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ABSTRACT: Intrinsically disordered regions are predicted to exist in a
signiﬁcant fraction of proteins encoded in eukaryotic genomes. The
high levels of conformational plasticity of this class of proteins endows
them with unique capacities to act in functional modes not achievable
by folded proteins, but also places their molecular characterization
beyond the reach of classical structural biology. New techniques are
therefore required to understand the relationship between primary
sequence and biological function in this class of proteins. Although
dependences of some NMR parameters such as chemical shifts (CSs) or residual dipolar couplings (RDCs) on structural
propensity are known, so that sampling regimes are often inferred from experimental observation, there is currently no
framework that allows for a statistical mapping of the available Ramachandran space of each amino acid in terms of
conformational propensity. In this study we develop such an approach, combining highly eﬃcient conformational sampling with
ensemble selection to map the backbone conformational sampling of IDPs on a residue speciﬁc level. By systematically analyzing
the ability of NMR data to map the conformational landscape of disordered proteins, we identify combinations of RDCs and CSs
that can be used to raise conformational degeneracies inherent to diﬀerent data types, and apply these approaches to characterize
the conformational behavior of two intrinsically disordered proteins, the K18 domain from Tau protein and NTAIL from measles
virus nucleoprotein. In both cases, we identify the enhanced populations of turn and helical regions in key regions of the proteins,
as well as contiguous strands that show clear and enhanced polyproline II sampling.

■

INTRODUCTION
The realization that a large fraction of proteins encoded in
eukaryotic genomes contain a signiﬁcant level of functional
disorder1−4 has engendered considerable interest in the
development of experimental and analytical techniques to
describe this disorder.5−8 The conformational plasticity of
intrinsically disordered proteins (IDPs) endows them with
unique capabilities to act in functional modes not achievable by
folded, globular proteins. A number of diﬀerent scenarios have
been identiﬁed for the binding of IDPs to their partner
proteins, including folding-upon-binding9 or the formation of
dynamic, so-called fuzzy complexes10 where the IDP samples
various states on the surface of the partner. However, a number
of open questions remain, for example, it is unclear how the
intrinsic structural propensity is deﬁned by the primary
sequence of an IDP, and how this propensity is related to the
thermodynamics and kinetics of the interaction and the
conformation adopted in the complex. A full understanding
of how IDPs carry out their function in the absence of a stable
tertiary fold requires a description of the potential energy
landscape sampled by each amino acid in the protein. In order
to achieve this end, ensemble representations of a continuum of
rapidly interconverting structures have emerged as a convenient
© 2012 American Chemical Society

tool for representing the structural and dynamic properties of
IDPs and their complexes. 11−19 In this context, the
determination of representative descriptions of the behavior
of IDPs remains one of the major challenges for the study of
the molecular basis of biological function in these highly
disordered systems.
Nuclear magnetic resonance (NMR) spectroscopy represents
a tool of choice to address this challenge, providing
experimental measurement of site-speciﬁc ensemble averages
over all conformers sampled up to the millisecond time scale.
Of these, the chemical shift (CS) is the most accessible,
reporting on the local chemical and electronic environment, as
well as medium and long-range interactions.20−23 Unfortunately, this conformational dependence is poorly deﬁned at a
theoretical level. A popular empirical alternative is to compile
experimental CSs measured in folded proteins for which threedimensional coordinates are available and to establish
conformational dependences on this basis.24,25 This approach
has led to the observation that secondary structural elements
such as α-helices and β-sheets can be readily identiﬁed on the
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Figure 1. Dependence of primary experimental data on backbone dihedral angle sampling. (A) Distribution of predicted chemical shifts (in ppm) for
the central residue i = 8 and its neighbor i = 9 of a poly-alanine 15-mer chain as function of the conformational sampling {ϕ, ψ} of residue i. (B)
Ensemble averaged backbone RDCs for the poly-alanine 15-mer chain plotted against average {ϕ, ψ} values of residue i. Values are shown in hertz
(Hz) in all cases, assuming an arbitrary level of overall alignment.

basis of the 13C backbone CS.20,26−28 Structural restraints based
on CS have also been introduced into structure determination
algorithms, and the power of CS prediction using databasedependent approaches was further exempliﬁed via their
combination with molecular modeling to achieve full structure
determination.29−31
The application of CS to the study of disordered systems,
where deviation of the shift from its coil valuethe secondary
shiftis expected to be smaller than in a folded protein,
requires a more subtle approach.21,27,32,33 Nevertheless, the
strong and complementary dependence of 13Cα and 13Cβ shifts
on the presence of α-helix and β-sheet conformations has led to
the development of simple and accurate algorithms for the
determination of the propensity of regions of the protein to
form secondary structure in solution.34 Recently CSs have been
combined with ensemble selection algorithms14,15,35,36 or
expressed as the population weighted average of generic CSs
from three regions of Ramachandran space (α-helix, β-sheet
and polyproline II) and a random coil shift,37 to solve for the
populations of these regions. Residual dipolar couplings
(RDCs), measured under conditions of weak molecular
alignment, are sensitive to the reorientational sampling
properties of internuclear bond-vectors, and are therefore also
sensitive reporters of the local conformational behavior of
IDPs.16,38−41 Most applications of RDCs to the studies of
disordered systems have exploited the particular ability of
RDCs to identify the presence of α-helical and turn elements in
otherwise disordered systems,42−45 while the combination of
diﬀerent RDCs measured throughout the peptide plane can
also detect enhanced sampling of more extended backbone
conformations (either β-sheet or polyproline II).15,39,46
Despite intense contemporary interest in this question, it
remains unclear how accurately NMR CSs and RDCs can be
used to uniquely deﬁne backbone conformational sampling in
intrinsically disordered proteins, principally because no
analytical or numerical framework for the determination of
the potential energy landscape of unfolded proteins at amino
acid speciﬁc resolution is yet available. This question is of
additional importance because of the proposed relevance,
derived from vibrational spectroscopy and circular dichroism as
well as homonuclear NMR, of the polyproline II (PPII) region

of Ramachandran space for the behavior of disordered
proteins.47−49 The development of a method that unequivocally
maps the population of the entire backbone conformational
space sampled by each amino acid is therefore of considerable
importance.
In this study, we develop an approach to address the ability
of primary experimental NMR data, speciﬁcally CSs and RDCs,
to map the conformational behavior of IDPs on an amino acid
speciﬁc basis. To achieve this aim, we combine the ensemble
selection algorithm ASTEROIDS,15 with f lexible-meccano50,51
and SPARTA25 to systematically map the sensitivity of diﬀerent
CSs and RDCs to determine the population distribution of
each backbone dihedral angle in the protein. This approach
provides clear insight into conformational propensities that can
be distinguished on the basis of experimental data, and
simultaneously identiﬁes regions of Ramachandran space
whose populations cannot be resolved. Finally, we propose
combinations of RDCs and CSs that can be used to raise these
degeneracies and determine populations of all regions of
Ramachandran space. The approach is applied to the two
experimental cases, NTAIL, the intrinsically disordered Cterminal domain of the nucleoprotein from measles virus, and
the K18 domain of the protein Tau, an IDP that is implicated in
the development of Alzheimer’s disease. In both systems, we
identify turn and helical regions as well as the presence of
contiguous regions exhibiting enhanced PPII sampling.

■

RESULTS AND DISCUSSION
Variation of Backbone Chemical Shifts over {ϕ, ψ}
Space. One of the advantages of using CSs as structural probes
is that resonances from diﬀerent nuclei exhibit complementary
dependences on backbone dihedral angles {ϕ,ψ}. In principle,
this complementarity may allow for a site-speciﬁc mapping of
the conformational sampling in disordered proteins. The
predicted dihedral angle dependence of ﬁve experimentally
measurable CSs is shown in Figure 1 for an alanine sequence.
The conformers were generated using f lexible-meccano on the
basis of the statistical coil model, and the chemical shifts were
predicted for each conformer using the program SPARTA.25
To simplify the subsequent discussion, we divide the
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Ramachandran plot into four regions: β-sheet (βS), PPII (βP),
α-helical (αR) and left handed helix (αL) (Figure 2). We note

(see Methods). Subensembles are selected from a pool of
20000 structures calculated using the amino acid speciﬁc
potential energy surfaces derived from the statistical coil model.
An iterative procedure is then used to modify the potentials to
enhance the sampling as a function of each selection until
convergence is achieved. It is important to note here that the
f lexible-meccano/ASTEROIDS approach is used as a means to
describe the potential energy landscape sampled by the protein
backbone. Repetition of the selection procedure (Supporting
Information [SI], Figure S2) determines ensembles containing
diﬀerent structures, which are therefore not unique in this
sense; however, the backbone sampling characteristics do not
vary from one ensemble to another, which are therefore
converged and unique in terms of conformational substates and
their populations. This also demonstrates that pool sampling is
suﬃciently complete.
The modulation of the predicted CSs when sampling a
speciﬁc conformational propensity is compared to statistical
coil values in Figure 3a. Three regimes that are signiﬁcantly
diﬀerent from the statistical coil model were tested, comprising
a higher tendency to sample the βS, βP or αR regions (see
Methods). Simple inspection reveals that while well-known
deviations are seen for 13C shifts in the presence of βS and αR
propensity, these CSs are hardly modiﬁed by the presence of
raised βP population. This is evidently because the mean values
of the statistical coil shifts are essentially indistinguishable from
βP values (Figure 1). The uncertainties for each CS as
determined from predictions for folded proteins are also shown
on this Figure 3a.25 It is notable that the expected changes for
15
N and 1HN shifts in the presence of enhanced βP sampling are
relatively small compared to this uncertainty.
We initially consider two scenarios for selection on the basis
of CSs, simulating data sets comprising either 13Cα, 13Cβ and
13
C′ or ‘full’ CS sets including 13Cα, 13Cβ, 13C′, 15N and 1HN.
Figure 3b presents the ability of ASTEROIDS to reproduce
conformational tendencies present throughout the protein
when using these diﬀerent combinations of CSs in the target
function. In all cases, the simulated data are well reproduced by
the selected ensemble (Supporting Information Figure S1).
When using CSs from 13Cα, 13Cβ and 13C′ the ASTEROIDS
algorithm accurately reproduces the propensity of enhanced
conformational sampling in the βS and αR regions (see also
Table 1). The population of the βP region is however poorly
reproduced, with additional sampling of the upper αR region
that appears to compensate for insuﬃcient sampling of βP.
Figure 3c shows the comparison of the average Ramachandran
space of the ﬁve amino acids from each strand (βS, αR and βP)
and from the coil regions in between these strands, for the
target and selected ensembles. This further highlights the
degeneracy of the upper αR and βP regions when only 13Cα,
13 β
C and 13C′ CSs are used in the selection. As expected from
consideration of Figure 1, the addition of 15N and 1HN
improves this situation considerably; however, the dependence
of these shifts on additional factors such as temperature, ionic
strength and pH, renders them potentially volatile in terms of
conformational mapping. To determine the levels of conﬁdence
that can be derived from diﬀerent CSs, we have therefore
applied the same approach to simulated data with Gaussianbased noise levels reﬂecting the relative accuracy of predictions
for the diﬀerent nuclei (see Methods). The results are
summarized in Table 1, and demonstrate that the accuracy of
the determination of the populations of βS and αR regions is

Figure 2. Deﬁnition of the regions of Ramachandran space used
throughout the study. Points shown are from valine (blue) and alanine
(red) residues in statistical coil conformations.

that this deﬁnition of conformational space avoids the
appearance of bias when mapping speciﬁc conformations due
to the arbitrary deﬁnition of an additional sampling regime
termed ‘random coil’ that represents the remaining sampling. In
this study, the entire Ramachandran space is mapped in terms
of population distributions, or described in terms of these four
regions, obviating the need to deﬁne an additional ‘random coil’
region.
Well-known dependences are immediately identiﬁable from
Figure 1, with higher values of 13Cα and 13Cβ shifts uniquely
populating αR and βS conformations, respectively. The
determination of the populations in other regions of
Ramachandran space appears less straightforward. Thus, similar
shifts are predicted in the βP and the upper left αR region for
13 α 13 β
C , C and 13C′, making it diﬃcult, on the basis of the 13C
CSs alone, to map the populations in these regions. This
degeneracy is partially raised by considering the inﬂuence of the
{ϕ,ψ} sampling on the CSs of the neighboring amino acids. In
particular, 15N and 1HN shifts of the following residue provide
additional diﬀerentiation of the βP and upper αR regions.
The prediction for the alanine peptide shown in Figure 1 is
relevant for this speciﬁc sequence. While overall features will be
retained for diﬀerent sequences, considerable variation is
observed as a function of the identity of the three amino
acids. To develop a better understanding of the ability of
ensemble descriptions to deﬁne conformational propensities on
the basis of CSs, we have therefore performed explicit
simulations using synthetic data derived from speciﬁc
conformational sampling regimes.
Ensemble Mapping of Conformational Propensities
from Chemical Shifts. Conformationally biased ensembles
obeying speciﬁc sampling properties were generated using the
f lexible-meccano algorithm, and averaged CSs were predicted
from these ensembles using the program SPARTA. These
synthetic data were then used as the target for the ASTEROIDS
approach to select subensembles in agreement with these values
15140
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Figure 3. Mapping of conformational space in disordered systems using CSs. (a) Modiﬁcation of predicted chemical shifts for enhanced
conformational propensities in diﬀerent regions of Ramachandran space compared to statistical coil values. Three regimes that are signiﬁcantly
diﬀerent from the statistical coil model were tested, comprising a higher tendency to sample the βS, αR and βP regions. Blue error bars indicate the
average accuracy to which each chemical shift is predicted for folded proteins. (b) Reproduction of conformational sampling by an ASTEROIDSselected ensemble comprising 200 conformers obtained by targeting the synthetic chemical shift data set shown in panel a. The pool from which the
structures were selected was created using the standard coil library of f lexible-meccano. Selection carried out using 13Cα, 13Cβ and 13C′ chemical shifts
or 13Cα, 13Cβ, 13C′ and 15N, 1HN. Red: populations of conformational space in the target ensemble. Blue: populations in the selected ensemble
(dashed line 13C shifts only, solid line all shifts). Black: populations in the starting (statistical coil) ensemble. (c) Ramachandran plots showing the
diﬀerence compared to statistical coil for the regions of the model peptide sampling coil, αR, βP, and βS regions. Top line, target ensemble; middle
line, selection using only 13C CS, bottom line, selection using all CSs. Red, increased sampling; blue, reduced sampling compared to statistical coil.
15141
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ability of a combination of these four RDC types to deﬁne the
conformational potentials. The ASTEROIDS-selected ensemble accurately reproduces the propensity of enhanced
conformational sampling in the αR region, and in the extended
region (βS and βP together). However the data do not
distinguish between these extended regions, in particular the
enhanced βP population is not correctly determined. Similarly,
upper and lower αR regions are found to be degenerate when
using only RDCs.
From the above it is evident that combination of CSs and
RDCs should raise the upper αR/βP/coil and βS/βP
degeneracies observed for 13C CSs and RDCs respectively,
and thereby allow for a more accurate mapping of
Ramachandran space. In the following we test this hypothesis
and identify generally accessible and conformationally
informative combinations of CS and RDCs that can be usefully
applied to the study of a large number of disordered proteins.
Ensemble Mapping of Conformational Propensities
by Combining CSs and RDCs. An ASTEROIDS analysis of
the same system as illustrated earlier was performed combining
13 α 13 β
C , C and 13C′ CSs with 1DN−H, 2DC′‑HN, 1DCα‑Hα and
1
DCα‑C′ RDCs (SI Figure S3). In this case (Figure 5), a more
precise mapping of Ramachandran space is achieved, raising all
degeneracies identiﬁed for CSs and RDCs alone. Removal of
some RDCs, so that only 1DN−H RDCs are included, still
provides good reproduction of all regions of conformational
space. As shown in Table 1, the populations are still correctly
reproduced in the presence of signiﬁcant levels of noise
(equivalent to 0.5 Hz error for the 1DN−H RDCs).
The combination of 1DN−H RDCs and 13C CSs, with or
without 15N and 1HN CSs, therefore represents a tractable
solution for many experimental studies that is evidently
information rich, while remaining robust with respect to
uncertainty of experimental conditions, spectral calibration,
noise and prediction error. We have therefore applied this
approach to two experimental systems.
Application to the Disordered Domain of the
Nucleoprotein from Measles Virus. 13Cα, 13Cβ, 13C′, 15N
and 1HN CSs and 1DN−H RDCs were used to deﬁne the
conformational sampling of the 125 amino acid intrinsically
disordered C-terminal domain of the nucleoprotein of measles
virus (Figure 6a). In addition to characterizing the molecular
recognition element that comprises a high population of helix
as described recently,52,53 the 105 unfolded amino acids appear
to indicate the presence of a lower population of βS in localized
regions of this domain, compared to the statistical coil
description (Figure 6b). This reduction is mainly due to higher
βP population, in particular for the three continuous regions
(435−445), (448−453) and (518−524), where close to 50% of
conformers populate this region of Ramachandran space. Figure
8 shows the reproduction of the 1DN−H RDCs when only 13Cα,
13 β 13
C , C′, 15N and 1HN CSs are used, testifying that the
analysis is both predictive, and not noticeably prone to
overﬁtting.
Application to the K18 Domain of Tau Protein. The
same method was applied to the 130 amino acid K18 domain of
Tau protein using 13Cα, 13Cβ, 13C′, 15N and 1HN CSs and
1
DN−H RDCs (Figure 7a). This domain contains four highly
homologous repeat sequences, so that the sampling proﬁle
necessarily exhibits a repetitive nature. In this case the βS
population is again depleted compared to the statistical coil
(Figure 7b). The four previously described type I β-turns and

Table 1. Ability of CSs To Reproduce Conformational
Sampling in the Presence and Absence of Noise
Δa
c

Coil
CS Id
CS IIe
CS I σf
CS II σg
RDCh
RDC CSi
RDC CS σj
RDC CS σk

βSb

αRb

βPb

0.45
0.065
0.06
0.11
0.18
0.12
0.07
0.13
0.10

0.45
0.07
0.08
0.13
0.17
0.11
0.05
0.13
0.13

0.41
0.35
0.08
0.41
0.27
0.27
0.06
0.19
0.15

a
All values in the table show average absolute diﬀerences between
target and selection, averaged over the ﬁve amino acid regions
experiencing selective enhanced sampling. bPopulations averaged over
the ﬁve amino acids oversampling these regions. cDiﬀerence between
target population and statistical coil average. dDiﬀerence between
target population and selection using 13Cα, 13Cβ, 13C′ CSs. eDiﬀerence
between target population and selection using 13Cα, 13Cβ, 13C′, 15N,
1 N
H CSs. f,gAs in d, e in the presence of Gaussian weighted noise using
errors estimated from 25% of the rmsd’s of SPARTA predictions of
CSs from folded proteins. hDiﬀerence between target population and
selection using 1DN−H, 2DC′‑HN, 1DCα‑Hα and 1DCα‑C′ RDCs. iDiﬀerence
between target population and selection using RDCs listed in h and
13 α 13 β 13
C , C , C′ CSs. jDiﬀerence between target population and
selection using 1DN−H and 13Cα, 13Cβ, 13C′ CSs in the presence of
noise. kAs in i in the presence of noise.

signiﬁcantly more robust to the presence of noise than βP,
mainly due to the higher predictive imprecision of 15N and 1HN
shifts.
These calculations highlight two important points concerning the use of CSs to map local conformational sampling in
disordered systems. The ﬁrst concerns the inherent degeneracy
of CSs for the upper αR and βP regions, which is partially
raised by the 15N and 1HN shifts. Second, and more
importantly, the expected 13C CSs in the presence of enhanced
βP sampling are strongly degenerate with the statistical coil
values that are expected from intrinsic sampling in the absence
of speciﬁc conformational propensity.
Variation of Residual Dipolar Couplings over {ϕ, ψ}
Space. RDCs measured in disordered systems have also been
shown to depend strongly on the nature of the backbone
conformational sampling. This is illustrated in Figure 1 where
diﬀerent ensemble averaged backbone RDCs are plotted against
average {ϕ, ψ} values (see Methods). The sensitivity of RDCs
both to the conformational sampling of the amino acid of
interest and its immediate neighbors complicates interpretation
of this representation, and underlines the importance of using
the ASTEROIDS approach to select ensembles of entire
structures. Nevertheless, the most commonly measured RDCs,
1
DN−H and 1DCα‑Hα, clearly exhibit the expected sensitivity to
αR, but also show degeneracy between βS and βP, either for the
amino acid of interest or an immediate neighbor. Expected
values for RDCs simulated from the sequence containing
additional populations of βS, βP and αR presented above are
shown in Figure 4a. In this case, all three additional
propensities modulate the expected values of RDCs, averaging
to diﬀerent values than the statistical coil, although this
modulation is similar for βS and βP.
An ASTEROIDS analysis was performed on the same
system, using 1DN−H, 2DC′‑HN, 1DCα‑Hα and 1DCα‑C′ RDCs in the
selection procedure. Figure 4b, 4c and table 1 present the
15142
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Figure 4. Mapping of conformational space in disordered systems using RDCs. (a) Modiﬁcation of predicted RDCs for enhanced conformational
propensities in diﬀerent regions of Ramachandran space compared to expected values for statistical coil sampling (see Figure 3). An arbitrary level of
alignment was assumed for the absolute scaling of the RDCs. (b) Amino acid speciﬁc diﬀerence in population between the ASTEROIDS selection
and target using simulated RDC data shown in panel a. Red: populations in the target ensemble. Blue: populations in the selected ensemble. Black:
populations in the starting (statistical coil) ensemble. (c) Ramachandran plots showing the diﬀerence compared to statistical coil for the regions of
the model peptide sampling coil, αR, βP, and βS regions. Top line, target ensemble; bottom line, selection using simulated RDC data shown in panel
a . Color coding as in Figure 3.

the aggregation nucleation sites, between residues (256−261),
(275−282), (307−313) and (338−346). These strands, the
central two of which mediate binding to microtubules and have
been identiﬁed as aggregation nucleation sites important for the
formation of Tau oligomers, have previously been proposed to
sample extended populations.42, The results shown here clearly

the four triglycine sequences account for the eight regions of
signiﬁcantly increased αR population. The turns are found to
be populated between 15 and 25%, spanning very similar ranges
to those determined using a combination of accelerated
molecular dynamics and RDCs.42 Outside these localized
regions, a higher population of βP is observed, in particular in
15143
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Figure 5. Mapping of conformational space in disordered systems using a combination of RDCs and CSs. (a) Amino acid speciﬁc diﬀerence in
population between the target and the ASTEROIDS selection on the basis of simulated CS and RDC data shown in Figures 3a and 4a. Red:
populations in the target ensemble. Blue: populations in the selected ensemble. Black: populations of diﬀerent regions of conformational space in the
starting (statistical coil) ensemble. (b) Ramachandran plots showing the average diﬀerence compared to statistical coil for the regions of the model
peptide sampling coil, αR, βP, and βS regions. Top line, target ensemble; middle line, selection using 13C CS and 1DNH RDCs; bottom, selection
using 13C CS and all RDCs shown in Figure 4. Color coding as in Figure 3.

Figure 6. Characterization of intrinsically disordered proteins using RDCs and CSs. ASTEROIDS CS-RDC approach applied to experimental data
from the disordered C-terminal domain, NTAIL, of the nucleoprotein from measles virus. (a) Reproduction of experimental data (red experimental,
blue ensemble average). (b) Population of diﬀerent regions of conformational space for each amino acid in the NTAIL sequence (red selected
ensemble, black statistical coil).

statistical coil sampling. The raised βP sampling in the region
275−282 is evident, as is the partially populated β-turn that
immediately follows this. We note that this conformational
sampling, determined in this case uniquely from the
experimental data, is very similar to that predicted by
accelerated molecular dynamics simulation in a previous
study,42 populating enhanced αR in Leu284 and Ser285 to
very similar levels.

indicate that this extended sampling is due to strongly
enhanced sampling of the βP region of conformational space
over a continuous range of 6−9 amino acids. Figure 8 shows
the reproduction of the 1DN−H RDCs when only 13Cα, 13Cβ,
13
C′, 15N and 1HN CSs are used; the ‘free’ data are again closely
reproduced.
The amino acid conformational potentials for the region
273−287 of K18 are shown in Figure 9, in comparison to the
15144
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Figure 7. ASTEROIDS CS-RDC approach applied to experimental data from the K18 fragment of Tau protein. (a) Reproduction of experimental
data (red experimental, blue ensemble average). (b) Population of diﬀerent regions of conformational space for each amino acid in the K18 sequence
(red selected ensemble, black statistical coil).

eukaryotic and prokaryotic proteins. The development of an
atomic resolution description of the conformational behavior of
disordered proteins is a fundamental requirement if we are to
understand their biological activity on a molecular level, and
NMR represents potentially the most powerful source of this
information. However, the actual resolution to which the amino
acid speciﬁc potential energy surface can be mapped from
experimental data remains obscure. Although dependences of
some NMR parameters on structural propensities in disordered
systems are known, so that sampling regimes are often inferred
from experimental observations, there is currently no framework that allows for a statistical mapping of the available
Ramachandran space of each amino acid in terms of
conformational propensity. In this study, we address this
question by combining highly eﬃcient conformational sampling
with ensemble selection to systematically investigate the ability
of diﬀerent sources of NMR data to map the backbone
conformational sampling of IDPs on a residue speciﬁc level.
The results provide clear insight into conformational
propensities that can be distinguished on the basis of
experimentally available data. While backbone 13C chemical
shifts can be used to accurately determine the populations of βS
and αR regions of Ramachandran space, clear degeneracies
exist, in particular concerning the βP region, which is
degenerate with average values predicted for random statistical
coil sampling. This degeneracy can be raised by 15N and 1HN
shifts, although the prediction accuracy of these shifts is lower.
Extending our analysis to commonly measured RDCs conﬁrms
the ability of this kind of measurement to distinguish between
extended and helical bias, but also identiﬁes a distinct
degeneracy, this time between the βS and βP regions.
We demonstrate that a simple combination of RDCs and
CSs raises inherent degeneracies to accurately resolve backbone
conformational propensities. On the basis of these results, we
propose a robust and generally applicable approach for the
mapping of conformational potentials uniquely from exper-

Figure 8. Cross validation of data not used in the ensemble selection
procedure. Top: K18 fragment of Tau protein. Bottom: Disordered Cterminal domain, NTAIL, of the nucleoprotein from measles virus. In
both cases, back-calculated 1DN−H values (blue) from the ensemble
selected against 13Cα, 13Cβ, 13C′, 15N and 1HN CSs are compared to the
experimental data (red).

Finally, we note that this entire study was repeated using the
program SPARTA+,54 and the results concerning both
experimental systems are essentially indistinguishable in terms
of conformational sampling (data not shown), indicating that
the analysis is robust at least with respect to the diﬀerences
between these two prediction programs.

■

CONCLUSION
It is becoming increasingly clear that intrinsic disorder plays a
central role in the function of a signiﬁcant fraction of both
15145
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Figure 9. Ramachandran plots showing the amino acid speciﬁc conformational potentials in the 273−287 section of K18. (a) Selection from 1DN−H,
13 α 13 β 13
C , C , C′, 15N and 1HN CSs using the ASTEROIDS approach for which the results are shown in Figure 7. (b) Conformational sampling from
the statistical coil model. Dark blue represents lowest population, and red represents maximal sampling.
chemical shifts was investigated by generating a 50 000-strong
ensemble of poly-alanine pentadecapeptide chains using the ensemble
generation algorithm f lexible-meccano.50,51 For each conformer, the
CSs were calculated using the prediction algorithm SPARTA,25 and
conformers were clustered into bins with a radius of 1° according to
the {ϕ,ψ} values of the central amino acid (residue 8). The CSs within
each cluster were then averaged and plotted against the {ϕ,ψ} value of
the central amino acid.
Similarly, the information content of diﬀerent types of RDCs was
investigated. An ensemble consisting of 1 000 000 conformers of the
poly-alanine pentadecapeptide was created using f lexible-meccano.
RDCs were predicted using PALES55 for each conformer and averaged
in a similar way as described above for the CSs. The averaged RDCs of
the central or neighboring amino acids were plotted against the {ϕ,ψ}
sampling of the central amino acid.
Generation of Synthetic CS and RDC Data Sets in the
Presence of Speciﬁc Conformational Sampling Regimes. To
test the ability of diﬀerent experimental CSs and RDCs to map
conformational space, ensemble selections were carried out using
ASTEROIDS targeting synthetic data sets. A model protein of 60
amino acids of arbitrary sequence was chosen sampling the statistical
coil model except for three regions of ﬁve amino acids, where
enhanced propensity was introduced in the αR (aa 10−14), βS (aa
27−31) or βP (aa 45−49) regions. Each propensity was introduced
such that 50% of the conformers in each strand populate the
Ramachandran region of interest, and the remaining 50% populate the
statistical coil. An ensemble comprising 10 000 conformers of this
model protein was generated using f lexible-meccano, and CSs were

imental data, that is applied to two diﬀerent biological systems.
In both cases, we detect an increase of conformational sampling
in the βP region compared to the standard statistical coil
description, supporting previous experimental indications from
vibrational spectroscopy and circular dichroism for the
importance of this region in IDPs. Although the approach is
amino acid speciﬁc, in many cases these regions are continuous,
strongly suggesting that the observation is physically meaningful, but also suggesting that this is not simply a general
feature, rather dependent on an underlying dependence on
primary sequence. Using these approaches, a more extensive
study of a broad range of experimentally available IDPs is
currently underway in our laboratory, to determine whether
general trends can be identiﬁed relating primary sequence
composition to backbone conformational behavior.
More generally we are conﬁdent that the results from this
study will pave the way to a more accurate understanding of the
conformational propensities of disordered proteins in solution,
and thereby provide hitherto inaccessible insight into the
relationship between primary sequence and protein function in
this fascinating family of proteins.

■

METHODS

Calculation of Average Chemical Shifts and RDCs in
Ramachandran Space. The information content of the diﬀerent
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predicted for each conformer using SPARTA. The CSs were
subsequently averaged over the ensemble and used as the target for
the ASTEROIDS protocol.
To generate the synthetic RDC data set, an ensemble comprising
100 000 conformers of the same sequence was generated. A global
alignment tensor was calculated for each conformer using an in-house
written routine based on steric exclusion volume and the RDCs were
calculated using this tensor. The RDCs were subsequently averaged
over the ensemble and used as the target for the ASTEROIDS
protocol.
To test the robustness of the ASTEROIDS protocol for mapping
conformational space using CSs and RDCs, Gaussian-based noise was
added to the synthetic CS and RDC data sets. The noise levels were
based on the relative accuracy of SPARTA predictions for the diﬀerent
nuclei25 and the predicted range of each dipolar coupling type. The
following noise levels were applied: Cα (0.22 ppm), Cβ (0.24 ppm), C′
(0.25 ppm), N (0.6 ppm), HN (0.12 ppm), 1DN−H (0.5 Hz), 2DC′‑HN
(0.25 Hz), 1DCα‑Hα (1 Hz) and 1DCα‑C′ (0.25 Hz).
Ensemble Selections Using ASTEROIDS. Initially, a large pool
of statistical coil conformers (20 000) was generated using f lexiblemeccano50,51 and the genetic algorithm ASTEROIDS was used to
select a subset of conformers in agreement with the experimental (or
synthetic) data as described previously.15 This procedure was repeated
in an iterative manner in order to enhance the presence of
conformational propensities of interest within the pool. Thus, in
each step, a new pool was generated using the residue-speciﬁc {ϕ, ψ}
angles derived from the selected ASTEROIDS ensembles in the
previous iteration. Five independent ensemble selections comprising
200 conformers were carried out at each iteration step and iterations
were continued until convergence. RDCs were calculated from a given
member of an ensemble using the local alignment window (LAW) of
15 amino acids in length combined with a generic baseline as described
previously.15,36 The alignment tensor was calculated for each LAW
using an in-house written routine based on steric alignment. A uniform
scaling was applied to the entire predicted set to best reproduce the
experimental data. CSs were calculated for each structure using the
program SPARTA, and random coil values for calculation of secondary
shifts were taken from RefDB.27
Experimental Data: C-Terminal Domain of Measles Virus
Nucleoprotein. Experimental CSs of the intrinsically disordered Cterminal domain of Measles virus nucleoprotein were obtained
previously at 25 °C in a buﬀer consisting of 50 mM sodium phophate
at pH 6.5, 50 mM NaCl, 1 mM EDTA and 0.02% NaN.53 1DN−H
RDCs were measured previously under the same conditions in a liquid
crystal composed of poly-ethylene glycol and 1-hexanol.52
Experimental Data: K18 Construct of Tau Protein. Experimental CSs of the K18 construct of Tau were obtained as described
previously.56 CS prediction using SPARTA relies on a database of 200
high-resolution structures for which nearly complete sets of chemical
shift assignments are available. These CS assignments were obtained at
temperatures above 20 °C with the vast majority lying between 20 and
30 °C. To avoid any bias, we calculated the CSs of K18 corresponding
to 25 °C by comparing the 5 °C assignment of K18 to the 25 °C
assignment of full-length Tau57 and subsequently applying a uniform
shift to each nucleus type independently. These new experimental data
were used as the target for the ASTEROIDS protocol. 1DN−H RDCs of
the K18 construct were measured previously in stretched polyacrylamide gels.42
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atomique, the CNRS and the Université Joseph Fourier
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