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ABSTRACT: Intrinsically disordered proteins (IDPs) play key roles in
biology and disease, rationalizing the wide interest in deriving accurate
solution ensembles of IDPs. Molecular dynamics (MD) simulations of
IDPs often suffer from force-field inaccuracies, suggesting that simulations
must be complemented by experimental data to obtain physically correct
ensembles. We present a method for integrating small-angle X-ray
scattering (SAXS) data on-the-fly into MD simulations of disordered
systems, with the aim to bias the conformational sampling toward
agreement with ensemble-averaged SAXS data. By coupling a set of
parallel replicas to the data and following the principle of maximum
entropy, this method applies only a minimal bias. Using the RS peptide as
a test case, we analyze the influence of (i) the number of parallel replicas,
(ii) the scaling of the force constant for the SAXS-derived biasing energy
with the number of parallel replicas, and (iii) the force field. The refined ensembles are cross-validated against experimental
3JHN‑Hα couplings and further compared in terms of Cα distance maps and secondary structure content. Remarkably, we find that
the applied force field only has a small influence on the SAXS-refined ensemble, suggesting that incorporating SAXS data into
MD simulations may greatly reduce the force-field bias.

■ INTRODUCTION

Many proteins do not adopt a single, well-defined structure in
solution, but instead adopt heterogeneous ensembles. These
ensembles are often modulated by the environment, for
instance, by varying ion concentrations, temperatures, or via
interactions with other molecules. This sensitivity to external
stimuli has important implications on their biological function.
As such, it is widely accepted that understanding the function
of proteins on the molecular level requires understanding of
their conformational ensembles.1 Heterogeneous ensembles
are particularly relevant for understanding intrinsically
disordered proteins (IDPs) and proteins with intrinsically
disordered regions (IDRs), which represent roughly 30% of the
eukaryotic proteome2−6 and which play key roles in
pathological conditions such as amyloidoses, neurodegener-
ative diseases, and cancer.7 However, structural experimental
data provide a highly reduced view of protein ensembles. X-ray
crystallography or cryo-electron microscopy typically yield only
a single yet highly detailed structure, possibly complemented
by information on local fluctuations modeled by the Debye−
Waller factor. In contrast, nuclear magnetic resonance (NMR)
and small-angle X-ray scattering (SAXS) probe the overall
ensemble;8,9 however, NMR and SAXS data represent
ensemble averages, and thus likewise provide only a reduced
view on the underlying ensemble.
Complementary to experiments, molecular dynamics (MD)

simulations generate ensembles of proteins and peptides. The

accuracy of MD simulations is often tested by back-calculating
ensemble-averaged experimental data from the MD trajecto-
ries. If the back-calculated data agree with experiment, there is
reason to believe that the simulation generated a reasonably
correct ensemble. However, free, unbiased MD simulations
frequently disagree with experimental data owing to sampling
problems or force-field limitations. For instance, the
simulations of IDPs were found to be strongly force-field-
dependent.10−18 Hence, MD simulations have been combined
with ensemble-averaged experimental data with the aim to
overcome sampling and force-field limitations, and thus, to
obtain physically correct conformational ensembles, as
discussed in several excellent reviews.19−26 The data may be
used to improve the simulation ensemble either by (i)
reweighting the ensemble a posteriori27−38 or by (ii)
restraining the simulation on-the-fly to the experimental
data.19,39−56

Ensemble reweighting requires that the unbiased ensemble
(before reweighting) contains all relevant states. Consequently,
the method requires exhaustive sampling. If the sampling is
incomplete, i.e., if the unbiased simulation visits only part of
the relevant conformational space, the reweighted ensemble
may be dominated by only a few structures with high
weights.57 This limitation explains why reweighting has been
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often used with simplified, computationally efficient physical
models such as coarse-grained models.33 Similar problems may
occur if relevant states were rarely visited due to an artifact in
the force fieldfor instance, if the force field favors overly
collapsed conformations of an IDP.10,58

Alternatively, an experiment-derived biasing energy
Eexp(R; Iexp) may be used to restrain the simulation on-the-
fly into conformations R that agree with ensemble-averaged
data Iexp. Here, the simplest approach would be to restrain a
single simulation replica with a harmonic restraint to the data.
For SAXS data, where experimental scattering intensities
Iexp(qi) are available for different momentum transfers qi, a
harmonic restraint may be expressed as
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where kr is a (unitless) force constant, kB and T denote the
Boltzmann constant and temperature, respectively, and
Ic(qi, R) is the scattering intensity back-calculated from
simulation frames R. σi denotes the overall uncertainty of ith
scattering intensity, which should include uncertainties from
both the experiment and from the forward model Ic(qi, R). The
division by nq ensures that the energy is approximately
invariant to rebinning. Together with the energy from the force
field EMD(R), this results in a hybrid energy

= +E I E E IR R R( ; ) ( ) ( ; )hybrid exp MD exp
(1)

exp (2)

However, this protocol is only appropriate if the ensemble may
be approximated by a single, most representative struc-
ture.59−61 In the case of heterogeneous ensembles as adopted
by IDPs and IDRs, it is not meaningful to compare the
scattering intensity of a single structure Ic(qi, R) with the
ensemble-averaged experimental data Iexp(qi), as the latter
represents a diverse range of structures. Instead, because the
numerator in eq 1 describes a like-for-like comparison, the
ensemble-averaged experimental data Iexp should be subtracted
against a scattering intensity ∫ p(R)Ic(qi; R)dR that is averaged
over the simulated ensemble distribution p(R).
A statistically founded procedure for updating simulated

ensembles with experimental data is provided by Jaynes’
maximum entropy principle.33,55,62−66 The principle requests
that an unbiased ensemble distribution p0(R) should be
modified as minimally as possible into a biased distribution
p1(R) that explains the data, while any bias that is not
supported by the data should be strictly avoided. Mathemati-
cally, the updated ensemble p1(R) and the original, unbiased
ensemble p0(R) should be as similar as possible, as quantified
by the relative Shannon entropy or, equivalently, by the
Kullback−Leibler divergence

∫| =D p p p
p

p
R

R

R
R( ) ( )ln
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dKL 1 0 1

1
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Clearly, restraining a single simulation with a harmonic
restraint to the data (eq 1) violates the maximum entropy
principle because the restraint modifies not only the ensemble
average, which is supported by the data, but also the variance
of the ensemble, which is typically not supported by the
ensemble-averaged data.65,67 Hence, alternative coupling
schemes have been proposed for biasing the conformational
sampling by the data while applying only a minimal
bias.48,50,67,68 Pitera and Chodera showed that replacing the

harmonic restraint in eq 1 with a linear restraint will generate a
minimally biased ensemble. Alternatively, coupling of N
parallel-replica simulations with a harmonic restraint to the
data was shown to follow the maximum entropy principle in
the limit of a large number of replicas.48,68 Accordingly, the
back-calculated scattering signal is first averaged among the
parallel replicas
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where α is the replica index, and henceforth coupled to the
experimental data with the restraint

∑
σ

=
[ ̅ − ]

=

E I

k N k T
n

I q I q

R R

R R

( , ..., ; )

( , , ..., ) ( )
N

a

i

n
i N i

i

exp 1 exp

r B

q 1

c 1 exp
2

2

q

(5)

Following Hummer and Köfinger,36 setting the exponent a in
eq 5 to a = 1 ensures that the optimal ensemble is recovered as
N → ∞. Intuitively, this decision leads to a cancelation of N in
eq 5 with N−1 in eq 4 when computing the mean experiment-
derived biasing force on atom j during an MD simulation, as
given via the gradients −∂Eexp/∂Rα,j, where Rα,j is the position
of atom j in replica α. The force constant kr is an empirical
parameter that expresses the degree of confidence in the
experimental data versus the (unbiased) force field. For kr = 0,
the unbiased ensemble is recovered; for large kr, the ensemble
reproduces the experimental data with increasing precision.
For practical applications, a reasonable choice for N and kr may
be found by plotting DKL and the residuals χ2 between
experimental and calculated data versus increasing N and kr;
then, the smallest values for N and kr may be chosen that give
satisfactory χ2 and DKL.

21

In this work, we developed a method for refining MD
simulations of flexible biomolecules on-the-fly to SAXS data
using a parallel-replica ensemble restraint. We demonstrate the
method by refining ensembles of the disordered RS peptide
against experimental SAXS data. SAXS curves were computed
with explicit-solvent methods developed previously that take
into account accurate atomic models for both the hydration
layer and for the excluded solvent.69−71 In contrast to implicit-
solvent SAXS calculations, explicit-solvent calculations do not
require free fitting parameters for the hydration layer and
excluded solvent.61 We systematically investigated the
influence of the force field, the number N of parallel replicas,
and the force constant kr on the refined ensembles.

■ COMPUTATIONAL DETAILS
Jensen−Shannon Divergence. We used the Jensen−

Shannon divergence to quantify the similarity between the
unbiased ensemble p0 and the biased ensemble p1.

72 It is
defined as

| = | + |D p p D p M D p M( )
1
2

( ( ) ( ))JS 1 0 KL 0 KL 1 (6)

where M = (p0 + p1)/2 is the average of the two distributions
and DKL denotes the Kullback−Leibler divergence. The
Jensen−Shannon divergence may be considered as a
symmetrized and smoothed variant of the Kullback−Leibler
divergence (eq 3). We used DJS because it is numerically more
robust than DKL in the case of poor sampling. For instance, if
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certain states were rarely visited in the unbiased MD
simulation but are present in the refined ensemble, DKL
would be subject to high uncertainty or even be undefined.
DJS does not face such problems. Below, we report DJS(p1

g|p0
g)

for the distributions of the radii of gyration p0
g(Rg) and p1

g(Rg)
of the unbiased and biased ensembles, respectively.
SAXS Predictions, Coupling Protocol, and Memory

Time. For each of the parallel replicas, SAXS curves were
computed on-the-fly using explicit-solvent predictions, similar
to previous work.59,69 Briefly, the intensity of replica α at
simulation time t was computed as

τ τ= ⟨ ⟩Ωα α
ωI q t D tq( , ; ) ( , ; )c,

( )
(7)

where ⟨·⟩Ω denotes the orientational average, τ is a memory
time59 (see below), and

τ = ⟨| ̃ | ⟩ − ⟨| ̃ | ⟩

− [⟨ ̃ ⟩ [⟨ ̃ ⟩

− ⟨ ̃ ⟩ ]]

α
ω

α τ
ω ω

ω
α τ

ω

ω

D t A t B t

B t A t

B t

q q q

q q

q

( , ; ) ( , ) 2 ( , )

2Re ( , ) ( , )

( , )

t

t

( )
;

( ) 2 ( )

( )
;

( )

( )
(8)

is the buffer-subtracted scattering intensity at fixed solute
orientation ω. Ãα and B̃ denote the instantaneous scattering
amplitudes of the peptide in replica α including the hydration

layer and of (the same volume of) purely water, respectively.
Re[·] is the real part. The amount of explicit water included in
the calculation of Ãα and B̃ was defined by a spatial envelope
that was constructed at a distance of approximately 9 Å from
all peptides atoms, resulting in a volume of 103 nm3 (Figure
1A−C). The same envelope was used throughout this study.
The symbol ⟨·⟩ denotes a uniformly weighted temporal
average. The symbol ⟨·⟩t;τ denotes a moving average with a
memory kernel that decays exponentially into the past with
time constant τ

∫⟨ ⟩ = ′ ′τ
τ

− ′−X t X t t( ) ( )e dt

t
t t

;
1

0

( )/
(9)

where ∫= ′τ′−t t( ) e d
t t t

0
( )/ is a normalization constant. The

parameter τ is specified prior to the simulation. Subsequently,
the intensities Ic,α were averaged over the N replicas (eq 4) and
the averaged intensities were coupled to the experimental data
Iexp with a harmonic restraint (eq 5). Hence, the calculated
SAXS curves that are compared with the experiment represent
not only an average over the replicas but also a time average
with memory time τ. As shown in the results, this leads to
some heterogeneity in the refined ensembles even if only a
single replica is coupled to the data. For more details on the

Figure 1. (A−C) Overlay of snapshots of the RS peptide of the ensembles of the (A) unbiased simulation, (B) single-replica refinement, and (C)
four-replica refinement. Explicit water molecules (red/white sticks) inside the envelope (blue surface) were taken into account for computing the
SAXS curves. (D−F) Distributions of radii of gyration in the ensembles: unbiased ensemble for reference (gray, D−F), biased ensemble from
single-replica refinement (green, E), and biased ensemble from four-replica refinement (blue, F). The difference between the biased and unbiased
ensembles is shown by the contributions to the Kullback−Leibler divergence (red) and the Jensen−Shannon divergence (orange). (G) Computed
SAXS curves and (H) Kratky plots of free/unbiased MD (gray), single-replica refinement (green), and four-replica refinement (blue) are hardly
distinguishable.
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explicit-solvent SAXS predictions, we refer to previous
work.59,69

The value of τ should be chosen large enough to ensure that
the buffer subtraction is converged over a time interval of 1−
2τ. We carefully assessed the convergence of the intensities and
found that, for the RS peptide studied here, a value τ = 100 ps
is reasonable given that the forward scattering intensity is fixed
to a preset value (see below). Further, we tested the effect of τ
on the ensemble and found that modulating τ between 50 and
200 ps has only a small effect on the refined ensembles.
The time integral in eq 9 was approximated by a discrete

sum, which was updated using simulation frames every 0.5
ps.59 The orientational average was computed numerically
using 342 q-vectors per absolute value of q. A total of 1000
frames of a water box were used to compute the pure-water
scattering contributions ⟨B̃⟩ and ⟨|B̃|2⟩ in eq 8. The force
constant kr was set to 1 in this work, and the scaling exponent a
for the restraining energy was chosen between 0 and 2 (see
below). The variances of the intensities σi

2 = σe,i
2 + σc,i

2 + σbuf,i
2

were computed from statistical experimental errors σe,
statistical calculated errors σc, and from systematic errors
σbuf, which were modeled via an uncertainty of the buffer
density of 0.1%.59,69 Calculated errors σc were computed
assuming (i) that frames every 0.5 ps have statistically
independent solvent conformations and (ii) using Gaussian
error propagation. In the control simulations that were coupled
to a precomputed SAXS curve (see below; Figure 1), σe,i was
taken as the statistical error of the precomputed curve.
Gradients of the SAXS intensity, as required to compute
SAXS-derived forces, were computed as described previously.59

Matching the Absolute Scale of SAXS Curves and
Fixing the Forward Scattering during Refinement. Since
an IDP (including its hydration layer) imposes only a small
contrast relative to the pure solvent, the explicit-solvent SAXS
calculations required tens of nanoseconds of simulation time to
converge the calculated forward scattering. To ensure that the
calculated SAXS curve was reasonably converged within
memory time τ, as required for coupling the simulations on-
the-fly to the data, we first computed a SAXS curve Ic

prelim from
several SAXS-restrained simulations with four replicas for each
force field. Then, the absolute scale of Iexp was adjusted such
that the forward scattering (at q = 0) matched between Ic

prelim

and Iexp. Accordingly, we obtained for the forward scattering
186 828 e2, 208 872 e2, and 208 415 e2 for simulations with
CHARMM36m/cTIP3P,11 Amber99SBws/TIP3P,58,73 and
Amber99SBws/TIP4P-D,58,74 respectively. Here, cTIP3P
denotes the CHARMM-modified TIP3P model with Len-
nard-Jones interactions on hydrogen atoms. Henceforth,
during production SAXS-restrained simulations, we fixed the
calculated forward scattering Ic(q = 0) to the value Ic

prelim(q =
0) obtained from the preliminary simulations. This was
achieved by adding a small uniform electron density δρB to
the pure-solvent system, which translates into a correction
δB̃(q) = δρBΘ̃e(q) for the pure-solvent scattering amplitude.
Here, Θ̃e(q) denotes the Fourier transform of a unit density in
the envelope. We found that fixing Ic(q = 0) during refinement
calculations greatly accelerates the convergence of the SAXS
curve.
Simulation Details. The SAXS calculations and restraints

were implemented into an in-house modification of GRO-
MACS 4.6.75,76 This software is available from the authors
upon request. Hydrogen atoms of the proteins were modeled
as virtual interaction sites allowing an integration time step of 4

fs. Electrostatic interactions were computed with the particle-
mesh Ewald scheme.77,78 A cutoff at 1 nm was applied to the
direct-space Coulomb interactions and at 0.8 nm to the
Lennard-Jones interactions. The short cutoff was chosen to
reduce the considerable computational cost of the simulations
presented here, and it was justified by the fact that we focused
on biasing ensembles with experimental data and not on
deriving highly precise unbiased ensembles. The Lennard-
Jones potential was shifted to zero at the cutoff. The bond
lengths and angles of water molecules were constrained with
the SETTLE algorithm,79 and all other bonds were constrained
with LINCS.80 The pressure was set to 1 bar using the
Berendsen barostat (τ = 4 ps).81 During the simulations, the
temperature was controlled at 300 K using a tight stochastic
Langevin dynamics integration scheme (τ = 0.3 ps), motivated
from the fact that SAXS-driven MD simulations are not strictly
energy-conservative.82 The simulation parameters were iden-
tical in free and SAXS-driven simulations. Starting structures
for the replica simulations were taken from different time
frames of an unbiased MD simulation of 400 ns. SAXS-
restrained simulations were carried out for 400 ns per replica.
Simulation frames were saved every 2 ps for later analysis.
Secondary structure content was computed with DSSP, version
2.0.4.83 The convergence of the ensembles was assessed by
binning analysis and by computing DJS as a function of
simulation time (Figures S1 and S2).

■ RESULTS AND DISCUSSION
The RS peptide with the sequence GAMGPSYG(RS)8 is a
well-characterized IDP subject to multiple previous studies.
For instance, this peptide has been used as a benchmark
system to test the accuracy of several force fields against
experimental SAXS and NMR data.10 It was also included in a
SAXS and NMR data set of 15 peptides and 20 proteins used
to optimize the CHARMM36m force field.11 Hence,
CHARMM36m provides a suitable model for the RS peptide
and, as such, provides a starting point to validate our method.

Control: Ensemble Refinement Against a SAXS Curve
Computed from a Known Ensemble. As a control, we first
tested whether ensemble refinement of the RS peptide is
capable of recovering a given unbiased ensemble. To this end,
we carried out free MD simulations of the RS peptide with
CHARMM36m with a total simulation time of 8 μs such that
the distribution of the radius of gyration was reasonably
converged. We computed the SAXS curve from the converged
ensemble and, henceforth, coupled simulations to the
computed SAXS curve. In this case, ensemble-refined
simulations are expected to recover the unbiased ensemble.
Any difference between the unbiased and the refined ensemble
would either indicate a violation of the maximum entropy
principle or reveal another unphysical bias in the calculations.
The RS peptide adopts a heterogeneous ensemble during

free, unbiased simulations with CHARMM36m/cTIP3P, as
visualized by an overlay of MD frames (Figure 1A) and
quantified by the wide distribution of the radius of gyration Rg
computed from the peptide atoms of all MD frames (Figure
1D, gray histogram). The SAXS curve computed from the free
simulation (Figure 1G, gray) is rather featureless, as is
common for SAXS curves of IDPs. Upon coupling a single
replica to the computed SAXS curve, an overly restrained
ensemble is generated, as is evident from the Rg distribution
that is far narrower than the distribution of the true underlying
ensemble (Figure 1E, green, compared to gray distribution)
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and from the relatively well-defined, homogeneous snapshots
shown as overlay of MD frames in Figure 1B. The large
discrepancy between the unbiased ensemble and the single-
replica-refined ensemble is further quantified in Figure 1E,
presenting the contributions of different Rg values to the
Jensen−Shannon divergence DJS (orange curve) and to the
Kullback−Leibler divergence DKL (red curve). Notably,
contributions to DKL along Rg may be partly negative, whereas
the overall DKL integrated over Rg is always positive. Overall, as
expected, the analysis demonstrates that coupling a single
replica to the SAXS curve leads to a far too narrow ensemble,
violating the maximum entropy principle.
In contrast to single-replica refinement, coupling four

parallel replicas of the RS peptide leads to an ensemble in
favorable agreement with the unbiased ensemble, as evident
from visual inspections of the trajectories and from the Rg
distribution (Figure 1C,F). Hence, the four-replica refinement
maintains the heterogeneity of the ensemble in agreement with
the maximum entropy principle. This finding is confirmed by
the Jensen−Shannon divergence DJS between the unbiased and
refined Rg distributions: for single-replica and four-replica
refinement, we find DJS values of 0.216 and 0.005, respectively,
demonstrating a greatly improved similarity between the four-
replica ensemble and the unbiased ensemble compared to
single-replica ensemble. The agreement between the unbiased
and four-replica-refined ensembles serves as a first validation
for the method proposed here.
Figure 1G,H presents the SAXS curves and Kratky plots

computed from the free and biased simulations. Notably, the
curves are nearly indistinguishable among the three ensembles,
despite the fact that the ensemble generated from the single-
replica refinement is far narrower than the ensembles from the

free MD or from four-replica refinement. This demonstrates
that the ensemble-averaged SAXS curve does not encode the
heterogeneity of the ensemble and, consequently, SAXS curves
from a heterogeneous ensemble may be easily misinterpreted
by fitting an overly narrow ensemble to the SAXS curve. In
contrast, ensemble refinement with commitment to the
maximum entropy principle allows for the maintenance of a
correct ensemble width.

Identifying the Minimum Number of Replicas N for
Ensemble Refinement. Having validated that multireplica
refinement is capable of preserving the underlying ensemble
generated by the force field (previous paragraph), we turn
toward a more challenging task, namely, ensemble refinement
against experimental data using a force field that leads to an
incorrect ensemble in an unbiased simulation. Figure 2A
compares the experimental SAXS curve of the RS peptide with
SAXS curves from free MD simulations using three different
combinations of protein and water force fields: Amber99SBws/
TIP3P58,73 (red), Amer99SBws/TIP4P-D58,74 (green), and
CHARMM36m/cTIP3P11,84 (blue). Evidently, Amer99SBws/
TIP4P-D and CHARMM36m/cTIP3P yield good agreement
with the experiment, reflecting that these force fields were
optimized for modeling IDPs. In contrast, Amber99SBws/
TIP3P leads to an overly collapsed ensemble,58 as evident from
the MD snapshots (Figure 2B) and from a SAXS curve that
decays too slowly along q (Figure 2A, red). Hence, for
simulations of the RS peptide with Amber99SBws/TIP3P,
experimental data are required to obtain a reasonably correct
ensemble, providing a realistic test case for our method.
Roux and Weare as well as Cavalli et al. showed that the

correct ensemble is obtained in the limit of a large number of
replicas, N → ∞.48,68 The number of replicas required in

Figure 2. (A) SAXS curves calculated from free MD simulations with Amber99SBws/TIP3P (red), Amber99SBws/TIP4P-D (green), and
CHARMM36m/cTIP3P (blue). The experimental curve taken from ref 10 is shown in gray. (B−D) Overlay of snapshots from free MD
simulations, using color coding according to the curves in (A).
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practice to obtain a reasonably accurate ensemble may depend
on the system. To test how many replicas are required for the
RS peptide, we restrained 1, 2, 3, 4, 6, or 10 replicas to the
experimental SAXS curves (Figure 3). For these simulations,
the force constant was scaled linearly with the number of
replicas, as implied by eq 5 using the exponent a = 1. We first
validated that the simulations are capable of restraining the
average Rg at the expected value, as evident from the fact that
the distributions of Rg averaged over the replicas at each time
step peak near the experimental value of 1.29 nm (Figure 3A,
blue histogram, and B−F, gray histograms; compare with gray
dashed lines). Notably, the replica-averaged Rg distributions
become narrower with increasing N reflecting a tighter
coupling of the replica average to data, presumably because
memory effects owing to eq 9 are mitigated by averaging over
an increasing number of replicas (Figure 3, gray histograms).
Next, the restrained ensembles were evaluated by computing
(i) the Jensen−Shannon divergence DJS(p1

g|p0
g) between the

unbiased and the refined ensembles, (ii) the standard deviation
σEn of the Rg distribution, and (iii) χ2 between the calculated
and experimental SAXS curves (Figure 4).
With increasing number of replicas N, DJS decreases,

demonstrating an increasing similarity between the refined
and the unbiased ensembles and, consequently, demonstrating
that the SAXS-derived bias is indeed increasingly “minimal”
(Figure 4A). The decreasing DJS is in line with Roux, Cavalli,
and co-workers48,68 in the sense that, with increasing N, the
refined ensemble approaches the desired, minimally biased
ensemble. This finding is further corroborated by the
increasing standard deviation σEn of the ensemble (Figure
4B), implying that the entropy of the ensemble increases with
N. To quantify the agreement between the refined ensemble
and the data, Figure 4C presents χ2 versus N. For the

Amber99SBws/TIP3P system, the agreement between the
calculated and the experimental data improves significantly
between N = 1 and N = 2 but hardly for N > 2, in contrast to
DJS that strongly decreases between N = 1 and N = 3 and
henceforth slightly decreases up to the case N = 10 (Figure 4,
compare A with C). This finding confirms the notion that (i) a
low χ2 does by far not imply that the ensemble is correct21 and
(ii) analyzing χ2 alone would be insufficient for finding a good
choice for N; instead, both DJS and χ2 should be considered to
find a justified choice for N. For the simulations shown below,

Figure 3. Distributions of the radius of gyration Rg in ensembles refined by restraining 1, 2, 3, 4, 6, or 10 replicas (A−F) to the experimental SAXS
data of the RS peptide, simulated with Amber99SBws/TIP3P. Colored stacked histograms show Rg distributions of the individual replicas. Gray
histograms show distributions of Rg averaged over the replicas at each time step. The gray dashed lines indicate the average over the simulation
time. The standard deviation σEn of the ensemble, Jensen−Shannon divergence DJS, and χ2 between calculated and experimental SAXS curves are
shown as inset for each ensemble.

Figure 4. Convergence of the restrained ensemble with increasing
number of replicas. (A) Jensen−Shannon divergence, (B) standard
deviation of the Rg distribution as a measure of the width of the
refined ensemble, and (C) reduced χ2 between experimental and
calculated SAXS curve. The vertical bars indicate standard errors
computed by binning the simulations into blocks of 100 ns (hardly
visible for some points).

Journal of Chemical Theory and Computation Article

DOI: 10.1021/acs.jctc.9b00338
J. Chem. Theory Comput. 2019, 15, 5103−5115

5108

http://dx.doi.org/10.1021/acs.jctc.9b00338


we used N = 4, providing a reasonable balance between low
DJS and computational simplicity.
Previous studies restrained many more replicas for refining

an ensemble against experimental data, in the order of tens of
replicas.48,55 The large number or replicas were used because
the back-calculated data Ic̅, which are compared with the
experimental data Iexp in eq 5, was typically computed using
purely the current simulation frame. Consequently, in such
previous studies, many parallel replicas were required to
represent the overall heterogeneity of the ensemble at each
simulation time. The rapid convergence of the ensemble with
fewer replicas, as found here, may be rationalized by our
method for computing the SAXS curve. Namely, owing the
time averaging with memory time τ (eq 9), SAXS curves
computed for individual replicas already account for
fluctuations occurring on the time scale of approximately 2τ
(100−200 ps), covering side-chain fluctuations and rapid
small-scale fluctuations of the peptide backbone. Conse-
quently, to make our back-calculated SAXS curve represent
the overall heterogeneity covering both rapid small-scale and
slow large-scale fluctuations, only few replicas are required.
Force Constant and Scaling of the Restraining

Energy with the Number of Replicas N. The prefactor
krN

a of Eexp (eq 5) specifies the weight of the experimental bias
compared to the force-field energy EMD, thereby quantifying
our confidence in the data relative to prior knowledge.85 Both
the force constant kr and the scaling exponent a modulate the
weight of Eexp. However, because the uncertainty of the force
field as well as systematic errors in the experimental data are in
practice unclear, the force constant is often treated as a
heuristic parameter. It was argued that a good choice for the
force constant is obtained by plotting χ2 versus the force
constant kr and by selecting the smallest kr that leads to a
satisfactory agreement with the data. Apart from a suitable
choice for kr with a fixed number of replicas N, the suitable
exponent of a to scale the restraining energy with N has been
discussed.36,65,68

To test the influence of the scaling, we conducted several
ensemble refinement simulations with four replicas and with an
increasing scaling exponent a of 0, 1, 1.5, and 2 (Figure 5). As
expected, we find that increasing a leads to slightly decreasing
χ2, reflecting an increasing weight on the experimental data.
Overall, however, the restraining energy has only a minor effect
on the refined ensembles. A value of a = 1, scaling the
restraining energy linearly with the number of replicas, is
appropriate for the system considered here.
Small Influence of the Force Field on Refined

Ensembles. It is well established that IDP ensembles
generated by free MD simulations strongly depend on the
force field.10,74 For instance, Amber99SBws/TIP3P favors an
overly collapsed RS peptide, whereas Amber99SBws/TIP4P-D
and CHARMM36m/cTIP3P yield RS ensembles in reasonable
agreement with SAXS data, as evident from the average radii of
gyration in the free simulations (Table 1), from the calculated
SAXS curves (Figure 2A), and from the MD snapshots (Figure
2B−D). This prompted us to test whether SAXS-restrained
ensembles are likewise force field-dependent or whether the
experimental data are capable of mitigating the imperfections
of force fields.
Figure 6 compares the generated ensembles from free and

SAXS-restrained simulations with CHARMM36m/cTIP3P
(A−C), Amber99SBws/TIP3P (D−F), and Amber99SBws/
TIP4P-D (G−I). For reference, Figure 6A/D/G present the Rg

distributions from free simulations (gray-shaded areas),
confirming that the Rg distributions are strongly force-field-
dependent, in line with the force-field-dependent conforma-
tions and SAXS curves shown in Figure 2. Namely, in free
simulations, Amber99SBws/TIP3P leads to an overly collapsed
ensemble restricted to low Rg values (Figure 6D, gray),
whereas Amber99SBws/TIP4P-D and CHARMM36m/
cTIP3P lead to more expanded ensembles (Figure 6A/G,
gray). Upon restraining only a single replica to the SAXS curve,
for all three force fields, the ensemble-averaged radius of
gyration agrees with the experiment, but all ensembles become
too narrow (Figure 6B/E/H, blue histograms; A/D/G, green
histograms, and Table 1). The overly narrow ensembles are
evident from narrow Rg distributions and from an increased
Jensen−Shannon divergence between the unbiased and biased
Rg distributions (see insets in Figure 6). This demonstrates
that the experiment-derived bias is not minimal during single-
replica refinement.
In contrast, upon restraining four replicas using any of the

force fields, the Rg distributions become wider than the single-
replica ensembles while maintaining agreement with the
experimental average. The Jensen−Shannon divergence also
strongly decreases, demonstrating that the resulting ensembles
are more similar to the unbiased simulation (Figure 6C/F/I,
DJS labels in subplots). As a key finding of this study, the Rg
distributions of the refined four-replica ensembles are similar
among the three force fields. This suggests that the SAXS-
derived restraints are capable of mitigating major imperfections
in the force fields, leading to ensembles that are much less
force-field-dependent compared to ensembles from free
simulations. Notably, this finding is most obvious for the
Amber99SBws/TIP3P force field, which yields overly collapsed
ensembles for the RS peptide in free simulations (Figure 6D,
gray), but an ensemble similar to results from the optimized
CHARMM36m/cTIP3P or Amber99SBws/TIP4P-D when
coupled to SAXS data (Figure 6C/F/I).

Figure 5. SAXS-restrained ensembles generated with four parallel
replicas (N = 4) and Amber99SBws/TIP3P, and using an increasing
scaling exponent a for the number of replicas N ((A) a = 0, (B) a = 1,
(C) a = 1.5, (D) a = 2). Colored stacked histograms show Rg
distributions of the individual replicas. The gray histograms show
distributions of Rg averaged at each time step over the four replicas.
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■ CROSS-VALIDATION OF SAXS-RESTRAINED
ENSEMBLES

SAXS-restrained ensembles generated with different force
fields are similar to those judged by their Rg distributions
(Figure 6). However, this does not exclude the possibility that
other observables differ among the ensembles. Hence, to
further compare the ensembles, we analyzed 3JHN‑Hα couplings,
distance matrices between the Cα atoms, and the secondary
structure content.

SAXS curves and the Rg distributions analyzed above
provide structural information averaged over all interatomic
distances. As a spatially more detailed characterization, to test
the effect of SAXS restraints also on individual interatomic
distances, we computed Cα−Cα distance matrices from free
and SAXS-refined simulations. Figure 7 shows the differences
of Cα−Cα distance matrices between simulations with
Amber99SBws/TIP3P and CHARMM36m/cTIP3P. As ex-
pected, the unrestrained, overly collapsed Amber99SBws/
TIP3P ensemble strongly differs from the more extended

Table 1. Mean Radius of Gyration Rg in nm with Several Force Fields, Taken from the Rg Distributions in Figure 6
(Experiment: 1.290 nm10)a

SAXS-restrained MD

force field free MD N = 1 N = 4

CHARMM36m/cTIP3P 1.30 ± 0.02 1.27 ± 0.03 1.280 ± 0.003
Amber99SBws/TIP3P 0.88 ± 0.03 1.285 ± 0.004 1.301 ± 0.002
Amber99SBws/TIP4P-D 1.11 ± 0.02 1.29 ± 0.01 1.29 ± 0.01

aError estimates were calculated using binning analysis.86

Figure 6. Distributions of the radius of gyration Rg from single-replica refinement (top and middle row) with the multireplica refinement (bottom
row, four replicas) for three different force fields and water models: CHARMM36m/cTIP3P (A−C), Amber99SBws/TIP3P (D−F),
Amber99SBws/TIP4P-D (G−I). For reference, distributions from the free MD simulation are shown as gray histograms (top row). Distributions
from SAXS-restrained simulations as color-filled histograms. Distributions of individual replicas are shown as stacked histograms. Width of the Rg
distribution σEn, the Jensen−Shannon divergence DJS, and the reduced χ2 between calculated an experimental SAXS curves are listed in the
subplots. (A/D/G) The red and orange curves illustrate contributions to the Kullback−Leibler and Jensen−Shannon divergence along Rg,
respectively, quantifying the difference between the distributions from free (gray histograms) and single-replica simulations (green lines). (C/F/I)
Colored stacked histograms show Rg distributions of the individual replicas. The gray histograms show distributions of Rg averaged at each time
step over the four replicas.
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CHARMM36m/cTIP3P ensemble (Figure 7, top left).
However, applying a SAXS restraint to the Amber99SBws/
TIP3P force field strongly reduces the differences to the free
CHARMM36m/cTIP3P simulations (Figure 7, top right),
confirming that the SAXS restraint mitigates major imperfec-
tions of Amber99SBws/TIP3P. In addition, the Cα distances
are similar among the restrained Amber99SBws/TIP3P and
CHARMM36m/cTIP3P simulations (Figure 7, bottom right),
confirming that the SAXS-restrained ensembles of the RS
peptide are similar among different force fields.
While SAXS data are sensitive with respect to the overall

shape of the ensemble, 3JHN‑Hα coupling data probe the
backbone ϕ dihedrals and thus provide complementary local
structural information. 3J-coupling constants computed with
the Karplus relation are presented in Figure 8.87 Both free and
SAXS-restrained CHARMM36m/cTIP3P simulations reveal

reasonable agreement with experimental 3J-couplings taken
from ref 10 (Figure 8A). This finding is expected because
CHARMM36m/cTIP3P has previously been validated against
experimental data of the RS peptide.11 In contrast, free
Amber99SBws/TIP3P and Amber99SBws/TIP4P-D simula-
tions reveal considerable deviations with respect to exper-
imental 3J-couplings, mainly between residue numbers 6 and
14, possibly owing to imperfections in the backbone dihedrals
in the Amber99SBws force field (Figure 8B,C, gray and black
lines). However, the agreement between calculated and
experimental 3J-couplings greatly improves upon introducing
the SAXS restraint (Figure 8B,C, blue lines). The RMSD
between calculated and experimental 3J-couplings decreases
from 1.14 to 0.58 and from 0.88 to 0.45 for Amber99SBws/
TIP3P and Amber99SBws/TIP4P-D, respectively. A typical
example is given by residue 9, for which coupling
Amber99SBws/TIP4P-D simulations to SAXS data triggers
an increased population of the backbone conformation with ϕ
≈ 60° and ϕ ≈ −135°, thereby achieving improved agreement
with experimental 3J-couplings (Figures S5 and 8C). The
improved agreement to 3J-couplings is remarkable considering
that the incorporated SAXS data are not sensitive to short-
distance information encoded in the 3J-couplings. Hence, the
improvement of NMR data demonstrates that our replica-
restrained MD simulations do not overfit the SAXS data, but
instead yield conformational ensembles with improved
structure at both the global and local levels.
Further, a comparison of 3J-couplings between different

force fields (Figure S3) demonstrates that the backbone
structure of SAXS-restrained ensembles is overall less force-
field-dependent compared to the backbone structure in free
simulations. An exception is the N-terminal region of residue
numbers ≤5, where a major difference between Amber and
CHARMM simulations remains even in SAXS-refined
ensembles (Figures S4 and 8C).
As an additional structural probe of peptide conformations,

we analyzed the secondary structure content of the ensembles
using the DSSP software (Figure 9).83 In free simulations,
Amber99SBws/TIP3P yields a larger population of α-helices

Figure 7. Distance heat map comparing the mean distances between
pairs of Cα atoms between free simulations and four-replica-restrained
simulations, using either CHARMM36m/cTIP3P or Amber99SBws/
TIP3P. Color coded is the absolute value of the difference of Cα−Cα

distances: dij = |⟨rij⟩Sim1 − ⟨rij⟩Sim2|, where ⟨rij⟩ denotes the mean
distance of the Cα atoms of residues i and j. The analysis demonstrates
that Cα distances in free Amber simulations greatly differ from free or
refined CHARMM simulation (left column). In contrast, Cα distances
in refined Amber simulations are similar to free or refined CHARMM
simulations (right column).

Figure 8. 3JHN‑Hα-coupling data from experiment (black circles),
calculated from free MD simulations (gray), and from SAXS-
restrained ensembles with four replicas (blue). Experimental data
from ref 10; the error bars denote standard errors over four replicas.
Upon coupling to SAXS data, the RMSD between calculated and
experimental 3J-coupling decrease from 0.76 to 0.67 (Charmm36m/
cTIP3P), from 1.14 to 0.58 (Amber99SBws/TIP3P) and from 0.88 to
0.45 (Amber99SBws/TIP4P-D), respectively.

Figure 9. Secondary structure population in free simulations (left),
SAXS-restrained simulations with a single replica, (middle) and with
four replicas (right). Color encodes the type of secondary structure,
and the pattern indicates the force field (see legends).
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and turns compared to CHARMM36m/cTIP3P, whereas the
latter yields a larger population of coils. Upon coupling the
simulations to SAXS data, the secondary structure populations
with Amber99SBws are shifted from α-helices and turn to coils,
whereas the populations with CHARMM36m are relatively
unaffected. Consequently, the secondary structure content of
the SAXS-refined ensembles is more similar among different
force fields compared to the content in the ensembles from
free simulations.
Taken together, SAXS-restrained ensembles of the RS

peptide refined from different force fields yield similar
ensembles as quantified by Rg distributions, Cα distance
matrices, NMR data, and secondary structure content. Hence,
although residual force field effects certainly remain, by
incorporating SAXS data, the influence of the force field is
greatly reduced. In addition, cross-validation against NMR data
suggests that the SAXS-restrained ensembles were not
overfitted.

■ CONCLUSIONS
We presented a multireplica SAXS refinement method for
generating ensembles with commitment to the maximum
entropy principle. The restraint is designed to guide the
simulation into agreement with experimental SAXS data while
applying only a minimal bias. In contrast to established
methods that reweight proposed ensembles a posteriori, the
aim of this method is to integrate experimental SAXS data on-
the-fly into MD simulation, leading to conformational
sampling in agreement with the data. Notably, the SAXS
curve predictions applied here involve explicit-solvent calcu-
lations, taking into account atomistic representations for both
the hydration layer and the excluded solvent, thereby avoiding
any solvent-related fitting parameters. For SAXS predictions of
IDPs, however, since the contrast between solute and solvent is
low, careful convergence assessments are recommended. To
obtain converged on-the-fly SAXS predictions of the RS
peptide studied here, it was necessary to fix the forward
scattering I(q = 0), where I(q = 0) was taken from preliminary
SAXS-restrained simulations conducted prior to the produc-
tion refinement simulations.
While our method requires a small computational overhead

during the simulation (∼15%) compared to a simulation of the
same system without the SAXS bias, it provides two main
advantages compared to reweighting schemes: (a) the SAXS-
guided on-the-fly conformational sampling allows for analyses
that require averaging over a large number of frames, which
would be tedious when using a reweighting scheme. Typical
examples would be calculations of free energies, entropies, and
energies, as well as calculations of slowly converging structural
and kinetic observables involving rare events. Using reweight-
ing, such analysis may require postprocessing of hundreds of
thousands of frames (or even more) on the hard drive, which
may become intractable. With our method, in contrast, such
averages may be carried out on-the-fly during the SAXS-guided
simulation; (b) if the unbiased and biased ensembles exhibit
only a small overlap owing to significant force-field limitations,
reweighting schemes may converge slowly and lead to refined
ensembles that may be dominated by only a few frames. In
other words, in such cases, the free simulation carried out prior
to reweighting will spend most of the simulation time in
structures that hardly contribute to the sought-after averages,
which is computationally inefficient. The refinement method
shown here does not face such problems.

We systematically investigated the effect of (i) the number
of parallel replicas N and (ii) the scaling of the restraining
energy with N. We found that the refined ensemble greatly
improves when switching from a single to up to four replicas,
as quantified by the Jensen−Shannon divergence. Using more
than four replicas has only smaller effects on the ensembles,
suggesting that four replicas provide a reasonable balance
between accuracy and simplicity for the RS peptide. Notably,
because (i) parallel-replica simulations scale almost linearly on
parallel architectures and (ii) the replicas provide statistically
independent simulations, using parallel replicas is not a
limitation but instead convenient and computationally efficient
for obtaining converged observables. In addition, we found
that the scaling of the restraining energy with N is not critical
in our case. We suggest that using a force constant of unity
combined with a linear scaling with the number of replicas N is
reasonable (corresponding to kr = 1, a = 1, eq 5).
Remarkably, the applied force field has only a small effect on

the refined ensembles, even when using the Amber99SBws/
TIP3P force field, which is a rather poor force field for IDPs in
free simulations. The refined ensembles were similar between
force fields as quantified by the Rg distribution, Cα distance
maps, 3J-couplings, and secondary structure content. This
agreement may indicate that Amber99SBws/TIP3P exhibits
only modest imperfections, allowing one to overrule the
imperfections upon adding the SAXS data. The agreement
among different force fields further suggests that the
multireplica refinement did not overfit the SAXS data. It will
be interesting to test in a future study if our findings for the RS
peptide also hold for other disordered system such as different
IDPs or rigid domains connected by flexible linkers.
Overall, the present study suggests that incorporating SAXS

data on-the-fly into MD simulations of disordered systems may
greatly reduce a force-field bias. The method will be useful for
obtaining physically precise simulations of disordered systems
and for advancing our understanding of unstructured biological
macromolecules.
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