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A B S T R A C T

This study suggests original holistic approach based on comprehensive analysis of phenolic compounds (HPLC- 
DAD), volatile (including pentene dimers) and terpene compounds (HS-SPME-GC-MS) and sensory analysis by 
the Panel Test to propose practical tools for clustering and quality differentiation of monovarietal extra virgin 
olive oils (MEVOO). The sample-set consisted of 356 MEVOO samples from 13 major Italian cultivars analyzed 
across five production years. Hierarchical Cluster Analysis following genetic algorithm-linear discriminant 
analysis and random forest methods allowed identifying three robust cultivar clusters with similar sensory 
features and selecting nine significant sensory attributes. Models for samples classification in these clusters were 
set and externally validated. Terpenes exhibited the best relationships with sensory clustering (reaching approx. 
92% accuracy), but combining terpene, volatile and phenolic compounds improved accuracy up to 98%. Finally, 
two simplified chemometric models based either on 8 terpenes or 12 combined terpene, volatile, and phenolic 
compounds were proposed for predicting MEVOOs classification in the three clusters.

1. Introduction

Extra virgin olive oil (EVOO) is the highest-quality category of olive 
oil and is widely recognized as the vegetable oil with the most favorable 
sensory and nutritional properties (EFSA, 2009; EFSA, 2011; Peri, Peri, 
2014). EVOO is appreciated globally, with its production historically 
concentrated in the Mediterranean basin, primarily in Spain and Italy, 
but it is recently expanding beyond the natural boundaries of this region 
(COI 2024b). However, the EVOO sector faces several challenges, 
starting with the fight against fraud and the issue of profitability for 
producers.

According to the EU Agri-Food Fraud Network Report (EU, 2020) on 
suspicious non-compliances and potential intentional violations of the 
EU agri-food chain legislation, “Fats and oils” was the most frequently 
reported product category, with majority of cases involving olive oil. 
Recorded olive oil non-compliances typically relate to a failure to meet 
legal limits of the intrinsic physical-chemical and sensory characteristics 
required by EU for EVOO (Barbieri et al., 2020; T. Cecchi and Alfei, 
2013; COI, 2018; COI 2024a; EU 2022a; EU 2022b; Conte et al., 2020). 
These violations often result from fraudulent practices such as mixing 
with cheaper lower-quality oils, adulteration, mislabeling (Cecchi et al., 
2017; Dias et al., 2014), or failure to apply good manufacturing 
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practices.
Like other sectors, olive oil producers may adopt either price-based 

or quality-based competition strategies to improve profitability 
(Morikawa, 2021). Price-based competition is more common in pro
duction systems where a small number of large mills employ highly 
mechanized oil extraction processes using a limited number of olive 
varieties, thereby leading to reduced production costs. Conversely, 
quality-based competition is prevalent in production systems where 
numerous small mills process a wide array of cultivars, leading to 
differentiated quality types of EVOO closely linked to the local territory; 
Italy, with approx. 400 registered cultivars and a lot of small mills, is an 
example of the latter strategy (ISMEA, 2018).

Cultivar diversification appears to be a key factor in enhancing the 
value of EVOO (Campestre et al., 2017; COI, 2018; Ugolini et al., 2024; 
Žanetić et al., 2021). Interest in monovarietal EVOO (MEVOO) is 
growing (Guerrini et al., 2023; Montealegre et al., 2010; Olive Oil Times, 
2023; Ugolini et al., 2024), driven by consumers’ increasing willingness 
to pay premium prices for products with distinctive sensory qualities 
(Bajoub et al., 2018; Delgado & Guinard, 2011; Lukić et al., 2019; Stasi 
et al., 2018). Consequently, ensuring the authenticity and promoting the 
value of MEVOOs (starting with securing their rightful place in 
competitive EVOO awards) has become essential.

Research efforts should focus on addressing the current lack of in
formation regarding the sensory characteristics of MEVOOs (Cecchi, 
Parenti, et al., 2022; Dekhili et al., 2011; Del Giudice et al., 2015; 
ISMEA, 2018; Piccolo et al., 2013) thus providing consumers with 
effective tools to understand and appreciate the sensory profiles of 
MEVOOs from different cultivars. In the EU, the Panel Test is mandatory 
to assess the sensory quality of virgin olive oil. Often, it is primarily 
focused in identifying any sensory defect and a limited set of positive 
attributes such as bitterness, pungency, and fruitiness (ripe or green), 
but it can also assess more in detail a broader range of positive attributes 
typical of samples like MEVOOs, as it happens in EVOO competitions 
(EU 2022a; Conte et al., 2020; Cecchi, Parenti, et al., 2022; Rébufa et al., 
2021; Clodoveo et al., 2022; García-González et al., 2023).

Given that numerous compounds, especially volatile organic com
pounds (VOCs), phenolic compounds and terpenes, contribute to the 
sensory profile of EVOO (Aprea et al., 2018; Blasi et al., 2019; Campestre 
et al., 2017; Cecchi, Migliorini, et al., 2022; T. Cecchi & Alfei, 2013; 
Guth and Grosch, 1993; Kalua et al., 2005; Kesen et al., 2013; Ocakoglu 
et al., 2009; Torres-Cobos et al., 2021; Ugolini et al., 2024; Vichi et al., 
2006; Žanetić et al., 2021), further research effort is needed to explore 
the relationship between chemical composition and sensory character
istics in order to develop models for authenticating and/or clustering 
MEVOOs.

Recent literature has provided promising insights into how specific 
classes of molecules contribute to quality differences among MEVOOs 
from different cultivars (Cecchi et al., 2022; Ugolini et al., 2024). 
Although a clear classification of individual cultivars has not yet been 
achieved, MEVOOs have been successfully classified into clusters of 
cultivars with similar chemical characteristics, regardless of pedocli
matic/agronomic and processing variables. In a study, VOCs have 
proven effective in distinguishing different MEVOO clusters (Cecchi, 
Migliorini, et al., 2022). In this study, 320 MEVOO samples from 9 
cultivars across 4 production years were collected from the main pro
ducing countries in the Mediterranean region. Seventy-two VOCs were 
quantitated via HeadSpace-Solid Phase MicroExtraction-Gas Chroma
tography-Mass Spectrometry (HS-SPME-GC-MS), and chemometric 
methods (i.e., Hierarchical Clustering Analysis (HCA) and Partial Least 
Square-Discriminant Analysis (PLS-DA)) were applied, allowing 94% of 
samples to be correctly classified into three clusters of cultivars: (i) 
Arbequina and Nocellara; (ii) Coratina, Frantoio, Leccino and Moraiolo; 
(iii) Hojiblanca, Picual and Koroneiki. Ten VOCs, eight of which are 
intermediate in the lipoxygenase (LOX) pathway, were identified as key 
discriminators among these clusters. In a second study, volatile hydro
carbon compounds (VHCs) such as terpenes and pentene dimers (a 

group of molecules less studied in the literature) also showed strong 
discriminatory power (Ugolini et al., 2024). In this case, 225 MEVOOs 
from 14 Italian cultivars across 3 production years were analyzed, and 
60 VHCs were quantitated via HS-SPME-GC-MS; chemometric methods 
such as HCA and Linear Discriminant Analysis (LDA) allowed achieving 
a 94% of correct classification across four clusters of cultivars: (i) 
Ascolana Tenera, Casaliva, Leccio del Corno, Moraiolo, Pendolino, 
Frantoio and Leccino; (ii) Coratina, Picholine, Tonda Iblea and Nocel
lara; (iii) Bosana and Peranzana; (iv) Itrana. Among VHCs, sesquiter
penes were the most significant compounds for clusters differentiation. 
Interestingly, some cultivars (i.e., Coratina and Nocellara) were grouped 
differently depending on whether classification was based on VOCs or 
VHCs.

The findings of these previous studies indicate that a more effective 
approach to clustering Italian MEVOOs should integrate all classes of 
chemical compounds associated with the sensory traits typical of mon
ovarietal oils. Furthermore, compared to the previous studies, it is 
essential to integrate the chemical data related to these molecular 
classes with data concerning the sensory profiles of MEVOOs. For this 
reason, a new methodological framework based on the integration of 
chemical and sensory profile data for clustering groups of olive cultivars 
with oils showing similar sensory characteristics and for developing 
simplified chemical predictors is required to cover current literature 
research gap. The proposed approach introduces the following novelties: 
(i) the integration for the first time of sensory data together with mul
tiple chemical classes, including both compounds widely used for EVOO 
characterization, such as VOCs and phenolic compounds, as well as less 
frequently considered classes such as terpenes and pentene dimers; (ii) 
the definition of cultivar clusters based on MEVOO sensory data; (iii) the 
development of chemical-based models for the classification of MEVOOs 
into the clusters defined in point (ii).

Therefore, the aim of this research was to classify major Italian 
cultivars into clusters with similar sensory profiles and to identify which 
volatile, terpene and phenolic compounds best explain these sensory 
clusters. This study therefore proposes an original holistic approach 
consisting, for the first time, of the integration of combined chemical 
(terpenes, LOX VOCs, and phenolic compounds) and sensory data to 
better understand quality differences in MEVOOs. Samples from five 
production years were collected and analyzed. Given the substantial 
volume of experimental data, several chemometric methods (e.g., ge
netic algorithm-linear discriminant analysis, random forest) were 
employed.

2. Material and methods

2.1. Chemicals and standards preparation

Ultrapure water was produced using a Milli-Q-System (Millipore SA, 
Milsheim, France). Standards of tyrosol (purity > 99.5%) and syringic 
acid (purity > 95%), along with the reagents formic acid and phosphoric 
acid, and the HPLC-grade solvents methanol and acetonitrile, were 
purchased from Merck (Darmstadt, Germany). All commercial standards 
(including both external and internal standards) for VOCs and terpenes 
analysis via HS-SPME-GC-MS were purchased as previously reported 
when validating the relating methods (Cecchi et al., 2024; Cecchi et al., 
2019)

Solutions of internal and external standards for VOCs and VHCs 
analyses were prepared according to the Multiple Internal Standard 
Normalization (MISN) approach, by dissolving appropriate amounts of 
the commercial standards in refined olive oil previously verified as free 
from interfering compounds. Following validated methods (Cecchi 
et al., 2019; Cecchi et al., 2024), solutions for building calibration curves 
of VOCs and VHCs were prepared by diluting the internal and external 
standard solutions. Each diluted solution contained a constant amount 
of internal standards and increasing amounts of external standards. 
Solutions were stored at − 20 ◦C until HS-SPME-GC-MS analysis.
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2.2. Samples

The MEVOO samples were collected from olive oil producers, public 
institutions, and associations. All samples were obtained from olives of 
Italian cultivars processed in Italy over five consecutive production 
years; for each production year, each sample was produced by a 
different producer.

A first set of 398 samples were collected during the 2020–2021, 
2021–2022, 2022–2023, and 2023–2024 olive oil production years. 
Samples of cultivars represented by fewer than eight samples were 
excluded from the sample-set, to minimize underestimation of within- 
cultivar variability (they are listed in the annex I of the Supplemen
tary file). This resulted in a sample-set of 282 monovarietal samples: for 
the purposes of this study, 240 of them were labelled as “EVOO#” 
samples, and 42 labelled as “defect” samples (Table 1A). Samples 
labelled as “EVOO#” included all samples with defect ≤ 1 (see Section 
2.7), while samples labelled as “defect” included samples with defect 
> 1. This sample-set was used for defining the sensory clusters and as the 
training-set for building and internally validating the chemometric 
model for MEVOOs classification in the defined clusters. A further set of 
74 samples was collected during the 2024–2025 production year and 
was used as the test-set for the external validation of the chemometric 
model (Table 1B). Samples were analyzed within one month after 
collection; during this period, they were stored in the dark at room 
temperature in sealed 500 mL bottles to minimize headspace and oxygen 
exposure.

Table 1A-B shows the sample-sets categorized by botanical origin, 
production years, and category (i.e., “EVOO#” vs. ”defect” samples). 
The entire data-set is representative of the Italian MEVOO production 
scenario, as it includes 13 major Italian cultivars from different regions, 

as follows: Ascolana Tenera (AT, 19 samples), Bosana (BO, 19), Coratina 
(CO, 67), Frantoio (FR, 36), Itrana (IT, 25), Leccio del Corno (LC, 17), 
Leccino (LE, 31), Maurino (MA, 15), Moraiolo (MO, 29), Nocellara (NO, 
32), Pendolino (PE, 10), Peranzana (PR, 27), and Tonda Iblea (TI, 29).

2.3. 2.3 Analyses for chemical compliance with EU legal limits

The EU legal chemical characteristics of the samples were measured 
according to European Regulations 2104/2022 and 2105/2022 for vir
gin olive oil classification.

2.4. 2.4 HPLC-DAD analysis of phenolic compounds

Phenolic compounds were analyzed according to the official method 
of the International Olive Council (COI, 2022). Briefly, an aliquot of 2 g 
of sample was extracted with MeOH:H2O (80:20, 6 mL including 
syringic acid as the internal standard). A HP1100 liquid chromatog
raphy system equipped with an autosampler, a HP1100 Diode Array 
Detector (Agilent Technology, California, USA) and a SphereClone ODS 
column (5 µm, 250 × 4.6 mm i.d.) (Phenomenex, Bologna, Italy) was 
used to analyze the extract. The injection volume was 20 μL. The eluents 
were acidified water (pH = 2.0, H3PO4), MeOH, and acetonitrile, all 
with HPLC grade. Elution was performed according to the IOC official 
method, and chromatograms were acquired at 280 nm. The internal 
standard method was used to determine the contents of the total phenols 
(TPC) and individual phenolic compounds. Syringic acid was used as the 
internal standard, while tyrosol was employed as the reference com
pound; their response factors were calculated, as well as the relative 
response factor (RRF) given by the ratio of the two response factors. 
Following this, a total of 24 compounds were quantitated (Table S1 of 

Table 1 
A) The sample-set of monovarietal extra virgin olive oils (MEVOOs) used for defining the clusters of cultivars and building the models; B) the independent test-set of 
MEVOO samples used for external validation of the proposed model. “EVOO#”: samples with defect ≤ 1; “Defect”: samples with defect > 1. Under the “Production 
year” columns, the number in the brackets indicates the number of samples of that cultivar that were labelled in the category “defect”.

A)

Cultivar (Code) Total Quality Production year

EVOO# Defect 2020–21 2021–22 2022–23 2023–24

Ascolana Tenera (AT) 19 ​ 15 4 ​ 5 7 (1) 7 (3) 0
Bosana (BO) 14 ​ 10 4 ​ 1 (1) 4 7 (3) 2
Coratina (CO) 47 ​ 46 1 ​ 15 9 16 7 (1)
Frantoio (FR) 27 ​ 25 2 ​ 10 4 10 3 (2)
Itrana (IT) 18 ​ 14 4 ​ 3 3 9 (3) 3 (1)
Leccio del Corno (LC) 12 ​ 12 0 ​ 2 4 5 1
Leccino (LE) 27 ​ 20 7 ​ 8 11 (4) 8 (3) 0
Maurino (MA) 10 ​ 10 0 ​ 4 1 5 0
Moraiolo (MO) 25 ​ 22 3 ​ 10 4 6 (2) 5 (1)
Nocellara (NO) 29 ​ 21 8 ​ 5 8 (3) 10 (2) 6 (3)
Pendolino (PE) 8 ​ 8 0 ​ 5 2 1 0
Peranzana (PR) 24 ​ 17 7 ​ 7 (1) 8 (3) 8 (3) 1
Tonda Iblea (TI) 22 ​ 20 2 ​ 7 2 4 9 (2)
Total 282 ​ 240 42 ​ 82 (2) 67 (11) 96 (19) 37 (10)

B)
Cultivar (Code) Test-set (2024–25) Quality

EVOO# Defect
Ascolana Tenera (AT) 0 0 0
Bosana (BO) 5 5 0
Coratina (CO) 20 20 0
Frantoio (FR) 9 9 0
Itrana (IT) 7 7 0
Leccio del Corno (LC) 5 5 0
Leccino (LE) 4 4 0
Maurino (MA) 5 5 0
Moraiolo (MO) 4 4 0
Nocellara (NO) 3 3 0
Pendolino (PE) 2 2 0
Peranzana (PR) 3 3 0
Tonda Iblea (TI) 7 7 0
Total 74 74 0
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Supplementary Material) using a single response factor, and all results 
were expressed as mgtyr/Kgoil.

2.5. HS-SPME-GC-MS analysis of volatile organic compounds

Volatile organic compounds (VOCs) associated with virgin olive oil 
(VOOx) sensory defects and the C5 and C6 VOCs originating from the 
LOX pathway (LOX VOCs) were analyzed using previous validated 
method (Cecchi et al., 2019). Briefly, 4.3 g of oil and 0.1 g of internal 
standard solution were weighted into a screw-cap vial (total volume: 
20 mL). Volatile compounds were concentrated onto a DVB/CAR/PDMS 
1-cm 50/30 µm SPME fiber (Agilent, Palo Alto, CA, USA) by exposing the 
vials headspace at 45 ◦C for 20 min. GC-MS conditions and quantitative 
details are described in previous article (Cecchi et al., 2019). Only data 
for the 18 C5 and C6 LOX VOCs were processed as described in the 
following sections. These compounds are listed in Table S2 of the Sup
plementary Material, along with the seven C10 pentene dimers analyzed 
as described in Section 2.6.

2.6. HS-SPME-GC-MS analysis of volatile hydrocarbon compounds

Volatile hydrocarbon compounds (VHCs), including monoterpenes, 
sesquiterpenes, and pentene dimers (i.e., seven C10 molecules origi
nating from the LOX pathway), were analyzed using a validated method 
(Cecchi et al., 2024). Briefly, 3.27 g of oil and 0.1 g of internal standard 
solution were weighted into a 20-mL screw-cap vial. VHCs were 
concentrated onto a DVB/CAR/PDMS 1-cm 50/30 µm SPME fiber 
(Agilent, Palo Alto, CA, USA) by exposing the vials headspace at 90 ◦C 
for 60 min. GC-MS conditions and quantitative details are provided in 
previous article (Cecchi et al., 2024) A total of 59 VHCs were quanti
tated, including 24 monoterpenes, 28 sesquiterpenes (Table S3 of Sup
plementary Material), and seven C10 pentene dimers (see Table S2).

2.7. Sensory analysis by the Panel Test

Sensory analysis was performed using the Panel Test method (https: 
//www.internationaloliveoil.org/wp-content/uploads/2024/07/III- 
2.2.COI-T20-Doc.-15-REV-11–2024_EN-1.pdf). The Sensory Panel 
employed in this study consisted of a panel leader and 8–12 trained 
assessors and was officially recognized by the Italian Ministry of Agri
cultural Policies (MIPAAF). This approval is obtained through partici
pation in an annual national proficiency ring test, and its continuation is 
contingent upon the panel’s performance in a yearly evaluation con
ducted by the Member State, with renewal granted only when all pa
rameters assessing alignment with other national panels are met. The 
panel leader and the panellists who took part in the evaluations over the 
five-year period were the same throughout, and were those belonging to 
the professional ANAPOO panel recognized by the MIPAAF. Samples 
were evaluated immediately after bottle opening. Panellists rated each 
attribute on a scale from 0 to 10, and mean scores were determined.

The analysis was carried out adopting a detailed profile sheet kindly 
provided by the ANAPOO association (Montevarchi, Arezzo, Italy), 
which allows the evaluation both of sensory defects and the fruity, 
bitter, and pungent attributes, and of a series of positive attributes 
potentially related to the sensory differences that may occur in high- 
quality monovarietal extra virgin olive oils. In particular, the profile 
sheet is divided in two consecutive sections. The first section is designed 
to evaluate negative and positive sensory attributes for virgin olive oil 
classification according to European Regulations 2104/2022 and 2105/ 
2022, covering the first seven attributes listed in Table S4. Samples were 
initially classified as EVOO if the median of defect score was 0 and the 
median of fruity score was greater than 0, or as non-EVOO if the median 
of fruity score was 0 or the median of defect score exceeded 0. This 
approach, based on the requirement that an oil must be completely free 
of defects to be classified as EVOO, is aimed at commercial classification; 
however, this research is focused on the recognizability of the intrinsic 

characteristics of the cultivar to which the oil belongs, not on its com
mercial categorization. Since a barely perceptible defect does not pre
vent the recognition of the cultivar’s intrinsic traits, it was considered 
inappropriate to exclude an oil in this case. Simultaneously, once a 
defect becomes predominant, it prevents the cultivar fingerprint from 
being recognized. After preliminary clustering experiments showing 
that choosing a median defect threshold of 0.5, 1, or 1.5 led to separate 
defective samples from the other clusters, for the purpose of this study, it 
was assumed that a sample loses the sensory characteristics typical of its 
cultivar of origin when the median defect score exceeds 1. This value 
was adopted as a compromise between a threshold that is not too low (to 
minimize the risk of excluding oils in which the intrinsic characteristics 
of the cultivar are still clearly recognizable) and one that is not too high 
(to minimize the risk of including oils in which the defect is clearly 
predominant over the cultivar characteristics). Therefore, each sample 
with a defect median score between 0 and 1 was still labelled with its 
cultivar name (“EVOO#” in Table 1), while samples with a defect me
dian score greater than 1 were labelled as defective samples (“defect” in 
Table 1). The second section was designed to evaluate several orthonasal 
and retronasal positive attributes that specifically characterize the 
unique sensory features of MEVOOs (i.e., from attribute 8–54 in 
Table S4).

2.8. Data analysis

Various data analysis methods were applied using R software 
(version 4.3.1, The R Foundation for Statistical Computing), including 
the Shapiro–Wilk test, Kruskal–Wallis test, Dunn’s test, Random Forest 
(RF), Linear Discriminant Analysis (LDA), Hierarchical Cluster Analysis 
(HCA), Jaccard cluster stability analysis and consensus matrix compu
tation. An original computer program was also developed in Visual Basic 
(VB6, Microsoft, USA) to process data using a genetic algorithm (GA) 
method (Forrest, 1993), and the pseudocode of the GA-LDA program can 
be found in Annex II of the Supplementary file. Classification of samples 
was performed using two supervised approaches: GA-LDA and RF.

GA-LDA: the LDA method calculates a discriminant function that best 
separates samples into predefined classes by combining a pre- 
established number of variables. Since literature data indicate that 
LDA-based models should be coupled with an appropriate stepwise al
gorithm for variables selection (Aparicio-Ruiz et al., 2019), in this study 
the GA method was used for variable selection. GA is a metaheuristic, 
iterative method inspired by natural selection processes, commonly 
applied to finding high-quality solutions to complex problems. It is 
particularly well-suited to the problem under study, where numerous 
descriptors of different types were measured across many samples. The 
iterative process begins with a set (the population) of randomly gener
ated combinations of variables (the individuals). The performance 
(fitness) of each individual in the population is evaluated, and those 
with better performance are selected. The selected individuals (elite 
individuals) undergo genetic operations such as crossover (recombina
tion) and mutation, generating a new population. This process is 
repeated until an optimal number of generations is reached. The 
following GA parameters, selected after some preliminary trials, were 
set in this study: 

• Number of variables per individual (combination of variables): 4–20
• Number of individuals in the initial population (population size): 100
• Number of generations (populations) was established when pla

teauing of the score value
• Number of selected individuals (elite individuals): 50
• Crossover probability: 1 (all elite individuals)
• Mutation probability: random.

The LDA method was used as the fitness function to evaluate in
dividuals. Accuracy and Class Error Average (CEA) were obtained via 5- 
fold random cross-validation, and the score (S) of the fitness function 
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was calculated by “S = 100 - CEA” so that it would not be influenced by 
class imbalance. Specifically, accuracy was calculated as the number of 
correctly classified samples divided by the total number of samples, 
while CEA was calculated as the percentage of misclassified samples in 
each class, averaged across the total number of classes, where mis
classified samples are those that were assigned to the wrong class. 
Figure S1 in the Supplementary Material shows the flowchart of the 
applied GA-LDA method, with also a more detailed explanation of how 
parameters were set.

RF: the RF method is a machine learning algorithm that combines the 
output of multiple decision trees to reach a single result (Breiman, 
2001). The decision trees are built independently using different subsets 
of data and random combinations of variables. This process, known as 
"bagging" (Bootstrap Aggregating), ensures that each tree differs slightly 
from the others, thereby reducing correlation between trees and 
improving the overall accuracy of the model. In this study, RF models 
were trained using the default parameters of the “caret” package in R. 
Specifically, the number of tree was 500, number of variables tried at 
each split mtry = sqrt(p) with tuneLenght = 3, nodesize = 1, sampsize 
= nrow(data), importance = TRUE, and trainControl (method=
‘repeatedcv’, number = 5).

The RF results were optimized by minimizing the Out-of-Bag (OOB) 
error obtained via 5-fold random cross-validation. The overall accuracy 
was also calculated as the number of correctly classified samples divided 
by the total number of samples.

Both the models were externally validated using the external test-set 
of samples from the 2024–2025 production year.

The unsupervised HCA method was applied to determine the clus
tering of MEVOO samples using the normalized confusion matrices from 
the GA-LDA and RF methods applied to the data from the Panel Test. 
This unconventional clustering approach, in which the confusion 
matrices are interpreted as element of similarity among cultivars, was 
adopted following the aim of grouping cultivars based on the similarity 
of their sensory descriptors, rather than generating clusters of individual 
oils; further details can be found in Annex III of Supplementary file. 
Hierarchical clustering was performed using two distance measures 
(Euclidean and Manhattan) and three linkage methods (Average, Com
plete and Ward2). Since the GA-LDA and RF methods were each 
repeated three times, a total of 2 × 3 × 3 = 18 dendrograms were 
generated for each method, yielding a total of 36 outputs.

The list of compounds included in every model is summarized in 
Table S5.The Shapiro-Wilk test was used to assess the normality of the 
data distributions, revealing that they were not normally distributed. 
Consequently, the Kruskal-Wallis test, a non-parametric method suitable 
for non-normal distributions, was applied to evaluate which sensory or 
chemical variables significantly discriminated between the defined 
clusters of cultivars based on p-values. Dunn’s test was then used to 
determine, for each variable, the significance of differences among the 
clusters of cultivars at p > 0.05. Box-and-whisker plots were also 
generated.

3. Results and discussion

3.1. From sensory profiles to MEVOO clustering

A data matrix was created with the 282 samples summarized in 
Table 1A as rows and the 54 sensory attributes (i.e., the variables, 
Table S4) as columns. Rows were labelled with either the name of 
sample’s cultivar or as “defect” for samples with a median defect score 
> 1, regardless of cultivar. The columns contained the scores for each 
sensory attribute. GA-LDA and RF methods were applied to test the 
ability of the sensory attributes to classify samples into 14 classes (i.e., 
one for each cultivar included in the research along with the class 
“defect”). No model was able to satisfactorily assign sample to their 
correct cultivar, confirming findings from previous studies (Cecchi et al., 
2022; Ugolini et al., 2024).

The confusion matrices obtained from the above application of GA- 
LDA and RF methods were subsequently applied in combination to HCA 
to group the cultivars into clusters based on similarities in their sensory 
profiles. To assess the robustness of clustering, HCA was performed 
across multiple methodological perturbations, including two distance 
measures and three linkage methods, on the 6 confusion matrices 
generated by repeated runs of GA-LDA and RF methods (see Section 2.8), 
yielding a total of 36 clustering solutions, each given by four clusters of 
cultivars. Four different combinations of clusters were obtained 
(Table S6 of Supplementary Material), and clusters stability was here 
evaluated by identifying identical clustering solutions and calculating 
their frequency of occurrence across all solutions (that is a consensus- 
based approach where the frequency represents the percentage a 
given clustering solution emerged across all 36 combinations of models, 
repetitions, distances, and linkage criteria). Three out of these four 
clustering solutions, with overall frequencies of 72.5%, 16.5%, and 5.5% 
respectively (i.e., totalling 94.5%), identified a cluster exclusively 
composed of samples labelled as “defect” regardless of cultivar, sug
gesting that, when pronounced sensory defects are present, the positive 
attributes characteristic of MEVOOs are masked and confirming the 
appropriateness of the selected threshold (i.e., median > 1).

Based on this finding, the 42 “defect” samples (Table 1A) were 
removed from the data matrix, and the clustering process was repeated. 
Using the same approach, HCA applied to the confusion matrices 
derived from GA-LDA and RF resulted in six different combinations of 
three clusters of cultivars (Table 2). The stability of the different clus
tering solutions obtained was evaluated both as described above (fre
quencies calculation) and as Jaccard stability (Table S7 in 
Supplementary file); clustering #1 and #2 consistently exhibited the 
highest overall frequencies (61.5% and 19.5%, respectively) and the 
higher stability according to Jaccard index (0.940 and 0.879, respec
tively). They differed only in the placement of the Ascolana Tenera (AT) 
cultivar. In clustering #2, this cultivar displayed sensory profile simi
larities with Itrana (IT), Nocellara (NO) and Tonda Iblea (TI), while in 
clustering #1, it clustered with Bosana (BO) and Peranzana (PR). This 
situation is furtherly confirmed by the consensus matrix reported in 
Table S8 of Supplementary file: a first block of cultivars (PE, CO, LE, FR, 
LC, MA, MO) showed perfect stability (stability = 1), a second block (TI, 

Table 2 
Clusters based on the similarity of sample sensory profiles, after removing 
“Defect” samples from the data matrix. The percentage indicates the frequency 
of each clustering, which was determined by processing the confusion matrices 
generated by Genetic Algorithm-Linear Discriminant Analysis (GA-LDA) and 
Random Forest (RF) methods. In the last column, the percentage represents the 
overall frequency given by the mean outputs of the GA-LDA and RF methods.

Clustering % (GA-LDA) % (RF) % (TOT)

#1 1. PE, CO, LE, FR, LC, MA, MO 56 67 61.5
2. TI, IT, NO
3. AT, BO, PR

#2 1. PE, CO, LE, FR, LC, MA, MO 17 22 19.5
2. TI, IT, NO, AT
3. BO, PR

#3 1. PE, CO, LE, FR, LC, MA, MO 22 - 11
2. TI, NO
3. AT, BO, PR, IT

#4 1. PE, CO, LE, FR, LC, MA, MO - 6 3
2. TI, NO, IT, BO
3. AT, PR

#5 1. PE, CO, LE, FR, LC, MA, MO 5 - 2.5
2. TI, IT, NO, PR, AT
3. BO

#6 1. PE, CO, LE, FR, LC, MA, MO - 5 2.5
2. TI, IT, NO, BO, AT
3. PR

AT, Ascolana Tenera; BO, Bosana; CO, Coratina; FR, Frantoio; IT, Itrana; LC, 
Leccio del Corno; LE, Leccino; MA, Maurino; MO, Moraiolo; NO, Nocellara; PE, 
Pendolino; PR, Peranzana; TI, Tonda Iblea
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IT, NO) and a third block of cultivars (BO, PR) were almost always 
grouped together (high stability, 0.89–1). In contrast, the cultivar AT 
exhibited intermediate co-clustering values (0.25–0.778), confirming its 
unstable positioning discussed above. Notably, the sensory similarity of 
AT with IT, NO, and TI had already been reported (https://www.olim 
onovarietali.it/database/le-tipologie-sensoriali/). To determine which 
of the two defined clustering solutions was more reliable, the consis
tency of the predictive models based on chemical data was assessed, as 
described in Section 3.2

The role of sensory variables in discriminating among the defined 
clusters in both clustering #1 and #2 was preliminarily evaluated. The 
importance of variables determined from application of GA-LDA and RF 
was considered. The nine most important sensory variables were: 
“Bitterness”, “coffee”, “fruity”, “lettuce”, “pepper”, “thistle”, “tomato 
fruit”, “tomato leaf” and “yellow apple”. The Kruskal-Wallis test was 
applied to these variables, followed by Dunn’s test to assess significant 
differences among clusters at p < 0.05. Finally, box-and-whisker plots 
were generated (Fig. 1). Overall, all clusters exhibited medium-to-high 
intensity of legally recognized sensory attributes, such as “fruity” and 
“bitterness”. The attribute most significant in discriminating the three 
clusters of cultivars was “tomato fruit”. Specifically, cluster 1 in both 
clustering types (namely #1 and #2) was characterized by the highest 
intensities of “bitterness”, “thistle” and “coffee”, and by the lowest in
tensities of “tomato fruit” and “yellow apple”. Cluster 2 displayed more 
complex behaviour, attributable to the absence or presence of the AT 
cultivar in clustering #1 and #2, respectively. It was distinguished by 
the highest intensities of “tomato fruit”, “tomato leaf”, “fruity”, “lettuce” 
and “pepper”, and the lowest intensity of “bitterness”. The intensities of 
“lettuce”, “pepper” and “bitterness” significantly differentiated clusters 
2 from clusters 1 in both clustering #1 and #2, while these attributes 
distinguished cluster 2 from cluster 3 only in clustering #1. Finally, 
cluster 3 exhibited significantly higher intensity of “tomato fruit” than 
clusters 1 in both clustering #1 and #2. It was also characterized by the 
highest intensity of “yellow apple”, which significantly differentiated 
clusters 3 from clusters 1 in both clustering #1 and #2, although it was 

not significant in differentiating clusters 3 from clusters 2.

3.2. Relationships between sensory clusters and minor chemical 
compounds

Chemical data on molecules most frequently associated in the liter
ature with EVOO sensory attributes, namely phenolic compounds, LOX 
VOCs and terpenes (Campestre et al., 2017; Cecchi & Alfei, 2013; Kesen 
et al., 2013; Torres-Cobos et al., 2021; Ugolini et al., 2024) were 
analyzed to assess the relationships between these compounds and the 
cultivar clusters defined based on sensory data (see Section 3.1), iden
tifying which compounds were most effective in explaining the differ
ences among clustering #1 and #2 (Table 2).

A data matrix was created with samples in rows and chemical 
compounds in columns, reporting the quantitative data of each com
pound in each sample. The 240 samples in the rows, excluding the 42 
“defect” samples (Table 1A), were labelled according to their cultivar 
cluster membership. The chemical compounds in the columns 
comprised 24 phenolic compounds, 25 LOX VOCs (including 6 C5, 12 
C6, and 7 C10 compounds), and 52 terpenes (Table S1-S3 of Supple
mentary Material); VOCs associated with virgin olive oil sensory defects 
were not included, as they were considered unsuitable for differentiating 
MEVOO samples based on their typical sensory profiles. Both GA-LDA 
and RF methods were applied, and the discriminatory capabilities of 
phenolic compounds, LOX-related VOCs and terpenes were initially 
examined separately. The confusion matrices obtained are shown in 
Table 3, and Class Error Average (CEA) and accuracy for MEVOOs 
clustering #1 and #2 were compared in Table 4.

The strongest relationship with sensory clusters was observed for 
terpenes in both clustering #1 and #2, confirming the crucial role of 
these molecules in the sensory nuances of MEVOOs (Ugolini et al., 
2024). For both GA-LDA and RF methods, the best results (i.e., highest 
accuracy of approx. 93% and lowest CEA of 8%) were achieved for 
terpenes and clustering #2, with correctly classified samples percent
ages never falling below 84% (see confusion matrices “RF - Clustering 2” 

Fig. 1. Box-and-whisker plot of the sensory attributes selected as able in discriminating clusters of cultivars. For each attribute, different letters indicate statistically 
significant differences among cultivars at p < 0.05, according to the Dunn’s test. The p-value from the Kruskal-Wallis test is also reported. Clustering #1 – Cluster 1 
(C1): Pendolino, Coratina, Leccino, Frantoio, Leccio del Corno, Maurino, Moraiolo; C2: Tonda Iblea, Itrana, Nocellara; C3: Ascolana Tenera, Bosana, Peranzana. 
Clustering #2 – C1: Pendolino, Coratina, Leccino, Frantoio, Leccio del Corno, Maurino, Moraiolo; C2: Tonda Iblea, Itrana, Nocellara, Ascolana Tenera; C3: 
Bosana, Peranzana.
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Table 3 
Confusion matrices obtained applying Genetic Algorithm-Linear Discriminant Analysis (GA-LDA) and Random Forest (RF) methods to test the ability of (A) phenolic 
compounds, (B) LOX VOCs and (C) terpenes in discriminating samples in the three clusters of cultivars according to both clustering #1 and #2. CEA, Class Error 
Average.

A)Phenolic compounds

GA-LDA - Clustering 1 GA-LDA - Clustering 2

Cluster Samples 1 2 3 Cluster Samples 1 2 3

1 143 127 (88.8%) 4 (2.8%) 12 (8.4%) ​ 1 143 132 (92.3%) 6 (4.2%) 5 (3.5%)
2 55 2 (3.6%) 47 (85.5%) 6 (10.9%) ​ 2 70 6 (8.6%) 60 (85.7%) 4 (5.7%)
3 42 6 (14.3%) 5 (11.9%) 31 (73.8%) ​ 3 27 5 (18.5%) 7 (25.9%) 15 (55.6%)
Total 240 Accuracy = 85.4% ​ Total 240 Accuracy = 86.3%

Class Error Average = 17.3% ​ Class Error Average = 22.1%
​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​
RF - Clustering 1 ​ RF - Clustering 2
Cluster Samples 1 2 3 ​ Cluster Samples 1 2 3
1 143 132 (92.3%) 3 (2.1%) 8 (5.6%) ​ 1 143 134 (93.7%) 6 (4.2%) 3 (2.1%)
2 55 3 (5.4%) 47 (85.5%) 5 (9.1%) ​ 2 70 9 (12.9%) 60 (85.7%) 1 (1.4%)
3 42 14 (33.3%) 8 (19.0%) 20 (47.7%) ​ 3 27 10 (37.0%) 11 (40.8%) 6 (22.2%)
Total 240 Accuracy = 82.9% ​ Total 240 Accuracy = 83.3%

Class Error Average = 24.8% ​ Class Error Average = 32.8%

B)LOX VOCs
GA-LDA - Clustering 1 ​ GA-LDA - Clustering 2
Cluster Samples 1 2 3 ​ Cluster Samples 1 2 3
1 143 136 (95.1%) 4 (2.8%) 3 (2.1%) ​ 1 143 133 (93.0%) 10 (7.0%) 0 (0%)
2 55 3 (5.5%) 50 (90.9%) 2 (3.6%) ​ 2 70 6 (8.6%) 62 (88.6%) 2 (2.8%)
3 42 10 (23.8%) 5 (11.9%) 27 (64.3%) ​ 3 27 4 (14.8%) 1 (3.7%) 22 (81.5%)
Total 240 Accuracy = 88.8% ​ Total 240 Accuracy = 90.4%

Class Error Average = 16.6% ​ Class Error Average = 12.3%
​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​
RF - Clustering 1 ​ RF - Clustering 2
Cluster Samples 1 2 3 ​ Cluster Samples 1 2 3
1 143 132 (92.3%) 6 (4.2%) 5 (3.5%) ​ 1 143 137 (95.8%) 6 (4.2%) 0 (0%)
2 55 4 (7.3%) 48 (87.3%) 3 (5.4%) ​ 2 70 10 (14.3%) 58 (82.8%) 2 (2.9%)
3 42 9 (21.4%) 4 (9.6%) 29 (69.0%) ​ 3 27 2 (7.4%) 5 (18.5%) 20 (74.1%)
Total 240 Accuracy = 87.1% ​ Total 240 Accuracy = 89.6%

Class Error Average = 17.1% ​ Class Error Average = 15.8%

C)Terpenes
GA-LDA - Clustering 1 ​ GA-LDA - Clustering 2
Cluster Samples 1 2 3 ​ Cluster Samples 1 2 3
1 143 137 (95.8%) 4 (2.8%) 2 (1.4%) ​ 1 143 135 (94.4%) 7 (4.9%) 1 (0.7%)
2 55 6 (10.9%) 49 (89.1%) 0 (0%) ​ 2 70 11 (15.7%) 59 (84.3%) 0 (0%)
3 42 15 (35.7%) 2 (4.8%) 25 (59.5%) ​ 3 27 1 (3.7%) 0 (0%) 26 (96.3%)
Total 240 Accuracy = 87.9% ​ Total 240 Accuracy = 91.7%

Class Error Average = 18.5% ​ Class Error Average = 8.3%
​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​
RF - Clustering 1 ​ RF - Clustering 2
Cluster Samples 1 2 3 ​ Cluster Samples 1 2 3
1 143 139 (97.2%) 2 (1.4%) 2 (1.4%) ​ 1 143 138 (96.5%) 4 (2.8%) 1 (0.7%)
2 55 8 (14.5%) 47 (85.5%) 0 (0%) ​ 2 70 9 (12.9%) 61 (87.1%) 0 (0%)
3 42 9 (21.4%) 5 (11.9%) 28 (66.7%) ​ 3 27 2 (7.4%) 0 (0%) 25 (92.6%)
Total 240 Accuracy = 89.2% ​ Total 240 Accuracy ¼ 93.3%

Class Error Average = 16.9% ​ Class Error Average ¼ 7.9%

Clustering #1: 1: Pendolino, Coratina, Leccino, Frantoio, Leccio del Corno, Maurino, Moraiolo; 2: Tonda Iblea, Itrana, Nocellara; 3: Ascolana Tenera, Bosana, Per
anzana. Clustering #2: 1: Pendolino, Coratina, Leccino, Frantoio, Leccio del Corno, Maurino, Moraiolo; 2: Tonda Iblea, Itrana, Nocellara, Ascolana Tenera; 3: Bosana, 
Peranzana.

Table 4 
Comparison of accuracy (A) and Class Error Average (CEA) of chemometrics models based on the Genetic Algorithm-Linear Discriminant Analysis (GA-LDA) and 
Random Forest (RF) approaches to predict relationships between chemical compounds content and Monovarietal Extra Virgin Olive Oils (MEVOOs) classification in 
MEVOOs clustering #1 and #2.

Chemical Classes GA-LDA RF

Clustering #1 Clustering #2 Clustering #1 Clustering #2

A (%) CEA (%) A (%) CEA (%) A (%) CEA (%) A (%) CEA (%)

Phenolic compounds (PCs) 85.4 17.3 86.3 22.1 82.9 24.8 83.3 32.8
LOX VOCs 88.8 16.6 90.4 12.3 87.1 17.1 89.6 15.8
Terpenes 87.9 18.5 91.7 8.3 89.2 16.9 93.3 7.9
Terpenes + LOX VOCs 90.8 13.9 95 5.8 91.7 14.2 95.8 5.3
Terpenes + LOX VOCs + PCs 93.3 10.5 96.3 4.8 94.6 9.2 97.5 3.1

Clustering #1: 1: Pendolino, Coratina, Leccino, Frantoio, Leccio del Corno, Maurino, Moraiolo; 2: Tonda Iblea, Itrana, Nocellara; 3: Ascolana Tenera, Bosana, Per
anzana. Clustering #2: 1: Pendolino, Coratina, Leccino, Frantoio, Leccio del Corno, Maurino, Moraiolo; 2: Tonda Iblea, Itrana, Nocellara, Ascolana Tenera; 3: Bosana, 
Peranzana.
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and “GA-LDA - Clustering 2” in Table 3C). Conversely, the weakest 
relationship was observed between terpenes and clustering #1 (with 
lower accuracy and higher CEA), due to a high rate of misclassification 
in cluster 3 (comprising AT, BO and PR cultivars), where correctly 
classified samples percentages never exceeded 67% (see confusion 
matrices “RF - Clustering 1” and “GA-LDA - Clustering 1” in Table 3C). 
Thus, terpene content provides a better explanation for the placement of 
AT in cluster 2 alongside TI, IT and NO cultivars in clustering #2.

To further improve the discriminatory power of terpenes, combina
tions of chemical compound classes was tested, as follows: (i) terpenes 
and LOX VOCs; (ii) terpenes, LOX VOCs and phenolic compounds. The 
confusion matrices obtained are presented in Table 5, and CEA and 
Accuracy percentage values are compared in Table 4. For both GA-LDA 
and RF methods, combining terpenes with other compound classes 
enhanced the discriminating ability. The best performance was 
confirmed for clustering #2: combining terpenes, LOX VOCs, and 
phenolic compounds yielded an accuracy of up to 98% and a CEA of 3%, 
with correctly classified samples percentages never dropping below 92% 
(see confusion matrices “RF - Clustering 2” and “GA-LDA - Clustering 2” 
in Table 5B). Performance for clustering #1 was also improved, 
achieving 95% accuracy and 9% CEA when using the combination of 
terpenes, LOX VOCs and phenolic combination, although a relatively 
high rate of misclassification persisted for cluster 3, where correctly 
classified samples percentages never exceeded 79% (see confusion 
matrices “RF - Clustering 1” and “GA-LDA - Clustering 1” in Table 5B). 
Based on this evidence, Clustering 2 was selected as the more reliable.

The models using all the three classes of compounds (i.e., terpenes, 
LOX VOCs and phenolic compounds) for classifying samples in clusters 
of clustering #2 were those which gave the best performance. Therefore, 
they were two-fold validated: a leave-one-year-out validation was 

conducted to assess potential effect of the production year, while for 
assessing potential model overfitting, an independent test-set 
comprising samples from the 2024–2025 production year was used 
(Table 1B). Table S9 summarizes results of the leave-one-year-out vali
dation, pointing out good stability over production years of both clusters 
and model performance; better results were obtained using RF for all the 
four production years with accuracy ranging from 92.9% (2021–2022) 
to 98.8% (2020–2021) and CEA ranging from 1.7% (2020–2021) to 
10.0% (2020–2021). Results of external validation with samples of 
2024–2025 are shown in Table 6, confirming very satisfactory perfor
mances for both models, again better for RF, with accuracy 93.2% and 
CEA 8.2%. As expected, these results are slightly lower than those ob
tained in internal validation, indicating a generalization gap due to the 
complexity of the model. Indeed, while these good results indicates that 
the models are reasonably robust to year-to-year variations and that 
cluster composition is stable over the years, a slight effect of the year 
also emerges probably together with that of other factors that may affect 
oil characteristics.

3.3. Simplified chemometric models for MEVOOs classification in 
clustering #2

Based on the relationships between chemical compounds and 
cultivar clusters described in Section 3.2, simplified chemometric 
models were developed to classify MEVOO samples into the three 
clusters of clustering #2. The aim was to preliminarily identify the 
smallest combination of variables capable of discriminating among the 
three clusters of cultivars. This strategy was applied using both terpenes 
alone and the combination of terpenes, LOX VOCs and phenolic 
compounds.

Table 5 
Confusion matrices obtained applying Genetic Algorithm-Linear Discriminant Analysis (GA-LDA) and Random Forest (RF) methods to test ability of combined contents 
of (A) terpenes + LOX VOCs and (B) terpenes + LOX VOCs + phenolic compounds to differentiate samples in the clustering #1 and #2. CEA, Class Error Average.

A) Terpenes + LOX VOCs

GA-LDA - Clustering 1 GA-LDA - Clustering 2

Cluster Samples 1 2 3 Cluster Samples 1 2 3

1 143 137 (95.8%) 5 (3.5%) 1 (0.7%) ​ 1 143 135 (94.4%) 7 (4.9%) 1 (0.7%)
2 55 1 (1.8%) 53 (96.4%) 1 (1.8%) ​ 2 70 6 (8.6%) 64 (91.4%) 0 (0%)
3 42 10 (23.8%) 6 (14.3%) 26 (61.9%) ​ 3 27 2 (7.4%) 0 (0%) 25 (92.6%)
Total 240 Accuracy = 90% ​ Total 240 Accuracy = 93.3%

Class Error Average = 15.3% ​ Class Error Average = 7.2%
​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​
RF - Clustering 1 ​ RF - Clustering 2
Cluster Samples 1 2 3 ​ Cluster Samples 1 2 3
1 143 141 (98.6%) 1 (0.7%) 1 (0.7%) ​ 1 143 139 (97.2%) 3 (2.1%) 1 (0.7%)
2 55 2 (3.6%) 52 (94.6%) 1 (1.8%) ​ 2 70 4 (5.7%) 66 (94.3%) 0 (0%)
3 42 11 (26.2%) 4 (9.5%) 27 (64.3%) ​ 3 27 2 (7.4%) 0 (0%) 25 (92.6%)
Total 240 Accuracy = 91.6% ​ Total 240 Accuracy ¼ 95.8%

Class Error Average = 14.2% ​ Class Error Average ¼ 5.3%

B) Terpenes + LOX VOCs + Phenolic compounds
GA-LDA - Clustering 1 ​ GA-LDA - Clustering 2
Cluster Samples 1 2 3 ​ Cluster Samples 1 2 3
1 143 138 (96.5%) 2 (1.4%) 3 (2.1%) ​ 1 143 139 (97.2%) 4 (2.8%) 0 (0%)
2 55 0 (0%) 54 (98.2%) 1 (1.8%) ​ 2 70 5 (7.1%) 65 (92.9%) 0 (0%)
3 42 9 (21.4%) 4 (9.5%) 29 (69.1%) ​ 3 27 1 (3.7%) 1 (3.7%) 25 (92.6%)
Total 240 Accuracy = 92.1% ​ Total 240 Accuracy = 95.4%

Class Error Average = 12.1% ​ Class Error Average = 5.8%
​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​
RF - Clustering 1 ​ RF - Clustering 2
Cluster Samples 1 2 3 ​ Cluster Samples 1 2 3
1 143 142 (99.3%) 0 (0%) 1 (0.7%) ​ 1 143 141 (98.6%) 1 (0.7%) 1 (0.7%)
2 55 1 (1.8%) 52 (94.6%) 2 (3.6%) ​ 2 70 3 (4.3%) 67 (95.7%) 0 (0%)
3 42 4 (9.5%) 5 (11.9%) 33 (78.6%) ​ 3 27 1 (3.7%) 0 (0%) 26 (96.2%)
Total 240 Accuracy = 94.5% ​ Total 240 Accuracy ¼ 97.5%

Class Error Average = 9.2% ​ Class Error Average ¼ 3.2%

Clustering #1: 1: Pendolino, Coratina, Leccino, Frantoio, Leccio del Corno, Maurino, Moraiolo; 2: Tonda Iblea, Itrana, Nocellara; 3: Ascolana Tenera, Bosana, Per
anzana. Clustering #2: 1: Pendolino, Coratina, Leccino, Frantoio, Leccio del Corno, Maurino, Moraiolo; 2: Tonda Iblea, Itrana, Nocellara, Ascolana Tenera; 3: Bosana, 
Peranzana
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Since both GA-LDA and RF consistently showed very satisfactorily 
performance, the simplified chemometric models were developed 
exclusively using the GA-LDA method because it allows the number of 
variables to be selected to be defined a priori. For variables selection, all 
variables were ranked according to the frequency with which they 
appeared in the 10 best combinations of 12 variables selected by the GA. 
Only variables with a frequency of at least 30% were retained for sub
sequent analyses, that was 14 variables in the case of terpenes (Fig. 2A) 
and 16 variables when combining terpenes, LOX VOCs, and phenolic 
compounds (Fig. 2B). Subsequently, the LDA model was run multiple 
times in leave-one-out cross-validation mode, initially using a single 
variable, then progressively adding variables in decreasing order of se
lection frequency. Accordingly, the LDA model was run 14 times for the 
terpene data-set and 16 times for the combined data-set.

The predictive performance of the models as a function of the 
increasing number of variables is shown in Fig. 2. Good results were 
already obtained using only four variables: with terpenes, accuracy of 
83.3% and CEA of 19.1% were achieved, while the combination of 
terpenes, LOX VOCs, and phenolic compounds yielded 87.9% accuracy 
and a CEA of 13.7%. Better predictive performance was obtained as the 
number of variables increased. For terpenes, significant improvement 
was observed up to eight variables (accuracy 90.0%; CEA, 10.3%), while 
for the combined data-set, significant improvement continued up to 
twelve variables (accuracy 95.4%; CEA 6.8%), approaching the accu
racy and CEA achieved by the GA-LDA models without variable selection 
(see Section 3.2). In summary, the simplified chemometric models for 
classifying MEVOO samples into the three clusters of clustering #2 
(which need to be further validated in future steps of the research) were 
based on the following discriminating molecules (shown in bold in 
Figs. 2A and 2B): 

• Predictive model with terpenes only: four polycyclic sesquiterpenes 
with at least two fused rings (α-copaene, β-copaene, β-caryophylene, 
ylangene), one bicyclic bridged sesquiterpene (cis-bergamotene), 
one acyclic sesquiterpene ((Z,E,E)-allofarnesene), one cyclic mono
terpene (γ-terpinene), and one oxygenated monoterpene (linalool).

• Predictive model with terpenes, LOX VOCs and phenolic compounds: 
two secoiridoid derivatives of oleuropein and ligstroside (dia
ldehydic form of oleuropein aglycone and oxidized oleocanthal, 
respectively), five LOX VOCs including one ester ((Z)-3-hexenyl ac
etate), three aldehydes ((E)-2-hexenal, (E)-2-pentenal and hexanal), 
and one alcohol (1-penten-3-ol), and five terpenes, comprising two 

bicyclic bridged sesquiterpenes (cis-bergamotene, sesquisabinene), 
one polycyclic sesquiterpene (α-cubebene), one acyclic sesquiter
pene ((E,Z,E)-allofarnesene) and one acyclic monoterpene ((E,E)- 
cosmene).

To better understand the role of each individual molecule in char
acterizing the different clusters of cultivars, the Kruskal-Wallis test fol
lowed by the Dunn’s test was applied, and box-and-whisker plots were 
generated (Fig. 3). Considering the molecules selected for the predictive 
model using only terpenes (Fig. 3A), cluster 1 (PE, CO, LE, FR, LC, MA, 
MO) was characterized by low levels of all selected terpenes, particu
larly exhibiting lower levels of (Z,E,E)-allofarnesene content compared 
to clusters 2 (TI, IT, NO, AT) and 3 (BO, PR). High contents of polycyclic 
sesquiterpenes with at least two fused rings (α-copaene, β-copaene, 
β-caryophyllene, ylangene) distinguished cluster 2. Cluster 3 exhibited 
the highest levels of cis-bergamotene, consistent with previous literature 
reporting elevated cis- and trans-bergamotene concentrations in Bosana 
and Peranzana MEVOOs (Ugolini et al., 2024). Regarding the molecules 
selected for the predictive model using combined terpenes, LOX VOCs 
and phenolic compounds (Fig. 3B), cluster 1 was primarily characterized 
by high levels of phenolic compounds such as oxidized oleocanthal and 
dialdehydic form of oleuropein aglycone, and low levels of (Z)-3-hex
enyl acetate and (E,Z,E)-allofarnesene. Cluster 2 was distinguished by 
high contents of hexanal, (E)-2-pentenal, α-cubebene, and low levels of 
cis-bergamotene. Finally, cluster 3 was clearly characterized by much 
higher levels of sesquisabinene and cis-bergamotene, again consistent 
with earlier findings (Ugolini et al., 2024), along with high levels of (E,Z, 
E)-allofarnesene and (Z)-3-hexenyl acetate. The higher levels of C6 LOX 
VOC in the (Z)-3- configuration ((Z)-3-hexenyl acetate) in clusters 2 and 
3, compared to cluster 1, and the higher content of a C6 LOX VOC in the 
(E)-2- configuration ((E)-2-hexenal) in cluster 1 than in clusters 2 and 3, 
suggest greater activity of the isomerase enzyme in cultivars belonging 
to cluster 1 (Cecchi et al., 2021; Peres et al., 2017).

4. Conclusions

The GA-LDA-HCA and RF-HCA approaches robustly allowed 
grouping MEVOO samples in the same three clusters of cultivars with 
similar sensory and chemical features: Cluster 1 - Pendolino, Coratina, 
Leccino, Frantoio, Leccio del Corno, Maurino, Moraiolo; Cluster 2 - 
Tonda Iblea, Itrana, Nocellara, Ascolana Tenera; Cluster 3 - Bosana, 
Peranzana. Relationships between sensory profiles and chemical com
pounds were also pointed out. Cluster 1, characterized by the highest 
“bitterness”, also exhibited the highest concentrations of phenolic 
compounds, aligning with the literature. Cluster 2, characterized by the 
highest values of “tomato leaf” and “tomato fruit”, showed the highest 
concentration of specific terpenes (α-cubebene) and LOX VOCs (hexanal, 
(E)-2-pentenal, (E)-2-hexenal). Cluster 3, characterized by the highest 
value of “yellow apple”, exhibited the highest concentrations of some 
terpenes (primarily cis-bergamotene and sesquisabinene) and a LOX 
ester ((Z)-3-hexenyl acetate), known for contributing to the sweet sen
sory notes of EVOO.

The clusters identified in this study are not definitive: other cultivars 
may be added to each of the three clusters, and additional clusters could 
also be defined should different sensory or chemical profiles emerge in 
cultivars not included in this study. However, possible practical appli
cations already result from the proposed clustering approach, once 
transferability across independent laboratories has been demonstrated. 
The definition of entry classes based on MEVOOs with similar sensory 
profiles will lead to more homogeneous competitions in Italian EVOO 
competitive awards, preventing MEVOOs with markedly different pro
files from competing against each other. Moreover, confirmation of the 
MEVOO’s membership in one of the three sensory clusters could be 
supported by the proposed GA-LDA and RF models using combined LOX 
VOCs, terpenes and phenolic compounds data; simplified GA-LDA pre
dictive models based on either eight terpenes or twelve combined 

Table 6 
Confusion matrices obtained during external validation of the Genetic 
Algorithm-Linear Discriminant Analysis (GA-LDA) and Random Forest (RF) 
models applied on the combined data of terpenes + LOX VOCs + phenolic 
compounds to differentiate samples of the test-set (Table 2B) in clustering #2. 
CEA, Class Error Average.

GA-LDA - Clustering 2

Cluster Samples 1 2 3

1 49 46 (93.9%) 3 (6.1%) 0 (0%)
2 17 2 (11.8%) 15 (88.2%) 0 (0%)
3 8 2 (25%) 1 (12.5%) 5 (62.5%)
Total 74 Accuracy = 89.2%

Class Error Average = 18.5%

RF - Clustering 2
Cluster Samples 1 2 3
1 49 46 (93.9%) 3 (6.1%) 0 (0%)
2 17 1 (5.9%) 16 (94.1%) 0 (0%)
3 8 1 (12.5%) 0 (0%) 7 (87.5%)
Total 74 Accuracy = 93.2%

Class Error Average = 8.2%

Clustering #2: 1: Pendolino, Coratina, Leccino, Frantoio, Leccio del Corno, 
Maurino, Moraiolo; 2: Tonda Iblea, Itrana, Nocellara, Ascolana Tenera; 3: 
Bosana, Peranzana
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terpenes, LOX VOCs, and phenolic compounds were also preliminarily 
proposed for this purpose. In order for these potential applications to 
become truly practical, a next validation step is required to demonstrate 
transferability across independent laboratories while maintaining a 
sample-set representative of the different Italian production areas and 
producers.

Finally, this study paves the way for optimization studies of the 
MEVOO production process aimed at enhancing (or at least preserving) 
the sensory differences identified among the three clusters through the 
selective monitoring of chemical compounds content throughout the 
entire MEVOO supply chain.
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Fig. 2. A) Effect of the increasing number of terpenes selected by Genetic Algorithm (GA) on percentage accuracy and class error average (CEA) achieved by running 
LDA, and frequency with which each terpene was selected by GA (the variables with at least 30% frequency were reported). B) Effect of the increasing number of 
combined compounds (terpenes, LOX VOCs, and phenolic compounds) selected by Genetic Algorithm (GA) on percentage accuracy and class error average (CEA) 
achieved by running LDA, and frequency with which each compound was selected by GA (the variables with at least 30% frequency were reported). Accuracy and 
CEA were evaluated from classifications performed running LDA in leave-one-out cross-validation mode (CV-LOO).
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Fig. 3. Box plots and significance of the molecules related to clusters of cultivars in the clustering #2. For each molecule, different letters indicate statistically 
significant differences among cultivars at p < 0.05 according to the Dunn’s test. The p-value from the Kruskal-Wallis test is also reported. (A), terpenes; (B), terpenes 
+ LOX VOCs + phenolic compounds. Clustering 2: C1, Pendolino, Coratina, Leccino, Frantoio, Leccio del Corno, Maurino, Moraiolo; C2, Ascolana Tenera, Tonda 
Iblea, Itrana, Nocellara; C3, Bosana, Peranzana.
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