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ABSTRACT 

 

The concept of traceability is a complex and interdisciplinary field having economic and 

environmental implications and encompassing different actors: governments, producers 

and consumers. The development of an effective traceability system involves different 

research areas both in the food industry and in the academic world and focuses on very 

different objectives. In general, a good traceability system needs full cooperation between 

the abovementioned actors and an effective legislative contribution. In this context, the 

role of analytical chemistry is mainly addressed to food authentication and control, in 

which the conformity of given products to the label specifications as well as the presence 

of contaminants or hazardous substances must be verified. In recent years, the research 

in food analysis has mainly focused on the identification of new and efficient indicators 

of quality and authenticity, through the development of sensitive, reliable analytical 

methods compatible with routine control analysis and to be integrated into the supply 

chain.  

The different case studies reported in this thesis concern typical regional foodstuffs grown 

in small-scale farms located in restricted Italian areas. To these products is, nowadays, 

recognized high traditional worth and market price, a value that is protected by certified 

trademarks. The high commercial value and the limited availability make these products 

vulnerable to fraud and food adulteration for profit-making purposes. In this context, 

small producers may not have the financial possibilities to invest in implementing an 

effective traceability system to protect their reputation. Thus, this work aims at 

developing and validating analytical methods useful for the authentication and 

geographical discrimination to safeguard some niche high-value foods produced in 

different Italian regions. 

In the field of food analysis, fingerprinting techniques should be preferred to the so-called 

targeted analysis; the former measures the composition of foodstuffs in a non-selective 

way providing a wide outlook about the food matrix. This approach produces a large 

number of variables that allow a complete characterisation of the complex food matrix 

but collects, also, non-informative variables that may obscure the contribution of those 

useful for solving the specific problem. In this thesis, two main untargeted approaches 

were employed. The first exploits the analytical techniques capable of generating a multi-

elemental profile, providing valuable information about the origin of the product, as the 



 
 

observed multi-elemental pattern is directly linked to the soil and climatic conditions of 

the production area. The second approach involves the use of spectroscopic techniques in 

the UV-Vis and IR spectral ranges. Both experimental responses have been correlated 

with the food geographical origin through appropriate multivariate statistical processing. 

The employed chemometric approaches included exploratory multivariate analysis and 

different single and multi-block supervised pattern recognition methods. The excellent 

results obtained in the applications supported the effective and indispensable role of 

chemometric processing in the field of food control to handle complex matrices, like those 

provided in food analysis. Therefore, this study could be a starting point for putting in 

place experimental/chemometric methods that could be integrated into small-scale 

traceability systems aimed at protecting local markets. 
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CHAPTER 1 

Introduction 

 

1.1 Traceability 

Traceability is nowadays a widely used concept that could sound trivial referring to the 

ability to trace, i.e. follow, the flow of material and information within a company and/or 

through each step of the entire production process, which is viewed as a link in the so-

called “supply chain”. However, traceability has proven to be an interdisciplinary 

complex field developed in different directions both in the food industry and in academic 

research that, spanning different scientific fields like economics and marketing, 

engineering, social and natural sciences, focuses on very different objectives.1 That is 

why no common understanding of traceability definition and principles exists making the 

concept actually confusing. The EU Common Food Law defines traceability 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”.2 The term traceability has started to be even a legal matter 

since 2005 becoming the title of Article 18 of the EU regulation 178/2002 that is applied 

to all foodstuffs that are tradable to assure their safety (Article 18), giving food safety 

responsibility to all business operators (Article 19).2 The legislative effort to incorporate 

traceability in food regulations was a direct consequence of the increased number of food 

scandals in the last ten years of the twentieth century (the Bovine Spongiform 

Encephalopathy (BSE), or mad cow disease, dioxins in food and feed, Foot and Mouth 

Disease (FMD), outbreaks of foodborne illnesses) that destroyed the reputation of the 

food production chain, attesting a weak or completely lacking traceability system.3 Thus, 

 
1 K. M. Karlsen, B. Dreyer, P. Olsen and E. O. Elvevoll, “Literature Review: Does a Common Theoretical 
Framework to Implement Food Traceability Exist?” Food Control 32, no. 2 (2013): 409–417.  

DOI: 10.1016/j.foodcont.2012.12.011 

 
2 The European Parliament and the Council of the EU, “Regulation (EC) No 178/2002 of the European 

Parliament and of the Council of 28 January 2002 Laying down the General Principles and Requirements 

of Food Law, Establishing the European Food Safety Authority and Laying down Procedures in Matters of 

Food Safety,” Official Journal of the European Union L031, (2002): 0001–0024. Retrieved from: 

https://eur-lex.europa.eu/eli/reg/2002/178/oj 
3 D. Montet and G. Dey, “History of Food Traceability,” in Food Traceability and Authenticity: Analytical 

Techniques, eds. D. Montet, R. C. Ray, (CRC Press, 2017): 1-30. DOI: 10.1201/9781351228435 

https://doi.org/10.1016/j.foodcont.2012.12.011
https://eur-lex.europa.eu/eli/reg/2002/178/oj
https://doi.org/10.1201/9781351228435
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in the last decades, the implementation of an efficient and robust food traceability system 

has become a topical and global issue multilaterally addressed to ensure safety, quality 

and transparency along the globalized food supply chain. The central role traceability has 

currently gained in the international debates derives from many transversal drivers having 

social, economic and environmental implications and affecting all the main actors 

(governments, producers and consumers).4 The drivers reported below are interconnected 

and co-participate to a traceable production. 

• Legislation 

There is a bilateral dependence between traceability and legislation since, if traceability 

is found as a tool to comply with legislation, on the other hand, legislation is a tool to 

unambiguously define standards, roles, and responsibility in the whole food production 

process. Traceability is also a challenge from a legal point of view in order to obtain and 

define a coordinated system with ideal uniformity and interoperability at a global level. 

• Production optimization, chain communication and competitive strategies 

These drivers concern food industries and suppliers, bringing a number of benefits to 

production (lower cost of distribution, reduced recall expenses) although the traceability 

actually has an implementation cost.5 Traceability can be useful to minimize waste and 

ensure optimal use of raw materials, thus, to optimize the production process. In detail, a 

good traceability system can lead the industries to better plan the use of resources and to 

improve process control. That means avoiding, for instance, mixing high- and low-quality 

materials or evaluating the cause/effect indicators of quality and safety of the process 

practices.6 Chain communication helps the producers to satisfy legal requirements and to 

avoid repeated measurements, but also to retain existing customers and reduce consumer 

complaints. Traceability can also be used as a part of a competitive strategy, encouraging 

the producers to re-direct the production in relation to the market demands (organic, 

 
 
4 M. M. Aung and Y. S. Chang, “Traceability in a Food Supply Chain: Safety and Quality Perspectives,” 

Food Control 39, no. 1 (2014): 172–184. DOI: 10.1016/j.foodcont.2013.11.007 

 
5 M. Mack, P. Dittmer, M. Veigt, M. Kus, U. Nehmiz and J. Kreyenschmidt, “Quality Tracing in Meat 

Supply Chains,” Philosophical Transactions of the Royal Society a Mathematical, Physical and 

Engineering Sciences 372, no. 2017 (2014): 20130308. DOI: 10.1098/rsta.2013.0308 

 
6 T. Moe, “Perspectives on Traceability in Food Manufacture,” Trends in Food Science and Technology 9, 

no. 5 (1998): 211–214. DOI: 10.1016/S0924-2244(98)00037-5 

https://doi.org/10.1016/j.foodcont.2013.11.007
https://doi.org/10.1016/j.foodcont.2013.11.007
https://doi.org/10.1098/rsta.2013.0308
https://doi.org/10.1098/rsta.2013.0308
https://doi.org/10.1016/S0924-2244(98)00037-5
https://doi.org/10.1016/S0924-2244(98)00037-5
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sustainable and healthy food) and to use product information as a marketing purpose.7 In 

this sense, traceability leads to several benefits like product differentiation, product 

quality improvement and the increase in sales of products with value attributes that are 

difficult to discern. 

• Sustainability welfare and certification 

 Due to a globalized market, where raw materials and products travel worldwide, the 

demand for safe food is increasing as well as consumer awareness about the enormous 

impact that a globalized system has on the environment. As mentioned in the previous 

point, traceability ideally encourages the food producers to prefer and adapt the 

production process to a circular and sustainable economy paying attention to the welfare 

of animals and the quality of the raw materials. Indeed, the increase of agriculture 

sustainability, through a reduction in fossil fuel-derived and nitrogen fertilizers, could be 

a high added value to support with an efficient traceability system. Thus, a transparent 

system enables consumers to make a conscious and responsible choice, guaranteeing 

confidence in the food production system, well-being and peace of mind. Traceability is 

also a tool to prevent fraud and counterfeiting protecting high-added-value products and 

to safeguard both the reputation of national and international certified trademark and the 

honest producer’s reliability. 

• Food safety and bioterrorist threats 

Traceability is applied as a tool to assist in the assurance of food safety and quality, which 

are concepts better discussed in the following pages. In short, food-related risks can be 

attributed mainly to counterfeit and contamination phenomena. Contamination could 

occur on every step of the farm-to-fork chain and could be biological, chemical, or 

physical.8 The vast majority of food safety problems have been caused by the 

unintentional contamination of food, but there is a growing tendency to consider 

deliberate contamination as a type of bioterrorism. In this context, traceability helps to 

 
7 M. Canavari, R. Centonze, M. Hingley and R. Spadoni, “Traceability as Part of Competitive Strategy in 

the Fruit Supply Chain,” British Food Journal 112, no. 2 (2010): 171–186. DOI: 

10.1108/00070701011018851 

 
8 C. Nerín, M. Aznar and D. Carrizo, “Food Contamination during Food Process,” Trends in Food Science 

and Technology 48, (2016): 63–68. DOI: 10.1016/j.tifs.2015.12.004 

https://doi.org/10.1108/00070701011018851
https://doi.org/10.1108/00070701011018851
https://doi.org/10.1016/j.tifs.2015.12.004
https://doi.org/10.1016/j.tifs.2015.12.004
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increase consumer confidence and to prevent and manage food creases achieving faster 

response times to deal with food scandals or incidents.  

The figure below shows the desired outcomes and implication of a transparent globalized 

food system: 

 

Fig. (1.1): Environmental, social and economic outcomes of an effective traceable food system. 

Retrieved from: https://www.eea.europa.eu/soer/2020/soer-2020-visuals/food-system-desired-

outcomes 

 

Golan et al.9 specify three fundamental qualities for an efficient traceability system i.e.: 

1. The breadth (the amount of information that a system could collect and bear). 

2. The depth (how far the system can move along the supply chain in terms of 

accessibility to the relevant information). 

 
9 E. Golan, B. Krissoff, F. Kuchler, L.Calvin, K. Nelson and G. Price, “Traceability in the US Food Supply: 

Economic Theory and Industry Studies,” USDA, Economic Research Service, Agricultural Economic 

Report 830, (2004): 1-46. DOI: 10.22004/ag.econ.33939 

https://www.eea.europa.eu/soer/2020/soer-2020-visuals/food-system-desired-outcomes
https://www.eea.europa.eu/soer/2020/soer-2020-visuals/food-system-desired-outcomes
https://doi.org/10.22004/ag.econ.33939
https://doi.org/10.22004/ag.econ.33939
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3. The precision (the reliability level in following the particular movements of a 

food product). 

In order to better exploit the traceability concept, the related different aspects could be 

pointed out. First of all, it is possible to differentiate traceability depending on the 

direction in which the collection of information takes place. Accordingly, tracing 

indicates a backward or “supplier traceability”, whereas tracking expresses a forward or 

“client traceability”.10 Furthermore, it could be classified in internal traceability and 

process traceability; the letter case has proved to be critical since requires communication 

between each link of the supply chain (see Fig. (1.2)).11 

 

Fig. (1.2): Schematic representation of the food supply chain from farm to fork 

 

Operating these differentiations is crucial since one process does not imply the others, 

suggesting that both tracing and tracking, internal end process traceability have to be 

implemented in an effective traceability system. In this respect, Opara 12 provides a useful 

distinction between six major fields of competence that should be embedded in the 

traceability of the overall food supply chain: 

 

 
10 Aung and Chang, “Traceability in a Food Supply Chain: Safety and Quality Perspectives,” op. cit. ref. 4. 

 
11 R. Perez-Aloe, J. M. Valverde, A. Lara, J. M. Carrillo, I. Roa and J. Gonzalez, “Application of RFID 

Tags for the Overall Traceability of Products in Cheese Industries,” in 2007 1st Annual RFID Eurasia 

(IEEE, 2007): 1–5.  DOI: 10.1109/RFIDEURASIA.2007.4368136 

 
12 L. U. Opara, “Traceability in Agriculture and Food Supply Chain : A Review of Basic Concepts, 

Technological Implications, and Future Prospects,” Food, Agriculture & Environment 1, no. 1 (2003): 101–

106. DOI: 10.1234/4.2003.323 

TRACKING

TRACING

https://ieeexplore.ieee.org/document/4368136
https://doi.org/10.1234/4.2003.323
https://www.wflpublisher.com/Abstract/323
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• Product Traceability 

 It is the “logistic traceability” that follows only the physical movement of the product; it 

is therefore the competence area of the logistic and inventory management. With “product 

traceability” is expressed the ability to trace the history and track the physical location of 

a product at any step of the supply chain through labelling.13 It is the major feature of any 

production chain, supporting early warnings in case of a possible emerging problem, 

enabling effective product recall and the dissemination of information among all the 

producers, customers and consumers.14 The simplest technology is the attachment of a 

tag to the raw material (animal, plant or its constituent parts) that has to be transferred to 

the bar code of the food product.15 However, innovations in data handling systems, based 

on Radio Frequency Identification (RFID), Near Field Communication (NFC), Wireless 

Sensor Network (WSN), and in the location tracking technology like Global Positioning 

System (GPS) have the potential for collecting and transmitting data in and to each step 

of the production chain. They enable the collection of not only basic information (product, 

batch/lot number, and price) but also of further indication like product origin, processing, 

and storage conditions.16 In this context, different research fields like information 

technology, electronic identification and data recording are involved. Jedermann et al. 17 

demonstrated the effective use of RFID technology in fruit logistics, using a combination 

of RFID, sensor networks, and software agents to trace fruit transport. Dealing with the 

exchange of the data seems to be the most difficult challenge and the most important issue 

to achieve transparency among the actors of the food supply chain.18 Nowadays, the use 

of web-based systems for data processing, storage and transfer could be a valid method 

to achieve a flexible way of information access and networking in the traceability system. 

 
13 L. U. Opara and F. Mazaud, “Food Traceability from Field to Plate,” Outlook on Agriculture 30, no. 4 

(2001): 239–247. DOI: 10.5367/000000001101293724 

 
14 M. Mazzocchi, A. Lobb, W. B. Traill and A. Cavicchi, “Food Scares and Trust: A European Study,” 

Journal of Agricultural Economics 59, no. 1 (2008): 2–24. DOI: 10.1111/j.1477-9552.2007.00142.x 

 
15 Opara, “Traceability in Agriculture and Food Supply Chain : A Review of Basic Concepts, Technological 

Implications, and Future Prospects,” op. cit. ref. 12. 

 
16 R. Badia-Melis, P. Mishra and L. Ruiz-García, “Food Traceability: New Trends and Recent Advances. 

A Review,” Food Control 57, (2015): 393–401. DOI: 10.1016/j.foodcont.2015.05.005 

 
17 R. Jedermann, C. Behrens, D. Westphal and W. Lang, “Applying Autonomous Sensor Systems in 

Logistics—Combining Sensor Networks, RFIDs and Software Agents,” Sensors and Actuators A: Physical 

132, no. 1 (2006): 370–375. DOI: 10.1016/j.sna.2006.02.008 

 
18 J. Storøy, M. Thakur and P. Olsen, “The TraceFood Framework – Principles and Guidelines for 

Implementing Traceability in Food Value Chains,” Journal of Food Engineering 115, no. 1 (2013): 41–48. 

DOI: 10.1016/j.jfoodeng.2012.09.018 

https://doi.org/10.5367/000000001101293724
https://doi.org/10.5367/000000001101293724
https://doi.org/10.1111/j.1477-9552.2007.00142.x
https://doi.org/10.1111/j.1477-9552.2007.00142.x
https://doi.org/10.1016/j.foodcont.2015.05.005
https://doi.org/10.1016/j.foodcont.2015.05.005
https://doi.org/10.1016/j.sna.2006.02.008
https://doi.org/10.1016/j.sna.2006.02.008
https://doi.org/10.1016/j.jfoodeng.2012.09.018
https://doi.org/10.1016/j.jfoodeng.2012.09.018
https://doi.org/10.1016/j.jfoodeng.2012.09.018
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Efforts have been made by several institutions in order to address interoperability between 

different traceability approaches across the whole supply chain. Among them, the GS1 

global traceability standard, which is a voluntary business process standard, provides 

globally unique identification of trade items, assets, logistic units, parties and locations 

independently from tracking technology.19 EPCglobal Inc., a subsidiary of GS1, supports 

the global adoption of Electronic Product Code (EPC) Information Services (EPCIS), 

which is a standard designed to enable EPC-related data-sharing within and across 

enterprises.20 In this context RFID, even with several weaknesses, is found to be the most 

advanced technology for supply chain integrity since traceability information could be 

easily converted into the EPC data structure to be shared in the EPC Global Network.21 

• Process Traceability 

 It focuses potentially on all the production stages in which the product is handled (what 

happened, where and when). Interactions between the product and physical/mechanical, 

chemical, environmental and atmospheric factors as well as the absence or presence of 

contaminants are included in the process traceability; indeed, all these factors could affect 

the transformation of the raw material into a finished or semi-finished product. Food may 

be accidentally or deliberately contaminated by microbiological, chemical or physical 

hazards as a result of the environmental conditions, cultivation practices or production 

processes. Process traceability is therefore a tool to ensure food safety and quality since 

these latter are reliant on how food products are handled at every touchpoint throughout 

the food chain. The one-forward-one-backward (OFOB) traceability approach, required 

by the US Bioterrorism Act of 2002,22 is nowadays an outdated concept; it requires each 

operator to be able to determine, within a reasonable amount of time (24 h), the identities 

and locations of immediate suppliers and customers. The approach has proved to be slow 

since investigators have to move backward one link at a time, and it may take a day to 

 
19 GS1 Global Traceability Standard, “Business Process and System Requirements for Full Supply Chain 

Traceability Issue 1.3.0,” (2012). Retrieved from: 

https://www.gs1.org/docs/traceability/Global_Traceability_Standard.pdf 

 
20 EPC Global, “The EPCglobal Architecture Framework,” (2009). Retrieved from: 

https://www.gs1.org/sites/default/files/docs/architecture/architecture_1_3-framework-20090319.pdf 

 
21 L. Atzori, A. Iera and G. Morabito, “The Internet of Things: A Survey,” Computer Networks 54, no. 15 

(2010): 2787–2805. DOI: 10.1016/j.comnet.2010.05.010 

 
22  T. Bhatt, G. Buckley, J. C. McEntire, P. Lothian, B. Sterling and C. Hickey, “Making Traceability Work 

across the Entire Food Supply Chain,” Journal of Food Science 78, no. s2 (2013): B21–B27. DOI: 

10.1111/1750-3841.12278 

https://www.gs1.org/docs/traceability/Global_Traceability_Standard.pdf
https://www.gs1.org/sites/default/files/docs/architecture/architecture_1_3-framework-20090319.pdf
https://doi.org/10.1016/j.comnet.2010.05.010
https://doi.org/10.1016/j.comnet.2010.05.010
https://doi.org/10.1111/1750-3841.12278
https://doi.org/10.1111/1750-3841.12278
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reach each next node in the chain. It is inefficient because investigators have to 

simultaneously pursue suspect foods and ingredients that are not a cause of the problem, 

wasting precious time.23 To obtain more precise and efficient tracing protocols, thus a 

faster identification and resolution of food safety or quality problems, systematic 

preventing approaches such as Hazard Analysis and Critical Control Points (HACCP) 

(better discussed below) have been introduced. HACCP recommends the prevention of 

food contamination by identifying potentially unsafe links in the food processing chain.24 

In the traceability context, Critical Tracking Point (CTE) seems to be an easily 

understandable and universally applicable approach. It represents a physical point in the 

food supply chain where an operator identifies a minimum set of critical event data to 

systematically collect. CTE changes the approach from being specific to food products to 

be focused on the events that manipulate the products in the supply chain.25 CTE 

“promises to do for food traceability what hazard analysis critical control point (HACCP) 

has done for food safety”.23 This simple structure leads directly to the possibility of 

authorized investigators to be capable of generating fast reports with minimal bother to 

operators and to provide fast recall of suspect food items by showing locations, dates, and 

times throughout the entire supply chain. 

• Disease and pest traceability 

It deals with biotic hazards such as bacteria, viruses, and other emerging pathogens that 

may contaminate food and other ingested biological products. This element of the 

traceability process refers to two kinds of scenarios; the first concerns the strategy of 

action to face a hypothetical food crisis. It starts from the identification of significant 

clusters of illness and from epidemiological investigations to identify a plausible source. 

The epidemiological investigation ends with the recommendation that people do not 

consume the hazardous food and with the recall of the product. In this case disease and 

 
23 B.D. Miller and B.A. Welt, “Critical Tracking Events Approach to Food Traceability,” in Encyclopedia 
of Agriculture and Food Systems, ed. N.K. Van Alfen, (Elsevier, 2014): 387–398.  

DOI: 10.1016/B978-0-444-52512-3.00047-4 

 
24 FAO/WHO, “FAO/WHO Guidance to Governments on the Application of HACCP in Small and/or Less-

Developed Food Businesses Food and Agriculture Organization of the United Nations World Health 

Organization,” (2006). Retrivered from: http://www.fao.org/tempref/AG/agn/food/haccp_061031_.pdf 

 
25 International Union of Food Science and Technology, “IUFoST Scientific Information Bulletin (SIB) 

March 2012 Food Traceability,” (2012). Retrivered from: https://www.iufost.org/iufostftp/IUF.SIB.Food 

Traceability.pdf 

https://doi.org/10.1016/B978-0-444-52512-3.00047-4
https://doi.org/10.1016/B978-0-444-52512-3.00047-4
http://www.fao.org/tempref/AG/agn/food/haccp_061031_.pdf
https://www.iufost.org/iufostftp/IUF.SIB.Food%20Traceability.pdf
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pest traceability inexorably needs effective coordination with the product and process 

traceability to meet three goals:26 

1. Timely crisis management and product withdrawal process that generally begins 

with epidemiological evidence of an outbreak. 

2. To support the epidemiological associations by confirming that the temporal and 

physical distribution of suspect products could adequately match the case 

exposures. 

3. To further characterize the source of the outbreak, thereby increasing the 

likelihood of a meaningful intervention to protect public health.  

The second scenario refers to the strategy aimed at preventing food crises; this represents 

a challenge since the epidemiology of foodborne disease continually changes and new 

pathogens constantly emerge, spreading sometimes worldwide. In this context, the World 

Health Organization (WHO) is promoting the use of all food technologies which may 

contribute to public health and the implementation of the HACCP system for preventive 

purposes. HACCP is an internationally recognized tool for effective management of food 

safety and is intended as a protocol for the development of unique safety assurance 

procedures.27 The most modern and scientific way to prevent food crises is to use the risk 

assessment method that, through the integration of both foodborne disease surveillance 

and food monitoring, could provide crucial data for evaluating potential health risks to 

humans and animals.28 Thus, disease and pest traceability could be considered as an area 

of competence of the legislative and health departments as well as of the scientific 

research involved in food monitoring. The scientific field is responsible for developing 

advanced technologies or methods for rapid contaminant detection and quantification. 

About this, besides conventional microbiological tests that may even take days, Fourier 

Transformed Infrared Spectroscopy (FT-IR) has proved to be a very promising technique 

 
26 B. D. Miller, C. E. Rigdon, J. Ball, J. M. Rounds, R. F. Klos, B. M. Brennan, K. D. Arends, P. Kennelly, 

C. Hedberg and K. E. Smith, “Use of Traceback Methods to Confirm the Source of a Multistate Escherichia 

Coli O157:H7 Outbreak Due to in-Shell Hazelnuts,” Journal of Food Protection 75, no. 2 (2012): 320–
327. DOI: 10.4315/0362-028X.JFP-11-309 

 
27 K. Ropkins and A.J. Beck, “Evaluation of Worldwide Approaches to the Use of HACCP to Control Food 

Safety,” Trends in Food Science & Technology 11, no. 1 (2000): 10–21.  

DOI: 10.1016/S0924-2244(00)00036-4 

 
28 International Union of Food Science and Technology, “IUFoST Scientific Information Bulletin (SIB) 

March 2012 Food Traceability,” op. cit. ref. 25. 

https://doi.org/10.4315/0362-028X.JFP-11-309
https://doi.org/10.4315/0362-028X.JFP-11-309
https://doi.org/10.1016/S0924-2244(00)00036-4
https://doi.org/10.1016/S0924-2244(00)00036-4
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to obtain a within-minutes biochemical fingerprinting used to detect contaminating 

substances or bacteria in different food matrices.29 

• Genetic traceability 

 The determination of the genetic constitution of a product, through which it is possible 

to establish the origin and the variety of the planting row materials (seeds, stem cuttings, 

tuber, sperm, embryo), represents an important tool to provide transparency and quality 

to the entire food production process. Through genetic traceability is assessed whether 

genetically modified organisms, materials or ingredients are present or not. Genetic 

traceability could surely help to rebuild consumer confidence declined after the debates 

about the risks related to Genetically Modified Organisms (GMOs) over their potential 

negative impacts on health, environment and biodiversity. The need to preserve food 

identity and the demand for genetic traceability has led to the development of food 

analysis methods for the measurement of the genetic constitutions of foods and other 

biological products. Even if several analytical techniques (spectroscopy, 

chromatography, mass spectrometric techniques) are reported to be suitable to achieve 

food authentication, genetic analyses, in their strictest sense, are mainly molecular 

techniques like Polymerase Chain Reaction (PCR) based methods; they have proved to 

offer a high potential in adulterant detection and food authentication. Two PCR-based 

approaches can be very useful: DNA barcoding, based on the analysis of a short genetic 

marker called “DNA barcode” and the real-time polymerase chain reaction that 

simultaneously amplifies, detects and quantifies a targeted DNA molecule. Real-time 

PCR has now become an accepted analytical tool for adulterant detection in the food 

industry, mainly due to its speed, specificity and its ability to amplify DNA sequences 

from highly fragmented DNA in processed food.30 Frigerio et al. 31successfully applied 

the DNA barcoding, coupled with infrared spectroscopic technique, for the authentication 

of the Italian product “bottarga”. However, the DNA-based methods are affected by the 

 
29 P. Vermeulen, J. A. Fernandez Pierna, O. Abbas, H. Rogez, F. Davrieux and V. Baeten, “Authentication 

and Traceability of Agricultural and Food Products Using Vibrational Spectroscopy,” in Food Traceability 
and Authenticity: Analytical Techniques, eds. D. Montet, R. C. Ray, (CRC press, 2017): 298–331.  

DOI: 10.1201/9781351228435 

 
30 S. Bansal, A. Singh, M. Mangal, A. K. Mangal and S.Kumar, “Food Adulteration: Sources, Health Risks, 

and Detection Methods,” Critical Reviews in Food Science and Nutrition 57, no. 6 (2017): 1174–1189. 

DOI: 10.1080/10408398.2014.967834 

 
31 J. Frigerio , C. Marchesi, C. Magoni, F. Saliu, D. Ballabio, V. Consonni, T. Gorini, F. De Mattia, P. 

Galli and M. Labra, “Application of DNA Mini-Barcoding and Infrared Spectroscopy for the 

Authentication of the Italian Product ‘Bottarga,’” LWT, (2020), 110603. DOI: 10.1016/j.lwt.2020.110603 

https://doi.org/10.1201/9781351228435
https://doi.org/10.1201/9781351228435
https://doi.org/10.1080/10408398.2014.967834
https://doi.org/10.1080/10408398.2014.967834
https://www-sciencedirect-com.sabidi.urv.cat/science/article/pii/S0023643820315917#!
https://doi.org/10.1016/j.lwt.2020.110603.
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wide differences among the food matrices. Therefore, before the analysis an optimization 

step for the DNA extraction is required. Furthermore, as a targeted technique based on 

specific primers to amplify a given DNA, requires preliminary knowledge of the target. 

• Input traceability 

It determines the type and origin (source, supplier) of inputs such as fertilizers, irrigation 

water, feed, and the presence of additives used for the preservation and/or transformation 

of the raw materials.  The efficiency in monitoring these parameters is challenging, due 

to the increased distance that food travels from producer to consumer. Indeed, many 

times, the raw materials come from far away with respect to where they are processed or 

destined and where different regulatory directives, laws, and standards are in force. Thus, 

input traceability, which is a fundamental part of internal traceability, directly impacts 

food safety and quality. Food safety and food quality are two important terms that are 

related to the reputation of food products and their processors. Food quality can be 

described as the requirements to satisfy the needs and expectations of the consumer, 

leading to taste, health, safety, and pleasure.32 It does not refer solely to the properties of 

the food itself (external properties as appearance, texture and flavour, and internal ones 

such as chemical, physical and microbiological factors) but also to how those properties 

have been achieved. Safety, referring to all chronic or acute hazards that may make food 

injurious to the health of the consumer, is the most important component of quality.33 

Input traceability is an integral part of the quality control aiming to achieve a good and 

consistent standard compatible with the market for which the product is designed and 

with the price at which it will be sold. Quality control also depends on the detection and 

measurement techniques that are proposed below.  

• Measurement traceability 

 It relates individual measurement results, through appropriate calibrations, to accepted 

reference standards. Measurements are performed during the whole production chain to 

control raw materials and input, to control the process and the finished product, and to 

 
32 D. Menozzi, R. Halawany-Darson, C. Mora and G. Giraud, “Motives towards Traceable Food Choice: A 

Comparison between French and Italian Consumers,” Food Control 49, (2015): 40–48.  

DOI: 10.1016/j.foodcont.2013.09.006 

 
33 A. Röhr, K. Lüddecke, S. Drusch, M. J. Müller and R.V. Alvensleben, “Food Quality and Safety––

Consumer Perception and Public Health Concern,” Food Control 16, no. 8 (2005): 649–655.  

DOI: 10.1016/j.foodcont.2004.06.001 

https://doi.org/10.1016/j.foodcont.2013.09.006
https://doi.org/10.1016/j.foodcont.2013.09.006
https://doi.org/10.1016/j.foodcont.2004.06.001
https://doi.org/10.1016/j.foodcont.2004.06.001
https://doi.org/10.1016/j.foodcont.2004.06.001
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check the chemical, physical, biological and organoleptic parameters. Laboratories must 

be accredited (to ensure reliability, accuracy, and repeatability of the analysis) and 

monitored by Food Control Management that fixes the regulations to be followed. In this 

context WHO and the International Standardization Organization (ISO), which is the 

world’s largest developer and publisher of international standards, play an important role 

in the development of standards and industry guidelines. Under this perspective, the 

Codex Alimentarius Commission (CAC), which was established by the FAO and WHO, 

was instituted to harmonize international food standards in order to establish policies 

according to each national food control apparatus (all UE countries are members of 

CAC).34 CAC standards and regulations regard several contaminants, labelling, practices, 

analytical procedures (analysis and sampling methods), import/export inspection and 

certification. Therefore, food laws and standards, at the national level, should be updated 

following the CAC directives in order to include unambiguous definitions and to increase 

uniformity and security. To get a more comprehensive and uniform UE normative, 

Regulation No. 882/2004 was reviewed and substituted with Regulation (EU) 2017/625 

of the European Parliament and of the Council of 15 March 2017,  which involves 

“official controls and other official activities performed to ensure the application of food 

and feed law, rules on animal health and welfare, plant health and plant protection 

products”.35 It also takes into account and rules the role of appointed laboratories for 

official controls. In detail, official laboratories must make all the used methods accessible 

from the public. The Commission may establish EU reference laboratories (EURL) and 

allows the setting up of reference centers specialized in the identification of the vulnerable 

step of the supply chain and in the development of methods for fraud detection. If there 

are official EU methods, these must be automatically chosen, otherwise, they must be 

developed and validated by EURL. In extreme cases, validated methods developed or 

approved by national reference laboratories could be used, but they must agree with 

recognized rules or protocols. 

 
34 J. Trienekens and P. Zuurbier, “Quality and Safety Standards in the Food Industry, Developments and 
Challenges,” International Journal of Production Economics 113, no. 1 (2008): 107–122.  

DOI: 10.1016/j.ijpe.2007.02.050 

 
35 The European Parliament and the Council of the EU, “Regulation (EU) 2017/625 of the European 

Parliament and of the Council of 15 March 2017 on Official Controls and Other Official Activities 

Performed to Ensure the Application of Food and Feed Law, Rules on Animal Health and Welfare, Plant 

Health and Plant,” Official Journal of the European Union L95, (2017): 1–14. Retrivered from: 

https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX%3A32017R0625 

https://doi.org/10.1016/j.ijpe.2007.02.050
https://doi.org/10.1016/j.ijpe.2007.02.050
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX%3A32017R0625
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The reported distinction between the six aspects of traceability is merely formal. If on one 

side differentiation of the elements simplifies the elaboration, on the other side, it 

highlights the real complexity of the concept. Thus, a good traceability system needs for 

complete integration of the described elements, it requires full cooperation between the 

actors and an effective legislative contribution. Future perspectives about the 

transparency of the food system have been already predicted in 1998 by Moe.36 He stated 

that the capacity to obtain information in real-time would have become a competitive 

advantage in food industry marketing, allowing the firms to move towards consumer 

demand. Nowadays, the use of mobile phones to obtain real-time information is a life-

like possibility thanks to the use of RFID and bar codes that can be read by these devices. 

The convergence of smartphones and the internet of things (i.e. Internet-connected real-

world objects) will enable the consumer to interact with real-world objects in a much 

more detailed way and to make more informed choices regarding the products to be 

purchased.37  

Thus, smartphones will probably be the major tool for food traceability in the near future, 

but they need to be supported by advanced and compatible methods for authentication 

and quality control. In this regard, the food traceability system still has shortcomings. 

Despite the number of directives provided by the European Union, these do not have a 

direct national effect since each EU member state determines, under the control of the 

Commission, how and what type of legislative instrument can be transposed at the 

national level.38 Thus, several countries still have inefficient coordination, fragmentary 

surveillance, and ambiguities in regulations that are reflected in the general inability to 

link food chain records and confusion about roles.39 Therefore, it is necessary that policy 

and legislative institutions establish a leadership function and also clarify the role of 

administrative structures with univocally defined responsibilities. Another role of the 

institutions includes providing a holistic legal framework preventing food traceability to 

be used improperly as a barrier to fair trade and with discriminatory effects. This means 

that traceability could be incorporated into development projects, aimed at improving 

 
36 Moe, “Perspectives on Traceability in Food Manufacture,” op. cit. ref. 6. 

 
37 Aung and Chang, “Traceability in a Food Supply Chain: Safety and Quality Perspectives,” op. cit. ref. 4. 

 
38 G. Montet, D. Dey, "History of Food Traceability," op. cit. ref. 3.  

 
39 T. Pizzuti, G. Mirabelli, M. A. Sanz -Bobi and F. Goméz-Gonzaléz, “Food Track & Trace Ontology for 

Helping the Food Traceability Control,” Journal of Food Engineering 120, no. 1 (2014): 17–30. 

DOI: 10.1016/j.jfoodeng.2013.07.017 

https://doi.org/10.1016/j.jfoodeng.2013.07.017
https://doi.org/10.1016/j.jfoodeng.2013.07.017
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quality management systems of small and medium-scale rural farmers. It can therefore be 

understood that traceability and food control are still a challenge from many points of 

view. About that, scientific research is mainly focused on identifying new indicators of 

quality and authenticity of food, developing sensitive, reliable analytical methods 

compatible with routine food control analysis. 

 

1.2  Analytical chemistry for food authentication and identity preservation 

Analytical chemistry is a powerful tool for food authentication and identity preservation. 

The role of analytical chemistry, concerning the concept of traceability, is oriented 

towards the development of methods aimed at verifying the truthfulness of what is on the 

label and the presence of contaminants or hazardous substances. The authentication of 

food is the process by which it is possible to verify if the product complies with the 

statements on the label and if it is consistent with what is established by regulations; 

authentication allows to recognize, tackle and prevent adulteration and counterfeiting.40 

ADULTERATION 

Adulteration concerns all the fraudulent practices involving the sale of a commodity 

instead of another or the provision of false statements (quantity, origin, variety) for 

economic gains. Spink et al. defined food adulteration as “the fraudulent, intentional 

substitution or addition of a substance in a product to increase its apparent value or 

reduce its production cost”. 41 It is a frequent practice when the demand for specific food 

(which is particularly interesting for its value) exceeds the supply. Adulteration can be 

manifested through different practices:42 

1. Alteration: natural degeneration of the organoleptic characteristics (rancidity, 

sourness) and chemical composition of the product as a result of improper 

processing and/or storage methods. 

 
40 M. Lees, Food Authenticity and Traceability, ed. M. Lees,  (Woodhead Publishing Limited, 2003):1-

612. DOI: 10.1533/9781855737181 

 
41 J. Spink and D. C. Moyer, “Defining the Public Health Threat of Food Fraud,” Journal of Food Science 

76, no. 9 (2011): R157–R163. DOI: 10.1111/j.1750-3841.2011.02417.x 

 
42 A. M. Semeraro, “Frodi Alimentari: Aspetti Tecnici e Giuridici FOOD FRAUD: TECHNICAL AND 

LEGAL ASPECTS,” Rassegna Di Diritto, Legislazione e Medicina Legale Veterinaria 10, no.2 (2011):1-

11 ( in Italian). DOI: 10.13130//3190 

https://doi.org/10.1533/9781855737181
https://doi.org/10.1111/j.1750-3841.2011.02417.x
https://riviste.unimi.it/index.php/RDLV/article/view/3190
https://riviste.unimi.it/index.php/RDLV/article/view/3190
https://riviste.unimi.it/index.php/RDLV/article/view/3190
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2. Sophistication: intentional alteration of the chemical or physical characteristics of 

a product due to the addition of foreign and/or lower quality substances. It is 

generally driven by profit and carried out to improve the appearance of the 

product, shelf-life or to cover up defects. 

3. Falsification: distribution of a product apparently similar to the high-value one, or 

false declaration, for example about the composition, processing, qualities, or 

origin of a product. 

4. Counterfeit: is a general term concerning fraudulent activities such as imitation, 

substitution, adulteration, alteration of the quality, and appearance characteristics 

of a product. 

As could be expected, food authentication implies issues and techniques that differ from 

each other, since they strictly depend on the type of fraud and the type of food matrix. 

They could include identification of adulterant or falsification practices, detection of 

substitute products, assessment of geographical origin and variety. In this context, 

analytical methods, properly developed for the specific purpose, represent a valuable and 

irreplaceable tool for the authorities to verify the authenticity of a product, even if the 

ingredients are often difficult to detect, eluding existing quality controls.43 Therefore, new 

methods for the analysis of food have been developed in recent years with the intent of 

implementing fast, precise, accurate, and possibly no-destructive procedures to be easily 

incorporated into the food control system. 

The concept of authentication is closely intertwined with that of identity preservation. 

Identity preservation can be defined as a control mechanism through which it is ensured 

the safeguarding of the unique identity of a product from farm to end-use.  It is particularly 

important when the quality traits and the added value of the products have to be 

maintained up to the sale. These are mostly foodstuffs with unique qualities, closely 

related to the regional identity, culture and history. Identity preservation programs engage 

a complex system of standards, records, and testing techniques and they are nowadays a 

relevant aspect of the food production chain. Indeed, customers have begun to focus on 

the value of biodiversity and to recognise the added value of traditional low-input crop 

varieties with high nutritional properties and regional characteristics.  

 
43 J. C. Moore, J. Spink and M. Lipp, “Development and Application of a Database of Food Ingredient 

Fraud and Economically Motivated Adulteration from 1980 to 2010,” Journal of Food Science 77, no. 4 

(2012): R118–R126. DOI: 10.1111/j.1750-3841.2012.02657.x 

https://doi.org/10.1111/j.1750-3841.2012.02657.x
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BIODIVERSITY AND GENETIC RESOURCES 

Throughout history, thousands of plant species have been domesticated and used in 

agriculture; most of them are now underutilized. Currently, 75% of the food in the world 

comes from only 12 plant and five animal species, with 60% of the total worldwide caloric 

input coming from just three plant species: rice, wheat, and maize, which have been 

elected and sold to farmers by a handful of multinationals. 44 Since the beginning of the 

20th century, crop biodiversity has decreased drastically due not only to the fewer species 

cultivated but also to the massive replacement of the cultivated population with 

genetically homogeneous cultivars (such as clones, pure lines, or F1 hybrids).45 This trend 

is part of the process that, following the industrial revolution, transformed agriculture into 

an industrial activity. The industrialization and globalization of agriculture have led to 

the reduction of landscape and biodiversity with fundamental consequences for our 

society, economy, and human health and well-being.46 Biodiversity is life itself and it is 

the diversity of life on many levels, from the smallest (genes) to plant and animal species, 

up to the most complex levels (ecosystems) that intersect, influence each other, and 

evolve. Luckily, there is an increasing awareness of the opportunity to exploit biodiversity 

even to ensure sustainable livelihoods and hence food security and nutrition. Indeed, 

biodiversity increases resilience to shocks and stresses, provides opportunities to adapt 

production systems to emerging challenges, such as climate changes, and is a key resource 

to increase output sustainably.47 In this context, efforts have been made by the European 

Union that in 2014 launched the 8th Framework Programme for Research and Innovation 

(2014–2020), named Horizon 2020 (H2020), to support progress towards a sustainable 

food production system. Among the challenges of H2020 projects, there is the restoration 

of the agricultural and socio-cultural value of traditional food through gene banks or seed 

savers, encouraging its broader use in breeding activities, in farming, and in the whole 

 
44 FAO, The Second Report on the State of the World’s Animal Genetic Resources for Food and Agriculture, 

eds. B.D. Scherf and D. Pilling (FAO, 2015). DOI: 10.4060/I4787E 

 
45 V. Chable, E. Nuijten, A. Costanzo, I. Goldringer, R. Bocci, B. Oehen et al. “Embedding Cultivated 

Diversity in Society for Agro-Ecological Transition,” Sustainability 12, no. 3 (2020): 784.  
DOI: 10.3390/su12030784 

 
46 A. P. Velkavrh, J. Martin and T. Lung, The European Environment-State and Outlook 2020 Knowledge 

for Transition to a Sustainable Europe (European Environment Agency, 2019). Retrieved from: 

https://www.eea.europa.eu/publications/soer-2020 

 
47 FAO, The State of the World’s Biodiversity for Food and Agriculture, eds. D. Bélanger and J. Pilling, 

(FAO Commission on Genetic Resources for Food and Agriculture Assessments, 2019).  

DOI: 10.4060/CA3129EN 
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food chain. In conclusion, the reintroduction of genetic resources with a status of 

underutilization could bring benefits in provisioning agroecosystem services and in 

supporting local high-quality products in the overall context of agroecological systems 

and circular economy. The process spans across a rediscovery of the old forgotten 

varieties and/or landraces and on the constitution and testing of new, innovative cultivar 

concepts, such as complex Composite Cross Populations (CCPs).48 According to FAO, 

traditional knowledge can be considered as an integral part of agrobiodiversity, because 

it is formed and preserved by human activity.47 The possibility to convey the special 

meanings of biodiverse products and to translate this cultural value into an economic one 

mainly relies on the quality of interactions between consumers and producers. Sometimes 

the relation is based on the sense of community that develops around the product with 

high traditional and geographical identity. However, also in these cases, logos and 

descriptive labels are suitable to highlight and share the special values traditional products 

embody. About the logos, the EU quality labelling schemes play an important role in the 

promotion and protection of products with specific characteristics strictly related to the 

culture and heritage of regions or countries affirming and valuing the unique socio-

cultural and agro-ecological characteristics of a particular place. In 2012, Regulation 

(EU) No. 1151/2012 of the European Parliament and of the EU Council, on quality 

schemes for agricultural products and foodstuffs was published.49 This Regulation 

compiles the previous legislation on Protected Designations of Origin (PDO), Protected 

Geographical Indications (PGI) and Traditional Specialities Guaranteed (TSG), but it also 

includes two other optional quality terms, namely Mountain Products and Product of 

Island Farming. PDO and PGI are attributed to an agricultural product or foodstuff that 

owes its characteristics and reputation to the geographical area from which it originates 

and whose whole production (PDO), or at least one step of the production process (PGI), 

takes place in the defined geographical area. TSG are agricultural products or foodstuffs 

that are produced using traditional raw materials or traditional methods or that have 

traditional compositions. The UE quality schemes aim at guaranteeing fair competition 

for farmers, increasing the diversity of agricultural products, increasing recognition and 

credibility of registered names among consumers, providing reliable information to 

 
48 T. F. Döring, S. Knapp, G. Kovacs, K. Murphy and M.S. Wolfe, “Evolutionary Plant Breeding in Cereals-

into a New Era,” Sustainability 3, no. 10 (2011): 1944–1971. DOI: 10.3390/su3101944 

 
49 European Parliament and Council of the EU, “Regulation (EU) No 1151/2012 of the European Parliament 

and of the Council of 21 November 2012 on Quality Schemes for Agricultural Products and Foodstuffso 

Title,” Official Journal of the European Union L343, (2012): 1–29. Retrivered from: https://eur-

lex.europa.eu/legal-content/en/TXT/?uri=CELEX%3A32012R1151 
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customers.50 The potential of logos associated with certain production systems may also 

be exploited through consumer tasting events, or in farmers' markets for sponsorship 

purposes. However, it could be noted that the EU quality labelling schemes (e.g., for 

geographical indications, traditional food, organic food) do not play a relevant role among 

these initiatives.51 

Slow Food for Biodiversity, which is the operational body for the protection of food 

biodiversity inaugurated in 2003 with the contribution of the Tuscany Regional Authority, 

was instead established to coordinate and promote initiatives through Slow Food’s 

projects.52 These initiatives provide technical tools (guidelines, production protocols, 

manuals, etc.), explore several themes (sustainable agriculture, raw milk, small-scale 

fishing, animal welfare, seeds, GMOs, etc.), and communicate ideas and activities related 

to biodiversity. The projects of the foundation are tools to provide food sovereignty, to 

promote a model of agriculture that is based on local biodiversity, respecting the land and 

the local culture. Among the projects, Slow Food Presidia sustain the production of goods 

at extinction risk, protect unique regions and ecosystems, recover traditional processing 

methods and safeguard native breeds and local plant varieties. Today, more than 500 

Presidia, involving more than 13,000 producers, have been conferred and more than 300 

of them are in Italy. In Italy, several national marks are still used for the provision of the 

information that Italian consumer consider explanatory for value and quality, such as 

Denominazione di Origine Controllata (“Controlled Designation of Origin”, DOC), 

Denominazione di Origine Controllata e Garantita (“Controlled and Guaranteed 

Designation of Origin”, DOCG), Indicazione Geografica Tipica (“Typical Geographical 

Indication”, IGT) and Prodotto Agroalimentare Tradizionale italiano (“Italian Traditional 

Agri-food product”, PAT). In particular, PAT quality mark was established by the Italian 

Ministry of Agricultural, Food, Forestry and Tourism Policies. PAT mark assignation 

criteria are mostly focused on the traditions of the different Italian regions; this label aims 

at valorising niche sectors in which agricultural or breeding products were processed 

 
50 T. G Albuquerque, M. Beatriz PP Oliveira and H. S. Costa, “25 Years of European Union (EU) Quality 

Schemes for Agricultural Products and Foodstuffs across EU Member States,” Journal of the Science of 

Food and Agriculture 98, no. 7 (2018): 2475–2489. DOI: 10.1002/jsfa.8811 

 
51 Chable, Nuijten, Costanzo, Goldringer, Bocci, Oehen, et al., “Embedding Cultivated Diversity in Society 

for Agro-Ecological Transition,” op. cit. ref. 45. 

 
52 Slow Food, “Slow Food Foundation for Biodiversity,” (2020). Retrivered from: 

https://www.fondazioneslowfood.com/en/ 
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according to ancient recipes. In 2019 Italy counts 5.128 PAT products with 531 registered 

in Campania. 53 

After these considerations, it is clear there is a need to protect high added-value products 

from adulterations and, in general, counterfeits. The trade of these products can lead to 

high profits and, therefore, they can be an object of interest for the scammers. In this 

framework, analytical chemistry is strictly involved in the quality control systems, setting 

up methods as fast, efficient and cheap as possible, easily applicable, for example, at a 

custom level. On the other hand, analytical chemistry plays an active role in restoring 

dignity to traditional food species; most of these crops, practically in a state of neglect, 

have a great potential to revitalise abandoned rural communities that, nowadays, have a 

strong trend towards urbanisation. These crops are generally grown by small farms that 

do not have the necessary resources to promote an efficient traceability system and for 

which it is difficult to provide detailed information to be used as a sponsor among 

consumers. In this framework, this work intends to present analytical methods to assess 

the origin of food commodities but also to valorise traditional products with a high-added 

value that are currently being rediscovered. Many available techniques can provide 

traceability information and, especially when used in combination, they represent 

extremely powerful tools for this purpose. 54 

 

1.3 State of the art  

The difficulty in food analysis, particularly in the field of food control, is mainly due to 

the chemical complexity of the food matrix composed of different quantities and classes 

of compounds, which interact and often interfere with each other. Moreover, the wide 

range of cases in which quality control and authentication are required justifies the high 

number of methods proposed so far in the literature. 

 
53 Ministero delle politiche agricole alimentari forestali e del turismo, “XIX Revisione Dei Prodotti 

Agroalimentari Tradizionali (PAT),” (2019). Retrieved from: 

https://www.politicheagricole.it/flex/cm/pages/ServeBLOB.php/L/IT/IDPagina/13766 (In italian) 

 
54 A.G. Contantinos and P.D.Georgios, Food Authentication: Management, Analysis and Regulation, eds. 

A. G. Contantinos and P. D.Georgios, ( Wiley-Blackwell, 2017): 1-521. Retrieved from: 
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p-9781118810262 
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 These can be conceptually divided into two macro-categories: 

1. Targeted analyses, which aim to identify one or more target compounds.  

2. Untargeted analyses, which are bulk methods that aim to identify food 

fingerprints.  

The targeted analysis requires the availability of standards and it is useful when there is 

a perfect knowledge of the food matrix, of the production chain and its related risks. It is 

generally exploited for the identification and quantification of specific known 

contaminants or metabolites that can indicate the presence of pathogens. The analytical 

techniques, strictly targeted, are the DNA-PCR methods and the biosensors that have been 

widely used to detect bacteria, yeasts, fungi, to check the hazard level of food or, as 

mentioned before, to authenticate food spices and variety.55 High and Ultra-High-

Performance Liquid Chromatography (HPLC and UHPLC), Gas Chromatography (GC), 

Mass Spectrometry (MS), Nuclear Magnetic Resonance spectroscopy (NMR), are other 

analytical techniques frequently used for targeted analysis. In detail, HPLC- and UHPLC-

MS were used to detect residues of veterinary drugs or pesticides, argot alkaloids, plant 

toxins, mycotoxins and other undesirable substances in food or feed.56 NMR, in 

comparison to other target analysis methods such as chromatography, presents a relatively 

high cost of equipment. 1H- and 13C-NMR are being used for the rapid quantification of 

lipids and their derivatives and for the determination of biogenic amines in food and 

biological matrices.57 31P-NMR is a convenient means to quantify phosphorous-
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containing species such as lecithins and phytic acid in food ingredients.58 Combined with 

electron spin resonance, NMR is also relevant for understanding the role of radical-

mediated deterioration of food quality, such as in the case of lipid oxidation (formation 

of rancidity) and loss of vitamins, flavor, and color.57 Although the methods reported have 

demonstrated high sensitivity and specificity, targeted analyses present several critical 

points. First of all, they require optimization steps and product pre-treatment, which are 

often not trivial because they need time, money, and trained operators. In the case of 

biosensors-based methods, they need the development of specific and highly sensitive 

biosensors for the type of target molecule as well as for the type of matrix to be analysed. 

Therefore, in the framework of food safety, untargeted approaches should be preferred to 

targeted ones. In particular, techniques providing mineral, proteomic or metabolomic 

profiles, which could be grouped under the term “foodomics”, represent useful tools to 

support traceability, requiring minimal optimization steps and process information.  The 

term “foodomics” was first employed in 2009 by Aljandro Cifuentes indicating a 

discipline that integrates untargeted “OMICS” analyses in a holistic approach to food and 

nutrition.59 This includes metabolomics, proteomics, ionomics and any other type of high-

throughput approaches that, generating large amounts of data, require proper storage, 

elaboration and interpretation.60 Indeed fingerprinting techniques, measuring the 

composition of foodstuffs in a non-selective way, produce a large amount of data and 

variables that could hide the interesting information useful for solving the problem. Thus, 

untargeted analyses are commonly coupled with multivariate statistical analysis, 

Chemometrics, Data mining and Machine Learning that are co-evolving fast together with 

food analysis methods.61 It is widely known that the application of advanced statistical 

and mathematical methods has been continuously increasing in food science, especially 

for monitoring the unit operations,  the process, and the quality of food products.62 The 
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chemometric techniques that, according to the definition of the International 

Chemometrics Society, represent the “mathematical and statistical methods used to 

design or select optimal procedures and experiments, and to provide maximum chemical 

information by analysing chemical data” are applied to the fingerprint of a given sample 

to achieve different objectives.63 The outcomes of the corresponding statistical model 

could be,  for example, the answer to the question: is this food compliant with the product 

label? Without the statistical elaboration, it would be impossible to answer the question 

or to carry out the classification of foods (according for example to the variety or the 

geographical origin), especially if there are thousands of variables (the signals of a 

spectrum, a chromatogram of the innumerable chemical compounds that characterize a 

food matrix). Chemometrics plays an important role also in the choice of the experiments 

to be carried out for the optimization of an analytical method. Through the use of 

experimental design, it is possible to save time and money, defining a priori experiments 

to be executed in order to better cover the experimental domain and to evaluate the 

interaction effects between factors. Moreover, chemometrics allows solving difficulties 

related to the shift of the retention times or to the baseline deviations that might cause 

problems especially in the untargeted analysis of complex matrices.64 The most common 

untargeted applications, coupled with chemometrics, are reported below: 

• Metabolomic and proteomic profile  

Metabolite profiling aims to simultaneously analyse a large set of metabolites in a sample. 

Chromatographic methods are widely used for the measurement of metabolomic or/and 

proteomic profiles according to the detector to which the system is conjugated (for 

instance, Diode Array Detector (DAD) or Mass Spectrometer (MS).65 LC-MS, LC-

MS/MS, GC-MS, and GC-MS/MS can separate and identify almost any type of molecule, 

volatile or not, present in the food samples. Indeed, the mass spectrometer detector is 
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highly sensitive, universal and able to detect almost any organic compound, regardless of 

its class or structure.  

As reported, the chromatographic profiles may be used as food fingerprints to control the 

quality and to guarantee its authenticity.66 UPLC-LTQ-Orbitrap-MS was used to exploit 

metabolomics and proteomics in order to interpret the changes in non-volatile compounds 

during white tea processing.67 LC- mass tandem was used to perform proteomic analysis 

of wheat seeds produced under different nitrogen levels before and after germination.68 

HS-SPME-GS-MS was used to provide volatile fingerprints of unroasted and roasted 

cocoa beans (Theobroma cacao L.) from different geographical origins.69 Besides 

chromatographic techniques, NMR has proved to be widely employed in untargeted 

metabolomic analyses such as the profiling of metabolomic content of beer.70 1H-NMR 

foodomics approaches were used to verify that grapes berries produced from biodynamic 

and organic farming exhibited different metabolomes.  

Therefore, it was possible to differentiate the two types of grapes according to their 

production systems.71 Furthermore, NMR combined with Isotope Ratio Mass 
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Spectrometry (IRMS) and chemometrics was employed to study the geographical origin 

of wheat on the basis of its metabolic profile.72  

• Multi-elemental profile 

IRMS could be considered related to the multi-elemental profile of food and it has shown 

to be a valuable tool to discriminate foodstuffs according to the geographical origin and/or 

technological processes (production origin).73 In particular, determination of the isotopic 

ratios of the light elements (hydrogen (δ2H), carbon (δ13C), nitrogen (δ15N), oxygen 

(δ18O), sulfur (δ34S), the so-called bio-elements) combined with ratios of heavy isotopes 

(δ87Sr) and trace elements have been successfully used to provide information on the 

origin of food products, such as honey, oil, wheat or meat.74 Stable isotope ratio analysis, 

especially when combined with other chemical methods (NMR or ICP-MS or Near-

Infrared spectroscopy and chemometrics) provides very satisfactory results in agro-

product authenticity and traceability.75 Inductively coupled plasma spectrometry with MS 

or optical detection (ICP-MS and ICP-OES, respectively) enable to simultaneously 

analyse a large number of elements in a matrix, providing multi-elemental patterns to be 

used as markers of food origin. Several studies aiming at food authentication and 

geographical discrimination that employ ICP-OES or ICP-MS are reported in the 
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literature.76 Indeed, the mineral composition of the matrix mainly reflects that of the soil 

and simultaneously depends on the cultivar and the environmental growing conditions, 

which influence the mobilization of minerals and the actual bioaccumulation into the 

plant tissues. Because of this, the multi-elemental profile could be used as a plant-based 

food fingerprint of origin/variety or processing.77 

• Spectroscopic profile 

NMR, ICP-OES, IR, UV-Vis, Fluorescence, Raman spectroscopies and Hyperspectral 

Image techniques are all included in spectroscopic methods. NRM and ICP have been 

described above in the context of foodomics (elemental, proteomic and metabolomic 

profile). IR, Fluorescence, Raman and UV-Vis spectroscopies provide a snapshot of the 

chemical composition of a sample, where the signals of the different functional groups 

are taken together, resulting in a unique molecular signature. Thus, these spectroscopic 

techniques comply with the actual concept of fingerprints, in which the combined and 

multivariate signals, coming from the complex food matrix, need to be elaborated with 

multivariate statistical methods to provide useful information and to confirm the identity 

of a sample. Spectroscopic methods have been greatly employed for assessing food 

quality since they usually require minimal pre-treatment, provide rapid and on-line 

analysis, and have the potential to be virtually applied to any type of food sample. In this 

regard, MIR (IR range from 4000 to 400cm-1), UV-Vis and colour analysis were exploited 

to study aging processes in Spanish wines;78 NIR (IR range from 14,000 to 4000 cm-1) 

was exploited to authenticate the "PDO Roman hazelnut";79 Raman was exploited in 
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determining adulteration of virgin olive oil.80 Compared to the MIR, NIR and Raman 

techniques, widely employed in food analysis, there is a much smaller number of 

researches carried out using either fluorescent and UV–Vis spectroscopy. However, these 

techniques have shown great potential in authentication studies even though, in some 

cases, they require specific sample pre-treatments. Peng et al. developed an excitation-

emission matrix (EEM) fluorescence spectroscopy method coupled with two kinds of 

multi-way classification algorithms for the identification of the adulteration of Shanxi 

aged vinegars.81 Moreover, rapid detection of pressed oils adulteration, with their refined 

versions, was performed using UV–Vis spectroscopy.82 A Portable UV-spectroscopic 

testing device for the authentication of Scotch whisky supports the potential of this 

technique for industrial use.83 Eventually, Hyperspectral Imaging, which combines both 

spectroscopy and imaging techniques, is able to perform direct identification of chemical 

components and their spatial distribution in the samples. The combination of spatial and 

spectral data has proved to be a promising technology with great potential for application 

in food quality and authentication such as the control of fish and seafood.84 

 

1.4 Aim of the work 

This thesis focuses on the development of effective analytical methods for the 

geographical discrimination of typical regional food products and verification of their 

authenticity. The integration of analytical methods into the traceability system is still 

required and encouraged by EU and national legislative and monitoring bodies in order 
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Scientific Reports 10, no. 1 (2020): 16100. DOI: 10.1038/s41598-020-72558-7 

 
83 W. M. MacKenzie and R. I. Aylott, “Analytical Strategies to Confirm Scotch Whisky Authenticity.,” 

The Analyst 129, no. 7 (2004): 607. DOI: 10.1039/b403068k 

 
84 J.-H. Cheng and D.-W. Sun, “Hyperspectral Imaging as an Effective Tool for Quality Analysis and 

Control of Fish and Other Seafoods: Current Research and Potential Applications.” Trends in Food 

Science & Technology 37, no. 2 (2014): 78–91. DOI: 10.1016/j.tifs.2014.03.006 
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to combat food frauds. As stated above, untargeted analyses seem to be the best 

approaches for food control and safety as they provide a wider outlook about the food 

matrix, especially when coupled with multivariate statistical analyses. Exploratory 

analysis, classification, and class-modelling algorithms (which will be discussed in more 

detail in Chapter 3) have been used to interpret and exploit the fingerprinting data in order 

to obtain useful information from the untargeted analyses. In other terms, chemometrics 

offers the possibility to develop cheap and fast methods, which could be even non-

destructive, automatable, and environmental-friendly when it is coupled with 

spectroscopic techniques. Thus, the idea behind the project was to develop and apply 

methods based on the coupling of chemometrics with analytical techniques to trace and 

authenticate regional niche products whose value is recognized by certified marks. In 

particular, the study aims at contributing to the safeguard of specific regional landraces 

(perfectly adapted to the respective production areas) whose wealth lies in the tradition 

and in the genetic heritage resulting from the long selection, lasted for generations. These 

are foodstuffs that have experienced a decline over the years due to agriculture 

industrialization and biodiversity loss, but which today are regaining visibility by meeting 

consumers' needs both for their nutritional and socio-economic values. However, the 

protection of these foodstuffs is necessary since the increase in the economic value of 

these products makes them easy targets for food fraud. Moreover, their production even 

in non-traditional areas is encouraged, leading not only to possible unfair competition but 

also to endanger the conservation of their typical characteristics. Therefore, this study 

could be a starting point for putting in place methods that could be integrated into a small-

scale traceability system for small producers, protecting local markets. 

The work consists of a first section (Chapters 4-6) dealing with the determination of 

multi-elemental profile for food geographical discrimination and authentication. The 

second section (Chapters 7 and 8) describes approaches to food geographical 

discrimination and authentication based on spectroscopic profiles combined with data-

fusion chemometric tools.  
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An abstract of each Chapter is given below: 

• (Chapter 4) Geographical discrimination of red garlic (Allium sativum L.) 

produced in Italy based on multi-elemental analysis 85  

Sixty-five samples of red garlic (Allium sativum L.) coming from four different territories 

of three regions of Italy (Lazio, Abruzzo and Sicily) were analysed by means of ICP-OES 

spectrometry. The garlic samples were discriminated according to the geographical origin 

using the content of seven selected elements (Ba, Ca, Fe, Mg, Mn, Na and Sr). Both 

classification and class-modelling methods were applied by using linear discriminant 

analysis (LDA) and soft independent model class analogy (SIMCA), respectively. LDA 

allowed all samples to be correctly assigned both in the calibration and in the validation 

of the classification model. The class models, developed using SIMCA, exhibited high 

sensitivity (almost all the calibration and external samples were accepted by the 

respective classes) and good specificity (the majority of extraneous samples were refused 

by each class model). 

• (Chapter 5) Geographical discrimination and authentication of lentils (Lens 

culinaris Medik.) 86 

Geographical classification and authentication of lentils (Lens culinaris Medik.) were 

attempted by discriminant and modelling pattern-recognition methods applied to multi-

elemental composition determined by ICP-OES. After microwave-assisted digestion, the 

content of 15 elements was determined in 20 samples, imported from Canada, and in 89 

Italian lentil samples produced in three relatively close areas of the Central Apennines 

(Castelluccio di Norcia, Colfiorito and Santo Stefano di Sessanio). A good geographical 

classification was obtained by discriminant approaches. Class models generated by 

SIMCA presented high sensitivity (all the calibration and external samples were correctly 

accepted by the target classes) and good specificity since most of the non-compliant 

samples were refused by each of the four modelled classes. 

 
85 A.A. D’Archivio, M. Foschi, A. Rosaria, M.A. Maggi, L. Rossi and F. Ruggieri, “Geographical 

Discrimination of Red Garlic (Allium Sativum L.) Produced in Italy by Means of Multivariate Statistical 

Analysis of ICP-OES Data,” Food Chemistry 275, (2019): 333-338. 

 DOI: 10.1016/j.foodchem.2018.09.088 

 
86 M. Foschi, A.A. D’Archivio and L. Rossi, “Geographical Discrimination and Authentication of Lentils 

(Lens Culinaris Medik.) by ICP-OES Elemental Analysis and Chemometrics,” Food Control 118, (2020): 

107438. DOI: 10.1016/j.foodcont.2020.107438 

https://doi.org/10.1016/j.foodchem.2018.09.088
https://doi.org/10.1016/j.foodcont.2020.107438


29 
 

• (Chapter 6) Stable isotope ratio analysis combined with ICP-MS for 

geographical discrimination of saffron (Crocus sativus L.)87  

Seventy-six samples of saffron were analysed through ICP-MS and stable isotope ratio 

analysis. The dataset consisted of 67 samples, harvested in different areas of Italy, 

Morocco and Iran, and nine samples purchased in the Italian market. The combination of 

ICP-MS multi-elemental profile (formed by 42 elements) and isotopic composition data 

(δ13C, δ15N, δ34S, δ2H and δ18O) turned out to be a useful tool for discrimination of saffron 

samples according to their geographical origin. Exploiting PLS-DA algorithm as the 

linear classification model and Variable Importance in Projection, as a variable selection 

tool, K, Cr, Mn, Ni, Zn, Rb, Sr, Mo, Cs, Nd, Eu, Pb, δ13C, δ15N, δ34S and δ2H were 

identified as the most discriminant variables. The model provided a total classification 

rate of 100% in calibration and 91.4 % in prediction. Moreover, the class models 

generated for valuable saffron cultivated in two specific areas of Central Italy exhibited 

100% specificity for Moroccan, Iranian and commercial samples and high specificity 

(83% and 84%) for the saffron samples cultivated in other, although close, Italian sites. 

• Chapter 7) Geographical classification of Italian saffron (Crocus sativus L.) by 

multi-block treatments of UV-Vis and IR spectroscopic data88 

One-hundred and fourteen samples of saffron harvested in four different Italian areas 

(three in Central Italy and one in the South) were investigated by IR and UV-Vis 

spectroscopies. Two different multi-block strategies, Sequential and Orthogonalized 

Partial Least Squares Linear Discriminant Analysis (SO-PLS-LDA) and Sequential and 

Orthogonalized Covariance Selection Linear Discriminant Analysis (SO-CovSel-LDA), 

were used to simultaneously handle the two data blocks and classify the samples 

according to their geographical origin. Both multi-block approaches provided very 

satisfying results. Each model was investigated to understand which spectral variables 

contribute the most to the discrimination of samples and most characterize saffron 

 
87 M. Perini, S. Pianezze, L. Ziller, M. Ferrante, F. Ferella, S. Nisi, M. Foschi, and A.A. D'Archivio, “Stable 

Isotope Ratio Analysis Combined with Inductively Coupled Plasma-Mass Spectrometry for Geographical 

Discrimination between Italian and Foreign Saffron,” Journal of Mass Spectrometry 55, no. 11 (2020): 

e4595. DOI: 10.1002/jms.4595 

 
88 A. Biancolillo, M. Foschi and A.A. D’Archivio, “Geographical Classification of Italian Saffron (Crocus 

Sativus L.) by Multi-Block Treatments of UV-Vis and IR Spectroscopic Data,” Molecules 25, no. 10 

(2020): 2332. DOI: 10.3390/molecules25102332 

https://doi.org/10.1002/jms.4595
https://doi.org/10.3390/molecules25102332
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harvested in the different areas. The most accurate outcome was provided by SO-PLS-

LDA, which only misclassified three test samples over 31 (in external validation). 

• (Chapter 8) Spectroscopic fingerprinting and chemometrics for the 

discrimination of Italian emmer landraces 

Emmer is a traditional Italian wheat species attracting growing attention for its high-

nutritive and dietary value. The present study aims to develop a non-destructive and 

routine-compatible method to discriminate three Italian landraces and lay the basis for a 

possible authentication method. One-hundred and forty-seven emmer samples, harvested 

in 2019 and in three traditional production areas (Garfagnana, Monteleone di Spoleto, 

Gran Sasso and Monti della Laga National Park) were investigated by Middle-Infrared 

(MIR) and Near-Infrared (NIR) spectroscopy. Two different approaches of multiclass 

PLS-DA were applied to the collected fingerprint profiles. Eventually, Data-Fusion 

strategies have been employed to combine the different information sources and classify 

the samples according to geographical origin. The most accurate solution was provided 

by the Sequential and Orthogonalized Partial Least-Discriminant Analysis (SO-PLS-DA) 

model, which misclassified only one test sample out of 44 (in external validation). Finally, 

a chemical interpretation of the most discriminant variables was given. 
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CHAPTER 2 

Instrumentation 

 

In this chapter, an overview of the techniques employed in the subsequently reported 

cases of study (from Chapter 4 to Chapter 8) is given. Following the categorization 

mentioned in the Introduction, fingerprinting analyses were carried out and, in detail, only 

techniques belonging to the multi-elemental and spectroscopic profiling were employed. 

 

2.1 Multi-elemental profile 

As described in Chapter 1, ICP-OES, ICP-MS, and IR-MS are among the techniques that 

provide a multi-elemental profile and that were all employed in this thesis. Fundamental 

principles, the instrumentation as well as the benefits and drawbacks will be presented 

and discussed in the following sub-sections. 

2.1.1 ICP-OES and ICP-MS: analogies and differences 

ICP-OES and ICP-MS (Fig (2.1)) are multi-elemental techniques widely applied in many 

fields like geology, forensic science, biology, food analysis, and industry. They are both 

characterized by multiple advantages such as:1 

1. Ability to analyse liquid, solid and gaseous samples 

2. Ability to rapidly perform qualitative and quantitative multi-elemental analyses 

with relatively low limits of detection (LOD) 

3. Due to the wide range of linearity, these techniques permit to simultaneously 

quantify major and trace elements (ICP-OES) as well as trace and ultra-trace ones 

(ICP-MS)  

They could be considered complemental techniques since, although ICP-MS shows 

higher sensitivity (thus requires a lower amount of sample), it instead exhibits a lower 

tolerance against dissolved solids and in general a lower robustness compared to ICP-

 
1 T. Wang, “Inductively Coupled Plasma Optical Emission Spectrometry,” in Ewing’s Analytical 

Instrumentation Handbook, Fourth Edition, eds. N. Grinberg and S. Rodriguez (CRC Press, 2019): 55–70. 

DOI: 10.1201/9781315118024-3 

A 

https://doi.org/10.1201/9781315118024-3
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OES. For this reason, the actual application of one of these two techniques is dependent 

on the type of matrix and on the specific objective. They are based on completely different 

detection mechanisms, but they rely on the same sample introduction system and source. 

 

Fig. (2.1): Schematic representation and differences among the ICP-OES (A) and ICP-MS (B) 

instrumentation 
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• Sample introduction system 

 

Fig. (2.2): Schematic representation of the sample introduction system and the source 

(components of both ICP-OES and ICP-MS instrumentation)2 

 

As reported in the Fig. (2.2) the sample introduction system consists of three major 

components, namely: a peristaltic pump, a nebulizer, and a spray chamber. The task is to 

convert a liquid sample (the most frequently analysed) into a fine aerosol to be efficiently 

evaporated and atomized in the plasma discharge. The sample introduction system is 

considered the weakest component of the instrumentation since, depending on the matrix 

and the method settings, only 2–5% of the sample manages to reach the plasma. Once the 

continuous pumped flow of the liquid sample has gone into the nebulizer, it is broken up 

into a fine aerosol by the pneumatic action of a gas flow (usually argon), “shattering” the 

liquid into tiny droplets. Because the plasma discharge is not very efficient at dissociating 

large droplets, it is crucial allowing only the small ones to enter the plasma. The spray 

chamber is designed for this purpose as well as for smoothing pulses of the flow that 

occur during the nebulization process.2 The cyclonic spray chamber is the most employed 

for its higher sampling efficiency, higher sensitivity, and lower detection limits. It 

discriminates droplets according to their size by means of a centrifugal force, which is 

produced inside the chamber by a tangential flow of the aerosol and the argon gas. Sample 

introduction is a crucial step of the analysis and must be carefully evaluated and 

controlled in order to minimize matrix effects, decrease LOD, and increase the precision 

 
2 R. Thomas, Practical Guide to ICP-MS 3rd edition, ed. R. Thomas, (CRC Press, 2013): 1-54. DOI: 

10.1201/b14923 
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of the analytical procedure. The statistical distribution of the size and the prevailing 

diameter of the droplets influence the efficiency of the mass transport to the source, thus 

the accuracy of the measurement and the extent of the interferences. Indeed, a decrease 

in the size of aerosol particles permits to minimize the contribution of the solvent, which 

causes an increase in noise and matrix effects. In addition, the physical properties of the 

sample matrix (surface tension, volatility, density and viscosity) influence the 

characteristics of the aerosol: the higher the surface tension the higher the average drop 

diameter, as well as the higher the volatility the higher the solvent contribution.3 The 

quantity of easily ionized elements in the sample is also an influencing factor due to the 

Coulomb explosion. The phenomenon involves pneumatically generated drops that have 

a net charge on the surface and causes an efficient decrease in droplet size. Hence the 

need to evaluate and understand the mechanisms behind the nebulization process, in order 

to be able to predict, avoid and correct interferences due to the sample introduction and 

transport system. 

• Source 

The ICP torch is made up of concentric and coaxial quartz tubes, which direct the argon 

flow and lead the generation of the plasma. The argon flow is classified into plasma or 

coolant gas (between the outer and the middle tube) that allows forming the plasma. The 

auxiliary gas (between the middle tube and the sample injector) allows to move the 

plasma away from the torch. Eventually, the nebulizer gas brings the sample, in the form 

of a fine-droplet aerosol, from the sample introduction system to the plasma. Inductively 

coupled plasma is formed by interaction (energy transfer) between the partially ionized 

gas and an intense magnetic field produced by an induction coil. This permits further 

ionization of the gas, which is seeded with a source of electrons from a high-voltage spark, 

forming a very-high-temperature and self-sustained plasma discharge (~10,000 K) at the 

open end of the torch. In ICP-OES, the vertical plasma is used to generate photons by the 

excitation of electrons of a ground-state atom to a higher energy level (Fig (2.1)). In ICP-

MS the plasma torch, which is positioned horizontally, is used to generate positively 

charged ions. Here, every attempt is made to stop the photons from reaching the detector 

to avoid the increase of the noise. The production and detection of large quantities of the 

 
3 J. L. Todolí and J. M. Mermet, “Sample Introduction Systems for the Analysis of Liquid Microsamples 

by ICP-AES and ICP-MS,” Spectrochimica Acta - Part B Atomic Spectroscopy 6, no. 3 (2006): 239-283. 

DOI: 10.1016/j.sab.2005.12.010 

https://doi.org/10.1016/j.sab.2005.12.010
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ions give to ICP-MS the characteristic low-ppt detection capability (about three to four 

orders of magnitude better than ICP-OES). 

• ICP-OES analysis 

Atomic emission spectroscopy is based on the principle that atoms and ions in the excited 

state can emit, by radiative relaxation, radiation at characteristic wavelengths. Under 

controlled conditions, the intensity of the emitted line is proportional to the number of 

excited atoms that can be estimated by the statistical thermodynamics, assuming the 

existence of local thermodynamic equilibria (LTE). The mechanisms of excitation within 

the plasma are very complex and are dependent on the ionization and excitation energy, 

as well as the residence time of the species, the temperature and the electronic density in 

the plasma. The role of the spectrometer is to isolate the interesting wavelengths from the 

light emitted by the plasma by means of dispersion devices such as prisms and/or gratings. 

Among simultaneous spectrometers or polychromators, the Echelle spectrometer is the 

most commonly used for its high resolving power and flexibility (Fig. (2.3)).  

 

Fig. (2.3): Echelle spectrometer 4 

 

 
4 S. J. Hill, Inductively Coupled Plasma Spectrometry and Its Applications, ed. S. J. Hill, (Blackwell 

Publishing Ltd, 2006): 1-157. DOI: 10.1002/9780470988794 

https://onlinelibrary.wiley.com/doi/book/10.1002/9780470988794
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Echelle spectrometers are generally connected to charge-transfer detectors. These 

systems are multichannel devices capable of generating a two-dimensional array of more 

than 20 thousand individual detectors or pixels and have the advantage to simultaneously 

detect more than four primary emitted lines of more than 70 elements. The atomic 

emission spectrum appears as a series of narrow peaks on a noisy background, which 

arises from energy losses by radiative decay of free particles, molecular bands, or 

continuous radiation. Typical interferences of atomic emission spectroscopy, such as self-

absorption, are minimized by the ICP-OES instrumentation. Other interfering 

phenomena, like signals’ overlapping, light scattering and matrix effects can be 

minimized by increasing the resolution of the spectrometer, operating background 

subtraction or using a different spectral line of the same element. In conclusion, it is 

possible to improve the accuracy and precision of the method performing correction of 

the signal, using appropriate internal standards, or acting on the operating parameters for 

method optimization. 

• ICP-MS analysis5 

Once the sample has reached the analytical zone of the plasma, at approximately 6000–

7000 K, it exists as ground-state atoms and ions. Here, the energy transfer produces the 

excitation of the ground-state atoms and the relative emission lines that are detected in 

Atomic Emission Spectroscopy. However, there is also enough energy in the plasma to 

remove an electron from its orbital to generate free ions. The ions emerging from the 

plasma are directed into the mass spectrometer via the interface region, which is 

maintained at a vacuum of 1–2 Torr. This interface region consists of two metallic cones 

(usually nickel), called the sampler and a skimmer that allow the ions to pass through the 

ion optics (maintained at ≅ 10 Torr). The main function of the ion lenses is to 

electrostatically focus the ion beam toward the mass separation device while stopping 

photons, particulates, and neutral species, avoiding interferences and noise. There are 

many different mass separation devices. Here only the quadrupole will be mentioned 

since quadrupole-based systems represent approximately 85% of all the ICP mass 

spectrometers used today. 

 

 
5 S. M. Nelms, Inductively Coupled Plasma Mass Spectrometry Handbook, ed. S. M. Nelms, ( Blackwell 

Publishing ; CRC Press, 2009): 1-143.DOI: 10.1002/9781444305463 

https://doi.org/10.1002/9781444305463
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Fig. (2.4): The sequence of the components of the ICP-MS instrumentation 

 

QUADRUPOLE 

As can be seen in Fig. (2.4), the mass analyser is positioned between the ion optics and 

the detector and it is maintained at a vacuum of approximately 10 Torr with an additional 

turbomolecular pump, together with the one used for the lens chamber. The ions emerging 

from the ion optics at the optimum kinetic energy are separated according to their mass-

to-charge ratio (m/z) by a mass spectrometer. A quadrupole consists of four cylindrical 

or hyperbolic metallic rods of the same length and diameter. It operates by generating 

both a direct current (DC) field and a radiofrequency of alternated current (AC) on 

opposite pairs of the four rods. By scanning the AC/DC ratio on each pair of rods, ions of 

specific m/z ratio are allowed to pass and reach the detector. Generally, in real analysis, 

almost 25 elements could be determined in duplicate with good precision in 1–2 min, 

depending on the analytical requirements. The final process is to convert the ions into an 

electrical signal by means of an ion detector. The most commonly used is a discrete 

dynode detector, which is made up of a series of metal dynodes. When the ions impact 

the first dynode, they are converted into electrons that are attracted to the next dynode, 

resulting in an electron multiplication; further electron multiplication occurs in the 

successive dynodes. The final electronic signal is then processed by the data-handling 

system and converted into analyte concentration using ICP-MS calibration standards. 

Interface region

Ion lenses

Quadruple mass spectrometer

Discrate dynode detector
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2.1.2 IR-MS analysis and instrumentation 

IR-MS is a technique widely used in the food field since it permits to discriminate 

products of different biosynthetic or geographical origin. In fact, the technique has proved 

to provide information about the geographical, chemical, and biological origins of 

substances, exploiting the relative isotopic abundances of the elements composing the 

sample.6 The analysis of stable isotopes (not radioactive atoms having the same atomic 

number but different atomic weights) reflects the highly informative enrichment or 

depletion of the specific isotope ratio that follows kinetic (irreversible chemical/physical 

processes) and thermodynamic (i.e. equilibrium reactions) processes. In nature, isotopic 

variations occur because substances (such as minerals, water, and gases) preferentially 

concentrate an isotope with respect to another or because organisms can more efficiently 

metabolize one specific isotope. The relative abundances of isotopes of, for instance, light 

elements (H, C, N, O, or S) vary geographically according to processes such as 

evaporation, diffusion, condensation chemical/biochemical exchange. In addition, 

environmental factors such as temperature, rainfall, and hours of sunlight also influence 

fractionation. The same abundances are assimilated into plants and animals grown in that 

region.7 

 

Tab. (2.1): Some examples of the application of relative isotope abundances in food analysis 

 

Some of the applications reported in Tab. (2.1) are already regulated and recognized by 

official bodies as in the case of authentication of wine, vinegar, fruit juices and honey. 

 
6 Z. Muccio and G. P. Jackson, “Isotope Ratio Mass Spectrometry,” The Analyst 134, no. 2 (2009): 213–

222. DOI: 10.1039/B808232D 

 
7 D. A. Schoeller, “Isotope Fractionation: Why Aren’t We What We Eat?,” Journal of Archaeological 

Science 26, no. 6 (1999): 667–673. DOI: 10.1006/jasc.1998.0391. 

Element factors Information/application 
13C/12C – 2H/1H  C3, C4, Crassulacean 

Acid metabolisms 

Sugar fraudulent addition to wine or 

juice; Corn content in animal diet 
18O/16O - 2H/1H Water origin Adulteration (water adding) 
13C/12C – 2H/1H Chemical synthesis Addition of synthetic substances 
13C/12C – 2H/1H -18O/16O- 

15N/14N - 34S/32S 

Geographical origin Geographical characterization and 

authentication 

https://doi.org/10.1039/B808232D
https://doi.org/10.1006/jasc.1998.0391
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The goals of this technique include the control of food fraud, the authentication of food 

of controlled origin, and the evaluation of the animal diet composition.  

The isotopic composition of a sample is calculated by the ratio (R) between the abundance 

of the heavy isotope with respect to the light one and is expressed as the deviation, in 

parts per thousand (δ‰), from an international reference standard material: 

δ‰ = (
𝑅𝑠𝑎𝑚𝑝𝑙𝑒−𝑅𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑

𝑅𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑
) x 1000 

Delta values are dimensionless quantities that express the difference, in isotope ratio, 

between the sample and an internationally agreed zero-point (defined by the IAEA).8 

 

Tab. (2.2): The Official references for the isotope ratio of the light-elements 

 

Although nomenclature may vary, RMs for isotope ratio measurements can be broadly 

classified as primary RMs (reported in Tab. (2.2)), secondary RMs, tertiary RMs and in-

house (laboratory) RMs. In-house RMs may be at the secondary or tertiary level 

depending on which RMs are calibrated. Indeed, primary and/or secondary RMs are used 

to calibrate in-house RMs for every day and for quality assurance analysis. The main 

characteristics of in-house reference material should be: 

 
8 P. J. H. Dunn and J. F. Carter, Good Practice Guide for Isotope Ratio Mass Spectrometry Second Edition 

(The FIRMS Network, 2018):1-24. Retrivered from: 

https://www.researchgate.net/publication/325987001_Good_Practice_Guide_for_Isotope_Ratio_Mass_S

pectrometry_Second_Edition_2018 

Element 
Stable 

isotopes 

Mean Natural Isotopic 

abundance (%) 

International reference 

standard 

Hydrogen 
1H 99.98 V-SMOW (Vienna –Standard 

Mean Ocean Water) 2H 0.01 

Carbon 
13C 98.89 

PDB (Vienna-Pee Dee Belemnite) 14C 1.10 

Nitrogen 
14N 99.63 

AIR 15N 0.36 

Oxygen 

16O 99.75 
V-SMOW (Vienna –Standard 

Mean Ocean Water) 
17O 0.04 
18O 0.20 

Sulfur 
34S 94.93 VCDT (Vienna-Canyon Diablo 

Troilite) 32S 4.29 

https://www.researchgate.net/publication/325987001_Good_Practice_Guide_for_Isotope_Ratio_Mass_Spectrometry_Second_Edition_2018
https://www.researchgate.net/publication/325987001_Good_Practice_Guide_for_Isotope_Ratio_Mass_Spectrometry_Second_Edition_2018
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1. Homogeneous and stable isotope composition over time 

2. Chemically similar to the samples 

3. Easy to prepare and replace 

4. Non-hygroscopic (especially important when measuring hydrogen and oxygen 

isotopes) 

• Analysis and instrumentation 

The IR-MS analysis is composed of three main steps: 

1. sample conversion to gas or purified gases 

2. sample ionization 

3. ion separation and detection 

IR-MS has wide applicability and versatility due to the possibility to be coupled with 

several different interfaces (Elemental Analyser (EA)-IR-MS, GC-IR-MS, LC-IR-MS). 

The attention will be focused on the bulk technique (i.e. EA-IR-MS), which is the one 

employed in this thesis. Non-volatile substances such as foods, drugs, aminoacids, and 

fatty acids can be easily measured with EA-IR-MS, even though this technique only 

provides an average isotope ratio value for the entire sample. The technique does not 

require complex sample preparation procedures, which are usually needed for GC- or LC-

IR-MS analysis. As mentioned above, samples are firstly converted to simple gases such 

as hydrogen, carbon dioxide, nitrogen, carbon monoxide, and sulfur dioxide. Gaseous 

molecules are introduced into the ionization chamber where the interaction with an 

ionization source resulting in the formation of positive ions (ICP, thermal or electron 

ionization are examples of ionization sources). The ions are accelerated out of the 

chamber and enter into a flight tube between the poles of an electromagnet, where they 

are separated according to their mass-to-charge ratio (m/z). In the Faraday cups, the 

impact of the ions is translated into a recordable electrical signal that is collected for data 

processing and analysis. 
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Below are reported the schematic sequences of the EA-IR-MS instrumentation. 

 

 

Fig. (2.5): EA-IR-MS instrumentation for the analysis of Carbon, Nitrogen, and Sulfur isotopic 

ratio 

 

Solid substances and non-volatile liquids can be introduced in tin capsules, while liquids 

with limited viscosity can be directly injected using a liquid inlet system. The 

equilibration is an essential phase in Sulfur isotopic ratio analysis since it ensures that the 

oxygen isotopic composition of the SO2 produced from all materials is identical. The 

interface reduces the gas volume entering the ion source and permits introducing the 

working gas to dilute the sample with additional helium. 
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Fig. (2.6): EA-IR-MS instrumentation for the analysis of Hydrogen and Oxygen isotopic ratio 

 

In high-temperature conversion (HTC) processes, both organic and inorganic compounds 

are converted to H2, N2, and CO gases in a strongly reducing environment at temperatures 

between 1350 °C and 1450 °C. After HTC, also reactive species can be generated when 

the target analytes contain N, Cl, S, etc. Chemical traps, to remove some reactive gases 

as well as water and carbon dioxide, are placed before the GC column. 

 

2.2 Spectroscopic profile 

As stated in the introduction, spectroscopic techniques are widely employed in food 

analysis as non-targeted methods providing bulk information about the sample in a cheap, 

rapid and, when it is possible, in a non-destructive way.9 In this sub-section, the 

spectroscopic techniques, used in the following applications (Chapter 7 and Chapter 8) to 

authenticate and discriminate different kinds of food matrices, will be briefly described. 

The regions of the electromagnetic spectrum exploited for the above-mentioned purpose 

and by means of chemometrics were: from 200 nm to 600 nm (UV-Vis), from              

 
9 S. Lohumi, S. Lee, H. Lee and B.-K. Cho, “A Review of Vibrational Spectroscopic Techniques for the 

Detection of Food Authenticity and Adulteration,” Trends in Food Science & Technology 46, no. 1 (2015): 

85–98. DOI: 10.1016/j.tifs.2015.08.003 
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https://doi.org/10.1016/j.tifs.2015.08.003
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10000 cm-1 to 4000 cm-1 (Near Infrared) and from 4000 cm-1 to 400 cm-1 (Middle 

Infrared). 

2.2.1 UV-Vis spectroscopy 10 

UV-Vis spectroscopy is one of the oldest chemical analytical techniques widely 

recognized as a powerful tool in food quality control. Indeed, it exhibits many advantages 

such as sensitivity, specificity, cheapness, and rapidity even if, compared to other 

spectroscopic techniques it requires a sample preparation step (extraction and/or dilution). 

UV-Vis spectroscopy refers to bonding electron transitions that occur when molecules in 

the ground state absorb photons of proper energy in the UV-Vis range. According to the 

Bouguer-Lambert-Beer law, which represents the mathematical and physical basis of the 

light-adsorption phenomena on gases and solutions, the amount of adsorbed light, at a 

given wavelength, is strictly dependent on the species in the sample (information residing 

in the molar extinction coefficients), on their concentration and on instrumental 

parameters (the optical path through the sample). Thus, qualitative and quantitative 

information can be obtained from the UV-Vis spectrum such as the purity of a sample or 

the concentration.11 On the other hand, the position of the bands in the absorbance 

spectrum reveals information about the structure and the presence of particular 

chromophores that, in specific cases, could be recognized as targeted information about, 

for instance, sample quality. In the case of complex matrices such as food, untargeted 

analysis of combined signals can provide a bulk and more informative characterization 

of the sample. In this case, standards and multivariate processing tools are required in 

order to interpret or to associate to the signals a given qualitative or quantitative response. 

It has to be considered that other instrumental components can influence the actual light 

intensity reaching the detector, such as the reflection at the quartz cuvette surface. In order 

to eliminate this source of error and to take into account the solvent signal, a background 

measurement is performed on a cuvette with the same path length and containing only the 

pure solvent. Thus, I0 is the light intensity recorded once the beam passed the reference 

cuvette and I is the light intensity measured after passing the cuvette containing the 

sample. The relationship between I and I0 is generally expressed as the Absorbance (A) 

value (A= log(I0/I)), which is the concentration-related quantity according to Lambert-

 
10 H.-H. Perkampus, UV-VIS Spectroscopy and Its Applications, ed. H.-H. Perkampus (Springer, 1992):1-

234.DOI: 10.1007/978-3-642-77477-5 

 
11 M. Picollo, M. Aceto and T. Vitorino, “UV-Vis Spectroscopy,” Physical Sciences Reviews 4, no. 4 

(2019): art. 20180008. DOI: 10.1515/psr-2018-0008 

https://doi.org/10.1007/978-3-642-77477-5
https://doi.org/10.1515/psr-2018-0008
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Beer law. The absorption spectrum, obtained by measuring A within a useful wavelength 

range, will be independent of the solvent’s influence and of the losses due to cuvette 

reflection. A schematic representation of a spectrophotometer is reported in Fig. (2.7).  

 

Fig. (2.7): Representative scheme of the components of a spectrophotometer referring to the 

optical arrangement known as Czerny-Turner configuration 

 

The optical path starts with a light source: spectrometers based on Tungsten-Deuterium-

lamps (deuterium for the UV region and the tungsten-halogen for the Visible one), 

requiring two lamps to cover the UV-Vis spectral range, are in general less efficient 

needing higher instrument maintenance costs and having shorter life-times. Spectrometer 

based on Xenon-lamp requires, instead, only one lamp to cover a similar spectral range; 

This type of source operates only for the duration of the actual measurement, showing 

minimum maintenance costs and a long life-time.  

The monochromator is the real heart of the spectrophotometer; its function is to produce 

parallel and highly monochromatic light passing through the sample and is made up of a 

system of slits, lenses, and mirrors, together with a dispersing device. Gratings are the 

most common dispersing devices employed in the spectrophotometers due to their 

versatility and their nearly constant dispersion ability varying the wavelengths. Finally, 

the detector transforms the light energy into electrical signals. The use of specifically 

designed silicon chips for photodetection leads to improvements in range, accuracy, 

speed, and size. The light intensity of the source, the efficiency of the monochromator 
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and the sensitivity of the detector are the three influencing factors for the bandwidth, 

which quantifies the purity of the light passing through the sample. The narrower the 

bandwidth, the greater the resolution and efficiency of the measurements. However, 

narrower bandwidths produce a decrease in intensity. This inverse relationship between 

resolution and intensity must be taken into account in choosing an instrument. 

2.2.2 Fourier Transform Infrared (FT-IR) spectroscopy 

Fourier Transform Infrared (FT-IR) spectroscopy is gaining increasing popularity mainly 

due to the possibility of better exploiting the data through chemometric tools. IR 

spectroscopy-based methods are suitable for routine quality analysis of agri-food products 

and are nowadays implemented in many industrial fields because are environmental-

friendly, non-destructive, fast, and do not require complex sample pre-treatments. 12 The 

infrared spectral range is subdivided into three different regions: Near-Infrared (NIR), 

Mid-Infrared (MIR), and Far Infrared (FIR), through which it is possible to observe the 

vibrational modes of the molecules, such as stretching and bending, and that require lower 

energy values than the electronic transitions occurring in the UV-Vis region. 

 

Fig. (2.8): Vibrational transitions in NIR spectroscopy (A) and MIR spectroscopy (B). The 

techniques are based on the same physical principle but exhibit minor differences: MIR 

spectroscopy looks at fundamental transitions whereas NIR spectroscopy on overtones 13 

 

 

 
12 H. W. Siesler, “Vibrational Spectroscopy,” in Polymer Science: A Comprehensive Reference 2, eds. K. 

Matyjaszewski and M. Mölle, (Elsevier 2012): 255-300. DOI: 10.1016/B978-0-444-53349-4.00026-1 

 
13 H. W. Siesler, “Basic Principles of Near-Infrared Spectroscopy,” in Handbook of Near-Infrared Analysis, 

ed. D. A. Burns and E. W. Ciurczak (CRC Press, 2007), 25–38. DOI: 10.1201/9781420007374-6 

A B 

https://doi.org/10.1016/B978-0-444-53349-4.00026-1.
https://doi.org/10.1201/9781420007374-6.
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• NIR spectroscopy 13 

As shown in Fig. (2.8) NIR absorptions are based on overtones and combined vibrations 

that are 10 or 100 times less intense than the fundamental vibration according to the type 

of the overtone and the anharmonicity. The superposition of many different overtones and 

combination bands in the NIR region causes a very low structural selectivity and high 

multicollinearity, making the NIR spectroscopy absolutely reliant on the use of 

chemometrics; thus, NIR spectroscopy is not very useful for the identification of 

individual compounds. Notwithstanding, the application of chemometric methods has 

allowed maximizing the extraction of information from these signals, and nowadays, NIR 

is one of the most widely used techniques (especially in food analysis). NIR spectra of 

food matrices show relative intense absorption bands concerning overtones and 

combination modes of C-H, N-H, O-H and S-H bond vibrations. Moreover, it is common 

that water strong absorption bands, being the main constituent of numerous foods, prevail 

on other compounds’ peaks, which is a drawback addressable by specific signal pre-

treatments. When the analyses are conducted on the raw food matrix ( i.e. not pre-treated) 

it is necessary to bear in mind that the Lambert-Beer law is not directly applicable since 

the light entering the sample can be back-scattered (diffuse reflectance) or scattered 

forward (diffuse transmission). In these cases, the reflected radiation can be collected to 

subsequently obtain absorbance spectra (more precisely, pseudo-absorbance). Fig. (2.9) 

shows a schematic representation of a typical FT-NIR instrumentation: 

 

Fig. (2.9): Schematic representation of the FT-NIR main components, including the halogen-

tungsten source, the Michelson interferometer and the integrating sphere 
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Fourier-transform spectroscopy has been commonly used for spectroscopic analyses in 

the MIR and NIR regions because of several advantages: 

1. Achievement of the same signal-to-noise ratio as a dispersive instrument in a 

much shorter time. 

2. High detection efficiency of signals because all the wavelengths are detected 

simultaneously. 

3.  High and constant resolution can be obtained because the wavenumber precision 

is high (negligible stray light) 

The Michelson interferometer (Fig. (2.9)) is the most common tool in FT-NIR 

instruments; it is based on a beam splitter that divides the radiation into two beams 

covering different distances by means of a movable mirror. Time-related differences of 

the optical path are then introduced, allowing the generation of destructive or constructive 

interferences. The resulting interferogram represents the variations in the radiation 

intensity, which reaches the photodetector, as a function of time (i.e. the distance between 

the mirrors). By applying FT, the time domain is converted into the wavelength domain 

to provide the conventional spectrum. In this work, reflectance signals were collected by 

an integrating sphere containing the sample and with a diffusing inner surface that reflects 

the entering light (Fig. (2.9)). An Indium Gallium Arsenide (InGaAs) photodetector, 

which is the one employed in the application reported in Chapter 8, having a suitable 

bandgap, can absorb the NIR photons and transform them into electrical signals. Being 

the observed pseudo-absorbance directly related to the concentration of the analytes in 

the analysed matrices, reflectance spectra were converted according to the relation: pA = 

log (1/R), where pA indicates the pseudo-absorbance and R the reflectance. 

• MIR spectroscopy14 

As stated above, MIR spectroscopy, concerning fundamental vibrations, was historically 

the most widely used as a structural elucidation tool; indeed, it provides high structural 

selectivity and more structural information than NIR spectroscopy. Generally, the MIR 

region is subdivided into two intervals; the first, ranging from 4000 to 1500 cm-1, is the 

 
14 G. Ramer and B. Lendl, “Attenuated Total Reflection Fourier Transform Infrared Spectroscopy,” in 

Encyclopedia of Analytical Chemistry, ed. R. A. Meyers (John Wiley & Sons, Ltd, 2013): 1-24. DOI: 

10.1002/9780470027318.a9287 

https://doi.org/10.1002/9780470027318.a9287
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“functional groups” region, in which the characteristic absorptions of different functional 

groups are found: 

1. X-H stretching falls in the region between 4000 to 2500 cm-1, where X can be C, 

N, O or S. C-H stretching can fall between 3300 and 2700 cm-1 depending on the 

hybridisation of the carbon atom. 

2. Triple bonds like C≡C or C≡N fall in the region between 2700 and 1850 cm -1 

3. From 1950 cm-1 to 1450 cm-1 various functional groups involving double-bonds 

(C=C, C=N, C=O, etc.) show absorption bands. 

This region is very useful to interpret the molecular structures. 

The second interval is called “fingerprint region” and is characterized by much more 

complex signals that are difficult to interpret. Nevertheless, it provides a unique signal 

pattern for the sample, making MIR spectroscopy very precious in the field of food 

analysis especially when coupled to multivariate analysis tools. 

In this work ATR-FT-MIR, which is the most common MIR setup, was employed since 

it shows several advantages like being not-destructive, requiring minimal sample 

preparation and can be used on solids, powders, pastes, gels or liquids samples. These 

features make this technique particularly suitable for food control and in general make it 

easy to employ in routine analysis. The ATR-FT-MIR spectrometer is not very different 

from the instrument already described for FT-NIR spectroscopy except for the ATR 

module. 

 

Fig. (2.10): Schematic representation of the ATR module functioning 
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In ATR spectroscopy, the sample is brought into contact with the crystal. In many cases, 

a loading monitoring system can be used to apply controlled pressure to the sample and 

making it adhere to the crystal, increasing the signal-to-noise ratio. The technique is based 

on the interaction between the sample and the IR light at the point where a total internal 

reflection occurs, thus radiation will travel through the crystal and will interact with the 

sample on the contact surface. The total internal reflection, produced by the differences 

in refractive indices of the involved materials, forms the so-called “evanescent wave” that 

extends into the sample and is in part absorbed resulting in a slightly attenuated total 

reflection. To obtain a total internal reflection, ATR crystal materials (generally ZnSe, 

Ge, or diamond) must have a higher refractive index than the tested sample material. The 

penetration depth is a critical parameter that can be evaluated prior to analysis and is 

dependent on the refractive indexes, the incidence angle (or critical angle at which the 

total reflection occurs) and the wavelength of the incident light. 

Further technical information on all the employed types of equipment will be given in the 

Chapters regarding the different applications (from Chapter 4 to Chapter 8). 
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CHAPTER 3 

Chemometric methods 

 

3.1 Nomenclature and abbreviations 

Sub-chapter 3.2 Exploratory analysis, data pre-treatment and data splitting 

A Total number of principal components 

S Total number of samples 

V Number of variables 

X Data matrix (SxV) 

T Scores matrix (SxA) 

P Loadings matrix (VxA) 

E Residuals matrix (SxV) 

a a-th principal components (with a=1…A and with A maximum value= V) 

ta Column vector (Sx1) of scores 

pa 
Column vector (Vx1) of loadings 

XTX Cross product 

λa 
Eigenvalues of the a-th component 

Ʌ Eigenvalues matrix (AxA) 

U Left singular vectors (SxA) 

S Singular value matrix (AxA) 

Ti
 2 Hotelling’s T2 value for the i-th sample 

ti 
Row-vector of the score matrix T (i-th sample) 

T 2con,i
 
 T2 contribution vector (1xV) (i-th sample) 

Qi Sum of squares of the i-th row of E 

ei 
Row vector (1xV) that is the i-th row of E 

Qcon,i The row vector (1xV) of the squared elements of ei 

xcorr,i 
The pre-treated i-th row of X 

xij 
Elements of the X matrix 

x̄j  Mean value of the j-th variable of the data matrix 

𝜎𝑗 
Standard deviation of the j-th variable of the data matrix 

U(x) Generical polynomial expression 

cq Coefficient of the polynomial expression used in the Savitzky- Golay 

derivative 

ps
(q)

 
Set of n coefficients in the Savitzky- Golay smoothing for the q-th 

derivative 

ui, The center of the data point range 
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Sub-chapter 3.3 Classification methods 

G Total number of classes 

xg Class centroid of the g-th class 

S Overall within-class variance/covariance matrix 

πg Prion probability for the g-th class 

N Normalization constant 

C Sample projection on canonical variable 

wi Weights in the linear combination of original variables 

Sb Between-group variance-covariance matrix 

SSb - SSw The between-class and within-class sum of squares 

Ʌv Wilk’s Lamba for the v-th variable 

R Total sum of cross-product matrix 

rii’ 
i-th element of the matrix R 

ng The number of objects belonging to the g-th class 

RW Within-class sum of the cross-product matrix 

RB Between-class sum of the cross-product matrix 

Ʌ Global Wilk’s Lambda   

V Number of selected variables 

I The number of samples 

Nvar Number of original variables 

F Number of Latent Variables 

Y Dependent matrix (matrix of qualitative responses) (IxG) 

U Score matrix of the Y-block (IxF) 

Q Loading matrix of the Y-block (GxF) 

C Diagonal matrix of the coefficients of the inner relation (IxI) 

EY Residual matrix for the Y-block (IxG) 

EX Residual matrix for the X-block (IxNvar) 

BPLS, PLS-model coefficient matrix (Nvar x G) 

tk  Score vector of samples on the k-th latent variable 

ck Coefficient of the k-th PLS inner relationship 

wjk Weight of the j-th variable for the k-th LV 

wk weight vector for the k-th LV 

XSel Reduced X-block obtained by Sequential Orthogonalized Covariance 

Selection 

ZOrth Orthogonalized second (Z) -block 
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3.2 Exploratory analysis, data pre-treatment and data splitting 

As mentioned in Chapter 1, food analysis is a very complex field dealing with very 

different matrices and a high number of variables, which are required to adequately 

describe the targeted foodstuff and to be able to assess its quality or compliance. The data 

obtained from most of the employed analytical techniques are usually arranged in a matrix 

having SxV dimensions where S is the number of samples and V that of the experimental 

variables. Once the data have been collected in the so-called dataset, which consists of 

the data matrix (X) and of all useful information about the samples (for example origin, 

harvested year, process details), chemometric processing can be performed. Exploratory 

analysis is the starting point of each data elaboration since, gathering descriptive methods, 

allows “to summarize the main characteristics of data in an easy-to-understand form, 

often with visual graphs, without using a statistical model or formulated hypothesis”.1 

Therefore, highlighting trends and relationships among objects and variables, exploratory 

analysis permits revealing hidden information upon which subsequent theories and 

hypothesis could be formulated. Multivariate screening tools are applied because they 

bring several advantages for the understanding of the analysed multivariate system such 

as: 

1. The compression of all the information to a small set of parameters without 

introducing distortion of data structure (or at least keeping it to a minimum). 

2. Efficient graphical representation of the data. 

The most effective and used technique to achieve these objectives is the Principal 

Component Analysis. 

PRINCIPAL COMPONENT ANALYSIS (PCA) 

PCA allows to represent multivariate data in a low-dimensionality space of mutually 

orthogonal, thus uncorrelated, principal components (PCs). They can be defined as the 

linear combination of original variables explaining unrelated portions of information.  

 

 
1 M. Li Vigni, C. Durante and M. Cocchi, “Exploratory Data Analysis,” in Chemometrics in Food 

Chemistry, Data Handling in Science and Technology 28, ed. F. Marini, (Elsevier 2013): 55–126. DOI: 

10.1016/B978-0-444-59528-7.00003-X 

https://doi.org/10.1016/B978-0-444-59528-7.00003-X
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Transformation of the original data matrix X is described by the Eq. (1):  

Eq. (1)          X = TPT + E 

The loading matrix P (with dimension VxA, where V are the original variables and A the 

number of principal components) defines the new directions. The score matrix T (SxA) 

where S is the number of samples and A the number of principal components) expresses 

the coordinates of the samples in the PC space. The error matrix E (SxV,) collects the 

residuals associated with the approximation of the original data with fewer PCs than the 

original variables.2 To display multivariate information, objects and loadings can be 

projected onto the compressed PC subspace; this provides a graphical and straightforward 

visualisation of the trends within the data samples (score plot) and interpretation of the 

selected PCs in terms of the original variables (loading plot). For exploratory analysis, it 

could be informative enough to visualise the data distribution by considering the score 

plot of just the first components (generally two or three). On the other hand, when the 

PCA is used for other purposes, such as outlier detection, process control, or predictive 

modelling, the optimal dimensionality of the PC model should be carefully chosen.3 The 

most used graphical method to decide about PC-space dimensionality is the plotting of 

the explained variance (scree plot), or the cumulative one, versus the number of principal 

components.4 Besides, also model cross-validation, taking into account the ability in the 

assessment of external samples, could be used for identifying the optimal number of PCs. 

Two different algorithms are mainly employed in PC model computation, namely 

Nonlinear Iterative Partial Least Squares (NIPALS) and Single Value Decomposition 

(SVD). To better understand the differences, it is important to go back to the previous 

statement: PCs are a linear combination of the original variables, which can be expressed 

as follow: 

Eq.(2)          ta = X pa 

 
2 P. Oliveri and M. Forina, “Data Analysis and Chemometrics,” in Chemical Analysis of Food: Techniques 

and Applications, ed. Y. Picò, ( Elsevier, 2012):25–57. DOI: 10.1016/B978-0-12-384862-8.00002-9 

 
3 A. Biancolillo and F. Marini, “Chemometrics Applied to Plant Spectral Analysis,” in Vibrational 

Spectroscopy for Plant Varieties and Cultivars Characterization, Comprehensive Analytical Chemistry 80, 

eds. J. Lopes and C. Sousa (Elsevier, 2018): 69–104. DOI: 10.1016/bs.coac.2018.03.003 

 
4 R. B. Cattell, “The Scree Test for the Number of Factors,” Multivariate Behavioral Research 1, no. 2 

(1966): 245–276. DOI: 10.1207/s15327906mbr0102_10 

https://doi.org/10.1016/B978-0-12-384862-8.00002-9
https://doi.org/10.1016/bs.coac.2018.03.003
https://doi.org/10.1207/s15327906mbr0102_10
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with a =1….A    and  with A-maximum value =V 

Where ta is the vector of the scores, which describes the projection of the objects onto the 

a-th component, and pa is the loading vector, which collects the weights of the linear 

combination. Since the matrix X brings variation relevant to the problem (i.e. 

information), it seems reasonable to have as much as possible of that variation in ta also. 

The variation, measured by the variance (var (ta)), can be maximized by choosing optimal 

weights for the linear combination (pa). Therefore, the problem can be formulated as a 

mathematical maximization of var(ta) with two constraints. Since multiplying an optimal 

pa with an arbitrarily large number will make the variance of ta also arbitrarily large, the 

weights (the loading vectors) have to be normalized (first constrain: pa
Tpa=1). To explain 

the uncorrelated portion of variance, orthogonalization has also to be performed (second 

constrain: pa
Tpb=0).5 NIPALS, iteratively optimizing the weights until the convergence 

criterion is met, extracts the principal components sequentially and can be interrupted at 

any number of factors. It is, therefore, very efficient when only the first few components 

are required. SVD is, instead, a non-sequential method in which all factors are obtained 

at the same time. Wu et al. 6 demonstrated the better efficiency of SVD when not only 

many but also a few PCs are calculated and that the differences between NIPALS and 

SVD become large when very wide datasets are handled. If NIPALS works on the X 

matrix, SVD may be applied to both the data matrix and the cross-product (XTX). Stated 

that the expression to be optimized is: ta
Tta = pa

T XT X pa  (where    ta
Tta= var(ta)), it 

can be expressed as follow: 

Eq. (3)          (Xpa)
T (Xpa) = pa

T cov(X) pa  

(where it is assumed that X matrix is mean-centered) 

the solution can be formulated as an eigenvectors/eigenvalues problem, for each value of 

a: cov(X) pa = λa pa (where cov(X) =XTX/(n -1)) 

 
5 R. Bro and A. K. Smilde, “Principal Component Analysis,” Anal. Methods 6, no. 9 (2014): 2812–2831. 

 DOI: 10.1039/C3AY41907J 

 
6 W. Wu, D. L. Massart and S. De Jong, “The Kernel PCA Algorithms for Wide Data. Part I: Theory and 

Algorithms,” Chemometrics and Intelligent Laboratory Systems 36, no. 2 (1997): 165–172.  

DOI: 10.1016/S0169-7439(97)00010-5 

https://doi.org/10.1039/C3AY41907J
https://doi.org/10.1016/S0169-7439(97)00010-5
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since the covariance or the correlation matrices (cov(X)), which it is customary to work 

with, are symmetric (semi-) positive definite, the full eigenvalue decomposition of cov(X) 

can be expressed as follows: 

Eq. (4)         cov(X)=PɅPT    

and T= XP 

where P (SxA) is an orthogonal matrix of the loadings, Ʌ (AxA) (eigenvalues) is a non-

zero diagonal matrix with trace (Ʌ) = var (X), and T (SxA) the scores matrix. Basing on 

the SVD (working on the data matrix), X (SxV) is decomposed as follow: 

Eq. (5)          X= USPT 

where U (SxA) is an orthogonal matrix whose columns contain left singular vectors and 

P (VxA)(the loadings matrix) the orthogonal matrix collecting right singular vectors. S 

(AxA) is a diagonal matrix with elements equal to λa
1/2, where λa are the eigenvalues 

collected in the diagonal matrix Ʌ. Multiplying S and U,  the score matrix is obtained; 

thus, we have again that X= T PT when the number of PCs equals the original variables. 

Eventually, it could be useful to understand the relationship between the singular values 

and the eigenvalues that may be easily shown when SVD is applied to the XTX (i.e. cov 

(X) without considering the degrees of freedom) 

Combining the Eq. (4) with the Eq. (5), if S>V it is possible to demonstrate that: 

Eq. (6)         XTX =P ST UT U S PT =P S2 PT =P Ʌ PT 

Thus, as also shown above, S2 = Ʌ.  The eigenvalue corresponding to a component is the 

same as the squared singular value which is the variation of the particular component.7 

When used as a model that well approximates the data, PCA provides a powerful tool for 

outlier detection, referring to objective statistic tests.8 Indeed, assuming a normal 

distribution of the scores (reasonable assumption since PCs are in general more normally 

 
7 Bro and Smilde, “Principal Component Analysis,” op. cit. ref. 5. 

 
8 A. Biancolillo and F. Marini, “Chemometric Methods for Spectroscopy-Based Pharmaceutical Analysis,” 

Frontiers in Chemistry 6, no. NOV (2018). DOI: 10.3389/fchem.2018.00576 

 

https://doi.org/10.3389/fchem.2018.00576
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distributed than the original variables when a single category is considered), two statistics 

can be involved: Q and Hotelling’s T2 statistics. Nowadays the same principles are widely 

applied in on-line process controls for industries since the approach allows the processes 

to be automated in a simple way. It draws on two distance measurements: 

1. The squared Mahalanobis distance in the score space that, following the T2 

statistics, measures the variation of each sample within the PCA model and is 

defined as:  

Eq. (7)          Ti
2=ti Ʌ

-1ti
T 

where ti refers to the i-th row of T (the score matrix of the PCA model), and Ʌ the 

eigenvalues diagonal matrix referred to the A eigenvectors (PCs) retained in the model. 

The related T2 contribution (T2
con, i) indicates how individual variables contribute to place 

the individual sample more or less distant from the model and is calculated as:9  

Eq. (8)          T2
con, i=ti Ʌ -1/2 PT 

2. The squared orthogonal Euclidean distance between the sample and its projection 

into the PCA model. It follows the Q statistics and quantifies how well the model 

fits the particular sample. The higher the Q, the lower the fit of the model, since 

Q is the sum of squares of each row (sample) of the residuals matrix (E) and is 

quantified by the following expression: 

Eq. (9)         Qi= ei ei
T 

 
9 H. Hotelling, “The Relations of the Newer Multivariate Statistical Methods To Factor Analysis,” British 

Journal of Statistical Psychology 10, no. 2 (1957): 69–79. DOI: 10.1111/j.2044-8317.1957.tb00179.x 

https://doi.org/10.1111/j.2044-8317.1957.tb00179.x
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where ei is the i-th row of E. The related Q contribution (Qcon,i), which indicates how 

much each variable contributes to the overall Q, for every single sample, is represented 

by the squared elements along the i-th row (Qcon,i= ei
2) .The inspection of the contribution 

plot can help in relating the detected anomalies to the behavior of specific measured 

variables. 

 

Fig. (3.1): A PCA model of a three-variable dataset. Examples of Q and T2 outliers are 

highlighted 

 

SAMPLE PRE-TREATMENT 

Data pre-treatment is a crucial step in the field of data analysis, on which the results of 

the entire data processing may depend. Indeed, very often relevant information could be 

covered by non-informative effects of larger magnitude. A very common condition that 

requires data pre-treatment could be, for instance, working with a set of variables of very 

different scales; this involves the loss of information carried by the variables of lower 

variance. Moreover, different uninformative sources of variability are also the systematic 

spurious effects that could be due to non-linear instrument responses, shift problems or 

interfering effects of undesired chemical and physical variations.10 In this case, to avoid 

 
10 Li Vigni, Durante and Cocchi, “Exploratory Data Analysis,” op. cit. ref. 1. 
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artefacts and to reach an accurate model and estimate, the appropriate data pre-treatment 

has to be carried out. This is required not only for the building of an appropriate model 

but in exploratory analysis too. Data pre-treatment is a very useful tool for the inspection 

of the dataset from different points of view and enables to orient the choice of the pre-

processing for the calibration of a definitive prediction model. The description of sample 

pre-treatment will be limited to those that have been chosen within the studies reported 

in the following chapters, namely: 

• Centering and scaling methods 

Centering consists of subtracting from each element of the data matrix (𝐱𝑖𝑗) the average 

value of the corresponding j-th variable. Removing the offset from each variable means 

to shift the centre of the coordinates system (i.e. the zero) in the data centroid. From a 

practical point of view, this means to look at the data from the inside, not from a distant 

point and it is almost mandatory when, working in the PC space, the operator wants to 

assess mutual similarities and differences among the samples; if the data were not 

centered, the first principal component would describe only the distance between the zero 

and the centroid of the data, covering interesting information.  

Autoscaling, unlike mean centering, changes the distances among samples in 

variable/PCs space since, in this case, the data are both centered and scaled at unit 

variance. Autoscaling amplifies the importance of low variance variables but has the 

drawback of amplifying even the noise; because of this, it is rarely used to pre-treat 

spectroscopic data. Autoscale pre-processing is computed as follows: 

Eq. (10)      𝑥𝑐𝑜𝑟𝑟,𝑖𝑗 =
𝑥𝑖𝑗−x̄𝑗

𝜎𝑗
 

where xij is the matrix element, x̄𝑗 the mean value of the j-th variable and 𝜎𝑗 the standard 

deviation. 

When very different quantities must be merged in a single dataset, as in the low-level data 

fusion strategy, a block scaling operation is necessary to make the blocks comparable and 

to avoid the model being driven only by the blocks with the greater number of variables. 
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One of the strategies to face this problem, which was employed in this thesis, is the use 

of the Frobenius norm (total sum of squares of each matrix) as a block-scaling factor:11 

Eq. (11)          || X ||F =   √Trace (𝐗𝐓 𝐗) 

• Standard Normal Variate (SNV) 

SNV is a transformation proposed in 1989 by Barnes belonging to the scatter correction 

methods.12 Unlike the others (such as Multiplicative Scatter Correction), the method 

aligns the signals without the need for a reference spectrum. It could be classified as a 

row- pre-treatment and is performed on the i-th row of the data matrix (on each sample) 

as follow: 

Eq. (12)          xcorr,i= (xi − x̄i) /σi 

where xcorr,i is the corrected spectrum, x̄i is the mean value of the vector xi, and σi the 

standard deviation of xi. SNV is a pre-processing usually applied to spectroscopic data 

especially if they are recorded in reflectance mode. Indeed, SNV permits the decrease of 

the light-scattering impact (which is related to the physical nature of the particles) and of 

the variation of the optical path through the sample (which is related to the particle size). 

These effects need to be corrected since they introduce spectral differences uncorrelated 

to the chemical composition such as baseline vertical shifts and global intensity 

variation.13 In conclusion, SNV is a suitable transformation to correct additive and 

multiplicative effects. 

• The first and second derivatives 

Spectra in pseudo-absorbance show high collinearity that, in addition to light scattering, 

generate multiplicative effects that are unique for every spectrum. Multiplicative and 

 
11 A. Biancolillo, R. Boqué, M. Cocchi and F. Marini, “Data Fusion Strategies in Food Analysis,” in Data 
Fusion Methodology and Applications, Data Handling in Science and Technology 31, ed M. Cocchi, 

(Elsevier, 2019): 271–310. DOI: 10.1016/B978-0-444-63984-4.00010-7 

 
12 R. J. Barnes, M. S. Dhanoa and S. J. Lister, “Standard Normal Variate Transformation and De-Trending 

of Near-Infrared Diffuse Reflectance Spectra,” Applied Spectroscopy 43, no. 5 (1989): 772–777. 

DOI: 10.1366/0003702894202201 

 
13 I. S. Helland, T. Næs and T. Isaksson, “Related Versions of the Multiplicative Scatter Correction Method 

for Preprocessing Spectroscopic Data,” Chemometrics and Intelligent Laboratory Systems 29, no. 2 (1995): 

233–41.  DOI: 10.1016/0169-7439(95)80098-T 

https://doi.org/10.1016/B978-0-444-63984-4.00010-7
https://doi.org/10.1366/0003702894202201
https://doi.org/10.1016/0169-7439(95)80098-T
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additive effects can be treated and removed by derivatives. The first derivative corrects 

baseline shifts, while the second derivative corrects both shifts and drifts. Derivatives 

have the advantage of emphasising minor structural differences among very similar signal 

profiles but, on the other hand, decrease the signal-to-noise ratio.14 Savitzky-Golay is one 

of the most commonly used filters in chemometrics and it is usually exploited to estimate 

signal derivatives, allowing noise reduction. Savitzky-Golay smoothing approximates the 

signals to a polynomial function of appropriate order, calculated within a window of 

sequential points that is moved across the signal (least-squares fit convolution).15 The 

number of the points of the window as well as the degree of the polynomial function, used 

to approximate the signal, must be carefully chosen to avoid the loss of important pieces 

of information. General criteria, to choose these parameters, regard the evaluation of the 

signal sharpness. Dealing with very narrow signals needs the increase of the polynomial 

order, keeping in mind that augmenting the order too much without increasing the 

window width would produce signals that follow the noise oscillations. Likewise, larger 

width necessarily needs a higher-order polynomial to obtain a reliable approximation. 

The generic polynomial expression on which Savitzky-Golay approach is based is:16 

Eq. (13)         U(x) = ∑ cq x
qj

q=0  

It can be demonstrated that by applying least-squares-fit convolution to a set of uniformly 

spaced digital data points, centered around a data point ui, it is possible to determine a set 

of n coefficients ( ps
(q) ) that give the smoothed value of the q-th derivative according to : 

Eq. (14)          
𝑑𝑞�̂�𝑖

𝑑𝑥𝑞
= ∑  𝑝𝑠

(𝑞)𝑚
𝑠=−𝑚  ui+s 

Where  i = m + 1 … , N − m − 1  ( N = number of points in the considered range). 

 
14 V. M. Taavitsainen, “Denoising and Signal-to-Noise Ratio Enhancement: Derivatives,” in 

Comprehensive Chemometrics 2, eds. S. D. Brown, R. Tauler, B. Walczak, (Elsevier, 2009): 57–66.  

DOI: 10.1016/B978-044452701-1.00101-0 

 
15 A. Savitzky and M. J.E. Golay, “Smoothing and Differentiation of Data by Simplified Least Squares 

Procedures,” Analytical Chemistry 36, no. 8 (1964): 1627–39. DOI: 10.1021/ac60214a047 

 
16 H. H. Madden, “Comments on the Savitzky-Golay Convolution Method for Least-Squares Fit Smoothing 

and Differentiation of Digital Data,” Analytical Chemistry 50, no. 9 (1978): 1383-1386.  

DOI: 10.1021/ac50031a048 

https://doi.org/10.1016/B978-044452701-1.00101-0
https://doi.org/10.1021/ac60214a047
https://doi.org/10.1021/ac50031a048
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DATA SPLITTING FOR MODEL VALIDATION 

Data splitting is a preliminary phase preceding the actual model building. In detail, the 

model setup consists of two phases: calibration and validation. During calibration, the 

relation between the responses and the variables is searched and ruled upon ‘standards’ 

(samples whose related response is known a priori). Validation is the phase in which 

model reliability is assessed.17 When the dataset is composed of a sufficient number of 

samples, the external validation is the most effective method to evaluate the 

generalization of the model, referring to its predictive ability. To perform these two steps, 

the whole dataset is split into two subsets, i.e. the training and the test set. Thus, the 

training set collects the so-called “standard samples” that are used to build the model; 

here a suitable number of samples has to be included for a robust and reliable model. The 

test set, consisting of objects treated as unknown samples, is used to evaluate the 

prediction performances. Hence, the crucial and preliminary step, in the development of 

a predictive model, is the choice of the most suitable number and kind of samples 

(representativity) to insert in the training and in the test set (i.e. data splitting) to calibrate 

and adequately validate the model. In this work, Duplex Kennard-Stone algorithm was 

exploited in order to generate representative “twin sub-sets”. Duplex algorithm starts by 

placing the two most distant samples in the training set and the two second farthest ones 

in the test set. Successively, the procedure alternatively and iteratively adds, to the 

training or to the test, the sample which is more different (distant) from the ones already 

selected, until the desired percentage of the objects in validation is reached.18 

 

3.3 Classification methods 

In the context of food traceability, analytical chemistry is called to assess food quality 

and compliance. To do that, fast and reliable methods to predict food qualitative 

properties or to verify whether the product meets specified requirements, have to be 

developed. From a chemometric point of view, this means setting up a statistical 

multivariate model on a collection of standard samples that enables to predict, for 

 
17 F. Westad, M. Bevilacqua and Federico Marini, “Regression,” in Chemometrics in Food Chemistry, 

 Data Handling in Science and Technology 28, ed. F. Marini, (Elsevier, 2013): 127–70.  

DOI: 10.1016/B978-0-444-59528-7.00004-1 

 
18 R. D. Snee, “Validation of Regression Models: Methods and Examples,” Technometrics 19, no. 4 (1977): 

415–428. DOI: 10.1080/00401706.1977.10489581 

https://doi.org/10.1016/B978-0-444-59528-7.00004-1
https://doi.org/10.1080/00401706.1977.10489581
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example, the geographical or varietal origin, the specific processing or the hazard level 

of unknown objects.19 Analytical methods coupled with chemometrics represent a 

strategic tool to develop effectively applicable methods for quality control in the ongoing 

supply chain. The approach is always based on collecting empirical data (from the 

specific experimental technique) and using these to predict quantitative (regression 

methods) or qualitative (classification method) properties of samples. Classification 

methods can be subdivided into unsupervised approaches, which are mainly employed 

when there is no certain knowledge about the groups and the sample belonging, and 

supervised approach. In this work, attention will be focused only on the qualitative 

supervised approaches of multivariate analysis that are commonly known as supervised 

pattern recognition methods, having the possibility to build models on standard samples 

whose membership is assured. These techniques define the mathematical criteria that 

enable to investigate the similarity/dissimilarity among samples. In this framework, the 

class or category indicates a collection of objects sharing similar characteristics (defined 

by empirical data) that are specified according to the final scope of the modelling 

(discrimination among hazardous or not hazardous food, authentication of specific high-

added-value products, for instance). Therefore, classification means the attribution of a 

sample to one or more classes according to the experimental data describing and 

characterizing the object and the specific class. From a geometrical standpoint, this means 

to identify sub-spaces in the experimental domain where all the objects belonging to the 

same class are clustered and to define them by specific boundaries.20 As already 

mentioned in the previous section, a training set, collecting standard samples whose class 

belonging is known a priori, is employed in supervised approaches to calibrate the model 

and find the classification rule. Eventually, the predictive ability and applicability of the 

model are evaluated using a validation set. Different approaches permit defining the 

criterion to assign the unknown samples to the available groups, i.e. to define the class 

boundary. First of all, a fundamental differentiation can be made among discriminant and 

class-modelling approaches. The discriminant classification rules are built looking at the 

differences among samples coming from different classes and result in multidimensional 

boundaries that divide the variable space into as many regions as the number of available 

categories. On the other hand, class-modelling techniques, focusing on the similarities 

 
19 M. Bevilacqua, R. Bucci, A. D. Magrì, A. L. Magrì, R. Nescatelli and Federico Marini, “Classification 

and Class-Modelling,” In Chemometrics in Food Chemistry, Data Handling in Science and Technology 28, 

ed. F. Marini, (Elsevier, 2013):171–233. DOI: 10.1016/B978-0-444-59528-7.00005-3 

 
20 Biancolillo and Marini, “Chemometrics Applied to Plant Spectral Analysis,” op. cit. ref. 3. 

https://doi.org/10.1016/B978-0-444-59528-7.00005-3
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among samples in the same class, aim at defining a bound subspace where samples from 

the class under investigation can be found with a certain probability.21 

 

Fig. (3.2): Comparison of modelling and discriminating approach  

 

3.3.1 Linear Discriminant methods 

By construction, the discriminant approach leads to a univocal classification since each 

sample is attributed to one and only one class among those modelled by the training set. 

The boundaries, which define the class region in the multidimensional space, can be linear 

or non-linear according to the involved method. In the present work, only the linear 

discriminant methods have been used that, when possible, are preferred to other 

approaches (such as Quadratic Discriminant Analysis, for instance). Linear methods 

require fewer parameters to estimate, thus a lower number of training samples and have 

proved to be, in general, more robust against overfitting.22 Sample assignation in 

discriminant approaches is performed according to Bayes’ theorem which states that “ 

samples should be assigned to the class to which they show a higher probability to 

belong”. All the discriminant approaches are two-stage process: at first, the probabilities 

that a sample belongs to each of the categories represented in the training set is computed, 

successively, the assignment of each sample to the class with the highest value of the 

 
21 F. Marini, “Classification Methods in Chemometrics,” Current Analytical Chemistry 6, no. 1 (2010): 72–

79. DOI: 10.2174/157341110790069592 

 
22 Biancolillo and Marini, “Chemometric Methods for Spectroscopy-Based Pharmaceutical Analysis,” op. 

cit. ref. 8. 

C
C
C
C

C
C
C
C

C
C
C
C

Modeling approach

Variable 1

Va
ri

ab
le

2

C
C
C
C

C
C
C
C

C
C
C
C

Discriminant approach

Variable 1

V
ar

ia
b

le
2

https://doi.org/10.2174/157341110790069592


64 
 

computed probability is performed. Unlike other approaches such as k Nearest-

neighbours classification, which do not involve a probability function, Bayesian methods 

are based on the calculation of a probability and, therefore, on assertions about its shape 

(normal distribution). Basing on a priori approximations they are also called parametric 

methods, they basically differ in the kind of suppositions and, consequently, in the way 

they estimate the values of this probability.  

LINEAR DISCRIMINANT ANALYSIS (LDA) 

Linear discriminant analysis (LDA) is the oldest supervised pattern recognition method, 

relying on the assumption that the samples are normally distributed with the same 

dispersion around the respective class centroids.23 Thus, the within-class variance, of each 

Gaussian distribution, is estimated by the pooled variance/covariance matrix (S) and, 

under these approximations, it is possible to calculate the probability that a sample 

belongs to a particular class g (p(g|x)): 

Eq. (15)           p(g|x)= 
𝜋𝑔

𝑁
𝑒−

1

2
 (𝒙−�̄�𝒈) 

𝑇𝑺−1(𝒙−�̄�𝒈) 

where �̄�𝒈 is the centroid of class g, S the overall within-class variance/covariance matrix, 

πg the prior probability, N is a normalization constant, whereas the argument of the 

exponential (𝒙 − �̄�𝒈) 
𝑇𝑺−1(𝒙 − �̄�𝒈) is defined as the squared Mahalanobis distance to 

the g-th-class centroid. The decision function will be the hypersurface between each pair 

of classes along which the two probabilities are equal24: 

Eq. (16)           p(g|x)=p(j|x) 

It can be demonstrated that, by combining Eq. (15) with Eq.(16) and computing the 

natural logarithm, it is possible to define the linear function of the boundary element: 

Eq. (17)          C= w0 + wTx 

 
23 R. A. Fisher, “ The use of multiple measurements in taxonomic problems," Annals of Eugenics 7, no. 2 

(1936): 179–188. DOI: 10.1111/j.1469-1809.1936.tb02137.x 

 
24 A. Tharwat, T. Gaber, A. Ibrahim and A. E. Hassanien. “Linear Discriminant Analysis: A Detailed 

Tutorial,” AI Communications 30, no. 2 (2017): 169–190. DOI: 10.3233/AIC-170729 

https://doi.org/10.1111/j.1469-1809.1936.tb02137.x
https://doi.org/10.3233/AIC-170729
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Where C=0 along the boundaries, 

w0= (
ln(𝜋𝑔)

ln(𝜋𝑗)
) −

1

2
(�̄�𝒈 − �̄�𝒋)

𝑇
 S-1 (�̄�𝒈 − �̄�𝒋) 

 and wT= (�̄�𝒈 − �̄�𝒋)
𝑇 S-1 

 C represents the projection (score) of an object, defined by the original variables, onto 

the new latent direction called canonical variate or discriminant function. Discriminant 

functions correspond to the directions of maximum separation between the classes (i.e. 

directions which maximize the ratio of the between-class to the within-class variance). 

Analogously to the principal components, discriminant functions are a linear combination 

of the original variables and, just like in the case of PCA, the computation of the canonical 

variates is reduced to an eigenvalues/eigenvectors problem.25 However, while PCA 

selects directions of the maximum portion of the original variance, LDA identifies 

directions that maximize the separation between the given classes. Thus, it is possible to 

show that the discriminant functions are the directions identified by wi (weights in the 

linear combination of original variables) and the largest eigenvalue λi of S-1 Sb : 

Eq. (18)          S-1 Sb wi = λi wi 

where Sb represents the between-group variance-covariance matrix of rank G-1 that is 

also the maximum number of the discriminant functions that can be computed.26 It 

follows that, whatever the number of categories involved, LDA requires the inversion of 

the pooled within-groups covariance matrix S. This leads to limitations concerning the 

applicability of the method since S has to be well-conditioned to be invertible 

(determinant different from zero). Indeed, when dealing with a high number of correlated 

variables and a limited number of samples, variable selection or feature extraction has to 

be applied before the classification analysis. 

• Wilk’s lambda as a variable selection method 

 
25 C. Goodall and I. T. Jolliffe, “Principal Component Analysis,” Technometrics 30, no. 3 (1988): 351.  

DOI: 10.2307/1270093 

 
26 Bevilacqua, Bucci, Magrì, Magrì, Nescatelli and Federico Marini, “Classification and Class-Modelling,” 

op. cit. ref. 19. 

https://doi.org/10.2307/1270093
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Wilk’s Lambda is a statistical criterion that can be applied in the discriminant analysis to 

select influencing factors prior to the application of LDA, in order to overcome limitations 

related to ill-conditioned data matrices, to improve data understanding and to avoid 

overfitting (where even the noise is modelled). Wilk’s Lambda is a distance (similarity) 

approach searching for the best subset of variables satisfying a defined criterion (all the 

most informative variables are introduced; the best model complexity is achieved). 27 The 

first step of the iterative variable selection process is the introduction of the most 

discriminant factor, which is identified by the “univariate Wilk’s Lambda”. Thus, for each 

variable V, ANOVA is applied (SStot = SSb + SSw) 

and the Wilk’s Lamba is computed (ɅV= 
SSw 

SStot 
). 

For each variable, the univariate Wilk’s Lambda is computed by the ratio of the within-

class sum of squares (SSw) and the total sum of squares (SStot); the variable is more 

discriminative if its corresponding Wilk’s Lambda is small. The following step is based 

on the sequential introduction of the variables that lead to a decrease of the “multivariate 

Wilk’s lambda”, when more than one variable is involved. Now, the total variability is 

expressed by the total sum of cross-product matrix R whose objects are calculated as 

follow: 

Eq. (19)         rii’=∑ ∑ 𝑥𝑖𝑛𝑔 𝑥𝑖′𝑛𝑔
𝑛𝑔
𝑛=1

𝐺
𝑔=1 − �̄�𝑖�̄�𝑖′

 

where rii’ is the i-th element of the matrix R, G the number of classes and ng the number 

of objects belonging to the g-th class. Like the univariate analysis of variance, the sum of 

cross-product matrix R is decomposed into two matrices: the within-class sum of the 

cross-product matrix(RW), and the between-class sum of the cross-product matrix(RB) 

For a given set of x variables, the multivariate or global Wilk’s Lambda is computed by 

the ratio: 

Eq. (20)          Ʌ= 
det (𝑹𝑾) 

det (𝐑)
 

 
27 A. el Ouardighi, A. el Akadi and D. Aboutajdine, “Feature Selection on Supervised Classification Using 

Wilks Lambda Statistic,” in 2007 International Symposium on Computational Intelligence and Intelligent 

Informatics (IEEE, 2007), 51–55. DOI: 10.1109/ISCIII.2007.367361 

https://doi.org/10.1109/ISCIII.2007.367361
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The more the variables are globally discriminative, the more the Wilk’s Lambda is small. 

In this work, a forward stepwise LDA was used to select variables and to calibrate the 

model with a training set. As described above, the procedure selects step by step the 

influencing variables choosing, firstly, the one that has the best discriminant power and 

proceeding sequentially introducing the one that produces the largest decrease of Λ. 

Being ΛV  the value of Λ with the V previously selected variables and ΛV+1  the Wilk’s 

Lambda of the variable set with the new candidate, Fisher statistics can be applied: 

Eq. (21)          Fto-enter=
𝐼−𝐺−𝑉

𝐺−1
 
Λ 𝑉 −Λ 𝑉+1

Λ 𝑉 
 

With  
𝐼−𝐺−𝑉

𝐺−1
  the degree of freedom ratio (where G is the total number of classes, V the 

selected variables and I the number of samples). In this work, the F criterion was coupled 

to a cross-validation procedure.28 The cross-validation is based on a systematic 

resampling of the data (in the training set) for the following construction of different 

external sub-sets to be used for the evaluation of the prediction ability. The cross-

validation algorithm divides the objects into a certain number of cancellation groups to 

set aside (external sets); all the other samples are used as a training subset. Thus, in each 

step, the model is computed on slightly different data-subsets and is validated according 

to its ability to attribute correctly the external objects. If the number of cancellation groups 

is adequately chosen, cross-validation represents an effective method to find the best 

model complexity since permits minimizing the risk of overfitting, which is accompanied 

by an unimprovement or deterioration of the prediction ability. In each cancellation 

group, the variable selection was performed as explained before (according to the F ratio, 

Eq. (21)) and repeated. The classification errors in prediction were inspected for each new 

inserted variable. According to the particular and slightly different characteristics of each 

sub training set, a more or less different ensemble of variables could be selected in each 

cancellation group. For the final model, the definitive selected features will be the ones 

most frequently chosen in the cross-validation procedure.  

Even if the above approach could be very useful for the variable selection, which is 

mandatory to apply LDA, the performance of the stepwise LDA could be anyway affected 

 
28 F. Westad and F. Marini, “Validation of Chemometric Models – A Tutorial,” Analytica Chimica Acta 

893, (2015): 14–24. DOI: 10.1016/j.aca.2015.06.056 

https://doi.org/10.1016/j.aca.2015.06.056
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by multicollinear predictors, especially when a multi-class problem with different class 

dispersions is handled. An alternative to the variable selection can be a feature-extraction 

method, such as principal components (PCA) or latent variables (PLS). For classification 

purposes, it is advisable to opt for the latent variables extracted by PLS, since, on the 

contrary of PCA, the correlation with the response is taken into account. 

PARTIAL LEAST SQUARES-DISCRIMINANT ANALYSIS (PLS-DA) 

 Partial least squares-discriminant analysis (PLS-DA) is a linear classification method 

that, exploiting the PLS regression algorithm, is suitable to treat ill-conditioned 

matrices.29 It is actually possible to apply the regression method in classification problems 

when the data matrix is related to a dependent binary matrix Y (IxG) that encodes the 

class membership of each of the I objects in the G classes. 

 

 

                                          Y= 

 

 

 

Fig. (3.3): Example of the dummy matrix for the Y-block 

 

PLS-DA method allows dealing with highly-correlated variables by searching for the 

orthogonal directions (Latent Variables) of maximum covariance with the Y-block and 

while ensuring an explanation of the relevant sources of data variability. 30 A crucial step 

in PLS-DA (and in all latent variables-based methods) is the selection of the optimal 

 
29 M. Barker and W. Rayens, “Partial Least Squares for Discrimination,” Journal of Chemometrics 17, no. 

3 (2003): 166–73. DOI: 10.1002/cem.785 

 
30 H. Nocairi, E. M. Qannari, E. Vigneau and Dominique Bertrand, “Discrimination on Latent Components 

with Respect to Patterns. Application to Multicollinear Data,” Computational Statistics & Data Analysis 

48, no. 1 (2005): 139–47. DOI: 10.1016/j.csda.2003.09.008 
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number of LVs to be retained. Generally, this is done by calculating and plotting the Total 

Classification Error in Cross-Validation (TCEcv ) vs. the increasing number of LVs (until 

a selected maximum number of LVs is reached). The TCEcv is the outcome, fixed the 

number of LVs, of the different models built on slightly different training subsets, 

according to the cross-validation procedure described above; usually, the lowest possible 

number of LVs at which the TCEcv curve has a minimum (or local minimum) is selected. 

PLS regression draws on the assumption that both the independent matrix X and the 

dependent matrix Y can be projected onto a low-dimensional space and that a linear 

relationship exists between the scores of the two blocks. Thus, the two matrices are 

decomposed into scores (T and U) and loadings (P and Q) according to the following 

relations: 

Eq. (22)            X=TPT+EX      and        Y=UQT+EY 

 Moreover, a linear dependence, between the X- and Y- scores, is assumed (inner 

relation): 

Eq. (23)            U=CT      and        Y=CTQT+EY 

where C is a diagonal matrix of the coefficients of the inner relation.  

By combining the reported equations, the regression model can be expressed in terms of 

original X and Y blocks by the relation: Y= XBPLS. + E. Where E is the residual matrix 

and BPLS is the matrix of the regression coefficients, estimated for the calibration model, 

that can be used together with Xnew to predict Ynew. 
31

 where Xnew is the data matrix of 

external/additional samples (not used to calibrate the model) and Ynew, knowing the 

regression coefficients, is the predicted dependent block. Since the computed or predicted 

responses are not binary but continuous real values, a class-assignment criterion must be 

adopted. The simplest approach is to assign the sample to the category for which the Y 

predicted value is highest, but this procedure is particularly tricky when the classification 

problem involves more than two categories. Consequently, different and more elaborated 

criteria have been proposed. PLS could be used as a feature extraction step for the final 

LDA model (PLS-LDA), which could be computed both on the LVs scores or on the Ŷ.32 

 
31 Biancolillo and Marini, “Chemometrics Applied to Plant Spectral Analysis” op. cit. ref. 3. 

 
32 U. G. Indahl, H. Martens and T. Næs, “From Dummy Regression to Prior Probabilities in PLS-DA,” 

Journal of Chemometrics 21, no. 12 (2007): 529–536. DOI: 10.1002/cem.1061 

https://doi.org/10.1002/cem.1061


70 
 

Further, different probabilistic approaches could be applied to the Ŷ. In this context, a 

binary probabilistic approach could be adopted: two Gaussian distributions (one for the 

in-class samples and the other for all the not-in-class ones) may be built from the 

continuous Y-values and for each column of the predicted Y-block (IxG). This allows 

calculating the probability to observe a Y-value for a given sample that belongs to the g-

th class or that does not belong to it. A probabilistic threshold for each class can be 

pinpointed at the intersection of the curves that, due to the normalization step, corresponds 

to an a posteriori probability of 0.5. 33 In discrimination problems, where a single class 

assignment is required, the probabilistic criterion may result in a univocal assignation 

when the objects are attributed to the class with the higher a posteriori probability 

(classification rule based on the Bayesian theorem). 

• Variable interpretation34 

Once the model is computed, VIP analysis (variable importance in projection) could be 

used to interpret the results in terms of the most significant variables, considering both its 

relevance in explaining the X-space variance and the correlation with the responses.35 

VIP could be defined considering the influence of the variable on every single response 

or taking into account the whole Y matrix. Usually, since the mean of the squared VIP 

scores over the variables is 1, this value is taken as a threshold for significance; as a 

consequence, the variables providing a VIP index higher than 1 will be those that most 

influence the classification model. VIP scores are mathematically defined by the 

following relation: 

Eq. (24)                        VIPJ=
√𝑁𝑣𝑎𝑟 

∑ (𝑐𝑘
2𝒕𝒌

𝑻𝒕𝒌) (
𝑤𝑗𝑘

||𝒘𝒌||
)2𝐹

𝑘=1

∑ (𝑐𝑘
2𝒕𝒌

𝑻𝒕𝒌)
𝐹
𝑘=1

 

 
33 N. F. Pérez, J. Ferré and R. Boqué, “Calculation of the Reliability of Classification in Discriminant Partial 
Least-Squares Binary Classification,” Chemometrics and Intelligent Laboratory Systems 95, no. 2 (2009): 

122–128. DOI: 10.1016/j.chemolab.2008.09.005 

 
34 S. Wold, M. Sjöström and Lennart Eriksson, “Partial Least Squares Projections to Latent Structures (PLS) 

in Chemistry,” in Encyclopedia of Computational Chemistry, eds. P. von Roguè Schleyer et al. (John Wiley 

& Sons, Ltd, 2002). DOI: 10.1002/0470845015.cpa012 

 
35 S. Wold, E. Johansson and M. Cocchi, “PLS - Partial Least-Squares Projections to Latent Structures,” in 

3D QSAR in Drug Design: Methods and Applications, ed. H. Kubinyi, ( Escom Science Publishers, 1993): 

523–550. Retrieved from: https://www.springer.com/gp/book/9789072199140 

https://doi.org/10.1016/j.chemolab.2008.09.005
https://doi.org/10.1002/0470845015.cpa012
https://www.springer.com/gp/book/9789072199140
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where tk is the vector of sample scores on the k-th latent variable, ck is the coefficient of 

the k-th PLS inner relationship, Nvar is the number of experimental variables, wjk and wk 

are the weight of the j-th variable for the k-th LV and the weight vector for the k-th LV, 

respectively. 

3.3.2 Class-modelling methods 

Class-modelling methods dealing with the so-called asymmetric classification problems 

aim at modelling one specific class against the rest (everything that is not part of the class 

of interest). From a geometric point of view, this means identifying a volume in the 

multidimensional space enclosing the class; if a sample falls within the volume it is 

accepted by that particular category, otherwise, it is rejected. This method is particularly 

suitable, by construction, to meet authentication requests or when, for several reasons, 

different categories are continually introduced.36 Among the different class-modelling 

approaches, SIMCA and UNEQ are the most used. SIMCA (Soft-Independent Modelling 

of Class Analogies) is the method exploited in this thesis and it will be the one discussed 

in detail. 

SIMCA 

 Soft-Independent Modelling of Class Analogies was the first class-modelling technique 

to be introduced in the chemometric literature.37 The word “Soft” suggests that no 

hypothesis is postulated about the object distribution; “Independent” indicates that each 

category is modelled independently. “Modelling” means that a mathematical model is 

built for each class. In this context, it is assumed that a principal component model, of 

appropriate dimensionality, can be used to describe the typical class variability. The 

number of significant PCs for the various classes are generally selected by the cross-

validation procedure. Accordingly, the shape of the class model could be a segment, 

rectangle, parallelepiped (three PCs) or hyper-parallelepiped (more than three PCs) 

according to the selected dimensionality of the PC model (with A principal components). 

Once a PC model has been built, by extracting information from the objects belonging to 

the modelled class, the distance of each new sample from the model is adopted as the 

 
36 M. Forina, P. Oliveri, S. Lanteri and M. Casale, “Class-Modeling Techniques, Classic and New, for Old 

and New Problems,” Chemometrics and Intelligent Laboratory Systems 93, no. 2 (2008): 132-148. 

DOI: 10.1016/j.chemolab.2008.05.003 

 
37 S. Wold and M. Sjöström, “SIMCA: A Method for Analyzing Chemical Data in Terms of Similarity and 

Analogy,” ed. B. R. Kowalski (ACS, 1977): 243–82. DOI: 10.1021/bk-1977-0052.ch012 

https://doi.org/10.1016/j.chemolab.2008.05.003
https://doi.org/10.1021/bk-1977-0052.ch012
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acceptance or rejection criterion. In the original implementation of SIMCA, only the 

information about the residuals was used to check whether a sample belongs to the class 

or not. The residual standard deviation for the category (rsd) is an indication of the typical 

class variation and it is a measure of the extent to which, on average, samples truly coming 

from the class are distant from their model representation. Thus, when an unknown object 

is tested (characterized by the vector of experimental variables Xnew) it is projected on the 

space of PCs. The model representation of the unknown sample X̂new,A is obtained by 

back-projecting the scores onto the original variable space: 

Eq. (25)         X̂new,A = tnew,A P
T

A 

Accordingly, it is possible to calculate the vector of residuals for the given sample: 

Eq. (26)         X̂new,A- Xnew= enew,A 

This vector enew,A is used to define the distance of the unknown sample to the model and 

the acceptance criterion. The original version of the algorithm did not take into account 

the fact that a sample could be an outlier for the PC model not only because it has a high 

residual (orthogonal distance), but also if it has a high score distance (i.e. when the sample 

lies far away from the others when projected onto the PC space). Thus, subsequent 

algorithms have been implemented; one of those was based on the definition of the so-

called “augmented distance”. Delimiting the PC model by mean of extreme scores of the 

class objects, an inner-space can be defined and a distance from the model can be 

computed as follows:  

d = √(OD)2 + (SD)2   

 where OD is the orthogonal distance of the object from the model and SD the score 

distance that takes into account the limits of the inner space. The acceptance or rejection 

of a sample was based on an F-test on the ratio between the squared distance of the tested 

object from the principal component model and rsd 2, where rsd (class residual standard 

deviation) is the mean distance of the objects used to generate the model. Even if different 

versions of the SIMCA exist, one of the latest and alternative for the assignation criterion 

consists of assessing the anomaly degree of an object. The procedure, which was 

borrowed from multivariate statistical process control, is based on T2 and Q statistics, 

which have been described above in the context of outlier detection. For the acceptance 
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or rejection criteria, the distance of each projected sample from the class-model is 

evaluated as follows: 

d = √(
T2

T20.95
)

2

+ (
Q

Q0.95
)
2

 

Where T2 is the squared Mahalanobis distance from the class centroid in the score space, 

and Q the sum of squares of the residual. To compare these values, they are normalized 

by critical parameters of each distribution calculated at 95% of confidence. The 

acceptance rule generally used regards the d value, namely: if d is smaller than √2 , the 

new object, which is projected in the PCA class model, is accepted; if d is greater than 

√2, the object is rejected by the model. 38 If more than one class is present in the training 

set, the same procedure is repeated for each category to verify whether a sample is 

accepted by only one category, by more than one or by none of the available classes. Class 

modelling performances are expressed in terms of sensibility (rate of the samples that are 

correctly accepted by the target class) and specificity (rate of not-compliant samples 

correctly refused by the model).  

3.3.3 Data Fusion 

Nowadays, the higher availability of analytical tools allows to rapidly perform different 

analyses on the same samples. The data, obtained from different experimental platforms, 

can be treated individually, consuming time and providing less robust predictions, or 

elaborated according to the "multi-block" analysis (or “data fusion”). Data Fusion (DF) 

represents a typical and interdisciplinary tool, useful for handling data of different nature 

(acquired by different modalities) but that share a common mode.39 The goal of the 

integration of multiple-sources datasets is a more informative and better-quality model 

that is achieved by assessing the common or complemental information and data-block 

 
38 M. Cocchi, A. Biancolillo and F. Marini, “Chemometric Methods for Classification and Feature 

Selection,” in Data Analysis for Omic Sciences: Methods and Applications, Comprehensive Analytical 

Chemistry 82, eds. J. Jaumot, C. Bedia and R. Tauler (Elsevier, 2018): 265-299.  

DOI: 10.1016/bs.coac.2018.08.006 

 
39 D. Lahat, T. Adali and C. Jutten, “Multimodal Data Fusion: An Overview of Methods, Challenges, and 

Prospects,” Proceedings of the IEEE 103, no. 9 (2015): 1449–1477. DOI: 10.1109/JPROC.2015.2460697 
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interactions.40 Depending on the level at which the fusion takes place it is possible to 

categorize the strategy as a low level, mid-level and, finally, high-level data fusion. The 

latter, not explored in this thesis, takes place at the so-called "decision level":41 for each 

data block a model is built and, eventually, the various models are merged to produce the 

responses. In the low-level DF, the original datasets are concatenated according to the 

shared mode, which is commonly the sample mode before any other data elaboration. 42 

It is a direct and easy approach, but, on the other hand, it tends to generate merged 

matrices that could be redundant at an informative level or unbalanced due to a greater 

weight of certain techniques with respect to others. Problems related to different 

measurement scales or to the different number of recorded variables could be solved by 

block-scaling, which avoids only certain blocks dominate the model. Block-scaling has 

been briefly described in the previous paragraph and has to be appropriately chosen 

according to the involved data blocks. The mid-level DF consists of extracting the 

relevant features from each data block and of concatenating them into a single matrix, 

which is further elaborated. Since this strategy works at the scores level of the various 

models, it has no block-scaling problem, information is concentrated in a few variables 

and most of the noise and irrelevant sources of variability are eliminated. For these 

reasons, this approach generally provides the most satisfying results. In this case, the 

feature extraction may be performed independently for each block (Multi-Block mid-

level DF), thus the blocks are exchangeable. Otherwise, the feature extraction may be 

performed sequentially; in the latter case, the model will depend on the specific order of 

the data blocks. Examples of sequential data-fusion employed in the following studies are 

described below. 

 

 
40 E. Borràs, J. Ferré, R. Boqué, M. Mestres, L. Aceña and O. Busto. “Data Fusion Methodologies for Food 

and Beverage Authentication and Quality Assessment – A Review.” Analytica Chimica Acta 891, (2015): 
1–14. DOI: 10.1016/j.aca.2015.04.042 

 
41 D. Ballabio, R.Todeschini and V.Consonni, “Recent Advances in High-Level Fusion Methods to Classify 

Multiple Analytical Chemical Data,” in Data Fusion Methodology and Applications, Data Handling in 

Science and Technology 31, ed. M. Cocchi (Elsevier, 2019): 129-155 DOI: 10.1016/B978-0-444-63984-

4.00005-3 

 
42 A. Biancolillo, R. Boqué, M. Cocchi and F. Marini. “Data Fusion Strategies in Food Analysis.” in Data 

Fusion Methodology and Applications, Data Handling in Science and Technology 31, ed. M. Cocchi 

(Elsevier, 2019): 271–310. DOI: 10.1016/B978-0-444-63984-4.00010-7 

https://doi.org/10.1016/j.aca.2015.04.042
https://www-sciencedirect-com.sabidi.urv.cat/science/article/pii/B9780444639844000053?via%3Dihub#!
https://www-sciencedirect-com.sabidi.urv.cat/science/article/pii/B9780444639844000053?via%3Dihub#!
https://www-sciencedirect-com.sabidi.urv.cat/science/article/pii/B9780444639844000053?via%3Dihub#!
https://doi.org/10.1016/B978-0-444-63984-4.00005-3
https://doi.org/10.1016/B978-0-444-63984-4.00005-3
https://doi.org/10.1016/B978-0-444-63984-4.00010-7
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Sequential and Orthogonalized Partial Least Squares Discriminant Analysis (SO-PLS-

DA)43  

SO-PLS-DA is one of the sequential mid-level multi-block methods, which is based on 

PLS regression. For two data blocks, the algorithm proceeds regressing the responses on 

the first data block (X) by PLS algorithm (1st step) and by searching for improvement of 

predictions using additional and orthogonal information provided by the second matrix 

(Z) (2nd step). The 2nd step consists of fitting the Y residuals of the first PLS regression 

to the Z matrix, which has been orthogonalized with respect to the X score matrix (Tx) 

of the 1st step. Y is computed summing up the predictions of the two individual 

regressions as follow: Y =XB + ZD + E, where X (N x J) and Z (N x L), are predictor 

blocks, Y (N x G) is the response matrix, B (J x G)  and D (L x G), are the regression 

coefficients and E (N x G) the residual matrix. The Y real values, which were computed 

or predicted by the model, can be used to perform the classification basing on the 

probabilistic approach described before, including LDA. 

 

Fig. (3.4): SO-PLS workflow 

 

 
43 A. Biancolillo and T. Næs, “The Sequential and Orthogonalized PLS Regression for Multiblock 

Regression: Theory, Examples, and Extensions,” in Data Fusion Methodology and Applications, Data 

Handling in Science and Technology 31, ed. M. Cocchi (2019): 157–177. DOI: 10.1016/B978-0-444-

63984-4.00006-5 

First PLS: Y  is fitted on X

Orthogonalization: Z orthogonalized with respect to the Tx

Second PLS: residuals (E1) fitted on Zorth

Classification

Response computation: Y =XB + ZD + E

https://doi.org/10.1016/B978-0-444-63984-4.00006-5
https://doi.org/10.1016/B978-0-444-63984-4.00006-5
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Sequential and Orthogonalized-Covariance Selection (SO-CovSel-LDA)44 

SO-Covsel is a sequential multi-block approach as SO-PLS. The algorithm of SO-CovSel 

is the same as SO-PLS, but the feature reduction operated by PLS is performed by a 

variable selection approach called Covariance Selection (CovSel).45 Obviously, this leads 

to further slight differences in their algorithms. When considering two data blocks, as in 

the case described for SO-PLS, the building process of a SO-CovSel model can be 

summarized, as follows: 

1. Covariance Selection is used to select a fixed number of variables from the X-block; 

eventually, the reduced X-block is obtained (XSel). 

2. XSel is used to estimate the Y by ordinary least square regression. 

3. Z is orthogonalized with respect to XSel, obtaining ZOrth. 

3. ZOrth-variables are selected by Covariance Selection (and organized in a unique matrix 

ZOrth,Sel). 

4. ZOrth,Sel. is used to estimate the Y by ordinary least square regression 

5. The final predictive model is obtained combining results from step 2 and step 4, 

obtaining the predicted Y. 

6. LDA or other criteria could be applied to the predicted Y in order to operate the 

classification. 

 

 

 

 

 
44 A. Biancolillo, F. Marini and J.‐M. Roger, “SO‐CovSel: A Novel Method for Variable Selection in a 

Multiblock Framework,” Journal of Chemometrics 34, no. 2 (2020): e3120. DOI: 10.1002/cem.3120 

 
45 J. M. Roger et al., “CovSel: Variable Selection for Highly Multivariate and Multi-Response Calibration. 

Application to IR Spectroscopy,” Chemometrics and Intelligent Laboratory Systems 106, no. 2 (2011): 216-

223. DOI: 10.1016/j.chemolab.2010.10.003 
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CHAPTER 4 

Geographical discrimination of red garlic (Allium sativum L.) 

produced in Italy based on multi-elemental analysis  

 

4.1 Introduction 

Garlic (Allium sativum L.) has been used for centuries as a food condiment and as both 

preventive and curative agent in traditional medicine. Garlic pungent aroma is attributed 

to unique volatile organo-sulfur compounds originated by complex biochemical 

reactions.1 Alliin (S-allyl-L-cysteine sulfoxide) and other S-alk(en)yl-L-cysteine-S-

oxides located in the cytoplasm are exposed to the action of the enzyme alliinase when 

garlic is cut or crushed, promoting the initial formation of sulfinates that transform rapidly 

into thiosulfinates.2 Further rearrangements lead to a pool of organo-sulfur volatiles, 

including di-, tri-sulfur compounds and other thiosulfonates responsible for the 

characteristic flavour and taste of fresh garlic. The concentration of bio- and odor-active 

metabolites in garlic are dependent on the kind of cultivar, the geographic origin, and the 

growing conditions.3 A relatively small number of investigations regarding the 

classification of garlic according to the cultivar and/or the geographical origin can be 

found in the literature. These studies, based on compositional data provided by 1H high-

 
1 M. Corzo-Martínez, N. Corzo and M. Villamiel, “Biological Properties of Onions and Garlic,” Trends in 

Food Science and Technology 18, no. 12 (2007): 609–625. DOI: 10.1016/j.tifs.2007.07.011 ; A. Sendl, 

“Allium Sativum and Allium Ursinum: Part 1 Chemistry, Analysis, History, Botany,” Phytomedicine 1, no. 

4 (1995): 323–339. DOI: 10.1016/S0944-7113(11)80011-5 ; E. Block, “The Organosulfur Chemistry of the 

GenusAllium - Implications for the Organic Chemistry of Sulfur,” Angewandte Chemie International 

Edition in English 31, no. 9 (1992): 1135–1178. DOI: 10.1002/anie.199211351 

 
2 V. Lanzotti, “The Analysis of Onion and Garlic,” Journal of Chromatography A 1112, no. 1–2 (2006): 3–

22. DOI: 10.1016/j.chroma.2005.12.016 

 
3 K. Baghalian, M. R. Naghavi, S. A. Ziai and H. N. Badi, “Post-Planting Evaluation of Morphological 
Characters and Allicin Content in Iranian Garlic (Allium Sativum L.) Ecotypes,” Scientia Horticulturae 

107, no. 4 (2006): 405–410. DOI: 10.1016/j.scienta.2005.11.008 ; A. Khar, K. Banerjee, M. R. Jadhav and 

K.E. Lawande, “Evaluation of Garlic Ecotypes for Allicin and Other Allyl Thiosulphinates,” Food 

Chemistry 128, no. 4 (2011): 988–996. DOI: 10.1016/j.foodchem.2011.04.004 ; N. Martins, S. Petropoulos 

and I. C.F.R. Ferreira, “Chemical Composition and Bioactive Compounds of Garlic (Allium Sativum L.) 

as Affected by Pre- and Post-Harvest Conditions: A Review,” Food Chemistry 211, (2016): 41-50. DOI: 

10.1016/j.foodchem.2016.05.029 ; A. Montaño, V. M. Beato, F. Mansilla and F. Orgaz, “Effect of Genetic 

Characteristics and Environmental Factors on Organosulfur Compounds in Garlic (Allium Sativum L.) 

Grown in Andalusia, Spain,” Journal of Agricultural and Food Chemistry 59, no. 4 (2011): 1301–1307. 

DOI: 10.1021/jf104494j 

https://doi.org/10.1016/j.tifs.2007.07.011
https://doi.org/10.1016/S0944-7113(11)80011-5
https://doi.org/10.1002/anie.199211351
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resolution magic angle spinning-nuclear magnetic resonance (HRMAS-NMR) 

spectroscopy,4 FT-IR,5 high resolution-mass spectrometry,6 HPLC, and electronic nose,7 

proved the ability as geographical/varietal tracers of the organo-sulfur compounds and 

other metabolome components, including organic acids, sugars, fatty acids and amino 

acids. 

As reported in Chapter 1, analysis of the multi-element composition determined by means 

of atomic spectroscopy techniques is potentially useful for tracing plant-based food.8 

Garlic samples cultivated in different countries were differentiated with good accuracy 

by comparing the trace metal profile of the sample to a database of authentic reference 

samples.9 Moreover, the mineral composition of garlic was seen to match the country 

where is cultivated rather than the origin of the bulb, which supports the close connection 

between the composition of garlic and that of the growing soil. However, although trace 

metal data seems useful to establish the country where garlic is grown, traceability of 

local garlic varieties by means of multi-elemental analysis was not investigated before. 

In this study, the geographical classification of garlic varieties cultivated in relatively 

close sites of Italy (Fig. (4.1)) was attempted by means of ICP-OES data analysis. In 

particular, the investigated red garlic varieties come from Sulmona (SU), Castelliri (CS), 

Nubia (NU), and Proceno (PR) In each of these territories the garlic farmers are associated 

in consortia and, apart from sharing the agronomic practices and marketing policy, they 

 
4 M. Ritota, L. Casciani, B.-Z. Han, S. Cozzolino, L. Leita, P. Sequi and M. Valentini, “Traceability of 

Italian Garlic (Allium Sativum L.) by Means of HRMAS-NMR Spectroscopy and Multivariate Data 

Analysis,” Food Chemistry 135, no. 2 (2012): 684–693. DOI: 10.1016/j.foodchem.2012.05.032 
 
5 X. Lu, C. F. Ross, J. R. Powers, D. E. Aston and B. A. Rasco, “Determination of Total Phenolic Content 

and Antioxidant Activity of Garlic ( Allium Sativum ) and Elephant Garlic ( Allium Ampeloprasum ) by 

Attenuated Total Reflectance–Fourier Transformed Infrared Spectroscopy,” Journal of Agricultural and 

Food Chemistry 59, no. 10 (2011): 5215–5221. DOI: 10.1021/jf201254f 

 
6 V.Hrbek, M. Rektorisova, H. Chmelarova, J. Ovesna and J. Hajslova,  “Authenticity Assessment of Garlic 

Using a Metabolomic Approach Based on High Resolution Mass Spectrometry,” Journal of Food 

Composition and Analysis 67 (2018): 19–28. DOI: 10.1016/j.jfca.2017.12.020 

 
7 S. Trirongjitmoah, Z. Juengmunkong, K. Srikulnath and P. Somboon,  “Classification of Garlic Cultivars 
Using an Electronic Nose,” Computers and Electronics in Agriculture 113, (2015): 148–153.  

DOI: 10.1016/j.compag.2015.02.007 

 
8 F. Di Giacomo, A. Del Signore and M. Giaccio, “Determining the Geographic Origin of Potatoes Using 

Mineral and Trace Element Content,” Journal of Agricultural and Food Chemistry 55, no. 3 (2007): 860–

866. DOI: 10.1021/jf062690h 

 
9 R. G. Smith, “Determination of the Country of Origin of Garlic (Allium Sativum) Using Trace Metal 

Profiling,” Journal of Agricultural and Food Chemistry 53, no. 10 (2005): 4041–4045. DOI:  

10.1021/jf040166+ 
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breed local bulbs, which ensure high specificity and homogeneity to the respective red 

garlic varieties. Differentiation of Italian red garlic coming from SU, CS and PR and a 

white variety cultivated in Piacenza (Italy) was previously investigated by means of the 

metabolomic profile determined by HRMAS-NMR.4 In this work, apart from the usual 

classification approach performed by LDA, a class-modelling method was also applied. 

As stated in Chapter 3, the class-modelling, which treats each class in the problem 

individually, enables to decide whether a new sample really belongs or not to the specific 

modelled class, which is the question to be answered in the verification of food 

compliance with, for instance, the geographical origin. This approach was applied, for the 

first time, to the trace metal data collected from the four garlic varieties.  

 

4.2 Materials and methods 

• Garlic samples and chemicals 

Red garlic samples cultivated in the season 2017 were directly acquired from the consortia 

“Aglio rosso di Sulmona” (SU), “Aglio rosso di Nubia” (NU), “Aglio rosso di Proceno” 

(PC) and “Cooperativa Aglio Rosso di Castelliri” (CL) sampling the different producers 

working in the respective territories.  Suprapure nitric acid (65%) from Merck KGaA 

(Darmstadt, Germany) was used to digest the samples. Ultrapure water (18.2 MΩ cm 

resistivity at 25 °C) was obtained from a water purification system Milli Q (Millipore, 

Germany). A multi-element stock solution containing all the analysed elements (Ba, Cu, 

Mg, Mn, Sr, Zn at a concentration of 10 µg/mL and Ca, Na, Fe 100 µg/mL in 10% w/w 

HNO3) was purchased from Fluka Analytical, (Sigma-Aldrich, MO, USA). Standard 

solutions in 2% nitric acid were prepared using 100 mL PMP volumetric flasks. 

Polypropylene vials were used for sample storage and analysis. 
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Fig. (4.1): Geographical origin of the Italian red garlic samples: Sulmona (SU), Proceno (PR), 

Castelliri (CL) and Nubia (NU) 

 

• Instrumentation and sample analysis 

The individual samples, analysed by means of ICP-OES, consist of cloves extracted from 

different garlic bulbs. A clove was sliced and dried in a Büchi TO-50 (Büchi Labortechnik 

AG, Flawil, Switzerland) drying tube at 70 °C under moderate vacuum until constant 

weight and successively ground. 0.4 g of garlic powder was introduced into a Teflon 

digestion vessel together with 10 mL of nitric acid and 10 mL of ultrapure water. The 

mineralization was carried out in a microwave oven Ethos One (Milestone, Bergamo, 

Italy) at constant power (1000 W). The sample temperature was increased to 200° C in 

10 min and was kept at 200 °C for 40 min. The digested samples, cooled at room 

temperature, were transferred to a volumetric flask and diluted to 50 mL with ultrapure 

water. Concentrations of Ba, Ca, Cu, Fe, Mg, Mn, Na, Sr and Zn in garlic digested 

samples were determined using an Iris Intrepid ER/S Thermo-Elemental 

(ThermoScientific, USA) ICP-OES spectrometer equipped with an Echelle grating 

optical system and a charge injection device (CID) solid-state detector. A Timberline IIL 

(ThermoScientific) autosampler, connected to a peristaltic pump, was part of the sample 
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introduction system. The sample was introduced at a flow rate of 1.85 mL min−1 into the 

argon plasma through a cross-flow pneumatic nebulizer and a polytetrafluoroethylene 

spray chamber. The torch-reading configuration was radial and the operating conditions 

were those recommended by the manufacturer: radiofrequency power of 1.2 kW, coolant 

gas flow of 12 L min−1, nebulizer gas flow of 0.4 L min−1 and auxiliary gas flow of 0.5 L 

min−1. The elements were detected at the wavelengths (given in Tab. (4. 1)) providing the 

maximum signal intensity and minimum spectral overlap. The background correction of 

all the emission lines was performed manually. The calibration curves were built by 

analysing in triplicate nine standard solutions containing all the target metals within two 

different concentration ranges: from 5 µg/L to 1 mg/L for Ba, Cu, Mn, Mg, Sr, Zn and 

from 50 μg/L to 10 mg/L for Ca, Fe, Na. 

 

 

Tab. (4.1): Detected wavelength (λ), linearity of analytical curves (r2), limit of detection (LOD) 

and quantification (LOQ) of the elements determined by ICP-OES, mean recoveries and  the 

Relative Standard Deviation (RSD) for replicate analyses (n = 3) on spiked samples  

 

The LOD and LOQ values, reported in Tab. (4.1), refer to dry sample and were 

determined taking into account the sample mass (0.4 g) and the dilution used in the 

measurements. The table reports also the mean recoveries and the average precision (n = 

3) that were obtained by spiking the samples with a defined concentration of 4 μg/g for 

Ba, Mn, Sr, Zn and Cu, of 40 μg/g for Fe and Na and 250 μg/g for Ca and Mg. 

element λ (nm) r2 LOD (μg/g) LOQ (μg/g) Recovery (%) RSD(%) 

Ba 455.4 0.993 0.14 0.45 95 8 

Cu 324.7 0.997 0.75 2.51 90 6 

Fe 259.9 0.998 0.70 2.33 73 2 

Mn 257.6 0.997 0.34 1.14 88 12 

Na 588.9 0.998 0.78 2.70 77 9 

Sr 407.7 0.998 0.02 0.06 81 8 

Zn 202.5 0.998 0.31 1.02 86 14 

Ca 393.3 0.998 0.90 3.03 98 11 

Mg 280.2 0.998 0.15 0.50 95 13 
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• Univariate statistical analysis and chemometrics  

Statistical analysis was performed on a data matrix consisting of 65 garlic samples 

cultivated in the four different Italian sites (16 CS, 18 SU, 15 NU, and 16 PR) while the 

variables are the contents (μg/g) of nine elements (Ba, Ca, Cu, Fe, Mg, Mn, Na, Sr, and 

Zn) determined by means of ICP-OES. The ICP-OES data were submitted to one-way 

ANOVA to determine significant effects of the elemental composition. For each 

significant element (for which the null hypothesis has already been rejected), a pairwise 

comparison was subsequently performed by the least significant difference (LSD) test to 

establish which pairs of groups differ. A logarithmic transformation was applied to the 

elemental composition data before successive multivariate statistical analysis in order to 

reduce the impact of possible outliers. The geographical classification was performed by 

LDA. In detail, a stepwise selection algorithm based on the Wilks’ lambda was applied 

to extract from the data matrix the best subset of discriminant variables. Eventually, the 

results of LDA classification have been visualized by projecting the classes into the space 

of canonical variates, or discriminant functions (DFs). Class-modelling was successively 

performed by application of SIMCA. In this work, the acceptance or rejection of a sample 

was based on an F-test on the ratio between the squared distance of the tested object from 

the principal component model and rsd2, where rsd (class residual standard deviation) is 

the mean distance of the objects used to generate the model. A cross-validation scheme 

with five cancellation groups was adopted to identify the discriminant variables in LDA 

and to select the number of PCs representing the classes in SIMCA. Classification 

performance was evaluated by the fraction of calibration or external data samples 

correctly assigned to the pre-defined classes. ANOVA and multivariate statistical 

analyses were performed using the program package V-PARVUS 2010.10 

 

 

 

 

 
10 M. Forina, S. Lanteri, C. Armanino, C. Casolino, M. Casale and P. Oliveri, “V- PARVUS 2010”, 

Dipartimento di Chimica e Tecnologie Farmaceutiche ed Alimentari, Università di Genova, (2010) 
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4.3 Results and discussion 

• ICP-OES analysis 

The linearity, sensitivity, accuracy, and precision of the ICP-OES method were evaluated 

taking into account the EURACHEM guidelines.11 The linearity of the analytical curves 

was good according to the observed r2 values ranging between 0.993 and 0.998 (Tab. 

(4.1)). Sensitivity was quantified by the detection (LOD) and quantification (LOQ) limits 

(Tab. (4.1)) determined as follows: 

LOD = 3Sy/S  

 LOQ = 10Sy/S 

 where Sy is the standard deviation of the response and S is the slope of the analytical 

curve. The observed LOQ values of the various elements were well below their native 

levels in the garlic varieties here investigated, which ensures a reliable determination of 

their concentration. As no certified samples are available for garlic, the accuracy of the 

ICP-OES method was determined by analysing garlic samples (n = 3) both fortified 

before microwave digestion and at their native levels (Tab. (4.1)). Acceptable mean 

recoveries (within 86–95%) were observed for most of the chemical species suggesting 

that a non-significant or almost negligible loss occurred during the digestion process. 

Lower recoveries, on the other hand, were observed in the case of Sr (81 ± 8%), Fe (77 ± 

9%), and Na (73 ± 2%). The precision of the ICP-OES method was quantified by the 

relative standard deviation (RSD%) observed in the replicate analysis of the fortified 

samples. These values are lower than 10% for Ba, Cu, Fe, Na, and Sr, while moderately 

higher values (11–14%) were observed for Mn, Zn, Ca, and Mg.  

 

Therefore, RDS% of the analysed elements was anyway below 15% that can be 

considered an acceptable limit for ICP-OES analysis of complex matrices such as food  

 
11 B. Magnusson and U. Örnemark, “Eurachem guide: The fitness for purpose of analytical methods – A 
laboratory guide to method validation and related topics,” Eurachem, (2014): 5-59. Retrieved from: 

https://www.eurachem.org/index.php/publications/guides/mv 

https://www.eurachem.org/index.php/publications/guides/mv
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samples.12 Despite recoveries of Sr, Fe, and Na were not quantitative, RSD% values of 

these chemical species were acceptable (within 2–9%). The systematic but relatively 

small underestimation of the concentration of these elements in garlic samples should not 

alter much the intra- and inter-class differences of the mineral composition, and therefore 

should have only a moderate impact on the geographical discrimination. 

In summary, the ICP-OES method coupled with microwave digestion seems suitable to 

determine the concentration of the major mineral elements to be used in the geographical 

classification of garlic. 

 The mean concentrations of the analysed elements observed in the red garlic varieties 

cultivated in the four Italian sites and the related standard deviations are reported in Tab. 

(4.2). The results of ANOVA, showed in Tab. (4.3), demonstrated that all the analysed 

elements, except for Cu and Mg, exhibit significantly different mean values among the 

four classes (i.e. garlic samples cultivated in the same area). Successive pairwise 

comparison by LSD test reveals that the content of some elements in the garlic samples 

cultivated in a given area (Ba for CL, Mn for PR, Zn and Ca for NU) are significantly 

different as compared to the samples of the other three classes in which the mean 

concentrations of the same chemical species do not differ significantly. Therefore, the 

above elements can be regarded as powerful descriptors for the geographical origin of the 

garlic samples 

 

 

 

 

 

 
12 H. Altundag and Mustafa Tuzen, “Comparison of Dry, Wet and Microwave Digestion Methods for the 

Multi Element Determination in Some Dried Fruit Samples by ICP-OES,” Food and ChemicalToxicology 

49, no. 11 (2011): 2800–2807. DOI: 10.1016/j.fct.2011.07.064 ; S. P. Dolan and S. G. Capar, “Multi-

Element Analysis of Food by Microwave Digestion and Inductively Coupled Plasma-Atomic Emission 

Spectrometry,” Journal of Food Composition and Analysis 15, no. 5 (2002): 593–615. DOI: 

10.1016/S0889-1575(02)91064-1 

https://doi.org/10.1016/j.fct.2011.07.064
https://doi.org/10.1016/S0889-1575(02)91064-1
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element mean ± SD 

 CL(n = 16) SU (n = 18) NU (n = 15) PR (n = 16) 

Ba 2.4 ± 0.6 0.8 ± 0.2  1.42 ± 0.14 0.91 ± 0.07 

Cu 5.3 ± 0.4 5.4 ± 0.3  5.8 ± 0.2 5.3 ± 0.3 

Fe 31 ± 2 17.9 ± 0.7  25 ± 1 20.3 ± 0.6 

Mn 7.3 ± 0.5 7.4 ± 0.4   8.0 ± 0.2 5.3 ± 0.3 

Na 32 ± 3 73 ± 15  115 ± 14 57 ± 9 

Sr 0.97 ± 0.07 0.80 ± 0.04  3.6 ± 0.2 2.5 ± 0.2 

Zn 21 ± 1 20.9 ± 0.8  32.2 ± 1.4 18.7 ± 0.8 

Ca 441 ± 30 430 ± 17  648 ± 44 378 ± 19 

Mg 605 ± 28 545 ± 19  542 ± 17 580 ± 12 

Tab. (4.2): Mean concentrations of the elements (μg/g, referred to dry sample) and related 

standard deviations detected by ICP-OES in the red garlic samples cultivated in different Italian 

territories 

LSD ANOVA element 

 p  

CL-(SU, NU, PR) 0.0035 Ba 

- 0.6482 Cu 

CL-(SU ,NU, PR)/ SU-(NU, PR) < 10 −4 Fe 

PR-(CL, SU, NU) < 10 −4 Mn 

NU-(CL, SU, PR,)/ CL-SU < 10 −4 Na 

PR-(CL-SU-NU)/ UN-(SU, CL) < 10 −4 Sr 

NU-(CL, SU, PR) < 10 −4 Zn 

NU-(CL, SU, PR) < 10 −4 Ca 

- 0.0859 Mg 

 

Tab. (4.3): Significance (p) of difference in the means determined by ANOVA and list of the 

class pairs providing a significant result in LSD test, at 0.05 significance level 
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• LDA classification 

As stated above, the data matrix (65x9) describing the multi-elemental profile of the garlic 

samples, were subjected to a logarithmic transformation in order to minimize the effect 

of possible outliers. A duplex Kennard-Stone algorithm was separately applied to each 

class to generate two balanced sets in terms of representativeness (a calibration set of 44 

samples and an external prediction set of 21 samples, i.e. five or six for each class) that 

were employed to evaluate the generalization capability of the classification model 

generated with the calibration data.13 To avoid the inclusion of redundant variables into 

the classification model, stepwise LDA was performed. Based on the observed sequence 

in the variable selection, Cu and Zn resulted to be the less influent variables whose model 

incorporation did not produce any improvement (in the cross-validation performance), 

compared to the outcome provided by the model based on the previously-selected 

variables (Ba, Ca, Fe, Mg, Mn, Na and Sr). For this reason, Cu and Zn were no more 

considered in further statistical analyses. 

A graphical representation of LDA results is provided in Fig. (4.2) displaying the 

calibration and external samples projected in the planes DF1-DF2 and DF1-DF3, where 

DF1, DF2, and DF3 are the discriminant functions (or canonical variables), representing 

uncorrelated directions of best separation of the classes and ordered according to their 

discriminant power.  

 

Fig. (4.2): Garlic samples and variable weighted loadings projected in the DF1-DF2 (left) and 

DF1-DF3 (right) planes. The open symbols indicate the samples of the external prediction set 

 
13 R. D. Snee, “Validation of Regression Models: Methods and Examples,” Technometrics 19, no. 4 (1977): 

415–28. DOI: 10.1080/00401706.1977.10489581  

https://doi.org/10.1080/00401706.1977.10489581
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The weighted loadings of the descriptors that quantify their influence in the class 

separation were also displayed. In agreement with the good descriptive and predictive 

performance of LDA, the four classes are well separated in the space of the three DFs. 

Moreover, the external data samples, belonging to each class, are very close to the 

calibration data samples of the respective classes. In particular, DF1 describes the 

separation between the (CS + SU) from (NU + PR) categories; while NU and PR samples 

are neatly separated along DF2; DF3 accounts, instead, for the separation between SU 

and CL garlic. Sr and Ca are the most influent variables since the first element exhibits a 

high loading to DF1 while the latter provides relatively high contributions to both DF1 

and DF2. The other selected elements are a little less important than Ca and Sr and 

influence the separation of the garlic classes to different extents according to their variable 

projections on the various DFs. 

The rates (%) of correct classifications and predictions are collected in Tab. (4.4). These 

data display the correct assignment of all the training samples and almost all the data 

samples of the cross-validation scheme, except for a single CL sample assigned to the 

SU class. Nevertheless, all the external data samples were correctly assigned according 

to geographical origin. 

 

LDA              

Computed classes  Predicted classes (cross-validation)  Predicted classes (external set) 

CL SU NU PR  CL SU NU PR  CL SU NU PR 

100 100 100 100  91 100 100 100  100 100 100 100 

 

Tab. (4.4): Results of LDA classification and SIMCA class-modelling 

 

SIMCA          

 Sensitivity  specificity 

Class Training  External set  Total for CL for SU for NU for PR 

CL 91  80  100  _ 100 100 100 

SU 100  83  96 88  _ 100 100 

NU 100  80  98 100 100  _ 94 

PR 91  80  96 100 100 88  _ 
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• SIMCA class-modelling 

Once a multivariate enclosed class space has been defined by considering a suitable 

number of authentic samples representing the class, the assignment of an object to that 

class is performed in this work using SIMCA. The number of significant PCs representing 

each class was determined by a leave-more-out cross-validation scheme with five 

cancellation groups as that providing the best efficiency (geometric mean of sensitivity 

and specificity). Finally, NU and PR classes were described by the first PC, while SU and 

CL were represented by the first three PCs.  The goodness of the class-modelling for each 

garlic category was evaluated by taking into account the sensitivity and specificity 

reported in Tab. (4.4). These data reveal that almost all the training data were correctly 

assigned to the respective classes, while only one external data sample for each class was 

rejected by the respective model. Because of the relatively small number of external data 

samples (5 or 6, depending on the class) sensitivity for the external samples, falling within 

80–83%, was moderately worse than the sensitivity for the training data (91–100%). The 

specificity of the various class models was relatively good, 96–100%, with the best result 

observed for the CL-class. As concerning the other three classes, slightly lower 

specificities arise from the acceptance of a limited number of samples belonging to other 

categories. In particular, the SU class accepted CL samples, while the NU class model 

sporadically accepted PR garlic samples and vice versa. A graphical evaluation of class-

modelling performances is displayed in the so-called Coomans plots reported in Fig. (4.3) 

 

Fig. (4.3):  Coomans plots of SIMCA model 
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In a Coomans diagram, each data sample is represented by its distance to the models of 

two selected categories. In the plots displayed in Fig. (4.3), were considered the two 

categories not completely resolved in the space of descriptors, namely CL and SU 

(leftmost graph) or PR and NU (rightmost graph). In each plot, the lines parallel to the 

axes represent the acceptance/rejection thresholds for the two reported classes, which 

define the related space (class space bordered by the lower left and upper right squares). 

The objects in the lower left and upper right squares are those accepted or rejected by 

both models, respectively. It can be observed that most of the garlic data samples fall 

within the space of univocal assignment concerning the class they really belong to, while 

the few rejected samples, most of them external, are anyway very close to the threshold 

line. According to the specificity values (Tab. (4.4)), all the NU and PR data samples are 

rejected by SU and CL class models (Fig. (4.3), leftmost graph) and all the SU and CL 

data samples are rejected by both the PR and NU classes (Fig. (4.3), rightmost graph). On 

the other hand, the occasional confusion between CL and SU or PR and NU red garlic is 

represented by the small number of data samples falling in the space of simultaneous 

assignment to the two represented classes. It should be noted that an increase of the 

confidence level defining the class boundaries could improve sensitivity but results also 

in a greater overlapping between CL and SU or PR and NU classes and a consequent 

moderate worsening of specificity. 

In summary, the class-modelling performance, taking into account the severe validation 

conditions (about 1/3 of data samples in the external prediction set), seems anyway good. 

The small confusion between CL and SU garlic can be explained by the short distance 

and geologic similarity of the two production sites both featured by alluvial river-side 

soils.14 By contrast, PR and NU are the most distant and dissimilar environments among 

those here investigated, but both territories are featured by predominantly clay soils, 

which may be responsible for the occasional confusion of the red garlic cultivated in these 

areas. 

 

 

 
14 Carta Geologica d’Italia scale 1:100.000, (1976). Retrieved from: 

http://193.206.192.231/carta_geologica_italia/default.htm 

http://193.206.192.231/carta_geologica_italia/default.htm
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4.4 Conclusion 

The results of this study support the great potentiality of the mineral composition for the 

geographical discrimination of garlic. Reliability of both classification and class-

modelling methods has been severely demonstrated using a real external set consisting of 

about 1/3 of the analysed garlic samples. Despite ICP-OES permitted the determination 

of a limited number of chemical elements and taking into account the relatively small 

distance among the cultivation sites of the red garlic varieties here investigated, all the 

samples of both the training and external datasets were correctly discriminated by using 

LDA classification. The discriminant chemical species (Ba, Ca, Fe, Mg, Mn, Na and Sr) 

are also significant in class-modelling performed by means of SIMCA. The class models 

built for the four categories of red garlic exhibited good sensitivity (almost all the samples 

were accepted by the corresponding class models) and specificity (almost all the 

extraneous garlic samples were rejected by the different class models). The few observed 

errors in class-modelling arise from a small confusion between garlic cultivated in SU 

and CL or PR and PR sites, which seems to reflect the greater similarity in the soil 

characteristics of these territories. 
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CHAPTER 5 

Geographical discrimination and authentication of lentils 

(Lens culinaris Medik.)  

 

5.1 Introduction 

Lentil (Lens culinaris Medik.) is an old domesticated grain legume cultivated worldwide 

and known since ancient times for its therapeutic and high nutritional value.1 Apart from 

being a good and unexpansive source of plant-based proteins, fibers, minerals, and 

antioxidants, lentils have also a low glycaemic index and low-fat amount.2 Among 

legumes, considerable attention has been given to lentils since they could contribute to 

reduce hunger and malnutrition in developing countries, being a food source of folate, Se, 

Zn, and Fe and because of their genetic potential for biofortification. 3 Lentil crop exhibits 

high adaptability and due to the short life-cycle has spread even in low input semi-arid 

areas. The lentil plant plays not only an important role in crop rotation, enriching the soil 

with biologically fixed nitrogen, but it is also a high-quality animal fodder. 4 

Lentil production in Italy has suffered a rapid decline during the last 60 years and 

cultivations are currently confined in marginal upland areas with a total surface of about 

 
1 M. Duranti, “Grain Legume Proteins and Nutraceutical Properties,” Fitoterapia 77, no. 2 (2006): 67-

82.DOI: 10.1016/j.fitote.2005.11.008 

 
2 M. A. I. E. Faris, H. R. Takruri and Ala Yousef Issa, “Role of Lentils (Lens Culinaris L.) in Human Health 

and Nutrition: A Review,” Mediterranean Journal of Nutrition and Metabolism 6, no.1 (2013):3-16. 

DOI: 10.1007/s12349-012-0109-8 

 
3 S. Sah, A. Vandenberg and J. Smits, “Treating Chronic Arsenic Toxicity with High Selenium Lentil 

Diets,” Toxicology and Applied Pharmacology 272, no. 1 (2013): 256-262. DOI: 

10.1016/j.taap.2013.06.008 ; D. Thavarajah, P. Thavarajah, A. Sarker and A Vandenberg, “Lentils (Lens 
Culinaris Medikus Subspecies Culinaris): A Whole Food for Increased Iron and Zinc Intake,” Journal of 

Agricultural and Food Chemistry 57, no. 12 (2009): 5413–5419. DOI: 10.1021/jf900786e ; D. . Gupta, D. 

Thavarajah, P. Knutson, P. Thavarajah, R. J. McGee, C. J. Coyne and S. Kumar “Lentils (Lens Culinaris 

l.), a Rich Source of Folates,” Journal of Agricultural and Food Chemistry 61, no. 32 (2013): 7794–7799. 

DOI: 10.1021/jf401891p 

 
4 M. Lombardi, M. Materne, N. O. I. Cogan, M. Rodda, H. D. Daetwyler, A. T. Slater, J. W. Forster and S. 

Kaur, “Assessment of Genetic Variation within a Global Collection of Lentil (Lens Culinaris Medik.) 

Cultivars and Landraces Using SNP Markers,” BMC Genetics 15, no. 1 (2014)  

DOI: 10.1186/s12863-014-0150-3 

https://doi.org/10.1016/j.fitote.2005.11.008
https://doi.org/10.1007/s12349-012-0109-8
https://doi.org/10.1016/j.taap.2013.06.008
https://doi.org/10.1021/jf900786e
https://doi.org/10.1021/jf401891p
https://doi.org/10.1186/s12863-014-0150-3
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5000 ha.5 Nevertheless, since most lentil landraces are the outcome of a long-time 

selection empirically performed by farmers,6 the biodiversity of Italian lentils is closely 

related to tradition, which makes some varieties cultivated in specific territories unique 

and valuable. The strong geographical identity of the Italian lentil cultivars of both 

Castelluccio di Norcia and Altamura, for instance, is currently certified by the European 

“Protected Geographical Indication” (PGI) mark,7 whereas other lentils cultivated in 

specific sites of Central and Southern Italy (Santo Stefano di Sessanio, Ustica, Villalba, 

Enna, Rascino, Ornano, Mormanno and Ventontene) have been included by Slow Food 

Foundation for Biodiversity in the list of small-scale quality productions or local plant 

varieties to safeguard.8 Despite the high-quality and reputation of some Italian local 

varieties, most of the lentil marketed in Italy is imported from Canada which is the major 

producer (48% of global production in 2017) and exporter country in the world.9 

Therefore, discrimination of the authentic Italian lentil cultivars from non-European ones 

is an essential tool to valorise the local varieties and safeguard consumers and traders 

from frauds based on blended products or mislabelling. Several investigations, focusing 

on lentil geographical classification, have been reported in the scientific literature. Good 

discrimination of Sicilian landraces and Canadian cultivars was provided by LDA applied 

to morphological properties collected by an image analysis system.10 However, the above 

approach seems inapplicable to lentil flour whose adulteration is quite common and 

difficult to reveal by visual analysis. Methods based on IRMS or 1H-NMR spectroscopy, 

both combined with multivariate statistical analysis, were successfully applied in the 

 
5 Italian National Institute of Statistics, “ISTAT Database,” (2017). Retrieved from: 

http://dati.istat.it/?lang=en&amp;SubSessionId=03001af7-c476-4dba-89f9-c3d65c454e15 

 
6 M. Zaccardelli, F. Lupo, A. R. Piergiovanni, G. Laghetti, G. Sonnante, M. G. Daminati, F. Sparvoli and 

L. Lioi, “Characterization of Italian Lentil (Lens Culinaris Medik.) Germplasm by Agronomic Traits, 

Biochemical and Molecular Markers,” Genetic Resources and Crop Evolution 59, no. 727-738. DOI: 

10.1007/s10722-011-9714-5 

 
7 European Commission. Agricultural and Rural Development, “DOOR Database”. Retrieved from: 

https://ec.europa.eu/info/food-farming-fisheries/food-safety-and-quality/certification/quality-

labels/quality-schemes-explained 
 
8 Food Slow, “Slow Food Foundation for Biodiversity,” (2020). Retrieved from: 

https://www.fondazioneslowfood.com/en/ 

 
9 Food and Agriculture Organization of the United Nations, “FAOSTAT Database”. Retrived from: 

http://www.fao.org/faostat/en/ 

 
10 G. Venora, O. Grillo, M.A. Shahin and S.J. Symons, “Identification of Sicilian Landraces and Canadian 

Cultivars of Lentil Using an Image Analysis System,” Food Research International 40, no. 1 (2007): 161–

166. DOI: 10.1016/j.foodres.2006.09.001 

http://dati.istat.it/?lang=en&amp;SubSessionId=03001af7-c476-4dba-89f9-c3d65c454e15
https://doi.org/10.1007/s10722-011-9714-5
https://ec.europa.eu/info/food-farming-fisheries/food-safety-and-quality/certification/quality-labels/quality-schemes-explained
https://ec.europa.eu/info/food-farming-fisheries/food-safety-and-quality/certification/quality-labels/quality-schemes-explained
https://www.fondazioneslowfood.com/en/
http://www.fao.org/faostat/en/
https://doi.org/10.1016/j.foodres.2006.09.001
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discrimination of Italian and Canadian lentils.11 MIR and NIR spectroscopies were also 

able to differentiate Italian or Greek lentils from imported products.12 While all the 

mentioned investigations focused on the discrimination of lentils grown in different 

countries, a single recent investigation based on LDA applied to NIR data has described 

the differentiation of a PGI Spanish lentil from non-PGI lentils coming from the same 

country;13 although a severe validation of the classification model on external samples 

was not provided. Based on the survey of the existing literature, it seems that there is still 

room for improvement in the development of analytical/chemometric methods for tracing 

lentils with particular attention to the discrimination of varieties cultivated in close 

territories and authentication of certified varieties. 

In the present work, discrimination and authentication of lentil landraces, grown in 

specific and confined areas of close Italian regions, was attempted by using multi-

elemental pattern provided by ICP-OES, which was reported to be a powerful marker of 

food origin.14 The present study focused on the Italian lentil landraces cultivated in Santo 

Stefano di Sessanio (protected by Slow Food Foundation for Biodiversity), Castelluccio 

di Norcia (PGI) and Colfiorito Plane (Fig. (5.1)), and on a commercial variety imported 

from Canada; the reported categories will be hereafter indicated as SS, CN, CF and CA, 

respectively. Apart from discrimination on geographical basis, here attempted by both 

 
11 F. Longobardi, G. Casiello, M. Cortese, M. Perini, F. Camin, L. Catucci and A. Agostiano, 

“Discrimination of Geographical Origin of Lentils (Lens Culinaris Medik.) Using Isotope Ratio Mass 

Spectrometry Combined with Chemometrics,” Food Chemistry 188, (2015): 343–349. DOI: 

10.1016/j.foodchem.2015.05.020 ; A. Longobardi, F. Innamorato, V. Di Gioia, A. Ventrella, A. Lippolis, 

V. Logrieco, Lucia Catucci and Angela Agostiano, “Geographical Origin Discrimination of Lentils (Lens 

Culinaris Medik.) Using 1H NMR Fingerprinting and Multivariate Statistical Analyses,” Food Chemistry 
237, (2017): 443-448. DOI: 10.1016/j.foodchem.2017.05.159 

 
12 G. Kouvoutsakis, C. Mitsi, P. A. Tarantilis, M. G. Polissiou and C. S. Pappas, “Geographical 

Differentiation of Dried Lentil Seed (Lens Culinaris) Samples Using Diffuse Reflectance Fourier 

Transform Infrared Spectroscopy (DRIFTS) and Discriminant Analysis,” Food Chemistry 145, (2014): 
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LDA and PLS-DA, SIMCA class modelling was also used for the authentication of lentil 

varieties, which to our knowledge has never been described before in literature. 

 

Fig. (5.1): Geographical origin of the Italian lentil samples: Colfiorito (CF), Castelluccio di 

Norcia (CN) and Santo Stefano di Sessanio (SS) 

 

5.2 Materials and methods 

• Lentil samples and chemicals 

Italian and Canadian lentils, harvested in the years between 2016 and 2018, were 

purchased from local producers and supermarkets. Suprapur water, reagents for sample 

mineralization and mono- and multi-elemental standard solutions were obtained as 

described in the Sub-Chapter 4.2.  

• Instrumentation and sample analysis 

The lentil samples were treated as follows: approximately 1 g of seeds was sampled, 

sieved, and washed with ultrapure water to remove foreign material, then it was ground 

in a mortar and oven-dried for 24 hours at 75°C. 0.5 g of lentil flour was introduced into 

a PTFE vessel and mineralized with 5 mL of nitric acid and 3 mL of hydrogen peroxide 

solutions. Instrumentation for microwave-assisted digestion, mineralization procedure 

and ICP-OES apparatus were those described in Sub-Section 4.2. ICP-OES analysis 

allowed the simultaneous quantification of 15 elements (Al, B, Ba, Ca, Cu, Fe, K, Mg, 

CF

CN

SS



95 
 

Mn, Mo, Na, Ni, P, Sr, Zn) in digested lentil samples. The selected emission lines (given 

in Tab. (5.1) were those providing the maximum signal to noise ratio and minimum 

spectral interferences. Background correction of the emission intensity was performed 

manually. The calibration curves were built by analyzing in quadruplicate nine standard 

solutions containing all the target metals within the following concentration ranges: 10 

µg/L-1 mg/L (Al, Ba, B, Cu, Mn, Mo, Ni, Sr, and Zn), 100 µg/L -10 mg/L (Ca, Fe and 

Na),  50-500 mg/L (P and K), and 1-50 mg/L (Mg). To compensate for possible non-

spectral interferences the peak intensity of the Internal Standard was monitored during 

the analyses. A blank sample and a multi-element standard solution were analysed every 

ten samples to check the cleanliness of the introduction system. 

 

Tab. (5.1): Detection wavelength (λ), determination coefficient (r2) of the calibration curves, the 

limit of detection (LOD) and quantification (LOQ) of the elements determined by ICP-OES; 

mean recovery (R%) and relative standard deviation (RSD%) observed in the analysis of the 

spiked samples (n=6). Mean concentrations (in µg/g or mg/gb) for each lentil class and, in 

brackets, related standard errors. 

The concentration values (µg/g or mg/g) reported in Tab. (5.1), refer to the dry sample 

and were determined taking into account the sample mass (0.5 g) and the dilution used in 

the measurements. 

element λ(nm) R2 LOD 

(µg/g) 

LOQ 

(µg/g) 

R% RSD% SS (n=17) CN (n=24) CF (n=28) CA (n=20) 

Al 394.4 0.9989 0.66 2.2 88 9 25(±10) 24(±6) 50(±20) 35(±20) 

B 249.6 0.9991 0.86 2.8 87 15 9(±2) 10.6(±2.5) 10(±4) 10(±5) 

Ba 233.5 0.9999 0.005 0.02 93 4 1(±1) 2(±1) 2.5(±0.8) 5(±1) 

Ca 315.8 0.9984 1.1 3.5 97 4 0.9(±0.1)
b
 0.9(±0.1)

b
 0.74(±0.09)

b
 0.77(±0.6)

b
 

Cu 324.7 0.9986 0.05 0.18 100 1 9(±2) 10(±1) 12.4(±1.5) 9.3(±0.6) 

Fe 259.9 0.9999 0.57 1.9 94 1 71(±8) 77(±8) 101(±15) 87(±9) 

K 766.4 0.9998 1.7 5.5 116 2 9.9(±0.6)
b
 9.7(±0.5)

b
 10(±1)

b 

 

9.9(±0.7)
b
 

Mg 280.2 0.9997 0.28 0.92 82 2 1.18(±0.09)
b
 1.08(±0.04)

b
 1.18(±0.06)

b
 1.11(±0.07)

b
 

Mn 259.3 0.9998 0.02 0.05 98 2 11(±1) 16(±1) 13(±1) 14(±2) 

Mo 202.0 0.9998 0.03 0.1 96 1 0.9(±0.3) 5(±2) 6(±2) 6(±2) 

Na 589.5 0.9977 1.9 6.3 92 8 12(±6) 16(±6) 19(±8) 13(±3) 

Ni 221.6 0.9999 0.03 0.08 91 4 0.9(±0.3) 1.4(±0.3) 1.9(±0.5) 2.4(±0.4) 

P 213.6 0.9999 21 70 97 2 18(±3)
b
 13(±1)

b
 16(±3)

b
 12(±1)

b
 

Sr 407.7 0.9997 0.001 0.004 87 4 1.2(±0.4) 5(±2) 4(±2) 3.7(±0.8) 

Zn 202.5 0.9998 0.07 0.22 97 3 50(±5) 35(±5) 43(±9) 33(±2) 
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• Chemometrics 

Preliminary exploration of ICP-OES data was performed by PCA. Scores and loading 

were projected onto the compressed PC subspace, providing an immediate visualization 

of the trends within the data sample (score plot) and interpretation of the selected PCs in 

terms of the original variables (loading plot). Two supervised classification methods, 

LDA and PLS-DA, were applied to attempt a classification of the lentil samples according 

to the geographical origin. In the first case, to reduce the model complexity and isolate 

the most discriminant variables, a forward stepwise selection based on Wilk’s lambda 

was applied. The classification of the calibration and external samples was also performed 

by mean of PLS-DA according to the computed or predicted outputs, but, since the PLS-

DA responses are continuous and not binary a threshold must be defined to assign the 

objects. The simplest approach, here used, is to assign the sample to the category for 

which is highest the Y predicted value. For the class-modelling, SIMCA was applied; 

Once a PCA model has been built by extracting information from the objects belonging 

to the modelled class, the acceptance or rejection criteria for each sample was based on 

its distance (d) from the model space:  

d = √(
T2

T20.95
)

2

+ (
Q

Q0.95
)
2

 

 where T2 is the squared Mahalanobis distance of the sample from the center of the scores 

space, and Q is the (Euclidean) distance to its projection onto the PC space, while T2
0.95 

and Q0.95 are the 95th percentiles of T2 and Q distributions, respectively. The objects with 

d smaller or equal to √2 will be assigned to the modelled class.15 Multivariate statistical 

analyses were run in Matlab (The Mathworks, Natick, MA; version 2015b), using in-

house routines.  

 

 

 
15 M. Cocchi, A. Biancolillo and F. Marini, “Chemometric Methods for Classification and Feature 

Selection,” in Data Analysis for Omic Sciences: Methods and Applications, Comprehensive Analytical 

Chemistry 82, eds. J. Jaumot, C. Bedia and R. Tauler (Elsevier, 2018): 265-299.  

DOI: 10.1016/bs.coac.2018.08.006 

https://doi.org/10.1016/bs.coac.2018.08.006
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5.3 Results and discussion 

• ICP-OES analysis and validation 

The ICP-OES method for the analysis of lentil seed samples was developed and validated 

by following the EURACHEM guidelines.16 Table 5.1 displays the various figures of 

merits of the analytical method, determined as described in the Sub-Chapter 4.3. The 

LOQ values were generally well below the respective native concentrations in lentils, 

whose mean values in the four investigated varieties together with standard errors are also 

reported in Tab. (5.1). Even for Na and B, which represent the most unfavourable cases, 

the native levels in lentils are at least twice and four times the corresponding LOQ values, 

respectively. It follows that the sensitivity of the ICP-OES method was good enough to 

ensure a reliable determination of the 15 detected elements in the lentil samples. Since a 

Certified Reference Material was not available for this legume, a spike recovery analysis 

was conducted to evaluate the accuracy. The following spiking levels, comparable in 

order of magnitude to the native concentrations in lentil samples, were selected: 1.5 µg/g 

(Ba, Cu, Mn, Mo, Na, Ni, Sr), 15 µg/g (Fe Ca, Zn), 4 µg/g (Al), 2 mg/g (K) 10 mg/g (P) 

and 250 µg/g (Mg). Recoveries of the target elements were estimated by analysing six 

procedural replicates of both real and fortified samples. The observed mean recovery 

(R%) of all the minor elements (those present in lentils in the 1-100 µg/g concentration 

range) varied between 87% and 100%, falling inside the accepted ranges for the specific 

concentration levels in the sample.17 Concerning the major elements (those present in the 

lentils in the 1-10 mg/g concentration range), recoveries were acceptable excepting for K 

and Mg that gave R% values (116% and 82%) greater and lower than the upper (103%) 

and lower (95%) accepted limits, respectively. These two elements by contrast can be 

determined with good precision (see below). Therefore, a possible although moderate 

overestimation or underestimation of K and Mg, respectively, should produce a 

systematic shift of the observed concentrations in all the analysed samples compared to 

the actual ones, which is expected to have a low impact on classification/class-modelling 

based on the multi-elemental data. The precision of the ICP-OES method for each element 

 
16 B. Magnusson and U. Örnemark, “Eurachem guide: The fitness for purpose of analytical methods – A 

laboratory guide to method validation and related topics,” Eurachem, (2014): 5-59. Retrivered from: 

https://www.eurachem.org/index.php/publications/guides/mv 

 
17 A. G. González and M. Á. Herrador, “A Practical Guide to Analytical Method Validation, Including 

Measurement Uncertainty and Accuracy Profiles,” TrAC - Trends in Analytical Chemistry 26, no.3 (2007): 

227-238. DOI: 10.1016/j.trac.2007.01.009 

https://www.eurachem.org/index.php/publications/guides/mv
https://doi.org/10.1016/j.trac.2007.01.009
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was quantified by the relative standard deviation (RSD%) determined by the analysis of 

six genuine replicates. The observed RSD% values for most of the elements are relatively 

low (1-4%) and within the acceptable RSD% limits fixed according to the concentration 

levels in the samples. The RSD% values of Al (9%) and Na (8%) are also within the 

RDS% acceptable values obtained from the Horwitz function (<11.3%) but overcome, 

although only slightly, the maximum acceptable RSD% value of 7.3% fixed by AOAC 

Peer Verified Methods (PVM), therefore as a whole even these two elements can be 

determined with adequate precision.  

Precision was, by contrast, definitely poorer for Boron showing an RSD% value of 15% 

higher than both Horwitz and AOAC PVM RSD% limits, which may result from matrix 

effects or spectral interferences.18  

Based on the above evidence, the ICP-OES method coupled to microwave digestion, here 

developed, seems adequate to quantify the 15 detected elements in lentils. 

• Principal component analysis 

The ICP-OES method was applied to 89 lentil samples representing the four investigated 

geographical origins. The lentils from SS (17 samples), CF (28 samples) and CA (20 

samples) were grown in the years 2017 and 2018, while the production years of the CN 

legumes (24 samples) were 2016, 2017 and 2018. As described in the previous section, 

the data matrix included 15 variable columns (Al, Ba, B, Ca, Cu, Fe, K, Mg, Mn, Mo, Ni, 

Na, P, Sr, Zn) quantifying the elemental composition (µg/g) of the samples. Since the 

measured concentrations differ in both magnitude and variability, a preliminary PCA 

exploration of the ICP-OES data was performed on the auto-scaled variables to exalt the 

role of low-variance quantities. Fig. (5.2) shows the score (left) and loading (right) plots 

in the PC1-PC2 (A) and PC3-PC4 (B) planes. Projection of the samples into the PC1-PC2 

plane, explaining about 50.6% of the variance, reveals clustering of the lentil samples 

according to the geographical origin and, limited to some varieties, to the production year. 

The SS samples in particular are well grouped and separated from the others along the 

bisector of the second and the fourth quadrant in the PC1-PC2 plane. Based on the 

 
18 Ewa Kmiecik, B. Tomaszewska, K.Wątor and M. Bodzek, “Selected Problems with Boron Determination 

in Water Treatment Processes. Part I: Comparison of the Reference Methods for ICP-MS and ICP-OES 

Determinations,” Environmental Science and Pollution Research 23, no. 12 (2016): 11658-11667. DOI: 

10.1007/s11356-016-6328-7 

https://doi.org/10.1007/s11356-016-6328-7
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variable loadings, the isolation of the SS samples can be mainly attributed to a higher 

content of Mg, Ca, P, Zn and a lower content of Mo, Ni and Sr compared to the other 

classes. Unexpectedly, the CF samples are distributed into two quite compact subgroups 

well separated along a direction almost parallel to PC1. The rightmost cluster, collecting 

samples of both 2017 and 2018, consists of CF lentils marketed under different brands 

but all processed by the same big packing company that, apart from CF lentils, handles 

also lentils cultivated elsewhere, other legumes, cereals, various kind of seeds, and 

mixtures of various cereals and legumes. Separation of the rightmost CF cluster from the 

leftmost is due to a greater content in Fe, Al, K, Cu, Mg and Zn. Rather than an intentional 

adulteration of genuine CF lentils or a false declaration of origin, the rightmost lentil 

samples may have been unintentionally contaminated by the contact with metallic parts 

of the sifting and packing units (Fe, Al, Cu and Zn) or with residuals of other dried plant-

derived food processed in the same plant (K and Mg). Concerning the CN lentil, the 

samples are visibly separated into three different clusters, each corresponding to a 

different production year. More in detail, the separation between the lentils cultivated in 

the years 2016 and 2017 occurs along PC1, while the variation in the multi-element 

composition between the years 2017 and 2018 is described by PC2. A similar effect of 

the year limited to the 2017-2018 seasons, although only partial, can be observed in the 

CF subgroup located in the first quadrant of PC1-PC2 plane, which is consistent with the 

geographical proximity of the CF and CN territories. The production year affects also the 

mineral composition of CA lentil but, differently from CF group, the separation between 

2017 and 2018 samples is incomplete in the PC1-PC2 plane, while a bimodal distribution 

of CA lentils according to the production year becomes clearly evident in the PC3-PC4 

plane (Fig. (5.2)-B, right). The reciprocal position in the PC1-PC4 space of the CA and 

CN lentils cultivated in the years 2017 and 2018 suggests that the seasonal effects modify 

in a quite different way the multi-elemental composition of these two lentil varieties. 

Inspection of PC1-PC2 score and loading plots (Fig. (5.2)-A) reveals that CA lentils 

cultivated in 2018 are richer in Mo, Ba and Ni, and poorer in Ca as compared to those 

cultivated in 2017, while a more evident decrease of these elements is observed in the CN 

lentils according to the mutual locations of the samples along PC1. In the PC3-PC4 plane, 

the changes in the composition of CN lentils cultivated in 2018 compared to those of 2017 

occur along a direction almost antiparallel to PC3 describing an increase in Mn, Ca, and 

B concentrations. Meanwhile, the variation in the composition of CN lentils between 

2018 and 2017 is described by a direction having positive components on both PC3 and 

PC4, which can be related to a decrease in Ba, Ni, K, Mn, Ca, and B contents and an 
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increase in Sr and Na concentrations. The above evidence concerning the effect of the 

production year suggests that the mineral composition of lentils can be noticeably affected 

by weather conditions. It is not surprising in this respect that the variations in the trace 

element composition within the 2017 and 2018 years between the lentils cultivated in 

Canada and in Central Italy are not interrelated, because of the independence of the 

meteoritical phenomena experienced by lentil crops coming from sites so distant one from 

the other. 

 

 

Fig. (5.2): Projection of the lentil samples (left) and variable loadings (right) into the PC1-PC2 

(A) and PC3-PC4 (B) planes. The lentil samples are identified by different symbols, reported in 

the legend, according to both geographical origin and production year 
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• Discriminant analysis 

LDA was used at first to classify the lentil samples according to their geographical origin. 

The observed effects of the production year and, in the case of CF lentil, of the different 

providers (described in the previous point) were ignored. In other terms, the growing site 

of the lentils was the only criterion adopted in classification and none of the 89 samples 

were excluded from LDA. Nevertheless, a logarithmic transformation was applied to the 

concentrations of the analyzed elements to reduce the intra-class variability and attenuate 

the effect of possible outliers on the classification. The reliability and generalization 

capability of the LDA model and successive supervised statistical approaches were tested 

on a reasonable number of representative external lentil samples. The objects of each 

class were, to this end, partitioned by the duplex Kennard-Stone algorithm 19 into a 

calibration set and a prediction set formed by about 70% and 30% of the available 

samples, respectively. In total, 27 lentil samples (5 SS, 9 CF, 7 CN and 6 CA) were 

assigned to the prediction set, while the remaining 62 objects were used in calibration. In 

LDA a stepwise selection of the variables was applied to avoid inclusion of the redundant 

ones in the classification model and to have an acceptable object to variable ratio. The 

progressive inclusion of significant variables into the model was guided by Wilk’s lambda 

criterion and variable addition was terminated when the rate of correct classifications in 

5-fold cross-validation reached a maximum value. Ten elements (Ba, Ca, Cu, Fe, Mn, 

Mo, Ni, Mg, P, Zn) were finally incorporated into the model, which provided the correct 

assignment of all the lentil samples in cross-validation except for a single CN sample that 

was erroneously attributed to the CF category. Further inclusion of any of the other 

elements (Al, B, K, Na, and Sr) did not improve the predictive performance in cross-

validation. As reported in Tab. (5.2), the final 10-variable LDA model was also able to 

correctly assign all the 62 calibration and 27 external lentil samples to the true classes. 

Fig. (5.3) displays the calibration and external lentil samples projected onto the space of 

the three discriminant functions (DFs), together with the loadings of the 10 significant 

elements. In agreement with preliminary PCA exploration of the ICP-OES data, SS is the 

most different lentil class among the investigated ones in terms of the multi-elemental 

composition according to its clear separation along the DF1 direction. DF2, meanwhile, 

describes the good separation between CA lentils and the two classes CF and CN whose 

samples are instead partially superimposed along this direction; the almost complete 

 
19 R. D. Snee, “Validation of Regression Models: Methods and Examples,” Technometrics 19, no. 4 

(1977): 415–28. DOI: 10.1080/00401706.1977.10489581 

https://doi.org/10.1080/00401706.1977.10489581
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discrimination of the latter two categories occurs instead along DF3. Moreover, the 

external samples of each class are always located near to the respective calibration 

samples, in agreement with the 100% classification rate provided by LDA both in 

calibration and prediction. Inspection of the projection of the variable loadings on the 

discriminant directions suggests that SS lentils differ from the other varieties mainly 

because of a greater content of Zn and to a less extent of Mg, Ba, Ca and Cu,  and a lower 

content of Mo. Zn and Ni, with a positive loading, and P, with a negative loading, are 

responsible for the discrimination of CA lentils and the partial differentiation of CF and 

CN varieties along DF2. Better discrimination of CF and CN lentils is associated with the 

content of Ca, greater in CN compared to CF, and Fe and Mg showing an opposite trend.  

 

Fig. (5.3): Projection of lentil samples onto the space of the discriminant functions DFs. Full 

and open symbols identify the calibration and the external samples, respectively 

 

PLS-DA was alternatively applied to the ICP-OES data after logarithmic transformation 

and successive autoscaling to classify the lentils on geographical basis. Differently from 

LDA, PLS-DA can be applied even in the case of high inter-correlated descriptors and 

low sample to variable ratio, therefore no preliminary variable selection was carried out 

in this case. The chosen number of latent variables, here 13, was the one providing the 

best predictive performance in 5-fold cross-validation and autoscaling was applied to the 

original variables. The results of PLS-DA, displayed in Tab. (5.2), are only slightly worse 

than those provided by stepwise LDA, since one CN calibration sample was assigned to 

the CF class and two CF external samples were attributed to the CN class. It must be 
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remarked again that the observed although sporadic confusions between samples from 

CN and CF reflect the geographical closeness of these two territories. In PLS-DA, the 

relative influence of the descriptors in classification can be quantified by Variable 

Importance in Projection (VIP) indices.20 According to the VIP values, displayed in Fig. 

(5.4), Ba, Ca, Cu, Mn, Mo, Ni, Sr, P and Zn are the most influent elements in the PLS-

DA model, whereas Al, K and B are not relevant in the geographical discrimination of 

lentil samples. 

 

Fig. (5.4): Variable Importance in Projection (VIP) indices in the PLS-DA classification model 

 

In summary, the results of both LDA and PLS-DA classification confirm the great 

potentiality of the multi-elemental pattern provided by atomic spectroscopy to trace the 

geographical origin of lentils; even the CN and CF lentils cultivated in two close 

territories of Umbria region can be well discriminated. It must be remarked that samples 

cultivated in different years were included in the dataset, but despite the cultivation year 

has a non-negligible impact on the lentil composition (as revealed by PCA) the systematic 

differences associated with the origin of the legumes appear to prevail on this factor. 

Similarly, the variability in the composition of CF lentils related to post-harvest 

 
20 S. Wold, E. Johansson and M. Cocchi, “PLS - Partial Least-Squares Projections to Latent Structures.,” 

in 3D QSAR in Drug Design: Methods and Applications, ed. H. Kubinyi, ( Escom Science Publishers, 

1993): 523–550. Retrieved from: https://www.springer.com/gp/book/9789072199140 
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contaminations, which we have supposed to be responsible for the bimodal distribution 

observed in the PC subspace, seems less influent than the variations in composition 

ascribed to the place of cultivation. 

• Class-modelling 

As previously mentioned, discriminant classification methods, although widely used in 

food traceability investigations, are not adequate for authentication purposes in which 

rather than discrimination between predefined categories a decision on whether a given 

sample complies or not with a given specification (geographical origin, in our case) is 

requested. The class-modelling capability was maximized by evaluating the effect of the 

number of significant PCs representing the class spaces, the kind of data scaling and the 

choice of the variables. The finally selected combination of these factors was that 

providing the highest efficiency (geometric mean of sensitivity and specificity) in 5-fold 

cross-validation. Concerning the variable selection, we at first introduced into the 

classification models the elements selected by stepwise LDA but better results were 

obtained with the descriptors most influent in PLS-DA classification, namely those with 

VIP >0.8. Based on this principle, Al, K and B were finally eliminated and the SIMCA 

models were built on the left descriptors after logarithmic transformation followed by 

auto-scaling. The significant PCs representing the classes were one for CA, two for CN 

and SS, and four for CF. The sensitivities and specificities provided by SIMCA class- 

modelling are reported in Tab. (5.2), whereas the class spaces of the four lentil categories 

are graphically displayed in Fig. (5.5) in which the black dashed line delimits the space 

of each SIMCA model. It can be noted that all the training and external samples of each 

class were correctly assigned to the target class while a good specificity, ranging between 

91.8% (CF class) and 100% (SS class) was obtained (Tab. (5.2)). Specificities of CF 

(91.8%) and CA (94.2%), although lower, were still very good. Going into more detail, 

non-quantitative specificity of the CN class arises from contamination by only two CF 

samples whereas all the CA and SS samples were correctly rejected (Tab. (5.2), and Fig. 

(5.5). In a parallel way, five CN samples are erroneously accepted by the CF class that 

however exhibits a 100% specificity for both CA and SS lentils. As far as the CA category 

is concerned, three CF samples and one CN sample are incorrectly accepted, although 

these samples are located just below the class delimiter (Fig. (5.5)). Taken as a whole, the 

SIMCA performance closely reflects the result of preliminary PCA exploration and 

discriminant analysis. The best specificity (100%) observed for the SS lentil is in fact 
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consistent with the good isolation of the samples of this class in the space of both PCs 

and DFs, whereas the occasional confusions between CN and CF lentil samples in 

SIMCA class-modelling can be explained by the fact that these categories almost overlap 

in the multivariate space of descriptors. Therefore, SS lentil is the variety that mostly 

differs from the others in the multi-elemental composition, which is consistent with the 

fact that this landrace has adapted to the typical low-rainfall and continental climate of 

the cultivation site nearby the Gran Sasso mountain chain. On the other hand, the close 

analogy in the multi-elemental patterns of CF and CN lentils can be easily explained by 

both the short distance and the geological similarity of the production sites. Both CN and 

CF areas are in fact essentially calcareous, arising from the draining of ancient lakes due 

to karstic phenomena.21 It must be reminded that the four lentil classes here investigated 

include samples produced in two or three different years. Therefore, the observed 

variability in the mineral composition due to the production year, detected by PCA and 

previously discussed, is expected to expand the SIMCA class spaces compared to the case 

of legumes cultivated in the same year. In addition, some heterogeneity introduced by 

different post-harvest sifting and packing processes may have produced a similar and 

additional effect within the CF group. This is confirmed by the fact that the three CF 

samples and the two CF samples erroneously accepted by CA and CN classes, 

respectively, come from the same provider and packing company which are different 

from all the others belonging to the CF category. Taking into account that both the above 

sources of variability may affect negatively the class-modelling performance, very good 

sensitivity and specificity were obtained by SIMCA anyway. In summary, the multi-

elemental composition provided by ICP-OES turns out to be an efficient and robust tool 

for the authentication of lentil landraces.  

 

 

 

 
21 Carta Geologica d’Italia scale 1:100.000, (1976). Retrieved from: 

http://193.206.192.231/carta_geologica_italia/default.htm  

http://193.206.192.231/carta_geologica_italia/default.htm
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Fig, (5.5): SIMCA models of CA (top left), SS (top right), CF (bottom left) and CN (bottom 

right) lentil classes. The dashed line represents the category acceptance threshold for a given 

class. Full and open symbols identify the calibration and external samples, respectively 
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Tab. (5.3): Rate (%) of correct classifications provided by LDA and PLS-DA; rate (%) of 

correctly accepted genuine samples (sensitivity) and correctly rejected extraneous samples 

(specificity) for each SIMCA class model 

 

5.4 Conclusion 

To our knowledge, this is the first work reporting the geographical classification and 

authentication of lentil landraces by discriminant analysis and class-modelling of multi-

elemental data. For this purpose, we developed and validated a method based on ICP-

OES and microwave-assisted digestion for the determination of the major elements in 

lentil seeds. The potentiality of the multi-elemental pattern in the geographic 

classification and authentication of lentils was severely tested on three Italian landraces 

produced in close territories of Central Apennines, namely Santo Stefano di Sessanio 

(Abruzzo), and Castelluccio di Norcia and Colfiorito (both in Umbria) along with 

imported samples from Canada. Unsupervised statistical treatment of the ICP-OES data 

evidenced that the mineral composition of lentils can be visibly affected by 

meteorological factors. Moreover, in the specific case of lentils produced in the Colfiorito 

Plane some heterogeneity in composition seems to arise from variability in post-harvest 

processing. Nevertheless, the multi-elemental patterns collected by ICP-OES allowed 

achieving good discrimination and authentication of the lentil varieties. Class models with 

 

 calibration   prediction 

 SS CN CF CA  SS CN CF CA 

LDA 100.0 100.0 100.0 100.0  100.0 100.0 100.0 100.0 

PLS-

DA 
100.0 94.1 100.0 100.0  

100.0 100.0 88.9 100.0 

SIMCA 

 
sensitivity  specificity 

calibration prediction  total for SS for CN for CF for CA 

SS 100.0 100.0  100.0 - 100.0 100.0 100.0 

CN 100.0 100.0  96.9 100.0 - 92.8 100.0 

CF 100.0 100.0  91.8 100.0 79.2 - 100.0 

CA 100.0 100.0  94.2 100.0 95.8 89.3 - 
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high efficiency were in particular built for the lentil landraces of Santo Stefano di 

Sessanio (protected by Slow Food Foundation) and Castelluccio di Norcia, certified by 

ICP mark. It is also worth noting that the class model of the ICP lentil of Castelluccio di 

Norcia exhibited an almost quantitative specificity even for lentils cultivated in the nearby 

territory of Colfiorito Plane. Based on this evidence, the multi-elemental composition of 

lentils turns out to be a powerful tool for the geographical traceability of this legume and 

authentication of certified varieties.  
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CHAPTER 6 

Stable isotope ratio analysis combined with ICP-MS for 

 geographical discrimination of saffron  

(Crocus sativus L.) 

 

6.1 Introduction 

Saffron is one of the most ancient and valuable spices in human history and derives from 

the dried stigmas of Crocus sativus L. 1 Since ancient times, Persians used it as an 

aphrodisiac and Egyptians, Indians, Arabs, Greeks and Romans as an ingredient in 

perfumes. 2 Still today, saffron is given as a present to wish a long and happy life in 

Oriental countries. The precious spice was originally cultivated in the areas that nowadays 

include Iran, Turkey and Greece, but now, also Spain, Italy, France, Switzerland, 

Morocco, Egypt, Azerbaijan, Pakistan, India, New Zealand, Australia and Japan are 

producers of saffron. The cultivation, harvest, and manufacturing of this spice are entirely 

manual. Thus, to produce a kilogram of saffron, it is necessary to pick up about 150.000 

flowers, which entails around 500 hours of work. As many benefits are associated with 

saffron consumption, the use of this spice for therapeutic purposes has been longly 

practiced. 3 Because of its high cost, its beneficial effects, and its great demanding 

production, saffron has often been the subject of adulterations. The frauds consist both in 

adding extraneous substances to enhance organoleptic properties of saffron and to declare 

a different geographical origin than the real one, as the saffron quality is closely related 

 
1 J. P. Melnyk and M. F. Marcone, “Aphrodisiacs from Plant and Animal Sources—A Review of Current 

Scientific Literature,” Food Research International 44, no. 4 (2011): 840–850. 

DOI: 10.1016/j.foodres.2011.02.043 

 
2 S. Kiani, S. Minaei and M. Ghasemi-Varnamkhasti, “Instrumental Approaches and Innovative Systems 

for Saffron Quality Assessment,” Journal of Food Engineering 216, (2018): 1–10. DOI: 

10.1016/j.jfoodeng.2017.06.022 

 
3 D. Basker and M. Negbi, “Uses of Saffron,” Economic Botany 37, no. 2 (1983): 228–236. DOI: 

10.1007/BF02858789 ; N. Pitsikas, “The Effect of Crocus Sativus L. and Its Constituents on Memory: 

Basic Studies and Clinical Applications,” Evidence-Based Complementary and Alternative Medicine 2015, 

(2015): 1–7. DOI: 10.1155/2015/926284 ; N. Pitsikas, “Constituents of Saffron (Crocus Sativus L.) as 

Potential Candidates for the Treatment of Anxiety Disorders and Schizophrenia,” Molecules 21, no. 3 

(2016): 303. DOI: 10.3390/molecules21030303 

https://doi.org/10.1016/j.foodres.2011.02.043
https://doi.org/10.1016/j.jfoodeng.2017.06.022
https://doi.org/10.1007/BF02858789
https://doi.org/10.1155/2015/926284
https://doi.org/10.3390/molecules21030303
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to the terroir of production. Most of the investigations concerning the geographical 

traceability of saffron are based on chromatographic methods4 or spectroscopic 

fingerprinting approaches.5 To the best of our knowledge, only few works providing 

multi-elemental data of saffron samples by means of inductively coupled plasma-mass 

spectrometry (ICP-MS) can be found in the literature. Jia et al. 6 analysed 19 elements of 

two samples of saffron coming from two different Chinese regions. D'Archivio et al.  7 

collected ICP-MS data of 62 elements of 27 samples of saffron coming from three 

different Italian areas (Sardinia, Umbria and L'Aquila). Whereas ICP-MS data were 

recently used to authenticate protected designation of origin (PDO) saffron from L'Aquila 

with respect to commercial and Iranian products. 8  

Furthermore, only two works have been carried out for assessing the provenance of 

saffron by using stable isotope ratio analysis. IRMS has proven to be, indeed, a potential 

tool for the geographical origin and authenticity identification of foodstuffs. In detail, 

Maggi et al. carried out the geographical discrimination of 28 samples of saffron coming 

 
4 A. A. D’Archivio, L. Di Pietro, M. A. Maggi and L. Rossi, “Optimization Using Chemometrics of HS-

SPME/GC–MS Profiling of Saffron Aroma and Identification of Geographical Volatile Markers,” 
European Food Research and Technology 244, no. 9 (2018): 1605–1613. DOI: 10.1007/s00217-018-3073-

9 ; B. Senizza, G. Rocchetti, S. Ghisoni, M. Busconi, M. De Los Mozos Pascual, J. A. Fernandez, L. Lucini 

and M. Trevisan,  “Identification of Phenolic Markers for Saffron Authenticity and Origin: An Untargeted 

Metabolomics Approach,” Food Research International 126, (2019): 108584. DOI: 

10.1016/j.foodres.2019.108584 ; C. P. del Campo, T. Garde-Cerdán, A. M. Sánchez, L. Maggi, M. 

Carmona and G. L. Alonso,  “Determination of Free Amino Acids and Ammonium Ion in Saffron (Crocus 

Sativus L.) from Different Geographical Origins,” Food Chemistry 114, no. 4 (2009): 1542–1548. DOI: 

10.1016/j.foodchem.2008.11.034 ; A. A. D’Archivio, A. Giannitto, M. A. Maggi and F. Ruggieri, 

“Geographical Classification of Italian Saffron (Crocus Sativus L.) Based on Chemical Constituents 

Determined by High-Performance Liquid-Chromatography and by Using Linear Discriminant Analysis,” 

Food Chemistry 212, (2016): 110–116 DOI: 10.1016/j.foodchem.2016.05.149 

 
5 A. A. D’Archivio and M. A. Maggi, “Geographical Identification of Saffron (Crocus Sativus L.) by Linear 

Discriminant Analysis Applied to the UV–Visible Spectra of Aqueous Extracts,” Food Chemistry 219, 

(2017): 408–413. DOI: 10.1016/j.foodchem.2016.09.169 ; E. Anastasaki, C. Kanakis, C. Pappas, L. Maggi, 

C. P. del Campo, M. Carmona, G. L. Alonso and M. G. Polissiou, “Differentiation of Saffron from Four 

Countries by Mid-Infrared Spectroscopy and Multivariate Analysis,” European Food Research and 

Technology 230, no. 4 (2010): 571–577. DOI: 10.1007/s00217-009-1197-7 ; L. R. Cagliani, N. Culeddu, 

M. Chessa and R. Consonni, “NMR Investigations for a Quality Assessment of Italian PDO Saffron (Crocus 

Sativus L.),” Food Control 50, (2015): 342–348. DOI: 10.1016/j.foodcont.2014.09.017 

 
6 L. H. Jia, Y. Liu and Y. Z. Li, “Determination of the Major Metal Elements Including Heavy Metals in 

Saffron from Tibet and Henan by ICPAES or ICPMS,” Journal of Chinese Pharmaceutical Sciences 20, 
no. 3 (2011): 297–301 DOI: 10.5246/jcps.2011.03.037 

 
7 A. A. D’Archivio, A. Giannitto, A. Incani and S. Nisi, “Analysis of the Mineral Composition of Italian 

Saffron by ICP-MS and Classification of Geographical Origin,” Food Chemistry 157, (2014): 485–489. 

DOI: 10.1016/j.foodchem.2014.02.068 

 
8 A. A. D’Archivio, M. L. Di Vacri, M. Ferrante, M. A. Maggi, S. Nisi and F. Ruggieri, “Geographical 

Discrimination of Saffron (Crocus Sativus L.) Using ICP-MS Elemental Data and Class Modeling of PDO 

Zafferano Dell’Aquila Produced in Abruzzo (Italy),” Food Analytical Methods 12, no. 11 (2019): 2572–

2581. DOI: 10.1007/s12161-019-01610-8 

https://doi.org/10.1007/s00217-018-3073-9
https://doi.org/10.1007/s00217-018-3073-9
https://doi.org/10.1016/j.foodres.2019.108584
https://doi.org/10.1016/j.foodchem.2008.11.034
https://doi.org/10.1016/j.foodchem.2016.05.149
https://doi.org/10.1016/j.foodchem.2016.09.169
https://doi.org/10.1007/s00217-009-1197-7
https://doi.org/10.1016/j.foodcont.2014.09.017
https://doi.org/10.5246/jcps.2011.03.037
https://doi.org/10.1016/j.foodchem.2014.02.068
https://doi.org/10.1007/s12161-019-01610-8
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from Greece, Iran, Italy and Spain by using hydrogen, carbon and nitrogen stable 

isotopes.9 They provided isotopic values of defatted saffron samples along with chemical 

composition characteristics of the spice (colour, taste and aroma) to check whether it 

would be possible to relate saffron properties to its origin using multivariate statistical 

analysis. Wakefield et al. 10 managed to discriminate between samples of saffron coming 

from the Chilohorasan province of Iran and the La Mancha province of Spain by using 

carbon, nitrogen and hydrogen isotopic ratios of the bulk samples in addition to 42 

elements.  

The present work aims to characterize 76 samples of saffron coming from different Italian 

regions, Morocco and Iran, and commercial products acquired from the Italian market 

through EA-IRMS and ICP-MS analysis. Five stable isotopes (δ13C, δ15N, δ34S, δ2H, and 

δ18O) and 42 elements were considered. To the best of our knowledge, except for the 

work of Wakefield et al., this is the first investigation combining multi-elemental and 

isotopic ratio patterns for tracing saffron. The isotopic and the elemental composition was 

used to attempt geographical discrimination of the saffron samples through multivariate 

classification approaches. Moreover, the potentiality of the combined elemental and 

isotopic data in saffron authentication was tested for the first time by the application of 

class modelling. 

 

6.2 Materials and methods 

• Saffron samples and chemicals 

A set of 76 samples of saffron produced in different years was analysed. The set was 

made up of 46 Italian samples (harvested in 2016 and 2017), 10 Iranian (harvested in 

2016, 2017 and 2018), 12 Moroccan (harvested in 2016, 2018 and 2019) and nine 

commercial ones. The Iranian samples were produced in the Khorasan region, whereas 

Moroccan ones were produced in Taliouine, in the Taroudant region. Most of the Italian 

 
9 L. Maggi, M. Carmona, S. D. Kelly, N. Marigheto and G. L. Alonso, “Geographical Origin Differentiation 

of Saffron Spice (Crocus Sativus L. Stigmas) - Preliminary Investigation Using Chemical and Multi-

Element (H, C, N) Stable Isotope Analysis,” Food Chemistry 128, no. 2 (2011): 543–548.  

DOI: 10.1016/j.foodchem.2011.03.063 

 
10 J. Wakefield, K. Mc Comb, E. Ehtesham, R. Van Hale, D. Barr, J. Hoogewerff and R. Frew, “Chemical 

Profiling of Saffron for Authentication of Origin,” Food Control 106, (2019): 106699.  

DOI: 10.1016/j.foodcont.2019.06.025 

https://doi.org/10.1016/j.foodchem.2011.03.063
https://doi.org/10.1016/j.foodcont.2019.06.025
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saffron samples came from L'Aquila (16) and Spoleto (21), both in central Italy, whereas 

isolate samples are representative of other cultivation sites of northern (Alessandria and 

Padova), central (Firenze, Pescina and Isernia) and southern part of Italy (Siracusa, 

Messina, Lucania and Sardinia). The Italian, the Iranian and the Moroccan saffron 

samples, in stigma form, were directly acquired from producers or consortia that assured 

their genuineness and geographical origin, whereas the commercial samples, in powder 

form, were purchased in the Italian market. Trace analysis grade mono and multielement 

standard solutions for ICP-MS analysis were provided by Perkin-Elmer (Waltham, 

Massachusetts, U.S.), Sigma-Aldrich (St. Louis, Missouri, U.S.), and Agilent (Santa 

Clara, California, U.S.). All the standard solutions were prepared in 8% ultrapure HNO3 

obtained by subboiling distillation of super-pure grade HNO3 in a subPUR (Milestone, 

BG Italy) apparatus. Deionized water (18.2 MΩ cm at 25° C) was obtained by a Milli-Q 

(Millipore Corporation, Billerica, MA, USA) system. 

• Instrumentation and sample analysis 

Stable isotope analyses were performed by Dr. Matteo Perini and co-workers 

(Technology Transfer Centre, Fondazione Edmund Mach, San Michele All'adige, TN, 

Italy)- ICP-MS multi-elemental analyses were carried out by Stefano Nisi and co-workers 

(Laboratorio Nazionale del Gran Sasso, Istituto Nazionale di Fisica Nucleare, L'Aquila, 

Italy) 

For the stable isotope analysis, the stigmas of saffron were ground in order to obtain a 

powder and directly analysed through the EA- IRMS. The 13C/12C, 15N/14N and 34S/32S were 

measured using an isotope mass spectrometer (IsoPrime, Isoprime Limited, Germany) 

after total combustion in an EA (VARIO CUBE, Isoprime Limited, Germany). The 2H/1H 

and 18O/16O ratios were measured using an IR-MS (Finnigan DELTA XP, Thermo 

Scientific) coupled with a pyrolyser (Finningan DELTA TC/EA, high-temperature 

conversion EA, Thermo Scientific). To analyse the samples, the amount introduced in the 

mentioned instruments was, respectively, 1.5 and 0.2 mg. The isotopic values were 

calculated against working in-house standards, which were themselves calibrated against 

international reference materials: fuel oil NBS-22 with δ13C = −30.03‰, sucrose IAEA-

CH-6 with δ13C = −10.45‰ (IAEA-International Atomic Energy Agency, Vienna, 

Austria) and L-glutamic acid USGS 40 with δ13C = −26.39‰ and δ15N = −4.52‰ (U.S. 

Geological Survey, Reston, VA, USA) for 13C/12C and 15N/14N and potassium nitrate 

IAEA-NO3 (δ15N = +4.7‰) from IAEA for 15N/14N. Keratins CBS (Caribou Hoof 
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Standard δ2H= −157 ± 2‰ and δ18O = +3.8 ± 0.1‰) and Kudu  Horn  Standard  (KHS,  

δ2H  =  −35  ±  1‰  and  δ18O = +20.3 ± 0.2‰) from U.S. Geological Survey, were used 

to obtain 18O/16O and 2H/1H values. Barium sulphates IAEA-SO-5 (δ34S = +0.5‰) and 

NBS 127 (δ34S = +20.3‰) from IAEA were used to obtain 34S/32S values.  

For ICP-MS analysis, 20 mg of saffron, previously dried in the oven at 103°C for 24 h, 

were mineralized at 148°C in a closed polytetrafluoroethylene (PTFE) vial using 500 μL 

of HNO3. The concentrated acid was then evaporated to near dryness, and the mineralized 

sample was dissolved with 4 ml of water. All vessels were conditioned with 5% HNO3 

and rinsed with water before use. Multielement composition of the saffron samples was 

determined by means of triplicate ICP-MS analyses carried out in semiquantitative mode 

with an Agilent 7500a ICP-MS. A 10 μg/L solution of Li, Y, Ce and Tl was used to set 

up the instrumental parameters and for daily sensitivity optimisation. 140Ce16O+/140Ce+ 

and 140Ce2+/140Ce+ ratios were monitored to keep the levels of oxides and double-charged 

ions in the plasma below 1% and 2%, respectively. Blank subtraction was applied to 

correct the solvent and argon-based interferences. A calibration solution containing Ag, 

Al, Ce, Dy, Li, Mn, Tl and Zn at a concentration of 10 μg/L was analysed daily to update 

the element sensitivity factors. Ge and Re were used as internal standards. A multielement 

standard solution (Fe, Ca, Na and Mg at 1 mg/L, Sr at 100 μg/L and Ag, Al, As, Ba, Be, 

Cd, Co, Cr, Cu, Mn, Mo, Ni, Pb, Sb, Tl, V, Zn and U at10 μg/L) was analysed after and 

before each saffron analysis session to check inaccuracy, which resulted to be always 

below 10%. Blank measurements were performed before and after each analysis by 

treating the PTFE vial like the saffron samples. 

• Univariate statistical analysis and chemometrics 

The data were statistically evaluated using Statistica For Windows v 13.1 (StatSoft Inc., 

Tulsa, OK, USA). Statistically significant differences were found using a Kruskal-Wallis 

test, which is a non-parametric alternative to the one-way ANOVA test. Differences were 

considered statistically significant for p < 0.05. 

Preliminary exploration of the experimental data was performed by PCA whereas PLS-

DA was applied to attempt a classification of the saffron samples according to the 

geographical origin. The model has been built based on a calibration dataset in which all 

the classes in the problem are well represented; eventually, the calibration and external 

data samples were classified according to the highest Y predicted value. SIMCA 

http://www.sthda.com/english/wiki/one-way-anova-test-in-r
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algorithm was applied as a class-modelling approach to authenticate Italian saffron 

samples. The acceptance or rejection criteria for each sample was based on the F-test on 

the ratio between the squared distance of the tested object from the PC model and residual 

standard deviation (rsd)2, where rsd (class rsd) is the mean distance of the objects used to 

generate the model. A leave-one-out cross-validation scheme was adopted to select the 

number of PCs representing the classes in SIMCA and the kind of data scaling. 

Multivariate statistical analyses were run in Matlab (The Mathworks, Natick, MA; 

version 2015b), using in-house routines. 

 

6.3 Results and discussion 

•  Isotopic composition 

The isotopic mean values for all the samples of saffron, together with the box plots 

displaying the differences in the δ2H, δ18O, δ13C, δ15N and δ34S among the groups, are 

reported in Fig. (6.1). Kruskal-Wallis test was performed to verify whether it was possible 

the discrimination among the four groups: Italian (IT); Moroccan (MO); Iranian (IR); 

commercial (CS); whether it was possible the discrimination among the Italian groups: 

Saffron from L'Aquila harvested in 2016 (AQ2016); Saffron from L'Aquila harvested in 

2017 (AQ2017); samples from Spoleto harvested in 2016 (SP2016); samples from 

Spoleto harvested in 2017 (SP2017); Other Italian samples (OI). 
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Fig. (6.1): Box plot of (A) δ2H, (B) δ18O for the sample groups: Italian (IT), Iranian (IR), 

Moroccan (MO) and commercial saffron (CS). (C) δ18O for the Italian groups: AQ2016, 

AQ2017, SP2016, SP2017 and OI. (D) δ13C, (E) δ15N and (F) δ34S for the groups IT, IR, MO 

and CS 

 

δ 2H, δ 18O AND δ 12C 

As shown in Fig. (6.1)-(A-B) a strict correlation between the geographical origin of 

saffron and δ2H and δ18O parameters can be found, with good discrimination between 

Italian and Iranian samples (denoted by a and b) and only partial discrimination between 

Italian and Moroccan ones (ab). The relatively low δ2H and δ18O values of the Italian 

samples could reflect the higher latitude of the Italian sampling points (41° 54' 39'' North, 

12° 28' 54'' East) compared to the Iranian (Khorasan region: 36°19'16'' North, 59°31'58'' 

East) and Moroccan (Taliouine: 34°48'36'' North, 4°0'0'' West) ones (Fig. (6.1)-(A-B)). 

Indeed, it is well known that δ2H and δ18O in water are strictly related parameters, which 

depend on variables such as latitude, altitude, closeness to the sea. 11 For plants, the 

correlation is still valid but not that strict, in this case, the only source of hydrogen is the 

water absorbed through the roots, whereas oxygen also derives from the absorbed O2 and 

 
11 L. Araguas Araguas, P. Danesi, K. Froehlich and K. Rozanski, “Global Monitoring of the Isotopic 

Composition of Precipitation,” Journal of Radioanalytical and Nuclear Chemistry 205, no. 2 (1996): 189–

200. DOI: 10.1007/bf02039404 ; G. J. Bowen, T. E. Cerling and J. R. Ehleringer, “Stable Isotopes and 

Human Water Resources: Signals of Change,” in Terrestrial Ecology 1, (Elsevier, 2007), 283–300. DOI: 

10.1016/S1936-7961(07)01018-4 

https://doi.org/10.1007/bf02039404
https://doi.org/10.1016/S1936-7961(07)01018-4
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CO2 through the stomata. 12 This could explain the lack of correlation between δ2H and 

δ18O for the Moroccan samples (Fig. (6.1)-(A-B)). Indeed, while in Italy the saffron crops 

are normally not irrigated,13 in Iran and Morocco the farmers irrigate during flowering (in 

October) and during the reproductive period (in March and April) only one or two times 

per month.14 The correlation between the δ2H and δ18O values as well as the isotopic 

signature of rainfall, which remains the primary source of water origin, was therefore 

evaluated. In the absence of direct measurement of the δ2H and δ18O of rainwater, water 

isotope data from the WaterIsotope database administered by Gabriel Bowen were used. 

The data available in the database http:// wateriso.utah.edu are the monthly weighted 

average precipitation values for sites all over the world. As for the δ2H, the correlation 

between the values of saffron and the ones of the precipitations are really well correlated 

(R = 0.94), as this parameter is only related to the water provided to the plant. On the 

other hand, for δ18O, the correlation is not that good (R = 0.68); this further confirms that 

oxygen has other sources of variability apart from water. 

As for Italian AQ and SP samples, for which we have two different years of harvest (2016 

and 2017), it is possible to notice the influence of the year on the oxygen and hydrogen 

isotopic ratios (Fig. (6.1)-(C)). Kruskal-Wallis test showed that the oxygen isotopic ratio 

permits to discriminate between L'Aquila and Spoleto samples harvested in 2016 and 

2017 (Fig. (6.1)-(C)). Samples of saffron harvested both in AQ and SP have lower values 

for 2016 compared with 2017. Moreover, in 2017, the total precipitations have been four 

times less abundant than in 2016 (−216.3 mm in 2017 compared with −45.8 mm in 2016, 

with reference to the mean value of the period 2007–2016).15 In particular, the maximum 

decrease of precipitations was registered during October 2017, just before the harvest 

period, which took place in November. A decrease in the amount of precipitation is 

associated with an increase in the hydrogen and oxygen isotopic ratios. 

 
12 M. M. Barbour, “Stable Oxygen Isotope Composition of Plant Tissue: A Review,” Functional Plant 

Biology 34, no. 2 (2007): 83-94. DOI: 10.1071/FP06228  
 
13  F. Tammaro, “Saffron (Crocus sativus L.) in Italy,” In Saffron. Ed. F. Tammaro, (CRC Press, 1999): 61-

68. Retrieved from: https://www.taylorfrancis.com/chapters/saffron-crocus-sativus-italy-fernando-

tammaro/e/10.1201/9780203303665-11 

 
14 L. Aziz and W.Sadok, “Strategies Used by the Saffron Producers of Taliouine (Morocco) to Adapt to 

Climate Change,” Revue de Géographie Alpine 103, no. 2 (2015): 1–11. DOI: 10.4000/rga.2902 

  
15 ISTAT database, “Temperatura e precipitazione nelle città capoluogo di provincia” (2020),  Retrived from: 

https://www.istat.it/it/archivio/236930 

http://wateriso.utah.edu/
http://wateriso.utah.edu/
https://doi.org/10.1071/FP06228
https://www.taylorfrancis.com/chapters/saffron-crocus-sativus-italy-fernando-tammaro/e/10.1201/9780203303665-11
https://www.taylorfrancis.com/chapters/saffron-crocus-sativus-italy-fernando-tammaro/e/10.1201/9780203303665-11
https://doi.org/10.4000/rga.2902
https://www.istat.it/it/archivio/236930
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The δ13C mean value for the Italian samples is −27.8 ± 1.1‰ (among them, SP -δ13C 

mean value is −28.0 ± 1.0‰, whereas AQ one is −27.0 ± 0.8‰), a typical value for a C3 

plant-like saffron.16 The δ13C mean values of the Moroccan and Iranian samples, as well 

as the commercial ones, are significantly higher. The less negative values of the samples 

of saffron are compatible with the more arid conditions of Iran and Morocco, with respect 

to Italy, only partially muted by the irrigation practice adopted in these countries. Plants 

generally show higher δ13C values when high temperatures, low air humidity, and a high 

ground-water deficit lead to narrower stomatal apertures in the leaves of the plants.17 The 

same behaviour has already been noticed in a previous study on goji berries.18 Indeed, 

both δ2H and δ18O and δ13C, in plants, depend on the influencing factors in the same way. 

Kruskal-Wallis test showed that carbon isotopic ratio permits to discriminate between 

Italian saffron and the rest of the dataset (Fig. (6.1)-(D)). 

δ 15N AND δ 34S 

δ15N in cultivated plants is affected mainly by the fertilization process used. Synthetic 

fertilizers, produced from atmospheric nitrogen via the Haber process, have δ15N values 

ranging between −4 and +4‰. On the other hand, organic fertilizers are characterized by 

values ranging between +0.6 and +36.7‰. 19 In Iran, the use of synthetic fertilizers is now 

applied systematically during all the production steps of saffron, and this is confirmed by 

the narrow range of variability of δ15N, whose value is around +2‰.On the other hand, 

in Italy the use of synthetic fertilizers is alternated or replaced with organic ones. This 

entails a wide range of δ15N isotopic variability related to the different inputs made by the 

different types of fertilizer. On the other hand, for Moroccan samples, the nitrogen 

isotopic ratio reflects the use of wholly organic fertilizers. Indeed, Moroccan farmers have 

found that manure is enough for the crops, and there is, therefore, no need to use chemical 

 
16 F. Camin, M. Perini, G. Colombari, L. Bontempo and G. Versini, “Influence of Dietary Composition on 

the Carbon, Nitrogen, Oxygen and Hydrogen Stable Isotope Ratios of Milk,” Rapid Communications in 

Mass Spectrometry 22, no. 11 (2008): 1690–1696. DOI: 10.1002/rcm.3506 

 
17 M. M. Barbour and G. D. Farquhar, “Relative Humidity‐ and ABA‐induced Variation in Carbon and 

Oxygen Isotope Ratios of Cotton Leaves,” Plant, Cell & Environment 23, no. 5 (2000): 473–485. DOI: 

10.1046/j.1365-3040.2000.00575.x 
 
18 D. Bertoldi, L. Cossignani, F. Blasi, M.Perini, A. Barbero, S. Pianezze and D. Montesano, 

“Characterisation and Geographical Traceability of Italian Goji Berries,” Food Chemistry 275 (2019): 585–

593. DOI: 10.1016/j.foodchem.2018.09.098 

 
19 M. Kafi, A.N. Kamili, A.M. Husaini, M. Ozturk and V. Altay, “An Expensive Spice Saffron (Crocus 

sativus L.): A Case Study from Kashmir, Iran, and Turkey,” In Global Perspectives on Underutilized Crops, 

eds M. Ozturk, K. Hakeem, M. Ashraf, M. Ahmad (Springer, 2018): 109-149. DOI: 10.1007/978-3-319-

77776-4_4 

https://doi.org/10.1002/rcm.3506
https://doi.org/10.1046/j.1365-3040.2000.00575.x
https://doi.org/10.1016/j.foodchem.2018.09.098
https://doi.org/10.1007/978-3-319-77776-4_4
https://doi.org/10.1007/978-3-319-77776-4_4
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fertilizers. Kruskal-Wallis test showed that nitrogen isotopic ratio permits to discriminate 

between Moroccan saffron and the rest of the dataset, which may indicate a different class 

of fertilizer used during the cultivation process (Fig. (6.1)-(E)). 

The δ34S is influenced by different factors, such as the abundance of sulphides in soil, the 

plant aerobic and anaerobic growth, the local bedrocks, the active microbial process in 

the soil, the fertilization procedures, and the active deposition.20 Kruskal-Wallis test 

showed that sulphur isotopic ratio permits to discriminate between Italian saffron and the 

rest of the dataset (Fig. (6.1)-(F)). Due to the huge variety of the influence factors, it is 

hard to carry out considerations about the δ34S values. 

COMMERCIAL SAMPLES 

The isotopic composition δ2H, δ18O, δ13C, δ15N and δ34S of the commercial samples, 

whose geographical origin is unknown, seems to indicate a high correspondence with that 

of Iranian samples. The Kruskal-Wallis test did not show significant differences, both for 

δ2H and δ18O, between Iranian and commercial samples. Nevertheless, the latter showed 

tendentially higher δ2H values, probably due to different years of harvest. The low δ15N 

seems to exclude the possible Moroccan origin of the commercial samples, whereas the 

δ13C and δ34S fall perfectly into the range of variability of an Iranian sample. This is not 

a surprise; as is well known that about 90% of world production of saffron is carried out 

in Iran, due to the lower cost of the raw material and the industrial scale of this crop.21 

• ICP-MS analysis 

Multi-elemental analysis by ICP-MS allowed determining 65 elements in saffron. 

Nevertheless, the elements presenting concentrations just above the corresponding LOD 

in a non-negligible number of samples, as well as those undetected in at least one saffron 

sample, were not considered in successive data elaboration. The only exception was Ni, 

which was systematically undetectable in all the 12 saffron samples coming from 

Morocco. The observed Ni concentrations in the remaining samples, ranging between 0.3 

 
20 H. R. Krouse and B. Mayer, “Sulphur and Oxygen Isotopes in Sulphate,” in Environmental Tracers in 

Subsurface Hydrology, eds A. L. Herczeg and P. G. Cook (Springer US, 2000), 195–231. DOI: 

10.1007/978-1-4615-4557-6_7 

 
21 M. Ghorbani, “The efficiency of saffron's marketing channel in Iran,” World Appl Sci J 4. no. 4 

(2008):523-527. Retrieved from: 

https://www.researchgate.net/publication/237327311_The_Efficiency_of_Saffron's_Marketing_Channel_

in_Iran 

https://www.google.com/search?sxsrf=ALeKk022kDb9IdtrXOUf6QoAbQcD8GhQ0w:1609170695520&q=environmental+tracers+in+subsurface+hydrology+andrew+l.+herczeg&stick=H4sIAAAAAAAAAB3HMQ7CMAwAQDFUYkAMvMCCjYEAA0MXnlKliZsEUltyXEJ5Dq_geSBuu-V6szLBnM79ONycu2z_i7F7HpXyfhdraxznjE4Tk6mSVJG6ynIvLfqkLO_mivRIwjQiqc2gYh1KgURQpr5MMvwOcfbCmcMMlrxghXyAiOJeGD7N4gtWjpb1iAAAAA&sa=X&ved=2ahUKEwj-x8H9g_HtAhWO26QKHX4eBc4QmxMoATARegQIExAD
https://www.google.com/search?sxsrf=ALeKk022kDb9IdtrXOUf6QoAbQcD8GhQ0w:1609170695520&q=environmental+tracers+in+subsurface+hydrology+peter+g.+cook&stick=H4sIAAAAAAAAAB3HMQ7CMAwAQDFUYkAMvMCCjYGoIJAoj0Gt66Zpkxg5LqHf4RU8D8Rtt1xvVsaa8tiEbkC8bP8rT68hXPN5v-tzZZC9J1TH0WRxqhTvmWVMFbVOWd7FjeLTCcdAUWsPKjWSJHAR0tSkSbrfoZ9bYc92hgcpCdgDIPP4KRZf9TZFp4QAAAA&sa=X&ved=2ahUKEwj-x8H9g_HtAhWO26QKHX4eBc4QmxMoAjARegQIExAE
https://doi.org/10.1007/978-1-4615-4557-6_7
https://www.researchgate.net/publication/237327311_The_Efficiency_of_Saffron's_Marketing_Channel_in_Iran
https://www.researchgate.net/publication/237327311_The_Efficiency_of_Saffron's_Marketing_Channel_in_Iran
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and 12 μg/g, were instead largely above the LOD (0.05 ng/g). Thus, Ni seems to be an 

excellent geographical marker for the identification of Moroccan saffron. To retain this 

important piece of information in further statistical analysis, the Ni concentration of 

Moroccan samples was identified with its LOD value. Finally, 42 elements were 

considered to characterise the saffron composition. The mean concentrations of the 

selected elements along with the standards deviations in the saffron samples, grouped 

according to the geographical origin, are collected in Tab. (6.1). 
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Tab. (6.1): List of the monitored elements, limits of detection (LOD) and observed mean 

contents with related standard errors (SE) in saffron samples from L'Aquila (AQ), Spoleto (SP), 

other Italian areas (OI), Morocco (MO) and Iran (IR) and commercial saffron (CS); n is the 

number of the investigated samples for each group 

Mean content (ng/g) ± SE 

Element 
LOD 

(ng/g) 
AQ (n = 15) SP (n = 21) OI (n = 9) CS (n = 9) MO (n = 12) IR (n = 10) 

Li 0.3 38 ± 7 68 ± 12 27 ± 6 394 ± 34 188 ± 45 114 ± 60 

Be 0.1 1.9 ± 0.4 2.7 ± 0.5 0.9 ± 0.2 10 ± 1 7.5 ± 1.6 2.8 ± 1.3 

B 8.5 17 ± 1
a
 14.8 ± 0.6

a
 13.1 ± 1.5

a
 21.9 ± 0.7

a
 15.9 ± 0.9

a
 17.1 ± 0.7

a
 

Na 39 38 ± 9
a
 34 ± 3

a
 25 ± 2

a
 343 ± 168

a
 87 ± 19

a
 76 ± 10

a
 

Mg 30 1.27 ± 0.06
b
 1.19 ± 0.03

b
 1.13 ± 0.07

b
 1.44 ± 0.04

b
 1.76 ± 0.08

b
 1.9 ± 0.2

b
 

Al 2.3 27 ± 6
a
 44 ± 8

a
 16 ± 2

a
 215 ± 18

a
 249 ± 47

a
 147 ± 79

a
 

K 1.1
a
 8.7 ± 0.4

b
 8.6 ± 0.3

b
 8.2 ± 0.5

b
 9.2 ± 0.5

b
 11.3 ± 0.2

b
 12.2 ± 0.5

b
 

Ca 0.05 311 ± 29
a
 300 ± 35

a
 218 ± 10

a
 565 ± 36

a
 568 ± 121

a
 482 ± 110

a
 

Sc 0.6 22 ± 2 20 ± 2 19 ± 3 44 ± 3 63 ± 8 75 ± 21 

Ti 1.0 1.59 ± 0.15
a
 1.52 ± 0.08

a
 1.34 ± 0.14

a
 4.2 ± 0.5

a
 4.7 ± 0.9

a
 4.0 ± 0.9

a
 

V 0.16 48 ± 11 77 ± 13 30 ± 5 483 ± 49 332 ± 66 334 ± 222 

Cr 0.45 700 ± 90 1.31 ± 0.12
a
 1.8 ± 0.4

a
 3.1 ± 1.1

a
 574 ± 112 1.1 ± 0.6

a
 

Mn 11 13.1 ± 0.4
a
 13.0 ± 0.4

a
 13.2 ± 0.6

a
 21.0 ± 0.7

a
 18 ± 1

a
 23 ± 3

a
 

Fe 11 53 ± 7
a
 75 ± 10

a
 54 ± 4

a
 193 ± 16

a
 160 ± 27

a
 157 ± 76

a
 

Co 2.5 54 ± 12 66 ± 6 47 ± 5 202 ± 20 120 ± 15 171 ± 75 

Ni 0.06 827 ± 142 1.19 ± 0.09
a
 1.26 ± 0.15

a
 3.1 ± 0.7

a
 <LOD 2.8 ± 0.9

a
 

Cu 6.5 8.8 ± 0.9
a
 8.2 ± 0.4

a
 6.7 ± 0.3

a
 10.0 ± 1.7

a
 6.2 ± 0.3

a
 6.0 ± 0.2

a
 

Zn 2.9 16 ± 1
a
 22.7 ± 0.5

a
 21.7 ± 0.3

a
 22 ± 2

a
 18.2 ± 0.7

a
 20.5 ± 0.6

a
 

Ga 0.27 45 ± 5 51 ± 5 41 ± 12 159 ± 13 210 ± 38 115 ± 28 

As 1.9 11 ± 2 13 ± 2 12 ± 3 95 ± 10 51 ± 9 63 ± 17 

Rb 0.16 11.3 ± 1.7
a
 3.9 ± 0.5

a
 6.5 ± 1.7

a
 5.1 ± 1.5

a
 4.2 ± 0.5

a
 2.6 ± 0.2

a
 

Sr 0.09 1.0 ± 0.3
a
 1.9 ± 0.3

a
 7± 6

a
 15 ± 2

a
 1.5 ± 0.2

a
 5.7 ± 1.1

a
 

Y 0.7 15 ± 4 34 ± 7 8.5 ± 1.3 115 ± 11 74 ± 15 49 ± 29 

Zr 0.16 21 ± 2 16 ± 2 22 ± 9 47 ± 9 87 ± 28 64 ± 34 

Nb 0.15 3.1 ± 0.5 2.8 ± 0.4 2.2 ± 0.3 8.8 ± 1.6 11 ± 3 5 ± 3 

Mo 0.38 634 ± 65 639 ± 108 937 ± 165 337 ± 58 411 ± 59 200 ± 10 

Ag 0.07 28 ± 16 11 ± 2 11 ± 4 17 ± 2 35 ± 15 12 ± 5 

Cd 0.02 75 ± 13 181 ± 111 59 ± 8 31 ± 4 15 ± 3 19 ± 3 

Cs 0.09 13 ± 2 8 ± 1 8 ± 2 40 ± 5 19 ± 3 12 ± 4 

Ba 0.23 1.17 ± 0.15
a
 1.37 ± 0.16

a
 1.5 ± 0.5

a
 3.0 ± 0.4

a
 2.7 ± 0.5

a
 1.7 ± 0.3

a
 

La 0.1 30 ± 7 36 ± 7 35 ± 14 130 ± 17 159 ± 37 61 ± 28 

Ce 0.7 64 ± 12 92 ± 17 65 ± 20 272 ± 37 316 ± 65 129 ± 58 

Pr 0.02 4.8 ± 1.2 8.2 ± 1.7 3.8 ± 0.8 32 ± 4 35 ± 8 14 ± 7 

Nd 0.7 59 ± 12 69 ± 7 42 ± 4 222 ± 30 140 ± 34 56 ± 26 

Sm 0.13 5 ± 1 7.8 ± 1.5 3.2 ± 0.7 28 ± 3 28 ± 7 13 ± 6 

Eu 0.12 31 ± 12 725 ± 277 531 ± 332 63 ± 12 7.6 ± 1.3 9.8 ± 1.5 

Dy 0.7 2.2 ± 0.5 4.2 ± 0.9 1.3 ± 0.3 17 ± 2 15 ± 3 8 ± 4 

Ho 0.03 0.4 ± 0.1 0.75 ± 0.15 0.25 ± 0.05 3.3 ± 0.4 2.9 ± 0.6 1.6 ± 0.9 

Er 0.02 7 ± 4 3.1 ± 0.5 1.8 ± 25 16 ± 5 8.1 ± 1.6 8 ± 4 

Hf 0.05 0.44 ± 0.12 0.84 ± 0.09 3.3 ± 0.5 5 ± 2 3.3 ± 0.4 4.3 ± 1.2 

Re 0.04 41 ± 18 33 ± 11 3.3 ± 0.1 123 ± 45 9 ± 6 4.2 ± 1.7 

Pb 1.7 420 ± 90 210 ± 40 200 ± 30 859 ± 198 342 ± 117 109 ± 25 

a
μg/g. 

b
mg/g. 
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• Multivariate statistical analysis 

The ICP-MS and isotopic ratio data matrices were separately handled by PCA for 

exploratory purposes. A logarithmic transformation was applied to the concentrations 

(ng/g) of the elements detected by ICP- MS, being very different in magnitude, in order 

to make them comparable and to restrict the effect of the possible outliers. Moreover, 

PCA was conducted, in both the data matrices, on the autoscaled variables to exalt the 

role of low-variance quantities. Fig. (6.2) displays the saffron samples projected onto the 

subspace of the first three PCs extracted from the ICP-MS multi-elemental data, whereas 

Fig. (6.3) shows the variable loadings. 

 

Fig. (6.2): saffron samples projected onto the subspace of the first three principal components 

(PCs) extracted from the inductively coupled plasma-mass spectrometry (ICP-MS) multi-

elemental data 

 

A good separation can be observed in the PC1 and PC2 planes for the Italian saffron 

samples, for the spices cultivated in Morocco (MO) and Iran (IR) along with the 

commercial ones (CS). Even if IR and MO samples are discriminated, the CS samples 

are partially superimposed to the MO ones. Better separation between CS and MO 

samples occurs along PC3 that seems also to describe the discrimination, although 

incomplete, between Italian saffron samples produced in L'Aquila (AQ) and those of 

Spoleto (SP). As expected, the other Italian saffron samples coming from various regions 

are superimposed to both AQ and SP samples. The trend of loadings (Fig. (6.3)) suggests 

that almost all the elements contribute positively to PC1.  
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Fig. (6.3): variable loadings of principal components (PCs) extracted from the inductively 

coupled plasma-mass spectrometry (ICP-MS) data 

 

The apparent increase in the overall mineral content described by PC1, apart from the 

differences among specific groups of samples (for instance CS and MO with respect to 

the Italian saffron), seems also to take into account the internal variability of the samples 

cultivated in a same geographical area. This is quite evident for the MO and IR saffron 

which give rise to asymmetric clusters elongated in the PC1 direction. Fewer elements 

are instead the significant variables in defining PC2 and PC3, which are the components 

carrying more specific information on the saffron geographical origin. Cr, Cd and Re, 

with positive loadings, and K, with a negative loading, are the most relevant variables in 

PC2, whereas Ni, Zn and Sr, with positive loadings, and Rb, with a negative loading, are 

the most influent in PC3. A simultaneous projection of the saffron samples and variable 

loadings (biplot) on the PC1–PC3 subspace extracted from the isotopic ratio data is shown 

in Fig. (6.4). A separation, although less clear than that provided by the ICP-MS data, 

between Italian and non-Italian samples can be observed.  
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Fig (6.4): Projection of saffron samples and variable loadings on the subspace of the first three 

principal components (PCs) extracted from isotopic ratio data 

 

The MO saffron samples are in particular well isolated in the first quadrant of the PC1 

and PC2 plane, whereas the MO and CS samples are mainly located in the fourth 

quadrant. PC3, meanwhile, describes the separation, although incomplete, between SP 

and AQ samples. As suggested by preliminary univariate statistical analysis (reported in 

the first point of the sub-chapter 6.3), a differentiation of the Italian saffron samples 

according to the harvest year can be noted along PC1 and partly along PC3; this Italian 

cluster involves not only the two well-represented production territories (AQ and SP) but 

also the isolate samples coming from the other Italian areas (OI). The harvest year, by 

contrast, does not seem to affect the mineral composition of the samples here analysed, 

which is consistent with the results of a previous study concerning AQ saffron.22 

Classification of saffron on the geographical basis was attempted by PLS-DA after the 

combination of ICP-MS with isotopic ratio datasets into a single data matrix (low-level 

data fusion). Four distinct classes according to the cultivation territory were considered: 

AQ, SP, IR and MO. CS samples and the spices coming from other Italian sites were 

instead excluded from this kind of analysis, because the geographical origin of the first 

group was unknown and the latter was too heterogeneous to be considered as a distinct 

class. 

 
22 D’Archivio, Di Vacri, Ferrante, Maggi, Nisi and Ruggieri, “Geographical Discrimination of Saffron 

(Crocus Sativus L.) Using ICP-MS Elemental Data and Class Modeling of PDO Zafferano Dell’Aquila 

Produced in Abruzzo (Italy)” op. cit. ref. 8. 
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The available objects were divided into calibration and external datasets by the Duplex 

Kennard-Stone algorithm.23 Eventually, the PLS-DA model was generated with 39 

objects (10 AQ, 14 SP, 8 MO and 7 IR) and tested on 19 external saffron samples (5 AQ, 

7 SP, 4 MO and 3 IR). Based on the model performance in leave-one-out cross-

validation, autoscaling was selected as the optimal data pretreatment and the final model 

was built with five latent variables. Descriptive and predictive performances of PLS-DA 

classification are displayed in Tab. (6. 2) reporting the rate (%) of correct classifications, 

and Fig. (6.5), showing the PLS-DA computed and predicted responses. 

 

PLS-DA       

Calibration   Prediction 

AQ SP IR MO   AQ SP IR MO 

100.0 100.0 100.0 100.0   80.0 85.7 100.0 100.0 

SIMCA         

 Sensitivity  Specificity 

Class Calibration Prediction  Total for OI for CS for IR for MO 

AQ 100.0 80.0  91.8 83.3 100.0 100.0 100.0 

SP 100.0 85.7  94.4 84.0 100.0 100.0 100.0 

 

Tab. (6.2): Rate (%) of correct classifications in PLS-DA. Sensitivity (% of compliant samples 

correctly accepted) and specificity (% of non-compliant samples correctly refused) in SIMCA 

class modelling of AQ and SP saffron 

 

 
23 R. D. Snee, “Validation of Regression Models: Methods and Examples,” Technometrics 19, no. 4 

(1977): 415–28. DOI: 10.1080/00401706.1977.10489581. 

https://doi.org/10.1080/00401706.1977.10489581
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Fig. (6. 5): Computed and predicted responses of the PLS-DA classification model. Empty 

symbols identify the external saffron samples 

 

The inspection of these data reveals that all the calibration samples were correctly 

classified, whereas only one AQ and one SP sample were misclassified in prediction. 

Looking at Fig. (6.5) can be observed that the erroneously classified external SP saffron 

sample was accepted by the AQ class, although the Y response of this sample for the class 

AQ (0.64) was slightly greater than for the class SP (0.52). Moreover, the misclassified 

AQ sample was assigned to the MO class, but the associated Y response for this class 

(0.44) was noticeably lower than those of the genuine MO saffron samples (close to 1). 

In summary, information carried out by the combined ICP-MS and the isotopic ratio data 

provided very good discrimination of the saffron samples on geographical basis. 

Moreover, even SP and AQ saffron samples coming from close territories of Central Italy, 

despite both cultivated in two different years, are almost quantitatively discriminated 

from each other. It follows that the systematic differences associated with the 

geographical origin can overcome the observed effect of the harvest year on the isotopic 

composition of the samples. The importance of the predictors in PLS-DA classification 

was quantified by variable importance in projection (VIP) scores; the variables presenting 

VIP values greater than 1 were considered as relevant. The VIP indices associated with 

the PLS-DA model here developed are displayed in Fig. (6.6). It can be observed that all 
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the isotopic ratios, except δ18O which has a VIP value just below the unity, are significant 

in the geographical classification of the saffron samples as well as a subset of ICP-MS 

variables including K, Cr, Mn, Ni, Zn, Rb, Sr, Mo, Cs, Nd, Eu and Pb. It is worth noting 

that Ni has the highest VIP index among all the variables, which reflects the above-

mentioned high power of this element in the discrimination of the MO samples with 

respect to the others. 

 

Fig (6.6): Importance of variable (VIP indices) in PLS-DA geographical classification of saffron 

samples 

 

PLS-DA, as well as other classification strategies, is a suitable method to classify samples 

among predefined categories. Nevertheless, when the classification model is called to 

make predictions, even the samples belonging to none of the predefined classes will be 

assigned to one of them. To evaluate whether a sample complies or not with a given 

specification (the geographical origin, for instance), a class-modelling approach should 
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be applied. 24 Once a class model has been established by investigation of a suitable 

number of target samples, class-modelling performance were evaluated by sensitivity and 

specificity. 

In this work, two independent class models, for AQ and for SP, were generated by 

SIMCA. The remaining saffron samples, including the commercial ones and those 

cultivated in different Italian territories (OI) excluded from previous PLS-DA 

classification, were all used to test the specificity of the two class models. SIMCA class-

modelling was performed on the subset of the variables presenting VIP > 1 in PLS-DA, 

namely, K, Cr, Mn, Ni, Zn, Rb, Sr, Mo, Cs, Nd, Eu, Pb, δ13C, δ15N, δ34S and δ2H. A leave-

one-out cross-validation scheme was adopted to select the number of significant PCs 

representing the two modelled classes and the variable scaling. Finally, one and three PCs 

extracted from the autoscaled variables were adopted to build the AQ and SP class 

models, respectively. The sensitivity and specificity of the two SIMCA class models are 

reported in Tab. (6.2). Class modelling performance is also graphically shown in the so-

called Coomans' plot displayed in Fig. (6.7). 

 

Fig. (6.7): Coomans' plot representing the two SIMCA models of classes L'Aquila (AQ) and 

Spoleto (SP) 

 
24 P. Oliveri, “Class-Modelling in Food Analytical Chemistry: Development, Sampling, Optimisation and 

Validation Issues – A Tutorial,” Analytica Chimica Acta 982, (2017): 9–19. DOI: 

10.1016/j.aca.2017.05.013 

https://doi.org/10.1016/j.aca.2017.05.013
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As to sensitivity, it can be observed that the two class-models accept all the genuine 

samples in calibration, whereas only one external sample is refused by each class model. 

The specificity of the class-models was also very high, as 91.8% (for AQ) and 94.4% (for 

SP) of non-genuine samples, were correctly rejected. Looking at the data, all the IR, MO 

and CS samples are rightly refused by both class models, whereas the few misclassified 

samples come all from Italy. Four SP and one OI samples, in particular, are wrongly 

classified in the AQ class, whereas two AQ and two OI samples are erroneously assigned 

to the SP class. The overall specificity of AQ and SP classes for Italian saffron samples 

cultivated outside the related territories is however acceptable (83% and 84%, 

respectively) These results revealed that the variables relevant in the PLS-DA 

classification model are also useful for the authentication of saffron cultivated in specific 

territories of Central Italy, including PDO saffron of L'Aquila. It must be stressed that the 

class models for AQ and SP were built by exploring variability coming from samples 

cultivated in two different years. The non-negligible effect of the harvesting year on the 

isotopic composition is expected to enlarge the class spaces being in part responsible of 

a loss of specificity for the saffron samples cultivated in close areas 

 

6.4 Conclusions 

The stable isotope ratio analysis showed the capability of δ13C and δ34S to discriminate 

between Italian samples and the rest of the dataset, whereas δ15N permitted to individuate 

Moroccan samples among all the others. On the other hand, δ18O and δ2H allowed to dis- 

criminate between samples of Italian saffron harvested in different years (2016 and 2017). 

Ni, among the 42 elements determined by ICP-MS, can be considered as a powerful 

geographical marker for Moroccan saffron, being not detected in all of the 12 samples 

analysed in this work. Multi-elemental ICP-MS patterns combined with isotopic ratios 

provided a good geographical classification of Moroccan, Iranian saffron and Italian 

saffron cultivated in two distinct, although close, sites of Central Italy, L'Aquila and 

Spoleto. K, Cr, Mn, Ni, Zn, Rb, Sr, Mo, Cs, Nd, Eu, Pb, δ13C, δ15N, δ34S and δ2H were 

identified as the significant variables in geographical discrimination. The same 

descriptors were used to build a class model for both L'Aquila and Spoleto saffron. The 

two modelled classes presented a 100% specificity for Moroccan, Iranian and commercial 

saffron samples and high specificity (83% and 84%) for those coming from different 

Italian areas. In summary, the combined ICP-MS and isotopic composition data, apart 
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from providing good geographical discrimination of saffron coming from predefined 

cultivation sites, are also powerful tools for the authentication of high-quality and 

certified saffron cultivated in specific territories of Central Italy.



 
 

 

 

 

 

 

SECTION 2 

 

Spectroscopic profiling and data-fusion 

for the geographical discrimination  
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CHAPTER 7 

Geographical Classification of Italian Saffron (Crocus sativus 

L.) by Multi-Block Treatments of UV-Vis and IR 

Spectroscopic Data 

 

7.1 Introduction 

Since 1980 the International Organization for Standardization (ISO) establishes the 

methods for detecting extraneous substances in the spice and standard references for 

quality classification of commercial saffron.1 UV-Vis spectroscopy has been proposed by 

the above normative to estimate aroma, bitterness, and colouring strength based on the 

absorbance of an aqueous extract at 330, 257, and 440 nm, which depend on the contents 

of safranal (a monoterpene aldehyde), picrocrocin (glycoside of safranal), and crocins (a 

family of mono- or di-glycosyl esters of the polyene dicarboxylic acid crocetin), 

respectively. The reputation and commercial value of saffron, which is frequently 

subjected to commercial frauds because of its high price (up to 25,000 €/kg),2 are also 

linked to its geographical origin, since the pedoclimatic factors and local know-how 

adopted in the cultivation and in the post-harvest drying process have a great impact on 

final organoleptic properties of the spice. Therefore, geographical traceability is, together 

with quality assurance, a relevant issue to safeguard certified saffron from false labeling 

concerning the origin or reveal fraudulent mixing of certified saffron with low-quality 

products cultivated elsewhere. Interestingly, UV-Vis spectroscopy on aqueous extracts, 

 
1 ISO 3632-1 Saffron (Crocus sativus L.), Part 1 (Specification) (ISO: Geneva, Switzerland, 2011). 

Retrieved from: https://www.iso.org/obp/ui/#iso:std:iso:3632:-1:ed-2:v1:en ; ISO 3632-2 Saffron (Crocus 

sativus L.), Part 2 (Test Methods) (ISO: Geneva, Switzerland, 2010). Retrieved from: 

https://www.iso.org/obp/ui/#iso:std:iso:3632:-2:ed-2:v1:en 

 
2 J. C. Moore, J. Spink and M. Lipp, “Development and Application of a Database of Food Ingredient Fraud 

and Economically Motivated Adulteration from 1980 to 2010,” Journal of Food Science 77, no. 4 (2012): 

R118–R126. DOI:10.1111/j.1750-3841.2012.02657.x 

 

https://www.iso.org/obp/ui/%23iso:std:iso:3632:-1:ed-2:v1:en
https://www.iso.org/obp/ui/%23iso:std:iso:3632:-2:ed-2:v1:en
https://doi.org/10.1111/j.1750-3841.2012.02657.x
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according to ISO/TS 3632-2 specifications, also provides useful information regarding 

the geographical origin of this spice.3 

Besides this, IR spectroscopy was also utilized for tracing saffron, demonstrating a 

number of advantages compared to the commonly employed analytical techniques. In 

detail, while NIR spectroscopy was often used to discriminate saffron produced in 

different countries,4 MIR spectroscopy was mainly proposed for quality control or to 

detect specific adulterants in the spice.5 A single application of MIR spectroscopy in 

saffron geographical classification is described in literature based on our best knowledge.6 

In this study, discriminant analysis based on the spectra collected from powdered stigma 

provided poor discrimination of samples produced in Iran, Spain, Greece, and Italy, but 

classification performance improved when the spectra of the volatiles were used in 

discrimination, which required a preliminary ultrasound-assisted extraction of the volatile 

markers. In the present work, MIR spectra were instead acquired from powdered saffron 

samples without any further manipulation and they were combined with UV-Vis spectra 

of aqueous extracts by different data-fusion approaches to attempt a geographical 

classification of saffron produced in different, although relatively close, Italian areas. To 

 
3 A. A. D’Archivio and M. A. Maggi, “Geographical Identification of Saffron (Crocus Sativus L.) by 

Linear Discriminant Analysis Applied to the UV–Visible Spectra of Aqueous Extracts,” Food Chemistry 

219 (2017): 408–413.DOI: 10.1016/j.foodchem.2016.09.169 

 
4 A. Zalacain, S. A. Ordoudi, E. M. Díaz-Plaza, M. Carmona, I. Blázquez, M. Z. Tsimidou and G. L. Alonso, 

“Near-Infrared Spectroscopy in Saffron Quality Control: Determination of Chemical Composition and 

Geographical Origin,” Journal of Agricultural and Food Chemistry 53, no. 24 (2005): 9337–9341. DOI: 

10.1021/jf050846s ; J. Liu, N. Chen, J. Yang, B. Yang, Z. Ouyang, C. Wu, Y. Yuan, W. Wang and M. 

Chen, “An Integrated Approach Combining HPLC, GC/MS, NIRS, and Chemometrics for the 

Geographical Discrimination and Commercial Categorization of Saffron,” Food Chemistry 253, (2018): 
284–292. DOI: 10.1016/j.foodchem.2018.01.140 ; S. Li, Q. Shao, Z. Lu, C. Duan, H. Yi and L. Su,  “Rapid 

Determination of Crocins in Saffron by Near-Infrared Spectroscopy Combined with Chemometric 

Techniques,” Spectrochimica Acta - Part A: Molecular and Biomolecular Spectroscopy 190, (2018): 283–

289. DOI: 10.1016/j.saa.2017.09.030 

 
5 S. Karimi, J. Feizy, F. Mehrjo and M. Farrokhnia, “Detection and Quantification of Food Colorant 

Adulteration in Saffron Sample Using Chemometric Analysis of FT-IR Spectra,” RSC Advances 6, no. 27 

(2016): 23085–23093. DOI: 10.1039/c5ra25983e; S. A. Ordoudi, M. De Los Mozos Pascual and M. Z. 

Tsimidou, “On the Quality Control of Traded Saffron by Means of Transmission Fourier-Transform Mid-

Infrared (FT-MIR) Spectroscopy and Chemometrics,” Food Chemistry 150, (2014): 414–421. DOI: 

10.1016/j.foodchem.2013.11.014 ; E. A. Petrakis and M. G. Polissiou, “Assessing Saffron (Crocus Sativus 
L.) Adulteration with Plant-Derived Adulterants by Diffuse Reflectance Infrared Fourier Transform 

Spectroscopy Coupled with Chemometrics,” Talanta 162, (2017): 558–566. DOI: 

10.1016/j.talanta.2016.10.072; S. A. Ordoudi, C. Staikidou, A. Kyriakoudi, M.Z. Tsimidou, “A Stepwise 

Approach for the Detection of Carminic Acid in Saffron with Regard to Religious Food Certification,” 

Food Chemistry 267, (2018): 410–419. DOI: 10.1016/j.foodchem.2017.04.096. 

 
6 E. Anastasaki, C. Kanakis, C. Pappas, L. Maggi, C. P. del Campo, M. Carmona, G. L. Alonso and M. G. 

Polissiou,  “Differentiation of Saffron from Four Countries by Mid-Infrared Spectroscopy and Multivariate 

Analysis,” European Food Research and Technology 230, no. 4 (2010): 571–577. DOI: 10.1007/s00217-

009-1197-7 

https://doi.org/10.1016/j.foodchem.2016.09.169
https://doi.org/10.1021/jf050846s
https://doi.org/10.1016/j.foodchem.2018.01.140
https://doi.org/10.1016/j.saa.2017.09.030
https://doi.org/10.1039/c5ra25983e
https://doi.org/10.1016/j.foodchem.2013.11.014
https://doi.org/10.1016/j.talanta.2016.10.072
https://doi.org/10.1016/j.foodchem.2017.04.096
https://doi.org/10.1007/s00217-009-1197-7
https://doi.org/10.1007/s00217-009-1197-7
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classify saffron samples two multi-block strategies, namely SO-PLS-LDA 7 and SO-

CovSel- LDA, 8 were used simultaneously handling both IR and UV-Vis data. SO-PLS-

LDA and SO-CovSel-LDA were adopted because they performed very well in similar 

contexts.9 Consequently, the aim of the present work is to test whether UV-Vis and IR 

spectroscopies could be coupled with sequential multi-block strategies for tracing saffron, 

which is an approach that has never been reported before in the literature. 

 

7.2 Materials and methods 

• Saffron samples 

One hundred and fourteen samples of saffron were investigated. In detail, the samples 

were harvested in four different Italian geographical areas: Spoleto and Città della Pieve 

(Umbria region, Central Italy), L’Aquila (Abruzzo region, Central Italy), Sicily (South 

Italy). Of these areas, Spoleto and Città della Pieve are quite close (around 80 km) to each 

other. L’Aquila is in a different region (Abruzzo) in Central Italy, and it is around 100 

km far from Spoleto, and 180 km from Città della Pieve. These three geographical areas 

present comparable pedoclimatic conditions. Sicily, located in South Italy, presents 

peculiar climatic and geological conditions quite different from those of the two 

peninsular regions. Fig. (7.1) reports more details about the origin and the number of 

samples. 

 
7 A. Biancolillo, I. Måge and T. Næs, “Combining SO-PLS and Linear Discriminant Analysis for Multi-

Block Classification,” Chemometrics and Intelligent Laboratory Systems 141, (2015): 58–67. DOI: 

10.1016/j.chemolab.2014.12.001 

 
8 A. Biancolillo, F. Marini and J.‐M. Roger, “SO‐CovSel: A Novel Method for Variable Selection in a 

Multiblock Framework,” Journal of Chemometrics 34, no. 2 (2020): e3120. DOI: 10.1002/cem.3120 
 
9 L. Tao, B. Via, Y. Wu, W. Xiao and X. Liu, “NIR and MIR Spectral Data Fusion for Rapid Detection of 

Lonicera Japonica and Artemisia Annua by Liquid Extraction Process,” Vibrational Spectroscopy 102, 

(2019): 31–38. DOI: 10.1016/j.vibspec.2019.03.005 ; S. Schiavone, B. Marchionni, R. Bucci, F. Marini 

and A. Biancolillo, “Authentication of Grappa (Italian Grape Marc Spirit) by Mid and Near Infrared 

Spectroscopies Coupled with Chemometrics,” Vibrational Spectroscopy 107, (2020): 103040. DOI:  

10.1016/j.vibspec.2020.103040 ; A. Biancolillo, F. Marini and A. A. D’Archivio, “Geographical 

Discrimination of Red Garlic (Allium Sativum L.) Using Fast and Non-Invasive Attenuated Total 

Reflectance-Fourier Transformed Infrared (ATR-FTIR) Spectroscopy Combined with Chemometrics,” 

Journal of Food Composition and Analysis 86, (2020): 103351. DOI: 10.1016/j.jfca.2019.103351 

https://doi.org/10.1016/j.chemolab.2014.12.001
https://doi.org/10.1002/cem.3120
https://doi.org/10.1016/j.vibspec.2019.03.005
https://doi.org/10.1016/j.vibspec.2020.103040
https://doi.org/10.1016/j.jfca.2019.103351
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Fig. (7.1): Details about the origin and the numerosity of the analyzed samples 

 

• Instrumentation and sample analysis 

IR and UV-Vis spectroscopies investigated aliquots of saffron applying the following 

procedures. The infrared spectra of the saffron powder, obtained by grinding the stigma 

with a mortar, were recorded on a PerkinElmer Spectrum Two™ (PerkinElmer, Waltham, 

MA, USA) FT-IR spectrometer consisting of a deuterated triglycine sulfate detector and 

a PerkinElmer Universal Attenuated Total Reflectance (uATR) accessory equipped with 

a single bounce diamond crystal. A consistent force was applied on the sample while 

using the pressure monitoring system integrated with the instrument to maximize the 

spectrum intensity. Each spectrum was registered from 4000 cm−1 to 400 cm−1 with a 1 

cm−1 instrumental resolution, and ten scans were averaged per spectral replicate. The 

background was collected with the crystal that was exposed to the air. 
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The sample preparation, for the UV-Vis analysis, was carried out according to the 

procedure that was suggested by ISO-3632,1 but saffron and solvent amounts were 

proportionally reduced. About 50 mg of saffron stigma were gently ground in a mortar; 

10 mg of ground sample were suspended in 20 mL volumetric flask that was filled with 

18 mL of distilled water. The suspension was kept under magnetic stirring for 1 h in the 

dark and, finally, diluted to 20 mL. The spectrophotometric measurement was carried out 

on a suitable aliquot of aqueous extract after a 10-fold dilution and filtration on a 0.45 μm 

Whatman Spartan 13/0.2 RC (Whatman, GE Healthcare Life Sciences, Little Chalfont, 

UK) cellulose filter. The UV-Vis spectra were acquired in the 200–600 nm range with a 

Cary 50 Probe (Agilent Technologies, Santa Clara, CA, USA) spectrophotometer using a 

1 cm pathway quartz cuvette and pure water for blank correction. The spectra were 

recorded with a 1 nm resolution. 

• Chemometrics  

SO-PLS10 is a multi-block method developed to solve regression problems that were 

recently extended to the classification field by combination with LDA). The resulting 

method (SO-PLS-LDA), described in Chapter 2, is a multi-block classifier suitable in 

different contexts.11 In this work, LDA was applied on the predicted Y to perform 

geographical classification of saffron.  

SO-CovSel 12 is a sequential multi-block approach as SO-PLS. Plainly, the algorithm of 

SO-CovSel is the same as SO-PLS, but the feature reduction operated by PLS is 

performed by a variable selection approach called Covariance Selection (CovSel);13. Like 

in the case of SO-PLS-LDA, classification was finally performed by applying LDA on 

the predicted Y.  

 
10 T. Naes, O. Tomic, B. H. Mevik and H. Martens,  “Path Modelling by Sequential PLS Regression,” 

Journal of Chemometrics 25, no. 1 (2011): 28–40. DOI: 10.1002/cem.1357 

 
11 L. Awhangbo, R. Bendoula, J. M. Roger and F. Béline, “Multi-Block SO-PLS Approach Based on 
Infrared Spectroscopy for Anaerobic Digestion Process Monitoring,” Chemometrics and Intelligent 

Laboratory Systems 196, (2020): 103905 DOI: 10.1016/j.chemolab.2019.103905 

 
12 Biancolillo, Marini and Roger, “SO‐CovSel: A Novel Method for Variable Selection in a Multiblock 

Framework,” op. cit. ref 8 

 
13 J.M. Roger, B. Palagos, D. Bertrand and E. Fernandez-Ahumada, “CovSel: Variable Selection for Highly 

Multivariate and Multi-Response Calibration,” Chemometrics and Intelligent Laboratory Systems 106, no. 

2 (2011): 216–223. DOI: 10.1016/j.chemolab.2010.10.003. 

https://doi.org/10.1002/cem.1357
https://doi.org/10.1016/j.chemolab.2019.103905
https://doi.org/10.1016/j.chemolab.2010.10.003
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Both SO-PLS-DA and SO-CovSel-LDA models were calculated while using in-house 

functions for Matlab (freely downloadable at: 

https://www.chem.uniroma1.it/romechemometrics/research/algorithms/) 

7.3 Results and discussion 

• Spectroscopic analysis 

Fig. (7.2) displays the mean spectra for each geographical class, namely L’Aquila (AQ), 

Spoleto (SP), Città della Pieve (CP) and Sicily (SIC). The peaks observed in the IR spectra 

Fig. (7.2)-A are assigned to vibrational modes of specific saffron stigma constituents.14 

The broad band centered at about 3300 cm−1 is due to hydroxyl (O-H) stretching, while 

the peaks at 2916 and 2850 cm−1 correspond to C-H asymmetric and symmetric 

stretching. The bands in the range between 1800 and 1500 cm−1 are typical of the 

vibrational mode of the carbonyl group and double bonds. The sharp signal at 1645 cm−1 

results from the stretching modes of C=C and conjugated C=O (e.g., in picrocrocin), but 

the amide I band of proteins also falls in this spectral region. The shoulders at higher 

wavenumbers (1740 and 1702 cm−1) are attributed to the C=O stretching in crocetin 

esters, aliphatic esters, and free carboxylic groups of crocetin and amino acids. Skeletal 

motions of the saffron constituents that are attributed to the CH/CH2, OH, C-C, C-O, and 

CCO moieties are responsible for the absorptions in the fingerprint region between 1500 

and 1200 cm−1. The band at 1221 cm−1, in particular, is generated by the C-O stretching 

in the (C=O)-O group of crocetin esters. Most of the absorption bands in the 1200–700 

cm−1 range result from vibrational modes of the sugar units and glycosidic linkages in 

polysaccharides or glycosyl moieties of crocins and flavonoids. The intense bands at 1051 

and 1015 cm−1 are associated with C-O stretching vibrations in C-O-C groups of the sugar 

rings or glycosidic linkages, while the shoulder at 970 cm−1 originates from skeletal 

vibration modes of the glycosidic linkages. The bands in the range between 970 and 700 

cm−1 can be attributed to C-H out-of-plane bending vibrations, while the absorptions 

 
14 Petros A. Tarantilis, A. Beljebbar, M. Manfait and M. Polissiou,  “FT-IR, FT-Raman Spectroscopic Study 
of Carotenoids from Saffron (Crocus Sativus L.) and Some Derivatives,” Spectrochimica Acta Part A: 

Molecular and Biomolecular Spectroscopy 54, no. 4 (1998): 651–657. DOI: 10.1016/S1386-

1425(98)00024-9 ; E. Wiercigroch, E. Szafraniec, K. Czamara, M. Z. Pacia, K. Majzner, K. Kochan, A. 

Kaczor, M. Baranska and K. Malek, “Raman and Infrared Spectroscopy of Carbohydrates: A Review,” 

Spectrochimica Acta Part A: Molecular and Biomolecular Spectroscopy 185, (2017): 317–335. DOI: 

10.1016/j.saa.2017.05.045; Ordoudi, De Los Mozos Pascual and Tsimidou, “On the Quality Control of 

Traded Saffron by Means of Transmission Fourier-Transform Mid-Infrared (FT-MIR) Spectroscopy and 

Chemometrics,” op. cit ref 5 ; Petrakis and Polissiou, “Assessing Saffron (Crocus Sativus L.) Adulteration 

with Plant-Derived Adulterants by Diffuse Reflectance Infrared Fourier Transform Spectroscopy Coupled 

with Chemometrics,” op. cit. ref 5 

https://www.chem.uniroma1.it/romechemometrics/research/algorithms/
https://doi.org/10.1016/S1386-1425(98)00024-9
https://doi.org/10.1016/S1386-1425(98)00024-9
https://doi.org/10.1016/j.saa.2017.05.045
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below 500 cm−1 can take origin from skeletal breathing modes of oligo- and 

polysaccharides. 

As for the UV-Vis spectra of aqueous saffron extracts Fig. (7.2)-B, the intense band that 

is centered at around 440 nm originates from the absorption of the polyene conjugated 

system of crocins and crocetin. The intensities of the secondary bands at 257 nm and 330 

nm are conventionally attributed by ISO-3632 Technical Specifications to the contents of 

picrocrocin and safranal, respectively.1 Nevertheless, absorptions of picrocrocin 

derivatives (with a maximum close to 250 nm) and flavonoids, mainly kaempferol 

glycosides (in the range 265–349 nm), also fall in the UV spectral region. In addition, the 

crocetin esters exhibit absorption secondary maxima at 250–260 nm (both cis- and trans-

isomers) and 324–327 nm (only cis-crocins).15 

Regardless of the class-membership, signals in both IR and UV-Vis spectra present 

similar shapes. IR spectra Fig. (7.2)-A, which are related to Class SP (red line) and Class 

CP (black line), are almost completely overlapped. Nevertheless, this is not surprising, 

because these saffron aliquots have been harvested in two closely areas. Additionally, 

UV-Vis spectra are very similar to each other Fig. (7.2)-B; once again, samples belonging 

to Class SP, Class CP, and, to a lesser extent, Class AQ (green line), are overlaid, whereas 

objects from Sicily (blue line) present a slightly different absorbance intensity. 

 
15 Carmona, Zalacain, Sánchez, Novella and Alonso, “Crocetin Esters, Picrocrocin and Its Related 

Compounds Present in Crocus Sativus Stigmas and Gardenia Jasminoides Fruits. Tentative Identification 

of Seven New Compounds by LC-ESI-MS,” Journal of Agricultural and Food Chemistry 54, no. 3 (2006): 

973–979. DOI: 10.1021/jf052297w ; M. Carmona, A. M. Sánchez, F. Ferreres, A. Zalacain, F. Tomás-

Barberán and G. L. Alonso, “Identification of the Flavonoid Fraction in Saffron Spice by LC/DAD/MS/MS: 

Comparative Study of Samples from Different Geographical Origins,” Food Chemistry 100, no. 2 (2007): 

445–450. DOI: 10.1016/j.foodchem.2005.09.065; A.A. D’Archivio, F. Di Donato, M. Foschi, M. A. Maggi 

and F. Ruggieri, “Uhplc Analysis of Saffron (Crocus Sativus l.): Optimization of Separation Using 

Chemometrics and Detection of Minor Crocetin Esters,” Molecules 23, no. 8 (2018). DOI: 

10.3390/molecules23081851 

https://doi.org/10.1021/jf052297w
https://doi.org/10.1016/j.foodchem.2005.09.065
https://doi.org/10.3390/molecules23081851
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Fig. (7.2): Mean raw spectra per class. (A) IR signals and (B) UV-Vis signals 

 

• Preliminary analysis 

Prior to the analysis, samples were divided into training and a test set by the Duplex 

algorithm in order to allow the external validation of the models. Tab. (7.1) reports more 

details regarding the number of calibration and validation objects, on which SO-PLS-

LDA and SO-CovSel-LDA models were calculated, together with their class 

membership.  

 

A 

B 
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Tab. (7.1): Number of samples in training and test sets for each given class 

 

Prior to the setting up of the calibration models, both classifiers require the optimization 

of model parameters, i.e., spectra preprocessing and the optimal number of features (latent 

variables (LVs) for SO-PLS, influencing variables for SO-CovSel) to be 

extracted/selected. These were defined by a seven-fold cross-validation procedure 

involving only the training samples. 

Testing six different combinations of pretreatments ( i.e. Mean Centering, 1st Derivative 

(15 points window and second-degree polynomial), 2nd Derivative (window of 15 points 

and third-degree polynomial), SNV, SNV + 1st Derivative, and SNV + 2nd Derivative) 

on two blocks leads to 36 diverse models due to the sequential nature of both the multi-

block classifiers used (because all of the possible combinations between the two blocks 

differently preprocessed are calculated). Thus, for both SO-PLS-LDA and SO-CovSel-

LDA 36 diverse models were built and their cross-validated errors were computed 

(displayed in Fig. (7.3) and Fig. (7.4), respectively). 

 

 

Training 

(N. Samples) 

Test 

(N. Samples) 

Total 

(N. Samples) 

Class Spoleto (SP) 26 8 34 

Class Aquila (AQ) 11 5 16 

Class Sicily (SIC) 11 8 19 
Class Città della Pieve (CP) 35 10 45 

Total 83 31 114 
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Fig. (7.3): SO-PLS-LDA cross-validated classification errors. Numbers in brackets represent the 

number of LV extracted by the IR and the UV-Vis blocks, respectively. The dashed line is not a 

cut-off value, it is meant to help the appreciation of the local minima. In the table, “MC” stands 

for “mean centering” and “Deriv.” for “derivative” 

 

In the plots, the errors are reported as a function of the preprocessing approaches applied. 

The numbers reported in the lists represent the pretreatment indices. From the plots it is 

evident that different models provided similar cross-validated classification errors: the 

most parsimonious solutions (in terms of the number of components) were finally chosen. 
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Fig. (7.4): SO-CovSel-LDA Cross-validated Classification errors. Numbers in brackets 

represent the number of variables selected in the IR and the UV-Vis blocks, respectively  

 

In addition, prior to applying and validating the multi-block models, single block PLS-

DA on each data matrix was attempted. PLS-DA based on UV-Vis and IR signals was 

evaluated in order to assess whether the multi-block strategies actually represent an 

improvement with respect to the separate handling of the data. The individual IR and UV-

Vis data were preprocessed by the same pretreatment used in the multi-block strategies. 

The outcomes of the PLS-DA models calculated on IR data are reported in Tab. (7.2) and 

the results obtained when PLS-DA is applied on UV-Vis spectra are shown in Tab. (7.3). 
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IR 

 Class SP Class AQ Class SIC Class CP 
 Class. Rate (%) Class. Rate (%) Class. Rate (%) Class. Rate (%) 
Calibration (CV) 57.7 72.7 54.5 40.0 

External Prediction  75.0 80.0 25.0 60.0 

 

Tab. (7.2): PLS-DA analysis on IR data: Correct classification rates (%) for calibration (CV) 

and validation (test set) 

 

UV-Vis 

 Class SP Class AQ Class SIC Class CP 
 Class. Rate (%) Class. Rate (%) Class. Rate (%) Class. Rate (%) 

Calibration (CV) 62.5 40.0 75.0 90.0 
External Prediction 91.3 84.6 87.5 72.9 

 

Tab. (7.3): PLS-DA analysis on UV-Vis data: Correct classification rates (%) for calibration 

(CV) and validation (test set) 

 

• Multiblock strategy 

SO-PLS-LDA 

The SO-PLS-LDA model was built on the IR spectra preprocessed by SNV (extracting 3 

LVs) and UV-Vis spectra pretreated by second derivative (extracting 13 LVs), leading to 

the lowest error in cross-validation. The application of this model to the test set led to the 

classification results reported in Tab. (7.4) and displayed in Fig. (7.5) 

Predictions (on the test set) 

Class SP Class AQ Class SIC Class CP 

Class. Rate 

(%) 

Misclass. 

samples 

Class. 

Rate (%) 

Misclass. 

samples 

Class. 

Rate (%) 

Misclass. 

samples 

Class. Rate 

(%) 

Misclass. 

samples 

100.0 0 80.0 1 75.0 2 100.0 0 

 

Tab. (7.4): SO-PLS-LDA external validation: correct classification rates (%) and the number 

of misclassified test samples 
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Fig. (7.5): SO-PLS-LDA analysis. Samples projected onto the three canonical variate scores 

(CV) 

 

In particular, CV1 allows to discriminate Class AQ (green squares) and Class SIC (blue 

triangles) from the other two categories; in fact, Class AQ and SIC fall at negative values 

of this component, while Class SP (red diamond) and Class CP (black circles) are at 

positive ones. CV2 mainly discerns Class SP and Class SIC (at positive values) from 

Class CP and Class AQ (at negative CV-scores), finally CV3 allows for discriminating 

Class SIC (>0) from all of the other samples that present CV values minor than 0. 

SO-CovSel-LDA 

As described for SO-PLS-LDA, SO-CovSel-LDA optimal model (i.e., the one leading to 

lowest classification error in cross-validation) was the one calculated on the IR spectra 

preprocessed by SNV and UV-Vis signals pretreated by second derivative analysis (Fig. 

(7.4)). In total, 10 spectral variables were selected by CovSel, one in the IR block and 

nine from the UV-Vis spectra. Eventually, the model was used to predict the test samples, 

providing the results reported in Tab. (7.5). 
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Predictions (on the test set) 

Class SP Class AQ Class SIC Class CP 

Class. Rate 

(%) 

Misclass. 

samples 

Class. 

Rate (%) 

Misclass. 

samples 

Class. 

Rate (%) 

Misclas. 

samples 

Class.Rate 

(%) 

Misclass. 

samples 

100.0     0 80.0     1   62.5      3 100.0       0 

 

Tab. (7.5): SO-CovSel-LDA external validation: Correct classification rates (%) and number 

of misclassified test samples 

 

• VIP analysis and variable interpretation 

SO-PLS-LDA 

Variable Importance in Projection (VIP) analysis was applied to the SO-PLS-LDA model 

in order to investigate which spectral variable contributes the most to the solution of the 

classification problem. As it is customarily done, variables presenting a VIP index higher 

than 1 were considered relevant; a graphical representation of the selected spectral 

features is reported in Fig. (7.6) and in Fig. (7.7) (mean spectra were offset to make them 

visible). Considering the IR data block in Fig. (7.6), regardless of the class-membership, 

the peak at 1018 cm−1 and variables between 761 cm−1 and (about) 500 cm−1 were always 

selected. Additionally, for all categories, the spectral variables around 1224 cm−1 are also 

relevant, but a wider/narrow range of features is selected depending on the class. 

According to the interpretation of the IR spectra presented previously, the inter-class 

differentiation seems to be related to the differences in the intensities of absorptions due 

to crocetin esters and sugars. Eventually, the main difference among the four categories 

is represented by the fact that, for samples belonging to Class SIC, also few variables 

around 1699 cm−1 and the variable at 1637 cm−1 are relevant (while they are not selected 

in the other categories), which suggests the additional role of the picrocrocin content in 

the discrimination of this saffron class. 
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Fig. (7.6) : Variable Importance in Projection (VIP) analysis, selected variables (VIP>1) are 

colored 

 

VIP analysis on the UV-Vis-block provided similar results among the diverse categories. 

In fact, it generally pointed out variables between 390 nm and 500 nm, due to the 

absorption of crocins, and those between 230 nm and 280 nm, being mainly dependent 

on the content of picrocrocin and flavonoids. Additionally, for the Class SIC, a more 

parsimonious selection was made in the same two ranges, providing the most different 

outcome. 

 

Fig. (7.7): Variable Importance in Projection (VIP) analysis on UV spectra 
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SO-CovSel-LDA 

Despite being much more parsimonious, the selection made by CovSel (shown in Fig. 

(7.8) and Fig. (7.9)) is in strong agreement with the one provided by VIP analysis. In fact, 

the spectral IR variables selected are those at 1057cm−1 and 966 cm−1 attributable to 

typical vibrations of the sugar moieties or glycosidic linkages. On the other hand, the 12 

variables selected by CovSel on the UV-Vis block are between 231 nm and 264 nm, and 

some between 400 nm and 500 nm (i.e., variables at 400 nm, 442 nm, 461 nm, 470 nm, 

477 nm, and 481 nm) plus 600 nm. These results confirm the discriminant role of 

picrocrocin, flavonoids, and crocins. It must be noted that the individual crocins detected 

in saffron, differing in the cis or trans isomeric form of crocetin and the kind of sugar(s) 

(mostly glucoside, gentiobioside, triglucoside, and neapolitanoside), present some 

differences in the UV-vis band centered at 440 nm concerning the position of the two 

absorption maxima and their relative intensities.16 Based on the role of the fine details of 

the band centered at 440 nm, saffron geographical discrimination seems to be related to 

the relative content of the different crocins in the spice rather than their global 

concentration. 

 

Fig. (7.8): SO-CovSel-LDA Analysis. Graphical representation of variables selected on IR 

block. Legend: Black line: Mean Spectrum. Red Circles: Selected variables 

 
16 Carmona, Zalacain, Sánchez, Novella and Alonso, “Crocetin Esters, Picrocrocin and Its Related 

Compounds Present in Crocus Sativus Stigmas and Gardenia Jasminoides Fruits. Tentative Identification 

of Seven New Compounds by LC-ESI-MS,” op. cit ref. 15; D’Archivio, Di Donato, Foschi, Maggi,  

Ruggieri, “Uhplc Analysis of Saffron (Crocus Sativus l.): Optimization of Separation Using Chemometrics 

and Detection of Minor Crocetin Esters,” op. cit ref. 15 
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Fig. (7.9): SO-CovSel-LDA Analysis: Graphical representation of variables selected on UV-Vis 

block. Legend: Black line: Mean Spectrum. Red Circles: Selected variables 

 

7.4 Conclusion 

The present study aimed at discriminating Italian saffron samples that were harvested in 

four different geographical areas basing on their IR and UV-Vis profiles, which were 

collected from powdered stigma and aqueous extracts, respectively. Two multi-block 

strategies have been exploited in order to achieve this goal: SO-PLS-LDA and SO-

CovSel-LDA. In general, both approaches provided satisfactory results, demonstrating to 

perform better than the PLS-DA analysis of the individual blocks. The most accurate 

results were provided by SO-PLS-LDA, which only misclassified three samples over 31 

of the external test set. A further inspection of the results, based on the comparison of the 

outcomes of SO-PLS-LDA and SO-CovSel-LDA, revealed that the two models 

misclassify the same three samples. The agreement between the two approaches suggests 

that these samples (one belongs to Class AQ, and the others to Class SIC) present peculiar 

characteristics different from the other saffron belonging to their category. Furthermore, 

it is not completely surprising that samples belonging to SIC category are confused. In 

fact, contrarily to all other samples, which originate from a very restricted area, 

circumstantiated to the borders of a single town, samples from Sicily have been harvested 

in a wider area. As a consequence, this difference confers to Class SIC, a wider inner-

class variance, which makes the classification of its objects a bit more complex. 
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CHAPTER 8 

Spectroscopic fingerprinting and chemometrics for the 

discrimination of Italian Emmer Landraces 

 

8.1 Introduction 

Triticum Dicoccum (Shubler), commonly known as Emmer, is a tetraploid hulled wheat 

species, whose cultivation is supposed to date back to the First Agricultural Revolution 

during the Neolithic period 1.  The tight bond glume, covering the “hulled wheats”, helps 

the grains to retain nutrients and to be tolerant against abiotic (heat and soil conditions) 

and biotic (fungal deceases like Fusarium head blight, powdery mildew, rusts) stresses. 2 

At the same time, the thick emmer husk has to be removed, making the grains more 

laborious to process than modern wheat; regardless, the very high stem, which 

characterizes the old wheat, makes it unsuitable for intensive agricultural practice. The 

progress in grain production, which has encouraged higher-yielding and free-thrashing 

wheat cultivation, has made the old cereals actually a marginal crop.3 Nowadays the topic 

issues regarding food sovereignty and agroecology, as an alternative solution to food 

industry globalization, are gaining popularity both among consumers and producers.4 As 

a result, alternative foodstuffs with high-added value, as emmer is, have attracted 

attention meeting the demand of consumers for social, economic and environmental 

reasons. Indeed, emmer is considered a high-nutritive cereal (rich in minerals fiber and 

antioxidants) showing also some dietary values such as high protein digestibility and low 

 
1 L. Hlisnikovský, M. Hejcman, E.Kunzová and Ladislav Menšík, “The Effect of Soil-Climate Conditions 

on Yielding Parameters, Chemical Composition and Baking Quality of Ancient Wheat Species Triticum 

Monococcum L., Triticum Dicoccum Schrank and Triticum Spelt L. in Comparison with Modern Triticum 

Aestivum L.,” Archives of Agronomy and Soil Science 65, no. 2 (2019): 152–163.  

DOI: 10.1080/03650340.2018.1491033 

 
2 M. Zaharieva, N. G. Ayana, A. A. Hakimi, S. C. Misra and Philippe Monneveux. “Cultivated Emmer 

Wheat (Triticum Dicoccon Schrank), an Old Crop with Promising Future: A Review.” Genetic Resources 

and Crop Evolution 57, no. 6 (2010): 937–962. DOI:  10.1007/s10722-010-9572-6 

 
3 S. Padulosi, K. Hammer and J. Heller, “Hulled Wheats,” in Hulled Wheats, (1996). Retrieved from: 

https://www.bioversityinternational.org/fileadmin/_migrated/uploads/tx_news/Hulled_wheat_54.pdf 

 
4 A. Wezel, S. Bellon, T. Doré, C. Francis, D. Vallo  and C. David, “Agroecology as a Science, a Movement 

and a Practice. A Review,” Agronomy for Sustainable Development 29, no. 4 (2009): 503–515.  

DOI: 10.1051/agro/2009004 

https://doi.org/10.1080/03650340.2018.1491033
https://doi.org/10.1007/s10722-010-9572-6
https://www.bioversityinternational.org/fileadmin/_migrated/uploads/tx_news/Hulled_wheat_54.pdf
https://doi.org/10.1051/agro/2009004
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glycemic index.5 Furthermore, emmer is a low-input plant and, due to the ability in 

growing even in unfavorable soils and climatic conditions, it is suitable for organic 

farming and offers an alternative to common wheat for the requalification of marginal 

rural areas. In Italy, the cultivation of emmer represents a long-lasting tradition, proved 

by the large use of this ancient wheat by the Etruscan and Roman populations and by the 

numerous landraces well-adapted to the typical local production areas.6 Traditional 

landraces of Diccoccum wheat are still grown in the upland areas located in Tuscany, 

Abruzzo, Umbria, Lazio and in the southern region of Italy. The value of those native 

populations is recognized and protected by European and national seals that are linked to 

biodiversity and geographical identities, such as “protected geographical indication” 

(PGI), Traditional Agri-food products (PAT) and Protected Designation of Origin (PDO). 

The growth of emmer consumption and the resulting recent spreading of the crop, even 

in not typical and more fruitful areas, are increasing the risk related to genetic 

contamination and to the loss of competitiveness of traditional farmers. A scenario that 

calls for increased control and monitoring due to the difficulty to ensure traceability of 

the production process and to the higher probability of frauds. Therefore, analytical 

methods aimed at food traceability could play an important role to safeguard consumers, 

honest producers and the wealth of the genetic diversity that has been preserved by 

farmers over generations. Several analytical techniques combined with chemometrics 

have proved to be suitable to distinguish the origin and the cultivar of different wheat 

species. Head-space solid-phase microextraction, coupled with GC-MS and 

chemometrics such as multivariate ANOVA, PCA and LDA were used to assess the 

influence of the combined effects of regional provenience and cultivar on the volatile 

composition of Chinese winter wheat.7 Non-targeted High-Resolution Mass 

Spectrometry (LC-HRMS) and chemometrics (PCA and Orthogonalized-PLS-DA) were 

 
5 S. Marino, R. Tognetti and A. Alvino, “Effects of Varying Nitrogen Fertilization on Crop Yield and Grain 

Quality of Emmer Grown in a Typical Mediterranean Environment in Central Italy,” European Journal of 

Agronomy 34, no. 3 (2011): 72-180. DOI: 10.1016/j.eja.2010.10.006 ; A. Arzani and M. Ashraf, “Cultivated 

Ancient Wheats (Triticum Spp.): A Potential Source of Health-Beneficial Food Products,” Comprehensive 

Reviews in Food Science and Food Safety 16, no.3 (2017): 477-488. DOI: 10.1111/1541-4337.12262 
 
6 G. Barcaccia, L. Molinari, O. Porfiri and F. Veronesi “Molecular Characterization of Emmer (Triticum 

Dicoccon Schrank) Italian Landraces,” Genetic Resources and Crop Evolution 49, (2002): 417–428. DOI: 

10.1023/A:1020650804532 ; A. Troccoli and P. Codianni, “Appropriate Seeding Rate for Einkorn, Emmer, 

and Spelt Grown under Rainfed Condition in Southern Italy,” European Journal of Agronomy 22, no. 3 

(2005): 293–300. DOI: 10.1016/j.eja.2004.04.003 

 
7 S. A. Wadood, G. Boli, Z. Xiaowen, A. Raza and W. Yimin, “Geographical Discrimination of Chinese 

Winter Wheat Using Volatile Compound Analysis by HS-SPME/GC-MS Coupled with Multivariate 

Statistical Analysis,” Journal of Mass Spectrometry 55, no. 1 (2020): e4453. DOI: 10.1002/jms.4453 

https://doi.org/10.1016/j.eja.2010.10.006
https://doi.org/10.1111/1541-4337.12262
https://doi.org/10.1023/A:1020650804532
https://doi.org/10.1016/j.eja.2004.04.003
https://doi.org/10.1002/jms.4453
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used to detect chemical markers able to correctly discriminate Italian, EU and non-EU 

Durum wheat samples.8 Other studies on geographical discrimination of wheat and wheat 

products have employed NMR, IRMS, HR-ICP-MS and X-ray fluorescence (XRF) 

techniques coupled with multivariate statistical analysis. 9 As stated in Chapter 1, among 

the analytical techniques aimed at food authenticity and traceability, FT-IR spectroscopy 

is gaining increasing popularity mainly due to the possibility of better exploiting the data 

through chemometric tools. IR spectroscopy-based methods are suitable for routine 

quality analysis of agri-food products since they are non-destructive, fast, and do not 

require complex sample pre-treatments. In this regard, FT-NIR and ATR-FT-MIR were 

used and compared to discriminate naturally contaminated wheat samples according to 

the high or low Ochratoxin A levels, as well as to detect durum wheat pasta adulteration 

with common wheat or to determine crude protein and intestinal protein digestibility.10  

 

NIR spectroscopy coupled with multivariate calibration techniques has been applied to 

classify wheat flour samples according to the quality category, to predict milling and 

biking parameters.11 NIR has been also widely used as a geographical fingerprinting of 

 
8 Daniele Cavanna, C. Loffi, C. Dall’Asta and M. Suman, “A Non-Targeted High-Resolution Mass 

Spectrometry Approach for the Assessment of the Geographical Origin of Durum Wheat,” Food Chemistry 

317 (2020): 126366. DOI: 10.1016/j.foodchem.2020.126366 

 
9 R. Lamanna, L. Cattivelli, M. L. Miglietta and A, Troccoli, “Geographical Origin of Durum Wheat 

Studied by 1H-NMR Profiling,” Magnetic Resonance in Chemistry 49, no. 1 (2011): 1–5. DOI: 

10.1002/mrc.2695 ; F. Longobardi, D.Sacco, G. Casiello, A. Ventrella and A. Sacco, “Characterization of 

the Geographical and Varietal Origin of Wheat and Bread by Means of Nuclear Magnetic Resonance 

(NMR), Isotope Ratio Mass Spectrometry (IRMS) Methods and Chemometrics: A Review,” Agricultural 

Sciences 06, no. 01 (2015): 126–136. DOI: 10.4236/as.2015.61010 ; H. Liu, Y. Wei, H. Lu, S. Wei, T. 

Jiang, Y. Zhang and B. Guo “Combination of the 87Sr/86Sr Ratio and Light Stable Isotopic Values (δ13C,  δ 

15N and δ D) for Identifying the Geographical Origin of Winter Wheat in China,” Food Chemistry 212, 

(2016): 367–373. DOI: 10.1016/j.foodchem.2016.06.002  

 
10 A. De Girolamo, M. C. Arroyo, S. Cervellieri, M.Cortese, M. Pascale, A. F. Logrieco and V. Lippolis,  
"Detection of Durum Wheat Pasta Adulteration with Common Wheat by Infrared Spectroscopy and 

Chemometrics: A Case Study,” LWT 127, (2020): 109368. DOI: 10.1016/j.lwt.2020.109368 ; A. De 

Girolamo, C. von Holst, M. Cortese, S. Cervellieri, M. Pascale, F. Longobardi, L. Catucci, A. C. R. 

Porricelli and V. Lippolis, “Rapid Screening of Ochratoxin A in Wheat by Infrared Spectroscopy,” Food 

Chemistry 282 (2019): 95–100. DOI: 10.1016/j.foodchem.2019.01.008 ; H. Shi, Y. Lei, L. L. Prates and P. 
Yu, “Evaluation of Near-Infrared (NIR) and Fourier Transform Mid-Infrared (ATR-FT/MIR) Spectroscopy 

Techniques Combined with Chemometrics for the Determination of Crude Protein and Intestinal Protein 

Digestibility of Wheat,” Food Chemistry 272 (2019): 507–513. DOI: 10.1016/j.foodchem.2018.08.075 
11 O. Jirsa, M. Hrušková and I. Švec, “Near-Infrared Prediction of Milling and Baking Parameters of Wheat 

Varieties,” Journal of Food Engineering 87, no. 1 (2008): 21–25. DOI: 10.1016/j.jfoodeng.2007.09.008 ; 

M. Cocchi, M. Corbellini, G. Foca, M. Lucisano, M. A. Pagani, L. Tassi and A. Ulrici “Classification of 

Bread Wheat Flours in Different Quality Categories by a Wavelet-Based Feature Selection/Classification 

Algorithm on NIR Spectra,” Analytica Chimica Acta 544, no. 1–2 (2005): 100–107. DOI: 

10.1016/j.aca.2005.02.075 

 

https://doi.org/10.1016/j.foodchem.2020.126366
https://doi.org/10.1002/mrc.2695
https://doi.org/10.4236/as.2015.61010
https://doi.org/10.1016/j.foodchem.2016.06.002
https://doi.org/10.1016/j.lwt.2020.109368
https://doi.org/10.1016/j.foodchem.2019.01.008
https://doi.org/10.1016/j.foodchem.2018.08.075
https://doi.org/10.1016/j.jfoodeng.2007.09.008
https://doi.org/10.1016/j.aca.2005.02.075
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very different food matrices; In this context, discrimination of wheat samples according 

to the variety and geographic origin was performed on the NIR spectra and discriminant 

pattern-recognition methods. 12  To our knowledge, studies that involve emmer wheat 

(triticum dicoccum) are mainly based on chemical characterization aimed at valorising 

and evaluating the nutritional and nutraceutical values of different ancient wheat and 

assessing the possibility to differentiate between triticum species (monococcum, 

dicoccum, spelta and turgidum). 13 Thus, geographical discrimination of emmer is still 

undescribed.  

 

In the present work, geographical discrimination of three valuable Italian Triticum 

diccoccum landraces, coming from Garfagnana (PGI), Monteleone di Spoleto (PDO) and 

from the Gran Sasso e monti della Laga National Park (PAT), was attempted through the 

chemometric elaboration of the IR spectroscopic data ( (8.1)-A). In detail, 147 whole 

kernels were analysed by ATR-FT-MIR and FT-NIR spectroscopies. Each sample was 

divided exploiting the fragility near the grain cavity and the derived two cross-sections 

were further analysed by the above-mentioned techniques. The spectral information 

(coming from the outer part and from the endosperm (Fig. (8.1)-B)) was used to build 

PLS-DA models in order to discriminate samples according to the origin. Two different 

multiclass approaches (second point of the following Sub-Chapter (8.2)) were applied 

and compared for each dataset. Furthermore, an improvement of the classification ability 

was attempted by applying low-level, parallel and sequential mid-level data fusion 

strategies which have already proven to provide better classification rate in similar agri-

 
12 C. Miralbés, “Discrimination of European Wheat Varieties Using near Infrared Reflectance 

Spectroscopy,” Food Chemistry 106, no. 1 (2008): 386–89. DOI: 10.1016/j.foodchem.2007.05.090 ; S. A. 

Wadood, B. Guo, X. Zhang and Y. Wei, “Geographical Origin Discrimination of Wheat Kernel and White 

Flour Using Near-Infrared Reflectance Spectroscopy Fingerprinting Coupled with Chemometrics,” 

International Journal of Food Science and Technology 54, no.6  (2019): 2045-2054. DOI: 

10.1111/ijfs.14105 

 
13 S. Dhanavath and U.J.S. P. Rao, “Nutritional and Nutraceutical Properties of Triticum Dicoccum Wheat 
and Its Health Benefits: An Overview,” Journal of Food Science 82, no. 10 (2017): 2243–2250. DOI:  

10.1111/1750-3841.13844 ; E. Giambanelli, F. Ferioli and F.L. D’Antuono, “Alkylresorcinols and Fatty 

Acids in Primitive Wheat Populations of Italian and Black Sea Region Countries Origin,” Journal of Food 

Composition and Analysis 69, (2018). DOI: 10.1016/j.jfca.2018.02.009 ; E. Suchowilska, M. Wiwart, Z. 

Borejszo, D. Packa, W. Kandler and R. Krska, “Discriminant Analysis of Selected Yield Components and 

Fatty Acid Composition of Chosen Triticum Monococcum, Triticum Dicoccum and Triticum Spelta 

Accessions,” Journal of Cereal Science 49, no. 2 (2009): 310–315. DOI: 10.1016/j.jcs.2008.12.003; J.U. 

Ziegler, M. Leitenberger, C. F. H. Longin, T. Würschum, R. Carle and R. M. Schweiggert. “Near-Infrared 

Reflectance Spectroscopy for the Rapid Discrimination of Kernels and Flours of Different Wheat Species,” 

Journal of Food Composition and Analysis 51, (2016): 30–36. DOI: 10.1016/j.jfca.2016.06.005  

https://doi.org/10.1016/j.foodchem.2007.05.090
https://doi.org/10.1111/ijfs.14105
https://doi.org/10.1111/1750-3841.13844
https://doi.org/10.1016/j.jfca.2018.02.009
https://doi.org/10.1016/j.jcs.2008.12.003
https://doi.org/10.1016/j.jfca.2016.06.005
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food discrimination problems.14 Therefore, the aim of the work is to find the best 

chemometric elaboration and combination of the data matrices that better discriminate 

Italian emmer produced in relatively close areas, in order to lay the groundwork for a 

possible fast methodology to assess compliance, of this specific valued food matrix, with 

the production specifications.  

 

Fig. (8.1): (A) Geographical origin of the Italian emmer samples. (B) Structure of emmer 

caroxide end chemical composition of the different seed tissues 

 

 

 

 

 
14 P. Firmani, A. Nardecchia, F. Nocente, L. Gazza, F.Marini and A. Biancolillo, “Multi-Block 

Classification of Italian Semolina Based on Near Infrared Spectroscopy (NIR) Analysis and Alveographic 

Indices,” Food Chemistry 309, (2020): 125677. DOI: 10.1016/j.foodchem.2019.125677; E. Borràs, J. Ferré, 

R. Boqué, M. Mestres, L. Aceña and O. Busto “Data Fusion Methodologies for Food and Beverage 

Authentication and Quality Assessment – A Review,” Analytica Chimica Acta 891, (2015): 1–14.  

DOI: 10.1016/j.aca.2015.04.042 
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8.2 Materials and methods. 

• Emmer samples 

Emmer samples were purchased directly from local producers and markets of traditional 

food, which ensured the traceability and authenticity of the product. The study focused 

on three different landraces harvested in the traditional production areas during the 2019 

season. The PGI Emmer, “Farro della Garfagnana” hereinafter indicated with the 

acronym GA, is an autumn variety whose production has to strictly comply with the 

regulations. In this regard, the polishing of the husked grain (“brillatura”) has to be 

mechanical and, in some cases, is still carried out with stone mills.15 The PDO “Farro di 

Monteleone di Spoleto”, which will be named MS, is a spring variety perfectly adapted 

to the pedoclimatic condition of the area located over 700 meters above the sea level. To 

study an analogous marketed product, it was decided to purchase the one commercialized 

as semi-pearled since it is, as required by the product specification, “slightly scratched 

with a milling machine to remove the husk”.15 The last selected landrace was the PAT 

product known as “Farro d’Abruzzo”, an autumn variety produced in the Gran Sasso and 

Monti della Laga National Park that will be indicated with GS. Although there are no 

detailed production rules for the “Farro d’Abruzzo”, the Italian quality mark ensures 

certain uniformity of the traditional production process throughout the production area 16. 

Also in this case, the selected samples were purchased as “semi-pearled product” like in 

the other classes. A total number of 147 whole kernels were sampled from the collected 

lots and, of those, 53 belong to the class GA, 53 to the class MS and 41 to GS. The entire 

dataset was also properly divided (see the first point of the Sub-Chapter 8.3) in a training 

set of 103 samples, used to build the models, and in a test set of 44 samples employed for 

the external validation. 

 

 

 
15 eAmbrosia – the EU geographical indications register, “European Commission,” (2020). Retrieved from: 

https://ec.europa.eu/info/food-farming-fisheries/food-safety-and-quality/certification/quality-

labels/geographical-indications-register/#. 

 
16 Parco Nazionale Gran Sasso e Monti Della Laga, “PAT - Prodotti Agroalimentari Tradizionali,” (2020). 

Retrieved from: http://www.gransassolagapark.it/dettaglio_prodotto.php?id_prodotti=2512 

https://ec.europa.eu/info/food-farming-fisheries/food-safety-and-quality/certification/quality-labels/geographical-indications-register/%23
https://ec.europa.eu/info/food-farming-fisheries/food-safety-and-quality/certification/quality-labels/geographical-indications-register/%23
http://www.gransassolagapark.it/dettaglio_prodotto.php?id_prodotti=2512


153 
 

• Instrumentation and sample analysis 

The samples were analysed using an FT-NIR Nicolet 6700 (Thermo Scientific Inc., 

Madison, WI) equipped with a halogen-tungsten lamp. Spectra were acquired in 

reflectance mode with an indium gallium arsenide (InGaAs) detector and an integrating 

sphere working in the range of 4000-10,000 cm−1 and with a nominal resolution 4 cm-1 

(82 scans). Four NIR analyses were performed on each grain: two replicates on the outer 

part, which is the one mechanically processed, and two obtained by exposing the internal 

part of each of the two grain sections, which were derived from the whole kernel fracture. 

The same sections were further analysed by ATR-FT-MIR, following the same procedure 

previously used for saffron characterisation (described in the Sub-Chapter 7.2) and with 

an instrumental resolution of 4 cm-1. All the spectra (NIR and MIR spectra from the outer 

and the inner part of each grain) were exported in MATLAB 2012b (The Mathworks, 

Natick, MA) and were converted into pseudo-absorbance (log(1/R)). The two replicates 

per side were averaged obtaining two MIR (147x1800) data matrices and two NIR 

(147x3112) matrices that were subsequently processed and analysed through 

chemometrics. 

• Chemometrics 

Single-block PLS-DA was applied on each data matrix in order to perform the 

geographical discrimination of the samples. In this work, a classification rule based on 

the Bayesian theorem was chosen.17 In this phase, according to the binary multiclass 

approach, two  Gaussian distributions (one for the in-class samples and the other for all 

the not-in-class ones) were built from the continuous Ŷ-values and for each column of the 

predicted �̂�-block (NxG). This allows calculating the probability to observe a y-value for 

a given sample that belongs to the G-th class or that does not belong to it. A probabilistic 

threshold for each class can be pinpointed at the intersection of the curves that, due to the 

normalization step, corresponds to an  a posteriori probability of 0.5.18 In discrimination 

problems, where a single class assignment is required, the probabilistic criterion may 

result in a univocal assignation when the objects are attributed to the class with the higher 

 
17 D. Ballabio and R. Todeschini, “Multivariate Classification for Qualitative Analysis,” in Infrared 

Spectroscopy for Food Quality Analysis and Control, ed. D.-W. Sun (Elsevier, 2009), 83–104. DOI: 

10.1016/B978-0-12-374136-3.00004-3. 

 
18 N. F. Pérez, J. Ferré and R. Boqué, “Calculation of the Reliability of Classification in Discriminant Partial 

Least-Squares Binary Classification.” Chemometrics and Intelligent Laboratory Systems 95, no. 2 (2009): 

122–28. DOI: 10.1016/j.chemolab.2008.09.005 

https://doi.org/10.1016/B978-0-12-374136-3.00004-3
https://doi.org/10.1016/j.chemolab.2008.09.005
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a posteriori probability. The results obtained with the above-mentioned approach were 

compared with those derived from the “one versus one” strategy proposed by Pérez et 

al.19 According to this method, G(G-1)/2 binary models were built, thus, as explained 

above, the two normal class distributions were computed for each model involving only 

two classes. The strategy permits overcoming limitations that could arise when different 

classes, which may be incompatible, are grouped together also producing unbalanced 

categories. Based on the Ŷ-values computed by the optimal binary models, G-1 

probability density functions were estimated for each class. Therefore, to classify an 

unknown object, a combination of the predicted probabilities was carried out according 

to the procedure described by Pérez et al.20. Eventually, the class assignment was 

performed according to the highest combined probability. 

In addition, the integration of the available datasets was attempted in order to build a 

better-quality and more informative model, being able by multi-block strategies to assess 

data-block interactions as well as the common or complemental information among the 

datasets. 21 In the present work, low level data-fusion was carried out by concatenating 

sample-wise the row data as well as the block-scaled ones, obtaining a fused matrix that 

was then processed according to the optimum pretreatment found in the single-block 

classification models. Moreover, mid-level DF, which consists of extracting the relevant 

features from each data block and of concatenating them into a single matrix further 

elaborated, was applied. In this case, the feature extraction may be performed 

independently for each block (Multi-Block mid-level DF), thus the blocks are 

exchangeable, or can be performed sequentially; in the latter case, the model will depend 

on the specific order of the data blocks. 22 Attempting the sequential methodology, SO-

PLS-DA algorithm, described in Chapter 2, was used. The real values of the �̂�-block, 

 
19 N. F. Pérez, J. Ferré and R. Boqué, “Multi-Class Classification with Probabilistic Discriminant Partial 

Least Squares (p-DPLS).” Analytica Chimica Acta 664, no. 1 (2010): 27–33. DOI: 

10.1016/j.aca.2010.01.059 

 
20 Pérez, Ferré and Boqué, “Calculation of the Reliability of Classification in Discriminant Partial Least-

Squares Binary Classification,” op. cit ref. 18 

 
21 Alessandra Biancolillo, R.Boqué, M. Cocchi and F. Marini, “Data Fusion Strategies in Food Analysis,” 

in Data Fusion Methodology and Applications, Data Handling in Science and Technology 31, ed M. 

Cocchi, (Elsevier, 2019): 271–310. DOI: 10.1016/B978-0-444-63984-4.00010-7  

 
22 T. Næs, R. Romano, O. Tomic, I. Måge, A. Smilde and K. H. Liland, “Sequential and Orthogonalized 

PLS (SO-PLS) Regression for Path Analysis: Order of Blocks and Relations between Effects,” Journal of 

Chemometrics, (2020): e3243. DOI: 10.1002/cem.3243 

https://doi.org/10.1016/j.aca.2010.01.059
https://doi.org/10.1016/B978-0-444-63984-4.00010-7
https://doi.org/10.1002/cem.3243
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which were computed or predicted by the method, were used to perform the classification 

based on the probabilistic approach described above. 

 

8.3 Results and discussion 

• Exploratory analysis 

As mentioned, NIR and MIR spectra, collected analysing the outer processed part and the 

endosperm of each grain, were used to evaluate the ability of each technique and their 

combination to differentiate three traditional emmer landraces. Fig. (8.2) shows the four 

spectra (NIRin NIRout MIRin MIRout) obtained by averaging the signals for each 

given class (GA MS and GS).   

 

 

Fig. (8.2): NIR and MIR mean spectra of emmer samples averaged according to the class 

membership and collected analysing both the external (MIRout, NIRout) and the internal part 

(MIRin, NIRin) 

 

 

0.00

0.02

0.03

0.05

0.06

0.08

0.09

40070010001300160019002200250028003100340037004000
0.3

0.33

0.36

0.39

0.42

0.45

4000475055006250700077508500925010000

0.00

0.02

0.03

0.05

0.06

0.08

0.09

40070010001300160019002200250028003100340037004000
0.3

0.33

0.36

0.39

0.42

0.45

4000475055006250700077508500925010000

GA

MS

GS

GA

MS

GS



156 
 

The exploratory analysis was conducted on row spectra; the portion of the spectrum, 

which was worked on, was reduced from 850 to 4000 cm-1 for MIR spectra and from 

4000 to 9000 cm-1 for NIR spectra since the removed regions were noisy and strongly 

influenced by the light scattering compared to the information provided by the signals. 

Since it was decided to apply a multi-block strategy, some preliminary decisions had to 

be taken. Firstly, the complementarity of the information sources was verified; in detail, 

the available datasets were divided according to the sample membership and PCA models 

were built, for each class, concatenating variable-wise the matrices resulting from the 

same instrumental technique.  The outcomes of the MIR-PCA models reveal a systematic 

differentiation between the samples analysed from the outer and from the inner part, 

supporting the decision to consider MIRin and MIRout as two different blocks providing 

complemental information. Instead, the same procedure applied to NIRin and NIRout 

data did not show a substantial difference between the two analysis, which could be 

related to a greater penetration depth of the more energetic wavelengths. Based on this 

evidence NIRin and NIRout were averaged and treated as a single information source, 

thereafter indicated as NIRin/out. To externally validate the classification models, a data 

splitting procedure that would guarantee a good representation of both the three categories 

under study and of the variability in all the considered data-blocks was proposed by 

Biancolillo et al. 23 The procedure consists of applying the Kennard-stone duplex 

algorithm, separately for each class, on the row-augmented matrices obtained by 

concatenating the significant principal components extracted from all the three data-

blocks (MIRin MIRout NIRin/out). Eventually, all the single-class subsets were collected 

resulting in a training set of 103 samples and in a test set of 44 samples. After the splitting 

procedure, single-block PLS-DA models were built to determine the best data pre-

treatment and to assess the best technique that could be able to discriminate the samples 

according to their geographical origin. 

• Single-block PLS-DA 

 Different data pre-treatment, already described in chapter2, were applied on the row data. 

In detail, first and second derivatives, calculated using the Savitzky–Golay approach (19 

points window and third-order interpolating polynomial) and SNV and their combinations 

were tested to find the most suitable data pre-treatment; moreover, before each approach, 

 
23 A. Biancolillo, R. Bucci, A. L. Magrì, A. D. Magrì and F, Marini, “Data-Fusion for Multiplatform 

Characterization of an Italian Craft Beer Aimed at Its Authentication,” Analytica Chimica Acta 820, 

(2014): 23–31. DOI: 10.1016/j.aca.2014.02.024 

https://doi.org/10.1016/j.aca.2014.02.024
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mean-centering of the data was performed. A 10-fold cross-validation procedure was 

applied to establish the optimal data pre-processing and complexity (number of latent 

variables) of each model, which was subsequently validated on the test set. Table (8.1) 

shows the chosen data pre-treatment, the classification rate in cross-validation and the 

related prediction ability (Tab. (8.1)). It can be deduced, by the correct classification rate 

both in internal and external validation, that MIRout and NIRin/out provided promising 

results with a correct classification rate (CCR) of 86.8% (in cross-validation) and 92.3% 

(on the test set) and a CCR of 89.3% (internal cross-validation) and 86.8% (in external 

validation), respectively. On the basis of the outcomes of the MIRin model (81.6%, 86.8% 

in prediction on the external set), which was produced analysing the fractured samples, it 

could be deduced that the benefits when considering this data-block are not enough 

compared to the drawback of having a slower and destructive method. Nevertheless, the 

possibility of improving the classification ability by a data-fusion strategy using all the 

three data-blocks was attempted (method described in the following point). Fig. (8.3)-A 

and -B graphically display the probabilistic criterion through which the class attribution 

took place, in the representative case of the MIRout PLS-DA model. In particular, Fig. 

(8.3)-A shows the normal class distributions intersecting the density functions that result 

from all the samples not belonging to the class. The reported probability densities were 

estimated from the computed Ŷ-values of the training set and were for each pair 

(class/not-class) normalized. Fig. (9.3)-B, in which the confused samples are highlighted, 

shows the normalized probabilities and the probability values attributed to the samples 

by interpolation of the Ŷ-values with the probability density functions. 
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Fig. (8.3): Probability density functions of the classes estimated from the Ŷ continuous values in 

calibration (A). Normalized Probability and probability values of the training samples (full 

symbols) and the external ones (empty symbols) (B) 

 

“ONE AGAINST ONE” APPROACH 

The “one against one” binarization method was employed to evaluate the possible 

problems that could have arisen by using a criterion that is binary by construction in a 

multi-class setting. The approach was tested for all the single blocks and even for the 

fused matrices ( the “1vs1” mid-level DF outcome, which does not differ from the one 

obtained with the Mid-Level Multi-Block-PLS-DA approach, is reported in Tab. (8.1)). 
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errors,  whose outcomes in external validation are reported in Tab. (8.1) (cross-validation 

results are not reported to keep the table readable), the total classification rates remain 

almost unchanged compared to the multi-class probabilistic PLS-DA models. It can 

therefore be assessed that no real problems related to unbalanced or incompatible groups 

have occurred when, for the estimation of the class probability, a super-class (which is 

the grouping of all the not-in-class samples) is considered. 
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• Data fusion 

 As stated above, low-level DF was applied by concatenating sample-wise the matrices 

that were pre-processed according to the optimal pre-treatment, identified during the 

optimization of the single-block PLS-DA models. Before building the low-level PLS-DA 

model, the fused matrix was block-scaled and mean-centered. The Frobenius norm (total 

sum of squares of each matrix) was used as a block-scaling factor to make the blocks 

comparable and to avoid the model being driven only by the blocks with the greater 

number of variables. The best low-level DF classification ability was achieved by 

involving all the three blocks (MIRout, NIRin/out and MIRin) and 12 Latent Variables, 

but satisfactory results, compared to the ones obtained by single-block models, were not 

reached (see Tab. (8.1)). Eventually, to test the mid-level DF strategy, the scores of the 

LVs, separately extracted in the optimal single-block PLS-DA models, were concatenated 

row-wise and a multi-block PLS-DA model was developed using the fused matrix 

(103x21). Excellent results were obtained using only the MIRout and NIRin/out matrices 

with an optimal complexity of 3 Latent Variables. Although in the mid-level DF an 

additional optimization step is required, a more balanced representation of the 

information carried by each block is ensured, which is a relevant factor especially when 

blocks containing a large number of variables are fused.  

 

Besides, a sequential mid-level DF was applied and compared to the above-described 

method. SO-PLS-DA has several advantages compared to the Multi-Block PLS-DA 

method; indeed, although it requires a greater computational effort, it potentially involves 

only one optimization step. Since SO-PLS-DA sequentially extrapolates information 

from the blocks, defining an optimal complexity for each dataset, it permits the 

independent evaluation of information sources and the removal of redundancy among 

them. Furthermore, a direct identification of significant variables and recognition of 

complemental information may be performed through the VI  analysis leading, in this 

case, to a direct chemical interpretation.24 Fig. (8.4) shows a 3D plot of the Ŷ in 

calibration (full symbols) and in validation (empty symbols) resulting from the SO-PLS-

DA model. The three class-distributions are well distinguished as well as the incorrect 

 
24 S. Wold, E. Johansson and M. Cocchi, “PLS - Partial Least-Squares Projections to Latent Structures.,” 

in 3D QSAR in Drug Design: Methods and Applications, ed. H. Kubinyi, (Escom Science Publishers, 1993): 

523–550. Retrivered from: https://www.springer.com/gp/book/9789072199140 

https://www.springer.com/gp/book/9789072199140
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attribution that the model makes in the external validation (one GS sample confused with 

GA) can be visualised. Moreover, the external samples proved to be representative of the 

class to they belong, as they fall relatively close to the training samples. MS is the most 

sensible and specific class, correctly recognizing all the compliant samples and rejecting 

all the samples that do not belong to the class. ŶGA and ŶGS appear more dispersed than 

ŶMS but, despite this, the SO-PLS-DA model achieved sensitivities of 100% and 91.7% 

with a complexity of 9 LVs for the MIRout block and 6 LVs for the NIRin/out. GS is the 

class showing the highest confusion, both for GA and MS. This could be explained 

considering the concurrence of different factors such as the analogy in the variety, which 

is autumnal in the case of GA and GS categories, but also the actual proximity of the 

production areas of GS and MS (Fig. (8.1-A)). In the present work, High-Level data 

fusion was not tested since, taking place at the decision level, the evaluation of the 

complementarity of the blocks results troublesome. Moreover, the SO-PLS-DA model 

produced satisfying results without compromising the chemical interpretability in the 

discrimination process. 

 

Tab. (8.1): Correct Classification Rate (CCR) in cross- and external validation of the single-

block and multi-block PLS-DA models with related complexity (LVs) and optimal pre-

processing 

 

  Cross-validation 

Pre-processing LVs GA MS GS Total CCR 

MIROUT SNV-1st derivative 11 91.9 89.2 79.3 86.8 

MIRIN SNV-1st derivative 13 91.9 83.8 69.0 81.6 

NIRIN/OUT 1st derivative 10 94.6 100.0 73.3 89.3 

L.L. (MIROUT NIRIN/OUT MIRIN) Optimal pre-proscessing 12 94.6 86.5 79.3 86.8 

M.L. (MIROUT NIRIN/OUT) autoscaling 2 100.0 100.0 100.0 100.0 

SO-PLS-DA (MIROUT NIRIN/OUT) Optimal pre-proscessing 9-6 100.0 100 100 100.0 

 

 External valiation 

GA MS GS Total CCR 

1 VS1 MIROUT 93.7 93.7 91.7 93.0 

MIROUT 93.7 100 83.3 92.3 

1VS 1  MIRIN 81.2 93.7 83.3 86.1 

MIRIN 81.2 87.5 91.7 86.8 

1 VS 1 NIRIN/OUT 100.0 81.2 75.0 85.4 

NIRIN/OUT 100.0 93.7 66.7 86.8 

L.L. (MIROUT NIRIN/OUT MIRIN) 100.0 87.5 75.0 87.5 

1 VS 1 M.L (MIROUT NIRIN/OUT) 100.0 100.0 83.3 94.4 

M.L. (MIROUT NIRIN/OUT) 100.0 100.0 83.3 94.4 

SO-PLS-DA (MIROUT NIRIN/OUT) 100.0 100.0 91.7 97.2 
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 (8.4): 3D plot of the Ŷ of each class resulting from the SO-PLS-DA model. Samples 

are differentiated according to the class membership and to the training set (full 

symbols) and the test set (empty symbols). 

 

• VIP analysis and chemical interpretation 

Fig. (8.1-B) shows the structure of the cereal caroxide and the rough chemical 

composition concerning the different seed tissue. Proteins are mainly concentrated in the 

cells of the aleurone layer, which is rich in albumins and globulins and characterized by 

a higher content of essential amino acids and lysine.25 Galterio et al. 26 quantified the 

protein percentage in three Italian landraces (Garfagnana, Leonessa and Trivento) and 

found values not greater than 10%. However, the high variability of this value was 

confirmed in the literature demonstrating the strong influence of the growing conditions 

and the genetic background on the protein content that also has proved to be higher in 

 
25 V. Čurná and M. Lacko-Bartošová, “Chemical Composition and Nutritional Value of Emmer Wheat 

(Triticum Dicoccon Schrank): A Review,” Journal of Central European Agriculture 18, no. 1 (2017): 117–

34. DOI: 10.5513/JCEA01/18.1.1871 

 
26 G. Galterio, P. Codianni, A. M. Giusti, B. Pezzarossa and C. Cannella ,“Assessment of the Agronomic 

and Technological Characteristics of Triticum Turgidum Ssp. Dicoccum Schrank and T. Spelta L.,” 

Nahrung/Food 47, no. 1 (2003): 54–59. DOI: 10.1002/food.200390012 
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https://doi.org/10.5513/JCEA01/18.1.1871
https://doi.org/10.1002/food.200390012
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spring emmer than in the autumn or winter varieties. 27 The amide I (~1650 cm-1) and 

amide II (~1550 cm-1) bands, which arise from specific stretching and bending vibrations 

of the protein backbone, are clearly distinguishable in the MIRout spectrum 

demonstrating a significant contribution of the aleurone layer to the signals. 28 The 

pericarp, as well as the seed coat and, to a lesser extent, the aleurone layer, are also 

characterized by structural carbohydrates, such as cellulose or hemicellulose, and by 

lignin, whose characteristic signals can be found in the MIRout spectrum (~1240 for the 

cellulosic material and the shoulders at ~1600 and ~1515, not present in the MIRin 

spectrum, indicative of the aromatic character of the lignin). Starch is the main storage 

carbohydrate in emmer kernels, accounting for 61 – 68% of the grain; MIRin shows a 

greater influence of starch typical bands, such as the α-1,4 Glycosidic bonds skeleton 

vibration at ~ 930 cm-1, demonstrating the higher starch amount in the endosperm. 29 

Finally, the lipids, which are the minor constituents (2% of the emmer kernel), are mainly 

concentrated in the germ and pericarp. Lipid signals are found in the region 2800–3000 

cm-1. The signals are predominantly asymmetric and symmetric stretching vibrations 

(~2922 and ~2852 cm-1) of the CH2 groups of the acyl chains.  In addition, the band at 

~1736 cm-1, which arises from a stretching vibration of the carboxyl group C=O in the 

lipid ester linkage, is higher in the MIRout spectrum.30 The relatively high intensity of 

this band suggests a higher lipid content in the seed coat and pericarp. The VIP analysis 

was performed for the SO-PLS-DA model in order to identify the variables giving the 

highest contribution in discriminating emmer landraces. VIP coefficients express the 

importance of each variable in defining the LVs subspace; a VIP index equal to 1, which 

is the average of the square values, is assumed as a cut-off to define which spectral 

variables are the most significant. Fig. (8.5) reports a graphical representation of VIP 

analysis: the red points correspond to the spectral variables having VIP scores higher than 

 
27 V. Giacintucci, L. Guardeño, A.Puig, I. Hernando, G. Sacchetti and P. Pittia, “Composition, Protein 

Contents, and Microstructural Characterisation of Grains and Flours of Emmer Wheats (Triticum Turgidum 

Ssp. Dicoccum) of the Central Italy Type,” Czech Journal of Food Sciences 32, no. 2 (2014): 115–121. 

DOI: 10.17221/512/2012-CJFS 

 
28 A. Barth, “Infrared Spectroscopy of Proteins,” Biochimica et Biophysica Acta (BBA) - Bioenergetics 
1767, no. 9 (2007): 1073–1101. DOI: 10.1016/j.bbabio.2007.06.004 

 
29 F. Huang, H. Song, L. Guo, P. Guang, X. Yang, L. Li, H. Zhao and M. Yang ,“Detection of Adulteration 

in Chinese Honey Using NIR and ATR-FTIR Spectral Data Fusion,” Spectrochimica Acta Part A: 

Molecular and Biomolecular Spectroscopy 235 (2020): 118297. DOI: 10.1016/j.saa.2020.118297 

 
30 P. Yu, H. Block, Z. Niu, and K. Doiron, “Rapid Characterization of Molecular Chemistry, Nutrient 

Make-up and Microlocation of Internal Seed Tissue,” Journal of Synchrotron Radiation 14, (2007): 382-

390. DOI: 10.1107/S0909049507014264. 

https://doi.org/10.17221/512/2012-CJFS
https://doi.org/10.1016/j.bbabio.2007.06.004
https://doi.org/10.1016/j.saa.2020.118297
http://journals.iucr.org/s/contents/backissues.html
https://doi.org/10.1107/S0909049507014264
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one, while the black line is the sample mean spectrum. The CH2 symmetric and 

asymmetric stretching (~2922 cm-1and ~2856 cm-1), as well as the CH bending at 1469 

cm-1, are selected. Variables related to the amide I and II signals and to the C=O stretching 

vibration show VIP scores higher than 1. Finally, the region of the spectrum from 1180 

cm-1 to 950 cm-1 related to the CO stretching in structural and not structural carbohydrates 

is highlighting as significant, as well as the starch characteristic band at  ~930 cm-1  and 

the signal detected at ~1235 cm-1 which is due to coupled OH bending and CO stretching 

vibrations. The selected NIRin/out features are shown in Fig. (8.5-B) and were selected 

considering the information already explained by the first block (MIRout). In particular, 

the variables in the range of ~5000 and ~5500 cm-1 are highlighted as relevant predictors 

and associated with the combination bands of the NH, OH and C=O bonds.31 VIP indeces 

higher than 1 are observed for the variables in the spectral range ~7000 to ~7200 cm-1 

which can be associated to the presence of carbohydrates, or to the absorption of non-

bonded O-H groups in fatty acids .32 Finally, a limited number of variables is selected 

between ~8000 and ~8900 cm-1 and 4100- 4600cm-1 probably due to the correlated 

information already taken into account in the MIRout block and linked to the second 

overtone and combination bands of C-H bond.33  

 

 

 

 
31 Cocchi, Corbellini, Foca, Lucisano, Pagani, Tassi and Ulrici “Classification of Bread Wheat Flours in 

Different Quality Categories by a Wavelet-Based Feature Selection/Classification Algorithm on NIR 
Spectra,” op. cit. ref. 11 

 
32 Luigi Amendola,  P. Firmani, R. Bucci, F. Marini and A. Biancolillo “Authentication of Sorrento 

Walnuts by NIR Spectroscopy Coupled with Different Chemometric Classification Strategies,” Applied 

Sciences 10, no. 11 (2020): 4003. DOI: 10.3390/app10114003 

 
33H. Zhao, B. Guo, Y. Wei, B. Zhang, “Near Infrared Reflectance Spectroscopy for Determination of the 

Geographical Origin of Wheat,” Food Chemistry 138, no. 2–3 (2013): 1902–1907. DOI: 

10.1016/j.foodchem.2012.11.037  

https://doi.org/10.3390/app10114003
https://doi.org/10.1016/j.foodchem.2012.11.037
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Fig. (8.5): VIP analysis of MIRout (A) and NIRin/out (B)spectra for the SO-PLS-DA model 

(9LVs for MIRout and 6LVs for NIRin/out): black line is the average spectrum; red points the 

variables with VIP > 1. 

 

8.4 Conclusion 

Promising results were obtained in the first part of the study by applying the multiclass 

PLS-DA approaches to the individual data blocks provided by IR analysis of emmer 

samples. The Data-Fusion strategy was applied to handle the multi-block dataset leading 

to comparable or better results than single-block models. The best outcome was obtained 

with MIRout and NIRin/out matrices elaborated through the SO-PLS-DA method (97.2% 

of total correct classification rate). The satisfactory results confirm that MIR and NIR 

spectroscopic techniques could be used to analyse the whole emmer grain and to provide 
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information that could be combined to assess the geographical origin of Italian emmer. 

The proposed methodology could also encourage the development of a similar approach 

aimed at emmer authentication. 
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CHAPTER 9 

Concluding remarks and outlook 

 

In this thesis, reliable analytical methods were developed exploiting profiling techniques 

and chemometrics for food authentication and geographical discrimination. The reported 

studies focused on typical niche foods, which were sampled directly from producers or 

local markets, in order to develop effective methods aimed at valorising and safeguarding 

that kind of high-valuable products. This thesis wants to provide traceability and 

authentication tools to be implemented in small-scale farms; a topical issue is addressed 

considering the growing consumer interest in the products with high traditional and 

nutritional worth, which is also recognized by certified marks. These regional niche 

products have experienced a decline over the years and their cultivation was maintained 

only by small local producers, which, nowadays, are not able to meet the customer 

demand. This status, in addition to the increased commercial value, makes these products 

highly susceptible to fraud and unfair competition, endangering the product credibility 

and biodiversity, which is put at risk also by the growing trend to extend cultivation to 

more productive and non-traditional areas. Thus. untargeted analysis and chemometric 

algorithms were used to provide a starting point for a small-scale protection system. In 

detail, ICP-OES, ICP-MS, IR-MS (as multi-elemental profiling techniques) and UV-Vis, 

NIR, MIR (as spectroscopic fingerprinting techniques) were employed on different food 

matrices (garlic, lentils, saffron and emmer) and were coupled with multivariate data 

elaboration tools (exploratory analysis, single- and multi-block classification methods, 

class-modelling algorithms) obtaining satisfactory results in all the described 

applications. Indeed, multi-elemental profiling techniques have proved to be very 

powerful and sensitive tools for geographical traceability, since the multi-elemental 

composition of the sample provides information directly related to the pedoclimatic 

characteristics of the area where the food product was grown. However, these techniques 

require expensive instrumentation, trained personnel and appropriate sample preparation 

(drying, mineralization, dilution). On the other hand, spectroscopic profiling techniques, 

allowing to collect combined signals of the complex food matrix, are in general less 

sensitive. In this case, however, a proper multivariate processing tool is required to exploit 

valuable information, which could be covered by spurious and uninformative effects. 

Accordingly, the multiple advantages in terms of applicability of these fingerprinting 
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techniques are accompanied by a greater computational effort to obtain reliable and 

satisfactory results. 

In conclusion, the described methods, which were appropriately validated, were able to 

discriminate samples of different origins produced, in many cases, in very close typical 

areas. When feasible, class-modelling algorithms were exploited to prove the potential 

application of fingerprint/chemometric approaches for the authentication of particularly 

valuable food products. 

The usefulness and relevance of chemometric methods, in this specific field of food 

control, is undoubtedly highlighted in this thesis. Chemometrics makes information of 

interest exploitable and allows an informative bulk characterization of the sample, mainly 

when fingerprinting analyses are carried out. Future perspectives about chemometrics, in 

the field of food traceability, are closely related to the major technological advances over 

the last ten years, such as nanotechnology, artificial intelligence, new generation 

computing. These tools will certainly help to improve the transparency of the production 

system, facilitating the on-line process control and the real-time accessibility to data. 

However, the use of these advanced tools necessarily needs an effective engagement of 

the national and international public authorities and of the leading producers. From a 

technological point of view, the possibility to perform on-line and/or in situ authentication 

and quality control is nowadays a realistic scenario supported by the possibility of using 

compact hand-held devices. In this context, smartphones will probably be the major tool 

for food traceability in the near future, but they need to be supported by advanced and 

compatible methods for authentication and quality control. In this regard, outlook on 

chemometrics may concern the Digital Image-Based (DIB) methods, which rely on the 

multivariate elaboration of digital images (with excellent definition and resolution) 

obtained by simple commercial devices such as digital cameras, webcams, scanners, and 

smartphones that are easy to use, rapid, versatile, low cost and, in theory, are suitable to 

be combined with an on-line control system. Multivariate image analysis, multivariate 

image regression and CACHAS (Chemometrics-assisted color histogram-based 

analytical systems) have been used, in food analysis, for the identification of food 

adulteration and for geographical discrimination, showing great potentiality for the 

integration in the traceability system. Unlike the spectroscopic techniques (mainly NIR), 

which, coupled with chemometrics, have already been implemented for internal 

traceability in companies, multivariate image analysis is still in a preliminary state. 

Besides the careful evaluation of the common critical steps of each chemometric model, 
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i.e. validity, applicability and interpretability, the most immediate challenge, in this area, 

would be the implementation of the above-mentioned methods for the on-line monitoring 

of the qualitative/quantitative parameters in the industry or for the routine analysis in 

accredited laboratories. 
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