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NMR spectroscopy and MD simulations are highly complementary techniques to study
molecular structures, interactions and dynamics. MD simulations are currently reaching
the millisecond timescales covering a great variety of dynamical processes. Faster com-
puters and new efficient sampling techniques allow calculations of NMR averages for a
more reliable comparison with experiment, while new generations of force fields give
better and better agreement between simulated and measured quantities. We review in
this Chapter studies where close combination of these two techniques is the method itself
to obtain the results and draw conclusions on the dynamics of bio, organic and inorganic
systems.

1 Introduction

No modern Science laboratory exists without a park of computers where
data is collected, stored, shared, analysed and visualized. However, in
many laboratories, hosting also theoretical groups, computers have ob-
tained a status of pure research equipment and used as virtual labora-
tories where real molecular structures, dynamical processes and
reactions can be modelled and simulated side by side with experiments.
Historically one of the most powerful combinations of experimental and
computational techniques is that of Nuclear Magnetic Resonance (NMR)
spectroscopy and Molecular Dynamics (MD) simulations which has been
successfully used to obtain molecular information of nearly all possible
systems from glasses to biological complexes. NMR and MD can be
combined in many different ways simply because both methods provide
information on molecular level, giving access to structure, interactions
and dynamics better than any other techniques.1 Whereas values of static
NMR parameters (i.e. chemical shielding and J couplings) can be rou-
tinely computed from energy-minimized structures using most Quantum
Chemistry packages, we focus in this chapter on the importance in
connecting molecular motional degrees of freedom and structural and
conformational dynamics with observed spectral quantities. Force-field
based (and to some extent ab initio) MD simulations and NMR
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spectroscopy can be combined to study dynamical behaviour of mo-
lecular spin systems at mutually common (ps–ns–ms–ms) time scales to
both techniques. The symbiosis NMR-MD is always mutual as the both
methods benefit from it. NMR provides data to calibrate simulation
methods, molecular models and force fields, while MD opens the window
to the molecular world where the experimental observations can be
connected to various microscopic phenomena. In both methods the
physical conditions and environment can be varied allowing further
evaluation of the used models, both theoretical and experimental.
This Chapter covers the literature from the period of SPR on NMR volume
44 (June 1st 2013 until May 31st 2014) but since it is a new Chapter it also
contains some older references needed in defining the field according to
the title.

The chapter is organized as follows: first are reviewed the force fields
developed or improved during the last year making use of NMR data in
the parameterization and/or in validation, then we summarize the latest
works in combining MD and NMR to study the structure and dynamics of
Biomolecules, including proteins, sugars and polysaccharides, lipids.
Then we review the papers where the combined approach has been used
to study solvent and mixtures, surfaces, and porous materials.

2 Force field development and validation through NMR

When carrying out molecular simulations the quality of the results is at
the very end directly dependent on the quality of the applied force field
(FF). FF is a conceptually simple mimic of the quantum mechanical
interactions within a molecular system made of nuclei and electrons
(atoms and bonds). In its basic form it contains a set of balls and springs
(like in a molecule kit) and simple mathematical functions with a few
parameters, reasonably flexible to describe separately the short-range
Van der Waals and long-range Coulombic intermolecular interactions
between the non-bonded atoms, as well as, bond vibrations, angle
bending and rotations around covalent bonds. In other words it should
allow the molecular internal degrees of freedom and intermolecular
interactions same way as in real systems. It is very robust and made
transferable from molecule to molecule, at least in case of common
molecules. The user should be prepared for situations where some
parameters are missing and have to be created and inserted in the force
field. Also, it is common that atomic charges need to be computed using
special quantum mechanical schemes, most often based on electrostatic
potentials.

NMR and MD simulations are both the most powerful techniques to
study the structure and dynamics of macromolecules at atomistic level.
When combined together they are highly complementary. Both techni-
ques benefit greatly from a close collaboration, because there are so
many inter-related quantities that can be obtained using both methods at
mutual time scales. The molecular models and force fields can be refined
and validated based on them. As a result of this the MD simulations have
become more accurate and can better provide detailed insight into highly
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complex heterogeneous structures and dynamical processes in proteins,
including the roles of specific solute–solvent interactions, as well as,
ligand binding. The number of available general atomistic force fields
in the scientific literature is too large to be listed here. For a review of
different common force fields the reader is referred for example to the
paper of Karttunen and coworkers2 and those for protein simulations
in particular to the chapter of Guvench and MacKerell.3 Here we
only mention the most recent developments of force fields parameterized
and/or validated against NMR data.

MacKerell and coworkers4 presented a polarizable force field, called
Drude-2013, based on the classical Drude oscillator framework, currently
implemented in simulation programs CHARMM and NAMD, for model-
ing of peptides and proteins. It can be used for several hundreds of ns
simulations without requiring too much computing power. In its first
generation version it gives improved order parameters S2 for certain
residues, for which they were underestimated using additive force fields,
but does not perform so well yet for NMR chemical shifts.

Huang and MacKerell5 have validated the most recent all-atom additive
protein force field CHARMM36 (C36) on a variety of NMR data, including
backbone scalar couplings across hydrogen bonds, residual dipolar
couplings (RDCs) relaxation order parameters S2, as well as vicinal scalar
couplings. C36 FF generated results agree better with experimental data
than CHARMM22/CMAP FF. The studied NMR properties have not been
used in the parameterization of CHARMM36 FF.

Widmalm and coworkers combine NMR transglycosidic J coupling
constants and explicit solvent Hamiltonian replica exchange simulations
to improve and validate the CHARMM36 force field as well as their
simulation method on a set of a- or b-(1-6)-linked oligosaccharides.6

The experimental trends in rotamer distributions are reproduced in
simulations. Walker and coworkers report a new AMBER14 FF for lipids
which is validated against NMR data. The philosophy is to be compatible
with AMBER FFs for proteins and nucleic acids.7

Zhang and coworkers8 have developed an effective polarizable bond
(EPB) force field for computer simulation of proteins where only all polar
groups of amino acids are treated as polarizable, by fitting to electrostatic
properties of the polar groups from DFT calculations. It is applied on
9 different proteins and found to be robust in describing the structure
and dynamics of these proteins correctly. The agreement with NMR
experiments is found better compared to results obtained from simu-
lations using non-polarizable force fields. The model avoids problems
of overpolarization (polarization catastrophe)9 and is numerically stable
adding only 5% to the computing compared to when standard non-
polarizable FFs are used.

Ren and coworkers10 report a new polarizable development and para-
meterization of their atomic multipole-based optimized energetics for
biomolecular simulation, AMOEBA2013 force field for proteins. It uses
atomic multipole-based electrostatics and has explicit treatment of
dipole polarization. Based on a mutual induction model with Thole
damping it describes both intra- and intermolecular polarization.
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Chemical shifts, J-couplings and S2 order parameters are well described
for several peptides and proteins.

Jurecka and coworkers11 have optimized the Amber ff99bsc0 force
field for the backbone torsional parameters epsilon and zeta of DNA,
observing an overall improvement in the structure, using the NMR and
X-ray data as reference.

Langella and coworkers12 validate against NMR and X-ray data their
parameterizations of Peptide Nucleic Acids (PNAs) by performing MD
simulations of two model systems constituted by a PNA–PNA duplex and
a PNA–DNA hetero-duplex. New conformational features, related to the
dynamics of the system, are found, in good agreement with the NMR data
and with some difference to the crystal structure, due to packing effects.

To optimize force fields for long time scale motions Aliev et al.13 pro-
pose a new robust approach to use 13C NMR spin-lattice relaxation times
T1 of both backbone and sidechain carbons. This allows a selective de-
termination of both overall molecular and intramolecular motional time
scales. In addition they use motionally averaged experimental J coupling
constants for torsional FF parameters. The force constants in the FFs and
the correlation times are fitted in an Arrhenius-type of equation.

Jiang, Zhou and Wu14 report a residue-specific force field (RSFF1)
for proteins based on statistical analysis of protein coil library and
parameterize all rotable torsional angles on free energy surface rather
than potential energy surfaces. They modify the OPLS-AA/L force field
and scale 1–4 Van der Waals interactions but leave the electrostatic 1–4
interactions untouched. They did also add 1–5 interactions. Their force
field performs better than several very recent force fields parameterized
for proteins in reproducing the 3J of dipeptides. In a subsequent paper15

they fold fourteen small proteins using replica-exchange MD simulations
demonstrating the quality of their protein force field.

3 MD in NMR prediction of 3D structures of biomolecules

NMR has in last decades developed to a powerful method to study and
determine structures of biomacromolecules. The reader is advised to
familiarize themselves with a recent book edited by Bertini, McGreevy
and Parigi,16 a comprehensive guide to the community of protein NMR.
Force-field-based MD simulations clearly play an important role in the
NMR determination of biomolecular 3D structures. When used together
with highly efficient MD techniques to enhance the sampling, such
as the replica exchange and parallel tempering combined NMR-MD is
an ultimate tool in structure determination Nevertheless, structure
determination of biomacromolecules with NMR is a tedious procedure
containing several steps, many flavors and a variety of protocols. It starts
from NMR experiment and resonance assignment and continuing by
imposing of structural restraints to calculate the structure – or rather an
ensemble of structures satisfying the experimental data. From liquid
state NMR we can obtain parameters such as chemical shifts (can be
related to local electronic structure and environment, distances, torsional
angles, hydrogen bonds), scalar coupling constants (torsional angles,
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hydrogen bonds), NOE & ROE (proton–proton distances), paramagnetic
nuclei (distances and orientation) residual dipolar couplings (bond
orientation). In solid state NMR chemical shifts, spin–spin coupling and
quadrupolar coupling data are the primary sources of structural infor-
mation. The data is often incomplete and empirical relationships and
QM calculations can be used to complement it. 1D and 2D NMR data
need to be converted to a 3D model using force field and other techni-
ques. The structure needs to be energy-minimized. Simulated annealing
and MD simulations with enhanced sampling are important. Finally the
structure(s) need(s) to be validated with simulations in water solution or
against known structures within the same protein family or homolog
modeling or statistically (Bayesian). These last steps have to be repeated
in iterative manner to improve the structure. NMR can be used to de-
termine structures for only small and medium sized proteins (regularly
below 25 kDa) whereas X-ray and electron microscopy can be used to
study biomolecular structures over 100 kDa.17 To integrate NMR, X-ray
crystallography, cryo-TEM and modeling would give an even better inte-
grative structural biology approach as visioned by Lengyel et al.18

We wish to refer to a number of excellent recent reviews we found
important in the context of this chapter as they contain discussions of
how the techniques and methodologies have evolved together with MD
simulations and computational chemistry. Although this chapter collects
works from the last year we have taken the freedom cite several reviews
from the year before because of their relevance here. Allison discusses
assessing and refining of MD simulations of proteins with NMR data
stressing the importance of ever longer simulations exposing deficiencies
in existing force fields.19 Salvatella and coworkers review the synergetic
use of MD simulations and NMR spectroscopy to study the structural
heterogeneity of proteins.20 Widmalm presents a perspective on the
primary and 3D structures of carbohydrates.21 Montelione and coworkers
discuss how obtain high quality NMR structures for proteins.22 Sanders
and coworkers survey the technical advances behind the quiet renais-
sance of protein NMR.23 Vögeli reviews NOE from quantitative per-
spective.24 Vögeli and coworkers reviews the perspective on the ensemble-
based structure determination using exact NOEs.25 Showalter26 reviews
methods for structure and dynamics studies of intrinsically disordered
proteins by combining MD simulations and NMR data. Vuister et al. gives
an overview of tools to validate protein NMR structures.27 Marsh and
Teichmann discuss the dynamic aspects of protein structures from
evolutionary point of view.28 Im et al. presents an ensemble dynamics
approach to decipher ssNMR observables of membrane proteins.29

Comellas and Rienstra review protein structure determination by MAS
ssNMR in studies amyloid fibrils.30 Watt and Rienstra review the recent
advances in ssNMR to quantify biomolecular dynamics.31 Orozco has
written an excellent review giving a theoretical view to protein dy-
namics.32 Gryff-Keller turns to the experimentalists giving advices about
how to obtain best possible results from theoretical calculations to
compare with experimental results.33 Finally we wish to acknowledge the
work on nucleic acids done the group of Olson. Olson and coworkers34
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demonstrate their software package 3DNA to analyze, construct and
visualize 3D DNA structures. The latest version of 3DNA has new features
to analyze and manipulate ensembles of structures as those from NMR
structure prediction and MD simulations.

4 MD and prediction of NMR parameters from 3D
structures

The flow discussed above can also be reversed and protein (and other
biomolecules) structures can be used to predict NMR parameters. This is
an important area of its own but has also many applications. Here we
only choose prediction of chemical shifts and J couplings although any
other NMR parameter can be in principle predicted from the molecular
structure. NMR chemical shifts are sensitive to several structural changes
and conformational dynamics in the close vicinity. Currently there is no
direct relationship between a molecular structure and NMR parameters
we can use other than more or less empirical models, with limited
validity, and Quantum Chemistry calculations for static parameters of
systems of limited size and MD simulations for dynamic parameters.
During the last decade several groups have developed methods, algorithms
and software to predict NMR chemical shifts and J-couplings from protein
structures. These packages are based on a variety of mathematical and
statistical approaches, including Principal Component Analysis, k Nearest
Neighbors and Random forest. The regularly contain a training data base
from which the actual NMR shift is calculated assuming all contributions
to be additive to values obtained from intrinsically disordered structures
used normally as the basis on which all corrections are added. Although
there are numerous packages for chemical shift prediction only a few of
them rely on MD simulations in the process. Chemical shifts obtained in
NMR spectroscopy are long time averages of conformations populated in a
protein during the experiment. By averaging the calculated values over an
ensemble of structure the prediction should be improved.

An excellent overview to the field is given Lehtivarjo where many of
the software packages are reviewed in Table 2.35 Lehtivarjo et al. have
developed a software package 4DSPOT to predict chemical shifts from
ensembles of protein structures obtained in from MD simulations36 to
add ‘‘fourth’’ dimension to include the dynamical effects.

Ochsenfeld and coworkers37 have compared the sensitivity of ab initio
methods against empirical methods in calculations of NMR chemical
shifts from molecular structures of several prototypical peptides. They
find that although simple empirical models can give rather good agree-
ment with experimental results they are highly insensitive for structural
(and electronic) changes. On the other hand the cheap empirical meth-
ods are continuously improved while ab initio are not feasible at all to
use. Ab initio methods can also be used to improve the empirical methods
same way as it is done for the empirical force fields.

It should be also mentioned that the effect from neighboring residues
to both chemical shifts and J-coupling constants is not negligible at all as
shown by Jung et al.38 for intrinsically unfolded/disordered proteins.
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Again, we also wish to mention a selection of somewhat older reviews
about prediction of chemical shifts from protein structures taking into
account the dynamical nature of proteins as they give a good overview of
the field. Kalbitzer and coworkers discuss mapping of protein structural
ensembles on chemical shifts.39 Vendruscolo and coworkers investigate
how to include time averaging of chemical shifts in DFT calculations to
better compare with experiments.40 Nielsen et al. presents a robust
method for chemical shift prediction from protein structures reviewing
the field.41 Palmer and coworkers present their semi-empirical dynam-
ically averaged chemical shift prediction tool discussing the use of MD
simulations to improve the results.42 Tantillo and coworkers review
computational predictions of 1H and 13C chemical shifts discussing
various sources of errors.43 Case reviews calculations of chemical shifts in
biomolecules.44

5 Multiple time scales in MD-NMR studies of protein
systems

Although time scales are a somewhat artificial concept it is useful to
keep in mind that experimental techniques applied on macroscopic
amounts of substances give results averaged over typical time scales the
techniques used. This can be a problem for MD simulations not able to
follow long time dynamics to sample corresponding time windows. En-
couraging, however, is that ensemble sampling over shorter time than is
characteristic for NMR measurements improves the agreement as can be
seen in many papers included in this Chapter.

An increasing number of studies is pointing the attention to the pos-
sible functional role of biomolecules dynamics.45–47 NMR techniques
constitute a very powerful mean to obtain information either on relatively
fast timescale, in the range of ps to ns – where the fast backbone and side
chain motion occurs – using the relaxation times R1, R2, and the steady
state heteronuclear NOE or on larger time scale, in the ms to ms realm
where conformational exchange typically occurs – through Carr–Purcell–
Meiboom–Gill (CPMG) R2 relaxation dispersion experiment R2, or by R1r

spin lock experiments. The reader is referred to the excellent reviews of
Shapiro,45 Jarymowycz and Stone47 and Boher, Dyson and Wright48 for a
detailed discussion of the NMR relaxation methods to study protein
dynamics. As discussed below, also the chemical shifts can be used to
study several aspects in the system dynamics.

The importance of treating the NMR observables and from them
derived parameters as ensembles over relevant time scales rather than
individual conformers is highlighted by Ángyán and Gáspári49 who
discuss several MD simulation techniques to interpret the structural and
dynamical data from NMR. Internal dynamics in proteins take place at
several different time scales. It is therefore important to sample the
ensembles covering the specific time scales.

Brüschweiler and coworkers50 use MD simulations to calculate order
parameters and to compare them with model-free parameters obtained
in NMR relaxation measurements. They present a more accurate method
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based on 15N R1 and R2 as well as heteronuclear {1H}–15N NOE NMR re-
laxation parameters they compute from long (0.5 ms) MD trajectories of
ten different proteins. The experimental model-free order parameters are
compared to those obtained in isotropic reorientational eigen mode
dynamics (iRED) analysis method. Very good agreement is obtained be-
tween the experimental and simulated order parameters. The proposed
comparative scheme should be valuable in the refinement of force fields
in order to make them more accurate in calculations of a variety of
properties in MD simulations. In a related work Brüschweiler and Li51

present a new robust protocol to obtain native like protein structures
with a proper choice of temperature and NOE restraint strength testing it
for several proteins.

Calligari and Abergel52 have studied multiple time scale dynamics
in proteins to investigate the internal motion in proteins based on
fluctuations in 15N chemical shifts. To improve the simple two-site jump
process model they present an alternative model to interpret the
stochastic processes behind chemical shift fluctuations tested here on
the small BPTI protein. From MD simulations of time length 200 ns and
1 ms, they calculate chemical shift time correlation functions to identify
the different regimes along the distribution of the time scales and to
access the fractional diffusion processes. Differently from the two site
exchange model, commonly employed to interpret the fluctuations of
the chemical shift, such an approach is capable of accounting for a
continuous distribution of time scales, while keeping the number of
model parameters low. Their method is expected to improve the current
analysis used in NMR dispersion measurements.

Esposito and coworkers53 report a comparative 15N NMR relaxation
study of wild-type and W60G b2m microglobulin to gain detailed insight
into the dynamics of both systems where various types of motions span
a broad range of amplitudes and time scales. MD simulations and
thermodynamic integration to obtain the free energy together with
hydrodynamic calculations were performed and support the data. The
analysis of the mutant protein is consistent showing a reduced aggre-
gation compared to the wild-type due to an increased conformational
rigidity probed by both NMR relaxation studies and MD simulations.

Garcı́a and coworkers54 study amyloid Ab peptides, implicated in
the etiology of Alzheimer disease, using a combined MD/NMR approach.
J-coupling data are calculated from the REMD trajectories and compared
to corresponding NMR-derived values. All simulations are found to
converge on the order of hundreds of nanoseconds-per-replica toward
ensembles yielding a good agreement with experiment.

Sekhar et al.55 present a study using NMR methods to define a length
scale for intermediate-native transition of four-helix bundle FF module
(a 60 amino acid residue module found in a variety of eukaryotic
proteins) that provides an average measure of the size of the structural
units participating in the transition.

Zachariae, Zeth and coworkers56 combine ssNMR and MD simulations
of human dermcidin in membranes that reveal the antibiotic mechanism
of this major human antimicrobial, found to suppress Staphylococcus
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aureus growth on the epidermal surface, forming a foundation for the
structure-based design of peptide antibiotics.

Rienstra and coworkers57 have developed a high-resolution structural
model of a bacterial disulfide oxidoreductase (DsbB) by combining
experimental solid-state NMR, embedding the high-resolution structure
into the lipid bilayer and performed MD simulations to provide a
mechanistic view of DsbB function in the membrane. They revealed the
membrane topology of DsbB by selective proton spin diffusion experi-
ments, directly probing the correlations of DsbB with water and lipid acyl
chains.

Westlund et al.58 have studied the hydration of Peroxiredoxin 5 protein
combining MD simulations and data from the water proton R1 Nuclear
Magnetic Relaxtion Dispersion (NMRD) experiments using simulated
orientational order parameters and residence times of buried water
molecules as parameters in the NMRD model. They find the dynamics of
the water molecules associated with the protein, both with short or long
residence time, to be complex and beyond the reach of the NMRD
analysis alone. This again supports the use of MD and NMR in com-
bination to obtain a more detailed analysis.

Niccolai and coworkers59 use paramagnetic fragment-based NMR and
MD simulations to find binding sites transient pocket openings on pro-
tein surfaces and in protein–protein interfaces for which MD simulations
provide solvent accessible surface areas (SASA) and intramolecular
hydrogen bonds as descriptors. 4-Hydroxy-TEMPO (TEMPOL) is used to
induce paramagnetic perturbations on the 1H–15N HSQC signals and the
backbone amides are analyzed for surface hotspots and to validate MD
predicted pockets. They apply this technique on human chemokine
protein CXCL12 connected to tumor progression. By combining their
MD data with their paramagnetic profiles, two CXCL12 sites suitable
for the binding of small molecules were identified. This MD-assisted
paramagnetic-based NMR technique as dynamic drug discovery pro-
cedure is found very promising for detecting binding sites.

Palmer III and coworkers60 have studied the partially disordered yeast
transcription factor GCN4 by combining spin-relaxation and back-
calculated chemical shifts, which provide information about residual
secondary structure and helix capping interactions. MD simulations
provide the order parameters (in excellent agreement with the experi-
mental generalized order parameters) and spectral density functions
calculated from autocorrelations functions over the second order
Legendre polynomials via Fourier transform where the leucine zipper is
used as the reference frame. Analysis of salt bridges and hydrogen bonds
is added to the study. Detailed insight into secondary structure elements
was obtained, again demonstrating the power of combining MD and
NMR in structure prediction and studies of structural and conforma-
tional dynamics.

Rosetti and coworkers61 present a methodology where MD simulations
are used to interpret 2D NMR data and apply it on the naturally unfolded
human a-synuclein protein while it interacts with dopamine, an inhibitor
of fibril formation, and with its oxidation products in water solutions.
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They find preferential binding sites to the ligands. The ligands may also
cause conformational rearrangements of distal residues. Results from
simulations are found to be consistent with all available experimental
results and helpful in interpreting the NMR data.

Orozco and coworkers62 employed NMR, small angle X-ray scattering
(SAXS) data and MD simulations to characterize the urea-denatured
state of a the small regulatory protein ubiquitin. Comparison between
experimental parameters, including 3J and RDC and SAXS data, with
those calculated from MD is used to validate the simulation. The valid-
ation is particularly relevant when using force field parameters developed
to well reproduce folded states in simulation of unfolded states with
denaturant. The combined approach allowed to characterize the un-
folded state ensemble, to energetic of the unfolded state, and to describe
the interactions of the unfolded protein with the solvents urea and water.

Chary et al.63 study and mutate to functionalize the EhCaBP1 calcium-
binding protein (two-domain EF hand protein) using paramagnetic NMR
and MD simulation. The two domains are different from each other but
important for structural stability. To understand the nature of structural
and functional changes in the protein NMR spectroscopy and MD
simulations are used. 15N relaxation is used to probe backbone motions
on the ps–ms time-scale giving information about the overall and in-
ternal motions in proteins. The 3D structure is characterized both by
multidimensional NMR and MD simulation to study the overall struc-
tural stability, dynamics, Ca21 binding properties. The 15N-longitudinal
relaxation and [15N,1H]-NOE measurements are used to obtain infor-
mation about fast motion on ps–ns time scale. 15N-transverse relaxation
probe slower motions ms–ms time scale. Conformational changes in the
ms time scale or fast exchange with solvent enhance the R2 values.

Griesinger and coworkers64 present a simple but efficient tool to probe
and describe interdomain dynamics in multidomain proteins. They
apply it on a complex of calmodulin (CaM) with the IQ-recognition motif
(which adopts three different interdomain orientations in the crystal)
by paramagnetic NMR. To collect the pseudo-contact shifts and para-
magnetically induced residual dipolar couplings for six different lan-
thanide ions, N60D mutant of calmodulin was used. An ensemble-based
approach is used for the conformational space showing moderate inter-
domain translational and rotational dynamics. Pools of conformations
were generated by MD in the crystal structure. Principal component
analysis (PCA) is used in the analysis and the four largest vectors describe
more 90% of the interdomain motion.

Ryde and coworkers65 use NMR relaxation data to estimate con-
formational entropy changes and analyze the results against trajectories
from long MD simulations in attempt to generate an ‘‘order-parameter-
to-entropy dictionary’’, which they find to depend more on the studied
protein and sampling frequency than the force field they use making the
transferability of such dictionary rather poor but still useful within the
same protein.

Fuglestad et al.66 presented a combined approach of MD, accelerated
MD calibrated on experimental RDCs, and residual local frustration
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analysis to study the ns to ms dynamics of apo-thrombin and active-site-
bound (PPACK-thrombin) in solution. A community analysis of MD
simulations allowed verifying how the binding at the active site affects
correlated motions, also at distal allosteric sites.

Sharp and coworkers67 have studied protein motion using the Lipari-
Szabo model-free squared generalized methyl axis order parameter
technique connected with Bayesian statistics and by combining NMR and
MD simulations with the focus on the motion of the methyl groups in
seven different proteins and conformational entropy. With new better
optimized force fields the accuracy of the computed order parameters
has increased markedly and as a result from the study a three-class model
is proposed. This study promotes the dynamical view of proteins
obtained in a multidimensional-NMR/MD approach.

Brooks and coworkers68 use atomistic simulations and NMR spec-
troscopy to study the mechanism of action of a small molecule inhibitor
that covalently binds to cysteine residues on Regulator of G-Protein
Signaling Protein RGS4. They apply temperature-accelerated molecular
dynamics (TAMD) to carry out enhanced conformational sampling. Both
NMR experiments and MD simulations reveal chemical shift perturb-
ations in residues in the vicinity of inhibitor binding site as well as in the
RGS4-Ga binding interface.

Smith et al.69 have combined measured chemical shifts, residual
dipolar couplings, NOEs and HN–Ha J coupling constants and 15N NMR
relaxation studies with MD simulations to characterize the dynamical
behavior of the enzyme lysozyme from bacteriophage lambda (l lyso-
zyme) in solution. The focus is on the different conformations for the
upper and lower lip regions (observed also in the X-ray structures) and
their dynamic nature allowing substrates to enter the active site in con-
nection to the enzyme activity. In another study Smith et al.70 have
studied the white hen egg lysozyme in both water and TFE/water solution
using MD simulations and NMR NOE measurements to obtain reliable
structures as NMR studies alone could not determine the structure in the
TFE state.

Song and coworkers71 did study the structure and dynamics of ephrin
type-A receptor 5 (EPHA5) ligand binding domain (LBD) using NMR
relaxation data within the model-free approach at a variety of time scales
and combined the studies with MD simulations to obtain insight into the
intrinsic dynamics of the LBD. They find the ligand binding dynamics
different from other EPHA4 receptors in spite of their high sequence
identity homology and same overall architecture.

In a beautiful methodological study and application investigation Levy
and coworkers72 studied the HIV protease, which undergoes motions on
multiple time scales, coupling a Markov state kinetic network model
(MSM) with a model-free approach73 suitably extended to include fast
motions occurring within two exchanging macrostates. The MSM was
built from several short (20 ns) MD, and was used to generate a 10 ms
stochastic trajectory, a time length which covers both the fast and slow
HIV protease equilibria. The trajectory was used to calculate the order
parameters and the internal rotational correlation functions for the N–H
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vector, and on the pertinent time scale a good agreement was found with
those obtained from the original short MD simulations. The MSM ob-
tained correlation functions are in good agreement with the author
proposed extension of the model free approach, and the authors outline
how the model could be used to interpret the experimental data to gain
insight on the effect of drug binding to the studied protein, structural
and dynamical effects due to drug resistant mutations.

Im and coworkers29 use orientation-dependent NMR observables
(ssNMR CSA & DC, solution RDC) to restrain MD simulations aimed at
refining the structure of the Pf1 Coat Protein in Explicit Membranes. The
used approach gives access to information not obtainable with only NMR
data, such as a detailed description of the interaction of the side chains
with other side chains or with the lipids, and the depth of the protein
insertion in the membrane. In order to avoid conflicting structural
results and to reach a converged structure in the simulations, it is found
that restraints measured in very different environment should be avoi-
ded, i.e. NMR data obtained in micelles were found not to be proper to
restrain the simulation in bilayers.

Vogel and coworkers74 study cell-penetrating peptides using ssNMR
and MD simulations. The simulation was too short for a penetration but
the peptides are observed to induce an enhanced flexibility in mem-
branes assumed to increase the affinity of peptides to the membrane.

The group of Vendruscolo has been developing in recent years many
novel techniques where NMR parameters are used as restraints in the
molecular dynamics simulations to characterise the dynamics of highly
flexible proteins and nucleic acids. In ref. 75 Vendruscolo and coworkers
describe a method to use methyl chemical shifts as restraints in replica-
averaged MD simulations to follow the conformational fluctuations of
proteins and applied it on four proteins demonstrating their approach to
be useful for generating ensembles consistent with those obtained from
NMR measurements. They found for the HU protein dimer a clamping
mechanism to bind to DNA.75 The proposed method is an extension to
side chains of the method presented earlier by the same group, that used
chemical shifts of backbone atoms as restraints in replica-averaged MD
simulations,76 and showed the capability of characterizing conforma-
tional fluctuations in proteins native states. Chemical shift are predicted
using the CamShift77 method, based on a differentiable function of the
atomic coordinates, which makes possible the determination of protein
structures from chemical shift information same way as other standard
NMR observables, such as NOEs, scalar couplings, and residual dipolar
couplings. In another work they generate an ensemble of conformations
representing the free energy surface of RNase using chemical shifts as
replica averaged restraints.76 The same approach has been shown to work
also to study interdomain motions of multidomain proteins in solution,
using calcium-bound state of calmodulin (Ca21-CaM) as benchmark
system.78 The method developed by Vendruscolo and co-workers for
structure determination from chemical shift (CS) has been included by
Cavalli and co-workers in the code ALMOST, which contains several tools
to determine, using experimentally derived restraints from CS, RDC,
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SAXS and other techniques, and analyze the structure and dynamics of
complex molecular systems.79 In ref. 80 Vendruscolo, Laio and coworkers
show how the chemical shifts can be used as collective variable in
metadynamics to obtain the free-energy landscapes of proteins with
relatively limited computational resources.

Vendruscolo and coworkers81 did also characterize the breathing mo-
tion in two inter-domains inside Hen lysozyme enzyme involved in sub-
strate binding and release using NMR RDCs as structural restraints in
MD simulations. They nicely illustrate this technique to explore large-
amplitude fluctuations in proteins. The restraint MD simulations are
capable of sampling highly heterogeneous conformational ensembles in
the spirit of maximum entropy principle providing experimental meas-
urements as Boltzmann distributions for equilibrium properties. The use
of RDCs as replica-averaged restraints in the MD simulations has also
been used to study the conformational fluctuations of RNA.82 Further
recent developments of the work of Vendruscolo and coworkers include a
simple method to use residual dipolar couplings as restraints for the
structural and dynamical refinement of proteins in such a way that they
don’t need to define an overall alignment tensor but rather use the direct
information from the RDCs about the angles between the internuclear
vectors and the external magnetic field.83,84 They then apply the method
on ubiquitin and obtain the same accuracy as in other more standard
NMR methods.

Using the above described methods, Christodoulou and coworkers85

report in-cell NMR characterization of the secondary structure popu-
lations of a disordered conformation of a-Synuclein within E. coli Cells.
The small protein a-Synuclein populates a highly dynamic state that has
the same characteristics as the disordered monomeric form observed in
aqueous solution studied by them previously using MD simulations.

6 Saccharides and lipids

Carbohydrates are flexible molecular systems and ideal to be studied with
both NMR and MD simulations. Hydration structure and dynamics
around sugars is an integral part and often responsible to populating
conformations around glycosidic bonds. Phospholipids as amphiphilic
systems, both flexible and ordered are frequently using both solution and
solid-state NMR. Lipid bilayers are complicated and highly interesting
structures themselves with intriguing phase behavior. However, they host
other molecules not at least cholesterol and membrane proteins. Order
parameters can be obtained from both NMR and MD simulations. The
behavior of the head groups can be simulated and compared to NMR
relaxations studies (phosphorus, nitrogen, carbon and proton).

Widmalm and coworkers have developed a software called CASPER
for 1H and 13C NMR chemical shift assignments polysaccharides.86,87

Polysaccharides have a high intrinsic flexibility and in particular the
glycosidic linkage is difficult to describe in different models. It has been
devised several times in the force models and MD simulations have been
important in refining the distribution of the conformational populations.
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Combined NMR and MD has been successfully used by Widmalm cow-
orkers to improve the models for carbohydrates and to gain detailed
insight into structure and dynamics of these systems in aqueous
solution.21,87

D’Amelio et al.88 did study chitlac (a chitosan derivative) in solution to
obtain the average structure and the dynamics of the side chains using
NMR relaxation and MD simulations. Both NMR and MD agree well with
each other showing a high mobility in the side chains exhibiting rich
variety of distinct conformations while being fully hydrated.

Losartan, an AT1 antagonist drug, were studied in several biological
fluids and DPPC membrane bilayer by Zervou et al.89 using NMR
(DOSY,NOESY/ROESY) and MD simulations with an implicit solvation
model to investigate its diffusion, conformational dynamics and self-
assembly behavior at higher concentrations in DPPC with a general focus
on the transportation mechanisms and permeability of the drug. In silico-
NMR approach is found powerful with an excellent agreement between
experiment and modeling.

Ferreira et al.90 have reported cholesterol and POPC segmental order
parameters in lipid membranes using solid state R-type proton-detected
local field (R-PDLF) 1H–13C NMR with CP and INEPT as polarization
methods and MD simulations. Good agreement between experiments
and simulations was found for the cholesterol alignment in the bilayer
and for the |SCH| profiles of acyl chains below 15 mol% cholesterol,
whereas the agreement was not so good above this concentration calling
for a better description of the cholesterol alkyl chain in the force field for
interactions between cholesterol and other molecules at the center of the
bilayers. In fact the NMR data in this study could be used to improve the
FF models.

Topgaard and coworkers91 suggest and experimentally verify an
improved theoretical model for calculating the CP and INEPT 13C signal
intensities for alkyl maltosides (C8G2) anisotropic liquids and glasses
under MAS conditions. They find MD simulations useful to interpret the
experimental trends in CP/INEPT intensities at different temperatures
and hydration levels. The model is applied on C8G2/water lamellar liquid
crystals but is generally applicable on other ordered systems.

Cotten and coworkers92 have studied two antimicrobial peptides,
piscidin 1 & 3 in two different bilayers: (3 : 1 PC/PG and 1 : 1 PE/PG) to
investigate their structure and dynamics as well as their role in membrane
destabilization in bacterial cell membrane mimics and their anti-
microbial capacity. They combine oriented sample solid-state NMR by
measuring the 1H–15N dipolar couplings and 15N chemical shifts and MD
to obtain structural and orientational information of about these two
interfacial a-helical peptides. High resolution structures are obtained for
both peptides in biologically relevant conditions as well as very detailed
information about the binding modes by combing MD and NMR.

Vosegaard and coworkers93 study lipid bilayer dynamics and calculate
31P solid-state NMR spectra from ensembles generated in extended MD
simulations providing more comprehensive information than traditional
NMR dynamical models. They have included the antimicrobial peptide
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alamethicin. The calculated ssNMR spectra is in good agreement with
the experimental one in spite of the fact that dynamical averaging from
MD simulation is on ns–ms time scale. Although the averaging using MD
did not cover the ms time scale it was enough to capture the essential
dynamics Combination MD simulations and ssNMR is very promising for
studies of individual lipids as well as vesicles and other ordered structures.

7 Small organic/bio-organic molecules

In contrast to large biomolecules where the dynamical behavior can be
characterized by large-amplitude conformational changes for smaller
molecules the dynamical aspects deal more about translational and ro-
tational motion at much shorter time scales. Translational and rotational
diffusion can be studied with both MD and NMR relaxation studies. Also,
quantum mechanical studies and ab initio MD simulations become
feasible for small molecules. Also hydration can be studied in more
details compared to that in large biomolecular systems.

Boutis and coworkers94 report measurements of the relaxation times of
water hydrated N. clavipes and A. aurantia spider silks as a function of
temperature by deuterium 2D T1–T2 inverse Laplace transform (ILT) NMR
to study the distribution, population and dynamics of hydration water at
different temperatures finding correlation times much longer than those
for free water and in some cases increasing with increased T. MD
simulations reveal that peptides prepared from a number of repeating
motifs show inverse temperature transition behavior found for example
in protein elastin.

Vogiatzis and Theodorou95 study local segmental dynamics and
stresses in polystyrene (PS)–C60 mixtures using MD simulations. Results
indicate that when C60 is added to PS it leads to a slower segmental
dynamics. This can be estimated by the characteristic decay times from
the orientational time-autocorrelation functions for selected vectors. The
dynamics for C–H bonds is found in good agreement with spin–lattice
relaxation and solid echo NMR measurements on molten polystyrene.

Bowers et al.96 present in situ 13C and 23Na MAS NMR investigation of
supercritical CO2 incorporation in smectite–natural organic composites
under CO2 storage conditions (90 bar and 50 1C) showing that super-
critical CO2 interacts more strongly with the composite than with the
clay. The supercritical CO2 increases the 23Na signal intensity, reducing
the line width at half height and increasing the basal width giving more
rapid 23Na T1 relaxation rates, and a redshift. Based on recent MD
simulations of similar polymer–Na–smectite composites the observed
changes may be due to an elevated rate of Na1 site hopping in the
presence of supercritical CO2.

Exner and coworkers97 have used N-methyl acetamide (NMA) as a test
system for amide groups in protein backbones to calculate NMR
chemical shifts with the Car-Parrinello MD method with explicit solvent
molecules and quantum-chemical calculations of NMR parameters and
compare with classical MD simulations. For example the C–P calcula-
tions give in general shorter solute–solvent H-bonds which in turn give a
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better agreement with experimental shielding constants. They obtain an
almost perfect agreement with their simulated results and experiment.
There are significant differences for the solvation shell structure modeled
by ab initio and classical MD and the distribution of bond distances differs
considerably due to the fact that ab initio MD allows for anharmonic
molecular vibrations, whereas in current empirical force fields bond
vibrations are based on the harmonic approximation.

Gerig98 has evaluated force field models for trifluoroethanol–water
mixture in order to perform a reliable MD simulation of the system. In
this study it was very important to obtain good description of solvent
fluorine/solute hydrogen NMR cross-relaxation obtained from solute–
solvent nuclear Overhauser effects (NOE). An additional requirement
was good agreement between experimental and simulated diffusion
coefficients as NMR cross relaxation depends on the diffusion of the
components in the mixture. It was found that OPLS-AA (TFE) and TIP5P-E
(H2O) did do a reasonably good work. The mixture will be used as a
solvent for small peptides in the future.

Kathmann et al.99 did determine reorientational correlation times for
several amine bases in organic solvents based on both NMR relaxation
and MD simulations as a test ability MD simulations and DFT calcula-
tions to explain the mechanism in complex reactions catalyzed by frus-
trated Lewis pairs (FLP) in metal free scission of H2. As the Debye–
Stokes–Einstein (DSE) model gives only qualitative predictions, MD
simulations are found valuable to validate the spectroscopic studies.

Prisner and coworkers100 present a combined approach of dynamic
nuclear polarization (DNP) and nuclear magnetic relaxation dispersion
(NMRD) measurements to detect fast dynamics between radicals and
solvent molecules at high fields. TEMPOL radical in several solvents (water,
toluene, acetone and DMSO) all with different viscosities and diffusion
constants are used in evaluation. MD simulations can be used to compute
the coupling factors between DNP and NMRD and give insight into the
molecular origins of fast dynamics as well as help in predicting and opti-
mizing suitable DNP agent-target systems for different field strengths.

Sezer101 has developed an approach to quantitatively predict the
contribution of molecular motions to the dynamic nuclear polarization
(DNP) enhancement to increase the NMR signal of nuclear spins at high
magnetic fields based on the use of MD simulations and applies it on a
small model system nitroxide 4-hydroxy-2,2,6,6-tetramethylpiperidin-1-oxyl
(TEMPOL) in liquid toluene. The DNP coupling between the protons on
toluene and the unpaired electron of a small nitroxide radical was targeted
using the so called force-free hard-sphere (FFHS) model. The FFHS model
did agree well with the atomistic simulation results. Sezer discuss the
possibilities to predict the DNP coupling factors from MD simulations of
biological macromolecules such as nitroxide-doped lipids and proteins.

8 Room temperature ionic liquids

First known room temperature ionic liquid (RTIL), ethylammonium ni-
trate, was reported 100 years ago. Interest in RTILs started in 1970’s with
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imidazolium & pyridinium cations but they finally started to find appli-
cations in 1990’s when thermally and chemically stable ILs were syn-
thetized. Today they appear virtually in every field as RTILs offer a large
number of attractive properties and nearly limitless possibilities to
explore their structure–property relationships. The highly complex
landscape of interactions of RTILs makes it highly challenging to study
these organic–inorganic salt-structures either experimentally or using
computer modeling. To obtain insight into RTILs as pure liquids or in
solution, combination of experimental and computational techniques is
of great importance. Nuclear Magnetic Resonance (NMR) spectroscopy
and Molecular Dynamics (MD) simulations as well as Quantum Chem-
istry provide a powerful tool to obtain a detailed picture of the structure
and dynamics of RTILs predict and design RTILs for various applications.
For the development up to the beginning of 2013 the reader is referred to
a recent publication102 where combined modeling and NMR work on
RTIL is reviewed.

Borodin et al.103 study the specific influence of the solvent on
ions aggregation and transport in the N-methyl-N-pentylpyrrolidinium
bis(trifluoromethanesulfonyl)imide (PY15TFSI) ionic liquid in three
aprotic solvent mixtures using MD simulations and many-body polariz-
able APPLE&P force field. MD simulations predict the density, viscosity,
and ionic conductivity in good agreement with the experiments.
Diffusion was compared with that obtained in PFG-NMR experiments.
Using 1H T1 and T2 relaxation measurements and 13C NMR and validated
with MD simulations Hagaman and coworkers104 did study the rotational
dynamics of the ionic liquid 1-butyl-3-methyl-imidazolium bistrifluoro-
methyl-sulfonimide, [C4mim][Tf2N] both as a neat liquid and confined in
mesoporous silica. Also the self-diffusion was followed using 1H pulsed
field gradient (PFG) NMR. Both the rotational and translational motions
were reduced on the silica surface. The same IL was also studied by Feng
and coworkers105 in both silica and carbon mesopores with NMR and MD
to obtain temperature-dependent diffusion coefficients for confined ILs
and related to surface heterogeneity and interfacial microstructures.
Venkanathan et al. have combined MD simulations with NMR and
other spectroscopic techniques to study the structure and dynamics of
Ammonium-based benzyl-NX3 (X¼methyl, ethyl) trifluoromethane-
sulfonate (TFA) ionic liquids as potential electrolytes in batteries and fuel
cells finding these ILs thermally stable with good conductivity.106 Solano
et al.107 report a joint experimental study on structure and dynamics
of N-butyl-N-methyl pyrrolidiniumþbis([tri]fluoro[methane] sulfonyl)-
imide� (PYR14

1 � [T]FSI� ) ionic liquids doped with Li(T)FSI to be ap-
plied as electrolytes for lithium batteries. NMR is mainly used to measure
the diffusion. MD simulations are used for the structure and various
transport properties including shear viscosity and conductivity in add-
ition to diffusion. The authors use a polarizable force field and obtain
good agreement with experiments. Herring and coworkers108 have stud-
ied ion transport and solvation by combining NMR and MD simulations
by characterizing the transport processes for several quaternary ammo-
nium cations paired with several anions experimentally based on the
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ionic conductivity (with and without CO2) and self-diffusion coefficients
from NMR and interpreted using results from MD simulations for cations
and anions. Self-diffusion coefficients and residence times give a link
between experiment and simulation both at short and long time scales.
Combination of NMR and MD is valuable as both Nernst–Einstein and
Debye–Huckel–Onsager conductivity theories are clearly insufficient.

Canongia Lopes, Vaca Chávez and coworkers109 study 1-ethyl-3-
methylimidazolium bis(trifluoromethylsulfonyl)imide ionic liquid in
several aromatic solvents (benzene and its fluorinated derivatives). The
structural changes in the IL organization around the solvent molecules
were studied combining the analysis of MD simulations with that of 1H
and 13C chemical shifts, and 1H–1H NOESY. CS variations and 2D NOESY
spectra confirm the molecular organization observed in the simulations,
indicating that with increasing number of fluorine atoms in the ring the
IL cation is shifted from above and below the aromatic plane to its
equatorial region.

The rate of reaction of a Menschutkin process in a range of ionic
liquids with different cations was investigated by Harper and coworkers110

by 1H variable temperature NMR, using MD simulation to rationalize the
results.

Combination of NMR spectroscopy and MD simulations were used
when Figueiredo et al.111 study protein destabilisation in ionic liquids
and the role of preferential interactions in the denaturation process when
anions and cations of the ionic liquids (ILs) 1-butyl-3-methylimidazolium
([C4mim]1) and 1-ethyl-3 methylimidazolium ([C2mim]1) chloride and
dicyanamide (dca�) in aqueous solutions were binding to the small
alpha-helical protein Im7. Direct ion interactions were found crucial to
understand the effects of ILs on the stability of proteins and that an
anion effect is dominant. Direct cation–protein interactions also mediate
stability; cation size and hydrophobicity are relevant to account for de-
stabilization. The specificity in the interaction of IL ions with protein
residues, established by weak favorable interactions, is confirmed by
NMR chemical shift perturbation, amide hydrogen exchange data and
MD simulations.

To obtain atomistic insight into orthoborate-based ionic liquids Wang
et al.112 have first developed a force field for this new class of halogen-free
chelated orthoborate-phosphonium ionic liquids. NMR data is used to
partially calibrate the FF. The diffusion coefficients from simulations
show dynamically three different regimes telling about the high com-
plexity of these systems.

9 Interfaces: inorganic, organic and porous

Solid–liquid and solid–gas interfaces are important in heterogeneous
catalysis. A special type of interface is provided by porous materials, such
as zeolites, metal organic frameworks (MOF) and porous silica. Porous
materials are used for capture and separation of small molecules. Not
at least in carbon capture of CO2 from flue gas or purification of natural
gas components from containing nitrogen and water. NMR and MD
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simulations are ideal to study diffusion of guest molecules inside
the pores.

Ramalho and coworkers113 have studied dynamics and calculated NMR
parameters of the (100) face of magnetite (Fe3O4) at water interface and
its implications as MRI probes. MD simulations were performed using
the ReaxFF model and structures were selected for calculations of NMR
parameters. They found MD simulations and inclusion of solute–solvent
interactions important to obtain good spectroscopic properties as
water molecules and hydrogen bonds play critical role as well as thermal
effects. The MD averaged 2J(H,H) were in good agreement with the
experimental ones. Vega and coworkers114 did study the mobility of
(O)3Si–CH2–CH2–CO–NH–CD2–CD2–NH2, a N-(2-aminoethyld4) propa-
namide moiety with two deuterated methylene groups toward the end
terminus, grafted at the inner surface of mesoporous silica SBA-15.
Results from the accompanied MD simulations suggest a binding with
silanol groups on surface of SBA-15 through C(O)� � �HO, N(H)� � �OH, or
NH2� � �OH hydrogen bonding. The focus was to obtain dynamic infor-
mation at different hydration levels. No dynamical models were assumed.
MD simulations did support the experiment giving insight to structural
dynamics and hydration mechanisms.

Maurin and coworkers115 have studied the dynamics of xylene isomers
inside the metal–organic framework MIL-47(V) by combining MD simu-
lations and 2H NMR to follow the diffusion of the isomers at different
temperatures finding a non-monotonous seen both in MD and in NMR.
They find two regimes: one at low temperature where xylenes are in the
vicinity of the pore wall with a high activation energy barrier for the
diffusion and the other at high temperature where the xylenes are found
in the center with lower activation energy for the diffusion. NMR gives
details about packing effects and guest–guest interactions. Although the
simulations could describe the overall trends very well they failed to give
the quantitative differences between o- and p-isomers of xylene. This
problem can be solved with a better force field.

Stallmach and coworkers116 have studied ferrocene adsorbed in MOF-5
using solid-state relayed 13C–1H heteronuclear correlation (HETCOR) 2D
NMR and MD simulations to obtain more details of the specific inter-
actions. They find short guest–host contacts (less than 5Å) to the linkers
close to the aromatic rings mediated through proton diffusion. Results
from MD simulations agree well with the conclusions from the 2D 1H and
13C NMR studies. There is a residual mobility of the linker and ferrocene
rather than well-defined stationary positions.

To evaluate a numerical simulation methodology and previously sug-
gested analytical models Faux et al.117 used MD simulations to determine
the spin-pair correlation function G*(t) needed to determine the T1 and
T2 relaxation times for water diffusion in liquid and inside pore. Both the
rotational and translation motion of water is obtained from MD simu-
lations and compared with corresponding NMR relaxation data. MD
simulations were found as a powerful tool to explain the diffusive
behavior on atomistic scale and did provide parameterization for sub-
sequent simulations to cover longer time and length scales.
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10 Water, ions and salts

Water is the most important solvent but also among the most complicated.
Therefore it is of great value to calibrate methods, both experimental and
theoretical, on water and aqueous systems containing ions or other sol-
utes. For water there exist hundreds of interaction potentials to use in MD
simulations. None of them is able to reproduce all the anomalous prop-
erties of water. This make very important to validate the simulation results
against experimental data, and the coupling with NMR data is of great use.

Vaara and coworkers118 have studied contributions to paramagnetic
nuclear spin relaxation enhancement for Ni21 in aqueous solution as
a prototype system from Curie-type relaxation mechanism (analogous
to chemical shielding anisotropy (CSA) in diamagnetic systems). They
use a broad spectrum of computational techniques starting with MD
simulations and selecting snap shot configurations to compute EPR
parameters such as hyperfine coupling constants and calculation para-
magnetic NMR shielding tensor based on non-doublet theory. After that
follows calculation of time correlation functions of the shielding tensors
and also spectral density functions. At the end the Redfield theory is
applied to obtain the Curie contribution.

Sebastiani and coworkers119 used ab initio molecular dynamics and
experimental and simulated CS to study to the hydrogen bond network
dynamics in low and high salt water solutions of LiI. The combined
approach allows reaching a considerable insight on the competitive
chaotropic effects of the anion and the kosmotropic effect of the cation,
indicating that the former has longer range effects.

Aidas et al.120 have been using a combined QM/MD scheme to study
the electric field gradient fluctuations for monoatomic species in con-
densed phases, using as benchmark case Na1 in aqueous solution. The
results reveal the importance of properly treating by QM method both
the ion and the first solvation layer, and question the applicability of
the Sternheimer approximation to predict correctly the quadrupolar
coupling constant. In a following investigation Badu et al.121 employ
Car–Parrinello MD to predict quadrupolar monoatomic ions relaxation,
obtaining a reasonable agreement with the experimental, in all cases
remaining in the same order of magnitude with experimental data.
However the agreement can be improved for some of the studied anions.

Ohkubo et al.122 study electronic properties structure and transport
coefficients (conductivity and self-diffusion) of a molten xLi2O-
(1� x)B2O3 system using first-principles MD simulations performed with
their own finite element density functional theory code, FEMTECK and
PFG NMR measurements. For diffusion the first-principles simulation
results were in better agreement with experiment than that obtained
from classical simulations.
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