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ARTICLE INFO ABSTRACT

Keywords: The increasing attention to food traceability calls for robust and sensitive analytical methodologies. Here
Food traceability we applied multivariate statistical analysis on data obtained from different analytical techniques typically
Metabolomics used to determine food authenticity, namely nuclear magnetic resonance ('H-NMR), liquid chromatography

Multi-omics
Stable isotopes
Food integrity

high-resolution mass spectrometry (LC-HRMS), and bulk stable isotope analysis (BSIA). The data were firstly
analysed as independent data sets and then the compatible data were merged using a multi-omics data fusion
approach. As a case study, Tonda Gentile Trilobata hazelnut from Piemonte (known as Nocciola Piemonte PGI)
was used, considering different origins and cultivars collected for two consecutive years. A first exploration of
data from each technique revealed a strong temporal component therefore the information related to origin and
cultivar was evaluated on data from each year separately; the three techniques highlighted differences between
origins, while only 'H-NMR and LC-HRMS could discriminate cultivars. The 'H-NMR and the LC-HRMS datasets
were then merged using Data Integration Analysis for Biomarker discovery using Latent variable approaches
for Omics studies (DIABLO) framework, a supervised multivariate method for multi-omics integration, designed
to identify correlated variables across datasets and maximize class discrimination. The merged data were
adequately classified for the geographical origin and cultivar with minimum error rate while the features
across the two datasets recorded similar up or down-modulation. Data fusion also confirmed the hierarchically
stronger effect of annual variability in agreement with the outcome of individual analytical approaches. With
this work, we show that data fusion increases robustness and enhances the extracted information by leveraging
the strengths of each analytical technique.

1. Introduction metabolites caused by factors such as geographical origin, cultivar or
production year [1]. 'H-NMR is one of the most employed techniques
Food safety is an increasingly hot topic in many countries world- thanks to its non-destructivity, fastness, and simultaneous detection

wide, including the European Union, which has developed three sche-
mes (the protected designation of origin PDO, the protected geo-
graphical indication PGI, and the traditional speciality guaranteed
TSG) to promote and protect its agricultural products (Regulation
(EU) No 1151/2012). Several analytical techniques were demonstrated
to be suitable to verify compliance with product specifications as ability of 'H-NMR is due to its capacity to produce distinct 'H-NMR
foreseen by the EU Regulation. These techniques include Nuclear profiles; even if not all the signals can be identified, the signal pattern in
Magnetic Resonance ('H-NMR), Liquid Chromatography coupled with the spectrum can be regarded as a “fingerprint” of the specific sample,
High-Resolution Mass Spectrometry (LC-HRMS), and Bulk Stable Iso- leading to 'H-NMR-based discriminations. This technique was tested
tope Analysis (BSIA), which detect variations in the composition of

of all the major organic classes of compounds [2,3]. The high repro-
ducibility of the 'H-NMR, combined with the possibility to automatize
the entire analytical process, even with a very high number of samples,
makes it suitable for high-throughput analysis [4]. The discriminating
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with many food products such as hazelnuts [5,6], extra virgin olive
oils [7], and Parmesan cheese [8]. LC-HRMS has higher sensitivity,
identification capabilities, and dynamic range reliability [9] compared
to 'H-NMR despite having lower reproducibility and being more lim-
ited in absolute quantification. Noteworthy, based on the respective
compound coverage profiles, these two techniques are complementary
analytical methods [10]. LC-HRMS has been applied to a broad range
of diverse high-value food matrices such as hazelnuts [11], extra-virgin
olive oils [12,13], and saffron [14]. BSIA is based on the analysis of
stable isotopes [15]. Many elements in nature present stable isotopes
and can virtually be used for this purpose, although hydrogen, oxygen,
carbon, and nitrogen are the most widely used [16]. In plants, nitrogen,
oxygen, and hydrogen mainly derive from root uptake, while carbon is
assimilated during photosynthesis; the stable isotope values of these
elements present a geographical pattern that is, to some extent, main-
tained during the metabolic pathways. Therefore, the stable isotope
composition of the plant biomass reflects that of the surrounding
environment [16]. In comparison to other techniques, stable isotope
analysis is more flexible in terms of sample handling and it has
been applied to products such as hazelnuts [17], potatoes [18], and
apples [19]. Since each analytical technique has specific advantages
and disadvantages, as well as its distinctive metabolite coverage, the
recent literature has highlighted the benefits of using orthogonal multi-
technique data fusion approaches [20] as they provide more robust
results than those obtained independently from each dataset and with
potentially complementary or synergic effects [21]. The integration of
multi-omics data was initially developed to combine different omics
datasets, such as genomics, transcriptomics, proteomics, metabolomics,
and more, to gain a comprehensive understanding of biological systems.
In the context of food protection and authenticity, this approach can
extract information from different analytical techniques and provide a
holistic view of the food’s composition to ensure the safety, quality, and
authenticity of different food matrices, including hazelnuts [22,23].
Recent uses of data fusion techniques merged data from ultraviolet—
visible (UV-Vis) and infrared (IR) spectroscopy to differentiate saffron
based on geographic origin [24], while the integration of 'H-NMR spec-
troscopy with LC-HRMS distinguished black peppers according to their
geographic origins and processing methods [25]. Because of its impor-
tance in the market [26], hazelnut represents an excellent case study
to test the innovative potential of data fusion techniques. In particular,
the Tonda Gentile Trilobata (TGT) produced in Piemonte, Italy, is a
hazelnut cultivar registered as Protected Geographical Indication (PGI)
(Regulation 1151/2012) under the name “Nocciola Piemonte”. TGT
is highly appreciated for its organoleptic properties and is considered
a “gold standard” for product quality [27]: its richness in secondary
metabolites translates into a well-recognized sensory quality that makes
it an excellent ingredient in high-quality confectionery industry. TGT
characteristics are strictly bound to its geographical origin and rep-
resent an exemplary application of the concept of terroir beyond the
wine sector [28]. In this work, we applied supervised multivariate
statistical analysis to data obtained from different orthogonal analytical
techniques, namely 'H-NMR, LC-HRMS, and BSIA. The data were firstly
analysed as independent data sets and then the compatible data were
merged into a single dataset using a multi-omics data fusion approach.
As a case study, we used data obtained from hazelnuts of the TGT,
which were compared with hazelnuts of different origins and cultivars.
This work aimed to propose an improved discrimination model in the
field of food authenticity.

2. Materials and methods
2.1. Samples collection and preparation
In this study, a total of 54 hazelnut samples were analysed. Of these,

44 samples were from different Italian regions, 4 samples from Turkey,
2 samples from Romania, 2 samples from Chile, 1 sample from Georgia,
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and 1 sample from Bulgaria; 29 were of the cultivar Tonda Gentile
Trilobata, 6 Giffoni, 2 Nocchione, 1 Nostrale, and 4 of other minor
cultivars. Samples were collected in 2020 (16) and 2021 (38). More
detailed information about the origin and cultivar is provided in the
supplementary materials (Table S1 and Figure S1). The sample prepa-
ration, handling and storage were the same for the three techniques.
Coarsely ground samples were dispersed in an 80:20 methanol:water
solution using an Ultra-Turrax. The samples were then centrifuged (15
min, 8.000 x g) and filtered (cellulose membrane, 0.22 pm) into vials
for analysis [29]. The LC-HRMS and 'H-NMR analyses were performed
on the methanolic extract, while BSIA was performed on the centrifuge
cake.

2.2. '"H-NMR sample preparation, spectra acquisition and data pre-processing

For proton nuclear magnetic resonance analysis ('H-NMR), the
methanol solvent was removed by under-vacuum evaporation, and the
metabolic mixtures were redissolved in deuterated methanol. Each 'H-
NMR tube was prepared at least in duplicate by adding 600 pL of the
sample solution and 10 pL of trimethylsilylpropanoic-d4 (TSP-d4) acid
standard solution 0.005 M. The 'H-NMR analysis was performed on
a Jeol ECZR 600 spectrometer (JEOL Ltd., Akishima, Tokyo, Japan)
operating at 600.17 MHz for protons. The spectra were collected at a
fixed temperature of 298 K by acquiring 32768 points and performing
256 scans for each sample, using a 30 s relaxation delay. A solvent
suppression procedure (Dante pre-saturation) was applied to remove
the water signal. The spectra were baseline- and phase-corrected using
the DELTA processing tool offered by JEOL Ltd. The raw 'H-NMR
spectra were imported and processed under the MATLAB R2021b en-
vironment (Mathworks, Natick, MA, USA). For all the spectra, the
ppm scale was referenced to the TSP peak (0.00 ppm) (Figure S2).
To increase the comparability of spectra, the “Icoshift” tool [30,31]
was applied to align the most important signals located inside specific
manually selected intervals. The collected raw spectra contains 26214
variables. The spectra width was corrected to include only signals
between —0.1 ppm and 9.3 ppm to remove unwanted and noisy areas.
To avoid interferences, methanol signals (from 3.26 ppm to 3.38 ppm)
and water residues (from 4.55 and 5.05 ppm) were removed from the
spectra. To reduce the number of variables without affecting spectral
information, and to make the dataset dimension comparable with the
LC-HRMS dataset, the variables of the NMR dataset were reduced by
picking one point every two. The reduced NMR dataset was composed
by 10508 variables.

2.3. LC-HRMS untargeted profiling and data pre-processing

The hazelnut metabolite was also profiled through Ultra-High-
Pressure Liquid Chromatography (UHPLC; 1290 series, Agilent Tech-
nologies, Santa Clara, CA, USA) coupled to a Quadrupole-Time-Of-
Flight Mass Spectrometer (Q-TOF MS; 6550 iFunnel, Agilent Tech-
nologies), as reported previously (Senizza et al. 2023). The mass
spectrometer worked in Full-Scan mode, with a positive ionization
(ESI +), to acquire accurate masses in the 100-1200 m/z range.
The chromatographic separation was performed on an Agilent Zorbax
Eclipse plus C18 analytical column (50 x 2.1 mm, 1.8 pm), using water-
acetonitrile gradient elution (from 6% to 94% organic in 34 min),
with 6 pL of injection volume (three technical replicates). The features
were aligned for mass (5 ppm accuracy) and retention time (0.05 min)
and annotated according to the “find by-formula” algorithm using
the Agilent Profinder B.07 software against the database FooDB. To
this aim, the whole isotopic pattern of molecular features (accurate
monoisotopic mass, isotope spacing, and ratio) was used as previously
described [14]. The annotation approach corresponded to a Level 2 of
confidence, with reference to the COSMOS initiative for standardization
in metabolomics [32]. Data filtering and normalization were also
carried out in Profinder B.07, retaining only the compounds identified
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within 100% of replications of the treatment grouping. The Agilent
Mass Profiler Professional B.12.06 software was finally used as post-
acquisition pre-processing [33]. Therein, compounds were filtered by
abundance, considering only those compounds with an area > 5000
counts, normalized at the 75th percentile, and baselined to their
median in the dataset.

2.4. BSIA sample preparation and acquisition

Methanol-extracted samples were finely ground using a ceramic
mortar and pestle and left at room temperature under a chemical hood
for at least 4 h to let residual methanol evaporate. Stable isotope anal-
ysis was performed using a High-Temperature Conversion Elemental
analyser coupled with a Delta V Advantage Isotope Ratio Mass Spec-
trometer (Thermo Fisher Scientific GmbH, Bremen, Germany). About
0.4 mg were weighted in silver cups for hydrogen (*H/'H) and oxygen
(180/1%0) isotope ratio analysis and in tin cups for carbon (13C/12C)
while about 1.5 mg were weighted in tin cups for nitrogen (‘°N/14N)
isotope ratio. Every sample was analysed at least in duplicate. The
isotope ratios are reported in the standard delta (§) notation calculated
with respect to the internationally recognized standard for each ele-
ment (VSMOV for hydrogen and oxygen, VPDB for carbon, and Air for
nitrogen). For this purpose, a three-point calibration was used to ensure
the robustness of the measurements. The reference materials were all
analysed in triplicate. A quality control was also added to each run.
The § values were multiplied by 1000 and expressed in %o.

2.5. Multivariate data analysis to explore single techniques independently

The datasets obtained from the 'H-NMR, LC-HRMS, and BSIA were
pre-processed and treated separately. The datasets were first normal-
ized to the total sum. In addition, a mean centre scaling was used to
preprocess 'H-NMR and LC-HRMS data, while autoscaling was used to
preprocess BSIA data, according to the different characteristics of the
three databases. Principal Component Analysis (PCA) was performed
using a MATLAB toolbox specific for exploratory analysis [34]. PCA
models were applied to each individual dataset to naively explore data
patterns and search for similarities and differences among the samples
and treatments. In addition, to visualize groupings and outliers, the
samples in the scores’ plots were coloured according to the different
features inspected (harvest year, geographical origin, and hazelnut
cultivar). The statistical significance of group separation was quantified
using the Hotelling’s T2 test using the ICSNP package for R [35]
calculating the p-value using the F-distribution. A supervised sparse
Partial Least Squares Discriminant Analysis, sPLS-DA [36] modelling
approach was next used to investigate the ability to discriminate spe-
cific classes of samples (i.e., Piedmont hazelnuts and TGT cultivar).
For each dataset, two models were created, one to observe how the
samples with Piedmont geographical origin were separated from the
others, and the second to evaluate the samples’ distribution with re-
spect to the hazelnuts of TGT cultivar. Stable isotope data were further
explored by Soft Independent Modelling of Class Analogies (SIMCA)
using the mdatools package for R [37]. The SIMCA model was built
using only samples obtained from Piedmont for each year of harvest.
To circumvent the small sample size, several models were produced,
each excluding one sample from Piedmont. Each one of these models
was validated using the Procrustes approach [38]. Finally, each model
was used to predict the classification of the whole dataset for the year,
including the sample from Piedmont previously left out of the training
sets. A sample is considered correctly assigned when most models
assigned it to the correct class (Piedmont or none). The sensitivity was
calculated as the number of samples correctly assigned to the target
class (true positive), the specificity was calculated as the number of
samples correctly assigned to the alternate class (true negative), the
accuracy was calculated as the number of samples correctly assigned to
the respective class (true positive + true negative) respect to the total.
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2.6. Multi-omics data fusion

The 'H-NMR dataset and the LC-HRMS dataset were merged using
Data Integration Analysis for Biomarker discovery using Latent vari-
able approaches for Omics studies (DIABLO) framework implemented
within the “mixOmics” R package (version 6.22) to evaluate the com-
plementarity of the two techniques and to understand which variables
better characterize the geographical origin and variety of hazelnuts.
The BSIA dataset was not included in this analysis because of the
large diversity in dataset dimensions (4 variables compared to the 2464
variables of LC-HRMS and the 10508 variables of !H-NMR). Moreover,
before merging the data, the 'H-NMR dataset was down-sampled by
taking one data point every two to obtain half of the initial variables to
be more comparable to the LC-HRMS dataset. The DIABLO model was
optimized using the framework’s tuning function, selecting the number
of components (based on the overall error rate (BER) and the number
of variables (defined by repeated and stratified cross-validation analysis
(3-fold CV, repeated 50 times)). Specifically, two principal components
were used to generate the integration model considering, for the LC-
HRMS data, 8 and 40 variables, whereas for 'H-NMR data, 100 and
100, for components 1 and 2, respectively. The classification error rate
was performed in different steps, one component by one, to forecast the
optimal number of variables with the strongest discrimination ability.
In addition, repeated cross-validation was used to evaluate the perfor-
mance of sSPLS-DA models and estimate their ability to correctly classify
each sample addition based on harvest year, geographical origin, and
cultivar.

3. Results and discussion
3.1. Datasets exploration and patterns

The datasets obtained with 'H-NMR LC-HRMS, and BSIA analysis
were inspected individually by performing different PCA models (unsu-
pervised) to search for groupings related to harvest year, geographical
origin, and hazelnut cultivar. The information associated with each
sample was used to visualize the different classes in the score plots
obtained from the PCA models. Furthermore, to better investigate the
information related to Piedmont’s geographical origin and TGT culti-
var, the datasets were also investigated using a supervised approach
(PLS-DA and SIMCA).

3.1.1. 'H-NMR dataset

The first exploration of the NMR dataset was done using unsuper-
vised methods. A first PCA model was performed including all samples.
Considering seven principal components (PC), a total explained vari-
ance of 81.31% was described. From the scores plot of the first two
PCs (Fig. 1a), two major clusters associated with the harvest year were
observed. In addition, by exploring the samples, a cluster related to
the late-harvested hazelnuts was identified, later confirmed by LC-
HRMS data. Since the largest part of the information in the dataset
distinguished the harvest year (Fig. la), data from each year were
modelled separately to evaluate information related to the origin and
the cultivar. To evaluate the information related to the origin and
the cultivar, data from each year were modelled separately; however,
because of the higher sample number and better distribution in terms of
geographical origins and cultivars, only data from 2021 were included
in these exploratory statistical analyses. A PCA model was created to
evaluate the information about the origin and the cultivar (Figure S3).
Different clusters related to the geographical origin were found in the
scores plot of the first two PCs respectively describing 27.46% and
19.97% of the total variance, which are reasonable values considering
that we are working with NMR spectral full profile. In particular, three
groups were identified for hazelnuts from Piedmont, Emilia, and from
outside Italy. As previously obtained by Bachmann et al. [6], the 'H-
NMR analysis allowed us to distinguish Italian hazelnuts with respect
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Fig. 1. 'H-NMR dataset. (a) Scores plot of a PCA model grouped by harvest year. (b)
Scores plot of a sPLS-DA model on 2021 samples grouped as TGT or other cultivars.

to foreign samples. However, the variance of a single sample group is
sometimes larger than the distance between two groups, especially for
samples coming from the same country. From the scores plot of the first
two PCs, it was possible to identify clusters related to TGT and Giffoni
cultivars (Figure S4). Moreover, different from the results obtained
by Caligiani et al. [5], a separation between Italian and foreign TGT
hazelnuts was found during the exploration of the samples. Two distinct
supervised models were also created to better evaluate the possibility
of discriminating the TGT hazelnuts coming from Piedmont. A first
PLS-DA model was developed to identify the TGT cultivar among the
other cultivars from the 2021 samples. Three latent variables (LV) were
selected, accounting for a Y-response explained variance of 61.45% and
an X-dataset explained variance of 48.38%. By looking at the scores
plot of the first two, a grouping related only to the TGT cultivar was
spotted (Fig. 1b). The same approach was used to evaluate a possible
separation between Piedmont hazelnuts and the others. For this PLS-
DA model, three latent variables were selected, leading to a Y-response
explained variance of 62.11% and an X-dataset explained variance of
50.68%. By exploring the scores plot of the first two LVs, a slight
separation based on geographical origin was spotted (Figure S5). These
two pieces of evidence confirmed the results previously highlighted by
Bachmann et al. [6], which successfully differentiated hazelnut samples
according to geographical origin and improved the results obtained by
Caligiani et al. [5] about the TGT hazelnut characterization. This first
exploration suggests that, for the 'H-NMR spectroscopy, even if most
of the information allows us to distinguish the samples according to
the harvest year, it is possible to find information strictly related to
the geographical origin and the cultivar of the samples. The results
obtained from the two PLS-DA models highlight that, both for variety
and geographical origin, half of the total explained variance (48.38%
and 50.68% respectively) can be enough to successfully identified
clusters related to TGT variety or Piedmont geographical origin. To
better understand and evaluate the information found with the 'H-
NMR analyses, a tentative identification of the extracted compounds
was performed on the 'H-NMR spectra. The signals in the spectra
were assigned by comparison with the literature [5,6,39] and with
the Human Metabolome Database (HMDB), which contains metabolites
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Fig. 2. LC-HRMS dataset. (a) Scores plot of a PCA model grouped by harvest year.
(b) Plots of the model response in cross-validation for two sPLS-DA supervised models
grouped as (b) from Piedmont or from other origin and (c) TGT or other cultivars.

also found in hazelnuts. The 28 identified metabolites are shown in
Table 1, which also contains information related to the chemical shift
and the multiplicity of the assigned metabolites. Other groups of signals
were identified in the spectra but not assigned to any metabolites.

3.1.2. LC-HRMS dataset

The dataset obtained from LC-HRMS was explored through differ-
ent statistical analyses, where the samples were labelled according to
the harvest year, the geographical origin, and the cultivar. The first
PCA model was performed considering all the samples. Four principal
components was selected, corresponding to a total explained variance
of 90.68%. Three major clusters were found, associated respectively
with samples from 2020, samples from 2021 and samples late harvested
in 2021. PC2 allows the separation of the sample from seasons 2020
and 2021, while PC1 discriminates the late samples from 2021 from
the other 2021 hazelnuts (Fig. 2(a)). As for 'H-NMR most of the
information in the dataset clusters according to the harvest year, while
no grouping related to other features has been found in the first PCA
model. The PCA analysis revealed the presence of three large clusters,
however, to build models with an acceptable amount of samples, the
subsequent PLS-DA analyses were performed considering the samples
from all the three clusters together. A first PLS-DA model was built con-
sidering two classes: samples from Piedmont and samples with different
geographical origin. Six latent variables were selected, corresponding
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Table 1
List of the assigned metabolites with tentative names, chemical shifts (5, ppm) and signal multiplicity.
Compound name Chemical shift (6, ppm) Multiplicity Reference
TSP 0 S
Beta sitosterol 0.707 S Caligiani et al. [5]
Isoleucine 0.87 t Caligiani et al. [5]
1.06 d Bachmann et al. [6],Schmitt et al. [39]
Leucine 0.9 T Caligiani et al. [5],Schmitt et al. [39]
Valine 1.015 d Caligiani et al. [5]
1.037 d Bachmann et al. [6],Schmitt et al. [39]
Threonine 1.3 D Bachmann et al. [6],Schmitt et al. [39]
Alanine 1.46 D Caligiani et al. [5],Bachmann et al. [6],Schmitt et al. [39]
Arginine 1.72 M Caligiani et al. [5],Schmitt et al. [39]
Acetic acid 1.932 S Caligiani et al. [5],Bachmann et al. [6],Schmitt et al. [39]
Acetyl glutamate 2.015 s [40]
2.27 t
Glutamic acid 2.16 S Caligiani et al. [5],Schmitt et al. [39]
Malate 2.34 M Bachmann et al. [6],Schmitt et al. [39]
Succinic acid 2.555 S Caligiani et al. [5]
Malic acid 2.775 Dd Caligiani et al. [5]
Asparagine 2.9 Dd Caligiani et al. [5]
Choline derivate 3. 179 s Caligiani et al. [5]
Choline 3. 201 s Caligiani et al. [5],Bachmann et al. [6],Schmitt et al. [39]
Sucrose 3.44 dd Caligiani et al. [5]
3.615 m Bachmann et al. [6]
3.76 m Schmitt et al. [39]
4.01 t
4.08 s
4.11 s
5.377 d
Glycerol 3.505 m Caligiani et al. [5]
a-hydroxy acid 4.3 m Caligiani et al. [5]
Ribose nucleotides 4.485 m Caligiani et al. [5]
Oligosaccharides 5.399 m Caligiani et al. [5]
5.41 m
5.515 m
Fumarate 6.65 s Bachmann et al. [6]
Tyrosine 6.773 d Caligiani et al. [5]
7.128 m Bachmann et al. [6]
Indole derivate 6.9 d
7.035 dt
7.283 dt
7.53 d
Tryptophan 7.384 m Caligiani et al. [5]
7.69 d
Trigonelline 8.043 dd Caligiani et al. [5]
8.841 d
8.889 d
9.178 s
Adenosine 8.14 s Caligiani et al. [5]
Formic acid 8.48 s Caligiani et al. [5],Bachmann et al. [6],Schmitt et al. [39]

to a Y-response explained variance of 69.41% and to a X-dataset total
explained variance of 93.07%. The model response plot reported in
Fig. 2b confirm the possibility of discriminating hazelnuts samples
from Piedmont according to their geographical origin. A second PLS-
DA model was developed considering two variety-based classes: TGT
variety and other cultivars. Seven LVs were selected, resulting in a
Y-response explained variance of 61.28% and a X-dataset explained
variance of 90.94%. The model response plot reported in Fig. 2c
confirmed the possibility of discriminating TGT variety hazelnuts from
other cultivars. These outcomes confirmed the possibility of finding
information related to origin and cultivar using LC-HRMS analysis, even
if the largest part of the information in the obtained dataset separates
the samples according to the harvest year.

3.1.3. BSIA dataset

The overall stable isotope values (mean +standard deviation) were
—27.54 +1.93, 1.45 +1.53, 20.12 +2.52, and —-166.1 +14.8 %o for
813¢C, 61N, 6'%0 and 6%H, respectively. As for the other techniques,
a first PCA model was performed with all samples. A clear effect of
the year of sampling was observed when the individual sampling sites
were considered (p < 0.05), while considering the whole dataset, the

annual variability was hidden by the spatial variability. On the con-
trary, no difference was detected between early and late 2021 samples
from Piedmont. The annual variability could be attributed to different
climate, whose effect on stable isotopes is well known [41]. The cultivar
had no clear effect on stable isotope signature, as indicated by the data
collected in Emilia Romagna in 2021 that grouped according to the site
of origin (Fig. 3(a)). Within Piedmont, all samples except one belonged
to the cultivar TGT; therefore, it was not possible to determine the
effect of this parameter. The cultivar effect on stable isotope values
has been reported in a few cases [42], but only when considering
small regions. Genetic variations are known to affect several metabolic
pathways such as photosynthesis, which has an important role in deter-
mining the isotope composition of carbon and oxygen [43]. However,
it is likely that at a wider spatial scale, the climatic and topological
effect would outweigh the genetic effect. A supervised PLS-DA model
was created on the 2021 samples, where a clustering of the Piedmont
samples could be observed, with respect to other origins (Fig. 3(b)).
However, because unbalanced samples could affect the power of the
classification procedure [44], a Soft Independent Modelling of Class
Analogy (SIMCA) was also applied. The results gave a good indication
about the suitability of stable isotope data to confirm geographical
origin, in this case, the Piedmont or other regions in Italy. In both
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of a sPLS-DA model on 2021 samples grouped as from Piedmont or from other origin.

sampling years, 7 samples from Piedmont out of 11 were classified
correctly, giving a sensitivity of 0.64. In 2020, 8 samples originated
from outside Piedmont out of 11 were classified correctly. In 2021,
17 samples originated from outside Piedmont out of 27 were correctly
classified. The specificity was, therefore, 0.727 in 2020 and 0.630 in
2021. The relatively low accuracy of class assignment, 0.65 on average,
can be mainly ascribed to the small sample size, especially regarding
the data from the area of interest. In fact, while the leave-one-out cross-
validation decreases the probability of detecting outliers [45], a small
sample size can affect the robustness of the SIMCA analysis [46].

3.2. Multi-omic data fusion and supervised sparse PLS-DA

Previous works suggested the great potential of data fusion cou-
pled with chemometrics and multivariate statistical analysis in food
authenticity to characterize the quality of different foodstuffs, including
olive oil, honey, fish and meat [47-50]. In this study, the whole 'H-
NMR and LC-HRMS datasets, comprehensive of the two harvest years,
were integrated using an sPLS-DA model (from DIABLO framework),
and their variables contribution was underlined by the circle plots to
visualize the correlations for geographical origin (Figure S6), cultivar
(Figure S7), and harvest year (Figure S8). The sPLS-DA model ade-
quately classified samples for the geographical origin and cultivar type
with the minimum error rate (a one-sided t-test), using two and three
components, respectively. Evident cluster points were outlined among
the sparse components on the first two components, with positive
correlations among the features from the two datasets. In particular, in
the geographical origin model, the features resulted either positively
or negatively correlated along component 1. In contrast, in component
2, some features were negatively correlated, while the correlation
structure was ambiguous for others (Figure S6). The cultivar model
outlined two separate clusters on the first component but not distinct
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on component 2 (Figure S7). Finally, in the harvest year model, the se-
lected features generated two positive and negative clusters, separated
by the first component (Figure S8).

3.2.1. Discrimination models by geographical origin

The first sPLS-DA model (Fig. 4) was constructed to discriminate
samples from Piedmont with respect to other origins. As reported, there
was a general agreement between LC-HRMS and 'H-NMR outputs, in
agreement with the good correlation coefficients between the datasets
reported by the correlation circle plot, where features deriving from
both datasets were characterized by similar clusterization potential
(Fig. S6). This result was further confirmed by the arrow plot (Fig. 4)
reporting the distribution of the samples belonging to the two datasets;
the distances between the features are outlined by the arrow length
that connects the same sample under the two datasets dimensions.
Specifically, the features selected by the first two dimensions reported
the capability to discriminate Piedmont hazelnuts from the “Others”.
Moreover, the hierarchical clustering analysis (Fig. 4), which was ob-
tained from the modulation of all features selected across the two
sparse components, shows that the selected features produced different
clusters according to their origins, and the features across the two
datasets recorded similar up or down-modulation in the sub-clustering
groups. Finally, the loading plots of the first 8 (LC-HRMS) and 100
("H-NMR) selected variables for the sparse component 1 and 40 and
100 variables for sparse component 2 are represented in Fig. 4. All
the features recorded an overall Pearson’s correlation of r = 0.86 for
component 1 and r = 0.85 for component 2. The features contributing
to component 1 mainly belonged to the Piedmont hazelnuts group,
characterized by p-coumaric acid ethyl ester, L-aspartic acid, moracin
D, m-chlorobenzoic acid, while those contributing to component 2 were
the “Others” group, including geranyl rhamnosyl-glucoside, kanokoside
A and neoacrimarine K. In addition, the features differently related to
the two datasets were associated with flavonoids, carbohydrates, and
fatty acyls. These data agree with previous works highlighting that
the chemical lipid composition, in particular, triacylglycerols but also
phosphatidylcholines, phosphatidylethanolamines, diacylglycerols, and
y-tocopherol compositions [51], allow identifying hazelnuts according
to their country of origin [52].

3.2.2. Discrimination by the cultivar

The second sPLS-DA model aimed to discriminate different hazel-
nut cultivars to distinguish TGT from the others (Fig. 5). The model
separated, but did not group, the TGT samples from the “Others”
according to their cultivars. In fact, these results were further con-
firmed by the arrow plot (Fig. 5a) representing the sample distribution,
with no clear grouping according to different cultivars. However, the
cultivar factor was clearly distinguished based on the contribution
of the first three main components by selecting specific biomarkers
that characterize the TGT and the “Others” cultivars. These features
were used to build hierarchical clustering analysis, producing different
clusterizations in accordance with their cultivar. The features across
the two datasets recorded similar up or down-modulation in the sub-
clustering groups (Fig. 5b). The loading plots reported in Figs. 5c-d
show the first two main components contributing to the discrimination
potential. Interestingly, these features recorded an overall Pearson’s
correlation of r = 0.89 for component 1, and r = 0.79 for compo-
nent 2. The features contributing to component 1 mainly belonged
to the “Others” hazelnuts group, while those contributing to com-
ponents 2 was mainly related to TGT. The features related to the
two datasets were mostly associated with flavonoids, amino acids,
carbohydrates, fatty acyls, fatty acids and lipids. The main compounds
characterizing “Others” (component 1) belonged to the class of lipids
and included 3,4-dimethyl-5-pentyl-2-furanundecanoic acid, methyl-
[12]-gingerdiol and 6,10,14-trimethyl-2-methylenepentadecanal while
TGT cultivar (component 2) were characterized by p-coumaric acid
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ethyl ester, aspartic acid, coumaric acid. Previous LC-HRMS-based stud-
ies identified several phenolic compounds differentially accumulated
depending on the cultivars, including kaempferol, quercetin, rutin,
myricetin, and catechin, and an alteration of the phenylpropanoids
biosynthesis [11]. Kang and Suh [53], through metabolomics analysis,
identified carbohydrates (glucose, fructose, sucrose, and xylose), amino
acids (asparagine and glutamic acid), organic acids, fatty acids (oleic, a-
linolenic and stearic acids) as markers associated with different Italian
hazelnut genotypes. In particular, the authors reported that Tonda
Gentile Trilobata from Piedmont showed the highest lipid and total
polyphenols content, compared to Tonda Giffoni and Tonda Romana
and compared to Chilean TGT. Noteworthy, no differences were found
between TGT from Piedmont Chile at genetic level, strengthening the
genotype x environment interaction as the main driver of chemical
fingerprints [52].

3.2.3. Effect of the harvest year on the discrimination potential of the
SPLS-DA model applied to fused data

It is well known that weather conditions can shape metabolite
signatures in plants [52,54], and the multivariate analysis performed
on all three individual datasets highlighted that the largest part of the
information in the dataset is in fact related to the harvest year. After
the success of the sPLS-DA model on fused data in highlighting the most
important features discriminating geographical origins and cultivars,
we decided to apply it to determine whether it is also possible to
extrapolate those features most affected by annual variability. The third
fusion model reported clear discrimination between the two harvest
times for both LC-HRMS and 'H-NMR data (Fig. 6a). This output

was also confirmed by the heat map from the hierarchical cluster-
ing analysis (Fig. 6b), in which samples were grouped into clusters
based on the harvest year. All features selected provided an overall
Pearson’s correlation of r = 0.80 for component 1 (Fig. 6¢) and r
= 0.85 for component 2 (Fig. 6d). Therefore, data fusion confirmed
the hierarchically stronger effect of annual variability in agreement
with the outcome of individual analytical approaches. Considering
the features contributing to component 1, they belonged to the 2020
year, whereas those contributing to component 2 referred to the year
2021. By exploring the results, the features related to the two datasets
were mostly associated with amino acids, carbohydrates, fatty acyls,
polyunsaturated fatty acids, flavonoids, and lipids. It is clear that these
results are not generalizable to the whole lifetime of a hazelnut grove.
However, our results show that this approach can provide valuable
information also to study inter-annual variability.

3.2.4. The advantages and disadvantages of DIABLO multi-technique data
fusion for hazelnut authenticity

To discuss the potential benefits of the combined multi-omics
metabolomic profiling of hazelnuts, it is important to point out how
data were collected. In particular, a single preparation protocol was
used for homogenization and extraction, starting from the same raw
materials, without dedicated workflows. One of the disadvantages
of using the data integration approach is the compatibility of data
and analytical techniques, in which different approaches should be
compatible and integrated. In this sense, the choice of analytical
techniques used comes from the fact that 'H-NMR and LC-HRMS
are highly complementary, and their combination may increase the
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opportunities for improving compound coverage and delivering a more
holistic metabolic profiling [55]. Indeed, 'H-NMR requires minimal
handling, is more quantitative, but typically detects the most abundant
metabolites. Conversely, LC-HRMS has a broader compound coverage
down to lower concentrations with a larger dynamic range but with
challenging metabolite quantification. BSIA proved to be less suitable
for data fusion with 'H-NMR and LC-HRMS data. In a few cases the
data fusion included also stable isotope results, but these works mostly
included data sets with relatively similar dimensions, such as elemental
analysis and volatile compounds concentration, in addition to stable
isotopes [56,57]. In our work, the high number of features selected for
data fusion prevented the inclusion of the stable isotope data. However,
on the ground of the features identified in this work based on NMR
and LC data, it could be possible to envision the selection of fewer,
more specific features to reduce dimensionality to a more appropriate
level [58]. In addition, complex biological samples can provide an
overwhelming amount of data that challenges interpretations. Conse-
quently, isotope tracer-based approaches like BSIA can significantly
simplify traceability compared to metabolomics. Experimental barriers
preventing data fusion could not be observed in our experiments,
provided data management and chemometrics are also considered.
Most works using metabolomics for traceability have been limited to
a single analytical approach despite recent chemometrics tools that
can accommodate data fusion from different techniques. On the one
side, our findings confirmed the suitability of each separate technique
while pointing out the importance of the experimental design. In this
regard, it becomes fundamental to consider different seasons when the
genotype x environment interaction is to be described for traceability

purposes. Moreover, it was essential to use supervised statistics to
investigate the contribution of different factors (cultivar, origin, and
year of harvest, in our case) in the discrimination and identify specific
vs. common marker compounds. Supervised statistics associated with
an adequate sampling size have been shown to be highly valuable in the
presence of confounding factors that may complicate interpretations
in real situations. On the other side, our findings highlighted the
excellent correlations between 'H-NMR and LC-HRMS datasets, with
cluster analysis demonstrating a limited overlapping and a substantial
complementarity. Chen et al. [59], individually modelling 'H-NMR and
LC-HRMS data and then combining the scores from each analysis into
a third score plot, obtained a better separation than the original 'H-
NMR or LC-HRMS scores alone. Notwithstanding, the sPLS-DA analysis
showcases the robustness of the combined approach. Indeed, using
appropriate tools for data fusion may represent a concrete advantage
beyond a simple merge of data from different techniques because the
latter does not consider the highly informative correlations between
'H-NMR and LC-HRMS datasets. Despite looking like classical PLS
models, multiblock methods enhance the sensitivity and specificity of
the multiple analytical sources [60]. Accordingly, the dataset from each
technique is modelled into separate “blocks”, and their co-analysis is
used to investigate within-block and between-block correlations [61].
Consequently, when the blocks share common patterns, such as in our
study, between-block correlations will provide a better performance in
terms of between-group discrimination ability. Thus, they can improve
the sensitivity and specificity of biomarker discovery. Furthermore,
integrating datasets coming from different techniques can reduce the
noise and enhance the overall predictability of the model. However,
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data overfitting could occur when a model represents the training data
too well and captures noise that does not generalize to new data. To
overcome this problem, we built the models after the tuning process by
using k-fold cross-validation to ensure good performances when using
the selected features [62].

4. Conclusions

A multi-technique unbiased platform was used, together with the
intrinsic benefits of each individual analytical approach, to highlight
the advantage of a multi-omics approach in ensuring the integrity
of food products using hazelnuts as a case study. To the best of
our knowledge, this approach has never been applied to hazelnut
samples by combining 'H-NMR and LC-HRMS techniques. Thus, the
identification and characterization of hazelnuts biomarkers based on
the metabolomics profile obtained from two different complementary
techniques could be exploited to confirm the origins and the varieties
of hazelnuts. In more detail, this study characterized hazelnuts of
the Tonda Gentile Trilobata cultivar grown in Piedmont using three
complementary analytical techniques and highlighted the differences
in chemical signatures when the effects of cultivar, origin, and harvest
year overlap. Although the selected features were primarily affected
by the harvest year, the results within each season were comparable.
This result, being based on only two subsequent harvests, is clearly
not generalizable to the whole lifetime of a hazelnut grove, but it
highlights that the multi-technique data-fusion approach can provide
information even in the presence of such variability. The analysis of

the individual databases pointed out similar conclusions. In particular,
all three techniques highlighted differences between the 2020 and
the 2021 harvests and, though with a different level of confidence,
were able to distinguish hazelnuts grown in Piedmont from those
harvested outside the region. In addition, LC-HRMS and 'H-NMR could
also differentiate the Tonda Gentile Trilobata from other cultivars.
In the future, stable isotope analysis could be performed on specific
compounds identified by the LC-HRMS and 'H-NMR as indicative of
origin and cultivar to incorporate into the data analysis information
strictly bound to the site of origin of the produce. This approach is
expected to facilitate data interpretation in the presence of confounding
factors such as inter-annual and agronomic variability. Furthermore,
the dataset could be further tested by adding samples from different
origins and cultivars to test the robustness of data interpretation in the
presence of an increasing variability of the sample. This information
can be of high interest when aiming at exploiting these techniques
for food security. These results indicate that data fusion increases
the prediction and the classification ability with respect to individual
results, despite the limitations in relation to robustness due to the small
sample size. Notwithstanding, the chemometric outputs gained by the
fusion of LC-HRMS and 'H-NMR data allowed the identification of the
most relevant features distinguishing the geographical origin and the
cultivar, even considering different harvest years of hazelnut samples.
In conclusion, despite the limited sample size, combining orthogonal
techniques with complementary information associated with proper
data fusion approaches can significantly advance the identification of
the geographical and botanical (cultivar) origin of hazelnuts.
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