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Abstract Complex mixtures are at the heart of biology,
and biomacromolecules almost always exhibit their func-
tion in a mixture, e.g., the mode of action for a spider
venom is typically dependent on a cocktail of compounds,
not just the protein. Information about diseases is encoded
in body fluids such as urine and plasma in the form of
metabolite concentrations determined by the actions of
enzymes. To understand better what is happening in real
living systems we urgently need better methods to char-
acterize such mixtures. In this paper we describe a potent
way to disentangle the NMR spectra of mixture compo-
nents, by exploiting data that vary independently in three or
more dimensions, allowing the use of powerful algorithms
to decompose the data to extract the information sought.
The particular focus of this paper is on NMR diffusion
data, which are typically bilinear but can be extended by a
third dimension to give the desired data structure.
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Introduction

NMR is a wonderfully versatile tool providing high quality
information about biological systems. It is at its best with
pure compounds, where all signals can safely be assumed
to come from the same molecular species. Mixture analy-
sis, however, is a much more difficult situation, and one
that is commonly avoided by purifying the sample before
NMR analysis. Such physical separation is often cumber-
some and expensive, and can even completely defeat the
purpose when it is the dynamics of the intact sample that
are of interest. Mother Nature often presents her most
interesting problems in the form of mixtures, and the
capability of efficiently analyzing such samples is a fun-
damental part of biological research. One front-line tech-
nique in NMR analysis of intact mixtures is diffusion-
ordered spectroscopy [DOSY (Johnson 1999; Morris
2007)], in which the signals from different compounds are
distinguished by their diffusion properties (most commonly
their hydrodynamic radii).

In a DOSY experiment the amplitudes of NMR signals
are attenuated as described by the Stejskal-Tanner equa-
tion (Stejskal and Tanner 1965):

S = Soe DI (1)

where S is the signal amplitude, S, is the signal amplitude
in the absence of diffusion, D is the diffusion coefficient,
is the gradient pulse duration, 7y is the gyromagnetic ratio,
g is the strength of the gradient, and A’ is the diffusion time
corrected for the effects of finite gradient pulse width.
Equation 1 is appropriate for most DOSY experiments, but
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when non-rectangular gradient pulses are used a modifi-
cation may be necessary (Sinnaeve 2012). The decays of
the various different signals of a given species in solution
thus encode information about its diffusion.

The simplest way to analyze the results of such experi-
ments is to treat each point or each peak in the NMR spec-
trum independently. While such basic DOSY analysis
frequently provides valuable information, it is however
limited by the classic difficulty of finding the constituent
signals in a sum of exponential decays with different (sim-
ilar) decay constants (Istratov and Vyvenko 1999; Nilsson
et al. 2006). This restricts the types of problems that can be
studied most productively to those where any overlapping
signals come from mixture components that have relatively
large differences in diffusion coefficient. For species which
do not have signals that overlap in the NMR spectrum,
DOSY can differentiate between molecules with as little as
1 % difference in diffusion coefficient, by using a numeri-
cally stable monoexponential fit [the High Resolution
DOSY experiment (Barjat et al. 1995)]. However, in the
general, and more common, case, signals do overlap, mak-
ing the task of inverting a measured signal decay to give a
diffusion spectrum much more difficult. This has spurred the
development of various more sophisticated methods for
processing DOSY data (Nilsson et al. 2006; Nilsson and
Morris 2006; Nilsson and Morris 2007, 2008; Nilsson 2009;
Colbourne et al. 2011; Van Gorkom and Hancewicz 1998;
Windig and Antalek 1997; Stilbs and Paulsen 1996; Stilbs
et al. 1996; Morris and Johnson 1993; Delsuc and Malliavin
1998; Day 2011; Stilbs 2013). They all have their pros and
cons, but for overlapping signals the smallest difference in
diffusion coefficient that can normally be resolved, even for
very high quality data, is typically 30 %. Another limitation
is that only a single separation criterion (diffusion) is used,
making it impossible to separate signals from compounds of
similar size, e.g., isomers. When appropriate this limitation
can be overcome by adding a co-solute (a matrix) that
changes the diffusion behavior of one or more of the species:
matrix-assisted DOSY (Evans et al. 2009; Tormena et al.
2010; Adams et al. 2011; Rogerson et al. 2011; Cassani et al.
2012; Tormena et al. 2012; Zielinski and Morris 2009; Viel
et al. 2003; Hoffman et al. 2008; Morris et al. 1994; Stilbs
1982; Kavakka et al. 2010).

Another way of looking at the task of resolving com-
ponents in a DOSY data set is from a matrix algebra, or
multivariate, point of view, analyzing the dataset as a
whole rather than treating the diffusional attenuation of
each point or peak in the NMR spectrum separately
(Nilsson and Morris 2008; Windig and Antalek 1997;
Stilbs and Paulsen 1996; Stilbs et al. 1996; Van Gorkom
and Hancewicz 1998; Stilbs 2013, 2010). Here the structure
of the DOSY data is bilinear (varying independently in two
directions):
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X=C"S+E (2)

where X is the full data set consisting of a set of mixture NMR
spectra (rows) that change in amplitude with each successive
row as the pulsed field gradient amplitude is varied. The
contributions of the individual mixture components can be
described as a sum of the product of each spectrum, S, with
the transpose of the signal amplitude profile (here an
exponential decay as a function of the square of gradient
amplitude) C, leaving the residual (or experimental noise) E.
In algebraic form this can be denoted:

N
X:ch®s,l+E (3)
n=1

where ¢, and s, are the signal amplitude profile and the
spectrum for the nth component, ® is the Kronecker
product, and N is the number of components in the mixture.

The decomposition of X into C and S typically requires
constraints to be imposed if it is to yield physically sensible
results, because many possible linear combinations fit the
data equally well (the rotational ambiguity problem).
Common constraints include non-negativity, and imposing
a known functional form for the signal decay.

Interestingly, when a third (or further) independent
dimension is added, so that Eq. 3 becomes Eq. 4, the
rotational ambiguity is broken (Cattell 1944):

X=) ¢, 05,9k, +E (4)

N
n=1
This has two important consequences: (1) no constraints (or
prior knowledge) are needed to obtain physically sensible
results; (2) the combination of the variance in the S and
K modes works in synergy, and much more complicated
problems can be attacked than by investigating the S and
K modes separately (Harshman 1970). The decomposition
works best for a small number of monodisperse compo-
nents (i.e., a low rank problem). The most common algo-
rithm for decomposing multilinear data is parallel factor
analysis [PARAFAC (Bro 1997)]. The bilinear case (Eq. 3)
is not hard to visualize: it is intuitive that multiplying the
"H spectrum with a vector containing the signal decay with
increased gradient level should represent the contribution
of that component to the DOSY data matrix. With that in
mind it is then straightforward to extrapolate to additional
dimensions. If a DOSY experiment is e.g., recorded for
each time point during a chemical reaction then it is clear
that the contribution of one chemical component to the
whole data set is the (Kronecker) product of its "H spec-
trum, decay profile and concentration with time. A pictorial
representation of PARAFAC is given in Fig. 1.

The PARAFAC decomposition is very powerful when
the data conform to the trilinear model [e.g., it can resolve
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Fig. 1 A schematic representation of the PARAFAC model. In this investigation ¢; and s; represents the decay with diffusion and the '"H NMR
spectrum for each component respectively, while k; is the independent third dimension

components from data that appear to be without signal
(Khajeh et al. 2010)], but is also correspondingly sensitive
so e.g., small changes in NMR peak shape and frequency
will cause a failure to extract physically sensible compo-
nents, if care is not taken to correct for such inconsistencies
(Nilsson and Morris 2006). Interestingly, the addition of an
extra dimension need not be costly in experimental time as
in theory (Stegeman et al. 2006) as well as in practice
(Nilsson et al. 2009a) the size in each dimension can be
small.

Multilinear data analysis has been exploited in chemis-
try using fluorescence data since 1981 (Appellof and
Davidson 1981). For diffusion NMR data, however, this
application is just in its infancy (Dyrby et al. 2005;
Pedersen et al. 2006). Even so, its use has already been
demonstrated in a number of applications. For a set of
samples containing glucose, maltose and maltotriose (Bro
et al. 2010) or glucose, lactose and isoleucine (Pedersen
et al. 2006) the spectra, diffusion decay and concentrations
have been recovered when concentrations were set up as a
fractional factorial design in order to optimize the variance.
In a real application, PARAFAC was used to analyze the
blood lipoprotein profile of a set of samples (Dyrby et al.
2005). PARAFAC has also been used to resolve time
evolution and spectra for the acid hydrolysis of saccharides
(Nilsson et al. 2009b; Khajeh et al. 2010), demonstrating
the possibility of extracting kinetic information even for
severely overlapped spectra, for spectra with a signal-to-
noise level below the normal limit of detection, and for
intermediates which may not be available in pure form. A
special case is the use of relaxation as the third dimension,
as this enables both the analysis of a single sample in
equilibrium, and the extraction of relaxation information
that can be used to understand better the dynamics of the
molecules in the sample (Nilsson et al. 2009a).

In this investigation we demonstrate trilinear decom-
position of NMR diffusion data on a set of samples with
randomized concentrations within a narrow concentration
band, a model system that more closely resembles e.g.,
metabolomics samples than was the case for previous
studies. In addition, we show for a prototypical complex
single sample that relaxation—diffusion encoded data can
allow the construction of a superior DOSY representation.
This is a step towards being able to analyze complex bio-
logical samples more efficiently by NMR.

Experimental

For the diffusion-concentration-NMR spectrum study, the
sample set was comprised of 20 liquid samples, all con-
taining low mM concentrations of 1-propanol
(2.4-5.6 mM), 1-butanol (2.8-5.7 mM) and 1-pentanol
(1.3-2.4 mM) in D,0, with sodium 3-(trimethylsilyl)-pro-
pionate-2,2,3,3 d, (TSP) as a reference. All experimental
measurements were carried out non-spinning at 298 K on a
500 MHz Varian Unity spectrometer using a 5 mm
'H/"*C/" N triple probe. The data were acquired using the
Oneshot (Pelta et al. 2002) sequence with an imbalance
factor o = 0.2, using a diffusion delay 4 = 100 ms, a
diffusion-encoding pulse width 6 = 1 ms, and 10 nominal
gradient amplitudes ranging from 3 to 27 G cm™ " in equal
steps of gradient amplitude squared. 16,384 complex points
were collected in 16 transients. The time-domain data were
zero-filled once, apodized, and Fourier transformed.

For the diffusion—relaxation-NMR spectrum study, a
sample was also evaluated containing the natural products
camphene, geraniol and quinine, dissolved in methanol-d,
with TMS as a chemical shift reference. Measurements
were carried out without temperature regulation and non-
spinning on a Varian Inova 400 MHz spectrometer in an
air-conditioned room at approximately 20 °C, without
spectrometer temperature regulation and with a passive
probe air preconditioning system used to minimize tem-
perature instabilities (Bowyer et al. 2001). A DRONE45
experiment, combining the decaying relaxation oneshot
(DRONE) (Nilsson et al. 2009a) adaptation of the Oneshot
method with the Oneshot45 variant (Botana et al. 2011),
was carried out; here relaxation is encoded by incrementing
the diffusion delay while keeping the diffusion encoding
constant. The experiment was run with 5 gradient strength
levels (ranging from 10.0 to 27.0 G cm™' in equal steps
of nominal gradient squared) and 5 relaxation delays
(t ranging from 0.2 to 3.2 s), making a total of 25 spectra,
which were acquired with an initial delay d; of 5 s and with
16,384 complex data points and 16 transients. The total
acquisition time was 1 h 7 min. All spectra were manually
phased, reference deconvoluted with a target line shape of
a 2 Hz Lorentzian (Morris et al. 1997), and baseline cor-
rected in VnmrJ 2.2C before being exported to a text file.
This file was imported into Matlab and processed by seg-
menting the spectrum into several regions and performing
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PARAFAC analysis, with a suitable number of compo-
nents, for each of them. The results were then plotted as
DOSY-like spectra in which the positions of the peaks in
the diffusion dimension are determined by the diffusion
coefficients obtained by fitting the PARAFAC output for
the diffusion-encoded dimension to Eq. 1, and the widths
of the peaks are determined by the fit statistics.

For comparison with the DRONE experiment, a DOSY
data set for a very similar sample (quinine, camphene and
geraniol with TSP in methanol-d;) from a previous publi-
cation (Colbourne et al. 2011) was used. This was acquired
with the same spectrometer and temperature using the
Oneshot (Pelta et al. 2002) sequence, with an imbalance
factor o = 0.2, together with a diffusion delay
A = 200 ms, a diffusion-encoding pulse width 6 = 2 ms,
and 30 nominal gradient strength levels ranging from 3 to
27 G em™!' in equal steps of gradient strength. 16,384
complex points were collected in 256 transients.

DOSY spectra were produced using the DOSY Toolbox
(Nilsson 2009).

For the three-way decompositions, an open-source
PARAFAC algorithm was used, as included in the N-way
toolbox (Andersson and Bro 2000). Small changes were
made to the code, but the functional part of the algorithm
was used as provided.

Results and discussion

There are many situations in which the same components
are present, at different concentrations, in a set of sam-
ples. Examples include a set of urine samples from dif-
ferent subjects in a metabolomics study, and a number of
blood samples taken at different time points to follow the
effects of administration of a drug to a patient. There are
mixture analysis methods currently in use that are much
better equipped to handle such samples, e.g., confocal
microscopy on antibody-labelled samples (Barbe et al.
2008); and mass spectrometry, which in combination with
chromatography has been used to identify around 10,000
different protein species in a cell line (Geiger et al. 2012),
but these methods are often tedious, expensive and
destructive.

The merits of NMR, in comparison, include the possi-
bility of performing experiments under native-like condi-
tions, and without additional labeling. However, the types
of samples just mentioned are highly complex, containing
hundreds of detectable compounds, and to try to determine
the concentration profiles of all measurable components by
multivariate means would be highly ambitious. As a first
step, we need to study a far more constrained problem. A
(very) simplified model of a biological study is a set of
samples in which the concentrations of a small set of
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components are independently varied randomly to exclude
complications of covariance, in a limited concentration
band. Here we have chosen three simple alcohols that have
too similar hydrodynamic radii to be resolved by diffusion
alone (e.g., in a DOSY experiment). In Fig. 2, the spectra
extracted by PARAFAC from DOSY data measured from a
set of 20 mixture samples are shown to be virtually iden-
tical to those of reference spectra. In a study on real
samples the likely desired outputs will be the spectra (to
identify the components) and their concentrations in the
respective samples. Here we show that the estimated con-
centrations very closely resemble those of the initial design
(Fig. 3), with a substantial part of the remaining error
expected to arise from uncertainties in the sample prepa-
ration (e.g., solvent and/or solute evaporation). It should
also be noticed that the estimated concentration of each

Estimate

1-propanol

1-butanol

Intensity [a.u.]

1-pentanol

35 30 25 2.0 1.5 1.0 0.5
Chemical shift [ppm]

Fig. 2 Component spectra (bottom) obtained from a 3-component
PARAFAC fit of diffusion NMR data from 20 samples containing
randomized mixtures of propan-1-ol, butan-1-ol, and pentan-1-ol, and
reference spectra (fop)
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Fig. 3 Estimated concentration plotted against known concentration
for 20 samples containing randomized mixtures of propan-1-ol,
butan-1-o0l, and pentan-1-ol

component may be arbitrarily rescaled as long as the
product remains constant. This means that some sort of
reference—e.g., a compound of known concentration in the
mixture—is required if absolute amplitudes of the factors
are required.

Mixture analysis in a set of samples is very important,
and lends itself well to trilinear analysis. However, in
many cases it is the composition of a single, intact,
sample that is of interest. Now we are much more limited
in the third dimension, but 7; relaxation has previously

4.1 ppm

been shown to help disentangle the spectra of a two-
component system (Nilsson et al. 2009a). As relaxation
differs for nuclei in chemically-distinct sites in a mole-
cule, the resulting diffusion-relaxation encoding data
(Fig. 4) is only locally, not globally, trilinear. However,
as each multiplet shows, to a good approximation in
practical experiments using full excitation, the same T
relaxation, the spectrum can be divided into regions that
each contain only signal from one multiplet per compo-
nent, and a local PARAFAC decomposition can be per-
formed on each region independently. The results can
then be merged into a composite data set in which the
diffusion mode is the same for each component. A good
way to display such data is in a DOSY plot, as in Fig. 5,
where the DOSY plots from a standard HR-DOSY and a
“T;-DOSY” plot from a 5 component mixture (quinine,
camphene, geraniol, and residual OH signals from meth-
anol and water [from the solvent]) are shown. Spectral
overlap causes signals to appear at misleading apparent
diffusion coefficients in the HR-DOSY spectrum, com-
plicating its interpretation. In the T;-DOSY spectrum, in
contrast, interpretation is much more straightforward. A
method that is globally, rather than merely locally, linear
for a single sample would be a substantial improvement;
investigations are under way into averaging out effective
relaxation rates within a spin system by magnetization
transfer techniques.

Although this study was focused on extracting the
spectra of individual compounds by exploiting differences
in their diffusion coefficients, similar analyses can be
performed using differences in both diffusion and relaxa-
tion. In macromolecules this would not only allow mole-
cules aggregated to different extents to be distinguished,
but would also allow different regions of a single macro-
molecule with different local dynamics to be identified
using relaxation information.
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Fig. 5 HR-DOSY (left) and T;-DOSY (right) spectra for a mixture of
quinine, camphene and geraniol in methanol d4. Overlap in the
chemical shift domain causes signals to appear at erroneous apparent

Conclusions

The ability to characterize complex mixtures is important
to anyone working with biological systems. Unfortunately
NMR, one of our most powerful spectroscopic tools, often
struggles when applied to mixtures. New and better
methods of analyzing biological samples by NMR would
be very welcome. Here we illustrate the use of NMR dif-
fusion data in combination with powerful multi-way
decompositions as a promising route to a better under-
standing of mixture spectra. Clearly there is a lot of work to
be done before we can attack more complex problems, but
it is already evident that this method can help unravel
problems with limited numbers of components that were
previously inaccessible to NMR analysis.

References

Adams RW, Aguilar JA, Cassani J, Morris GA, Nilsson M (2011)
Resolving natural product epimer spectra by matrix-assisted
DOSY. Org Biomol Chem 9(20):7062-7064

Andersson CA, Bro R (2000) The N-way Toolbox for MATLAB.
Chemom Intell Lab Syst 52(1):1-4

Appellof CJ, Davidson ER (1981) Strategies for analyzing data from
video fluorometric monitoring of liquid chromatographic efflu-
ents. Anal Chem 53(13):2053-2056. doi:10.1021/ac00236a025

Barbe L, Lundberg E, Oksvold P, Stenius A, Lewin E, Bjorling E,
Asplund A, Pontén F, Brismar H, Uhlén M, Andersson-Svahn H
(2008) Toward a confocal subcellular atlas of the human
proteome. Mol Cell Proteomics 7(3):499-508. doi:10.1074/mcp.
M700325-MCP200

Barjat H, Morris GA, Smart S, Swanson AG, Williams SCR (1995)
High-resolution diffusion-ordered 2D spectroscopy (HR-DOSY):

@ Springer

diffusion coefficients in the HR-DOSY spectrum, while in the T;-
DOSY it is clear that there are only three components between 4 and
10 x 107" m? s~

a new tool for the analysis of complex mixtures. ] Magn Reson B
108(2):170-172

Botana A, Aguilar JA, Nilsson M, Morris GA (2011) J-modulation
effects in DOSY experiments and their suppression: the
Oneshot45 experiment. J Magn Reson 208(2):270-278. doi:
10.1016/j.jmr.2010.11.012

Bowyer PJ, Swanson AG, Morris GA (2001) Analyzing and
correcting spectrometer temperature sensitivity. J Magn Reson
152(2):234-246

Bro R (1997) PARAFAC. Tutorial and applications. Chemom Intell
Lab Syst 38(2):149-171

Bro R, Viereck N, Toft M, Toft H, Hansen PI, Engelsen SB (2010)
Mathematical chromatography solves the cocktail party effect in
mixtures using 2D spectra and PARAFAC. Trends Analyt Chem
29(4):281-284. doi:10.1016/j.trac.2010.01.008

Cassani J, Nilsson M, Morris GA (2012) Flavonoid mixture analysis
by matrix-assisted diffusion-ordered spectroscopy. J Nat Prod
75(2):131-134

Cattell R (1944) “Parallel proportional profiles” and other principles
for determining the choice of factors by rotation. Psychometrika
9(4):267-283. doi:10.1007/bf02288739

Colbourne AA, Morris GA, Nilsson M (2011) Local covariance order
diffusion-ordered spectroscopy: a powerful tool for mixture
analysis. J Am Chem Soc 133(20):7640-7643. doi:10.1021/ja20
04895

Day 1J (2011) On the inversion of diffusion NMR data: Tikhonov
regularization and optimal choice of the regularization param-
eter. ] Magn Reson 211(2):178-185

Delsuc MA, Malliavin TE (1998) Maximum entropy processing of
DOSY NMR spectra. Anal Chem 70(10):2146-2148

Dyrby M, Petersen M, Whittaker AK, Lambert L, Ngrgaard L, Bro R,
Engelsen SB (2005) Analysis of lipoproteins using 2D diffusion-
edited NMR spectroscopy and multi-way chemometrics. Anal
Chim Acta 531(2):209-216. doi:10.1016/j.aca.2004.10.052

Evans R, Haiber S, Nilsson M, Morris GA (2009) Isomer resolution
by micelle-assisted diffusion-ordered spectroscopy. Anal Chem
81(11):4548-4550. doi:10.1021/ac9005777

Geiger T, Wehner A, Schaab C, Cox J, Mann M (2012) Comparative
proteomic analysis of eleven common cell lines reveals


http://dx.doi.org/10.1021/ac00236a025
http://dx.doi.org/10.1074/mcp.M700325-MCP200
http://dx.doi.org/10.1074/mcp.M700325-MCP200
http://dx.doi.org/10.1016/j.jmr.2010.11.012
http://dx.doi.org/10.1016/j.trac.2010.01.008
http://dx.doi.org/10.1007/bf02288739
http://dx.doi.org/10.1021/ja2004895
http://dx.doi.org/10.1021/ja2004895
http://dx.doi.org/10.1016/j.aca.2004.10.052
http://dx.doi.org/10.1021/ac9005777

J Biomol NMR (2014) 58:251-257

257

ubiquitous but varying expression of most proteins. Mol Cell
Proteomics 11(3). doi:10.1074/mcp.M111.014050

Harshman R (1970) Foundations of the PARAFAC procedure. UCLA
Work Papers Phon 16:1-84

Hoffman RE, Arzuan H, Pemberton C, Aserin A, Garti N (2008)
High-resolution NMR “chromatography” using a liquids spec-
trometer. J Magn Reson 194(2):295-299

Istratov AA, Vyvenko OF (1999) Exponential analysis in physical
phenomena. Rev Sci Instrum 70(2):1233-1257

Johnson CS Jr (1999) Diffusion ordered nuclear magnetic resonance
spectroscopy: principles and applications. Prog Nucl Magn
Reson Spectrosc 34(3—4):203-256

Kavakka JS, Parviainen V, Wihild K, Kilpeldinen I, Heikkinen S
(2010) Enhanced chromatographic NMR with polyethylenegly-
col. A novel resolving agent for diffusion ordered spectroscopy.
Magn Reson Chem 48(10):777-781. doi:10.1002/mrc.2660

Khajeh M, Botana A, Bernstein MA, Nilsson M, Morris GA (2010)
Reaction kinetics studied using diffusion-ordered spectroscopy
and multiway chemometrics. Anal Chem 82(5):2102-2108. doi:
10.1021/ac100110m

Morris GA (2007) Diffusion-ordered spectroscopy. In: Harris RK,
Wasylishen RE (eds) Encyclopedia of magnetic resonance. Wiley,
Chichester. doi:10.1002/9780470034590.emrstm0O119.pub2

Morris KF, Johnson CS (1993) Resolution of discrete and continuous
molecular size distributions by means of diffusion-ordered 2D
NMR spectroscopy. J Am Chem Soc 115(10):4291-4299

Morris KF, Stilbs P, Johnson CS (1994) Analysis of mixtures based
on molecular-size and hydrophobicity by means of diffusion-
ordered 2D NMR. Anal Chem 66(2):211-215. doi:10.1021/
ac00074a006

Morris GA, Barjat H, Home TJ (1997) Reference deconvolution
methods. Prog Nucl Magn Reson Spectrosc 31(2-3):197-257

Nilsson M (2009) The DOSY toolbox: a new tool for processing PFG
NMR diffusion data. J Magn Reson 200(2):296-302

Nilsson M, Morris GA (2006) Correction of systematic errors in
CORE processing of DOSY data. Magn Reson Chem
44(7):655-660. doi:10.1002/mrc.1805

Nilsson M, Morris GA (2007) Improved DECRA processing of
DOSY data: correcting for non-uniform field gradients. Magn
Reson Chem 45(8):656-660. doi:10.1002/mrc.2023

Nilsson M, Morris GA (2008) Speedy component resolution: an
improved tool for processing diffusion-ordered spectroscopy
data. Anal Chem 80(10):3777-3782. doi:10.1021/ac7025833

Nilsson M, Connell MA, Davis AL, Morris GA (2006) Biexponential
fitting of diffusion-ordered NMR data: practicalities and limita-
tions. Anal Chem 78(9):3040-3045

Nilsson M, Botana A, Morris GA (2009a) T1-diffusion-ordered
spectroscopy: nuclear magnetic resonance mixture analysis using
parallel factor analysis. Anal Chem 81(19):8119-8125. doi:
10.1021/ac901321w

Nilsson M, Khajeh M, Botana A, Bernstein MA, Morris GA (2009b)
Diffusion NMR and trilinear analysis in the study of reaction
kinetics. Chem Commun 10:1252-1254. doi:10.1039/b820813a

Pedersen HT, Dyrby M, Engelsen SB, Bro R, Webb GA (2006)
Application of multi-way analysis to 2D NMR data. In: Webb G
(ed) Annual reports on NMR spectroscopy, vol 59, Academic
Press, New York, pp 207-233

Pelta MD, Morris GA, Stchedroff MJ, Hammond SJ (2002) A one-
shot sequence for high-resolution diffusion-ordered spectros-
copy. Magn Reson Chem 40(13):S147-S152

Rogerson AK, Aguilar JA, Nilsson M, Morris GA (2011) Simulta-
neous enhancement of chemical shift dispersion and diffusion
resolution in mixture analysis by diffusion-ordered NMR
spectroscopy. Chem Commun 47. doi:10.1039/clcc12456k

Sinnaeve D (2012) The Stejskal-Tanner equation generalized for any
gradient shape-an overview of most pulse sequences measuring
free diffusion. Concepts Magn Reson Part A 40A(2):39-65. doi:
10.1002/cmr.a.21223

Stegeman A, ten Berge JMF, De Lathauwer L (2006) Sufficient
conditions for uniqueness in Candecomp/Parafac and Indscal with
random component matrices. Psychometrika 71(2):219-229. doi:
10.1007/11336-006-1278-2

Stejskal EO, Tanner JE (1965) Spin diffusion measurements: spin
echoes in the presence of a time-dependent field gradient.
J Chem Phys 42(1):288-292

Stilbs P (1982) Fourier-transform NMR pulsed-gradient spin—echo
(FT-PGSE) self-diffusion measurements of solubilization equi-
libria in SDS solutions. J Colloid Interface Sci 87(2):385-394.
doi:10.1016/0021-9797(82)90335-6

Stilbs P (2010) RECORD processing: a robust pathway to compo-
nent-resolved HR-PGSE NMR diffusometry. J Magn Reson
207(2):332-336. doi:10.1016/j.jmr.2010.09.019

Stilbs P (2013) Automated CORE, RECORD, and GRECORD
processing of multi-component PGSE NMR diffusometry data.
Eur Biophys J Biophys Lett 42(1):25-32. doi:10.1007/
$00249-012-0794-8

Stilbs P, Paulsen K (1996) Global least-squares analysis of large,
correlated spectral data sets and application to chemical kinetics
and time-resolved fluorescence. Rev Sci Instrum 67(12):
4380-4386

Stilbs P, Paulsen K, Griffiths PC (1996) Global least-squares analysis
of large, correlated spectral data sets: application to component-
resolved FT-PGSE NMR spectroscopy. J Phys Chem 100(20):
8180-8189

Tormena CF, Evans R, Haiber S, Nilsson M, Morris GA (2010)
Matrix-assisted diffusion-ordered spectroscopy: mixture resolu-
tion by NMR using SDS micelles. Magn Reson Chem 48(7):
550-553. doi:10.1002/mrc.2621

Tormena CF, Evans R, Haiber S, Nilsson M, Morris GA (2012)
Matrix-assisted diffusion-ordered spectroscopy: application of
surfactant solutions to the resolution of isomer spectra. Magn
Reson Chem 50(6):458-465. doi:10.1002/mrc.3822

Van Gorkom LCM, Hancewicz TM (1998) Analysis of DOSY and
GPC-NMR experiments on polymers by multivariate curve
resolution. J Magn Reson 130(1):125-130

Viel S, Ziarelli F, Caldarelli S (2003) Enhanced diffusion-edited
NMR spectroscopy of mixtures using chromatographic station-
ary phases. Proc Natl Acad Sci USA 100(17):9696-9698

Windig W, Antalek B (1997) Direct exponential curve resolution
algorithm (DECRA): a novel application of the generalized rank
annihilation method for a single spectral mixture data set with
exponentially decaying contribution profiles. Chemom Intell Lab
Syst 37(2):241-254

Zielinski ME, Morris KF (2009) Using perdeuterated surfactant
micelles to resolve mixture components in diffusion-ordered
NMR spectroscopy. Magn Reson Chem 47(1):53-56

@ Springer


http://dx.doi.org/10.1074/mcp.M111.014050
http://dx.doi.org/10.1002/mrc.2660
http://dx.doi.org/10.1021/ac100110m
http://dx.doi.org/10.1002/9780470034590.emrstm0119.pub2
http://dx.doi.org/10.1021/ac00074a006
http://dx.doi.org/10.1021/ac00074a006
http://dx.doi.org/10.1002/mrc.1805
http://dx.doi.org/10.1002/mrc.2023
http://dx.doi.org/10.1021/ac7025833
http://dx.doi.org/10.1021/ac901321w
http://dx.doi.org/10.1039/b820813a
http://dx.doi.org/10.1039/c1cc12456k
http://dx.doi.org/10.1002/cmr.a.21223
http://dx.doi.org/10.1007/11336-006-1278-2
http://dx.doi.org/10.1016/0021-9797(82)90335-6
http://dx.doi.org/10.1016/j.jmr.2010.09.019
http://dx.doi.org/10.1007/s00249-012-0794-8
http://dx.doi.org/10.1007/s00249-012-0794-8
http://dx.doi.org/10.1002/mrc.2621
http://dx.doi.org/10.1002/mrc.3822

	Resolving complex mixtures: trilinear diffusion data
	Abstract
	Introduction
	Experimental
	Results and discussion
	Conclusions
	References


