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Spectral Deconvolution of Chemical Mixtures by

Covariance NMR

Fengli Zhang and Rafael Briischweiler*?

A method is presented for the deconvolution of the NMR spec-
trum of a chemical mixture without requiring physical separation
of its components. The method, which is termed “Demix”, is
based on a principal component analysis of a series of one-di-
mensional (1D) spectra that are statistically modulated during

Introduction

The characterization of a mixture in terms of its components is
a central task in analytical chemistry.! Commonly used proce-
dures first physically separate the chemical components, for
example by chromatography, followed by chemical or spectro-
scopic analysis, including mass spectrometry, optical or NMR
spectroscopy."? Nonhyphenated approaches have become
available using NMR: based on differential translational diffu-
sion among the components, diffusion-ordered spectroscopy
(DOSY) separates the NMR spectrum of the mixture along a
second dimension.®*

Herein, an alternative nonhyphenated NMR-based method is
presented, which is independent of the diffusion properties of
the components. It deconvolutes the one-dimensional spectra
of the different components due to differences in their scalar
J-coupling networks and chemical shifts. It is based on the co-
variance matrix of a set of 1D NMR spectra with different prep-
aration and mixing times, which are processed by principal
component analysis.”’ The largest principal components then
correspond in good approximation to the one-dimensional
spectra of the coupled spin networks of the components of
the mixture.

Principal component analysis has been previously applied to
a series of 1D in vivo NMR spectra for the quantification of the
position, amplitude, and phase of a single peak®' and in
food chemistry to 1D spectra of different samples.'” In con-
trast, herein, the variations in the 1D spectra were induced by
variations in the pulse sequence in the spirit of multidimen-
sional NMR spectroscopy.™

Computational Methods

Covariance NMR spectroscopy identifies correlated changes of
the magnetizations of spins from a set of 1D spectra. The 1D
spectra were obtained by using the TOCSY preparation
scheme:™ (90°) ~t,~Isotropic Mixing (z,,)-Detection (t,), where
(90°),, corresponds to a 90° excitation pulse with phase ¢, t;=
kAt, denotes a free evolution period, which is an integer (k)
multiple of the time increment At;, preceding the isotropic
mixing period of duration t,,,. The free induction decay (FID) is
detected in quadrature mode at N, time points t,=nAt, (n=
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preparation and TOCSY mixing periods. The largest principal
components correspond to the 1D NMR spectra of the scalar J-
coupled spin networks of the individual components of the mix-
ture. The method is demonstrated for aqueous mixtures of the
amino acids Glu, Leu, Lys, and Val.

0,...,N,—1) yielding the complex time-domain data matrix
s(kAt,,T,,nAt,). For each duration of the evolution time t,=
kAt, (k=0,...,N,—1), FIDs were co-added with different mixing
times 7,, (m=1,...,M) and discrete Fourier transformed with re-
spect to t, leading to the real N, xN, data matrix, Equation (1)

=

L—1

s(kAt,, T, NAL, )exp{—i2znl /N, } (1)

0

M
S(k,l) = Re >
m=1

n

representing the N, absorption spectra with N, data points
each, where Re defines the real part. This is, in fact, a set of
spectra S(t;,w,) in a mixed time-frequency domain, averaged
over different mixing times. S(k,/) is then converted into the
N,xN, covariance matrix C with elements given by Equa-
tion (2)1"

= oy 2 (S )= (S 5(e)~(500) @

where (S(i)) is the average spectrum given by (S(i))=
Ny—1

N;' > S(ki). Element C; is the mathematical covariance be-
k=0

tween the amplitudes at positions i and j of the 1D spectra
corresponding to resonance frequencies v,(i) and v,(j), where
v,(j) = —SW/2+ (SW/N,)j with the spectral width SW=1/At,. In
the next step, a principal component analysis®™ was applied to
the covariance matrix C by diagonalization, Cv,=4,v,, where
A, is the eigenvalue to the eigenvector v,. The eigenvectors to
the dominant eigenvalues 1, represent 1D spectra of the indi-
vidual components of the mixture, as is demonstrated in the
following examples. Because this method serves for the spec-
tral deconvolution of mixtures, it is termed “Demix”. It repre-
sents an application of covariance NMR spectroscopy' that
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extracts the relevant information from the covariance matrix
by means of a principal component analysis.

Results and Discussion

A mixture consisting of the three amino acids glutamic acid
(Glu), lysine (Lys), and valine (Val) was prepared in a D,0 buffer.
Approximate concentrations of the different amino acids were
around 7.0 mm. A 1D proton NMR spectrum of the mixture is
shown in Figure 1 (top) together with 1D spectra of the indi-
vidual amino acids prepared as separate samples (right
column).

mixture separate samples
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Figure 1. Deconvolution covariance NMR method applied to an aqueous three
amino acid mixture containing Glu, Lys, and Val. The 1D NMR spectrum of the
mixture is shown on top of the left column and the 1D spectra of the individual
amino acids, recorded as separate samples, are plotted in the right column.
The four largest eigenmodes of the covariance matrix defined in Equation (2)
are plotted in the left column. Eigenmode 3 does not represent a complete
amino acid in the mixture and can be easily identified by its large positive and
negative amplitudes. All experiments were collected at 600 MHz (14 T) and

298 K.

A set of N;=1024 1D spectra was collected using the TOCSY
pulse sequence shown above with MLEV-17 as the mixing se-
quence with an increment At,=50 us. The phase ¢, was
subjected to time-proportional phase incrementation (TPPI).l'”
For each t,, transients for five different mixing times were co-
added with 7,=45, 62 ,76 ,97 ,120 ms. These mixing times
were chosen randomly with the purpose of ensuring rather
uniform magnetization transfers within the different spin sys-
tems.

After Fourier transformation along t, Equation (1), the 1D
spectra consisting of N,=1024 points each were converted
into the covariance matrix according to Equation (2), which
was subjected to diagonalization yielding 1024 eigenmodes
with their corresponding eigenvalues. The four eigenmodes
belonging to the four largest eigenvalues are plotted in the
left column of Figure 1. Comparison with the right column cor-
responding to the spectra of separate amino acids shows that
three out of the four largest eigenmodes correspond in very
good approximation to the 1D spectra of the different amino
acids. The third largest eigenmode (mode 3) is localized on the
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methyl resonances of Val and does not correspond to an indi-
vidual amino acid. This mode and the other N,—4=1020
modes that do not belong to individual components of the
mixture can be identified easily by their ratio of the variance of
all positive vector elements to the variance of all negative
vector elements, which is close to 1. In contrast, modes that
correspond to individual amino acids have ratios of 2.5 or
larger. Figure 2 demonstrates the method with a four amino-
acid mixture containing Glu, leucine (Leu), Lys, and Val. Despite
the spectral overlap of leucine and lysine, the method per-
formed well.
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Figure 2. Demix method applied to an aqueous four amino acid mixture con-
taining Glu, Leu, Lys, and Val analogous to Figure 1. Four of the five largest ei-
genmodes are shown in the left column corresponding to the individual amino
acids. Eigenmode 4 (not shown), which is similar to eigenmode 3 in Figure 1,
does not represent an entire amino acid.

The Demix method exploits the differential scalar J-coupling
networks of the mixture’s components along which magnetiza-
tion is transferred during the TOCSY mixing period together
with differential chemical shift evolution, which leads to a
unique modulation of the resonance signals as a function of t,.
The principal component analysis effectively captures inde-
pendent patterns (modulations) in the covariance matrix and
represents them in terms of distinct eigenmodes. The presence
of similar J-coupling networks for two components is advanta-
geous, since this requires a smaller number of mixing times to
achieve uniform magnetization transfers among spins in the
sum spectra. If a component has two (or more) separate de-
coupled spin networks, the 1D spectra of the different spin
networks appear as separate modes. As is always the case
when using diagonalization methods, in the event of acciden-
tal degeneracy (or near-degeneracy) any linear combination of
degenerate eigenvectors is also an eigenvector. Because this
may obscure the identity of the chemical components belong-
ing to these eigenmodes, suitable rotation of the modes
within the degenerate subspace might be useful in such cases.
The purpose of the co-addition of spectra with different
mixing times t,, is the equalization of peak amplitudes to
smooth the oscillatory 7,, dependence of the TOCSY-transfer
amplitudes.
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Conclusion

In summary, the method presented herein provides a straight-
forward deconvolution of the NMR spectrum of a mixture, and
requires neither the physical separation of its components nor
pulsed-field gradients or frequency-selective radio frequency
pulses. The 1D eigenmodes can be efficiently screened against
a database of 1D NMR spectra to identify the components of
the mixture in a (semi-)automated manner. This method could
find useful applications in the context of metabolomics/me-
tabonomics.
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