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ABSTRACT

Due to globalization and the expansion of food supply chains, food fraud has become a
widespread practice with global impacts. High-value commercial foods, such as virgin
olive oil and nuts, are targets of these fraudulent practices, driven by economic gain.
These products are highly valued for their nutritional benefits and sensory properties,
which are strongly influenced by their varietal and geographical origin. This makes
them particularly susceptible to mislabelling to exploit the premium prices associated
with certain regions or cultivars. This situation is exacerbated by the lack or inefficiency
of official control methods. In addition to the economic harm to consumers and

industry, food fraud also presents a high risk to public health.

Therefore, developing efficient analytical methodologies to verify the geographical and
varietal origin of these products is essential for preventing fraud and protecting
consumer rights. The main objective of this doctoral thesis is to ensure the varietal and
geographical authenticity of high-value food products, such as virgin olive oil,
hazelnuts, and pine nuts, through the development of reliable analytical and

chemometric techniques based on appropriate markers.

To achieve this goal, methods based on isotopic and metabolic markers have been
implemented, using both targeted and untargeted approaches for the three studied
foods. Their advantages and limitations have been evaluated to identify the most
suitable methods. For virgin olive oil, two methodologies were compared to verify
geographical origin by developing classification models: fingerprinting of sesquiterpene
hydrocarbons and stable isotope analysis of carbon (C), hydrogen (H), and oxygen (O).
Results showed that sesquiterpene fingerprinting is more effective, providing greater
sensitivity, specificity, and robustness. This method was also successfully applied to
varietal authentication of olive oil, validating it as an effective tool for both

geographical and varietal authentication.

For hazelnuts, a method to analyse the isotopic ratio of bulk O, and C and H of fatty
acid methyl esters was developed to authenticate geographical origin. Additionally,

three untargeted metabolic methods (triacylglycerols, unsaponifiable fraction, and



spectroscopic fingerprinting) were applied to simultaneously verify the cultivar and
origin. Although the isotopic method was able to distinguish between regions with
different climatic and geological conditions, it was outperformed by the metabolic
methods. Triacylglycerol fingerprinting, while offering lower accuracy, was fast and
simple, making it a recommended method for initial screening. Conversely,
fingerprinting of the unsaponifiable fraction was more laborious but offered higher
accuracy as a confirmatory method. Combining both methods enhanced efficiency
reducing workload and maintained high accuracy in classification. Lastly, the
spectroscopic method, being faster, simpler and more accurate than triacylglycerol

analysis, was also a suitable screening method.

Regarding pine nuts, strontium isotopic analysis failed in differentiating Mediterranean
pine nuts from Asian ones, highlighting that a single isotopic marker is insufficient to
address the complexity of geographical authentication of agri-food products. However,
terpene fingerprinting allowed the construction of robust models capable of effectively
differentiating Mediterranean pine nuts from Asian ones, proving to be a direct, fast,

and efficient method for their authentication.

Overall, metabolic fingerprinting methods have shown superior effectiveness for the
geographical and varietal authentication of the three studied foods, positioning them
as suitable support tools to official control methods. However, limitations related to
their transferability and the lack of standardized validation protocols are their main

current challenges.



RESUMEN

Debido a la globalizacidon y la expansion de las cadenas de suministro de alimentos, el
fraude alimentario se ha convertido en una practica extendida, con impactos globales.
Alimentos de alto valor comercial, como el aceite de oliva y los frutos secos, son
objetivos claros de estas practicas fraudulentas, motivadas por el beneficio econdmico.
Estos productos son muy apreciados por sus beneficios nutricionales y propiedades
sensoriales, los cuales estan fuertemente influenciados por su origen geografico y
variedad. Esto los hace especialmente susceptibles a falsificaciones en su etiquetado
para aprovechar los precios premium asociados a determinadas regiones o variedades.
Esta situacion se ve agravada por la falta o ineficiencia de los métodos de control
oficiales. Ademas del perjuicio econdmico para el consumidor y la industria, el fraude
alimentario también representa un riesgo significativo para la salud publica.

Por ello, es necesario desarrollar nuevas metodologias analiticas que permitan verificar
el origen geogrdafico y varietal de estos productos, previniendo asi el fraude y
protegiendo los derechos de los consumidores. El objetivo principal de esta tesis
doctoral es garantizar la autenticidad varietal y geografica de productos alimentarios
de alto valor, como el aceite de oliva virgen, las avellanas y los pifiones, mediante el
desarrollo de técnicas analiticas y quimiométricas robustas y fiables basadas en
marcadores adecuados.

Para alcanzar este objetivo, se han implementado métodos basados en marcadores
isotopicos y metabdlicos, utilizando enfoques dirigido (targeted) y no dirigido
(untargeted) en los tres alimentos estudiados. Se han evaluado sus ventajas vy
limitaciones para identificar los métodos mas adecuados.

En el caso del aceite de oliva virgen, se compararon dos metodologias para verificar el
origen geografico mediante el desarrollo de modelos de clasificacién: el fingerprinting
de hidrocarburos sesquiterpénicos y el analisis de isdtopos estables de carbono (C),
hidrégeno (H) y oxigeno (O). Los resultados demostraron que el fingerprinting de
sesquiterpenos es mas efectivo, proporcionando mayor sensibilidad, especificidad y
robustez. Este método también se aplicd con éxito a la autenticacién varietal del aceite
de oliva, validdndose como una herramienta eficaz para su autenticacidn tanto

geografica como varietal.



Para las avellanas, se desarrollé un método para analizar el ratio isotépico de O, y de C
y H de los acidos grasos para autenticar el origen geografico, asi como tres métodos
metabdlicos untargeted (fingerprinting de triacilglicéridos, fraccién insaponificable y
espectroscépico) para verificar simultaneamente la variedad y procedencia. Aunque el
método isotépico permitié distinguir entre regiones con diferentes condiciones
climatolégicas y geoldgicas, fue superado por los métodos metabdlicos. El
fingerprinting de triacilglicéridos, aunque menos eficiente, por su rapidez y sencillez
resultdé adecuado para el cribado masivo de muestras. Por otro lado, aunque el
fingerprinting de la fraccidon insaponificable era mas laborioso, ofrecid una gran
eficiencia como método de confirmacién. La combinaciéon de ambos métodos mejoré
la eficiencia y mantuvo una alta exactitud en la clasificacién. Por ultimo, el método
espectroscépico, al ser mas rdpido, sencillo y eficiente que el fingerprinting de
triacilglicéridos también resulté ser un método de cribado adecuado.

En cuanto a los pifones, el analisis isotdpico de estroncio no logré diferenciar los
pifiones mediterraneos de los asidticos, evidenciando que un solo marcador isotépico
no es suficiente para abordar la complejidad de la autenticacidn geogréfica de
productos agroalimentarios. Sin embargo, el fingerprinting de terpenos permitié
construir modelos robustos capaces de diferenciar eficazmente los pifiones
mediterraneos de los asiaticos, demostrando ser un método directo, rapido y eficiente
para su autenticacion.

En general, los métodos de fingerprinting metabdlico han demostrado ser mas eficaces
para la autenticacion geografica y varietal de los tres alimentos, posicionandose como
herramientas de apoyo adecuadas a los métodos de control oficiales. Sin embargo, las
limitaciones relacionadas con su transferibilidad y la falta de protocolos de validacidn

estandarizados son sus principales desafios actuales.
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Chapter 1. Introduction

1.1 Food fraud: evolution, challenges and monitoring actions

1.1.1 Background and definitions

Since ancient times in all cultures and regions, from the antique Babylonian civilization
to the Roman Empire widespread trading market, extending into the Middle Ages to
the present days, food fraud has been a common practice. Babylonian and Roman laws
contained edicts to regulate beer and wine purity, punishing fraudulent activities such
as food contamination or adulteration. However, during those periods, the methods
available for identifying food tampering were limited and mainly based on organoleptic

tests, which propitiated the spreading of the practice [1].

In the recent years, food fraud has come once again under the spotlight due to several
notorious cases that resulted in sever health consequences. These include the toxic oil
syndrome in Spain (1981), caused by the adulteration of pomace oil with industrial
rapeseed oil and sold as olive oil (00), which resulted in 2,500 deaths, 20,000 victims
[2], and enduring health issues for survivors; the adulteration of milk and infant
formulas with melamine in China (2008), leading to adverse renal effects on over
294,000 infants, 50,000 hospitalizations, and at least six deaths; and countless
methanol poisoning episodes from adulterated alcoholic beverages, such as in Norway
(2002-2004), with 51 hospitalizations and 9 deaths, and in the Czech Republic (2012),
where 121 individuals were affected, 41 died, and survivors experienced visual or
central nervous system sequelae. Other significant cases include the adulteration of
alcoholic beverages with methanol in Italy (1986) and the United Kingdom (UK) (2011);
the ‘Horse meat scandal’ in UK (2013); the ‘Operation weak flesh’ in Brazil, a corruption
that facilitated the distribution of spoiled meat into the food supply chain (2017); and
the Belgian meat scandal which involved the falsification of expiration dates and the
mislabelling of conventional meat as 'organic’, and diverting meat meant for animal

feed into the human food supply chain [3,4].

Due to globalization and expansion of modern food supply chains and manufacturing
infrastructures, food fraud has evolved, scaling its impact to global population.
Consequently, specific definitions for food fraud have been developed to properly
identify and assess these issues [5]. The food concerns that can happen throughout the

food supply chain, compromising its integrity, can be divided into four categories
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(Figure 1). This classification is known as the food protection risk matrix and was firstly

presented by Spink & Moyer [5].

Unintentional Intentional
1

Food Quality Food Fraud
'3: Motivation GAIN
wl
<
T
[

Food Safety Food Defence

Food borne illness Motivation HARM
+
- INTENT +

Figure 1. The food protection risk matrix adapted from Spink & Moyer [5].

The main difference between the categories is the intentionality. Food fraud and issues
considered by food defence strategies are intentional actions and are therefore
regarded as criminal activities. In contrast, food quality and safety issues are typically
unintentional or accidental. While subjects addressed by food defence aim to harm or
injure consumers, the motivation of food fraud is achieving an economic gain.
However, food fraud can also lead to significant food safety issues that endanger public
health, as demonstrated by the catastrophic consequences of previously mentioned
fraud incidents, which highlight that food fraud poses a significant food safety risk. This
is because the substances used for adulteration are often unusual, and existing food
protection systems are not yet equipped to detect them. This was the case of the
adulteration of infant formulas and milk with melamine, an unexpected adulterant
typically used in manufacturing plastic products, which bypassed standard quality tests
for protein content [5]. Additionally, new adulterants can introduce allergenic
substances, such as nuts, sesame, and soy, among others [6,7]. Therefore, since any
type of food fraud inherently leads to the loss of traceability, food safety cannot be

ensured, making the risk of consumer harm constant.

According to the Global Food Safety Initiative (GFSI), food fraud is “A collective term

encompassing the deliberate and intentional substitution, addition, tampering or
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misrepresentation of food, food ingredients, feed, food packaging or labelling, product
information or false or misleading statements made about a product for economic gain

that could impact consumer health” [8,9].

Therefore, a food concern or issue is considered a food fraud problem when these four
criteria are meet: 1) intention, 2) violation of the legislation, 3) consumer deception
and 4) economic gain. If it does not fulfil one of the characteristics, it cannot be

typified as a food fraud criminal activity.

Regarding food fraud as a criminal act committed by fraudsters to achieve a personal
gain, criminology and behavioural sciences can offer deeper insights into the issue and
promote a more proactive preventive action. Situational Crime Prevention is a branch
of criminology focused on developing measures that imply a systematic and permanent
management, design, or manipulation of the immediate environment to reduce the
opportunity of crime. These measures hamper criminal actions by increasing the risk of
getting caught and reducing the potential rewards for offenders. The criminology
approach of Situational Crime Prevention is a suitable way to address food fraud, since
its main goal is to prevent fraudulent actions from occurring rather than arresting the
criminal once the crime has been committed. Consequently, tools focused on reducing
the crime opportunity are more effective in this scenario [10]. On theses bases, a
fundamental criminology concept, the crime triangle, is also applicable to the field of

food fraud (Figure 2).

(2]
&
A
$ ¢
N
3 2
2
3; The fraud (O
(’g’ opportunity

Fraudsters

Figure 2. The crime triangle adapted from Spink & Moyer [5].

This concept is used to describe the three elements that generate the crime
opportunity, or in this specific case, the opportunity for food fraud. Each side of the
triangle represents one of these elements: victims, fraudsters and guardian/hurdle
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gaps; and the area of the geometric figure reflects the overall opportunity for fraud.
Hence, if one or more sides of the triangle increase, the total area expands, thereby

boosting the opportunity for fraud [5].

The number of fraudsters is limitless and tends to rise with the potential economic
gain. Similarly, the more popular and consumed a product is, the greater the number of
potential victims to scam, particularly those who cannot easily distinguish between
genuine and non-authentic products. Additionally, gaps or inefficiency in the systems
designed to protect consumers and ensure product authenticity, further facilitate the
crime. Entirely removing any element of the triangle is not feasible. However, reducing
fraud is possible by increasing the likelihood of detection through efficient control tools

or by raising the costs associated with committing the fraud.

Having delineated the problem, the concepts of “food authenticity” and “food
integrity” should also be addressed and properly defined. According to the Codex
Alimentarius (CX/FICS 18/24/7) [11], Food authenticity is “the quality of a food to be
genuine and undisputed in its nature, origin, identity, and claims, and to meet expected
properties”, while Food integrity is “the status of a food product where it is authentic
and not altered or modified with respect to expected characteristics including, safety,

quality, and nutrition.”

As previously mentioned by the GFSI, food fraud is a collective term that encompasses
multiple deceptive practices. The main types of food fraud, as identified by the GFSI
Food Fraud Think Tank initiative and further defined in the FoodlIntegrity Handbook
from the FoodIntegrity European Union (EU) project, are summarized in Table 1.
Among these, a specific subgroup defined as adulteration includes the intentional
addition of a foreign or inferior substance, typically to prepare a product for sale by
replacing more valuable ingredients with less valuable or inert ones [3]. Conversely,
other types of fraud do not involve altering the product's composition but focus on
falsifying claims or information on the label for economic gain, such as mislabelling and
counterfeiting, or exploiting unauthorized sales channels, known as the grey market.
According to the FoodIntegrity Handbook definitions, the main difference between

mislabelling and counterfeiting is that mislabelling refers to any incorrect claims on the
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label that could influence consumer choices, while counterfeiting specifically involves a

violation of intellectual property rights.

Table 1. Food fraud types and definitions. Adapted from GFSI Food fraud technical document,

tackling food fraud through food safety management systems [8]

Food fraud type Definition

Adulteration
Dilution Process of mixing a liquid ingredient of high value with a liquid

of lower value.

Substitution Process of replacing an ingredient or part of the product of
high value with another ingredient or part of the product of
lower value.

Concealment Process of hiding the low quality of a food ingredients or
product.

Unapproved enhancements Process of adding unknown and undeclared materials to food

products to enhance their quality attributes.

Mislabelling Process of placing false claims on packaging for economic
gain.
Grey market production Production, theft, and diversion involving unauthorised sales

channels for products.

Counterfeiting (IPR) Process of copying the brand name, packaging concept,
recipe, processing method etc. of food products for economic

gain.

Abbreviations: IPR, intellectual property rights.

1.1.2 Varietal and geographical origin mislabelling

Consumer purchasing behaviour is strongly influenced by food labels, as they are the
primary source of information about a product. Labels not only help consumers
identify products but also offer key details, such as geographical or varietal origin,

which enhance perceived quality and encourage repeat purchases [12,13].

Information about the varietal and geographical origins of food is particularly valuable
to consumers, as the characteristics of agrifood products are significantly shaped by
environmental and genetic factors. Many consumers associate specific regions or

cultivars with high-quality products, reinforcing their purchasing decisions [13].
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Products such as Parmesan cheese from Italy, Champagne from France, or ham from
Spain are often preferred for their cultural significance and connection to their place of
origin, as consumers seek authentic flavours and traditional practices [14]. Similarly,
monovarietal virgin olive oils (VOOs) that specify the olive cultivar on the label, along
with VOOs that exhibit a geographical indication (Gl), which mandates the use of
specific traditional olive cultivars from designated regions, increase consumers'
perception of quality and result in higher prices [15,16].

Furthermore, consumers have become increasingly aware of environmental and ethical
concerns within the food supply chain, leading them to favour products that are
sustainably or ethically produced, often tied to specific regions or cultivars [13,17,18].
As a consequence of this consumer preference, food products from specific regions or
cultivars that include this information on their labels or fall under a protected
denomination of origin (PDO) or protected geographical indication (PGI) tend to
command higher prices in the market. This creates an opportunity for economically
motivated fraud, where products are mislabelled to exploit the premium prices
associated with certain regions or cultivars, or falsely claim to originate from a Gl.
Hence, high-quality, widely consumed products with significant price differences based
on their varietal or geographical origin are particularly vulnerable to fraudulent
practices. The risk is even higher for food products that non-expert consumers find
difficult to differentiate between genuine and non-authentic. This vulnerability is
exacerbated when the control systems designed to verify the declared provenance or
cultivar/specie of agrifood products are insufficient, ineffective or even non-existent.
Mislabelling the varietal and geographical origin of foods has several negative impacts
on consumers, companies, industries, and even national economies. It causes
economic damage on legitimate producers by undercutting prices and reducing market
share, while also eroding consumer trust in the food industry. Companies involved in
such practices face serious legal consequences, including fines, product recalls, and
reputational damage, with long-term repercussions for both the business and the
broader industry.

Moreover, the consequences of this type of food fraud extend beyond the economic
impact, posing significant risks to consumer health and potentially leading to serious

public health hazards [19,20]. Fraudsters introduce food products into the market that
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fail to meet safety standards, as they have evaded proper safety controls, leading to the
risk of consumer exposure to contaminants, toxins, or allergens not present in genuine
products [5,19,21]. Furthermore, because the food traceability chain is compromised,
if a health hazard is detected at any point, identifying, detecting, and recalling the
affected products becomes significantly more difficult, aggravating the issue.
Authenticating the varietal and geographical origin of food can be more challenging
than detecting other fraudulent practices such as adulteration, which involves altering
the composition of food by mixing, diluting, or replacing it with different components.
Verifying food provenance or cultivar involves detecting subtle compositional
differences and identifying specific markers that can distinguish between the products
from different regions or cultivars. This process requires sophisticated techniques to
detect these nuanced variations, making it inherently more complex than addressing
simpler forms of fraud [22,23].

1.1.3 EU monitoring actions

In 2002, the European Commission (EC) developed the Regulation (EC) No. 178/2002,
also known as the General Food Law Regulation, which lays down the general
principles and requirements of food law and procedures in matters of food safety [24].
It sets the groundwork for the development of food and feed legislation, guiding the
development of regulations at both the EU and national levels. This regulation resulted
in the establishment of the European Food Safety Authority (EFSA), an independent
agency responsible for scientific advice and support to the EC, the European Parliament
and all the EU member states. Additionally, it establishes the legal bases of the Rapid
Alert System for Food and Feed (RASFF), a tool that enables the fast and constant flow
of information between EU countries to ensure a prompt reaction to public health risks

associated to food and feed [25,26].

As an outcome of the recent ‘Information Management System for Official Controls
(IMSOC) Regulation’ (Regulation 2019/1715), RASFF has become part of the Alert and
Cooperation Network (ACN) together with the Administrative Assistance and
Cooperation Network (AAC) and the EU Agri-Food Fraud Network (FFN) [27]. The ACN
promotes a forward exchange of administrative information and the cooperation

between member states on official controls in the agri-food chain and is governed by
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the Official Controls Regulation (Regulation (EU) 2017/625) [28]. Each of these
networks addresses distinct aspects of the agri-food chain: the RASFF handles non-
compliances that may pose health risks, the AAC deals with non-compliances that do
not involve health risks, and the FFN focuses on suspected fraud [29] (Figure 3). For a
non-compliance to be considered a potential fraud, it must meet the four criteria
mentioned in the previous section 1.1.1. Food fraud notifications are confidential and
can only be managed by the FFN. However, if they imply any health risk, cooperation
with RASFF may be contemplated. In such cases, RASFF notification should not include
details of the fraud investigation and should provide only the necessary information to

mitigate the risk and enable appropriate actions [30].

FF RASFF

FRAUD FOOD/FEED
NOTIFICATION SAFETY-RELATED
Confidential NOTIFICATION |

information

restricted to
Agri-Food Fraud
Contact-Points

NON-COMPLIANCE
NOTIFICATION

Figure 3. The ACN diagram [29].

Since 2021, information about cross-border non-compliances with EU legislation in the
agri-food chain has been shared among ACN members via an online platform called
iRASFF, managed by the EC. A report summarizing all the information shared in iRASFF

and the ACN activities has been published annually.

The last ACN Annual Report from 2022 shows that the number of notifications
associated to suspicions of food fraud affecting more than one country significantly
increased compared to 2021. Of these notifications, 274 were associated to food

products. Their classification by food product category is shown in Figure 4 [31].
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Honey . 51
Meat I 25
Fish . 25
Fats & oils I 22
Poultry meat I 20
Dietetic foods & supplements I 19
Crustaceans I 18
Cephalopods I 16
Fruits & vegetables N 9

Other I 69

Figure 4. Food fraud notifications by food product category. Adapted from the 2022 ACN
Annual Report [31].

The most notified food categories over the past five years were honey, meat, fish, and
fats and oils [31 35]. Nonetheless, the ACN only reports cases where more than one
country is involved; cases occurring within a single country are not included.
Additionally, it should be noted that an increasing number of requests might not
represent a growth in cases, but rather an improved reporting. Therefore, food
categories that are not extensively checked or controlled, either due to a low number
of inspections or a lack of effective authentication methods, are either
underrepresented or fall into the "Other" category, yet they may still pose a significant

fraud risk.

1.2 Virgin olive oil and nuts: highly susceptible to varietal and

geographical mislabelling

1.2.1 Relevance of authenticating virgin olive oil and nuts

The Mediterranean diet is recognized worldwide for its nutritional benefits, and its
traditional foods, renowned for their health-promoting properties, are increasing in
popularity. As the demand for these products is increasing, the presence of items from
numerous geographical and varietal sources is increasing in global markets. High-priced
traditional commodities often have significant price differences due to their

geographical and varietal origins, making them especially attractive targets for fraud.
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Among the plant-based foods that are traditional pillars of the Mediterranean diet,
lipid-rich foods such as VOO and nuts stand out due to their high commercial value and
the strong connection between their characteristics, reputation, pricing, and
geographical and botanical origins. The qualitative distinctions and market price
differences between products from distinct provenances and cultivars make them
highly vulnerable to economically motivated fraudulent practices, including the
mislabelling of their botanical or geographical origins. The popularity of these high-
priced food commodities, combined with the difficulty of consumers in accurately
identifying authentic products, further aggravate the susceptibility to fraud. This issue
is intensified by inadequate control methods, which enable fraud to yield significant

economic gains while maintaining a low risk of detection.

The EU, and Spain in particular, are leading producers of VOO and nuts, significantly
contributing to their presence in global markets. Consequently, there is a strong
interest in valorising local production to distinguish it from emerging competitors and

in ensuring the authenticity of these products.

On one hand, 00, particularly VOO, holds substantial economic importance due to its
high market value, extensive culinary applications, and health benefits. The EU is the
world's leading producer, accounting for almost 60% of global production, with Spain
as the primary producer country, followed by Italy, Greece, Turkey and Tunisia [36].
VOO prices are influenced by labour and production costs at the farm level in each
country, as well as by the demand for VOOs from specific countries or regions. For
instance, the production costs of Italian VOOs are, on average, 30% higher than those
of Spanish and non-European Mediterranean producers. This, combined with the high
demand for Italian VOOs in both international and national markets, is reflected in

their higher price [37].

In addition to geographical origin, the composition and qualitative characteristics of
VOO are significantly influenced by the olive cultivar [38,39]. Over the centuries, olive
cultivars for oil production have been selectively bred based on their adaptability to
various climatic conditions and soil types, resistance to pests, productivity, oil yield and
sensory characteristics [39,40,41]. Prominent VOO cultivars include ‘Picual’ and

‘Arbequina’ from Spain; ‘Frantoio’ and ‘Leccino’ from Italy; and ‘Koroneiki’ from
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Greece. These cultivars produce VOOs with markedly different compositional and
sensory characteristics, although these can vary depending on the region of
production. For this reason, VOOs within the same commercial category and country of
origin can display notably different compositional and sensory attributes depending on
the specific cultivar used. Consequently, monovarietal VOOs that specify the olive
cultivar can influence consumers’ choice and enhance their perception of quality,
potentially leading to higher prices [15,16]. Although these cultivars are predominantly
grown in Mediterranean countries, their resilience and versatility have led to their
cultivation in regions far from their traditional origins, such as Argentina, Chile,
California, and Australia [42]. For instance, the ‘Arbequina’ cultivar is now cultivated
worldwide due to its high and consistent productivity, substantial oil content and
quality features, and adaptability to different environmental and agricultural conditions

[42].

Hazelnuts are one of the top five most consumed nuts worldwide with a global
production higher than one million tons per year [43]. They are highly valued for their
sensory and nutritional qualities and serve as a key ingredient in a wide range of
foodstuff and confectioneries, enriching the flavour and texture of both sweet and
savoury products. Hazelnut sensory and nutritional qualities are heavily influenced by
their cultivar and geographical origin [44,45], resulting in significant variations in the
market price [43]. The main hazelnut producing countries are Turkey (71% of global
production), Italy (7%), USA (5%), Azerbaijan (4%), Chile (4%) and Georgia (3%) [46].
These last three emerging producer countries have greatly increased their production
areas over the past decade and this trend is expected to continue in the coming years
[47-49]. The country of origin is a critical factor influencing hazelnut price in the
market, generating notable fluctuations (e.g. the price for in-shell hazelnuts from Italy
was 3416 USD/T whereas the ones from Georgia were 1287 USD/T) [43], which in turn
incentivizes economically motivated mislabelling. Among the safety risks associated
with hazelnut origin mislabelling is the potential for aflatoxin contamination, which is

notably prevalent in nuts from certain regions, such as Georgia and Turkey [50].

Regarding hazelnuts botanical origin, each cultivar has unique technological traits,

including nut yield, shape, size, and ease of pellicle removal, as well as distinct kernel
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flavour and aroma. These characteristics play a crucial role in the industry's selection of
cultivars for specific applications. Currently, round-shaped Italian cultivars such as
'"Tonda Gentile', 'Tonda Romana', and 'Tonda di Giffoni' (TG), Spanish cultivars such as
‘Negret' and 'Pauetet', and Turkish cultivars such as 'Tombul', 'Palaz', and 'Fosa’,
dominate the market [51]. Although these cultivars are primarily grown in their
traditional regions, some, like the TG, have also become popular in new production
areas. Similar to hazelnut geographical origin, the qualitative distinctions and market
price variations between cultivars make hazelnuts particularly susceptible to

economically motivated varietal mislabelling.

The situation with pine nuts, often referred to as "white gold" due to their high price,
mirrors that of hazelnuts. Pine nuts, despite accounting for only 1% of global tree nut
production, are of significant commercial importance, with their supply value
exceeding 1.3 billion USD per year [46]. Primarily consumed in EU and the USA, pine
nuts and are an essential ingredient in many traditional dishes. Despite Europe being
the main consumer, pine nuts leading producers (China, Russia, and North Korea), are
located in Asia. The Mediterranean region ranks second in production, with Turkey and
the Iberian Peninsula as major contributors [46]. In this context, the organoleptic
characteristics and nutritional profiles of pine nuts vary significantly depending on their
species and origin [52-54]. These differences are also reflected in their market prices.
Iberian pine nuts are highly valued and appreciated by consumers and can fetch prices
exceeding 100 EUR/kg, while Asian pine nuts are valued at less than a half that amount

[54,55].

Unlike many agricultural products that have cultivars grown worldwide, pine nut
species are closely linked to their geographical origin. Among the 20 commercially
available species, the most common are Pinus koraiensis Siebold & Zucc (P. koraiensis)
and Pinus sibirica (P. sibirica), mainly grown in China and Russia, respectively, and Pinus

pinea L. (P. pinea), predominantly found in the Mediterranean basin [52,55].

Their high value, combined with the significant price discrepancy, makes pine nuts
highly vulnerable to lucrative fraudulent practices that misrepresent their origin and

species to exploit the price disparity between Mediterranean pine nuts (P. pinea) and
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other species and origins, such as Asian P. koraiensis and P. sibirica. The situation is

further aggravated by the lack of efficient control methods.

Although food fraud generally poses health risks due to the compromised traceability,
misrepresenting the origin of pine nuts entails a specific threat, given that Chinese P.
koraiensis is sometimes marketed mixed with other pine seed species that may include
Pinus armandii Franch. This species has been linked to the dysgeusia called ‘pine
mouth syndrome’ (PMS), an unpleasant taste disturbance that can last for days or even

weeks [56,57].
1.2.2 Legal framework

Even though geographical origin it is not strictly regarded as a quality parameter,
marketable VOO and nuts can have very different organoleptic and technological
qualities based on their provenance and cultivar or species [38,39,44,45,52-54]. This
can affect consumers’ choices and lead to price variations within the same category
[15,16,58]. To prevent market distortion, protect consumers from misleading
information and to enable them to make informed decisions at the point of sale, the
EU has mandated geographical labelling for several types of food products. Regarding
plant-based food products, Commission Delegated Regulation (EU) 2023/2429
supplementing Regulation (EU) No 1308/2013 “on marketing standards for the fruit
and vegetables sector, certain processed fruit and vegetable products and the bananas
sector”, establishes that fruits and vegetables intended to be sold fresh to consumers

may only be marketed if the country of origin is indicated [59].

For hazelnuts and pine nuts, the regulation specifies that shelled hazelnuts and pine
nuts “shall not be required to conform to the marketing standard except regarding the
indication of the country of origin” [59], thereby making the declaration of the country

of origin mandatory for these nuts.

The mandatory declaration of origin is more detailed for VOOs, as stipulated by
Commission Delegated Regulation (EU) 2022/2104 which specifically addresses
marketing standards for OO packaging and labelling [60]. This regulation requires
specifying whether the VOOs come from the EU, a specific EU member state, or a third

country. The place of origin must refer to the geographical area where the olives were
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harvested and where the mill that extracted the oil is located. If the oil extraction mill is
situated in a different Member State or third country from where the olives were
harvested, this shall also be declared. Additionally, if the VOO is produced in multiple
EU or non-EU countries, or is a blend of both EU and non-EU origins, this blend should

be clearly stated [60].

For products under the EU's geographical quality schemes, the geographical origin is
denoted by specific designations such as PDO and PGI according to the EU regulation
No 2024/1143. These Gls were established to promote and protect regional foods and
traditional agricultural and industrial practices [61]. They are IPRs that identify
products originating in a specific place, region or country, whose quality, reputation or
characteristics are essentially or exclusively attributable to a particular geographical
origin [61,62]. The main difference between PDO and PGl is that the first one requires
that all the production steps take place in the defined geographical area, whereas PGl
only demands that at least one of the production steps takes place in the defined
geographical area [61]. Currently, there are over 140 registered PDO and PGI
designations for VOO [63], while for hazelnuts there are three PGls (Nocciola del
Piemonte and Nocciola di Giffoni, Italy; Noisette de Cervione, France) and three PDOs
(Nocciola Romana, ltaly; Giresun Tombul Findigi, Turkey; Avellana de Reus, Spain). In

contrast, no Gls are currently registered for pine nuts.

In contrast to geographical origin, specifying the cultivar or species on VOO and nut
labels is not mandatory. Nevertheless, as non-expert consumers often find it difficult to
distinguish between nuts from different cultivars or species, international standards for
hazelnuts [64] and pine nuts [65] recommend declaring the cultivar or species on the
label to ensure detailed quality criteria. In addition, many producers voluntarily include
this information on the label, because it positively influences consumers' perception of
quality and can result in higher sale prices. On the other hand, products under Gls are
often required to use specific traditional cultivars that are characteristic of a particular
region, meaning that although cultivar labelling is not mandatory, it is implicitly

indicated by the GI designation [38,39,62].
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1.2.3 Current fraud incidence and prevention measures in virgin olive oil and nuts

Fraudulent activities involving OO have been reported for a long time, due to the
substantial financial profits it offers and to the reported vulnerability to fraud in the
VOO supply chain [66]. Currently, OO continues to be one of the most frequently
notified food products associated with suspected fraud [31]. According to the Food
Fraud Monthly Reports published by Joint Research Centre (JRC, Brussels, Belgium) for
the first semester of the 2024, which summarise media articles on food fraud
published by the EU Commission [67], a significant percentage of fraud cases were
related to mislabelling issues, including false declarations of origin. This agrees with the
outcomes of previous years [68] and shows an increasing tendency. A study on
conformity checks in the OO sector across the EU [69], reports that VOOs with
fraudulent claims about cultivar, as well as omissions and irregular or misleading use of

origin indications, are among the main infringements detected.

Nuts, including hazelnuts and pine nuts, are high-value products whose economic
significance is greatly dependent on their provenance and botanical origin, making
them highly susceptible to fraudulent practices [3,25]. Their relabelling with old or
expired stocks, their replacement with cheaper cultivars or provenances, or their
mixing with different species, pose serious risks for consumers with allergies and
intolerances [71]. Between 2000 and 2015, RASFF documented 1,035 notifications of
"adulteration/fraud," with nuts comprising 16.3% of these cases [72]. In 2016, nuts and
seeds accounted for 4.8% of the 147 EU fraud reports [73]. Nuts are among the most
reported foods by RASFF and one of the predominantly linked to fraud hazard [74-76].
The main fraud in hazelnuts and pine nuts regards basically the misrepresentation of

their origin and cultivar as the market prices fluctuate greatly accordingly [70,57].

Geographical and botanical label claims need to be verified to safeguard consumer
rights and prevent fraud. Official controls to verify VOO, hazelnuts and pine nuts
geographical and varietal origin, as well as Gl quality schemes, currently rely on
documented traceability of production, as there is no overall accepted analytical
method for verification yet. The lack of an official analytical method to verify the
geographical and botanical origin, despite legal requirements or recommendation on

labels, is a critical gap in preventing fraud.
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In the case of VOO, it has been reported as an issue that significantly concerns
stakeholders and needs urgent attention [48,58]. For nuts, these documental controls
can be supported by phenotypic observations of physical traits such as kernel
morphology [70,45,77-80]. However, their reliability is often compromised by
susceptibility to external factors and their limitation to whole kernels. Therefore, there
is a critical need to develop analytical tools that can effectively authenticate the

geographical and botanical origins of VOO and nuts.

Appropriate markers, methodologies and strategies to authenticate VOO, hazelnuts

and pine nuts will be discussed in depth in the following sections 1.3 and 1.4.

1.3 Food geographical and varietal authenticity markers

1.3.1 General authenticity marker requirements and marker classes

A food authenticity marker is a distinctive identifier that can be used to directly or
indirectly verify that a product's features match the claims made about it. This marker
must enable, either individually or in combination with other markers, to distinguish

between a genuine product and a non-authentic one [81].

The selection of a marker is the initial step in analytical food authentication. Therefore,

a suitable marker must:

1) Fit the specific authentication purpose by reliably distinguishing between
authentic and non-authentic samples.

2) Be directly related to the property of interest, with its presence, distribution,
or concentration in the sample depending on this property.

3) Be minimally influenced by factors other than the property of interest.

4) Additionally, the methods used to analyse these markers should be reliable,
robust, cost-effective, fast, and automatable to be suitable for routine analysis.

In this context, varietal and geographical food authentication markers must:

1) Be able to distinguish a food product from a specific species or cultivar or a
specific provenance, from similar products of different origins, species and

cultivars.
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2) Be directly related to the varietal and geographical origin of the food product,
hence its presence or concentration must be driven by genetic and
pedoclimatic factors.

3) Be minimally influenced by other factors such as the processing of the product
or the storage conditions. Hence must be robust and stable, not easily
degraded with time and storage conditions (i.e. light, temperature, humidity,
time).

The main marker classes and their related analytical techniques, applications and

limitations are summarized in Table 2 [81,82].

The most widely recognized methods for assessing the geographical origin and
biological identity of agricultural food products are isotopic and genetic markers,
respectively. Isotopic markers establish a strong connection between agri-food
products and the environmental factors of their specific zones of origin, while genetic
markers offer clear evidence of the product's genetic heritage. In contrast, metabolic
markers, directly or indirectly driven by both genetic and environmental factors, have
the potential to provide insights into both the biological identity and provenance of

agri-food products.

In the following sections, the principles behind these key marker classes for assessing
the biological identity and geographical origin of food will be examined. Their
application in addressing key authenticity challenges in VOO, hazelnuts, and pine nuts

will be also discussed in subsequent sections (sections 1.4.1-1.4.5).
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Table 2. Main marker classes, analytes, analytical techniques, applications and limitations

adapted from Bayen et al. [81].
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1.3.2 Isotopic markers

Stable isotope analysis is one of the most recognized methods for establishing the
geographical origin of food, leveraging the influence of factors such as geology,
hydrogeology, and agricultural practices on the isotopic composition of agricultural
products [23,83-87]. Isotope ratios of specific elements correlate directly with the
climate and soil geology of the production area. Over recent decades, this method has
become a benchmark for food geographical authentication due to its ability to provide
robust and reliable results that are easily comparable and reproducible across different
laboratories, enhancing its transferability. This reliability has resulted in the application

of stable isotope analysis in legal cases as part of enforcement actions [84].

The most common isotopes for food authentication include light bioelements such as
carbon (C), hydrogen (H), nitrogen (N), oxygen (O) and sulphur (S), as well as heavy
geoelements, such as strontium (Sr), which have contributed to significant advances in
food traceability [23, 88-91]. Isotopic ratios of light bioelements in vegetable products
are greatly influenced by geographical factors such as altitude, latitude, proximity to
the coast, climate and precipitations [85-88]. In contrast, the isotopic ratios of heavy
geoelements, such as Sr, are primarily related to soil characteristics, including age and
geological evolution, which vary by soil type. This is because the primary source of Srin
plants is the labile fraction of Sr in the soil, which, once absorbed by the plant, is
neither metabolised nor subjected to isotopic fractionation, thereby preserving the Sr

isotopic ratio from soil to plant [92-94].

Isotopic variations in nature are usually small, often on the order of a few per mil.
Consequently, analysing isotopic ratios demand highly precise measurements. This
precision is achieved by comparing the ratio of heavy to light stable isotopes in a
sample with that of a reference material with a known isotope ratio. This allows for the
accurate detection of even very small variations in isotopic composition. Therefore, for
light bioelements, such as H, C, O, N or S, isotopic composition is usually expressed
using delta notation (6) (Eq.1) [86].

R( lE/ JE)sample
R( lE/ ]E)standard

6i(Esample/standard) = -1 (Eq.1)
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where Rsomple and Rstandard are the isotopic ratios of the sample and the reference
material, respectively, and i denotes the mass number of the heavier isotope of the
element E. The result is expressed in per mil (%), which highlights small

differences more effectively than raw isotopic ratios.

In contrast, Sr isotope composition in a sample is generally expressed as the ratio of
radiogenic 8Sr to the stable 8Sr, as there is no consensus on a universally accepted
reference material, unlike with other isotopes. The &’Sr/8Sr ratio is typically normalized
against the 86Sr/%8Sr ratio (0.1194), to correct instrumental mass-dependent

fractionation [86].

Regarding the potential of specific light bioelements as authenticity markers, the §*3C
ratio is used to distinguish between the C3 and C4 plants, which follow different
metabolic pathways to fixate and assimilate atmospheric CO, during photosynthesis.
This ratio has been applied to detect food adulteration, such as the fraudulent
sweetening of honey by adding sugar of C4 plants [95]. Additionally, the 6'3C values
can be influenced by the plant's developmental stage and several environmental
conditions such as humidity, precipitation, ambient CO; concentration and
temperature [90,96-99]. For olive trees, 6'3C measurement has been used to assess
olive ripening index and to track climatic changes during the fruit-ripening season

[100].

The 6%H and 680 values are linked to the water dynamics of the cultivation area. These
isotopic ratios in water result from fractionation processes occurring during water
phase changes (solid-liquid-vapour) [85,86]. Hence, they are influenced by
geographical factors such as latitude, longitude, elevation, and distance from the sea,
as well as climatic conditions including temperature, precipitation and evaporation
rates. Additionally, plant type can influence evaporation rates through transpiration
[93]. 680 ratios can also be affected by several other sources such as atmospheric

oxygen and photosynthesized CO; [85,101].

Stable isotopes of light elements are usually analysed in bulk matrices by elemental
analysis-isotope ratio mass spectrometry (EA-IRMS), a method that requires minimal

sample manipulation and short analysis time. However, recent advancements are
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shifting beyond bulk analysis toward compound-specific isotopic analysis (CSIA), which
provides more detailed insights and enhances the ability to discriminate between
samples from different geographical origins [88,101,102]. This approach involves
analysing the isotopic ratios of elements in specific food components, such as proteins,
lipids, and carbohydrates [88]. It typically requires the integration of separation
techniques, such as gas chromatography (GC) or high-performance liquid
chromatography (HPLC), with IRMS. This approach has already been tested in a wide
range of foods showing promising results for geographical authentication [101, 103-

106].

Regarding trace heavy geoelements such as Sr, their composition in plants and derived
foods directly reflects the bioavailable minerals present in the soils where they are
cultivated. Alkali and alkaline earth metals, such as Sr and rubidium (Rb), are easily
mobilised from the soil into plants, being sufficiently abundant to be used as indicators
of a plant's geographical origin [86,93]. Sr isotopic analysis relies on the ratio of
radiogenic &’Sr, formed through the slow radioactive decay of 8Rb (with a half-life of 49
billion years), to stable 8°Sr. Moreover, as previously mentioned, for heavy elements
like Sr, isotope effects and mass fractionations are minimal due to the small relative
differences in isotopic mass. Bioavailable Sr, the water-soluble fraction, moves from soil
to water, eventually entering the food chain by being absorbed by plants and
distributed throughout the plant, including leaves and fruits, with negligible
fractionation. Consequently, the Sr isotopic ratios in plants depends on the
concentrations of Rb and Sr and the geological age of the underlying bedrock. For
instance, young rocks with low Rb/Sr such as basaltic and carbonate rocks, tend to have
lower 87Sr/8Sr values, while older acidic crystalline rocks (e.g. granites) with high Rb/Sr

ratios have higher 8’Sr/8Sr values [86,92,93, 107].

The Sr isotopic analysis is typically conducted using thermal ionization mass
spectrometry (TIMS) or multi-collector inductively coupled plasma mass spectrometry
(MC-ICPMS) [107]. Sample digestion and separation of Sr from matrix elements are
essential due to the isobaric interference between &Sr and 8Rb [107]. While TIMS was
the original method for precise measurement of heavy elements like Sr, it has

drawbacks such as limited ionization efficiency for elements with high ionization
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energy, extensive sample preparation, and long measurement times. MC-ICPMS offers
advantages over TIMS, including higher ionization yield, versatile sample introduction
systems, and simultaneous isotopic determinations, which eliminate time-dependent
mass fractionation. However, TIMS is less affected by matrix effects and has lower
instrumental isotopic fractionation. Both techniques are highly precise but come with

high costs and require skilled operators [93,108,109].

It is important to note that determining food geographical origin is a complex issue that
cannot typically be resolved by analysing a single isotopic marker. An accurate
determination of food geographical origin usually requires analysing multiple isotopic
parameters [83,84,87,101,110]. The accuracy of this process is further enhanced when
multi-isotopic ratio analysis is combined with molecular-specific isotopic data [101].
Finally, it is important to mention that among the main limitations of light element
isotopic markers are their inter-annual variations in abundance and potential changes
due to metabolic turnover, which can impact the accuracy of distinguishing between

products from different origins.
1.3.3 Genetic markers

Genetic markers provide a powerful tool for addressing varietal authenticity and
traceability challenges in the agri-food sector. DNA-based methods exploit these
markers to detect and identify specific variations in the nucleotide sequences within a

genome enabling the distinction between and within species [111-113].

Among the various DNA-based techniques, PCR is particularly prominent. This method
is based on the amplification of highly specific DNA fragments. In the context of food
species and cultivar authentication, one of the most commonly used DNA markers are
simple sequence repeat (SSR), also known as microsatellites. SSR are short sequences
of DNA, typically 2 to 6 base pairs long, that are repeated in tandem multiple times in a
genome. SSRs are highly polymorphic, meaning that the number of repeat units can
vary significantly among individuals, and these differences can be easily detected by
PCR. The high reproducibility and polymorphism degree of SSR, make them a fit for
purpose marker for various applications including varietal identification and

adulteration detection [111,112,114].
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Overall, DNA-based methods are highly sensitive and effective for food varietal
authentication, however, their application can be limited by technical complexity, DNA
degradation due to processing, cost, and the need for extensive reference databases
[81,111,114-117]. For instance, vegetable oils and their derived products contain low
amounts of DNA, which can be significantly degraded during extraction and refining
processes, making it challenging to obtain sufficient high-quality genetic material for
reliable authentication [116,117]. Despite these challenges, DNA-based methods

remain the reference method for verifying food botanical origin.
1.3.4 Metabolic markers

Metabolic markers hold significant potential in both geographical and varietal
authentication because plant metabolic profiles are heavily influenced by both genetic
traits and environmental conditions. Hence, metabolic profiles can be effectively linked

to specific cultivars and geographical regions, enabling reliable authentication.

Secondary metabolites are small organic molecules produced by plants, fungi, and
bacteria that, although not essential for growth, development, or reproduction, are
crucial for an organism’s interaction with its environment. Unlike primary metabolites
such as carbohydrates, proteins, and nucleic acids, secondary metabolites are not
required for basic survival but play a key role in helping organisms adapt and thrive in
their ecological niches [118,119]. These compounds are structurally diverse and are
typically synthesized in response to environmental stressors, both biotic (e.g.,
pathogens, herbivores, competition) and abiotic factors (e.g., ultraviolet radiation,
extreme temperatures, nutrient scarcity). They play a crucial role in defence
mechanisms, protecting against environmental stresses, and facilitating interactions

with other organisms, such as attracting pollinators or deterring herbivores [118,119].

The production of secondary metabolites is influenced by both environmental and
genetic factors. Environmental stress can trigger their biosynthesis, leading to
increased concentrations of these compounds [119,120]. For example, plants may
upregulate specific secondary metabolites in response to herbivory or pathogen
attacks to defend themselves. Similarly, abiotic stresses like drought or heavy metal

exposure can induce the synthesis of protective secondary metabolites, helping the
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plant to cope with the adverse conditions. Genetics also play a significant role in the
production and variability of secondary metabolites. The composition and
concentration of these compounds can vary widely among species and even among
individuals of the same species, depending on their genotype [121]. This variability is
often exploited in chemotaxonomy, where secondary metabolite profiles serve as
markers for botanical classification and differentiation between closely related species

[119].

Consequently, in the context of food authentication, secondary metabolites have
emerged as powerful markers to verify the provenance, varietal and botanical origin
and cultivation practices [111,118,122-124]. In addition to secondary metabolites,
primary metabolites can also be affected by these same factors, although their primary

roles are related to growth and basic physiological functions.

Some specific metabolic fractions hold great potential as effective geographical and
varietal markers, as they contain particular classes of metabolites that are significantly
influenced by environmental and genetic factors. The protein or phenol fraction of
various food products have been shown to be highly influenced by the cultivar and
pedoclimatic conditions [82,113,125-129]. However, they do not fully meet the criteria
of stability and minimal dependence on technological and storage conditions
[126,130,131]. Their lack of stability under some processing conditions or storage may
call into question their suitability as authenticity markers. In contrast, methods based
on lipid metabolites such as fatty acids (FAs), triacylglycerols (TAGs) and sterols have
been tested to check for the authenticity of lipid-rich foods regarding the cultivar and

provenance [132,133], even in highly processed foods [134,135].

Previous research has demonstrated that mono- and sesquiterpenes could be reliable
markers of varietal and geographical origin of different plant species and vegetable-
derived products such as spices, alcoholic beverages and oils [136-141]. In particular,
sesquiterpene hydrocarbons (SH) are secondary semi-volatile metabolites presenting a
structure with three isoprene units, following the general formula CisHz4. Despite
sharing the same molecular formula, SH exhibit remarkable structural diversity due to
the action of various sesquiterpene synthases which results in multiple products,

usually derived from common intermediates [142,143]. Their presence, types and
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concentration have been shown to vary significantly in VOOs from different origins and
cultivars due to the effect of genetic factors and environmental conditions of the olive
trees’ growing area, in the SH profile [143]. On top of this, what makes SH efficient
authenticity markers is not solely their significant reliance on genetic and pedoclimatic
factors, but also its stability to oxidation and minimal influence of other technological
and processing factors [143]. Different techniques have been applied for the analysis of
semi-volatile minor compounds, such as SH, in food matrices [136-138,141,143-146].
Due to their low concentration, most of them require an extraction technique, coupled
to a separation method, usually GC, and a sensitive detection system, such as MS
[143,147,148]. Among the extraction techniques, headspace solid-phase
microextraction coupled with GC-MS (HS-SPME-GC-MS) stands out as an effective
approach for SH analysis. This technique is particularly well-suited for routine analysis
due to its simplicity, automation potential, and ability to perform direct, solvent-free
sample analysis [139,140,143]. Moreover, HS-SPME-GC-MS is widely available in food
analysis laboratories, requiring minimal additional investment in instrumentation.
These features make it an ideal choice for routine monitoring, offering a cost-efficient,
rapid, environmentally friendly, selective, and sensitive solution for analysing semi-

volatile compounds.

Since the volatile terpenoid fraction may not be prominent in all vegetable-based
foods, other fractions containing secondary metabolites that are responsive to relevant
variables could be explored and utilized for authentication purposes. The
unsaponifiable fraction (UF) of oils and lipid-rich vegetable foods includes several
secondary metabolites (hydrocarbons, linear and terpene alcohols, sterols,
methylsterols, dimethylsterols) [149-152], whose presence, composition and
concentration are driven by both environmental [150,153,154] and genetic factors
[44,154,155]. Moreover, most of these metabolites are rather stable to oxidation,
storage and processing conditions such as time, light, temperature. Therefore, the UF
fulfils the key requirements of an authenticity marker and shows to be a promising tool
for varietal and geographical authentication of plant-based foods. The UF can be
analysed by GC—MS, which offers high sensitivity, detailed molecular-level information,

and is available in many routine laboratories. However, this method requires a previous
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sample preparation in order to isolate this fraction from the food matrix, which can be
laborious and time-consuming, limiting its applicability to a reduced number of
samples. Then, alternative markers that can be analysed using simpler and faster

procedures can enhance analytical efficiency.

In this regard, TAGs are the major components of the lipid fraction. Their
concentration, composition and the arrangement of the FAs that conform them, have
been reported to be determined by genetic and environmental conditions [44,133].
Traditionally, official methods for the analysis of major lipid components are based on
the conversion of TAGs to FA methyl esters (FAMEs) and analysed through GC
[156,157]. However, these approaches result in the loss of the information of the
stereospecific distribution of FAs on the TAG, making direct TAG analysis the preferred
method to retain this information [158]. This is usually performed by HPLC separation
coupled to refraction index detector [158-163]. In this context, high-temperature—gas
chromatography (HT-GC) has shown promising results for TAG separation in numerous
food matrices [158], and its combination with spectrometric techniques such as MS
may become a powerful and sensitive tool for straightforward TAG analysis involving

minimal sample preparation and suitable for routine analysis.

On the other hand, following a more general approach that enables the analysis of
multiple chemical compounds without extensive analytical preparation could be a
suitable solution. In this regard, spectroscopic techniques such as mid-infrared (MIR)
and near-infrared (NIR) spectroscopy, offer several analytical advantages, being faster,
simpler and non-destructive techniques that can be applied on-site. These techniques
relay on the unique infrared absorption patterns generated by the vibrational and
rotational transitions of the molecular chemical bonds when the sample is irradiated by
infrared light, leading to changes in the dipole moments of the molecules [164]. The
infrared spectral range is divided in three regions from more to less energetic: near-
infrared (800 to 2500 nm), mid-infrared (2500 to 25000 nm), and far-infrared (25000 to
500000 nm). In NIR, the spectral bands come from overtones and combinations of
fundamental vibrations, providing information about functional groups and chemical

bonds. Whereas MIR bands are the result of the fundamental vibrations of specific
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functional groups, providing a better resolved spectra containing highly specific

molecular information that can be used for structural identification [164].
1.4 From established to emerging authentication approaches

In addition to selecting the appropriate authentication markers and analytical
techniques, an essential aspect of the authentication strategy is the data analysis
approach. The following section discusses the main data analysis approaches, along

with their advantages and limitations.
1.4.1 Definitions, pros and cons of authentication approaches

The traditional analytical approach for food authentication is targeted analysis. This
approach involves the identification and quantification, or semi-quantification of one
or more predefined analytical targets by comparison to a known analyte [165,166]. By
this approach, a food product is considered authentic if the values of the targeted
markers comply with the reference limits. This methodology is robust and easily
transferable, as its performance can be validated according to international standards
[167]. These standards employ well-established validation parameters such as limits of
detection and quantification, accuracy, measurement of uncertainty, selectivity, and
robustness, which account for variations in laboratory conditions, instruments,
technicians. These validation procedures together with the application of univariate
data analysis facilitate the application of targeted approaches in official control.
Targeted methods can be classified according to the number of compounds

considered: single/dual targeted analysis, which focuses on one or maximum two

analytes as markers, and targeted profiling analysis, where multiple compounds are

identified and quantified as analytical markers [ ].

Nonetheless, both of these targeted approaches share the significant drawback of
offering only limited information. In fact, targeted approaches only consider a portion
of the analytical output, leading to the loss of valuable information [165]. In addition,
the difficulties in comprehensively identifying and quantifying the target compounds in
the samples due to the presence of minor species, not well-resolved peaks, coelutions,
complex identification or lack of standards, further limit the information they can

extract [168]. Moreover, these approaches require labour-intensive identification,
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integration and quantification procedures, which are often performed manually.
Therefore, as the number of selected target compound increases, these processes
become more cumbersome, making the methodology more time-consuming and less

cost-efficient.

In contrast, untargeted approaches are based on the simultaneous analysis of
numerous non-predefined compounds (> 100), in the case of untargeted profiling
[165], or on the data points of the raw analytical signal, for the fingerprinting

approach [81,169, 1.

Untargeted profiling analysis allows to automatically detect and semi-quantify a high
number of compounds, providing a great amount of chemical information. It often
requires deconvolution tools to unmix the complex analytical signal into the
individual compound signals within a spectrum and relate them to the relative

concentrations of the compounds that constitute the sample [170,171, ]

The fingerprinting approach involves analysing the data points of the raw analytical
signal to identify specific patterns, known as fingerprints, which are unique to a

certain characteristic of the sample [81,168,169, 1.

Untargeted approaches overcome the main drawbacks of the targeted methods by
considering a larger portion or even the whole available information, and by
eliminating the need for time-consuming identification and quantification steps.
However, the transferability and applicability of these methods as standard control
references are limited by the absence of reliable validation procedures [81,172-174].
This challenge is particularly pronounced for fingerprinting methods used in
classification or categorical prediction, where traditional validation metrics—such as

linearity, standard deviation, and limit of detection—are not applicable.

Untargeted methods can also be classified according to the techniques used through
the analytical determination, mainly distinguishing between spectroscopic and

chromatographic untargeted methods.

30



Chapter 1. Introduction

1.4.2 Chromatographic untargeted methods

Untargeted methods usually require signal preprocessing for correcting instrument-
derived offsets that can introduce analytical noise into the data. Preprocessing
techniques applied to spectroscopic untargeted methods have been extensively
studied, and strategies to overcome scattering effects, such as Multiplicative Scatter
Correction, Standard Normal Variate (SNV), are well-known and usually applied. But
untargeted methods applied to chromatographic data face several intrinsic challenges
related to the separation technique and to the management of the particular
chromatographic offsets. In this regard, signal preprocessing is crucial for the
interpretation of chromatographic fingerprints. This preprocessing of the
chromatographic signals needs to address distinct sources of analytical variability. First,
baseline correction methods may be required to solve baseline drift generated by
column bleeding [175-179]. Then, normalization techniques are used to correct
intensity differences between batches and to balance weights among samples (Figure
5b). These techniques consist in dividing the chromatographic profiles by a scalar, such
as the Euclidean norm, the maximum value of the chromatogram or the total sum of
each sample [180,181]. Finally, correcting retention time shifts among samples is
especially critical for chromatographic fingerprints and is achieved by applying
alignment methods (Figure 5c¢) [ ]. Alignment is defined as “a mathematical
operation where similar chemical features are repositioned so that they appear at the
same elution time in different runs” [168]. There are different alignment techniques,
but correlation optimized warping (COW) stands out among them [182-184]. The COW
algorithm is a flexible method based on piecewise linear stretching or compression to
align chromatograms towards a reference, without altering peak positions
[182,183,185]. Figure 5 shows a global scheme of signal preprocessing in

chromatographic fingerprints.
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Figure 5. Representation of the signal preprocessing in chromatographic fingerprints. a) raw
data, b) normalized data, c) aligned data. COW: correlation optimized wrapping algorithm.

In addition, when chromatographic separation is coupled to techniques such as MS,

the data analysis may involve handling three-way data (retention time x intensity x

m/z).

Detailed information regarding the challenges that arise from untargeted approaches
applied to chromatographic techniques and strategies to address them are thoroughly

discussed in Publication 1.
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ABSTRACT

This work discusses food authentication tools based on the volatile metabolome
assessed by gas chromatography-mass spectrometry (GC-MS). Volatile organic
compounds (VOCs) serve as markers for food flavour and aroma and, in some cases,
they hold potential for food authentication. On top of this, advanced data analysis
approaches enhance analytical data extraction and understanding. Untargeted
methods provide comprehensive authenticity insights, surpassing traditional targeted
approaches, and automated processing improves robustness and reduces user
dependency. Chemometric tools, particularly classification methods, are extensively
used for authentication based on both GC-MS fingerprinting and untargeted profiling
of VOCs. Despite challenges in transferability, untargeted methods perform well in
authentication models, making them valuable for internal quality control and official
control guidance for fraud detection. This work highlights the need for further research

to establish untargeted authentication tools as official methods in the near future.

Keywords: volatile organic compounds; VOCs; GC-MS; authentication; untargeted;

fingerprinting; chemometrics.
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Food fraud: definition, present state, and current gaps

Food fraud is a complex problem, prompting many definitions to identify its elements
and, more importantly, to determine what is needed to solve it in the current context
[1]. Despite slight differences, key criteria are present in all definitions of food fraud: i)
Violation of the corresponding food law; ii) full intentionality; iii) economic gain; and iv)
customer deception. For a case to be classified as food fraud, all four elements must be
met. While economic motivation is the primary driver behind food fraud practices,
these acts pose a public health threat of uncertain magnitude. Food safety concerns
are generally associated with adulteration, especially because of emerging adulterants
that evade the current food protection system [2]. Nevertheless, the lack of traceability
in any fraudulent food product — including counterfeiting and mislabelling — can also

present a health risk to consumers.

According to the criminalistic approach of food fraud defined by Spink & Moyer [3],
fraud opportunities can be significantly reduced by implementing efficient control
measures. The 2022 annual report of the Alert and Cooperation Network within the
European Commission highlights gaps in food fraud control by showing the food
categories with high number of notifications, as well as the fraudulent practices most
frequently encountered, affecting more than one country [4]. This is the closest
approximation for quantifying food fraud cases, as many instances go unnoticed. The
top five notified food categories are “Honey & royal jelly”, “Live animals”, “Meat &
meat products”, “Fish and products thereof”, and “Fats & oils”. The most notified agri-
food fraud categories and subcategories are shown in Figure 1, standing out
“Substitution (Adulteration/product tampering)”, followed by “Mislabelling”, which
includes false quality terms and geographical claims. Lastly, related to counterfeit,
some notified cases involved Protected Designations of Origin and Protected

Geographical Indications.

Current official authentication methods rely on analytical techniques where one or few
compounds are investigated to distinguish authentic from non-authentic products.
Unfortunately, fraudsters often stay a step ahead of control methods by exploiting the

low efficiency of certain methods, the lack of sensitivity of some techniques e.g., limits
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of quantification; or the fact that methods focus on a single compound or compound

family. Additionally, for certain commodities like virgin olive oil, verifying the declared

commercial category involves assessing sensory quality through a panel test procedure,

which may present drawbacks such as limited sample assessments per day and

inconsistencies among panels [5]. Therefore, being up to date about the state-of-the-

art fraudulent practices is key to develop fit-for-purpose authentication methods.

Developing optimal authentication methods requires several elements: selecting

reliable chemical markers for the intended purpose, measuring them through a high-

throughput yet affordable analytical technique, and applying suitable chemometric

methods to build effective authentication tools.
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Food volatile metabolome: definition and implications in food quality

and authenticity

The volatile metabolome refers to the array of VOCs produced in foods through various
chemical or metabolic pathways. These compounds may originate from raw materials,
influenced by factors such as species, geographical origin, and other variables, or they
may form during processing and storage via chemical or enzymatic reactions, or
through microbial metabolism. Consequently, they serve as diagnostic markers for
various aspects of the food product, including the type, quality, and origin of raw
materials, as well as the processing and storage conditions, factors often considered
critical for food quality and authenticity. These VOCs, characterized by their small
molecular size and propensity to vaporize at room temperature, significantly contribute
to the aroma profiles of foods [6]. Consequently, they serve as ideal markers for
instrumentally assessing or verifying sensory attributes and overall food quality. For
this reason, the volatile metabolome of a various food products has been extensively
studied in recent years, particularly those favoured by consumers for their hedonic

value, such as wine, olive oil, and coffee [7].

Detecting food fraud through volatile metabolome analysis
Volatile metabolome as authentication marker

The gold standard for food authentication markers is their direct relation with the
feature being authenticated. Certain VOCs are responsible for both quality sensory
attributes, such as fruitiness in virgin olive oils [8], and undesirable off-flavours, such as
off-odours in fish [9]. This is why VOCs and the volatile metabolome have been
reported as useful for assessing sensory quality. Assessing VOCs has proven valuable in
global sensory evaluation, such as verifying the commercial categories of virgin olive oil
[10,11], and in predicting specific attributes derived from endogenous VOCs or those
generated during processing and storage, as recently reviewed by Diez-Simon et al.

[12].

Besides, the VOC metabolome is influenced by various factors such as seasonal

variation, geographical origin, feeding regimes, and storage conditions [13] which is a
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blessing and a curse. In the one hand, this apparently offered possibilities of using VOC
to diagnose various food characteristics such as the geographical or varietal origin. In
fact, promising results were reported in works that tested VOCs as geographical
markers [11,14-18]. However, as mentioned above, some VOC may be greatly affected
by processing and storage conditions [5], compromising the long-term stability of
models authenticating quality aspects unrelated to sensory quality. Consequently, in
these cases, it would be advisable to base models only on VOC stable compounds that
are less prone to undesired profile modifications during processing and storage. Recent
studies have revealed that semi-volatile sesquiterpene hydrocarbons (SHs), secondary
plant metabolites, are stable and valid markers for botanical and geographical

authentication of certain food products [19-22].

Instrumental assessment of food volatilome: sample preparation and analytical

technique

Sample preparation is a critical step when measuring VOCs; therefore, several sampling
techniques have been reported. Non-extraction techniques, such as static headspace,
might not be ideal for food samples given the presence of key VOCs at trace levels.
Among the sampling techniques involving VOC extraction, such as dynamic headspace,
purge and trap, or stir-bar sorptive extraction, solid phase microextraction (SPME) has
emerged as the predominant method in several food matrices [23]. Proven robust in
recent collaborative studies on virgin olive oil [24], this solvent-free, automatable

technique requires minimal investment and is well-suited for control purposes.

An important aspect to consider when evaluating the applicability of an authentication
tool as a control method is the availability and affordability of the instrumental
technique. Gas chromatography coupled to mass spectrometry (GC-MS) is among the
main analytical techniques to measure the VOC profile of different kinds of samples,
including food products. In addition to its high sensitivity and widespread availability in
routine laboratories, GC-MS offers comprehensive molecular-level information through
three-way data (an array of intensity x retention time x m/z for each sample). This
allows for more reliable compound identification in targeted approaches and enhances
the efficiency of untargeted-based modelling compared to other detection techniques,

such as flame ionization detectors. Using high-resolution MS instead of conventional
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low-resolution quadrupolar and ion trap mass analysers offers improved sensitivity and
more reliable identification through exact mass measurements. This enables the
detection of trace VOCs, which is crucial for differentiating authentic from non-
authentic food products. Despite its potential for food authentication through VOC
assessment [25], high resolution MS remains financially inaccessible for many control

laboratories.
Data analysis approaches

From targeted to untargeted methods

Conventional methods for food analysis, including VOC assessment, are based on
targeted methods. These involve the identification and quantification, or semi-

quantification by an internal standard, of one or few pre-defined chemicals (Figure 2a).

a. A Single/dual b. c E Profile

g Integration of peaks

)

g - Identification of few .

o z‘ analytes E

T & 2

QI £ £

wd O

% B semi-quantification D

= B

1S b

A G
Retention time Retention time
C. Profile d. Fingerprint

(%) \ i

% Deconvolution methods : " Use of analytical signal
%‘ ' i (data points)

% 2 tification or sem 2 i

2 quantificatior a )

9 s 3

O} = £

(]

)

©

-

=
D ...........

Retention time Retention time

Figure 2. Summary of targeted and untargeted methods applied to chromatography: a)
single/dual targeted approach, b) targeted profiling, c) untargeted profiling, and d)
fingerprinting. (B Quintanilla-Casas, PhD thesis, University of Barcelona, 2022).

The conformity of the product to a given standard depends on whether the resulting
values are above or below an established limit. This strategy is known to be robust,
straightforward to transfer and follows well-established validation schemes [26]. The

time-consuming step of identification, quantification and manual data extraction
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involved in target approach can be facilitated by in silico tools for GC-MS data analysis
(Figure 3). These include proprietary toolboxes such as ChemStation® (Agilent™),
ChromaTOF® (LECO™) MassLynx® (Waters™ corporation), or MassHunter® (Agilent™),
as well as open toolboxes such as AMDIS, pyMS and XCMS [27,28]. After peak
identification, the mass spectra of identified peaks are usually matched with
commercial or in-house spectral libraries to find the corresponding chemical
structures. However, beyond workflow optimization, valuable information is lost in
targeted approaches since only a small part of the analytical signal is used [26,28]. This
fact triggers fraud opportunity because adulteration is way more difficult to detect, as

long as the targeted compound stays within the boundaries.
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Figure 3. Overview of GC-MS volatile metabolome approaches in food authentication.

Food product

The so-called targeted profiling enhances the efficiency of control methods, by
selecting a priori multiple target compounds for identification and quantification
(Figure 2b) [26]. In the context of using the volatile metabolome to detect food fraud,
the targeted approach has been successfully applied to assess the sensory quality of
virgin olive oil, aimed at complementing the official panel test method [11,24]. Yet, the
inconveniences related to the cumbersome identification and integration of analytes,
related to detection limits or chromatographic coelution, become more pronounced as
the number of compounds under consideration increases. Additionally, when
measuring authentication markers such as SHs, the targeted identification is hindered
by the similarity of their mass spectra, which causes that many SHs have not been

consistently identified yet [29]. As reviewed by Xu et al. [30] despite targeted analysis
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might be more sensitive for fruit juice authentication, untargeted methods would be
more effective when the fraudulent practice we face remains unclear.

For these reasons, untargeted (or non-targeted) methods are gaining importance in
food authentication. On the one hand, the untargeted profiling analysis simultaneously
semi-quantifies a high number of not predefined compounds - often >100 [26] - (Figure
2c). As previously mentioned, GC-MS data corresponds to a three-way array (Figure
4a); therefore, this approach could benefit from advanced data analysis tools to
translate the analytical signal into peak tables with the corresponding chemical
information. Unlike the above-mentioned toolboxes for GC-MS data analysis, which can
also be applied for untargeted approaches, PARAllel FACtor analysis 2 (PARAFAC2)
models stand out due to the ability to automatically deconvolute peaks across all
samples, including those with retention time shifts, low signal-to-noise ratios, or co-
eluted compounds. [27]. Moreover, its integration and automatization through the
software PARADISe (PARAIlel factor analysis 2 Deconvolution and Identification System)
increases the robustness of the results due to the lack of user-interaction, while
optimizing the analysis time [31]. This software has been successfully applied on VOC

data to assess the quality and authenticity of different foods [8,32,33].
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On the other hand, the state-of-the-art strategy in food authentication involves finding
specific patterns in the analytical fingerprint, thus introducing the untargeted
fingerprinting approach [34] (Figure 3). Some authors consider fingerprints as the
compilation of multiple analytical parameters [26] or molecular markers [34], while
others define it as the analytical outcome of a single technique [35]. The former
definition agrees better with the untargeted profiling approach; therefore, the term
fingerprint should refer to the set of data points composing the raw analytical signal
(Figure 2d) (B Quintanilla-Casas, PhD thesis, University of Barcelona, 2022). Three-way
data, such as the GC-MS output, typically require complex multi-way chemometric
algorithms. Nevertheless, they can be transformed into two-way data to enable the
application of bilinear methods. This can be achieved either by using the total ion
chromatogram (TIC) (Figure 4b) [10,36], or by unfolding the original array through the
extraction and concatenation of all or some of the acquired m/z (Figure 4c), as
proposed in recent studies on food volatile metabolome [20,29]. In any case,
chromatographic fingerprints need alignment to correct retention time shifts among
samples, an inherent issue in chromatography. This can be done through different
techniques, ranging from the most rigid ones, such as correlation optimized shifting
(coshift), or less rigid approaches such as extension by intervals (icoshift), to more
flexible methods that shift, stretch and/or compress profiles without swapping peaks,
such as correlation optimized warping (COW) [37]. Classification models constructed
with aligned chromatographic fingerprints have provided successful results for several
food authentication problems [10,19,20,29,36,38,39]. Specifically, the fingerprinting
approach has proven significantly more efficient than profiling when assessing the
origin of virgin olive oil based on SHs data, thanks to its comprehensive use of
analytical information [44]. Nevertheless, it is important to note that models
developed from fingerprinting approaches may be more susceptible to overfitting than
other methods if proper modelling practices and validation techniques are not adhered

to.
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Chemometrics in food authentication

Despite resulting in more efficient authentication models [29,30], moving from
conventional targeted to novel untargeted methods requires multivariate chemometric
methods to effectively process and extract the information from complex

chromatographic data.

Classification methods are the most prevalent supervised machine learning techniques
in food authentication [13], particularly when the goal is to develop screening tools to
detect potential fraudulent samples (Figure 3). Among these, discriminant and class-
modelling techniques are applied for authentication purposes based on the volatile
metabolome [36,38]. In discriminant techniques, samples are classified into one of the
predefined classes, whereas class-modelling techniques focus on a single class and
determine whether samples belong to that class. The main representative of the
former group is partial least squares — discriminant analysis (PLS-DA). PLS-DA seeks for
maximizing the covariance between the latent variables resulting from variable
reduction of a given data matrix and the response variable, which is a dummy variable
identifying the different classes — regardless of being a binary or multi-class
authentication problem [40,41]. PLS regression is also commonly applied when aiming
at a quantitative prediction of a numeric response variable for authentication purposes
[13]. Among class-modelling techniques, soft independent modelling of class analogy
(SIMCA) is one of the most applied methods [42]. SIMCA models are based on principal
component analysis (PCA) for each of the categories. They are often called one-class
methods, since they focus on a well-represented category of samples rather than
multiple classes. PLS, instead, is generally applied to build multiclass models through
PLS-DA. However, the extension one-class PLS could be used for a similar aim than
SIMCA, although its use on VOCs has not been reported for authentication so far. On
the other hand, supervised non-linear classification methods based on e.g., artificial
neural networks (ANN), support vector machine (SVM) or random forest (RF) have also
been explored for authentication purposes using the volatile metabolome [43,44].
Model interpretability still remains a challenge for non-linear methods due to their
complexity, non-linear relationships, and intricate model structures, which also

complicates visualization. Contrarily, linear methods make it easier to identify relevant
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variables, even in untargeted approaches. This enables the identification of specific
VOCs relevant to a particular class, ensuring the model does not function as a “black

box” [10,29].

When developing authentication tools, achieving a high performance in classification
becomes a priority. Threshold optimization strategies such as the application of
Receiver Operating Curves (ROC) curves might reveal the thresholds leading to optimal
sensitivity and specificity, but the definition of the decision criteria may depend on the
intended use of the authentication method. For instance, VOC fingerprinting was
suggested as a screening method to detect boundary samples in olive oil sensory
quality evaluation whose identity would be further confirmed by a sensory panel test

[36].

Besides supervised models, previous works also focused on unsupervised machine
learning tools such as PCA, usually to explore trends within the analytical data, as well
as clustering methods [13]. Nevertheless, the reduced matrix consisting of few
principal components is sometimes not enough to explain the variance within different
categories in authentication problems, especially when chromatographic fingerprints

are used.
Transferability of untargeted authentication tools: a challenge

As previously mentioned, targeted methods are recognised for being robust and
straightforward to transfer due to their adherence to well-stablished validation
procedures which is essential for any official method [45]. This is the main reason why
current control methods rely on targeted approaches. In this context, recent research
aimed at validating a targeted method based on VOCs by GC-MS for quality and
authenticity assessment of olive oils [24]. Contrarily, untargeted approaches hinder
reproducibility among operators and instruments, and validation procedures are still
unclear [34]. Some authors proposed method validation strategies for untargeted
metabolomic analysis [46], by adapting the target validation procedure to the detected
chromatographic peaks in quality control samples. The main challenge in validating
untargeted methods emerges in the context classification models using fingerprinting

methods, in which the raw analytical signal is considered rather than selecting specific
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chromatographic peaks. On top of that, when untargeted methods are based on VOCs
by GC-MS, additional challenges may arise due to issues inherent to the analytical
technique or the characteristics of the VOCs themselves, which can further complicate
the transferability of authentication models. For instance, chromatographic fingerprints
might vary because of the GC column or SPME fiber brand and shelf-life. As Riedl et al.
suggested [47], system challenge validations are needed to ensure the long-term
stability of models including the exchange of measurement data between laboratories.
A preliminary in-house validation of fingerprinting for virgin olive oil commercial
category verification has yielded promising results [36], but significant work remains to

be done to successfully advance towards interlaboratory validations.

Moreover, authentication models should be regularly updated including samples from
new batches [47,48]. Continuous statistical modelling strategies have been proposed
for some food products using spectroscopic methods [49], but more research is needed
to extrapolate these approaches to GC-MS methods and to define validation protocols
for untargeted methods to become reference methods. In the meantime, untargeted
authentication tools built with in-house databases are promising as guidance for
official inspections and conformity checks by the control bodies. In fact, EU member
states shall ensure that conformity checks are performed selectively based on a risk

analysis, where the untargeted screening tools could easily be included.

Conclusions

The analysis of volatile metabolome using GC-MS in the context of food fraud
detection offers a promising tool for ensuring the authenticity and quality of food
products (Figure 3). Untargeted profiling and fingerprinting emerge as the most
comprehensive approaches for understanding food volatilome, showing significant
potential as markers for both sensory quality assessment and authentication.
Conversely, targeted VOC analysis represents a more readily transferable approach,
with higher likelihood of application in official control procedures in the near future.
Ongoing research is crucial to fully unlock the potential of these markers and improve

the transferability of the methods.
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1.4.4 Data treatment and chemometric methods

While data obtained from targeted approaches, such as the isotopic ratios of specific
elements, are usually treated applying univariate statistic (t-test, one-way analysis of
variance (ANOVA), among others), the great amount of data obtained from untargeted
approaches requires multivariate statistical tools. Contrarily to univariate methods that
focus solely on a single variable, multivariate methods use all variables simultaneously
and deal with the relationship between them [186], allowing to efficiently extract the

maximum information from data [187].

As summarized in Publication 1, the state-of-the-art in food authentication is the
application of chemometric multivariate tools to reduce the data dimensionality
keeping all the relevant information [188, ]. These chemometric tools can

be divided in two categories: supervised and unsupervised methods [189].

Unsupervised methods are primarily employed for exploratory analysis since no prior
information is used to guide the model. These methods help visualize the data and
highlight differences and similarities among samples. The most common unsupervised
method in food authentication is principal component analysis (PCA) [188]. PCA
reduces the dimensionality of the data by generating a smaller number of new
variables, called principal components (PCs), which are linear combinations of the
original variables. The PCs are orthogonal to each other to avoid redundant

information, thereby maximizing the explained variance of the original data [190-192].

Supervised methods use the information of a response variable (y) to build models.
This response variable can be quantitative, in regression models, or
qualitative/categorical in classification models. Among supervised approaches,
classification methods are the most widely employed in food authentication [188,193],
especially in the case of screening tools for food fraud detection. From classification
approaches, two main techniques arise, discriminant analysis and class-modelling
[187,189,193, ]. In discriminant techniques, all the categories are
concerned in the discrimination models, hence, samples are classified into these
predefined categories, whereas class-modelling techniques focus solely on a single

class to ascertain whether samples belong to that class or not. The primary examples
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of each group are partial least squares — discriminant analysis (PLS-DA) and soft

independent modelling of class analogy (SIMCA) [187,188,193,194, ].

PLS-DA aims to maximize the covariance between the latent variables (LVs), derived
from the variable reduction of the original data matrix (X), and the response variable
(y), which is a dummy variable identifying the different categories [187,189]. PLS-DA
finds the maximum separation between classes by minimising the influence of
common features, and increasing the influence of the, even subtle, differences

[195, l.

SIMCA models are based on PCA. PCs, which are defined as the directions of maximum
variance in the multivariate data space, are computed for each of the categories. Each
SIMCA model focus solely on a well-represented class of the samples, hence the
significant PCs define the SIMCA inner space of that class and samples to be predicted
are projected on that space, obtaining the corresponding score values. Depending on

the score value obtained the sample is classified into that category or not [194].
1.4.5 Challenges of the analytical approaches for food authentication

As previously stated in section 1.4.1 and in , targeted methods are
acknowledged for their robustness and straightforward transferability, making them
the predominant approach in current control methods, as validation is essential for an
analytical method to become official. Isotopic methods exemplify this, providing high
precision and reproducibility and enabling bias correction through the use of matrix-
matched certified reference materials (CRMs). This ensures highly accurate results and
facilitates their transferability across different laboratories, making them suitable for
use even in legal cases, as enforcement of official control methods [84]. However,
because they rely on only a few targeted values, the sample information is limited and
influenced by a restricted number of climatic and geological factors. Therefore, their
applicability is constrained when samples originate from geographical regions with
similar climatic conditions or soil characteristics [86,90,197,198]. Additionally, they
require large databases that need to be annually updated due to the high variability in

isotope ratios from year to year [84,97,196].
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In untargeted methods, the transferability is hindered by the absence of defined
validation procedures and by the challenges of reproducibility across different
operators and instruments. While some performance parameters of the standard
validation methods can be applied to untargeted methods, others are either
unavailable or inapplicable [81,172-174]. Traditional validation assessment techniques,
such as linearity, standard deviation, limit of detection, and limit of quantification rely
on univariate statistics and cannot be applied to pattern recognition methods designed
for developing classification models for categorical predictions. This issue is particularly
evident in in approaches that use class discrimination fingerprinting where the entire
instrumental output is analysed instead of selecting specific chromatographic peaks
[199, ]. In a recent publication of Bayen et al. [81], the authors propose
that the sensitivity and specificity rates of the chemometric model (based detection
probabilities) should be evaluated to validate untargeted methods. Additionally, they
highlight the importance of transparency in databases, encouraging their disclosure,
when possible, to allow for careful examination. On top of that, a crucial aspect of
validating untargeted methods is the proper assessment of chemometric models
applying system challenge strategies. These strategies involve testing the method’s
performances under different instrumental and analytical conditions or sample
characteristics from those used in model development to ensure its long-term stability
[200]. Finally, models should be regularly updated including new samples
representative of the natural variability, to guarantee the robustness of models for

future analytical requirements [47,174, ].

1.5 Geographical and varietal authentication of virgin olive oil and nuts:

state-of-the-art and current gaps

Currently, there are no reference analytical methods to authenticate the botanical and
geographical origin of foods, including VOO and nuts. As previously discussed,
documental traceability and morphological examination of nuts have several
limitations that reduce the effectiveness of controls. Literature reports various
approaches to address these issues, applying a wide range of techniques and analysing

different classes of markers by distinct approaches. Despite several significant

55



Chapter 1. Introduction

advancements, various gaps continue to hinder the effective resolution of geographical

and varietal authentication for VOO and nuts.
1.5.1 Virgin olive oil

A substantial amount of research has been dedicated to develop efficient and reliable
methods for authenticating the provenance and cultivar of VOO. These methods
employ various marker classes, analytical techniques, and approaches, as recently

reviewed [58,201-203].

Geographical authentication of VOO has been pursued by applying isotopic methods
[90,204], focusing primarily on the light bioelements C, H, and O, which have been the
most extensively studied for this purpose [90]. Bulk isotope analysis has been used to
characterise ltalian, Greek, and Turkish VOO production [97], revealing significant
regional differences within these countries. However, in the majority of cases, bulk
isotope analysis was combined with CSIA or used in combination with other techniques
and markers such as mineral profiles or metabolite data [101,104,205,206]. This
suggests that bulk isotope analysis alone may not always be sufficient to accurately
verify the geographical origin of VOO. Moreover, VOOs from different geographical
regions may exhibit indistinguishable isotopic ratios if the climate conditions of those

regions are similar, which can hinder their differentiation [197].

In Italy, an isotopic databank for the Italian PDO and PGl extra virgin olive oils (EVOOs),
has been created by the Ministry of Agriculture, Food and Forestry, and is annually
updated with samples from several Gl. With this system, C, H, O bulk isotope ratios of
the collected VOO samples are measured, and authenticity limits are set for different
Italian regions. When a test sample from the market fails to meet reference limits,
traceability and verification procedures are conducted. If the paperwork audit confirms

the analytical suspicions, a legal procedure is then initiated [84].

Among methods based on metabolic markers, a VOO geographical authentication
method utilizing the SH fingerprint stands out for its exceptional performance, as
recently reported [139,140]. SH fingerprint obtained by HS-SPME-GC-MS and combined
with PLS-DA allowed to i) successfully discriminate between EU and non-EU VOOs and

classify them according to their country of origin; and ii) efficiently distinguish between
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VOOs of closely located PDOs and from other VOOs not belonging to PDOs. These
results were obtained with PLS-DA classification models constructed using large sample
sets (n = 350-400) including multiple producing regions, olive cultivars and harvest
years, covering a high natural variability and being representative of the real market
scenario. The methodology yielded a high classification accuracy in external validation,
with >89% and >93% of correct classification for the EU and PDO models respectively
[139,140]. The results demonstrated the effectiveness of the methodology as a tool for
verifying EU/non-EU and country of origin label declarations in VOO, as well as for
ensuring its compliance with a specific Gl quality scheme. However, the reproducibility
and transferability of this method is limited due to the absence of validation
procedures and strategies for untargeted fingerprinting-based methods [200] as
reported in previous sections. It is crucial to assess whether the expected high
efficiency of fingerprinting compensates for its potentially lower reproducibility

compared to isotopic analysis.

So far,

(Gap 1). The results obtained by both approaches are not easily comparable,
underscoring the need for a systematic comparison under standardized conditions. This
is needed to objectively evaluate and contrast their performance in authenticating
VOO origin and provide insight into their strengths and weaknesses as well as to

identify areas for further advancement in these approaches.

Despite the great influence of olive cultivar in the qualitative and sensory
characteristics of VOO, the required use of specific traditional olive cultivars in Gls [61],
and the fact that VOOs with cultivar label claims are highly appreciated by consumers
[15,16], up to date, there are no reference methods to verify VOO cultivar. The varietal
authentication of VOO has also been widely addressed by the research community by
focusing on several major and minor compounds and by applying multiple analytical
techniques and chemometric approaches [38,160,201]. However, except for DNA-
based methods [207-211], which are too costly for routine analysis [201], reliable
metabolic markers for VOO cultivar authentication remain unavailable. This is mainly

due to the fact that, although VOO composition is significantly influenced
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environmental conditions, most studies focus on monovarietal VOOs from the same
specific region. Likewise, the effect of other external factors, such as maturation,
phytosanitary status, harvest year, and processing and storage conditions [38,130,143],
is seldom considered. While these studies emphasise the impact of genetic factors on
VOO characteristics, they often tend to overlook broader environmental and
technological variables, making their findings less representative of real VOO
production. Consequently, at present,

, and existing studies in this area still need further evaluation
to accurately reflect the real-world olive oil production [38,49-130,160,201]. As
commented in section 1.3.4, SHs in VOO are not only affected by the geographical

origin, but also by the olive cultivar [212-214]. However,

(Gap 2).
1.5.2 Hazelnut

As previously exposed, direct visual inspection and morphological evaluations based on
physical characteristics are the standard techniques to verify hazelnut authenticity in
addition to documentary controls [70]. Nonetheless, these methods are limited in
efficiency as they are susceptible to external influences and can only be applied to
whole kernels [45,77]. Consequently, numerous studies have been conducted over the

past years to explore more suitable markers for hazelnut authentication [77,215-223].

In this sense, although isotopic markers represent a widely recognised tool to
determine the geographical origin of food products [23,83-87], and they have been
explored for the authentication of pistachios [224], walnuts [219] and peanuts [225],
they have been scarcely applied for hazelnut geographical authentication. To date, only
Sammarco et al. (2023) used bulk 6*3C and &80 values to authenticate hazelnut origin
[226]. Despite observing significant mean differences in these stable isotopes among
samples from different provenances, their study found that combining isotopic values
with mineral profile was necessary to achieve acceptable discrimination of hazelnuts

according to their origin.
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As previously described, the isotope ratio of various elements is associated to distinct
environmental and agricultural factors, each of which can play a crucial role in
distinguishing hazelnuts from different origins. For this reason, to fully exploit the
authentication potential of isotopic markers, it is necessary to comprehensively explore
light bioelements both in bulk samples and in specific compounds. CSIA in proteins,
lipids or carbohydrates may offer deeper insights into isotopic data, as demonstrated
for several food products [101,88,103,105,106]. In the case of hazelnuts, in which lipids
account for the main percentage of the kernel [44,227], the study of the isotopic
composition of the FAs could provide additional and complementary information to the
bulk isotopic markers. Additionally, the ability of heavy geoelements to discriminate

between origins should be investigated. Bearing all this information in mind,

evaluating its efficacy in comparison with other methods (Gap 3).

Although isotopes could be suitable markers for geographical origin authentication,
they cannot be used for varietal discrimination. Regarding DNA-based methods,
despite the high accuracy provided [220], their complex and costly procedures make
them unsuitable for routine analysis. In turn, both phenotypic and DNA-based methods
are limited to varietal authentication only and cannot be explored to assess hazelnut
provenance. In this context, an ideal solution to address the main hazelnut
authentication issues would be a marker capable of simultaneously verifying both the

origin and cultivar of hazelnuts in a single analysis.

This could be achieved through methods based on metabolic markers. Different
analytical methods based on metabolic markers have been tested to authenticate
hazelnuts [77,153,215,216,218,220-226]. However, the majority of metabolomic
studies to date have primarily focused on distinguishing either the cultivar or the
geographical provenance of hazelnuts [77,215,216,218,222,228-230]. Only a limited
number of works have attempted to authenticate both the botanical and geographical
origins simultaneously [153], and none has successfully demonstrated the ability to
verify them independently of one another. Moreover, many existing studies have

significant limitations; some of them only differentiate between groups of cultivars
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[221, 231], and others focus exclusively on a single PDO or country of origin
[216,221,222]. Additionally, some are tested on small and limited sample sets

[222,229] or lack proper validation of their classification models [77,153,222,228-230].

This gap in research highlights the insufficiency of current metabolic methods in
providing comprehensive varietal and geographical authentication, which is crucial for
ensuring the integrity and authenticity of hazelnuts in the market. To address this gap,
metabolic markers influenced by both environmental conditions and genetic factors,
while minimally affected by storage or processing, should be explored. Their efficiency
should be tested in challenging scenarios, such as verifying the geographical origin of
the same cultivar grown in multiple geographical areas and determining the varietal

identity of hazelnuts from different cultivars produced in the same region.

In this regard, previous studies have shown that terpenoids in plants are influenced by
genetic and pedoclimatic conditions [143,168,214]. These compounds have
successfully been used to authenticate several food products [113,136-141,232].
Additionally, volatile terpene compounds, including monoterpenes and SH have been
identified in hazelnut oil and in crude and roasted hazelnuts [233-236]. However, no
studies have yet explored their potential as hazelnut botanical and geographical
markers. Therefore, analysing and evaluating these markers in hazelnuts could provide

valuable insights and potentially result in an effective tool for authenticating hazelnuts.

Another promising approach to addressing this challenge is the analysis of the UF of
hazelnuts. As previously mentioned (section 1.3.4), the UF is a lipidic fraction rich in
secondary metabolites that satisfies all key requirements for a reliable marker of both
varietal and geographical authenticity. Moreover, its analysis can be efficiently
performed through GC-MS, which is a highly sensitive and widely accessible technique

commonly available in control laboratories.

In addition to UF analysis, the TAG profile of hazelnuts offers another promising
method for hazelnut authentication. As primary components of the hazelnut lipid
fraction, TAGs vary in response to both genetic and environmental factors [44,133]. The
analysis of TAGs provides advantages such as simplicity, speed, and minimal sample

preparation, making it an ideal option for routine analysis or as a preliminary screening

60



Chapter 1. Introduction

tool. However, despite its potential, TAG fingerprinting remains underexplored, with
only a few studies applying this method to develop geographical classification models
[228]. To date, no studies have applied TAG analysis to differentiate hazelnut cultivars,

further underscoring the need for its exploration.

Regarding spectroscopic techniques such as MIR and NIR spectroscopy, that respond to
multiple chemical compounds [164,237], they have been previously applied to verify
the botanical and geographical origin of various nuts with excellent results
[221,223,229,230,238-242] and have shown promise in distinguishing Italian hazelnuts
from those of other origins [230], their potential to simultaneously authenticate

hazelnut cultivar and provenance remains unexplored.

Therefore, given the

there is a pressing need for efficient, fast and robust
methods to authenticate hazelnuts and protect consumers interests. In this context,
although such as

, show great potential due to their

(Gap 4).
1.5.3 Pine nut

In addition to conventional methods for verifying pine nut species through phenotypic
observations of physical characteristics, the limitations of which are discussed in
section 1.2.3, alternative methods based on various markers and analytical approaches
have been investigated [53,55,56,78,243-245]. Yet, these approaches require further
validation using diverse sample sets that encompass the breadth of pine nut diversity,
including different producers, harvest years, origins, and species. A comprehensive
evaluation using large, representative sample sets reflecting the actual market scenario
is still required. Therefore, there remains a critical need to develop efficient and robust

pine nut authentication methods suitable for routine control applications.

Although some isotopic data have been reported to describe the heterogeneity of

North American pine nuts [246],
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(Gap 5). Given the extensive use of these markers
in geographical traceability of food products [23,88-91,247] and their strong
correlation with the pedoclimatic and geological conditions of the growing region,
exploring their efficacy in distinguishing among pine nuts from different provenances
could enhance both pine nut geographical and botanical discrimination. In fact, pine
nut species are closely linked to their geographical origins. In this regard, bearing in
mind that pine nuts are not a farmed crop but collected from natural forests, where no
fertilizers are used, and considering previous research on other pine nut species
showing that their spatial distribution is mainly driven by edaphic factors [246],
isotopic ratios closely linked to geological parameters, such as Sr, [92-94,247] are a

promising option for pine nut authentication. Consequently,

This geological marker should be assessed using a
representative sample set that reflects the actual conditions of the pine nut production

market (Gap 5).

Regarding the assessment of pine nut species, some authors have proposed genetic
markers. However, these efforts have primarily focused on identifying the inedible
Pinus armandii species in food products, which is responsible for PMS [248-251]. While
these studies have been successful in identifying various pine nut species, they often
include very few, if any, samples of P. pinea, which is the species more susceptible to
fraud. Additionally, certain species could not be accurately distinguished due to their
genetic similarities, while in some cases, the same species exhibited genomic
differences, leading to its classification into two separate groups [248,249]. This
inconsistency may be due to the insufficient characterization of genomic differences
among certain pine nut species in the existing literature [248]. Although DNA-based
methods are reliable and accurate, with the ability to identify various pine nut species
even in mixtures, they are costly, labour-intensive, destructive, and require extensive

databases and specialized technicians [78,245].

With regard to methods based on metabolic markers, FAs have been extensively

explored in the literature for the authentication of pine nut species [53,56,78,80,243].
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Research by Wolff et al. [252] demonstrated that the FA profiles of various Pinus
species exhibit species-specific differences that can be used for differentiation.
Specifically, seven species-specific FAs have been identified that enable the calculation
of a diagnostic index (DI), which distinguishes between different Pinus species [80].
This DI is derived from the ratio between the main A5-unsaturated polymethylene-
interrupted FAs (A5-UPIFAs) and their metabolic precursors [78,80,243]. However,
while the DI based on FA profiles shows potential for species discrimination, its
effectiveness diminishes when dealing with pine nut species with similar FA
composition, being unable to clearly differentiate between them. Some studies have
found that DI values can be inconclusive when analysing commercial pine nuts limiting

the identification of species [78,80].

Furthermore, most studies evaluating these metabolic markers have relied on small
sample sets, often fewer than 50 samples, which limits their robustness and
generalizability [53,56,78,80,243]. Consequently, the ability of these methods to build
accurate classification models for pine nut species and origin discrimination remains
unproven. The overlapping DI values between species underscore the need for

additional diagnostic parameters to support the FA profile data.

As commented above, the suitability of volatile and semi-volatile terpene compounds,
such as monoterpenes and SH, as authenticity markers for plants has been
demonstrated in several food products [113,136-141,232]. Moreover, conifers and
their fruits present considerable amounts of volatile and semi-volatile terpene
metabolites [253,254]. Products derived from pine trees, including wood, needles,
cones, and essential oils, as well as the volatile fraction of raw pine nut kernels,
predominantly contain monoterpenes as their main constituents [253-255].
Furthermore, previous studies have reported variations in the monoterpene and SH
composition among different pine species and origins [253-255], suggesting their
potential as valuable markers for authenticating pine nut species and their

geographical origins.

(Gap 6).
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Chapter 2. Hypotheses and Aims

The primary objective of this doctoral thesis is to contribute to ensure the varietal and
geographical authenticity of high-value food products, specifically VOO, hazelnuts,
and pine nuts, which are highly susceptible to fraudulent practices, through:
eThe development of robust and reliable analytical techniques and their
application to a large number of samples to generate highly informative data on
food authenticity.
eThe implementation of chemometric techniques to identify new markers and
develop efficient, robust authentication models.
To achieve this overarching goal, the main gaps in the authenticity of OO and nuts have
been identified, hypotheses have been formulated based on existing literature, and

specific objectives have been set to address these gaps.

2.1 Virgin olive oil geographical and varietal authenticity
Gap 1: At present, no systematic comparison has been made between targeted isotopic
method and emerging metabolic fingerprinting for VOO geographical origin

authentication.

Hypothesis 1: The metabolic SH fingerprinting method will outperform isotopic
methods in terms of prediction accuracy for authenticating VOO provenance, as it
will provide more relevant analytical information without the need of
cumbersome identification and quantification procedures, potentially emerging as

a more suitable screening tool to support and improve official controls.

Objective 1: To systematically compare and assess isotopic analysis and SH
fingerprinting to develop classification models to discriminate VOO, using the
same sample set with high natural variability including VOO samples from

different harvest years, countries of origin, cultivars and regions.

Gap 2: Currently, no official analytical methods exist for authenticating VOO cultivars.
While SH fingerprinting shows promise for verifying the olive cultivar of VOO, it has not
yet been evaluated for VOO varietal authentication beyond geographical, agronomic

and processing conditions.

Hypothesis 2: Given the successful application of SH fingerprint for authenticating

VOO geographical origin beyond technological and storage factors [139,140,168],
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and considering that SH composition in VOO is also driven by genetics, it is
hypothesized that if VOO cultivar is chosen as the supervising variable in the
discriminant analysis, the resulting model will be able to identify cultivar-specific
features within the SH fingerprint, thereby accurately predicting the botanical

origin of VOO regardless of provenance, and agronomic and processing conditions.

Objective 2: To develop and validate VOO varietal authentication models based
on the SH fingerprint obtained by HS-SPME-GC—MS and discriminant techniques,

using a large sample set representative of the actual VOO production market.

2.2 Hazelnut geographical and varietal authenticity

Gap 3: Isotope ratios have been suggested as reliable markers for verifying the
geographical origin of various foods. However, a comprehensive exploration and
thorough assessment of both bulk and compound-specific isotopic markers, along with

heavy geoelements, for authenticating hazelnut provenance is still lacking.

Hypothesis 3: Since bulk stable isotope ratios (6%H, §'3C, 6'°N, 620, &34S, &7Sr/%5Sr)
and compound-specific ratios (6°H and 6*3C of FAMEs) reflect the pedoclimatic
and geological conditions of hazelnut growing areas, they will be suitable markers
for hazelnut geographical authentication. Integrating these isotopic data with
chemometric tools will enable the identification of the most promising markers

and the construction of robust discriminant models for hazelnut provenance.

Objective 3: To develop a hazelnut geographical authentication method based on
the analysis of stable isotope ratios (both bulk and compound-specific) to create
and validate discriminant models that differentiate hazelnuts from various

producing regions.

Gap 4: There is an absence of effective tools for verifying the cultivar and provenance
of hazelnuts. Although metabolic markers (terpenes, UF, TAGs, and spectroscopic
fingerprints), show great potential due to their dependence on pedoclimatic conditions
and plant genetics, they have not yet been fully assessed as tools for simultaneously

authenticating the varietal and geographical origin of hazelnuts.
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Hypothesis 4.1: As certain hazelnut metabolites are predominantly shaped by
genetic and environmental factors, with minimal influence from other variables,
their GC-MS untargeted analysis will provide comprehensive information to enable
the development of robust classification models for simultaneously authenticating
both the botanical and geographical origin of hazelnuts On the other hand,
spectroscopic techniques will be a rapid and efficient way to capture variations in

the hazelnut metabolome related to the cultivar and geographical origin.

Objective 4.1: To develop hazelnut varietal and geographical authentication
methods based on metabolic markers (SH, UF, TAG and spectroscopic
fingerprints) that are efficient, robust, and fast to distinguish among hazelnuts

from different cultivars and various producing countries.

Hypothesis 4.2: Metabolic markers of the hazelnut lipidic fraction assessed by
untargeted fingerprinting methods will outperform isotopic targeted methods as
authentication tools for geographical origin as they will provide more detailed

information for the verification of hazelnut origin.

Objective 4.2: To systematically compare metabolic and isotopic hazelnut
authentication methods in terms of prediction accuracy and analytical efficiency,

using a large sample set with high natural variability.

2.3 Pine nut geographical and varietal authenticity
Gap 5: Although stable isotopes in plants have been linked to the soil type and climate
conditions, no studies to date have applied isotopic markers to authenticate the origin

of pine nuts.

Hypothesis 5: As pine nuts are harvested from natural forests without the
influence of fertilizers on geological markers such as Sr ratios, this isotopic
parameter will be effective to authenticate pine nut origin by leveraging its strong

correlation with geological conditions of the growing region.

Objective 5: To develop a pine nut geographical authentication method based on
the analysis of the &Sr/®Sr ratio to differentiate Spanish pine nuts from those

originating in major Asian producing countries.
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Gap 6: Despite the proven success of monoterpene and SH compounds as

authentication markers in numerous plant-based food commodities, these compounds

have still not been evaluated as potential tools for authenticating pine nuts species and

geographical origin.
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Hypothesis 6: Given the successful application of SH fingerprinting for
authenticating the geographical and botanical origins of other foods, and the
reported influence of pedoclimatic and genetic factors on monoterpenes and SH in
conifer species and their fruits, these volatile and semi-volatile terpenes will be
reliably used for authentication when analysed using an untargeted approach
combined with chemometric tools. They will offer comprehensive information and

overcome challenges associated to terpene identification and quantification.

Objective 6: To develop and validate geographical and varietal authentication
models based on the SH fingerprint obtained through HS-SPME-GC-MS, as a
screening tool to authenticate Mediterranean P. pinea pine nuts and distinguish

them from pine nuts of other species and countries.









Chapter 3. Experimental design and methodology

To achieve the primary and specific objectives of the present thesis, independent
studies with their specific experimental designs were developed for each food product:
VOO, hazelnuts and pine nuts. This chapter outlines the overall experimental design
(Figure 6), while , 5, and 6 provide detailed information about the design,

methodology, and results of the studies conducted to achieve each specific objective.

Each of these independent studies required sample sets tailored to their specific
objectives and detailed in the corresponding chapters. However, all the experimental
designs in this thesis fulfil common requirements to ensure that sample sets are

representative and valid for food authentication purposes [174].

The samples used for model development and validation were both authentic and
traceable. These samples were sourced from reliable suppliers: VOOs were obtained in
the framework of the OLEUM European project, the AUTENFOOD regional project, and
the scientific collaboration with the University of Perugia (Italy), while hazelnuts and

pine nuts were obtained in the frame of the TRACENUTS national project.

The number of samples included in each sample set was established to adequately
cover the variability of the food products studied. In food authentication, especially
with fingerprinting approaches, accounting for samples’ natural variability is critical to
generate robust models. However, this requirement considerably increases the
workload. To manage this, a model enrichment approach was followed during model
development. Initially, a smaller sample set was collected to build a proof-of-concept
(PoC) model. If the PoC model yielded promising results, the sample set was further
expanded to include more samples, allowing the model to be developed and tested
against a greater natural variability. The broader the natural variability within the

sample set, the more reliable the model becomes.

All sample sets were designed to capture the natural variability of each food products
as accurately as possible. This was achieved by incorporating samples from multiple

harvest seasons, geographical regions, producers, and cultivars or species.

Regarding the methodology, some studies applied preexisting analytical methods.
However, when no previous analytical methods were suitable for the specific purpose,

the development of the authentication models was preceded by an initial phase
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dedicated to develop new methodologies. This included optimizing the sample

treatment and analytical conditions, as well as the data analysis approach and process.

The first part of the experimental design, addresses the
, employing two distinct approaches and experimental designs

to achieve specific objectives 1 and 2 ( ).

The first study ( ) systematically compared and evaluated SH fingerprint
and 613C, 8%H, 60 isotopic analysis to verify Italian VOO geographical authenticity. To
enable a direct comparison between these two methodologies, a same sample set (n =
393) of traceable VOOs from four different campaigns (2016 - 2020), six countries of
origin, and multiple cultivars, was analysed by both methods (Figure 6). In both cases,
preexisting analytical methods were applied [84,97,139,140]. Two discrimination
approaches were followed: one aimed at distinguishing Italian VOOs from those of
other countries, while another focused on differentiating olive oils from three regions
within Italy (Apulia, Calabria, and Sicily). Individual PLS-DA classification models were

built and externally validated for each method ( ).

The second study ( ) involved developing and validating authentication
models to verify VOO cultivar based on the SH fingerprint obtained through HS-SPME-
GC-MS [256]. Models were built and externally validated using a large sample set (n =
404) of traceable VOOs from different cultivars (Figure 6). The samples were produced
under real processing conditions across four harvest seasons (2015-2019) in various EU
and non-EU countries and regions. The primary focus of these models was to

distinguish 'Arbequina' VOOs from other VOOs ( ).

Regarding the objectives 3 and 4, which focus on developing and comparing
authentication methods for ( ),
the experimental design consisted of a same set of 309 traceable raw hazelnut
samples, obtained directly from producers between 2019 and 2022, that was used to
allow direct comparison between different isotopic and metabolic approaches. Among
these samples, 207 belonged to the ‘Tonda di Giffoni’ (TG) cultivar from various origins,

while 102 samples were from different cultivars (non-TG) produced in Spain.
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Figure 6. Scheme of the experimental design to fulfil the different authentication objectives.

VOO: virgin olive oil, SH: sesquiterpene hydrocarbon, HZN: hazelnut, PIN: pine nut, UF:

unsaponifiable fraction, TAG: triacylglycerols
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To achieve objective 3, which focuses on developing and validating a geographical
authentication method for hazelnuts using stable isotope ratio analysis, an initial PoC
study was conducted (Figure 6) to optimize the analytical procedures and to identify
the most suitable isotopic markers in verifying hazelnut provenance ( ) for
their further implementation in a multi-isotopic approach ( ). First, an
analytical method was developed for the hazelnut isotopic analysis, whose details are
included in . Then, the elemental isotopic profile (6*3C, §2H, 680, &N,
534S, and 86Sr/87Sr), and the 63C and 8%H of the FAMEs were analysed respectively by
EA-IRMS and GC-IRMS in a reduced sample set (n = 40) of raw hazelnuts from four
different origins. Chemometric tools were used to build classification models to

differentiate hazelnuts according to their region of origin ( ).

Based on the findings of the PoC study ( ), the most relevant isotopic
markers for discriminating hazelnut samples from different origins (bulk 6§20, and §3C
and 8H of the FAMEs), were analysed in a larger sample set which included hazelnut
samples of the same cultivar (TG) and different geographical origins (n = 207) (Figure
6). Discriminant models were built and externally validated to distinguish between

hazelnuts from different regions of origin ( ).

To develop the hazelnut authentication models based on TAG and UF fingerprinting
related to objective 4, PoC studies were conducted to assess their feasibility
( and 7). Firstly, to develop and validate an efficient and robust TAG
fingerprinting method, a preliminary study (Figure 6) was carried out to compare four
TAG analysis methods and to select the most efficient analytical approach for
distinguishing TAG compositions with even minor differences ( ). For this
method selection, VOOs were selected as samples as VOO and hazelnuts share a very
similar lipid profile [44,150]. This saved workload because oil samples could be directly
analysed while nuts would have required extraction of the lipid fraction. Moreover,
there are already established methods for analysing TAG in VOO, which enabled a
direct comparison with our findings. The sample set consisted of 143 traceable genuine
VOOs and their blends with adulterant oils of various botanical origins ( ).

The selected TAG method was then extrapolated to analyse TAGs in hazelnuts.
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Moreover, a PoC study was conducted on a reduced sample set of traceable hazelnuts
collected over two consecutive harvest years, 2019 and 2020 (n = 176) to evaluate the
potential of UF for hazelnut cultivar and geographical authentication (Figure 6,

). This study aimed to optimize sample preparation and instrumental
conditions for effective UF data acquisition and to assess the most suitable data
processing technique (fingerprinting or untargeted profiling) to identify the optimal

method for developing efficient authentication models ( ).

Based on the results of the PoC studies ( and 7), the most suitable
methods for analysing TAG and UF were applied to the large sample set of 309 hazelnut
samples from different origins and cultivars (Figure 6). These methods were used to
develop and externally validate hazelnut varietal and geographical classification models
( ). The models were built in a challenging scenario in where origin was
discriminated among samples of the same -cultivar (TG), ensuring that only
pedoclimatic factors influenced the markers without genetic interference. In turn, the
cultivar (TG/non-TG) was discriminated among samples from the same origin (Spain),
guaranteeing that only genetic factors drove the discrimination. In , the
performance of both methodologies was compared and an integrated TAG and UF

fingerprinting method was developed and externally validated.

In line with objective 4.1, faster alternatives such as direct spectroscopic methods
were explored (Figure 6, ). It is well known that NIR and MIR spectra are
influenced by components of the lipid fraction. Therefore, given that genetic and
pedoclimatic conditions affect the composition of this lipid fraction [44,133,150,153-
155], NIR and MIR could be suitable candidates for achieving geographical and varietal
authentication tools. To this end, the spectroscopic fingerprint of hazelnuts obtained
using MIR and NIR spectroscopy was evaluated on a sample set of 302 hazelnuts from
various origins and cultivars ( ). The aim was to develop a fast and accurate
method to simultaneously authenticate the geographical and varietal origins of
hazelnuts. Independent classification models for origin and cultivar were built for each
technique. As with previous methods, cultivar discrimination was performed on
samples from the same origin (Spain), and origin discrimination was performed on

samples of the same cultivar (TG) produced in different countries. The classification
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models were externally validated, and their performances were assessed and

compared ( ).

In regards to pine nut authenticity, to fulfil objective 5, a PoC study was conducted to
assess the suitability of the Sr isotope ratio as a marker for the geographical
authenticity of pine nuts (Figure 6, ). To achieve this purpose, the
86Sr/87Sr ratio of 96 pine nut samples obtained from 2020 to 2023, from different
geographical regions and species was analysed ( ). The Sr isotopic analysis
method was adapted from The sample set included commercial samples
from China, Russia and Turkey, and P. pinea samples from Spain obtained directly from
producers. The method aimed at discriminating Mediterranean P. pinea from pine nuts
of other species and origins (Chapter 6). Differences in the Sr and Rb content and Sr
isotopic ratios across various origins (individual countries, or Spanish regions) and crop
years were studied to explore the potential of these specific elements to discriminate

pine nuts according to their geographical area of origin

Finally, according to objective 6, discriminant models were developed and externally
validated based on the SH fingerprint of 253 pine nut samples from various origins and
species, analysed by adapting the HS-SPME-GC-MS analytical methodology optimized
in [139,140,256], were developed and externally validated (Chapter 6).
Different models were built to discriminate between Spanish P. pinea pine nuts and
other species sourced from the main Asian producing regions (China and Russia), and
to differentiate between Spanish P. pinea produced in two different regions (Central

Spain and Catalonia) ( ).
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presents the studies aimed at enhancing the
(Figure 6). Section 4.1 addresses the comparison of two
established methodologies—multi-isotopic analysis and SH fingerprinting—to verify
the provenance of VOO (objective 1). Section 4.2 details the development and
validation of reliable discriminant models based on SH fingerprinting to authenticate

VOO ‘Arbequina’ cultivar (objective 2).

4.1 Virgin olive oil geographical authentication

4.1.1 Comparison between multi-isotopic and sesquiterpene fingerprinting methods

To enable a direct systematic comparison between the two methodologies—SH
fingerprinting and multi-isotopic analysis— the same sample set of 393 VOOs was

analysed by both approaches. This sample set included:

- 393 VOO samples from four consecutive campaigns (2016-2020), six
countries of origin (Italy ITA, n= 242; Spain ESP, n = 51; Greece GRC, n = 39;
Portugal POR, n = 23; Turkey TUR, n =21; Tunisia TUN, n =17) and various

cultivars usually grown in each of these geographical areas.

- Among the 242 ltalian samples, 171 came from the three main producing

regions (Apulia - PUG, n = 73; Calabria - CAL, n = 58; Sicily - SIC, n = 40).

The bulk isotope values (63C, 6%H, 6'80) of VOO samples were determined at the

conditions reported by Camin et al. [97].

The same samples were analysed through HS-SPME-GC-MS at the conditions reported
by Vichi et al. [256] and seven ions specific to the SH were selected [168,214], yielding
the corresponding Extracted ion chromatogram (EIC). EIC matrices generated for each

ion were normalized, alighed and concatenated to obtain the unfolded matrix.

The SH unfolded matrix and the isotopic data were used to build independent PLS-DA
models (Figure 7):
1) A binary PLS-DA model to discriminate Italian (ITA) VOOs from those of other
countries (non-ITA).
2) A multiclass PLS-DA model with the Italian VOOs to distinguish among the

three main producing regions (CAL, PUG, SIC).
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Models were built with 80% of the total sample set (ITA/no-ITA, n =313; CAL/PUG/SI, n
= 136), by randomly selecting 80% of the samples from each category, and externally

validated by predicting the 20% of samples not included in the model.

Methods’ performance was assessed in terms of prediction accuracy, robustness and

transferability (Publication 2).

ITA/Non-ITA model

VOO samples
_ ®ITA PUG
Non-ITA CAL

SIC

" PUG/CAL/SIC model

. . n=21
3% | =

Figure 7. VOO samples corresponding to the comparative study of multi-isotopic and
sesquiterpene fingerprinting methods to authenticate VOO geographical origin (Publication 2).
VOO: virgin olive oil, ITA: Italy, PUG: Apulia, CAL: Calabria, SIC: Sicilia.
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ABSTRACT

This study presents a pioneering comparison of stable isotope ratios analysis and
sesquiterpene (SH) fingerprinting for authenticating virgin olive oil (VOO) geographical
origin. Both methods were selected for being among the most promising targeted and
untargeted approaches, respectively. These methods were applied to the same sample
set of nearly 400 VOO samples, covering diverse harvest years, cultivars and producers.
PLS-DA classification models were developed to differentiate between Italian and non-
Italian VOOs, as well as between VOOs from three closely located Italian regions.
Isotopic models based on bulk 8§3C, 80 and &2H achieved over 75% classification
accuracy in distinguishing Italian from non-Italian VOOs, while SH fingerprinting
outperformed with over 90% accuracy and greater sensitivity to regional differences, as
assessed in external validation. This systematic comparison provides insights into the
strengths and weaknesses of each method, and the results will guide future research to

enhance their effectiveness and reliability in VOO geographical authentication.

Keywords: stable isotope ratios, fingerprinting, sesquiterpene, virgin olive oil,

geographical authentication, chemometrics, food fraud.

86



Chapter 4. Virgin olive oil geographical and varietal authentication

1. Introduction

Food fraud has gained increasing concern over the years and currently remains a
critical issue undermining food chain integrity (Bannor et al., 2023; Everstine et al.,
2024). Due to the reported vulnerability to fraud in the olive oil supply chain,
particularly for extra virgin olive oil (EVOO) (Yan et al., 2020), this commodity has
persistently ranked among the foods with the highest fraud incidence (The EU Food
Fraud Network and the System for Administrative Assistance & Food Fraud. Annual
Reports 2014-2020; Joint Research Center of the European Commission). A substantial
percentage of fraud cases in official reports were related to mislabelling issues,
including false declarations of origin. Mandatory declarations of origin require
specifying whether virgin olive oils (VOOs) come from a European Union (EU) country, a
non-EU country, a blend of EU and non-EU oils, or a combination of both (Regulation
EU No 2022/2104), or indicating the Protected Designation of Origin (PDO) or
Protected Geographical Indication (PGI) for oils under geographical quality schemes
(Regulation (EU) 2024/1143). These EU regulations aim to help consumers make
informed purchasing decisions and to protect them from misleading information, given
the significant influence that the geographical origin of EVOO has on consumer choices
(Conte et al., 2020). Indeed, the country of origin significantly influences consumer
preferences, a trend especially notable for oils from certain Mediterranean EU
countries such as Italy (Kavallari et al., 2014), which serves as an exemplary case. Italy
is the second-largest olive oil producer in the EU after Spain, accounting for around
15% of EU production over the past decade while contributing more than 30% to the
EU's olive oil exports (IOC, 2023). This phenomenon is closely tied to the internationally
renowned "Made in Italy" label, which positions Italy as a leader in the global food
market (Cappelli et al., 2017). The high-quality reputation of Italian agri-food products
enhances demand, prompting consumers to willingly pay premium prices across
various sectors, including VOOs (Cappelli et al., 2017; Carbone & Henke, 2023). This
trend is also evident in the domestic Italian market, where ltalian-declared EVOO
commands a premium price 35% higher than other European EVOOs and over 45%
higher than EVOOs from non-European origins (Bimbo et al., 2020). Combined with

higher production costs compared to other EU and non-EU countries, this results in
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Italian EVOO reaching the highest prices in both international and domestic markets
(10C, 2023; Bimbo et al., 2020).

According to Spink and Moyer (2011), this situation fosters fraud due to consumers'
willingness to pay premium prices for Italian EVOOs, to strong incentives to counterfeit
with cheaper alternatives, and to inadequate control methods. In this sense, the lack of
an official analytical method to verify the geographical origin of EVOOs and VOOs,
despite legal requirements on labels, is a critical gap in preventing fraud that
significantly concerns stakeholders and needs urgent attention (Conte et al., 2020;
Casadei et al., 2021). In response, researchers from various fields have intensified their
efforts on developing reliable methods for VOO geographical authentication
(Maléchaux et al., 2020), leading to significant advancements in the state of the art
(Bajoub et al., 2016; Conte et al., 2020; Zaroual et al., 2021). This research has focused
on developing efficient, cost-effective, and relatively rapid screening methods capable
of effectively detecting fraud, while also addressing challenges such as reproducibility
and transferability, crucial for adoption by regulatory authorities.

One of the most recognized methods for establishing the geographical origin of food is
stable isotope analysis, which relies on the strong influence of production zone factors,
such as geology and hydrogeology, on the isotopic composition of agricultural products
(Laursen et al., 2016). Isotopic analysis of light bio-elements (C, H, O, N, S) has been
widely and successfully applied to verify the geographical origin of various foodstuffs
and, in some cases, has even been proposed for legal verification (Camin et al, 2017).
Stable isotopes of light elements are usually analysed in bulk matrices by Elemental
Analysis-Isotope Ratio Mass Spectrometry (EA-IRMS), which requires minimal sample
manipulation and short analysis time. Regarding its application for tracing the origin of
VOO, the dependence of bulk §3C, 680 and 6%H on latitude and altitude, distance
from the sea, and environmental and climatic conditions enabled characterising Italian
VOO production (Camin et al., 2010b; Portarena at al., 2014; Chiocchini et al., 2016),
differentiating part of Italian VOOs from Tunisian oils (Camin et al., 2016) and from
other EU oils (Camin et al., 2010a), and establishing significant differences among
Italian macro-regions (Bontempo et al., 2009; Camin et al., 2010a; Portarena at al.,

2014).
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The main strengths of stable isotope analysis are its high precision under repeatable
measurement conditions (<0.05% RSD) and the use of certified reference materials for
bias correction. Moreover, isotope ratio analysis can be implemented by accredited
food testing laboratories according to I1ISO and AOAC standards (Bayen et al., 2024).
These factors are crucial for achieving highly accurate results, unifying isotope
measurements, and ensuring the comparability of isotope data worldwide. On this
basis, the ltalian Ministry of Agricultural, Food and Forestry Policies (MIPAAF, Italy)
established the Italian National Database of PDO/PGI EVOOs for Italian olive oil
traceability, which has been recording olive oil isotopic measurements since 2000.
However, isotopes are highly dependent on the harvest season (Camin et al., 2010b),
which can hinder the detection of fraud in oils from different harvests. Moreover,
significant differences in the isotopic profiles of bulk VOO from various geographical
areas often come with considerable overlap, making direct differentiation difficult.
Therefore, it is often necessary to combine bulk isotopic analysis with compound-
specific isotopic analysis (Faberi et al., 2014; Bontempo et al., 2019) or other
techniques and markers, such as elemental profile (Camin et al.,, 2010a; 2010b) or
metabolite analysis (Luki¢ et al., 2020; Faberi et al., 2014; Portarena et al., 2017).

Untargeted metabolomics represents a cutting-edge approach for food authentication,
providing more comprehensive data for fraud detection compared to traditional
targeted methods. This is because untargeted methods are not limited to predefined
compounds but consider comprehensive data, enhancing authentication efficiency
(Ballin & Laursen, 2019; Amaral, 2020). Fingerprinting methods, using raw analytical
data, combined with chemometric techniques such as partial least squares
discriminant analysis (PLS-DA) have proven highly effective for authenticating VOO
(Quintanilla-Casas et al., 2020a; 2020b; Torres-Cobos et al., 2021). However, in contrast
to stable isotope analysis, the transferability of untargeted methods between
laboratories is still challenging, particularly in the case of chromatographic
fingerprinting methods, because of the absence of clear guidelines for assessing their
analytical performance (Bayen et al., 2024; Riedl| et al., 2015). Some strategies for in-
house validation of chromatographic fingerprinting methods have yielded promising
results (Quintanilla-Casas et al., 2020b), that encourage the additional analytical efforts

that are still needed to achieve their full inter-laboratory transferability. This would be
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particularly interesting for fingerprinting methods showing a high efficiency for VOO
geographical authentication (Quintanilla-Casas et al., 2022a; 2022b; Torres-Cobos et
al.,, 2021). Specifically, sesquiterpene hydrocarbons (SHs) have been identified as
robust geographical markers for VOOs due to their strong association with olive tree
cultivars and growing regions, and their stability against processing and storage
conditions (Quintanilla-Casas et al., 2020a; Vichi et al., 2018). In fact, SH
chromatographic fingerprints analysed using PLS-DA successfully distinguish VOOs
based on their origin across different levels, including EU-wide and single-country
labels, as well as adjacent PDOs (Quintanilla-Casas et al., 2022a; 2022b). This method,
using affordable and automatable instrumentation and requiring minimal sample
manipulation, offers extremely high classification accuracy and has a high potential as a
fit-for-purpose screening tool for verifying the geographical origin of VOO.

Therefore, both stable isotope analysis and SH fingerprinting, selected as promising
representatives of targeted and untargeted methods for VOO geographical
authentication, respectively, offer distinct advantages and capabilities, and both appear
as suitable strategies for Italian VOO authentication. However, the results in literature
obtained by SH fingerprinting and stable isotope analysis for VOO geographical
authentication are not easily comparable, underscoring the need for a systematic
comparison under standardized conditions. This is needed to objectively evaluate and
contrast their performance in authenticating VOO origin and to identify areas for
further advancement in these approaches. Such a comparative study should involve
testing both methods on the same sample set, applying consistent statistical
treatments, and assessing their performance across various challenging scenarios in
terms of sample variability and level of VOO geographical differentiation.

With this aim, PLS-DA classification models were developed on stable isotope data
(bulk C, H, and O) and SH fingerprinting data obtained from the exact same sample set,
comprising nearly 400 VOO samples, to differentiate between Italian and non-Italian
VOOs, as well as among VOOs from closely situated Italian production regions. These
oils were produced over multiple harvest years and showed significant variability in
cultivars, producers, and processing techniques, providing a challenging scenario to
test the methods under investigation. This pioneering study represents the first

systematic comparison between stable isotope analysis and a metabolic fingerprinting
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approach for VOO authentication, offering valuable insights into the strengths and
weaknesses of each method. The results will be useful in guiding future research
efforts aimed at enhancing their effectiveness and reliability in VOO geographical
authentication.

2. Material and methods

2.1 Samples

The sample set consisted of 393 traceable VOOs from various countries and
geographical regions (Table 1), produced from 2016-2017 to 2019-2020. Part of these
samples were from Italy (ITA, n=242), while the remaining samples were oils from
other five Mediterranean countries [non-ITA, n=151: Spain (ESP), n=51; Greece (GRC),
n=39; Portugal (POR), n=23; Turkey (TUR), n=21; Tunisia (TUN), n=17]. Italian samples
were produced in different regions: Apulia (PUG, n=73), Calabria (CAL, n=58), Sicily
(SIC, n=40), and other regions (Lombardia/Emilia Romagna, n=16; Tuscany, n=7; Liguria,
n=6; Sardinia, n=4; Basilicata, n=4; Umbria, n=3; Abruzzo, n=2; Campania, n=2; Marche,
n=1) or were from not specified Italian regions (n=26) (Figure 1). Additional
information about the samples is available in Table S1 of Supplementary information.

The samples were stored under a nitrogen (N2) atmosphere at -20°C until analysis.

Table 1. Geographical origin and harvest year of the 393 VOOs analysed.

Italy (ITA) n 2016/2017 2017/2018 2018/2019 2019/2020
Apulia (PUG) 73 4 1 35 33
Calabria (CAL) 58 1 1 21 35
Sicily (SIC) 40 3 0 15 22
Other regions 45 6 6 27 6
No region specified 26 1 2 1 22
Total ITA 242 15 10 99 118
Other countries (non-ITA) n

Spain (ESP) 51 0 0 25 26
Greece (GRC) 39 0 0 9 30
Portugal (POR) 23 0 12 6 5
Turkey (TUR) 21 10 11 0 0
Tunisia (TUN) 17 1 5 0 11
Total non-ITA 151 11 28 40 72
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2.2 Isotopic analysis of bulk VOO by Elemental Analysis-Isotope Ratio Mass
spectrometry (EA-IRMS)

VOO samples were weighed (ca 0.3 mg) and placed in tin capsules to measure the §3C
using an isotope ratio mass spectrometer (Elementar Analysensysteme GmbH, Langen-
selbold, Germany) after total combustion in an elemental analyser (Vario Isotope Cube;
Elementar Analysensysteme GmbH).

The 680 and &%H ratios were obtained by weighing approximately 0.25 mg of the
sample in a silver capsule and introducing it into a TC/EA (Finnigan DELTATC/EA, high
temperature conversion elemental analyser, Thermo Scientific). The samples were
measured in duplicate for 6'3C as well as for §'80 and 6%H.

In accordance with IUPAC protocol, isotopic values are expressed as delta relative to
the international standards: V-PDB (Vienna-Pee Dee Belemnite) for 63C, V-SMOW
(Vienna-Standard Mean Ocean Water) for 6°H and 60, and air (atmospheric N;) for

8'°N, as described in Equation (1):

R(iE/]E)samp!e -1 (1)
R( iE/JE)standard

i —
8 (Esample/standard) -

where 'standard' refers to the international measurement standard, 'sample' is the
analysed specimen, and 'E/IE correspond to the isotope ratio between heavier and
lighter isotopes. Delta values are multiplied by 1000 and are commonly expressed in
per mil (%o) or, in accordance with the International System of Units (Sl), as 'milliurey’
(mUr).

Carbon isotopic values 63C were calculated against USGS 88 (6%3C -16.06 %o), while
oxygen 6%0 and deuterium values &?H were calculated against 2 international
standards (USGS 84 60 26.36%o, 62H -140.4%0 and USGS 86 &0 18.76%., 6°H -
207.4%o) through the creation of a linear equation. The accepted maximum standard

deviations for repeatability were 0.3%o for §3C, 0.5%. for 620, and 4%o. for 82H.

2.3 Sesquiterpene fingerprinting by headspace-solid phase microextraction-gas
chromatography-mass spectrometry (HS-SPME-GC-MS)
The SH fingerprint of VOO samples was analysed by GC—MS after extraction by HS-

SPME according to Torres-Cobos et al. (2021), based on the original protocol from Vichi
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et al. (2006). For this, a Combi-PAL autosampler (CTC Analytics, Zwingen, Switzerland)
was used, in combination with an Agilent 6890N Network GC system coupled to a
quadrupolar mass selective analyser Agilent 5975C Inert MSD (Agilent Technologies,
Santa Clara, California, USA). Briefly, 2 g of oil was weighed into a 10 mL vial fitted with
a PTFE/silicone septum and maintained at 70°C under constant agitation (250 rpm).
After 10 minutes of sample conditioning, a divinylbenzene/carboxen
/polydimethylsiloxane (DVB/CAR/PDMS) fiber (2 cm length, 50/30 um film thickness)
provided by Supelco (Bellefonte, PA) was exposed to the sample headspace for 60
minutes. The fiber was then desorbed in the GC injection port at 260°C for 10 minutes,
with the injector operating in split-less mode for the first 5 minutes of desorption.
Separation was performed on a Supelcowax-10 capillary column (60 m x 0.25 mm i.d.,
0.25 um film thickness) (Supelco, Bellefonte, PA), using helium as the carrier gas, at 1.5
mL/min.

Mass spectra acquisition was carried out in selected ion monitoring (SIM) mode,
targeting m/z 93, 119, 157, 159, 161, 189, and 204, which are recognized as the main
specific ions of SHs (Vichi et al., 2010). Extracted lon Chromatograms (EICs) obtained
for the target ions were considered from 21 min to 42 min (3197 scans for each EIC). A
fingerprinting approach was then followed using the scan intensities of the EICs. A data
matrix was constructed for each ion, with all samples (rows, n=393) and the scan
intensities of each EIC as variables (columns) (7 different data matrices with 3197 scans
x 7 ions).

To correct differences between injections, each EIC was normalized to the maximum
intensity (row wise). Subsequently, the EICs of each ion matrix were aligned among
them using the Correlation Optimized Warping (COW) algorithm in Matlab® (Nielsen et
al., 1998) to correct the retention time shifts among samples. Finally, the 7 aligned EIC
matrices were concatenated conforming a two-way unfolded matrix (393 samples x

22379 variables).
2.4 Statistical analysis

2.4.1 Univariate analysis of isotopic data

To examine differences in isotopic ratios across various origins (ITA/non-ITA, individual

countries, Italian regions), we used statistical tests to evaluate population distribution
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and compare population medians in IBM SPSS Statistics v29.0© (IBM Corp., Armonk,
New York, USA). As isotopic ratios did not follow a normal distribution, determined by
the Shapiro-Wilk test, or had fewer than 30 samples in the compared populations, the
independent samples median test (non-parametric) was used to compare the medians
of ITA vs non-ITA, the countries of origin and the Italian regions (CAL/SIC/PUG). In all

cases, p<0.05 was considered significant.

2.4.2 Development of partial least square-discriminant analysis (PLS-DA) classification

models

First, for both approaches, Principal Component Analysis (PCA) was carried out to
explore the data (n = 393) and to identify potential outliers based on Hotelling’s T?
range and Q-residuals model parameters. No outliers were detected according to these
parameters.

The data matrices obtained by stable isotope analysis and SH fingerprinting were
separately used to construct and validate individual PLS-DA classification models with
SIMCA v13.0° (Sartorius, Gottingen, Germany). For each method (stable isotope
analysis and SH fingerprinting), two types of classification models were developed: i) a
binary ITA/non-ITA model (n = 393) to differentiate ITA VOOs (n = 242) from those
produced in five other major Mediterranean countries (non-ITA, n = 151); and ii) a
multi-class regional model (n = 171) to distinguish among three major ITA producing
regions (Apulia, n = 73; Calabria, n = 58; and Sicily, n = 40).

For each type of authentication model (ITA/non-ITA or regional) and method (stable
isotope analysis or SH fingerprinting), the sample set was split following a stratified
random sampling strategy into a training set [80% of samples from each category: ITA
vs non-ITA model, n = 313 (ITA, n = 193; non-ITA, n = 120); regional model, n = 136
(Apulia, n=58; Calabria, n = 46; and Sicily, n = 32)] and a validation set (20% of samples
from each category: ITA/non-ITA model, n = 80; regional model, n = 35). This splitting
process was repeated three times (3 iterations) to assess the impact of sample set
composition and enhance the robustness of the external validation. Details of the
sample set splitting, including the training and validation sets, are provided in Table S1

of the Supplementary Information. To enable a rigorous comparison between
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methods, the exact same splitting was applied to models based on stable isotope data

and SH fingerprinting data.

2.4.3 Validation of partial least square-discriminant analysis (PLS-DA) classification

models

First, with each training set of each of the three iterations, a PLS-DA model was
calibrated and internally validated through leave-10 %-out cross-validation. In each
iteration, the number of latent variables (LV) and optimal preprocessing (which was
mean centering and scaling to unit variance) were chosen based on the lowest Root
Mean Squared Error of Cross Validation (RMSEcv) criteria. Subsequently, potential
overfitting of the models was assessed using permutation tests (n = 20 permutations)
and ANOVA on the cross-validated predictive residuals (p-value). Then, each model was
externally validated by predicting the class of samples in the corresponding validation
set, which had not been used in model development.

In all PLS-DA binary models, classes were represented using PLS dummy variables (1 for
non-ITA class and 0 for ITA class). In multi-class PLS-DA models, each class is modelled
individually against the rest of samples. In this case, the dummy Y matrix contained
vectors corresponding to each class, where each vector assigned a value of 1 to its
specific class (Apulia, Calabria, Sicily) and 0 to all other classes (non-Apulia, non-
Calabria, non-Sicily). Subsequently, each sample was assigned to the class
corresponding to the vector with the highest PLS predicted value (PV), provided it
exceeded the classification threshold. Samples that did not meet the threshold for any
vector were left unassigned (no class).

The performance of each PLS-DA model was assessed by the Q? values and the
percentage of correct classification in external validation, expressed as mean value of
correct classification rate * standard deviation obtained from the 3 iterations. For the
binary models (ITA/non-ITA), the sensitivity and specificity were also assessed,

according to Magnusson & Ornemark (2014).

2.4.4 Optimisation of classification thresholds by receiver operating characteristic

(ROC) analysis

To maximize the performance of the developed models, classification thresholds were

optimized generating the receiver operating characteristic (ROC) with PVs obtained
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from leave-10%-out cross-validation. The ROC curve plots the sensitivity (true
positives/ [true positives + false negatives]) against 1-specificity (1 - [true negatives/
(true negatives + false positives)]) resulting from varying the PV threshold to assign
samples to a diagnostic category (ITA or non-ITA; and Apulia, Calabria or Sicily)
(Fawcett, 2006). In this case, the positive classes were non-ITA, Apulia, Calabria and
Sicily for the corresponding regional models. ROC analysis was applied on PV values
from each individual PLS-DA model. Thus, a total of 24 ROC curves (3 random training
sets for 4 diagnostic categories: 1 for the ITA/non-ITA model and 3 for the regional
model) were generated for each method (stable isotope analysis and SH
fingerprinting). The optimal thresholds for classifying the validation samples, detailed
in Table S2 of the Supplementary Information, were those that maximized the sum of
sensitivity and specificity (Quintanilla-Casas et al., 2020b).

3. Results and discussion

3.1 Stable isotope analysis

Median 680 values determined in bulk VOOs produced across four harvest seasons,
were significantly different between ITA (6'80=24.0) and non-ITA (6'80=25.8) classes
(p<0.001), unlike 6*3C and &H values (ITA: 8§'3C= -29.7; 62H=-144.0; non-ITA: §3C= -
29.6; §2H=-143.2) (Table S3 of Supplementary information). As previous studies have
indicated that the differentiation between geographical macro-areas is explained by
the distinct characteristics of the sub-areas that compose them (Bontempo et al., 2019;
Quintanilla-Casas et al., 2022), the behaviour of the different isotopic markers was
evaluated across the six countries and the three Italian regions studied (Table S3 of
Supplementary information). The median isotopic values were consistent with
previous reports (Bontempo et al., 2009; Bontempo et al., 2019; Camin et al., 2016,
Chiocchini et al., 2016) and, in most cases, showed significant differences between
countries and regions, explaining the observed significant differences between ITA and
non-ITA classes. In particular, §'80 presented the lowest value in ITA compared with all
the non-ITA countries analysed, while §3C and &2H in ITA oils significantly differed from
GRC, TUN, and TUR; and from GRC, POR, TUN, and TUR oils, respectively (Table S3 of
Supplementary information). However, despite the differences in median values

between ITA and non-ITA oils, as well as between individual countries or regions, the
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corresponding quartile and minimum-maximum ranges indicated that no single marker
could clearly distinguish VOOs of any provenance.

This underscores the importance of investigating the potential of multi-isotopic
analysis combined with multivariate techniques to achieve more accurate origin
discrimination. Applying PLS-DA to the multi-isotopic data to differentiate VOO
between ITA and non-ITA classes, as well as among Italian regions, achieved global
classification rates of 74.5% and 65.2%, respectively, using leave-10%-out cross-
validation (Tables S4 and S5 of the Supplementary Information). To confirm these
results, each model, across the three iterations, was externally validated by predicting
the class of the corresponding validation samples, which were not used during model
development. The external validation of the ITA/non-ITA PLS-DA models developed on
the stable isotope data (Table 2) resulted in an overall classification rate >75%, with a
good sensitivity (0.80) and acceptable specificity (0.73). Examining the identity of the
misclassified samples in each validation set (Table S1 of the Supplementary
Information) provided valuable insights into the strengths and limitations of the
classification model. For the isotopic ITA/non-ITA PLS-DA model, the non-ITA samples
with the highest misclassification rates in external validation were from ESP, GRC, and
especially from TUR, with 20%, 25%, and 50% of test samples misclassified across the
three iterations, respectively. Some misclassification was expected between ESP and
ITA samples, given that the preliminary univariate comparison showed only §*80 to be
significantly different between these classes. In contrast, higher classification efficiency
was expected for GRC and TUR samples, as their median values for all stable isotopes
tested were significantly different from ITA samples. This demonstrates that even when
median isotopic values are significantly different between classes, this alone does not
guarantee accurate discrimination, as it also depends on the overall dispersion of the
samples. Therefore, when single thresholds for these target markers cannot efficiently
distinguish sample classes, multivariate classification methods may be helpful for more

accurately assessing their effective discrimination capacity.
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Table 2. Results of the external validation of the ITA/non-ITA PLS-DA models developed on the

stable isotope datal. Results are mean values + standard deviation obtained from three

iterations.
Correct c(l;s)smcatlon non-I1TA (n) ITA (n) Sensitivity  Specificity
0
non-ITA 35 80.2+11.8 25.7+3.8 6.3+3.8 0.80+0.12
ITA 48 729121 13.0+1.0 350zx1.0 0.73+0.02
Total 83 75.8+3.8

Abbreviations: ITA, Italy

ITraining model (N = 313, 2 LVs) parameters: mean values obtained with the training sets from 3 iterations. Q? =
0.299, RMSEcv = 0.406. For all models, ANOVA p-value < 0.05.

Regarding misclassification of ITA samples, Apulian, Calabrian and Sicilian VOOs were
the most frequently misclassified as non-ITA (Table S1 of the Supplementary
Information), which is reasonably attributable to their higher proportion in the sample
set. Finally, although misclassified samples came from various harvest years and
partially reflected their proportions in the sample set, the harvest year did seem to
impact the misclassification rate. Specifically, even though the sample set was
dominated by VOOs from 2018/2019, but particularly from 2019/2020, the 2018/2019
samples were misclassified more frequently. This higher misclassification rate for the
2018/2019 samples might be related to climatic differences registered across the
Mediterranean countries during 2018 (Climate Change Knowledge Portal, 2018). In
2018, ITA experienced slightly higher temperatures and lower precipitation compared
to other years, which might have made its climatic conditions more similar to those of
other Mediterranean countries. Concurrently, some of these countries, such as ESP and
TUR, recorded temperatures and especially rainfall that approached Italy's typical
annual averages (Table S6 of the Supplementary information). This might have led to
the isotopic signatures of Italian VOOs from the 2018/2019 harvest resembling those of
other Mediterranean VOOs more closely.

Contextualizing classification results of Table 2 with respect to those reported in the
literature is challenging because a direct comparison is not always feasible. While many
available studies complement bulk isotopic values with compound-specific isotopic
values or non-isotopic markers (Bontempo et al., 2019; Faberi et al., 2014), others

focusing solely on bulk 8'3C, 6%H, and 880 isotopic markers typically examine VOOs
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from specific regions (Camin et al., 2010a) or single harvest seasons (Jiménez-Morillo
et al., 2020). These studies cannot be directly compared to the present research, which
includes broader geographical areas and multiple harvest years, thereby incorporating
significant isotopic variability. Finally, comparisons are further complicated by varying
data treatment methods across studies and the infrequent use of multivariate
classification techniques for differentiating VOOs based on geographical origin
(Bontempo et al., 2009; Camin et al., 2010b; 2016; Chiocchini et al., 2016; Portarena et
al., 2014).

While direct comparison with previous results is difficult, the findings of this study can
be regarded as highly satisfactory given the complexity of the sample set, which
includes VOOs from various regions, five Mediterranean countries, and up to four
harvest seasons, all based solely on bulk §3C, 6%H, and &0 values. Additionally, the
robustness of these findings is reinforced by the external validation process, which
included three iterations of the sample set to prevent overly optimistic outcomes.
Regarding the differentiation between VOOs from the three adjacent Italian regions,
Apulian and Sicilian samples showed satisfactory correct classification rates of 75.6%
and 83.3%, respectively, in external validation. However, Calabrian samples showed a
poor classification rate (36.1%), and they were often misclassified as Apulian VOOs,
resulting in a lower overall classification accuracy (Table 3) compared to the ITA/non-
ITA model. This higher misclassification was likely due to the regions’ proximity and
their geographical and climatic similarities. This aligns with previous studies that
reported similar 6'3C and 6%0 values for Calabrian and Apulian oils, unlike other
regions such as Sicily, with these values being correlated to the specific climatic
conditions of each region (Chiocchini et al., 2016; Portarena et al., 2014). Sicilian VOOs
also showed higher 82H values, but no previous comparisons of this marker among
VOOs from SIC, CAL and APU are available in the literature. Similar to the ITA/non-ITA
model, the regional model showed that the harvest year influenced classification
accuracy, with samples from 2018/2019 exhibiting a higher tendency to be

misclassified (Table S1 of the Supplementary Information).
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Table 3. Results of the external validation of the regional three-class PLS-DA models developed
on the stable isotope datal. Results are mean values (+ standard deviation) obtained from

three iterations.

Correct classification Apulia Calabria Sicily No class
(%) (n) (n) (n) (n)
Apulia 15 75.6+3.8 11.3+0.6 2310.6 1.0+£1.0 0.310.6
Calabria 12 36.1+21.0 6.7+15 43+25 1.0+£1.0 0.0+0.0
Sicily 8 83.3+19.1 0.7+1.2 0.3+0.6 6.7+15 0.310.6
Total 35 63.8+11.5

Training model (N = 136, 2-3 LVs) parameters: mean values obtained with the training sets from 3 iterations. Q2
=0.225, RMSEcv = 0.460. For all models, ANOVA p-value < 0.05.

3.2 Sesquiterpene fingerprinting

PLS-DA models developed using SH fingerprinting data achieved 99.9% and 100%
classification accuracy for distinguishing between ITA and non-ITA samples and for
identifying the Italian region of origin, respectively, based on leave-10%-out cross-
validation (Tables S4 and S5 of the Supplementary Information). As for the isotopic
models, SH fingerprinting models were then externally validated by predicting the class
of the samples in the corresponding validation sets, and expressing the results as mean
values + standard deviation obtained from the 3 iterations (Tables 4 and 5). The
classification accuracy in external validation maintained over 90% for both classes (ITA
and non-ITA) and reached an overall accuracy of 91.7%, providing sensitivity and
specificity values close to 1. These results are in line with those obtained in previous
models based on SH fingerprinting, which aimed to distinguish VOO based on their EU,
non-EU, single country or PDO origin (Quintanilla-Casas et al.,, 2022a; 2022b),
confirming the extraordinary efficiency of this method for VOO geographical
authentication. Misclassified samples were not clearly related to any specific country of
origin or harvest year (Table S1 of the Supplementary information) but rather seemed

to be individual samples with specific characteristics.
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Table 4. Results of the external validation of the ITA/non-ITA PLS-DA models developed on the

SH datat. Results are mean values (+ standard deviation) obtained from three iterations.

Correct classification  non-ITA ITA Sensitivity  Specificity
(%) (n) (n)
non-ITA 32 90.6 £ 6.3 29.0+2.0 3.0+x2.0 0.91+0.06
ITA 48 92.4+7.3 3.7+35 443+35 0.92 £ 0.07
Total 80 91.7+6.2

Abbreviations: ITA, Italy.

1 Training model (N= 313, 8-9 LVs) parameters: mean values obtained with the training sets from 3 iterations. Q?
~0.721, RMSEcv = 0.228. For all models, ANOVA p-value < 0.05.

Table 5. Results of the external validation of the regional three-class PLS-DA models developed

on the SH datat. Results are mean values (+ standard deviation) obtained from three iterations.

Correct classification Apulia Calabria Sicily No class
(%) (n) (n) (n) (n)
Apulia 15 82.2+13.9 12.3+2.1 1315 0.7£0.6 0.7%x0.6
Calabria 12 83.3+8.3 1.0+1.0 100%+1.0 0.7+21.2 0.3%0.6
Sicily 8 79.21+7.2 03+06 13206 63+06 0.0+0.0
Total 35 81.9+5.9

1 Training model (N = 136, 13-14 LVs) parameters: mean values obtained with the training sets from 3 iterations. Q2
- 0.627, RMSEcv =0.292. For all models, ANOVA p-value < 0.05.

Considering the differentiation of VOOs from closely located Italian regions,
classification models based on SH fingerprinting data achieved an accuracy close to
80% for all classes (Table 5). Interestingly, Calabrian VOOs, which were not satisfactorily
classified by the isotopic model (36.1%), achieved the highest accuracy with the SH
fingerprinting model (83.3%). Conversely, Sicilian VOOs, which had the highest correct
classification rate with the isotopic PLS-DA model (83.3%), showed slightly lower
accuracy with the SH fingerprinting model (79.2%). This can be attributed to the
satisfactory relationship between the isotopic markers and Sicilian samples, and to the
slightly lower representation of Sicilian samples in the model (Table 1), which likely
impacted the performance of SH fingerprinting models more than it affected the
isotopic models based on only three markers. This can be justified by the fact that
models based on fingerprinting data operate with high-dimensional datasets, which
require a larger number of samples to adequately represent the underlying data

patterns associated with each class (Brereton, 2006). In contrast, targeted models with
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fewer variables are less sensitive to sample size because their simpler relationships
among variables result in lower noise and a reduced risk of overfitting.

3.3 Comparative analysis of strengths and aspects for improvement

This study provides a thorough comparison of the effectiveness of targeted isotopic
profiling versus untargeted SH fingerprinting, both selected for their capability in
authenticating the geographical origin of VOO. By applying both approaches to the
exact same samples and using identical statistical treatments and validation sets, it was
possible, for the first time, to compare the efficiency of these methods in terms of
measurable indices, such as classification accuracy, sensitivity, and selectivity. This
comparison was conducted within the complex scenario of verifying the origin of
Italian VOO, a pressing and unresolved issue that demands effective solutions for
detecting counterfeiting. This involved, on the one hand, distinguishing ITA VOOs from
a highly diverse group of VOOs from various other producing countries, and on the
other hand, discriminating between VOOs produced in closely located and relatively
similar Italian regions. This context allowed for a thorough evaluation of both methods
to assess their effectiveness and limitations. The ITA/non-ITA isotopic models
demonstrated satisfactory discrimination power, achieving an overall classification
accuracy of over 75% using just three isotopic markers determined on bulk VOO. This
confirms that multi-isotopic methods are among the most effective targeted
approaches for geographical authentication. However, authentication models based on
untargeted SH fingerprinting achieved classification accuracies over 90% using the
same experimental design. Moreover, they revealed a lower sensitivity to the harvest
year in terms of sample misclassification. The ability to discriminate among VOOs from
adjacent geographical regions further highlighted the differences between the two
analytical approaches. Isotopic markers proved effective only when the origin regions
were geographically or climatically distinct; otherwise, they struggled to differentiate
VOOs, as seen with Calabrian oils (classification accuracy of 36%). In contrast,
untargeted fingerprinting combined with PLS-DA demonstrated greater sensitivity to
regional differences, achieving overall classification accuracy over 80%. Factors not only
related with the presence of distinct local cultivars but also with slight variations in

pedoclimatic conditions among neighbouring regions can significantly influence the SH
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profile, resulting in specific features for each region, as previously reported
(Quintanilla-Casas et al., 2022a).

On the other hand, it should be borne in mind that the performance of PLS-DA models
based on fingerprinting data is more sensitive to sample size than isotopic models
based on a limited number of target variables, due to the higher dimensionality,
complexity, and variability of the data. For this reason, more samples are needed to,
reduce noise, and prevent overfitting, thereby achieving reliable and accurate
classification.

The results of this research showed that the untargeted SH fingerprinting method
outperformed isotopic methods in several aspects, despite facing well-known
transferability challenges compared to stable isotope analysis. Targeted isotopic
methods offer greater applicability and versatility, as they can be more easily adapted
and implemented across various contexts, making them more suitable for widespread
use. Given the strong potential of SH fingerprinting for VOO geographical
authentication demonstrated by this study, there is an urgent need to enhance the
transferability of this method. This would help overcome complex authentication

challenges, such as verifying the origin of Italian VOOs.
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4.2 Virgin olive oil varietal authentication

4.2.1 Sesquiterpene fingerprinting

To evaluate the suitability of SH fingerprint as a tool for VOO varietal authentication
beyond geographical and technological factors, it should be tested on a sample set that
reflects the real VOO production, where the same olive cultivar can be grown in various

regions [42].

Bearing this in mind, a sample set of 404 VOOs from 4 consecutive campaigns (2015-
2019) and various regions of origin, produced under real industrial conditions, was

analysed by HS-SPME-GC-MS to obtain the SH fingerprint (Figure 8). Of these samples:
- 178 were oils of the ‘Arbequina’ cultivar produced in different countries,
- 226 where oils from 37 other cultivars and their coupages (blends of cultivars).

A binary PLS-DA model was built using the SH unfolded matrix to discriminate between
‘Arbequina’ VOOs from ‘non-Arbequina’ VOOs, which included all the other cultivars.
Models were externally validated by predicting the class of the samples in the

validation set (20% of each class of the full sample set).

Finally, an exploration of the regression coefficients of the model was carried out to

investigate which variables contributed the most to the cultivar discrimination.

Furthermore, a preliminary multi-class PLS-DA model (n = 256) was built to distinguish
among 7 different cultivars (represented by at least 10 samples), to prospectively

evaluate the capability of the SH fingerprint to differentiate other cultivars (

).
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Figure 8. Graphical abstract of Publication 3. EVOO: extra virgin olive oil, VOO: virgin olive oil,
EIC: extracted ion chromatogram, PLS-DA: partial least square-discriminant analysis.
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ARTICLE INFO ABSTRACT

Keywords: Virgin olive oil (VOO) is a highly appreciated product fundamental in the Mediterranean diet. Since its sensory
Virgin olive oil attributes are greatly influenced by the olive cultivar, the varietal authentication of VOOs is needed to protect
C“m"f“ consumers from misleading information. The present study aims to evaluate the suitability of sesquiterpene
iie:::;;e:;:ne hydrocarbon (SH) fingerprint as VOO cultivar marker beyond geographical, agronomical and processing con-
HS-SPME-GC-MS ditions. The study was mainly focused on Mediterranean Arbequina oils. SH profile of more than 400 VOOs from
PLS-DA 6 counties and 38 different cultivars and coupages was analysed by Headspace Solid Phase Microextraction-Gas

Chromatography-Mass Spectrometry (HS-SPME-GC-MS). Partial Least Square-Discriminant Analysis (PLS-DA)
classification models were built with the aligned chromatograms. A binary PLS-DA model was built to distinguish
‘Arbequina’ oils from those of other cultivars (non-‘Arbequina’ class) and it was externally validated. The results
of the external validation showed a 95.1% of overall correct classification confirming the suitability of SH
fingerprint as a screening method for the authentication of Arbequina VOO. Also, the discrimination capacity of
SH fingerprinting to authenticate VOOs from other cultivars was preliminary explored and promising results
were obtained.

consumers’ perceived quality and lead them to pay a higher price
(Cabrera et al., 2015; Cicerale et al., 2016). Therefore, verifying the
label-declared cultivar in VOO has become relevant to protect con-
sumers from misleading information (Bajoub et al., 2018) and,

1. Introduction

Qualitative characteristics of virgin olive oil (VOO) are not only
determined by the processing and storage conditions but also by the
cultivar and geographical origin (Dias et al., 2014; Montealegre et al.,
2010). Hence, oils within the same commercial category can present
very different compositional and sensory characteristics depending on
the olive cultivar. Monovarietal VOOs that include information about
the olive cultivar on the label, as well as VOOs included into a given
Protected Designation of Origin which are required to use specific
traditional olive cultivars (Council Regulation (EC) 510/2006), increase

currently, it can only be achieved by auditing traceability documents.
The varietal characterization of VOOs has been widely studied by
addressing several major and minor compounds and by applying mul-
tiple analytical techniques and chemometric approaches (Montealegre
etal., 2010; Aparicio et al., 2013; Bajoub et al., 2018). However, except
DNA based methods (Agrimonti et al., 2011), which are costly to be used
for routine analysis (Bajoub et al., 2018), reliable markers for VOO
cultivar authentication are still unavailable. This is largely due to the
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Abbreviations

cow Correlation Optimized Warping
EIC Extracted Ion Chromatogram

LV Latent Variables

PC Principal Component

PCA Principal Component Analysis
PLS-DA  Partial Least Discriminant Analysis
RMSEcv Root Mean Squared Error of Cross Validation
SEcv Standard Error of Cross-Validation
SH sesquiterpene hydrocarbon

SIM Selected Ion Monitoring

SPME-GC-MS Solid Phase Microextraction coupled to Gas
Chromatography-Mass Spectrometry
VOO Virgin olive oil

high concomitant influence of other factors on VOO composition, such
as the degree of maturation, phytosanitary status, harvest year or pro-
cessing and storage conditions (Garcia-Gonzalez & Aparicio, 2010;
Montealegre et al., 2010; Vichi et al., 2018). In this regard, most of the
available studies on VOO cultivar authentication are addressed to
monovarietal VOOs produced within a limited geographical area
(Osorio-Bueno et al., 2005; Papadia et al., 2011; Piccinonna et al., 2016;
Sacco et al., 2000; Sayago et al., 2019). They have been fundamental to
demonstrate the genetic influence on VOO composition with other fac-
tors being similar, but they do not take into account the effect of tech-
nological and, in particular, environmental conditions beyond the olive
cultivar itself. This is not fully representative for the actual VOO pro-
duction, in which the same olive cultivar may be cultivated in different
regions or countries (Tous, 2017). Marini et al. (2004) developed
authentication models relying on a representative number of samples (n
> 500) from cultivars produced in different regions of Southern Italy,
achieving a satisfactory classification by applying supervised chemo-
metric methods to several official quality and purity parameters. How-
ever, the need for multiple analytical techniques or time-expensive
procedures hinders its application for the screening of large number of
samples, and moreover, its suitability should be confirmed also for VOOs
from other major production areas. Hence, there is a need for screening
tools capable of authenticating VOOs according to their cultivar beyond
geographical and technological factors.

Previous research has evidenced that the presence of sesquiterpene
hydrocarbons (SHs) in VOO is highly dependent the olive cultivar and
the growing area (Bortolomeazzi et al., 2001; Damascelli & Palmisano,
2013; Quintanilla-Casas et al., 2020; Vichi et al., 2006, 2010, 2018)
while it is barely affected by technological factors such as olive
post-harvest processing and oil storage conditions (Vichi et al., 2018).
Specifically, the effect of genetic factors on VOO SHs was demonstrated
when oils from different cultivars, produced in the same geographical
region, presented significant differences in the SH composition (Guinda
et al., 1996; Osorio-Bueno et al., 2005; Vichi et al., 2010).

Also recently, a fingerprinting approach has been applied to SH
chromatograms obtained by SPME-GC-MS (Quintanilla-Casas et al.,
2020). In a fingerprinting approach, chemometric tools are applied to
highly dimensional analytical data, such as a chromatogram, to find
specific patterns of a certain quality characteristic that are known as
fingerprints, not requiring peak identification or quantitation (Ballin &
Laursen, 2019; Berrueta et al., 2007; Bosque-Sendra et al., 2012;
Quintanilla-Casas et al., 2020). Compared to the target approach,
chromatographic fingerprinting considers more information as the
whole analytical signal is used, and overcomes drawbacks related to the
SH identification or quantitation as they are a wide category of com-
pounds with high structural diversity but very similar mass spectra
(Degenhardt et al., 2009; Quintanilla-Casas et al., 2020). This was
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demonstrated in our previous study, in which Partial Least Discriminant
Analysis (PLS-DA) was able to find features in the SH fingerprint that
were common between samples from the same region even if they
belonged to different cultivars, and thus, models to authenticate VOO
geographical origin could be developed by selecting the country of
origin as the grouping variable to supervise the PLS-DA (Quintanilla--
Casas et al., 2020). But, since the SH composition in olive fruit is known
to be driven by both genetic and environmental factors, our hypothesis
was that if the cultivar type was selected as the variable to supervise the
PLS-DA analysis, the PLS-DA model would find different features on the
SH fingerprint of VOO that would be characteristic of the cultivar.

On this basis, the aim of the present work was to assess the suitability
of SH fingerprint as VOO cultivar marker beyond geographical, agro-
nomical and processing conditions. For this purpose, we developed and
validated a varietal authentication model based on the SH fingerprint
obtained by SPME-GC-MS, particularly focusing on the discrimination
of ‘Arbequina’ VOOs from the rest of VOOs, using a sample set of more
than 400 VOOs from different cultivars produced under real processing
conditions in different harvest seasons and in various EU and non-EU
countries and regions. Moreover, to explore whether analogous
models could also be developed to distinguish VOOs from other culti-
vars, the discrimination capacity of SH fingerprinting was preliminarily
assessed for the seven main cultivars included in the sample set.

2. Material and methods
2.1. Sampling

The sample set was composed by 404 traceable VOOs and EVOOs
from different countries and geographical regions (Table 1). They were
obtained in the framework of the Projects OLEUM (EC H2020 Pro-
gramme 2014-2020) and Autenfood (ACCIO- Programa Operatiu
FEDER Catalunya 2014-2020), and under the surveys implemented by
the Institut de Recerca i Tecnologia Agroalimentaria (IRTA). Of these
samples, 178 were from ‘Arbequina’ cultivar and 226 were monovarietal
oils from 37 other cultivars (n = 144) and coupages (which are blends of
different cultivars) that did not contain ‘Arbequina’ oil (n = 82). The
VOO and EVOO samples pertained to virgin and extra virgin olive oil
categories according to the European Commission regulation (ECC) No
2591/91 of July 11, 1991 and its amendments and were produced at real
industrial conditions during 4 different campaigns (harvests from 2015/
16 to 2018/19). More information about VOO and EVOO samples is
available in Table S1 (Supplementary material). Samples were stored
under N atmosphere at —20 °C until analysis. The full sample set was
analysed in four main batches throughout 2017-2019.

2.2. Headspace-solid phase microextraction (HS-SPME)

The SH fingerprint of VOO samples was analysed using a Combi-pal
autosampler (CTC Analytics, Zwingen, Switzerland) at the conditions
reported by Vichi et al. (2006). An aliquot of 2 g of oil was weighed into

Table 1
Number and geographical origin of VOO and EVOO samples from ‘Arbequina’
and non-‘Arbequina’ cultivars.

Origin ‘Arbequina’ (n) Other cultivars® (n)
Argentina 4 37
Chile 1 1
Italy 1 35
Morocco 9 29
Portugal 3 13
Spain Catalonia 155 93
Andalusia 2 15
Other regions 3 3
total samples 178 226

@ 37 different cultivars plus 20 coupages.
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a 10 mL vial fitted with a PTFE/silicone septum and kept at 70 °C under
constant agitation. After 10 min of sample conditioning, a divinylben-
zene/carboxen/polydimethylsiloxane (DVB/CAR/PDMS) fiber (2 cm
length, 50/30 pm film thickness) provided by Supelco (Bellefonte, PA)
was exposed to the sample headspace for 60 min. Then, it was desorbed
in the gas chromatograph injection port at 260 °C for 10 min. During the
desorption step, the injector was maintained in split-less mode during 5
min.

2.3. Gas chromatography-mass spectrometry (GC-MS)

The SHs fingerprint was acquired by an Agilent 6890N Network GC
system coupled to a quadrupolar mass selective analyser Agilent 5975C
Inert MSD (Agilent Technologies, Santa Clara, California, USA) using
helium as carrier gas, at a flow of 1.5 mL/min. Analytes were separated
on a Supelcowax-10 capillary column (60 m x 0.25 mm i.d., 0.25 pm
film thickness) (Supelco, Bellefonte, PA). Column temperature was held
at 40 °C for 3 min, increased to 100 °C at 4 °C/min, then to 200 °C at
5 °C/min and to 260 °C at 15 °C/min, holding the last temperature for 5
min. The temperatures of the ion source and the transfer line were 230
and 280 °C, respectively. Mass spectra were recorded at 5.1 scan/s and
the electron energy was 70 eV. Acquisition was performed in the
selected ion monitoring (SIM) mode, by analysing the Extracted Ion
Chromatogram (EIC) of each of the following SH specific ions: m/z 93,
119,157,159, 161, 189 and 204, which had been reported to be specific
for SHs (Vichi et al., 2010). Therefore, only the chromatographic data
belonging to SH compounds was studied.

2.4. Fingerprinting approach

The intensities of scans between minutes 21 and 42 (3197 scans)
were considered for each ion (3197 scans x 7 ions = 22379 variables per
sample). A data matrix was built for each ion, with scans’ intensities of
each EIC (columns) from each sample (rows). For each selected ion, the
EICs of the 404 samples were aligned by Correlation Optimized Warping
(COW) algorithm in Matlab® (Nielsen et al., 1998). Then, the 7 matrices
of the aligned chromatograms were concatenated conforming a two-way
unfolded matrix (404 samples x 22379 variables).

2.5. Chemometrics

2.5.1. Data pre-processing and exploration

The pre-processing of the aligned data matrix was performed with
SIMCA software v13.00 (Umetrics AB, Sweden). Multiple pre-
processing treatments were tested (mean centring, scaling to unit vari-
ance, log10, derivatives) until finding the optimal one for each data set.
A Principal Component Analysis (PCA) was performed for the explora-
tion of data (n = 404) and to identify potential outliers (according to
Hotelling’s T2 range and distance to the model parameters).

2.5.2. Partial least squares discriminant analysis (PLS-DA): Arbequina vs
non-Arbequina oils

A binary PLS-DA model was built after applying a first derivative and
log 10 pre-processing to classify the 404 samples into the ‘Arbequina’
and the non-‘Arbequina’ classes, the latter including coupages and
monovarietal oils from other cultivars,.

The model was internally validated through leave 10%-out cross-
validation. The optimal number of Latent Variables (LV) of the PLS-
DA model were selected according to the lowest Root Mean Squared
Error of Cross Validation (RMSEcv) criteria. To assess the model over-
fitting, permutation test and ANOVA on the cross-validated predictive
residuals (p-value) were carried out. The Q2 values and the percentage
of correct classifications were assessed to evaluate the suitability of each
PLS-DA model.
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2.5.3. External validation

The binary PLS-DA model was then externally validated by predict-
ing the class of samples that had not been used to develop the model. For
this, the full data set (n = 404) was randomly split into a training set
(80% of the sample set, n = 323) and a validation set (20% of the sample
set, n = 81), maintaining a balance in the proportions of ‘Arbequina’ and
non-‘Arbequina’ samples and of samples from different analytical
batches and geographical origins (Table S2, Supplementary material).
This was carried out seven times, obtaining seven different training and
validation sets. The efficiency of the classification was assessed as mean
percentage of correct classification.

2.5.4. Evaluation of PLS-DA regression coefficients

The regression coefficients of the binary PLS-DA model developed
with the full sample set were evaluated to explore the contribution of the
variables obtained by each m/z ion. Regression coefficients were
considered as significant when a jack-knife standard error of cross-
validation (SEcv) was lower than the given coefficient value.

2.5.5. Multi-class PLS-DA model for 7 cultivars

Once the Arbequina vs non-Arbequina model was found suitable, it
was explored whether SHs fingerprinting would be suitable to develop
models to verify the identity of other cultivars. Thus, a multi-class PLS-
DA model was developed as a preliminary model (after autoscaling,
log10 and first derivative pre-processing) to evaluate the discrimination
of the 7 cultivars included in the sample set that were represented by at
least 10 samples (n = 256). The model was fitted and internally vali-
dated as described above.

3. Results and discussion
3.1. Data pre-processing and exploratory analysis

Seven ions (m/z 93, 119, 157, 159, 161, 189 and 204) were selected
according to previous studies that indicated them to be specific of SH
(Vichi et al., 2010). The data points of the EIC within the interval of
elution of SH (21-42 min) were used as variables (22379 variables),
following the fingerprinting approach applied by Quintanilla-Casas et al.
(2020).

To solve the retention time shifting between samples, the EICs were
aligned by Correlation Optimized Warping (COW) algorithm in Mat-
lab®. This alignment algorithm was selected since it was specifically
designed for chromatographic data. The COW method aligns the chro-
matographic profiles by piecewise linear stretching and compression,
also known as warping, of the time axis of one of the profiles (Nielsen
et al., 1998). Once aligned, the matrix obtained (22379 variables and
404 samples) was imported to SIMCA software v13.0c (Umetrics AB,
Sweden) to develop and optimize the classification models.

After data pre-processing, a PCA was performed to explore the data
and to detect potential outliers (3 Principal Components (PCs) accoun-
ted for 80.7% of the total variance explained). According to the Hotel-
ling’s T? range and distance to the model parameters, no outliers were
detected. A first examination of the PCA score plot revealed that even
under a non-supervised analysis, VOOs naturally clustered according to
their cultivar. In fact, even if there was some overlap, ‘Arbequina’
samples tended to shape into a differentiated group at the upper part of
the plot, while non-‘Arbequina’ samples located at the lower part
(Fig. 1a), evidencing that the variability linked to the cultivar of origin
was mainly explained by PC3 (2.0% of total explained variance). Certain
clustering was also observed for other monovarietal VOOs (Fig. 1b),
endorsing the behaviour observed for ‘Arbequina’ and non-‘Arbequina’
samples. To exclude that this natural clustering was only induced by the
geographical origin of each cultivar, the score plot was coloured by
sample’s provenance (Fig. 1c). In this way, it revealed that samples from
cultivars grown in different regions tended to group by cultivar rather
than by geographic origin, leading to unclear clusters by country. This
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Fig. 1. First and third principal components of the PCA model (n = 404 samples, first derivative and log 10 pre-processing; variance explained by each factor is
shown between parentheses), based on VOO sesquiterpene data, coloured by a) ‘Arbequina’/non-‘Arbequina’ cultivars; b) Olive cultivar; ¢) Country of origin. (ARG:

Argentina, CHL: Chile, ESP: Spain, ITA: Italy, MOR: Morocco and POR: Portugal).

suggested that the cultivar had a higher effect on the SH fingerprint than
the geographical origin.

3.2. PLS-DA authentication models and internal validation

A binary PLS-DA classification model was built with the SH finger-
print of 404 samples to distinguish ‘Arbequina’ oils from those of other
cultivars (non-‘Arbequina’ class). The model with 5 LV was internally
validated through leave 10%-out cross-validation, resulting in a RMSEcv
of 0.23 and a 99.8% of correct classification with all samples assigned to
the correct class, except one (Table 2). Permutation tests, which display
the prediction capacity of 20 random models, and ANOVA results (p <
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Table 2
Results of the leave 10%-out cross-validation of the ‘Arbequina’ vs non-‘Arbe-
quina’ PLS-DA classification model.

N ‘Arbequina’ Other Correct class (%)
‘Arbequina’ 178 178 0 100
non-‘Arbequina’ 226 1 225 99.6
Total 404 99.8

N = 404, 5 LVs, Q> = 0.82, RMSEcv = 0.23, ANOVA p-value <0.05.
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0.05) showed that the model had a high discrimination capacity and was
not over-fitted. The results were very promising, especially considering
that the ‘Arbequina’ class included samples from various geographical
origins, and that the non-‘Arbequina’ class included a high number of
other monovarietal and coupage oils.

In view of the encouraging results provided by the binary model
based on the extensive ‘Arbequina’ and non-‘Arbequina’ sampling, and
since the PCA exploratory analysis already revealed certain natural
separation between other cultivars, we investigated whether analogous
models could potentially be developed to authenticate VOOs from other
cultivars. As a proof of concept for this scope, we performed a pre-
liminary multi-class PLS-DA model to discriminate between the seven
cultivars of the sample set that were represented by at least 10 samples.
Only monovarietal samples were included in this PLS-DA model (n =
256). The results of the leave 10%-out cross-validation were promising
(Table 3), displaying high percentages of correct classification (gener-
ally above 90%) for most of the cultivars and achieving a global 94.9%
of correct classification. In addition, the ANOVA (p < 0.05) and the
permutation test (Q2 values of permuted models < 0) indicated the
absence of a random classification and of model overfitting. The lowest
percentage of correct classification was observed for the ‘Frantoio’ set
(69.2%), probably due to the very different geographical origin of its
samples (Italy, n = 3 and Argentina, n = 9). The low number of samples
of this preliminary submodel might have not been enough to compen-
sate such a source of confusion, but we can hypothesize that with a
suitable sampling the authentication of this cultivar would not be pre-
cluded. Overall, based on these preliminary results, we could infer that
developing future models to authenticate VOOs from any cultivar based
on the SH fingerprint would be possible, providing that appropriate
sampling was available.

3.3. External validation

Disposing of meaningful results is crucial for the relevant imple-
mentation of any authentication tool. In this case, verifying the real
predictive ability of the developed model is necessary to exclude
possible over-optimistic results and to prove the suitability of the
method to assess VOO varietal origin. To confirm the reliability of the
predictions obtained by internal validation, we carried out an external
validation in which models were applied to samples that had not been
included in their development to classify them as ‘Arbequina’ and non-
‘Arbequina’ VOOs. For this, we randomly split the sample set into a
training set (n = 323) and a validation set (n = 81). A PLS-DA model was
developed with the training set and cross-validated by leave-10%-out,
and it was then applied to predict the class of the 81 samples conforming
the validation set. To increase the robustness of the validation, and to
minimize the effect of the sample sets’ composition, this process was run
seven times and the results were expressed as mean values of the seven
sets of external validation. The internal validation results of PLS-DA
models built with the training sets were in agreement with those of
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the model developed with the global sample set (mean overall correct
classification of 100%). The results of the external validation, summa-
rized in Table 4, were extremely satisfactory. On average, 93.5% of
‘Arbequina’ samples and 96.4% of non-‘Arbequina’ samples were
correctly classified, resulting in a 95.1% of overall correct classification.

On closer inspection, the external validation revealed that the model
was not able to correctly classify ‘Arbequina’ oils produced in Argentina.
Unfortunately, due to the reduced number of ‘Arbequina’ VOOs from
Argentina, only 3 samples could be randomly included in each training
set and only one in each validation set, while other non-‘Arbequina’ oils
from Argentina were much more represented in both sets. This probably
contributed to the fact that each Argentinian ‘Arbequina’ sample,
randomly selected in each validation set, was incorrectly classified
(Table 5). This seems to support our previous hypothesis formulated for
the internal validation results obtained for the ‘Frantoio’ cultivar by the
preliminary multi-class PLS-DA model. This outcome could be due to the
extreme compositional differences reported between VOOs from the
southern hemisphere and those from the Mediterranean area. Romero
(2017) reported that ‘Arbequina’ VOO from Argentina and Australia has
a very different fatty acid composition from other regions and discussed
about the high temperature effect during the maturation season. In fact,
the southern hemisphere ‘Arbequina’ oils may present compositions
whose differences may even be outside of some of the limits set by the
current trade standards (Aparicio et al., 2013). Apparently, for these
samples, the geographical origin outperformed the cultivar differences
(Rondanini et al., 2011; Torres et al., 2009), possibly leading to a better
matching of the SH pattern of Argentinian ‘Arbequina’ oils with that of
other Argentinian oils rather than with that of the rest of ‘Arbequina’
Mediterranean samples, even if the cultivar was the classification vari-
able. Since only a scarce number of Argentinian ‘Arbequina’ samples
was available (n = 4), the results are not conclusive in this aspect.
Varietal misclassification of samples from non-Mediterranean region
could be presumably resolved by widening the sampling with a repre-
sentative number of VOOs from the region of interest. By this, it would
be possible to determine if the model would be able to find proper
common SH traits between Mediterranean and Argentinian ‘Arbequina’
oils, or if a specific model ‘Arbequina’ vs non-‘Arbequina’ would be
required for Argentinian oils.

Even so, samples from different EU and non-EU Mediterranean

Table 4

Results of external validation of the ‘Arbequina’ vs non-‘Arbequina’ PLS-DA
models. Results are mean values obtained from seven randomly selected vali-
dation sets.

n Arbequina Other Correct class (%)
‘Arbequina’ 36 34+1 242 93.5 + 3.8
non-‘Arbequina’ 45 2+1 43+ 2 96.4 + 1.3
Total 81 95.1 + 2.4

N = 404, 5 LVs, Q* > 0.80, RMSEcv < 0.27, ANOVA p-value <0.05.

Table 3
Results of leave 10%-out cross-validation of the multi-class PLS-DA model for the classification of main cultivars in the sample set.
N ‘Arbequina’  ‘Picual’  ‘Arbosana’  ‘Moroccan ‘Coratina’  ‘Frantoio’  ‘Argudell’  No Correct class RMSEcv
Picholine’ class’ (%)
‘Arbequina’ 178 173 0 0 1 0 0 0 4 97.2 0.30
‘Picual’ 12 0 12 0 0 0 0 0 0 100 0.19
‘Arbosana’ 11 0 0 10 0 0 0 0 1 90.9 0.16
‘Moroccan 20 1 0 0 19 0 0 0 0 95.0 0.19
Picholine’

‘Coratina’ 10 0 0 0 0 10 0 0 0 100 0.15
‘Frantoio’ 13 0 0 0 0 0 9 0 4 69.2 0.20
‘Argudell’ 12 2 0 0 0 0 0 10 0 83.3 0.17
Total 256 176 12 10 20 10 9 10 9 94.9

N = 256, 7 LVs, Q? = 0.47, ANOVA p-value <0.05.
@ YPred<0.5.
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Table 5

Number, country and cultivar of origin of samples misclassified in the external
validation of the binary PLS-DA model, for each validation set. The number of
misclassified samples is reported with respect to the total number of samples
from the same country and class (‘Arbequina’ and non-‘Arbequina’) that were
included in the validation set.

Validation Number of Country of Cultivar of the
set misclassified origin of the misclassified
samples misclassified samples
samples
‘Arbequina’ 1 1/1 Argentina ‘Arbequina’
samples 2 1/1 Argentina ‘Arbequina’
classified 1/32 Spain ‘Arbequina’
as non- 3 1/1 Argentina ‘Arbequina’
‘Arbequina’ 4 1/1 Argentina ‘Arbequina’
1/32 Spain ‘Arbequina’
5 1/1 Argentina ‘Arbequina’
1/32 Spain ‘Arbequina’
6 1/1 Argentina ‘Arbequina’
1/32 Spain ‘Arbequina’
7 1/1 Argentina ‘Arbequina’
Non- 1 1/22 Spain ‘Empeltre’
‘Arbequina’ 2 1/7 Italy ‘Casaliva’
samples 1/22 Spain ‘Empeltre’
classified 3 1/3 Portugal Coupage
as 1/22 Spain ‘Empeltre’
‘Arbequina’ 4 2/22 Spain ‘Empeltre’
5 1/7 Italy ‘Casaliva’
1/7 Italy Coupage
3/22 Spain ‘Empeltre’
6 1/6 Morocco ‘Moroccan
Picholine’
3/22 Spain ‘Empeltre’
7 1/7 Italy Coupage

regions were correctly assigned to their corresponding varietal class,
even when their representativeness in the training set was low, such is
the case of the Portuguese and Moroccan ‘Arbequina’ oils (Table 1).
These results evidenced the suitability of the model for Mediterranean
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VOO cultivar authentication regardless of the oil’s geographical origin.
Although the present sampling was specially focused on Spanish
‘Arbequina’ oils, the results of the external validation proved the effi-
ciency of the authentication model to distinguish ‘Arbequina’ oils pro-
duced also in the rest of the Mediterranean basin. To improve the
predictive ability of the model for ‘Arbequina’ samples coming from
other specific geographical origins, new samples from those regions
should be included in the training set.

3.4. Exploration of PLS-DA regression coefficients

To study the variables that contributed the most to the discrimina-
tion between ‘Arbequina’ and other cultivar VOOs, we examined the
significant regression coefficients of the ‘Arbequina’ vs non-‘Arbequina’
PLS-DA model. More than 200 variables resulted relevant to the model
according to the significance of their regression coefficients (as defined
according to their value and standard error), highlighting the key
advantage of high-dimensional data approaches, such as fingerprinting,
over other conventional approaches such as the target or even multi-
target ones (Quintanilla-Casas et al., 2020).

The plotting of regression coefficients against the variables of the
unfolded matrix (Fig. 2a) revealed that each EIC provided relevant
variables to the model throughout different regions of the chromato-
gram. In particular, EICs of m/z 93, 119 and 204 provided the highest
number of variables important for the discrimination of both the
‘Arbequina’ and the non-‘Arbequina’ classes. The same figure revealed
that significant regression coefficients corresponded to sections of the
unfolded matrix presenting either major and very minor variables. As an
illustration of this, amplifying a section of the EIC of m/z 93 (34-38 min)
(Fig. 2b), revealed that some of the highest regression coefficients cor-
responded to minor SHs or not well-resolved chromatographic peaks
that could only be studied through a fingerprinting approach. This is in
agreement with our previous findings dealing with the application of SH
fingerprinting for VOO geographical authentication (Quintanilla-Casas
et al., 2020).
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Fig. 2. PLS-DA regression coefficients of the Arbequina vs non-‘Arbequina’ model against the variables of the unfolded matrix. ‘Arbequina’ positive and negative
relevant coefficients (selected from the significant ones according to an arbitrary threshold of 0.2) are highlighted in blue or in red, respectively. a) The sections of the
unfolded matrix corresponding to each Extracted Ion Chromatogram are marked. b) Section of the ion m/z 93 chromatogram (34.059-38.126 min) plotted against its
corresponding regression coefficients. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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4. Conclusions

In conclusion, SH fingerprint proved to be a suitable screening
method for the varietal authentication of VOO, enabling an extremely
satisfactory efficiency in the classification of ‘Arbequina’ and non-
‘Arbequina’ oils produced under real industrial conditions in different
regions of the Mediterranean basin, as assessed by external validation
(95.1% of correct classification). Combining SH fingerprinting with PLS-
DA allowed recognizing characteristic patterns relevant for each cultivar
class minimizing those variables related with other factors such as the
geographical origin. This confirmed our hypothesis that genetic and
environmental factors exert distinct effects on the particularly complex
SH fingerprint, which may provide suitable markers of both VOO
geographical (Quintanilla-Casas et al., 2020) and varietal origin (as
evidenced in this study), which would be revealed by PLS-DA depending
on the variable selected for supervising the pattern recognition analysis.
The VOOs produced in the Southern Hemisphere were not satisfactorily
classified by the PLS-DA model built using mainly Mediterranean sam-
ples, evidencing the need to include more samples from this region to
improve the predictive ability for ‘Arbequina’ oils from this geograph-
ical origin.

Furthermore, a preliminary multi-class PLS-DA model to discrimi-
nate between the other cultivars represented in the sample set resulted
in a 94.9% of overall correct classification by leave 10%-out cross-
validation, suggesting that successful classification models analogous
to that developed and validated for ‘Arbequina’ samples could be
potentially developed to authenticate other VOO cultivars.

Finally, the exploration of PLS-DA regression coefficients revealed
that a high number of variables contributed to the discrimination model,
several of which corresponded to minor SHs or not well-resolved chro-
matographic peaks that could only be studied through a fingerprinting
approach. This confirmed the advantage of high-dimensional non-tar-
geted data approaches like fingerprinting over other conventional
approaches.
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The present addresses the development of several analytical tools for the

Methods based on
isotopic (objective 3) and metabolic markers (objective 4.1) have been explored,
developed, validated, and compared (objective 4.2) to establish a reliable and efficient
method for hazelnut authenticity. In this context, multi-isotopic approaches have been
explored to verify the label-declared geographical origin (objective 3). Additionally, and
based on the available literature (section 1.3.4), SH, UF, TAG, and spectroscopic
fingerprints have been studied as metabolic approaches to simultaneously

authenticate both the provenance and botanical origin of hazelnuts (objective 4.1).

First, PoC studies using reduced sample sets were conducted to assess the feasibility of
each approach. For certain markers, it was also necessary to develop the analytical
methods for their determination in hazelnuts. Subsequently, when the PoC studies
yielded promising results, the approaches were evaluated including greater natural
variability (Figure 6). This evaluation included an expanded sample set comprising
more samples of different categories from various producing areas, cultivars, and

harvest years.

5.1 Development of isotopic methods for hazelnut geographical

authentication: Proof-of-concept study

5.1.1 Multi-isotopic approach

To evaluate the efficacy of various isotopic markers in verifying hazelnut provenance
and to develop a robust multi-isotopic method, a PoC study was conducted using a
selected, reduced sample set (n = 40). This sample set comprised samples from the
same cultivar (TG) collected between 2019 and 2021 across four regions located in

different countries: CHL (n = 10), ESP (n = 10), GEO (n = 10) and ITA (n = 10).

The elemental isotopic profile of light bioelements (6*3C, §%H, 680, 6%°N, 63S), heavy
geoelements (86Sr/87Sr), and the &'3C, 6%H of the FAMEs were analysed (Figure 9). This
multi-isotopic approach was combined with chemometric data analysis tools to build
PLS-DA classification models to discriminate hazelnuts according to their origin.
Additionally, the effect of fertilisation on isotopic ratios was assessed to avoid selecting

markers affected by agronomic practices. The regression coefficients of the PLS-DA
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models were studied to identify the variables driving the discrimination of hazelnuts by
geographical origin, and consequently, the most promising isotopic markers for
hazelnut provenance authentication. The results of this study are detailed in

Publication 4.

FA 83C (linoleic, oleic,
palmitic, stearic) §2H
/ Transesterification  (linoleic, oleic, palmitic)

. by GC-IRMS -
L Oil extraction . .2‘1

? 0oy
1 WGt

So 3 s

. . -1 2

Grinding Lyophilization ~ Light bio-elements (§%3C, R .

_— ——— > 85N, 6180, 6%H, §%s) ——— .
by EA-IRMS sos 2oz e
L]
PLS-DA models } 1

Heavy geo-elements l
(87Sr/ 8Sr) by MC-ICP-MS
Relevant discriminant variables

Figure 9. Graphical abstract of Publication 4. FA: fatty acids, GC-IRMS: gas chromatography-
isotope ratio mass spectrometry, EA-IRMS: elemental analysis-isotope ratio mass
spectrometry, MC-ICP-MS: multi collector-inductively coupled plasma-mass spectrometry,
PLS-DA: partial least square-discriminant analysis, CHL: Chile, ESP: Spain, GEO: Georgia, ITA:
Italy.
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Hazelnuts' features and price are influenced by their geographical origin, making them susceptible to fraud,
especially counterfeit claims regarding their provenance. Stable isotope analysis is a recognised approach to
establish the geographical origin of foods, yet its potential in hazelnut authentication remains unexplored. In this
prospective study, we assessed multiple isotopic markers in hazelnuts from different origins and evaluated the
most promising variables for geographical authentication by chemometric tools. Our findings indicate that bulk
5180, along with 5°H and 5'3C in the main fatty acid methyl esters, exhibit significant potential in discriminating

geographical origins, and %7Sr/%°Sr analysis could serve as a proficient confirmatory tool. Though no single
marker alone can differentiate between all the studied origins, employing a multi-isotopic approach based on
PLS-DA models achieved up to 92.5 % accuracy in leave-10 %-out cross-validation. These findings will probably
lay the groundwork for developing robust models for hazelnut geographical authentication based on larger

datasets.

1. Introduction

Hazelnuts are a widely used and prized ingredient in both sweet and
savoury foods. Their sensory and qualitative characteristics are heavily
influenced by their growing region (Krol & Gantner, 2020) and their
market value fluctuates accordingly. As an example, in 2021, the price
range for in-shell hazelnuts from Georgia and Italy was between 1449
USD/T and 4174 USD/T, respectively (FAOSTAT, 2021). Hazelnuts'
high economic value makes them particularly susceptible to frauds,
including the counterfeiting of geographical origin. Even though the
official Regulation (Regulation (EU) No, 1169) defines geographical
origin as a label claim that must be verified by official inspection ser-
vices, when necessary (Mahalovich et al., 2016), the lack of effective
methods for detecting this fraud provides counterfeiters with an op-
portunity to exploit the situation. Fraudulent activities can have a sig-
nificant impact on the industrial sector that uses these commodities.
This holds particular significance for foods that fall under EU

recognition, including Protected Designation of Origin, as the origin of
the food product serves as the basis of these quality schemes. Hence, the
implementation of effective methods to detect and prevent fraudulent
activities related to hazelnut origin claims is necessary to protect the
industry and consumers.

Currently, stable isotope composition analysis is among the most
acknowledged approaches to establish the geographical origin of foods,
as the isotopic composition of both light bio-elements, namely carbon
(©), hydrogen (H), oxygen (O), nitrogen (N), and sulphur (S) and heavy
geo-elements, such as strontium (Sr) are strongly influenced by factors
that are indicative of the geographical origin, such as geology and hy-
drogeology (Kelly et al., 2005; Laursen et al., 2016, Podio et al., 2013;
De Rijke et al., 2016). Regarding light elements such as H and O, phase
changes of water (solid-liquid-vapour) lead to isotopic fractionation
because of the different saturation vapour pressures of different iso-
topologues. This isotopic fractionation resulting from evaporation,
condensation, and precipitation of meteoric water is influenced by
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factors like temperature, latitude, altitude, and proximity to the coast.
These factors give rise to notable variations in §°H and 5'%0 within
groundwater across different geographical regions. By analysing these
isotopic signatures in plant samples, valuable insights can be obtained
regarding their geographical provenance (Kelly et al., 2005; De Rijke
et al., 2016). On the other hand, the §'3C value in plants is primarily
determined by their specific types of photosynthetic carboxylation re-
actions. However, it has been noted that environmental factors can also
exert an influence on carbon isotope fractionation, making of 5'3C a
potential indicator of the origin of plants (Yoneyama et al., 2000; Branch
et al., 2003). The isotopic composition of S and N in plant tissues can be
influenced by the application of isotopically different sulphur and
nitrogen-containing fertilisers (Vitoria et al., 2004), making them more
dependent on agricultural practices rather than geographical factors.
Nevertheless, the full extent of this impact is not entirely understood and
requires evaluation specific to the plant species of interest. For instance,
regarding 5'°N, it has been observed that it can be influenced by the
plant's nitrogen uptake process (Anderson and Smith, 2006). Addition-
ally, nitrogen isotopes are subject to the influence of geoclimatic factors
(soil type, temperatures, precipitation), which vary across geographical
regions and can significantly contribute to shaping the isotopic signature
of plant materials (Yoneyama et al., 2000; Brescia et al., 2002; Anderson
and Smith, 2006). Furthermore, the isotopic analysis of heavy geo-
elements, like strontium, offers an enhanced connection between soil
characteristics and primary agricultural products due to the negligible
isotopic fractionation because of the small mass difference between the
two main Sr isotopes (¥’Sr and 86Sr). Only s is radiogenic; it is pro-
duced by the long-term decay from the radioactive 8’Rb present in the
distinct rock types and geological formations (Kelly et al., 2005, Laursen
et al., 2016). Also, in this case, traces of geological Sr found in fertilisers
made by phosphate from mining could potentially impact the Sr isotopic
composition in crops (Vitoria et al., 2004; Techer et al., 2017).

Given these considerations, the isotopic analysis has been exten-
sively utilized for the geographical verification of a diverse range of food
products (Bertoldi et al., 2019; Camin et al., 2017; Kelly et al., 2005,
Perini et al., 2018; Podio et al., 2013; De Rijke et al., 2016). The
consistently satisfactory results obtained from this analysis have
prompted the proposal of employing this method even in legal cases
(Camin et al., 2017). As demonstrated by previous studies, measuring
multiple parameters within a food product enhances the accuracy in
determining its geographical origin (Bertoldi et al., 2019; Luykx & Van
Ruth, 2008; Podio et al., 2013), especially when multi-isotope-ratio
analysis is paired with molecular-specific isotopic data (Bontempo
et al., 2019). However, only a limited number of studies focus on single
or multi-isotopic composition specifically for nut products. Encouraging
results have been obtained from the analysis of bio-element isotopic
composition in walnuts (Di Pierro et al., 2018; Kraub et al., 2020), pis-
tachios (Anderson and Smith, 2006), and North American pine nuts
(Mahalovich et al., 2016) and from the evaluation of 875y /865y isotopes
in pistachios (Zannella et al., 2017) and peanuts (Zhu et al., 2014). No
data are available on the application of isotopic markers for hazelnut
geographical authentication. Finally, a key element in authentication by
multi-isotope-ratio analysis is the data treatment and chemometric
analysis (Drivelos & Georgiou, 2012; Podio et al., 2013; De Rijke et al.,
2016). When a large number of variables are studied, multivariate
techniques such as Principal Component Analysis (PCA) and Partial
Least Squares Discriminant Analysis (PLS-DA), among others, are crucial
to extract all the relevant information.

The objective of this prospective study was to evaluate the efficacy of
specific isotopic markers to identify hazelnut geographical origin. To
achieve this purpose, we analysed the elemental isotopic profile (5'3C,
8%H, 5'%0, 5'°N, 534S, and %Sr/%7Sr) and the §'3C and §%H of the fatty
acid methyl esters (FAMEs) of the hazelnut oil of 40 samples of raw
hazelnuts from four different origins. Chemometric tools were used
within a multi-isotopic approach to compare and identify the most
promising variables for hazelnut geographical authentication.
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2. Material and methods
2.1. Samples

Forty samples of hazelnuts from the ‘Tonda di Giffoni’ Italian cultivar
were produced over one to three harvest seasons in four different
countries: Spain (n = 10; 2019, 2020, 2021), Italy (n = 10; 2019, 2020,
2021), Georgia (n = 10; 2021) and Chile (n = 10; 2019, 2020). All
samples were collected when hazelnuts were ripe (harvested in August-
October for Georgia Italy and Spain and in March-April for Chile). Each
sample was obtained from one single tree. Geographical coordinates and
fertilisation data are reported in Table 1. Samples were provided in the
framework of the TRACENUTS project (PID2020-117701RB). Collected
hazelnuts were shelled at the laboratory. Kernels were stored under
vacuum and refrigerated at 4 °C until analysis.

2.2. Bulk isotopic analysis by Elemental Analysis-Isotope ratio Mass
spectrometry (EA-IRMS)

2.2.1. Sample preparation

Preliminary tests were conducted to determine the most suitable
sample treatment. For this purpose, three aliquots of 30 g each were
taken from the same homogeneous hazelnut sample (500 g) and sub-
jected to different grinding methods: cryogenic milling (Cryogenic Mill
6850, SPEX Certiprep, Metuchen, New Jersey, USA), domestic grinder
(Aromatic, Taurus, Oliana, Spain) and a combination of grinding fol-
lowed by cryogenic milling. Then, 5 g were taken in triplicate from each
ground sample and lyophilized in a Telstar Cryodos-45 freeze dryer
(Telstar, Terrassa, Spain). The lyophilization time until constant weight
was assessed, and the amount of water removed from the sample was
calculated.

The repeatability of the method chosen for sample treatment was
assessed on C/N ratios, 5'°N%o, and 5 2C%o, determined on 10 aliquots
obtained from the same ground and lyophilized sample, and extrapo-
lated to the rest of the light elements. Mean values and standard devi-
ation of each parameter were calculated.

The sample treatment selected for the isotope bulk analysis of 5'3C,
5%H, 580, 5'°N, %S involved grinding 30 g of the raw hazelnuts into
fine powder using a domestic grinder (Aromatic, Taurus, Oliana, Spain),
followed by a three-day lyophilizing process.

A dual-water equilibration test was performed to estimate any
possible exchange of H between the samples and the ambient according
to previous protocols (Sauer et al., 2009; Qi and Coplen, 2011). For this,
a set of 10 aliquots extracted from the same ground and lyophilized
sample, plus the standards, were weighed and loaded into individual
silver capsules (Liidi Swiss, Flawil, Switzerland). Then, five of them were
equilibrated in a glass desiccator with water depleted in 2H (Milli-Q
water, 5°H = —43 %0) and the other five were equilibrated with
deuterated water (6°H = +100 %o). In each glass desiccator, a set of
standards was also included. Samples were equilibrated for seven days
at ambient temperature (25 °C). Prior to analysis, samples equilibrated
with light and heavy water were dried in separate desiccators filled with
Sicapent (P20s) for seven days.

2.2.2. EA-IRMS

2221. C (613C—values in %o0) and N (615N—values in %o) isotope analysis.

About 0.8 mg of the powdered sample was weighed into individual tin
capsules for the determination of bulk §'3C- and 5'°N-values (%o).
Samples were measured in a Flash IRMS™ Elemental Analyser coupled
to a Delta V Advantage (IRMS) via Conflo IV interface (Thermo Fisher
Scientific, Waltham, Massachusetts, USA). In the elemental analyser,
each sample was combusted with oxygen added to the helium stream at
a temperature of 900 °C in a reactor comprised of copper oxide and
silvered oxides of cobalt (ThermoFisher Scientific, Waltham,
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Table 1
Geographical coordinates and the applied fertilization data of the hazelnut production parcels during the studied years, as provided by the producers.
Geographical coordinates Fertiliser (as N source) Organic N
(Units N/ha)
Straight NPK NPK NPK
NH,4NO3 (N: NO3; NHy) (N: Urea) (N: not specified)
Chile 35°15'36" S, 71°32'60" W - - - 91-115 -
Italy 42°25'23" N, - - - - -
12°4'45"E
Georgia 42°27'34 N, 41°51'31" E 40 - - 30 -
Spain 41°10'15" N, - 45 27 - mulching®
1°1009" E

a

Massachusetts, USA) and then NOy gases were reduced at 650 °C with
electrolytic copper to produce Nj. The gases obtained were carried
through water traps (granular magnesium perchlorate, Elemental
Microanalysis Ltd, Okehampton, UK) and N3 and CO, were separated in
a stream of helium N 60 (grade 99.9999 % purity, Air Liquide, Madrid,
Spain) at 180 mL/min with a GC column (length 2 m, diameter 6 x 5
mm) set to 40 °C and transferred into the isotope ratio mass spectrom-
eter. The certified international standards used were IAEA CH7 (5'°C =
—32.15 %o) and IAEA N1 (6'°N = 0.4 %o) both from Vienna (Austria).
UCGEMA K (keratin, 5'3C = ~14.97 %o, §'°N = 13.52 %), UCGEMA CH
(chitin, §"3C = —22.08 %o, 6"°N = —4.81 %), fructose (5'>C = —10.8 %0)
and UCGEMA P (animal hair, SN= +7.6 %o) were used as internal
secondary standards. The reference gases were Ny (6™N = —1.0 %0) and
CO; (63C = —41.2 %o). For sample combustion, Oz was injected for 2 s at
250 mL/min and for the 5'3C analysis the sample was diluted with the
carried gas to 78 %. Samples were analysed in duplicate.

2222. H (52H—values in %o) isotope analysis. About 0.1 mg of the
powdered sample was transferred into silver capsules for solids. To
prevent potential further H exchange, the capsules were sealed imme-
diately after being removed from the desiccator and were analysed right
after the encapsulation and pressing of the sample, where the sample
remains relatively isolated from the atmosphere. Samples were analysed
in a TC/EA-IRMS Delta Plus XP (Thermo Fisher Scientific) equipped
with a conventional autosampler (Sample Tray, N° 2, MAS200R auto-
sampler) and a pyrolysis reactor, heated to 1450 °C. Specifically, the
filling of this 450 mm ceramic reactor from the bottom to the top is as
follows: 20 mm quartz wool (Liidi Swiss), 30 mm of graphite (IVA
Analysentechnik, Meerbusch, Germany). Then, glassy carbon reactor
(IVA) is introduced inside the ceramic reactor and filled with 120 mm of
graphite (IVA) and then the graphite crucible (IVA); all this procedure is
according to the Thermo Fisher Scientific manual. Helium was used as
carrier gas (pressure 90 kPa) and the reference gas was hydrogen (Hz)
with a 5°H-value of —115.6 %o. The certified standards used were IAEA-
CH-7 (polyethylene, 5°H = —100.3 %0), coumarin (5°H = 82.3 %o,
reference material from Schimmelmann Research: Indiana University
Bloomington), icosanoic acid (62H = —166.7 %o) and biphenyl (62H =
—41.2 %o). Samples were analysed in duplicate in less than 12 h after
their sealing.

2.2.2.3. O (5"0-values in %o) isotope analysis. About 0.3 mg of the
powdered sample was introduced into silver capsules (Liidi Swiss, Fla-
wil, Switzerland). Samples were analysed in the same TC/EA-IRMS
Delta Plus XP mentioned above but the pyrolysis reactor temperature
was 1445 °C. The filling of the reactor was the same as reported for 2H
analyses. Helium was used as carrier gas (pressure 62 kPa) and the
reference gas was carbon monoxide (CO) with a 5'80-value of —8.68 %o
(pressure 180 kPa). The certified standard IAEA-601 (benzoic acid, 50
= +23.3 %o) and the internal secondary standards, UB-YCEM (6180 =
+17.6 %o) and UB-ASC (680 = +13.2 %o), both barium sulphates, were
used fitting the range of the samples. Samples were analysed in

: spontaneous vegetation, mowed 2-3 times per year and left on the ground between trees.

duplicate.

2.2.2.4. S (5**S-values in %) isotope analysis. About 8 mg of the
powdered sample was weighed into tin capsules (Elemental Micro-
analyses, Okehampton, UK). V,Os was added as a catalyser. Samples
were analysed in the same TC/EA-IRMS Delta Plus XP with a pyrolysis
reactor at 1035 °C. Specifically, the filling of the 450 mm quartz reactor
from the bottom to the top consists of: 30 mm of quartz wool (Liidi Swiss,
Flawil, Switzerland), 90 mm of copper wires (Elemental Microanalysis),
45 mm of quartz chips (Liidi Swiss) and 45 mm of tungsten (VI) oxide
(WO3) (Elemental Microanalysis). Helium was used as carrier gas
(pressure 65.5 kPa) and the reference gas was sulphur dioxide (SO3)
with a 6%*S-value of 1.266 %o (pressure 50 kPa). The certified standards,
IAEA S-2 (silver sulphide, 5°*S = +22.7 %o), IAEA SO-5 (barium sul-
phate, 52*S = +0.5 %o) and IAEA SO-6 (barium sulphate, 5*S = —34.1
%o), and the secondary standard UB-YCEM (barium sulphate, 54s =
+12.8 %o) were used. Samples were analysed in duplicate.

2.3. Isotopic analysis of FAMEs by gas Chromatography-Isotope ratio
Mass spectrometry (GC-IRMS)

2.3.1. Sample preparation

2.3.1.1. Oil extraction. Lipid fraction was extracted with 50 mL of
diethyl ether from 25 g of ground hazelnuts and the organic solvent was
evaporated to dryness.

2.3.1.2. Preparation of FAMEs. An aliquot of 100 mg of hazelnut oil was
dissolved in 2 mL of hexane and 200 pL of 2 M methanolic potassium
hydroxide solution was added (Hrastar et al., 2009). The mixture was
centrifuged, and the supernatant was analysed.

2.3.2. GC-IRMS

The analysis of H and C isotopes of individual FAMEs was carried out
in duplicate using a Trace GC Ultra gas chromatograph with a Triplus
Autosampler coupled to an Isotope Ratio Mass Spectrometer Delta V
Advantage through a GC Isolink interface (Thermo Fisher Scientific). A
total of 1 pL of sample was injected with a split ratio of 1:5. Analytes
were separated on a VF-23ms capillary column (60 x 0.32 mm 1.D., 0.15
pm of Agilent Technologies, Santa Clara, California, USA). The initial GC
oven temperature was 60 °C and was held for 1 min, then, it was
increased to 160 °C at 6 °C/min and held for 10 min. Finally, it was
increased to 240 °C at 6 °C/min.

Helium was the carrier gas, at a flow rate of 1.8 mL/min. The tem-
perature of the injector was 240 °C. The commercial NiO/CuO-NiO-Pt
combustion reactor (P/N 1255321, Thermo Fisher Scientific) operated
at 1000 °C for CO. In the case of Hy, the commercial high temperature
reactor (P/N 1255330, Thermo Fisher Scientific) was set at 1400 °C.
This pyrolysis reactor is empty, but an inner layer of carbon is formed
that covers the walls of the ceramic when conditioning it, this layer
serves to avoid contact with the oxygen of the walls (which is Aly03)
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and, on the other hand, to catalyse the reaction. The certificated stan-
dards, androstane, USGS76, coumarin, and a secondary standard, FAME
C19, were used for the 5?H analysis. Icosane, FAME C16, USGS76, FAME.
C19, USGS72, phenanthrene 16/0020 were used for the s8¢ analysis.

2.4. Isotopic analysis of %! Sr/%6sr by multi Collector-Inductively coupled
Plasma-Mass spectrometry (MC-ICP-MS)

2.4.1. Sample preparation and digestion

A 0.5 g-powdered sample was treated with 3 mL of concentrated
HNO3 and 1 mL of water, both ultrapure, into a closed quartz reactor
using a microwave assisted digestion system Ultrawave ECR (Milestone
Slr, Sorisole, Italy) at 240 °C (ramp for 30 min and maintenance for 15
min). After complete digestion, 5 mL of ultrapure water were added, and
the solution was weighed. The final volume was calculated by the so-
lution weight and weight/volume ratio.

2.4.2. Preliminary quantification of Sr and Rb by Inductively coupled
Plasma-Mass spectrometry (ICP-MS)

Samples were analysed by a Nexion 350d ICP-MS (PerkinElmer Life
& Analytical Sciences, Waltham, Massachusetts, USA) in standard mode
without collision and/nor reaction gas in 1/20 ratio.

Standard solutions of concentrations in the range of the samples,
prepared from 1 g/L Rb and Sr certified standards (Inorganic Ventures,
Christiansburg, Virginia, USA), were used for calibration.

2.4.3. Sample purification

After digestion, samples were evaporated to dryness inusing Savillex
® PFA beakers using ultra clean evaporation stations (ISO 5) at the LIRA
(Laboratori d’Isétops Radiogenics i Ambientals) ultraclean Lab (UB).
Then, samples were brought back into solution in ultrapure (double
distilled) 8 N HNOs acid (1 mL). Sr was purified using Sr-SPEC Resin
(100-150 pm mesh; Triskem International) packed in 1 mL poly-
propylene cartridges with porous PFA mesh used as frits and connected
into a Triskem24-manifold vacuum box attached to a vacuum pump
system. Sr elution started by cleaning the Sr-SPEC resin with 20 mL of
0.05 N HNOj3 and conditioning with 5 mL of 8 N HNO3 before loading
the sample in 1 mL of 8 N HNOs (a previous concentration check is made
to assure loading around 500 ng of Sr). Next, matrix was eluted with 5
mL of 8 N HNO3 to mainly get rid of sample matrix as well as Rb, which
presents isobaric interferences during the spectrometric measurements.
The purified Sr was finally eluted with 5 mL of ultrapure 0.05 N HNOsg,
evaporated and dissolved in 2 % HNOgs acid for the MC-ICP-MS
measurements.

2.4.4. MC-ICP-MS

The determination of Sr isotope composition was performed using a
Plasma 3 Multi Collector Inductively Coupled Plasma Mass Spectrom-
eter (Nu Instruments-AMETEK) at Centres Cientifics i Tecnologics of the
Universitat de Barcelona (CCiTUB). Samples and standards were
matched in concentration. Procedural blanks contained less than 360
pg of Sr, which was negligible compared to the Sr amounts in the sam-
ples (over 250 ng) and were systematically corrected. The contribution
of 8Rb to the 87Sr signal was mathematically corrected from the mea-
surement of the 8°Rb signal, assuming a 8’Rb/%°Rb ratio of 0.38562.
The 86Kr interference on ®Sr, caused by Kr impurities in the argon gas,
was also corrected by measuring the 8%Kr signal, and assuming
a 83Kr/%Kr value of 0.66453. Mass bias was corrected with the expo-
nential model, using the traditionally accepted °Sr/3Sr ratio value of
0.1194 (Nier, 1938). A further normalization by the sample-standard
bracketing method was performed by analysing the NIST SRM 987
isotopic certified standard before and after each sample. Results were
provided relative to this standard, assuming a reference value for
the 87Sr/8%sr ratio of 0.710249 (Azmy et al., 1999). The reproducibility
of the analysis was typically better than 0.000030 (2SD).
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2.5. Data treatment and statistical analysis

First, the possible effect of the fertilisation on the 515N, 5%*s and
8751 /86Sr was studied. 5'°N values were plotted versus 5°*S values and
1/[Sr] (pg/g) was plotted versus Sr/%6Sr values as found in Epova et al.
(2019). Then, these values were compared with those reported in the
literature according to the type of fertilisers and to the geogenic values
of each geographical area. After evaluating the results obtained in our
study, the variables 5'°N, §3*S were excluded from the development of
geographical modelling, while 8 Sr/%6Sr was further considered.

A data matrix was built, consisting of the 40 samples (rows) and 11
variables presumed to be unaffected by agronomic practices (bulk 53C,
5%H and 5%0; 5'°C of C16:0, C18:0, C18:1, C18:2 FAMEs and 5°H of
C16:0, C18:1, C18:2 FAMES; %’Sr/%°Sr) (columns).

Principal Component Analysis (PCA) was performed with SIMCA
v13.00 (Umetrics AB, Sweden) to explore the data and to identify any
potential outliers according to the Hotelling’s T? range and model re-
siduals parameters. No outliers were detected.

Afterwards, the data matrix was used to develop and validate Partial
Least Square-Discriminant Analysis (PLS-DA) classification models to
discriminate samples according to their geographical origin (SIMCA
v13.00). In PLS-DA multi-class models, a dummy Y matrix with as many
classification vectors as classes was used, each vector had values of 1 for
one class (a specific country of origin) and O for all the other classes (the
other countries). Then, each sample was classified into the class corre-
sponding to the vector leading to the highest PLS predicted value (PV);
but samples whose PV did not reach the classification threshold (PV <
0.5) for any vector were not assigned to any country (no class).

The regression coefficients of the global PLS-DA model were studied
to determine which variables were more relevant to discriminate among
origins. To evaluate the significance of the regression coefficients, the
jack-knife standard error of cross-validation (SEcv) was used. Co-
efficients were considered significant if their values were higher than
their corresponding SEcv. The variables exhibiting significant co-
efficients were used to develop optimized PLS-DA classification models.
Two models were built: one based on isotopic profiling of light elements
alone, which are suitable for routine analysis, and another model that
incorporated also 87Sr/%sr isotopic composition, to further evaluate its
discriminatory potential as a heavy geo-element.

Models' performance was assessed through internal validation with
leave-10 %-out cross-validation, and the optimal number of latent var-
iables (LV) was selected according to the lowest Root Mean Squared
Error of Cross Validation (RMSEcv) criteria. The optimal pre-processing
for all the models was mean centring and scaling to the unit of variance.
Permutation test and ANOVA on the cross-validated predictive residuals
(p-value) were carried out to assess the models’ overfitting. The suit-
ability of the PLS-DA models was evaluated by the Q2 values and the
percentage of correct classification of each class.

3. Results and discussion
3.1. Sample preparation for bulk isotopic analysis

Homogeneity can be a critical factor that limits the precision of bulk
isotopic analysis when applied to solid samples with distinct morpho-
logical components (Carter & Fry, 2013), such as hazelnuts. Moreover,
the high lipid content in hazelnut kernels can pose challenges in
obtaining a fine powder necessary for accurately weighing small and
uniform amounts of this sample matrix. For this reason, different
grinding methods were tested, a small domestic grinder, a cryogenic mill
and a combination of both. The lyophilization efficiency achieved after
the application of each grinding method was evaluated (Table S1,
Supplementary material). All the replicates obtained using a domestic
grinder were completely lyophilized within 72 h, while only two of the
cryogenic mill replicates achieved the complete lyophilization, after
127 h. The combination of grinder and cryogenic mill led to a paste that
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could not be lyophilized within 127 h. Considering these results, the
cryogenic mill was excluded.

Repeatability results for 5'°N and 5'C bulk analysis (n = 10) were
—28.17 £ 0.05 %o and 6.9 £ 0.2 %o, respectively, confirming that the
selected method produces a sufficiently homogeneous sample, ensuring
acceptable precision in the isotopic measurements. It was assumed that
the observed repeatability also held valid for the remaining elements
analysed by EA-IRMS.

The extent of exchangeable H was evaluated to assess the impact of
recent exposure of hazelnuts to water or vapor on the H isotope ratios.
The dual-water equilibration assay revealed identical 5°H %o values
(=149 £ 2 and —152 + 2) between the samples equilibrated with the
two isotopically different waters (Milli-Q grade water —43 %o and
deuterated water +100 %o, respectively). Therefore, labile H appeared
not to be isotopically relevant in the hazelnut samples.

3.2. N, S and Sr isotopic profile of hazelnuts and possible impact of
fertilisation practices

Mean isotopic compositions of N, S and Sr in hazelnuts from the four
origins are reported with the corresponding standard deviation in
Table 2. The plot of §'°N %o versus 5>*S %o values (Fig. 1) reveals a lack of
discernible patterns in the 5°*S values of hazelnuts across the four
distinct geographical areas. According to Vitoria et al., 2004, these 534S
values are in the range of fertilisers, so geographical factors that may
differentiate these zones could have been masked by the diverse agro-
nomic practices employed in each plantation, thereby losing value as a
geographical marker in this study. On the contrary, 5'°N differentiates
almost completely the samples from each of the four provenances,
showing the lowest values in Chilean hazelnuts, followed by Italian,
Georgian and Spanish ones. The N isotopic composition of both Chilean
and Italian samples aligns with the expected values based on current
fertilisation agricultural practices (Table 1) and previous literature
(Vitoria et al., 2004; Bateman and Kelly, 2007; Laursen et al., 2013).
Specifically, the application of synthetic fertilisers justifies the depletion
of 1N in the Chilean samples compared to the non-fertilized Italian
samples. Conversely, also synthetically fertilised Georgian and Spanish
samples exhibited enriched '°N values compared to the latter. These
results may be attributed to the specific type of fertilisation employed or
the long-term fertilisation history of such soils, given that residual ni-
trogen from fertilizers, as forecasted by Sebilo et al. (2013), possesses

Table 2
Mean and standard deviation results of all the isotopic markers for the 4 origins
(Chile, Georgia, Italy and Spain).

Chile Georgia Italy Spain
515N (%0) —-0.6 + 0.5 25+0.4 0.9+0.6 4.0+0.4
534S (%0) 7.2+ 0.9 5.6+ 1.2 6.4+ 0.5 61+1.3
513C (%0) -26.7 + 0.8 -27.7+0.4  —269+0.6 —-26.7 + 0.5
8H (%0) -169.2 + 8.3 -172.4 + -161.8 + ~159.0 + 7.9

3.1 7.8
5180 (%0) 23.7 + 1.0 20.1 +£0.5 24.4+0.7 23.6 + 0.4
5'3C-Palmitic -30.1+0.6 -309+04 -301+07  —30.1+0.5
(%o)
513C-Stearic 322+ 1.1 -335+1.2 -322+12 -31.8+1.0
(%o)
513C-Oleic -28.3+0.7 -29.0+0.4 -283+0.8 —-28.3+0.6
(%0)
5'3C-Linoleic -306+0.7 -31.4+04 —31.24+09 —309+0.9
(%o)
52H-Palmitic ~183.9 + 7.4 ~187.5 + ~175.4 + ~164.9 + 8.4
(%0) 5.6 5.4
5°H-Oleic (%)  —195.2 + 4.8 —-200.8 + -187.4 + -179.8 + 6.1
2.7 3.1
§2H-Linoleic —218.4 4+ 3.6 —2233 + —207.3 —202.2 + 6.6
(%o0) 4.9 4.9
878r/%6sr 0.70436 + 0.706 + 0.709 + 0.7087 +
4x10° 1x10°° 1x10 2 1x10 4
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Fig. 1. Plot of 8'°N %o values versus 5>*S %o values in hazelnuts from Chile
(green), Georgia (blue), Italy (red), and Spain (yellow).

the capacity to sustain crop nutrition for a duration extending up to five
decades. In Georgia, significant amounts of straight fertiliser NH4NO3
were used in addition to NPK, which has been reported to yield rela-
tively higher enriched 15N water-soluble products (6" Nno3 = +5.6 %o)
in some cases (Vitoria et al., 2004). On the other hand, the higher 55N
values observed in Spanish samples could not be easily related to the
current fertilisation practises, as producers said to apply a mixture of
NPK and leave spontaneous vegetation mowed 2-3 times per year as
mulch between the rows of trees. This vegetation cover (legumes or non-
legumes) would enhance the homogeneity of the soil nitrogen supply
and reduce the fertilizer influence on the isotopic composition of
hazelnuts (Krauf} et al., 2020; Giannioti et al., 2024), so we propose that
it should be the result of previous history of soil fertilization.

The findings from this study, along with previous research, indicate
that the complexity arising from the variability of synthetic fertilisers'
isotopic signatures, plant physiological factors, potential bacterial-
mediated reactions resulting in N isotopic fractionation, the potential
influence of climate and soil characteristics and remaining fertilizer N
still residing in the soil present challenges in elucidating the impact of
agricultural practices and, specifically, in predicting N isotopic compo-
sition based on geographical origin.

Regarding Sr, combining its concentration and isotopic composition
in hazelnuts permitted a clear discrimination of the samples according to
their origin (Fig. 2). Despite the reported isotopic differences in trace
amounts of Sr present in fertilisers (Vitoria et al., 2004), the 87sr/%0sr
composition in hazelnuts align with the geogenic factors of each pro-
duction area after checking geological maps (Jones et al., 1994). Spanish
and Italian samples presented the highest values, consistent with Ho-
locene formations, whereas Georgian and Chilean samples showed
lower ones, indicative of more recent Neogene formations and recent
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Fig. 2. Plot of 1/[Sr] (ug/g) versus Sr/%Sr values in hazelnuts from Chile
(green), Georgia (blue), Italy (red) and Spain (yellow).
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volcanism, respectively. Furthermore, the Sr abundance in hazelnuts
varied according to their origin, with Italian and Chilean hazelnuts
exhibiting higher levels, followed by Spanish and Georgian samples.
Although Sr isotopic composition can potentially be influenced by the
use of different fertilisers, the impact of these variations does not seem to
be critical in the analysed samples. Therefore, it is deemed appropriate
to further consider this marker for the development of geographical
classification models, while also acknowledging that the practical
application of this determination in routine analysis may present
challenges.

3.3. Evaluating relevant isotopic markers for hazelnut geographical
authentication by Partial Least Square-Discriminant analysis (PLS-DA)

3.3.1. Evaluation of light element isotopic composition: Regression
coefficients of global PLS-DA model

In Table 2, mean and standard deviation results of all the isotopic
markers for the four origins are reported. After excluding 5'°N and 534S
for the reasons given above, noticeable differences between the means
can be appreciated, especially for the 5'%0, 5?H of the FAMEs and
875r/80Sr, but no marker, by itself, can differentiate between all the
origins. For this reason, it is more advisable to study the complete iso-
topic profile applying multivariate techniques such as PLS-DA. This
approach provides a more comprehensive understanding of the samples
by utilizing a broader range of information, thus enabling better
discrimination. Additionally, it permits the identification of variables
with the highest discriminant power. Indeed, one of the primary ob-
jectives of this study was to identify highly promising isotopic markers
that can be utilized in future classification models, with a focus on using
the minimum number of variables that demonstrate the highest
discrimination power. This approach was aimed at streamlining the
analytical procedure while maximizing accuracy. To accomplish this,
the regression coefficients of the prospective PLS-DA classification
models, developed with hazelnut samples from four distinct origins,
were evaluated.

A multiclass PLS-DA model was built to discriminate samples ac-
cording to their geographical origin, including light element bulk 5°H,
513¢, 5180, and 5°H, 8'3C of the FAMEs as the variables. Elements whose
isotopic value could potentially be influenced by specific agronomic
practices or demonstrated negligible variation in relation to hazelnut
origin, such as N and S (Section 3.2), were omitted from the model to
prevent any potential bias. Moreover, to focus first on light elements
alone, Sr was also excluded from modelling at this stage. The PLS-DA
model cross-validation results provided an 85 % of global correct clas-
sification, with percentages higher than 70 % for each individual class.
Only two samples were misclassified, while four samples were not
assigned to any category (Table 3a). Permutation tests, which display
the prediction capacity of 20 random models, and ANOVA of the cross-
validation (p < 0.05) indicated the absence of a random classification
and of model overfitting.

PLS regression coefficients (Fig. 3a) indicated that among bulk iso-
topic markers, only 5'°0 seemed to contribute relevantly to the
discrimination between geographical origins, showing significant posi-
tive correlation with Chile and Italy classes and significant negative
correlation with Georgia and Spain ones. The 5°H and 5'>C of some of
the main FAMEs (52H of palmitic and oleic acid; 5'3C of linoleic acid)
were also relevant for the discrimination of Italian and Spanish samples,
respectively. Neither bulk 6'3C or §°H seemed to be relevant for the
classification of any of the tested hazelnut origins. The mean values of
the bulk &°H and §°H of the FAMEs of each origin (Table 2) were
coherent with the isotopic ratios of the precipitations at the specified
locations: the Georgian fruits and water (6®Hyater = —53 %o) exhibited
the most depleted values in ZH, followed by Chile (:Sszater = —41 %o),
Italy (5°Hyater = —38 %o) and Spain (*Hyater = —34 %o) (Bowen &
Revenaugh, 2003; Bowen, 2024; IAEA/WMO, 2015). Conversely, the
5'80 mean values of each origin did not presented a clear correlation
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Table 3

Results of the leave-10 %-out cross-validation of the: a) Global PLS-DA classi-
fication model that included the variables §2H, §'3C, §'%0, and §°H, 5'°C of the
main FAMEs; b) PLS-DA classification model that included the variables 820,
and 8°H, 5'°C of the main FAMEs and ¢) PLS-DA classification model that
included the variables Sr®/Sr®®, §'°0, and §%H, 5'3C of the main FAMEs.

a)
n Chile  Georgia Italy Spain  Correct class No
(%) Class*

Chile 10 9 0 0 90 1
Georgia 10 O 10 0 0 100 0
Italy 10 0 7 1 70 2
Spain 10 0 0 1 8 80 1
Total 40 85

N = 40, 5 LVs, Q% = 0.38, RMSEcv = 0.43, ANOVA p-value < 0.05.* Not assigned
samples (PV < 0.5)

b)
n Chile  Georgia Italy Spain  Correct class No
(%) Class*

Chile 10 7 0 0 70 3
Georgia 10 O 10 0 0 100 0
Italy 10 0 9 0 90 1
Spain 10 0 0 1 8 80 1
Total 40 85

N = 40, 4 LVs, Q2 = 0.45, RMSEcv = 0.38, ANOVA p-value <0.05.* Not assigned
samples (PV < 0.5)

)
n Chile  Georgia Italy Spain  Correct class No
(%) Class*

Chile 10 10 0 0 100 0
Georgia 10 0 10 0 0 100 0
Italy 10 1 0 8 1 80 1
Spain 10 0 0 0 9 90 1
Total 40 92.5

N = 40, 4 LVs, Q> = 0.62, RMSEcv = 0.34, ANOVA p-value < 0.05.* Not
assigned samples (PV < 0.5).

with precipitation (Georgia 5180 ater = —8.4 %o; Chile 6'%Owater = —6.4
%o; Italy 6*0yater = —6.2 %o; Spain 680 yaer = —5.6 %o) (Bowen et al.,
2024; Bowen and Revenaugh, 2003; IAEA/WMO, 2015). This observa-
tion may be attributed to the fact that organic hydrogen exclusively
derives from water in the hydrosphere, whereas oxygen can originate
from various sources, including atmospheric oxygen and photo-
synthesized carbon dioxide (De Rijke et al., 2016).

3.3.2. Optimised PLS-DA model based on light element isotopic composition

A new PLS-DA model was built with the most relevant variables not
influenced by other factors: 5180, and 5ZH, 5'3C of the FAMEs. The
absence of random classification and model overfitting was evidenced
by the permutation tests and ANOVA (p < 0.05).

The performance of the new simplified model was equivalent to the
previous one (Table 3b), yielding slightly better and slightly worse re-
sults for Italian and Chilean samples, respectively, but also achieving an
85 % of global correct classification. This confirms that isotopic markers
omitted in this simplified model did not play a crucial role in the
discrimination. Besides, only one sample was misclassified, and five
were not classified.

The assessment of the regression coefficients assessment demon-
strated that most of the included variables were relevant in discrimi-
nating at least one origin (Fig. 3b). For the classification of Georgian,
Chilean and Italian samples, the 580 was a relevant variable, negatively
correlated with the first one and positively correlated with the other two
origins. The 5%H of FAMEs was significant for the samples from Spain
and Chile. Additionally, for this last origin and for Italian samples, 5'>C
of the FAMEs was also a relevant variable.
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Fig. 3. Regression coefficients of the: a) Global PLS-DA model developed including the variables 5%H, 5'3C, 5'0, and 5°H, §'3C of the main FAMEs (5°H of palmitic
52H-P, oleic- 5°H-0, and linoleic acids §*H-Ln; §*3C of palmitic 5'3C-P, stearic 5'3C-S, oleic 6'>C-O and linoleic acids §'C-Ln); b) PLS-DA model developed including
the variables §'%0, and §%H, §'°C of the main FAMEs and c) PLS-DA classification model that included the variables Sr®”/Sr%, §'80, and §%H, §'3C of the main FAMEs.
Significant coefficients are highlighted in blue or red colour (‘Chile’ (blue) vs ‘non-Chile’ (red), ‘Georgia’ (blue) vs ‘non-Georgia’ (red), ‘Italy’ (blue) vs ‘non-Italy’

(red) and ‘Spain’ (blue) vs ‘non-Spain’ (red).

3.3.3. PLS-DA model including relevant light element and Sr isotopic
composition

Isotopic composition of Sr is expected to provide a strong correlation
with the geographical origin of agricultural products, as it is influenced
by the geological characteristics of the soil. Indeed, the results obtained
in the present study (presented in section 3.2), demonstrated that
8751 /86Sr composition enabled to clearly distinguish Chilean and Geor-
gian hazelnuts among them and from Spanish and Italian hazelnuts
(Fig. 2). It is important to note that isotopic analysis of Sr involves
labour-intensive purification steps and higher operating costs compared
to analysing more abundant light elements (Katerinopoulou et al., 2020;
Laursen et al., 2016), making this marker difficult to apply for routine
analysis. However, it can be evaluated as a confirmatory tool for samples
that resulted uncertain or unclassified by the model based on light
element isotopic data, thus limited to a smaller number of samples.

To evaluate the suitability of %7Sr/%6Sr composition as such a
confirmatory tool, a classification model was developed including the
relevant light isotopic markers and 8”Sr/%6sr composition. The classifi-
cation results were improved including the 875r/86gr (Table 3c¢),
achieving a 92.5 % of global correct classification and classifying three
of the five samples that resulted as not classified in the previous model.
In this way, for each individual class, the percentages of classification

were higher than 80 %. ANOVA and permutation tests showed that the
model had a high discrimination capacity and was not overfitted.

The evaluation of the model regression coefficients (Fig. 3c¢) evi-
denced that most of the included variables were still significant for one
or more origins, being the 8Sr/%Sr especially relevant for the Chilean
(negative correlation) and Italian (positive correlation) hazelnuts.

These results demonstrate the potential use of 8Sr/%Sr as confir-
matory tool to classify uncertain samples.

4. Conclusions

Multiple specific isotopic markers were assessed in this prospective
study as potential tools to authenticate hazelnut geographical origin.
Based on the obtained results, it can be concluded that the most prom-
ising variables are bulk 6180, and 5%H, §'3C of the main FAMEs, since
they are minimally influenced by external factors such as fertilisation
treatment and have shown to be relevant in discriminating among
geographical origins. On the other hand, the analysis of 8”Sr/%6sr, could
be valuable to discriminate uncertain samples or as a confirmatory tool.
These findings serve as a starting point for the development of efficient
and robust models based on large-scale datasets, which should be further
validated to assess their efficiency as hazelnut geographical
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authentication tools.
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5.2 Enhancement and validation of isotopic methods for hazelnut

geographical authentication

5.2.1 Multi-isotopic approach

The results of the PoC study ( ) demonstrated that bulk 6§80, and 6%H, §'3C
of the FAMEs, were the most promising isotopic markers for hazelnut geographical
authentication, while Sr could be proposed as a possible confirmatory marker for
uncertain samples. These markers were not influenced by agronomic practices and
proved to be the most relevant isotopic variables in differentiating hazelnuts according

to their geographical area of origin.

However, their effectiveness as a tool for hazelnut origin authentication needed to be
properly evaluated on larger sample sets, including more samples from each category,
multiple harvest years, and various production areas. Therefore, a subsequent study
was conducted with an enriched sample set to build and externally validate PLS-DA
classification models for discriminating between different hazelnut provenances

(Figure 10).

This sample set included all TG samples conforming an expanded hazelnut sample set,
that included 207 samples of TG cultivar hazelnuts across four regions in different
countries (CHL, n=40), Spain (ESP, n=91), Georgia (GEO, n=40), and ltaly (ITA, n=36).
Samples were collected over four harvest seasons (2019-2022). The models’
performance was assessed in terms of fitting and classification accuracy in external

validation ( ).
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Abstract: High-value products, such as hazelnuts, are particularly vulnerable to fraud due to their
price dependence on geographical origin. Guaranteeing hazelnuts’ authenticity is essential for
consumer trust and safety. Stable isotope analysis has become a reference method for origin authenti-
cation as it is reliable, robust, and easily transferable across laboratories. However, multiple isotopic
markers coupled with chemometric techniques are often needed to authenticate food provenance
accurately. In this study, we focused on assessing the potential of bulk §'80, along with §*H and §'3C
of the main fatty acids, as hazelnut-origin authenticity markers. PLS-DA classification models were
developed to differentiate samples (n = 207) according to their region of origin. This multi-isotopic
approach provided promising external validation results, achieving a 94% global correct classifica-
tion rate in discriminating hazelnuts from regions with distinct geographical and environmental
conditions. This study lays the groundwork for further model development and evaluation across
additional production areas and harvest years.

Keywords: hazelnut; stable isotopes; geographical authentication; PLS-DA; food fraud

1. Introduction

Ensuring the authenticity of food products is paramount for fostering consumer trust
and safety throughout the food chain. Verifying authenticity and traceability demands
robust analytical methods, which is especially crucial for regulatory bodies. Over the
past few decades, stable isotope analysis has progressively consolidated its position as
a reference authentication method, as isotopic data can be reliably measured in routine
work and effectively compared across laboratories. This reliability has also led to the
utilization of these methods in legal cases as part of enforcement exercises [1]. Accord-
ing to various studies, stable isotope analysis is effective at detecting adulteration and
verifying farming practices in various food products [2-5], as well as in determining the
geographical origin of food commodities [1,6-11], which is a crucial aspect of assessing food
authenticity. The effectiveness of isotopic measurements in verifying food’s geographical
origin stems from the dependence of isotopic ratios on the geological characteristics and
environmental conditions of the area where it was produced. Regarding plant-derived food
specifically, the isotopic ratio of light elements (§'3C, §?H, and §'80) is significantly shaped
by geological and environmental conditions, such as soil composition and precipitation
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patterns [4,6-10,12]. The 513C ratio in plants is closely related to their botanical origin,
allowing discrimination between C3 and C4 plants, with the former being more depleted in
the heavier isotope [13,14]. However, other studies have shown that it might be influenced
by several environmental factors such as temperature, precipitation, water stress, humidity,
and ambient CO, concentration [15-17]. The ?H and §'80 values in plants are determined
by the meteoric water isotopic ratios of the specific cultivation territory. These ratios result
from isotopic fractionation processes occurring during water phase changes (solid-liquid-
vapor) such as evaporation, condensation, and precipitation, which are driven by factors
such as latitude, altitude, and temperature [6,8]. Nevertheless, while organic hydrogen (H)
in plants derives solely from water in the hydrosphere, oxygen (O) can originate from other
sources, such as the atmosphere or photosynthesized CO, [8,10]. Therefore, numerous
environmental and climatic factors can impact the 5180 ratio, rendering it a particularly
promising candidate for geographical authentication.

Recent studies have shifted their focus beyond the bulk analysis of light bio-elements
to include compound-specific isotopic data [4,10]. This approach allows for more insight
into isotopic data by assessing the isotopic ratios of elements in specific food components
such as proteins, lipids, or carbohydrates [4]. This strategy has been applied for origin au-
thentication in a wide number of foods, including honey [18], olive oil [10,19], pumpkin [20],
and shitake mushrooms [21], among others.

Geographical origin determination often requires considering multiple stable isotope
parameters [1]. In fact, in most cases, a single isotopic marker is insufficient to authen-
ticate food origin [7,9,10,22], but the combination of multiple isotopic markers can satis-
factorily achieve this purpose, offering more comprehensive information and enhancing
method accuracy.

In addition to selecting the appropriate isotopic markers, a crucial aspect of the
authentication strategy lies in data analysis, especially when dealing with multi-isotope
ratios. Supervised chemometric techniques, such as partial least squares discriminant
analysis (PLS-DA), offer an advantageous alternative to unsupervised methods, enabling
the construction of classification models and the accurate prediction of unknown samples.
Specifically, PLS-DA is focused on finding the maximum correlation between data and
the selected class variable, minimizing those variables not related to the selected category.
It has been proven to be an efficient tool for authentication purposes [23-25]. Various
studies have successfully applied multi-isotope analysis combined with chemometrics to
verify the origin of various food products, aiming to protect consumers from misleading
information [6-9,11,23-25].

Given that market prices frequently rely on the geographical area of production,
certain high-value products become particularly vulnerable to fraudulent practices, such
as falsifying a label’s declared origin. This is motivated by the potential for illicit profit
and is often aggravated by a lack of efficient authentication methods. This is the case with
hazelnuts, whose price and sensorial characteristics are highly dependent on their region
of origin [26,27]. These nuts are highly valued in the food industry, both in their raw and
processed forms. Italian and Spanish hazelnuts, in particular, present market prices up
to twice as high as those from other origins [27], with hazelnuts under quality schemes,
such as Protected Denominations of Origin and Protected Geographical Indications, further
enhancing their value [28].

Few studies have addressed nut authenticity through isotope-based methods. Promis-
ing findings have been obtained from analyzing the isotopic ratios of bio-elements in
pistachios [29], walnuts [12,30,31], peanuts [32], and pine nuts [33]. To the best of the au-
thors” knowledge, only Sammarco et al. [34] have applied isotopic markers to authenticate
the origin of hazelnuts, combining this approach with multi-elemental analysis. To further
explore the potential of isotopic data in verifying hazelnuts’ origin, preliminary research
was carried out to optimize the analytical procedures and to identify the most suitable
isotopic markers for implementation in a multi-isotopic approach [35]. This prospective
study, conducted on a restricted sample set, revealed that bulk 5180, together with 5?H
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and 5'3C measured in the main fatty acid methyl esters (FAMEs) were the most relevant in
discriminating hazelnut samples from different origins when excluding isotopic markers
influenced by external factors such as fertilization treatment. Therefore, exploring the
potential of multi-isotopic markers by constructing and testing origin classification mod-
els based on large sample sets, including different provenances and harvest years, could
provide new, reliable tools to ensure hazelnut origin.

Considering this previous knowledge, the main aim of the present study is to explore
the potential of several isotopic markers that have formerly shown promise as hazelnut
geographical authentication tools and to assess their suitability. For this purpose, PLS-DA
classification models based on bulk §180, along with 82H, and §13C of the main FAMEs
were developed to discriminate hazelnuts according to their region of origin. These models
were built on a sample set of 207 hazelnuts from four different geographical origins and
evaluated through external validation.

2. Materials and Methods
2.1. Samples

The sample set consisted of 207 “Tonda di Giffoni” hazelnuts from four harvest seasons
and four different regions located in Chile (CHL, n = 40; 2019, 2020), Spain (ESP, n = 91;
2019, 2020, 2021, 2022), Georgia (GEO, n = 40; 2021, 2022), and Italy (ITA, n = 36; 2019, 2020,
2021), respectively. Geographical coordinates for each production region are reported in
Table 1.

Table 1. Harvest year and geographical coordinates of parcels where hazelnuts were produced.

2019 (n) 2020 (n) 2021 (n) 2022 (n) Geographical Coordinates
Chile 20 20 - - 35°15'36" S, 71°32/60” W
Spain 23 23 23 22 41°10'15” N, 1°10'09” E
Georgia - - 20 20 42°27'34" N, 41°51'31" E
Italy 12 12 12 - 42°25'23" N, 12°4'45" E

Each hazelnut sample was taken from an individual tree and collected at the time
of ripening, with harvests taking place in March-April for CHL and in August-October
for ESP, GEO, and ITA. Sample information is summarized in Table S1 of the Supplemen-
tary Materials.

Samples were obtained within the TRACENUTS project (PID2020-117701RB-100) and
collected from distinct hazelnut trees by producers. Hazelnuts were shelled at the labora-
tory, and kernels were stored under vacuum at 4 °C until analysis.

2.2. Bulk Isotopic Analysis by Elemental Analysis—Isotope Ratio Mass Spectrometry (EA-IRMS)
2.2.1. Sample Preparation for Bulk Isotopic Analysis

Sample preparation was carried out, as reported by Torres-Cobos et al. [35]. About
30 g of raw hazelnuts were ground into fine powder using a domestic grinder (Aromatic,
Taurus, Oliana, Spain). Then, ground samples were lyophilized for three days in a Telstar
Cryodos-45 freeze dryer (Telstar, Terrassa, Spain).

2.2.2. EA-IRMS

Samples were analyzed in the conditions reported by Torres-Cobos et al. [35]. An
aliquot of 0.3 mg of the ground sample was placed into silver capsules (Liidi Swiss, Flawil,
Switzerland) and analyzed in a TC/EA-IRMS Delta Plus XP (Thermo Fisher Scientific)
equipped with an autosampler (Sample Tray, N° 2, MAS200R autosampler) and a 450 mm
ceramic pyrolysis reactor, heated to 1445 °C. The filling of the reactor was carried out
according to the Thermo Fisher Scientific manual [35]. Helium was the carrier gas (pressure
62 kPa), and carbon monoxide (CO) was the reference gas with a §!'80-value of —8.68 %o
(pressure 180 kPa). The certified standard IAEA-601 (benzoic acid, 5180 = +23.3 %o) and the
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internal secondary standards, UB-YCEM (6180 = +17.6 %o) and UB-ASC (580 = +13.2 %o),
both barium sulfates, were used fitting the range of samples. Samples were analyzed
in duplicate.

2.3. Isotopic Analysis of FAMEs by Gas Chromatography—Isotope Ratio Mass Spectrometry
(GC-IRMS)

2.3.1. Sample Preparation for Isotopic Analysis of FAMEs

Samples were prepared, as reported by Torres-Cobos et al. [35]. For each sample,
the lipid fraction of 25 g of ground hazelnuts was extracted with 50 mL of diethyl ether
and evaporated to dryness. Subsequently, FAMEs were prepared, dissolving 100 mg of
hazelnut oil in 2 mL of hexane and adding 200 uL of a 2M methanolic potassium hydroxide
solution [2]. After centrifugation, the supernatant was analyzed.

2.3.2. GC-IRMS

The analysis was carried out as reported by Torres-Cobos et al. [35]. The H and C
isotopes of individual FAMEs were analyzed in duplicate using a Trace GC Ultra gas
chromatograph with a Triplus Autosampler, coupled to an Isotope Ratio Mass Spectrometer
Delta V Advantage through a GC Isolink interface (Thermo Fisher Scientific, Waltham, MA,
USA). The injection volume was 1 uL, with a split ratio of 1:5. The separation of FAMEs
was performed on a VF-23ms capillary column (60 x 0.32 mm LD., 0.15 um of Agilent
Technologies, Santa Clara, CA, USA). The GC oven temperature was initially set at 60 °C,
held for 1 min, increased to 160 °C at a rate of 6 °C/min, and held for 10 min. Lastly, it was
raised to 240 °C at a rate of 6 °C/min.

Helium was the carrier gas at a flow rate of 1.8 mL/min. The injector tempera-
ture was 240 °C. The commercial NiO/CuO-NiO-Pt combustion reactor (P/N 1255321,
Thermo Fisher Scientific, Waltham, MA, USA) operated at 1000 °C for CO,. For the
analysis of Hj, the commercial high-temperature reactor (P/N 1255330, Thermo Fisher
Scientific, Waltham, MA, USA) was used and adjusted to 1400 °C. The certificated stan-
dards used for the analysis of §°H were Androstane (8°H = —293.2 4 1.0 %), USGS76
(6°H = —210.8 + 0.9 %o), Coumarin (8°H = 82.3 + 1.2 %), and a secondary standard, FAME
C19 (8°H = —215.25 4 0.6 %o). For the analysis of §13C, the standards used were Icosane
(813C = —40.91 + 0.02 %0), FAME C16 (613C = —30.78 + 0.02 %0), USGS76 (613C = —31.36
+ 0.04 %0), FAME C19 (8'3C = —30.32 4 0.02 %o), USGS72 (6'3C = —1.54 4 0.03 %o), and
Phenanthrene 16/0020 (513C = —23.90 + 0.14 %o).

2.4. Data Treatment and Statistical Analysis

A data matrix was built, with samples in the rows (n = 207) and variables in the
columns (bulk 5!80; 513C of C16:0, C18:0, C18:1 and C18:2 FAMEs; and 52H of C16:0, C18:1
and C18:2 FAMEs). To study the effect of interannual variability and the differences in
isotopic ratios across origins, independent sample t-tests and one-way analysis of variance
(ANOVA), together with Scheffé’s post hoc test, were performed in IBM SPSS Statistics
v29.00 (IBM Corp., Armonk, NY, USA) for isotopic ratios that followed a normal dis-
tribution according to the Shapiro—Wilk normality test, whereas the Mann-Whitney U
and Kruskal-Wallis tests were applied to those variables that did not present a normal
distribution to determine if there were significant differences between the isotopic ratios
throughout the different harvest years and origins.

Model development was performed on SIMCA v13.00 (Sartorius, Gottingen,
Germany). Principal Component Analysis (PCA) was used for preliminary data exploration
and to detect possible outliers based on Hotelling’s T? range and model residual parameters.

The sample set was randomly split into the training set (80% of the samples of each
class, n = 166) and validation set (20% of the samples of each class, n = 41), assuring that
samples from all origins and harvest years were included in both sets. This splitting was
run seven times (seven iterations) to evaluate the effect of the sample’s set composition
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and to increase the robustness of external validation. The sample set splitting information,
validation, and training sets are summarized in Table S1 of the Supplementary Materials.

Partial least square-discriminant analysis (PLS-DA) classification models were de-
veloped and validated to classify samples according to their geographical origin (SIMCA
v13.00). First, a PLS-DA model was built with each training set (n = 166) to discriminate
between the four origins: Chile (CHL, n = 32), Spain (ESP, n = 73), Georgia (GEO, n = 32),
and Italy (ITA, n = 29), respectively (see Section 3.1). After evaluating the results from this
four-class model, a three-class model was developed to discriminate between CHL, GEO,
and a third class that combined both ESP and ITA samples.

In PLS-DA multi-class models, a dummy Y matrix is employed, featuring classification
vectors equivalent to the number of classes. Each vector assigns a value of 1 to a specific
class (representing a specific region of origin) and 0 to all other classes (representing other
regions). Afterward, each sample is categorized into the class associated with the vector
yielding the highest PLS predicted value (PV), provided it is higher than the classification
threshold. Samples failing to surpass the classification threshold for any vector remain
unassigned to any region (no class).

To optimize the classification thresholds and maximize the classification performance,
receiver operating characteristics (ROC) analysis was applied to PLS-DA models to set
the thresholds of each class. Hence, ROC curves (one for each training model and each
class) were built up with the PV obtained in the leave 10% out cross-validation and the real
class for each sample in each model. The ROC curve plots the sensitivity and 1-specificity
values obtained when the PV threshold that assigns samples to a class varies. Then, the
selected threshold for each class and each model corresponds to the one that maximizes the
sensitivity and specificity of the classification [36].

Models developed with the training sets were internally validated by the leave 10% out
cross-validation method. The optimal number of latent variables and pre-processing were
selected according to the lowest Root Mean Squared Error of Cross-Validation (RMSEcv)
criteria. Model overfitting was assessed through the permutation test (n = 20 permutations)
and the ANOVA of the cross-validated predictive residuals (p-value). No outliers were
detected according to Hotteling’s T? range and model residual parameters. For all models,
the optimal pre-processing, according to the lowest RMSEcv, was mean-centering and
scaling to the unit of variance. The permutation test and ANOVA p-value results showed
that none of the training models were overfitted.

Finally, the external validation was carried out using each training model to predict
the class of samples in the complementary validation set. The performance of the PLS-DA
models was evaluated by the Q? values and efficiency in external validation, which was
expressed as the percentage of correct classification in each class.

3. Results and Discussion

With the aim of developing an efficient multi-isotopic tool for the geographical authen-
tication of hazelnuts, the isotopic markers that demonstrated the highest discriminatory
power were selected in the previous prospective study [35], which include bulk §'30, as
well as §*H and §'3C of the main hazelnut FAMEs. By focusing exclusively on the most dis-
criminating markers, this approach streamlines workload optimization and facilitates the
method’s application in routine controls. To gain insight into the behavior of the different
isotopic markers prior to constructing the multi-isotopic model, Table 2 presents their mean
and standard deviation results across the four origins and the significant differences identi-
fied with the corresponding statistical tests (ANOVA and Kruskal-Wallis). Noteworthy,
differences between means according to the origin, particularly for bulk 5180 and 52H of
the FAMESs, highlight the discriminatory potential of these markers. However, although the
means were significantly different between two or more countries, no individual markers
could independently distinguish between all origins. This reinforces the validity of our
approach, which relies on a multi-isotopic analysis combined with multivariate techniques
to comprehensively assess the origin of hazelnuts. In addition, significant differences were
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found between the means of the isotopic ratios of different years for the same geographical
region (Table S2 of the Supplementary Materials), confirming the need to include multiple
harvest years in the model building in order to consider the interannual variability and
increase the robustness of the models in the prediction of future samples.

Table 2. Mean and standard deviation results and differences in isotopic ratios across the

various origins.

!sotoplc Chile (n = 40) Spain (n = 91) Georgia (n = 40) Italy (n = 36)
Signatures
5180 (%) 2374+ 0.7b 236+ 08P 19.8 £0.5°¢ 24.8+0.8°2
313Cpaimitic (%o) —299 +0.72 ~299 4052 —31.8+1.2P —299+0.6°
513 Cstearic (%o) —31.0+£1.22 -308+1.12 —328+1.1¢ —313+£12P
313Coeic (%o) —284 4067 —284+£05% —303+1.3P —283+£0.6°
813Cinoteic (%o) —3054+0.72 —30.5+0.72 —327+16P —30.54+092
8?Hpaimitic (%o) —179.0 + 6.8 —163.0 £8.22 —186.6 £6.9° —166.5+8.22
82Hoeic (%o0) —191.3 £ 5.3¢ —174.8 + 5.4 -1975+ 534 ~179.4 £ 69"
82H inoleic (%o) —2153 + 58P —199.5 + 6.72 —219.4+50° —200.7 +£7.72

In all cases, p-values were <0.05 (according to ANOVA or Kruskal-Wallis). Significant differences between origins
were noted with different superscript letters in the same row asa>b >c > d.

An examination of the score plot of the exploratory PCA (Figure 1) revealed a clear
separation between the GEO and CHL clusters, while ESP and ITA samples formed an
overlapping cluster. This initial exploration suggested that the isotopic profiles of the
hazelnuts from regions in Spain and Italy displayed minimal differences and were unlikely
to be easily distinguishable by the PLS-DA classification model. Nevertheless, a PLS-DA to
discriminate between the four origins was attempted.
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Figure 1. Score plot of the first and second principal components of the PCA model developed using
bulk §'80 data and §*H, 5'3C data of the main fatty acid methyl esters.

3.1. Four-Class PLS-DA Model

The internal validation results obtained from seven iterations revealed that the four-
class PLS-DA model was unable to effectively discriminate among all the tested origins,
with correct classification rates of 66.1%, 86.9%, 100%, and 19.7% for CHL, ESP, GEO,
and ITA samples, respectively (Table S3 of the Supplementary Materials). In particular,
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the model failed at classifying ITA hazelnuts, predominantly misclassifying them as ESP
samples or failing to assign them to any class. This outcome could be due to the similarities
between the Spanish and the Italian regions studied. Indeed, both regions share similar
climatic and environmental conditions, including proximity to the coast, low altitude, and
Mediterranean climate. These similarities are further evidenced by the isotopic ratios of
the precipitations in these particular areas: ITA (52Hwater = —38%o, 680water = —6.2 %o)
and ESP (62Hwater = —34%0, 5180water = —5.6 %o0). However, the values in the GEO regions
(8°Huyater = —53%o, 88 Oyater = —8.4%0) and CHL (82Hyater = —41 %o, 88 Owater = —6.4%0)
differ considerably [37-39]. The above-mentioned analogies were reflected in the ITA and
ESP isotopic profiles, making them indistinguishable from the PLS-DA model. Although
stable isotope analysis is a useful tool to discriminate samples from different geographical
regions, it becomes challenging when these regions are closely situated and share similar
pedoclimatic conditions, latitude, altitude, or proximity to the sea. Despite the fact that
distinguishing between similar regions may be challenging, it is valuable to differentiate
them from other regions with distinct geographical and environmental conditions. Specifi-
cally, counterfeiting Spanish and Italian hazelnuts among themselves, given their similar
market prices, would not be as profitable as counterfeiting them with significantly cheaper
hazelnuts, such as those from Chile and especially Georgia. Thus, it remains crucial to
distinguish between highly priced hazelnuts (ESP and ITA) and hazelnuts from these other
regions. For this reason, we merged ESP and ITA classes into one class (ESP + ITA) and
built PLS-DA models with three classes to classify samples into GEO, CHL, and ESP + ITA.
The optimal thresholds for each class are summarized in Table 54 of the Supplementary
Materials. Alternatively, if distinguishing the Spanish region from the Italian region was
specifically required, other stable isotopes with strong geogenic connections, such as Stron-
tium (Sr), could additionally be considered according to the promising results from our
previous study [35].

3.2. Three-Class PLS-DA Model

The mean results of the leave 10% out cross-validation of the seven training sets are
reported in Table S5 of the Supplementary Materials. The internal validation presented
promising outcomes, achieving a 95.9% global correct classification and percentages equal
to or higher than 87.5% for all the individual classes. Figure 2 displays the score plot of the
PLS-DA model. However, the proper validation of authentication models requires external
validation, assessed through the prediction of samples that have not been used to build the
models, such as a validation set.

External validation results, expressed as the mean and standard deviation obtained
from the seven iteration sets, are summarized in Table 3. The model was successful at
classifying the samples into three classes: CHL, GEO, and ESP + ITA. A 93.7% global
correct classification rate was achieved with a low standard deviation, indicating the good
discriminant capacity of the model, with minimal dependency on the composition of the
validation set. No annual effects were observed in the misclassified samples as there were
wrongly classified samples from all years (Table S6 of Supplementary Materials) despite
the interannual differences observed for some isotopic markers and origins (Table S2 of
Supplementary Materials).

The model was especially successful in classifying GEO samples (100%), reflecting the
significant differences in all isotopic ratios compared to other origins (Table 2), particularly
for lower bulk 5'80 values, consistent with the 180 precipitation values across the studied
areas (GEO 580yater = —8.4%0; CHL 880y ater = —6.4%o0; ITA 8180y ater = —6.2%0; ESP
5180y ater = —5.6%0) [37-39]. However, while none of these differences alone were sufficient
to distinguish GEO from other origins, the combination of all isotopic markers into a
PLS-DA model enabled a complete differentiation, further ratifying the hypothesis that a
multi-isotopic chemometric approach is crucial for geographic classification.
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Figure 2. Score plot of the first and second latent variables of the PLS-DA model developed using
bulk 580 data and §2H, §13C data of the main fatty acid methyl esters.

Table 3. Results of the external validation of three-class PLS-DA models. Results are mean values
(+ standard deviation) obtained from seven iterations.

True Origins

Origins Assigned by the Model

. Correct
n CHL ESP + ITA (n) GEO Not Assigned Classification
(n) (n) (n) o
(%)
CHL 8 6.6 +1.1 1.3+1.0 0.0+ 0.0 0.1+05 82.1+14.2
ESP + ITA 25 09+0.7 23.9 £ 0.9 0.0+ 0.0 03405 954 + 3.6
GEO 8 0.0+ 0.0 0.0+ 0.0 8.0+ 0.0 0.0+ 0.0 100.0 £ 0.0
Total 41 93.7 +4.2

150

Model parameters are the mean values obtained with the training sets (N = 166) from 7 iterations: 6 LVs,
Q? = 0.648, and RMSEcv = 0.296. For all models, ANOVA p-value < 0.05. CHL: Chile; ESP: Spain; GEO: Georgia;
ITA: Italy.

Moreover, the model successfully classified 82.1% of the CHL samples despite the
similar 5'0 and §'3C isotopic ratios of the main FAMEs in the ESP + ITA class, leading
to the occasional misclassification of CHL hazelnuts into this class. The successful dis-
crimination of CHL and ESP + ITA samples may be primarily attributed to the notable
differences observed in the mean §*H values of the FAMEs as all three isotopic ratios
(5?Hpaimitic, 8°Holeic and 82H jnoleic) sShowed significant differences between CHL and
ESP + ITA (Table 2). Specifically, and considering associated errors normally <6 %o, the
82Hoyeic Values were more strongly enriched (around —175 and —180%o) for the ESP + ITA
class than for the CHL class (around —190%o). The same was true for 8*Hp,jmitic and
8*Hinoleic Values, approximately —165%. and —200 %o for the ESP + ITA, and —179%.
and —215%. for the CHL, respectively. These findings align with the *H precipitation
values registered in each region, which showed slight variations. CHL exhibited the
most depleted 52H values (62Hyater = —41%o) compared to ITA (5*Hyater = —38%o0) and
ESP (62Hwater = —34%o0) [37-39]. However, besides precipitation, other factors can influ-
ence the 580 and 5?H of FAME isotopic ratios. The 5180 values of the samples are not
only derived from water in the hydrosphere but can originate from multiple sources, such
as photosynthesized CO, or atmospheric O,. Additionally, although the only source of
organic hydrogen for plants comes from water in the hydrosphere, this hydrogen is metab-
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olized by different synthetic routes to synthesize fatty acids, resulting in different ratios for
each fatty acid [8,40,41].

Although the isotopic ratios of bio-elements might be influenced by many factors,
these results show their potential as a tool for verifying the geographical origin of hazelnuts
across regions with diverse geological and environmental conditions.

4. Conclusions

In this study, we evaluated the suitability of a multi-isotopic approach combined with
chemometrics as a tool for authenticating hazelnut geographical origin. This assessment
involved the analysis of bulk and compound-specific isotopic markers (bulk 5'30, together
with §!3C and §%H of the FAMESs) using a set of 207 samples from regions located in four
different countries and across different harvest seasons.

The results showed that the differences in §'80 and §*H of the FAMES seemed coherent
with the precipitation data of the four territories, which proved to be useful for discriminat-
ing hazelnuts according to origin. When the considered regions were sulfficiently distinct in
terms of climate and geography, this approach proved valuable for distinguishing hazelnuts
originating from various sources. This was demonstrated by the promising results obtained
in classifying regions located in the Mediterranean basin (ESP + ITA) from those in CHL
and GEO. These regions could be accurately classified with a 93.7 + 4.2% of the global
correct classification rate, proving the method to be reliable and not set-dependent.

On the other hand, it is important to note that regions with similar pedoclimatic
characteristics may present challenges in distinguishing them based on their isotopic ratios
of light elements. This was evident in the regions studied in this research, situated in Spain
and Italy, where the differences in analyzed isotopic ratios were not significant enough
for differentiation.

These findings suggest that, provided the regions are sufficiently distinct in climate
and geography, the further development of a reliable and universally applicable method
for identifying the geographical origin of hazelnuts would be feasible and could effectively
detect counterfeit products from different sources. Nevertheless, this shall require further
evaluation of the model by including samples from additional production areas. Also, as
the isotopic ratios depend on the climatic conditions, it would be advisable to regularly
update the models by including future harvest years. This step is essential to implement
the model as a reliable authentication tool to support inspections verifying the geographical
origin of hazelnuts.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/foods13213399/s1. Table S1: Sample information and composition
of the seven training (train) and validation (test) sets; Table S2: Mean + standard deviation and
statistical tests (normality test of Shapiro-Wilk, independent samples t-test, one-way analysis of
variance (ANOVA), U Mann-Whitney and Kruskal-Wallis) with p-values to assess the interannual
variability of the isotopic ratios for each geographical region; Table S3: Results of the leave 10%
out cross-validation of the PLS-DA training models developed on §'0 and the §°H, §'3C of the
main FAMEs data to discriminate samples from three regions of origin. Results are the mean values
(+ standard deviation) obtained from seven iterations; Table S4: Thresholds of the PLS-DA models
(7 training sets) for each class optimized with ROC curves; Table S5: Results of the leave 10% out
cross-validation of the PLS-DA training models developed on 5'80, and the §2H, §'3C of the main
FAME:s data to discriminate samples from three regions of origin. Results are the mean values
(fstandard deviation) obtained from seven iterations; and Table S6: Misclassified and not assigned
sample information from each test set.
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5.3 Development of metabolic methods for hazelnut geographical and

varietal authentication: Proof-of-concept studies

5.3.1 Sesquiterpene fingerprinting

Considering the genetic and environmental effects on the SH composition of plants
[143, 168, 214], and the fact that several studies have identified these compounds in
hazelnut kernels and oil [233-236], it was worth to consider them as potential markers
for hazelnut geographical and varietal authentication. Consequently, SH were explored
through HS-SPME-GC-MS in whole hazelnut kernels, ground hazelnuts, and hazelnut oil
extracted by mechanical pressing or by solvent extraction. However, results revealed a
minimal presence of SH in hazelnuts (data not shown) and ultimately this led to discard

these compounds as possible authenticity markers.
5.3.2 Triacylglycerol fingerprinting

As previously mentioned (section 1.3.4), TAG analysis through HT-GC combined with
MS detection and fingerprinting approaches, could serve as a suitable screening tool

for verifying hazelnut cultivar and provenance.

To develop a rapid analytical method for TAG fingerprinting through HT-GC-MS, a
preliminary study was carried out using OO as the sample. OO was chosen due to
several factors: its lipid composition is similar to that of hazelnuts [44,150], it is easy to
handle in liquid form, eliminating the need for extraction steps and established
methods for TAG analysis in OO already exist, allowing for direct comparison with our

results.

The method was developed and applied on a case study regarding the detection of

VOO adulteration. The sample set consisted in 143 oils, including:

- 28 genuine VOO, encompassing a variety of geographical production areas,

olive cultivars, and technological conditions.

- their blends (n= 115) with 36 adulterant oils of other botanical origins
(sunflower, high-oleic sunflower, soybean and hazelnut). Among the adulterants

there were high linoleic (HL) seed oils (refined sunflower and refined soybean
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oils), and high oleic (HO) vegetable oils (high-oleic refined sunflower, and virgin
and refined hazelnut oils). Their blends with genuine oils were prepared in-
house, VOO samples were adulterated at 2% and 5% with HL oils (n = 58), and
at 5% and 10% with HO oils (n=57).

The sample set was analysed by four methods: the official method to detect OO
adulteration based on AECN42 [163], and three untargeted methods: a high high-
throughput instrumental method based on TAG untargeted profiling by flow injection
analysis-heated electrospray-high resolution mass spectrometry (FIA-HESI-HRMS)
[257], a variation of the official method based on the TAG fingerprinting by HPLC
coupled to refractive index detector (HPLC-RID), and the TAG fingerprinting by HT-GC-
MS.

The data obtained from official method were processed following the directives of the
Regulation (EC) No. 2022/2105 [163]. The data obtained by the other three untargeted
methods were used to build independent PLS-DA classification models (Figure 11). For

each method, two types of PLS-DA models were developed:

1) HL adulteration model: A binary PLS-DA to discriminate between genuine and

HL adulterated samples.

2) HO adulteration model: A binary PLS-DA to discriminate between genuine

and HO adulterated samples.

Models were built with 80% of the samples and were externally validated by predicting
the class of the samples from the validation set (20% of the whole sample set).
Samples were considered as genuine (i.e. not-adulterated with HL oils >2% or with HO
oils >5%) only when classified as such by both models. An exploration of the regression
coefficient of the three untargeted methods was carried out to study the variables that
contributed the most to the discrimination between genuine and adulterated samples.
The performances of each method were compared in terms of accuracy of prediction,

sensitivity and specificity. The outcomes of this preliminary study are available in
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Figure 11. Graphical abstract of Publication 6. OO: olive oil, HL: high linoleic, HO: high oleic,
TAG: triacylglycerol, FIA-HESI-HRMS: flow injection analysis-heated electrospray-high resolution
mass spectrometry, HT-GC-MS: high-temperature-gas chromatography-mass spectrometry, RP-

HPLC-RID: reverse phase-high performance liquid chromatography-refractive index detector,

PLS-DA: partial least square-discriminant analysis.
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ABSTRACT
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Screening

Official control methods to detect olive oil (OO) adulteration fail to provide satisfactory consumer protection.
Thus, faster and more sensitive screening tools are needed to increase their effectiveness. Here, the official
method for adulterant detection in OO was compared with three untargeted screening methods based on tri-
acylglycerol analysis using high-throughput (FIA-HESI-HRMS; HT-GC-MS; HPLC-RID) and pattern recognition
techniques (PLS-DA). They were assayed on a set of genuine and adulterated samples with a high natural
variability (n = 143). The sensitivity of the official method was 1 for high linoleic (HL) blends at >2 % but only
0.39 for high oleic (HO) blends at >5 %, while specificity was 0.96. The sensitivity of the screening methods in
external validation was 0.90-0.99 for the detection of HL and 0.82-0.88 for HO blends. Among them, HT-GC-MS
offered the highest sensitivity (0.94) and specificity (0.76), proving to be the most suitable screening tool for OO

authentication.

1. Introduction

According to the latest report from the EU Food Fraud Network
(European Union, 2021), olive oil (OO) tops the list of reported adul-
terated food products. One of the most common frauds is mixing OO
with cheaper vegetable oils (Casadei et al., 2021; The Food Integrity
Project, 2018). The official methods to assess OO purity and detect the
presence of extraneous vegetable oils include the analysis of fatty acids
(FAs), triacylglycerols (TAGs) and sterols (Regulation (EU) No 2568/91
and its amendments). Adulterants may be masked by the removal of
minor compounds, as occurs with desterolised seed oils, but major
constituents such as FAs and/or the corresponding TAGs appear to be
more robust parameters. As not only the amounts of FAs but also their
arrangement to form TAGs are genetically determined, the official
method based on TAGs rather than FA composition has proved to be
more effective in detecting low levels of vegetable oils in OO (Christo-
poulou et al., 2004). Nonetheless, the current official method for TAG
analysis is time- and reagent-consuming because it entails a double

analysis of the samples. Firstly, High Performance Liquid Chromatog-
raphy coupled to a Refractive Index Detector (HPLC-RID) is used to
determine the experimental amount of TAGs and calculate the equiva-
lent carbon number 42 (ECN42). Then, the theoretical ECN42 is deter-
mined from the FA content analysed by Gas Chromatography coupled to
a Flame Ionization Detector (GC-FID), and both values are compared to
calculate the AECN42 parameter. The lengthiness of this procedure
limits the annual conformity checks to one per thousand tons of the OO
marketed in European Union member states (Regulation (EU) No 2568/
91 and its amendments), which does not guarantee a satisfactory level of
consumer protection (European Commission, 2020). Additionally, this
method shows low sensitivity when high linoleic (HL) seed oils are
present at low levels or when the adulterants have a similar TAG
composition to OO, as is the case of high oleic (HO) vegetable oils (Conte
et al., 2020; Mailer & Gafner, 2020). Considering these drawbacks, and
that the illegal blending of OO with both HL and HO vegetable oils is
reported to be a common practice (Casadei et al., 2021; Everstine et al.,
2013; Mailer & Gafner, 2020; Yan et al., 2020), more efficient methods
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are needed to detect extraneous vegetable oils in OO.

In this context, the development of fit-for-purpose screening tools
would allow a more rapid assessment of a higher number of samples for
a more efficient purity control of OO (Aparicio et al., 2013; Ruiz-
Samblas et al., 2015). Screening methods featuring a binary qualitative
output (compliant/non-compliant) obtained by time-efficient analytical
methods, and combining different analytical and classification tech-
niques, have been developed to overcome limitations in food authenti-
cation (Lopez et al.,, 2014). Their advantages include immediacy in
decision-making and reducing the time and cost of routine analysis
(Munoz-Olivas, 2004). The main goal of these screening methods is to
achieve high sensitivity values for an efficient food fraud alert. Thus,
qualitative screening can identify all suspicious samples, and subsequent
control checks can confirm whether they have been adulterated or not
(Magnusson & Ornemark, 2014). This is of particular importance when
the fraudulent products pose a threat to food safety (Lopez et al., 2014),
in which case adulteration not only implies a loss of traceability due to
blending with substances from unknown sources, but also carries the
risk of allergenic or toxic effects related to the nature of the adulterants
(Arlorio et al., 2010; Gelpi et al., 2002).

Most of the screening methods proposed as alternatives to the official
method for adulterant detection in OO are also based on the measure-
ment of the TAG fraction, due to its advantages as an authenticity
marker (Meenu et al., 2019). Approaches based on high-throughput
analytical techniques coupled to multivariate classification methods
have proved to be efficient in fraud detection and have a short analysis
time (Cavanna et al., 2018; Esslinger et al., 2014). Among them,
untargeted profiling and fingerprinting methods have been applied as an
alternative to the classic targeted approach of the current official
method (Ballin & Laursen, 2019). Besides involving an effortless data
treatment, untargeted approaches can consider more analytical infor-
mation than conventional targeted methods, which may be valuable for
authentication (Quintanilla-Casas et al., 2020). Although some of the
alternative methods have provided promising results, comparison with
the official method is difficult, as they differ in sample sets, variability,
and analytical conditions. A further challenge to assessing the perfor-
mance of the new methods is that multivariate validation is not as well
defined as univariate validation (L.opez et al., 2014).

In the present study, three promising screening methods for adul-
terant detection in OO based on TAG analysis and the official method
based on AECN42 (Regulation (EU) No 2568/91 and its amendments)
were compared. The selected screening methods are all based on an
untargeted approach. One involves TAG profiling by Flow Injection
Analysis-Heated Electrospray-High Resolution Mass Spectrometry (FIA-
HESI-HRMS), an extremely fast high-throughput instrumental method
requiring minimal sample preparation, which had already been tested
for the analysis of OO adulteration with satisfactory results (Quintanilla-
Casas et al., 2021). The other two methods were developed in the pre-
sent study and follow a fingerprinting approach, a cutting-edge strategy
that uses the whole analytical signal to find specific patterns charac-
teristic of a given food category. Thus, TAG fingerprinting by High-
Temperature Gas Chromatography coupled to Mass Spectrometry (HT-
GC-MS) was developed by adapting the chromatographic conditions of
(Ruiz-Samblas et al., 2012) to MS detection, which allowed us to build
an unfolded matrix from Selected Ion Monitoring (SIM) chromatograms
(Torres-Cobos et al., 2021). The third method, TAG fingerprinting by
High Performance Liquid Chromatography coupled to Refractive Index
Detector (HPLC-RID), was developed by applying chemometrics to the
raw HPLC-RID data obtained by the official method, but without the
need for any further TAG identification or quantitation. Finally, unlike
in previous studies, the performance of each method could be directly
compared because the same sample set (genuine samples and their
blends with HO and HL adulterants) was analysed in each case.
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2. Material and methods
2.1. Samples and experimental design

A set of 150 samples was analysed by the four methods described
above. The set was composed of 30 traceable genuine extra virgin olive
oils (EVOO) and their blends (n = 120) with 36 adulterant oils of
different botanical origin, including HL oils (refined sunflower oil [SFO,
n = 14] and refined soybean oil [SBO, n = 10]), as well as HO oils (virgin
and refined hazelnut oils [HZN, n = 10] and high-oleic refined sunflower
oils [HOSFO, n = 12]). The blends were in-house prepared at 2 % and 5
% for the HL (n = 60) and at 5 % and 10 % for the HO (n = 60) adul-
terants, following a balanced incomplete Latin squares experimental
design. Seven of the chromatographic or FIA runs had to be discarded
due to analytical problems, and these samples were eliminated from the
datasets of the four methods to avoid any bias between the different
models tested. The final dataset (n = 143) is provided in Table S1 of
Supplementary Information.

All samples were obtained directly from reliable producers in the
framework of the Autenfood project (ACCIO-Programa Operatiu FEDER
Catalunya 2014-2020). The EVOO samples represented a range of
geographical production regions, olive cultivars and technological
conditions. The natural variability of the samples was further ensured by
including several adulterant oils of each type in the sampling.

2.2. Method I. Official method to determine AECN42 according to
Regulation (EU) No 2568/91

The difference between the experimental and theoretical ECN42
values of TAGs was calculated and compared with the limit established
for EVOO, i.e., AECN42<|0.20|.

2.2.1. Material and reagents

Methanol (>99.5 %), HPLC grade hexane (99 %), HPLC grade hep-
tane and diethyl ether stabilized with 7 ppm of BHT were purchased
from Scharlau (Sentmenat, Spain). Potassium hydroxide was purchased
from Panreac (Castellar del Valles, Spain), and propionitrile (>99 %)
from Sigma-Aldrich (St. Louis, USA). Methanolic potassium hydroxide
solution (2 M) was prepared according to the official method. Extra
Bond® solid phase extraction cartridges (6 mL), packed with 1 g of silica
phase, and 13 mm-0.45 pym nylon filters, both from Scharlau (Sentme-
nat, Spain), were used for sample purification and preparation.

2.2.2. TAG analysis by reverse phase (RP)-HPLC-RID and assessment of
experimental ECN42

Once the samples were prepared and purified according to Annex
XVIII of Regulation (EU) No 2568/91 and its amendments, TAGs were
determined by HPLC-RID using an Agilent Technologies 1100 instru-
ment (Agilent Technologies, Santa Clara, California, USA). Analytes
were separated on a Luna C18 column (250 x 4.6 mm, .D., 5 pm) from
Phenomenex (Torrance, California, USA) at 40C. The analysis was per-
formed in isocratic mode with propionitrile as the mobile phase at 1 mL/
min. The injection volume was 20 pL. The peak areas of TAGs with an
ECN between 42 and 52 were integrated and normalized, obtaining the
experimental TAG content with ECN42.

2.2.3. Analysis of FA methyl esters (FAME) by GC-FID and calculation of
theoretical ECN42

After obtaining FAME by transmethylation according to Annex X of
Regulation (EU) No 2568/91 and its amendments, they were analysed
by GC-FID using an Agilent 4890D chromatograph, coupled to an Agi-
lent Technologies 7683B automatic sampler (Agilent Technologies,
Santa Clara, California, USA). The injection volume was 1 pL, with a split
injection ratio of 1:100. The temperature of the injector and detector
was 250 C. Analytes were separated on a SP-2380 capillary column (60
m x 0.25 mm I.D., 0.2 pm) (Supelco, St. Louis, USA). The initial column
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temperature was 165 C and it was held for 8 min; it was then increased
to 210 C at 2°C /min and held for 15 min. Hydrogen (99.995 %) was the
carrier gas, and the flow rate was 1 mL/min. The areas of the FAME with
16 and 18 carbon atoms were integrated and normalized. The theoret-
ical content of ECN42 TAGs was calculated according to Annex XVIII of
Regulation (EU) No 2568/91 and its amendments.

2.3. Method II. Screening method based on TAG profiling by FIA-HESI-
HRMS

2.3.1. Material and reagents

Dichloromethane (SupraSolv® for GC-ECD/FID), methanol (Supra-
Solv® for gas chromatography) and NaCl (ACS reagent, >99.0 %) were
purchased from Merck (Darmstadt, Germany). Nitrogen (Alphagaz,
purity 99.999 %, Air Liquid) was used in the Orbitrap-Exactive as
nebulization gas.

2.3.2. Sample preparation

As described by Vichi et al. (2012), 30 mg of oil sample was dissolved
in dichloromethane:methanol (70:30, v/v) and diluted 1:100 using the
same solvent mixture. The solution was saturated with NaCl as the
cationization agent and vortex-mixed for 30 s. The supernatant was then
further diluted to 1:50 with the same solvent mixture and analysed.

2.3.3. TAG profile by FIA-HESI-HRMS

Untargeted profiling of TAGs was done according to Vichi et al.
(2012), using an Orbitrap Exactive instrument (Thermo Fisher Scienti-
fic, Bremen, Germany) equipped with an electrospray source (H-ESI II)
and coupled to a Surveyor MS pump with an Accela Open automatic
sampler (Thermo Fisher Scientific, San Jose, USA).

The selected mass peaks were single positive-charged molecular ions
forming adducts with sodium. These peaks were exported to peak lists
and feasible elemental formulae attributable to TAGs were generated.
Different restrictive criteria were set to generate reliable elemental
formulae: C < 200, H < 400, O < 15, Na = 1 and RDB: 2.5-19.5
(Quintanilla-Casas et al., 2021). Mass error tolerance was set at 5 ppm.
Signal intensities of TAGs were expressed as a relative intensity, the total
TAG profile being equal to 100 %. The molecular formulae calculation
was performed with Xcalibur 2.1 (Thermo Fisher Scientific, Bremen,
Germany), and the posterior data analysis was done using excel files, as
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shown in Fig. la.

2.4. Method III. Screening method based on TAG fingerprinting by HT-
GC-MS

2.4.1. Material and reagents
Dichloromethane (SupraSolv® for GC-ECD/FID) was purchased from
Merck (Darmstadt, Germany).

2.4.2. Sample preparation
A small amount (60 mg) of oil sample was dissolved in 3 mL of
dichloromethane to a final concentration of 2 % (w/v).

2.4.3. TAG fingerprinting by selected ion Monitoring (SIM) HT-GC -MS

HT-GC-MS analysis was carried out on an Agilent Technologies
6890 N gas chromatograph coupled to an Agilent 5973 Network quad-
rupolar mass selective analyser (Agilent Technologies, Santa Clara,
California, USA). A total of 2 pL of sample was injected with a split ratio
of 1:20. Analytes were separated on a Rtx®-65TG column (Restek,
Bellefonte, PA, USA) (30 x 0.25 mm LD., 0.10 pm). The initial column
temperature was 315 ‘C, which was increased to 350 C at 2 C /min and
held for 15 min. Helium was the carrier gas and the flow rate was 1.5
mL/min. The temperature of the injector was 370C and the transfer line,
350C. Electron impact mass spectra were recorded at 70 eV ionization
energy. Mass spectra were acquired in SIM mode.

A fingerprinting approach was followed using extracted ion chro-
matograms (EIC) obtained for m/z signals attributable to 11 TAG frag-
ment ions, according to Barber, Merren & Kelly (1964): acyl ions
corresponding to a FFAA (Po: palmitoleic acid, C16:1; P: palmitic acid,
C:16:0; O: oleic acid, C18:1; L: linoleic acid, C18:2; Ln: linolenic acid,
C18:3) molecule (RCOOH) with a loss of an OH group [RCOOH — OH]™
(m/z 237, [Po - OH]™; m/z 239, [P — OH]™; m/z 260, [Ln — OH]™"; m/z
262, [L. - OH]™; m/z 264, 265, [0 — OH]™) and to a FFAA acyl ions
attached to a residual of the glycerol skeleton [RCOOH — C3Hs01" (m/z
311, [Po - C3Hs01"; m/z 313, [P — C3HsO1"; m/z 335, [Ln — C3Hs01™;
m/z 337, [L-C3Hs0]"; m/z 339, [0 - C3H50]1). A data matrix was built
for each ion with the 3159 scan intensities of each EIC (columns) for all
samples (rows) (143 samples x 3159 variables) and it was aligned by the
COW algorithm in Matlab® (Nielsen et al., 1998) to solve the retention
time shifts among samples. The optimal COW parameters for each case
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Fig. 1. Scheme of the data matrices building for each screening method: a) Method II: FIA-HESI-HRMS, b) Method III: HT-GC-MS fingerprinting and c¢) Method IV:

HPLC-RID fingerprinting.
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were calculated upon the starting parameters provided in Table S2,
Supplementary information.

Then, the 11 aligned matrices — one for each EIC - were concatenated
to obtain a two-way unfolded matrix (143 samples x 34749 variables)
(Fig. 1b).

2.5. Method IV. Screening method based on TAG fingerprinting by RP-
HPLC-RID

2.5.1. Sample preparation
Samples were prepared as described for Method I — Official method
(section 2.2.2).

2.5.2. TAG fingerprinting by RP-HPLC-RID

Separation and detection of compounds were as described in section
2.2.3 for the official method (Method I). Using a fingerprinting
approach, a data matrix was built with the chromatographic intensities
obtained for each acquisition point from minute 8 until minute 25 for
each sample (143 samples x 3466 variables). Chromatograms were
aligned by the COW algorithm in Matlab® to solve the retention time
shifts among samples (Nielsen et al., 1998) (Fig. 1c). The optimal COW
parameters for each case were calculated upon the starting parameters
provided in Table S2, Supplementary information.

2.6. Data processing and chemometrics

Data obtained by the official method (method I) were processed
according to Regulation (EU) No 2568/91 and its amendments.
Regarding the data matrices provided by each of the tested alternative
screening methods (II-IV), classification models were developed and
validated with SIMCA v13.0 (Umetrics AB, Sweden).

First, a Principal Component Analysis (PCA) was performed to
explore the data and identify potential outliers. In no case were outlier
samples detected by PCA, according to the Hotelling’s T? range and
distance to the model parameters.

Then, the whole sample set (n = 143) (Table S1, Supplementary
information) was randomly split 7 times (7 iterations) into: i) a training
set (80 % of the samples, n = 114; genuine EVOOs, n = 22; HL blends, n
= 46; HO blends, n = 46) and ii) a validation set (20 % of the samples, n
= 29; genuine EVOOs, n = 6; HL blends, n = 12; HO blends, n = 11). For
each screening method and each iteration, two independent binary
Partial Least Squares Discriminant Analysis (PLS-DA) models were built:
one to discriminate between genuine and HL adulterated samples (n =
68; HL blends, n = 46; genuine EVOOs, n = 22) and the other to
discriminate between genuine and HO adulterated samples (n = 68; HO
blends, n = 46; genuine EVOOs, n = 22). In PLS-DA binary models,
classes are expressed as PLS dummy variables (here O for the non-
adulterated and 1 for the adulterated class). Then, the PLS predicted
value of each sample was used for its classification into one class or the
other according to a classification threshold (predicted value = 0.5).
PLS-DA models were calibrated by leave 10 %-out cross-validation,
selecting the optimal number of Latent Variables (LV) according to the
lowest Root Mean Squared Error of Cross Validation (RMSEcv). A per-
mutation test and ANOVA were carried out on the cross-validated pre-
dictive residuals (p-value) to assess overfitting. The Q2 values and
efficiency, expressed as the % of correct classification, were assessed to
evaluate the suitability of each PLS-DA model.

After testing multiple pre-processing treatments, the optimal one for
the HL and HO models based on FIA-HESI-HRMS profiling data was
found to be logarithm 10, mean centring and scaling to unit of variance;
for the HL model based on HT-GC-MS fingerprinting, it was mean
centring and scaling to unit of variance, and for the HO model based on
HT-GC-MS fingerprinting, logarithm 10. Finally, the pre-processing
applied for the HL model based on RP-HPLC-RID fingerprinting was
logarithm 10, mean centring and scaling to unit of variance and for the
HO model, a first derivative was also needed. The optimal pre-
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processing treatments for the HL and HO models were applied to
training sets of each iteration.

2.6.1. External validation of the authentication strategy

Samples in the abovementioned validation sets (20 %, n = 29 for
each of the 7 iterations) were not included in the previous calibrated
models but used to externally validate the authentication tool following
a combined strategy according to Quintanilla-Casas et al. (2021)
(Fig. 2). Thus, validation samples were classified as non-adulterated
(with HL oils at > 2 % or HO oils at > 5 %) only when identified as
such by both models, whereas they were considered as adulterated when
identified as such by at least one of the authentication models (HL or
HO).

External validation results for each screening method were
compared according to the % of correct classification of each class, and
the sensitivity (true positives/[true positives + false negatives]) and
specificity (true negatives/[true negatives + false positives]) values,
positive samples being those containing the adulterant.

2.6.2. Exploration of regression coefficients

For the three screening methods, the regression coefficients of the
binary HL and HO PLS-DA models developed with the full sample set
were explored to tentatively identify the variables that most contributed
to the discrimination between adulterated and genuine samples.
Regression coefficients were considered as significant when a jack-knife
standard error of cross-validation (SEcv) was lower than the given co-
efficient value.

3. Results

3.1. Method I. Official method to determine AECN42 according to
Regulation (EU) No 2568/91

The results obtained with the official method based on AECN42
showed high percentages of correct classification for genuine (96.4 %)
and HL adulterated samples (100 %), whereas only 38.6 % of the blends
with HO oils were classified as adulterated (Table 1).

3.2. Screening methods (II-IV) based on untargeted TAG profiling and
fingerprinting

For all the screening methods, the cross-validation results of models
built upon training sets (7 iterations) were successful. Mean overall
sensitivity and specificity were 0.96-1 and 0.95-1, respectively. Each of
the PLS-DA models (7 per screening method) were then used to predict
the class of the samples in the corresponding validation set. The process
was run seven times to evaluate the effect of the sample set composition
and to increase the robustness of the external validation. The results
achieved by the external validation of each screening method (sensi-
tivity and specificity) (Table S3, Supplementary information) were
expressed as mean values of the seven iterations (Table 2) and showed a
sensitivity above 0.82 for all the developed methods, the HT-GC-MS
method standing out with an average sensitivity for HL and HO adul-
terated samples of 0.94. Remarkably, the detection performance for HO
blends was not far below the results obtained for the HL adulterants
(Table 2). The three tested methods had a sensitivity close to 0.9 (mean
value of the 7 iterations) and a specificity between 0.50 and 0.76 (mean
values of the 7 iterations).

As explained in section 2.6.2, the coefficients of models were studied
to tentatively identify the variables that contributed most to the
discrimination between HL adulterated and genuine samples, or be-
tween HO adulterated and genuine samples. For FIA-HESI-HRMS, the
relevant coefficients agreed with those reported by Quintanilla-Casas
et al. (2021). In both models, the highest regression coefficients corre-
sponded to several minor TAG species distributed within the entire
experimental m/z range. Specifically, for the HL model, the most
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Fig. 2. Classification diagram based on two combined binary PLS-DA models to predict the presence of high linoleic (HL) (>2%) and high oleic (HO) (>5%) oil

adulterants in olive oil (OO) using the tested untargeted screening methods.

Table 1
Classification results according to the official method for OO adulteration detection.
n Adulterated (n) Genuine (n) Correct classification (%) Sensitivity Specificity
Adulterated 115 80 35 69.6 0.70
HL blends 58 58 0 100 1
HO blends 57 22 35 38.6 0.39
Genuine 28 1 27 96.4 0.96
Total 143

relevant coefficients for the HL adulterated class belonged to TAGs
containing L and Ln acids, such as C54 TAGs LLL and LLLn, and C52
TAGs such as PoLL/PLLn. On the other hand, for the HO model, the most
discriminant variables associated with the HO adulterated class were
signals corresponding to long-chain TAGs, C54 and C58, which could
contain arachidic (A), behenic (B) or lignoceric acids (Li). Additionally,
some TAGs containing L and short-chain TAGs €23, C24 and C26 also
played a significant role in detecting HO adulterated samples (Quinta-
nilla-Casas et al., 2021).

The study of the coefficients of models based on the HPLC-RID
method (Fig. 3) produced results consistent with the FIA-HESI-HRMS
findings, as the most relevant coefficients also belonged to minor
TAGs. Specifically, to detect the HL adulterated samples, the highest
coefficients were found in the first part of the fingerprint, covering the
region of TAG clusters with ECN40, ECN42 and ECN44. According to the
elution order within each cluster (Regulation (EU) No 2568/91 and its
amendments), the most discriminant TAGs could corresponded to spe-
cies containing L and Ln acids, such as LLLn (ECN40), LLL, OLLn, PoLL,
PLLn (ECN42), PLL, PoPoO, and POLn (ECN44). Although ECN42 TAGs
(tentatively identified as LLL, OLLn, and PoLL) and ECN44 TAGs
(tentatively identified as OOLn, PoOL, PoPoO, and PLL) were also

relevant for the detection of HO adulterated samples, the highest co-
efficients of the HO model also include TAGs in the ECN46 region (OOL,
PPLn, PPoO, PoSL, SOLn, PoPoS), or even higher (Fig. 3), which agree
with the relevant coefficients found in the FIA-HESI-HRMS model cor-
responding to long chain TAGs.

Finally, for the HT-GC-MS method (Fig. 3), some of the most relevant
ions for the detection of samples adulterated with HL oils were found in
the C54 TAG cluster and corresponded to glyceryl fragments with acyl
species such as Ln, L and O. According to the fragmentation (Barber
et al., 1964) and the expected elution order (Ruiz-Samblas et al., 2010),
these relevant ions would agree with TAGs such as OLLn (m/z 335),
LLLn (m/z 260, m/z 262, m/z 335 and m/z 337) and OLnLn (m/z 260, m/
z 335 and m/z 339). In addition, some relevant coefficients for the m/z
262 and m/z 337 were found in chromatographic regions where the
eluted TAGs were of a higher carbon number, such as C56 TAG, and
could contain L and A. Several high coefficients corresponded to other
glyceryl species of lower molecular weight that eluted prior to the main
TAG clusters, which could be C38 diglycerides (DAG) such as OA (m/z
264) and LA (m/z 262) and C40 diglycerides such as OB (m/z 264, m/z
265 and m/z 339), and LB (m/z 262 and m/z 337).

For the HO model, some of the highest regression coefficients to
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External validation of PLS-DA models (HL blends vs genuine olive oils; HO blends vs genuine olive oils) developed by FIA-HESI-HRMS, HT-GC-MS and RP-HPLC-RID
screening methods. Results are mean values obtained from seven randomly selected validation sets. Results of individual sets are reported in Supplementary infor-

mation (Table S3).

FIA-ESI-HRMS"

n Adulterated (n) Genuine (n) Correct classification (%) Sensitivity Specificity
Adulterated 23 20.6 £1.7 24+17 89.4 +7.5 0.89 + 0.07
HL blends 12 10.9 +£ 0.7 1.1 £0.7 90.5 + 5.8 0.90 + 0.06
HO blends 11 9.7 + 1.4 1.3+14 88.3 +12.6 0.88 +0.13
Genuine 6 3.0+ 0.8 3.0+ 0.8 50.0 + 13.6 0.50 + 0.14
Total 29

HT-GC-MS"

n Adulterated (n) Genuine (n) Correct classification (%) Sensitivity Specificity
Adulterated 23 21.6 £ 0.5 1.4 £0.5 93.8 + 2.3 0.94 + 0.02
HL blends 12 11.9 + 0.4 0.1 + 0.4 98.8 + 3.2 0.99 + 0.03
HO blends 11 9.7 £ 0.5 1.3+0.5 88.3 + 4.4 0.88 + 0.04
Genuine 6 1.4+0.8 4.6 + 0.8 76.2 + 13.1 0.76 + 0.10
Total 29

HPLC-RID®

n Adulterated (n) Genuine (n) Correct classification (%) Sensitivity Specificity
Adulterated 23 20.6 + 0.8 2.4 +08 89.4 + 3.4 0.89 4+ 0.03
HL blends 12 11.6 + 0.5 0.4 + 0.5 96.4 + 4.5 0.96 + 0.04
HO blends 11 9.0+ 0.8 2.0+ 0.8 81.8+7.4 0.82 + 0.07
Genuine 6 2.4+ 0.5 3.6 +£ 0.5 59.5 + 8.9 0.60 + 0.09
Total 29

For all models HL and HO models: n = 143 and ANOVA p-value < 0.05.

2 HL model: mean LVs = 6, Q2 > 0.4104, RMSEcv < 0.3626; HO model: mean LVs = 5, Q2 > 0.3594, RMSEcv < 0.3972.
b HL model: mean LVs = 8, Q? > 0.7404, RMSEcv < 0.2898; HO model: mean LVs = 8, Q* > 0.5679, RMSEcv < 0.3292.
¢ HL model: mean LVs = 5, Q? > 0.4551, RMSEcv < 0.3473; HO model: mean LVs = 5, Q% > 0.2674, RMSEcv < 0.4069.

detect HO adulterated samples were also found in the C54 TAG cluster
and included acyl species such as L, Ln, O and Po (Fig. 3). In agreement
with the fragmentation and the expected elution order (Ruiz-Samblas
et al., 2010), these glyceryl species would correspond to PoOA (m/z
237), OLL (m/z 262 and m/z 339), OOLn (m/z 335), LLL (m/z 262),
OLLn (m/z 335), LLLn (m/z 335 and m/z 337), and OLnLn (m/z 335).
Moreover, some other relevant coefficients were found in the C48 and
C50 TAG clusters that included P and Po as acyl species, and that would
agree with PPoPo (m/z 237) and PPoS (m/z 237) TAGs, respectively. In
addition, some fragments that could correspond to DAG also appeared as
relevant coefficients: PoL (m/z 311), SO (m/z 339), SLn and LLn (m/z
335), LA (m/z 262), LB (m/z 262) and OB (m/z 264 and m/z 265).

These relevant coefficients agree with those from the HPLC-RID and
FIA-HESI-HRMS models, as all of them found C54 TAGs conformed by
Ln and L (OLLn, LLLn), which are relevant for detecting HL adulterated
samples. For the HO model, both HT-GC-MS and FIA-HESI-HRMS
detected relevant variables corresponding to C54 TAGs conformed by
longer chain FAs such as A, and for the HPLC-RID coefficients, C54 TAGs
containing O and Ln (OOLn) were also significant to detect HO adul-
terated samples in the HT-GC-MS method.

4. Discussion

The high rate of correct classification achieved by AECN42 for
genuine OO samples demonstrated the high specificity of the current
reference method (Table 1), which guarantees that genuine samples will
not be misclassified as adulterated. The specificity achieved by the
official method in the present study was higher than that reported by
Beccaria et al. (2016), who obtained between 16 and 19 % of false
positives when analysing genuine EVOOs from very different
geographical locations. This may denote a high dependence of the
AECN42 parameter on OO characteristics or factors not included in the
official analytical protocol. The official method also showed a high
sensitivity for HL adulterants even when present in low amounts (>2%).
However, it proved unsuitable for the detection of adulteration with HO
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oils at 5-10 % as they have a similar TAG and FA composition to OO.
This is a worrisome result, given that HO oils are emerging adulterants
for the illegal blending of OO. While higher sensitivity values have been
reported for the official method in HZO detection (Garcia-Gonzalez
et al., 2007), our results agree with those of another study, that set the
minimum detectable amount of HZO in OO at 20 % by this method
(Moreda et al., 2003). The present results can be considered as repre-
sentative of the efficacy of the method, as HO oil from different sources
(HZO and HOSFO) and suppliers were included in the modelling and
validation. Poor sensitivity towards HO adulterants, also reported by
other authors (Beccaria et al., 2016), can thus be added to the other
drawbacks of the official method. As well as being a time-consuming
analytical procedure, requiring two different analyses per sample, it
involves the use of highly contaminating organic solvents such as pro-
pionitrile, and lacks robustness due to the low resolution of the HPLC-
RID peaks, specifically the very minor ECN42 cluster that includes the
LLL peak (Beccaria et al., 2016).

In contrast, the new screening methods proved more suitable for the
detection of adulterated samples, providing high sensitivity values
regardless of the adulterant composition (Table 2). Among the devel-
oped screening tools, the HT-GC-MS method performed the best in
terms of sensitivity (0.99 for HL and 0.88 for HO models). High sensi-
tivity and a relatively short analysis time, allowing the rapid analysis of
a high number of samples, are of paramount importance for a screening
method (Lopez et al., 2014). HT-GC-MS was also the screening tool that
showed the highest specificity value (0.76). Although this value was
lower than the one of the official method, it is an acceptable value for a
screening method, given that confirmatory analyses or checks can be
carried out afterwards to identify false positives (Magnusson &
Ornemark, 2014). Moreover, it is important to highlight that these
values were obtained with a sampling of a high natural variability as it
included a high number of genuine olive oils of different varieties, re-
gions and harvests, and various samples of various adulterant types,
blended at low adulteration levels. These results demonstrate that a
fingerprinting approach applied to multidimensional data such as
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Fig. 3. Regression coefficients of the high linoleic (HL) and high oleic (HO) PLS-DA models on the a) HT-GC-MS fingerprint, plotted against the concatenated EICs of
an adulterated sample (red EICs) and a genuine olive oil (blue EICs); and b) HPLC-RID fingerprint, plotted against the chromatographic profile of an adulterated
sample (red chromatogram) and a genuine olive oil (blue chromatogram). For each model, relevant coefficients for the prediction of the adulterated class are
highlighted in red (positive coefficient) and blue (negative coefficient).
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GC-MS, can exploit the valuable specific information about authenti-
cation markers in the unfolded matrix built with specific TAG ions.

The method based on HPLC-RID also followed a fingerprinting
approach, but its performance was lower compared to HT-GC-MS. This
can be attributed to the RID-chromatographic data, which did not pro-
vide any specific information on these markers or distinguish unresolved
or overlapping TAGs. Nonetheless, the HPLC-RID fingerprint effectively
detected adulterated samples (sensitivity of 0.96 for HL and 0.82 for HO
models) (Table 2) and is the most affordable and easily applicable of all
the methods tested here. Considering that it is based on part of the data
produced by the official method, the implementation of both in parallel
could improve the detection of HO blends.

Finally, the FIA-ESI-HRMS method proved as successful as HPLC-RID
in terms of overall sensitivity (0.89), showing a similar ability to detect
both HL (0.90) and HO (0.88) adulteration adulterants (Table 2). The
specificity value of this method (0.50) was low compared with that of
previous models developed with the same method with a larger sample
set (0.80) (Quintanilla-Casas et al., 2021). This fact indicates that the
model developed upon this untargeted TAG profiling data seems to be
highly dependent on the size of the sample set. Nonetheless, in view of
the high sensitivity and extremely short analysis time (<2 min per
sample) of this high-throughput method, its use with large-scale sam-
pling could still be considered as a screening tool to be used in parallel
with the current control practices.

Exploring the regression coefficients of the models developed for
each screening method allowed us to tentatively ascertain the variables
that contributed most to discriminate between adulterated and genuine
samples. In all models, the highest regression coefficients corresponded
to minor TAG species distributed within the entire experimental mass
range. Although the structural elucidation of discriminant markers was
not the scope of the present comparative study, some TAG species were
tentatively identified in correspondence with the most relevant co-
efficients. Several of them were highly discriminant in models generated
for different screening methods, demonstrating the consistency of the
results. Particularly, TAGs that could correspond to PoLL/PLLn, OLLn,
LLLn and LLL were highly discriminant for the HL models, whereas
species that may match TAGs such as OOLn and OLLn and various other
TAGs including Po, A or B were significant for the HO models.

In view of these results, the developed screening methods, especially
HT-GC-MS TAG fingerprinting, could represent useful tools to facilitate
inspections by official control bodies, improving the risk analysis on
which they are currently based (Cugat & Biel, 2016). In particular, the
high sensitivity of HT-GC-MS, an affordable and green analytical tech-
nique, indicates it has potential as a fit-for-purpose screening tool able to
process a high number of samples and enhance the effectiveness of
current official controls. Nonetheless, to confirm its high performance,
this promising tool needs further testing with an enriched model,
including a greater number of both genuine and adulterated samples.

5. Conclusion

Three different screening methods were tested as tools to support and
improve official controls, being able to detect >2 % of HL and >5 % of
HO adulterants in OO with sensitivity values >0.90 and >0.82,
respectively. Among them, the HT-GC-MS method was the screening
tool showing the best performance, with a 0.99 and a 0.88 sensitivity
values for HL and for HO adulterants, respectively, and a specificity of
0.76, being the most promising screening tool tested for OO
authentication.

The FIA-ESI-HRMS and HPLC-RID methods provided lower speci-
ficity values. However, these methods deserve to be further explored as
possible supporting screening tools given that they still provide the high
sensitivity desired for screening methods. FIA-ESI-HRMS is a fast tech-
nique proved to be suitable when assayed in large scale studies, and the
HPLC-RID method can be run in parallel with the official OO analysis by
using the same raw data.
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The present study allowed to compare three screening methods
among them and with the official method providing relevant informa-
tion about their performance when applied to a dataset of genuine and
adulterated samples with a high natural variability. On these bases,
optimal models should be further developed and evaluated using a large
scale dataset.
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5.3.4 Unsaponifiable fraction fingerprinting

The UF is a promising marker for verifying hazelnut varietal and geographical

authenticity, as revised in section 1.3.4.

In the specific case of UF analysis by GC-MS, an untargeted approach may be highly
advantageous. This approach allows for the extraction of all information from complex
chromatograms, including minor species and poorly resolved peaks, without the time-

consuming steps of compound identification and quantification.

Among untargeted approaches, two promising tools stand out for handling the high-

dimensional data generated by GC-MS of the UF:

e Fingerprinting analysis of the unfolded matrix generated by concatenating the
EICs.
e Untargeted profiling of the three-way GC-MS data using PARADISe, a
deconvolution and identification tool based on PARAFAC2.
Consequently, a PoC study was conducted to evaluate the potential of the UF as a
marker for hazelnut varietal and geographical authentication ( ). In this PoC
study, first, a new analytical method was developed to extract, purify and analyse the
UF of the hazelnuts by GC-MS (Figure 12). Then, authentication models were
developed by both approaches (fingerprinting and untargeted profiling) to compare
their discrimination efficiency and to select the most promising approach for verifying

hazelnut authenticity ( ).

A set of 176 hazelnut samples harvested over two consecutive years (2019-2020) was

used in this PoC study. This set included:

- 110 samples of the TG cultivar from three regions across different countries:

Chile (CHL, n = 40), Italy (ITA, n = 24), and Spain (ESP, n = 46),
- 66 samples of different cultivars (non-TG) produced solely in Spain.

Two independent PLS-DA classification models were built following both untargeted

approaches:

171



Chapter 5. Hazelnut geographical and varietal authentication

1) TG cultivar model: A binary PLS-DA to distinguish TG from other hazelnut
cultivars (non-TG) grown in Spain. Only samples from the same origin (Spain)
were considered (n = 112) to build and validate the model, avoiding influences

other than the cultivar.

2) Geographical origin model: only samples of the same cultivar (TG) were used
(n = 110). Two binary PLS-DA models were developed: one distinguishing
between EU and non-EU (Chile) hazelnuts, and another discriminating EU

samples by their region of origin, located in Italy or Spain.

Finally, to gain deeper understanding of the models and their chemical significance, the
PLS-DA regression coefficients of the three models and from both approaches were

explored (Publication 7).
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Figure 12. Graphical scheme of the process to obtain the UF of hazelnuts.
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This study compares two data processing techniques (fingerprinting and untargeted profiling) to authenticate
hazelnut cultivar and provenance based on its unsaponifiable fraction by GC-MS. PLS-DA classification models
were developed on a selected sample set (n = 176). As test cases, cultivar models were developed for “Tonda di
Giffoni” vs other cultivars, whereas provenance models were developed for three origins (Chile, Italy or Spain).

Fi nti
[;:é er;pertlendlgrgoﬁhng Both fingerprinting and untargeted profiling successfully classified hazelnuts by cultivar or provenance,
PLS-DA revealing the potential of the unsaponifiable fraction. External validation provided over 90 % correct classifi-

cation, with fingerprinting slightly outperforming. Analysing PLS-DA models’ regression coefficients and
tentatively identifying compounds corresponding to highly relevant variables showed consistent agreement in
key discriminant compounds across both approaches. However, fingerprinting in selected ion mode extracted
slightly more information from chromatographic data, including minor discriminant species. Conversely,

untargeted profiling acquired in full scan mode, provided pure spectra, facilitating chemical interpretability.

1. Introduction

Hazelnuts are widely used raw, roasted and as a key ingredient in
food and confectionery products, adding flavour and texture to various
sweet and savoury products. They rank third in the global nut market
with a production volume higher than one million tons per year (FAO-
stat, 2021). The main hazelnut producing countries are Turkey (63.5 %),
Italy (7.9 %), United States (6.5 %), Azerbaijan (6.3 %), Georgia (4.3 %)
and Chile (3.3 %), followed by China, Iran, France and Spain (<3%
each) (FAOstat, 2021). Among the most prominent cultivars are ‘Tom-
bul’, ‘Palaz’, ‘Cakildak’ (Turkey); ‘Tonda di Giffoni’, ‘Tonda Romana’,
‘Tonda Gentile delle Langhe’ (Italy); ‘Negret” and ‘Pauetet’ (Spain) (Krol
& Gantner, 2020). Sensory and qualitative attributes of hazelnuts are
strongly influenced by varietal and geographical factors (Amaral et al.,
2006; Krél & Gantner, 2020; Parcerisa, Richardson, Rafecas, Codony, &
Boatella, 1998). Their prices can also vary greatly based on their cultivar

and geographical origin (FAOstat, 2021), being higher for hazelnuts
with special geographical indications such as Protected Designation of
Origin (PDO) or Protected Geographical Indication registered in the
European Union. The great value of hazelnuts makes them susceptible to
economically motivated fraud, which is further aggravated by the
growth of emerging nut producing countries, the expansion of markets
and the lack of effective fraud detection methods. All these factors
contribute to a growing vulnerability that counterfeiters can exploit.
Hence, having suitable tools to verify the cultivar and origin of hazelnuts
is crucial to guarantee their authenticity and to protect the consumer.
In this regard, phenotypic observations based on physical charac-
teristics are currently used for this purpose. However, the fact that they
are susceptible to external influences and can only be used on whole
kernels (Ciarmiello et al., 2014; Krol & Gantner, 2020) limits their ef-
ficiency. For this reason, several studies to explore more suitable tools
for hazelnut authentication have been carried out in the last decade.
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DNA-based methods offer high accuracy (Lang et al., 2021), but their
complex and expensive procedures make them unsuitable for routine
analysis. Furthermore, both phenotypic and DNA-based methods are
limited to varietal authentication only. In contrast, methods for
geographical authentication of nuts often involve analysing the mineral
composition (Inaudi et al., 2020; Oddone, Aceto, Baldizzone, Musso, &
Osella, 2009) or isotope ratios of light or heavy elements (Kraul,
Vieweg, & Vetter, 2019; Zannella et al., 2017) associated with the
growing area. Unfortunately, these methods are not suitable for deter-
mining the cultivar. Similarly, models based on near infrared spec-
trometry (Biancolillo et al., 2018; Sammarco & Dall’Asta, & Suman,
2023) have been suggested to verify the geographical origin of some
Italian PDOs. Alternatively, methods based on the analysis of hazelnut
metabolites have been proposed to verify their varietal or geographical
origin, given that metabolomics is a state-of-the-art approach for food
authentication. These approaches analyse protein/peptide compounds,
phenolic profiles and components of the lipid fraction, measured by
chromatographic techniques, such as gas (Parcerisa et al., 1998; Tiifekci
and Karatas, 2018) and liquid chromatography (Ciarmiello et al., 2014;
Ghisoni et al., 2020; Klockmann, Reiner, Bachmann, Hackl, & Fischer,
2016) as well as proton nuclear magnetic resonance (*H NMR) (Bach-
mann, Klockmann, Haerdter, Fischer, & Hackl, 2018). Nevertheless,
some of these markers such as phenols may be unstable under certain
conditions (light, temperature, time) and none of the methods devel-
oped so far have been tested for their suitability in verifying both the
hazelnut’s cultivar and origin. This underscores the need reliable
methods that can fulfil this objective.

In the pursuit of appropriate candidates for hazelnut cultivar and
geographical markers, the unsaponifiable lipid fraction stands out for
presenting relatively stable metabolites under storage conditions, which
are known to be influenced by both genetic (Amaral et al., 2006;
Matthius & Ozcan, 2012; Parcerisa et al., 1998) and environmental
factors (Benitez-Sanchez, Le6n-Camacho, & Aparicio, 2003; Ghisoni
et al., 2020; Matthius & Ozcan, 2012). This rich fraction contains
several families of secondary metabolites such as linear and terpene
alcohols and hydrocarbons, sterols, methylsterols and dimethylsterols,
among others (Benitez-Sanchez et al., 2003; Goriainov et al., 2021). This
makes the unsaponifiable lipid fraction a promising candidate for the
geographical and varietal authentication of hazelnuts. The most
appropriate technique for its analysis is gas chromatography-mass
spectrometry (GC-MS) (Goriainov et al., 2021; Phillips, Ruggio, &
Ashraf-Khorassani, 2005), as it provides comprehensive molecular-level
information through three-way data (an array sized of intensity x
retention time x m/z, for each sample), together with a high sensitivity
and widespread availability in routine labs.

In addition to selecting the appropriate authentication markers and
analytical technique, an essential aspect of the authentication strategy is
the data analysis approach, especially when dealing with complex
chromatograms such as those from nut’s unsaponifiable lipid fraction.
Untargeted approaches are an advantageous alternative to conventional
targeted methods, as they provide more information and overcome the
difficulties of identifying and quantifying analytical compounds in
complex chromatograms (Quintanilla-Casas et al., 2020a). In fact,
untargeted methods coupled to chemometric pattern recognition tech-
niques, such as partial least squares discriminant analysis (PLS-DA),
proved to be efficient tools for authentication purposes (Quintanilla-
Casas et al., 2020a,b; Riedl, Esslinger, & Fauhl-Hassek, 2015; Torres-
Cobos et al., 2021).

Among untargeted methods, fingerprinting operates on high
dimensional data (i.e. two-way or three-way data) such as spectra or
chromatograms and consists on finding specific patterns, known as
fingerprints, which are unique to a specific characteristic of the food
sample, such as cultivar or geographical origin (Ballin & Laursen, 2019;
Bosque-Sendra, Cuadros-Rodriguez, Ruiz-Samblas, & de la Mata, 2012).
Fingerprinting methods have been widely tested for food authentication,
proving to be successful (Quintanilla-Casas et al., 2020a,b; Torres-Cobos
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et al.,, 2021). Fingerprinting of three-way data, such as GC-MS data
(intensity x retention time x m/z, for each sample), typically entails
complex multi-way chemometric algorithms, but a recently introduced
approach simplifies the process by transforming the data into a
manageable two-way format (retention time X intensity, for each ion
and sample). This process involves the creation of models using the
unfolded matrix of extracted chromatograms of specific ions and has
proven successful for authentication purposes (Quintanilla-Casas et al.,
2020a,b; Torres-Cobos et al., 2021, 2023). Another alternative for
analysing three-way GC-MS data is using advanced untargeted profiling
techniques, such as powerful deconvolution tools, to extract the
maximum information from the samples (Rinnan, Amigo, & Skov,
2014). Among them, a deconvolution and identification tool called
PARADISe has emerged for GC-MS, which is based on PARAllel FACtor
analysis 2 (PARAFAC2). PARAFAC2 models provide estimates for each
mode - relative concentration, elution profile and pure mass spectra —
for each analyte, while handling common issues in chromatographic
data, including co-elution, baseline variations and retention time shifts
(Johnsen, Skou, Khakimov, & Bro, 2017; Baccolo, Quintanilla-Casas,
Vichi, Augustijn, & Bro, 2021). This user-friendly software allows an
efficient untargeted analysis of large GC-MS datasets, while minimizing
inter-user variability. Several studies have reported its usefulness for
chromatographic datasets in different fields (Johnsen et al., 2017; Bac-
colo et al., 2021; Rios-Reina, Aparicio-Ruiz, Morales, & Garcia-Gonza-
lez, 2023; Sales, Portolés, Johnsen, Danielsen, & Beltran, 2019). Baccolo
et al. (2021) evidenced its advantages in time-saving, comprehensive-
ness of the chromatographic results and tentative identification over
manual profiling. To our knowledge, no comparisons have been made to
evaluate the efficiency of fingerprinting and untargeted profiling ap-
proaches, along with other deconvolution methods, in extracting in-
formation from chromatographic data for authentication purposes.

This study aims to explore the potential of the unsaponifiable frac-
tion for the cultivar and geographical authentication of hazelnuts and to
compare two different data processing techniques (fingerprinting and
untargeted profiling) to determine the best method for developing effi-
cient authentication models. For this purpose, PLS-DA classification
models based on GC-MS data of hazelnut unsaponifiable fraction were
developed using both approaches. These were applied to the same test
cases: a cultivar model to distinguish ‘Tonda di Giffoni’ (TG), one of the
most widespread cultivars in the world, from other hazelnut cultivars
(non-TG); a provenance model to discriminate three different countries
of origin (Spain, Chile and Italy). Finally, the regression coefficients of
the models have been explored with the sole purpose of gaining a deeper
understanding of the models and their chemical significance, to ensure
that models are based on genuine chemical information rather than
arbitrary randomness.

2. Material and methods
2.1. Material and reagents

Diethyl ether stabilized with 7 mg/L of BHT, anhydrous sodium
sulphate and anhydrous pyridine 99.5 % were purchased from Scharlau
(Sentmenat, Spain). Methanol for gas chromatography ECD and FID
SupraSolv® and Horning’s silylating mixture II (N,O-bis(trimethylsilyl)
acetamide/chlorotrimethylsilane/1-(trimethylsilyl)imidazole, 3:2:3, v/
v/v) were purchased from Merck (Darmstadt, Germany). Potassium
hydroxide 85 % for analysis in pellets form was purchased from Thermo
Scientific (Waltham, Massachusetts, USA) and amberlite IRN78 OH
hydroxide form from Supelco (Bellefonte, Pennsylvania, USA).

2.2. Sampling
The sample set consisted of 176 traceable hazelnuts collected over

two consecutive harvest years, 2019 and 2020 (Supplementary material,
Table S1). They were obtained in the framework of the TRACENUTS
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project (PID2020-117701RB100), directly from producers. Out of these
samples, 110 were of the TG cultivar from Chile (n = 40), Italy (n = 24)
and Spain (n = 46), while 66 were from different cultivars (non-TG)
produced in Spain. Samples were stored vacuum-packed at 4 °C until
analysis.

2.2.1. Sample preparation

Around 30 g of hazelnuts were grinded and their lipid fraction was
extracted using 50 mL of diethyl ether. The mixture was centrifuged at
1220 g for 10 min, the liquid phase was taken and the organic solvent
was evaporated with a rotatory evaporator until only the hazelnut oil
was left. Then, an aliquot of 1 g of the hazelnut oil was saponified by
adding 4 mL of 2 M methanolic potassium hydroxide solution and
heated for 30 min at 70 °C in a water bath. The reaction was quenched
with ice for 10 min and 10 mL of water were added. Once the sample
reached room temperature, the unsaponifiable fraction was extracted
with 3 x 10 mL of diethyl ether, centrifuging each time (1220 g; 10 min)
to separate the organic phase from the aqueous phase. The organic ex-
tracts were subsequently pooled and washed with 10 mL of distilled
water. Following this, 2 g of amberlite adsorbent were added to remove
the excess of dissolved free fatty acids. After removing the adsorbent, the
organic phase was washed again with 10 mL of water and anhydrous
sodium sulphate was added to remove any remaining moisture. Once the
extract was cleaned, purified and any residual water was removed, the
solvent was evaporated using a rotatory evaporator until the volume was
reduced to approximately 1 mL. The resulting solution was transferred
into a silylation tube, and the remaining solvent was evaporated to
dryness by applying a stream of N,. The dry unsaponifiable fraction was
reconstituted with 50 pL of pyridine. Finally, 100 pL of silylating reagent
were added and allowed to react for 20 min at room temperature prior to
injection.

2.3. Gas chromatography-mass spectrometry (GC-MS)

The samples were analysed by an Agilent 6890 N Network GC system
equipped with a Combi-pal autosampler (CTC Analytics, Zwingen,
Switzerland) and coupled to an Agilent 5975C Inert MSD quadrupolar
mass selective analyser (Agilent Technologies, Santa Clara, California,
USA). Helium was the carrier gas at a flow rate of 1.5 mL/min. Analytes
were separated on a ZB-5 ms capillary column (60 m x 0.25 mm i.d.,
0.25 pm film thickness) from Phenomenex (Torrance, California, USA).
Column temperature was initially held at 150 °C for 2 min, then
increased to 260 °C at a rate of 10 °C/min, held for 2 min and then
increased to 320 °C at 2 °C/min, holding the last temperature for 13 min.
The ion source and the transfer line were set at 230 and 300 °C,
respectively. Mass spectra were acquired at 1.9 scan/s and the electron
energy was set at 70 eV. For the untargeted profiling approach, data
acquisition was performed in the full scan mode within the 50-500 m/z
range. For the fingerprinting approach, data were acquired using
selected ion monitoring (SIM) of 15 ions that resulted characteristic of
several compound families of the unsaponifiable fraction: m/z 57 (linear
hydrocarbons); m/z 69, 81, 93 (terpene alcohols and hydrocarbons); m/
273 (silylated compounds, i.e. any compound with a hydroxy group); m/
275, 103 (linear alcohols); m/z 83, 117 (fatty acids); m/z 117, 129, 189,
199, 204, 218, 393 (sterols) and m/z 189, 204, 218 (4-methylsterols and
4,4-dimethylsterols) (Li, Beveridge, & Drover, 2007; Xu et al., 2018).
Ions with m/z 75, 81, 83, 93, 103 and 117 were acquired from 14.85 to
42.5 min; m/z 129, 57, 69 and 73 were acquired from 14.85 to 58 min;
m/z 189, 199, 204, 218 and 393 were acquired from 42.5 to 58 min.

2.4. Chemometrics

2.4.1. SIM fingerprinting approach

A fingerprinting approach was followed using the extracted ion
chromatograms (EIC) of the 15 selected ions. The intensities of the scans
from minute 14.85 to 58 (4903 scans per selected ion over 43 min) were
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considered for ions m/z 129, 57, 69 and 73; from 14.85 to 42.5 min for
ions m/z 75, 81, 83, 93, 103 and 117; and from 42.5 to 58 min for ions
m/z 189, 199, 204, 218 and 393 (4903 scans x 4 ions + 3171 scans x 6
ions 4 1785 scans x 5 ions = 47563 variables per sample). A data matrix
was built for each ion, with the scan intensities of each EIC (columns) for
all samples (rows). Then, the EICs of each ion matrix were aligned using
the Correlation Optimized Warping (COW) algorithm in Matlab®
(Nielsen, Carstensen, & Smedsgaard, 1998) to correct the retention time
shifts among samples. Finally, the 15 aligned EIC matrices were
concatenated conforming a two-way unfolded matrix (176 samples x
47563 variables).

2.4.2. Untargeted profiling approach using PARADISe

The GC-MS raw dataset, acquired in full scan mode from 14.85 to 58
min, was imported in PARADISe and aligned to solve peak shifts using
the automatic alignment tool that applies icoshift (Larsen, Van den Berg,
& Engelsen, 2006) and COW algorithms (Tomasi, Van den Berg, &
Andersson, 2004). Even if raw data alignment is not required, it eases
the subsequent interval selection for each of the peaks. The optimal
number of components of PARAFAC2 models for each interval was
determined based on the combination of the following parameters: high
number of true peaks based on the deep learning tool, high model fitting,
high core consistency indicating better model adequacy, as well as low
and random model residuals (Quintanilla-Casas, Bro, Hinrich, & Davie-
Martin, 2023). After excluding baseline noise and other interferences,
components corresponding to actual chemical compounds (Fig. 1) were
selected and exported to a peak table (Supplementary material,
Table 52), listing the intervals (Supplementary material, Table S3) and
the peak areas (relative concentration) for all exported peaks in each
sample, together with the resolved mass spectra. The data matrix used
for further analysis only contained the peak areas for all exported peaks
(155 columns) for each sample (176 rows).

2.4.3. Partial least squares discriminant analysis (PLS-DA) models

Principal Component Analysis (PCA) was performed on each dataset
[fingerprinting (47563 columns x 176 rows) and untargeted profiling
through PARADISe (155 columns x 176 rows)] to explore the data and
to identify any potential outliers according to the Hotelling’s T2 range
and model residuals.

Then, each data matrix (from fingerprinting and from untargeted
profiling through PARADISe) was used to calibrate and validate inde-
pendent PLS-DA classification models with SIMCA v13.0© (Umetrics
AB, Sweden) to discriminate between: i) cultivars of Spanish hazelnuts;
and ii) geographical origins of TG hazelnuts.

For the cultivar models, a binary PLS-DA model was applied to
discriminate TG samples from those of other cultivars (non-TG). To
eliminate any potential influences from other factors, only samples from
the same origin (Spain) were considered (n = 112; 46 Spanish TG
hazelnuts and 66 Spanish non-TG hazelnuts).

For the classification according to the geographical origin of TG
hazelnuts, two discrimination approaches were developed, using
hazelnut samples from the same cultivar (TG) obtained from different
geographical origins (n = 110). The first geographical approach aimed
to discriminate between 'European’ (EU) (n = 70) and 'non-European’
(non-EU: Chile) (n = 40) TG samples; whereas the second model aimed
to classify the 70 TG EU samples into their specific country of origin:
'Spain (n = 46) or ’Italy’ (n = 24).

For each type of authentication model, each sample set was
randomly divided into training (80 % of the samples, TG/non-TG model
n = 90, EU/non-EU model n = 88, Spain/Italy model n = 56) and
validation set (20 % of the samples, TG/non-TG model n = 22, EU/non-
EU model n = 22, Spain/Italy model n = 14). This splitting was run
seven times (7 iteration for authentication model type) to evaluate the
effect of the sample set composition and to increase the robustness of the
external validation.

In PLS-DA binary models, classes are expressed as PLS dummy
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figure legend, the reader is referred to the web version of this article.)

variables (here, 1 for ‘non-TG’, ‘non-EU’ and ‘Italy’ classes and O for
‘TG’, ‘EU’” and ‘Spain’ classes). Then, the PLS predicted value of each
sample is used for its classification into one class or the other according
to a classification threshold (predicted value = 0.5). In each iteration,
models were first internally validated using the training set of samples
through leave 10 %-out cross-validation, and the optimal number of
latent variables (LV) was selected according to the lowest Root Mean
Squared Error of Cross Validation (RMSEcv) criteria. The optimal pre-
processing, according to the criteria below, for all the models was mean
centring and scaling to the unit of variance. Permutation test (n = 20
permutations) and ANOVA on the cross-validated predictive residuals
(p-value) were carried out to assess the models’ overfitting (Supple-
mentary material, Table S4). Then, the models were externally validated
by predicting the class of the samples in the corresponding validation
set, which had not been used to build the models. The suitability of each
PLS-DA model was evaluated by the Q2 values and efficiency, which was
expressed as the percentage of correct classification of each class, and
the sensitivity (true positives/ [true positives + false negatives]) and
specificity (true negatives/ [true negatives + false positives]) values,
positive samples being the non-TG, non-EU and Italian samples for the
corresponding models. The performance of models from each data
processing approach (fingerprint and untargeted profiling through
PARADISe) was compared to determine the most suitable one for
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authentication.

2.4.4. Evaluation of PLS-DA regression coefficients

The regression coefficients of the PLS-DA models developed with all
samples in the corresponding sample sets (cultivar n = 112, or origin n
= 110) with both the fingerprinting and untargeted profiling approaches
were compared to tentatively identify the key variables that contributed
to the discrimination between classes. This comparison aimed to reveal
the variables that were relevant for both approaches or for only one of
the approaches. The jack-knife standard error of cross-validation (SEcv)
was used to evaluate the significance of the regression coefficients,
considering significant those with values higher than their correspond-
ing SEcv (Torres-Cobos et al., 2021). Out of the significant variables,
only the ones with the highest absolute values (25 % higher than the
coefficient media) were considered and the corresponding compounds
were tentatively identified based on their mass spectra and elution
order.
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External validation of PLS-DA models (‘Tonda di Giffoni vs non-Tonda di Giffoni; ‘European’ vs ‘non-European’ (Chilean samples) and ‘Spanish’ vs ‘Italian’) developed
on the fingerprinting and untargeted profiling through PARADISe. Results are mean values (+standard deviation) obtained from seven iterations.

Cultivar model: TG/non-TG

Fingerprinting (LVs = 7, Q> > 0.64, RMSEcv < 0.30) °

n non-TG (n) TG (n) Correct classification (%) Sensitivity Specificity
non-TG 13 119 +£ 0.7 1.1 £0.7 91.2 £5.3 0.91 £ 0.05
TG 9 1.0£1.0 8.0+ 1.0 88.9 £11.1 0.89 £ 0.11
Total 22 90.3 + 6.7
PARADISe (LVs = 6-7, Q% > 0.40, RMSEcv < 0.36) *

n non-TG (n) TG (n) Correct classification (%) Sensitivity Specificity
non-TG 13 10.7 £1.1 23+1.1 82.4 +£ 8.6 0.82 £+ 0.09
TG 9 0.9 +0.9 8.1 £0.9 90.5 £+ 10.0 0.91 £ 0.10
Total 22 85.7 + 4.9
Geographical origin model: EU/non-EU
Fingerprinting (LVs = 6-7, Q® > 0.72, RMSEcv < 0.29) *

n non-EU (n) EU (n) Correct classification (%) Sensitivity Specificity
non-EU 8 8.0 +£ 0.0 0.0 £ 0.0 100.0 £ 0.0 1.00 + 0.00
EU 14 0.1 +0.4 13.9 + 0.4 99.0 + 2.7 0.99 + 0.03
Total 22 99.4 + 1.7
PARADISe (LVs = 5-6, Q® > 0.60, RMSEcv < 0.29) ?

n non-EU (n) non-EU (n) Correct classification (%) Sensitivity Specificity
non-EU 8 7.6 + 0.8 0.44+0.8 94.6 + 9.8 0.95 + 0.10
EU 14 0.1 +0.4 139+ 0.4 99.0 + 2.7 0.99 + 0.03
Total 22 97.4 + 3.6
Geographical origin model: Spanish/Italian
Fingerprinting (LVs = 5-6, Q2 > 0.62, RMSEcv < 0.31) #

n ITA (n) ESP (n) Correct classification (%) Sensitivity Specificity
ITA 5 4.6 £0.5 0.4+ 0.5 91.4 +10.7 0.91 £ 0.11
ESP 9 0.3+ 0.5 8.7+ 0.5 96.8 + 5.4 0.97 + 0.05
Total 14 94.9 + 3.5
PARADISe (LVs = 4-5, Q2 > 0.67, RMSEcv < 0.28) *

n ITA (n) ESP (n) Correct classification (%) Sensitivity Specificity
ITA 5 49 +0.4 0.1+0.4 97.1+7.6 0.97 + 0.08
ESP 9 0.3+ 0.5 8.7+ 0.5 96.8 + 5.4 0.97 + 0.05
Total 14 96.9 + 3.8

For all models, ANOVA p-value < 0.05. * Model parameters: mean values obtained with the training sets from 7 iterations. TG: ‘Tonda di Giffoni’; non-TG: other
cultivars; EU: European (Spanish and Italian); non-EU: non-European (Chilean); ESP: Spanish hazelnuts; ITA: Italian hazelnuts.

3. Results

3.1. Performance of PLS-DA classification models: fingerprinting vs.
untargeted profiling data

All models built on training sets (7 iterations per authentication
model type) from both approaches achieved 100 % of correct classifi-
cation in leave 10 %-out cross validation, which corresponds to the
maximum value of sensitivity and specificity (sensitivity and specificity
= 1) (Supplementary material, Figure S1) (Supplementary material,
Table S4). Subsequently, the PLS-DA models developed on each
approach were used to predict the class of the samples conforming the
corresponding validation sets. Table 1 presents the mean values of the
seven iterations obtained from the external validation of each authen-
tication model type (Cultivar: TG/non-TG; Geographical origin: EU/
non-EU and Spain/Italy) developed on fingerprinting and untargeted
profiling approaches. No outliers were detected according to the
Hotelling’s T2 range and model residuals.

In the case of cultivar authentication, the fingerprinting model out-
performed the untargeted profiling one with higher sensitivity (0.91 vs
0.82) and total correct classification percentage (90.3 % vs 85.7 %).
Although the specificity of the untargeted profiling model was slightly
higher (0.91 vs 0.89), the fingerprinting model performed better overall.

Fingerprinting models were also more efficient in distinguishing
between EU and non-EU samples, because even if both approaches
achieved the same specificity (0.99), the fingerprinting model exhibited

a higher sensitivity (1 vs 0.95) and overall correct classification (99.4 %
vs 97.4 %).

Finally, in terms of classification by EU country, both approaches
presented the same specificity (0.97) but untargeted profiling models
discriminated better the Italian samples, with a higher sensitivity (0.97
vs 0.91, by arbitrarily considering Italian hazelnuts as the positive
samples) and overall correct classification (96.9 % vs 94.9 %).

Regarding the standard deviation of mean external validation results
calculated on 7 iterations, it ranged from 1.7 to 6.7 % and from 3.6 to
4.9 % in global correct classification by fingerprinting and untargeted
profiling models, respectively, being the TG/non-TG and the EU/non-EU
the models with the highest and lowest standard deviations, respec-
tively, in both approaches.

3.2. Exploring models through regression coefficient analysis

To study and compare the most informative variables in PLS-DA
models developed on the fingerprinting or untargeted profiling
(PARADISe) data, we assessed the corresponding regression coefficients.
The most relevant coefficients of PLS-DA models based on both ap-
proaches corresponded to variables distributed throughout the entire
chromatogram. For the fingerprinting approach, they were present in
the EICs of all the ions considered (Fig. 2) and several of them corre-
sponded to minor components (Fig. 3).

Although a targeted approach was not the aim of the present study,
we tentatively identified some of the most discriminant compounds
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Fig. 2. Regression coefficients of the PLS-DA models (‘Tonda di Giffoni -TG vs ‘other cultivars’ - non-TG; ‘European’ - EU vs ‘non-European’ — non-EU and ‘Spain’ —
ESP vs ‘Italy’ - ITA) developed by a) fingerprinting, plotted against the variables (acquisition points) of concatenated EICs of a Tonda di Giffoni Spanish sample and b)
PARADISe, plotted against the variables (detected compounds) of the TIC of the same sample. For each model, the most relevant coefficients for the prediction of the
TG, EU and ESP classes are highlighted in blue (negative coefficients) and those relevant for non-TG, non-EU and ITA in red (positive coefficients). (For interpretation
of the references to colour in this figure legend, the reader is referred to the web version of this article.)

according to their elution order and the MS spectra (identification levels
2a and 3 according to Schymanski et al., 2014) obtained from full scan
MS data (Li et al., 2007; Xu et al., 2018). Specifically, we tentatively
identified the variables that were more relevant in classifying the sam-
ples within each category of the three authentication models (TG/non-
TGs; EU/non-EU; Spain/Italy) (Table 2). The mass spectra of these
compounds matched with those of a fatty acid (FA), linear (LA) and
terpene alcohols (TA), sterols (S), methylsterols (MS) and
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dimethylsterols (DMS) previously described in hazelnut oil (Table 2).
Additionally, some relevant coefficients corresponded to compounds
that could not be linked to any specific structure or chemical family with
sufficient confidence and are reported as unknown compounds.

3.2.1. Cultivar model: TG/non-TG
Concerning the cultivar model, the regression coefficients with
higher absolute value for the TG class in fingerprinting model belonged
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Fig. 3. Gas chromatograms of the MS response of the unsaponifiable fraction of hazelnuts: Total Ion Chromatogram (TIC) and three representative extracted ions (69,
113, 218). 1) phytol (TA1), 2) lineal alcohol C17 (LA1), 3) terpene alcohol (TA2), 4) unknown (UNK1), 5) unknown (UNK2), 6) terpene alcohol (TA3), 7) lineal
alcohol C24 (LA2), 8) unknown (UNK4), 9) squalene (TT1), 10) lineal alcohol C25 (LA3), 11) terpene alcohol (TA4), 12) lineal alcohol C26 (LA4), 13) cis-farnesol
(TA5), 14) lineal alcohol C28 (LA5), 15) unknown (UNK®6), 16) campesterol (S1), 17) campestanol (S2), 18) stigmasterol (S3), 19) sterol (S4), 20) unknown (UNK7),
21) sitostanol (S5), 22) A5-avenasterol (S6), 23) unknown (UNKS), 24) dimethylsterol (DMS1), 25) A7-stigmastenol (S7), 26) lupeol (DMS2), 27) 28-methylobtusi-
foliol (MS1), 28) 24-methylenecycloartanol (DMS3), 29) dimethyl sterol (DMS4), 30) citrostadienol (MS2), 31) sterol (S8), 32) unknown (UNK9). Diamond blue: TG,
red: non-TG; Triangle blue: EU, red: non-EU; Circle blue: SPA, red: ITA. (For interpretation of the references to colour in this figure legend, the reader is referred to

the web version of this article.)

to the EIC of m/z 103, 204 and 218, with the first exhibiting the greatest
number of relevant coefficients within this category (Fig. 2). These co-
efficients may correspond to linear alcohols (m/z 103: C17, LA1; C25,
LA3; C26, LA4), a terpene alcohol (m/z 69, 103: cis-farnesol, TA5), a not
identified dimethylsterol at 50.0 min (m/z 218: dimethylsterol 1, DMS1)
and three unknown compounds eluting at 18.6 min (m/z 73, 103 and
129: Unknown 2, UNK2), 48.4 min (m/z 218: Unknown 7, UNK7), and
57.2 min (m/z 189: Unknown 9, UNK9), respectively (Blue diamonds in
EICs from Fig. 3; Table 2). The non-TG class showed the most relevant
coefficients in the EIC of m/z 83 and 218 (Fig. 2), which could corre-
spond to a fatty acid (m/z 83: an oleic acid isomer, FA1), a sterol (m/z
218; A7-stigmastenol, S7) and a 4,4-dimethylsterol (m/z 218: lupeol,
DMS2) (Red diamonds in EICs from Fig. 3; Table 2).

In the case of untargeted profiling cultivar model, pure spectra
revealed that the most significant coefficients for the TG class corre-
sponded to: the same unknown compound eluting at 18.6 min (Un-
known 2, UNK2), terpene alcohols (a not identified one eluting at 23.1
min: terpene alcohol 3, TA3) and cis-farnesol TA5), linear alcohols (C26,
LA4; C28, LA5), a sterol (sitostanol, S5) and a 4-methylsterol (28-
methylobtusifoliol, MS1) (Blue diamonds in TIC from Fig. 3, Table 2).
Some of these compounds presented m/z that had also shown to be
relevant for the fingerprint model. For the non-TG class, the most rele-
vant coefficients corresponded to an unknown compound eluting at
18.1 min (Unknown 1, UNK1), a not identified sterol eluting at 47.7 min
(Sterol, 4 S4) and a 4,4-dimethylsterol (24-methylenecycloartanol,
DMS3) (Red diamonds in TIC from Fig. 3, Table 2).

3.2.2. Geographical origin model: EU/non-EU

For the EU/non-EU model based on fingerprinting data, the most
relevant regression coefficients of for the EU category were in the EIC of
m/z 69, 73, 103, 129, 199 and 218 (Fig. 2), and corresponded to the
above-mentioned unknown compound eluting at 18.6 min (m/z 73, 103,
129: Unknown 2, UNK2), and to sterols (m/z 218: sitostanol, S5; m/z 69,
199: A5-avenasterol, S6)(Blue triangles in EICs from Fig. 3, Table 2). The
most relevant regression coefficients for the non-EU class were distrib-
uted in several EIC (Fig. 2). Some of these discriminant variables cor-
responded to: a terpene alcohol (m/z 69, 103, 129: phytol, TAI), an
unknown specie eluting at 30.0 min (m/z: 57: Unknown 4, UNK4) a
sterol (m/z 393: A7-stigmastenol, S7) and a not identified 4,4-dimethyl-
sterol eluting at 53.3 min (m/z 57, 129, 189, 199, 393: dimethylsterol 4;
DMS4) (Red triangles in EICs from Fig. 3, Table 2).

For the untargeted profiling model, the relevant coefficients for the
EU class corresponded to the previously mentioned unknown compound
eluting at 18.6 min (Unknown 2, UNK2), a triterpene hydrocarbon
(squalene, TT1) and three sterols (campestanol, S2; sitostanol, S5; A5-
avenasterol, S6) (Blue triangles in the TIC of Fig. 3, Table 2). The
important coefficients for the non-EU class, in this case, corresponded to:
a terpene alcohol (phytol, TA1), the above-mentioned not identified
dimethylsterol 4 (DMS4) and a not identified sterol eluting at 56.4 min
(Sterol 8, S8) (Red triangles in the TIC of Fig. 3, Table 2).

3.2.3. Geographical origin model for TG samples: Spain/Italy

Regarding the discrimination of TG hazelnuts by their origin from
Spain or Italy, for the model based on fingerprinting approach the most
significant coefficients for the Spain class were detected in EIC of m/z
69, 73,75, 83,129, 189, 204 and 218 (Fig. 2). They could correspond to:
a terpene alcohol (m/z 69, 73, 83, 103, 129: phytol, TA1), a lineal
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alcohol (m/z 75, 103: C24, LA2), a sterol (m/z 218: campestanol, S2),
dimethylsterols (m/z 218: not identified dimethylsterol 1, DMSI; m/z
73, 129, 189, 204, 218: lupeol DMS2,) and the previously mentioned
unknown compound eluting at 57.2 min (m/z 189: Unknown 9, UNK9)
(Blue circles in the EICs of Fig. 3, Table 2). The most important co-
efficients for the Italian class corresponded to unidentified species
eluting at 18.1 min (m/z 103: Unknown 1, UNK1), 25.9 min (m/z 73:
Unknown 3, UNK3), 32 min (m/z 73, 81: Unknown 5, UNK5) and 49.5
min (m/z 218: Unknown 8, UNK8) (Red circles in the EICs of Fig. 3,
Table 2).

Finally, the relevant coefficients for the Spain class in the untargeted
profiling model related to: a terpene alcohol (phytol, TA1), two un-
known compounds, eluting at 18.6 min (Unknown 2, UNK2) and at 45.5
min (Unknown 6, UNK6), three sterols (campesterol, SI1; campestanol,
S2; sitostanol, S5) and a 4,4-dimethylsterol (lupeol, DMS2) (Blue circles
in the TIC of Fig. 3, Table 2). The Italian relevant coefficients corre-
sponded to two not identified terpene alcohols eluting at 15.9 min
(Terpene alcohol 2, TA2) and 34.8 min (Terpene alcohol 4, TA4), a sterol
(stigmasterol, S3), a 4,4-dimethylsterol (24-methylenecycloartanol,
DMS3) and a 4-methylsterol (citrostadienol, MS2) (Fig. 3, Table 2) (Red
circles in the TIC of Fig. 3, Table 2).

4. Discussion

Both untargeted profiling and fingerprinting approaches successfully
classified samples according to their cultivar or geographical origin
depending on the variable selected for supervising the analysis,
achieving percentages of correct classification in external validation
higher than 90 % in almost all cases. The results confirm our hypothesis
that the unsaponifiable fraction’s secondary metabolites, which depend
on genetic and environmental factors, have great potential for hazelnut
varietal and geographical authentication. Although specificity values
were similar for both approaches, fingerprinting outperformed untar-
geted profiling in two of the three models, providing higher sensitivity
and overall correct classification for cultivar and provenance from EU or
non-EU areas. This agreed with a previous study on spectroscopic data
(Quintanilla-Casas et al., 2022) reporting slightly better prediction re-
sults using fingerprinting compared to untargeted profiling approach.
On the other hand, the untargeted profiling model demonstrated higher
sensitivity in classifying hazelnuts based on their country of origin
(Spain or Italy, by arbitrarily considering Italian hazelnuts as the posi-
tive samples). In view of these results, we can affirm that both untar-
geted approaches applied to hazelnut unsaponifiable GC-MS data
proved to be highly effective in extracting valuable sample information
for the development of efficient authentication models, with the
fingerprinting approach achieving slightly higher classification effi-
ciency than untargeted profiling approach.

The standard deviation of the external validation results obtained
from the randomly selected sample sets (7 iterations) can provide
valuable insights into the dependence of the models on the sample set
composition. This metric can be considered as an indicator of the
robustness of the models and can help describe their performance in
various scenarios. In this regard, the models generated by both ap-
proaches exhibited a remarkable low standard deviation, which implies
that both showed low dependency on the composition of the validation
sample set, indicating a high degree of reliability. Nevertheless, it should
be considered that this study was designed to compare these two
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approaches, and to preliminarily evaluate the usefulness of the unsa-
ponifiable fraction for these authentication purposes. Therefore, the
sampling set included a limited number of regions and cultivars, which
implies that these models are not representative of the real hazelnut
production, and therefore their applicability is limited to this specific
purpose. Further sample collecting including a wider natural variability
(i.e. other main producing countries) is needed to develop models that
can be applied in a real scenario.

Examining the regression coefficients of models generated by both
fingerprinting and untargeted profiling it was evident that the distri-
bution of most relevant compounds for the classification was throughout
the entire chromatogram. This, combined with the fact that several of
these compounds were present in low concentrations (Fig. 3), highlights
the necessity for methods that enable comprehensive utilization of
sample information such as the untargeted approaches evaluated in the
present study. The tentative identification of the compounds corre-
sponding to the most relevant variables, provided insights into the
chemical families that played a crucial role in the classification process.
This analysis also enabled to determine whether there were any differ-
ences in the key discriminant compounds according to the untargeted
approach applied. It is worth clarifying that our intention was not to
provide an exhaustive exploration of the discriminant variables, but to
focus on some the most relevant variables to acquire an understanding of
the type of compounds on which the classification was based on.
Regarding the chemical families that mainly drove the classification in
models obtained from both untargeted approaches, steroid compounds
tentatively identified as sterols, 4-methylsterols, and 4,4-dimethylster-
ols; linear and terpene alcohols; and some unknown compounds were
found to be the key discriminators, with the steroid compounds playing
a crucial role in classification (Table 2). Previous studies demonstrated
the influence of both genetic (Parcerisa et al., 1998; Amaral et al., 2006;
Matthius & Ozcan, 2012) and environmental factors (Benitez-Sanchez
et al., 2003; Matthius & Ozcan, 2012; Ghisoni et al., 2020) on the ste-
roid fraction of hazelnuts, which supports the present findings.

The comparison of the key discriminant compounds between
fingerprinting and untargeted profiling authentication models revealed
partial agreement in relevant variables (Table 2). Compounds tenta-
tively identified as unknown compound 2 (UNK2), C26 linear alcohol
(LA4) and cis-farnesol (TA5) were significant to classify TG samples for
both approaches. Likewise, unknown compound 2 (UNK2), sitostanol
(S5) and A5-avenasterol (S6) were found to be relevant in discriminating
EU samples, while phytol (TAI) and the not identified dimethylsterol 4
(DMS4) were characteristic of the non-EU samples. In addition, phytol
(TA1), along with campestanol (S2) and lupeol (DMS2), were useful in
discriminating Spanish from the Italian samples in both approaches.

However, in addition to the matching discriminant markers, it is
worth noting that each approach identified distinct relevant variables in
each of the authentication models (Table 2). This can be attributed to the
fact that the information provided by the unfolded matrix-based
fingerprinting and untargeted profiling approach varies in terms of
both quantity and type, due to their differing mode of operation. On the
one hand, the higher sensitivity of SIM acquisition in unfolded matrix-
based fingerprinting can detect even minor compounds that may
significantly contribute to sample categorization, that may be over-
looked by untargeted profiling’s full scan acquisition. For instance,
minor compounds like the not identified minor fatty acid (FA1), linear
alcohols C24 (LA2) and C25 (LA3), the not identified dimethylsterol 1
(DMS1) and A7-stigmastenol (S7) were found to be significant for
classification in fingerprinting models but were not detected as chro-
matographic peaks by full scan untargeted profiling.

On the other hand, the selection of specific ions for acquisition in SIM
mode might hinder the detection of other significant compounds char-
acterized by different ions, which can, in turn, be detected by untargeted
profiling in full scan mode. Nevertheless, in this case, compounds found
as relevant only in untargeted profiling models (Table 2), such as those
tentatively identified as linear alcohol C28 (LA5), terpene alcohols TA2,
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TA3 and TA4, campesterol (S1), stigmasterol (S3), sterols S4 and S8, 28-
methylobtusifoliol (MS1), 24-methylenecycloartanol (DMS3) and cit-
rostadienol (MS2), as well as some unknown compounds (UNK6), were
also detected by SIM and thus, they were included in the unfolded ma-
trix. However, they resulted to be less relevant for the classification in
fingerprinting model compared to other minor compounds.

Therefore, if the representative ions of the chemical families being
analysed are selected properly, the information obtained from the
fingerprinting method using SIM acquisition appears to be greater than
the information contained in the untargeted profiling matrix based on
full scan acquisition. However, this assumption requires a general prior
knowledge of the chemical families of compounds present in the sam-
ples, which is satisfied in the case of the unsaponifiable fraction of
hazelnut but may present a challenge in other authentication scenarios.
In this sense, one of the main advantages of untargeted profiling is its
ability to provide chemically interpretable results, making it suitable for
analysing samples with unknown compositions and allowing for easy
identification of the markers of interest. It represents a straightforward
way to identify the most relevant compounds as the pure mass spectra
are provided, unlike SIM fingerprinting that does not allow for clear
identification and requires further full scan analysis to properly assess
compounds’ mass spectra and chemical structure.

One final consideration that should be addressed concerns the
applicability, ease of implementation and level of prior knowledge
required by the user, and transferability for each of the untargeted ap-
proaches compared. PARADISe is a user-friendly interface to utilize
PARAFAC2, but it does require a certain level of know-how for interval
selection and optimization of PARAFAC2 models, which is not necessary
for building the unfolded matrix in the fingerprinting approach. This
issue may be resolved in future versions of PARADISe by enabling
automatic interval selection, but at present, the fingerprinting unfolded
matrix approach is easier to use and apply. On the other hand, trans-
ferring untargeted analytical methods to other laboratories or in-
struments can be a challenging task, especially for fingerprinting
methods. In fact, while conventional strategies for target methods can be
adapted to assess the performance of untargeted profiling results,
thereby enabling easy in-house and inter-laboratory validations, a lack
of precise guidelines regarding the validation procedure for finger-
printing methods make it even more challenging to transfer these
methods, despite ongoing efforts to establish them (Quintanilla-Casas
et al., 2020D).

5. Conclusions

In conclusion, the unsaponifiable fraction of the hazelnut oil has
proven to be a promising tool for their geographical and varietal
authentication. Even if it is not a fast-screening technique, the study has
proved that GC-MS coupled with untargeted methods such as finger-
printing and advanced profiling techniques like untargeted profiling can
provide high-dimensional molecular-level information for hazelnut
authentication. Both untargeted profiling and fingerprinting proved to
be successful in the authentication of hazelnuts, although fingerprinting
provided slightly better prediction results. As revealed by the exami-
nation of the regression coefficients of the PLS-DA models, this may be
due to the greater information extracted by the fingerprinting method
from chromatographic data, which enabled considering even very minor
discriminant species. However, untargeted profiling enables easier
chemical interpretability than fingerprinting based on SIM data,
providing the pure spectra of the relevant compounds. It is remarkable
that these results were obtained in a challenging scenario in which the
origin was discriminated between samples of the same cultivar, and in
turn, the cultivar was discriminated between samples from the same
origin. This positions the analytical strategy as a suitable candidate to
verify challenging samples as a support to fast-screening tools. Never-
theless, optimal models should be further developed and evaluated
using a large-scale dataset, that would include the natural heterogeneity
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of the samples, the main producing regions and their principal cultivars
in addition to several harvest years.
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5.4 Enhancement, validation and comparison of metabolic methods for

hazelnut geographical and varietal authentication

5.4.1 Triacylglycerol and Unsaponifiable fraction fingerprinting

Drawing on the results obtained from the PoC studies, fingerprinting emerged as the
most suitable approach for developing authentication models based on the UF of
hazelnuts. It outperformed the untargeted profiling method, achieving higher
classification accuracy in authenticating both cultivar and provenance ( ).
Therefore, subsequent method enhancement and validation was conducted using this
approach, with an expanded sample set that included a greater number of samples and

encompassed a wider variability. ( )

On the other hand, the PoC study demonstrated that HT-GC-MS fingerprinting is an
effective fast-screening tool for analysing TAGs, outperforming other tested methods
( ). Consequently, it could be selected as a simpler and faster alternative to
UF fingerprinting or as a complementary method, enhancing analytical efficiency by

enabling the analysis of numerous samples.

To develop, evaluate and validate both methods under a higher natural variability, they
were tested on the same extensive sample set (n = 309) that included hazelnuts from
various harvest years, regions, and cultivars. This testing allowed for a reliable

assessment of their performances.
This extensive sample set included hazelnuts collected from 2019 to 2022 of:

- the same TG cultivar (n = 207) from different countries of origin: CHL (n = 40,),
ESP (n = 91,), Georgia (GEO, n = 40,) and ITA (ITA, n = 36); these samples had
been also used to develop the isotope-based models (section 5.2.1).
- different cultivars from the same origin, Spain (n = 102).
Separate PLS-DA classification models were built and externally validated, using the UF

and TAG fingerprinting data (Figure 13):

1) Cultivar model: a binary PLS-DA including only samples from Spain, to

discriminate TG hazelnuts from other cultivars (non-TG).
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2) Geographical origin model: A multi-class PLS-DA model, including only TG
samples, to distinguish between the four countries of origin (CHL, ESP, GEOQ,

ITA).
Finally, a combined strategy that integrates the rapidity of the TAG method and the
efficiency UF method (Figure 13), was tested and evaluated with the purpose of

achieving optimal discrimination while reducing the analytical workload (Publication 8).

CHL
ESP
@ Uncertain —
/' GEO
‘ ITA

PLS-DAmodels -

TG
’%’ Uncertain —
non-TG

‘/@g

PLS-DA models \4 <: TG

GC-MS

EIC unfolded matrix

non-TG

2-step combined strategy

Figure 13. Graphical abstract of Publication 8. UF: unsaponifiable fraction, TAG: triacylglycerol,
HT-GC-MS: high-temperature—gas chromatography—mass spectrometry, GC-MS: gas
chromatography—mass spectrometry, EIC: extracted ion chromatogram, PLS-DA: partial least
square-discriminant analysis, CHL: Chile, ESP: Spain, GEO: Georgia, ITA: Italy, TG: Tonda di
Giffoni, non-TG: other cultivars.

188



5.4.2 Publication 8

W&
_( " Meeting the challenge of varietal and geographical
(3 authentication of hazelnuts through lipid metabolite
fingerprinting
Berta Torres-Cobos, Soriana Beatrice Nicotra, Mercé Rovira, Agusti
Romero, Francesc Guardiola, Alba Tres, Stefania Vichi

Food Chemistry, 2025, 463(2), 141203.
https://doi.org/10.1016/j.foodchem.2024.141203

Supplementary material available in Annex 7







Chapter 5. Hazelnut geographical and varietal authentication

Food Chemistry 463 (2025) 141203

Contents lists available at ScienceDirect
Food Chemistry

journal homepage: www.elsevier.com/locate/foodchem e

=

CHEMISTRY

Check for

Meeting the challenge of varietal and geographical authentication of | e
hazelnuts through lipid metabolite fingerprinting

B. Torres-Cobos ", S.B. Nicotra®, M. Rovira“, A. Romero ¢, F. Guardiola ™", A. Tres*"",

S. Vichi *"

2 Departament de Nutricio, Ciencies de L'Alimentaci6 i Gastronomia, Facultat de Farmacia i Ciencies de L'Alimentacié, Universitat de Barcelona. Av Prat de La Riba, 171,

08921 Santa Coloma de Gramenet, Spain

Y Institut de Recerca en Nutrici6 i Seguretat Alimentaria (INSA-UB), Universitat de Barcelona. Av Prat de La Riba, 171, 08921 Santa Coloma de Gramenet, Spain
¢ Institute of Agrifood Research and Technology (IRTA), Ctra. de Reus — El Morell Km 3.8, Constanti 43120, Spain

ARTICLE INFO ABSTRACT
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market price depends on their qualitative characteristics, which are driven by cultivar and geographical origin,
making hazelnuts susceptible to fraud. This study systematically compared two lipidomic fingerprinting stra-
tegies for the simultaneous authentication of hazelnut cultivar and provenance, based on the analysis of the
unsaponifiable fraction (UF) and triacylglycerol (TAG) profiles by gas chromatography-mass spectrometry
coupled with chemometrics. PLS-DA classification models were developed using a large sample set with high

natural variability (n = 309) to discriminate hazelnuts by cultivar and origin. External validation results
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demonstrated the suitability of the UF fingerprint as a hazelnut authentication tool, both tested models showing a
high efficiency (>94 %). The correct classification rate of the TAG fingerprinting method was lower (>80 %), but
due to its faster analysis time, it is recommended as a complementary screening tool to UF fingerprinting.

1. Introduction

In recent years, the demand for high-quality food products has
significantly increased, with typicity being a key quality trait. As the
characteristics of plant-based foodstuffs are greatly influenced by envi-
ronmental and genetic factors, consumers are showing a growing pref-
erence for typical food products that reliably indicate their geographical
and varietal origin. These aspects are the cornerstone of denominations
of origin such as the Protected Denomination of Origin and Protected
Geographical Indication. These quality schemes stipulate that products
included in these categories must be produced within defined
geographic areas and use only specified cultivars (Regulation (EU)
2024/1143).

Hazelnut production is of significant economic importance in coun-
tries such as Turkey, Italy, the United States, Chile, Georgia, and Spain,

among others (Food and Agriculture Organization of the United Nations,
2022). These nuts are highly valued for their sensory and compositional
characteristics, which are closely associated with the cultivar and
geographical origin (Amaral et al., 2006; Krol & Gantner, 2020), leading
to significant differences in the market price (Food and Agriculture
Organization of the United Nations, 2022). Each hazelnut cultivar pos-
sesses distinctive technological traits including nut yield, shape, calibre,
and pellicle removal, as well as unique kernel flavour and aroma. These
inherent characteristics guide the industry's cultivar selection process to
align with specific intended applications. The current market is domi-
nated by round-shaped Italian cultivars such as ‘Tonda Gentile’, ‘Tonda
Romana’ and ‘Tonda di Giffoni’ (TG), as well as Spanish cultivars like
‘Negret” and ‘Pauetet’, along with Turkish cultivars such as ‘Tombul’,
‘Palaz’, and ‘Fosa’ (Silvestri et al., 2021). While most of these cultivars
are primarily grown in their traditional countries of origin, certain
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cultivars, such as TG, have also gained popularity in new producer
countries.

Differences in quality and market price among hazelnuts from
distinct cultivars or regions, along with concerns about the safety of non-
traceable foods, highlight the importance of authenticating hazelnuts
based on their geographical and varietal origins. Developing reliable
instrumental methods is crucial for assessing the authenticity of these
characteristics, which are currently verified through documentation and
phenotypic observations. To address this challenge, various strategies
have been proposed. DNA-based methods provide accurate varietal
authentication (Lang et al., 2021), while markers associated with the
growing area, such as elemental composition and isotope ratios,
contribute to reliable geographical authentication (Inaudi et al., 2020;
KrauB} et al., 2019; Oddone et al., 2009). However, these methods are
often expensive and complex, and cannot simultaneously determine
both varietal and geographical origin. Given their substantial influence
on hazelnut traits and market value, being able to identify both origin
and cultivar in a single analysis is crucial to counter the risk of
economically motivated fraud. Metabolomics has great potential in this
context, as plant metabolic profiles are strongly shaped by genetic traits
and environmental conditions. These profiles can be effectively corre-
lated with specific cultivars and geographical regions, allowing for
robust authentication. Metabolomic studies have focused on dis-
tinguishing either the cultivar or the provenance of hazelnuts
(Ciarmiello et al., 2014; Klockmann et al., 2016), but few attempts have
been made to simultaneously authenticate their botanical and
geographical origin (Ghisoni et al., 2020). In this regard, the unsapo-
nifiable fraction (UF) of hazelnuts is a lipidic fraction that contains
numerous families of secondary metabolites, including sterols, linear
and terpene alcohols, and hydrocarbons (Benitez-Sanchez et al., 2003;
Goriainov et al., 2021). The presence and profile of these metabolites is
known to be driven by both genetic (Amaral et al., 2006; Matthaus &
Ozcan, 2012; Parcerisa et al., 1998) and environmental factors (Benitez-
Sanchez et al., 2003; Ghisoni et al., 2020; Matthius & Ozcan, 2012), and
is minimally influenced by aspects such as storage or processing. This
positions the UF as a promising candidate for fingerprinting to verify the
botanical and geographical origin of hazelnuts.

Among non-targeted metabolomic approaches, metabolic finger-
printing involves analysing high-dimensional data such as spectra or
chromatograms to identify distinct patterns or fingerprints exclusive to a
food sample with specific attributes (Ballin & Laursen, 2019; Bosque-
Sendra et al., 2012). This approach has proven highly effective in
authenticating both the varietal and geographical origin of food prod-
ucts (Quintanilla-Casas et al., 2022; Torres-Cobos, Quintanilla-Casas,
Guardiola, et al., 2021; Torres-Cobos, Quintanilla-Casas, Romero,
et al., 2021). Specifically, in a preliminary study on hazelnuts with a
limited sample set, fingerprint analysis of UF data successfully classified
hazelnut cultivar and provenance, achieving an accuracy rate of over 90
% in external validation (Torres-Cobos et al., 2024). Therefore, the
analysis of secondary metabolites obtained through extraction and
saponification of the lipid fraction, and subsequently determined by gas
chromatography-mass spectrometry (GC-MS), has emerged as a prom-
ising and effective strategy for hazelnut authentication. However, to
validate the results and ensure method reliability, it is crucial to further
develop and evaluate authentication models using representative large-
scale datasets.

Analytical efficiency can also be enhanced by exploring alternative
screening methods based on the same fingerprinting approach but
focusing on metabolic fractions that require simpler analytical proced-
ures. For instance, variations in the profile of triacylglycerols (TAGs),
the main constituents of the hazelnut lipid fraction, have been related to
both genetic and environmental conditions (Amaral et al., 2006; Par-
cerisa et al., 1994). Moreover, TAG analysis is fast, simple, and does not
require cumbersome sample preparation, making it suitable for routine
analysis or as a screening method. Specifically, TAG fingerprinting by
high temperature-gas chromatography-mass spectrometry (HT-GC-MS)
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has been recently described as more efficient than other analytical ap-
proaches in authenticating lipid-based foods (Torres-Cobos et al., 2023).
However, despite its potential, only a few studies have explored the TAG
fraction of hazelnuts to develop authentication tools for discriminating
the cultivar or provenance. To the best of our knowledge, to date only
Kiralan et al. (2015) have used the TAG profile coupled with chemo-
metrics to develop hazelnut geographical classification models, and no
studies have applied this method to distinguish between hazelnut cul-
tivars. Therefore, our hypothesis is that TAG fingerprinting is a simpler
method that can complement the UF fingerprinting approach for
hazelnut botanical and geographical authentication.

For a reliable assessment of UF and TAG fingerprinting performance
and their suitability for hazelnut authentication, both methods must be
tested on a large sample set with high natural variability, including
hazelnuts from different cultivars, regions, and harvest years.

The primary objectives of this study were to i) demonstrate the
applicability of UF fingerprinting by GC-MS for hazelnut varietal and
geographical authentication using a large-scale set of over 300 samples
collected across different harvest seasons; ii) apply the same strategy
and sample set to assess the viability of TAG fingerprinting by HT-
GC-MS as a faster alternative method to UF fingerprinting, and iii)
evaluate the effectiveness of an analytical strategy that combines the
rapidity of the TAG method and the efficiency of the UF method, aiming
to achieve optimal discrimination while minimizing analytical
workload.

2. Material and methods
2.1. Sampling

A total of 309 traceable hazelnut samples were obtained from 2019
to 2022 as part of the TRACENUTS project (PID2020-117701RB-100),
directly from producers. From these samples, 207 were of the ‘Tonda di
Giffoni’ (TG) cultivar, sourced from Chile (CHL, n = 40, 2019-2020),
Spain (ESP, n = 91, 2019-2022), Georgia (GEO, n = 40, 2021-2022),
and Italy (ITA, n = 36, 2019-2021). The remaining 102 samples were
from seven different cultivars (non-TG) produced in Spain. Information
about the sample set is summarized in Table S1 of Supplementary In-
formation. Samples were stored vacuum-packed at 4 °C until analysis.

2.2. Unsaponifiable fraction fingerprinting

2.2.1. Material and reagents

Diethyl ether stabilized with 7 mg/L of BHT, anhydrous sodium
sulphate, and anhydrous pyridine 99.5 % were purchased from Scharlau
(Sentmenat, Spain). Potassium hydroxide 85 % for analysis in pellets
was purchased from Thermo Scientific (Waltham, Massachusetts, USA).
Methanol for GC-ECD and FID, and Horning's silylating mixture II (N,O-
bis(trimethylsilyl)acetamide/chlorotrimethylsilane/1-(trimethylsilyl)
imidazole, 3:2:3, v/v/v) were purchased from Merck (Darmstadt, Ger-
many). Amberlite IRN78 OH hydroxide form was obtained from Supelco
(Bellefonte, Pennsylvania, USA).

2.2.2. Sample preparation

Sample preparation was carried out as reported by Torres-Cobos
et al. (2024). Briefly, about 30 g of hazelnuts were ground, and the lipid
fraction was extracted with diethyl ether. The organic solvent was
evaporated and a 1 g aliquot of the hazelnut oil was saponified by adding
2 M methanolic potassium hydroxide solution and heating for 30 min at
70 °C in a water bath. The reaction was quenched with ice and the UF
was extracted with diethyl ether. The organic extract was purified by
washing with distilled water and adding amberlite adsorbent to remove
the excess dissolved free fatty acids. Anhydrous sodium sulphate was
added to remove any remaining moisture. The solvent was evaporated,
and the UF was reconstituted with 50 pL of pyridine. Finally, 100 pL of
silylating reagent was added and allowed to react for 20 min prior to
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2.2.3. Unsaponifiable fraction fingerprinting by selected ion monitoring
(SIM) GC-MS

Samples were analysed under the conditions reported by Torres-
Cobos et al. (2024). The UF fingerprint was acquired using an Agilent
6890 N Network GC system equipped with a Combi-PAL autosampler
(CTC Analytics, Zwingen, Switzerland) and coupled to an Agilent 5975C
Inert MSD quadrupolar mass selective analyser (Agilent Technologies,
Santa Clara, California, USA). Helium was the carrier gas at a flow rate
of 1.5 mL/min. Analytes were separated on a ZB-5 MS capillary column
(60 m x 0.25 mm i.d., 0.25 pm film thickness) from Phenomenex
(Torrance, California, USA). Column temperature was held at 150 °C for
2 min, increased to 260 °C at 10 °C/min, held for 2 min, and then
increased to 320 °C at 2 °C/min, holding the last temperature for 13 min.
The temperatures of the ion source and the transfer line were 230 and
300 °C, respectively. Mass spectra were recorded at 1.9 scan/s and the
electron energy was set at 70 eV. Data acquisition was performed in the
SIM mode by analysing the extracted ion chromatogram (EIC) of 15
characteristic ions for several compound families of the UF: m/z 57, 69,
73, 75, 81, 83, 93, 103, 117, 129, 189, 199, 204, 218 and 393 (Torres-
Cobos et al., 2024). Ions of m/z 75, 81, 83, 93, 103 and 117 were ac-
quired from 14.85 to 42.5 min (3171 scans for each EIC); m/z 57, 69, 73
and 129 from 14.85 to 58 min (4903 scans per EIC); and m/z 189, 199,
204, 218 and 393 from 42.5 to 58 min (1785 scans per EIC). These
acquisition times were selected based on the retention time ranges of the
main UF classes of compounds (Torres-Cobos et al., 2024). Then, a
fingerprinting approach was followed using the intensities of the scans
of the EICs. For each ion, a data matrix was built with all samples (rows,
n = 309) and the scan intensities of each EIC as variables (columns) (15
different data matrices with 3171 scans x 6 ions, 4903 scans x 4 ions, or
1785 scans x 5 ions). Differences between injections were corrected by
normalizing each EIC. The EICs of each ion matrix were then aligned
using the correlation optimized warping (COW) algorithm in Matlab®
(Nielsen et al., 1998) to correct retention time shifts among samples.
Finally, the 15 aligned EIC matrices were concatenated into a two-way
unfolded matrix (309 samples x 47,563 variables).

2.3. TAG fingerprinting

2.3.1. Material and reagents
Dichloromethane (SupraSolv® for GC-ECD/FID) was purchased from
Merck (Darmstadt, Germany).

2.3.2. Sample preparation

Hazelnut oil was extracted as described in section 2.2.2 Sample
preparation. Then, a 30 mg aliquot of oil sample was dissolved in 1.5 mL
of dichloromethane to a final concentration of 2 % (w/v).

2.3.3. TAG fingerprinting by SIM HT-GC-MS

The TAG fingerprint of hazelnut samples was analysed under the
conditions reported by Torres-Cobos et al. (2023). HT-GC-MS analysis
was performed on an Agilent Technologies 6890 N gas chromatograph
coupled to an Agilent 5973 Network quadrupolar mass selective ana-
lyser (Agilent Technologies, Santa Clara, California, USA). The sample
injection volume was 2 pL with a split ratio of 1:20. Helium was the
carrier gas at a flow rate of 1.5 mL/min. Analytes were separated on a
TRB-50HT column (Teknokroma, Sant Cugat del Valles, Spain) (30 x
0.25 mm I.D., 0.10 pm). The initial column temperature was 290 °C,
which was held for 2 min and then increased to 315 °C at 10 °C /min.
Finally, it was increased to 350 °C at 2 °C /min and held for 20 min. The
ion source and transfer line temperatures were set at 230 and 350 °C,
respectively. Mass spectra were acquired in SIM mode at 1.3 scan/s and
the electron energy was set at 70 eV. A fingerprinting approach was
followed by acquiring the EICs of 16 TAG fragment ions: m/z 81, 107,
237, 239, 260, 262, 264, 265, 295, 311, 313, 323, 335, 337, 339, and
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351 (Torres-Cobos et al., 2023) from 1.6 to 38.6 min (2920 scans x 16
ions = 46,720 variables). For each ion, a data matrix was built with the
scan intensities of each EIC (columns) for all samples (rows) (309
samples x 46,720 variables). Baseline correction was performed using
asymmetric least squares (Eilers, 2004) followed by normalization of
each EIC. The EICs of each ion matrix were aligned using the COW al-
gorithm in Matlab® (Nielsen et al., 1998). The 16 aligned matrices were
then concatenated to obtain a two-way unfolded matrix.

2.4. Chemometrics

2.4.1. One analysis approach: UF and TAG partial least squares
discriminant analysis (PLS-DA) models

Firstly, to explore the data and identify potential outliers according
to Hotelling's T? range and model residuals, principal component anal-
ysis (PCA) was performed on both the UF and TAG fingerprinting
datasets. Then, the data matrices of each method were separately used to
calibrate and validate individual PLS-DA classification models using
SIMCA v13.0© (Umetrics AB, Sweden). For each method (UF or TAG
fingerprinting), two types of classification models were developed: i) a
TG/non-TG binary cultivar model, which included only Spanish sam-
ples, to discriminate between TG samples and those of other cultivars
(non-TG); and ii) a multi-class geographical origin model, which
included only TG samples, to distinguish between four different coun-
tries of origin.

For each authentication model (TG/non-TG or origin model) and
method (UF or TAG fingerprinting), the sample set was randomly split
into training (80 % of samples from each category: TG/non-TG model, n
= 154; origin model, n = 166) and validation sets (20 % of samples from
each category: TG/non-TG model, n = 39; origin model, n = 41). This
splitting process was run seven times (7 iterations) to evaluate the effect
of the sample set composition and increase the robustness of the external
validation. The sample set splitting information, including test and
training sets, is summarized in Table S1 of the Supplementary
Information.

In each iteration, a PLS-DA model (training model) was calibrated
and internally validated through leave-10 %-out cross-validation using
the samples in the training set of that iteration. In each case, the chosen
data pre-processing and the number of latent variables (LV) for each
PLS-DA model were those that achieved the lowest value of root mean
squared error based on predicted values in cross validation (RMSEcv)
(Quintanilla-Casas, Bustamante, et al., 2020; Torres-Cobos et al., 2024;
Xu et al., 2018). To assess the model overfitting, permutation tests (n =
20 permutations) and ANOVA (p-value) on the cross-validated predic-
tive residuals compared to those of a random model were performed as
in previous studies (Eriksson et al., 2008; Ghisoni et al., 2020; Quinta-
nilla-Casas et al., 2022). Then, each training model was externally
validated by predicting the class of samples in the corresponding vali-
dation set, which had not been used to build the models. Therefore, for
each type of model, 7 training PLS-DA models and the corresponding 7
external validations were obtained, to verify that results were not driven
by specific influential samples and thus, to increase the robustness of the
external validation (Torres-Cobos, Quintanilla-Casas, Romero, et al.,
2021; Westerhuis et al., 2008). Results of each individual iteration can
be found in in Tables S2 and S3 of the Supplementary Information.
Unless otherwise indicated, results in the manuscript will be the mean of
these 7 iterations.

In PLS-DA binary models, classes are expressed as PLS dummy var-
iables (1 for non-TG class and O for TG). Whereas multi-class PLS-DA
models work as multiple binary models of each class against the other
samples, a dummy Y matrix holds as many classification vectors as
classes and each vector has values of 1 for one class and 0 for all the
other classes (1 for CHL, ESP, GEO, and ITA classes; and 0 for non-CHL,
non-ESP, non-GEO, and non-ITA classes). The PLS predicted value (PV)
of each sample was used for classification into one class or the other
according to the highest PV criteria, provided it was above the

193



Chapter 5. Hazelnut geographical and varietal authentication

B. Torres-Cobos et al.

classification threshold. Samples with PVs below the classification
threshold for all classes were not assigned to any class.

To maximize model performance, classification thresholds were
optimized by analysing receiver operating characteristics (ROC) gener-
ated with the PVs obtained in the leave-10 %-out cross-validation. The
ROC curve plots the sensitivity (true positives/ [true positives + false
negatives]) and 1-specificity (1 - [true negatives/ (true negatives + false
positives)]) values obtained when the PV threshold to assign samples to
a diagnostic category (TG or non-TG for the cultivar model; and CHL,
ESP, GEO, and ITA for the origin model) varies (Fawcett, 2006). In this
case, the positive classes were non-TG, CHL, ESP, GEO, and ITA for the
corresponding models. ROC analysis was applied to PV values from each
individual PLS-DA model. Hence, a total of 35 ROC curves (7 random
training sets per 5 diagnostic categories [1 for the cultivar and 4 for
origin models]) were generated for each method (TAG and UF finger-
printing). Classification of the one-analysis approach models was based
on thresholds optimized through the ROC curves; these optimal
thresholds were those leading to the maximum value of sensitivity +
specificity (Quintanilla-Casas, Marin, et al., 2020). Optimal thresholds
are summarized in Table S4 of the Supplementary Information.

The performance of each PLS-DA model was evaluated using the
cumulative Q? values and the percentage of correct classification.
Sensitivity and specificity were assessed for the binary cultivar models.
For the origin models, the number of unassigned samples (those with
PVs below the thresholds for all diagnostic categories) was also
evaluated.

The results of both approaches (UF and TAG fingerprinting) were
compared and evaluated to determine their suitability for hazelnut
authentication.

2.4.2. Combined TAG and UF fingerprinting strategy

To improve classification performance and enhance analytical effi-
ciency, a combined strategy was applied following a 2-step classification
approach as shown in Fig. 1. First, samples were assessed by the TAG
fingerprinting method, and an uncertainty range for the classification
was established instead of a single threshold. Uncertainty ranges were
set according to the sensitivity and specificity obtained from ROC curves
for each diagnostic category. Thus, the PVs that resulted in sensitivity
and specificity equal to 1 were used as the lower and upper thresholds of
the uncertainty range, respectively (Quintanilla-Casas, Marin, et al.,
2020). If the same PV provided specificity and sensitivity values equal to
1, the upper and lower thresholds were set to +0.15 of that PV

TAG Fingerprinting

Cultivar
|

I
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(Quintanilla-Casas, Bustamante, et al., 2020) (Table S4 of Supplemen-
tary Information). Samples with PVs falling within the uncertainty
range, or those not assigned to any class, were considered as boundary
samples.

These boundary samples were further assessed by the UF finger-
printing method, applying the optimal threshold described in section
2.4.1 as the classification criterion. The combined strategy was also
internally validated through leave-10 %-out cross-validation with each
of the seven training sets and externally validated by predicting the class
of the samples in the corresponding validation sets.

3. Results and discussion

The initial exploration of the UF and TAG fingerprinting data sets by
PCA showed no outliers according to Hotelling's T? range and model
residuals.

For all PLS-DA models, the optimal pre-processing, according to the
lowest RMSEcv, was mean-centring and scaling to the unit of variance.
Permutation tests and ANOVA p-values indicated that neither the origin
nor the cultivar models were overfitted.

3.1. Performance of the PLS-DA models for the one-analysis approach

3.1.1. Unsaponifiable fraction fingerprinting

In the leave-10 %-out cross-validation (internal validation), all
cultivar and origin models generated from the 7 training sets (7 itera-
tions) achieved 100 % correct classification (Tables S2, S3, S5 and S6 of
Supplementary Information). However, to confirm their suitability,
these models were also externally validated using the training models to
predict the samples of the corresponding validation sets. The results,
expressed as mean values + standard deviation from the 7 iterations, are
summarized in Table 1 and Table 2.

For the binary cultivar model (Table 1), correct classification values
for both TG and non-TG classes were equal to or higher than 91.2 %. The
TG class showed slightly higher prediction accuracy (97.6 %), likely due
to the greater variability of cultivars in the non-TG class, which chal-
lenged accurate prediction. This model displayed high mean sensitivity
and specificity and achieved a mean global correct classification rate of
94.1 %.

These results indicate that the efficiency of UF fingerprinting in
distinguishing hazelnut cultivars surpassed that of genetic methods
(Giulia et al., 2022; Lang et al., 2021) and imaging-based methods for
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Fig. 1. Diagram of the 2-step combined strategy based on two consecutive analyses (TAG and UF fingerprinting) to predict hazelnut origin and cultivar.
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Table 1
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External validation of PLS-DA cultivar models developed independently on unsaponifiable fraction (UF) and triacylglycerol (TAG) fingerprinting data. Results are

mean values (& standard deviation) obtained from seven iterations.

Cultivar model: TG/non-TG

UF fingerprinting (LVs = 8, Q? = 0.82, RMSEcv = 0.21) *

n non-TG (n) TG (n)
non-TG 21 191 +1.2 19+1.2
TG 18 0.6 £0.8 17.6 £ 0.8
Total 39

TAG fingerprinting (LVs = 9-10, Q% = 0.43, RMSEcv = 0.37) ?

n non-TG (n) TG (n)
non-TG 21 17.7 £ 1.6 33+16
TG 18 26+1.6 154 £1.6
Total 39

Correct classification (%) Sensitivity Specificity
91.2 £5.8 0.91 + 0.06

97.6 £ 4.4 0.98 £+ 0.04
941 + 4.1

Correct classification (%) Sensitivity Specificity
844+7.6 0.84 + 0.08

85.7 + 9.0 0.86 + 0.09
85.0 + 6.4

For all models, ANOVA p-value <0.05.  Model parameters: range of number of latent variables (LVs), and mean values (Q%, RMSEcv) obtained with the training sets

from 7 iterations. TG: ‘Tonda di Giffoni’; non-TG: other cultivars.

whole shelled and unshelled hazelnuts (Keles & Taner, 2021; Menesatti
et al., 2008). A direct comparison with other authentication methods
based on hazelnut chemical composition is not always possible because
many studies have used them to differentiate between groups of culti-
vars (Moscetti et al., 2015; Stella et al., 2013), rather than distinguishing
a single hazelnut cultivar from others produced in the same region, as in
the present study. Additionally, it is important to emphasize that UF
fingerprinting successfully distinguished TG from other Italian cultivars
within the non-TG class, such as ‘San Giovanni’ (non-TG5 samples, see
Table S1 of Supplementary Information), ‘Tonda Romana’ (non-TG7
samples), and the hybrid ‘Tonda Francescana’ (non-TG6 samples),
which is a cross between ‘Tonda Romana’ and TG (Farinelli et al., 2019).

External validation of the multi-class origin model (Table 2) also
resulted in high correct classification percentages for all classes, reach-
ing a global correct classification rate of 97.2 %. Notably, all hazelnuts
from Georgia were correctly classified, while one Chilean and one
Spanish sample were misclassified by one of the training models: the
former was not assigned to any class and the latter was wrongly classi-
fied as Italian. Among the Italian samples, some were unassigned, and
only two were misclassified as Chilean and Spanish, respectively. The
greater challenge in assigning Italian samples likely stemmed from the
similarity of environmental and climatic conditions to those of Spain.
Again, the performance of this method cannot be directly compared to
those of other methods because they have not been tested in the same
challenging scenario. This study examined the same cultivar produced in
different geographical areas, so the markers were influenced only by
environmental and not genetic factors. Despite this, the method's

Table 2

efficiency was equal to or greater than in studies where hazelnut classes
differed in both origin and cultivar (Bachmann et al., 2018; Biancolillo
et al., 2018; Klockmann et al., 2016; Sammarco et al., 2023; Shakiba
et al., 2022).

3.1.2. TAG fingerprinting

Leave-10 %-out cross-validation of TAG models resulted in 100 %
and 99.5 % of correct classification for the cultivar (Table S2 and S5 of
Supplementary Information) and origin models (Table S3 and S6 of
Supplementary Information), respectively. These promising results were
further evaluated through external validation (Table 1, Table 2 and
Tables S3 and S4 of Supplementary Information).

Although external validation showed a slightly lower efficiency
compared to the internal validation, an overall correct classification of
85 % was achieved for the cultivar model, with mean specificity and
sensitivity values equal to or higher than 0.84 (Table 1). The model
exhibited slightly more difficulty in classifying the non-TG class, as
found with the UF cultivar model.

On the other hand, the origin TAG model (Table 2) successfully
classified 82.2 % of the hazelnuts, with an accuracy exceeding 83 % for
the Chilean, Georgian, and Spanish samples. Accuracy for the Italian
samples was lower (61.2 %), with a significant number misclassified as
Spanish or left unassigned. This behaviour, observed to a lesser extent in
the UF data model, likely results from the similarity of environmental
conditions in Spain and Italy, which appears to have a more pronounced
effect on the TAG fingerprint. The classification accuracy of TAG
fingerprinting is comparable to other high-resolution techniques that

External validation of PLS-DA origin models developed independently on unsaponifiable fraction (UF) and triacylglycerol (TAG) fingerprinting data. Results are mean

values (+ standard deviation) obtained from seven iterations.

Geographical origin model: CHL/ESP/GEO/ITA

UF fingerprinting (LVs = 11-13, Q2 = 0.78, RMSEcv = 0.28) ?

n CHL (n) ESP (n) GEO (n)
CHL 8 7.9+0.4 0.0 + 0.0 0.0 +£ 0.0
ESP 18 0.0 £ 0.0 17.9 £ 0.4 0.0 +0.0
GEO 8 0.0 £0.0 0.0 £0.0 8.0 +£0.0
ITA 7 0.1 +£0.4 0.1 +£0.4 0.0 +£ 0.0
Total 41
TAG fingerprinting (LVs = 11-12, Q® = 0.41, RMSEcv = 0.33)

n CHL (n) ESP (n) GEO (n)
CHL 8 7.4+0.8 0.3+0.5 0.0 £ 0.0
ESP 18 0.0 +£ 0.0 15.0 + 3.3 0.0 +£ 0.0
GEO 8 0.0 £0.0 0.3+£0.5 7.0+ 0.8
ITA 7 0.1 +04 1.7 +£1.1 0.1 +0.4
Total 41

ITA (n) Not assigned (n) Correct classification (%)
0.0 £ 0.0 0.1 +04 98.2 £ 4.7
0.1 +£0.4 0.0 £ 0.0 99.2 £ 21
0.0 + 0.0 0.0 £ 0.0 100.0 + 0.0
6.1 +1.1 0.6 + 1.0 87.8 +£15.3
97.2 £ 2.6
ITA (n) Not assigned (n) Correct classification (%)
0.0 £ 0.0 0.3+0.8 929 +9.8
1.0 £ 0.8 19+ 32 83.3 £18.1
0.1 +0.4 0.6 +£0.8 87.5 +10.2
43+1.0 0.7 £0.8 61.2 +13.6
82.2+89

For all models, ANOVA p-value <0.05. * Model parameters: range of number of latent variables (LVs), and mean values (Q2%, RMSEcv) obtained with the training sets

from 7 iterations. CHL: Chile; ESP: Spain; GEO: Georgia; ITA: Italy.
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involve more laborious and complex sample preparation (Klockmann
et al., 2016) and outperforms other fast GC-based methods (Sammarco
et al., 2023). Despite low efficiency in classifying Italian samples, the
analytical simplicity and overall good performance of TAG finger-
printing support its suitability as a screening method, especially when
used in combination with a confirmation method.

3.2. Comparison between UF and TAG fingerprinting methods

The results presented above demonstrate the efficacy of both UF and
TAG fingerprinting for hazelnut authentication, due to the use of a large
sample set of hazelnuts from different harvest years, cultivars, and
geographical origins for the modelling and validation. Additionally, the
reliability of the models was confirmed through septuplicate external
validation. The low standard deviation observed in the external vali-
dation results for both UF and TAG models indicates minimal depen-
dence on the composition of the validation sample set, affirming the
robustness of both approaches.

These findings corroborate that the UF and TAG components are
driven by both environmental and genetic factors and evidence their
suitability as hazelnut authentication methods.

Comparing the results of the two methods revealed that UF finger-
printing outperformed TAG fingerprinting in both cultivar (global ac-
curacy: UF: 94.1 %; TAG: 85.0 %) and origin (global accuracy: UF: 97.2
%; TAG: 82.2 %) models across all classes (Tables 1 and 2). These
findings demonstrate that, despite requiring a more laborious analytical
procedure, UF fingerprinting displays unmatched effectiveness in
authenticating hazelnut cultivars (Giulia et al., 2022; Keles & Taner,
2021; Lang et al., 2021; Menesatti et al., 2008; Moscetti et al., 2015;
Stella et al., 2013) and origin (Bachmann et al., 2018; Biancolillo et al.,
2018; Klockmann et al., 2016; Sammarco et al., 2023), confirming our
preliminary findings (Torres-Cobos et al., 2024).

On the other hand, TAG fingerprinting stands out as a straightfor-
ward method that requires minimal analytical expertise and is easily
applicable to a large number of samples, yielding a global accuracy >80
% in external validation. It could therefore be considered as a suitable
candidate for hazelnut authentication screening, especially when com-
bined with a confirmatory tool such as UF fingerprinting method to

Table 3
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resolve boundary or non-classified samples.

3.3. Combined strategy (TAG + UF fingerprinting)

To reduce the analytical workload while preserving high classifica-
tion accuracy, we implemented a strategy combining TAG and UF
methods in a 2-step classification procedure (Fig. 1). In the first step,
samples underwent rapid screening by TAG fingerprinting, establishing
an uncertainty range. Subsequently, samples falling within the uncer-
tainty range or those not assigned to any class underwent further eval-
uation using the UF fingerprinting method.

In terms of cultivar authentication, the 2-step approach significantly
improved the classification performance of the TAG fingerprinting
method, achieving 90.8 % global correct classification in the external
validation, with sensitivity and specificity values >0.89 (Table 3).
Furthermore, the analytical efficiency of the combined method
increased considerably compared to UF fingerprinting alone. In fact,
most samples were directly classified by the TAG model, with only a
quarter falling within the uncertainty range and requiring UF analysis.

Regarding geographical authentication, the classification perfor-
mance of the combined strategy was significantly improved compared to
the TAG fingerprinting method (Table 4). External validation provided
93.0 % overall correct classification, a notable increase from the 82.2 %
achieved by the TAG model. The accuracy for individual classes was
>95 % for Chilean, Georgian, and Spanish hazelnuts. Additionally, the
classification of Italian samples experimented a substantial improve-
ment, increasing from 61.2 % to 79.6 %. This approach also reduced the
experimental workload and time, as less than a third of the samples were
boundary (fell within the uncertainty range of the TAG method or were
unassigned by that method) and required analysis by the UF finger-
printing method.

These outcomes confirm our hypothesis that the 2-step strategy
integrating TAG and UF fingerprinting would enable the varietal and
geographical authentication of hazelnuts, achieving overall accuracies
of 90.8 % and 93.0 %, respectively. This method entailed an initial rapid
screening by TAG fingerprinting followed by UF fingerprinting to
confirm the 25 % and 28 % of uncertain samples for varietal and
geographical authentication, respectively.

External validation of PLS-DA cultivar models developed on triacylglycerol (TAG) fingerprinting and unsaponifiable fraction (UF) fingerprinting data following a 2-
step combined strategy. Results are mean values (+ standard deviation) obtained from seven iterations.

Cultivar model: TG/non-TG

TAG fingerprinting

Combined strategy (TAG + UF)

n Correct (%) Incorrect (%) Uncertain (%)
non-TG 21 69.4 +£13.7 8.2+5.3 22.4 £11.6
TG 18 69.0 +10.6 5.6 £45 25.4+9.0
Total 39 69.2 + 6.5 56+ 1.9 24.8 + 6.4

Correct (%) Incorrect (%) Sensitivity Specificity
89.1 +£ 6.6 109 + 6.6 0.89 + 0.07

92.9 + 6.2 7.1+6.2 0.93 £+ 0.06
90.8 + 4.4 9.2+ 4.4

TG: ‘Tonda di Giffoni’; non-TG: other cultivars.

Table 4

External validation of PLS-DA origin models developed on triacylglycerol (TAG) fingerprinting and unsaponifiable fraction (UF) fingerprinting data following a
combined strategy. Results are mean values (+ standard deviation) obtained from seven iterations.

Geographical origin model: CHL/ESP/GEO/ITA

TAG fingerprinting

Combined strategy (TAG + UF)

n Correct (%) Incorrect (%) Not assigned (%)
CHL 8 80.4 +£12.2 1.8 £4.7 0.0 £ 0.0
ESP 18 65.1 +£10.0 4.8 +£3.8 1.6 =27
GEO 8 69.6 + 17.5 3.6+6.1 0.0 + 0.0
ITA 7 49.0 +13.9 16.3 £19.2 0.0 + 0.0
Total 41 66.2 7.9 5.9+ 3.9 0.7 +£1.2

Uncertain (%) Correct (%) Incorrect (%) Not assigned (%)

179 £14.2 96.4 + 6.1 1.8 +4.7 1.8 +4.7
28.6 £ 9.8 95.2 + 3.8 4.8 £38 0.0 £ 0.0
26.8 +16.8 96.4 + 6.1 3.6 £6.1 0.0 £ 0.0
34.7 £ 16.2 79.6 +18.2 16.3 +19.2 4.1+10.8
27.2+7.0 93.0 +4.3 59+39 1.0+1.9

CHL: Chile; ESP: Spain; GEO: Georgia; ITA: Italy.
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4. Conclusions

Although UF fingerprinting requires more extensive analytical pro-
cedures than TAG fingerprinting, it demonstrated great accuracy in
hazelnut classification, achieving overall accuracies of 94.1 % and 97.2
% for the cultivar and origin models, respectively. This positions UF
fingerprinting as a suitable tool for verifying challenging samples and as
a confirmatory method to support fast-screening tools.

On the other hand, hazelnut TAG fingerprinting is a faster and
simpler method, easily applicable to large sample sets. It exhibited
promising classification results, achieving an overall accuracy higher
than 80 % for both models. However, it may have limitations when
discrimination is more challenging, such as when different geographical
areas share similar environmental conditions (e.g., Italy and Spain).

By integrating both methods in a 2-step approach, in which initial
screening by TAG fingerprinting was followed by UF fingerprinting to
confirm the 25 % to 28 % of uncertain samples, we achieved overall
accuracies >90 % while maintaining a reduced workload. This inte-
grated metabolic fingerprinting strategy represents a powerful tool for
both varietal and geographical authentication, as demonstrated in the
present study. Consequently, it could be applied and assessed in com-
mercial hazelnut samples for integration into real production scenarios.
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5.4.3 Spectroscopic fingerprinting

Spectroscopic techniques combined with chemometrics are powerful screening tools
for food authentication. As NIR and MIR spectra are influenced by components of the
lipid fraction, the successfulness of TAG and UF for hazelnut authentication suggested

them as suitable rapid techniques.

To assess and compare various spectroscopic techniques, and to develop and validate a
reliable method based on spectroscopic fingerprinting to simultaneously verify both
hazelnut cultivar and provenance, the expanded hazelnut sample set that had already
been used for the isotope-based models ( ; section 5.2.1) and for the UF
and TAG models ( ; section 5.4.1) was analysed. This set included 302

hazelnut samples:

- 200 samples of TG cultivar hazelnuts from different countries (CHL, n=40), Spain
(ESP, n=91), Georgia (GEO, n=34), and Italy (ITA, n=35).
- various cultivars of hazelnuts grown in Spain (n=91 TG; n=102 from other
cultivars (non-TG).
The analyses were conducted using a NIR spectrometer, a handheld NIR spectrometer
(hNIR), and a MIR spectrometer. Samples were analysed as whole raw kernels and in

their ground form (Figure 14).

As in previous studies ( ), independent PLS-DA models for cultivar and
origin were developed and externally validated for each spectroscopic method. The
regression coefficients of the best-performing models were examined to identify key
variables that most effectively discriminated between cultivars and origins, and to
tentatively link these variables to chemical compounds. The models’ performances
from each method and sample preparation were compared to determine the most

suitable approach for hazelnut authentication ( ).
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Figure 14. Graphical abstract of Publication 9. MIR: mid-infrared spectroscopy, NIR: near-
infrared spectroscopy, hNIR: handheld near-infrared spectroscopy, PLS-DA: partial least square-
discriminant analysis, CHL: Chile, ESP: Spain, GEO: Georgia, ITA: Italy, TG: Tonda di Giffoni, non-

TG: other cultivars.

200



5.4.4 Publication 9

—jﬁ Comparative analysis of spectroscopic methods for rapid
authentication of hazelnut cultivar and origin

Berta Torres-Cobos, Alba Tres, Stefania Vichi, Francesc Guardiola, Merce
Rovira, Agusti Romero, Vincent Baeten, Juan Antonio Fernandez-Pierna

Spectrochimica Acta, Part A: Molecular and Biomolecular Spectroscopy, 2025, 326,
125367. https://doi.org/10.1016/j.sa0.2024.125367

Supplementary material available in Annex 8







Chapter 5. Hazelnut geographical and varietal authentication

Spectrochimica Acta Part A: Molecular and Biomolecular Spectroscopy 326 (2025) 125367

Contents lists available at ScienceDirect
SPECTROCHIMICA
ACT,

Spectrochimica Acta Part A: Aciy
Molecular and Biomolecular Spectroscopy

journal homepage: www.journals.elsevier.com/spectrochimica-acta-part-a-

.

ELSEVIER molecular-and-biomolecular-spectroscopy

Check for

Comparative analysis of spectroscopic methods for rapid authentication of ="
hazelnut cultivar and origin

B. Torres-Cobos ™", A. Tres ™", S. Vichi ™", F. Guardiola ™", M. Rovira‘, A. Romero®,
V. Baeten“, J.A. Fernandez-Pierna ¢

@ Departament de Nutricié, Ciencies de L’Alimentacié i Gastronomia, Facultat de Farmacia i Ciencies de L’Alimentaci6, Universitat de Barcelona, Av Prat de La Riba,
171, 08921 Santa Coloma de Gramenet, Spain

b Institut de Recerca en Nutrici6 i Seguretat Alimentaria (INSA-UB), Universitat de Barcelona, Av Prat de La Riba, 171, 08921 Santa Coloma de Gramenet, Spain

¢ Institute of Agrifood Research and Technology (IRTA), Ctra. de Reus — El Morell Km 3.8, Constanti 43120, Spain

9 Quality and Authentication of Products Unit, Knowledge and Valorization of Agricultural Products Department, Walloon Agricultural Research Centre, Chaussée de
Namur 24, 5030 Gembloux, Belgium

HIGHLIGHTS GRAPHICAL ABSTRACT

e Three spectroscopic methods were
compared to verify hazelnut cultivars
and origin.

e MIR and NIR spectroscopic methods

achieved >93 % accuracy in classifying @
hazelnuts. / J

Origin

e Benchtop NIR spectroscopy showed su- . BNIR =1y : p
perior performance for hazelnut ; ]
authentication. )

A Train (80%) ;.
- Model bnlldm\
e Ground hazelnuts provide better results <

than whole kernels due to greater Q/ ‘—‘/ Test (20%)

Grinding

N PLS-DAmodels _EXternal Validation
homogeneity. ‘
e Models rely on protein and lipid ‘
composition for hazelnut
discrimination.
ARTICLE INFO ABSTRACT
Keywords: Hazelnut market prices fluctuate significantly based on cultivar and provenance, making them susceptible to coun-
Hazelnut ) . terfeiting. To develop an accurate authentication method, we compared the performances of three spectroscopic
Geographical origin methods: near infrared (NIR), handheld near infrared (hNIR), and medium infrared (MIR), on over 300 samples from
Varietal . .. . e . .
Authentication various origins, cultivars, and harvest years. Spectroscopic fingerprints were used to develop and externally validate
; PLS-DA classification models. Both cultivar and origin models showed high accuracy in external validation. The hNIR
Near infrared spectroscopy (NIR) " o I 3 AR .
Handheld near infrared (hNIR) model effectively distinguished cultivars but struggled with geographic distinctions due to lower sensitivity. NIR and
Medium infrared spectroscopy (MIR) MIR models showed over 93 % accuracy, with NIR slightly outperforming MIR for geographic origin. NIR proved to be a
PLS-DA fast and suitable tool for hazelnut authentication. This study is the first to systematically compare spectroscopic tools for

authenticating hazelnut cultivar and origin using the same dataset, offering valuable insights for future food authen-
tication applications.

* Corresponding author at: Departament de Nutricid, Ciencies de L’Alimentaci6 i Gastronomia, Facultat de Farmacia i Ciencies de L’Alimentacid, Universitat de
Barcelona, Av Prat de La Riba, 171, 08921 Santa Coloma de Gramenet, Spain.
E-mail address: stefaniavichi@ub.edu (S. Vichi).

https://doi.org/10.1016/j.saa.2024.125367
Received 12 July 2024; Received in revised form 1 October 2024; Accepted 30 October 2024

Available online 1 November 2024
1386-1425/© 2024 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-

nc-nd/4.0/).

203



Chapter 5. Hazelnut geographical and varietal authentication

B. Torres-Cobos et al.
1. Introduction

Hazelnuts are one of the most consumed nuts in Europe, as raw and
roasted fruits or included in many preparations and traditional dishes. In
addition, they are widely used in the chocolate and confectionary in-
dustries. The main hazelnut-producing countries are Turkey, Italy, the
USA, Azerbaijan, Chile and Georgia [1]. Hazelnut nutritional values and
sensory attributes are greatly influenced by geographical and varietal
origin [2-4]. Consequently, their market price also fluctuates signifi-
cantly depending on cultivar and provenance. Italian and Spanish
hazelnuts are among the highest priced, with values of 3,416 USD/T and
2,434 USD/T, respectively, in contrast to Georgian kernels, which are
priced at 1,287 USD/T [5]. Besides, hazelnuts with special geographical
indications, such as Protected Designation of Origin or Protected
Geographical Indication, are also highly appreciated by consumers,
which is reflected in their price.

The high economic value of hazelnuts makes them susceptible to
fraudulent practices. This susceptibility is accentuated by the absence of
effective fraud detection methods. Appropriate tools to verify the
cultivar and origin of hazelnuts are therefore necessary to ensure their
authenticity and to safeguard consumers’ rights.

Different analytical approaches have addressed this issue; morpho-
logical analysis [6,7], genetic methods [8,9], metabolomic analysis of
proteins, phenolic and lipidic compounds by chromatographic tech-
niques [6,10-12] and proton nuclear magnetic resonance (1H NMR)
[13] have been applied for hazelnut authentication. Nevertheless, these
methods are usually laborious, time consuming, not suitable to be
applied on-site (i.e. in the field, in the industry or in storage/retail fa-
cilities), require highly trained personnel and have a substantial cost.

Spectroscopic methods, such as mid-infrared (MIR) and near-
infrared (NIR) spectroscopy, are fast, simple, environmentally friendly
and non-destructive techniques, which can be applied directly to the
solid sample without complex sample pretreatment steps. They allow
simultaneous analysis of different chemical compounds and can be
easily adapted to on-site or on-line applications, making them suitable
for routine analysis.

These techniques, coupled with chemometric data analysis tools,
have been successfully applied to the varietal and geographical
authentication of different nuts [14-18]. In particular, previous works
used NIR spectroscopy to authenticate an Italian PDO “Nocciola
Romana” [19,20] to distinguish between Turkish hazelnut cultivars
[21], or to discriminate hazelnuts from different origins [22,23]. How-
ever, none of them has been applied to simultaneously authenticate the
origin and cultivar of hazelnuts. To the authors’ knowledge, only
Manfredi et al. [24] applied MIR spectroscopy to hazelnut halves, suc-
cessfully differentiating between three cultivars. No further studies
using MIR spectroscopy to authenticate hazelnuts have been found,
underscoring the need for further evaluation of the technique’s poten-
tial. Overall, studies using large sample sets, including higher variability
in terms of harvest years, origins, cultivars and producers, are still
needed to further corroborate the suitability of NIR and MIR spectros-
copies as tools for geographical and varietal authentication of hazelnuts.

On the other hand, the performance of different spectroscopic
methods for hazelnut authentication has not been systematically
compared. Such a comparison would be particularly interesting in the
case of MIR and NIR, as each provides different but complementary
information. NIR spectroscopy includes bands issued from overtones
and combination vibrations. It allows direct analysis of highly absorbing
samples. NIR measurements often result in overlapping bands and
complex spectra, so the bands are less specific in the NIR range than in
MIR, which may hinder their interpretability. In contrast, MIR spectra
include information of fundamental vibrations of specific functional
groups, providing spectra with better resolved bands that can be used for
structural identification [25]. In addition, NIR provides deeper light
penetration into the sample matter, performing better with bulk or
intact heterogeneous samples, minimizing the need for sample
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preparation and having a wider scope of applications. This makes it ideal
for in situ analysis, as it requires less specificity requirements and less
sample preparation [26,27]. On this basis, a large number of handheld
NIR (hNIR) devices have been developed to authenticate a wide range of
products [28-32]. These devices are small, compact, robust, more
practical and affordable; they do not require a high level of expertise and
can be applied for routine in-field analysis. However, handheld systems
can reduce the accuracy of measurement, which can affect spectral
quality compared to benchtop alternatives [33].

The aim of this research was to systematically apply, compare and
evaluate the effectiveness of NIR and MIR spectroscopies for hazelnut
authentication. The main goal was to develop an accurate method to
simultaneously discriminate hazelnuts according to their geographical
and varietal origin. For this purpose, in order to ensure a direct com-
parison between the different spectroscopic techniques and to properly
evaluate their performances as hazelnut authentication tools, we ana-
lysed the same set of hazelnuts (both whole kernels and ground samples)
from different origins, cultivars, and harvest years. This analysis was
carried out by a NIR spectrometer, a hNIR spectrometer, and a MIR
spectrometer (the latter only for ground samples). Subsequently, indi-
vidual PLS-DA classification models for cultivar and origin discrimina-
tion were built for each technique. The geographical origin was
discriminated between samples of the same cultivar (‘Tonda di Giffoni’,
TG) produced in different countries, and the cultivar was discriminated
between samples of the same origin (Spain). The cultivar models focused
on discriminating TG hazelnuts, one of the most widespread cultivars
worldwide, from other (non-TG) cultivars, while the geographical origin
models were designed to classify samples according to their country of
origin. The classification models were externally validated and evalu-
ated for both fit and predictive ability.

2. Material and methods
2.1. Samples

A set of 302 traceable hazelnut samples was obtained directly from
producers within the framework of the TRACENUTS project (PID2020-
117701RB-100). Samples were collected over four consecutive harvest
years, from 2019 to 2022. From these samples, 200 were of the ‘Tonda di
Giffoni’ cultivar (TG) from Chile (CHL, n = 40), Spain (ESP, n = 91),
Georgia (GEO, n = 34) and Italy (ITA, n = 35), while 102 were from
different cultivars (non-TG) produced in Spain (Table S1, Supplemen-
tary material). Samples were stored vacuum-packed at 4 °C until
analysis.

2.2. Sample preparation

Raw hazelnut kernels with skin were directly analysed by NIR
spectroscopy (benchtop and handheld device). Then, 15 g of the sample
was ground with an IKA TUBE MILL control, (IKA, Staufen, Germany),
and was analysed by NIR (benchtop and handheld device) and MIR
spectroscopy.

2.3. NIR spectroscopy

2.3.1. Benchtop NIR spectrometer

The NIR measurements of the whole and ground hazelnut kernels
were performed on a benchtop DS3 FOSS spectrometer (FOSS Analytics,
Hilleroed, Denmark) acquiring spectra every 2 nm within the wave-
length range of 400-2500 nm, (spectral resolution of 0.5 nm). Whole
kernels were presented in a cell quarter cup, while ground samples were
placed in ring cups. A background reference spectrum was collected
before each measure. Two consecutive measures, being each the average
of seven spectra at 4 different points of the cup (28 spectra), were
collected for every sample. Both measures were averaged previously to
chemometric analysis. ISIscan Nova ™ (2021, FOSS) was used for NIR
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spectra recording.

2.3.2. Handheld NIR spectrometer (hNIR)

NIR spectra of the whole and ground samples, presented in the same
way as before, were also acquired using a handheld device, NeoSpectra
Scanner (Si-Ware Systems Inc., California, U.S.). Data was collected with
the NeoSpectra Scan software v7.1. Spectra was acquired every 2 nm
within the wavelength range of 1350-2500 nm, (spectral resolution of
16 nm) and a scanning time of 3 s. Two consecutive replicates were
collected per sample and calibration was run every 10 measures (5
samples). Prior to data analysis the corresponding replicated spectra
were averaged.

2.4. MIR spectroscopy

MIR measurements of hazelnut ground samples were performed on a
Vertex 70 spectrometer (Bruker Optics, Ettlingen, Germany) equipped
with Attenuated Total Reflectance (ATR) and an integrated press.
Samples were directly deposited on the crystal and pressed against it to
ensure optimum contact with the diamond. Each measure was the
average spectrum of 64 scans. Spectra was acquired every 1.93 cm™?
within the wavelength range of 600-4000 cm ™, (spectral resolution of
4 cm™'). Background readings were collected prior to each sample
spectrum collection. Three consecutive replicates were collected per
sample and averaged prior to chemometric analysis. OPUS software
(version 8.2.28) was used for MIR spectra recording.

2.5. Chemometrics

Spectral data matrices were extracted as csv files and processed using
SIMCA v13.00 (Sartorius Lab Instruments GmbH & Co. KG, Gottingen,
Germany).

2.5.1. Partial least squares discriminant analysis (PLS-DA)

For each method and sample preparation (NIR, whole or ground;
hNIR, whole or ground; and MIR, ground), individual PLS-DA classifi-
cation models were built to authenticate cultivar or geographical origin.
Cultivar models were binary models to discriminate between two classes
of Spanish samples (n = 193): TG cultivar (n = 91) and non-TG cultivar
(n = 102). Origin models were multi-class models aimed at classifying
TG samples (n = 200) according to their country of origin: CHL (n = 40),
ESP (n = 91), GEO (n = 34) or ITA (n = 35).

Prior to model building, for each type of authentication model
(origin or cultivar), each sample set was randomly split into training (80
% of the samples of each category: cultivar model, n = 154; origin
model, n = 160) and validation set (20 % of the samples of each cate-
gory: cultivar model, n = 39; origin model n = 40). The splitting was run
seven times (7 iterations) for each authentication model to increase the
robustness of the external validation, resulting in seven different
training sets and their corresponding validation sets. Although randomly
split, a stratified sampling strategy was followed by maintaining the
variability and proportions of the sample set in the validation and
training sets (Table S1, Supplementary material). The exact same split-
ting and resulting training and validation sets were used for all the
methods to ensure the direct comparability between them.

In cultivar models (by binary PLS-DA), classes were expressed as PLS
dummy variables, where 'non-TG’ was represented as 1 and 'TG’ as 0.
The PLS predicted value (PV) of each sample was used for its classifi-
cation into one of the two classes based on a classification threshold (PV
= 0.5). Origin models (by multi-class PLS-DA) operated as multiple bi-
nary models, each comparing one class against the others. A dummy Y
matrix held a set of classification vectors equal to the number of classes,
where each vector had a value of 1 for one class (CHL, ESP, GEO or ITA)
and O for all the other classes (non-CHL, non-ESP, non-GEO or non-ITA).
Each sample was classified into the class corresponding to the vector
leading to the highest PV, provided it was above the classification
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threshold (here, PV = 0.5). Samples with PV below the classification
threshold (PV < 0.5) for all vectors were not assigned to any class.

Models were developed on the training sets and first internally
validated through leave 10 %-out cross-validation using the samples of
the training sets. The optimal number of latent variables (LV) and pre-
processing were selected according to the lowest Root Mean Squared
Error of Cross Validation (RMSEcv) criteria. Hotelling’s T2 and Q re-
siduals were used to detect outliers [34]. Permutation test (n = 20
permutations) and ANOVA on the cross-validated predictive residuals
(p-value) [35] were carried out to assess the risk of model overfitting.
Finally, models were externally validated by predicting the class of the
samples in the respective validation set, which had not been used to
build the models. The suitability of each PLS-DA model was evaluated by
the Q? values and efficiency, which was expressed as the rate of correct
classification of each class. Additionally, for the binary cultivar models
the sensitivity, Eq. (1) and specificity, Eq. (2) were also assessed. True
positives were the non-TG samples correctly classified, and true posi-
tives + false negatives corresponded to the total non-TG samples. True
negatives were the TG samples correctly classified, and true negatives +
false positives corresponded to the total TG samples [36].

Sensitivity — true positives o)
v= [true positives + false negatives|

true negatives

2
[true negatives + false positives] @

Specificity =

The performance of models from each method and sample prepara-
tion was compared to determine the most suitable one for
authentication.

2.5.2. Evaluation of PLS-DA regression coefficients

For the methods that gave the most promising results, models were
rebuilt using all samples (cultivar n = 193, or origin n = 200), and their
regression coefficients were explored to identify the most relevant var-
iables for the classification (cultivar or origin) and tentatively link them
to chemical species. The jack-knife standard error of cross-validation
(SEcv) was used to evaluate the significance of the regression co-
efficients, with values exceeding their corresponding SEcv considered
significant. Out of the significant variables, only those with the highest
absolute values (25 % higher than the average of the coefficients) were
considered.

3. Results and discussion
3.1. PLS-DA classification models

3.1.1. Whole kernels

For the PLS-DA models developed on the whole kernels analysed by
the benchtop NIR and hNIR spectrometers data, the optimal pre-
processing, according to the lowest RMSEcv criterion, was a first de-
rivative, Savitzky—Golay smoothing (second order with a polynomial
filter of 15-point window) and mean centring and scaling to unit of
variance. For models developed with the benchtop NIR spectrometer,
data was also pre-processed with the SNV. No outliers were detected
according to the Hotelling’s T? range and Q residuals.

The cross-validation results of the models built from training sets (7
iterations) were promising for TG cultivar discrimination for both NIR
and hNIR models, with correct classification rates of 96.0 % and 87.2 %,
respectively (Table S2, Supplementary material). However, the perfor-
mance of the model for discrimination according to origin appears to be
lower, in particular when using hNIR data, achieving only a 66.3 % of
correct classification (Table S3, Supplementary material).

These findings were corroborated through external validation by
predicting the class of the samples of the corresponding validation sets.
Tables 1 and 2 present the mean values obtained from seven iterations of
the external validation of each type of authentication model (Cultivar:
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TG/non-TG; Geographical origin: CHL/ESP/GEO/ITA) developed with
NIR and hNIR data from whole kernels. In all cases involving whole
kernel analysis, the NIR models outperformed the hNIR models with
higher sensitivity, specificity, and total correct classification rate (91.2
% vs 82.4 % in cultivar model; 81.1 % vs 53.2 % in origin model). The
NIR and hNIR cultivar models showed high sensitivity (0.90 and 0.83)
and specificity (0.93 and 0.82), proving their efficiency in discrimi-
nating TG samples from other cultivars (Table 2). Nonetheless, the
origin models showed lower rates of correct classification for both NIR
and hNIR, especially for GEO and ITA (Table 3). As observed, neither the
NIR nor the hNIR were able to accurately classify the ITA samples, which
were mostly not assigned to any class or were misclassified as ESP
samples. This could be attributed to the proximity of these two regions
and the similarity of their pedoclimatic conditions, which may result in
similar effects on hazelnut composition. The poor performance of the
hNIR origin models indicates that it is not suitable for accurate classi-
fication of whole hazelnuts according to their geographical origin.

3.1.2. Ground samples

For NIR models based on ground samples, a first derivative and
smoothing by Savitzky—Golay (second-order polynomial filter with a 15-
point window) was applied along with SNV and mean centring and
scaling to unit of variance. For hNIR models, the optimal pre-processing
was SNV followed by mean centring and scaling to unit of variance,
whereas for MIR models a first derivative and smoothing (Savitz-
ky-Golay second-order polynomial filter with a 5-point window) was
applied. No outliers were detected according to the Hotelling’s T range
and Q residuals. Both types of authentication models (origin and
cultivar) developed on ground samples by NIR and MIR presented suc-
cessful cross-validation results with a high overall rate of correct clas-
sification (98.7-99.8 % cultivar model; 95.4-98.0 % origin model),
while the accuracy was lower for hNIR models (89 % overall correct
classification for both models) (Tables S4 and S5 of Supplementary
information).

According to the external validation results, hNIR model of ground

Table 1

External validation of PLS-DA cultivar models developed on whole kernels
analysed by benchtop NIR and handheld NIR (hNIR) spectrometers. Results are
mean values (+standard deviation) obtained from seven iterations.

Whole kernel — Cultivar model: TG/non-TG

NIR spectrometer (LVs =9, Q2 = 0.47, RMSEcv = 0.38)"

n Non- TG (n)  Correct Sensitivity Specificity
TG (n) classification
(%)
Non- 21 18.9 2.1+ 89.8 + 6.4 0.90 +
TG + 1.3 1.3 0.06
TG 18 1.3+ 16.7 929 £ 6.2 0.93 £
1.1 + 1.1 0.06
Total 39 91.2 + 4.4
hNIR spectrometer (LVs = 6, Q2 = 0.35, RMSEcv = 0.41)"
n Non- TG (n)  Correct Sensitivity Specificity
TG (n) classification
(%)
Non- 21 174 3.6 + 83.0 +8.2 0.83 +
TG +1.7 1.7 0.08
TG 18 3.3+ 14.7 81.7 £7.0 0.82 £
1.3 + 1.3 0.07
Total 39 82.4 + 6.4

For all models, ANOVA p-value < 0.05.

@ Model parameters: mean values obtained with the training sets from 7 it-
erations. LVs: latent variables of the training model; Q% Cumulative fraction of Y
variation predicted by the X training model up to the specified latent variable,
according to cross-validation; RMSEcv: root mean square error of the cross
validation of the training model. TG: ‘Tonda di Giffoni’; non-TG: other cultivars.
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Table 2

External validation of PLS-DA origin models developed on whole kernels ana-
lysed by benchtop NIR (NIR) and handheld NIR (hNIR) spectrometers. Results
are mean values (+standard deviation) obtained from seven iterations.

Whole kernel — Geographical origin model: CHL/ESP/GEO/ITA

NIR spectrometer (LVs = 14, Q2 = 0.27, RMSEcv = 0.36)"

n CHL ESP GEO ITA Not Correct

(n) (n) (n) (n) assigned classification
(n) (%)
CHL 8 6.6 0.6 + 0.0 0.0 09+1.2 82.1 + 14.2
+ 1.1 0.8 + 0.0 +
0.0
ESP 18 0.0 16.7 0.1 0.3 0.9+0.9 929 +£5.3
+£0.0 +£1.0 +0.4 +
0.5
GEO 7 0.3 0.4 = 5.0 0.3 1.0 £1.0 71.4 £ 21.8
+ 0.5 0.8 + 1.5 +
0.5
ITA 7 0.0 1.6 £ 0.0 4.1 1.3+17 59.2 +19.2
+ 0.0 1.0 + 0.0 +
1.3
Total 40 4.0+ 22 81.1+72
hNIR spectrometer (LVs = 9, Q2 = 0.23, RMSEcv = 0.36)"
n CHL ESP GEO ITA Not Correct

(n) (n) (n) (n) assigned classification
(n) (%)
CHL 8 3.7 0.9 + 0.0 0.4 3.0+1.2 46.4 + 20.0
+ 1.6 0.7 + 0.0 +
0.5
ESP 18 0.9 12.9 0.6 0.0 3.7+23 71.4 +£10.8
+0.9 + 2.0 + 0.5 +
0.0
GEO 7 0.0 1.9+ 21 0.1 29+1.6 30.6 £15.3
+ 0.0 0.9 + 1.1 +
0.4
ITA 7 0.7 2.1+ 0.0 2.6 1.6 £1.3 36.7 £11.2
+ 0.5 1.5 + 0.0 +
0.8
Total 40 111 + 53.2 + 5.7
3.2

For all models, ANOVA p-value < 0.05.

2 Model parameters: mean values obtained with the training sets from 7 it-
erations. LVs: latent variables of the training model; Q2 Cumulative fraction of Y
variation predicted by the X training model up to the specified latent variable,
according to cross-validation; RMSEcv: root mean square error of the cross
validation of the training model. CHL: Chile; ESP: Spain; GEO: Georgia; ITA:
Italy.

samples could be useful to discriminate TG cultivar from other cultivars
(0.80 sensitivity, 0.89 specificity and 83.9 % correct classification)
(Table 3) but it was still unable to accurately distinguish Georgian and
Italian samples from those produced in other regions (Table 4). This
could be attributed to the lower sensitivity of the hNIR spectrometer
compared to a benchtop spectrometer.

On the other hand, the NIR and MIR models based on ground sample
data performed satisfactorily in external validation. For cultivar models,
both techniques achieved a sensitivity equal or higher than 0.92 and a
specificity of 0.98, resulting in an overall classification rate of 95 % for
both techniques (Table 3). Concerning the geographical origin models,
NIR outperformed MIR in classifying hazelnuts from GEO (91.8 % vs
85.7 %) and ITA (91.8 % vs 83.7 %), providing slightly better overall
classification results (96.4 % vs 93.9 %, respectively) (Table 4).
Consequently, NIR proved to provide the most successful spectroscopic
model for hazelnut varietal and geographical authentication.

In all cases, the results for the ground samples outperformed those
obtained with the whole kernels, in line with studies performed on other
nuts [37]. This could be attributed to the higher homogeneity and
representativeness of the ground samples compared to analysing only a
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Table 3

External validation of PLS-DA cultivar models developed on ground samples
analysed by benchtop NIR (NIR), handheld NIR (hNIR) and MIR spectrometers.
Results are mean values (+standard deviation) obtained from seven iterations.
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Table 4

External validation of PLS-DA origin models developed on ground samples
analysed by benchtop NIR (NIR), handheld NIR (hNIR) and MIR spectrometers.
Results are mean values (+standard deviation) obtained from seven iterations.

Ground samples — Cultivar model: TG/non-TG

Ground samples — Geographical origin model: CHL/ESP/GEO/ITA

NIR spectrometer (LVs = 10, Q2 = 0.53, RMSEcv = 0.34)"

NIR spectrometer (LVs = 14, Q? = 0.66, RMSEcv = 0.25)"

n Non- TG (n)  Correct Sensitivity Specificity n CHL ESP GEO ITA Not Correct
TG (n) classification (n) (n) (n) (n) assigned classification
(%) (n) (%)
Non- 21 19.3 1.7 + 91.8 + 3.6 0.92 + CHL 8 8.0 0.0 £ 0.0 0.0 0.0 +£ 0.0 100.0 £+ 0.0
TG + 0.8 0.8 0.04 + 0.0 0.0 + 0.0 +
TG 18 0.4 + 17.7 98.4 +£ 2.7 0.98 + 0.0
0.5 + 0.5 0.03 ESP 18 0.0 17.7 0.0 0.0 0.3+0.5 98.4 + 2.7
Total 39 949 + 21 + 0.0 +0.5 + 0.0 +
0.0
hNIR LVs — 9. O — 0.39. RMSEcY — 0.39)* GEO 7 0.0 0.3+ 6.4 0.0 0.4+ 0.5 91.8+7.6
spectrometer (LVs = 9, Q* = 0.39, cv = 0.39) +0.0 05 +04 =+
n Non- TG (n)  Correct Sensitivity Specificity 0.0
TG (n) classification ITA 7 0.1 0.0 £ 0.0 6.4 0.4+ 0.5 91.8 +£11.2
(%) +04 0.0 +0.0 =+
0.8
Non- 21 16.1 4.3 £ 79.6 + 4.5 0.80 + Total 40 11409 96.4 + 2.4
TG +1.0 1.0 0.05
TG 18 2.0+ 16.0 88.9 £ 4.5 0.89 +
0.8 +0.8 0.05 hNIR spectrometer (LVs = 9, Q? = 0.50, RMSEcv = 0.29)"
Total 39 83.9+24 n CHL ESP  GEO ITA  Not Correct
(n) (n) (n) (n) assigned classification
MIR spectrometer (LVs = 10, Q% = 0.63, RMSEcv = 0.30)" (n) (%)
n Non- TG (n)  Correct Sensitivity Specificity CHL 8 7.3 0.0 £ 0.0 0.0 0.7 £0.5 91.1 + 6.1
TG (n) classification + 0.5 0.0 + 0.0 +
(%) 0.0
ESP 18 0.1 17.1 0.0 0.0 0.7 + 1.0 95.2 + 5.0
Non- 21 19.6 1.4 + 93.2 £ 6.7 0.93 + 104 409 400 +
TG +1.4 1.4 0.07 0.0
TG 18 04+ 176 97.6 % 3.0 0.98 & GEO 7 01 07+ 41 03 17+13 592+153
05 +£05 0.03 £04 05 £11 o+
Total 39 95.2 +£ 2.3 0.8
For all models, ANOVA p-value < 0.05. ITA 7 0.0 0.6 = 0.3 4.6 16+08 653 7.6
@ Model parameters: mean values obtained with the training sets from 7 it- +00 05 +05 és
eraFlofls. LVs: lfitent variables of jch.e training model; Q*: Cun‘n?latlve fractlor} of Y Total 40 47418 82.0 417
variation predicted by the X training model up to the specified latent variable,
according to cross-validation; RMSEcv: root mean square error of the cross )
validation of the training model. TG: ‘Tonda di Giffoni’; non-TG: other cultivars. MIR spectrometer (LVs = 12, Q" = 0.61, RMSEcv = 0.26)°
n CHL ESP GEO ITA Not Correct
single or a few kernels per sample. Additionally, grinding not only im- ) (&) (&) ) ?Siigned Ei/ﬂjsiﬁcﬁtion
N . n
proves sample homogeneity but also causes oil release from the cells, 0
which affects the primary spectral signals. In whole kernels with skin, CHL 8 80 0.0+ 00 0.0 00+£00  100.0+00
. . . . . . . + 0.0 0.0 + 0.0 +
the dominant signals arise primarily from the lignocellulosic structure, 00
whereas in ground samples, the signal from the released oil becomes ESP 18 00 17.7 0.0 0.0 03+05 98.4+27
more prominent. Consequently, the difference in model performance +£00 £05 £00 =+
can be partly attributed to this shift in dominant signals between the two 0.0
sample types. GEO 7 0.0 0.6 + 6.0 0.0 0.4+0.8 85.7 £ 8.2
+ 0.0 0.5 + 0.6 +
0.0
3.2. Regression coefficients ITA 7 00 01+ 00 5.9 1.0+0.6  837+99
+ 0.0 0.4 + 0.0 +
. . . . 0.7
The regression coefficients of the two best performing methods (NIR Total 40 17411 03.94 24

and MIR spectroscopic analysis of ground hazelnuts) were explored to
identify the most informative variables in PLS-DA models for cultivar or
origin discrimination and to relate them to the chemical composition of
the samples.

3.2.1. NIR spectroscopy

The interpretation of NIR spectra might be hindered by the fact that
some of the bands in the analysed range are overtones containing
generic information corresponding to different molecular vibrations of
different functional groups. Even so, prior knowledge of the hazelnut’s
chemical composition enables the tentative identification of variables
relevant in classifying the samples within each category. These variables
can then be correlated with the main compositional constituents of the
samples (lipids, proteins, carbohydrates).

For all models, ANOVA p-value < 0.05.

2 Model parameters: mean values obtained with the training sets from 7 it-
erations. LVs: latent variables of the training model; Q2 Cumulative fraction of Y
variation predicted by the X training model up to the specified latent variable,
according to cross-validation; RMSEcv: root mean square error of the cross
validation of the training model. Chile; ESP: Spain; GEO: Georgia; ITA: Italy.

In Fig. 1, the regression coefficients of the NIR PLS-DA models for
cultivar (a) and origin (b) are displayed against the pre-processed and
the raw spectra. For the cultivar model, the highest regression co-
efficients of the TG class corresponded to bands around 1482-1490 nm,
1588-1606 nm, and 2180-2220 nm. All these bands were related to
protein functional groups. The first two could be assigned to the first
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overtone of the N—H stretching of the peptide bond and amino acids
side chains, while the last ones belonged to the combination of amide I
and amide III bonds [21,38]. The most relevant coefficients for the non-
TG class were assigned to the bands around 1952-1990 nm and
2220-2232 nm, which were related to primary amide groups and to the
methylene group combination bands of fatty acids, respectively [20,38].
For the origin model, the most relevant coefficients for the ESP class
corresponded to the following bands: 722-774 nm, belonging to an
O—H stretching overtone, which can originate from alkyl, and primary
alcohols, phenols or water [38]; 1640-1658 nm, assigned to the first
C—H stretching overtone associated with a secondary alkyl group,
which could be related to unsaturated fatty acids [19]; 1816-1844 nm,
corresponding to a combination of second O—H/C—O stretching over-
tones of cellulose [38]; 2110-2150 nm related to combination bands of
C—H/C=0 stretching associated to lipids [38]; 2266-2270 nm, corre-
sponding to a combination of O—H/C—O stretching of cellulose or to
the peptide bond CONH; in p-sheet structures; and 2476-2482 nm,
assigned to the combination bands of the C—H stretching in methyl
group of lipid and aliphatic compounds [20,38]. For the non-ESP class,
the most significant bands were: 582-615 nm, assigned to the fourth OH
stretching overtone in alkyl alcohols [38]; 1516-1532 nm, related to the
first NH stretching overtone of the amide group [38]; 1724-1728 nm,
corresponding to first overtone of the C—H vibration of triolein [39,40];
2192-2208 nm, associated to the combination of amide I and amide III
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bonds [21,38]; 2226-2238 nm and 2440-2444, both assigned to com-
bination bands of the C—H stretching in methyl group of lipidic com-
pounds [20].

Although some of the main discriminant bands coincided in both
cultivar and origin models, such as the band around 2180-2220 nm (a
combination band associated to amide bonds) and that around
2220-2240 nm (related to methyl groups in lipid compounds), in gen-
eral, the most relevant variables for each discriminant model were
different. The protein-related bands, together with those associated to
lipids, were the most relevant variables to distinguish the TG cultivar.
These findings are consistent with previous studies [20,21], which re-
ported that the most influential spectral bands in hazelnut cultivar
classification corresponded to protein and lipid compounds.

On the other hand, the most significant bands for discriminating the
geographical origin were related to a wider variety of compounds:
mainly lipids (1640-1658, 1724-1728, 2110-2150, 2226-2238 and
2440-2482 nm), proteins (1516-1532, 2192-2208 and 2266-2270 nm),
complex carbohydrates (1816-1844 and 2266-2270 nm) and a few
bands associated to compounds containing hydroxy groups (722-774
nm). These results agreed with previous research [22,23] reporting
similar findings in Italian and Georgian hazelnuts and in samples from
other origins (France, Germany and Turkey).

' . 7|4|| 1' ‘

‘ ' A \I‘ I

L w

l J

coefficients

b_ad A
e

Non-ESP vs ESP model regression
Absorbance (Log(1/R))

Absorbance (Log(1/R))

0 = — -
400 600 800 1.000 1.200 1.400 1.600 1.800

Wavelength (nm)

Fig. 1. Regression coefficients of the PLS-DA models developed on ground samples analysed by NIR benchtop spectrometer; a) cultivar model (‘Tonda di Giffoni’ TG
vs non-TG) b) origin model (‘Spain’ ESP vs non-ESP). Regression coefficients (above) are plotted against the pre-processed (middle) and raw spectra (below). For each
model, the most relevant coefficients for the prediction of the TG and ESP classes are highlighted in blue and those relevant for non-TG, non-ESP are highlighted

in red.
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3.2.2. MIR spectroscopy

Fig. 2 shows the regression coefficients of the MIR PLS-DA cultivar
(a) and origin (b) models against the corresponding pre-processed and
raw spectra. In the cultivar model, some of the most significant regres-
sion coefficients, for both TG and non-TG classes, corresponded to bands
in the low-frequency region (600-900 cm ). This region is associated to
N—H wagging of primary and secondary amines and amides [41]. The
highest regression coefficients of both classes corresponded to the band
around 900-1200 cm™!, which belonged to the C—O stretching of the
ester groups in triacylglycerols [41,42]. For the non-TG class, several
relevant regression coefficients corresponded to a broad interval with
numerous bands around 1230-1470 cm™! that were assigned to C—H
bending of CHy and CHs of lipids, and to the bands in the region
1438-1480 cm’l, which are characteristic of the unsaponifiable fraction
compounds [42-44]. Finally, the band around 1500-1570 em™!, asso-
ciated with amide II vibrations, arises from mixed N—H bending and
C—N stretching vibration in protein structures [24,45].

For the origin model, the most significant coefficients are in the
1000-1750 cm ™! range. For the ESP class, the most discriminant bands
were: the broad interval with numerous bands associated to CHj
bending of lipids and unsaponifiable fraction compounds (1300-1470
em™) [43]; the amide II vibration band around 1500-1570 cm™!
related to protein structures; the amide I band associated C—=O
stretching of protein amides (1600-1670 cm’l) and the narrow band at
1710-1780 em ™! corresponding to C=O stretching of ester groups of
triglycerides [24,45]. Two of these bands, the broad CH; band around
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1300-1470 cm~! and the amide I band (1600-1670 cm’l), were also
relevant for the discrimination of the non-ESP class. Additionally, the
band around 900-1200 cm ! assigned to the G-O stretching of the ester
groups in triacylglycerols was particularly significant for the non-ESP
class.

In general, for both types of models, the most discriminating vari-
ables were associated to protein, lipid and unsaponifiable fraction
compounds and were found in the 800-1800 cm ™ region of the spectral
fingerprint. The absorption pattern in this region is complex but contains
valuable information, as it is highly specific for each molecular species.
In the cultivar models, the low frequency region of the spectra also
appeared to be relevant for discrimination. In contrast, in the origin
model, the final section of the fingerprint region, between 1300 and
1700 cm’l, was the most significant for discrimination.

Unlike the NIR method, which seemed to find proteins as the most
discriminant compounds between TG and non-TG classes, the MIR
method relied mainly on lipids, including both triacylglycerols and
unsaponifiable fraction compounds, to achieve this discrimination.
Regarding the geographical discrimination, the NIR model identified
bands related to unsaturated fatty acids, other lipid compounds and
complex carbohydrates such as cellulose as very distinctive for the ESP
category, whereas in the MIR models, triacylglycerols and unsaponifi-
able fraction compounds were more relevant in distinguishing between
origins.
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Fig. 2. Regression coefficients of the PLS-DA models developed on ground samples analysed by MIR spectrometer; (a) cultivar model (‘Tonda di Giffoni’ TG vs non-
TG) (b) origin model (‘Spain’ ESP vs non-ESP). Regression coefficients (above) are plotted against the pre-processed (middle) and raw spectra (below). For each
model, the most relevant coefficients for the prediction of the TG and ESP classes are highlighted in blue and those relevant for non-TG, non-ESP are highlighted

in red.
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4. Conclusions

Three different spectroscopic methods were tested to authenticate
hazelnut cultivar and geographical origin: NIR spectroscopy using a
benchtop instrument, NIR spectroscopy using a handheld device, and
MIR spectroscopy. The analysis of ground hazelnuts yielded signifi-
cantly better results than whole kernels, owing to the greater homoge-
neity, improved sample representativeness, and the prominence of oil
content signals. Among the analysis conducted on the ground samples,
the benchtop NIR spectrometer demonstrated superior performance,
with a sensitivity of 0.92 and a specificity of 0.98 for cultivar models, as
well as high correct classification rates for all origins (>91 %). This
resulted in overall correct classification rates of 95 % and 96 %, for
cultivar and origin models respectively, closely followed by the MIR
method.

Exploring the regression coefficients of the most promising models,
based on MIR and NIR applied to ground samples, revealed their reliance
on distinct sets of information for discrimination. It was observed that
the discrimination of hazelnut cultivar and origin was mainly driven by
proteins and lipid composition.

In conclusion, this study allowed for a straightforward comparison of
three spectroscopic techniques that offer valuable insights into their
performance when applied to exactly the same dataset of hazelnuts from
different origins and cultivars. The present work showed that the NIR
method could be a fit-for-purpose tool for hazelnut geographical and
varietal authentication. However, optimal models need to be further
developed and evaluated through extensive datasets, including higher
natural heterogeneity of samples, producing regions, main cultivars and
multiple harvest years.

5. Research data

Torres-Cobos, B., Tres, A., Vichi, S., Guardiola, F., Rovira, M.,
Romero, A., Baeten, V., & Fernandez-Pierna, J.A. (2024). Near Infrared
(NIR) and Mid Infrared (MIR) spectra of whole and ground hazelnuts
[dataset]. CORA. Repositori de Dades de Recerca, https://doi.org/10
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This chapter 6 deals with the authentication of pine nuts species and origin through

isotopic and metabolic methods, as defined in objectives 5 and 6.

Although isotopic [23,93,88-91,247] and terpene markers [113,136,137,140,141,199,
232] have shown promising results in the authentication of plant-based foods, they
have not yet been explored for verifying the provenance and species of pine nuts.
These markers could hold valuable information and serve as fit-for-purpose tools for

pine nuts botanical and geographical authentication.

6.1 Development of isotopic methods for pine nut geographical

authentication: Proof-of-concept study
6.1.1 Sr isotopic ratios and Sr and Rb elemental analysis
A preliminary study was conducted on a small but representative sample set (Figure 6),
encompassing multiple origins, producers, harvest years, and species to assess the
feasibility of using isotopic ratios as authenticity markers. The Sr isotope ratio was
chosen as a potential marker because it strongly correlates with the geological and
geographical characteristics of the pine nut growing area and is minimally affected by
fertilizers in natural forest crops such as pine nuts. The Sr and Rb content were also
determined to optimise the isotopic analysis, ensuring that the Sr concentration was
sufficient for detection, and that Rb was effectively removed during the purification
process, as 8’Rb interferes with the measurement of #’Sr.
The Sr and Rb content and the 8Sr/%Sr ratio were analysed in 96 samples collected
over three consecutive harvest years (2020-2022) from four countries of origin. Among
these 96 samples:
- 60 samples were from two regions in Spain (ESP): Catalonia (CAT, n = 30) and
Central Spain: Castile and Leon and Madrid (CS, n = 30).
- 36 samples were commercial samples from China (CHN, n= 15), Russia (RUS, n
= 15) and Turkey (TUR, n= 6) (Figure 15).
Differences in the Sr and Rb content and Sr isotopic ratios across various origins
(individual countries, or Spanish regions) and years (2020, 2021 or 2022) were studied
using statistical tests. For data following a normal distribution (determined by the
Shapiro-Wilk test), independent-samples t-tests and one-way ANOVA were employed.

For data that did not follow a normal distribution, the Mann-Whitney U and Kruskal-
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Wallis tests were used. Dispersion plots combining Sr and Rb concentration and Sr
isotopic ratio were also explored to evaluate sample clustering and discrimination
according to the different regions of origin.

Pine nut samples:

CHN CAT
® ESP CS

RUS

TUR

Figure 15. Pine nut samples of the PoC study on strontium isotope ratio for pine nut
geographical authentication. ESP: Spain, CHN: China, RUS: Russia, TUR: Turkey, CAT: Catalonia,
CS: Central Spain (Publication 10).
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ABSTRACT

In this study, Sr isotope ratios and Sr and Rb concentrations of pine nuts are evaluated
as authentication markers to verify the geographical origin of pine nuts. Recently, the
global pine nut market has grown significantly, driven by their nutritional benefits and
unique flavour. Main commercial species include Pinus koraiensis from China, Pinus
sibirica from Russia, and Pinus pinea from the Mediterranean, which commands the
highest prices. This high value and price variation, make pine nuts susceptible to fraud,

underscoring the need for effective geographical authentication.

Stable isotope analysis is a valuable tool for determining the geographical origin of
agrifood products, as isotope ratios are influenced by geological and pedoclimatic
conditions. Sr isotope ratios, which vary with the age and composition of the bedrock,
provide key insights into food provenance. Alternatively, elemental analysis, widely
applied to verify plant food origins, examines the relationship between soil mineral
profiles and plant composition, with Sr and Rb concentrations being particularly useful

for geographical origin differentiation.

This preliminary study explores the potential of Sr isotope ratios and Sr and Rb
elemental analysis to distinguish between Mediterranean and Asian pine nuts, and
between two Spanish regions. The results of this study reveal that while Sr isotopic
ratios are insufficient to verify pine nuts origin, the combination of Sr and Rb exhibits
significant potential for geographical authentication, providing a foundation for

developing reliable authentication methods.

Keywords: Pine nuts; Authenticity; Strontium isotope; Elemental strontium and

rubidium; Geographical origin.
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1. Introduction

In recent years, the global market for pine nuts has experienced significant growth
(Awan et al., 2017; Evaristo et al., 2013). These nuts are highly valued for their
nutritional benefits, being rich in unsaturated fatty acids, vitamins, minerals, and for
their distinctive flavour (Gongalves et al., 2022; Takala et al., 2022). As a premium
gourmet product that can command prices exceeding 100 EUR/kg based on their origin
(Mutke, 2022), pine nuts are particularly vulnerable to fraudulent practices.

The primary commercial species of pine nuts include the Chinese Pinus koraiensis
Siebold & Zucc. (P. koraiensis); the Pinus sibirica (P. sibirica), which is primarily grown in
Russia, and the Pinus pinea L. (P. pinea), sourced from the Mediterranean basin, with
Turkey, Spain, and Portugal being the main producers (Awan et al., 2017; Moscetti et
al., 2021). Each of these species and geographical provenances possesses distinct
characteristics that influence both quality and market value (Awan et al., 2017; Evaristo
et al.,, 2013; Mutke, 2022). The Mediterranean P. pinea pine nuts reach the highest
prices, often doubling or even tripling the price of other species and provenances
(Evaristo et al., 2013; Moscetti et al., 2021; Mutke, 2022; Rios-Reina et al., 2021).
According to EU Regulation No 2023/2429, declaring the geographical origin of pine
nuts is mandatory to safeguard consumer interests and promote trust and
transparency within the food supply chain. In this context, verifying the authenticity of
the declared geographical origin is crucial for consumer protection, quality assurance,
and the prevention of fraudulent practices in the global market.

Over the past few years, stable isotope analysis has emerged as a powerful approach
for determining the provenance of agrifood products (Camin et al, 2017; Kelly et al.,
2005; Pustjens et al., 2016). The success of isotopic methods for geographical
authentication relies on the direct influence of geological and pedoclimatic
characteristics of the growing region on the isotope ratios present in the food
commodity (Kelly et al., 2005; Laursen et al., 2016). The light bioelements, C, H, N, O
and S, along with the heavy geo element Sr, are among the most commonly analysed
elements for food authentication purposes (Drivelos et al., 2012).

The isotopic ratios of these elements are intricately linked to the environmental

conditions of each geographical area, but in distinct ways. Light bioelements undergo
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fractionation—shifts in the ratio of 'heavy' to 'light' isotopes—due to natural processes
such as water evaporation, condensation, and plant photosynthesis. These processes
are influenced by geographical factors such as altitude, latitude, and proximity to the
sea, making light bioelements valuable indicators of the geographical origin of agrifood
products. However, they may be less effective in distinguishing between samples from
the same climate zone.

In contrast, the fractionation of Sr isotopic ratios is minimal due to the high mass of its
nuclides relative to the differences in isotope masses (Drivelos et al., 2012). The
radiogenic isotope 8Sr is produced from the decay of 8Rb, leading to variations in the
87Sr/25Sr ratio based on the age and Rb/Sr ratio of the underlying rock. The Sr isotopic
composition in plants and animals primarily reflects the bioavailable Sr from the
bedrock beneath them. The variation in 8/Sr/86Sr ratios across different geological
formations—shaped by their unique Rb/Sr ratios and geological ages—makes Sr
isotopic signatures particularly useful for verifying the geographical authenticity of
natural food products. This geological insight is especially valuable when the stable
isotopes of lighter elements are insufficient for differentiating between samples from
similar climate zones (Kelly et al., 2005).

On the other hand, elemental analysis has been widely reported as a powerful tool for
the geographical authentication of foods of plant origin (D’Archivio et al., 2014; Di
Paola-Naranjo et al., 2011; Epova et al., 2019; Griboff et al., 2019; Horacek, et al., 2023;
Garcia-Ruiz et al., 2007). The elemental composition of plants reflects the bioavailable
portion of mineral elements present in the soil where they grow. The availability of
trace elements is influenced by factors, such as soil pH, moisture, porosity, and the
presence of clay and humic substances (Kim et al., 1993). As a result, the diversity of
soils and their unique bioavailability profiles can lead to distinctive elemental
compositions in food, which serve as reliable markers for identifying geographical
origin. Among the inorganic elements studied for this purpose, trace elements like Sr
and Rb have been identified as some of the most effective geographical discriminants
(D’Archivio et al., 2014; Di Paola-Naranjo et al., 2011; Epova et al., 2019; Griboff et al.,
2019; Horacek, et al., 2023; Garcia-Ruiz et al., 2007).

Besides, unlike agricultural crops, where the Sr isotope ratios and modify Sr and Rb

concentrations are modified through anthropogenic influences such as fertilitzation
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(Ariyama et al., 2006; Bora et al., 2018; Danezis et al., 2022; Sen et al., 2014; Teacher et
al.,, 2017; Vitoria et al., 2004), pine nuts are harvested from natural forests where
fertilizers are not applied. This ensures that elemental and isotopic profiles of pine nuts
accurately reflect the soil's geochemical signature. Moreover, Previous research has
demonstrated the efficacy of Sr isotope ratios, and Sr and Rb elemental analysis in
authenticating the geographical origin of various foodstuffs and beverages (Baffi et al.,
2016; Drivelos et al., 2012; Epova et al., 2019; Fortunato et al., 2003; Garcia-Ruiz et al.,
2007; Geana et al., 2017; Asfaha, et al., 2011; Horacek, et al., 2023; Kelly et al, 2005).
However, the application of these methods for pine nuts authentication remains
underexplored.

The hypothesis of this preliminary study is that Sr isotope ratio, as well as Sr and Rb
elemental analysis are suitable for the geographical authentication of pine nuts, a high-
value commodity with significant economic and cultural importance in many regions.
Therefore, the primary objective of this study is to evaluate the effectiveness of Sr
isotope ratios, along with Sr and Rb concentrations in discriminating between
Mediterranean and Asian pine nuts, as well as between pine nuts of the same species
from two distinct regions in Spain. By analysing samples from various regions and
species, we aim to develop a robust analytical framework for verifying the authenticity
of pine nuts. Additionally, this study seeks to compare the performance of the isotopic
analysis with the elemental analysis to determine the most reliable approach for

geographical authentication.
2. Material and methods
2.1 Sampling

A set of 96 pine nut samples was obtained between 2020 and 2022 in the framework
of the Tracenuts project (PID2020-117701RB-100). Among these, 60 samples were P.
pinea kernels from Spain (ESP), specifically from two regions: Central Spain [Castile and
Leon and Madrid (CS, n = 30)], and Catalonia (CAT, n = 30). These were traceable
samples provided by the Institute of Forest Science (ICIFOR-INIA, Madrid, Spain), the
“Centro de Servicios y Promocion Forestal y de su Industria de Castilla y Ledn”

(CESEFOR Foundation, Soria, Spain), and the Institute of Agrifood Research and
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Technology (IRTA-Torre Marimon, Caldes de Montbui, Spain). The remaining 36
samples were commercial pine nuts sourced from China (CHN, n = 15), Russia (RUS, n =
15), and Turkey (TUR, n = 6) (Table 1). Based on the natural distribution of pine nut
species, it was presumed that the samples from China and Russia were mainly from P.
koraiensis and Pinus sibirica, which are the most commercially significant species in
those countries (Awan et al., 2017). Commercial samples from Turkey likely included
both P. pinea and other local species (Bonari et al., 2020). All samples were stored at

4°C until analysis.

Table 1. Geographical origin and harvest year of the 96 pine nut samples analysed.

n 2020 2021 2022
Spain 60 20 16 24
Catalonia (CAT) 30 10 10 10
Central Spain (CS) 30 10 6 14
China (CHN) 15 0 15 0
Russia (RUS) 15 0 5 10
Turkey (TUR) 6 0 0 6

2.2 Elemental analysis of Sr and Rb, and isotopic analysis of 87Sr/26Sr

The concentrations of Sr and Rb and the #Sr/%6Sr isotopic ratio were determined as
detailed by Torres-Cobos et al., (2024). The procedure involved grinding a 10 g aliquot
of the sample, followed by the digestion of 0.5 g of the ground sample with HNOs. The
quantification of Sr and Rb was carried out by Inductively Coupled Plasma-Mass
Spectrometry (ICP-MS). The Sr/Rb ratio in the sample must be > 500 to ensure that the
8Rb does not interfere with the #Sr analysis. Therefore, for the Sr isotopic ratio,
digested samples were purified with a Sr-SPEC resin. Given the high Rb concentrations
in pine nuts, a second purification step was carried out to ensure effective removal of
the 8Rb interferent. However, since chemical purification cannot completely eliminate
all Rb from the sample, a correction was applied by measuring 8°Rb to estimate the
residual 8Rb. This correction was only valid when the Rb concentration in the sample

was low. Finally, the Sr isotopic composition was determined using a Plasma 3 Multi
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Collector Inductively Coupled Plasma Mass Spectrometer (MC-ICP-MS) (Torres-Cobos
et al., 2024).

2.3 Statistical analysis

The statistical analysis was performed in IBM SPSS Statistics v29.00 (IBM Corp.,
Armonk, New York, USA). Statistical tests were applied to study differences in isotopic
ratios among multiple origins (individual countries or Spanish regions) or among
harvest years (2020, 2021 and 2022).

First, to examine the population distribution of the samples, Shapiro-Wilk test was
applied. Since the isotopic ratios did not follow a normal distribution or had fewer than
30 samples in the compared populations, the medians and quartiles were calculated.
The independent samples median test (non-parametric) was used to determine if the
Sr and Rb concentrations or the &’Sr /2Sr ratio varied according to the geographical
origin (countries of origin or Spanish regions (CAT/CS) or between harvest years. When
more than two groups were compared in the median test, differences between groups
were established by pair-wise comparisons. In all cases, p<0.05 was considered
significant. Finally, to explore the samples distribution: 1) Samples were plotted versus
87Sr/85Sr values and 2) log ([Sr]) was plotted versus log([Rb]). In both plots, samples

were coloured according to their country of origin.
3. Results and discussion

First, the interannual variability of Sr ratio medians across different harvest years was
evaluated for each studied region of origin. Table 2 presents the median and quartile
results for the ESP and RUS, as well as for ESP regions. CHN and TUR were not analysed
since samples of only one harvest year were included within these classes. Significant
differences were observed in the median 8Sr/2Sr ratio across different years for the
ESP samples (Table 2). Specifically, within the two regions conforming the ESP class, the
Sr ratio for CS samples from 2022 showed a significant deviation from those in 2020
and 2021. However, these differences are more likely attributed to the specific
locations of the CS samples across the harvest years rather than to a dependence of Sr
isotopic ratios on the harvest year. In fact, CS samples collected in 2020-2021 and 2022

were from a different location of CS.
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To explore and evaluate the differences in the Sr ratio across various geographical
origins, Table 3 displays the median and quartile results for the four countries of origin
(ESP, CHN, RUS, TUR), and the two Spanish regions (CAT, CS).

The results of the statistical tests indicate that the median 8/Sr/2Sr of CNH and RUS
were significantly different from ESP and TUR, while no statistical differences were

found between ESP and TUR and between the two Spanish regions, CAT and CS.

Table 2.8Sr/%Sr ratio of pine nuts harvested in different years from various geographical

origins.

2020 2021
n Median Q- Qs Median Q:- Qs
ESP®'Sr/%¢Sr 60 | 0.7108* 0.7105-0.7114 | 0.7107® 0.7105-0.7112
CAT 87Sr/86Sr 30 | 0.7106® 0.7104-0.7108 | 0.7107°® 0.7104-0.7107
CS &Sr/%sr 30 | 0.7114® 0.7110-0.7115 | 0.7113® 0.7106-0.7119

RUS &Sr/%6Sr 15 - - 0.7098°  0.7089 —0.7099
2022
n Median Qi- Qs p-value
ESP 8/Sr/%Sr 60 | 0.7099°  0.7099 —0.7106 0.006 **
CAT 87Sr/86Sr 30 | 0.7107® 0.7105-0.7108 1.000*
CS &Sr/%sr 30 | 0.7099°  0.7098 —0.7099 <0.001 **
RUS #’Sr/%¢Sr 15 | 0.7095*  0.7082-0.7102 0.608 *

*p-value < 0.05 means are significantly different. ! p-value obtained from independent samples median test.
Differences between origins were noted as a > b > c. ESP: Spain; CAT: Catalonia; CS: Central Spain; RUS: Russia.

Table 3. &Sr/%Sr ratio of pine nuts from different geographical origins: a) Countries of origin;

and b) Spanish regions of origin.

a)
ESP (n=60) CHN (n=15)
Median Q- Qs Median Q- Q3
8Sr/®%Sr| 0.7107®  0.7102-0.7108 | 0.7095°  0.7087 —0.7111
RUS (n=15) TUR (n=6)
Median Q- Qs Median Qi-Qs p-value
8Sr/8%Sr | 0.7097°  0.7088-0.7099 | 0.7138°%  0.7098 —0.7157 | <0.001 *!

*p-value < 0.05 means are significantly different. ! p-value obtained from independent samples median test.
Differences between origins were noted as a > b. ESP: Spain; CHN: China; RUS: Russia; TUR: Turkey.
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b)

CAT (n=30) CS (n=30)
Median Q- Qs Median Qi- Qs p-value
8Sr/%Sr| 0.7107 2 0.7104 -0.7107 0.7105°? 0.7099-0.7114 0.7961

*p-value < 0.05 means are significantly different. 1 p-value obtained from independent samples median test.
Differences between regions were noted as a > b. CAT: Catalonia; CS: Central Spain.

However, despite the significant differences observed among most classes, the
corresponding quartile values of Sr ratios revealed substantial overlaps between
origins, hindering a clear identification of pine nut provenance. This overlapping is
clearly visible when plotting the samples vs their Sr ratios (Figure 1a). In fact, the Sr
ratios of all analysed pine nut samples ranged from 0.707 to 0.717, regardless of
geographical origin.

This lack of clear differentiation may be attributed to the similarities certain regional
lithology across different areas of the world. These results are consistent with other
research highlighting the limitations of using 8Sr/8Sr ratio to verify the geographical
origin of various agrifood products (Baffi et al., 2016; Bong et al., 2012; Durante et al.,
2015; Epova et al., 2019). Studies have reported that bedrock type has a much greater
impact on the Sr isotope ratios than soil age (Horacek, 2022a). Variations in bedrock
geology within regions can hinder geographical distinctions due to substantial overlaps
of 87Sr/8Sr values both within and between regions (Asfaha, et al., 2011; Horacek, et
al., 2022a; Horacek, et al., 2022b). Consequently, the heterogeneous geology of large
countries such as CHN, RUS, and ESP (FAO/UNESCO 1971-1981; Gutiérrez et al., 2013;
Horacek, et al., 2022b) introduces substantial variability, affecting the ability to
differentiate samples based on Sr isotope ratios. In the case of CHN and RUS, the
commercial samples were sourced from different producers, potentially representing
various regions within the country, each with its own distinct geological characteristics.
On the other hand, the concentrations of the mineral elements Sr and Rb yielded more
promising results. Non-parametric independent samples median tests revealed
significant differences in the median concentrations of these elements between most
countries of origin. No significant differences were found in the median concentrations

of Sr and Rb between samples from CHN and RUS (Table 4). Regarding the two Spanish
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regions, median Sr concentrations were similar, significant in Rb concentrations,

suggest that Rb could effectively differentiate between these two regions (Table 4).
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Figure 1. Dispersion plots of samples, color-coded by region of origin: Catalonia CAT (dark
blue), Central Spain CS (light blue), China CHN (red), Russia RUS (yellow) and Turkey TUR
(purple). (a) Plot of samples versus 8Sr/8Sr values in pine nuts. b) Plot of log([Sr]) versus

log([Rb]) values in pine nuts.

These findings are further corroborated by the log([Sr]) vs. log([Rb]) plot (Figure 1b),
which shows distinct clustering among samples from different origins. Despite the
variability in the Sr and Rb values within CHN, RUS and ESP, the plot reveals a clear
separation between the Asian pine nuts (RUS and CHN) and the Mediterranean ones
(ESP and TUR) based on [Sr] values. Additionally, although the CAT and TUR sample
groups partially overlapped, a differentiation between them and CS samples was
observed, with TUR and CAT pine nuts displaying higher median [Rb] values and less
dispersion compared to CS. However, no clear distinction was observed between
samples from CHN and RUS. As previously mentioned, these commercial samples may

be sourced from multiple regions within each country. Hence, such dispersion is
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expected given the heterogeneous bedrock in these areas. In light of the findings from
this study, elemental analysis appears to be more effective than geoelement isotopic
approaches for the geographical authentication of pine nuts. This aligns with some
previous studies (Asfaha et al., 2011; D’Archivio et al., 2014; Epova et al., 2019; Garcia-
Ruiz et al., 2007; Geana et al., 2017; Horacek et al.,, 2023; Li et al., 2016) which
demonstrates that mineral composition—specifically Rb and Sr—either alone or in
combination with Sr isotopic ratio or with other elements such as Al, B, Ca, Cu, Ga, K or
Na, provides better geographical discrimination for agrifood products. This approach
consistently outperformed the use of the Sr isotope ratio to verify pine nut

provenance.

Table 4. Sr and Rb concentrations of pine punts from different origins a) Countries of origin; b)

Spanish regions of origin.

a)
ESP (n= 60) CHN (n=15)
Median Q- Qs Median Q- Qs
[Sr] (ug/g) | 1.41° 0.98 -2.05 0.06 ¢ 0.05-0.12
[Rb] (ug/g) 3.22¢ 2.14-5.90 25.61° 9.53-36.67
RUS (n=15) TUR (n=6)
Median Q- Qs Median Qi- Qs p-value
[Sr] (ne/g) 0.06 ¢ 0.03-0.09 0.91° 0.66-1.32 <0.001 **
[Rb] (ug/g) | 16.18° 13.29-18.10 11.46° 9.49-13.18 <0.001 *!

*p-value < 0.05 means are significantly different. ! p-value obtained from independent samples median test.
Differences between origins were noted as a > b > c. ESP: Spain; CHN: China; RUS: Russia; TUR: Turkey.

b)

CAT (n=30) CS (n=30)
Median Qi- Qs Median Qi- Qs p-value
[Sr] (ng/g) 1.34° 0.88-1.67 1.64° 1.03-4.70 0.4391
[Rb] (mg/g) 5.63° 3.06 -8.60 2.60° 1.69-3.34 <0.001 **

*p-value < 0.05 means are significantly different. 1 p-value obtained from independent samples median test.

Differences

between

regions were noted

as

a

> b

CAT: Catalonia;

CS:

Central  Spain.
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4, Conclusions

Although significant differences were observed between the median Sr isotopic ratios
of Spanish P. pinea and Asian pine nuts from Russia and China, these differences were
not sufficient to clearly distinguish the origins, as the groups still overlapped. This
outcome could be attributed to the heterogeneous bedrock geology of the studied
areas. Therefore, these findings demonstrate that that relying solely on the analysis of
Sr isotopic ratios may be insufficient to effectively authenticate the provenance of pine
nuts.

On the other hand, the combination of Sr and Rb concentrations has shown promising
results for the geographical authentication of pine nuts. Significant differences were
detected in the median concentrations of Sr and Rb between the Mediterranean and
Asian pine nuts, as well as among some individual countries. Within ESP, notable
differences in Rb concentrations were observed between CAT and CS, suggesting that
Rb could be useful for distinguishing between Spanish regions.

Additionally, the Sr vs. Rb concentration plot effectively differentiated between Asian
(RUS and CHN) and Mediterranean (ESP and TUR) pine nuts, with partial distinction
between CAT and CS regions.

This study establishes the bases for the development of efficient and robust tools
based on Sr and Rb elemental composition for the geographical authentication of pine
nuts. However, further evaluation with large-scale datasets that encompass natural
variability, diverse production regions, different harvest years, and various species is
needed. Additionally, exploring the use of these markers in conjunction with other
mineral elements or light bioelements isotope ratios could further improve the

accuracy and efficiency of geographical discrimination.
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6.2 Enhancement and validation of metabolic methods for pine nut

geographical and botanical authentication

6.2.1 Sesquiterpene fingerprinting

To assess the suitability of mono- and sesquiterpene compounds as tools for verifying
pine nut species and provenance, the volatile and semi-volatile terpene fractions of
253 pine nut samples was analysed using HS-SPME-GC—MS (Figure 6). These samples

were collected between 2020 and 2023. Among them:

- 170 were traceable P. pinea samples from two regions in Spain (ESP): Catalonia

(CAT, n = 74) and Central Spain, Madrid and Castile and Leon (CS, n = 96).

- The remaining 83 samples were commercial products from China (CHN, n = 53),
Russia (RUS, n = 22), and Turkey (TUR, n = 8). Based on the natural distribution
of pine nut species, it was assumed that the CHN and RUS samples primarily
belonged to P. koraiensis and P. sibirica, respectively. In contrast, the

commercial TUR samples could include both P. pinea and other local species.
Two PLS-DA classification models were developed and externally validated (Figure 16):

1) A multispecies-geographical origin model (binary PLS-DA) to differentiate

between Spanish P. pinea pine nuts vs. Asian pine nuts of other species.

2) A binary P. pinea-geographical origin model to distinguish pine nuts of the

same species (P. pinea) from two distinct Spanish regions (CAT and CS).

The PLS-DA regression coefficients of both models were examined to tentatively
identify the variables that significantly contributed to the discrimination between Asian

and Spanish kernels, as well as between the two Spanish regions (CAT vs. CS)

( )-
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ABSTRACT

Pine nuts are highly valued worldwide for their quality and commercial importance,
with China and Russia as major producers of Pinus koraiensis and Pinus sibirica, and
the Iberian Peninsula and Turkey supplying Pinus pinea. Their species and origin
influence their sensory and nutritional characteristics and affect their price, making
them vulnerable to counterfeiting. This study proposes a novel authentication method
using mono- and sesquiterpene fingerprints (extracted ion chromatograms from
specific ions) analysed via solid-phase microextraction combined with gas
chromatography-mass spectrometry, combined with chemometrics (partial least
squares — discriminant analysis). Tested on 253 samples from China, Russia, Spain, and
Turkey across different harvest years, it achieved 100% accuracy in external validation
when distinguishing Spanish from non-Spanish pine nuts, and 99% accuracy in
differentiating Pinus pinea samples from two distinct Spanish regions. This simple,
affordable, and automatable approach proves effective as a screening tool that could

be applied to support official controls.

Keywords: Pine nuts; Fraud; Terpenoids; Fingerprint; Authenticity; Geographical origin;

PLS-DA.
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1. Introduction

Pine nuts, popularly known as the “white gold”, are the most expensive nuts on the
market. They account for only 1% of global tree nut production but have a supply value
of more than 1.3 billion USD (INC, 2023). Asia stands as the primary global producer of
pine nuts, with China, Russia, and North Korea leading the output, followed by the
Mediterranean basin, with Turkey and the lberian Peninsula as the main producers
(INC, 2023).

While many agri-food products have cultivars farmed worldwide, the species of pine
nuts are strictly tied to their geographical origins. The most common species of pine
nuts among the 20 commercially available are Pinus pinea L. (P. pinea), predominantly
growing in the Mediterranean region, and Pinus koraiensis Siebold & Zucc. (P.
koraiensis) and Pinus sibirica (P. sibirica), primarily sourced from China and Russia,
respectively (Awan and Pettenella, 2017; Moscetti et al., 2021). The sensory attributes,
nutritional values and market price of pine nuts are highly dependent on the specie
and region of origin (Awan et al.,, 2017; Evaristo et al., 2013; Mutke, 2022).
Mediterranean pine nuts are highly valued and appreciated by consumers, reaching
prices higher than 100 EUR/kg (Mutke, 2022); however, they account for only 5% of the
world average pine nut production (INC, 2023). In contrast, Chinese or Russian pine
nuts are usually sold at much lower prices, often less than a third of the value of
Mediterranean ones (Evaristo et al., 2013; Moscetti et al., 2021; Mutke, 2022).

Despite the differences among pine nuts from various origins and species, non-expert
consumers often find them difficult to distinguish. Consequently, EU regulations
mandate the declaration of the country of origin on pine nut packaging (Regulation
(EU) No 2023/2429). Additionally, international commercial labelling standards
recommend including the botanical species (UNECE, 2013). These label claims need to
be verified by regulatory bodies to prevent fraud and protect consumers. Indeed, due
to the significant price difference between pine nuts of different origins, they are highly
vulnerable to economically motivated fraudulent practices such as counterfeiting or
adulteration. These practices can have serious consequences not only for the economy,
impacting both the market and producers, but also for consumers' health, as they

compromise the traceability chain of food products (Moscetti et al., 2021). In the

243



Chapter 6. Pine nut geographical and varietal authentication

particular case of pine nuts, misrepresenting their origin carries an added risk because
Chinese P. koraiensis is sometimes marketed mixed with other pine seed species like
Pinus armandii Franch., which has been linked to the dysgeusia called ‘Pine Mouth
Syndrome’ (Mutke et al., 2013; Destillats et al., 2011).

For all these reasons, disposing of reliable methods for pine nut authentication is
crucial to safeguard the interests of both producers and consumers. Traditional
methods to authenticate pine nuts have been based on phenotypic observations of
physical traits such as pine nut kernel morphology (Fardin-Kia et al., 2012; Loewe-
Mufioz et al., 2018; Mikkelsen et al., 2014) but their susceptibility to external agents,
and the fact that the evaluation is limited to whole kernels, hinder their effectiveness.
Consequently, some studies have focused on genetic analysis to distinguish pine nuts
species (Handy et al., 2011). Despite their reliability and accuracy, these methods are
laborious, complex, destructive, and expensive (Fardin-Kia et al., 2012; Rios-Reina et
al., 2021), and thus, hardly applicable for routine analysis of large sample sets.
Alternatively, pine nut composition has been investigated using different analytical
approaches, including targeted fatty acids analysis (Destaillats et al., 2010, 2011;
Evaristo et al.,, 2013; Fardin-Kia et al.,, 2012) and comprehensive spectroscopic
techniques like near infrared spectroscopy (Loewe et al., 2017; Moscetti et al., 2021).
Image analysis was also proposed for pine nut authentication (Rios-Reina et al., 2021),
although its application is restricted to entire kernels. While these methods showed
promising results, there is still a need to fully evaluate their efficiency on sample sets
that sufficiently represent the natural diversity of pine nut production, covering a wider
range of origins, producers, harvest years, and species. Therefore, it is essential to
develop a fit-for-purpose analytical method to verify pine nut authenticity.

In this context, previous research has demonstrated that mono- and sesquiterpenes
could be reliable markers of varietal and geographical origin of different plant species
and vegetable-derived products such as spices, alcoholic beverages and oils (Avula et
al., 2015; Matsushita et al., 2018; Vichi et al., 2005; Marti et al., 2014; Quintanilla-Casas
et al.,, 2022a; Torres-Cobos et al., 2021). These terpenes are secondary plant
metabolites whose presence and composition are highly dependent on the plant
botanical and geographical origin. In fact, they are shaped by environmental and

genetic factors, with minimal impact from other factors such as processing or storage
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conditions (Quintanilla-Casas et al., 2020; Vichi et al., 2010, 2018). When applied to
virgin olive oils, sesquiterpene chromatographic fingerprint coupled with pattern
recognition techniques, such as Partial Least Squares-Discriminant Analysis (PLS-DA)
has been shown to be fast, robust and efficient for varietal and geographical
authentication (Quintanilla-Casas et al., 2022a; Torres-Cobos et al., 2021). While other
nut species typically lack appreciable amounts of terpenoids in their kernels, conifers
produce an abundant amount of volatile and semi-volatile terpene metabolites and
some of them have also been identified in pine nut kernels (Adelina et al., 2021;
Rogachev et al., 2015). Recent reports documenting variations in the mono- and
sesquiterpene composition among different pine species and origins (Arrabal et al.,
2012; Faria et al., 2021; Kim et al., 2024) position the volatile terpene fingerprint as a
promising marker for pine nut authentication. Moreover, monoterpenoids were
reported as the main compounds in the essential oils of the pine bark, wood, needles,
and cones, as well as in the volatile fraction of raw pine nut kernels (Adelina et al.,
2021; Nikolic et al., 2022; Rogachev et al., 2015). The hypothesis of our study is that the
mono- and sesquiterpene fingerprint of pine nuts can serve as a reliable and efficient
marker to discriminate among pine nut kernel species and provenances.

The objective of the present research is to develop a fast, efficient, and reliable method
to enhance the discrimination of pine nuts based on the volatile and semi-volatile
terpene fingerprint obtained by Headspace Solid Phase Microextraction-Gas
Chromatography-Mass Spectrometry (HS-SPME-GC—MS) from a wide sample set
reflecting their natural variability. This involved the development and external
validation of two PLS-DA classification models: (i) a multispecies geographical model to
distinguish between Spanish P. pinea kernels vs. Asian kernels of other species, and (ii)
a P. pinea geographical model to differentiate pine nuts of the same species from two

distinct Spanish regions.

2. Material and methods

2.1 Sampling

A set of 253 pine nut samples from different geographical regions and species was

obtained from 2020 to 2023 in the frame of the TRACENUTS project (PID2020-
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117701RB-100) (Table S1 of Supplementary Information). Among these samples, 83
were commercial samples from: China (CHN, n = 53), Russia (RUS, n = 22) and Turkey
(TUR, n = 8). According to the natural distribution of pine nut species, it was assumed
that CHN and RUS samples did not originate from P. pinea but primarily belonged to P.
koraiensis and P. sibirica, the most commercially significant species from these
countries (Awan and Pettenella, 2017). Commercial TUR samples may have belonged
to both P. pinea and other local species (Bonari et al., 2020). The remaining 170
samples were P. pinea kernels from Spain (ESP), sourced from two regions: Central
Spain, Madrid and Castile and Leon (CS, n= 96) and Catalonia (CAT, n= 74). All the
Spanish samples were traceable and were supplied by the Institute of Forest Science
(ICIFOR-INIA, Madrid, Spain), the “Centro de Servicios y Promocion Forestal y de su
Industria de Castilla y Leon” (CESEFOR foundation, Soria, Spain), and the Institute of
Agrifood Research and Technology (IRTA-Torre Marimon, Caldes de Montbui, Spain).

Samples were directly harvested from forests and were stored at 4 °C until analysis.
2.2 Headspace-solid phase microextraction (HS-SPME)

Pine nut samples were analysed under conditions adapted from Vichi et al. (2006)
using a Combi-pal autosampler (CTC Analytics, Zwingen, Switzerland). An aliquot of
approximately 1 g of whole pine nuts was weighed into a 10 mL vial fitted with a
PTFE/silicone septum. The sample was conditioned at 70 °C for 10 min, followed by
exposing a divinylbenzene/carboxen/polydimethylsiloxane (DVB/CAR/PDMS) fiber (2
cm length, 50/30 um film thickness) from Supelco (Bellefonte, Pennsylvania, USA) to
the sample headspace for 60 min, at the same temperature. Then, the fiber was
desorbed at 260 °C for 10 min in the gas chromatograph injection port, the injector was
maintained in split-less mode for the first 5 min. To monitor carryover, blank samples

were alternated between injections.
2.3 Gas Chromatography-Mass Spectrometry (GC-MS)

The mono- and sesquiterpene fingerprint was acquired by an Agilent 6890N Network
GC system coupled to a quadrupolar mass selective analyser Agilent 5975C Inert MSD
(Agilent Technologies, Santa Clara, California, USA). Helium was the carrier gas, at a

flow of 1.5 mL/min. Analytes were separated on a Supelcowax-10 capillary column (60
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m x 0.25 mm i.d., 0.25 um film thickness) (Supelco, Bellefonte, Pennsylvania, USA).
Column temperature was held at 40 °C for 3 min, increased to 100 °C at 4 °C/min, then,
to 200 °C at 5 °C/min and to 260 °C at 15 °C/min, holding the last temperature for 5
min. The temperatures of the ion source and the transfer line were 230 and 280°C,
respectively. Mass spectra were recorded at 2.338 scan/s and the electron energy was
70 eV. Data acquisition was performed in the selected ion monitoring (SIM) mode
between 0 and 47.2 min, by registering the Extracted lon Chromatogram (EIC) of 7 ions
which have been reported to be characteristic of the mono and sesquiterpene
compounds and their oxygenated derivates: m/z 93, 95, 119, 159, 161, 189 and 204
(Maleknia et al., 2007; Reed, 1963; Tani et al., 2003; Torres-Cobos et al., 2021; Vichi et
al., 2010). Therefore, for each ion, the intensities of a total of 6621 scans were acquired
and used as fingerprinting data (section 2.3) to build the authentication models
(section 2.4).

After fingerprinting models were developed, we tentatively identified the compounds
corresponding to the scans leading to the most relevant regression coefficients (section
2.4.3). To do so, acquisition was carried out in the full scan mode in the range m/z 35-
350 and the MS spectra at the retention times corresponding to the relevant scans
were obtained. This tentative molecular structure identification was a level 3
identification (tentative candidate, evidence exists for possible structure, but
insufficient information for one exact structure only) according to Schymanski et al.

(2014).

2.4 Fingerprinting approach

A fingerprinting approach was followed using the EICs of the 7 selected ions. Scan
intensities were considered from 0 to 47.2 min for each ion (6621 scans x 7 ions =
46347 variables per sample). The acquisition interval has been extended from previous
studies (Torres-Cobos et al., 2021) to include the monoterpenoids that appear at the
initial times of the chromatogram (from 0 to 30 minutes) due to their relevance and
abundance in pine nuts. A data matrix was built for each ion, with the scan intensities
of each EIC (columns) for all the samples (rows) (7 matrices of 6621 columns x 253
rows). Differences between injections were corrected by normalizing each EIC, which

consisted in dividing each scan intensity by the total sum of intensities (Nam et al.,
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2020). Then, the EICs in each matrix were aligned by Correlation Optimized Warping
(COW) algorithm in Matlab® (Nielsen et al., 1998). Finally, the 7 aligned EIC matrices
were concatenated conforming a two-way unfolded matrix (253 samples x 46347

variables).
2.5 Chemometrics

2.5.1. Data exploration and preliminary multi-class geographical model

The data treatment and model building were performed with SIMCA software v13.0°
(Sartorius, Gottingen, Germany). A Principal Component Analysis (PCA) was performed
for the exploration of data and to identify potential outliers, according to Hotelling’s T2
range and Q-residuals model parameters. The exploratory analysis of the dataset
showed no outliers.

A preliminary multi-class PLS-DA classification model was built to discriminate among
the four countries of origin (CHN, TUR, RUS, ESP), to assess the potential of the terpene
fingerprinting to distinguish pine nuts from different origins. Multi-class PLS-DA models
operate as multiple binary models; each class being compared to the rest of the
samples. A dummy Y matrix is used, containing as many classification vectors as
classes. Each vector has values of 1 for a specific class and 0 for all other classes (i.e., 1
for CHN, TUR, RUS, and ESP classes, and 0 for non-CHN, non-TUR classes, non-RUS, and
non-ESP). The multi-class PLS-DA model was internally validated through leave 10%-out
cross validation. The model’s optimal preprocessing and number of latent variables (LV)
were selected according to the lowest Root Mean Squared Error of Cross Validation
(RMSEcv) criteria. The pre-processing was mean centring and scaling to the unit of
variance. To evaluate model overfitting, permutation test (n = 20 permutations) and
ANOVA on the cross-validated predictive residuals (p-value) were carried out (Eriksson
et al., 2008; Quintanilla-Casas et al., 2020). The suitability PLS-DA model was evaluated
by the Q? values and the percentage of correct classification of each class, and the

resulting score plot was examined to identify any clustering among samples.

2.5.2. Partial Least Squares Discriminant Analysis (PLS-DA) binary classification models

After the initial data exploration and the exclusion of origins represented by fewer than
20 samples (TUR), two PLS-DA binary classification models were built: (i) a multi-

species geographical model to discriminate between pine nuts from ESP (P. pinea) and
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non-ESP (other species), and (ii) a P. pinea geographical model to classify the ESP P.
pinea samples by their region of production: CAT and CS.

For each authentication model, the sample set was split following a stratified random
sampling strategy into training (80 % of the samples of each class: ESP/non-ESP model,
n = 196; CAT/CS model, n = 136) and validation set (20 % of the samples of each class:
ESP/non-ESP model, n = 49; CAT/CS model, n = 34). This splitting was run seven times (7
iterations) to evaluate the effect of the sample set composition and to increase the
robustness of the external validation. The sample set splitting information, including
validation and training sets, is summarized in Table S1 of Supplementary Information.
In each iteration, a PLS-DA binary model (training model) was fitted and internally
validated through leave 10%-out cross validation. The model’s optimal pre-processing
and LV were selected according to the RMSEcv criteria. For all training models, the
optimal pre-processing was mean centring and scaling to the unit of variance. To
evaluate model overfitting, permutation test (n = 20 permutations) and ANOVA on the
cross-validated predictive residuals (p-value) were carried out (Eriksson et al., 2008;
Quintanilla-Casas et al., 2020). None of the training models was overfitted according to
the permutation test and ANOVA p-value results. Subsequently, each training model
was externally validated by predicting the class of the samples in the corresponding
validation set, which had not been used to build the model. Therefore, for each type of
model, seven training PLS-DA models and the corresponding seven external validations
were obtained, to verify that results were not driven by specific influential samples and
thus, to increase the robustness of the external validation.

In PLS-DA binary models, classes are expressed as PLS dummy variables (here, 1 for
non-ESP, and CS classes, and O for ESP and CAT classes). The PLS predicted value (PV) of
each sample was used for its classification into one class or the other according to a
classification threshold (here, PV = 0.5).

The performance of each PLS-DA model was evaluated by the Q2 values and efficiency,
which was expressed as the percentage of correct classification of each class, the
sensitivity (the number of true positive results/ [the number of true positive results +
the number of false negative results]) and specificity (the number of true negative
results/ [the number of true negative results + the number of false positive results])

values. Wilson score intervals were calculated to establish confidence intervals for
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models’ sensitivity and specificity (Wilson, 1927). Non-ESP and CS samples were

arbitrarily defined as the positive samples for the corresponding models.

2.5.3. Evaluation of PLS-DA regression coefficients

The regression coefficients of the PLS-DA models were studied to tentatively identify
the key variables that mainly contributed to the discrimination between classes. The
jack-knife standard error of cross-validation (SEcv) was used to evaluate the
significance of the regression coefficients, considering as significant those with values
higher than their corresponding SEcv (Torres-Cobos et al., 2024). Among the significant
variables, only the ones with the highest absolute values (the 3 % higher regression
coefficients) were considered, and the corresponding compounds were tentatively
identified based on their mass spectra and elution order from full scan injections as

explained in section 2.4.
3. Results and discussion

3.1 Exploratory analysis and preliminary multi-class geographical model

The preliminary multi-class PLS-DA model to classify the samples according to their
country of origin showed promising results. The inspection of the score plot (Figure 1)
evidenced a clear clustering of samples by country of origin. LV1 was useful in
discriminating TUR and ESP samples from CHN and RUS ones, whereas LV3
distinguished TUR from ESP and RUS from CHN pine nuts, achieving four groups quite
differentiated from one another.

The leave 10%-out cross validation (Table 1) yielded a 100% correct classification for
the pine nuts from ESP and TUR, and high correct classification rates for the CHN (92%)
and RUS (95%) classes, with only 2 CHN samples misclassified as RUS, and one RUS
misclassified as CHN. The misclassification may be attributed to the greater similarity
between these two classes, as both CHN and RUS samples belong to species other than
P. pinea and originate from regions geographically distant from the Mediterranean.
Additionally, this similarity is evident in the scores plot (Figure 1), where the clusters
for RUS and CHN samples show significant dispersion and partial overlap. This overlap
suggests that the chemical fingerprinting approach may have difficulty distinguishing

between these two classes due to their more closely related terpene composition.
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Permutation test and ANOVA p-value allowed excluding model overfitting (Table S2 of

Supplementary Information).
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Figure 1. Score scatter plot (LV1 vs LV3) of the PLS-DA classification model developed by
country of origin (n =253, 9 LVs, Q2 = 0.659, RMSEcv = 0.216, ANOVA p-value < 0.05), based on
pine nut sesquiterpene fingerprinting data. CHN: China, TUR: Turkey, RUS: Russia, ESP: Spain.

Table 1. Leave 10%-out cross validation of the four-class PLS-DA model developed by country of

origin, based on pine nut mono- and sesquiterpene fingerprinting data.

Multi species geographical model: CHN/TUR/RUS/ESP

Not
n CHN (n) TUR (n) RUS (n) ESP (n) assigned
(n)

Correct
classification (%)

CHN 53 49 0 2 0 2 92.5
TUR 8 0 8 0 0 0 100.0
RUS 22 1 0 21 0 0 95.5
ESP 170 0 0 170 0 100.0
Total 253 98.0

N =253, 9 LVs, Q%2 = 0.659, RMSEcv = 0.216, ANOVA p-value < 0.05. CHN: China; TUR: Turkey; RUS: Russia; ESP: Spain.

Categories with n < 20, such as TUR, are not suitable for proper external validation.
Therefore, constructing further binary models for broader and better-represented
categories was the chosen option to yield reliable results. However, these preliminary
findings indicate the potential for developing future models to authenticate pine nuts
by country of origin based on mono- and sesquiterpene fingerprint, with the

appropriate sampling.
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3.2 PLS-DA binary classification models

3.2.1 Multi-species geographical PLS-DA model

Leave 10%-out cross-validation of the 7 binary ESP/non-ESP PLS-DA training models
(80% of the samples) provided a 100% of correct classification of both classes for all
training models. To verify the reliability of these promising outcomes, models’
performances were assessed through external validation. This involved predicting the
class of samples from the respective validation sets. The external validation results
were expressed as mean values t standard deviation obtained from the 7 iterations

(Table 2).

Table 2. External validation of the binary PLS-DA model to discriminate samples into “ESP” and
“non-ESP” based on pine nut mono- and sesquiterpene fingerprinting data. Results are mean

values (+ standard deviation) obtained from seven iterations.

Multi species geographical model: ESP/non-ESP

n ESP (n) no?r—\I)ESP cIassﬁ:i)crar;gtn (%) Sensitivity  Specificity
ESP 34 34.0+£0.0 0.0+0.0 100.0 £ 0.0 1.0+ 0.0
non-ESP 15 0.0+0.0 15.0£0.0 100.0+0.0 1.0+0.0
Total 49 100.0 £ 0.0

N =196, 5 LVs, Q%2 = 0.969, RMSEcv = 0.086, ANOVA p-value < 0.05.

The external validation outcomes corroborated the leave 10-out cross validation,
correctly classifying all samples of the validation sets into either ESP or non-ESP
categories, with maximum sensitivity and specificity, and without deviation. These
results evidenced the exceptional effectiveness of terpene fingerprinting in
distinguishing ESP P. pinea kernels from those of other geographical and botanical
origins potentially used for counterfeiting, regardless of the specific region, harvest

year, or commercial brand.

3.2.2 P. pinea geographical PLS-DA model

To assess the capability and potential limitations of using volatile terpene fingerprint
for authenticating the origin of pine nuts, a classification model was built in a more
challenging scenario. The goal was to discriminate between samples from the same
species, P. Pinea, produced in the same country, ESP, but in distinct regions, CAT and

Cs.
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In this case as well, internal validation of the 7 binary PLS-DA models built using the
training sets obtained from the 7 iterations of the sample-set splitting achieved 100%
accuracy, correctly classifying all the training samples into their respective region of
origin. These results were further corroborated by the external validation (Table 3),
where all CAT pine nuts were correctly classified, providing a specificity of 1. Only one
CS sample was misclassified as CAT, resulting in a sensitivity of 0.98 and an overall

correct classification rate of 99%.

Table 3. External validation of the Spanish PLS-DA model to discriminate samples into Catalonia
and Central Spain based on pine nut mono- and sesquiterpene fingerprinting data. Results are

mean values (+ standard deviation) obtained from seven iterations.

P. pinea geographical model: CAT/CL

n CS (n) CAT (n) cIassE‘?c:E(c:)tn (%) Sensitivity ~ Specificity
CS 19 18.7+05 0.3+05 98.0+3.0 0.98 +0.03
CAT 15 0.0+0.0 15.0+0.0 100.0+ 0.0 1.00 £ 0.00
Total 34 99.0+1.0

N =136, 5 LVs, Q2 =0.907, RMSEcv = 0.158, ANOVA p-value < 0.05. CAT: Catalonia; CS: Central Spain.

These findings confirm the ability of the volatile terpene fingerprint to distinguish
pine nuts from different regions, even when they originate from the same
species and relatively close geographical areas. These results align with
previous studies demonstrating the influence of pedoclimatic factors on the
sesquiterpene composition of olive oil, enabling the differentiation of olive oils
from various Catalan Protected Designation of Origin (PDO) regions, even when
derived from the same cultivar and nearby geographical areas (Quintanilla-Casas et

al., 2022b).

The developed model can be applied to verify the identity of pine nuts from
these regions/species, but this opens future research for further expanding the
model for other regions and species, by developing and validating the models with
new samples from these regions and species. Similarly, further research might
address open questions, as for instance, which would be the ability of the model in
revealing mixed samples from various origins or species, or if the model would work

for identifying pine nut identity in complex foods.
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3.3 Exploration of PLS-DA regression coefficients

Unlike other food matrices where sesquiterpene fingerprinting has been previously
explored for authentication such as virgin olive oil, pine nut terpene fingerprint
contains a notable fraction composed of monoterpenoids (Adelina et al.,2021;
Rogachev et al., 2015). Given the interconnected biosynthetic pathways of mono- and
sesquiterpenoids, they are likely equally influenced by genetic and environmental
factors. Consequently, both could potentially contribute to the geographical and
botanical differentiation of pine nuts, and for this reason the entire fraction was
included for evaluation in this study. To confirm that class discrimination was
consistently based on specific terpene patterns, and to ascertain whether both mono-
and sesquiterpenoids contributed to the discrimination, we examined the highest
significant regression coefficients from both PLS-DA models and tentatively identified
the terpenoid structure of the corresponding chromatographic peaks, according to
their elution order and full scan MS spectra. It is important to emphasize that the aim
was not to conduct a comprehensive study of all discriminant variables or to move
towards a targeted analysis. Instead, we focused on the most relevant variables to
confirm their terpene nature and to gain insight into their general molecular structure,
such as whether they were monoterpene or sesquiterpene hydrocarbons, or

oxygenated derivatives.

To explore the variables that had the greatest impact on discriminating between pine
nuts classes, we examined the highest significant regression coefficients of both of
ESP/non-ESP, and CAT/CS PLS-DA models as explained in section 2.4.3. For both models,
plotting the regression coefficients against the variables of the unfolded matrix
revealed that the relevant coefficients were distributed along the entire EICs of ions
with m/z 93, 95, and 119, while being concentrated towards the end of EICs of ions
with m/z 159, 161, 189, and 204 (Figure 2). This is because the former fragment ions
are common in both mono- and sesquiterpenoids eluting across the entire
chromatogram (Maleknia et al., 2007; Tani et al., 2003; Vichi et al 2006; Vichi et al
2010), whereas the latter are specific of semi-volatile sesquiterpenes with higher

retention times (Vichi et al., 2006; Vichi et al 2010).
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Figure 2. Regression coefficients of the PLS-DA ESP vs non-ESP and CAT vs CS models, plotted
against the variables (acquisition points) of the unfolded matrix. For each model, the most
relevant coefficients for the prediction of the ESP and CAT classes are highlighted in blue
(negative coefficients) and those relevant for non-ESP and CS in red (positive coefficients).

At first glance, these outcomes suggest that both mono- and sesquiterpene families
could be regarded as valuable markers for authenticating the botanical and
geographical origins of pine nuts, endorsing the hypothesis that both mono- and
sesquiterpenes would contribute to discrimination. Specifically, the ESP samples’
highest regression coefficients were mostly found in the middle-final section of EICs,
being slightly more abundant in EICs m/z 119 and 204 (Figure 2), and thus, probably
attributable to sesquiterpenes. Conversely, non-ESP class was mainly distinguished by
compounds detectable in across the entire EICs m/z 93, 95, 119 (Figure 2), likely

including several monoterpenoids. Likewise, both mono- and sesquiterpene
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compounds appeared to drive the discrimination between CAT and CS classes. As the
most relevant CAT coefficients were in the middle-final section of most of EICs,
particularly in EICs m/z 95, 159, 204, they were probably attributable to
sesquiterpenes. The predominant coefficients distinguishing CS pine nuts, similarly to
non-ESP samples, were distributed along the whole EICs at EICs m/z 93, 95, 119,
several of them probably corresponding to monoterpenoids.

To gain more insight and further support these findings, we examined the compounds
related to the most relevant variables in each model. To exemplify some of the
tentatively identified compounds that mainly contribute to class distinction, Figure 3
compares the EICs at m/z 93 and 204 corresponding to a non-ESP vs an ESP sample,
and to a CS vs a CAT sample. Firstly, it is remarkable that several of these significant
variables corresponded to minor compounds or not well-resolved chromatographic
peaks, which might hinder their identification and quantification using traditional
targeted approaches. This underscores the fingerprinting approach as a more suitable
option for their analysis, confirming previous findings (Quintanilla-Casas et al., 2020).
Next, concerning the nature of compounds driving the discrimination between ESP and
non-ESP samples, the tentative identification of relevant compounds suggested that
the relevant compounds detected in EIC at m/z 93 included both monoterpene
hydrocarbons, eluting in the initial part of the chromatogram (e.g. compounds with
mass spectra attributable to compounds such as pinene, camphene, sabinene, carene,
myrcene, and cymene, relevant for the non-ESP class; limonene and mentha triene, for
the ESP class; myrcene and cymene, for the CS class, and pinene and carene, for the
CAT class), and their oxygenated derivatives, with higher retention times (e.g.
compounds with mass spectra attributable to limonene oxide, relevant for non-ESP and
CAT classes; camphor, for non-ESP and CS classes; dihydrocarvone for CS; borneol for
non-ESP). On the other hand, the tentative identification of relevant compounds in EIC
at m/z 204 permitted to assume that several relevant compounds had a sesquiterpene
structure (e.g. in the ESP/non-ESP model, compounds with mass spectra matching with
that of copaene, junipene, cubebene, cadinene, muurolene and amorphene were
relevant for the ESP class, and two not identified compounds whose spectra matched
with those of various possible sesquiterpenes distinguished the non-ESP class. In the

CAT/ CS model, compounds possibly corresponding to copaene, murolene and an
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unidentified sesquiterpene distinguished CS sample, while others, likely junipene and
cubebene were relevant for CAT ones). The EIC at m/z 204 was selected as an example
because it corresponds to the molecular ion of sesquiterpene hydrocarbons (Vichi et

al., 2006).
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Figure 3. Extracted chromatograms of two representative ions (m/z 93, 204) and tentative
identification of compounds corresponding to some of the most relevant variables. 1) a-

pinene, 2) camphene, 3) B-pinene, 4) sabinene, 5) 6-carene, 6) myrcene, 7) limonene, 8)

mentha triene isomer, 9) p-cymene, 10) limonene oxide isomer, 11) copaene isomer, 12)
camphor, 13) NI sesquiterpene, 14) junipene, 15) cubebene isomer, 16) dihydrocarvone, 17)
cadinene isomer, 18) murolene isomer, 19) amorphene, 20) borneol, 21) NI sesquiterpene.

Blue: relevant for ESP, CAT; red: relevant for non-ESP, CS.

257



Chapter 6. Pine nut geographical and varietal authentication

In summary, the examination of regression coefficients evidenced that numerous
variables across all the acquired ions, corresponding to minor and major species,
contributed significantly to class discrimination. Both monoterpene and sesquiterpene
compounds, including hydrocarbons and their oxygenated derivatives, played a crucial
role in the classification. Specifically, monoterpenes seemed to be more characteristic
of the non-ESP and CS classes, whereas several compounds with sesquiterpene
structure contributed equally to distinguish the origin of samples in both ESP/non-ESP

and CAT/ CS models.
4. Conclusions

The volatile and semi-volatile terpene fingerprinting has proven to be a powerful
method for authenticating pine nuts, with PLS-DA effectively identifying patterns
related to their origin and species, while minimizing variables linked to factors such as
harvest year or commercial producer, and therefore, our hypothesis was confirmed.
This method provided a high efficiency (> 99%) in the discrimination of pine nuts of
different species into ESP and non-ESP classes, and between pine nuts of the same
species but from two nearby geographical regions, CAT and CS. Additionally, the
preliminary multi-class PLS-DA origin model showed the potential of this method to
authenticate multiple geographical origins, provided a sufficiently comprehensive and
diverse sample set is used.

Finally, the exploration of PLS-DA regression coefficients confirmed that the
compounds related to the variables primarily contributing to the discrimination have a
mono- and sesquiterpene structure, including both terpene hydrocarbons and some
oxygenated derivatives.

In conclusion, volatile terpene fingerprinting proved to be fast, efficient and
straightforward, making it easily to apply to large number of samples in routine
laboratories. It could serve as a valuable supporting screening tool for official controls,

enhancing their effectiveness and ensuring consumer protection.
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Chapter 7. General discussion

This chapter provides a comprehensive discussion of the global results obtained in this
doctoral thesis, focusing on the common outcomes derived from the strategies
developed for verifying food varietal and geographical origin rather than the specific
results of each individual study. The discussion is divided into five sections:
geographical and varietal authenticity markers, analytical approaches, instrumental
techniques, data treatment and chemometric models, and applications and usefulness
of the developed methodologies for enhancing food geographical and varietal
authenticity. The first four sections correspond to the main aspects considered in the
development of reliable food authentication tools. Finally, the last section addresses

the applicability and future prospects of the developed methods.

7.1 Geographical and varietal authenticity markers

An authentication model needs to be based on reliable markers, selected in agreement
with scientific knowledge that supports that this marker can vary between
authentication categories. In the present thesis, this implied that markers should vary
between food samples of different origins and cultivars/species, enabling the
verification of product claims regarding provenance and varietal origin. Several markers
studied in this thesis, including stable isotopes, SH, UF and TAGs, achieved this
intended aim. These markers have proven to be directly linked to the food product's
growing region and cultivar, with minimal influence from other factors beyond
environmental and genetic conditions. However, their suitability varied depending on
the commodity and the authentication aspect to be verified. The efficiency of each
tested marker for the varietal and geographical authentication of VOO, hazelnuts, and

pine nuts are thoroughly discussed in the following subsections.
7.1.1 Isotopic markers

To verify the declared geographical origin of OO, hazelnuts, and pine nuts, various
isotopic markers have been studied and authentication models have been built upon
them. Three types of isotopic ratios have been explored, both individually and
combined: light bioelement stable isotopes (63C, 6%H, 6°N, 680, &34S) as markers to
verify OO geographical origin (6*3C, §2H, 5§®0) ( ); their combination with

compound-specific isotopic ratios, such as 823C and 6°H of FAME for hazelnut
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authentication ( and 5); and heavy geoelements, specifically Sr ratios, for

hazelnut ( ) and pine nut origin ( ).

In agreement with previous literature (section 1.3.2), stable isotopes of light elements
were strongly influenced by climatic, environmental and geological factors of the
region where agricultural products were grown ( , 4 and 5). Specifically,
correlations between 82H and 680 with the isotopic ratios of the precipitations at the
specific locations were shown in and 5. Additionally,

highlighted the effect of temperature and precipitation on the classification accuracy of
the isotopic models. This close relationship with pedoclimatic factors, combined with
the minimal influence of other variables on the §3C, 82H and 620, confirmed the
suitability of these isotopes as markers for the geographical authentication of
agricultural products [83-87,97]. However, among the bulk isotope values evaluated
within this thesis, &0 demonstrated the highest discriminatory power in
authenticating the provenance of VOO and hazelnuts ( , and 5).
Similarly, the 6%3C and &2H of FAMEs were also linked to environmental and climatic
conditions, proving useful for discriminating among samples from different regions of

origin and enhancing classification accuracy ( and 5).

On the other hand, 8°N and 63S, although potentially related to geographical factors,
were found to be inadequate for verifying the geographical origin of agri-food products

as they were significantly influenced by agronomic practices, particularly fertilisation

( )-

The 8’Sr/%Sr, a heavy geoelement whose main source in plants is the soil, showed
promising results in the discrimination of hazelnuts from different origins and was in
accordance with the geological characteristics of the production areas. Although
studies have reported the potential impact of fertilizers on the Sr isotopic composition
of agricultural products [258,259], this factor did not appear to critically affect the
results in the studied case ( ). However, due to the laborious sample
preparation steps and higher operating costs involved in Sr isotopic analysis, its
application was deemed inadequate for routine analysis and more suited as a
confirmatory tool for uncertain samples. In light of the promising results obtained from

the analysis of 8’Sr/%Sr in hazelnuts, the Sr isotopic ratio was also studied as a
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geographical marker of pine nuts ( ). The influence of agronomic practices
was expected to be negligible in this case, as pine nuts are collected from naturally
grown forests. Although significant differences were found between Asian and
Mediterranean pine nuts, these differences were insufficient to achieve a clear
distinction between the origins. In fact, the heterogeneous bedrock across the
extensive study areas resulted in considerable variability in the Sr ratios within each
region, leading to an overlap among the categories. These findings underscore the
limitation of using a single isotopic marker to distinguish samples from different

provenances.

Apart from the suitability of isotopes for each authentication issue, it is noteworthy to
mention various general aspects that concern all the isotopic markers examined. As
reported in section 1.4.4, the primary strengths of isotopic analysis include its
robustness, high reproducibility and precision, largely due to the use of CRMs to
correct bias. These features facilitate straightforward transferability and
implementation of these methods by accredited laboratories [81] and support their
use in official control methods [84]. However, isotopic markers faced limitations in
discriminating food origin compared to other markers (SH, UF, TAGs). This was primarily
due to the limited ability of isotopic markers to differentiate between geographically
close regions with similar pedoclimatic conditions, as observed with VOO and
hazelnuts ( ), or from very broad geographical areas, as in the case
of pine nuts ( ). Additionally, stable isotopes are highly sensitive to the
harvest year, which hindered the classification of VOO samples from different harvest
years using a single model ( ). These drawbacks may be attributed to the
limited analytical information provided by targeted methods compared to untargeted
ones ( ), ultimately reducing the efficiency of the classification. The
performance of the multi-isotope approach could be enhanced by combining it with
other markers, such as mineral profile [97,104] or metabolites [205,206]. This strategy
has proven effective in pine nut authentication, where elements like Rb and Sr showed

promising potential in distinguishing Mediterranean pine nuts from the Asian ones

( )-
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7.1.2 Metabolic markers

Volatile and semi-volatile terpene compounds were tested as markers for botanical
and geographical food authenticity. Specifically, SH fingerprinting yielded excellent
results in verifying VOOs provenance ( ) and cultivar ( ).
Additionally, when combined with the monoterpene fraction, they proved to be an
excellent tool for authenticating pine nuts from different species and origins
( ). However, in the case of hazelnuts, these markers were unsuitable for

authentication due to their minimal concentration in the kernels and oil (section 5.3.1).

The success of these terpene markers is attributed to the influence of genetic and
environmental factors on their composition in plants, enabling a direct correlation with
the plant cultivar and growing area. Moreover, they are relatively stable to oxidation
and minimally affected by storage and processing conditions. Therefore, mono- and
sesquiterpene compounds meet all the criteria of appropriate authenticity markers. As
long as their concentration in the plant product is sufficiently high to be detected and
measured, they are powerful botanical and geographical authenticity tools for

agricultural products.

Since SH were not adequate markers for hazelnut authenticity, other options were
explored. For this purpose, UF and TAGs were selected as promising candidates as
several studies have reported variations in their composition among hazelnuts from
different origins and cultivars [44, 133,153-155]. Although UF constitutes a minor part
of the lipid fraction, it contains several secondary metabolites whose concentration
and composition are influenced by genetic and pedoclimatic factors. Additionally, most
of them are relatively stable non-volatile species contributing to produce reliable
classification models. The studies conducted in this thesis ( and 8) have
demonstrated that models based on the UF fingerprint can simultaneously verify
hazelnut cultivar and origin with high accuracy, sensitivity, and specificity, making them
reliable tools for geographical and varietal authentication of hazelnuts. However, their
analysis is laborious and time-consuming, requiring multiple sample preparation steps
which makes it difficult to apply for routine screening. Instead, it could serve as a

valuable confirmatory method to support fast-screening tools.
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In this context, TAGs, the main constituents of the hazelnut lipid fraction, were tested
to enhance analytical efficiency in hazelnut authentication ( ). Their
composition and FA arrangement are determined by genetics and environmental
factors [44,133] and are not easily degraded or affected by processing or storage
procedures. For this purpose, it was essential to dispose of an analytical method that
required minimal sample preparation and that employed affordable and automatable
instrumentation. Thus, a method was successfully developed to analyse TAGs in highly
lipid-rich food matrices by HT-GC-MS ( ). Then, this analytical method was
applied to analyse TAGs in oil extracted from hazelnuts, without requiring any further

optimization ( ).

In order to develop the hazelnut authentication models, TAG fingerprint was
determined in a large sample set of hazelnut samples encompassing a wide variety of
cultivars, harvest years, and regions of origin ( ). In general, the model
achieved satisfactory results with good classification accuracy comparable to other
more laborious methods. Nevertheless, UF clearly outperformed TAGs in both cultivar
and origin discrimination, displaying unmatched effectiveness in authenticating
hazelnut. For this reason, a combined strategy was applied integrating both TAG and UF
models. This approach significantly reduced the analytical workload while maintaining
high classification accuracy, proving to be a powerful tool for both varietal and

geographical authentication of hazelnuts ( ).

Finally, a broader approach was employed to simultaneously study a wide range of
metabolic analytes by analysing hazelnut samples using NIR and MIR spectroscopic
techniques ( ). The outcomes of this study showed that the untargeted
analysis of multiple metabolites provided high predictive accuracy in classifying
hazelnuts according to their geographical area of origin and cultivar, matching the
accuracy obtained with the UF fingerprinting method. Additionally, this method offered
valuable insights into the key compounds driving hazelnut discrimination, primarily
proteins and lipids, proving to be a fit-for-purpose screening method for verifying the

varietal and geographical origin of hazelnuts.

Overall, across all the conducted studies, methods based on metabolic markers

outperformed isotopic approaches for the geographical authentication of VOO,
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hazelnuts, and pine nuts. Metabolic approaches proved more efficient, achieving
accurate classification while simultaneously verifying both the varietal and
geographical origins of food products, confirming hypotheses 4.1 and 4.2. Among the
metabolic methods, UF fingerprinting and NIR spectroscopy were more effective than
MIR and TAG fingerprinting. However, combining rapid TAG fingerprinting with the UF
method offered a good balance between efficiency and workload. Lastly, NIR
spectroscopy was just as effective as these methods, with even less effort, rendering it

the fastest approach for hazelnut geographical and varietal authentication.

7.2 Analytical approaches

Although authenticity markers are key in an authentication model as they hold the
chemical information necessary to discriminate various categories (origins, cultivars),
the overall success of an authentication strategy relies on their combination with
several other factors: the analytical approach, the method and instrumental technique,
the data treatment, and the chemometric tools employed. Regarding the analytical
approach, as reviewed in section 1.4.1, the state-of-the-art in food authentication
involves the use of untargeted approaches, as they incorporate more analytical
information in determining food authenticity. Nevertheless, for most markers, targeted

approaches are still advantageous in terms of transferability.
7.2.1 Isotopic targeted approach

A targeted approach was followed in all the isotopic studies conducted, focusing on the
identification and quantification of various isotopic ratios ( and 10).

This targeted approach was not applied to metabolomic methods, as previous research
indicated it to be less effective than untargeted analysis for food authentication based

on a large number of metabolic markers [168, ].

Targeted approach facilitates reproducibility and transferability among different
laboratories and control bodies, which are key elements for the adoption of these tools
as reference methods by regulatory authorities. However, although quite satisfactory
results were obtained in the geographical and varietal discrimination of VOOs and

hazelnuts, this approach was consistently outperformed by untargeted methods.
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7.2.2 Metabolic untargeted profiling approach

Unlike targeted approaches, which analyse a predefined limited number of
compounds, providing fewer comprehensive data for fraud detection thereby
diminishing authentication efficiency, the untargeted approaches were more effective
for complex analytical problems such as verifying the geographical and botanical origin
of agricultural food products. For instance, in assessing VOO purity, the untargeted
methods outperformed the official targeted method by enabling the detection of small

quantities of adulterant high-oleic vegetable oils in VOO ( ).

One of the untargeted approaches applied in this thesis has been the untargeted
profiling approach using Parallel factor analysis 2 (PARAFAC2) models applied to three-
way GC-MS data (samples x retention time x m/z) of the UF of hazelnuts (

). This tool is integrated into the software PARADISe (PARAllel factor analysis 2
Deconvolution and Identification System), which enhances the robustness of the
results by reducing user interaction and optimizing analysis time ( ).
PARAFAC2 deconvoluted the Total lon Chromatograms of the UF into a peak table
containing the relative concentrations of pure compounds, and their mass spectra. In
total, 155 compounds were extracted. By this, it addressed common chromatographic
data issues such as co-eluting peaks, low signal-to-noise ratio, and retention time

shifts.

This approach offered several advantages, the main one being its ability to provide
chemical interpretable results. This makes it a suitable tool for analysing samples with
unknown compositions, as it provides pure mass spectra that simplify the identification
of analytes. For example, it revealed that sterols, along with linear and terpene
alcohols, were the main compounds driving the discrimination of hazelnuts
( ). Consequently, it also avoided the time-consuming steps of
identification and quantification of targeted approaches while preserving all the
valuable information. Additionally, conventional strategies for targeted methods can be
adapted to evaluate the performance of untargeted profiling, facilitating its
transferability between laboratories. However, as demonstrated in and
supported by other literature data [260], the fingerprinting approach proved superior

to untargeted profiling. Fingerprinting was more effective in extracting detailed
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information from chromatographic data, including minor discriminant species, which
was crucial for the development of authentication models. Therefore, fingerprinting
was chosen for the subsequent studies on hazelnut geographical and varietal

authentication ( ).
7.2.3 Metabolic untargeted fingerprinting approach

The fingerprinting approach has been applied in several studies throughout this thesis
to analyse GC-MS data ( , 3, 6, 7, 8, and 11) and spectroscopic data

( ), with the aim of developing authentication models.

In the case of GC-MS, a three-way data matrix (samples x retention time x m/z) was
obtained. While this type of data typically requires complex multi-way chemometric
algorithms, a simpler approach was applied by unfolding the data into a two-way
matrix (samples x retention time). This was achieved through the concatenation of the
acquired m/z extracted ion chromatograms in the row-wise direction ( ).

This simplification allowed for the application of bilinear methods.

Besides, a key aspect of fingerprinting analysis is signal preprocessing. Regarding
chromatographic fingperinting, ithe present studies have shown that applying baseline
correction and normalization prior to alignment can significantly enhance
performance. For instance, in the TAG fingerprinting ( ), baseline
correction was implemented using asymmetric least squares, a method proven to be
highly effective for chromatographic data [175]. This correction was essential for
addressing baseline level variations among samples and mitigating the drift caused by
column bleeding, which is particularly significant at the high temperatures used in the
HT-GC-MS method. Normalization was also applied to chromatographic fingerprinting
data ( ) to correct intensity variations between batches and
balance weights among samples. Finally, the most critical factor in chromatographic
fingerprinting is the retention time shift among samples, an issue not usually
encountered in other fingerprinting techniques such as spectroscopy. To address this
issue, the COW algorithm was applied [183]. This flexible alignment technique adjusts
chromatographic profiles by shifting, stretching, and compressing the peaks without

causing peak swapping. The COW method also allows for the automatic optimization of
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warping parameters, such as slack size and segment length, which enhances its

implementation and effectiveness (Figure 17).

However, for those datasets that included multiple batches ( and 11) a
preliminary prealignment of each analytical batch was necessary before performing the
general alignment across all batches. This step was crucial to reduce computational

cost and ensure optimal results.

This signal preprocessing was fundamental to ensure reliable comparisons among

samples, which is essential for developing accurate and robust authentication models.

cow

Reference

I\ I,.' \ IJ‘I‘ l
Tt
- A__a
1 | SEGMENT LENGTH: length of the
chromatographic profile sections. COW: piecewise linear wrapping until
<> SLACK: maximum allowed deformation achieving correlation of the two signals
of an individual section (flexibility).

Figure 17. Cow alignment diagram. COW: correlation optimized wrapping.

For spectroscopic data fingerprints, no prior alignment is required due to the absence
of time shifts among samples. However, other types of signal preprocessing
(derivatives, Savitzky—Golay smoothing, SNV transformation) were applied to address

instrumental issues and enhance the signal-to-noise ratio ( ).

275



Chapter 7. General discussion

Overall, the fingerprinting approach demonstrated exceptional effectiveness in
extracting valuable sample information for developing robust authentication models. It
was especially advantageous for complex data involving multiple species and minor
compounds, where identification and quantification were challenging due to low
concentrations, co-elution, or similar instrumental responses. This was particularly true
for SH, which, despite their high structural variability, exhibit very similar mass spectra
( and 11). This approach has also demonstrated successful in TAG
analysis ( and 8), surpassing targeted official method and proving to be a

fit-for-purpose screening tool capable of analysing a large number of samples.

Moreover, fingerprinting was the most suitable approach for the hazelnut UF data
( ), outperforming untargeted profiling by providing higher sensitivity and
classification accuracy. Its success in this case relies on the higher sensitivity of the SIM
acquisition mode in the fingerprinting approach, which allowed for the detection of
minor relevant species that were overlooked by the untargeted profiling’s full scan
acquisition. Therefore, the selection of the ion for SIM based on the prior knowledge of
the chemical compound families present in the samples (those in the UF fraction in this

case) was key for the successfulness of the fingerprinting approach.

On the other hand, the fingerprinting approach was also applied to spectroscopic data
obtained from the analysis of hazelnuts by NIR and MIR techniques with exceeding
outcomes ( ). This approach is widely used in the spectroscopic field
because it allows for fast, simple, and simultaneous analysis of a large variety of
compounds found in food samples, such as lipids, proteins, and carbohydrates [173].
Moreover, unlike other fingerprinting techniques like GC-MS, spectroscopic techniques
offer higher reproducibility [ ,261,262] which eases their transferability

across laboratories.

7.3 Instrumental techniques

The instrumental technique employed is a key factor in assessing the availability and
applicability of an authentication method. Ideally, this technique should be fast, cost-

effective, and widely accessible to many laboratories to facilitate the implementation
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of the authentication method. The main instrumental techniques used in the

conducted studies are thoroughly discussed in the following sections.
7.3.1 IRMS and MC-ICP-MS

The most common technique for stable isotope analysis is IRMS [84,88]. When coupled
with an elemental analyser (EA), it allows for the straightforward analysis of multiple
light bio-elements (*3C/*2C, 2H/*H, >N/¥N, 80/**0 and 345/32S) in solid and liquid

samples with minimal sample preparation [84,88, 1.

In addition, CSIA has become increasingly popular, as it provides additional and unique
isotopic information about the food sample, reflecting factors such as geographical
origin and cultivation practices [88,101,102,263, ]. CSIA is performed by
combining IRMS with a separation technique such as GC, which isolates individual
compounds from a complex mixture and determines their isotopic ratios.

For heavier elements like Sr, which cannot be converted to gases, MC-ICP-MS is used.
This high-resolution technique provides precise measurements of isotopic ratios

[88,113].

These techniques have been applied to the isotopic analysis of VOO, hazelnuts and
pine nuts, for verifying geographical authenticity ( , 4,5 and 10). They
offer high precision, sensitivity, and accuracy in measure, require only small sample
sizes, and are applicable to almost any type of food or beverage [84,88]. By reporting
stable isotope abundances relative to certified reference materials, these methods
achieved high  measurement precision under repeatability conditions
[81,84, ]. This unifies isotope measurements, resulting in a robust and

easily transferable methodology.

However, the routine application of these techniques for food geographical
authentication faces several challenges. The high cost of instrumentation and
maintenance, along with the complex and labour-intensive sample preparations
required in some cases—particularly for Sr analysis by MC-ICP-MS—pose significant
barriers. For instance, in the geographical and varietal authentication of hazelnuts, the
Sr isotope was excluded in favour of more cost-effective bioelements, which offered

comparable discrimination accuracy and are more easily applicable to routine analysis
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( and 5). Additionally, operating these instruments requires specialized
knowledge and trained personnel, and the potential for contamination during sample

preparation or analysis demands strict laboratory protocols.
7.3.2 GC-MS

Most of the metabolomic methods developed in this thesis analyse markers using GC
coupled with low-resolution MS. This technique is commonly available in control
laboratories, and, implementing these methods generally requires minimal investment
in instrumentation. Additionally, this technique is easily automatable, requires minimal
sample manipulation, is environmentally friendly due to being solvent-free, and offers
high sensitivity, especially in SIM acquisition mode. When coupled with HS-SPME, it
enables fast and sensitive analysis of volatile and semi-volatile compounds from small

amounts of solid and liquid samples without any prior preparation.

Moreover, the mass spectra obtained in full scan acquisition mode ( ) and
the available libraries facilitate the identification of specific compounds or compound
families that contribute to the differentiation among samples. Additionally, they enable
to perform a “back to target” approach, by identifying the most relevant compounds in
discrimination and designing a targeted method focused on the analysis of these few

key target compounds.

In the conducted works, the analysis of VOO, hazelnuts and pine nuts through GC-MS
provided comprehensive molecular-level information essential in developing varietal
and geographical authentication models ( and ). GC-MS-based
methods have proven more advantageous for generating data to build authentication
models, likely due to the greater amount of information provided. For instance, HT-GC-
MS for TAG analysis resulted more efficient than HPLC-RID and even FIA-HESI-HRMS for

differentiating based on subtle differences in TAG composition ( ).

This underscores the suitability of GC-MS as an effective technique for authentication
screening methods in routine controls. However, its successfulness also depends on the
specific extraction methods needed to obtain the authenticity markers and the

subsequent data treatment.
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7.3.3 Spectroscopic techniques

Lastly, spectroscopic techniques, including NIR and MIR, were applied to analyse
hazelnuts for geographical and varietal authentication. Specifically, three instrumental
approaches were tested: NIR spectroscopy with a benchtop instrument, NIR

spectroscopy using a handheld device, and MIR spectroscopy ( ).

These spectroscopic methods are significantly faster than the other techniques
explored, enabling the direct analysis of samples (whether whole kernels or ground) in
just minutes, or even less. Their operational systems are straightforward and simple,
and since no solvents are used in either sample preparation or instrumental analysis,
these methods are considered green techniques. Additionally, they are cost-effective
and non-destructive, preserving the sample for further analysis if needed. These
intrinsic characteristics make spectroscopic techniques highly adaptable for on-site and

online applications, making them ideal for routine analysis.

On the other hand, these techniques are less sensitive and specific, often leading to
overlapping bands and complex spectra, particularly when analysing intricate mixtures.
This can hinder interpretability and complicate the differentiation of sample
components. For instance, NIR spectra of hazelnuts revealed bands that could be
related to lipids, proteins, complex carbohydrates and compounds containing hydroxy
groups, that were relevant for the discrimination between cultivars and origins.
Additionally, NIR and MIR spectroscopies are sensitive to environmental conditions
such as temperature, humidity, and pressure, as well as physical properties of the
sample like particle size, which can introduce variability in the results. Therefore, it is
essential to ensure that samples are analysed under consistent conditions: at the same
temperature (ideally room temperature), in a dry environment, and with a

homogeneous particle size for ground samples.

The application of NIR spectroscopy in hazelnut authentication enabled the rapid
analysis of a broad spectrum of chemical compounds and yielded highly successful,
validated results for simultaneously verifying the geographical and botanical origin of

hazelnuts, demonstrating its effectiveness as a fit-for-purpose screening technique

( )-
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7.4 Data treatment and chemometric models

7.4.1 Univariate statistics

Various descriptive statistics including mean, median, standard deviation, interquartile
range, Shapiro-Wilk test, parametric tests (t-test, one-way ANOVA), and non-
parametric Kruskal-Wallis and Mann-Whitney U tests, were applied to the isotope data
of VOOs ( ), hazelnuts ( and 5) and pine nuts ( ).
These methods were employed to describe the data, assess differences in isotopic
ratios across different origins, evaluate the impact of harvest year, and investigate the
influence of environmental factors such as precipitation and temperature (

, 4 and 5), as well as the impact of agricultural practices such as fertilisation, and

geological factors ( ).

Although these methods were useful for examining the relationships between isotopic
ratios and geographical, climatic, geogenic, and anthropogenic factors, their results
were inconclusive for reliably determining the geographical origin of the studied food
products. Significant differences in isotopic ratios were observed across regions for
VOOs ( ), hazelnuts ( and 7) and pine nuts ( );
however, this alone was insufficient to accurately discriminate the provenance of the
samples due to the overall dispersion of their isotopic values, which often resulted in
considerable overlap. As a result, single thresholds for these isotope markers could not
efficiently distinguish sample classes. This highlighted the importance of exploring
multivariate classification methods to evaluate more accurately their discrimination

potential.
7.4.2 Unsupervised methods

Unsupervised methods, particularly PCA, were employed to conduct the initial
exploration of quantitative (isotopes), profiling (UF, TAGs) and two-way fingerprinting
(SH, UF, TAGs, spectroscopic) data. Their application aimed to examine the natural
distribution of the samples, identify possible trends, and detect outliers according to
the parameters Hotelling’s T? and Q residuals [190-192]. Score plots facilitated the
investigation of sample clustering, helping to determine which factors—such as

cultivar, origin, batch effect, or harvest year—might influence this distribution and to
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assess whether significant overlap existed among sample groups ( and 7).
However, due to the data's complexity and the high presence of non-informative
variables (noise), principal components often proved insufficient to fully explain the
variance between different categories, especially when chromatographic fingerprints

were involved.

On the other hand, PARAFAC2, another unsupervised method, was applied to
deconvolute the three-way GC-MS data of the hazelnut UF as an unsupervised method
( ). This method provided the resolved mass spectra and the peak table
containing the relative concentration of each analyte. The resulting data matrix, which
included the peak areas for each sample, was then employed to develop effective
supervised classification models. Moreover, the pure mass spectra obtained through
PARAFAC2 method eased the chemical interpretation of the subsequent model
facilitating the identification of the chemical families that played a crucial role in the

classification of samples according to their origin or cultivar.

Given that the primary objective of the studies was to predict qualitative variables,
such as the cultivar and origin, supervised methods were applied in most studies of this
thesis for developing validated classification models. Therefore, model calibration,
which included outlier detection, preprocessing methods, and the selection of the

optimal number of components, was carried out using the supervised technique.
7.4.3 Supervised methods: Classification models

Discriminant (PLS-DA) and class modelling techniques (SIMCA) were assayed as
supervised classification techniques throughout all PoC studies due to their suitability
for building classification models with categorical variables (section 1.4.3). As SIMCA
relies on a well-represented sample category rather than requiring a representative
sample set of multiple categories, it is well-suited for classification in cases where the
non-authentic category is not finite. This makes it effective for determining whether a
sample belongs to the defined authentic category or not. However, SIMCA models did
not perform as effectively as expected (data not shown). This might be because SIMCA,
being PCA-based, struggles with data containing a significant amount of non-

informative variables or noise, as it is the case of chromatographic fingerprints.
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Moreover, the presence of closely related or highly similar classes may further
challenge discrimination using SIMCA models. In contrast, PLS-DA is better suited to
handle noisy data and is particularly effective with datasets that include a large number
of highly correlated variables, characteristics frequently encountered in the studies

presented.

Binary (only two categories) or multi-class (more than two categories) PLS-DA models
were developed depending on the authentication purpose. Binary PLS-DA models

were used to authenticate one specific cultivar or region of origin from all the others:

Arbequina vs other VOO cultivars ( ), TG vs other hazelnut cultivars
( ); Italian VOO vs VOO from other countries ( ), Spanish
pine nuts vs pine nuts from other provenances ( ).

Special efforts were made to incorporate a wide range of samples to ensure their
variability was as representative as possible of the real market, especially for the non-
authentic class, which is the most challenging to represent due to its broad scope..
However, in some cases, this proved especially challenging (e.g., non-EU samples:
covering all possible countries; non-Arbequina, non-TG: covering all other cultivars
worldwide). As a result, the interpretation of the study’s findings takes this limitation
into account, acknowledging that the developed models are intended for use under

conditions similar to those in which they were developed.

Multi-class PLS-DA models were applied to differentiate among different cultivars or

geographical origins, whether they were countries or regions close to each other or

further away: VOO from three Italian regions CAL/SIC/PUG ( ), seven VOO
cultivars ( ), hazelnuts from four countries of origin CHL/ESP/GEQ/ITA
( ) and pine nuts from four countries of origin CHN/TUR/RUS/ESP

( )-

Nonetheless, in cases where the sample size for one or more specific categories was
insufficient to adequately represent their variability and enable external validation
( ), or when the model struggled to distinguish between very similar
categories (e.g. geographically close regions with similar pedoclimatic conditions)

( ), these categories were merged into a broader, more general group
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provided that this grouping was meaningful for the application to authenticate the
product (e.g., producing areas with similar market prices and risk of mislabelling or
those that can be merged due to geographical proximity). In light of this, the PoC study
in , adjusted the multi-class PLS-DA approach for determining
geographical origin (CHL/ESP/ITA) to binary classification models (EU vs. non-EU and
ESP vs. ITA) due to the limited number of tested samples, aiming to enhance
performance. Later, when the sample set was enriched ( ), multi-class PLS-

DA origin models (CHL/ESP/GEQ/ITA) were successfully developed and validated.

One of the criticisms that discriminant techniques have received when used in
authentication is that they are expected to always classify samples into one of the
categories included in the model, even if the sample is extraneous. However, outlier
detection would rule out the possibility of classifiying extraneuous samples in one of
the categories. Moreover, the classification criteria applied for all models in this thesis,
included the possibility of a ‘no class’ answer. In PLS-DA binary models, categories are
expressed as PLS dummy variables (1 for the non-authentic category and O for the
authentic category). Since multi-class PLS-DA models work as multiple binary models of
each category against the others, a dummy Y matrix holds as many classification
vectors as categories, and each vector has values of 1 for the specific category and 0 for
all the other categories. In this case, the PLS predicted value (PV) of each sample was
used for classification into one category or the other according to the highest PV
criteria, provided it was above the classification threshold, usually set at 0.5 unless
otherwise indicated. Samples with PVs below the classification threshold for all
categories were not assigned to any category. This means that extraneous samples
would fall into the 'no class' category, thereby overcoming one of the main drawbacks
of using discriminant techniques for authentication. In any case, it is important to bear
in mind that models are to be applied to samples similar to those used in model
validation. In this respect, EU vs non-EU models should be further tested with samples

from countries not included in the sample sets.

Before model building, the analysed sample set was divided into training and
validation sets following a stratified random sampling strategy, with 80% of samples

from each category allocated to the training set and 20% to the validation set. The
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generated training and validation sets preserved the balance in the proportions of the
original sample set. The 80/20 balance is usually used in model validation as it leaves a
sufficient part of samples to cover all possible natural variability for model calibration,
while disposing of a certain number of samples to obtain reliable external validation.
This process was repeated multiple times (ranging from 3 to 7 iterations) to assess the
impact of the sample set composition and enhance the robustness of the external
validation. This iterative process assured that external validation was robust and not
dependent on influential samples that could have led to biased results. In each
iteration, PLS-DA models were developed, calibrated and internally validated by leave-
10%-out cross-validation exclusively using the samples in training set of that iteration.
During calibration, outlier detection was conducted by evaluating Hotelling's T?> and Q
residuals in a model with a low number of LVs to prevent noise from hindering the
identification of anomalous samples. The optimal preprocessing method and number
of LVs were then selected based on the criterion of the lowest root mean squared error
of cross-validation (RMSEcv). Finally, ANOVA (p-value) on the cross-valdiated predicteve
residuals, along with permutation tests (n = 20), were performed to assess potential

model overfitting.

A general scheme of the chemometric techniques applied to build classification models

is represented in Figure 18.
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Figure 18. General scheme of the chemometric techniques applied to build PLS-DA
classification models. PCA: principal component analysis, PLS-DA: partial least squares
discriminant analysis, LV: latent variables, RMSEcv: root mean squared error of cross-validation.

To further enhance the performance of the models, in , and
classification thresholds were optimized by analysing receiver operating characteristics

(ROC). ROC curves were generated with the PVs obtained in the leave-10%-out cross-
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validation plotting the sensitivity (true positives/ [true positives + false negatives]) and
1-specificity (1 - [true negatives/ (true negatives + false positives)]) values obtained
when the PV threshold to assign samples to a diagnostic category varies [264]. ROC
analysis was applied to PV values from each PLS-DA model and category. The optimised
thresholds were those leading to the maximum value of sensitivity + specificity

( ,5and 8).

In addition, threshold optimization proved valuable in establishing an uncertainty range
for classification, rather than relying on a single threshold, as demonstrated in

. Samples with PVs falling within the uncertainty range were treated as
boundary samples and were not assigned to any class. This approach was integrated
into a combined TAG and UF strategy. Initially, samples were analysed using the fast
screening method for TAGs, and those within the uncertainty range were further
assessed using the UF fingerprinting method. This combined strategy significantly
enhanced analytical efficiency by reducing workload and achieved a high classification

accuracy.

It is important to note that classification thresholds should be updated whenever
models are enriched with additional samples. In this context, in future implementation
of these models, the responsibility for setting classification thresholds should be
entrusted to the corresponding oversight authorities. These authorities may adjust the
thresholds according to the specific control objectives, balancing the acceptable risk of
misclassification. For instance, in a screening approach, thresholds could be adjusted to
minimize false negatives, even if it leads to an increase in false positives, ensuring that
no fraudulent sample escape detection. In adulteration issues, the authentic and the
non-authentic class are clearly defined by the authentication problem itself. However,
for certain geographical and varietal authentication models, a prior agreement should
be established to define the "authentic category," because this one will define the false
negatives. The “authentic class” is typically the most expensive or valuable product
susceptible to fraud (e.g., Italian VOOs, Spanish and Italian hazelnuts, Spanish P. pinea
pine nuts), and the "non-authentic category" would then comprise lower-cost products

that are falsely marketed as authentic to gain economic profit.
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Finally, to ensure the reliability of the models and prevent overfitting or overly
optimistic outcomes, conducting external validation is essential. This process involves
predicting the class of samples that were never included in the model development—
those in the designated validation set. External validation was performed in all the
studies ( , and 11), excluding PoC studies that lacked a sufficient
number of samples to accurately represent the categories ( and

). Successful external validation results were achieved for most of the
developed methods ( ,3,5,8,9and 11) for food geographical and varietal

authentication, demonstrating high classification accuracy and strong model fit.

PLS-DA models, when based on metabolic markers such as SHs, TAGs, and UF— which
are influenced by both genetic factors and pedoclimatic conditions—enable the
identification of characteristic patterns related to the food property of interest,
whether it be cultivar or origin. These models effectively minimize the impact of
variables unrelated to the property being verified. Therefore, depending on the
variable selected for supervising the pattern recognition analysis, PLS-DA models
applied to the same markers and data can authenticate the varietal or geographical

origin of the samples ( ,3, and 11).
7.4.4 Model exploration

To understand the foundation of the models' predictions, it is crucial to evaluate the
underlying chemical information. Therefore, to ensure the reliability of the developed
models and confirm that their predictive accuracy is rooted in valid chemical and

biological information, the models' regression coefficients were examined.

The regression coefficients of the PLS-DA models were studied to tentatively identify
those variables that mainly contributed to the discrimination among classes. The jack-
knife standard error of cross-validation (SEcv) was used to evaluate the significance of
the regression coefficients, considering as significant those with values higher than
their corresponding SEcv. Out of the significant variables, only the ones with the
highest absolute values were considered, and the corresponding compounds or
compound families were tentatively identified, based on their mass spectra and elution

order ( , 7and 11) or on the band assignation ( ). Additionally,
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models’ regression coefficients were also employed to select the relevant isotopic
variables in the PoC study (Publication 4) that were further determined in the large-

sample set study (Publication 5).

The analysis of the regression coefficients in the VOO SH fingerprinting model
(Publication 3) revealed that a significant number of variables, spread across the entire
chromatogram and all acquired ions, were relevant for distinguishing between VOO
cultivars. Notably, many of the highest regression coefficients corresponded to minor
SH compounds or poorly resolved chromatographic peaks (Figure 19). Consequently,
their identification and quantification using traditional targeted approaches would

have been challenging.
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Figure 19. Section of the ion m/z 93 chromatogram of the VOO sesquiterpene fingerprinting
data plotted against the regression coefficients of the PLS-DA Arbequina model (relevant
variables for the Arbequina class highlighted in blue) (Publication 3).

Similar results were obtained examining the regression coefficients of the pine nut SH

models (Publication 11). In this case, both mono- and sesquiterpene compounds
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contributed to the discrimination. These findings underscore the suitability of the
fingerprinting approach, which facilitates the analysis of minor species and coeluting

peaks, offering a unique advantage over traditional targeted methods.

Regarding the hazelnut varietal and geographical authentication by UF models
( ), the regression coefficients from the PLS-DA models developed using
both SIM fingerprinting and untargeted profiling data were compared to identify
differences in the key discriminant compounds. Results revealed that, while some
compounds were important for discrimination in both approaches, each method also
identified unique relevant variables. This indicates that the information provided by
each approach varies due to their distinct operational modes. The greater sensitivity of
the SIM fingerprinting method enabled the detection of minor compounds that
significantly contributed to sample classification, and that could not be detected using
the untargeted profiling's full scan acquisition. Moreover, the comparison of regression
coefficients revealed that in that study, restricting data acquisition to specific ions in
the SIM fingerprinting approach did not hinder the detection of discriminant
compounds. Indeed, the compounds identified as relevant only by the untargeted
profiling models were also detected by the SIM method but were not considered
relevant for the classification.
On the other hand, the untargeted profiling approach provided the pure mass spectra
facilitating the straightforward identification of the most relevant compounds as
indicated by the regression coefficients of the models—an advantage not provided by
the SIM fingerprinting method. This makes untargeted profiling particularly adequate
for analysing samples with unknown compositions, where an easy identification of
discriminant compounds is essential. However, when there is prior knowledge of the
compound families present in the samples, as it happened in our UF study (

), selecting specific ions makes the SIM fingerprinting method more suitable, as it
delivers richer information and enables a more efficient discrimination.
For the models developed on NIR and MIR spectroscopic data of hazelnuts, the analysis
of the regression coefficients revealed that each model relied on different spectral
information ( ). Despite the challenges in associating spectral bands with

specific components—due to the low specificity of the techniques, complex spectra,
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and overlapping bands—it was possible to correlate the key variables with the main
compositional elements of the samples. The findings indicated that lipids and proteins
were the primary drivers of hazelnut cultivar and origin differentiation. This agreed
with the previous successfulness of both TAG and UF markers, that had already

suggested these spectroscopic techniques as suitable candidates.

In all studies where PLS-DA models were applied to the same authenticity markers for
verifying the geographical or botanical origin of food ( , 7,9, it was
observed that the relevant variables for sample discrimination varied depending on
whether provenance or cultivar was selected as the supervising variable. This finding
confirms that genetic and environmental factors have distinct impacts on the metabolic
fingerprints of the analysed markers and that PLS-DA is able to extract and use this

information for the discrimination of different geographical or varietal groups.

Finally, and as previously mentioned, the examination of the model’s regression
coefficients can be used to select variables with the highest discriminant power to
optimize the classification models, as demonstrated in . In this PoC study
multiple isotopic markers (63C, 82H, 6§80, 8'°N, 634S, 86Sr/87Sr, and the 63C and 6%H of
the FAMEs) were evaluated to verify the provenance of hazelnuts. The regression
coefficients revealed that, after excluding isotopes potentially influenced by agronomic
practices, 680, and &'3C and &°H of the FAMEs, significantly contributed to the
geographical discrimination of hazelnuts (Figure 20). These findings were the basis for
developing more robust hazelnut geographical authentication models using large-scale

datasets ( ).
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Figure 20. Regression coefficients of the hazelnuts PLS-DA origin model developed with the
variables 8680, and 6%H, 613C of the main fatty acid methyl esters (FAMEs) (P: palmitic, S:
stearic, O: oleic, Ln: linoleic). Significant coefficients are highlighted in blue (specific country) or
red (other countries) ( ).

7.5 Applications and usefulness of the developed methodologies for

enhancing food geographical and varietal authenticity

7.5.1 Global overview and current application

Targeted isotopic methods have demonstrated satisfactory discrimination power with
just a few isotopic markers for the geographical authentication of VOO and hazelnuts,
provided the regions in question exhibit significant pedoclimatic differences
( and 5), or clear geological differences ( ). However, they

failed in discriminating between climatologically similar regions, such as ITA and ESP,
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and in discriminating wide areas with highly variable geology, such as RUS and CHN
pine nuts ( ). Therefore, for pine nuts, the analysis of Sr ratios was
unsuccessful in verifying their provenance. Isotopic methods consistently exhibited
lower prediction accuracy compared to untargeted metabolomic methods (

,8and 11).

Despite these limitations, isotopic methods offer straightforward transferability,
versatility, and broad applicability, facilitating their implementation across different
laboratories. Consequently, they could serve as supporting screening tools to official
control methods to verify the geographical origin of VOO and hazelnuts if the regions

under scrutiny have distinct geographical and climatic features.

The methodologies developed for the authentication of VOO, hazelnuts, and pine nuts
based on metabolic markers have proven highly successful, particularly the
fingerprinting techniques. These methods have significantly outperformed isotopic
targeted approaches for all analysed agrifood products ( ,5,8,9,10 and

), even in the verification of the geographical origin where stable isotopes are widely
accepted markers. In fact, metabolic markers enable simultaneous verification of both
varietal and geographical origin, offering exceptional classification accuracy, sensitivity,
specificity, and robust model fitting, with minimal interference from other factors than

the property being verified.

For VOO and pine nuts, SH fingerprinting has emerged as the most effective tool for
varietal and geographical authentication ( , 3 and 11). This method is both
fast and straightforward, allowing direct analysis of samples without the need for prior
sample treatment, using the automatable and widely available GC-MS technique.
Models build using SH fingerprinting data have demonstrated the highest classification
accuracy in external validation across all studies conducted on pine nuts and VOO,

effectively authenticating both provenance and cultivar.

For hazelnuts, where the minimal SH concentration renders these compounds
unsuitable as authenticity markers, UF and NIR spectroscopy fingerprinting were the
most effective methods for varietal and geographical authentication, achieving similar

rates of correct classification in external validation (> 94% for cultivar and > 96% for
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origin) ( and 9). However, UF fingerprinting involves a more laborious
analytical procedure, making it better suited as a confirmatory tool. As demonstrated
in , it was more time-efficient to verify challenging boundary samples

when used in combination with faster screening methods such as TAG fingerprinting.

The NIR fingerprinting presented lower analytical sensitivity and selectivity than the UF
fingerprint obtained through GC-MS, limiting the chemical interpretability of the
models and complicating the identification and differentiation of sample components,
thereby making its use as a confirmatory method significantly more challenging.
Nonetheless, it remains a fast, simple, versatile and cost-effective method that allows
for the direct analysis of solid samples in a short time. This makes it the most suitable
screening tool to verify hazelnuts varietal and geographical origin in routine analysis.
Combining the rapid NIR fingerprinting screening method with UF fingerprinting as a
confirmatory tool could be the most effective and efficient approach for verifying
hazelnut varietal and geographical origin and should be considered for future

evaluation.

However, the primary limitation of these untargeted fingerprinting approaches is the
absence of standardized validation protocols, which complicates their transferability
and prevents their use as official reference methods. Until this issue is resolved, these
methods can serve as a guidance for inspections and conformity checks, supporting the
work of official control bodies and enhancing risk analysis for VOO, hazelnuts and pine
nuts. In this framework, an initial screening using untargeted fingerprinting could
efficiently process a large number of samples, offering an early indication of whether
they conform to the declared varietal and geographical origins or not. Suspicious or
borderline samples could then be subjected to further analysis using official control
methods, if available, or could prompt traceability procedures and document
verification. This approach would greatly improve the effectiveness of existing official
controls. Additionally, these methods could also be implemented as self-monitoring

tools within the private sector.

Finally, regardless of whether metabolic or isotopic methods are used, the discriminant

models developed for varietal and geographical authentication should be regularly
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updated by incorporating samples from new harvest years, cultivars/species,

producers, and regions of origin.
7.5.2 Future prospects

The performance of isotopic methods as tools for the geographical authentication of
VOO, hazelnuts, and pine nuts could be significantly enhanced by combining them with
other authenticity markers, such as mineral elemental profiles, FAs, or additional
isotopes [84,85,90,97,100]. In fact, the results of already suggest this for
Rb and Sr measurement in pine nuts. Furthermore, the development and use of
accessible, large, and comprehensive databanks—regularly updated with samples from
various regions, harvest seasons, cultivars, and producers—would serve as an
invaluable resource for comparison and model building. Such databanks would greatly
improve the effectiveness of isotopic methods in the geographical authentication of

agrifood products [84].

Given the outstanding results achieved with untargeted fingerprinting methods and
their great potential for authenticating the geographical and varietal origin of VOO,
hazelnuts, and pine nuts, there is a pressing need to improve their transferability to
advance towards their applicability in routine official control. To accomplish this
purpose, it is essential to establish standardized procedures with clear and precise
guidelines for validating untargeted fingerprinting methods. These procedures should

include:

e \Verification of the repeatability and reproducibility of analytical data, in this
case chromatographic or spectroscopic fingerprint, obtained through different
instruments [265,266].

e \Validation of authentication models through external validation by predicting
new samples, not included in the model development. This process should
account for the natural variability of the food being analysed and assess model
stability by testing samples analysed by different operators and instruments
[200].

e Protocols for interlaboratory studies to evaluate the method's robustness and

ensure consistent results across various laboratories.
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Finally, to maintain the validity of the authentication method over time, it is crucial to
regularly monitor its performance. This should involve analysing blind samples,
conducting proficiency tests, and using reference samples [81]. Additionally,
incorporating new samples that include additional authentication traits or categories
will be useful to track changes in the agrifood product and help ensure continued

accuracy and relevance.
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1. Comparison of isotopic analysis and SH fingerprinting for authenticating VOO

provenance

The systematic comparison of untargeted SH fingerprinting and targeted isotopic
profiling methods for verifying the origin of Italian VOO, revealed that SH
fingerprinting outperforms the isotopic method in sensitivity, specificity and
accuracy, thus establishing it as a more effective tool for the geographical

authentication of VOO.
2. Development of an untargeted metabolic method to verify VOO cultivar

Varietal authentication models developed using SH fingerprinting of VOO
obtained through HS-SPME-GC—MS and combined with PLS-DA effectively verified
olive cultivars beyond geographical, agronomic, and technological factors,
confirming SH fingerprinting as a reliable tool for accurate VOO provenance and

varietal authentication in a single analysis.

3. Development of a targeted isotopic method to verify hazelnut geographical origin

3a. The most promising isotopic markers for authenticating hazelnut geographical
origins were bulk 80, and 6°H and &8'3C of the main FAMEs, as they were
minimally affected by external factors like fertilisation and effectively discriminate

between distinct regions, with 8Sr/88Sr serving as a valuable confirmatory tool.

3b. The development of a multi-isotopic method, integrating the most
discriminant bulk and compound-specific isotopic ratios with chemometric
analysis, effectively authenticated hazelnuts from geographical areas with distinct
climatic conditions but not from those with similar climates, demonstrating that
this method is best suited to distinguish regions with clear pedoclimatic

differences.
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4.1

Development of an untargeted metabolic method to simultaneously verify

hazelnut cultivar and origin

4.1a The development of a method based on hazelnut UF and PLS-DA confirmed
that UF is a promising tool for both geographical and varietal authentication, with

fingerprinting outperforming untargeted profiling in data treatment.

4.1b A fingerprinting method combining HT-GC-MS with PLS-DA was developed to
analyse the TAG fraction of lipid samples, highlighting its superiority in detecting

subtle differences in TAG composition compared with other methods.

4.1c Authentication models based on UF fingerprinting, though labour-intensive,
achieved high sensitivity, specificity, and accuracy in distinguishing hazelnuts by
origin and cultivar, while TAG fingerprinting, though less efficient, provided a

faster and simpler alternative suitable for large-scale screening.

4.1d Integrating TAG fingerprinting for initial screening with UF fingerprinting for
verifying uncertain samples significantly enhanced analytical efficiency and
maintained high classification accuracy, proving to be a powerful and effective

tool for authenticating both the varietal and geographical origin of hazelnuts.

4.1e NIR emerged as the most suitable among the spectroscopic techniques
tested, offering rapid and straightforward analysis with high accuracy, specificity
and sensitivity, making it an ideal screening tool for authenticating hazelnuts

provenance and varietal origin in routine analysis.

4.2 Comparison of metabolic and isotopic methodologies for authenticating hazelnut

geographical and varietal origin

298

4.2a Despite the straightforward transferability of the isotopic method, its
discriminative capacity is limited by similarities in climate and geography among
regions, leading to less reliable and effective authentication than metabolic

untargeted methods.

4.2b Metabolic fingerprinting methods, particularly UF and NIR, demonstrated
superior performance, delivering the highest classification accuracy for

distinguishing both hazelnut cultivar and provenance.



Chapter 8. Conclusions

Conclusions regarding the enhancement of pine nut geographical and

varietal authenticity

5. Development of a targeted isotopic method to verify pine nut geographical origin
5a The analysis of 87Sr/25Sr isotopic ratio in pine nuts from various origins, species,
producers, and harvest years failed to differentiate Spanish P. pinea from Asian
pine nuts, underscoring that a single isotopic marker is insufficient to address the

complex challenge of verifying the geographical origin of an agrifood product.

5b The exploratory analysis of Sr and Rb content effectively differentiated
between Asian and Mediterranean pine nuts, with partial distinction between the
two Spanish regions studied, indicating that these markers are promising tools for

pine nut geographical authentication.

6. Development of an untargeted metabolic method to verify pine nut species and
origin
A method using volatile and semi-volatile terpene fingerprinting obtained by HS-
SPME-GC-MS was successfully developed, enabling robust PLS-DA models that
effectively distinguished Spanish P. pinea from Asian pine nuts, and differentiated
between P. pinea from two Spanish regions, proving to be a direct, rapid, and

efficient tool for pine nut geographical and botanical authentication.

As a general conclusion, the integration of suitable authenticity markers with cutting-

edge analytical approaches, high-throughput instrumental technigues and

chemometric tools has led to the development of robust, reliable, and efficient

authentication methods that will contribute to enhancing the geographical and

varietal authenticity of VOO, hazelnuts, and pine nuts.
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Chapter 10. Annexes

Annex 1. Supplementary material of Publication 2

Table S1. Sample information, composition of the training and validation (test) sets, and test

samples misclassified by each isotopic and SH fingerprinting PLS-DA model. Due to its big size a

part of the table is shown as a way of example.

Training and validation (test) sets

Primary ID Country of origin Year ITA Region ITA1 ITA2 ITA3 REG1 REG2 REG3
Sample 1 ESP 2018/19 No_ITA Notinformed training training  training

Sample 53 GRC 2018/19 No_ITA Notinformed training training test?

Sample 96 ITA 2018/19 ITA Apulia training test1:2 training training test training
Sample 336 POR 2018/19 No_ITA  Notinformed test training  training

Sample 370 TUN 2019/20 No_ITA  Notinformed test? training  training

Sample 378 TUR 2016/17 No_ITA Notinformed training training test

testl: samples misclassified by isotopic models; test?: samples misclassified by SH fingerprinting models; test?2:
samples misclassified by both isotopic and SH fingerprinting models.

Table S2. Thresholds of the PLSDA models (3 training sets per each type of model) for each
class optimized with ROC curves. Thresholds of the PLSDA models build with a) isotopic data; b)

sesquiterpene fingerprinting data.

a) Isotopic data

Set ITA/non-ITA CAL SIC APU
Set1l 0.364 0.270 0.295 0.310
Set 2 0.340 0.289 0.468 0.428
Set3 0.356 0.489 0.396 0.285
Mean 0.353 0.349 0.386 0.341
SD 0.012 0.121 0.087 0.076

ITA: Italy; non-ITA: the other countries of origin. CAL: Calabria; SIC: Sicily; APU: Apulia.

b) Sesquiterpene fingerprinting data

Set ITA/non-ITA CAL SIC APU
Set1l 0.487 0.478 0.309 0.625
Set 2 0.422 0.482 0.334 0.600
Set3 0.418 0.457 0.373 0.648
Mean 0.442 0.472 0.339 0.624
SD 0.038 0.013 0.032 0.024

ITA: Italy; non-ITA: the other countries of origin. CAL: Calabria; SIC: Sicily; APU: Apulia.
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Table S3. Median, interquartile range (Q1 - Q3), maximum and minimum values (max - min),

and non-parametric independent samples median test p-values to assess the differences in

isotopic ratios across a) ITA/non-ITA; b) countries of origin; c) regions of origin.

a) ITA/non-ITA

ITA (n= 242) non-ITA (n=151)
Median o o Median o .

(%) Q1- Q3 (%o) max - min (%o) (%) Q- Q3 (%o) max - min (%o)
6BC (%o) -29.7° -30.1-(-29.1) -28.2-(-31.6) -29.68  -29.9—(-29.1) -27.54-(-30.73)
6°H (%0) -144.0° -148.8-(-140.0) -126.7—(-170.2) -143.2® -147.7-(-137.6) -118.4—(-157.6)
580 (%o) 24.0° 23.3-25.1 31.0-21.0 25.8° 24.9-27.1 32.5-22.9

p-value
83C (%)  0.411°
&6%H (%)  0.649'
580 (%o0) <0.001%1
b) Countries of origin
ITA (n= 242) ESP (n=51)
Median Q1- Q3 (%o) max - min (%o) Median Q- Q3 (%o) max - min (%o)

(%o) (%o)
8BC (%) -29.7°  -30.1-(-29.1) -28.2 —(-31.6) -29.7° -29.9 — (-29.3) -28.0 - (-30.7)
&%H (%o) -144.0¢ -148.8—(-140.0) -126.7—(-170.2) -145.8%¢ -148.4-(140.8) -118.4-(-157.6)
580 (%o)  24.0¢ 23.3-25.1 31.0-21.0 26.3° 24.2-27.0 30.7-22.9

GRC (n=39) POR (n=23)
Median Qi - Q3 (%eo) max - min (%o) Median Q1 - Qs (%o) max - min (%o)

(%o) (%o)
6BC (%o) -29.2°  -29.7—(-28.8) -27.5—-(-30.6)  -29.9°®  -30.0-(-29.2) -28.48 —(-30.41)
&6°H (%) -147.2¢ -149.5-(-145.0) -130.8—(-155.1) -132.8° -134.2-(-128.7) -126.5-(-152.6)
580 (%o)  25.1° 24.6-25.5 27.8-23.8 29.5° 28.9-30.5 32.5-25.9

TUN (n=17) TUR (n=21)
Median Q1- Q3 (%o) max - min (%o) Median Q- Q3 (%o) max - min (%o)

(%o) (%)
6C (%o) -30.1°  -30.4—(-29.8)  -29.2—(-30.5) -29.2° -29.7-(-28.5)  -28.17-(-30.5)
8%H (%) -142.5¢ -143.3-(-141.4) -136.1-(-145.6) -137.6°® -144.6-(-131-2) -126.4—(-149.2)
580 (%o)  25.6° 25.3-26.4 27.1-23.4 26.0° 25.3-26.7 27.8-23.7

p-value
683C (%o0) <0.001™1
6%H (%0) <0.001™
580 (%o0) <0.001"!
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c) Regions of origin

CAL (n= 58) SIC (n= 40)

Median o S Median
(%) Qi - Q3 (%o) max - min (%o) (%)

5C (%) -29.5°  -29.9-(-29.0) -28.5-(-30.9) -28.9°  -29.1—(-28.9)  -28.4—(-30.0)
8%H (%o) -141.8° -145.0—(135.8) -127.3—(-149.2) -146.5° -150.8—(-143.7) -135.8—(-156.7)

Q1 - Q3 (%o) max - min (%o)

580 (%o0) 24.5%° 23.5-25.9 27.6-22.0 25.1° 24.4-25.7 26.4-23.6
APU (n=73)
Mg/dl;an Qi - Q3 (%o) max - min (%o) p-value

&83C (%) -29.9° -30.2-(-29.5) -28.2-(-30.7) <0.001"*
&6%H (%0) -142.0° -146.4-(-139.0) -128.4-(-156.4) <0.001"*
50 (%o)  23.7° 23.0-24.8 28.7-21.9 <0.001"?

* p-value < 0.05 means are significantly different. ! p-value obtained from independent samples median test.
Differences between regions were noted in the same row as a > b > c > d > e. ITA: Italy; non-ITA: other countries of
origin. ESP: Spain; GRC: Greece; POR: Portugal; TUN: Tunisia; TUR: Turkey; CAL: Calabria; SIC: Sicily; APU: Apulia.

Table S4. Results of the leave-10%-out cross-validation of the PLS-DA training models
developed on the a) isotopic data; b) sesquiterpene fingerprinting data, to discriminate
samples in Italy/non-Italy. Results are mean values (t+ standard deviation) obtained from three

iterations.

a) Isotopic data

n  non-ITA (n) ITA (n) Correct classification (%)  Sensitivity Specificity

non-ITA 119 96 1.7 23+1.7 80.7+1.5 0.81+0.02
ITA 194 56.7+3.2 137.3+3.2 70.8+1.7 0.71+£0.02
Total 313 745+1.0

Model parameters: mean values obtained with the training sets from 3 iterations. 2 LVs, Q2 = 0.299, RMSEcv =
0.406. For all models, ANOVA p-value < 0.05. ITA: Italy; non-ITA: the other countries of origin.

b) Sesquiterpene fingerprinting data

n non-ITA (n) ITA (n) Correct classification (%)  Sensitivity Specificity

non-ITA 119 118706 0.3+0.6 99.7+0.5 1.00+0.01
ITA 194 0.0+0.0 194.0+0.0 100.0+£0.0 1.00 £ 0.00
Total 313 99.9+0.2

Model parameters: mean values obtained with the training sets from 3 iterations. 8-9 LVs, Q2 = 0.721, RMSEcv =
0.228. For all models, ANOVA p-value < 0.05. ITA: Italy; non-ITA: the other countries of origin.
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Table S5. Results of the leave-10%-out cross-validation of the PLS-DA training models
developed on the a) isotopic data; b) sesquiterpene fingerprinting data, to discriminate
samples in three Italian regions or origin (Calabria, Sicilia and Apulia). Results are mean values

(* standard deviation) obtained from three iterations.

a) Isotopic data

n CAL (n) SIC (n) APU (n) Not assigned (n)  Correct classification (%)
Apulia 58 6.3+3.1 6+3.6 45+3.0 0.7+1.2 77.6+5.2
Calabria 46 16.3+35 47+21 24+2.6 1.0+1.0 355+7.6
Sicily 32 23+12 273+12 23+12 0.0+0.0 85.4+3.6
Total 136 65.2+4.9

Model parameters: mean values obtained with the training sets from 3 iterations. 2-3 LVs, Q2 = 0.225, RMSEcv =
0.460. For all models, ANOVA p-value < 0.05.

b) sesquiterpene fingerprinting data

n CAL (n) SIC (n) APU (n) Not assigned (n)  Correct classification (%)
Apulia 58 0.0+0.0 0.0+£0.0 58.0+0.0 0.0+£0.0 100.0+0.0
Calabria 46 46.0+t0.0 0.0x0.0 0.0+0.0 0.0+0.0 100.0+0.0
Sicily 32 0.0+£0.0 32.0+x0.0 0.0%0.0 0.0+0.0 100.0+0.0
Total 136 0.0+£0.0 100.0+0.0

Model parameters: mean values obtained with the training sets from 3 iterations. 13-14 LVs, Q2 = 0.627, RMSEcv =
0.292. For all models, ANOVA p-value < 0.05.

Table S6. Average temperature and rainfall during 2016-2019 across the 6 countries involved in
the study.

Average temperature (°C)

2016 2017 2018 2019 Mean sd
ESP 14.42 14.68 14.29 14.48 14.47 0.16
GRC 14.84 14.51 15.20 15.16 14.93 0.32
ITA 13.58 13.46 14.10 13.94 13.77 0.30
POR 16.12 16.52 15.82 16.13 16.15 0.29
TUN 21.05 20.71 20.71 20.72 20.80 0.17
TUR 12.08 11.90 13.11 12.46 12.39 0.54

Precipitation (mm)

2016 2017 2018 2019 Mean sd
ESP 653.70 475.55 788.38 575.70 623.33 132
GRC 675.78 696.50 730.94 799.71 725.73 54
ITA 780.69 673.37 743.45 894.17 772.92 92
POR 984.55 598.82 995.66 699.88 819.73 201
TUN 252.83 268.55 286.35 319.82 281.89 29
TUR 649.54 536.78 700.11 602.38 622.20 70

Source: https://climateknowledgeportal.worldbank.org/country
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Annex 2. Supplementary material of Publication 3

Table S1. Virgin olive oil samples set (n=404) according to their cultivar, harvest year, country,

geographical region and commercial class. Due to its big size a part of the table is shown as a

way of example.

Samples . Harvest . Commercial

Cultivar Country Region

(n) Year class

4 Arauco 2016-2017 Argentina Mendoza EVOO

61 Arbequina 2016-2017 Spain Catalonia EVOO

10 Argudell 2017-2018 Spain Catalonia

5 Empeltre 2017-2018 Spain Catalonia EVOO
Frantoio 2016-2017 Argentina Mendoza EVOO

4 Hojiblanca 2017-2018 Spain Andalousia EVOO

10 Moroccan Picholine 2017-2018  Morocco Fes-Meknes EVOO

4 Coupage 2017-2018 Spain Catalonia VOO

EVOO: Extra virgin olive oil commercial class; VOO: Virgin olive oil commercial class.

Table S2. Full sample set, training set and validation set analysed for the ‘Arbequina’ vs non-

‘Arbequina’ models.

Full set Training set Validation set
‘Arbequina’
Argentina 4 3 1
Chile 1 1 0
Italy 1 1 0
Morocco 9 7 2
Portugal 3 2 1
Spain 160 128 32
Other
Argentina 37 30 7
Chile 1 1 0
Italy 35 28 7
Morocco 29 23 6
Portugal 13 10 3
Spain 111 89 22
Total samples
‘Arbequina’ 178 142 36
non-‘Arbequina’ 226 181 45
Total samples 404 323 81
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Annex 3. Supplementary material of Publication 4

Table S1. Lyophilization results for the same hazelnut sample grinded by two methods and
lyophilised in triplicate: cryogenic mill © (n=3) and domestic grinder (G) (n=3). Samples
subjected to grinding and subsequent cryogenic milling (G+C) did not reach constant weight

within 127h of lyophilisation (data not reported).

Ws? (g) Water loss® (g)  Water (%)  Time® (h)

c-1 5.01 0.141 2.8¢ 127
c-2 4.10 0.129 3.2 127
c-3 5.09 0.160 3.1 127
G-1 5.10 0.163 3.2 72
G-2 4.99 0.158 3.2 72
G-3 5.09 0.157 3.1 72

a: sample weight; b: water loss after lyophilisation, calculated at constant sample weight; ¢ lyophilisation time
necessary to reach constant sample weight; 9: complete lyophilization was not achieved within 127h.
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Annex 4. Supplementary material of Publication 5

Table S1. Sample information and composition of the seven training (train) and validation (test)

sets. Due to its big size a part of the table is shown as a way of example.

Training and validation sets

Primary ID Harvest year Country of origin Cultivar 1 2 3 4 5 6 7

Isotopes Sample 1 2019 Spain Tonda di Giffoni train  train  train  train  train  train  train
Isotopes Sample 2 2019 Spain Tonda di Giffoni train  train  train  test train train train
Isotopes Sample 3 2019 Spain Tonda di Giffoni train  train  train  train  train  train  test
Isotopes Sample 4 2019 Spain Tonda di Giffoni train  test train test test train train
Isotopes Sample 5 2019 Spain Tonda di Giffoni train test train train train train  test
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Table S2. Mean * standard deviation, and statistical tests (Normality test of Shapiro-Wilk,
Independent-samples t-test , one-way analysis of variance (ANOVA), U Mann Whitney and
Kruskal-Wallis) p-values to assess the interannual variability of the isotopic ratios for each

geographical region.

Mean + standard deviation (%o) p-value
Variables Year CHL ESP GEO ITA CHL ESP GEO ITA
6180 2019| 24.1+£0.7 23.7+0.7 - 24.6 £0.6 <0.001*1 <0.001*4 - 0.003*2
2020 23.3+0.5 24.1+0.6 - 253+0.8 <0.001*! <0.001*4 - 0.003*2
2021 - 23.7+0.5 20.0+04 244%0.5 - <0.001*4 0.038*1 0.003*2
2022 - 229+0.7 19.7+05 - - <0.001*4 0.038*! -
83C aimitic 2019 -29.9+0.7 -29.7+04 - -30.2+0.3 0.4431 0.0712 - <0.001*?
2020 -30.0+0.6 -30.1+0.7 - -29.3+0.6 0.4431 0.0712 - <0.001*2
2021 - -29.9+04 -30.7+0.5 -30.1+0.6 - 0.0712 <0.001*! <0.001*?
2022 - -29.8+0.4 -32.8+0.6 - - 0.0712 <0.001*1 -
683 Coenric 2019 -30.8+1.4 -31.1%1.1 - -31.7+13 0.319* <0.001*4 - 0.2292
2020 -31.2+1.0 -30.8*1.0 - -30.9+0.5 0.319* <0.001*4 - 0.2292
2021 - -31.1+1.2 -326%13 -314*16 - <0.001*4 0.277* 0.2292
2022 - -30.0+0.4 -33.0+0.7 - - <0.001*4 0.277* -
6%3Coeic 2019(-28.2+0.6 -28.2+0.4 - -28.5%+0.5 0.214! 0.182? - 0.007*4
2020 -285+0.6 -285+0.7 - -27.8+0.7 0.2141 0.1822 - 0.007*4
2021 - -28.4+0.5 -29.1+0.4 -28.5%0.5 - 0.1822 <0.001*3 0.007*4
2022 - -28.5+0.4 -31.5%0.6 - - 0.1822 <0.001*3 -
813Cingeic 2019 -30.4+0.7 -30.1%0.5 - -30.7+£1.0 0.263* 0.003*2 - 0.0612
2020 -30.6+0.6 -30.6+0.8 - -30.0+£0.8 0.263* 0.003*? - 0.0612
2021 - -30.6£0.8 -31.2+0.5 -30.8+0.7 - 0.003*? <0.001*! 0.0612
2022 - -30.8+0.5 -34.1+0.7 - - 0.003*? <0.001*! -
Mean + standard deviation (%o) p-value
Variables Year CHL ESP GEO ITA CHL ESP GEO ITA
8%Hpaimitic 2019 |-177.8+7.6 -162.7+7.2 - -162.5+8.2 0.248* <0.001*4 - 0.019*2
2020(-180.3 5.7 -159.1+7.7 - -165.4+7.5 0.248* <0.001*4 - 0.019*?
2021 - -158.8+4.3 -182.6+7.3 -171.5+6.7 - <0.001*4 <0.001*! 0.019*?
2022 - -171.8+£5.6 -190.6 +3.4 - - <0.001*4 <0.001*1 -
62Hoeic 2019 |-189.5+5.6 -173.2+6.3 - -176.8 £ 6.6 0.024*1 <0.001*4 - 0.023*2
2020(-193.2+4.4 -173.4+4.8 - -177.6 £6.7 0.024*1 <0.001*4 - 0.023*2
2021 - -172.8 3.8 -196.0 £ 6.4 -183.7+5.6 - <0.001*4 0.066* 0.023*2
2022 - -179.9+3.0 -199.0£3.3 - - <0.001*4 0.066* -
62H inoleic 2019 |-214.5+6.7 -200.3 £5.8 - -198.1+8.2 0.376* <0.001*4 - 0.151?
2020(-216.1+4.9 -196.7+4.3 - -200.0+8.1 0.376! <0.001*4 - 0.151?
2021 - -196.4+7.6 -219.5+6.0 -204.1 +6.0 - <0.001*4 0.9411 0.1512
2022 - -204.7 £5.2 -219.4+4.0 - - <0.001*4 0.9411 -

CHL: Chile; ESP: Spain; GEO: Georgia; ITA: Italy. * p-value < 0.05 means are significantly different. ! p-value obtained from independent samples t-test.
2 p-value obtained from one-way analysis of variance (ANOVA). 3 p-value obtained from U Mann Whitney test. 4 p-value obtained from Kruskal-Wallis

test.
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Table S3. Results of the leave-10%-out cross-validation of the PLS-DA training models
developed on the 8§80, and 62H, 6*3C of the main FAMEs data to discriminate samples in three
regions of origin. Results are mean values (+ standard deviation) obtained from seven

iterations.

n CHL (n) ESP (n) GEO (n) ITA (n) Not assigned  Correct classification

(n) (%)
CHL 32 211+16 1305 00+00 0.0+0.0 9.6+1.6 66.1+4.9
ESP 73 03+05 634+17 00x00 0.0+0.0 9.3+1.6 86.9+2.4
GEO 32 00+00 0.0+x0.0 320+0.0 0.0+0.0 0.0+0.0 100.0+0.0
ITA 29 21+11 126+1.0 00+0.0 5728 8.6+1.38 19.7+9.7
Total 166 73.7+2.4

N = 166, 5 LVs, Q2 = 0.495, RMSEcv = 0.353. For all models, ANOVA p-value < 0.05. CHL: Chile; ESP: Spain; GEO:
Georgia; ITA: Italy.

Table S4. Thresholds of the PLSDA models (7 training sets) for each class optimized with ROC

curves.

Set CHL ESP+ITA GEO
Set1l 0.323 0.555 0.534
Set 2 0.385 0.520 0.524
Set3 0.365 0.541 0.542
Set 4 0.382 0.567 0.516
Set 5 0.379 0.525 0.546
Set 6 0.353 0.518 0.544
Set7 0.350 0.501 0.512
Mean 0.362 0.532 0.531
SD 0.020 0.021 0.013

Table S5. Results of the leave-10%-out cross-validation of the PLS-DA training models
developed on the 60, and §%H, 6*3C of the main FAMEs data to discriminate samples in three

regions of origin. Results are mean values (+ standard deviation) obtained from seven

iterations.
Not assigned I
n CHL (n) ESP + ITA (n) GEO (n) (n) Correct classification (%)
CHL 32 28.0%1.2 34+13 0.0+£0.0 0.6 £0.5 87.5+3.6
ESP+ITA 102 13zx1.4 99.1+1.6 0.0+£0.0 16+1.4 97.2+1.5
GEO 32 0.0+0.0 0.0+0.0 32.0+0.0 0.0+0.0 100.0+0.0
Total 166 95.9+0.9

N = 166, 6 LVs, Q2 = 0.648, RMSEcv = 0.296. For all models, ANOVA p-value < 0.05. CHL: Chile; ESP: Spain; GEO:
Georgia; ITA: Italy.
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Table S6. Misclassified and not assigned samples information of each test set.

Set Misclassified samples Harvest year Country of origin
Set1 AV 86 2020 2020 Italy
AV 58 2019 2019 Chile
Set 2 AV 69 2020 2020 Chile
AV 81 2021 2021 Italy
Set 3 AV 65 2019 2019 Chile
AV 86 2021 2021 Italy
AV 56 2019 2019 Chile
Set 4 AV 68 2019 2019 Chile
AV 61 2020 2020 Chile
AV 76 2021 2021 Italy
AV 60 2019 2019 Chile
AV 70 2020 2020 Chile
Set5 AV 46 2019 2019 Spain
AV 75 2020 2020 Italy
AV 34 2022 2022 Spain
Set 6 - - -
AV 56 2019 2019 Chile
Set7 AV 70 2020 2020 Chile
AV 83 2020 2020 Italy
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Annex 5. Supplementary material of Publication 6

Table S1. Sample set data: sample name, genuine sample, type of adulterant, percentage of

adulteration and category of sample. Due to its big size a part of the table is shown as a way of

example.
N Sample name  Genuine Adulterant % Adulterant Category
1 AUT16_001 AUTO001 - 0 GENUINE
2 001_2F6 AUT001 SFO6 2 HL
3 001_5S5 AUTO001 SBO5 5 HL
4 001_505 AUTO001 HOSFO5 5 HO
5 001_10H5 AUTO001 HZ05 10 HO
6 AUT16_012 AUTO12 - 0 GENUINE

HL: High linoleic; HO: High oleic; HZO: Hazelnut oil; SFO: Sunflower oil; HOSFO: High oleic sunflower oil; SBO:
Soybean oil.

Table S2. The starting COW parameters applied in HPLC-RID and HT-GC-MS for data alignment
in Matlab are: The optim_space (1 x 4) [segment minimum, maximum and slack minimum,
maximum]. The options (1 x 4) [trigger plot and progress text, number of optimizations from
grid maxima, maximum number of optimization steps, fraction of maximal deviation from
centre in COW alignment]. The options [1 3 50 0.15] (plot; 3 starts from 3 maxima in grid

search; maximum 50 steps; 15%) were the same for all the alignments.

HT-GC-MS optim_space options
237 [570220] [13500.15]
239 [5902 20] [13500.15]
260 [5902 20] [13500.15]
262 [570220] [13500.15]
264 [5902 20] [13500.15]
265 [5902 20] [13500.15]
311 [5902 20] [13500.15]
313 [5902 20] [13500.15]
335 [51102 20] [13500.15]
337 [51102 20] [13500.15]
339 [570220] [13500.15]

HPLC-RID [590220] [13500.15]
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Table S3. External validation results of PLS-DA models obtained by a) FIA-HESI-HRMS, b) HTGC—
MS, c) HPLC-RID.

a) FIA-HESI-HRMS

FIA-HESI-HRMS

SET1 n Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 6 3 3 50 0.5
Adulterant 23 0 23 100 1

HL 12 0 12 100 1

HO 11 0 11 100 1

SET2 n Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 6 4 2 66.67 0.67
Adulterant 23 4 19 82.61 0.83

HL 12 2 10 83.33 0.83

HO 11 2 9 81.82 0.82

SET3 n Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 6 3 3 50 0.5
Adulterant 23 1 22 95.65 0.96

HL 12 1 11 91.67 0.92

HO 11 0 11 100 1

SET4 n Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 6 3 3 50 0.5
Adulterant 23 5 18 78.26 0.78

HL 12 1 11 91.67 0.92

HO 11 4 7 63.64 0.64

SET5 n Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 6 2 4 33.33 0.33
Adulterant 23 2 21 91.3 0.91

HL 12 1 11 91.67 0.92

HO 11 1 10 90.91 0.91

SET6 n Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 6 4 2 66.67 0.67
Adulterant 23 3 20 86.96 0.87

HL 12 2 10 83.33 0.83

HO 11 1 10 90.91 0.91

SET7 n Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 6 2 4 33.33 0.33
Adulterant 23 2 21 91.3 0.91

HL 12 1 11 91.67 0.92

HO 11 1 10 90.91 0.91
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b) HTGC-MS

HTGC-MS

SET1 Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 5 1 83.33 0.83
Adulterant 23 2 21 91.3 0.91

HL 12 0 12 100 1

HO 11 2 9 81.82 0.82

SET2 Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 6 0 100 1
Adulterant 23 1 22 95.65 0.96

HL 12 0 12 100 1

HO 11 1 10 90.91 0.91

SET3 Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 4 2 66.67 0.67
Adulterant 23 2 21 91.3 0.91

HL 12 0 12 100 1

HO 11 2 9 81.82 0.82

SET4 Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 4 2 66.67 0.67
Adulterant 23 1 22 95.65 0.96

HL 12 0 12 100 1

HO 11 1 10 90.91 0.91

SET5 Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 4 2 66.67 0.67
Adulterant 23 1 22 95.65 0.96

HL 12 0 12 100 1

HO 11 1 10 90.91 0.91

SET6 Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 4 2 66.67 0.67
Adulterant 23 1 22 95.65 0.96

HL 12 0 12 100 1

HO 11 1 10 90.91 0.91

SET7 Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 5 1 83.33 0.83
Adulterant 23 2 21 91.3 0.91

HL 12 1 11 91.67 0.92

HO 11 1 10 90.91 0.91
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c) HPLC-RID

HPLC-RID

SET1 Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 4 2 66.67 0.67
Adulterant 23 2 21 91.30 0.91

HL 12 0 12 100.00 1

HO 11 2 9 81.82 0.82

SET2 Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 4 2 66.67 0.67
Adulterant 23 2 21 91.30 0.91

HL 12 1 11 91.67 0.92

HO 11 1 10 90.91 0.91

SET3 Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 3 3 50.00 0.5
Adulterant 23 2 21 91.30 0.91

HL 12 0 12 100.00 1

HO 11 2 9 81.82 0.82

SET4 Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 4 2 66.67 0.67
Adulterant 23 2 21 91.30 0.91

HL 12 0 12 100.00 1

HO 11 2 9 81.82 0.82

SET5 Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 6 3 3 50.00

Adulterant 23 23 4 19 82.61 0.83
HL 12 12 1 11 91.67 0.92
HO 11 11 3 8 72.73 0.73
SET6 Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 6 4 2 66.67

Adulterant 23 23 3 20 86.96 0.87
HL 12 12 0 12 100.00 1

HO 11 11 3 8 72.73 0.73
SET7 Genuine Adulterant Correct classification (%) Sensitivity Specificity
Genuine 6 3 3 50.00

Adulterant 23 23 2 21 91.30 0.91
HL 12 12 1 11 91.67 0.92
HO 11 11 1 10 90.91 0.91

HL: High linoleic; HO: High oleic.
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Fig. S1. Observed vs. predicted values of global calibration sets with a classification threshold
of 0.5: a) fingerprinting cultivar model: "Tonda di Giffoni (TG) vs. other cultivars (non-TG)"; b)
fingerprinting European model: "European (EU) vs. non-European (non-EU)"; c) fingerprinting
Spain-Italy model: "Spain (SPA) vs. Italy (ITA)"; d) untargeted profiling cultivar model: "Tonda di
Giffoni (TG) vs. other cultivars (non-TG)"; e) untargeted profiling European model: "European
(EU) vs. non-European (non-EU)"; f) untargeted profiling Spain-Italy model: "Spain (SPA) vs.
Italy (ITA)".

Table S1. Sample information: sample ID (Primary ID), harvest year (Year), country of origin

(Country) and hazelnut cultivar (Cultivar). Due to its big size a part of the table is shown as a

way of example.

Primary ID Year Country Cultivar
AV_43 2019 Spain Tonda di Giffoni
AV_7 2019 Spain Castanyera
AV_12 2019 Spain Gironell
AV_2 2019 Spain Negret
AV_79 2019 Italy Tonda di Giffoni
AV_66 2019 Chile Tonda di Giffoni
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Table S2. Peak areas table of the untargeted profiling approach using PARADISe: Compound ID,
Interval ID, Model order (number of optimal components of each PARAFAC2 model),
Component number (component from the PARAFAC2 model that correspond to a chemical

compound), estimated retention time (min) of each peak. Due to its big size a part of the table

is shown as a way of example.

ICDO mpound | i erval ID '\gf ddei' cOan &Ob”;”t ESTt”:st(i:fr']‘)’" AV_43 AV_7 AV_35

1 1 2 2 14.96551667  57065.42 35530.64 48933.72
2 1 2 1 1497588333 1491436 898377.9 1500205
3 2 4 1 15.04333333  69209.73 54299.31 74104.91
4 3 3 1 1537021667  344210.6 255338.9 351617.7
5 4 3 2 15.44286667 0 6506.022 7489.115

Table S3. Intervals information of the untargeted profiling approach using PARADISe: interval
ID, number of components of each PARAFAC2 model for every interval (Model Order), number
of components of each PARAFAC2 model that correspond to actual chemical species (Chemical
Components), initial and final retention times of each interval (Start and End RT). Due to its big

size a part of the table is shown as a way of example.

Interval ID Model Order Chemical Components Start RT (min) End RT (min)
1 2 2 14.93438333 15.01221667
2 4 1 15.0174 15.07446667
3 3 1 15.3391 15.40135
4 3 2 15.39616667 15.44286667
5 4 2 15.43768333 15.5155

Table S4. Model parameters obtained with the training sets from 7 iterations. TG: ‘Tonda di
Giffoni’; non-TG: other cultivars; EU: European (Spanish and Italian); non-EU: non-European

(Chilean); ESP: Spanish hazelnuts; ITA: Italian hazelnuts.

FINGERPRINTING TG/non-TG LV RY? Q? Q? permutation RMSEcv
7 0.906 0.674 -0.21 0.28775
2 7 0.895 0.729 -0.289 0.25274
3 7 0.884 0.593 -0.17 0.33305
4 7 0.906 0.57 -0.208 0.27045
5 7 0.883 0.662 -0.176 0.27152
6 7 0.895 0.61 -0.179 0.32273
7 7 0.887 0.651 -0.223 0.36844
mean 7.0 0.89 0.641 -0.21 0.30
standard deviation 0.0 0.01 0.05 0.04 0.04
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PARADISe TG/non-TG Lv RY? Q? Q? permutation RMSEcv
1 7 0.889 0.402 -0.688 0.35072
2 7 0.886 0.427 -0.597 0.32155
3 5 0.806 0.405 -0.445 0.37438
4 6 0.839 0.454 -0.464 0.342
5 7 0.887 0.306 -0.628 0.37952
6 5 0.821 0.482 -0.36 0.35183
7 7 0.879 0.35 -0.755 0.36762
mean 6.3 0.86 0.404 -0.56 0.36
standard deviation 1.0 0.04 0.06 0.14 0.02
FINGERPRINTING EU/non-EU RY2 Q? Q? permutation RMSEcv
1 7 0.915 0.731 -0.302 0.25657
2 6 0.89 0.693 -0.271 0.2816
3 7 0.913 0.722 -0.268 0.2478
4 7 0.923 0.734 -0.225 0.25605
5 7 0.931 0.73 -0.317 0.31507
6 7 0.914 0.718 -0.287 0.26705
7 6 0.891 0.687 -0.155 0.37815
mean 6.7 0.91 0.716 -0.26 0.29
standard deviation 0.5 0.02 0.02 0.06 0.05
PARADISe EU/non-EU RY? Q? Q? permutation RMSEcv
1 4 0.743 0.568 -0.293 0.30439
2 5 0.847 0.531 -0.365 0.31103
3 6 0.874 0.62 -0.57 0.26892
4 6 0.864 0.617 -0.528 0.26808
5 6 0.881 0.64 -0.538 0.25679
6 5 0.826 0.638 -0.393 0.28838
7 5 0.832 0.589 -0.395 0.30469
mean 5.3 0.84 0.600 -0.44 0.29
standard deviation 0.8 0.05 0.04 0.10 0.02
FINGERPRINTING Spanish/Italian RY? Q? Q? permutation RMSEcv
1 7 0.959 0.756 -0.33 0.20029
2 5 0.853 0.578 -0.2 0.34064
3 6 0.908 0.518 -0.153 0.32182
4 7 0.94 0.648 -0.22 0.24936
5 5 0.9 0.588 -0.0791 0.32918
6 3 0.735 0.559 -0.165 0.33397
7 5 0.88 0.689 -0.155 0.36187
mean 54 0.88 0.619 -0.19 0.31
standard deviation 1.4 0.07 0.08 0.08 0.06
PARADISe Spanish/Italian RY?2 Q? Q? permutation RMSEcv
1 5 0.911 0.726 -0.404 0.239
2 4 0.855 0.665 -0.325 0.31245
3 5 0.886 0.655 -0.445 0.29926
4 4 0.857 0.691 -0.368 0.25699
5 6 0.931 0.533 -0.617 0.32702
6 4 0.866 0.703 -0.329 0.26037
7 5 0.916 0.683 -0.425 0.26103
mean 4.7 0.89 0.665 -0.42 0.28
standard deviation 0.8 0.03 0.06 0.10 0.03
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Annex 7. Supplementary material of Publication 8

Table S1. Sample information and composition of the seven training and validation sets (trainl
and train12 are used to build the cultivar training models which are validated with the testl
and test12 samples; train2 and train12 are used to build the origin training models which are

validated with the test2 and test12 samples). Due to its big size a part of the table is shown as a

way of example.

Training and validation sets

Sample ID Harvest year Country of origin  Cultivar 1 2 3 4 5 6 7

Sample 1 2019 Spain non-TG1 trainl trainl trainl trainl trainl trainl testl
Sample 2 2019 Spain non-TG1 trainl trainl trainl trainl testl testl trainl
Sample 3 2019 Spain non-TG1 trainl trainl trainl trainl trainl trainl trainl
Sample 4 2019 Spain non-TG1 trainl testl trainl trainl testl trainl trainl
Sample 5 2019 Spain non-TG1 trainl trainl testl trainl trainl trainl testl

Table S2. PLS-DA cultivar models developed on each training and validation set (7 iterations) of

unsaponifiable fraction (UF) and triacylglycerol (TAG) fingerprinting data.

Cultivar model: TG/non-TG

Unsaponifiable fraction fingerprinting

External

Validation
ANOVAcv % Correct % Correct
residuals classification classification

Calibration and cross-validation

LV R2X(%)° R2Y(%) Q2 RMSEcv

Iteration1 8 73.5 94.3 0.796 0.224 <0.05 100 94.9
Iteration2 8 73.9 94.4 0.818 0.223 <0.05 100 97.4
Iteration3 8 72.9 94.2 0.843 0.201 <0.05 100 94.9
Iteration4 8 73.1 94.0 0.811 0.205 <0.05 100 100
Iteration5 8 74.1 94.2 0.824 0.208 <0.05 100 87.2
Iteration6 8 72.0 94.3 0.803 0.221 <0.05 100 92.3
Iteration7 8 73.5 94.7 0.834 0.202 <0.05 100 92.3
Average?® 8 73.3 94.3 0.82 0.21 <0.05 100.0£ 0.0 94.1+4.1
TAG fingerprinting
External

Calibration and cross-validation . 1es
Validation

ANOVAcv % Correct % Correct

o/\b o/\c 2
LV R2X(%)"  R2Y(%) Q RMSEcv residuals classification classification

Iterationl 10  99.6 90.6 0.445 0.370 <0.05 100 82.1
Iteration2 10  99.6 90.1 0.354 0.390 <0.05 100 92.3
Iteration 3 9 99.6 89.7 0.549 0.335 <0.05 100 76.9
Iteration4 10  99.6 90.0 0.327 0.380 <0.05 100 82.1
Iteration 5 9 99.6 89.4 0.568 0.335 <0.05 100 82.1
Iteration6 9 99.6 86.3 0.346 0.4 <0.05 100 84.6
Iteration 7 9 99.6 86.9 0.447 0.375 <0.05 100 94.9
Average? 9 99.6 89.0 0.43 0.37 <0.05 100.0+0.0 85.0+6.4

a Average: mean values obtained with the training sets from 7 iterations. ® Fraction of X variation modelled by the
selected number of latent variables. ¢ Cumulative prediction fraction, according to cross-validation, of the variation
of Y by the selected number of latent variables. TG: ‘Tonda di Giffoni’; non-TG: other cultivars.
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Table S3. PLS-DA origin models developed on each training and validation set (7 iterations) of

unsaponifiable fraction (UF) and triacylglycerol (TAG) fingerprinting data.

Cultivar model: TG/non-TG

Unsaponifiable fraction fingerprinting

External

Validation
ANOVAcv % Correct % Correct
residuals classification classification

Calibration and cross-validation

LV R2X(%)° R2Y(%) Q2 RMSEcv

Iteration1 11 77.6 90.8 0.790 0.262 <0.05 100 95.1
Iteration2 12  77.9 92.6 0.792 0.261 <0.05 100 100.0
Iteration3 13 78.3 93.5 0.771 0.336 <0.05 100 95.1
Iteration4 12 77.3 92.7 0.785 0.286 <0.05 100 95.1
Iteration5 12  77.9 92.5 0.761 0.268 <0.05 100 100.0
Iteration6 13  78.1 93.6 0.766 0.256 <0.05 100 100.0
Iteration7 12  77.6 92.0 0.791 0.279 <0.05 100 95.1
Average?® 12 77.8 92.5 0.78 0.28 <0.05 100.0£ 0.0 97.2+2.6
TAG fingerprinting
External

Calibration and cross-validation s
Validation

ANOVAcv % Correct % Correct

o/\b o/ \C 2
LV R2X(%)"  R2Y(%) Q RMSEcv residuals classification classification

Iteration1 11 99.6 79.6 0.508 0.293 <0.05 98.8 65.9
Iteration2 11 99.6 78.3 0.348 0.343 <0.05 99.4 90.2
Iteration3 11 99.6 77.9 0.406 0.329 <0.05 99.4 82.9
Iteration4 12 99.6 80.1 0.425 0.325 <0.05 99.4 75.6
Iteration5 11 99.6 79.4 0.399 0.330 <0.05 100 90.2
Iteration6 12 99.6 81.1 0.430 0.317 <0.05 100 87.8
Iteration 7 12 99.6 80.3 0.361 0.340 <0.05 99.4 82.9
Average? 11 99.6 79.50 0.41 0.33 <0.05 99.5+0.4 82.2+8.9

a Average: mean values obtained with the training sets from 7 iterations. © Fraction of X variation modelled by the
selected number of latent variables. ¢ Cumulative prediction fraction, according to cross-validation, of the variation
of Y by the selected number of latent variables. CHL: Chile; ESP: Spain; GEO: Georgia; ITA: Italy.
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Table S4. Uncertainty ranges and optimal thresholds obtained from receiver operating

characteristic (ROC) curves for each method and subset.

Unsaponifiable fraction fingerprinting

Set Threshold  Cultivar CHL ESP GEO ITA Model
1 Optimal® 0.452 0.519 0.513 0.507 0.426 One analysis approach
2 Optimal® 0.465 0.458 0.399 0.462 0.585 One analysis approach
3 Optimal® 0.438 0.533 0.461 0.479 0.603 One analysis approach
4 Optimal® 0.439 0.492 0.458 0.434 0.529 One analysis approach
5 Optimal® 0.507 0.495 0.436 0.513 0.554 One analysis approach
6 Optimal® 0.396 0.522 0.423 0.495 0.533 One analysis approach
7 Optimal® 0.485 0.500 0.429 0.424 0.580 One analysis approach
Unsaponifiable fraction fingerprinting
Set Threshold  Cultivar CHL ESP GEO ITA Model

Optimal?® 0.489 0.496 0.566 0.454 0.430 One analysis approach

1 Lower 0.339 0.346 0.356° 0.304 0.343° Uncertainty range in

Upper 0.639 0.646 0.566°¢ 0.604 0.520¢ combined approach
Optimal?® 0.517 0.441 0.476 0.497 0.404 One analysis approach

2 Lower 0.367 0.291 0.326 0.347 0.311° Uncertainty range in

Upper 0.667 0.591 0.626 0.647 0.464°¢ combined approach
Optimal® 0.527 0.456 0.463 0.497 0.397 One analysis approach

3 Lower 0.377 0.306 0.343% 0.347 0.397° Uncertainty range in

Upper 0.677 0.606 0.554¢ 0.647 0.460°¢ combined approach
Optimal? 0.568 0.546 0.504 0.470 0.387 One analysis approach

4 Lower 0.418 0.396 0.504° 0.320 0.387° Uncertainty range in

Upper 0.718 0.696 0.647¢ 0.620 0.537¢ combined approach
Optimal® 0.463 0.499 0.509 0.410 0.410 One analysis approach

5 Lower 0.313 0.349 0.359 0.410° 0.410° Uncertainty range in

Upper 0.613 0.649 0.659 0.544¢ 0.567¢ combined approach
Optimal® 0.432 0.540 0.508 0.494 0.375 One analysis approach

6 Lower 0.282 0.390 0.358 0.344 0.375° Uncertainty range in

Upper 0.582 0.690 0.658 0.644 0.586°¢ combined approach
Optimal® 0.429 0.487 0.482 0.495 0.461 One analysis approach

7 Lower 0.279 0.337 0.332 0.345 0.326° Uncertainty range in

Upper 0.579 0.637 0.632 0.645 0.461°¢ combined approach

a Optimal thresholds obtained from the ROC curves maximizing the value of (sensitivity + specificity). © Lower
thresholds obtained from the ROC curves leading to maximum sensitivity. ¢ Higher thresholds obtained from the
ROC curves leading to maximum specificity. The upper and lower thresholds were set to + 0.15 of the optimal
thresholds (Quintanilla-Casas et al., 2020a). CHL: Chile; ESP: Spain; GEO: Georgia; ITA: Italy.
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Table S5. Leave 10% out cross validation of PLS-DA cultivar models developed on
unsaponifiable fraction (UF), triacylglycerol (TAG) fingerprinting data and the combined

approach. Results are mean values (+ standard deviation) obtained from seven iterations.

Cultivar model: TG/non-TG

Unsaponifiable fraction fingerprinting (LVs = 8, Q2 = 0.82, RMSEcv = 0.21)?

n non-TG (n) TG (n) Correct classification (%) Sensitivity Specificity

non-TG 81 81 0 100+ 0 1+0
TG 73 0 73 100+ 0 1+0
Total 154 100+ 0

TAG fingerprinting (LVs = 9-10, Q% = 0.43, RMSEcv = 0.37)?

n non-TG (n) TG (n) Correct classification (%) Sensitivity Specificity

non-TG 81 81 0 100+ 0 1+0
TG 73 0 73 100+ 0 1+0
Total 154 1000

Combined strategy (TAG + UF fingerprinting)

n non-TG (n) TG (n) Correct classification (%) Sensitivity Specificity

non-TG 81 81 0 100+0 1+0
TG 73 0 73 1000 1+0
Total 154 1000

For all models, ANOVA p-value < 0.05. 2 Model parameters: mean values obtained with the training sets from 7
iterations. TG: ‘Tonda di Giffoni’; non-TG: other cultivars

Table S6. Leave 10% out cross validation of PLS-DA origin models developed on unsaponifiable
fraction (UF), triacylglycerol (TAG) fingerprinting data, and the combined approach. Results are

mean values (+ standard deviation) obtained from seven iterations.

Geographical origin model: CHL/ESP/GEO/ITA

Unsaponifiable fraction fingerprinting (LVs = 11-13, Q% = 0.78, RMSEcv = 0.28)?

n CHL (n) ESP (n) GEO (n) ITA(n)  Not assigned Correct classification (%)

CHL 32 32 0 0 0 0 100.0+0.0
ESP 73 0 73 0 0 0 100.0+£0.0
GEO 32 0 0 32 0 0 100.0+0.0
ITA 29 0 0 0 29 0 100.0+0.0
Total 166 100.0+£0.0

TAG fingerprinting (LVs = 11-12, Q? = 0.41, RMSEcv = 0.33)?

n CHL (n) ESP (n) GEO (n) ITA (n) Not assigned Correct classification (%)

CHL 32 32 0 0 0 0 100.0+0.0
ESP 73 0 72.7+0.5 0 0 0.3+0.5 99.6 £0.7
GEO 32 0 0 32 0 0 100.0+0.0
ITA 29 0 0 0 28.4+0.5 0.4+0.5 98.0+1.8
Total 166 99.5+04
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Combined strategy (TAG +UF fingerprinting)

n CHL (n) ESP (n) GEO (n) ITA(n)  Notassigned Correct classification (%)

CHL 32 32 0 0 0 0 100.0+0.0
ESP 73 0 73 0 0 0 100.0+0.0
GEO 32 0 0 32 0 0 100.0+0.0
ITA 29 0 0 0 29 0 100.0+0.0
Total 166 100.0+0.0

For all models, ANOVA p-value < 0.05. 2 Model parameters: mean values obtained with the training sets from 7
iterations. CHL: Chile; ESP: Spain; GEO: Georgia; ITA: Italy.

b)

50

10C 200

Fig. S1. Score plots of the PLS-DA models developed using the UF fingerprinting data: a) cultivar
model plotting the first, second and third latent variables (LV1, R%Y= 14.3%; LV2, R?Y= 15.8%;
LV3, R?Y= 25.3%); b) origin model plotting the first, second and third latent variables (LV1, R%Y=
9.5%; LV2, R%Y= 7.9%; LV3, R?Y= 18.9%). TG: ‘Tonda di Giffoni’; non-TG: other cultivars; CHL:
Chile; ESP: Spain; GEO: Georgia; ITA: Italy.
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a)
TG
non-TG
b)
CHL
ESP
B Geo
Ly

Fig. S2. Score plots of the PLS-DA models developed using the TAG fingerprinting data: a)
cultivar model plotting the second, third and fourth latent variables (LV2, R%Y= 12.6%; LV3, R%Y=
25.0%; LV4, R%Y= 13.9%); b) origin model plotting the second, third and fifth latent variables
(Lv2, R%Y= 10.5%; LV3, R%Y= 10.5%; LV5, R¥Y= 11.4%). TG: ‘Tonda di Giffoni’; non-TG: other
cultivars; CHL: Chile; ESP: Spain; GEO: Georgia; ITA: Italy.
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Annex 8. Supplementary material of Publication 9

Table S1. Sample information and composition of the seven training and validation sets (trainl
and train12 are used to build the cultivar training models which are validated with the testl
and test12 samples; train2 and train12 are used to build the origin training models which are

validated with the test2 and test12 samples). Due to its big size a part of the table is shown as a

way of example.

Training and validation sets

Primary ID Harvest Year Country of Origin  Cultivar 1 2 3 4 5 6 7

Sample 1 2019 Spain non-TG1 trainl trainl trainl trainl trainl trainl testl
Sample 2 2019 Spain non-TG2 trainl trainl trainl trainl trainl trainl testl
Sample 3 2019 Spain non-TG2 trainl trainl trainl trainl testl trainl trainl
Sample 4 2019 Spain non-TG3 trainl trainl trainl testl trainl trainl trainl
Sample 5 2019 Spain non-TG3 trainl trainl testl trainl trainl trainl testl

Table S2. Leave 10% out cross validation of PLS-DA cultivar models developed on whole kernels
analysed by benchtop NIR (NIR) and handheld NIR (hNIR) spectrometers. Results are mean

values (+ standard deviation) obtained from seven iterations.

Whole kernel - Cultivar model: TG/non-TG

NIR spectrometer (LVs =9, Q% = 0.47, RMSEcv = 0.38)?

n non-TG (n) TG (n) Correct classification (%) Sensitivity  Specificity

non-TG 81 78+2 32 96.5+1.9 0.96 £ 0.02
TG 73 31 701 95.5+0.7 0.95+0.01
Total 154 96.0+1.1

hNIR spectrometer (LVs = 6, Q2 = 0.35, RMSEcv = 0.41)?

n non-TG (n) TG (n) Correct classification (%) Sensitivity ~ Specificity

non-TG 81 7213 9+3 88.4+4.1 0.88+0.04
TG 73 103 63+3 85.9+3.9 0.86 £0.04
Total 154 87.2+3.6

For all models, ANOVA p-value < 0.05. 2 Model parameters: mean values obtained with the training sets from 7
iterations. LVs: latent variables of the training model; Q2: Cumulative fraction of Y variation predicted by the X
training model up to the specified latent variable, according to cross-validation; RMSEcv: root mean square error of
the cross validation of the training model. TG: ‘“Tonda di Giffoni’; non-TG: other cultivars.

365



Chapter 10. Annexes

Table S3. Leave 10% out cross validation of PLS-DA origin models developed on whole kernels
analysed by benchtop NIR (NIR) and handheld NIR (hNIR) spectrometers. Results are mean

values (+ standard deviation) obtained from seven iterations.

Whole kernel - Geographical origin model: CHL/ESP/GEO/ITA
NIR spectrometer (LVs = 14, Q% = 0.27, RMSEcv = 0.36)°

n  CHL(n) ESP(n)  GEO(n)  ITA(n) Not assigned (n) dass;i:ﬁ;:\ %)
CHL 32 27.1+16 04+05 0000 0.0+0.0 44+1.4 84.8+4.9
ESP 73 0305 69.7+14 0.0+00 0.0+0.0 3.0+1.4 95.5+1.9
GEO 32 03+05 09+05 21.1+37 0.0£0.0 4.7 +3.7 78.3+13.6
ITA 29 00200 34+10 0.0+00 203%2.7 43+19 72.4+9.6
Total 166 16.4+7.8 86.4+5.3

hNIR spectrometer (LVs = 9, Q% = 0.23, RMSEcv = 0.36)?
. Correct

n CHL (n) ESP (n) GEO (n) ITA(n)  Not assigned (n) classification (%)
CHL 32 206+3.0 07+1.0 00%0.0 09£0.9 9.9+25 64.3+9.4
ESP 73  04+08 623+23 0.7+05 0.0+0.0 9.6+2.6 85.3+3.1
GEO 32 01+04 44+18 99%20 06205 12.0+1.2 36.5+7.2
ITA 29 09407 3.1+17 00+00 13.3+24 10.7 £2.3 47.4+8.7
Total 166 42.1+4.7 66.3 +3.9

For all models, ANOVA p-value < 0.05. 2 Model parameters: mean values obtained with the training sets from 7
iterations. LVs: latent variables of the training model; Q2: Cumulative fraction of Y variation predicted by the X
training model up to the specified latent variable, according to cross-validation; RMSEcv: root mean square error of
the cross validation of the training model. CHL: Chile; ESP: Spain; GEO: Georgia; ITA: Italy.

Table S4. Leave 10% out cross validation of PLS-DA cultivar models developed on ground
samples analysed by benchtop NIR (NIR), handheld NIR (hNIR) and MIR spectrometers. Results
are mean values (+ standard deviation) obtained from seven iterations.

Ground samples - Cultivar model: TG/non-TG
NIR spectrometer (LVs = 10, Q> = 0.53, RMSEcv = 0.34)?
n  non-TG (n) TG (n) Correct classification (%) Sensitivity  Specificity

non-TG 81 79.1+09 19+0.9 97.7+1.1 0.98+0.01
TG 73 0.1+04 72904 99.8+0.5 1.0+ 0.01
Total 154 98.7 £ 0.7

hNIR spectrometer (LVs =9, Q%= 0.39, RMSEcv = 0.39)?
n  non-TG (n) TG (n) Correct classification (%) Sensitivity — Specificity

non-TG 81 69.1+19 119+*1.9 85.4+23 0.85+0.02
TG 73 46+17 68.4+1.7 93.7+2.4 0.94 £ 0.02
Total 154 89.3+2.0

MIR spectrometer (LVs = 10, Q% = 0.63, RMSEcv = 0.30)?

n  non-TG (n) TG (n) Correct classification (%) Sensitivity  Specificity

non-TG 81 80.7+0.8 0.3+0.8 99.6+0.9 1.00+0.01
TG 73 0.0+0.0 73.0%£0.0 100.0+0.0 1.0+0.0
Total 154 99.8+0.5

For all models, ANOVA p-value < 0.05. 2 Model parameters: mean values obtained with the training sets from 7
iterations. LVs: latent variables of the training model; Q2: Cumulative fraction of Y variation predicted by the X
training model up to the specified latent variable, according to cross-validation; RMSEcv: root mean square error of
the cross validation of the training model. TG: ‘“Tonda di Giffoni’; non-TG: other cultivars.
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Table S5. Leave 10% out cross validation of PLS-DA origin models developed on ground samples
analysed by benchtop NIR (NIR), handheld NIR (hNIR) and MIR spectrometers. Results are
mean values (+ standard deviation) obtained from seven iterations.

Ground samples - Geographical origin model: CHL/ESP/GEO/ITA

NIR spectrometer (LVs = 14, Q% = 0.66, RMSEcv = 0.25)*

n CHL (n) ESP (n) GEO (n) ITA (n) Not assigned (n) Correct classification (%)
CHL 32 27.1+16 0405 0.0+£0.0 0.0+0.0 44+1.4 84.8+4.9
ESP 73 03+05 69.7+14 0.0+0.0 0.0+0.0 3.0+14 95.5+19
GEO 32 0.3+0.5 09+05 21.1+3.7 0.0x0.0 4.7 +3.7 783 +13.6
ITA 29 0.0+0.0 3410 0.0+0.0 20.3%2.7 43+19 72.4+£9.6
Total 166 16.4+7.8 86.4+5.3

hNIR spectrometer (LVs = 12, Q? = 0.50, RMSEcv = 0.29)?

n CHL (n) ESP (n) GEO (n) ITA (n) Not assigned (n) Correct classification (%)
CHL 32 206+3.0 0.7x1.0 0.0£0.0 0.9+0.9 9.9+25 64.3+94
ESP 73 0.4+08 623+23 0.7+05 0.0+0.0 9.6+26 85.3+3.1
GEO 32 0.1+0.4 44+1.8 9.9+2.0 0.6+0.5 12.0+1.2 36.5+7.2
ITA 29 0.9+0.7 3.1+1.7 0.0+0.0 133t24 10.7+2.3 47.4 £ 8.7
Total 166 42.1+4.7 66.3+3.9

MIR spectrometer (LVs = 12, Q>=0.61, RMSEcv = 0.26)?

n CHL (n) ESP (n) GEO (n) ITA (n) Not assigned (n) Correct classification (%)

CHL 32 206+30 07+10 00+x00 09%0.9 99+25 64.3+94
ESP 73 04+08 623+23 07x05 0.0£0.0 9.61£2.6 85.3+3.1
GEO 32 0.1+04 44+18 99+20 0.6+0.5 12.0+1.2 36.5+7.2
ITA 29 09+0.7 3.1£17 00+00 13324 10.7+2.3 47.4 £8.7
Total 166 42.1+4.7 66.3+3.9

For all models, ANOVA p-value < 0.05. 2 Model parameters: mean values obtained with the training sets from 7
iterations. LVs: latent variables of the training model; Q2: Cumulative fraction of Y variation predicted by the X
training model up to the specified latent variable, according to cross-validation; RMSEcv: root mean square error of
the cross validation of the training model. CHL: Chile; ESP: Spain; GEO: Georgia; ITA: Italy.
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Annex 9. Supplementary material of Publication 11

Table S1. Sample information: sample ID (Primary ID), harvest year (Year), region of origin

(Region) and the seven training and validation sets. Due to its big size a part of the table is

shown as a way of example.

Training and validation sets

Primary ID Harvest year Country of origin 1 2 3 4 5 6 7
Sample 1 2022 China Validation training Validation training training training Validation
Sample 2 2022 China training  training  training  training Validation training training
Sample 3 2022 Turkey

Sample 4 2022 Russia training Validation Validation training training  training training
Sample 5 2022 China training training training training Validation training Validation

Table S2. Permutation test results (n = 20 random models)

geographical model.

Q? Q? permutation
CHN 0.763 -0.257
TUR 0.44 -0.164
RUS 0.543 -0.194
ESP 0.896 -0.257

of the preliminary multi-class

N = 253, 9 LVs, Q2 = 0.659, RMSEcv = 0.216, ANOVA p-value < 0.05. CHN: China; TUR: Turkey; RUS: Russia; ESP:

Spain.
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