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Assessment of techniques for DOSY NMR data processing
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Abstract

Diffusion-ordered spectroscopy(DOSY) NMR is based on a pulse-field gradient spin-echo NMR experiment, in which
components experience diffusion. Consequently, the signal of each component decays with different diffusion rates as the
gradient strength increases, constructing a bilinear NMR data set of a mixture. By calculating the diffusion coefficient for each
component, it is possible to obtain a two-dimensional NMR spectrum: one dimension is for the conventional chemical shift
and the other for the diffusion coefficient. The most interesting point is that this two-dimensional NMR allows non-invasive
“chromatography” to obtain the pure spectrum for each component, providing a possible alternative for LC-NMR that is more
expensive and time-consuming. Potential applications of DOSY NMR include identification of the components and impurities
in complex mixtures, such as body fluids, or reaction mixtures, and technical or commercial products, e.g. comprising polymers
or surfactants.

Data processing is the most important step to interpret DOSY NMR. Single channel methods and multivariate methods
have been proposed for the data processing but all of them have difficulties when applied to real-world cases. The big
challenge appears when dealing with more complex samples, e.g. components with small differences in diffusion coefficients,
or severely overlapping in the chemical shift dimension. Two single channel methods, including SPLMOD and continuous
diffusion coefficient (CONTIN), and two multivariate methods, called direct exponential curve resolution algorithm (DECRA)
and multivariate curve resolution (MCR), are critically evaluated by simulated and real DOSY data sets. The assessments in
this paper indicate the possible improvement of the DOSY data processing by applying iterative principal component analysis
(IPCA) followed by MCR-alternating least square (MCR-ALS).
© 2003 Elsevier B.V. All rights reserved.
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1. Introduction

Diffusion-ordered spectroscopy (DOSY) NMR is
a two-dimensional NMR experiment, in which the
signal decays exponentially according to the self-
diffusion behaviour of individual molecules[1,2].
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This leads to two dimensions; one dimension accounts
for conventional chemical shift and the other for dif-
fusion behaviour. Because the diffusion behaviour is
related to properties of an individual molecule, such
as size, shape, mass and charge as well as its sur-
rounding environment, such as solution, temperature
and aggregation state, each component in a mixture
can be pseudo-separated, based on its own diffusion
coefficient on the diffusion dimension. The strength
of DOSY is that it can be used as a non-invasive
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method to obtain both physical and chemical in-
formation. The easy and cheap implementation is
another advantage of DOSY. It could be an important
alternative to LC-NMR. DOSY NMR was proposed
for about 10 years. Both experiments and data pro-
cessing methods have been developed to obtain as
much information as possible. High quality DOSY
data can be obtained by the state-of-the-art NMR in-
strument. However, the main challenge still stands at
the data processing techniques, which limits the wide
use of DOSY in practice. There are two classes of
techniques: single channel methods and multivariate
methods.

Single channel methods employ only part of the
spectra by considering a limited chemical shift range.
In principle, they can find reasonable diffusion coef-
ficients of a large number of components in a mix-
ture, provided that the resonance peaks in the NMR
spectra are well resolved. Nevertheless, overlapping
regions are very commonly present in the spectra of
real-life mixture and hence difficulty of interpretation
by single channel methods is inevitable[3]. Two sin-
gle channel methods, called SPLMOD and continuous
diffusion coefficient (CONTIN)[4–7], have been im-
plemented in the commercial NMR software, as men-
tioned in the literature[2]. SPLMOD[4] is applicable
to discrete diffusion components. Discrete samples are
defined as those containing monodisperse species and
the signal can be expressed by sum of pure exponen-
tials, i.e. each component should have one value of its
corresponding diffusion coefficient. This technique is
suitable for a channel containing up to two compo-
nents and decay rates differing by a factor of at least
two from experience. The other single channel method
is CONTIN, especially used for polydisperse compo-
nents, where the diffusion coefficient is not a single
value but a range with a normal distribution[5–7].
The major problem of CONTIN is caused by the es-
sential smoothing features that broaden all the peaks,
even those of monodisperse components. Therefore,
single channel methods find it difficult to deal with
complex industrial mixtures containing both discrete
and continuous distribution components and overlap-
ping peaks at the chemical shift dimension. Both sin-
gle channel methods can be applied to different peaks
of the spectra (channels). For each channel, separate
diffusion coefficients are found. Different peaks from
the same components often lead to different diffusion

coefficients (the fluctuation problem), which further
complicates the DOSY data processing.

Unlike single channel methods, multivariate meth-
ods analyse the total information available in the data
set simultaneously. This class of methods is proba-
bly preferable because it can eliminate the fluctuation
problem and therefore give more easily interpretable
pure spectra for all components. Moreover, it can han-
dle overlapping regions which are difficult to deal
with by single channel methods. However, multivariate
methods can only resolve a limited number of compo-
nents (up to 4–5)[3]. Two chemometrics methods, di-
rect exponential curve resolution algorithm (DECRA)
[8] and multivariate curve resolution (MCR)[10], have
been proposed in the literature. The advantage of DE-
CRA is that one experimental data set is split into
two in such a way that the generalised rank annihi-
lation method (GRAM)[8] can be applied to analyse
the decaying exponential contributions of a mixture
(see later). This avoids problems arising from com-
paring two experiments, such as peak shift and gradi-
ent level shift[1]. Moreover, DECRA uses an exact
solution and therefore it only takes a few seconds to
resolve pure spectrum and decay profile of each com-
ponent even with the existence of overlapping peaks.
The assumption of DECRA is that the data follow a
highly pure (discrete) exponential decay[3]. On the
other hand, MCR is based on alternating least square
regression (ALS)[10]. It depends on the unique in-
tensity variance of each component with the gradient
levels and hence can tolerate deviation from the ideal
exponential decay. The quality of initial guess as the
input of MCR is crucial to obtain pure spectra and
decay profiles.

In this article, it is intended to illustrate the dif-
ficulty of the DOSY data processing by critically
evaluating the methods mentioned above, particularly
focusing on the methods of multivariate analysis. The
strengths and the weaknesses of each method will be
highlighted, using data from simulations and a real
sample. The conditions under which they can present
reasonable results are investigated. These assessments
will be the basis of development of several diagnostic
methods and general strategies of DOSY data analy-
sis in future studies. The most general of all methods
considered here, multivariate curve resolution (MCR),
is enhanced by a better initialisation method called
iterative principal component analysis (IPCA)[17]
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which aims to find pure or most pure variables as the
initial guess to start MCR-ALS.

2. Theory

2.1. Principle of DOSY

A diffusion-ordered NMR spectrum is obtained by
the use of pulsed magnetic field gradient spin-echo
NMR (PFGSE-NMR) according to different diffusion
of the components in the mixture. Diffusion behaviour
is a measure of the translational motion of a molecule.
According to the Debye–Einstein equation, it is related
to the size, shape of individual molecules and spe-
cific molecule systems, such as aggregates[1]. DOSY
measurements are acquired by means of either gradi-
ents in the main magnetic field, or gradients in radio
frequency fields. The signal contribution of each com-
ponent from the DOSY experiment is described by
Eq. (1) [2]:

I(i, g2) = I0(i)exp
[
−D(i) (� − δ/3) K2

]
(1)

K = γgδ

Fig. 1. Decaying NMR data with increase of gradient.

whereI(i) is the signal amplitude of componenti, I0(i)
the amplitude with no gradients applied,� the gyro-
magnetic ratio of the1H nucleus (rad S−1 T−1), g the
gradient strength (T),δ the duration of gradient pulses
(s), ∆ the diffusion time (s), and finally,D(i) the dif-
fusion coefficient ofith component (m2/s). According
to Eq. (1), if ∆ andδ are the experimental constants,
then the signal of a DOSY experiment attenuates de-
pending on the gradient strengths (g2) and diffusion
coefficients (D) of individual components. A stacked
plot of a simulated mixture of three compounds is
shown in Fig. 1. At each gradient level, the mea-
sured spectrum is the sum of three combinations as in
Eq. (1).

I(g2) =
3∑

i=1

I(i, g2) (2)

Eq. (1)can also be represented in a bilinear way,

I = CST (3)

whereI(r × c) is a matrix withr rows andc columns,
C(r × n) represents the pure decay profiles of then
components andST (n×c) contains the corresponding
pure NMR spectra.
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The goal is to find pure decay profileC and spec-
tra ST, given the measured data setI and appropriate
constraints.

2.2. Single channel methods

2.2.1. Method for discrete diffusion coefficient:
SPLMOD

SPLMOD is a single channel method which is re-
stricted to analyse a system with discrete diffusion co-
efficients. SPLMOD intends to analyse sums of pure
exponentials by performing least square fit ofEq. (4),

I(ν, s) =
n∑

i=1

I0(i) exp(−λis) + E (4)

wheren is the number of components,λ = D(i)(� −
δ/3), s = K2 andE accounts for noise.I is the inten-
sity of a specific frequency channelν and its varia-
tion of exponential decaying depends on the increase
of s [2–4]. Resolution of discrete components using
SPLMOD with certain rejection criteria has been pre-
sented by Morris and Johnson[2]. However, with the
benefit of remedial constraints, SPLMOD still suffers
from the overlap problem, i.e. it is difficult to separate
more than two components in one single channel. It is
also very sensitive to noise and hence SPLMOD often
overestimates the number of the components.

2.2.2. Method for continuous diffusion coefficients:
CONTIN

Some samples are composed of components with
continuous distributions of diffusion coefficients, e.g.
polymers and aggregates. For a specific frequency
channel of the data of polydisperse system, the signal
can be described byEq. (5):

I(ν, s) =
∫ maxλ

minλ

g(λ) exp(−λs) dλ + E (5)

g(λ) represents the ‘spectrum’ of diffusion coefficients
and can be obtained by an inverse laplace transform
(ILT) [5–7]. A method called CONTIN, a constrained
regularisation program, attempts to solve this ILT
problem and obtain the Laplace spectrum of the dif-
fusion coefficients. The constraints are based on the
non-negativity of the signal and decay constant, sta-
tistical prior knowledge and parsimony, which is used
to solve the ill-posed problem. Usually, the smoothest

solution with the minimum number of peaks is se-
lected. There is no need to provide the number of
components and only the threshold value is chosen
as input for the program. An advantage of CONTIN
is that it allows broad and narrow distributions and
therefore it can be used to analyse an unknown system
without any knowledge of whether the diffusion co-
efficient follow discrete or continuous distribution. If
the distribution is narrow, then it can be reanalysed by
SPLMOD if desired. The major problem is caused by
the essential smoothing features which broaden all the
peaks, even those of monodisperse components. This
problem can lead to two monodisperse components to
be described by one continuous diffusion coefficient.
Thus, CONTIN often presents an incorrect number of
components, due to oversmoothing. Other limitations
of CONTIN include the requirement of high S/N in
the data[1,2].

2.3. Multivariate methods

2.3.1. Direct exponential curve resolution algorithm
(DECRA)

DECRA[8] is a multivariate method to calculate the
pure spectrum and the corresponding decay profile of
each component based on the GRAM[8,9]. For more
details of the algorithm of DECRA, see reference[8].
GRAM is suitably applied to the two data sets with a
correlation like the following:

A = CST, B = CαST (6)

α is a diagonal matrix, whose elements contain the
constants accounting for the correlation of the two
data sets. Previously, these two data sets were ob-
tained from two PFGSE-NMR experiments with a
slight change of experimental conditions[11]. By us-
ing DECRA, however, only one experiment is needed
and the data set obtained is split into two sub-matrices,
A andB. Matrix A is obtained by leaving out the last
row (spectrum) of the data set; in matrixB the first
spectrum is left out.Eq. (6)can be rewritten as a gen-
eralized eigenvalue problem:

AZa= BZ(Z is the pseudoinverse ofST) (7)

which can be solved by projecting bothA and B in
a common space, in this case the significant latent
variables ofA [8]. This procedure leads to estimation
of C andS in Eq. (6).
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DECRA is a fast algorithm to obtain information of
pure component in a mixture. It can deal with spectra
with overlapping regions within a few seconds. DE-
CRA requires equally spaced gradient (g2) to create
exponential decay data. This is easy to implement ex-
perimentally. However, in the experimental data, the
increase ofg2 can be non-linear due to the system-
atic error. Therefore, even if the experiment parame-
ters are set to fulfil the requirement of getting equally
spacedg2, it is recommended that non-linearg2 levels
be checked and corrected before using the DECRA.
The limitation of DECRA is that it can only be ap-
plied to discrete diffusion components with the range
of about two orders of magnitude in the diffusion di-
mension due to the requirement of equalg2 steps.

2.3.2. Multivariate curve resolution (MCR)
MCR applied to DOSY data was first described in

reference[10]. DOSY data has bilinear structure and
therefore the whole data set can be separated into two
matrices, one representing the pure decay profiles and
the other the pure spectra of the components. In MCR,
DOSY data is first analysed by principal component
analysis (PCA) to obtain the abstract factors or prin-
cipal components. The loadings obtained from PCA,
used as the abstract spectra are rotated by VARIMAX
rotation, which maximises the simplicity of the ab-
stract factor[12–14]. The rotated factors are used as
the initial guess to start the alternating least square
(ALS) [12]. By ALS, the rotated abstract spectra are
used to calculate the abstract decay profiles as shown
in Eq. (8)by least square regression. The new abstract
decay profiles are then applied to get a new set of
spectra asEq. (9). This iteration with the application
of non-negativity constraints continues until the con-
vergence is achieved.

C = IS(STS)−1 (8)

S = ITC(CTC)−1 (9)

MCR only depends on the change of intensity with
the increase of the square of gradient strengthg2 as
described inEqs. (1) and (3), so there is neither a
specific requirement of equidistantg2 values nor any
assumption of an exponential decay profile. The key
requirement of MCR is a good initial guess of ALS.
The main problem of MCR is in the VARIMAX ro-
tation of the abstract factors. Obtaining the largest

simplicity is the aim of VARIMAX rotation. However,
a rotated factor with maximal simplicity does not
necessarily mean that it is a good initial input of ALS.

Alternative methods to find starting values for
MCR are simple-to-use interactive self-modelling
mixture analysis (SIMPLISMA)[15,16] and IPCA
[17]. Both aim to find pure or purest variables in a
data matrix. For a DOSY data set, a pure variable
means that the frequency on the chemical shift di-
mension of the NMR spectra has a pure decay profile
from only one component contribution. In this article,
IPCA is chosen to find the pure variables because it
has the advantage that the constant for the noise cor-
rection is calculated from the real data error, i.e. from
the eigenvalues, rather than choosing a random value
within a certain range like in SIMPLISMA. IPCA is
actually developed from the combination of key set
factor analysis (KSFA)[18] and SIMPLISMA. Prin-
cipal component analysis (PCA) is first applied to the
original matrix. The first pure variable is the one with
the highest purity, where purity is defined as

P1,i = li

(v1,i + a)
(10)

with li the length of the loading vector at frequencyi,
v1,i the loading of variablei on the first PC, andα a
small offset, which is set to a value equivalent to real
error[19] in the data.P1,i can be plotted in a so-called
purity spectrum. A second purity spectrum,P2,i, can
be obtained by multiplyingP1,i with a weight vector,
which is obtained from the correlation between the
loadings. The second pure variable is the maximum
in this second purity spectrum. The process continues
until all pure variables are found[17].

3. Data

To compare the different methods, they are applied
to a simulated data set with varying noise levels, and
an experimental one.

3.1. Simulated data

The simulated data set contains three compo-
nents whose diffusion coefficients are 1.0 × 10−6,
5.0 × 10−7, 1.0 × 10−7 cm2 s−1. It is illustrated in
Fig. 1. The first spectrum contains five Lorentzian
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peaks. Twenty equally spaced gradient levelsg2 vary-
ing from 1.93× 104–6.40× 104 are used to construct
twenty spectra. The two experimental constants∆

and δ are 100 and 5 ms, respectively. For each spec-
trum there are 1000 frequency points. Consequently,
the size of the simulated data set is 20× 1000. To
illustrate the influence of the noise on the methods,
two levels of normally distributed noise are added to
the DOSY data, one with 0.05% and the other 0.25%
of the highest peak intensity.

3.2. Experimental data set

The real data set has been measured by Unilever. A
bipolar gradient simulated echo pulse sequence was
used[20]. Spectra were recorded at a Bruker DMX600
spectrometer, using 64 gradient strengths, a spectral
width of 12 ppm and 80 scans. A diffusion time of
400 ms was deployed, and the gradient durations were
1.5 ms. The sample contains three components, linear
alkylbenzene sulfonate (LAS), sucrose and water. The
concentrations of LAS and sucrose were 10 and 1 mM,
respectively. Originally, the size of the whole data set
is 64×32768. Because the signal of water is very high
compared to the other signals, it is left out from each
spectrum. To save computing time, only every fourth
point is retained, and finally the size of the remaining

012345678910
0

10

20

30

40

50

60

Chemical shift (ppm)

123456789

2

4

6

8

10

x 10 7

Chemical shift (ppm)

D
iff

us
io

n 
co

ef
fic

ie
nt

 (
C

m
2s

–1
)

Fig. 2. Mean spectrum (upper) and DOSY plot (lower) of the simulated data.

data set is 64×8104. The data reduction does not affect
the results of separation but reduces computing time
considerably. Finally, baseline correction is applied so
as to eliminate the baseline offset of each spectrum.

3.3. Software

The results from single channel methods are cal-
culated by in-house modifications of CONTIN and
SPLMOD. The original program of CONTIN and
SPLMOD can be downloaded from the Internet
[21]. The data analysis by multivariate methods uses
MATAB 6.0 from Math works[22]. All calculations
are done on a Sun UNIX workstation.

4. Results and discussion

4.1. Simulated data

4.1.1. Single channel methods
To illustrate the problem of single channel meth-

ods, the simulated data set is used here. The intensity
of the NMR spectra decays with the gradient levels
is shown inFig. 1. The mean spectrum and the ideal
DOSY plot are shown inFig. 2. As can be seen in the
mean spectrum, there are five peaks, accounting for
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Table 1
Diffusion coefficient,D (cm2 s−1) by CONTIN

Noise level (%) ExpectedD value 7.4–7.6 ppm 4.7–5.3 ppm 2.4–2.6 ppm

0.05 1.0 × 10−6 NAa

5.0 × 10−7 3.66–6.80× 10−7 0.496–1.24× 10−6 4.06–6.08× 10−7

1.0 × 10−7 0.723–1.62× 10−7 0.886–1.20× 10−7

0.25 1.0 × 10−6 NAa

5.0 × 10−7 2.70–8.25× 10−7 0.496–1.24× 10−6 3.66–7.45× 10−7

1.0 × 10−7 0.653–1.62× 10−7 0.723–1.47× 10−7

a NA: not available.

the three components of the mixture. One is a pure
peak at 7.5 ppm and one is totally overlapped by two
components at 2.5 ppm. At around 5 ppm, there are
three peaks and they partially overlap. The integrals of
the three regions at 2.4–2.6, 4.7–5.3 and 7.4–7.6 ppm
from the simulated data set with different noise levels
are calculated and are used as the input of SPLMOD
and CONTIN. The results are shown inTables 1 and 2.
FromTable 1, the results obtained by CONTIN all in-
dicate continuous distributions with expanded ranges
of diffusion coefficients, i.e. the diffusion coefficients
are represented by normal distributions rather than a
single value. They also reveal that CONTIN underes-
timates the number of components from the results at
4.7–5.3 ppm due to oversmoothing. With the increase
of the noise, the range of diffusion coefficients is en-
larged, which makes interpretation difficult.

The solution from SPLMOD with the standard er-
ror less than 100% of the diffusion coefficient is se-
lected as the best solution and the results are shown
in Table 2. In reference[2], the standard error in dif-
fusion coefficient is less than 30%. The larger stan-
dard error used here allows more than two components

Table 2
Diffusion coefficient,D (cm2 s−1) by SPLMOD

Noise level ExpectedD value 7.4–7.6 ppm 4.7–5.3 ppm 2.4–2.6 ppm

0.05% 1.0 × 10−6 0.90× 10−6

5.0 × 10−7 5.40× 10−7 3.30× 10−7 5.10× 10−7

1.0 × 10−7 2.50× 10−7a 0.94× 10−7 1.01× 10−7

0.25% 1.0 × 10−6 0.83× 10−6

5.0 × 10−7 4.70× 10−7 NAb 5.21× 10−7

1.0 × 10−7 1.30× 10−7 1.03× 10−7

a Indicates spurious value.
b NA: not available.

to be resolved within one region, i.e. 4.7–5.3 ppm.
One can see the fluctuation problem of single channel
methods, even if the data contains little noise (0.05%):
different diffusion coefficients in each calculation run
for the same component. For example, component 2
occurs in the three chosen regions, the diffusion co-
efficient varies from 5.40 × 10−7, 3.30 × 10−7, to
5.10×10−7 cm2 s−1, respectively. The different values
of the diffusion coefficient for the same component
can complicate the two-dimensional DOSY plot and
therefore make it difficult to discern the pure spectra.
In the region of 4.7–5.3 ppm, it can also be seen that
the diffusion coefficient corresponding to component
2 (3.30 × 10−7) is quite different from its reference
value 5× 10−7. This also supports the view that “ac-
curacy decreases when analysing more than two com-
ponents by SPLMOD”[2]. Another artefact appears
in the analysis of the 7.4–7.6 ppm region. According
to the best solution of SPLMOD, two components
were found but indeed there is only one component.
As the noise increases, the calculated diffusion coef-
ficients by SPLMOD are even farther from the real
values.
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Fig. 3. Calculated spectra of simulated data by DECRA (noise level= 0.05%).

The results of this example show that single chan-
nel methods can provide correct diffusion coefficients
in some cases when the basic assumptions are met,
but cannot present reasonable results in general. The
fluctuation problem and the sensitivity to the noise
can be the main reason that results in incorrect diffu-
sion profile. The drawbacks of single channel meth-
ods limit the widespread practical use of DOSY NMR
and hence we explore multivariate methods to process
DOSY data.

4.1.2. Multivariate methods

4.1.2.1. Direct exponential curve resolution algo-
rithm (DECRA). The performance of DECRA data
containing two noise levels is illustrated byFigs. 3 and

Table 3
Diffusion coefficients (cm2 s−1) and correlation coefficients of simulated data by DECRA

Components Reference value Noise level= 0.05% Noise level= 0.25%

Diffusion coefficient Correlation coefficient Diffusion coefficient Correlation coefficient

1 1.00× 10−6 1.01× 10−6 0.9968 1.03× 10−6 0.9222
2 5.00× 10−7 5.02× 10−7 0.9978 4.72× 10−7 0.9406
3 1.00× 10−7 1.00× 10−7 0.9999 0.98× 10−7 0.9972

4 andTable 3. The same simulated data as used in the
single channel method are used here.Fig. 3shows the
resolved pure spectra by DECRA from the relatively
pure exponentially decay data, because the values of
K2 are spaced equally and only 0.05% noise is added
to the data set, whileFig. 4 shows the resolved spec-
tra of the DOSY data with larger noise (0.25%). The
diffusion coefficient of each component is calculated
from the least square fit of the corresponding resolved
decay profile and is shown inTable 3. The correlation
coefficients indicate how comparable the reference
spectra and the resolved spectra are. It can be seen
in Fig. 3 that the pure spectrum of each component
is completely separated. However, with the increase
of noise the separated spectra become more compli-
cated to interpret. This is shown inFig. 4. It can be
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Fig. 4. Calculated spectra of simulated data by DECRA (noise level= 0.25%).

seen that small peaks from other components as well
as the noise contributed to each of the resolved spectra.
The diffusion coefficients are not as good as those
obtained by the data with 0.05% noise. Moreover, the
spectra correlation coefficients also decline with the
increase of noise. This reveals that DECRA can be
influenced by even a relatively small contribution of
non-exponential noise.

4.1.2.2. Multivariate curve resolution.

PCA-VARIMAX-MCR. The same simulated data
set with the same noise levels, i.e. 0.05 and 0.25%, is

Table 4
Diffusion coefficients (cm−2 s−1) and correlation coefficients of simulated data by PCA-VARIMAX-MCR

Components Reference value Noise level= 0.05% Noise level= 0.25%

Diffusion coefficient Correlation coefficient Diffusion coefficient Correlation coefficient

1 1.00× 10−6 0.543× 10−6 0.6658 0.693× 10−6 0.8363
2 5.00× 10−7 2.96× 10−7 0.9906 3.71× 10−7 0.9319
3 1.00× 10−7 0.969× 10−7 0.9746 1.02× 10−7 0.9965

analysed by the algorithm of PCA-VARIMAX-MCR
as described in reference[10]. To get meaningful
spectra and decay profiles, non-negativity constraints
are used to eliminate the negative values in both spec-
tra and decay profiles[23]. The final spectra and de-
cay profiles are shown inFigs. 5 and 6for the data set
with the noise level of 0.05%, andFigs. 7 and 8for the
one with the noise level of 0.25%. Similarly, the dif-
fusion coefficients and spectra correlation coefficients
in Table 4illustrate the quality of the resolved spec-
tra and decay profiles. Compared to the ideal DOSY
spectrum, it can be seen that the resulted spectrum
of component one has not been resolved completely.
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Fig. 5. Calculated spectra of simulated data by PCA-VARIMAX-MCR (noise level= 0.05%).
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Fig. 7. Calculated spectra of simulated data by PCA-VARIMAX-MCR (noise level= 0.25%).
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There should be only one peak in the first compo-
nent but its resolved spectrum contains more than that
at each different noise level. The decay profile of the
third component shows deviation from the decay curve
at the first four points (seeFig. 6). Hence, the diffu-
sion coefficient of the third component at noise level
of 0.05% is calculated by least square regression from
the fifth to twentieth point. The results inTable 4indi-
cate that the method of PCA-VARIMAX-MCR is not
influenced much by noise in the data set, but still has
difficulty separating the pure spectra and decay pro-
files from a mixture. The original idea of VARIMAX is
to rotate the abstract elution profile of the HPLC data
until the greatest simplicity is reached so that each of
the rotated elution profile has only one maximum. In
the case of DOSY data, the abstract spectra are rotated
instead of the abstract decay profiles because there is
no maximum in decay profiles. However, it is rare that
there is only one peak in each NMR spectrum, so the
rotated spectra with most simplicity do not guarantee
a good initial guess as the input to MCR. This can be
the main reason that why this method does not present
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Fig. 9. Purity spectra of simulated data by IPCA (noise level= 0.05%).

good resolution for a DOSY data set of a mixture in
general cases.

IPCA-MCR. In this method, IPCA is used to
find the pure variables. Only the purity spectra of
the data with 0.05% noise are shown as an example
in this article (seeFig. 9). In the purity spectra, the
maximal peak occurs at 5.01, 4.81 and 5.21 ppm,
respectively, and hence they are selected as the pure
variables. The decay profiles for the pure variables
are shown inFig. 10. They show a nice exponential
decay. The matrix as the initial guess of MCR is con-
structed by the column vectors of the original data
sets at the chemical shift of the pure variables. After
running MCR, the results of the spectra and decay
profiles with the two levels of noise are shown in
Figs. 11–14, respectively.Table 5shows that calcu-
lated diffusion coefficients are similar to the reference
values. The spectra correlation coefficients also in-
dicate a good match between the calculated spectra
and the corresponding real spectra. Compared with
DECRA, IPCA-MCR does not show high accuracy in
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Fig. 11. Calculated spectra of simulated data by IPCA-MCR (noise level= 0.05%).
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012345678910
0

0.5

1

ppm

012345678910
0

0.2

0.4

0.6

0.8

ppm

012345678910
0

0.2

0.4

0.6

0.8

ppm

Fig. 13. Calculated spectra of simulated data by IPCA-MCR (noise level= 0.25%).
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determining diffusion coefficient but it does present
good resolved spectra with the higher noise level. This
indicates that ICA-MCR is not sensitive to noise. Also,
the figures of the resolved spectra visually show good
separation of the pure components for the data set with
both noise levels. From the results earlier, the perfor-
mance of MCR is very dependent on the initial guess.
Also, the choice of initial guess influences the com-
putational speed significantly. If the initial guess of
profile is similar to the true decay profile, then rather
good results will be presented with rather short time;
otherwise MCR may need much longer processing

Table 5
Diffusion coefficients (cm2 s−1) and correlation coefficients by IPCA-MCR

Components Reference value Noise level= 0.05% Noise level= 0.25%

Diffusion coefficient Correlation coefficient Diffusion coefficient Correlation coefficient

1 1.00× 10−6 0.934× 10−6 0.9972 0.970× 10−6 0.9858
2 5.00× 10−7 4.80× 10−7 0.9977 4.80× 10−7 0.9885
3 1.00× 10−7 1.01× 10−7 0.9998 1.00× 10−7 0.9980

time to reach the convergence and lead to an incorrect
interpretation. Therefore, in order to resolve DOSY
data successfully by MCR, more user interactivity is
needed.

4.2. Experimental data

So far, the simulated data have been used to illus-
trate the performance of the techniques of SPLMOD,
CONTIN, DECRA and MCR. Now the real data set
containing the LAS and sucrose mixture is used to
evaluate the techniques further.
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Table 6
Diffusion coefficient,D (×10−12 cm2 s−1) of LAS-sucrose mixture
by SPLMOD and CONTIN

ppm SPLMOD CONTIN

LAS Sucrose LAS Sucrose

7.69–7.59 3.94 2.86–5.14
7.25–6.88 3.98 2.86–5.14
5.36–5.34 32.9 29.3–39.3
4.30–4.26 32.1 29.3–39.3
4.14–4.09 32.0 29.3–39.3
3.98–3.79 31.9 29.3–39.3
3.77–3.70 29.7 21.9–39.3
3.64–3.59 31.4 25.4–39.3
3.55–3.50 32.0 25.4–39.3
2.77–2.30 3.80 1.85–7.94
2.12–2.11 62.8a 34.0–70.0a

1.89–0.42 3.77 1.85–7.49

a Indicates artefacts.

4.2.1. Single channel methods
The results from SPLOMD and CONTIN are shown

in Table 6. The first row in the table represents the
selected twelve chemical shift regions of the spectra.
The second row and the third row are the diffusion co-
efficients found by SPLMOD and CONTIN, respec-
tively. As can be seen, four regions have similarD

Fig. 15. Reference pure spectra of sucrose and LAS.

values which indicate the peaks in these regions be-
long to the same compound. This component can be
identified as LAS by comparing with the referenceD
value 2.6 × 10−12. The referenceD value is slightly
different from the one obtained by SPLMOD because
the D value could vary when the compound is in a
different concentration or environment. The rest of
the peak regions represent sucrose. From the results
by SPLMOD, most of theD values belonging to the
same components are very close except that in the
chemical shift 2.12–2.11 ppm region, theD value is
62.8× 10−12. This is quite different from the otherD
values of sucrose and can easily be mistaken as repre-
senting another component. From the results of CON-
TIN, similar D values represent the same component.
These results are comparable to those by SPLMOD.
In 2.12–2.11 ppm region, theD value is also quite dif-
ferent from the others. From this example, it can be
seen that fluctuation is a very common problem of the
single channel method.

4.2.2. Multivariate methods
The experimental data set is analysed by the multi-

variate methods of DECRA, PCA-VARIMAX-MCR
and IPCA-MCR.Fig. 15 shows the reference pure
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Fig. 17. Resolved pure decay profiles of sucrose (– – –) and LAS (—).
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Fig. 19. Resolved pure decay profiles by PCA-VARIMAX-MCR, sucrose (– – –) and LAS (—).



R. Huo et al. / Analytica Chimica Acta 490 (2003) 231–251 249

20246810

0

0.05

0. 1

0.15

0.2

0.25

0.3

ppm

2024681012
0

0.05

0.1

ppm

Fig. 20. Resolved spectra of sucrose-LAS mixture by IPCA-MCR.

spectra of sucrose and LAS.Figs. 16–21show the
resulted pure spectra and decay profiles of the three
multivariate methods, respectively. Compared to the
reference spectra inFig. 15, the resolved spectrum of
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Fig. 21. Resolved pure decay profiles by IPCA-MCR, sucrose (– – –) and LAS (—).

LAS by DECRA (lower one inFig. 16) is quite reason-
able. However, in the resolved sucrose spectrum it can
be seen clearly that there are a few small peaks con-
tributed from the other component, LAS, indicating
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Table 7
Diffusion coefficients (cm2 s−1) and spectra correlation coefficient of sucrose-LAS mixture by multivariate methods

Methods Component

Sucrose LAS

Diffusion coefficient Correlation coefficient Diffusion coefficient Correlation coefficient

DECRA 2.64× 10−11 0.8751 3.84× 10−12 0.9826
PCA-VARIMAX-MCR 2.62× 10−11 0.8615 3.73× 10−12 0.9826
IPCA MCR 3.33× 10−11 0.9604 3.78× 10−12 0.9824

that DECRA did not separate the mixture completely.
Since the data set is not recorded with equally spaced
g2, it is unfair to compare the results obtaining from
DECRA with those from IPCA-MCR. However, this
issue can arise in practice. The example used here only
intends to illustrate that linearity and distance ofg2

step must be checked before using DECRA. In this
case,g2 steps have the spaces with the mean value of
154.92 and the standard deviation of 5.29. The results
of PCA-VARIMAX-MCR also show incomplete sep-
aration of sucrose (seeFig. 18). On the other hand,
Fig. 20 is the result from IPCA-MCR. After running
IPCA, two pure variables at chemical shift 3.91 and
7.62 ppm are selected to construct an initial guess of
decay profile. The resolved spectra shown inFig. 20
are comparable with their reference spectra, which in-
dicates MCR can resolve a mixture regardless of the
spacing or the linearity ofg2, provided that a good ini-
tial guess of decay profile is available. The diffusion
coefficients and the spectra correlation coefficients are
summarised inTable 7. From the values of correlation
coefficients inTable 7, it can also be seen that a rel-
atively good resolution of the mixture is obtained by
IPCA-MCR.

5. Conclusion

Single channel methods only analyse one part of
the data set at each time and hence sometimes give
ambiguous results for the DOSY data processing.
However, they can be used to either obtain initial
knowledge of a mixture before using multivariate
methods or explore the distribution of diffusion coef-
ficients after the pure decay profile of each component
is resolved by multivariate methods. DECRA is a
novel processing method to eliminate the synchronisa-

tion problem of two experiments by splitting a whole
data set into two correlated sub-matrices. It provides
a fast and easy way to analyse the mixture containing
only discrete diffusion components. The limitation of
DECRA is that it has difficulty analysing continuous
diffusion components and it can be easily affected by
noise. By using MCR, the DOSY intensities are not
required to be of a pure exponential decay. There is
no assumption of the exponential character and it is
not sensitive to noise. A good initial guess of decay
profile is the main requirement to present good sep-
arations for both pure spectra and decay profiles. The
pure variable method IPCA can be one of the good
options to find good initial guess for running MCR.
This article only used rather simple examples to illus-
trate the different performance among the methods.
Even so, one can see the different performance of each
method. MCR, with a good pure variable method,
is a relatively general way to deal with DOSY data.
Further study will analyse more complex DOSY data
from real-life samples, applying other pure variables
methods with MCR and combining the results with
single channel methods if necessary. Moreover, di-
agnostic methods will be studied, for one thing, to
check the model, for the other, to identify and correct
the experimental artefacts, such as line-shape distor-
tion, non-linear increaseg2, etc. This can be used
to develop pre-processing methods for DOSY data
analysis.
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