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Abstract

This research investigates the use of mid-infrared (MIR) spectroscopy combined with chemometrics for the label-free analysis
of adulteration in extra-virgin olive oils (VOOs) from the Mut (Mersin) region. Overall, 301 unadulterated oil samples and
adulterated VOO samples with pomace oil (PO) and Riviera olive oil (ROO) samples were assessed. The MIR data were
processed using both supervised and unsupervised multivariate analyses, including linear discriminant analysis (LDA),
soft independent modeling of class analogies (SIMCA), hierarchical cluster analysis (HCA), principal component analysis
(PCA), and partial least square-regression (PLS-R), by utilizing the selected spectral regions. The SIMCA models predicted
exceptional grouping for different oil types. The PLS-R graphs showed perfect predictions (R*>0.9992), and the predicted
calibration and validation parameters were observed to be 0.4894%-2.7660% and 0.8906%—3.3628%, correspondingly.
Therefore, the MIR methods, along with chemometrics worked out in this research, can be used to quantify adulterant at
levels < 0.49% in unknown oil samples.
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Introduction

VOO acquired from olive fruits (Olea europaea L.) has
become a resource of health for centuries. For it has not
been exposed to chemical process or any heating that may
influence its unique bioactive ingredient and is produced
by mechanical extraction, it can be used straight (Tarhan
2020). VOOs consist of many components, both major
and minor compounds. The primary constituents are fatty
acids, predominantly present as triacylglycerols and phos-
pholipids, which collectively account for approximately
99% of the composition. Olive oil contains of diacylglyc-

] ) erols, monoacylglycerols, unsaponifiables, wax, and free
g:)%g;fli(:]f?;le();e])eegzrl;glginthIg;yinrhz?gl(itg:kzzzjb, fatty acids (FFAs) fractigns, w.hich have been the focu§ to
Pakistan numerous researches by investigators to define the quality,
purity, and originality of VOOs (Mabood et al. 2016; Li
et al. 2018; Tarhan 2020). VOO is the utmost-quality and
costly olive oil, manufactured only through physical or
mechanical processes that protect its natural compounds
without chemical changes (International Olive Council
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2010; Malavi et al. 2024). For several countries, olive oil
is a diet product of staminal stature, both economically
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and nutritionally (Lozano et al. 2025). A popular edible
oil in Mediterranean cuisine olive oil global request pro-
ceeds to increase owing to its sole sensate characters,
nutritious value, and countless health advantages (Jabeur
et al. 2016; Drira et al. 2021; Malavi et al. 2024). These
include declining cancer risk, improving purulent diseases
and cardiovascular health, and safeguarding against LDL
oxidation (Hashempour-Baltork et al. 2024). These fac-
tors do VOO inclined to adulteration with lower-quality
oils like this deodorized olive oils, olive pomace, in addi-
tion to low vegetable oils like sunflower, canola, hazelnut,
and corn (Jabeur et al. 2016; Malavi et al. 2024). These
adulterations in olive oils can damage economic interests
and health risks to consumers. To protect economic well-
fare and folk health, it is critical to improve effective and
right analysis approaches for following and determining
olive oil authentication (Meenu et al. 2019; Ordoudi et al.
2023; Hashempour-Baltork et al. 2024). The complication
of olive oils, affected by diverse agents, constitutes a chal-
lenge in determination coherent considerations and ways
for adulteration (Hashempour-Baltork et al. 2017, 2024;
Nikou et al. 2020).

Several methods have been reported to detect olive oil
authentication, and these can be classed into analytical,
sensory, biological, and other approaches (Azadmard-
Damirchi 2010; Li et al. 2018; Kottaridi et al. 2023). Fur-
thermore, international regulatory bodies like the Inter-
national Olive Council (IOC) have approved multiple
analytical methods for the detection of various molecules
in olive oil. Developed analytical and perceiving meth-
ods, including mass spectrometry (MS), chromatography-
based methods, vibrational spectroscopy techniques like
attenuated total reflection Fourier transform mid-infrared
(ATR-MIR), Raman, and NMR spectroscopy, can be
used to determine olive oil authentication (Azadmard-
Damirchi and Dutta 2006; Beneito-Cambra et al. 2020;
Hashempour-Baltork et al. 2024). The FTIR spectroscopy
suggests numerous improvements for analyzing olive oil
composition and gaining structural info about its con-
stituents. This technique provides rapid, non-destructive
analysis while yielding valuable chemical insights. The
fundamental principle of FTIR spectroscopy relies on
the absorption of characteristic infrared frequencies by
molecular functional groups and chemical bonds. FTIR-
based oil detection depends on the principle that each oil
type possesses a distinct chemical composition, which
produces characteristic vibration spectra. By matching
the vibration spectra of unknown samples with known
samples, different oils can be distinguished and identi-
fied (Chen et al. 2016; Hashempour-Baltork et al. 2024).
The refinement and usage of innovative methodologies are
fundamental for both identifying adulteration and con-
firming the geographic origin of olive oils. Spectroscopy
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techniques in conjunction with chemometrics have proven
to be especially efficient in this mission. The importance
of these techniques stems from their capability to offer
fast, sensitive, and non-destructive detections, which
are essential for protecting unity of sample and allow-
ing continual studies deprived of moving product quality
(Lozano et al. 2025). In addition, the technique requires
no sample preparation or chemicals, meaningfully dipping
both costs and measurement time. This property further
performs them harmless and environmentally welcoming
methodologies, as they lessen waste generation and the
usage of chemicals (Ballesteros-Vivas et al. 2021; Lozano
et al. 2025). The high market value and limited production
of premium Turkish olive oils, like other coveted olive oil
varieties worldwide, make them particularly vulnerable
to adulteration with lower-cost oils. ATR-MIR spectros-
copy is particularly well-suited for olive oil analysis due
to its numerous advantages, including simplicity, rapid-
ity, cost-effectiveness, and the absence of chemical rea-
gents. Although numerous chemometrics approaches using
ATR-MIR spectroscopy have been developed, they have
not yet been satisfactorily applied to the adulteration of
VOOs from the Mut (Mersin) region or to distinguishing
them from other commercial edible oils.

This study aimed to develop chemometric models using
ATR-MIR spectroscopy to authenticate and classify a large
number of Mut (Mersin) virgin olive oils (VOOs), distin-
guish pure VOOs from those adulterated with pomace or
refined oils, and quantify the adulteration levels in adulter-
ants mixed samples.

Experimental Section
Samples

The VOOs (n=60) harvested from “ayvalik” and “gemlik”
type olive trees in different regions within the borders of
Mut (Mersin City, Tiirkiye) district (October 2019/2020
and 2020/2021 harvest periods) were obtained from local
producers in the region for a fee (n =30; 2019—-VOO-1 to
30 and n=30; 2020-VOO-1 to 30) (Table 1). In addition,
the edible oils (n=25), virgin olive oil (OO) (n=5; O0-1
to 5), sunflower oil (SFO) (n=15; SFO-1 to 5), hazelnut
oil (HNO) (n=5; HNO-1 to 5), soybean oil (SBO) (n=5;
SBO-1 to 5), cottonseed oil (CSO) (n=5; CSO-1 to
5), were obtained from local markets in Karaman, Tiir-
kiye. Additionally, pomace oil (PO) (n=3; PO-1 to 3)
and refined Riviera olive oil (ROO) (n=3; ROO-1 to 3)
samples were provided to be used in adulteration study
mixture samples. The oil samples were selected based on
their purity, shelf life, and quality, specifications as indi-
cated on their sale documentation and product labels. All
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oil samples underwent organoleptic evaluation, confirm-
ing their freshness parameters (color, taste, and aroma)
fell within acceptable quality thresholds. Following filtra-
tion through 0.45-pm membrane filters, all samples were
stocked in glass bottles at 4 °C under dark conditions till
ATR-MIR spectroscopic analysis.

The route for adulterated sample preparation includes
diverse sets is presented in Table 1, and for the adulteration
analysis, sample preparation involved distinct experimen-
tal groups as outlined in this table. Four different trades of
VOOs (n=4; VOO-1, VOO-2, VOO-3, and VOO—4) were
individually adulterated by mixing with three different type
of ROO (n=3; ROO-1 to 3) and three different type of PO
(n=3; PO-1 to 3). The adulterated olive oils (n=216) were
formulated using varying proportions (0%, 1%, 2%, 5%,
10%, 20%, 30%, 40%, and 50%). The adulterated olive oil
samples (n=216) were prepared by blending pure olive oil

Table 1 Route of the sample preparation for the adulterated oil samples

with an adulterant at distinct concentration levels of 0%, 1%,
2%, 5%, 10%, 20%, 30%, 40%, and 50%.

ATR-MIR

ATR-MIR data were gained by a FT-IR spectrometer
(Spectrum 100 PerkinElmer, Waltham, MA, USA) armed
with a zinc selenide (ZnSe) crystal attachment. An air back-
ground spectrum was taken before the oil samples analysis.
After the background scan, enough of VOOs or mixtures of
VOO-ROO and VOO-PO (~ 100 uL) were placed onto the
ZnSe crystal/diamond of ATR equipment. With every meas-
urement, the diamond/ZnSe crystal of ATR was scrubbed
sequentially with hexane and then alcohol. The MIR spectra
were recorded at 4 cm™! resolution, accumulating 64 scans,
over the range of 4000650 cm™'. Samples were analyzed

Sample sets Adulterated samples

Adulterant samples

Number of
samples

ROO-1
ROO-2

ROO-3
PO-1
PO-2
PO-3
ROO-1

ROO-2

ROO-3
PO-1
PO-2
PO-3
ROO-1

ROO-2

ROO-3
PO-1
PO-2
PO-3
ROO-1

ROO-2

ROO-3
PO-1
PO-2
PO-3

Set 1 (216 adulterated samples)

VOO-1 (0%-50%)

VOO-2 (0%-50%)

VOO-3 (0%-50%)

VOO—-4 (0%-50%)

Oil samples

Set 2 (85 oil samples)
30)

VOO-1 adulterated with 0% to 50% of ROO-1
VOO-1 adulterated with 0% to 50% of ROO-2

VOO-1 adulterated with 0% to 50% of ROO-3
VOO-1 adulterated with 0% to 50% of PO-1
VOO-1 adulterated with 0% to 50% of PO-2
VOO-1 adulterated with 0% to 50% of PO-3

VOO-2 adulterated with 0% to 50% of ROO-1
VOO-2 adulterated with 0% to 50% of ROO-2

VOO-2 adulterated with 0% to 50% of ROO-3
VOO-2 adulterated with 0% to 50% of PO-1
VOO-2 adulterated with 0% to 50% of PO-2
VOO-2 adulterated with 0% to 50% of PO-3

VOO-3 adulterated with 0% to 50% of ROO-1
VOO-3 adulterated with 0% to 50% of ROO-2

VOO-3 adulterated with 0% to 50% of ROO-3
VOO-3 adulterated with 0% to 50% of PO-1
VOO-3 adulterated with 0% to 50% of PO-2
VOO-3 adulterated with 0% to 50% of PO-3

VOO-4 adulterated with 0% to 50% of ROO-1
VOO-4 adulterated with 0% to 50% of ROO-2

VOO-4 adulterated with 0% to 50% of ROO-3
VOO-4 adulterated with 0% to 50% of PO-1
VOO-4 adulterated with 0% to 50% of PO-2
VOO-4 adulterated with 0% to 50% of PO-3

O O O © \© O \© O O © =] O \© O O \© O O OV O OO OV ©

Extra-virgin olive oil samples (VOO) (n = 60); (n=30; 2019—VOO-1 to 30 and n=30; 2020-VOO-1 to

The edible oils (rn = 25); virgin olive oil (VOO) (n=5; OO-1 to 5), soybean oil (SBO) (n=5; SBO-1 to 5),
cottonseed oil (CSO) (n=5; CSO-1 to 5), sunflower oil (SFO) (n=5; SFO-1 to 5), hazelnut oil (HNO)

(n=5; HNO-1 to 5)
Total

301 samples (216 adulterated oil samples + 85 oil samples)

tRefined Riviera olive oil (ROO) (n=3; ROO-1 to 3), pomace oil (PO) (n=3; PO-1 to 3)
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in triplicate to ensure reproducibility, and the collected data
were used for the chemometrics evaluations.

The MIR data were analyzed across the functional
group region (4000-1500 cm™!), fingerprint region
(1500-650 cm™'), full spectral range (4000—-650 cm™?),
and 28 different spectral bands reported in our previous
studies (Akin et al. 2019; Arslan and Caglar 2019; Arslan
et al. 2019). The characteristic regions represent a peak rep-
resenting characteristic of natural molecules in olive oils
(Table S1) (Vlachos et al. 2006; Lerma-Garcia et al. 2010;
Rohman and Man 2010; Saucedo-Herna et al. 2011; Zhang
et al. 2012; Jovié et al. 2016; Akin et al. 2019; Arslan and
Caglar 2019).

Chemometrics

Before the chemometrics analyses, spectral pre-treatments,
including first derivative Savitzky—Golay smoothing and
standard normal variate (SNV), were employed (Akin et al.
2019; Arslan and Caglar 2019; Arslan et al. 2019; Karuk
Elmas et al. 2019; Kenar et al. 2019). The spectral data
were graphed by using OriginPro 9 (OriginLab, USA), and
obtained model graphics were improved by Snagit 11 Edi-
tor software (TechSmith Corporation, MI, USA). For the
chemometrics analyses, Unscrambler®X10.4 (CAMO soft-
ware, Oslo, Norway) was used. The PCA, HCA, LDA, and
SIMCA chemometrics models (Tarhan 2020, 2021a, b) were
constructed by using all of the replicate data collected from
specific and full infrared data. To build quantitative PLS-R

calibration models, full cross-validation process (leave-one-
out calibration method) was employed. The performance of
the PLS-R models was evaluated by calculating key statis-
tical parameters including the offset, slope, coefficient of
determination (R?), root mean square error of calibration
(RMSEC), and root mean square error of cross-validation
(RMSECYV).

Results and Discussion

ATR—-MIR Data

The average means spectral characteristics profile of VOOs,
unadulterated and tainted adulterated olive oil samples from
raw MIR spectral measurement data, is illustrated in Fig. 1.
Although these profiles show similarities, significant dif-
ferences in reflectance occur at certain wavenumbers. The
infrared peaks related to functional groups like C-H, C-N,
C-C, O-H, and C=0, which originate from the vibration
modes of phenolic compounds and fatty acids (Xiaobo et al.
2010; Xie et al. 2014; Choi and Moon 2020; Malavi et al.
2024). The values for edible oils are above those for VOOs
in the spectral range, presumably resulting from chlorophyll
and carotenoid depletion, during the refining process. On the
other hand, since VOOs undergo insignificant treatment and
preserve more natural compounds, it results in lower reflec-
tance owing to compounds that absorb light strongly in the
near and visible spectral regions, such as antioxidants and

Fig. 1 Spectra of the unadulter- |
ated oils in the wavenumber

ATR-FTIR spectra for Mut Region VOO and other vegetable oils I
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polyphenols (Mignani et al. 2011; Malavi et al. 2024). The
band assignments correlating wavenumbers to their respec-
tive functional groups are given in Table S1.

The main bands monitored could be recognized as the
subsequent peaks: 1746 cm™! is associated with the ester
carbonyl —C =0 (triglycerides) stretching vibrations,
1700 cm™! is associated with the cis-olefins —C = O (free
fatty acids) stretching vibrations, 1654 cm™' is associated
with the —C—H bonds oscillatory vibrations (cis-disubsti-
tuted olefins), 1418 cm™! is associated with the —CH, group
bending vibrations, 1377 cm™ is associated with the -C-H
(CH;) bending vibrations, 1238 cm~! and 1163 cm™! are
associated with the -C—-H (CH,) bending vibrations, and
finally 723 cm™ is associated with the ~CH, (oscillatory
vibration) and the cis-disubstituted olefins (out-of-plane
vibration) (Cayuela Sinchez et al. 2013; Garcia-Gonzalez
et al. 2013; Garrido-Varo et al. 2017; Liu et al. 2020; Garcia
Martin 2022; Grigoletto et al. 2025). These distinct spectral
variations among the major components of oils from differ-
ent botanical sources confirm the critical role of infrared
technique in olive oil adulteration.

While the MIR data of 301 oil samples (85 authentic
and 216 adulterated) exhibited robust spectral overlays
and identical band positions across the full mid-IR range
(4000-650 cm™!), variations in transmittance intensi-
ties within diagnostic spectral regions enabled reliable

Scores
0.4

0.3

0.2

W CsO
@® HNO
A 00
SBO
v SFO
2019-VOO
| 2020-VOO

0.1

PC-2 (16%)

-0.1

-0.2

-0.3

-1 -08 -06 -04 -02 0 02 04 0.6
PC-1(81%)

()

Scores

0.2

identification of their botanical origins. Although the visual
inspection of the spectra revealed no apparent differences
(Fig S1), both supervised and unsupervised multivariate
analysis of the MIR data enabled systematic identification
and utilization of characteristic peaks.

Chemometrics

PCA, a fundamental linear size reduction technique, was
applied to the MIR spectral data of all oil samples (n=285;
2019-VOO, 2020-VOO0, 00, CSO, SBO, SFO, HNO) to
identify inherent patterns and groupings. Mean-centered
PCA was conducted on the mid-infrared (MIR) spectra
(4000-650 cm_l) of VOOs samples (n=60; 2019-VOO,
2020-VOO) collected in 2019 and 2020. The PCA results
corresponding to the spectral ranges of 4000-650 cm™!,
4000-1500 cm™", and 1500-650 cm™" are illustrated in Fig
S2. Moreover, PCA was also applied to the selected set of 28
distinct spectral band regions for the VOOs samples (17 = 60;
2019-VOO and 2020-VOO). A clear classification between
VOOs from the October 2019/2020 and 2020/2021 harvest
periods was observed in PCA score graphs, and it can be
obviously concluded that an eigenvalue of 97% was calcu-
lated by two PCs (PC-1=95%, PC-2=2%), and it explains
95% of the variance of the 4000 to 650 cm™" spectral data of
PC-1 (Fig S2a). The 2019-VOOs and 2020-VOOs samples
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Fig.2 PCA score plots for the oil samples (n=85; 2019-VOO, 2020-VOO, OO, CSO, SBO, SFO, HNO) over the a full spectral region, 4000—
650 cm™'; b fingerprint region, 1500-650 cm™!, and ¢ functional region, 4000-1500 cm™"
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Fig.3 LDA linear methods for the oil samples (2019-VOO, 2020-VOO, OO, CSO, SBO, SFO, HNO), over the full spectral region, 4000—

650 cm™"

were well separated and classified by the score plot gen-
erated on full spectral region data. This plot reveals that
the 2019-VOOs samples were distributed in the lower
quadrant, while 2020-VOOs were mostly positioned in
the upper half of the same score plot. To identify the most
informative spectral regions, PCA was performed on both
1500-650 cm™" and 40001500 cm ™" regions, as well as 28
discrete spectral bands (Fig S2), enabling determination of
the optimal wavenumber ranges contributing significantly
to the principal components. However, it is understood that
PCA performed in the full spectral region shows the best
separation between VOOs. It is seen that the clusters of two
VOOs groups (2019-VOOs and 2020-VOOs) are efficiently
distinguished from each other.

PCA was additionally employed to MIR spectra all
of the 85 oil samples (2019-VOO, 2020-VOO, OO,
CSO, SBO, SFO, HNO), getting an obvious taxonomy
(score plots) of diverse oils. Mean-centered PCA was

@ Springer

performed on MIR spectra (4000-650 cm™!) for all oil
samples (n=85; 2019-VOO, 2020-VOO, 00O, CSO,
SBO, SFO, HNO), including analysis of both the fin-
gerprint region (1500-650 cm™') and functional group
region (4000—-1500 cm™"), with results presented in Fig. 2.
Besides, PCAs for all of the oil samples (n=85; 2019-VOO,
2020-VOO0, 00, CSO, SBO, SFO, HNO) were constructed
on the selected 28 spectral band regions (Fig S3). As seen
from Fig. 2, different separation and clustering between all of
the oil samples (n=85; 2019—VOO, 2020-VOO, OO0, CSO,
SBO, SFO, HNO) were understandable in all score plots.
It could be obviously commented from Fig. 2a that eigen-
value of 97% was computed using two PCs (PC-1=281%,
PC-2=16%), and it explains 81% of the variance of the
4000 to 650 cm™! spectral data of PC—1. The score plot
revealed distinct clustering and clear discrimination of CSO,
HNO, 00, SBO, and SFO samples from other oil catego-
ries. The CSO, SFO, and SBO samples were grouped in the
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upper right quadrant of the score graph. The OOs and HNOs
were clustered in the lower right quarter demonstrating their
spectral similarity. However, some oil samples (2019-VOOs
and 2020-VOOs) showed dispersion in the score plot and
were clustered within each other. Therefore, it shows that
there are differences in the concentrations of basic chemical
components such as fatty acids in these oil types found in
different regions of the score plots.

Additionally, PCAs for the oil samples (n=25; OO, CSO,
SBO, SFO, HNO) were performed for the two different main
spectral regions (fingerprint 1500-650 cm~! region and
functional region 4000—1500 cm™") and full spectral region
4000-650 cm™! (Fig S4).

HCA, another unsupervised chemometrics analysis
method constructed with ATR-MIR data obtained from
the full spectral region 4000-650 cm™!, was also success-
fully performed for clustering of 2019-VOOs (n=30),
2020-VOOs (n=30), and other oil samples (n=25; CSO,
HNO, OO, SBO, and SFO) groups based on spectral dif-
ferences (Fig S5-S7). The cluster analysis using Ward’s
method based on MIR spectral data demonstrated effective
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discrimination and grouping of the studied oil categories, as
shown by their relative distances on the x-axis. The evidence
based Ward’s method indicated efficient discrimination and
grouping of the studied oil classes based on their relative
distances along the x-axis.

During subsequent classification analysis, LDA was prac-
ticed onto the complete mid-infrared (MIR) spectral dataset
to evaluate its discriminative capacity among the investi-
gated oil samples. This study developed both quadratic and
linear discriminant analysis (LDA) models, with subsequent
evaluation of their predictive and classificatory performance.
In this model, LDA linear models were erected with five
predictors (CSO, HNO, OO, SBO, and SFO) on simplified
data sets (Fig. 3). Figure 3 shows the LDA plots of VOOs
against other oil samples (CSO, HNO, OO, SBO, and SFO)
using quadratic and linear models. Figure 3 also illustrates
how LDA classification effectively distinguished VOOs from
other edible oils with high accuracy. The LDA model cor-
rectly classified 97.74% of samples by origin during cross-
validation and calibration phases. LDA quadratic models
were also built on simplified data sets (Fig S8).

‘Sample Distances

26 -
25

‘Samplo Distance to

@ Modol PCA 2019-0O_Fingerprint_1500-650 cm-1 @  Model PCA_CSO_Fingerprint_1500-650 cm-1

(b) Cooman's plot_2019-VOO and CSO _1500-650 cm™!

Sample Distances

a0 e

‘Sample Distance to Model PCA_2018-V00_Fingerprint_1500-650 cm-1 (5%)

@ Classification samples @ Nodel PCA_2019-V0O_Fingerprint_1500-650 cm-1 @  Model PCA_0O_Fingerprint_1500-650 cm-1

(d) Cooman's plot_2019-VOO and OO _1500-650 cm™'

Fig.4 SIMCA plots for the 2019-VOOs from the other oil samples (a) 2020-VOO, (b) CSO, (¢) HNO, (d) OO, (e) SBO, (f) SFO, (g)
2020-VOO,CSO, HNO, OO, SBO, SFO in the fingerprint region, 1500-650 cm™!
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(g) Cooman's plot_2019-VOO and CSO, HNO, 00, SBO, SFO _1500-650 cm™'

Fig.4 (continued)

In the last stage, SIMCA, a PCA-based supervised clas-
sification procedure, was conducted with a 95% confidence
level by means of the infrared data of the tested samples.
The analysis covered the spectral region of 4000-650 cm™"
as well as two key sub-regions: 1500-650 cm™! and
4000-1500 cm™!'. The Cooman’s plots for the dis-
crimination of 2019-VOOs from the other oil samples
(2020-VOO, CSO, HNO, OO0, SBO, SFO) in the region of
1500-650 cm™" (Fig. 4) were constructed. Cooman’s plots
were generated to classify 2019-VOOs against other oil
samples (2020-VOO, CSO, HNO, OO, SBO, SFO) using
both the regions of 4000-650 cm™' and 4000-1500 cm™'
(Fig S9-S10). Cooman’s plots were also generated to clas-
sify 2020—VOOs against other oil samples (2019-VOO,
CSO, HNO, 00, SBO, SFO) using the full data along with
two key sub-regions: 1500650 cm™~! and 4000—1500 cm™!
(Fig S11-S13). For example, Fig. 4 shows excellent clas-
sification of the 2019-VOO group, with higher sensitivity
and specificity values than all other oil groups (2020-VOO,
CSO, HNO, 00, SBO, SFO). Similarly, in different spec-
tral regions, each group appeared closer to its axis, with a

@ Springer

clear distinction between oil types (Figures S9-S13). How-
ever, relatively insignificant overlaps were detected as there
were some common features between the 2019-VOOs and
2020-VOOs groups. Compared to alternative methods for
olive oil authentication, the ATR-MIR spectroscopy/multi-
variate analysis approach provides superior practical benefits,
including speed, low operational costs, non-destructiveness,
and analyst-free method. Consequently, the results confirm
that infrared spectroscopy in combination with SIMCA shows
strong discriminatory capability for olive oils authentication.

The method of supervised PLS-R analysis was used to
quantitatively measure adulteration in oil samples. The
PLS-R method is founded on the relationship between per-
meation density and the origins of the samples. The adul-
terated olive oil samples (n=216) (Table 1) were arranged
in nine diverse mixing proportions (0%-50%). Four dif-
ferent trades of VOOs (n=4; VOO-1, VOO-2 VOO-3
and VOO-4) were individually adulterated by mixing with
three different type of ROO (n=3; ROO-1 to 3) and three
different type of PO (n=3; PO-1 to 3). Authenticated oils,
each with a known origin, were used for calibration. A
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Table 2 Findings of PLS-R models for the adulterated oil samples

Calibration and validation results of PLS—R

Samples Amount of  Calibration set Validation set

samples -
Slope  Offset ~ RMSEC'" R’ Slope  Offset RMSECV™ R

VOO-17 (0%-50%) ROO-1 9 0.9944 0.1108 1.2998 0.9944 0.9935 0.1649 1.6510 0.9910
ROO-2 9 0.9943 01125 13098 09943 09951  0.1523 17132 0.9903
ROO-3 9 Coo 00494 08678 09975 09797 02090 16763 0.9907
PO-17 9 0.9987 0.0463 0.8402 0.9977 0.9967 0.0528 1.0770 0.9961
PO-2 9 09906 00262 06328 0.9987 09984  0.0235 0.8906 0.9974
PO-3 9 0.1462 1.4932 0.9926 0.9935 0.1043 1.8888 0.9882

VOO-2 (0%-50%) ROO-1 9 0.9880 0.2379 1.9046 0.9880 0.9760 0.4020 2.6959 0.9759
ROO-2 9 0.9927 0.1437 1.4307 0.9927 0.9959 0.1105 1.9373 0.9875
ROO-3 9 0.9902  0.1935  1.7176 0.9902 09914  0.1567 2.1041 0.9853
PO-1 9 0.9962 0.0747 1.0676 0.9962 1.0048 -0.2277 1.8521 0.9886
PO-2 9 0.9948 0.1034 1.2556 0.9948 0.9953 0.0773 1.6765 0.9907
PO-3 9 0.9949 0.1006 1.2384 0.9949 0.9949 0.1054 1.6494 0.9910

VOO-3 (0%-50%) ROO-1 9 0.9941 0.1161 1.3306 0.9941 0.9963 0.0508 1.6629 0.9908
ROO-2 9 0.9934  0.1313 14152 0.9934  0.9957  0.1099 1.6754 0.9907
ROO-3 9 0.9968  0.0625  0.9763 0.9968  0.9934  0.0441 1.3660 0.9938
PO-1 9 0.9981 0.0379 0.7606 0.9981 1.0017 -0.0238 1.0178 0.9966
PO-2 9 0.9935 0.1292 1.4038 0.9935 0.9923 0.1708 1.8635 0.9885
PO-3 9 0.9992 0.0157 0.4894 0.9992 1.0006 0.0938 0.9002 0.9973

VOO-4 (0%-50%) ROO-1 9 0.9972 0.0554 0.9191 0.9972 0.9961 0.0874 1.3049 0.9943
ROO-2 9 0.9970 0.0584 0.9434 0.9970 0.9966 0.1058 1.2358 0.9949
ROO-3 9 0.9960 0.0793 1.0997 0.9960 0.9967 0.1052 1.3133 0.9943
PO-1 9 0.9955 0.0885 1.1622 0.9955 0.9931 0.1211 1.5705 0.9918
PO-2 9 0.9969 0.0611 0.9654 0.9969 1.0085 0.1884 2.1226 0.9850
PO-3 9 0.9746 0.5017 2.7660 0.9746 0.9694 0.6192 3.3628 0.9625

TExtra—virgin olive oil samples (VOO), refined olive oil (ROO), pomace oil (PO)

TTRMSEC and RMSECYV are in % adulteration level

total of 162 samples were used for calibration, while 54 Conclusion

independent samples assisted as the validation set. Data
between 4000 and 650 cm™! were used. Table 2 displays
the offset, slope, and regression between experimental and
predicted findings for both validation and calibration sets
across all samples. The PLS-R plots demonstrated excel-
lent linearity, with strong agreement between experimental
and predicted values (Figures S14-S17).

Both slope and R? values exceeded 0.9746, indicating
excellent model linearity. The RMSEC ranged from 0.4894
to 2.7660, with corresponding R? between 0.9746 and 0.9992,
and the RMSECV and R? values were found to be between
0.8906-3.3628 and 0.9625-0.9974, correspondingly.

The data conclusively show that the completed PLS-R
models are effective in detecting VOOs counterfeiting
made with cheap oils. The consistently high coefficient of
determination (R%>>0.9992) confirms ATR-MIR spectros-
copy integrated with multivariate modelling as a highly
reliable method for quantifying adulteration in VOOs
mixed with cheap edible oils.

In conclusion, a fast, robust, label-free and cost-effective
methodology for the recognition of VOOs with other
refined oils based on ATR-MIR and chemometric data
is presented. The exact and characteristic wavenumber
regions of olive oil components were found to serve as the
primary clustering basis. Considering the findings, it could
be concluded that PCA, LDA, HCA, and SIMCA outputs
exhibit advanced classification capabilities to accurately
identify and distinguish oil samples based on their ori-
gin. The content of other refined oils as counterfeit in the
VOOs was successively quantified using PLS-R models,
which can be used to calculate the quantity of counter-
feit oil with other refined oils present at levels <0.49%
in unknown oil mixtures. The mid-infrared-based models
developed here overcome key limitations of traditional
analytical methods by eliminating hazardous chemicals,
delivering results within minutes, and requiring minimal
operator expertise.

@ Springer
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