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SUMMARY 

As globalization continues to grow, trade structures are becoming increasingly complex, which 

creates numerous challenges for businesses. One of these is ensuring the authenticity of high-

priced products. Recent developments have made it clear that established control mechanisms 

are often inadequate for ensuring protection against fraud or mislabeling, so the need for new 

analytical solutions is growing rapidly. In its individual studies, this dissertation examines the 

application of modern data-driven approaches for the authentication of various goods of 

agricultural and non-agricultural origin. At the heart of all investigations is a software that was 

developed specifically for this research project but, thanks to its modular design, has great 

potential for future applications in diverse fields. It enables the automated processing, modeling, 

and evaluation of spectroscopic and spectrometric data. To date, there has been no solution that 

enables streamlined analysis of data from, for example, isotope ratio mass spectrometry (IRMS), 

nuclear magnetic resonance spectroscopy (NMR), near-infrared spectroscopy (NIR), and the 

associated metadata in a fully reproducible and transparent manner. One area of investigation 

focused on the authentication of spring barley with respect to the harvest year. Grain samples 

were taken directly from active trade flows and then analyzed to ensure that they reflected 

realistic conditions in the supply chain, in contrast to numerous studies that relied on samples 

from strictly controlled experimental fields and are therefore hardly transferable to real-world 

conditions. The aim was to develop a novel analytical approach that allows differentiation of the 

two harvest years 2017 and the extremely dry 2018 for spring barley samples by means of 

multiple modern analytical techniques and to link the observed metabolic differences to the 

physiological responses of plants to drought stress. Samples from the 2018 harvest year showed 

significantly less negative δ¹³C values than those from 2017, likely reflecting reduced stomatal 

conductance and altered carbon assimilation during the grain-filling stage. These findings were 

supported by NIR, which showed lower protein, starch, and moisture content and an increase in 

lipid content for 2018. NMR analysis revealed elevated concentrations of the osmolyte betaine, a 
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well-known biochemical marker for abiotic stress adaptation. By merging the isotope and NIR 

datasets and applying multivariate statistical analysis, a classification model was built that achieved 

100% separation accuracy between the two investigated years. Although not directly linked to 

authenticity, differences in variety-specific stress responses were also observed, demonstrating 

the broader applicability of the approach for selecting stress-resilient varieties in the future. 

Subsequently, the established chemometric framework for authenticity testing was adapted and 

transferred to a fundamentally different sample matrix, namely gemstones. In this context, 

demantoid garnets were analyzed, a material whose market value is strongly influenced by its 

geographical origin. A total of 136 samples from six different countries were analyzed using laser 

ablation inductively coupled plasma mass spectrometry (LA-ICP-MS), with the aim of 

distinguishing origin based on trace element profiles. Logarithmic transformation of the recorded 

data proved critical for appropriate statistic modeling, enabling clear separation for five of the six 

countries of origin with classification accuracies being especially high for samples from Namibia, 

Pakistan, and Madagascar. Analysis of variable importance identified the elements Al and Cr as 

key discriminants across most models. Importantly, this work was among the first in gemological 

research to comprehensively address issues of database design, data preprocessing, and model 

validation, providing a reproducible and transparent workflow that can serve as a blueprint for 

future studies. In response to a specific industry need in the food sector, the final study of this 

dissertation was initiated with the intent to trace the processing location of barley malt, an 

important intermediate product in beer production. Stable isotope analysis of hydrogen and 

oxygen was used to investigate whether water isotope signatures in malt reflect the location of the 

malting facility. Therefore, thirty-four barley samples were processed in two different malthouses 

located approximately 500 km apart. Using IRMS analysis, significant differences in δ2H and δ18O 

values between malts from the two investigated locations were observed with all malt samples 

showing significantly less negative δ2H and δ18O values compared to the raw material barley. It is 

the first study to document systematic shifts in isotope ratios during the malting process. 
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Notably, the direction of these differences matched expected regional trends in precipitation 

isotope values, supporting the hypothesis that local water sources influence the final isotopic 

signature of the malt. The work illustrates that authenticity verification, when grounded in state-

of-the-art analytics and supported by rigorous data science, can evolve into a powerful, flexible 

toolset applicable across industries. Such capabilities are becoming ever more critical in a world 

where supply chain complexity and the demand for verifiable product integrity continue to grow. 
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ZUSAMMENFASSUNG  

Mit dem fortschreitenden Prozess der Globalisierung werden Handelsstrukturen zunehmend 

komplexer, was für Unternehmen zahlreiche Herausforderungen mit sich bringt. Eine davon ist 

die Sicherstellung der Authentizität hochpreisiger Produkte. Jüngste Entwicklungen haben 

gezeigt, dass etablierte Kontrollmechanismen häufig nicht ausreichen, um einen wirksamen 

Schutz vor Betrug oder Falschdeklaration zu gewährleisten. Der Bedarf an neuen analytischen 

Lösungen wächst daher rasant. Diese Dissertation untersucht in ihren Einzelarbeiten die 

Anwendung moderner, datengetriebener Ansätze zur Authentifizierung verschiedener Waren 

landwirtschaftlichen und nicht-landwirtschaftlichen Ursprungs. Im Zentrum aller 

Untersuchungen steht eine eigens für dieses Forschungsprojekt entwickelte Software, die dank 

ihres modularen Aufbaus großes Potenzial für zukünftige Anwendungen in unterschiedlichen 

Bereichen bietet. Sie ermöglicht die automatisierte Verarbeitung, Modellierung und Auswertung 

spektroskopischer und spektrometrischer Daten. Bislang existierte keine Lösung, die eine 

effiziente, reproduzierbare und transparente Analyse von Daten aus beispielsweise der 

Isotopenverhältnis-Massenspektrometrie (IRMS), der Kernspinresonanzspektroskopie (NMR), 

der Nahinfrarotspektroskopie (NIR) sowie den zugehörigen Metadaten ermöglicht. Ein 

Schwerpunkt der Untersuchungen lag auf der Authentifizierung von Sommergerste im Hinblick 

auf das Erntejahr. Die Getreideproben wurden direkt aus laufenden Handelsströmen 

entnommen, um realistische Bedingungen innerhalb der Lieferkette abzubilden, im Gegensatz zu 

zahlreichen Studien, die auf Proben aus streng kontrollierten Versuchsflächen beruhen und daher 

nur eingeschränkt auf die Praxis übertragbar sind. Ziel war es, einen neuartigen analytischen 

Ansatz zu entwickeln, der es ermöglicht, Sommergerstenproben der beiden Erntejahre 2017 und 

dem extrem trockenen Jahr 2018 mithilfe moderner analytischer Techniken zu unterscheiden und 

die beobachteten metabolischen Unterschiede auf physiologische Reaktionen der Pflanzen auf 

Trockenstress zurückzuführen. Die Proben aus dem Erntejahr 2018 zeigten deutlich weniger 

negative δ¹³C-Werte als jene aus 2017, vermutlich durch eine verringerte stomatäre Leitfähigkeit 
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und eine veränderte Kohlenstoffassimilation während der Kornfüllungsphase. Diese Befunde 

wurden durch die NIR-Analyse gestützt, die für 2018 niedrigere Gehalte an Protein, Stärke und 

Feuchtigkeit sowie einen erhöhten Lipidgehalt zeigte. Die NMR-Analyse offenbarte zudem 

erhöhte Konzentrationen des Osmolyten Betain, ein bekannter biochemischer Marker für die 

Anpassung an abiotischen Stress. Durch die Kombination der Isotopen- und NIR-Daten und die 

Anwendung multivariater statistischer Verfahren konnte ein Klassifikationsmodell erstellt 

werden, das eine vollständige Trennung der beiden Erntejahre mit 100 %iger Genauigkeit 

erreichte. Obwohl dies nicht unbedingt mit Authentizitätfragen verknüpft ist, wurden auch 

sortenspezifische Unterschiede in der Stressantwort festgestellt, die auf eine breitere 

Anwendbarkeit des Ansatzes, etwa zur Auswahl stresstoleranter Sorten in der Zukunft, 

hindeuten. Im nächsten Schritt wurde das etablierte chemometrische Rahmenwerk zur 

Authentizitätsprüfung auf eine grundlegend andere Probenmatrix übertragen, nämlich auf 

Edelsteine. In diesem Zusammenhang wurden Demantoid-Granate analysiert, deren Marktwert 

stark vom geographischen Ursprung abhängt. Insgesamt wurden 136 Proben aus sechs 

verschiedenen Ländern mittels Laserablation-induktiv gekoppelter Plasma-Massenspektrometrie 

(LA-ICP-MS) untersucht, mit dem Ziel, die Herkunft anhand der Spurenelementprofile zu 

differenzieren. Die logarithmische Transformation der erfassten Daten erwies sich als 

entscheidend für eine geeignete statistische Modellierung und ermöglichte eine klare Trennung 

für fünf der sechs Herkunftsländer, wobei die Klassifikationsgenauigkeit insbesondere für Proben 

aus Namibia, Pakistan und Madagaskar sehr hoch war. Die Analyse der Variablenbedeutung 

identifizierte die Elemente Al und Cr als zentrale Unterscheidungsmerkmale in den meisten 

Modellen. Besonders hervorzuheben ist, dass diese Arbeit zu den ersten in der gemmologischen 

Forschung zählt, die Fragen des Datenbankdesigns, der Datenvorverarbeitung und der 

Modellvalidierung umfassend adressiert und damit einen reproduzierbaren und transparenten 

Workflow bereitstellt, der als Blaupause für zukünftige Studien dienen kann. Auf einen konkreten 

Bedarf aus der Lebensmittelbranche reagierend, wurde die letzte Studie dieser Dissertation mit 
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dem Ziel initiiert, den Verarbeitungsort von Gerstenmalz - einem wichtigen Zwischenprodukt in 

der Bierherstellung - zu bestimmen. Durch Stabilisotopenanalysen von Wasserstoff und 

Sauerstoff sollte ermittelt werden, ob die im Malz nachweisbaren Isotopensignaturen das 

verwendete Wasser widerspiegeln und dadurch Rückschlüsse auf den Standort der Mälzerei 

zulassen. Zu diesem Zweck wurden 34 Gerstenproben in zwei Mälzereien verarbeitet, die rund 

500 km voneinander entfernt liegen. Die IRMS-Analyse zeigte signifikante Unterschiede in den 

δ2H- und δ18O-Werten zwischen den Malzproben der beiden Standorte. Zudem wiesen alle 

Malzproben im Vergleich zur Ausgangsgerste deutlich weniger negative Werte auf. Es handelt 

sich um die erste Studie, die systematische Verschiebungen der Isotopenverhältnisse während des 

Mälzprozesses dokumentiert. Bemerkenswert ist, dass die Richtung dieser Verschiebungen mit 

den erwarteten regionalen Trends der Niederschlagsisotopie übereinstimmte, was ein deutlicher 

Hinweis darauf ist, dass lokale Wasserquellen die finale Isotopensignatur des Malzes beeinflussen. 

Die Arbeit zeigt, dass Authentizitätsprüfung, gestützt auf modernste Analytik und fundierte 

Datenwissenschaft, zu einem leistungsfähigen, flexiblen Werkzeugkasten heranwachsen kann, der 

branchenübergreifend Anwendung findet. Solche Fähigkeiten werden in einer Welt, in der 

Lieferketten immer komplexer werden und die Nachfrage nach überprüfbarer Produktintegrität 

stetig steigt, zunehmend unverzichtbar. 
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1 INTRODUCTION 

1.1 Understanding Authenticity: Origins and Modern Relevance 

What actually is authenticity? Mankind has been dealing with this admittedly rather philosophical 

question for many decades, if not centuries. And yet, no clear and uniform definition can be 

found. Depending on what is to be described by the term, there are the most diverse 

interpretations (Carroll, 2015). Nonetheless, there is widespread consensus that something is 

considered “authentic” (from Ancient Greek: authentikós) if it is genuine, meaning it does not 

deviate from the original. In other words, when people seek authenticity, they look for 

consistency with established expectations or standards. To better understand what this means in 

the context of commercial goods, it is helpful to know the main attributes commonly associated 

with it (Table 1).  

Table 1 Key attributes defining authenticity in commercial goods 

Authenticity attribute Description Literature example(s) 

Geographical origin Association with a specific 

region (e.g., Champagne, 

Parmigiano Reggiano, etc.) 

(Charters & Spielmann, 2014; 

Cozzi et al., 2019) 

Production method Unique or traditional 

production process (e.g., 

Haymilk). 

(Paredes et al., 2018) 

Purity Genuine, unaltered 

ingredients or materials 

without substitution or 

adulteration (e.g., honey, fruit 

juices). 

(García & Enghelmayer, 

2025; L. Xu et al., 2022) 

Brand reputation Established businesses or 

producers with a reputation 

for quality and consistency. 

(Napoli et al., 2014, 2016) 
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Certifications or labels Third-party certifications that 

verify authenticity attributes 

(e.g., Marine Stewardship 

Council certification standard 

program for fisheries 

products) 

(Cundy et al., 2023; de Melo 

et al., 2024) 

Scarcity Limited availability or 

exclusivity that enhances the 

perceived uniqueness and 

value of the product (e.g., 

argan oil or tanzanite). 

 

(Mohammed et al., 2021; 

Vincent et al., 2021) 

Sustainability Use of environmentally 

responsible practices and fair 

labor standards that 

contribute to the product’s 

integrity and consumer trust 

(e.g., specialty coffee, craft 

chocolate). 

(Barreto Peixoto et al., 2023; 

Cadby et al., 2021) 

 

1.2 Cocoa as a Case Study: Authenticity in a Globalized Food System 

Among the authenticity attributes listed, some are especially prominent in the context of food 

products. Cocoa beans are not only the most critical raw product for chocolate production, but 

they also perfectly illustrate how origin, production practices, and ethical considerations influence 

the consumers' perceptions of authenticity. 

Cocoa (Theobroma cacao L.) beans are one of the world's most important tropical crops. The vast 

majority of cocoa trees are exclusively cultivated by small-scale family farmers located in West 

Africa and South America. While cocoa is mainly traded on the commodity exchanges in London 

and New York, not all cocoa is valued equally. Some of this is due to the quality of the beans, 

which is heavily influenced by standard cocoa production methods, including fermentation and 
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drying techniques (Beckett et al., 2017). Likewise, transparent sourcing and the use of 

certifications signal integrity along the supply chain, increasing consumer trust and competitive 

advantage. Increasingly, traceability has become a key marker of authenticity, as buyers and 

consumers seek clarity about where and how cocoa was produced, by whom, and under what 

conditions. The International Cocoa Organization (ICCO, https://www.icco.org/), which is a 

global organization with members from both cocoa-producing and cocoa-consuming countries, 

distinguishes between high-quality "fine or flavor" cocoa beans and the regular "bulk" or 

"ordinary" cocoa beans. Countries whose cocoa has been evaluated by an official ICCO panel 

can receive approval to produce "fine or flavor” cocoa and subsequently charge significantly 

higher prices for their goods (Bindereif et al., 2019). From this point in time, the cocoa’s origin 

drastically changes the wages of farmers, the margins of middlemen and processors, but also the 

price that consumers ultimately pay when buying chocolate (Cadby & Araki, 2021). Even within 

the fine-flavor cocoa sector, the exclusivity of particularly rare cultivars can lead to significantly 

higher market values, positioning them at the very top end of this premium category. The cocoa 

cultivar Criollo Porcelana, grown in Venezuela, is a perfect example of this phenomenon: its low 

yield and limited geographical distribution make it one of the most sought-after varieties in the 

world (Brunetto et al., 2020; Lachenaud & Motamayor, 2017). The ICCO program also tries to 

promote fair labor standards, supports farmer education and technical training, and encourages 

independence from middlemen through the creation of direct-trade markets. Moreover, buyers of 

“fine or flavor” cocoa are usually more environmentally conscious, incentivizing sustainable 

practices that preserve biodiversity, improve soil health and limit the use of agrochemicals. 

Having said that, there is still a long way to go, as farmers remain exposed to the influence of 

intermediaries and international distributors who continue to control market access (Salazar et al., 

2023). Consequently, authenticity now carries connotations of social responsibility, and products 

sourced from regions associated with labor exploitation may face reputational risks (Iyer & 

Kalita, 1997). In the worst-case scenario, the origin of raw materials can lead to lasting damage to 
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the reputation of major international businesses. This issue is not exclusive to the cocoa industry 

and similar patterns are observed in other global sectors. For example, many well-known fashion 

brands have faced criticism for sourcing textiles from countries with widespread poor working 

conditions and human rights violations. The media attention is enormous, and voices are quickly 

raised that wish for more transparency (Fraser & van der Ven, 2022; Islam & Deegan, 2010). 

1.3 From Documentation to Verification: The Rise of Analytical Solutions 

It follows that the authenticity of products must be ensured at any point in the supply chain in 

order to protect all parties involved. At the same time, this very task is becoming an increasingly 

difficult challenge in our globalized world (Aung & Chang, 2014; L. Li, 2013). In many cases, 

companies rely largely on documents provided by intermediaries or contractors, but such records 

offer only limited and indirect insight; ultimately, authenticity must be measurable and verifiable. 

Fortunately, the scientific community, consisting of academia and the official bodies, but also 

commercial laboratories and equipment manufacturers, has been continuously searching for solid 

analytical solutions to authenticity issues for decades and today provides a plethora of valuable 

tools (Böhme et al., 2019; Hong et al., 2017; Melcher et al., 2021). These developments are not 

limited to theoretical research; many of the resulting techniques have been successfully translated 

into applied settings across a variety of industries. Accredited governmental laboratories 

increasingly rely on scientific testing methods once they have undergone formal validation and 

have been standardized through recognized procedures (O’Mahony et al., 2024). These steps are 

fairly time-consuming but essential as the techniques should not only be scientifically sound but 

also compliant with legal requirements. 

1.4 Stable Isotope Analysis: Foundations and Applications in Authenticity Testing 

One technology has proven to be particularly powerful in the field of authenticity testing (Picó & 

Barceló, 2023) and is still regularly considered the “gold standard”: the determination of stable 

isotope ratios, which has a long and impressive history of development. The British scientist and 

later Nobel Prize winner Frederick Soddy laid the foundation more than 100 years ago when he 
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introduced the concept of isotopes in 1913 and recognized that most chemical elements in nature 

do not occur as pure isotopes, but as mixtures of stable nuclides which differ in their atomic 

mass but have the same chemical properties (Wolfsberg et al., 2009). The difference in mass 

between isotopes arises because they have the same number of protons (which defines the 

element) but differ in the number of neutrons in the atomic nucleus. Once the necessary 

technical prerequisites were established, research into the relative abundance of isotopes and 

mean stable isotope ratios for elements was initiated (Nier, 1950; Rossmann, 2001). While 

research in the first years concentrated on unstable isotopes (radioisotopes) such as uranium and 

thorium for age determination in geosciences, this changed from the 1950s onwards and the light 

bioelements hydrogen (2H/1H), carbon (13C/12C), nitrogen (15N/14N), oxygen (18O/16O) and 

sulphur (34S/32S) came to the fore (Craig, 1953; Emiliani, 1955; Epstein & Mayeda, 1953; I. 

Friedman, 1953; Hoering, 1955; McCrea, 1950; Thode et al., 1949). Despite numerous 

developments and optimizations, the instruments used today for isotope analysis of light 

elements are based on the same principles developed back at that time (Akoka & Remaud, 2020; 

Jézéquel et al., 2017). In isotope ratio mass spectrometry, the sample material to be analyzed is 

converted into simple measuring gases (H2, CO2, N2, SO2), which are then isolated and finally 

transferred to a specialized mass spectrometer using the carrier gas helium (Bigeleisen et al., 1952; 

H. Craig, 1953; Kelly et al., 2018; Preston, 1992). This is achieved by combustion (Brand et al., 

2014), pyrolysis (Gehre & Strauch, 2003), or chemical oxidation (Krummen et al., 2004), 

depending on the sample type and the isotopes being analyzed. In the mass spectrometer, the 

measuring gases are ionized in the ion source and then accelerated into a magnetic field, which 

separates them based on their mass-to-charge ratio (m/z). Finally, the separated ions are directed 

to detectors (Faraday cups), where their relative abundances are measured (Brown & Tautfest, 

1956; Kelly et al., 2018). The mass spectrometer detects the ion ratios corresponding to different 

isotopic forms (isotopologues) of the gases. For instance, in carbon isotope ratio analysis, the 

mass spectrometer simultaneously monitors ions with mass-to-charge ratios (m/z) of 44, 45, and 
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46, representing ions from CO2 molecules that contain 12C, 13C, 16O, 17O, and 18O in different 

combinations (Muccio & Jackson, 2009). This precise monitoring allows scientists to detect even 

small differences in isotopic ratios, which can reveal important information about the history and 

origin of a sample. Variations in natural isotope abundances are typically expressed in per mil 

(‰) using the so-called delta (δ) notation, which compares the isotope ratio of a sample to an 

internationally agreed-upon standard reference (zero-point) (Brand et al., 2014; Coplen, 2011). It 

has several advantages over the use of absolute values, including sensitivity to minimal 

differences and better interpretability. International standards are also used to ensure consistency 

and comparability of isotope ratio measurements across different laboratories and instruments 

(Meier-Augenstein, 2017). The isotopic abundances of the named elements were fixed during the 

formation of the Earth and have stayed unchanged globally since then, but subtle variations in 

the natural isotopic composition of various sample matrices are introduced through so-called 

fractionation processes. These can be of a biological, chemical, or physical nature. Through many 

years of research into these processes, we are now able to interpret them accurately and 

understand their significance (Hoefs, 2021). For example, because of the pioneering work on 

carbon isotope discrimination during photosynthesis, we know how and why plants using 

different photosynthetic pathways, namely C3 plants, C4 plants, and plants utilizing the 

crassulacean acid metabolism (CAM) differ in their natural carbon isotope compositions (Cerling 

et al., 1997; Cernusak et al., 2013; Farquhar et al., 1989; G. Schmidt et al., 1993). However, not 

only does the biomass of the plants themselves carry a photosynthetic pathway-dependent 

signature, but also the products obtained from these plants (Meier-Augenstein, 2017). As the 

technology advanced, IRMS found broader applications in testing various food products, such as 

olive oil (Camin et al., 2010), dairy products (Bontempo et al., 2011; Brescia et al., 2005; Perini et 

al., 2022), and meats (Boner & Förstel, 2004; Heaton et al., 2008; Horacek & Min, 2010). 

Scientists around the globe quickly discovered that the recorded isotopic fingerprints of these 
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products contain valuable information about their geographical origin, production methods, and 

potential adulteration (Camin et al., 2016; Kelly et al., 2005). 

1.4.1 The Role of Stable Isotopes in Verifying Agricultural Practices 

Especially in the field of cereal science, global interest in solutions based on stable isotope 

analysis is increasing (Li et al., 2016; Liu et al., 2023). For example, the nitrogen isotope 

signatures (δ15N) of plants are one of the key indicators for organic farming (Giannioti, Ogrinc, et 

al., 2024; Laursen et al., 2013; Paolini et al., 2015). This is largely related to the main nitrogen 

source of the plants, i.e. in many cases the fertilizer used. In conventional agriculture, 

predominantly synthetic fertilizers are applied (Penuelas et al., 2023). Nitrogen in these fertilizers 

is obtained via the Haber-Bosch process, i.e. by the chemical fixation of atmospheric nitrogen 

(N2), followed by a conversion to ammonia (NH3) (Haber & Le Rossignol, 1913). The process 

does not lead to any significant fractionation processes and consequently the δ15N of the 

fertilizers is close to the value of atmospheric nitrogen (δ15Natm. = 0‰) (Bateman & Kelly, 2007; 

Choi et al., 2017). Organic farming differs mainly in that pesticides and synthetic fertilizers are 

prohibited, so organic fertilizers such as animal manure, compost, or green manure are used. As 

there is a strong isotopic discrimination of the heavy nitrogen isotope 15N due to N-

transformation processes prior to plant uptake (ammonia volatilization, denitrification, 

nitrification etc.), plants supplied with animal manure and compost usually show higher δ15N 

values (Choi et al., 2017; Laursen et al., 2013). Nonetheless, numerous publications in the field of 

agricultural science repeatedly show that this supposedly clear connection between the use of 

different fertilizers and the nitrogen isotope signature of the resulting plant material is anything 

but reliable and that the situation appears to be much more complex, as an extremely large 

number of factors have an influence (Inácio et al., 2015; Schmidt et al., 2005). To cope with this 

complexity, cereal research is increasingly moving towards multi-method approaches and 

combining nitrogen isotope data with other promising technologies to eventually achieve a 

reliable approach to differentiate between cereals from organic and conventional farming 
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(Lozano-Castellón et al., 2024). Recently, a working group from Italy used a multi-method 

approach to differentiate between wheat samples from conventional and organic cultivation 

(Giannioti, Suman, et al., 2024). As a first step, they analyzed wheat grain samples for bulk 

nitrogen, carbon, and sulfur isotope values and the isotopic compositions of several amino acids 

by gas chromatography isotope ratio mass spectrometry (GC-C-IRMS). The samples were also 

analyzed for the presence of mycotoxins and pesticides. To cover the whole production chain, 

the grain samples were subsequently milled into flour and then processed into baked goods and 

pasta, which were also analyzed using the methods stated above. The results from the nitrogen 

isotope testing showed the aforementioned trend with more positive δ15N values in organic 

wheat grains compared to the conventional samples. However, even in this study there were 

numerous samples from organic cultivation that showed values close to 0‰, which resulted in a 

large overlap with the samples from conventional cultivation. The authors concluded that a 

differentiation was only made possible by the addition of pesticide data, as crop-protecting agents 

were exclusively detected in conventional samples. Interestingly, a significant reduction of 

mycotoxins and pesticides was shown in the processed products, while nearly all isotope values 

remained unchanged, with very few amino acids showing deviations. This confirms the strength 

of multi-method approaches, especially when aiming to investigate entire production chains. 

While pesticide data enabled separation by agricultural cultivation method for cereal grains, this 

information was lost through the processing steps, and isotope abundances were better suited 

due to their stability. 

1.4.2 Expanding the Scope: Isotopic Techniques for Origin Tracing and Adulteration 

Detection 

Oxygen and hydrogen isotope abundances are also frequently used in combination with other 

techniques in cereal science, as they are a powerful tool for determining the geographic origin of 

plant material or products derived from it. δ18O and δ2H values in water vary geographically due 

to environmental factors like temperature, altitude, latitude, and proximity to bodies of water 



INTRODUCTION 

17 

(Carter & Chesson, 2017). As water undergoes cycles of evaporation, condensation, and 

precipitation, fractionation occurs and lighter isotopes preferentially evaporate, while heavier 

isotopes condense more readily (Hoefs, 2021). When plants then use this water, they incorporate 

the corresponding isotope signature into their biomass. However, plant material does not always 

directly reflect the local water isotope signature due to additional processes in the soil and within 

the plant that can alter the isotopic abundances (Barbour, 2007; Gebauer et al., 2016; Ziegler, 

1989). Nietner et al. (2014) utilized these relationships in a comprehensive study to determine the 

origin of distillers dried grains and solubles, a cereal by-product of alcohol production commonly 

used as a protein-rich feed in livestock farming. Using a multi-element approach (2H/1H, 13C/12C, 

15N/14N, 18O/16O, and 34S/32S isotope ratios), samples from the USA, China, and the EU were 

successfully differentiated, with hydrogen and oxygen abundances being the decisive variables in 

the course of the statistical discriminant analysis. Another noteworthy example of the application 

of stable isotope techniques in food authentication is the testing of honey for adulteration 

(Ziegler et al., 1977). Unlike many analytical methods in the field, which are still under 

development or lack formal regulatory acceptance, the use of isotope ratio mass spectrometry 

(IRMS) in this context stands out as it is officially recognized by the Association of Official 

Agricultural Chemists (AOAC) method 998.12 and can be used in court proceedings (Rogers et 

al., 2013; White, 1992; White & Winters, 1989). A European Directive (2001/110/EC) defines 

honey as “the natural sweet substance produced by Apis mellifera bees from the nectar of plants or 

from secretions of living parts of plants or excretions of plant-sucking insects on the living parts 

of plants, which the bees collect, transform by combining with specific substances of their own, 

deposit, dehydrate, store and leave in honeycombs to ripen and mature.” Unfortunately, honey is 

frequently adulterated with low-cost sugar syrup to illegally increase the margin. Of course, this 

means that the product no longer meets the official definition of honey and is therefore not 

considered marketable (García & Schwarzinger, 2021). 
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Most honeys available on the market are mainly based on C3 plants, thus their sugars but also 

pollen have a δ13C between -22‰ and -33‰, where δ13C is a measure of the isotopic ratio of the 

stable carbon isotopes 13C and 12C with respect to an internationally recognized standard. When a 

honey is adulterated with a sugar syrup made from C4 plants, which naturally show a δ13C 

between -10‰ and -20‰, there is a measurable difference between the isotopic signature of the 

bulk honey and its pollen. A difference of 1‰ between honey and pollen corresponds to a C4 

sugar content of about 7 %, which simultaneously is the internationally tolerated limit to consider 

a honey as being genuine (White, 1992). As this detection method for C4 sugar syrups has been 

established for several decades, many fraudulent activities have shifted towards the use of C3 

sugar syrups (e.g., from rice or sugar beet), which are difficult to detect using IRMS. Often the 

suppliers of the syrups even advertise that the products are guaranteed to pass the official IRMS 

test. There is a frequently used advancement of the AOAC 998.12 method, in which the sugars 

contained in honey are separated by liquid chromatography before the carbon isotope signature is 

measured (LC-C-IRMS), but the added value of this approach is questionable (Cabañero et al., 

2006; Elflein & Raezke, 2008). In addition, the detection of adulteration using this technique is 

oftentimes based on the presence of oligosaccharides instead of differences in carbon isotope 

values, and various syrups are detected only in quantities that are not relevant for the honey 

market (Aries et al., 2021; QSI – Quality Services International, 2025). No matter what type of 

carbon isotope analysis is performed in the end, it is not sufficient in any case to assess the 

overall authenticity of a honey sample (Biswas et al., 2023). Therefore, complementary tests are 

necessary.  

1.5 Nuclear Magnetic Resonance: From Theory to Real-World Food Authentication 

Another advanced analytical method that has gained increasing attention in the field of 

authenticity testing is nuclear magnetic resonance (NMR) spectroscopy. The theoretical 

groundwork for this technique was done by a physicist named Isidor Isaac Rabi. He first 

demonstrated the magnetic resonance of atomic nuclei in a molecular beam and finally 
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introduced the basic principles of the technique back in 1938 (Rabi et al., 1938). For this work, he 

was awarded the Nobel Prize in Physics in 1944. Building on these pioneering findings, two 

scientists independently performed the first NMR experiments in condensed matter in 1946. 

With that, Felix Bloch (Bloch, 1946), and Edward M. Purcell (Purcell et al., 1946) marked the 

formal birth of NMR spectroscopy as we know it today. Just like Rabi, they were jointly awarded 

the Nobel Prize in Physics in 1952 for their important contributions to the development of this 

influential analytical method (Giunta & Mainz, 2020). In the following years, it evolved from a 

basic technique for evaluating molecular structures in organic chemistry to a high-throughput 

method that enables non-targeted screening in complex matrices. For almost all types of available 

NMR testing, the basic principle lies in the behavior of atomic nuclei with an odd number of 

protons or neutrons, which therefore possess a property called spin. When placed in an external 

magnetic field, such nuclei align with or against it (Günther, 2013). Through irradiation with 

radiofrequency pulses, those nuclei absorb energy and are promoted to a higher energy state, but 

as soon as the irradiation stops, they relax back to their original state. While doing so, they emit 

electromagnetic signals that can be detected and transformed into NMR spectra. These provide 

valuable information about the molecular environment of the nuclei that can be used to identify 

and quantify a wide range of compounds (Friebolin, 2013). Until today, major advancements in 

instrumentation, such as Fourier-transform processing, pulse sequence optimization, as well as 

the introduction of superconducting magnets, have significantly increased spectral resolution, 

sensitivity, and speed of measurements (Freeman, 1993; Wikus et al., 2022). Initially confined to 

academic research, NMR quickly found its way into applied routine authenticity testing, including 

the analysis of juices (Spraul et al., 2009), wines (Solovyev et al., 2021), oils (Maestrello et al., 

2022) and also honey (Kuballa et al., 2018; Spiteri et al., 2015). 
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1.5.1 Beyond Composition: NMR’s Evolving Role in Cereal Quality and Authenticity 

Control 

In the field of cereal analytics, the vast majority of publications on NMR-based research is 

focused on metabolic profiling, which aims to investigate biochemical compositions rather than 

addressing questions of authenticity (Coulomb et al., 2015; Glawischnig et al., 2002; Shewry et al., 

2017). As an example, Poudel et al. (2021) looked for compositional changes in wheat cultivars 

that have been released between 1870 and 2013. They wanted to determine how wheat 

cultivation over more than a century has affected grain metabolites. They analyzed extracts of 

flour from 21 cultivars grown in two harvest years by 1H NMR spectroscopy. In modern 

cultivars, the working group detected significant increases in the concentrations of various 

metabolites such as tryptophan, sum of the measured amino acids, chlorogenic acid, ferulic acid, 

vanillic acid, and sum of the measured phenolic acids, while protein content declined. In addition, 

they performed complex multivariate statistical analyses that enabled separation between 

historical and modern cultivars. The study demonstrated NMR’s capability to track long-term 

biochemical shifts in plant material. At the same time, the application of NMR for the 

authenticity testing of cereal and cereal products remains very limited. One of the main reasons 

for the slow gain of traction is that sample preparation for NMR testing of cereal samples is 

elaborate. Unlike liquid or semi-liquid foods that often can be analyzed directly or with minor 

preparation, cereal products require robust and detailed extraction protocols to obtain suitable 

liquid-phase samples and reproducible results. Such standardized and validated extraction 

procedures for cereal matrices are still lacking, complicating cross-study comparability (Deborde 

et al., 2019). This could be circumvented by the use of solid-state NMR, but although technically 

possible, the technique is not yet routinely applied in food authenticity testing due to factors like 

high initial investment cost and a more complex data evaluation (Freitas et al., 2023; Nowacka-

Perrin et al., 2022).  

While not solving the issues regarding sample preparation, recent developments in low-field 

benchtop technology may contribute to overcoming some limitations in NMR cereal testing. 
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These compact instruments that operate at lower magnetic field strengths, like 60 or 80 MHz, 

offer several key advantages. Those include significantly reduced initial and running costs, less 

expert knowledge needed to operate, and low infrastructure requirements (Salimi Khorshidi et al., 

2018). While the spectral resolution of high-field NMR systems is superior, the potential of 

benchtop NMR for rapid screening due to portability and on-site analysis makes them 

particularly attractive for industrial applications. As protocols and chemometric models tailored 

to cereal matrices continue to develop, low-field NMR is likely to gain increasing relevance in 

routine authenticity testing of cereal products (Gautam et al., 2025).  

1.6 Optical Approaches in Cereal Testing: Near-Infrared Spectroscopy as a Leading 

Tool 

Although analytical techniques such as low-field NMR are improving, optical methods such as 

Raman spectroscopy (Kniese et al., 2021) and hyperspectral imaging (Femenias et al., 2022) 

currently still dominate when it comes to cereal authenticity testing (Badaró et al., 2022; Zareef et 

al., 2021). Their omnipresence in this field is mainly attributed to several key advantages, 

including rapid results, comparatively low instrument cost, and minimal or no need for sample 

preparation. One optical technique has become particularly prominent, which is near-infrared 

(NIR) spectroscopy (Zhang et al., 2022). The emergence of this popular technology can be traced 

back to the beginning of the 20th century. The physicist William W. Coblentz conducted 

pioneering studies on the absorption of electromagnetic radiation in the near-infrared region at 

Cornell University in Ithaca, New York, USA (Coblentz, 1906, 1949). Despite his early 

discoveries, technical constraints led to the technique remaining almost irrelevant throughout the 

first half of the century, during which it was almost exclusively used for fundamental research. It 

was not until the middle of the 20th century that several improvements in electronics and optical 

components marked a major turning point (Hindle & Ciurczak, 2021). While working for the 

United States Department of Agriculture in the 1960s and 1970s, Karl Norris played a central 

role in demonstrating the great potential of NIR spectroscopy in the areas of food science and 
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agricultural analysis (Ben-Gera & Norris, 1968; Hindle & Ciurczak, 2021). Today, many 

internationally recognized standard operating procedures for cereal analysis are based on this 

technique, including the American Society of Brewing Chemists (ASBC) Barley-5 for the 

measurements of moisture content in whole grains, AOAC Method 997.06-2005 for crude 

protein in wheat, as well as multiple American Association of Cereal Chemists (AACC) and 

International Association for Cereal Science and Technology (ICC) guidelines that describe NIR-

based routine analyses. These are just a few of the many examples that reflect the widespread 

acceptance of NIR for both quality control and compliance testing in the cereal industry (Squeo 

et al., 2024). NIR spectroscopy examines the absorption of electromagnetic radiation in the range 

of wavelengths between approximately 780 and 2500 nanometers. The energy absorption is 

related to overtones and combination bands of specific molecular vibrations. This particularly 

involves bonds such as C–H, O–H, and N–H (Siesler, 2007), which are vibrational modes that 

are abundant in organic molecules. This clearly makes the technique a perfect candidate for the 

analysis of major food components such as water, proteins, lipids, and carbohydrates (Cen & He, 

2007). A major drawback is that the resulting spectra are typically broad and have overlapping 

absorption bands due to the very complex nature of overtone transitions. This often leads to 

individual peaks not being sharply resolved. Nonetheless, the recorded spectral patterns usually 

provide a reproducible chemical fingerprint of the sample’s chemical makeup (Czarnecki et al., 

2015). In recent years, near-infrared spectroscopy has frequently been explored for its potential 

to become an alternative to traditional analytical methods in cereal testing that are commonly 

labor-intensive. This is often accomplished by creating statistical regression models that find 

correlations between NIR spectral data and reference values determined using the traditional 

analytical techniques (Ezenarro & Schorn-García, 2025; Ravichandran et al., 2022). After rigorous 

validation, these models enable the prediction of the investigated parameters directly from the 

spectra. In a best-case scenario, the created models effectively are a quick and non-destructive 

alternative to the original reference method. It is no coincidence that such approaches are 
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increasingly explored in industrial and high-throughput settings, where time and cost efficiency 

are critical. Recently established safety and quality guidelines bind agricultural companies to 

organize their entire production chain so that they can trace every intermediate step, but are also 

able react to inconsistencies at any time. Based on these newly implemented guidelines, 

companies should have the goal and obligation to prevent food fraud by actively developing 

authenticity testing methods beyond the scope of quality assurance (Kotsanopoulos & 

Arvanitoyannis, 2017; Popping et al., 2022). As previously mentioned, this certainly includes 

replacing many traditional analysis methods that are still in daily use due to a lack of modern 

alternatives that allow application directly in the field. Without prior time-consuming transport of 

the samples to an external laboratory, personnel responsible for quality assurance can react more 

rapidly (Medina et al., 2019). A very prominent example in the field of cereal testing is the so-

called falling number (or Hagberg number). It is an important parameter mainly used to assess 

the baking capability of cereal flours. It involves rather complex sample preparation steps 

including the production of a standardized piece of dough. Despite this, the test is still carried out 

globally on a daily basis due to the lack of an adequate alternative (Hu et al., 2022). The 

parameter indirectly determines the alpha-amylase activity, which is significantly affected by 

weather-induced sprouting or pre-germination. The higher the alpha-amylase activity in the flour, 

the less viscous the respective dough, sometimes resulting in completely different baking 

properties (Hagberg, 1960). A recent study investigated the potential of NIR spectroscopy for 

predicting the falling number in barley grains. For this product type, the parameter is not critical 

for the determination of baking properties but for the assessment of malting suitability (Gerisch 

et al., 2022). Having access to samples from a breeding program, the group of scientists was able 

to analyze a large and genetically diverse set of barley cultivars. They calculated multiple partial 

least squares regression models to estimate falling number values based on spectral data. 

Although some spectral correlation with falling numbers was detected during the study, the 

models demonstrated limited predictive accuracy and lacked robustness. Ultimately, the authors 
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determined that, at least in this particular industry case, NIR spectroscopy may not reliably 

replace the traditional reference method. These findings were later confirmed by two very similar 

studies (Chen et al., 2023; Orth et al., 2025). However, such supposed negative examples do not 

alter the fact that the method remains a promising and universally applicable tool that will 

undoubtedly be explored further. This is particularly true in light of improvements in calibration 

strategies and spectral preprocessing techniques, which will certainly help in the search for 

alternatives to traditional grain quality tests. 

1.7 Elemental Profiling Across Sectors: Geochemical Tracing in Food and Gemstones 

Besides spectroscopic approaches, elemental analysis has become an increasingly valuable tool in 

authenticity testing. Although certainly not rapid or field-deployable like the just introduced near-

infrared spectroscopy, inductively coupled plasma (ICP)-based methods offer exceptional 

sensitivity, precision, and multielement capability (Mazarakioti et al., 2022). Often coupled with 

mass spectrometry or optical emission spectrometry, the technology enables accurate 

determination of major and trace elements after appropriate sample preparation. Moreover, it can 

quantify several elements in one single run while at the same time exhibiting very low detection 

limits (Aceto, 2016). When combined with multivariate statistical analysis, these fingerprints have 

proven effective in discriminating geographic origin in various food matrices, including wine 

(Bronzi et al., 2020; Geana et al., 2013; Šelih et al., 2014) and honey (Drivelos et al., 2021; Silva et 

al., 2021). Their elemental profile reflects influences from environmental factors like soil 

composition, local water pathways, and anthropogenic processes, often allowing for origin 

differentiation at various levels (Aceto, 2016). Importantly, the same analytical principles can also 

be extended beyond organic matrices. In recent years, the use of elemental profiling to evaluate 

the geographical origin of gemstones has gained momentum (Groat et al., 2019). While a 

gemstone's quality is a primary determinant of its price, confirmation of its origin from a defunct 

mine can lead to a substantial increase in value. Provenance claims are also relevant for ethical 

and legal considerations, including trade restrictions and sourcing transparency. For a long time, 
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the classification according to provenance depended on expert judgement, which gave an 

estimate via inclusions, color, size, or shape. However, it is not uncommon for experts to come 

to different conclusions about the provenance of a sample (Schwarzinger, 2019; Thomsen & 

Hess, 2022). Therefore, robust analytical detection methods that are based on geochemistry are 

being developed in order to be able to issue reliable certificates. Here, crystallographic data in 

combination with data on major and trace elements or isotopes are most promising. ICP is thus 

the perfect candidate; for gemstones it is usually applied in the form of LA-ICP-MS (Abduriyim 

& Kitawaki, 2006). This technique was developed by Gray (1985) and later became commercially 

available. Nevertheless, it took quite a long time until the potential of the method was recognized 

in gemology, partly because of the high initial costs for the instrument. One of the first mentions 

is from Günther & Kane (1999). In the following 20 years, the number of scientific publications 

using LA-ICP-MS for the investigation of gemstones has increased rapidly. A large part of them 

deals with corundum, that is, rubies and sapphires (Palke & Breeding, 2017; Sorokina et al., 

2017), but also other specimens such as demantoids (Adamo et al., 2015; Schwarzinger, 2019). 

During the analysis, the gemstones are damaged, but the surface damage caused by the laser is 

only a few µm in size and therefore justifiable. Early difficulties with the quality and 

reproducibility of measurements are no longer a limiting factor (Abduriyim & Kitawaki, 2006), 

and current work is increasingly focused on database design and robust data evaluation using 

multivariate statistical approaches (Su & Yang, 2022, 2023; Winderbaum et al., 2012). 

1.8 Ensuring Robustness in Authenticity Science: The Role of Data and Validation 

The increasing reliance on analytical geochemical data for origin testing of gemstones reflects a 

general trend in the field of authenticity testing. Across diverse sample types, from food to non-

food products, there is a clear movement away from reliance on single parameters or judgements 

based on expert knowledge toward more trusted data-driven strategies (Wang et al., 2025). As 

analytical techniques become more powerful and the datasets they generate more complex, 

multivariate statistical evaluations and multi-method approaches are gaining central importance in 
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ensuring reliable and reproducible authenticity assessments (Borràs et al., 2015; Brettschneider & 

Seifert, 2025; Spiteri et al., 2016; Xu et al., 2023; You et al., 2023). Multivariate methods offer the 

possibility of recording a kind of chemical fingerprint of a sample and are therefore more holistic 

in nature (Esslinger et al., 2014; Martinello et al., 2022). However, parallel consideration of 

numerous variables (sometimes several thousand) and samples generates considerable amounts of 

data and requires substantial computing power and sophisticated statistical evaluation procedures 

(Brereton, 2009; de Araújo Gomes et al., 2022). Mathematical algorithms either search for 

correlations and patterns in data in an exploratory manner or perform a targeted analysis with a 

given question and prior knowledge on metadata such as group membership by geographical and 

botanical origin (González-Domínguez et al., 2022). At the same time, multivariate methods are 

only as good as their underlying database, which must not only have a certain number of data 

points suitable for statistical evaluation, but whose structure and content must also be 

appropriate to the analytical question (Donarski et al., 2019). For example, a database covering 

only a narrow geographical range would not be suitable for global origin classification. For this 

reason, various validation techniques exist to test the basic assumptions for performing the 

analyses. This is critical because sophisticated algorithms will find patterns in almost any dataset, 

which can lead to misinterpretation of results if not properly validated (Brereton & Lloyd, 2014). 

In the case of the previously mentioned NMR screening method for honey analysis, for example, 

a strictly validated database with currently more than 28,500 reference spectra of authentic honey 

samples is used to not only quantify multiple substances but also to verify geographical origin, 

honey type, and to detect the addition of foreign sugars (Bruker BioSpin, 2025).  

1.8.1 The Growing Need for Robustness in Cereal Authentication 

The huge potential of multivariate analyses is just being discovered in many research areas 

(Dayananda & Cozzolino, 2023), such as the field of cereal science (Heredia et al., 2022). This 

growing interest is driven in part by recent developments in global agriculture, which are placing 

increasing pressure on the reliability of authenticity testing. Climate change and the associated rise 
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in extreme weather events, such as prolonged droughts, heatwaves, and irregular rainfall, are 

causing significant fluctuations in crop yields and qualities (Brás et al., 2021; Moravec et al., 2021; 

Trnka et al., 2014). In particular, recurring dry periods across large parts of Europe have not only 

affected overall production volumes but also altered the biochemical composition of cereal 

grains, leading to greater batch variability and challenges in classification and quality grading 

(Fioravanti et al., 2025; Santini et al., 2022). These environmental stressors increase the risk of 

fraudulent practices, such as blending or substitution of lower-quality material, making 

comprehensive and scientifically validated authenticity testing methods more indispensable than 

ever (Faller et al., 2021; Hoffman et al., 2024; Thorsen et al., 2025). 
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1.9 Objectives of This Thesis 

Analytical authenticity testing remains a highly scientific challenge. In the trade of many types of 

goods, whether food or non-food, which must address issues of transparency and traceability, it 

continuously presents new obstacles. This thesis aims to tackle several of these through targeted 

investigations. A wide spectrum of analytical techniques was utilized, including stable isotope 

analysis, NIR spectroscopy, LA-ICP-MS, and NMR, applied across diverse sample matrices. 

A dedicated chemometrics software was co-developed with project partners to enable the 

integrated evaluation of data from multiple analytical platforms. The two publications and one 

manuscript forming the basis of this thesis aimed to explore multi-method analytical strategies for 

the differentiation of barley samples by harvest year [publication 1]; the chemometric 

classification of demantoid garnets based on trace element data for geographic origin assignment 

[publication 2]; and the applicability of isotope ratio analysis to determine the malthouse in which 

a batch of barley was processed [manuscript 3]. More specifically, studies were conducted to 

achieve the following objectives: 

[1] Development of a novel analytical approach that allows differentiation of the two 

harvest years 2017 and the extremely dry 2018 for spring barley samples by means of 

multiple modern analytical techniques and consideration of weather data. An additional 

objective was to interpret the observed chemical differences in relation to plant 

physiological responses to environmental stress through an extensive literature review. 

[2] Application of modern chemometrics (PCA-LDA) to trace element profiles of 

demantoid garnets from Russia, Pakistan, Namibia, Iran, Madagascar, and Italy for 

geographic origin discrimination. The objective included assessing the robustness of the 

resulting classification models using multiple performance metrics. 
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[3] Estimation of the potential of stable isotope analysis (δ2H and δ18O) for tracing the 

origin of malt production, based on barley samples processed at two different malting 

facilities in Berlin and Munich. 
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2 SYNOPSIS 

This dissertation presents a novel approach to the development of analytical procedures for 

authenticity testing, establishing a foundation for addressing future challenges in this and related 

fields. It is among the first comprehensive studies to implement a multi-method strategy at such a 

scale, combining advanced analytical techniques with robust chemometric modeling. Publications 

1 and 2, along with manuscript 3, collectively describe a progression from an initial broad 

exploratory investigation of cereal grain authenticity (publication 1), to the development of a 

multi-method procedure for determining harvest year. This was followed by the application of 

the chemometric software developed in publication 1 to the sample matrix of gemstones in the 

context of geographic origin determination (publication 2). Finally, the work culminates in a 

targeted case study addressing the traceability of barley malt using the method best suited for this 

purpose, namely stable isotope analysis (manuscript 3). 

2.1 Foundation: Establishing the Analytical and Statistical Backbone 

2.1.1 Project Background and Dataset Generation 

Before the individual publications are summarized in detail and put into context, the background 

to the initiation of the original research project and its scope should first be briefly outlined. 

Companies involved in global cereal trade face increasingly complex challenges in preserving the 

authenticity and safety of their products. Climate change, through its influence on precipitation 

patterns and the rising frequency of extreme weather events, has a significant impact on crop 

yield and quality, complicating efforts to maintain consistent product standards (Rezaei et al., 

2023; Schmitt et al., 2022). Concurrently, consumer expectations regarding food safety and 

traceability, risk of food fraud, as well as ongoing legislative and regulatory changes place 

additional pressure on farmers and traders to implement rigorous monitoring systems. The so-

called AgrOr project was thus launched, a collaborative initiative supported by both 

governmental and industry funding with the aim of developing methods that enable authenticity 

testing of grain samples. In this project, nearly 3500 grain samples were initially provided by 
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industry partners. In addition to metadata, traditional grain quality parameters such as falling 

number, crude protein, moisture, and sedimentation value were provided for a large proportion 

of the samples. A strict screening for quality defects such as mold, insect infestation, or 

incomplete documentation of type, variety, harvest year, cultivation system, or geographical 

origin was applied to all samples. Roughly 500 samples did not pass this screening and were 

discarded, resulting in approximately 3,000 samples. Most of these samples originated from 

southern and central Germany (Bavaria, Baden-Württemberg, Thuringia, Saxony), spanned the 

harvest years 2014 to 2018, and consisted of barley, malting barley, spelt, wheat, rye, and old 

grain varieties such as einkorn and emmer, as well as a few individual oat samples. The 

subsequent step involved the development and refinement of a standardized method for 

preparing flour samples in the laboratory, since most analytical techniques used are incompatible 

with whole grain material and industry partners did not have the possibility to process small 

batches. Moreover, standard operating procedures were implemented for analyzing cereal grains 

with NIR and for flour using IRMS, NMR, and Raman spectroscopy (Figure 1). This important 

step ensured consistent results throughout the entire project period and, at the same, time 

reduced the likelihood that artifacts, such as differences in chemical profiles due to deviations in 

measurement conditions, would interfere with the planned statistical analysis. Especially when 

performing exploratory data analysis, it is important to always have an idea of why groups of data 

points are formed and to make sure that the clustering has not been influenced by factors such as 

processing by two different scientists, temperature fluctuations in the laboratory or use of 

different software settings. Approximately 2000 samples from the original pool underwent 

analysis with the earlier mentioned techniques. This resulted in a remarkably extensive and 

detailed dataset. 
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Figure 1 Schematic illustration of the project workflow.  (a) Sample delivery by industry partners (b) 
Inspection for suitability, defects, or infestation (c) Processing of all samples into flour at laboratory scale, 
with a portion of each sample retained as whole grain (d) Compilation of a comprehensive sample 
database including all metadata (e) Analysis using multiple analytical technologies (f) Integration of all 
analytical results into a common database (g) Multivariate statistical evaluation using custom-developed 
software. 

 

2.1.2 Software Development and Statistical Methods 

To enable detailed and scientifically rigorous analysis of the project data and to provide a flexible 

foundation for future applications, a dedicated software solution was developed. The following 

requirements were defined based on the specific needs of the AgrOr project: 

2.1.2.1 Manufacturer-Independent Import of Raw Data Sets From Various Sources and 

Analytical Techniques 

Nowadays, it is commonplace for manufacturers to offer comprehensive software along with an 

analytical instrument, which can be used for recording, displaying, processing, and in some cases, 

evaluating data. Often, however, the focus is clearly on recording and display, and the algorithms 

supplied for evaluation are kept basic. In addition, the evaluation software is often a “black box” 

in which the underlying mathematical formulas cannot be accessed. This can be problematic 
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because even if two software solutions seem to perform the same function because of the same 

name, a “principal component analysis” conducted in software A, for example, may produce 

completely different results from software B, making comparison of outputs nearly impossible. 

Fortunately, most manufacturers offer the option of exporting raw data in an open format. The 

software developed within the project is capable of directly reading these formats, thereby 

avoiding transfer-related errors. 

2.1.2.2 Flexible Handling of Diverse Analytical Data Formats 

With a multi-method approach such as the one employed in the AgrOr project, a diverse array of 

data types must be handled. The project database, for instance, included categorical nominal data, 

meaning data used solely for sample identification or classification into groups (e.g., grain species, 

harvest year). Most of the data from traditional flour analysis was continuous numerical data, i.e. 

quantitative measurements expressed as numerical values. Examples include protein content 

(expressed in %), as well as isotope signatures or element concentrations. However, spectral data 

comprised by far the largest portion of the dataset. Strictly speaking, these too fall under the 

category of continuous numerical data, but importing such data is not always straightforward due 

to the large volume of individual data points. For instance, 1H NMR spectra can easily contain 

tens of thousands of data points per spectrum. This is where many commercial software 

packages reach their limitations, especially when several hundred or even thousands of datasets 

must be processed simultaneously.  

2.1.2.3 Comprehensive Data Pre-Processing Capabilities 

Data pre-processing in multivariate statistics involves all methods used to prepare and refine data 

before conducting statistical analysis. Proper data pre-processing is essential for accurate 

chemometric analysis (Dayananda et al., 2024), and selecting the right pre-processing methods 

must be done carefully, as improper techniques can impair model performance and cause 

misinterpretation. Different data pre-processing methods were utilized across this dissertation 

and its associated studies. Without exceeding the scope of this work, the most relevant 
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techniques will be briefly introduced below. The paragraph will focus specifically on spectral data, 

where pre-processing is essential. First steps, such as normalization, scaling, baseline correction, 

and similar methods serve the main purpose of making samples comparable (Liland, 2011; Skov 

et al., 2014). Spectral data typically consists of multiple thousands of individual data points. Thus, 

their statistical evaluation requires substantial computing power. Furthermore, they contain a 

high degree of redundancy, especially at the flanks of peaks or in regions that only contain 

baseline information (Westad & Marini, 2022). This inevitably results in high collinearity but also 

a strong imbalance between the number of variables and the number of observations. This is 

unfavorable because most statistical algorithms are not designed to perform well under such 

conditions (Savorani, Rasmussen, Rinnan, et al., 2013). To circumvent this issue, multiple 

techniques exist that aim to split the data into fewer units while keeping essential information. 

Well-recognized methods include peak picking, where selected data points are manually or 

automatically identified and retained, or binning (bucketing), which solely divides the spectra into 

either uniform or variable-width segments (Sousa et al., 2013). In this thesis, binning was used for 

both NMR and NIR spectra. Through extensive recalculation of models with parallel adjustment 

of bin sizes, a balanced "sweet spot" was identified for both the number and size of bins. At this 

point, it should be noted that while variable reduction techniques are applied to spectral data, 

signal shifts across samples must be considered, and often, a pre-aligned spectrum becomes 

necessary. When performing NMR analyses of cereal flour samples, factors like temperature 

fluctuations or differences in pH adjustment significantly affect the resulting signal positions. 

Here, we used automated pH adjustment and temperature-controlled instrumentation, but also 

added an internal reference compound to each sample to ensure minimal signal shifts. During 

data-splitting, these precautions prevent the misallocation of data points to wrong bins across 

multiple samples. In cases where signal shifts are unavoidable, for example, due to matrix effects, 

peak picking can be a viable alternative, as it can compensate for the shifts to a certain extent 

(Chai et al., 2023). However, this approach also comes with its drawbacks and was ultimately 
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rejected for two main reasons: First, manual peak picking was infeasible given the large number 

of spectra. Second, automated peak detection often results in inconsistent variable counts 

because some applied algorithms may interpret spectral noise as actual peaks or ignore relevant 

signals below a certain detection threshold (Jarman et al., 2003). These effects can be mitigated to 

some extent by smoothing the spectra. Still, it will not fully resolve the problem of a fluctuating 

number of variables, which is not desirable for robust statistical modeling (Karaman, 2017). 

In certain cases, a baseline correction may be necessary for spectral data (Wartewig, 2006). For 

NIR spectra, the baseline is often not flat, but shows deviations due to stray light, instrument 

noise, or other disturbances. For example, a typical raw NIR spectrum frequently shows 

pronounced baseline drift. If such a spectrum were divided into bins without pre-treatment, and 

the resulting sections were then integrated, the data would be rendered unusable for statistical 

modeling. Multivariate models rely on properly pre-processed input, and the absence of baseline 

correction can significantly reduce predictive accuracy (Laxalde et al., 2011). When analyzing 

grain samples using NIR, we used the so-called rubber band method. It corrects for baseline drift 

and background noise by stretching an imaginary line (“rubber band”) from one end of the 

spectrum to the other, aligning with the lower edge of the spectral data. The actual baseline is 

then replaced by that new smooth line, preserving actual peaks while greatly reducing interference 

effects (Baek et al., 2015; Shen et al., 2018). To ensure that identified patterns and clusters are 

reflective of true underlying chemical differences rather than artifacts of the data collection 

process, all spectral data were normalized, scaled, and mean-centered. Normalization and mean-

centering are essential pre-processing steps that adjust the data for consistent comparison: 

normalization corrects for variations in sample concentration and measurement scale, while 

mean-centering shifts the data around zero to emphasize relative deviations (A. Craig et al., 

2006). In our MATLAB-based software, this was achieved by utilizing the built-in MATLAB 

function “normalize” that by default will mean-center (subtracts the mean of a variable from 

every observation on that variable in the dataset) (Iacobucci et al., 2016) and normalize to 
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standard deviation (divides each data point by the standard deviation of the dataset) (Martinez et 

al., 2004). And last but not least, using NMR spectra and ICP data as examples, this section 

briefly discusses the role of "scaling", which was used repeatedly throughout this work. The 

ability to measure precisely over large concentration ranges, a key advantage of NMR technology, 

can often pose challenges for statistical methods. Important information may be contained in 

both small signals near the baseline noise level and large, dominant peaks. It is therefore essential 

to prepare data sets with large differences in scale for statistical evaluation, to avoid 

overestimating or underestimating the contribution of individual signals. Scaling addresses such 

differences between variables by dividing each variable by a specific factor. 

In this work, the so-called Pareto scaling was applied to all NMR data. It is one of the most 

commonly used methods in spectral fingerprinting. Pareto scaling is very similar to autoscaling 

but preserves more of the original data structure: instead of dividing by the standard deviation, it 

uses the square root of the standard deviation as the scaling factor (Ebrahimi et al., 2017; van den 

Berg et al., 2006). As a result, after Pareto scaling, variables do not all influence the statistical 

models equally (as in autoscaling), but their relative magnitudes are partially retained (Savorani, 

Rasmussen, Mikkelsen, et al., 2013). In one part of this dissertation, the application of an 

appropriate scaling method proved indispensable for statistical analysis. The trace element 

concentrations of demantoids determined by LA-ICP-MS spanned several orders of magnitude 

and were heavily skewed. In addition, complex geochemical interactions and heterogeneous 

formation conditions introduced non-linear characteristics to the data, which linear multivariate 

statistical methods struggle to handle (Dalpé et al., 2010; Möller et al., 1981). By applying the 

natural logarithm as scaling factor, we successfully minimized the impact of outliers, achieved 

scale invariance, and linearized the relationships in the data (Huelin et al., 2006; Templ & 

Gonzalez-Rodriguez, 2024; Winderbaum et al., 2012). 
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2.1.2.4 Built-In Algorithms for Exploratory and Predictive Data Analysis 

In large data sets such as that of the AgrOr project, it is almost impossible to gain an overview or 

recognize patterns simply by examining the raw data. Without appropriate mathematical 

processing for simplified visualization, important relationships or structures remain undetected. 

To address this challenge, one of the most widely used techniques, namely principal component 

analysis (PCA), was implemented in our software as an initial analytical tool. 

In spite of the fact that PCA primarily is a method intended for dimensionality reduction, 

scientists also often utilize it for exploratory data analysis (Ivosev et al., 2008). The idea behind 

the method is to transform a data set with many variables into a smaller set of features. These so-

called principal components are new linear combinations of the original variables that aim to 

explain the maximum variance in the data while reducing dimensionality at the same time 

(Greenacre et al., 2022). Depending on the software used, principal components can be visualized 

in two- or three-dimensional plots, which often offer an intuitive overview of sample 

distribution. Furthermore, so-called loading plots can highlight the importance of individual 

variables, so the user can get an idea of which parameter leads to variance in the dataset. PCA 

belongs to the category of unsupervised methods, meaning it does not consider class labels. 

Therefore, the structures or patterns found in the data build clusters because of similarity and not 

because of any prior “knowledge” on group membership (Ballabio, 2015). In the course of this 

work, PCA was applied following variable selection using the Kruskal–Wallis rank sum test and 

in combination with Euclidean distance calculations for classification purposes (publication 1), as 

well as for dimensionality reduction prior to performing linear discriminant analysis (publication 

2). Apart from PCA and Euclidean distance analysis, no additional unsupervised methods have 

been implemented in the software to date. However, a wide range of supervised methods and 

combinations thereof are available. Supervised methods do utilize a priori class information and 

try to find features that best separate two or more groups (Lindon et al., 2001). Consequently, 

they enable the confirmation of a predefined group membership and also the identification of key 
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variables that correlate with these defined groups (Vu et al., 2019). The following classification 

algorithms have been implemented in the software developed for this work: linear discriminant 

analysis (Fisher, 1936; Xanthopoulos et al., 2013), orthogonal partial least squares discriminant 

analysis (Trygg & Wold, 2002), partial least squares discriminant analysis (Barker & Rayens, 2003; 

Wold et al., 2001), quadratic discriminant analysis (Friedman, 1989; Li & Shao, 2015), k-nearest 

neighbors analysis (Cover & Hart, 1967). During statistical testing for publication 2, trace element 

data were analyzed using a combination of PCA and LDA (often referred to as PCA-LDA), 

aiming to create models capable of provenance determination for gemstones. This specific 

combination is well established in the field of chemometrics, as it offers an outstanding balance 

between simplicity, reproducibility, and overall performance. When validated thoroughly with 

solid cross-validation, PCA-LDA has been shown to produce highly robust results (Ackermann 

et al., 2019; de Almeida et al., 2021; Gottstein et al., 2024; Kuballa et al., 2018). 

2.1.2.5 Storage of Models and Associated Processing Parameters for Full Reproducibility 

Regardless of which statistical test is used, it should always deliver the same results for the same 

data set, even when used at a different time or by a different user. Therefore, a main focus was 

enabling the software to store not only the created classification models and corresponding plots, 

but also all setup parameters used during model development. With each model calculated, the 

software creates a so-called initialization (.ini) file that saves important details such as selected 

variables, preprocessing steps, and the classification algorithm that was applied. When loaded into 

the software at a later point in time, that file can be used for an identical analysis of data. Only in 

this way can methodological consistency be ensured and unintended deviations due to changed 

settings be prevented. 

2.1.2.6 Automated Generation of Performance Metrics and Cross-Validation Outputs to 

Evaluate Model Robustness 

Almost all device manufacturer-specific software now includes at least some basic functions that 

allow multivariate statistical analysis with just a few clicks when using the default settings. At the 
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same time, software solutions specializing in statistics that for a long time required a certain 

amount of programming background are now relatively intuitive and user-friendly (Rodionova et 

al., 2024). Scientists with limited statistical knowledge can easily produce output that may inspire 

unjustified confidence because of the polished plots. It is not uncommon that such “push-

button” solutions lead to incorrect conclusions being drawn from the analyzed data. Such studies 

typically lack critical reflection and proper validation procedures (Daszykowski & Walczak, 2006; 

Kjeldahl & Bro, 2010). It was therefore critical step to implement algorithms that are capable of 

evaluating the generated models using established quality indicators derived from cross-

validation. Users should instantly identify when a model is inappropriate, even if the generated 

result looks convincing, which is typically achieved through the implementation of model cross-

validation techniques. Cross-validation procedures try to give an estimate of the predictive ability 

of a model by using previously unseen data that was not taken into account during model 

training. That way, it provides a more realistic picture of a model's robustness on new data 

(Westad & Marini, 2015). There is a plethora of cross-validation techniques, such as K-fold cross-

validation (Arlot & Celisse, 2010; Geisser, 1975) or leave-one-out cross-validation, but for our 

software, we have opted for Monte Carlo cross-validation (Picard & Cook, 1984; Q.-S. Xu & 

Liang, 2001). It relies on repeated random sampling, meaning the dataset is randomly split into 

training and testing subsets multiple times. Our default setting is 100 iterations to obtain a reliable 

estimate of model performance, as it becomes highly probable that every portion of the dataset is 

included in the test subset at least once and in various combinations. The variability created 

reduces the risk of statistical bias from a single, potentially unrepresentative portion of data. 

Ultimately, this kind of cross-validation provides insight into the model’s performance on unseen 

data and, therefore, is close to the gold standard of model validation, which is testing with an 

entirely independent external dataset (Haddad et al., 2013; Shao, 1993). Confusion matrices that 

are the output of cross-validation are often complex and challenging to interpret; it can be helpful 

to calculate performance metrics that summarize classification quality in a single value. 
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Accordingly, we implemented functions that calculate performance indicators such as accuracy 

(the percentage of all correct predictions relative to the total number of predictions), sensitivity 

(the proportion of true positives among all actual positives), specificity (the proportion of true 

negatives among all actual negatives), and the area under the receiver operating characteristic 

curve (a global measure of model performance across all classification thresholds) (Bona et al., 

2018). Most of these metrics are developed for two-class scenarios and cannot be easily 

transferred to multi-class questions, which is why the Matthews correlation coefficient was 

additionally included. It takes into account all four elements of a confusion matrix (true positives, 

true negatives, false positives, false negatives), and is more reliable compared to commonly used 

alternatives such as Cohen’s Kappa. This is particularly true for cases with high class imbalance 

where the number of observations per class differs a lot (Delgado & Tibau, 2019). 

2.1.2.7 Workflow Automation with User-Friendly Navigation 

Towards the end of the research project, the focus shifted more towards enhancing the user-

friendliness of the developed software. Our goal was to make it accessible to as many scientists as 

possible so that it can be further developed in the future and gain widespread use in other 

projects. To date, all core functionalities can be accessed through a guided interface. The user is 

navigated step-by-step via prompts such as “Which folder contains your NMR spectra?” or 

“Would you like to inspect and optionally remove outliers from your dataset?”. At the same time, 

the software executes the corresponding code in the background. Newly generated models are 

automatically converted into publication-ready figures that can be easily customized through 

MATLAB’s graphical user interface. 

2.2 Discriminating Harvest Years of Spring Barley Exposed to Extreme Weather 

Having outlined the conceptual framework and practical implementation of the overall project, 

attention now turns to the specific scientific questions addressed in the individual studies. The 

following section aims to summarize the most important findings of the individual manuscripts. 

Publication 1 directly addressed a central challenge in authenticity testing within the agri-food 
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sector: the verification of harvest year in cereal grains under conditions of environmental 

variability. The study was motivated by a real-world scenario involving a record-breaking extreme 

weather event. In 2018, during the cultivation of a batch of spring barley samples meant for this 

project, Europe faced an exceptional drought (Blauhut et al., 2022). Compared to 2017, 2018 was 

characterized by higher temperatures and significantly less rainfall. The German Meteorological 

Service reported that it was the warmest year since modern temperature records began (Mücke & 

Litvinovitch, 2020; Wang et al., 2020). This caused severe crop losses and low-quality harvested 

barley (de Brito et al., 2020; Webber et al., 2020). From an authenticity standpoint, such 

environmental pressures cause serious problems in the post-harvest supply chain, especially when 

farmers, under economic pressure, are forced to blend lower-quality harvests with leftover stock 

from previous years. Depending on regulations and intended use, these practices might require 

official declaration, which presents a typical authenticity issue. To explore this issue under 

realistic market conditions, a total of 86 spring barley samples were analyzed, representing two 

cultivars, namely Quench (H. vulgare L. cv. Quench, n=39) and Steffi (H. vulgare L. cv. Steffi, 

n=47), all from the same agricultural region and grown under rain-fed conditions. This approach 

provided a real-world scenario of commercial grain production while carefully controlling 

variables like soil type, irrigation and geography. By trying to limit variation, it became possible to 

mainly link observed chemical differences to the drought conditions in 2018. In order to enable a 

deeper understanding and better comparability of weather conditions during the periods under 

investigation, a thorough analysis of meteorological data from 2017 and 2018 was performed for 

the specific cultivation site. The analysis showed that during the summer months of 2018, rainfall 

at the sampling location was only 42% of the long-term average of the reference period (1981–

2010), so the plants were affected during the critical stage of grain filling. 

One objective was to test whether modern analytical techniques could reliably capture these 

environmental impacts in a way that would allow statistical classification of grain samples by 

harvest year. Isotopic analysis of the elements carbon, nitrogen, and oxygen revealed that drought 
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effects were most pronounced in the natural carbon isotope abundance of the spring barley 

samples. Significantly less negative δ13C values were found for samples of the two investigated 

barley varieties, Quench and Steffi, harvested in 2018, in comparison to the respective samples 

from 2017, indicative of stomatal closure under drought stress (Farquhar et al., 1982; Farquhar & 

Richards, 1984; Lavergne et al., 2020). NIR spectroscopy provided complementary information 

on macronutrient composition. Both varieties exhibited notable reductions in moisture, starch, 

and protein contents and an increase in lipid levels, consistent with metabolic reprogramming 

under stress conditions (Högy et al., 2013; Wu et al., 2017). By merging the isotopic and NIR data 

sets and applying multivariate statistical methods, including the Kruskal–Wallis test for 

dimensionality reduction and principal component analysis to explore clustering, cross-validated 

classification models were developed. These models enabled a complete separation of the barley 

samples by harvest year, achieving 100 % correct classification (Figure 2). 

 

Figure 2 Chemometric analysis of combined FT-NIR and IRMS data from two barley varieties.  Score 

plots including 95% confidence ellipses of the first two principal components from the PCA of fused data 

(FT-NIR and IRMS). Plots are displayed for the two spring barley varieties (a) Quench and (b) Steffi, and 

the samples are colored by the crop years 2017 (blue) and 2018 (red). For each principal component, the 

respective percentage of variance explained is given in the axis label. 

 

By far the most important variables contributing to the separation of the studied groups were 

lipid and protein contents, along with δ13C values. In addition, all samples from the harvest year 
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2018 showed elevated concentrations of the osmolyte betaine in the NMR spectra, which was a 

particularly important finding. It provided molecular confirmation that drought-induced 

metabolic adaptations drove the observed group separation. Interestingly, the weaker stress 

response observed in the cultivar 'Steffi' highlights its potential as a cultivar that is more resilient 

under drought conditions. While breeding for drought-resilience is not necessarily related to 

authenticity, this insight is a noteworthy secondary outcome of the study. In the direct context of 

authenticity, frequent extreme weather events due to climate change will impact the yield and 

quality of cereals. As a result, they will naturally create conditions that demand analytical 

verification of temporal identity. The multi-method approach developed here offers a 

reproducible and scalable model for tackling such challenges across various agricultural products. 

2.3 Classifying Demantoid Origin Using Chemometric Modeling of LA-ICP-MS Data 

Building on the first publication, the software framework and statistical modeling approaches 

developed initially for cereal authenticity testing were subsequently applied to a fundamentally 

different analytical context: the verification of gemstone provenance. In this field of research, 

robust and reproducible analytical methods for determining origin are urgently needed, as current 

assessments mostly rely on expert evaluations and certificates (if available). Information on 

gemstone provenance not only influences their price but can also provide insights into sourcing 

practices and regulatory compliance (Schwarzinger, 2019). LA-ICP-MS was used to measure the 

chemical compositions of 136 demantoid samples from Tubussis (Namibia), Ufaley (Russia), 

Karkodin (Russia), Poldnevskoye (Russia), Bobrovka (Russia), Val Malenco (Italy), Baluchistan 

(Pakistan), Kerman (Iran) and Antetezambato (Madagascar). A key finding of this study was that 

linearization of data by logarithmization is a crucial step during chemometric analysis of trace 

element profiles. This transformation step tackles the problem of skewed, multiplicative, and 

heteroscedastic data spanning over multiple orders of magnitude, allowing the application of 

linear modeling. Separation of samples from five out of six countries of origin was achieved 

(Figure 3). In particular, demantoids from Namibia, Pakistan, and Madagascar can be classified 
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very well with accuracies over 90 %. Accuracies for assignments of samples to the origin Russia 

were slightly lower, with a percentage of around 80 %. This was to be expected, as the respective 

sample material showed a more inhomogeneous composition. Classification accuracy for the 

classes Italy and Iran was 70 %, and samples from Italy tended to be falsely assigned to the class 

Russia. This finding can be explained by the more similar trace element profiles of these classes. 

At the same time, it highlights the importance of well-designed databases that ensure balanced 

class sizes and realistic representation of the natural variability within and between origins. 

 

Figure 3 PCA-LDA score plot with all classes (countries) including the log-transformed concentrations of 

the six relevant elements Mg, Al, Ti, V, Cr and Mn. Each dot represents a single element profile from an 

individual measurement after Monte-Carlo cross-validation. Axis shown represent the first two linear 

discriminants. Ellipses confer to the 95% confidence interval according to Hotellings T2, which is the 

multivariate analog to the t-test. Note that graphics represent a projection from 6-dimensional space, i.e., 

overlap in this projection does not necessarily mean samples cannot be separated. 
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Separation significantly improved when pairwise origin comparisons were performed, indicating 

that such models may offer an attractive solution in specific gemological applications. Variable 

importance in projection (VIP) scores confirmed that Al and Cr play a dominant role in the 

discriminant models, followed by Mg and Mn, which also contributed significantly. The elements 

V and Ti were less prominent in the overall VIP rankings. However, they proved essential for 

distinguishing specific country pairs like Russia–Madagascar or Pakistan–Iran, marking a key 

principle of multivariate authenticity testing. Even variables with seemingly limited general 

importance may carry critical discriminatory power in specific scientific questions. This 

underscores the value of correct usage of preprocessing algorithms that even capture subtle but 

meaningful variations across complex datasets. 

This study not only yielded promising results in terms of classification accuracy but also 

contributed to methodological transparency. To our knowledge, it is the first work in gemological 

research to systematically address the role of database design, data preprocessing (including 

transformation and scaling), and statistical validation in the construction of multivariate models 

for provenance determination. Finally, it demonstrated that multivariate pipelines developed 

initially for agricultural traceability can be successfully transferred to other commodities, which 

highlights the broad applicability of the developed software solution. 

2.4 Differentiating Processing Sites of Barley Malt Using Water Isotope Signatures 

The final part of this dissertation (manuscript 3) resulted from an acute need within the food 

industry. In this sector, authenticity has dramatically gained prominence in recent years. This has 

also been acknowledged by international certification bodies that quickly revised and 

strengthened their audit frameworks. Pretty much all of them now explicitly address food fraud 

as a critical component of supply chain integrity (Barrere et al., 2020). To become certified, 

companies must convincingly demonstrate that they regularly evaluate their vulnerability to fraud 

and implement appropriate countermeasures. This is primarily realized by monitoring existing 

systems but also requires proactive development of analytical methods that improve traceability 
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and transparency within companies' production chains (Huisman & van Ruth, 2022). Against this 

backdrop, the focus of this study shifted toward the downstream products of barley, which had 

already been extensively investigated in earlier parts of the project. Barley is the principal raw 

material in beer production and is transformed into the intermediate product malt (Bahmani et 

al., 2021). Here, we collaborated with a partner from the brewing industry and aimed to explore 

the feasibility of using isotope ratio analysis to improve traceability in the part of the production 

process where barley is turned into malt. The primary goal was to determine whether the water 

isotope composition of a malt sample could indicate the specific malting facility where it was 

processed. To address this, 34 barley samples were each processed at two geographically distant 

malting plants, one located in Munich and the other in Berlin, yielding a total of 68 malt samples. 

Including the original barley material, a total of 102 samples were analyzed using IRMS, with 

statistical evaluation of δ2H and δ18O values performed to assess discriminatory potential.  

We found statistically significant differences among all compared groups for both hydrogen and 

oxygen isotope ratios (Figure 4). In general, malt samples showed enriched isotope values 

compared to their barley counterparts, with δ2H values being particularly increased. This 

enrichment likely reflects systematic fractionation processes occurring during malting. 

Additionally, statistically significant yet more subtle differences were found between malt samples 

from the two malting facilities. Specifically, samples processed in Berlin showed slightly more 

positive δ2H and δ18O values compared to those from Munich. A likely explanation for this 

pattern is based on the well-known geographic trends in precipitation isotope ratios found 

throughout Germany (Förstel et al., 1997). Local tap water usually retains the isotopic signature 

of local precipitation. Because malting facilities usually utilize local tap water during the steeping 

stage of the malting process, this might cause distinct regional isotopic variations in the malt's 

biomass. We observed more positive values in malt samples from Berlin, which is consistent with 

known isotopic characteristics of precipitation in that region.  
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Figure 4 Line plots showing the natural (A) hydrogen and (B) oxygen isotope abundances of the analysed 

barley samples and malt samples from two malthouses (Munich and Berlin) and results of the multiple 

paired t-tests. Unfilled circles display the δ values for each sample while filled circles represent means. 

Error bars show the standard deviation. Significance levels: Highly significant differences (p ≤ 0.001; 

****), very significant differences (p ≤ 0.01; **), significant differences (p ≤ 0.05; *). 

Although the absolute differences between the two locations were small, their statistical 

significance suggests they could be useful for verifying processing origin in specific industrial 

settings. The findings of this work add a layer of traceability to the barley-to-malt process and is a 

great example of how authenticity testing can be transferred from primary agricultural products 

to intermediate food processing stages. 

In conclusion, the three studies of this dissertation demonstrate the adaptability of data-driven 

authenticity testing across diverse materials and stages of the value chain. Through a combination 

of advanced analytical methods and transparent statistical modeling, the work provides a robust 

framework for addressing authenticity challenges in both food and non-food sectors. 
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2.5 Outlook 

One of the central outcomes of this dissertation is a software that enables transparent, 

reproducible chemometric modeling across diverse data types. Thanks to its modularity, it can be 

adapted to many scientific and industrial needs while always remaining user-friendly. 

Organizations aiming to establish their own data-driven authenticity testing pipelines can access 

the software from the online repository (AgrOr project, 2019) and use it as a solid starting point. 

Not only the software itself but also the statistical frameworks developed in this dissertation offer 

great potential for extension to other raw and/or processed commodities.  

For example, the methods used for spring barley samples in publication 1 could easily be adapted 

for other cereals like wheat, spelt, oats, or even processed products further along the production 

chain. In the same way, the LA-ICP-MS-based testing utilized for origin discrimination of 

demantoids in publication 2 could be transferred to other gem types. This is, of course, only 

possible if the relevant reference materials are available. Robust classification models could 

eventually replace time-consuming traditional techniques in both areas of research. Over time, 

these approaches may become valuable alternatives that align with the growing demands of 

supply chain transparency.  

An important step in advancing authenticity testing will be the establishment of large, public 

multi-method reference databases. Including various data from multiple techniques, such as 

isotopic, elemental, and spectroscopic data, in shared platforms would reveal the full potential of 

data science in authenticity testing and uncover hidden variables of importance. New concepts, 

including open sharing of anonymized data among researchers, regulators, and industry, could 

reveal new insights into many product characteristics. At the same time, further questions will be 

examined, as exploratory data analyses will lead to exciting observations. For example, as 

demonstrated in publication 1, drought stress leaves measurable isotopic and metabolic 

fingerprints in barley. If systematically recorded across crops, regions, and years, such “chemical 

fingerprints” could serve as biomarkers in both authenticity testing and agricultural resilience 
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research. Such opportunities are further amplified by the various recent technical advances in 

instrumentation. Portable and more economical devices such as benchtop NMR (Colnago et al., 

2021; Galvan et al., 2021) or handheld NIR spectrometers (Czaja & Engelsen, 2025) could 

quickly increase the global volume and diversity of data generated, specifically outside of typical 

laboratory settings.  

While this dissertation focused on transparent statistical modeling using long-established 

algorithms such as PCA and LDA, there is clear potential to improve chemometric evaluations 

by incorporating artificial intelligence (AI) approaches, many of which are currently in their early 

stages. Random forests, support vector machines, and deep learning could be used to model even 

more complex, nonlinear interactions, especially in very large datasets. It is without question that 

AI will prove essential in future applications involving even more subtle authenticity distinctions, 

in which currently available solutions reach their limits (García-Pérez et al., 2024; Gu et al., 2025; 

Houhou & Bocklitz, 2021). Along with these developments in data evaluations, the general 

conditions for authenticity testing could be further improved by integrating secure digital 

systems. Combining analytical testing with blockchain technology could enable samples to be 

digitally linked to unalterable and traceable records. Such procedures are already well established 

in the financial sector, for example, and would significantly improve trust and traceability along 

the entire value chain (Galvez et al., 2018; Hassoun et al., 2024; Puthenveettil & Sappati, 2024).  

Each part of this dissertation contributes to the broader aim of enabling cross-domain 

authenticity testing by advanced chemometric analyses. Publication 1 showed how isotopic and 

spectroscopic data can identify drought-induced changes in metabolism that can be used to 

answer questions of authenticity, such as determining the harvest year. Publication 2 used a data-

driven approach in gemmology and demonstrated that trace element profiles are suitable for 

creating statistical models for provenance verification. As a result, the software programmed in 

this work may serve as a flexible blueprint for authenticity testing across diverse domains. 

Manuscript 3, though still exploratory, offered insights into how stable isotope analysis could 
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enhance traceability, not just for raw products but also for intermediate ones. It furthermore 

revealed a limitation of traditional bulk isotope analysis: isotope signatures of specific substances 

or tissues can be masked by the averaging effects of proportionally dominant fractions. Future 

work should address this through compound-specific isotope analysis, examining specific target 

analytes such as proteins or sugars to enhance resolution (Liu et al., 2023). This is especially 

promising in malt traceability, where local water signatures may integrate more distinctly into 

select compound classes. 

Taken together, the individual steps of this dissertation illustrate a clear path: from 

methodological development to data processing to practical application. As authenticity concerns 

continue to evolve in global supply chains, novel data-driven analytics that can address them will 

become increasingly critical. In this context, the groundwork laid in this dissertation provides a 

strong basis for future studies. 
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Abstract: Most recently in 2018 and 2019, large parts of Europe were affected by periods of massive
drought. Resulting losses in cereal yield pose a major risk to the global supply of barley, as more
than 60% of global production is based in Europe. Despite the arising price fluctuations on the
cereal market, authenticity of the crop must be ensured, which includes correct declaration of harvest
years. Here, we show a novel approach that allows such differentiation for spring barley samples,
which takes advantage of the chemical changes caused by the extreme drought. Samples from 2018
were successfully differentiated from those of 2017 by analysis of changes in near-infrared spectra,
enrichment in the isotope 13C, and strong accumulation of the plant-physiological marker betaine.
We demonstrate that through consideration of multiple modern analysis techniques, not only can
fraudulent labelling be prevented, but indispensable knowledge on the drought tolerance of crops
can be obtained.

Keywords: barley; stable isotopes; proton nuclear magnetic resonance; Fourier transform near-
infrared spectroscopy; drought; climate change; Europe; Germany; multi-method approach; beer

1. Introduction

Recent climate changes in Europe are characterized by frequent and severe weather
extremes, which pose a major threat to agricultural production and are predicted to increase
in the near future [1,2]. Particularly during the last two decades, most parts of Europe
were impacted by record-breaking droughts leading to losses in both crop yield and quality.
Global warming poses a serious challenge to the global barley (Hordeum vulgare L.) supply,
as more than 60% of the world’s barley production is provided by Europe, most of it grown
under rainfed conditions [3]. This crop is mainly used as malting barley for the production
of alcoholic beverages and for feeding animals. European beverage producers typically use
spring barley for malting due to its low protein content and thus more fermentable portion
of sugar. However, spring barley has its most sensitive periods during flowering and grain
filling around the summer months, hence there is a high risk of yield loss and crop failure in
extremely dry years [4]. In 2018, Germany, the largest producer of spring barley in Europe,
experienced its warmest year ever recorded in the 138 years of modern temperature records,
ultimately resulting in the lowest cereal yield since 1994 and creating existence-threatening
conditions for many farmers across the country [5]. Subsequently, farmers were forced to
mix low-grade spring barley batches and marketable grains from previous harvest years
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to meet the quality requirements of the customers. However, malthouses often refuse to
accept deliveries of blends from two harvest years, consequently the product can only be
offered as significantly less profitable feed barley [6]. Such stages of emergency increase
the risk of economically motivated food fraud. The likelihood of these scenarios gains in
importance when considering a recently published model by Xie et al., who found that the
effects of concurrent drought extremes will cause a large decrease in global barley supply
under forecasted climate conditions [7]. To preserve transparency in such difficult periods,
the development of a method that is capable of classifying spring barley by harvest year is
indispensable. Here, we assess the potential of distinguishing spring barley grain samples
according to the very different harvest years 2017 and 2018. We looked at two varieties,
namely the modern and high-yielding cultivar ‘Quench’ (H. vulgare L. cv. Quench, year of
approval: 2006) and the comparatively old cultivar ‘Steffi’ (H. vulgare L. cv. Steffi, year of
approval: 1989). As results produced by a single analytical method often do not provide
enough information for an adequate evaluation, we have developed a novel methodology
using fused data from stable isotope analysis (IRMS) and chemical fingerprints provided
by Fourier-transform infrared spectroscopy (FT-NIR). Furthermore, metabolite profiles
produced by proton nuclear magnetic resonance (1H-NMR) were applied to substantiate
the findings through identification of stress-related plant physiological parameters. For the
present work, we hypothesize that the severe drought events of 2018 created systematic
variability in the chemical makeup of barley grains that, when evaluated by our multi-
methodological approach, should allow effective separation from samples of 2017. Based
on previous works found in literature, we further hypothesize that the older barley cultivar
‘Steffi’, though less yielding, should be more drought-tolerant than the modern cultivar
‘Quench’.

2. Materials and Methods
2.1. Origin and Storage of the Spring Barley Samples

Eighty-six spring barley samples of two different varieties (H. vulgare L. cv. Quench;
H. vulgare L. cv. Steffi) and from two consecutive harvest years (Quench, n2017 = 19, n2018
= 20 and Steffi, n2017 = 22, n2018 = 25) have been provided by IREKS GmbH (Kulmbach,
Germany). As the focus of this study was put on describing the effects of years with
extreme drought, we were provided with barley grains grown under real conventional
farming conditions rather than controlled field experiments. All plants were cultivated
in the same region by an agricultural cooperative of the district Soemmerda (Thuringia,
Germany) on loamy soil at 140 m elevation to eliminate geographic effects. Samples were
received as whole grains and stored in vacuum-sealed bags at room temperature until
further processing.

2.2. Weather at the Sampling Site

Weather data were retrieved from the Climate Data Center of the German Meteorolog-
ical Service [8]. The De Martonne aridity index (IDM) was used as an indicator of drought,
which is calculated according to the following equation:

IDM = RR/(TM + 10) (1)

where RR is the mean annual precipitation in mm and TM is the mean air temperature in
◦C [9]. IDM values below 30 correspond to a humid to Mediterranean habitat, while regions
with IDM values below 20 are characterized by semi-dry to dry conditions.

2.3. Isotope-Ratio Mass Spectrometry (IRMS)

For measurement of natural isotope abundances of the elements C, N, and O, around
4 g of grains were ground to wholemeal flour in a ball mill (MM400, Retsch GmbH, Haan,
Germany) at 30 Hz for 2 min. The sample material was dried in a drying oven at 105 ◦C
to constant weight and stored in a desiccator until analysis. For carbon and nitrogen
measurements, 2.8–3.5 mg of the powder was weighed into tin capsules, while for oxygen
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measurements 0.5–1 mg was weighed into silver capsules using a microbalance (CPA2P,
Sartorius, Göttingen, Germany).

Carbon and nitrogen stable isotope ratios were measured using an elemental analyzer
(NA 1108, Carlo Erba Instruments, Milan, Italy) coupled to a continuous flow isotope-ratio
mass spectrometer (delta S, Finnigan MAT, Bremen, Germany) via a ConFlo III open-
split interface (Thermo Fisher Scientific, Bremen, Germany) as described by Bidartondo,
Burghardt, Gebauer, Bruns, & Read [10]. Oxygen stable isotope ratios were analyzed with
thermal conversion through pyrolysis (HTO, HEKAtech, Wegberg, Germany) coupled
to a continuous flow isotope-ratio mass spectrometer (delta V advantage, Thermo Fisher
Scientific) via a ConFlo IV open-split interface (Thermo Fisher Scientific) as described by
Gebauer, Preiss, & Gebauer [11]. Isotope abundances are given in δ values, calculated
according to the following equation:

δ13C, δ15N, or δ18O =
(

Rsample/Rstandard − 1
)
× 1000 (‰) (2)

where Rsample and Rstandard are the ratios of heavy to light isotope of the samples and
the respective standard. This so called “delta notation” is used to express the difference
between the isotope-number ratio of an unknown sample and an internationally agreed
zero-point with known isotopic composition. Nowadays, it is commonly used in many
fields of isotope research, as it enables a more convenient and accurate expression of
small differences in isotope-number ratios that are usually in the order of 10−3 or smaller.
The standard gases (Riessner-Gase, Lichtenfels, Germany) were calibrated with respect
to international standards (CO2 vs. V-PDB, N2 vs. N2 in air, CO vs. V-SMOW) with the
reference substances IAEA-CH-6, IAEA-CO-8 and NBS 18 for the C isotopes, N1 and N2
for the N isotopes and IAEA601 and IAEA602 for the O isotopes, all provided by the IAEA
(International Atomic Energy Agency, Vienna, Austria). Measurements of the laboratory
standard acetanilide were routinely performed to control the reproducibility of C and N
isotope abundance analysis [12]. Acetanilide was monitored with variable sample weight
at least six times per batch of 50 samples. For oxygen isotope abundance measurements,
benzoic acid was analyzed with variable sample weight at least six times within each run
of 40 samples. The uncertainty of measurements was always below 0.2‰ for δ13C, δ15N
and 0.6‰ for δ18O. Data evaluation was performed in the software ISODAT (Version 2.0,
Thermo Fisher Scientific).

2.4. Fourier-Transform Near-Infrared Spectroscopy (FT-NIR)

FT-NIR measurements were performed on a Bruker MPA spectrometer (Bruker Optik
GmbH, Ettlingen, Germany) equipped with an interferometer, an integrating sphere for
diffused reflection and a lead sulfide (PbS) detector. The sample cup was filled to the brim
with whole grains and placed on a sample rotator. Spectra were recorded in triplicates
using 64 scans in the range of 12,500 to 3600 cm−1 at a resolution of 16 cm−1. Data were
collected and preprocessed applying baseline correction using the concave rubber-band
method with 10 iterations on 64 baseline points in OPUS (Bruker Optik GmbH). Analysis
of FT-NIR spectra was limited to the range between 11,000 to 4000 cm−1, and therefore
excluded the flanking regions that display a strongly reduced signal-to-noise ratio.

2.5. Proton Nuclear Magnetic Resonance (1H-NMR)

For 1H-NMR measurements, grains were ground to wholemeal flour in a ball mill
(MM400, Retsch GmbH) at 30 Hz for 2 min. 50 mg of wholemeal flour were weighed in
a 2 mL reaction tube (Carl Roth GmbH, Karlsruhe, Germany) and 2 mL of HPLC-grade
water was added. The sample was extracted for 2 h in an overhead shaker (Tube Revolver
D-6050, neoLab Migge GmbH, Heidelberg, Germany) at 40 rpm before centrifugation for
45 min at 13,300 rpm (MIKRO 185, Andreas Hettich GmbH, Tuttlingen, Germany). 900 µL
of the supernatant was transferred in a 2 mL reaction tube (Carl Roth GmbH) and 100 µL of
buffer was added [13]. The pH was adjusted to 3.10 (± 0.02) using an automated titration
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system (BTpH Unit, Bruker BioSpin, Rheinstetten, Germany). The sample was centrifuged
again for 45 min at 13,300 rpm (Andreas Hettich GmbH) and 600 µL of the supernatant was
transferred in a 5 mm NMR tube. A 400 MHz FoodScreenerTM spectrometer equipped with
a BBI probe head with z gradients was used to acquire the spectra (Bruker Biospin) with a
spectral width of 20.458 ppm. All samples were handled with the IconNMR and TopSpin
3.5 software. A 1D-NOESY-experiment (noesyggpr1d) was performed with an acquisition
time of 4 s and 32 scans. The excitation pulse was determined before each measurement
and the temperature was set to 300 K. The receiver gain was set to a constant value of
32. An exponential window function with an LB of 0.3 was applied during automatic
processing. Spectra were referenced to the signal of the internal standard 3-(trimethylsilyl)-
propanoic acid-d4 sodium salt (TSP, δ = 0 ppm). To ensure the qualitative comparability
of the barley flour extracts, the recovery rate of at least 95% was determined using the
signal of the compound betaine, which was found to be a promising marker for drought
response of barley in the course of this study, after double extraction and measurement of
a representative sample.

2.6. Data Preprocessing and Statistical Analysis

Plots for temperature and precipitation data were done in R version 3.5.3 using ad-
ditional packages (ggplot2, ggridges, RColorBrewer). Maps displaying the aridity index
grids with a spatial resolution of 1 km × 1 km were reproduced graphically in the open-
source software QGIS version 3.1 (Quantum Geographic Information System). Univariate
statistical analysis of isotope data was also conducted in the computing environment R. As
the assumptions for the use of a parametric test were not met, differences between groups
were evaluated by a non-parametric two-sided Mann–Whitney–Wilcoxon test (α = 0.05).
Chemometric analysis (Kruskal–Wallis test, PCA) of FT-NIR spectra and combined data
were performed in MATLAB (Version R2019a, TheMathWorks, Natick, MA, USA). Dimen-
sionality reduction was achieved by splitting the FT-NIR-spectra into bins. Binning (also
called bucketing) is a very common pre-processing step for spectral data, that often contain
thousands of data points/variables. To ease statistical analysis, the number of variables
is reduced by dividing each spectrum into for example equidistant (uniform) so-called
bins/buckets and calculating the integral (total area within each bucket) of each bin. In
our particular case, each FT-NIR spectrum was divided into 300 equidistant regions in
the range between 11,000 and 4000 cm−1. Afterwards, the IRMS variables (δ13C, δ15N,
δ18O) were attached to the data set. Feature selection was performed for combined data,
extracting the 50 most relevant variables based on ranked class-related variance using a
Kruskal–Wallis test. Specifically, the test statistic (H statistic) of the Kruskal–Wallis test was
calculated and used as a filter score, where higher values of the test statistic indicate that
the values of the corresponding variable differ more between the classes. Subsequently,
the test statistic values were sorted from the highest value to the lowest value to reveal the
most relevant variables. Even if statistical approaches are sophisticated, they should not
be blindly relied upon. For this reason, we looked at the extracted variables manually to
verify that they indeed belong to meaningful spectral regions rather than, e.g., noise. Here,
all of the 50 extracted variables were found to be relevant, hence they were used for further
statistical analysis. Selected features were then autoscaled (mean-centering followed by
division of each column/variable by the standard deviation of that column) and processed
using principal component analysis (PCA), to obtain an impression of the differences
between spectra among harvest years. As PCA is an exploratory technique rather than a
classification technique, we defined a criterium based on which a sample is assigned to
a class. Here, we have classified the observations according to their position in the PCA
score subspace by defining a threshold based on Euclidean distance to the calculated center
of each group at a 95% confidence level (α = 5%). Using this classification technique, model
validation using Monte Carlo cross-validation was performed. Specifically, 100 random
models were generated with 90% of the data set as training data and the remaining 10% as
test set.
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3. Results and Discussion
3.1. Weather at the Sampling Site Differed between 2017 and 2018

Total precipitation at the sampling site in 2017 was 573.9 L/m2, which corresponds
to 106% of the mean of the 30-year reference period (1981–2010). In comparison, total
precipitation in 2018 was 70% of the mean of the reference period with a total of 377.1 L/m2.
During the three summer months (June–August), the sum of rainfall was 285.1 L/m2

(155%) in 2017, while in 2018, only 77 L/m2 were recorded, meeting 42% of the reference
period mean (Figure 1a). In addition, the 2018 summer months had 48 days with maximum
temperatures above 25 ◦C (2017: 28 days), which very likely led to co-occurring heat and
drought stress (Figure 1b).
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Figure 1. Precipitation and temperature at the sampling site. (a) The graph displays the daily precipitation totals (in mm) at
the sampling site for the crop years 2017 (blue) and 2018 (red). (b) Density plots show the distribution of daily average
air temperatures (in ◦C) for the crop years 2017 (left) and 2018 (right). Raw data were retrieved from the weather station
(Erfurt-Weimar, German Meteorological Service) with the closest proximity to the sample origin.

Recent findings showed that most barley varieties are particularly sensitive to a
combination of these stresses in comparison to heat or drought individually [14,15]. Both
precipitation and temperature are included in the calculation of the De Martonne’s aridity
index (IDM), which was plotted on a map of Germany. Based on the classes of this frequently
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used index, the barley experienced humid to Mediterranean (IDM ≤ 30) conditions in 2017.
In contrast, the year 2018 in the region the samples were sourced was characterized by
semi-dry to dry conditions (IDM ≤ 20) [9] (Figure 2).

Foods 2021, 10, x FOR PEER REVIEW 6 of 13 
 

 

index (IDM), which was plotted on a map of Germany. Based on the classes of this fre-
quently used index, the barley experienced humid to Mediterranean (IDM ≤ 30) conditions 
in 2017. In contrast, the year 2018 in the region the samples were sourced was character-
ized by semi-dry to dry conditions (IDM ≤ 20) [9] (Figure 2). 

 
Figure 2. Comparison of the aridity in Germany. Maps show the spatial variation in annual drought index (De Martonne 
aridity index, IDM) for Germany in the years 2017 (left) and 2018 (right) and the map scale. All values are calculated using 
the formula: RR/(TM+10), where RR is the annual sum of precipitation (in mm) and TM is the annual mean air temperature 
(in °C). Lower index values refer to more pronounced aridity at respective location. The sample origin is highlighted with 
a thick line and shows index values below 30 in 2017 (humid to Mediterranean) and values below 20 in 2018 (semi-dry to 
dry). 

3.2. Stable Isotope Abundances Indicate Severe Drought Stress 
Carbon isotope abundances of all analyzed barley samples ranged from −24.5‰ to 

−27.6‰ with a mean of −26.3‰, which perfectly fits the typical average ratio for the C3 
crop barley of −25.9 ± 0.7‰ [16]. Samples from the harvest year 2018 showed significantly 
less negative δ13C values for both Quench (Mdn, N2017 = −27.1‰, n = 19; Mdn, N2018 = 
−25.2‰, n = 20; U = 0, p < 0.0001) and Steffi (Mdn, N2017 = −26.7‰, n = 22; Mdn, N2018 = 
−26.0‰, n = 25; U = 52.5, p < 0.0001) compared to samples from 2017 with a more pro-
nounced difference for the Quench variety. The results match the values of studies from 
Ferrio et al., who found less negative δ13C values for bread wheat kernels grown under 
increased drought stress [17]. Between the two trials that varied the most in water availa-
bility, they observed a difference in carbon isotope composition of 2.2‰. The less negative 
values in kernels grown under heavy drought stress match our expectations as the rela-
tionship between water status and the carbon isotopic composition of plants and the un-
derlying mechanism are well researched [18]. During assimilation of CO2, plants utilizing 
the C3 photosynthetic pathway (e.g., barley) discriminate against the heavy isotope of car-
bon (13C). Under normal conditions, the CO2-fixing enzyme ribulose 1,5-bisphosphate car-
boxylase/oxygenase (RubisCO) favors the light 12CO2. Stomatal closure in response to 
drought stress reduces water loss caused by transpiration but also leads to CO2 being 
‘trapped’ inside the leaf’s internal air spaces. The closed stomata force the enzyme to pro-
cess more of the heavy 13CO2, as the trapped CO2 is recycled [19,20]. The resulting change 
in isotopic composition of the biomass can be detected in various parts of crops but ap-
pears to be most pronounced in mature grains, as they might serve as a sink for different 
photosynthetic plant organs [21]. Compared to Quench, which is a high-yielding barley 
cultivar, Steffi is a rather old and less cultivated variety for malting. Therefore, differences 
in genotype and reaction to drought might have attributed to the more pronounced dif-
ference in 13C abundance for Quench (Figure 3a,d) [22]. 

Figure 2. Comparison of the aridity in Germany. Maps show the spatial variation in annual drought index (De Martonne
aridity index, IDM) for Germany in the years 2017 (left) and 2018 (right) and the map scale. All values are calculated using
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thick line and shows index values below 30 in 2017 (humid to Mediterranean) and values below 20 in 2018 (semi-dry to dry).

3.2. Stable Isotope Abundances Indicate Severe Drought Stress

Carbon isotope abundances of all analyzed barley samples ranged from −24.5‰
to −27.6‰ with a mean of −26.3‰, which perfectly fits the typical average ratio for
the C3 crop barley of −25.9 ± 0.7‰ [16]. Samples from the harvest year 2018 showed
significantly less negative δ13C values for both Quench (Mdn, N2017 = −27.1‰, n = 19;
Mdn, N2018 = −25.2‰, n = 20; U = 0, p < 0.0001) and Steffi (Mdn, N2017 = −26.7‰, n =
22; Mdn, N2018 = −26.0‰, n = 25; U = 52.5, p < 0.0001) compared to samples from 2017
with a more pronounced difference for the Quench variety. The results match the values
of studies from Ferrio et al., who found less negative δ13C values for bread wheat kernels
grown under increased drought stress [17]. Between the two trials that varied the most in
water availability, they observed a difference in carbon isotope composition of 2.2‰. The
less negative values in kernels grown under heavy drought stress match our expectations
as the relationship between water status and the carbon isotopic composition of plants
and the underlying mechanism are well researched [18]. During assimilation of CO2,
plants utilizing the C3 photosynthetic pathway (e.g., barley) discriminate against the heavy
isotope of carbon (13C). Under normal conditions, the CO2-fixing enzyme ribulose 1,5-
bisphosphate carboxylase/oxygenase (RubisCO) favors the light 12CO2. Stomatal closure
in response to drought stress reduces water loss caused by transpiration but also leads
to CO2 being ‘trapped’ inside the leaf’s internal air spaces. The closed stomata force the
enzyme to process more of the heavy 13CO2, as the trapped CO2 is recycled [19,20]. The
resulting change in isotopic composition of the biomass can be detected in various parts
of crops but appears to be most pronounced in mature grains, as they might serve as
a sink for different photosynthetic plant organs [21]. Compared to Quench, which is a
high-yielding barley cultivar, Steffi is a rather old and less cultivated variety for malting.
Therefore, differences in genotype and reaction to drought might have attributed to the
more pronounced difference in 13C abundance for Quench (Figure 3a,d) [22].
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Figure 3. Natural stable isotope abundances of the analyzed spring barley samples. Box and whisker plot graphs with
interquartile ranges, medians, error bars (non-outlier minimum and maximum) and results of the Mann–Whitney–Wilcoxon
test on the isotopic values (δ13C, δ15N, δ18O) of spring barley samples from the two varieties (a–c) Quench and (d–f) Steffi.
Samples are grouped based on the crop years 2017 (blue) and 2018 (red). Highly significant differences (p < 0.0001) are
highlighted with four stars (****), while non-significant differences are marked with ‘ns’. Outliers are denoted as filled
circles.

In fact, there is growing evidence that some barley genotypes, which carry more
desirable wild-type traits, have a higher abiotic stress tolerance to environmental factors
such as drought and heat, thus raising interest in targeted breeding of cultivated barley,
especially in view of the challenges posed by climate change [23,24]. The reported N
isotopic compositions showed significant interannual differences for the Quench variety
(Mdn, N2017 = 3.0‰, n = 19; Mdn, N2018 = 5.0‰, n = 20; U = 1, p < 0.0001) with a higher δ15N
in the dry year 2018, while no difference was found for Steffi (Mdn, N2017 = 4.5‰, n = 22;
Mdn, N2018 = 4.7‰, n = 25; U = 229.5, p > 0.05) (Figure 3). The connection between plant
δ15N values and aridity are not straightforward, as multiple factors such as microorganism
activity, N source, and plant metabolism influence the signature. The observed increase
in δ15N for Quench might be attributed to differences in agricultural practice, response
of nitrate reductase activity to drought or due to limited uptake and transfer of N to the
upper plant parts [25]. Apart from the information that the barley comes from conventional
cultivation, details on fertilization are missing, which makes interpretation of the δ15N
values rather challenging. At the same time, such obstacles reflect the intention of the study,
namely to create real conditions that can be transferred to the market. In our approach,
these uncertainties can, to some extent, be compensated by using several measurement
techniques for a more holistic point of view. As for nitrogen isotope composition, δ18O
was significantly different between the two harvest years for the variety Quench (Mdn,
N2017 = 29.6‰, n = 19; Mdn, N2018 = 28.2‰, n = 20; U = 376, p < 0.0001) with lower δ18O
values in 2018, while no significant difference was found for the Steffi variety (Mdn, N2017
= 26.9‰, n = 22; Mdn, N2018 = 26.8‰, n = 25; U = 270, p > 0.05) (Figure 3). A missing
interannual difference in δ18O values is rather unexpected as similar to δ13C values, oxygen
isotopic signatures are expected to increase with higher evaporative demand and lower
stomatal conductance [17]. However, several studies suggest that there is a lack of a clear
relationship in grains compared to, e.g., leaf material or whole plant material. For spring
wheat, Barbour, Fischer, Sayre, & Farquhar reported a significant positive correlation of
δ13C and δ18O in flag leaves, but the relationship was less clear in grains [26]. We conclude,
while grain δ13C seems to be a good marker for water status during grain filling, other
factors seem to specifically affect δ18O. The signal could be dominated by variations in
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δ18O signature of the source water, or it could be influenced by biochemical fractionation
during synthesis of grain organic matter from remobilized assimilates [17]. Considering
the heavy drought in 2018, a higher contribution of pre-anthesis reserves to grain filling is
very likely, which would lead to lower δ18O values [27,28].

3.3. FT-NIR Spectra Show Additional Drought-Related Differences

For visual presentation of the differences in the FT-NIR spectra between the samples
from the two harvest years, average spectra were calculated, and signal assignments of
fundamental regions were included (Figure 4).
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Figure 4. Comparison of spring barley kernel FT-NIR spectra. Figures display baseline-corrected average FT-NIR spectra
(4000 to 12,000 cm−1) for whole kernels of the spring barley varieties (a) Quench and (b) Steffi. Samples are grouped
based on the crop years 2017 (blue) and 2018 (red). Assignments of relevant spectral bands are indicated at the respective
absorbance peak.

It is noteworthy that the spectra of both cultivars show the same changes for the
year 2018, indicating similar metabolite responses to drought stress. The absorbance peak
at around 8264 cm−1 (1200 nm) was related to the second overtone of C-H stretching,
whereas the absorbance peak at 5665 cm−1 (1765 nm) was related to the first harmonic of
C-H stretching. Both peaks are attributed with lipids and showed noteworthy differences
between the harvest years, which is consistent with results from a study using GC/MS-
based metabolite profiling [29–31]. Further, we observed two absorbance bands with
outstanding separation between harvest years that were linked to moisture at around 6800
cm−1 (1470 nm, first overtone of O-H stretching) [29,32,33] and 5170 cm−1 (1934 nm, O-H
stretching) [29,30,32,34,35]. Based on a nationwide report by the Federal Ministry of Food
and Agriculture, in 2018 all cereals, including barley, showed significant reduction in aver-
age moisture content in comparison to the previous year, which fits our observations [36].
The absorbance band around 6300 cm−1 (1587 nm, first overtone of O-H stretching) is
a bit lower for the grain samples from 2018 and was associated with starch, whose syn-
thesis is known to be hindered by drought stress [29,30,34,37]. Finally, we could observe
differences between harvest years at the absorbance peak around 4854 cm−1 (2060 nm).
The band is associated with a combination of C-H stretching, N-H stretching, and O-H
stretching and is related to variation in protein characteristics potentially attributed to
osmotic adjustments [29,31,32,34].
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3.4. Data Fusion Enables Differentiation of Barley Harvest Years

In a next step, we statistically evaluated the FT-NIR spectra and data produced by
IRMS, using Kruskal–Wallis tests and principal component analysis (PCA). The created
models achieved 100% correct classification of harvest years for both barley varieties
(Figure 5).
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Figure 5. Chemometric analysis of combined FT-NIR and IRMS data. Score plots including 95% confidence ellipses of the
first two principal components from the PCA of fused data (FT-NIR and IRMS). Plots are displayed for the two spring
barley varieties (a) Quench and (b) Steffi, and the samples are colored by the crop years 2017 (blue) and 2018 (red). For each
principal component, the respective percentage of variance explained is given in the axis label.

To gain insight into which of the included variables contributed most to the separation,
we ranked them by importance using a Kruskal–Wallis test. We found that the abundance
peak at around 8264 cm−1 (1200 nm) was the most important, followed by the absorbance
bands around 4854 cm−1 (2060 nm), 5170 cm−1 (1934 nm), 5665 cm−1 (1765 nm), and
6800 cm−1 (1470 nm). This is consistent with findings from the literature, which state
that the composition and content of lipids and proteins in barley change significantly
under stress conditions such as heat and drought [24,38]. Interestingly, in the statistical
analysis of the Quench variety, the carbon isotopic composition appeared among the most
important variables for the separation of crop years, but not for the Steffi variety. Given
that the difference in the natural 13C abundance is a marker for water-use efficiency, there
is growing evidence that the old Steffi variety is better adapted to drought [20].

3.5. 1H-NMR Confirms Observations by Means of the Marker Betaine

Finally, we used 1H-NMR spectra of sample extracts that serve as quantitative metabo-
lite fingerprints. These can not only be analyzed in a non-targeted approach, but also
in high-resolution identification of molecular markers. In our case, we focused on plant
physiological markers such as osmolytes, which might indicate a plant’s response to stress
conditions. A direct comparison of the 1H-NMR spectra from the two investigated harvest
years revealed a significantly increased signal intensity at 3.255 ppm chemical shift in all
samples from the year 2018. Importantly, this is regardless of which of the two barley
varieties was considered (Figure 6).
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Figure 6. Comparison of the content of the plant-physiological marker betaine. Plots show the 1H-NMR spectra region
(3.275–3.235 ppm), including the signal of betaine at 3.255 ppm chemical shift. The two spring barley varieties (a) Quench
and (b) Steffi were analyzed as wholemeal flour extracts. Average spectra are displayed as solid lines and the 95% confidence
intervals are represented as dotted lines. Samples are colored by the harvest years 2017 (blue) and 2018 (red). Note that
there are minor differences in chemical shift due to slight variations in the sample conditions, which lead to apparent
multiplets when the included spectra are averaged. This also creates multiple maxima for the confidence intervals (dotted
lines). However, the betaine signal at 3.255 ppm is a singlet.

A comparison with common databases and subsequent spiking experiments for confir-
mation with the pure substance revealed that the signal refers to betaine (trimethylglycine).
Accumulation of this methyl donor is a well-known and critical response of barley to
environmental stress such as drought [39]. We would like to mention here that for the
purposes of this paper, we consider only this section of the spectrum, as it provides the
marker for drought stress and thus the biological background. However, it can be assumed
that an elaborate statistical analysis of the complete NMR spectra could reveal other ex-
citing relationships. On a molecular level, the connection between drought stress and
betaine accumulation can be explained by the function of the plant hormone abscisic acid
(ABA), which not only induces stomatal closure to prevent water loss but was also found
to increase expression of betaine aldehyde dehydrogenase (BADH), catalyzing the last
step in the synthesis of betaine [40]. The relationship is underpinned by the fractionation
we observed for the carbon isotopic composition, which is caused by stomata regulation.
Although this important plant physiological process has often been demonstrated by ex-
periments with whole plants or leaves, elevated concentrations of betaine resulting from
high temperatures and drought have also been observed in studies with grains of wheat
and barley [31,41]. In respective results, there were clear differences between individual
genotypes, on the one hand in the basic content of betaine, but also in the degree of accu-
mulation in response to stress. This might explain the difference observed between the two
investigated varieties, with the old cultivar once more showing a milder response, possibly
due to a higher tolerance to environmental stress.

4. Conclusions

Global warming creates circumstances for the agricultural sector that require rapid
action and unprecedented scientific approaches. A central component is the transfer of
knowledge from controlled field experiments to real market samples. Our results show that
spring barley undergoes noticeable changes in its chemical composition in an extremely
dry and hot year like 2018, enabling a solid discriminability from samples of 2017. The
significantly less negative δ13C values for both analyzed varieties proved to be a suitable
marker for water status during grain filling. Furthermore, FT-NIR and 1H-NMR spectra
showed significant differences between the two harvest years, especially in the absorbance
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bands related to lipids and proteins and the stress marker betaine. All observed chemical
changes could be explained and linked by means of plant physiology, which is an integral
part of authenticity testing of plant-based foods. Furthermore, the weaker stress response
of the old cultivar “Steffi” has shown that the data obtained can also be transferred to
targeted breeding of varieties that tolerate future climate conditions. We are convinced that
additional research on our initial findings will show the broad applicability to unknown
systems and will be the go-to practice in agricultural science.
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Abstract: The determination of country of origin poses a common problem in the appraisal of
gemstones and is in many cases still based on the observation of inclusions and growth features of a
gem, whereas chemical analysis is only done by major labs. We have used Laser Ablation Inductively
Coupled Plasma Mass Spectrometry to analyze the trace element profiles of demantoid garnets
from six different countries and identified a set of six elements, which are magnesium, aluminum,
titanium, vanadium, chromium, and manganese, that are necessary to assign the mining regions
with a good certainty. By using the logarithms of the trace element concentrations and subjecting
them to chemometric modeling, we were able to separate the demantoids originating from Russia,
Pakistan, Namibia, Iran, and Madagascar very well, leaving only Italy with some uncertainty. Results
are presented for an “all origins” model as well as pair-wise comparison of two locations at a time,
which lead to even better results.

Keywords: multivariate statistics; chemometrics; origin determination; garnets; demantoid;
LA-ICP-MS

1. Introduction

The correct determination of origin of gemstones has gained more and more importance recently.
The desire to know where a gem comes from is not only scientifically driven but to a very large extent
by the trade. For a scientist it might be hard to understand that for example two blue sapphires, which
have the same size, weight, color, clarity and cut are appraised differently only because they hail from
different sources. The trade, however, introduces factors such as rarity and history into the appraisal
process and thus the blue sapphire originating from e.g., Madagascar (currently producing) will be
less valuable than the one that has been found in the famed Kashmir region (found in 1881 after a
landslide and now exhausted) [1,2]. Additionally, ethical issues associated with gemstone production
are becoming increasingly important. Hence, it will be necessary in certain cases to prove that gems do
not come from conflict areas as those might be banned from trade in some countries, such as jade and
rubies originating from Burma which were banned in the United States from 2008 to 2016.

In classical gemology, mainly optical characteristics have been used to determine origins, and above
all, inclusions. Tiny crystals which grew in the host gem material are dependent on the geological
setting and thus provide a good tool to eliminate certain sources. For instance, in sapphires it is possible
to assign certain origins by identifying inclusions [3]. However, the fact that inclusions are not always
present, especially in high-priced gemstones, renders this approach problematic. In the last decades,
to optimize the inclusion-based process, major labs have started to exploit more advanced technologies,
among them the determination of chemical composition. By determining major and minor elements
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conclusions about e.g., sapphire genesis can be drawn, or the origin of copper bearing (Paraiba-type)
tourmalines be determined [4]. The analytical arsenal used today includes techniques such as X-ray
fluorescence (XRF), laser induced breakdown spectroscopy (LIBS), or laser ablation inductively coupled
plasma mass spectrometry (LA-ICP-MS). Each of these technologies has its merits but also weaknesses:
whereas XRF gives robust values for major elements, the other two techniques focus on trace elements.
Having the lowest detection limits, typically in the ppb range, LA-ICP-MS further exhibits an excellent
linearity of up to eight orders of magnitude. By contrast, higher concentrations very often present
a problem for this technique. However, having access to both, major components as well as trace
elements, is desirable for obtaining the overall chemical composition in a greater context.

In our study we have focused on the determination of geographic origin of demantoids, which is
the well accepted trade name of the green variety of andradite (Ca3Fe2(SiO4)3) garnets. Demantoids
have first been found in the Russian Urals in the river Bobrovka near the village Elizavetinskoye, close
to Niznij Tagil (or often just called Tagil) in the middle of the 19th century [5,6]. Further deposits in the
Urals were later found in Poldnevskoye (Poldnevaya), Korkodin, and Ufaley—all within a range of
100 km of Ekaterinburg. Only in the 1990s a second major deposit was found in the Erongo region of
Namibia [7], which together with Russia represents most of the cut gems available in today’s market
(Figure 1) [8]. Smaller deposits of gem quality material can also be found in Val Malenco in Italy [9],
Antetezambato in Madagascar [10,11], Khuzdar, Baluchistan in Pakistan [12,13], as well as in Belqeys
and Kerman, both located in Iran [14,15]. Certainly, there are many more deposits of demantoid
garnets on the globe which are not mentioned here as to this date they do not play a major role in the
gem market.
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Figure 1. Demantoid gemstones (0.75–3.23 ct) from Russia (top row) and Namibia (bottom row)
represent the majority of today’s market.

Geologically, these deposits can be separated into two distinct groups, namely in (1) serpentinite
hosted demantoids, such as the ones from the Urals, Val Malenco and Baluchistan and (2) those
originating from skarns, such as the sites in Namibia and Madagascar. First successful attempts
in determining the origin of demantoids based on chemical fingerprinting have shown promising
results, although only simple characteristics such as the Mn/Ti ratio and Cr and/or V content have
been used [8,16]. In this study we have carried out systematic quantitative trace-element analysis of
demantoid garnets from six different origins using LA-ICP-MS and subsequent chemometric modeling
for targeted classification without using inclusion-based assumptions.
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2. Materials and Methods

Representative rough demantoid samples have been collected from Tubussis (Namibia), Ufaley
(Russia), Karkodin (Russia), Poldnevskoye (Russia), Bobrovka (Russia), Val Malenco (Italy), Baluchistan
(Pakistan), Kerman (Iran) and Antetezambato (Madagascar). Cut stones have either been cut by one of
the authors (CS) or were taken from the collection of the Austrian Gemmological Society or the collection
of Gerhard Brandstetter. Italian demantoids were in part supplied by Thomas Engeli, other samples
were taken from the collections of the authors (CS and StS (Stephan Schwarzinger)). In particular for
many samples originating from Russian deposits no further site of collection was provided. A total of
136 samples (403 individual points) have been analyzed, 39 from Russia (117 points), 25 from Namibia
(73 points), 33 from Pakistan (98 points), 5 from Madagascar (14 points), 8 from Iran (23 points) and
26 from Italy (78 points).

Concentrations of 24Mg, 27Al, 47Ti, 51V, 52Cr, and 55Mn were measured by Laser
ablation—inductively coupled plasma mass spectrometry (LA-ICP-MS) using a Cetac LSX-213 G2+

laser ablation system (Teledyne Cetac Technologies, Omaha, NE, USA) connected to a Thermo
Fisher Scientific X-Series II ICP MS system (Thermo Fisher Scientific, Waltham, MA, USA). 43Ca,
28Si, and 56Fe were also measured and utilized to monitor the smoothness of the Laser ablation
process. Other elements (7Li, 59Co, 60Ni, 63Cu, 64Zn, 71Ga, 74Ge, and 88Sr) were measured as well
for representative samples but did not show any significant concentrations. Tuning and calibration
were carried out using NIST 610, 612, and 614 glass standards; reference values were taken from
Jochum et al. [17]. The laser ablation was operated with a 100 µm spot size, a laser fluence of 9.2 J cm−2

and a repetition rate of 10 Hz. 130–230 shots were made on each spot and the ablated products
transferred to the ICP-MS with a flow rate of 500 mL.min−1 He gas. Each sample was measured at
three different spots except for two pieces from Madagascar that have been sampled 5 times each.

Concentration profiles were further analyzed with the publicly available software AI(OMICS)n

(publicly available in-house written software), which provides a MatLab-based workflow for robust
chemometric modelling [18]. Specifically, a table with sample IDs, meta data on the geographic
origin of the sample as class information, and the respective element concentration profile for each
sample were loaded in AI(OMICS)n, which was operated in MatLab (version R2018b, The Mathworks,
Natick, MA, USA). Different strategies were applied, either considering all classes or considering just
pair-wise comparison of classes. As a first step, native element concentrations were subjected to the
data expansion module of AI(OMICS)n, which automatically generates, e.g., combinations of pair-wise
ratios of parameters, logarithms of single parameters as well as parameter combinations for improved
screening of non-linear events contributing variance between groups. To calculate logarithms in
this context, concentrations below the limit of detection (LOD) were set to a fixed value of 0.1 ppm
since negative and zero values cannot be logarithmized. The resulting variables were then subjected
to a Kruskal-Wallis H-test in order to detect class-related variance and ranked according to their
relevance [19]. A maximum of 50 of the most relevant variables got selected for further dimensionality
reduction by principal component analysis (PCA). Subsequently, linear discriminant analysis (LDA)
was applied to the extracted principal components (PCs). The number of PCs to be taken into account
for LDA was determined by a cut-off at a threshold of 95% explained variance. This is a precaution in
order to avoid overfitting and thus the consideration of random error (noise) rather than relationships
between variables. Models were validated using the Monte-Carlo cross-validation (MCCV) method [20].
Specifically, 100 random models were generated with 90% of the data set as training data and the
remaining 10% as test set. The overall quality of the models, i.e., the correctness of data predicted
during MCCV, was judged using the multivariate correlation coefficient R2, the multivariate correlation
coefficient after cross validation Q2, the accuracy (ACC), the Matthews correlation coefficient (MCC),
the prevalence threshold as well as the confusion matrix. In particular the MCC has been found to be a
very reliable metric for judging the quality of chemometric models. In contrast to the ACC, which
constitutes the ratio of the sum of true positive and negative classifications and the total population,
MCC also takes into account the false positive and false negative classifications. It can also be applied
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well in cases where group sizes differ significantly. The prevalence threshold is applied to test whether
a particular class is represented with enough samples under consideration of the accuracy and precision
of the respective model. To assess model robustness averaged class accuracies and their standard
deviations were calculated based on the 100-fold MCCV. The importance of each element for the
respective model was judged by calculating the variable importance in projection (VIP). Based on
this information box plots were generated for these elements in R version 3.5.4 using the ‘ggplot2’
package [21–27].

3. Results and Discussion

Garnets can be divided into 6 groups, which are pyrope, almandine, spessartine (pyralspite-series)
and uvarovite, grossular, and andradite (ugrandite-series). Very often garnets are not pure endmembers
of a series but represent mixtures of the members of the above-mentioned series and therefore do not
exhibit well defined, narrow ranges of element-concentrations. We have therefore decided not to use
any internal standard for the ICP-MS experiments, rather, we have used three different NIST glasses
which cover concentrations of about 1–400 ppm for most elements in question. A comparison of our
data with the ones published by Adamo et al. [9] for Italian demantoids using an internal standard
approach shows very good agreement given the fact that the chemistry within a single crystal can
vary dramatically as has been shown for an andradite slice from Ufalay [8]. The actual values are Cr:
2–5468 vs. 0–1134 ppm, Ti: 7–649 vs. 3–545 ppm, and V: 12–86 vs. 1–102 ppm for 31 points analyzed by
Adamo and 78 points in this study.

As a first result this study reveals that the samples analyzed here all represent rather pure end
members of the andradite series except for the samples originating from Madagascar. This class of
samples exhibits from low to comparatively high aluminum concentrations of 40 ppm up to 8.5%
(most being above 0.2%) indicating presence of a certain grossular content for this site. Hence, within
the group of locations analyzed here aluminum serves as a marker element for Madagascar. Another
element of interest is chromium, where highest concentrations can be found in samples from Russia and
Iran, as low as 100 ppm but mostly in the range of 0.1 to 4%. Namibia has generally the lowest amounts
of chromium; in Pakistani, Madagasy and Italian samples concentrations from below detection limit
up to 1000 ppm were found. Manganese is high in Namibian and Russian samples (280–500 ppm)
whereas magnesium is found to have highest concentrations in Pakistani and in part Russian material
(2000 ppm—1.1%) and lowest concentrations in Namibian samples (generally below 500 ppm). A table
listing all concentrations can be found as Table S1 in the Supplementary Materials .

A first approach was using the separation criteria which have been successfully applied
to differentiate Namibian from Russian demantoids in our previous work [8]. There, the ratio
of manganese/titanium was plotted against the sum of chromium and vanadium, however,
this two-dimensional approach soon starts to produce significant overlapping of several origins
and was thus discarded.

In this work, a total of 17 elements was analyzed to discover marker elements or reveal internal
dependencies of element concentrations with respect to the origin of the samples. For successful
multivariate modeling it is important to identify variables significantly contributing the inter-group
variance and to eliminate other variables to reduce the risk of overfitting the data, which here is tested
for by applying extensive Monte-Carlo cross-validation. In addition, it has to be considered that
linear multivariate model approaches may have difficulties with non-linear data structures. Therefore,
linearization of data, e.g., by logarithmization, may significantly improve performance of linear
modeling algorithms. It should, however, be noted that the degree to which this is relevant will always
depend on the particular data structure of the data set investigated. In this study the optimal number
of variables as well as the optimal pre-processing of these variables was determined in an iterative
manner. Specifically, elements that were not detected at concentrations above LOD were eliminated
first. This way, the elements Li, Co, Ni, Cu, Zn, Ga, Ge, and Sr (eight out of 17) were not present
in significant concentrations in a manner systematically correlating with the geographic origin and
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were subsequently not considered further. Additionally, Ca, Si and Fe—which were primarily used
for monitoring of the laser ablation process—were excluded from further analysis as no standards
are available in the relevant concentration regime preventing that the system could not be calibrated
accordingly and the amounts detected were found to be too high. Following this step the data expansion
module of AI(OMICS)n, which aims at automation of certain steps of data pre-processing, was applied
for the remaining six elements Al, Cr, Mg, Mn, Ti, and V. Specifically, inverse concentrations, products
and ratios of all element concentrations measured as well as the calculated dependencies are generated
to allow a systematic screening. Especially ratios, e.g., plotted in 2D graphs, have been shown in
the past to contain important information as compared to using pure concentrations [8]. Similarly,
as concentrations of the various elements span several orders of magnitude and are heavily skewed,
transformation into their logarithm—as pointed out above—may improve chemometric modeling
based on linear approaches, including PCA, PCA-LDA, partial least squares-discriminant analysis
(PLS-DA), orthogonal PLS-DA (OPLS-DA) and others. Here, the natural logarithm (base-e log) has
been chosen for model building with the PCA-LDA approach [28,29]. For this specific operation
it was necessary to convert measurements numbers smaller or equal to zero to a small value but
not zero. Considering the concentrations detected for the individual elements a fixed value of 0.1
was chosen empirically, which—being in the order of the value of the smallest concentrations of all
elements measured—prevents unnaturally small logarithms. Several rounds of data elimination were
performed considering the ranks of variables especially in the Kruskal-Wallis H-test as well as in the
VIP-scores in PCA-LDA models. In addition, model quality was judged by the R2 and Q2 values as
a function of the number of principal components to exclude overfitting. The Matthews correlation
coefficient (MCC), which in contrast to R2 and Q2 also takes into consideration the effect of true and
false positive/negative predictions as well, is also considered as a relative quality criterion between
different models. The prevalence threshold, which takes into account the quality of discriminating
power under consideration of the size of the groups, was judged, too. All models were generated
as PCA-LDA for optimal comparison. Finally, it was found that logarithmizing of the pure element
concentration as single data transformation was sufficient to achieve over 95% explained variance with
no more than 3 to 5 principal components for pair-wise comparisons of locations. As logarithmizing of
variables is a common way of converting non-linear problems into linear ones, it is not unexpected
that LDA performs better with the logarithms of the element concentrations. Variables, such as
ratios of concentrations or their logarithms were excluded to reduce multi-collinearity, which may
significantly impact modeling by overfitting. Of note, PCA-LDA itself was chosen because it is
known to be less prone to overfitting due to multi-collinear variables. Additionally, in contrast to,
e.g., a PLS-DA (where dimensionality reduction is supervised while it is un-supervised in the PCA
approach), it allows better assessment of samples that do not belong to groups used to generate
models through judgment of the Mahalanobis distance [30] of a sample relative to the group center in
multidimensional space [31]. Note, too, that LDA in principle requires normality of the data, which
is often not given in real-life data sets, in particular when only small sample numbers are available.
Using logarithms of element concentrations is an important step towards normality, which, however, is
not met for every element/country combination. Nevertheless, the LDA classification has been shown
in the past to perform very robust, despite the assumption of normality is violated [32,33]. If the data
were perfectly normally distributed LDA would determine the optimal solution for each hyperplane.
In absence of normality several solutions for a hyperplane may exist, each describing only one local
optimum. This in turn would lead to an increased number of mismatches in the cross-validation, which
was not observed here. We wish to note that there are many other classification algorithms which
in principle may perform similarly provided proper verification. In this study, however, the focus
is not to find the best performing statistical model but to gain insights into whether trace element
concentration allows classification of the origin at all and which elements play a role in this approach.

Table 1 shows the confusion matrix for a representative model “All origins”. Shown are the
model specific benchmark parameters accuracy (ACC), Matthews correlation coefficient (MCC), false
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classifications, correct classifications and the prevalence threshold (minimum calculated fraction/true
fraction). Numbers in parenthesis are percent fractions for countries and correct and false classifications,
respectively. n(total) denotes the number of total element profiles, n(class) the number of element
profiles, and n (latent variables) the number of principal components used to achieve 95% explained
variance. In addition, cumulative R2 and Q2 as well as the averaged group accuracy (mean ± standard
deviation) from the 100-fold MCCV are shown to allow judgement of the model robustness. Diagonal
elements in the confusion matrix represent the number (fraction) of correctly assigned cases. Vertical
off-diagonal elements correspond to false negative predictions (i.e., wrong origin assigned; e.g., from
the 73 true Namibian Demantoids two are mis-assigned to Russia and three to Italy (first row)),
while horizontal off-diagonal elements are false negative results (i.e., wrong origin is assumed; e.g.,
five samples predicted to be from Namibia are indeed from Russia (first line)). The asterisk indicates
that the prevalence threshold expected for the accuracy and precision of the model is slightly missed
for the origin Iran.

Table 1. Confusion matrix showing prediction accuracy of the method (for details refer to the text).

Model
ACC = 0.84 MCC = 0.78 R2

cum = 1 Q2
cum = 0.85

All Origins

n(total) = 403 True Namibia True Pakistan True
Madagascar

True
Russia True Iran True Italy

prevalence
threshold

(calc/observed)
Predicted Namibia 68 (93.2%) 0 0 5 (4.3%) 0 0 0.12/0.18
Predicted Pakistan 0 91 (92.9%) 1 (7.1%) 7 (6.0%) 0 7 (9.0%) 0.12/0.18

Predicted Madagascar 0 0 13 (92.9%) 0 0 0 0.03/0.03
Predicted Russia 2 (2.7%) 1 (1.0%) 0 96 (82.1%) 3 (13.0%) 18 (23.1%) 0.24/0.29

Predicted Iran 0 1 (1.0%) 0 3 (2.6%) 17 (73.9%) 0 0.10/0.06 *
Predicted Italy 3 (4.1%) 5 (5.1%) 0 6 (5.1%) 3 (13.0%) 53 (67.9%) 0.22/0.19

n(class) 73 98 14 117 23 78
false classifications (n (%)) 65 (16.1%)

correct classifications
(n (%)) 338 (83.9 %)

n(latent variables) 6
Averaged Group Accuracy
from MC cross validation 0.92 ± 0.10 0.91 ± 0.10 0.94 ± 0.15 0.81 ± 0.12 0.72 ± 0.31 0.68 ± 0.18

*: Prevalence threshold missed for location Iran—see text for details. Model performance (correctly assigned)
indicated by background color: >90%: green; >80 %: blue; >70 % yellow; rest: red.

The model with all six origins shows that at least three origins can be predicted with a considerable
high accuracy and precision (Figure 2, Table 1). In particular, demantoids from Namibia and Pakistan
can be classified very well. Specimen from Madagascar can also be classified well, but the low
prevalence leads to a higher degree of variability as evidenced by the larger standard deviation of
the group accuracy resulting from MCCV. Although samples from Russian deposits can be predicted
with accuracies around 80% some sample are mis-assigned to all other origins, except for Madagascar.
This indicates a larger variability in the composition of these demantoids. Samples from Iran and
Italy could also be assigned only with accuracies around 70%. However, in contrast to the wrongly
classified samples from Russia the samples from Iran and Italy are mis-assigned to only two other
origins. In particular demantoids from Italy exhibit a tendency to be predicted in a false-positive
manner as Russian samples. This leads to the conclusion that a significant fraction of Italian demantoid
samples shares a similar trace-element profile with the majority of the Russian samples. It should be
mentioned that—although the prevalence index for five of the origins is met or even exceeded and only
closely missed for the origin Iran—the smaller number of samples available for Iran and Madagascar
adds to uncertainty. The question here is whether natural variability of these very difficult to come
by samples is already adequately represented. Especially the narrow distribution of the profiles for
Madagascar contributes to excellent classification properties for this particular deposit, which appears
to source from an increased grossular content in the samples studied here. The small total number of
data points also contributes to comparable large standard deviation of the class accuracy achieved
during the 100-fold Monte Carlo cross-validation.
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in modeling. While ideally all demantoid deposits in the world with all available specimens should 
be in a model this is not possible in reality, simply for sample availability, but also financial reasons 
associated with sample acquisition and analysis. As demantoids from Iran are present in the market 
we decided to include the available specimens into this model rather than to omit it and investigate 
the effects. While the model with six deposits does not allow satisfactory assignment of all samples 
in a single test the results from cross validation allow deepened insights into sample confusion. In 
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vs. (combined others)). However, in this case the group consisting of all but one location displays a 

Figure 2. PCA-LDA score plot with all classes including the log-transformed concentrations of the
six relevant elements Mg, Al, Ti, V, Cr and Mn. Each dot represents a single element profile from an
individual measurement after MCCV. Axis shown represent the first two linear discriminants. Ellipses
confer to the 95% confidence interval according to Hotellings T2, which is the multivariate analog to
the t-test [34]. Note that graphics represent a projection from 6-dimensional space, i.e., overlap in this
projection does not necessarily mean samples cannot be separated (cf. confusion matrix in Table 1).

As already indicated above the number of samples has a critical influence on the model quality
and should always be tested for using the prevalence threshold. In the above model the prevalence
threshold for Iran was slightly missed as indicted by an asterisk in Table 2. This indicates that more
samples will be needed to improve future models. However, at the same time this case represents an
interesting test for what happens when locations with only small numbers of samples are included
in modeling. While ideally all demantoid deposits in the world with all available specimens should
be in a model this is not possible in reality, simply for sample availability, but also financial reasons
associated with sample acquisition and analysis. As demantoids from Iran are present in the market
we decided to include the available specimens into this model rather than to omit it and investigate the
effects. While the model with six deposits does not allow satisfactory assignment of all samples in a
single test the results from cross validation allow deepened insights into sample confusion. In fact,
testing all classes in one model is only one of several possible testing strategies. A different strategy is
to test one deposit in a pair-wise manner against all other deposits (i.e., testing location X vs. (combined
others)). However, in this case the group consisting of all but one location displays a very high
variability preventing improved results for the particular classification problem studied here (data
not shown). It should be noted that it is difficult to delineate a generally applicable approach, as this
will be determined by the properties of the population investigated. For the present case another
possibility is inspired by the directed acyclic graph (DAG) trees [35]. Here, models are constructed
for only two deposits at a time, but for all possible combination of deposits. By doing so the model
can take optimal advantage of the differences between a particular pair of groups, which may lead to
improved classification performance.
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Hence, in order to better understand these pair-wise relationships we further established 15 models
comparing only two selected origins (Figure 3). This is particularly interesting as now for each case
a different set of variables can be used to describe the inter-group variance in an optimized way.
The approach also has the potential that separations between two particular deposits can be much
clearer than in the multi-origin model. However, caution is advised as an unknown sample subjected
to classification with only two classes will be assigned to one of the two available choices—regardless
if it is indeed a member of one of the two. For instance, if a garnet from Madagascar is investigated
for class membership in a pair-wise model trained with samples from Italy and Pakistan, it will be
assigned to one of these classes.

From a purely mathematical point of view it is non-sense to use something in a model for which it
is not trained for. However, in real-life this is a realistic scenario when testing an unknown sample,
especially if there is the suspicion of fraud. The unknown sample will be assigned to the class with the
highest similarity. In case the sample does not belong to either of the groups tested for the Mahalanobis
distance, which is a very useful metric for detecting multivariate outliers, for such a sample will likely
be very large in comparison to samples that indeed belong to classes used for the training of the
data set [36]. This is possible, for instance, through the QQ-plots (quantile-quantile) provided by the
AI(OMICS)n package, where Mahalanobis distance of all samples used for model building and the
sample under investigation is plotted versus their respective Euclidean distance at a 95% confidence
level (α = 5%). In general, if an unknown sample is initially run in the multi-origin data set, one can
obtain a first estimate of the samples’ country of origin. In a subsequent step this can be verified with
the finer pair-wise models. In any case it is necessary to closely investigate the Mahalanobis distance
for the sample in all models and to compare it with the typical confidence intervals obtained for true
in-class samples.

Figure 3 clearly shows that even with only two depicted linear discriminators most origins can be
clearly distinguished. In particular, Italy-Namibia, Italy-Iran, Italy-Madagascar, Namibia-Pakistan,
Namibia-Iran, Namibia-Madagascar, Pakistan-Iran, and Iran-Madagascar can be separated essentially
in full. For the remaining classification problems, it must not be forgotten that the graphs only represent
2D-projections of a multi-dimensional space and that the confusion matrix as well as additional metrics
should be considered. Table 2 reveals that models for Madagascar typically exhibit a reasonable high
accuracy which, however, varies considerably as a function of cross-validation. This can be explained
to be a more frequent mis-assignment of only a few samples of the group, which due to the small
group size accumulates to a large relative variation. Furthermore, Table 2 shows that the distinction
of Italy vs. Russia and Russia vs. Iran works least as expressed by their low MCC of only 0.68 and
0.67, respectively. In both cases one group (Italy and Iran, respectively) shows a large number of
mis-assigned samples. The first case is particularly interesting, as both groups are also present with
comparable and larger sample numbers (Russia: 117, Italy: 78). While in this model Russian samples
are mis-classified at a rate of only ~7% (8 out of 117), Italian samples are classified as being Russian
demantoids at a rate of ~26% (20 out of 78). This means that the accuracy for both origins is different in
this model, which has an impact on the interpretation of the results. Here, it is important to consider
the testing hypothesis. This means that if the null hypothesis, H0, is Russia (we assume the sample is
from Russia) there is a 93% chance the result is correct, and the gem is indeed from Russia. More than
9 out of 10 tests will deliver a correct result. However, in the case H0 is Italy (assuming the gem is from
Italy) chances for the specimen being indeed an Italian demantoid are as low as 75% meaning one out of
four tests will be mis-assigned. In such a case it is particularly important to critically evaluate all other
models by attempting to rule out other solutions. Ultimately, there will always be a certain risk that a
new sample is not well represented in the model. In such instances it is indicated to utilize additional
approaches, such as analysis of inclusions (if present) to gain more confidence in the results obtained.

110

PUBLICATIONS OF THIS THESIS



Minerals 2020, 10, 1046 10 of 15
Minerals 2020, 10, x FOR PEER REVIEW 10 of 16 

 

 
Figure 3. Representative PCA-LDAs for the pair-wise models (a) Italy-Namibia; (b) Italy-Pakistan; (c) 
Italy-Russia; (d) Italy-Iran; (e) Italy-Madagascar; (f) Namibia-Pakistan; (g) Namibia-Russia, (h) 
Namibia-Iran; (i) Namibia-Madagascar, (j) Pakistan-Russia, (k) Pakistan-Iran, (l) Pakistan-
Madagascar, (m) Russia-Iran, (n) Russia-Madagascar, (o) Iran-Madagascar. Each dot represents a 
single element profile from an individual measurement after MC cross-validation. Axis shown 
represent the first two linear discriminants. Ellipses confer to the 95% confidence interval according 
to Hotellings T2.

Figure 3. Representative PCA-LDAs for the pair-wise models (a) Italy-Namibia;
(b) Italy-Pakistan; (c) Italy-Russia; (d) Italy-Iran; (e) Italy-Madagascar; (f) Namibia-Pakistan;
(g) Namibia-Russia, (h) Namibia-Iran; (i) Namibia-Madagascar, (j) Pakistan-Russia, (k) Pakistan-Iran,
(l) Pakistan-Madagascar, (m) Russia-Iran, (n) Russia-Madagascar, (o) Iran-Madagascar. Each dot
represents a single element profile from an individual measurement after MC cross-validation. Axis
shown represent the first two linear discriminants. Ellipses confer to the 95% confidence interval
according to Hotellings T2.
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The confusion matrix for a representative model for pair-wise testing of the country of origin is
shown in Table 2. Displayed are the model specific benchmark parameters accuracy (ACC), Matthews
correlation coefficient (MCC), false classifications, correct classifications and the prevalence threshold
(minimum calculated fraction/true fraction). Numbers in parenthesis are percent fractions for countries
and correct and false classifications, respectively. n(total) denotes the number of total element profiles,
n(class) the number of element profiles, and n(latent variables) the number of principal components
used to achieve 95% explained variance. In addition, cumulative R2 and Q2 as well as the averaged
group accuracy (mean ± standard deviation) from the 100-fold MCCV are shown to allow judgement
of the model robustness. Diagonal elements in the confusion matrix represent the number (fraction)
of correctly assigned cases. Models highlighted in red and blue denote perfectly (exclusively correct
classifications) respectively almost perfectly preforming models.

A closer inspection of the VIP scores, i.e., the natural logarithms of elements, of the individual
elements provides insights into their importance for a particular model (Tables 3 and 4). Table 3
provides the detailed results for all models generated in this study, with VIP1 having the highest
impact on a model and VIP6 having the lowest. Overall, it can be seen that Al and Cr appear to play
a major role in the discriminant models, followed by Mg and Mn. However, it would be a wrong
conclusion to assume that V and Ti could be omitted from the analysis. Despite these two elements
playing a less important role in many of the generated models, they are essential components for
the discrimination of Russia-Madagascar, Pakistan-Iran, Italy-Iran, and Iran-Madagascar. Moreover,
valuable information about the importance of the elements for the within-class structure of the data
is gained as the VIP method takes into account all dimensions of the generated model. Hence, for
comprehensive analysis of the origin of a gem it is essential to record all six elements. In fact, it is the
large range of concentrations found in natural gems which defines the origin of a specimen, when
enough elements are combined. This can be visualized best by boxplots of the natural logarithms
of the individual elements as a function of the country of origin. In the best cases, an origin can be
selected (or excluded) by simply plotting the concentration profile into the boxplot chart (Figure 4).

Table 3. Listing of the most important variables for each model ranked by their VIP-score.

Model Type of Deposit VIP1 VIP2 VIP3 VIP4 VIP5 VIP6

All origins ln(Mg) ln(Cr) ln(Ti) ln(Al) ln(Mn) ln(V)
Italy-Namibia asbestos vs. skarn ln(Al) ln(Cr) ln(Mn) ln(Ti) ln(Mg) ln(V)
Italy-Pakistan asbestos vs. asbestos ln(Mn) ln(Mg) ln(Al) ln(Cr) ln(Ti) ln(V)
Italy-Russia asbestos vs. asbestos ln(Mg) ln(Al) ln(V) ln(Ti) ln(Cr) ln(Mn)

Italy-Iran asbestos vs. asbestos ln(Al) ln(Ti) ln(Cr) ln(Mn) ln(Mg) ln(V)
Italy-Madagascar asbestos vs. skarn ln(Cr) ln(Al) ln(Mg) ln(V) ln(Ti) ln(Mn)
Namibia-Pakistan asbestos vs. skarn ln(Al) ln(Cr) ln(Mg) ln(Mn) ln(V) ln(Ti)
Namibia-Russia asbestos vs. skarn ln(Al) ln(Mn) ln(V) ln(Ti) ln(Cr) ln(Mg)

Namibia-Iran asbestos vs. skarn ln(Mn) ln(Mg) ln(Cr) ln(Ti) ln(Al) ln(V)
Namibia-Madagascar skarn vs. skarn ln(Cr) ln(Mg) ln(Mn) ln(Al) ln(Ti) ln(V)

Pakistan-Russia asbestos vs. asbestos ln(Mg) ln(Al) ln(Cr) ln(Ti) ln(V) ln(Mn)
Pakistan-Iran asbestos vs. asbestos ln(V) ln(Cr) ln(Al) ln(Ti) ln(Mg) ln(Mn)

Pakistan-Madagascar asbestos vs. skarn ln(Cr) ln(Mn) ln(Mg) ln(Al) ln(Ti) ln(V)
Russia-Iran asbestos vs. asbestos ln(Cr) ln(Al) ln(Mg) ln(Mn) ln(Ti) ln(V)

Russia-Madagascar asbestos vs. skarn ln(V) ln(Cr) ln(Al) ln(Mg) ln(Ti) ln(Mn)
Iran-Madagascar asbestos vs. skarn ln(Cr) ln(V) ln(Al) ln(Ti) ln(Mg) ln(Mn)
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Table 4. Scores of the individual elements as a function of their VIP-rank. Although it appears that Ti
and V are overall of less importance Table 3 clearly indicates their important role for particular models.

Rank VIP Al Cr Mg Mn Ti V

1 4 5 3 2 0 2
2 4 5 3 2 1 1
3 4 3 4 2 1 2
4 3 1 1 3 7 1
5 1 2 4 1 6 2
6 0 0 1 6 1 8Minerals 2020, 10, x FOR PEER REVIEW 13 of 16 
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well as the maximum and minimum of each group. Outliers are represented as black dots.

4. Conclusions

We have successfully shown that the determination of country of origin is possible using a more
quantitative approach than identification of inclusions, which is largely based on individual knowledge.
By measuring minor and trace elements and applying modern chemometrics an excellent separation of
five out of six countries of origin was achieved. The good separation with the complete dataset can
even be improved when only a pair-wise comparison of two possible origins is used. This approach
can be used when additional information, such as inclusions, can be used to rule out certain origins.
Of course, the number of samples is essential for such studies and new samples will be added to
the model as they become available. For the future it is planned to include even more elements into
multivariate modelling. While it appears not rewarding to conduct large studies on elements that
were shown to be not present in significant amounts in this and/or other studies, it seems promising
to utilize major elements, such as Ca, Si, and Fe. As discussed for LA-ICP-MS proper calibration
is difficult due to lacking standards and instrument limitations. This often prevents comparability
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of results obtained on different instruments. However, other technologies might be utilized in the
future to obtain reproducible concentrations for these elements. Then, the data resulting from different
technologies can be fused and evaluated together. This approach has already been successfully applied
to technologies as different as NMR-spectroscopy and multi-isotope ratio mass-spectrometry [37].

Still, any such approach is only as good as the samples that are available. In our study the number
of samples from Madagascar and Iran was rather limited with 5 and 8, respectively, so in order to
improve the models more samples have to be obtained from those localities. New localities may
be added as samples become available in significant numbers. Care has to be taken that selected
specimens properly reflect the natural variability at these locations. Nevertheless, when applying
such methods, the user has to be aware that likely not any sample population available will (a) ever
represent all deposits in the world and (b) in significant numbers. Hence, interpretation shall always
be carried out having this in mind. When testing samples for fraud, analytical results often provide
hints that something is not as advertised. It is advisable to back up results with independent methods
to get more evidence. Here, we have added one more tool to the analytical arsenal.

Supplementary Materials: The following are available online at http://www.mdpi.com/2075-163X/10/12/1046/s1,
Table S1: Concentrations of Mg, Al, Ti, V, Cr, and Mn of all samples.
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Table S1. Concentrations of Mg, Al, Ti, V, Cr, and Mn of all samples. 

Sample No Origin Mg / ppm Al / ppm Ti / ppm V / ppm Cr / ppm Mn / ppm 
1 Italy 1780 3143 454.3 91 90.2 319.9 
2 Italy 1496 1596 389.4 87.35 59.4 282.2 
3 Italy 1557 7538 345.5 82.48 37.12 270.9 
4 Italy 945.9 411.4 296.1 71.97 22.63 226.4 
5 Italy 926.5 485.7 344.4 66.33 10.24 73.06 
6 Italy 1066 583.1 379.8 61.11 5.976 76.99 
7 Italy 1173 655.4 412.5 65.72 6.515 83.72 
8 Italy 939.5 509.9 126.1 84.43 11.12 76.56 
9 Italy 822 434.9 110.9 80.48 32.41 82.14 
10 Italy 892.3 513.2 110.7 82.62 21.34 71.51 
11 Italy 977.3 360.3 475 81.68 19.75 201.9 
12 Italy 977.4 356.6 502.9 88.25 17.63 212.6 
13 Italy 1060 494.2 544.8 96.61 13.07 194.2 
14 Italy 1081 635.6 49.92 46.81 813.1 133.8 
15 Italy 996.3 491.8 369.9 71.92 19.19 223.5 
16 Italy 1142 678.8 47.07 30.64 1106 133.4 
17 Italy 1119 660.6 39.82 37.35 1134 130.5 
18 Italy 886.8 460.9 15.69 26.12 11.76 82.98 
19 Italy 871.7 430.7 34.12 58.74 42.53 111.5 
20 Italy 893.9 483.3 17 30.5 15.01 97.46 
21 Italy 712.6 236 16.57 70.2 2.739 166 
22 Italy 609.6 176.9 30.61 95.18 8.252 152.9 
23 Italy 611.3 161 26 86.8 9.129 155.1 
24 Italy 840.8 594.3 3.401 6.5 0.292 86.15 
25 Italy 969.6 181.9 35.66 67.65 5.285 166.2 
26 Italy 906 289.5 222.6 65.97 29.33 228.9 
27 Italy 1576 144.8 34.56 47.19 3.144 207.9 
28 Italy 1230 772.8 14.59 19.57 4.105 85.05 
29 Italy 1406 746.2 11.52 21.72 2.537 91.11 
30 Italy 1199 788.6 12.84 22.68 8.711 91.46 
31 Italy 980.6 502.2 62.86 25.11 17.64 94.13 
32 Italy 1046 568.7 61.99 21.86 23.07 89.99 
33 Italy 1060 563 65.06 22.18 13.76 94.75 
34 Italy 1041 974.7 3.182 0.306 0.43 90.24 
35 Italy 1105 1038 3.401 0.876 0.514 85.3 
36 Italy 1091 746.7 2.962 3.106 bdl* 81.75 
37 Italy 985.6 646.7 67.91 33.28 85.55 106.4 
38 Italy 1102 553.1 21.83 18.97 83.95 84.42 
39 Italy 1183 815.6 21.61 26.89 1.188 90.76 
40 Italy 1268 929.4 15.03 18.92 1.863 85.87 
41 Italy 1001 599.2 14.37 11.68 7.847 90.63 
42 Italy 990.7 569.5 13.71 12.05 6.701 90.01 
43 Italy 928.5 539.3 12.62 11.34 5.892 83.25 
44 Italy 1134 705.2 39.6 49.05 116.6 128.7 
45 Italy 1247 732.1 46.41 56.19 68.85 128.2 
46 Italy 1144 666.6 45.09 49.11 97.41 123.5 
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47 Italy 1147 244.4 84.59 70.88 106.3 272.5 
48 Italy 1007 604 62.86 38.01 64.85 106.4 
49 Italy 908.9 161.6 99.07 53.43 104.4 234.1 
50 Italy 1245 206.7 121.9 49.22 196.5 259.2 
51 Italy 990.6 687.2 8.886 13.55 2.183 85.18 
52 Italy 1022 744.3 18.98 17.58 1.323 87.72 
53 Italy 1096 704.5 24.03 25.35 23.71 91.22 
54 Italy 1097 696.6 12.4 21.25 9.265 89.33 
55 Italy 1096 694.6 34.56 28.81 4.645 88.79 
56 Italy 1012 641.5 18.76 21.34 4.004 93.99 
57 Italy 1158 479.4 39.39 28.67 3.414 105.1 
58 Italy 1169 440.8 29.73 28.34 8.336 102.5 
59 Italy 1037 632.6 67.25 42.41 110.9 115.3 
60 Italy 1169 513.7 35.87 26.34 4.021 98.39 
61 Italy 4088 876.6 24.46 31.93 3.211 167.7 
62 Italy 1011 328.5 26.22 25.15 0.413 138.9 
63 Italy 1618 516.8 32.14 26.72 1.542 191.7 
64 Italy 1580 576.9 281.7 73.12 459.2 206.3 
65 Italy 1243 529 262.3 67.34 610.8 205.1 
66 Italy 1232 513 256.4 75.21 623.5 185.7 
67 Italy 1316 224.6 57.16 63.05 51.08 233.7 
68 Italy 1344 276.9 57.82 95.89 14.57 220.5 
69 Italy 1308 317.8 69.23 83.14 278.5 211.5 
70 Italy 935.5 733.1 30.39 5.688 50.8 105.1 
71 Italy 882.2 304.7 263 69.08 619.8 238.1 
72 Italy 1035 400.4 347.3 67.13 707.8 260.7 
73 Italy 1424 352.5 267.4 83.88 473.9 252.6 
74 Italy 1445 595.8 73.84 93.23 9.095 175.4 
75 Italy 1376 498.5 116 102.5 23.97 177.6 
76 Italy 1362 375.1 121.2 94.83 26.26 180.4 
77 Italy 870.9 782.1 20.52 13.41 19.05 98.62 
78 Italy 830.9 760.7 5.156 11.94 bdl 78.31 
79 Namibia 88.74 855.4 3.083 0.292 1.199 1921 
80 Namibia 73.08 910.4 6.734 0.567 0.956 2117 
81 Namibia 70.34 679.6 4.433 0.697 0.403 2149 
82 Namibia 283.6 96.32 6.673 0.459 1.079 258.8 
83 Namibia 309 77.61 6.489 0.337 0.944 254.3 
84 Namibia 290.1 70.11 4.74 bdl 0.743 248.6 
85 Namibia 413 519.7 5.507 1.024 1.682 776.2 
86 Namibia 408.8 61.38 3.053 0.547 0.786 793 
87 Namibia 408.1 62.73 3.82 0.177 0.315 794.1 
88 Namibia 327.5 161.4 5.2 0.433 2.68 329.9 
89 Namibia 311 108.6 4.004 0.476 2.463 316.3 
90 Namibia 326.6 153.1 4.494 bdl 1.249 311 
91 Namibia 129.8 363.3 5.2 0.211 1.236 1442 
92 Namibia 136 494 8.636 bdl 0.951 1659 
93 Namibia 131.4 374.2 4.648 bdl 0.415 1533 
94 Namibia 236.4 89.03 6.305 0.243 1.749 3671 
95 Namibia 229 128.3 6.213 0.07 0.883 3429 

119

PUBLICATIONS OF THIS THESIS



96 Namibia 231.1 65.59 4.372 bdl 0.781 3582 
97 Namibia 145.2 21.47 3.513 bdl 1.682 450.4 
98 Namibia 146.6 13.2 2.5 bdl 1.139 451.7 
99 Namibia 156.2 18.89 2.04 bdl 0.773 498 

100 Namibia 148.6 294.3 2.838 0.206 1.014 1381 
101 Namibia 160.2 281.9 2.776 0.158 0.673 1404 
102 Namibia 162.8 650.2 0.629 0.21 0.255 1470 
103 Namibia 283.6 76.55 4.096 bdl 1.502 467.8 
104 Namibia 301.7 80.95 3.237 0.086 0.999 510.4 
105 Namibia 298.4 75.98 2.378 0.1 0.763 486.6 
106 Namibia 406.4 44.64 2.194 0.152 0.496 670.1 
107 Namibia 380.6 54.45 3.39 0.289 0.466 700 
108 Namibia 404.8 80.57 4.249 0.41 0.456 598 
109 Namibia 435.9 273.1 4.341 0.207 1.061 229.8 
110 Namibia 430.2 294.5 3.237 bdl 0.2 252.2 
111 Namibia 369.2 218.5 4.494 0.07 bdl 218.9 
112 Namibia 271.7 155.3 1.549 bdl 0.723 446.4 
113 Namibia 225.5 142.1 2.623 0.392 0.621 351.1 
114 Namibia 322.9 164.2 4.065 bdl 0.485 335.2 
115 Namibia 357.7 123.5 2.655 1.291 0.873 4633 
116 Namibia 357.6 92.33 12.05 0.746 0.388 4548 
117 Namibia 376.5 90.17 2.495 0.415 bdl 4981 
118 Namibia 672.5 96.63 3.028 bdl 0.396 343.4 
119 Namibia 405.4 82.86 4.175 0.385 0.146 388.9 
120 Namibia 626.5 245 4.576 0.438 bdl 348.5 
121 Namibia 374.2 387.5 15.11 0.713 0.277 4080 
122 Namibia 314.9 208.9 7.377 0.302 bdl 3812 
123 Namibia 335 75.66 4.416 0.243 bdl 4246 
124 Namibia 287.6 201.2 6.07 0.476 0.854 3826 
125 Namibia 260.9 73.56 2.921 bdl 0.684 3972 
126 Namibia 219.7 112.5 2.228 1.113 0.656 3984 
127 Namibia 220.6 29.78 4.656 bdl 407.1 3812 
128 Namibia 193.3 24.84 3.962 bdl 101.5 3853 
129 Namibia 206.9 17.08 2.708 bdl 49.72 3967 
130 Namibia 321 72.73 6.336 0.802 6.632 4195 
131 Namibia 341.8 79.55 5.483 0.416 1.136 4352 
132 Namibia 301.6 105.3 6.977 0.679 bdl 4190 
133 Namibia 210.7 91.87 2.468 bdl 0.777 3213 
134 Namibia 297.5 253.6 8.044 0.127 0.313 3271 
135 Namibia 232.5 400.7 4.602 0.048 bdl 3408 
136 Namibia 909.4 277.3 7.137 bdl 36.67 415.6 
137 Namibia 808.2 301.5 8.257 1.146 1.757 314.7 
138 Namibia 862.6 166.6 3.749 0.924 0.765 385.4 
139 Namibia 1061 475.6 6.55 0.795 0.55 287.8 
140 Namibia 1011 111.8 4.389 0.198 bdl 360.1 
141 Namibia 1063 116 4.656 0.441 bdl 358.5 
142 Namibia 885.7 44.27 30.46 bdl 32.76 1355 
143 Namibia 1145 117.1 95.98 1.509 25.94 1429 
144 Namibia 1118 96.27 97.88 0.431 1.761 1407 
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145 Namibia 479.7 361.3 4.464 0.235 0.903 458.7 
146 Namibia 261.3 78.72 4.004 0.037 0.868 525.1 
147 Namibia 364.2 132.9 5.016 0.027 0.766 434.9 
148 Namibia 480.4 208.2 5.24 7.306 21.86 429 
149 Namibia 519.9 468.4 7.249 0.914 1.358 427.1 
150 Namibia 563.4 441.1 2.043 0.417 1.037 481.3 
151 Namibia 750.5 981.2 19.09 1.596 3.306 304.1 
152 Pakistan 1073 308 547.9 37.04 0.924 63.97 
153 Pakistan 1049 366 550.4 71.17 222.2 137.6 
154 Pakistan 1684 188.9 1048 61.55 1.291 218.3 
155 Pakistan 2244 212.8 647.1 54.51 0.774 220.8 
156 Pakistan 1967 209.4 1073 54.03 1.832 214.5 
157 Pakistan 995.8 376.2 597.3 bdl 129 115.5 
158 Pakistan 1064 365 469.7 68.11 67.69 128.5 
159 Pakistan 1012 249.1 539.4 90.34 51.78 110.1 
160 Pakistan 1090 267 500.8 63.91 13.39 129.6 
161 Pakistan 6035 191 355 88.09 114.3 93.11 
162 Pakistan 900.2 210.8 42.94 14.22 1.922 109.1 
163 Pakistan 914.3 207.6 67.7 14.37 2.306 110.3 
164 Pakistan 890.7 194.3 50.01 15 4.056 109.4 
165 Pakistan 1459 411.1 634.2 83.89 10.41 95.46 
166 Pakistan 6059 287.7 462.1 39.29 1.676 74.92 
167 Pakistan 916.9 388.6 764.8 89.21 20.78 86.02 
168 Pakistan 870.9 416.6 750.3 91.71 33.08 86.57 
169 Pakistan 921.5 300.2 523.9 81.49 2399 88.03 
170 Pakistan 831 304 559.9 95.46 359 79.52 
171 Pakistan 872.8 301.5 523.7 92.63 97.98 84.81 
172 Pakistan 1235 241.4 1311 153.7 64.76 41.3 
173 Pakistan 884.1 232.8 1465 157.3 40.23 49.94 
174 Pakistan 945.4 163.3 1060 149.2 2.981 25.64 
175 Pakistan 849.6 227.7 1134 138.1 298.7 73.63 
176 Pakistan 2566 234.2 1193 131.2 225.2 67.92 
177 Pakistan 1799 270.7 477 36.11 1.262 72.74 
178 Pakistan 759.5 215.2 997.1 118.5 145.1 72.3 
179 Pakistan 2357 174.2 243.6 31.61 2.613 109.3 
180 Pakistan 1196 157.2 219.6 30.6 2.244 99.14 
181 Pakistan 989.4 154.5 282 32.56 2.536 107.4 
182 Pakistan 6910 117.8 1023 75.58 23.41 126.5 
183 Pakistan 1099 127 1288 78.59 8.633 113.1 
184 Pakistan 1240 113.9 1006 81.45 8.955 106.1 
185 Pakistan 1197 159.1 218.5 32.46 1.553 115.2 
186 Pakistan 1557 155 222.4 36.19 1.277 114.3 
187 Pakistan 990.3 161.5 217.8 34.72 2.122 113.4 
188 Pakistan 4842 393.9 649.5 71.33 200.3 77.06 
189 Pakistan 1821 192.9 275.8 33.74 6.483 112.7 
190 Pakistan 915.7 193.5 311.2 34.38 1.753 106 
191 Pakistan 876 186.7 333.8 35.35 7.972 106 
192 Pakistan 1211 371.5 577.7 103.5 25.21 118.2 
193 Pakistan 1003 322.8 487.4 99.07 13.56 120.9 
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194 Pakistan 1093 300.6 612.2 101.2 17.85 119.3 
195 Pakistan 3813 477.3 19.48 10.63 0.862 327 
196 Pakistan 2462 513.1 9.618 9.712 1.338 321 
197 Pakistan 2175 495.6 14.64 7.802 0.678 321.5 
198 Pakistan 828.6 226.6 501 103.6 482.5 60.77 
199 Pakistan 556.8 339.6 736.3 80.6 75.72 47.74 
200 Pakistan 1359 226.3 504 104.6 664.3 73.99 
201 Pakistan 758.2 217.2 469.3 96.93 520.9 70.01 
202 Pakistan 983.7 143.1 408.6 39.93 8.633 126.6 
203 Pakistan 1242 141.7 394.3 41.28 12.33 131.6 
204 Pakistan 925.5 130.7 349.4 38.47 11.95 117.9 
205 Pakistan 4078 196.4 36.24 2.484 2.936 142.2 
206 Pakistan 5606 291.2 71.35 7.583 1.368 239.9 
207 Pakistan 11520 230.5 121.7 7.616 1.093 200.8 
208 Pakistan 1197 248.4 1612 173.3 52.44 58.24 
209 Pakistan 858.8 238.7 1543 176.1 53.63 56.22 
210 Pakistan 669.8 386.8 500.1 55.05 36.06 61.07 
211 Pakistan 923 218.6 1619 171.6 60.96 52.4 
212 Pakistan 2634 206.9 351.6 33.22 6.437 134.2 
213 Pakistan 3730 195.1 334.3 31.77 3.243 120.2 
214 Pakistan 3103 223 295 36.86 6.744 114.1 
215 Pakistan 4666 271.1 637.5 105.3 1281 82.32 
216 Pakistan 2898 232.3 573.3 119.2 469.5 77.92 
217 Pakistan 4781 239 572.1 170.9 625.8 61.23 
218 Pakistan 8904 223.4 210.7 67.54 89.24 117.3 
219 Pakistan 3932 155.8 286.8 40.41 9.202 138.4 
220 Pakistan 7955 123 539 39.25 26.52 128.3 
221 Pakistan 3281 252.3 144.8 40.87 1.031 78.65 
222 Pakistan 3014 161.9 933.9 150.9 30.2 41.97 
223 Pakistan 989.9 220.8 1354 168.8 40.1 37.08 
224 Pakistan 854.6 210.7 1337 162.8 61.78 40.12 
225 Pakistan 1711 142 894.7 36.27 0.897 84.35 
226 Pakistan 978.6 98.8 682.6 44.66 bdl 122.9 
227 Pakistan 968 134.2 504.4 42.12 0.16 109.8 
228 Pakistan 2456 358.3 1221 70.32 bdl 193.7 
229 Pakistan 1874 275.4 1152 69.01 1.783 195.8 
230 Pakistan 1358 354.2 901.3 92.44 63.74 186.8 
231 Pakistan 1275 272.4 112.4 29 1.446 92.87 
232 Pakistan 1345 359.5 885.9 82.48 68.96 183.9 
233 Pakistan 1337 340.8 850.4 87.59 51.44 183.7 
234 Pakistan 1860 305 655.2 143.1 829.6 78.72 
235 Pakistan 1339 311.2 592.7 106.9 72.03 139.7 
236 Pakistan 1385 285.8 795.1 137.2 597.8 83.89 
237 Pakistan 1954 249.4 362.8 24.13 1.881 163 
238 Pakistan 944.3 91.52 593 60.55 1.291 158.6 
239 Pakistan 1094 111.6 775.9 46.03 0.701 160.9 
240 Pakistan 4571 129.1 1292 42.12 6.479 64.15 
241 Pakistan 5808 180 729.7 63.87 15.12 162.4 
242 Pakistan 553.2 268.9 142.5 37.37 1.569 79.39 
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243 Pakistan 2406 137.5 799.4 54.83 3.209 177.3 
244 Pakistan 4218 448.2 2606 264.9 134.8 105.6 
245 Pakistan 1420 325.3 1866 223.1 51.84 123.4 
246 Pakistan 1461 392 2508 255.3 77.66 95.16 
247 Pakistan 1852 213.6 704 45.05 4.635 249.7 
248 Pakistan 1963 218.3 591.8 55.32 0.455 235 
249 Pakistan 4112 167.5 1040 81.6 1.856 196.3 
250 Russia 1133 183 858.8 89.83 3.714 384.7 
251 Russia 859.6 149.5 613.1 79.99 0.942 376.8 
252 Russia 996.2 157.1 735.9 88.52 0.613 367.4 
253 Russia 1097 131.2 207.5 296.5 13910 513.6 
254 Russia 759.2 63.44 316.8 413.6 13710 491.3 
255 Russia 837.4 63.89 413.1 3.126 12570 498.3 
256 Russia 1038 158.3 729 90.5 118 367.1 
257 Russia 999.7 169.4 743.5 92.33 105.2 361.9 
258 Russia 1448 215.8 988.7 87.33 97.59 358.9 
259 Russia 1273 1039 1229 952.1 3094 161.8 
260 Russia 1485 1222 1465 928 2990 167.4 
261 Russia 1075 1072 1139 926.1 2650 159.1 
262 Russia 1397 902.3 328.5 1702 43370 92.39 
263 Russia 1323 882.4 242 1972 43010 95.6 
264 Russia 1989 924.4 397.9 1535 39940 88.66 
265 Russia 495.9 381.8 279.3 471 564.9 97.41 
266 Russia 467.1 340.3 236 473.9 197.1 96.81 
267 Russia 665.9 329.2 249 464.5 173.3 97.73 
268 Russia 1204 495 1387 85.52 10030 366.2 
269 Russia 1380 547 1912 116.1 5534 352.5 
270 Russia 1102 470.2 1721 94.56 5094 345.8 
271 Russia 919.5 564.5 351.8 34.83 1352 302.5 
272 Russia 607.5 301.3 176.2 29.72 1031 286.5 
273 Russia 766.6 450.6 297.5 44.01 611 299.3 
274 Russia 1298 1459 1390 999.5 540.9 219.3 
275 Russia 3225 1910 4859 81.66 531.2 345 
276 Russia 878.4 1131 917.4 1040 445.6 211.5 
277 Russia 1091 1221 1089 1031 344.5 218.8 
278 Russia 2669 1523 3509 82.23 310.1 340.5 
279 Russia 3207 1814 5447 93.3 250.9 330.1 
280 Russia 1077 1519 305.1 bdl 21770 407.8 
281 Russia 4196 292.3 254.9 bdl 21610 378.5 
282 Russia 748 1521 200 8.637 21360 384.3 
283 Russia 918.2 580.9 109.9 bdl 1520 529.2 
284 Russia 950.4 415.1 94.86 bdl 858.5 520.8 
285 Russia 1117 512.4 122 4.741 701.1 539.7 
286 Russia 854.1 142.3 106.3 bdl 2637 493.7 
287 Russia 582.2 49.4 49.35 bdl 2448 457.1 
288 Russia 682.3 45.22 77.15 bdl 2090 486 
289 Russia 446.5 265 6.87 bdl 30.65 597.6 
290 Russia 508 1127 28.35 1.576 7.036 539.7 
291 Russia 484.7 653.5 25.55 1.081 0.304 579.2 
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292 Russia 642.1 23.73 42.35 bdl 1207 458.1 
293 Russia 626.4 26.89 38.94 bdl 817.5 453.1 
294 Russia 729 58.89 45 bdl 787 469.8 
295 Russia 488.8 208 43.29 16.94 41.83 473.2 
296 Russia 828.9 39.98 69.68 18.23 11.68 489 
297 Russia 1116 48.96 93.02 16.12 9.97 511.1 
298 Russia 500.1 53.59 34.83 10.34 30.75 416.7 
299 Russia 676.2 93.24 64.79 9.3 29.34 427.4 
300 Russia 848.8 103.3 52.57 9.02 12.21 450 
301 Russia 837.9 55.79 36.38 bdl 1680 506.4 
302 Russia 663.7 226.1 41.21 bdl 985.8 490.5 
303 Russia 422.3 30.78 17.2 bdl 438.7 475.9 
304 Russia 755.4 6.47 213 bdl 1832 475.1 
305 Russia 964.8 161.4 111.4 4.75 590.7 474.7 
306 Russia 618.4 108 0.1 bdl 480.2 451.3 
307 Russia 627.9 140 5.135 bdl 455 441.4 
308 Russia 669 717.9 13.99 1.499 327.3 467.5 
309 Russia 571.1 892.2 79.92 27.85 252.1 444.7 
310 Russia 1052 17.09 298.5 15.97 218.6 498.5 
311 Russia 568.6 376.6 76.73 23.74 208 439.6 
312 Russia 875 246.3 158.8 16.96 164 469.3 
313 Russia 1035 2.931 338.5 19.37 113.1 504.3 
314 Russia 737.7 0.1 205.5 16.15 74.17 443.7 
315 Russia 515.1 130.8 37.21 9.083 35.19 459.9 
316 Russia 1047 16.13 76.85 15.77 32.59 478.5 
317 Russia 495.7 127.9 9.544 6.694 9.624 441.6 
318 Russia 643.3 160.9 17.18 6.114 8.462 456.4 
319 Russia 1488 1735 726.4 106.7 3003 346.9 
320 Russia 1988 2137 931.6 127.4 1163 351.1 
321 Russia 1397 1787 768.6 118.2 815.5 316 
322 Russia 909.1 246.9 160.9 bdl 2692 697 
323 Russia 1479 425.4 234.9 bdl 2639 704.2 
324 Russia 1346 361.6 212.9 8.635 2289 749.8 
325 Russia 1538 467.5 138.8 bdl 5972 646.3 
326 Russia 1629 185.6 132 bdl 5302 667 
327 Russia 1453 176.4 129.9 bdl 4403 615.4 
328 Russia 860.8 49.43 64.98 bdl 3568 568.9 
329 Russia 1812 154.3 156.4 bdl 3011 680.4 
330 Russia 1728 144 135.8 bdl 2452 667 
331 Russia 2494 3075 1926 54.77 6682 331.6 
332 Russia 3990 1738 850.5 52.08 5935 311.9 
333 Russia 1252 1430 705.7 105.6 2834 291.3 
334 Russia 1726 232.8 211.3 bdl 2134 689.3 
335 Russia 985.2 78.49 56.87 10.68 659.7 610 
336 Russia 814.9 63.98 62.54 12.23 448.1 614.7 
337 Russia 1148 1531 133.8 30.16 6950 643.4 
338 Russia 828 1082 90.33 bdl 6637 619.4 
339 Russia 891 1155 83.47 13.64 5278 618.5 
340 Russia 606.5 6.001 531.1 bdl 6426 557.2 
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341 Russia 854.4 56.67 485.4 bdl 4446 621 
342 Russia 848.7 27.38 526.8 bdl 6786 619.2 
343 Russia 1246 376.3 68.51 bdl 1521 592.6 
344 Russia 599.5 179.9 57.07 bdl 1379 543.5 
345 Russia 529.9 204.7 90.78 bdl 1139 534 
346 Russia 1465 3021 1079 759.6 1398 137.3 
347 Russia 1040 2578 603.4 742.8 454.7 128.3 
348 Russia 1428 3385 726.5 651.2 309.7 132.1 
349 Russia 1568 3675 805 1038 517.2 127.9 
350 Russia 894.4 2232 458.1 1055 481.6 116.1 
351 Russia 764.4 2116 336.4 968.8 419.9 117 
352 Russia 632.3 2042 349.5 1074 387.4 116.1 
353 Russia 711.7 1923 278.1 938.9 360.7 115.1 
354 Russia 560.1 1724 226.7 913.9 199.3 109.3 
355 Russia 806.3 3494 296.6 383.6 764.8 144.7 
356 Russia 971 4478 391.7 365.7 748.6 161.8 
357 Russia 1184 6351 453.4 389.4 747.3 160.9 
358 Russia 503 1689 66.92 224.4 529.4 135.9 
359 Russia 613.7 2216 106.5 232.5 501.9 140.9 
360 Russia 583.6 1940 74.42 225.3 452.6 142.8 
361 Russia 613.3 2344 87.23 260 748.3 142.6 
362 Russia 673.9 2627 106 266.6 731.9 144.6 
363 Russia 705.3 2686 67.71 235.1 587.8 150.7 
364 Russia 1067 3596 100.4 166.4 13.98 307.7 
365 Russia 1327 4202 104.5 162.9 11.77 336.9 
366 Russia 934 3254 100.8 165.7 9.827 276.2 
367 Iran 999.5 1838 449.3 96.94 2468 176.4 
368 Iran 1205 2533 600.4 124.9 2255 224.9 
369 Iran 1051 857.2 149.1 42.78 3923 72.23 
370 Iran 968.5 848.2 166.2 14.59 5421 75.8 
371 Iran 1257 911.8 142.8 96.22 3405 78.75 
372 Iran 922.1 2014 332.9 47.82 9504 97.14 
373 Iran 665 1547 342 3.661 9286 87.79 
374 Iran 976.5 1787 410.2 176.3 10260 101.1 
375 Iran 739.9 578.3 528.3 164.1 3578 67.05 
376 Iran 919.2 632.1 648.9 161.1 5065 68.88 
377 Iran 1949 679.4 555.1 137 5501 69 
378 Iran 700.9 1061 61.86 108.1 588 85.04 
379 Iran 657.2 1030 72.47 97.41 454.6 84.94 
380 Iran 689.7 1254 77.02 96.31 300.5 79.97 
381 Iran 750.4 1012 127.2 129.1 1450 81.99 
382 Iran 605.4 981.5 123.5 102.8 1417 74.23 
383 Iran 611.1 1095 140.8 114.6 1712 75.38 
384 Iran 828.3 354.1 2127 bdl 24370 141.5 
385 Iran 872.5 360 2306 bdl 22680 142.2 
386 Iran 936.7 374.5 2309 bdl 25840 145.3 
387 Iran 919.7 1285 137.8 33.6 3078 106.6 
388 Iran 924.5 1472 164.1 103.8 1526 112.1 
389 Iran 858 1420 176.8 92.66 1450 96.98 
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390 Madagascar 775.6 24030 3325 27.29 118.4 26.54 
391 Madagascar 619.3 23560 2515 26.76 104.1 24.68 
392 Madagascar 541.2 25940 2069 bdl 30.58 30.68 
393 Madagascar 592 28070 2341 27.79 38 26.69 
394 Madagascar 644.6 1508 63.55 1.081 12.52 17.98 
395 Madagascar 728.6 39.76 17.93 0.189 1.612 19.03 
396 Madagascar 480.4 2104 129.7 3.924 0.646 14.5 
397 Madagascar 380.1 13010 484.7 23.59 bdl 25.56 
398 Madagascar 333.9 14310 487.3 24.87 1.029 24.41 
399 Madagascar 355.6 1999 74.32 3.405 bdl 14.68 
400 Madagascar 372.6 5142 250.8 11.35 1.299 17.58 
401 Madagascar 241.1 64090 1157 81.53 33.01 195.5 
402 Madagascar 171 85470 1689 109.2 3.118 192.4 
403 Madagascar 232.5 76410 1553 86.19 2.473 208.7 

* bdl … below detection limit 
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Stable hydrogen and oxygen isotope abundance analysis of barley malt and 

its potential to trace the malting location 

ABSTRACT 

The complexity of global food supply chains has driven demand for analytical tools that 

support traceability assessments beyond traditional documentation and routine quality 

control, as increasingly required by food safety standards. This also applies to the 

brewing industry, where important processing steps such as malting are often 

outsourced to third parties. To ensure full process transparency, breweries currently lack 

analytical solutions to verify that the barley supplied for malting was processed at the 

specified malthouse. In this study, stable hydrogen (δ2H) and oxygen (δ18O) isotope 

abundance analysis was applied to assess whether malting introduces location-related 

isotope signatures that could support origin verification. Thirty-four barley samples 

were analysed as raw barley and after parallel malting at two geographically separated 

German malthouses in Berlin and Munich using high-temperature conversion isotope-

ratio mass spectrometry, resulting in three samples per barley lot and a total of 102 

samples. Malting resulted in significant enrichments of both δ2H and δ18O values 

relative to the corresponding unmalted barley, indicating systematic isotopic 

fractionation during the malting process. In addition, malt samples produced at the two 

malthouses exhibited small but significant differences in hydrogen and oxygen isotope 

composition. The direction of these differences is consistent with regional patterns in 

precipitation isotope ratios and corresponding local brewing water sources. This study 

provides an analytical basis indicating that hydrogen and oxygen isotope ratios in malt 

reflect malting-location-related process information. When evaluated relative to 

supplied barley reference material, this approach can support plausibility-based malt 

traceability and could complement documentation-based verification. 

Keywords: stable isotope analysis; barley malt; hydrogen; oxygen; traceability; brewing 

industry; food authenticity 

1. Introduction 

Over the past two decades, there have been numerous high-profile food fraud cases in Europe 

that have permanently damaged consumer confidence in the food industry [1–3]. In response 

to these incidents and the growing complexity of food supply chains, private actors have 

created food safety standards, such as the ‘International Featured Standard (IFS)’ or the ‘Safe 
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Quality Food (SQF) Standard’ to complement EU regulatory frameworks and Global Food 

Safety Initiative (GFSI) requirements [4,5]. Among other things, these standards require 

hazard analyses and vulnerability assessments of products and suppliers along the supply 

chain, as well as the establishment of a food fraud mitigation plan. In this context, analytical 

detection strategies play a decisive role, since documentation and auditing alone are 

insufficient to reliably identify fraud at many points in complex supply chains [6,7]. 

Consequently, the development of analytical monitoring methods has become a major focus 

in the food sector, driven by both food businesses and public authorities, as these methods 

need to be in place before irregularities occur [8–10]. Within this context, beer production 

represents a particularly relevant and analytically challenging case, as raw materials are 

frequently traded internationally and processed by third parties before reaching breweries, 

creating supply-chain risks. Beer is produced from cereal grains, most commonly from barley 

(Hordeum vulgare L.). Prior to brewing, barley is processed into malt in malthouses, where it 

undergoes a controlled incomplete germination process that strongly contributes to the quality 

and characteristics of the final product [11]. In short, malting aims to promote the formation 

and activation of enzymes that are later responsible for the breakdown of cell walls, starch, 

lipids, and protein during brewing, thereby converting the grain’s stored reserves into 

fermentable sugars and other compounds required for yeast metabolism [12]. According to 

Yousif & Evans [13], the final malt quality is essentially determined by three primary factors: 

the barley variety selected for malting, the quality of the barley itself, and the malting 

conditions applied by the maltster [14,15]. Even when malting is outsourced, breweries can 

largely verify compliance with these key quality determinants upon malt delivery through 

routine quality controls. For example, parameters including moisture content and protein 

concentration can be assessed using rapid screening methods like near-infrared spectroscopy, 

while varietal purity can be tested using DNA-based techniques [16–18]. Beyond quality 

assurance, breweries also seek to verify that the delivered malt originates from the barley lots 
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they supplied and was processed at the contracted malthouse.  However, to the best of our 

knowledge, there is currently no established analytical approach that allows an independent 

verification of the declared malting location of purchased malt. In this context, the present 

study explores the potential of stable isotope analysis to support malt traceability. Natural 

abundance analysis of stable isotopes by isotope-ratio mass spectrometry (IRMS) is a well-

established approach with officially acknowledged methods in the food control sector, 

routinely used for authenticity testing of honey, wine, and fruit juice, just to name a few [19]. 

It measures small changes in isotopic composition that can be used to draw conclusions about 

the ‘history’ of samples [20,21]. Here, we focus specifically on the isotope ratios of the two 

water elements hydrogen (2H/1H) and oxygen (18O/16O). Briefly, there is a well-researched 

relationship between the isotope composition of the precipitation at a given location and that 

of local ground water. At the same time, systematic differences in the isotopic composition of 

precipitation occur between regions due to known fractionation processes, resulting in global 

and regional patterns that can serve as geographic ‘fingerprints’ [22]. Although the isotopic 

composition of tap water can be influenced by various factors, it generally represents a 

suitable proxy for local water sources [23–25]. During the steeping step of the malting 

process, local tap water is added to the dry barley grains (moisture content around 12 %), 

which are soaked under controlled conditions to increase their moisture content (40-45%) and 

to initiate germination [26]. The steeping water is then metabolised for enzyme synthesis and 

hydrolytic reactions and thereby hydrogen and oxygen from the local water is incorporated 

into newly formed biomolecules and ultimately into the finished malt. The subsequent heat-

drying step (the so-called ‘kilning’) removes most free water but retains these newly 

synthesized compounds. In this study, we investigated whether stable hydrogen and oxygen 

isotope ratios can capture this process-related incorporation in a way that supports the 

traceability and verification of malting location, based on comparisons between malt and the 

supplied barley raw material. 
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2. Materials and methods 

We analysed 34 barley samples from the 2018 crop year. Each barley sample was analysed in 

its original (unmalted) form and was divided into two representative subsamples, which were 

malted in malthouses in Munich and Berlin, respectively. This resulted in three samples per 

barley lot (raw barley, Munich malt, and Berlin malt) and a total of 102 samples. The two 

malthouses were deliberately selected because they are located approximately 500 km apart, 

allowing the investigation of the potential distinguishability of malthouses from different 

geographical locations. All samples were provided by a collaboration partner from the 

brewing industry. For the determination of isotope abundances of the elements hydrogen and 

oxygen, approximately 4 g of grain was ground to a fine powder in a ball mill (MM200, 

Retsch GmbH, Haan, Germany), dried at 105 °C to constant weight in a drying oven, and 

subsequently stored in a desiccator until analysis. 0.5-1 mg of the powder were weighed into 

silver capsules using a microbalance (CPA2P, Sartorius, Göttingen, Germany). Isotope 

analysis was performed with thermal conversion through pyrolysis (HTO, HEKAtech, 

Wegberg, Germany) coupled to a continuous flow isotope-ratio mass spectrometer (delta V 

advantage, Thermo Fisher Scientific, Bremen, Germany) via a ConFlo IV open-split interface 

(Thermo Fisher Scientific), following the method described by Gebauer et al. [27]. All 

samples for hydrogen isotope abundance determination were measured four times 

consecutively and the results of the first three samples were neglected to combat the memory 

effect of the spectrometer. Isotope abundances are denoted as δ values, calculated according 

to the equation: 

𝛅𝟐𝐇 𝐨𝐫 𝛅𝟏𝟖𝐎 = (𝐑𝐬𝐚𝐦𝐩𝐥𝐞 𝐑𝐬𝐭𝐚𝐧𝐝𝐚𝐫𝐝⁄ − 𝟏) × 𝟏𝟎𝟎𝟎 (‰) (1) 

where Rsample and Rstandard are the ratios of heavy to light isotope of the samples and the 

respective standard. Standard gases (Riessner-Gase, Lichtenfels, Germany) were calibrated 
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with respect to international standards (H2 and CO vs. V-SMOW) with the reference 

substances CH7, V-SMOW and SLAP for hydrogen isotopes and IAEA601 and IAEA602 for 

O isotopes, all provided by the International Atomic Energy Agency (IAEA), Vienna, Austria. 

Reproducibility and accuracy of the O and H isotope abundance measurements were routinely 

controlled by measuring the laboratory standard benzoic acid with variable sample weight at 

least six times within each batch of 40 samples. The uncertainty of measurement was always 

below 4‰ for δ2H and 0.6‰ for δ18O, respectively. As non-carbon bound hydrogen atoms 

exchange with ambient moisture, presented abundances cannot be considered ‘true’ δ2H [28]. 

However, all samples were treated identically and measured in batches composed of barley 

and malt samples from the two malthouses at the same laboratory and device following strict 

quality guidelines so that comparability of samples within each batch was ensured [27]. 

Therefore, all isotope data are directly comparable within the scope of this study. For raw 

isotope data evaluation, the software ISODAT (Version 3.0, Thermo Fisher Scientific) was 

used. Statistical analysis and figure preparation were carried out in the computing 

environment R version 4.5.2 [29] in combination with RStudio version 2026.01.0+392 [30]. 

To test the assumptions for the use of parametric methods, we applied the Shapiro–Wilk test 

[31] for normality and Mauchly's test for sphericity. Sphericity can be seen as the repeated-

measures equivalent of homogeneity of variances and represents the condition that the 

variances of the pairwise differences are equal [32]. As neither assumption was violated, we 

subsequently performed a repeated-measures ANOVA. For pairwise comparisons, we applied 

multiple paired two-tailed t-tests, and p-values were adjusted using the Holm–Bonferroni 

method to correct for multiple testing [33]. 
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3. Results and discussion 

 

Figure 1: Line plots showing the natural (A) hydrogen and (B) oxygen isotope abundances of 

the analysed barley samples and malt samples from two malthouses (Munich and Berlin) and 

results of the multiple paired t-tests. Unfilled circles display the δ values for each sample 

while filled circles represent means. Error bars show the standard deviation. Significance 

levels: Highly significant differences (p ≤ 0.001; ****), very significant differences (p ≤ 0.01; 

**), significant differences (p ≤ 0.05; *). 

Statistically significant differences were found between groups for both, hydrogen isotope 

data (F(2,66) = 44.1, η2G = 0.18, p < 0.001) and oxygen isotope data (F(2,66) = 14.8, η2G = 0.04, 

p < 0.001) in the repeated-measures ANOVA. Group mean values were -83.61 ± 8.05‰ for 

δ2H and 25.28 ± 1.03‰ for δ18O in barley, -77.13 ± 7.56‰ and 25.53 ± 1.00‰ in Munich 

malt, and -75.31 ± 7.24‰ and 25.75 ± 0.99‰ in Berlin malt. Furthermore, post-hoc analyses 

revealed that all pairwise differences were statistically significant (Figure 1). Paired 

comparisons showed that malt samples from Munich were isotopically enriched (more 

positive values) in δ2H (p < 0.001) and δ18O (p < 0.01) compared to their corresponding 

barley samples with a mean enrichment in δ2H of 6.48 ± 6.22‰ and 0.25 ± 0.52‰ in δ18O. 

Likewise, malt samples from Berlin were enriched in δ2H (p < 0.001) and δ18O (p < 0.001) 
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compared to respective barley samples with a mean enrichment in δ2H of 8.31 ± 5.41‰ and 

0.46 ± 0.57‰ in δ18O. Overall, enrichment was observed in the majority of samples for both 

isotopes, occurring in 82% (Munich) and 91% (Berlin) for δ²H and 71% and 79% for δ18O, 

respectively, indicating a robust process-related isotope shift despite considerable inter-

sample variability. Several potential mechanisms may contribute to the observed enrichment. 

In rare cases, barley has an initial moisture content of 15% or higher and must be dried before 

it can be safely stored, as otherwise there is the risk of premature germination or mould 

growth. Depending on the drying method used, temperatures of up to 50° C can be reached 

which could lead to kinetic isotope fractionation, meaning that isotopically lighter water 

molecules evaporate more readily than heavier isotopologues [34]. In addition, temperatures 

of 70° C or higher are also reached later in the kilning step of the malting process, which may 

further enhance this fractionation and could explain the observed isotopic shifts. Interestingly, 

malt samples from Berlin were slightly but significantly enriched in δ2H (p < 0.05) and δ18O 

(p < 0.01) compared to respective malt samples from Munich, with mean offsets of 1.82 ± 

4.51‰ for δ²H and 0.21 ± 0.39‰ for δ18O (Figure 1). The observed values are consistent with 

the well-established spatial pattern of mean annual hydrogen and oxygen isotope ratios of 

precipitation in Germany, which generally decrease from north to south due to the so-called 

‘continental effect’ [22,25]. Mean annual precipitation isotope ratios reported for Berlin (δ²H 

= -58‰; δ18O = -8.1‰) are isotopically heavier than those for Munich (δ²H = -68‰; δ18O = -

9.6‰), corresponding to regional differences of approximately +10‰ in δ2H and +1.5‰ in 

δ18O [35,36]. In Berlin, tap water and thus the water used for malting is derived 

predominantly from locally recharged groundwater [37] and reflects regional precipitation, 

whereas Munich’s water supply originates largely from Alpine foreland sources, mainly from 

the Mangfall valley [38] with precipitation isotope signatures similar to the Munich region. 

The smaller isotopic offset between Berlin and Munich malts compared to the difference in 

mean annual precipitation isotope values might result from a bulk-mixing effect. Malting only 
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leads to a limited formation of new biomass that incorporates the malting water, whereas a 

substantial fraction of the analysed material remains original barley biomass. As a result, the 

local signature may be diluted in bulk isotope measurements, and the regional water isotope 

signal is therefore expected to be preserved in direction but reduced in magnitude. In future 

studies, this limitation could be circumvented by a technical advancement called compound-

specific isotope analyses [39]. For example, compounds of which a large proportion are newly 

formed during malting, such as the protein fraction, may exhibit a more pronounced local 

isotope signal than the bulk analysis applied here. 

In conclusion, the systematic trends point to a promising applicability of the 

methodology, which will need to be confirmed in further studies including multiple facilities 

and repeated sampling across different seasons. Breweries can use retained reference samples 

of supplied barley lots as internal baselines and directly compare them with the corresponding 

delivered malt, enabling an analytical plausibility check of the declared malthouse based on 

relative isotopic shifts. Establishment of reference databases covering malt produced at 

different contracted malthouses in combination with the discussed technical advancements of 

the analytical approach could further allow characteristic isotope changes to be identified over 

time. Overall, stable hydrogen and oxygen isotope abundance analysis of malt provides 

process-related information linked to malting location and represents a practical tool to 

strengthen plausibility checks and traceability within brewery supply chains. 
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Supplemental material 

Table S1. Stable hydrogen (δ2H) and oxygen (δ18O) isotope abundance values of barley and 

corresponding malt samples. Each barley lot (n = 34) was malted in parallel at two 

geographically separated malthouses (Munich and Berlin). 

sample ID δ18O δ2H 

1_barley 26.96 -79.25 

1_malt_munich 26.90 -68.98 

1_malt_berlin 27.17 -66.27 

2_barley 27.13 -83.11 

2_malt_munich 26.52 -71.33 

2_malt_berlin 26.96 -70.96 

3_barley 26.76 -86.13 

3_malt_munich 27.11 -71.92 

3_malt_berlin 27.33 -80.29 

4_barley 25.76 -79.48 

4_malt_munich 26.02 -72.40 

4_malt_berlin 26.25 -72.85 

5_barley 26.13 -75.89 

5_malt_munich 26.07 -75.30 

5_malt_berlin 26.04 -69.00 

6_barley 25.53 -75.57 

6_malt_munich 26.27 -76.05 

6_malt_berlin 26.86 -68.93 

7_barley 26.31 -75.11 

7_malt_munich 25.97 -72.43 

7_malt_berlin 25.86 -75.13 

8_barley 25.14 -87.80 

8_malt_munich 26.01 -70.33 

8_malt_berlin 26.29 -71.13 
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9_barley 25.51 -76.34 

9_malt_munich 25.70 -72.27 

9_malt_berlin 25.96 -71.39 

10_barley 24.93 -87.21 

10_malt_munich 25.30 -79.66 

10_malt_berlin 25.53 -73.94 

11_barley 24.87 -70.42 

11_malt_munich 25.48 -71.44 

11_malt_berlin 25.90 -63.36 

12_barley 25.58 -70.77 

12_malt_munich 25.65 -64.46 

12_malt_berlin 25.50 -64.43 

13_barley 26.18 -72.92 

13_malt_munich 25.98 -64.47 

13_malt_berlin 26.50 -62.19 

14_barley 25.67 -76.07 

14_malt_munich 25.20 -68.92 

14_malt_berlin 25.55 -66.55 

15_barley 26.35 -80.46 

15_malt_munich 26.23 -65.74 

15_malt_berlin 25.63 -74.85 

16_barley 25.54 -80.65 

16_malt_munich 26.27 -75.43 

16_malt_berlin 26.06 -75.57 

17_barley 25.47 -83.01 

17_malt_munich 25.90 -79.01 

17_malt_berlin 25.66 -75.84 

18_barley 27.03 -79.68 

18_malt_munich 27.07 -76.07 

18_malt_berlin 27.92 -68.66 

19_barley 26.15 -96.45 

19_malt_munich 26.93 -76.03 
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19_malt_berlin 27.20 -74.66 

20_barley 26.62 -74.65 

20_malt_munich 27.49 -73.72 

20_malt_berlin 27.03 -72.09 

21_barley 24.90 -90.82 

21_malt_munich 25.26 -74.95 

21_malt_berlin 25.01 -73.66 

22_barley 24.52 -87.48 

22_malt_munich 24.95 -86.66 

22_malt_berlin 25.59 -82.95 

23_barley 24.60 -89.78 

23_malt_munich 24.82 -79.50 

23_malt_berlin 25.25 -78.62 

24_barley 24.40 -77.34 

24_malt_munich 25.43 -79.17 

24_malt_berlin 25.67 -76.54 

25_barley 24.16 -89.95 

25_malt_munich 24.88 -74.25 

25_malt_berlin 25.54 -76.00 

26_barley 24.57 -81.04 

26_malt_munich 24.60 -81.73 

26_malt_berlin 25.51 -75.39 

27_barley 24.23 -89.43 

27_malt_munich 24.30 -90.71 

27_malt_berlin 24.46 -75.89 

28_barley 24.00 -92.25 

28_malt_munich 23.84 -86.71 

28_malt_berlin 24.68 -83.49 

29_barley 24.17 -92.30 

29_malt_munich 24.50 -86.28 

29_malt_berlin 24.42 -85.08 

30_barley 23.82 -85.73 
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30_malt_munich 24.58 -81.96 

30_malt_berlin 24.73 -86.61 

31_barley 23.96 -90.06 

31_malt_munich 23.66 -85.93 

31_malt_berlin 24.02 -86.54 

32_barley 24.08 -101.84 

32_malt_munich 24.34 -89.13 

32_malt_berlin 24.86 -88.86 

33_barley 25.14 -100.11 

33_malt_munich 24.01 -91.31 

33_malt_berlin 24.27 -86.92 

34_barley 23.48 -83.79 

34_malt_munich 24.88 -88.22 

34_malt_berlin 24.20 -85.83 
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