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ARTICLE INFO ABSTRACT

Keywords: This study investigates the potential of 'H NMR spectroscopy for predicting key chemical and sensory attributes
NMR in olive oil. By integrating NMR data with traditional chemical analyses and sensory evaluation, we developed
EYOO . . multivariate models to evaluate the predictive power of NMR spectra coupled with machine learning algorithms
82:;3;;‘:&?31 for 50 distinct olive oil quality parameters, including physicochemical properties, fatty acid composition, total
Cultivar polyphenols, tocopherols, and sensory attributes. We applied Random Forest regression models to correlate NMR
Harvesting spectra with these parameters, achieving promising results, particularly for predicting major fatty acids, total

polyphenols, and tocopherols. We have also found the collected data to be highly effective in classifying olive
cultivars and the years of harvest. Our findings highlight the potential of NMR spectroscopy as a rapid, non-
destructive, and environmentally friendly tool for olive oil quality assessment. This study introduces a novel
approach that combines machine learning with 'H NMR spectral analysis to correlate analytical data for pre-
dicting essential qualitative parameters in olive oil. By leveraging 'H NMR spectra as predictive proxies, this
methodology offers a promising alternative to traditional assessment techniques, enabling rapid determination of
several parameters related to chemical composition, sensory attributes, and geographical origin of olive oil
samples.

Machine Learning

1. Introduction

Olive oil (Olea europaea L.) is a cornerstone of the Mediterranean diet
since antiquity, and has seen a notable increase in global interest and
consumption, including countries without domestic production such as
Canada, Japan and China [1]. This growth is largely attributed to its
recognized sensory appeal, nutritional and health benefits, which derive
from its balanced fatty acid composition - saturated, monounsaturated
(MUFA), and polyunsaturated (PUFA) - and its minor components such
as polyphenols and tocopherols [2-5]. The unique quality traits and
composition of extra virgin olive oil (EVOO) have made it increasingly
desirable, fueling a notable surge in global demand in recent years. In
the European Union, production is expected to reach 2.5 million tons by
2031, representing a 22 % increase compared to 2020 [6]. This trend
highlights the growing global request for high-quality olive oil products
that align with environmentally sustainable practices [7]. To safeguard
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its grade and authenticity, international regulations have been in place
since 1991, outlining stringent analytical criteria for olive oil quality
assessment (European Communities 1991; International Olive Oil
Council 1995). Typically, these assessments rely on traditional analyt-
ical methods, which, although relatively accurate, are often
labour-intensive, costly, and require extensive sample preparation,
chemical-demanding procedures, expensive reference standards, and
laborious experimental settings [8-10]. These limitations have spurred
interest in novel, rapid, and cost-effective analytical techniques capable
of determining multiple quality parameters in a single measurement
[11-13]. Methods like Near-Infrared (NIR) spectroscopy, Mid-Infrared
(MIR) spectroscopy, fluorescence spectroscopy, and Nuclear Magnetic
Resonance (NMR) spectroscopy provide important advantages,
including non-destructive sample analysis, minimal preparation, and
fast data acquisition [14]. NIR and MIR are praised for their
non-destructive, rapid analyses of parameters like fatty acids and
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peroxide value, while fluorescence spectroscopy excels in detecting
early oxidation and compositional changes. However, these techniques
face challenges such as sample heterogeneity and calibration demands
[15-19]. 'H NMR spectroscopy allows the acquisition of the whole
sample spectrum, significantly reducing the preparation time and the
need for large amounts of organic solvents [20,21]. Importantly, NMR
does not alter the sample composition. Another advantage of NMR in
this context is its ability to extract valuable information about the oil by
also analysing minor components. This analysis can reveal details about
adulteration, freshness or oxidation level based on signals related to
f-sitosterol, a-linolenic acid, squalene, water, monoglycerides (MG),
diglycerides (DG), aldehydes, or hydroperoxides [21-24]. NMR coupled
with chemometrics allows for a more comprehensive assessment of olive
oil composition and has the potential to improve the speed and accuracy
of quality control processes in the olive oil industry [24,25]. While other
spectroscopic techniques, such as NIR, MIR, and Raman spectroscopy,
have been widely applied in food quality control due to their speed,
non-destructive nature, and minimal sample preparation, their effec-
tiveness is often limited to broad compositional trends. These methods
are particularly effective for screening bulk properties, such as moisture
content, fatty acid ratios, and peroxide value [10,15,19,26-30]. How-
ever, when it comes to differentiating minor components, detecting
subtle quality markers, or identifying complex molecular interactions,
'H NMR offers a significantly higher chemical resolution. Indeed, NMR
directly detects and quantifies molecular structures within the sample,
making it a more precise and robust technique. Additionally, while NMR
instrumentation may have a higher initial cost than optical spectro-
scopic methods, the actual cost per analysis is relatively low. The
technique requires no expensive reagents, minimal sample preparation,
and allows for high-throughput analysis, making it a cost-effective so-
lution for large-scale olive oil quality control and authentication. The
ability to extract multiple quality parameters from a single rapid mea-
surement enhances both efficiency and accuracy, positioning *H NMR as
a powerful alternative to both traditional and spectroscopic methods in
the evaluation of olive oil authenticity, quality, and traceability. What
sets 'H NMR apart is its capacity to offer a truly holistic approach to
olive oil analysis [31]. Unlike traditional methods that focus on single
parameters or require separate analyses, NMR can simultaneously cap-
ture a wide spectrum of chemical and sensory characteristics [20,32].
This approach enhances efficiency while offering deeper insights into
the interplay between chemical composition and sensory attributes,
which are critical for determining quality and authenticity [33,34].
Furthermore, the non-destructive nature of NMR ensures sample integ-
rity, making it highly suitable for repeated testing and traceability
studies, including geographical and botanical origin verification[35].
In this study, we aimed to explore the potential of 'H NMR spec-
troscopy for the prediction of key chemical and sensory attributes in
olive oil. For the first time, we combined NMR data with traditional
chemical analyses and sensory evaluations from olive oil samples to
develop a multivariate Random Forest regression model capable of
simultaneously predicting a wide range of olive oil attributes. These
include UV spectrophotometric indices (K232, K268), free fatty acid
content (acidity), peroxide value, fatty acid composition, total and
specific polyphenols, total tocopherols, as well as sensory qualities such
as perceived bitterness, sweetness, pungency, and overall pleasantness.
By integrating NMR data with traditional analytical and sensory
evaluation methods, we developed a comprehensive predictive model
capable of evaluating 50 distinct olive oil quality parameters in a single
measurement. Working with monovarietal EVOOs, we successfully
classified olive oils based on the specific olive cultivar used for their
production and the year of harvest, leveraging all available analytical
data. The results of this study underscore the strong potential of NMR
spectroscopy as a powerful tool for olive oil characterization, offering
unprecedented insights into its chemical profile, sensory attributes, and
authenticity markers. Moving forward, further refinements, such as
expanding the dataset to include a broader range of cultivars and
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environmental conditions, will further enhance the robustness and
predictive power of the model. Nonetheless, the integration of 'H NMR
with machine learning algorithms, as demonstrated in this study, rep-
resents a significant advancement in the field of olive oil authentication
and quality control, paving the way for more efficient, accurate, and
scalable analytical solutions in the industry.

2. Materials and methods
2.1. Olive oil samples

A total of 140 monovarietal olive oil bottles were collected between
2017 and 2022, stored in their original dark green glass bottles at room
temperature (~20 °C) under standard household lighting conditions. Of
these, 42 samples were from the Moraiolo cultivar (cv.), 14 from the
Frantoio cv., 51 from the Leccino cv., and 4 from the Leccio del Corno
cv., while 29 samples had unspecified cultivars. These samples were
obtained as part of different research projects, and the olive oils labelled
as “monovarietal” were specifically produced within a project (TIMONE,
[36]) focused on optimizing olive oil processing. Only olives from
distinct, well-identified cultivars were used to ensure the authenticity of
these monovarietal samples, which had a certain and controlled origin.
Regarding the harvest year, 2 samples were declared from the 2017
harvest, 10 from 2018, 38 from 2019, 28 from 2020, 48 from 2021, and
6 from 2022, while the year of harvest was not indicated for 8 samples.
All the 140 samples underwent standard chemical analyses (free acidity,
peroxide value, K232, K268, fatty acid composition, tocopherols, and
polyphenols), while 80 samples were subjected to sensory evaluation. A
total of 340 1D 'H NMR spectra were collected, including triplicate
measurements for 100 samples. To ensure the integrity of the analyses,
all samples were analyzed either immediately after production or upon
receipt or purchase from the market.

2.2. Chemical analyses

The free acidity, peroxide value, UV spectrophotometric indices
(K232, K268), and fatty acid composition of the olive oil samples were
determined following the standard analytical procedures outlined in
EEC Regulation 2568/1991. Tocopherol content was measured accord-
ing to the ISO 9936:2006/Corr.1:2008 method. All analyses were con-
ducted by Analytical s.r.l., ensuring compliance with established
protocols for olive oil quality assessment. UV spectrophotometric
indices were determined using a UV-1601 spectrophotometer (Shi-
madzu, Kyoto, Japan). The fatty acid profile was determined using a GC-
2010 (Shimadzu, Kyoto, Japan). Tocopherol quantification was carried
out with an LC-20AT/RF-20A Liquid chromatograph/Prominence fluo-
rescence detector (Shimadzu, Kyoto, Japan).

2.2.1. Determination of polyphenols in olive oils by High-performance
liquid chromatography (HPLC)

Two grams of olive oil were transferred into a plastic test tube, fol-
lowed by the addition of 1 mL of an internal standard solution (syringic
acid, 1.504 mg mL~! in a MeOH/H,0 80:20 solution) and 5 mL of a
MeOH/H20 80:20 solution [37]. The mixture was homogenized by
vortexing for 1 minute and then sonicated (YJ5120-1 Ultrasonic
Cleaner, Citizen Scale, India) at room temperature for 15 minutes in an
ultrasonic bath. Subsequently, the mixture was centrifuged at 5000 rpm
for 25 min. An aliquot of the resulting supernatant was drawn through a
5 mL plastic syringe and filtered using a 0.45 pm PVDF filter into a
1.5 mL vial. The filtered solution was immediately subjected to chro-
matographic analysis. Chromatographic separation was performed
using an HP 1100 Liquid Chromatograph (Agilent Technologies, Palo
Alto, CA, USA) equipped with a 1100 Autosampler, column heater
module, quaternary pump, diode array detector (DAD), and mass spec-
trometry (MS) detector, with an HP 1100 MSD API-electrospray inter-
face. The column used was a Hypersil Gold QRP-18 (4.6 mm internal
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diameter, 250 mm length, 3 pm particle size; Thermo Electron Corpo-
ration, Austin, TX, USA), coupled with a 10 x 4 mm pre-column of the
same phase, and maintained at 30 °C. Elution was carried out at a flow
rate of 0.8 mL min~! using a mobile phase consisting of water at pH 3.2
(adjusted with formic acid) as solvent A, acetonitrile (B), and methanol
(C). A three-step linear gradient was applied: 2.5-27.5 % of B and C over
45 min, followed by an increase to 50 % over 10 min. The gradient was
then maintained isocratically at 50 % for 5 min. All solvents used were of
HPLC grade. Total phenolic compounds were quantified following the
COI/T.20/Doc. No. 29 analytical method (COI/T.20/Doc.29, 2009).

2.2.2. Sensory evaluation

The sensory evaluation of 80 olive oil bottles was conducted
following a quantitative sensory characterization approach, based on
the methodology previously described by the Department of Agricul-
ture, Food and Environment (DAFE) at the University of Pisa [38]. The
evaluation was carried out by a panel of trained assessors, selected and
trained according to the internal procedure for assessor selection and
training, following the principles established by the International Olive
0il Council (IOC). While the evaluation incorporated key elements of the
official European Union method for olive oil sensory analysis [39], it
was not considered an official panel test for regulatory classification
because the panel size and specific methodological adaptations differed
from the official EU requirements. Each sample was assessed individu-
ally by the panelists, and the final scores were obtained by averaging
their evaluations. The eight key sensory attributes considered in this
study were: olfactory intensity, fruity aroma, taste intensity, bitterness,
pungency, sweetness, developmental stage, and overall pleasantness.
Additional descriptors (rancid, fruity, heated, winey, metallic, and
frostbitten olive) were excluded from the analysis due to incomplete
data.

2.3. 'H NMR analyses

For sample preparation, approximately 60 mg of olive oil (accurately
weighted and recorded) was dissolved in 600 pL of deuterated chloro-
form (CDCls). CDCl;3 provides an effective medium to dissolve lipophilic
components of olive oil, ensuring that the oil molecules, including TGs,
fatty acids and unsaponifiable fractions, dissolve effectively. CDCl3 also
provides a deuterium lock and chemical shift reference (7.24 ppm),
ensuring accurate spectral acquisition and analysis [20,40,41]. A 600 pL
aliquot of this solution was transferred into a 5 mm NMR tube. NMR
spectra were acquired using an AVANCE III 400 MHz Bruker spec-
trometer, operating at 300 K. For each olive oil sample, the following 'H
NMR experiments were conducted [23]: (i) ZGlH, a standard
single-pulse experiment consisting of RD-P(90°)-acquisition of the free
induction decay (FID), and (ii) NOESYGPPS, a one-dimensional "H NMR
pulse sequence with strong suppression of saturating glycerides signals.
For detailed experimental parameters, we refer the reader to Dourou
et al. [42]. Phase and baseline corrections were automatically applied
using Topspin software (version 3.5 pl 7, Bruker BioSpin Srl). The
spectra were aligned to the glycerol signal at 4.30 ppm (-CH20COR).
Prior to statistical analysis, each 'D NMR spectrum was divided into
0.02 ppm chemical shift intervals (bins), and the integration of the
corresponding spectral areas was performed using an in-house devel-
oped R script. This binning or bucketing procedure is a common NMR
pre-processing method used to reduce the number of variables and to
compensate for small shifts in signals, thereby enhancing data robust-
ness and reproducibility. The binned matrix for the ZG1H spectra
covered the full spectral range from 0.2 to 11.9 ppm, excluding the re-
sidual chloroform signal at 7.24 ppm, resulting in an array of 580 bins.
For the NOESYGPPS spectra, the same spectral range was binned
(0.2-11.9 ppm) after removing suppressed saturating signals, reducing
the array to 515 bins. To generate a comprehensive spectrum, the bins
from 11.90 to 5.62 ppm of the NOESYGPPS experiment were combined
with those from 6.20 to 0.30 ppm of the ZG1H experiment. Each
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resulting binned spectrum was scaled based on the oil weight measured
during sample preparation, and total area normalization was applied to
complete the 1D spectral processing phase. A total of 39 molecular
features in olive oil samples were correctly assigned in all spectra
(Fig. 1) using a library of NMR spectra of pure organic compounds,
public databases [43] (e.g. FooDB, PhytoHub, PhenolExplorer, etc.)
storing reference, and literature data [21,44-48].

The quantification of the assigned molecules was performed directly
by integrating the signals in the spectra in a defined spectral range, using
a house-developed tool. For completeness, the molecules assigned and
quantified are listed in Supplementary Table 1, reporting the spectral
region of the assignment. The concentration of cycloartenol, A7 sterols,
p-Sitosterol, squalene, sn-1,2 MG + DG, elenolicacid, oleacein, oleo-
calnthal, formaldehyde, terpenel, terpene2, terpene3, 1-(S)-(E)-eleno-
lide, (E)-2alkenals, oleuropein, alkenals, oleokoronal were calculated as
a molar percentage of the total TGs, obtained integrating the area of the
aCHy, signal (F, 2.36 ppm), assuming that all fatty acids are esterified
and that TGs are the main constituent of EVOO[50,51]. In this way, it is
possible to approximately quantify the percentage content (mol/molrgs)
of any metabolite (x) according to the Equation 1.

mol 0 Ixe6

- 100
molrgs .~ IaCH, o Hx ©

Equation 1. I=Area of the peak; x = metabolite of interest; H=n° of
protons.

Fatty acids values and the calculated NMR concentrations of cyclo-
artenol, A7 sterols, -Sitosterol, squalene, sn-1,2 MG + DG, elenolicacid,
oleacein, oleocalnthal, formaldehyde, terpenel, terpene2, terpene3, 1-
(S)-(E)-elenolide, (E)-2alkenals, oleuropein, alkenals, oleokoronal have
been used together to perform the multivariate analysis to classify cul-
tivars and years of harvest. Further, univariate analysis was applied to
characterize single molecular variations.

2.4. Statistical analysis

To robustly predict n = 42 analytical variables and n = 8 sensory
characteristics, a total of 340 'H NMR spectra were used for the
analytical variables, and 214 '"H NMR spectra were used for the sensory
characteristics. These represent subsets of the total spectra acquired,
selected based on complete analytical and sensory characterization.
Random Forest (RF) regression models were constructed for each vari-
able using 2000 decision trees per model, following established methods
for predictive modelling in chemometrics [52-55]. RF regression is
widely employed in chemometrics due to its robustness in handling
complex datasets and reducing overfitting [56]. To ensure the validity of
the models and prevent overfitting, an iterative leave-one-group-out
cross-validation (LOGO-CV) strategy was implemented. In this scheme,
technical replicates of samples from the same bottle were excluded all
together from the training set, ensuring that the models were evaluated
without influence from similar replicated samples [57]. In each step of
this cross-validation strategy, the replicates of one bottle are leave aside
as validation set, while all the other samples are maintained in the
training set. In this way the overestimation of predictive accuracy is
avoided and the model obtained is more reliable because the model does
not learn any information from the three replicates excluded during
each iteration, in fact when the validation set is tested, in the model
there are not samples from that excluded bottle. The predictive accuracy
of the RF models was assessed by calculating Pearson’s correlation co-
efficient (R), comparing the actual and predicted values of each variable
[58]. Pearson’s R provides a measure of the linear relationship between
predicted and directly measured values, offering a robust indicator of
model performance. The percentage error for each variable was calcu-
lated using the following formula (Equation 2), where the measured
value represents the experimentally measured data, and the predicted
value represents the value obtained from the prediction model:
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Fig. 1. One-dimensional 'H NMR spectra of olive oil in CDCl; (adapted from [49]). ZG (red spectrum); NOESYGPPS (blue spectrum). 1) Cycloartenol(exo); 2)

Cycloartenol (endo); 3) p-Sitosterol/A5sterols; 4) Squalene;

5) hydrogenation (saturation);

6) sn-1,2 MG + DG; 7a)Terpenel; 7b) Terpene2

(24-methylenecycloartanol); 7c) Terpene3; 8) sn-1,2DG; 9a) Hydroperoxides ((Z,E)-conjugated double bonds associated with hydroperoxides (OOH)); 10) Hydro-
peroxides ((E,E)-conjugated double bonds associated with hydroperoxides (OOH)); 9b) Hydroperoxides; 11) Hydroxytyrosol & derivatives; 12) Tyrosol & derivatives;
13) elenolic acid; 14) Formaldehyde; 15) Oleacein (3,4-DHPEAEDA); 16) Oleocalnthal (pHPEAEDA); 17) 1-(S)-(E)-elenolide; 18) (E)-2alkenals; 19) oleuropein; 20)
oleacein+oleocanthal+elenolicacid; 21) alkanals. A) All acyl chains; B) LN-»3; C) All acyl chains; D) All acyl chains; E) Unsaturated FA; F) a-CH2; G) Polyunsaturated
FA; H1) triacylglycerols; H2) triacylglycerols; I) TGs; J) Polyunsaturated chains.

Measured value — Predicted value

Measured value * 100

error% =

Equation 2. Error %

Furthermore, the Robust Coefficient of Determination (R robust) was
calculated using the “rlm” function of the MASS package (version
7.3-64, R software) [59] to provide a more reliable assessment of model
performance in the presence of outliers [60]. Unlike the standard R,
which can be overly sensitive to extreme values, R robust reduces the
influence of such data points by incorporating robust statistical tech-
niques, such as robust multivariate linear regression. This approach
ensures a more stable and realistic evaluation of predictive power.
Additionally, the predictive performance of the models was evaluated
using the Mean Absolute Error (MAE), which measures the average
absolute difference between predicted and actual values [61]. MAE
provides an easily interpretable metric of error magnitude, with lower
MAE values indicating smaller average errors and, consequently, better
model performance. For example, an MAE of 5 would mean that, on
average, the model’s predictions deviate from the actual values by 5
units. Therefore, minimizing MAE is a key goal when assessing the ac-
curacy of prediction models. The Ratio of Performance to Deviation
(RPD) was also used to assess the predictive capability of the models.
RPD is calculated as the ratio between the standard deviation of the
reference data and the RMSEP. It provides an indication of the model’s
ability to predict unknown samples. Higher RPD values indicate better
predictive performance, with the following interpretation thresholds:
RPD < 1.5 indicates poor model performance, not recommended for
prediction; 1.5 < RPD < 2.0 indicates acceptable performance; RPD
> 2.0 indicates excellent predictive ability [62]. To evaluate the per-
formance of RF models built for cultivars and year of harvest classifi-
cations, accuracy (%) and F-score (%) were calculated as a measure of
model performance. Accuracy (%) is defined by the following Equation
3:
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TP+ TN

PR 100
TP+ IN+FP+FN

Accuracy(%) =

Equation 3. FP = false positives, TP = true positives, FN = false
negatives, and TN = true negatives.

The F-score is the harmonic mean of precision and sensitivity, where
precision is defined as the ratio of true positives to the sum of true
positives and false positives, and sensitivity is the ratio of true positives
to the sum of the true positives and false negatives (Equation 4):

Precision e Sensitivity
[ ]

F% = — ——
Precision + Sensitivity

100

Equation 4. F-score %

Perfect performance yields an F-score of 100 %.

This metric was used to assess the models’ ability to accurately
predict categorical sensory data, ensuring balanced performance across
classes, especially when dealing with imbalanced datasets or small
sample sizes. The combined use of Pearson’s R for regression accuracy
and the F-score for classification provides a comprehensive evaluation of
the predictive model’s robustness and effectiveness in forecasting olive
oil quality parameters. All analyses were performed with R software
(version 4.1.0) [63]. The randomForest package [52,53] was used to
build RF models.

3. Results
3.1. Prediction of chemical analyses

The nutritional benefits of olive oil are primarily attributed to its
high content of monounsaturated and polyunsaturated fatty acids [64],
and minor polar compounds with strong antioxidant properties [65,66].
In this study, we evaluated whether the full 'H NMR spectra of olive oil
could be used to accurately predict the concentration of these key
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compounds measured with standard analytical protocols described in
the Section 2.2, which are used to define the chemical profile of olive oil.
RF regression models were applied to correlate whole bucketed 'H NMR
spectra with the analytical values of 42 chemical parameters measured
in olive oil. Separate models were constructed for each parameter.
Table 1 reports the directly quantified and NMR-predicted values, the
standard deviation (SD), Pearson’s correlation coefficient (R) and R?
P-values (P), and the median error percentage (error %), MAE and RPD.
Further performance parameters are reported in Supplementary Table 2.
The regulated physicochemical quality parameters, including free fatty
acids, peroxide value, and UV absorption characteristics (K268 and
K232), were predicted from the H NMR bucketed spectra, yielding R
values of 0.71, 0.78, 0.87, and 0.76, respectively, with corresponding
error percentages of 14.1 %, 14.6 %, 5.8 %, and 9.4 % (Table 1, Sup-
plementary Figure 1). Additionally, individual fatty acid components
were analysed. Olive oil primarily consists of oleic acid (73 % m/m,
percentages calculated from the analytical data collected on the olive oil
samples analysed in this study and reported as mean value in Table 1),
palmitic acid (14 % m/m), linoleic acid (8 % m/m), and stearic acid
(2 % m/m), along with smaller proportions of linolenic and palmitoleic
acids (1 % m/m each). The prediction models for these fatty acids
showed R values ranging from 0.71 (palmitoleic acid) to 0.91 (oleic

Table 1
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acid), with error percentages ranging from 0.54 % (oleic acid) to 8.5 %
(palmitoleic acid) (Table 1, Supplementary Figure 2). Among the less
abundant fatty acids, arachidic acid (0.33 % m/m) was predicted with
an error of 4.4 %, while eicosanoic (0.28 % m/m) and behenic (0.09 %
m/m) acids had errors of 5.9 % and 7.3 % and R values of 0.85, 0.75,
and 0.71, respectively. Other quantified fatty acids, such as margaroleic
acid (0.08 % m/m), lignoceric acid (0.04 % m/m), and margaric acid
(0.03 % m/m), exhibited R values of 0.58, 0.74, and 0.8, with error
percentages of 6.9 %, 16.6 %, and 10.1 %, respectively. RF models for
total polyphenols and their individual components were also evaluated
(Table 1, Supplementary Figure 3). Most detectable polyphenols in olive
oil include simple phenolic acids (e.g, gallic, vanillic, benzoic, cinnamic,
caffeic, and coumaric acids), phenyl alcohols (e.g., hydroxytyrosol,
tyrosol), secoiridoids (e.g, oleuropein, ligstroside), flavonoids (e.g,
apigenin, luteolin), and lignans (e.g., pinoresinol, 1-acetoxypinoresinol).
Among these, secoiridoids and lignans are the most abundant phenolic
compounds in EVOO. The most abundant secoiridoids in olives are
oleuropein and ligstroside, which degrade during olive oil production
into various aglycone forms (e.g., DHPEA-EA, p-HPEA-EA, DHPEA-EDA,
p-HPEA-EDA) and their oxidized derivatives [67]. Phenolic concentra-
tions in olive oil are influenced by several factors, primarily the olive
growing conditions and harvesting time, and the oil extraction protocols

RF regression models performed on chemical parameters measured on olive oil. For each analytical parameter the mean of the directly quantified value (analytic.) and
the spectrum-specific predicted values (pred.) + the standard deviation (sd), the Pearson’s R and Rz, the P-value (P * *<0.001), median of the errors (real measured-
predicted/real measured*100) expressed in % (e %), Mean Absolute Error (MAE) and Ratio of Performance to Deviation (RPD) are reported.

Parameters (Units) mean+sd (analytic.) meanz+sd (pred.) R R? e % MAE RPD P
Free acidity (%oleic acid) 0.31 +0.13 0.3 £0.07 0.71 0.50 14 0.06 1.37 w
Peroxide index (meq/kg) 109 + 4.7 10.7 + 3.22 0.78 0.61 15 2.04 1.59 *
UV (nm)

K 232 2.1 +£0.52 2.1 +£0.38 0.87 0.75 5.8 0.18 1.92 o
K 268 0.14 + 0.04 0.14 £+ 0.02 0.76 0.58 9.4 0.02 1.50 *
Methyl esters of fatty acids (%m/m)

Palmitic acid (C16:0) 13.82 £1.21 13.83 +£0.89 0.87 0.76 2.4 0.46 1.96 o
Palmitoleic acid (C16:1) 1.06 £+ 0.22 1.05 £+ 0.12 0.71 0.50 8.5 0.12 1.39 o
Margaric acid (C17:0) 0.03 £ 0.01 0.03 £ 0.012 0.8 0.64 10 0.01 1.63 *ox
Margaroleic acid (C17:1) 0.08 + 0.02 0.08 + 0.01 0.58 0.34 6.9 0.01 1.21 o
Stearic acid (C18:0) 2.19 +£0.25 2.19 +0.16 0.8 0.63 3.5 0.11 1.61 w
Oleic acid (C18:1) 72.97 +1.65 72.97 +1.24 0.9 0.81 0.5 0.55 2.18 *ox
Linoleic acid (C18:2) 829+ 1.0 8.30 + 0.76 0.91 0.83 2.9 0.32 2.28 o
Linolenic acid (C18:3) 0.79 + 0.14 0.79 + 0.10 0.85 0.72 4.7 0.05 1.85 o
Arachidic acid (C20:0) 0.33 + 0.06 0.33 + 0.04 0.85 0.73 4.4 0.02 1.86 *x
Eicosanoic acid (C20:1) 0.28 + 0.06 0.28 +0.03 0.75 0.56 5.9 0.02 1.45 *ox
Behenic acid (C22:0) 0.09 + 0.02 0.09 £+ 0.01 0.71 0.51 7.3 0.01 1.40 x
Lignoceric acid (C24:0) 0.04 + 0.02 0.04 + 0.01 0.74 0.54 17 0.01 1.46 o
Profile of polyphenols (mg/kg)

DHPEA 10.1 +£13.72 8.73 + 4.81 0.75 0.56 37 4.82 1.28 o
pHPEA 9.43 +12.97 8.18 + 4.56 0.67 0.45 39 4.86 1.23 o
Vanillic acid+Caffeic acid 1.42 4+ 0.80 1.33 +0.32 0.42 0.17 30 0.51 1.09 e
Vanilline 2.52 +1.23 2.46 + 0.53 0.47 0.22 22 0.80 1.13 o
p-coumaric acid 1.58 £ 0.90 1.48 £0.38 0.42 0.18 30 0.57 1.10 x
3,4-DHPEA-AC 1.55+1.16 1.45+ 0.5 0.48 0.23 37 0.69 1.14 o
Ferulic acid 2.05 + 1.30 1.94 £ 0.67 0.54 0.29 34 0.79 1.18 o
o-coumaric acid 1.88 +£1.09 1.78 £ 0.45 0.38 0.15 32 0.68 1.08 x
DHPEA-EDAox 5.25 + 6.32 4.90 + 3.35 0.75 0.57 46 2.51 1.44 o
DHPEA-EDA 57.53 + 60.1 57.41 +47.7 0.93 0.87 34 17.47 2.58 * o
DHPEA-EAglu 19.38 + 34.46 17.91 +18.13 0.82 0.67 61 10.94 1.56 o
DHPEA-EA 43.62 + 46.90 42.35 + 30.11 0.75 0.55 55 4.46 1.47 *x
pHPEA-EDAox 15.28 +£17.44 15.08 +11.74 0.87 0.76 34 5.89 1.90 *
pHPEA-EDA 42.11 + 26.89 42.15 +18.9 0.78 0.61 24 12.30 1.59 o
Pinoresinol, 1-acetoxypinoresinol 21.31 +17.09 20.51 £11.15 0.78 0.62 25 6.73 1.58 o
Cinnamic acid 7.50 + 8.62 6.75 + 4.22 0.73 0.53 40 3.50 1.37 *
p-HPEA-EA 8.80 + 13.08 7.71 + 6.83 0.78 0.61 53 4.70 1.47 o
DHPEA-EA-OH 10.63 + 12.62 9.94 + 7.67 0.75 0.56 42 22.41 1.48 o
p-HPEA-EA-OH 12.58 + 13.62 11.4 +6.03 0.73 0.53 35 5.65 1.34 *x
DHPEA-EA-OHox 15.08 + 8.17 14.64 £ 5.22 0.74 0.55 26 4.19 1.47 *ox
p-HPEA-EA-OHox 49.73 + 45.55 46.91 + 26.10 0.71 0.50 32 20.04 1.39 o
Luteolin 5.48 + 4.39 4.98 +2.03 0.55 0.30 45 2.50 1.18 o
methyl-luteolin 7.99 +5.29 7.81 + 3.01 0.66 0.43 34 3.08 1.32 *ox
apigenin 5.89 + 4.13 5.47 +1.80 0.51 0.26 34 2.50 1.15 o
Total polyphenols (mg/kg) 359.9 + 161.8 360.8 + 137 0.93 0.86 11 48.09 2.62 w
Tocopherols (mg/kg) 303.4 + 105.8 303.8 + 82.4 0.89 0.78 10 38.32 2.10 w
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and storage. EVOO generally has a higher total phenol content than
refined virgin olive oil, with values typically ranging from 100 to
800 mg/kg [68]. The model for total polyphenols demonstrated an
optimal R value of 0.93 with an error percentage of 11.2 %. Tocopherol
concentrations in EVOO range from 97 to 785 mg/kg, contributing to
the protection of lipids against peroxidation and enhancing the oxida-
tive stability of olive oil in combination with polyphenols [69]. Our
model for tocopherol content achieved an R value of 0.89 with an error
percentage of 10.3 % (Table 1, Supplementary Figure 4). In evaluating
model performance, the most reliable predictions were observed for
total polyphenols (R? = 0.86, RPD = 2.62), peroxide index (R* = 0.61,
RPD = 1.59), K232 (R = 0.75, RPD = 1.92), oleic acid (R? = 0.81, RPD
= 2.18), linoleic acid (R*> = 0.83, RPD = 2.28), and DHPEA-EDA (R? =
0.87, RPD = 2.58), and tocopherols (R? = 0.78, RPD = 2.1). These
compounds are key indicators of olive oil quality and stability, rein-
forcing the robustness of the predictive model for these parameters.
Moderate predictions were obtained for compounds such as
DHPEA-EAglu (R? = 0.67, RPD = 1.56), pHPEA-EDAox (R*> = 0.76, RPD
= 1.9), cinnamic acid (R? = 0.53, RPD = 1.37), suggesting need for
improvement with refined models or expanded datasets. However, weak
performances were noted for p-coumaric acid (R*> = 0.18, RPD = 1.10),
ferulic acid (R? = 0.29, RPD = 1.18), o-coumaric acid (R> = 0.15, RPD =
1.08), luteolin (R? = 0.30, RPD = 1.18), and methyl-luteolin (R* = 0.43,
RPD = 1.32), likely due to higher variability in their concentrations or
insufficient data coverage. Additionally, the R? robust coefficient was
calculated and presented in Supplementary Figure 5 and Supplementary
table 2 to assess cases where data points were clustered in specific re-
gions with outliers at extremes. Notably, in some instances, such as
margaroleic acid and DHPEA-EA, the robust R? exhibited better per-
formance, implying that increasing the number of samples and covering
a broader range of values could enhance model accuracy. These findings
highlight the effectiveness of 'H NMR-based prediction models for key
olive oil compounds while underscoring areas where further refinement
could optimize predictive capabilities.

3.2. Prediction of sensory attributes

The RF regression approach was also applied to relate the "H NMR
bucketed spectra to the sensory profiles of olive oil samples. The results
of the RF regression models for each sensory attribute are summarized in
Table 2 and Supplementary Table 3, with corresponding plots provided
in Supplementary Figure 6. Independent models were constructed for
each sensory descriptor, including bitterness, sweetness, pungency, taste
intensity, fruity aroma, olfactory intensity, overall pleasantness, and
developmental stage, using a dataset of 84 distinct olive oil samples. The
NMR-based models yielded promising results for specific sensory char-
acteristics. Notably, the model for olfactory intensity achieved a Pear-
son’s correlation coefficient R= 0.76 with a prediction error of 19.2 %
and a MAE of 0.69 indicating good accuracy. Additionally, the RPD
value of 1.45 suggests that the model provides a reliable and acceptable
level of predictive performance for this variable. Similarly, the model for
bitterness, an attribute that is generally linked to the level of

Table 2

Computational and Structural Biotechnology Journal 27 (2025) 1359-1369

polyphenols, demonstrated a strong correlation with R=0.75 and an
error of 14.9 %, a MAE of 0.97, and an RPD of 1.47, indicating reliable
predictive performance. Likewise, the model for overall pleasantness
achieved a correlation of R= 0.70, with a prediction error of 15.4 %, a
MAE of 1.14, and an RPD of 1.33, suggesting a good level of accuracy in
capturing this complex sensory attribute. Conversely, the predictions for
pungency, gustatory intensity, and developmental stage were moderate,
explaining less than 30 % of the variation, but still providing marginally
useful results. Sweetness and olfactory fruity aroma had the weakest
predictive performance, with R< 0.27, high MAE, and RPD < 1.5,
indicating that the models are unreliable for these attributes, likely due
to their dependence on compounds that are either present at very low
concentrations or not detectable by NMR.

3.3. Direct determination of olive oil composition from NMR spectra

In this study, we also present a comprehensive spectral assignment
and concentration analysis of various metabolites identified in the NMR
spectra of olive oil samples. Detailed information regarding the assigned
metabolites is provided in Supplementary Table 1, which delineates the
specific spectral regions associated with each compound. The metabo-
lites quantified in this analysis include cycloartenol, A7 sterols,
B-sitosterol, squalene, a-CH2, sn-1,2 mono- and diglycerides (MG + DG),
elenolic acid, oleacein, oleocanthal, formaldehyde, and three distinct
terpenes (terpenel, terpene2 and terpene3). Additionally, we quantified
1-(S)-(E)-elenolide, (E)-2-alkenals, oleuropein, alkenals, and oleokoro-
nal. The concentrations of these metabolites were calculated in accor-
dance with Equation 1, as detailed in Section 2.3. The presence and
quantification of these metabolites can be effectively determined from
the 'H NMR spectra of olive oil in CDCls, using the integrals of the peaks
corresponding to the metabolites of interest, alongside the total TG
content, which is derived from the area of the a-CH2 peak at 2.36 ppm in
the NMR spectra. This methodology allows for a reliable assessment of
the metabolite composition in olive oil, contributing valuable insights
into its biochemical profile. For the evaluation of FA composition, we
employed various mathematical equations described by [44], as detailed
in Supplementary Table 4. The equations used for FA quantification
were selected based on their reported accuracy and applicability. Fig. 1
displays the olive oil spectra acquired using the two NMR pulse se-
quences, along with the assignment of proton signals, as summarized in
Supplementary Table 1. To identify the equations that best correlate
with FA profiles determined by GC-FID, a correlation analysis was per-
formed, the results of which are shown in Table 3. As presented in
Table 3, equations 3 and 4 exhibit identical Pearson correlation co-
efficients (R = 0.995) for the prediction of linoleic acid concentration.
However, model 4 shows a lower percentage error (6.25 %) compared to
model 3 (11.34 %), indicating superior predictive accuracy. Conversely,
the quantification of linolenic acid proved to be the most challenging,
with the percentage error between NMR-calculated values and GC-FID
measurements reaching 69.65 %. For oleic acid, equation 2 provided
the most accurate results, with a low error rate of 4 %. In the case of SFA,
model 4 demonstrated the best performance, yielding an error of

RF regression models performed on sensorial profiles of olive oils (score points 1-10). For each analytical parameter the mean of the directly quantified value (an-
alytic.) and the spectrum-specific predicted values (pred.) + the standard deviation (sd), the Pearson’s R, the P-value (P * *<0.001) and the median of the errors (real

measured-predicted/real measured *100) expressed in % (e %) are reported.

Parameters mean+sd (analytic.) mean =+ sd (pred.) R R2 €% MAE RPD P-value
Bitter 2.72 +1.59 2.79+1.18 0.75 0.56 14.9 0.97 1.47 *
Sweet 1.84 + 0.97 1.82 +£0.36 —0.05 0.003 36.7 0.99 0.93 0.45
Pungent 3.31 +1.64 3.37 £ 0.69 0.48 0.23 22.2 1.2 1.12 x
Gustatory intense 3.69 + 0.89 3.75+ 0.51 0.53 0.28 14.1 0.64 1.1 ©
Olfactory fruity 297 £1.13 3.03 + 0.63 0.27 0.07 19.2 0.87 1.04 wx
Olfactory intense 3.42+1.38 3.45 + 1.04 0.76 0.58 19.1 0.69 1.45 *
Overall pleasantness 5.23 +1.95 5.29 +1.24 0.70 0.49 15.4 1.14 1.33 i
Developmental stage 2.36 £ 1.65 2.21 £ 0.75 0.55 0.30 35.9 1.02 1.19 il

1364



G. Meoni et al.

Table 3
Correlation (R) value of GC-FID measured FA and NMR mathematical equations
[1-6] as reported by [44].

1 2 3 4 5 6
Linoleic 0.992 0.992 0.995 0.995
Linolenic 0.708 0.708 0.708 0.648
Oleic 0.974 0.975 0.945 0.944
SFA 0.838 0.854 0.711 0.871 0.499 0.431
MUFA 0.974 0.975 0.946 0.944 0.975 0.450
PUFA 0.991 0.992 0.995 0.994 0.992 0.969

8.84 %. The quantification of MUFA was highly accurate using both
equations 2 and 5, with error percentages of 2.11 % and 2.07 %,
respectively. For PUFA, equation 3 achieved the best correlation with an
error of 5.12 %.

3.4. Characterization of cultivars and year of harvest

RF classification models were also employed to classify olive oil
cultivars (Leccino cv., Moraiolo cv., Leccio del Corno cv., and Frantoio cv.)
and the year of harvest. The models were built using various data
sources: the bucketed NMR spectra matrix, the NMR-quantified mole-
cules matrix, the standard analytical values matrix, and combinations of
these datasets. The performance of the RF models for cultivar classifi-
cation is reported in Table 4, while the classification performance for the
year of harvest is presented in Table 5. The aim of this analysis was to
determine whether these two critical variables (cultivar and harvest
year) could be identified quickly using a single comprehensive analysis,
such as the entire NMR spectrum or a combination of molecular and
analytical data. This could be a valuable tool to guarantee the authen-
ticity of single-varietal oils and to study the influence of the harvest year
on oil quality, thus promoting the optimization of agronomic practices
and extraction processes. The distinctive characteristics of a particular
olive oil are influenced by a combination of genetic makeup, environ-
mental conditions, agricultural practices, and harvest period [23,24,70].
Consequently, tools capable of ascertaining details about the origin of
olive oils are gaining importance in the field of olive oil authentication.
To avoid classification bias due to sample similarity, RF models were
constructed by iteratively and randomly excluding all technical repli-
cates of the same olive oil samples from the training set. Among the
proposed models, those utilizing NMR-quantified metabolites, either
alone or in combination with analytical data, consistently demonstrated
the highest classification accuracy for olive cultivars, reaching 92.9 %
overall. Leccino, Moraiolo, and Frantoio cultivars were particularly
well-classified, with accuracy exceeding 90 %, while Leccio del Corno
exhibited an accuracy of 75 %. For harvest year classification, both the
analytical data model and the combined NMR + analytical model ach-
ieved similar performances, with classification accuracies of 96.1 % and
97.3 %, respectively. However, it was not possible to evaluate and
achieve accurate results for the year 2017, as only two samples were

Table 4

RF classification models performed to classify olive oil cultivars built on NMR
bucketed spectra, NMR quantified molecules, molecules quantified with stan-
dard analytical procedures (Analytical) and model created by combining NMR
quantified and analytical molecules. Accuracy and F-score are reported.

accuracy%; F-score%

cultivar NMR NMR Analytical NMRmol+Ana.
spectra molecules
Leccino 92.1; 62.0 92.8; 62.0 96.1; 64.0 93.5; 63.0
Moraiolo 94.4; 79.0 95.2; 83.0 92.1; 74.0 95.2; 81.0
Leccio del 66.7; 80.0 75.0; 86.0 75.0; 86.0 75.0; 86.0
Corno
Frantoio 95.2; 97.0 97.6; 89.0 69.0; 79.0 92.9; 96.0
Overall 81.8 92.9 89.6 92.6
accuracy
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Table 5

RF classification models performed to classify olive oil harvest year built on
NMR bucketed spectra, NMR quantified molecules, molecules quantified with
standard analytical procedures (Analytical) and model created by combining
NMR quantified and analytical molecules. Accuracy and F-score are reported.

accuracy%; F-score%

year NMR NMR Analytical NMRmol+Ana.
spectra molecules
2017 0;0 50.0; 63.0 0; 0 0;0
2018 20.0; 18.0 40.0; 56.0 40.0; 44.0 40; 33.0
2019 99.1; 76.0 92.1; 82.0 97.4; 67.0 100; 83.0
2020 91.7; 94.0 89.3; 90.0 96.4; 93.0 98.8; 99.0
2021 97.2; 87.0 100; 63.0 100; 95.0 100; 91.0
2022 100; 100 55.6; 71.0 100; 100 100; 100
Overall 93.5 91 96.1 97.3
accuracy

available for model training. Overall, the results suggest that a model
based on a combination of NMR-identified metabolites and standard
analytical data is comprehensive enough to accurately classify both the
olive oil cultivar and the year of harvest. To further ensure that the high
classification accuracy for harvest year recognition was not influenced
by the inclusion of heterogeneous samples, an additional analysis was
performed using a more homogeneous dataset. Specifically, three
distinct models were built using samples from Moraiolo, Leccino, and
Frantoio cultivars, all collected over multiple years from the same pro-
ducer. The results, reported in Table 6, confirm an even stronger clas-
sification performance, with accuracies of approximately 99 % for the
three cultivars. The individual classification accuracies were 98 % for
Moraiolo samples collected in 2019, 2020, and 2021, 94 % for Leccino,
and 100 % for Frantoio samples collected in the same years. These
findings further reinforce the robustness and discriminative power of the
NMR-based approach in capturing inter-annual variations in olive oil
composition. The ability to distinguish harvest years with such high
accuracy, even within oils derived from the same cultivar and producer,
suggests that subtle chemical differences associated with environmental
factors, maturation conditions, and seasonal variations are effectively
detected by the model.

4. Discussion

Ensuring the verification and traceability of olive oil presents a sig-
nificant challenge due to its complex and variable chemical composi-
tion, which is influenced by cultivar, environmental conditions, and

Table 6

Confusion matrices for three RF classification models used to distinguish olive
oil harvest years based on NMR bucketed spectra. The models were built for
three cultivars:(A) Moraiolo, (B) Leccino, and (C) Frantoio, harvested from the
same producer in three different years (2019, 2020, and 2021). The table dis-
plays the number of bottles/samples (n°/s), their actual harvest year, and the
percentage of correctly classified bottles for each year. The overall classification
accuracy for each model is reported in the last row.

n°/s A 2019 2020 2021
14/28 2019 100 0 0
10/30 2020 6.7 93.3 0
18/54 2021 0 0 100
Accuracy 98.2 %

n°/s B 2019 2020 2021
14/28 2019 90.5 0 9.5
12/36 2020 83.3 16.7
25/75 2021 0 0 100
Accuracy 93.8 %

n°/s C 2019 2020 2021
4/8 2019 100 0 0
6/18 2020 0 100 0
4/12 2021 0 0 100
Accuracy 100 %
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production methods. While traditional analytical methods, including
titrations for acidity, GC for fatty acids, and HPLC for polyphenols, are
well-established and validated by regulatory bodies such as the IOC,
they require extensive sample preparation, large sample volumes, and
organic solvents, raising environmental concerns [71,72]. To assess the
quality of virgin olive oil, the IOC endorses a panel test that evaluates
the organoleptic properties of the oil through sensory evaluation. This
method involves trained panelists who assess different characteristics.
While effective in identifying adulterations (such as the addition of
refined oils or synthetic mixtures) this approach falls short of defini-
tively determining the authenticity of olive oil with respect to its
geographical and botanical origins [73]. Furthermore, as highlighted by
Circi et al. [74] and Barbieri et al. [73], the panel test often lacks
reproducibility when applied to commercial extra virgin olive oils with
chemical parameters near regulatory thresholds. Their study demon-
strated significant inconsistencies among different IOC-recognized lab-
oratories, where the same olive oil sample was classified as extra virgin,
virgin, or even lampante depending on the laboratory conducting the
sensory evaluation. This discrepancy raises concerns about the subjec-
tivity and variability of sensory assessments, particularly in cases where
the chemical profile does not strongly distinguish between quality
grades. The introduction of 'H NMR spectroscopy in olive oil quality
assessment marks a significant advancement in analytical efficiency and
sustainability [10]. NMR spectroscopy allows for rapid and reliable data
acquisition while preserving the chemical environment of the analyte.
This method eliminates the need for labour-intensive separation pro-
cesses and reduces chemical waste, facilitating the simultaneous eval-
uation of multiple parameters without complex instrumental setups [24,
71,75,76]. The increasing demand for stringent quality controls and
product traceability in the food sector creates an ideal environment for
the development of NMR-based techniques, which have proven effective
in identifying various substances, uncovering complex frauds, and
studying the effects of food processing and storage, as well as confirming
labels and geographic provenance [20,77-82]. The application of RF
regression models to predict standard analytical values from NMR
spectra represents a promising avenue for fast and non-destructive
analysis. Previous research supports the efficacy of spectroscopic tech-
niques in characterizing olive oil [9,14,75]. Moreover, there is a
growing number of studies based on the use of spectroscopic techniques
that offer an untargeted approach to predicting qualitative attributes
directly from a measurement [26,27,83-85]. Notably, to the best of our
knowledge, this study is the first to utilize RF decision trees for pre-
dicting the chemical composition of olive oil across a broad spectrum of
qualitative parameters, offering a novel approach to evaluating olive oil
quality and composition. The application of RF regression models to
predict physicochemical quality parameters from 'H NMR spectra yiel-
ded promising results, with a relative error of less than 15 % for 17
chemical parameters. Specifically, it has proven to be an effective tool
for the rapid and accurate prediction of major fatty acids (C16:0, C16:1,
C18:0, C18:1, C18:2, C18:3). This is particularly relevant given the
importance of accurate fatty acid profiling in determining olive oil
quality and authenticity [86,87]. By leveraging the comprehensive in-
formation contained within the entire NMR spectrum, the RF models
exhibited superior quantification performance compared to methods
based on isolated spectral regions. This underscores the importance of
utilizing the complete spectral fingerprint for extracting quantitative
information, consistent with findings from other studies employing
similar methodologies for olive oil analysis [88]. The results for the
prediction of total polyphenols and tocopherols highlight the potential
of NMR spectroscopy as a rapid assessment tool for olive oil quality,
which is essential for both producers and consumers [89,90]. While
NMR demonstrated correlations with several chemical and sensory at-
tributes, predicting certain sensory characteristics, such as sweetness
and pungency, showed lower accuracy. This highlights the need for a
more diverse dataset that encompasses a wider range of sensory varia-
tions, potentially including oils from different geographical and climatic
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regions. Our findings suggest that NMR, with its holistic analytical
approach, has the potential to offer a more comprehensive and nuanced
representation of sensory perception compared to the analysis of indi-
vidual compounds. However, the challenge in predicting sensory attri-
butes underscores the importance of expanding the dataset to capture
greater organoleptic variability. Indeed, our results suggest that NMR,
with its ability to analyse a sample holistically, could provide a more
comprehensive and human-like description of sensory perception,
compared to the analysis of individual compounds. However, predicting
sensory attributes proved to be more challenging, indicating a need for
an expanded dataset characterized by greater organoleptic variability.
Despite this limitation, the results affirm the potential of NMR as a rapid
analytical tool for assessing olive oil quality. Additionally, the explora-
tion of cultivar classification and harvest year using RF models con-
tributes to the growing literature on the authenticity and traceability of
olive oils [24,91-93]. In this study, by comparing various available data,
we demonstrate that NMR coupled with machine learning algorithms,
such as RF, significantly contributes to improving the predictive accu-
racy of models, compared to the use of analytical variables alone. While
this study showcases the potential of NMR offering valuable insights into
the chemical and sensory profiling of olive oil, several limitations need
to be addressed to enhance the robustness and the generalizability of the
findings. One limitation is given by the limited sample size for certain
cultivar (such as Leccio del Corno) and certain harvest year (such as
2017). A small dataset may reduce the statistical power of the predictive
models and limit their applicability to a broader range of olive oils. Our
results also indicate variability across different cultivars and year of
harvest. For example, a few 2020 Moraiolo bottles were misclassified as
2019 bottles, suggesting that the annual variability for this cultivar may
not be as pronounced as for others, such as Frantoio, which showed
perfect 100 % classification. Similarly, for the Leccino cultivar, the
variability between years was more pronounced, although some samples
were confused between 2019 and 2020. These observations suggest that
RF models may be sensitive to inter-annual variation in chemical char-
acteristics, but also that certain cultivars, such as Leccino and Moraiolo,
could present additional challenges in situations of high variability,
requiring a larger dataset to further improve classification accuracy. The
reasons for this confusion could include the overlap of similar chemical
compositions between harvest years or variability related to environ-
mental factors and agronomic practices, which may not be fully
captured by the current models. Another significant challenge concerns
the variability in sensory panel evaluations, which can introduce a de-
gree of subjectivity into the dataset. However, it is important to high-
light that NMR-based predictions surpass the inherent inconsistencies of
human sensory panels, which are often influenced by individual biases
and environmental factors. By integrating chemical and spectral data,
this approach provides a more consistent and objective alternative,
reducing the reliance on subjective panel assessments. While refining
sensory evaluation protocols or expanding panel training could further
improve reproducibility, the use of NMR as an analytical tool represents
a substantial advancement in olive oil quality assessment. Despite the
strong performance of the NMR-based model, certain sensory attributes,
such as sweetness, exhibited lower predictive accuracy, with R values
close to zero. This limitation likely arises from three key factors. First,
the complexity of sensory perception: unlike bitterness or pungency,
which correlate with well-defined chemical markers such as poly-
phenols, sweetness may be influenced by compounds present in
extremely low concentrations, masked by dominant molecules [74].
Second, dataset constraints: the limited variability in sweetness scores
across the dataset may have impeded the ability to train a robust pre-
dictive model. Future studies should incorporate a broader range of
sensory profiles to improve prediction accuracy for subtle attributes.
Third, panel subjectivity: sweetness is a highly nuanced and
context-dependent sensory attribute, making it more susceptible to in-
dividual perception and bias. Such variability in training data further
complicates the development of precise predictive models. Predicting
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sensory parameters is inherently more complex than predicting chemi-
cal compounds, even in cases where they cannot be directly quantified
via NMR. While some sensory attributes exhibit clear correlations with
specific spectral peaks or their combinations, allowing for more reliable
predictions, others are influenced by compounds present at very low
concentrations, often below the detection limits of standard NMR
sensitivity. This limitation makes it difficult for the model to capture the
full spectrum of sensory perceptions. Furthermore, certain attributes
may arise from complex molecular interactions rather than from the
presence of specific, easily identifiable markers. In such cases, the model
hardly achieves a reasonable predictive accuracy. These findings
emphasize the need for further methodological refinements and for an
increase in dataset diversity to improve model generalizability. To
address these challenges, several opportunities for improvement
emerge. Expanding the dataset to include a broader range of cultivars,
harvest years, and sensory diversity will be crucial for improving model
accuracy and ensuring its generalizability across different olive oil types.
Beyond its limitations, this study demonstrates the potential of NMR
spectroscopy as a transformative tool for quality control and product
traceability in the industry. The ability to rapidly assess quality, detect
authenticity markers, and classify olive oils by cultivar and harvest year
in a single measurement, positions NMR as a powerful alternative to
conventional methods. As global interest in traceability and quality
assurance continues to grow, NMR-based approaches, coupled with
advanced machine learning algorithms, could redefine the future of
olive oil authentication, ensuring greater transparency and consumer
confidence in the marketplace. Future studies should continue to explore
the implications of these findings and refine NMR and statistical meth-
odologies for enhanced reliability and applicability in olive oil quality
assessment.
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