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Abstract

In the context of an increasingly globalized food system, the authenticity and
traceability of food products have become critical factors for ensuring quality and
origin. This is particularly relevant in the sugar industry, a key sector of the agro-
industrial economy, which is highly susceptible to adulteration and production
variability. Traditional quality parameters used in the evaluation of raw materials,
commercial brown sugars, and derivative products such as pectin show a limited
capacity to discriminate samples from different cultivation fields, botanical origin,
or production method, and do not provide a detailed chemical profile.

The main objective of this Ph.D. thesis was to evaluate the potential of
proton nuclear magnetic resonance (1H NMR) spectroscopy combined with
multivariate analysis as an alternative methodology for the quality assessment and
authentication of sugar beet roots and commercial brown sugars. Complementarily,
the potential of time-domain NMR supported by multivariate analysis was explored
to differentiate pectin samples produced by distinct production methods. To reduce
spectral complexity, extract meaningful spectral components, enhance predictive
model performance, preserve essential spectroscopic information (e.g., signal
multiplicity and coupling constants), and identify relevant variables, a processing
strategy based on multivariate curve resolution (MCR) was implemented. The
latter approach was complemented by exploratory and supervised models, which
allowed effective discrimination according to the cultivation field of sugar beet roots,
the botanical origin of commercial brown sugars and the method of production
of pectin samples, even in the presence of simulated adulteration and highly
similar spectral profiles. Furthermore, a novel graphical user interface, termed
interval resonance analysis (InRA), was developed to flexibly automate critical
processing steps in 1H NMR spectroscopy (e.g., automated signal detection and
signal decomposition via MCR), thus reducing manual intervention and analysis
time, while promoting accessibility and for non-expert operators.

The combined use of 1H NMR spectroscopy and TD-NMR with multivariate
analysis proved to be a robust, selective and reproducible analytical tool for
chemical characterization and authentication in the sugar industry, offering an
effective alternative to conventional quality control and traceability methods
within the agro-industrial sector.
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1.1 Global overview of sugar production

Sugar plays a fundamental role in human nutrition and food product formulation.
Among the naturally occurring simple sugars, the most relevant are glucose,
fructose, and sucrose. Sucrose, commonly known as table sugar or white sugar, is
the most widely consumed. Chemically, it is a low molecular weight disaccharide
with the empirical formula C12H22O11, composed of equimolar units of α -D-
glucopyranosyl and β -D-fructofuranose linked by a glycosidic bond [1]. Sucrose
is naturally present in a wide range of fruits and vegetables, where it serves as
a major carbohydrate reserve, and is extensively extracted for use in the food
industry.

Commercial sugar production is derived primarily from two botanical sources:
sugar beet (Beta vulgaris L.) and sugarcane (Saccharum officinarum L.). In total,
approximately 115 countries are involved in sugar production (Fig. 1.1.1), of
which 67 produce sugar exclusively from sugarcane, 39 from sugar beet and 9
from both sources [2]. According to the International Sugar Organization (ISO),
on average about 80% of global sugar production originates from sugarcane, while
the remaining 20% are obtained from sugar beet [3, 4]. The five leading sugar-
producing countries (India, Brazil, Thailand, Australia, and China) represent
almost 40% of the total global production, Brazil being the largest producer and
exporter of sugar worldwide [5].

Approximately, 95% of the sugar produced worldwide is intended for food-related
applications, primarily for domestic consumption or as an ingredient in processed
foods. In the food industry, sugar serves multiple functions, not only as a sweetener
but also as a flavor enhancer, texture modifier, and fermentable substrate [6]. The
remaining 5% of global sugar production is directed at non-food industrial uses,
where it functions as a raw material in the manufacture of bio-ethanol, acetone or
acetaldehyde [7]. Furthermore, due to its substantial caloric contribution (∽ 4

kilocalories per gram), human sugar consumption has increased steadily over
the years. As a result, sugarcane and sugar beet have become two of the most
important biomass sources in terms of production volume, collectively generating
approximately 64 million tons annually [8].
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Figure 1.1.1: World sugarcane and sugar beet growing countries according to the
International Sugar Organization (https://www.isosugar.org/sugarsector/sugar).

1.2 Sugar beet as a raw material

Despite the predominance of sugarcane in global sucrose production, sugar beet
represents approximately 20% of total worldwide production. Currently, the
European Union (EU) is the largest sugar beet producer, with 46% of the global
sugar supply derived from beet [9]. In South America, Chile stands out as the only
country that cultivates and processes sugar beet for industrial sugar production.
In the national sense, sugar beet cultivation covers approximately 1,107 hectares
per year, representing 15% of the total cultivated area of the country and is
concentrated primarily in the south-central regions of Ñuble, Maule, Biobío and
Araucanía [10].

As a cold-tolerant crop adapted to temperate climates, sugar beet offers several
agronomic advantages over sugarcane, including a shorter growing cycle, a lower
irrigation demand and a slightly higher sucrose content [11]. From a compositional
point of view, sugar beet typically consists of 75% water, 18-21% sucrose, 2.5%
non-sugar compounds and 5% fiber. In contrast, sugarcane contains approximately
72% water, 13-18% sucrose, 5% non-sugar compounds, and 10% fiber [7].

https://www.isosugar.org/sugarsector/sugar
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Sugar beet processing involves a standardized industrial workflow that includes
mechanical harvesting, washing, cutting into “cossettes”, and countercurrent
extraction to obtain raw juice and beet pulp [12]. The juice is purified using milk
of lime and CO2 through liming, carbonation, and sulphitation, which partially
removes non-sugar compounds. Subsequently, the juice is concentrated by multi-
effect evaporation and crystallized to isolate sugar crystals, while molasses is
recovered as a by-product [13]. However, in the context of sustainable agriculture
and economic optimization of crop sources, a growing emphasis has been placed
on exploiting the entire plant beyond its traditional role in sugar production.
Therefore, sugar beet also serves as a valuable source of co-products, as illustrated
in Fig. 1.2.1.

Figure 1.2.1: Schematic representation of the general uses of sugar beet.
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One of the most widespread alternative uses of sugar beet is a livestock feed [14].
The residual sugar beet pulp (SBP), a by-product of sugar extraction, is especially
valued due to its nutritional content, which includes approximately 9% proteins
[15]. In addition, SBP has been explored as a source of bioactive compounds
(e.g., phenolic compounds), which can be extracted and used for their antioxidant
properties in food applications [16].

A crucial polysaccharide component of SBP is pectin, which possesses notable
gelling and emulsifying properties. Pectin can be extracted and used in stabilizing
systems, for example, in the suspension of anthocyanin pigments derived from
berries [17, 18]. Furthermore, sugar beet has shown potential in renewable energy
production, particularly through direct fermentation of sucrose into ethanol. This
bio-fuel pathway often involves integrated processes that combine SBP storage,
hydrolysis, and fermentation [19]. Moreover, cellulose isolated from SBP has been
used in the paper industry, where the incorporation of micro-fibrillated cellulose
into a gel matrix based on pectin improves the internal bond strength of paper
products [20, 21].

1.3 Non-refined sugars

Refined sugar or white sugar (composed of 99.9% sucrose) is characterized by
an exceptionally high degree of purity. Although conducive to its widespread
application, it confers limited nutritional value [22]. Sucrose remains an
indispensable component in the human diet, not only due to its organoleptic
properties, but also to the preservation of food [23]. Although refined sugar
continues to dominate consumption patterns in Europe and North America,
non-refined sugars (commonly referred to as brown sugars) are still extensively
produced and consumed in regions such as South America, Asia, and Africa [24].
The presence of these non-refined sugars in global markets has notably increased,
a trend attributed to the growing demand for natural food products.
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Brown sugar is a traditional sugar-derivative widely used in the food industry
and cooking. Beyond its sweetness, it offers distinctive organoleptic properties,
with “sweet” and “toasted” aromas playing a key role in consumer acceptability
and palatability [25]. From a botanical perspective, brown sugar is derived mainly
from sugarcane through non-centrifugal extraction and crystallization processes,
giving rise to non-centrifugal sugar (NCS), in which sucrose crystals remain with
molasses and, therefore, preserve natural minerals, vitamins and phytochemicals
[26]. The main varieties of brown sugar include brown granulated sugar (BGS)
and muscovado sugar (MS), as shown in Fig. 1.3.1. In contrast to NCS, BGS
is a sugar obtained by a centrifugal process in which the crystallized sucrose is
separated from the molasses. However, it retains a light yellow color due to the
presence of small residual amounts of molasses that adhere to the crystals [27].
On the other hand, MS is considered a non-centrifugal sugar, characterized by a
prolonged heat treatment that darkens the cane juice through caramelization and
the Maillard reaction, giving it a significantly darker color compared to NCS [28].

Figure 1.3.1: Typical methods of brown sugar production derived from sugarcane.
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Alternatively, brown sugar can also be obtained by mixing refined beet sugar with
cane molasses, giving organoleptic properties and a nutritional profile comparable
to NCS. Furthermore, coconut blossom sugar (Cocos nucifera L.) has been adopted
by consumers as an alternative to brown sugar, driven by the growing interest in
healthy eating [29]. Coconut blossom is traditionally produced by evaporating
the sap until it reaches its saturated liquid and forms a crystalline structure [30].
Its similarity in appearance and aroma profile, along with a glycemic index of
approximately 35 versus brown sugar of 82, suggests a healthier option as it is a
natural unrefined product [31].

1.4 Importance of traceability and authenticity in

the sugar industry

1.4.1 Raw material

The agronomic and industrial performance of sugar beet is fundamentally
influenced by two principal factors: root weight and sucrose concentration. The
interplay of these variables determines the sugar yield per hectare, a crucial
parameter that directly influences the economic returns of producers and the
operational efficiency of the sugar processing industries [32]. From a technological
standpoint, elevated sucrose concentrations facilitate more efficient extraction,
reducing energy requirements and maximizing the amount of recoverable sugar
[33].

However, sustaining high productivity in sugar beet cultivation remains a critical
challenge under increasingly unpredictable environmental conditions. Variations
in soil fertility, irrigation strategies, temperature and precipitation regimes can
significantly affect the chemical composition of the crop, compromising the yield
and processing quality [34]. Furthermore, heterogeneity in cultivation practices
between regions impedes product traceability, particularly in the absence of
standardized agronomic protocols.

A central issue in processing efficiency lies in the accumulation of non-sugar
constituents in the root. Compounds such as amino acids and betaine, typically
intensified by excessive nitrogen fertilization or abiotic stressors (e.g., drought),
contribute significantly to the formation of molasses during juice purification.
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These nitrogenous compounds are poorly removed during the clarification and
crystallization steps, thereby reducing the recovery of sucrose and the overall
process yield [35].

In addition, the presence of inorganic cations, e.g., sodium (Na+) and potassium
(K+) further exacerbates the processing losses. These ions are classified as
“melassigenic substances ” due to their propensity to increase the volume of
molasses and inhibit the crystallization of sucrose [35]. Their concentration in
beet roots is closely linked to soil mineral composition and nutrient management
strategies, underscoring the importance of balanced fertilization regimes and the
appropriate selection of cultivars to optimize sugar recovery [36]. Post-harvest
handling also plays a decisive role in the preservation of the technological quality of
sugar beets [37]. Prolonged storage durations or exposure to elevated temperatures
can catalyze the degradation of sucrose into invert sugars (i.e., glucose and fructose)
and increase the concentrations of fermentation-promoting compounds, reducing
the extraction efficiency [38].

Traditional quality parameters used in the evaluation of sugar beet, for example,
the content of sucrose, soluble solids, moisture, dry matter, and mechanical
properties, are limited in their ability to distinguish between samples originating
from different geographic regions or cultivation fields [39]. Moreover, these methods
do not provide a detailed chemical profile that would allow the identification of
minority compounds associated with such differences. The latter shortcoming
represents a critical barrier to effective product traceability and quality assurance.
In an increasingly competitive global market, there is a pressing need to incorporate
advanced analytical methodologies capable of assessing the chemical complexity
of agri-products.

1.4.2 Brown sugar

In the context of an increasingly globalized food system, the authenticity of
food products has become critical factors in ensuring transparency throughout
the supply chain [40]. Brown sugar, in its various forms and botanical origins,
exemplifies a product that could be highly susceptible to fraudulent practices,
e.g., adulteration and mislabeling, often driven by economic incentives [41]. A
documented case of brown sugar adulteration involves the deliberate addition of
small quantities of cane sugar during the production of coconut sugar, to increase
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the yield and facilitate the crystallization process [42]. In addition, coconut
sugar has a high commercial value due to its distinctive nutritional profile and
traditional processing methods. Its market price ranges from e15 to e46 per
kilogram, in stark contrast to conventional refined sugar, which was priced at
approximately e0.88 per kilogram in 2021 [43]. Although no consolidated official
records are available on the prevalence of sugar adulteration in regions such as
Latin America and Europe, internationally, sugar has been identified as the third
most adulterated food product, with a reported incidence rate of 37% [44]. These
practices not only undermine consumer trust, but also pose significant risks to
food safety and compromise fair trade within the global marketplace.

Consumer demand for authentic products has increased significantly, particularly in
markets where geographic origin directly influences perceived quality, commercial
value, and cultural identity of food. Brown sugars derived from sugarcane
(non-centrifugal sugar or muscovado sugar) and coconut blossom sugar retain
phytochemicals, minerals and flavonoid compounds with antioxidant properties
that confer distinctive organoleptic and nutritional characteristics compared
to refined sugar (white) [22, 45]. This unique chemical profile constitutes a
distinguishing attribute that may serve as a reliable marker of authenticity.

Moreover, brown sugars originating from organic sources or specific regions have
gained commercial relevance through certification schemes such as geographical
indications (GI), which recognize and protect the uniqueness of a product
with specific characteristic, quality, or reputation attributed esentially to its
geographical origin [46]. Furthermore, GI not only improves market value, but
also plays a crucial role in mitigating food fraud [47]. Therefore, the availability of
analytical methodologies capable of discriminating sugars based on their botanical
origin is essential to substantiate authenticity claims on product labeling and to
inform strategic decisions in producing countries, particularly those that cultivate
sugar beet, sugarcane, or coconut sugar and face economic pressure to import
more cost-effective raw materials.
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1.4.3 Pectin

In the current context of the sugar industry, functional ingredients such as pectin
have gained significant importance from a commercial perspective. Pectin is a
high-value plant-derived biopolymer, recognized as safe by the Food and Drug
Administration (FDA) and widely accepted under the concept of “clean-label”
ingredients [48]. Sugar beet pectin, derived from SBP is characterized by its
macromolecular complexity. It comprises distinct structural regions, including
homogalacturonan (HG), rhamnogalacturonan I (RG-I) and rhamnogalacturonan
II (RG-II), as well as a backbone of galacturonic acid substituted with side chains
containing galactose, arabinose, rhamnose, glucose and xylose [49]. In contrast to
other types of pectin (e.g., apple-derived), sugar beet pectin exhibits higher levels
of methyl and acetyl groups, conferring enhanced emulsification capacity [50].

However, the functional properties of pectin are strongly influenced by the
extraction conditions applied during its production. The most commonly used
methods involve acid hydrolysis using inorganic acids (e.g., HCl, HNO3), usually
carried out at elevated temperatures (70− 100◦C) under controlled pH conditions
(1.5 − 2.0) [51, 52]. Following extraction, pectin is recovered through alcohol
precipitation, followed by successive washing and drying steps. Each of these
stages directly affects key characteristics of the final product, including degree
of esterification, solubility, molecular size, and structural conformation [53]. For
instance, the pH and type of acid used govern the extent of side-chain hydrolysis,
while extraction time and temperature influence the retention of functional groups
such as methoxyl and acetyl moieties [54]. Additionally, the incorporation of
processing aids, such as maltodextrin, into the drying method may alter the
molecular mobility and solubility behavior of pectin in solution [55].

Structural and compositional variations resulting from different production
methods can introduce substantial batch-to-batch variability, which poses
challenges to industrial standardization and consistent product quality. Therefore,
it is essential to adopt analytical strategies that not only characterize pectin at
the molecular level, but also enable discrimination based on the specific extraction
and purification methods employed. In this context, traceability becomes a key
tool for verifying the integrity of the production process and for evaluating the
impact of varying processing conditions on the final pectin properties.
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1.5 Scientific need and analytical justification

Based on the background information, the molecular composition of food products
is inherently complex and influenced by agronomic and environmental factors,
which poses significant challenges in the development of representative chemical
profiles. This complexity is particularly critical for the identification of minor
compounds that are essential for assessing product quality, authenticity, and
traceability. High-performance analytical techniques represent a suitable approach
for developing sensitive, selective, and robust methodologies capable of addressing
complex matrices.

The high concentration of sucrose in sugar beet roots and brown sugar represents a
major analytical limitation, as it masks signals from compounds of low abundance.
Although sucrose can be chemically removed, doing so may introduce bias, lead to
loss of information, and increase the complexity of sample preparation. Therefore,
it is essential to adopt a strategy that incorporates an analytical technique
capable of capturing and preserving the full composition of the matrix while
simultaneously enhancing the selectivity and sensitivity toward minor chemical
compounds without the need to remove sucrose as the primary interference.

The following sections provide a general overview of nuclear magnetic resonance
(NMR) spectroscopy in food analysis and highlight its relevance as an analytical
technique for the development of this research.

1.5.1 NMR spectroscopy as a reliable analytical technique

in food analysis

The most commonly used techniques for food quality evaluation are mass
spectrometry (MS), typically coupled with liquid chromatography (LC) or gas
chromatography (GC), near-infrared (NIR) spectroscopy, mid-infrared (MIR)
spectroscopy, and NMR spectroscopy [56, 57, 58, 59, 60].

Nowadays, spectroscopic techniques have become well-established as rapid, non-
destructive, and cost-effective tools to assess food quality. NIR and MIR
spectroscopy has been widely applied in various analytical contexts because
of their operational simplicity and the ability to analyze multiple samples with
minimal or no preparation [61]. However, both techniques present limitations
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in terms of sensitivity, especially for low-abundance compounds [62]. From a
spectral perspective, MIR provides more specific functional information due to its
reliance on fundamental vibrational transitions, while NIR, based on overtones
and combination bands, produces broader and less specific signals [63]. The latter
limits the direct assignment of spectral bands to individual molecules (particularly
in NIR), reducing its suitability for the identification of low-abundance compounds
with high structural specificity.

In contrast, NMR spectroscopy is a non-destructive analytical technique with
adequate sensitivity (typically in the range of 1-10 µM) that enables the
simultaneous detection and quantification of a wide range of compounds within a
single assay [64]. Although NMR spectroscopy exhibits a sensitivity 10 to 100 times
lower than LC-MS or GC-MS, it offers certain advantages over MS [65]. NMR is
characterized by its excellent reproducibility on different spectrometers (regardless
of the field strength), it requires little to no chromatographic separation, it does
not require chemical derivatization, and it operates with minimal consumption of
reagents, thus reducing the generation of hazardous waste [66]. Moreover, it is
particularly suitable for the characterization of compounds that are analytically
challenging for LC-MS, that is, sugars, organic acids, alcohols, polyols and other
highly polar compounds [67].

The principle of NMR spectroscopy is based on the magnetic properties of certain
atomic nuclei (e.g. 31P), which, when exposed to a strong magnetic field, can
absorb and emit radio-frequency radiation [68]. The resulting signals are processed
via the Fourier transform to generate spectra that reflect the molecular composition
of the sample. Therefore, NMR spectroscopy is particularly well-suited for the
analysis of complex mixtures, i.e., food or agri-products, as it provides detailed
structural information about chemical species and their molecular environment
[69]. In addition, low-field NMR, specifically in the time domain (TD-NMR), has
emerged as a complementary alternative. TD-NMR operates under lower magnetic
fields, enabling rapid and accessible analysis of the physicochemical composition
and molecular dynamics of complex systems [70]. Due to its lower cost, simple
instrumentation, operational simplicity, and short acquisition times, TD-NMR has
become a valuable tool for food quality control and process monitoring applications
[71]. More detailed information on this technique is provided in Chapter 6.
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NMR spectroscopy can be applied to solid or liquid samples; however, in food
science, its application has predominantly focused on liquid-state analysis using
high-resolution spectroscopy with superconducting magnets [72]. This approach
produces high-representative spectra that allow the simultaneous and accurate
detection of various chemical compounds. To date, proton NMR (1H NMR) is the
most widely used methodology to investigate chemical variability in food matrices
due to its inherent ability to provide detailed structural profiles [73]. Consequently,
1H NMR has played a key role in the analysis of several different food systems,
e.g, fruits or dairy products, serving as a comprehensive fingerprinting tool to
identify sources of variation and potential biomarkers for authenticity, traceability,
and nutritional quality purposes [74, 75, 76].

To achieve accurate and reproducible interpretations in NMR studies, high-quality
spectra are essential. The quality relies not only on the experimental design and
instrumentation, but also on the implementation of appropriate spectral processing
steps. Fig. 1.5.1 illustrates the standard workflow along with the computational
tools commonly used in 1H NMR analysis. The workflow includes initial operations
applied directly to the spectrum, such as apodization, phase correction, baseline
correction, and reference to an internal standard [77]. Subsequently, more general
processing procedures are applied, including spectral alignment, normalization,
binning (spectral segmentation) and/or scaling [78]. These steps aim to minimize
artifacts, enhance spectral resolution, reduce spectral dimensionality, and ensure
the comparability of resonance signals across samples.
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Figure 1.5.1: Common workflow of an 1H NMR experiment applied to complex
samples.

Moreover, the inherent complexity of 1H NMR spectra, due to their high
dimensionality, signal overlap, spectral noise, and frequency shifts poses challenges
to direct interpretation. In response, several computational tools have been
developed to streamline and automate the workload. As shown in Fig. 1.5.1, these
tools can be broadly classified into three main categories: Processing & NMR

Assignment, Peak integration, and Multivariate Analysis. Platforms such
as Python and MATLAB have led to the widespread adoption of multivariate
analysis as a crucial strategy to extract meaningful chemical information, which
improves the sensitivity, selectivity and general applicability of the technique
in the analysis of complex matrices [79]. Meanwhile, MestreNova and AMIX
remain the most comprehensive tools currently available, both capable of spectral
processing and signal integration, although their multivariate analysis capabilities
remain limited to basic methods [80]. However, most of these tools address only
a specific segment of the analytical workflow, necessitating the use of multiple
platforms. This limitation has prompted the development of new open-access
solutions that aim to enable comprehensive analyses within a unified environment,
thereby enhancing the efficiency and reproducibility of the general process.
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1.5.2 Multivariate analysis applied to 1H NMR

spectroscopy

Chemometrics (also known as multivariate analysis) has significantly transformed
the application of NMR spectroscopy in the field of food science. The
methodological integration mentioned above has elevated NMR from a purely
compositional technique to a powerful analytical tool capable of providing holistic
and unbiased evaluations, facilitating the exploration of complex relationships
between the chemical profile of food matrices and their functional, nutritional, or
sensory properties [69].

Multivariate analysis encompasses a wide range of mathematical and statistical
methods applicable in various domains of chemistry, ranging from optimization
of experimental parameters and experimental design to signal processing and
the extraction of meaningful information through pattern recognition techniques
[81]. In this context, multivariate analysis serves as a critical bridge between
experimentally acquired spectral information and the derivation of interpretable
and chemically relevant knowledge.

Fig. 1.5.2 shows the general organization of the spectral framework of multivariate
techniques based on bilinear models, classified according to their analytical
objectives. In a 1H NMR study, it is common to apply a method called binning
(or bucketing) to reduce spectral dimensionality, whereby each spectrum is divided
into a defined number of “bins” of equal width (typically 0.04 ppm) [82].

Once binning has been applied, the spectral information is organized in a matrix
X of dimensions n × k, where n denotes the number of samples analyzed and k
corresponds to the number of variables measured, such as the chemical shift points
in each spectrum [79]. Each row represents a single NMR spectrum corresponding
to a sample, while each column reflects a specific spectral variable. Alternatively,
the matrix can be structured according to relative concentrations, with rows
representing the samples and columns corresponding to the compound detected
[83].
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Figure 1.5.2: Framework of multivariate analysis techniques based on bilinear
models categorized according to their analytical objectives.

Several methods are applied to the X matrix for the exploration, modeling, and
classification of spectral information (Fig. 1.5.2). Principal component analysis
(PCA) is a widely used unsupervised method applied during the exploratory phase.
It enables dimensionality reduction, facilitates sample variability visualization,
uncovers latent patterns, and identifies potential outliers, without requiring prior
knowledge of class membership [84]. On the other hand, when response variables
are available, supervised techniques are applied. Partial least-squares regression
(PLS-R) is used to model linear relationships between spectral information and
quantitative variables, making it suitable for constructing robust predictive models.
For classification purposes, partial least squares discriminant analysis (PLS-DA)
or soft independent modeling of class analogy (SIMCA) allows the discrimination
of samples into predefined groups and the identification of spectral variables that
contribute the most significantly to class separation [85, 86].
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Finally, resonance signal decomposition through multivariate curve resolution
with alternating least squares (MCR-ALS) has recently been adopted as a
robust alternative for the resolution of spectral mixtures, without requiring prior
knowledge of the pure component profiles [87]. As shown in Fig. 1.5.2, spectral
information can be mathematically described by a bilinear model, in which X (or
D) is decomposed into the product of the concentration matrix of the constituents
C, a transposed matrix of pure component spectra ST , and a residual matrix
E that captures information not explained by the model. E encompasses all
disturbances not present in ideal 1H NMR spectra, such as noise, instrumental
artifacts, and solvent impurities.

1.6 Specialized food and sugar-related studies

According to a report by Lolli et al. (2024), the most studied food categories
include honey and edible oils and fats (16%), followed by dairy products (14%),
as well as fruits, vegetables, and beverages such as wine and fruit juices (12%)
[88]. In the dairy sector, various studies have employed 1H NMR fingerprinting
in combination with multivariate analysis to assess critical variables such as
composition, producing species, and feeding regime [89, 90]. In addition, this
approach has been proven to be effective in authenticating the geographical origin
of high-value food products such as coffee, wine, or honey [91, 92, 93].

Table 1.6.1 summarizes relevant studies focused on food and sugar-related
analysis using multivariate approaches, highlighting the application of exploratory
techniques such as PCA to assess the intrinsic variance of spectral datasets, as well
as supervised classification models including PLS-DA, orthogonal PLS-DA (OPLS-
DA), and k-nearest neighbors (k-NN) for purposes of authentication, geographical
origin differentiation, adulteration detection, and evaluation of storage or stress
conditions. Moreover, the most commonly used preprocessing method is binning,
due to its simplicity and dimensionality reduction capabilities, whereas the use of
resonance signal decomposition through MCR-ALS remains comparatively limited
in these applications.
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Table 1.6.1: Summary of relevant studies focused on foods and sugar-related
through multivariate analysis.

Sample Objective Technique Method Model Reference

Foods

Walnuts Geographical origin 1H NMR Binning PCA [94]
Onion Storage comparison 1H NMR Binning PCA, PLS-DA [95]

Cocoa beans Fermentation level 1H NMR Binning PCA, PLS-DA [96]
Lentils Geographical origin 1H NMR – PCA, k-NN [97]

Vostizza currants Traceability 1H NMR Binning PCA, PLS-DA [98]

Honey Adulteration 1H NMR Binning PCA, PLS-DA;
k-NN [99]

Persimmon Geographical origin 1H NMR Binning PCA, OPLS-DA;
PLS-R [100]

Yam Genotype differentiation 1H NMR Binning PCA, OPLS-DA [101]
Beer Product characterization 1H NMR MCR-ALS PCA [102]

Cheese Geographical origin 1H NMR MCR-ALS PCA [103]
Trichosanthes Product characterization 1H NMR MCR-ALS PCA [104]

Sugar-related

Sugarcane Geographical origin 1H NMR – PCA [105]
Sugar beet Temporary stress 1H NMR Binning PCA [106]

Sugar beet Resistance to Cercospora 1H NMR Binning PCA,
OPLS-DA [107]

Red beetroot Harvest and seasonality
conditions

1H NMR Binning PCA [108]

Brown sugars Adulterations
1H NMR;

UHPLC-Q-TOF-MS Binning PCA; SVM [109]

Brown sugars Type differentiation GC-O-MS – PCA [27]
Brown sugars Geographical origin 3-D Fluorescence – PCA; LDA [110]

Studies employing NMR spectroscopy for the characterization of sugar beet and
commercially available brown sugars remain limited, mainly due to the analytical
challenges posed by their high sucrose content. The high concentration of a
dominant molecule often masks signals from minor but potentially informative
compounds. However, selected investigations have demonstrated the applicability
of NMR-based approaches in specific experimental contexts. For instance,
Wedeking et al. (2018) used NMR spectroscopy to monitor metabolic changes in
the leaves and roots of sugar beet plants subjected to a drought-re-watering cycle
(13 days of water deprivation followed by 12 days of re-hydration). PCA revealed



Chapter 1. Introduction 19

that drought-induced alterations in primary metabolism, along with deterioration
of the plant’s water status, were largely reversible after re-watering. However, the
recovered plants showed root metabolic profiles that remained distinguishable from
those of non-stressed controls [106]. In a related study, Sekiyama et al. (2017)
applied an NMR-based metabolomic strategy to assess differential resistance to
Cercospora leaf spot (CLS) between 12 sugar beet genotypes in four stages of
development. Through the PCA and OPLS-DA models, the authors identified
significant variations in key metabolites, such as sucrose, betaine, and choline,
establishing a correlation between the profiles of foliar metabolites and resistance
levels to CLS [107]. Furthermore, Giampaoli et al. (2021) employed NMR
spectroscopy to investigate how environmental conditions, harvest timing, and
seasonality influence the phytochemical composition of red beet roots (Beta
vulgaris). According to PCA, they observed that the choline and betaine content
increased depending on the year of production, while the amino acid concentrations
decreased. These findings suggest that such factors could serve as modulators of
the phytochemical profile [108].

In the field of brown sugars, certain studies have investigated their metabolomic
and sensory characterization using multivariate analysis in combination with
various analytical techniques. Chen et al. (2021) compared volatile compounds in
NCS, MS and BGS using gas chromatography-olfactometry coupled with mass
spectrometry (GC-O-MS). Using PCA and OPLS-DA models, they successfully
distinguished between the three sample groups, attributing the observed differences
primarily to variations in Maillard reaction products, i.e., pyrazines, furanones
and organic acids (formic and acetic) [27]. In a subsequent study, Chen et al.
(2022) used three-dimensional fluorescence spectroscopy to examine brown sugars
produced from sugarcane grown in three different provinces of China. A total of 80
active compounds were identified and OPLS-DA models were used to determine
key compounds that contribute to the geographical differentiation of the samples
[110]. In addition, Bachmann et al. (2022) analyzed the metabolic profiles of
beet-derived brown sugar, unrefined cane sugar, and coconut blossom sugar using
1H NMR spectroscopy in conjunction with UHPLC-Q-TOF-MS. This combined
approach allowed the identification of sugar-specific metabolites: betaine for beet
brown sugar, trans-aconitic acid for unrefined cane sugar, and pyroglutamic acid
for coconut blossom sugar [109].
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Reported studies have demonstrated that, when combined with multivariate
analysis techniques, 1H NMR spectroscopy holds considerable potential for the
chemical characterization and authentication of high-value food products. However,
its application to specific matrices, such as sugar beet roots and brown sugars,
remains limited in terms of authentication and traceability.

Although the binning method has been widely used due to its efficiency in rapidly
reducing spectral dimensionality, it also presents significant limitations. This
approach entails a substantial loss of spectral resolution, which directly affects
critical parameters such as resonance multiplicity. In addition, it may introduce
undesired artifacts, such as the inclusion of signals from different resonances within
the same bucket, thereby compromising the fidelity of the chemical information. It
is important to note that each bucket cannot be assumed to represent an accurate
resonance integral, as spectral noise and nearby signals are also captured within
the interval.

Moreover, while resonance signal decomposition through MCR-ALS enables
independent noise modeling and improves the contribution of meaningful signals
independently, its application for classification purposes beyond PCA remains
underexplored. The latter is due in part to the fact that the decomposition process
can be labor-intensive and may not be readily accessible to less experienced users
of multivariate resolution techniques.
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2.1 Hypothesis

Spectral decomposition through multivariate analysis could enhance the selectivity
and discriminating capacity of 1H NMR spectroscopy towards highly similar
spectral profiles for traceability purposes in the sugar industry.

2.2 Objectives

2.2.1 Main objective

Evaluate the potential of 1H NMR spectroscopy combined with multivariate
analysis as an alternative methodology for quality assessment and authentication
related to the discrimination of sugar beet (Beta vulgaris L.) roots and commercial
brown sugars.

2.2.2 Specific objectives

1. To propose and optimize an MCR-based processing methodology aimed
at improving the selectivity and analytical applicability of 1H NMR
spectroscopy in the development of robust unsupervised and supervised
models.

2. To establish exploratory and classification models capable of revealing
intrinsic clustering patterns and effectively discriminating between samples
from sugar beet cultivation fields and commercial brown sugars.

3. To define the representative spectral profile of hydrophilic extracts by
characterizing the predominant polar chemical compounds present in sugar
beet roots and commercial brown sugars using 1H NMR spectroscopy.

4. To identify and assign the compounds statistically responsible for sample
discrimination and to assess their potential relevance as markers of quality
or origin.
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3.1 Scope of the study

To address the objectives outlined in this Ph.D. thesis, a comprehensive analytical
strategy was developed to enhance the applicability of 1H NMR spectroscopy
in terms of selectivity and sensitivity. This approach is proposed as a versatile
alternative for addressing analytical challenges related to authentication and
traceability in the sugar industry, as well as in other potentially related
applications.

The analytical strategy focused primarily on two study matrices: sugar beet

roots harvested from three cultivation fields with comparable pedoclimatic
conditions and commercial brown sugars derived from three distinct botanical
origins (sugar beet, sugarcane, and coconut) through 1H NMR spectroscopy. In
addition, pectin samples produced using various industrial-scale methods were
included as a complementary study using TD-NMR. Details on sample acquisition
criteria are provided in Sections 4.2.2, 5.3.2, and 6.2.1, respectively.

For sugar beet roots and commercial brown sugars, spectral sets of 1H NMR were
generated and combined with multivariate analysis. To maximize the extraction
of relevant chemical differences between samples, a solid-liquid extraction focused
on stable polar compounds (hydrophilic), i.e., carbohydrates, organic acids, and
amino acids, was chosen, given their higher signal dispersion and stability under
neutral pH conditions compared to those of low-polarity compounds. Furthermore,
deuterium oxide (D2O) was used as a solvent to ensure spectral reproducibility
and minimize unwanted variations related to chemical shifts. Furthermore, sets
of relaxation curves acquired by two complementary pulse sequences (Carr-
Purcell-Meiboom-Gill [CPMG] and Solid Echo–Magic Sandwich Echo [SE-MSE])
were analyzed through multivariate analysis to improve sensitivity to structural
heterogeneity associated with the different pectin samples.

Figure 3.1.1 illustrates a schematic summary of the analytical strategy adopted
to address each objective and its link to the corresponding scientific publications
derived from the study.
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Figure 3.1.1: Schematic overview of the analytical strategy implemented to
address the specific objectives of the Ph.D. thesis.

3.2 MCR-based processing methodology

In order to improve the selectivity and analytical applicability of 1H NMR
spectroscopy in the development of robust unsupervised and supervised models,
an alternative approach based on the bilinear decomposition of individual
resonance signals was adopted using the MCR-ALS algorithm. Pure spectral
and concentration profiles associated with the individual resonance signals were
resolved, preserving the structural relationships between correlated signals and
thus improving the chemical interpretation of the system.
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Due to the high dependence on manual intervention and time-consuming
procedures in the workflow, a graphical user interface (GUI) called Interval
Resonance Analysis (InRA) was developed to optimize and automate crucial
stages of spectral processing. Specialized algorithms for alignment, automatic
detection of resonance signals, simultaneous decomposition of MCR models, and
exploratory analysis were incorporated into InRA. Its performance was validated
using benchmark tools and its applicability was demonstrated through a case study
focused on the discrimination of sugar beet root from different cultivation fields.
Section 5.2 details the operational framework of InRA throughout its different
stages.

3.3 Differentiation of sugar beet, brown sugar and

pectin samples

To investigate patterns of variation, promote the between-group variability, and
assess the discriminative power of extracted chemical profiles, a structured
approach was implemented in two complementary phases: an unsupervised
exploratory phase and a supervised classification phase. In the first phase,
the concentration profiles obtained through MCR-ALS (and PARAFAC applied
exclusively to TD-NMR) were analyzed using PCA to explore the clustering
patterns among the different sample groups and identify trends associated with the
botanical origin of brown sugars, the cultivation field of sugar beet roots, and the
production method of the pectin samples. In the second phase, classification models
were built through PLS-DA using as input variables the same concentration profiles
generated by MCR (and PARAFAC) to promote better separation and assess
discriminatory capacities between predefined classes. For TD-NMR, additional
supervised models, including PLS-DA, k-NN, and SIMCA, were developed.

The obtained results were contrasted with conventional methodologies based on
spectral binning for 1H NMR spectroscopy and direct analysis of relaxation curves
for TD-NMR, to qualitatively and quantitatively evaluate the performance of
the models in terms of clustering and classification rate and to highlight the
improvements obtained through the proposed methodology based on MCR-ALS
(or PARAFAC).
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3.4 Representative 1H NMR spectral profile

Characterization of the predominant compounds present in hydrophilic extracts
of sugar beet roots and commercial brown sugars with the aim of establishing
a representative spectroscopic profile and identifying possible relevant chemical
compounds for authentication and quality assessment purposes.

Spectral signal assignment was conducted through an integrative strategy that
included a comparison with experimental 1H NMR spectra previously reported
in relevant studies, the use of two-dimensional (2D-NMR) spectra to confirm
structural correlations, and the application of statistical analysis by spectral
correlation (STOCSY) to link resonance signals with specific compounds. The
Chenomx NMR Suite 8.3 reference database (https://www.chenomx.com) was
also used to validate assignments by direct matching with standard spectra. In
addition, the Human Metabolome Database (HMDB, https://www.hmdb.ca) was
consulted to corroborate the presence of compounds commonly reported in the
plant metabolome (e.g., amino acids).

3.5 Identification of discriminant compounds

To identify the most relevant variables for discrimination between samples, an
analysis was performed based on the variable importance in the projection (VIP)
obtained from the PLS-DA models to evaluate the contribution of each variable
to the predictive model, considering those that exceeded a predefined threshold
as significant. Furthermore, to support the statistical validity of the identified
variables, a one-way analysis of variance (ANOVA) with post-hoc tests was applied
in order to select only those variables that were statistically representative and, at
the same time, control the possible errors associated with multiple comparisons.

The interpretation and assignment of statistically significant variables were related
to specific chemical compounds present in the analyzed extracts, evaluating their
potential as quality or traceability indicators based on their origin and possible
influences derived from the cultivation or production processes.

https://www.chenomx.com
https://www.hmdb.ca
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This chapter discusses the results that served as the basis for the first article,
titled “Application of segmented analysis via multivariate curve resolution with
alternating least squares to 1H-nuclear magnetic resonance spectroscopy to identify
different sugar sources”, published in July 2023 in the journal Food Chemistry
(https://doi.org/10.1016/j.foodchem.2023.136817).

The article addressed specific objectives 3 and 4 by performing a chemical
characterization of sugar beet roots and commercial brown sugars. The crucial
compounds involved in the differentiation of each sample group were also identified
and their potential as quality-related markers was evaluated.

In addition, objectives 1 and 2 were partially included by demonstrating the
feasibility of using MCR-ALS as a spectral data processing tool to enhance the
selectivity of supervised models aimed at sample discrimination (rather than
classification), which produced promising results. However, the latter approach
also demonstrated a highly manual and labor-intensive process, which may
compromise the reproducibility and efficiency of the analysis as a viable alternative
methodology.

https://doi.org/10.1016/j.foodchem.2023.136817
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Figure 4.0.1: Graphical abstract
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Abstract

The different types of sugar employed in the food industry exhibit chemical
similarity and are mostly dominated by sucrose. Owing to the sugar origin and
differences in production, the presence of certain minor organic compounds differs.
To differentiate between sugars based on their botanical source, geographical
origin, or storage conditions, commercial brown sugars and sugar beet extracts
were analyzed by 1H NMR spectroscopy applying a segmented analysis by
means of multivariate curve resolution–alternating least squares (MCR–ALS).
Principal component analysis and partial least squares–discriminant analysis
yielded excellent differentiation between sugars from different sources after the
application of this preprocessing strategy; without loss of chemical information
and with direct interpretation of the results. By applying a segmented analysis
via MCR–ALS to 1H NMR sugar data, similar spectroscopic profiles could be
differentiated. This improved the selectivity of 1H NMR spectroscopy for sugar
source differentiation which can be useful for industrial sugar authentication
purposes.

Keywords – Sugar beet, brown sugar, multivariate analysis, 1H NMR
spectroscopy, preprocessing
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4.1 Introduction

Sugar constitutes one of the main ingredients in food formulations. Sucrose is
the most commonly used from of sugar. It is a non-reducing sugar comprising
glucose and fructose monomers [1]. The anomeric carbons of both monomers are
involved in glycosidic linkages, which prevents their mutarotation [2]. Having
only one form in the aqueous solution results in easier crystallization of sucrose
compared to other sugars. Sucrose is primarily produced from sugar beet (Beta
vulgaris) or sugar cane (Saccharum officinarum). Worldwide, 80% of the annual
sugar production is from sugar cane while 20% is from sugar beet [3, 4].

In sugar beet, sodium, potassium, betaine, amino acids, and nitrate affect the
quality of sugar as they cannot be eliminated from the juice of sugar beet during
the purification process [5]. Moreover, factors such as storage conditions of the
raw material, climatic temperature during the harvest, and soil composition
of the sugar beet growing region can affect the efficiency of sugar extraction
[6, 7]. Furthermore, the quality of sugar depends on the composition of sugar
beet and, therefore, on the growing area and environmental conditions. Hence,
the control and characterization of sugar beet, based on geographical region or
cultivation area, are of great importance to the food industry to achieve high
product quality. Several approaches using proton nuclear magnetic resonance (1H
NMR) spectroscopy-based metabolic profiling, have been described. These include
evaluation of differences in leaves and roots of sugar beets subjected to different
durations of intermittent drought [8], different degrees of resistance to Cercospora
leaf spot in sugar beets [9], and differences in the phytochemical profile of red
beetroot from three different harvests [10].

Sucrose is mainly produced as white crystals; however, brown crystalline sugar
(referred to as brown sugar hereafter) is an important commercial sugar that is
widely produced and consumed globally [11].

Brown sugar is either prepared from sugar cane juice by means of thermal
processing or by mixing refined beet sugar with cane molasses [11]. Different types
of edible brown sugar, including non-centrifugal cane sugar (NCS), muscovado
sugar (MS), or brown granulated sugar (BGS) can be obtained depending on the
manufacturing process [12]. In addition, coconut sugar is similar in appearance
and aromatic profile to that of brown sugar produced from either beet or cane
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sugar [13]. Coconut sugar is produced by heating the coconut sap till the juices
are saturated and sugar crystals are obtained [14]. Owing to the similarity in
color and flavor, it is difficult to distinguish the origin of these brown sugars by
means of only sensory evaluation. Furthermore, because brown sugar is usually
sold at a higher price than white sugar, the former is susceptible to adulteration.
For example, with sugar can be coated with caramelized sugar or synthetic dyes
and sold as brown sugar.

Recently, gas chromatography-olfactometry-mass spectrometry has been used
to differentiate between different types of brown cane sugars (NCS, MS, and
BGS) as well as brown sugars produced in three provinces of China by comparing
the constituent odor compounds [12, 15]. Also, three-dimensional fluorescence
spectroscopy was used to identify and differentiate between natural and commercial
brown cane sugars [11]. Similarly, the metabolic profile of brown beet, unrefined
cane, and coconut blossom sugar was analyzed with 1H NMR [13].

In food analysis, NMR spectroscopy is considered similar to a fingerprinting
technique [16] because it provides chemical information regarding the composition
of the samples. However, elucidating the information in an NMR spectrum can be
challenging given the strong overlap of the signals and complexity of its spectral
interpretation [6]. To overcome these problems, multivariate analysis techniques
can be applied to 1H NMR data to reduce its dimensionality and enable the
extraction of relevant information to identify similarities or differences between
groups of samples. This has been illustrated by classifying samples from a number
of different commodities based on geographical origin [17, 18, 19, 20], harvest time
[10], temporary stress [21, 22, 8] and adulterations [13, 23].

Generally, the chemometric models applied to 1H NMR spectroscopy data use
“data binning” to eliminate small variations between different samples due to
chemical shifts produced by fluctuations in the pH, temperature, or concentration
[24]. However, binning the data across a defined frequency width decreases
the spectral resolution. Also, grouping of overlapping signals in the same bin
makes the direct interpretation of the results challenging. To improve spectral
interpretation, Pérez et al., [25] developed a methodology based on multivariate
curve resolution–alternating least squares (MCR–ALS) [26]. This method was
derived from the Decision Tree Correlation methodology reported by Puig-Castellví
et al., [27]. The latter authors applied it as an independent preprocessing method
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to resolve the concentration (C) and spectral (ST ) profiles in an 1H NMR dataset
of zebrafish samples. Furthermore, this method improves sample clustering
when using PCA. In addition, Cavallini et al., [28] proposed a strategy based
on evaluating intervals via MCR–ALS as a resolution technique to characterize
beer. The authors highlighted that the resolution of ST profiles simplified the
information, making it easily interpretable.

To the best of our knowledge, the application of segmented analysis via MCR–ALS
to the 1H NMR spectra for the differentiation based on geographical origin and
storage conditions of sugar beet, and the botanical source of commercial sugars
has not been explored before. Herein, segmented analysis via MCR–ALS was
applied to 1H NMR spectroscopy data to differentiate sugars based on their
sources. MCR–ALS allow analysis of the 1H NMR spectra of sugars, avoiding
the issues associated with loss of chemical information that are observed when
data binning preprocessing is used. It also removes spectral noise and identifies
the main chemical compounds responsible for the differences and the subsequent
classification. Thus, segmented analysis via MCR–ALS was evaluated as a novel
alternative method to data binning for classification or authentication purposes
in the sugar industry.

4.2 Materials and methods

4.2.1 Reagent and chemicals

Deuterium oxide (D2O, 99.9%), 3-(Trimethylsilyl)-propionic-2,2,3,3-d4 acid sodium
salt (TSP-d4, 98%), potassium phosphate monobasic anhydrous (KH2PO4, > 99%),
potassium phosphate dibasic anhydrous (K2HPO4, > 98%), and methanol (high-
performance liquid chromatography grade) were purchased from Sigma-Aldrich
(Darmstadt, Germany).

4.2.2 Sample collection and preparation

In 2022, twelve sugar beet samples, that were harvested from two geographical
regions of the center-south of Chile (San Carlos and Los Ángeles) and three
cultivation fields (Santa Isabel, Luciana, and Santa Laura) were kindly provided by
the National Federation of Beet Growers (FENARE, Chile). Detailed information
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regarding the origin of the samples is provided in Table 4.2.1. From these samples,
four fresh sugar beets from San Carlos (F-SB1) and Los Ángeles (F-SB2) were
selected, washed, cut into slices, freeze-dried, pulverized in a mortar, and stored
at −80◦C. In parallel, to establish the robustness of the segmented analysis and
assess the discrimination capacity of the chemometric models by adding a new
variable, four samples obtained from San Carlos (S-SB1) were stored in a growth
chamber under controlled conditions at 20◦C (without humidity control) for 1
month. After this period, the samples were collected, washed, cut into slices, freeze-
dried, pulverized in a mortar, and stored at −80◦C. In addition, nice commercial
sugars, four coconut sugars (Coco-S), and five brown cane sugars (Br-CaneS) were
purchased from local markets in different countries. These commercial sugars
were pulverized in a mortar, and, subsequently, intentionally mixed in different
proportions for simulated adulterations (Mix-S) (Table 4.2.1).

4.2.3 Extraction of carbohydrates from the sugar beet

samples

The extraction of carbohydrates from F-SB1, F-SB2, and S-SB1 samples was
conducted using the methanol/water protocol reported by Yang et al., [29] with
some modifications. Briefly, 150 mg freeze-dried sugar beet was suspended in 1000

µL cold (4◦C) MeOH:H2O (1:1 v/v) solution, vortexed for 1 min, and sonicated
for 15 min. Following centrifugation at 17,000 × g for 10 min, the supernatant
was collected and transferred to a 2-mL Eppendorf tube. The extraction process
for each sample was performed twice, and subsequently, both supernatants were
combined, freeze-dried, and stored at −80◦C until analyzed.

4.2.4 NMR sample preparation

The sugar beet extracts were dissolved in 800 µL of a D2O solution containing 100
mM K2HPO4/KH2PO4 pH 7.4 as a buffer and TSP-d4 0.1% w/w as an internal
standard. For Coco-S, Br-CaneS, and Mix-S, 300 mg of each sample was dissolved
using the same solution. The samples were centrifuged at 17,000 × g for 5 min,
and 600 µL supernatant was transferred to a 5-mm NMR tube.
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Table 4.2.1: Information of sugar beet and commercial sugar samples, including
geographical region, country, cultivation field, brand, and code.

Source of
sugar

Geographical
region or country

Cultivation field or
commercial brand

N° of
samples Code

Fresh sugar
beet

San Carlos
Chile

Santa Laura
(−36.460742◦, −71, 878242◦) 4 F-SB1

Los Ángeles
Chile

Santa Isabel
(−37.4337◦, −72, 29983◦) 2 F-SB2

Los Ángeles
Chile

Luciana
(−37.43191◦, −72, 31375◦) 2 F-SB2

Stored sugar
beet

San Carlos
Chile

Santa Laura
(−36.460742◦, −71, 878242◦) 4 F-SB1

Coconut sugar Chile NN 1 Coco-S
Chile NO 1 Coco-S

Colombia SL 1 Coco-S
United States MT 1 Coco-S

Brown cane
sugar Türkiye KY 1 Br-CaneS

Chile IA 1 Br-CaneS
Colombia DL 1 Br-CaneS
Colombia CO 1 Br-CaneS

Perú DU 1 Br-CaneS

Proportion mixtures between coconut
and brown cane sugar (% w/w) NK:KY 15:15 1 Mix-S

NO:IA 20:10 1 Mix-S
SL:DL 10:20 1 Mix-S
MT:CO 25:5 1 Mix-S

Total number of samples 25

4.2.5 NMR acquisition

All 1H NMR spectra were acquired using a Bruker 400 MHz spectrometer model
AscendTM (Bruker Biospin, Germany) operating at 400.13 MHz and equipped
with a PABBI 1H/D-BB-Z-GRD liquid probe. For the 1H NMR spectra, 96
number of scans were recorded for each sample with 65,536 data points over a
spectral width of 6393.862 Hz, with an acquisition time of 1.26 s, receiver gain
of 57.0, and relaxation delay of 1.00 s using the zg30 pulse sequence at 293K.
A representative 1H NMR spectrum was obtained for each sample by averaging
these 96 scans.
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4.2.6 NMR data preprocessing using chemometric tools

4.2.6.1 Processing 1H NMR dataset

All 1H NMR spectra were manually phased, baseline corrected, and referenced
to the TSP-d4 resonance signal (δH = 0.00) using MestreNova v.12.0 (MestreLab
Research, Spain) software and imported into MATLAB R2021a (TheMathWorks
Inc., Natick, MA, USA) as a spectral data matrix. The spectral regions of
δH = 3.32 − 3.38 and δH = 4.68 − 5.17 caused by the presence of residual
resonance signals from methanol and water, respectively, were excluded from the
data. The spectral regions with chemical shifts < δH = 0.20 and > δH = 9.50

were also removed. The final 1H NMR dataset comprised a data matrix with 25
spectra in rows with δH = 35, 886 values in columns. To minimize any variability
due to chemical shifts that may affect the chemometrics models, the resonance
misalignments were corrected using the icoshift algorithm [30], and rows of the
dataset were normalized to the total area. The corrected and normalized 1H
NMR dataset (processed 1H NMR dataset) was subjected to two independent
preprocessing methods before the unsupervised and supervised analysis, i.e., 1H
NMR data binning and segmented analysis via MCR–ALS, respectively.

4.2.6.2 1H NMR data binning

The processed 1H NMR dataset was used to make a binning dataset with a bucket
width of 0.04 ppm using MestreNova v.12.0. The result consisted of a matrix with
25 spectra in rows and 219 buckets in columns.

4.2.6.3 Segmented analysis via MCR–ALS

Alternative to data binning, a segmented analysis via MCR–ALS was applied to
the processed 1H NMR dataset using the methodology developed by Pérez et al.,
[25]. The 1H NMR dataset was manually divided into 29 subarrays (segments) to
maintain the multiplicity of the resonance signals. Each subarray encompassed
one or more resonance signals with distinct intensities in relation to the spectral
noise. The dimensions of the 29 subarrays are reported in detail in supplementary
Table 4.6.1. The 29 subarrays were independently analyzed using MCR–ALS
GUI 2.0 Toolbox [31] via MATLAB R2021a. Every subarray was resolved via
MCR–ALS using the single value decomposition (SVD) to find the optimal number
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of components. Non-negativity constrains were applied to the C and ST profiles
in the ALS optimization. The quality of all MCR–ALS models was determined
by evaluating the values of lack of fit (LOF) and percentage of explained variance.
The combination of the 29 concentration profiles matrices with different number
of components produced a combined C matrix with 25 samples in rows and 37
components in columns.

4.2.7 Unsupervised and supervised analyses

Exploratory analysis by PCA using data binning and combined C matrix as an
independent X matrix, composed by the 25 samples (described in Table 4.2.1), was
applied to evaluate the maximization sample clustering according to the intrinsic
variance in the dataset. In addition, mean centering in combination with variance
or Pareto scaling was used as a pretreatment for the different PCA models to
evaluate the influence of the pretreatment on the sample clustering.

To improve the separation between the sample groups and evaluate the variables
that produced considerable differences in the discrimination, two PLS–DA models
were applied to the combined C matrix. The first PLS–DA model was used to
discriminate between stored sugar beets and fresh sugar beets and between the
different geographical regions of cultivation, considering 12 samples. The second
PLS–DA model was applied to discriminate between coconut sugar, brown cane
sugar, and their simulated adulterations, with a total of 13 samples. For each
PLS–DA model, mean centering with variance scaling was used as a pretreatment.

All the PCA and PLS–DA models were constructed using PLS_Toolbox 9.0
(Eigenvector Research Inc.) via MATLAB R2021a. The quality of the PCA and
PLS–DA models was evaluated using the Venetian blinds cross-validation method
with 5 and 6 blinds, respectively. The optimal number of components (and latent
variables [LVs]) was determined based on the percentage of explained variance.
To identify the most discriminant variables from the PLS–DA models, the values
from the variable importance in the projection (VIP) were analyzed. The variables
with a VIP of ≥ 1 were considered relevant for discrimination. To assess the
statistical significance of each relevant variable, a one-way analysis of variance
(ANOVA) test with Bonferroni correction was applied to adjust the significance
level, and for pairwise differences, t-test were performed using OriginPro 2016
(OriginLab Corporation, Northampton, MA, USA). VIP values with p < 0.05
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statistical significance were recognized as discriminant.

4.3 Results and discussion

The processed 1H NMR dataset of the 25 samples is shown in Fig. 4.3.1A.
Similarities were observed mainly in the spectral region of carbohydrates with
δH = 3.50 − 6.00. In addition, lower resonance signals in the spectral regions
of aliphatic compounds with δH = 0.50 − 3.50 and those of aromatic/aldehyde
compounds with δH = 6.00− 9.50 were detected in all the 1H NMR spectra (Fig.
4.3.1B and 4.3.1C), suggesting similar spectroscopic profiles in all the samples.
The identification of these resonance signals in the processed 1H NMR dataset
will be discussed on detail in Section 4.3.4.

Figure 4.3.1: Processed 1H NMR dataset (400.13 MHz) from the 25 samples
(carbohydrates extracted from eight fresh sugar beets, four storage sugar beets, four
coconut sugars, five brown cane sugars, and four simulated adulterated samples)
used for the segmented analysis via MCR–ALS.A) Complete range of resonance
signals δH = 0.20− 9.50. B) Expanded aliphatic spectral region δH = 0.20− 3.50.
C) Expanded aromatic/aldehyde spectral region δH = 6.00− 9.50. Numbers 1-37
represent resonance signals (Table 4.3.2) associated to: (1): Leucine; (2): Valine
+ Isoleucine; (3): Lactate; (4): Alanine; (5): Acetate; (6-9-14): GABA; (7-8):
Glutamate; (10-13): Acetate + Malate; (11): Pyroglutamate; (12): Glutamine;
(15): Choline; (16): Betaine; (17-18-19-20-21-22-23-25-27-32): Sucrose; (24-26):
Fructose; (29): β-glucose; (30): α-glucose; (31): α-xylose; (34): trans-aconitate;
(35): Tyrosine; (36): Fumarate; (37): Formate.
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4.3.1 Resolution of resonance signals via MCR–ALS

The 29 manually selected subarrays across the full range of resonances (δH =

0.20−9.50) were independently resolved via MCR–ALS. For example, two different
subarrays in the processed 1H NMR dataset, containing resonance signals in the
ranges of δH = 4.16− 4.25 and δH = 1.80− 1.96 are presented in supplementary
Fig. 4.6.1A and 4.6.1B, respectively. The optimal number of components required
to resolve C and ST profiles for each resonance signal was determined using
the SVD method using MCR–ALS. The resonance signal of the first subarray
was successfully resolved with only one component (supplementary Fig. 4.6.1A),
whereas for the second subarray, two component were found to be optimal for
accurately resolve resonance signals with good symmetry with a certain degree
of overlap (supplementary Fig. 4.6.1B). For this preprocessing, 1-3 components
were required to describe the C and ST profiles for each subarray, obtaining a
total of 45 components with a convergence between 4 and 500 iterations. Of
these 45 components, 8 were discarded because they contained only noise or were
incorrectly resolved. The remaining 37 components had an LOF of ∽ 4.46% and
a total explained variance of 98.4%. Owing to their chemical shifts, components
1-17, 18-33, and 34-37 described resonance signals associated with the aliphatic,
carbohydrate, and aromatic/aldehyde spectral regions, respectively. More precise
representation of all the chemical shifts according to each C and ST profiles is
shown in supplementary Table 4.6.2.

4.3.2 Effect of the pretreatment on the exploratory analysis

using PCA

4.3.2.1 Binning data

The PCA score plot, obtained using mean centering with variance scaling as
pretreatment, is shown in Fig. 4.3.2A. The first two principal components (PCs)
explained 45.29% of the total variance. No clear clustering trend was observed
with respect to the sugar source (Fig. 4.3.2A); however, separations between S-SB1
and F-SB2 and Br-CaneS in PC1 (25.79% explained variance) were observed. PC2
(19.50%) showed lesser differences between Br-CaneS and Coco-S compared to
PC1. In this case, the data binning did not allow a good differentiation between
the sample groups. Using mean centering and Pareto scaling as a pretreatment,
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the total explained variance could be increase, based on the contribution of lower-
intensity resonance signals; providing equal weighting to each variable [32]. Thus,
the differentiation was not biased toward variables with greater magnitude, as seen
in the case of resonance signals present in the carbohydrate spectral region (Fig.
4.3.1A), which maximized the differentiation as in the case of the S-SB1 samples
(Fig. 4.3.2B). In this case, the first two PCs explained 79.94% of the variance. The
first source of variation was attributed to storage, in which S-SB1 differed from
F-SB2, Coco-S, Br-CaneS, and Mix-S in PC1 (56.13% of the explained variance).
PC2 (23.81%) demonstrated greater differentiation between F-SB1 and F-SB2
with respect to S-SB1, Coco-S, and Mix-S than PC1. Despite these observations,
satisfactory results in differentiating sugar beet extracts and commercial sugars
were not achieved.

4.3.2.2 Combined C matrix

PCA applied to the combined C matrix using mean centering and variance scaling
as a pretreatment, is shown in Fig. 4.3.2C. The first two PCs explained 56.29% of
the total variance. Variance scaling uses the standard deviation of each variable
as scaling factor [33], thereby rendering each variable equally important (same
variance). However, erroneous estimations can be observed for those variables that
do not contain chemical information or a certain degree of overlap, as in the case of
data binning. While binning data minimizes variations caused by chemical shifts,
it also results in loss of spectral resolution and superposition of resonance signals
in the same bin, making sample clustering challenging (Fig. 4.3.2A and 4.3.2B).
However, this does not occur with the combined C matrix, because each C profile
is described by an ST profile regardless of the degree of overlap. The spectral
noise is modelled in an independent matrix of residuals, and even small variations
within the variables can be detected, thereby maximizing clustering in PCA (Fig.
4.3.2C). Thus, with mean centering and Pareto scaling used as a pretreatment
(Fig. 4.3.2D), MCR–ALS preprocessing achieved clustering of similar samples.
These results agreed with those reported by Pérez et al., [25] and Khakimov et al.,
[34] in zebrafish and human urine samples, respectively. MCR–ALS maximized the
between-group variability and decreased the within-group variability. Therefore,
different pretreatments can be applied depending on the objectives of the study.
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Figure 4.3.2: PCA plots derived from the binning data (A,B) and the combined
C matrix obtained via MCR–ALS (C,D) for the differentiation of sugar beet
extracts and commercial sugars. A) PCA score plot (PC1 vs PC2) using mean
centering and variance scaling on binning data. B) PCA score plot (PC1 vs PC2)
using man centering and Pareto scaling on binning data. C) PCA score plot (PC1
vs PC2) using mean centering and variance scaling on the combined C matrix.
D) PCA score plot (PC1 vs PC2) using mean centering and Pareto scaling on
the combined C matrix. E) and F) Loading bar plots of PC1 and PC2 from
PCA described in C), respectively. G) Scatter loading plots of PC1 vs PC2 of
PCA described in C). Variables were represented as a bar plot and blue dots in
which each number represented a concentration profile (C) that is associated to
its respective spectral profile (S1). S-SB1: storage sugar beet from San Carlos
(red); F-SB1: fresh sugar beet from San Carlos (brown); F-SB2: fresh sugar beet
from Los Ángeles (yellow); Coco-S: coconut sugar (light blue); Br-CaneS: brown
cane sugar (blue); Mix-S (green).

4.3.2.3 Differentiation of sugar beet extracts and commercial sugars

using the combined C matrix

The score plot in Fig. 4.3.2C shows that the first source of variation corresponded
with sugar beet extracts or commercial sugar samples, in which separation between
S-SB1, F-SB1, and F-SB2 and Coco-S, Br-CaneS, and Mix-S was achieved with
32.20% of the variance explained. The second source of variation allowed the
differentiation between the stored and fresh sugar beet samples S-SB1, F-SB1, and
F-SB2, as well as differentiation of Coco-S and Br-CaneS with 24.09% of variance
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explained. Notably, the clustering of samples based on the sugar source was
maximized when using the combined C matrix. Also, the simulated adulteration
samples (Mix-S) were separated from the Coco-S and Br-CaneS clusters, with
one sample of Coco-S clustering with the group of Mix-S samples. Most samples
remained inside the 95% confidence level, except for one sample from S-SB1. The
samples that showed Q residuals over the 95% confidence level and did not exhibit
significant improvement in the percentage of explained variance following their
exclusion were not considered outliers.

The variables that contributed to the clustering according to the sugar source can
be observed in the loading plots of both PCs in Fig. 4.3.2E and 4.3.2F. These
loading plots are shown as a bar plot, in which each component represents C that
was described by its respective S profile. The variables 3, 5, 11, 17-32 (except 19
and 31), 34, and 37 were most relevant for the clustering of the commercial sugars
Coco-S, Br-CaneS, and Mix-S (Fig. 4.3.2E). The variables 1-16 (except 3, 5, and
11), 19, and 31 contributed to the clustering of the stored and fresh sugar beet
samples S-SB1, F-SB1, and F-SB2, followed by less relevant variables 33, 35, and 36.
Regarding the spectral regions of each variable (Table S4.6.2), the carbohydrates
region made the greatest contribution to the differentiation of commercial sugars
from sugar beet extracts, whereas the aliphatic region exhibited a high relevance
for differentiating sugar beet extracts under storage conditions, except for certain
resonance signals. The spectral region of aromatic/aldehyde compounds also
exhibited specific resonance signals that contributed to the differentiation of sugar
beet extracts and commercial sugars. The loading plot for PC2 (Fig. 4.3.2F)
illustrated that the variables from the carbohydrate spectral region 18, 20, 24, and
26 were more relevant for clustering S-SB1, Coco-S, and some samples of Mix-S,
whereas the variables 19, 21, 22, 23, 25, 27, 31, 32, 33, and 34 were relevant for
F-SB1, F-SB2, Br-CaneS, Mix-S, and one sample of Coco-S, implying the possible
influence of resonance signals associated with different sugars contributing to the
differentiation. Similarly, the loading plot for PC2 shows that the variables 2-16
(except 1 and 12) of the aliphatic spectral region made a clear contribution to the
clustering of S-SB1, Coco-S and some Mix-S samples. According to the scatter
plot of the loadings (Fig. 4.3.2G) variables 18, 24, 26, 29, and 30 characterized the
clustering of Coco-S samples, while stored samples were characterized by variables
2, 6, and 16. Variables 19 and 31 characterized the samples F-SB1 and F-SB2,
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while variables 21, 22, 23, 25, 27, 32, and 34 had a high contribution for Br-CaneS.

4.3.3 Discrimination of a group of samples using PLS–DA

4.3.3.1 Sugar beet under storage conditions and geographical origin

Samples coming from sugar beet were analyzed by PLS–DA to evaluate differences
by storage conditions and geographical origin. The first two LVs explained 55.62%

of the total variance. The discrimination of S-SB1 from F-SB1 and F-SB2 was
achieved with the first LV (LV1), with 40.27% of the variance explained. This
discrimination is depicted in the score plot of the PLS–DA model in Fig. 4.3.3A.
The PCA score plot revealed that the same differences were obtained with PC1,
with 41.47% of the variance explained (supplementary Fig. 4.6.2A). Discrimination
based on geographical origin (F-SB1 from F-SB2) was possible with LV2 (15.35% of
explained variance). In the PCA score plot, a similar differentiation was observed
but to a lesser extent in the fourth PC, which explained 7.64% of the variance
(Supplementary Fig.4.6.2).

The VIP plot (Fig. 4.3.3B) revealed that the highest contributions associated
with the discrimination between S-SB1 and F-SB1 and F-SB2 were from the
variables 2, 3, 8, 10, 16, 18, 21, 22, 23, 25, and 36. After the analysis of the
statistical significance of each relevant variable (VIP ≥ 1 ), only variables 2,
8, 10, 16, and 36 were observed to contribute to differentiate S-SB1 from the
fresh samples. This was expected due to the other variables being related to the
resonance signals of the sucrose molecule. Table 4.3.1 summarized the VIP values
obtained by the PLS–DA model for these variables. Based on the identification
of resonance signals (Table 4.3.2), these variables were associated with valine,
isoleucine, glutamate, citrate, malate, betaine, and fumarate. The score plot for
LV1 (Fig. 4.3.3A) revealed that storage time affected sugar beet, characterized
by an increase in the intensity of concentration profiles associated with amino
acids and nitrogenous compounds (Supplementary Fig. 4.6.5). This could be
explained by a possible tendency toward the hydrolysis of proteins to amino
acids and their catabolism via the tricarboxylic acid (TCA) cycle (citrate, malate,
fumarate), thereby increasing the concentration of drought stress-induced N-amino
compounds [8]. Furthermore, an increase in the intensity of betaine concentration
profiles was observed (Supplementary Fig. 4.6.5E). This, could be related to a
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Figure 4.3.3: PLS–DA plots derived from the combined C matrix obtained
via MCR–ALS for the discrimination of sugar beets and commercial sugars. A)
PLS–DA score plot (LV1 vs LV2). B) VIP plot for S-SB1. C) PLS–DA score plot
(LV1 vs LV2). D) VIP plot for Coco-S. Variables with VIP ≥ 1 were considered
relevant for discrimination. S-SB1: storage sugar beet from San Carlos (red);
F-SB1: fresh sugar beet from San Carlos (brown); F-SB2: fresh sugar beet from
Los Ángeles (yellow).

decrease in the intensity of resonance signals associated with sucrose, because its
biosynthesis requires energy from sucrose. Regarding discrimination according
to geographical region, the VIP plots (supplementary Fig. 4.6.3) indicate the
variables with more relevance are associated with the concentration profiles of
amino acids. Based on this, only leucine showed significant discrimination for
F-SB1 (Supplementary Fig. 4.6.5A), suggesting possible differences in soil type
per cultivation field, generating variations in the concentration of free amino acids.

4.3.3.2 Coconut sugar, brown cane sugar, and simulated adulterations

A separated analysis was performed for the commercial brown sugars to identify
compounds responsible for discrimination based on botanical source using PLS–DA.
The PLS–DA model enabled the discrimination between Coco-S and Br-CaneS,
with the first two LVs explaining 71.51% of the total variance. The PLS–DA
score plot (Fig. 4.3.3C) revealed that the discrimination between Coco-S and
Br-CaneS was achieved with LV1, explaining 53.76% of the variance. The same
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Table 4.3.1: Variables that contribute to the discrimination of sugar beet extracts
and commercial sugars associated with the VIP values (p < 0.05) obtained by
PLS–DA.

Source of sugar Variable (C) and (ST ) Compound VIP value
S-SB1 2 Valine-Isoleucine 1.50

8 Glutamate 1.41
10 Citrate-Malate 1.30
16 Betaine 1.30
36 Fumarate 1.18

F-SB1 1 Lecuine 1.82
Coco-S 3 Lactate 1.05

5 Acetate 1.03
11 Pyroglutamate 1.03
24 Fructose 1.31
26 Fructose 1.26
29 β-glucose 1.42
30 α-glucose 1.24
37 Formate 1.07

Br-CaneS 31 α-xylose 1.22
32 Sucrose 1.03

differentiation was possible with PCA, with 54.34% of the explained variance
in PC1 (Supplementary Fig. 4.6.2C). LV2 showed that discrimination of Mix-S
from Coco-S and Br-CaneS was possible to a certain extent, with 17.75% of
the variance explained (Fig. 4.3.3C), whereas Mix-S was mostly differentiated
from both commercial sugars with PC1 (Supplementary Fig. 4.6.2C). Comparing
these results with the PCA score plot of Fig. 4.3.2C, it was observed that in
all models, the Mix-S samples were clustered with Coco-S and Br-CaneS, with
one sample of Coco-S considered as Mix-S, suggesting a slight difference from
the other Coco-S samples. The identification of resonance signals (Table 4.3.2)
revealed that only the variables 15 (choline), 5 (acetate), 3 (lactate), 37 (formate),
17-32 (sucrose), 24-26 (fructose), 29 (β-glucose), and 30 (α-glucose) were detected
in all the samples of Coco-S, whereas some resonance signals associated with
amino/organic acids were only detected in three samples of Coco-S. This indicated
that the use of the combined C matrix obtained from segmented analysis via
MCR–ALS represents the pure resonance signals resolved in the processed 1H
NMR dataset. This allows, supervised or unsupervised models to present a less
biased contribution to each variable and, therefore, be able to differentiate the
one sample of Coco-S from the other three Coco-S samples.
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The VIP plot (Fig. 4.3.3D and Table 4.3.1) showed that the contribution associated
with the discrimination of Coco-S and Br-CaneS were from the variables 3, 5, 11,
24, 25, 29, 30 ,31, 32, and 37. Regarding the identification of resonance signals
(Table 4.3.2), these variables corresponded to lactate, acetate, pyroglutamate,
fructose, β-glucose, α-glucose, α-xylose, sucrose and formate. The high intensities
of variables 3 (lactate), 5 (acetate), and 37 (formate) in Coco-S (Supplementary
Fig. 4.6.6) may be partly due to fermentation after harvesting and the Maillard
reaction [13, 12], contributing to is discrimination. The formation of pyroglutamate
through the intramolecular cyclization of glutamate or glutamine [35] due to high
temperatures and pressure during the production of coconut sugar contributed
to its discrimination. In addition, the C of the variables 24-26 (fructose), 29
(β-glucose), and 30 (α-glucose) exhibited higher intensities in Coco-S than in
Br-CaneS (Supplementary Fig. 4.6.6). Conversely, the high intensities of C

associated with resonance signals of sucrose and possibly related to α-xylose
contributed to the differentiation of Br-CaneS (Supplementary Fig. 4.6.7).

4.3.4 Tentative identification of resonance signals and

assignment for sugar beet extracts and commercial

sugars through the spectral profiles (ST ) obtained via

MCR–ALS

The 37 ST profiles obtained via MCR–ALS according to each subarray were
evaluated to determine the spectroscopic parameters as chemical shifts (δH),
multiplicity, and coupling constants (J ) using MestreNova v.12.0. The spectral
regions of aliphatic, carbohydrate, and aromatic/aldehyde compounds were
determined by comparing the spectroscopic parameters with values from previously
reported studies [13, 36, 17, 10, 22, 8, 29], using reference library Chenomx NMR
suite 8.3, and the online available Human Metabolome Database (HMDB) [37].
The latter was used for some primary compounds present also in plant metabolome.
Overall, 22 polar compounds were identified in the sugar beet extracts and
commercial sugar samples, i.e., 9 amino acids, 2 amino compounds, 7 organic
acids, and 4 sugars. The identification, assignment, chemical shifts, coupling
constants, and multiplicities of all the compounds are presented in detail in Table
4.3.2. The identification of the resonance signals through ST profiles was consistent
with the results of the scores and loading plots obtained with PCA (Fig. 4.3.2C,
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4.3.2E, and 4.3.2F). The specific resonance signals for sugar beet extracts and
commercial sugars, i.e., variables 4 (alanine), 6, 9, 14 (GABA), 8, 7, (glutamate),
11 (pyroglutamate), 12 (glutamine), 16 (betaine), 35 (tyrosine), 5 (acetate), 37
(formate), and 34 (trans-aconitate), demonstrated accurate contribution to the
clustering and differentiation according to the sugar source.

4.3.4.1 Carbohydrates

As anticipated, most of the intense resonance signals present in the 1H NMR
dataset (Fig. 4.3.1A) corresponded to the resonance signals of sucrose in the
carbohydrate spectral region. Glucose anomers (α and β), α-xylose, and sucrose
were represented by the doublets of protons bonded to the anomeric carbon at
δH = 5.23 (d, J = 3.76 Hz), δH = 4.65 (d, J = 7.93 Hz), δH = 5.20 (d, J = 3.82

Hz), and δH = 5.41 (d, J = 3.87 Hz), respectively. Resonance signals from fructose
were detected as multiplets at δH = 4.01 and 4.11.

4.3.4.2 Amino acids and amino compounds

The compounds in the aliphatic region associated with the branched-chain amino
acids signals of valine δH = 1.00, 1.04 (d, J = 6.64, 6.86 Hz), leucine δH = 0.93 (t,
J = 6.80− 6.30 Hz), and isoleucine δH = 1.07 (d, J = 7.06 Hz) were identified
in S-SB1, F-SB1, F-SB2, and only in three Coco-S samples. Alanine δH = 1.50

(d, J = 7.22 Hz) and GABA δH = 1.94 (m), 2.29 (t, J = 7.42 Hz), and 3.01 (t,
J = 7.95 − 7.84 Hz) were detected only in sugar beet extracts. The resonance
signal associated with betaine δH = 3.27 (s) was found only in the sugar beet
extracts, as betaine is a specific molecule of sugar beet [13, 38]. The multiplets of
glutamate at δH = 2.04, 2.14 were detected only in S-SB1, and the multiplet of
glutamine δH = 2.44 was found in F-SB1 and F-SB2. Pyroglutamate δH = 2.42,
2.52 (m) was present in only three samples of Coco-S, possibly due to the heat-
degradation of glutamate or glutamine during sugar production [8]. The resonance
signal belonging to choline δH = 3.17 (s) was detected in S-SB1 and Coco-S.
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4.3.4.3 Organic acids and derivates

Malate δH = 2.37, 2.68 (dd, J = 15.1− 9.53, 15.4− 3.53 Hz), acetate δH = 1.94

(s), citrate δH = 2.54, 2.71 (d, J = 16.2 − 16.3 Hz), and lactate δH = 1.34 (d,
J = 6.93 Hz) were identified as the most prominent organic acids in Coco-S
(except for lactate), suggesting the occurrence of mixed acid fermentation between
the harvesting of the sugar juice and heating [13]. In sugar beet extracts, only
malate and citrate were detected in S-SB1, whereas lactate was identified in
F-SB1, F-SB2, and S-SB1. In the aromatic/aldehyde spectral region, tyrosine at
δH = 6.89 − 7.19 (d, J = 8.73, 8.88 Hz) was detected only in three samples of
the sugar beet extracts, i.e., one fresh and two stored samples. Furthermore, the
resonance signal of fumarate δH = 6.54 (s), an intermediate of the TCA cycle with
citrate and malate [8], was detected in S-SB1, F-SB1, F-SB2, and three samples
of Coco-S. Formate δH = 8.47 (s) was identified only in Coco-S and Br-CaneS
samples. The identification of formate and acetate only in Coco-S and Br-CaneS
could be related to the formation of these compounds due to the degradation of
sugars at high temperatures and the Maillard reaction [12]. Finally, the presence
of trans-aconitate δH = 6.59 (s) was detected only in Br-CaneS, consistent with
the results of Bachmann et al., [13] and Palmonari et al., [38]. Aconitate is a
specific acid produced by sugar cane, and its predominant form is trans-aconitate
[39], formed by the isomerization of cis-aconitate.
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Table 4.3.2: Identification and assignments of each spectral profile (ST ) obtained
by MCR–ALS for 1H NMR dataset from sugar beets and commercial sugars. S-SB1:
Storage sugar beet from San Carlos; F-SB1: Fresh sugar beet from San Carlos; F-SB2:
Fresh sugar beet from Los Ángeles; Coco-S: Coconut sugar; Br-CaneS: Brown cane sugar;
s: singlet; d: doublet, t: triplet; dd: doublet of doublets; dq: doublet of quartets; m:
multiplet.

Variable
ST Compound δH in ppm

(mult, J in Hz) Group
Detected in
sugar beet
extracts

Detected in
sugar beet
extracts

Amino acids and amino compounds
2 Valine 1.00 (d, J = 6.64) γCH3 + Only in 3 samples

1.04 (d, J = 6.86) γ’CH3 + of Coco-S
1 Leucine 0.93 (d, J = 6.86-6.30) δCH3 + Only in 3 samples

+ of Coco-S
2 Isoleucine 1.07 (d, J = 7.06) γCH3 + Only in 3 samples

+ of Coco-S
4 Alanine 1.50 (d, J = 7.22) βCH3 + -

6-9-14 GABA 1.91 (m) γCH2 + -
2.29 (t, J = 7.42) αCH2 + -

3.01 (t, J = 7.95-7.84) γCH2 + -
8-7 Glutamate 2.04 (m) βCH2 Only in S-SB1

2.14 (m) β’CH3 Only in S-SB1 -
11 Pyroglutamate 2.42 (m) γCH2 - Only in 3 samples

2.52 (m) βCH2 - of Coco-S
12 Glutamine 2.44 (m) γCH2 Only in S-SB1 -

and F-SB2
15 Choline 3.17 (s) N(CH3)3 Only in S-SB1 Only in Coco-S
16 Betaine 3.27 (s) N(CH3)3 + -
35 Tyrosine 6.89 (d, J = 8.73) 3.5-CH Only in 3 -

7.19 (d, J = 8.88) 2.6-CH samples -
Organic acids

10-13 Malate 2.37 (dd, J = 15.19.53) βCH Only in S-SB1 Only in 3 samples
2.68 (dd, J = 15.4-3.53) β’CH3 Only in S-SB1 of Coco-S

5 Acetate 1.94 (s) CH3 - +
10-13 Citrate 2.54 (d, J = 16.2) CH2 Only in S-SB1 Only in 3 samples

2.71 (d, J = 16.3) CH2 Only in S-SB1 of Coco-S
3 Lactate 1.34 (d, J = 6.93) βCH3 + +
36 Fumarate 6.54 (s) (CH=)2 + Only in 3 samples

of Coco-S
37 Formate 8.47 (s) CH - +
34 trans-aconitate 6.59 (s) CH= - Only in Br-CaneS

Carbohydrates
17 Sucrose 3.47 (d, J = 9.38) G4H + +
18 3.56 (dd, J = 9.97-3.85) G2H + +
19 3.67 (s) F1H + +
20 3.76 (t, J = 9.56) G3H + +
21 3.82 (m) F6H + +
22 3.85 (m) G5H + +
23 3.39 (dq, J = 8.30-4.01) F5H + +
25 4.05 (t, J = 8.76) F4H + +
27 4.22 (d, J = 8.54) F3H + +
32 5.41 (d, J = 3.87) G1H + +

24-26 Fructose 4.01 (m) C6H2 + +
4.11 (m) C3H+C4H + +

31 α-xylose 5.20 (d, J = 3.82) CH + Only in Br-CaneS
30 α-glucose 5.23 (d, J = 3.76) CH + +
29 β-glucose 4.65 (d, J = 7.93) CH + +

Not identified
28 Unknown 4.39 (d, J = 8.77) - + +
33 Unknown 5.62 (d, J = 3.82) - + +



Chapter 4. First Article 65

4.4 Conclusion

The application of a segmented analysis via MCR–ALS to 1H NMR spectral data
was effective in discriminating sugar beet extracts and commercial sugars with
respect to botanical source, geographical region, and storage. This had not been
possible under other preprocessing methods such as data binning. In addition, the
discrimination was successful without the loss of chemical information required for
identifying compounds. The spectral assignment, based on the ST profiles using
MCR–ALS, allowed the identification of 22 compounds present in the sugar beet
extracts and commercial sugars. Valine, isoleucine, glutamate, betaine, acetate,
malate, and fumarate were responsible for discriminating stored from fresh sugar
beet, whereas lactate, acetate, pyroglutamate, fructose, α-glucose, β-glucose, and
formate were responsible for discriminating coconut sugar from brown cane sugar.
Finally, this study demonstrated that sugar from different sources, with similar
spectroscopic profiles and which are dominated by sucrose, can be differentiated
independent of their degree of spectral overlap. The use of MCR–ALS enables
greater selectivity in chemometric models. It is important to note that the number
of samples used for the analysis was small, and more samples are required in both
groups (sugar beet and commercial sugars) to improve robustness of the models
and ensure that the methodology is more generalizable in future.
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4.6 Supplementary Material

Table 4.6.1: Processed 1H NMR dataset manually divided according to their
resonance signals for the application of segmented analysis via MCR–ALS.

Subarray Matrix size Subarray Matrix size
1 25 × 4400 16 25 × 180

2 25 × 400 17 25 × 85

3 25 × 1700 18 25 × 265

4 25 × 750 19 25 × 365

5 25 × 950 20 25 × 285

6 25 × 500 21 25 × 280

7 25 × 1300 22 25 × 440

8 25 × 600 23 25 × 800

9 25 × 1150 24 25 × 940

10 25 × 650 25 25 × 360

11 25 × 400 26 25 × 900

12 25 × 500 27 25 × 4250

13 25 × 350 28 25 × 3350

14 25 × 470 29 25 × 8886

15 25 × 380
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Table 4.6.2: Spectral regions for each concentration (C) and spectral (ST )
profiles resolved by MCR–ALS due to their chemical shifts.

C-ST Chemical
shift (δH) Spectral region C-ST Chemical

shift (δH) Spectral region

Aliphatic Carbohydrates
1 0.20− 1.20 20 3.71− 3.79

2 0.20− 1.20 21 3.79− 3.84

3 1.26− 1.38 22 3.84− 3.86

4 1.40− 1.75 23 3.86− 3.92

5 1.80− 1.96 24 3.92− 4.02

6 1.80− 1.96 25 4.02− 4.08

7 1.95− 2.20 26 4.09− 4.15

8 1.95− 2.20 27 4.14− 4.26

9 2.20− 2.32 28 4.26− 4.46

10 2.30− 2.65 29 4.50− 5.10

11 2.30− 2.65 30 5.18− 5.26

12 2.30− 2.65 31 5.18− 5.26

13 2.64− 2.78 32 5.25− 5.50

14 2.80− 3.05 33 5.50− 6.50

15 3.08− 3.22 Aromatic/Aldehyde

16 3.24− 3.38 34 6.50− 7.40

17 3.40− 3.50 35 6.50− 7.40

Carbohydrates 36 6.50− 7.40

18 3.50− 3.59 37 7.00− 9.50

19 3.60− 3.70
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Figure 4.6.1: Example of subarrays manually selected for segmented analysis
via MCR–ALS. The segmentation of resonance signals in the processed 1H NMR
dataset was resolved using the SVD method to determinate the optimal number
of components that resolved the C and ST profiles according to their eigenvalues.
A) Subarray containing a resonance signal in an interval of δH = 4.16 − 4.25.
The C and ST profiles were resolved by the first component according to the
eigenvalues obtained by SVD. B) Subarray containing resonance signals in an
interval of δH = 1.80− 1.96. Two C and ST were clearly resolved by the first and
second component according to the eigen values obtained by SVD.



Chapter 4. First Article 75

Figure 4.6.2: PCA score plots derived from the combined C matrix obtained via
MCR–ALS using mean centering and variance scaling as a pretreatment. A) and
B) score plots of PC1 vs PC2 and PC1 vs PC4, for the differentiation of sugar
beets. C) PCA score plot (PC1 vs PC2) for the differentiation of commercial
sugars. S-SB1: storage sugar beet from Santa Carlos (red); F-SB1: fresh sugar
beet from San Carlos (brown); F-SB2: fresh sugar beet from Los Ángeles (yellow);
Coco-S: coconut sugar (light blue); Br-CaneS: brown cane sugar (blue); Mix-S
(green).

Figure 4.6.3: VIP plots obtained by PLS–DA derived from the combined C
matrix for fresh sugar beet samples from San Carlos (F-SB1) and Los Ángeles
(F-SB2). A) VIP plot for F-SB1. B) VIP plot for F-SB2. After the analysis of
the statistical significance of each relevant variable (VIP ≥ 1), only variable 1
(leucine) was considered discriminant to differentiate F-SB1 from F-SB2.
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Figure 4.6.4: VIP plots obtained by PLS–DA derived from the combined C
matrix brown coconut sugar (Br-CaneS) and simulated adulterations (Mix-S). A)
VIP plot for Br-CaneS. B) VIP plot for Mix-S. After the analysis of the statistical
significance of each relevant variable (VIP≥ 1), variables 31 (α-xylose) and 32
(sucrose) were considered discriminant to differentiate Br-CaneS from coconut
sugar (Coco-S).
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Figure 4.6.5: Box whisker plots of variables that are relevant to discriminate
stored sugar beet from San Carlos (S-SB1) with fresh sugar beet from San
Carlos (F-SB1) and Los Ángeles (F-SB2) under statistical significance by a
one-way ANOVA test with Bonferroni correction. Variable 1 (leucine) was
relevant for the differentiation of F-SB1 samples. Variables 2 (valine-isoleucine), 8
(glutamate), 10 (citrate-malate), 16 (betaine), and 36 (fumarate), showed higher
intensities of concentration profiles in S-SB1 samples, and therefore relevant for
the differentiation of S-SB1 samples with F-SB1 and F-SB2.
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Figure 4.6.6: Box whisker plots of variables that are relevant to discriminate
coconut sugar (Coco-S) with brown cane sugar (Br-CaneS) and simulated
adulterations (Mix-S) under statistical significance by a one-way ANOVA test with
Bonferroni correction. All the variables showed higher intensities of concentration
profiles in Coco-s compared to the Br-CaneS samples, and therefore relevant for
the differentiation of Coco-S.

Figure 4.6.7: Box whisker plots of variables that are relevant to discriminate
brown cane sugar (Br-CaneS) with coconut sugar (Coco-S) and simulated
adulterations (Mix-S) under statistical significance by a one-way ANOVA test
with Bonferroni correction. Variables 31 (α-xylose) and 32 (sucrose) showed
higher intensities of concentration profiles Br-CaneS, and therefore relevant for
the differentiation of Coco-S.
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This chapter presents and discusses the results that served as the basis for the
second article, titled “Interval Resonance Analysis (InRA): A versatile tool for
automated untargeted 1H NMR fingerprinting – A case study in sugar beet field
authentication” published in May 2025 in the journal Analytica Chimica Acta
(https://doi.org/10.1016/j.aca.2025.344175).

This article addressed specific objectives 1 and 2. An MCR-based automated
analytical workflow was developed to reduce reliance on manual spectral processing.
The proposed methodology was implemented within a newly designed graphical
user interface (GUI), which consolidated the analytical pipeline into a unified
platform, thereby eliminating the need for multiple software tools.

The performance of this new tool was validated by discriminating sugar beet
root samples originating from different cultivation fields. Several classification
models were constructed, which demonstrate strong performance and highlight
the effectiveness of the optimized approach relative to conventional analytical
methodologies.

Additionally, objectives 3 and 4 were partially addressed through the chemical
characterization of the predominant constituents in the root samples and the
statistical identification of compounds that contributed significantly to sample
differentiation.

https://doi.org/10.1016/j.aca.2025.344175
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Figure 5.0.1: Graphical abstract
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Abstract

Background: The extraction of relevant information from proton nuclear
magnetic resonance (1H NMR) spectra through preprocessing and multivariate
analysis requires integrating multiple software tools and extensive manual
intervention, compromising efficiency and reproducibility when the technique
is used. Consequently, the development of automated, versatile, and reliable
methodologies has become imperative to streamline workflows, improve analytical
performance, and broaden the applicability of multivariate methods for the analysis
of diverse sample types and experimental conditions.

Results: This work presents the development and application of Interval
Resonance Analysis (InRA), an alternative software tool focused on 1H NMR
multivariate analysis. InRA includes a novel algorithm for resonance signal
detection (intervals), specifically designed to operate with flexibility across diverse
1H NMR spectra. All intervals are integrated using multivariate curve resolution
with alternating least squares (MCR–ALS) and analyzed by exploratory analysis.
The performance of InRA was tested by evaluating the 1H NMR spectra of
hydrophilic sugar beet root extracts cultivated in three different fields and their
discrimination by partial least squares – discriminant analysis (PLS–DA). The
workflow provided by InRA yielded consistent results regarding the distribution
of samples according to their field, enabling identification of subtle sources of
variation and achieving classification accuracies ≥ 88.9%.

Significance: The proposed methodology represents an advancement in the
multivariate analysis of 1H NMR spectra for untargeted studies and enhances
analytical efficiency by reducing manual intervention and reliance on analyst
experience. InRA is versatile and can be applied to various sample types and
analytical objectives, as it is not restricted by specific experimental conditions.

Keywords – 1H NMR spectroscopy, food profiling, multivariate curve resolution,
preprocessing, sugar beet
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5.1 Introduction

The use of nuclear magnetic resonance (NMR) spectroscopy on different matrices
(e.g., foods, tissues, and biofluids) for untargeted analyses has gained prominence
due to its reproducibility, quantitative capability, minimal sample preparation, and
ability to perform multi-detection in a single experiment [1, 2, 3]. In particular,
proton NMR (1H NMR) spectroscopy is the predominant method to asses chemical
variability in complex matrices due to its inherent capacity to provide detailed
information on the molecular structure of numerous compounds. Therefore, 1H
NMR spectroscopy is invaluable for the evaluation of spectroscopic profiles by
untargeted analysis, as it serves as a comprehensive fingerprint technique to
facilitate the identification of potential sources of variation and biomarkers [4].
However, 1H NMR spectra are often too complex for direct interpretation; thus,
rigorous preprocessing combined with multivariate analysis (chemometrics) is
necessary to address and reduce variability arising from the inherent complexity
of spectra produced by frequency shifts, spectral noise, and signal overlap [5].

Despite the well-established workflow to process and analyze 1H NMR spectra
for untargeted studies (i.e., alignment, normalization, and bucketing), in recent
years, an alternative methodology based on the decomposition of small intervals
containing one or more resonance signals via multivariate curve resolution
(MCR) has been successfully applied to reduce spectral complexity, improve
the quality of chemometric models, identify significant variables preserving
essential spectroscopic information (multiplicity and coupling constants), separate
overlapped signals, and provide a robust option for quantification purposes
[6, 7, 8, 9, 10, 11]. Nevertheless, the applicability of this particular methodology
often involves a predominantly manual labor-intensive process. The initial
detection and selection of the intervals is especially challenging for resonance
signals with low signal-to-noise ratios (SNR). Furthermore, each interval must
be independently decomposed via MCR, requiring the generation and evaluation
of separate MCR models. The latter yields a substantial amount of spectral
information, demanding significant input and expertise from the analyst to ensure
accurate results. Moreover, to perform a comprehensive analysis, the integration
of multiple software tools is necessary, i.e., processing the 1H NMR spectra,
performing MCR decomposition, and carrying out exploratory/discriminant
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analyses, which increases the complexity of the process and poses challenges
in reproducibility and efficiency. These limitations highlight the need to develop
versatile solutions capable of streamlining and optimizing the workflow for broader
applicability and improved analytical performance [12].

Important software tools have been developed to solve particular automation
requirements for 1H NMR spectra, e.g., processing and quantification in complex
biofluid samples [13, 14], unsupervised and supervised analyses for metabolomics
[15], or peak extraction [16]. However, their development has also underscored
the growing need for versatile approaches to handle various type of samples
and experimental conditions, with a specific emphasis on automated resonance
detection, interval decomposition via MCR, and exploratory analysis within a
single integrated platform.

This work presents Interval Resonance Analysis (InRA), a MATLAB-based
graphical user-friendly interface (GUI) designed for untargeted 1H NMR
fingerprinting analysis. InRA features specialized algorithms to perform a
comprehensive analytical pipeline, including spectral alignment, normalization,
interval-based resonance detection, feature integration via MCR, parameter
optimization, principal component analysis (PCA), and proper figures of merit for
accessible interpretation of results. The spectroscopic 1H NMR profile of sugar
beet roots (Beta vulgaris L.) was used as a case study to validate InRA. NMR
studies on sugar beet remain limited, partly due to the analytical challenges posed
by its high sucrose content, which typically ranges from 18−20% [17, 18]. Existing
research has primarily addressed metabolic variations under intermittent drought
conditions and resistance to Cercospora leaf spots [19, 20]. Moreover, the potential
of 1H NMR spectroscopy to differentiate sugars based on storage conditions and
botanical sources was previously reported using manual analysis [21]. In this study,
the authentication of three distinct sugar beet cultivation fields was used to evaluate
the performance of InRA as a versatile tool designed for multivariate analysis of
1H NMR spectra, streamlining the analytical workflow, from spectral processing to
result interpretation, by employing specialized algorithms for identifying sources of
variation while preserving relevant spectral information and providing an effective
alternative for characterization, authentication, or traceability purposes.
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5.2 Interval Resonance Analysis (InRA) workflow

InRA GUI (v1.0) consists of m. files developed under MATLAB R2023b
(TheMathWorks Inc., Natick, MA, USA) environment and is compatible with
MATLAB R2020b and later. InRA is freely available at https://github.com/

InRA-Software/InRA and it does not require any additional toolboxes for proper
operation. The GUI analytical workflow is organized into four main tabs: I)

Processing, II) Interval-based detection, III) Resonance Integration and
IV) Unsupervised Analysis. Fig. 5.2.1 provides a schematic overview of the
key functionalities integrated into InRA, and a detailed description of each tab is
outlined below.

Figure 5.2.1: Illustrative workflow of the untargeted 1H NMR fingerprint analysis
using InRA.

5.2.1 Processing

The matrix array required to import a set of 1H NMR spectra into the current
version of InRA (v1.0) must be previously phased-baseline corrected, referenced,
and could be in .csv, .xlsx, or .xls format. The first column must contain the ppm
values, and the subsequent columns should include the intensity values for each
sample as is shown in Fig. 5.2.1A. The import process offers different visualization
options (e.g., each spectrum individually), displays the size of the spectral matrix
and the possibility to delete samples before preprocessing as needed.

https://github.com/InRA-Software/InRA
https://github.com/InRA-Software/InRA
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Regarding the processing options (Fig. 5.2.1B), the selection of a defined spectral
range and undesired resonance signals (e.g., water after presaturation) can be
removed by entering chemical shift values adjustable in increments of ± 0.01 ppm.
In both cases, a lower and higher ppm value must be specified, e.g., δH = 0.20

and δH = 0.85, respectively. Given that frequency shifts in resonance signals
can occur among different samples, a thorough spectral alignment is necessary to
ensure the reliability of the results remains unaffected by variations unrelated to
the intrinsic variance of the samples under study. Moreover, well-aligned spectra
are essential to avoid spectral artifacts that can significantly reduce the accuracy
of resonance interval detection and their subsequent integration via MCR [22].
Therefore, the resonance misalignments are corrected using the icoshift algorithm
developed by Savorani et al., which has been adapted and implemented into InRA
[23]. Two selectable configurations have been incorporated to perform alignment.
The first defines the target vector for the alignment (i.e., reference): average,
median, maximum (spectrum with the most intense features), or average2 (the
average of the average multiplied by a specified value) spectrum. The second
determines the alignment mode: whole to apply the correction across the entire
spectral range or interval, which requires selecting specific segments containing a
group of signals to optimize results. If interval-based alignment is chosen, intervals
can be easily added, removed, or edited to suit the characteristics of the 1H NMR
spectra. Furthermore, two standard normalization methods have been integrated:
Norm-1 (total sum norm) and Norm-2 (Euclidean norm).

The option to apply the “binning” technique according to analytical needs has
also been incorporated. The equidistant binning (equal size) method has been
implemented, which requires the prior specification of the bucket size (± 0.01
ppm). The latter functionality can be employed through two distinct approaches
into InRA. The first approach is to apply binning to reduce the number of variables
in the processed 1H NMR spectra and continue with the subsequent steps of the
workflow. However, the use of excessively large bin sizes (e.g., 0.04 ppm) is not
recommended, as the core methodology implemented in InRA was designed to
preserve essential spectroscopic information (i.e., avoid loss of spectral resolution).
The second approach corresponds to a functionality called Binning to compare.
When the latter option is enabled, an optimal bin size must be specified, and the
resulting matrix is internally stored under the name Bucket Spectra (hereafter,
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BSpectra). In parallel, once the Binning to compare option is activated, the
processed matrix without binning (i.e., the 1H NMR spectra previously range
specified, aligned and normalized) is also automatically stored with the name of
Original Processed (hereafter, PSpectra). BSpectra and PSpectra serve as independent
input matrices that can be used for their comparison via PCA once the analytical
workflow has been completed. Further details on this functionality are provided
in Section 5.2.3.5. Finally, the processed 1H NMR spectra (or bucket 1H NMR
spectra) can be exported to the MATLAB workspace as a spectral matrix or saved
as a .csv file for other specific analyses or applications.

5.2.2 Interval-based detection

improve feature extraction in 1H NMR spectra, a novel automated algorithm for
interval-based resonance signal detection was developed and integrated into the
InRA framework. Following appropriate processing of 1H NMR spectra (i.e., signal
removal, alignment, and normalization), the next step involves an automated signal
detection performed within three predefined spectral regions: δH = 0.00− 3.00

(low frequencies), δH = 3.00− 6.00 (medium frequencies), and δH = 6.00− 10.00

(high frequences) as shown in Fig. 5.2.1C. Predefined limits, namely δH = 3.00

and δH = 6.00, may be modified according to the specific requirements and
characteristics of the 1H NMR spectra. The detection works independently among
these three regions and only requires an input threshold (by default 0.1000) for
each spectral region. The threshold can be adjusted between 0.0001 (0.01%) and
0.7500 (75%) and three settings parameters have been implemented to optimize the
interval-based detection: detection window (D), distance of consecutive maxima
(L), and separation distance (H), with default values of 0.01, 0.03, and 0.005 ppm,
respectively. After the detection settings and best threshold values are selected, the
detected intervals are presented by three distinct colors (purple, green, and blue)
and organized into three independent tables, labeled R1, R2 and R3. These tables
provide information about the chemical shift range and the identification number
of each interval based on their respective spectral region. Upon completing the
interval-based resonance signal detection, options to delete, edit or add intervals are
available as optimization parameters. If necessary, the intervals can be exported
to the MATLAB workspace in cell format as IntervalsRegion1, IntervalsRegion2,
and IntervalsRegion3, respectively. Each cell contains two columns: one for the
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ppm values and the other for the associated intensities.

The operational framework of the developed algorithm is described in Section
5.2.3, and a detailed explanation of the required conditions is provided in the
flowcharts of supplementary Fig. 5.7.1, 5.7.2,5.7.3, respectively.

5.2.3 Framework of the interval-based detection algorithm

The proposed algorithm for automated signal detection is composed of three
essential sub-algorithms called: maxima and minima, interval delimitation,
and interval correction. Each sub-algorithm was designed under predefined
conditions to minimize errors from baseline drift, variations in the SNR, and
non-representative fluctuations to ensure precise and reliable delimitation of the
intervals. These conditions were specifically established to operate solely based on
spectral information, i.e., considering the shape and multiplicity of the resonance
signals, without dependence on chemical shifts due to experimental conditions
(e.g., pH, temperature, pulse sequence, or extraction method) used for sample
preparation and spectral acquisition. As a result, the detection is not restricted to
any particular sample type and can be applied to a wide range of 1H NMR spectra,
outlining the robustness and versatility of the algorithm for feature extraction. A
schematic representation of the operational workflow of the proposed algorithm is
shown in Fig. 5.2.2.
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Figure 5.2.2: Schematic representation of the operational framework for the
interval-based detection algorithm. A) Identification of maxlocal and minlocal

according to the comparative distance with the threshold value. B) Example of
interval delimitation with a detection window (D) of 0.01 ppm. C) Correction of
overlapping intervals.

5.2.3.1 Maxima and minima algorithm

The fundamental basis of the main algorithm is rooted in the detection of maxima
(maxlocal) and minima (minlocal) of the signal across a given spectral region. For
this purpose, two elements are considered: a reference vector with the average
intensity of the resonance signals ȳ and the threshold value (∆). ∆ is defined as a
percentage of the highest-intensity resonance signal within the analyzed spectral
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region (e.g., 10%). A visual representation of both elements, i.e., ȳ and ∆, are
shown in Fig. 5.2.2A. To identify a maxlocal or minlocal, an iterative process is
carried out through the vector ȳ, where intensity values (ȳj) are dynamically
assigned as temporary maximum (maxtemp) and temporary minimum (mintemp).
If the distance between a given ȳj and the current maxtemp or mintemp exceeds a
predefined ∆, the value of ȳj is updated and assigned as a maxlocal or minlocal.
The latter procedure is illustrated in Fig. 5.2.2A and evaluated according to the
following expressions:

maxtemp − ȳj > ∆ −→ maxlocal = maxtemp (5.2.1)

ȳj − mintemp > ∆ −→ minlocal = mintemp (5.2.2)

One a maxlocal and minlocal are detected based on Eq. 5.2.1 and 5.2.2, the identified
values are saved, and the cycle is repeated iteratively until the last element of the
vector ȳ is reached.

5.2.3.2 Interval delimitation algorithm

The resonance signals detection procedure is based on the correct delimitation
of intervals where the signal returns to the baseline. To achieve the latter, the
interval delimitation algorithm incorporates the following elements: the maxima
and minima algorithm, ∆, a detection window (D), a modified vector (ū′), and a
p vector. ū′ is defined as the average intensity vector where values below ∆ are
systematically substituted by the ∆ value. p contains the ppm values. To initiate
signal detection and subsequent interval delimitation, a difference of D ppm
(default D = 0.01 ppm) is set as a conditional parameter to perform a sequential
scan across the components of the vector ū′. If the values compared within the
0.01 ppm window are equal and do not exceed the defined threshold, the condition
is not achieved, and the presence of a signal is not established. Conversely, if at
least one of the values within the window differs from the threshold, the condition
is addressed at a specific index d, as illustrated in Fig. 5.2.2B and using the
following mathematical expression:

D = p1+d − p1 (5.2.3)
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Based on Eq. 5.2.3, the initial delimitation of an interval is established to begin
at index b and end at index e where the values of the components of vector ū′

are equal to the threshold within a detection window of 0.01 ppm (Fig. 5.2.2B),
when the following conditions presented in Eq. 5.2.4 and 5.2.5 are satisfied:

ū′
b > ∆ ; ū′

b−d = ∆ (5.2.4)

ū′
e = ∆ ; ū′

e−d > ∆ (5.2.5)

5.2.3.3 Interval correction algorithm

While initial delimitation can be successfully achieved, overlaps between intervals
may occur. This phenomenon arises when the final boundary of one interval
coincides with the initial boundary of an adjacent interval, as shown in Fig. 5.2.2C.
The presence of overlaps can compromise the accuracy of the resonance signal
detection analysis, making it essential to apply a corrective strategy. Therefore,
overlapping intervals are merged into a single interval with the new boundaries
defined by the initial index of the first interval and the final index of the second.
The maxlocal and minlocal values are then re-identified within the resulting unified
interval Fig. 5.2.2C). However, it is necessary to redefine the intervals to ensure
individual representation of signals with different multiplicity. Therefore, the
vector p is used to measure the distance between consecutive maxima, as a verifying
analysis of the resonance J -couplings according to the following condition:

pidxmax
i, k+1

− pidxmax
i, k

> L (5.2.6)

where idxmax
i, k represents the index of the component in vector that corresponds

to the ppm value of the k-th maxlocal within the i-th detected interval. If the
condition stated in Eq. 5.2.6 is satisfied, i.e., the distance between consecutive
maxima exceeds a specific value of L ppm (with L = 0.03 ppm by default), a
division is made at the position of the minlocal located between two consecutive
maxima. The interval split is performed with a separation distance (H ) of 0.005
ppm (by default) between the end of the new interval and the beginning of the
adjacent interval, as can be seen in Fig. 5.2.2C.



Chapter 5. Second Article 93

5.2.3.4 Resonance integration

All the intervals previously detected can be represented as an independent matrix
D, where the rows (I ) denote the intensities of the resonance signals for each
sample, and the columns (J ) corresponds to the chemical shift values (δH). D

can be decomposed as a bilinear model via MCR as described by Puig-Castellví
et al. [6]. MCR is a mathematical decomposition method that separates an
overall mixed instrumental response into individual components within a system
according to the following equation [24]:

D = CST + E (5.2.7)

where C (I × N ) is the matrix of the relative concentrations (integrated features),
ST (N × J ) is the matrix of the pure resolved spectra of the resonance signals,
N is the number of components estimated for the decomposition, and E (I ×
J ) is the residual matrix with the variance of the unmodeled data. Eq. 5.2.7 is
iteratively resolved using an alternating least squares (ALS) algorithm, which
computes the C and ST matrices to achieve the best fist for the experimental
matrix D [25].

Therefore, in the next stage, MCR is applied to decompose each interval. To
streamline the process quickly and easily, InRA incorporates two iterative
initialization strategies: All-at-Once and Once-at-Time (Fig. 5.2.1D). In the
All-at-Once approach, a fixed N (e.g., 3) must be defined (which is automatically
assigned to all D matrices) and a required number of iterations, providing a
simplified and straightforward process. In contrast, for the One-at-Time option, it
is necessary to individually determine the optimal N value to explain the variance
of each matrix D. The latter is supported by a module called purest ST , where N
is selected based on the evaluation of the magnitude of the eigenvalues obtained
via singular value decomposition (SVD). The SVD displays automatically up
to a default maximum of 10 components for each interval. Once N is defined,
the initial spectral profiles estimates are obtained using the most dissimilar rows
(“purest” ST ) through an analogous method to the SIMPLISMA algorithm [26].
After the initial estimates are evaluated, and the appropriate number of iterations
has been entered, an optimized multi-modelling approach is applied to integrate
the resonance signals within each interval (features).
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Due to rotational ambiguities in the solution of C and ST , the MCR model
implemented in InRA employs the TNT-NN algorithm (an improved version of
FNNLS) proposed by Myre et al., [27, 28] to enforce non-negativity constraints in
both directions (C and ST ), restrict the range of feasible solutions, and reduces
the analysis time of multiple MCR models being computed simultaneously during
the ALS optimization. To assess model quality, the percent of lack of fit (%LOF),
which evaluates the difference between the original matrix D and the reproduced D̂

from the CST , the percent of explained variance (%R2), and the standard deviation
of residuals relative to the experimentally calculated data (σ) are displayed. The
specific equations can be found in Supplementary Table 5.7.1. The convergence
criteria were defined when the variability of σ is below 0.1 or when there is no
variability of σ between 25 iterations in a row. To ensure that only chemically
relevant signals are included, pure resonance signals that are poorly resolved,
contain artifacts, or are identified as noise, can be removed from the C and ST

matrices for each MCR model. Once only the relevant components remain, the set
of integrated features (C) is automatically merged column-wise to generate a new
matrix called CFeatures (I × K ) for further unsupervised analysis. K represents
the number of solved pure resonance signals in a specific interval. Additionally,
the option to export the MCR models to the MATLAB workspace as a structure
(ModelsRegion1, ModelsRegion2, and ModelsRegion3 ) is available. Each structure
contains seven independent cells with all relevant information, i.e., ppm, C, ST ,
N, %LOF, %R2, and σ for every individual interval.

5.2.3.5 Unsupervised analysis

When the CFeatures matrix has been defined, the integrated features are ready for
exploratory analysis via PCA. The PCA algorithm included in InRA employs SVD
to calculate scores, loadings, and explained variance. Several pre-treatments have
been incorporated, including Log10 transformation, Pareto and variance scaling,
and mean centering [29]. Furthermore, up to five distinct samples types can be
color-coded to enhance interpretability. The number of principal components
(PCs) is preset to 5, though the selection of an appropriate number of PCs can be
adjusted as needed. A block-based cross-validation method is used to estimate
the model errors by the root mean square error of calibration (RMSEC) and the
root mean square error of cross-validation (RMSECV) [30]. For equations see
Supplementary Table 5.7.1. The explained variance, cumulative variance, RMSEC,
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and RMSECV are provided in a Statistical Results table. To assist in identifying
possible outliers, the option to display the 95% confidence ellipse on the scores
plot is offered. For a comprehensive interpretation of the crucial spectral region
responsible for sample clustering, the contribution of the loadings is represented
as bar plots with distinct color patterns to their spectral region (i.e., purple, green,
and blue), in which each bar represents a resolved C (hereafter, C-Profiles). One
of the main advantages of employing InRA for PCA is the capacity to visualize
every resolved ST associated with the corresponding C-profile directly, quickly,
and easily through an MCR component list (Fig. 5.2.1E). The latter allows for
a detailed assessment of individual resonance signals, thereby streamlining the
interpretative complexity of the obtained results.

If the Binning to compare option was previously selected in the Processing tab,
and additional functionality labeled Comparative PCA becomes available. To
access this functionality, independent PCA models must first be conducted for the
Bucket Spectra (BSpectra) and Original Processed (PSpectra) matrices. The latter
is achieved via the Comparative Pretreatment module, to select the desired input
matrix, apply an appropriate pre-treatment, and construct the PCA model. After
the PCA models for each matrix have been carried out, the Comparative PCA
option will be enabled, displaying the score plots, loading plots, and statistical
results of the different input matrices (i.e., CFeatures, PSpectra, and BSpectra) in a
unified new window. The Comparative PCA option allows for a direct and efficient
assessment of different processing strategies, thereby facilitating the selection of
the most appropriate analytical approach according to the specific characteristics
of the 1H NMR spectra.

5.3 Methodology for the case study

5.3.1 Reagents and chemicals

Deuterium oxide (D2O, 99.9% D) and 3-(Trimethylsilyl)-propionic-2,2,3,3-d4 acid
sodium salt (TSP-d4, 98.0% D) were purchased from Sigma-Aldrich (St. Louis, MO,
USA). Monobasic potassium phosphate (KH2PO4, ≥ 99.0%) and dibasic potassium
phosphate (K2HPO4, ≥ 98.0%) were obtained from Merck-Sigma Group (Merck
KGaA, Darmstadt, Germany) and used in the preparation of a phosphate buffer
solution (K2HPO4/KH2PO4, 200 mM at pH 7.0) in D2O. Methanol (LiChrosolv®)
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purchased from Supelco (Merck KGaA, Darmstadt, Germany) and ultrapure water
from Simplicity® UV apparatus (Merck KGaA, Darmstadt, Germany) equipped
with a 0.22 µm filter membrane were used throughout the hydrophilic extraction.

5.3.2 Experimental strategy

The applicability of the methodology implemented in InRA was validated through
the evaluation of the spectroscopic 1H NMR profile of sugar beet roots for
cultivation field authentication. Three different fields affiliated with the “Federación
Nacional de Remolacheros” (National Federation of Beet Growers, Chile) were
selected for sample collection: “Santa Isabel”, “Luciana”, and “Santa Laura”
(Supplementary Fig. 5.7.4 illustrated the sampled locations over each field).
These fields were selected to demonstrate the practical relevance, efficiency, and
selectivity of InRA in the discrimination of samples cultivated under comparable
agronomic, environmental, and pedoclimatic conditions.

32 healthy samples were collected from each field between the last week of March
and the first week of April 2023. The selection criteria was based on visual
inspection, ensuring no visible symptoms of damage or infection in the roots and
leaves. Sampling was carried out randomly to reflect representativeness. After
sampling, the roots of each plant were separated from the leaves at the crown.
The roots were then washed, sliced, crushed, and freeze-dried for 48 h before being
stored in airtight bags at −80◦C until further analysis. Before freeze-drying, the
moisture content of each sugar beet root was measured after drying at 105◦C until
constant weight (± 0.5% of previous weight) using a Sartorius MA35 moisture
analyzer (Germany). A list of the sugar beet samples analyzed is described in
Supplementary Table 5.7.2.

A total of 108 1H NMR spectra were acquired. The analysis was based on stable
polar compounds, i.e., amino acids, carbohydrates, and organic acids, due to their
greater signal dispersion in 1H NMR spectra compared to low-polarity compounds,
enhancing the suitability of the hydrophilic fraction for resonance signal extraction
(features) and multivariate analysis purposes [31].



Chapter 5. Second Article 97

5.3.3 Sample preparation

The sugar beet samples were subjected to a hydrophilic extraction using a
methanol/water solution, as reported in a previous study with slight modifications
[21]. Briefly, 150.0 ± 0.2 mg of freeze-dried root were individually weighed into
two 2.0 mL Eppendorf tubes and suspended in 1000 µL of cold (4◦C) MeOH:H2O
(1:1 v/v) solution. The mixtures were vortex-homogenized for 30 s, sonicated
for 15 min, and centrifugated at 13,000 g for 10 min. Both supernatants were
collected, transferred, and combined in a new 2.0 mL Eppendorf tube. Then, the
hydrophilic extracts were freeze-dried for 48 h and stored at −4◦C until analyzed.
The extraction process of each sample was performed randomly to avoid bias in
the analyses.

The hydrophilic extracts were dissolved in 900 µL of a phosphate buffer solution
and 100 µL of TSP-d4 58 mM (prepared in D2O) as an internal standard. The
solution was vortex-homogenized for 30 s, sonicated for 10 min, and centrifugated
at 13,000 g for 15 min. Finally, 600 µL of supernatant was transferred to a 5-mm
NMR tube for the 1H NMR spectra acquisition. To check the robustness and
reproducibility of the extraction process, one sample of each field was used to
monitor analysis performance for every 8 analyzed samples, giving a total of 12
replicates (1 sample × 4 replicates × 3 fields).

5.3.4 1H NMR spectra acquisition

The 1H NMR spectra were acquired on a Bruker AscendTM 400 spectrometer
(Bruker BioSpin, Germany) operating at a proton frequency of 400.13 MHz
and equipped with a 5-mm PABBI 1H/D-BB ZGRD inverse, multinuclear, and
automatic tunning liquid probe. The zg30 pulse sequence was used for spectra
acquisition, and each Free Induction Decay (FID) was collected with a total of 80
scans, after 4 dummy scans, and into 64k data points across a spectral width of
15 ppm (6393.9 Hz). All experiments were performed without sample rotation at
a temperature of 296.0 ± 0.1 K, featuring an acquisition time of 1.28 s, a receiver
gain of 45.2, and a relaxation delay of 1.00 s. Fourier transform was applied
to the FIDs with an exponential line-broadening of 0.3 Hz. Baseline and phase
corrections were automatically applied to all 1H NMR spectra, with the reference
set to the TSP-d4 singlet (δH = 0.00) using MestreNova v.12.0 software (MestreLab
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Research, Spain). When strictly necessary, additional manual adjustments were
performed. Lastly, the set of spectra was exported in .csv format for further
processing and analysis through InRA.

5.3.5 1H NMR spectral analysis through InRA

The 108 1H NMR spectra (.csv) were imported, processed, and analyzed into
InRA GUI v1.0 as a spectral matrix. The analytical workflow was initiated in the
processing tab with the definition of a specific chemical shift range. The lower
ppm was set at δH = 0.50 and the higher ppm at δH = 9.00. Therefore, spectral
regions outside the previously selected range were excluded due to the absence of
significant signal intensities. The chemical shift misalignments were corrected by
intervals to optimize the alignment. The reference was set to average2, and the
mode was established to interval. A factor of 15 was defined for the multiplication
of the averaged spectrum, and 30 small intervals were manually selected, each
containing a specific group of signals. The resonance signals associated with the
residual singlets of methanol and water were removed. For this purpose, the
lower ppm was set at δH = 3.30 and the higher ppm at δH = 3.40 for methanol,
while for water, the lower ppm was defined at δH = 4.70 and the higher ppm at
δH = 5.00 (Supplementary Fig. 5.7.5). The normalization of the 1H NMR spectra
was configured at Norm-2 and spectral bucketing was not applied (PSpectra). To
evaluate the performance of the InRA methodology in enhancing sample clustering
by cultivation field, the Binning to compare option was applied, and a bucket size
of 0.02 ppm was set for the generation of the BSpectra matrix.

Subsequently, the analysis proceeded to the interval-based detection tab, where
three predefined spectral regions were delineated: δH = 0.50 − 3.00, δH =

3.00− 6.00, and δH = 6.00− 9.00. The detection resonance signals was optimized
based on the spectral characteristics of the hydrophilic extract of sugar beet root.
Threshold values were set at 0.10 (10%) for the spectral regions of δH = 0.50−3.00,
0.001 (0.1%) for δH = 3.00 − 6.00, and 0.15 (15%) between δH = 6.00 − 9.00

(Supplementary Fig. 5.7.6). The detection parameters were used with their default
settings, i.e., D = 0.01 ppm, L = 0.03 ppm, and H = 0.005 ppm. According to the
obtained results, the removal, modification, or manual addition of certain intervals
was performed when absolutely required. The SNR for all detected intervals was
determined using MestreNova v.12.0.
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At this stage, the workflow was advanced to the decomposition of intervals via
MCR in the resonance integration tab. The N for every individual interval was
defined within the purest ST module. Based on the magnitude of the eigenvalues,
followed by an assessment of the shape and consistency of the initial spectral
profiles estimates (initial spectrum), the optimal N was achieved and saved. A
total of 150 iterations were set for the ALS optimization and each MCR model was
built using the One-at-Time option (Supplementary Fig. 5.7.7). Only components
with clear chemical significance were preserved, and ST profiles that were strictly
poorly resolved were removed.

The analytical workflow was concluded with an exploratory analysis carried out via
PCA to obtain an overview of the intrinsic variation of the CFeatures, PSpectra, and
BSpectra matrices (Supplementary Fig. 5.7.8). Samples were color-coded according
to their cultivation field and their sequence in the spectral matrix: samples 1-36
(Santa Isabel), 37-72 (Luciana), and 73-108 (Santa Laura). For the Comparative
PCA analysis, the PCs were set to 10 and Log10 transformation with mean center
was selected as pre-treatment to the CFeatures and BSpectra, while Pareto scaling
with mean center was used for the PSpectra.

5.3.6 Supervised Analysis

The effectiveness and robustness of sugar beet field discrimination were assessed
via partial least squares discriminant analysis (PLS–DA). Each field was considered
an independent class, resulting in a three-class model (model A). To enhance
classification accuracy, a pairwise binary strategy was implemented, given three
distinct two-class models: model B (Santa Isabel – Luciana), model C (Luciana
– Santa Laura), and model D (Santa Isabel – Santa Laura). The results of
this strategy were compared with the results of model A. The aforementioned
pre-treatments for PCA were applied to the PLS–DA models. All models were
carried out by PLS_Toolbox 9.2 (Eigenvector Research Inc.) within the MATLAB
R2023b environment.

To prevent overfitting in the PLS–DA models due to the limited number of samples
per class, a two-level cross-validation (CV) scheme was adopted. Specifically, an
external k-fold CV strategy was applied to the CFeatures, PSpectra, and BSpectra

matrices (k = 4). In each iteration, three parts were used as the training set,
while the fourth subset was reserved as a test set. In this way, it was ensured
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that all samples participated in the test set at least once. Within each training
set, the leave-one-out cross-validation (LOOCV) method was further applied as
an internal CV during model calibration. The number of latent variables (LVs)
was selected based on the RMSECV rather than on maximizing classification
accuracy. Mean values from the received test sets were compiled into a final
confusion matrix to evaluate model performance. The discrimination capacity was
evaluated according to the following figures of merit: sensitivity (Sn), specificity
(Sp), error rate (ER), classification accuracy (CA), and precision. In addition,
C-profiles with variable importance in the projection (VIP) ≥ 1.2 were considered
relevant for discrimination. A one-way ANOVA with Bonferroni-Holm correction
was performed using OriginPro 2016 (OriginLab Corporation, Northampton, MA,
USA) to assess the statistical significance of relevant C-profiles. VIP values with
p < 0.05 were recognized as discriminant.

5.4 Results and discussion

5.4.1 Applicability of interval analysis for resonance signal

detection in sugar beet roots

Supplementary Fig. 5.7.9 shows a representative 1H NMR spectrum (400.13
MHz) of the hydrophilic extract from sugar beet, segmented into three regions:
δH = 0.50− 3.00, δH = 3.00− 6.00, and δH = 6.00− 9.00. Due to sugar beet is
an essential raw material owing to is ability to accumulate high concentrations
of sucrose in the root, highly intense resonance signals predominantly associated
with carbohydrates, primarily sucrose, were observed in the spectral region δH =

3.00− 6.00 (Supplementary Fig. 5.7.9B), whereas less intense signals particularly
relevant for the detection of protons associated with free amino acids, organic
acids, aromatic, and aldehydes were detected between δH = 0.50 − 3.00 and
δH = 6.00− 9.00 (Supplementary Fig. 5.7.9A and 5.7.9C).

The interval-based resonance signal detection performed by InRA identified
successfully 35 intervals automatically, while 6 additional intervals were manually
incorporated due to their slightly complex resonance patterns, resulting in 41
intervals: 15 in δH = 0.50 − 3.00, 16 between δH = 3.00 − 6.00, and 10 across
δH = 6.00− 9.00. These results demonstrated the high efficiency of the automated
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detection algorithm, covering 85.4% of the total intervals with minimal manual
intervention. Out of the 35 intervals automatically detected, only 12 required
minor adjustments to ensure better accuracy at their limits. Detailed information
about the chemical shift ranges, SNR, and the detection mode (automatic or
manual) for all intervals is provided in Table 5.4.1.

In particular, the intricate δH = 6.50− 9.00 range, defined by low-SNR resonance
signals, was frequently masked by the dominance of stronger resonances, i.e.,
signals related to carbohydrates. Nevertheless, the implementation of a specific
detection threshold tailored exclusively to the characteristics of the δH = 6.50−9.00

range allowed for the complete automatic detection of all relevant resonance signals
(Table 5.4.1), significantly improving the sensitivity and selectivity of the analysis.
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Table 5.4.1: Summary of interval-based resonance signal detection obtain through
InRA.

Spectral region
(δH) Interval Resonance

interval detection SNRa Chemical shift
range (δH)

0.50− 3.00
1 Automatedb 96 0.699− 0.852
2 Automatedb 106 0.859− 1.071
3 Automated 83 1.305− 1.357
4 Automated 150 1.431− 1.508
5 Automatedb 145 1.846− 1.960
6 Automatedb 162 2.033− 2.184
7 Automatedb 155 2.268− 2.329
8 Manual 88 2.331− 2.418
9 Automatedb 171 2.420− 2.495
10 Automatedb 125 2.508− 2.781
11 Automated 108 2.787− 2.816
12 Automated 71 2.822− 2.863
13 Automated 74 2.868− 2.912
14 Automated 75 2.920− 2.961
15 Manual 170 2.962− 3.060

3.00− 6.00
16 Manual 133 3.061− 3.105
17 Automatedb >2000 3.162− 3.196
18 Manual 854 3.197− 3.220
19 Automatedb 83 3.250− 3.287
20 Automated >2000 3.412− 3.521
21 Automated >2000 3.526− 3.604
22 Automated >2000 3.609− 3.722
23 Automatedb >2000 3.723− 3.796
24 Manual >2000 3.802− 3.934
25 Automated >2000 4.022− 4.124
26 Automated >2000 4.166− 4.312
27 Automatedb 138 4.366− 4.430
28 Automated 95 5.182− 5.219
29 Manual 100 5.222− 5.250
30 Automated >2000 5.368− 5.464
31 Automated 113 5.608− 5.642

6.00− 9.00
32 Automated 48 6.511− 6.541
33 Automated 45 6.876− 6.928
34 Automated 45 7.165− 7.238
35 Automated 30 7.306− 7.354
36 Automated 25 7.400− 7.448
37 Automated 40 7.520− 7.570
38 Automated 28 7.716− 7.767
39 Automatedb 26 8.194− 8.270
40 Automated 43 8.446− 8.476
41 Automated 27 8.821− 8.868

aSignal Noise Ratio. bIntervals with minor manual adjustments.



Chapter 5. Second Article 103

Furthermore, as shown in Fig.5.4.1, the algorithm effectively demonstrated its
ability to distinguish between distinct spin systems based on the selected detection
parameters (D, H, and L). Fig. 5.4.1A and Fig. 5.4.1C illustrate the average
intensity of resonance signals with different J-coupling (between δH = 3.50− 4.30)
prior to interval correction, using the same threshold (0.001) but different values
for the D parameter. Specifically, Fig. 5.4.1A corresponds to a D value of 0.01
ppm (default), whereas Fig. 5.4.1C shows the outcome with D set to 0.02 ppm.
In both cases, resonance signals corresponding to a triplet and a doublet were
clearly delineated as individual intervals; however, regions containing a higher
density of resonance signals exhibited overlap during their initial delimitation,
leading to their consolidation into a single (Fig. 5.4.1A) or double (Fig. 5.4.1C)
large interval encompassing two or more resonance signals. To enhance the
correction and delimitation of overlap intervals, the effect of modifying the L and
H parameters can be seen in Fig. 5.4.1B and 5.4.1D. Fig. 5.4.1B represents the
default detection settings (L = 0.03 ppm and H = 0.005 ppm), while Fig. 5.4.1D
shows a modified configuration with L = 0.08 ppm and H = 0.01 ppm. Under
default conditions (Fig. 5.4.1B), the initially merged intervals were subdivided into
four new corrected intervals, each containing different coupling patterns, triplet,
singlet, or more complex multiplicities (i.e., doublets of doublets and multiplets).
In contrast, Fig. 5.4.1D displays the generation of only two new broader intervals,
suggesting a lower specific segmentation outcome. These findings underscore
the algorithm’s capacity to adapt the interval detection process through precise
adjustment of the detection parameters. By modulating the values of D, L, and H,
the algorithm enables the selective refinement of spectral segmentation, allowing
a distinct spin systems delineation or the strategic consolidation of a group of
resonance signals based on the complexity of the evaluated spectral region.
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Figure 5.4.1: Practical performance of the interval-based algorithm with different
detection settings. A) and C) illustrated the initial interval delimitation performed
on the average intensity of resonance signals with D = 0.01 – 0.02 ppm, respectively.
Intervals marked in light blue represent overlapping detection merged into a single
interval. Over the signals, maxlocal are represented with inverted red triangles,
while minlocal are indicated by blue triangles. B) and D) display the final interval
delimitation after correction performed with L = 0.03 – 0.08 ppm and H = 0.005
– 0.01 ppm, respectively.

5.4.2 MCR integration of resonance features

The 41 intervals were integrated (features) through an MCR multi-model approach
conducted by InRA with an N ranging from 1 to 4. The simultaneous
decomposition for all intervals was completed in ∽ 66 s through the ALS
optimization, explaining 96.3% of the total variance and achieving an average
LOF of 16.1%. These findings emphasize the efficiency of InRA in handling
multiple MCR models with a significant reduction in time analysis. MCR
components associated with poorly resolved spectral features were removed,
yielding a total of 44 well-defined pure resonance signals. A tentative identification
was performed for the 44 ST profiles, 26 were assigned to individual compounds,
14 were grouped as signals from the same compounds, and 4 were classified
as “unknown” resonance signals. Besides carbohydrates, the predominant
identifications corresponded to amino acids (e.g., alanine, glutamine, valine)
and certain organic acids (e.g., acetate, malate, formate), compounds that have
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crucial roles in metabolic and physiological processes essential for growth, stress
resistance, and high agronomic performance [32]. The assignment, chemical
shifts (δH), multiplicity (m), and coupling constants (J) of the main compounds
tentatively identified in the hydrophilic sugar beet extract are provided in Table
5.4.2. Our spectral characterization was consistent with experimental results from
1H NMR spectra reported in relevant studies and the Chenomx NMR Suite 8.3
reference library (https://www.chenomx.com, last access: September 12, 2024)
[19, 20, 33, 34, 35, 36, 37, 38]. Additionally, the Human Metabolome Database
(HMDB, https://www.hmdb.ca, last access: September 22, 2024) was consulted to
identify essential compounds (e.g., amino acids) present in the plant metabolome
[39].

https://www.chenomx.com
https://www.hmdb.ca
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Table 5.4.2: List of resolved resonance signals tentatively identified in hydrophilic
sugar beet extracts (D2O with K2HPO4/KH2PO4 180 mM at pH 7.0) by 1H NMR
(400.13 MHz) analysis.

Abbreviation Compound δH in ppm (multa, J b in Hz) Assignment
FA Fatty acids 0.78-0.93 (m) -CH3

Leu Leucine 0.96 (d, J = 5.66) δCH3

0.98 (d, J = 6.08) δ’CH3

1.70 (m) βCH3

Ile Isoleucine 1.01 (d, J = 7.18 γCH3

Val Valine 0.99 (d, J = 7.09) γCH3

1.05 (d, J = 7.07) γ’CH3

Thr Threonine 1.33 (d, J = 6.62) γCH3

Ala Alanine 1.48 (d, J = 7.23) βCH3

GABA γ-aminobutyrate 1.90 (m) βCH2

2.30 (t, J = 7.37) αCH2

3.01 (d, J = 7.31) γCH2

Ace Acetate 1.92 (s) CH3

Glu Glutamate 2.10 (m) βCH2

2.36 (m) γCH2

Gln Glutamine 2.14 (m) βCH2

2.45 (m) γCH2

Suc Succinate 2.41 (s) CH2

Cit Citrate 2.56 (d, J = 15.5) CH2

2.70 (d, J = 15.4) CH2

Mal Malate 2.66 (dd, J = 15.3-3.52) β’CH3

Asp Aspartate 2.82 (dd, J = 17.3-3.94) β’CH
Asn Asparagine 2.91 (dd, J = 21.4-5.90) δ’CH
Cho Choline 3.19 (s) N(CH3)3
Bet Betaine 3.27 (s) N(CH3)3
Sur Sucrose 3.47 (t, J = 9.04) C3H

3.56 (dd, J = 9.99-3.87) C2H
3.68 (s) C’1H

3.76 (t, J = 9.57) C4H
3.82 (m) C’6H
3.88 (m) C’5H

4.05 (t, J = 8.56) C’4H
4.22 (d, J = 8.78) C’3H
5.24 (d, J = 3.87) C1H

Xyl α-xylose 5.20 (d, J = 3.76) C1H
Glu α-glucose 5.23 (t, J = 3.76) C1H
Fum Fumarate 6.52 (s) (CH=)2
Tyr Tyrosine 6.90 (d, J = 8.54) 3,5-CH

7.20 (d, J = 8.49) 2,6-CH
Phe Phenylalanine 7.31 (m) 2,6-CH

7.40 (m) 3,5-CH
Trp Tryptophan 7.54 (d, J = 8.21) C4H

7.74 (d, J = 7.96) C7H
For Formate 8.46 (s) CH
Tri Trigonelline 8.84 (m) 4,6-CH
Unk Unknown 3.09 (s) - 3.21 (s) -

4.40 (d, J = 8.83) -
5.62 (d, J = 3.79) -
8.21 (s) - 8.25 (s) -

aMultiplcity: d(doublet); dd(doublets of doublets); m(multiplet); s(singlet); t(triplet).
bCoupling constant.
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A key aspect of the MCR decomposition is illustrated in Fig. 5.4.2, where
resolved ST obtained from intervals with signal overlap are highlighted. As an
example, Fig. 5.4.2A and 5.4.2C display resonance signals with complexity in the
direct visual distinction of individual species. The MCR decomposition over both
matrices successfully resolved four independent spectral profiles of meaningful
chemical compounds. Among them, one of the multiplets of γ-aminobutyrate
(δH = 1.90), the overlapping singlet of acetate (δH = 1.92), and the multiplets of
glutamate (δH = 2.10) with glutamine (δH = 2.14) were identified, as shown in
Fig. 5.4.2B and 5.4.2D, respectively. These results demonstrate the effectiveness
of the interval-based multivariate strategy, as spectral complexity was reduced by
limiting variability within each segment. Through the segmentation, the relative
variability of meaningful spectral profiles was accurately resolved via MCR using a
reduced number of components. Consequently, the analysis of overlapped regions
was facilitated without prior of knowledge of resonance signals present in the
interval.

Figure 5.4.2: MCR models of intervals 5 and 6 performed through InRA. A)
and C) selected intervals with distinct spectral overlapping. B) and D) resolved
ST obtained after ALSTNT−NN optimization.
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In order to ensure the reproducibility of the MCR results obtained through InRA, a
systematic comparison was conducted against the well-established FNNLS method
available in the MCR-ALS GUI 2.0 Toolbox [40]. This benchmarking aimed
to validate the reliability of the ALS optimization performed by TNT-NN to
confirm its capability to provide consistent and accurate outcomes. As example,
Fig. 5.4.3 shows the MCR decomposition by both approaches (MCRTNT−NN

– MCRFNNLS) of the triplet associated with the methylene groups (αCH2) in
γ-aminobutyrate (interval 7) and the doublet of the equivalent protons attached
to the carbons at positions 3 and 5 in the aromatic ring (3,5-CH) of tyrosine
(interval 33). A notably high level of spectral component resolution was achieved,
as evidenced by the complete overlap of the resolved ST with the representative
resonance signal in identical consistency and shape, as shown in Fig. 5.4.3A. The
correlation plots presented in Fig. 5.4.3B provide a quantitative evaluation of
TNT-NN and FNNLS performed in terms of relative concentrations, showing
a strong linear correlation (r2 = 0.999) between the C values in both intervals
for the 108 samples. Furthermore, the accuracy of the C values was evaluated
by testing the homogeneity of variances through Levene’s test, conducted in
OriginPro 2016. The obtained p-values were 0.0993 for interval 7 and 0.0998
for interval 33 at a significance level of α = 0.05. Therefore, no statistically
significant difference in the population variance between the compared groups
was found. Our results demonstrate the equivalent performance of MCRTNT−NN

with MCRFNNLS regarding spectral resolution (ST ) and signal quantification (C).
The strong agreement confirms the reliability of the TNT-NN-based approach
in accurately resolving distinct signals in applications requiring an optimized
decomposition of simple or complex 1H NMR spectra.
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Figure 5.4.3: MCR decomposition of interval 7 and 33 through the MCRTNT−NN

and MCRFNNLS approaches. A) Overlay resolved ST with the reference resonance
signal: a triplet from alanine and a doublet from tyrosine. The signals (reference
and ST ) were normalized to enhance visualization. b) Correlation plots of C
values between both ALS optimization for each interval.

5.4.3 Sample clustering and sugar beet field discrimination

The score plot derived from the autoscale CFeatures indicated that the first two PCs
explained 50.86% of the total variance, as can be seen in Fig. 5.4.4A. Although
no distinct clustering pattern was observed, PC1 (34.42%) suggested a slight
separation of samples from Santa Isabel, while PC2 (16.44%) revealed a tendency
for Luciana samples to cluster apart from Santa Isabel and Santa Laura. Fig.
5.4.4B shows the loading plots with primary sources of variation in PC1 distributed
across the aliphatic (purple) and aromatic regions (blue), respectively. To address
the dominance of high-intensity sucrose signals, a Log10 transformation was applied
to mitigate the imbalance variance. The new PCA score plot is illustrated in Fig.
5.4.4C, explaining 59.02% of the total variance with the first two PCs, revealed
distinct field-based clustering. Sugar beet samples from Santa Isabel tended to be
separated from those of Santa Laura and Luciana along PC1 (36.88%), while PC2



Chapter 5. Second Article 110

(22.14%) accentuated the differentiation of Sana Laura relative to Luciana and
Santa Isabel. These findings suggested that PC1 captured subtle variability, while
PC2 accounted for more pronounced differences between fields. Regarding the
loading plots (Fig. 5.4.4D), for PC1, the aliphatic region exhibited a prominent
role in the clustering. On the other hand, in PC2, key contributions from resonance
signals of citrate with malate, glutamate, multiplets, and the tyrosine doublets
(C-profiles, 8, 10, 12, 36 and 37) arose for sugar beet samples from Santa Laura.
Furthermore, the singlet of acetate, the resonance signals of γ-aminobutyrate, and
the singlet of fumarate (C-profiles 5, 9, 18, and 35) were critical for the clustering
of Santa Isabel and Luciana.

Figure 5.4.4: PCA results (extracted from InRA) obtained through CFeatures.
A) and C) display score plots (PC1 vs PC2) obtained with autoscaling and Log10
transformation with mean center, respectively. Replicates are encircled in red for
each field. B) and D) shows the respective loading plots (PC1 and PC2) for each
pretreatment. The purple, green, and blue colors represent the contributions of
the 44 C-profiles, categorized according to their respective spectral regions.
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To evaluate the influence of different spectral processing strategies on sample
clustering, the score plots derived from the comparative PCA of the PSpectra,
CFeatures, and BSpectra matrices are presented in Fig. 5.4.5. In the case of
the PSpectra, 64.88% of the total variance with the first two PCs was achieved.
However, considerable overlap among the sample groups, particularly between
Luciana and Santa Laura was observed. The latter outcome was attributed to the
high dimensionality and intrinsic spectral complexity of the PSpectra matrix. When
PCA was applied to the BSpectra, a more defined (although not fully separate)
clustering was observed among Santa Isabel and Luciana along PC1 (28.33%),
while PC3 (10.45%) was relevant for Santa Laura. These results demonstrated
that the CFeatures yielded enhanced clustering performance only with the two first
PCs, due to the MCR capability to resolve components associated with relevant
resonance signals and to reduce spectral complexity without loss of spectral
resolution. Consequently, an effective separation of sample groups was achieved
compared to standard processing strategies.

Figure 5.4.5: Comparative PCA results of the CFeatures, PSpectra (Original
Processed), and BSpectra (Bucket Spectra) carried out through InRA. Each scores
plot are color-coded based on the cultivation field, i.e., Santa Isabel (green),
Luciana (blue), and Santa Laura (orange).
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Based on the preliminary clustering of sugar beet samples observed via PCA, four
PLS–DA models were performed to determine the discrimination potential based on
sugar beet field authentication. The effectiveness of the PLS–DA results obtained
via CFeatures was evaluated by comparison with those achieved using the BSpectra

and PSpectra matrices. The confusion matrices of three and two-class models with
the precision percentage for all modelled classes are depicted in supplementary Fig.
5.7.10, 5.7.11, 5.7.12, respectively. Moreover, Table 5.4.3 shows the figures of merit
and the optimized number of LVs for the four PLS–DA models using the different
input matrices. The three-class model obtained via CFeatures (Supplementary Fig.
5.7.10A) showed consistent discrimination, with Santa Laura achieving the highest
sensitivity (100%) and an overall classification accuracy of 96.3%. Despite the
observed misclassifications within the Santa Isabel group attributed to its higher
variability and similarity to Luciana samples, distinctive spectral characteristics
were maintained, resulting in a specificity of 95.8% in contrast with the 88.9% -
81.9% of the BSpectra and PSpectra matrices (Table 5.4.3). Regarding the two-class
models, model C achieved a classification accuracy of 100% (supplementary Fig.
5.7.10B), indicating a clear discrimination between Luciana and Santa Laura.
The PLS–DA score plot shown in Supplementary Fig. 5.7.13 and PCA in Fig.
5.4.4C, further support the results, reflecting the intra-group homogeneity and
distinct spectral profiles differences. Model D obtained via CFeatures exhibited
a classification accuracy of 94.4%, revealing robust discrimination compared
to BSpectra (84.7%) and PSpectra (77.8%), while model B displayed the lowest
performance, with a sensitivity of 88.9% and a classification accuracy of 90.3%
for Santa Isabel (Table 5.4.3). In general, the application of the CFeatures matrix
improved the performance of the PLS–DA models, surpassing the classification
rates achieved with the BSpectra and PSpectra, which ranged from 81.9% - 97.2%
and 77.8% - 93.1%, respectively. These results highlight that CFeatures enhance
the discrimination capability, confirming its utility as an effective strategy for
authentication and traceability purposes.
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Table 5.4.3: PLS–DA figures of merit for the discrimination of sugar beet by two
and three-class classification models corresponding to the fields of Santa Isabel,
Luciana, and Santa Laura through CFeatures, BSpectra, and PSpectra matrices.

Input matrix Model #LV Class CVa% Snb% Spc% ERd% CAe%
CFeatures

A 3 Santa Isabel 67.2 75.0 95.8 14.6 88.9
Luciana 91.7 93.1 7.60 92.6

Santa Laura 100 94.4 2.78 96.3
B 3 Santa Isabel 58.2 88.9 91.7 9.70 90.3

Luciana 91.7 88.9 9.70 90.3
C 2 Luciana 54.4 100 100 0.00 100

Santa Laura 100 100 0.00 100
D 3 Santa Isabel 60.8 94.4 94.4 5.56 94.4

Santa Laura 94.4 94.4 5.56 94.4

BSpectra

A 4 Santa Isabel 85.4 80.6 88.9 15.3 86.1
Luciana 80.6 90.3 14.6 87.0

Santa Laura 94.4 98.6 3.47 97.2
B 3 Santa Isabel 64.1 77.8 86.1 18.1 81.9

Luciana 86.1 77.8 18.1 81.9
C 4 Luciana 70.6 94.4 97.2 4.20 95.8

Santa Laura 97.2 94.4 4.20 95.8
D 5 Santa Isabel 77.3 80.6 88.9 15.3 84.7

Santa Laura 88.9 80.6 15.3 84.7

PSpectra

A 3 Santa Isabel 70.2 75.0 81.9 21.5 79.6
Luciana 66.7 86.1 23.6 79.6

Santa Laura 75.0 90.3 17.4 85.2
B 3 Santa Isabel 65.4 75.0 97.2 13.9 86.1

Luciana 97.2 75.0 13.9 86.1
C 2 Luciana 72.4 91.7 94.4 6.90 93.1

Santa Laura 94.4 91.7 6.90 93.1
D 3 Santa Isabel 69.8 75.0 80.6 22.2 77.8

Santa Laura 80.6 75.0 22.2 77.8
aCumulative variance. bSensitivity. cSpecificity. dError rate. eClassification accuracy.

Through the analysis of the VIP scores (Supplementary Fig. 5.7.14), relevant
resonance signals that contributed significantly to the discrimination were
recognized. These signals included the methyl (βCH3) doublet of alanine, the
methyl (CH3) singlet of acetate, the methylene (αCH2) triplet of γ-aminobutyrate,
the methylene (γCH2) multiplet of glutamine, the methylene (CH2/βCH2) doublets
of citrate-malate, the methine (CH=) singlet of fumarate, and the doublets of
the equivalent protons (3,5-CH/2,6-CH) attached to the aromatic ring in tyrosine.
Notably, citrate, malate, and fumarate – intermediates in the tricarboxylic
acid (TCA) cycle – displayed field-specific variations, suggesting their relative
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concentrations are influenced by possible differences in soil composition and
environmental conditions. Additionally, alanine and glutamine, were more
prominent in Santa Isabel and Luciana samples, whereas acetate was predominantly
detected in Santa Isabel, potentially reflecting unique stress responses.

5.5 Conclusions

This work introduced Interval Resonance Analysis (InRA), a versatile tool designed
to provide an alternative analytical workflow for untargeted studies using 1H NMR
spectroscopy. InRA consolidates specialized algorithms into an effective, intuitive,
friendly, and unified platform, specifically optimized for processing, resonance
signal detection, integration via MCR, and exploratory analysis, addressing the
challenges of manual analysis that are often labor-intensive and time-consuming.
Furthermore, its intuitive GUI promotes the integration of users with different
experience levels, thereby reducing the barrier to advanced multivariate 1H NMR
analysis

The applicability of InRA to hydrophilic extracts from sugar beet roots, with
inherent spectral similarities, demonstrated substantial robustness and selectivity
in differentiating cultivation fields, despite the suggested interference from sucrose
signals. The results obtained with the developed interval-based detection algorithm
were promising, enabling the automated identification of 85.4% of relevant
resonance signals, even with low SNR, through spectral region segmentation.
The comparison of ALS optimization via TNT-NN yielded consistent and
reproducible results with FNNLS, highlighting the reliability of the algorithm for
the simultaneous decomposition of multiple spectral intervals. The combination of
the integrated features and multivariate models proved effective for distinguishing
cultivation fields. Classification results by PLS–DA demonstrated the effectiveness
in identifying crucial compounds responsible for accurate discrimination, primarily
linked to amino acids, with classification rates ranging from 88.9% to 100%.

Nonetheless, the importance of incorporating the initial stages of spectral
processing into the analytical workflow is necessary. Accordingly, the development
roadmap includes the implementation of new modules for phase, baseline, and
reference corrections. Future updates also aim to enhance analytical capabilities
of the InRA through the integration of supervised algorithms, e.g., PLS–DA.
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5.7 Supplementary Material

Figure 5.7.1: Flowchart of the maxima and minima algorithm. ȳ is the average
intensity of the resonance signals (reference) and ∆ corresponds to the selected
threshold value.
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Figure 5.7.2: Flowchart of the detailed interval delimitation algorithm. ū′

(modified vector) represents the average intensity with values below ∆ being
replaced by ∆. Index b and e correspond to the beginning and end of an interval,
respectively.
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Figure 5.7.3: Flowchart of the detailed interval correction algorithm. To split
(redefine) an overlapping interval, the distance between consecutive maxima must
exceed a specified value of L ppm with a separation of H ppm.
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Figure 5.7.4: Map of sampling points associated with the three different sugar
beet (Beta vulgaris L.) fields evaluated during the 2023 harvest.
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Figure 5.7.5: Processing tab.
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Figure 5.7.6: Interval-based detection tab.
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Figure 5.7.7: Resonance integration tab.
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Figure 5.7.8: Unsupervised analysis tab.
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Figure 5.7.9: Representative 1H NMR spectrum (400.13 MHz) of the hydrophilic
extract from sugar beet root referenced to TSP-d4 5.8 Mm. A) δH = 0.50− 3.00,
B) δH = 3.00 − 6.00, C) δH = 6.00 − 9.00. FA: Fatty acids; Leu: Leucine, Ile:
Isoleucine; Val: Valine; Thr: Threonine; Ala: Alanine; GABA: γ-aminobutyrate;
Ace: Acetate; Glu: Glutamate; Gln: Glutamine; Suc: Succinate; Cit: Citrate;
Mal: Malate; Asp: Aspartate; Asn: Asparagine; Cho: Choline; Unk: Uknown;
Bet: Betaine; Sur: Sucrose; Xyl: α-xylose; Glc: α-glucose; Fum: Fumarate; Tyr:
Tyrosine; Phe: Phenylalanine; Trp: Tryptophan; For: Formate; Tri: Trigolline.
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Figure 5.7.10: Results of the two and three-class PLS–DA classification models
through CFeatures. A) Three-class confusion matrix for model A (Santa Isabel –
Luciana – Santa Laura). B), C), and D), confusion matrices for model B (Santa
Isabel – Luciana), model C (Luciana – Santa Laura), and model D (Santa Isabel
– Santa Laura).
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Figure 5.7.11: Results of the two and three-class PLS–DA classification models
through BSpectra. A) Three-class confusion matrix for model A (Santa Isabel –
Luciana – Santa Laura). B), C), and D), confusion matrices for model B (Santa
Isabel – Luciana), model C (Luciana – Santa Laura), and model D (Santa Isabel
– Santa Laura).
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Figure 5.7.12: Results of the two and three-class PLS–DA classification models
through PSpectra. A) Three-class confusion matrix for model A (Santa Isabel –
Luciana – Santa Laura). B), C), and D), confusion matrices for model B (Santa
Isabel – Luciana), model C (Luciana – Santa Laura), and model D (Santa Isabel
– Santa Laura).
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Figure 5.7.13: PLS–DA scores plot (LV1 vs LV2) of the two and three-class
classification models via CFeatures.

Figure 5.7.14: VIP plots obtained of the two and three-class PLS–DA
classification models. The threshold value (1.2) is represented as a red line
bar. VIP ≥ 1.2 were analyzed for statistical significance by a one-way ANOVA
test with Bonferroni-Holm correction.
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Table 5.7.1: Equations implemented in InRA for fit quality of the MCR and
PCA models.

No. Name Equation

MCR

1 Standard deviation of residuals σ =

√ ∑
i,j e

2
ij

nrows × ncolumns

2 Lack of fit (%) LOF (%) = 100×

√∑
i,j e

2
ij∑

i,j d
2
ij

PCA

4 Root mean square error of calibration RMSEC =

√∑n
i=1(yi − ŷi)2

n

5 Root mean square error of cross-validation RMSECV =

√∑n
i=1(yi − ŷi,CV )

n

-eij = dij − d∗ij

-dij = Element of the original matrix D.

-d∗ij = Element of matrix D reproduced by MCR.

-yi − ŷi = Difference between the observed and predicted values in the calibration set.

-yi − ŷi,CV = Difference between the observed and predicted values in the test set during CV.
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This chapter presents and discusses the most recent results that have laid
the groundwork for a third manuscript currently under preparation, entitled
“Multivariate Analysis for a Comparative Study of Pectin Production Methods
using TD-NMR with Fast Fourier Transform (FFT)”.

This study, which complements the Ph.D. thesis, investigates the application of
TD-NMR as an analytical technique for the study of sugar beet-derived pectin
samples. As its principal innovation, the study introduces a multivariate strategy
incorporating second-order models, specifically multivariate curve resolution with
alternating least squares (MCR-ALS) and parallel factor analysis (PARAFAC),
to allow the discrimination of pectin produced through distinct precipitation
procedures.

Therefore, this manuscript is framed as a complementary contribution to the
specific objective 2, where the implementation of advanced multivariate analytical
approaches facilitated the development of supervised classification models with
enhanced selectivity and discriminative power.
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Abstract

Pectin, widely used in the food industry for its gelling and stabilizing properties,
exhibits functional characteristics that are strongly influenced by the extraction
and precipitation methods used, such as ultrafiltration and maltodextrin addition.
This study presents a novel methodology based on time-domain nuclear magnetic
resonance (TD-NMR) relaxometry combined with multivariate analysis, aimed
at differentiating and classifying pectin samples according to their production
process. The relaxation curves transformed to spectra by FFT were decomposed
using second-order algorithms via multivariate curve resolution alternating least
squares (MCR-ALS) and parallel factor analysis (PARAFAC) to extract chemically
meaningful components. Three groups of samples were analyzed using CPMG
and SE-MSE sequences: pure pectins obtained by different production methods,
one commercial pectin, and manually prepared binary mixtures. Classification
performance was evaluated using k-nearest neighbors (k-NN), partial least
squares-discriminant analysis (PLS-DA), and soft independent modeling of
class analogy (SIMCA). The results showed that the combination of FFT
with MCR-ALS achieved 100% classification accuracy in all models, including
binary mixtures. PARAFAC-based scores also produced high classification
performance, with accuracies between 96.5% and 100%. In contrast, models
based solely on CPMG relaxation curves showed a reduced ability to resolve subtle
compositional differences, particularly for mixtures. Overall, this integrative
approach demonstrates the potential of TD-NMR combined with advanced
multivariate decomposition techniques as a powerful, non-destructive tool for
characterizing structurally similar samples and supporting quality control in
complex food matrices.

Keywords – Pectin, low field nuclear magnetic resonance, chemometrics, parallel
factor analysis, multivariate curve resolution
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6.1 Introduction

Pectin is a complex polysaccharide that constitutes one of the principal structural
components of the middle lamella and the primary cell wall in higher plants
[1]. Its predominant molecular structure is composed of a linear backbone of
α-D-galacturonic acid residues linked via (1→4) glycosidic bonds, interrupted by
highly branched rahmnogalacturonan regions bearing neutral sugar side chains,
such as arabinose and galactose [2, 3]. The latter structural complexity imparts
pectin with unique functional properties, making it widely used as a gelling agent,
emulsifier, thickener, and stabilizer in a wide range of food matrices [4, 5].

Industrial pectin production has traditionally relied on the extraction of citrus
peels and apple pomace, primarily due to their high pectin content and seasonal
availability [6]. However, in recent years, increasing attention has been directed
towards more sustainable alternative sources, such as sugar beet pulp (Beta
vulgaris L.), a by-product of the sugar industry that is generated in substantial
quantities (estimated at more than 20 million tons annually in Europe) [7]. The
residual biomass, which comprises a significant fraction of polysaccharides (22–24%
cellulose, 24–32% hemicellulose and 15–25% pectin), has historically been used
for animal feed, despite its high potential value as a raw material for the recovery
of bio-active compounds of industrial interest [8].

Pectin extracted from sugar beet pulp exhibits physicochemical properties that
are distinct from those of other conventional sources. These differences include a
higher degree of acetylation in galacturonic acid residues, an increased presence of
rhamnose, and the incorporation of phenolic esters such as ferulic acid into its
side chains [9]. In addition, its notable emulsifying capacity has been attributed
to a relatively high protein content, making it a functionally attractive bio-
polymer [10]. Extraction is typically performed through acid hydrolysis at elevated
temperatures using mineral acids, e.g. hydrochloric or nitric acid, followed by
purification and precipitation, commonly with ethanol [11, 12]. However, the
efficiency of the extraction process and the quality of the final product are critically
dependent on the extraction conditions, the precipitation method, and the intrinsic
characteristics of the raw material.
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Given the structural complexity of pectin, the use of robust, rapid, and non-
destructive analytical techniques is essential for the efficient characterization of
its physicochemical properties. In this context, time-domain nuclear magnetic
resonance (TD-NMR) has emerged as a powerful tool for the analysis of complex
molecular systems in food matrices [13]. TD-NMR does not require sample
preparation or deuterated solvent, is non-invasive, offers high reproducibility,
and allows measurements in solid, semi-solid or liquid states [14]. Based on
measurement of longitudinal (T1) and transverse (T2) relaxation times, this
technique provides valuable information on molecular mobility and intermolecular
interactions within the system under investigation [14, 15]. Its application has
been extended to the study of dairy products [16], meat [17], fruits [18], cheese
[19] and starch [20], positioning TD-NMR as a versatile technique in food quality
control.

The information provided by TD-NMR can be challenging for direct interpretation;
nevertheless, the combination with multivariate analysis offers substantial potential
for qualitative and quantitative analysis by allowing the extraction of meaningful
insights from complex datasets [21]. Among the most widely used approaches that
combine TD-NMR with multivariate analysis are principal component analysis
(PCA), soft independent modeling of class analogy (SIMCA), k-nearest neighbors
(k-NN), partial least squares discriminant analysis (PLS-DA), partial least squares
regression (PLS-R) and support vector machine (SVM). These models have been
successfully applied for exploratory analysis, classification, or quantification tasks,
e.g., the selection of industrial tomatoes, the detection and quantification of
formaldehyde in milk, and the monitoring of the diesel content in fuel [22, 23, 24].
Moreover, models such as multivariate curve resolution with alternating least
squares (MCR-ALS) and parallel factor analysis (PARAFAC) offer powerful
decomposition strategies. MCR-ALS resolves complex instrumental responses
into individual contributions of each component in a mixture through constrained
bilinear modeling [25]. PARAFAC decomposes multi-way trilinear arrays, allowing
the identification and quantification of independent underlying signals, termed
components [26]. Although both approaches have been extensively used in infrared
and fluorescence spectroscopy, their application in TD-NMR remains relatively
unexplored.
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Therefore, the aim of this study was to evaluate the potential of TD-NMR
relaxometry to differentiate pectin samples obtained through distinct production
methods. For this purpose, a novel methodology was proposed in which relaxation
curves were transformed into the frequency domain using fast Fourier transform
(FFT) and subsequently decomposed using second-order techniques such as MCR-
ALS and PARAFAC. In addition, classification models including k-NN, PLS-DA,
and SIMCA were applied to assess the discriminative capacity of the proposed
approach.

6.2 Study design

6.2.1 Pectin samples

Five pectin samples using sugar beet pulp as raw material plus an additional
commercially purchased sample were provided by the Kayseri Sugar facility
(Türkiye). The extraction process was carried out under acidic conditions (pH
2.0) and temperatures ranging from 80 to 90◦C to promote pectin solubilization.
Following extraction, the liquid phase containing dissolved pectin was mechanically
separated from the residual solid pulp by means of a pressing technique. The
precipitation of each pectin from the liquid extract was achieved through distinct
methods: ultra-filtration, isopropyl alcohol, or a combination of both methods. In
some formulations, varying concentrations of maltodextrin were incorporated to
enhance the drying efficiency and the physicochemical properties of the resulting
pectin. In addition, to evaluate the clustering performance of classification models
against new sources of variation, a series of binary mixtures were prepared,
including commercially purchased pectin derived from sugar beet pulp. Table 6.2.1
summarizes the full set of samples, the precipitation method, the concentration of
maltodextrin, ID, and the formulated specific binary mixtures.
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Table 6.2.1: Summary of pectin samples employed for evaluation.

Pectin ID Maltodextrin (%) Precipitation Method
SBPP - Commercially purchased
MD30 30 Isopropyl alcohol
UF 0 Ultra-filtration

UF IPA 0 Isopropyl alcohol + Ultra-filtration
UF IPA MD10 10 Isopropyl alcohol + Ultra-filtration

UF MD10 10 Ultra-filtration
Binary mixtures Ratio (%)

MD30 - UF 20:80 ; 50:50 ; 80:20
SBPP - UF IPA 20:80 ; 50:50 ; 80:20

UF MD10 - UF IPA MD10 20:80 ; 50:50 ; 80:20

6.2.2 TD-NMR measurements and methodological workflow

To maximize sensitivity to structural heterogeneity arising from different pectin
production methods, particularly those related to molecular mobility variations
influenced by the degree of methoxylation and the presence of rigid domains,
two complementary pulse sequences were employed: Carr-Purcell-Meiboom-Gill
(CPMG) and Solid Echo–Magic Sandwich Echo (SE-MSE). Fig. 6.2.1 shows
the overall workflow implemented in this study, which started with the spectral
acquisition of pectin samples using both pulse sequences, followed by spectral
processing, matrix organization according to pulse type with sample composition,
and concluded with the application of two-way and three-way multivariate analysis
to investigate compositional differences in the sample set related to the production
method.

TD-NMR acquisitions were performed using two NMR analyzers operating at a 1H
frequency of 18 MHz from Resonance Systems GmbH (Germany): “Spin Track” for
CPMG and “Spin Mate” for SE-MSE experiments (Fig. 6.2.1A). All measurements
were performed by personnel from the Middle East Technical University (METU)
and Resonance Systems. The experimental conditions were standardized for both
pulse sequences, i.e, a probe temperature of 30 ± 0.005◦C, a 90◦ RF pulse of 3.2
µs, a 180◦ RF pulse of 6.3 µs, a ringing time of 8 µs, a receiver gain of 500 kHz
and a scan repetition delay of 1200 ms. SE-MSE measurements were acquired at
Tau (τ) values of 13,000, 36,000, 120,000, and 286,000 ns to improve the resolution
of proton dipolar interactions. For each sample (pure and binary mixtures), five
independent spectral replicates (n = 5) were acquired.
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Figure 6.2.1: Proposed workflow for the comparison study of pectin samples
using TD-NMR and multivariate analysis. A) CPMG and SE-MSE measurements.
B) Two-way (MCR-ALS) and Three-way (PARAFAC) decomposition applied to
the FFT spectra.

The CPMG relaxation curves of pure pectin samples were fitted to a bi-exponential
model in Relax 8 software (Resonance Systems GmbH, Germany) to extract
the characteristic transverse relaxation components T2a and T2b, respectively.
Furthermore, all CPMG relaxation curves were imported into the MATLAB
R2023b environment (The MathWorks Inc., Natick, MA, USA) as a spectral
matrix. Each curve was normalized to its maximum amplitude (0-1) and smothered
using a second-order Savitzky-Golay polynomial algorithm (window width = 55)
using in-house MATLAB routines. The spectral matrix was partitioned into two
independent matrices: a first matrix, referred to as CPMGpure, contained only
the relaxation curves of the pure pectin samples, and a second matrix, designated
CPMGtotal, comprised pure pectin samples and binary mixtures, as illustrated in
Fig. 6.2.1B.
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In parallel, the free induction decays (FIDs) obtained with the SE-MSE sequence
at various values of τ were converted to the frequency domain by means of a fast
Fourier transform (FFT) in Relax 8 software, with a frequency range of -0.5 to
0.5 MHz and a ringing time of 2 µs to minimize electronic artifacts and enhance
spectral resolution. The resulting FFT spectra were imported into MATLAB
2023b as four independent matrices according to each τ value, as shown in Fig.
6.2.1C. To maintain consistency with the matrix structure applied to CPMG, the
FFT matrices were integrated into two subsets: FFTpure and FFTtotal.

6.2.2.1 Two-way decomposition of FFT spectra via MCR-ALS

The FFT spectra matrices (FFTpure and FFTtotal) with m rows (samples) and n
columns (frequency) according to their respective τ value can be described as a
bilinear model based on the following equation:

D = CST + E (6.2.1)

where D (m × n) is the input matrix, C (m × p) is the matrix of the concentration
profiles of the compounds estimated; ST (p × n) is the matrix of each component
p related to their pure FFT spectra; and E (m × n) is the residual matrix with
the variance of the unmodeled data.

To resolve the bilinear model described in Eq. 6.2.1, the FFTpure and FFTtotal

spectra matrices were independently analyzed using the MCR-ALS GUI 2.0
Toolbox within the MATLAB R2023b environment [27]. To initialize the iterative
procedure, the single value decomposition (SVD) was used to find the optimal
number of components for the initial estimates of the purest C and ST . Due to
the existence of rotational ambiguities in the solution, non-negativity constraints
were applied to C and non-negativity with uni-modality to ST to decrease the
range of feasible solutions. The maximum number of iterations was set to 250.
The resolved ST profiles were normalized by the total sum criterion during the
ALS optimization. The quality of the MCR-ALS models was determined by the
percentage of lack of fit (%LOF) to evaluate the difference between the original
D and the approximation made by the product CST = D̂ (Eq. 6.2.2), and the
percentage of explained variance (%R2) (Eq. 6.2.3) according to the following
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expressions:

LOF (%) = 100×

√∑
i,j e

2
ij∑

i,j d
2
ij

(6.2.2)

R2(%) = 100×

(
1−

∑
i,j e

2
ij∑

i,j d
2
ij

)
(6.2.3)

where eij are the residuals obtained in the ALS optimization and dij are the
original values in D. An augmented matrix (CFFT ) was constructed by vertically
concatenating the C-profiles obtained from the FFT-modeled spectra according
to the different values of τ . Two versions of the CFFT matrix were organized
depending on the sample set: CFFT−pure and CFFT−total, as shown in Fig. 6.2.1C.
C-profiles were arranged such that those associated with shorter τ (i.e., 13,000
and 36,000 ns) appeared first, while those corresponding to longer τ (102,000
and 286,000 ns) were placed later. The latter structure preserved the spectral
evolution as a function of increasing τ .

6.2.2.2 Three-way decomposition of FFT spectra via PARAFAC

The FFTpure and FFTtotal spectra matrices were stacked along a third mode to
construct a three-way array (samples × frequency × τ) Each frontal slice of the
cube corresponds to an individual FFT matrix in a specific τ , allowing the third
mode to represent the evolution of spectral features across relaxation delays, as
shown in Fig. 6.2.1C.

PARAFAC decomposes a three-way array into a set of trilinear terms by minimizing
the sum of squares of the residuals eijk that contain all unexplained variations
described by the following equation [26]:

xijk =
R∑

r=1

aifbifckf + eijk (6.2.4)
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where xijk can be described as an input in the three-way array of FFT spectra
for the sample i, frequency j and value τ k; aif are the scores proportional to the
relative concentration of the R component in the i sample; bif and ckf are the
loadings of the pure FFT spectra and the value τ for each component R.

The three-way FFT matrices were decomposed by PARAFAC (Eq. 6.2.4) using
PLS_Toolbox 9.2 (Eigenvector Research Inc.) within the MATLAB R2023b
environment. The PARAFAC models were built with non-negativity constraints
applied to the scores (Mode 1) and non-negativity with uni-modality to the
loadings of the pure FFT spectra (Mode 2). The maximum number of iterations
was set to 500. To determine the optimal number of components R and evaluate
the quality of the PARAFAC models, two criteria were considered: the percentage
of core consistency (%CC) and the percentage of R2 as expressed in the following
equations:

CC (%) = 100×


1−

R∑
d=1

R∑
e=1

R∑
f=1

(gdef − tdef )
2

R∑
d=1

R∑
e=1

R∑
f=1

t2def

 (6.2.5)

R2(%) = 100×
(
1− SSE

SSX

)
(6.2.6)

where, in Eq. 6.2.5, gdef denotes the actual values of the core tensor obtained
from the fitted PARAFAC model, and tdef corresponds to the ideal values of the
core tensor expected under a perfectly trilinear structure. In line with Eq. 6.2.3,
the percentage of R2, as defined in Eq. 6.2.6, was calculated based on the sum of
the squares of the residuals (SSE) and the sum of the squares of the elements of
the systems (SSX). The scores obtained were combined by rows in a new matrix
called ScoresFFT for supervised classification analyzes.
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6.2.2.3 PCA and supervised classification methods

Independent PCA models were constructed for the CPMGpure, CPMGtotal,
CFFT−pure and CFFT−total to assess the clustering potential of pure pectin samples
according to their production method and the impact of incorporating binary
mixtures. The resulting score distributions were compared with the biplots derived
from PARAFAC models to contrast the differentiation capabilities of both previous
approaches.

To evaluate the predictive performance of the different strategies (i.e, CPMG
relaxation curves and FFT decomposition through MCR-ALS and PARAFAC),
supervised classification methods were developed via k-NN, PLS-DA and SIMCA,
as illustrated in Fig. 6.2.1D. Four classes were defined: Class 1 (MD30 and
SBPP); Class 2 (UF and UF MD10); Class 3 (UF IPA and UF IPA MD10), and
Class 4 encompassing the binary mixtures described in Table 6.2.1. In the case
of SIMCA, only classes 1-3 were used to construct the model, while class 4

(three randomly selected samples of each binary mixture) was exclusively reserved
for external prediction.

Due to the limited number of samples per class, a two-level cross-validation (CV)
approach was implemented to prevent overfitting and evaluate the quality of the
models. An external k-fold CV (k = 2) was applied. In each iteration, one part
was used as a calibration set, while the second part was reserved as a prediction
set. During calibration, the leave-one-out CV (LOOCV) method was applied as
an interval CV. The optimal number of principal components (PCs and latent
variables [LVs]) was selected based on the percentage of explained variance and
the values of the root mean square error of cross-validation (RMSECV). For k-NN,
the number of neighbors was set at 3 (k = 3). All models were conducted using
PLS_Toolbox 9.5 via MATLAB R2023b. Discrimination capacity was evaluated
on the basis of sensitivity (Sn), specificity (Sp), error rate (ER) and classification
accuracy (CA). The latter figures of merit are presented in Eq. 6.2.7, 6.2.8, 6.2.9,
6.2.10, and obtained according to the following expressions:
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%Sensitivity (Sn) =
TP

(TP + FN)
× 100 (6.2.7)

%Specificity (Sp) =
TN

(TN + FP )
× 100 (6.2.8)

%Error rate (ER) = 1−
(
Sn+ Sp

2

)
× 100 (6.2.9)

%Classification accuracy (CA) =
TP + TN

(TP + TN + FP + FN)
× 100 (6.2.10)

where FN, FP, TP and TN correspond to false negative, false positive, true
positive and true negative, respectively.

6.3 Results and discussion

6.3.1 Relaxation behavior of CPMG curves and FFT

spectra

The average of the maximum normalized (0-1) CPMG relaxation curves of pure
and binary pectin mixtures is shown in Fig. 6.3.1A and 6.3.1B, respectively. In all
cases, the relaxation curves exhibited a bi-exponential behavior, characteristic of
a heterogeneous system comprising at least two proton environments with distinct
transverse relaxation times (T2) [28]. These components (T21 and T22) reflect
molecular dynamics with restricted and enhanced mobility.
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Figure 6.3.1: Maximum normalized (0–1) average CPMG relaxation curves
A, B) and the corresponding FFT spectra C, D) for pure pectin and binary
mixtures, respectively.

Table 6.3.1: T2 relaxation times obtained through bi-exponential fitting of
CPMG relaxation curves. Values expressed as mean ± standard deviation.

Pectin T2 (ms)
T21 T22

MD30 2.583 ± 0.152 27.80 ± 1.42
SBPP 0.792 ± 0.054 18.03 ± 2.48
UF 1.592 ± 0.193 17.59 ± 2.33

UF IPA 1.621 ± 0.155 16.64 ± 1.63
UF IPA MD10 1.523 ± 0.245 16.16 ± 1.64

UF MD10 1.885 ± 0.235 19.51 ± 3.87

Table 6.3.1 summarizes the mean ± standard deviation of T2 relaxation times
obtained from bi-exponential fitting of the CPMG curves. The longest T22

component was observed in MD30 (27.80 ± 1.42 ms), suggesting a highly flexible
pectin structure with extensive molecular motion and greater water interaction.
In contrast, the commercial SBPP sample exhibited significantly lower T21 (0.792
± 0.054 ms), suggesting a more rigid structure with reduced segmental mobility,
probably influenced by differences in industrial-scale production. Among the
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pectin subjected to ultra-filtration showed intermediate relaxation behavior. UF
IPA MD10 and UF IPA samples presented T22 values of 16.16 ± 2.48 ms and
16.64 ± 1.63 ms, reflecting moderate rigidity and limited hydration. In particular,
UF MD10 also showed a relatively short T21 of 1.885 ± 0.235 ms, compared to
MD30, consistent with tighter molecular packing and reduced water mobility.

The FFT spectra shown in Fig. 6.3.1C and 6.3.1D provide a complement based on
a frequency-domain perspective of the proton dynamics within each sample [29].
Although all spectra showed central peaks associated with water-associated protons,
subtle differences in peak intensity and width revealed distinctions in the molecular
environment of each pectin. The broader frequency distributions observed in
pectin subjected to ultra-filtration are consistent with reduced molecular mobility
and more restricted water environments, in agreement with their shorter T2

values. Furthermore, binary mixtures exhibited intermediate relaxation profiles,
combining the molecular signatures of their constituent pectin. Furthermore, the
relaxation curves (Fig. 6.3.1B) and the FFT spectra (Fig. 6.3.1D) varied according
to the mixture ratios, and UF pectin exerted a dominant influence on rigidity,
particularly in samples containing a higher proportion of UF IPA or UF MD10.
Although certain differences in T2 relaxation times and spectral characteristics
were observed in the frequency domain, these were insufficient to establish a
clear and consistent differentiation between the samples analyzed. Therefore, the
application of multivariate analysis was necessary to comprehensively interpret
the spectral complexity and discover significant patterns in the set of samples.

6.3.2 Exploratory Analysis

6.3.2.1 CPMG-based relaxation

Initially, PCA was performed to the CPMGpure and CPMGtotal matrices to
explore the feasibility of sample clustering using a straightforward approach based
on relaxation curves. Fig. 6.3.2A presents the PCA score plot derived from
the CPMGpure matrix, where the first two PCs account for 98.52% of the total
variance. A clear separation along PC1 (92.69%) was observed between MD30
with SBPP and the ultra-filtration pectin (UF, UF MD10, UF IPA, and UF IPA
MD10). PC2 (5.93%) further distinguished between MD30 and SBPP, but did not
contribute to the differentiation among the samples labeled UF, which clustered
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closely. The latter suggests limited intrinsic variability between the pectin under
ultra-filtration through relaxation curves. The observed patterns are consistent
with the T2 relaxation values summarized in Table 6.3.1 and the corresponding
loading plot in Fig. 6.3.2B. The separation along PC2 is mainly attributed to the
distinct decay constants of MD30 and SBPP, which exhibited markedly different
long and short T21 components (2.583 ms and 0.792 ms, respectively).

Figure 6.3.2: Comparison of PCA score and loading plots (PC1 vs PC2) for
CPMGpure and CPMGtotal matrices. A-B) pure samples; C-D) pure + binary
mixtures.

The inclusion of binary mixtures as additional sources of variance was evaluated to
determine whether the previously identified clustering among pure pectin samples
was preserved or modified due to the influence of the mixed compositions. The
PCA score plot derived from the CPMGtotal matrix 6.3.3C explained 98.06%
of the total variance. PC1 (92. 47%) captures the main variability associated
with differences in relaxation behavior between samples, and the binary mixtures
exhibited minor clustering trends depending on their composition. The MD30 -
UF mixtures showed a slight clustering along PC1 as a function of their ratio,
suggesting additive behavior and the sensitivity of the CPMG relaxation to
compositional changes. In contrast, UF MD10 - UF IPA MD10 showed a tighter
grouping near the pure pectin samples, indicating less pronounced variation among
its mixtures. PC2 (5.59%) captured clear differences between MD30 and SBPP;
however, the UF samples were partially overlapped by the associated binary
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mixtures. Moreover, the SBPP - UFA IPA system, although clustering near SBPP,
further illustrates the dominant relaxation contribution of SBPP in mixtures due
to specific relaxation domains (6.3.3)D.

These findings indicate that while the pronounced relaxation differences between
MD30 and SBPP allowed their clear separation, the CPMG-based relaxation
analysis was insufficient to distinguish the ultra-filtrated pectin samples or their
binary mixtures. It is suggested that in the absence of strong relaxation contrast,
the method does not effectively capture clustering trends associated with the
production process.

6.3.2.2 MCR-ALS and PARAFAC-based methodology

To contrast the results obtained from CPMG, the clustering behavior was compared
with those derived from the two FFT-based approaches: PCA applied to the
C-profiles obtained through MCR-ALS, and the score biplot generated from the
PARAFAC models.

The decomposition of the FFTpure and FFTtotal matrices via MCR-ALS (according
to the specific value of τ) required the extraction of two components per matrix to
achieve an appropriate fit. The latter resulted in a total of eight C-profiles. The
complete set of C-profiles, obtained for pure pectin samples and binary mixtures,
is provided in the Supplementary Fig. 6.6.1. In terms of model performance,
an average LOF of 0.27% was achieved with an explained variance of 98.8%,
indicating a high-quality representation of the original spectral information by
the extracted profiles.

Figure 6.3.3A displays the PCA score plot based on the CFFT−pure matrix, which
represented 99.92% of the total variance. Compared to the PCA obtained by
CPMG (Fig. 6.3.3A), the CFFT−pure matrix produced a clearer separation into
three distinct clusters. The primary source of variance (PC1, 99.19%) effectively
differentiated the commercial SBPP sample from the remaining pectin produced
at the Kayseri Sugar facility. PC2 (0.73%), although explaining a minor portion of
the total variance, provided additional differentiation between SBPP, UF, UF IPA
MD10, and UF MD10 versus MD30 and UF IPA. The corresponding loading plot
is shown in Fig. 6.3.3B, where the contribution of each variable increases with
higher values of τ , indicating a greater influence of longer relaxation components
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in PC1 and, to a lesser extent, in PC2. This trend is further elucidated by the
resolved ST associated with each C-profile presented in Fig. 6.3.2C and 6.3.3D.
In general, the resolved FFT spectra associated with the SBPP sample exhibited
narrower and more intense peaks, indicating greater structural rigidity and lower
proton mobility, in contrast to the slightly broader spectra associated with a
higher molecular mobility.

Figure 6.3.3: Comparison of PCA score (PC1 vs PC2), loading plots and resolved
ST profiles for the FFTpure and FFTtotal matrices. A-B-C-D) pure samples;
E-F-G-H) pure + binary mixtures.

Regarding the CFFT matrix, a higher total variance was explained (99.87%),
and the separation between mixtures became more pronounced (Fig. 6.3.3)E.
PC1 (92.75%) effectively distinguished samples with SBPP, while PC2 (7.12%)
provided clear clustering between pure and mixed samples, especially between
samples that had partially overlapped in the CPMG-based PCA. The MD30 -
UF mixtures maintained their ratio-dependent spread, and the UF MD10 - UF
IPA MD10 samples were clearly differentiated from pure pectin. Furthermore,
the SBPP UF IPA mixtures remained grouped, consistent with the stronger
relaxation characteristics of SBPP. As expected, the loading plots in Fig. 6.3.3)D
indicated that longer values of τ were crucial for clustering. The resolved ST

supported these findings, with broader and narrower peaks suggesting rigid or
mobile environments.
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As part of the spectral decomposition strategy, the application of PARAFAC to
three-way arrays constructed from FFTpure and FFTtotal required like MCR-ALS
the extraction of two components per matrix to achieve an appropriate fit. For
the model based on pure pectin samples, a CC of 97.4% and a residual error of
1.36 were obtained. In the case of the model incorporating pure pectin and binary
mixtures, the CC increased to 99.7%, with a residual error of 0.476. The CC plots
for both PARAFAC models are provided in the Supplementary Fig. 6.6.2 and
6.6.3, respectively.

In agreement with the trends observed with the CFFT−Pure matrix, the PARAFAC
scores plot (Fig. 6.3.4A reveals a clear separation between all pure pectin samples.
To further investigate these differences, the relative concentration profiles of
the two main PARAFAC components were evaluated (Fig. 6.3.4B. Our results
highlight that the most substantial variations depend between SBPP and UF IPA
MD10, while the remaining samples show only minor differences in their component
contributions. These findings are supported by the resolved spectral components
(Fig. 6.3.4C and 6.3.4D), and are consistent with the MCR-ALS results. The
FFT spectra were characterized by distinct spectral features associated with
heterogeneous proton environments.

Figure 6.3.4: PARAFAC results for the FFTpure and FFTtotal matrices. A-B-
C-D) pure samples; E-F-G-H) pure + binary mixtures.
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The scores plot of the PARAFAC model of pure pectin samples and binary mixtures
(Fig. 6.3.4G showed a similar clustering to the PCA obtained via CFFT−Total. The
MD30 - UF and UF MD10 - UF IPA MD10 samples exhibited near clustering,
consistent with additive behaviors linked to their mixing rations. The latter
suggest the presence of intermediate relaxation properties, in agreement with their
shared production method. In contrast, SBPP - UF IPA mixtures were located
separately from the other samples, indicating a strong contribution of one of the
resolved factors, probably associated with the distinct spectral features of SBPP.
The factor profiles (Fig. 6.3.4H) illustrated the sample-specific contributions of
each component, showing how PARAFAC was able to unravel overlapping spectral
features that were not fully resolved in PCA. Unlike the results obtained from
the PCA by CPMG, the MCR-ALS and PARAFAC strategies revealed a clear
grouping between the pectin samples. Both multivariate approaches reduced
intra-group variability by modeling noise independently in the residual matrix
(Eq. 6.2.1 and 6.2.4). The latter capability improves sensitivity to subtle spectral
differences, thus improving the differentiation of similar pectin samples (UF, UF
IPA, UF IPA MD10 and UF MD10) compared to traditional CPMG-based PCA.

6.3.3 Classification of pectin samples

In the initial phase, the discriminative capability of k-NN and PLS-DA was
evaluated for the classification of pure pectin samples produced by the different
production methods under study. The classes were defined hierarchically according
to the precipitation protocol, irrespective of maltodextrin grade: Class 1 consisted
of samples without an ultra-filtration; Class 2 comprised pectin samples subjected
solely to ultra-filtration; and Class 3 included those processed by ultra-filtration
and isopropyl alcohol. Table 6.3.2 summarizes the classification results for both
models, based on their confusion matrices and merit figures (Sn, Sp, ER, and CA)
for the input matrices CPMG, CFFT , and ScoresFFT .

The classification models based on CPMG relaxation curves showed accuracies
ranging from 70.0% to 96.7%, with PLS-DA producing the highest overall metric
performance. Pectin samples from Class 1 (MD30 and SBPP) were the most
accurately classified by both models due to their distinctive relaxation profiles.
Misclassifications occurred mainly between classes 2 and 3, with Class 2 showing
less performance in terms of sensitivity and specificity, particularly in the k-
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NN model. These results may be attributed to the similar relaxation behavior
exhibited by samples with ultra-filtration (regardless the addition of isopropyl
alcohol), highlighting certain limitations of relaxation curves in distinguishing
subtle composition differences related to the production method.

Table 6.3.2: Summary of confusion matrices and performance metrics for k-NN
and PLS-DA applied to the different strategies.

Matrix Model Figures of merit CV
Act. Class Pred. Class %Sn %Sp %ER %CA

1 2 3
CPMG k-NN 1 10 0 0 100 100 0.00 100

2 0 4 6 40.0 85.0 37.5 70.0
3 0 3 7 70.0 70.0 30.0 70.0

PLS-DA 1 9 0 1 90.0 100 5.00 96.7
2 0 7 3 70.0 90.0 20.0 83.3
3 0 2 8 80.0 80.0 20.0 80.0

CFFT k-NN 1 10 0 0 100 100 0.00 100
2 0 10 0 100 100 0.00 100
3 0 0 10 100 100 0.00 100

PLS-DA 1 10 0 0 100 100 0.00 100
2 0 10 0 100 100 0.00 100
3 0 0 10 100 100 0.00 100

ScoresFFT k-NN 1 10 0 0 100 100 0.00 100
2 0 10 0 100 100 0.00 100
3 0 0 10 100 100 0.00 100

PLS-DA 1 10 0 0 100 95.0 2.50 96.7
2 1 9 0 90.0 100 5.00 96.7
3 0 0 10 100 100 0.00 100

Class 1: MD30 - SBPP; Class 2: UF - UF MD10;
Class 3: UF IPA - UF IPA MD10.

The use of the CFFT and ScoresFFT matrices obtained through the MCR-ALS and
PARAFAC decompositions proposed in this study led to a substantial improvement
in classification performance. k-NN and PLS-DA models achieved accuracies of
up to 100%, with maximum sensitivity and specificity in most classes, as shown
in Table 6.3.2. The lowest classification rate observed was 96.7%, corresponding
to the PLS-DA model using PARAFAC-derived scores. The enhancement in class
discrimination can be attributed to the ability of both decomposition methods
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Table 6.3.3: Summary of confusion matrices and performance metrics for SIMCA
models applied to the different strategies.

Matrix PCs Figures of merit CV
Act. Class Pred. Class %Sn %Sp %ER %CA

1 2 3 4
CPMG 2 1 10 0 0 0 100 100 0.00 100

3 2 0 8 2 0 80.0 78.7 20.6 78.9
3 3 0 2 8 0 80.0 74.5 22.8 75.4
- 4 0 8 10 9 33.3 100 33.3 68.4

CFFT 1 1 10 0 0 0 100 100 0.00 100
2 2 0 10 0 0 100 100 0.00 100
2 3 0 0 10 0 100 100 0.00 100
- 4 0 0 0 27 100 100 0.00 100

ScoresFFT 1 1 10 0 0 0 100 100 0.00 100
2 2 0 10 0 0 100 100 0.00 100
2 3 0 0 10 0 100 95.7 2.13 96.5
- 4 0 0 2 25 92.6 100 3.70 96.5

Class 1: MD30 - SBPP; Class 2: UF - UF MD10
Class 3: UF IPA - UF IPA MD10; Class 4: Binary mixtures

to extract meaningful spectral variance profiles that amplify subtle differences
associated with the molecular mobility properties of the samples. The inclusion of
multiple τ values allowed the capture of variation sources in closely related samples
(i.e., classes 2 and 3), due to improved resolution of proton dipolar interactions in
the FFT spectra.

Table 6.3.3 shows the classification results obtained using SIMCA across the
different input matrices. Since SIMCA models each class independently, the
inclusion of binary mixtures could compromise the internal homogeneity required
for reliable class modeling. Therefore, binary mixtures (Class 4) were excluded
from the model calibration and instead used as an external prediction set to assess
the specificity and robustness of class discrimination.

For the CPMG relaxation curves, the classification results for classes 1, 2, and 3
were consistent with those obtained using k-NN and PLS-DA. However, the Class

4 classification was markedly limited, with a precision of 68.4% and a sensitivity
of 33.3%, highlighting the limited capacity of the model to identify mixed samples
not included in the calibration. In contrast, the use of the CFFT matrix resulted
in perfect classification (100%) in all classes. Likewise, PARAFAC-derived scores
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(ScoresFFT ) yielded 100% accuracy for the modeled classes and 96.5% accuracy
with 92.6% sensitivity for Class 4. Furthermore, the absence of assignment of
samples belonging to Class 4 to any of the modeled classes was interpreted
as a favorable result, since it indicated that the SIMCA models via CFFT and
ScoresFFT retained their discriminative ability without erroneously associating
binary mixtures with a specific production method.

Overall, our results confirm that, although models based on CPMG relaxation
curves can provide a preliminary approximation to class differentiation, they have
limitations in resolving subtle differences between samples with similar relaxation
profiles. In contrast, models built from MCR-ALS and PARAFAC derived matrices
showed significantly better performance, evidencing greater discriminative power.
These approaches not only allowed an accurate classification of pure pectin samples
obtained without ultra-filtration (MD30 and SBPP) versus those subjected to
ultra-filtration (UF-label), but were also able to correctly identify various binary
mixtures, even under conditions where the relaxation signals were partially masked
by predominant components, as in the case of SBPP-derived samples.

6.4 Conclusions

This study presents a novel methodology that combines TD-NMR relaxometry
with second-order multivariate decomposition techniques, such as MCR-ALS and
PARAFAC, in order to improve the differentiation of pectin samples produced by
different methods. Although conventional analysis of CPMG relaxation curves
allowed the identification of general trends in proton mobility and rigidity, their
ability to discriminate between samples with subtle structural differences (i.e.,
those subjected to ultra-filtration or binary mixtures) proved to be limited.

The use of FFT spectra generated at different τ values as input for MCR-ALS and
PARAFAC enabled the decomposition of relaxation signatures into chemically
meaningful spectral components. This strategy effectively captured variations in
molecular mobility and hydration states, resulting in clear separation between
pure pectin samples and binary mixtures. The classification models built from
CFFT and ScoresFFT matrices showed outstanding performance, with accuracies
ranging from 96.5% to 100% for the k-NN, PLS-DA and SIMCA models, clearly
outperforming those based solely on CPMG curves (68.4%– 96.7%).



Chapter 6. Third Article 161

Overall, the integration of MCR-ALS and PARAFAC with TD-NMR relaxometry
data constitutes a robust, selective, and non-destructive analytical strategy for the
discrimination of structurally similar pectins. This approach not only enhances
the capabilities of traditional relaxometry, but also represents a valuable tool
for addressing analytical challenges in complex food matrices, highlighting the
potential of advanced multivariate decomposition in highly heterogeneous systems.

Conflict of interest

The authors declare that they do not have a conflict of interest.

Acknowledgments

This research was funded by the European Union’s Horizon 2020 Research and
Innovation program-MSCA RISE under grant agreement #101008228 and by
ANID Chile: Beca Doctorado Nacional [21240532] and FONDECYT [1221287].
The authors express their gratitude to FENARE (Federación Nacional de
Remolacheros) for their continued support and supply of the necessary samples.



Chapter 6. Third Article 162

6.5 References

[1] Potential role of cell wall pectin polysaccharides, water state, and cellular
structure on twice “increase–decrease” texture changes during kohlrabi pickling
process. Food Research International, 173(P1):113308, 2023.

[2] B. Westereng, T. E. Michaelsen, A. B. Samuelsen, and S. H. Knutsen. Effects
of extraction conditions on the chemical structure and biological activity of
white cabbage pectin. Carbohydrate Polymers, 72(1):32–42, 2008.

[3] Xin Huang, Dong Li, and Li-jun Wang. Characterization of pectin extracted
from sugar beet pulp under different drying conditions. Journal of Food
Engineering, 211:1–6, 2017.

[4] Nong xue QIU, Yu xia TIAN, Shu tao QIAO, and Hong DENG. Apple
Pectin Behavior Separated by Ultrafiltration. Agricultural Sciences in China,
8(10):1193–1202, 2009.

[5] Hyun-wook Kim, Yong Jae Lee, and Yuan H Brad Kim. Effects of membrane-
filtered soy hull pectin and pre-emulsified fiber / oil on chemical and
technological properties of low fat and low salt meat emulsions. Journal of
Food Science and Technology, 53(June):2580–2588, 2016.

[6] Florina Dranca and Silvia Mironeasa. Green Extraction of Pectin from Sugar
Beet Flakes and Its Application in Hydrogels and Cryogels. Gels, 10(4), 2024.

[7] Berlowska Joanna, Binczarski Michal, Dziugan Piotr, Wilkowska Agnieszka,
Kregiel Dorota, and Witonska Izabela. Sugar Beet Pulp as a Source of
Valuable Biotechnological Products. Elsevier Inc., 2018.

[8] M. Hutnan, M. Drtil, and L. Mrafkova. Anaerobic biodegradation of sugar
beet pulp. Biodegradation, 11(4):203–211, 2000.

[9] Analese Roman-Benn, Carolina A. Contador, Man Wah Li, Hon Ming
Lam, Kong Ah-Hen, Pilar E. Ulloa, and María Cristina Ravanal. Pectin:
An overview of sources, extraction and applications in food products,
biomedical, pharmaceutical and environmental issues. Food Chemistry
Advances, 2(September 2022):100192, 2023.

[10] Sen Ma, Shu Juan Yu, Xue Ling Zheng, Xiao Xi Wang, Qing Dan Bao, and



Chapter 6. Third Article 163

Xiao Ming Guo. Extraction, characterization and spontaneous emulsifying
properties of pectin from sugar beet pulp. Carbohydrate Polymers, 98(1):750–
753, 2013.

[11] Vinay Chandel, Deblina Biswas, Swarup Roy, Devina Vaidya, Anil Verma,
and Anil Gupta. Current Advancements in Pectin: Extraction, Properties
and Multifunctional Applications. Foods, 11(17):1–30, 2022.

[12] Zarifeh Raji, Faramarz Khodaiyan, Karamatollah Rezaei, Hossein Kiani,
and Seyed Saeid Hosseini. Extraction optimization and physicochemical
properties of pectin from melon peel. International Journal of Biological
Macromolecules, 98:709–716, 2017.

[13] Ileana Menegazzo, Stefano Mammi, Paolo Sgarbossa, Alessandra Bartolozzi,
Mirto Mozzon, Roberta Bertani, Michele Forzan, Raji Sundararajan, and
Elisabetta Sieni. Time Domain Nuclear Magnetic Resonance (TD-NMR) to
evaluate the effect of potato cell membrane electroporation. Innovative Food
Science and Emerging Technologies, 65(July):102456, 2020.

[14] Fenfen Tang, Morgan Vasas, Emmanuel Hatzakis, and Apostolos Spyros.
Magnetic resonance applications in food analysis, volume 98. Elsevier Ltd., 1
edition, 2019.

[15] J. van Duynhoven, A. Voda, M. Witek, and H. Van As. Time-domain NMR
applied to food products, volume 69. Elsevier Ltd., 1 edition, 2010.

[16] Poliana M. Santos, Edenir R. Pereira-Filho, and Luiz A. Colnago. Detection
and quantification of milk adulteration using time domain nuclear magnetic
resonance (TD-NMR). Microchemical Journal, 124:15–19, 2016.

[17] Poliana M. Santos, Cátia C. Corrêa, Lucimara A. Forato, Rymer R. Tullio,
Geraldo M. Cruz, and Luiz A. Colnago. A fast and non-destructive method
to discriminate beef samples using TD-NMR. Food Control, 38(1):204–208,
2014.

[18] Malgorzata Nowacka, Luca Laghi, Katarzyna Rybak, M. Dalla Rosa, Dorota
Witrowa-Rajchert, and Urszula Tylewicz. Water state and sugars in cranberry
fruits subjected to combined treatments: Cutting, blanching and sonication.
Food Chemistry, 299(January):125122, 2019.



Chapter 6. Third Article 164

[19] Yangyi Chen, William MacNaughtan, Paul Jones, Qian Yang, and Tim Foster.
The state of water and fat during the maturation of Cheddar cheese. Food
Chemistry, 303(August 2019):125390, 2020.

[20] R. Kovrlija, E. Goubin, and C. Rondeau-Mouro. TD-NMR studies of starches
from different botanical origins: Hydrothermal and storage effects. Food
Chemistry, 308(September 2019), 2020.

[21] R. Voccio, C. Malegori, P. Oliveri, M. Arimondi, G. Luciano, and M. Cettolin.
Prediction of cross-linking properties in rubber-based materials by means
of TD-NMR and chemometrics: data preprocessing, model building and
chemical interpretation. Analytica Chimica Acta, 1361(April):344155, 2025.

[22] Karla R. Borba, Fernanda C.A. Oldoni, Tatiana Monaretto, Luiz A. Colnago,
and Marcos D. Ferreira. Selection of industrial tomatoes using TD-NMR
data and computational classification methods. Microchemical Journal,
164(December 2020):106048, 2021.

[23] Pablo T. Coimbra, Celso F. Bathazar, Jonas T. Guimarães, Nathalia M.
Coutinho, Tatiana C. Pimentel, Roberto P.C. Neto, Erick A. Esmerino,
Mônica Q. Freitas, Marcia C. Silva, Maria I.B. Tavares, and Adriano G. Cruz.
Detection of formaldehyde in raw milk by time domain nuclear magnetic
resonance and chemometrics. Food Control, 110(October 2019):107006, 2020.

[24] Poliana M. Santos, Renata S. Amais, Luiz A. Colnago, Åsmund Rinnan,
and Marcos R. Monteiro. Time domain-NMR combined with chemometrics
analysis: An alternative tool for monitoring diesel fuel quality. Energy and
Fuels, 29(4):2299–2303, 2015.

[25] Anna De Juan, Joaquim Jaumot, and Romà Tauler. Multivariate Curve
Resolution (MCR). Solving the mixture analysis problem. Analytical Methods,
6(14):4964–4976, 2014.

[26] Rasmus Bro. PARAFAC. Tutorial and applications. Chemometrics and
Intelligent Laboratory Systems, 38(2):149–171, 1997.

[27] Joaquim Jaumot, Anna de Juan, and Romà Tauler. MCR-ALS GUI 2.0: New
features and applications. Chemometrics and Intelligent Laboratory Systems,
140:1–12, 2015.



Chapter 6. Third Article 165

[28] Baris Ozel and Mecit H. Oztop. A quick look to the use of time domain
nuclear magnetic resonance relaxometry and magnetic resonance imaging
for food quality applications. Current Opinion in Food Science, 41:122–129,
2021.

[29] Leonid Grunin, Maria Ivanova, Veronika Schiraya, and Tatiana Grunina.
Time-Domain NMR Techniques in Cellulose Structure Analysis. Applied
Magnetic Resonance, 54(10):929–955, 2023.



Chapter 6. Third Article 166

6.6 Supplementary Material

Figure 6.6.1: Sample-wise concentration profiles (C-profiles) obtained from
MCR-ALS decomposition of FFT-spectra at different τ values, illustrating the
contribution of eight resolved components across the analyzed pectin samples.

Figure 6.6.2: Core consistency diagnostic for PARAFAC modeling applied to
pure pectin samples, indicating a reliable two-component solution.
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Figure 6.6.3: Core consistency diagnostic for PARAFAC modeling applied
to pure pectin samples + binary mixtures, indicating a reliable two-component
solution.
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This Ph.D. thesis established a selective analytical strategy based on 1H NMR
spectroscopy and multivariate analysis, aimed at product authentication and
traceability in the sugar industry. Through the analysis of hydrophilic extracts
obtained from sugar beet roots and commercial brown sugar, it was possible to
characterize and identify relevant compounds associated with botanical origin,
cultivation conditions, and production process.

The Interval Resonance Analysis (InRA) graphical user interface was developed
to optimize and automate critical steps in the spectral workflow, including signal
detection, relevant interval selection, and MCR-ALS decomposition to obtained
resolved spectral and concentration profiles. This tool significantly improved the
efficiency and reproducibility of the analytical process by reducing the dependence
on manual decision-making and facilitating implementation by users with less
experience in multivariate analysis applied to 1H NMR spectroscopy.

Spectral decomposition using MCR-ALS applied to 1H NMR spectra preserved
key structural information and overcome the limitations inherent to the binning
method. This enabled unsupervised (PCA) and supervised (PLS-DA) models to
efficiently differentiate between brown sugar samples according to their botanical
origin (cane, beet, and coconut), as well as between sugar beet roots from different
cultivation fields.

Discriminant spectral variables were identified by VIP analysis and univariate
statistical tests (ANOVA with post-hoc test), which were assigned to specific
chemical compounds. These compounds were interpreted on the basis of their
potential as quality and traceability markers, considering their relationship with
agricultural practices, environmental conditions, and refining or adulteration
processes.

Additionally, TD-NMR analysis was incorporated, allowing evaluation of properties
related to molecular mobility and proton relaxation to differentiate pectin samples
according to their production method. This information was processed using
second-order multivariate models, such as MCR-ALS and PARAFAC, which
demonstrated high discriminatory capacity when evaluated with classification
techniques such as PLS-DA, SIMCA and KNN.
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Overall, this research demonstrates that the integration of 1H NMR spectroscopy
with multivariate analysis provides a robust, reproducible, and highly selective
alternative analytical strategy to address the challenges of authentication, quality
control, and traceability in agri-food products. Furthermore, the versatility
and adaptability of the proposed methodology allow its application beyond the
sugar sector, potentially extending to various complex matrices, i.e., other foods,
biological tissues, and materials of analytical interest, opening up new possibilities
for its implementation in quality control and research laboratories across different
sectors.
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Collaborative perssonel at the ANID FOVI 220172 “Green & Sustainable Analytical
Technologies for Food Science: Biosensors and Time Domain Nuclear Magnetic
Resonance (TD-NMR)”

Technical personnel at the ANID FONDECYT 1221387 “Selective early detection
and tracing of the pathogenic fungi Fusarium circinatum in Pinus radiata
seedlings based on fast. sensitive and environmentally-friendly spectroscopic
and hyperspectral imaging techniques, using soft modelling chemometrics models”

Early Stage Researcher (ESR) at the #101008228 Horizon 2020 - MSCA-RISE
(Marie Sklodowska-Curie Actions - Research an Innovation Staff Exchange)
“Alternative Quality and Authenticity Methods for Sugar and Confectionary
Industry” (SuChAQuality).

A4 Secondments

July 2024 - September 2024. Internship at the Department of Physics and
Biophysics, University of Warmia and Mazury, Poland.

November 2023 - December 2023. Internship at SG Isotech, Belgrade, Serbia.

October 2023 - November 2023. Internship at the Department of Physics,
Nottingham Trent University, Nottingham, United Kingdom.

November 2022 - February 2023. Internship at Resonance Systems GmbH,
Kirchheim unter Teck, Germany.

October 2022 - November 2022. Internship at the Department of Food Engineering,
Middle East Technical University, Ankara, Türkiye.

January 2022 - February 2022. Internship at the Department of Food Engineering,
Middle East Technical University, Ankara, Türkiye.

A5 Obtained resources

February 2025. Complementary benefit “Extensión de Beca para Redacción de
Tésis Doctoral”. Agencia Nacional de Investigación y Desarrollo (ANID), Chile.
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July 2024. Complementary benefit “Gastos Operacionales del Proyecto de Tésis
Doctoral”. Agencia Nacional de Investigación y Desarrollo (ANID), Chile.

March 2024. Scholarship “Beca Doctorado Nacional” Folio [21240532]. Agencia
Nacional de Investigación y Desarrollo (ANID), Chile.

August 2022. Benefit “Fondo Apoyo de Asistencia a Eventos en el Extranjero
UCO 1866”. Universidad de Concepción y Ministerio de Educación, Chile.
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Appendix B

Additional results

B1 NMR spectroscopy

Figure B1.1: One-dimensional Statistical Total Correlation Spectroscopy
(STOCSY) analysis performed for the selected “driver peak” (reference signal)
at δ 1.48 ppm (Alanine). The resulting correlation profile across the spectrum
is color-coded and projected on the spectrum in which the signal exhibits its
maximum intensity.
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Figure B1.2: One-dimensional STOCSY analysis performed for the selected
“driver peak” at δ 1.92 ppm (γ-aminobutyrate + acetate).

Figure B1.3: One-dimensional STOCSY analysis performed for the selected
“driver peak” at δ 2.45 ppm (Glutamine).
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Figure B1.4: One-dimensional STOCSY analysis performed for the selected
“driver peak” at δ 2.56 ppm (Citrate + Malate).

Figure B1.5: One-dimensional STOCSY analysis performed for the selected
“driver peak” at δ 6.52 ppm (Fumarate).
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Figure B1.6: One-dimensional STOCSY analysis performed for the selected
“driver peak” at δ 2.45 ppm (Tyrosine).

Figure B1.7: One-dimensional STOCSY analysis performed for the selected
“driver peak” at δ 2.45 ppm (Phenylalanine).
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Figure B1.8: 1H - 1H TOCSY spectrum (D2O with K2HPO4/KH2PO4 180 mM
at pH 7.0, 400.13 MHz) of a representative hydrophilic sugar beet extract.
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Figure B1.9: 1H - 1H TOCSY spectrum (D2O with K2HPO4/KH2PO4 100 mM
at pH 7.4, 400.13 MHz) of a representative brown commercial sugar sample.
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Figure B1.10: 1H - 13C HMBC spectrum (D2O with K2HPO4/KH2PO4 180 mM
at pH 7.0, 400.13 MHz) of a representative hydrophilic sugar beet extract.
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Figure B1.11: 1H - 13C HMBC spectrum (D2O with K2HPO4/KH2PO4 100 mM
at pH 7.4, 400.13 MHz) of a representative brown commercial sugar.
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Figure B1.12: Representative 1H NMR spectrum (D2O with K2HPO4/KH2PO4

180 mM at pH 7.0, 400.13 MHz) of brown granulated sugar (BGS).
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Figure B1.13: Expanded spectral region (δH = 0.20− 3.33) of a representative
BGS sample.
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Figure B1.14: Expanded spectral region (δH = 5.60− 9.60) of a representative
BGS sample.
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Figure B1.15: Representative 1H NMR spectrum (D2O with K2HPO4/KH2PO4

180 mM at pH 7.0, 400.13 MHz) of non-centrifugal sugar (NCS).
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Figure B1.16: Expanded spectral region (δH = 0.10− 3.40) of a representative
NCS sample.
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Figure B1.17: Expanded spectral region (δH = 5.60− 9.60) of a representative
NCS sample.
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Figure B1.18: Representative 1H NMR spectrum (D2O with K2HPO4/KH2PO4

180 mM at pH 7.0, 400.13 MHz) of muscovado sugar (MS).
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Figure B1.19: Expanded spectral region (δH = 0.10− 3.30) of a representative
MS sample.
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Figure B1.20: Expanded spectral region (δH = 5.60− 9.80) of a representative
MS sample.
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Figure B1.21: Representative 1H NMR spectrum (D2O with K2HPO4/KH2PO4

180 mM at pH 7.0, 400.13 MHz) of coconut sugar.
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Figure B1.22: Expanded spectral region (δH = 0.40− 3.30) of a representative
coconut sugar sample.
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Figure B1.23: Expanded spectral region (δH = 5.60− 8.90) of a representative
coconut sugar sample.
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B2 Fast Field Cyling (FFC) Relaxometry

Figure B2.1: 1H spin-lattice relaxation for coconut brown sugar samples
according by country. Fast Field Cycling (FFC) NMR relaxation were acquired
using a SMARtracer NMR Relaxometer (Stelar s.r.l., Mede, Italy). The
measurements were performed for hydrated samples (2.0 g sample in 1 g of
water [200% w/v ]) with a frequency range of 10 kHz to 10 MHz. The temperature
was set to 25◦C with an accuracy of 1◦C.

Figure B2.2: 1H spin-lattice relaxation for Brown Granulated Sugar (BGS)
samples according by country.
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Figure B2.3: 1H spin-lattice relaxation for Non-Centrifugal Sugar (NCS) samples
according by country.

Figure B2.4: 1H spin-lattice relaxation for Muscovado Sugar (MS) samples
according by country.
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Figure B2.5: PCA score plot (PC1 vs PC2) for coconut vs cane obtained via 1H
spin-lattice relaxation curves with different pre-treatments. Coco: Coconut brown
sugar; Caña: Brown sugarcane.

Figure B2.6: PCA score plot (PC1 vs PC2) by country (only for sugarcane-
derived samples) obtained via 1H spin-lattice relaxation curves with different
pre-treatments.Coco: Coconut brown sugar.
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Figure B2.7: PCA score plot (PC1 vs PC2) by brown sugar type obtained via
1H spin-lattice relaxation curves with different pre-treatments. Coco: Coconut
brown sugar; BGS: Brown granulated sugar; NCS: Non-centrifugal sugar, MS:
Muscovado sugar.
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B3 Infrared spectroscopy

Figure B3.1: FT-IR spectra of brown commercial sugars were acquired using an
IR Spirit Shimadzu FT-IR spectrometer. Spectral acquisition was carried out in
transmittance mode with an spectral range of 4000 to 400 cm−1, resolution of 4
cm−1, slit of 2 cm−1, and 32 scans. C.S: Coconut sugar; BGS: Brown granulated
sugar; NCS: Non-centrifugal sugar; MS: Muscovado sugar.

Figure B3.2: FT-IR spectra of representative brown commercial sugar samples.
C.S: Coconut sugar; BGS: Brown granulated sugar; NCS: Non-centrifugal sugar;
MS: Muscovado sugar.
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Figure B3.3: Near infrared (NIR) spectra for sugar beet roots were acquired using
a Multi-Purpose Analyzer (MPA) Bruker FT-NIR spectrometer (Bruker Optics
Inc., Germany). Spectral acquisition was carried out in reflectance diffuse mode
with an spectral range of 12,500 to 3600 cm−1 (800 - 2777 mm) in Kubelka-Munk
units.

Figure B3.4: PCA (PC1 vs PC3) results obtained by FT-NIR. A) Score plot
with smooth 15-point window + MSC + mean center. B) Score plot with smooth
15-point window + second derivative + mean center.
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