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Abstract

'H-NMR fingerprinting of virgin olive oils (VOOs) and a collection of binary classification models
arranged in a decision tree are presented as a stepwise strategy to determine the geographical origin
of a VOO at four levels, i.e. provenance from an EU member state or outside the EU, country and
region of origin, and compliance with a geographical indication scheme. This approach supports
current EU regulation that makes labelling of the geographical origin mandatory for olive oil.
Currently, official methods for its control are still lacking. Partial least squares discriminant analysis
(PLS-DA) and random forest for classification afforded robust and stable binary classification
models to verify the geographical origin of VOOs; however, the former outperformed the latter in
terms of accuracy and robustness. The prediction abilities of the best binary PLS-DA model for
each case study were between 80% and 100% for both classes in cross-validation and in external
validation. The satisfactory results achieved for the verification of the geographical origin of VOOs,
together with those of our previous studies on the discrimination of olive oil categories, the
detection of olive oils blended with vegetable oils (Alonso-Salces et al., 2022), and the
determination of the stability, freshness, storage time and conditions, and olive oil best—before date
(Alonso-Salces et al., 2021), confirm that a single 'H NMR analysis of an olive oil sample can
provide useful information to control several EU regulations related to olive oil marketing standards
(Regulation (EU) 2022/2104 and Regulation (EU) 2024/1143).

Keywords

chemometrics, decision tree, geographical origin, multivariate data analysis, olive oil, proton

nuclear magnetic resonance
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1. Introduction

Olive oil, mainly that of the ‘extra virgin olive oil’ or the ‘virgin olive oil’ categories (VOO), is an
agricultural product with high added value worldwide because of its recognised nutritional,
organoleptic and health-promoting attributes, conferring it a high economic and commercial value
(Casadei et al., 2021). The last annual reports made by the EU Agri-Food Fraud Network informed
that olive oil is the most notified product of the ‘fats and oils’ category in terms of non-compliances
with the EU agri-food chain legislation, being reported in the ‘mislabelling’ fraud category
(European Commission, 2020, 2021, 2022, 2023). Frauds related to the agricultural food chain can
result in public health risks and financial losses to consumers and the food sector, as well as the
decline of certainty in the qualified authorities and the food chain. Having noted this, the Council of
the European Union considers that the present EU legislation (Regulation (EU) 2017/625, 2017;
Regulation (EU) 2019/1715, 2019) is adequate to tackle food fraud (Winkler et al., 2023).
Authenticity and traceability of food are relevant issues for consumers, producers, food processors,
retailers and regulatory bodies. An increasingly important authenticity concern has been the
geographical origin of olive oils. Preferences of consumers are known to be oriented towards
products with the geographical declaration on the label, which is perceived as an additional
guarantee of quality and authenticity (Conte et al., 2020). A stakeholder survey on emerging olive
oil frauds pointed out that the false designation of origin was one of the most frequent fraudulent
practices (Casadei et al., 2021).

In this context, several EU regulations address the marketing standards related to the geographical
origin of agricultural foods. Regulation (EU) 2022/2104 makes mandatory to declare on the label
the VOO geographical origin, referring to the EU, to the member state of the EU or to the extra-EU
country of origin, accordingly (Regulation (EU) 2022/2104, 2022). Regarding blends of olive oils
produced in more than one EU or extra-EU country, or in both EU and extra-EU countries, the
mixture information must be specified on the label. Moreover, the EU implements a quality scheme

of geographical indications through Regulation (EU) 2024/1143 (Regulation (EU) 2024/1143,
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2024). Quality agricultural food products, such as certain VOOs, are authorised to be
commercialised under the label of a Protected Designation of Origin (PDO) or a Protected
Geographical Indication (PGI). The geographical indications register ‘eAmbrosia’ of the European
Commission includes 122 PDO and 24 PGI for olive oil from Spain, Italy, Greece, France,
Portugal, Croatia, Turkey and Slovenia. Owing to the fact that the geographical origin is among the
main factors influencing consumer choice, and that PDO/PGI labels provide an economic bonus,
financial fraud is highly likely to occur, leading to a high rate of non-compliance related to fake
geographical indication. Currently, the assessment of the declared provenance of VOOs is carried
out only through documentary revision by the competent control institutions. The lack of official
analytical methods to verify the declared geographical origin of olive oils triggers counterfeiting.
Therefore, validated analytical methods are imperative to protect both the consumer and the
producer from illicit practices and to support the antifraud authorities in this sector.

Many sensory, physical and chemical methodologies together with statistics and chemometrics were
proposed to verify the geographical origin of olive oils (Conte et al., 2020; Tahir et al., 2022; Valli
et al., 2016). Most of the studies focused on the verification of the country of origin (Cecchi et al.,
2020; Quintanilla-Casas et al., 2020; Winkelmann & Kiichler, 2019), the discrimination of olive
oils produced in diverse regions inside a country (Gumus et al., 2020; Gyftokostas et al., 2021;
Laouni et al., 2023; Lazzez et al., 2023; Mangraviti et al., 2023; Sevim et al., 2023; Stilo et al.,
2021) or the characterization of PDO olive oils to distinguish them from oils not belonging to the
PDO (Alonso-Salces et al., 2015; Del Coco et al., 2016; Quintanilla-Casas, Torres-Cobos,
Guardiola, Romero, et al., 2022). Only three studies discriminate between olive oils from inside and
outside the EU (Bontempo et al., 2019; Palagano et al., 2020; Quintanilla-Casas, Torres-Cobos,
Guardiola, Servili, et al., 2022) . The current study provides an integrated authentication tool to face
the geographical origin verification of VOOs at all different levels, i.e. EU versus non-EU oils,

provenance at the national and regional levels and the compliance with the PDO/PGI schemes.
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The geographical authentication of olive oils by conventional profiling methods usually involve
time-consuming pre-treatment procedures followed by chromatographic (Cecchi et al., 2020;
Klikarova et al., 2020; Lazzez et al., 2023; Quintanilla-Casas et al., 2020; Stilo et al., 2021) and
spectroscopic (ICP-MS, ICP-AES) (Telloli et al., 2023) analyses. In contrast, fingerprinting
techniques, such as mass spectrometry (Mangraviti et al., 2023; Martinez-Lozano Sinues et al.,
2012; Nikou et al., 2020), nuclear magnetic resonance (NMR) (Alonso-Salces, Rosa M. et al., 2010;
Del Coco et al., 2016; Sevim et al., 2023; Winkelmann & Kiichler, 2019), fluorescence (Al Riza et
al., 2021), infrared (NIR, FT-IR, FT-MIR) (Laouni et al., 2023), Raman (Bragolusi et al., 2021;
Ruisanchez et al., 2021) and laser induced breakdown (LIBS) (Gyftokostas et al., 2021)
spectroscopies, are non-selective and rapid (only a few minutes per sample), and require low
consumption of reagents or organic solvents and negligible sample pre-treatment (Conte et al.,
2020; Tahir et al., 2022).

Formely, we demonstrated that metabolomic fingerprinting by '"H NMR spectroscopy combined
with pattern recognition can differentiate VOOs from the main EU producing countries (Spain, Italy
and Greece), as well as to authenticate VOOs from a region or a PDO (Alonso-Salces, Rosa M. et
al., 2010; Alonso-Salces et al., 2015). The present study goes further and aims to give support to all
EU regulations dealing with the geographical origin of VOO (Regulation (EU) 2022/2104, 2022;
Regulation (EU) 2024/1143, 2024). For this purpose, an integrated analytical approach consisting of
a decision tree with multivariate classification models built with '"H NMR spectral data is developed
to corroborate VOO geographical origin at the aforementioned four levels (EU, national, regional
and PDO/PGI levels). To this end, a large representative dataset covering olive oil variability due to
different production areas, olive varieties, harvests and batches of analysis is studied in order to
assess the authentication strategy output in a practical situation.

In our previous studies related to the geographical origin of VOOs based on the 'H NMR
fingerprinting, several types of data scaling, balanced and unbalanced training-test datasets and

different supervised multivariate techniques were evaluated searching for the top models for
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particular objectives (Alonso-Salces et al., 2007; Alonso-Salces, R. M. et al., 2010; Alonso-Salces
et al., 2009; Alonso-Salces, Rosa M. et al., 2010; Alonso-Salces et al., 2015). These studies
disclosed that classification models obtained by PLS-DA using autoscaled balanced training-test
datasets presented the highest robust recognition and prediction abilities validated by cross- and
external validation. Furthermore, binary classification models were proved to perform better than
multiclass models in accordance with earlier findings (Racz et al., 2019). Besides, those studies
revealed that PLS-DA is not so sensitive to unbalanced datasets than other multivariate techniques,
achieving satisfactory classifications even with sample sets with ratio class-I:class-2 (1:2).
Therefore, in the present study, among all the multivariate techniques tested previously, PLS-DA is
one of the selected techniques to build the binary classification models to assemble the decision
tree. In addition, the performance of the supervised technique named random forest for
classification (RF) is assessed using '"H NMR spectral data for the geographical discrimination of
VOOs for the first time. RF classification models are compared with those afforded by PLS-DA. RF
is considered an effective tool for prediction (Breiman, 2001), and facilitates the evaluation of
variable contribution to the model (Lovatti et al., 2019).

2. Materials and methods

2.1. Samples

Traceable virgin olive oils (n = 402) from EU and non-EU countries were directly provided by
producers and companies, together with sample information (Table S1 in the supplementary
material), in the framework of the OLEUM and AUTENFOOD projects. Samples were
representative from the main countries producing olive oil, according to the Food and Agriculture
Organization database (Food and Agriculture Organization of the United Nations, 2024). EU
member state genuine samples (n = 115) were from Spain (ESP, n = 29), Italy (ITA, n = 25), Greece
(GRC, n = 15), Croatia (HRV, n = 22), Portugal (PRT, n = 12) and Slovenia (SVN, n = 12); and
non-EU samples (n = 116), from Morocco (MAR, n = 42), Turkey (TUR, n = 18), Tunisia (TUN, n

= 6) and Argentina (ARG, n = 50). Most of the samples from Catalonia (n = 171) belonged to the



150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

five PDOs of this Spanish region (Fig. S1 in the supplementary material): Les Garrigues (GAR, n =
61), Siurana (SIU, n = 57), Aceite del Baix-Ebre Montsia (BEM, n = 19), Aceite de L ’Emporda
(EMP, n = 13) and Aceite de Terra Alta (TER, n = 11). All oils were obtained under real industrial
production conditions during several harvests (2015-2020) and were graded as ‘virgin’ and ‘extra
virgin’ olive oils by the panel test assessment. Traceable blends of virgin olive oils from different
countries (n = 24) were collected directly from companies in the framework of the OLEUM project
(Table S1 in the supplementary material). Oils were sampled in bottles with nitrogen or a minimal
air headspace, and stored at —20 °C in dark. Before analysis, samples were left at room temperature
in dark at least for 12 h, and agitated vigorously before taking the oil aliquot for analysis.

2.2. Chemicals

Deuterated chloroform for NMR analysis (99.8 atom % D) was supplied by Sigma-Aldrich Chemie
(Steinheim, Germany).

2.3. NMR analysis

'H NMR analysis of the oil samples is described in a previous work (Alonso-Salces et al., 2022).
Briefly, 150 pL oil aliquots were dissolved in 750 pL of deuterated chloroform, vortexed and
introduced in a 5 mm NMR capillary. The "H NMR experiments were performed on a Bruker
Avance 500 (Rheinstetten, Germany) with a nominal frequency of 500.13 MHz and set up with a
broadband inverse probe of 5 mm with Z-gradients. 'H NMR experimental conditions and signal
processing parameters were those reported by Alonso-Salces et. al (2022). The spectra were phase-
and baseline-corrected manually, binned with 0.02 ppm-wide buckets, and normalized to total
intensity over the region 4.10-4.26 ppm (glycerol signal). Bruker BioSpin TopSpin 2.1 (2013)
software was used for spectrum acquisition and processing. A data table with the spectral data of all
samples was generated for further data analysis.

2.4. Data analysis

Datasets were constituted of 542 buckets of the 'H NMR spectrum of the oils studied. Multivariate

models were built using different datasets containing the spectral data corresponding to the intended
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purpose. Datasets were analysed by the unsupervised multivariate technique named principal
component analysis (PCA), and the supervised ones, partial least squares discriminant analysis
(PLS-DA) and RF (Berrueta et al., 2007; Breiman, 2001). Statistica 7.0 (StatSoft Inc., Tulsa, OK,
USA, 1984-2004) and The Unscrambler v9.7 (Camo Software AS, 1986—2007) were the software
used for data analysis.

Autoscaling was the data pre-treatment done for PCA and PLS-DA. RF does not require data
scaling and was carried out on the raw data matrix and on the PCA score matrix (sample scores on
the principal components (PCs) with eigenvalues higher than 1). Outlier assessment was performed
visually by PCA.

The procedure performed in PLS-DA to optimise the number of PLS-components by cross-
validation was described previously (Alonso-Salces et al., 2022). The weighted regression
coefficients (Bw) of PLS-components indicate the relative importance of the NMR variables on the
model; thus, the larger the absolute value of Bw of a given variable, the higher its influence on the
classification model (Esbensen et al., 2002). Furthermore, a large Bw may also disclose a feature
with small absolute values but large relative differences.

A RF model is constituted of multiple individual decision trees (set of classifiers or predictors)
(Breiman, 2001). The performance of RF machine learning algorithm was optimized by tuning
several hyperparameters using cross-validation: i) number of decision trees (T) that will be created
in the forest; ii) subsample proportion for selecting the bootstrap learning samples in consecutive
steps (bootstrap creates subsets by randomly sampling with replacement from the original training
sample set); iii) feature number (F) that is considered when splitting a node in a decision tree; iv)
minimum sample number needed to split a node in a decision tree (MinChN); v) minimum sample
number in a leaf node (MinSL); vi) maximum number of levels in a tree, i.e. the depth of the
decision trees in the forest (MaxNLv); and vii) maximum node number in each tree (MaxNn). The
majority vote, i.e. the most frequent categorical variable, was used to determine the classification

outcome of the RF model. RF is extremely sensitive to imbalanced data, which impacts the RF
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algorithm performance, as it can bias the model to the majority class (Racz et al., 2019). Therefore,
RF models were only built with balanced datasets. Feature selection can reduce noise and
dimensionality of the data and make the RF model simpler and running faster. In this sense, variable
ranking in RF and PCA were used for feature selection (Lovatti et al., 2020).

The characteristic parameters of each multivariate technique were optimised by three fold cross-
validation (three fold CV) and/or leave-one-out cross-validation (LOO CV). The optimised
mathematical models were validated by external validation (EV) using an independent test set
(external sample set or pseudo—external sample set) if the number of samples in the dataset was
large enough in order to create a representative training and test sets for cross-validation and an
independent test set for external validation (Alonso-Salces et al., 2015). If binary classification
models are not used and validated properly, models can produce artefacts (Kjeldahl & Bro, 2010).
Samples belonging to the studied origin were coded as 1 and the samples not belonging to that
origin as 0. Classification models were evaluated according to their recognition and prediction
abilities in the cross-validation, and prediction ability in the external validation (Berrueta et al.,
2007).

3. Results and discussion

In the present study, a relatively large number of VOOs (402 samples) from EU and extra-EU
countries collected during different harvests were fingerprinted by 'H NMR. The 'H signals
observed in the spectra are mainly due to triglycerides, which constitute 98% of VOO. The 'H
signals of minor components are only discerned when they do not overlap with the signals from
major components and their intensities are over the detection limit (Alonso-Salces et al., 2021;
Alonso-Salces et al., 2015). VOO minor components detected in the "H NMR spectra of the bulk oil
are phenolic compounds, a-tocopherol, squalene, carotenoids, terpenic alcohols and phytosterols,
which compose the oil unsaponifiable fraction. The chemical shifts of signals in the 'H NMR

spectra of VOOs and their assignments are gathered in Table S2 (supplementary material).
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The analytical strategy proposed consists of multivariate data analysis performed on different data
matrices to extract the valuable information enclosed in the spectral data for building classification
models to determine the geographical origin at four levels: (i) EU vs. non-EU olive oils; (if) country
of origin; (iii) region of origin; and (iv) PDO vs. non-PDO olive oils. Then, the binary classification
models obtained are organised in a decision tree to build an authentication tool for VOO according
to its provenance (Fig. 1).

Outliers or extreme samples were not detected in dataset by PCA. In the two-dimensional score
plots made with the first five PCs (accounting for 62% of total system variability), no clustering of
the samples according to the geographical origin or the harvest year was observed. However, the
two-dimensional score plot obtained with the first two components (accounting for 25% (PC1) and
18% (PC2) of total system variability) displayed the samples clustered according to the analytical
batch (Fig. S2 in the supplementary material). Each batch of analysis contained samples randomly
selected but assuring that samples from all geographical origins and harvests were comprised.
Indeed, having analytical data of multiple harvests is important in modelling for agricultural product
authentication to cover seasonal variability. Thus, maximum variability in the dataset has not
corresponded to the direction of maximum discrimination among geographical origins or harvests,
but to another source of variability, which was the analytical batch due to technical batch effects. In
NMR, the experimental batch effects is caused by incidents occurring during the spectrometer life
period such as maintenance, replacements or hardware breakdown likely to happen during long-
term studies (Fages et al., 2013). The homogeneity of the magnetic field over the complete set of
shim coils of the NMR instrument are not adjusted by the automated procedures for gradient
shimming, thereby the baseline field homogeneity may be slightly modified after the periodic
instrument maintenance, resulting in small variations of data resolution along long-term studies.
Subsequently, the data will be impacted by the recorded systematic variation. Hence, the

classification models achieved with the present data can be considered rather general since the
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dataset covers the variability due to not only different production regions, cultivars and harvests, but
also to several analytical batches.

3.1. Discrimination of EU versus non-EU virgin olive oils

The supervised multivariate techniques PLS-DA and RF were used to obtain classification models
to discriminate between VOOs produced in EU member states and those from countries outside the
EU. Satisfactory classification models were achieved by PLS-DA using both balanced and
unbalanced training-test datasets (Table 1), however the unbalanced set led to more robust results
since the difference between recognition (83% for both classes) and prediction (80% for both
classes) abilities in cross-validation were smaller. Predictions in the external validation (91% for
EU oils and 83% for non-EU oils) were similar to those achieved by different approaches based on
volatile (Palagano et al., 2020) and sesquiterpene hydrocarbon (Quintanilla-Casas, Torres-Cobos,
Guardiola, Servili, et al., 2022) fingerprinting of olive oils and PLS-DA. The prediction abilities in
the external validation were higher than in cross-validation, likely due to the sample splitting
procedure to create the training-test set and the external set. Sample set selection was carried out
randomly from the whole cloud of points in the PCA score plots including the borders using the
simplex algorithm, assuring that the training and test sample sets were representative of all analysed
samples, even though overoptimistic predictions could be achieved of the external sample set.

RF, being very sensitive to imbalances, was applied only to balanced datasets (Table 2): a) a dataset
made up with all original variables (542 NMR buckets); b) a dataset with the most important
variables ranking > 50 in the RF classification model afforded with all variables (107 NMR
buckets); ¢) a dataset with the most important variables ranking > 75 in the RF classification model
achieved with all variables (16 NMR buckets); and d) a dataset constituted of the sample scores of
the PCs (eigenvalues > 1), obtained by PCA performed on the original autoscaled dataset (PCA
score matrix with the first 17 PCs). RF classification model using the dataset with 107 variables
provided the best and more robust classification results with recognition and prediction abilities in

cross-validation and external prediction ability of 91%, 83% and 78% respectively for the EU

11
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category, and 88%, 75% and 74% respectively for the non-EU category. The RF model based on
the dataset with 16 variables showed slightly higher prediction abilities for EU oils (86% of hits),
but considerable worse predictions for the non-EU samples (69% of hits), indicating that some
information of the non-EU category was missing in the reduced dataset. The RF model on the
complete original dataset presented similar predictions than the RF model with the 107 variables,
but larger differences were observed between recognition and prediction abilities in cross-
validation, and a worse prediction in the external dataset for the non-EU oils. Hence, the selection
of the most important variables ranking > 50 improved the original RF model, discarding redundant
or irrelevant features that introduced noise to the classification model. Regarding the RF model
built with the 17 PCs score matrix, the prediction in cross-validation for the EU category was the
lowest (76% of hits). Thus, feature selection by PCA did not manage to capture useful information
and patterns from the data to enhance the predictive power and accuracy of the model. This was
probably due to the fact that the maximum variability in the dataset did not match the direction of
maximum geographical discrimination, as explained above. However, a RF model built on the basis
of oil isotopic fingerprints distinguished EU and extra-EU VOOs with good accuracy (Bontempo et
al., 2019).

PLS-DA model achieved with the balanced dataset presented recognition and prediction abilities in
cross-validation and external prediction ability of 90%, 83% and 84% for the EU class, and 88%,
81% and 74% for the non-EU class, respectively (Table 1). Comparing this PLS-DA model with the
best RF model, PLS-DA outperformed RF since PLS-DA model exhibited better and more robust
predictions for the non-EU category. This is particularly important for control bodies to detect
counterfeiting oils from outside the EU passing off as EU oils.

Most of the variables ranking > 50 on the RF model using 107 selected 'H signals were among the
most influential variables on the best PLS-DA model (Table S3 in the supplementary material).
This fact confirmed that the models were robust and not aleatory. The main resonances in the

discrimination of EU and extra-EU VOOs were due to the diallylic protons of the acyl groups of
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linolenic acid (2.79-2.81 ppm), the glyceryl protons of sn-1,2-diglycerides (3.71 ppm, 5.03-5.07
ppm), sn-1,3-diglycerides (4.07 ppm) and triglycerides (5.25 ppm), the allylic protons of the acyl
group of linolenic acid (2.07-2.09 ppm), terpene protons at 4.57—4.71 ppm, phenolic protons at
6.47-6.49 ppm, and protons of volatile compounds at 8.09-8.13 ppm, among others. Both
multivariate techniques lead to consistent results that afforded information on the main features to
distinguish EU VOOs.

3.2. Authentication of virgin olive oils at the country level

With regard to the proposed strategy (Fig. 1), once the VOO is identified at the first level of the
decision tree as being produced inside or outside the EU, its country of origin is intended to be
disclosed at the second level.

3.2.1. EU member states

Satisfactory binary classification models were achieved by PLS-DA for discriminating VOOs from
Portugal, Slovenia and Croatia, which have not been reported before. The best PLS-DA models
were achieved with unbalanced training-test datasets (Fig. 2 and Table S4 in the supplementary
material). All VOOs were correctly recognised by the PLS-DA model for Portugal. The 92% of
Portuguese oils and 98% of non-Portuguese oils in cross-validation, and 92% of the latter in the
external validation, were accurately predicted. All Slovenian oils and 96% of the non-Slovenian oils
were recognised by its model in the modelling step. The 92% of Slovenian samples and 90% and
84% of non-Slovenian ones were properly predicted in the test steps by cross-validation and
external validation respectively. Regarding the distinction of the VOOs from Croatia, the
recognition and prediction abilities of PLS-DA model in cross-validation were 95% and 82% for
Croatian oils and 91% and 81% for non-Croatian oils, respectively. The correct predictions in the
external test set were 74% of hits for the non-Croatian samples. These classification models are
considered robust and stable since the recognition ability, the prediction ability in cross-validation
and the prediction ability in the external validation are close to each other and decrease in this order.

A multiclass linear discriminant analysis model built with oil volatile profiles predicted correctly
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78% of Portuguese VOOs in cross-validation (Cecchi et al., 2020), and a multiclass PLS-DA model
based on oil sesquiterpene hydrocarbon fingerprints predicted correctly all Croatian and Slovenian
samples but the number of samples was smaller than in the present study (Quintanilla-Casas et al.,
2020). Moreover, the models were evaluated by extrapolation for the detection of counterfeiting
cases with VOOs from outside the EU, revealing good performance in identifying 99% of non-
Portuguese and non-Slovenian VOOs, and 75% of non-Croatian VOOs.

In our previous studies, binary PLS-DA classification models were constructed to distinguish VOOs
from the top producing nations, i.e. Spain, Italy and Greece (Alonso-Salces, Rosa M. et al., 2010;
Alonso-Salces et al., 2015). Prediction abilities in cross-validation were 92—93% for Greek oils and
88-94% for non-Greek oils; 79—-89% for Spanish oils and 81-86% for non-Spanish oils; and 75%
for Italian oils and 75-77% of non-Italian oils. In the present study, binary PLS-DA models for
Greece and Italy provided similar but less robust classification results (Table S5 and Fig. S3 in the
supplementary material), and it was not even possible to build a binary PLS-DA model for Spain.
These facts were likely to be due to the number of samples from Spain, Italy and Greece in the
current dataset, which was considerable smaller than that in former studies. This implied a loss of
information and representativeness of the VOOs from these origins. As the main producers of VOO,
the three countries have several different VOO production regions inside their territory, which
should be thoroughly sampled in order to get well represented datasets covering the whole
variability of each case study. Indeed, one of the conclusions of the aforementioned studies was that
better robust classification models were expected to be obtained with a considerable larger set of
samples from these countries. Indeed, studies performed on samples sets with around one thousand
VOOs afforded classification models with prediction abilities higher than 95% of correct
classifications, using the "H NMR spectral data of the minor components in the acetonitrile extract
of oils from Italy, Greece and Spain (Winkelmann & Kiichler, 2019); and predictions of 87%, 89%
and 94% of hits for Italian, Spanish and Greek VOOs respectively, using data of oil volatile

compounds (Cecchi et al., 2020). A different analytical approaches based on oil sesquiterpene
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hydrocarbon fingerprinting completely discriminated VOOs from these three countries but the
number of samples studied was very limited (6—17 samples) (Quintanilla-Casas et al., 2020).
Additional studies should be performed with larger and representative datasets including VOOs
from all EU member states producing olive oil in order to achieve robust binary classification
models to identify the VOOs from each of the EU producing countries, which also includes France,
Cyprus and Malta, in addition to those considered in this section (Food and Agriculture
Organization of the United Nations, 2024).

The most important variables on the binary PLS-DA model for each country were due to proton
signals located in different regions of the '"H NMR spectra (Tables S6 and S7 in the supplementary
material): Protons of the phenolic ring of phenolic compounds (6.53—6.57 ppm) on the Portugal
model; the diallylic protons of the acyl group of linolenic acid (2.79-2.81 ppm) on the Slovenia
model; the glyceryl protons of sn-1,2-diglycerides (3.67 ppm, 3.75 ppm) on the Croatia model;
phenolic protons (6.45 ppm, 6.85 ppm) on the Italy model; protons of sn-1,3-diglycerides (4.05
ppm), sn-1,2-diglycerides (5.11 ppm) and phenolics (6.73—-6.77 ppm) on the Spain model; and
protons of cycloartenol (0.31-0.33 ppm, 3.61-3.63 ppm) (Alonso-Salces et al., 2015), linolenic acid
(0.97 ppm) and terpenes (4.65 ppm, 4.71 ppm) on the Greece model.

3.2.2. Countries outside the EU

Tunisia, Turkey, Morocco and Argentina are among the main producers of olive oil outside the EU
(Food and Agriculture Organization of the United Nations, 2024). The best PLS-DA models for
VOOs from Morocco and Tunisia were afforded with unbalanced training-test datasets, whereas for
VOOs from Turkey and Argentina were achieved with balanced datasets (Fig. 3 and Table S8 in the
supplementary material). Except for the Tunisia model, all binary classification models recognised
almost all VOOs of both categories (=98% of hits) (Fig. S4 in the supplementary material). The
prediction abilities in cross-validation were 86% for samples from Morocco and 91% for non-
Moroccan samples, 100% for Turkish oils and 85% for the non-Turkish oils, and 98% for oils from

Argentina and 100% for non-Argentinean oils (three fold CV). The Turkish model provided better
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prediction ability for the non-Turkish category than in a previous study using the same approach
(Alonso-Salces, R. M. et al., 2010), probably because the number of samples was larger in the
current study, and thus, the sample set was more representative of the variability of the system.
Similarly, an approach based on oil sesquiterpene hydrocarbon fingerprinting predicted correctly all
VOOs from Turkey and Morocco, even if the number of samples was smaller than in the present
study (Quintanilla-Casas et al., 2020). Despite of the low number of samples from Tunisia, a
promising classification model was obtained with recognition and prediction abilities in cross-
validation of 83% for Tunisian oils and 92% and 84% for non-Tunisian oils, respectively.
Regarding the external set predictions, when available, 94% of non-Turkish, 86% of non-Tunisian,
90% of Argentinean and 81% of non-Argentinean samples were correctly predicted. The external
prediction were overoptimistic for the Turkey and Tunisia models, probably because of the random
sample selection procedure performed to constitute the external set, as explained in section 3.1.
Having a sample set with a large enough number of samples, the classification models achieved for
Argentina confirmed that three fold CV provides more robust models than LOO CV (Fig. 3, and
Fig. S4 and Table S8 in the supplementary material). However, LOO CV is recommended for
datasets with a small number of samples at least in one of the categories, which makes difficult the
splitting of the dataset into fairly-sized subsets for training and testing in cross-validation (Berrueta
et al., 2007).

The most significant resonances on the binary PLS-DA models for the non-EU producing countries
appeared in different regions of the '"H-NMR spectra (Table S6 in the supplementary material). The
signals of aldehydic protons (9.51 ppm) and the methylene protons of the acyl group of oleic acid
(1.25 ppm) were the most important for the Morocco model. The CH glyceryl protons of sn-1,2-
diglycerides (5.07-5.15 ppm), the B-methylene protons of the acyl group of linoleic and linolenic
acids (1.59 ppm) and the methyl protons of squalene (1.65 ppm) were the main resonances in the

model for Turkey. Vinyl protons of the acyl group of fatty acids (5.51-5.53 ppm) and protons of

tocopherols (5.53—5.57 ppm) (Alonso-Salces et al., 2015) seemed to be significant for the Tunisia
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model. The Argentina model was particularly influenced by the aldehydic protons of E-2-hexenal
(9.49-9.51 ppm), the a-methylene protons of the acyl groups of oleic acid (2.25 ppm), the diallylic
protons of linolenic acyl group (2.79-2.81 ppm) and phenolic protons (7.27 ppm) (Alonso-Salces et
al., 2015).

3.3. Authentication of virgin olive oils at the regional level

Concerning the third level of the decision tree (Fig. 1), 'H-NMR fingerprinting of VOOs had also
been proved to contain useful information to build classification models to determine their region of
origin in our preceding studies. Binary PLS-DA models were developed for the Italian regions of
Umbria, Sicily, Puglia, Lazio, Garda, Campania and Calabria (Alonso-Salces, Rosa M. et al., 2010),
the Spanish region of Andalucia, the Greek region of Crete, and the Turkish region of Izmir
(Alonso-Salces et al., 2015). In the current work, VOOs from Catalonia (Spain) were discriminated
from other Spanish VOOs. PLS-DA models with similar recognition and prediction abilities were
achieved with balanced and unbalanced training-test datasets; the latter providing slightly better
predictions (Table 3). Both models recognised all samples and predicted correctly 93-94% of
Catalonian oils and 90-93% of non-Catalonian samples. The greatest influence on these models
was due to the diallylic proton of linolenic acyl group (2.79-2.81 ppm) (Table S9 in the
supplementary material).

3.4. Authentication of virgin olive oils at the PDO level

Under a PDO scheme, only VOOs produced in a specific geographical area that comply with the
PDO requirements related to olive cultivars, cultivation practices, oil extraction methods, bottling
and labelling can be marketed. The verification of PDO compliance is the aim of the fourth level of
the decision tree (Fig. 1). In this sense, satisfactory binary PLS-DA classification models based on
'H-NMR spectral data were already achieved for the PDO Riviera Ligure (File Number: PDO-IT-
1540, Official Journal L 22, 24.01.1997) and the PDO Huile d’olive d’Aix—en—Provence (File
Number: PDO-FR-9111, Official Journal L 275, 18.10.2001) (Alonso-Salces, Rosa M. et al., 2010;

Alonso-Salces et al., 2015).
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In the present study, the authentication of VOOs from the five registered PDO of Catalonia (Spain)
were the case studies (Fig. S1 in the supplementary material): PDO Siurana (File Number: PDO-
ES-0072, Official Journal L 148, 21.06.1996), PDO Les Garrigues (File Number: PDO-ES-0070,
Official Journal L 148, 21.06.1996), PDO Aceite de Terra Alta / Oli de Terra Alta (File Number:
PDO-ES-0245, Official Journal L 33, 05.02.2005), PDO Aceite del Baix Ebre-Montsia / Oli del
Baix Ebre-Montsia (File Number: PDO-ES-0274, Official Journal L 33, 07.02.2008) and PDO Oli
de I'Emporda / Aceite de L'Emporda (File Number: PDO-ES-1161, Official Journal L 65,
10.03.2015). As a result of the low number of samples of the PDO Terra Alta, PLS-DA did not
manage to build a binary classification model to verify the PDO compliance. For the other four
PDOs, the best robust binary PLS-DA models were built by LOO CV using the unbalanced
training-test datasets (Fig. 4 and Table S10 in the supplementary material), as a result of the relative
small number of samples of some of the PDOs. In these cases, if most of the available samples for
each class are used for modelling, the dataset better covers the variance of each class.

Comparing the unbalanced models by LOO CV and three fold CV, the recognition and prediction
abilities for the non-PDO class were similar in both models; in contrast, the abilities for the PDO
class were considerably lower in three fold CV than in LOO CV (Fig. S5 in the supplementary
material). The three fold CV models performed worse for authentication purposes because the
training set contained fewer samples and lost representativeness for the PDO class.

For the PDO Baix Ebre-Montsia (BEM), recognition and prediction abilities in cross-validation
were 94% and 89% respectively for the BEM class and 97% for the non-BEM class; the model
being particularly effective for counterfeit detection, i.e. for detecting oils that do not belong to the
PDO BEM and are passed off as BEM oils. Similar prediction abilities were achieved by the other
models for this PDO, both in cross-validation and external validation, indicating that the
classification results were reliable and not random, and the dataset was well-represented. The PDO

BEM is situated in the south of Catalonia, nearby the PDO Aceite de Terra Alta / Oli de Terra Alta
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(TER), which explains that three of the misclassified non-BEM samples belonged to the PDO TER.
The other two samples mispredicted by the BEM model were VOOs without PDO.

All the PDO Emporda (EMP) VOOs were correctly recognised and predicted in cross-validation, as
well as 95% and 92% of the non-EMP oils respectively. The PDO EMP is located in the northeast
of Catalonia, separately and far away from the other PDOs; Argudell being the main and distinctive
olive cultivar of the PDO EMP (Quintanilla-Casas, Torres-Cobos, Guardiola, Romero, et al., 2022).
The misclassified non-EMP samples were VOOs from the other four PDOs or without PDO.

The binary PLS-DA model for the PDO Les Garrigues (GAR) exhibited recognition and prediction
abilities in cross-validation of 95% and 87% for GAR samples and 89% and 81% for non-GAR
samples, respectively. The classification model for the PDO Siurana (SIU) exhibited recognitions
of 86% for SIU oils and 84% for non-SIU oils, and predictions of 79% for both categories in cross-
validation. The PDOs GAR and SIU are contiguous, and Arbequina is the main cultivar in both
PDOs (Quintanilla-Casas, Torres-Cobos, Guardiola, Romero, et al., 2022). In fact, the majority of
the misclassified non-GAR oils by the GAR model belonged to the PDO SIU, as well as nearly all
misclassified non-SIU samples by the SIU model belonged to the PDO GAR. However, the
different pedoclimatic conditions of these two PDO regions influence differently their oils, allowing
their distinction quite efficiently. Indeed, the binary PLS-DA model to distinguish VOOs from PDO
GAR and PDO SIU correctly predicted 84% of the oils in cross-validation (Table S10 in the
supplementary material). In a previous study of VOOs from these PDOs, binary PLS-DA models
built with the oil sesquiterpene hydrocarbon fingerprints afforded prediction efficiencies higher than
95% (Quintanilla-Casas et al., 2020). Therefore, these results suggest that both 'H-NMR and
sesquiterpene hydrocarbon fingerprinting approaches could contain complementary information to
unequivocally verify VOOs from these PDOs.

The highest Bw on the classification model achieved for each PDO corresponded to different
protons (Table S9 in the supplementary material). Thus, the signals of the B-methylene protons of

the acyl group of linoleic and linolenic acids (1.59 ppm), the allylic protons of the acyl group of
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linolenic acid (2.05-2.07 ppm) and the CH glyceryl protons of sn-1,2-diglycerides (5.07-5.15 ppm)
were the most influential variables in the discrimination of BEM and non-BEM oils. The signal of
the diallylic proton of linolenic acyl group (2.79-2.81 ppm) was the top significant variables on the
EMP model. The resonances of terpenic protons (4.57 ppm) and aldehydic protons of dialdehydes
of secoiridoids (oleuropein, ligstroside) (9.21 ppm, 9.63 ppm) had the greatest influence on the STU
model, and the resonance at 3.01 ppm and those of phenolic protons (6.57-6.59 ppm, 6.75-6.77
ppm) on the GAR model. Additionally, terpenic (4.65 ppm) and phenolic (6.69 ppm) protons
contributed to differentiate GAR from SIU VOOs.

3.5. Blends of VOOs of different geographical origins

The performance of the binary classification models achieved in previous sections was evaluated to
verify the provenance of 24 blends of VOOs from different geographical origin (Tables 1 and 2, and
Tables S4, S5 and S8 in the supplementary material). It should be noticed that the results achieved
were just preliminary and an extrapolation because during the modelling step to build the models,
blended samples were not included in the training set. Most of the models were efficient for fraud
detection since high percentage of blends that did not contain the origin to be protected were
identified. Thus, the PLS-DA model to distinguish EU and non-EU VOOs discerned 83% of blends
made of oils from outside the EU. The 87% of blends not containing Greek VOOs were detected by
the classification model built to discriminate between Greek vs. non-Greek oils. All the blends
without VOOs from Portugal, Turkey or Tunisia were ascertained by the corresponding PLS-DA
models, as well as 96% of the blends that were not composed of VOOs from Slovenia or Croatia or
88% of the blends without Argentinean oils.

4. Conclusions

The stepwise methodology consisting of 'H NMR fingerprinting of VOOs in combination with
pattern recognition techniques is presented to verify the geographical origin of a VOO at four
levels: (i) EU or extra-EU, (ii) national, (iii) regional, and (iv) PDO/PGI compliance. '"H NMR

spectral data of VOOs was used to optimise and validate binary classification models by RF and
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PLS-DA. The classification models obtained were adequate, robust and stable, confirming that 'H
NMR spectral data of VOO contains useful information to ensure traceability and authenticity of
VOOs from the geographical point of view. However, PLS-DA outperformed RF and better
classification models built with larger balanced sample sets for each production area and PDO/PGI
are expected. Models with recognition and prediction abilities, sensitivities and specificities near
100% are desirable and the optimum for the control authority’s purposes. In this sense, the models
could be improved through data fusion techniques using not only the chemical information provided
by the "H NMR spectral data of the bulk oil, but also by other complementary rapid analyses such
as those aforementioned in the introduction section that have already proved to furnish useful
information related to the geographical provenance and/or PDO/PGI of VOOs.

The present work on the verification of the geographical origin of VOOs, together with our previous
studies on the discrimination of olive oil categories, the detection of olive oils blended with
vegetable oils (Alonso-Salces et al., 2022), and the determination of the stability, freshness, storage
time and conditions, and olive oil best—before date (Alonso-Salces et al., 2021), confirm that the 'H
NMR fingerprint of olive oil jointly with multivariate classification and regression models
constitutes a rapid high-throughput analytical methodology that can contribute to implement several
articles of the EU regulations related to olive oil marketing standards (Regulation (EU) 1169/2011,
Regulation (EU) 2022/2104 and Regulation (EU) 2024/1143) (Regulation (EU) 1169/2011, 2011;
Regulation (EU) 2022/2104, 2022; Regulation (EU) 2024/1143, 2024) by carrying out a single
analysis of the olive oil sample by 'H NMR. All these research topics were within the overall
objective of the EU OLEUM Project, which was to provide analytical strategies for ensuring the
quality and authenticity of olive oil. The implementation of these analytical approaches needs a
databank made of '"H NMR fingerprints of oils. This databank must be representative of oil
variability regarding each of the issues to be assessed to assure that robust models are afforded for
fraud detection, authentication and quality control of olive oils. In particular, the detection of

counterfeiting practices related to the false declaration of VOO origin and PDO/PGI scheme, the
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database has to contain chemical information of VOOs representative of each production area at the
national, regional and PDO/PGI levels. In the framework of the OLEUM Project, the OLEUM
Databank (online database of analytical methods and chemical data of olive oils) and Network (an
international group of analytical laboratories entailed in the analysis olive oils) were created. This
proficient Network is supposed to expand, feed and update the database over time. Consequently,
the proposed analytical strategy based on 'H NMR fingerprinting and chemometrics is feasible in
practice to provide support to control authorities in a near future.
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Figure captions

Fig. 1. Decision tree constituted of binary PLS-DA classification models to verify the geographical
origin of a virgin olive oil at four levels: (i) EU versus non-EU, (i7) country, (iii) region, and (iv)
PDO/PGI, using 'H NMR spectral data. Example made for the geographical origins considered in
the present study (Abbreviations: VOO, virgin olive oil; PRT, Portugal; SVN, Slovenia; HRV,
Croatia; GRC, Greece; ITA, Italy; ESP, Spain; MAR, Morocco; TUR, Turkey; TUN, Tunisia;
ARG, Argentina; CAT, Catalonia; SIU, PDO Siurana; GAR, PDO Les Garrigues; BEM, PDO

Aceite del Baix Ebre-Montsia; EMP, PDO Aceite de L'Emporda).

Fig. 2. Radar chart of the prediction abilities in cross-validation, obtained with balanced (% P_bal)
and unbalanced (% P _unbal) datasets, and the prediction abilities in the external validation,
achieved with balanced (% P-EV_bal) and unbalanced (% P-EV_unbal) datasets, of the binary PLS-
DA models (country vs. non-country) to discriminate between virgin olive oils produced in EU
member states (PRT, Portugal; SVN, Slovenia; HRV, Croatia) using "H NMR spectral data of the

oils.

Fig. 3. Radar chart of the prediction abilities in cross-validation, obtained with balanced (% P_bal)
and unbalanced (% P _unbal) datasets, and the prediction abilities in the external validation,
achieved with balanced (% P-EV_bal) and unbalanced (% P-EV_unbal) datasets, of the binary PLS-
DA models (country vs. non-country) to discriminate between virgin olive oils produced in
countries outside the EU (MAR, Morocco; TUR, Turkey; TUN, Tunisia; ARG, Argentina) using '"H
NMR spectral data of the oils: a) Models achieved by leave-one-out cross-validation; b) Models
achieved for Argentina (ARG) by leave-one-out cross-validation (LOO) and three fold cross-

validation (3CV).

32



815

816

817

818

819

820

Fig. 4. Radar chart of the recognition and prediction abilities in cross-validation of the binary PLS-
DA models (PDO vs. non-PDO) obtained with balanced (% R_bal and % P_bal, respectively) and
unbalanced (% R _unbal and % P_unbal, respectively) datasets to discriminate between virgin olive
oils from Catalonian PDOs (SIU, PDO Siurana; GAR, PDO Les Garrigues; BEM, PDO Aceite del
Baix Ebre-Montsia; EMP, PDO Aceite de L'Emporda) using "H NMR spectral data of the oils and

leave-one-out cross-validation.
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Tables
Table 1

PLS-DA models to discriminate between VOOs produced in the EU and outside the EU using 'H NMR spectral data of the oils."?

Cross-validation External validation  Prediction of blends
Model Dataset PLS-comp Boundary Class Class code n_p %R %P n % P-EV n % of hits
EU vs. non-EU unbalanced 3 0.6490 EU 1 229 0.71 83 80 57 91 12 58
non-EU 0 93 029 83 80 23 83 12 83
EU vs. non-EU  balanced 4 0.5445 EU 1 93 0.50 90 83 193 84 12 75
non-EU 0 93 0.50 88 81 23 74 12 92

! Abbreviations: PLS-DA, partial least squares discriminant analysis; VOOs, extra virgin and virgin olive oils; PLS-comp, number of PLS components;
n, number of samples; p, prior probability; %R, % of recognition ability; %P, % of prediction ability in cross-validation; %P-EV, % of prediction
ability in the external validation.

2 Autoscaled data, three fold cross-validation.
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830 Table 2

831  Radom forest for classification (RF) models to discriminate between VOOs produced in the EU and outside the EU using 'H NMR spectral data of the

832  oils."?
Cross-validation External validation  Prediction of blends
Model Variables RF parameters’ Class Classcode n  p %R %P n % P-EV n % of hits
EU vs. non-EU 542 NMR-buckets” a EU 1 93 0.50 92 82 193 77 12 72
non-EU 0 93 0.50 83 73 23 64 12 93
EU vs. non-EU 107 NMR-buckets® a EU 1 93 0.50 91 83 193 78 12 72
non-EU 0 93 0.50 88 75 23 74 12 72
EU vs. non-EU 16 NMR-buckets® a EU 1 93 0.50 89 86 193 82 12 94
non-EU 0 93 0.50 74 69 23 57 12 69
EU vs. non-EU 17 PCs b EU 1 93 0.50 91 76 193 75 12 56
non-EU 0 93 0.50 87 73 23 81 12 89
833
834 ! Abbreviations: See Table 1; T, number of decision trees; F, number of features; sub-prop, subsample proportion to be used for drawing the bootstrap

835 learning samples for consecutive steps; seed n, seed for random number generator; MinSL, minimum number of samples required to be in a leaf node;
836  MinChN, minimum number of samples required to split a node in a decision tree; MaxNLv, maximum number of levels in a tree; MaxNn, maximum
837  number of nodes in each tree.
838  ? Three fold cross-validation.
839 3 Tested values of RF parameters: a ) T, 20, 100, 200, 380; F, 10, 20, 25, 30, 50; sub-prop, 0.5, 0.7; seed n, 1; MinSL, 10, 20, 25, 30, 35, 40, 50, 60,
840  100; MinChN, 5, 7, 10, 15, 20, 50; MaxNLyv, 5, 10, 20; MaxNn, 5, 10, 25, 50, 100; b) T, 40, 100, 200, 300; F, 2, 3, 4, 5, 10, 17; sub-prop, 0.5, 0.7; seed

841 n, 1; MinSL, 10, 20, 25, 30, 35, 40, 50; MinChN, 5, 7, 10, 15, 20, 50; MaxNLyv, 5, 10, 20; MaxNn, 5, 10, 25, 50, 100.
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Optimised RF parameters: a ) T, 100; F, 20; sub-prop, 0.7; seed n, 1; MinSL, 20; MinChN, 10; MaxNLv, 10; MaxNn, 100; b) T, 200; F, 4; sub-prop,

0.7; seed n, 1; MinSL, 25; MinChN, 10; MaxNLv, 10; MaxNn, 100.

4 Raw data.
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Table 3

PLS-DA models to discriminate between VOOs produced in the Spanish region of Catalonia using '"H NMR spectral data of the oils: Catalonia versus

non-Catalonia. ">

Cross-validation External validation
Model Dataset PLS-comp Boundary Class Classcode n p %R %P n % P-EV
CAT vs. non-CAT unbalanced 7 0.6195 CAT 1 69 0.70 100 94 102 92
non-CAT 0 29 0.30 100 93
CAT vs. non-CAT  balanced 6 0.5225 CAT 1 29 0.50 100 93 142 90
non-CAT 0 29 0.50 100 90

! Abbreviations: See Table 1; CAT, Catalonia.

2 Autoscaled data, leave-one-out cross-validation.
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