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ABSTRACT 

Currently, two substantial concepts are gaining importance in the food field of knowledge, 

namely, authenticity and traceability. Food adulteration is becoming a central issue for many players 

in the food industry, such as stakeholders, institutions, regulatory bodies, and consumers, due to an 

increased availability and easy access to a range of different food products, which it is focusing the 

attention of consumers demand to high-quality and authentic products, with special attention to the 

place of origin. Highly developed targeted analytical methods and regulated tools are used to assess 

the authenticity of food products; however, they possess undeniable disadvantages. These methods 

investigate just one characteristic decided a priori and neglect the product in its entirety, which make 

them ineffective strategies due to increasingly sophisticated adulterations. The foods considered for 

this study were selected based on the most common sources of food fraud of the so called “Made in 

Italy” products. 

One of the most counterfeited Italian food commodities is extra-virgin olive oil (EVOO). An 

in-depth inspection of the literature about the assessment of its quality and authenticity has revealed 

that it is a well and deeply studied issue. Many works with different approaches are already published, 

considering targeted and untargeted approaches, and chromatography and spectroscopic techniques. 

Nuclear magnetic resonance (NMR) is also highly used in this field, due to its high level of 

reproducibility and simple sample preparation. For these reasons, this topic was covered with a 

thorough scientific review.  

Grana Padano cheese is always among the leading positions in adulteration rankings, and it 

was the second investigated food in this study. Grana Padano cheese was firstly discriminated from 

its competitors and other non-PDO (non-Protected Designation of Origin) labeled cheeses. The 



 

counterfeiting issue is especially acute when the cheese is in the shredded form because no trademark 

logo fire-marked on the crust or other authentication signs can be recognized. Samples of Grana 

Padano cheese, its Italian competitors and foreign non-PDO samples were analyzed with NMR 

spectroscopy and multivariate analysis to obtain a statistical model able to discriminate Grana Padano 

cheese from all the other cheeses. Then, another important aspect about cheese, ripening, was 

considered. Grana Padano cheese is in fact sold with three different aging steps, that also affect its 

price. Mislabeling about ripening can possibly occur, and for this reason we have decided to proceed 

with the ripening investigations, to find possible “biomarkers” of the different aging stages. To 

accomplish this task, another dataset of authentic PDO Grana Padano samples with different ripening 

ages was analyzed. Both the aqueous and lipid fraction extracted from the samples were considered 

in order to obtain a holistic view of the samples during maturation. In the end, bactofugation, an 

additional production step has been considered. Since the production of Grana Padano cheese is 

strictly controlled by specification rules, the modification of such rules needs further studies to avoid 

modifications of the organoleptic and nutritional characteristics of the product. For this reason, the 

additional centrifugation step to remove microorganisms and spores was studied by the comparison 

of the profile of “traditional” Grana Padano samples with samples produced with bactofugation step 

and the results were challenging. The resulting differences were mainly affecting the aqueous fraction, 

which is the major responsible for the organoleptic properties. These results can be helpful for the 

Consortium for the discussion whether to include this step in the disciplinary or not.  

A preliminary study on another food commodity, blueberries, was completed, which 

investigated the differences among four different varieties and with varying storage times. The aim of 

this investigation was the application of NMR-based metabolomics to highlight differences among 

varieties with a fast and simple analysis and try to identify compounds potentially sensitive to storage 

time, as a tool for breeders to understand possible degradation pathways. 
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CHAPTER ONE 

INTRODUCTION 
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1.1 Introduction 

In recent years, traceability and authenticity of food are two concepts which are gaining 

importance, as an effect of the agri-food market globalization, which increased the consumers feelings 

of inauthentic products (Marozzo et al., 2022), and as an increased attention to health benefits and 

safety reasons (Wang & Tsai, 2019).  

Food traceability is described in the Codex Alimentarius (FAO/WHO, 1997) as “the ability to 

follow the movement of a food through specified stage(s) of production, processing and distribution”. 

This definition was broadened in the EU General Food Law (EC Regulation n. 178/2002) as “the 

ability to trace and follow a food, feed, food-producing animal or substance intended to be, or 

expected to be incorporated into a food or feed, through all stages of production, processing and 

distribution”. As it is defined, traceability involves mostly paper traceability, which is the tracing back 

of the ingredients and of the production processes through documents, but it is lacking in describing 

which food properties are important to be monitored, and their impact on the final food quality (Olsen 

& Borit, 2013). Food quality is a “multi-dimensional” concept, which involves different aspects 

connected to food area (traceability, authenticity, functional, safety, sensory, ethical, aesthetical, 

convenience, nutrition (Food Quality, 2021)) and it has two different dimensions: the objective 

dimension in which physical and chemical characteristics of a food are involved, and the subjective 

dimensions in which consumers perceptions and expectations are involved. Historically, food quality 

was the absence of adulterations and defects, but now its concept is enlarged to the sum of all the 

expected properties and characteristics which can be attribute to a food item, introducing the need to 

take into account also consumers point of view (Food Quality, 2021). Moreover, food quality allows 

the designation of desirable characteristics of foods, which can be recognized as added values of the 

food itself. 
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In this context, the European Union published regulations introducing important concepts for 

traceability: quality schemes to ensure the qualities of products they protect and the geographical 

indications labels for food products (EU Regulation n. 1151/2012). The geographical indication labels 

include: i) Protected Denomination of Origin (PDO) for foods of which production, processing and 

preparation steps take place in the defined geographical area and in line with the strict production 

regulations established, and which quality is exclusive of a particular geographical environment; ii) 

Protected Geographical Indication (PGI) for foods of which at least one of the production steps takes 

place in the defined geographical area; iii) Traditional Specialty Guarantee (TSG) for foods which 

have a specific quality associated with traditional methods of production or ingredients from an area, 

but which are not necessarily produced in that area. Since its publication, many food products started 

to be protected by these definitions, just in Italy there are now 326 protected products: 175 PDO, 147 

PGI and 4 TSG (Masaf, 2023) (update in November 2023). These numbers represent crucial factors 

for the economies of many countries. As an illustration, the collective value of certified PDO-PGI 

agri-food production, along with the wine industry, in Italy reached a noteworthy sum of 19.1 billion 

of euros in the year 2021: the PDO-PGI agri-food sector alone reached 7.97 billion euros (+9.7%), 

while the wine sector 11.2 billion euros (+21.2%) (Rapporto Ismea-Qualivita, 2022).  

Food authenticity is strictly correlated with traceability because it is defined as the state of not 

being altered nor modified with respect to expected characteristics, including safety, quality, and 

nutrition (Food authenticity, 2023). In literature, three dimensions are assigned to the concept of 

authenticity, to better define it: the origin, the projection of consumer to the product and the 

uniqueness of a product (Camus, 2004). Quality and geographical origin of food have become 

important matters for consumers in the last years (Wadood et al., 2020) and also the willingness to 

pay is strongly influenced by these topics (Wadood et al., 2020). This increasing interest of consumers 

https://www.politicheagricole.it/flex/cm/pages/ServeBLOB.php/L/IT/IDPagina/2090
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is due to the recent health scandals related to food adulterations and geographical origin, such as the 

melamine in milk powder in China in 2008, or the bovine spongiform encephalopathy (BSE), which 

draws global attention to what ends up on our tables (Marozzo et al., 2022). As described above, food 

traceability and food authenticity have a massive economic impact on the food system, due to their 

influence on consumer perception and the quality recognition of specific food products. For this 

reason, the need to introduce the concept of food fraud has emerged, which is the antagonist of the 

two concepts introduced at the very beginning of this chapter.  

Food fraud is the “antagonist” in this story, defined as “a non-compliance concerning any 

suspected intentional action by businesses or individuals, for the purpose of deceiving purchasers and 

gaining undue advantage therefrom, in violation of the rules referred to in Article 1(2) of Regulation 

(EU) 2017/625” (Commission Regulation n. 1715/2019). Four criteria were established to distinguish 

a food fraud from a non-compliance, which are: violation of EU rules, consumer deception, intention 

and economic gain (What does it mean? - European Commission). In this context, the main 

consequences are mostly financial, because high quality products are safe business assets and frauds 

are set up to take advantage of the good reputation of the products mentioned above. On the other 

hand, frauds can end up in health safety risks for consumers, such as the avian influence or the scandal 

of diethylene glycol in Austrian wines. 

Food fraud is not the only area regarding Food regulation, there are other areas as: Food 

Defence, an intentional act driven by the motivation of harm and Food Quality and Food Safety which 

are unintentional adulterations, but the consequences are on food or on consumers health, respectively. 

In this manuscript, the main topic is Food Fraud and thus, just this concept will be explored. 

Different types of fraud are identified, as usually just adulteration is mentioned: substitution, dilution, 

concealment, mislabeling, unapproved enhancement, counterfeiting, grey market production are the 
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different types of adulteration involving intentional acts driven by financial gain (Food Fraud, 2021). 

To give a deeper look at this topic, the different food frauds will be explained. Substitution involves 

the replacement of an ingredient or part of a food with another one (usually of lower value); dilution 

involves the mixing of a high quality product with a lower value product; concealment involves the 

hiding of a low quality characteristic; mislabeling involves false claims on food packaging; 

unapproved enhancement involves the addition of unknown ingredients to improve the characteristics 

of a product; counterfeiting involves the infringement of intellectual property rights; grey market 

involves the selling on unauthorized channels. Historically, food fraud has always been an issue: for 

example, in ancient Rome wines were falsely aged with smoke to accelerate the maturation process 

and sell them on the market (Bush, 2022); in Middle Ages valuable spices, as pepper, were added with 

cheap compounds as nutshells, stones or dust (Hart, 1952); and in 18th and 19th century milk was 

diluted and added with plaster or chalk (Ionescu et al., 2023). All these actions were taken for 

economic purposes, and nowadays the motivations are still the same. Points and Manning (2020) 

pointed out two factors which involve food fraud: the threats and the likelihood. The threat regards 

the economic and the health areas both because there could be economic damages after a food fraud 

and the loss of consumers loyalty, but also public health risk. The likelihood of fraud is much more 

complicated to predict, because even in this case the economic gain is involved, and the trend of the 

financial indicators and of the supply-demand should be considered. After the identification of threats 

and likelihood, there is the risk assessment, which ends up in preventive actions against frauds.  

Unfortunately, with the development of technology, fraudsters have more options for illicit 

adulterations, which together with the variety of possible manipulations, it is necessary the 

implementation of combined techniques for the identification of frauds. These combined strategies 

involve the implementation of documents traceability, warning systems and new and fast analytical 

https://knowledge4policy.ec.europa.eu/food-fraud-quality/topic/food-fraud_en
https://doi.org/10.3390/app13179821
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methods (Amaral, 2021). The European Union published the regulation 178/2002 and 882/2004 about 

food legislation and different organizations have been active to develop official methods, as the 

European Committee for Standardization (CEN) and the Association of Official Analytical Chemists 

(AOAC). The majority are targeted methods, which means that their focus is on a particular aspect of 

the detected food and the investigated characteristic is decided a priori, as for example the analysis of 

dyes in spices or the analysis of pesticides in organic fruits. As mentioned before, the increasing 

knowledge of fraudsters and the improvement of technology make the targeted approach not very 

efficient, because just limited information is obtained from the analysis, the adulteration should be 

known in advance and focusing on just one aspect is often insufficient to detect sophisticated 

adulterations (Ballin & Laursen, 2019).  

In recent years, the untargeted approaches are gaining popularity, because they focus on the 

profile of the sample, considering the sample itself in its entirety. With this approach, it could be easy 

to detect possible new adulterants by looking at the variation of the spectra (the fingerprint of the 

sample) and usually a simple sample preparation is needed (Amaral, 2021). The most suitable 

analytical techniques for untargeted methods are mass spectrometry (MS) and nuclear magnetic 

resonance (NMR) spectroscopy, even though other analytical methods as infra-red (IR) spectroscopy 

and Polymerase Chain Reaction (PCR) are being developed. This manuscript will focus on NMR 

spectroscopy as a tool for the assessment of authenticity and traceability, and just a small overview 

about mass spectrometry will be given. Mass spectrometry is a useful technique, widely used for food 

issues, often combined with chromatography. For example, the adulteration of durum wheat with 

common wheat was studied adopting liquid chromatography combined with MS (LC-MS), to detect 

the different amount of C17:0 and C21:0 alkylresorcinol homologue, whereas as for the untargeted 

approach gas-chromatography coupled with MS was adopted to assess the geographical origin of 

https://doi.org/10.1016/j.tifs.2018.09.025
https://doi.org/10.3390/foods10010172
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hazelnuts (Suman et al., 2021). However, NMR spectroscopy has some advantageous features which 

make it a suitable tool for authenticity and traceability issues. NMR requires a non-destructive and 

simple sample preparation; it is highly reproducible and with just a fast analysis the fingerprint of the 

sample can be obtained.  

1.2 NMR spectroscopy 

NMR spectroscopy studies the interaction between electromagnetic radiation (in the 

radiofrequency region, Hz) and an ensemble of nuclei, which have a characteristic spin angular 

momentum. 

The spin angular momentum, 𝐼,̅ is an intrinsic property of nuclei and it has a fixed value for 

each type of nuclei: for protons I = 1/2. A charged nuclei has also a magnetic dipole 𝜇̅, which is 

correlated with 𝐼 ̅through the gyromagnetic ratio: 𝜇̅ = 𝛾𝐼,̅ where 𝛾 is specific for each isotope and for 

1H = 2.675 × 108 s-1 T-1. 𝐼 ̅can assume different orientations, but in presence of a magnetic field B0 its 

projection on the directional axis of the field will assume only discrete values 𝐼𝑧̅ = 𝑚ħ, where m is 

the magnetic quantum number. Each nucleus in a magnetic field has a specific motion, the precession 

motion, around the propagation axis of B0, with the Larmor frequency 𝜔0 = −𝛾𝐵0, which is 

characteristic for each nucleus.  

The spin angular momentum 𝐼 ̅can assume 2I+1 orientations along the z axis, and thus for proton 

I=1/2, the possible orientations are two, named as α and β. These two states have equal energy, but 

when there is an applied magnetic field, the two levels assume different energy and population: 

 
𝐸𝛼 = +

1

2
𝛾ħ𝐵0 (1a) 

https://doi.org/10.1016/j.trac.2021.116305
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𝐸𝛽 = −

1

2
𝛾ħ𝐵0 (1b) 

The population distribution is given by the Boltzmann equation: 
𝑁𝛼

𝑁𝛽
= 𝑒−∆𝐸/𝑘𝑇 where k is the 

Boltzmann constant and T temperature (K). 

At ambient temperature there will be an excess of population on the state at lower energy (α), 

which will cause a net magnetization M, given by the sum of the magnetic moments of the spins. The 

value of M will be proportional to the population difference between the two energy states and the 

applied magnetic field B0, with direction along z axis. In conclusion, the net magnetization M is 

directed along the z axis, and it precesses with a specific frequency around it (Figure 1). 

 

Fig. 1: Precession motion. 

To induce a transition between the two energy states, an electromagnetic field impulse B1 

perpendicular to B0 should be applied, with a frequency that satisfy the resonance condition: 

 ∆𝐸 = 𝛾ħ𝐵0 = ℎ · 𝜈 (2) 
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The magnetic field B1 is short and broadband, containing a large number of wavelengths, and 

when it is applied the system is excited and nuclei absorb the radiation and are rotated on the x-y axis 

proportionally at the intensity of the field (Figure 2): 

 𝜃(𝑟𝑎𝑑) = 𝜔1𝑡𝑝 (3) 

 

Fig. 2: Behavior scheme of the magnetization before and after the impulse. 

Once the radiation finishes, the magnetization M tends to go back to the original state, rotating 

with a specific frequency, typical for each nucleus. This phenomenon is called spin relaxation. 

Spin relaxation can be longitudinal (spin-lattice) or transverse (spin-spin). With spin-lattice 

relaxation the magnetization returns along z axis, with spin-spin relaxation magnetization on the xy 

plane disappears. 

The NMR signal is the net magnetization along x (or y) axis and the measure is the voltage 

induced on a coil on the xy plane (Figure 3). It is called FID (Free Induction Decay) because is the 

decay of the magnetization (oscillating) during time, which time is dependent on the transverse 

relaxation (T2): 
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𝑀𝑥(𝑡) = 𝑀𝑧
0cos (𝜔𝑡)𝑒−𝑡/𝑇2   (4) 

 

Fig. 3: FID acquisition scheme. 

To convert the signal in the frequency domain, it is necessary to apply the Fourier 

Transformation (FT): 

 
𝐹(𝜈) = ∫ 𝑓(𝑡)𝑒−2𝜋𝑖𝑘𝑡

+∞

−∞

𝑑𝑡 (5) 

The result is a Lorentzian curve centered at the Dirac delta, one per each Larmor frequency. 

1.2.1 The chemical shift 

The nuclei don’t resent of the entire magnetization of B0, but they resent of a magnetization 

proportional to the electronic density around the nucleus itself. The electrons around the nucleus 

generate small magnetic fields which are summed or subtracted from the external one and they will 

“shield” the nucleus: 

 𝐵𝑙𝑜𝑐 = 𝐵0(1 − 𝜎) (6) 

where σ is the shield constant and the frequency is: 

 𝜈 =
𝛾

2𝜋
𝐵0(1 − 𝜎) (7) 
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For this reason, nuclei of the same element will resonate at different frequencies, depending 

on the shield of the around electrons. To avoid the dependency from the magnetic field, resonance 

frequencies are expressed in chemical shift (δ), adopting the frequency of a standard compound as 

reference: 

 𝛿 =
𝜈 − 𝜈0

𝜈0
× 106 (8) 

The chemical shift values are expressed in ppm. 

1.2.2 NMR experiments adopted in this text 

 The 1D experiment is the basic experiment for NMR spectroscopy, which involves the 

acquisition of a mono-dimensional spectrum of the different groups of hydrogen signals.  

An implementation of this experiment is the solvent-suppression experiment, which involves 

the suppression of the signal of the solvent which can overwhelm the other signals. In this experiment, 

the signal of the solvent is irradiated by a specific frequency, leading to a saturation of the signal 

which will not be revealed by the detection coils.  

A multi-suppression experiment was adopted for lipid fraction in Chapter 3 and 4, which involved the 

saturation of not only the solvent signals, but also of other main signals, to improve the intensities of 

minor peaks. 
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1.2.3 Preprocessing steps of NMR spectra 

  After acquiring the NMR spectra of the samples, the phase and baseline corrections, 

preprocessing steps are necessary to facilitate statistical manipulation. The initial task involves 

bucketing, wherein the NMR spectra are divided into smaller units known as buckets. Essentially, this 

process segments the spectrum into fragments typically ranging from 0.02 to 0.08 ppm. Two 

approaches can be employed for this task: equi-distant binning and non-equi-distant binning (Figure 

4). Equi-distant binning entails creating buckets of uniform size, although certain peaks may 

inadvertently span across multiple bins. This method can’t solve an issue, the peak-shifts issue, 

wherein peaks may shift due to variations in pH levels across spectra, potentially causing a single 

peak to be split across different bins in one spectrum but remain within a single bin in another. A 

solution to this challenge is non-equi-distant binning, which adjusts bin sizes to accommodate entire 

peaks within a single bin (Ross et al., 2007). 

 

Fig. 4: equi-distant and non-equi-distant binning. Figure taken from a Training Course: Pathmasiri, W., Snyder, 

R. (2015). NMR Data Pre-processing UAB Metabolomics Training Course. RTI International. 

https://www.uab.edu/proteomics/metabolomics/workshop/2015/Wimal/UAB%20NMR%20Training%20Cou

rse%20-%20Pre-processing_06__04_2015.pdf 

In recent years, other solutions are being developed to solve this problem, as the development of 

“icoshift” (Tomasi et al., 2011), a mathematical tool that elaborate the spectra to align the peaks of the 

spectra, as reported in Figure 5. 

https://www.uab.edu/proteomics/metabolomics/workshop/2015/Wimal/UAB%20NMR%20Training%20Course%20-%20Pre-processing_06__04_2015.pdf
https://www.uab.edu/proteomics/metabolomics/workshop/2015/Wimal/UAB%20NMR%20Training%20Course%20-%20Pre-processing_06__04_2015.pdf
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Fig. 5: Example of how icoshift works.  

1.3 Metabolomics and Multivariate statistical analysis 

Recently, there has been a great development of “omics” sciences, which have the aim of 

interpreting large groups of data with a holistic view, to obtain information about the studied system. 

There are different sciences, as proteomics, genomics, transcriptomics, and metabolomics. In this 

manuscript, metabolomics will be defined and applied to high quality food products. Metabolomic 

science is defined as “the systematic identification and quantitation of all metabolites in a given 

organism or biological sample” (Idle & Gonzalez, 2007), studying the metabolome, which is the total 

amount of small molecules (the metabolites, typically less than 1500 kDa; Wu et al., 2002), present 

within a tissue, cell, organism. Metabolites are the end products of biological pathways, and they 

amplify the responses of the organism to internal and external factors.  

In food science, metabolomics has been adopted to study the metabolites composition of 

products for characterization and discrimination purposes. The characterization of foods holds 

significance as it enables the identification of compounds, providing insights into the composition of 

a sample and potential variations induced by external factors. Understanding the composition of a 

food is crucial not only for assessing its nutritional profile but also for discerning any alterations that 

may result from external influences. This knowledge, in turn, facilitates the discrimination of authentic 

products from potential adulterations. The core concept is that metabolites give a photography, a 
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fingerprint of the sample at the time of the analysis, giving important information about the state of 

the sample itself.  

Different analytical techniques have been studied so far, but mass-spectrometry and NMR 

spectroscopy are the most adopted in this field. These two techniques allow both the possible 

approaches to metabolomics: targeted and untargeted, as described in previous section. Focusing on 

NMR, there are many examples regarding targeted and untargeted approaches in food area. Targeted 

approach was adopted to detect the presence of 16-O-methylcafestol in coffee (Monakhova et al., 

2015) or to detect the presence of selected sugars in honey (Yang et al., 2020). Regarding untargeted 

approach, two pathways are possible: the identification and quantification of as many compounds as 

possible then adopted as variables in statistical analysis (Bingol, 2018) or the study of the entire 

spectrum divided in “buckets”, small segments of 0.02-0.08 ppm width then adopted for the statistic, 

as it was done in this manuscript. Examples of this kind of approach is the identification of the 

geographical origin of Maltese honey (Spiteri et al., 2020) and the detection of milk adulteration 

(Bergana et al., 2019). 

Metabolomics is closely intertwined with statistics, particularly through multivariate statistical 

analysis. This connection stems from the extensive data collection inherent in metabolomic studies. 

Effectively treating and analyzing these vast datasets is crucial to derive meaningful insights and meet 

the study objectives. Robust statistical methods are essential in extracting relevant information, 

identifying patterns, and drawing valuable conclusions from the intricate metabolic data generated 

during metabolomic investigations. Multivariate statistical analysis is also named as chemometrics, 

which is defined as “the application of statistics to the analysis of chemical data (from organic, 

analytical or medicinal chemistry) and design of chemical experiments and simulations” (van de 

Waterbeemd et al., 1997). Its aim is to reduce the dimensions of the data-structure to two or three 

https://doi.org/10.3390/foods9101455
https://doi.org/10.1016/j.jfca.2019.01.016
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dimensions which are more manageable, mostly through the extraction of latent variables (Bjerrum, 

2015). This operation can be performed in a supervised or unsupervised manner. In supervised 

methods, a correlation is established between an X matrix of variables and a Y matrix of dependent 

variables, which is known before the analysis, as in the case of PLS-DA. On the other hand, 

unsupervised methods, such as PCA, identify latent variables without prior knowledge of the class or 

category of the data. 

Before the analysis, usually data need to be pretreated with scaling. Scaling allows the 

confrontation among different variables keeping the meaningful information for the comprehension 

of the system. The most adopted scaling with NMR data is Pareto scaling, where data are divided for 

the root square of standard deviation, but there are other popular scaling methods as centering and 

UV. 

In this manuscript, different multivariate statistical methods will be found in different chapters: 

PCA, PLSDA, PLSR and Random Forest. Initially, the spectra were binned into segments and Pareto 

scaled, obtaining a complex dataset because the entire spectra were considered in order not to leave 

anything out of the analysis, but through chemometrics the dimensions reduction allowed the study of 

the system more easily.  

Principal Component Analysis (PCA) is the most common unsupervised model, and it reduces 

the dimensions of the dataset through the identification of latent variables which represent the 

directions of maximum variability of the data (Sussulini, 2017). It allows to see the distribution of 

data in the multivariate space, the identification of possible outliers and possible clusters. 

PLS is the supervised method of PCA, but the extraction of latent variables is supervised by the 

Y matrix, which contains the class or category to which data belong. The response variable can be 
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continuous for regression models (PLSR) or a class for discriminant analysis (PLS-DA) (Bjerrum, 

2015). 

Random Forest is a supervised machine learning algorithm used for regression and classification 

(as adopted in this manuscript). It is formed by an ensemble of decision trees, which are built from a 

subset of the initial dataset. Each tree casts a vote for the class assigned to its subset of data and the 

forest chooses then the majority of the votes for classification. The strength of this model is the fact 

that it is an ensemble of smaller and weaker models, which together improve their performances 

(Dutta et al., 2023).  

1.4 Food matrices and aims 

This research activity was focused on two main food matrices and a preliminary study on a third 

food product.  

Chapter 2 is about extra virgin olive oil (EVOO), a high-quality food product (Varzakas, 2021) 

with 42 PDO and 7 PGI in Italy. It is a widely adulterated food, as the large variety of reviews and 

studies on this topic highlight. The aim of the first part of the research activity was a deep study of all 

the “state-of-the-art” and to produce a comprehensive review on the authenticity and traceability of 

olive oil.  

 Chapters 3 and 4 deal with PDO Grana Padano cheese. Grana Padano is a renowned Italian 

PDO cheese, which production value is around 1.734 million of euros in 2023 (Qualivita & Ismea, 

2022). Its production is regulated by strict procedural guidelines with the aim of preserve the high-

quality standards of this valuable product. The first research activity was focused on the discrimination 

of PDO Grana Padano cheese from its main competitors, Italian and foreigners, hard and soft cheeses. 

When Grana Padano cheese is sold in the shredded form, no trademark logo fire-marked appears on 

https://doi.org/10.1016/B978-0-323-91916-6.00008-4
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the crust, losing the authentication sign; competitors can thus be mislabeled or mixed with Grana 

Padano cheese. The research (Chapter 3) was focused on the building of an untargeted and reliable 

statistical model able to discriminate Grana Padano from its competitors and with targeted results the 

identification of potential chemicals significant for the discrimination. The second research activity 

(Chapter 4) was focused on ripening of Grana Padano cheese, and in particular on the identification 

of possible changes in the metabolome correlated with aging time, with a regression statistical 

approach. The third aspect investigated during this activity was the bactofugation process. This 

process is a centrifugation step which could be included in the procedural guidelines for Grana Padano 

production. The aim was the study of the profile of samples which underwent this process and of 

samples which were produced in the “traditional” way. The identification of possible differences in 

the samples produced with or without the additional step was important to understand the possible 

changes in the metabolome and thus in the final product, which is of major interest for the Consortium. 

 In Chapter 5 the main character is blueberry, which is considered a super-food with high 

antioxidants and nutritional properties (Krishna et al., 2023) and thanks to these characteristics its 

consumption has been increased over the last decade (Farneti et al., 2017). Its storage conditions are 

becoming insufficient to guarantee worldwide delivery and the maintenance of the quality and 

breeders are starting to face the challenge to preserve the quality traits throughout months. NMR has 

been adopted as an analytical tool for a preliminary study regarding the characterization of different 

varieties and the identification of possible changes in the metabolome after different storage 

conditions. 

 Chapter 6 regards the conclusions of this PhD project, outlining the results and drafting the 

possible future perspectives of the treated studies in the previous chapters. 

https://doi.org/10.3390/antiox12040810
https://doi.org/10.3389/fpls.2017.00617
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 In this work, NMR was adopted as an analytical method to investigate and assess different 

aspects of food traceability, authenticity and quality with high throughputs and promising results. 
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2.1 Abstract 

Extra virgin olive oil (EVOO) is a high-quality product that has become one of the stars in the 

food fraud context in recent years. EVOO can encounter different types of fraud, from adulteration 

with cheaper oils to mislabeling, and for this reason, the assessment of its authenticity and traceability 

can be challenging. There are several officially recognized analytical methods for its authentication, 

but they are not able to unambiguously trace the geographical and botanical origin of EVOOs. The 

application of nuclear magnetic resonance (NMR) spectroscopy to EVOO is reviewed here as a 

reliable and rapid tool to verify different aspects of its adulteration, such as undeclared blends with 

cheaper oils and cultivar and geographical origin mislabeling. This technique makes it possible to use 

both targeted and untargeted approaches and to determine the olive oil metabolomic profile and the 

quantification of its constituents. 

This scientific review was published in Comprehensive review in food science and food safety, 2022; 

21:4056–4075, (Maestrello et al., 2022).  
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2.2 Introduction 

Olive oil is the product obtained from the fruit of the olive tree (Olea europaea) through 

extraction by mechanical procedures (Morin et al., 2018). It is a fundamental component of the 

Mediterranean diet, and according to several studies (Gaforio et al., 2019; Owen et al., 2000) and a 

specific health claim (European Commission, 2012), the intake of a proper amount of olive oil 

improves health thanks to its nutritional values and antioxidant properties, attributable to its content 

of polyphenols, which contribute to the protection of blood lipids from oxidative stress (Gorzynik-

Debicka et al., 2018). Due to its excellent health and organoleptic characteristics (del Cano-Ochoa et 

al., 2018), the demand for olive oil has significantly increased in recent decades. The economic 

relevance of olive oil is highlighted by the trade number statistics: olive oil production has tripled in 

the last 60 years, reaching maximum production in 2017/18 of 3,379,000 tons. The 2020/2021 global 

production was 3,034,000 tons of olive oil (IOC, 2022), 93.4% of which is produced by European 

International Olive Council (IOC) member countries. The forecast of oil production for 2021/2022 is 

expected to be in line with the past 5 years (Figure 6) (European Commission, 2022).  Updated number 

for oil production 21/22: 3418 thousand tonnes. 

 

Fig. 6: (a) World olive oil production in the last 5 years; (b) production for EU and non-EU countries for 

2021/2022 (forecasts). 
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From a chemical point of view, olive oil is composed of a saponifiable fraction (~98% by 

weight: triacylglycerols, mono- and di- glycerides) and an unsaponifiable one (~2% by weight: 

hydrocarbons, sterols, aliphatic alcohols, tocopherols, pigments, phenolic and volatile compounds), 

both contribute to the distinctive character of olive oils of different cultivar or geographical origin 

(Blekas et al., 2006). 

From a regulatory perspective, different organizations regulate olive oil classification: the 

European Commission (EU), the International Olive Council (IOC) and the Codex Alimentarius 

(Conte et al., 2020). The European Union Commission recognizes eight classes of olive oil (European 

Commission, 1991): extra-virgin olive oil (EVOO), virgin olive oil (VOO), lampante olive oil (LOO), 

refined olive oil, olive oil as a blend, and different categories of pomace oil. These categories have 

different quality standards, based on different physicochemical and organoleptic characteristics, 

defined by regulation (Contreras et al., 2019). 

PDO (protected designation of origin) and PGI (protected geographical identification) 

denominations were introduced to label products of a particular quality in 1992 (European 

Commission, 1992 followed by European Commission, 2006). Moreover, the EU Member States 

agreed to compulsory origin labelling for virgin and extra virgin olive oil (European Commission, 

2009). 

“High quality” often means higher prices, and this makes olive oils prone to adulteration 

(Contreras et al., 2019; Rabiei & Enferadi, 2012); malpractices have increased by 87.5% in the last 

ten years, as reported by Unaprol (Consorzio Olivicolo Italiano, 2019). The adulteration of an extra 

virgin olive oil with cheaper oils, as well as the mislabeling of the geographical or botanical origin, 

are both frauds. The identification of the geographical and botanical origin of an olive oil is a very 

important aspect, because the peculiar characteristics of a given olive oil depend on genetics, 
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environment, agronomic practices and harvesting time (Portarena et al., 2012.; Longobardi et al., 

2012; Nikou et al., 2020; Perri et al., 2012; Rabiei & Enferadi, 2012). Tools able to trace back the 

geographical and botanical origin of olive oils are thus becoming extremely important for olive oil 

authentication. 

2.3 State of the art 

2.3.1 Official methods to assess the authenticity of EVOOs 

Olive oils are complex mixtures of different compounds that can vary depending on different 

factors and it is difficult to define reliable and absolute parameters and methods for authentication and 

traceability (Nikou et al., 2020). International regulation bodies (especially the European Union and 

IOC) have already approved different methods to identify and quantify different compounds in olive 

oil. These standard methods are ‘targeted’ methods for specific compounds. They are mainly based 

on spectroscopic (e.g., ultraviolet absorption) and chromatographic techniques, namely gas-

chromatography (GC) and liquid-chromatography (LC) combined with various detectors. 

Triacylglycerols are analyzed through HPLC coupled with refractive index detectors, whereas waxes, 

partial glycerides, fatty acids, sterols, aliphatic alcohols, aliphatic hydrocarbons are analyzed through 

GC coupled to a flame ionization detector (FID) (Aparicio et al., 2013; Conte et al., 2020). 

An efficient method recognized by the IOC to define the quality of a virgin olive oil, is based on 

a sensory evaluation of the organoleptic characteristics of the sample (Kalogiouri et al., 2016) through 

a panel test (European Commission, 2013). The panel test is performed by 8-10 people as trained 

tasters, who have to verify about 19 different attributes which can take some time because panelists 

need to be trained before the test. 
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These standards are efficient to detect adulterations as the additions with refined oils or with other 

botanical origin, soft-deodorization, or synthetic mixtures, but they are not capable of detecting the 

authenticity in terms of geographical and botanical origin in a complete and unambiguous way 

(Aparicio et al., 2013). Therefore, as reported by different studies (Contreras et al., 2019; Kalogiouri 

et al., 2016), there is an increasing interest in new, robust, rapid, and cost-efficient analytical methods 

to investigate different compounds in olive oils for authentication and traceability purposes. 

2.3.2 Alternatives to official methods for authenticity detection 

Many analytical procedures proposed for olive oil authentication are extensions of existing official 

methods, relying on liquid and gas-chromatography coupled with different detectors, sometimes 

followed by chemometric analysis, which can be a useful support to analytical methods (Gomez-

Caravaca et al., 2016). 

A recent review (Kalogiouri et al., 2020) gives an overview on the applications of mass-

spectrometry (MS) coupled with different statistical approaches for authenticity issues, showing the 

possibilities of analyzing both specific compounds or obtaining a fingerprint of the sample. The 

method proposed by Quintanilla-Casas, Bustamante et al. (2020) adopted head-space GC in 

combination with MS and chemometric analysis of volatile compounds of olive oils to verify sensory 

quality, while in another work (Quintanilla-Casas, Bertin, et al., 2020) the sesquiterpene hydrocarbons 

were analyzed. Volatile compounds have been successfully investigated also using GC coupled with 

Ion Mobility Spectrometry (IMS) to verify the geographical origins of EVOO (Gerhardt et al., 2017). 

This method was also used for oil mapping and sample classification (Contreras et al., 2019). A 

complex method, based on two-dimensional GC coupled with MS, has been recently proposed to 

perform studies which could last years (e.g., involving different harvest years) (Stilo et al., 2019), 

whereas a simpler GC-FID method was used to discriminate different cultivars of the Peloponnese 
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region (Valli et al., 2016). As for liquid chromatography, it was coupled with diode array (DAD) and 

fluorescence (FLD) detectors for the analysis of phenolic fractions (Bajoub et al., 2017). Phenolic 

fraction has been studied in combination with the sterolic profile also by Ghisoni et al. (2019) through 

untargeted metabolomics using UHPLC (ultra-high-performance LC) and time-of-flight to 

discriminate olive oils with different cultivars and geographical origins. Liquid-Chromatography in 

combination with MS and supervised statistical analysis was able to investigate the authenticity of 

EVOOs with both a targeted and an untargeted approach for screening strategies (Kalogiouri et al., 

2016; Nikou et al., 2020). LC was also combined with orbitrap to verify the efficiency of a method 

based on Flow-Injection Analysis-Magnetic resonance mass-spectroscopy (FIA-MRMS) to classify 

Greek olive oils (Nikou et al., 2020). Different cultivars of EVOOs were discriminated using HPLC-

MS with positive APCI detection without derivatization (Nagy et al., 2005). Da Ros et al. (2019) 

analyzed the volatile compounds of oils combining a targeted and an untargeted method (GC-MS) 

and phenols with a targeted approach using high-liquid chromatography (HPLC-DAD-ESI/MS), 

showing that the two methods can be complementary and powerful for this purpose. For industrial 

application, Thermo Fisher Scientific has developed a platform based on UHPLC coupled with a 

charged-aerosol detector and principal component analysis (PCA) to detect adulterations, studying 

changes in triacylglycerol patterns (Plante et al., 2013). 

Spectroscopic techniques are also employed for authenticity purposes, including Raman 

spectroscopy (Aykas et al., 2020), UV-absorption (Milanez et al., 2017) and front-face fluorescence 

spectroscopy (Merás et al., 2018). Synchronous Fluorescence Spectroscopy (SFS) was found to be a 

useful tool coupled with multivariate statistical analysis to detect and quantitatively assess EVOOs 

adulteration (Poulli et al., 2007; Nigri & Oumeddour, 2016). A development of this technique is 3D-

EEM (excitation-emission matrix) fluorescence spectroscopy, which is widely used in food area 
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because of its rapidity and simplicity, coupled with chemometrics, mostly PARAFAC (parallel factor 

analysis) (Lia F., Formosa, J. P. et al., 2020; Xu et al., 2015). Fourier transform infrared spectroscopy 

(FT-IR) (Aykas et al., 2020; Christy & Egeberg, 2006; Karunathilaka et al., 2016; Rohman & Man, 

2010) coupled with attenuated total reflection (ATR) (Poiana et al., 2015) has been adopted not only 

for research purposes, but also by industry. Bruker GmbH developed a protocol FT-NIR for routine 

analysis of olive oils, making quality control along the production process easy (Behmer, 2018). 

Violino et al. (2020) instead have recently developed a method based on an open source visible-near 

infrared spectrophotometer coupled with a specific app relying on artificial intelligence neural 

networks for traceability purposes. Through this advanced approach a correct classification of 94.6% 

of the samples was obtained and specific wavelengths for origin authentication were found. A deeper 

explanation of the above-mentioned approaches is reported in the review of Meenu et al. (2019). 

Another review (Rifna et al., 2022) summarizes the spectroscopic techniques coupled with 

chemometric analysis as PAT tools (Process Analytical Technology) for the verification of edible oils, 

having the advantages of being used for on-line and non-destructive measurements. Finally, Rabiei 

and Enferadi (2012) reported a good overview regarding the use of DNA-based markers, pointing out 

also the drawbacks and the challenges of the methodology. 

A method giving good results is based on isotopic analysis. Stable isotope ratios are strictly 

correlated to the geo-climatic characteristics of the production site and the agricultural practices 

(Paolini et al., 2017); and thus, analyzing their composition in the samples the geographical 

provenance can be revealed. For these reasons, the isotopic fingerprint has been a useful tool for 

authentication (Perri et al., 2012). The stable isotope ratios studied in olive oils are mainly 2H/1H, 

13C/12C and 18O/16O, but Janin et al. (2014) proposed also to measure the ratio of 87Sr/86Sr as a 

geographical traceability marker. The stable isotope ratios of C, H and O are measured with Isotopic 
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Ratio Mass-Spectrometry (IRMS), in the bulk of EVOOs (Lukić et al., 2019) or in the fatty acid 

fraction (Paolini et al., 2017). A better discrimination of the samples is obtained combining the 

isotopic analysis with elemental composition analysis, which are related to the geological and 

pedoclimatic characteristics (Camin, Larcher, Nicolini, et al., 2010). Despite the high potential of 

stable isotope ratios and elemental composition, it is important to mention that these analytical 

approaches are based on a database, in which the number of analyzed samples must be sufficient to 

truly reflect commercial samples. Furthermore, the database must be updated year by year as these 

parameters are reflecting the yearly climatic situation of the place of growth of olive plants. Therefore, 

the combination of these techniques with rapid profiling techniques (e.g., 1H NMR) and classical 

parameters (e.g., concentration of specific organic compounds) should be not overlooked, as they 

often provide invaluable additional information useful for the traceability of EVOOs. 

2.4 NMR for EVOO authentication 

NMR methodology is not yet recognized by regulation bodies as a tool for authentication and 

traceability assessment, but it is a reliable tool which should be adopted in an official way. In this 

review, different NMR methods will be presented, divided in targeted and untargeted approaches, to 

accomplish authentication of EVOOs (Table 1). 

Table 1: Summary of the NMR methods discussed in this review. 

 Nucleus/frequency Aim Statistics Ref 

Adulteration      

Untargeted 1H NMR/400 MHz Adulteration detection PCA Anderson et al., 2017 

Targeted 1H NMR/500 MHz Discrimination of 

different botanical 

origins 

Quantification and 

comparison of FAs 

Castejon et al., 2014 

Targeted 1H NMR/400 MHz Discrimination of 14 

different botanical 

origins 

Quantification and 

comparison of 

saturated FAs, linoleic 

acid, linolenic acid, 

oleic acid 

Guillen et al., 2003 

Targeted 1H NMR/600 MHz Adulteration with 

hazelnut oil 

Five selected signals 

coupled with LDA 

and a stepwise 

regression model 

Mannina et al., 2009 
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Targeted 1H NMR/500 MHz Adulteration with 

hazelnut and 

sunflower oil 

Three selected signals 

and two signal height 

ratios with 

discriminant analysis 

Fauhl et al., 2000 

Targeted 1H NMR/60 MHz 

benchtop spectrometer 

Adulteration with 

hazelnut oil 

Comparison of the 

peak area ratio 

(olefinic to glyceride) 

and PLS regression 

Parker et al., 2014 

Targeted 1H NMR/22.5 MHz Adulteration with 

soybean and corn oil 

Determination of 

relaxation times 

coupled with ANOVA 

analysis and PCA and 

PLS 

S. Wang et al., 2021 

Targeted 1H NMR/19.91 MHz Adulteration with 

three types of edible 

oils 

Determination of 

relaxation times 

coupled with PCA and 

SVM 

X. Wang et al., 2020 

Targeted 1H NMR/19.91 MHz Adulteration with 

hazelnut and high-

oleic sunflower oil 

Determination of 

relaxation times 

coupled with several 

machine learning 

algorithms 

Hou et al., 2021 

Targeted 13C NMR/500 MHz (1H 

frequency) 

Adulteration with 

hazelnut oil 

Quantification of 

triacylglycerides and 

squalene coupled with 

PCA and LDA 

Vlahov, 2009 

Targeted 1H and 13C NMR/400 

MHz and 100.6 MHz 

respectively 

Discrimination of 

different botanical 

origins 

Quantification of 

selected signals 

coupled with 

descriptive statistical 

analysis and PCA 

Popescu et al., 2015 

Targeted 1H and 31P NMR/500 

MHz and 202.2 MHz 

respectively 

Discrimination of 

different botanical 

origins 

Quantification of FAs 

and iodine value 

coupled with one-way 

ANOVA and PCA 

Vigli et al. 2003 

Targeted 1H and 31P NMR/500 

MHz and 202.2 MHz 

respectively 

Adulteration with 

refined hazelnut oil 

Determination of 

iodine number, FAs 

and minor compounds 

coupled with stepwise 

forward CDA 

Agiomyrgianaki et 

al., 2010 

Targeted 31P NMR/202.2 MHz Adulteration with 

lampante and refined 

olive oil 

Quantification of 5 

signals with one-way 

ANOVA coupled with 

HCA and DA 

Fragaki et al., 2005 

Targeted 1H and 19F NMR/500 

MHz and 470 MHz 

respectively 

Adulteration with 

refined olive oil and 

soybean oil 

Determination of FAs 

and squalene coupled 

with classical 

statistical analysis 

Jiang et al., 2018 

Targeted 1H NMR/300 MHz 

(diffusion experiment) 

Discrimination of 

different botanical 

origins 

Measurement of 

diffusion coefficient 

coupled with DA 

Šmejkalová & 

Piccolo, 2010 

Targeted 1H NMR/43.62 MHz Discrimination of 

different botanical 

origins 

Quantification of 

selected signals 

coupled with PLS 

Gouilleux et al., 

2018 

Untargeted 1H NMR/400 MHz Classification of 

commercial 100% 

Italian blends of olive 

oil 

Fingerprint (0.04 ppm 

buckets width) 

coupled with PCA and 

PLS-DA 

Girelli et al., 2020 

Untargeted 1H NMR/400 MHz Determination of the 

origin of 

Italian/Tunisian 

blends 

Fingerprint (0.04 ppm 

buckets width) 

coupled with PCA and 

PLS-DA and PLSR 

Girelli et al., 2017 
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Untargeted 1H NMR/500 MHz Discrimination of 

different botanical 

origins 

Fingerprint (542 

buckets) coupled with 

PCA and PLS-DA and 

PLSR 

Alonso-Salces et al., 

2022 

Untargeted 1H NMR/400 MHz Adulteration of other 

edible oils 

Fingerprint (0.05 ppm 

buckets width) 

coupled with PCA 

Ray et al., 2022 

Cultivar discrimination 

     

Targeted 1H NMR/400 MHz Discrimination of 

different botanical 

origins 

Quantification and 

comparison of FAs 

Barison et al., 2010 

Targeted 1H NMR/400 MHz Discrimination of 

different botanical 

origins 

Quantification and 

comparison of FAs 

Knothe et al., 2004 

Targeted 1H NMR/600 MHz Discrimination among 

different cultivars 

Quantification of 

oleocanthal and 

oleacein 

Karkoula et al., 2012 

Targeted 1H NMR/500 MHz Discrimination of 

varietal traceability 

Determination of the 

unsaponifiable 

fraction coupled with 

ANOVA and various 

supervised methods 

Sayago et al., 2019 

Targeted 1H and 13C NMR/400 

MHz 

Discrimination among 

different cultivars 

Quantification of 9 

selected signals 

coupled with ANOVA 

and LDA 

Cabrita et al., 2021 

Targeted 1H and 31P NMR/500 

MHz and 202.2 MHz 

respectively 

Discrimination among 

different cultivars 

Determination of 23 

selected signals 

coupled with forward 

stepwise CDA 

Agiomyrgianaki et 

al., 2012 

Targeted 13C NMR/500 MHz Discrimination among 

different cultivars 

Determination of 44 

selected variables 

coupled with 

ANOVA, PCA, HCA 

and DA 

Brescia et al., 2003 

Targeted 13C NMR/150.9 MHz Discrimination among 

different cultivars 

cultivated in Sicily 

Determination of 77 

selected signals 

coupled with 

ANOVA, PCA, TCA 

and MDS 

Mannina et al., 2003 

Targeted 1H NMR/700 MHz 

(experimental 

configuration of MAS) 

Discrimination of 

different Spanish 

cultivars 

Quantification of 

linolenic, linoleic, 

oleic acid and 

saturated FAs coupled 

with PCA 

Corsaro et al., 2015 

Untargeted 1H NMR/400 MHz Discrimination of 

Coratina or Coratina-

based blends 

Fingerprint (0.04 ppm 

buckets width) 

coupled with PCA and 

PLS-DA 

Girelli et al., 2016 

Untargeted 1H NMR/400 MHz Discrimination of 

Coratina-based blends 

Fingerprint (0.04 ppm 

buckets width) 

coupled with PCA 

Del Coco et al., 2014 

Untargeted 1H NMR/600 MHz Discrimination among 

Slovenian and Turkish 

varieties 

Fingerprint (0.04 ppm 

buckets width) 

coupled with 

ANOVA, PCA and 

PLS-DA 

Ozdemir et al., 2018 

Targeted 1H NMR/700 MHz Cultivar classification Determination of the 

FA profile coupled 

with ANOVA, PCA, 

PLS and RF 

Tang et al., 2022 
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Untargeted 1H NMR/700 MHz 

 

Differentiating 

cultivars of processed 

olives 

Fingerprint (0.05 ppm 

buckets width) 

coupled with PCA and 

OPLS-DA 

Crawford et al., 2020 

Geographical origin 

Targeted 1H NMR/600 MHz Discrimination of 

PDO samples from 

Veneto region 

Quantification of 19 

signals coupled with 

ANOVA and PCA 

Mannina et al., 2005 

Targeted 1H NMR/400 MHz Discrimination of 

samples from different 

regions of Lebanon 

Quantification of FAs 

and minor components 

coupled with 

ANOVA, PCA, CDA 

and LDA 

Merchak et al., 2017 

Targeted 1H NMR/400 MHz and 

600 MHz 

Discrimination of 

samples from different 

areas of Tunisia  

Quantification of the 

phenolic profile 

coupled with ANOVA  

Ben Mansour et al., 

2016 

Targeted 1H NMR/600 MHz Discrimination of 

samples from different 

areas of Italy 

Quantification of 15 

signals coupled with 

LDA 

Ingallina et al., 2019 

Targeted 1H NMR/600 MHz Discrimination of 

samples from Liguria 

region 

Quantification of 7 

selected signals 

coupled with PLS-DA 

and SIMCA 

Mannina et al., 2010 

Targeted 1H NMR/600 MHz Discrimination of 

samples from Lazio 

region 

Quantification of 13 

selected signals 

coupled with ANOVA 

and PCA 

Circi et al., 2018 

Targeted 1H and 13C NMR/600 

MHz and 250 MHz (1H 

frequency) respectively 

Discrimination of 

samples from different 

areas of Lazio region 

Quantification of 27 

selected signals 

coupled with 

ANOVA, PCA and 

LDA 

D’Imperio et al., 

2007 

Untargeted 1H NMR/600 MHz Discrimination of 

VOO samples from 

different countries at a 

national, regional or 

PDO-level 

Fingerprint (0.02 ppm 

buckets width) 

coupled with 

ANOVA, PCA, LDA 

and PLS-DA 

Alonso-Salces, 

Moreno-Rojas, et al., 

2010 

Targeted 1H NMR/600 MHz Discriminate olive oils 

from Italy to Tunisia 

Quantification of 17 

selected signals 

coupled with PCA and 

RF (adding isotopic 

results) 

Camin et al., 2016 

Targeted 1H NMR/400 MHz Discriminate PDO 

olive oils from family 

farms to commercial-

blends 

Quantification of 

lipids coupled with 

ANOVA, PCA, HCA 

and PLS-DA 

Lukić et al., 2019 

Untargeted 1H NMR/500 MHz Discriminate of 

samples from the 

Mediterranean basin 

from “Italian olive 

oil” available in the 

USA 

Fingerprint (0.04 ppm 

buckets width) 

coupled with PCA 

Coco et al., 2012 

Untargeted 1H NMR/500 MHz Discriminate samples 

from different 

countries 

Fingerprint (0.04 ppm 

buckets width) 

coupled with 

univariate procedures 

and PCA, LDA, PLS-

DA, CART and 

SIMCA 

Alonso-Salces, 

Héberger, et al., 2010 

Untargeted 1H NMR/700 MHz Discriminate samples 

from Bejaia region 

(Algeria) 

Fingerprint (0.002 

ppm buckets width) 

coupled with PCA 

Laincer et al., 2016 
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Untargeted 1H NMR/400 MHz Discriminate samples 

from different 

countries 

Fingerprint (0.002 

ppm buckets width) 

coupled with PCA-

CA-KNN 

Winkelmann & 

Küchler, 2019 

Untargeted 1H NMR/500 MHz Discriminate the 

geographical origin of 

commercial EVOOs  

Fingerprint (0.04 ppm 

buckets width) 

coupled with PCA and 

PLS-DA 

Rongai et al., 2017 

Untargeted 1H NMR/400 MHz Discriminate samples 

from different 

countries 

Fingerprint (0.04 ppm 

buckets width) 

coupled with PCA and 

PLS-DA 

Calò et al., 2021 

Untargeted 1H NMR/400 MHz Discriminate samples 

from different areas of 

Bari district 

Fingerprint (0.04 ppm 

buckets width) 

coupled with PCA and 

PLS-DA 

Del Coco et al., 2016 

Untargeted 1H NMR/400 MHz Discriminate PGI 

Tuscan olive oils 

Fingerprint (0.04 ppm 

buckets width) 

coupled with PCA and 

PLS-DA 

Girelli et al., 2018 

Untargeted 1H NMR/600 MHz Discriminate samples 

from Sardinian region 

(Bosana) 

Fingerprint (0.02 ppm 

buckets width) 

coupled with PCA and 

PLS-DA 

Culeddu et al., 2017 

Untargeted 1H NMR/600 MHz Discriminate oils from 

Gemlik olives 

Fingerprint (0.04 ppm 

buckets width) 

coupled with 

univariate analysis and 

PLS-DA 

(Özdemi̇r & 

Beki̇roğlu, 2019 

Untargeted 1H and 13C NMR/500 

MHz 

Discriminate Maltese 

olive oils 

Fingerprint (32,768 

buckets) coupled with 

PCA, PLS-DA and 

ANN 

Lia F., Vella B. et al., 

2020 

Untargeted 1H NMR/400 MHz Discriminate olive oils 

produced with 

different methods 

Fingerprint (0.04 ppm 

buckets width) 

coupled with PCA, 

PLS-DA 

Del Coco et al., 2020 

Abbreviations: PCA: principal component analysis; FA: fatty acid; LDA: linear discriminant analysis; PLS(R): partial least square (regression); SVM: 

support vector machine; CDA: canonical discriminant analysis, HCA: hierarchical discriminant analysis; LDA, linear discriminant analysis; NMR, 
nuclear magnetic resonance; MDS, multidimensional scaling; PCA, principal component analysis; PLS(R), partial least square (regression); RF, random 

forest; SIMCA, soft independent modelling of class analogy; SVM, support vector machine; TCA, tree clustering analysis. 

NMR spectroscopy, well known for structure elucidation, is also a powerful tool for food quality 

control, geographical characterization, and product authentication (Mannina et al., 2012; Piccinonna 

et al., 2016), and it is a very promising technique especially if followed by a chemometric approach 

(Beteinakis et al., 2020). The NMR methodology has numerous advantages, such as no need of time-

consuming sample preparation steps plus high reproducibility and automation (Calò et al., 2022). The 

major drawback of NMR is the intrinsic sensitivity, lower than the sensitivity of other 

chromatographic and mass-spectrometry methodologies, even if it can be improved through the 

application of more elaborate equipment such as cryoprobes (Pan & Raftery, 2007). 
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Two approaches can be followed for NMR analysis: the targeted and the untargeted approach. The 

targeted approach is based on the identification and quantification of specific compounds, whereas 

the untargeted approach studies the entire set of molecules present in the sample (the sample 

metabolome), allowing a comprehensive characterization (Girelli et al., 2016), which can be useful 

for the discrimination of different categories of samples. 

The NMR-based metabolome is becoming a central topic in food analysis because changes are 

seen as the response of an organism to a disease, genetic modification, or environmental conditions 

(Lioupi et al., 2020). Because of the large amount of collected data in metabolomics, chemometric 

analysis helps to pull out the most relevant information according to the purpose of the study, such as 

adulteration and the identification of cultivar and geographical origin (Rezzi et al., 2005). 

2.4.1 NMR Targeted and Untargeted approaches for adulteration 

Because of its higher nutritional and commercial values, EVOO is often subjected to undeclared 

addition of less valuable botanical oils (Fauhl et al., 2000). These vegetable oils have generally a 

different chemical composition, also in terms of the amount of triacylglycerols. To show the intrinsic 

and easily recognizable difference among oils, several edible oils (canola, corn, peanut, olive, sesame, 

and sunflower oils) have been distinguished by a simple 1H NMR analysis and PCA, as demonstrated 

by Anderson et al. (2017). By collecting the NMR spectra of oils of different botanical origins (four 

samples for each origin) and simple PCA it was easy to recognize the botanical origin of an unknown 

oil sample. Having said this, numerous studies based on this evidence have been reported for the 

authentication of olive oils.  

Regarding targeted approaches, Castejón et al. (2014) optimize the 1H NMR method for the 

analysis of total FA by reducing the analysis time without losing quality in the results. Other authors 
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(Guillén & Ruiz, 2003) focused only on some FAs, such as linoleic, oleic, linolenic acid and saturated 

acyl groups, for the discrimination of oils with different botanical origin. NMR spectra of oils from 

14 different botanical origins (such as EVOO, mixtures of pomace olive oils, hazelnut oils, sesame 

oils, sunflower oils) were acquired and through the calculation of the different proportions of the acyl 

groups it was possible to see differences among the various samples. 

Adulteration with refined hazelnut oil up to 10% was detected through the quantification of 

specific 1H NMR signals selected through ANOVA (only five signals with the most discriminant 

power were considered) in combination with linear discriminant analysis (LDA) and a multiple 

regression model (Mannina et al., 2009). Fauhl et al. (2000) analyzed fraudulent mixtures of hazelnut 

or sunflower oils with EVOOs considering five selected peaks from 1H NMR spectrum and 

discriminant analysis. 

A promising, quick alternative for binary blends, such as EVOO and hazelnut oil, is the adoption 

of a 60 MHz bench-top NMR spectrometer. Parker et al. (2014) could identify an adulteration at the 

13%w/w level based on selected internal peaks ratios (olefinic/glycerides peaks) and an adulteration 

at the 11.2%w/w level through a chemometric approach on the whole spectrum, making this technique 

a valuable and rapid screening tool. This technique has also some minor drawbacks that Gunning et 

al. (2022) attempts to partially overcome. Wang S. et al. (2021) adopted a low-field NMR with pattern 

recognition for the verification of adulterated EVOOs with soybean and corn oil. Through the study 

of the relaxation times and the aid of multivariate statistical analysis, it was possible to discriminate 

adulterated olive oils with an adulteration ratio no less than 30%. By using a low-field NMR 

spectrometer (19.91 MHz magnetic field) and support vector machine (a statistical tool based on 

machine learning, SVM), 84.92% accuracy in the identification of fraud was achieved when the 

adulteration with three seed oils is above 10% for EVOOs blends (X. Wang et al., 2020). 
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A similar study (Hou et al., 2021) discriminated adulterated EVOOs with hazelnut and high-oleic 

sunflower oil with high accuracy (about 89%) even at low percentages of adulteration (volumetric 

ratio range 10-100% of adulteration) with a spectrometer working at a proton resonance frequency of 

19.91 MHz. 

Other authors used 13C NMR, as Vlahov (2009), who detected the adulteration of olive oil with 

5%, 10% and 20% of hazelnut oil through the quantification of triacylglycerides and squalene on the 

13C NMR spectra and chemometrics. A good predictability was achieved, especially regarding the 

samples adulterated with 5% and 20%, obtaining a total result of 86.2% of correctly classified 

samples. Popescu et al. (2015) used both 1H and 13C spectroscopy and chemometrics to discriminate 

olive oils of different botanical origin with low levels of adulteration (under 5%). It was possible to 

calculate the saturated FAs, oleic acid, linolenic acid, linoleic acid, and iodine value and to delineate 

samples on the basis of their botanical origin with PCA, showing that this technique can be used for 

fast screening of oils. 

Another helpful approach is the combination of 1H and 31P NMR (Vigli et al., 2003; 

Agiomyrgianaki et al., 2010) to determine the addition of different vegetable oils and of refined 

hazelnut oil with the lower adulteration limit of 5%w/w through the quantification of various 

compounds. Additions of LOO and ROO (Lampante and Refined Olive Oil) were detected with high 

field 31P NMR through the selection of the most discriminant signals and multivariate statistical 

analysis (MVA) in different Greek olive oils with an adulteration ratio of 5%w/w (Fragaki et al., 

2005). Jiang et al. (2018) combined 1H and 19F NMR to assess the adulteration of EVOO with seed 

oil and ROO, respectively, through the quantification of FA and squalene achieving a detection limit 

of 4.5% of adulteration. Šmejkalová and Piccolo (2010) adopted a diffusion experiment to calculate 

the diffusion NMR coefficient to discriminate peanut, soybean, hazelnut, and sunflower oils in EVOO, 
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in combination with discriminant analysis, allowing a rapid recognition of adulterations with the 

lowest adulteration levels of 10% for sunflower and soybean oils and 30% for hazelnut and peanut 

oils. A promising technique is represented by low-field (LF) NMR spectroscopy. Gouilleux et al. 

(2018) evaluated the performances of low-field NMR spectrometer working at 43.62 MHz for the 

discrimination of different edible oils using a 2D UltraFast experiment: EVOO, hazelnut oil, 

sunflower oil, corn oil, sesame oil and rapeseed oil. By considering 13 signals of the 2D spectra it was 

possible to show the enormous potentialities of this instrument in quality control. 

As an untargeted method, recently Girelli et al. (2020) proposed 1H NMR and chemometric 

analysis of the entire spectra, to classify over 200 samples of commercial 100% Italian blends of olive 

oil, by comparison to a database of 126 monocultivar oils from specific geographical origins, making 

this a useful tool for the fight against adulterated blends. Another untargeted study (Girelli et al., 2017) 

determined the origin of Italian/Tunisian blends in the range 10-90%w/w by building an ad-hoc NMR 

database and multivariate statistical analysis. The database was built using selected blends of Apulian 

Coratina olive oils and a common Tunisian oil. With multivariate statistical analysis, in particular 

partial least square (PLS) regression, it was possible to quantitatively assess the composition of blends. 

Recently, Alonso-Salces et al. (2022) adopted 1H NMR fingerprinting and regression models based 

on decision trees to determine the botanical origin and the compositional percentages of blends. This 

methodology proved good robustness and predictability, confirmed also by a validation step. Ray et 

al. (2022) has recently developed a new NMR-based method with new processing parameters for the 

discrimination of olive oils adulterated with other edible oils in different percentages with just a simple 

PCA. This study can be a valuable step towards the use of NMR in industry for quality control because 

it is a fast and simple method, and the results are easy to interpret. 

2.4.2 NMR Targeted and Untargeted approaches for cultivar 
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Olive cultivar is an important issue to correctly assign the label of authenticity since the botanical 

origin is one of the requirements for PDO assignment. 

Regarding targeted approaches, Barison et al. (2010) focused on the determination of the fatty 

acid (FA) composition of oils of different botanical origin (soybean, canola, sunflower, corn, rice, and 

olive oil). Each edible oil has a specific FA composition; thus, it is possible to authenticate an oil by 

determining its characteristic composition directly in the NMR spectrum, without the use of any 

mathematical manipulation, but simply through the relationships between areas of different signals. 

Other studies focus on the determination of FAs by working with the areas in the NMR spectrum and 

some mathematical formulas (e.g., Knothe & Kenar, 2004). 

Karkoula et al. (2012) found that oleocanthal and oleacein could be quantified with NMR 

spectroscopy and the different amounts can be used to discriminate between cultivars and, regarding 

small areas, even differentiating samples from the geographical area. 

By combining the characterization of the unsaponifiable fraction and 1H NMR fingerprint with 

data mining tools, tocopherols, squalene, sterols, and aliphatic alcohols were found the most 

significant compounds for varietal and geographical traceability (Sayago et al., 2019). The 

combination of 1H NMR and 13C NMR DEPT 45 was used to discriminate samples from nine different 

cultivars. Through the signal areas of triacylglycerols determined on both proton and carbon NMR 

spectra and LDA (linear discriminant analysis), Cabrita et al. (2021) developed a fast methodology 

for varietal discrimination, achieving good results in terms of predictivity especially for the 13C NMR 

spectroscopy. 13C NMR allowed to carry out the determination of the FAs composition and the 

positional distribution on glycerol moieties, which, in combination with chemometrics, allowed 

varietal discrimination (Perri et al., 2012; Mannina et al., 2003), even though GC was considered 

preferable for its better separation. For example, Brescia et al. (2003) adopted 44 selected variables 
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on the 13C spectrum (assigned to FAs, sterols and triacylglycerols) and showed a good delineation 

between Apulian virgin olive oils of four different cultivars: Coratina, Leccino, Peranzana and 

Ogliarola. 1H and 31P NMR and biometric analysis were employed to study the influence of cultivar, 

geographical origin, and harvest period on Greek EVOOs. Nine phenolic compounds and linoleic and 

linolenic acids turned out to be the most discriminant compounds (Agiomyrgianaki et al., 2012). A 

new approach was the adoption of HR-MAS NMR (high-resolution magic angle spinning) 

spectroscopy to characterize Sicilian EVOOs (Corsaro et al., 2015). MAS NMR proved to be a useful 

technique for quality assessment and to give similar results to GC. By quantifying linolenic acid, 

linoleic acid, oleic acid, and saturated acids with two different NMR methods based on peak areas, 

Corsaro et al. (2015) were able to discriminate samples of different Spanish cultivars (Arbosana and 

Arbequina) with PCA, even though the discrimination of the different Sicilian provinces of origin of 

the samples was not well achieved. 

The untargeted approach has also been used for distinguishing the olive cultivar (Mannina et al., 

2003; Crawford et al., 2020) and an inter-laboratory study has confirmed the robustness of NMR-

based metabolomics for cultivar discrimination (Piccinonna et al., 2016). With this approach, 

monocultivar and commercial Coratina or Coratina-based blends olive oils were discriminated on the 

basis of a reference model, built with 100 original samples and different multivariate analysis (namely 

PCA and PLS-DA), of 40 Italian EVOOs (Girelli et al., 2016). It was found that Carolea cultivar have 

higher saturated amount FA, whereas Coratina and Picholine have higher levels of unsaturated acyl 

groups. Coratina-based blends were found to be characterized also by the highest amount of 

polyphenols, responsible for bitterness, among samples of other cultivars through simple proton and 

2D J-resolved experiments (Del Coco et al., 2014). Özdemir et al. (2018) discriminated olive oils from 

major Turkish and Slovenian olive varieties based on their 1H NMR profiling performed with a multi-
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signal suppression, finding that the most important compounds are phenolic compounds, terpenes, 

and diacylglycerols. 

Performances of 1H NMR spectroscopy have been compared to GC-FID and UHPLC-CAD for 

cultivar classification when coupled with chemometrics by (Tang et al., 2022), finding the metabolites 

that most characterize the different cultivars. Despite the best sensitivity and separation achieved by 

GC-FID, NMR spectroscopy showed good results and agreement with data obtained from GC-FID, 

whereas UHPLC-CAD had the lowest performances. 

A recent study proposed the comparison of DNA analysis, targeted analysis, and NMR 

fingerprinting for processed olives to discriminate cultivars (Crawford et al., 2020). The results 

showed that DNA analysis can correctly classify 3 out of 4 cultivars. FA profiling through GC-FID 

can differentiate well the four classes, phenolic profiling through LC-DAD is not reliable because of 

the high variability found and NMR fingerprinting can distinguish well genetically related cultivars 

and the growing region. 

2.4.3 NMR Targeted and Untargeted approaches for geographical origin 

The assessment of the geographical origin of EVOOs is one of the most important issues that need 

to be addressed by authorities because it is the most popular fraud in this field. In fact, different 

reviews focused on this particular topic. One of the latest is the work from Tahir et al. (2022), which 

reports recent studies on olive oil geographical traceability using different analytical techniques 

coupled with chemometric analysis. 

1H-NMR spectroscopy has shown to be a promising method to assess the geographical origin of 

olive oils (D’Imperio et al., 2007) on a Mediterranean, national, regional and PDO scale (Mannina & 

Sobolev, 2011), also by analyzing both 1H and 13C NMR fingerprinting (Lia F., Vella B. et al., 2020) 
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or through the measurement of selected signals combined with chemometrics. Preliminary results 

were obtained to discriminate different PDO olive oils of distinct micro-areas from Veneto region 

with PCA using 19 signals, selected through analysis of variance (ANOVA) (Mannina et al., 2005). 

Eight signals out of 19 belonged to volatile compounds, pointing out the influence of these 

components on the geographical classification. The influence of geographical, temporal, and 

morphological factors on olive oils from different regions of Lebanon has been investigated by 

selecting the resonances in 1H spectra of monounsaturated and saturated FAs, linoleic acid, linolenic 

acid, and minor compounds with different statistical tools (Merchak et al., 2017). The results showed 

an increase in the concentration of monounsaturated fatty acids and a decrease in saturated fatty acids, 

going from South to North. Another study (Ben Mansour et al., 2016) performed different analysis on 

Tunisian olive oils, such as free acidity, peroxide value, FA composition, Rancimat assay, pigments 

content and phenolic compound by NMR, to study the influence of the production area on the phenolic 

profile. Through NMR, the concentrations of oleocanthal, oleacein, oleuropein aglycone and 

ligstroside aglycon have been determined, revealing that the profile changes according to the 

geographical origin. Also, the Italian olive oils were studied (Ingallina et al., 2019) by taking samples 

from nine Italian regions, selecting the intensity of 15 NMR signals, and applying different LDA 

models, allowing a discrimination of the samples firstly among North, Center, and South of Italy and 

then in the respective micro-areas. Mannina et al. (2010) studied Ligurian olive oils and found that 

these oils are marked by terpenes and a low amount of saturated FAs compared to oils from the 

Mediterranean basin. These authors considered seven signals and treated them with partial least-

square discriminant analysis and SIMCA analysis. A recent study (Circi et al., 2018) considered 

geographical discrimination of samples from a small area of Lazio. Thirteen selected NMR signals 

treated with ANOVA and PCA were able to well characterize oils of that particular region. 
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The combination of 1H NMR and 13C NMR is a promising approach to address geographical 

traceability (Lia F., Vella B. et al., 2020) and there are already studies on this topic. For example, 27 

signals from both 1H and 13C NMR were considered to investigate the role of irrigation and altitude 

on olive oil composition and the minor volatile compounds, such as aldehydes, squalene, terpenes and 

b-sitosterol, were found to be influenced by pedoclimatic conditions and thus by the geographical 

origin (D’Imperio et al., 2007). The combination of NMR with the isotopic analysis has also shown 

promising results for geographical classification (Alonso-Salces, Moreno-Rojas, et al., 2010; Camin 

et al., 2016). A recent study of Lukić et al. (2019) combined different techniques to assess the 

differentiation of EVOOs according to their origin. The analysis of the lipid profile through HPLC 

with MS detection and through 1H NMR allowed the identification of new markers, uvaol and 

oleanolic acid the most significative, which distinguish PDO EVOO from family farms to 

commercially-blended EVOO. Calò et al. (2022) deeply discussed the use of NMR and MS 

spectroscopies combined with chemometrics for geographical assessment, highlighting the good 

performances and usefulness of these two techniques. A development of NMR fingerprint methods in 

combination with statistical analysis to address the geographical origin issue of EVOOs is reported 

by Coco et al. (2012), who studied 12 authentic olive oils from Italy, Greece, Tunisia, and Spain and 

25 commercially available ‘Italian olive oils’ in the United States market with NMR and PCA. The 

majority of the products studied were found to be more similar to Greek and Spanish olive oils than 

Italian ones (as declared) and the discriminant factor for the classification was the composition in FAs. 

At a national level, samples from six different countries (Italy, Spain, Syria, Turkey, Tunisia, Greece) 

were discriminated on the basis of their unsaponifiable fraction, in which it is possible to recognize 

some trends, and multivariate statistical analysis (Alonso-Salces, Héberger, et al., 2010). In another 

study on the Bejaia (Algeria) olive oils, beside the traditional analysis, such as the determination of 

tocopherols, pigments content and phenolic compounds, the 1H NMR profiling on the bulk oil and on 
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the phenolic fraction supported the characterization of the samples, showing that phenolic analysis 

can be very informative for traceability purposes (Laincer et al., 2016). By studying the polar fraction 

of olive oils, increasing the amount of minor compounds through a liquid-liquid extraction with 

acetonitrile, and using a complex classification model based on PCA-CA-KNN (k-nearest neighbor), 

it was possible to discriminate samples from the main producers countries, namely Italy, Spain and 

Greece (Winkelmann & Küchler, 2019). 

Rongai et al. (2017) tried to characterize commercial EVOO samples adding a possible correlation 

with climate through NMR, PCA and OPLS-DA analysis; however, further studies are needed to 

confirm these preliminary results. Recently, Calò et al. (2021) studied the NMR metabolic profiles of 

blends of Italian EVOOs with EVOOs coming from different countries (Portugal, Spain, Tunisia, and 

Greece). An unsupervised PCA showed a good differentiation among samples with increasing 

percentages of Italian oil until a maximum amount of 20%, making it possible in the future to 

discriminate if the reported geographical origin on the label is correct. Moreover, it was pointed out 

that Italian EVOOs are characterized by the amounts of oleic acid and polyphenols. 

At a regional level, PDO ‘Terra di Bari’ samples could be distinguished from others of the Bari 

district (Del Coco et al., 2016). This study described the characterization of PDO samples with a 

proper dataset of genetically classified monocultivar samples and a multivariate statistical analysis, 

finding that the most discriminant compounds were oleic acid, linoleic acid, and linolenic acid. 

The Tuscan PGI olive oils were discriminated with multivariate analysis and the authors pointed 

out the need for a database of monocultivar samples (Girelli et al., 2018), whereas the Bosana 

Sardinian olive oils were discriminated according to the different amounts of FAs, acylglycerols and 

volatile compounds (Culeddu et al., 2017). Alonso-Salces et al. (2012) conducted a study at a PDO 
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level through NMR fingerprint and PLS-DA. This approach allowed the assessment of the quality of 

olive oils at country, regional and PDO level. 

With NMR fingerprinting, also Gemlik olives cultivated in PDO regions were distinguished from 

olives of non-PDO regions because of the different amount of terpenes (Özdemi̇r & Beki̇roğlu, 2019). 

By combining 1H with 13C NMR and supervised statistical analysis, partial-least square discriminant 

analysis (PLS-DA) and artificial neural network, Maltese olive oils were characterized (Lia F., Vella 

B. et al., 2020). Following preliminary visualization of the samples through PCA score plots, 

subsequent application of PLS-DA and artificial neural network to the data allowed the discrimination 

of oils. The discrimination from 13C NMR data proved to provide better results; however, 1H NMR 

analysis is preferred as the acquisition time is faster. 

NMR and MVA can also provide useful information to optimize production processes. Del Coco 

et al. (2020) studied Apulian olive oils extracted with two different methods, the traditional one and 

the newest ultrasound with thermal exchanger extraction. Results revealed that the oils extracted with 

the new method are richer in biophenols, known as bioactive compounds. 

2.4.4 NMR: preparation and analytical steps 

NMR has the advantage of requiring very simple preparation steps. Different nuclei in oil can be 

analyzed: 1H, 13C, 31P and 19F (Lioupi et al., 2020; Mannina & Sobolev, 2011). In this review we focus 

only on the sample preparation for 1H NMR, the most common technique. Olive oil samples are 

usually diluted with non-polar deuterated solvent, with no need of any other pretreatments or 

extractions, except targeted studies which need to extract specific compounds (e.g., Karkoula et al., 

2021). In this case an extraction is performed with different methods, but the most common solvents 

used are methanol and acetonitrile (Agiomyrgianaki et al., 2012; Laincer et al., 2016). EVOO is 
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usually diluted with deuterated chloroform, CDCl3, which is added in excess, typically 100-200 mg 

of olive oil in a ratio of 13.5% oil/86.5% solvent, w/w (Girelli et al., 2020; Piccinonna et al., 2016; 

Poiana et al., 2015). DMSO-d6 (deuterated Dimethyl Sulfoxide) can be added to facilitate dissolution 

of polar compounds (Faul et al., 2000; Mannina et al., 2005; Castejón et al., 2014; Ingallina et al., 

2019; Mannina et al., 2010) and TMS (Tetramethylsilane) can be used as internal chemical shift 

reference (Guillén & Ruiz, 2003; Jiang et al., 2018). After the dilution, the sample can be shaken, 

manually or by vortex, for 20 seconds and then 600 μL of this mixture is transferred to a 5-mm NMR 

tube. pH adjustment is not necessary for untargeted analysis, because many tools exist for pH 

alignment after acquisition (Solovyev et al., 2021). Regarding the spectrometer, olive oil has been 

analyzed mostly with instruments ranging from 400 to 600 MHz at 300 K. The most commonly used 

measurements are simple 1H and NOESY with multiple signal suppression to suppress the strong 

peaks of solvent and lipids (Longobardi et al., 2012) in order to better visualize the signals of minor 

components. Both the targeted and the untargeted approaches can be adopted. The chemometric 

analysis of spectra can be supervised or unsupervised, depending on the purpose of the study. 

After a simple proton experiment and the phase and baseline correction, a spectrum as reported in 

Figure 7 is obtained. The main signals are those of triacylglycerols and glycerol, as reported in the 

table of assignments (Table 2).  
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Fig. 7: 1H NMR spectrum at 400 MHz of the lipidic fraction of extra virgin olive oil (EVOO) obtained with a 

simple proton experiment. 

Table 2: Peaks assignments of the mono-dimensional lipid spectrum reported in Figure 7 (Cabrita et al., 2021) 

 Peak (ppm) Assignment 

A 0.00 ppm TMS 

B 0.83 – 0.93 Methylic protons (-CH3) 

C 1.20 – 1.40 Methylenic protons (-CH2-) 

D 1.53 – 1.70 H-3 protons of acyl moietis (-CH2-CH2-CO-) 

E 1.90 – 2.10 Allylic methylenic protons (-CH2-CH=CH-) 

F 2.25 – 2.35 H-2 protons of acyl moietis (-CH2-CO-) 

G 2.75 – 2.80 Bis-allylic methylenic protons (=CH-CH2-CH=) 

H 4.10 – 4.35 Methylenic protons (α e α’) of the glycerol unit of TAGs (-CH2-OCOR) 
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I 5.30 Methine proton of the glycerol unit of TAGs (-CH-OCOR) 

J 5.35 Olefinic protons (-CH=CH-) 

Minor constituents (Figure 8 and Table 3) can be better shown with a multi-suppression 

experiment of those main signals and thus a more detailed picture of the sample is obtained. Once all 

the signals have been assigned, it is possible to quantify specific compounds or proceed with an 

untargeted approach. Various results from targeted analysis have been reported to identify 

polyphenols (Olmo-Cunillera et al., 2020), minor constituents (Ok, 2014) and even quantify different 

types of FAs (Barison et al., 2010; Castejón et al., 2014, 2016; Knothe & Kenar, 2004). The untargeted 

approach, instead, is based on the entire profile of the oil, its fingerprint, that contains much 

information on the sample. Due to the high amount of information, the best approach is bucketing, or 

binning, of the spectra (0.04 ppm is the usual width of the bins) which means “segmenting” the spectra 

to obtain data-reduction. Usually, performing a PCA allows to have more “compact” information and 

to identify outliers in the entire spectra or it is possible to add some more pre-processing steps after 

binning. After the bucketing step, to further reduce the data dimension, in some works (e.g., Alonso-

Salces et al., 2015; Mannina et al., 2005) the most discriminant buckets are selected using different 

statistical tools and a matrix with only those extracted signals is built. Then, the obtained matrix is 

used to perform different statistical analysis. After these various possible paths, different statistical 

tests, supervised or unsupervised, can be run to classify samples, depending on the aim of the intended 

study. 
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Fig. 8: 1H NMR spectrum at 400 MHz of the lipidic fraction of extra virgin olive oil (EVOO) obtained with a 

multi-suppression experiment. 

Table 3: Peaks assignments of the minor components of the lipid spectrum reported in Figure 8 (Ingallina et 

al., 2019) 

  Peak (ppm) Assignment  Peak (ppm) Assignment 

A 0.68  Sitosterol (18-CH3) E 3.69 – 3.73 sn 1,2 diglycerides (-CH2-OH) 

B 0.69  Stigmasterol (-CH3) F 4.56 – 4.90 Terpenes (-CH2=CH2) 

C 0.97  Linolenic acid (acyl -CH3) G 9.23 Trans-2-hexenaldehyde (-CH=O) 

D 1.66  Squalene (-CH3) H 9.70 Hexanaldehyde (-CH=O) 

 

2.5 Conclusion 

As reported in this review, NMR spectroscopy is a helpful technique for the analysis of oils and 

in particular it is suitable for traceability and authenticity purposes of EVOOs. Different methods for 

traceability of olive oils are already approved by regulatory bodies, but NMR has some advantages. 
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For example, it is highly reproducible, it has easy preparative steps and with just a single analysis the 

fingerprint of the sample and the quantification of the characteristic compounds can be obtained. We 

reported many different studies for EVOOs authenticity based on NMR using both targeted and 

untargeted approaches, achieving different goals: the detection of adulterations with cheaper oils or 

from different botanical origin and the varietal and geographical traceability of the samples, showing 

the potentialities of this technique. In most of the cases these papers didn’t consider a representative 

number of samples and thus their results should be confirmed with a larger dataset in order to use this 

approach for detecting the authenticity of olive oil in real life cases. 

Recently the NMR approach for the assessment of EVOOs has been exploited by Bruker, GmbH. 

Bruker is developing a completely automated solution for targeted and untargeted analysis to test 

origin authenticity and mislabeling of olive oils, the FoodScreener (FoodScreener, 2021). Moreover, 

Bruker is developing also a method based on an 80 MHz benchtop system that could be appealing for 

industry and giving the right boost to a greater use of NMR spectroscopy not only for research 

purposes but also in industry and quality control laboratories 
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3.1 Abstract 

Protected Designation of Origin cheeses are products with high-quality standards that can claim 

higher prices on the market. For this reason, non-PDO cheeses with lower quality can be mislabeled 

as PDO or mixed with it for economic gain especially when the product is in a shredded form. As the 

production of PDO cheese is subjected to strict procedural specification rules it results in a product 

with a defined profile of its metabolites, which can be used for authentication purposes. In this study, 

an NMR metabolomic approach combined with multivariate analysis was implemented to build a 

classification model able to discriminate PDO Grana Padano cheese from a large dataset of 

competitors. The great advantage of the proposed approach is a simple sample preparation, obtaining 

a holistic overview of the analyzed samples. The untargeted approach highlighted a “typical profile” 

of Grana Padano samples, which could be used for protection purposes. In parallel, the targeted results 

allowed us to identify potential chemicals, such as lactate, some amino acids and lipids. These initial 

results could open the road to a potential new additional tool to check the authenticity of PDO cheeses 

in the future. 

This paper was published in Foods, 2024; 13(3), 358, (Maestrello et al., 2024).  
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3.2 Introduction  

In recent years, there has been an increase in the number of food frauds, among which the 

mislabeling of Geographical Indication is particularly frequent. As reported by Coldiretti, Grana 

Padano cheese is in second position in the ranking of the most counterfeited “made in Italy” 

products (Paoloni, 2021), even though the European Regulation is working to protect it. European 

law (EU) No 1151/2012 protects PDO (Protected Designation of Origin), PGI (Protected 

Geographical Indication) and TSG (Traditional Specialty Guarantee) food products against 

mislabeling (European Commission 1151/2012 & 787/2019), but this is not enough, and imitators 

keep finding new ways to mislead consumers. The 2021 Report by the Italian Inspectorate for 

fraud repression and quality protection of agri-food products and foodstuffs (ICQRF) also 

mentioned 55 interventions for the protection of PDO Grana Padano cheese in the period 2015–

2021, found both on the web and ex officio, showing that it is a food product at the very center of 

imitation issues (ICQRF, 2021). The price of Grana Padano has increased in the last few years, 

and it is one of the most expensive cheeses in the world. This makes it the ideal target for frauds, 

in which lower-quality non-PDO cheeses are labeled as PDO Grana Padano cheese or mixed with 

it for economic gain (Rocchetti et al., 2018). Even if the high quality of Grana Padano is protected 

by strict procedural specification rules for its production (Disciplinare Grana Padano DOP), 

especially when the cheese is grated or shredded, the mislabeling is much easier, because the 

“quality certification” mark printed on the crust is missing.  

The analytical method already approved by the European law to verify the authenticity and 

traceability of Grana Padano cheese is based on the quantitative analysis of a series of parameters 

as lysozyme content, specific amino acid and mineral profiles and isotopes analysis (validation of 

the method in (Camin et al., 2015), or (European Commission 584/2011 & 1670/2019) and 
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subsequent amendments thereof; see also Disciplinare Grana Padano DOP). The combined use 

of analytical data and chemometrics in the traceability and authenticity of cheeses has been 

subjected to extensive investigation so far. This type of approach is defined as untargeted, in 

contraposition to targeted: the targeted or quantitative approach includes the identification of 

signals and assigning them to specific compounds, usually decided “a priori”, before the analysis. 

The untargeted or profiling approach consists of analyzing the whole spectrum of the sample and 

interpreting it as a unique fingerprint. A recent paper (Segato et al., 2019) discriminated pasture-

based PDO Asiago cheese from hay-based milk with a metabolomic approach using NMR 

spectroscopy: 13 compounds were selected as the most discriminant ones with the aid of canonical 

discriminant analysis (CDA), but these results were found to be completely reliable only for short-

ripened cheeses. PDO Asiago cheese (Schievano et al., 2008) was studied using NMR 

spectroscopy to distinguish between cheeses produced in alpine farms from those produced in 

lowland farms or industries: many differences between the two groups were detected in the fatty 

acids composition. The geographical origin of buffalo milk and mozzarella cheese from two 

different areas (Campania and northern Apulia) was investigated using different analytical 

techniques in a very articulated study (Brescia et al., 2005), where good results from the 

combination of isotopic parameters and NMR data were obtained. Even the geographical 

characterization of Parmigiano Reggiano was investigated (Consonni & Cagliani, 2008), and a 

very high percentage of correct classification was obtained with NMR spectroscopy and 

chemometric analysis. A preliminary study on the grated form was performed with ATR-FTIR 

coupled with LDA to discriminate Parmigiano Reggiano from non-PDO cheese (Gori et al., 2012). 

Focusing on Grana Padano cheese, different studies have been completed to authenticate it against 

non-PDO cheeses. For example, ultra-high-performance liquid chromatography coupled to 

quadrupole time-of-flight mass spectrometer (UHPLC/QTOF-MS) was used with an untargeted 
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metabolomic approach to discriminate PDO Grana Padano cheese from non-PDO “Grana-type” 

cheeses with the aid of a chemometric analysis (Rocchetti et al., 2018). Other studies (Cattaneo et 

al., 2008; de A. Curtis et al., 2000) focused on the characterization of the amino acid profile of 

Grana Padano cheese with NMR spectroscopy and studied the “typicality” of the free amino acid 

pattern of grated Grana Padano cheese to improve the already existing controls for assessing its 

compliance with PDO characteristics (Cattaneo et al., 2008).  

Within this framework, the current study aims to discriminate PDO Grana Padano cheese from 

other Italian PDO hard cheeses, its main competitors and a group of soft cheeses which could be 

used to adulterate its shredded form (Fagnani et al., 2022) by using NMR spectroscopy and 

multivariate analysis. The novelty of this study is that thanks to the wide variety of non-GP 

samples, the proposed approach could be the basis for the development of a tool which could be 

adopted from controlling bodies. Due to the untargeted nature of the analytical essay, no important 

chemical constituents are in principle disregarded, either in the aqueous and lipid fraction, 

obtaining a high performance in the discrimination. A parallel targeted approach allowed also for 

pinpointing some of the most important analytes which were driving the discrimination. Moreover, 

even other aspect could be investigated thanks to the overall view of the sample given by the NMR 

analysis. Ultimately, a very good discrimination is performed with NMR and Random Forest 

analysis, seldomly used with NMR data, which does not overfit the dataset, but thanks to its 

structure, the level of accuracy is very high. 
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3.3 Materials and methods 

3.3.1 Samples 

 A total number of 144 samples of cheese from different years (from 2017 to 2021) have been 

used for NMR analysis, which was provided by the Consortium. Among them, 56 samples were PDO 

Grana Padano cheeses, 32 samples of its main Italian competitor and 56 were foreign competitor 

cheeses (Table 4). In this way, it was possible to gather as heterogeneous a dataset as possible. 

Table 4: Summary of the samples, reporting their number according to the type, the geographical origin, and 

the year of production. 

Type  Geographical origin Year Number 

PDO Grana Padano North of Italy 2017 – 2018 – 2019 - 2020 57 

Grana Padano cheese with feed modifications North of Italy 2021 7 

PDO Italian cheese North of Italy 2017 – 2019 - 2020 32 

Italian hard-cheese North of Italy 2017 – 2018 – 2020 - 2021 14 

"Parmesan" USA 2017 4 

hard-cheese Czech Republic 2017 – 2018 – 2020 - 2021 8 

hard-cheese Lithuania 2017 1 

hard-cheese Estonia 2017 1 

hard-cheese Austria 2018 – 2020 - 2021 5 

soft-cheese Belgium 2018 1 

soft-cheese Holland 2018 - 2020 2 

hard-cheese Poland 2018 – 2020 - 2021 4 

hard-cheese Hungary 2020 1 

soft-cheese Switzerland 2020 1 

soft-cheese France 2020 3 

soft-cheese Czech Republic 2020 1 

soft-cheese Germany 2020 2 
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3.3.2 Experimental procedure 

Both the aqueous and lipid fractions of cheeses were considered, and it followed the method 

reported in (Andersen et al., 2023), which is briefly explained below. After grating the cheeses, they 

were freeze-dried, and then about 100 mg was weighed. For the aqueous extractions, 900 μL deionized 

H2O (18.2MΩ・cm, Milli-Q, Millipore, Bedford, MA, USA) and 100 μL D2O (D2O, 99.9% isotopic 

purity containing 0.03% 3-(Trimethylsilyl)propionic-2,2,3,3-d4 acid sodium salt or TMSP-D4) were 

added. The solution was firstly shaken for 20 min at 1000 RPM and then centrifuged for 15 min at 

12,000 RPM (9677 RCF). For the lipid extraction, 900 μL CDCl3 were added to the weighted cheese 

and then only shaken for 20 min without the centrifugation step. After filtration with a 0.22 μm PVDF 

filter (Millipore, Merck KGaA, Darmstadt, Germany), 600 μL was transferred to the 5 mm Norell 

509-UP NMR tube. NMR is a fast and reliable technique, and, in this work, it was adopted to see if in 

the future it could become an alternative to chromatography for authenticity purposes. The spectra 

were recorded on a Bruker Avance Neo spectrometer working at 600 MHz base frequency, equipped 

with a broadband 5 mm Z-gradient probe, and the acquisition and processing were completed using 

TopSpin 4.1.3 software in the automation mode with Icon NMR 5.2.3. The spectra of the aqueous 

extracts were recorded with the following parameters: noesygppr1d pulse program with water signal 

suppression, the size of the spectrum (sweep width, SW) was 13.50 ppm, time domain (TD) consisted 

of 65,536 (64 K) data points, number of scans (NS) was 128, relaxation delay (D1) was 10 s and 

receiver gain (RG) was fixed at 16. The spectra of the lipid extracts were recorded with 2 experiments, 

the first consisting of a zg30 pulse program with SW of 11.90, TD of 65,536 data points, NS of 64, 

D1 of 10 s and RG fixed at 20.2. The second experiment carried out with the lipid extract consisted 

of a noesygppr1d.wvm pulse program with the same parameters as the previous one except for an NS 

of 128, D1 of 3 s and RG set at 101. Spectra were processed in the TopSpin software with the size of 
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real spectrum (SI) set to 131,072 (128 K, 2 × TD) data points, and a apk0.noe phase correction 

program was applied automatically to each spectrum. The identification of 24 compounds was 

performed manually, based on the literature data (structures confirmed with 2D experiments) and with 

the aid of AssureNMR software v. 2020.09.23, using HMDB (Wishart et al., 2022) and 

BBIOREFCODE (Bbiorefcode) databases. The quantification of compounds in aqueous fraction was 

performed with AssureNMR software through an external standard method using the so-called 

ERETIC technique (electronic reference to access in vivo concentrations), using the 2 mM sucrose 

reference solution in the H2O and D2O mixture (9:1 v/v) as an external standard; the value was 

subsequently corrected by the weight of the sample. The quantification of lipids was performed 

following the same procedure, but the identification was performed only manually, and the results 

were calibrated to the integral area of alpha carboxyl protons (2.31 ppm) of all fatty acids (Alexandri 

et al., 2017) in percentages. The repeatability was tested through the comparison of the results 

obtained from the periodical acquisition of two manufacturer standards with the same parameters of 

the experiment described above (Andersen et al., 2023). The reproducibility was tested through the 

periodic acquisition of several cheese samples and the comparison of the obtained spectra at different 

times. 

3.3.3 Statistical analysis 

All spectra were divided into buckets of 0.04 ppm and no pH adjustments were needed to align 

them; except for the peak of histamine, which showed shifts, but did not affect the statistical analysis. 

The regions of TSP and water for aqueous and of TMS and chloroform for lipid fraction were excluded 

from the binning process. The bucket table was obtained using AssureNMR (v. 2020.09.23 License 

No. 128-27499325 valid until 2034-12-24, Bruker BioSpin GmbH, Rheinstetten, Germany) and then 

analyzed using the open-source (GPL-2 and GPL-3 licenses) R programming language (R core team). 
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All the data management and plots were performed with tidyverse (Wickham et al., 2019) and 

tidymodels (Kuhn & Wickham, 2020) packages (also open-source codes under MIT license). For the 

analysis of the lipid fraction, the bucket tables for the two NMR experiments were merged. 

A simple PCA was performed to visualize any intrinsic variation of the dataset and the possible 

clustering of the samples or identifying outliers (Girelli et al., 2020). All the variables were previously 

Pareto scaled, which confers partially the same weight to each variable and allows to not give so much 

importance to the regions with noise. After that, we decided to apply a Random Forest classification 

approach (Ruiz-Samblás et al., 2014). Random Forest was chosen over the more common Partial Least 

Square Discriminant Analysis (PLS-DA), because PLS tents to overfit the data, whereas in this case 

RF can build a reliable classification model thanks to its structure: an ensemble of trees which are able 

to “protect” the model from the individual errors. The dataset was divided into training and test set, 

being the training set the 75% of the total and stratified for the variety class (Grana Padano vs 

Competitor class). The number of nodes were tuned to 16 with a repeated (5 times) 5-fold cross-

validation scheme with a fixed number of trees of 100. The previous scheme was repeated 500 times 

to obtain an esteem of the variability in the predictive power. As a further validation step, the entire 

pipeline was then applied by 500 times on a dataset with randomly shuffled class labels (results in 

supplementary Figure S2 and section 3.1). Every time, the model performance was assessed by 

calculating the Receiver Operating Curves (ROCs) (Robin et al., 2011). In all cases, accuracy, and 

AUC (Area Under the Curve) were used to quantify the predictive capacity. The variable importance 

was assessed in terms of Gini impurity index (Wehrens, 2011). The aggregated variable importance 

across the 500 models was assessed by calculating the median rank of the individual variables. 

  

https://paperpile.com/c/jKil1b/xg8lE
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3.4 Results and discussion 

Figure 9 sets out the aqueous and lipid spectra of PDO Grana Padano cheese acquired under the 

said conditions.  

 

Fig. 9: 1H NMR spectrum of the aqueous extract of PDO Grana Padano cheese: signals with assignments are 

tagged.  

The aqueous 1H experiment spectra (Figure 9) are dominated by the signals of organic acids, 

such as acetate and lactate, and amino acids, such as alanine and valine.  
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Fig. 10: 1H NMR spectrum of the lipid extract of PDO Grana Padano cheese: obtained with zg30 pulse program 

experiment: signals with assignments are tagged. The zoom above is showing low but important signals, which 

are highlighted through the acquisition of samples using the noesygppr1d.wvm pulse program experiment. 

Figure 10, instead, shows the 1H experiment for the lipid fraction, in which the major signals 

belong to the methylenic and methyl protons of fatty acids. To better perceive the influence of minor 

compounds, samples were acquired also with a multi-suppression of the main signals. As it is shown 

in the inset of the figure, the signals of bis-allylic protons and caproleic and rumenic acid are increased. 

3.4.1 Aqueous fraction 

A PCA was performed on the 144 samples considering both the aqueous and lipid fractions, to 

visualize the intrinsic variability of the datasets and possible outliers. Figure 11a reports the PCA 

score-plot for the first 2 components related to the aqueous fraction, which describe 62.5% of the 

variance.  
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Fig. 11: (a) Bidimensional PCA plot for the aqueous fraction of samples describing the 62.5% variance; (b) 

bidimensional PCA plot for the lipid fraction of samples describing the 48% variance. The dots are colored 

according to their variety, PDO Grana Padano cheese or Competitor. 

The two groups (Grana Padano samples vs Foreign and Italian competitors) are not clearly 

separated, meaning that the separation between the groups is not responsible for the larger fraction of 

the variability in the dataset. The plot clearly shows the presence of outliers, all of which belong to 

the competitor group, and, by looking at the metadata, most of them are very different from Grana-

type cheeses even from an organoleptic point of view, being classified as soft cheeses. In 

Supplementary Figure S1 the PCA plot for the aqueous fraction is reported, highlighting the different 

metadata (year, type of cheese, geographical origin as macro-areas), which shows a wide distribution 

in the space of the samples and their overlapping, meaning that all the mentioned characteristics 

influence the profile. The presence of a larger variability in the “competitors” group is not unexpected 

since the samples belong to different cheese classes and, also for non-PDO hard cheeses, there is not 

a strict protocol on their production process. To obtain a better separation, we switched to a supervised 

classification approach comparing the performance of Random Forest and PLS-DA. Our results 

indicate that, with the data at hand, RF classification outperformed PLS-DA (See 3.6 Supplementary 

material) so in the following we will illustrate the results obtained by Random Forest.  
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Supplementary Figure S2 shows the ROCs curves for two different scenarios: in red, the 

curves built on the 500 models and in gray the curves built for the 500 models with shuffled class 

labels. The plot clearly indicates that the models with correct labels have better performances than the 

ones obtained with shuffled class labels. 

 

Fig. 12: Boxplot of AUC values for the various models described in the paper. In each plot the 

untargeted model shows the highest values of AUC, meaning that it has better performances than the 

targeted one. (a) Aqueous model; (b) Lipid model; (c) Unified model. 

The results in terms of AUC values for the aqueous fraction are shown in Figure 12a. In 

keeping to what can be observed for the ROC curves, the AUCs of the 500 models are close to 1 (0.93 

for aqueous; 0.91 for lipid; 0.94 for unified), indicating an overall good predictive potential of the 

model. As a further confirmation of the goodness of the proposed approach, the AUCs of the models 

with permuted labels groups are around 0.5, which corresponds to the performance of a random 

classifier with a balanced dataset. A good feature of Random Forest is that a measure of the importance 

of the individual variables can be extracted from each individual model. In this case, it was possible 

to annotate some of the most relevant buckets and assign them to methyl and methylenic groups, 

typical of amino acids and lactic acid. These results suggested a prominent role of these metabolites 

in the discrimination between the two groups of samples. To confirm this evidence, the important 

buckets were annotated, and the raw NMR data were used to quantify lactic acid, tyrosine, proline, 
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glycerol, valine, serine, isoleucine, lysine, and the results are shown in Supplementary Figure S3. The 

violin plot was chosen to represent the situation, because it can show the amounts in the various 

cheeses and the heterogeneity of the dataset is still represented. The plot clearly indicates that the 

amount of lactate and tyrosine was higher in Grana Padano samples, whereas the amount of glycerol, 

proline, isoleucine, lysine, serine, valine, and alanine recorded in the Grana Padano samples falls 

within the wide range of competitor samples. These differences could be due to the diversity of amino 

acids required by various lactic acid bacteria used to produce cheeses (Pellegrino et al., 2015). Another 

important aspect that is highlighted looking at the violin plots is the strong homogeneity of the Grana 

Padano class, compared to competitors: as already mentioned, this is not unexpected due to the large 

heterogeneity of the “competitors”. This, somehow expected characteristic, highlights how 

challenging it will be to define a threshold for authenticity. It is worth mentioning that the most 

extreme samples visible in the quantification plots belong to cheeses that are completely different 

from Grana Padano cheese or to some Grana Padano heading from a production starting from organic 

milk. These differences could be recognized merely by taste and sight when in slices form, and even 

from the NMR spectra the differentiation among samples is evident. Interestingly, even if the 

quantified compounds contribute to the most discriminating buckets in the untargeted NMR analysis, 

a Random Forest classifier which considered only the intensity of the quantified compounds (targeted) 

showed a lower performance in comparison to the fully untargeted approach (Figure 12a). In this case, 

the median AUC was slightly lower even if clearly better than random. This result highlights an 

important strength of the untargeted approach over a targeted investigation. 

3.4.2 Lipid fraction 

The lipidic fraction was treated as the aqueous one: the results of PCA are shown in Figure 11b 

and the PCA plot highlighting the other metadata are shown in the Supplementary Figure S4. The 
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score-plot shows that the first 2 components explain the 48% of the variance and no clear separation 

between the two classes of samples is visible. Also in this case, to improve the separation, the RF 

classification was implemented and the results in terms of AUCs are summarized in Figure 12b. Also 

here, the classification performance is close to 1, while its random counterparts center around the 0.5 

chance value. In absolute terms, the lipid fraction seems to show a slightly lower performance 

compared to the aqueous one (Figure 13). As before, highly discriminating buckets can be putatively 

attributed to some lipid categories, even if a definitive assignment is not possible. Among unsaturated 

lipids, minor important signals can be assigned to linoleic, linolenic and rumenic acid. For the 

quantification of lipids, different methods were adopted, and the total amounts are expressed in % 

referring to the -CH2-COOH protons (2.31 ppm). The results are reported in supplementary Figure 

S5: linoleic acid and linolenic acid were quantified as suggested by (Brescia et al., 2004), rumenic 

acid by (Haddad et al., 2021) and triglycerides by (Alexandri et al., 2017). As we can see, authentic 

Grana Padano samples show, in general, higher levels of linoleic acid, and this observation is 

particularly relevant due to the claimed health benefits of this compound (Prema et al., 2013). 

Rumenic acid and linolenic acid are lower in PDO Grana Padano cheese: rumenic acid is expected to 

be in lower amounts because it comes from the biohydrogenation of CLA (conjugated linolenic acids), 

which are generally higher. In fact, the CLA amount depends on different factors, such as the cow's 

diet, breed, and stage of lactation (Prandini et al., 2009). Differences in the lipid profile could be traced 

to the treatments that milk underwent before the production (Rocchetti et al., 2018). In keeping with 

what was observed for the aqueous fraction, violin plots show the heterogeneity of the competitor 

class compared to the authentic class.  

As before, a RF classifier was then applied only to the most important quantified features. It 

showed a lower performance in comparison to the fully untargeted one (Figure 12b), reinforcing the 
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idea that a full spectrum is more informative than a subset of well characterized peaks; even if in 

absence of a clear-cut annotation it is impossible to understand which are the major chemical drivers 

of the differentiation, highlighting the fact that a combination of the untargeted and targeted 

approaches has advantages. 

 

Fig. 13: Boxplot of AUC values for the untargeted aqueous, lipid and unified models. The mean value of AUCs 

of the unified model is the highest among the three models, highlighting the better performances. 

To push forward this observation, we investigated the potential of a unified untargeted 

approach merging the bucket tables obtained in the analysis of the aqueous and lipid fractions. The 

results of the RF classifier are summarized in Figure 12c. As before, the AUC of the classifier with 

correct labels is close to 1, and it shows a marginal, but clear, improvement in comparison to what 

was obtained using the separate fractions (Figure 13). In terms of interpretation, the median value of 

the AUCs for the unified model is 0.95 with an interquartile range of variability of 0.05, for the 

aqueous model it is 0.93 with an interquartile range of 0.06 and for the lipid model it is 0.92 with an 

interquartile range of 0.06. The fact that the ability to correctly classify samples increases with the 
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“fusion” of the aqueous and lipid fractions suggests that their information content is somehow 

complementary. Amino acids are indeed up-regulated and determined by the cows feeding, so they 

are key factors for the quality of cheese, whereas lipids are down-regulated depending on the 

processing specifications: possible counterfeiting can yield differences in this part (Rocchetti et al., 

2018). By delving deeper into the misclassifications, what emerges is that 4 samples were never 

correctly classified: 2 are real PDO Grana Padano samples, 1 is a competitor sample, and the last one 

is a Grana Padano, but the cows were only fed with hay, so some kind of differentiations from the 

traditional ones are expected. 

As reported in the introduction section, the authentication issue is becoming a central topic in 

the analytical world. To date, the preferred analytical techniques are chromatography and IR 

spectroscopy. Liquid chromatography coupled with mass-spectrometry was adopted on Parmigiano 

Reggiano cheese (Popping et al., 2017) and on GP cheese (Rocchetti et al., 2018). In both works, there 

is a long paragraph describing the method, because an untargeted approach with chromatography is 

hard to apply mainly due to the annotation and calibration of signals. IR spectroscopy was adopted on 

Parmigiano Reggiano cheese (Cevoli et al., 2013) also in combination with ATR (Gori et al., 2012), 

but the main disadvantage of this method is the lack of signal assignation to specific compounds. 

Chemometric analysis was combined with both the above-mentioned techniques, being a powerful 

tool to deal with the large amount of data obtained. Actually, our approach combines the advantages 

of both the techniques: the compounds identification of chromatography, being the results of the cited 

literature in accordance with the results of this work, and the easy untargeted approach of IR 

spectroscopy to accomplish the fixed task. 
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3.5 Conclusions 

PDO Grana Padano cheese authentication is one of the main topics for the Consortium 

(Activities Of The Grana Padano Protection Consortium), which oversees its protection and 

promotion to consumers. NMR spectroscopy is a powerful technique in this field, because with just a 

small amount of sample and a simple and reproducible analysis, can provide important evidence about 

the authenticity of Grana Padano samples. The workflow is summarized in Figure 14. 

 

Fig. 14: Workflow with the important steps described in this paper. 

It is important to notice that even if it is possible to build two separate models for the two 

fractions, the aqueous and the lipid one, the most reliable results are obtained when they are merged, 

meaning that it is important to look at the sample in its entirety. That is why the untargeted approaches 

are becoming even more important in recent years. This result could pave the way to new studies on 

the discrimination of cheeses through an analysis of the two fractions considering the entire 

fingerprint, as it was done in this work. In this way even more “marginal” information as the month 

                    

                 

              

         

      

           

        

         

        

             

    

        

   

   

   

   

                   

          

 
 
 

     

       

     

       

                        

                              

                             

     
      

               
      

               
      

          

     
      

               
      

               
      

          

     
      

               
      

               
      

          

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

  

  

   

   

   

       

 
 
 
  
        

            

          

               

                                     

     
      

               
      

          

     
      

               
      

          

    

    

    

    

    

  

  

  

   

   

   

   

   

   

   

   

   

       

 
 
 
  
  
  
 
 
  
 
 

       

            

          



67 

 

or the region of production can be investigated having a holistic view of the samples. Our work clearly 

shows that a Random Forest classifier could represent a powerful tool to discriminate between 

“original” and “competitor” samples, it is however important to point out that the reliability of such 

an approach increases with the size and the representativeness of the dataset. Anyway, at these early 

stages of development of this approach, it could be used to support the results of the official methods 

based on the isotopic analysis: in the case of an “undefined” samples, our method could be used as a 

clarifier.  

In conclusion, it is fair to say that NMR is an expensive analytical tool and not many laboratories 

have access to this machinery, but the advantages of short and simple analysis are undisputable. 

Moreover, benchtop-NMR devices having lower prices are appearing on the market, and they are 

already being used in foodomics (Galvan et al., 2023), in particular dairy analysis (Soyler et al., 2021), 

and they could be adopted for such analysis after an improvement of this exploratory model. 

3.6 Supplementary material 

Fig. S 1: PCA plots of aqueous fraction with different colors of the dots to highlight relevant metadata: 

the type of cheese (hard cheeses, including Grana Padano, soft cheeses and Grana Padano defined as 

organic because of the different feed used, which we decided to show), the area of production and 

year of production. 
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Fig. S 2: ROC curves for 500 RF models (in red) and ROC curves for 500 RF models with random labels (in 

gray) for the aqueous extract. 

 

 

 

Fig. S 3: Violin plots of the most discriminant compounds quantified with AssureNMR (results are reported in 

mmol/L and corrected by the weight). The black dot shows the median of the values. 
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Fig. S 4: PCA plots of lipid fraction with different colors of the dots to highlight the relevant metadata: the type 

of cheese (hard cheeses, including Grana Padano, soft cheeses and Grana Padano defined as organic because 

of the different feed used, which we decided to show), the area of production and year of production. 

 

 

 

Fig. S 5: Violin plots of the most discriminant compounds quantified with AssureNMR (results are reported in 

% molar fraction). The black dot shows the median of the values. 
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PLS-DA 

Since PLS-DA is one of the most adopted multivariate approaches, it was applied to this dataset to 

verify its performances with this large variety of samples. The score plots of both the fractions are 

shown in Figure S6. The model was built with mdatools package (Kucheryavskiy, 2020) on the same 

dataset and with the same pre-treatments as for Random Forest model. The dataset was splitted into 

training and test set (80:20) and cross-validated with the leave-one-out method. Looking at Figure S6, 

it is evident that the performed separation is insufficient to clearly discriminate the groups in both 

cases (aqueous and lipid fractions), which it is confirmed also by the high misclassification rate: 

almost the 18% for the aqueous model (20 out of 114) and 22% for the lipid model (25 out of 114) for 

cross-validation. When the models are performed on the test sets, the results for misclassification are 

confirmed: 23% for the aqueous model (7 out of 30) and 20% for the lipid model (6 out of 30). Since 

the performance rate of PLS-DA was low and not capable of well discriminate the samples, Random 

Forest was adopted. 

 

Fig. S 6: PLS-DA score plots for aqueous fraction (above) and lipid fraction (down). The dots are colored 

according to their class. 
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CHAPTER FOUR 

1H NMR PROFILING AND CHEMOMETRIC ANALYSIS FOR RIPENING 

AND PRODUCTION CHARACTERIZATION 
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4.1 Abstract 

Grana Padano (GP) cheese is a renowned PDO Italian high-quality food product whose 

nutritional characteristics and market price are influenced by the ripening stage. Due to its important 

economic value, GP production is governed by strict production specification rules which nevertheless 

are mostly documentary and empirical. In this work, we demonstrate that the combined use of 

untargeted 1H NMR profiling and chemometric analysis can be used as a powerful tool to 

quantitatively characterize GP ripening and production. In this second respect, we focused on the 

assessment of the effects of bactofugation, a centrifugation step which removes spores from milk, at 

the moment not allowed in the production of GP and that could affect its constituents, modifying the 

final product: Grana Padano cheese. 

This paper was submitted to a special issue of Food chemistry.  
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4.2 Introduction 

Grana Padano (GP) cheese is one of the most renowned cheeses in the world and it is protected 

by the PDO label, which stands for Protected Denomination of Origin. It is a high-quality food product 

(Curtis et al., 2000), thanks to its unique amino acid and nutrient profiles and its sensorial attributes 

which, from a commercial point of view, make it highly priced (CLAL, 2009). These characteristics 

evolve during ripening; hence the aging time defines its quality and economic value. On the market, 

the cheese is sold with 3 different aging times: Grana Padano aged between 9 and 16 months, with a 

delicate taste; Grana Padano aged more than 16 months, with a stronger tastiness; Grana Padano 

Riserva aged more than 20 months, considered of the highest quality (Grana Padano Protection 

Consortium, 2017); each of them with different prices.  

For the abovementioned economic reasons, GP production is controlled by strict specification 

rules (The PDO, 2023), which can be updated only if the changes do not impact on the characteristics 

of the final product. Remarkably, however, plans and rules for GP protection are mostly documentary 

and empirical. This constitutes a limitation for the objective evaluation of updated production steps. 

In this respect, in recent years an additional step is under evaluation by the Consortium, bactofugation. 

This centrifugation step at high pressures permits to separate spores and thermoresistant 

microorganisms from milk (Farkye, 2004), with potential positive impacts on the safety of the 

production and quality improvement. The removal of those microorganisms could nonetheless 

influence the characteristics of cheese because some important flavor compounds could not be 

produced anymore due to the lack of microorganism-induced processes (Gésan-Guiziou, 2010).  

Focusing on the protection of Grana Padano cheese, in order to understand, benchmark and 

protect the quality of such an important commodity, advanced chemical characterization technologies 

could provide key quantitative evidence, as the inclusion of the analysis of the profile of amino acids, 
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minerals and isotopes in the “Grana Padano PDO production specification rules” demonstrates. 

Among the diverse analytical techniques applicable to food profiling, nuclear magnetic resonance 

spectroscopy (NMR), often combined with chemometric analysis (Balthazar et al., 2021), has proven 

to be highly effective. This is attributed to its high throughput, chemical selectivity, and 

reproducibility.  

NMR has been already used to study the metabolite profile of dairy products in general (Scano 

et al., 2019), and also for the investigation of changes during ripening times of Cheddar (Chen et al., 

2021), Fiore Sardo (Piras et al., 2013) and Parmigiano Reggiano (Consonni & Cagliani, 2008). Other 

studies adopted different “declinations'' of NMR spectroscopy, as for example HRMAS NMR was 

used, outlining that it is a quick tool for the evaluation of ripening steps of Parmigiano Reggiano 

cheese (Shintu & Caldarelli, 2005); while in another work, fast-field cycling relaxometry was used on 

Parmigiano Reggiano cheese for the evaluation of its changes of physico-chemical characteristic 

(Conte et al., 2021). (de Angelis Curtis et al., 2000) adopted NMR to the study of the variation of the 

amino acids profile and the behavior of water during ripening with a targeted approach. To date, just 

a few other works have investigated the ripening process of Grana Padano cheese, mainly focusing 

on specific compounds or classes of compounds. For example, (Masotti et al., 2010) studied the 

behavior of casein and specific peptides during aging with chromatography and electrophoresis, and 

also pyroglutamic acid (Mucchetti et al., 2000), phosphopeptides (Ferranti et al., 1997), Clostridium 

spores (Morandi et al., 2022) and LAB strains (Pogačić et al., 2013) were studied in relation to 

ripening, to develop new methods for its assessment. Other studies adopted thermogravimetric 

techniques to understand the behavior of water with the matrix and try to assess the aging index (de 

Angelis Curtis et al. 1999). Only a recent study involved magnetic resonance imaging (MRI) as a tool 

to monitor ripening stages keeping the sample intact and consider the cheese in its entirety (Mulas et 



75 

 

al., 2016). Besides the changes due to ripening time, even the changes due to the influence of the 

season of the year and factory plant production have been studied, e.g. on Trentingrana cheese by 

(Ricci et al., 2022) studying the volatile organic compounds profile. 

This work aims to show that an untargeted NMR-based metabolomics approach can be used 

not only to investigate the compositional modifications of Grana Padano during ripening, but also to 

quantitatively evaluate the impact of bactofugation on the final characteristics of the product. We will 

focus on an extensive set of samples covering different ripening times, seasons, and years of 

production, considering both the aqueous and lipid fraction. 

The results demonstrate that untargeted NMR metabolomics can be effectively used to 

objectively evaluate the Grana Padano production and ripening processes, going beyond the 

established empirical assessment currently used. This could be a support for the Consortium both for 

the standardization of quality assessment and for the benchmarking of “new” production steps. 

4.3 Material and methods 

4.3.1 Samples 

For the study of ripening times, 110 real PDO Grana Padano (Grana Padano) samples 

(collected by Grana Padano Protection Consortium) with different aging times (between 9 and 29 

months) were considered. For some of those authentic samples, a second “experimentation” sample 

was produced with the same milk which underwent the “bactofuge” step, collecting 217 samples in 

total.  
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4.3.2 Experimental procedures 

The experimental procedure followed the path reported in the paper of (Andersen et al., 2023). 

The Grana Padano samples were cut into pieces and then grated. After the lyophilization, 100 mg 

were weighted and added at 900 μL de-ionized H2O and 100 μL D2O (99.9% isotopic purity 

containing 0.03% 3-(Trimethylsilyl)propionic-2,2,3,3-d4 acid sodium salt or TMSP-d4). Samples were 

then centrifuged at 12 rpm for 15 minutes and then filtered to separate the solid particles from the 

liquid, and 600 μL filtrate was loaded into 5 mm NMR tubes. The sample preparation for the lipid 

fraction was the same, except for the addition of 900 μL of CDCl3. No pH adjustments were needed 

because only the peak assigned to histamine shifted but it did not cause any problems in the analyses. 

The spectra were recorded on Bruker Avance Neo 7 probe (5 mm sample tubes) and SampleXpress 

60-position autosampler (Bruker BioSpin GmbH, Rheinstetten, Germany). The software used was 

Topspin 4.1.3 software in the automation mode with Icon NMR 5.2.3. The aqueous experiments were 

acquired with noesygppr1d pulse sequence with automatic adjustment of water signal suppression 

frequency, the size of the spectrum was 15 ppm, time domain consisted of 64K data points, number 

of scans was 128 and the number of dummy scans was 2, the time for relaxation delay was 10 s, 

receiver gain for all spectra was fixed at 2.25. The lipid experiments were acquired with simple zg 

pulse sequence, the size of the spectrum was 12 ppm, time domain consisted of 64K data points, 

number of scans was 64 and the number of dummy scans was 4, the time for relaxation delay was 10 

s, receiver gain for all spectra was fixed at 4. A second experiment was performed for the lipid fraction: 

a noesygppr1d.wvm pulse program, in order to suppress the main signals of the previous experiment, 

with the same parameters as the previous one except for NS of 128, D1 of 3 sec and RG set at 101. 

Spectra were processed in the TopSpin software with apk0.noe phase correction and the size of real 

spectrum set to 131072 (128K, 2xTD) data points. Peak assignment was performed manually, based 
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on literature data and with the aid of AssureNMR software, using HMDB (Wishart et al., 2022) 

database. Quantitative analysis in aqueous fraction was performed with AssureNMR software through 

an external standard method using the so-called ERETIC technique (electronic reference to access in 

vivo concentrations), based on the PULCON principle (Hong et al., 2013). The identification of lipids 

was performed with the aid of literature (Ralli & Spyros, 2023) and the quantification of the integrals 

of the signals was calibrated to the integral area of alpha carboxyl protons (2.31 ppm) of all fatty acids 

(Alexandri et al., 2017) in percentages. The repeatability of the method was performed by periodically 

acquiring one manufacturer standard (2mM sucrose) against another one, with the same experiments 

described above. All the quantified signals have a higher signal-to-noise ratio than 10. 

4.3.3 Statistical analysis 

The spectra were binned in segments of 0.04 ppm. The bucket table was obtained with the 

software AssureNMR from Bruker and all the statistical analyses were performed with R (R core 

team, 2021). The information obtained from the two NMR experiments performed on the lipid fraction 

were merged for the statistical analysis by substituting the zero intensities of the suppressed regions 

with the intensities of the peaks from the experiment with no suppression. All the data management 

and plots were obtained with tidyverse (Wickham & Wickham, 2019), tidymodels (Kuhn & Wickham, 

2020), mdatools (Kucheryavskiy, 2020) and broom (Broom) packages. PCA plots were obtained with 

FactoMineR (Lê et al., 2008) and FactoExtra (Ramadan et al., 2020) packages.  

All the values in the bucket tables were mean-centered and Pareto scaled (Kandasamy et al., 

2020) to reduce the relative impact of high-intensity buckets, keeping the overall structure of the 

dataset intact (van den Berg et al., 2006). Initially, PCA was performed to visualize the factors which 

are most impacting the dataset variance and to identify potential outliers (Girelli et al., 2020). The 

https://paperpile.com/c/jKil1b/mixDB
https://paperpile.com/c/jKil1b/xg8lE
https://paperpile.com/c/jKil1b/RmDB
https://paperpile.com/c/jKil1b/RmDB
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results of this multivariate analysis were visualized in terms of score plots, which can mostly show 

clustering of the data (Piras et al., 2013).  

The experimental design was very complex though, due to the numerous variables which could 

influence the metabolome of the samples: year of production, aging time, season of production. In 

order to separate the influences of these factors on the dataset, multivariate and univariate analyses 

were combined: multivariate analysis allows to exploit the correlation between the variables and to 

see their influence on the complete dataset, univariate analysis allows to highlight the variables which 

were more responsive to the individual experimental design factors.  

In all cases, the dataset was firstly reduced to a minor number of buckets with the method of 

medians, to eliminate those referred to noise which would be irrelevant for the statistic. This method 

consists in the calculation of the median of the intensity of each bucket among the spectra and selecting 

those buckets with the highest values along the distribution curves (see 4.6 Supplementary Material, 

Figure S7). After this filtering step, the intensity of each bucket was modeled as a function of season 

and year of production by a glm (considering the interaction between the season and year of 

production). The univariate glms allowed: 

● to remove the effect of the nuisance variables (year and season) from the dataset, 

“concentrating” the effect of aging on the residuals of the individual models. 

● to identify the buckets which were more sensitive to the season and the year (low p values for 

each individual factor). 

These buckets were then annotated as reported in Materials and methods.  
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After the removal of the effects of year and season, Partial Least-Square Regression (PLSR) 

was then applied on the residual matrix to construct a regression model able to link NMR profile and 

age for the individual samples. In particular, the matrix of the residuals of the individual glms was 

used as a predictor of the aging time. In order to avoid overfitting (a well-known limitation of PLSR), 

the dataset was calibrated and validated (the dataset was split 80:20). Firstly, the calibration set was 

used to optimize the number of components with a leave-one-out method. The test set was then used 

to evaluate the unbiased model performances in terms of root mean square error (RMSE). As a further 

validation step, the same model was applied on a series of “random” datasets (20) where the response 

vector (aging time) was randomly associated with the samples. If the RMSE error of these random 

models was higher than the one obtained with the correct y labels this was considered a clear indication 

that the NMR profiles were informative about the age of the individual samples. The most important 

variables were obtained from the ranking of regression coefficients of the PLS model because they 

assess the importance of the variables which are mostly able to “separate” the different classes (Debik 

et al., 2022).  

As far as bactofugation was concerned, PLS regression was replaced by PLS-DA. Even in this 

case, the dataset was split in calibration and test set (80:20). The number of components was tuned 

with the leave-one-out method and the model performance was assessed in terms of specificity, 

sensitivity, and overall classification error (Kandasamy et al., 2020). The significant buckets were 

extracted with the analysis of the regression coefficients, as done with PLSR. 
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4.4. RESULTS and DISCUSSION 

4.4.1 Aging 

4.4.1.1 Aqueous fraction 

The score plot of the initial PCA on the aqueous fraction is shown in Figure 15. The plot 

highlights the role of the different design factors on the PCA plane, which accounts for 70% of the 

total variability. 

 

Fig. 15: PCA plot of the aqueous fraction. The figures are the same plot, both the samples are colored for 

three different variables: ripening time, season of production, year of production. 

The three panels are used to illustrate the contribution of the three major study factors to the 

distribution of the points in the PCA plane. The separation of the three aging times is evident, even if 

some partial partitioning of the different years and seasons can be also observed. In order to 

disentangle the effects of the different factors, multivariate analyses were combined with univariate 

modeling (see 4.3 Material and Methods). The results of the glm indicated that some free amino acids 

(FAA) were influenced by both year and season of production (valine, threonine, alanine, isoleucine, 

lysine, proline, serine, and phenylalanine), and also the amounts of glycerol and pyroglutamate varied 

according to these factors (Supplementary Figure S8). In particular, the results on acetic acid, lysine 
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and serine are in agreement with (Careri et al., 1996). In fact, as reported in various studies, the 

seasonal and pasture variation have influence on the raw milk and thus on the final product (Ricci et 

al., 2022). 

Looking at the individual factors, the compounds mostly influenced by the year of production 

were methionine and asparagine and the organic acids, acetic acid, glutamic acid and aspartic acid, 

while the season mostly influenced the amount of sucrose. This result is not unexpected due to the 

different feed: during winter and autumn the feed is mostly from silage, whereas in spring and summer 

the feed is mostly grain corn, ending up in different compositions of the feed itself. 

The matrix obtained with the residuals of the glm, was used to perform PCA and analyze the 

distribution of the samples without the influence of year and season of production (Figure 16). 

 

Fig. 16: PCA plot obtained with residuals of glm model, aqueous fraction. The samples are colored according 

to their commercial aging segment. 

The score plot clearly shows that aging time is still the main driver of the sample variability 

since the three age groups are partially separated along PC1. As described in Materials and Methods, 
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PLSR regression was applied on the residual matrix to identify the aging “biomarkers”. The PLSR 

score plot is shown in Figure 17 and clearly highlights the age trend along the first latent variable. 

 

Fig. 17: PLSR model obtained with residuals of the glm model, aqueous fraction colored according to the aging 

time. 

The compounds with the larger regression coefficients, are shown in Figure 18 and, in terms 

of chemical class, they were identified either as organic acids or amino acids.  

 

Fig. 18: Boxplot of the most influential annotated compounds colored according to the commercial aging 

segment.  
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In general, lipolysis and proteolysis are important steps in the maturation process, because 

they produce free amino acids and free fatty acids, which influence the aroma and flavor of the final 

product. Water content also has an important role, giving a strong contribution to texture and stability 

(Mulas et al., 2016). The main responsibles for these reactions are Lactic Acid Bacteria (LAB) (Piras 

et al., 2013): they induce several microbial pathways, which lead to different metabolic compositions 

of the final product (Rocchetti et al., 2018) and they are different for each type of hard cheeses, being 

influenced by farm environment and milking parlor environment (Gatti et al., 2014).  

As far as the individual trends of the organic acids are concerned, acetate tended to increase, 

as a product of proteolysis (Eugster et al., 2019), pyruvate remained constant along the time of aging 

(Careri et al., 1996); lactic acid, instead, which is expected to increase (McSweeney, 2004), had a 

weird trend, probably because it could be bound to proteins or crystallized, making its analytical 

detection difficult.  

In the case of amino acids, valine and threonine increased with ripening time, as expected for 

known markers of old cheeses (Consonni & Cagliani, 2008). Other amino acids whose content is 

related to ripening time grew, as lysine (Ciriello et al., 2015), alanine, methionine, serine and 

phenylalanine (Curtis et al., 2000). Proline, which is abundant in casein, increased and also aspartic 

acid, deriving from the degradation of asparagine (Masotti et al., 2010) followed the same trend. 

Pyroglutamic acid is known to be high in old cheeses (Mucchetti et al., 2000), whereas tyrosine 

decreased (Consonni & Cagliani, 2008), probably due to the formation of crystals after the unraveling 

of proteins. At odds with other investigations (Consonni & Cagliani, 2008), isoleucine was found to 

increase with ripening time, and an explanation could be that the dataset is really wide in composition 

and the feeding was different from other studies because in our work pasture was not considered. 
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Remarkably, most of the compounds which increased during ripening have important roles as aroma 

precursor, confirming the higher organoleptic characteristic of aged cheeses (Niro et al., 2017). 

4.4.1.2 Lipid fraction 

As for the aqueous fraction, PCA was used in the exploratory analysis. The score plot of the 

complete dataset is presented in Supplementary Figure S9, and it clearly shows the presence of a group 

of outlying samples which dominates the dataset variability. These outliers showed higher intensities 

for signals assigned to linolenic acid (2.82 ppm, Boccia et al., 2020), but upon metadata inspection it 

was not possible to identify informative links among them. In order to investigate the impact of the 

study factors on this fraction, the 7 outlying samples were excluded from the subsequent analysis. 

The updated PCA plot without outliers is reported in Figure 19, where the PC1xPC2 plane 

accounts for 50% of the overall dataset variability. As before, the three plots highlight the contribution 

of the study factors on the sample distribution. At odds with what was observed for the aqueous 

fraction, year, and season of production here are the major factors influencing the NMR profile. As 

before, univariate glm was used to pinpoint compounds most affected by these two factors. It is 

important to highlight, however, that in the case of the lipid fraction we are confronted with a lower 

level of chemical detail due to the fact that the fatty acids (FA) can be only characterized at the level 

of classes of protons (e.g. methylenic protons, methylic protons, protons of acyl moieties).  
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Fig. 19: PCA plot of the lipid fraction, no outliers. The samples are colored according to the different metadata: 

season, year of production and aging time. 

Considering the individual glms, as far as the year of milk production is concerned, no coherent 

trend was visible, because of the specific compound assignment which is not possible in the lipid 

fraction and specific characteristics can’t be recognized. The factor of the year is difficult to control 

because it depends on climatic conditions, the management system of the feeding (Araújo et al., 2012) 

which changes year by year.  

The season of production, though, had an important role, especially talking about unsaturation 

of the FAs. Unlike other studies which reported an increase of the unsaturation during summer 

(Prandini et al., 2009), in this study there was a decrease of the unsaturation (saturation and 

unsaturation lipids are strongly correlated because they interconvert) during spring and summer, due 

to the different feed (Supplementary Figure S10).  

An explanation could be that in other studies cows went to pastures in summer, whereas for 

this work cows stayed lowland with a change in the feed because usually, starch comes from grain 

corn in summer and from silage during winter, and this causes an increase of saturated FA and the 

amount of conjugated linoleic acids (CLA) during summer. 
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However, the focus of this study was to highlight the differences during different ripening 

times, thus the residuals calculated from the model were used to build a PCA (Figure 20). 

 

Fig. 20: PCA plot obtained with the residuals of glm, no outliers. The colors are according to their commercial 

aging segment. 

As we can see from the score plot, even with the removal of the influences of year and season 

of production, the ripening months are not clearly distinguished, but this only indicates that ripening 

is not the major source of variability in the residuals. To assess if the lipid profile and ripening are 

somehow associated, we decided to perform the PLSR, as previously described (Supplementary 

Figure S11). 

In this case, the RMSE was higher compared to the one obtained for the aqueous fraction, 

speaking of a less strong association of the lipid profile to the aging time. The permutation test, 

however, showed that the model performed better than a random one, indicating that some form of 

correlation still existed. As already discussed, it was not possible to pinpoint specific compounds, but 

the larger regression coefficients were the ones associated with the total amount of CLA, 1,2-DAG 



87 

 

and TAG. The observed trends are coherent with the presence of enzymatic processes acting on 

triglycerides (Malacarne et al. 2009) (Supplementary Figure S12). 

4.4.2 Bactofuge 

4.4.2.1 Aqueous fraction 

The PCA score plot of the dataset containing GP and bactofugated samples is shown in Figure 

21. The PC1xPC2 plane accounts for a large part of the variance and the separation between the two 

classes of samples is clear, indicating that the presence of this additional step strongly affected the 

composition of the aqueous fraction. 

 

Fig. 21: PCA plot, aqueous fraction, colored according to the class “traditional GP vs Bactofuged GP. 

As discussed in the Material and Methods section, PLS-DA was used to identify the most 

relevant “biomarkers”. As expected, the model had very good sensitivity and specificity (over 0.9), 

performing a good separation of the two classes with a very low misclassification rate (3 out of 45). 
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The regression coefficients were used to identify the most significant compounds and the profile of 

the annotated buckets are shown in Figure 22.  

 

Fig. 22: Quantification of significant compounds, aqueous fraction.  

The samples produced with the “traditional” procedure resulted in having higher organic acids 

(acetate, formate, pyruvate, lactate) and glycerol and lower amounts of threonine, tyrosine and 

pyroglutamate (Figure 22).  

The higher amounts of acids are in agreement with the higher amounts of microorganisms and 

spores which are thermoresistant and not completely eliminated by the production process, while 

tyrosine is an important compound for the formation of granules which give the typical characteristic 

to the paste of Grana Padano cheese. Anyway, an unexpected result is the lower amount of 

pyroglutamic acid in samples produced with the traditional process: its formation is mostly enzymatic 

(Mucchetti et al., 2000) and it is accelerated by thermophilic lactic acid bacteria (Mucchetti et al., 

2002), thus is seems that LAB can better perform without any other microorganism or spore. 
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4.4.2.2 Lipid fraction 

As in the case of the GP aging dataset, the lipid fraction was not largely affected by the 

bactofugation process, but interestingly the PCA highlights the different time of production (Figure 

23).  

 

Fig. 23: PCA plot of lipid fraction, colored according to season of production and the class “Grana Padano 

traditional and bactofuged”.  

In fact, by coloring the samples according to their month of production, it is possible to see 

three different clusters which are related to three different seasons: spring/summer, autumn, winter. 

These results were discussed in the previous section.  

Since the season of production was the major impact factor on the distribution of samples, a 

glm was performed as for the ripening analysis. After the removal of the influence of season and year, 

with the matrix of the residuals a PLS-DA was performed to see if a discrimination was now possible. 

The PLS-DA model has a lower specificity compared to the one obtained with the aqueous fraction 

(around 0.7) and a rather high misclassification error (16 misclassified out of 45), nonetheless it was 

still possible to correctly classify the larger part of the test set. In terms of biomarker identification, 

the samples produced with the bactofugation step had a lower amount of 1,2-diacylglycerols (Figure 
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24). A suggested explanation could be that lipases produced by milk psychrotrophs are no longer 

present in the bactofuged milk, thus the lysis of triglycerides is lower (Ribeiro et al., 2019). 

 

Fig. 24: Boxplot of significant annotated compounds, colored according to the class “traditional Grana Padano 

vs Bactofuged Grana Padano”. 1,2-DAG: 1,2-diacylglycerols.  

 

4.5 Conclusions 

In this work, two important aspects regarding cheese economic value have been treated: 

ripening processes and production process. The aqueous and lipid fractions have been studied with 

NMR spectroscopy following an untargeted approach. The statistical treatment was complex due to 

the different factors influencing the profiles and different models were applied. Our investigation 

demonstrated that aqueous fraction was influenced by ripening time and several possible biomarkers 

were identified. The lipid fraction was instead mainly influenced by the season of production, and this 

can be linked to the fact that, depending on the season and weather conditions, the cow feed changes 

with strong impacts on the milk composition. Despite this fact, a reliable PLSR model on this fraction 

highlighted minor evolutions of the lipid profile during aging, most likely linked to lipolysis. The 

second part of our study involved the assessment of the quantitative effects of bactofugation on the 

cheese compositional profile. It was possible to highlight the differences in the profile for both 
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aqueous and lipid fraction between samples produced in the “traditional” way and samples produced 

with the additional centrifugation step, giving a strong and scientific valuation basis to the Consortium 

for the decision about its inclusions in the procedural guidelines. The aim to detect different important 

aspects of Grana Padano cheese with a simple NMR analysis was achieved, laying the groundwork 

for the inclusion of untargeted metabolomics in official procedure for high quality cheese protection. 

4.6 Supplementary materials 

 

Fig. S 7: Distribution curve of the buckets ordered according to the intensity of their medians. 

The median of each bucket was calculated. The plot shows the buckets sorted according to their 

median intensities, and the selected buckets for the subsequent models are the buckets which are 

positioned where the curve starts (approx. 100). 
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Fig. S 8: Boxplot of important compounds for the aqueous fraction, influenced by season and year of production 

respectively. 

 

Fig. S 9: PCA plot of the lipid fraction. The samples are colored according to their commercial aging segment.  
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Fig. S 10: Boxplot of the annotated significant compounds divided according to the season of production. CLA: 

conjugated linoleic acids; SFA: saturated fatty acids; UFA: unsaturated fatty acids.  

 

 

Fig. S 11: PLSR score plot for the lipid fraction “cleaned” from the influences of year and season of production. 
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Fig. S 12: Boxplot of the significant annotated compounds, colored according to their commercial aging 

segment. CLA: conjugated linoleic acid; DAG: diacylglycerols; TAG: triacylglycerols.  



95 

 

CHAPTER FIVE 

NMR-METABOLOMIC STUDIES ON BLUEBERRIES STORED UNDER 

DIFFERENT CONDITIONS 

 

 

 

 

 

 

 

 

Valentina Maestrello 

Pavel Solovyev 

Brian Farneti 

Lara Giongo 

Luana Bontempo 



96 

 

5.1 Abstract 

Improving the fruit quality and prolonging the storage capability are important breeding targets 

for blueberry fruit. The focus of this preliminary study is to highlight the differences among cultivars 

and modifications in the metabolome of blueberry fruits under different storage conditions with NMR. 

NMR spectroscopy, because of its powerfulness and fastness of the analysis, was applied for this 

metabolomic study with promising results. Fruit of four blueberry cultivars (“Brigitta Blue”, 

“Centurion”, “Northland”, “Star”) were sampled and analyzed at three time points: at harvest, after 

21 days and after 42 days of storage under two storage conditions. After the sample homogenization, 

the juice was firstly extracted and then analyzed with the addition of a buffer for pH and D2O. The 1H 

mono-dimensional experiment was carried out for the spectra acquisition and then 2D experiments 

helped in the confirmation of the identified compounds. The spectra show a mixture of mostly amino 

acids and sugars. Metabolomic differences among the samples, determined with both untargeted and 

targeted approaches, are highlighted by multivariate analysis. Based on the PCA analysis of the fruits, 

the four cultivars were distinctly clustered. However, differences related to the storage conditions 

were found to have a lower impact on the fruit metabolic profile than genetic differences.   
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5.2 Introduction 

Blueberries are defined as “superfoods” thanks to their high nutritional values, organoleptic 

characteristics, and antioxidants properties (Sanchez-Ballesta et al., 2023). The increasing awareness 

of consumers on health benefits of these fruits has increased the attention and the market of blueberry 

fruits, and consequently the global production (Sanchez-Ballesta et al., 2023). The quality of fruits 

has always been a central topic in the agronomic field and different techniques for its assessment have 

been developed up to now (Gallardo et al., 2018).  

In recent years, the breeding activity of blueberries is also going toward the amelioration of 

the storage capability and of the organoleptic characteristics, which should be preserved, and which 

drive the consumers predilection and tastes (Farneti et al., 2020). The United States are the leaders in 

the blueberries production, but due to the increased demand other countries as Chile are arising their 

exportations (Concha-Meyer et al., 2015). The fruits should be conserved in an environment which 

allows them to be delivered through oceans and keep their characteristics through months, to guarantee 

a year-round supply of blueberries in the best possible conditions upon delivery without any defection. 

The actual storage conditions are around 0°C, with a relative humidity from 90 to 95% that provides 

a storage life of 4 – 6 weeks. Respiration rate as well as deterioration decreases for some fruits when 

under CO2 levels of about 10% to 20% (Concha-Meyer et al., 2015). But these conditions are not 

enough anymore, and an extension of time is becoming a central issue for breeders. In fact, it was 

disclosed that flavor, texture, and prolonged shelf-life are the most appreciated quality traits for both 

blueberry industry and consumers, but an uncontrolled shelf-life extension may have unintended 

negative consequences on fruit quality traits, for instance aroma or texture (Farneti et al., 2020). 

Nowadays, taste traits are mainly described by standard analysis, as sweetness is correlated 

with the amount of sugars measured on the base of Brix degrees and titratable acidity and sourness is 
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correlated with the measure of pH, whereas other important flavor characteristics have to be analyzed 

with more sophisticated techniques (Sanchez-Ballesta et al., 2023). Aroma is mainly dictated by the 

VOCs profile, which it is analyzed with HS-SPME-GC-MS and PTR-ToF-MS (Farneti et al., 2017). 

Texture is mainly adopted to test the ripeness of fruits and it is assessed with a texture analyzer 

(Giongo et al., 2013) and secondary metabolites are analyzed through LC-MS (Wu et al., 2022).  

NMR has been adopted for the study of blueberry fruits, mainly for its metabolomic 

characterization (Capitani et al., 2014) in a non-destructive and reproducible way. Low-field NMR 

(LF-NMR) and magnetic resonance imaging (MRI) were adopted to study deteriorated berries in a 

non-destructive way, being promising and helpful tools for the assessment of decay disease in fruits 

(Shicheng et al., 2019). LF-NMR was adopted also for the assessment of the effects of different 

freezing conditions on quality traits of berries (Cao et al., 2018). Other non-destructive methods were 

adopted to study diseases in blueberries, as computer vision and hyperspectral imaging (Qiao et al., 

2019), underlining the fact that breeders and the scientific community is moving toward the 

improvement of fruit quality. 

Therefore, this preliminary study involved the adoption of NMR spectroscopy for the 

investigation of the differences among four different blueberry varieties with screening purposes. 

After the first screening, the aim was the identification of possible changes in the metabolome of 

blueberries when stored under different conditions, as a supporting tool for qualitative, genetics, and 

physiological studies, and to help the breeding activity. 

The experimental design involved 4 cultivars, with different characteristics and genetic 

backgrounds, stored under 2 alternative conditions: under regular atmosphere and at controlled 

atmosphere of 7% of O2 and 18% of CO2, collected at 3 time points. The main questions of this study 

https://doi.org/10.3389/fpls.2017.00617
https://doi.org/10.1016/j.fochx.2022.100367
https://doi.org/10.1002/jsfa.9000
https://doi.org/10.1016/j.postharvbio.2019.110951
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were if there were dissimilarities detectable with a 400 MHz spectrometer between the cultivars and 

what happened under different anoxia conditions. 

5.3 Experimental procedure 

The 4 different cultivars were: Brigitta blue, Centurion, Northland, and Star. The different 

storage conditions were regular atmosphere (RA) of 20.9 kPa O2 and 0.03 kPa CO2 and controlled 

atmpsphere of 7 kPa O2 and 18 kPa CO2. The samples were collected at three different time-points: 

at harvest (T0), after 21 days (T1) and after 42 days (T2) of storage. The samples were 68 in total. 

The sample preparation was intended to be easy, for screening purposes. The blueberries were 

homogenized and stored at -80 °C. Part of the samples were used for standard analysis, as pH, 

titratable acidity and °Brix degrees, and with part of them 2 gr of the juice were extracted with 

centrifugation for 15 minutes and then a pH buffer and deuterated water with TSP as internal standard 

were added. The mixture was then mixed for 10 minutes. The samples were analyzed with a Bruker 

Avance Neo probe working at 400 MHz. The software used was Topspin 4.1.3 software in the 

automation mode with Icon NMR 5.2.3. The experiments were acquired with noesygppr1d pulse 

sequence with automatic adjustment of water signal suppression frequency, the size of the spectrum 

was 15 ppm, time domain consisted of 64K data points, number of scans was 64 and the number of 

dummy scans was 4, the time for relaxation delay was 10 s, receiver gain for all spectra was fixed at 

16. Spectra were processed in the TopSpin software with apk0.noe phase correction and the size of 

real spectrum set to 131072 (128K, 2xTD) data points. Peak assignment was performed manually, 

based on literature data and with the aid of AssureNMR software, using HMDB (Wishart et al., 2022) 

database. Quantitative analysis in aqueous fraction was performed with AssureNMR software through 

an external standard method using the so-called ERETIC technique (electronic reference to access in 

vivo concentrations), based on the PULCON principle (Hong et al., 2013). The repeatability of the 
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method was performed by periodically acquiring one manufacturer standard (2mM sucrose) against 

another one, with the same experiments described above. All the quantified signals have a higher 

signal-to-noise ratio than 10. The peak identification and 2D experiments were performed on a 600 

MHz, for confirmation.  

The spectra were binned in segments of 0.04 ppm. The bucket table was obtained with the 

software AssureNMR from Bruker and all the statistical analyses were performed with R (R core 

team, 2021). All the data management and plots were obtained with tidyverse (Wickham & Wickham, 

2019), tidymodels (Kuhn & Wickham, 2020) packages. As for the statistical analysis, a simple 

Principal Component Analysis was adopted, because the spatial distribution of samples was clearly 

defined, and no further and sophisticated analysis were needed. The untargeted approach was adopted, 

considering the entire spectra, with the only removal of water region. PCA plots were obtained with 

FactoMineR (Lê et al., 2008) and FactoExtra (Ramadan et al., 2020) packages.  

All the values in the bucket tables were mean-centered and Pareto scaled (Kandasamy et al., 

2020) to reduce the relative impact of high-intensity buckets, keeping the overall structure of the 

dataset intact (van den Berg et al., 2006). 
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5.4 Results 

The acquired spectra of the 4 different cultivars under regular atmosphere at T0 are showed in 

Figure 25.  

 

Fig. 25: 1H NMR spectra of blueberry juices, recorded with a 400 MHz spectrometer. Color codes: green 

Centurion, red Brigitta blue, purple Star, blue Northland 

Figure 25 demonstrates differences among the cultivars as in the organic acid region, highlighting the 

power and helpfulness of NMR, that with just a simple and fast analysis can underline important 

characteristics of the cultivars. 

An untargeted approach was then adopted, and PCA was performed, Figure 26.  
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Fig. 26: PCA plot of the untargeted analysis of blueberries spectra. B: Brigitta Blue; C: Centurion; N: 

Northland; S: Star. 

The cultivars appear to be well apart and also the principal components describe the variance well: 

the first component describes the 56% of the variance, which is a good value, and the second 

component the 26.9%. A relevant thing to notice from the graph is that the main effect for the 

separation is given by the different cultivars, not from the treatments. Meaning that it is possible to 

identify specific storage conditions for the different cultivars which maintains their inner differences 

induced by the different storage conditions. 

The loading plot (Figure 27), through the assignation of the arrows, highlights the regions of 

the spectra which characterized the most the cultivars.  
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Fig. 27: Loading plot of the PCA plot in Fig. 26. The signals of the discriminating compounds are highlighted 

in the plot. 

The arrows pointing up characterize the group in the upper part of the plot. In red, there are the regions 

of the spectra which characterize the most the Brigitta cultivar, which are the regions of citric acid. 

Centurion has high value of quinic acid, shikimic acid and some sugars (which are difficult to assign 

with a 400 MHz and a mono-dimensional experiment); Star and Northland are characterize by regions 

in the carbohydrate region. From the loading plot it is possible to highlight even compounds which 

are missing from the cultivars: malic acid is, for example, low or missing in Northland cultivar, which 

is at the opposite part of the plot. 

By giving a deeper look at the regions, and through the comparison of the results with the 

standard analysis performed on these samples (Table 5), it came out that Brigitta is not characterized 

the most by peaks in the sugars region, and in fact it has the lowest value of °Brix degrees compared 

to the other varieties, while Centurion is characterized by sugars so it has high value of °Brix degrees. 

Also, its amounts of glucose, fructose and sucrose are high, meaning that there is a comparison and a 

consistency between the analysis. Brigitta is mostly characterized by citric acid, and it has this 

compound in bigger amounts than the others, and in fact the analysis of the titratable acidity showed 
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already this difference. Citric acid is an important acid in blueberries, which is around the 80% of the 

organic acids, thus accounting for the majority of the titratable acidity. 

Table 5: Comparison of results obtained with standard methods and NMR spectroscopy 

 

Brigitta Centurion Northland Star 

°Brix 9,70 14,50 10 11 

Alpha - Glucose (mmol/L) 88 135 84 101 

Beta – Glucose (mmol/L) 120 190 104 133 

Fructose (mmol/L) 254 470 310 368 

Sucrose (mmol/L) 0,36 0,56 0,35 0,40 

Titratable acidity 25 8 10 10,50 

Citric acid (mmol/L) 71 9,3 24 26 

Malic acid (mmol/L) 2,7 5,7 n.d. 4,5 

Succinic acid (mmol/L) n.d. 0,17 0,17 0,13 

  A targeted approach was then followed, after the identification and quantification of the 

significant peaks (Figure 28). 
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Fig. 28: Quantification of the most significant compounds. 

Organic acids can characterize a lot a cultivar because, as it is shown in Figure 28, each cultivar 

has its characteristic amount of organic acids and its specific pool of them. As for example, Centurion 
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cultivar doesn’t have a relevant amount of acetic acid, while it has quinic acid which is missing in the 

other three cultivars. Regarding amino acids, they are in different amounts in the 4 cultivars, but 

interestingly alanine and valine seem to have the same trends, whereas glycine is in different 

quantities, and it has the opposite trend. Sugars were also esteemed, thanks also the quantification 

methodology reported in (Navarro et al., 2020), which allowed the distinction among the three main 

sugars: glucose, fructose, and sucrose. Centurion showed the highest values of sugars, results in 

agreement with the standard methods in which °Brix degrees were found high in this cultivar. From 

Figure 28 it is possible to deduce an important conclusion: the intrinsic differences among cultivars 

were preserved despite the different storage conditions (treatments).  

After this preliminary screening study, which highlighted the differences among the cultivars, 

the single treatments were considered. Looking at the trends of the compounds under different storage 

conditions, it is possible to design specific and suitable storage conditions for each cultivar (Figure 

29). 
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Fig. 29: Quantification of the most significant compound for each cultivar, discriminated according to different 

storage conditions. A: Brigitta Blue, B: Centurion, C: Northland; D: Star. 

Brigitta cultivar showed different trends between the two treatments for three organic acids: shikimic 

acid, malic acid, and lactic acid. Centurion cultivar showed significant differences in the amounts of 

acetoin, alanine, and lactic acid and shikimic acid. Organic acids were different also in Northland 

cultivar, which evidenced differences for citric acid, succinic acid and shikimic acid. Anyway, Star 

cultivar didn’t show significant different trends for any of the quantified compounds. In general, the 

acidity of the cultivars seems to be more stable in the controlled atmosphere than at regular 

atmosphere, which instead shows a decrease during storage time. In particular, citric acid is a main 
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character for the assessment of the quality of the berry (Forney et al., 2012), decreasing the sweetness 

but improving the antioxidant properties. Moreover, citric acid increase during ripening (Forney et 

al., 2012), highlighting the fact that a better maturation process is happening at regular atmosphere. 

These different trends clearly show that these compounds are linked to the respiratory metabolism of 

the fruit. 

Looking at the sugars, we can see that all the quantified sugars have the same trends in the 4 

cultivars, and they maintain more or less the same amount during the 42 days of storage, meaning that 

the sugars are not particularly affected by the different storage conditions. This could be a helpful 

news for breeders who shouldn’t be worried about keeping the sweetness of the berries during storage. 

A note is that acetoin which gives a nice flavor of butter and almond to the fruit (Xiao & Lu, 2014), 

in centurion has different trends for the 2 treatments, so it should be take into consideration to improve 

the aroma. 

In this preliminary study, it was possible to develop a fast method for screening purposes with 

a 400 MHz spectrometer, and the obtained results were in agreement with the analysis done with the 

standard methods. As a plus, with NMR it was possible the quantification of single sugars, instead of 

just evaluate °Brix degrees and without derivatization, needed with GC-MS. Moreover, with this 

method, with just a single run of the sample the differences among the cultivars and different storage 

conditions at different time points were highlighted, making the study easy to develop with both the 

approaches, the targeted and the untargeted one. The results also in this case were in agreement with 

the results found with the 600 MHz spectrometer. This method will also be possibly applied by 

breeders as a tool to assist the breeding activity. 

  

https://doi.org/10.1021/jf5013902
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CHAPTER SIX 

General discussion and conclusions 
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6.1 General discussion 

This PhD project aimed to combine the NMR spectroscopy, a powerful technique, with 

chemometric analysis to assess traceability, authenticity, and quality of foods. Recently, consumers 

have been started to pay more attention to quality and specific characteristics of foods; for example, 

they demand more traceability and clarity regarding the origin of what they buy and what they eat 

(Petrescu et al., 2020). In this regard, many different organizations, regulation bodies and nations 

started the adoption and implementation of actions to protect high-quality products. For example, the 

European Union legislated on PDO, PGI and TSG products and the OIV (International Organization 

of Vine and Wine) developed official analytical methods for the assessment of quality of wine (OIV, 

2022). Despite the precautions and the developed official methods, the need of even more stringent 

controls is becoming fundamental to ensure consumers on the origin of products and to guarantee high 

quality standards. Moreover, the technology is evolving, and it allows the development of new 

methods which can be faster, easier, and more specific on the targets than the already existing ones to 

assess food declared characteristics. From this perspective, NMR can be a useful and helpful technique 

for the assessment of foods, with both the targeted and untargeted approaches.  

The targeted approach was the first adopted with NMR spectroscopy in science, because it 

needs specific peaks identification and quantification and the treated variables are a limited number, 

making the statistical analysis not too heavy. For example, Mannina et al., 2009 detected the 

adulteration of refined olive oil with a refined oil of different botanical origin, hazelnut, with NMR 

and a targeted approach achieving good results in terms of detected adulteration percentages. Another 

example of geographical discrimination with NMR and a targeted approach is given by Gougeon et 

al., 2018, through the identification and quantification of 33 compounds and PCA and ANOVA 

analysis.  
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Untargeted approaches have taken hold later, because the untargeted approach involves the 

spectra in its entirety: NMR spectra are divided into small segments (0.02-0.08 ppm), buckets, so in 

the end the data involved in the statistical analysis are hundreds, meaning that the statistical 

manipulation could involve heavier processing methods.  

6.1.1 Methodological approach 

In this text, NMR spectroscopy in combination with chemometrics following an untargeted 

approach was adopted for the assessment of traceability, authenticity, processing production and 

quality of three main characters in the food world: extra-virgin olive oil, Grana Padano cheese and 

blueberries. The method adopted for the study of the three high-quality foods was the same: 

development of a suitable and efficient sample preparation, the correct acquisition of the NMR spectra 

with a 600 MHz spectrometer and a 400 MHz spectrometer and the selection of the correct statistical 

analysis to achieve the aim of the study. The initial statistical approach was the untargeted approach, 

to have a clear vision of the entire dataset and highlight possible outliers or defections of the method. 

After the initial screening, it was performed the identification and quantification of the most 

discriminant compounds to highlight the differences or common characteristics of the statistical 

clusters. This method was found to be efficient and powerful for all the three foods involved in this 

PhD project. 

6.1.2 Extra-virgin olive oil 

In Chapter 2 it was highlighted the powerfulness of NMR as a tool for the identification of 

different olive oil adulterations, as the adulterations with different oils, the assessment of the cultivar 

and the assessment of the geographical origin. After a first introduction of the different adulterations 

borne by olive oil, a section dedicated to the state-of-art of the adopted analytical methods for quality 
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control was reported. The aim of the work was the drafting of a thorough scientific review about the 

countless NMR studies regarding the assessment of different characteristics attributed to olive oil; 

studies which can be adopted as an alternative to state-of-the-art methods to fight adulterations and 

mislabeling of this high-quality product. Important results were achieved in different studies, as the 

identification of adulteration at low levels of mixture: Mannina et al. (2009) achieved the identification 

of 10% of adulteration with a targeted approach, and Popescu et al. (2015) achieved a level of 5% of 

adulteration through the adoption of both 1H and 13C spectroscopy and chemometrics. As for the 

untargeted approach, it was adopted later but with still good results, as reported by Alonso-Salces et 

al. (2022), who discriminated even at 5% of adulteration blends of virgin olive oils with oils with 

other botanical origin.  

The assessment of the cultivar is an important aspect to detect, and NMR was largely adopted 

in this field. Several targeted and untargeted analytical approaches have been employed to authenticate 

olive oils based on their cultivar origin. A targeted approach was adopted by Cabrita et al. (2021), 

who combined the results of 1H and 13C experiments to discriminate samples from nine different 

cultivars by analyzing triacylglycerols signal areas, achieving good predictivity results. Additionally, 

Karkoula et al. (2012) demonstrated the quantification of oleocanthal and oleacein using NMR 

spectroscopy, which proved effective in discriminating between cultivars and even samples from 

different geographical regions. 

In contrast to targeted approaches, untargeted methods analyze overall metabolic profiles to 

distinguish olive cultivars. This approach has been validated through inter-laboratory studies and has 

successfully discriminated monocultivar and blended olive oils based on multivariate analysis of 

NMR data (Piccinonna et al., 2016). Phenolic compounds, terpenes and diacylglycerols were found 



113 

 

to be important compounds in the discrimination between oils of Turkish and Slovenian olive varieties 

with 1H NMR profiling and a multi-suppression experiment (Ozdemir et al., 2018). 

Comparative studies have evaluated the performance of NMR spectroscopy against other 

analytical techniques like GC-FID and UHPLC-CAD for cultivar classification, with NMR showing 

good agreement and sensitivity, despite slightly lower performance compared to GC-FID in terms of 

sensitivity and separation.  

In the end, the issue about the geographical origin assessment has been addressed, with 

targeted and untargeted approaches. 1H-NMR spectroscopy has emerged as a promising method for 

assessing EVOO geographical origin, ranging from Mediterranean to regional and PDO scales. 

Targeted approaches selected different important signals, based on the geographical area to 

discriminate: PDO olive oils from Veneto region were discriminated by volatile compounds (Mannina 

et al., 2005), olive oils from Lebanon were discriminated by the amounts of saturated and unsaturated 

FAs, linoleic acid, linolenic acids, and minor compounds (Merchak et al., 2017), Ligurian olive oils 

were characterized by terpenes and low levels of saturated FAs (Mannina et al., 2010). The untargeted 

approaches were able to assess the geographical origin at regional level, as with Tuscan PGI olive oils 

(Girelli et al., 2018) and with Sardinian olive oils (Culeddu et al., 2017). 

This review gives an important insight into the characteristics of olive oils which can mostly 

characterized them, and as it was reported, there are no specific compounds nor rules to discriminate 

them. In each study important compounds can be found, meaning that the variability and inner essence 

of the products varies according to different aspects (geographical origin, cultivar, environment of 

growth) and specific targets can’t be established for sure. In this view, the power of NMR and 

untargeted approach are important because with just a single analysis and data manipulation different 

information can be extracted on the base of the profiles of the samples and not established a priori. 
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Further advancements include isotopic analysis (Alonso-Salces, Moreno-Rojas, et al., 2010; 

Camin et al., 2016) and lipid profile analysis (Lukić et al., 2019) for geographical classification.  

The review also covers NMR preparation and analytical steps, emphasizing the simplicity of 

sample preparation for 1H NMR, the most commonly used technique.  

Overall, the review highlights the potential of NMR spectroscopy as a valuable tool for 

authenticating and tracing EVOOs, offering insights into its targeted and untargeted applications, 

sample preparation, and analytical procedures. Despite regulatory recognition hurdles, NMR holds 

promise for enhancing the quality control and authentication processes in the olive oil industry. 

6.1.3 Grana Padano cheese 

In recent years, there has been a surge in food fraud cases, with mislabeling of Geographical 

Indication being a common issue. Grana Padano cheese ranks second among the most counterfeited 

"made in Italy" products. Despite protection efforts by European regulations, such as EU Regulation 

No 1151/2012 safeguarding PDO, PGI, and TSG food products, imitators continually find new ways 

to deceive consumers.  

After a general overview of the currently adopted analytical methods to assess the authenticity 

of Grana Padano cheese, the NMR spectroscopy was employed to analyze real PDO Grana Padano 

samples and samples from its major competitors. Aqueous and lipid fractions were examined both, 

revealing distinctive profiles. 

The Random Forest analysis was chosen over PLS-DA because it performed a better separation: 

given the large variability of the dataset, the structure of RF based on an ensemble of decision trees 

describes the complicated situation better. The important factor of a RF analysis is the AUC value, 
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which is based on the ability of the model to classify negative and positive classes. The AUC values 

of the aqueous and lipid model (Figure 12) with both the targeted and untargeted approaches were 

compared, to highlight the higher performances of the untargeted approach for both the fractions. This 

is an important result because it underlines the fact that a full consideration of the samples gives a 

better understanding and thus a better separation of the dataset and of the “issue” which is being 

studied, instead of just considering specific compounds of a given product. Another important result 

was the even better performances of a unified model compared to the untargeted models of the 

aqueous and lipid fractions: after a comparison of their AUC values (Figure 13), the unified model, 

built from the merging of the two fractions, happened to have the highest AUC score. In fact, amino 

acids and organic acids are up-regulated and the FA profile is down-regulated and together they 

describe the cheese in its entirety without leaving out any important part of the cheese from the study. 

As for the important compounds, it was difficult to highlight specific signals and define specific 

thresholds because of the large variability of the class of competitors. As it was shown in the violin 

plots (Figure S3 and S5), the Grana Padano class has specific “limits” for the quantified compounds, 

whereas the competitor class shows a huge variability of values because of the multiple possibilities 

as competitors for Grana Padano cheese, underlining the importance of an untargeted and effective 

analytical method. 

Chapter 4 is about the assessment of the ripening of Grana Padano cheese and of two different 

production processes. In this project real PDO Grana Padano samples with different aging times were 

studied to build a regression model able to discriminate the different ripening months. The statistical 

approach was complex due to the numerous variables involved, which was clearly shown by the PCA 

(Figure 15 and 19). The differences among samples were due to the different ripening months and 

also due to year and season of production. Because of this complexity, the first statistical approach 
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was the univariate approach, to clean the dataset from the influences of year and season of production. 

Once the dataset was influenced by only the ripening months, a multivariate statistical analysis was 

performed, adopting a PLS Regression model.  

For the aqueous fraction, PLSR regression identified age-related biomarkers, largely organic 

acids and amino acids. Lipolysis and proteolysis were highlighted as crucial processes shaping aroma 

and flavor, with water content impacting texture and stability. Lactic Acid Bacteria played a pivotal 

role in these processes, with different microbial pathways influencing final product compositions. 

Organic acids and amino acids exhibited distinct trends during aging, with certain compounds acting 

as markers of cheese maturation. Overall, the findings underscored the importance of aging in 

enhancing the organoleptic qualities of cheeses. 

For the lipid fraction, which followed the same statistical workflow as the aqueous fraction, 

PLSR regression model didn’t give evident markers because the signal assignation and quantification 

is more complex for the lipid fraction. Anyway, the model evidenced an association between lipid 

profile and aging time, with notable regression coefficients linked to CLA, 1,2-DAG, and TAG levels. 

These trends align with enzymatic processes acting on triglycerides. 

The second part of Chapter 4 was about the discrimination of the different production 

processes. PDO Grana Padano samples produced with the traditional process and samples produced 

with an additional step, the bactofugation step, were involved in the study. The aqueous fraction 

happened to be the most influenced by the different processes, and in particular the organic acids were 

the most affected (Figure 22). The bactofugation step is indeed a centrifugation step which aims to 

remove thermoresistant spores and micro-organisms, which are in lower amounts in the 

“bactofugated” samples, and they have, consequently, minor amounts of organic acids which are 

produced by those microorganisms.  
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The lipid fraction, instead, was not clearly and significantly influenced by the different 

production processes. 

These results were important assets for the Consortium as regards the decision whether to add 

this additional step in the procedural guidelines or not, because they give an important overview of 

what happens in the metabolome of the cheese when it underwent different production processes. 

6.1.4 Blueberries 

The aim of the preliminary study reported in Chapter 5 is the discrimination of the different 

varieties of blueberries with NMR spectroscopy, in order to help breeders to differentiate them with 

an easy and fast method respect to the genetic characterization. The results were interesting because 

with a 400 MHz spectrometer it was possible to highlight many differences among the varieties of 

blueberries, and most importantly, these results were in agreement with the results found with other 

methods. Brigitta Blue is characterized by a high value of titratable acidity and, indeed, the citric acid 

is the most significant compound in the discrimination, as for Northland variety, which characterized 

by also a high amount of carbohydrates. Star is discriminated by signals in the sugar region, and indeed 

the °Brix degrees are higher respect to Northland and Brigitta. Centurion is characterized by low 

amounts of citric acid and consequently by low values of titratable acidity, but interestingly it seems 

to have higher values of quinic acid and malic acid, compared to other varieties. The most important 

trait of Centurion is the sweetness, in fact it is characterized by high amounts of sugars, reflected in 

the high value of °Brix degrees.  

Moreover, the differences between two storage conditions were detected. In the controlled 

atmosphere, organic acids were found more stable than in regular atmosphere, whereas, luckily, sugars 

were found to be stable in both the storage conditions, meaning that the sweetness of the fruit is not 
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threatened by the different atmosphere. Specifically, Star didn’t show any significant difference 

between the different treatments, Northland and Brigitta showed specific differences between 

treatments in organic acids compositions, and Centurion showed differences regarding acetoin, an 

important compound for flavor and taste. 

6.2 Conclusions and future perspectives 

In this text, the performances of NMR spectroscopy in combination with chemometrics were 

investigated, underlining the suitability and efficacy of this powerful analytical method regarding the 

assessment of traceability, authenticity, and quality of food products. While sophisticated analytical 

methods are widely employed to assess the authenticity of food products, they often focus on isolated 

characteristics and fail to provide a comprehensive evaluation of the product as a whole. This 

limitation makes current strategies less effective in detecting increasingly sophisticated forms of 

adulteration. For this reason, NMR spectroscopy was adopted with an untargeted approach: to detect 

differences and build reliable statistical models considering the samples in its entirety, so even small 

compounds can be considered during the analysis.  

The authenticity and traceability of EVOO were treated with a thorough scientific review, with 

the aim to underline the powerfulness and promising results of this technique. An important aim for 

the future could be the investigation of the same aspects with a benchtop NMR, to adopt this technique 

even in quality-control laboratories of industries, controlling bodies, large-scale retail. 

The authenticity and traceability of PDO Grana Padano cheese were studied with NMR 

spectroscopy and chemometrics. In the first part of the study, a reliable model for the authentication 

of real Grana Padano cheese against its competitors was achieved, showing the importance of 

considering the sample as a whole: the aqueous and the lipid fraction both. Then, the ripening months 
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of Grana Padano cheese were assessed with a regression model with good results: the aqueous fraction 

happened to be the most influenced fraction, containing the larger part of affected compounds. 

Moreover, the influence of bactofugation on the final product was investigated, showing that 

the aqueous fraction is largely affected by this centrifugation step, giving an important result to the 

Consortium because even the organoleptic characteristics are influenced, which can change the 

characteristic flavor profile of Grana Padano cheese. 

Additionally, a preliminary investigation into blueberries sought to identify varietal differences 

and assess the effects of storage time using NMR-based metabolomics. This approach offered 

potential insights into metabolic changes during storage, which could inform breeding strategies and 

enhance product quality. 

As future perspectives, regarding Grana Padano authenticity:  

• This study can be widened with the study of blends of cheese in shredded forms and it 

can be widened even the “Competitors” class, to better train the model with even more 

competitors’ possibilities.  

• Another important aspect which can be investigated in collaboration with food 

technologists and biologists is the influence of year and season of cheese production 

on the milk and thus on the final product.  

• An interesting study, which should be made with a micro-biologist, could be the 

investigation of what happens to the milk composition along the entire production 

chain. 
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As for the study about blueberries, the dataset can be enlarged, and other possible suitable 

storage conditions can be involved in the experiment. 

Looking into the future, the analytical approach to food authenticity and traceability is poised 

to undergo significant advancements, driven by technological innovation and increasing consumer 

demand for transparency in the food supply chain. However, along with these opportunities come 

several potential challenges. As the technological innovation will improve the standard analytical 

techniques to assess food authenticity, there will be also an evolution of food fraud techniques, which 

may outpace the development of detection methods. As fraudsters become more sophisticated in their 

approaches, analytical techniques must continuously adapt to remain effective. Moreover, another 

obstacle can be that due to the globalization of the food supply chains, products can undergo different 

manipulations and productions steps and this diversity can be an obstacle in the development of 

specific and standard quality control analytical methods. The harmonization of regulations and 

increasing quality assurance measures can be a tool to countering these possible diversities, but the 

improvement and adaptation of analytical standard methods will be the key for ensuring food 

authenticity. In particular, the advancement of untargeted approaches, able to recognize differences 

across entire datasets, without any prior knowledge can be a pivotal investment for food industry and 

regulatory agencies, because through the acquisition of the sample comprehensively the identification 

and exploration of diverse aspects within them are possible, allowing for the detection of potential 

resemblances to established authentic sample groups. 

Overall, this text underscores the complexity of ensuring food authenticity and highlights the 

importance of robust analytical methods and ongoing research to safeguard the integrity of food 

products in the face of evolving challenges. 
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