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The precision with which X-ray crystallography and nuclear
magnetic resonance (NMR) have provided structural models
of biologically active and inactive conformations of countless
proteins belies an easily overlooked dilemma. Proteins are
inherently dynamic, exhibiting conformational freedom on
timescales from picoseconds to seconds, implicating structural
rearrangements that are essential for their biological func-
tion.[1] Classical structural biology determines static models,
that afford little insight into the underlying conformational
equilibrium. The role that structural dynamics play in
biological processes can only be understood by characterizing
all thermally accessible protein conformations and their
populations.[2]

NMR spectroscopy is uniquely sensitive to the presence of
conformational dynamics in solution. Residual dipolar cou-
plings (RDCs) measured in weakly aligned proteins,[3, 4] scalar
couplings, and chemical shifts,[5–7] probe motions occurring on
timescales faster than 100 s of microseconds. These parame-
ters therefore offer general tools to characterize protein
motion on physiologically important timescales.[8–10]

A common approach to the dynamic interpretation of
RDCs is to combine experimental restraint terms with
a classical potential-energy force field to develop a conforma-
tional ensemble in agreement with experimental data.[11–14]

RDCs have also been exploited to characterize the conforma-
tional space sampled by the protein backbone either by fitting

experimental data to determine angular excursions of inter-
nuclear bond vectors,[15–18] or in comparison with different
levels of accelerated molecular dynamics (AMD)[19, 20] to
describe the most appropriate ensemble.[21,22] Comparison of
motions modeled using the Gaussian axial fluctuation (GAF)
model, with ensembles derived from restraint-free AMD,
demonstrated that such methods can provide a convergent
description of protein motion.[18,23]

Figure 1. Determination of sub-state populations using SUPERNOVA. A) The
model system—an SH3 domain—exhibits two distinct sub-states A and B
from which B) noise-modulated RDCs were simulated and mixed in varying
proportions. C) S2

NH values for the different targets with PA from 0–100%. D–
G) Proportion of A in the selection, as a function of the proportion in the
target. Colors indicate the proportion present in the pool. D) Using 1DNH,
1DCC, 2DCHN, and 1DCN from four orthogonal alignment tensors. E) Using
1DNH, 1DCC, 2DCHN, and 1DCN from one tensor (applied to each of four
tensors). F) Only 1DNH from three of the tensors (four combinations are
shown, the named medium is not used). G) Only 1DNH from one tensor (four
tensors are shown).
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The general application of these approaches is hindered
by the amount of experimental data that are required to
accurately describe the motion. For many experimental
systems it is not possible to measure RDCs in a sufficiently
diverse combination of alignment media to allow the appli-
cation of analytical approaches. Comparison with AMD, on
the other hand, supposes that simulations carried out at the
“optimal” level of acceleration correctly describe all acces-
sible conformations and their populations. Existing proto-
cols[18, 21,22] are therefore poorly adapted to the quantification
of modulations in the Boltzmann ensemble as a function of
environmental conditions or the presence or absence of
a partners.

We present a general method that exploits
experimental RDCs to map the free-energy
landscape occupied by folded proteins in
solution, determining populations of accessible
conformational sub-states contributing to the
dynamic equilibrium. The method initially
exploits multi-level AMD simulation, flooding
the conformational space available to the
protein as completely as possible to sample
different sub-states, which are combined to
provide an extensive pool of conformers,
comprising both high-and low-energy confor-
mations. Boltzmann-weighted ensembles are
then assembled by comparison with experi-
mental NMR data. Ensemble selection is
achieved using model-free interpretation of
RDCs combined with a specifically designed
genetic algorithm. The approach is termed
SUPERNOVA (sub-state populations on
potential-energy surfaces using restraints from
NMR spectroscopy and conformational over-
sampling).

The accuracy of SUPERNOVA, and its
robustness against bias in the pools of struc-
tures from which the ensembles are selected,
were tested using a synthetic dataset simulated
from a hypothetical system. Two 200 ns MD
simulations of the SH3C domain from CD2AP
were performed (see the Supporting Informa-
tion). The first, referred to as “A”, sampled the
native fold, and the second, “B”, an alternative
conformation, that was adapted in the loop
region from residues 32 to 44 (Figure 1). 1000
structures were retained from each trajectory
(target A and target B) from which RDCs were
simulated, while 10 000 different structures
from the same trajectories constituted sam-
pling pools (pool A and pool B) for selection.
Conformers from target A and target B were
combined with populations PA = 100, 90, 75, 50,
25, 10, 0% and PB = (100�PA) %. Noise-modu-
lated RDCs were simulated from these targets
using four orthogonal alignment tensors (sup-
porting information). Variation of RDCs and
order parameters (S2

NH) between targets are
shown in Figure 1.

SUPERNOVA selections aimed at the seven targets
described above were initiated from seven different pools,
containing the varying proportions of pools A and B. The
results are summarized in Figure 1, showing the proportion of
selected structures having the A or B loop conformation as
a function of the pool composition. For calculations per-
formed with a full set of RDCs (1DNH, 1DCC, 2DCHN and 1DCN

from all four media), the proportion of A-type structures
selected matches the target to within � 1 % for all targets and
pools. Additional tests show similar accuracy for populations
as low as 5% (Figure 1 D). Figure 2 illustrates typical selected
ensembles, in the {f/y} space, using principal component (PC)
analysis. SUPERNOVA correctly and reproducibly identifies

Figure 2. Reproduction of synthetic dynamics and populations. A) S2
NH for different

targets (proportions of A and B shown above the panels) using 1DNH, 1DCC, 2DCHN, and
1DCN from four orthogonal alignment tensors (the dashed line represents the pool) S2

NH

from target (red), S2
NH from five independent selections (blue). B) As (A) using only

1DNH from three tensors. C) f/y distributions for ensemble selected against target with
proportions 90:10 (red) compared to trajectory A (blue) and trajectory B (gray). The
proportion of A and B was 10:90 in the pool. 4/40 structures are within the {f/y}
regions specific to conformation B. D) Ensemble selected against 90:10 target from
10:90 pool. E) PC analysis of conformational ensembles. Top line: 50:50 pool, and four
targets (proportions as shown). Blue indicates highest values. Bottom line three distinct
selections for the four different targets (in this case four couplings were used from four
media).
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populations of major and minor species (90:10) in spite of
unfavorable initial bias (10:90). Repetition using sparser data
identifies populations as low as 10 % using only 1DNH from
three media, or four RDCs from one medium. 1DNH from one
medium is insufficient to accurately determine sub-state
populations (Figure 2E).

Application of SUPERNOVA to experimental data
requires that the ensemble of conformers in the sampling
pool adequately covers the conformational space available to
the protein. To address this challenge, we initially identify the
level of acceleration that best reproduces experimental data,
using published AMD protocols.[18, 22] Additional sampling is
then achieved using higher levels of acceleration. Distinct
conformational sub-states in the potential-energy landscape
are identified from all AMD calculations, from which
standard MD simulations are carried out, ensuring the
energetic viability of all conformers in the pool, as well as
allowing analysis of fast motional properties. Conformational
sub-states that are populated in different proportions to those
present at the optimum level of acceleration, are then
combined as a function of the experimental data.

The selection protocol was applied to an extensive set of
experimental RDCs measured from the protein SH3C from
CD2AP dissolved in 10 alignment media.[18] The optimal
number of structures within the ensemble (40 in this case) was
determined using systematic cross-validation, removing one

entire dataset from
each of 10 analyses
(Figure 3a). Figure 3
shows S2

NH of selection
and pool, compared to
fast (< 4 ns) motions
determined from spin
relaxation.[24] Critically,
the analysis was
repeated using only
1DNH from three align-
ment media, giving
identical S2

NH profiles
(Figure 3E), confirm-
ing that the procedure
is robust when fewer
data are available. Stat-
istical uncertainty in the
ensemble description
was assessed using
noise-based Monte–
Carlo (MC) simula-
tions. This uncertainty
is expressed in terms of
error bars of S2

NH or
dispersion in PC or
dihedral angle analysis
(Figures 3 and 4).

The n-SRC loop,
comprising residues 36
to 42, exhibits the most
motion and shows clear
modulation of the pop-

ulation of different sub-states relative to the pool ensemble
for residues 37 and 40. Residues 18 and 19 also show
population redistribution, resulting in a more flexible equi-
librium than present in the pool (Figure 3). {f/y} distributions
of the three regions in which slow motions of significant
amplitude are present again highlight population redistrib-
ution (Figure 4). PC analyses of pool and selections (the three
highest populated modes account for 30% of the total
motional amplitude) maps the accessible potential-energy
landscape (Figure 4). Populations of different sub-states can
be estimated on this basis (see Table S2 and Figure S5 in the
Supporting Information). Representative structures of the
major conformation, and two weakly populated sub-states are
shown in Figure 4. PC analysis also identifies the most
significant component of collective motion, involving the
same loops (19–20 and 37–43).

Figure 4 shows a representative SUPERNOVA ensemble
of 40 structures, indicating the position of the three regions
exhibiting large-amplitude slow motions. The conformational
sampling occurring within three of the most populated sub-
states is also shown, corresponding to motions sampled on
timescales up to the nanosecond range. Interconversion
between the sub-states evidently occurs on the slower time-
scales (nanosecond to microsecond scales) defined by RDCs
and chemical shifts. This separation of timescales is an
essential feature of AMD-based RDC analysis, allowing for

Figure 3. Application of SUPERNOVA to describe the conformational equilibrium of the SH3C from CD2AP.
A) Estimation of the optimal number of structures in the selected ensemble. Blue: reduced c2 for RDCs measured
in passive alignment media (mean and standard deviation over 50 independent calculations; inset: zoom of the
same curve). Red: random selections of the same number of conformers from the pool. B,C) Comparison of back-
calculated RDCs from the pool (red) and those predicted from SUPERNOVA ensembles (blue). D) Comparison of
fast (picoseconds to nanoseconds) S2

NH determined from relaxation (green) and S2
NH from SUPERNOVA reporting

on motions up to milliseconds (blue). Error bars from noise-based MC simulations. E) SUPERNOVA S2
NH

determined using all RDCs from all data sets (blue), and three sets of NH RDCs from three most independent
alignment media (red), compared to S2

NH calculated over the entire sampling pool (black, dotted line).
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the differentiation between motional averaging regimes that
are specific to each NMR parameter.[18,21, 22]

Reproduction of entire RDC datasets from different
media not included in the selection improves significantly
compared to those calculated from the pool (Figure 3).
Similarly 15N, 1HN, 13Ca, and 13Cb backbone chemical shifts
calculated using the program SHIFTX[25] and averaged over
the ensembles are significantly better reproduced by the
RDC-based selection than the pool. All chemical shifts from
the loop regions exhibiting slower motions show improved
reproduction compared to the pool and to the individual
structure that best fits all RDCs (average improvements of 22
and 30%, respectively; see the Supporting Information).
SUPERNOVA was also tested against an alternative pool
composition, derived from three different fully solvated MD

simulations (a total of
1.5 ms). This pool samples
conformational space dif-
ferently for a number of
amino acids, but converges
to a very similar selection,
in terms of {f/y} distribu-
tion, PC analysis, and S2

NH

(Supporting Information).
The growing volume of

direct experimental evi-
dence indicating the impor-
tance of weakly populated
states for the function and
malfunction of proteins,[26]

highlights the importance
of developing methods that
can provide a quantitative
molecular description of all
sub-states present in solu-
tion. The SUPERNOVA
approach addresses this
central question by com-
bining solutions to four
principal difficulties that
have hindered progress in
the resolution of quantita-
tive conformational sub-
state populations.

Ensemble analysis of
RDCs has suffered from
the difficulty of predicting
the physical alignment of
the protein in all but the
simplest cases of steric
alignment.[27] We bypass
this problem, generating
a common mathematical
solution reporting on all
alignments, but more
importantly, providing
a measure of data repro-
duction by the ensemble of
conformers that is essential

to the selection algorithm.[28] Secondly, we present an
approach that is demonstrably robust at manageable exper-
imental costs, with as few as three sets of 1DNH or different
peptide plane RDCs from a single medium, both achievable
for a large number of proteins. Thirdly, a genetic algorithm
combines members of a large ensemble of energetically viable
conformers into sub-ensembles in agreement with the data,[29]

avoiding the unpredictable effects of combining experimental
and physical terms in a hybrid force field. Finally, the
structural pool is generated using an enhanced sampling
approach, based on multi-level AMD simulation, in which
conformational space is over-sampled following an initial
comparison to experimental data. Conformers from all
simulations are combined into a pool from which sub-
ensembles are selected, allowing for modulation of the

Figure 4. Mapping populations of conformational sub-states in CD2AP SH3C. A) PC analysis. Left and right
figures show second and third most populated components (y-axis) against most significant component (x-
axis). Bottom panels: PC analysis of the pool. Middle panels: PC analysis of 100 noise-based Monte Carlo
simulations. Top panels: individual components of three independent ensembles (green, red, and blue).
Representative structures from the three regions shown in the PCA plot of the SUPERNOVA selection are
shown on the right (rotated 1808 about the vertical axis). B–D) f/y distributions from 12 amino acids. Bottom
panels—distribution over the pool, middle panels, populations derived from 100 Monte Carlo simulations.
Scale runs from dark red (negligible population) through yellow to dark blue (most populated). Top panels:
individual f/y values of three independent ensembles (green, red, and blue). E) Left: SUPERNOVA ensemble
of 40 structures. Colored loops show regions with significant slow (nanoseconds to milliseconds) dynamics.
Fast dynamic (picoseconds to nanoseconds) amplitudes occurring within three distinct sub-states selected
from the ensemble (blue, green, and red).
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rugosity of the potential-energy landscape as a function of
experimental data.

SUPERNOVA remains accurate in the presence of
relatively sparse experimental data, allowing the application
of cross-validation procedures that demonstrate its predictive
power. Crucially, the limits of the resolution of each
experimental dynamic description can be readily established
a posteriori, using MC noise-based analyses as shown in the
application to SH3C from CD2AP. In this case SUPER-
NOVA identifies the presence of motions in the nanosecond
to millisecond range, in three surface loops, two of which are
involved in recognition of physiological partners.[24] Future
comparison of slow dynamic interconversion between sub-
states in the free form of the protein with those present in
physiological complexes will provide fascinating insight into
their role in molecular recognition.

In conclusion, the combination of RDCs with innovative
approaches to the efficient sampling of conformational space
and specifically designed ensemble selection, provides access
to dynamic averaging occurring on timescales extending from
the picosecond to the millisecond. RDCs characterize the
presence of dynamics on an amino-acid-specific basis,
whereas AMD and ensemble matching map these motions
within the accessible conformational space. This combination
is predictive of independent experimental data, and provides
a significantly better description of protein dynamics than
static or alternative dynamic descriptions. The method is
shown to provide statistically meaningful ensemble descrip-
tions of protein motions, and is viable using experimental
NMR measurements that are accessible for a large population
of soluble proteins, ensuring a broad applicability of the
approach to the study of physiologically relevant protein
dynamics.
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