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Abstract

Geographical origin authentication of agrifood products is essential for ensuring their
quality, preventing fraud, and maintaining consumers’ trust. In this study, we used proton
nuclear magnetic resonance ('H NMR) and excitation-emission matrix (EEM) fluorescence
spectroscopy combined with chemometric methods for the geographical origin charac-
terization of olive drupes and leaves from different Tuscany subregions, where olive oil
production is relevant. Single-block approaches were implemented for individual datasets,
using principal component analysis (PCA) for data visualization and Soft Independent
Modeling of Class Analogy (SIMCA) for sample classification. 'H NMR spectroscopy
provided detailed metabolomic profiles, identifying key compounds such as polyphenols
and organic acids that contribute to geographical differentiation. EEM fluorescence spec-
troscopy, in combination with Parallel Factor Analysis (PARAFAC), revealed distinctive
fluorescence signatures associated with polyphenolic content. A mid-level data fusion
strategy, integrating the common dimensions (ComDim) method, was explored to improve
the models” performance. The results demonstrated that both spectroscopic techniques
independently provided valuable insights in terms of geographical characterization, while
data fusion further improved the model performances, particularly for olive drupes. No-
tably, this study represents the first attempt to apply EEM fluorescence for the geographical
classification of olive drupes and leaves, highlighting its potential as a complementary
tool in geographic origin authentication. The integration of advanced spectroscopic and
chemometric methods offers a reliable approach for the differentiation of samples from
closely related areas at a subregional level.

Keywords: chemometrics; machine learning; nuclear magnetic resonance; fluorescence;
olive; drupes; leaves; SIMCA; PARAFAC; ComDim; multiblock
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1. Introduction

The global market for olive oil and its related products is expanding rapidly, driven
by consumer preferences for healthy, high-quality foods [1,2]. Among the various Italian
regions known for olive oil production, Tuscany stands out for its premium products,
which are highly valued for their unique sensory attributes and quality [3]. However, with
increasing market demand, the challenge of ensuring the authenticity of these products
becomes of pivotal importance, since fraudulent practices such as mislabeling and adulter-
ation are frequently encountered [4,5]. Thus, robust and reliable methods for assessing the
geographical origin of olive oils are essential to maintain consumer trust and protect the
integrity of this regional specialty. To this aim, understanding the chemical composition of
olive drupes and leaves is a crucial step before investigating the final extra virgin olive oil
product [6]. Since the chemical composition of these plant matrices directly depends on
environmental factors such as soil composition, climate, and agricultural practices, they
provide a more direct connection to the geographical origin [7-10]. The characterization of
their metabolic profile allows for the identification of region-specific markers that influence
the composition of the extracted oil, improving its traceability and authenticity [11].

Several analytical procedures have been proposed for olive oil, drupes, and leaves
characterization, including mass spectrometry, gas and liquid chromatography, as well
as different spectroscopic techniques, often combined with statistical and chemometrics
approaches [9,12-18]. Among these, nuclear magnetic resonance (NMR) spectroscopy,
particularly 'H NMR, has emerged as a powerful and reliable analytical technique for the
geographical authentication of olive oils, and for the varietal and metabolomic analysis
of olive drupes and leaves [19-21]. Three main methodologies have been explored in
'H NMR and, more in general, in metabolomic investigations like mass spectrometry:
target analysis, metabolic profiling, and metabolic fingerprinting [22]. Through target
analysis, a specific metabolite or a class of metabolites present in olive oil is detected
and quantified, usually after a selective extraction. In the metabolic profiling, different
selected metabolites from various classes of compounds are identified, usually without
any selective isolation. NMR metabolic fingerprinting is often performed on the full 'H
spectral data, excluding any a priori selection of specific metabolites. Both metabolic
profiling and fingerprinting enable the classification of olive oil samples based on factors
such as geographic origin, variety, harvest timing, and aging, by combining the analysis
of the spectral features with multivariate statistics and chemometrics [23]. An overview
of the recent progresses in the authentication of olive oils and related vegetable matrixes
via 'H NMR and chemometric methods can be found in the works by Fanizzi et al. [24],
Camin et al. [25], Beteinakis et al. [20], Dais et al. [21], and references therein. The high
reproducibility and non-destructive nature make 'H NMR particularly suitable for the
differentiation of products from distinct geographical regions in routine analysis [26,27].

In recent years, excitation—emission matrix (EEM) fluorescence spectroscopy has
attracted increasing attention for its ability to identify and characterize fluorescent com-
pounds in food matrices [28]. Several studies reported on the application of EEM fluores-
cence spectroscopy for authentication and classification purposes in wines [29], spirits [30],
edible oils [31], fruits [32], cereals [33], and dairy products [34,35]. In the case of olive
oils, this technique is particularly effective in detecting phenolic compounds, tocopherols,
pigments, and other secondary metabolites like oxidation products that contribute to the
oil’s quality and authenticity [36]. However, to the best of our knowledge, EEM fluo-
rescence spectroscopy has not previously been applied specifically for the purpose of
determining the geographical origin of olive drupes and leaves. Moreover, this technique
presents several advantages, including its rapid, non-destructive nature and high sensi-
tivity, without requiring extensive sample preparation or expensive instrumentation [28].
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Within the three-dimensional structures of EEM data, it is possible to detect variations in
excitation and emission wavelengths and capture the complex fluorescence behavior of mul-
tiple compounds simultaneously. Nevertheless, the complexity of EEM datasets requires
specific chemometric approaches to extract meaningful information. Multitensor decom-
position methods, and, in particular, Parallel Factor Analysis (PARAFAC), have proven
to be highly effective for resolving overlapping fluorescence signals [37,38]. PARAFAC
decomposes EEM datasets into individual components representing chemically meaningful
fluorophores, facilitating the isolation and identification of key compounds that contribute
to geographic origin and product quality authentication. An alternative strategy for the
classification of EEM data involves reshaping the 3D array into a 2D matrix, where each
sample’s EEM is converted into a row vector [39]. This unfolding procedure allows the
application of first-order visualization and classification algorithms, such as principal com-
ponent analysis (PCA), discriminant analysis (DA) or class-modeling algorithms like Soft
Independent Modeling of Class Analogy (SIMCA) [40-42].

Despite the high molecular specificity and reproducibility of 'H NMR, its implemen-
tation in routine industrial workflows is limited by practical constraints, including high
acquisition and maintenance costs. In contrast, more accessible techniques such as NIR,
FTIR, fluorescence, and UV-Vis spectroscopies are widely adopted in routine analysis of
agrifood products [43-45] due to their lower operational costs, minimal sample preparation,
and the availability of portable instrumentation. However, these methods often suffer from
lower selectivity and resolution, particularly in non-targeted authentication. In this context,
high-resolution techniques like 'H NMR can play a key role in confirmatory and in-depth
analyses in centralized laboratories supporting regulatory control. Moreover, integrating
'H NMR with complementary and portable methods via data fusion may offer a practical
compromise between analytical performance and field applicability.

The present study focuses on the geographical origin authentication of olive drupes
and leaves from the 2022 harvest in Tuscany, using a comprehensive strategy combining
'H NMR, EEM fluorescence spectroscopy, and multivariate analysis. The objective was to
integrate an inexpensive and relatively simple technique (EEM fluorescence) together with
NMR via data fusion to enhance the sample classification at a subregional level.

First, the individual datasets from the two spectroscopic techniques are analyzed
independently, and PCA is applied to detect potential clustering patterns among the
samples according to their geographical origin. Additionally, SIMCA was implemented to
develop a classification model for samples originating from a specific subregional area.

Then, a multi-block approach is explored to improve the sample differentiation
through data fusion. Data fusion strategies are emerging as a promising tool for food
quality assessment and geographical origin characterization, and they can be categorized
into low-level, mid-level, and high-level [46]. In this study, a mid-level data fusion ap-
proach, which implements the common dimensions (ComDim) algorithm, is applied. This
method extracts shared patterns between 'H NMR and EEM fluorescence blocks by iden-
tifying common dimensions (CDs) that summarize the variance-covariance structure of
the combined data [47]. This approach offers the advantage of balancing the individual
contributions of each dataset while maintaining interpretability of the results. The ComDim
algorithm facilitates the identification of underlying trends and relationships that might not
be apparent when analyzing each dataset independently. To the best of our knowledge, only
one paper has reported on the application of ComDim for olive oil characterization, albeit
using different analytical techniques (UV-Vis spectroscopy, Near-Infrared spectroscopy
and gas chromatography) [48]; in the case of drupes and leaves this is the first study so far.

To further improve the classification performance and evaluate the benefits of data in-
tegration, a SIMCA-based one-class modeling strategy is implemented using the multiblock
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ComDim outputs, and its performance was systematically compared to SIMCA models
developed on individual datasets.

In this perspective, this study aims to develop and validate a reliable method for the
geographical origin authentication of olive vegetal matrices, starting from spectroscopic
data. The findings contribute to the expanding research field on the authentication of
olive-derived products, demonstrating the potential of spectroscopy and chemometrics in-
tegration to support traceability and quality assessment efforts across the production chain.

2. Results and Discussion

Fifty-one drupe and thirty-one leaf samples harvested in September and October
2022 from different geographical areas of Tuscany (Chianti-Siena, Grosseto, and Val d’Orcia)
were collected and analyzed.

These subregions were selected according to the Protected Designation of Origin (PDO)
classification and to the chemical composition of the soil from previous studies [6,49]. The
sampling sites are shown in Figure 1, and the detailed information about the samples is
reported in Table S1 in the Supplementary Material file, along with environmental and
climatic metadata.
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Figure 1. Sampling sites for leaves and drupes. The three different selected regions are evidenced by
colored markers as follows: (blue) Chianti and Siena; (green) Val d’Orcia; (red) Grosseto.

The results obtained from 'H NMR and EEM fluorescence experiments for the olive
leaves and drupes are first examined separately to highlight the specific contributions of
each technique. Then, the outcomes of the multiblock analysis on the merged datasets
based on the ComDim approach are discussed.
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2.1. Olive Leaves—!H NMR and EEM Fluorescence Spectroscopy—Single-Technique Approach

The 'H NMR spectrum of a sample from the Chianti-Siena region is reported in
Figure 2a, which represents the typical NMR profile of olive leaves’ extract. The visual
appearance of such spectra is quite complex, due to the presence of several overlapping
signals that can be ascribed to different classes of compounds like secoiridoids (oleuropein,
ligstroside, oleocanthal, and oleacin), sugars, other polyphenols (tyrosol and hydroxyty-
rosol), and organic acids. The detailed chemical shifts assignment is listed in Table S2 in
the Supplementary Material.
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Figure 2. 'H NMR spectra recorded for a single olive leaves’ (a) and drupes’ (b) sample from Siena
region, which are representative of the typical NMR profile of leaf and drupe extracts.

The most intense signals are located in the 3-5.5 ppm region, and they can be primarily
assigned to sugars and sugar alcohols like mannitol, glucose, and sucrose, which are the
most abundant soluble sugars in olive leaves [50]. Specifically, the doublets centered
at 5.13 ppm and 4.52 ppm are identified as the anomeric protons of - and 3-glucose,
respectively. An additional characteristic doublet at 5.39 ppm, attributed to sucrose, is also
detected [51]. Mannitol exhibits multiple signal patterns in the range 3.65-3.90 ppm [52].
Several intense NMR signals can be observed between 5.80 and 7.52 ppm and they can be
attributed to oleuropein, one of the main constituent of olive leaf extracts [53]: the presence
of this glycosylated secoiridoid is confirmed by additional characteristic resonances in the
1.61-4.16 ppm region (for further details see Table S2 in the Supplementary Material) [54,55].
These signals originating from oleuropein could be potentially superimposed to the signals
of ligstroside, another secoiridoid that differs from oleuropein by one hydroxyl group.
Nevertheless, a recent work evidenced that in the extracts of the same olive leaves’ varieties
the concentration of oleuropein is one order of magnitude higher than ligstroside [9].
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Signals in the 9.0-9.2 ppm range are attributed to the aldehydic proton of oleocanthal and
oleacin, alongside their hemiacetal derivatives [56]. These compounds originated from the
demethylation and spontaneous decarboxylation of the aglycone form of ligstroside and
oleuropein, respectively [57]. A characteristic singlet at 8.48 ppm, attributed to formate, can
also be detected. In the 6.22-7.52 ppm range, NMR signals corresponding to phenyl alcohol
moieties of hydroxytyrosol are observed, along with different characteristic resonances of
luteolin [55,58]. In the aliphatic region organic acids, including malic (2.29-2.70 ppm), citric
(2.50-2.70 ppm), succinic (2.40 ppm), quinic (1.80-2.09 ppm), and lactic (1.32 ppm) acids are
also identified [51,52,59]. Signals between 0.70 and 1.13 ppm can be attributed to maslinic
and oleanolic acids [60].

First, an exploratory data analysis was performed via PCA on the NMR leaves dataset.
The resulting score plot for the first three principal components, accounting for 89.5% of
the original variance, is reported in Figure 3. The loading plot, along with the 2D score
plots for PC1, PC2, and PC3, is reported in Figure S1 of the Supplementary Material.
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Figure 3. Three-dimensional PCA score plot for 'H NMR data of the olive leaf samples.

The distribution of the samples along the PCs shows a partial differentiation according
to the different geographical origins. The samples from Chianti-Siena region are relatively
well clustered, similarly to the samples from Grosseto, which form a separate, though more
scattered, group. The samples from Val d’Orcia are more widely distributed, showing a
significant overlap with the other regions. The separation observed along PC1 accounts for
the most significant differentiation among the groups, particularly between Chianti-Siena
and the other regions. Notably, this trend seems to correlate with the latitude of the
sampling sites, as evidenced in the 2D score plots in Figure S1 (Supplementary Material).
The samples from Chianti-Siena are located at positive PC1 values, which gradually shift
toward more negative values when moving from Val d’Orcia to Grosseto, so from central
to southern Tuscany.

The analysis of the PCA loadings (Figure S1 in the Supplementary Material) reveals
that the major contributions in terms of individual variables (i.e., buckets) are given by
the oleuropein/ligstroside signals at 1.64, 2.80, 3.71 and 6.73 ppm, followed by manni-
tol (3.65, 3.81), glucose (3.37, 4.53), and quinic acid (1.96). These findings are in good
agreement with the results obtained from the analysis of the phenolic composition via high-
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performance liquid chromatography-high-resolution mass spectrometry (HPLC-HRMS)
on the same dataset, identifying ligstroside as one of the major contributors to geographic
discrimination [9].

Considering the results obtained from the explorative PCA, SIMCA was implemented
to build a classification model for the Chianti-Siena subregional area. Among the three
geographical areas considered, the samples from this subregion exhibit a relatively more
compact and coherent distribution despite the overall absence of clear global separation.
This apparent in-class consistency provides a suitable foundation for a class-modeling ap-
proach, aiming to distinguish Chianti-Siena samples from those belonging to other regions.

The model performance parameters are listed in Table 1, while the SIMCA distance
plot is reported in the Supplementary Material (Figure S2).

Table 1. SIMCA results obtained for the 'H NMR and the EEM fluorescence data of the olive leaf and
drupe extracts for the Chianti-Siena area.

SIMCA Model for Chianti-Siena Region

Training Test
o ces s 1o cgs i (0 o PN irs i o Explained
Accuracy (%)  Sensitivity (%)  Specificity (%)  Accuracy (%)  Sensitivity (%)  Specificity (%) Variance (%)
Leaves 'H
NMR 100 100 100 83 100 50 97
Leaves EEM 84 100 43 83 100 50 94
Drupes 'H
NMR 88 90 82 70 75 50 95
Drupes EEM 76 77 73 50 50 50 90

The SIMCA model shows good performance in classifying samples from the
Chianti-Siena subregion in both the training and test sets, achieving a prediction ac-
curacy of 83%, albeit with relatively low specificity. The analysis of the model load-
ings supports the findings from the PCA, highlighting the predominant contribution of
oleuropein/ligstroside (5 1.64, 2.80, 3.71 ppm) and sugars, specifically mannitol (5 3.65,
3.81 ppm) and glucose (6 3.37, 4.53 ppm).

Figure 4 shows the full excitation—emission landscape recorded for a single represen-
tative olive leaf sample from the Chianti-Siena region. Two main fluorescence emission
regions can be detected: the first one (Region A) presents excitation and emission wave-
lengths in the range 300-700 and 650-750 nm, respectively, while the second area (Region
B) has excitation wavelengths from 250 to 400 nm and emission wavelengths from 370 to
530 nm.

According to the existing literature, in olive oils [61-63], fruit samples [28,32] and
grapevine leaf extracts [64], the fluorescence signals in Region A are usually ascribed
to the emission of chlorophylls and pheophytins, while in Region B several fluorescent
compounds may emit, like polyphenols, vitamins, amino acids, and organic polymers. To
the best of our knowledge, this is the first work reporting the characterization of olive
leaves” emission profiles via EEM fluorescence spectroscopy.

Since chlorophylls may affect the performance and reliability of the models because of
their high fluorescence intensity and high variability (mainly due to different cultivars and
climatic conditions) the two emission regions were analyzed separately [65,66].

The excitation and emission loadings” profiles obtained through PARAFAC decompo-
sition for Region A and B are shown in Figures S3 and 54 in the Supplementary Material,
while the assignment of fluorescent compounds corresponding to the emission patterns in
olive leaf samples is summarized in Table 2.
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Ex. (nm)

Figure 4. Processed full excitation—-emission fluorescence map of olive leaves. The green area represents
the chlorophylls’ region (Region A), and the red area corresponds to the emission region of cellular
fluorophores like amino acids, phenolic compounds, vitamins, and organic polymers (Region B).

Table 2. Fluorescent properties of compounds detected in olive leaves and drupes.

Analyzed Matrix Fluorescence Region Compound Wa‘i);gt:;ll?(lnm) Wav]iilelif;l(:rznm)
Chlorophyll a 430, 670 675
Region A Pheophytin a 410, 660 670
Chlorophyll b 460, 650 665
Leaves
Chlorogenic acid 320 435
Region B Phenolic compounds 280 <370
Tocopherols 360 465
Catechin/epicatechin 280 315
Drupes Full map Tocopherols 340 450
Phenolic compounds 230 310

For Region A, a three-component PARAFAC model was found to produce the most ac-
curate results: the three different contributions can be ascribed to the presence of chlorophyll
a, chlorophyll b, and pheophytin a, respectively, in agreement with previous works [64,67].
For Region B, the optimal number of components was three: the first one exhibits a well-
defined band with an excitation maximum at 320 nm and an emission maximum at 435 nm,
which can be related to the presence of chlorogenic acid and related compounds [64,68]. The
second component shows a single excitation maximum at 280 nm, while the emission band
is only partially visible since the maximum is located below 370 nm, outside the investi-
gated wavelength range. Nevertheless, this component can be assigned to the fluorescence
profile of phenolic compounds, as extensively reported in the case of olive oil [69-71].
For the third component, the excitation and emission maxima occur at 360 and 465 nm,
respectively, and these bands are commonly associated with the presence of tocopherols
and tocotrienols [32,62,71].

The concentration mode (score plots) of the PARAFAC model is reported in
Figures S3 and 5S4 in the Supplementary Material to show the relative concentrations of
the different classes of fluorophores for each sample. For Region A, the concentration of
the first two components, which corresponds to chlorophyll a and pheophytin 4, is higher
than pheophytin b, despite major fluctuations across the dataset. For Region B, the most
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abundant fluorescent component is chlorogenic acid, followed by phenolic compounds
and tocopherols, respectively.

For geographical authentication purposes, the chlorophyll region (Region A) was
excluded from the PCA and SIMCA analysis, since the chlorophylls” content and the
consequent fluorescent emission profile can be remarkably affected by different climatic
conditions [40].

The PCA exploratory analysis performed on the EEM data from Region B (Figures
S5 and S6 in the Supplementary Material) indicates a limited separation among the three
regions: while the samples from Chianti-Siena show a partial clustering, a considerable
overlap with Grosseto and Val d’Orcia is observed.

The loading vectors were refolded into EEM-like tridimensional data to identify the
regions of the EEM that give the major contributions in the PCA model. The analysis of the
refolded loadings revealed that the most relevant excitation-emission wavelength couples
are centered around 280/370 nm, corresponding to the fluorescence profile of polyphenols.
This result provides confirmation about the importance of these compounds as markers for
geographical authentication, as reported in previous studies [6,9]. A secondary contribution
is given by excitation—emission signals at 330/435 nm (chlorogenic acid), while tocopherols
and tocotrienols do not provide significant contributions.

The classification results obtained from the SIMCA model on Region B are summarized
in Table 1, while the distance plot is reported in Figure S7 in the Supplementary Material.

SIMCA results show a predictive performance in the test set comparable to that of
the 'H NMR model, although slightly lower performance metrics are observed in the
calibration set. In particular, the SIMCA model can effectively discriminate between the
Chianti-Siena and Val d’Orcia areas, as evidenced by the sharp differences in the distance
plot. The loadings analysis confirms the results obtained via PCA, indicating polyphenols
and chlorogenic acid fluorescence emissions as the most relevant contributions for the
geographical differentiation.

2.2. Drupes—!H NMR and EEM Fluorescence Spectroscopy—Single-Technique Approach

As in the case of olive leaves, the drupe extracts show a very complex NMR profile
due to the presence of multiple metabolites with similar or overlapping signals. The 'H
NMR spectrum of a sample from the Chianti-Siena region reported in Figure 2b is a good
example of a typical olive drupes’ extract. The detailed chemical shifts assignment is listed
in Table S3 in the Supplementary Material.

The 'H NMR profiles of the drupe extracts share some similarities with the spectra
obtained from the leaves: several intense signals related to sugars (glucose, sucrose, and
mannitol) are clearly observable between 3 and 4.5 ppm, while the characteristic peaks
of oleuropein are detected at 7.52, 6.70, 5.90-6.00, 2.70, and 1.61 ppm. In the range be-
tween 5 and 8 ppm the most intense signals are attributed to the presence of verbascoside,
quercetin and luteolin [20,72-74], while in the aliphatic region the characteristic resonances
of maslinic and oleanolic acid [60,75] (0.77-1.13 ppm) along with other different organic
acids as lactic (1.32 ppm), acetic (1.85 ppm), quinic (1.86-1.95 ppm), malic (2.31-2.36 ppm),
and succinic (2.40 ppm) acids can be detected [51,52,59,76].

Exploratory PCA (Figures S8 and S9 in the Supplementary Material) does not re-
veal any significant clustering or separation in the sample distribution according to their
geographical origin. This can be attributed to the greater chemical complexity of the
drupe matrices, which may hinder the ability of unsupervised methods to capture the
geographical-related variance. In contrast, as evidenced in the previous section, PCA of
leaf extracts (Figure 3) shows a more structured distribution of the samples and a partial
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differentiation, suggesting a clearer relationship between metabolic composition and the
geographic origin.

Subsequently, the 'H NMR signals were used as input for SIMCA to build a classifica-
tion model for the Chianti-Siena area. The performance metrics are listed in Table 1, while
the distance plot is reported in the Supplementary Material (Figure 510).

The model shows good overall classification performances, with slightly lower values
for the test set. From the comparison with the results obtained for the different vegetable
matrices, SIMCA modeling based on 'H NMR data seems to provide a more accurate
classification for the Chianti-Siena subregion for olive leaves.

The analysis of the loadings obtained from the SIMCA models for the drupe samples
evidences that the most relevant contributions in terms of spectral buckets to the geograph-
ical classification models are provided by the signals at 1.13 (maslinic and oleanolic acid),
1.31-1.35 (malic acid), 1.80-2.00 (quinic acid), 2.65-2.75 (oleuropein, malic and citric acid),
and 3.66-3.82 ppm (mannitol and oleuropein). The comparison with the loading results
obtained for leaf samples reveals two noteworthy aspects: firstly, a strong correspondence
exists between the metabolites primarily responsible for the classification performance of
the models in both leaves and drupes. Secondly, organic acids play a predominant role
among these metabolites, alongside specific signals from oleuropein and sugars.

A characteristic fluorescence excitation-emission map for a representative olive drupe
extract from the Siena area is reported in Figure 5. Since the emission of chlorophylls
and related compounds may negatively affect the chemometric models for geographi-
cal origin authentication, the EEM landscapes were acquired by excluding the pigment
emission region.
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Figure 5. Processed full excitation—emission fluorescence map of olive drupes.

From a visual inspection of the fluorescence maps, three distinct emission areas can be
detected, with excitation—emission maxima located at 220/310, 280/315 and 340/450 nm.
The PARAFAC modeling confirmed the identification of three major classes of fluorescent
components, as shown in Figure 511 in the Supplementary Material. The first component
(Aex =280 nm; Aery = 315 nm) can be ascribed to the presence of phenolic compounds like
catechin and epicatechin [77], while the second component with characteristic Aex values of
340 nm and Aem of 450 nm, can be associated with tocopherols and tocotrienols, similarly
to the case of leaf samples [32,62,71]. The third component shows an intense emission
located at 310 nm, with an excitation maximum at 230 nm: these spectral features cannot be
unambiguously assigned to specific fluorophores since several phenolic compounds may
contribute to the overall emission in this wavelength range [78]. Among these compounds,
oleuropein exhibits a well-defined emission band at 310 nm, although in the case of olive oil,
the excitation maximum occurs at higher wavelengths (270 nm). The PARAFAC score plot
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reported in the Supplementary Material in Figure S11 shows that catechin and epicatechin
are the most abundant fluorescent compounds across the entire dataset, followed by
tocopherols, tocotrienols, and polyphenols/oleuropein.

Exploratory PCA performed on the unfolded EEM fluorescence data of olive drupe
extracts (Figures S12 and 513 in the Supplementary Material) reveals a high degree of
overlap among the samples from the three geographical regions: a partial clustering along
the PC2 can be observed for Val d’Orcia and, to a lesser extent, for Grosseto areas, while
the samples from Chianti-Siena region are more scattered. The SIMCA model built for the
Chianti-Siena area shows slightly reduced classification performances in both the training
and test sets compared to the results obtained with 'H NMR data on drupe extracts, as well
as to those achieved for the leaf samples (see Table 1 and Figure S14 in the Supplementary
Material). This can be attributed to the more complex chemical composition of the drupe’s
matrix, which limits the ability of EEM fluorescence spectroscopy to reflect region-specific
characteristics.

The examination of the refolded loadings on the principal components demonstrates
that the major contributions to the model are provided by the excitation—emission wave-
length couples centered at 280/315 nm and 340/450 nm, related to catechin/epicatechin
and tocopherols, respectively.

2.3. Data Fusion

To further improve the sample differentiation and gain a deeper understanding of the
specific contributions provided by the two spectroscopic techniques, the application of a
mid-level data fusion based on the ComDim algorithm is explored. As an unsupervised
multiblock method, ComDim does not require prior knowledge of the geographical origin
of the samples, allowing for an objective integration of complementary information from
multiple datasets while preserving the intrinsic data structure.

As described in the Materials and Methods Section, the individual data blocks from
'H NMR and EEM are normalized and concatenated, and then the common dimensions
(CD) are extracted. The score plot of the first 3 CDs is reported in Figure 6, while for a
comprehensive visualization of all the CDs, see Figure S15 in the Supplementary Material.
For each CD, the saliences and loadings are calculated and shown in Figures S15 and 516 in
the Supplementary Material.

A 3-CD model is computed from the ComDim analysis, accounting for 97.9% of the
total variance. The analysis of the saliences evidences that the 'H NMR and EEM blocks
provide the major contribution to CD1 and CD2, respectively, while in CD3, the two blocks
are almost equivalent.

The implementation of the ComDim algorithm on the merged leaves datasets leads to
a clear differentiation of the samples in three distinct clusters, as evidenced in Figure 6. The
samples from the Chianti-Siena area are well separated from those belonging to Grosseto-
Val d’Orcia: the data fusion approach brings about a significant improvement if compared
to the individual techniques, in which PCA shows a partial differentiation with a consistent
overlap among the different subregions. Nevertheless, despite the improved clustering, a
complete separation between Grosseto and Val d’Orcia cannot be achieved.

A detailed investigation of the loadings (Figure S16 in the Supplementary Material)
allows for the identification of the metabolites that are responsible for the geographical
origin differentiation. Oleuropein signals at 1.64 and 3.71 ppm, followed by mannitol
(3.81 ppm), and oleanolic and maslinic acids (0.90-0.97 ppm) provide the most relevant
contributions to the 'H NMR block. For the EEM data, the primary contributions arise from
phenolic compounds (excitation at 250-280 nm and emission < 370 nm), with a secondary
contribution from chlorogenic acid (exc./em. 320/435 nm).
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Figure 6. Three-dimensional ComDim score plot for the merged dataset of the olive leaf samples.

A similar mid-level data fusion approach was followed for the investigation of the olive
drupe samples. The score plot of the first 3 CDs is reported in Figure 7, while the 2D score
plots along with the calculated saliences and loadings are shown in Figures S17 and S18 in
the Supplementary Material.

A 3-CD model was computed, accounting for 94.7% of the total variance. The analysis
of the saliences (Figure S17 in the Supplementary Material) highlights an almost equal
contribution of the two analytical techniques to CD1, while the 1H NMR block becomes
predominant in CD2 and CD3. The 3D score plot (Figure 7) reveals a significantly improved
geographical differentiation compared to the results obtained from the single-block PCA
approach. While the unsupervised analysis of the 'H NMR and EEM data showed limited
or no clear clustering according to geographical origin, the ComDim model highlights a
distinct grouping of the samples from Chianti-Siena, Grosseto, and Val d’Orcia.

The investigation of the loadings plots (Figure 518 in the Supplementary Material)
evidences that the most relevant contributions in terms of 'H NMR signals to the different
CDs are provided by the resonances located at 3.67-3.80, 2.72, 1.96, 1.32, and 1.13 ppm,
corresponding to mannitol, oleuropein, quinic, lactic, maslinic and oleanolic acids, respec-
tively. For the EEM block, the refolding of the loadings reveals that the most relevant
excitation—emission wavelength couples are centered around 340/440 nm, correspond-
ing to the fluorescence profile of tocopherols, while a secondary contribution is given by
excitation—emission signals at 230/310 nm, related to phenolic compounds.

Building on the exploratory insights provided by the ComDim score plots, a class-
modeling strategy was implemented to assess the ability of the combined spectroscopic
information to discriminate the samples from the Chianti-Siena subregion. In particular,
a one-class classification model was developed by integrating the ComDim multiblock
outputs into a SIMCA-like framework. The model performance metrics are listed in
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Table 3, while the distance plots for leaves and drupes are reported in Figure 519 in the

Supplementary Material.
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Figure 7. Three-dimensional ComDim score plot for the merged dataset of the olive drupe samples.

Table 3. Classification performances obtained with the combined ComDim-based SIMCA approach
for the 'H NMR and the EEM fluorescence data of the olive leaf and drupe extracts for the Chianti—
Siena area.

ComDim-Based SIMCA Multiblock Model for Chianti-Siena Region

Training Test
Accuracy (%) Sensitivity (%)  Specificity (%) Accuracy (%) Sensitivity (%)  Specificity (%) Explained Variance (%)
Leaves 84 83 86 83 100 50 95
Drupes 86 90 73 90 100 50 93

As the analysis of leaves is concerned, the data-fusion approach did not apport a
significant improvement to separate SIMCA models, which already showed good per-
formances, especially the one built on 'H NMR data. On the other hand, in the analysis
of the geographical origin of drupes, the data-fusion approach allowed for boosting the
performance of the models obtainable from the single datasets.

In fact, in terms of accuracy, the multiblock classifier method leads to a significant
improvement if compared to EEM-SIMCA, while the performances are similar with respect
to the individual 'H NMR model. In the test set, the data fusion approach outperforms
both the individual models in the training set, achieving the highest overall value of
90%. Sensitivity significantly benefits from data fusion, showing a remarkable increase,
particularly in the test set. However, specificity remains modest: this outcome reflects both
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the intrinsic complexity of the drupe matrix and the challenge of discriminating closely
related geographical areas, where similar compositional profiles can limit class separation
despite the advantages of multiblock integration.

These results confirm that the integration of 'H NMR and fluorescence data can lead
to a more robust classification model and improved classification performance compared
to single-block approaches, albeit with some limitations. This enhancement is not general
but rather matrix-dependent, with clearer benefits observed in the case of olive drupes.

3. Materials and Methods
3.1. Reagents

Methanol, TSP-D4 (3-(trimethylsilyl)propionic-2,2,3,3-d4 acid sodium salt, 98% D), and
deuterated solvents (D,0, 99.9% D, methanol D4, 99.8% D, H,O < 0.03%) were purchased
from Merck (Milan, Italy) and used without further purification. Bidistilled water was
produced by a Direct Pure UP 10 system (Rephile Bioscience Ltd., Boston, MA, USA).

3.2. Sampling and Extraction Protocol

Leaves and olives (three replicates per orchard) were sampled from the four cardinal
directions around the perimeter of three different trees at operator height, to ensure a good
representation of the internal variability of the sampling site. The total number of samples
for leaves and drupes is 31 and 51, respectively. To minimize the effect of drupes’ ripening,
the samples were hand-harvested within a one-week period in early October 2022, across
geographically close sites in the Tuscany region. Prior to collection, fruits were visually
inspected to assess ripening stage, and only healthy, undamaged specimens were selected.
Sampling was standardized to trees bearing olives at a consistent phenological stage:
approximately half of the fruits were still green, while the other half had begun to transition
to the pigmented stage. This ripening phase was chosen to ensure comparability across
different cultivars and locations while maintaining the representativeness of typical harvest
conditions. These precautions were adopted to reduce the influence of maturity-related
changes in metabolite and fluorescence profiles, and to better isolate the geographical
contribution in the subsequent chemometric analysis. The samples were stored in plastic
bags in the dark until they arrived at the laboratory. Once there, they were washed
with ultrapure water, lyophilized at —45 °C and 360 pbar until reaching a constant mass,
then blade-milled (Pulverizette 11, Fritsch, Idar-Oberstein, Germany) into a fine powder
(500 pm) using a liquid nitrogen bath. The powdered samples were kept frozen and in
the dark until analysis. For fluorescence experiments, the leaf and drupe samples were
extracted according to a modified version of the International Olive Council’s protocol,
as reported in a previous work from our research group [9]. About 500 mg of the dried
samples were extracted with 10 mL of an 80:20 methanol/water mixture for 10 min at
25 £ 2 °C in an ultrasonic bath (Sonorex, Bandelin electronic GmbH, Berlin, Germany,
operating at 120 W and 35 kHz). The resulting extracts were centrifuged at 3500 rpm for
15 min, and the supernatant was then filtered using 0.22 um syringe filters. The procedure
was repeated three times for a total of 30 mL. Prior to the acquisition of fluorescence maps,
the extracts were diluted 1:100 with the 80:20 methanol /water solution. For the 'H NMR
experiments, a similar protocol was followed, extracting the powdered samples with an
80:20 mixture of deuterated methanol and deuterated water. No additional dilution was
required prior to NMR analysis. TSP-d4 (sodium salt of trimethylsilylpropionic acid) was
added to each sample as an internal standard (8 = 0) with a final concentration of 0.05%
w/v. All samples and standards were carefully handled to minimize light exposure, and all
the experiments were performed in triplicate.
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3.3. Fluorescence Excitation Emission Matrix (EEM) Experiments

The fluorescence excitation emission matrix (EEM) measurements were performed on
an Agilent Cary Eclipse fluorescence spectrophotometer (Agilent Technologies, Milan, Italy)
equipped with a xenon flash lamp and a photomultiplier tube as detector. About 3 mL
of each sample was placed in a 10 mm quartz cuvette and analyzed at room temperature.
The excitation wavelength ranges were 250-750 nm and 200-450 nm for leaves and olive
samples, respectively, with 10 nm increments. The emission signals were recorded between
370-750 and 250-550 nm at 1 nm intervals. The excitation and emission ranges were
selected on the basis of previous works [40,64] and optimized in order to obtain the
best compromise between the inclusion of all the informative fluorescence signals and
reasonable acquisition times. The slits of excitation and emission monochromators were
set at 5 nm, while the scan rate was set to 600 nm/min. A blank EEM was recorded
(80:20 methanol /water solution) and then subtracted from all the fluorescence excitation—
emission matrices. The fluorescence excitation—emission matrices were arranged in cubic
structures with dimensions of samples x emission wavelength x excitation wavelength. The
spectra were preprocessed by removing the Rayleigh and Raman scatter (both first and
second order) and interpolating the missing values according to Murphy et al. [37]. The
data were normalized to unit variance in sample mode. An exploratory analysis via Parallel
Factor Analysis (PARAFAC) decomposition was performed in order to resolve and identify
the underlying fluorescent components. For the geographical origin characterization, the
cubic structures were unfolded by combining the excitation and emission modes, resulting
in 2-D matrices with dimensions of samples x (emission wavelength. . .excitation wavelength).
These unfolded matrices were used as input for the subsequent chemometric analysis.

All the calculations were performed in a MATLAB environment (MATLAB R2023b
version, The MathWorks Inc., Natick, MA, USA) using the N-way toolbox [79] and drEEM
toolbox [37].

3.4. 'TH-NMR Spectroscopy

For each sample, 1 mL of the extract was placed into a 5 mm NMR test tube. The
'H-NMR spectra were recorded on a Bruker DRX-600 AVANCE spectrometer, equipped
with an xyz gradient unit and operating at 600.13 MHz. Spectra were processed using
Bruker TopSpin software (version 3.6.1, Bruker, Bremen, Germany). The spectra obtained
by the Fourier transformation of the free induction decay (FID) were manually phased, and
the chemical shifts were reported with respect to the TSP’s signal set at 0 ppm.

The FIDs, relative to the 'H NMR experiments, were processed by using NM-
RProcFlow software, 1.4 version (nmrprocflow.org, INRA UMR 1332 BFP, Bordeaux
Metabolomics Facility, Bordeaux, France) [80]. The spectra were phase- and baseline-
corrected manually, and sectioned into regular intervals (0.04 ppm sized buckets) in the
range of 0.50-10 ppm. The area within each bucket was normalized to the total intensity.
The areas of the buckets in the regions 4.50-5.20 and 3.28-3.40 ppm, corresponding to the
residual signals of water and methanol, respectively, were excluded. The matrices with
dimensions of samples x number of buckets containing the normalized spectral intensities
were used as input for the chemometric analysis.

3.5. Chemometric Methods

An exploratory analysis of the experimental data obtained from 'H NMR and EEM
fluorescence (unfolded matrices) was performed by means of Principal Component Anal-
ysis. For the geographical origin characterization, the data were analyzed by means of a
Soft Independent Modeling of Class Analogy (SIMCA) chemometric model. SIMCA was
originally developed by Svante Wold in 1976 [81,82], and it has been extensively used as a
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supervised pattern recognition method in combination with different experimental tech-
niques for geographical origin authentication [83-85], quality assessment [86,87], and fraud
detection [88-90]. SIMCA consists of building a PCA model to describe the variance within
each class separately. Each class was described by its own PCA model, and the boundaries
were defined by confidence limits based on the residual variance. The experimental data
were projected onto these models to determine the class membership, allowing for the
identification and characterization of distinct groups within the dataset. The classification
rule is defined by the distance of the sample from the class model, which is calculated from
the normalized Q residuals and normalized Hotelling T? values. Q residuals and Hotelling
T? are normalized over their 95% confidence limits. The performance of the SIMCA model
was evaluated by calculating the accuracy (ratio of correctly assigned samples), sensitivity,
and specificity of the classification, which are defined as follows:

Sensitivity = ——
VY T TP T EN
e TN
Spec1f1c1ty = m

where TPs are the true positives, FNs the false negatives, TNs the true negatives, and FPs the
false positives. Sensitivity measures how well target class samples are correctly recognized,
while specificity represents how many non-target class samples are rejected by the model
built for the investigated class [91].

The distance threshold is not fixed, since its value is tuned and optimized in order to
maximize class specificity and sensitivity, following the approach of Vitale et al. [92].

The number of principal components to be retained in order to build the PCA model
for each class was selected on the basis of the minimum of root mean square error in cross-
validation (RMSECYV, Leave-one-out cross-validation) and the maximum of sensitivity
estimated in cross-validation [93]. The model performances were evaluated using a test set
validation: each dataset was split into a calibration and a validation set using the duplex
algorithm with a splitting ratio of 80:20 [94].

All the measurements (both 'H NMR and fluorescence) were conducted in triplicate to
ensure analytical reproducibility. Moreover, a careful preliminary inspection of the datasets
was performed to detect and remove outliers prior to modeling, based on leverage and
Q-residual diagnostics following standard PCA-based approaches. As for preprocessing,
both 'H NMR and EEM datasets were mean-centered prior to the chemometric analysis.

Parallel Factor Analysis (PARAFAC) decomposition was applied to decompose the
three-dimensional data into individual fluorescent components based on their spectral
signatures. The algorithm works by fitting the data into a trilinear model, assuming that the
fluorescence intensity is the product of excitation and emission spectra for each component,
along with their relative concentrations [37,95]. The decomposition generates three sets of
bidimensional matrices, or loadings: sample loadings (also referred to as scores), excitation
loadings, and emission loadings. The sample loadings correspond to the relative concen-
tration of each component across the different samples, providing insights into how the
components vary across the dataset, while excitation and emission loadings represent the
fluorescence excitation and emission spectra of each component, respectively. The optimal
number of components was determined on the basis of different parameters, namely the
central consistency diagnostic criterion (CORe CONSsistency DIAgnostic, CORCONDIA),
the percentage of variance explained by the model, and visual inspection of the recovered
spectral and residual profiles. Non-negative constraints were applied for all the modes.

Although the PARAFAC approach might be more suitable for identifying which
fluorophores are present in the samples, contributing at the same time to geographical
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authentication, using unfolded data appeared more effective for the straightforward classi-
fication of olive oil, fruit, and leaf samples [96]. This difference can be attributed to the fact
that the unfolded matrix retains all available data, whereas PARAFAC reduces the amount
of information and is highly influenced by the number of components chosen, which may
lower classification accuracy [97]. However, the major drawback of multidimensional
unfolding methods is the higher complexity and the more difficult interpretation of the
generated outputs, which must be refolded to restore the original modes.

All the calculations were performed in a MATLAB environment (MATLAB R2023b
version, The MathWorks Inc., Natick, MA, USA) using PCA [98] and classification
toolboxes [99] for MATLAB from Milano Chemometrics and QSAR Research Group
(https:/ /michem.unimib.it/, accessed on 3 February 2025).

3.6. Data Fusion

The multi-block analysis on the data from the two different spectroscopic techniques
(*H NMR spectra and unfolded fluorescence matrices) was performed according to a
mid-level data fusion based on the ComDim (Common Dimension) method, a particular
application of the Common Components and Specific Weights Analysis (CCSWA) proce-
dure developed by Qannari [48,100]. The first step is the organization of the data into two
different blocks, corresponding to the individual analytical techniques. The 'H NMR data
and unfolded EEMs are normalized by dividing each point by the square root of the sum
of squared values [101]. After concatenation, each block is normalized by its Frobenius
norm so that they all have the same total variance. The ComDim approach focuses on the
variance-covariance matrices of the samples, which are all of the same dimensions. This
allows for the calculation of a weighted sum of these matrices, from which the first nor-
malized principal component, referred to as the “Common Dimension” (CD), is extracted.
The algorithm then iteratively adjusts the weight, or “salience,” of each data block for
the identified CD. After the first CD is computed, each data block matrix is deflated, and
the process is repeated to calculate subsequent CDs. As a result, each CD represents the
first principal component of the weighted sum of the variance-covariance matrices of the
deflated blocks [48,102-104]. The resulting scores (i.e., the extracted common components)
and loadings provide a direct visualization of sample distribution and variable contribution,
enhancing the understanding of sample similarities, clustering, and correlations with the
geographical origin.

To support the classification of leaf and drupe samples according to their geographical
origin, a SIMCA-like model was developed based on the results of the ComDim multi-
block analysis. In this approach, global scores and residuals derived from the ComDim
model—applied to the integrated dataset combining 'H NMR and EEM fluorescence
spectroscopy—are used to calculate two metrics, the score distance (SD) and the orthogonal
distance (OD), respectively, for each training sample of the target class. The ComDim scores
were used as input without pre-processing. These metrics were combined into a single
reduced distance, used to quantify the degree of class membership for each sample. The
threshold value is optimized in order to maximize class specificity and sensitivity [92]. New
samples were projected onto the ComDim model, and their reduced distance values were
compared to the threshold to determine class inclusion. This methodology is analogous
to the multiblock extension of the one-class classifiers that integrates ComDim with the
data-driven SIMCA model originally proposed by Galvan and co-workers [105]. Model
performance was evaluated in terms of accuracy, sensitivity, and specificity, based on a vali-
dation strategy involving the division of the dataset into separate calibration and external
test sets, as in the case of single block-based SIMCA. All the calculations were performed
using the MBA-GUI toolbox for MATLAB [106] and in-house MATLAB scripts.
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4. Conclusions

This study highlights the potential of 'H NMR and EEM fluorescence spectroscopy
in combination with single- and multi-block chemometric methods for the geographical
authentication of olive leaves and drupes. Individually, each technique provided robust
classification results, with 'H NMR demonstrating its strength in identifying key metabo-
lites that provide the major contribution to geographic origin differentiation, such as
secoiridoids and organic acids. This is particularly evident in the case of olive leaves, where
the SIMCA modeling provides excellent classification performances for the investigated
geographical area. Similarly, through EEM fluorescence spectroscopy, the fluorescence
profiles of the different matrices can be effectively characterized by identifying classes of
emitting compounds like tocopherols, polyphenols, and chlorogenic acid, which can be
used as distinct markers for sample classification.

A key novelty of this work is the application of EEM fluorescence spectroscopy for
the geographical origin authentication of olive drupes and leaves, an approach that, to
the best of our knowledge, has not been previously reported. The three-dimensional
spectral data can be refolded and effectively used as inputs for chemometric models to
discriminate between subregional areas, providing a powerful alternative for food and
vegetable matrices authentication. This novel application of a relatively simple and low-
cost technique, such as EEM fluorescence (especially, if compared to NMR), expands
the analytical possibilities for olive product classification, offering a complementary tool
alongside NMR-based metabolic profiling.

This is particularly evident, also looking at the most relevant result of the present study,
i.e., the integration of these techniques through data fusion further enhanced the sample
differentiation by leveraging the complementary strengths of each method. Multivariate
statistical analysis based on multi-technique datasets is still relatively unexploited in the
field of geographical assessment of fruit and plant matrices related to agrifood products.
Here, the data fusion approach, which was based on the ComDim algorithm, allowed for
an enhanced sample visualization at an exploratory level, and improved the robustness of
classification models when combined with SIMCA into a multiblock one-class modeling
strategy, especially for the drupe samples. In this case, in fact, the SIMCA model computed
on individual datasets presented some limitations, which were significantly overcome with
the inclusion of both spectroscopic data, using the aforementioned multi-block approach.
This result emphasizes the importance of evaluating data fusion not as a universal improve-
ment, but as a matrix- and context-dependent strategy with the potential to enhance model
robustness when single-block approaches fall short.

Overall, this comprehensive approach underscores the value of combining advanced
spectroscopic techniques with chemometric tools for food authentication.

Nonetheless, it should be acknowledged that the present study is based on an ex-
ploratory sampling design involving three subregions within Tuscany, Italy. While this
provides a solid and controlled framework for assessing classification performance at the
subregional level, the scope is primarily focused on feasibility rather than broad generaliz-
ability. The classification models developed herein have demonstrated their effectiveness
within this localized context; however, their extension to wider geographical areas or
different countries will require further validation. This is particularly relevant given that
the chemical profiles of olive matrices are known to be influenced by several environmental
and agronomic factors, including harvest time, climate conditions, soil characteristics, and
cultivation practices.

Future studies will aim to extend the analysis to the final products, i.e., olive oils,
and further refine these methodologies to address current limitations and strengthen the
models’ predictive ability.
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Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390 /molecules30153208 /s1, Table S1. Description of the analyzed
drupe and leaf samples, including climatic and environmental data; Table S2. 1TH NMR assignment
for the olive leaf extracts; Figure S1. PCA loading plot for 'H NMR data of the olive leaf samples
(a) and 2D score plots: PC1 vs. PC2 (b), PC1 vs. PC3 (c), and PC2 vs. PC3 (d); Figure 52. SIMCA
normalized distances from 'H NMR data of the olive leaf samples for the modeled Chianti-Siena
region; Figure S3. Sample, excitation, and emission PARAFAC loadings for the olive leaf samples
in spectral Region A; Figure S4. Sample, excitation, and emission PARAFAC loadings for the olive
leaf samples in spectral Region B; Figure S5. Three-dimensional PCA score plot for EEM (Region B)
data of the olive leaf samples; Figure S6. PCA loading plot for EEM (Region B) data of the olive leaf
samples (a) and 2D score plots: PC1 vs. PC2 (b), PC1 vs. PC3 (c), and PC2 vs. PC3 (d); Figure S7.
SIMCA normalized distances from EEM data of the olive leaf samples for the modeled Chianti-Siena
region. The right panel shows a magnified view of the distance distribution; Table S3. 1H NMR
assignment for the drupe extracts; Figure S8. Three-dimensional PCA score plot for 'H NMR data of
the olive drupe samples; Figure S9. PCA loading plot for 'H NMR data of the olive drupe samples
(a) and 2D score plots: PC1 vs. PC2 (b), PC1 vs. PC3 (c), and PC2 vs. PC3 (d); Figure S10. SIMCA
normalized distances from EEM data of the olive drupe samples for the modeled Chianti-Siena
region; Figure S11. Sample, excitation, and emission PARAFAC loadings for the drupe samples;
Figure S12. Three-dimensional PCA score plot for EEM data of the olive drupe samples; Figure S13.
PCA loading plot for EEM data of the olive drupe samples (a) and 2D score plots: PC1 vs. PC2 (b),
PC1 vs. PC3 (c), and PC2 vs. PC3 (d); Figure S14. SIMCA normalized distances from EEM data of
the olive drupe samples for the modeled Chianti-Siena region; Figure S15. ComDim salience plot
for the leaf samples (a) and 2D ComDim score plots: CD1 vs. CD2 (b), CD1 vs. CD3 (c), and CD2
vs. CD3 (d); Figure S16. ComDim loadings for the TH NMR (left panel) and EEM block (right panel)
for each Common Dimension calculated for the olive leaves dataset; Figure S17. ComDim salience
plot for the drupe samples (a) and 2D ComDim score plots: CD1 vs. CD2 (b), CD1 vs. CD3 (c), and
CD2 vs. CD3 (d); Figure S18. ComDim loadings for the TH NMR (left panel) and EEM block (right
panel) for each Common Dimension calculated for the olive drupe dataset; Figure S19. Reduced
distances calculated from the ComDim-based SIMCA multiblock model for the leaf (a) and drupe
(b) samples for the Chianti-Siena region. References [20,51,52,54-56,58—60,72-76] are cited in the
Supplementary Materials.
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