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Highlights

Geographical origin of Argan kernels based on secondary-metabolite profiles.

36 secondary metabolites (33 polyphenolic and 3 non-phenolic) were quantified.

Untargeted UPLC-MS fingerprints were decomposed by metabolomic data handling

tools.

MCR-ALS and XCMS were compared to extract the features from UPLC-MS data.

PCA, PLS-DA, SIMCA and data fusion (low- and mid-) were used to handle the data.
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Abstract

Argan (Argania spinosa L.) fruit kernels’ composition has been poorly studied and received
less research intensity than the resulting Argan oil. The Moroccan Argan kernels contain a
wealth of metabolites and can be investigated for nutritional and health aspects as well as for
economic benefits. Ultra-Performance Liquid Chromatography Mass Spectrometry (UPLC-
MS) was employed to trace the geographical origin of Argan kernels based on secondary-
metabolite profiles. One-hundred and twenty Argan fruit kernels from five regions (‘Agadir’,
‘Ait-Baha’ ‘Essaouira’, ‘Tiznit’ and ‘Taroudant’) were studied. Characterization and
quantification of 36 secondary metabolites (33 polyphenolic and 3 non-phenolic) were
achieved. Those metabolites are highly influenced by the geographic origin. Then, the
untargeted UPLC-MS fingerprint was decomposed by metabolomic data handling tools, such
as multivariate curve resolution alternating least squares (MCR—ALS) and XCMS. The two
resulting data matrices were pretreated and prepared separately by chemometric tools and then
two data fusion strategies (low- and mid-levels) were applied on them. The four data sets were
comparatively investigated. Principal component analysis (PCA), Partial Least Squares
Discriminant Analysis (PLS-DA), and Soft Independent Modeling of Class Analogies
(SIMCA) were used to classify samples. The exploration or classification models demonstrated

a good ability to discriminate and classify the samples in the geographical-origin based classes.

Summarized, the developed fingerprints and their metabolomics-based data handling
successfully allowed geographical traceability evaluation of Moroccan Argan kernels.

Keywords: Argan fruit kernels; Argania spinosa L.; UPLC-MS; Multivariate Classification;

Untargeted fingerprints; Metabolomic profiles.
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1. Introduction

The last decades, in relation to human nutrition, the search for bioactive secondary

metabolites molecules, including polyphenoliccompounds (e.g. phenolic acids, flavonoids,
hydroxycinnamic acids, hydroxybenzoic acids and stilbenes) received increased consideration
[1]. Daily consumption of polyphenol sources (i.e. marines, plants, fruits, vegetables, juices and
beverages) leads to a balanced diet and health benefits, such as antioxidant, cardiovascular,
antithrombotic, anti-inflammatory and antitumor ones [2]. Food materials are characterized by
their nutritional and health properties, which are directly linked to metabolites composition.
Additionally, particular chemical metabolites, such as polyphenolic compounds, influence food
properties, color, taste, health and nutritional quality [3]. Nowadays, one of the major challenges in
the agricultural-food industry is to develop objective tools to determine the geographical origin of
raw materials as well as of finished food products, certifying their traceability [4]. Argan
kernels/oils are exported worldwide, and the geographical origin is very important for quality
insurance and traceability.
Argan fruits (kernels, pulp or seeds) are a rich source of bioactive compounds, including
polyphenols (flavonoids, phenolic acids and aminophenols), tocopherols, fatty acids,
phytosterols, saponins, and triacylglycerols [5]. The secondary-metabolites, explicitly
polyphenols, were evidenced to be functional and to have health benefits, as mentioned above.
Argan kernels are harvested from the Argan tree (Argania spinosa. L), which is an endemic tree
growing in arid and semiarid Moroccan regions [6]. The Argan tree plays an ecologic,
economic, and social role, and maintains soil against erosion and desertification. The Argan
kernels production ranges from 1.3 to 42.1 kg per tree, while Argan oil occurs in an amount
from 2 to 7% of the Argan kernels [7]. Moreover, a high quantity of the Argan kernels
byproducts (after oil extraction) is wasted, though they offer a source of secondary metabolites
and should be investigated and valorized for economic benefits.

Nowadays, the in vitro antioxidant potential and the total phenolic content measurements,
based on colorimetric or spectrophotometric methods, are no longer considered appropriate
[8]. The explanations given are that no single standard method assessing the global antioxidant
potential is available (i.e. different methods provide different results) and only techniques
identifying antioxidant molecules are considered efficient [9]. Phenolic compounds are plant
secondary-metabolites possessing an aromatic ring bearing one or more hydroxyl groups [10].
It are substances derived from phenylalanine, which is transformed to tyrosine, cinnamic acid,

or some combinations between hydroxyl groups and phenyl rings to form different phenolic
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classes. Phenolic compounds can be classified in two major
groups, flavonoids (anthocyanidins, chalcones, flavanols, flavanones, flavones, flavonols, iso-
flavonoids, neoflavonoids and proanthocyanidins) and non-flavonoids (polyphenolic amides,
coumarins, hydroxybenzoic acids, hydroxycinnamic acids, lignoids, stilbenes and tannins) [11].
In this respect, liquid chromatography coupled to a mass-spectrometric detector is highly

recommended to either identify, characterize or quantify metabolites in different matrices [2].

The determination and certification of product origin represent a form of quality, safety and
credibility for the food industry. The polyphenolic compounds in Argan kernels have received
low interest and only few studies are reported [12-14]. Those studies are based on a limited
number of samples while the geographic origin effect is neglected. The phenolic compounds
content in plant matrices depends on several factors, including agronomic practice, geographic
origin, postharvest conditions, environmental and bioclimatic factors, and genetic traits [11].
The geographic origin influences on polyphenolic contents in, for instance, almonds [15],
coffees [16], olive oils [17], chocolate [18], fruits [19], vegetables [20], and wines [20], were
evaluated by liquid chromatography mass spectrometry (LC-MS) associated to chemometric
tools. Metabolomics is a scientific field involving the study and identification of small
metabolites and is commonly applied in many domains, including plants [21], food [22],
environmental analysis [23], diseases [24], and pharmaceutical and clinical research [25].
Metabolomics is highly related to the type of analytical technique (NMR, GC-MS, CE-MS, LC-
MS) used and to the data-analysis efficiency. The analytical techniques generate complex data,
which may need preprocessing (e.g., binning, isotoping, noise filtering, alignment, peak-
picking, peak resolution and feature identification) to extract useful information. Several
statistical and data handling tools, including MCR-ALS [26], XCMS [27], MetaboAnalyst [28],
MetAlign [29], and MZmine [30], were developed to interpret the untargeted metabolomics
data and to identify features (metabolites). The outcome of those tools highly depends on
parameter settings that affect the data quality and that could generate different numbers of
features determined [31].

The Argan kernels (AK) present a wealth source of secondary metabolites, specifically of
polyphenols. To the best of our knowledge, no extensive study concerning the geographic origin
effect on the secondary metabolites (polyphenolic and non-phenolic compounds) content in AK
has been reported yet. The aim of this study is to survey the geographic origin effect on the
secondary-metabolites (polyphenols and other metabolites) distribution of AK from five

regions, based on their untargeted UPLC-MS profiles. The obtained data set was treated by
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metabolomics tools (XCMS and MCR-ALS), data fusion and multivariate methods (e.qg.,
XCMS, MCR-ALS, PCA, SIMCA and PLS-DA). On the other hand, the study also aimed at
the development of an analytical UPLC-MS fingerprint allowing the separation and accurate

quantification of many (here 36) secondary-metabolites in AK.

2. Material and methods

2.1. Argan kernels collection and extraction

Mature and healthy Argan fruits were harvested from the same Argan trees and from five
Moroccan regions, namely Agadir, Essaouira, Ait-Baha, Taroudant and Tiznit, in two
successive harvests 2016 and 2017 (between August and October). The sampling was
concentrated and distributed, as much as possible, on the three main climate zones (arid, semi-
arid and sub-Saharan) that characterize all the areas of Argan tree forest in Morocco. More
detailed information about geographical parameters, specific provenances and climatic
characteristics (average annual temperature and rainfall) is given in Table S1 (Supplementary
material). One-hundred-twenty samples were collected (twenty-four from each region), and
5009 of each sample is weighted. A fruit sample is a mixture of three fruit-form varieties
(fusiform, oval, round) without considering the genotypic profile. Then, in the traditional
method (Women cooperatives), the fruits were carefully crushed using two stones. Only intact
kernels (not crushed) were gathered in dark glass bottles and stored in the freezer (-5°C) for one
month until transport to the Belgium laboratory for analysis. Before analysis, the kernels were
placed at room temperature for a few hours, then ground manually using a porcelain mortar and
pestle until a smooth and homogeneous powder mixture is obtained. A homogenous 500 mg of
each AK powder was treated separately as follows, targeting mainly polyphenols, 4 mL
methanol (solid/liquid extraction) was added, then vortexed for 10 min and stored in the dark
for 12 h. The same procedure was applied three times, and then the methanolic extracts (-~12
mL) were combined and washed with 5 mL hexane (liquid/liquid extraction) twice to eliminate
the lipid traces. The methanolic solvent was eliminated by using a rotatory evaporator (45 °C).
A dilution of 1:5 with methanol (w/v) was prepared for each sample, which was filtered through
a membrane filter (0.20-um, PVC) in a glass vial.

The Argan tree genetic variability, tree elite genotypes, morphological characterization, and

tree phenological traits (flowers, leaves, fruits, and kernels) were not taken in consideration and
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studying their specific effects on the polyphenols or metabolic profiles is considered out of the

scope of this study.
2.2. UPLC-PAD-QTOF/MS separation conditions

The secondary-metabolites profiling was carried out on an Ultra-Performance Liquid
Chromatography (UPLC, Acquity system, Waters, Milford, MA, USA) equipped with a photo
diode array detector (PDA) and an electrospray ionization quadrupole time-of-flight tandem
mass spectrometer (ESI-QTOF/MS; XevoG2-S). Separation was achieved on a BEH phenyl
C18 column (100 mm x 2.1 mm, 1.7 um, ACQUITY UPLC®, Waters), at a temperature of
40°C. A binary mobile phase was used, solvent A (0.1% formic acid in water) and solvent B
(0.1% formic acid in acetonitrile), in a gradient separation of 30 min: starting with 90% A, 0
min; 30% A, 0-18 min; 0% A, 18-20 min; 0% A, 20-23 min; 90% A, 23-25 min; and
reconditioning the system with 90% A, 25-30 min. The flow rate was maintained at 0.5 ml/min,
and 10 pL was the injection volume. PDA absorbance was recorded from 210 to 400 nm. All
solvents are UPLC-MS grade from Biosolve (Valkenswaard, the Netherlands).

The mass spectrometry system was applied in negative mode. The operating conditions were
as follows: mass range (50-1200 m/z, full mode scan); desolvation temperature, 500 °C; source
temperature, 150 °C; capillary voltage, 1 kV; extractor voltage, 2 V; and cone voltage, 30 V.
Nitrogen (N2) was used as desolvation and cone gas. The cone gas flow and desolvation gas
flow were 0 and 1000 L/h, respectively. The mass-spectra data acquisition was recorded in two
continuous modes, a no collision energy mode for precursor ion information (MS, 0 eV), and a
high collision energy mode for fragment information (MSE, 15-45 eV). The ESI source system
was calibrated using leucine-enkephalin (Sigma-Aldrich, Steinheim, Germany) as an internal
lock-mass reference (LockSpray™). The MassLynx™ 4.1 software (Waters) was used to
acquire the data. During the method optimization and development both positive and negative
modes were tested but only the negative mode showed a stable and reproducible MS profile.

Therefore, only the negative mode was applied for the secondary-metabolites fingerprinting.

2.3.  Secondary-metabolites identification & quantification

A tentative identification and quantification of secondary metabolites was performed.
Thirty-seven phenolic standards (Sigma Aldrich, St Quentin Fallavier, France) were used:
catechin, epicatechin, epigallocatechin 3-o0-gallate; kaempferol; quercetin; quercitrin (quercetin

3-o-rhamnoside); rutin (quercetin 3-o-rutinoside); hesperidin (hesperetin 7-o-rutinoside);
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hesperetin; naringin; naringenin; luteolin; benzoic acid; gallic acid; protocatechuic acid (3,4-
dihydroxybenzoic acid); salicylic acid (2-hydroxybenzoic acid); syringic acid; vanillic acid (4-
hydroxy-3-methoxybenzoic acid); m-hydroxybenzoic acid (3-hydroxybenzoic acid); p-
hydroxybenzoic acid (4-hydroxybenzoic acid); caffeic acid; chlorogenic acid (5-caffeoylquinic
acid); ferulic acid (3-methoxy-4-hydroxycinnamic acid); m-coumaric acid (3-hydroxycinnamic
acid); o-coumaric acid (2-hydroxycinnamic acid); p-coumaric acid (4-hydroxycinnamic acid);
rosmarinic acid; sinapic acid; resveratrol; esculetin (6,7-dihydroxycoumarin); esculin;
pyrocatechol  (1,2-dihydroxybenzene); pyrogallol (1,2,3-trihydroxybenzene);  4-
hydroxycoumarin; citric acid; quinic acid and succinic acid. Moreover, avicularin (quercetin
3-O-arabinoside), hyperin (quercetin 3-O-galactoside), isoquercitrin (quercetin 3-O-glucoside),
quercetin glycocoumarate, quercetin glycoferulate, quercetin glycohydroxybenzoate, quercetin
glycogallate, and quercetin glycosinapate were identified using information from the literature
on phenolic compounds in AK [13, 14], and were quantified relative to a quercetin standard

curve.
2.4. Reagents

A stock solution (50 mL) of each pure standard (a concentration of 1 mg/mL) was prepared
in methanol/water (60:40, v: v). To ensure dissolution, the solution was vortexed for 10 min
and put on an ultrasonic bath for 15 min. Then 6 dilutions were prepared (1, 5, 10, 25, 50, 100
ug/mL), which were stored in the freezer (-20 °C). Validation parameters were acquired
following the recommendations and regulations from internationally recognized guidelines
[32]-[33]. The following parameters were reported: the method precision, i.e., intra- and inter-
day precision (expressed as relative standard deviation (RSD)), linearity range, limit of
detection (LOD) and the lowest limit of quantitation (LOQ). The intra-day precision was
achieved from 5 replicates and the inter-day precision from 5 replicates on three days, then
same replicates are under intra-day conditions.

The calibration curves were constructed (peak area vs concentration), and the quantitative
analysis was carried out using the regression equations (y =ax +b), y is the peak area, x is the
concentration, and the determination coefficients (r?). Quantification results were determined
in triplicates and expressed as mg.kg* of AK (ug.kg™ were used to express the LOD and LOQ).
Linear analysis by means of least-squares regression was applied to link the mass-spectra
detector signal of each compound to the concentration. The method linearity was determined

using a standards concentration range from 1 to 100 pg.mL™.
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The identification of the phenolic compounds in the samples was achieved based on the
standards information, i.e. retention times, mass spectra (accurate mass [M-H] precursor ion
(molecular ion), mass-to-charge (m/z), and its fragmentation), on literature results [12-14], and
online database (PubChem®;, ChemSpider®, Phenol-Explorer; MassBank; and Spectral
Database for Organic Compounds) information. The developed untargeted secondary-
metabolites fingerprint served for geographical origin classification, while the metabolites

identification and quantification were given as a complementary information.

2.5. Chemometric strategy approaches

The UPLC-MS raw data files were converted to an open format file (NetCDF) with the
Databridge software (Waters). However, the UPLC-MS fingerprint is complex with thousands
of variables (m/z ratio, retention times, noise, and features) for a rather high number of samples
(120). Therefore, two approaches of metabolomics data handling, i.e. XCMS and MCR-ALS,
were considered to process and reduce the data complexity. Those two strategies were used in

order to extract useful information from the profiles which could serve for the study purpose.

2.5.1 Metabolomic tools

XCMS is an R-based package for mass spectrometry data processing visualization and
metabolite detection [27]. The UPLC-MS (NetCDF) data was transferred directly to the R
platform (version "4.0") (https://www.r-project.org/), and the XCMS script was applied using
the centWave algorithm XCMS 3.10.1 package
(https://bioconductor.org/packages/release/bioc/html/xcms.html) [27]. The XCMS processing
parameters for our data were optimized with the Isotopologue Parameter Optimization (IPO)
package [34]. The parameters optimized by IPO were method="centWave"; ppm =10 (maximal
tolerated m/z deviation in consecutive scans in ppm for peak picking); peakwidth = ¢(20, 50)
(chromatographic peak width, specified as a range (min, max) in seconds) ; snthresh = 6 (signal-
to-noise threshold); prefilter = ¢(3, 100) (3 is the scan points minimum per peak in prefilter, and
100 was the peak intensity minimum in prefilter); integrate = 1 (peak limits are found through
descent on the mexican hat filtered data); mzdiff = 0.01 (minimum difference in m/z for peaks
with overlapping retention times). Other parameters were set by default within the XCMS

algorithm. The XCMS generated a new matrix of dimensions 120 samples vs 1934 features.
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Multivariate curve resolution - alternating least squares (MCR-ALS) is a chemometric
technique for decomposing chromatographic data profiles and extracting features [35, 36].
MCR-ALS decomposes the data in peak concentration- and pure mass spectra profiles. This
technique is based on an alternating least squares (ALS) iterative process, while the singular
value decomposition (SVD) algorithm was used to determine a minimum number of mixture

components [37].

Before proceeding to a MCR-ALS data decomposition, the UPLC-MS data was compressed
through a regions of interest (ROI) algorithm [38]. The ROI search is a good alternative for the
classical data binning [39], it compresses the data without losing the mass accuracy. This
strategy is already included in the centWave algorithm of XCMS [27]. The parameter settings
for the ROI search were as follows, mass accuracy 0.05 Da, migration time for a peak 10s,
signal threshold 1000 (10% of maximum MS intensity signal) and 800 time points [26]. After
ROI selection, the data (MS-ROI) is arranged in augmented column-wise data matrix (Dayg). In
the present study, 134 components were selected considering their variance explanation and
lack-of-fit error, while non-negativity constraints were applied for both elution and spectral
profiles. MCR-ALS decomposes the Dayg matrix (MS-ROI) into two factor matrices using a

bilinear decomposition model,
Daug = CaugsT + Eayg (l)

where Cauyg is the augmented matrix of the chromatographic elution profiles (concentration of
features), ST is mass-spectra matrix, and Eaug is the augmented residuals matrix [38]. The Caug
matrix will be used to investigate the geographical origin. This matrix has dimensions of 120

samples vs 134 features and is named the MCR-ALS dataset throughout this paper.

2.5.2 Data fusion

The data fusion (DF) strategy consists of combining features from several datasets.
Nowadays, DF is widely applied to combine information from several techniques (e.g. from
spectroscopy, chromatography and/ or sensors) for food and beverage classification and/or
authentication [40]. Both “Low-level” and “Mid-level” data fusion strategies were addressed to
handle the UPLC-MS fingerprints.

The “Low-level” data fusion (LL-DF) is an approach based on the concatenation of original

data variables (a pretreatment is recommended). The XCMS and MCR-ALS datasets were

10
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pretreated separately (area normalization between 0 and 1, followed by autoscaling), then LL-
DF was applied to concatenate them. A new X dataset (LL-DF) with dimensions 120 samples
vs 2088 features is obtained.

The “Mid-level” data fusion (ML-DF) is based on concatenation of Principal component
analysis (PCA) features from each dataset (XCMS and MCR-ALS). The 10 first PCs were
selected from each dataset to extract most of the data variance. The ML-DF dataset has
dimensions of 120 samples vs 20 features. The two new datasets (LL-DF and ML-DF) were

used for classification purposes.
2.5.3 Exploration and classification tools

PCA was applied to visualize and identify possible AK groups according to their

geographical origin.

PLS-DA is a supervised classification technique, which uses a PLS algorithm to construct a
regression model between the X matrix data and y-block (classes) [41]. A response between 0O
and 1 is predicted, with a value above 0.5 indicating a class membership for a given sample.
Soft independent modeling of class analogy (SIMCA) is a class modeling technique that uses
the PCA data decomposition [42]. A PCA analysis was fitted on each separate class, then a
SIMCA model was constructed on the selected PCs. PLS-DA and SIMCA classified the AK
samples according to their geographical origin, applying the UPLC-MS fingerprints.

Before chemometric analysis, all data were preprocessed (features or peak areas) by
normalization (area normalization between 0 and 1) and autoscaling. The classification models
were optimized using ‘Venetian-blinds’ cross-validation procedures [43]. The models were
evaluated considering their sensitivity, specificity and accuracy (% correct classification).
Sensitivity (or true positive rate) expresses the percentage of actual positive samples correctly

classified in their proper class.

Sensitivity (%) =100 x Number of true positive samples (TP) (2)

Number of true positive samples (TP) + Number of false negative samples (FN)

Specificity (or true negative rate) expresses the percentage of actual negatives samples who are

correctly classified in their proper class.

11
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Specificity (%) - 100 x Number of true negative samples (TN) (3)

Number of true negative samples (TN) + Number of false positive samples (FP)

Accuracy (or correct classification) represents the percentage of correct classified samples

divided by the total number of assessments (equation 4).

Total number of corrected classified samples TN+TP
P - 100x ——— (4

Total number of assessments TN+TP+FN+FP

Accuracy (%) = 100 x

2.6. Software

The geographical origin impact on the secondary metabolites was determined using one-

way analysis of variance (ANOVA) and a Tukey’s post hoc test (o = 5%).

Chemometric data analysis and processing was performed using MATLAB software 18.a (The
Math-Works, Natick MA, USA), MCR-ALS toolbox (www.mcrals.info), Bioinformatics
Toolbox® (The Mathworks) and PLS Toolbox® 8.6.1 (Eigenvector Research, Wenatchee, WA,
USA).

3. Results and discussion
3.1. Analytical procedures (UPLC/ESI-QTOF-MS method)

Typical UPLC/ESI-QTOF-MS chromatograms of AK extracts from each studied region
are exposed in Fig. 1. Different information was used to identify and quantify the compounds
found in the AK fingerprints. Table S2 (Supplementary material) shows the analytical
performance parameters of the optimized method.

The % RSD was used to express the precision (repeatability and time-different intermediate
precision). LOD and LOQ were estimated using the signal-to-noise ratio, i.e., S/N=3 and 10,
respectively.

Regarding the quantitative results from the prepared standards, good results were achieved. The
calibration curves (peak area vs concentration) issued for the chemical standards were reported

in Table S2 (Supplementary material). The determination coefficients were very high (r> >

12
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0.99), except for salicylic acid (r> > 0.96) and chlorogenic acid (r> > 0.95). The detection limits
ranged between 0.280 ug.kg™! for salicylic acid and 0.647 pg.kg™! for protocatechuic acid and
the quantification limits between 0.720 pg.kg™' for succinic acid and 1.195 pg.kg™ for
resveratrol. The inter-day RSD varied between 1.13% (epigallocatechin 3-O-gallate) and 4.16%
(quinic acid), while intra-day RSD was between 2.15% (catechin) and 5.12% (quinic acid). All
analytical parameters are acceptable to proceed a quantification analysis.

3.2. Characterization, identification and quantification of secondary metabolites

Table S3 (Supplementary material) summarizes the class, sub-class, name, chemical
formula, molecular weight, PubChem identity (ID), retention time (RT), calculated mass - to -
charge signal [M—H] and MS? ion fragments (m/z) of the secondary metabolites identified in
the kernels. From the chromatographic profiles, four main polyphenolic classes were
distinguished among which flavonoids and phenolic acids and stilbenes, and other polyphenols.
The compounds in the flavonoids class belong to the flavanols (catechin, epicatechin, and
epigallocatechin 3-O-gallate), flavonols (avicularin (quercetin 3-O-arabinoside), hyperin
(quercetin  3-O-galactoside), isoquercitrin (quercetin 3-O-glucoside), quercetin, quercetin
glycocoumarate, quercetin glycoferulate, quercetin glycohydroxybenzoate, quercetin
glycogallate, and quercetin glycosinapate, quercitrin, and rutin), the flavanones (hesperidin,
hesperetin, and naringin) and flavones (luteolin). Among the phenolic acids, the following
hydroxybenzoic acids were identified: gallic acid, protocatechuic acid, salicylic acid, vanillic
acid, m- hydroxybenzoic acid, and p-hydroxybenzoic acid; further also the following
hydroxycinnamic acids: chlorogenic acid, ferulic acid, m-coumaric acid, o-coumaric acid, and
p-coumaric acid. Resveratrol was identified as main compound in the stilbene class. Other
polyphenols were identified, such as, pyrocatechol, pyrogallol and 4-hydroxycoumarin. Three
non-phenolic compounds were also identified, i.e. citric acid, quinic acid, and succinic acid.
Quinic acid may be issued from a natural degradation of chlorogenic acid or other polyphenols,
while succinic acid is a component of citric acid. In total, 36 compounds were identified and
quantified in AK samples, whereas 7 known polyphenolic compounds were not detected, i.e.
kaempferol, naringenin, caffeic acid, rosmarinic acid, sinapic acid, esculetin and esculin. The
compounds’ identification and characterization were achieved using parameters from the pure
standards (retention-time, mass-spectra (accurate mass [M—H] precursor ion (molecular
peak), mass-to-charge (m/z), and fragmentation), and from comparison with mass databases

(PubChem®; ChemSpider®; Phenol-Explorer; MassBank; and Spectral Database for Organic
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Compounds). Avicularin, hyperin, isoquercitrin, quercetin glycocoumarate, quercetin
glycoferulate, quercetin glycohydroxybenzoate, quercetin glycogallate, and quercetin
glycosinapate were identified using parameters from the literature [13, 14] and their
quantification was made relative to the quercitin standard curve. The identified secondary-
metabolites and specifically the polyphenolic compounds are in agreement with previous

reports of the AK analysis [5].

3.3. Secondary-metabolites content distribution

The secondary-metabolites profile was examined by UPLC-MS, and a simultaneous
quantification was performed. This is the first extensive study of secondary-metabolites
distribution and involved the determination of 33 polyphenolic and 3 non-phenolic compounds.
The results were inspected by ANOVA analysis followed by a Tukey’s post-hoc test to
elucidate the geographic origin influence on the secondary-metabolite distribution (flavonoids,
phenolic acids, stilbenes, other polyphenols and other compounds). Table 1 summarizes the
quantitative results of 36 secondary-metabolites (33 polyphenolic and 3 non-phenolic
compounds) from the five regions, expressed as mean * standard deviation. The individual
compounds and their total contents exhibited a clear statistical difference according to the
geographical provenance (p < 0.05) (Table 1). Therefore, the quantitative difference in the
secondary-metabolites profile could be exploited for geographical classification by multivariate

data analysis tools.

The most abundant class are the non-phenolic compounds comprehending quinic acid followed
by citric acid and succinic acid. Those compounds were influenced by the geographical
provenance. Although, the flavonoids class was reported as the second abundant fraction, while
18 compounds were quantified. The flavanols sub-class exhibited highest concentrations as
follows: epigallocatechin 3-O-gallate, followed by catechin, and epicatechin. Flavonol
compounds were found as follows: hyperin, avicularin, isoquercitrin, quercetin
glycohydroxybenzoate, quercetin glycocoumarate, quercetin glycosinapate, quercetin
glycoferulate, quercetin, rutin, and quercitrin was detected in trace amount. In addition, the
geographical origin was affecting the amount of those 18 compounds. The flavanones were
varied from hesperidin, naringin, and trace amount of hesperetin. The luteolin (flavones)
concentration was also varied depending to the five regions. The phenolic acids were reported
as the third abundant class metabolites. The hydroxybenzoic acids were changed from region

14



428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461

to region as follows: protocatechuic acid, salicylic acid, vanillic acid, gallic acid, p-
hydroxybenzoic acid, and m-hydroxybenzoic acid. The hydroxycinnamic acids varied
according to provenance as follows: chlorogenic acid, followed by p-coumaric acid, ferulic
acid, o-coumaric acid, and m-coumaric acid. The resveratrol content (stilbene class) was
showed a high variation from Agadir samples to Ait-Baha samples. Some other polyphenolic
compounds were also quantified in AK extracts (pyrocatechol, pyrogallol and 4-
hydroxycoumarin). Earlier, amino-phenolics, catechins, flavonoids, procyanidins, phenolic
acids and their glycolysated derivatives were quantified in the Argan fruits [5, 13, 14].

The geographical origin effect in the total fractions of secondary-metabolites was illustrated in
Figure 2. The Ait-Baha samples exhibited the highest total content of flavonoids (2800
mg.kg 1), phenolic acids (1430 mg.kg™), stilbenes (3 mg.kg '), other polyphenols (56 mg.kg™")
and non-phenolic compounds (7000 mg.kg™!) from the five provenances. The Ait-Baha region
is characterized by a desert nature, an arid Mediterranean bioclimate, slight annual rainfall
(average below 300 mm) and warm temperature (annual average 19 °C). The lowest content of
those metabolites was reported in the Essaouira and Agadir regions (two oceanic coastal regions
with high humidity, warm and humid arid bioclimate). The secondary metabolites amount was
diverse and fluctuated considerably confirming the geographical origin impacts.
Comprehensive information about geographical parameters, sample provenances and climatic
characteristics, was recapitulated in Table S1 (Supplementary material). Result interpretation
from literature studies of secondary metabolites in AK was not possible because of insufficient
information, limited samples and usually unknown geographical origin. However, the
comparison might be in the number of identified secondary metabolites and specifically
polyphenols. Previously, from the Essaouira region sixteen polyphenolic compounds were
identified in Argan kernels [12], sixteen in the Argan press-cake (AK residual after Argan oil
extraction) [44] and thirty-two in immature AK [13]. Only nineteen compounds were identified
in [14], in mature AK samples from both Agadir and Essaouira. The aminophenol fraction (e.g.
arganimide A and argaminolics A-C) was isolated from AK by Klika et al. [45, 46], and their
chemical structures were elucidated by NMR. It is worthwhile to mention that the cited studies
focused on a limited number of samples (one or two) and from either Essaouira or Agadir
regions.

In the literature, polyphenolic compounds distributions in food materials, confirming the effect
of geographical origin, were described from almonds [15], coffee beans [16], olive oils [17],
chocolate [18], fruits [19], vegetables [20], and wines [20]. On the other hand, the polyphenol
content in foods is highly variable and depending on diverse factors, e.g. genetic characteristics,
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maturity of composition, bioclimatic conditions, postharvest and storage time and conditions
[47]. Moreover, this variability in polyphenols is influencing the food function and nutritional

aspects.

In the next sections, the entire UPLC-MS secondary-metabolites fingerprint profiles
(considering all metabolites) will be handled as a matrix for geographic origin discrimination
purposes. The quantified compounds represent less than 10% of the data fingerprints.
Therefore, two metabolomics (XCMS and MCR-ALS) tools were compared to extract

characteristic features.

3.4. Chemometric data analysis
3.4.1. Data pretreatment

The overall secondary-metabolites fingerprints were considered as an untargeted profile

matrix to construct the models. Since the UPLC-MS profile is complex to use at its raw state,
it needs pre-processing steps (e.g., binning, isotoping, noise filtering, alignment, peak-picking,
peak resolution and feature identification) to extract characteristic information. Therefore, two
statistical data handling tools, MCR-ALS and XCMS, which include all these steps, helped to
reduce the complexity of the untargeted UPLC-MS data and to target characteristic features.
Further, two data fusion strategies were applied, i.e. low-level (concatenation of XCMS and
MCR-ALS datasets) and mid-level (concatenation of PCA scores decomposition of XCMS and
MCR-ALS datasets). Fig. 3, shows the used metabolomic tools and chemometric data handling
strategies. Data fusion was implemented to enhance the classification models and combine
metabolites information for geographical origin identification. Subsequently chemometric
approaches (PCA exploration, SIMCA and PLS-DA classification) were investigated using
features from four datasets, XCMS, MCR-ALS and data fusions (LL and ML), in order to
evaluate the geographical origin.
The MCR-ALS dataset profile was composed of 120 samples and 134 features, the XCMS
profile are of 120 samples and 1954 features, LL-DF of 120 samples and 2088 features
(concatenation of 1954 and 134 features), and ML-DF of 120 samples and 20 features (10 first
PCs was selected from XCMS and MCR-ALS datasets).

16



491
492
493
494
495
496
497
498

499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522

523

Each dataset was split in two, a calibration (87.5%; 105 samples) and a validation set (12.5%;
15 samples) based on the Kennard and Stone algorithm. The calibration set was composed of
21 samples from each region and the validation set of 3 per region.

The data normalization (mentioned above) followed by autoscaling preprocessing was applied
on the four individual datasets in order to provide the same contribution for each feature in a

given dataset.

3.4.2 PCA data exploration

As an initial step, to provide an overview of the dataset structure, a PCA exploration
was applied to locate graphically the classes. PCA models were built from the four datasets of
the AK extracts. This unsupervised technique exposed potential of grouping the samples
according to their provenance. For instance, for the XCMS dataset, three PCs explained 55%
of the total variance (Fig. 4 A). Four groups were clearly discriminated such as Agadir,
Essaouira, Ait-Baha and Tiznit, while the Taroudant samples are situated between the two last
groups (AB and Tiz).

For PCA applied on the MCR-ALS dataset, the first three PCs explained 59% of the total
variance (Fig. 4 B). In the score plot, the discrimination of four groups is achieved but one
group is composed of two types of samples (T and Tiz). Some samples from the Essaouira and
Taroudant regions are located far away from the original group. This was also the case for the
previous dataset.

The PCA applied on the LL-DF dataset explained 54% of the total variance using the 3 first
PCs (Fig. 4 C). Three clusters were clearly observed, i.e. the AB samples and two groups
composed of mainly two samples types (A and E) and (T and Tiz), respectively.

The PCA applied on ML-DF dataset exposed only 29% of the total variance when considering
the first three PCs (Fig. 4 D). Four groups are distinguished, E, A, AB and T and Tiz samples
which are gathered close. However, the data complexity is needed more than 3 PCs to expose
its variability.

As a conclusion, the PCA models for the four datasets (XCMS, MCR-ALS, DF-LL and DF-
ML) were displayed clear group distinction (less distinction between T and Tiz samples), and
some samples from Essaouira regions could considered outliers.

Indeed, after a PCA data visualization, the capacity of secondary metabolites fingerprints to

discriminate AK samples according to their origins should be possible.
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3.4.3 Geographical origin classification

The UPLC-MS fingerprints were investigated to relate them to the geographic origin of
the samples. Evaluation of the chromatographic profiles of AK revealed that the samples could
be classified according to their geographic origin. Different classification models were
constructed with the four datasets to assess the geographical origin effect on the distribution of

secondary metabolites in the samples.

3.4.3.1 XCMS dataset

The XCMS dataset encompasses 1954 features. The classification results of the PLS-
DA and SIMCA methods results are summarized in Table 2 (A). For the calibration, both PLS-
DA and SIMCA models disclosed comparable results, 100% of sensitivity, specificity, and
accuracy (correct classification) for the five classes (A, AB, E, Tiz and T). For the validation,
PLS-DA displayed a perfect performance for all classes, and SIMCA 81% of correct
classifications (sensitivity 60 % and specificity of 90%). The predictions for the PLS-DA
models are shown in Figure 5 (a-b), while the Q residual vs T2 Hoteling used for outliers

detection.

3.4.3.2 MCR-ALS dataset

The MCR-ALS dataset (134 features) was also used to construct PLS-DA and SIMCA
models Table 2 (B) outlines the resulting classification results. Both PLS-DA and SIMCA
calibration models achieved perfect classification, with 100% sensitivity, specificity and correct
classification for the five classes. For the prediction samples, a perfect prediction was achieved
for both types of models. The prediction performances for calibration and validation of the PLS-

DA models are shown in Figure 5 (c-d).

3.4.3.3 LL-DF dataset

The data fusion combines the XC-MS and MCR-ALS datasets (2088 features) to
classify the samples according to their geographic origin. The classification results of the LL-
DF dataset are displayed in Table 2 (C). Both PLS-DA and SIMCA calibration models obtained

100% accurate classification in the five classes, with perfect sensitivity, specificity and

18



554
555
556
557

558

559

560
561
562
563
564
565

566

567
568
569
570
571
572
573
574
575
576
577

578

579

580
581
582
583

accuracy. The prediction performance is better for the PLS-DA models (100%). SIMCA had
some issues with only 91% overall correct classification (79% for A, 100% for AB and Tiz,
83% for E, and 92% for Tiz) with 2 E-class samples one Tiznit sample were wrongly predicted

as A class. The results for the PLS-DA models are shown Figure 5 (e-f).

3.4.3.4 ML-DF dataset

The data fusion based on the mid-level strategy (PCA features extraction (20 features)),
was also applied for the geographic origin classification. Table 2 (D) summarizes the
classification results of the ML-DF dataset. Both PLS-DA and SIMCA calibration models
attained a perfect performance with 100% of sensitivity, specificity and accuracy and all
validation samples (15) were correctly classified. The PLS-DA graphs of the classification

prediction results are given in Figure 5 (j-h).

Summarized, regarding the classification results from the four datasets and applying the two
linear models (PLS-DA or SIMCA), the best modeling performance was consequently obtained
from the ML-DF, MCR-ALS, LL-DF, and XCMS datasets. The PLS-DA models showed a
better performance than the SIMCA models, and thus are preferred to perform the classification.
The data fusion strategy enabled a good predictive ability for the geographic origin
classification. ML-DL or MCR-ALS allowed perfect classification both for PLS-DA and
SIMCA. Our study reveals that the untargeted UPLC-MS approach combined with appropriate
chemometric data handling is an appropriate methodology for the geographical origin
indication. The knowledge about the secondary-metabolites distribution and their geographical
origin understanding will provide the necessary information for economic valorization of the

AK (either whole fruits or by-products after oil extraction).

4. Conclusion

In this study, a workflow for identification, characterization and quantification of
secondary metabolites in AK was demonstrated. Preliminary analysis exhibited thirty-six
secondary metabolites (33 polyphenolic and 3 non-phenolic compounds) contents significantly
varied according to their geographic provenance. The untargeted UPLC-MS data was handled

19



584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599

600
601
602
603
604
605

606

607
608

609
610
611
612
613
614
615

by metabolomic tools (XC-MS and MCR-ALYS), then data fusion and chemometric tools (PCA,
PLS-DA and SIMCA) were applied. Results revealed that PCA exploration besides PLS-DA
and SIMCA classification models enabled the discrimination of AK according to their
geographical origin.

The approaches applying either XCMS or MCR-ALS data as well as their data fusion
demonstrated the feasibility of UPLC-MS metabolomic profiling for Argan kernels’
geographic origin traceability.

Further research should be performed to identify given secondary metabolites as potential
biomarkers responsible for the geographical origin characterization. It is worthwhile noticing
that these fairly promising results encourage further studies, extending the study to a larger
number of samples, and taking also into account several factors, for instance, in relation to
agronomic practice, postharvest conditions, environmental and climatic factors, and tree genetic

diversity and their combinations in order to generate a global and robust model.
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Figure legends

Fig.1. Typical UPLC-ESI-QTOF/MS chromatograms (Total lon Current (TIC)) for AK samples from
(A) Agadir, (B) Ait-Baha, (C) Essaouira, (D) Taroudant, (E) Tiznit. Experimental conditions: see text.

Fig. 2. Comparison of the secondary-metabolites content (mg/kg) distribution in Argan kernels from
different geographical origins (Agadir, Ait-Baha, Essaouira, Taroudant and Tiznit).

Fig.3. Untargeted metabolomics approaches and chemometric data handling strategies.

Fig.4. 3D-PCA score plots for the (A) XCMS, (B) MCR-ALS, (C) LL-DF, and (D) ML-DF datasets.

Fig.5. PLS-DA plots, y-predicted versus the sample number for the models where one class is
discriminated relative to the others, while the Q residual vs T2 Hoteling used for data homogeneity, from
(A) XCMS, (B) MCR-ALS, (C) LL-DF, and (D) ML-DF datasets, left column (a, c, e, j): calibration;
right column (b, d, f, h): validation.
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Table 1. Secondary-metabolites composition (mean + standard of deviation) in mg/kg, quantified by UPLC-ESI-QTOF/MS for 120 Moroccan Argan kernels.

N = 24 per class.

Geographic class

Compounds Agadir Ait-Baha Essaouira Taroudant Tiznit

Quinic acid 2600 + 100" 6700 + 300¢ 450 + 20° 6700 + 3001 4400 £ 200°
Citric acid 85+ 4" 260 £+ 10° 19+12 97 £5¢ 138+ 749
Pyrogallol 0.35+0.02° 5.2+0.3¢ 0.15+0.012 4.1+0.2¢ 26+0.1°
Succinic acid 25+1¢ 7.7+0.4°¢ 17.7+0.9¢ 7.2+0.4° 4.4 +£0.22

Gallic acid 80+2¢ 44 + 2" 75+2¢ 61+3° 38+2¢%
Chlorogenic acid 0.20+0.012 28+0.1° 0.34+0.02° 13+0.1° 1.6+0.1¢
Pyrocatechol 1.03£0.05° 48 £2°¢ 0.52+0.032 27+ 14 21+1¢
Protocatechuic acid 910 + 201 1020 +20°¢ 480 +10° 590 +20° 250 + 102
p-Hydroxybenzoic acid 1.66 +0.08° 16.9+0.8¢ 0.49+£0.022 3.1+0.2° 40+0.2¢
Catechin 5.8+0.3¢ 7.0+£04¢ 0.76 £0.042 0.97 +0.05° 40+0.2¢
Epicatechin 54+03¢ 50+0.2¢ 0.59 + 0.03? 0.92 +0.05" 36+0.12°
m-Hydroxybenzoic acid 0.08+0.01° 0.20+0.01¢ 0.06 £0.012 0.13+0.01° 0.22+0.01°¢
Epigallocatechin 3-O-gallate 60+ 32 1520 £ 80° 147 £ 7P 260 £ 10° 340 +20¢
Vanillic acid 1.48 +0.07° 156.32 + 7.82°¢ 0.660 +0.030? 2.79+0.14¢ 1.32+£0.06°
p-Coumaric acid 0.31+0.02° 1.55+0.08¢ 0.15+0.01% 1.0+0.05¢ 0.55+0.03°
Rutin 82+ 4" 179 +8¢ 15+1¢2 132+£7¢ 280 + 10°¢
m-Coumaric acid 0.011 +0.001° 0.021+0.001¢ 0.008 + <0.0005 ? 0.017 + <0.0005 ° 0.035 + <0.0005 ®
Ferulic acid 0.072 £ 0.0012 0.33+0.02¢ 0.22+£0.01°¢ 0.14+0.01° 0.23+£0.01°¢
Quercitrin 0.004 + <0.0005 ° 0.014 + <0.0005 ® 0.002 + <0.0005 2 0.007 £ <0.0005 © 0.008 + <0.0005 ¢
o-Coumaric acid 0.008 +0.001° 0.032 + <0.0005 ¢ 0.007 + <0.0005 @ 0.020 £ 0.00¢ 0.035 + <0.0005 ©
Salicylic acid 0.60 £ 0.032 188 £ 9¢ 1.47 £0.07° 6.1+0.3¢ 43+0.2°
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Naringin 0.04 £0.0012 0.69+£0.04¢ 0.25+0.01° 0.48 £0.02°¢ 0.62 +0.03¢
Hesperidin 0.670 +0.03° 22+1° 0.49+£0.02% 1.78 £ 0.09¢ 0.77£0.04¢
Luteolin 0.002 + <0.0005? 0.030 + <0.0005°¢ 0.002 + <0.0005? 0.005 + <0.0005 " 0.002 + <0.00052
Resveratrol 0.10+£0.001% 3.2+0.2¢ 0.13+0.001° 0.33+0.02¢ 0.264 £ 0.010°¢
Quercitin 15.12 £0.70°¢ 50.545+2.80°¢ 16.15+0.71¢ 6.78+0.302 9.01+0.80°
Hesperetin 0.004 + <0.0005? 0.019 + 0.001°¢ 0.006 + <0.0005" 0.012 +0.001¢ 0.011+0.001°¢
4-Hydroxycoumarin 0.27 £0.01° 3.0£0.2¢ 0.18+0.01% 0.43+0.02¢ 0.54 +0.03¢
Quercetin glycogallate 9.88 +0.78¢ 1543 £ 0.87°¢ 525+041° 2.21+0.14" 1.10x+0.122
Hyperin 102 £ 5° 270 +20¢ 3728 167 £ 9¢ 330 £10°¢
Isoquercitrin 121 +6¢ 115+6°¢ 49 + 32 98 + 5" 230+ 10°¢
Avicularin 290 £ 10° 285+ 10° 65+ 3% 260 + 10" 310 £ 10°
Quercetin glycohydroxybenzoate 20+1° 113 +6° 33+2° 85+4¢ 101 £5¢
Quercetin glycosinapate 28+1¢ 69 £ 3° 25+1° 146 +0.9¢% 22+1°
Quercetin glycoferulate 32+1°¢ 47 + 3¢ 19.2+0.7° 123+0.7°2 56+1°¢
Quercetin glycocoumarate 7.1+0.62 77 +4¢ 34+1° 43 +2°¢ 60 + 3¢

¥ Flavonoids (mg/kg) 780 +40° 2800 £ 100°¢ 450 £ 222 1090 £50°¢ 1740+90¢

Y Phenolic acids (mg/kg) 1000 +50¢ 1430 £ 70°¢ 560 + 30° 670+ 30° 300+ 202

S Stilbenes (mg/kg) 0.10 +0.01° 3.2+0.2° 0.13+001° 0.33+0.02¢ 0.26 +0.01°

% Other polyphenols (mg/kg) 1.65+0.08" 56+3° 0.85 + 0.04° 32 +2¢ 24+1°

% Other compounds (mg/ke) 2800 + 100 ° 7000 + 400 ¢ 484 + 24° 6900 + 300 4600 + 200°

The lowercase letters indicate significant differences in the same line (comparison between the classes, Tukey’s test). (a: lowest — e: highest).

The bold numbers represent the highest content of a compound in the five classes.
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Table 2. Classification parameters obtained by PLS-DA and SIMCA models using data matrices from (A) XCMS, (B) MCR-ALS, (C) low-level data fusion,
and (D) mid-level data fusion.

A) XCMS
PLS-DA SIMCA Sensitivity Specifity Accuracy
Category 1 2 3 4 5 1 2 3 4 5 PLS-DA SIMCA PLS-DA SIMCA PLS-DA SIMCA
Training set
1 Agadir (21) 21 0 0 0 0 21 0 0 0 0 100 100 100 100 100 100
2 Ait-Baha (21) 0 21 0 0 0 0 21. 0 0 0 100 100 100 100 100 100
3 Essaouira (21) 0 0 21 0 0 0 0 21 0 0 100 100 100 100 100 100
4 Taroudant (21) 0 0 0 21 0 0 0 0 21. 0 100 100 100 100 100 100
5 Tiznit (21) 0 0 0 0 21 0 0 0 0 21 100 100 100 100 100 100
Overall rate 100 100 100 100 100 100
Prediction set
1 Agadir (3) 3 0 0 0 0 3 2 2 0 2 100 100 100 50 100 55
2 Ait-Baha (3) 0 3 0 0 0 0 1 0 0 0 100 33 100 100 100 83
3 Essaouira (3) 0 0 3 0 0 0 0 1 0 0 100 33 100 100 100 83
4 Taroudant (3) 0 0 0 3 0 0 0 0 3 0 100 100 100 100 100 100
5 Tiznit (3) 0 0 0 0 3 0 0 0 0 1 100 33 100 100 100 83
Overall rate 100 60 100 90 100 81
B) MCR-ALS
PLS-DA SIMCA Sensitivity Specifity Accuracy
Category 1 2 3 4 5 1 2 3 4 5 PLS-DA SIMCA PLS-DA SIMCA PLS-DA SIMCA
Training set
1 Agadir (21) 21 0 0 0 0 21 0 0 0 0 100 100 100 100 100 100
2 Ait-Baha (21) 0 21 0 0 0 0 21. 0 0 0 100 100 100 100 100 100
3 Essaouira (21) 0 0 21 0 0 0 0 21 0 0 100 100 100 100 100 100
4 Taroudant (21) 0 0 0 21 0 0 0 0 21. 0 100 100 100 100 100 100
5 Tiznit (21) 0 0 0 0 21 0 0 0 0 21 100 100 100 100 100 100
Overall rate 100 100 100 100 100 100
Prediction set
1 Agadir (3) 3 0 0 0 0 3 0 0 0 0 100 100 100 100 100 100
2 Ait-Baha (3) 0 3 0 0 0 0 3 0 0 0 100 100 100 100 100 100
3 Essaouira (3) 0 0 3 0 0 0 0 3 0 0 100 100 100 100 100 100
4 Taroudant (3) 0 0 0 3 0 0 0 0 3 0 100 100 100 100 100 100
5 Tiznit (3) 0 0 0 0 3 0 0 0 0 3 100 100 100 100 100 100
Overall rate 100 100 100 100 100 100

C) Data fusion (low-level)
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PLS-DA SIMCA Sensitivity Specificity Accuracy
Category 1 2 3 4 5 1 2 3 4 5 PLS-DA SIMCA PLS-DA SIMCA PLS-DA SIMCA
Training set
1 Agadir (21) 21 0 1 0 0 21 0 0 0 0 100 100 99 100 100 99
2 Ait-Baha (21) 0 21 0 0 0 0 21 0 0 0 100 100 100 100 100 100
3 Essaouira (21) 0 0 20 0 0 0 0 21 0 0 95 100 100 100 100 100
4 Taroudant (21) 0 0 0 21 0 0 0 0 21 0 100 100 100 100 100 100
5 Tiznit (21) 0 0 0 0 21 0 0 0 0 21 100 100 100 100 100 100
Overall rate 99 100 100 100 100 100
Prediction set
1 Agadir (3) 3 0 0 0 0 3 0 2 0 1 100 100 100 75 100 79
2 Ait-Baha (3) 0 3 0 0 0 0 3 0 0 0 100 100 100 100 100 100
3 Essaouira (3) 0 0 3 0 0 0 0 1 0 0 100 33 100 100 100 83
4 Taroudant (3) 0 0 0 3 0 0 0 0 3 0 100 100 100 100 100 100
5 Tiznit (3) 0 0 0 0 3 0 0 0 0 2 100 67 100 100 100 92
Overall rate 100 80 100 95 100 91
D) Data fusion (mid-level)
PLS-DA SIMCA Sensitivity Specifity Accuracy
Category 1 2 3 4 5 1 2 3 4 5 PLS-DA SIMCA PLS-DA SIMCA PLS-DA SIMCA
Training set
1 Agadir (21) 21 0 0 0 0 21 0 0 0 0 100 100 100 100 100 100
2 Ait-Baha (21) 0 21 0 0 0 0 21 0 0 0 100 100 100 100 100 100
3 Essaouira (21) 0 0 21 0 0 0 0 21 0 0 100 100 100 100 100 100
4 Taroudant (21) 0 0 0 21 0 0 0 0 21 0 100 100 100 100 100 100
5 Tiznit (21) 0 0 0 0 21 0 0 0 0 21 100 100 100 100 100 100
Overall rate 100 100 100 100 100 100
Prediction set
1 Agadir (3) 3 0 0 0 0 3 0 0 0 0 100 100 100 100 100 100
2 Ait-Baha (3) 0 3 0 0 0 0 3 0 0 0 100 100 100 100 100 100
3 Essaouira (3) 0 0 3 0 0 0 0 3 0 0 100 100 100 100 100 100
4 Taroudant (3) 0 0 0 3 0 0 0 0 3 0 100 100 100 100 100 100
5 Tiznit (3) 0 0 0 0 3 0 0 0 0 3 100 100 100 100 100 100
Overall rate 100 100 100 100 100 100
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Table S1. Geographical parameters and provenances of the Argania spinosa trees with climatic characteristics.

Average A l
Geographical Specific Sample temperature r}n?a;l ocli
origin region size (°C) rainfall Bioclimate
Max MmO
Agadir Drarga 12 55 13 230 Hot humid and arid bioclimate with Mediterranean oceanic
Tighanimine 12 influence
Aday 8
Ait-Baha Biougra 8 23 16 300  Arid Mediterranean bioclimate
Tafraoute 8
Sidi Kawki 8 Hot humid and arid bioclimate with Medit i
Essaouira Smimou 3 23 14 315 : ot humid and arid bioclimate wi editerranean oceanic
Tidzi 3 influence
Aoulouz 8
Taroudant Iforire 8 26 14 220 Arid Mediterranean bioclimate
Arazane 8
o Lakhsas 12 T s
Tiznit T 12 24 14 175 Hot semi-arid bioclimate
agzou
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Table S2. Analytical results with the developed UPLC/TOF-MS method: relative standard deviation (RSD %) inter- and intra-day, limit of detection
(LOD) and quantification (LOQ), linearity, calibration curves and coefficient of determination (r?). Compound arranged according to their retention
time. y= peak area, x=concentration.

|H0))) LO Linearit . .

Compound RSDinter (%) RSDintra (%) (ng/ke) (ng /l({lg) (ng/ke) y Calibration curves

Quinic acid 416 5.12 0.580 0.840 L0Q-100 y =42.45x - 0.47 0.9939
Citric acid 1.17 2.50 0.570 0.772 LOQ-50 y=1637x-815 0.9991
Pyrogallol 1.42 4.23 0.452 0.785 LOQ-100 y=13513x-516 0.9999
Succinic acid 1.28 2.52 0.532 0.720 LOQ-50 y=187.8x-1.9 0.9910
Gallic acid 2.15 3.49 0.420 0.880 LOQ-100 y=1789x + 6132 0.9925
Chlorogenic acid 415 4.30 0.524 0.945 LOQ-100 y=1817x + 15508 0.9547
Pyrocatechol 4.09 4.17 0.534 0.730 LOQ-50 y=6817x + 3231 0.9938
Protocatechuic acid 2.24 3.73 0.647 0.957 LOQ-100 y=6995.6x- 1.1 0.9998
p-Hydroxybenzoic acid 2.19 2.58 0.502 0.894 LOQ-50 y =10870x + 2354.6 0.9989
Catechin 1.26 2.15 0.495 0.732 LOQ-50 y =18269x + 7310.4 0.9954
Epicatechin 3.62 4.13 0.380 0.944 LOQ-50 y=13527x + 1668.5 0.9996
m-Hydroxybenzoic acid 1.32 2.40 0.315 0.791 LOQ-50 y=1191x-593.16 0.9991
Epigallocatechin 3-0-gallate 113 4.18 0.517 0.985 LOQ-100 y=2.7782x-0.18 0.9992
Vanillic acid 1.29 2.76 0.488 0.865 LOQ-100 y =215.22x + 228.83 0.9993
p-Coumaric acid 2.15 2.32 0.396 0.835 LOQ-50 y = 22759x + 4504.5 0.9992
Rutin 3.85 4.04 0.496 0.840 LOQ-50 y=10823x + 946 0.9998
m-Coumaric acid 1.53 2.89 0.395 0.882 LOQ-50 y =7006.6x - 0.8 0.9995
Ferulic acid 2.28 2.77 0.308 0.897 LOQ-50 y=7772x+ 2013 0.9984
Quercitrin 1.94 3.19 0.488 1.125 LOQ-50 y=15591x- 0.8 0.9993
o-Coumaric acid 1.14 3.73 0.350 0.816 LOQ-50 y =5988.1x - 3.7 0.9992
Salicylic acid 2.75 3.21 0.280 0.945 LOQ-25 y=21692x + 22910 0.9697
Naringin 2.95 3.32 0.366 0.786 LOQ-25 y =22087x-0.8 0.9991
Hesperidin 3.15 4.51 0.459 0.858 LOQ-25 y=72.701x-0.2 0.9952

Luteolin 3.64 3.86 0.350 0.975 LOQ-25 y =39587x- 0.6 0.9985



Resveratrol acid 2.59 2.61 0.410 1.195 LOQ-50 y=17613x + 7282 0.9949
Quercitin 3.82 4.90 0.408 0.976 LOQ-100 y=46001x + 14695 0.9969
Hesperetin 3.19 4.05 0.553 0.915 LOQ-25 y=7168x- 0.9 0.9995
4-Hydroxycoumarin 2.81 2.88 0.354 0.864 LOQ-50 y=9793x - 1.0 0.9987
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Table S3. Parameters of the secondary-metabolites compounds identified in the studied AK samples by using UPLC-ESI-QTOF/MS. ND= not detected.

UPLC-ESI-QTOF/MS

. > -
Gt SubClge. Name (Synamym) Formua  Weight | PUBCHEMID ool g fragments
(m/z)
Flavonoids Flavanols (+)-Catechin @ C15H1406 290.268 9064 1.63 289.064 290, 357, 174,
245
(-)-Epicatechin ® C15H1406 290.268 72276 1.65 289.064 290, 287, 174
(-)-Epigallocatechin 3-O-gallate ° C22H18011 458.372 65064 2.01 457.078 445, 305, 169,
125
Flavonols Avicularin (Quercetin 3-O-arabinoside) ° C20H18011 434.350 5481224 14.35 433.252 301, 300
Hyperin (Quercetin 3-O-galactoside) ° C21H20012 464.376 5281643 13.80 463.178 303, 129
Isoquercitrin (Quercetin 3-O-glucoside) " C21H20012 464.376 5280804 14.01 463.178 303
Kaempferol * C15H1006 286.236 5280863 ND 285.040 257, 151, 169,
241
Quercetin * Ci5H1007 302.236 5280343 5.99 301.000 302, 299, 169
Quercitrin (Quercetin 3-O-rhamnoside) * C21H20011 448.377 5359430 3.52 447.120 301, 300, 255,
179
Quercetin glycocoumarate b C30H26014 610.132 — 19.75 609.024 463, 301, 300,
271
Quercetin glycoferulate Cs1H28015 640.143 — 19.21 639.056 463, 301, 300,
271
Quercetin glycohydroxybenzoate ° C28H24014 584.117 — 15.83 583.024 463, 301, 300
Quercetin glycogallate ° C28H24016 616.106 — 11.35 615.010 463, 301, 300,
270, 169
Quercetin glycosinapate ” Cs2H30016 670.153 — 17.53 669.067 463, 301, 300
Rutin (Quercetin 3-O-rutinoside) C27H30016 610.518 5280805 2.63 609.100 610, 174, 235
Flavanones Hesperidin (Hesperetin 7-O-rutinoside) C28H34015 610.561 10621 3.95 609.172 672,301
Hesperetin * C16H1406 302.282 72281 6.77 301.015 301, 258, 143
Naringin * C271H32014 580.535 442428 3.95 579.173 459, 271, 235
Naringenin * Ci5H1205 272.253 439246 ND 271.061 151
Flavones Luteolin ° C15H1006 286.236 5280445 5.17 285.040 217,199
Phenolic acids  Hydroxybenzoic acids  Benzoic acid ? C7H602 122121 243 ND 121.031 77
Gallic acid * C7HeOs 170.12 370 0.66 168.90 125, 391, 170
Protocatechuic acid (3,4-Dihydroxybenzoic acid) *  C7HeO4 154.12 36062 0.95 153.010 153, 109
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Salicylic acid (2-Hydroxybenzoic acid) # C7HeOs 138.121 338 3.74 137.025 327,297,138
Syringic acid ® CoH100s 198.173 10742 ND 197.045 174, 327, 235,
265
Vanillic acid (4-Hydroxy-3-methoxybenzoic acid)*  CsHsOa 168.147 8468 212 167.036 ;gg 235, 357,
m-Hydroxybenzoic acid (3-Hydroxybenzoic acid)*  C7HeOs3 138.121 7420 1.78 137.025 174, 235, 138
p-Hydroxybenzoic acid (4-Hydroxybenzoic acid)®  C7H603 138.121 135 1.30 137.050 174, 235, 138
Hydroxycinnamic acids Caffeic acid® CoHsO4 180.157 689043 ND 179.035 135
Chlorogenic acid (5-Caffeoylquinic acid) C16H1809 354.309 12310830 0.83 353.202 174, 191, 235,
207
Ferulic acid (3-Methoxy-4-Hydroxycinnamic acid) *  CioH1004 194.184 709 3.12 193.050 Eg 194, 235,
m-Coumaric acid (3-Hydroxycinnamic acid) CoHsOs3 164.158 637541 2.98 163.042 164, 119, 174
o0-Coumaric acid (2-Hydroxycinnamic acid) * CoHsOs3 164.158 11968 3.65 163.042 164, 119, 174
p-Coumaric acid (4-Hydroxycinnamic acid) CgHsOs3 164.158 322 2.21 163.042 164, 119, 174
Rosmarinic acid * Ci8H160s 360.315 5281792 ND 359.054 360, 313, 179
Sinapic acid ° C11H1205 224.21 10743 ND 223.061 174, 235, 208
Stilbenes Stilbenes Resveratrol? C14H1203 228.243 445154 5.83 227.072 228, 326, 273
. Esculetin (6,7-Dihydroxycoumarin) ® CoHsO4 178.141 5281416 ND 177.018 133, 105, 89
Hydroxycoumarins ) . .
Esculin (esculetin-6-O-glucoside) C15H1609 340.282 5281417 ND 339.072 177,133
[:(J);Ih;[:henols Pyrocatechol (1,2-Dihydroxybenzene) CeHeO2 110.111 289 0.94 109.028 271, 233, 210
Other polyphenols Pyrogallol (1,2,3-Trihydroxybenzene) # CsHsO3 126.111 1057 0.60 125.024 303, 126
4-Hydroxycoumarin # CoHsO3 162.142 54682930 7.11 161.039 133,117
Citric acid * CeHsOr 192.123 311 0.63 191.102 111,173
((:)c;[rmeprounds Quinic acid * C7H1206 192.167 6508 0.51 191.120 192, 405, 365
Succinic acid ° C4HeO4 118.088 1110 0.65 117.018 73

& Compounds identified by comparing MS data and retention times with those of references (standard compounds).

b Compounds (tentatively) identified by comparing MS data with literature and online database.
¢ The MS? ion fragments were arranged based on relative ionic abundances.
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