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HIGHLIGHTS GRAPHICAL ABSTRACT

e Chemometric models based on IR spec-
troscopy data were developed for the
analysis of mixtures of sugars.

e The compositions of mixtures of up to 5
sugars were estimated successfully at
semi-quantitative level.

e Novel method based on the PCA scores
along the most significant PCs, used as
barycentric compositional coordinates.

e The new method is practical, fast, sim-
ple to implement and can be applied
even in absence of data for the pure

components.
o The method can used for the semi- i

quantitative analysis of other types of U e

mixtures and applicable to other types

of data.
ARTICLE INFO ABSTRACT
Keywords: Sugars (saccharides) are sweet-tasting carbohydrates that are abundant in foods and play very important roles in
S§CCharides living organisms, particularly as sources and stores of energy, and as structural elements in cellular membranes.
Mixtures ) o They are desirable therapeutic targets, as they participate in multiple metabolic processes as fundamental ele-
g;gl_l;tlge/ semi-quantitative analyses ments. However, the physicochemical characterization of sugars is a challenging task, mostly due to the struc-

PCA scores plots tural similarity shared by the large diversity of compounds of this family. The need for fast, accurate enough, and
MCR-ALS cost-effective analytical methods for these substances is of extreme relevance, in particular because of the
recently increasing importance of carbohydrates in Medicine and food industry. With this in view, this work
focused on the development of chemometric models for semi-quantitative analysis of samples of different types of
sugars (glucose, galactose, mannitol, sorbose and fructose) using infrared spectra as data, as an example of
application of a novel approach, where the Principal Component Analysis (PCA) score plots are used to estimate
the composition (weight-%) of the mixtures of the sugars. In these plots, polygonal geometric shapes emerge in
the vectorial space of the most significant principal components, that allow grouping different types of samples
on the vertices, edges, faces and interior of the polygons according to the composition of the samples. This
approach was applied successfully to mixtures of up to 5 sugars and shown to appropriately extract the
compositional information from the hyper-redundant complex spectral data. Thought the method has been
applied here to a specific problem, it shall be considered as a general procedure for the semi-quantitative analysis
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of other types of mixtures and applicable to other types of data reflecting their composition. In fact, the meth-
odology appears as an efficient tool to solve three main general problems: (i) use hyper-redundant (in variables)
data, as spectral information, directly and with minimum pre-treatment, to evaluate semi-quantitatively the
composition of mixtures; (ii) do this for systems which produce data that can be considered rather similar; and
(iii) do it for a number of substances present in the mixtures that might be greater than that usually considered in
chemistry, which in general is limited to 3 components. In addition, this work also demonstrates that, similarly to
the developed analysis based on the PCA score plots, the Multivariate Curve Resolution with Alternating Least
Squares (MCR-ALS) chemometric method can also be used successfully for the qualitative (when used without
any previous knowledge of the components present in the samples) or semi-quantitative (when the pure com-
ponents spectral profiles are provided as references) analyses of mixtures of (at least) up to 5 distinct sugars.

1. Introduction

Carbohydrates are among the main products of photosynthesis, but
their biological importance is not only connected with their participa-
tion in energy-related functions. They are also present on the external
surface of cell membranes, acting as structural elements that provide
rigidity and support to plant cells and form the exoskeletons of arthro-
pods, and work as receptors and signalers [1]. They are also components
in the structure of the nucleic acids, forming the backbone of their
characteristic helical structures [1]. Carbohydrates play a crucial role in
the nutrition of living beings, counting human diet, being found in a
wide variety of nourishments, including grains, cereals, legumes, vege-
tables and fruits [2].

One of the distinct groups of carbohydrates is that of sugars (sac-
charides), which include mono-, di-, oligo- and polysaccharides [3].
Monosaccharides, such as glucose, fructose and galactose, are the
simplest carbohydrates, while disaccharides, such as sucrose, lactose
and maltose, are formed by the combination of two monosaccharides.
Oligo- and polysaccharides, on the other hand, are larger molecules
composed of several monosaccharides (3-10 in the first case, more than
10 in the second) linked together by glycosidic bonds, as it is the case of
raffinose, amylose and cellulose [4]. Sugars provide energy (calories),
which corresponds to an essential nutritional requirement for living
organisms. Nevertheless, excessive sugar consumption can lead to severe
diseases, in particular diabetes mellitus, and has been one of the main
factors contributing to the continued increase of obesity worldwide [5].

The physicochemical characterization of sugars is a challenging task,
mostly due to the structural similarity shared by a large diversity of
compounds of this family. Even in the case of the simplest mono-
saccharides, structural differences can be as subtle as stereochemical
details resulting, for example, from a different position or orientation of
a single OH group, which leads to the existence of isomers, including
enantiomers. Indeed, given the simultaneous presence of multiple OH
groups in the sugar structures, this type of structural variations can give
rise to a large number of different compounds sharing many common
structural features. This is also true for more complex polysaccharides,
for which one has to consider also the numerous possible ways of
combination of their constituting monosaccharide units [5]. Due to the
close structural similarity exhibited by sugars within all their diversity,
the need for efficient, fast and cheap types of analytical methods for
these substances is of extreme relevance, in particular because of the
recently increasing importance of carbohydrates in Medicine and food
industry [6].

Details regarding current methods for the chemical analysis of car-
bohydrates based on different techniques can be found in various recent
publications [3,6-16].

Infrared (IR) spectroscopy is widely used as one of the primary
spectroscopic tools for the structural study as well as qualitative/semi-
quantitative and quantitative analyses of many different types of ma-
terials, including simple biological molecules and biopolymers. It is a
fast, inexpensive and sensitive method, with sampling techniques
available that can be tuned to the type of material under investigation. It
is considered a valuable technique for research and quality control in the
food industry, particularly because it provides insights into the

relationship between the structure and properties of substances, while
serving also as a compositional analysis tool [6-8].

Due to the extensive information present in infrared spectra, their
interpretation frequently requires the use of multivariate statistical
methods (or chemometrics), which act as powerful data analysis auxil-
iary tools, enabling the organization, classification and quantification of
the acquired spectroscopic data [17,18]. Among these methods, the
Principal Component Analysis (PCA) is a well-established method that
allows data reduction, outlier samples’ detection, and samples catego-
rization [19-24]. PCA is a linear projection method frequently employed
in exploratory non-supervised data analysis that allows reducing data
dimensionality by generating new uncorrelated variables (referred to as
principal components, PCs) from the original variables set [19-24]. In
the practice, PCA projects multivariate data into a new system of co-
ordinates that maximize the variance in the dataset, expressing the re-
sults in terms of simple two- or three-dimensional graphs (scores plots).
Another chemometric method that has been extensively employed in
chemical analysis is the Multivariate Curve Resolution with Alternating
Least Squares (MCR-ALS) method [25,26]. This method is effective for
monitoring mixtures of compounds, by mathematically decomposing
instrumental responses into pure contributions from each component
present in the system. Through this approach, it becomes possible to
identify and quantify constituents within a sample, particularly when
their experimental separation (chemical or physical) is not readily
achievable, a frequently occurring scenario when dealing with complex
samples or partially unknown chemical processes. As a result, MCR-ALS
provides estimations of the concentration profile of each component of a
mixture of substances, alongside with its respective instrumental
response (e.g., a spectrum). This approach has proven to be very effec-
tive across a wide range of applications [26].

The objective of the present article is to introduce a new strategy
applicable to solve three main general problems: (i) use hyper-
redundant (in variables) data, as infrared spectral information,
directly and with minimum pre-treatment, to evaluate semi-
quantitatively the composition of mixtures; (ii) do this for systems
which produce data that can be considered rather similar, like sugars;
and (iii) do it for a number of substances present in the mixtures that
might be greater than that usually considered in chemistry, which in
general is limited to 3 components. PCA and MCR-ALS chemometric
methods are used to perform the data analysis, with PCA-based models
being built from which the compositions of the samples can be estimated
from the scores plots coordinates associated with the most significant
principal components. The followed approach was applied successfully
to mixtures of up to 5 sugars, as an example of its application to an
important relevant practical type of problem, but the method shall be
considered as a general procedure for the semi-quantitative analysis of
other types of mixtures and applicable to other types of data reflecting
their composition.

2. Experimental methods
2.1. Materials

In this study, 5 sugars were analyzed, which were used as provided
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Fig. 1. ATR-FTIR spectra of the pure sugars. The spectra are shown in two views: superimposed in the full measured spectral region (bottom panel), and as individual

spectra in the 1500-400 cm ! region (top panels).

analytical grade: glucose (Merck), fructose (Riedel — de Haén), mannitol
(Analar), galactose (Janssen Chimica) and sorbose (BDH Biochemical).
Samples corresponding to mixtures of these sugars (with up to 5 com-
ponents) were prepared by weighting, with the sugars being present in
different proportions: binary mixtures in approximate 15/85, 25/75,
50/50 and 75/25 %-weight proportions, ternary mixtures in 40,/20/40,
20/20/40 %-weight and equiponderal proportions, quaternary as 25/
25/25/25, 20/30/20/30 and 10/20/30/40 %-weight proportions, and
quinary mixtures in 20/20/20/20/20, 15/20/30/20/15 and 10/15/20/
25/30 %-weight proportions of the constituents. In all cases, the total
mass was approximately 100 mg (see Tables S1 and S2 in the Supple-
mentary Material for more details, including the designations given to
the different samples).

2.2. Instrumentation

Analytical weighing was conducted using a Kern ALJ 220-5DNM
balance (Kern & Sohn, GmbH). Before weighing, the samples were
ground in a mortar to enhance homogeneity, and then subjected to
vortex mixing (Janke and Kunkel, VF2) at maximum speed for approx-
imately 2 min to ensure thorough mixing of the various components

present in the samples.

The FTIR spectra were obtained in a Nicolet iS5 ATR-FTIR spec-
trometer (Thermo Fisher Scientific), equipped with a Globar source, a
KBr beamspliter and a deuterated triglycine sulphate (DTGS) detector, in
the attenuated total reflectance (ATR) mode, using an ATR cell with a
diamond crystal. The spectra were acquired within the range of
4000-400 cm ™!, with a resolution of 1 cm™!, 32 scans, and data spacing
0f 0.120 cm_l, resulting in a matrix of 29,869 variables (wavenumbers),
which was used as input data for the chemometrics analysis. For all
samples, spectra were taken in triplicate and averaged.

2.3. Data analyses

The data preprocessing was carried out using Unscrambler X (version
10.5.1) [27] and Origin Pro (version 2021) [28]. The spectra were first
subjected to baseline linear correction and area normalized.

In the PCA analysis, the data were mean-centered, and equal weights
were assigned to the variables (wavenumbers). The Single Value
Decomposition (SVD) algorithm [29] was used, with cross validation
(random with 20 segments). PCA-based analytical models were obtained
using mixtures of 3 (glucose, galactose and mannitol), 4 (glucose,
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Fig. 2. A: ATR-FTIR spectra of the prepared binary mixtures of fructose and glucose with different component proportions (1500-400 cm™

spectra of the mixtures, in the same spectral region, constructed using the spectra
the samples.

galactose, mannitol and sorbose), and 5 (glucose, galactose, mannitol,
sorbose and fructose) sugars. In the development of the models, only the
spectra of the pure components and binary mixtures were used, with
higher-order mixtures data being subsequently projected onto the space
of the relevant PCs of the models. The obtained scores plots were then
used for semi-quantitative compositional evaluation.

As shown in Sections 3.1-3.3, samples containing different numbers
of sugars appear defined in the scores plots distributed in accordance
with their composition along concentration gradients, forming specific
geometrical figures. For mixtures up to 3 sugars, the PC2 vs. PC1 2D
scores plot defines a triangle whose vertices are the pure components,
binary mixtures are located along the sides of the triangle, and ternary
mixtures within the triangle. For mixtures to up 4 sugars, the positions of
the samples in the PC3 vs. PC2 vs. PC1 3D scores plot define a tetrahe-
dron, where pure components and binary mixtures are located at the
apexes and along the edges, respectively, ternary mixtures are located in
the faces of the polygon, and quaternary mixtures within the polygonal
figure. In the case of the mixtures up to 5 sugars, the PC4 vs. PC3 vs. PC2
vs. PC1 4D scores plot defines a pentachoron [30], the positions of the
samples in this geometrical figure following the generalization to 4 di-
mensions of what is observed for the lower dimensional problems. The
obtained geometrical figure for the case of mixtures up to 3 sugars
corresponds to the usual compositional triangle for ternary systems

! region). B: Reconstituted
of the pure components added with weights according to the composition of

[31], while the tetrahedron and pentachoron are the generalization of
this geometric figure to 3- and 4-dimensional representations of qua-
ternary and quinary mixtures, respectively. Compositional diagrams of
high dimensionality have been very scarcely used hitherto [32-35].
For binary mixtures, the composition was calculated via a simple
projection to the respective line segment (1-dimensional simplex)
bounded by the two pure components that form the mixture. For the
compositional evaluation of ternary, quaternary and quinary mixtures a
dedicated algorithm has been developed. First, the PCA scores co-
ordinates of the pure components are read, along with the PCA scores
coordinates of the unknown mixture. Then, the barycentric coordinates
of the unknown mixture with respect to the vertices of the corresponding
simplex (PCA scores coordinates of the pure components that form a 2-,
3- or 4-dimensional simplex) are calculated. If the barycentric co-
ordinates are all positive, it follows that the point for the unknown
mixture is inside the simplex and the calculated barycentric coordinates
directly correspond to the composition of the mixture. However, if at
least one of the barycentric coordinates is negative, then it follows that
the point for the unknown mixture is outside the simplex and it needs to
be projected to the nearest edge or face of the corresponding simplex.
This is done in a conditional third step of the algorithm, where the co-
ordinates of a point inside the simplex (our initial guess is the centroid of
the simplex) are numerically optimized such as to minimize the distance
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and mannitol, M). The points corresponding to the ternary mixtures were projected into the plot; B: PC2 vs. PC1 scores plot obtained in a PCA calculation where the

between the point for the unknown mixture outside the simplex and the
point inside the simplex. After the minimization is finished, the bar-
ycentric coordinates of the projected point are determined, yielding the
composition of the unknown mixture. The barycentric coordinates were

calculated resorting to a FORTRAN library called GEOMPACK (available
at  https://people.sc.fsu.edu/~jburkardt/f src/geompack/geompack.
html) which carries out tasks in computational geometry and is based
on the work of Barry Joe [36]. The numerical minimizations were

T T T T T T T T T
0.04 4 A q 0.04
0.031 0.03-
0.02
% % 0.02
£ 0.014 £
= § 0.01
S 0.00 S
S5 O 0.004
a -0.01 H o
-0.01 4
-0.02 4 - 0.0
-0.03 4 -0.02 4
'004 T T T T T '003 T T T T T
1400 1200 1000 800 600 400 1400 1200 1000 800 600 400
T T T T T T T T T T
0.4 4
044 Galactose minus Mannitol C 7 Mannitol minus Glucgse D
0.3 4
0.2+ E 0.2 4
) 2 0.1
S 0.0- G
2 £ 0.0
(o] o
2 23
< 0.2 | < 0.1+
-0.24
-0.4 7 -0.34
-0.4 -
_06 T T T T T T T T T T
1400 1200 1000 800 600 400 1400 1200 1000 800
Wavenumber/ cm™

minus glucose).

Fig. 4. A: PC1 loadings. B: PC2 loadings. C: Infrared difference spectrum g — M (galactose minus mannitol). D: Infrared difference spectrum M - G (mannitol

600 400
Wavenumber/ cm™


https://people.sc.fsu.edu/%7ejburkardt/f_src/geompack/geompack.html
https://people.sc.fsu.edu/%7ejburkardt/f_src/geompack/geompack.html

A.L.B. Brito et al.

carried out with a downhill simplex method from Numerical Recipes
[37], with the addition of a penalty function to penalize solutions
outside the simplex.

The MCR-ALS analyses were performed under %-amount and spectra
non-negativity constraints and subsequently normalized to %-amount of
100 % [25,26].

3. Results and discussion

Fig. 1 shows the ATR-FTIR spectra of the 5 investigated pure sugars,
fructose, glucose, galactose, mannitol and sorbose, in the full measured
spectral region (4000-400 cm™1). As expected, though the spectra of the
different sugars share many common features, they exhibit clearly
distinctive global profiles, in particular in the 1500-400 cm ™" region.

Fig. 2 shows the spectra for the series of binary mixtures fructose/
glucose, presented here as an example of the full set of spectra obtained
for the prepared mixtures of sugars. As exemplified in Fig. 2, the spectra
of the mixtures (Fig. 2A) are well reproduced by the sum of the spectra of
the individual constituents in the corresponding proportions (Fig. 2B),
and exhibit well-defined isosbestic points, indicating that the presence
of one sugar in a mixture does not affect the spectral properties of the
other component(s). These data also demonstrates that the spectral data
for the studied systems exhibit linear response regarding composition,
which is the type of systems for which the analytical methodology
described in the next sections has been validated.

3.1. Samples with up to 3 different sugars

A set of samples with different composition were prepared using 3
selected sugars: glucose, galactose and mannitol. The sugars were
combined in binary and ternary mixtures of different proportions (see
Tables S1 and S2). The infrared spectra of the different samples were
collected, and the spectral data (1500-400 cm ™! region) were subjected
to PCA after pre-processing as described in Section 2.3.

Fig. 3A presents the obtained 2D PCA scores plot built using the
infrared spectra (1500-400 cm™!) of the prepared mixtures of the three
selected sugars, together with those of the pure components. The axes
correspond to the 2 most significant principal components, PC2 vs. PC1,
which together account for 100 % of the total variance present in the
spectra (with 61 % being explained by PC1, and 39 % by PC2).

Fig. 3A clearly shows that the samples of the binary mixtures appear
distributed in the PC2 vs. PC1 scores plot in accordance with their
composition along the edges of a triangle, whose vertices correspond to
the samples of the pure sugars. The PCA model developed based on the
infrared spectra of the pure components and their binary mixtures was
then applied to project in the PC2 vs. PC1 scores plot the data obtained
for the ternary mixtures. As expected, the equimolar ternary mixture is
located nearly at the center of the triangle.

For comparison, the PC2 vs. PC1 scores plot of a PCA calculation
where the exact percentual samples’ composition data matrix was used
(Table S3) is shown in Fig. 3B. The obtained triangle corresponds to the
classical equilateral triangular figure used to express the composition of
mixtures of up to 3 components with constant sum [31,32]. It is then
clear that the PCA carried out using the infrared spectral data of the
studied mixtures of sugars successfully recovered the compositional
differences of the samples, extracting from the complex spectral data the
appropriate information to generate the triangular polygon in the scores
plot, while reducing the dimensionality of the data to only 2 relevant
variables, the first two principal components, which define the di-
rections in the space of the dataset that maximize the variance. It is
important to note that the data used to make the plot shown in Fig. 3B
have no redundancies (i.e., the number of variables are strictly that
required to determine the system), so that the algorithm assigns 50 % of
variance to each one of the PCs, and the triangle is strictly equilateral.
On the other hand, the spectroscopic data of the sugars are hyper-
redundant. Application of the PCA algorithm thus leads to an
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Fig. 5. Deviations between the predicted and real %-weight compositions for
the mixtures of up to 3 sugars (glucose, G; galactose, g; mannitol, M).

augmented variance explanation for PC1 and results in a non-equilateral
triangle, as it could be anticipated.

The PC1 and PC2 loadings are shown in Fig. 4 (A and B, respectively).
As expected considering the scores plot shown in Fig. 3A, the loadings of
PC1 correlate well with the g — M (galactose minus mannitol) infrared
difference spectrum (Fig. 4C), and the loadings of PC2 with the M - G
(mannitol minus glucose) infrared difference spectrum.

From the positions of the points corresponding to a given sample in
the PC2 vs. PC1 scores plot (Fig. 3A), expressed in barycentric co-
ordinates with respect to the vertices of the triangle defined by the po-
sitions in the plot of the pure components, the compositions of the
different samples in %-weight of the three sugars were obtained. Fig. 5
shows the deviations between the predicted and real compositions. The
deviations, including those for the ternary mixtures (that were not used
to develop the PCA model, but projected in the scores plot using the
model developed based only on the pure components and their binary
mixtures, as described in Section 2.3) are within the —4.6 and 2.9 %
range, the average errors for glucose, galactose and mannitol being all
below 2 % (1.83, 1.46 and 1.87 %, respectively), and the average total
error being 1.72 %. These errors demonstrate that the developed model
has a predicted ability close to quantitative.

From the practical point of view, the strategy outlined above has the
limitation of requiring the knowledge about the pure components.’ This
limitation can, however, be overcome by performing a preliminary
MCR-ALS analysis for identification of the sugars that are present in the
samples. As shown in Fig. 6A, the application of the MCR-ALS method in
a “blind” way (i.e., without having any information on the spectra of the
pure components), can be successfully used for identification of the
components of the mixtures by comparing the obtained components
spectral profiles with spectra from a suitable spectral database. On the
other hand, it is unable to predict appropriately the samples composi-
tions in terms of weight percentage of the components, with deviations
relative to the real values in the range —27.1 and 21.8 % (Fig. 6B), and
an average total error of 10.7 %. These errors might be useful for a
qualitative analysis, but are not acceptable for a semi-quantitative one.

! In fact, this knowledge may not be required if the positions of the points of
the samples under analysis in the scores plot allow the determination by simple
geometrical considerations of the position of the (absent) sample(s) of the pure
component(s).
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Fig. 7. A: MCR-ALS predicted %-weight compositions for the mixtures of up to 3 sugars (glucose, G; galactose, g; mannitol, M). B: deviations between the MCR-ALS
predicted and real %-weight compositions.

MCR-ALS analysis of the data with the spectra of the pure compo-
nents provided as references, on the other hand, shows almost quanti-
tative composition predicted ability, which is similar to that obtained
using the PCA scores. The results are given in Fig. 7. The deviations of

the MCR-ALS predicted %-weight values in relation to the real ones vary
between —4.5 and 2.8 %, the average errors for glucose, galactose and
mannitol being 1.85, 1.41 and 1.85 %, respectively. The average total
error is 1.70 % (1.85, 1.41 and 1.85 %, for glucose, galactose and
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Fig. 8. A: 3D scores plot (PC3 vs. PC2 vs. PC1) obtained using the PCA model developed based on the pure components and binary mixtures of 4 sugars (glucose, G,
galactose, g, mannitol, M, sorbose, S). The points corresponding to the ternary and quaternary mixtures were projected into the plot; B: PC3 vs. PC2 vs. PC1 scores
plot obtained in a PCA calculation where the exact percentual samples’ composition data matrix (Table S4) was used.

mannitol, respectively). All these values are identical to those obtained
from the PCA scores.

3.2. Samples with up to 4 different sugars

For the investigation on samples with up to 4 different sugars, the
same set of samples used in the analysis of mixtures of up to 3 sugars was
used, complemented by samples having also sorbose in their composi-
tion (see Tables S1 and S2). For the PCA-based analysis, following a
procedure identical to that used for the analysis of mixtures of up to 3
components, the infrared spectra (1500-400 cm™! region) of the
different binary mixtures of the four sugars were used to develop the
PCA model, together with the spectra of the pure components. The

20

spectral data for the ternary and the quaternary mixtures were then
projected onto the PC3 vs. PC2 vs. PC1 3D scores plot of the developed
model. The obtained results are shown in Fig. 8A, and they can be
compared with the results obtained using an exact composition data
matrix for 4 components (Table S4) that is shown in Fig. 8B.

As expected, the scores shown in Fig. 8A form a tetrahedral polygon,
where the vertices correspond to the samples of the pure sugars, the
binary mixtures appear distributed along the edges of the polygon ac-
cording to their composition, the ternary mixtures in the faces of the
tetrahedron, and the quaternary mixtures within the polygon, with the
equiponderal quaternary mixture located in the center of the geomet-
rical figure.

The results show that the PCA undertaken using the spectral data of

T T 1T T 7 171
| Glucose
Galactose

I Mannitol

Sorbose

Deviation/ %
o
1

104

Fig. 9. Deviations between the predicted and real %-weight compositions for the mixtures of up to 4 sugars (glucose, G; galactose, g; mannitol, M; sorbose, S).
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Fig. 10. A: MCR-ALS predicted %-weight compositions for the mixtures of up to 4 sugars (glucose, G; galactose, g; mannitol, M; sorbose, S). B: deviations between

the MCR-ALS predicted and real %-weight compositions.

the mixtures of the 4 sugars, like for the case of 3 components, describe
properly the variability in the composition of the samples, while suc-
cessfully reducing the highly-dimensional data to the 3 relevant
composition-dependent variables. Also as noticed above for the case of
mixtures of 3 components, introduction of hyper-redundancy in the data
leads to both unequal variance explanation by the 3 PCs (PC1: 47 %,
PC2: 41 %; PC3: 12 %) and distortion of the tetrahedron, both properties
being strictly obeyed when the variables non-redundant exact compo-
sition data matrix is used (see Fig. 8B).

The PC1, PC2 and PC3 loadings are shown in Fig. S1 (Supplementary
Material), where it can be seen that they correspond mostly to the g — M
(galactose minus mannitol), G — M (glucose minus mannitol), and G - S
(glucose minus sorbose) infrared difference spectra, respectively.

From the PC3 vs. PC2 vs. PC1 scores (Fig. 8A), used as barycentric
coordinates with respect to the vertices of the tetrahedron defined by the
positions in the scores plot of the pure components, the compositions of
the samples of the mixtures of the four sugars (in %-weight) were
estimated.

The deviations between the predicted and real compositions of the

samples are shown in Fig. 9, where it can be seen that the deviations are
within the —15.1 and 18.0 % interval. Average errors for glucose,
galactose, mannitol and sorbose are 3.67, 2.10, 2.96 and 6.72 %,
respectively, the average total error being 3.86 %. These errors
demonstrate that the developed model has a very good semi-
quantitative prediction ability (see Fig. 10).

When applied to the spectral data, “blind” MCR-ALS yielded four
components, that compare well with the four sugars, as shown in Fig. S2.
When the spectra of the individual sugars are provided as data, the MCR-
ALS method recovered the samples compositions at semi-quantitative
level, with deviations in the predicted %-weight values in relation to
the real ones varying between -15.3 and 12.6 %, the average errors for
glucose, galactose, mannitol and sorbose being 3.16, 2.18, 3.10 and
6.15 %, respectively, and the average total error 3.75 %. As for the case
of mixtures of up to 3 sugars, these values are similar to those obtained
from the PCA scores.
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Fig. 11. 3D scores plot (PC3 vs. PC2 vs. PC1) obtained using the PCA model developed based on the pure components and binary mixtures of 5 sugars (glucose, G,
galactose, g, mannitol, M, sorbose, S; fructose, F). The points corresponding to the ternary, quaternary and quinary mixtures were projected.
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Fig. 12. Deviations between the predicted and real %-weight compositions for the mixtures of up to 5 sugars (glucose, G; galactose, g; mannitol, M; sorbose, S;

fructose, F).

3.3. Samples with up to 5 sugars

In this section, the generalization of the approaches presented in the
two previous sections to mixtures of up to 5 sugars is presented. The use
data was expanded to include also mixtures containing fructose (see
Tables S1 and S2).

As stated in Section 2.3, the composition of mixtures of up to 5
components can be represented by using a pentachoron (4D simplex),
the equivalent geometrical figure of the tetrahedron in a 4D-space. The
composition of a given mixture is expressed by the barycentric co-
ordinates in the pentachoron whose vertices correspond to the pure
components. Following the same approach used above to deal with
mixtures of up to 3 and up to 4 sugars, the PC1, PC2, PC3 and PC4 scores
resulting from a PCA calculation made based on the infrared spectra of
the five pure sugars and their binary mixtures were made to correspond
to the barycentric coordinates yielding the estimations of the %-weight
composition of the mixtures (including the ternary, quaternary and
quinary mixtures, which were subsequently projected in the PC4 vs. PC3
vs. PC2 vys. PC1 4D-space of the developed PCA model).

The 4D scores plot cannot be graphically depicted, but the data can
still be visualized through different 3D projections [30,38], which result
from using different combinations of the 4 relevant PCs. One example of

these 3D graphs is shown in Fig. 11 (PC3 vs. PC2 vs. PC1), where it is
visible that, as for the lower dimensionality problems considered in the
previous sections, the positions of the points corresponding to the
different types of mixtures in the geometric figure can be directly related
with the compositions of the mixtures.

The percentages of variance explained by PC1, PC2, PC3 and PC4
amount to 39, 37, 13 and 10 %, respectively, ie., fully explain the
variance in the samples and showing that the algorithm is robust in
dealing with hyper-redundancy in the data.

The deviations between the predicted and real compositions of the
samples are shown in Fig. 12, where it can be seen that they stay within
the —17.2 to 16.8 % range. The average errors for glucose, galactose,
mannitol, sorbose and fructose are 2.60, 1.87, 2.75, 4.10 and 3.01 %,
respectively, and the average total error 2.87 %, demonstrating that the
developed model has, also in this case, a very good semi-quantitative
prediction ability.

The spectral profile of the five components predicated by the “blind”
MCR-ALS are shown in Fig. S3, showing a good concordance with the
spectra of the pure sugars, while the composition predictions of this
method when the spectra of the individual sugars are given as references
are displayed in Fig. 13, together with the corresponding deviations
relative to the real values. Also in this case, the MCR-ALS method was
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Fig. 13. A: MCR-ALS predicted %-weight compositions for the mixtures of up to 5 sugars (glucose, G; galactose, g; mannitol, M; sorbose, S; fructose, F). B: deviations

between the MCR-ALS predicted and real %-weight compositions.

able to predict the samples compositions at semi-quantitative level and
with errors similar to those obtained from the PCA scores. The de-
viations vary between —16.8 and 16.1 %, the average errors for glucose,
galactose, mannitol, sorbose and fructose are 2.47, 2.04, 2.75, 4.15 and
3.18 %, respectively, and the average total error is 2.94 %.

4. Conclusion

In this study, chemometric models based on infrared spectral data
were developed that are able to predict, at the semi-quantitative level,
the composition (%-weight) of mixtures of up to 5 sugars. Besides
application of the MCR-ALS method, which was shown to only be able to
attain a semi-quantitative level when the spectral profiles of the pure
components are provided as reference (though being able to attain a
qualitative analytic level in the absence of these), a new method based
on the scores of the most representative PCs was developed. In this
method, the scores are used as barycentric coordinates relative to the
simplex of the proper order (triangle, tetrahedron, tetrachoron, for 3, 4
and 5 maximum sugars in the mixtures, respectively) defined by the
positions in the score plots of the points corresponding to the pure
sugars, thus allowing direct determination of the compositions. The
developed method has been shown to be able to appropriately extract
the compositional information from the complex spectral data and the
algorithm to be robust in dealing with hyper-redundancy in the data. In
relation to the MCR-ALS method, the PCA-based approach has the
advantage of not necessarily needing previous information on the pure
components, if the positions of the points of the samples under analysis
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in the relevant scores plot allow the determination by simple geomet-
rical considerations of the position of the (absent) sample(s) of the pure
component(s). The method is also able to efficiently handle interferents,
since their effects will be described by variance expressed in higher-
order principal components. Moreover, though the ability of the PCA
scores-based method to represent data for graphical visual direct anal-
ysis is, obviously conditioned by the impossibility to represent the data
in more than 3 dimensions, its ability to represent the data for any
dimension is excellent in numeric terms, providing simple orthogonal
coordinates for each sample in the proper vectorial space.

The approach developed in this investigation was applied success-
fully to the specific problem of determining the composition of mixtures
of up to 5 sugars, as a suitable example of application to a relevant
system. However, it should be seen as a general procedure for the semi-
quantitative analysis of other types of mixtures and applicable to other
types of data reflecting linearly their composition. In addition, consid-
ering the observed robustness of the method upon increasing dimen-
sionality from 3 to 5 components, it might be expected that it can also be
used successfully for higher dimensions.

Considering that in the cases studied here some differences in the
predictive ability regarding the different substances are apparent (for
example, sorbose, mannitol and fructose %-weight predicted values
show a general trend to be somewhat larger than those obtained for
glucose and galactose), it can also be concluded that the precise nature
of the data is relevant to determine the performance of the methods, a
high degree of similarity between the profiles of the components
appearing as a potential limitation for the method, at least when the
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problem is of high dimensionality.

For the specific problem addressed in the present article, it shall be
highlighted that the PCA/IR-based developed strategy appears of great
practical interest. The method requires no sample preparation (or min-
imum preparation), is fast and cost-effective (in particular when
compared to traditional chemical or chromatographic methods), the
chemometric analysis is very simple (PCA is the most used unsupervised
chemometric method and is available in many software packages), and
infrared spectroscopy is a very sensitive technique to structure and
composition. Moreover, the fact that the method is robust in relation to
the consideration of hyper-redundancy and able to extract from redun-
dant data the requires compositional information in an unsupervised
way is of particular relevance, since it allows the user not to be con-
cerned in any way of a priori identifying the relevant variables to
perform the analysis.
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