resources. For example, a-synuclein
was recently studied using atomistic MD simulations as a
monomer in solution and as an aggregate with a membrane
(for a total of more than 200 000 atoms) for several nanosec-
onds (Tsigelny et al. 2007; Tsigelny et al. 2008).

Conformational sampling methods
Similar challenges are encountered in simulations of the

unfolded state or partially unfolded state of globular proteins
(Zagrovic et al. 2002), due to essential similarities between
disordered ensembles and unfolded or denatured ensembles
(Mittag and Forman-Kay 2007). It is therefore instructive to
consider the extensive work on simulations of unfolded

states and denatured states of proteins whose native state is
folded. One approach to achieving sufficient conformational
sampling is to run thousands of independent MD simulations
in parallel for tens of nanoseconds, each using a distributed
computing platform (Zagrovic and Pande 2006; Zagrovic et
al. 2002). In this brute force approach, many conformations
of the unfolded ensemble are simulated simultaneously start-
ing from the fully extended state, thereby overcoming the
problem of conformational transitions. The main drawback
is the significant computational expense of running many
thousands of simulations. The unfolded ensemble of the vil-
lin headpiece, the tryptophan zipper, and BBA5 were each
studied using this approach with implicit solvent, for a total
simulation time of nearly 800 ms (Zagrovic et al. 2002). Col-
lectively, these simulations resulted in the formulation of the
mean structure hypothesis: the unfolded ensemble has the
same mean structure as the folded state, only with a much
higher structural diversity. This hypothesis is supported by
the observation that the average distance matrix of Ca pairs
of the unfolded ensemble is very similar to that of the folded
state for all three proteins (Zagrovic et al. 2002). The results
of this study underscore the utility of studying average prop-
erties of disordered ensembles. Another approach to study-
ing unfolded ensembles has been the use of biased
molecular dynamics to preferentially sample conformations
with different radii of gyration (Paci et al. 2001). Starting
from the native state of a-lactalbumin, a biasing force was
used to generate conformers of larger radii of gyration,
which were subsequently simulated using unbiased MD to
model the partially denatured, molten globule-like state
(Paci et al. 2001).

The two most straightforward approaches to achieving ad-
equate sampling in MD simulations involve running many
short simulations (MS) or sampling a few long trajectories
(FL) (Monticelli et al. 2008). These two approaches were
rigorously compared with explicit solvent simulations of the
RN24 peptide (totalling more than 800 ms) (Monticelli et al.
2008; Monticelli et al. 2005). Although structural properties
obtained with both FL and MS simulations agreed qualita-
tively, MS simulations resulted in greater precision. Some
of the short timescale conformational transitions observed
in MS simulations were not observed in the FL simulations.
Conversely, a few transitions occurring over long timescales
were observed in the FL simulations and not the MS simula-
tions, leading the authors to conclude that the FL and MS
approaches are complementary (Monticelli et al. 2008).
However, these conclusions are system-dependent and the
sampling efficiency in general depends on the ruggedness
of the energy landscape (Rauscher et al. 2009). An approach
intermediate between MS and FL is also possible (i.e., sev-
eral simulations of intermediate length). For example, the in-
trinsically disordered transactivation domain of p53 was
simulated in explicit solvent for six simulations totalling
nearly 0.5 ms. The resulting conformational ensemble was
found to be dominated by compact states with significant
amounts of secondary structure, largely due to the high com-
position of leucine (Espinoza-Fonseca 2009). MS simula-
tions can involve more complex methods, including Markov
State Models (MSMs) (Singhal and Pande 2005; Singhal et
al. 2004). An MSM is constructed from a large set of MD
simulation trajectories. Configurations from the trajectories
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are clustered into discrete conformations to compute a tran-
sition probability matrix between all possible conformations.
Relying on the assumption that transitions between confor-
mations are Markov processes, the MSM approach effec-
tively translates a large number of continuous MD
trajectories into a transition matrix. An MSM provides both
thermodynamic and kinetic information, such as the mean
first passage time between the folded and unfolded state
(Singhal et al. 2004).

MS implementations may incorporate coupling or com-
munication between simulations. Generalized-ensemble al-
gorithms in which each replica executes a random walk in
temperature are an example of this approach (Rauscher et
al. 2009; Sugita and Okamoto 1999). Compared with con-
stant temperature MC or MD simulations, generalized-en-
semble algorithms improve sampling of the rugged energy
landscapes underlying biomolecular motion. Their enhanced
efficiency relies on the fact that the free-energy surface be-
comes less rugged at high temperature, increasing the fre-
quency of interconversion between conformational states
(Huang et al. 2008). Replica exchange (RE) is the most
commonly used generalized-ensemble method (Ferrenberg
and Swendsen 1988; Sugita and Okamoto 1999; Tesi et al.
1996). An RE simulation consists of identical copies of the
system (replicas), which sample canonical ensembles at dif-
ferent temperatures using MD or MC. Exchanges are per-
formed between replicas at neighbouring temperatures
according to a Metropolis criterion. For an exchange to oc-
cur, replicas at neighbouring temperatures must stop their
respective simulations. This requirement for synchronization
means that RE requires a large, dedicated, homogeneous
computing cluster to function efficiently when applied to
complex systems. RE has been successfully used to charac-
terize the conformational ensemble of polyalanine, quantify-
ing the relative populations of a-helical, PPII and disordered
conformations as a function of temperature (Garcı́a 2004).
We have reviewed and performed a thorough comparison of
generalized-ensemble algorithms, specifically evaluating
these methods for their performance in conformational sam-
pling of IDPs (Rauscher et al. 2009).

Our group recently developed two novel generalized-
ensemble algorithms, virtual replica exchange (VREX), and
simulated tempering distributed replica sampling (STDR)
(Rauscher et al. 2009), which is a combination of simulated
tempering (Lyubartsev et al. 1992; Marinari and Parisi 1992)
and distributed replica sampling (Neale et al. 2008; Ro-
dinger et al. 2006, 2008). Like RE, both VREX and STDR
make use of a random walk in temperature to enhance con-
formational sampling. The VREX algorithm is similar to
that of RE, except that one replica undergoes a virtual
move in temperature. In STDR, replicas perform exchanges
based on the temperature location of all other replicas, with
an energetic penalty imposed for multiple replicas sampling
the same temperature simultaneously. In contrast to RE,
both the VREX and STDR algorithms are designed to elim-
inate the need for synchronization of temperature exchanges.
As a consequence, VREX and STDR do not require a dedi-
cated and homogeneous cluster of computers and are well-
suited for distributed computing platforms. Compared with
MD simulations at constant temperature, STDR was shown
to dramatically enhance conformational sampling while of-

fering significant practical advantages compared with both
RE and simulated tempering. In particular, STDR was dem-
onstrated to be well-suited for conformational sampling of
IDPs (Rauscher et al. 2009).

Simulations of entropic chains
There is currently no high-resolution structural informa-

tion available from experimental approaches for disordered
ensembles of entropic chains. De novo MD simulations are
therefore very useful for the study of these proteins. Of par-
ticular interest is the protein elastin, which confers elasticity
on extensible tissues including skin, lungs, and major ar-
teries. Its insolubility and flexibility have precluded the use
of conventional structural determination methods, including
crystallography and solution NMR spectroscopy. Using all-
atom MD simulations with explicit water and the STDR al-
gorithm, we obtained a disordered ensemble of conforma-
tions for the elastin-like peptide (GVPGV)7 (Rauscher et al.
2009). This simulation involved a total time of more than
8 ms (summed over all temperatures). For this system, the
STDR algorithm dramatically enhanced sampling efficiency
compared with continuous MD, which remained trapped in
essentially one conformation for over 200 ns (Rauscher et
al. 2009). The random walk in temperature in the STDR al-
gorithm resulted in more frequent conformational transi-
tions. The (GVPGV)7 peptide populates a heterogeneous
ensemble of conformations. A selection of conformations
from the simulation is shown, along with the probability dis-
tribution of the radius of gyration in Fig. 2. These structures
represent a very small subset of the possible conformations
of this peptide. Here, we illustrate the ability of de novo
MD simulations to provide an atomic resolution description
of a disordered state ensemble.

The (GVPGV)7 peptide was also part of our earlier study
of a set of disordered elastin-like and amyloid-like peptides
(Rauscher et al. 2006). Both elastin- and amyloid-like mate-
rials result from the self-assembly of proteins into fibrils.
However, to function, elastomeric proteins must remain dis-
ordered even when aggregated. Our study investigated the
molecular basis for the differing physical properties of these
two classes of protein self-aggregation. Using all-atom MD
simulations with explicit water, we found that elastin-like
peptides have fewer intra- and inter-peptide hydrogen bonds
and are more hydrated on average compared with amyloid-
like peptides. Our findings support a unified model of pro-
tein aggregation in which hydration and conformational
disorder are fundamental requirements for elastomeric func-
tion. Disorder is a consequence of the inability of the poly-
peptide to form a compact, water-excluding core involving
extensive backbone self-interactions. Peptide self-organization
into elastomeric or amyloid-like aggregates is modulated by
sequence. In particular, we found that a threshold in the
combined content of proline and glycine clearly separates
elastomeric and amyloidogenic sequences. Accordingly, all
known elastomeric proteins, including spider silk, elastin,
mussel byssus thread, abductin, wheat gluten, and resilin,
exhibit a high combined content of proline and glycine.
Importantly, one of the model peptides in this study was re-
combinantly expressed and formed amyloid-like fibrils as
predicted, providing experimental cross-validation (Rauscher
et al. 2006).
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Fig. 2. The disordered ensemble of (GVPGV)7. (A) Radius of gyration probability distribution and (B) representative structures from the
conformational ensemble generated by MD simulations with the STDR algorithm. Molecular structure visualizations (cartoon representation
with a solvent-excluded molecular surface) were produced using the UCSF chimera software (Pettersen et al. 2004).
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Since the simulations in this study were relatively short
(60 ns for monomers and 20 ns for aggregates) and no en-
hanced sampling approach was used, the disordered peptides
explored only a small subset of their complete conforma-
tional ensembles. Despite these limitations, convergence of
the average number of backbone–backbone hydrogen bonds,
backbone–water hydrogen bonds, and PPII content was ob-
served (Rauscher et al. 2006). Average properties of an en-
semble may not be apparent when looking at any single
structure (Zagrovic et al. 2002). However, sampling a small
subset of the conformations from a disordered ensemble
may be sufficient for convergence of average properties.
This observation results from the fact that disordered states
are highly degenerate both structurally and energetically, as
numerous conformations resemble each other in terms of
bulk properties, like secondary structure content and popula-
tion. The convergence of average properties after sampling a
small subset of possible conformations was observed in our
study of elastin- and amyloid-like peptides (Rauscher et al.
2006). In this study, we made use of simplified sequences
to enhance sampling. Statistical averaging in MD simula-
tions is enhanced by repetitive sequences, since each repeat
motif is simulated several times in the same simulation
(Rauscher et al. 2006). In general, the reduced sequence
complexity of IDPs has important implications for the simu-
lation of these sequences. Studying simple model sequences
is a straightforward approach to enhancing sampling for
simulations of IDPs. In fact, the simplest entropic chains
are poly-amino acids, such as polyglutamine and polygly-
cine.

Pappu and co-workers have extensively characterized the
conformational ensemble of polyglutamine, which is impli-
cated in Huntington’s disease (Crick et al. 2006; Vitalis et
al. 2009; Vitalis et al. 2007; Wang et al. 2006). Using MD
simulations, polyglutamine was shown to adopt a heteroge-
neous ensemble of collapsed structures. Polyglutamine is
disordered as a monomer because the glutamine side chains
form hydrogen bonds to the backbone, essentially competing
with water as a solvent (Wang et al. 2006). Individual resi-
dues have significant populations in the PPII and a-helical
regions of the Ramachandran plot, but there is no extended
PPII helix or a-helix. The ensemble of monomeric polyglut-
amine has a high conformational entropy that must be over-
come in order for aggregation and b-sheet formation to
occur. While statistical fluctuations lead to transient sam-
pling of b-hairpin-like states (Wang et al. 2006), conforma-
tions with a high content of b-type structures are
thermodynamically disfavoured for polyglutamine mono-
mers (Vitalis et al. 2009). The results from the MD simula-
tions are consistent with the hydrodynamic properties of
polyglutamine measured using fluorescence correlation spec-
troscopy (Crick et al. 2006). Chain size, as measured by the
radius of hydration, is related to chain length by a power
law. Polyglutamine in aqueous solution behaves like a poly-
mer in a poor solvent, for which chain–chain interactions are
preferred to chain–solvent interactions (Crick et al. 2006).
This behaviour is not unique to polyglutamine. In fact, water
is also a poor solvent for polyglycine and poly(glycine–ser-
ine). In 8 mol�L–1 urea, both polyglycine and poly(glycine–
serine) have conformational ensembles that are more swol-
len than the collapsed ensembles in water (Tran et al.

2008). Thus, despite the lack of a hydrophobic core, polar
but uncharged sequences collapse in water, suggesting that
water is a poor solvent for the polypeptide backbone (Crick
et al. 2006; Tran et al. 2008). These observations have direct
implications for the aggregation of polyglutamine, since
phase separation (aggregation) only occurs in a poor solvent,
and increasing chain length increases the driving force for
aggregation (Pappu et al. 2008).

Another class of entropic chains are the nucleoporins,
which are responsible for the selectivity of the nuclear pore
complex. An FG-nucleoporin domain from yeast, as well as
a mutant with all 10 phenylalanines substituted with alanines
(the F?A mutant), were studied using all-atom MD simula-
tions with implicit solvent (Krishnan et al. 2008; Phillips et
al. 2008). Results from these simulations indicated that the
conformational ensemble of the FG domain is best described
as a native pre-molten globule, whereas the F?A mutant is
more coil-like. The compactness of the FG domain and the
F?A mutant was characterized using diffusion coefficients
measured with NMR. Both simulation and experiment char-
acterized the ensemble of the FG domain as significantly
more compact than that of the F?A mutant, providing a
validation of the conformational ensemble generated using
molecular simulation (Krishnan et al. 2008).

Simulation and experiment — interdisciplinary studies
We have already seen several examples of powerful hy-

brid theoretical–experimental studies of IDPs that directly
incorporate experimentally derived restraints into molecular
simulations. It is also common for IDPs to be studied using
simulations without restraints in interdisciplinary studies. De
novo simulations can provide biophysical explanations for
experimental observations, or can be validated using experi-
mental approaches. For example, MD simulations can be
used to complement structural information from NMR spec-
troscopy in the study of binding complexes of IDPs. This
approach is particularly useful if the ligand remains partially
disordered in the bound state. The interaction of a 15-resi-
due peptide from mouse guanine-nucleotide exchange factor
Sos2 and the SH3 domain of mouse Grb2 was characterized
using NMR (Wittekind et al. 1994). A structure was ob-
tained for the complex, but complete assignment of the pep-
tide resonances was not possible. Consequently, it could not
be concluded if the peptide adopts a PPII helix conforma-
tion, similar to the bound state of other SH3 ligands (Witte-
kind et al. 1994). NMR provided sufficient data to determine
the orientation of the peptide and the location of only two
residues. Starting from this limited data, MD simulations
provided a conformational ensemble describing the bound
state of the peptide. The peptide was found to adopt a pre-
dominantly extended conformation in contact with the SH3
domain, stabilized by sidechain–sidechain and sidechain–
backbone hydrogen bonds. The peptide retains significant
flexibility in the bound state. The ideal PPII helix proposed
in the NMR study as the structure of the peptide is not com-
patible with the conformational ensemble of the MD simula-
tion (Calero et al. 2004).

In another interdisciplinary study of protein–protein inter-
actions, MC simulations were used to characterize the
formation of a complex between the p27Kip1 protein and
cyclin A-cyclin-dependent kinase 2 (Cdk2) (Verkhivker et

282 Biochem. Cell Biol. Vol. 88, 2010

Published by NRC Research Press

B
io

ch
em

. C
el

l B
io

l. 
D

ow
nl

oa
de

d 
fr

om
 w

w
w

.n
rc

re
se

ar
ch

pr
es

s.
co

m
 b

y 
U

ni
ve

rs
ity

 o
f 

W
at

er
lo

o 
on

 1
2/

09
/1

1
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.



al. 2003). The p27Kip1 protein is intrinsically disordered in
its unbound state and becomes ordered upon binding to the
cyclin A – Cdk2 complex. Simulations were initiated from
the crystal structure of the bound state to model the transi-
tion state ensemble, with the cyclin A – Cdk2 complex held
fixed. A large ensemble of unfolding and unbinding trajecto-
ries were generated at high temperature. A significant
amount of native-like topology was found in the transition
state. It is, however, problematic to infer information about
the binding free energy landscape at physiological tempera-
ture from simulations at high temperature. Subsequent simu-
lations of the order–disorder transition of the p27Kip1 protein
with the cyclin A – Cdk2 complex were performed using si-
mulated annealing (Verkhivker 2005). When p27Kip1 is
bound to the cyclin A – Cdk2 complex, its C-terminal re-
gion remains disordered. The conformational ensemble of
the C-terminal region was characterized using both MD sim-
ulations and SAXS measurements to be extended and flexi-
ble in the bound state (Galea et al. 2008).

It is essential to validate theoretical approaches used to
simulate IDPs using appropriate experimental data. One ex-
ample of such a rigorous validation is a recent study in
which the conformational ensembles of Ab40 and Ab42
were studied using MD simulations in explicit water on the
microsecond timescale, with RE used to enhance conforma-
tional sampling (Sgourakis et al. 2007). A comparison was
made between different force fields for the Ab42 peptide.
The results of simulations using the OPLS-AA force field
(Kaminski et al. 2001) were found to be in quantitative
agreement with scalar couplings determined from NMR ex-
periments. This work validated the conformational ensem-
bles generated using RE simulations in addition to
providing a useful ranking of force fields based on a com-
parison with experimental data (Sgourakis et al. 2007).

In another interdisciplinary study, different solvent repre-
sentations were compared using a set of disordered peptides
as test systems (Feige and Paci 2008). This comparison was
validated using experimental data from triplet–triplet energy
transfer (TTET) experiments. TTET can be used to monitor
loop formation in unfolded polypeptides (Fierz et al. 2007).
Since contact formation between residues occurs on a time-
scale accessible to MD simulation, a direct comparison of
the kinetics obtained using simulation and experiment was
performed (Feige and Paci 2008). Using this approach, poly-
serine and poly(glycine–serine) peptides were found to have
little persistent structure and non-Gaussian end-to-end dis-
tance distributions, indicative of rugged energy landscapes.
The use of an explicit solvent (TIP4P) resulted in better
agreement with TTET experiments compared with implicit
solvent representations, which overestimated compactness,
secondary structure content, and the number of peptide-
peptide hydrogen bonds (Feige and Paci 2008).

Another evaluation of the accuracy of an implicit repre-
sentation of water was performed using NMR experiments
for validation. RE simulations of the GB1 peptide were per-
formed and chemical shifts and scalar couplings were calcu-
lated for the ensembles at each temperature. The ensemble
of structures that most closely matched the NMR data ob-
tained at 278 K corresponded to temperatures near 400 K
(Weinstock et al. 2007). Like the TTET experiments, com-
parison with NMR data suggested that implicit solvent mod-

els result in overly-structured ensembles of IDPs at low
temperature. Although the use of implicit solvent provides
advantages over explicit solvent in terms of computational
efficiency, these two studies suggest that the conformational
ensembles of IDPs in implicit solvent are not in agreement
with experimental observations.

A promising new implicit solvent model, ABSINTH (self-
assembly of biomolecules studied by an implicit, novel, and
tunable Hamiltonian), was recently developed for use in MC
simulations (Vitalis and Pappu 2009). It is calibrated primar-
ily for simulating the conformational ensembles of IDPs.
ABSINTH is designed to maximize computational effi-
ciency, requiring only 2.5–5 times the expense of simula-
tions in vacuo. To better understand how sequence dictates
a disordered conformational ensemble, high-throughput stud-
ies of many IDPs are required. Reaching statistical conver-
gence for such ensembles is computationally intensive.
ABSINTH is well-suited for such high-throughput simula-
tion studies and is capable of providing a semiquantitative
level of accuracy (Vitalis and Pappu 2009). Implicit solvent
representations represent a significant simplification com-
pared with explicit solvent. Similarly, simplified models of
the polypeptide chain are possible in coarse-grained simula-
tions.

Coarse-grained simulations
Simulations of proteins may include different levels of de-

tail, ranging from lattice models to all-atom representations.
So-called minimalist models offer several advantages, and
have already proven useful in studies of protein folding.
First, the computational cost is dramatically reduced,
thereby facilitating simulations of significantly larger sys-
tems and (or) longer timescales. Comparing simulations of
coarse-grained models with experiment also offers the possi-
bility of determining the specific properties of proteins that
result in experimentally observed properties (Pande 2003).
Even if the model does not reproduce the experimental
data, it is possible to learn from the result and refine the
model. Validation of minimalist models with experiment is
essential to determine if the elements of the model are suffi-
cient (Clementi 2008; Pande 2003). Simplified representa-
tions of polypeptide chains also offer the possibility of
making more general observations about the behaviour of
IDPs, rather than focussing on specific systems (Clementi
2008).

One of the simplest models used to represent a polypep-
tide chain is the worm-like chain (WLC) model (Kratky and
Porod 1949). The polypeptide is modeled as a continuous
cylinder with a randomly-directed radius of curvature using
only two parameters, contour length, lc, and persistence
length, lp. For a polypeptide, lc is the number of residues
multiplied by the distance per residue (3.8 Å) and lp is the
chain length beyond which the direction of the tangent vec-
tor to the cylinder is uncorrelated (Zhou 2004). Flexible
linkers connecting independently folded protein domains
have successfully been modeled as worm-like chains with
an lp of 4.0 Å (Bertagna et al. 2008; Zhou 2004), while
shorter loops were modeled with an lp of 3.04 Å (Zhou
2001, 2004). The use of polymer models to represent un-
folded states and flexible linkers has been reviewed (Zhou
2004).
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A Ca model was recently developed specifically for the
simulation of unfolded and disordered ensembles (Norgaard
et al. 2008). The energy parameters were optimized through
an iterative process incorporating PRE measurements of the
unfolded ensemble of the D131D fragment of Staphylococ-
cal nuclease. An initial guess of the energy parameters was
used to generate an unfolded ensemble, from which PRE
measurements were back calculated. An iterative optimiza-
tion scheme was used to obtain new energy parameters in
better agreement with the experimental data. However, a
limitation of this approach is that to obtain transferable en-
ergy parameters, PRE measurements from other disordered
ensembles are required. Other types of experimental data
can also be readily incorporated in this model (Norgaard et
al. 2008).

Coarse-grained simulations have helped to elucidate the
biophysical underpinnings of the sequence characteristics of
disordered proteins uncovered by bioinformatics (Ashbaugh
and Hatch 2008; Szilágyi et al. 2008). For example, it is
known that the compositions of IDPs and IDRs tend to be
depleted in hydrophobic residues and enriched in charged
residues (Dunker et al. 2001). Based on a small dataset of
natively unfolded and folded proteins, it was suggested that
a combined criterion of net charge and hydrophobicity de-
fines a border between disordered and ordered sequences
(Uversky et al. 2000). However, it was shown using a larger
dataset that the border in the charge–hydrophobicity plot is
not well-defined, with significant overlap between ordered
and disordered sequences (Szilágyi et al. 2008) (also shown
in Fig. 1b). This so-called twilight zone between order and
disorder was investigated using a simplified model of a pro-
tein (Szilágyi et al. 2008). The polypeptide chain was repre-
sented using an HP model with hydrophobic (H) and polar
(P) residues, and an HPN model with hydrophobic (H), pos-
itive (P) and negative (N) residues, where each residue oc-
cupies a point on a two-dimensional lattice. Conformations
of peptides of varying length and composition were gener-
ated. Using this simple model, it was found that composition
is insufficient to unambiguously assign a sequence as or-
dered or disordered, and that sequence context is important.
However, as chain length increases, sequence context be-
comes less important. For long polypeptides, sequence com-
position is a sufficient criterion for classification as ordered
or disordered. Remarkably, the results of this study are in
agreement with a bioinformatics analysis of the composi-
tions of disordered and ordered sequences. Sequence compo-
sition was found to be a better determinant of disorder for
longer sequences. Importantly, the results of this study sug-
gest that disorder predictors based on composition alone are
not adequate for short IDPs and IDRs (Szilágyi et al. 2008).

Coarse-grained simulations using a 3D-lattice model have
been used to study eukaryotic linear motifs (Abeln and Fren-
kel 2008). A linear motif is a pattern common to a group of
sequences associated with a given function, such as a pro-
tein interaction site or a cellular-compartment targeting sig-
nal (Puntervoll et al. 2003). For example, SH3 domains
recognize sequences with a PXXP linear motif. Linear mo-
tifs are short (3–8 residues) and often found within IDRs
(Neduva et al. 2005). A possible role for disordered regions
flanking hydrophobic linear binding motifs was recently elu-
cidated using coarse-grained simulations (Abeln and Frenkel

2008). In Abeln and Frenkel’s model of a polypeptide, each
residue occupies a point on a cubic lattice and interacts with
other residues via a pairwise interaction energy, using a
Monte Carlo algorithm for conformational sampling. Using
this simple representation, it was shown that flexible hydro-
phobic binding motifs that are not flanked by disordered re-
gions are prone to aggregation. Without the disordered
flanks, hydrophobic linear motifs are suggested to be toxic.
The function of the disordered regions flanking the binding
motif is to impede aggregate formation without obstructing
substrate binding (Abeln and Frenkel 2008). In this study, a
simple model was able to provide fundamental biophysical
insight regarding the biological role of IDRs.

Conclusions and outlook
Although molecular simulations have only recently been

applied to the study of protein disorder, they have already
provided structural biologists with an unprecedented view
of the conformational ensembles of IDPs and IDRs. As evi-
denced by the studies reviewed here, interdisciplinary ap-
proaches incorporating both experiment and simulation are
particularly valuable for elucidating the complexities of dis-
ordered states. Experimental data, usually in the form of en-
semble averages, is insufficient to completely characterize a
disordered ensemble consisting of many conformations. Mo-
lecular simulations using empirical force fields are well-
suited to make use of restraints based on experimental data,
such as PRE measurements, chemical shifts, and SAXS data.
In addition, unrestrained simulations have been used to char-
acterize disordered ensembles, providing insight for experi-
mental observations. In turn, experimental data provides an
important validation of empirical force fields and an under-
standing of their limitations. De novo MD simulations afford
fundamental biophysical insight into disordered ensembles,
especially in the case of entropic chains, for which high-
resolution experimental data is not available. Continuous in-
creases in the capability of high-performance computing fa-
cilitates simulations of ever longer timescales and larger
systems (Karplus and McCammon 2002). However, the de-
velopment of enhanced sampling algorithms has already
made it possible to achieve statistical convergence for disor-
dered ensembles. Molecular simulations represent a promis-
ing tool for the study of protein disorder that has so far been
under-utilized.
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