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Abstract

Extra virgin olive oil (EVOO) can degrade during production or storage to virgin olive
oil (VOO) or lampante olive oil (LOO). Fraud can also occur during commercialisation
through the adulteration of EVOO (Ad-EVOO) with cheaper sunflower oil (SFO). Therefore,
rapid screening techniques for quality control are needed. We evaluated an electronic nose
(EN) with chemometrics—linear discriminant analysis (LDA), artificial neural-network
discriminant analysis (ANN-DA), and partial least-squares regression (PLS)—in two sce-
narios: (i) classification into four classes (EVOO, VOO, LOO, and Ad-EVOO adulter-
ated with 25% w/w SFO); and (ii) Ad-EVOO series containing 5-40% w/w SFO. Classes
were corroborated by HS-SPME-GC-MS, with elevated (E)-2-hexenal and 3-hexen-1-ol
in EVOO and increases in nonanal, ethyl acetate, and 2-propanol in deteriorated oils.
Using the EN, LDA separated the classes, and ANN-DA achieved 90% accuracy under
cross-validation, with the greatest confusion between VOO and LOO. In adulteration, dis-
crimination emerged from 20% SFO, and PLS estimated %Ad-EVOO with R?pred = 0.972
(RMSEC/RMSEP = 8.059/5.627). In conclusion, the EN provides objective, rapid, and non-
destructive screening that supports sensory panels and chromatographic analyses during
reception and storage in industrial settings.

Keywords: electronic noise; virgin olive oil; sunflower-oil adulteration; screening

1. Introduction

Virgin olive oil (VOO) is a strategic product in the Mediterranean diet and in the
European agri-food economy. Its commercial classification and protection against fraud
are structured, at the regulatory level, around the International Olive Council (I0OC) panel
test for verification of category and sensory defects [1], cohering with the European Union
framework on marketing standards and official controls [2]. The organoleptic classifi-
cation of virgin oils is based on the median of defect (Md)—the most intense defect in
olfactory—gustatory perception—and the median of fruitiness (Mf) [1,2]. In this work, the
electronic nose (EN) records volatile compounds exclusively and therefore primarily mod-
els the olfactory—retronasal dimension underlying Md and Mf, rather than gustatory or
trigeminal sensations. At the mill, there is a need for rapid, non-destructive instrumental
screening methods that allow classification of samples during processing, storage, and
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commercial operations, and that support real-time decision making without replacing the
official organoleptic assessment, not characterising taste or textural sensations. Extra virgin
olive oil is frequently adulterated by blending with seed or refined oils, mislabelling, and
other economically motivated practices, causing significant economic losses and reputa-
tional damage. Rapid screening methods that triage large sample sets and route suspect
lots to confirmatory analyses are therefore desirable.

From a chemical standpoint, the aroma of VOO is largely explained by its fraction of
volatile organic compounds (VOCs). C6 aldehydes and alcohols from the lipoxygenase
pathway are associated with positive attributes (green/ripe fruitiness), whereas oxidative
evolution and certain fermentative processes increase saturated aldehydes (e.g., hexanal,
nonanal), light acids, and esters, which correlate with sensory defects during storage [3,4].
In this context, the HS-SPME-GC-MS determination of volatiles has been harmonised
and interlaboratory-validated as a chemical support to sensory classification, with a mini-
mum set of diagnostic molecules associated with the main defects (fusty-muddy sediment,
musty-humid-earthy, winey-vinegary, rancid) and with positive attributes [5]. Com-
plementarily, HS-GC-IMS has shown an ability to pre-classify qualities and categories,
suggesting its use as a screening tool prior to the panel [6,7].

In parallel, digital olfaction using electronic noses (ENs) with metal-oxide semicon-
ductor (MOS) sensors and chemometric modelling has become established as a rapid,
non-destructive, low-cost alternative for food screening and adulteration detection [8]. In
olive oil, there is robust prior work demonstrating the detection of blends with seed oils
(e.g., sunflower, rapeseed) using ENs and associated chromatographic techniques [9,10],
supporting their role as an instrumental filter to flag suspect samples and to optimise the
prioritisation of confirmatory analyses. Moreover, the MOS sensors of the device used in
this study have performed well in complex matrices (detection of TCA in sparkling wines,
olfactory monitoring of sourdough fermentations, and evaluation of specialty coffees),
which supports their transferability to industrial oil quality-control scenarios [11-13].

Even with their regulatory and training value, the literature discusses inter-panel re-
producibility, alignment, and reference materials for training and quality control of sensory
panels, proposing alignment schemes, alternative performance metrics, and certification of
stable reference oils [14-16]. In parallel, instrumental screening techniques (HS-GC-IMS,
MOS-based ENs) are advancing with robust models and cross/external validations, but
they still face challenges in the domain of applicability (cultivars, harvests, storage ma-
trices), drift and periodic calibration, as well as the need for interlaboratory validations
and guidelines for integration with the panel to avoid false positives/negatives in com-
mercial decisions [16-18]. In any case, there is consensus that these methods should be
positioned as objective, traceable support to the panel—rather than substitutes—especially
for pre-screening of large lots.

This study aimed to (i) classify EVOO, VOO, LOO, and a model adulterated EVOO
(Ad-EVOO) with HS-SPME-GC-MS used to corroborate this classification, and (ii) esti-
mate the sunflower-oil fraction in EVOO blends within the 5-40% (w/w) range. The aim
was to evaluate the EN’s capability as a screening method that complements—without
replacing—the IOC panel test and chromatographic confirmation (HS-SPME-GC-MS),
providing short response times and objective traceability [1,5-7].

2. Materials and Methods
2.1. Samples and Experimental Design

Samples were provided by an olive oil company in Extremadura, Spain (Compafia
Oleicola Siglo XXI S.L—La Chinata, Plasencia, Spain). Two sample sets were used:
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ii.

Oils covering different quality categories: extra virgin olive oil (EVOO), corresponding
to fresh oil produced in the same year; virgin olive oil (VOO), corresponding to an
EVOO stored for 3 years; lampante olive oil (LOO) obtained from a fresh EVOO that
deteriorated; and adulterated EVOO (Ad-EVOO; 25% w/w sunflower oil, SFO); total
of 80 oils (n = 20 per class). Each sample was measured with the electronic nose
(EN), and a chromatographic profile for each class was obtained by HS-SPME-GC-MS
according to the IOC-harmonised method [1,6].

EVOO adulterated with SFO at 5, 10, 20, and 40% (w/w); n = 10 per level. Levels of
5-10% and 20—40% were chosen to sample low versus moderate/high admixtures
under a constrained sample size, balancing classes for chemometric modelling and
focusing measurements near expected detectability.

For the multiclass task, an adulterated EVOO (Ad-EVOO) class at 25% (w/w) sun-
flower oil (SFO) was used as a model positive control to provide a strong, non-
defective counterpoint to EVOO and to minimise confounding with VOO/LOO. A
separate blending series (5-40% w/w SFO) was prepared to assess graded detectability
and quantification.

Samples were sourced from a single industrial supplier and region; therefore, the
present dataset should be interpreted as a proof of concept. Future work will include
oils from multiple cultivars, crop years, and producers to improve generalisability.

EN measurements were performed at 28 °C to favour VOC release and in line with

the sensory/analytical practice reported for organoleptic analysis of olive oils [1]. The mea-

surement order was randomised by batch and class; blanks and controls were interspersed.

2.2. MOS-EN Device and Data Acquisition

A portable MOS-array EN, shown in Figure 1, was used. It is equipped with an internal

pump to draw the headspace from the sealed sample container and a valve that switches

between the filtered-air inlet (blank/conditioning) and the sample headspace. Acquisition

and control of the measurement cycle (valve switching, exposure, and purge times) are

handled via Bluetooth wireless connection to a mobile application. This prototype has

previously been used for wine quality control and for monitoring the olfactory evolution

of sourdough, as described in earlier studies [12,13]. A schematic of the prototype and its

pneumatic flow path is provided in the Supplementary Materials (File S3).

Figure 1. Prototype electronic nose equipped with MOS sensors.
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The board integrates the commercial sensors BME680 (Bosch Sensortec GmbH, Reutlin-
gen, Germany), SGP30 (Sensirion AG, Stéfa, Switzerland), ZMOD4410 (Renesas Electronics
Corp., Tokyo, Japan), CCS811 (ams OSRAM AG, Premstitten, Austria), and iAQ-Core (ams
AG, Premstitten, Austria).

Each sample was analysed using a cycle of 60 s of air (conditioning) + 60 s of exposure
to the sample headspace at 28 °C. Between samples, filtered-air purges (activated carbon)
were applied to stabilise the baseline. The sampling setup consisted of a sealed glass vessel
with two ports (filtered-air inlet and headspace outlet to the EN); the sample mass was
15 mL as the operational standard.

Samples were thermostatted at 28 °C in a certified heat block (olive oil sensory stan-
dard) to minimise environmental effects on headspace generation; ambient temperature
and relative humidity were recorded during acquisitions. Beyond routine daily warm-up
and zero/baseline checks, no long-term drift compensation was applied in this study.

2.3. HS-SPME-GC-MS Analysis of Volatile Compounds

A representative subset of set (i) was used for corroboration. Aliquots of 5.0 g of oil
were placed in 20 mL vials (PTFE/silicone septum); pre-incubation was 5 min at 37 °C;
extraction used a DVB/CAR/PDMS 50/30 um fibre (Supelco, Bellefonte, PA, USA) for
30 min at 37 °C with agitation; desorption was at 200 °C for 5 min in splitless mode.

GC: VF-5 ms column, 30 m x 0.25 mm x 0.25 pm (Agilent J&W, Santa Clara, CA, USA);
oven programme 70 — 240 °C at 4 °C-min~!; He at 1.0 mL-min~!. MS: EI1 70 eV, full-scan
acquisition (m/z 30-550). The VF-5 ms column and the 70-240 °C (4 °C-min~!) programme
were selected to resolve key lipoxygenase (LOX)-related C6 volatiles and representative
aldehydes/esters in olive oil headspace [6].

Compound identification relied on matching to the NIST/EPA /NIH library (Gaithers-
burg, MD, USA) and verification of retention behaviour; accordingly, the reported VOCs
should be considered tentative identifications, as analytical standards were not used for
confirmation. Peak areas were expressed as relative percentages (normalised to the total
volatiles of each chromatogram), thus reflecting headspace composition rather than abso-
lute concentrations. This approach is fit for purpose because the EN responds to the overall
volatile profile and to the relative abundances of compounds in the headspace. Compound
identifications are tentative (library match and retention behaviour); confirmation with
authentic standards for key markers is planned. Target families included C6-LOX volatiles
(positive attributes) and oxidation/fermentation markers reported in the literature [5-7].

2.4. Data Analysis

For the classification and interpretation of the EN data, multivariate analysis methods
were applied using PLS_Toolbox 9.5 (Eigenvector Research Inc., Wenatchee, WA, USA)
within the MATLAB R2024b environment (The MathWorks Inc., Natick, MA, USA).

From the raw EN-sensor signals, characteristic values were extracted based on the dif-
ference between the maximum value (Xmax)—calculated as the mean of the last five points
during exposure to the reference gas (clean air)—and the minimum value (Xmin)—the
mean of the last five points during exposure to the sample headspace—so that defining
AX = Xmax — Xmin. The data were then autoscaled (mean-centred and scaled to unit
variance) to equalise the weight of all variables and improve comparability across sensors.
These preprocessing strategies, combined with a controlled measurement environment
(28 °C) and the use of clean-air baselines before each reading, help minimise short- and
long-term drift and reduce the impact of environmental variability on multivariate inter-
pretation [12,13].
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LDA was used for projection/visualisation of the multiclass separation of samples
from sets (i) and (ii). LDA is a supervised dimensionality-reduction technique that max-
imises between-class separation via linear combinations of variables, using a priori la-
bels [7,8]. In LDA score plots, 95% confidence ellipses were computed for each class to
visualise group separation.

Subsequently, supervised classification by artificial neural-network discriminant anal-
ysis (ANN-DA) was performed on sets (i) and (ii), with cross-validation. No external
(third-party) validation set was available in this study; blinded validation with indepen-
dent industrial /analytical partners is planned. To evaluate model performance, metrics
derived from the class-wise confusion matrix were computed, giving equal weight to each
class (macro-averaging):

o  TPR/Recall (sensitivity) = TP /(TP + FN): proportion of class-c samples correctly identified.
e  Precision (P) = TP/(TP + FP): fraction of predictions as class c that truly belong to c.
e  F1=2-(P-Recall)/(P + Recall): harmonic mean-balancing precision and recall.

where TP is the number of true positives, FP the number of false positives, and FN the
number of false negatives.

The input variables to LDA and ANN-DA were the AX features (and, where appropri-
ate, the pulse slope) per sensor, obtained from resistance/gas-index channels and IAQ-type
signals (e.g., TVOC, CO,eq), following the criterion used in previous work with the same
EN [12,13].

For regression on set (ii) (Ad-EVOO series), PLS was used with an 80/20 split for
training/external validation stratified by blend level. We report R?cal, R>pred, RMSEC,
and RMSEP; selection of the number of latent variables (LVs) followed good chemometric
practice [18-20].

Chromatographic data processing: chromatograms/spectra were processed with the
instrument software; identification was based on NIST library search and consistency
within chemical families. For class comparisons in set (i), one-way ANOVA was applied
to peak areas. Tukey’s HSD was used for multiple comparisons (o« = 0.05). ANOVA
assumptions were examined (normality by Shapiro-Wilk and homogeneity of variance by
Levene), and inferences were consistent with a Kruskal-Wallis sensitivity check. Classical
statistical analyses were conducted in IBM SPSS Statistics 20 (IBM Corp., Armonk, NY,
USA), in line with our previous approach [12].

3. Results and Discussion

We present olfactory classification with the EN among EVOO, VOO, LOO, and Ad-
EVOO (25% w/w SFO); chemical corroboration by HS-SPME-GC-MS that explains this sep-
aration; and the detection and quantification of EVOO-SFO adulteration using LDA /ANN-
DA and PLS. The practical aim is to evaluate the EN as a rapid, non-destructive screening
tool that prioritises official confirmations (panel/GC-MS) at reception and during storage.

3.1. Electronic Nose Screening: Multiclass Classification

Figure 2 shows the LDA projection (LD1 = 90.14%; LD2 = 9.55%). The raw e-nose
time-series used for the multiclass (EVOO/VOO/LOO/Ad-EVOO) task are available in
the Supplementary Materials (File S2).

In Figure 2, EVOO is displaced towards positive LD1 scores (~4-8), whereas
VOO/LOO lie at negative LD1 scores (=—3 to 0), where a partial overlap appears be-
tween VOO and LOO—consistent with the proximity of their volatile signatures as C6-LOX
“positive” compounds decline and oxidation/fermentation markers increase. Ad-EVOO
25% occupies an intermediate position (LD1 ~ 1-3), as expected for a mixed profile without
olfactory defects. This pattern—a well-separated “premium” class with a diffuse boundary
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between lower categories—is typical of recent EN studies on oils and reflects the underly-
ing chemical transition across quality states [15,21]. The 25% SFO level in the multiclass
scenario was not intended to mirror typical fraudulent practice; it served as a robust pos-
itive class to anchor classifier training/validation and to avoid overlap with naturally
deteriorated categories (VOO /LOO), while the 5-40% series addressed detectability at

lower admixtures.

LD 2 (9.55%)

# EVOO
B Ad-EVOO 25% | A

A VOO0

¥ LOO

LD 1 (90.14%)

Figure 2. LDA projection of EVOO, Ad-EVOO (25% SFO), VOO, and LOO with 95% confidence

ellipses for each class.

Applying ANN-DA yielded the confusion matrix shown in Table 1. Table 1 (confusion
matrix, cross-validation) shows 90% accuracy, with errors concentrated at the VOO-LOO
boundary. The EN discriminates four operational states with 90% accuracy (72/80); the
main errors cluster at the aged (VOO) and lampante (LOO) boundary, consistent with their
volatile similarity, supporting the usefulness of screening to pre-classify lots at the mill.
Table 2 summarises the results after applying the per-class Precision/TPR/F1 metric.

Table 1. Confusion matrix of the ANN-DA model under cross-validation.

Predicted Values
Actual Values EVOO Ad-EVOO 25% VOO LOO
EVOO 20 0 0 0
Ad-EVOO 25% 0 20 0 0
VOO 0 0 14 2
LOO 0 0 6 18
Table 2. Per-class metrics of the ANN-DA model under cross-validation.
Class Precision (P) Sensitivity F1-Score
EVOO 1.00 1.00 1.00
Ad- EVOO 25% 1.00 1.00 1.00
VOO 0.87 0.70 0.77
LOO 0.81 0.90 0.85

In EVOO and Ad-EVOO 25%, F1 = 1.00, implying the absence of both false positives
and false negatives for these classes under the employed validation. For VOO and LOO,
F1 = 0.78-0.86—a decrease attributable to cross-class confusions between contiguous
categories (the VOO<+LOO boundary)—fully consistent with the overlap observed in
Figure 2 (LDA projection) and with the errors localised in Table 1 (confusion matrix). In
terms of Type I/Type Il errors, these figures indicate a reasonable balance between false
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positives (Type I) and false negatives (Type II) per class: high sensitivity for detecting
EVOO and 25% adulterated oil, and greater ambiguity across the VOO-LOO transition.
This pattern is expected in tasks with quality gradients and aligns with recent results in
which electronic noses coupled to machine learning (ML)—including neural classifiers and
other supervised models—separate EVOO from non-EVOO with high sensitivity, while
most errors concentrate at the VOO-LOO boundaries due to their chemical and sensory
proximity [22,23].

3.2. Chemical Corroboration by HS-SPME-GC-MS

Table 3 shows the chromatographic volatile profile of the three virgin oil categories
and the adulterated sample studied.

Table 3. Volatiles (CAS, TR, odour descriptor) and mean + SD per class for n = 3 (EVOO, Ad-EVOO,
VOO, and LOO). Different lowercase letters indicate significant differences for each volatile across
classes (Tukey’s test, p < 0.05).

Peak Area (%)

* *
CAS Volatile Compound TR Odour EVOO Ad-EVOO VOO LOO
Number Descriptors
4395-73-7 2-Formylhistamine 1.651 not well documented 1.54+020° 0.96+0.40% 141+£0322 01+01P
108-24-7 Acetic anhydride 1.751 punge?rtr'i:’iféar'hke' 063+026° 208+036° 320+0372  218+036°
540-88-5 1'22%‘;’;‘(5)’1'2' 1914 Jlcoholic SBMOY  0114019¢  3.03+033° 5642027 277+032°
141-78-6 ethyl acetate 2.684 sweet, fruity, pear-like 043 £0.75¢ 8.23 +041° 0.99+£0.17°¢ 9.18 £0.332
96-22-0 3-Pentanone 4.447 Z‘f{;ﬁgﬁﬁfyl 092+033%  0.67+044> 084+025% 08940292
Hexane, gasoline-like, b a a a
4748-78-1 2 4-dimethyl- 8.88 Slightly sweet 0164+028° 20040342 24440227 2314030
66-25-1 Hexanal 8.993 greerc‘i'tﬁ:fﬁ}lzefatty' 451£020¢  427+£022¢  9.68+039°  7.194038°
47-07-03 Hexane, 1-methoxy- 11.251 ether-};lfli;mldly 010+0.18>  0614+032P 142+0432 057+021°
6728-26-3 (E)-2-hexenal 13.078 green, grassy, fresh 109340237 9.85+039°  3924+020¢  9.86+036°
928-96-1 3-Hexen-1-ol. (Z)- 13324 grcelft“gge:shscl:r?fy 23.00+£0.18% 14.88+027°¢ 20.17+034° 14.81+031°¢
928-94-9 2-Hexen-1-ol. (Z)- 14.063 s%;elf§§f§§:3ét 1298 +£029%  9.09+023>  398+032°  874+026°
1565-71-5 Dimetf;'lf)';tanol 1436 not well documented 1009 +0.312 1098 +0432 860+ 032> 1053 +0.32°
123-92-2 isoamyl acetate 14.808 banana, fruity, sweet ~ 0.15+ 026 028 £0.28%®  0.77 +0.272 0.8 +0.14°
111717 Heptanal 16179 fatgﬁg‘:}lftrl‘;?’r’u‘f:;en' 03440372 0274023° 034+025° 0344037°
1838-79-1  3-Ethyl-1.5-octadiene 18.288 floral, citrus-like 1474+041%  075+025° 077+024° 079+021°
18829-55-5 2-Heptenal. (2)- 19.32 fatty, green, herbal 028 +0.312 0.48 +0.282 1.05+0.392 0.59 +0.362
698-10-2 2(512:;‘;;5‘1{“’“9' 19.613 Swgleitg'ﬁf‘lrya{ﬁ:tlke' 8434024  082+022° 0794+034P  078+029b
108-95-2 Phenol 20.385 mec“i:r‘f"llifem"ky' 013£0.02° 076+029% 0234005 0.90+020°
18829-56-6 2'4'H("Epg‘fle“a1' 21.288 fatty, green, waxy 19140392 19240233 21140212 21740262
124-13-0 octanal 21.522 fg:xg:rlﬁfg’ 020+£028% 022£021° 022+020° 02540182
32797-50-5 Hexenol acetate 21.55 g;;f;'e fflul:éy 38240129 11174024 8704015 1235+ 0272
142-92-7 Hexyl acetate 21.939 fruity, apple, banana 6.04 £0.222 210+£034¢ 4724018  216+£040¢
100-51-6 Benzyl alcohol 23.042 ﬂora;i iﬁg}ﬁg"eet' 051+037° 058+£032% 05940282  0.61+021°
3779-61-1 (E)-p-ocimene 23.364 sweet, citrusy, floral 0.89 +0.36 2204 0.24° 492+0342 23440440
150-76-5 Phenol, 4-methoxy- 25.12 anisic, sweet, 0234+032° 16140312  037+£024> 14540222
medicinal
93-58-3 Methyl benzoate 25.54 floral, fruity, 010+0.112  033+£0202 04940382  029+030°

slightly minty
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Table 3. Cont.
Peak Area (%)
* *
CAS Volatile Compound TR Odour EVOO Ad-EVOO VOO LOO

Number Descriptors

124-19-6 Nonanal 25.953 waxy, citrusy, floral 2154031 250 +038%  4.04£013% 2704043

60-12-8 Phenylethyl Alcohol 26.374 rose-like, floral, honey 1.69 + 0.30 P 255+026% 216 +0293 1974 (034
1745-81-9 2-propenylphenol 28.331 spicy, clove-like 146+041° 0784+028% 0474028  01940.18°
4748-78-1 Be“j_aeli;}l‘_yde' 29.005 almond, cherry-like ~ 0.57 +0.447  011+011°  031+£035%  0.31+036°
119-36-8 Methyl salicylate 29.42 wintergreen, minty 136 £0.292 0.47 +0.16° 0.56 + 0.17° 0.49 +0.29°
623-27-8 L4- 31.024 not well documented 077+ 0252 02040162  024+0242 025+ 0252

Benzenedicarboxaldehyde

626-19-7 Isophthalaldehyde 31.261 Shff‘;g;;‘;ieh 10940372  022+020° 05040313 031 +0382
104-94-9 p-anisaldehyde 31.832 sweet, floral, anisic 0.25+0242 0.07 £0.092 020 +0.282 0.15+0.25a
112-05-0 Nonanoic acid 32.191 waxy, fatty, rancid 025+020? 0.26 £0.20° 0.24+0.30° 013£0.21°
6066-49-5 Butyl phthalide-3-N 34.772 celery-like, herbal 1.04£0392 0224023  028+0212 029+0302
637-33-2 Hydrazine, 37.467 not well documented ~ 1.09 £032° 090+ 0332  0.05+009>  0.15+026°

1-(3-hydroxybenzyl)-
501-94-0 p-Tyrosol 37.495 mildly floral, 12740352  1.034+024°  089+041° 12140302
slightly phenolic

RT: retention time. * CAS number and * odour descriptors from PubChem (https://pubchem.ncbi.nlm.nih.gov/,
accessed on 12 March 2025). nd: not detected. Different lowercase letters in the same row indicate statistically
significant differences between fermentation times (p < 0.05, Tukey’s HSD test).

Identifications are putative based on EI-MS library matching and retention behaviour;
confirmation with authentic standards will be addressed in future work.

In EVOO, (E)-2-hexenal and (Z)-3-hexen-1-ol (C6-LOX family, fruity—green notes)
predominate, whereas in VOO/LOO there are increases in hexanal /nonanal (oxidation)
and ethyl acetate/2-propanol (fermentation/winey—-vinegary). Ad-EVOO 25% exhibits an
intermediate profile. Figure 3 (bars) illustrates these differences for the most informative
markers. This chemical gradient explains the separation in Figure 2 and is consistent with
recent reviews on the LOX pathway and the evolution of volatiles during storage [24,25].

Volatile quality markers

N
63

Mean peak area (%)
=R N
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|
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Figure 3. Mean distribution (% area) of C6-LOX volatiles and defect markers by class.

C6-LOX compounds—(Z)-3-hexen-1-ol and (E)-2-hexenal—are highest in EVOO, still
elevated in VOO, intermediate in Ad-EVOO 25%, and minimal in LOO, consistent with the
fruity—green profile characteristic of the LOX pathway [25]. By contrast, defect markers
increase in lower categories: ethyl acetate (fermentation/winey—vinegary) and 1-methoxy-
2-propanol are higher in LOO (and, to a lesser extent, in Ad-EVOO 25%) and low or residual
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in EVOO/VOO, while oxidation aldehydes (hexanal and, to a lesser extent, nonanal) rise
in VOO and LOO relative to EVOO/Ad-EVOO, consistent with ageing/oxidation during
storage [25].

Taken together, the “high C6 + low defect markers” pattern characterises EVOO, the
opposite pattern characterises VOO/LOO, and Ad-EVOO 25% exhibits an intermediate
profile, consistent with its position in the LDA projection [24-26].

3.3. Adulteration AOVE with SFO

Adulteration of EVOO with lower-cost oils, such as SFO, remains one of the most
frequent frauds and calls for rapid, portable screening tools to flag and hold suspect lots
prior to official confirmation (panel/ GC-MS) [27]. MOS-sensor electronic noses have shown
the sensitivity to discriminate EVOO-SFO blends under field-like conditions, making them
suitable candidates for reception and storage lines [22]. With this motivation, we designed
a controlled blending gradient (100% EVOO; Ad-EVOO 5, 10, 20, 40%; and 100% SFO)
to assess level detection using LDA /ANN-DA and the quantification of %EVOO by PLS.
Figure 4 shows the LDA for EVOO-SFO blends (LD1 = 89.49%; LD2 = 9.36%). The raw
e-nose time-series for the adulteration series and the data underlying Figures 4 and 5 are
provided in the Supplementary Materials (File S1).

10 .

I

: # SFO 100%

! = EVOO 100%

: A AJ-EVOO 5%

! 7 Ad-EVOO 10%
6 I | % Ad-EVOO 20% |

|

!

|

}

|

Ad-EVOO 40%

— 4 I )
5 _
= £,
£ [,
= | \ 7
~ | &\
3 II\'\.. ’ .‘.\'\
e e T —‘—“\,—
3%
"\ ‘ \.
\ ¢\
N |
-
b
5 10 15 20

LD 1 (89.49%)

Figure 4. LDA for EVOO-SFO blends (classes: 100% EVOO, 5-40% Ad-EVOO, and 100% SFO) with
95% confidence ellipses.

The LV1 axis acts as an SFO gradient: the 100% EVOO cluster concentrates at LV1 < 0
with LD2 near 0, whereas 100% SFO is strongly shifted to LD1 > 0 (=15-19) with LD2
close to 0, with no overlap with EVOO. Low adulteration levels (Ad-EVOO 5-10%) lie
adjacent to the EVOO cluster in the negative LD1 half-plane (LV2 ~ —1 to 1). From 20%
Ad-EVOO onwards, the set forms an intermediate band that crosses LD1 ~ 0 and rises in
LD2 (~2-3.5), already showing clear separation from EVOO. At 40% Ad-EVOO, the cluster
sits in the upper-right quadrant (LD1 ~ 3-6; high LD2, ~4-7), well differentiated from both
extremes. Overall, the centroids trace a monotonic trajectory—from negative LD1 (EVOO)
to highly positive LD1 (SFO)—with a progressive increase in LD2 up to ~40% SFO and a
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subsequent decrease in pure SFO; this suggests that LD1 encodes the baseline difference
between matrices (EVOO+SFO), while LD2 captures mixture effects. Operationally, the
plot delineates a detection threshold of ~20% SFO, consistent with reports for portable
ENs in oil adulteration and with recent reviews on practical detection limits in EVOO-SFO
blends [22,27].

Y |
8 =ad @® Calibration "'l,".“"
s 75.0 @ Validation "_",""' °
55.0
g .,'-""".} .
= RMSEC: 8.059
R RMSEP: 5.627
T e R2 Cal: 0.944
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Actual Values % EVOO

Figure 5. PLS prediction of %EVOO purity.

In this dataset, clear multivariate separation was observed from ~20% (w/w) SFO,
whereas at 5-10% (w/w) partial overlap remained. As a screening tool, the electronic
nose flags suspect lots for confirmatory analyses (e.g., sensory panel or GC-MS [10]), and
future work will target < 10% by increasing sample diversity and exploring sensor/data-
fusion approaches. Compared with HS-GC-IMS [7] and Flash GC [15] screening methods,
which often achieve lower detection limits at the expense of longer analyses and higher
instrumental complexity, the portable MOS electronic nose provides rapid, low-cost triage
for large sample sets. This complementary use prioritises throughput and traceability
while keeping operational costs under control. Table 4 shows (ANN-DA) concentrates
correct classifications at the extremes (100% SFO and 60-80% EVOO) and shows mild
confusions between contiguous levels (95-90% EVOO), a pattern typical of graded problems.
Recent studies with portable MOS sensors report convergent results for EVOO-SFO blends,
reinforcing the feasibility of compact, field-deployable solutions [22,27].

Table 4. Confusion matrix of the ANN-DA classifier (entries: number of samples).

Real Values Predicted Values
SFO 100% EVOO Ad-EVOO Ad-EVOO Ad-EVOO Ad-EVOO
° 100% 5% 10% 20% 40%
SFO 100% 10 0 0 0 0 0
EVOO 100% 0 8 0 1 0
Ad-EVOO 5% 0 0 9 1 0 1
Ad-EVOO 10% 0 2 1 8 1 0
Ad-EVOO 20% 0 0 0 0 9 1
Ad-EVOO 40% 0 0 0 0 0 8

The classifier achieves an overall accuracy of 86.7% (52/60). The error pattern is
consistent with a blending gradient: confusions concentrate between contiguous levels
(EVOO < 5% <+ 10% <=+ 20% <+ 40%), whereas the extremes (100% EVOO and, especially,
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100% SFO) show the greatest robustness. Operationally, this supports using the EN as a
screening tool with reliable flagging from ~20% SFO (see also the separation in Figure 4),
while reserving adjacent cases (around 10%) for confirmatory analysis.

For quantification, the PLS model in Figure 5 was trained on 80% of the 60 samples
and evaluated on the remaining 20% in an external validation set.

PLS with an 80/20 external hold-out predicts %EVOO with R%cal = 0.944 and
R?pred = 0.972; RMSEC/RMSEP = 8.059/5.627. This scheme adheres to good practice
for demonstrating generalisation and reducing optimism in multivariate regression. The
oil-adulteration literature—using both ENs and sensor fusion (e.g., EN + ultrasound)—
supports the use of supervised models to estimate blending gradients [28]. In conclusion,
Figure 5 demonstrates predictive capability to estimate %EVOO purity in potential adul-
teration scenarios (high R?pred and errors compatible with screening), enabling flagging
above internal thresholds and prioritisation of confirmatory analyses.

3.4. Limitations, Robustness, and Avenues for Improvement

Drift and T/RH: MOS-based ENs are sensitive to drift and to temperature/relative
humidity (T/RH); options include calibration updates, ensembles, and domain adaptation.
The literature from 2022 to 2025 reports significant gains when incorporating drift compen-
sation (e.g., semi-supervised/ensemble approaches) and T/RH covariates. We recommend
a model-maintenance plan and multi-site external validations to consolidate the domain of
applicability [29-31].

Future lines: (i) expand sample size and diversity (cultivars, crop years, mills); (ii) eval-
uate transfer between instruments/campaigns with calibration updates or invariant models;
(iii) explore temporal features and ensembles to mitigate drift; (iv) integrate T/RH sensors
as covariates; and (v) conduct multi-site external validation and blinded studies against the
panel/GC-MS to estimate performance under real-world conditions.

This study demonstrates that a MOS-based EN, combined with chemometrics, is
an objective, rapid, and non-destructive screening tool for quality control of virgin olive
oils and for detecting adulteration with SFO. In classification, LDA separates the three
categories (EVOO, VOO, and LOO) plus the adulterated sample (Ad-EVOO 25%), and the
ANN-DA classifier reaches 90% accuracy under cross-validation, with errors concentrated
in the VOO<LOO pair, consistent with their olfactory proximity. Per-class metrics show
F1 =1.00 for EVOO and Ad-EVOO 25% and F1 =~ 0.78-0.86 for VOO/LOO—a pattern
reported in recent EN studies on olive oils and portable devices [15,21].

HS-SPME-GC-MS corroboration supports the olfactory separation: higher LOX-
pathway C6 volatiles in EVOO and increased oxidation/fermentation markers in VOO/LOO,
providing chemical traceability to the instrumental decision. These volatile changes agree
with the literature on ageing/rancidity and on cultivar/crop-year variability [24-26].

For EVOO-SFO adulteration, the LDA projection shows separation emerging at >20%
SFO, an operational threshold suitable for screening flags; ANN-DA concentrates cor-
rect classifications at composition extremes with mild confusions between contiguous
levels—typical of graded problems. PLS regression with external validation predicts
%EVOO with R?_pred = 0.972 (RMSEC/RMSEP = 8.06/5.63), adequate for prioritising
confirmatory analyses when the signal exceeds internal thresholds [22,27,28].

Operationally, we propose using the EN for pre-classification at reception/storage,
referring borderline cases (VOO<+LOO, blends <20% SFO or near-internal limits) to the
panel and/or GC-MS. For robustness in real deployments, we recommend a plan for model
maintenance and updates with compensation/transfer strategies against drift, as suggested
in recent work (ensemble/semi-supervised/calibration-update approaches) [29-31].
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Limitations and future work include increasing n and diversity (cultivars, crop years,
mills), multi-site external validation, explicit integration of T/RH covariates, and transfer
studies between instruments/campaigns with calibration updates or invariant models.
These measures will consolidate the domain of applicability and the reproducibility of the
system under real conditions.

Future work will focus on the following:

e Increasing sample diversity (cultivars, crop years, and producers) to improve general-
isability and reduce overlap at <10%.

e Blinded external validation with independent industrial /analytical partners to assess
real-world performance.

o Lowering practical detection limits (<10%) via sensor/data fusion (e.g., combining
EN with simple GC-based fingerprints) and targeted model updates.

e Implementing drift compensation and T/RH covariates to enhance long-term stability.

e Integration with electronic-tongue systems to complement olfactory information with
gustatory signals.

e  Blinded external validation with independent industrial /analytical partners to assess
real-world performance.

4. Conclusions

A portable MOS e-nose with a simple chemometric workflow can screen virgin olive
oil lots for quality class and flag potential sunflower-oil blends. Under our conditions and
sample size, class separation and the blend gradient were resolved at moderate adulteration
(~>20%), whereas 5-10% showed partial overlap, consistent with a first-line screening use
(referral to confirmation). HS-SPME-GC-MS provided independent corroboration of the
observed trends. Next, we will broaden sample diversity and conduct external validation,
and explore sensor/data fusion and drift compensation to lower practical detection limits.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390 /chemosensors13100374 /s1. File S1I—Raw EN signals adulteration;
File S2—Raw signals category; File S3—Electronic nose prototype: system architecture and pneumatic
flow path.
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