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Recently developed benchtop instruments have the potential of bringing the benefits of NMR spec-
troscopy to the wide variety of industrial applications. Unfortunately, their low spectral resolution poses
significant challenges for traditional quantification approach. Here we present a novel model-based
method designed to overcome these challenges. By defining our models in terms of quantum mechanical
properties of the underlying spin system, we make our approach invariant to the spectrometer field
strength and especially suitable for analyzing benchtop data. Our experimental results on prepared sam-
ples and natural fruit juices confirm the applicability of our method for quantitative analysis of medium-
field 'H NMR spectra. The developed method succeeds in accurately separating the spectra of glucose
anomers and even monitoring their interconversion in non-deuterated water. Furthermore, the compo-
sitions of unbuffered natural fruit juices estimated using data from 43 MHz to 400 MHz spectrometers

are in good agreement with each other and with the reference values from nutrition databases.

© 2018 Elsevier Inc. All rights reserved.

1. Introduction

Nuclear magnetic resonance (NMR) spectroscopy is a popular
non-destructive technique in analytical chemistry where it pro-
vides a fast and convenient alternative to standard chemometric
methods for mixture analysis [1-4]. Recent developments in com-
pact NMR instrumentation make these techniques readily available
for use in industrial applications and promise great benefits for
users in diverse fields from agriculture and petrochemistry to
forensics and education. Even though state-of-the art benchtop
spectrometers deliver field homogeneity and provide functionality
of more expensive superconducting magnets, their advance is hin-
dered by the lack of effective algorithmic methods for robust quan-
titative analysis of lower-field NMR data. The goal of this work is to
lift this obstacle by developing a novel model-based quantification
method specifically designed for processing benchtop NMR data.

A typical 1D NMR spectrum in the simplest one-pulse experi-
ment exhibits a collection of peaks; different chemical species pro-
duce distinct peak patterns owing to differences in magnetic
shielding and, as a result, chemical shifts. Their line intensities
are proportional to the amounts of related nuclei, and thus the
mole fraction of a chemical specie in a mixture, which is the under-
lying assumption in quantitative NMR. Peak integration is a widely
accepted intuitive technique for estimating these intensities,
which, however, has notable drawbacks. First, it requires certain
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data preprocessing, such as phase and baseline correction, which
may be cumbersome for large and complex datasets. Second, it is
limited by spectral resolution and achieves the best results when
separate non-overlapping peaks can be identified for each compo-
nent. Proton NMR - the most common mode of quantitative exper-
iment due to its high signal to noise ratio and fast acquisition - is
notorious for peak splitting of coupled spins and peaks overlap,
even in molecules of only moderate complexity (e.g. monosaccha-
rides). These factors are further exacerbated at the lower field
strengths of benchtop instruments where the coupling distortions
become so severe that they completely change the shapes of the
peaks causing multiple resonances to overlap and introducing
broad baselines. Consequently, the established peak integration
method often becomes inadequate for analysis of complex chemi-
cal mixtures with benchtop spectrometers. Although several algo-
rithms have been proposed recently to integrate even overlapping
peaks [5-8], accurate quantitative analysis of heavily crowded
spectral regions remains a significant challenge (see Fig. 1).

Here we address these issues and develop an effective quantifi-
cation approach capable of analyzing data at any field strength,
including those acquired on benchtop instruments. Instead of peak
integration, we base our method on the ideas of parametric mod-
eling. We view each NMR signal as an instance of a model with
tunable parameters, which transforms the quantification problem
to that of parameter estimation. For example, the sought intensity
of a peak can be found by fitting a Lorentzian function with specific
position and width to the experimental spectrum - a method that
in general is less susceptible to noise and peak overlap than the
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Fig. 1. Examples of 'H spectra of an apple juice sample acquired with high-field
superconducting magnet (top) and a benchtop system (bottom). Peaks overlap and
baseline distortions prevent accurate quantitative analysis of these data with the
traditional peak integration approach.

traditional integration. This or similar principles underly many
developed algorithms, such as AMARES [9], QUEST [10], AQSES
[11], Indirect Hard Modeling [6], and others [12-15]. Furthermore,
the ideas of model-based representation is the core of modern
automated techniques and software packages for NMR data analy-
sis, including Global Spectral Deconvolution in Mnova [16], CRAFT
[17], BATMAN [18,19], BQuant [20], and Chenomx among the most
popular ones. These high-throughput tools have been found espe-
cially effective in metabolomics for processing high-resolution
spectra of biofluids consisting of hundreds of chemicals. To address
the problem of specie identification in complex biological samples,
Tiainen et. al. [21] propose to use quantum mechanical (QM)
approach to model NMR spectra of separate components based
on their available molecular structures. These ideas have been real-
ized in ChemAdder package for analysis of biofluids [22] and form
the basis for our method as well. Importantly, QM models are
inherently field-invariant; they take into account and concisely
describe any higher-order coupling effects often seen in 'H spectra
at lower field strength. This allows us to easily generate NMR fin-
gerprints for chemical species and use them to quantitatively ana-
lyze even low-resolution benchtop data.

We demonstrate our approach by analyzing the composition of
sugar mixtures as food screening is one of the potential niche
applications for benchtop NMR systems. Glucose, fructose, and
sucrose - the three sugars most commonly occurring in fruit juices,
wine, soft drinks, and other beverages - have different chemical
properties and sweetness. Their relative concentrations (in addi-
tion to acids) largely determine the taste of a product. Thus, knowl-
edge of the exact composition of sugars in the mixture is important
in the food industry, where it provides a means for process moni-
toring (e.g. fermentation), quality control, or even detection of
adulteration (e.g. undisclosed sweetening of fruit juices or dilution
of them with apple juice [23,24]). High-field NMR spectroscopy has
been found particularly effective in addressing these problems, but
they are often deemed too challenging for low-resolution benchtop
instruments. The presence of multiple isomers of sugar species in

relatively low concentrations, whose very complex overlapping
spectra are further obstructed by the strong solvent peak are the
main obstacles that prevent effective and accurate quantification.

In the next section, we present the main idea of the model-
based approach for NMR quantification. We describe the details
of the abstract model for an NMR signal of chemical mixtures
and derive the least squares solution for the amounts of its con-
stituents. Then we discuss four possible ways for modeling refer-
ence signals of mixture components followed by specific
examples of models for glucose, fructose, and sucrose in Section 5.1.
Finally, the quantification results of gravimetrically prepared mix-
tures of sugars and samples of several apple, citrus and tropical
fruit juices are presented in Section 5.2.

2. Theory

This section provides a theoretical background for our quantifi-
cation method of chemical mixtures. In this work, the components
of the studied mixture are known - the expected chemical species
are identified by the user and supplied as input information; their
relative concentrations are to be estimated. Instead of relying on
integration of well-separated peaks, for each of the K mixture con-
stituents, we define an entire ideal reference NMR signal based on
the known molecular structure and information found in spectral
databases. We assume that the observed signal is a superposition
of these ideal models; the associated weighting coefficients are
determined by the amount of each component in the mixture
and can be found with the standard regression analysis.

2.1. A mathematical model of FID signals

In our work, we view an ideal NMR signal of a K-component
chemical mixture as a superposition of corresponding signature
signals u,,k =1,...,K, weighted by the amount of the kth chemi-
cal in the solution, c:

K
X = €% “cpuy (0, 7). (1)

k=1
Here, u, may correspond to either free induction decay (FID) signals
or the resulting spectra, and thus the above equation provides a
generalized view for both time and frequency-domain methods.
The sets of model parameters 60, determine the appearance of each
reference signal; they are related to the nature of particular com-
pounds and may include, for example, chemical shifts of the peaks,
their relative intensities and widths, as well as values of J-coupling
constants if relevant. We provide more detail about defining model
signals ug (6, T) later. Additionally, the global phase shift ¢, and the
ringdown delay t bear the meaning of the zero- and first-order
phasing terms, respectively. In general, the resulting model x is a
complex-valued vector of length N.

Given an experimental NMR signal y, we aim to estimate a suit-
able set of parameters by fitting the model to the data in the least-
squares sense:

min ||y — Zce'? ||, )

{0 Tpoc

where in a compact matrix notation, Z € CV¥ is a model matrix
with columns Z., = ug(6y,7) fork=1,...,K,c=[cy,... 7c,<]T is a col-
umn vector of intensities, and |- || denotes the Euclidean norm. We
note that Z implicitly depends on all 6, and . Given a fixed model

matrix Z evaluated with some values of 01, ..., Ok, @y, and 7, Eq. (2)
leads to the ordinary least squares problem with respect to the
intensities c. Following derivations in [25], we obtain a real-
valued estimate for the vector of component intensities:
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where [ denotes the conjugate transpose of a matrix and @, is an
estimate of the global phase shift [26,27],

w27 ]} z

where /-] denotes the argument of a complex number.

The results of Egs. (3) and (4) were obtained under the assump-
tion that suitable values of the underlying model parameters
{6,}f_, and 7 are known. In practice, they may need to be esti-
mated as minimizers of the original model fitting problem in Eq.
(2). After substituting the found estimates € and ¢, and rearrang-
ing its terms, this problem reduces to unconstrained maximization
of the variable projection functional,

G(0n,...,00,7) =€ [2*‘2]6. (5)

With these assumptions, one may define the estimated intensi-
ties with their associated 95% confidence intervals as ¢, + 1.96¢;

for k =1,...,K, where ¢, is the corresponding standard deviation

found as:

~ ~ a1

=0 {Re(l”l) } , (6)
kk

and [],, denotes the kth diagonal entry of a matrix in the brackets,
and o is the standard deviation of noise.

Finally, we note that the solution presented above can be
viewed as a special case in a more general Bayesian framework
[28-30,25], which potentially allows us to incorporate prior infor-
mation about parameters into the model and estimate the uncer-
tainty of found results. Specifically, Eq. (3) defines the maximum
likelihood estimator of component intensities under the assump-
tion that the additive noise in y is circularly symmetric zero-
mean Gaussian with variance ¢2. This assumption on the noise dis-
tribution is supported by the principle of maximum entropy [28]
and the Central Limit Theorem as it is likely to be contributed by
a large number of independent additive sources (e.g. thermal
noise). Furthermore, since the Gaussian distribution is preserved
by the Fourier transform, the same optimality conditions hold for
models defined in the time and frequency domains leading to same
intensity estimates in both cases.

3. Reference models of mixture components

In this section, we provide more detail regarding the definition
of individual signal components u, in Eq. (1). We start by reviewing
strengths and weaknesses of the classical Lorentzian peaks model.
We then simplify its parameter space by incorporating information
about the underlying molecular structure and effectively wrap the
basic superposition model with a higher level of abstraction.
Finally, we propose a hierarchical data organization to further
reduce the number of free parameters and facilitate the model fit-
ting, which becomes crucial in processing lower field data on
benchtop instruments.

3.1. A base model of NMR signals and its limitations

To simplify the discussion, from now on, we drop the index k
when referring to signals uy, but it is assumed that each summand
in Eq. (1) is modeled separately with a distinct set of parameters 0y.
Each u, eventually forms a column of Z and thus represents an ele-
mental quantified entity; our primary goal is to estimate the corre-
sponding intensity c;.

In general, a reference component for a given specie u com-
prises a set of resonances (e.g. Lorentzian peaks) defined by their
positions, intensities, and decay rates [29,30,11,31]. Simply by add-
ing more peaks, this base model can potentially be extended to
spectra of any complexity, however such a straightforward
approach is often impractical. Since each of P peaks is specified
separately, the growing dimension of the parameter space rapidly
makes model fitting intractable. Indeed, adjusting the model to
match the data observed at different pH, concentrations, or other
experimental conditions that alter the appearance of the spectrum,
may in general require retuning of 3 - P parameters.

Further limitations of the base model are revealed when trying
to adapt it to different field strengths, particularly lower fields of
By ~ 1T common in non-cryogenic benchtop magnets. We note
that an observed NMR signal is a result of quantum transitions
undergone by the spin system [32]. Specifically, for a system of n
coupled spins of quantum number 1/2 (such as protons), there

are P = n-2""! allowed quantum transitions, but due to resolution
limits, fewer peaks are observed in a typical NMR spectrum. In
spectra obtained at high fields, multiple close resonances effec-
tively merge into single peaks, which allows us to use an approxi-
mate model with much lower number of components. For
example, the 'H spectrum of propanol acquired at 400 MHz (see
Fig. 2) can be very accurately modeled as a combination of only

P =12 aggregate peaks instead of all 7-2°=448 possible
transitions.

With decreasing field strength, chemical shift differences
approach values of coupling constants causing groups of transition
peaks to split; this completely destroys the familiar appearance of
TH multiplet patterns as evident in the bottom panel of Fig. 2. Nev-
ertheless, one may still view such spectra as collections of many
overlapping peaks, as done, for example, in indirect hard modeling
[5,6]. These aggregate peaks however can rarely be modeled with
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Fig. 2. '"H NMR spectra of propanol acquired at two different field strength. Note
the severe distortions of multiplets related to coupled nuclei observed on a
benchtop instrument (bottom). Even though its complexity increases, the spectrum
is uniquely determined by the same three chemical shifts and two coupling
constants.
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simple Lorentzian functions, and their varying shapes need to be
taken into account, which further inflates the parameter space.
The relation of the newly arising resonances to the underlying
molecular structure is far less intuitive making it harder, or impos-
sible, to explicitly assign any meaning to the parameters. At high
field too, this task rapidly becomes cumbersome even for moder-
ately large molecules (e.g. sugars). We address these issues in the
next subsection with a higher-level quantum mechanical model
formulation.

3.2. A quantum mechanical model of a specie

Even though an NMR spectrum of a chemical specie is not fixed
- its peaks can move as a response to changing experimental con-
ditions - it is necessarily determined by the underlying molecular
structure. Specifically, all P transition peaks are defined by quan-
tum mechanical (QM) properties of the spin system, and in general
can be expressed as some non-explicit function:

{wp,bm(lp}‘;:] :fQM(67]7r)' (7)

This function takes into account shielding effects experienced
by different nuclei, and as a result - their individual chemical shifts
8, the set of mutual J-coupling constants J, and possibly a relax-
ation model with rates r that defines the resulting peak widths
[21,33,34]; here, as earlier, bold symbols denote arrays of parame-
ters, with each entry corresponding to a specific nucleus in é and r,
or pairs of nuclei in J. In this work, we use a simple isotropic damp-
ing model for relaxation and assume that all nuclei in the same
spin system relax with equal exponential rates leading to peaks
of the same width.

Typically, due to splitting of coupled resonances, the number of
peaks observed in the spectrum is much higher than the number of
spin chemical shifts ¢ and J-coupling constants. Thus, adopting the
QM formulation allows us to reduce the number of free parameters
to fit. Furthermore, since a QM model does not make any assump-
tions about the experimental conditions but rather describes a
molecule itself, the same specification of a chemical specie is suit-
able for modeling NMR experiments with any types of pulse
sequences run at any field strength. In the above example, the loca-
tions and intensities of the twelve peaks of propanol can be
uniquely determined by only three chemical shifts and two cou-
pling constants; the same set of five parameters determine the
more complicated spectrum in the bottom panel in Fig. 2, which
can be obtained simply by changing the field strength in the QM
model f® of Eq. (7). This field-invariance is crucial in our method
for processing benchtop data.

In general, evaluating f® requires diagonalization of the
Hamiltonian operator of the spin system; further detail of its
implementation can be found in Appendix A and in [35,36]. While
the applicability of this direct approach is limited to smaller spin
systems of no more than 12-13 coupled spins, fast temporal prop-
agation algorithms have been developed recently to overcome the
computational hurdle [34,37,38]. Given values of chemical shifts,
coupling constants, and a relaxation model, they gradually evolve
the resulting FID signal in time and effectively realize a function

u = J,r) instead. Such techniques are capable of handling
much larger spin systems (more than 40 spins [37], or even 200
spins if state-space approximations are used [33]), however we
found their running times suboptimal when working with smaller
molecules (e.g. sugars), in which cases the diagonalization method
is preferred. Furthermore, in contrast to Eq. (7), temporal propaga-
tion methods do not explicitly provide parameters of separate
transition peaks, {wp, by, a,}, which can be valuable in certain
applications.

Finally, it is worth mentioning that experimentally obtained
spectra of pure components can be used as reference signals u as
well [39]. This approach is especially appealing for modeling very
large molecules with many overlapping peaks in their spectra,
whose complexity prevents quantum mechanical simulation or
for specifying chemical species with unknown structure. Unfortu-
nately, even if the spectra of all pure components are available,
they are only applicable for analyzing data acquired at the same
field strength and do not easily accommodate slight changes in
the spectra due to variations in experimental conditions. Extensive
preprocessing needed to compile such a reference library (mainly
denoising, baseline, phase correction, and suppression of solvent
peaks) further complicates this approach, especially on low-field
instruments. We expect the resulting quantification accuracy to
be lower in this case, and thus the more flexible parametric mod-
eling is preferable.

We summarize the discussed approaches for modeling refer-
ence signals of individual chemical species in Table 1 along with
the associated parameters. The resulting signals u eventually
become the columns of the model matrix Z to represent separate
quantified constituents of an analyzed chemical mixture.

3.3. A unified model of a mixture component

Undoubtedly, accurately matching reference models with mea-
sured data is the most computationally demanding step of the
entire quantification procedure: minimizing the variable projec-
tion functional G given by Eq. (5) entails solving the complex mul-
tidimensional non-convex optimization problem. For example, to
properly fit a QM model of an isomer of glucose, one needs to esti-
mate seven chemical shifts and possibly also seven J-coupling val-
ues; other monosaccharides require finding similar numbers of
parameters. Even though good initial values are usually available
in numerous NMR databases or as a result of previous experiments,
they may require adjustment to account for possible variations of
experimental conditions in each particular case. When multiple
resonances overlap in a small spectral region, simultaneous fitting
of all model parameters becomes practically impossible if the spec-

Table 1
Different methods of generating reference model signals u.
Input parameters Modeled FID
1. Base model
- global shift @ and rate & i = elio-3]

- peaks positions @ = i -yt
p P! u= uzpbpe[ p—p ]

- peaks intensities b

- relaxation rates o

2. QM model (diagonalization)

- global shift & and rate i = elio-a]t
oba=f">]r

u= ﬁzpbpe[im,,—atp]t

- chemical shifts &
- coupling constants J
- relaxation rates r

3. QM model (temporal propagation)

- global shift @ and rate & G- e[i;u—;}t

- chemical shifts & u=uf Mg,
- coupling constants J

- relaxation rates r

4. Experimental data

- global shift & and rate i = elio-2]t

u= ()
5. Group of species in fixed proportion
- global shift @ and rate o

= e[i(?kat t
u

= uy Gy,
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tral resolution is insufficient (e.g. when analyzing sugar mixtures
with benchtop instruments).

Fortunately, we observe that, at least for some species, model-
ing deviations in individual peaks independently is often not neces-
sary. Our analysis of sugar solutions with pH ranging from 1.2 to 10
(see Section 5.1.2), as well as multiple experiments with natural
fruit juices, reveal that peaks of glucose, fructose, and sucrose do
not move notably relative to each other. However, their location
as a group on the chemical shift scale may change (particularly
when there is no unambiguous reference to set the 0 ppm mark).
This suggests that when fitting signal models to datasets of certain
chemical mixtures, to account for the move of the entire group of
peaks, one may simply offset all chemical shifts in the QM model
by the same amount @. Since such shift deviations are negligible
comparing to the absolute resonance frequencies, they do not
affect corresponding coupling patterns. Therefore, computationally
demanding QM simulations can be performed only once for some
values in the middle of the range, and then the entire resulting
spectrum is shifted accordingly to fit the observations. Further-
more, line-broadening caused by the loss of magnetic field homo-
geneity is likely to affect all peaks in the spectrum as well, and thus
can be taken into account by controlling the widths of all peaks
simultaneously with a single higher-level parameter. If a reference
model is generated with any of the methods discussed above, mov-
ing its peaks by @ and applying Lorentzian broadening of rate & is
easily achieved by multiplying the modeled FID with a decaying

im—o|t

harmonic signal, u = e[

By extension, one may even combine models of separate chem-
icals and adjust them simultaneously if desired (see item 5 in
Table 1). For example, if in a measured spectrum, all peaks of both
anomers of glucose are shifted by the same amount with respect to
their database values, this deviation is corrected by adjusting a sin-
gle parameter @ instead of fourteen chemical shifts. Such aggrega-
tion tremendously reduces the effective dimension of the
parameter space and facilitates model fitting. Nevertheless, we
note that other molecules or their specific functional groups may
show higher deviation of chemical shifts and J-couplings as a
response to changing conditions. Thus, we reserve the option to
fine tune these parameters individually, if necessary, after suitable
values of the global @ and & have been found. Such adjustments
are useful, for example, when analyzing the content of organic
acids using high resolution spectra of fruit juices (see
Section 5.2.3).

To summarize, there are at least four distinct ways to specify a
chemical specie as a model NMR signal dependent on a set of input
parameters. Importantly, all these types of reference signals are
equivalent from the point of view of the model for a chemical mix-
ture given by Eq. (1); the choice of a suitable representation mainly
depends on the nature of a particular chemical specie and a given
application.

4. Materials and methods

In this work, we use samples of two kinds: controlled mixtures
of sugars and samples of natural fruit juices. Solid mixtures of glu-
cose, fructose, and sucrose were prepared gravimetrically and dis-
solved in 100% deionized H,O. Glucose and sucrose were
purchased from Thermo Fisher Scientific Australia/New Zealand,
and fructose was purchased from Ajax Finechem; the purities of
components specified by the manufacturers are > 99.0%. Mettler
Toledo AX205 balance with instrument accuracy of 0.1 mg (pro-
vided in the calibration protocol of the manufacturer) was used
to prepare ~4-5g of each solid mixture; water was added to
obtain 15 mL of the resulting solutions (which, depending on the
ratio of sugars, corresponds to molarity of ~ 1 M).

Fruit juice samples were prepared fresh and filtered using a
Millex syringe filter unit with 0.22 pm pore size to reduce turbid-
ity. No pasteurization or pH equilibration was performed to avoid
altering the natural composition of the samples. For the same rea-
son, no deuterated water was added to the samples.

The measurements were performed on two NMR spectrome-
ters: a medium-field Magritek Spinsolve benchtop system operat-
ing at a 'H frequency of 43.6 MHz and on a 400 MHz Agilent
400MR spectrometer equipped with a OneNMR probe. On the
benchtop system, 'H FID signals were acquired with 32768 points
and dwell time of 200 ps using a one-pulse sequence with pulse
angle of 90°; datasets with variable numbers of scans were
acquired with repetition time of up to 60s. Likewise, on the
high-field instrument, we acquired 16384 time points with dwell
time of 312.5 ps and pulse angle of 45°. Furthermore, a coaxial cap-
illary insert containing D,0 and DSS was used to establish a lock
signal for the high-field spectrometer and provide a chemical shift
reference.

Our proposed method, including the evaluation and fitting of
QM models, was implemented in Python 3.5. Model parameters
were optimized using the SciPy implementation of the L-BFGS-B
algorithm with basin-hopping [40]. Given found estimates of com-
ponents’ intensities C;, we compute and report their respective
mole fractions as ¥y = Ck?. Comparative quantification of high-

Kk

field datasets of controlled mixtures was performed in Mest
ReNova (Mnova) ver. 12.0.2. The global automatic phase correction
and multi-point baseline correction algorithms were used followed
by manual adjustment where necessary. The amounts of glucose
and sucrose were determined by integration of peaks of the
anomeric protons (located at 5.2 ppm and 5.4 ppm respectively);
the amount of fructose was calculated as a difference based on
the integral in the 3.15-4.25 ppm range.

5. Results and discussion
5.1. Quantitative analysis of sugar mixtures

To demonstrate the practicality of our proposed model-based
approach, we perform quantitative analysis of glucose, fructose,
and sucrose mixtures in water. High-field NMR spectroscopy has
been proven an excellent technique for analyzing compositions
of various food samples [1,2] as well as in numerous conforma-
tional studies of carbohydrates [41-43]. However, relatively high
complexity of NMR spectra of most sugars largely precludes the
traditional peak integration analysis especially of data observed
on medium-field benchtop instruments. Moreover, the water peak
located closely to the spectra of sugars significantly distorts the
baseline and further complicates the analysis. Since the proposed
model-based approach is less sensitive to peak overlaps, this
important problem is a perfect case study to test our method.

In addition to the relatively high number of coupled protons
(6-7 in most monosaccharides), another complicating considera-
tion is that reducing sugars, of which glucose and fructose are
two common examples, exist in solutions in several tautomeric
forms. For example, o- and p-glucopyranose, under normal condi-
tions account for approximately 37.5% and 62.5% of glucose in
aqueous solutions, respectively [42]. For fructose, four tautomers,
namely o- and p-fructopyranose and «- and pB-fructofuranose,
can be observed in solution in considerable amounts
(2.67%,68.23%,6.24%,22.35%, respectively in tautomeric equilib-
rium at 20 °C [43]). We disregard the intermediate open aldehyde
form, which typically accounts for only 0.05% of fructose in solu-
tion. The tautomeric differences in the molecular structure affect
magnetic shielding of even distant protons and thus alter their
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chemical shifts and J-coupling constants. As a result, these different
isomers are distinguished by NMR spectroscopy and thus need to
be modeled separately with their own reference models.

In what follows, we briefly describe the specifics of our pro-
posed algorithmic approach for quantification of sugar mixtures
and build reference models for isomers of glucose, fructose, and
sucrose.

5.1.1. Implementation of reference models of sugars

To apply our quantification method to mixtures of sugars, we
need to define reference signals for each isomer, which we then
match with the observed data to determine their relative fractions
in solution. For this task, we use the quantum mechanical descrip-
tion of the spin systems as outlined in Section 3.2 and specifically
rely on its property of field-invariance.

For the purpose of analyzing 'H NMR datasets, we model each
isomer of the considered sugars as a spin system of 7 coupled pro-
tons. We regard a molecule of sucrose as being composed of two
uncoupled moieties, glucose and fructose, present in equal
amounts and model them with separate QM formulations. Thus,
for each spin system we need to estimate 7 chemical shifts and
6-7 J-coupling constants to completely specify the model of an
isomer. These parameters have been previously assigned using
high-field NMR data and are reported in the literature [41-43].
However, differences in experimental conditions in these sources
(e.g. presence and amount of D,0 in solutions added to provide a
lock signal for the spectrometer) may notably affect the reported
chemical shifts and are difficult to account for consistently. To
avoid these inaccuracies and confirm the parameter values, we
acquire spectra of ~ 0.5 M pure sugar solutions in 100% deionized
water on a 400 MHz spectrometer, generate QM model signals for
each case using Eq. (7) and fine-tune their parameters. The found
values are listed for each studied isomer in Appendix B and agree
with the assignments reported elsewhere [41-45]. The top panel
in Fig. 3 compares the generated models of glucose isomers with
experimental spectra of an equilibrated solution of pure glucose
measured on a high-field spectrometer. We observe a good match
between the models and experimental spectrum with an rms
residual of 0.067, which is 30 times lower than the average height
of the glucose peaks (= 2.0). Similarly, we obtain models for the
four most abundant isomers of fructose (Fig. 4) and the two com-
ponents of sucrose (Fig. 5), which also closely match the experi-
mental spectra.

To validate the obtained models for analyzing lower-field data,
we collect 'H spectra of the same three samples of pure sugars
with a benchtop instrument. Using the proton chemical shifts
and J-coupling constants measured at high field, we generate sig-
nal models corresponding to the 43 MHz operating frequency
and fit them to the data by adjusting only the position of the entire
group of peaks. Bottom panels in Figs. 3-5 demonstrate the
observed benchtop data and the fitted models. Notably, resonances
attributed to different protons can no longer be separated in these
spectra. Instead, we observe an ensemble of closely spaced and
highly overlapping peaks corresponding to different quantum tran-
sitions of these large spin systems. To simplify fitting of low reso-
lution data, the widths of all peaks of each specie are assumed to be
equal; we find oo =1.0s"! for fructose, 2.3 s~! for glucose, and
3.4 57! for sucrose. When analyzing mixtures of three sugars, we
use these values to initialize the fitting, but adjust them simultane-
ously with a single top level parameter .

Benchtop NMR spectra typically have lower SNR than tradi-
tional high field data and are often thought to have poorer line-
shape. However, the lineshape imperfections seen in the
benchtop NMR data in Figs. 3-5 are not due to inhomogeneity of
the magnetic field but rather arise from the different quantum
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Fig. 3. Modeling the reference spectra of glucose at 400 MHz (top) and 43 MHz
(bottom). The water peak fitted with our model was subtracted from the spectrum
in this figure for clarity. Panels under each plot show the residual signals after
model fitting.
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Fig. 4. Modeling the reference spectra of fructose at 400 MHz (top) and 43 MHz
(bottom). The water peak fitted with our model was subtracted from the spectrum
in this figure for clarity.

transitions of these large spin systems. To illustrate this, Fig. 6 dis-
plays the modeled resonances for the isomers of glucose. Clearly,
assymetry of peaks and small bumps near the baseline observed
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Fig. 5. Modeling the reference spectra of sucrose at 400 MHz (top) and 43 MHz
(bottom). The green dashed line in the 43 MHz spectrum corresponds to the fitted
water peak. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
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Fig. 6. Separate quantum transition peaks comprising spectra of glucose at high
(top) and medium (bottom) field strength. Note that lineshape imperfections
observed in the benchtop data, such as peak asymmetries and small bumps near the
baseline, are well explained by superposition of multiple resonances.

in the experimental spectra are a result of superposition of the
transition peaks. They are well explained and fitted by our QM
models transferred to the medium field, which achieves rms of
the residual of only 0.036 - two orders of magnitude lower than
the dynamic range of the glucose peaks (~ 2.0) and four orders
of magnitude lower than the height of the neighbouring water
peak (262.5, not shown in Fig. 3).

Finally, having a model for each sugar isomer, we use our pro-
posed method to quantify their relative concentrations in solutions

measured with high and medium field strength spectrometers. The
obtained results are compared in Table 2 with their reference val-
ues found in the literature ([42] for glucose and [43] for fructose)
or the ground truth (for sucrose). Our method achieves error of
no more than 1% in relative concentrations of isomers with
medium-field and less than 0.5% with high-field data. The reported
95% confidence intervals are computed with Eq. (6), where we
estimate ¢ based on the difference between the measured data
and the fitted model. Thus, in addition to the effect of noise, the
estimated uncertainties include the effect of slight model misfit
due to possible errors in model parameters. Notably, our estimates
obtained at both field strengths have comparable confidence
bounds. We discuss the implications of different error sources on
the final accuracy of estimation in the next section and extend
our analysis to quantification of mixtures of sugars.

5.1.2. Outline of our computational approach

To apply the principles of model-based quantification to the
analysis of sugar mixtures with benchtop NMR, we rely on the field
invariance property of QM models described in Section 3.2. We
assume that chemical shifts and J-couplings obtained using well
resolved high-field data remain unchanged in different samples.
Thus, models of spin systems defined with these values can be
transferred to lower field strengths and immediately used to ana-
lyze benchtop data without any fine-tuning. Indeed, our analysis
of sugar solutions with pH varying from 1.2 to 10 (see Fig. 7)
reveals that deviations in positions of individual peaks occur only
at extreme pH. Experiments with multiple samples of natural fruit
juices in Section 5.2.3, whose pH range from 2.2 for lime juice to
4.6 for mango juice, corroborate the assumption that peaks of
the studied sugars do not shift noticeably with respect to each
other, and their spectra are effectively fixed. However, we allow
changes in widths and positions of all peaks simultaneously when
fitting models for each particular experiment.

Furthermore, to estimate possible errors due to model misfit,
we run the following numerical simulation. Using the values listed
in Table 4 in Appendix B, we generate synthetic signals for the mix-
ture of glucose isomers taken in equal amounts at 400 and 43 MHz
TH spectrometer frequencies. We then apply our quantification
method to these synthetic signals. To simulate the uncertainty in
the experimental parameters, we randomly deviate all chemical
shifts in the model with respect to the “true” values used to gener-
ate the data. Interestingly, the same deviation in chemical shift
leads to much higher discrepancy between the model and the data
at higher operating frequency than at 43 MHz as shown in Fig. 8,
which agrees with similar recent findings in [46]. Consequently,
all other conditions being equal, model-based quantification of
benchtop data is more robust to inaccuracies in chemical shifts
of the peaks (e.g. as a result of changing pH) than its higher reso-
lution 400 MHz counterpart. Model errors such as these will give

Table 2

Relative equilibrium concentrations of sugar isomers in aqueous solutions found with
our method using data from 400 MHz spectrometer to 43 MHz benchtop instrument;
the estimates are reported along with their 95% confidence intervals.

Reference 400 MHz 43 MHz
o-GP 0.375 0.37340.007 0.379-+0.006
B-GP 0.625 0.627+0.009 0.621+0.007
o-FF 0.062 0.051+0.005 0.053+0.008
B-FF 0.224 0.228+0.007 0.241+0.010
o-FP 0.027 0.023+0.007 0.019+0.009
B-FP 0.682 0.698+0.011 0.688+0.016
Su-F 0.5 0.498+0.006 0.502+0.005
Su-G 0.5 0.502-+0.006 0.498-+0.005
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Fig. 7. Spectra of 0.3 M glucose samples with varying pH; the chemical shift scale is
positioned to match the anomeric doublet at 5.07 ppm. Note that changes in the
spectra due to moving peaks occur only at the extreme pH of 1.2. In the pH range of
most fruit juices (2.2...4.6), positions of the glucose peaks can be considered fixed.
Similar results are observed for fructose and sucrose as well.

a lower limit on the estimated error that cannot be removed even
with improvement in the SNR of the measured data, but can be
mitigated by additional fitting of underlying model parameters
where possible.

On the other hand, the uncertainty in the estimates inevitably
increases at lower field strength due to significantly reduced spec-
tral resolution. The effects of peak overlap on the estimation accu-
racy can be conveniently quantified with Eq. (6) assuming fixed
variance of noise ¢? = 1. Using datasets simulated at various field
strengths, we plot in Fig. 9 the average estimated values of devia-
tions of component intensities, ¢ =} 3", C, for mixtures of isomers
of glucose and fructose and also for the two components of sucrose
modeled separately. As expected, the analysis of mixtures of four
fructose isomers is a more challenging problem with higher asso-
ciated uncertainty than the quantification of binary mixtures of
glucose isomers or sucrose components. In the latter cases, the
non-overlapping peaks of anomeric protons in spectra of glucose
located further downfield from the main group of peaks allow us
to achieve more accurate quantification. Furthermore, the
expected estimation error due to peak overlap increases almost
twofold at 43 MHz comparing to the corresponding 400 MHz cases.
Importantly, these simulations assume that the true chemical
shifts and J-couplings are known. With experimental data, their
estimation inevitably contributes to additional errors. Since
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Fig. 9. Average deviation of intensity estimates due to peak overlap expected with
our model-based quantification approach at varying field strength. The solid lines
correspond to estimating relative concentrations of isomers of glucose and fructose
as well as the two components of sucrose; the dashed line is for the case of
analyzing mixtures of the three sugars (while holding ratios of their isomers fixed in
the models).

high-field models are more sensitive to the accuracy of parameters,
their resulting uncertainty is comparable to that of the values
obtained at 43 MHz, as we observe in Table 2.

In most applications, the combined amount of all isomers of a
specific sugar is of primary interest. Since the equilibrium concen-
trations of different isomers c; are known (see Table 2), we define a
(group) reference model for each sugar as a sum of models of its
isomers u; included in fixed proportion, u = "¢y, Similarly, we
model two moieties of sucrose separately and then combine them
in equal ratios. Thus, when processing complex mixtures, such as
fruit juices, we effectively reduce the number of degrees of free-
dom, which facilitates model fitting, and directly quantify the total
amount of each sugar. As shown in Fig. 9, we may expect average
uncertainties in quantifying mixtures of the three sugars to be
comparable to the analysis of fructose isomers or the sucrose
moieties.

Finally, to model the peak of water, we use a single Lorentzian
centered at =~ 4.75 ppm, but without an intention to quantify it.
Instead, we restrict fitting to a narrow region of interest that
includes only spectra of sugars (namely ~3.0-4.0 ppm and also
5.2-5.5 ppm in high-field data to include the peaks of anomeric
protons). Thus only the shoulders of the water peak are fitted,
which serves the purpose of baseline correction for the analysis
of much weaker sugar components.

5.2. Quantification results

In this subsection, we present results of quantitative analysis of
sugar mixtures with our method using benchtop NMR data. First
we look at the ability of our method to distinguish between
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Fig. 8. Differences between peaks of the anomeric proton in modeled spectra of g-Glucopyranose as a result of a chemical shift deviation by 0.01 ppm simulated for 400 MHz
(left) and 43 MHz (middle) spectrometer frequencies. Right: The estimation error as a function of deviation in chemical shifts between the model and the data; chemical shifts
of all protons in the models are offset by random amounts from their values used to generate simulated data.
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different isomers of glucose. Then we process data of mixtures
with known compositions, and finally look at the analysis of natu-
ral fruit juice samples.

5.2.1. Monitoring interconversion of glucose in H,0

The ability of NMR spectroscopy to distinguish different struc-
tural isomers makes it an important tool for studying kinetics of
interconversion reactions of reducing sugars [47,48]. For example,
a-glucopyranose, upon dissolving in water, undergoes conversion
into its p- form until the equilibrium at approximately 37.5 : 62.5
in the respective mole fractions is reached [49]. The rate of reac-
tion, determined by fitting a mono-exponential model, is highly
dependent on experimental conditions, primarily the temperature.
Due to the difference of optical properties of the glucose isomers,
their interconversion has been traditionally studied with polari-
metric methods. However, NMR provides a convenient alternative
potentially applicable in more general cases for studying structural
changes in other species.

In high-field NMR spectroscopy, the amounts of glucose isomers
are typically quantified by integrating the peaks of the anomeric
proton that occur at 5.2 and 4.6 ppm for «- and g- forms respec-
tively (see Fig. 6). Unfortunately, they are often obstructed by the
much stronger peak of water at ~ 4.75 ppm, which distorts the
baseline and complicates integration. The use of deuterated sol-
vent alleviates this problem, but notably slows down the reaction,
which may be undesirable. Likewise, water suppression techniques
inevitably introduce scaling into the acquired spectrum reducing
the accuracy of quantification and thus should be avoided if possi-
ble. The spectrum resolution is further reduced at lower field
strengths of benchtop NMR; separate anomeric peaks can no
longer be clearly observed and integrated, which makes signal
modeling methods the only viable option for quantification.

In our experiment, we prepare a 0.5 M solution of glucose in
100% deionized H,0, immediately place it into a sample tube,
and transfer it to the benchtop instrument. A series of spectra
was acquired at 45 s intervals over the course of several hours.
The temperature inside the bore of the magnet was kept at approx-
imately 30 °C.

The left panel in Fig. 10 shows an overlay of the acquired spec-
tra. In each spectral plane, we estimate relative concentrations of
the glucose isomers with our method and plot the found results
with respect to the reaction time in the right panel of the figure.
The rate constant estimated as the parameter of the fitted mono-

exponential law was found to be 5.5 x 10 s~!, which is within
the range of reported reference values [49]. While SNR in this data-
set is relatively high (the ratio of the height of glucose peaks to the
standard deviation of noise is ~ 10), the close proximity of the sig-
nificantly more intense water peak notably distorts the baseline
and complicates quantification. Despite these challenges, our
method achieves stable reconstruction with low deviation of esti-
mates from the underlying exponential model of the experiment.

5.2.2. Quantification of controlled mixtures

In the next series of experiments we extend our method to
quantification of ternary mixtures of glucose, fructose, and sucrose
in varying relative concentrations in pure deionized H,0. We col-
lect data for each sample on both medium and high-field spec-
trometers. In our analysis, we use the model signals designed in
Section 5.1.1 and only adjust their global position and peak width
simultaneously for all three sugars. The relative concentrations of
different isomers of fructose and glucose are fixed at their refer-
ence values reported in Section 5.1.1. To account for the baseline
distortions caused by the shoulders of the water peak, we fit its
position and width, but we do not quantify the water amount.
Finally, we also process the high-field data using peak integration.

Peak integration is not possible for the low-field data due to exten-
sive peak overlap.

The results of quantification are summarized in Fig. 11 and
compared to the relative concentrations estimated gravimetrically;
their deviations averaged across the samples for each species are
listed in Table 3. The uncertainties in the gravimetric mole frac-
tions are determined by means of error propagation based on the
accuracy of laboratory balances and are expected to be no more

than 10~* mol/mol. The values estimated with our method are
equipped with respective 95% confidence intervals tighter than
0.01 mol/mol for the benchtop and 0.01-0.02 mol/mol for the
high-field data (or 1% and 1-2% respectively). Notably, the results
of our model-based analysis of the benchtop data are comparable
and often better then those obtained with the high-field spectrom-
eter. Slightly higher than expected average deviations observed in
Table 3 for both methods can be attributed primarily to an imper-
fect fit of model signals. Specifically, accurate estimation of chem-
ical shifts and J-coupling constants of fructose is notably
challenging even with well-resolved high-field data due to signifi-
cant overlaps of the spectra of its multiple isomers. Furthermore,
closely located peaks of coupled protons - for example, Hg, and
Hgp, in sucrose (see Table 4 in Appendix B) - are extremely sensitive
to misspecification of their parameter values. These imperfect
input models inevitably contribute to the final quantification error.
Thus, Eq. (6) is regarded here as a lower bound on the confidence
intervals of quantification. More comprehensive analysis of the
contribution of uncertainty in specific model parameters to the
final accuracy of estimation can be performed in a probabilistic set-
ting and is a topic of ongoing research [25]. Finally, the results of
peak integration are strongly affected by the quality of baseline
correction in the vicinity of the water peak and also the necessity
to estimate the integral of fructose as a difference due to the peak
overlap.

5.2.3. Composition analysis of fruit juices

Finally, in this section we analyze compositions of natural fruit
juices with our model-based approach. Several samples of juices
prepared from fresh fruit are measured on a high-field 400 MHz
spectrometer as well as a benchtop instrument, approximately
one week later. An example of acquired spectra on both instru-
ments along with models fitted to them are shown in Fig. 12.

We estimate the amounts of glucose, sucrose, and fructose as
described in Section 5.1.2 and plot the relative mole fractions on
ternary diagrams in Fig. 13. Each circle represents a separate sam-
ple; their radii are proportional to the total amounts of sugars esti-
mated approximately with respect to the absolute intensity of the
acquired signals. Furthermore, in addition to the three sugars, we
quantify the ratio of predominant acids (malic and citric) and indi-
cate it with pie charts for each sample.

One can immediately note the strong agreement between data
from the high-field and benchtop instruments: for example differ-
ences among apples of several varieties are consistent in both data-
sets. Similarly, citrus fruit and grape juices occur in the
corresponding regions of the diagrams with similar total amounts
of sugars. While the spectra of sugars remain stable with varying
pH, in our study, we observe that chemical shifts of peaks of citric
and malic acids deviate notably among multiple samples of juices.
In addition to their typically lower concentration, this increases the
resulting uncertainty. Nevertheless, the estimated mole fractions
of the two predominant acids are consistent between the spec-
trometers, except in a few cases.

Furthermore, a sample of bottled apple juice measured twice
approximately six months apart (bottom left corner of the dia-
grams) shows a decrease in the amount of sucrose as the juice fer-
mented. Similar changes occur with the yellow kiwifruit juice: this
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Fig. 10. Monitoring glucose interconversion with benchtop NMR. Left: The acquired data array overlayed in a single plot. Right: The result of exponential fitting to the
quantified mole fractions of glucose isomers. The notable deviation of the first point from the fitted model is supposedly caused by equilibration of temperature immediately

upon placing the sample into the spectrometer.
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Fig. 11. Quantitative analysis of controlled sugar mixtures. For each sample, from
left to right, results of our method with data acquired on a benchtop (43 MHz) and a
high-field (400 MHz) spectrometers, and results of the conventional peak integra-
tion of the high-field spectra. Horizontal bars indicate gravimetrically estimated
values of mole fractions.

sample was measured on the high-field spectrometer immediately
after preparation but only two weeks later with the benchtop
instrument. This suggests the potential of portable benchtop
instruments for accurate on-line monitoring of fermentation reac-
tions, which are of great importance in the food industry.

Finally, in the central panel of Fig. 13, we show a similar dia-
gram for composition of some fruit juices using data from the
Nutrition Database of the US Department of Agriculture [50]. These
reference values support the findings of our analysis.

6. Conclusions

This paper presents a novel method for quantitative analysis of
low-resolution NMR data acquired on benchtop instruments. Our
model is formulated in terms of quantum mechanical parameters
of the underlying spin systems and is inherently field-invariant:
the same values of chemical shifts and J-coupling constants easily
evaluated with well resolved high-field spectra faithfully represent
data acquired at medium-field strength. Furthermore, possible
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Fig. 12. Examples of spectra of a juice (yellow kiwi) acquired at different field
strengths along with fitted models of sugars and two acids. The residual signals
between the models and the data are shown beneath each graph. (For interpre-
tation of the references to color in this figure legend, the reader is referred to the
web version of this article.)

Average deviations of estimated mole fractions from gravimetric values (expressed in percents of total amounts) in the analysis of ternary sugar mixtures quantified with our

proposed model-based approach and with the traditional peak integration.

Glucose Fructose Sucrose Avg.

43 MHz 1.70 0.55 1.62 1.29

Model-based 400 MHz 271 1.48 128 1.83
Integration 2.52 1.17 1.38 1.69
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Fig. 13. Results of analyzing compositions of different natural fruit juices with high-field (left) and benchtop (right) spectrometers. The position of each circle on the ternary
diagrams encodes the relative mole fraction of the three sugars, and its radius is proportional to the total amount of sugars. The estimated fractions of citric and malic acids
are indicated with pie charts for each sample. Reference values for some juices from the Nutrient Database of the US Department of Agriculture are given in the middle [50].

chemical shift variations due to differences in experimental condi-
tions are typically less pronounced in benchtop data, which makes
our method particularly appealing in these cases.

Our quantitative analysis of unbuffered sugar mixtures in water
- a challenging problem even for high-field NMR - yields accuracy
of up to 0.02 mol/mol for concentrations of major sugars measured
with a benchtop instrument. It is comparable to the conventional
approach of peak integration, which however, requires spectra of
sufficient resolution and is inapplicable for the benchtop data. A
formal study of contribution of uncertainties in model parameters
to the overall accuracy of quantification is a topic of ongoing
research.
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Appendix A

This section provides necessary detail about the functional rela-

tion f® between the free QM parameters of a spin system — spin
chemical shifts 6 and J-couplings J - and the positions and intensi-
ties of the resulting peaks in the spectrum as defined in Eq. (7).
With a notable exception of the simplest AB system of two coupled
spins, f cannot be expressed explicitly in closed form. Instead,
we use the matrix formalism for representation of angular momen-
tum operators and diagonalize the Hamiltonian of the spin system
directly [36]. The Hamiltonian matrix H is defined as a sum of the
chemical shift (Zeeman) H; and coupling terms H; as:

H = H;+H
= —2m302[1—«ss]lz<s>

+27TZJW )LL) + L)L),

$,5'>s

8)

where the indexes s and s’ run over all spins in the system and
I;,1,,I, denote their respective Cartesian spin operators; 7y is a

gyromagnetic ratio and By is the magnetic field strength in T [35].
For a system of n spins, we define the above operators as Kronecker

tensor products of series of n C2*? matrices:
L(1)=0x®0y...00,
I(2) =00® 0x...00,

L(s)=00®0g...0x...00,

with similar equations for I, and I,, where ¢, and g, 0y, and o, are
the identity operator and the three Pauli matrices respectively:

10 0 —i
0o = s O'y: s

01 i 0

01 1 0
Ox = , O0z=

10 0 -1

That is, for each s = 1,...,n, in the sequence of Kronecker products
0o ® 0o ® ... ® 0Op, the sth term is substituded with a certain Pauli
matrix resulting in the corresponding 2" x 2" operator, IL(s),I,(s),
or I(s).

Each eigenpair (hg,1;) of the diagonalized Hamiltonian
H= Zqiqhqh; corresponds to a certain quantum state from
oo...o0 to Bf...p in the decreasing order of eigenvalues 7, for
q=1,...,2" If the transition from state q' to state q” is allowed,
i.e. if an odd number of spins flip their state, the frequency of the
corresponding resonance is found as w, = 27(yBy + 4y — Z¢'), and

2
the intensity of the peak is b, = [hz,hq”] .

Appendix B

See Table 4 and Fig. 14.
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Table 4

Chemical shifts with respect to DSS (top row in normal font) and three-bond J-coupling constants (bottom row, in italic font) used to generate model signals for the isomers of
studied sugars: o- and p-Glucopyranose (GP), o- and g-Fructofuranose (FF), a- and p-Fructopyranose (FP), and the two moeities of Sucrose, Su-F and Su-G.

Hy Hiq Hip Hy Hs Hy Hs Heq Hep
3]1—2 3]]!17117 3]2—3 3]374 3]4—5 3.’57611 3]575b 3.]6(17617
o-GP 5.230 3.531 3.709 3.408 3.824 3.840 3.764
3.817 9.732 9.336 10357 1.870 5.349 —12.129
p-GP 4.641 3.239 3.483 3.401 3.459 3.896 3.722
8.326 9.158 9.389 9.604 2.001 5.962 —12.419
o-FF 3.646 3.658 4.105 3.993 4.054 3.817 3.695
—12.090 4.220 7.244 3.043 5.508 —11.900
p-FF 3.590 3.551 4.108 4.105 3.822 3.799 3.674
—12.350 8.500 7.572 2.976 6.368 —12.660
o-FP 3.707 3.650 4.033 3.941 3.863 3.857 3.707
—11.680 6.729 2.954 1.574 2.550 —12.790
p-FP 3.708 3.560 3.792 3.891 3.995 4.017 3.701
—11.730 9.978 3.554 1.121 1.753 —12.930
Su-F 3.676 3.676 4.211 4.044 3.884 3.828 3.809
—12.500 8.751 8.469 2.723 6.952 —12.310
Su-G 5.440 3.558 3.756 3.470 3.832 3.816 3.818
3.350 9.997 9.076 10.130 2.244 4.329 —14.440
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Fig. 14. Structural formulas of the studied isomers of sugars.
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