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This work systematically investigates the oxidation of extra virgin olive oil (EVOO) under accelerated storage
conditions with UV absorption and total fluorescence spectroscopy. With the large amount of data collected, it
proposes a method to monitor the oil’s quality based on machine learning (ML) applied to highly-aggregated
data.

EVOO is a high-quality vegetable oil that has earned worldwide reputation for its numerous health benefits
and excellent taste. Despite its outstanding quality, EVOO degrades over time due to oxidation, which can affect
both its health qualities and flavour. Therefore, it is highly relevant to quantify the effects of oxidation on EVOO
and develop methods to assess it that can be easily implemented under field conditions, rather than in specialized
analytical laboratories.

The ML approach indicates that the two excitation wavelengths (480 nm) and (300 nm) exhibit the maximum
relative change in fluorescence intensity during the ageing for the majority of the oils, thus identifying the
wavelengths which are more informative for quality prediction. Also, the paper proposes a method for the
prediction of olive oil quality using highly-aggregated data. Such a method is of interest because it paves the way
to the realization of a low-cost, portable device for in-field quality control.

The following study demonstrates that fluorescence spectroscopy has the capability to monitor the effect of
oxidation and assess the quality of EVOO, even when the data are highly aggregated. It shows that complex
laboratory equipment is not necessary to exploit fluorescence spectroscopy using the proposed method and that
cost-effective solutions, which can be used in-field by non-scientists, could provide an easily-accessible assess-
ment of the quality of EVOO.

1. Introduction

Extra virgin olive oil (EVOO) is a high-quality product that is widely
consumed due to its health benefits and culinary properties (Frankel,
2011). Its historically predominant Mediterranean diffusion is spread to
non-producing countries, and EVOO is becoming more popular globally.
The assurance of the quality of EVOO, from the production throughout
its shelf life, is therefore becoming of great importance. The quality of
EVOO depends on multiple factors, such as the olive cultivar, the
geographic location, the processing method, and storage conditions, just

to name the most important ones.

During storage, EVOO undergoes chemical and physical changes that
can result in the deterioration of its quality attributes, such as flavour,
aroma, and colour, but also in the loss of nutritional properties. The
main causes of this degradation are autoxidation (in darkness) and
photo-oxidation (in presence of light) which depend on temperature,
time, amount of available oxygen or water, and result in the degradation
of fatty acids, tocopherols and chlorophylls and in formation of primary
and secondary oxidation products (Gomez-Alonso, Salvador, and Fre-
gapane (2004); Mancebo-Campos, Fregapane, and Desamparados
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Salvador (2008); Aparicio-Ruiz, Minguez-Mosquera, and Gandul-Rojas
(2010); Esposto et al. (2017); Lam, Roy, and Chattopadhyay (2020)).

The quantitative assessment of the effects of ageing during storage
and the monitoring of the quality of EVOO throughout its entire life
cycle is crucial to ensure the high quality of the oil is guaranteed until
the expiration time. Previous studies indicate that the concentration of
several compounds change during storage and that the freshness is
significantly influenced by the storage conditions and not only by the
time elapsed from the harvest of the olives (Fadda et al. (2012); Aparicio
Ruiz, Tena Pajuelo, Romero del Rio, Garcia-Gonzalez and Morales
Millan (2017); Conte et al. (2020). The compounds studied include
chlorophylls, carotenoids, tocopherols and lipids (Aparicio-Ruiz and
Gandul-Rojas (2012); Camerlingo, Portaccio, Delfino, Lepore et al.
(2019); Botosoa, Chené, and Karoui (2021); Lopes and Courrol (2023)).
In a comprehensive study over several years using sensory and VOC
analyses it was observed that only 47% of the oils samples collected
worldwide conform to the declared EVOO category (Taiti, Marone,
Fiorino, & Mancuso, 2022).

According to the European Regulation and its amendments (Union,
1991, 2013) the quality assessment of EVOO is performed through a
series of chemical analysis and on sensory evaluation by certified lab-
oratories and panelists respectively. These analyses are time-consuming,
expensive, and are not easily accessible for a large number of producers.
Alternatively to chemical analysis, this work investigates the use of
fluorescence spectroscopy, which has the advantages of being a rapid,
cost-efficient, and at the same time sensitive technique (El Orche,
Bouatia, and Mbarki (2020); Guzman, Baeten, Pierna, and Garcia-Mesa
(2015)). Fluorescence spectroscopy has been demonstrated to be a
technique that can be used successfully to monitor the freshness of
EVOO and the quality of olive oil in general because of the natural
presence of fluorophores in olive oil, the strongest of which is chloro-
phyll (Sikorska et al. (2008); Karoui and Blecker (2011), Lobo-Prieto,
Tena, Aparicio-Ruiz, Garcia-Gonzalez, and Sikorska (2020); Al Riza,
Kondo, Rotich, Perone, and Giametta (2021)). Machine learning (ML)
has emerged as a promising tool for the extraction from spectral analysis
of relevant features and for the objective and efficient evaluation of the
quality of EVOO (Ordukaya and Karlik (2017); Vega-Marquez,
Nepomuceno-Chamorro, Jurado-Campos, and Rubio-Escudero (2020);
Venturini et al. (2021); Zaroual, Chéne, El Hadrami, and Karoui (2022)).
This is because ML algorithms can learn from data to identify patterns
and classify samples based on their quality attributes.

This study aims to contribute to a general understanding of EVOO
ageing by systematically studying the effects of thermal degradation
intended as accelerating ageing condition. This is done by a compre-
hensive spectroscopic analysis of the absorption and fluorescence
properties. To observe general trends in ageing, a high sample vari-
ability was chosen in terms of geographical origin and composition
properties. The quality assessment of EVOO is performed by measuring
the UV-absorption parameters Kogg and Ko3o defined by the European
Regulations (Union, 1991, 2013). It should be noted that although the
EU defined quality assessment includes other parameters not measured
by this study, if an oil exceeds the limits in terms of UV parameters, it
can definitely not be sold as EVOO any more.

The use of ML methods is being explored to determine whether
simple fluorescence sensors can be used to qualitatively control oil
quality in the field and at production and storage sites. Therefore, the
large amount of data is analyzed in an aggregated form. An analysis of
the spectral information is expected to provide additional information.
However, the theses put forward in this work is that a sensor measuring
the fluorescence intensity at one or maximum two excitation wave-
lengths can reliably and robustly predict if the EVOO is still in this
quality class. The advantage of such a sensor would be that, requiring
only one or two LEDs for the excitation and a photodiode for the
detection, its design, dimensions and working principle would be
extremely simple and cheap. Such a sensor, which could be the subject of
future work, would open the way to a fast and easy qualitative
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assessment of the quality of olive oil.

The contributions of this work are four: 1) extensive UV-absorption
spectroscopy measurement at the wavelength specified by the Euro-
pean Regulations over time for commercial EVOO; 2) extensive fluo-
rescence emission analysis of the same oils through the acquisition of
excitation-emission matrices (EMMs); 3) identification of the two
wavelengths for which the overall relative change in the fluorescence is
maximal; 4) proposal of a method for the prediction of olive oil quality
based on aggregated data.

2. Materials and methods
2.1. Extra virgin olive oil samples

This study involves 24 different commercially available extra virgin
olive oils. The oils were chosen to cover a wide range of price classes and
production regions (Italy, Spain, Portugal, Greece, and unspecified in
Europe). The motivation for selecting samples as diverse as possible is
rooted in the authors’ desire to identify behavioral characteristics that
are not specific to factors such as geographical regions or cultivars.
Instead, they aim to discover traits that are common to all EVOO. The
results thus obtained have greater applicability. The list of the EVOOs is
reported in Table 1.

The oxidative stability of olive oils was investigated under acceler-
ated storage conditions, following the modified Schaal oven test Celsius
(Evans, List, Moser, & Cowan, 1973) by holding the samples at 60 °C in
the dark. This approach enables to analyze the oxidation in shorter time
because it reproduces oxidative changes similar to those observed under
actual shelf life conditions (Morales and Przybylski (2013); Man-
cebo-Campos et al. (2008)).

All oils were measured unaged (from a just-opened bottle) and at
nine different time intervals (ageing stages) up to a maximum of 53 days
in the oven. The exact duration of the aging for each ageing step is re-
ported in Table 2.

The samples were prepared from commercial bottles by filling to the
top and hermetically closing 4 ml glass vials to minimize the amount of
oxygen in the headspace. One vial per measurement was prepared: three
samples for each of the 24 oils and for 10 ageing steps for a total of 720
samples. This procedure ensures that all the samples, at all stages, aged
under identical conditions: temperature, darkness, and oxygen in the

Table 1
List of the olive oils samples analyzed in this study and their geographical origin.
IT: Italy, ES: Spain, GR: Greece, PT: Portugal, EU: European not specified.

Label Sample description Origin

A Coop Naturaplan Italienisches Olivenol (BIO) T

B Hacuinda Don Paolo ES

C Monocultivar Nocellara Bio T

D Monini, Toscano IGP IT, Tuscany
E Monini, Classico IT

F Oliva, Favola IT

G Migros, M Classics ES

H Alexis, Manaki GR

1 Migros, Bio Italienische Olivenol T

J Alnatura, Natives Olivenol extra ES

K Migros, Bio Griechisches Olivenél GR

L Demeter, Spanisches Olivenol ES

M Filippo Berio, Il Classico EU

N Demeter, Bio Coop Naturaplan Portugisisches Olivenol PT

o Castillo, Don Felpe ES

P Coop, Naturaplan Bio Griechisches Olivenol GR

Q Demeter, Son Naava ES, Mallorca
R Iliada, Kalamata PDO GR

S Sapori d’Italia, Sicilia IT, Sicily

T San Giuliano, Sardegna DOP IT, Sardinia
U Coop, Naturaplan Bio Spanisches Olivendl ES

A% San Giuliano, Fruttato IT

w San Giuliano, L’Originale IT

X Coop, Qualité-Prix IT, ES, GR
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Table 2
Ageing duration in days for each ageing step.

Ageing step Ageing Duration at 60 °C (days)

unaged
2

4

7

9

18

27

36

45

53

O ONOUDA~WNHO

headspace. The importance of the latter needs not to be underestimated.
In fact, it was shown that the presence of oxygen in the vial’s headspace
directly impacts the oxidation process, leading to an increase in the
concentration of free fatty acids and the peroxide value (Iqdiam et al.,
2020). At each ageing step, three identical samples of the 24 oils, for a
total of 72 samples, were taken from the oven and measured. The
redundancy was done to have multiple measurements of the same oil at
any ageing conditions to check the reproducibility of the results. More
details on EVOOs, sample preparation, and the ageing process are re-
ported in the article (Venturini, Fluri, & Baumgartner, 2023).

2.2. UV-absorption and fluorescence spectroscopy measurements

The quality of EVOOs at the various phases of ageing can be moni-
tored using UV absorption spectroscopy, which provides information on
the degree of oxidation. As olive oil undergoes oxidation, primary and
secondary oxidation products form which are characterized by absorp-
tion in the UV. The European Regulation and its amendments (Union,
1991, 2013) define precise wavelengths at which the UV absorbance
should be measured and clear limits for the maximal absorbance. Ac-
cording to the Regulation the three parameters (called extinction co-
efficients) to quantify the absorbance in the UV are K235, the absorbance
at 232 nm, Kygg, the absorbance at 268 nm, and AK determined from the
absorbance at 264 nm, 268 nm and 272 nm according to the formula

Kyeys — K
Koss (M) ‘ o

AK =
2

The UV spectroscopy extinction coefficients were determined with
an Agilent Cary 300 UV-Vis spectrophotometer on diluted samples. Both
the sample preparation and the measurement method followed the
procedures defined by the European Regulation and its amendments
(Union, 1991, 2013). The three parameters Kz33, Kasg, and AK were
measured for each type of oil and ageing step at a constant temperature
of 22 °C.

The total fluorescence spectroscopy characteristics of the 720 sam-
ples were determined by acquiring the excitation emission matrix
(EEM). The EEMs were measured with an Agilent Cary Eclipse Fluo-
rescence Spectrometer by changing the wavelength of the illuminating
excitation light from 300 to 650 nm in steps of 10 nm and measuring the
intensity of the fluorescence emitted as a function of the wavelength
between 300 and 800 nm in steps of 2 nm. All measurements were made
at a constant temperature of 22 °C on undiluted samples. The detailed
information on the acquisition parameters and procedures of both
spectroscopic techniques are reported in (Venturini et al., 2023). The
complete dataset including both UV-absorption and fluorescence spec-
troscopy raw measurements is publicly available (Venturini, Fluri, &
Baumgartner, 2023).

2.3. Machine learning methods

This work aims to determine whether it is possible to predict if an oil
aged, for example after a long time from processing or in the bottle, is
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still extra virgin using only aggregated information from fluorescence
spectra. The goal is to explore whether a very simple sensor based on the
measurement of the fluorescence intensity, thus with a non-destructive
purely optical method on undiluted samples, could be used to perform
a quality assessment. The motivation for the aggregation of the data is to
explore the potentiality of a low-cost and portable device with a hard-
ware as simple as possible: one or at most two LEDs for the excitation
and a single photodiode for the fluorescence intensity detection. Clearly
the aggregation of the information of such a device poses a serious
challenge as compared to the analysis of the entire EMMs.

Therefore, the proposed approach first requires the identification of
the excitation wavelengths containing the largest amount of information
for this specific purpose (Section 2.3.1). Once the method determines
the most relevant wavelengths, the machine learning algorithm clas-
sifies the oil as EVOO or non-EVOO according to the UV-spectroscopy
criteria of the European regulation (Union, 1991, 2013) (Sections
2.3.2 and 2.3.3).

2.3.1. Information content maximization approach

To identify the fluorescence spectra that contain the most informa-
tion about thermal degradation this work determines at which excita-
tion wavelength 4; i = 1, ..., 35 the resulting fluorescence spectrum
shows the greatest change between different ageing steps. The change is
quantified mathematically with the Relative Error (RE) for a sample j, an
excitation wavelength 4; and an ageing step k defined as

(120 (Ar) = L (A3) I3
RE | 4| =12~ 2V 2 (2)
< ) (150 () 12

where [jx (A;) is a vector whose components represent the intensity at
various emission wavelengths resulting from excitation at the wave-

length A, for sample j and aging step k. H-H% indicates the Euclidean
norm squared, or in other words, the squared sum of all the values of the
vector (the symbol “-” is a placeholder for any possible vector to which
the norm operation can be applied). 11 pixels of the measured spectra
around the excitation frequency were set to zero (5 on the left, 5 on the
right of the excitation frequency and the excitation frequency itself) to
remove the intensity due to Rayleigh scattering.

Given the focus on long-term forecasting, to identify the two exci-
tation wavelengths, A and 1[2], at which the fluorescence changes are
most pronounced, the RE was calculated for k = 9. First the wavelength

/11[1] for which the RE for k = 9 is largest was determined for each oil j.

Then, the number of times that this wavelength appear in the list was
counted. Finally, the two wavelengths that are most common are
selected. Since the fluorophores in olive oil have broad absorption
bands, wavelengths with variations of + 10 nm excite the same fluo-
rophores. Therefore, the wavelength 310 nm can be counted as
“equivalent” to 300 nm. The analysis of the acquired data showed that
taking the average of the three samples or taking one of the samples does
not produce any changes in model performance. For the predictive
models just one of the three samples was used.

2.3.2. Classification model
To classify the sample in EVOO or non-EVOO the following algo-
rithms were tested in this work.

— AdaBoost (with a decision tree as base model initialized with
maximum depth of 1, with 5 estimators and a different random seed
each training run. The algorithm was trained with a learning rate of 1
and the SAMME. R boosting algorithm (Hastie, Rosset, Zhu, & Zou,
2009)).

— Random forest (with 100 estimators and maximum depth of 2).

— Logistic regression.

— Naive Bayes.
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The results reported in this paper are for the AdaBoost algorithm, as
this provided the best results for both parameters Kysg and Ko35. Ada-
Boost is known to outperform other algorithms by sequentially
combining weak learners and assigning higher weights to misclassified
instances, focusing on the most challenging data inputs and thus
creating a robust ensemble model. The results obtained using the other
algorithms are reported in full detail in the additional material. The
AdaBoost algorithm was tested for various values of the number of
learners, from 5 to 50, since this is known to be the parameter with the
largest influence on the results (James, Witten, Hastie, & Tibshirani,
2013). The learning rate was not changed during the tests. The random
forest classifiers were tested for multiple depths, ranging from 50 to 100.

The algorithms classify the oils following the criteria for the UV-
spectroscopy limits for either the parameter Kjeg or the parameter
K>35 for EVOO defined by the European regulation.

— class 1 if Kogg < 0.22 or class 0 if Kygg > 0.22.
— class 1 if Kp33 < 2.5 or class 0 if Ka3p > 2.5.

The parameter AK was not used for the classification since the error on
the measurements is comparable to the overall change observed (see
Section 3.1). The dataset is unbalanced since after 53 days of ageing only
seven oils are bad using the Ko3; criterion and only four oils are still good
using the Kgeg criterion (see Section 3.1). Therefore, a random over-
sampling without replacement was used for the model training (Hastie
et al., 2009). For more information on the chosen models, the reader is
referred to (James et al., 2013).

In order to evaluate models’ performance accuracy, sensitivity, and
specificity were used. Accuracy is simply the ratio of correctly predicted
instances to total instances. To define sensitivity and specificity, it is
necessary first to defined true positives (TP), true negatives (TN), false
negatives (FN) and false positives (FP). Positives and negatives indicate
two classes, which in the case discussed in this paper are good (still
EVOO) or bad quality olive oil (not EVOO).

TP are instances that are correctly predicted as positive by a classi-
fication model. FP are instances that are incorrectly predicted as positive
when they are actually negative. TN are instances that are correctly
predicted as negative by a classification model. FN are instances that are
incorrectly predicted as negative when they are actually positive. Ac-
curacy is defined as

TP + TN

—— 3
TP + TN + FP + FN

accuracy =
Sensitivity, also known as True Positive Rate or Recall, measures the
proportion of actual positive instances correctly predicted and is given
by

TP
sensitivity = —————. 4
sensitivity TP+ EN (@)
Specificity represents the True Negative Rate and is defined as
e TN
specificity = TN L FP 5)

indicating the ability to correctly identify negative instances.

2.3.3. Validation

To validate the model, two different strategies were followed. These
are summarized in Table 3. The approaches reflect the classical valida-
tion methods used in time series (Fan and Yao (2003); McQuarrie and
Tsai (1998)), since the measurements were made at subsequent time
points.

For both methods, an increasing number of ageing steps was used for
the training to determine the amount if information needed for a reliable
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Table 3

An overview of the different training methods used. For both methods an
increasing number of ageing steps for training was used. In Method 1 the vali-
dation is done on step 9; in Method 2 the validation is done on the immediate
next ageing step.

Input ageing steps used Validated on ageing step Validated on ageing step

for training (method 1) (method 2)
4,5 9 6
4,56 9 7
4,5,6,7 9 8
4,5,6,7,8 9 9

5 O,

classification. In Method 1 the validation (prediction of the class) is al-
ways done on the 9th ageing step, and in Method 2 the class at the
immediate next ageing step is predicted. For example, in Method 1 the
REs calculated from the spectra at ageing steps 4 and 5 was used for
training, and the model was validated using the REs corresponding to
the ageing step 9, while in Method 2 the model was validated using the
REs at ageing step 6.

3. Results and discussion
3.1. UV-absorption results

The evolution of the UV extinction coefficients is shown in Figs. 1-3.
The first observation is that, generally, the rates of increase of the three
parameters vary significantly between the samples. This different ageing
patterns may depend, among other factors, on the cultivar of the olive
oils used, on the processing method, and the geographical origin of the
fruits. It is to be noticed that the EVOO labeled C was characterized by a
strong absorption in the UV already before the start of the ageing in this
study, that is in unaged conditions. This indicates that the specific bottle
had already suffered significant ageing and was no longer an EVOO at
the beginning of this study. This can be easily seen in Fig. 2.

Looking at the single extinction coefficients, Fig. 1 shows the values
of Kygg for all samples and the average (as a thick solid black line in the
right panel). Although the average value is not chemically significant
per se, it helps determine if there is a common behaviour despite the
heterogeneous nature of the EVOOs. The results indicate that no sig-
nificant changes are visible in the first 10 days, whereas a clear increase
is visible after 10 days within the measurement errors. Only 4 oils have a
Koeg parameter that is below the threshold after 53 days (indicating still
a high quality). The average rate of change is 0.004/day, the total
change of the average over 53 days is 143 %. Similarly, Fig. 2 shows that
the values of K335 also tend to increase over time, although the change is
less pronounced. At the end of the study, only seven oils have exceeded
the regulatory limit for EVOO. The average rate of change is 0.008/day
and the change of the average over 53 days is 26%.

The behaviour of AK (Fig. 3) mimics the one of Kysg, showing an
appreciable increase only after 10-15 days. The uncertainty on the value
of AK was estimated by repeating the measurement with the same oil at
the same ageing step and was found to be approximately 0.02 (206). Since
the AK values are comparable to the measurement error, it was decided
not to use them as labels for the machine learning model.

The increase in Kogg and Ko3o over time is consistent with the ob-
servations previously reported (Mancebo-Campos et al. (2008); Conte
et al. (2020); Escudero, Ramos, La Rubia, and Pacheco (2016)). It is
important to note that, differently from previous studies, the trends
presented here arise from a variety of samples and are therefore not
specific of a cultivar or of a geographical origin. Additionally, unlike
previous studies, the ageing in this work was performed using closed
vials with the minimum amount of oxygen possible to mimic the storage
conditions of commercial bottles. This precaution avoids the
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Fig. 1. Left panel: UV-Spectroscopy Kz parameter over the time during the ageing at 60 °C. Right panel: average of the values of all the oils and variation during the
ageing. o is the standard deviation at each ageing step. The red line is the limit of Ky according to the European Regulation.
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Fig. 2. Left panel: UV-Spectroscopy K232 parameter over the time during the ageing at 60 °C. Right panel: average of the values of all the oils and variation during the
ageing. o is the standard deviation at each ageing step. The red line is the limit of K535 according to the European Regulation.

demonstrated acceleration of oxidation and reduction of shelf life due to temperature. This is consistent with the fact that the Kygg
associated with oxygen in the headspace (Iqdiam et al., 2020). extinction coefficient is an indicator of the presence of secondary
The results of this work indicate that the absorbance at 268 nm oxidation products (Escudero et al., 2016).

(K26g) is the most sensitive parameter between the three to detect ageing
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Fig. 3. Left panel: UV-Spectroscopy AK parameter over the time during the ageing at 60 °C. Right panel: average of the values of all the oils and variation during the
ageing. o is the standard deviation at each ageing step. The red line is the limit of AK according to the European Regulation.
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Emission (nm)

Fig. 4. Excitation-emission matrices (EEMs) of the 24 EVOO at ageing step 0 (unaged oils). The data are shown in logarithmic scale to make differences more visible.

Figure from (Venturini et al., 2023).

3.2. Fluorescence spectroscopy results

The EEMs of the oils measured immediately after opening the bottles
(Fig. 4) have strong similarities with a small variability in the fluores-
cence characteristics of specific spectral regions. The strongest signal is
clearly the asymmetric band with emission between ca. 650 nm and 750
nm. This band is strongest for excitation wavelengths of 350-400 nm
and 600-650 nm and is attributed to chlorophyll pigments, consistent
with what has previously been reported in the literature (Al Riza et al.
(2021); Sikorska, Khmelinskii, and Sikorski (2012); Zandomeneghi,
Carbonaro, and Caffarata (2005); Baltazar, Hernandez-Sanchez, Die-
zma, and Lleo (2020)). The most evident differences between the oils
arise for excitations between 310 and 350 nm end emissions between
350 nm and 600 nm, such as pyridoxine, vitamins and flavins (Zando-
meneghi et al., 2005). It is difficult to assign these bands because there
are many endogenous molecules which fluoresce in this spectral range.

Additionally, oxidation products that may be present in fresh olive oil
also emit in a spectral range of 400-450 nm (Baltazar et al. (2020); Al
Riza, Kondo, Catalano, and Giametta (2019)). It is to be noticed that the
measurements were performed on undiluted samples. The reason is that
in this work the authors want to identify a method which is as simple as
possible, without any sample handling, to be useable in field conditions
and without special laboratory equipment and knowledge. Therefore,
even if the spectra may be subjected to the inner filter effect (Skoog
et al., 2017), this is either not relevant or can be exploited to be more
sensitive to thermal degradation.

The evolution of the fluorescence emission spectrum with thermal
ageing is shown in Fig. 5 for two selected oils and at three excitation
wavelengths. The excitation wavelengths 300 nm and 480 nm were
chosen because they correspond to those selected by the information
content maximization algorithm described in Section 2.3.1 (see the
discussion in Section 3.3). 400 nm was chosen because it corresponds to
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the absorption band of chlorophylls, which have the strongest fluores-
cence signal, as it can be seen from Fig. 4.

The analysis of the changes shows that there are some common
changes and some oil-specific ones. For an excitation wavelength Ae, =
300 nm, there is a decrease in the intensity of both peaks at ca. 350 and
at ca. 680 nm for all oils. This can be interpreted as an oxidative
reduction of tocopherols and chlorophylls, respectively. On the other
hand, the changes in the region between 400 and 500-550 nm depend
on the oil chemical properties, showing an increase (for example for oil
F, O and P, the latter shown in Fig. 5 in panel (D)), no change (for
example for oil A or H, not shown here), or an unclear evolution (for
example for oil J shown in panel (A) in Fig. 5). This specificity can be
interpreted as the result of the formation of primary and secondary
oxidation products which are expected to be very different in the various
samples due to the heterogeneity of the oil cultivar and geographical
origin. For the excitation wavelength A., = 400 nm there is a general
tendency in the increase of the peak at ca. 680 nm (panel (E) (oil P in
panel (E) in Fig. 5), but such a behaviour is less pronounced in some oils
(for example, oil J, panel (B) in Fig. 5). Significant changes in the
fluorescence spectra were observed for the excitation wavelength Ao, =
480 nm (panels (C) and (F) in Fig. 5). Here there is a consistent increase
in the intensity, which is observed for all the oils investigated both in the
region between 500 nm 625 nm and of the peak at ca. 680 nm. In some of
the oils the shape of the spectra also show a significant change (for
example oil P shown in panel (F) in 5). These results can be interpreted
as the result of the formation of oxidation products, the difference in the
absorption and emission characteristics of chlorophyll a and b and
pheophytin a and b (Galeano Diaz, Duran Meras, Correa, Roldan and

Rodriguez Caceres, 2003) which may be affected differently by the
thermal degradation, in combination with the inner filter effect (Tor-
reblanca-Zanca et al., 2019).

The spectral regions where the fluorescence undergoes the strongest
change can be visualized by calculating the difference of the fluores-
cence intensity at a given ageing step and in unaged condition. This is
shown in Fig. 6 for two selected oils at two ageing steps, namely after 9
and 53 days. In both oils there is an increase (red) of the fluorescence
intensity for excitations above 400 nm and emissions between 650 and
680 nm, whereas the intensity of the shoulder between 680 nm and 700
nm tends to decrease, particularly for excitations below 400 nm. Other
smaller changes are more specific to the oil and reflect the different
chemical composition and heterogeneity of the oils investigated.

3.3. Feature analysis

Using the relative error RE calculated according to Eq. (2), the most
relevant wavelengths resulted A" = 480 nm and 2'?! = 300 nm, which
appeared 15 and 6 times respectively. The remaining three oils showed
maximal RE at 320 nm (twice) and 450 nm (once). It is to be noted that

for oils in which RE did not result highest at 480 nm, for example /1[61] =
450 nm, the second most relevant wavelength in terms of RE was always
480 nm. This motivated the selection /' = 480 nm and 1?! = 300 nm
for all the oils. The results can be interpreted with the help of Fig. 5: for
both A1) = 480 nm and A" = 300 the spectra undergoes significant
changes. Since the RE is normalized by the norm squared, the relative
changes have a more important role than the absolute intensity, which is
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Fig. 6. Difference of the fluorescence intensity at selected ageing step and unaged for two selected oils. Red indicates positive values, blue negative ones. Left panels:
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much stronger for excitation of 400 nm (corresponding to the absorption
of chlorophylls), as discussed in Section 3.2.

The RE allows to identify which excitation wavelength has the
overall strongest impact upon ageing on the fluorescence spectrum. To
be useable for the classification of oil quality, however, RE must corre-
late with changes in the UV parameters. Fig. 7 shows the coefficient Koeg
vs. relative errors RE (480) and RE (300) for two selected oils, and
demonstrates that this is indeed the case. The evolution of the UV
parameter K3, shows a similar behaviour (see Additional Material).

3.4. Predictive models

The performance of the model is quantified in terms of accuracy,
sensitivity, and specificity (Hastie et al., 2009). The results are shown in
Fig. 8, where the metrics are plotted for all the different training listed in
Table 3 and for the classes obtained from the parameters Kogg in panel
(a) and K233 in panel (b), respectively. The results show that the model is
able to detect oils that have passed the thresholds with a high accuracy,
above 90%. As expected, the greater the size of the data set (or, in other
words, the more aging steps employed during training), the better the
performance becomes. When using the parameter Kygg to label the class
(see panel (a) in Fig. 8), already with three ageing steps (in particular 4,5
and 6) the performance is exceptional, with an accuracy of 90%. The
results are consistent with the fact that the RE grows noticeably only
after the first ageing steps, thus including step 6 give the model enough
information on the evolution of the ageing process. This is not reflected
when predicting the class from the parameters Ko3». In this case the best
results are obtained when using all available ageing steps (4,5,6,7 and 8)
as can be seen from panel (b) in Fig. 8. This can be understood in term of
the less sensitivity of this parameter to thermal oxidation as discussed
previously.

The values of the metrics are summarized in Table 4 for clarity. The
values in the table correspond to the training performed using the largest
number of ageing steps. It should be noted that the metric values are the
same in both cases. The reason is that the dataset has only 24 oils, thus
the accuracy, for example, can only assume a discrete set of values (0, 1/
24,1/12, 3/24, etc.).

The results where the validation is done only on the next ageing step
(method 2 in Table 3) are shown in Fig. 9 for the class obtained from Kygg
and K»32 in panels (a) and (b) respectively.

From Fig. 9, and from the comparison with Fig. 8, it can be concluded

1.0

—e— Accuracy
0.2 --e-- Sensitivity
e Specificity

0.0

(4.5) (4,5,6) (4,5,6,7) (4,5,6,7,8)

Ageing steps used for training

Fig. 8. Results for the prediction of the classes at ageing step 9 (Method 1). (A)
Classification done with the class derived from the parameter Kogg. (B) Classi-
fication done with the class derived from the parameter Kj35.
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Table 4

Metrics for the AdaBoost model described in the text. Note that the values are the
same, since the number of oils that are over or under the threshold is very small
and thus the metrics can assume a limited number of values.

Metric Classes derived from Kygg Classes derived from K3,

Predictions on ageing step 9

Accuracy 0.92 0.88
Sensitivity 0.5 0.94
Specificity 0.95 0.71
Predictions on next ageing step

Accuracy 0.92 0.88
Sensitivity 0.5 0.94
Specificity 0.95 0.71

(B)

0.6

Metrics

04 e
. —e— Accuracy
0.2 --e-- Sensitivity

e Specificity

0.0

(4,5) (4,5,6) (4,5,6,7)
Ageing steps used for training

(4,5,6,7,8)

Fig. 9. Results for the prediction of the immediate next ageing step (Method 2).
(A) Classification done with the class derived from the parameter Koeg. (B)
Classification done with the class derived from the parameter Ko3,.

that having enough ageing steps is a pre-requisite for a good prediction.
The best results are obtained when using ageing steps 4,5,6,7 and 8 as
input for the training.

The first point in Fig. 9 in panel (b) requires a discussion. All three
metrics (accuracy, sensitivity, and specificity) are equal to 1. This would
indicate a perfect prediction, but it is in reality to be attributed to a
random effect due (most probably) to the specific data distribution. If
this would be a real effect, this perfect prediction would also be visible
when additional ageing steps are added to the training data. This is not
clearly the case, as can be seen in panel (b) in Fig. 9. Thus, this point
should not be considered as indicating that a model can predict the
quality of oil perfectly.

4. Conclusions

In conclusion, this work makes several significant contributions to
the study of the quality assessment of extra virgin olive oil (EVOO). Four
key contributions can be identified.

Firstly, the work involves extensive UV-absorption spectroscopy
measurements at the specific wavelengths required for the quality
assessment specified by the European Regulations over time for a range
of commercially available EVOOs. The measurements of three parame-
ters (Kasz, Koes, and AK) provide insights into the oxidation processes
giving rise to absorption in the UV range, which is crucial for assessing
EVOO’s quality.

Secondly, the study conducts extensive total fluorescence spectros-
copy analysis of the same oil samples through the acquisition of
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excitation-emission matrices (EMMs). By measuring the fluorescence
intensity at different excitation and emission wavelengths, the study
explores the fluorescence characteristics of EVOOs during different
ageing stages.

Thirdly, the research identifies the two excitation wavelengths (480
nm and 300 nm) that exhibit the maximum relative change in fluores-
cence for the majority of the oils. This finding highlights specific
wavelengths that are highly informative in terms of assessing EVOO
quality based on fluorescence properties.

Lastly, the work proposes a method for the prediction of olive oil
quality based on aggregated data. By considering the fluorescence in-
tensity at the two identified excitation wavelengths, the study employs
machine learning algorithms (such as AdaBoost, Random Forest, Lo-
gistic Regression, and Naive Bayes) to classify EVOOs as either extra
virgin or non-extra virgin based on the UV-spectroscopy criteria defined
by the European regulations with an accuracy above 90%. The advan-
tage of the proposed method, is that it does not require a spectrometer or
spectral analysis for the classification of EVOO: the realization of a
portable device would only require two LEDs for the excitation at the
two identified wavelengths, and one photodiode for the collection of the
integrated fluorescence spectrum. Also, being the oils used in this study
very heterogeneous in olive cultivar, geographical origin and advertised
quality, the authors expect the results to be quite general in validity,
thus with a broad range of applicability. The predictive models,
particularly based on the fluorescence spectra described here, carry
significant practical implications in the field. Potential applications
include the early detection of oxidation or adulteration, enabling pro-
ducers to take corrective actions promptly and maintain product quality.
Additionally, these models may aid in classifying olive oils into different
quality grades, facilitating sorting and pricing strategies. However, it’s
crucial to acknowledge certain limitations. The models heavily rely on
the quality and representativeness of the training data, necessitating a
diverse dataset that encompasses various olive oil types and conditions.
Furthermore, the predictive power of the models may be constrained by
factors not accounted for in the training data, such as variations in
regional characteristics or production methods.

Future research directions of this study may be the expansion of the
analysis to include a larger number of oils, additional analytical pa-
rameters used for quality control or the sensory analysis of the oils
during the oxidation. Additionally, the realization of a compact,
portable fluorescence-based instrument could be realized to test the
proposed method in field.

Overall, the contributions of this work advance our understanding of
EVOO quality assessment by combining UV-absorption spectroscopy,
fluorescence analysis, and machine learning techniques. The findings
provide valuable insights for the development of low-cost and portable
methods for assessing the quality of EVOO, which can have significant
implications for the olive oil industry and consumers.
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